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Preface

Welcome to the SPEAKABLE 2026 Workshop on Speech Language Models in Low-Resource
Settings: Performance, Evaluation, and Bias Analysis.
SPEAKABLE 2026 is a full-day workshop co-located with LREC 2026. It brings together
researchers and practitioners working on speech-native language models, with a particular
focus on low-resource languages, dialects, and speaker communities. The workshop was
created in response to a growing need in the speech and language technology community:
while speech foundation models and Speech LLMs have advanced rapidly, their benefits remain
unevenly distributed across languages, domains, devices, and user groups.
Low-resource speech settings continue to face persistent constraints related to limited training
data, uneven annotation quality, scarce evaluation benchmarks, and restricted computational
budgets. These difficulties are often intensified by real-world deployment conditions, including
accent and dialectal variation, channel and microphone mismatch, spontaneous speech
phenomena, code-switching, noisy environments, and limited availability of lexicons or
grapheme-to-phoneme resources. As a result, systems that appear strong under standard
benchmark conditions may still fail to provide reliable, fair, and useful performance for many
underrepresented communities.
The goal of SPEAKABLE 2026 is to provide a focused forum for addressing these challenges
through three closely connected strands. The first strand is efficient adaptation, including
parameter-efficient fine-tuning, multilingual transfer, knowledge distillation, and edge- or
streaming-constrained inference for low-resource speech tasks. The second strand is
meaningful evaluation, with an emphasis on moving beyond aggregate scores such as WER
toward task-appropriate metrics, calibration, robustness analysis, abstention, and slice-aware
reporting by accent, dialect, channel, speaker group, and speaking style. The third strand is
responsible practice, treating bias analysis, data documentation, synthetic-data disclosure,
privacy, and safety considerations as routine parts of scientific reporting rather than optional
additions.
The call for papers welcomed work on efficient adaptation of Speech LLMs for low-resource
languages, evaluation methods for ASR, spoken language understanding, and speech
generation, robustness under domain shift, cascaded versus end-to-end error propagation,
low-resource corpus creation, lexicon and G2P development, and ethics-by-default reporting.
We especially encouraged submissions that combine methodological innovation with strong
empirical evidence, transparent documentation, calibrated uncertainty, and, where possible,
openly released resources or code.
This first edition of SPEAKABLE reflects the increasing importance of speech technologies
for the long tail of languages and communities. The accepted contributions address a broad
range of topics, including multilingual and cross-lingual modelling, low-resource adaptation,
evaluation design, robustness analysis, data-centric approaches, and practical deployment
challenges. Together, they show that progress in speech technology cannot be measured
only by performance on high-resource benchmarks. It must also be assessed by how reliably
systems work under realistic constraints, how transparently they are evaluated, and how
equitably they serve diverse speakers.
The workshop program includes oral and poster presentations, as well as an invited talk by
Jordi Luque from Telefónica Research. We are grateful to our Program Committee, consisting
of confirmed domain experts from academia and industry, for their careful and constructive
reviews. Their work was essential in shaping a balanced and high-quality program. We also
thank all authors for submitting their work, revising their papers, and contributing to the scientific
scope of this first edition.
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We hope that SPEAKABLE 2026 will serve not only as a venue for presenting current research,
but also as a catalyst for collaboration, shared evaluation practices, and community-building
around inclusive speech technologies. Our broader aim is captured by the workshop’s guiding
message: build strong models, measure what matters, and make bias analysis routine for
speech in the long tail.
Finally, we thank the LREC 2026 workshop chairs and organizers for hosting SPEAKABLE
as part of the LREC 2026 workshop program. We also thank our invited speaker, reviewers,
authors, participants, and supporting institutions for helping make this first edition possible.
Further information about the workshop, including the program and updates, is available on the
SPEAKABLE 2026 website: https://speakable-2026.github.io/.

The SPEAKABLE 2026 Organizing Committee
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Adapting Foundational ASR Models to Efik: An Empirical Study of
an Extremely Low-Resource Tonal Language

Offiong Bassey Edet1,4, Stephen Orok Duke1, Enoima Essien Umoh1,
Benjamin Okon Nyong2, Andrew Asuquo Nkpanam3

1University of Cross River State, 2Arthur Jarvis University, 3University of Calabar, 4ML Collective
offiongbassey99@gmail.com, orokduke2003@unicross.edu.ng,

enoimaumoh@unicross.edu.ng, benokon26@gmail.com, drewsuqi6@gmail.com

Abstract
Automatic Speech Recognition (ASR) has significantly transformed human-computer-interaction and natural language
processing. However, many African spoken languages, including Efik, remain severely underrepresented in ASR
research. This paper investigates the adoption of state-of-the-art foundational ASR models such as XLS-R and
Whisper through fine-tuning for Efik, a low-resource tonal language and empirically evaluates their performance. We
curate a 3-hour Efik speech dataset and conduct a comparative evaluation using standard ASR metrics. We further
augmented the XLS-R CTC model with a 3-gram KenLM language model trained on an Efik text corpus. Experimental
results show that XLS-R-300M + KenLM achieves a word error rate (WER) of 10.86% and a character error rate
(CER) of 3.16%, substantially outperforming both the baseline XLS-R (WER: 29.2%, CER: 6.4%) and Whisper across
noisy and multi-speaker conditions. These findings suggest that lightweight CTC models augmented with language
model integration offer a more robust and practical approach for extremely low-resource tonal languages than larger
sequence-to-sequence models.

Keywords: Automatic Speech Recognition, Low-Resource Language, Efik, Tonal Language, Transfer Learning

1. Introduction

Automatic Speech Recognition (ASR) has signif-
icantly advanced Natural Language Processing
(NLP), particularly with the emergence of state-
of-the-art (SOTA) models. Recent deep learning-
based ASR systems, including self-supervised
encoder-only models such as XLS-R (Babu et al.,
2021) and encoder-decoder architectures such
as Whisper (Radford et al., 2022) are trained on
hundreds of thousands of speech data that have
demonstrated strong performance in transcribing
spoken language into text. Beyond transcription,
these models have enabled the development of ro-
bust virtual assistants, real-time speech-to-speech
translation systems and language learning tools.

Despite these advances, the benefit of mod-
ern ASR systems have been largely concentrated
on high-resource languages such as English and
Mandarin (Imam et al., 2025). In contrast, many
African languages, spoken by over one billion peo-
ple (Adelani et al., 2022), remain severely underrep-
resented. Africa is home to over 2,000 languages
(Abbott and Martinus, 2019), with Nigeria alone
accounting for more than 1,000 distinct languages,
among which Efik is included.

Efik, spoken by 1.5 million native speakers and
about 3 million second-language speakers (Men-
sah and Mensah, 2014), has received little attention
in ASR. As a tonal language with morphological
complexity and limited publicly available speech
resources and linguistic tools, Efik presents unique

challenges that have contributed to its underrep-
resentation in both ASR and NLP research more
broadly.

This study investigates the adaptation of powerful
SOTA ASR models to Efik and empirically evaluates
their performance in a low-resource setting.

2. A Brief Discussion on Efik
Language

Efik is a Benue-Congo language belonging to the
Niger-Congo family. It is primarily spoken in Cross
River State and parts of Akwa Ibom State in south-
eastern Nigeria, and is also spoken in the South
Western part of Cameroon (Offiong and Ansa,
2013). Efik language is amongst the earliest Nige-
rian languages to be written and studied in Nigeria.
Its orthography, lexicon and grammatical structure
were largely developed through early missionary
linguistic efforts (Offiong and Ansa, 2013).

As a tonal language, Efik employs pitch varia-
tions to distinguish lexical and grammatical mean-
ing, which introduces additional challenges for auto-
matic speech recognition systems. Combined with
its morphological complexity and limited availabil-
ity of publicly accessible speech resources, these
characteristics contribute to the underrepresenta-
tion of Efik in ASR research.
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3. Related Work

Recent studies have explored ASR development for
African and other low-resource languages. Rufai
et al. (2020) developed an end-to-end ASR system
for Nigeria Pidgin English, demonstrating improve-
ment using SOTA models such as Nemo Quartznet,
Wav2Vec2.0 Base-100H, and Wav2Vec XLS-R-
Large-53, achieving a word error rate (WER) of
28.6% from Wav2Vec2.0 XLS-R-Large-53.

Similarly, Chanie et al. (2023) developed ASR
systems for the three East African languages - Kin-
yarwanda, Swahili and Luganda trained on 3,900
hours of code switched speech data, achieving
competitive WERs across all languages.

Benchmarking efforts by Nahabwe et al. (2025)
empirically evaluates four SOTA ASR models -
Whisper, XLS-R, MMS, and wav2bert - across 13
African languages using a transcribed dataset of
approximately 400 hours, highlighting the strength
and limitation of each model in low-resource set-
ting.

Other notable ASR research efforts in Africa
have focused on major Nigerian languages such
as Yoruba, Hausa, and Igbo, supported by rela-
tively larger speech datasets (Tolúlópè Ógúnrèmí,
2024; DeRenzi et al., 2025). However, Efik remains
largely absent from these studies.

To the best of our knowledge, no prior work has
addressed automatic speech recognition for Efik,
making this study the first empirical investigation of
Efik ASR.

4. Efik Language Dataset Curation

The dataset used for this study consists of self-
recorded speech data collected from a single native
Efik speaker. It comprises 2,632 clips with a total
duration of approximately 3 hours. The recording
materials were drawn primarily from educational
texts, folktales and storybooks to ensure linguistic
diversity and natural sentence structure.

All recordings were conducted in a quiet environ-
ment using a wireless microphone to minimize back-
ground noise and ensure consistent audio quality.

4.1. Labeling and Validation of Audio
Recordings

Due to the unavailability of existing Efik speech
technologies, a hybrid method was adopted for
dataset labeling and validation. First, complete au-
dio recordings with their corresponding transcripts
were collected. A custom python script was devel-
oped to segment the recordings into smaller utter-
ances. The segmentation process relied on short,
natural pauses in speech to avoid generating overly
long clips, with a maximum clip duration capped

at 16 seconds. Additionally, a padding of 120 mil-
liseconds was applied at the beginning of each clip
to prevent truncation of initial phonemes and to
reduce overly aggressive splitting by the segmen-
tation algorithm.

Second, dataset validation was performed en-
tirely through manual inspection, ensuring that each
audio clip aligned with its corresponding transcrip-
tion. Although forced alignment tools were consid-
ered, existing SOTA ASR models including Whisper,
wav2vec2.0 and XLS-R - performed poorly on Efik
speech and were therefore unsuitable for reliable
alignment.

4.2. Statistical Analysis of Dataset

The dataset contains 2,632 utterances with a total
duration of 3.08 hours. Clips lengths range from
0.48s to 15.94s with an average duration of 4.21s
and a median of 3.49s. In Figure 1, the y-axis repre-
sents the number of clips and the x-axis represents
the duration in seconds.

Figure 1: Distribution of audio clips duration.

The corresponding text corpus consists of 23,986
word tokens with a vocabulary size of 3,276 unique
words. The average utterance length is 9.11 words,
with transcripts ranging from 1 to 33 words. In
Figure 2, the y-axis represents the number of clips
and the x-axis represents the number of words per
utterance.

4.3. Dataset Preprocessing

All transcripts were normalized using Unicode NFC
normalization to ensure consistent character repre-
sentations. Punctuation marks not corresponding
to acoustic events were removed. Following stan-
dard CTC-based ASR practice, whitespace was
replaced with a dedicated word bounding symbols
(|) to facilitate alignment and decoding. The dataset

2



Figure 2: Distribution of transcript length per audio
clip.

was partitioned into training and test sets as sum-
marized in Table 1.

Split Utterances
Train 2,368
Validation 264
Test 393

Table 1: Dataset split statistics.

4.4. Data Availability
We have open-sourced the dataset used
in this study. It is publicly available at
https://huggingface.co/datasets/
offiongbassey/efik_audio_dataset
(offiongbassey/efik_audio_dataset).

5. Methodology

5.1. Model Selection
Transfer learning from high resource languages
has been widely shown to be an effective approach
for improving end-to-end ASR performance in low-
resource settings (Xu et al., 2016; Imam et al.,
2025; Olatunji et al., 2023). In this study, we select
two state-of-the-art (SOTA) ASR models - XLS-R
and Whisper for fine-tuning and evaluation of Efik
speech.

Both models provide multiple pretrained check-
points ranging from small to large. Due to limited
computational resources and relatively small size
of available Efik speech data, we adopt smaller
checkpoints for both architectures. Leveraging
cross-lingual transfer learning is both theoretically
and practically preferable to training from scratch
in such low-resource scenarios.

XLS-R (Babu et al., 2021) is a large-scale multilin-
gual speech representation extending wav2vec2.0

(Baevski et al., 2020). It was pretrained on ap-
proximately 436,000 hours of unlabeled speech
across 128 languages, including several African
languages. The pretraining data includes Swahili
(91 hours), Yoruba (75 hours), Zulu (56 hours),
Lingala (72 hours), Kinyarwand (1,199 hours) and
Afrikaans (87 hours), among others, making XLS-
R well suited for cross-lingual adaption for African
languages.

Whisper (Radford et al., 2022) is an encoder-
decoder ASR model trained on 680,000 hours
of multilingual and multitask speech data cover-
ing approximately 96 languages. Its sequence-
to-sequence and large-scale weakly supervised
training enable strong robustness to noise, speaker
variation and domain mismatch, often requiring min-
imal fine-tuning for reasonable performance.

5.2. Language Model Integration
CTC-based models such as XLS-R decode speech
by independently predicting the most likely token at
each time step, without explicit modelling of linguis-
tic context. To address this limitation, we augment
the fine-tuned XLS-R model with a 3-gram KenLM
language model (Heafield, 2011) trained on an Efik
text corpus of 166,977 tokens and 15,662 unique
word types. The language model was integrated
into the decoding pipeline using pyctcdecode with
beam search (beam width=100), a language model
weight of α = 0.5 and a word insertion bonus of
β = 1.0. This approach allows the decoder to
favour linguistically plausible word sequences dur-
ing inference, without requiring additional anno-
tated speech data.

5.3. Evaluation Metrics
To empirically evaluate the performance of the fine-
tuned SOTA ASR models, we used Word Error
Rate (WER), a widely adopted metrics for measur-
ing accuracy in ASR systems. WER means the
number of substitutions, deletions and insertions
required to transform a hypothesis transcription into
a reference transcription (Park et al., 2008).

WER =
S +D + I

N
=

S +D + I

S +D + C
(1)

Where S is the number of substitutions; D is the
number of deletions; I is the number of insertions; C
is the number of correct words; and N is the number
of words in the reference (N = S + D + C).

In addition to WER, we report Character Error
Rate (CER) which measures the percentage of
incorrect characters between the hypothesis and
reference text. Unlike WER, which struggles with
morphological complex languages, CER has been
shown to correlate well with human judgements in
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multilingual evaluations and even handles unclear
word boundaries (K et al., 2024).

CER =
S +D + I

N
(2)

Where S is the number of substitutions; D is the
number of deletions; I is the number of insertions
and N is the number of words in the reference.

To assess semantic robustness beyond WER
and CER, we adopt a Machine Translation (MT)
based evaluation pipeline (Figure 3), where Efik
ASR outputs are translated into English and eval-
uated using BLEU, ChrF and human judgement.
This approach better reflects real-world usage, par-
ticularly under domain and speaker mismatch.

Figure 3: MT - Based Semantic Evaluation Pipeline
for Efik ASR

5.4. Experiments

We fine-tuned XLS-R and Whisper using 3 hours of
self-recorded Efik speech data, leveraging cross-
lingual transfer learning. Each model was trained
for 12 epochs.

For XLS-R, we used a learning rate of 3× 10−4

with a batch size of 4, while Whisper was fine-tuned
using a learning rate of 1× 10−5 with a batch size
of 8. All experiments were conducted on NVIDIA
A100 with high-ram using the Google Colab Pro+
platform.

The AdamW optimizer was employed with a lin-
ear learning rate warm-up of 500 steps. Further-
more, we used the default dropout configuration
of the pretrained models during fine-tuning. Mixed
precision (FP16) training and gradient checkpoint
were enabled to reduce memory usage.

During training, both models exhibited a steady
decrease in training and validation loss, indicating

progressive learning and effective generalization
despite the limited size of the dataset.

6. Results

The results of the study using the two SOTA models
- XLS-R and Whisper are presented below:

6.1. Quantitative Analysis
Table 2 presents the performance of both models
evaluated on speech from the same speaker in a
quiet environment. Both models demonstrate mea-
surable improvements in automatic speech recogni-
tion (ASR) for Efik, a low-resource tonal language,
despite the limited amount of available training data.
The fine-tuned XLS-R-300M model achieves lower
WER and substantially lower CER compared to the
Whisper baseline. Adding a 3-gram KenLM lan-
guage model further improves performance, yield-
ing the lowest WER and CER overall.

Model WER CER
Whisper 37.5% 28.9%
XLS-R-300M 29.2% 6.4%
XLS-R + KenLM 3-gram 10.86% 3.16%

Table 2: ASR performance comparison on the Efik
test set.

6.2. Qualitative and Semantic Evaluation
beyond WER and CER

Quantitative metrics such as WER and CER pro-
vide a limited view of transcription quality, partic-
ularly concerning semantic preservation. To com-
plement these measures, we conduct a qualitative
evaluation across diverse acoustic and speaker
scenarios, including single-speaker clean speech
and multi-speaker noisy environments. This analy-
sis reveals the interplay between phonetic precision
and contextual reasoning, elucidating the trade-
offs observed in our automated semantic metrics
(BLEU/ChrF).

Table 3 presents representative examples com-
paring reference transcripts with outputs from Whis-
per, XLS-R, and XLS-R augmented with a 3-gram
KenLM language model, highlighting differences in
semantic fidelity and robustness under domain shift.
The KenLM-enhanced model demonstrates im-
proved transcription quality in both clean and noisy
conditions, producing outputs that more closely
align with the reference transcripts, particularly in
preserving morphological boundaries and reducing
fragmentation.

We further adopt a translation-based semantic
evaluation, in which Efik ASR outputs are trans-
lated into English and assessed using BLEU and
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Scenario Reference (Source) XLS-R XLS-R + KenLM 3-
gram

Whisper

Single
speaker,
quiet environ-
ment.

idem eyen esie
iso.ñke, enye odu ke
ufo. k ibo. k.

idem eyen esiso.ñke
enye odu ke ufo. k
ibo. k

idem eyen esie
iso.ñke enye odu ke
ufo. k ibo. k

idem eyen esi iso. ñke,
enye eduk ufo. k ibo. k.

Multi-speaker,
noisy environ-
ment.

ndien akpa ñke
nyenede edi, oyom
ikpo. ñkpo. .

nyenakpa ke eyen
ededi ikaa oyom
ikpo.ñ kpo.

ndian akpañ ke
enyenede edi yak
oyom ikpo. ñkpo.

ndien akpañke
enyenede edi, oyom
ikpo.ñkpo. .

Multi-speaker,
noisy environ-
ment.

o. ko.ño. mbañ enañ.
Utu ke mbo.k osun
udi. Yak edim, o,
edep.

añ ambae
namikpokke mbo.k
osim di ia edim
aaedem

o.ko.ño. mbañ enam
koko ke mbo.k esin
udi yak edim edem

Okoñ amaña enañ.
Otuk embo. k o. sunu di.
Ya edim, o, edep.

Table 3: Qualitative semantic comparison of XLS-R, XLS-R + KenLM, and Whisper on Efik ASR under
domain and speaker mismatch

ChrF. This approach approximates downstream us-
ability, reflecting scenarios where ASR outputs are
consumed by non-Efik speakers or integrated into
multilingual pipelines.

As shown in Table 4, XLS-R + KenLM-3-gram
achieves the highest BLEU and ChrF scores across
both single-speaker and multi-speaker conditions,
consistently outperforming both the base XLS-
R model and Whisper. Notably, under noisy
multi-speaker conditions where Whisper previously
showed an advantage in ChrF over the base XLS-
R model, the KenLM-enhanced XLS-R surpasses
Whisper across all metrics. These results demon-
strate that incorporating a language model not
only improves phonetic accuracy (as reflected in
WER/CER) but also yields substantial gains in se-
mantic preservation, even under challenging acous-
tic conditions. This underscores the value of lever-
aging language models for low-resource tonal lan-
guages like Efik, where both phonetic and semantic
fidelity are critical for downstream usability.

6.3. Discussion

Despite being trained on limited audio data from a
single speaker in a quiet environment, both mod-
els demonstrate notable gains in Efik automatic
speech recognition, highlighting the effectiveness
of modern self-supervised and encoder–decoder
architectures in extremely low-resource tonal set-
tings.

On a held-out single-speaker evaluation set
recorded independently from the training data, the
fine-tuned XLS-R-300M model achieved a WER of
29.2% and a CER of 6.4%, outperforming a Whis-
per baseline trained on the same Efik corpus. The
addition of a 3-gram KenLM language model fur-
ther improved performance significantly, achieving
a WER of 10.86% and a CER of 3.16%, a relative
reduction of 62.8% in WER and 50.6% in CER over
the base XLS-R model. This substantial gain under-

scores the value of incorporating language model
priors, particularly for low-resource tonal languages
where phonetic ambiguity is high.

Under real-world noisy and multi-speaker con-
ditions, Whisper exhibits greater robustness and
semantic fidelity compared to the base XLS-R
model, likely due to its integrated autoregressive
language modeling and encoder-decoder architec-
ture, despite Efik’s morphological and tonal com-
plexity. However, the KenLM-enhanced XLS-R
model bridges this gap considerably, demonstrat-
ing improved semantic preservation in translation-
based evaluations while maintaining its phonetic
accuracy advantages. These findings suggest
that effective language model integration, whether
through an external n-gram LM or an architecture-
internal component, is critical for achieving robust
ASR performance in low-resource tonal languages
under domain shift.

7. Future Work

Our results indicate that SOTA ASR models can
be significantly improved for Efik with more high-
quality, multi-speaker, and well-annotated speech
data. We plan to curate additional audio spanning
multiple domains, speakers ranging from children to
adults, and diverse noisy environments. Expanding
the dataset beyond the current 3 hours of single-
speaker recordings will help the models better cap-
ture tonal variations, semantic nuances, and mor-
phological complexity inherent to Efik. Additionally,
we will explore data augmentation techniques such
as speed and pitch perturbation and noise injection
to further enhance robustness and generalization.

8. Conclusion

We evaluated the adaptation of two pre-trained
SOTA ASR models, XLS-R and Whisper, for Efik,
a tonal language with morphological complexity.
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Scenario Model BLEU ChrF Human
Score

Notes

Single speaker, quiet en-
vironment.

XLS-R 43.01 74.27 8/10 Very close to reference.

Single speaker, quiet en-
vironment.

Whisper 14.21 35.06 7/10 Slight token error, meaning still intact.

Single speaker, quiet en-
vironment.

XLS-R +
KenLM

59.54 80.40 9.2/10 Very close to reference with minimal
token errors

Multi-speaker, noisy envi-
ronment.

XLS-R 4.07 13.59 2.8/10 Errors due to unseen speakers and
noisy background. Severe degradation
in semantic coherence is observed.

Multi-speaker, noisy envi-
ronment.

Whisper 4.52 28.82 3.6/10 Slight errors in unseen speakers and
noisy background, slight semantic
preservation and meaning.

Multi-speaker, noisy en-
vironment.

XLS-R +
KenLM

6.88 29.95 3.9/10 Moderate improvement over base
XLS-R; better character-level preser-
vation than Whisper, though seman-
tic coherence remains challenged
by domain shift.

Table 4: Qualitative semantic comparison of XLS-R and Whisper on Efik ASR under domain and speaker
mismatch.

Both models were fine-tuned on 3 hours of single-
speaker audio (2,632 clips) over 12 epochs each,
showing significant improvements in low-resource
settings.

The integration of a 3-gram KenLM language
model with XLS-R yielded substantial gains across
all evaluation conditions. KenLM-enhanced XLS-
R achieved the lowest overall WER (10.86%) and
CER (3.16%) on the single-speaker test set, out-
performing both the base XLS-R model and Whis-
per. Under noisy multi-speaker conditions, the
KenLM-enhanced model also demonstrated im-
proved robustness compared to the base XLS-R
model, achieving competitive performance with
Whisper while maintaining its phonetic accuracy
advantages.

Whisper’s ability to model punctuation con-
tributed to better context preservation in certain
cases, highlighting the importance of architectural
choices in low-resource ASR. Our results demon-
strate that combining self-supervised acoustic mod-
els with language model integration offers a promis-
ing pathway for building robust ASR systems for
under-resourced tonal languages.
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collected and used in accordance with ethical re-
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Abstract
While modern Automatic Speech Recognition (ASR) systems achieve high accuracy on benchmark corpora, their
performance often degrades when there is real-world variability. This work focuses on variability arising due to
accented, spontaneous, and domain-specific speech. In particular, we introduce PAper REading DAtaset (PAREDA),
a first-of-its-kind multi-accent speech dataset consisting of discussions on academic Natural Language Processing
(NLP) papers between speakers with Australian, Indian-English, and Chinese English accents. Each session elicits a
spontaneous monologue (a summary of a paper’s abstract) and a non-monologue (a question-and-answer session
between participants), resulting in a corpus rich with technical jargon and conversational phenomena. We evaluate
the performance of SOTA ASR models on PAREDA, analysing the impact of accent mixing and increased speech
rate. Our results show that, in the zero-shot setting, models perform worse, confirming the dataset’s challenging
nature. However, fine-tuning on PAREDA significantly reduces the Word Error Rate (WER), demonstrating that our
dataset captures linguistic characteristics often missing from existing corpora. PAREDA serves as a valuable new
resource for building and evaluating more robust and inclusive ASR systems for specialised, real-world applications.

Keywords: Accents, World Englishes, Dialogue, Research Discussions

1. Introduction

Automatic speech recognition (ASR) models are
increasingly deployed in academic settings such
as lecture transcription, workplace meetings, and
conference presentations. As these settings be-
come more diverse, ASR systems are required to
handle a wide range of linguistic phenomena, in-
cluding accented speech, dialectal variation, and
domain-specific terminology (Mehrish et al., 2023).
While recent ASR models achieve strong perfor-
mance on general-domain monologue speech for
mainstream accents, studies have shown that state-
of-the-art ASR models such as Whisper (Radford
et al., 2023a) exhibit degraded transcription perfor-
mance for non-mainstream English accents, includ-
ing Nigerian English (en-NG) and Indian English
(en-IN), when compared to mainstream American
English (en-US) (Eisenstein et al., 2023). This eval-
uation is for general-domain dialogue.

Academic conversations are inherently domain-
specific and frequently involve speakers with di-
verse linguistic backgrounds, as in the seminal AMI
meeting corpus (Kraaij et al., 2005). To our knowl-
edge, there is currently no publicly available re-
source designed to evaluate ASR performance on
domain-specific academic speech involving non-
mainstream English accents. In this work, we de-
scribe the creation of PAREDA (which stands for PA-
per REading DAtaset), a small-scale multi-accent
speech dataset comprising 3.9 hours of recorded
audio. The dataset consists of conversations be-
tween pairs of speakers with non-mainstream En-
glish accents, specifically Australian, Chinese, and

Indian English. Speakers exhibit varying levels
of expertise in natural language processing, rang-
ing from students to researchers. The conversa-
tions center on discussions of NLP research pa-
pers sourced from the ACL Anthology 1. This de-
sign reflects realistic academic interactions, where
the use of technical terminology varies according
to a speaker’s familiarity with the subject matter,
resulting in differing densities of domain-specific
vocabulary across utterances. Our evaluation on
PAREDA highlights that ASR models like Whis-
per (Radford et al., 2023a), Phi-4 (Abouelenin et al.,
2025), and CrisperWhisper (Zusag et al., 2024) are
able to achieve SOTA accuracy, but certain con-
ditions of the input audio have to be met. The
domain choice (academic NLP discussions) and its
intersection with accent variability make PAREDA
a useful dataset for future research.

2. Data Collection

We collect data of speech recordings, using the
methodology illustrated in Figure 1. We use NLP
research papers collected from ACL Anthology to
create our dataset. We cover three locales, with
one participant from each locale. Due to the na-
ture of this study, we limit our participant group to
one speaker per accent. Each speaker is given 21
papers for the elicitation exercise.

1https://www.aclanthology.org/
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Figure 1: Methodology for dataset collection

2.1. Speakers and Prompts
We conduct elicitation with three participants, one
for each locale. The three locales covered in this
dataset are: Australian (en-AU), Indian (en-IN),
Northern Chinese (en-ZH). We did not collect Amer-
ican (en-US) samples as there is already an exces-
sive amount of en-US speech samples available
in other datasets, and the models we use have al-
ready exposed to such audio extensively during
training. All speakers have experience in NLP re-
search and were willing to engage in recording
for this research. The Indian speaker is an NLP
lecturer with extensive research expertise in the
academic field, and the other two speakers are
NLP research students. All participants are also
above 18 years of age, with native or superior pro-
ficiency in English2. We prepared a corpus of 21
NLP research papers on the ACL Anthology web-
site which, according to their focus, can be broadly
categorised as: (A) NLP in applied linguistics, (B)
NLP in linguistic research, (C) Mitigating NLP bias,
(D) NLP in historical and cultural linguistics.

2.2. Recording
The speech samples are either collected online
or in person in an indoor environment in a closed
meeting room. During each recording session, the
participant is given two minutes to read the abstract.
If the abstract was found to be non-informative, the
participant is allowed to read the full body and sum-
marise the paper. Following this, we also record
discussion sessions involving a host asking ques-
tions. These questions are specific to each paper,
and were prepared to elicit utterances and guide
conversation between the host and the participant.
This discussion session lasts for upto five minutes.
Figure 1 demonstrates an example of this proce-
dure. We manually segment the audio files to less
than 30 seconds to ensure the audio is not split
abruptly mid-sentence. This is done as some mod-
els experimented in this paper only support audio

2We determine the proficiency of non-native speakers
using English language tests like IELTS.

en-AU en-IN en-ZH
Monologue 16:19 36:22 64:24
Non-Monologue 75:21 41:58 –
Total 91:40 78:20 64:24

Table 1: Speech duration (minutes:seconds) by
accent and interaction type. Non-monologue du-
ration reflects respondent speech only; the en-ZH
speaker serves as the host during dialogues and
is therefore not included as a dialogue respondent.

samples of less than 30 seconds. The final audio
files are saved in the .wav format. We denote the
summarisation session of the speech sample as
monologue, and the discussion sessions as the
dialogue. The dialogue subset does not involve
full-duplex speech; rather, it consists of structured
question–answer exchanges.

2.3. Transcription
We first generate raw transcriptions using the ASR
model CrisperWhisper (Zusag et al., 2024), which
are then manually post-edited. As the models eval-
uated in this study default to American English
spelling conventions, the transcriptions are further
standardised to follow the same convention. To
assess inter-annotator reliability, an independent
annotator post-edited 10 randomly selected tran-
scriptions from the dialogue subset. Agreement
between annotators was quantified using WER,
computed after standard text normalisation. The
resulting mean symmetric WER was 2.77%, indi-
cating high agreement between annotators.

2.4. Dataset Statistics
Table 1 summarises the distribution of speech du-
ration across accents and interaction types. Mono-
logue recordings were collected from all three ac-
cents. Non-Monologue recordings consist of struc-
tured question–answer exchanges in which speak-
ers with en-AU and en-IN accents act as respon-
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dents, while the en-ZH speaker serves exclusively
as the host and questioner. Consequently, Non-
Monologue duration is reported only for en-AU and
en-IN accents. The dataset contains 20 en-AU, 23
en-IN, and 39 en-ZH monologue samples, as well
as 50 en-AU and 28 en-IN dialogue samples. We
split the dataset into training, validation and test
with 80:10:10 ratio.

3. Experiment Setup

We fine-tune four model sizes of Whisper in a two-
stage training procedure. In the first stage, the
models are fine-tuned on GLOBE, a large-scale
multi-accent English speech corpus, to improve
robustness to accented speech. All GLOBE fine-
tuned models are trained for 5,000 steps with an
initial learning rate of 1 e-5 and a warmup ratio of
10%. Model checkpoints are evaluated every 500
steps, and the resulting models are subsequently
evaluated on our dataset to establish baseline per-
formance prior to in-domain adaptation. In the sec-
ond stage, the GLOBE-tuned models are further
fine-tuned on our collected dataset to adapt the
models to domain-specific academic speech. As
the in-domain dataset is substantially smaller than
GLOBE, we increase the evaluation frequency and
employ early stopping to mitigate overfitting. Ope-
nAI’s Whisper API, Microsoft’s Phi-4 and Crisper-
Whisper are also used for evaluation, as these
are leading models on Hugging Face’s Open ASR
Leaderboard at the time of experiment. Crisper-
Whisper was selected as it is specifically tailored for
producing verbatim transcripts for casual speech.
Whisper API used Whisper Large as the model,
while Phi-4 and CrisperWhisper were obtained from
HuggingFace. Experiments requiring no fine-tuning
were carried out using one Nvidia A100 GPU and
all fine-tuning experiments were performed on one
Nvidia Tesla Volta GPUs. The total training time for
both stages was approximately 70 hours.

4. Results

We address the following questions in our evalua-
tion using PAREDA and other datasets: (a) Would
mixed accents worsen the performance of ASR
models? (b) Would speech speed influence the
performance of ASR models? (c) Can models fine-
tuned on non-casual speech perform equally well
on casual speech? Table 2 details the performance
of these three models under different speech ac-
cent and scenario combinations using word error
rate (WER) as the metric. For our dataset, there are
two major accents: Australian and Indian, desig-
nated by en-AU and en-IN; while en-ZH represents
Northern Chinese, an accent added into some
speech samples of the two major accents. Since

en-ZH is used as a condition accent to help assess-
ing other accents, no separate en-ZH samples are
evaluated.

4.1. Mixed Accents
Table 2 shows that, model-wise, CrisperWhisper
achieves the highest WER across all speech ac-
cents and speech types, with the overall lowest
WER being 4.08% on Indian speech samples, while
Phi-4 performs slightly lower. Whisper API exhibits
the lowest scores, producing the highest WER of
18.21% on Australian samples. However, there is
no clear evidence of how introducing en-ZH influ-
ences WER. We observe that for Phi-4, the WER
for both accents are higher when adding en-ZH:
Australian WER increases from 8.62% to 8.69%
and Indian WER increases 8.96% to 9.15%; how-
ever, for the other two models, Australian WER
drops considerably with en-ZH. The en-ZH mono-
logue samples score relatively similar to Australian
ones, with the whisper WER being slightly lower.
Indian samples typically result in lower WER, al-
though this trend does not apply to all models, as
observed in the 8.96% result from Phi-4, which is
higher than both Australian samples 8.62% and
8.69%. For the other two models, it is clear that
Indian monologue samples performs better than
Australian monologue ones, while Australian non-
monologue samples might show lower WER than
the Indian counterparts, as in Whisper API results,
or higher WER, as in CrisperWhisper results. Simi-
larly, adding another accent such as en-ZH does
not result in a noticeable shift in the WER. Whether
the mixed speech would score a higher or lower
WER relates to the model used. In our example,
the Indian non-monologue samples had a higher
WER than the monologue ones, however this pat-
tern reverses of Australian samples. What did not
alter is the overall pattern of WER of the models,
where CrisperWhisper performs significantly better
than the other two.

4.2. Noise Robustness
We see the opportunity to evaluate for robustness
to noise by synthetically adding variations. We con-
sider two additional configurations: increasing the
speed of the audio and adding background noise.
When we accelerate the speech to 1.5 times faster
or add a -10dB background white noise, recognition
accuracy drops sharply for every model, as shown
in Table 2. For accelerated tests, Whisper API’s
error rate rises from about 18% to 26% on the Aus-
tralian samples and from 10% to 15% on the Indian
samples; Phi-4 shows a similar pattern, jumping to
roughly 21% and 16% respectively. CrisperWhis-
per experienced the worst degradation where its
Australian error climbs significantly to 26%, and its
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Condition Model en-AU en-AU/ZH en-IN en-IN/ZH en-ZH en-US
Normal Whisper API 18.21 15.04 9.56 10.62 15.04 3.91

Phi4 8.62 8.69 8.96 9.15 8.61 3.82
CrisperWhisper 5.10 4.29 4.08 4.66 4.38 3.97

1.5x Speed Whisper API 25.98 23.56 14.76 16.49 20.76 -
Phi4 20.77 22.37 16.16 21.23 22.98 -
CrisperWhisper 25.57 25.74 17.05 19.05 22.24 -

-10dB Noise Whisper API 22.51 19.11 14.65 15.40 21.10 -
Phi4 14.12 12.80 10.95 13.18 14.98 -
CrisperWhisper 10.87 12.41 9.51 17.94 27.67 -

Table 2: WER (%) Benchmark Across ASR Architectures Under Varied Linguistic and Environmental
Conditions. Note that the last column, en-US, is taken from the Hugging Face Open ASR Leaderboard on
the Librispeech-other dataset.

Indian error almost quadruples to 17%. For noise
tests, the error rate did not increase to the extent
of the accelerated samples, however, still visibly
worse than the original normal test results. Whis-
per’s WER rises to 22.5% for Australian samples
and from 10% to 14.6% on Indian samples. The
other models follow the same pattern. In general,
faster delivery or excessive background noise hin-
ders the advantages of the strongest model and nar-
rows the gap between systems. This suggests that
none of the three architectures has learned a truly
tempo-invariant acoustic representation, and that
further speed-augmentation or specialised front-
end processing may be required to restore their
baseline performance. Similar results are observed
for the introduction of background noise. For all
three models, combining fast speech with accent
mixing still produces error rates in the low-to-mid
20% range, roughly double the figures observed
when only the extra speaker is present. Despite
the overall degradation, we can observe in Fig-
ure 2 that Whisper API remains the least robust,
CrisperWhisper the most accurate, and Phi-4 sits
in between. The fact that accent diversity has
so little impact once speed increases implies that
speaking-rate variation is a dominant constraint.
Future work should therefore prioritise systematic
tempo-augmentation and dynamic time-warping
techniques, as they appear more promising than
simply expanding accent coverage for enhancing
real-world resilience.

4.3. Cross-variety Evaluation
We also conduct a cross-variety evaluation to ex-
amine whether models fine-tuned on non-casual
datasets can generalize to PAREDA’s casual, tech-
nical speech, and whether domain-specific fine-
tuning provides significant gains. Table 3 com-
pares performance across three stages: zero-shot
baseline, GLOBE-tuned, and PAREDA-tuned. In

the baseline stage, Whisper Medium achieved the
lowest WER (13.46%), notably outperforming the
Large model, while the Tiny version performed
worst at 22.20%. Surprisingly, Stage 1 fine-tuning
with GLOBE resulted in "peculiar" results, as WER
actually increased across all model sizes—ranging
from a 1.02% rise for Large to 2.98% for Small. Fol-
lowing this, we further fine-tuned the models using
PAREDA until WER and validation loss stagnated,
as detailed in Section 3. Evaluating these Stage
2 models against the PAREDA test set revealed
substantial improvements, with WER for every ver-
sion dropping by at least 10% compared to previ-
ous stages. These findings demonstrate that while
broad multi-accent datasets like GLOBE provide
breadth, they may not contribute to improved recog-
nition in specialized professional fields. This high-
lights the necessity of incorporating casual, domain-
specific speech during training to help ASR mod-
els comprehend the distinct phonological nuances
found in expert-level discourse.

4.4. Per-Accent Evaluation
We then perform a per-accent evaluation, fine-
tuning GLOBE-tuned models on individual
PAREDA accent subsets to observe if targeted
tuning reduces the Word Error Rate (WER) for
specific accents. We maintained the Stage 1
configuration, using an early stopping patience
of 3 and a 1e-5 learning rate. Evaluation steps
were set to 250 for Tiny/Small models and 50 for
Medium/Large versions. Figures 2 and 3 present
the raw WER and relative performance against
the all-accent baseline, with rows representing the
tuning accent and columns representing the test
accent.

For Tiny and Small models, per-accent tuning
generally worsened performance compared to the
all-accent baseline. For instance, the Indian-tuned
Tiny model’s WER rose from 11.9 to 12.6 on Indian
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Whisper Model Size
Fine-Tuning Stage Tiny Small Medium Large
Baseline (Not Fine-tuned) 22.20 15.03 13.46 15.39
Stage 1 (GLOBE-tuned) 23.95 18.01 15.84 16.41
Stage 2 (PAREDA-tuned) 12.85 6.68 4.53 4.87

Table 3: WER Comparison when fine-tuning Whisper with/without PAREDA.

Figure 2: Per-Accent Tuning Results

Figure 3: Per-Accent Relative Results

samples, while cross-accent testing (e.g., tuning
on Indian/Australian and testing on Chinese) re-
sulted in significantly higher errors. Conversely,
per-accent tuning benefited larger models, partic-
ularly Medium, where WER decreased across all
accents. The Large model showed a contradictory

pattern for Australian samples, where tuning on
its own accent caused the highest WER increase,
though other accents saw modest improvements.
These results suggest that while phonology is a
factor, model complexity and contextual speech
characteristics—such as technical vocabulary and
filler words—are equally decisive in ASR perfor-
mance.

4.5. Qualitative Analysis
Beyond aggregate metrics, we performed a lin-
guistic error analysis on the Whisper-tiny model’s
PAREDA test performance. Using NLTK and Word-
Net, we categorised errors at the word level to
understand how specific accent conditions influ-
ence ASR failure. In order to conduct the analy-
sis, we utilised a sequence alignment approach
using Python’s difflib.SequenceMatcher3 to
identify three types of errors: (1) substitutions (one-
to-one word replacements), (2) deletions (words
present in reference but missing in prediction), and
(3) insertions (words present in prediction but ab-
sent in reference). To avoid double-counting, sub-
stitutions were identified first through sequence
alignment, and only words not involved in substitu-
tions were considered for deletion/insertion analy-
sis.

Each error word was automatically categorised
using NLTK’s part-of-speech tagging, stopword
identification, and WordNet’s semantic taxonomy.
This approach eliminated manual categorisation
bias and provided consistent, reproducible linguis-
tic classifications across all 488 unique error in-
stances identified in the 77-sentence test set. The
analysis revealed 84 unique substitutions, 196 dele-
tions, and 208 insertions, totalling 734 errors and
488 distinct occurrences.

The top three semantic classes remain the
same, but their relative weight has shifted: (A)
Function words, which mostly serve grammati-
cal purposes such as ‘a’, ‘do’, ‘can’ now account
for 241 tokens (29.3%), still the single largest
source of error. Deletions of articles (a, the) and
prepositions dominate, confirming the model’s dif-
ficulty with reduced, unstressed items; (B) Short

3https://docs.python.org/3/library/
difflib.html
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filler tokens (uh, um, single letters) rose sharply
to 131 errors (16%), with a striking 11.9 errors
per unique filler, by far the densest error class;
Communication-related terms, including many
NLP words such as ‘prompting’, ‘slang’, ‘dialogue’
contribute 54 errors (6.6%). We present addi-
tional examples fo this class in Table4. Smaller
but noteworthy movements are observed in the fol-
lowing cases. Unclassified/OOV items climbed
to 49 tokens, many are the result of hallucinated
insertions rather than deletions, including non-
existent words such as ‘afimouth’ and ‘dissist‘, hint-
ing at domain-dependent lexical over-generation,
and that accented pronunciations still confuse the
ASR. Similarly, morphological-technical terms
remain rare: only one token (“tokenisation”) was
mis-recognised, which was consistent with the pre-
vious finding that complex morphology is handled
reasonably well. Function-word errors break down
into deletions 40%, insertions 44%, substitutions
16% (percentages of the 241 tokens). The preva-
lence of function-to-function substitutions includ-
ing a→the and will→for signals acoustic confusion
among weak syllables, though their absolute counts
have increased with the larger error pool.

Our targeted word-list comparison covers 54 NLP
terms and 46 functional words, as seen in Table 5.
Some words are not observed in the test set, and
those are not counted towards the results. These
include: (A) Domain words: 45.8% average error
rate (35 errors in 117 appearances); (B) Grammat-
ical words: 7.6% (62 errors in 966 appearances).
The ratio 6× confirms that technical vocabulary is
still markedly harder for the model to capture.

These patterns reveal two primary pathways for
ASR failure in multi-accent, technical discourse.
First, a “prosodic deletion” pathway affects function
words and fillers, where accent-conditioned vowel
reduction leads to the omission of unstressed items
like articles and prepositions. Second, an “acous-
tic mis-modeling” pathway targets low-frequency
specialist vocabulary. For the 54 NLP terms anal-
ysed, the average error rate was 45.8% which is
six times higher than the 7.6% rate for grammatical
words. This 6× disparity suggests that uncommon
phoneme sequences combined with accent shifts
overwhelm the recognizer, regardless of its under-
lying lexical knowledge. Addressing these chal-
lenges requires a dual-track approach: prosody-
aware modeling to capture variant pronunciations
of function words and lexical specialisation to boost
the recognition of domain-specific terminology.

5. Related Work

SOTA ASR systems often achieve high accuracy on
standard benchmarks but exhibit significant perfor-
mance degradation across diverse speaker groups,

a phenomenon known as ASR bias (Mehrish et al.,
2023; Feng et al., 2024). Variations in pronuncia-
tion, accent, and intonation remain persistent chal-
lenges, often rooted in the lack of diversity within
training corpora (Basak et al., 2023; Feng et al.,
2024). Recent efforts to address this include the
GLOBE corpus, which provides read speech across
164 accents, though it lacks spontaneous conver-
sational nuances (Wang et al., 2024). Conversely,
the Multi-Dialect Dataset of Dialogues (MD3) offers
task-oriented conversational data but focuses on
general-domain tasks like guessing games (Eisen-
stein et al., 2023). Datasets of meeting corpora ei-
ther rely on general topics (McCowan et al., 2005)
or use TTS to generate audio (Lee et al., 2023).
PAREDA addresses a critical gap these corpora
overlook: the intersection of dialectal variation and
domain-specific, technical vocabulary in sponta-
neous speech. Unlike read-speech datasets or
general-knowledge dialogues, PAREDA targets the
challenge of accented speech and technical jargon,
which is known to cause robustness issues even
in SOTA models like Whisper (Jain et al., 2024;
Radford et al., 2023b).

6. Conclusion

We introduced PAper REading DAtaset (PAREDA),
a novel multi-accent speech dataset comprising
spontaneous monologues and non-monologues
from Australian, Indian, and Chinese English speak-
ers discussing technical NLP research papers. The
design of PAREDA elicits natural, casual speech
laden with domain-specific jargon, creating a chal-
lenging and realistic testbed for modern ASR sys-
tems. Our experiments demonstrate that a SOTA
model, Whisper, yields unsatisfactory Word Er-
ror Rates (WER) on the PAREDA corpus in a
zero-shot setting, confirming that dialectal and
domain-specific speech remains a significant hur-
dle (Mehrish et al., 2023). The analysis revealed
particular difficulties with domain-specific vocab-
ulary, accent mixing, and variations in speaking
rate. However, we also showed that finetuning
the Whisper model, even with the limited data in
PAREDA, leads to considerable performance im-
provements. This finding aligns with research in
other specialised, low-resource domains, such as
child speech recognition, where finetuning is a
highly effective strategy (Jain et al., 2024). Fu-
ture work should focus on expanding the PAREDA
dataset to include more speakers and a wider vari-
ety of global Englishes. PAREDA can be used to
investigate the propagation of ASR errors into down-
stream NLP tasks and serve as a crucial bench-
mark for developing novel bias mitigation tech-
niques aimed at creating more inclusive speech
recognition technologies (Feng et al., 2024).
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Reference Prediction

. . . just a parser may not be sufficient and there will
be other tools such as stemmers . . .

. . . just a person may not be sufficient and there
will be other tools such as standard . . .

. . . it is a low resource language . . . . . . it is a only source language . . .

. . . how many n grams they get right . . . . . . how many enzymes they get ripe . . .

Table 4: Examples of ASR transcription errors. Mismatches between the Reference (Ground Truth) and
Model Prediction are highlighted.

Category
Total

Words
Words in
Test Set

Total
Appearances

Total
Errors

Words w/
Errors

Avg. Error
Rate

Content (NLP) 54 41 117 35 26 45.80%
Grammatical 46 45 966 62 25 7.57%

Table 5: Linguistic Error Analysis: Technical vs. Functional Vocabulary
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Abstract
This study investigates how Whisper handles interactional phenomena in spontaneous Italian conversation, focusing
on backchannels, repairs, and filled pauses. We compare standard Word Error Rate (WER) optimization with a
decoding strategy that explicitly rewards the preservation of interactional events. Results show that decoding choices
have limited impact on overall accuracy, while recognition remains strongly phenomenon-dependent, suggesting
structural limitations in the handling of interactional phenomena, with systematic linearization of repairs and frequent
suppression of short conversational items.

Keywords: ASR, Interaction, Italian, Backchannels, Repairs, Filled Pauses

1. Introduction

End-to-end Automatic Speech Recognition (ASR)
systems based on large neural models have
reached high levels of performance. Models such
as OpenAI’s Whisper (Radford et al., 2023) are
widely used thanks to their robustness across lan-
guages, recording conditions and speaker variabil-
ity. However, most ASR systems are trained pri-
marily on monologic, non-spontaneous speech and
tend to normalize conversational input, treating
interactional phenomena as noise (Lopez et al.,
2022; Yamasaki et al., 2023). Previous studies
report systematic limitations in the production of
short conversational items, interjections, disfluen-
cies, overlap and paralinguistic cues (Liesenfeld
et al., 2023; Lopez et al., 2022; Umair et al., 2022;
Zayats et al., 2019). All of these elements play a
crucial role in the organization of spoken discourse
and, from a linguistic perspective, constitute struc-
turally relevant resources. This paper focuses on
three specific phenomena: backchannels, conver-
sational repairs and filled pauses. Backchannels
signal attention or speaker alignment (Dideriksen
et al., 2019; Mereu et al., 2024; Blomsma et al.,
2024); repairs manage problems of speaking and
understanding (Drew, 1997; Schegloff et al., 1977;
Dingemanse and Enfield, 2015, 2024); and filled
pauses reflect speech planning and turn manage-
ment (Christenfeld et al., 1991; Spreafico, 2012;
Cossavella and Cevasco, 2021). Because they
are brief, prosodically subtle and often produced in
overlap, they are especially vulnerable to omission
or normalization in ASR output (Lopez et al., 2022).
Studies show that limited representation in output
transcripts does not necessarily imply their absence
from the acoustic signal or from the model’s inter-

nal representations. Interactional elements may
be suppressed during decoding, when the system
selects which hypotheses to render as text, imply-
ing that ASR output should therefore be treated as
configuration-dependent (Vitale et al., 2024; Dinkar
et al., 2023). This study adopts a linguistically ori-
ented perspective to examine how different Whisper
decoding configurations affect the representation of
interactional phenomena in selected conversations
from the KIParla corpus (Mauri et al., 2019)1.

2. Backchannels, Repairs and Filled
Pauses

Backchannels (Example (1)) are listener re-
sponses that display attention and support the
speaker’s ongoing turn (Blomsma et al., 2024;
Dideriksen et al., 2019; Mereu et al., 2024). They
may consist of short tokens or multi-unit sequences
and contribute to maintaining interactional organiza-
tion (Pernas and Borreguero Zuloaga, 2010). Fol-
lowing the definition proposed by Ward and Tsuka-
hara (2000), a backchannel (i) responds directly to
the other’s utterance, (ii) is optional, and (iii) does
not require acknowledgement.

(1) BOI115: ci sono esami sempre e
there are always exams and
si studia anche durante il
you have to study also during your
tirocinio anzi per forza
internship well actually you must

BOR031: madonna ok wow
oh my god ok wow

1Data and code are provided at https://github.
com/KIParla/say-again.
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BOI115: quindi non c’è un periodo di stop
so there isn’t a break
che dici studio e basta
where you can just focus on
studying

BOR031: mhmhmh
uh-huh, uh-huh

PBA030, ParlaBO (Mauri et al., 2024b).

Conversational Repair refers to practices
through which speakers address problems of
speaking, hearing or understanding (Schegloff
et al., 1977; Fele, 2007; Dingemanse and Enfield,
2015; Clark, 2020). Repair preserves mutual
understanding and conversational progressivity. It
may be self-initiated (Example (3)), when speakers
correct their own talk, or other-initiated (Exam-
ple (2)), when recipients signal trouble and prompt
clarification from the main speaker (Schegloff et al.,
1977).

(2) PKP040: quando c’ha l’esame marco?
when does marco have his exam?

PKP041: il dieci
on the tenth

PKP126: quindi mo sta chiuso a studiare
so now he’s locked up at home
studying
[...]

PKP041: ma’ tu te lo sei visto sherlock?
mum, did you watch sherlock?

PKP040: prego?
pardon?

PKP041: te lo sei visto sherlock? della bbc?
did you watch sherlock?
the bbc one?

PKP040: no cioè se è quello li che facevano
no I mean if that’s
la serie sì
the series then yes

KPS008, KIPasti (Mauri et al., 2024a).

(3) PSB050: ti trovi meglio a bologna o pavia?
where do you feel most comfortable
in Bologna or in Pavia?

PSB049: pavia
Pavia
eh no no scusa bologna scusa
no no sorry I mean Bologna

PSB050: ah era la risposta sbagliata
ah that was the wrong answer

PSB049: eh sì sì bologna
yeah yeah Bologna

SBIB006, StraParlaBO (Zucchini et al., 2026).

Filled Pauses (Example (4)) are hesitation mark-
ers that interrupt fluency without contributing to
propositional content. They reflect speech plan-
ning and information retrieval processes, while of-
ten functioning as floor-holding devices (Christen-
feld et al., 1991; Spreafico, 2012; Schettino and
Cataldo, 2019; Cossavella and Cevasco, 2021).

(4) PST211: ehm ti vengono in mente dei casi
um can you think of any situations
in cui si mischiano le due
where the two
lingue in casa
languages get mixed at home
cioè proprio stereotipico
like something typical
che succede?
that happens?

PST036: ehm quando mia mamma è
um when my mom gets
arrabbiata
angry

STIR012, StraParlaTO (Bernasconi and Goria,
2026).

3. Whisper in Interactional Contexts

Whisper (Radford et al., 2023) represents a shift
in ASR research. Trained on 680, 000 hours of
audio, it shows strong zero-shot generalization
across domains, speakers, and languages. Archi-
tecturally, it relies on a standard encoder–decoder
Transformer architecture that formulates speech
processing tasks as token prediction within a uni-
fied sequence-to-sequence framework. However,
despite these recent advances, conversational
speech remains challenging for ASR systems, in-
cluding Whisper (Yamasaki et al., 2023). Elements
central to interactional organization are underrep-
resented in ASR output, being disproportionately
prone to be omitted or misrecognized, especially
when utterances are very brief (Cumbal et al., 2021;
Lopez et al., 2022). This issue is further com-
pounded by the way transcription accuracy is typi-
cally evaluated, that is, through the Word Error Rate
(WER, Klakow and Peters 2002). This metric has
been criticized for conversational data because it
oversimplifies performance and gives equal weight
to all word-level errors, regardless of their interac-
tional relevance (Liesenfeld et al., 2023; Gorisch
and Schmidt, 2024). As a result, ASR systems
may achieve acceptable global WER scores while
still failing to capture interactional features that are
crucial for Conversation Analysis. Therefore, in this
work, we explicitly target two research questions,
namely:

RQ1: How does decoding optimization affect the
transcription accuracy of spontaneous conver-
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sational speech, as measured by global WER
and event-specific metrics?

RQ2: Are certain interactional phenomena struc-
turally more vulnerable to omission or normal-
ization, regardless of optimization strategy?

4. Methodology

The experimental workflow can be summarized as
follows: (i) the three interactional phenomena de-
scribed in Section 2 were manually annotated on se-
lected conversations from the KIParla corpus (see
Section 4.1); (ii) audio data were processed through
a speaker diarization and segmentation pipeline
to obtain speaker-attributed segments (see Sec-
tion 4.2); (iii) Whisper decoding was performed by
optimizing inference-time parameters while keep-
ing the ASR model fixed, using standard WER as
a baseline objective function and an Interaction-
aware objective function designed to promote the
retention of interactional phenomena (see Sec-
tion 4.3); (iv) the resulting transcriptions were nor-
malized and evaluated both quantitatively, through
(a) global WER and (b) Mean Match Ratio for an-
notated phenomena (see Section 4.4), and quali-
tatively, through detailed inspection of match and
mismatch patterns and representative examples.
Results were compared across configurations to
assess the impact of the two optimization pipelines
on the representation of interactional phenomena.

4.1. Dataset
We selected 26 2-speaker conversations drawn
from the KIParla Corpus of Spoken Italian, covering
three macro types of interaction: semi-structured
interviews, student-professor meetings (i.e., oral
exams and office hours) and free conversations.
The sample is heterogeneous in terms of speakers’
metadata and is in line with the general composi-
tion of the KIParla corpus. Linguistic variation is
also present, including one L2 speaker of Italian
and several conversations featuring dialectal traits
from different regions. The dataset in its entirety
amounts to 15h48m of audio.

The KIParla Corpus is a resource of spoken Ital-
ian and is entirely transcribed following a manual
pipeline, in both ortographical and Conversation
Analysis format, following Jefferson notation (Jef-
ferson, 2004). The resource is available in vertical,
pseudo-tokenized format where each token bears
information about its type (e.g., linguistic, metalin-
guistic), ID, corresponding speaker code, Jefferson
notation, etc.2

2These files are available on Github for each mod-
ule. For more information: https://github.
com/KIParla/KIP?tab=readme-ov-file#

The first 20 minutes of each recording were man-
ually annotated in INCEpTION (Klie et al., 2018)
using a simple multi-layer scheme, aimed at inden-
tifying backchannels (BC), self- and other-initated
repairs (SR and OR) and filled pauses (FP), while
also maintaining Conversation Analysis information
such as Jefferson notation, overlaps and intonation
patterns. A screenshot of the INCEpTION annota-
tion interface is provided in Appendix B, Figure 7.

The annotated portion of the dataset resulted in
8h40m of conversation. Annotation was carried out
by an expert linguist while listening to the corre-
sponding audio in ELAN (Max Planck Institute for
Psycholinguistics, 2025) to accurately capture in-
teractional dynamics. The remaining 6h48m were
split into two groups, and employed for Whisper’s
optimization (Subset A, 3h25m) and subsequent
control analysis (Subset B, 3h22). Annotation crite-
ria is described in Appendix A.

4.2. Diarization
Segmentation, diarization, transcription and opti-
mization were performed using DIT.DaT, a mod-
ular pipeline developed for the Department of
Translation and Interpreting of the University of
Bologna3, combining PyAnnote (Bredin et al., 2019)
for speaker diarization and Whisper for transcrip-
tion. The pipeline produces speaker-aligned out-
puts that can be manually reviewed step-by-step.
Compared to alternative solutions such as Whis-
perX (Bain et al., 2023), this approach offers greater
flexibility, a more controlled workflow and more re-
liable speaker segmentation for the interactional
phenomena under investigation.

Four types of segmentation were explored: while
sharing the same processing pipeline, they only dif-
fer with respect to a limited set of parameters that
manage diarization and segmentation sensitivity.
Table 1 shows the four segmentation configura-
tions, denominated A, B, C and D. Configuration A
is the most restrictive: it enables exclusive mode
(which assigns overlapping speech to a single, dom-
inant speaker) and uses conservative segmenta-
tion thresholds (2s minimum pause, 0.25s mini-
mum duration), favoring cleaner but less overlap-
sensitive turns. Configuration B is identical to A
but disables exclusive mode, allowing overlapping
speech to be attributed to multiple speakers. Con-
figuration C further increases segmentation sensi-
tivity by reducing the minimum pause threshold to 1
second, enabling finer-grained turn segmentation.
Configuration D is the most permissive setup: it
maintains the 1-second pause threshold and fur-
ther lowers the minimum segment duration to 0.20
seconds, maximizing retention of very short turns

verticalized-content.
3https://github.com/bilo1967/DIT.DaT
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(e.g., minimal responses and hesitation markers)
at the cost of greater fragmentation. All conver-
sations were finally segmented according to each
configuration.

ID exclusive
mode

min.
pause
(s)

min. du-
ration
(s)

sensitivity

A yes 2.0 0.25 low
B no 2.0 0.25 medium
C no 1.0 0.25 high
D no 1.0 0.20 very high

Table 1: Overview of the four processing configu-
rations used in the optimization process.

4.3. Optimization
Before optimization, a pre-processing pipeline was
implemented to ensure comparability between the
output of each Optuna trial with the gold standard
transcription used for reference (i.e., the manually
transcribed version available for consultation). As
far as the optimization is concerned, Whisper de-
coding parameters were automatically optimized
on Subset A with Optuna (Akiba et al., 2019). Two
objective functions were explored. The first relied
on standard WER, computed through word-level
alignment between ASR output and the gold stan-
dard. WER is defined as:

WER =
S +D + I

N
=

S +D + I

S +D + C

where S is the number of substitutions, D the
number of deletions, I the number of insertions, C
the number of correct tokens and N the total num-
ber tokens in the reference transcript. This stan-
dard WER-based optimization is used as a baseline
condition against which the Interaction-aware ob-
jective described below is evaluated. Despite being
widely criticized in the literature for disproportion-
ately weighting the representation of interactional
phenomena, WER was adopted as the primary opti-
mization metric: at present, it remains the standard
benchmark for evaluating ASR transcription accu-
racy and guiding parameter tuning. Also, the lack of
widely established alternative metrics makes WER
a suitable baseline objective function for this study.

A second, Interaction-aware objective function
was introduced to better account for interactional
items that are often suppressed or normalized in
ASR output. Specifically, we introduce a new Loss
function that weighs the WER according to the phe-
nomena under investigation. Given the number
of suppressed target items St and the number of
correctly produced target items Pt, the objective
function was defined as:

L = WER+ λ · St − µ · Pt

Suppressed target tokens are calculated as the
proportion of backchannel, repair and filled pause
tokens that are either deleted or substituted, and
produced target tokens as the proportion of cor-
rectly transcribed tokens belonging to the same
group. Target tokens were identified using a prede-
fined form-based list of short conversational tokens
provided in Appendix C. The coefficients were man-
ually set to λ = 0.3 and µ = 0.1: both weights were
intentionally kept low to avoid distorting overall tran-
scription quality or encouraging hallucinated output.
This Interaction-aware optimization should be in-
terpreted as an exploratory extension of the WER-
based approach. It is important to underline that its
aim is not maximizing the production of interactional
events. Instead, it seeks to reduce their systematic
suppression when they are present in the reference
transcription, while preserving overall transcription
accuracy. This choice reflects a conservative de-
sign aimed at testing whether small adjustments
at decoding time are sufficient to influence the rep-
resentation of interactional phenomena. For each
segmentation configuration and for each objective
function, the optimization process yielded the best
trial, which represents the best-performing param-
eters. They are listed in Appendix D, Table 6.

4.4. Normalization and Error Analysis
Before evaluating the optimized outputs, a prelimi-
nary inspection of word-level alignments was con-
ducted to identify systematic mismatches that were
not related to genuine recognition errors. Raw sub-
stitution patterns and manual alignment checks re-
vealed that several high-frequency errors were due
to orthographic variation or tokenization inconsis-
tencies. Normalization therefore addressed three
main issues: (i) differences in token boundaries
(e.g., apostrophe splitting: gold all’ + interno vs.
Whisper all’interno), (ii) truncated forms in repair
sequences (e.g., vennero anda-), and (iii) deleted
pause markers ([PAUSE]), which are not modeled
by the ASR system. These adjustments aimed
to prevent structural penalization of phenomena
that Whisper cannot explicitly encode. Addition-
ally, frequent orthographic variation in non-lexical
vocalizations (e.g., nasal backchannels and filled
pauses such as m, mh, eh) was observed. Tokens
composed exclusively of m and h were treated as
equivalent across gold and Whisper outputs. Simi-
larly, eh→ e (‘and’) substitutions were normalized
only when functioning as filled pauses, based on
their phonetic proximity and high occurrence (50 in-
stances in the WER-based and 49 in the Interaction-
aware output). In contrast, since no consistent pat-
tern was found, substitutions such as eh→ è (‘is’)
were retained: in this case, normalizing them would
have introduced interpretative assumptions rather
than simply correcting orthographic variation. The
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top ten raw substitutions are listed in Appendix F.
All these normalization choices reflect a method-
ological trade-off between evaluation fairness and
linguistic fidelity. On the one hand, normalization re-
duces structural mismatches that would otherwise
inflate error rates due to tokenization differences,
Whisper encoding limitations, or orthographic varia-
tion, thereby improving comparability between ASR
output and the reference. On the other hand, it may
partially obscure the fine-grained form and variabil-
ity of interactional phenomena, especially in cases
where orthographic variation carries interactional
or phonetic significance.

A quantitative error analysis was subsequently
conducted on all configurations. Word-level align-
ments were examined to compute the distribution
of insertions (INS), deletions (DEL), substitutions
(SUB), and correct matches (OK) for interactional
tokens. This analysis allowed error patterns to be
evaluated independently from the overall WER, pro-
viding an empirical basis for comparing the two op-
timization strategies. To verify that the observed
behavior was not specific to Subset A, a comple-
mentary analysis was conducted on an additional
held-out subset of conversational data not used
during parameter tuning, Subset B. This control
analysis was performed only for best-performing
configuration for each optimization strategy, there-
fore Configuration A.

Performance was evaluated at two complemen-
tary levels: global transcription accuracy and in-
teractional event preservation. First, overall accu-
racy was assessed through the WER, computed
for each conversation and each decoding strategy.
Conversation-level WER values were compared in
a paired design, and descriptive statistics (mean,
variance, standard deviation) were used to sum-
marize central tendency and dispersion. Visualiza-
tions at both conversation and aggregate level facil-
itated comparison between optimization strategies.
Second, to specifically evaluate the interactional
phenomena under investigation, a personalized
metric denominated Mean Match Ratio was intro-
duced. Each annotated sequence was treated as a
single event, including multi-token units. For each
event, a match ratio was computed as the propor-
tion of correctly transcribed tokens over evaluable
tokens. For each phenomenon type, the Mean
Match Ratio was then calculated as the simple av-
erage across events, ensuring equal weight regard-
less of event length. Analyses were conducted at
two levels. At the conversation level, paired differ-
ences between optimization strategies were com-
puted for each phenomenon. Since Shapiro–Wilk
tests indicated non-normal distributions of paired
differences, Wilcoxon signed-rank tests were em-
ployed. At the interaction level, events were aggre-
gated to provide a comparison across conversa-

tional settings. However, due to the limited number
of conversations per interaction type, normality test-
ing within each interactional setting was deemed
unreliable. Consequently, only inferential and de-
scriptive analyses were conducted at the overall
type of interaction level.

5. Results

5.1. Analysis on Optimal Parameters
All best-performing trials converged on the large-
v3 model, therefore the findings should be inter-
preted as model-specific. Decoding parameters
varied considerably across configurations (see Ta-
ble 6 in Appendix D), with no consistent optimal
strategy emerging.

A B C D A B C D
0.2

0.3

0.4

0.5

0.6

W
ER

Figure 1: Mean WER with standard deviation (er-
ror bars) and min–max whiskers across configura-
tions. Circles: WER-based optimization. Squares:
Interaction-aware optimization.

Mean WER values remained comparable across
objectives (Figure 1). In the WER-based optimiza-
tion, mean values ranged from 0.357 (Configuration
A) to 0.399 (Configuration B), with relatively similar
variability across configurations. In the Interaction-
aware optimization, Configurations A (0.360), C
(0.365) and D (0.366) performed similarly, while B
showed the highest WER mean (0.393). Variabil-
ity was slightly reduced overall. Configuration A
achieved both the lowest composite loss (0.563)
and the lowest mean WER, and was therefore se-
lected as the best Interaction-aware setup. Impor-
tantly, incorporating event-sensitive components
did not degrade global WER.

Event-level error distributions (Table 2) show that
deletions remain the dominant error under both ob-
jective functions (ranging from 50 to almost 55%),
confirming the tendency of a structural suppression
of interactional tokens. Introducing the Interaction-
aware optimization does not substantially reduce
deletion rates. However, minor shifts in distribution
are observable: substitutions decrease slightly in
some configurations (notably B), correct matches
increase marginally, and insertions remain low.
This means that the Interaction-aware objective
function slightly redistributes errors without altering
the overall omission tendency.
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ID type DEL
(%)

SUB
(%)

OK
(%)

INS
(%)

A WER 53.39 19.78 21.11 5.73
A I-WER 54.67 20.44 21.39 3.50
B WER 50.92 23.12 20.57 5.39
B I-WER 53.04 20.45 20.91 5.61
C WER 51.72 25.86 18.06 4.36
C I-WER 50.89 25.13 19.67 4.32
D WER 51.17 24.91 19.06 4.86
D I-WER 51.18 24.83 20.12 3.87

Table 2: Distribution of alignment operations for
event tokens under WER-based and Interaction-
aware (I-WER) optimization.

The control analysis on Subset B (see
Appendix E, Table 7) replicates this pattern.
Interaction-aware optimization yields a slightly
lower WER mean (33.24%) than the WER-based
setup (34.23%), confirming that event-sensitive
weighting does not harm global accuracy.
Deletions, again, remain dominant (58%, approx-
imately), with only minimal differences between
strategies. Overall, Interaction-aware optimiza-
tion introduces small, controlled shifts in error
distribution while preserving transcription quality.

The contrast between the highest-WER configu-
ration (Trial 0, value = 0.90) and the lowest-WER
configuration (Trial 21, value = 0.35), which can
be examined in Table 3, qualitatively illustrates the
structural impact of decoding parameters. In the
highest-WER output, lexical instability and halluci-
nations emerge: proper nouns are distorted (San
Luca → saluca/saluka), non-existent forms appear
(l’equiline, videa), and morphologically implausi-
ble variants are produced (non cambiente, villana).
These errors may reflect decoding instability rather
than simple substitution patterns. By contrast, the
optimized configuration preserves referential con-
sistency and syntactic coherence. San Luca re-
mains stable, morphologically correct forms are
produced (non cambia niente), and substitutions
are semantically plausible (e.g., nelle colline in-
stead of l’equiline). Minor infelicities persist (e.g.,
sono tutte verde instead of sono tutte verdi), but
the transcript remains globally readable and inter-
pretable. The difference is therefore not merely
quantitative: suboptimal parameters produce cu-
mulative lexical degradation and phonological drift,
whereas optimized decoding preserves discourse
continuity and referential stability.

5.2. Analysis on Annotated Data
Conversations from the annotated dataset were
transcribed using the best parameters for each op-
timization strategy, that is, Configuration A for both.
Across interaction types (Figure 2), relative rank-
ings between the two types of optimizations re-

main stable, suggesting that conversation-specific
factors (e.g., acoustic conditions, overlap density)
may drive most variability rather than optimization
strategy. Aggregated statistics confirm this pat-
tern: the Interaction-aware configuration yields a
slightly lower mean WER (0.361) compared to the
WER-based setup (0.367), with marginally reduced
variance (WER 0.0096 vs. IA 0.0071) and standard
deviation (WER 0.0979 vs. IA 0.0846). Differences
are small and distributional structures remain com-
parable. Overall, incorporating interaction-sensitive
components does not substantially alter global tran-
scription accuracy, but slightly stabilizes perfor-
mance.

Figure 2: Comparison of conversation-level Word
Error Rate (WER) between WER-based and
Interaction-aware optimization strategies, grouped
by interaction type. Each pair of points corresponds
to the same conversation under the two decoding
conditions.

Regarding the Mean Match Ratio, Wilcoxon
signed-rank tests at the conversation-level revealed
no statistically significant differences between the
two configurations for any of the investigated phe-
nomena, despite the variability observed in Fig-
ure 3. Indeed, all phenomena p > 0.05 (BC = 0.207,
FP = 0.780, SR = 0.197, OR = 0.371). This indi-
cates that the median difference in Mean Match Ra-
tios between the two optimization strategies does
not significantly deviate from zero: despite small
conversation-level fluctuations, neither configura-
tion demonstrates a systematic advantage over the
other in the recognition of annotated interactional
phenomena. This result suggests that decoding-
time optimization alone may not be sufficient to
substantially affect the recognition of interactional
phenomena. Given the relatively low number of OR
events per conversation, the Wilcoxon test for this
phenomenon should be interpreted with caution, as
limited sample size may reduce statistical power.

Clear differences emerge across phenomena
when analyzed at the interaction-level (Table 4).
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Speaker High-WER output (Trial 0 – value 0.90) Low-WER output (Trial 21 – value 0.35)
SPEAKER_B San Luca, quando con una persona che mi ganna,

magari sei innamorata, poi la scena quando vai
lì, l’equiline, il San Luca è San Luca.

San Luca quando una persona che magari sei
innamorata, poi la sera quando vai lì nelle colline,
San Luca è San Luca.

SPEAKER_A Il saluca è saluca. Cioè... Però avevi detto che
hai fatto la camminata verso saluca che hai fatto.
Sì, se mai non avevi avuto...

San Luca è San Luca. Però mi hai detto che hai
fatto la camminata verso San Luca. Sì, sembra
una mia vita.

SPEAKER_B Saluka è sempre là, non cambiente perché tutti
vanno alla fine, è sempre desiderata magari da
tutti, vanno tutti là e quindi ci sono tutti tutti verdi,
bellissimo, ci sono delle videa che rimani senza
parole.

San Luca è sempre là, non cambia niente, perché
tutti vanno alla fine, è sempre desiderata magari
da tutti, vanno tutti là. E quindi sono tutte verde,
bellissimo. Ci sono delle vite là che rimani senza
parole.

SPEAKER_A Chissà, se un giorno ormai... Chissà se un giorno...

SPEAKER_B per grattavinci compro una villana Se non ci sono grattaventi comprerò una villa là.

Table 3: Comparison between the highest-WER configuration (Trial 0) and the lowest-WER configuration
(Trial 21) of the WER-based optimization. Extracted from PBB010, ParlaBO (Mauri et al., 2024b).

Self-repairs show the highest Mean Match Ra-
tios (≈ 45–56%), suggesting relative robustness.
Backchannels display intermediate preservation
(≈ 17–23%) and filled pauses remain extremely
low across all contexts (≈ 1–4%), confirming their
high susceptibility to omission. Other-initiated re-
pairs show relatively high values, however they are
based on small samples. That said, phenomenon
type appears to be the primary determinant of
recognition performance.

interaction type phen. n WER
(%)

Event
(%)

free
conversation

BC 524 16.92 16.89
FP 174 3.45 4.02
SR 48 51.80 52.49
OR 13 46.15 53.85

exams/office
hours

BC 636 22.10 21.53
FP 761 1.38 1.45
SR 133 46.64 45.12
OR 18 55.56 58.15

semi-
structured
interview

BC 1354 21.71 23.01
FP 776 4.23 4.17
SR 62 56.11 53.33
OR 0 – –

Table 4: Mean match ratio (in percentage) by inter-
action type and optimization strategy.

5.3. Qualitative Analysis
Filled Pauses Across the few successful
matches, filled pauses tend to be prosodically
salient, segmentally isolated, and positioned
at the onset of an intonational unit, preceding
propositional content (e.g., PTD020, Figure 4).
Nasal hesitations (e.g., ehm, mh) are almost
systematically omitted, however ehm appears to
be recognized more frequently than mh. The few
matched instances of nasal forms, including the
single normalization case (mh → mmm in KPS024),

Figure 3: Distribution of differences in Mean Match
Ratio, for each phenomenon.

share similar properties: they are acoustically
isolated, not produced in overlap, and occupy
structurally well-defined turn positions. The near
absence of preserved nasal forms overall suggests
that short, low-intensity hesitation markers are
particularly vulnerable to deletion, especially when
produced in turn-final or non-prominent positions.

TOR001: | [cosa fai durante il tuo tempo libero?]
TOI008: |

TOR001: |
TOI008: | [e:::h è una bella domanda]
event: | [FP ]

TOR001: |
TOI008: | [diciamo che::: mh ]
event: | [FP ]

Figure 4: A recognized FP from PTD020, ParlaTO
(Cerruti and Ballarè, 2020).

Backchannels Qualitative inspection reveals a
clear positional pattern in the preservation of
backchannels. Successfully recognized cases tend
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to occur outside overlap, either in the transition
space between turns or at the onset of a new turn.
In these contexts, backchannels such as eh no ti
capisco, turn-initial eh, or nasal mh are sequentially
and prosodically salient. Their placement at a rec-
ognizable boundary (i.e., immediately after a prior
turn completion or as incipient speakership), makes
them acoustically less masked and structurally eas-
ier to segment. Whisper therefore appears more
likely to preserve backchannels when they are inte-
grated into a clearly delimited turn rather than em-
bedded within ongoing speech. Only a handful of
preserved cases occur in overlap: however, these
instances are relatively limited and typically involve
multi-word backchannels (e.g., eh immagino, eh
vabbè) that are longer and more acoustically robust
than, for instance, an isolated interjection. The con-
trast becomes particularly evident in alignment se-
quences. In BOC1002 (Figure 5), the backchannel
bibliografia sì, produced in overlap as an aligning
response, is not preserved by Whisper. By contrast,
the subsequent token magistrale, produced at the
onset of a new turn and outside direct overlap, is
correctly transcribed. This asymmetry suggests
that overlap, rather than interactional function per
se, constitutes the primary source of suppression.

BO087: |[[<bibliografia>],] [magist..→
BO089: |[[bibliografia (.) sì].]
event: |[BC ]

BO087: |rale.]
BO089: | [magistrale (.) ho portato an..→
event: | [BC ]

BO087: |
BO089: |anche::: [il reperto..→

Figure 5: Example of both an unrecognized and
a recognized BC alignment from BOC1002, KIP
(Mauri et al., 2019).

Self-repairs Across both decoding strategies,
self-repairs are predominantly partially preserved.
Fully preserved cases are rare, and complete omis-
sions remain limited but non-negligible. The domi-
nant pattern is linearization, meaning that Whisper
tends to retain the repair solution while deleting
the repairable, truncations, and hesitation mark-
ers. In BOC1002, the sequence delle opere pubbli-
[PAUSE] delle traduzioni pubblicate is reduced to
delle traduzioni pubblicate: the initial formulation
is removed, and only the corrected portion of the
repair survives. Similarly, in TOC1002, possono eh
am- [PAUSE] agire is simplified to possono agire,
with the hesitation marker and truncated segment
deleted. In TOC1001, in the sequence che si è
contratti [PAUSE] che si è contratto, the incorrect
plural agreement (che si è contratti) disappears,
while the grammatically correct form in singular
(che si è contratto) is directly preserved. In these

cases, Whisper privileges grammatical coherence
over the faithful reproduction of incremental speech
production. Truncated forms are not preserved as
such: in PTB007, the speaker first produces the
truncated dal millenovec-, followed by the complete
form nel millenovecento. In the ASR output, how-
ever, the truncated repairable is omitted, while the
reformulated and phonologically complete segment
(nel millenovecento) is retained. The repair trajec-
tory therefore disappears, and only the resolved,
well-formed formulation survives. More complex
repairs are likewise compressed. In PBB029, the
speaker first produces the incorrect clause non ho
mai pesato and then reformulates it as non mi è
mai pesato. In the ASR output, the entire first for-
mulation is deleted, and only the second clause
is preserved. Fully preserved cases are excep-
tional. In PBA024, both the initial formulation (abito
praticamente vicino al centro) and the reformula-
tion (lavoro vicino al centro), together with repair
markers occurring between them (cioè, scusa), are
retained. Unlike the previous examples, this se-
quence (i) contains no abrupt truncations (ii) does
not contain a silenced pause and, finally, (iii) con-
tains an explicit repair marker, which is the element
that appears to have made the difference for the
sequence to be fully preserved.

Other-initiated Repairs The qualitative analysis
of other-initiated repairs (OR) reveals a recurrent
pattern of structural simplification. Repair initia-
tions are frequently partially preserved or entirely
suppressed, especially when short, repeated, or
produced in overlap. In BOC1005, the clarification
request che cosa vuol dire? is produced twice in
close succession, reinforcing the repair trajectory.
However, Whisper only retains the first occurrence,
while the second is omitted. From an interactional
perspective, the repetition intensifies the request
for clarification and signals persistent trouble. Its
deletion attenuates this persistence, reducing the
sequence to a single, non-reiterated question. This
suggests that Whisper may suppress closely re-
peated repair initiators, particularly when they oc-
cur rapidly and in overlap. A more radical case
of suppression is observed in TOA3010, shown in
Figure 6. The repair initiation ma chi?, targeting
referential ambiguity, and the subsequent specifi-
cation (Luca) are both omitted in the ASR output.
The entire repair trajectory disappears, leaving the
referential problem unresolved. Here, both the ini-
tiator and the repair solution are removed, effec-
tively erasing the interactional work performed to
restore clarity. This pattern indicates that short,
overlapping, and low-intensity turns are especially
vulnerable to deletion. Minimal repair-relevant sig-
nals show similar behavior. In KPN027, the token
mh?, functioning as a repair initiator or signal of
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trouble, is not transcribed. As already observed for
filled pauses and backchannels, nasal tokens such
as mh are systematically suppressed, likely due to
their brevity and low acoustic salience.
TO086: |[perché lui in genere gli aneddoti non li
TO085: |

TO086: | butta a caso li dice:: per] [[li le~] ]
TO085: | [[ma chi]? ]
event: | [OR ]

TO086: | [luca ]
TO085: |

Figure 6: Example of an other-initiated repair mis-
matched in TOA3010, KIP (Mauri et al., 2019).

By contrast, matched cases tend to share clear
structural and prosodic properties. In KPS023, the
repair initiator che COSA? is preserved. Unlike
the previous examples, it is prosodically salient (as
highlighted by the capital letters signaling high vol-
ume in CA format) and occurs outside direct over-
lap, forming a clearly bounded turn. This suggests
that acoustic prominence and sequential indepen-
dence increase the likelihood of preservation.

6. Conclusion and Future Work

Decoding optimization exerts only a limited in-
fluence on overall transcription accuracy (RQ1).
Across configurations and subsets, Word Error
Rate remains broadly comparable between the
WER-based and the Interaction-aware strategies.
Incorporating interaction-sensitive components into
the objective function does not degrade global ac-
curacy, but it does not substantially improve event
preservation either. Variation appears to be driven
more by conversation-specific factors (e.g., acous-
tic conditions, overlap density) than by decoding ob-
jective. The absence of statistically significant differ-
ences between optimization strategies further sup-
ports this interpretation, suggesting that decoding-
time adjustments alone may not be sufficient to
overcome the structural limitations of ASR systems
in representing interactional phenomena.

Recognition patterns are strongly phenomenon-
dependent (RQ2). Self-repairs are often preserved
in linearized form, with the repair solution retained
and the disfluent material deleted. Backchannels
show intermediate robustness, especially when pro-
duced outside overlap, whereas filled pauses are
systematically suppressed. Other-initiated repairs
remain particularly vulnerable when short or acous-
tically weak. Structural and acoustic properties
appear to be playing a more decisive role than de-
coding strategy in determining event survival.

Despite limitations, the study produced a linguis-
tically annotated dataset aligned with ASR output,
which provides a valuable resource for further em-
pirical investigation of conversational phenomena

and a basis upon which improved evaluation and
modeling approaches can be developed. Future
work should extend the annotated dataset and ex-
plore inter-annotator agreement to strengthen the
annotation scheme robustness. Also, a more struc-
turally sensitive computational modeling of interac-
tional events, beyond form-based token lists, would
allow evaluation to better reflect sequential function
rather than surface preservation. Further research
should also explore training-level adaptations, in-
cluding fine-tuning on interactionally annotated con-
versational data, to assess whether normalization
tendencies can be mitigated beyond inference-time
adjustments. Integrating acoustic analysis (e.g., du-
ration, intensity, prosodic prominence) would help
clarify whether suppression patterns reflect mea-
surable phonetic vulnerability. Finally, comparative
evaluation across different ASR architectures would
determine whether the linearization effects docu-
mented here are Whisper-specific or characteristic
of contemporary end-to-end systems more broadly.

7. Limitations

Despite the methodological care adopted in this
study, several limitations must be acknowledged.
First, the size of the dataset remains relatively mod-
est. The gold-annotated portion amounts to 8 hours
and 40 minutes of speech, while the optimization
procedure was conducted on approximately 3 hours
of conversational data. Although sufficient for ex-
ploratory analysis, this size may limit statistical
power, particularly for low-frequency phenomena
such as other-initiated repairs. In addition, the data
subsets were balanced primarily in terms of dura-
tion rather than interactional composition, which
may affect the generalizability of the results. Only
the first 20 minutes of each conversation were an-
notated, potentially underrepresenting phenomena
that emerge in later stages of interaction. Second,
annotation was performed by a single annotator.
While consistent criteria were applied, the absence
of inter-annotator agreement measures represents
a limitation, particularly for perceptually subtle phe-
nomena such as filled pauses and short vocalic
items: due to time constraints, multi-annotator val-
idation was not feasible. Third, the weighting pa-
rameters of the Interaction-aware objective function
were manually defined and not optimized through
a systematic search or ablation study. Finally, the
analysis is restricted to a single ASR system (Whis-
per large-v3). Although this model provides strong
baseline performance, the findings should be inter-
preted as model-specific. It remains an open ques-
tion whether similar biases occur in other Whisper
models or ASR systems, or whether they are ampli-
fied by large-scale models trained on predominantly
non-conversational data.
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A. Appendix: Annotation Criteria

Table 5 summarizes the annotated phenomena, tags and examples.

Phenomenon TAG Function Example
Backchannels BC Continuers, assessments, agreement,

incipient speakership
mhmh, va bene, ho capito

Filled pauses FP Hesitation markers eh, ehm, mh
Self-repair SR Same turn, transition space, third po-

sition
vennero anda- ... andarono

Other-initiated repair OR Open and restricted initiators eh?, che cosa?

Table 5: Overview of annotated phenomena.

Backchannels (BC) Both vocalic and
lexical/multi-unit backchannels were annotated,
including continuers, assessments, agreement
tokens and incipient speakership. Particular
attention was given to short and overlapping items,
which are known to be vulnerable to omission in
ASR output.

Other-initiated repair (OR) Annotation includes
open-class initiators (e.g., eh?, prego?) and re-
stricted requests (e.g., wh-questions). More elabo-
rate repair sequences were excluded, as they are
less prone to omission.

Self-repair (SR) Self-repair was annotated when
speakers explicitly reformulated their own talk. This
includes truncations followed by correction and rep-
etitions reflecting reconstruction of prior material.
Interruptions due to hesitation or overlap were ex-
cluded unless they resulted in clear reformulation.

Filled pauses (FP) Filled pauses include vocalic
hesitation markers (e.g., eh, ehm, mh), identified
through auditory inspection. Ambiguous cases
were resolved based on prosodic and interactional
cues. When occurring within self-repair, they were
annotated both as FP and as part of SR.

General considerations It must be taken into
consideration the fact that the KIParla corpus is a
modular and incremental resource, and, as such,
it was not always possible to control and uniform
spelling variation with regard to these phenomena.
Also, the project has grown over the years and not
all transcription conventions were solidly defined
from the start.
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B. Appendix: INCEpTION Annotation Interface

Figure 7: Interface of the INCEpTION annotation environment with annotated phenomena.
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C. Appendix: Form-based Event Token List for Optimization

• eh

• ehm

• ah

• oh

• mh

• mhmh

• mm

• okay

• sì

• bene

• esatto

• cioè

• diciamo

• insomma

D. Appendix: Optimal Parameters

WER Interaction-aware WER
Parameter A B C D A B C D
temperature 0.143 0.636 0.555 0.375 0.053 0.266 0.240 0.158
beam size 3 10 4 4 7 8 8 1
best-of 6 2 5 9 2 1 2 3
no speech threshold 0.203 0.415 0.600 0.249 0.539 0.354 0.617 0.465
compression ratio 2.121 2.501 2.240 2.61 1.734 1.630 2.227 2.492
model large-v3 large-v3 large-v3 large-v3 large-v3 large-v3 large-v3 large-v3
condition on previous text true true true false false true false true
patience 0.592 0.626 0.344 0.217 0.506 0.308 0.705 0.316
length penalty 0.479 0.616 0.700 0.241 0.241 0.295 0.614 0.397

Table 6: Best-performing trials selected through Optuna optimization for each configuration under the
WER-based and Interaction-aware objective functions.

E. Control Analysis on Subset B

type WER (%) DEL (%) SUB (%) OK (%) INS (%)
WER 34.23 57.92 18.75 20.41 2.90
Interaction-aware 33.24 57.73 19.76 19.75 2.75

Table 7: Comparison summary of WER, deletions, substitutions, matches and insertions for the two
decoding strategies on Subset B.
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F. Appendix: Top 10 Raw Substitutions

WER-based (raw) Interaction-aware (raw)
Gold Whisper Freq. Gold Whisper Freq.
eh e 50 eh e 49
mh grazie 26 mh grazie 28
eh è 17 eh è 17
ehm e 16 mh e 13
mh e 15 ehm e 12
mh non 13 mh non 11
mh è 12 mh che 10
sì grazie 11 sì grazie 10
mh che 10 mh è 9
eh grazie 9 okay e 9

Table 8: Top 10 raw substitution patterns across optimization strategies, before optimization.
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Abstract

Word Error Rate (WER) remains the standard metric in automatic speech recognition (ASR) evaluation, yet it does
not capture higher-level linguistic distinctions such as prosody. This article examines how three state-of-the-art
open-source ASR models (Whisper, Meta’s MMS, and GigaAM) handle the distinction between Russian polar
questions and assertions. Russian is particularly suitable for this investigation because polar questions can be
marked either morphologically (li, razve) or purely intonationally, without changes in word order. Using audio stimuli
from a controlled psycholinguistic experiment, I compare human classification performance in two experimental
studies with ASR transcriptions, taking sentence-final punctuation as a proxy for prosodic interpretation. While
human participants show near-ceiling accuracy, the ASR models perform inconsistently, especially on intonationally
marked questions. Additional contextual cues improve performance in some cases but also reveal instability across
conditions. The results demonstrate that evaluating punctuation provides insights beyond WER and allows a more
fine-grained view of how current ASR systems encode prosodic and grammatical information.

Keywords: ASR, Russian, polar questions, intonation

1. Introduction

Moving beyond Word Error Rate (WER) as the sole
evaluation metric for automatic speech recognition
(ASR) systems is essential for a more comprehen-
sive assessment of their performance (Aksënova
et al., 2021; Gandhi et al., 2022). While WER cap-
tures lexical accuracy, it does not reflect higher-
level linguistic properties. In many languages, cru-
cial grammatical distinctions are expressed through
intonation rather than through segmental morphol-
ogy or word order (e.g., focus or question marking;
Ladd 2008, p. 5). However, despite operating on
acoustic input, most ASR systems are optimized
for lexical transcription rather than for the explicit
modeling of suprasegmental structure (Renals and
King, 2010, p. 814, 829).

In this paper, I investigate the extent to which
three off-the-shelf ASR models encode prosodic
distinctions in a low-resource experimental set-
ting. Following earlier work that considers punctua-
tion as an additional evaluation dimension (Meister
et al., 2023; Gris et al., 2023), I use sentence-final
punctuation as a proxy for prosodic interpretation.
While punctuation does not map to speech in a
one-to-one manner, it provides a measurable way
to probe whether ASR systems differentiate be-
tween sentence types that are structurally identical
but prosodically distinct.

Using audio stimuli from a psycholinguistic eye-
tracking study designed to examine the process-
ing of Russian polar (yes/no) questions and as-
sertions (Razguliaeva et al., to appear), I com-
pare human classification performance with the
transcriptions produced by three state-of-the-art
open-source models —OpenAI’s Whisper (Radford

et al., 2022), Meta’s Massively Multilingual Speech
(MMS) (Pratap et al., 2023), and GigaAM (Kutsakov
et al., 2025). Russian offers a particularly suitable
testing ground, as polar questions may be marked
either morphologically or purely intonationally, with-
out changes in word order. This allows us to directly
assess whether current ASR systems capture dis-
tinctions that rely exclusively on prosody.

This paper is organized as follows. Section 2
introduces the relevant properties of Russian polar
questions and assertions. Section 3 presents the
ASR models and experimental results. Section 4
discusses the findings, and Section 5 concludes.

2. Russian PQs and assertions

Classified as a ”Question Particle” language in
Dryer (2013), Russian, in fact, exhibits two po-
lar question (henceforth, pq) strategies, both of
which allow negation (Restan 1972; Zanon 2024;
Korotkova 2023; Šimík to appear, a.m.o.): (i) overt
particle marking as in (1) or (2), and (ii) intonational
marking as in (3). The particle li attaches to a
fronted verb in canonical matrix PQs as in (1) (King,
1994). PQs with another question particle razve,
as in (2), are dubbed biased and approximately
translated to English PQs with ‘really’ (Geist and
Repp 2023, cf. Korotkova submitted).

(1) (Ne)
neg

Zažëg
lit

li
li

Miša
Miša

večerom
evening

svečku?
candle

‘Did Miša (not) light a candle in the evening?’
(2) Razve

razve
Kira
Kira

(ne)
neg

xodila
went

segonja
today

v
in

školu?
school

‘Did Kira really (not) go to school today?’
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The latter intonation strategy in (3) preserves declar-
ative SVO order with questionhood indicated exclu-
sively by prosody, placing a special nuclear pitch
accent L+H* on the inflected verb (Meyer 2004;
Esipova 2025).1 Compare an intonPQ in (3) that
carries the prominence on the verb zažëg ‘he lit’
(visual representation in Figure 1) with an assertion
in (4) (also in Figure 2).2 Meyer and Mleinek (2006,
p. 1616) point out that this type of PQs might sound
impolite or rough to English or German ears; how-
ever, on par with liPQs, intonPQs are attested
in out-of-the-blue contexts, i.e., they are deemed
canonical in Russian. But contrary to liPQs, in-
tonPQs are more frequent in spoken speech and
corpora (Restan 1972; Bryzgunova 1975; Esipova
2025; King 1994; Onoeva and Staňková 2025).

(3) Miša
Miša

(ne)
neg

zažëL+H∗g
lit

večerom
evening

svečku?
candle

‘Did Miša (not) light a candle in the evening?’

Miša ne zažëg večerom svečku?

Miša not lit evening candle

Time (s)

0 1.798

0

5000

0

300

P
it

ch
 (

H
z)

F
req

u
en

cy
 (H

z)

Figure 1: intonPQ in (3)

(4) Miša
Miša

(ne)
neg

zažëg
lit

večerom
evening

lampočku.
lightbulb

‘Miša did (not) light a lightbulb in the evening.’

Miša ne zažëg večerom lampočku.

Miša not lit evening lightbulb

Time (s)

0 1.68

0

5000
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300
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 (
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u
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 (H

z)

Figure 2: assertion in (4)

As expected, native Russian speakers presented
with just auditory cues (≈ 1 to 2 seconds recorded
by a male speaker) detect the differences between

1Alternatively, this nuclear pitch accent can be placed
on the linearly last stressed syllable, resulting in an
explanation-seeking question with a higher Question Un-
der Discussion (Esipova and Romero, 2023; Esipova,
2025). It is not examined here and is left for future re-
search.

2The graphics are compiled in Praat (Boersma and
Weenink, 2009).
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Figure 3: Plain audios results: Human accuracy.

the two sentence types at a very high level. Dur-
ing the eye-tracking visual world paradigm experi-
ment reported in Razguliaeva et al. (to appear), we
were able to observe the differences in process-
ing between assertions like (4) (16 positive and 16
negative sentences) and PQs (32 positive and 32
negative for each liPQs in (1) and intonPQs in
(3)): while in assertions, participants (N = 52) fo-
cused their attention on the picture corresponding
to the expressed polarity, i.e., to a picture with the
unlit lightbulb for (4) with negation and to the lit one
with a positive assertion. Fixations in questions
became concentrated on the positive picture (i.e.,
the lit candle for (1) and (3)), largely independently
of the polarity expressed in the stimulus. The re-
sults were further replicated in a forced-choice task
conducted with the same audio stimuli. The task
was to listen to an audio recording and select one
of the two presented options: for the sentences as
in (1), (2), and (3), participants (N = 54) were ex-
pected to press “question,” while for (4) they were to
press “assertion”. Participants showed near-ceiling
performance in utterance classification; the descrip-
tive results are in Figure 3 (means = 0.97-1, SD =
0.00-0.16, with little variance for statistical models
to detect group differences).3

The same task, when performed on the identical
set of audio files by the three ASR models, proved
to be considerably more problematic, as shown
below.

3. ASR and Russian PQs

The evaluated ASR systems differ in architec-
ture and decoding strategy. Whisper (Radford
et al., 2022) is an autoregressive encoder–decoder
model, large_v3 was used for the experiments;
transcriptions were generated using greedy decod-
ing (temperature = 0.0). MMS by Meta (Pratap
et al., 2023) is a CTC-based end-to-end model de-
coded via standard greedy CTC decoding. Since
MMS does not generate punctuation, I restored
punctuation in a post-processing step using the

3All statistical analyzes and visualizations were per-
formed in R (R Core Team, 2021).
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Table 1: Plain audios: Humans and ASR models accuracy (%)
assertions intonPQs liPQs razvePQs
neg pos neg pos neg pos neg pos

Humans (N=54) 100 99.8 97.2 99.1 99.8 98.6 99.8 100
Meta’s MMS 100 100 0 0 18.8 18.8 68.8 68.8
GigaAM (CTC) 100 100 96.9 56.2 100 93.8 100 100
GigaAM (RNNT) 100 100 100 34.4 100 90.6 100 100
Whisper 100 100 62.5 6.2 96.8 84.4 100 100

external Silero Text Enhancement model (Silero
Team, 2026). GigaAM (Kutsakov et al., 2025), de-
signed specifically for Russian, was evaluated in
two variants: (i) a CTC model decoded with greedy
CTC decoding and (ii) an RNNT model using its
standard streaming decoding. Except for Silero, no
external language models were applied, ensuring
comparability under low-resource conditions.

For Russian speech, the WER reported for the
base Whisper large_v3 model is 5.8% on Com-
mon Voice and 5% on FLEURS (OpenAI, 2022).
The end-to-end variant of GigaAM-v3, which was
used for both CTC and RNNT, won 70% of pair-
wise side-by-side comparisons against Whisper
(Salute Developers, 2023). MMS 1B achieves ap-
proximately 15% WER on Russian in the multilin-
gual FLEURS evaluation (Pratap et al., 2023). How-
ever, for the present study, punctuation, namely, a
period for assertions and a question mark for ques-
tions, was used as a dependent variable in the ASR
experiments.

3.1. Plain audios – results
Accuracy for the ASR models was defined as
the proportion of utterances whose sentence-final
punctuation matched the intended sentence type
(question mark for questions, period for asser-
tions). All other outputs were counted as incorrect.
Similar to humans, detecting plain assertions and
razvePQs posed no difficulty for the ASR models,
with near-ceiling accuracy across polarity condi-
tions, see Table 1 and Figure 4 for the results. The
only exception was MMS, which reached 68.8% for
razvePQ. A larger variation emerged for liPQs,
while MMS showed low accuracy, GigaAM (CTC
and RNNT) performed strongly on these questions,
and Whisper remained slightly below ceiling.

The most striking differences appeared for inton-
PQs: unlike top-performing humans, the models of-
ten fail to differentiate between the sentence types.
MMS did so completely with 0% accuracy, mean-
ing it placed the period instead of the question in
all intonPQs. GigaAM models showed different
results on the same set of audios: while RNNT
reached 100% accuracy in the negative condition, it
dropped sharply in the positive one (34.4%), result-
ing in a stronger polarity asymmetry compared to
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Figure 4: Plain audios results: ASR accuracy.

CTC (96.9% vs. 56.2%). Whisper also performed
inconsistently, detecting only 6.2% of positive in-
tonPQs and 62.5% of negative. Overall, models
handled morphologically marked questions better
than purely intonational ones. To further investigate
whether transcription accuracy can be improved,
I conducted additional tests with the same audio
stimuli enriched by some context.

3.2. Enriched audios – results

The original audio files recorded by a native male
Russian speaker were enriched with nine additional
contexts spoken by a female native speaker. The
contexts were either related to questioning or un-
related, and were added before or after the plain
utterances. Question-related contexts included po-
lar replies such as Ja dumaju, čto da/net ‘I think
that yes/no’ appended after a sentence, and pre-
posed cues such as On sprosil ‘He asked’ and
Sledujuščee predloženie — èto vopros ‘The next
sentence is a question’. Unrelated contexts in-
cluded the prepended On skazal ‘He said’, the word
čerepaxa ‘turtle’, and excerpts from Pushkin’s Rus-
lan and Ljudmila (R&L), added either before or after
the original audio. Figure 5 summarizes the results
of all ASR experiments across four models.

Each heatmap shows accuracy (%), with darker
shades indicating higher performance. Rows rep-
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Figure 5: All ASR experiments: darker color = higher accuracy (%). The first row condition plain had no
context and added to each facet as a baseline comparison.

resent context manipulations, while columns dis-
tinguish between sentence types with and without
negation. The first row in each facet corresponds
to plain audio (i.e., from Table 1) and serves as
a no-context baseline. Compared to the plain au-
dios, the additional utterances had virtually no ef-
fect on assertions and razvePQs (the first and
last columns, respectively), which remained at or
near ceiling across models and contextual manipu-
lations. Once again, except for Meta’s MMS in the
preceding and added after lines from R&L, which,
however, already had low accuracy in the baseline.

The results for positive intonPQs (the left top and
bottom facets) show a similar pattern in GigaAM
CTC, GigaAM RNNT, and Whisper. Performance
for the enriched audio stimuli with contexts related
to question asking (the top left facet) is generally
stable and, in some cases, slightly improves over
the plain condition, although the gains are rather
limited (only GigaAM RNNT does not exceed 60%
in Pre ‘Next Q’). In contrast, the bottom left part
of the plots, corresponding to conditions unrelated

to questioning, shows a consistent decline, often
reaching or falling below the plain baseline. This
decrease is particularly visible for Whisper and Gi-
gaAM RNNT, where accuracy drops substantially
compared to their baseline performance, while Gi-
gaAM CTC remains comparatively more robust,
with a notable exception in the Pre R&L condition
(87.5%). The bootstrap results (provided in Table 2
in the Appendix) support the patterns observed in
Figure 5, confirming that improvements for posi-
tive PQs are primarily associated with question-
related contexts, while unrelated contexts tend to
yield no effects or worsen detection. For negated
PQs, Whisper shows better performance as well,
but for the GigaAM models, the effect of context is
minimal, with performance remaining largely stable
across conditions.

Notably, there is a decrease in performance for
Pre ‘He asked’ in liPQs. In addition to matrix polar
questions, the particle li also occurs in embedded
contexts such as (5), resembling English whether
or German ob (Restan, 1972; King, 1994).
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(5) Mama
Mom

sprosila,
asked

kupil
bought

li
li

Maks
Maks

xleb.
bread

‘Mom asked whether Max bought bread.’

The drop is particularly visible for GigaAM RNNT:
when the prepended context ‘He asked’ is com-
bined with the presence of the li particle, the model
tends to interpret the utterance as an embedded
clause, whereas previously it placed a question
mark. Although this is a possible interpretation,
in our set it was still counted as incorrect, as two
sentences were produced by a female and a male,
meaning the models failed to recognize two differ-
ent speakers.

4. Discussion

As rightly noted by the two anonymous reviewers,
the experiment with Meta’s MMS has a method-
ological limitation: the model itself does not predict
punctuation but relies on an additional Silero com-
ponent, which has no access to prosody. However,
I decided to retain these results for three reasons.
First, they point to a clear direction for improve-
ment, namely integrating prosody and punctuation
prediction. Second, MMS performs consistently
poorly across conditions; i.e., it is stable in its er-
rors, which makes its behavior interpretable rather
than noisy. Third, this case also highlights a limita-
tion of WER: while MMS may achieve a relatively
good WER score, this metric does not capture its
failure to detect sentence type.

When it comes to GigaAM and Whisper, the
improved transcriptions observed when question-
related utterances were added can plausibly be at-
tributed to the architectures of the models. Whisper
employs a transformer encoder–decoder model,
while GigaAM is based on a Conformer architecture
with self-attention. In both cases, attention mech-
anisms allow the models to make use of broader
contextual information, which appears to improve
question detection.

While this is encouraging, it also highlights a limi-
tation of current ASR systems for Russian PQs. As
is clear from above, prosody alone often signals
sentence type and is reliably detected by native
speakers without relying on additional contextual
cues. At the same time, as rightly pointed out by
an anonymous reviewer, human performance may
also depend on factors such as language profi-
ciency or sensitivity to contextual cues. However,
all participants in the present study were native
speakers of Russian, which minimizes the variabil-
ity of the former issue. It is possible that non-native
speakers would show lower accuracy or rely more
on contextual information. For the latter issue, it is
also conceivable that enriched audio could mislead
human participants; for instance, by biasing them

to interpret assertions as questions when preceded
by cues such as He asked or The next sentence is
a question. However, even in such cases, the effect
would arise at the level of pragmatic expectations,
rather than from an inability to process prosodic
structure. By contrast, the ASR systems appear
to rely on such external pragmatic cues in order to
approximate distinctions that human listeners can
derive directly from the acoustic signal.

Moreover, the models behave inconsistently
across different contextual manipulations, which
points to instability in their performance. This
variability is not captured by standard WER, high-
lighting the need for more fine-grained evaluation
measures sensitive to sentence type interpretation.
While future work could extend the comparison to
proprietary ASR systems or explore parameter set-
tings such as temperature and beam size, it should
no longer be treated as low-resource. Taken to-
gether, these results suggest that, for Russian, cur-
rent ASR systems still fall short of human listen-
ers in their ability to interpret sentence type from
prosody alone.

Another crucial result from the experiment is
that negation noticeably improves intonPQs de-
tection for multilingual Whisper and Russian-only
GigaAM (accuracy is never below 60%), which, in
turn, points to the fact that the models do rely on
prosody somehow. Negative PQs might occur rela-
tively often in the training data for Russian, so the
models must have picked the combination of the nu-
clear pitch on the verb and negation as a question
marker. I suggest that it is the combination of the
two because (i) the models struggle with positive
intonPQs, i.e., with just verbal prominence, but (ii)
for negative assertions, i.e., with no prominence
on the verb, they perform with 100% accuracy. It is
unexpected because, cross-linguistically, negative
PQs are considered to be marked (or biased; see,
e.g., Gärtner and Gyuris 2017; Goodhue 2022) and
used in specific contexts; thus, they should occur
much less frequently than positive ones (for English,
see Keisanen 2006). This also contradicts the re-
sults for Russian from the spoken corpus (Onoeva
and Staňková, 2025): out of 500 randomly collected
PQs, only 79 were negative (15.8%). On the other
hand, the so-called expletive negation is widely at-
tested in Russian PQs (Brown and Franks, 1995;
Abels, 2005; Zanon, 2024). Semantically, it is in-
terpreted as having no negative force, but it might
contribute a different meaning flavor in PQs, e.g.,
the inquirer’s attitude towards a possible answer
(see a similar idea for Czech in Šimík to appear).
Mills (1992) brings further support for that claim, as
she links negation in Russian PQs to politeness.

From an applied perspective, these findings raise
questions about how current ASR systems handle
prosodic information in downstream applications,
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especially in tasks where sentence type is relevant,
such as dialog systems or speech interfaces. At
the same time, the present experiments show how
controlled manipulations of input can be used to
examine model behavior more systematically, in
particular, their sensitivity to contextual cues.

5. Conclusion

In this article, I pursued the goal of going beyond
WER as the primary metric in ASR evaluation and
gaining insight into the “black box” behavior of state-
of-the-art models. Punctuation proved to be a use-
ful proxy in low-resource settings, allowing assess-
ment of sentence type distinctions. The results sug-
gest that standard WER-based evaluation would
be insufficient here, as it does not capture system-
atic errors in prosodic interpretation. The experi-
ments further indicate that current ASR systems
rely on contextual cues and struggle to generalize
from prosody alone, as reflected in their variability
across conditions and the asymmetry between posi-
tive and negative intonPQs. At the same time, their
relatively strong performance on negative inton-
PQs suggests that they do have access to prosodic
information. However, reducing speech to text still
overlooks other prosodic features, such as focus
marking. Overall, this approach makes it possible
to probe model behavior in a more fine-grained
way.
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Table 2: Performance across the ASR models (excluding Meta’s MMS) for intonPQs only under different
contextual conditions. Accuracy (Acc.), improvement (Imp.) over baseline, and 95% bootstrap confidence
intervals (CI) are reported separately for positive and negative intonPQs. Improvements are expressed
in percentage points relative to the baseline (plain audio) condition from Table 1. Effects are classified as
significant when the confidence interval does not include zero. The rest of the results are available on
OSF.

Context Positive intonPQs Negative intonPQs
Acc. Imp. CI Effect Acc. Imp. CI Effect

Whisper
Pre ’Next Q’ 78.10 71.90 [56.25, 87.50] Improves 100.00 37.50 [21.88, 53.12] Improves
Pre ’He asked’ 68.80 62.50 [43.75, 78.12] Improves 100.00 37.50 [21.88, 53.12] Improves
Post ’yes’ 90.60 84.40 [71.88, 96.88] Improves 100.00 37.50 [21.88, 56.25] Improves
Post ’no’ 87.50 81.20 [65.62, 93.75] Improves 100.00 37.50 [21.88, 53.12] Improves
Pre ’Turtle’ 12.50 6.20 [−6.25, 18.75] No effect 96.90 34.40 [18.75, 50.00] Improves
Post ’Turtle’ 15.60 9.40 [−3.12, 21.88] No effect 75.00 12.50 [3.12, 25.00] Improves
Pre R&L 12.50 6.20 [−6.25, 18.75] No effect 90.60 28.10 [12.50, 43.75] Improves
Post R&L 3.10 −3.10 [−9.38, 0.00] No effect 71.90 9.40 [−6.25, 25.00] No effect
Pre ’He said’ 25.00 18.80 [6.25, 34.38] Improves 100.00 37.50 [21.88, 53.12] Improves
GigaAM: RNNT
Pre ’Next Q’ 59.40 25.00 [3.12, 46.88] Improves 100.00 0.00 [0.00, 0.00] No effect
Pre ’He asked’ 96.90 62.50 [46.88, 78.12] Improves 100.00 0.00 [0.00, 0.00] No effect
Post ’yes’ 96.90 62.50 [46.88, 78.12] Improves 96.90 −3.10 [−9.38, 0.00] No effect
Post ’no’ 96.90 62.50 [46.88, 78.12] Improves 96.90 −3.10 [−9.38, 0.00] No effect
Pre ’Turtle’ 3.10−31.20 [−46.88, −15.62] Worsens 84.40−15.60 [−28.12, −3.12] Worsens
Post ’Turtle’ 18.80−15.60 [−31.25, 0.00] No effect 87.50−12.50 [−25.00, −3.12] Worsens
Pre R&L 28.10 −6.20 [−28.12, 15.62] No effect 100.00 0.00 [0.00, 0.00] No effect
Post R&L 28.10 −6.20 [−25.00, 12.50] No effect 93.80 −6.20 [−15.62, 0.00] No effect
Pre ’He said’ 6.20−28.10 [−43.75, −12.50] Worsens 65.60−34.40 [−50.00, −18.75] Worsens
GigaAM: CTC
Pre ’Next Q’ 87.50 31.20 [12.50, 50.00] Improves 100.00 3.10 [0.00, 9.38] No effect
Pre ’He asked’ 100.00 43.80 [28.12, 59.38] Improves 100.00 3.10 [0.00, 9.38] No effect
Post ’yes’ 100.00 43.80 [28.12, 62.50] Improves 100.00 3.10 [0.00, 9.38] No effect
Post ’no’ 100.00 43.80 [28.12, 59.38] Improves 100.00 3.10 [0.00, 9.38] No effect
Pre ’Turtle’ 25.00−31.20 [−46.88, −15.62] Worsens 93.80 −3.10 [−9.38, 0.00] No effect
Post ’Turtle’ 53.10 −3.10 [−18.75, 12.50] No effect 96.90 0.00 [0.00, 0.00] No effect
Pre R&L 87.50 31.20 [15.62, 46.88] Improves 100.00 3.10 [0.00, 9.38] No effect
Post R&L 50.00 −6.20 [−21.88, 9.38] No effect 96.90 0.00 [0.00, 0.00] No effect
Pre ’He said’ 18.80−37.50 [−53.12, −21.88] Worsens 87.50 −9.40 [−21.88, 0.00] No effect
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Abstract
Large speech recognition models like OpenAI’s Whisper achieve high accuracy but are difficult to deploy in
resource-constrained environments due to their high memory and computational demands. This matters for
low-resource and on-device settings, where compute and memory constraints often limit the practical use and
evaluation of ASR systems. To address this, we present a unified, cross-library evaluation of post-training quantization
(PTQ) on Whisper-small, comparing supported configurations across quantization scheme, method, granularity, and
bit-width. Our study is based on four libraries—PyTorch, Optimum-Quanto, HQQ, and bitsandbytes. Experiments on
LibriSpeech test-clean and test-other show that dynamic int8 quantization with Optimum-Quanto offers the best
trade-off, reducing model size by 57% while lowering Word Error Rate below the baseline. Additional experiments on
Whisper-base and Whisper-tiny confirm these trends, though with more pronounced degradation at lower bit-widths.
Static quantization performed worse, likely due to the absence of efficient low-bit implementations for operations
such as LayerNorm and Softmax. More aggressive formats (e.g., nf4, int3) achieved up to 71% compression at the
cost of accuracy in acoustically challenging conditions. Our results demonstrate that carefully chosen PTQ methods
can substantially reduce model size and inference cost without retraining, enabling efficient deployment of Whisper
on constrained hardware.

Keywords: automatic speech recognition, neural network quantization, model compression

1. Introduction

Automatic speech recognition (ASR) has ad-
vanced rapidly with large-scale Transformer models
(Vaswani et al., 2017) such as the Whisper family
(Radford et al., 2023), which deliver state-of-the-art
transcription accuracy across diverse languages
and domains. However, this accuracy comes at a
cost: models with hundreds of millions of param-
eters are difficult to deploy on edge devices, em-
bedded systems, or latency-sensitive applications
(Gholami et al., 2021; Wei et al., 2024). This chal-
lenge is especially pronounced in low-resource and
on-device settings, where limited compute budgets
and strict memory constraints can prevent both de-
ployment and systematic evaluation. Post-training
compression methods such as post-training quan-
tization (PTQ) (Gholami et al., 2021; Nagel et al.,
2021) therefore offer a practical path to making
strong ASR models usable in settings where re-
training and specialized hardware are not feasible.

Model compression techniques address this chal-
lenge by reducing computational cost in deep neu-
ral networks (Vanhoucke et al., 2011). Among them,
quantization has emerged as one of the most practi-
cal and hardware-friendly approaches. By mapping
32-bit floating point weights and activations to lower-
precision formats, quantization can shrink mem-
ory footprint and accelerate inference (Gray and
Neuhoff, 1998). The choice of method—such as
PTQ, which requires no retraining, or quantization-

aware training (QAT), which incorporates quantiza-
tion effects during training—determines the balance
between efficiency and accuracy. While QAT often
yields superior results under aggressive compres-
sion, PTQ is attractive for its speed and ease of
deployment (Wu et al., 2020).

Recent years have seen rapid progress in low-
bit quantization, including sub-8-bit formats (e.g.,
int4, nf4) and mixed-precision strategies designed
to handle outlier activations (Dettmers et al., 2022;
Shen et al., 2024). These methods have been eval-
uated extensively in computer vision and large lan-
guage models, but their impact on ASR—and par-
ticularly on large-scale architectures like Whisper—
remains underexplored.

In this paper, we take Whisper-small as a case
study to evaluate post-training quantization across
multiple libraries, methods, schemes, and bit-
widths. We present a comparative study of Whisper
PTQ in which all configurations are evaluated un-
der a unified measurement protocol on both CPU
and GPU, highlighting practical trade-offs between
latency, accuracy, and compression across devices
and tools. Our goal is to uncover how specific PTQ
design choices translate into deployment behavior
(efficiency and robustness) in realistic scenarios,
where library support and overheads can materi-
ally affect outcomes. We additionally confirm our
findings across model sizes by performing experi-
ments on Whisper-base and Whisper-tiny, the two
smallest variants of the Whisper family.
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Our contributions are:
(1) Unified evaluation framework: Systematic

cross-library comparison of PTQ for Whisper under
a controlled, unified evaluation protocol, enabling
direct comparison of library-specific trade-offs.

(2) Comparative analysis of PTQ design
choices: We compare the effects of quantization
scheme (dynamic vs. static), method (symmetric
vs. asymmetric), granularity (per-tensor vs. per-
channel), and bit-width (int8 to int3/nf4) across rep-
resentative libraries.

(3) Device-specific deployment insights: Par-
allel evaluation on CPU and GPU revealing differ-
ent optimal configurations per device and acoustic
condition (clean vs. acoustically challenging).

(4) Cross-model validation: Verification that
the main findings hold across Whisper-small,
Whisper-base, and Whisper-tiny, demonstrating ro-
bustness of deployment conclusions across model
sizes.

2. Related Work

While its theoretical foundations date back
decades (Gray and Neuhoff, 1998), modern neural
network quantization has evolved rapidly, with sev-
eral surveys providing systematic overviews (Gho-
lami et al., 2021; Nagel et al., 2021; Wei et al.,
2024). These works classify methods into post-
training quantization and quantization-aware train-
ing, and outline factors such as bit-width, quanti-
zation granularity, and calibration strategies that
strongly influence performance.

In Transformer-based architectures, Kim et al.
(2021) proposed I-BERT, an integer-only Trans-
former that approximates nonlinear operations for
complete deployment on integer hardware. Kim
et al. (2022) further introduced a zero-shot static
quantization approach for ASR models such as
Conformer and QuartzNet, achieving 4× compres-
sion without real training data by synthesizing cali-
bration inputs. Wu et al. (2020) demonstrated that
with per-channel weight quantization and entropy-
based activation calibration, PTQ can maintain ac-
curacy within 1% of full precision.

Recent efforts have focused on stabilizing quan-
tization for large Transformer models by handling
outlier activations. Dettmers et al. (2022) intro-
duced LLM.int8(), a mixed-precision method that
preserves high precision for outlier dimensions,
enabling robust 8-bit inference for models up to
175B parameters. Shen et al. (2024) explored low-
precision floating-point formats such as fp8, report-
ing improved accuracy and flexibility compared to
int8 in outlier-heavy models.

Prior work has also examined Whisper quanti-
zation in specific toolchains and limited method
sets. For example, Andreyev (2025) evaluates dif-

ferent bit-widths using whispercpp on LibriSpeech
corpus (Panayotov and Povey, 2015) and reports
latency and accuracy trade-offs for edge deploy-
ment scenarios. In contrast, our work focuses on a
controlled, cross-library comparison spanning mul-
tiple PTQ libraries and design choices (scheme,
granularity, and bit-width) under one measurement
protocol across CPU and GPU.

More recent work has explored low-bit quantiza-
tion specifically for speech and audio models. Feng
et al. (2025) propose Edge-ASR, a comprehensive
benchmark of post-training quantization methods
applied to Whisper and other edge-ASR models.
Kang and Kim (2025) propose GenPTQ, a mixed-
precision post-training quantization method that
performs efficient layer-wise bit allocation based
on gradient-driven sensitivity analysis, achieving
strong compression with minimal WER degrada-
tion. Beyond speech recognition, Khandelwal and
Fuentes (2025) study post-training quantization
for audio diffusion transformers, highlighting chal-
lenges related to activation variability and outliers in
transformer-based audio models. These works pri-
marily focus on model-specific optimization strate-
gies, whereas our study provides a cross-library
evaluation of quantization approaches under a uni-
fied experimental framework.

While most prior work has focused on vision and
text models, the techniques—especially sub-8-bit
quantization, mixed-precision schemes, and outlier
handling—are directly relevant to ASR. However,
to our knowledge, there is no comparative evalua-
tion of quantization libraries that jointly contrasts (i)
activation method (dynamic vs. static), (ii) granu-
larity (per-channel vs. per-tensor), (iii) weight-only
vs. weight+activation quantization, and (iv) multi-
ple bit-widths, while evaluating accuracy, latency,
and compression on both CPU and GPU under a
single protocol. This work addresses that gap by
assessing PTQ strategies and their trade-offs for
Whisper-small, Whisper-base, and Whisper-tiny.

3. Background

Quantization reduces the memory and computa-
tional cost of neural networks by mapping high-
precision values (typically 32-bit floating point) to
lower-precision representations. In practice, this
means storing weights and activations in compact
formats such as int8 or fp8, with memory usage
scaling approximately as b/32 relative to fp32, yield-
ing a compression ratio of 32/b where b is the bit-
width (Gholami et al., 2021; Nagel et al., 2021).

Formally, a quantizer can be written as

Q(x) = clip
(

round
(
x
s

)
, qmin, qmax

)
, (1)

where s is a scaling factor, and [qmin, qmax] defines
the representable integer range for a given bit-width.
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Subset Hours Minutes/ Female Male Total
speaker speakers speakers speakers

test-clean 5.4 8 20 20 40
test-other 5.1 10 17 16 33

Table 1: Dataset statistics for test-clean and test-
other.

The effectiveness of this mapping depends not only
on the chosen bit-width, but also on how scales are
applied across the network.

This is captured by the notion of granularity. In
per-tensor quantization, a single scale is shared
across an entire tensor, which is efficient but may
distort values when distributions vary widely. Per-
channel quantization instead assigns a scale to
each output channel, better capturing local statis-
tics and improving accuracy in deep Transformers,
though at higher storage and compute cost (Gho-
lami et al., 2021). A middle ground is per-group
quantization, which clusters channels into groups
with shared scales to balance efficiency and accu-
racy (Yao et al., 2022).

Beyond granularity, quantization can be applied
either post-training (PTQ), which avoids retraining
but may reduce accuracy at low bit-widths, or during
training (QAT), which improves robustness at the
cost of additional training (Han et al., 2015; Gholami
et al., 2021).

Additionally, quantization methods differ on how
they distribute values within the quantized range.
Symmetric quantization centers values around
zero, whereas asymmetric quantization shifts the
zero-point to better match non-zero-centered distri-
butions of weights (Nagel et al., 2021).

Finally, schemes differ in how scaling factors and
zero-points are determined. Static quantization
fixes them in advance using calibration data, while
dynamic quantization computes them at runtime.

These design choices become especially impor-
tant for Transformer-based ASR models such as
Whisper-small. Operations like LayerNorm, Soft-
max, and GELU are highly sensitive to reduced
precision, and activations often exhibit heavy-tailed
distributions (Dettmers et al., 2022; Shen et al.,
2024). As a result, quantization can compromise
robustness, underscoring the need for careful se-
lection of quantization strategies in deployment.

4. Data

We conduct our experiments on the English-
language subsets test-clean and test-other of the
LibriSpeech corpus (Panayotov and Povey, 2015).
Dataset statistics are shown in Table 1.

These test sets have been used to evaluate ASR
systems for many years. test-clean represents an
easy evaluation task, whereas test-other is a more

challenging dataset. The original LibriSpeech data
consists of read-aloud books and was divided into
a clean and an other partition based on Word Error
Rate (WER) scores produced by a hybrid ASR sys-
tem with an acoustic model trained on a subset of
the Wall Street Journal corpus and a bigram LM es-
timated from the text of the respective books. The
speakers were ranked according to WER and the
data partitioned into two sets of roughly equal sizes.
test-clean consists of randomly selected speakers
from the clean partition. test-other specifically con-
sists of speakers from the 3rd quartile according to
WER. This sampling is intended to create a more
challenging test dataset. Gender balance is en-
sured at the speaker level (Panayotov et al., 2015).

5. Methods

We evaluate PTQ on Whisper-small, a 244M-
parameter Transformer-based ASR model pre-
trained for multilingual and multitask speech recog-
nition (Radford et al., 2023).

Depending on library support, we apply quan-
tization across a range of bit-widths (int8, int4,
int3, nf4, and fp8) and compare four widely used
PTQ libraries: PyTorch, offering native dynamic
int8 quantization on CPU; Optimum-Quanto (here-
after Quanto), supporting both integer and low-
precision floating formats across CPU, GPU, and
MPS backends; HQQ, a quantization library based
on half-quadratic optimization with configurable
group sizes; and bitsandbytes (BNB), which pro-
vides GPU-only implementations of normalized for-
mats such as nf4 with optional double quantization.
Together, these libraries cover a diverse spectrum
of formats, methods, and quantization schemes,
making them representative of the practical choices
available to users when designing model compres-
sion pipelines.

Performance is evaluated along three dimen-
sions. Accuracy is measured using WER and
Character Error Rate (CER). Efficiency is captured
through the Real-Time Factor (RTF), quantifying
inference speed relative to audio duration. Finally,
we report model size reduction relative to the full-
precision fp32 baseline. To ensure comparability,
all configurations were evaluated under the same
preprocessing pipeline, dataset splits, batch size,
decoding procedure, hardware selection, and tim-
ing protocol. RTF was computed as total timed gen-
eration time divided by total audio duration over the
evaluation set. Because all measurements were
collected on the HPC infrastructure described in
Section 10, the reported RTF values should be in-
terpreted primarily as relative comparisons across
configurations under a fixed setup, rather than as
direct estimates of edge-device latency. Inference
time was measured only around the model genera-
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Device/Method WERc WERo CERc CERo RTF Size Red.

CPU

Baseline (fp32) 3.48 11.88 1.02 3.62 0.121 –
PyTorch int8 (dyn.) 3.72 13.67 1.11 4.21 0.077 57%
HQQ int4 (dyn.) 3.52 14.09 1.09 4.38 0.155 69%
Quanto int8/fp8 (stat.) 5.95 15.92 1.83 5.03 0.169 57%

GPU

Baseline (fp32) 3.48 11.88 1.02 3.62 0.006 –
Quanto int8 (dyn.) 3.41 10.65 0.97 3.29 0.008 57%
BNB nf4 (dyn.) 3.54 13.49 1.05 4.05 0.008 70%
HQQ int3 (dyn.) 4.11 12.93 1.22 3.77 0.019 71%

Table 2: Selected best-performing dynamic (dyn.)
and static (stat.) quantization configurations for
Whisper-small on LibriSpeech test-clean (c) and
test-other (o).

tion step, with CUDA synchronization on GPU and
warm-up runs before timed evaluation. Audio inputs
were converted to model input features using the
standard WhisperProcessor from the Transformers
library. In the adopted Transformers implementa-
tion, Whisper used its default fixed 30 s front end;
accordingly, shorter utterances were zero-padded
to the 30 s window. The reported RTF values there-
fore reflect this fixed-window inference setup rather
than variable-length audio processing. Relative
RTF differences nevertheless remain directly com-
parable across quantization settings because all
configurations were evaluated under the same pro-
tocol.

For static quantization, calibration used a ran-
domly selected 10% subset of the full evaluation
data, processed with the same feature-extraction
pipeline as the test data.

While the main study focuses on Whisper-small,
we also run a limited follow-up study on Whisper-
tiny and Whisper-base under the same dataset,
settings, and measurement procedure. The cross-
model follow-up is intended as a validation of the
main deployment trends, not as a second exhaus-
tive benchmark. We therefore restrict Whisper-tiny
and Whisper-base to the strongest dynamic con-
figurations from the Whisper-small study. Static
quantization is omitted in this follow-up because
it underperformed on Whisper-small and would
substantially increase experimental volume with-
out changing the main practical conclusion.

6. Results

6.1. Quantizing Whisper-small
Table 2 summarizes the best-performing quantized
models relative to the full-precision baseline.

On CPU, PyTorch dynamic int8 delivered the
fastest inference (RTF 0.077; 36.4% faster than the
0.121 baseline) with only a small accuracy drop.
HQQ dynamic int4 preserved accuracy on clean

Device/Method WERc WERo CERc CERo RTF Size Red.

Whisper-base

Baseline (fp32) 5.08 12.87 1.93 6.76 0.0022 –
Quanto int8 (dyn.) 5.10 14.72 1.93 7.60 0.0037 36.2%
BNB nf4 (dyn.) 6.05 18.09 2.31 10.16 0.0036 52.1%

Whisper-tiny

Baseline (fp32) 7.60 23.69 2.98 12.84 0.0015 –
Quanto int8 (dyn.) 7.64 24.64 2.99 13.24 0.0025 19.3%
BNB nf4 (dyn.) 11.16 32.19 4.78 20.20 0.0026 37.5%

Table 3: Quantization results for Whisper-base and
Whisper-tiny using the strongest dynamic (dyn.)
configurations on LibriSpeech test-clean (c) and
test-other (o).

speech while achieving the largest compression
(69%). In contrast, static int8/fp8 quantization with
Quanto degraded performance substantially, con-
firming that Whisper’s architecture is ill-suited to
static quantization.

On GPU, Quanto dynamic int8 not only matched
but slightly outperformed the baseline on the
more challenging test-other split (WERother = 10.65,
CERother = 3.29), while reducing model size by 57%.
BNB nf4 offered a 70% size reduction with minimal
accuracy loss on test-clean, but suffered on test-
other. HQQ int3 achieved the smallest size (71%
reduction) but at the cost of higher error rates.

Overall, dynamic quantization consistently out-
performed static quantization in both accuracy and
speed. int8 proved the most reliable setting across
devices, while more aggressive formats (nf4, int3)
enabled extreme compression but compromised ro-
bustness, particularly under acoustically challeng-
ing conditions.

6.2. Scaling Across Whisper Model Sizes
To assess whether the main conclusions are spe-
cific to Whisper-small or stable within the Whis-
per model family, we evaluate Whisper-tiny and
Whisper-base on LibriSpeech splits using the
strongest quantization configurations from the
Whisper-small study. Table 3 shows that the overall
trends remain consistent across model sizes: dy-
namic int8 remains the most robust operating point,
while more aggressive formats trade robustness
(especially on test-other) for additional compres-
sion.

7. Discussion

7.1. Trade-offs Between Different
Quantization Methods

On CPUs, PyTorch dynamic int8 consistently
achieved the fastest inference. Its advantage likely
stems from using a per-tensor asymmetric scheme,
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which applies a single scale across an entire tensor.
This approach simplifies computation and reduces
the overhead of quantization and dequantization,
explaining the strong runtime performance. The
trade-off, however, is lower representational flexi-
bility with quantization parameters only calculated
per-tensor, which contributed to weaker robustness
on the acoustically diverse test-other dataset. How-
ever, with a 57% size reduction, it still offers clear
advantages over the baseline.

On the GPU, Quanto dynamic int8 took a different
approach. It prioritizes accuracy over speed. It was
slower but outperformed the fp32 baseline on WER
and CER on both test-clean and test-other, with the
most striking improvement seen under acoustically
challenging conditions. One plausible explanation
is its symmetric, per-channel scheme, which aligns
well with Whisper’s near-zero-centered weight dis-
tributions and assigns independent scales to each
channel. This granularity can better preserve fine-
grained variation across channels, yielding higher
accuracy but at the cost of additional computational
overhead. Similar to the PyTorch model, this model
comes with a 57% size reduction, a strong com-
pression relative to the baseline.

Libraries enabling more aggressive formats,
such as HQQ (int4, int3) and BNB (nf4), pushed
compression further—up to 70%—but consistently
degraded robustness, especially in acoustically
challenging environments. These results highlight
that precision below 8-bit remains less reliable in
real-world ASR applications.

Taken together, these comparisons show that li-
brary differences are largely driven by the schemes
and bit-widths they implement. Per-tensor quan-
tization favors efficiency, making PyTorch int8 at-
tractive when low latency is the main deployment
priority. Per-channel quantization favors accuracy,
as shown by Quanto int8, which is more suitable
when robustness is critical. More aggressive low-bit
formats are best reserved for deployments where
extreme compression outweighs the need for relia-
bility.

The additional results on Whisper-base and
Whisper-tiny (Table 3) follow the same qualita-
tive pattern: dynamic int8 remains the most ro-
bust operating point, while nf4 increases compres-
sion but incurs a larger error increase—especially
on test-other. This suggests that the robust-
ness–compression trade-off observed for Whisper-
small is stable across smaller Whisper variants,
even though absolute WER/CER differs by model
size.

7.2. Dynamic vs. Static Quantization

In theory, static quantization should reduce runtime
overhead by fixing scales in advance, trading a

small loss in accuracy for faster inference. Surpris-
ingly, in Whisper-small we observed the opposite:
static quantization was both slower and less accu-
rate.

One possible explanation is that operations such
as LayerNorm and Softmax lack efficient low-bit
implementations, forcing repeated dequantization
that cancels the expected speed gains of static
quantization. On top of this, as expected, fixed
calibration scales limited robustness under shifting
distributions, especially in acoustically challenging
conditions.

By contrast, dynamic quantization adapted bet-
ter at runtime, preserving accuracy and delivering
faster inference. This makes dynamic quantiza-
tion the most reliable choice in our evaluation for
Whisper-small, despite theoretical expectations to
the contrary.

7.3. Clean vs. Acoustically Challenging
Speech

Across nearly all configurations, quantized models
suffered larger accuracy drops on test-other than
on test-clean, indicating reduced robustness under
the more challenging conditions represented by the
test-other split. As shown in Figure 1, lower-bit for-
mats such as BNB nf4 and HQQ int3 showed the
steepest increases in WER, underlining how ag-
gressive compression disproportionately reduces
robustness.

Interestingly, Quanto dynamic int8 was an excep-
tion: it not only matched the baseline on test-clean
but also outperformed it on test-other. This sug-
gests that under certain conditions, quantization
can act as a form of regularization, stabilizing pre-
dictions in acoustically challenging environments.
However, this effect appears limited to moderate

Figure 1: WER increase on test-other relative
to test-clean for selected quantized models of
Whisper-small. Lower-bit-width configurations (nf4,
int3) show larger deltas, highlighting the trade-off
between compression and robustness.
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Priority Best Model Trade-off
Fastest Inference PyTorch Higher WER

Dynamic int8 compared to baseline
Best Accuracy Quanto Higher RTF

Dynamic int8 compared to baseline
Best Size Reduction HQQ Higher WER and RTF

Dynamic int3 compared to baseline

Table 4: Comparative Summary of Quantization
Methods - Optimal Approaches Based on Deploy-
ment Priorities

settings (e.g., int8); once precision drops further,
errors compound rapidly under adverse acoustic
conditions. A similar robustness gap between test-
clean and test-other is also evident for Whisper-
base and Whisper-tiny, where nf4 degrades more
strongly than int8 on test-other.

For deployment, this highlights that 8-bit preci-
sion is a safe minimum in real-world scenarios,
while lower-bit formats should be applied selec-
tively and only when acoustic variability is less of a
concern.

7.4. Deployment Implications
Our results point to clear deployment strategies for
Whisper-small and its variants under different con-
straints. Table 4 summarizes these strategies as
rule-of-thumb guidance derived from our evaluation
protocol. On CPUs, PyTorch dynamic int8 offers
the best speed–accuracy trade-off, while HQQ dy-
namic int4 offers stronger compression when mem-
ory is the tighter constraint. On GPUs, Quanto
dynamic int8 is the most robust choice, delivering
a 57% size reduction while preserving or even im-
proving accuracy, including in acoustically challeng-
ing conditions. More aggressive formats such as
HQQ int3 or BNB nf4 are suitable only in memory-
constrained scenarios where some accuracy loss
is acceptable, and ideally applied selectively to
less critical layers. Finally, in acoustically diverse
environments, at least 8-bit precision should be
maintained for sensitive components such as atten-
tion and LayerNorm to avoid robustness degrada-
tion. These guidelines emphasize that quantization
choices must be tailored not only to model architec-
ture, but also to deployment context, device, and
acoustic variability.

8. Conclusion

This study evaluated post-training quantization of
Whisper-small across four libraries and multiple bit-
widths, providing a controlled cross-library compar-
ison of supported scheme, method, and granular-
ity choices. On LibriSpeech test-clean and test-
other, dynamic quantization consistently outper-

forms static quantization in both accuracy and infer-
ence speed for this architecture. Quanto dynamic
int8 emerged as the best overall configuration for
GPU deployment, achieving 57% model-size reduc-
tion while matching baseline accuracy on test-clean
and even exceeding it on test-other. On CPU, Py-
Torch dynamic int8 delivered the fastest inference
in our experiments, while HQQ dynamic int4 offers
a strong compromise when memory is limited.

From a high-level perspective, our results in-
dicate that within this model family and library-
supported configurations, dynamic quantization
was more reliable than static quantization. Fur-
thermore, the most accurate results were obtained
with configurations using symmetric, per-channel
quantization rather than asymmetric, per-tensor ap-
proaches, especially under acoustically variable
conditions. In practice, int8 is the most reliable pre-
cision across devices; more aggressive formats
(e.g., nf4, int3) provide larger compression but
degrade robustness on test-other. We also ob-
serve a mild regularization effect: dynamic int8
can match or even exceed fp32 on acoustically
challenging speech, but this benefit does not per-
sist below 8-bit precision. Taken together, the
scheme, method, and granularity materially shape
the accuracy–speed–size trade-off and should be
chosen to match device constraints and expected
acoustic conditions. Ultimately, our findings show
that thoughtful quantization design enables deploy-
ment of more advanced speech recognition models
in resource-constrained environments.

9. Limitations and Future Work

First, this work is designed as a controlled study to
compare cross-library PTQ effects under a shared
evaluation protocol. Because the study is con-
strained by library support, not all combinations of
quantization scheme, method, granularity, and bit-
width could be evaluated; the comparison is there-
fore structured rather than exhaustive. We restrict
evaluation to the LibriSpeech test-clean and test-
other splits, which provide a reproducible bench-
mark but do not capture the full diversity of domains,
accents, and spontaneous speech encountered in
practice. Extending the evaluation to broader do-
mains, including multilingual data, is an important
next step.

Second, we focus on PTQ to reflect scenarios
where retraining is infeasible; quantization-aware
training may achieve higher accuracy at more ag-
gressive bit-widths. In addition, ONNX Runtime
is excluded because it relies on a different execu-
tion stack involving model export and graph-level
optimizations, introducing additional variables that
make its quantization and runtime behavior not di-
rectly comparable to the native-library workflows
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evaluated in this study. Both represent complemen-
tary directions for future work.

Third, our analysis targets the smaller Whisper
variants as representative Transformer-based ASR
models. Larger variants such as Whisper-medium
and Whisper-large are excluded from this study,
as our focus is on smaller models that are most
relevant for deployment in resource-constrained
environments. Results may differ for the larger
Whisper models or for other ASR architectures.

Future work will expand evaluation to additional
datasets and model families, and investigate mixed-
precision and layer-wise strategies that apply ag-
gressive quantization selectively while preserving
accuracy in sensitive components.
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Abstract
Voice-based interfaces are widely used; however, achieving fair Wake-up Word detection across diverse speaker
populations remains a critical challenge due to persistent demographic biases. This study evaluates the effectiveness
of demographics-agnostic training techniques in mitigating performance disparities among speakers of varying
sex, age, and accent. We utilize the OK Aura database for our experiments, employing a training methodology
that excludes demographic labels, which are reserved for evaluation purposes. We explore (i) data augmentation
techniques to enhance model generalization and (ii) knowledge distillation of pre-trained foundational speech
models. The experimental results indicate that these demographics-agnostic training techniques markedly reduce
demographic bias, leading to a more equitable performance profile across different speaker groups. Specifically, one
of the evaluated techniques achieves a Predictive Disparity reduction of 39.94% for sex, 83.65% for age, and 40.48%
for accent when compared to the baseline. This study highlights the effectiveness of label-agnostic methodologies in
fostering fairness in Wake-up Word detection.

Keywords: Wake-up word, fairness, bias, demographics-agnostic

1. Introduction

Voice-based interfaces are now central to human-
computer interaction, enabling virtual assistants,
hands-free messaging, and applications such as
customer support and clinical/legal transcription.
The entry point to most of these systems is a Wake-
up Word (WuW); a predefined trigger phrase that,
once detected by an always-on lightweight acoustic
model, activates the device and initiates interac-
tion with the user (Këpuska and Breitfeller, 2006;
Këpuska, 2011; López et al., 2023; López-Espejo
et al., 2021). However, speech systems often ex-
hibit performance disparities across demographic
groups such as sex, age, and accent (Attanasio
et al., 2024). Acoustic variability can systematically
affect and raise fairness concerns (Fuckner et al.,
2023). In always-on settings, these disparities man-
ifest not only as aggregate error-rate gaps but as un-
equal interactional burdens (Choi and Choi, 2025):
some users must repeat commands or alter their
speech more often than others to obtain the same
functionality. WuW detection is particularly sus-
ceptible because decisions rely on short speech
segments with limited context, which can amplify
speaker-dependent variability and reduce reliability
for children, older adults, and regional or non-native
speakers.

These concerns are consistent with prior work
documenting demographic bias across speech
tasks, including speaker identification, phoneme

recognition, intent classification, keyword spotting
(KWS), and emotion recognition (ER) (Meng et al.,
2022; Hutiri et al., 2023; Slaughter et al., 2023).
In Automatic Speech Recognition (ASR), higher
Word Error Rates (WER) are repeatedly reported
for speakers with regional or non-native accents,
with additional disparities linked to sex, age, and
intersectional factors (Garg et al., 2018; Zolnoori
et al., 2024; Harris et al., 2024; Feng et al., 2021;
Martin and Wright, 2023). Evaluations of large
foundation models such as Whisper (Radford et al.,
2023) further corroborate persistent racial, sex, and
dialect biases, frequently favoring majority or privi-
leged groups (Fuckner et al., 2023; Slaughter et al.,
2023; Hutiri et al., 2023). Similar patterns have
been observed in KWS and ER, where systems
often underperform for children, elderly speakers,
and nonstandard accents (Mujtaba et al., 2024;
Hutiri et al., 2023; Feng et al., 2021; Martin and
Wright, 2023). Recent benchmark efforts such
as Fair-Speech for ASR (Veliche et al., 2024) and
FaiST for broader speech technology (Jahan et al.,
2025) further document systematic performance
gaps across multiple demographic attributes, un-
derscoring the need for dedicated fairness analyses
in speech interfaces.

Several methodological tools have been pro-
posed to diagnose and mitigate these disparities.
For instance, DivExplorer can automatically iden-
tify attribute combinations (e.g., sex, age, accent)
associated with large performance gaps (Pastor
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et al., 2021). Building on such diagnostics, mitiga-
tion frameworks such as CLUES use discovered
subgroups to guide contrastive learning and reduce
disparities by targeting underperforming cohorts in
the representation space (Koudounas et al., 2024).
In parallel, Slaughter et al. (2023) demonstrated
that embeddings from pre-trained speech models,
including Whisper, wav2vec 2.0, WavLM, and Hu-
BERT, can encode and amplify social biases. To
measure this directly within the embedding spaces,
they developed the Speech Embedding Associa-
tion Test (SpEAT). Building on this area of research,
Lin et al. (2024) examined how specific architec-
tural and data choices in self-supervised learning
(SSL) impact social biases in downstream tasks.

Beyond specific methods and datasets, recent
work argues that speech recognition fairness is in-
herently context-dependent and multi-metric rather
than “one-size-fits-all”, calling for benchmarks
that consider task requirements, deployment con-
straints, and stakeholder needs (ElGhazaly et al.,
2025; Veliche et al., 2024).

Nonetheless, many mitigation strategies depend
on explicit demographic labels, which are often un-
available, incomplete, or privacy-sensitive in real-
world deployments, and data scarcity for under-
represented groups remains a persistent obsta-
cle (Dheram et al., 2022; Barocas and Selbst, 2016).
Other approaches pursue fairness via personal-
ization, for instance, by conditioning KWS models
on speaker-specific embeddings to improve per-
formance for underrepresented users (Labrador
et al., 2025). While effective, such methods typi-
cally require additional user data and enrollment
procedures, and may not be feasible for compact,
always-on WuW detectors operating entirely on de-
vice.

Motivated by these limitations, we study demo-
graphic bias in WuW detection and develop miti-
gation strategies that do not require demographic
labels during training. We (i) quantify demographic
disparities across sex, age, and accent using group-
wise analyses and fairness metrics such as Pre-
dictive Disparity (PD) and Disparate Impact (DI),
and (ii) investigate demographics-agnostic train-
ing methods based on generalization-oriented data
augmentation and knowledge distillation/transfer
from large self-supervised foundation speech mod-
els. Experiments on a real-world Spanish WuW
dataset (“OK Aura”) show that these label-free
strategies substantially reduce demographic bias
while preserving overall detection performance.

2. Mitigation Methodology

We implement a mitigation pipeline that remains
demographics-agnostic during training, reserving
demographic labels strictly for post-hoc bias evalu-

ation. First, we identify bias within the dataset to
identify demographic groups underrepresented in
the training and validation phases. Subsequently,
we assess bias reflected in WuW classifier pre-
dictions. Then, we adopt demographics-agnostic
training methodologies intended to alleviate those
biases.

This choice is motivated by the high cost and
practical barriers of collecting additional data for
underrepresented groups (e.g., privacy and limited
access). Even with balanced data, disparities can
persist due to design choices (Hutiri et al., 2023)
or feature selection (Bailey and Plumbley, 2021);
while demographics-aware methods can reduce
bias (Dheram et al., 2022), we target mitigation
without explicit demographic conditioning.

Our methodology employs two demographics-
unaware training strategies. First, we hypoth-
esize that modulating or partially removing fre-
quency information during training discourages
the model from relying on demographic-correlated
acoustic cues. Given that sex, age, and accent
are known to correlate with F0 (fundamental fre-
quency) and formant structure (Vorperian et al.,
2019), spectral envelope (Harnsberger et al., 2008),
and prosody (Piat et al., 2008), respectively. By
disrupting these cues, the model could be encour-
aged to learn more invariant representations (Van-
denberghe et al., 2023). To this end, we explore
data augmentation techniques applied at the spec-
trum level (Section 2.1). Second, large pre-trained
SSL models, trained on diverse audio, have been
shown to suppress speaker identity in their upper
layers (Mohamed et al., 2022). Furthermore, as
some models have been scaled to encompass over
4 million hours of training data (Barrault et al., 2023),
we hypothesize that they capture demographically
robust representations. Therefore, we investigate
using such models as teachers to train a com-
pact, robust student model (Chai et al., 2022) (Sec-
tion 2.2).

2.1. Data augmentation techniques
We consider both time-domain and time-frequency-
domain augmentations. Given an input waveform
x ∈ RN , we compute a time–frequency represen-
tation via the Short-Time Fourier Transform (STFT)
and use its magnitude to form a spectrogram,

X = Spectrogram(x) = |STFT(x)|2 , (1)

where X ∈ RT×F , T denotes the number of time
frames, and F the number of frequency bins. For
augmentations applied in the time-frequency do-
main, we modify the magnitude to obtain X ′ while
preserving the original phase, and then reconstruct
an augmented waveform x′ using the inverse STFT
(ISTFT).
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FreqMixStyle: it mixes frequency-wise feature
statistics between samples to promote domain-
invariant representations. It is motivated by
frequency-wise instance normalization analyses for
audio domain generalization (Kim et al., 2022). In
practice, we normalize a spectrogram Xi along the
frequency axis and re-scale it using mixed statistics
from another randomly selected spectrogram Xj :

µnew = λµi + (1− λ)µj , σnew = λσi + (1− λ)σj

(2)
where λ ∼ Beta(α, α) controls the interpolation
strength.

FilterAugment: simulates acoustic filtering by
applying smooth frequency-dependent gains rather
than masking entire bands (Nam et al., 2022).
Given a spectrogram X, we apply a multiplicative
weighting mask

X ′ = X ⊙WFA, (3)

whereWFA ∈ RT×F contains frequency-dependent
weights and ⊙ denotes element-wise multiplication.
We use the linear variant, which linearly interpolates
gains across frequency to avoid abrupt discontinu-
ities (Nam et al., 2022).

Frequency masking: as a strong baseline aug-
mentation, we also apply frequency masking from
SpecAugment (Park et al., 2019). We sample
the mask width f ∼ U(0,WF ) and starting index
f0 ∼ U(0, ν − f), where ν is the number of mel
channels, and set the band [f0, f0 + f) to zero:

X ′ = FreqMask(X). (4)

This technique has been shown to improve model
robustness by forcing the network to learn from
partial spectrograms, thus improving generaliza-
tion. It is especially effective in situations where
the model must handle varying acoustic conditions
or incomplete audio inputs (Kim et al., 2021).

Device Impulse Responses (DIR). Impulse re-
sponses model how a capture device filters an input
signal. Originally, it was presented for device gener-
alization by simulating microphone characteristics.
Nonetheless, it modulates frequencies by convolv-
ing each training utterance with a sampled device
impulse response hdir (Morocutti et al., 2023):

x′ = x ∗ hdir. (5)

To keep input dimensions consistent, we truncate
the convolved signal to match the original length.

2.2. Speech Self-Supervised Learning
models

SSL has become a key approach for learning ro-
bust speech representations from large amounts
of unlabeled audio (Mohamed et al., 2022; Chen

et al., 2022; Han et al., 2025; Wang et al., 2024).
In WuW settings, SSL models can be particularly
useful under limited labeled data and challenging
acoustic conditions (Yu et al., 2023; Mørk et al.,
2024).

We leverage a large SSL encoder to build a
high-capacity teacher classifier (w2v-BERT2-kws)
and then distill its knowledge into a compact WuW
student model. Specifically, we use the w2v-
BERT 2.0 pre-trained model (Barrault et al., 2023),
a Conformer-based multilingual speech encoder
trained on 4.5M hours of unlabeled audio. The w2v-
BERT2-kws architecture is depicted in Figure 1.
We leverage the w2v-BERT 2.0 encoder frozen and
train a lightweight classification head. Motivated by
evidence that different transformer layers encode
complementary information (Pasad et al., 2023),
we compute a learnable weighted sum over the 24
layerwise hidden states. The resulting sequence
representation is then processed with Multi-Head
Factorized Attention (MHFA), a parameter-efficient
variant of multi-head attention that factorizes the
attention projections so each head operates in a
lower-dimensional subspace (Peng et al., 2025).
Finally, the obtained result is summarized via atten-
tive pooling before a final linear layer (Peng et al.,
2025; Roncel Díaz et al., 2024). The teacher is
trained with cross-entropy and used exclusively for
distillation; it is not intended for real-time, on-device
inference.
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Figure 1: w2v-BERT2-kws architecture. Raw au-
dio is converted to 80-channel Mel filterbanks, then
passed through convolutional subsampling and a
linear projection before a 24-layer Conformer en-
coder. Layerwise hidden states are combined via
a learnable weighted sum, followed by Multi-Head
Factorized Attention (MHFA), attentive pooling over
time, and a linear classifier. The w2v-BERT 2.0
encoder is frozen; only the layer weights and the
classification head are trained with cross-entropy.

Knowledge distillation (KD): after training the
teacher, we freeze it and train the student via logit
matching. The student minimizes a weighted com-
bination of the standard cross-entropy (CE) loss
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with respect to ground-truth labels and a Kullback–
Leibler (KL) divergence term between temperature-
scaled teacher and student predictions:

LKD = δ LCE(pstudent, ytrue)

+ (1− δ) τ2 DKL
(
pτteacher ∥ log pτstudent

) (6)

where LKD is the total loss function, and δ ∈ [0, 1]
is a weighting factor that controls the balance be-
tween the two loss components. τ is the tempera-
ture parameter that controls the sharpness of the
probability distribution, and LCE(pstudent, ytrue) is the
cross-entropy loss, defined as:

LCE(pstudent, ytrue) = −
∑

i

ytrue,i log pstudent,i (7)

where the term ytrue represents the ground truth
label and pstudent is the probability output from the
student WuW model. Here i refers to each specific
class (WuW or unknown). The output probability is
obtained by:

pstudent,i =
ezstudent,i

∑
j e

zstudent,j
(8)

where zstudent,i are the logits, and the j index
refers to the summation over both classes. To con-
tinue with, DKL(p

τ
teacher ∥ pτstudent) is the KL diver-

gence between two temperature-scaled probability
distributions:

DKL(p
τ
teacher ∥ pτstudent) =

∑

i

pτteacher,i log
pτteacher,i
pτstudent,i

(9)
where pτstudent,i is the probability output from

the student WuW model, obtained by applying a
temperature-scaled softmax:

pτstudent,i =
ezstudent,i/τ

∑
j e

zstudent,j/τ
(10)

Similarly, pteacher is also temperature-scaled:

pτteacher,i =
ezteacher,i/τ

∑
j e

zteacher,j/τ
(11)

where zteacher,i are the logits from the teacher
model and τ is the temperature parameter. Higher
τ produces softer targets, encouraging the student
to match relative class confidences rather than only
hard decisions.

3. Datasets

We utilize a proprietary in-domain corpus, OK
Aura (Section 3.1), and several publicly available

out-of-domain resources for augmentation and ro-
bustness. Specifically, we incorporate Spanish
Common Voice v7.1 (Mozilla Foundation, 2021),
the M-AILabs Spanish corpus (Solak, 2019), real
and simulated room impulse responses (RIRs)
and noises from OpenSLR SLR28 (OpenSLR,
2016), and environmental noise recordings from
DEMAND (Joachim Thiemann and Vincent, 2013).
To further improve device robustness, we addi-
tionally use microphone impulse-response collec-
tions including MicIRP1 and the Multi-Angle Multi-
Distance Microphone IR dataset (Juan Carlos
Franco Hernández, 2021).

Figure 2 summarizes how these resources are
used across the experimental pipeline. OK Aura
is used for training, validation, and testing. In con-
trast, the public corpora (Common Voice, M-AILabs,
SLR28, DEMAND, MicIRP, and Multi-Angle Multi-
Distance Microphone IR) are used primarily for
training and validation to support augmentation
and robustness. We restrict bias quantification and
fairness evaluation to OK Aura because the out-of-
domain datasets lack the necessary demographic
metadata, provide insufficient granularity, or exhibit
annotation mismatches relative to the WuW task.

Validation Test

Multi-​Angle Multi-​Distance Mic. IR

Common Voice

SLR28

DEMAND

M-​AILABS Spanish

OK Aura

Train

MicIRP

Figure 2: Dataset usage across train/validation/test
splits. OK Aura is used in all phases (training, val-
idation, and testing). Public resources are used
primarily for training and validation, mainly for aug-
mentation and robustness.

3.1. OK Aura Database
OK Aura contains approximately 5.8k audio sam-
ples (∼4.5 hours) from 546 anonymized speakers.
It includes both speech and non-speech material
(e.g., background noise), and all speech content is
in Spanish, comprising the wake-up phrase and ad-
ditional utterances. The corpus provides speaker-
level demographic annotations (sex, age, accent)
and sample-level metadata including class labels
(positive/negative), transcriptions for speech sam-
ples, and a sound-type tag (“speech” vs. “noise”).

1https://micirp.blogspot.com/
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To provide a concrete sense of the speech data,
the corpus covers various realistic usage scenar-
ios and challenging negative samples. Positive in-
stances range from the isolated WuW (“OK Aura”)
to the WuW embedded within context sentences
(e.g., “Perfecto, voy a mirar qué dan hoy. OK Aura”
‘Perfect, I am going to see what is on today. OK
Aura’). Additionally, negative samples include utter-
ances with partial matches, such as containing only
the word “Aura” (“Hay un aura de paz y tranquili-
dad.” ‘There is an aura of peace and tranquility.’)
or “OK” (“OK, a ver qué ponen en la tele.” ‘OK,
let’s see what is on TV.’). Furthermore, it includes
distractors with words that sound similar to the tar-
get phrase, such as “Hola Laura,” (‘Hello Laura,’),
“Prefiero el hockey al baloncesto,” (‘I prefer hockey
to basketball,’), or a combination of both: “Porque
Laura, ¿qué te pareció la película?” (‘Because
Laura, what did you think of the movie?’).

Furthermore, recordings span a wide range of
acoustic environments as they were recorded in
different spaces, from quiet rooms to natural back-
ground noise scenarios, and recorded across dif-
ferent devices. The dataset also includes tem-
poral speech-event annotations (start/end times
and total duration), obtained with the alignment
procedure described by López and Luque (2022).
A portion of OK Aura was released publicly as
part of the Albayzin 2024 Wake-up Word Detec-
tion Challenge (Guillermo Cámbara and Segura,
2024) (López and Luque, 2024).

3.1.1. Demographic groups

For bias assessment, we consider three demo-
graphic attributes available in OK Aura: sex, age,
and Spanish accent variety. We perform univariate
analyses, evaluating each attribute independently.
Sex is treated as a binary variable (Female/Male);
age is grouped into 0–20, 21–30, 31–40, 41–50,
and 51+; and accent labels cover the full annotation
set: Unknown, Central Southern Spain, Southern
Spain, Caribbean, Northern Spain, Northwestern
Spain, Chilean, Eastern and Balearic Spain, Non-
Native, Rio Plata, Canary Islands, Central America,
Andean Pacific, Mexico, and Philippines.

3.1.2. Train and validation splits

We next analyze demographic distributions in the
OK Aura training and validation splits to character-
ize representation imbalances. Table 1 reports the
sex distribution, indicating a higher proportion of
Male than Female samples. The age distribution
has an average speaker age of 37 years, with most
samples concentrated between 20 and 50 years
old, and comparatively few samples from speak-
ers under 20 or over 51 (Figure 3). Finally, accent
labels are highly skewed, with Central Southern

Spain dominating the training/validation data (Fig-
ure 4).

Sex # Samples Percentage
Female 2131 41.74%
Male 2974 58.26%

Table 1: Number of samples by Sex in the OK Aura
Database (training and validation).
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Figure 3: Age distribution in the OK Aura Database
(training and validation).
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Figure 4: Accent distribution in the OK Aura
Database (training and validation).

3.1.3. Test split

The OK Aura test split contains 575 samples of 47
unique speaker. Sex remains imbalanced (Table 2),
and the age distribution is uneven, with a strong
overrepresentation of middle-aged adults (41–50)
and no samples from speakers aged 0–20 (Table 3).
Accent coverage in the test set is also limited (Ta-
ble 4), with several regional varieties either absent
or severely underrepresented.

To ensure reliable subgroup estimates, we ex-
clude demographic groups with fewer than 20 test
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samples from bias quantification and fairness re-
porting. Furthermore, because some of the re-
tained groups still feature a limited number of
unique speakers (e.g., only 20 female speakers),
subsequent fairness metrics should be interpreted
as indicative trends rather than absolute guaran-
tees of generalizability.

4. Experimental Setup

We first describe the WuW model, which is de-
signed for on-device inference (Section 4.1) and
the training procedure (Section 4.2). In the same
section, we also detail how data augmentation and
knowledge distillation are integrated into training.
Finally, we define the metrics used to quantify data
imbalance and predictive disparities (Section 4.3).

4.1. WuW detection model
We adopt a Gated Recurrent Unit (GRU)-based
classifier as a practical trade-off between real-time
efficiency and WuW detection accuracy. The model
consists of a single GRU layer with 200 hidden units
followed by a fully connected classification layer
that discriminates between WuW and unknown.
We refer to this architecture as device-sgru; it
counts 145.6k parameters, and one inference takes
∼25 ms on a Pixel XL device (López et al., 2023),
making it suitable for real-time inference on-device.

The input features are 13 MFCCs extracted with a
100 ms analysis window and a 50 ms hop, yielding
29 frames for a 1.5 s audio window. We replace
the zeroth MFCC coefficient with the log-energy to
better capture overall signal intensity (López et al.,
2023).

For clarification, the w2v-BERT2-kws model de-
scribed in Section 2.2 is just used to distill knowl-
edge from it, it is not intended to be executed or
deployed on device.

4.2. Training
All hyperparameters were set based on our pre-
vious research (López et al., 2023), prioritizing
preservation of the strong baseline detection per-
formance. Specifically, models are trained for up to
700 epochs by minimizing cross-entropy loss with
a batch size of 128. We use Adam with an initial
learning rate (LR) of 0.001 and reduce the LR by a
factor of 10 when validation performance plateaus;

Sex # Samples # Speakers
Female 254 (44.88%) 20
Male 321 (55.12%) 27

Table 2: Number of samples by Sex in the OK Aura
Database (test).

Age Group # Samples # Speakers
0-20 0 0
21-30 135 11
31-40 138 11
41-50 295 24
51+ 7 1

Table 3: Number of samples by Age Group in the
OK Aura Database (test).

Accent # Samples # Speakers
central southern 313 26
eastern & balearic 15 1
non native 49 4
northern 90 7
southern 84 7
unknown 12 2

Table 4: Number of samples and speakers by re-
gional Spanish accent in the OK Aura Database
(test).

training stops after four successive LR reductions
without improvement.

To improve robustness under diverse acoustic
conditions, we apply additive noise and reverbera-
tion (RIR convolution) during validation. Because
such augmentation introduces additional variance
in the validation loss, we select the final checkpoint
as the one minimizing the mean of the three lowest
validation-loss values across epochs, which stabi-
lizes model selection under stochastic validation
augmentation.

This procedure is used to train both the pri-
mary device-sgru model and the SSL-based
teacher w2v-BERT2-kws model used for KD. The
device-sgru model is trained from scratch with
uniformly initialized weights; we refer to this config-
uration as baseline. For w2v-BERT2-kws, the
w2v-BERT 2.0 pre-trained encoder is kept frozen,
and only the task-specific layers are trained from
scratch (uniform initialization).

We then integrate two demographics-unaware
training strategies for bias mitigation: data augmen-
tation and KD. During training, augmentations are
applied with probability p = 0.2 (i.e., 20% of train-
ing samples), aiming to preserve strong baseline
characteristics while injecting robustness-inducing
perturbations.

The following augmentation configuration is
used:

• FilterAugment: number of frequency bands
uniformly sampled in [3, 9], minimum band-
width 187 Hz, gain sampled in ±6 dB.

• FreqMixStyle: α = 0.4 for the Beta distribu-
tion; mixing is restricted to pairs of samples
with the same label.
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Attribute Advantaged Group Disadvantaged Group Disparate Impact
Sex Male Female 0.7170
Age 41-50 21-30 0.6804
Accent central_southern northern 0.1692

Table 5: Disparate Impact by attribute in train and validation splits of OK Aura database.

• Frequency masking: WF = 30 and ν = 128
mel channels.

For KD, we initialize the student device-sgru
with the weights of the pre-trained baseline to
accelerate convergence. We then optimize the
distillation objective in Eq. 6. During distillation
we switch to Stochastic Gradient Descent (SGD)
(momentum 0.9, weight decay 10−4), as it can yield
flatter minima and improved generalization. The
initial LR is 0.0001 with an on-plateau scheduler,
and we set δ = 0.2 and τ = 2.

4.3. Evaluation and metrics for bias
quantification

Predictive disparities across demographic groups
are often linked to data imbalance, where under-
represented cohorts tend to suffer degraded perfor-
mance (Barocas and Selbst, 2016). We therefore
relate demographic imbalance in the OK Aura train-
ing/validation data to disparities observed in model
predictions on the test split. Concretely, we quan-
tify imbalance in the input data (Section 4.3.1) and
quantify predictive differences (Section 4.3.2).

4.3.1. Bias in data

To quantify demographic imbalance in the dataset,
we use Disparate Impact (DI), a commonly used
ratio-based metric in algorithmic fairness. Let G
denote the set of demographic groups, with a, d ∈
G representing an advantaged and disadvantaged
group, and let Y ∈ {0, 1} denote the binary label (1
for WuW presence and 0 otherwise). DI is defined
as:

DI =
P (Y = 1 | G = d)

P (Y = 1 | G = a)
. (12)

For multi-valued attributes (e.g., accent, age
groups), we report the maximum ratio (or equiv-
alently the most imbalanced pair) across all group
pairs.

4.3.2. Bias in predictions

We follow the pairwise group comparison protocol
described by Singh et al. (2023) to assess pre-
dictive disparities. We evaluate WuW detection
on fixed 1.5 s windows and use a fixed decision
threshold of 0.5. We report performance using the
F1-score:

F1 = 2× Precision× Recall

Precision + Recall
, (13)

where
Precision =

TP

TP + FP
(14)

Recall =
TP

TP + FN
(15)

Predictive Disparity (PD). We define PD as the
maximum absolute difference in F1-score across
demographic groups:

PD = max
i,j∈G

|F1(gi)− F1(gj)| , (16)

where gi, gj ∈ G denote group identities. Larger
values indicate stronger performance gaps and po-
tential fairness concerns.

Relative reduction of predictive disparity
(RRPD). To compare mitigation strategies, we re-
port the relative reduction in PD with respect to the
baseline:

RRPD = 100× PDbaseline − PDtechnique

PDbaseline
. (17)

Here, PDbaseline denotes disparity for the baseline
model and PDtechnique for the model trained with a
given mitigation technique.

5. Results and Discussion

We report (i) demographic imbalance in the OK
Aura training/validation splits (data bias; Sec-
tion 5.1.1), (ii) predictive disparities of the base-
line WuW detector on the OK Aura test split (pre-
diction bias; Section 5.1.2), and (iii) the impact of
demographics-agnostic training strategies for miti-
gation (Section 5.2). Following our evaluation pro-
tocol, demographic groups with fewer than 20 test
samples are excluded from bias quantification to
ensure stable subgroup estimates.

5.1. Bias quantification

5.1.1. Bias in data

Table 5 reports DI for the OK Aura train-
ing/validation splits, revealing systematic represen-
tation imbalances across all examined attributes.
Male speakers are overrepresented relative to fe-
male speakers (DI = 0.717), the 41–50 age group
dominates compared to 21–30 (DI = 0.6804), and
accent imbalance is most severe: Central South-
ern Spain is disproportionately represented relative
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Group F1-score Support
Male 0.9863 296
Female 0.9825 204
21–30 0.9956 115
31–40 0.9828 118
41–50 0.9827 265
southern_spain 0.9818 84
central_southern_spain 0.9873 278
northern_spain 0.9781 70
non_native 0.9870 39
PD (sex) 0.0038
PD (age) 0.0129
PD (accent) 0.0092

Table 6: Performance across demographic groups
with predictive disparity (PD) for baseline model.

to Northern Spain (DI = 0.1692). These skewed
distributions are likely to affect generalization and
may translate into unequal predictive performance
across groups.

5.1.2. Bias in predictions

Table 6 presents subgroup F1-scores and PD
for the baseline model. Sex-related disparity
is small but measurable (PD = 0.0038), with
slightly higher F1 for male speakers (0.9863 vs.
0.9825). Age exhibits the largest performance gap
(PD = 0.0129): the 21–30 group performs best
(0.9956), while the 41–50 group performs worst
(0.9827), highlighting older adults as a key cohort
for mitigation. Accent disparities are also evident
(PD = 0.0092), where Central Southern Spain
achieves the highest F1 (0.9873) and Northern
Spain is lower (0.9781), suggesting that accent
variability remains a relevant source of error.

Overall, the baseline results indicate that demo-
graphic imbalance in the training data co-occurs
with predictive disparities, motivating mitigation
methods that increase robustness without requiring
demographic labels.

5.2. Bias mitigation and analysis
First, the high-capacity SSL-based classifier w2v-
BERT2-kws exhibits substantially lower disparities
than baseline (Table 7), indicating that large-
scale SSL pretraining can reduce, but not eliminate,
demographic performance gaps. This motivates its
use as a teacher model for KD.

Table 8 reports the relative reduction of predic-
tive disparity achieved by each technique with re-
spect to baseline. We observe that augmenta-
tion and KD show attribute-dependent behavior.
Specifically, DIR only improves disparity for sex

(67.35% RRPD), suggesting that device-specific
impulse responses may not capture the heteroge-
neous acoustic variations typically associated with
demographic attributes. FilterAugment yields the
largest reduction in sex disparity (88.26% RRPD)
and also improves age fairness (30.14% RRPD),
but it increases accent disparity. This suggests that
while smooth frequency-energy perturbations help
reduce reliance on certain demographic-specific
spectral cues, they do not universally benefit all at-
tributes. On the other hand, FreqMixStyle improves
age and accent fairness but degrades sex fairness
(negative RRPD), indicating that frequency-wise
statistics mixing affects demographic attributes dif-
ferently and may not generalize across all cues
simultaneously. We hypothesize that FreqMixStyle
and FilterAugment, underperform on some speaker
demographics as they can reshape frequency
statistics too aggressively. They may destroy criti-
cal formant/prosodic cues and yielding mixed fair-
ness gains at higher error cost.

In contrast, Frequency Masking provides the
most consistent gains across all attributes, achiev-
ing a strong reduction in age disparity (83.65%)
while also narrowing the gaps for sex and ac-
cent. Furthermore, Table 9 shows that these gains
are achieved while maintaining competitive sub-
group F1-scores, making Frequency Masking a
suitable fairness-oriented augmentation. Suppress-
ing specific frequency bands appears to force the
model to distribute evidence across multiple re-
gions of the spectrum rather than overfitting to a
single demographic-correlated band (e.g., the F0 or
low-formant region). This distributed attention both
improves overall robustness and reduces reliance
on demographic-specific cues.

Finally, KD reduces sex and age disparity but
does not consistently reduce accent disparity. One
plausible explanation is that accent invariance is
constrained by limited accent diversity in the la-
beled in-domain data used during distillation, which
may limit the teacher’s ability to provide accent-
neutral soft targets. Finally, combining KD with
Frequency Masking does not improve over the
best single-technique settings and can degrade re-
sults for some attributes, suggesting an interaction
between stochastic spectral corruption and logit
matching that may be difficult for a small student
architecture to optimize jointly.

6. Conclusion and Future Work

This work shows that demographic-agnostic train-
ing can mitigate bias in Wake-up Word detection
without requiring demographic labels during train-
ing. We studied two complementary families of
methods: (i) data augmentation that perturbs or
removes frequency information, and (ii) knowledge
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Classifier Sex RRPD (%) Age RRPD (%) Accent RRPD (%)
w2v-BERT2-kws 79.64 85.35 41.05

Table 7: w2v-BERT2-kws Relative Reduction of Predictive Disparity for demographic attributes in compar-
ison to baseline model. It demonstrates reduced PD across sex, age, and accent categories.

Experimental Setting Sex RRPD (%) Age RRPD (%) Accent RRPD (%)
DIR 67.35 0.00 -20.13
FreqMixStyle -21.42 34.12 40.48
FilterAugment 88.26 30.14 -40.19
FreqMasking 39.94 83.65 40.48
KD 67.35 15.10 -20.13
KD + FreqMasking 21.24 15.10 -40.19

Table 8: Relative Reduction of Predictive Disparity (RRPD) across sex, age, and accent for different
training techniques. Higher is better (negative values indicate increased disparity).

distillation (KD) from a large pre-trained speech
model. Across speaker groups defined by sex, age,
and accent, these approaches reduce performance
disparities while maintaining competitive overall ac-
curacy.

Our results highlight that augmentation design
is critical for effective mitigation. In particular,
frequency-energy perturbations and statistics mix-
ing exhibited attribute-dependent behavior, some-
times degrading fairness for specific groups. Con-
trary, Frequency Masking emerged as the most
robust single technique. It consistently achieved
a relative reduction in predictive disparity (RRPD)
of 39.94% (sex), 83.65% (age), and 40.48% (ac-
cent). By suppressing specific frequency bands,
Frequency Masking prevents the model from overfit-
ting to demographic-correlated acoustic cues (e.g.,
fundamental frequency) and forces it to distribute
evidence across the broader spectrum. Addition-
ally, KD achieved high RRPD, especially for sex
and age, but showed limited impact on accent. This
suggests that accent-invariant transfer remains con-
strained by the limited accent diversity available in

Group F1-score Support
Male 0.9828 296
Female 0.9851 204
21–30 0.9880 115
31–40 0.9828 118
41–50 0.9847 265
southern_spain 0.9818 84
central_southern_spain 0.9835 278
northern_spain 0.9781 70
non_native 0.9870 39
PD (sex) 0.0023
PD (age) 0.0052
PD (accent) 0.0089

Table 9: Predictive Disparity using FreqMasking
technique to train device-sgru model.

the in-domain distillation data.
Future work will extend this analysis to intersec-

tional fairness settings (e.g., older females with spe-
cific regional accents) and broaden demographic
coverage by curating more balanced data across
attributes. Particular emphasis will be placed on
underrepresented age and accent groups.

Limitations. (i) Our analysis is univariate and
does not capture intersectional effects (e.g., older
female speakers with regional accents). (ii)
The training/validation procedure includes out-of-
domain audio sources, which can introduce dis-
tribution mismatch and metadata inconsistencies.
(iii) Several demographic groups are underrepre-
sented in the test split and were excluded from
fairness reporting; furthermore, the limited number
of speakers within the retained groups implies that
our specific conclusions regarding them should be
interpreted with caution. (iv) F1 does not decom-
pose disparities into false accepts and false rejects,
which carry asymmetric costs in WuW detection.
(v) Conclusions at a fixed threshold of 0.5 may not
generalize across operating points. Future work
should adopt multi-objective evaluation frameworks
that jointly optimize overall accuracy, per-group F1,
and cross-attribute fairness, rather than treating
each in isolation.

Ethics Statement This research addresses fair-
ness in speech systems, which has positive ethical
implications for reducing discrimination. The OK
Aura dataset involves anonymized speakers with
informed consent. Our demographics-agnostic ap-
proach specifically avoids requiring sensitive demo-
graphic labels during deployment, protecting user
privacy. However, we acknowledge that bias mit-
igation techniques may have unintended effects
on other demographic groups not examined in this
study, and that univariate analysis may miss inter-
sectional discrimination patterns.
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Abstract

Speech Large Language Models have recently enabled the processing of spoken language by coupling powerful
language models (LLMs) with pre-trained speech encoders. However, their multilingual scalability remains limited,
particularly for low-resource and unseen languages, while naïve fine-tuning often triggers catastrophic forgetting
of previously learned languages. This work investigates how Continual Learning (CL) can be used to sustainably
expand multilingual Speech LLMs. We first demonstrate that multilingual projectors can be efficiently bootstrapped to
new languages, even with extremely small datasets, but at the cost of severe degradation on the original supported
languages. To address this, we adopt rehearsal-based CL strategies and show that interleaving even small amounts
of replay data effectively stabilizes multilingual performance. Through extensive ablations, we quantify the minimum
rehearsal budget required to prevent forgetting and identify fragile languages that require more targeted reinforcement.
We further evaluate sequential acquisition of four linguistically diverse languages (Ukrainian, Japanese, Thai, and
Vietnamese), revealing the trade-offs between buffer size and long-term stability. Finally, based on these empirical
observations, we propose a Fragility-Based Sampling heuristic as a pathway to allocate rehearsal data more
efficiently by tiering languages according to their stability thresholds. Our findings provide a practical roadmap for
scalable, resource-efficient multilingual expansion of Speech LLMs, enabling inclusive ASR systems that can grow
over time without sacrificing prior knowledge.

Keywords: continual learning, data replay, speech recognition, LLM, low-resource languages, multilingual-
ity, fragility

1. Introduction

Large Language Models (LLMs) have transformed
natural language processing, and their integration
with audio modalities has birthed the era of Speech
Large Language Models (Speech LLMs). By bridg-
ing pre-trained speech encoders with high-capacity
language decoders, these models move beyond
simple transcription to achieve a more context-
aware understanding of spoken communication.
Traditionally, speech understanding has relied on
cascaded architectures that sequentially link ASR,
language modeling, and TTS modules. However,
this pipeline approach suffers from several flaws (1).
First, it is prone to error propagation, where inaccu-
racies in transcription directly degrade the quality
of the subsequent text generation. Second, these
systems lack a shared context; once speech is
converted to text, paralinguistic features, such as
pitch and tone are lost. Consequently, the lan-
guage model cannot take advantage of the rich
information contained in the original audio signal.
Furthermore, the multi-stage process introduces
significant processing latency. Speech Language
Models (SLMs) (2) seek to resolve these problems
by processing audio directly, utilizing the inherent
capabilities of LLMs to match or exceed the perfor-
mance of specialized, task-specific models in a uni-
fied framework. Despite recent advances, there is
still a gap in the multilingual scalability of these sys-
tems. Most state-of-the-art models are optimized

primarily for high-resource languages such as En-
glish, often struggling with the phonetic and struc-
tural nuances of low-resource or underrepresented
languages (3). In the context of Automatic Speech
Recognition (ASR), extending Speech LLMs to a
global scenario is not just a matter of data volume;
it requires overcoming challenges such as catas-
trophic forgetting (4), where the acquisition of a
new language degrades performance on previously
learned ones.

Building on these challenges, the scope of this
work focuses on the sustainable expansion of
Speech LLM architectures through Continual Learn-
ing (CL). Rather than resorting to the computa-
tionally expensive and data-intensive process of
retraining models from scratch to accommodate
new linguistic domains, we investigate methods to
incrementally integrate additional languages into
an existing system. Using as a starting point the
MEUSLI 1 projector (a multilingual interface con-
necting a frozen Whisper encoder to a 1.7B Eu-
roLLM based on SLAM-ASR framework (5)), we
examine how to efficiently bootstrap support for un-
seen and low-resource languages. We specifically
explore rehearsal-based (6) (Data Replay) strate-
gies to mitigate the catastrophic forgetting inherent
in the SLAM-ASR framework. By analyzing the
minimum rehearsal data required and proposing

1https://huggingface.co/SpeechTek/
MEUSLI_projector_v2
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a Fragility-Based Sampling heuristic, we provide
a pathway for ASR Speech-LLM systems that is
both inclusive of underrepresented languages and
resource-efficient.

2. The Speech-LLM Paradigm for ASR

The emergence of Speech Large Language Models
(SLMs) marks a shift toward unified, multimodal ar-
chitectures that bridge the gap between raw acous-
tic signals and high-level linguistic reasoning. Un-
like traditional cascaded systems, which reduce
speech to plain text before processing, SLMs aim
to maintain a continuous flow of information, pre-
serving paralinguistic cues such as tone, pitch, and
rhythm. These models typically leverage the vast
pre-trained knowledge of Large Language Mod-
els (LLMs) to perform tasks like Automatic Speech
Recognition (ASR) or Spoken Question Answering
directly from audio input.

2.1. The SLAM-ASR Architecture

This study leverages the SLAM-ASR framework2,
which provides an efficient, modular approach to
multimodal integration. As shown in Figure 1, the ar-
chitecture is composed of three main components:

• Speech Encoder: Transforms raw audio into
high-dimensional acoustic representations.

• Projector: A lightweight module that maps
acoustic representations into the same embed-
ding space as the LLM’s token embeddings.
This interface can range from simple linear
layers to more complex neural architectures.
In this work we leverage the MEUSLI linear
projector.

• Language Model: A pre-trained LLM that pro-
cesses the projected speech embeddings as
if they were text tokens.

A significant advantage of this paradigm is the effi-
ciency, during training in fact, both the encoder and
the LLM are typically kept frozen, with the possibil-
ity of eventually use Low-Rank Adaptation (LoRA)
(7) to further enhance LLM performance.

2.2. Baseline Model: The MEUSLI
Projector

To evaluate the ability to extend a Speech-LLM
based model to new languages by applying Con-
tinual Learning techniques, we utilize the MEUSLI
(Multilingual EU Speech LInear projector) model as
our experimental baseline. MEUSLI is an open-
science initiative designed to connect a frozen

2https://github.com/X-LANCE/SLAM-LLM

Whisper-large-v3-turbo (8) encoder with the mul-
tilingual EuroLLM 1.7B-Instruct (9) backend.

The model was initially trained on 7,622 hours of
open-source data from Common Voice, FLEURS,
and VoxPopuli, covering 28 European languages.
The projector itself is a linear layer with ap-
proximately 17.31M trainable parameters, supple-
mented by a LoRA configuration in the LLM adding
1.38M tunable parameters.

Figure 1: The proposed Speech LLM architecture
used in MEUSLI (Multilingual EU Speech LInear
projector) training pipeline (5; 3).

2.3. Multilingual Capabilities and
Constraints

The current iteration of the projector natively sup-
ports 28 European languages, ranging from high-
resource (Spanish, French, German) to medium
and low-resource ones (Breton, Maltese, Welsh).
To enhance performance, Low-Rank Adaptation
(LoRA) is applied to the LLM, introducing 1.38M
tunable parameters. Despite its broad coverage,
the model faces some limitations:

• Language Gaps 1: Performance remains un-
even, with very low-resource languages (e.g.,
Irish or Breton) exhibiting significantly higher
Word Error Rates (WER) compared to their
high-resource counterparts.

• The model is only focused on European lan-
guages, but it does not cover them all.

• The model has been trained on open source
data: Common Voice 17 (10), Fleurs (11) and
VoxPopuli (12), therefore it is not suitable for
other specific domains or accents.

3. Bootstrapping New Languages

To explore the model’s capacity for expansion,
we investigate the process of bootstrapping—fine-
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tuning the pre-trained MEUSLI projector on lan-
guages entirely absent from its initial training set.
This stage is critical for assessing whether a mul-
tilingual foundation model can effectively transfer
knowledge to low-resource scenarios with minimal
train data.

We conducted two primary bootstrapping experi-
ments on languages that utilize different scripts or
linguistic structures than those natively supported.
For these two experiments, we used the training
recipe of SLAM-ASR while loading the MEUSLI
projector as starting checkpoint:

• Ukrainian: Fine-tuning on 30 hours of Com-
mon Voice data enabled the model to achieve
a 16.3% Word Error Rate (WER), a notable im-
provement over the monolingual training of the
same exact pipeline that only reaches 20.4%
WER.

• Albanian: Even with an extremely limited
dataset of only 46 minutes of Common Voice
data, the model successfully bootstrapped to
a 75.6% WER. In contrast, a monolingual pro-
jector trained from scratch on this same data
failed to converge, reaching 389% WER.

These two experiments reported in Table 1 show
promising results on how to extend this model to
new languages. These results confirm that multilin-
gual pre-training provides a superior initialization
point for new language acquisition.

Table 1: WER for the bootstrapping experiment on
Ukrainian and Albanian. The training data comes
from Common Voice 17. “Mono" refers to a monolin-
gual projector trained on the CV data, “→" indicates
MEUSLI fine-tuned on CV data.

Language Training Mono MEUSLI→
Ukrainian 30h 20.4% 16.3%
Albanian 46min 389% 75.6%

3.1. The Emergence of Catastrophic
Forgetting

While the model successfully acquires the new tar-
get language, this specialized fine-tuning induces
a severe side effect known as catastrophic forget-
ting. This phenomenon occurs when the weights
of the projector are adjusted to the distribution of
the new task or in this case language, causing a
sudden and near-total loss of performance on the
original 28 supported European languages. Ta-
ble 2 shows the side effects on some of the 28
supported languages after fine-tuning on Ukrainian.
Specifically, for almost all these test languages in
both test sets (Common Voice 17 and Fleurs), the

model is no longer able to transcribe properly. The
output transcription is instead full of hallucinations
with Ukrainian characters.

Table 2: Comparison of WER showing the
catastrophic forgetting effect after fine-tuning on
Ukrainian. High WER values in the Fleurs and
CV17 columns indicate a collapse of original multi-
lingual capabilities compared to the base model per-
formances reported on the third and fourth columns.
“→" indicates MEUSLI fine-tuned on CV data

Language MEUSLI→ FL MEUSLI→ CV MEUSLI CV MEUSLI FL
Spanish 90.34 – 5.22 4.09
German 15.50 19.87 7.11 7.79
French 68.90 – 11.24 7.83
Portuguese 109.6 123.66 9.39 4.86
English 9.02 22.72 12.94 6.34
Polish 100.6 – 14.19 8.68
Czech 108 – 11.16 11.32
Italian 39.28 60.18 6.01 3.32
Danish 40.02 95.16 18.81 14.65
Latvian 68.38 – 27.12 17.23

4. Continual Learning for Multilingual
ASR

To learn how to transcribe a new language and
at the same time mitigate the catastrophic forget-
ting identified in Section 3.1, we adopt a Contin-
ual Learning (CL) framework based on Data Re-
hearsal (or Data Replay) and inspired by the frame-
work proposed in CL-MASR (13). The core ob-
jective is to integrate new languages sequentially,
without degrading the performance of the original
28 European languages already supported by the
MEUSLI model.

Within this Continual Learning framework, we
formulate the expansion of the Speech LLM as a
Task Incremental Learning (TIL) problem. In this
paradigm, the model is trained on a sequence of
distinct tasks T1, T2, . . . , TN , where each task Ti

represents the acquisition of a new, previously un-
supported language (e.g., T1 = Ukrainian, T2 =
Japanese). The objective is to minimize the error
on the new task Ti while strictly bounding the perfor-
mance degradation on all previously learned tasks
T<i, including the original 28 base languages.

To formally evaluate the global stability of the
model across this sequence, we adopt the Average
Word Error Rate (AWER) metric as in (13). Let
WERi,j be the Word Error Rate evaluated on task
j after the model has finished training on task i.
The AWER after training on task i is defined as the
arithmetic mean of the errors across all active tasks
up to that point:

AWERi =
1

i

i∑

j=1

WERi,j (1)

This metric allows us to monitor the evolution of
performances.
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4.1. Establishing a Continual Learning
Baseline: The Case of Ukrainian

We first validate the effectiveness of data rehearsal
by repeating the Ukrainian experiment as the initial
step in our TIL sequence (T1 = Ukrainian). In this
setup, we fine-tune the projector on the new task T1

using the Common Voice (CV) training set, while
simultaneously replaying a small subset of samples
from the original 28 base languages. Initial results
using a rehearsal budget of 1,000 samples per lan-
guage—selected deterministically as the first 1,000
utterances from each training set—demonstrated
that it is possible to acquire the new task (reaching
17.56% WER on T1) while keeping performance
on the base tasks T0 stable. This result shown
in Table 3 confirms that interleaving even a min-
imal amount of data from previous tasks acts as
a powerful regularizer, anchoring the projector’s
weights and preventing the collapse of the shared
multilingual embedding space.

Table 3: Comparison of Baseline (Meusli) vs. Se-
quential Sampling (First 1000) for Ukrainian acqui-
sition. Metrics reported in WER (%).

Exp ES DE FR IT EN DA PL CS UK Avg
Meusli 4.09 7.79 7.83 3.32 6.34 14.65 8.68 11.32 106.9 18.99
first 1k 4.82 9.54 7.96 5.94 5.20 18.67 10.95 15.21 17.56 10.65

4.2. Ablation Study: Rehearsal Buffer
Sensitivity

To optimize computational efficiency and storage,
we investigated the minimum rehearsal budget re-
quired to maintain stability. We tested buffer sizes
ranging from 1000 down to a single sample per lan-
guage. As shown in Figure 2 , the model demon-
strates remarkable resilience:

• High Stability: As small as 5 samples per
language are sufficient to preserve the perfor-
mance of the original base tasks (T0) after the
acquisition of the first new task (T1).

• Random vs. Sequential Sampling: We
found that Random Sampling outperforms
the "First N " sequential strategy used in the
first Ukrainian CL experiment showed in sec-
tion 4.1 when using a rehearsal buffer of 1000
or 500 samples per language. Randomization
ensures a broader coverage of the acoustic
and linguistic distribution of each language,
which is vital for preventing drift in the projec-
tor and prevent overfitting on small amount of
training data.

• The Breakdown Point: At only 1 sample per
language, we observe the re-emergence of
catastrophic forgetting in specific "fragile" lan-
guages such as Polish, Czech, Hungarian, and

Estonian. In these cases, the model begins to
hallucinate Ukrainian tokens when presented
with base language audio, indicating that a sin-
gle data point is insufficient for reinforcement.

Figure 2: Ablation study of rehearsal buffer size on
the global Average WER. The plot illustrates the
stability plateau down to 5 samples per language
and the collapse when the buffer is reduced to a
single sample.

4.3. Sequential Language Acquisition
Building on the insights from the Ukrainian base-
line, we extended the CL process to a multi-
stage sequential integration of four new languages:
Ukrainian (UK)→ Japanese (JA)→ Thai (TH)→
Vietnamese (VI). This sequence was designed to
test the model’s ability to incorporate diverse scripts
and distinct phonologies in a truly incremental fash-
ion and with a challenging test using low resource
languages very different from the ones natively sup-
ported by the base model. For this set of experi-
ments, we employed the Ukrainian checkpoint ob-
tained in section 4.1 with Common Voice data and
then, for Japanese, Thai, and Vietnamese we opted
to use the training set of the INTERSPEECH 2025
MLC-SLM challenge (14) to further diversify the
train data domain. Figure 3 shows this pipeline.
We evaluated two versions of this sequential loop
to further probe the limits of memory retention in-
troduced in section 4.2: one using a conservative
buffer of 500 samples per language and a more
aggressive setup with only 25 samples. A compar-
ative analysis of these two experiments, shown in
figure 4, reveals a significant trade-off between
buffer size and long-term stability:

• High-Fidelity Retention (500 Samples): With
a 500-sample buffer, the model maintains
strong retention of the original 28 European
languages. For instance, high-resource lan-
guages such as Spanish (ES) remain stable,
moving from a 4.09% baseline to 9.32% af-
ter four integration loops. However, we ob-
serve a steady performance degradation in
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Figure 3: The proposed Continual Learning framework utilizing Data Rehearsal to mitigate catastrophic
forgetting during the integration of new languages.

the newly acquired languages as the sequence
progresses. While Ukrainian (UK) is initially
learned at 17.10% WER, it drifts to 26.57% by
the final loop. Similarly, Japanese (JA) wors-
ens from an initial 27.28% to 40.45% following
the addition of Thai and Vietnamese. This sug-
gests that even a larger buffer provides only
partial stability for newly integrated represen-
tations.

• Accumulated Degradation (25 Samples):
In the aggressive 25-sample setup, we ob-
serve a "catastrophic drift" as the sequence
progresses. The model reaches a breaking
point during the Thai loop, where the Avg
WER surges to 65.98%. By the final stage,
the AWER reaches 51.67%, more than double
the error of the 500-sample experiment.

The divergence in stability is most evident when ex-
amining the AWER across all supported languages
as shown in figure 4. In the 500-sample loop,
the average error remains controlled, increasing
from 15.74% at the base to 29.46% after the final
loop. Conversely, the 25-sample loop experiences
a "catastrophic drift," with the AWER nearly tripling
to 56.06%. This global metric underscores that
insufficient rehearsal does not just affect specific
languages, but gradually destabilizes the entire mul-
timodal alignment. These results, illustrated in our
sequential evaluation logs, demonstrate that while
Speech LLMs possess a high degree of "multilin-
gual core" stability, a minimal rehearsal budget of
25 samples is insufficient to anchor representations
over multiple sequential steps.

Figure 4: Evolution of Average WER across se-
quential learning loops (UK→ JA→ TH→ VI). The
500-sample buffer (blue) maintains global stability,
while the 25-sample buffer (red) exhibits a sharp
catastrophic drift after the first loop, reaching a final
Average WER of 51.67%. Finally the FBS based
CL show the lowest AWER.

4.4. Fragility-Based Sampling

The varying levels of degradation observed in the
uniform-buffer experiments indicate that not all lan-
guages require the same amount of rehearsal to
prevent catastrophic forgetting. Motivated by this,
we introduce a model agnostic Fragility-Based
Sampling (FBS) heuristic. Instead of a uniform
budget, FBS distributes the rehearsal samples
based on the inherent stability (WER) of each lan-
guage, keeping the overall system memory footprint
constant.

For this experiment, we maintained the same to-
tal buffer capacity as the 500-sample uniform setup
(28 languages× 500 = 14, 000 samples), since it is
the buffer size that showed the best AWER. We cat-
egorized the base languages into three tiers and
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Table 4: Sequential Continual Learning results: comparison between uniform rehearsal buffers (500
and 25 samples per language) and the Fragility-Based Sampling (FBS) strategy. Language codes: ES
(Spanish), DE (German), FR (French), PT (Portuguese), EN (English), IT (Italian), PL (Polish), CS (Czech),
DA (Danish), HU (Hungarian), BG (Bulgarian), RO (Romanian), ET (Estonian), LT (Lithuanian), EL (Greek),
SL (Slovenian), FI (Finnish), UK (Ukrainian), JA (Japanese), TH (Thai), and VT (Vietnamese). The AWER
column tracks the arithmetic mean across all active languages, illustrating the impact of different rehearsal
strategies on global stability.

Loop Stage Buffer ES DE FR PT EN IT PL CS DA HU BG RO ET LT EL SL FI UK JA TH VT Avg WER
Meusli (Base) – 4.09 7.79 7.83 4.86 6.34 3.32 8.68 11.32 14.65 16.87 15.20 9.65 19.93 24.30 18.35 19.41 15.29 – – – – 12.23
+ Ukrainian 25 4.95 10.96 7.60 6.38 8.97 6.67 10.98 17.23 22.22 25.68 18.62 15.62 30.87 32.20 33.34 27.33 23.35 17.16 – – – 17.79

500 4.56 8.54 7.86 7.09 7.20 6.64 11.21 14.21 19.97 22.22 17.47 18.50 24.75 30.80 23.33 21.90 19.97 17.10 – – – 15.74
FBS 4.78 9.01 7.92 7.31 7.18 6.80 11.26 14.94 18.38 22.66 16.78 14.35 25.03 28.90 22.84 22.30 18.30 16.62 – – – 15.30

+ Japanese 25 15.91 13.23 15.27 14.99 15.67 11.53 18.69 25.56 28.53 43.03 30.26 29.85 56.14 57.52 41.33 43.11 36.92 28.48 29.90 – – 29.26
500 7.06 10.58 10.51 9.65 8.40 7.67 13.54 18.86 22.83 34.98 22.49 20.78 32.79 39.43 29.78 34.41 24.36 24.17 27.28 – – 21.03
FBS 6.68 9.36 10.04 9.22 8.97 7.44 14.04 17.62 19.73 26.72 21.32 16.07 29.23 36.96 27.31 27.97 23.22 22.89 23.87 – – 18.88

+ Thai 25 34.42 36.10 44.56 25.71 49.28 34.53 40.86 58.61 63.48 122.11 67.50 60.84 98.33 92.43 92.75 86.67 42.20 40.57 278.0 19.45 – 64.42
500 8.23 11.73 11.49 11.20 10.93 8.89 16.57 23.41 25.34 41.67 26.83 26.95 34.69 41.27 38.23 35.39 30.48 28.15 38.62 19.21 – 24.46
FBS 8.25 12.80 13.19 10.24 12.52 8.72 16.68 23.04 25.51 36.16 33.58 26.11 37.18 44.91 37.85 37.71 29.70 24.53 35.35 19.86 – 24.69

+ Vietnamese 25 23.47 32.43 34.72 22.75 23.81 30.71 40.04 58.64 52.25 90.36 55.09 55.20 82.19 80.51 74.73 67.59 64.85 24.99 142.44 106.45 13.95 56.06
(Final Loop) 500 9.32 16.73 12.73 11.60 11.16 11.59 18.53 26.05 27.22 42.49 27.88 27.46 42.50 48.93 37.12 38.18 34.59 26.57 40.45 91.62 15.98 29.46

FBS 9.44 19.04 13.42 13.59 11.78 14.14 18.55 23.60 28.14 38.36 30.49 22.37 39.54 46.97 36.61 35.18 31.51 26.45 47.47 39.44 15.01 26.72

allocated samples inversely proportional to their
baseline robustness:

• Tier A (Robust): 10 high-performing lan-
guages (e.g., ES, DE, FR) allocated 250 sam-
ples each (2, 500 total).

• Tier B (Intermediate): 8 stable languages
(e.g., PL, CS, UK) allocated the standard 500
samples each (4, 000 total).

• Tier C (Fragile): 10 vulnerable languages
(e.g., ET, LT, EL) allocated high-density rein-
forcement of 750 samples each (7, 500 total).

As shown in Table 4, this reallocation strategy
effectively balances the multilingual embedding
space. By the final sequential loop (VT), fragile
Tier C languages show improved retention com-
pared to the uniform 500-sample setup; for in-
stance, Estonian (ET) degrades to 39.54% (com-
pared to 42.50% previously). Crucially, halving the
buffer size for Tier A languages does not trigger
catastrophic drift—Spanish (ES) finishes at a sta-
ble 9.44%, nearly identical to the 9.32% achieved
with double the rehearsal data. Also the AWER, as
shown in figure 4, results to be lower with respect to
the uniform 500-sample setup. FBS achieves a sig-
nificantly fairer and more equitable performance dis-
tribution across high- and low-resource languages.

5. Conclusions and Future Work

In this paper, we investigated the sustainable expan-
sion of multilingual Speech LLMs through Continual
Learning. Using the MEUSLI projector as a foun-
dation, we demonstrated that while the SLAM-ASR
paradigm is highly efficient for bootstrapping un-
seen languages like Ukrainian and Albanian, it is in-
herently vulnerable to catastrophic forgetting. With-
out intervention, fine-tuning on a single new lan-
guage causes a near-total collapse of the model’s
original multilingual knowledge, often resulting in

linguistic hallucinations. Our experiments with Data
Rehearsal provide a clear roadmap for mitigating
this collapse.

We established that stability can be maintained
with surprisingly low rehearsal budgets—down to
5 samples per language—provided that random
sampling is used rather than sequential selection.
However, we also identified a "fragility threshold":
when the budget is reduced to a single sample, per-
formance on specific languages like Polish, Czech,
and Estonian degrades significantly. Furthermore,
our sequential integration loops (UK→ JA→ TH
→ VI) revealed that while a conservative buffer of
500 samples ensures high-fidelity retention across
multiple stages, a minimal buffer of 25 samples
leads to an accumulated "catastrophic drift," where
the global Average WER nearly triples by the fi-
nal stage. To address these non-uniform stability
trade-offs, we introduced and evaluated a Fragility-
Based Sampling (FBS) strategy. By categorizing
languages into tiers, we optimized the rehearsal
budget to distribute samples based on observed
robustness rather than applying a uniform alloca-
tion. Our results demonstrate that this performance-
aware reallocation significantly improves the reten-
tion of vulnerable linguistic representations with-
out destabilizing robust languages. Crucially, FBS
maintains a constant total memory budget while
achieving a lower global Average WER compared
to the uniform-buffer baseline, ensuring a much
more equitable performance distribution across
high- and low-resource languages. Future work will
focus on automating this tiering process through dy-
namic sensitivity analysis during the training phase.
Moreover, we will run experiments to better under-
stand how the language diversity and order of these
languages impact the final WER. By adaptively pri-
oritizing vulnerable linguistic representations on the
fly, we move closer to universal, resource-efficient
Speech-LLM systems that can seamlessly grow
their linguistic capabilities without sacrificing prior
knowledge.
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Abstract
Many studies have shown automatic speech processing (ASR) systems have unequal performance across speaker
groups (SG’s). However, the manner in which such studies arrive at this conclusion is inconsistent. To pave the
way for more reliable results in future studies, we lay out best practices for benchmarking ASR fairness based on
literature from machine learning fairness, social sciences, and speech science. We then perform a case study on
the Fair-speech benchmark, applying aforementioned best practices, and discuss how failing to do so can result in
erroneous conclusions. On the whole, we advocate for as fine-grained an analysis as possible, taking into account as
many variables as are available, in order to eschew dataset-level bias.

Keywords: Fairness, benchmarking, statistics

1. Introduction

In recent years, automatic speech recognition
(ASR) software has grown increasingly performant
(Nayeem et al., 2025), which has led to a comple-
mentary increase in prevalence of ASR use among
diverse populations (Yang et al., 2024; Wald et al.,
2024; Dino et al., 2025). It is therefore increasingly
imperative to ensure that existing ASR systems
perform equally regardless of the identity of the
speaker. There is ample research demonstrating
that certain speaker groups (SG’s), such as chil-
dren and non-native speakers, are treated worse
than others by ASR systems. However, the method-
ology for identifying such SG bias in ASR systems is
inconsistent across studies and sometimes marred
by lack of precise analysis of the multifaceted iden-
tities of individual speakers.

Indeed, applying fairness benchmarks without
sufficient oversight can lead researchers to stumble
into erroneous conclusions which are incongruous
with real world biases, a common blunder in fair-
ness research (Selbst et al., 2019). This paper
discusses the importance of defining SG-level fair-
ness as intentionally and precisely as possible to
avoid such blunders. We start by diagnosing our
observed lack of consistency across ASR fairness
benchmarking studies, and suggest this is due in
part to a lack of clarity about how SG-level fairness
should be defined and measured. We then list sev-
eral best practices to avoid accidentally measuring
bias stemming from fairness corpora rather than

‡ contributed towards formulating framework of
speaker group intersectionality and multivariate SG’s.

real-world bias. We formally define fairness in ASR,
as motivated by broader fairness literature in ma-
chine learning (ML). Finally, we perform a case
study on a common fairness corpus, Fair-speech,
and apply many of the best practices to our anal-
ysis. We highlight some pitfalls that could entrap
unaware users of the corpus. We finish by suggest-
ing how future work, particularly in dataset creation,
can help facilitate fairness benchmarking in ASR.

2. Motivation

This study is motivated by a lack of consistency
both within single and among studies examining
fairness in SOTA ASR systems. We were puzzled
to find that some studies report that women experi-
ence significantly worse treatment (Hutiri and Ding,
2022; Garnerin et al., 2021; Tatman and Kasten,
2017; ElGhazaly et al., 2025), significantly better
treatment (Veliche et al., 2024; Feng et al., 2024,
2021; Abushariah and Sawalha, 2013), or both,
depending on subgroup studied (Attanasio et al.,
2024; Tatman, 2017; Kulkarni et al., 2024). Like-
wise, while most studies find that non-native speak-
ers are less well understood by ASR systems (Ghor-
bani and Hansen, 2018; Zhang et al., 2022; Sekkat
et al., 2024), some find the opposite (Veliche et al.,
2024). Studies seem to all agree that children re-
ceive worse performance by ASR systems; how-
ever, whether older adults are better understood
than younger varies broadly by publication (Aman
et al., 2013; Feng et al., 2021; Kulkarni et al., 2024;
Sekkat et al., 2024).

It is possible that this effect is due in some part to
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the different ASR models being evaluated by each
of these studies. Fixing a dataset and two SG’s
g1,g2 (e.g. native vs non-native speakers), some
studies find that different ASR models perform bet-
ter on g1 while others on g2 (Attanasio et al., 2024).
However, most studies in the literature find that
different ASR systems tend to be biased against
the same SG’s (Feng et al., 2024, 2021; Fuckner
et al., 2023). If we assume that all ASR systems
reflect the same SG-level biases, we would hope
that all studies into ASR fairness would arrive at
similar conclusions. That they don’t is therefore
likely due to methodological variance which allows
researchers analyzing the same data to arrive at
different conclusions.

3. Best practices in reducing
transmission of dataset bias

It is important to remember that any conclusions
reached by fairness studies are estimates of real life
bias, influenced by data on which the experiments
were performed. With this in mind, researchers
should try and limit dataset-level bias as much as
possible so that their estimates are as close as
possible to a real world simulation. In this section,
we will highlight several key notions to attenuate
filtration of biases due to dataset construction into
fairness results. For each, we cite examples from
the literature. It is important to note that these best
practices remain general - we see them as akin
to tools in a belt, whereby the user still must know
how to use each in the manner most beneficial to
their use case. The subsequent section describes
a case study on how these tools can be put to use
- however, each setting is different.

3.1. Ensure equal distribution of
recording quality

Background noise (and recording quality in gen-
eral) have been shown to impact ASR performance
(Rodrigues et al., 2019). It is possible that some
SG’s will have different levels of background noise,
thus potentially biasing results of a fairness study.
Some benchmarks circumvent this by recording all
of their inputs in the same conditions (Sekkat et al.,
2024; Veliche et al., 2024), though benchmarks
compiled from diverse sources cannot (Meyer et al.,
2020). That said, it can be useful to have vari-
ably noisy recordings in the dataset, as real life
ASR often occurs in noisy environments using old
recording equipment. Furthermore, some SG’s
are more likely experience such potential impedi-
ments to ASR transcription, such as the "low" socio-
economic status SG in the Fair-speech dataset
(Veliche et al., 2024).

3.2. Verify text complexity
If different SG’s use different vocabulary/grammar
(i.e. text) in the real world, it is important that these
attributes be taken into account during bias testing.
A corpus where all speakers speak comparable
texts cannot be considered to faithfully estimate
bias if this is not the case in the real world; likewise,
if a certain SG in a corpus is comprised of record-
ings of complex texts, while another SG speaks
easy texts, this likewise has the potential to engen-
der unfaithful bias estimations. On the other hand,
if one is trying to capture merely the bias due to
acoustic features of a speaker’s voice, then control-
ling for text (complexity) is beneficial. Once again,
this is a decision that researchers must consider
intentionally in the context of their individual study.

For example, Koenecke et al. (2020) proposes
calculating each text’s perplexity to assess whether
each SG speaks similarly complex sentences.
They also measure the "dialect density" of text to
determine the extent to which it contains grammar
typical of African American Vernacular English.

3.3. Understand intra-SG speaker
diversity

When we measure ASR performance w.r.t. a SG,
it is tempting to treat SG labels as precise, im-
mutable defining characteristics of speakers. How-
ever, speakers within a given SG can be diverse.
It is therefore essential to understand how each
SG defined, what it means to belong to multiple
SG’s at once, and SG’s are balanced throughout
the dataset.
3.3.1 Intersectionality Traditionally, fairness
in ML has focused on comparing between out-
comes for single groups from the same demo-
graphic variables (DV’s), such as between different
races or sexes (Bellamy et al., 2018; Friedler et al.,
2018). However, recently the application of inter-
sectionality in ML fairness research has gained
traction as a technique to more precisely gauge
bias (Foulds et al., 2019; Wang et al., 2022). These
studies argue that measuring fairness w.r.t. a sin-
gle DV in isolation is insufficient; to best understand
fairness, one must look at as fine-grained SG’s as
possible, comprised of as many DV’s as possible.

Intersectionality has its roots in the social sci-
ences where Crenshaw (1989) defines it as discrim-
ination faced by members of multiple marginalized
classes at the intersection of several groups, for
example Black. Wang et al. (2022) emphasizes
that treating heterogeneous groups as a monolith
(e.g. all people from Pacific islands) can hide un-
fair treatment experienced by subgroups thereof
(e.g. specific islands). Foulds et al. (2019) em-
phasizes the importance of prioritizing protected
classes which are underrepresented in fairness
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benchmarks, as their discrimination can be more
easily ignored than a large underprivileged group.

Several existing benchmarks for fairness in ASR
already consider the intersectionality of SG’s (with-
out necessarily using that exact term) for both afore-
mentioned motivations. For example, Feng et al.
(2021) and Feng et al. (2024) examine the WER
gap between Dutch spoken in Flanders vs in the
Netherlands, intersecting with regional dialects,
native-ness of speakers, age, and speech format
(read vs. human-machine interaction). One finding
is that the gender-based WER gap is least signif-
icant among children, while the age-based WER
gap is most significant for women, as well as that
the regional gap is strongest among children and
teens, and weakest among older adults. This is
a crucial insight that would be ignored if the au-
thors had only compared between genders, ages,
or regions.
3.3.2 Conditional statistical parity The met-
rics used to measure fairness in ASR correspond to
statistical parity as introduced by Verma and Ru-
bin (2018) in their landmark fairness taxonomy pa-
per. A more rigorous version of this is conditional
statistical parity, which requires that all secondary
attributes about the setting be the same, such as
background noise or text complexity. Furthermore,
we can condition on/take into account secondary
DV’s in our calculations. This is important both
in order to uncover intersectional biases, as well
as to equilibrate potential unbalance in other DV’s.
Failure to do this might end up spuriously measur-
ing the random side-effects of subgroup imbalance
captured during dataset construction.

As a toy example, let us imagine we are measur-
ing the fairness of performance of an ASR system
on men vs women, on some benchmark B. By
chance, 1 in 20 men in B suffer from Parkinson’s
disease (diminishing their ASR comprehensibility
(Moro-Velázquez et al., 2019)), but only 1 in 100
women in B suffer from Parkinson’s. If we are either
unaware of this, or ignore it, then we might conclude
that men experience worse ASR performance than
women; however, our observation would at least in
part be due to the confounding influence of a higher
prevalence of Parkinson’s in the male population,
rather than due to their masculinity.

Koenecke et al. (2020) responsibly attempt to
avoid contamination of their race DV by either age
and gender by retaining the same proportion of
both gender and age groups for both White and
Black speakers. However, they don’t consider the
intersection of age and gender, an oversight of in-
tersectionality. They then delve into the geography
of both racial groups where, crucially, they find that
race is not sufficient to explain the WER gap; Black
Americans from Rochester had comparable WER
to White Americans.

Sekkat et al. (2024) control for the confounding
effects of other DV’s, noting that this causes some
univariate effects w.r.t. age and gender to vanish.
Likewise, Tatman (2017) finds a greater difference
in by-gender performance in certain dialect groups.

On the other hand, Veliche et al. (2024) finds that
men have twice as high a WER as women, which
they explain by citing previous work showing men
tend to have worse ASR performance. However,
while they note that the men in their dataset are
far more likely to be African-American than their
women, they don’t perform an intersectional anal-
ysis to interrogate what is likely at least partially
responsible for that effect.

Another example of failure to take SG diversity
into account is the "Asian" dialect category in the
Sonos dataset (Sekkat et al., 2024), which is com-
prised of speakers from Southern as well as East-
ern Asian countries. The authors acknowledge
the extraordinary diversity of this category and the
incumbent challenges this causes in interpreting
results based on it.
3.3.3 Beware (un)known confounding factors
In the previous examples, researchers were able
(or failed) to avoid jumping to conclusions more
reflective of biases in their dataset than biases in
their ASR systems. Or they were able to uncover in-
tersectional bias specific to multidimensional SG’s.
However, these effects can only be explicitly con-
trolled when potentially confounding metadata are
available in the dataset. For example, the Sonos
dataset has ethnicity tags for only a small portion
of its speakers, where they show it to have a sta-
tistically significant relationship with ASR error rate
(Sekkat et al., 2024). However, they cannot control
for equal ethnicity distribution over the rest of the
dataset, and therefore cannot control this bias.

Indeed, there may be many other confounding
variables related to speaker identity which are not
included in the dataset. It is by definition impossible
to directly control for these; however, authors could
estimate the extent to which their datasets are free
from such effects by using phonetic priors. For ex-
ample, studies have shown that human’s voices
don’t change very much during middle age (Rojas
et al., 2020). The reliability of fairness experiments
can therefore be benchmarked by performance vari-
ance across middle-aged age groups: if there is
significant performance difference between any two
middle-aged SG’s, that is an indication of method-
ological error, likely due to lack of balancing (Sekkat
et al., 2024; Veliche et al., 2024).

3.4. Define SG-level performance based
on speaker-level performance

When measuring SG-level bias, it is imperative to
calculate error for each SG as a function of error for
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each speaker adhering to said SG. This is based on
two observations: first, utterances from the same
speaker are not independent, and thus we cannot
perform a statistical test that assumes indepen-
dence of samples. Second, this avoids bias due to
imbalance in representation for each speaker. For
example, if speaking time is not equally distributed
across speakers in SG (e.g. D1

SG contains many
more utterances/words for some speaker S1 than
another speaker S2), then calculating SG-level error
as a function utterances will engender bias towards
Speaker S1, and will not be a faithful representation
of the SG overall.

Not all studies adhere to this principle, however.
Sekkat et al. (2024) explicitly argues for the sim-
plicity of measuring fairness based on individual
utterances. Furthermore, Feng et al. (2021) and
Feng et al. (2024) base some of their conclusions
on a small numbers of speakers (see i.e. Table 1
in Feng et al. (2024)). They claim statistical sig-
nificance, likely based on the number of overall
samples or hours of recorded speech, rather than
the diversity of speakers per SG.
3.4.1 The challenge of speaker paucity If
we define SG-level performance as a function of
individual speakers, the statistical significance of
our results will depend on the number of speakers
in each SG. This leads us to a set of contradictory
incentives: the more precisely we define SG’s as
the intersections of multiple DV’s (as encouraged
in the previous section), the more precise are our
conclusions into SG-level fairness. However, the
more precisely we define SG’s as the intersections
of multiple DV’s, the fewer speakers will be included
in each class, thus reducing the significance of tests
we perform on them. This is logical: if a SG con-
tains too few speakers, we risk measuring bias due
to the unique nature of those several individuals,
rather than due to the SG they belong to.

We can derive the number n of speakers per
SG necessary for statistical (with confidence α and
power β) significance in, for example, a one-sided
two-sample Z-test (e.g. comparing the mean error
of two SG’s given fixed population variance) with
test-statistic Z:

Z :“ δ̂

σ
a
2{n

Z ą zα `zβ ùñ δ̂2

σ2 ˚p2{nq ą pzα `zβq2

ùñ ną 2˚ pzα `zβq2 ¨σ2

δ̂2
(1)

where δ̂ is the difference in estimated WER for two
SG’s, σ the variance between speakers, and zα,β
the quantiles defined by the significance and power
respectively. For example, given typical values of

95% confidence with 0.8 power, taking δ̂ “ 0.1 and
σ “ 0.15 (reasonable estimates based on our anal-
yses in Section 5), we would need n« 35 speakers
per SG. This could be a serious hindrance for cor-
pora with few speakers, and/or multivariate SG’s
defined by many DV’s.

This bound cannot be shrunk simply by increas-
ing the number of utterances per speaker. σ̂ :“σ`ϵ,
where ϵą0 varies inversely to the number of words
for each speaker - the more words available per
speaker, the smaller ϵ and thus the less noisy σ̂,
which results in smaller n. However, σ̂ can never be
lower than σ, which means that an increase in the
number of words per speaker has a limited effect
on improving our measured error bounds.

3.5. (Sometimes,) aggregate SG’s
Just because metadata are available in a corpus
doesn’t mean they are useful in fairness analysis!
3.5.1 Too few speakers per SG In this case,
we will be unable to draw statistically significant
conclusions based on performance over this SG.
Therefore, it could make sense to create an "other"
category which groups semantically unusual SG’s
together. The upside of such aggregation is that it
allows "other" to be represented by sufficient speak-
ers so as to be statistically significant, whereas
as initially constituted, those SG’s would be sta-
tistically meaningless. The downside is that this
marginalizes the individual identities of those under-
represented SG’s, which Wang et al. (2022) warns
against. However, we are limited by the data avail-
able, and there is interpretable value in creating a
class to compare with the mode SG’s.
3.5.2 Superfluous level of precision in meta-
data We stand to gain nothing by measuring
fairness w.r.t subgroups defined by attributes likely
independent of ASR fairness, for example different
middle-age subgroups (Rojas et al., 2020; Hustad
et al., 2021). Instead, this can lead to two harms:
1) we risk accidentally creating SG’s which are
unbalanced w.r.t. other underlying SG’s, thereby
potentially corrupting our analysis. 2) it reduces
the number of speakers in each multivariate SG,
thereby lowering the statistical significance of re-
sults. Thus, we might consider aggregating all
middle-aged speakers into the same SG.

3.6. Outlier speaker removal
A final source of bias potentially contaminating our
SG-level fairness results are outlier speakers. If we
want to want to measure the general behavior of a
certain SG, which potentially contains few speak-
ers (due to dataset constraints), and one of the
speakers is understood much worse than the rest,
that is potentially due to some individual speaker-
level characteristics which are not relevant to our

69



analysis. It can therefore make sense to exclude
extrema values from SG-level mean calculation, for
example. This is less of a problem for datasets with
very high numbers of speakers; however, that is
unfortunately rarely the case in practice.

4. Quantifying fairness in ASR

We describe the two metrics most often used in the
literature to quantify bias in ASR systems.

4.1. Relative SG-level error/WER gap
Most studies into SG-level ASR fairness measure
the relative error rate for each SG. For a dataset
D, they calculate the word error rate (WER) for
each utterance, a measurement of the number of
substitutions, deletions, and insertions necessary
to correct the automatic transcription by an ASR
model M over some D1 Ď D. Some studies then
calculate the average WER for each SG as the
average WER for all utterances D1

SG ĎD1:

WER avg.˚pD1
SGq :“M˚pD1

SGq :“ (2)
1

|tu PD1
SGu|

ÿ

uPD1
SG

WERpu;Mq

However, as mentioned in Section 3.4, Metric 2
falls immediately into a hazard of imprecise mea-
surement by failing to first average by speaker. A
more prudent approach is:

WER avg.pD1
SGq :“MpD1

SGq :“ (3)
1

|tS PSGu|
ÿ

SPSG

1

|tu PD1
Su|

ÿ

uPD1
S

WERpu;Mq

Then, one can measure bias against a particular
SG SGi in terms of the relative performance be-
tween SGi and some the rest of the subset D1 ĎD
(typically, studies use D1 “D) (Veliche et al., 2024;
Feng et al., 2024):

ErrrelpSG;D1,Mq :“ 100ˆ MpD1
SGq´MpD1q
MpD1q (4)

Some studies also calculate the unfairness w.r.t.
a DV as the difference between the best and worst
relative error for two constituent SG’s, often de-
noted the WER gap (ElGhazaly et al., 2025; Attana-
sio et al., 2024; Kim et al., 2025):

Unfairness :“ WER gappDV ;D1,Mq :“ (5)
max

SGiPDV
tErrrelpSGi;D

1,Mqu
´ min

SGjPDV
tErrrelpSGj ;D

1,Mqu

Then, one can perform a statistical test, such as
a 1-sample (or 2-sample, if comparing between
pairs of SG’s rather than with respect to the dataset
on average) t-test, to determine whether the rela-
tive error and unfairness are statistically significant
for SG’s and DV’s respectively. An ASR model is
deemed fair w.r.t. a SG if it delivers statistically neg-
ligible relative error, and fair w.r.t. a DV if it delivers
a statistically negligible WER gap.
4.1.1 Isolated effect of single DV’s As men-
tioned in Section 2, we recognize that individual
SG’s potentially contain heterogeneous subgroups.
Thus we seek to isolate the effect of individual DV’s
on ASR performance. For any DV iPrDV 1,..,DV ks
(e.g. gender), one of many DV’s included in meta-
data, we define a subset D1

cond,i Ď D by fixing a
SGDVj for every other DVj P rDV 1,..,DV ksztDViu
(e.g. only children, only non-native speakers, only
African Americans, etc.):

D1
cond,i “

č

jPr1..ksztiu
DSGDV j (6)

and calculate ErrrelpSG;D1
cond,i,Mq for all SGPDV i

as well as WER gappDV j ;D1
cond,i,Mq. We can

then aggregate mean performances for each per-
mutation of other the other DV j and perform a
statistical test, such as 1-sample t-test, to deter-
mine, w.r.t. a SG PDV i, whether the means of the
relative error rates were statistically significantly
different from zero, or w.r.t. DV i overall, whether
the unfairness levels were statistically significantly
greater than zero.
4.1.2 Worst treated multivariate SG’s We
define multivariate SG’s as the intersection of ev-
ery DV available in the dataset. For example, if
the dataset is annotated with gender, age, and na-
tive language, an multivariate SG might be "female
children who speak native English". For each mul-
tivariate SG, we calculate the relative error w.r.t.
the dataset overall (Eq. 4); then observe which
multivariate SG’s, if any, have the lowest/highest
relative performance. This will uncover SG’s whose
marginalization is compounded by their intersec-
tionality, as proposed by Wang et al. (2022).

5. Case study on Fair-speech

Unfortunately, many of the most prominent corpora
for evaluating ASR systems do not permit bias eval-
uation due to a lack of sufficient recorded demo-
graphic metadata (Ma et al., 2024; Panayotov et al.,
2015; Linguistic Data Consortium, 2013) or unre-
liable labeling thereof (Ardila et al., 2020; Wang
et al., 2024). However, there are several corpora
specifically designed for bias/fairness evaluation of
ASR systems whose multitudinous metadata cat-
egories permit finer-grained ASR evaluation. We
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proceed to analyze the Fair-speech corpus (Veliche
et al., 2024) and discuss how to implement some
of the best practices from the previous section.

We replicate each experiment using three dif-
ferent near-SOTA ASR models: Whisper-medium
(Whisper), wav2vec2-large-960h-lv60 (Wav2vec
2.0), and wav2vec2-large-xlsr-53-english (XLS-R-
En). Whisper was trained end-to-end for ASR on
680k hours of YouTube transcripts (Radford et al.,
2022); Wav2vec 2.0 was pretrained on 60k hours
of LibriLight (Baevski et al., 2020); XLS-R-En was
pretrained on a multilingual corpus comprising 53
languages (Babu et al., 2021). Wav2vec 2.0 was
finetuned on 960h of LibriSpeech (Panayotov et al.,
2015); XLS-R-En finetuned on the English split of
CommonVoice (Ardila et al., 2020). We can thus
test whether our results are specific to one architec-
ture/training set, or general across ASR systems.

5.1. Dataset description
The Fair-speech Dataset (Fair-speech) comprises
593 speakers over 56 hours (Veliche et al., 2024).
Fair-speech is comprised of recordings of paid
speakers speaking (not reading) smart speaker
commands. Speakers self-report metadata includ-
ing: gender, age, ethnicity, first language, and so-
cioeconomic background. See Fig. 1.

Fig. 1: Overall distribution of demographic labels in
the Fair-speech corpus. Note that most speakers
are native English speakers, with a small (illegible)
minority of Spanish native speakers.

Fair-Speech represents many first languages;
however, given a limited number of speakers per
language, that might limit the statistical significance
of results pertaining to speakers of sparsely rep-
resented languages. Furthermore, the number of
age categories is likewise too precise - we likely
stand to gain little by differentiating between dif-
ferent classes of middle-aged adults. Fair-speech
lacks children and old adults, the two age-related
SG’s with phonetic motivation for divergent ASR
error rates (Hustad et al., 2021; Rojas et al., 2020).

Fig. 2: Ratio of non-English words per sentence,
averaged by speaker.

Fig. 3: Variance of WER for each ASR model,
averaged by speaker.

5.2. Filtering out outlier speakers and
utterances

First, we consider filtering out outlier speakers and
utterances based on WER for each ASR model.
Figure 3 shows the variance of WER for each uni-
variate SG and model. Note that some speakers
have an average WER of over 1 - this is likely due
to speaker-specific anomalies and not an accurate
reflection of the ASR system overall. We proceed
by filtering out all speakers (and utterances per
speaker) with a z-score of ą3 in each analysis that

Fig. 4: Signal-to-noise ratio for each recording.
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Fig. 5: Fair-speech when measuring relative WER
gap between over SG’s belonging to a single DV at
once. Values ă 0 indicate below average WER, i.e.
above average performance. * denotes statistically
significantly greater/less than 0 according to a 1-
sample t-test - * implies pă0.05, ** implies pă0.01,
*** implies pă 0.001.

Fig. 6: Fair-speech when measuring relative WER
gap between intersectional SG’s differing only on
one specific DV. Each datapoint is a statistically sig-
nificant difference between SG’s differing by only
one DV. Values ă 0 indicate below average WER
(above average performance). * denotes statis-
tically significantly greater/less than 0 in the ag-
gregate according to a 1-sample t-test. * implies
pă 0.05, ** implies pă 0.01, *** implies pă 0.001.

we conduct.

5.3. Recording quality and text
complexity

Figure 2 shows the average text complexity for ev-
ery speaker, measured by number of words in the
transcript that are not standard English (we use
NLTK English dictionary (Loper and Bird, 2002)).
Overall, there is little variance, particularly among
SG’s with high representation; that said, the most

Fig. 7: Overall WER for Fair-speech when condi-
tioning on first language and ethnicity. * implies
denotes significantly higher WER on a one-sided,
two-sample two-sample t-test (* implies pă 0.05, **
implies pă 0.01, *** implies pă 0.001).

disadvantaged SG’s, as we will see in later analy-
ses, are not necessarily those with the lowest ratio
of standard vocabulary.

Figure 4 shows the signal-to-noise ratio of each
utterance, broken down by SG. Note that most
recordings have are 10 dB (a reasonable threshold
for ASR performance (Bouchakour and Debyeche,
2022)). For our experiments, we will remove all
recordings at ă 10dB.

5.4. Calculating relative WER for each SG
We begin our case study by analyzing the results
from Fair-speech. First, in Figure 5, we present
relative error rate as the dataset was constructed,
without conditioning or manipulation. We measure
statistically significant performance discrepancies
w.r.t. each of the five DV’s recorded in Fair-speech.
Our results correspond to what was initially pub-
lished in (Veliche et al., 2024). Several odd results
stand out, which raise some red flags about our
experimental setup:

1. 31-45 year-old’s have higher WER than all
other age groups. This is likely evidence of
poor subgroup balancing, as there is no logical
reason for different age groups of middle-aged
adults to have variant performance.

2. Men have vastly higher WER than women.
Veliche et al. (2024) attempt to explain the
gender discrepancy by citing previous work
showing men tend to have worse ASR perfor-
mance; however, 100% worse is much higher
than peer studies (Sekkat et al., 2024; ElGhaz-
aly et al., 2025; Attanasio et al., 2024).

3. Most first languages have statistically insignifi-
cant relative WER. This is due to those SG’s
not being represented by enough speakers in
Fair-speech.

4. Native English speakers have negligibly higher
worse-than-average WER, while several non-
native speakers have statistically significantly
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Fig. 8: Relative error of intersectional SG’s in Fair-speech with least, greatest WER (conditional on
sufficient speakers w.r.t. Eq. 1).

better-than-average WER. This stands in con-
trast to most peer studies (Feng et al., 2024;
Fuckner et al., 2023; Sekkat et al., 2024; Ghor-
bani and Hansen, 2018). This is potentially
an artifact of disregarding intersectionality of
multivariate SG’s.

5.4.1 Analysis of multivariate SG’s can help
Issue 1 is a warning that our "age" DV is probably
improperly balanced w.r.t. other DV’s. We reiter-
ate that there is no good reason to analyze sepa-
rate age groups of middle-aged adults; however,
to investigate the hypothesis of imbalance in other
DV’s, we propose comparing only multivariate SG’s
where all DV’s are the same except for age (see
Section 5.4). Figure 6 shows that in doing so, the di-
vergent performance w.r.t. age vanishes. That said,
we note that the distribution for each class contains
many outliers - this effect would likely diminish if
we raised our threshold for number of speakers
per multivariate SG. On the whole, this experiment
supports our balancing hypothesis and supports
the technique of multivariate comparison to avoid
DV imbalance.

Issue 2 is similar to issue 1, and is similarly al-
leviated when considering only multivariate SG’s
differing only by gender (see Figure 6). As before,
we note that the variance for both men and women
is rather high - for some multivariate SG’s, women
have much higher WER than men, and vice versa.
This further motivates in-depth analysis of individual
multivariate SG’s to uncover potential intersectional
SG’s with compounded ASR error.

We note that the ethnicity DV is the only one to
deliver statistically significantly different results - for
Black and White speakers. Based on this experi-
ment, we conclude that being Black is associated
with inferior ASR performance across every per-

mutation of other DV’s, while the opposite is true
for being White. This is a stronger conclusion than
what we were able to draw from Fig. 5.
5.4.2 Conditioning on all DV’s is no silver bul-
let Conditioning on all DV’s allowed us to draw
strong conclusions about Black and White speak-
ers; furthermore, we can reasonably rule out gen-
der, age, or socio-economic background having
broad impacts on ASR performance. However,
we cannot draw statistically significant conclusions
about many first languages (issue 3) even after ag-
gregating uncommon languages into "other", due to
persistent lack of representation across multivariate
SG’s. Thus, equipped with our conclusions about
insignificance of gender, age, and socio-economic
background, we propose removing conditions on
those three DV’s, considering only difference in
first language and ethnicity. Furthermore, for first
languages which we retained after aggregation,
we note that apart from English, there is one pri-
mary ethnic group that covers nearly all speakers of
that language (all native Mandarin speakers are of
"Asian" ethnicity, almost all native Spanish speak-
ers are "Hispanic", etc). Thus, we move to condition
on ethnicity only for native English speakers.

Figure 7 allows us to get a better sense of bias
against multivariate SG’s defined by first language
and ethnicity. We find once again that Black native
English speakers are less well understood than ev-
ery other class in every model. One added insight is
that not all native English speakers are treated the
same - White speakers are the best native English
speakers understood by every model, though not
statistically significantly so for all ethnicities. This
provides a clearer picture than the previous experi-
ment which showed that White speakers were sta-
tistically always better understood than the mean.
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It also provides insight into issue 4, that non-native
speakers are often better understood than native
English speakers. When we condition on ethnicity,
we find that it is only Black native English speakers
that are worse understood, and that there is little
statistical consensus regarding the relationship be-
tween being a native speaker and ASR error.
5.4.3 Intersectional multivariate SG’s with
compounded ASR error Finally, we can ana-
lyze the intersectional SG’s which have the least
and greatest WER, which we show in Figure 8. One
surprising finding is that the worst performing group
overall for Whisper is a Native Hawaiian group,
which overall experienced much better treatment
than Black speakers (Figure 7). One downside
of this analysis, however, is that given the large
difference in performance in extrema groups from
the mean, fewer speakers are necessary to draw
statistically significant conclusions based on SG
(e.g. Eq. 1). Thus, such fine-grained analysis has
heightened risk of drawing erroneous conclusions.

6. Discussion and outlook

The primary takeaway from this work is an exhor-
tation to future studies on fairness in ASR to be
as fastidious as possible designing their experi-
ments. We underscore the importance of an inti-
mate understanding of the datasets on which one
is evaluating before designing experiments, tailor-
ing experiments to that data, and being transparent
about limitations that can be drawn therefrom.

We also encourage authors to clearly delineate
the questions which they seek to answer. On the
one hand, we can estimate how individual DV’s af-
fect performance of ASR systems, like in RQ 2 - this
is primarily useful for understanding ASR systems
from a computational level and could help steer
future work towards disaffected SG’s in particular.
On the other hand, we can estimate which SG’s de-
fined by the intersection of multiple DV’s are treated
the absolute best and worst by ASR systems. This
gives us greater sociological insight into the ramifi-
cations of unfair ASR - if a speaker belongs to such
a class, they risk acute discrimination.

Furthermore, we encourage humility on behalf
of researchers into ASR fairness in the face of sta-
tistical uncertainty. As we describe in this study,
current fairness benchmarks suffer from lack of
speaker diversity. Using overly broad SG’s reduces
the narrative power of their analysis, while using
overly precise SG’s silos speakers into groups with-
out enough speakers, rendering conclusions sta-
tistically insignificant. With these two goalposts
in mind, given the constraints of current ASR fair-
ness benchmarks, the conclusions we can draw
from this type analysis remains limited. Indeed
reporting a result as statistically insignificant or so-

ciologically broad isn’t a problem (as long as this
is duly noted); rather, it is a reflection of the reality
of limitations of current corpora. This leads to the
obvious recommendation to collect more data with
high-quality annotations. However, this is both ex-
pensive and ethically fraught - Meyer et al. (2020)
explicitly avoids children, while some countries for-
bid the analysis of ethnic minorities (fre, 1978).

It is important to note that the DV’s included in
the three benchmarks which we studied are them-
selves sources of potential bias. Had the bench-
mark designers decided to record different meta-
data, our results would reflect that, both in our ability
to observe both the SG’s which trigger unfairness,
as well as the intersectional SG’s which maximize
unfairness. Future work in defining ASR fairness
datasets should be in consultation with sociologists
and phoneticians to determine which DV’s, and
SG’s therein, are a) important in the larger context
of social discrimination and b) likely to contribute
to disparate ASR performance.

We encourage future study into linguistic or
phonological mechanisms which are the actually
underlying causal drivers of SG-level unfairness,
beyond SG labels. Future work might eschew some
of the pitfalls of relying on unbalanced and het-
erogeneous SG’s advertised in this study by fo-
cusing on more rigorously defined measurements,
such as dialect density measure (Koenecke et al.,
2020) or speed of speech (Meng et al., 2022). Alter-
natively, unsupervised feature discovery has also
been shown to uncover proxies for disadvantaged
SG’s in ASR without having to explicitly label them
(Dheram et al., 2022; Alonzo-Canul et al., 2025). In
other areas of ML, where fairness depends on sen-
sitive attributes being evenly distributed in decision
functions, there is work in automatically selecting
attributes to include in fairness analysis (Pelegrina
et al., 2023). This approach takes SG intersection-
ality into account by testing which combinations of
attributes are related to an outcome variable.

One potential avenue for more precise fairness
analysis is in conditional synthetic voice genera-
tion, such as (Sadok et al., 2025). This allows for
two utterances from two different speakers to be
exactly the same, apart from some parameters that
are meant to mimic particularly DV’s. For example,
Masson and Carson-berndsen (2023) show that
artificial generation simulates the patterns of non-
native speakers well in ASR systems. This would
address one major shortcoming of any current ASR
fairness study, which is unable to truly isolate indi-
vidual speaker characteristics while selecting from
a small population of speakers.
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7. Ethics statement

Collecting recordings of minority groups, particu-
larly children, requires care to avoid revealing their
identities. Fair-speech avoids children altogether.
Furthermore, our work is meant to increase fairness
in ASR; however, by focusing on a small number
of datasets, we potentially overlook SG’s which
face ASR discrimination, thereby reinforcing it. In
this case we didn’t consider patients with adverse
health conditions, for example, a group which has
been studied extensively in ASR fairness research
and no less deserving of attention than those high-
lighted in our study (Moro-Velázquez et al., 2019).
By avoiding analyzing SG’s for which benchmarks
don’t provide enough data, we are reinforcing the
discrimination likely behind this unbalance in the
first place.
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A. Regression with constituent DV’s

Another technique which has been used in the lit-
erature to estimate the effect of individual DV’s on
ASR performance is fitting a regression to predict
ASR system’s error on each speaker based on their
constituent DV’s (Sekkat et al., 2024; Tatman, 2017;
DiChristofano et al., 2023). As in the previous case,
it is imperative to fit this regression based on mean
speaker performance rather than overall utterances
in order to avoid biasing it towards individual speak-
ers. The simplest form, regarding only univariate
models and assuming categorical SG’s, takes the
following form:

WER avg.pDq “
ÿ

DV i

ÿ

SGPDV i

αSG ¨1pS“SGq (7)

where we expand DV i to include the everything-
SG (to simulate a bias term α0). Sekkat et al. (2024)
then goes on to define a multivariate model, which
takes the intersection of SG’s into account:

WER avg.pDq “
` ÿ

DV j

...
ÿ

DV k

ÿ

SGjPDV j

...
ÿ

SGkPDV k

˘

αSGj ,...,SGk
¨1pS“SGj ,...,SGkq (8)

which is the semantic equivalent of Section 5.4.
However, we consider relative SG-level WER to be
a more intuitive measure; therefore, we focus on
this for the remainder of the study.
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Abstract
Automatic speech recognition (ASR) systems often exhibit uneven performance across accents, raising concerns
about fairness and bias. This study investigates the impact of model fine-tuning strategies on ASR performance and
accent-related disparities. We conduct a controlled empirical evaluation of two adaptation approaches—single-step
and two-step fine-tuning—using pretrained Whisper (small) and Wav2Vec2-XLSR-53 models on African-accented
English speech from the AfriSpeech-200 dataset, covering Yoruba, Igbo, Swahili, and Hausa accents. Both fine-tuning
strategies substantially reduced mean word error rate (WER) for all models. However, these improvements did not
translate into consistent reductions in accent-related performance gaps. When analysed separately across general
and clinical subsets, WER gaps often increased due to uneven gains across accents. Although two-step fine-tuning
provided modest improvements over single-step adaptation, its impact on reducing disparities remained limited.
These findings indicate that fine-tuning primarily optimises performance without effectively addressing systematic
bias across speaker groups, even when models are specialised for individual accents. This highlights the limitations
of per-accent specialisation as a practical bias mitigation strategy.

Keywords: automatic speech recognition, accent disparities, fairness in AI; bias in speech recognition,
fine-tuning

1. Introduction

Automatic Speech Recognition (ASR) performance
has improved significantly in recent years, largely
driven by self-supervised acoustic models such as
Wav2Vec2 (Baevski et al., 2020; Conneau et al.,
2020) and large-scale multilingual transformer mod-
els such as Whisper (Radford et al., 2022). The
current level of ASR performance has led to its
widespread acceptance and deployment across
industries, accelerating the adoption of transcrip-
tion technologies in healthcare, customer service,
education, and other domains.

Despite strong performance on general English
speech, ASR systems remain sensitive to non-
native accents and domain-specific terminology, re-
sulting in persistent performance disparities across
speaker groups (Veliche et al., 2024; Liu et al.,
2021). These disparities raise important ethical
concerns related to fairness, equal access, and
equitable distribution of technological benefits.

Unequal ASR performance across accents can
result in systematically higher word error rates
(WER) for speakers of non-dominant language va-
rieties. Such discrepancies risk marginalising al-
ready underrepresented groups and may under-
mine trust in AI-driven systems. As ASR increas-
ingly replaces or supplements human transcription,
performance gaps can have tangible social and
professional implications. Therefore, addressing
accent-based disparities is not only a technical chal-
lenge but also a matter of linguistic equity. Reflect-

ing this growing concern, research on accent bias
in ASR continues to expand, with numerous studies
published each year (Prinos et al., 2024).

The contributions of this study are:

• Analysed accent-related model bias by com-
paring WER and WER gaps under single-step
and two-step fine-tuning strategies.

• Investigated whether additional fine-tuning and
accent-specific models mitigate performance
disparities across accent pairs.

• Provided a systematic comparison of how
Whisper and Wav2Vec2-XLSR-53 models ex-
hibit disparities across accents.

The remainder of this paper is organised as fol-
lows. Section 2 reviews related work. Section 3
presents the methodology, including the dataset,
evaluation metrics, models, and fine-tuning proce-
dures. Section 4 presents the experimental results.
Section 5 discusses the findings, and Section 6
concludes the paper.

2. Related work

Prior studies have proposed a range of strategies
for mitigating accent-related bias in ASR. These
can be broadly classified into accent-agnostic
and accent-specific approaches. Accent-agnostic
methods typically rely on large-scale training with
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adversarial bias mitigation to encourage accent-
invariant representations. In contrast, accent-
specific approaches incorporate explicit accent la-
bels or leverage architectures such as mixture-of-
experts (MoE), in which specialised submodules
handle specific accents (Bagat et al., 2025; Lee
et al., 2026). However, MoE-based solutions re-
quire accurate routing between experts, which can
be overly complex in scenarios with a limited num-
ber of accents and ASR system users.

In these constrained settings, simpler adaptation
strategies may prove to be more practical. Follow-
ing the ASR model adaptation presented in (Meyer
et al., 2020; Pillai et al., 2024), we explore a two-
step fine-tuning procedure to improve ASR perfor-
mance in accent-aware contexts without requiring
routing or explicit accent classification at inference
time. In this approach, the pretrained model is
first adapted to the entire dataset and then further
fine-tuned on each target accent individually. In
(Meyer et al., 2020), this strategy was applied with
the DeepSpeech model (Hannun et al., 2014), fine-
tuning first on the full Common Voice dataset and
then on each demographic group, yielding five mod-
els. The authors (Pillai et al., 2024) used a similar
two-step strategy to adapt Whisper from Tamil to
Malasar, leveraging the linguistic similarities be-
tween resource-rich and low-resource languages.

While recent work has primarily focused on im-
proving model performance for specific accents or
languages, this paper instead examined accent-
related bias and investigated whether fine-tuning
on accent-specific data can reduce WER dispari-
ties. In contrast to (Torgbi et al., 2025), which eval-
uated Whisper on spontaneous telephone speech
from native English speakers across two Scot-
tish accents, our work analysed both Whisper and
Wav2Vec2-XLSR-53 models on non-native English
speakers reading scripted text, providing a differ-
ent linguistic and acoustic setting. Furthermore,
we investigated whether additional fine-tuning on
a specific accent improves performance for that
accent while also reducing performance disparities
across accents. Although (Özyilmaz et al., 2025)
adopted a similar fine-tuning strategy, its primary fo-
cus remained on improving performance for Arabic
dialects rather than measuring bias across groups.
In addition to the original Afrispeech-200 paper
(Olatunji et al., 2023), which introduced the dataset
and evaluated several state-of-the-art models, in-
cluding Whisper and Wav2Vec2-XLSR-53, we ex-
tended this work by examining the impact of further
model fine-tuning on both performance and bias.
Specifically, we assessed overall model bias and
evaluated whether observed differences between
accents were statistically significant.

In this paper, we adopted a two-step fine-tuning
approach on the Afrispeech dataset, first fine-

tuning pretrained Whisper and Wav2Vec2-XSLR-
53 models on the full dataset, followed by accent-
specific fine-tuning. We compared this with single-
step fine-tuning on the full dataset to evaluate over-
all performance and accent disparities.

3. Methodology

3.1. Data
Our experiments were conducted on the Afrispeech-
200 dataset (Olatunji et al., 2023), which contains
audio recordings, transcripts, and accent labels
covering 120 African accents from 13 countries
and 2,463 unique speakers, covering both general
and clinical domains. The data were originally par-
titioned into training, development, and test splits
with no speaker overlap across the splits1. Its com-
position is summarised in Table 1, with the propor-
tion of clinical data indicated in brackets.

Table 1: Speaker counts and total duration (min-
utes) per accent across train, development, and
test splits. Clinical-domain data proportions are
indicated in brackets.

Accent Speakers Duration (min)
Train Dev Test Train Dev Test

Yoruba 454 57 172 2527 55 107
(51%) (53%) (47%) (62%) (53%) (36%)

Igbo 246 34 94 1457 35 55
(64%) (50%) (56%) (70%) (50%) (53%)

Swahili 46 12 61 805 47 80
(59%) (58%) (44%) (71%) (53%) (44%)

Hausa 176 19 53 1125 15 38
(80%) (74%) (74%) (85%) (66%) (78%)

Others 544 125 370 4459 371 841
(51%) (60%) (60%) (55%) (55%) (55%)

Total 1466 247 750 10373 523 1121
(57%) (58%) (56%) (63%) (54%) (56%)

For performance and bias analysis, we selected
the four most represented accents in the dataset:
Yoruba, Hausa, Swahili, and Igbo, which we refer
to as the target accents. Model fine-tuning was per-
formed using the training and development splits
of the dataset, whereas evaluation was conducted
on the test split of the target accents.

The duration of speech per speaker varied
across splits and accents. On average, speakers
in the training split contributed 7.1 min of audio,
compared to 2.1 and 1.5 min in the development
and test splits, respectively. For the target accents,
the average audio duration in the training split was
approximately 6 min per speaker; however, Swahili

1https://huggingface.co/datasets/intronhealth/afrispeech-
200
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exhibited substantially longer recordings, with an
average of 17.5 min per speaker. The data were
unevenly distributed across the general and clinical
domains, with Hausa exhibiting the highest propor-
tion of clinical audio recordings (~80%) and Yoruba
the lowest (36% in the test split).

All audio files were resampled from 44.1 kHz
to 16 kHz to be consistent with the model require-
ments. To ensure correct comparison across mod-
els, both reference transcripts and model predic-
tions were normalised using the Hugging Face
Whisper basic normaliser, followed by punctuation
removal.

3.2. Evaluation Metrics
The transcription accuracy in all experiments was
measured using the word error rate (WER) metric.

To estimate the overall model bias in the ASR
system, we used the relative WERgap metric, de-
fined as the difference between the maximum and
minimum WER across groups (e.g. accents), nor-
malised by the maximum WER:

WERgap =
WERmax −WERmin

WERmax
(1)

For pairwise disparity evaluation between ac-
cents, we employed the methodology proposed
by Liu et al. (2021) using the following test statistic:

θi,j =
WERi

WERj
− 1 (2)

where θi,j represents the bias between the two
groups, and WERi and WERj are the word error
rates for groups i and j, respectively. Statistical sig-
nificance was assessed using the bootstrap method
(Marriott et al., 1995; Bisani and Ney, 2004) with
95% percentile confidence intervals (CI). If the CI
[ln, un] does not include 0, the WER difference be-
tween the two groups is considered statistically
significant. The bootstrap method was also used to
estimate whether the difference in WER between
fine-tuning methods is statistically significant.

3.3. Models
The experiments were conducted using the pre-
trained Whisper small model with 244M param-
eters (Radford et al., 2022) and the Wav2Vec2-
XLSR-53 model with 317M parameters (Conneau
et al., 2020). Whisper is a transformer-based en-
coder–decoder architecture, commonly described
as a sequence-to-sequence model. It was trained
on approximately 680,000h of labelled speech data
annotated through large-scale weak supervision.
Wav2Vec2-XLSR-53 model builds on the Wav2Vec
2.0 architecture (Baevski et al., 2020) by extending
it to a cross-lingual setting. Wav2Vec2-XLSR-53 is

an encoder-only architecture that predicts output
tokens using connectionist temporal classification
(CTC) (Graves et al., 2006).

For this study, we used pretrained models avail-
able on Hugging Face: wav2vec2-large-xlsr-53-
english2 and whisper-small multilingual model 3.
Both models are end-to-end architectures and were
pretrained on multilingual data, which have been
shown to be beneficial for improving ASR perfor-
mance on accented speech (Vu et al., 2014).

3.4. Experimental method
We evaluated two ASR model adaptation ap-
proaches using Whisper (small) and Wav2Vec2-
XLSR-53: (i) single-step fine-tuning on the full
dataset and (ii) a two-step fine-tuning consisting of
accent adaptation on the entire dataset followed
by accent-specific fine-tuning yielding specialised
models for each accent (Figure1). The two-step
approach separates general accent adaptation and
accent-specific specialisation. This allows the
model to better capture acoustic and linguistic char-
acteristics of each accent and may help reduce
performance disparities across accents.

Pretrained 
model

Fine-tuned model
on a full dataset

(Step 1)

Fine-tuned model
on specific accent 

(eg. Yoruba)

Fine-tuned model
on specific accent 

(eg. Swahili)
Step 2

Step 1

Figure 1: Two-step fine-tuning

For each architecture, we fine-tuned a pretrained
baseline model on the entire dataset to implement
the single-step approach, selecting the best model
based on the lowest word error rate (WER). This
approach yields a single model specialised for all
accents in the dataset. For the two-step approach,
we first fine-tuned the model on the entire dataset,
selecting the best checkpoint based on minimum
validation loss. In the second step, we continued
the adaptation separately for each target accent, se-
lecting the best accent-specific model using WER
as the evaluation criterion. This strategy results in
one specialised model per accent.

Whisper models were trained for 10 epochs using
a linear learning rate scheduler with a 0.025 warm-
up ratio, weight decay of 0.03 and effective batch
size of 32 for both adaptation strategies. The learn-
ing rate was set to 1e-5 for adaptation on the entire
dataset and reduced to 1e-7 for accent-specific fine-
tuning. Wav2Vec2-XLSR-53 models were trained
for 20 epochs with a linear scheduler and a 0.1

2https://huggingface.co/jonatasgrosman/wav2vec2-
large-xlsr-53-english

3https://huggingface.co/openai/whisper-small
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warm-up ratio for both strategies, a learning rate
of 1e-5 and effective batch size of 32. All models
were fine-tuned with the encoder unfrozen to al-
low maximal adaptation to the acoustic and linguis-
tic characteristics of each accent. Early stopping
was applied to terminate training once performance
plateaued, preventing overfitting. These hyperpa-
rameters were selected based on prior literature
(Olatunji et al., 2023; Baevski et al., 2020; Bagat
et al., 2025) and preliminary experiments, provid-
ing stable and reasonable performance within our
computational constraints.

4. Results

Table 2 reports WER results for the pretrained
baselines and their single-step (FT1) and two-step
fine-tuned (FT2) variants of Whisper (small) and
Wav2Vec2-XLSR-53 across four African accents:
Yoruba, Igbo, Swahili, and Hausa. We assess
whether additional fine-tuning and accent-specific
models reduce WER and cross-accent differences,
analysing (i) within-model WER changes and (ii)
pairwise variation across accents.

The pretrained Whisper (small) model achieved a
mean WER of 0.446 across the four target accents,
with an absolute WER gap of 0.420. Both fine-
tuning strategies led to substantial reductions in
mean WER, reaching 0.189 and 0.183 for FT1 and
FT2, respectively. Across all configurations, Swahili
consistently exhibited the lowest overall WER. In
contrast, the highest WER was observed for Hausa
in the clinical subset, while the lowest within Hausa
occurred in the general subset. The overall WER
gaps remained relatively stable across all model
variants (0.404–0.425). However, when analysed
separately by domain, the gaps increased after
fine-tuning. In the general subset, the gaps were
primarily driven by differences between Yoruba and
Hausa, whereas in the clinical subset they were
driven by Hausa and Swahili. Although fine-tuning
increased the WER gaps in both subsets compared
to the baseline, FT2 resulted in a lower gaps than
FT1. Overall, FT2 achieved both lower WER and
smaller WER gaps than FT1 across domains.

Wav2Vec2-XLSR-53 baseline model achieved a
mean WER of 0.631 across the target accents with
an absolute WER gap of 0.384. Both fine-tuning
strategies substantially reduced the mean WER,
to 0.270 (FT1) and 0.259 (FT2). Swahili consis-
tently exhibited the lowest WER across all model
variants, while Hausa showed the highest WER
overall, except in the general subset where its WER
was lower than that of Swahili. FT2 achieved lower
WER than FT1 across all accents and domains,
with statistically significant differences observed for
Yoruba and Swahili. The overall WER gaps ranged
from 0.318 to 0.384 and was primarily driven by

Table 2: WER comparison across accents (statisti-
cally significant difference between FT2 and FT1
within accents and models are in bold).

Accent Base FT1 FT2
Step 1 Step 2

Whisper (small)
Yoruba 0.523 0.226 0.231 0.223

general 0.496 0.229 0.235 0.221
clinical 0.562 0.221 0.226 0.227

Igbo 0.472 0.174 0.198 0.178
general 0.389 0.137 0.137 0.138
clinical 0.541 0.205 0.249 0.211

Swahili 0.303 0.141 0.133 0.132
general 0.289 0.138 0.132 0.131
clinical 0.323 0.147 0.134 0.135

Hausa 0.520 0.239 0.224 0.219
general 0.351 0.089 0.097 0.096
clinical 0.582 0.293 0.269 0.263

WER mean 0.446 0.189 0.191 0.183
general 0.399 0.169 0.169 0.164
clinical 0.496 0.212 0.216 0.205

WER gap 0.420 0.407 0.425 0.408
general 0.417 0.611 0.587 0.566
clinical 0.445 0.498 0.502 0.487

Wav2Vec2-XLSR-53
Yoruba 0.676 0.298 0.296 0.281

general 0.563 0.280 0.274 0.260
clinical 0.835 0.323 0.327 0.309

Igbo 0.640 0.260 0.250 0.256
general 0.535 0.215 0.209 0.212
clinical 0.728 0.298 0.285 0.293

Swahili 0.501 0.228 0.226 0.216
general 0.433 0.204 0.205 0.193
clinical 0.590 0.261 0.253 0.246

Hausa 0.813 0.335 0.333 0.331
general 0.426 0.175 0.183 0.181
clinical 0.954 0.392 0.386 0.385

WER mean 0.631 0.270 0.267 0.259
general 0.507 0.234 0.231 0.221
clinical 0.765 0.312 0.309 0.302

WER gap 0.384 0.318 0.321 0.346
general 0.243 0.375 0.332 0.304
clinical 0.382 0.334 0.345 0.361

differences between Hausa and Swahili. FT1 re-
duced the absolute WER gap by approximately
0.06 (from 0.384 to 0.318), whereas FT2 reduced
it to 0.346. This reduction was primarily driven by
improvements in the clinical domain, whereas the
gap increased in the general domain due to lower
WER for Hausa. Overall, FT2 achieved lower WER
across accents and a smaller WER gap in the gen-
eral subset.

The results indicate that fine-tuning primarily im-
proved overall recognition accuracy, but it exac-
erbated performance disparities due to uneven
gains across accents and data domains. Although
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Figure 2: Pairwise WER comparison of relative difference using test statistic θ (Eq. 2). The x-axis was
limited to [-1, 2] to enhonce results visibility, truncating the upper confidence intervals for the Yoruba-Hausa
pair, which reach 2.98 and 2.96 for FT1 and FT2, respectively.

Whisper achieved higher overall performance than
Wav2Vec2-XSLR-53, WER gaps remained larger
across all model configurations, and both fine-
tuning approaches even amplified these gaps in the
general and clinical data subsets. The performance
of Wav2Vec2-XSLR-53 is less varying across ac-
cents and data domains, which reflects on further
pairwise analysis.

Pairwise WER measurements between accents
using the test statistic θ (Eq.2) presented on Fig-
ure 2. For the Whisper model, bias patterns dif-
fered across domains. In the combined (general
+ clinical) setting, all pairs involving Swahili exhib-
ited statistically significant differences at the base-
line; these were reduced by both FT1 and FT2. In
the general domain subset, baseline differences
were observed for all pairs involving Yoruba, as well
as for Igbo–Swahili. Both fine-tuning approaches
resolved only the Igbo–Swahili difference, while
increasing gaps for pairs involving Hausa; this in-
crease was slightly smaller for FT2. In the clinical
domain, all three pairs involving Swahili showed
statistically significant differences at the baseline.
These were not resolved by either fine-tuning ap-
proach. FT1 increased gaps for all pairs involving
Hausa to statistically significant levels, while both
methods slightly reduced differences for pairs in-
volving Swahili. Overall, improvements in Swahili-
related disparities appear to come at the cost of
increased disparities for Hausa, highlighting a trade-

off in bias mitigation across accents.
For the Wav2Vec2-XLSR-53 model, bias pat-

terns also varied across domains. In the combined
(general + clinical) setting, four pairs showed signif-
icant differences at baseline, including three involv-
ing Swahili and the Igbo–Hausa pair. Both FT1 and
FT2 produced similar outcomes, primarily reducing
differences for pairs involving Swahili. In the gen-
eral domain, four pairs involving Swahili and Hausa
showed significant differences at baseline. FT1
resolved differences for pairs involving Igbo (with
Swahili and Hausa), but introduced a significant
difference for the Yoruba–Igbo pair. In contrast,
FT2 resolved two differences, both involving Igbo,
without introducing new effects; for most pairs, bias
gaps moved closer to zero. In the clinical domain,
three pairs showed significant differences at base-
line, including two involving Hausa (paired with Igbo
and Swahili) and one Yoruba–Swahili pair. Both
fine-tuning approaches slightly reduced bias gaps;
however, these differences remained for all three
pairs.

In conclusion, Whisper exhibited larger abso-
lute performance gaps between certain accents,
particularly involving Swahili, yet fewer statistically
significant pairwise disparities overall. In contrast,
Wav2Vec2-XLSR-53 demonstrated a smaller over-
all WER gaps and more consistently distributed dis-
parities across accent pairs. These results indicate
that Whisper’s bias is more concentrated around
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specific accent, whereas Wav2Vec2-XLSR-53 ex-
hibits more distributed differences across groups.

5. Discussion

This study investigates single-step (FT1) and two-
step (FT2) fine-tuning approaches, focusing on
their impact on reducing accent-related perfor-
mance disparities in ASR models. The results
show that for Whisper and Wav2Vec2-XSLR-53
models both fine-tuning approaches significantly
outperform baseline and FT2 demonstrated lower
WER in most cases. In contrast, WER gaps in-
creased after fine-tuning, though after FT2 they
were lower than after FT1. The main driver of
WER gaps was Swahili accent with the lowest
WER. Notably, this occurs despite Swahili having
the smallest number of speakers in the training
split. However, Swahili recordings contain substan-
tially longer speech segments per speaker (approx-
imately 17 min per speaker), whereas the other
accents average around 6 min per speaker. Hausa
is another accent with lowest WER for general sub-
set that drove high gaps in the general subset, but
this can be driven by the limited test subset con-
taining only 8 min of audio.

Whisper model achieved lower WER but exhib-
ited larger WER gaps compared to Wav2Vec2-
XLSR-53. Pairwise analysis highlights distinct
bias patterns between the models, likely arising
from differences in architecture and training data.
These findings suggest that Whisper’s sequence-to-
sequence architecture, together with its autoregres-
sive decoding, may contribute to accent-specific
biases. By contrast, Wav2Vec2’s cross-lingual pre-
training and CTC-based design appears to yield
more consistent performance across accents.

The study is constrained by the limited size and
uneven distribution of accent-specific data, particu-
larly for Hausa, where some subsets contained as
little as 8min of recordings compared to 17–68min
for other accents. This imbalance likely contributed
to amplified gaps in general domains after fine-
tuning which requires further investigation. Addi-
tionally, our analysis focused on only four African
accents and two ASR models; conclusions may not
generalize to other languages and accents. Finally,
while the two-step fine-tuning approach improves
WER, it may not fully address systematic bias aris-
ing from pretraining data composition or domain-
specific acoustic variability. Future work should
explore balanced data augmentation, multi-task ob-
jectives, or bias-aware loss functions to improve
both accuracy and fairness. Further analysis of
domain-specific acoustic characteristics may also
help in designing more equitable ASR systems for
clinical and general speech.

6. Conclusion

In this paper, we investigated the effectiveness of
single-step and two-step fine-tuning strategies for
reducing accent-related performance differences
in automatic speech recognition models across
four African accents using Whisper (small) and
Wav2Vec2-XLSR-53. The results demonstrated
that fine-tuning significantly improved overall WER
for both models; however, its impact on reduc-
ing accent-dependent disparities remained limited.
Performance gaps across accents persisted un-
der all examined fine-tuning approaches. Although
two-step fine-tuning yielded incremental improve-
ments over single-step adaptation, these gains
were modest and unevenly distributed across ac-
cents - Hausa consistently exhibited the highest
WER, whereas Swahili achieved the lowest.

More broadly, this study demonstrates that opti-
misation of overall performance does not necessar-
ily lead to improved parity across groups. There-
fore, mitigating accent-related disparities may re-
quire reweighting strategies, adversarial invariance
training, or fairness-regularised optimisation. How-
ever, a two-step fine-tuning approach that yields
one model per speaker group may be beneficial
in settings with a limited number of users, such
as medical laboratories. In such constrained en-
vironments, more complex approaches, such as
mixture-of-experts architectures or adversarial debi-
asing, may be impractical. Consequently, two-step
fine-tuning can serve as a method for improving per-
formance in accent-specific deployments, although
its bias mitigation capabilities are limited.
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Abstract
Speech variation between native and non-native speakers of French is addressed with a low-resource method based
on a frame-wise comparison of wav2vec2 acoustic embeddings, using fine-grained phonetic transcriptions by expert
annotators as baseline. z-normalisation and t-normalisation are explored to assess what the embeddings contain in
terms of phonetically analysable information. We explore non-supervised methods for solving basic speech-related
research questions. Adapting Dynamic Time Warping to speech embeddings, we compare phonologically similar
recordings of sentences read-aloud by native vs. non-native speakers of French. The question is whether XLSR-53
embeddings are more robust than MFCCs to inter-speaker vs. intra-speaker variability for different occurrences of the
same words. Then we investigate whether native speaker productions are more or less stable than those of non-native
speakers. Results suggest that the model allows phonetically meaningful correlative analyses. Working on the raw
embeddings shows however that the representations are not speaker-independent, so with a view to address issues
in relationship with L2 pronunciation variability, we show that t-normalisation brings us a way to separate fluency and
accuracy effects in L2-speech. This shows that wav2vec2 encapsulates time-dependent phonetic information in the
embeddings, including speaker accent which can not easily be disentangled from other speaker-specific characteristics.

Keywords: Cosine similarities, speech, L2-acquisition, Query-by-Example Spoken Term Detection, unsu-
pervised method

1. Introduction

Despite the extensive instrumental and analytical
resource available in phonetics, studies of pronunci-
ation acquisition often still depend on impressionis-
tic criteria, including native-likeness, accentedness,
and intelligibility judgments (Saito et al., 2016). It
is as if the immense variability inherent to foreign-
accented speech1 led researchers to resort only to
perceptual criteria with native judges. It is argued
in Machine-Learning ASR that a mere increase in
the amount of training data “dilutes” speaker char-
acteristics, thereby offering better robustness to
variability, but recent findings (Zee et al., 2024)
claim, on the contrary, that without attention to cor-
pus balance, more training data aggravates biases
because the proportion of data from dominant cate-
gories increases more than from minorised groups.
Large Audio Models (LAM) therefore encapsulate
more bias in the representations, especially when
the data is scraped across the internet rather than
collected with controlled metadata and explicit con-
sent (some evidence in Névéol et al., 2022; Gebru,
2019; Buolamwini and Gebru, 2018). For these
groups, mass scraping results in less performant
ASR, so is the case for people with a foreign accent
(Khandelwal et al., 2020).

1driven by social factors, region, personal history.
(See Moyer, 2013).

This study examines whether phonetic infor-
mation is encoded in one multilingual (XLSR-53)
and one monolingual (wav2vec2-FR-7K-large)
wav2vec2 (Baevski et al., 2020) model by compar-
ing distances between embeddings generated from
occurrences of the same words. With this method,
we then move on to measuring pronunciation vari-
ability on read-aloud speech through the lens of
(i) inter-speaker vs. intra-speaker variability and (ii)
L2-speech vs native speech. For this part, we focus
the analyses on XLSR-53 (Conneau et al., 2021)
to measure the sensitivity of a multilingual model
to speaker characteristics and native language.

The method uses a corpus of read sentences
in native-French and L2-French. We start by as-
sessing the correlation between the variability ob-
served on wav2vec2 (Baevski et al., 2020) neu-
ral model embeddings and the associated MFCCs
(Mean-Frequency Cepstral Coefficients, a direct
measurement on the audio signal). This paper also
investigates the amount of speaker-specific infor-
mation present within wav2vec2 speech embed-
dings in comparison with the MFCCs. Based on a
Query-by-Example approach using Dynamic Time
Warping on speech embeddings, speaker-specific
information/pronunciation is evaluated by measur-
ing how robust the alignment is when speaker ID
and foreign accents vary.

Our contribution consists in an unsupervised
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method to measure pronunciation variation using
wav2vec2 embeddings. It is tested on XLSR-53
multilingual model.

2. Existing methods

This section lays out the relevant literature on for-
eign accents in L2-speech, in terms of experimental
methods and NLP frameworks.

2.1. Experimental methods in foreign
accent evaluation

Pronunciation learning theories, despite their early
development (e.g., Flege, 1981, 1995), have been
challenging to prove empirically and therefore re-
main rarely tested in L2 acquisition frameworks
(Kennedy and Trofimovich, 2017), even less so
with specific, objective approaches. Pronuncia-
tion acquisition evaluation frameworks need non-
judgmental feedback to help learners’ derive a criti-
cal but constructive view of their own productions
(Suzukida, 2021). Among recent reviews of L2-
acquisition research, (Derwing, 2008) still deplore
that at this point, many of the publications have not
yet exploited the potential benefits of new technolo-
gies, in particular in “measuring progress”, which is
still mostly perception-based (although a few publi-
cations in experimental phonetics outline the role
of direct measurements in L2-acquisition improve-
ment, e.g., for retroflex consonants (Bliss et al.,
2018) in English or for palatalized consonants in
Russian (Lecocq, 2021)). In summary, a lot of the
feedback to learners basically amounts to “did I do
good?” without necessarily knowing what “doing
good” means or which aspects of pronunciation
need to improve. In a recent study, (Saito et al.,
2016) devised a range of measurable variables
to evaluate what participates to native-likeness
in L2 speech. Their results identify speech rate
among first order parameters for nativelikeness,
but they focused quasi-exclusively on lexical vari-
ables (lemma, morphology, polysemy). They did
not include phonetic accuracy of the output among
the parameters although several studies show that
when rating native-likeness in L2 speech, expert
listeners scores correlate with the character error
rate calculated between the narrow transcription of
the segment and its native-like phonological tran-
scription (Munro, 2008).

2.2. NLP methods in foreign accent
evaluation

Large Language Models, which train on massive
datasets, “exhibit and amplify stereotypical bias”
(Ducel et al., 2025), as illustrated in Tatman (2017)

where different genders and accents do not tran-
scribe equally well using the (proprietary) YouTube
ASR system. Efforts have been made to offer less
biased ASR systems for the minorised languages
(Havard et al., 2025), or to remove biases in Large
Language Models via adversarial training. In low-
resource scenario cases where resources are too
scarce for such advanced debiasing methods, eval-
uating WER values in an ASR task can help identify
the root causes for the biases before potentially of-
fering solutions (Feng et al., 2021; Zhang et al.,
2022).

Bartelds et al. (2022) estimated Foreign accent
on non-native American English (Weinberger and
Kunath, 2011) and concluded on a correlation be-
tween LAM embeddings and a nativelikeness as-
sessment by humans. By comparing their results
with how Levenshtein Distance (LD) or MFCCs
correlate with nativelikeness judgment, they ob-
tain results which are on average similar to LD or
MFCCs. Their study is based on evaluating simi-
larities between segments based on the Dynamic
Time Warping (DTW) approach (Giorgino, 2009). It
establishes a link between alignment performance
and nativelikeness judgment, regardless of how the
alignment is done: on LAM embeddings, MFCCs,
or LD.

In this study, we are interested in avoiding native-
likeness judgments by instead correlating embed-
ding alignments with two different metrics: WER
and MFCC alignment cost. Query-by-Example Spo-
ken Term Detection (QbE-STD), a long-standing
word retrieval method which typically searches the
minimal alignment cost between an audio sample
and an audio lexicon and by doing so retrieves the
correct dictionary entry. It can be applied to either
audio signal (Le Ferrand et al., 2020) or speech
embeddings (San et al., 2021). QbE-STD has been
used in document retrieval on large audio archives
(Ram et al., 2020; Hazen et al., 2009), or as an alter-
native to fine-tuning for the retrieval of low-resource
language utterances when there is insufficient data
(typically less than 2h. See Guillaume et al., 2022)
for a proper fine-tuning (San et al., 2021).

Among recent studies using frame-wise, time-
dependent embeddings, we cite the example of
how QbE-STD has been done on low-resource lan-
guages such as Kunwinjku, an Australian Aborigi-
nal language and Mboshi, a Bantu Congo Brazav-
ille language (Le Ferrand et al., 2020): the goal was
to enable speakers of these oral languages to re-
trieve words from a dictionary. Among the acoustic
features tested (including but not limited to MFCCs
and fine-tuned w2v2-en embeddings, MFCCs
gave out the best results, but were quite predictably
very speaker-dependent. z-normalising the fea-
tures (Lobanov, 1971; Xie and Jaeger, 2020) im-
proved the recall values but the approach was only
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applied to MFCC coefficients since z-normalising
did not have any visible effect on the embeddings.

3. Research objective

Our study explores whether or not pho-
netic/pronunciation information is represented in
two wav2vec2 models (XLSR-53 and wav2vec2-
FR-7K-large) and if so, how they encode this
information. We compare several occurrences of
the same target words by measuring distances
between them in the models’ representations
space. This approach consists in (i) verifying how
well audio and embeddings are correlated after
forced alignment at word level, and then, focusing
on XLSR-53 exclusively, (ii) assessing XLSR-53
sensitivity to basic linguistic questions. We first
verify whether different occurrences of a same
speaker align more or less easily than those of
different speakers. Then, the effect of speaker
L1 (French or Russian) is assessed via cross
comparisons of the alignment cost. Effects of
embeddings z-normalisation2 and t-normalisation
are also assessed, always with a view to reducing
the biases due to speaker ID or non-native speech
in corpora.

By controlling the recording conditions for all the
participants and by applying to speech embeddings
an approach derived from experimental phonet-
ics methods in an NLP framework, we propose to
compare distance measurements in the neural rep-
resentations space and in the audio space. We
are interested in understanding to what extent it
allows us to draw conclusions on basic/intuitive re-
search questions: can we measure inter - vs. intra-
speaker variability from the embeddings and is na-
tive speech more stable than L2 speech? These
questions are already addressed widely in the lit-
erature but not yet with a frame-wise dual-space
approach. Our contribution ultimately aims at es-
tablishing a correlation between distance measure-
ments on two signals and their discrepancies in
terms of Character Error Rate.

4. Material and method

4.1. Variables
We are interested in how native speakers of Rus-
sian acquire French pronunciation. Our goal is to
compare the same target words in French for two
cohorts of participants: one French-native and one
Russian-native/L2-French learner at the time of the
experiment. we propose to assess the impact of
the variables listed in Table 1.

2which,incidentally, reduces embedding anisotropy
(Ethayarajh, 2019; Timkey and van Schijndel, 2021).

Experiment Spk L1

Modality

=spk N/A
Fr

=L1 Ru̸=spk
̸=L1 Fr vs. Ru

Table 1: Modalities of the comparison experiments.
spk = speaker ID ; L1 = speaker’s mother tongue.

For the spk experiment, we want to show if oc-
currences by the same speaker (=spk) yield lower
alignment cost than for different speakers ( ̸=spk),
when calculated in the embeddings space. For the
L1 experiment, we verify embedding alignment per-
formance between utterances of two native speak-
ers (=L1), compared to the performance of the
alignment between native-speech and L2-speech
( ̸=L1). We are interested in checking how these
hypotheses verify and whether they are modulated
by model choice.

4.2. Data
The corpus used in all our experiments was col-
lected to investigate the degree to which Russian-
native L2 learners of French rely on the phonemes
of their native language when pronouncing French
words, as well as how this usage correlates with
their L2 proficiency level as defined by the CEFR
(Common European Framework of Reference for
Languages). It consists of recordings of 12 target
words within a frame sentence. The detail of the
order in which the stimuli are presented is given in
Table 2. Frame sentence is: “dis target_word”
trois fois and distractor sentence is “La roue sur la
rue roule, la rue sous la roue reste”.

Order 1 2 3 4 5 6
Word

tsarine 13 15 32 50 57 78
j’en chie 1 18 28 49 54 72
sérieux 2 23 31 38 51 69
cache-cache 3 14 26 41 58 67
hier 4 21 30 43 63 76
divan 5 20 29 45 52 68
pour Gabriel 6 22 33 48 60 75
louche 7 17 27 40 62 65
tulle 9 16 34 44 53 77
juxtaposer 10 36 46 61 70 73
pas ceux 11 19 25 39 56 74
garage 12 35 47 55 66 71
distractor 8 24 37 42 59 64

Table 2: Speaker metadata for the Russian –
French language interference experiment.

There are nineteen participants, among which
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/ɡɑʁɑʒ/
Audio A t1 t2

/ɡɑʁɑʒ/

TRANSCRIPTION
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Audio B τ1 τ2
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A0 A1 A2 A3 A4

...
w2v2

B0 B1 B2 B3 B4 B5
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...
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EMBEDDING
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+
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OUTPUT
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(t2 − t1)SR

(τ2 − τ1)SR

Figure 1: Experimental setup.

ten produce Russian-native accented French (L2
speech) and nine produce native French (native
speech). Their age range from 18 to 41 y.o., L2
proficiency from A1 to C2. They were instructed
to read out loud 78 randomized sentences, com-
prising 6 occurrences of the 12 target words and
6 occurrences of a distractor sentence. All record-
ings were made in the same room in April – May
2019 at the Moscow Lomonosov State University,
and all speakers signed an informed consent upon
participating to the experiment. Table 3 provides
grouped statistics about the participants: natives
(All-Fr), learners (All-Ru) including beginners (L2
A1-A2) and advanced (L2 C1-C2), etc. The data
is made available in open-access (cc by-nc-nd-sa
4.0) for verification and reuse in . The high number
of occurrences for the same speaker, the shared
recording conditions and the available metadata
provide a unique framework for speaker-variability
studies.

Subgrp Nb L1 Age Gnd LFr

All-Fr 9 Fr 23.4 2F;7M L1
All-Ru 10 Ru 27.5 8F;2M A1 to C2

L2 A1-A2 4 Ru 25.3 3F;1M A1-A2
L2 C1-C2 4 Ru 28.5 3F;1M C1-C2

Fr_ctrl 4 Fr 23.0 2F;2M L1

Table 3: Average speaker metadata.

The corpus is aligned at word level using Mon-
treal Forced Aligner (MFA. See McAuliffe et al.,
2017) on the stimuli list provided to the partici-
pants. Alignments were checked manually and
corrected by an experienced linguist. The corpus
is 38 min 11 s long.

4.3. Experimental setup

The goal of the experiment is to compare different
occurrences of a recorded word by measuring the
difference in DTW alignment costs after wav2vec2
feature extraction. These costs are then compared
to the error rates determined by an experienced lin-
guist, to verify whether or not the linguist’s assess-
ment is correlated with the alignment cost calcu-
lated automatically. An overview of the experimen-
tal method is presented in Figure 1. All similar pairs
of recordings (i.e., same word, different occurrence
or speaker, identified with the mention Audio A and
Audio B) are processed using dynamic program-
ming (Giorgino, 2009), either on the embeddings
(our main study) or with the audio directly (dashed
lines, for verification purposes).

As mentioned in section 4.2, the MFA-generated
phones tier of each textgrid has been manually cor-
rected to account for the surface realisations of
the corresponding recording. These surface tran-
scriptions provide a “gold standard” to our analysis,
to which the alignment results can be compared.
The phonetic transcriptions are in IPA, and for com-
paring the transcriptions of two occurrences, the
panPhon Normalised Weighted Feature Edit Dis-
tance is used (Mortensen et al., 2016). Therefore,
instead of the typical Character Error Rate, which
accounts for differences without consideration for
the phonetic distance between the phonemes re-
placed, the Weighted Feature Error Rate (WFER)
has different multiplication factors according to the
nature of the feature differences between reference
phoneme and attested phoneme (e.g., 0.25 for a
delta on a velaric feature, 1 for a syllabic feature).
In this approach the feature differences between
two characters and the weight factors are therefore
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syl son cons cont delrel lat nas strid voi sg cg ant cor distr lab hi lo back round tense long velaric

1 1 1 0.5 0.25 0.25 0.25 0.125 0.125 0.125 0.125 0.25 0.25 0.125 0.25 0.25 0.25 0.25 0.25 0.25 0.125 0.25

Table 4: Weights used in Panphon’s jt_weighted_feature_edit_distance

vectors with one component per phonetic feature.
jt_weighted_feature_edit_distance is

retained from PanPhon in order to be able to
adjust the weight of insertions (ii) and deletions
(di) to 0.25 instead of 1. This is done because
we consider that read-aloud speech does not
favour insertion/deletion errors and they should not
bear a weight substantially different from the re-
placed phonemes since in all likelihood an inser-
tion/deletion will have coarticulatory characteristics
in read speech. The weights are stored in a vector
w⃗i with the components representing a feature, as
illustrated in Table 4. Normalisation is performed by
dividing the edit distance obtained by the longest
word length. Let A and B denote the two words
of length len(A) and len(B) to be compared via
WFER :

WFERA,B =

nsub∑

i=1

w⃗i · s⃗i + 0.25 · (
ndel∑

i=1

di +

nins∑

i=1

ii)

max(len(A),len(B))

with nsub, nins and ndel the minimum number
of substitutions, insertions, deletions necessary
to turn A into B. Here, WFERA,B represents the
phonetic deviation between expert transcription A
and B.

Subsequently, the effect of time is analysed sep-
arately from the nature of the phonemes encoun-
tered by normalising time instead of normalising
the embeddings: for a given target word, for all
speakers, time is normalized to the mean target
word duration value by applying – pre-DTW – a
multiplying coefficient to compress or expand the
time scale. By doing so, we hope to reduce the
effect of time for recordings with large duration dif-
ferences. The comparison to non time-normalised
results shall allow us to determine separately the
effect of accuracy and fluency factors in L2-speech.

5. Results

A preliminary study of layer effect is performed,
based on the maximisation of the correlation be-
tween audio alignment and embeddings’ alignment.
The nature of the information contained in the
embeddings is then addressed starting from sec-
tion 5.2. The study continues by addressing suc-
cessively speaker effect and L2 effect on phonolog-
ically similar recordings (Sections 5.3 and 5.4).

5.1. Layer effect
In the feature extraction stage, the choice of the
layer is experimentally determined in Figure 2 by

selecting the layer(s) which best correlate with au-
dio.

A Pearson Correlation evaluation is calculated
between audio and embedding alignment costs. Its
evolution with layer depth is assessed, to determine
the layer most suited to our task.

XLSR-53 shows a high correlation plateau from
layer 0 to 21, then a sudden degradation, such that
the last three layers are completely non-correlated
with the audio. While the decrease is brutal for
XLSR-53, it is more progressive for wav2vec2-
FR-7K-large, which exhibits a high audio-to-
embedding correlation on the first layers. Correla-
tion coefficient then gradually decreases with layer
depth for wav2vec2-FR-7K-large.
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Figure 2: Embedding-based vs Audio-based align-
ments: Pearson Correlation per Layer (p<0.05) for
XLSR-53 (a) and wav2vec2-FR-7K-large (b).

This observation motivates the choice of XLSR-
53 layer 16 because audio and embeddings corre-
late well and the choice coincides with other stud-
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ies (Pasad et al., 2021). The optimal layers differ
for wav2vec2-FR-7K-large model, which sug-
gests that the optimal layer(s) for outputting acous-
tic/phonetic features are model-specific.

5.2. Effect of the segment
First, the fact that the phonetic information on
the segments is present, although self-evident for
wav2vec2 representations (Baevski et al., 2021),
is illustrated in Figure 3 by comparing one cosine
distance matrix between two different words and be-
tween two occurrence of the same word. It shows
clearly that the DTW alignment cost on the embed-
dings of layer 16 is excessively high for words that
are different (Figure 3a) when compared to different
occurrences of the same word (Figure 3b). For the
latter Figure, the alignment path is also more linear,
which indicates a more successful alignment.
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Figure 3: two alignment matrices for two different speak-
ers, (a) compares Fr: “garage” vs. Fr: “juxtaposer” while
(b) compares two occurrences of Fr: “garage”.

5.3. Speaker effect
Speaker effect is addressed by checking if speaker
information is as accessible in the embeddings
as in the audio by comparing alignment costs for
the same_speaker and different_speaker
modalities. Figure 4 shows the variation of the
alignment cost, calculated over all target words for
these two modalities and expressed on a custom
scale due to the differences in orders of magnitudes.
We first give an account of these differences: (1)
audio cost and embedding alignment costs just rep-
resent the same phenomenon in different units and
(2) between z-norm and no-norm: the embedding
alignment cost is known to increase after embed-
ding z-normalisation.3 As for (3) t-normalisation:
the fact that the cost is increased after normalis-
ing time is counter-intuitive since one would have
thought that normalising time would help the record-
ings match each other better. We show why the
increase is homogeneous and perfectly normal. It
is due to the way the normalised cost is defined:

3Same results as in (Le Ferrand et al., 2020).

in our model, we defined the alignment cost for a
(n,m) matrix as S

M with S = number of steps to
get from the bottom-left to the top-right of the cost
matrix and M = max(m,n). on time-normalised
embeddings, n = m, which artificially maximizes
the cost. The differences in numerical cost values
mainly stem from how this variable is defined.

We are interested in the ratios between modal-
ities: when shown on a proportional scale, au-
dio cost (4a), z-normalised cost (4b) and non-
normalised cost (4c), show relatively identical
deltas, which suggests that z-normalisation does
not add a significant advantage to the embed-
dings (z-norm is neither more nor less sensitive
to speaker ID). The fact that the same_speaker -
different_speaker alignment cost ratios are
the same ratios as the audio is an indication that
the acoustic information is present in layer 16, in-
cluding speaker information.

To go further, Figure 4d shows that t-
normalisation tends to reduce the gap between
same_speaker and different_speaker
modalities. By normalising time we hope to be
able to focus on more abstract phonetic units.
We therefore introduce a comparison to the
PanPhon (Mortensen et al., 2016) Weighted
Feature Error Rate (WFER) which represents
in discrete, phonetically-informed terms, the
differences at the segmental level between one
occurrence of a given word (e.g., [gaKaS]) and
another occurrence (e.g., [gaKaZ]). Figure 5 shows
the alignment cost variation with WFER, calculated
over all target words. t-normalisation (Figure 5b)
for the same_speaker - different_speaker
configurations, tends to produce wider, thicker
violin plot distributions. This results in an increased
variance for t-normalised recordings, causing more
overlap between the two modalities.

Figure 5a, which focuses on non-normalised em-
beddings and Figure 5b which treats t-normalised
embeddings, are analysed:

• Figure 5a shows that the alignment cost is glob-
ally stable with WFER for the same_speaker
modality and that it increases with WFER for
the different_speaker modality.

• For Figure 5b, interestingly, we observe the op-
posite after time normalisation: alignment cost
is globally stable with WFER for the differ-
ent_speaker modality and increases with
WFER for the same_speaker modality.

5.4. Foreign accent effect

L2-speech is analysed in light of the model’s per-
formance aligning same occurrences of a word for
native speakers or L2 speakers in Figure 6. First
of all, the fr vs. fr modality exhibits the lowest
alignment cost, which was expected.
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Figure 4: Differences in DTW alignment cost for the same_speaker vs. different_speaker modalities, for the
audio (a), across several normalisation methods: z-normalisation (b) no-normalisation (c) and t-normalisation (d).
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Figure 5: DTW alignment cost variation with WFER for
the same_speaker vs. different_speaker modali-
ties.

By contrast, Figure 6 also shows an odd result:
the ru vs. ru modality exhibits a higher align-
ment cost than fr vs. ru. This is unexpected
because speakers with the same L1, like natives,
are expected to exhibit little variability compared
to native speech vs. L2-speech (Xie and Jaeger,
2020). In other words, the ru vs. ru should have
exhibited alignment costs closer to the fr vs. fr
modality than to the fr vs. ru modality. This sur-
prising result led us to split the L2-French learners
into an advanced and a beginner sub-group. As
evidenced in Figures 7a to 7d, this unexpectedly
high alignment cost for the ru vs. ru modality
seems to be rather due to advanced learners (7a,
7b) than to beginners (7c, 7e).

As for t-normalisation effect, overall results (Fig-
ure 6) show that the t-normalised setting reduces
the discrepancies between groups: the difference

in alignment cost between natives and non-natives
is less marked after t-normalisation. this is still true
after splitting natives into advanced and beginner
sub-groups.
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Figure 6: DTW alignment cost for speakers with a differ-
ent L1: effect of time-normalisation on the whole group
of speakers.
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Figure 7: DTW alignment cost for speakers with a dif-
ferent L1: effect of time-normalisation and speakers sub-
grouping in levels.

Figure 8 opportunely focuses on the beginner
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groups by breaking down the alignment costs
shown in Figures 7c and 7d. Zooming in on
the ru vs. ru modality, non-normalised embed-
dings have a constant alignment cost. Normalising
time proportionally reduces the cost for low WFERs
and increases the cost for high WFERs for the
ru vs. ru modality. This means that differences
in speech rate impact more strongly situations with
low WFERs than with high WFERs.

Conversely, for the fr vs. ru modality, the
alignment cost does not vary with WFER in both
no-norm and t-norm conditions, suggesting that
time is not a dominant parameter for this modality.
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Figure 8: DTW alignment cost variation with WFER for
native vs. L2 speech.

5.5. Language Resource References

5.5.1. Online corpus

Our corpus is made up of audio files associated
with TextGrids (two per audio file) containing or-
thographic and phonetic transcriptions, in two ver-
sions: the silver version, directly output from MFA,
and the gold version, provided by expert phoneti-
cians. It is stored under an Ortolang repository
(doi.org/10.82270/ru-fr_interference), is available in
open-access with cc by-nc-sa license (Dashkevich
et al., 2026). As a corpus designed for experimen-
tal purposes on the acquisition of French (half of the
participants) and Russian (the other half), with a sin-
gle list of participants, a choice of target words pho-
netically balanced between French and Russian,
this resource is valuable for language acquisition

studies. Being only half-exploited since the other
half (in Russian) did not fit in this submission, the
corpus holds potential for future bidirectional stud-
ies in French and Russian acquisition. Ortolang is
a CLARIN B-Centre (Pierrel et al., 2017).

5.5.2. Online NLP resources

The models used in this study are all available via
the huggingface API:

• facebook/wav2vec2-large-xlsr-53
• bofenghuang/asr-wav2vec2-ctc-french

6. Discussion

Our results showed that z-normalization had a very
homothetic impact on the embeddings, without any
effect on the alignment cost as a function of speaker
ID or L1. As a consequence, no z-normalisation
was applied to the embeddings.

6.1. Speaker effect
Without time-normalisation, finding any relationship
between alignment cost and WFER is a challenge
since we were unable to correlate the alignment
cost with the Weighted Feature Error Rate. This
non-result could be meaningful, in the sense that it
could mean that acoustic similarity is more driven
by other parameters than the transcriptions, but
it would be surprising, especially for a corpus col-
lected in the lab. The literature or foreign accent, by
mentioning the fluency vs. accuracy dichotomy, of-
fered us an angle to approach the issue: comparing
t-normalised with non-normalised embeddings.

The fact that t-normalisation reduced the gap
between same_speaker alignment costs and dif-
ferent_speakers alignment costs indicates that the
time factor, called fluency factor in acquisition stud-
ies, has for more variability across speakers than
within speaker.

This phenomenon, however, is not evenly
distributed within the WFER values: for non-
normalised embeddings, the alignment costs are
closer for low WFERs than for high WFERs, while
for t-normalised embeddings, the alignment costs
are closer for high WFERs than for low WFERs. It is
probable that the effect of t-normalisation is propor-
tionally higher for low WFER values whereas when
WFER increases, the variation of the alignment
cost is more and driven by segmental differences.

6.2. Foreign accent effect
We first report on a discrepancy between advanced
learners and beginners: the beginners seemed
more stable in their productions than the advanced
learners. Given the very little time alloted to pro-
nunciation acquisition, progress is uneven among
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learners and may probably diverge with L2-level. It
is also more neglected in classes than syntax or
semantics which can be done on paper contrary to
pronunciation learning.

Given the alignment cost evolution with WFER
for the different modalities, ru vs. ru and
fr vs. fr modality are close to each other for
low WFERs after t-normalisation. This means that
more of the variation within the ru vs. ru modal-
ity is explained by a fluency factor than for high
WFER values. For high WFER values, however, t-
normalizing the data does not significantly improve
one modality or another.

We see, to conclude, that the speakers’ perfor-
mance can sometimes be better explained decom-
posed into a fluency factor, materialised in the input
by delta-to-mean duration value and an accuracy
factor, materialised by the Feature Error Rate cal-
culated between two utterances. These two effects
are not systematically reflected in the sub-groups,
which suggests that all sub-groups are not affected
in the same way by the fluency factor.

7. Conclusion

This paper had two goals: investigating whether or
not the embeddings encompass information other
than abstract linguistic content and devising an ap-
proach to address basic linguistic problems using
the embeddings in a non-supervised manner.

The first main result is that embeddings contain
speaker-specific information because cosine dis-
tances between same words are smaller for the
same speaker than for different speakers. The
delta between these two modalities is the same
between audio alignment (MFCCs), normalised or
non-normalised embeddings. We showed that nor-
malising time before performing DTW tends to bring
alignment cost values closer to each other in pro-
portion, which means that speech rate is one im-
portant distinguishing factor between speakers in
read speech tasks.

The possibility of t-normalising was explored
in order to obtain more speaker-independent rep-
resentations. The goal is only partially reached
because we were only able to reduce the dis-
crepancies between same_speaker and differ-
ent_speaker modalities, but speakers remain
distinct in the embeddings.

One improvement of the approach would consist
in being able to link local cost extrema on the align-
ment curve with the relative position of the error in
the WFER calculation. Such a tool, if developed for
didactic purposes, would provide learners with a
detailed account of what differs in their productions
and they would be able to compare to one or several
chosen speakers, which is less normative. Using
the method for didactic purpose allows creating tar-

geted pronunciation exercises using live-acquired
audio data, which provides interactive feedback to
learners.

In terms of potential applications outside didac-
tics, fields like endangered languages documenta-
tion can use these methods for interdialectal vari-
ability studies. Also, sociophonetics, or even patho-
logical speech studies where privacy is a concern
can benefit from these developments without any
privacy issue since models are not re-trained with
this approach.
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A. Optional Supplementary Materials:
Appendices, Software, and Data

A.1. Software and programms
The whole pipeline for (i) automatic alignment, (ii)
feature extraction, normalisation, DTW cost calcula-
tion and (iii) statistical post-processings is provided
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on our github: https://github.com/maxime-fily/RuFr-
interference

A.2. Extra space for ethical
considerations and limitations

The models used in this study are diverse: one
multinlingual pretrained model and one monolin-
gual fine-tuned model. It would have been better to
have a third model (e.g., a monolingual pretrained
model).

The limited size of our corpus restricted our ability
to explore all aspects of speech variability. Limited
size does not invalidate our results, but still, ap-
plying our method to larger corpora (Schiel and
Baumann, 2006) would certainly help validate and
extend our findings. In particular, the gender imbal-
ance between the group of natives vs. non-natives,
which we tried to address when we did the per-level
sub-grouping, would certainly be less important on
a larger corpus.

A.3. Morpheme length effect
We verify in figure 9 that the morpheme length in not
a confounding factor for WFER. the distribution of
length accros all WFER values confirms that length
is not correlated with WFER.
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Figure 9: shape-coded length of morphemes for the
Foreign accentedness effect: showing that WFER
values are not correlated with length.
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Abstract
This study investigates the ability of speech-based language identification (LID) systems to handle dialectal variation
in low-resource settings and explores whether classification outcomes correspond to phonetic proximity, as well
as an exploratory tool for dataset quality. We collected corpora for three macrolanguages Mande, Quechuan, and
Yiddish, each presenting distinct internal variation, and evaluated three types of models: GMM, Whisper, and
wav2vec2-based architectures. Models were tested both within language families and across the entire multilingual
dataset to assess generalization. Layer-wise classifiers built on wav2vec2-XLSR embeddings were used to identify
the layers most sensitive to phonetic or phonological features. Results show that simple GMM models can generalize
well in small, highly similar datasets, while Whisper-based classifiers tend to overfit, particularly on closely related
dialects. Wav2vec2-XLSR (layer 12 + MLP) captures better fine phonetic and prosodic distinctions, suggesting that
embeddings encode nuanced pronunciation cues. For datasets with more diverse sources like Quechua, Whisper
demonstrates better generalization. Overall, LID classifiers can both reveal linguistic patterns and highlight dataset
quality issues, with model architecture and layer-specific representations shaping performance.

Keywords: Spoken Language Identification (SLID), dialectal variation, language classification

1. Introduction

While automatic speech processing achieves im-
pressive results, including for an increasing number
of low-resource languages, the more complex is-
sue of handling dialectal variation remains largely
underexplored and typically yields unsatisfactory
results in large multilingual models (Joshi et al.,
2024). The work presented in this article seeks to
address two questions: is it possible to quantify
the level of granularity in variation that speech pro-
cessing systems based on embeddings are able
to handle in a low-resource context? If so, can the
classifications produced by these models be used
as a new metric for measuring linguistic proximity
between variants? To test these hypotheses, we be-
gin by collecting corpora of variants for three highly
distinct macrolanguages, each presenting different
issues in terms of internal classification: the Mande
languages, the Quechuan languages, and Yiddish
dialects. Based on these corpora, we train or fine-
tune three types of spoken language identification
(SLID) models (GMM, wav2vec2, Whisper) in order
to evaluate the classification and get an initial idea
of the difficulty of the task with limited data. At the
same time, we train a series of classifiers using
embeddings extracted from each layer of an XLS-R
model to determine whether the layers known to
mainly encode phonological features (Pasad et al.,
2021) yield higher classification accuracy. This will
give us an idea of the extent to which the classifica-
tion is based on phonetic/phonological criteria. The
primary challenge of this task lies in the fact that
numerous factors influence the results: the quality,

type, quantity, and diversity of available data, as
well as the impact of pretraining in the multilingual
models used. Initially, our work will focus on identi-
fying how these biases manifest in the languages
being studied, thereby guiding more in-depth future
research in the resulting directions. This work is
therefore intended to be exploratory and prelimi-
nary, while providing the necessary data for further
studies.

1.1. Quechuan languages
The Quechuan languages, spoken mainly in Peru,
Bolivia, Ecuador and Colombia form a linguistic
family with a complex internal structure. In terms
of phylogenetic classification, the family is divided
into two main branches: QI, grouping the central
Peruvian languages, and QII (all other languages in
the family) (Torero, 1970 [2002]; Cerrón-Palomino,
1987 [2003]; Blum et al., 2023). The number of
distinct languages within the family remains unre-
solved. In Camacho Rios et al. (2024), it is pro-
posed that between 12 and 17 languages can be
distinguished, based on the criteria of mutual in-
telligibility, phonological and morphosyntactic dis-
tance, lexical distance, and sociolinguistic percep-
tion. The number of variants within these lan-
guages is especially difficult to estimate as the vari-
ations form a continuum (Mannheim, 2018). The
work of SIL (Summer Institute of Linguistics) led to
the creation of 44 ISO codes for modern Quechua
languages, 43 of which are still spoken today. The
criteria used to assign these ISO codes are un-
clear and many of them refer to linguistic variants
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rather than distinct languages. Therefore, the cur-
rent classification of Quechua languages leaves
room for improvement. Any improvement on this
classification should build on the existing work, ide-
ally enhancing it through empirical foundations. We
believe that the analysis of speech signal can be
of particular interest to address this issue.

1.2. Yiddish dialects
Yiddish is a language of the Indo-European fam-
ily, belonging to the Germanic branch, which arose
through a historical language shift from Middle High
German. Yiddish is considered by Ethnologue1

as a "macrolanguage", divided into nearly extinct
Western Yiddish (yih) and endangered Eastern Yid-
dish (ydd). Yiddish dialects are not assigned dis-
tinct ISO language codes. The present study fo-
cuses exclusively on Eastern Yiddish. Dialological
research (Weinreich et al., 2008; Jacobs, 2005;
Beider, 2015) has shown that the most salient
isoglosses separating three major Eastern Yiddish
dialects (Nothern-Eastern – NEY, Central-Eastern
– CEY and Southern-Eastern – SEY) are primarily
phonetic, particularly in the vowel system. Differ-
ences at the morphosyntactic and lexical levels are
also attested, but they tend to be less systematic,
less frequent, and less discriminative for dialect
classification. Hasidic Yiddish is a somewhat spe-
cial case, constituting a distinct sociolinguistic phe-
nomenon: due to intense and ongoing contact with
American English and Modern Hebrew, it exhibits
a range of contact-induced features, including sig-
nificant phonetic innovations (Nove, 2021).

1.3. Mande languages
The Mande languages constitute a genealogically
coherent family traditionally classified within the
Niger–Congo phylum, although their precise posi-
tion within Niger–Congo has been subject to debate
due to their typological distinctiveness. Mande lan-
guages are spoken across a wide area of West
Africa, extending from Senegal and Mali to Côte
d’Ivoire, Guinea, and Burkina Faso. The family
is internally divided into several branches, usu-
ally grouped into Western, Eastern, Southern, and
Southwestern Mande (Kastenholz, 1996; Vydrine,
2004). Bambara (bam), Wan (wan), and Ngen
(gnj), the languages considered in the present
study, belong to different subgroups within West-
ern and Southern Mande and exhibit substantial
phonological and morphosyntactic diversity (Vy-
drine, 2004; Nikitina and Treis, 2020; Korol, 2022).
Unlike Quechua and Yiddish, each Mande lan-
guage is assigned a distinct ISO 639-3 code, reflect-

1https://www.ethnologue.com/language/
yid/

ing substantial mutual unintelligibility and percep-
tion of clear linguistic boundaries between varieties.
Nevertheless, dialect continua and contact-induced
variation are also attested, particularly in regions
of intense multilingualism.

Typologically, Mande languages are predomi-
nantly isolating to slightly agglutinative, display
strict SOV word order, and are characterized by
tonal systems that play a central role in lexical
and grammatical distinctions. Tone inventories and
tonal processes vary considerably across the family,
contributing to significant phonetic and phonologi-
cal distance between languages (Vydrine, 2004).

1.4. Linguistic diversity and ISO code
attribution in our dataset

The presented dataset of chosen language groups
is treated as a structured ensemble of linguistic va-
rieties whose distances are approximated through
their ISO language codes. ISO codes represent a
formalized attempt to capture perceived distances
between linguistic variants, yet the criteria underly-
ing these assignments vary considerably. Linguis-
tic distance is understood here as a complex qual-
itative notion, grounded in accumulated linguistic
evidence (phonological, morphosyntactic, and lexi-
cal), mutual interpretability, and the social judgment
of speaker communities and linguistic institutions.

The dataset includes three distinct configurations
of ISO coding practices. First, in the case of the
Mande languages, ISO codes are predominantly
assigned to what are widely regarded as sepa-
rate languages, corresponding to relatively large
phonological and grammatical distances. Second,
Quechuan languages presents a scenario, where
ISO codes have been assigned inconsistently and
often correspond to dialectal or sub-language-level
variation within a dense dialect continuum. Third,
Eastern Yiddish dialects constitute a case in which
no separate ISO codes are assigned, despite well-
established dialectological, mostly phonetic, dis-
tinctions.

From a typological perspective, the dataset
brings together highly diverse phonetic and mor-
phosyntactic systems. It includes tonal Mande lan-
guages, which rely heavily on pitch contrasts; ag-
glutinative Quechua languages, characterized by
complex suffixal morphology; and inflectional Yid-
dish dialects, whose phonetic profiles reflect Middle
and Eastern European areal features. These typo-
logical differences have direct consequences for
how the languages are represented in acoustic lan-
guage models.
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2. Datasets

To ensure comparability, all datasets created con-
tain 2.5 hours of audio data per ISO code or variant.
The files have all been converted to 16kHz mono
WAV format and are between 5 and 30 seconds
long. All datasets have a train, validation and test
split, each containing utterances produced by dif-
ferent speakers. We have taken particular care in
preparing the data in order to reduce speaker- and
microphone-recognition biases. The overall quality
of the corpora was measured using the Signal-To-
Noise Ratio; a visualisation of the results is pro-
vided in Appendix 7, Figure 9. The overall synthe-
sis of the corpus, including the train-dev-test split
distribution and the number of speakers per split,
is presented in Figure 11.

2.1. Quechuan languages
Two main sources with ISO code identification are
available for Quechuan languages:

• Mozilla Data Collective2 (MDC). This succes-
sor to Common Voice brings together speech
datasets developed by speaker communities.
For Quechua languages, 17 datasets are avail-
able, covering 16 ISO codes. All but one
of these datasets consist of scripted speech:
speakers read very short sentences (3.5 words
in average) with simple syntax.

• Recordings of the Bible and New Testament.
Many variants have recordings available on-
line, some of which are prepared for NLP
purposes3. This is the main data source for
Quechuan languages in the large multilingual
models.

Outside of these corpora, the volume of avail-
able audio content in Quechua varies significantly
depending on the language. Southern Quechua
(QIIC linguistic group) stands out as the majority
language in terms of both speakers number and
media visibility (social networks, radio, television),
which facilitates data collection. For the LID experi-
ments, we will focus on this language, comparing 4
closely related variants, for which we have collected
between 15 and 30 minutes of additional data from
the media or from recordings in our possession.
These variants are divided into two sub-groups:
Chanka (quy) and Collao (quz, qxp, quh). At the
phonological level, they differ in that the Collao
variants feature ejective and aspirated consonants.
This distinction allows for rapid identification, even

2https://datacollective.
mozillafoundation.org/datasets?q=quechua

3https://huggingface.co/datasets/
Flux9665/BibleMMS

with short utterances. Within the Collao group, the
differences are more subtle, as the variants share
the same phonological system; our experiments
will seek to determine whether the models are able
to achieve this level of granularity in distinguishing
between the variants.

2.2. Yiddish dialects
Two Yiddish datasets were constructed for the ex-
periments: one comprising the full training pipeline
(train, development, and test splits), and a sep-
arate dataset for out-of-domain evaluation. Both
datasets consist of three Eastern Yiddish varieties:
Northern Eastern Yiddish (yid_ney), Central East-
ern Yiddish (yid_cey), and Southern Eastern Yid-
dish (yid_sey). Data were drawn from the Cor-
pus of Spoken Yiddish in Europe (CSYE, Bleaman
and Nove (2025)). As the corpus consists of post-
Holocaust interviews with native Yiddish speakers
living in the United States, a preprocessing pipeline
was applied to filter out interviewer speech pro-
duced by non-native speakers, as well as segments
containing Yiddish–English code-switching.

At the initial stage, our experiments included Ha-
sidic Yiddish data extracted from the Mozilla Com-
mon Voice corpus (Ardila et al., 2020). However,
the preliminary observations suggested a strong
bias toward the Hasidic variety, which systemati-
cally attracted the majority of the model’s predic-
tions. We hypothesized that the model was rely-
ing on non-linguistic cues. Therefore, to reduce
source-related effects, we restricted the dataset to
European Yiddish dialects, which are more homo-
geneous both linguistically and with respect to the
types of recordings available.

The second out-of-domain test dataset was
drawn from a different source corpus—Reading
Electronic Yiddish Documents (REYD, Webber
et al. (2022))—for the yid_ney and yid_cey va-
rieties. This dataset represents a distinct type of
data, consisting of read speech from books, and
involves different speakers and recording condi-
tions. For yid_sey, we used a YouTube interview
with a native speaker of the dialect, which was di-
arized in order to bring it into a format comparable
to the other datasets. The composition of this out-
of-domain evaluation dataset is presented in Table
1.

Dialect No. of speakers No. of seg-
ments

yid_ney 2 461
yid_cey 2 387
yid_sey 1 397

Table 1: Out-of-domain test corpus for Yiddish di-
alects
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2.3. Mande languages
The dataset comprising the three Mande lan-
guages, Bambara, Wan, and Ngen, represents a
subset of a continuous fieldwork effort spanning
more than twenty years within Mande-speaking
communities. The data were collected in naturalis-
tic settings and cover a range of speech recordings,
including spontaneous narratives, elicited vocabu-
laries, and translations of isolated phrases. This
diversity of data provides a broad sample of speech
styles and communicative contexts, while also in-
troducing variability in prosodic and segmental re-
alization.

The recordings for Wan and Ngen originate from
unpublished personal fieldwork corpora4. Prior
to inclusion in the present study, these data un-
derwent preliminary processing, including semi-
automatic segmentation of the audio into phrase-
level units. In addition, metadata were compiled on
the basis of field notes provided by the original data
collectors, including information on discourse type,
topical domain, and the number of speakers in-
volved in each recording. This metadata was used
both to ensure internal consistency of the dataset
and to support controlled experimental splits where
possible.

The Bambara data are substantially more vo-
luminous and heterogeneous. A portion of this
dataset is publicly available through the CORPO-
RAN platform (Corpus oraux annotés), hosted by
TGIR Huma-Num5 (Vydrin, 2013, 2014). These
recordings include annotated oral corpora collected
across multiple regions and communicative set-
tings. For the purposes of the present experiments,
a curated subset of the Bambara recordings was
selected to ensure comparability with the Wan and
Ngen datasets in terms of segment duration, record-
ing conditions, and distribution of recording types.

3. State of the art in SLID

The different languages included in this study do not
receive the same amount of coverage in the training
data of the state of the art acoustic large language
models. For the Mande languages, the Whisper
model (Radford et al., 2022) includes training data
for Bambara but lacks coverage of Wan and Ngen.
Omni-ASR (Omnilingual et al., 2025) does not in-
clude Wan or Ngen, although it does incorporate

4A short fragment of Ngen corpus was published in
Pangloss Collection of oral data: https://pangloss.
cnrs.fr/corpus/Ngen. In written form, part of the
Wan corpus has been incorporated into the Speech Re-
porting Corpus (Nikitina, 2023), a curated collection of
narrative texts focusing on discourse reporting strategies
in storytelling

5https://corporan.huma-num.fr/

ISO Code Split No. of
speakers

No. of
segments

quy train > 7 654
dev > 2 167
test > 11 100

quz train > 12 797
dev 9 118
test 12 100

qxp train 9 840
dev 1 202
test 9 100

quh train > 8 711
dev > 2 128
test > 8 100

bam train 9 594
dev 3 148
test 2 148

wan train 2 509
dev 1 113
test 1 112

gnj train 2 544
dev 2 146
test 1 136

yid_ney train 25 977
dev 9 209
test 5 203

yid_cey train 14 903
dev 5 220
test 5 216

yid_sey train 26 1018
dev 5 212
test 5 229

Table 2: Numbers of speakers and segments
across all datasets and splits

other Mande languages that are phonetically simi-
lar to Wan, such as Mwan (moa). Eastern Yiddish,
treated as a single entity in most models, receives
no dialect-specific acoustic modelling, despite the
phonetic salience of dialectal distinctions.

Quechuan languages receive comparatively bet-
ter coverage: for the LID task, the MMS model
reports support for 34 ISO codes. To assess the
actual performance of this model, we evaluate it
using the test split of our dataset, supplemented
with a few utterances from the train split to ensure
100 files per language. The overall accuracy is
relatively low, with a micro-F1 score of 0.46. The
confusion matrix in Figure 1 reveals that the lan-
guage most distinct from the other three (quy) is
the best predicted. The overprediction of the quh
class, which absorbs similar variants, may be due
to an imbalance in the training data. This potential
imbalance must be accounted for when analysing
the results produced by pretrained models.

State-of-the-art dialect classification systems are
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Figure 1: MMS LID classification result

often built on unsupervised acoustic representa-
tions such as traditional spectral features (Mel-
Frequency Cepstral Coefficients), temporal deriva-
tives (shifted-delta cepstra), or high-resolution sig-
nal processing outputs such as Single Frequency
Filtering (SFF) and Zero-Time Windowing (ZTW),
to capture phonetic and prosodic variability. When
paired with robust classifiers, either classical statis-
tical models (GMM, SVM) or neural architectures
(Temporal Convolutional Networks, Time Delay
Neural Networks, and variants like ECAPA-TDNN),
the resulting systems achieve satisfactory perfor-
mance on fine-grained dialect tasks: such combi-
nations typically produce accuracies in the 80 %
range according to multiple benchmarks in the liter-
ature (Agrawal et al., 2016; Chittaragi et al., 2018;
Tibi and Messaoud, 2025; Kethireddy et al., 2022).
Some research has already been conducted to un-
derstand which features these systems primarily
rely on for classification decisions. For instance,
(Bafna and Wiesner, 2025)’s work indicates that
neural systems such as ECAPA-TDNN particularly
encode accent-related information.

Conversely, handling dialectal variation is poorly
suited to the architectural design of large language
models: firstly, the lack of available corpora for non-
standard varieties deprives tools of training data.
Furthermore, the architectures of widely used mod-
els are designed to smooth out variations to ensure
robustness against noise, often leading to outputs
that are homogenised toward the closest majority
variant. Consequently, attempts to identify dialects
using models that encode the signal through em-
beddings yield mixed results, with a rapid decline in
accuracy as dialectal similarity and the number of
classes to discriminate increase (Joshi et al., 2024;
Lonergan et al., 2023). The work of Van Dinh et al.
(2024) on Vietnamese dialects serves as a particu-
larly compelling example: the authors compiled a
corpus of 102 hours of audio curated from publicly
available sources for 63 regional variants. From
this, they fine-tuned several flavours of pre-trained
models (wav2vec2 and Whisper) for dialect identifi-

cation, producing classification models with varying
granularity. Each series of models is trained to pre-
dict 1) the region (3-class); 2) the dialect within each
region (19 to 25-class); 3) the dialect at the global
level (63-class). The results show high accuracy for
the first task, but performance drops dramatically
as the classification grows more complex. Signifi-
cant F1-score variations in the performance of the
19-class models across regions suggest that there
is a threshold of linguistic similarity beyond which
dialectal variations are no longer recognised.

Understanding how embedding systems encode
acoustic signals is a particularly important chal-
lenge, and several studies have addressed this
question (Pasad et al., 2021; English et al., 2024),
showing that:

• Early layers focus more on acoustic features
(low-level signal properties),

• Middle layers begin to encode phonetic struc-
ture as well as tone and stress (de la Fuente
and Jurafsky, 2024),

• Higher layers reflect more abstract linguistic
units.

4. Experiment and results

Several speech-based language identification mod-
els were evaluated in this study in order to compare
architectures with different inductive biases and to
reveal possible correlations with linguistic distances
and the system of ISO codes. The tested mod-
els include: (i) a Gaussian Mixture Model (GMM)
baseline; (ii) Whisper, a transformer-based en-
coder–decoder model originally designed for au-
tomatic speech recognition (ASR) (Radford et al.,
2022); and (iii) self-supervised speech represen-
tations based on wav2vec2-base (Baevski et al.,
2020).

The models were evaluated under two experi-
mental configurations: (a) separately within each
language or dialect group, and (b) jointly on the en-
tire multilingual dataset. This design allows us to as-
sess model generalization under varying degrees
of linguistic similarity and data scarcity. Specifi-
cally, we examine performance on: (i) highly sim-
ilar and largely mutually intelligible dialects (East-
ern Yiddish and Quechua) (ii) non-interintelligible
languages within a genetically homogeneous fam-
ily (Mande languages); and (iii) macro-groups of
genetically and typologically diverse languages
(Mande vs. Quechua vs. Yiddish).

4.1. GMM-based language identification
To establish a baseline free from biases induced
by model pretraining, we first train a Gaussian
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Figure 2: GMM predictions for Quechua variants

Mixture Model (GMM)-based classification system
(Torres-Carrasquillo et al., 2004), using MFCC fea-
ture vectors extracted at the frame level from each
speech utterance. Features are standardised using
a scaler. The normalized MFCC vectors are then
used to train class-specific GMMs via maximum
likelihood estimation, whilst model hyperparame-
ters (number of mixture components, covariance
structure and covariance regularisation) are opti-
mized through grid search.

The results of this classification are consistent
across the tested languages: for languages with
marked differences, such as Mande languages, the
classification has a 100% accuracy. For Quechua
variants, the accuracy drops to 0.57, with disparities
among classes (see Figure 2): the quz variant is
frequently confused with quh, with which it shares
the same phonological system. The strong perfor-
mance for qxp is likely due to the higher quality of
its data and its lower internal variability. Accuracy
is even lower for Yiddish dialects (see Figure 3) :
0.46 with in-domain test set and 0.43 when adding
out-of-domain samples.

(a) In-domain test (b) Out-of-domain test

Figure 3: GMM predictions for Yiddish dialects

4.2. Whisper-based language
identification

Whisper is primarily designed as an ASR model
and not as a dedicated LID system. In its original
architecture, language identification is performed

implicitly via the generation of a single language to-
ken at the beginning of decoding. As noted in prior
work, this design introduces structural limitations
for standalone LID tasks: because the language
label corresponds to only the first generated token,
the model relies predominantly on acoustic cues
and makes only limited use of deeper linguistic con-
text. As a consequence, Whisper’s LID accuracy
has been reported to reach approximately 80.3%
in some evaluations, despite its strong ASR perfor-
mance (Radford et al., 2022; Shen et al., 2023).

We tested Whisper in two configurations: (1) na-
tive language identification using the built-in LID
classifier, and (2) LID based on acoustic embed-
dings extracted from intermediate layers of Whisper-
small (layer 8) and Whisper-large (layer 20) (Yue
et al., 2026), followed by an MLP classifier.

For the first configuration (1), we started by inves-
tigating Whisper-based LID on the Yiddish dataset,
which represents a particularly challenging sce-
nario due to the high phonetic similarity between
dialects and the limited number of classes (three).
An initial training run yielded an extremely high
F1-score after the very first epoch (0.83), clearly in-
dicating severe overfitting. To encourage the model
to generalize over linguistic properties, we tested
several increasingly constrained fine-tuning con-
figurations on Whisper-small, always starting from
pretrained weights. Our strategies varied in the
degree of parameter freezing, from partial encoder
fine-tuning to adaptation of the language identifica-
tion (LID) head only. These progressively restric-
tive configurations effectively reduced the F1-score
observed after the first training epoch to 0.45, in-
dicating a decrease in overfitting and a reduced
reliance on speaker- or corpus-specific cues.

Model training was conducted using a learning
rate of 1× 10−3, with early stopping applied based
on development set performance and a patience
value of 3 epochs. To reduce overfitting and im-
prove optimization stability, weight decay was set
to 0.01 in the optimizer. Given the low-resource
nature of the datasets and the resulting imbalance
between language and dialect classes, a weighted
cross-entropy loss function was employed.

The second configuration, particularly the MLP
classifier built on representations from layer 20
of Whisper-large, shows reduced overfitting, it ef-
fectively separates more distantly related Mande
languages, but still struggles to distinguish linguis-
tically very similar varieties, such as Yiddish di-
alects. It nevertheless yields insightful results on
the Quechua dataset, as illustrated in Figure 4.
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Figure 4: Confusion Matrix for Whisper-based LID
(layer 20 + MLP) for Quechuan variants

4.3. Wav2Vec-based language
identification

We used the widely adopted wav2vec2 architecture
in 2 configurations. Firstly, the wav2vec2-base
adapted for our task by fine-tuning the model along-
side a classification head on our data (using the
HuggingFace Wav2VecForSequenceClassification
6 config) and secondly, using the xlsr model ex-
tracting different layers of the model and training a
classification head on the extracted embeddings.

Several configurations were tested for
wav2vec2-base, however given the limited
amount of data available from our datasets con-
figuring the training process to allow the models
to learn without overfitting the training data was of
the utmost importance. With this in mind several
configurations of hyperparameters and freezing
of layers were tested. The most effective training
configuration was obtained by freezing the CNN
feature extractor and all but the final (12th) layer of
the model.

The best balance between learning from the data
while avoiding overfitting was found using a learning
rate of 3× 10−6 while performing a warmup on the
first 6% of steps and using a weight decay of 0.1.
The training was run for a total of 20 epochs with
an early stopping patience of 5 epochs.

The most interesting result obtained for this
model was on the macro test with all classes, where
the model achieved an overall accuracy of 0.42
across the ten classes. However, perhaps more
interesting than the pure performance of the model
is how errors in classification tended to stay within
language families as shown in Figure 5. This sug-
gests that, in most cases, some common features
within each of the language families is being learnt
by the model. While the intra-family classification
described above and this macro-performance indi-
cate some linguistic criteria are playing a role in the

6https://huggingface.co/docs/
transformers/en/model_doc/wav2vec2

Figure 5: Confusion Matrix for Classifications on
Macro test

classification performance, other factors of conver-
gence cannot be entirely ruled out. Despite efforts
to homogenize the data across language families,
it must be noted that greater similarity in record-
ing types (i.e. fieldwork data for Mande languages
or Bible readings for Quechua) are also potential
explanations for this intra-family classification per-
formance.

4.4. Classifying from layer-extracted
embeddings

We extracted hidden representations from each of
the 24 transformer layers of wav2vec2-xls-r-
300m and performed mean pooling over the tem-
poral dimension to obtain a one-dimension output.
These layer-wise embeddings were then used as
input to a simple multilayer perceptron classifier
(PyTorch SimpleClassifier) with a dropout rate of
0.3. We trained a separate classifier for each layer’s
embeddings and evaluated their performance on
the test split, in order to investigate whether the
layers that encode the richest phonological infor-
mation are also those that yield the highest dialect
classification accuracy.

The results for Yiddish, shown in Figure 6 sup-
port this theory: a peak in performance is indeed
observed for all variants at the twelfth layer of the
model. This trend, however, is not observed for
Quechua (Figure 7), where accuracy remains sta-
ble (and high from the earliest layers), possibly
due to the greater presence of this language in the
model’s pretraining data.

5. Concluding discussion

These results suggest that, in a low-resource set-
ting involving a small number of highly similar lin-
guistic varieties, such as the three Eastern Yiddish

104



Figure 6: Fscore evolution through layers for Yid-
dish

Figure 7: Fscore evolution through layers for
Quechua

dialects, the relatively simple GMM architecture ex-
hibits a strong capacity for generalization. In con-
trast, Whisper-based classifiers appear to rely on a
wider range of cues that may include extra-linguistic
factors, limiting their ability to capture fine-grained
phonetic distinctions between closely related vari-
eties. The most granular analysis is provided by the
wav2vec2-xlsr model (layer 12 + MLP). The model
appears to rely more on finer phonetic and prosodic
features than on coarse phonological cues: for
instance, yid_sey speakers in our test dataset
often exhibit what could be described as a “Rus-
sian accent” and are frequently bilingual in Russian,
whereas yid_cey speakers are typically bilingual
in Polish, a pattern not shared with yid_ney speak-
ers. The wav2vec2-based classifier may capture
these subtleties in pronunciation.

This interpretation is further supported by the
layer-wise visualization of F1 scores (6), which
shows that the F1 trajectory for yid_cey diverges
from that of yid_ney and yid_sey, which are
closer to each other (6). There is no reason to be-
lieve that the model was exposed disproportionately
to yid_ney or yid_sey during training, since
yid_cey is actually better represented in publicly
available online Yiddish data than yid_sey. The
layer-wise analysis of wav2vec2 F1 scores 6 indi-
cates that performance is highest at layer 12, a layer

(a) In-domain test (b) Out-of-domain test

Figure 8: MLP predictions for Yiddish by classifier
trained with embeddings from the 12th layer

often associated with phonetic sensitivity in prob-
ing studies (Pasad et al., 2021; San et al., 2024).
While not conclusive, this pattern suggests that
the wav2vec2-based classifier may rely primarily
on phonetic representations when performing lan-
guage identification generalization.

Conversely, for datasets with greater internal
diversity of domain, such as the Quechuan lan-
guages, the Whisper-based model demonstrates
superior generalization capabilities, likely benefit-
ing from its broader representational capacity.

Finally, despite efforts to reduce bias introduced
by the audio data available it cannot be excluded
that the results from the macro-language classi-
fication may in fact be influenced by similarities
between the files and their origins (fieldwork data,
bible recordings etc.). Further work will aim to in-
vestigate the influence of these categories of data
on classification performance. Nonetheless, this
result indicates the promise of applying these mod-
els when processing even quite diverse corpora to
determine possible similarities between audio files.

Future work will extend the present study to
a broader range of varieties within the consid-
ered language groups, with particular emphasis
on Quechuan and Mande languages. We plan to
deepen the layerwise analysis of model predictions
in order to better understand which linguistic proper-
ties are captured at different representational levels.
In addition, we will systematically investigate the
relationship between data quality and diversity and
their impact on model performance. Finally, we aim
to explore methods for extracting more fine-grained
linguistic knowledge from speech models, with the
goal of improving their usefulness for dialectologi-
cal research.
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Appendix

Figure 9: Estimation of corpus quality using the Signal-To-Noise Ratio (SNR).
Poor Average Good Excellent

Figure 10: Intra-Speaker Temporal Consistency across the corpus. Data are not provided for Ngen and
Wan because the speakers were not manually identified.

Figure 11: Segment distribution across all languages / dialects and splits
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Abstract
Large self-supervised speech (SSL) models achieve strong downstream performance, but their size limits deployment
in resource-constrained settings. We present HArnESS, an Arabic-centric self-supervised speech model family trained
from scratch with iterative self-distillation, together with lightweight student variants that offer strong accuracy-efficiency
trade-offs on Automatic Speech Recognition (ASR), Dialect Identification (DID), and Speech Emotion Recognition
(SER). Our approach begins with a large bilingual Arabic-English teacher and progressively distills its knowledge into
compressed student models while preserving Arabic-relevant acoustic and paralinguistic representations. We further
study PCA-based compression of the teacher supervision signal to better match the capacity of shallow and thin
students. Compared with HuBERT and XLS-R, HArnESS consistently improves performance on Arabic downstream
tasks, while the compressed models remain competitive under substantial structural reduction. These results position
HArnESS as a practical and accessible Arabic-centric SSL foundation for real-world speech applications.
Keywords: Self-supervised model, Distillation, Benchmark resources, Arabic downstream tasks

1. Introduction

Self-supervised learning (SSL) has transformed
speech processing by learning transferable repre-
sentations from large amounts of unlabeled audio.
Large SSL models capture rich acoustic and linguis-
tic structure and have shown strong performance
across a wide range of speech tasks (Chen et al.,
2022; Hsu et al., 2021; Baevski et al., 2022; Mo-
hamed et al., 2022; Chung et al., 2021; wen Yang
et al., 2021). These models can be used either as
fixed feature extractors or fine-tuned with limited
labeled data, making them especially attractive in
low-resource settings.

The effectiveness of SSL models, however, de-
pends heavily on the scale, diversity, and balance
of the pretraining data. Multilingual SSL models
such as XLS-R (Babu et al., 2021) have shown clear
advantages for low-resource languages compared
with monolingual models trained on high-resource
languages such as English (Shi et al., 2023). At
the same time, recent evidence suggests that mul-
tilingual models may disproportionately favor lan-
guages with greater pretraining coverage, which
can limit gains for underrepresented languages
(Storey et al., 2024). This motivates closer study
of language-focused SSL models that better reflect
the linguistic and acoustic properties of a target
language.

Arabic is a particularly challenging case for
speech modeling. It is spoken across 22 coun-
tries and exhibits substantial dialectal diversity, with
many varieties differing in phonetics, morphology,
and lexical usage. In addition, Arabic speech of-
ten includes influences from other languages, in-
cluding English and French (Ali et al., 2021). This

*This work was carried out at QCRI.

diversity makes Arabic speech processing diffi-
cult for generic multilingual models, which may
not fully capture dialect-sensitive and culturally
grounded speech patterns. These challenges mo-
tivate Arabic-centric SSL modeling that can better
represent spoken Arabic while remaining robust to
variation across regions and speaking styles.

At the same time, training and deploying
language-focused SSL models remains expensive.
Large-scale pretraining requires substantial com-
pute, long training times, and broad unlabeled
speech collections. These costs also make deploy-
ment difficult in practical and resource-constrained
environments, where model size, memory use, and
latency matter. Model compression is therefore es-
sential for making such systems more accessible
and usable.

Knowledge distillation has emerged as an effec-
tive approach for compressing large speech mod-
els while preserving much of their performance. In
this setting, a smaller student model learns from
a larger teacher model, leading to lower memory
usage and faster inference with limited degrada-
tion in downstream quality. Prior work, including
DistillHuBERT (Chang et al., 2022), FitHuBERT
(Lee et al., 2022), DPHuBERT (Peng et al., 2023),
SKILL (Zampierin et al., 2024), and related meth-
ods (Ashihara et al., 2022; Wang et al., 2022), has
explored task-agnostic distillation for HuBERT-style
models. However, such work has focused primarily
on general-purpose compression, with limited at-
tention to Arabic-centric SSL trained from scratch
and systematically distilled into lightweight models.

While prior studies have applied self-supervised
speech models such as HuBERT and wav2vec 2.0
to Arabic, Arabic-centric SSL remains under-
explored, especially in the setting of large-scale
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training from scratch and deployment-oriented com-
pression. In this work, we focus on both aspects.
We introduce HuBERT-based Arabic and English
Self-Supervised Speech (HArnESS), an Arabic-
centric SSL model family trained from scratch on
large-scale bilingual Arabic-English speech, and
we study iterative self-distillation to build compact
student models that retain strong performance on
ASR, SER, and DID.

We adopt bilingual Arabic-English pretraining for
two reasons. First, English corpora provide ad-
ditional acoustic and phonetic diversity at scale,
which can stabilize representation learning when
Arabic resources are comparatively limited and het-
erogeneous. Second, Arabic speech in real-world
settings often includes borrowed English words and
code-switching, particularly in conversational and
media domains. Our goal is therefore not to weaken
Arabic-centric modeling, but to combine Arabic-
focused coverage with the regularization benefits
of broader bilingual pretraining.

Following the HuBERT training paradigm, we
first train a large teacher model, HArnESS-L, with
24 encoder layers through iterative self-distillation.
We then transfer its knowledge to smaller stu-
dents, yielding HArnESS-S, a shallow variant, and
HArnESS-ST, a shallow (S) and thin (T) variant. In
addition, we investigate low-rank approximation of
the teacher supervision signal to simplify the distil-
lation target space and improve knowledge transfer
to compact students.

We evaluate HArnESS-L, HArnESS-S, and
HArnESS-ST on three downstream tasks spanning
content, dialectal, and paralinguistic information,
namely ASR, DID, and SER. We compare them
against HuBERT-Large, trained primarily on En-
glish, and XLS-R, a multilingual SSL model (Babu
et al., 2021). Our results show that Arabic-centric
pretraining combined with iterative distillation pro-
vides an effective balance between task perfor-
mance and model efficiency.
Our main contributions are as follows:

1. We introduce HArnESS, an Arabic-centric SSL
model family trained from scratch, consisting
of HArnESS-L (large), HArnESS-S (shallow),
and HArnESS-ST (shallow and thin).

2. We study iterative self-distillation as a strategy
for compressing Arabic-centric SSL models
into lightweight deployment-oriented students.

3. We investigate compact supervision through
low-rank approximation of the teacher signal
and analyze its effect on student performance.

4. We benchmark the HArnESS family on ASR,
DID, and SER, covering content, speaker-
related, and paralinguistic speech tasks.

5. We publicly release the distilled models and
benchmark resources to support future re-
search.1

2. HArnESS Models

2.1. HArnESS Model
Figure 1 illustrates the HArnESS training pipeline,
which follows a HuBERT-style iterative self-
distillation procedure. At iteration i, we train a
model Mi using discrete pseudo-labels produced
from the previous iteration model Mi−1. The core
idea is masked-prediction pretraining: a subset of
time frames is masked, and the model is optimized
to predict the corresponding pseudo-labels.

Iterative self-distillation pipeline. Given an in-
put utterance x, we first obtain frame-level embed-
dings from Mi−1 and convert them into discrete
targets via clustering (described below), yielding a
pseudo-label sequence z(i−1) = {z(i−1)

t }Tt=1 with
z
(i−1)
t ∈ {1, . . . ,K}. We then train Mi to predict

these targets from contextualized frame represen-
tations, where some frames are replaced by a mask
token (or masked spans), forcing the model to use
broader context.

Training regimen and compression schedule.
We perform multiple iterations of refinement. In the
first two iterations, we keep the model architecture
unchanged to encourage progressively stronger
acoustic abstractions. Starting from the third iter-
ation, we distill and compress the model to obtain
efficient variants. Specifically, we explore three
compression axes: (a) reducing Transformer depth
(d) to obtain a shallower model; (b) reducing model
width (encoder dimension, encd) to obtain a thin-
ner model; and (c) reducing attention capacity by
decreasing the number of attention heads (attn).
This schedule yields a teacher-like encoder in early
iterations and a family of compact students in later
iterations.

Model architecture. HArnESS consists of a con-
volutional (CNN) feature extractor followed by a
stack of Transformer encoder layers. Similar to
HuBERT encoders, the CNN front-end comprises
7 temporal convolution layers that transform raw
audio into latent frame features. The Transformer
encoder contains d layers with hidden dimension,
embd. Each layer includes multi-head self-attention
(MHA) with attn heads and a position-wise feed-
forward network (FFN). A linear prediction head

1https://huggingface.co/QCRI/
distillHarness
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Figure 1: Overview of the iterative self-distillation framework used to build the HArnESS model family.

maps contextualized frame representations to a
categorical distribution over K cluster IDs.

Training objective. HArnESS is trained with a
HuBERT-style masked prediction objective. For
each utterance, we mask a subset of time frames
(or spans) in the input representation and train
Mi to predict the corresponding discrete pseudo-
labels generated from Mi−1. We use standard
cross-entropy classification over the cluster IDs.
To improve stability, we compute the loss on both
masked and unmasked frames and combine them
with a fixed weighting: the masked-frame loss en-
courages contextual reasoning over surrounding
speech, while the unmasked-frame loss provides
an additional learning signal that helps prevent train-
ing collapse and improves convergence.

Pseudo-label generation. To obtain discrete tar-
gets for iteration i, we extract frame-level embed-
dings from the previous model Mi−1 and clus-
ter them using K-means, producing a pseudo-
label sequence z(i−1) = {z(i−1)

t }Tt=1 with z
(i−1)
t ∈

{1, . . . ,K}. Unless otherwise stated, we use last-
layer embeddings, which provide the most abstract
and stable representations.2

PCA for supervision signal compression. We
also investigate PCA as a way to compress the
teacher supervision signal before clustering. In-
stead of clustering the full teacher embedding, we
optionally project it to a lower-dimensional space
and then derive pseudo-labels from the projected

2We also explored averaged embeddings from se-
lected layers and observed no consistent gains.

representation. Concretely, given an embedding
vector ht ∈ RD from Mi−1, we apply PCA to obtain
a compressed representation h̃t ∈ RD′ (D′ ≪ D)
and then cluster h̃t.

This serves two purposes. First, dimensionality
reduction can remove noisy or redundant directions,
which may improve clustering robustness. Sec-
ond, it produces a simpler target space that better
matches the capacity of compressed students, es-
pecially when model width (encd) is reduced. In
this sense, PCA does not compress the student in-
put directly; rather, it simplifies the discrete targets
used during distillation.

Initialization and iteration-specific supervision.
For the initial iteration i = 1, we bootstrap pseudo-
labels by extracting MFCC features from raw
speech x and clustering them to obtain z(0). For the
next iteration (i = 2), we generate pseudo-labels
from intermediate representations of M0, using the
9th Transformer layer embeddings for clustering.
For all subsequent iterations (i ≥ 3), we generate
pseudo-labels using last-layer embeddings from
Mi−1, which provide the most abstract and stable
representations.

For training Mi (i ≥ 1), we explore two weight
initialization strategies: (a) random initialization
(uniformly sampled weights), and (b) blocked-
averaging initialization, where groups of student
layers are initialized by averaging corresponding
blocks of layers from Mi−1. Blocked averaging
provides a smoother transition across iterations
and often improves stability, particularly when com-
pressing depth/width in later iterations.
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3. Experimental Setups

3.1. Pre-training Data

Iterations 1–2 (bilingual pretraining). We pre-
train HArnESS on a mixture of publicly available
Arabic and English speech corpora, including
QASR (Mubarak et al., 2021), MGB3 (Ali et al.,
2017), LibriSpeech (Panayotov et al., 2015), Com-
mon Voice (Arabic/English) (Ardila et al., 2020),
and GigaSpeech (Chen et al., 2021), among oth-
ers. The base pretraining pool consists of approxi-
mately 4K hours of Arabic and 3.56K hours of
English speech. We further expand the training
data through augmentation to reach approximately
23K hours in total. Of this augmented portion,
around 300 hours come from additive background-
noise augmentation, while the remainder is primar-
ily produced through SpecAugment-based transfor-
mations.

To improve dialectal and cultural coverage, we
also incorporate spoken content from 15 Arabic-
speaking countries crawled from YouTube, covering
diverse Arabic dialects. We provide a coarse di-
alect breakdown of the Arabic data by major region
in Table 1, grouping samples into MSA, Gulf, Lev-
antine, Egyptian, Maghrebi, mixed, and unlabeled
categories where exact dialect labels are unavail-
able. All official development and test partitions are
excluded from pretraining to avoid data leakage.

Category Sub-category / Dialect Duration (Hrs)

Original Clean Data 7,566.00
English Subset 3,565.00
Arabic Subset 4,001.00

MSA / General Arabic 3,603.28
Levantine 107.69
Egyptian 109.20

Gulf 77.13
Maghrebi 69.11

Other 34.59

Augmented Data 15,434.00
Speed Perturbation (0.9×, 1.1×) 15,134.00

Noise Augmentation (Arabic) 300.00

Total Training Volume 23,000.00

Table 1: Comprehensive breakdown of the 23,000-
hour training corpus, including language distribu-
tion, dialectal variety, and augmentation strategies.

Iteration 3 (Arabic-only distillation). Our primary
goal is to obtain lightweight Arabic-centric models.
Accordingly, for the distillation/compression itera-
tion, we use approximately 1,100 hours of Arabic
speech drawn from the QASR training data. For
K-means training in this phase, we randomly sam-
ple 30% of the iteration-3 data (approximately 300
hours) to reduce clustering cost while maintaining
linguistic diversity.

3.2. Downstream Tasks and Data
Benchmarking SSL speech encoders for English
is supported by standardized suites such as SU-
PERB (wen Yang et al., 2021). In contrast, Arabic
speech lacks an analogous standardized bench-
mark. To address this gap, we evaluate HAr-
nESS across three representative Arabic tasks:
ASR (content recognition), dialect identification
(DID) (speaker information), and speaker emotion
recognition (SER) (paralinguistic analysis).
ASR. We fine-tune on a 300-hour subset of QASR
and evaluate on the MGB2 (Ali et al., 2019) test
set. To assess out-of-domain generalization, we
additionally report performance on the MGB3 test
set.
SER. We use KSUEmotion (Meftah et al., 2021),
collected from 23 speakers with six emotion
classes. The dataset is split into train (3.30 h),
dev (0.83 h), and test (1.0 h).3
DID. We use the ADI5 dataset with five region-
based dialect classes (MSA, Egyptian, Levan-
tine, North African, and Gulf) and the official
train/dev/test splits.
Metrics. We report word error rate (WER) for ASR
and classification accuracy (Acc) for DID and SER.

3.3. Pre-training Hyperparameters
We train HArnESS using the fairseq code-
base (Ott et al., 2019). Table 2 summarizes the key
hyperparameters. Unless stated otherwise, we only
change the supervision source and model capacity
(Table 3).

3.4. Pre-training Procedure
Model configurations for the upstream encoders
are summarized in Table 3.

Iterations 1–2 (HArnESS-L). For the first two it-
erations, we train the large model (HArnESS-L;
24 Transformer layers) on the 23k-hour bilingual
mixture. Iteration 1 is trained for 500k steps and iter-
ation 2 for 700k steps. For iteration 1 pseudo-labels,
we cluster 39-dimensional MFCC features with
K=1000 clusters. For iteration 2 pseudo-labels, we
extract latent representations from the 9th Trans-
former layer of the iteration-1 model and cluster
them with K=1000 clusters to obtain refined tar-
gets.

Iteration 3 (compressed students). For iteration
i=3, we train compressed models using HArnESS-
S and HArnESS-ST, both with a 4-layer Trans-
former encoder and reduced capacity (Table 3).

3We will release our split for reproducibility.
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Total pre-training audio (Iter 1–2) 23k hours (Arabic/English ≈ balanced)
K-means training subset (Iter 1–2) 300 hours
Distillation audio (Iter 3) 1,100 hours (Arabic-only)
K-means training subset (Iter 3) 30% ≈ 300 hours
# clusters (K) 1000
Feature type for i=0 targets MFCC (39-dim)
Embedding layer for i=1 targets Layer 9 embeddings of M0

Embedding layer for i≥2 targets Last-layer embeddings of Mi−1

Iteration 1 steps / GPUs / batch 500k / 24×H100 / 62.5s audio per GPU
Iteration 2 steps / GPUs / batch 700k / 24×H100 / 62.5s audio per GPU
Iteration 3 steps / GPUs / batch 300k / 8×H100 / 75s audio per GPU
Mask probability (pmask) 0.80
Mask span length (frames) 10
PCA dimension (D′; when enabled) 512

Table 2: Key pre-training hyperparameters.

Models XR HuL H-L H-S H-ST H-ST (PCA)

Supervision – –
L9emb
(i = 1)

L23emb
(i = 2)

PCA(L23emb)
(i = 2)

CNN Encoder
Strides 5, 2, 2, 2, 2, 2, 2
Kernel Width 10, 3, 3, 3, 3, 2, 2
Channels 512

Transformer
Depth (l) 24 24 24 4 4 4
Emb. Dim (embd) 1024 1024 1024 1024 512 512
FFN Dim (dffn) 4096 4096 4096 2048 2048 2048
Attn. Heads (hattn) 16 16 16 16 16 16

Projection
Dim. (dp) 768 768 768 768 768 768

Params
in M 300 316 316 65 28 28

Table 3: SSL Model Architecture Comparison. XR: XLS-R, HuL: HuBERT-Large, H-L: HArnESS-Large,
H-S: HArnESS-Shallow, H-ST: HArnESS-Shallow and Thin. Dim. dimension, Emb.: Embedding. L∗emb:
Embedding from layer * (e.g. 23) of model from iteration i.

Pseudo-labels are generated by clustering last-
layer embeddings from the iteration-2 HArnESS-L
teacher with K=1000 clusters. Thus, HArnESS-S
and HArnESS-ST correspond to the third-iteration
distilled models trained on 1,100 hours of Arabic
speech.

3.5. Downstream Training
For downstream evaluation, we keep the SSL en-
coder frozen and use it strictly as a feature ex-
tractor. We obtain frame-level representations
from all Transformer layers, average them to form
an utterance-level representation, and train task-
specific downstream models on top of these fixed
features only. No gradients are propagated into the
SSL encoder during downstream training.

3.5.1. DID and SER Architecture

For DID and SER, we train a lightweight classi-
fier on top of the frozen SSL features with a batch

size of 4 for 10k steps. The classifier consists of
three temporal convolution layers with kernel size
5, ReLU activations, and dropout of 0.4, followed
by self-attention pooling, a feed-forward layer, and
a final softmax layer. All hidden dimensions are set
to 80. This setup isolates the quality of the learned
SSL representations by keeping the encoder fixed
and limiting the trainable parameters to the down-
stream classifier.

3.5.2. ASR Architecture

For ASR, we train an encoder–decoder model with
a joint CTC/attention objective using the ESPnet
toolkit.4 The encoder consists of two Conformer
layers and the decoder consists of two Transformer
layers, each with 8 attention heads and 2048 linear
units. We train for 70 epochs.

4Using ESPnet toolkit.
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4. Results

(a) Weight Initialization

(b) Number of attention heads

(c) Effect of dimension reduction

Figure 2: Ablation results for the compressed stu-
dent models. a) Effect of student initialization strat-
egy. (b) Effect of reducing the number of attention
heads. (c) Effect of applying PCA to teacher embed-
dings before clustering when generating pseudo-
labels for student training. H-ST(embd, attnh), SPA
means PCA applied for supervision.

Comparison with Upper Bound: SOTA Model
As contextual reference, Table 4 also reports rep-
resentative published results from strong task-
specific systems for Arabic ASR, DID, and SER.
These results come from separate studies and are
not directly comparable to our models because they
differ in architecture, supervision, training data, and

experimental protocol. We therefore use them only
to contextualize performance, not to claim direct
state-of-the-art results. For ASR, we report results
alongside Fanar ASR (Fanar et al., 2025), a spe-
cialized system trained on more than 10K hours of
MSA and dialectal Arabic speech. Under our much
more constrained setup, where ASR fine-tuning
uses only 300 hours of MSA data, HArnESS-L re-
mains within about 5 WER points on MGB2 and
MGB3, and HArnESS-S within about 10 points. For
DID and SER, HArnESS-L also shows strong re-
sults relative to the published reference numbers,
achieving 84.98% on ADI5 compared with 82.5%
(Kulkarni and Aldarmaki, 2023), and 94.66% on
KSUEmotion compared with 85.53% (on ResNet-
based architecture). Although these comparisons
are only approximate, they indicate that HArnESS-
L is competitive with strong specialized systems,
while the distilled students preserve much of the
teacher’s performance with substantially smaller
capacity.

HArnESS-L vs. Existing SSLs for Arabic Com-
pared with HuBERT-L and XLS-R, HArnESS-L per-
forms better across the evaluated Arabic tasks, sug-
gesting that Arabic-centric pretraining is beneficial
for downstream Arabic speech processing. The
compressed HArnESS variants also outperform
the multilingual XLS-R baseline on several tasks,
indicating that iterative distillation preserves useful
task-relevant structure even under heavy compres-
sion.

Effects of structural compression and design
choices. Figure 2 presents three ablation studies
on student design, covering initialization, structural
compression, and supervision compression. For
iteration i = 3, we first examined the effect of stu-
dent weight initialization and observed only minor
differences in downstream performance (Figure 2).
This indicates that initialization plays a limited role
at this stage, and that performance depends more
strongly on the distilled supervision signal.

We then evaluated the effect of reducing model
depth. HArnESS-S achieves 79.4% structural com-
pression relative to HArnESS-L while maintaining
strong performance across tasks. Despite this com-
pression, it still outperforms the multilingual and
English SSL baselines, highlighting the effective-
ness of Arabic-centric distillation. Compared with
HArnESS-L, however, HArnESS-S shows a 4.7
absolute increase in WER, a 3.51-point drop in
SER accuracy, and a 14.4-point drop in DID ac-
curacy. The larger degradation on DID suggests
that dialect-related cues are harder to preserve in
shallower architectures.

Next, we reduced the number of attention heads
from HArnESS-S (attn = 16) to HArnESS-S∗
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Models ASR (WER ↓) SER (Acc ↑) DID (Acc ↑)
MGB2 MGB3 KSUEmotion ADI5

Published task-specific reference results (context only)

Reference result 10.24
(Fanar et al., 2025)

21.31
(Fanar et al., 2025)

85.53%
(Abouzeid et al., 2025)

82.5%
(Kulkarni and Aldarmaki, 2023)

Our downstream evaluation with frozen SSL encoders
HuBERT-L (English) 22.6∗ 51.2∗ 91.92% 64.14%
XLS-R (Multilingual) 22.60∗ 51.80∗ 73.32% 42.35%
HArnESS-L (Bilingual: Arabic-English) 15.50∗ 41.60∗ 94.66% 84.98%

Compressed HArnESS students distilled with ≈1000h Arabic-only data
HArnESS-S (∆S = 79.4%) 20.20∗ 52.80∗ 91.15% 70.84%
HArnESS-ST (∆S = 93.7%) 23.20∗ 58.20∗ 89.02% 69.77%
HArnESS-STΞ (∆S = 93.7%) 22.50∗ 55.60∗ 87.34% 61.64%

Table 4: Performance comparison on ASR, SER, and DID. ASR downstream results in our setup are
obtained by training on a 300h QASR subset, results denoted by a ∗. The top block lists previously
published task-specific reference results from separate studies and is included only for context. These
numbers are not from a unified baseline and are not directly comparable to the models evaluated in our
setup. L denotes the large teacher model, S the shallow student, and ST the shallow-thin student. ∆S
denotes overall structural compression relative to HArnESS-L.

Test Sets embd=1024 embd=512 embd=256
MGB2 (WER ↓) 20.2 23.20 22.3
KSUEmotion (Acc ↑) 91.15% 89.02% 79.42%
ADI5 (Acc ↑) 70.84% 69.77% 53.41%
∆S 70.43% 91.14% 96.52%

Table 5: Performance Comparison for different em-
bedding dimensions. ∆S: Overall structural com-
pression.

(attn = 4), which yields an additional 26.15% struc-
tural compression, reducing the model from 65M
to 48M parameters. This change has only a lim-
ited effect on ASR and SER, but causes a larger
drop on DID (Figure 2), again indicating that dialect-
sensitive information is more susceptible to archi-
tectural compression.

Finally, we examined embedding-dimension re-
duction (Table 5). At extreme compression (∆S =
96.52% relative to HArnESS-L), performance drops
sharply across tasks. This result suggests that
overly aggressive dimensionality reduction weak-
ens the representational capacity of the student
and substantially limits downstream performance.

Effect of compressing the supervision signal.
We also study whether simplifying the teacher su-
pervision signal improves student training. Specif-
ically, in iteration i = 3, we compare knowledge
distillation with and without applying PCA to the
teacher embeddings before clustering. As shown in
Figure 2c, supervision derived from PCA-reduced
embeddings converges faster than supervision
from the original embeddings. This suggests that
reducing redundancy in the teacher feature space
produces a cleaner supervision signal, leading to
more stable and efficient optimization while pre-

serving effective knowledge transfer.

5. Conclusion

In this work, we introduced HArnESS, an Arabic-
centric self-supervised speech model family de-
signed to better capture the diversity of Arabic di-
alectal speech. Using an iterative self-distillation
framework, we transferred knowledge from a
large bilingual teacher model to compact shallow
and shallow-thin student models while preserv-
ing Arabic-relevant speech representations. Ex-
periments on Arabic ASR, SER, and DID show
that HArnESS is competitive with, and in some
cases stronger than, multilingual baselines such
as HuBERT and XLS-R. The compressed HAr-
nESS variants further offer an attractive efficiency-
performance trade-off, making them suitable for
more resource-constrained settings. Our down-
stream evaluation relies on frozen encoders, pro-
viding a controlled assessment of representation
quality, but it does not fully reflect the gains that may
emerge under end-to-end fine-tuning. Future work
will extend the comparison to fine-tuned settings
and broader baselines. We will publicly release the
lightweight models and benchmarking resources
to facilitate future research.
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Abstract 

Automatic Speech Recognition (ASR) evaluation has traditionally relied on Word Error Rate (WER), a metric that 
treats all errors equally and obscures critical failure modes. In this paper, we present a fine -grained human 
evaluation of Meta’s recently released OmniASR system on Saudi Arabic dialects using the SADA dataset. Three 
trained annotators evaluated 103 audio samples, producing 264 annotations across two dimensions 
(comprehensibility and naturalness) while categorizing errors using a novel 10-category Arabic-specific error 
taxonomy. OmniASR achieved a mean WER of 42.2% and mean comprehensibility of 3.62/5, but exhibited a 
polarized performance pattern: 32.6% of transcriptions achieved perfect scores while 21.2% were essentially 
unusable. Error analysis reveals that hallucinations and deletions have the greatest negative impact on 
comprehensibility (−1.64 and −1.57 points respectively), roughly 6× more damaging than named entity errors. WER 
correlates with human comprehensibility ratings at a level comparable to inter-annotator agreement (r = −0.679 vs. 
pairwise annotator r = 0.61–0.67), but lacks the diagnostic granularity to reveal which error types drive quality 
degradation. These findings motivate the use of error-type-aware evaluation frameworks that complement WER 
with fine-grained analysis for Arabic ASR systems. 

Keywords: Arabic ASR, OmniASR, Human Evaluation, Error Taxonomy, Saudi Dialects, SADA Dataset, Diglossia, 
WER  

1. Introduction  

Word Error Rate (WER) has been the dominant 
metric for evaluating Automatic Speech 
Recognition systems for decades. However, WER 
has significant limitations: it treats all errors 
equally, fails to capture semantic impact, and can 
obscure systematic failure patterns. These 
limitations are particularly pronounced for 
morphologically rich, dialectally diverse 
languages like Arabic, where a single 
morphological error may completely change the 
meaning of an utterance, while other errors may 
be cosmetic. 

In November 2025, Meta released OmniASR 
(Keren et al., 2025), a multilingual ASR system 
supporting over 1,600 languages through a 7B-
parameter Wav2vec 2.0 encoder combined with 
an LLM-based decoder. The system was 
designed for extensibility, enabling communities 
to add new languages with minimal data. While 
this represents a significant advancement in 
language coverage, the quality of transcription for 
individual languages, particularly Arabic dialects, 
remains understudied. The OmniASR paper 
reports aggregate Character Error Rates (CER) 
but provides limited analysis of error types or their 
perceptual impact on users. 

Arabic presents unique challenges for ASR that 
go beyond those faced by well-resourced 
languages like English. The language exhibits 
diglossia (the coexistence of Modern Standard 
Arabic and regional spoken dialects), rich 
morphology with complex clitic attachment, and 
culturally sensitive content (e.g., religious 
phrases) that requires accurate transcription. 

These challenges motivate the need for 
evaluation frameworks that go beyond aggregate 
metrics. 

This paper presents the first systematic human 
evaluation of OmniASR on Saudi Arabic dialects. 
We make three contributions: (1) a 10-category 
Arabic-specific error taxonomy that captures 
linguistically and culturally significant error types 
beyond what WER measures; (2) a human 
evaluation study with 264 annotations from 3 
trained annotators on 103 audio samples from the 
SADA dataset (Alharbi et al., 2024); and (3) 
empirical findings demonstrating that error types 
have dramatically different impacts on perceived 
transcription quality, and that while WER 
correlates with human judgments at a level 
comparable to inter-annotator agreement, it 
cannot reveal which error types drive quality 
degradation. 

The rest of the paper is organized as follows. 
Section 2 provides background on Arabic 
language characteristics relevant to ASR, 
including diglossia, morphological complexity, 
and code-switching. Section 3 reviews related 
work on Arabic ASR datasets, multilingual 
models, and evaluation methodologies. Section 4 
describes our methodology, including the data 
sample, error taxonomy, annotation protocol, and 
ethical considerations. Section 5 presents our 
results on overall performance, error distribution, 
error impact analysis, inter-annotator agreement, 
and WER/CER analysis. Section 6 discusses the 
implications of our findings, and Section 7 
concludes the paper. 
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2. Background  

2.1 Arabic Diglossia and Dialectal 
Variation  

Arabic is spoken by over 400 million people 
across more than 20 countries, making it the fifth 
most spoken language globally (Belinkov et al., 
2019). However, 'Arabic' is not a single 
homogeneous language but rather a collection of 
varieties that exist in a state of diglossia 
(Ferguson, 1959). Native speakers acquire a 
regional spoken dialect as their first language, 
while Modern Standard Arabic (MSA), the 
standardized variety used in formal writing, news 
broadcasts, and official communication, is learned 
later through education (Badawi, 1973; Holes, 
2004). 

The differences between MSA and spoken 
dialects extend across all linguistic levels: 
phonology, morphology, syntax, and lexicon 
(Saiegh-Haddad, 2018). For example, the MSA 
word 'أريد' (ʔurīd, 'I want') becomes 'عايز' (ʕāyiz) in 
Egyptian, 'بدي' (biddi) in Levantine, and 'أبغى' 
(abġa) in Gulf Arabic. These are not merely 
pronunciation differences but entirely distinct 
lexical items. Such variation poses fundamental 
challenges for ASR systems, which must decide 
whether to transcribe what was actually said 
(dialect) or normalize to MSA, and the 'correct' 
choice depends on the use case. 

Saudi Arabia alone encompasses multiple dialect 
groups: Najdi (central), Hijazi (western), and 
Gulf/Khaleeji (eastern), each with distinct 
phonological and lexical features. The SADA 
dataset we use in this study captures this diversity 
through content from Saudi television programs. 

2.2 Arabic Morphological Complexity 

Arabic morphology is based on a root-and-pattern 
system where most words derive from a 
triconsonantal root (e.g., k-t-b for writing-related 
words) combined with vowel patterns and affixes 
to create meaning (Boudelaa & Marslen-Wilson, 
2013). This creates a high degree of 
morphological productivity but also ambiguity. 
Additionally, Arabic exhibits extensive use of 
clitics (attached pronouns, conjunctions, and 
prepositions that combine with base words). For 
example, 'وكتابي' (wa-kitāb-ī) encodes 'and my 
book' in a single orthographic unit. 

For ASR, this morphological richness creates 
challenges at multiple levels. Segmentation errors 
(incorrect word boundaries) can create or destroy 
meaning. Clitic attachment errors change 
grammatical relationships. Dialectal 
morphological variants (e.g., different verb 
conjugation patterns) may be transcribed as MSA 
equivalents, altering the register and authenticity 
of the output. These considerations motivated 
several categories in our error taxonomy. 

2.3 Arabic Code-Switching and 
Religious Language 

Modern Arabic speech frequently involves code-
switching with English, particularly in technical, 
business, and youth-oriented contexts. Terms like 
'update,' 'email,' and 'meeting' are commonly 
inserted into Arabic discourse with varying 
degrees of phonological adaptation. ASR systems 
must decide whether to preserve these as English 
or attempt Arabic transliteration; both choices can 
create errors. 

Additionally, religious phrases permeate 
everyday Arabic speech: greetings ('عليكم  ,'السلام 
as-salāmu ʕalaykum), expressions of intent (' إن
 in shāʔ Allāh, 'God willing'), and responses ,'شاء الله
to news ('لله  al-ḥamdu li-llāh, 'praise be to ,'الحمد 
God'). These phrases carry cultural and religious 
significance, and errors in their transcription, 
particularly truncation or misspelling, can be 
perceived as disrespectful. This motivated our 
inclusion of 'Religious Phrases' as a distinct error 
category. 

3. Related Work  

Arabic ASR has benefited from several large-
scale datasets in recent years. The MGB 
Challenge series introduced broadcast speech 
corpora covering multiple dialects (Ali et al., 
2016), while the SADA dataset provides 668 
hours of transcribed Saudi television content 
across Najdi, Hijazi, and Gulf dialects, with rich 
metadata on speaker characteristics (Alharbi et 
al., 2024). Benchmarking efforts such as the 
Open Universal Arabic ASR Leaderboard (Wang 
et al., 2024) have evaluated models including 
Whisper, MMS, and Wav2vec 2.0 variants, 
consistently finding that performance varies 
significantly across dialects, with MSA typically 
achieving lower error rates than dialectal 
varieties. 

The most recent advance in multilingual ASR is 
OmniASR (Keren et al., 2025), which extends 
coverage to over 1,600 languages through scaled 
self-supervised pretraining with a 7B-parameter 
Wav2vec 2.0 encoder combined with an LLM-
inspired decoder. The system achieves character 
error rates below 10% for 78% of supported 
languages and introduces zero-shot capabilities 
for adding new languages with minimal paired 
examples. However, its evaluation focuses 
primarily on aggregate CER metrics across 
languages rather than detailed error analysis for 
specific language families like Arabic. 

This reliance on aggregate metrics reflects a 
broader limitation in ASR evaluation. Researchers 
have long recognized that WER treats all errors 
equally regardless of their semantic impact. 
Alternative approaches include Semantic Error 
Rate, which attempts to weight errors by 
importance (McCowan et al., 2004), and human 
evaluation frameworks from machine translation 
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that separate adequacy from fluency (Koehn & 
Monz, 2006), an approach we adapt here as 
comprehensibility and naturalness. More recently, 
calls for 'slice-aware' metrics have emphasized 
the need to reveal performance variation across 
demographic groups and linguistic conditions 
(Tatman, 2017). Despite these advances, fine-
grained error taxonomies for Arabic ASR remain 
underexplored, with most evaluations continuing 
to rely solely on WER or CER. Our work 
addresses this gap by introducing an Arabic-
specific error taxonomy and correlating error 
types with human quality judgments. 

4. Methodology  

4.1 Data  

We used the SADA dataset (Alharbi et al., 2024), 
which contains 668 hours of transcribed Arabic 
audio from Saudi television programming, 
covering Najdi, Hijazi, and Gulf dialects with 
metadata on speaker characteristics. From this 
dataset, we sampled 103 audio files for human 
evaluation, stratified by dialect to ensure 
representation across Arabic varieties. Our 
annotated sample included Najdi (57.3%), 
Gulf/Khaliji (11.7%), Hijazi (10.7%), Egyptian 
(6.8%), Levantine (2.9%), and other varieties 
including MSA, Sudanese, Tunisian, and Saidi 
(10.6%). Audio files ranged from short utterances 
(4 words) to longer segments (up to 19 words), 
with an average length of approximately 10 words 
per utterance. 

4.2 ASR System  

We used Meta's OmniASR system via the 
HuggingFace Spaces interface 
(facebook/omniasr-transcriptions). OmniASR 
employs a 7B-parameter Wav2vec 2.0 encoder 
pretrained on massive multilingual speech data, 
combined with an LLM-based decoder that 
leverages language model priors for improved 
transcription (Keren et al., 2025). We used the 
default inference settings without language 
conditioning, simulating a realistic zero-shot 
usage scenario where users may not specify the 
dialect. 

4.3 Error Taxonomy 

We developed a 10-category error taxonomy 
specifically designed for Arabic ASR evaluation, 
drawing on linguistic literature on Arabic diglossia, 
morphology, and sociolinguistic variation. The 
taxonomy captures both general ASR errors 
(deletions, insertions, substitutions) and Arabic-
specific phenomena (dialect-MSA substitution, 
religious phrases, and morphological errors). 
Table 1 presents the complete taxonomy with 
examples. 

Error Type Description Exampl

e 
Transliteratio

n 

Hallucinatio

n 
Words inserted 

not spoken 
 العرض

 → متاح

 العرض

مجانا متاح  

'available' → 

'available for 

free' 

Deletion Spoken words 

omitted 
أوافق لا  → 

 أوافق 
'I do NOT agree' 

→ 'I agree' 

Substitution Semantic word 

replacement 
 التذكرة

 → صالحة

 التذكرة

 صعبة

'ticket is valid' → 

'ticket is difficult' 

Segmentatio

n 
Incorrect word 

boundaries 
 → بالرغم

رغم بال  
'despite' 

incorrectly split 

Morphology Clitic/conjugatio

n errors 
 → كتابي

 كتاب
'my book' → 

'book' 

Named 

Entities 
Names, places, 

orgs 
 → الرياض

 الرواد 
'Riyadh' → 'al-

Rawad' 

Religious 

Phrases 
Islamic 

expressions 
الله شاء إن  

 إنشاء →

 الله

'God willing' → 

misspelled 

Dialect↔MS

A 
Register 

substitution 
 → عايز

 أريد 
Egyptian dialect 

→ MSA 

Code-

switching 
Foreign word 

errors 
GitHub 

 جتهاب →
English → 

Transliterated 

Arabic 

Numbers Digits, dates, 

prices 
مارس ١٢  

→ ٢١ 

 مارس 

'March 12' → 

'March 21' 

Table 1: Arabic ASR Error Taxonomy. Arrow (→) 
indicates ground truth → erroneous output. 

4.4 Annotation Protocol 

Three senior undergraduate IT students who had 
completed an NLP course and are native Arabic 
speakers were trained as annotators. Training 
included detailed Arabic-language guidelines with 
the error taxonomy, examples, rating scale 
anchors, and practice items with feedback. For 
each audio-transcription pair, annotators: (1) 
listened to the audio without viewing the 
transcription; (2) reviewed the OmniASR 
transcription; (3) rated Comprehensibility (1-5): 
How easily can the transcription be understood? 
(4) rated Naturalness (1-5): How natural does the 
Arabic text sound? (5) selected all applicable error 
types from the taxonomy. Annotation was 
conducted using Google Forms, with 62 audio 
files evaluated by all three annotators to enable 
inter-annotator agreement analysis. 

5. Results  

5.1 Overall Performance  

OmniASR achieved moderate overall 
performance on our sample: mean 
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comprehensibility of 3.62/5 (σ=1.35) and mean 
naturalness of 4.05/5 (σ=1.26). However, the 
distribution exhibits a polarized pattern with 
elevated frequency at both extremes (Figure 1). 
Perfect scores (5/5 on both dimensions) were 
achieved on 32.6% of transcriptions, while 21.2% 
scored ≤2 on comprehensibility, essentially 
unusable for any downstream application. 
Although the middle range (scores 2–4) accounts 
for 54% of ratings, the proportion of extreme 
scores is notably higher than expected under a 
normal distribution. This polarized pattern 
suggests OmniASR either succeeds well or fails 
catastrophically, rather than degrading gradually. 

Figure 1: Distribution of comprehensibility and 
naturalness scores across 264 evaluations. 

5.2 Error Type Distribution 

Figure 2 shows the distribution of error types 
across 442 total error instances. The most 
common errors were semantic substitutions 
(22.9%), deletions (22.4%), hallucinations 
(18.3%), and segmentation errors (16.5%). 
Morphological errors accounted for 11.1%. 
Arabic-specific error types were relatively rare: 
named entities (5.4%), religious phrases (1.4%), 
dialect↔MSA substitution (0.7%), numbers 
(0.7%), and code-switching (0.5%). 

Figure 2: Distribution of error types in OmniASR 
transcriptions (n=442 error instances). 

5.3 Error Impact Analysis 

Critically, not all errors affect comprehensibility 
equally (Figure 3). To quantify impact, we 
computed the difference in mean 
comprehensibility between transcriptions where 
each error type was present versus absent. 
Because our data include repeated judgments by 
individual raters on multiple audio files, these 
mean-difference estimates should be interpreted 
as descriptive rather than inferential; a mixed-

effects regression with random intercepts for 
annotator and audio file would be needed for 
formal hypothesis testing. With this caveat, 
hallucinations show the greatest negative impact 
(−1.64 points when present vs. absent), followed 
by deletions (−1.57), segmentation errors (−1.33), 
and substitutions (−1.18). Notably, named entity 
errors have minimal impact on human 
comprehensibility ratings (−0.27), suggesting 
readers can often infer correct names from 
context. However, this low impact on 
comprehensibility should not be taken to mean 
that named entity errors are inconsequential: for 
downstream NLP tasks such as named entity 
recognition, information extraction, or question 
answering, entity errors may be among the most 
damaging, effectively inverting the impact ranking 
observed here. 

Figure 3: Impact of each error type on 
comprehensibility. 

5.4 Error Count and Co-occurrence 

We found a strong negative correlation between 
error count and comprehensibility (Pearson r = 
−0.776, p < 0.001; Figure 4). Transcriptions with 
zero errors averaged 4.86/5, declining to 4.20/5 
for one error, 3.26/5 for two errors, 2.53/5 for three 
errors, and 1.84/5 for four errors. The most 
common error pairs were deletion+hallucination 
(58 co-occurrences), deletion+substitution (46), 
and hallucination+segmentation (45). 

Figure 4: Mean comprehensibility by number of 
errors per transcription. 

5.5 Dialect Effects 

Performance varied by dialect. Based on human 
ratings, Najdi dialect achieved the highest 
comprehensibility (3.83), followed by Gulf Arabic 
(3.44) and Egyptian (3.40). MSA samples scored 
perfectly (5.00) but the sample size was too small 
(n=4) for reliable conclusions. 
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5.6 Inter-Annotator Agreement 

For the 62 files evaluated by all three annotators, 
we computed pairwise Pearson correlations. For 
comprehensibility, correlations ranged from 0.61 
to 0.67 (moderate-to-good agreement). Within ±1 
point agreement was achieved on 79.6% of 
pairwise comparisons, with exact agreement on 
40.9%. Naturalness showed more variation (r = 
0.26 to 0.59), consistent with its more subjective 
nature. These agreement levels support the 
reliability of the annotation task while 
acknowledging inherent subjectivity in quality 
judgments. 

5.7 Automatic Metric Analysis 
(WER/CER) 

To complement our human evaluation, we 
computed Word Error Rate (WER) and Character 
Error Rate (CER) by aligning OmniASR 
transcriptions with SADA ground truth for 100 
matched audio files. OmniASR achieved a mean 
WER of 42.2% (σ=24.0%, median=37.5%) and 
mean CER of 21.1% (σ=17.3%, median=16.1%). 
The WER distribution reveals substantial 
variation: 19% of files achieved excellent 
performance (WER <20%), while 37% showed 
poor performance (WER >50%). 

 

Figure 5: Correlation between automatic metrics 
(WER/CER) and human comprehensibility 

ratings. 

We examined the correlation between automatic 
metrics and human judgments (Figure 5). WER 
showed a strong negative correlation with 
comprehensibility (r = −0.679), while CER showed 
a moderate correlation (r = −0.513). Notably, the 
WER–comprehensibility correlation (|r| = 0.679) is 
comparable to inter-annotator agreement for 
comprehensibility (pairwise r = 0.61–0.67), 
indicating that WER predicts human judgments 
approximately as well as individual annotators 
predict each other. This suggests that WER is a 
reasonable single-number proxy for overall 
perceived quality. However, WER by design 
treats all word-level errors as equivalent and 
cannot reveal which error types are most 
damaging. The value of our fine-grained 
taxonomy lies precisely in this diagnostic 
capability: identifying that hallucinations and 

deletions are 6× more impactful than named entity 
errors, information that no aggregate metric can 
provide regardless of its correlation with human 
judgments. 

6. Discussion  

6.1 The Polarized Performance Problem 

Perhaps our most noticeable finding is 
OmniASR’s polarized performance distribution: 
approximately one-third of transcriptions are 
essentially perfect, while one-fifth are essentially 
unusable. While the majority of scores (54%) fall 
in the middle range (2–4), the elevated frequency 
at both extremes is notable. This pattern would be 
obscured by aggregate metrics like mean WER 
(42.2%) or CER (21.1%). For practical 
applications, users need to know not just average 
quality but the probability of catastrophic failure. 

This polarization likely reflects how neural ASR 
models process speech. When the acoustic signal 
clearly matches patterns in training data, the 
model produces confident, accurate 
transcriptions. When there is a mismatch due to 
unfamiliar dialect features, acoustic conditions, or 
speaker characteristics, the model may 'fall off a 
cliff' rather than degrading gracefully. The strong 
correlation between error count and 
comprehensibility (r = −0.776) supports this 
interpretation: errors cluster together in 
problematic utterances rather than being 
distributed uniformly. 

6.2 Why Hallucinations and Deletions 
Are Most Damaging 

Our analysis revealed that hallucinations (−1.64 
impact) and deletions (−1.57) are by far the most 
damaging error types for comprehensibility, 
roughly 6× more impactful than named entity 
errors (−0.27). Hallucinations are particularly 
problematic because they introduce false 
information that readers have no way to detect or 
correct. In high-stakes applications (medical, 
legal, journalistic), hallucinated content could 
have serious consequences. The prevalence of 
hallucinations (18.3% of errors) suggests that 
OmniASR's LLM-based decoder may be over-
generating content to create fluent output. 

Deletions are damaging because they remove 
information entirely, potentially changing 
meaning. The Arabic sentence 'أوافق  I do not) 'لا 
agree) becomes 'أوافق’ (I agree) if the negation 
particle is deleted. This type of semantically 
critical deletion, where function words such as 
negation markers are omitted, was observed in 
our data and illustrates how deletions can invert 
meaning entirely. The high co-occurrence of 
deletions with hallucinations (58 pairs) suggests a 
common failure mode: the model skips content it 
cannot confidently transcribe and compensates 
by generating plausible filler. 
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6.3 The Fluency Trap 

OmniASR achieved notably higher naturalness 
scores (mean 4.05) than comprehensibility scores 
(mean 3.62). This gap reveals that the LLM-based 
decoder produces fluent, natural-sounding Arabic 
text that may nonetheless be semantically 
incorrect. This ‘fluency trap’ has been 
documented in neural machine translation 
(Martindale & Carpuat, 2018). For ASR 
evaluation, this finding argues strongly for 
separating fluency/naturalness from 
accuracy/comprehensibility in evaluation 
frameworks. An important question for future work 
is whether this fluency trap is specific to LLM-
based decoding. CTC-based models, which 
decode frame-by-frame without autoregressive 
language model priors, would likely produce less 
fluent but potentially more faithful transcriptions. 
Comparing LLM-based and CTC-based 
architectures using our evaluation framework 
could reveal whether there is a systematic trade-
off between naturalness and comprehensibility 
across decoding strategies. 

6.4 WER and the Role of Fine-Grained 
Analysis 

Our WER/CER analysis reveals a nuanced 
picture of WER’s role in ASR evaluation. The 
WER–comprehensibility correlation (r = −0.679) is 
comparable to inter-annotator agreement on 
comprehensibility (pairwise r = 0.61–0.67), 
indicating that WER predicts human judgments at 
a level on par with the agreement among 
individual annotators. WER therefore serves as a 
reliable single-number summary of overall quality. 
However, the value of our error taxonomy is not in 
replacing WER but in complementing it with 
diagnostic information that WER by design cannot 
provide. WER treats all word-level errors as 
equivalent, yet our analysis shows that 
hallucinations and deletions are roughly 6× more 
damaging to comprehensibility than entity errors. 
A weighted WER scheme informed by these 
impact differences could provide a more 
informative automatic metric, and our taxonomy 
offers the empirical basis for developing such 
weightings. 

6.5 Implications for Arabic ASR 
Evaluation 

Our findings have several implications for Arabic 
ASR evaluation: (1) Weighted Error Metrics: 
evaluation metrics should weight errors by their 
perceptual impact; (2) Distributional Reporting: 
beyond mean WER, report the proportion of 
catastrophic failures and successes; (3) Dialect-
Specific Evaluation: performance should be 
reported separately for MSA and each major 
dialect group; (4) Arabic-Specific Error 
Categories: track morphological errors, religious 
phrase accuracy, and dialect-MSA substitution; 
(5) Task-Dependent Impact Profiles: the error 
impact ranking we report reflects human 

comprehensibility, but downstream applications 
may exhibit entirely different sensitivity profiles. 
For instance, named entity errors had minimal 
impact on comprehensibility (−0.27) yet could be 
highly damaging for entity-centric tasks such as 
information extraction and question answering. 
Future work should evaluate the same 
transcriptions through downstream NLP pipelines 
to produce task-specific impact rankings that 
complement our human-centered analysis. 

7. Conclusion 

We presented the first fine-grained human 
evaluation of Meta’s OmniASR system on Saudi 
Arabic dialects, introducing a 10-category error 
taxonomy designed for Arabic’s linguistic and 
cultural characteristics. OmniASR achieved 
42.2% WER and 3.62/5 mean comprehensibility, 
but exhibited a polarized performance pattern with 
32.6% perfect transcriptions and 21.2% unusable 
ones. Error analysis reveals that hallucinations 
and deletions are approximately 6× more 
damaging than named entity errors for human 
comprehensibility, though the impact ranking may 
differ for downstream NLP tasks. While WER 
correlates with human judgments at a level 
comparable to inter-annotator agreement (r = 
−0.679 vs. pairwise annotator r = 0.61–0.67), it 
cannot identify which error types drive quality 
degradation. Our error taxonomy complements 
WER by providing this diagnostic granularity, 
supporting the development of error-type-aware 
evaluation frameworks for Arabic ASR. 

8. Limitations and Ethical 
Considerations  

Our study has several limitations. First, our 
sample size (103 audio files, 264 evaluations) is 
modest; a larger-scale study would provide more 
robust estimates, particularly for rare error types 
and dialect-specific breakdowns. Second, our 
annotators were senior undergraduate students 
who had completed an NLP course and received 
task-specific training rather than professional 
linguists; inter-annotator agreement for 
comprehensibility (r = 0.61–0.67) falls within 
ranges reported in similar ASR evaluation studies, 
but expert annotators might identify errors more 
consistently. Third, our error impact estimates are 
based on mean differences between 
present/absent conditions; a mixed-effects 
regression with random intercepts for annotator 
and audio file would provide more rigorous 
statistical inference, and we note this as a 
direction for follow-up analysis. Fourth, we 
evaluated only OmniASR, an LLM-based system; 
comparative evaluation against CTC-based 
models (e.g., Wav2Vec 2.0 CTC) and attention-
based models (e.g., Whisper) would reveal 
whether the fluency trap and error type 
distributions we observe are architecture-specific. 
Finally, our sample was primarily Saudi dialects 
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with some Egyptian content; evaluation on 
Levantine and Maghrebi dialects would further 
test the generalizability of our error taxonomy. 

The annotation task was conducted as part of a 
graded course assignment in an NLP course. 
Grades were based on task completion and 
annotation quality (consistency and 
thoroughness) rather than on achieving particular 
results. The SADA dataset used in this study is 
publicly available under CC BY-NC-SA 4.0 
license. 
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Abstract

Multi-modal Speech Language Models (SpeechLMs) are a recent advancement in natural language processing.
These SpeechLMs are instruction-tuned and optimized for general tasks. Their usefulness for Automatic Speech
Recognition (ASR), particularly in relatively low-resource scenarios, remains largely understudied. This work
developed SpeechLM for ASR in Basque and Maltese and studied the impact of language-adapted Large Language
Model (LLM) and speech encoder within the SpeechLM for ASR. Using supervised learning, we fine-tuned LLaMA-
Omni, a SpeechLM, for ASR. We have conducted comprehensive hyperparameter tuning and experimented with
language-adapted SpeechLM components to improve performance and evaluated our best models on in-distribution
datasets for both languages and an out-of-distribution dataset for Basque. LLaMA-Omni achieved 8.09% WER in
Basque and 25.65% WER for Maltese on average across multiple test splits. The in-distribution results show that
SpeechLM outperforms a fine-tuned ASR system under specific constraints, whereas it underperforms the baseline
model on out‑of‑distribution Basque, indicating weaker overall robustness. We also find that a language-adapted
LLM within SpeechLM improves in out-of-distribution settings when compared to the off-the-shelf LLM within
SpeechLM.

Keywords: SpeechLM, ASR, LLM, Low-resource, Basque, Maltese

1. Introduction

ASR is the computational process of converting
spoken language into written text, enabling ma-
chines to interpret and respond to human speech.
It is an important task in natural language pro-
cessing as speech is a natural and prevalent way
of communication, while text is the more com-
mon modality of information processing. To bridge
these modalities, SpeechLMs as a research field
focus on seamless interaction between speech
and language models, where the language model
has an intrinsic capability to understand and gen-
erate speech. To directly understand speech,
SpeechLMs encode raw audio signals or wave-
forms and convert them into discrete tokens or
continuous representations. In this study, we
adapt a SpeechLM to leverage its speech recog-
nition capabilities, focusing primarily on the de-
velopment and evaluation of ASR systems with
a particular emphasis on the Basque and Mal-
tese languages. The goal of this work is to ana-
lyze whether a general-purpose SpeechLM can be
effectively adapted for supervised ASR in under-
resourced languages, and to understand which
components have a greater impact in different
data regimes. Specifically, we have worked with
LLaMA-Omni (Fang et al., 2025), a multi-modal
speech language model that supports speech and
text modalities as input and can produce output
in both speech and text. We fine-tune LLaMA-
Omni with supervised learning for ASR in different

experimental setups to understand the impact of
language-adapted components and evaluate them
in terms of accuracy and robustness, where out-of-
distribution data was available.

Our work demonstrates that LLaMA-Omni can
be adapted for ASR, yielding better results than
the fine-tuned speech encoder in some cases.
On Basque in-distribution test sets, LLaMA-
Omni outperforms the fine-tuned baseline model,
whisper-large-v3 (the speech encoder used
within LLaMA-Omni) by 22%, demonstrating the
effectiveness of SpeechLM architecture. However,
the fine-tuned baseline outperforms LLaMA-Omni
significantly on out-of-distribution evaluation. In
Maltese, the performance decreases by 50% on
the in-distribution test set due to a significantly
smaller training dataset, highlighting a limitation
in the SpeechLM architecture when handling data
scarcity.

2. Related Work

Recent progress in SpeechLM has enabled end-
to-end speech understanding and generation with-
out relying on traditional cascaded ASR and text-
to-speech pipeline. Among them, LLaMA-Omni
(Fang et al., 2025) proposed a novel architec-
ture toward low-latency, high-quality speech un-
derstanding and generation by directly mapping
speech inputs to both textual and spoken out-
puts. However, their evaluation focuses exclu-
sively on speech-to-text instruction-following and
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speech-to-speech instruction-following tasks in
English. This trend is common across SpeechLM
research: evaluating on instruction-following gen-
erative tasks and downstream tasks such as
ASR, text-to-speech, speech translation, etc., in
high-resource languages. Although Soundwave
(Zhang et al., 2025b) focuses on efficient train-
ing with limited resources and employs the same
whisper-LLaMA 3.1-8B-Instruct architecture as
LLaMA-Omni, its evaluation remains restricted to
English speech tasks. EchoX (Zhang et al., 2025a)
builds on Soundwave to emphasize acoustic ro-
bustness for knowledge-based question answer-
ing, again focusing on English. Despite its multilin-
gual capabilities, GLM‑4 Voice (Zeng et al., 2024)
is restricted to high-resource training and evalua-
tion regimes.

Although interest in SpeechLMs as general-
purpose generative models is increasing, their per-
formance on low-resource downstream tasks such
as ASR remains largely unexplored. In this pa-
per, we investigate whether recent SpeechLM ar-
chitectures can be efficiently adapted to ASR for
two low-resource languages: Basque and Mal-
tese. We also isolate the effect of language adap-
tation at different components of the system. For
the LLM, we incorporate Latxa Instruct (Etxaniz
et al.), an instruction-tuned Basque LLM derived
from the LLaMA 3.1-8B-Instruct (Grattafiori et al.,
2024). Similarly, we analyze the impact of adapt-
ing the speech encoder, whisper. Our results pro-
vide the first systematic evaluation of SpeechLM-
based ASR in low-resource language settings.

3. Methodology

We aim to investigate the adaptability of
SpeechLM for low-resource ASR and further
examine the impact of component-specific
language-adaptation on ASR performance.
Specifically, we address the following research
questions: i) Can a general-purpose SpeechLM
be adapted for supervised ASR in Basque and
Maltese? ii) Does language adaptation of the LLM
improve ASR performance in Basque? iii) Does
adapting the speech encoder provide additional
performance gains? While the first and third
research questions focus on both Basque and
Maltese, the second one only focuses on Basque,
as a language-adapted LLM was not available for
Maltese.

In this empirical study, we designed three con-
trolled experiments using LLaMA-Omni to answer
each of our research questions. The first exper-
iment aimed to adapt LLaMA-Omni for ASR in
Basque and Maltese, separately. Toward that goal,
we fine-tuned the already trained English LLaMA-
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✏
<latexit sha1_base64="ssxxscrscFDuELeuu/+9O0MDmKI=">AAAB73icbVDLSgNBEOyNrxhfUY9eBoPgKeyKoMegF48RzAOSJcxOepMhszPrzKwQQn7CiwdFvPo73vwbJ8keNLGgoajqprsrSgU31ve/vcLa+sbmVnG7tLO7t39QPjxqGpVphg2mhNLtiBoUXGLDciuwnWqkSSSwFY1uZ37rCbXhSj7YcYphQgeSx5xR66R2F1PDhZK9csWv+nOQVRLkpAI56r3yV7evWJagtExQYzqBn9pwQrXlTOC01M0MppSN6AA7jkqaoAkn83un5MwpfRIr7UpaMld/T0xoYsw4iVxnQu3QLHsz8T+vk9n4OpxwmWYWJVssijNBrCKz50mfa2RWjB2hTHN3K2FDqimzLqKSCyFYfnmVNC+qgV8N7i8rtZs8jiKcwCmcQwBXUIM7qEMDGAh4hld48x69F+/d+1i0Frx85hj+wPv8AUzRkCA=</latexit><latexit sha1_base64="ssxxscrscFDuELeuu/+9O0MDmKI=">AAAB73icbVDLSgNBEOyNrxhfUY9eBoPgKeyKoMegF48RzAOSJcxOepMhszPrzKwQQn7CiwdFvPo73vwbJ8keNLGgoajqprsrSgU31ve/vcLa+sbmVnG7tLO7t39QPjxqGpVphg2mhNLtiBoUXGLDciuwnWqkSSSwFY1uZ37rCbXhSj7YcYphQgeSx5xR66R2F1PDhZK9csWv+nOQVRLkpAI56r3yV7evWJagtExQYzqBn9pwQrXlTOC01M0MppSN6AA7jkqaoAkn83un5MwpfRIr7UpaMld/T0xoYsw4iVxnQu3QLHsz8T+vk9n4OpxwmWYWJVssijNBrCKz50mfa2RWjB2hTHN3K2FDqimzLqKSCyFYfnmVNC+qgV8N7i8rtZs8jiKcwCmcQwBXUIM7qEMDGAh4hld48x69F+/d+1i0Frx85hj+wPv8AUzRkCA=</latexit><latexit sha1_base64="ssxxscrscFDuELeuu/+9O0MDmKI=">AAAB73icbVDLSgNBEOyNrxhfUY9eBoPgKeyKoMegF48RzAOSJcxOepMhszPrzKwQQn7CiwdFvPo73vwbJ8keNLGgoajqprsrSgU31ve/vcLa+sbmVnG7tLO7t39QPjxqGpVphg2mhNLtiBoUXGLDciuwnWqkSSSwFY1uZ37rCbXhSj7YcYphQgeSx5xR66R2F1PDhZK9csWv+nOQVRLkpAI56r3yV7evWJagtExQYzqBn9pwQrXlTOC01M0MppSN6AA7jkqaoAkn83un5MwpfRIr7UpaMld/T0xoYsw4iVxnQu3QLHsz8T+vk9n4OpxwmWYWJVssijNBrCKz50mfa2RWjB2hTHN3K2FDqimzLqKSCyFYfnmVNC+qgV8N7i8rtZs8jiKcwCmcQwBXUIM7qEMDGAh4hld48x69F+/d+1i0Frx85hj+wPv8AUzRkCA=</latexit><latexit sha1_base64="ssxxscrscFDuELeuu/+9O0MDmKI=">AAAB73icbVDLSgNBEOyNrxhfUY9eBoPgKeyKoMegF48RzAOSJcxOepMhszPrzKwQQn7CiwdFvPo73vwbJ8keNLGgoajqprsrSgU31ve/vcLa+sbmVnG7tLO7t39QPjxqGpVphg2mhNLtiBoUXGLDciuwnWqkSSSwFY1uZ37rCbXhSj7YcYphQgeSx5xR66R2F1PDhZK9csWv+nOQVRLkpAI56r3yV7evWJagtExQYzqBn9pwQrXlTOC01M0MppSN6AA7jkqaoAkn83un5MwpfRIr7UpaMld/T0xoYsw4iVxnQu3QLHsz8T+vk9n4OpxwmWYWJVssijNBrCKz50mfa2RWjB2hTHN3K2FDqimzLqKSCyFYfnmVNC+qgV8N7i8rtZs8jiKcwCmcQwBXUIM7qEMDGAh4hld48x69F+/d+1i0Frx85hj+wPv8AUzRkCA=</latexit>

✏
<latexit sha1_base64="ssxxscrscFDuELeuu/+9O0MDmKI=">AAAB73icbVDLSgNBEOyNrxhfUY9eBoPgKeyKoMegF48RzAOSJcxOepMhszPrzKwQQn7CiwdFvPo73vwbJ8keNLGgoajqprsrSgU31ve/vcLa+sbmVnG7tLO7t39QPjxqGpVphg2mhNLtiBoUXGLDciuwnWqkSSSwFY1uZ37rCbXhSj7YcYphQgeSx5xR66R2F1PDhZK9csWv+nOQVRLkpAI56r3yV7evWJagtExQYzqBn9pwQrXlTOC01M0MppSN6AA7jkqaoAkn83un5MwpfRIr7UpaMld/T0xoYsw4iVxnQu3QLHsz8T+vk9n4OpxwmWYWJVssijNBrCKz50mfa2RWjB2hTHN3K2FDqimzLqKSCyFYfnmVNC+qgV8N7i8rtZs8jiKcwCmcQwBXUIM7qEMDGAh4hld48x69F+/d+1i0Frx85hj+wPv8AUzRkCA=</latexit><latexit sha1_base64="ssxxscrscFDuELeuu/+9O0MDmKI=">AAAB73icbVDLSgNBEOyNrxhfUY9eBoPgKeyKoMegF48RzAOSJcxOepMhszPrzKwQQn7CiwdFvPo73vwbJ8keNLGgoajqprsrSgU31ve/vcLa+sbmVnG7tLO7t39QPjxqGpVphg2mhNLtiBoUXGLDciuwnWqkSSSwFY1uZ37rCbXhSj7YcYphQgeSx5xR66R2F1PDhZK9csWv+nOQVRLkpAI56r3yV7evWJagtExQYzqBn9pwQrXlTOC01M0MppSN6AA7jkqaoAkn83un5MwpfRIr7UpaMld/T0xoYsw4iVxnQu3QLHsz8T+vk9n4OpxwmWYWJVssijNBrCKz50mfa2RWjB2hTHN3K2FDqimzLqKSCyFYfnmVNC+qgV8N7i8rtZs8jiKcwCmcQwBXUIM7qEMDGAh4hld48x69F+/d+1i0Frx85hj+wPv8AUzRkCA=</latexit><latexit sha1_base64="ssxxscrscFDuELeuu/+9O0MDmKI=">AAAB73icbVDLSgNBEOyNrxhfUY9eBoPgKeyKoMegF48RzAOSJcxOepMhszPrzKwQQn7CiwdFvPo73vwbJ8keNLGgoajqprsrSgU31ve/vcLa+sbmVnG7tLO7t39QPjxqGpVphg2mhNLtiBoUXGLDciuwnWqkSSSwFY1uZ37rCbXhSj7YcYphQgeSx5xR66R2F1PDhZK9csWv+nOQVRLkpAI56r3yV7evWJagtExQYzqBn9pwQrXlTOC01M0MppSN6AA7jkqaoAkn83un5MwpfRIr7UpaMld/T0xoYsw4iVxnQu3QLHsz8T+vk9n4OpxwmWYWJVssijNBrCKz50mfa2RWjB2hTHN3K2FDqimzLqKSCyFYfnmVNC+qgV8N7i8rtZs8jiKcwCmcQwBXUIM7qEMDGAh4hld48x69F+/d+1i0Frx85hj+wPv8AUzRkCA=</latexit><latexit sha1_base64="ssxxscrscFDuELeuu/+9O0MDmKI=">AAAB73icbVDLSgNBEOyNrxhfUY9eBoPgKeyKoMegF48RzAOSJcxOepMhszPrzKwQQn7CiwdFvPo73vwbJ8keNLGgoajqprsrSgU31ve/vcLa+sbmVnG7tLO7t39QPjxqGpVphg2mhNLtiBoUXGLDciuwnWqkSSSwFY1uZ37rCbXhSj7YcYphQgeSx5xR66R2F1PDhZK9csWv+nOQVRLkpAI56r3yV7evWJagtExQYzqBn9pwQrXlTOC01M0MppSN6AA7jkqaoAkn83un5MwpfRIr7UpaMld/T0xoYsw4iVxnQu3QLHsz8T+vk9n4OpxwmWYWJVssijNBrCKz50mfa2RWjB2hTHN3K2FDqimzLqKSCyFYfnmVNC+qgV8N7i8rtZs8jiKcwCmcQwBXUIM7qEMDGAh4hld48x69F+/d+1i0Frx85hj+wPv8AUzRkCA=</latexit>

✏
<latexit sha1_base64="ssxxscrscFDuELeuu/+9O0MDmKI=">AAAB73icbVDLSgNBEOyNrxhfUY9eBoPgKeyKoMegF48RzAOSJcxOepMhszPrzKwQQn7CiwdFvPo73vwbJ8keNLGgoajqprsrSgU31ve/vcLa+sbmVnG7tLO7t39QPjxqGpVphg2mhNLtiBoUXGLDciuwnWqkSSSwFY1uZ37rCbXhSj7YcYphQgeSx5xR66R2F1PDhZK9csWv+nOQVRLkpAI56r3yV7evWJagtExQYzqBn9pwQrXlTOC01M0MppSN6AA7jkqaoAkn83un5MwpfRIr7UpaMld/T0xoYsw4iVxnQu3QLHsz8T+vk9n4OpxwmWYWJVssijNBrCKz50mfa2RWjB2hTHN3K2FDqimzLqKSCyFYfnmVNC+qgV8N7i8rtZs8jiKcwCmcQwBXUIM7qEMDGAh4hld48x69F+/d+1i0Frx85hj+wPv8AUzRkCA=</latexit><latexit sha1_base64="ssxxscrscFDuELeuu/+9O0MDmKI=">AAAB73icbVDLSgNBEOyNrxhfUY9eBoPgKeyKoMegF48RzAOSJcxOepMhszPrzKwQQn7CiwdFvPo73vwbJ8keNLGgoajqprsrSgU31ve/vcLa+sbmVnG7tLO7t39QPjxqGpVphg2mhNLtiBoUXGLDciuwnWqkSSSwFY1uZ37rCbXhSj7YcYphQgeSx5xR66R2F1PDhZK9csWv+nOQVRLkpAI56r3yV7evWJagtExQYzqBn9pwQrXlTOC01M0MppSN6AA7jkqaoAkn83un5MwpfRIr7UpaMld/T0xoYsw4iVxnQu3QLHsz8T+vk9n4OpxwmWYWJVssijNBrCKz50mfa2RWjB2hTHN3K2FDqimzLqKSCyFYfnmVNC+qgV8N7i8rtZs8jiKcwCmcQwBXUIM7qEMDGAh4hld48x69F+/d+1i0Frx85hj+wPv8AUzRkCA=</latexit><latexit sha1_base64="ssxxscrscFDuELeuu/+9O0MDmKI=">AAAB73icbVDLSgNBEOyNrxhfUY9eBoPgKeyKoMegF48RzAOSJcxOepMhszPrzKwQQn7CiwdFvPo73vwbJ8keNLGgoajqprsrSgU31ve/vcLa+sbmVnG7tLO7t39QPjxqGpVphg2mhNLtiBoUXGLDciuwnWqkSSSwFY1uZ37rCbXhSj7YcYphQgeSx5xR66R2F1PDhZK9csWv+nOQVRLkpAI56r3yV7evWJagtExQYzqBn9pwQrXlTOC01M0MppSN6AA7jkqaoAkn83un5MwpfRIr7UpaMld/T0xoYsw4iVxnQu3QLHsz8T+vk9n4OpxwmWYWJVssijNBrCKz50mfa2RWjB2hTHN3K2FDqimzLqKSCyFYfnmVNC+qgV8N7i8rtZs8jiKcwCmcQwBXUIM7qEMDGAh4hld48x69F+/d+1i0Frx85hj+wPv8AUzRkCA=</latexit><latexit sha1_base64="ssxxscrscFDuELeuu/+9O0MDmKI=">AAAB73icbVDLSgNBEOyNrxhfUY9eBoPgKeyKoMegF48RzAOSJcxOepMhszPrzKwQQn7CiwdFvPo73vwbJ8keNLGgoajqprsrSgU31ve/vcLa+sbmVnG7tLO7t39QPjxqGpVphg2mhNLtiBoUXGLDciuwnWqkSSSwFY1uZ37rCbXhSj7YcYphQgeSx5xR66R2F1PDhZK9csWv+nOQVRLkpAI56r3yV7evWJagtExQYzqBn9pwQrXlTOC01M0MppSN6AA7jkqaoAkn83un5MwpfRIr7UpaMld/T0xoYsw4iVxnQu3QLHsz8T+vk9n4OpxwmWYWJVssijNBrCKz50mfa2RWjB2hTHN3K2FDqimzLqKSCyFYfnmVNC+qgV8N7i8rtZs8jiKcwCmcQwBXUIM7qEMDGAh4hld48x69F+/d+1i0Frx85hj+wPv8AUzRkCA=</latexit>

65 65 27 ✏
<latexit sha1_base64="ssxxscrscFDuELeuu/+9O0MDmKI=">AAAB73icbVDLSgNBEOyNrxhfUY9eBoPgKeyKoMegF48RzAOSJcxOepMhszPrzKwQQn7CiwdFvPo73vwbJ8keNLGgoajqprsrSgU31ve/vcLa+sbmVnG7tLO7t39QPjxqGpVphg2mhNLtiBoUXGLDciuwnWqkSSSwFY1uZ37rCbXhSj7YcYphQgeSx5xR66R2F1PDhZK9csWv+nOQVRLkpAI56r3yV7evWJagtExQYzqBn9pwQrXlTOC01M0MppSN6AA7jkqaoAkn83un5MwpfRIr7UpaMld/T0xoYsw4iVxnQu3QLHsz8T+vk9n4OpxwmWYWJVssijNBrCKz50mfa2RWjB2hTHN3K2FDqimzLqKSCyFYfnmVNC+qgV8N7i8rtZs8jiKcwCmcQwBXUIM7qEMDGAh4hld48x69F+/d+1i0Frx85hj+wPv8AUzRkCA=</latexit><latexit sha1_base64="ssxxscrscFDuELeuu/+9O0MDmKI=">AAAB73icbVDLSgNBEOyNrxhfUY9eBoPgKeyKoMegF48RzAOSJcxOepMhszPrzKwQQn7CiwdFvPo73vwbJ8keNLGgoajqprsrSgU31ve/vcLa+sbmVnG7tLO7t39QPjxqGpVphg2mhNLtiBoUXGLDciuwnWqkSSSwFY1uZ37rCbXhSj7YcYphQgeSx5xR66R2F1PDhZK9csWv+nOQVRLkpAI56r3yV7evWJagtExQYzqBn9pwQrXlTOC01M0MppSN6AA7jkqaoAkn83un5MwpfRIr7UpaMld/T0xoYsw4iVxnQu3QLHsz8T+vk9n4OpxwmWYWJVssijNBrCKz50mfa2RWjB2hTHN3K2FDqimzLqKSCyFYfnmVNC+qgV8N7i8rtZs8jiKcwCmcQwBXUIM7qEMDGAh4hld48x69F+/d+1i0Frx85hj+wPv8AUzRkCA=</latexit><latexit sha1_base64="ssxxscrscFDuELeuu/+9O0MDmKI=">AAAB73icbVDLSgNBEOyNrxhfUY9eBoPgKeyKoMegF48RzAOSJcxOepMhszPrzKwQQn7CiwdFvPo73vwbJ8keNLGgoajqprsrSgU31ve/vcLa+sbmVnG7tLO7t39QPjxqGpVphg2mhNLtiBoUXGLDciuwnWqkSSSwFY1uZ37rCbXhSj7YcYphQgeSx5xR66R2F1PDhZK9csWv+nOQVRLkpAI56r3yV7evWJagtExQYzqBn9pwQrXlTOC01M0MppSN6AA7jkqaoAkn83un5MwpfRIr7UpaMld/T0xoYsw4iVxnQu3QLHsz8T+vk9n4OpxwmWYWJVssijNBrCKz50mfa2RWjB2hTHN3K2FDqimzLqKSCyFYfnmVNC+qgV8N7i8rtZs8jiKcwCmcQwBXUIM7qEMDGAh4hld48x69F+/d+1i0Frx85hj+wPv8AUzRkCA=</latexit><latexit sha1_base64="ssxxscrscFDuELeuu/+9O0MDmKI=">AAAB73icbVDLSgNBEOyNrxhfUY9eBoPgKeyKoMegF48RzAOSJcxOepMhszPrzKwQQn7CiwdFvPo73vwbJ8keNLGgoajqprsrSgU31ve/vcLa+sbmVnG7tLO7t39QPjxqGpVphg2mhNLtiBoUXGLDciuwnWqkSSSwFY1uZ37rCbXhSj7YcYphQgeSx5xR66R2F1PDhZK9csWv+nOQVRLkpAI56r3yV7evWJagtExQYzqBn9pwQrXlTOC01M0MppSN6AA7jkqaoAkn83un5MwpfRIr7UpaMld/T0xoYsw4iVxnQu3QLHsz8T+vk9n4OpxwmWYWJVssijNBrCKz50mfa2RWjB2hTHN3K2FDqimzLqKSCyFYfnmVNC+qgV8N7i8rtZs8jiKcwCmcQwBXUIM7qEMDGAh4hld48x69F+/d+1i0Frx85hj+wPv8AUzRkCA=</latexit>

11 1198

high …

…

53 2 …

LLaMA-S2S

latency

S
<latexit sha1_base64="a0vIHozkj3MebWDDSZECQ8FkwMY=">AAAB8XicbVBNS8NAFHypX7V+VT16WSyCp5KIoMeiF48VbS22oWy2L+3SzSbsboQS+i+8eFDEq//Gm//GTZuDtg4sDDPvsfMmSATXxnW/ndLK6tr6RnmzsrW9s7tX3T9o6zhVDFssFrHqBFSj4BJbhhuBnUQhjQKBD8H4OvcfnlBpHst7M0nQj+hQ8pAzaqz02IuoGQVhdjftV2tu3Z2BLBOvIDUo0OxXv3qDmKURSsME1brruYnxM6oMZwKnlV6qMaFsTIfYtVTSCLWfzRJPyYlVBiSMlX3SkJn6eyOjkdaTKLCTeUK96OXif143NeGln3GZpAYlm38UpoKYmOTnkwFXyIyYWEKZ4jYrYSOqKDO2pIotwVs8eZm0z+qeW/duz2uNq6KOMhzBMZyCBxfQgBtoQgsYSHiGV3hztPPivDsf89GSU+wcwh84nz/FAJD3</latexit><latexit sha1_base64="a0vIHozkj3MebWDDSZECQ8FkwMY=">AAAB8XicbVBNS8NAFHypX7V+VT16WSyCp5KIoMeiF48VbS22oWy2L+3SzSbsboQS+i+8eFDEq//Gm//GTZuDtg4sDDPvsfMmSATXxnW/ndLK6tr6RnmzsrW9s7tX3T9o6zhVDFssFrHqBFSj4BJbhhuBnUQhjQKBD8H4OvcfnlBpHst7M0nQj+hQ8pAzaqz02IuoGQVhdjftV2tu3Z2BLBOvIDUo0OxXv3qDmKURSsME1brruYnxM6oMZwKnlV6qMaFsTIfYtVTSCLWfzRJPyYlVBiSMlX3SkJn6eyOjkdaTKLCTeUK96OXif143NeGln3GZpAYlm38UpoKYmOTnkwFXyIyYWEKZ4jYrYSOqKDO2pIotwVs8eZm0z+qeW/duz2uNq6KOMhzBMZyCBxfQgBtoQgsYSHiGV3hztPPivDsf89GSU+wcwh84nz/FAJD3</latexit><latexit sha1_base64="a0vIHozkj3MebWDDSZECQ8FkwMY=">AAAB8XicbVBNS8NAFHypX7V+VT16WSyCp5KIoMeiF48VbS22oWy2L+3SzSbsboQS+i+8eFDEq//Gm//GTZuDtg4sDDPvsfMmSATXxnW/ndLK6tr6RnmzsrW9s7tX3T9o6zhVDFssFrHqBFSj4BJbhhuBnUQhjQKBD8H4OvcfnlBpHst7M0nQj+hQ8pAzaqz02IuoGQVhdjftV2tu3Z2BLBOvIDUo0OxXv3qDmKURSsME1brruYnxM6oMZwKnlV6qMaFsTIfYtVTSCLWfzRJPyYlVBiSMlX3SkJn6eyOjkdaTKLCTeUK96OXif143NeGln3GZpAYlm38UpoKYmOTnkwFXyIyYWEKZ4jYrYSOqKDO2pIotwVs8eZm0z+qeW/duz2uNq6KOMhzBMZyCBxfQgBtoQgsYSHiGV3hztPPivDsf89GSU+wcwh84nz/FAJD3</latexit><latexit sha1_base64="a0vIHozkj3MebWDDSZECQ8FkwMY=">AAAB8XicbVBNS8NAFHypX7V+VT16WSyCp5KIoMeiF48VbS22oWy2L+3SzSbsboQS+i+8eFDEq//Gm//GTZuDtg4sDDPvsfMmSATXxnW/ndLK6tr6RnmzsrW9s7tX3T9o6zhVDFssFrHqBFSj4BJbhhuBnUQhjQKBD8H4OvcfnlBpHst7M0nQj+hQ8pAzaqz02IuoGQVhdjftV2tu3Z2BLBOvIDUo0OxXv3qDmKURSsME1brruYnxM6oMZwKnlV6qMaFsTIfYtVTSCLWfzRJPyYlVBiSMlX3SkJn6eyOjkdaTKLCTeUK96OXif143NeGln3GZpAYlm38UpoKYmOTnkwFXyIyYWEKZ4jYrYSOqKDO2pIotwVs8eZm0z+qeW/duz2uNq6KOMhzBMZyCBxfQgBtoQgsYSHiGV3hztPPivDsf89GSU+wcwh84nz/FAJD3</latexit>

C
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Figure 1: LLaMA-Omni’s modular architecture,
from Fang et al. (2025)

Omni1 with supervised learning on respective
datasets for each language. The goal of this exper-
iment was to examine the effectiveness of adapt-
ing a SpeechLM for speech recognition in low-
resource languages. LLaMA-Omni has four pri-
mary components: speech encoder, speech adap-
tor, LLM, and speech decoder, as presented in
fig. 1. The second and third experiments allowed
us to understand the impact of language-adapted
LLM and speech encoder within the SpeechLM ar-
chitecture on its performance in ASR. In the sec-
ond experiment, we kept the same setting as in the
first experiment, but replaced the LLaMA 3.1-8B-
Instruct with Latxa Instruct (Etxaniz et al.), a con-
tinually pre-trained Basque-adapted LLaMA 3.1-
8B-Instruct. We refer to this newly constructed
SpeechLM architecture Latxa-Omni. We hypothe-
size that because Latxa Instruct has a better under-
standing of Basque, it should perform better at han-
dling Basque-specific transcriptions, thereby im-
proving ASR performance. The final experiment
replicated the setup of the first experiment, with the
exception that we swap the speech encoder with a
version fine-tuned on the same training dataset for
Basque and Maltese while keeping the remaining
components fixed.

To study how training data size affects
SpeechLM-based ASR, we conducted a con-
trol experiment by fine-tuning LLaMA-Omni on
a 35-hour subset of Basque speech, matching
the amount of training data available for Maltese.
By keeping all other aspects identical to the
first experiment, we could isolate the impact of
extreme data constraints while controlling for
language-specific factors.

The SpeechLM LLaMA-Omni combines speech
and text into a unified input for the LLM. While
the input audio for ASR is provided as speech to
the LLM, the text prompt must be predetermined.

1https://huggingface.co/ICTNLP/Llama-3.1-8B-
Omni/
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Our preliminary experiments showed that the
specific prompt used was not very important,
as long as it was used consistently. For all
our experiments, we fixed the prompt to be
<speech> Please directly repeat the
sentence in <language>, where <speech>
gets replaced by the sequence of speech repre-
sentation vectors from the speech adaptor and
<language> is either ”Basque” or ”Maltese”.

Following Fang et al. (2025), only the speech
adaptor and the LLM are fine-tuned in all experi-
ments, whereas the speech encoder is kept frozen,
including in the third experiment in which it was re-
placed. The speech decoder was frozen through-
out, as it is only relevant for speech generation
and is not used in our text‑only ASR setup. We
conducted a hyperparameter search, focusing on
learning rate and batch size. We explored learn-
ing rates of (1 × 10−4, 5 × 10−5, 2 × 10−5, 1 ×
10−5, 5×10−6) and batch sizes of (32, 64, 128, 256).
All experiments on Basque run for 6 epochs and on
Maltese for 4 epochs, a value determined through
preliminary trials. Each training run took approxi-
mately 30 hours. We used the cross-entropy loss
(Goodfellow et al., 2016) optimized with AdamW
(Loshchilov and Hutter, 2019) optimizer in combi-
nation with a cosine learning rate scheduler and
a 5% warm-up phase. During inference, nucleus
sampling was used with the temperature set to 0.6
and a probability of p = 0.9.

We used whisper-large-v3 (Radford et al.,
2022) as the baseline for both languages. As
whisper-large-v3 is the underlying speech en-
coder in LLaMA-Omni, this setup isolates the im-
pact of the SpeechLM architecture on ASR perfor-
mance. For Basque, the baseline was fine-tuned
by Aholab2, and for Maltese, we fine-tune it our-
selves.

4. Data

In this work, we have used multiple datasets,
and their summaries are presented in tables 1
and 2 for Basque and Maltese, respectively. For
the training, validation, and in-distribution evalu-
ation of Basque speech recognition systems, an
aggregated dataset titled Composite Corpus EU
v2.13 was utilized. This publicly accessible re-
source compiles subsets from several other pub-
licly available datasets, specifically Common Voice
18 (Ardila et al., 2020), Basque Parliament Speech
Corpus 1.0 (Varona et al., 2024), and OpenSLR 76
(Kjartansson et al., 2020). To evaluate the robust-
ness of our system in Basque, we utilized Faktoria

2https://huggingface.co/HiTZ/whisper-large-v3-eu
3https://huggingface.co/datasets

/asierhv/composite_corpus_eu_v2.1

Dataset Set Hour # Samples

CV 18
Train 300.0 198498
Test 24.0 14312
Validation 1.0 620

Basque Parl.
Train 370.0 185699
Test 3.0 1521
Validation 1.0 550

OpenSLR
Train 6.0 3229
Test 1.0 526
Validation 1.0 521

Faktoria Test (EUS) 27.5 19142
Test (other) 7.5 4863

Table 1: Summary of the Basque datasets used in
this study, including Common Voice 18, Basque
Parliament Speech Corpus 1.0, OpenSLR, and
Faktoria test sets.

Dataset Set Hour # Samples
Headset v2 Train 6.50 4979
Farfield Train 9.50 4476
Booths Train 2.50 1256
MEP Train 1.25 656

TUBE
Train 13.25 8956
Test 1.00 663
Validation 1.00 638

CV 22
Train 2.37 1910
Test 2.36 1661
Validation 2.09 1625

Table 2: Maltese datasets used in this study.
Datasets Headset v2, Farfield, Booths, MEP, and
TUBE subsets are from the MASRI corpus.

dataset, from EJIE4 for out-of-distribution evalua-
tion. Faktoria is a radio talk show and it differs sub-
stantially from our training data both in domain and
acoustic characteristics. The recordings include
spontaneous conversational speech, background
music, and noticeable dialectal variation, making
the dataset particularly challenging. The dataset is
divided into two subsets: ‘Faktoria (EUS)’, contain-
ing standard Basque, and ‘Faktoria (Other)’, con-
sisting of samples from various Basque dialects.
Collectively, the Basque corpus comprises a total
of 676 hours of training data and 63 hours of test-
ing data.

The primary training dataset for Maltese was a
speech-text parallel corpus, titled ‘MASRI’ (Her-
nandez Mena et al., 2020). It is a publicly accessi-
ble resource5 developed to advance research in
Maltese ASR. Along with MASRI, we also used
Maltese data from Common Voice 22. There was
no out-of-distribution dataset readily available for
Maltese. In total, the Maltese datasets provide

4https://www.ejie.euskadi.eus
5https://www.um.edu.mt/projects/masri
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35.37 hours of training material and 3.36 hours for
testing.

5. Results

The goal of this work is to investigate the adaptabil-
ity of SpeechLM for ASR in Basque and Maltese.
To that end, we use Word Error Rate (WER) for
evaluation, where lower values indicate better ASR
performance. The baselines for both languages
were fine-tuned on the same training set for re-
spective languages, referred in section 4. We also
evaluate them on the same test sets from tables 1
and 2, reported in tables 3 and 4, and their perfor-
mance fluctuates by language, yielding an WER of
10.43% for Basque and 16.74% for Maltese. For
all model comparisons, we report the average over
multiple splits.

5.1. Quantitative Evaluation
Experiment 1: Off-the-shelf Adaptation. The
result from the first experiment is presented as
‘LLaMA-Omni’ in tables 3 and 4. We examined the
efficacy of adapting a standard SpeechLM through
supervised fine-tuning. In Basque, LLaMA-Omni
outperformed the baseline by approximately 22%.
Conversely, the Maltese model exhibited a perfor-
mance degradation of roughly 53%, suggesting
that the architectural adaptation is highly sensitive
to the target language or available data volume.

Experiment 2: Language-adapted LLMs. The
second question explores whether replacing the
LLM in the SpeechLM with a Basque-specific,
instruction-tuned LLM leads to improved ASR per-
formance. As shown in table 3, Latxa-Omni
achieved the best overall performance with a WER
of 7.98%, maintaining a significant lead over the
baseline, though showing only marginal gains over
the standard LLaMA-Omni in in-distribution set-
tings.

Experiment 3: Adapted Speech Encoders.
The third experiment explores the impact of
a language-adapted speech encoder within the
SpeechLM architecture. This experiment’s result
is presented as ’LLaMA-Omni (+ adapted SE)’ in
tables 3 and 4 which replaces the speech en-
coder adapted for each language. Integrating a
language-adapted speech encoder yielded mixed
results. For Basque, the model performed 21%
better than the baseline, mirroring previous exper-
iments. And in Maltese, this variant remained ap-
proximately 50% worse than the baseline. This
suggests that while speech encoder adaptation
can be beneficial, it cannot fully compensate for
other bottlenecks in low-resource settings.

Data Scarcity Analysis. To investigate the Mal-
tese performance gap, we conducted a controlled
experiment in the Basque using a reduced corpus
(LLaMA-Omni (35H) in table 3) which was sam-
pled randomly. This model exhibited a marked
performance degradation, with WER increasing by
76% relative to the baseline and 127% compared
to LLaMA-Omni, which was fine-tuned on the en-
tire corpus. These results support the hypothesis
that data scarcity is the primary factor limiting the
adaptation of SpeechLM architectures for Maltese.

5.2. Out-of-distribution Evaluation
To evaluate the robustness of our systems, we
evaluate our models on an out-of-distribution
dataset. We could only do this for Basque, utilizing
the Faktoria corpus described in section 4. No out-
of-distribution datasets were available for Maltese.
Initial observations on the results presented in ta-
ble 5 reveal a notable degradation in all models’
performance on Faktoria. Interestingly, the base-
line outperforms all the LLaMA-Omni variants from
experiments 1-3 on both subsets, which contrasts
our results in the in-distribution setting, reported
in table 3. Moreover, the substantially higher
WER observed on the Faktoria (other) subset
by all models, including the baseline, compared
to Faktoria (EUS only), clearly demonstrates the
models’ lack of robustness to dialectal variation.
However, models with language-adapted com-
ponents outperform LLaMA-Omni, while Latxa-
Omni has the highest margin of 13% compared
to the LLaMA-Omni from the first experiment.
These results suggest that LLaMA-Omni nega-
tively impacts generalizability ASR when com-
pared to whisper-large-v3. Nevertheless, us-
ing language‑adapted components generalize bet-
ter than LLaMA-Omni, demonstrating better ro-
bustness. This pattern did not emerge in the in-
distribution evaluation for Basque and Maltese.

5.3. Qualitative Analysis
Basque. To better understand the quality of
the transcriptions produced across experiments
in Basque, we analyzed both the best-performing
and worst-performing transcription cases from the
test sets, along with the most commonly mistaken
words. In cases where a model achieved per-
fect transcriptions (WER = 0%), we observed that
the corresponding audio featured clear pronuncia-
tion and minimal background noise. These record-
ings were typically well-articulated, contributing to
the model’s ability to recognize and transcribe the
speech accurately. On the other hand, in poorly
transcribed samples, particularly those with high
WER, many samples contained speech that was
phonetically ambiguous or acoustically similar to
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Model/Corpus CV 18 Basque Parl. OpenSLR Average
whisper-large-v3 5.08% 13.72% 12.48% 10.43%
LLaMA-Omni (35H) 16.62% 11.04% 27.45% 18.37%
LLaMA-Omni 4.80% 5.00% 14.47% 8.09%
Latxa-Omni 4.79% 4.91% 14.23% 7.98%
LLaMA-Omni (+ adapted SE) 4.86% 4.91% 14.78% 8.18%

Table 3: Basque ASR evaluation results for the baseline and LLaMA-Omni models. The first row shows
the baseline system; the second shows LLaMA-Omni trained on only 35 hours of Basque data. The
remaining rows correspond to Experiments 1-3: LLaMA-Omni fine‑tuned on the full corpus, LLaMA-Omni
with the LLM substituted, and LLaMA-Omni with an adapted speech encoder. Columns report WER on
CV18, Basque Parliament Speech Corpus 1.0, and OpenSLR, along with their average.

Model/Corpus CV 22 MASRI Average
whisper-large-v3 11.44% 22.04% 16.74%
LLaMA-Omni 21.08% 30.22% 25.65%
LLaMA-Omni (+ adapted SE) 20.93% 29.33% 25.13%

Table 4: Maltese ASR results for the baseline and LLaMA-Omni experiments. The first row shows
the baseline system. The next two rows correspond to Experiment 1 (LLaMA-Omni fine‑tuning) and
Experiment 3 (LLaMA-Omni with an adapted speech encoder). Columns report WER on CV22, MASRI,
and their average.

other words, making it difficult for the model to dif-
ferentiate. This suggests that the language model
has difficulty handling words that sound alike, es-
pecially when there is little context to help disam-
biguate them. The transcription quality of Latxa-
Omni and LLaMA-Omni (+ adapted SE) model is
highly comparable to our fine-tuned ‘LLaMA-Omni
(2e-5, 256)’. Both models tend to struggle with
a similar set of samples, primarily those contain-
ing phonetically close or noisy audio. In several
samples, Latxa-Omni even performed worse than
LLaMA-Omni. Interestingly, many of the word sub-
stitutions made by Latxa-Omni overlap with those
observed in LLaMA-Omni’s outputs, particularly
for phonetically similar words.

Maltese. To understand the transcription quality
in Maltese, we compare LLaMA-Omni and LLaMA-
Omni (+ adapted SE) and find that the transcription
quality is quite similar. Both model struggle with
code-switching and transcribe phonetically instead
of using the original spelling. The original transcrip-
tions in the MASRI dataset contain filler words, but
our fine-tuned models generally ignore them. The
most common errors involve confusion between
phonetically similar words. Another source of er-
rors involves phonetic mis-segmentation, produc-
ing unintelligible tokens. These errors often take
the shape of Italian-like morphological forms, re-
flecting the influence of contact language on the
model’s output. For example, "Ħalli niddistingwu"
is transcribed as "Hallini d-distingu" by LLaMA-
Omni. This example illustrates that while the
speech encoder is able to phonetically capture
Maltese sounds, the limited size of the dataset con-

strains LLM’s ability to acquire and generalize Mal-
tese grammatical rules.

6. Conclusions

This work investigated the adaptability of
SpeechLM for ASR in the low-resource lan-
guages of Basque and Maltese, specifically
examining how architectural components and
data scale influence model performance. Our
findings reveal that while LLaMA-Omni is highly
effective and achieves comparable performance
to traditional baselines when sufficient data is
available, it is significantly more sensitive to data
scarcity. The performance degradation observed
in Maltese and the reduced-corpus Basque exper-
iments suggests that the large-scale architecture
of LLaMA-Omni requires a higher data size
threshold for effective supervised fine-tuning than
specialized ASR models.

The study further demonstrated a marked im-
provement in generalization to out-of-distribution
samples and dialectal variations for Basque over
off-the-shelf fine-tuning. This indicates that, in low-
resource and linguistically diverse scenarios, the
LLM plays a more critical role in handling distribu-
tion shifts than acoustic features alone. Despite
these advancements, the reliance on substantial
labeled datasets remains a limitation for truly low-
resource scenarios. Future work should focus on
optimizing adapter designs and exploring cross-
lingual transfer mechanisms to reduce the data
burden for SpeechLM adaptation. Finally, this re-
search underscores that advancing ASR for under-
resourced languages necessitates a shift toward
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Model/Corpus Faktoria (EUS only) Faktoria (others)
whisper-large-v3 18.56% 29.42%
LLaMA-Omni 25.23% 54.81%
Latxa-Omni 21.87% 31.54%
LLaMA-Omni (+ adapted SE) 22.88% 45.14%

Table 5: Out-of-distribution (OOD) evaluation result for Basque. The first row is the baseline model’s
OOD evaluation. The remaining are models from the first, second, and third experiment respectively.

a more holistic integration of language-specific
linguistic knowledge within the SpeechLM frame-
work.
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Abstract
This study explores how bilingual fine-tuning affects automatic speech recognition (ASR) in low-resource languages.
We evaluate this method across nine linguistically and geographically diverse language pairs, covering a range of
language families and writing systems. To distinguish the two languages, during training, we pre-pend each input text
with a language identification token. At inference, the model jointly predicts both the language and transcription from
the speech input alone. As texts for which the language is incorrectly determined show low ASR performance, we
also conduct a follow-up experiment in which the language identification token is provided both during training and
inference. Our results show that bilingual fine-tuning can be beneficial when language identification accuracy is high,
and that in cases where language identification performance is low, including the language identification token at
inference helps to improve ASR performance.

Keywords: low-resource ASR, cross-lingual transfer, language identification, self-supervised learning

1. Introduction

Automatic Speech Recognition (ASR) has pro-
gressed rapidly in recent years. However, much of
that progress remains limited to high-resource lan-
guages, such as English. Low-resource languages
still face challenges, including data scarcity and di-
alectal variation. A promising approach to address
this challenge is cross-lingual transfer learning,
where knowledge from high-resource languages
supports low-resource ones.

Both language-aware and language-agnostic
multilingual fine-tuning strategies have been ex-
plored as promising approaches to improve ASR
in low-resource settings by enabling cross-lingual
transfer. Yang et al. (2023), for instance, proposed
a sparse multilingual model with language-specific
sub-networks and overlapping shared paths, allow-
ing high-resource data to support lower-resource
languages. Similarly, San et al. (2024) demon-
strated that supplementing a low-resource lan-
guage with donor data can be highly effective: con-
tinued pre-training with only 10 hours of Punjabi
plus 60 hours of Hindi nearly matched the perfor-
mance of using 70 hours of Punjabi alone.

Another line of work explicitly incorporates lan-
guage information. External language identification
(LID) can aid disambiguation but increases latency
(Waters et al., 2019), leading to approaches that
integrate implicit or explicit LID into ASR systems.
Examples include meta-learning frameworks (Hsu
et al., 2020; Xiao et al., 2021), adapter-based meth-
ods (Hou et al., 2020; Winata et al., 2020), and
multi-task learning setups (Hou et al., 2020; Chen
and Mak, 2015). In multi-task learning, Chen et al.
(2023) used an auxiliary CTC objective so that ear-

lier encoder layers focused on language identifi-
cation while later layers generated transcriptions
conditioned on language identity. Relatedly, Liu
et al. (2023) employed hierarchical Softmax with
a Huffman Tree structure, exploiting similarities in
linguistic unit frequency distributions across related
languages to boost low-resource performance. A
recent study by Amooie et al. (2025) shows that
Frisian ASR performance seems to improve when
multilingual fine-tuning corpora are augmented with
pre-pended language identification (LID) tokens,
enabling the model to condition on language iden-
tity during fine-tuning and evaluation.

However, it remains unclear whether bilingual
fine-tuning with explicit language identification con-
sistently improves ASR across diverse linguistic
contexts. Prior work has not systematically ex-
amined this approach across language families,
scripts, or varying degrees of linguistic similarity.
Factors such as linguistic proximity, writing script
compatibility, and the model’s ability to disentangle
languages have not been systematically examined.
In this work, we therefore investigate when and un-
der what conditions bilingual fine-tuning using two
related languages with explicit language identifica-
tion (LID) tokens (prepended to each training sam-
ple to indicate its language) benefits low-resource
languages. We evaluate the approach across nine
typologically diverse pairs of related languages
spanning five language families and multiple writing
systems. For five target–donor pairs (for which the
available data allows for sub-sampling), we train
multiple models using random subsets of data to
assess the robustness of any observed gains.
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2. Data

In addition to Frisian (with the aim of reproducing
the results of Amooie et al., 2025), we included
eight additional target languages from five lan-
guage families. We deliberately selected eight tar-
get languages representing diverse language fam-
ilies, typological features, and writing systems to
evaluate the method across various low-resource
scenarios.

For each target language, we first selected the
most similar donor language available in Common
Voice 17.0 Ardila, Rosana, and others (2019)
based on the lexical-phonetic distances (i.e. the
LDND distance) from the ASJP database (Wich-
mann et al., 2010, see also De Vries et al., 2021
for a similar approach). We adopt a bilingual fine-
tuning setup rather than a multilingual one, as prior
work Amooie et al., 2025 has shown that multi-
lingual (involving more than two languages) fine-
tuning does not clearly improve over bilingual fine-
tuning.

All audio was extracted from Common Voice 17.0
and sampled at 16 kHz. To avoid bias toward
higher-resource languages, we down-sampled both
languages in each pair to 3,000 utterances. We
control for the number of utterances (3,000 or fewer,
depending on available resources) to ensure a
comparable number of training instances across
languages. While this does result in some vari-
ation of the total duration due to differences in
utterance length distributions, we opted for con-
sistency in the number of samples seen during
training. When fewer utterances were available
(i.e. thereby representing a very-low-resource sce-
nario), we matched both languages to the lower
count. For five language pairs with over 3,000 ut-
terances available (FY-NL, DA-SV, GL-IT, UK-BE,
SK-CS), we repeated training 10 times using differ-
ent random seeds to assess the statistical signif-
icance and robustness of the improvements. Ta-
ble 1 shows all relevant information for each of
these datasets.

Each model was evaluated on the test split of
Common Voice 17.0 (Ardila, Rosana, and others,
2019) for the target low-resource language in each
pair. We did not down-sample the test sets. How-
ever, the development splits, which were used to
monitor training progress and tune hyperparame-
ters, were down-sampled to match the number of
training samples.

2.1. Language pairs

In this section, we briefly introduce the selected
language pairs with linguistic information from Glot-
tolog (Hammarström et al., 2024) and WALS (Dryer
and Haspelmath, 2024).

Table 1: Fine-tuning datasets (subsets from Com-
mon Voice 17.0; Ardila, Rosana, and others (2019)).
Rows with a single language correspond to the
target language, while rows with language pairs
combine the target language (first) with a source
language (second). Sim. script: both languages
use similar scripts; Dur.: duration; # Utt.: number
of utterances; # Spk.: number of speakers.

Languages ISO Sim. script Dur. # Utt. # Spk.
Frisian FY - 4.25h 3000 192
Frisian, Dutch FY-NL yes 8.27h 6000 205
Danish DA - 3.44h 3000 4
Danish, Swedish DA-SV yes 6.58h 6000 20
Galician GL - 4.12h 3000 26
Galician, Italian GL-IT yes 8.21h 6000 30
Ukrainian UK - 4.04h 3000 29
Ukrainian, Belarusian UK-BE yes 8.15h 6000 38
Slovak SK - 3.21h 3000 9
Slovak, Czech SK-CS yes 7.19h 6000 20
Serbian SR - 1.47h 1880 6
Serbian, Bulgarian SR-BG yes 3.98h 3760 8
Slovenian SL - 1.34h 1390 9
Slovenian, Polish SL-PL yes 3.19h 2780 34
Malayalam ML - 1.42h 1260 2
Malayalam, Tamil ML-TA no 3.28h 2520 9
Finnish FI - 2.60h 2080 6
Finnish, Estonian FI-ET yes 6.56h 4160 240

• Germanic
Frisian (target) and Dutch (donor) were in-
cluded as West Germanic languages to re-
produce the results of Amooie et al. (2025).
Both use the Latin alphabet (24 and 26 char-
acters, respectively, depending on how they
are counted), with Frisian featuring unique dia-
critics such as â, ê, and ô. Dutch was chosen
as donor due to its high similarity to Frisian.
Danish (target) and Swedish (donor) repre-
sent North Germanic languages, both using
the Latin alphabet (29 letters) but differing in
their extra characters, e.g., ä and ö in Swedish
versus æ and ø in Danish.

• Romance
Galician (target) and Italian (donor) are Ro-
mance languages that both use the Latin script
but follow different orthographic conventions.
For instance, Galician includes the letter ñ
and uses acute accents to mark non-default
stress, whereas Italian lacks ñ but employs
grave/acute accents (e.g., è, é, ò, ó), chiefly
to indicate vowel quality and final stress.

• Slavic
We included four pairs of Slavic languages
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that differ in script and spelling traditions.
Ukrainian–Belarusian and Serbian–Bulgarian
are written in Cyrillic, while Slovak–Czech
and Slovenian–Polish use the Latin alphabet.
Within each pair, the languages share the
same script, but differ in orthographic conven-
tions. For example, Ukrainian and Belarusian
vary in certain characters and soft sign usage,
while Serbian and Bulgarian differ in some
Cyrillic letters and vowel notation.

• Dravidian
Malayalam (target) and Tamil (donor) are Dra-
vidian languages with writing systems that,
while historically connected, developed dis-
tinct characteristics. Both scripts trace back
to Brahmi, but Malayalam evolved through
Grantha and retains more of its features,
whereas Tamil underwent greater simplifica-
tion and standardization.

• Uralic
Finnish (target) and Estonian (donor) are Uralic
languages that use Latin alphabets with dis-
tinct diacritics. For example, Estonian employs
š, ž, and o, which Finnish lacks, while Finnish
uses å (mainly in Swedish loanwords). Esto-
nian also omits c, q, w, x, and y.

3. Method

3.1. Finetuning procedure
We fine-tuned the pre-trained XLS-R 1B
model (Babu et al., 2021), which is based
on the Wav2Vec 2.0 architecture (Baevski et al.,
2020) and contains a convolutional feature encoder
followed by a transformer-based context network.
During fine-tuning, we froze the convolutional
feature encoder to retain the pre-trained acoustic
representations and updated only the transformer
layers. This approach aligns with standard
practices in fine-tuning Wav2Vec 2.0 models for
ASR tasks. To train the models, we used a learning
rate of 0.00008 and a batch size of 8 with 16
gradient accumulation steps. All experiments were
conducted using 16-bit floating point precision on
a single NVIDIA A100 GPU with 40 GB of RAM.

We compared each model trained using the bilin-
gual data to a baseline model trained only using the
target language data. When the size of the dataset
doubles, the training time necessarily increases.
To ensure that any performance gain is caused
by adding donor language data rather than longer
training, we held the number of training epochs
constant (50) in all experiments. This was to en-
sure that every training example is seen 50 times
in both monolingual and bilingual runs, so the bilin-
gual model performs two times more updates only

because it contains two times more training exam-
ples. This also prevents potentially overfitting the
monolingual model.

3.2. Language identification procedure
To provide explicit language context during training
and inference, we pre-pended a language identi-
fication (LID) token to each utterance (sentence)
during training. This LID token serves as a ground-
truth label indicating its language (e.g., [FY-NL] for
Frisian, and [NL] for Dutch).

In this approach, at inference, we do not provide
the language identification token. The decoder first
predicts the LID token, and then the transcription.
By doing so, language identifications and transcrip-
tions are learned and inferred jointly.

3.2.1. Follow-up experiment: Providing the
correct LID during inference

Proceeding from the assumption that samples
for which the language was correctly predicted
have better ASR performance, we also add a
small experiment for a subset of language pairs
in which we condition the model directly on the tar-
get language identity. To achieve this, we extend
Wav2Vec2ForCTC with a simple language-specific
bias embedding (one vector per language, sized
to the vocabulary) and add this bias to the CTC
logits at every time step. Each training and test
utterance is assigned a numeric language ID (e.g.,
0 for Danish, 1 for Swedish), which the model re-
ceives as an additional argument (langid) during
fine-tuning and inference. During both phases, the
model looks up the bias vector corresponding to
the given language. This bias vector functions as
a language-specific prior that shifts the model’s
output distribution toward that language’s charac-
teristic phonemes and orthographic patterns. As a
result, the decoder is more likely to predict charac-
ters and sequences typical of the target language.
The encoder remains completely shared across
languages, so this mechanism introduces only a
minimal number of additional parameters while ex-
plicitly informing the decoder about the correct lan-
guage. This conditioning helps the decoder stay
within the correct language space and prevents
cross-language confusion during decoding.

3.3. Evaluation metrics
ASR performance is evaluated using the word error
rate (WER). The benefit of bilingual fine-tuning is
quantified as ∆WER, defined as monolingual WER
minus bilingual WER. Consequently, more positive
values indicate a greater improvement (i.e. reduced
WER). LID performance was evaluated using ac-
curacy, defined as the proportion of test utterances
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whose language was correctly identified as the tar-
get language.

4. Results and Discussion

Table 2 and Figure 1 present the overall compari-
son of bilingual fine-tuning with language identifi-
cation (LID) against monolingual baselines across
all language pairs. For a subset of five language
pairs (FY-NL, DA-SV, GL-IT, UK-BE, and SK-CS),
we conducted multi-run experiments with 10 ran-
domly selected subsets of 3000 training samples
per language pair. As the remaining four lan-
guage pairs (SR-BG, SL-PL, ML-TA, and FI-ET) had
fewer than 3000 training samples per language pair
available (i.e. representing very-low-resource lan-
guages; see Table 1) and subsetting was thus not
possible, we only report the results of the single
run including all data for these pairs.

In Figure 1, the blue bars denote the (average)
improvement in word error rate (∆WER), while
the orange markers indicate the corresponding
LID accuracy. For the multi-run pairs, error bars
show the variance across shuffles. For the re-
maining very-low-resource language pairs, results
are based on a single run. The bars are sorted
from left to right by decreasing ∆WER. Overall,
we observe a diverse pattern: a small majority
of language pairs, such as Frisian–Dutch, Gali-
cian–Italian, and Danish–Swedish, show positive
∆WER values, indicating consistent gains from
bilingual fine-tuning, whereas a smaller number of
pairs including Finnish–Estonian, Slovenian-Polish
and Ukranian-Belarusian exhibit negative ∆WER,
suggesting that bilingual fine-tuning may also harm
performance. However, it seems that bilingual fine-
tuning only appears to harm performance when
LID accuracy is not very high (i.e. lower than 95%).
Furthermore, script differences do not appear to
hinder transfer, as the ML-TA pair shows a positive
∆WER despite differing scripts. Likewise, the num-
ber of training speakers also did not exhibit a strong
effect, as Tamil has relatively few speakers in the
training data, yet helped to improve ASR perfor-
mance for Malayalam, whereas Estonian has many
speakers in the training data, but did not improve
ASR performance for Finnish.

For the five language pairs for which multiple
runs were possible (due to having more data to
randomly sample from), Table 2 also summarizes
the average differences in WER between the bilin-
gual and monolingual models across the 10 shuf-
fles. Single-sample t-tests of the differences in
WER (H0: ∆WER= 0) show that ∆WER is signif-
icantly greater than zero for FY–NL, DA–SV, and
GL–IT, but that there is no significant difference
for the other two language pairs (UK-BE, and SK-
CS). Consequently, for three out of five pairs, all

Figure 1: Average ∆WER with error bars and LID
Accuracy by language pair

showing an average LID accuracy over 95%, the
bilingual approach appears to be beneficial. This
finding suggests that LID accuracy may be an im-
portant factor in determining ASR performance in
our bilingual approach. In the following section, we
will investigate this in more detail.

4.1. Relation between LID accuracy and
∆WER

As language pairs with higher LID accuracy often
exhibit a larger ∆WER, we examine this relation-
ship more systematically. Consequently, we deter-
mined the (Pearson) correlation between the LID
accuracy and ∆WER across the 10 random shuf-
fles for the five language pairs included in Table 2.
Table 3 reports the numerical results of this anal-
ysis, whereas Figure 2 provides the visualization
in a scatter plot. The (regression) lines visualize
the strength and direction of the correlation, both
overall and per language pair. All correlations are
positive (also reflected by the angle of the lines in
Figure 2). While the statistical significance varies
by language pair, this is caused by the relatively
low number of runs (i.e. 10) per language pair. The
general pattern across all languages, however, is
significant (p < 0.001).1

These findings suggest that poor LID perfor-
mance is a bottleneck limiting the benefits of bilin-
gual fine-tuning. To test whether providing correct
LID at inference could overcome this bottleneck,
we conducted a follow-up experiment on three lan-
guage pairs with varying LID accuracy.

4.2. Providing LID at inference
As higher LID generally appeared to be associated
with a greater improvement in WER for the bilingual
model, we also investigated a potentially beneficial
effect of providing LID at inference. For this, we con-
ducted an additional experiment for three language

1Note that due to the dependencies in our data
(i.e. multiple observations for five language pairs), the
overall significance had to be determined via a linear
mixed-effects regression analysis with language pair as
a random-effect factor.
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Table 2: WER comparison of the monolingual baseline vs. the bilingual model. A positive ∆WER indicates an
improvement of the monolingual model compared to the bilingual model. For the five language pairs for which 10
random subsets of training data were used, the p-value reflects the significance of a (two-tailed) single-sample
t-test of the difference in WER with nine degrees of freedom. Significant p-values (< 0.05) are marked in boldface.
Dist. indicates the linguistic distance between the pairs, and LID acc. indicates the accuracy of the inferred language
identification across 10 random shuffles.

Language pair WERmonolingual (SD) WERbilingual (SD) ∆WER (SD) p(t) Dist. LID acc. (%)
FY–NL 16.1 (±0.4) 14.4 (±0.3) +1.7 (±0.4) < 0.001 52.0 99.5
DA–SV 21.3 (±0.3) 20.7 (±0.5) +0.5 (±0.4) 0.004 52.4 96.5
GL–IT 10.8 (±0.1) 10.4 (±0.1) +0.4 (±0.2) < 0.001 49.9 99.5

UK–BE 27.9 (±0.9) 29.4 (±1.5) -1.5 (±2.1) 0.051 48.1 90.9
SK–CS 25.2 (±0.4) 25.5 (±0.9) -0.3 (±1.0) 0.319 32.8 85.7
SR–BG 15.3 14.4 +0.9 N/A 48.0 95.5
SL–PL 19.5 20.6 -1.1 N/A 46.4 93.7
FI–ET 25.4 26.5 -1.1 N/A 47.6 80.0
ML–TA 75.2 73.9 +1.3 N/A 34.8 92.4

Figure 2: Relationship between LID accuracy (%)
and the performance difference between bilingual
finetuning compared to the monolingual baseline.
Table 3: Pearson correlation analysis between ∆WER
and LID accuracy. Significant p-values (< 0.05) are
marked in boldface.

Language Pair Pearson r p(r) R2

FY–NL 0.298 0.403 0.089
DA–SV 0.792 0.006 0.627
GL–IT 0.582 0.078 0.338

UK–BE 0.501 0.141 0.251
SK–CS 0.642 0.045 0.412

ALL 0.621 < 0.0011 0.386

pairs (FY-NL, DA-SV, and SK-CS) for which 3000
samples per language were available. For each
language pair, we conducted a single experiment
to limit the required computational time.

The potential benefit of providing LID during in-
ference will both be dependent on the LID perfor-
mance for a language pair, as well as the difference
in WER for samples for which the LID was identified
correctly versus those for which the LID was iden-
tified incorrectly. Specifically, for language pairs
with a lower LID performance, and those with a
greater difference in WER between correctly ver-
sus incorrectly identified samples, there will be a
greater potential for improvement.

Table 4: WER for three language pairs under two pro-
posed settings: Predicted LID at inference and Given LID
at inference. For each setting we report the WER (%).
For the predicted LID, we provide two additional values
between parentheses: the WER for the samples where
the LID was correctly predicted (corr.), and the WER
for the samples where the LID was incorrectly predicted
(incorr.).

Pair WERGiven LID WERPredicted LID (corr.; incorr.)
FY–NL 14.3 14.3 (14.1; 53.3)
DA–SV 20.4 22.2 (20.7; 59.7)
SK–CS 25.7 26.3 (24.5; 35.4)

The three language pairs we selected varied
along these dimensions. Specifically, LID per-
formance for FY-NL was very high (over 99%),
whereas it was lower for DA-SV (about 95%), and
lowest for SK-CS (about 89%). The WER of sam-
ples for which the LID was incorrectly identified
was always higher than for those whose LID was
correctly identified, but this performance gap also
differed per language pair. For FY-NL and DA-SV,
the difference was large (about 40%; 14.1% for
FY-NL samples with a correct LID vs. 53.3% for
FY-NL samples with an incorrect LID, and 20.7%
vs. 59.7%, respectively, for DA-SV), whereas it
was much smaller for SK-CS (about 11%; 24.5%
vs. 35.4%, respectively), likely due to the increased
similarity between the two languages (see Table 2).

Taking these two aspects together, we expect a
greater potential for improvement for both DA-SV
and SK-CS compared to FY-NL. Indeed, our results
shown in Table 4 show this assumption to be cor-
rect. Due to the very high LID, explicitly including
LID at inference for FY-NL resulted in equal perfor-
mance (14.3%) compared to not including it. By
contrast, for both DA-SV (WER reduction of 1.8%;
from 22.2% to 20.4%), as well as SK-CS (WER re-
duction of 0.6%; from 26.3% to 25.7 %), the results
improved by explicitly including LID at inference.

136



4.3. Limitations
While we identified clear correlation between ASR
and LID performance, we did not investigate why
LID performance was lower for some language
pairs than for others. While we expect this pattern
to be similar across model architectures, we did
not investigate the effect of model architecture, the
fine-tuning approach we used, or the stopping cri-
terion. Likewise, we did not investigate whether
the bilingual approach, in cases where the LID was
correctly identified, may have resulted in new mis-
takes compared to the monolingual model. We will
address these questions in future work. It is clear,
however, that a lower LID performance will result in
performance degradation, as the WER will be much
higher for samples where language was incorrectly
identified (as is shown in Table 4). While adding a
third or even a fourth language has shown to im-
prove results slightly (Amooie et al., 2025), it also
tends to result in lower LID performance. Manually
providing LID for each sample solves this issue, but
may not always be possible in automated pipelines.

5. Conclusion

In this study, we investigated bilingual fine-tuning
with LID tokens for low-resource ASR across nine
diverse language pairs. Our analysis shows that
performance gains are not consistent across all set-
tings but are strongly associated with LID accuracy.
Reliable language disambiguation, particularly in
related languages, leads to clear improvements,
while lower LID accuracy limits or even counteracts
the benefits, as the ASR performance is lower for
samples with an incorrect LID. In that case, pre-
liminary results showed that providing the correct
language identification at inference helps to im-
prove performance compared to the monolingual
baseline. Consequently, in cases of little data for
one language, ASR performance for that language
may be increased by supplementing the monolin-
gual data with data of a similar language, as long
as LID tokens are provided, or LID identification
performance is sufficiently high (i.e. over 95%). In
sum, through this study, we have extended prior
evidence from Frisian (Amooie et al., 2025) to a
broader set of languages and show the benefit of
bilingual training with language identification for
low-resource ASR.
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Abstract
This study presents our attempt to apply Query by Example - Spoken Term Detection methodologies to a real-world,
low-resource scenario: building an audio-based query functionality for the Teochew dictionary WhatTCSay. This
functionality enables users to retrieve dictionary entries without prior knowledge of the writing systems in Teochew,
thereby enhancing the accessibility of the dictionary and facilitating language revitalization efforts within Teochew
communities. To address the retrieval task, we investigate two approaches: (i) an Automatic Speech Recognition
(ASR)-based approach using text-to-text matching, and (ii) a Dynamic Time Warping (DTW)-based acoustic
framework for audio-to-audio retrieval. In the first approach, we compare an automatic romanization of the spoken
query against the gold romanization from the dictionary; in the second, we directly match the user’s spoken query
against audio recordings from the dictionary pronounced by a native speaker. Retrieval performance is evaluated
using recall at rank k. Results show that text-to-text matching achieves better performance than audio-to-audio
matching; however, the two approaches were not optimized under fully comparable conditions, as the ASR-based
approach benefited from additional optimization, which was not equally available for the DTW method.

Keywords: Speech Models, Low-Resource Languages, Automatic Speech Recognition, Dynamic Time Warping,
Teochew Language, Query-by-Example, Spoken Term Detection

1. Introduction

Dictionaries represent an invaluable linguistic re-
source for any language. Yet, looking up a word
in a dictionary is far from a trivial task and actually
requires a certain level of prior knowledge: read-
ing and writing skills, but also familiarity with ortho-
graphic conventions, the ability to identify lemmas,
and, in the case of paper dictionaries, knowledge
of language-specific sorting rules. Such prerequi-
sites are often taken for granted for languages with
a well-established written tradition and institutional
support, where formal school plays a central role.
This assumption, however, does not hold for mi-
nority languages, and, as a matter of fact, for the
vast majority of the world’s languages.

Heritage languages are particularly affected in
this regard, as they are typically spoken at home,
transmitted orally across generations, and associ-
ated with a limited vocabulary and lower prestige.

In order to make dictionaries accessible to
speakers who lack the aforementioned skills, we
propose a speech-based search functionality. Our
approach builds on Query-by-Example Spoken
Term Detection and is applied to Teochew, a Sinitic
language for which the diaspora community has al-
ready developed a dedicated dictionary.

2. Background

2.1. Teochew as a Multivariational
Heritage Language

Teochew is a Sinitic language belonging to the
Southern Min branch of the Sino-Tibetan family,
spoken primarily in eastern Guangdong, China.

From the 18th to the 20th centuries, succes-
sive waves of migration have spread the Teochew
people over the world, resulting first in large dias-
pora communities across Southeast Asian coun-
tries such as Thailand, Cambodia, Singapore and
Malaysia, and then in Western countries, includ-
ing the United States, France, and Australia (Live,
1995; McFarland, 2021).

Based on several accounts, Tan (2020) esti-
mates the number of speakers to be between 5
and 7 million in Thailand, the largest Teochew com-
munity in Southeast Asia, and between 80,000
and 150,000 speakers in France. These figures
should be treated with caution as they stem from
outdated sources1 and may not reflect the current
situation, especially since population censuses do
not target spoken languages but rather ethnicity,
and having Teochew origins does not necessarily
imply Teochew language proficiency.

1Estimates for Thailand were taken from sources dat-
ing from 2001 and 2004, while the lowest estimates for
France date back to 1989. See Tan (2020) for more de-
tails on these questions.
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Teochew is indeed a heritage language (HL)
in all of those countries, which means that one
should not presume that the Teochew language is
passed down to the younger generations. A HL is
often defined as a home language (Valdés, 2000),
as opposed to a majority language (Montrul, 2010),
and “is no longer the present dominant language
where [the speaker] lives” (ElHawari, 2020). While
HLs are often studied in the context of migration, in
our case, Teochew is also a HL in China, spoken
at home, as opposed to Mandarin.

As a result of its worldwide spread and the lack
of standardization, distinct varieties have emerged
between speakers in the language’s homeland
in southern China as well as in the global dias-
pora. Those varieties are shaped by long-term lan-
guage contact and often exhibit phonetic interfer-
ence from dominant languages as well as substan-
tial lexical borrowing. While in China interference
mostly occurs with Mandarin, in the diaspora we
can observe traces of languages including Thai,
Khmer, Malay, French and English.2

2.2. Teochew as a Language with
Multiple Writing Systems

Despite being predominantly used and transmit-
ted as an oral language, Teochew is not a non-
written language. In fact, multiple writing systems
are used by Teochew speakers: sinograms and
the Latin-based transcriptions (or romanizations).

Sinograms. As a Sinitic language, Teochew can
be written using sinograms. Yet, unlike Mandarin
and Cantonese, Teochew has not benefited from a
sustained effort to maintain its written form in sino-
grams, resulting in a heavily incomplete character
set and the lack of consensus for which charac-
ters should be used for many words. Such cases
include colloquial words that are not used in Man-
darin, such as /taĂ£pOUĂ£/ ‘boy’3, or loanwords such
as /maĂ£taĘ£/ ‘the police’, which comes from Malay.

Romanization. Multiple Latin-based transcrip-
tion systems co-exist for Teochew. Historically,
the pĲeh-ūe-jī system (also called Swatow Church
Romanization) created by missionaries in the late
19th century is the first complete romanization sys-
tem developed for Teochew. It was later followed

2See McFarland (2021, 2022) for an account of stud-
ies on Southeast Asia Teochew varieties, and a thor-
ough study of Cambodian Teochew, and Tan (2020) on
the possible influence of French.

3See the 9 alternative forms for this word in https:
//en.wiktionary.org/wiki/%E4%B8%88%E5%A4
%AB#Pronunciation_3 which include Hokkien-based
and Teochew-based propositions.

by the Guangdong Peng’im4 (GD), created by the
Provincial Education Department of Guangdong in
1960 and based on hànyǔ pīnyīn used for Man-
darin. On their Discord server, the international
Teochew diaspora community encourages the use
of Gaginang Peng’im (GGN), a system based on the
GD but with a few modifications to better fit the pro-
nunciation of speakers of the Southeast Asian di-
aspora. This version notably abandons the diacriti-
cally marked vowel <ê>, making it more accessible
for typing across different keyboard layouts (see
Table 1 for a full comparison of GD and GGN). As
an example, the word jap8 ghueh4 in GGN (‘Octo-
ber’) would be zab8 ghuêh4 in GD. In both systems,
the eight tones are represented using numbers.

The transcription used in the Teochew dictio-
nary WhatTCSay is GGN, while our training set is
transcribed using GD (see 4.1). In our text-based
pipeline, we include a converter from GD to GGN on
the transcription output.

initials nuclei codas
GD GGN GD GGN GD GGN
b b a a b p
p p ai ai g k
bh bh ao ao m m
g g e eu h h
gh gh ê e ng ng
d d i i n n
t t ia ia
s s io io
z j u u
c ch ua ua
r y uai uai
l l uê ue

m m ui ui
n n o o
ng ng oi oi
h h ou ou

Table 1: Romanization mapping between Guang-
dong Peng’im (GD) and Gaginang Peng’im (GGN).
Non-matching graphemes are marked in bold.

Several other romanization systems exist,
though they remain less widely adopted. In her
dissertation on Teochew, (Tan, 2020) prefers using
cháoyǔ pīnyīn, a transcription system created in
2010 by Chen Enquan for their dictionary. Birnie-
Smith (2016) reports that Teochew Indonesians
are transcribing Teochew using a system based
on their usage of the Latin alphabet for Malay.
Such ad hoc informal adaptations are widely used
in the diaspora, as observed in Teochew online

4The word peng’im is the Teochew counterpart of
pinyin (拼音). In this article, we use peng’im for any ro-
manization.
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Figure 1: Screenshot of the entry for gu6 chai2
gue2 (‘chive cakes’) in the French Android version
of WhatTCSay3.

communities. This is one of the reasons certain
communities are encouraging the use of either GD
or GGN, to maximize mutual intelligibility among
speakers from different regions.

2.3. WhatTCSay, a Teochew dictionary
app

WhatTeochewSay (WhatTCSay) is a dictionary
app for mobile phones originally crowdfunded in
20125 and is collaboratively developed by heritage
speakers in North America and France. The cur-
rent release of the app (WhatTCSay3) contains
more than 6,700 entries. Each entry is composed
of a word (or expression) transcribed in GGN, with
a definition (either in English or French) and a part
of speech. Optionally, some entries also have the
corresponding sinograms, and an audio recorded
by the founder. Figure 1 shows a complete entry
as an example. The recording feature (indicated
by the megaphone icon) is crucial for speakers
who cannot read peng’im, but is only available for
about 65% of the dictionary in the current version.

The next release will contain more than 10k en-
tries and take into account accents from different
regions of Guangdong as well as from different
diaspora communities. To keep up with this ex-
tension, automatically generated audio will be pro-
vided for entries lacking a native speaker record-
ing, based on the text-to-speech system devel-
oped by Magistry et al. (2024).

WTCS is a popular app among the diaspora,
with almost 20k downloads in total reported by
the developer in 2026. Despite encouragement to
learn and use either peng’im system in the online
communities, most Teochew speakers do not have
proficiency in those systems, and have difficulties
in reading the peng’im in the app for words that
do not have an audio recording associated. It is
also almost impossible for them to guess the cor-
rect spelling in the case they want to look up a
word they heard. Building an audio-based lexical

5https://www.theteochewstore.org/blog
s/latest/123903619-whattcsay-teochew-lan
guage-learning-app-now-available-for-fre
e-the-story-behind

retrieval feature is the next step in making the app
definitely accessible.

In this paper, we explore two different strate-
gies to identify dictionary entries based on au-
dio queries. The first approach adopts an Auto-
matic Speech Recognition (ASR)-based pipeline
in which audio queries are transcribed into peng’im
and subsequently matched against candidate tex-
tual entries. The second approach relies on di-
rect audio-to-audio matching using acoustic em-
beddings extracted from self-supervised speech
models within a Dynamic Time Warping (DTW)-
based framework.

Our main contributions are as follows: 1) a
comparison of ASR-based and DTW-based meth-
ods for speech lexicon retrieval; 2) an evaluation
on real-world Teochew speech data; 3) a demon-
stration of how self-supervised speech representa-
tions can support low-resource query-by-example
retrieval.

3. Query-by-Example Spoken Term
Detection

The speech and lexical retrieval task in this paper
is redefined as a Query-by-Example Spoken Term
Detection (QbE-STD) task. The only difference
is that instead of matching all audio documents
from a corpus which contain a spoken query pro-
vided by a user (Hazen et al., 2009), we match
the spoken query directly with a corpus of iso-
lated words. Existing approaches generally fol-
low two paradigms: (1) acoustic matching, where
speech features are extracted from audio signals
and aligned with query representations (Naik et al.,
2020; Le Ferrand et al., 2021; San et al., 2021),
and (2) ASR-based pipelines, where audio is first
transcribed and then matched using text-based re-
trieval methods (Parada et al., 2009; Lee et al.,
2015; Macaire et al., 2022).

3.1. Dynamic Time Warping
The acoustic approach typically adopts a two-
stage framework: extracting frame-level acoustic
features from both queries and target audio, and
computing a detection score for each query–target
pair, typically using DTW-based template match-
ing (San et al., 2021). DTW is an algorithm for
measuring the similarity between two temporal se-
quences that may vary in speed or duration, which
is widely adopted in speech recognition (Sakoe
and Chiba, 1978).

Previous studies by Le Ferrand et al. (2020) on
two endangered languages—Mboshi (Congo) and
Kunwinjku (Australia) showed that classical acous-
tic features such as Mel-Frequency Cepstral Coef-
ficients (MFCCs) and perceptual linear prediction
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(PLP) features, can outperform neural and self-
supervised representations from Wav2Vec models
trained on those languages. This is likely due to
the extremely limited amount of available training
data, which constrained the effectiveness of self-
supervised representation learning.

San et al. (2021) investigated spoken term de-
tection using data from seven Australian Aborig-
inal languages and a regional variety of Dutch.
They systematically evaluated feature extraction
approaches based on Wav2Vec 2.0 representa-
tions from both the English monolingual and multi-
lingual XLSR-53 models. They subsequently im-
plemented a DTW-based detection stage. Re-
sults showed that embeddings from the 11th Trans-
former layer of the English Wav2Vec 2.0 model
achieved the best retrieval accuracy, outperform-
ing MFCC and bottleneck features by 56–86%,
even under mismatched speaker and recording
conditions.

Their findings suggest that representations ex-
tracted from a model trained on a single language
or a set of phonologically similar languages may be
more beneficial for QbE-STD than a large multilin-
gual model such as XLSR-53 trained on a diverse
set of 53 languages. This is particularly when su-
pervised fine-tuning in the target language is not
readily feasible.

3.2. Automatic Speech Recognition
Another approach to the QbE-STD task is based
on ASR technique. ASR refers to the use of
machines to convert human speech into corre-
sponding text (Benzeghiba et al., 2007). With the
rapid advancements in deep learning and the avail-
ability of large-scale datasets (Karpagavalli and
Chandra, 2016; Ardila et al., 2020), state-of-the-art
ASR systems now deliver high-precision transcrip-
tion for resource-rich languages, including English,
Mandarin, and others (Radford et al., 2023; Seed-
ASR, 2024).

However, comparable performance in low-
resource settings has only recently become
achievable through large-scale and multilingual
models (Pratap et al., 2024). Recent advance-
ments in self-supervised multilingual speech mod-
els have led to a popular paradigm for solving
low-resource speech recognition problems. Self-
supervised learning (SSL) enables the model to
learn robust acoustic representations from unla-
beled data during pretraining (Conneau et al.,
2021). Several studies have demonstrated that
multilingual ASR architectures, such as Wav2Vec
2.0 XLS-R (Babu et al., 2022) and Whisper (Rad-
ford et al., 2023), can be effectively fine-tuned on
small language-specific datasets to achieve com-
petitive recognition accuracy. In this paper, We
experiment with the multilingual Wav2Vec2 XLS-R-

300M model (Babu et al., 2022), considering both
the pre-trained base model and its fine-tuned coun-
terpart trained on our target language Teochew.

Macaire et al. (2022) propose an ASR-driven
QbE framework in which speech segments are
first transcribed, and subsequently matched with
corpus transcriptions using Smith-Waterman algo-
rithm (Lecouteux et al., 2012). Their findings indi-
cate that for french-related creole languages such
as Gwadloupéyen and Morisien, a French monolin-
gual model fine-tuned with extremely limited anno-
tated data (as little as 10 minutes) can achieve us-
able performance, highlighting the potential of self-
supervised ASR for low-resource linguistic docu-
mentation.

Motivated by recent progress in ASR and
speech representation learning, this work investi-
gates two complementary strategies for identify-
ing dictionary entries from audio queries. The
first approach adopts an ASR-based pipeline in
which spoken queries are transcribed into peng’im
and matched against candidate textual entries.
The second approach performs direct audio-to-
audio matching using acoustic embeddings within
a DTW-based framework.

4. Methodology

4.1. Datasets
In this study, we use three different datasets.

Train. For model training, we employ the
Teochew Wild corpus6 (Pan et al., 2025), the
first publicly released Teochew speech dataset
with sinograms and Guangdong Peng’im (GD), a
romanization system presented in Section 2.2.
The corpus consists of 18.9 hours of speech
collected from online media, including recordings
from 20 Teochew speakers from China (11 male
and 9 female), with a total of approximately 12,500
sentence-level utterances.

Test. Our test data set for assessing the retrieval
results is a set of recordings made by the founder
of WhatTCSay (WTCS), a speaker from the dias-
pora community. The dictionary consists of 4,603
mp3 files, totaling 1.28 hours of speech and 9,423
syllables (Lim et al., 2024). As expected for record-
ings for a dictionary, most of this data consist of
single words pronounced in isolation (see Section
2.3 for more information on the dictionary).

Evaluation. To evaluate the retrieval perfor-
mance of our system, we constructed an evalua-

6https://huggingface.co/datasets/panl
r/teochew_wild
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tion set consisting of 172 audio stimuli correspond-
ing to 31 different words present in the dictionary.

We originally presented a list of 40 words (defini-
tions in French or in English, transcription in GGN)
to Teochew heritage speakers. Words were se-
lected to cover the Teochew’s full phonemic inven-
tory at least three times. Speakers were asked to
pronounce as many words as possible, depend-
ing on their knowledge. We then filtered out noisy
samples and samples for which the words were
pronounced by less than four speakers, so that
we can have comparable data, while ensuring that
the resulting 31 words still covered the Teochew
phonemic inventory.

These recordings were collected by six Teochew
speakers using their own mobile phones, including
five from the diaspora and one from China (for a to-
tal of three male and three female). The 172 result-
ing stimuli are distributed as follows: 35 monosyl-
labic stimuli, 101 disyllabic stimuli and 36 stimuli
with three or more syllables. None of them were
included in the training data. This reflects realis-
tic usage conditions, and forms an out-of-domain
evaluation set.

4.2. Experimental Pipeline

4.2.1. Fine-Tuning

Fine-tuning a pre-trained model is a common ap-
proach for low-resource settings. Rather than
training a model from scratch, fine-tuning adapts
the parameters of a large pre-trained model to the
target task using a relatively small amount of la-
beled data. This approach is particularly effective
when the source and target domains are related,
allowing the model to transfer previously learned
representations while specializing for the new lin-
guistic and acoustic characteristics (Baevski and
Mohamed, 2020).

For the current work, we choose to fine-tune
Wav2Vec2-XLS-R-300M for both ASR transcrip-
tion and feature extraction. As a multilingual exten-
sion of the original Wav2Vec2 framework, XLS-R
scales pre-training to 436K hours of speech across
128 languages, enabling the model to learn robust
cross-lingual representations and improve gener-
alization in multilingual and low-resource settings
(Babu et al., 2022).

All Teochew recordings were loaded and uni-
formly resampled to 16 kHz to ensure consistent in-
put features. The corresponding transcripts were
pre-processed by removing punctuation marks
that did not contribute to phonetic realization and
could not be represented acoustically. We further
normalized the text to retain only linguistic sym-
bols relevant to the Teochew peng’im romaniza-
tion scheme. The hyperparameters are given in
Table 2 and the results are shown in Table 3.

Parameter Value
pretrained_model Wav2Vec2-XLS-R-300M
attention_dropout 0.1
hidden_dropout 0.1
feat_proj_dropout 0.1
mask_time_prob 0.05
layerdrop 0.1
ctc_loss_reduction mean
train_batch_size 16
num_train_epochs 50
fp16 True
learning_rate 3e-4

Table 2: Values of the hyperparameters used to
fine-tune the Wav2Vec2-XLS-R-300M model on
Teochew.

ASR Backbone Val WER Test WER
Wav2Vec2-XLS-R-300M (fine-tuned) 13.51 12.52

Table 3: ASR performance of the fine-tuned
Wav2Vec2-XLS-R-300M model on peng’im tran-
scriptions (WER, %).

4.2.2. ASR-Based Method

We employed the fine-tuned XLS-R model trained
on Guangdong Peng’im (GD) to transcribe our test
set, which consists of 172 stimuli produced by six
speakers. It has 35 monosyllabic words, 101 disyl-
labic words, 36 words of three or more syllables.

To enable comparison with the WhatTCSay dic-
tionary, we used the Gaginang Peng’im (GGN) sys-
tem for consistency. Model outputs in GD were
further converted to GGN using a rule-based con-
verter that supports conversion between different
Teochew romanization systems7. The workflow of
this method is illustrated in Figure 2.

We then used the Levenshtein distance (Leven-
shtein, 1966) to measure the difference between
two peng’im sequences. Initial weights were set
to their default values, with substitution, insertion,
and deletion costs equal to 1.

To better reflect Teochew writing system, we
incorporated digraphs adapted to GGN that corre-
spond to single phonemes (e.g., the consonant
clusters <bh>, <gh>, <ng>, <ch>, which respec-
tively correspond to the phonemes /b/, /g/, /ŋ/ and
/S/, and the vowel unit <eu>, which is not a diph-
thong but corresponds to /W/).

We further analyzed the ASR outputs generated
for the 4,603 audio recordings in the dictionary by
comparing them with their reference peng’im tran-
scriptions following the syllabic structure (onset,
nucleus, coda). The edit-distance weights were
then adjusted to account for frequent phonetic con-
fusions that share articulatory features. We placed

7https://github.com/learn-teochew/par
setc
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Figure 2: Workflow for the ASR-based methodol-
ogy

a stronger emphasis on vowel variation, as vowels
are known to be highly unstable across pronunci-
ations (Dolgopolsky, 1964). To mitigate the risk of
overfitting, six-fold cross-validation was conducted.
Based on the resulting performance, the vowel
substitution cost was reduced to 0.7. The four
most frequent vowel confusion observed in the
transcription output (i↔e, a↔o, eu↔o, eu↔a)8

were assigned further lower weights (0.25). These
adjustments also reflect speaker perception, as
those contrasts are often considered equivalent by
speakers in different dialectal contexts. For exam-
ple, the word new is pronounced /siŋ/ by some
speakers and /sEŋ/ by others.

4.2.3. DTW-Based Method

This method (Figure 3) aims to retrieve dictionary
audio entries by direct spoken audio matching with-
out relying on textual representations as an inter-
mediate step. We compare the original Wav2Vec2-
XLS-R model and the fine-tuned version for feature
extraction.

In our setup, no temporal pooling was applied
(pooling = None) in order to preserve the full
sequential structure of the speech representations.
This allows DTW to perform frame-level alignment
on fine-grained acoustic sequences. Dictionary
candidates were subsequently ranked according

8Where <e> is /E/, <o> is /O/ and <eu> is /W/.

Figure 3: Workflow for the DTW-based methodol-
ogy

to their DTW distance, where lower scores indicate
higher similarity.

4.3. Evaluation Metrics
For evaluation, we compute Recall at rank k (R@1,
R@5, R@10), which measures the proportion of
queries for which the correct dictionary entry is
present among the top-k retrieved results (Bruno
et al., 2002). This metric closely reflects real-world
dictionary search scenarios, where the correct en-
try is expected to appear among the top-ranked
results.

5. Results

5.1. ASR Performance
We used the fine-tuned model to transcribe the 172
stimuli and performed top ten retrieval under dif-
ferent query settings. In 74% of cases, the tar-
get entry does appear among the top ten results
(see Table 4). However, a preliminary analysis re-
vealed that the eight-tone system seems to intro-
duce notable ASR errors. Consequently, we per-
formed a tone-level evaluation by comparing the
ASR outputs with the reference peng’im transcrip-
tions. Across 9,343 aligned syllables, the system
exhibited a tone error rate of 51.42%. This can be
partly attributed to tonal variation across accents,
as well as inconsistencies between the training cor-
pus and the dictionary. Indeed, tone sandhi oc-
curs in Teochew and the training corpus is anno-

144



tated with lexical tones (e.g., jap8 ghueh4), while
the dictionary shows tones after sandhi rules were
applied (e.g., jap4 ghueh4). Such tonal discrep-
ancies introduce additional noise when computing
Levenshtein distance. To mitigate this effect, we
removed tone information from the queries and fur-
ther evaluated a weighted Levenshtein condition.
The results for three different query settings are
presented in Table 4, where we can see that we
do indeed manage to meaningfully improve recall,
reaching 82% at recall@10.

ASR Query Setting R@1 R@5 R@10
Query with tones 0.50 0.67 0.74
Query removing tones 0.55 0.67 0.76
Query removing tones +
weighted Levenshtein

0.57 0.77 0.82

Table 4: ASR query retrieval performance under
different query normalization settings.

5.2. DTW Performance
We leveraged speech representations extracted
from both the pre-trained XLS-R model and its fine-
tuned counterpart trained on Teochew data. And
we applied a dynamic time warping (DTW)–based
retrieval approach. Evaluation was conducted on
an unseen, out-of-domain teochew test set com-
prising six speakers not included in the training
data. Figure 4 reports the retrieval performance for
both models using features extracted from all 24
transformer layers of each model. The fine-tuned
model achieves nearly 50% relative improvement
compared to the pre-trained baseline.

The base model achieves its best recall scores
at intermediate layers, particularly around layer
13. In contrast, the fine-tuned model shows an
improvement toward deeper layers, with the final
layer yielding the highest recall scores, indicating
that task-specific fine-tuning reshapes the repre-
sentational hierarchy (see Table 5). Interestingly,
we also observe that intermediate layers of the fine-
tuned model (layers 12–17) perform comparably
well in retrieving the correct entry within the top-10
results. Overall, model differences become most
pronounced in the final layers where the effects of
the learning objective are strong.

Method R@1 R@5 R@10
XLS-R-300M (layer 13) 0.20 0.33 0.36
XLS-R-300M-ft (layer 24) 0.42 0.59 0.63

Table 5: Comparison between the two speech
models from layer 1-24.

When comparing the two methods, the retrieval
results show a consistent performance advantage

Figure 4: Retrieval results from both models’ trans-
former layer 1-24 using DTW; the crosses indicate
highest score achieved on dataset.

Method R@1 R@5 R@10
ASR-based retrieval 0.57 0.77 0.82
DTW-based retrieval 0.42 0.59 0.63

Table 6: Comparison between ASR-based and
DTW-based retrieval on the six-speaker evaluation
set.

for the ASR-based method. It yields relative im-
provements of 35.7%, 30.5%, and 30.2% for R@1,
R@5, and R@10 respectively.

Method 1-syll 2-syll 3+-syll
ASR-based retrieval 0.50 0.75 0.86
DTW-based retrieval 0.35 0.58 0.68

Table 7: Average recall (mean of R@1, R@5
and R@10) across syllable-length groups for both
methods.

Table 7 illustrates how syllable length affects
performance in the DTW-based method. The re-
sults show that across all syllable categories, the
ASR-based method consistently outperforms the
DTW-based method, and both show higher recall
as word length increases. Overall, this advan-
tage aligns with our expectations: even when ASR
transcription introduces substitutions or deletions,
Levenshtein distance can still recover the correct
entry by matching partially shared segments. In
contrast, DTW is more sensitive to local acous-
tic distortions and temporal misalignments (Per-
manasari et al., 2019).

6. Discussion

The ASR-based pipeline produces textual tran-
scriptions that enable Levenshtein-based retrieval,
even under partial overlap. This makes the ap-
proach more robust to accent variation, and pro-
vides more effective retrieval cues than purely
acoustic similarity. This is particularly important
for Teochew, a multivariational language charac-
terized by pronunciation variation across speak-
ers. However, the ASR-based pipeline requires
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converting transcription outputs from one peng’im
system to another before applying Levenshtein dis-
tance, and removing tones, which introduces ad-
ditional process. In contrast, the DTW-based ap-
proach operates directly on speech representa-
tions, which has the advantage of bypassing or-
thographic or writing conventions. However, this
method can be highly sensitive to factors such
as background noise, volume variation, and pro-
nunciation differences (Permanasari et al., 2019).
We further assess the impact of acoustic artifacts
on retrieval performance, we selected a subset
of stimuli that contained noticeable silence, back-
ground noise, or both. The results shows that 8
out of 10 queries showed rank improvement when
silence or noise is removed, which indicates that
preprocessing has a positive effect.

Real-Time Retrieval. When deploying the sys-
tem in real-life applications, apart from the eval-
uation metrics on recall scores, other factors like
real-time retrieval and user experience also play
an important role. During a workshop organized
with the local Teochew community in Paris to test
our system, we observed that users were generally
satisfied as long as the spoken word appeared in
the results page.

In addition, mismatches sometimes arose when
speakers pronounced multi-word expressions as
a single unit. For instance, jiahbeung (‘to eat
(rice)’), does exists in this version of the dictio-
nary, but as separate entries: jiah (‘to eat’) and
beung (‘rice’). In such cases, prompting users to
pronounce words separately after an unsuccessful
search could improve usability.

Another possible strategy to reduce frustration
is to offer two options after each query: repeating
the same word or pronouncing a different one. Re-
peated attempts could potentially be leveraged to
refine the retrieval process by incorporating multi-
ple trials of the same spoken query.

Layer-Wise Analysis of SSL Representations.
Our findings further suggest that the DTW-based
retrieval method relying on speech representa-
tions is not as fully unsupervised as initially as-
sumed. Using representations extracted from the
fine-tuned model trained on Teochew consistently
outperform those from the base model. This sug-
gests that the ASR fine-tuning objective may con-
tribute positively to the audio lexicon retrieval task,
particularly when the fine-tuning language aligns
with the target language.

Our DTW-based method shows that layers con-
tain useful abstractions and generalizations of
acoustic information. Performance varies across
layers, indicating that the choice of representation
level has an impact on retrieval quality.

For both the pre-trained XLS-R model and its
fine-tuned counterpart, intermediate layers per-
form well in retrieving the correct entry within
the top-10 results (see Figure 4). This is con-
sistent with previous layer-wise analyses of self-
supervised speech models, which suggest that
middle layers often encode strong phonetic infor-
mation Pasad et al. (2021) and may serve as com-
petitive representations for speech-related tasks,
and that the last layer might not always be the opti-
mal choice (Bartelds et al., 2022; Cho et al., 2023).
For example, Hao et al. (2024) report that the
optimal layer for acoustic-to-articulatory inversion
(AAI) task is typically located around two-thirds of
the model depth.

However, the optimal layer to use for down-
stream evaluation may vary depending on factors
such as optimization, data, and downstream task
(Bordes et al., 2023). Further investigation is re-
quired to better understand these layer effects, par-
ticularly in low-resource settings.

We also observed that retrieval performance dif-
fers dramatically between models in the final lay-
ers. This behavior may be linked to ASR fine-
tuning, during which the final layers become tai-
lored to the ASR learning objective that learn to
differentiate between different phonemes. Such
task-oriented representations may positively trans-
fer to the query-by-example retrieval setting, where
distinguishing fine-grained phonetic differences is
essential.

7. Conclusion and Perspectives

This study addresses the Teochew language, an
under-resourced Sinitic language within the NLP
community. We explore different strategies to iden-
tify dictionary entries based on audio queries.

The first approach uses an ASR-based pipeline
to transcribe audio queries into peng’im for lexical
matching, while the second performs direct audio-
to-audio matching using DTW over self-supervised
speech embeddings. Overall, the ASR-based
method achieves superior performance.

Despite requiring additional linguistic normal-
ization, the ASR-based method offers higher in-
terpretability and enables integration with down-
stream text-based applications. In future work,
it would be interesting to incorporate a language
model during ASR fine-tuning to further constrain
and refine the transcription outputs.

Based on ASR error patterns, we further
adapted the Levenshtein distance to better ac-
count for vowel variability, which also reflects pho-
netic variation observed across dialectal pronun-
ciations. As a result, this pipeline becomes less
out-of-domain and more guided by supervised lin-
guistic knowledge compared to the DTW-based
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approach. These observations also raise ques-
tions regarding how to incorporate similar vowel-
weighting strategies into DTW-based matching.

The DTW-based method, however, has the ad-
vantage of bypassing orthographic inconsisten-
cies and spelling variation, which are common
challenges for under-resourced languages lacking
standardized writing systems. By operating di-
rectly on speech representations, our results show
that embeddings extracted from the fine-tuned
XLS-R model significantly outperform those from
the pre-trained base multilingual model, which sug-
gests that ASR fine-tuning may facilitate positive
transfer to query-by-example retrieval tasks.

These findings also suggest that DTW-based
retrieval is not as fully unsupervised as initially
assumed, as performance remains strongly influ-
enced by supervised ASR fine-tuning. A layer-
wise analysis further reveals that the pre-trained
model reaches peak retrieval performance around
layer 13, whereas the fine-tuned model achieves
peak performance at deeper layers (around layers
15–17 and the final layer). These observations mo-
tivate future work exploring detailed error analysis
and visualization of phonetic features encoded in
these layers, as well as strategies such as truncat-
ing or reinitializing higher transformer layers prior
to fine-tuning.

8. Limitations

This work does not explicitly investigate how tonal
information is represented or modeled. Future re-
search should examine how ASR systems capture
tonal features in Sinitic languages, such as contour
tones and tone sandhi. This can provide insights
into ‘unretrievable’ queries.
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Abstract
Automatic speech recognition (ASR) for low-resource languages remains challenging due to limited labeled data.
Although multilingual models and the inclusion of related auxiliary languages enable cross-lingual transfer, it is still
unclear how introducing cross-lingual information at different training stages-pre-training versus fine-tuning-affects
downstream performance. Prior work largely treats transfer as a single-stage optimization problem without
disentangling stage effects. We present a stage-aware analysis of cross-lingual transfer for Faroese ASR using
related auxiliary languages and Wav2Vec 2.0 XLS-R models. We systematically compare two complementary
adaptation pipelines: (i) cross-lingual supervised fine-tuning and (ii) cross-lingual continuous pre-training prior
to fine-tuning. Both strategies are evaluated under a unified setup with controlled model architectures, balanced
representation of auxiliary languages, and identical evaluation protocols. Results demonstrate that cross-lingual
transfer is stage-dependent. Supervised adaptation optimizes in-domain accuracy, while pretraining-level adaptation
enhances robustness and reduces Character Error Rate (CER). Auxiliary language effects vary across pipelines,
reinforcing the idea that transfer effectiveness depends on when and how cross-lingual information is introduced.
Comparisons with large-scale multilingual ASR models highlight trade-offs between model scale and explicit,
small-scale domain-aware adaptation. These findings suggest that effective cross-lingual transfer for Faroese
low-resource ASR is inherently stage-dependent rather than a single-step design choice.

Keywords: Stage-aware cross-lingual transfer, Low-resource, Domain adaptation, Faroese language tech-
nology

1. Introduction

ASR for low-resource languages remains challeng-
ing due to limited annotated data, domain mismatch
between training and deployment, and constraints
on large-scale supervised learning (Baevski et al.,
2020b; Conneau et al., 2020; Yadav and Sitaram,
2022; Geng et al., 2025; Müller et al., 2024).
Faroese, a low-resource Scandinavian language
and spoken by approximately 70,000 speakers,
exemplifies these challenges: despite recent ef-
forts Hernández Mena and Simonsen (2022) to cre-
ate high-quality labeled resources, available data
remain insufficient to train ASR systems that gen-
eralize beyond clean, read-speech conditions.

Recent advances in multilingual and self-
supervised speech models have lowered the bar-
rier for low-resource ASR by enabling cross-
lingual transfer from high-resource or related lan-
guages (Baevski et al., 2020b; Babu et al., 2021;
Radford et al., 2022b; Yadav and Sitaram, 2022).
Two broad adaptation strategies are commonly
used. Supervised fine-tuning directly adapts a pre-
trained model to the ASR objective on the target lan-
guage, optionally incorporating related languages,
whereas continuous self-supervised pre-training
reshapes acoustic representations prior to super-
vised fine-tuning. Although both strategies are
well established, they are rarely compared within

a unified framework for low-resource languages
(Baevski et al., 2020b; Conneau et al., 2020; Babu
et al., 2021; Yi et al., 2021).

Most existing work evaluates either supervised
multilingual fine-tuning (Cho et al., 2018; Gupta
and Boulianne, 2022; Bekarystankyzy et al., 2024;
Yi et al., 2021; Williams et al., 2023) or continuous
self-supervised pre-training and acoustic adapta-
tion (Baevski et al., 2020b; Conneau et al., 2020;
Babu et al., 2021; mag, 2022) in isolation, typically
reporting final error rates without distinguishing be-
tween the inductive effects of cross-lingual trans-
fer introduced during self-supervised pre-training
versus supervised fine-tuning. As a result, it re-
mains unclear whether observed gains stem from
improved acoustic invariance, better phonetic align-
ment, or favorable domain match. This lack of
stage-aware analysis forces practitioners to rely on
costly trial-and-error when designing multilingual
adaptation pipelines.

Moreover, auxiliary language selection adds fur-
ther uncertainty to multilingual adaptation. In prac-
tice, choices are often guided by intuition or prior
empirical results rather than principled criteria, mak-
ing language selection and stage selection inter-
twined design variables. This lack of systematic
guidance increases computational cost and ob-
scures the mechanisms underlying observed trans-
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fer gains.
To address this gap, this study investigates

cross-lingual transfer strategies within the
Wav2Vec 2.0 (Baevski et al., 2020b) model
family. We argue that the training stage at which
cross-lingual information is introduced critically
shapes transfer behavior in low-resource ASR. We
therefore compare two controlled, stage-aware
pipelines for Faroese ASR: (A) multilingual transfer
introduced during supervised fine-tuning, and (B)
multilingual transfer introduced during continuous
pre-training prior to Faroese supervision. Both
pipelines are evaluated against monolingual
counterparts under comparable data budgets,
architectures, and protocols. While both pipelines
use the same underlying datasets, the allocation of
data differs across training stages (self-supervised
vs. supervised), reflecting their respective training
strategies. Evaluation is conducted using standard
Faroese test data as well as a newly constructed
parliamentary speech benchmark designed to
reflect real-world deployment conditions.

Our results show that the two pipelines exhibit
distinct and complementary performance profiles.
Pipeline A effectively consolidates Faroese-specific
phonotactics (language-specific sound sequence
constraints) and performs well on clean, in-domain
speech, but remains sensitive to domain mismatch.
In contrast, Pipeline B substantially improves ro-
bustness to acoustic variability, speaking style, and
domain-specific vocabulary, yielding lower error
rates on parliamentary speech. These findings sug-
gest that cross-lingual transfer is stage-dependent,
with different training stages benefiting from differ-
ent types of linguistic and acoustic similarity.

To contextualize these findings, we further com-
pare our stage-aware pipelines to two recent large-
scale multilingual ASR models trained under dif-
ferent paradigms, using Whisper (Radford et al.,
2022b) and Omnilingual (team et al., 2025) as base-
lines. This comparison highlights the complemen-
tary roles of size and explicit language adaptation,
reinforcing the importance of training-stage and
language-choice considerations in low-resource
ASR.

The contributions of this paper are threefold: (1)
a unified comparison of cross-lingual transfer in-
troduced during supervised fine-tuning and during
continuous self-supervised pre-training for Faroese
ASR; (2) the creation of a new challenging out-of-
domain Faroese parliamentary benchmark for ro-
bust evaluation; and (3) the release of newly trained
Wav2Vec 2.0 models for Faroese, together with the
full training and evaluation pipeline to support re-
producibility and future research. While our exper-
iments focus on Faroese, the experimental setup
can serve as a blue print for low resource ASR opti-
mization for other under-resourced languages with

higher resource related languages.
The paper is organized as follows. Section 2

reviews related work. Section 3 describes the
datasets and benchmark construction. Section 4
presents the stage-aware transfer pipelines. Sec-
tion 5 reports empirical findings, followed by analy-
sis in Section 6. Finally, we summarize our findings
(Section 7) and discuss limitations of this study
(Section 8).

2. Background and Related Work

Modern ASR systems remain highly dependent on
large labeled datasets, which limits their applica-
bility to low-resource languages. This has driven
research into multilingual training, transfer learning,
and self-supervised learning, where models pre-
trained on large amounts of unlabeled speech learn
transferable representations that can be adapted
with limited supervision (Besacier et al., 2014;
Thomas et al., 2012). Large multilingual corpora
such as Common Voice Ardila et al. (2020) have
further supported this paradigm, which underlies
contemporary ASR models including Wav2Vec 2.0,
Whisper, and Omnilingual.

2.1. Multilingual end-to-end models:
Wav2Vec 2.0, Whisper, and
Omnilingual

Introduced in 2020, Wav2Vec 2.0 is a transformer-
based (Vaswani et al., 2017), end-to-end self-
supervised learning framework for ASR, signifi-
cantly reducing reliance on large annotated data
sets (Baevski et al., 2020b). Wav2Vec 2.0 em-
ploys quantized speech representations, cap-
turing essential acoustic features across lan-
guages (Baevski et al., 2020a), facilitating mul-
tilingual learning and leveraging high-resource
languages to improve ASR performance for low-
resource languages (Getman et al., 2024; Williams
et al., 2023). XLSR-53, a variant pretrained on
53 languages (Conneau et al., 2020), particu-
larly demonstrates Wav2Vec 2.0’s strong trans-
fer learning capabilities through high-dimensional
embeddings from large-scale multilingual train-
ing (Bekarystankyzy et al., 2024; Cho et al., 2018;
Gupta and Boulianne, 2022). More recently, the
XLS-R variant extended multilingual pretraining to
128 languages using a significantly larger data
set (Babu et al., 2021) including 64 hours of
Faroese audio from YouTube.

Whisper, released in 2022, is a multilingual ASR
model trained on 680,000 hours of labeled data
covering 99 languages (Radford et al., 2022a).
Faroese is not included in its training data. Its
encoder–decoder Transformer architecture sup-
ports both speech recognition and speech trans-
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Figure 1: Stage-aware cross-lingual transfer framework for Faroese ASR. The diagram shows four
components: (1) multilingual datasets, (2) unified data preparation, (3) two alternative adaptation pipelines,
and (4) evaluation on in-domain and out-of-domain Faroese test sets. Pipeline A performs supervised
cross-lingual fine-tuning followed by Faroese-only continued fine-tuning, whereas Pipeline B introduces
cross-lingual information earlier through continuous pre-training before Faroese fine-tuning. Green blocks
indicate stages where auxiliary or multilingual data are used; blue blocks denote Faroese-only supervised
training.

lation. Whisper is trained end-to-end using super-
vised learning on diverse real-world data, improving
robustness to noise, accents, and speaking styles.

Recent work has extended multilingual ASR be-
yond fixed language inventories through the Om-
nilingual ASR framework, released in November
2025 (team et al., 2025). The framework scales
Wav2Vec 2.0-style self-supervised learning to mod-
els of up to 7B parameters, pretrained on over 4.3
million hours of speech spanning more than 1,600
languages (team et al., 2025).

While these models demonstrate that large-scale
multilingual exposure is effective, they offer lim-
ited insights into how different languages affect
each other, and when cross-lingual information is
most beneficial to a specific low-resource language,
therefore requiring an extra, empirical optimization
step for low-resource adaptation.

2.2. ASR for Faroese

Faroese ASR development accelerated with the
Ravnur project, which produced the Faroese
BLARK and the 100-hour Ravnur corpus cover-
ing multiple dialects and age groups (Simonsen
et al., 2022). Using this data, fine-tuned multi-
lingual models such as Wav2Vec 2.0 achieved
the first competitive Faroese ASR system (7.6%
WER) (Hernandez Mena et al., 2023). Subsequent
work introduced grapheme-to-phoneme modeling
and expanded linguistic resources for standard-
ized processing (Lamhauge et al., 2023). A re-
cent representation-space analysis of Wav2Vec 2.0
XLSR-53 further examined Faroese in relation to
102 languages and found that Swedish and Norwe-
gian emerge as its closest Scandinavian neighbors

in different encoder layers, based on Euclidean
distances in the representation space(í Lág et al.,
2024).

Despite its close genealogical relationship to Ice-
landic, Faroese differs substantially in phonology
and orthographic conventions. It exhibits rich in-
flectional morphology, productive compounding,
vowel quantity contrasts, and complex consonant
clusters (Thráinsson et al., 2012; Eghdam and co-
authors incl. user, 2023; Petersen and Voeltzel,
2025). These characteristics increase lexical vari-
ability and complicate end-to-end modeling under
limited supervision. In addition, extensive historical
contact with Danish has resulted in lexical borrow-
ing and code-mixing, particularly in formal domains
such as parliamentary speech (Lamhauge et al.,
2023; Hernandez Mena et al., 2023).

3. Data

3.1. Data sets
This study draws on a curated set of publicly avail-
able speech corpora covering Faroese and four
closely related North Germanic languages (Ice-
landic, Danish, Norwegian, and Swedish). The
data are sourced from publicly available collections
hosted on the Huggingface platform and selected
based on recent release and annotation quality.

The corpora are organized according to the two
pipelines. Pipeline A uses labeled Faroese speech
from Ravnursson and mixed-domain labeled data
for the four auxiliary languages. Pipeline B uses
unlabeled parliamentary speech for all languages
during continuous pre-training, including Faroese
FPSC parliament data í Lág (2025) and Ravnurs-
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son for subsequent fine-tuning.

Data for Pipeline A. Faroese: Ravnurs-
son Hernández Mena and Simonsen (2022), (url,
2022b); Icelandic: Samrómur O’Brien et al. (2024),
(url, 2020); Danish: CoRal Nielsen et al. (2024),
(url, 2024); Norwegian: Norwegian Parliamentary
Speech Corpus (NPSC) Solberg and Ortiz (2022),
(url, 2022a); Swedish: RixVox Rekathati (2023),
(url, 2023).

Data for Pipeline B. Faroese: Faroese Parlia-
ment Speech Corpus (FPSC) í Lág (2025), using
a 1000-hour subset of parliamentary debates from
2020–2025 í Lág (2025) and Ravnursson Hernán-
dez Mena and Simonsen (2022); Icelandic: Al-
thingi Parliamentary Speech (2005–2016) Hel-
gadóttir et al. (2021); Danish: FT Speech – Danish
Parliament Speech Corpus (2010–2019) Kirkedal
et al. (2020); Norwegian: NST - Norwe-
gian ASR Database, parliamentary speech from
2017–2018 spr (2023); Swedish: RixVox parlia-
mentary recordings (2003–2023) Rekathati (2023),
(url, 2023).

Evaluation data: Ravnursson test split and the
new FO-Parl-Eval-2h10m benchmark All mod-
els are evaluated on the official Ravnursson test
split, corresponding to the dataset used for su-
pervised fine-tuning. In addition, we introduce
a new Faroese evaluation benchmark, FO-Parl-
Eval-2h10m í Lag (2025), comprising 2 hours and
10 minutes of curated parliamentary speech ex-
tracted from the Faroese Parliament Speech Cor-
pus (FPSC) í Lag (2025). The dataset consists of
344 speech segments ranging from 5 to 29 sec-
onds and reflects real-world parliamentary speech
conditions. It is designed to be representative in
terms of speaker gender, age groups, and dialectal
coverage. As parliamentary speech involves recur-
ring speakers, the evaluation is speaker-dependent,
meaning that speakers may appear in both train-
ing and evaluation data. This setup reflects re-
alistic deployment conditions but should be inter-
preted accordingly when assessing generalization.
To prevent data leakage at the segment level, all
segments included in FO-Parl-Eval-2h10m are ex-
cluded from any data used in the continuous pre-
training stage in Pipeline B.

3.2. Preparation of Data Sets for
Experiments

Data preparation is structured around the two ex-
perimental pipelines. Data are partitioned and pre-
processed differently in each pipeline depending
on their role in self-supervised adaptation or super-

vised training, ensuring stage-appropriate use and
comparability across pipelines.

Preparation of Data for Pipeline A. For each
auxiliary language (Icelandic, Danish, Norwegian,
and Swedish), we first collect all available au-
dio–text data from the respective corpora. From
this pool, we randomly sample speech segments
until a total duration of 100 hours is reached. This
results in a balanced dataset of 100 hours per lan-
guage.

Formally, let Dl denote the full set of available
audio–text pairs for language l, where each sample
consists of an audio signal a and its transcription
t. We construct a subset D100h

l ⊂ Dl such that the
total duration satisfies:

∑

(a,t)∈D100h
l

Duration(a) ≈ 100h. (1)

The four language-specific subsets are then com-
bined to form a multilingual dataset:

Dmulti =
⋃

l

D100h
l (2)

resulting in a total of 400 hours of speech. Each
sample is annotated with its corresponding lan-
guage identifier. Finally, the combined dataset is
split into training, validation, and test partitions for
supervised fine-tuning Lág (2025).

Preparation of Data for Pipeline B. From the
1,600-hour Faroese Parliament Speech Corpus
(FPSC) í Lág (2025), 1000 hours of speech were
randomly selected. Non-speech and extremely low-
volume segments were removed, and all record-
ings were normalized in volume. The resulting data
were segmented into fixed-length audio chunks of
20 seconds, yielding approximately 180,000 audio
files.

For the four auxiliary Scandinavian languages,
500 hours per language were randomly sampled
from their respective parliamentary speech corpora
and processed using the same pipeline. To en-
sure consistent cross-lingual exposure during train-
ing, the data for Faroese and each auxiliary lan-
guage were mixed such that consecutive speech
segments alternated between Faroese and the aux-
iliary language. Each language was segmented
into 90,000 audio files of 20 seconds. For the com-
bined dataset with all five languages, 200 hours
per language were randomly selected from the re-
spective subsets and systematically interleaved to
ensure balanced mixing across languages.

153



4. Methods

4.1. Experiments
An overview of the two adaptation pipelines and
their shared components is shown in Figure 1.
The pipelines differ in the stage at which cross-
lingual information is introduced: Pipeline A incor-
porates it during supervised fine-tuning, whereas
Pipeline B introduces it through an intermediate
continuous self-supervised pre-training stage prior
to fine-tuning.

Pipeline A consists of two supervised fine-tuning
stages—first on the auxiliary language, and sub-
sequently on Faroese. In contrast, Pipeline B in-
serts a continuous multilingual pre-training stage
between the original XLS-R pre-training and the
final supervised fine-tuning step. Although XLS-R
is initially pretrained on 128 languages, all interme-
diate adaptation stages in this study operate on
controlled language subsets. Specifically, these
stages use either a single Scandinavian auxiliary
language or a balanced mixture of Scandinavian
languages, while the final supervised ASR fine-
tuning is performed exclusively on Faroese.

All models are evaluated after a final stage
of supervised fine-tuning on the same 100-hour
labeled Faroese dataset, ensuring a consistent
target-language adaptation across all configura-
tions. Evaluation is performed on the Ravnursson
test set and the FO-Parl-Eval-2h10m benchmark.

For Pipeline A, Wav2Vec 2.0 XLS-R models are
evaluated in the 300M, 1B, and 2B parameter vari-
ants. Due to computational constraints, Pipeline B
is evaluated only using the 1B variant. As archi-
tectural baselines, Whisper and Omnilingual ASR
models are included for comparison. Whisper is
directly fine-tuned on Faroese under the same
target-language conditions. Omnilingual models
are used solely for inference as external baselines
and are not adapted. They are not evaluated on the
Ravnursson test split due to potential overlap with
their training data (Meta AI Research, 2025), and
to ensure a fair comparison with models evaluated
on disjoint data.

All code, configuration files, and data processing
pipelines required to reproduce the experiments
are publicly available on GitHub1

Pipeline A: Supervised Fine-Tuning–Based
Adaptation Pipeline A introduces cross-lingual
transfer exclusively through labeled supervision.
No additional self-supervised training is performed
beyond the original multilingual pretraining.

1https://github.com/davidilag/Stage-A
ware-Cross-Lingual-Transfer-for-Faroese
-ASR-2026

The pipeline consists of two supervised stages
per of the six experiments:

1. FT (Fine-Tuning stage): The pretrained XLS-R
model is fine-tuned on 100 hours of labeled
speech from one or more auxiliary Scandina-
vian languages.

2. CFT (Continued Fine-Tuning stage): The
model is further fine-tuned on 100 hours of
labeled Faroese only.

We compare the results from these experiments
with a monolingual baseline, where both FT and
CFT stages are performed with Faroese only.

Configurations

We define six experiments (E1–E6). E1 serves
as the monolingual baseline. Experiments E2–E5
each incorporate a single Scandinavian auxiliary
language during the fine-tuning (FT) phase, while
E6 uses a balanced mixture of Scandinavian lan-
guages during fine-tuning.

• FT-E1 (Monolingual baseline):
FT(FO = 100h) → CFT(FO = 100h)

• FT-E2–E5 (Single auxiliary language):
FT(X = 100h, X ∈ {IS, DK, NO, SW}) →
CFT(FO = 100h)

• FT-E6 (Multilingual mixture):
FT(25h per X, X ∈ {IS, DK, NO, SW}) →
CFT(FO = 100h)

All models are made publicly available (í Lág,
2025b,c,a,d,e,f).

Pipeline B: Continuous Self-Supervised Pre–
Training–Based Adaptation Pipeline B intro-
duces cross-lingual transfer at the representation
level via continuous pre-training before supervised
fine-tuning.

The pipeline consists of:

1. CPT (Continuous Pre-Training stage): The
XLS-R model is further trained using the origi-
nal Wav2Vec 2.0 self-supervised objective on
1000 hours unlabeled speech. The 1000 hours
of unlabeled speech contain one or more aux-
iliary Scandinavian languages.

2. FT (Fine-Tuning stage): The model is then fine-
tuned on 100 hours of labeled Faroese.

Configurations

We define six experiments (E1–E6). E1 serves
as the monolingual baseline. Experiments E2–E5
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each incorporate 500 hours from a single Scandina-
vian auxiliary language in the CPT phase, accom-
panied by 500 of Faroese. E6 uses a balanced mix-
ture (200 hours each) of Scandinavian languages,
including Faroese, in the CPT phase.
• CPT-E1 (Monolingual baseline):

CPT(FO = 1000h) → FT(FO = 100h)
• CPT-E2–E5 (Balanced bilingual):

CPT(FO = 500h + X = 500h, X ∈
{IS, DK, NO, SW}) → FT(FO = 100h)

• CPT-E6 (Multilingual mixture):
CPT(200h per X, X ∈ {FO, IS, DK, NO, SW})
→ FT(FO = 100h)
All models are made publicly available (í Lág,

2025g,j,i,k,l,h)

4.2. Whisper and Omnilingual Models
To provide a comparison with state-of-the-art ASR
systems, we include Whisper and Omnilingual as
reference models. Whisper model variants 39M,
74M, 244M, 1.55B are fine-tuned exclusively on
Faroese speech and evaluated on the Ravnurs-
son test set. Omnilingual 7B models are already
trained on Ravnursson and are therefore evaluated
in inference-only mode without additional adapta-
tion on FO-Parl-Eval-2h10m.

4.3. Formal Definition of Transfer Setups
We formalize the transfer setups using two generic
adaptation operators applied to a pretrained multi-
lingual encoder θ0.

Let Dlab
s and Dunlab

s denote labeled and unlabeled
data from one or more source languages, and Dlab

t

and Dunlab
t labeled and unlabeled data from the

target language (Faroese).

Adaptation operators. We define:
FASR(θ;D) = argmin

θ
LASR(D; θ), (3)

PSSL(θ;D) = argmin
θ
LSSL(D; θ), (4)

where LASR denotes the supervised speech recog-
nition training objective and LSSL denotes a self-
supervised representation learning objective ap-
plied to unlabeled speech data.

Transfer setups. Using these operators, the
training pipelines are expressed as:

θFT = FASR(θ0;D
lab
t ) (5)

θCFT = FASR(θ0;D
lab
s ∪Dlab

t ) (6)
θCPT = PSSL(θ0;D

unlab
s ∪Dunlab

t ) (7)

θCPT→FT = FASR

(
PSSL(θ0;D

unlab
s ∪Dunlab

t );Dlab
t

)

(8)

Pipeline / Exp. Ravnursson FO-Parl
WER CER WER CER

Pipeline A
FT-E1 (FO) 7.49 2.13 37.78 17.70
FT-E2 (FO-IS) 8.29 2.36 42.00 20.20
FT-E3 (FO-DK) 7.75 2.22 39.39 18.31
FT-E4 (FO-NO) 6.91 2.04 36.92 17.16
FT-E5 (FO-SW) 7.24 2.06 36.68 17.64
FT-E6 (All) 7.38 2.13 36.61 17.35
Pipeline B
CPT-E1 (FO) 6.59 1.85 26.46 10.68
CPT-E2 (FO-IS) 6.80 1.95 27.64 10.96
CPT-E3 (FO-DK) 6.96 1.97 26.90 10.84
CPT-E4 (FO-NO) 7.08 2.00 26.68 10.86
CPT-E5 (FO-SW) 7.29 2.06 31.06 14.72
CPT-E6 (All) 7.47 2.11 29.80 12.72

Table 1: Evaluation results for two training pipelines
on the Ravnursson and FO-Parl-Eval-2h10m test
sets. Highest performing models are listed in bold
text and lowest in red text.

This formulation isolates training stage from data
selection, allowing the two pipelines to be inter-
preted as alternative compositions of the same
adaptation operators, differing only in when cross-
lingual and target-specific information is introduced.

5. Results

Table 1 summarizes performance under the two
pipelines on two Faroese test sets. Performance is
consistently lower on FO-Parl-Eval-2h10m than on
the Ravnursson, indicating that the parliamentary
benchmark is substantially more challenging and
better reflects difficult real-world conditions. Across
all language configurations, Pipeline B yields clear
gains over Pipeline A on FO-Parl-Eval-2h10m, with
the largest absolute improvements observed for
Faroese-only training.

A second observation is that the optimal aux-
iliary language depends on the training strategy.
In Pipeline B, single-language Scandinavian auxil-
iaries (notably Icelandic, Danish, and Norwegian)
typically outperform the balanced five-language
mixture, whereas in Pipeline A, gains are smaller
and less consistent, with Norwegian and Swedish
providing the strongest improvements among the
single-language variants.

As shown in Figure 3, continuous fine-tuning
(Pipeline A) improves performance for Faroese with
all auxiliary languages except Icelandic. Norwe-
gian, as auxiliary language, yields the strongest
improvement for Faroese, followed by Swedish, the
Scandinavian mixture, and Danish. In contrast, Ice-
landic does not provide a measurable benefit over
direct fine-tuning.
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Figure 2: Relative WER reduction (%) of Pipeline B
over Pipeline A by experiment (E1–E6) on Ravnurs-
son and FO-Parl-Eval-2h10m evaluation data sets.

Finally, model capacity and training duration mat-
ter for Faroese-only fine-tuning. Table 2 shows that
extending training from 30 to 60 epochs improves
all XLS-R sizes, with the 1B variant providing the
strongest Faroese-only baseline on Ravnursson.
Table 3 shows clear scaling for Whisper, where
larger models substantially reduce error rates and
establish a competitive supervised baseline.

Figure 2 summarizes the relative error reduction
achieved by Pipeline B over Pipeline A across ex-
periments E1–E6. Gains are consistently larger
on the parliamentary benchmark, confirming that
CPT primarily improves robustness under more
challenging conditions, while improvements on the
Ravnursson test set are smaller and language de-
pendent.

Model Size 30 epochs 60 epochs
WER (%) CER (%) WER (%) CER (%)

XLS-R 300M 7.46 2.08 6.78 1.95
XLS-R 1B 7.49 2.13 5.85 1.73
XLS-R 2B 7.94 2.28 6.58 1.91

Table 2: Wav2Vec 2.0 XLS-R fine-tuned exclusively
on Faroese for 30 and 60 epochs (FT-E1), evalu-
ated on Ravnursson.

Model Size WER (%) CER (%)
Tiny (39M) 35.92 13.47
Base (74M) 22.86 7.40
Small (244M) 15.03 4.75
Large (1.55B) 6.51 2.11

Table 3: Whisper fine-tuned exclusively on 100h
Faroes, evaluated on Ravnursson.

In table 4 we compare our best performing
Wav2Vec 2.0 model with two Omnilingual 7B mod-
els evaluated on FO-Parl-Eval-2h10m. The Om-
nilingual LLM variant achieves the lowest WER,

Figure 3: WER after multilingual fine-tuning and
continuous fine-tuning (Pipeline A) using differ-
ent Scandinavian source-language configurations.
The dashed red line indicates a reference WER
level (Faroese only).

Model Variant WER (%) CER (%)
Wav2Vec2 CPT→FT 26.46 10.68
Omnilingual 7B LLM 23.06 11.71
Omnilingual 7B CTC 35.99 15.51

Table 4: Performance on FO-Parl-Eval-2h10m data
set. Wav2Vec 2.0 model is the best perming model
in the Pipeline B. Omnilingual models are evaluated
in inference-only mode since it already has been
fine-tuned on Ravnursson.

while the Pipeline B model attains comparable per-
formance with substantially lower CER. In contrast,
the Omnilingual CTC variant degrades markedly.
These results show that targeted language adapta-
tion in a continual pre-training setting can still pro-
vide domain-specific robustness over large, mas-
sively multilingual, out of the box models.

6. Discussion

Our comparative analysis demonstrates that cross-
lingual transfer to Faroese behaves differently
across adaptation stages and auxiliary language
configurations, with distinct performance patterns
observed for supervised fine-tuning and continu-
ous pre-training. Performance does not follow a
uniform pattern across languages; rather, the effec-
tiveness of a given auxiliary language depends on
whether cross-lingual exposure is introduced during
continuous self-supervised pre-training (Pipeline
A) or during supervised fine-tuning (Pipeline B).
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Within Pipeline A, Norwegian and Swedish con-
sistently provide the strongest gains when used
as auxiliary languages, despite not exhibiting the
best standalone ASR performance. We specu-
late the reason for this might be phonetic prox-
imity as primary driver of transfer effectiveness
during fine-tuning. Faroese and Norwegian, in
particular, share a strong similarity in acoustic–
phonetic structure—including consonant realiza-
tion, vowel quantity, stress patterns, palatalization,
and prosody—possibly facilitating parameter adap-
tation in later supervised fine-tuning stages, where
the model specializes to Faroese phonotactics and
grapheme-to-phoneme mappings. In contrast, Ice-
landic, although genealogically closest to Faroese,
contributes limited improvement in this pipeline,
suggesting that phylogenetic relatedness alone is
insufficient to enhance transfer during fine-tuning.
Norwegian and Swedish also proved to be the clos-
est to Faroese within the Wav2Vec 2.0 representa-
tion space (í Lág et al., 2024), suggesting perceived
proximity by the model may facilitate transfer.

In Pipeline B, transfer dynamics differ substan-
tially. Continuous pre-training operates at the rep-
resentation level and appears less sensitive to
fine-grained phonetic similarity. Instead, gains re-
flect broader structural and lexical alignment. Ice-
landic and Danish yield improvements during CPT,
likely due to morphosyntactic overlap and stylis-
tic similarity in parliamentary speech. The strong
effect of Danish on the parliamentary evaluation
set supports this interpretation, as formal Faroese
discourse contains a high density of Danish loan-
words.

Taken together, the two pipelines suggest com-
plementary mechanisms: Pipeline B enhances
robustness to real world language usage, while
Pipeline A sharpens phonetic and pronunciation-
specific modeling. The auxiliary language that is
optimal in one pipeline is not necessarily optimal
in the other, reinforcing that cross-lingual transfer
must be treated as a stage-aware and language-
specific optimization problem.

Comparison with fine-tuned Whisper and out-of-
the-box Omnilingual yields additional perspective.
Whisper, fine-tuned on Faroese data, demonstrates
strong word-level robustness due to large-scale
supervised multilingual training. On FO-Parl-Eval-
2h10m, the Omnilingual 7B LLM variant achieves
the best result, outperforming our best Pipeline
B configuration, while the same Pipeline B model
attains lower CER, indicating more stable character-
level modeling. These differences suggest comple-
mentary error profiles: large multilingual models
improve word-level prediction, whereas continuous
pre-training remains advantageous for sub-word
precision and language-specific orthographic con-
sistency.

7. Conclusions

This work demonstrates that cross-lingual transfer
for low-resource Faroese ASR is inherently stage-
dependent, and that the timing of cross-lingual in-
formation injection fundamentally shapes down-
stream behavior. Through a unified comparison
of two adaptation pipelines, we show that the stage
at which auxiliary languages are introduced deter-
mines whether transfer learning primarily benefits
from phonetic similarity or from syntactic/lexical
overlap.

A key contribution of this study is the controlled,
side-by-side evaluation of both pipelines under
closely matched language data representation,
shared model architectures, and consistent eval-
uation protocols. This isolates the effect of adap-
tation technique and auxiliary language composi-
tion. Pipeline A seemingly consolidates Faroese-
specific phonotactics and performs strongly in-
domain, whereas Pipeline B consistently improves
spelling (lowest CER) and robustness under parlia-
mentary speech conditions. The two pipelines are
therefore complementary rather than interchange-
able.

Beyond Faroese, this work introduces new in-
sights on stage-aware adaptation for structuring
low-resource, cross-lingual ASR. By reframing mul-
tilingual transfer as a design choice over training
strategies and data composition, the study con-
tributes a methodological lens for analyzing adap-
tation strategies in low-resource ASR within self-
supervised and large-scale multilingual settings.

8. Limitations

This study has several limitations. First, due to
computational constraints, we focus on smaller
model variants, and continuous pre-training (CPT)
is conducted for only one model size. While this
limits conclusions about scalability, it reflects realis-
tic deployment conditions in low-resource settings,
where computational resources are limited.

Second, our analysis focuses on a single tar-
get language, Faroese, with specific sociolinguistic
characteristics. Although this provides a focused
case study, the generalizability of our findings to
other low-resource languages remains to be vali-
dated.

Finally, the continuous pre-training stage relies
on data from the same domain as one evaluation
set (FO-Parl-Eval-2h10m). This may advantage
CPT-adapted models on that dataset. However,
given the severe data constraints typical of low-
resource languages, avoiding domain overlap is
often impractical, making this limitation representa-
tive of real-world conditions rather than an isolated
methodological choice.
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Abstract
In recent years, there has been an upsurge in research on automatic speech recognition (ASR) for low-resource
languages. Particularly, transfer learning using multi-lingual models has become a popular remedy for the lack of
available datasets for target languages. However, given the complexities associated with each individual language,
we argue it is unlikely that a single multi-lingual pre-training model will provide equal performance gains across all
languages. We also recognise the important, and insufficiently studied influence that the specific pre-training dataset
has on the performance of the model. In this paper, using the Irish language as a case study, we propose a more
directed, incremental form of pre-training which we term multi-step fine-tuning. This method accounts for the complex
relationships between the language and dataset features of the source pre-training and target datasets. We show
multi-step fine-tuning improves performance over simple multi-lingual fine-tuning alone, and we investigate factors
leading to certain pre-trained models achieving better results through linguistic and dataset similarity measures. This
research also investigates the uniformity of the performance gains across different demographics. We show that the
optimal pre-training strategy can differ between demographics suggesting that more careful pre-training dataset
selection is necessary to ensure equitable outcomes in practice.

Keywords: Automatic speech recognition, low-resource language, language similarity, Irish

1. Introduction

Although around 1.9 million people in Ireland report
some level of proficiency in the Irish language, its
everyday use remains limited. According to the
most recent census in 2022 (Central Statistics Of-
fice, 2023), only about 72,000 people speak the lan-
guage on a daily basis, despite recent increases in
the overall number of speakers. Though over 39%
of the population indicated some ability to speak
Irish, English remains the dominant language used
in most social and professional settings. Conse-
quently, technological advancements – such as
those in Automatic Speech Recognition (ASR) –
have been sparce, with the exception of the semi-
nal work of the Abair project (Chasaide et al., 2017).

However, as large public datasets at the scale of
higher resource languages are not currently avail-
able, developments in ASR for Irish, as with many
lower resource languages, remains challenging.
This lack of fundamental technologies, specifically
language technologies, has created a digital divide
between Irish and English resources while also
contributing to the potential for digital extinction of
Irish. The results of this divide is speakers of the
language reverting to using English, with only 1.5%
of the population using the language outside of the
education system (Lynn, 2023). This is in line with
previous research classifying the Irish language as
“definitely endangered" (Chiaráin et al., 2022).

Enormous strides have been made in ASR over
the last decade with the advent of large, parallelis-
able deep learning models such as Whisper (Rad-
ford et al., 2023) and Wav2vec (Schneider et al.,
2019), but much of these advancements have cen-
tred on ASR for higher resource languages such as
English. This gap is well recognised (Li et al., 2022),
leading to a variety of approaches to address the
deficits of ASR for low-resource languages. For
example, transfer learning is a commonly proposed
approach to train models in scenarios where high
quality transcribed data is unavailable, a common
challenge in the field of ASR.

In this paper, we propose a more guided ap-
proach to transfer learning in which a pre-trained
multi-lingual ASR model is first fine-tuned on one
language, before being further fine-tuned on the
target language – in this case Irish. We propose
a language similarity-based approach to the selec-
tion of data used in transfer learning, and a more
careful, multi-faceted analysis of downstream ef-
fects the data we use has on performance. Our
objective is to disentangle the dataset characteris-
tics that lead to an increase in performance from
the aspects of learned representations that are still
unknown. With the available open source data for
Irish as a case study, we:

1. Demonstrate how language and dataset selec-
tion affect transfer learning performance.

2. Disentangle the characteristics of a model’s
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training dataset (e.g., dataset size, similarity
with the target language) on the efficacy of
transfer learning.

3. Determine whether these characteristics can
be used to find the optimal pre-training dataset.

4. Measure the effects of different multi-step fine-
tuned models on the performance across a
variety of demographics and dialects of Irish.

The remainder of the paper is structured as
follows: Section 2 provides background and dis-
cusses related work on transfer learning and repre-
sentation learning for ASR and low-resource ASR.
Section 3 details the proposed transfer learning
method and the linguistic and dataset character-
istics we focus on. Section 4 states the research
questions that were investigated and describes the
experimental setup used to evaluate them. Sec-
tion 5 presents the results along with a detailed
analysis of performance disparities across demo-
graphic lines. Section 6 concludes the paper.

2. Background & Related Work

A foundational concept of transfer learning for low-
resource learning is the notion of learning gen-
eralised representations that transfer across lan-
guages. We detail the approaches to and chal-
lenges surrounding learning these representations
(Section 2.1), the potential role of linguistic simi-
larity to guide this process (Section 2.2), and the
role of users in determining whether this transfer of
representations might be successful (Section 2.3).

2.1. Building Generalisable
Representations

There have been several attempts to learn invariant
speech representations for ASR. These are loosely
considered to be latent features that are universal
to all languages or common across several. One
such approach is to create robust or “generalised"
speech representations which can be transferred
to several speech tasks. Kawakami et al. (2020)
aimed to learn robust multilingual representations
of speech which transferred to phonologically di-
verse languages and, indeed, found that such de-
velopments led to a marked improvement in WER
for several low-resource languages. One issue
with approaches such as these, however, is that
these “invariant" features are intrinsically opaque
and scarcely explored in any detail. Though trans-
ferable representations are likely instrumental to
accurate low resource speech recognition, the true
universality of these features is rarely evaluated be-
yond a single score for a collection of low-resource
languages. To this end, a more focused evaluation
of pre-trained bilingual and trilingual models was
performed by Lehečka et al. (2024). In contrast

to Kawakami et al. (2020), the authors found that
monolingual models outperformed bilingual and
trilingual Wav2Vec models on oral history archives
(even when controlling for dataset size). A similar
result was found by Babu et al. (2022) where mono-
lingual English models outperformed a similarly
sized multilingual XLS-R model, a phenomenon
the authors termed capacity dilution. The XLS-R
model only reduced the WER upon significantly
increasing the number of parameters.

Given the mixed results obtained using multilin-
gual models, it remains challenging for practitioners
to reliably build effective ASR models using them.
Though it is domain invariant features that are likely
to be learned using these models, very little attempt
is made to test whether definable invariant features
are being learned. It is therefore challenging to
determine what is actually being transferred from a
source model to a target, and whether these fea-
tures are even desirable to transfer.

2.2. Linguistic Similarity
Linguistic similarity is explored less in the litera-
ture with more focus on the use of large uncurated
datasets. However, the notion of capacity dilu-
tion described by Babu et al. (2022) suggests that,
with a fixed capacity architecture, some language-
specific features are likely to be lost in favour of
models with increased language coverage. Addi-
tionally, large datasets are often very imbalanced
with a disproportionate percentage of examples be-
ing from higher resourced languages (Ardila et al.,
2020). To address these issues, work has been
done to determine similarities between source and
target languages which centers around the use of
language identification or phonetic classifiers.

Early work on this topic by Zhang et al. (2014)
used the posterior scores over source languages for
target-language utterances to determine similarity.
The bottleneck features of the source language with
the highest posterior score were then used for pre-
training. This work found that the closest languages
appeared to provide the most benefit to training,
stating that there was “no data like similar data".
Thomas et al. (2016) took a similar approach by
discriminating between phonemes of all source lan-
guages, combining the resultant phoneme scores
for each language into a global language score.
These scores were then used to create a language
similarity matrix on which spectral clustering was
applied to create language clusters. Multilingual
feature frontends were then trained using the lan-
guage groups identified within each cluster. Qian
and Zhou (2022) extended this idea by extracting
hidden representations of a language identification
model and obtaining the similarity of a given utter-
ance’s embedding to the average embedding of the
target language. The similarity was then used to
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weight the loss from a given utterance in order to
favour some utterances within a multilingual dataset
over others depending on their similarity during
training. This technique also led to improvements
over standard multilingual pre-training. Li et al.
(2019) also saw improvements when corpus-level
embeddings were used to select related corpora
for training, a method that outperformed fine-tuned
multilingual models. Though seemingly effective,
techniques using language identification or those
based on corpus-level embeddings require training
of a discriminative model to obtain similarity scores
and rely on the efficacy of the model. They also
lack interpretability. They do not provide informa-
tion as to why two languages have been found to
be similar given that the similarity is entirely data-
driven and learned features cannot be definitively
interpreted.

Datasets using the same language with dialectal
differences have also been explored. Yi et al. (2020)
evaluated the efficacy of supervised pre-training
using the Libri 100h (Panayotov et al., 2015) (En-
glish dataset) against supervised pre-training using
HKUST (Liu et al., 2006) (Mandarin dataset) on the
target test set, CALLHOME-MA (also a Mandarin
dataset). The authors found that pre-training on
HKUST, a “target-similar dataset" Yi et al. (2020)
was more effective. They also found that using an
abundance of multilingual data for self-supervised
pre-training (Libri 1000h (Panayotov et al., 2015))
did lead to superior performance when evaluated
on the same CALLHOME-MA dataset over the su-
pervised model trained on HKUST. However this
analysis did not further explore the potential rea-
sons for the improved performance or detail the
characteristics of the dataset. We are taking a more
interpretable approach to finding dataset similarity,
aiming to develop a method that identifies dataset
characteristics needed to enhance performance.

2.3. Building Models that Serve People
A factor that is also rarely considered in the work
described above is the use cases or demographic
coverage of ASR systems. There are however a
few exceptions, for example, Kawakami et al. (2020)
specifically considered the use case of speakers
in their model development and evaluation, Jimer-
son et al. (2023) investigated which model archi-
tectures work best for various low-resource lan-
guages, and Mitra et al. (2016); Le Ferrand et al.
(2020); Littell et al. (2016) among others have ded-
icated work to specific endangered languages to
overcome challenges they face. However, in con-
trast, a majority of approaches are not designed
for specific languages and assume that the use
of large, uncurated, datasets will ensure coverage
across demographics, this still remains to be seen.
For instance, Markl (2022) found that even English

models, targeting one of the most well-resourced
languages in ASR, perform worse for marginalised
communities, including those who speak English
as a second language or use specific dialects. Koe-
necke et al. (2020) also found that common ASR
services demonstrated higher error rates for indi-
viduals using AAVE. Reitmaier et al. (2022) warned
that low-resource ASR is in danger of being treated
as an “intellectual challenge" with training datasets
neither being collected with sufficient input from the
communities that speak the languages, nor curated
to adequately serve them. This makes interpretable
and multifaceted model evaluation important, as
understanding the shortcomings of existing bench-
marks and models is instrumental in developing
more equitable technology.

3. Methodology

This section explains the process of multi-step
fine-tuning (Section 3.1), then defines the dataset-
dependent (Section 3.2) and independent (Sec-
tion 3.3) metrics used to determine similarity.

3.1. Multi-step fine-tuning
When performing transfer learning, a large-scale
multilingual or mono-lingual dataset is first used to
train an ASR model. For language-specific ASR
models, models are either trained “from scratch”
or, more commonly, fine-tuned from a multilingual
model. Our objective is to determine whether
certain language-specific models can lead to in-
creased performance when further fine-tuned on a
target language. That is, where a language-specific
model has been built by fine-tuning a multilingual
model on a single language dataset, we seek to
fine-tune the model a second time on the target
language. For the purposes of this work, we will
term this strategy as multi-step fine-tuning and we
will refer to the languages used in the first stage of
fine-tuning as source fine-tuning languages. The
language used during the final stage of fine-tuning
is referred to as the target language. We seek
to understand whether this strategy is more effec-
tive than fine-tuning a multilingual model on Irish
alone, whether an increase in performance is uni-
form across different source fine-tuning languages,
and whether the same multi-step fine-tuned model
leads to the same performance gains across di-
alects and demographics.

3.2. Dataset Size
Dataset size is consistently associated with im-
proved performance for deep learning architec-
tures (Lehečka et al., 2024; Kawakami et al., 2020;
Yi et al., 2020; Yusuyin et al., 2025). We evalu-
ate if the size of the source fine-tuning dataset is
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associated with the performance on the target lan-
guage. While ASR datasets are typically described
in terms of speech duration, we use number of
samples since Common Voice clips have relatively
consistent lengths.

3.3. Language Similarity/Proximity

We hypothesis that dataset-independent language
features between the source fine-tuning languages
and the target language also influence the model
performance. We used the following two methods
to calculate this similarity:

3.3.1. Genetic Proximity

Genetic Proximity is computed using a "Genetic
Proximity Calculator" tool provided by eLinguis-
tics.net (Elinguistics, 2020) and is independent of
the datasets used to train models. This tool calcu-
lates the genetic proximity between two languages
based on a cognate score (a metric to quantify
the similarity between words across different lan-
guages). It is derived by comparing the consonants
of 18 words that are commonly used in compara-
tive linguistics studies. Consonants specifically are
compared as they tend not to evolve as quickly
as vowels (Vincent and Johannes, 2020). This
tool outputs a score between 0 and 100 calculated
using the cognate scoring and statistical context,
indicating if the languages are similar or unrelated.

3.3.2. Averaged Lang2vec Similarity

Lang2vec is a Python tool used to query the URIEL
database that represents languages using typolog-
ical, phylogenetic, and geographical features such
as genetic, geographic, syntactic, inventory, phono-
logical, and featural vectors (Littell et al., 2017). It
provides pre-calculated cosine distances based on
these features that can be used to measure lan-
guage similarity, meaning this metric is also inde-
pendent of the datasets used to train models. How-
ever, analysis performed by Toossi et al. (2024) on
the reproducibility of URIEL’s language distances
indicated that “31.24% of the languages in URIEL
have no linguistic feature information", yet it still
provides the distances for these languages. This
problem inevitably impacts the reliability of this mea-
sure for low-resource languages which tend to have
more missing values. To address these missing fea-
ture vector values, we propose the following method
of calculating cosine similarity between the source
fine-tuning language and the target language in-
stead of using the pre-calculated cosine distances:

• Find all complete overlapping feature sets be-
tween the target and source fine-tuning lan-
guages.

• Calculate the cosine similarity for each of these
complete feature sets.

• The averaged lang2vec similarity score is the
mean cosine similarity for each feature set.

This strategy of similarity score averaging means
that all feature sets are given equal weighting and
the scores are not influenced by the size of the sets.

4. Experimental Setup

This section includes the specific models and
dataset used to carry out the experiments. We
choose Irish to the be target language and Dutch,
French, German, Persian, Portuguese and English
to be the source fine-tuning languages. The re-
search questions we explore are:

RQ.1 Is multi-step fine-tuning more effective than
directly fine-tuning a multilingual model?

RQ.2 Is the performance increase provided by multi-
step fine-tuning uniform across source fine-
tuning languages?

RQ.3 Is higher proximity between the source fine-
tuning language and the target language as-
sociated with better model performance?

RQ.4 Is the size of the source fine-tuning dataset
associated with better model performance?

RQ.5 Is multi-step fine-tuned model performances
uniform across dialects and demographics?

4.1. Data
With Irish as the target language for our experi-
ments, we used the open source Common Voice
dataset version 15.0 (Mozilla Corporation, 2021)
for Irish fine-tuning with its training (536 clips), val-
idation (516 clips), and testing1 (517 clips) splits.
Special characters were removed, words were con-
verted to lowercase and a vocabulary was built
using tokenisation. Audio was sampled at 16kHz
and zero-padded to match the longest segment.

4.2. Model
The base model in all cases was the Wav2Vec2
cross-lingual speech representation large-scale
model trained on 53 languages (XLSR-53) (Con-
neau et al., 2020). The "feature encoder" of each
base model was frozen in the initial fine-tuning
stage. Then, this was done again in our exper-
iments using the Irish data. This means that
the transformer encoder or “context network” is

1 Conneau et al. (2020) states all Common Voice
languages were used during unsupervised pre-training
of XLSR-53 however it is unclear which training/test splits
were used for training in the original paper. Despite
this, the Irish portion of the dataset has since expanded
compared to what was available at the time of this pre-
training.
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fine-tuned with CTC and the lower level "feature
encoder" is frozen to preserve speech features
learned from pre-training. Each model configura-
tion was fine-tuned in three independent runs, and
the reported results represent the average perfor-
mance across these runs.

4.2.1. Baseline Single-Step Fine-Tuning

The baseline for experiments was single-step fine-
tuning using Irish. Hyperparameters were selected
using Bayesian hyperparameter optimisation (Yang
and Shami, 2020) with Word Error Rate (WER) as
the objective. The best configuration was achieved
using a learning rate of 0.0003, a batch size of 8,
and 45 training epochs. We note that the objective
here is not to create the optimal model for Irish ASR
but to find reasonable hyperparameters that can be
used uniformly across models in order to compare
them.

4.2.2. Multi-Step Fine-Tuning

For our source fine-tuned models, we use XLSR-
53 models that are openly available and already
fine-tuned for our choice of source fine-tuning lan-
guages provided by Grosman (2021). These mod-
els had already completed the first stage in the
multi-step fine-tuning method using the train and
validation splits of Common Voice 6.1 (along with
additional audio clips from CSS10 (Park and Mulc,
2019) for Dutch only). To create the multi-step fine-
tuned models, they are fine-tuned again on Irish
using the same pre-processing steps, data, and
hyperparameters as the baseline described in Sec-
tion 4.2.1.

4.3. Averaged Lang2vec Similarity

As discussed in Section 3.3.2, some source fine-
tuning languages chosen for our experiments didn’t
contain the same complete feature sets as Irish, the
target language. French, German, and Persian con-
tained complete sets of the same features. English,
Portuguese, and Dutch were missing values that
were present for Irish, therefore these feature sets
were not included when calculating the averaged
lang2vec similarity for those respective languages.

4.4. Demographic and Dialects

We sought to determine whether models performed
the same for different speaker demographics and
dialects. To do this, we filtered the unseen Irish
test dataset to isolate data from each demographic
group annotated within the Common Voice dataset
(e.g, females, males, teens, 20s, etc.).

Table 1: WER(%) of the different Models

Model WER # training
samples

English 56.7 580501
French 57.6 314745
Portuguese 59.0 11106
Persian 61.4 12806
Dutch 61.4 14398
Irish (baseline) 66.2 536
German 94.9 262113

5. Results

Section 5.1 details the results of multi-step fine-
tuning by comparing the performance of the dif-
ferent models. The results concerning the effect
of language and dataset characteristics are split
across three sections. First, Section 5.2 analy-
ses the degree to which performance is associated
with dataset training size. Second, Section 5.3 fo-
cuses on the relation between performance and
the dataset-independent language similarity met-
rics. Finally, Section 5.4 provides an analysis of the
performance difference along demographic lines.

5.1. Multi-step Fine-tuning Comparison
Table 1 shows the models’ WER performance and
source fine-tuning dataset size. Interestingly, we
see the benefit provided by multi-step fine-tuning
is dataset-specific. In most cases there is an im-
provement, with the exception of German, where
we see a large decrease in performance with a
relative percentage increase in WER of ∼ 43%.
English provides the most improvement with a rela-
tive percentage decrease in WER of ∼ 14.4%, fol-
lowed by French and Portuguese with a decrease
of ∼ 13% and ∼ 10.9% respectively. This motivates
our conclusion to RQ.1 and RQ.2, that multi-step
fine-tuning provides a benefit and that the specific
source fine-tuning language used impacts perfor-
mance.

5.2. Effect of Dataset Size
Figure 1 plots the number of training samples from
each source fine-tuning dataset against their mod-
els’ WER performance. This shows that the num-
ber of training samples used in the first step of
fine-tuning is not clearly associated with increased
performance in WER. A Pearson correlation co-
efficient of 0.008 between WER and the size of
the datasets indicates no strong linear relationship.
While the English model is fine-tuned on the largest
dataset and achieves the lowest WER rate, the
French model is trained on a dataset almost half
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Table 2: Ranked Similarity Scores of the Different Datasets in Comparison to the Irish Dataset

(a) Genetic proximity between languages

Dataset Genetic Proximity
French 57.7
Portuguese 59.7
Persian 60.6
German 76.5
English 78.5
Dutch 80.8

(b) Averaged Lang2vec similarity

Dataset Averaged lang2vec
English 0.6842
Portuguese 0.6558
Dutch 0.6076
Persian 0.5938
German 0.5923
French 0.5922
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Figure 1: Relationship between the Number of
Training Samples and Performance Metrics

the size of English, but there is only a relative per-
centage difference of ∼ 1.6% in WER. Looking at
the model first fine-tuned on Portuguese, it uses
a dataset ∼ 1.9% the size of English, and there is
only a relative percentage increase of∼ 4% in WER.
The German dataset is the third largest dataset and
it achieves the worst performance. This appears
to show that the number of examples alone can-
not explain the increase in performance against
the baseline, answering RQ.4, and that the dataset
size in conjunction with other factors should be
considered.

5.3. Language Similarity/Proximity
Comparison

When using more generalised similarity metrics
such as averaged Lang2vec and Genetic Proximity,
we observe some strong correlations between per-
formance and similarity. Specifically, Genetic Prox-
imity of languages in Table 2a has a positive Pear-
son correlation co- efficient of 0.347. This could
indicate phonetic similarities between languages
plays an important role in boosting performance,
but analysis across additional languages is neces-
sary to make this claim more robust. Interestingly,
the correlation between the averaged Lang2vec
similarity metric shown in Table 2b and the per-
formance of the models is negatively associated

with a correlation of -0.4253. This could be due
to features irrelevant to speech being considered.
This motivates future further analysis on feature
selection.

5.4. Performance Variation across
Demographic Lines

While WER offers a general performance overview,
we observed that it varied across demographics.
We compared the WER by gender (Section 5.4.1),
age (Section 5.4.2), and dialect (Section 5.4.3).

5.4.1. Gender

The annotated gender categories in the unseen
Irish test data of common voice were: Female ,
Male and Other . When all the models were eval-
uated on this dataset, the models first fine-tuned
on Portuguese (Figure 2e), German (Figure 2f),
Persian (Figure 2d) and Dutch (Figure 2c) as well
as the baseline model only fine-tuned on Irish (Fig-
ure 2g), performed worse for the Female category
compared to Male . While, on face value, this
performance disparity seems due to the lack of
Female representation in datasets, it should be
noted that the annotations are incomplete. There
were many utterances in all datasets without gen-
der labels. Of all gender labels in the metadata of
the training and validation splits, only 11% were
labelled Female in the Irish dataset, 10.7% in the
German dataset, 9.4% in the Dutch dataset, 19.8%
in the Persian dataset and as little as 5.8% in the
Portuguese dataset. In all cases the Other gender
category was the most under-represented. With
no Other gender category labels in the Irish test
dataset, we were unable to see the effect this under-
representation had on the performance.

Interestingly, for models with English (Figure 2a)
and French (Figure 2b) as the source fine-tuning
language, audio labelled Female is in general more
accurately detected than those labelled Male . Of
the existing gender annotations, the French dataset
has only 13.9% Female samples (Figure 3b) and
the English dataset has only 25.5%(Figure 3a).
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Figure 2: WER of each Model by Demographic
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Figure 3: Gender Distribution of Training Datasets

Due to the missing gender annotations, it is chal-
lenging to deduce whether performance disparity
between genders is due to dataset imbalance, how-
ever it is clear that such a disparity exists.

5.4.2. Age

In Figure 2 we observed a notable variation in per-
formance across age-groups. This aligns with find-

ings by Werner et al. (2019) showing ASR systems
being impacted by the age of speakers. Moore
(2011) also discusses variations in pronunciation
unique to younger speakers, which seems to be
reflected in our results since in general audio la-
belled Teenager performs well across all models.

Interestingly, in the French, Portuguese, Dutch,
and German datasets (Figure 4), teenagers are
the smallest represented age group, based on the
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Figure 4: Age Distribution of Training Datasets

annotations, out of all age groups in the test set.

5.4.3. Dialect

We now move to discuss the performance varia-
tion across the three dialects labelled within the
Irish common voice dataset: Gaeilge Uladh (GU),
Gaeilge Chonnacht (GC) and Gaeilge na Mumhan
(GM). Apart from the model source fine-tuned on
French, audio labelled GU had the lowest WER.
The GU dialect has the second most labelled audio
associated with it, but GM only falls slightly behind
by three audio clips (Figure 5). However, with a sig-
nificant number of missing dialect labels, it remains
unclear if the number of training utterances is a
contributing factor in this bias towards GU. The per-
formance difference is, perhaps, better explained
by the fact that GU is more distinct from the other
two dialects, which models have apparent difficulty
disambiguating between. Lonergan et al. (2023a)
observed similar behaviour for dialect classification.

Assuming that the distribution of the labelled di-
alects accurately reflects the true distribution within
the data, we can see that the balance of the dialect
classes do not necessarily lead to proportionally
balanced WER. For example, GC is the most rep-
resented dialect but consistently performs worst.
This could align with findings by Lonergan et al.
(2023a) that balanced corpora do not necessarily
lead to balanced performance. Further investiga-
tion is needed to determine the sources of this bias.
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GM: Gaeilge na Mumhan, GU: Gaeilge Uladh, GC: Gaeilge Chonnacht,
N/A: Unknown

Figure 5: Dialect Distribution in Irish Training
Dataset

6. Conclusion

This work has demonstrated the advantages and
remaining challenges for ASR in Irish using open-
source datasets. We demonstrated that, though
multi-step fine-tuning can provide performance
gains over single-step fine tuning in many cases,
these gains are not uniform across different source
fine-tuning languages, and more specifically are
often not uniform across demographic lines. There-
fore, a one-size-fits-all approach is not effective,
highlighting the need for detailed analysis of the
model’s performance instead of a single evaluation
metric.

While the usefulness of a dataset often gets over-
looked in Machine Learning, we attempted to un-
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derstand what dataset performs better for a certain
low-resource language. We defined this usefulness
using both dataset-dependent and independent
similarity measures. From our case study of six
source languages, we show that certain measures,
in particular Genetic Proximity, can be indicative
of the optimal pre-training model. While increas-
ing this study to more languages could establish
these measures as robust predictors, from our ex-
periments it seems these metrics alone can’t show
which model will work best, meaning that to tackle
this problem we need to consider more factors.

Interestingly, through our experiments on dataset-
dependent features, we found that dataset size is
not strongly associated with performance gains,
indicating that blindly increasing dataset size is
unlikely to result in improved performance. Further-
more, the percentage increase in data points does
not translate to proportionate performance gains.

We also found that there are often gaps in demo-
graphic information. Given that speech data can
often identify the speaker, collecting it may be too
high-risk, especially for speakers of marginalised
groups. This motivates a privacy preserving alter-
native for measuring demographic coverage.

7. Ethics/Broader Impact Statement

This work relies exclusively on open-source, pub-
licly available datasets for the purposes of repro-
ducibility. Our work focuses on effective model
performance in a low-resource setting in order to
make these type of speech recognition systems
more accessible for different communities. We in-
vestigated our method for one specific language
(Irish) in order to promote research into the nuances
and the unique characteristics of each individual
language, something that often gets overlooked
in the development of speech recognition models.
We evaluate our models’ performance across dif-
ferent demographics in order to assess the biases
that exists within these systems and to highlight
that a single aggregate metric does not take into
account the variation in model performance for dif-
ferent speakers.

In our limitations section, we outline that a large
amount of speaker metadata is missing from the
datasets used in experiments. Though additional
metadata labels would undoubtedly facilitate a
more rigorous analysis of performance differences
between, and at the intersection of, different de-
mographic groups, it is also important for those
curating datasets and researchers evaluating ASR
to study and understand why participants do not
feel comfortable disclosing personal information
(age, gender etc.) while contributing to datasets.
More specifically, it is incumbent on the commu-
nity to develop ways of evaluating ASR that both

protect data subjects and their privacy, while also
rigorously testing model errors through an intersec-
tional lens. Based on the lack of speaker metadata
in the datasets studied, we endeavor to research
this aspect of evaluation further in future work.

8. Limitations

Only open-sourced data from the Common Voice
dataset was used in these experiments. Using
more datasets could improve the reliability of our
experiments. We also only considered six source
fine-tuning languages and the base model in all
cases was Wav2Vec. Scaling this experiment to
more language datasets and base models (such
as OpenAI’s newer Whisper model (Radford et al.,
2023)) could have increased the robustness of our
findings and allowed us to detect other factors that
lead to performance gains. The source fine-tuned
models provided by (Grosman, 2021) do not per-
fectly match our training conditions. This be an-
other factor contributing to the impact the source-
language has on the performance on the model.
Another limitation of using the Common Voice was
that some language datasets were not available.
These included Scottish Gaelic and Manx, which
are in the same the Celtic language family as Irish.
As described throughout the paper, lack of dataset
availability is a common issue within ASR research
for low-resource languages such as these.

A large portion of the datasets in Common Voice
are missing annotations. This had implications for
our study as we endeavored to investigate the link
between performance and demographic represen-
tation in the source fine-tuning dataset. Certain
demographic groups in the datasets were miss-
ing more labels than others. For example, of the
gender labels, Female and Other were available
for considerably fewer utterances than Male . This
either indicates that those who do not identify as
male are reluctant to disclose their gender, or that
they are under-represented in the dataset in the
first place. Similarly to the gender labels, age and
dialect labels were also missing. It was difficult
for us to draw conclusions about the performance
across different demographics given this incom-
plete information. A broader sociolinguistic analysis
of utterances is likely necessary to determine the
reasons for disparate performance across exam-
ples. Furthermore, we also note that we have not
analysed the intersection between demographics,
which are themselves likely to reveal differences in
performance. It is clear that more detailed analysis
of pre-training datasets and models is necessary
to disentangle the sources of performance differ-
ences.
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Abstract
We present a blank-aware decoding approach for transcript-free phoneme alignment with CTC-based speech
foundation models, designed to improve annotation bootstrapping in low-resource languages. While CTC models
provide frame-level phoneme posteriors without requiring transcripts, greedy decoding produces blank-dominated
and temporally unstable segmentations that are difficult to correct manually. Our approach introduces two training-
free blank-resolution strategies operating directly on CTC logits: (i) confidence-ratio substitution, which promotes
competitive non-blank hypotheses relative to the blank symbol, and (ii) recursive context adjustment, which enforces
local contextual consistency within blank spans. Experiments on English (TIMIT) and on Sardinian and Tyrolean dialect
corpora show consistent improvements in boundary F1 prediction, phoneme duration regularity, and segmentation
stability over greedy CTC decoding. Although absolute boundary deviations remain higher than transcript-conditioned
aligners, the resulting alignments are structurally coherent and suitable for manual correction. A post-hoc phoneme-
class analysis further reveals systematic asymmetries in blank resolution, highlighting complementary roles of local
acoustic evidence and contextual cues, and outlining prominising venues for future improvements.

1. Introduction and Motivation

Developing speech corpora for low-resource and
under-documented languages is a demanding pro-
cess. Beyond the challenges of data collection
and audio recording, the most critical bottleneck
lies in annotation, especially phonetic ones. Many
low-resource varieties lack a standardized orthog-
raphy, requiring phonetic rather than orthographic
transcription (Le Ferrand et al., 2025). Such anno-
tation demands trained phoneticians, who are even
more scarcely available for minority and dialectal
languages, in contrast to standard varieties. More-
over, for speech analysis, corpus development, and
model interpretability studies (Pasad et al., 2024;
Choi et al., 2024), annotations must be time-aligned
at either word or phoneme level. Producing tem-
porally precise phonetic boundaries manually is
labor-intensive and represents a major obstacle to
scaling documentation efforts.

Automatic forced alignment systems can alle-
viate this burden when transcripts are available.
Classical HMM-based aligners and modern neu-
ral aligners achieve high boundary accuracy under
transcript-conditioned decoding (Young et al., 2006;
Schiel, 1999; McAuliffe et al., 2017). However, in
genuinely low-resource settings, transcripts may
be unavailable, unreliable, or themselves be costly
to produce. Transcript-free alignment therefore rep-
resents an appealing alternative for bootstrapping
phonetic annotation (Draxler, 2022).

Connectionist Temporal Classification
(CTC)–based speech foundation models provide
frame-level posterior distributions over phoneme
vocabularies without requiring alignment su-

pervision during training (Graves et al., 2006).
This makes them promising candidates for
transcript-free phoneme alignment. In practice,
however, greedy CTC decoding yields unstable
and fragmented boundaries. The dominant cause
is the pervasive presence of the blank symbol in
the decoding path: most frames are assigned to
blank, with sparse non-blank emissions separated
by long blank spans (see Figure 1). As a result, raw
transcript-free CTC outputs lack strong temporal
anchoring and are poorly suited for direct use
in annotation. This dominance of blank is not
incidental but a structural consequence of the
CTC objective. By marginalizing over all possible
frame-to-label alignments, CTC allows the blank
symbol to absorb temporal uncertainty, functioning
as a buffer between phoneme predictions. The
learned posteriors therefore become "peaky"
concentrating mass on blank except at a few
frames (Huang et al., 2024; Zeyer et al., 2021).
While transcript-conditioned forced alignment
constrains this uncertainty via Viterbi decoding
against a known phoneme sequence (Yang et al.,
2023), the transcript-free case lacks such structural
guidance, leading to boundary instability.

Crucially, we observe that blank frames are not
informationally empty. Although blank often dom-
inates the top-1 decoding path, the posterior dis-
tribution over non-blank symbols typically exhibits
structured alternatives. The second-highest prob-
ability frequently aligns with either the preceding
or the following phoneme prediction, or with a
phoneme acoustically consistent with the surround-
ing context. This indicates that blank spans en-
code latent phonetic structure rather than random
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Strategy 1: Confidence Ratio Strategy 2: Recursive Context Adjustment

∅ ∅ p ∅ a ∅

p(∅) = 0.6

p(a) = 0.4

0.4/0.6 > τ

∅ ∅ p a a ∅

ratio rule

p p ∅ ∅ a a∅

Context window

Blank under review
2nd best = p

Neighbor match ⇒ promote

p p p ∅ a a

context vote

Figure 1: Two blank-handling strategies: (1) Confidence-ratio substitution; (2) Recursive context adjustment.

noise: the model maintains contextual continuity
signals beneath blank dominance. Transcript-free
CTC outputs are therefore not arbitrary but struc-
turally underdetermined. We argue that improving
transcript-free alignment requires recovering this
latent structure instead of suppressing blanks indis-
criminately. To this end, we introduce two comple-
mentary, training-free blank-resolution strategies
that operate directly on CTC posteriors. The first,
confidence-ratio substitution, promotes a non-blank
hypothesis when it is sufficiently competitive rela-
tive to the blank. The second, recursive context
adjustment, resolves blank segments by enforcing
consistency with neighboring predictions within a lo-
cal window. Both strategies exploit structured com-
petition in the posterior distribution without modi-
fying the acoustic model. We evaluate these ap-
proaches on TIMIT (Garofolo et al., 1993) for En-
glish as a controlled benchmark, on a Sardinian
(Chizzoni and Vietti, 2025) dataset and an in-house
Tyrolean dialect corpus representing realistic low-
resource conditions. A post-hoc analysis further
reveals systematic phoneme-class asymmetries:
vowels exhibit strong context-driven blank reso-
lution, while obstruents remain locally anchored.
These findings help understand when and why
blank-handling strategies are effective and demon-
strate that transcript-free CTC alignment can serve
as a practical bootstrapping tool for low-resourced
languages phonetic corpus development.

All code and evaluation scripts is available at
Github.

2. Related Work

Classical forced alignment is typically performed
with HMM pipelines such as HTK (Young et al.,
2006), MAUS (Schiel, 1999), and Montreal Forced
Aligner (MFA) (McAuliffe et al., 2017). With ac-
curate transcripts these systems deliver strong
boundary accuracy, but they are difficult to de-
ploy in low–resource scenarios where transcrip-

tions are noisy or unavailable. Neural approaches
increasingly rely on end-to-end ASR models trained
with Connectionist Temporal Classification (CTC)
(Graves et al., 2006). Torchaudio’s alignment API
(Yang et al., 2023) performs Viterbi alignment on
CTC posteriors conditioned on transcripts, but it
does not address the transcript-free case. Par-
allel work in zero-resource learning targets unsu-
pervised phoneme segmentation: the ZeroSpeech
benchmarks (Dunbar et al., 2017; Zhang et al.,
2020) have fostered methods based on clustering
(Ondel et al., 2016), self-supervised representa-
tions (Baevski et al., 2020), and predictive cod-
ing (Liu et al., 2022). These techniques discover
units but lack phoneme-level temporal precision.
Closer to our setting are decoding heuristics from
ASR—confidence thresholding (Hwang and Sung,
2016), top-k rescoring (Watanabe et al., 2017), and
blank suppression (Liu et al., 2021). While effec-
tive for recognition, they have not been system-
atically studied for transcript-free alignment. Our
work adapts these ideas to alignment, proposing
training-free, confidence- and context-aware de-
coding directly on CTC logits. In addition, we pro-
vide a post-hoc perturbation and reliability analysis
across broad phoneme classes, clarifying when
local acoustic evidence versus contextual cues re-
solve blanks, an angle missing from prior alignment
studies.

3. Proposed Methods

Let zt ∈ RC be the CTC logits at frame t = 1, . . . , T
over the phone vocabulary V augmented with the
blank symbol ∅. Posteriors refer to the frame-level
probability distribution over phoneme labels ob-
tained by applying a softmax to the CTC logits. Let
(c

(k)
t , p

(k)
t )Kk=1 denote the top-K symbols and proba-

bilities at frame t in descending order (K ∈ {2, 3, 4}
in our code). The blank ID is the tokenizer pad ID,
and we write c = ∅ when c equals that ID. A frame-
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wise label sequence ŷ1:T is converted to segments
by merging consecutive identical labels.

3.1. Confidence–ratio blank substitution

CTC paths are dominated by blanks (c(1)t = ∅).
We replace a blank at t with a non-blank candidate
only if its posterior is sufficiently competitive rela-
tive to the blank, as measured by their ratio — the
confidence ratio (CR):

ŷt =





c
(k∗)
t , if c(1)t = ∅

k∗ = min

{
k ∈ {2, . . . ,K} :

p
(k)
t

p
(1)
t

> τ

}

c
(1)
t , otherwise.

(1)

where τ ∈ (0, 1) is a ratio threshold. The ratio
condition ensures that a candidate phone is com-
petitive with the blank. This heuristic thus keeps
blanks by default and only replaces them when a
competing phone is strong relative to the blank.

3.2. Recursive Context Adjustment

3.2.1. Proto-segmentation

We first compress the top-1 sequence
into proto segments Si = (tsi , t

e
i ), i =

1, . . . ,M , each carrying its top-K list
Πi =

(
(c

(1)
i , p

(1)
i ), (c

(2)
i , p

(2)
i ), (c

(3)
i , p

(3)
i )

)
. Leading

blanks are dropped until the first non-blank
appears.

3.2.2. Neighborhood set

For a given position i, Ni denotes the set of first-
choice candidates c

(1)
j occurring within a window

of w (w = 2) positions to the left and the right of
i, excluding the current position and restricted to
valid indices j ∈ [1,M ]

Ni = { c(1)j | j ∈ {i− w, . . . , i− 1,

i+ 1, . . . , i+ w} ∩ [1,M ] }.
(2)

3.2.3. Blank resolution rule

For any blank proto segment (c(1)i = ∅), we look
for an alternative among its top-K candidates that
is context-consistent:

k∗ = arg max
k∈{2,...,K}, c(k)

i ∈Ni

p
(k)
i , c̃i = c

(k∗)
i (3)

If such a candidate exists, we promote it to the
top of Πi (i.e., swap with c

(1)
i ); otherwise Si remains

blank. Because promoting Si can change the neigh-
borhoods of Si±d, we sweep over i = 1 . . .M and
apply (3) repeatedly until no segment changes:

Π(r+1) ← AdjustOnce
(
Π(r)

)
until Π(r+1) = Π(r).

3.3. Post-Processing
Termination is guaranteed in finite steps because
each successful update replaces a blank top-1 with
a non-blank and no rule reintroduces blanks. Fi-
nally, any residual blanks are discarded and con-
secutive identical labels are merged into phone seg-
ments. Importantly, boundary timestamps are pre-
served as predicted by the decoding path; no addi-
tional boundary snapping or temporal re-alignment
is performed during merging. Finally, optional lead-
ing and trailing silence segments are added using a
simple energy-based detection criterion, based on
low short-time signal energy, in order to avoid artifi-
cial padding at utterance boundaries. These steps
preserve the decoding semantics while producing
well-formed segments for evaluation.

4. Experimental settings

4.1. Hyperparameter Selection
Both blank-resolution strategies introduce a small
number of decoding hyperparameters: the thresh-
old τ for confidence-ratio substitution, and the num-
ber of alternative candidates K considered dur-
ing recursive adjustment. All hyperparameters are
selected via grid search without retraining, oper-
ating directly on the CTC logits. For confidence-
ratio substitution, we vary the ratio threshold τ ∈
{0.05, 0.1, 0.2, 0.3}. For recursive context adjust-
ment, we explore the number of considered alter-
natives K ∈ {2, 3, 4}, corresponding to the top-K
non-blank candidates available at each blank seg-
ment.

Hyperparameters are tuned separately for each
dataset and speech condition. Our objective is not
to learn globally transferable decoding parameters,
but to optimize segmentation stability for each prac-
tical annotation scenario. Since the strategies are
decoding-only and do not modify model weights,
tuning does not affect the underlying acoustic repre-
sentations. The selection follows a multi-objective
criterion focused on segmentation quality. For each
configuration we compute (i) average boundary de-
viation (ABD), (ii) phoneme duration error (PDUR),
and (iii) boundary F1. Before aggregation, each
metric is normalized to [0, 1] using min-max scal-
ing across configurations, so that no single met-
ric dominates due to scale differences (ABD is
in milliseconds while F1 is bounded in [0, 1]). All
three metrics are treated as equally important, re-
flecting our practical prior that temporal accuracy,
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duration regularity, and segment coherence are
all relevant to annotation bootstrapping; no prin-
cipled basis for differential weighting was avail-
able a priori. Metrics are averaged across files
within each dataset (and, for Tyrolean, within each
speech condition), and configurations are ranked
using the resulting aggregate score. Lower aggre-
gate scores indicate better overall trade-offs, cor-
responding to lower ABD and PDUR values and
higher boundary F1. Although phoneme error rate
(PER) was not used as a selection criterion, we
report it for completeness (Table 1). On both En-
glish (TIMIT) and Sardinian, confidence-ratio sub-
stitution leaves PER unchanged relative to greedy
decoding, while recursive adjustment slightly in-
creases PER (e.g., 0.29→0.33 on TIMIT). At the
same time, recursive adjustment substantially im-
proves boundary F1 and phoneme duration regu-
larity (Table 3). This pattern indicates that segmen-
tation stability and phoneme identity accuracy are
partially decoupled in transcript-free CTC decod-
ing. The proposed strategies primarily regularize
temporal structure rather than improving phoneme
classification, which justifies excluding PER from
hyperparameter optimization.

Dataset Strategy PER (%)
TIMIT Base 29

CR 29
Rec 33

Sardinian Base 47
CR 47
Rec 48

Table 1: Phoneme Error Rate (PER) for each de-
coding strategy on TIMIT and Sardinian.

PER is not reported for Tyrolean due to inven-
tory differences and limited phoneme normalization
across dialect-specific variants, which would make
cross-condition comparisons unreliable. Neverthe-
less, segmentation trends on Tyrolean mirror those
observed on TIMIT and Sardinian.

Dataset Condition CR (τ ) Rec (K)
TIMIT read 0.2 4
Sardinian spont. 0.2 4
Tyrolean read 0.05 3–4
Tyrolean spont. 0.1–0.2 2

Table 2: Selected hyperparameters for confidence-
ratio substitution (CR) and recursive context ad-
justment (Rec), obtained via grid search. Tyrolean
results are reported separately for read speech and
spontaneous monologues.

Notably, spontaneous Tyrolean monologues fa-
vor a smaller context size (K = 2), in contrast
to other datasets where larger K values perform

better. This suggests that in highly variable spon-
taneous speech, broader contextual voting may
introduce instability, and more conservative blank
resolution is preferable.

4.2. Datasets
We evaluate on three speech corpora. The test
set of TIMIT (Garofolo et al., 1993) with a total of
34.35 minutes is used as a controlled benchmark,
providing manually time-aligned phoneme bound-
aries with 61 labels mapped to the standard 39-
phone set. In addition, to assess performance in
low-resource settings, we use two dialectal corpora
unseen during model training. The Sardinian cor-
pus contains extracts of longer monologues with a
total of 40 minutes of spontaneous Campidanese
speech from four speakers, manually annotated by
native-speaker phoneticians (Chizzoni and Vietti,
2025). The Tyrolean corpus comprises approxi-
mately 95 minutes of speech, including both spon-
taneous monologues and read speech, collected
and annotated by the authors, as part of an ongoing
documentation effort and not yet publicly released.
Together, the Sardinian and Tyrolean data repre-
sent realistic low-resource conditions with sponta-
neous speech, dialectal variation, and heteroge-
neous phoneme inventories.

4.3. Model and Features
All experiments use the wav2vec2-xlsr-53-
espeak-cv-ft model, a multilingual phoneme-
level CTC system trained with espeak-generated
labels. The underlying XLSR-53 backbone is pre-
trained in a self-supervised manner on speech from
53 languages (Baevski et al., 2020), learning acous-
tic representations directly from raw audio without
supervision. The model is subsequently fine-tuned
to predict over a cross-lingual phoneme vocabu-
lary of roughly 360 IPA symbols plus the blank to-
ken, reflecting the union of phonemes across the
training languages (Xu et al., 2021). We chose
this model because its self-supervised pretraining
yields acoustically grounded representations that
are not conditioned on transcript alignment during
representation learning. Although the final CTC
layer is trained with G2P-derived phoneme labels,
the underlying encoder retains rich acoustic struc-
ture, making it particularly suitable for transcript-
free boundary inference. From this model, we ex-
tract frame-level posterior distributions at 20 ms
resolution and apply our decoding strategies for
boundary assignment.

5. Results and Discussion

Table 3 reports alignment results on the three cor-
pora: TIMIT, Sardinian, and Tyrolean. For corpus
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Figure 2: Example phoneme alignment on a Sardinian speech segment ("poi invitaus àterus grupus"; "and then they
invited another group"). From top to bottom: gold annotation, greedy CTC baseline, confidence-ratio substitution, and
recursive context adjustment.

Dataset Strat. ABD PDUR Prec F1
TIMIT Base 100.73 63.33 0.20 0.20

CR 100.57 62.04 0.21 0.21
Rec 114.30 55.09 0.23 0.23

Sard. Base 137.38 71.38 0.17 0.17
CR 137.29 70.12 0.17 0.17
Rec 142.35 62.87 0.23 0.23

Tyr.-sent Base 98.52 57.63 0.26 0.26
CR 98.05 54.63 0.28 0.28
Rec 127.36 72.04 0.34 0.34

Tyr.-mon Base 1025.87 69.97 0.25 0.24
CR 1025.79 66.53 0.27 0.27
Rec 856.49 88.65 0.32 0.32

Table 3: Average alignment scores across datasets.
CR = confidence-ratio substitution; Rec = recursive
context adjustment.

bootstrapping, an alignment is considered usable
when phoneme segments are temporally coher-
ent and require local correction rather than full re-
segmentation (Draxler, 2022). Therefore, we eval-
uate alignment quality using three complementary
segmentation metrics: average boundary devia-
tion (ABD, ms), phoneme duration error (PDUR,
%), and boundary F1. On TIMIT, the greedy CTC
baseline exhibits large boundary deviations (ABD
≈ 100ms) and high duration error (PDUR ≈ 63ms),
confirming that raw CTC decoding paths are poorly
suited for temporal alignment. Both proposed blank-
resolution strategies improve segmentation quality
without supervision. Confidence-ratio substitution
yields a small but consistent reduction in ABD, while
maintaining comparable duration error and bound-
ary F1. Recursive context adjustment produces

the strongest improvement in duration consistency,
reducing PDUR from 63 to 55ms, and also yields
the highest boundary F1. This comes at the cost
of increased ABD, revealing an explicit trade-off
between boundary anchoring and segment-level
regularization. Under the joint ABD–PDUR–F1 cri-
terion used for hyperparameter selection, recursive
adjustment provides the most favorable trade-off
under the chosen multi-metric criterion on TIMIT.

The trade-off between ABD and PDUR reflects
structurally distinct aspects of segmentation qual-
ity. ABD measures the absolute temporal distance
between predicted and gold boundaries: even a sin-
gle well-anchored boundary per phoneme can keep
ABD low. PDUR, by contrast, captures duration reg-
ularity across the full segmentation. Greedy CTC
decoding tends to produce at least one acoustically
grounded boundary per phoneme, typically at the
onset or offset of the clearest acoustic event, while
blank spans inflate perceived duration. Recursive
context adjustment collapses these blank spans,
improving duration regularity at the cost of displac-
ing the originally well-anchored boundary, which
increases ABD. Confidence-ratio substitution, be-
ing more conservative, preserves those anchored
boundaries while making smaller local adjustments
to duration.

Results on the Sardinian corpus show the
same qualitative trends in a more challenging low-
resource setting with spontaneous speech. Abso-
lute boundary deviations are higher than on TIMIT
(∼ 140ms vs. ∼ 100ms), reflecting increased tem-
poral variability and phonetic diversity. Confidence-
ratio substitution slightly reduces ABD while leaving
PDUR and boundary F1 largely unchanged. Re-
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cursive context adjustment substantially improves
duration regularity (PDUR 71→ 63ms) and bound-
ary F1, at the cost of increased ABD. Recursive ad-
justment again provides the most favorable overall
trade-off for downstream annotation bootstrapping.

For Tyrolean, results are reported separately
for read speech (sent) and spontaneous mono-
logues (mon), revealing a strong interaction be-
tween speaking style and decoding strategy. On
read speech, confidence-ratio substitution achieves
the best joint trade-off across ABD, PDUR, and
boundary F1, yielding the lowest boundary devia-
tion and duration error. Recursive adjustment in-
creases both ABD and PDUR, but substantially im-
proves boundary F1, indicating stronger structural
consistency at the expense of temporal precision.

In spontaneous monologues, baseline alignment
quality degrades substantially (ABD > 1000ms),
highlighting the difficulty of transcript-free alignment
in highly variable speech. In this setting, recursive
context adjustment is particularly effective, reduc-
ing ABD by more than 15% (1026 → 856ms) and
yielding the highest boundary F1. Although PDUR
increases, the joint ABD–PDUR–F1 score favors
recursive adjustment, indicating that strong struc-
tural regularization is beneficial for spontaneous,
low-resource speech. Figure 2 illustrates these con-
trasting behaviors on Sardinian example. Which
strategy is preferred depends on the joint behavior
of ABD, PDUR, and boundary F1, and varies sys-
tematically with speaking style. Also both strategies
could help for different bootstrapping set up.

5.1. Post-hoc Edit Analysis and
Correction Time

To assess the practical usability of the proposed
alignment strategy, we qualitatively examined the
relationship between the number of phoneme edit
operations and the human correction time required
to obtain the final reference transcription and align-
ment for four files of spontaneous Tyrolean di-
alect. Importantly, correction time reflects the full
annotation effort: it includes both phoneme iden-
tity corrections (substitutions, insertions, deletions)
and temporal boundary adjustments. Files with a
larger number of edit operations generally required
longer correction times, indicating that token-level
errors contribute substantially to annotation work-
load. However, the relationship is not strictly pro-
portional. In several cases, boundary refinements
required careful acoustic inspection even when
phoneme identities were largely correct, increas-
ing correction time independently of the raw edit
count. Conversely, clusters of local phoneme sub-
stitutions could often be corrected relatively quickly
once the surrounding context was clear. These ob-
servations are consistent with the hypothesis that

File Ref S D I Edits PER
0008mon001 1448 121 80 61 262 18.09
0008mon002 892 97 32 63 192 21.52
0008mon003 882 85 30 58 173 19.61
0008mon004 1048 145 47 64 256 24.43
Total 4270 448 189 246 883 20.68

Table 4: Phoneme-level edit statistics for Recursive
Adjustment compared to the corrected reference
transcription. S = substitutions, D = deletions, I =
insertions.

File Correction Time Audio Length RTF
0008mon001 1:22:42 2.4 34.4
0008mon002 0:49:45 1.4 35.5
0008mon003 0:57:46 1.3 44.4
0008mon004 1:13:32 1.5 49.02
Total 4:23:45 6.6 40

Table 5: Human correction time for boundary and
transcription refinement. RTF (Real-Time Factor)
is computed as correction time divided by audio
duration.

total correction time reflects a combined cost of seg-
mental errors and temporal misalignment, though
the small sample size prevents stronger conclu-
sions. As such, phoneme error rate alone does not
fully capture the annotation burden associated with
transcript-free alignment.

Tables 4 and 5 provide complementary perspec-
tives on alignment usability. While phoneme-level
PER ranges between 18% and 24%, the corre-
sponding human correction time varies more sub-
stantially, with real-time factors (RTF) between 34
and 49, and an overall RTF of approximately 40.
Here, RTF is defined as the ratio between human
correction time and audio duration; for example, an
RTF of 40 indicates that correcting one minute of
audio requires approximately 40 minutes of manual
work.

Notably, files with comparable PER values exhibit
markedly different correction times. For instance,
0008mon003 does not have the highest PER, yet
shows one of the largest RTF values. This mis-
match indicates that transcription edits alone do not
fully explain annotation effort. Correction time in-
cludes both phoneme identity changes and bound-
ary refinements, the latter often requiring careful
acoustic inspection even when segmental labels
are correct. These findings suggest that PER pro-
vides only a partial proxy for annotation workload,
and that temporal instability contributes significantly
to human correction cost in transcript-free align-
ment, coroborating similar findings (Martin et al.,
2024). For reference, prior work reports real-time
factors between 10 and 50 for automatic segmenta-
tion followed by manual boundary correction alone
(Draxler, 2022). In our case, correction time in-
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Class n Prev (%) Next (%)
Stop 8051 3.1 6.8
Fricative 9109 2.5 5.9
Affricate 454 0.8 4.6
Vowel 20123 9.8 22.9
Nasal 3271 2.1 6.5
Liquid 3583 2.9 6.9
Glide 1003 1.4 2.2

Table 6: Post-hoc agreement of the second-best
candidate with the gold previous or next phoneme,
by broad phoneme class (TIMIT).

cludes both boundary refinement and phoneme
identity correction, making the task strictly more
demanding. Therefore, the observed RTF values
(≈ 34 − 49, overall ≈ 40) are consistent with this
range, though direct comparison is limited since
our correction task encompasses both boundary re-
finement and phoneme identity correction. We em-
phasize that this analysis is preliminary and based
on a small sample of four recordings; it is intended
as an initial indication of annotation effort rather
than a definitive evaluation.

5.2. Post-hoc Analysis of Blank Frames

To our knowledge, prior work has not systematically
quantified blank spans as a function of phoneme
class. This provides new evidence that vowels are
context-driven, while obstruents remain locally an-
chored. We restrict the following post-hoc blank
analysis to TIMIT, where gold phoneme labels are
phonetically consistent and directly comparable
across speakers. For Sardinian, we observed
the same qualitative trends, but leave a detailed
phoneme-class breakdown for future work given
its larger inventory and sparser annotation. Ta-
ble 6 shows how often the second-best candidate
in blank frames agrees with the gold previous or
next phoneme. The agreement is highest for vow-
els (Prev: 9.8%, Next: 22.9%), reflecting that blank
spaces in vowel regions are strongly influenced by
neighboring phones. Stops, fricatives, and nasals
show a much weaker agreement (< 7%), consis-
tent with their short duration and sharper acoustic
cues. This asymmetry is consistent with recursive
adjustment benefiting vowels most, since it explic-
itly exploits neighborhood consistency, while having
limited effect for obstruents whose boundaries are
more locally anchored.

Table 7 compares the median change in the
second-best posterior (∆p2) under two perturba-
tions: (i) context-only, keeping only a ±40 ms win-
dow around the blank, and (ii) local occlusion, mask-
ing the same window. For vowels, context pertur-
bations produce much larger shifts than occlusions
(∆p2 = 0.15 vs. 0.09), showing that vowel blanks

Class Context-only ∆p2 Local occlusion ∆p2

Stop 0.03 0.07
Fricative 0.02 0.05
Affricate 0.01 0.04
Vowel 0.09 0.15
Nasal 0.03 0.08
Liquid 0.04 0.09
Glide 0.02 0.05

Table 7: Median change in the second-best pos-
terior (∆p2) under context-only vs. local occlusion
perturbations within a±40 ms window around blank
frames. Vowels show stronger context effects,
while obstruents are more locally anchored.

are primarily resolved by broader temporal con-
text. For obstruents such as stops and fricatives,
occlusion induces slightly stronger effects than con-
text, reflecting their sharper, locally anchored cues.
Overall, these results suggest that blanks are of-
ten resolved by context for sonorants, but by local
acoustics for obstruents. This asymmetry further
justifies our design strategy: confidence-ratio sub-
stitution captures locally competitive cases, while
recursive adjustment exploits contextual agree-
ment, especially effective for vowels.

6. Conclusion

We introduced two training-free blank-resolution
strategies for transcript-free phoneme alignment
with CTC-based speech foundation models. Across
TIMIT, Sardinian, and Tyrolean, both heuristics im-
prove segmentation quality over greedy CTC de-
coding, with recursive context adjustment yielding
the strongest overall trade-offs when jointly optimiz-
ing ABD, PDUR, and boundary F1.

Our results highlight a key property of CTC-based
models: they robustly encode phoneme identity,
yet lack strong temporal anchoring. Blank-aware
decoding partially mitigates this by stabilizing blank
spans and enforcing structural consistency, produc-
ing more coherent segmentations suitable for man-
ual correction. However, absolute boundary preci-
sion remains limited (ABD ∼100 ms vs. ∼20 ms in
transcript-conditioned aligners), underscoring the
inherent difficulty of transcript-free alignment.

Post-hoc analysis further reveals phoneme-class
asymmetries: vowels benefit most from context-
driven blank resolution, whereas obstruents remain
more locally anchored. This suggests that a single
global decoding rule is suboptimal, and motivates
future work on adaptive blank-resolution strategies
informed by phoneme class or posterior sensitivity.

Beyond metric improvements, the main contri-
bution of this work is practical: our approach pro-
vides a lightweight bootstrapping mechanism for
corpus development when transcripts are unavail-
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able or unreliable. Preliminary correction-time anal-
ysis on four spontaneous Tyrolean recordings sug-
gests that temporal instability contributes substan-
tially to human workload, though a larger-scale
user study would be needed to quantify annota-
tion time savings robustly. Future work should
explore integrating adaptive blank resolution into
semi-supervised or joint training pipelines for low-
resource languages and dialects.

7. Limitations

While the proposed strategies substantially improve
segmentation stability over greedy CTC decoding,
transcript-free alignment remains less temporally
precise than transcript-conditioned forced align-
ers, with absolute boundary deviations remaining
around 100 ms. This reflects a fundamental limita-
tion of transcript-free alignment rather than of the
proposed methods. All experiments are conducted
using a single multilingual CTC-based phoneme
recognizer, allowing us to isolate decoding effects;
future work should assess generalization across ar-
chitectures. Moreover, the strategies are heuristic
and decoding-only, and cannot correct systematic
biases learned during acoustic model training. Fi-
nally, optimal behavior varies with speaking style,
suggesting that adaptive or class-aware blank res-
olution may be preferable to a single global rule.
Finally, our analysis of human correction time is
based on four spontaneous monologues, represent-
ing a limited sample size. Although these record-
ings reflect realistic zero-shot, low-resource and
spontaneous conditions and therefore provide eco-
logically valid evidence of annotation effort, the
results should be interpreted as preliminary. Cor-
rection time may vary across speakers, speaking
styles, recording quality, and annotator expertise.
A larger-scale user study would be required to ob-
tain statistically robust estimates of annotation time
savings and to quantify inter-annotator variability.
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Abstract
Automatic speech recognition (ASR) has advanced rapidly in recent years, driven by large-scale pretrained models
and end-to-end architectures such as SLAM-ASR. A key component of SLAM-ASR systems is the Whisper speech
encoder, which provides robust acoustic representations. While model pruning has been explored for the full Whisper
encoder–decoder architecture, its impact within the SLAM-ASR setting remains under-investigated. In this work, we
analyze the effects of layer pruning in the Whisper encoder when used as the acoustic backbone of SLAM-ASR.
We further examine the extent to which LoRA-based fine-tuning can recover performance degradation caused
by pruning. Experiments conducted across three Whisper variants (Small, Medium, Large-v2), three languages
representing distinct resource levels (Danish, Dutch, English), and over 200 training runs demonstrate that pruning
two encoder layers causes only 2–4% WER degradation, and that combining this pruning with LoRA adaptation
consistently outperforms the unpruned baseline while reducing total parameters by 7–14%. Moreover, our error
analysis reveals that LoRA primarily compensates through the language model’s linguistic priors, reducing total word
errors by 11-21% for Dutch and English, with substitutions and deletions showing the largest reductions. However,
for low-resource Danish, the reduction is smaller (4-7%), and LoRA introduces increased insertion errors, indicating
that compensation effectiveness depends on the LLM’s pre-existing language proficiency and available training data.

Keywords: Automatic Speech Recognition, Pruning, SpeechLLM, SLAM-ASR

1. Introduction

Recent advances in multimodal models have en-
abled automatic speech recognition systems (ASR)
through architectures that connect pre-trained
speech encoders to large language models (LLMs).
SLAM-ASR (Ma et al., 2024; Zhang et al., 2026b,a)
is the one such instance, which is a simpler ap-
proach and yet achieved comparative ASR perfor-
mance: a frozen speech encoder extracts acous-
tic representations, and a small trainable projector
maps these into the embedding space of a frozen
LLM, which then generates transcriptions autore-
gressively. While this modular design is attractive
for its simplicity, deploying such systems remains
computationally expensive, as the full encoder must
process every input audio regardless of whether
all its layers contribute meaningfully to ASR perfor-
mance.

Model compression through layer pruning has
been widely studied for ASR. Kim et al. (2023)
combined language-specific adapters with mag-
nitude pruning to compress Whisper by up to 50%,
still with competitive CER performance, while Gu
et al. (2024) achieved 80% compression through
one-shot unstructured pruning with minimal WER
degradation. On the decoder side, Gandhi et al.
(2023) distilled Whisper’s decoder from 32 layers
to 2 using knowledge distillation with large-scale
pseudo-labeling, achieving 6 times faster inference
within 1% WER of the original. However, these stud-
ies focused on traditional encoder-decoder ASR,
where both the encoder and decoder are jointly

trained. In the SLAM-ASR case, the encoder re-
mains the same; the decoder is replaced by a
frozen LLM that was never exposed to speech
data and a lightweight projector that bridges the
two components together. The effects of encoder
layer pruning on this architecture remain unex-
plored. Layer-wise analyses suggest that upper
encoder layers encode increasingly abstract lin-
guistic features (Pasad et al., 2021), capabilities the
LLM already possesses, raising the possibility that
these layers are partially redundant. Separately,
Low-Rank Adaptation (LoRA) (Hu et al., 2022) has
been applied to LLM-based ASR for multilingual
adaptation (Song et al., 2024; Fang et al., 2025;
Concina et al., 2025) and low-resource improve-
ment (Ma et al., 2024; Nagano et al., 2025; Fong
et al., 2025; Burdisso et al., 2026), but no prior work
has examined whether LoRA can compensate for
performance lost through structured encoder layer
pruning, or how data resource availability regulates
these interactions.

This paper addresses these gaps through a sys-
tematic study of encoder layer pruning and LoRA
compensation in SLAM-ASR 1. Specifically, we fo-
cus on two research questions:

RQ1: How does progressive encoder layer prun-
ing affect ASR performance, and how does data
resource availability modulate this effect?

RQ2: Can LoRA adaptation compensate for

1The code is available at https://github.com/K
arthikKolluriKB/SLAM-ASR-Encoder-Pruning

-LoRA
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pruning induced degradation?
To answer these questions, we evaluated across

three languages representing distinct resource lev-
els: Danish (4.2 hours, low-resource), Dutch (50
hours, medium-resource), and English (100 hours,
high-resource), using three Whisper encoder vari-
ants (Small, Medium, Large-v2) (Radford et al.,
2023) paired with Qwen2.5-3B LLM (Qwen et al.,
2025). All three languages are supported by both
the Whisper encoders and Qwen2.5-3B, ensuring
that observed differences reflect data availability
rather than missing language coverage. Our exper-
iments cover pruning depths from the full encoder
down to a single layer, with and without LoRA, span-
ning over 200 individual training runs.

Our main findings are as follows: First, removing
the top one to two encoder layers results in only
marginal WER degradation (with 2-4%) across all
encoder scales and languages, supporting the hy-
pothesis that upper encoder layers are partially
redundant when an LLM handles linguistic process-
ing. Beyond this arrangement, medium and high-
resource languages degrade smoothly, while low-
resource Danish exhibits erratic, non-monotonic
behaviour. Second, combining modest pruning
(two layers) with LoRA consistently outperforms
the unpruned baseline while reducing total param-
eters by 7–14%, demonstrating that fewer encoder
parameters paired with lightweight LLM adapta-
tion can match or exceed full baseline model per-
formance. Third, LoRA’s compensatory benefit is
not uniform across resource levels: it provides ro-
bust improvement for Dutch and English across
all pruning depths, but is less effective for Dan-
ish, suggesting an interaction between data avail-
ability and adaptation capacity that needs to be
further investigated. Additionally, error analysis re-
veals that LoRA compensates primarily through the
LLM’s linguistic priors, reducing word-level errors
by 11–21% for Dutch and English, with substitution
and deletion corrections showing the largest reduc-
tions, confirming a decoding-side compensation
mechanism.

2. Related Works

This section reviews prior research in two areas
relevant to our study: (1) layer pruning strategies
for speech encoders, and (2) parameter-efficient
fine-tuning for LLM-based speech systems.

2.1. Layer Pruning in Speech Encoders
Model compression through layer pruning has been
extensively studied for ASR. Kim et al. (2023) in-
troduced PEPSI (Parameter-Efficient Pruning and
Adaptation for Speech Foundational Models), an
adapt-and-prune framework for Whisper that com-

bines language-specific adapters with iterative mag-
nitude pruning. Their experiments on Common
Voice showed that pruning can reduce model size
by up to 50% while maintaining competitive CER
across Korean and Malayalam. However, PEPSI
employs unstructured pruning that removes individ-
ual weights rather than entire layers, resulting in
sparse networks that require specialized hardware
for efficient inference.

More recently, Gu et al. (2024) proposed Sparse-
WAV, a one-shot unstructured pruning method for
large speech foundation models, achieving up to
80% compression with minimal WER degradation.
Irigoyen et al. (2025) revealed that certain encoder
components actually improve when pruned, acting
as implicit regularizers. Decoder self-attention at
50% sparsity achieved 2.38% absolute WER re-
duction on LibriSpeech test-other.

A parallel line of study focuses on decoder com-
pression. Distil-Whisper (Gandhi et al., 2023) uses
knowledge distillation (Hinton et al., 2015) with
large-scale pseudo-labeling to compress the de-
coder from 32 layers to 2 while keeping the encoder
frozen, achieving 6× faster inference within 1%
WER of the original model. Similarly, BaldWhisper
(Sy et al., 2025) targets low-resource deployment
by merging decoder layer pairs in Whisper-base
rather than removing them, achieving 2.15× faster
inference with 48% size reduction while maintain-
ing over 90% of baseline performance on Bambara
speech data.

However, these studies focus on traditional
encoder-decoder ASR, where Whisper’s own de-
coder directly generates transcriptions. SLAM-ASR
(Ma et al., 2024) presents a fundamentally different
setting: the decoder is replaced by an LLM, and a
lightweight projector that maps encoder outputs to
the LLM embedding space. The effects of encoder
layer pruning on this SLAM-ASR architecture re-
main unexplored. Here, the projector must learn to
align potentially degraded encoder representations
with a fixed, independently pre-trained LLM. Unlike
traditional ASR, where encoder and decoder are
jointly trained, SLAM-ASR offers no such flexibil-
ity: the LLM is frozen and was never exposed to
speech, placing the entire burden of representation
quality on the encoder.

2.2. Parameter-Efficient Fine-Tuning for
LLM-based Speech Systems

Parameter-efficient fine-tuning (PEFT) methods
(Houlsby et al., 2019) have become essential for
adapting pre-trained large language models to spe-
cific downstream tasks without updating the entire
model’s parameters. Low-Rank Adaptation (LoRA)
(Hu et al., 2022) has emerged as the dominant ap-
proach, decomposing weight updates into low-rank
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matrices that typically account for less than 1% of
total parameters.

In LLM-based ASR, LoRA has been applied
across multiple components. Song et al. (2024)
proposed LoRA-Whisper, which incorporates the
LoRA matrix into Whisper for multilingual ASR to
effectively mitigate language interference, achiev-
ing 18.5% relative WER reduction for multilingual
ASR and 23.0% for language expansion while us-
ing only 5% of trainable parameters compared to
full fine-tuning. Building on this idea, Mu et al.
(2025) proposed HDMoLE, which combines multi-
ple LoRA experts through hierarchical routing and
dynamic thresholds for multi-accent LLM-based
ASR. Their method achieves comparable CER to
full fine-tuning on multi-accent and standard Man-
darin datasets while using only 9.6% of the trainable
parameters.

Within LLM-based ASR models, the SLAM-ASR
framework (Ma et al., 2024) showed that apply-
ing LoRA to LLM attention layers improves low-
resource ASR, especially when combined with par-
tial encoder fine-tuning (Tang et al., 2023; Wu et al.,
2023). However, Kumar et al. (2025) observed that
SLAM-ASR generalizes poorly across domains,
highlighting the need for effective adaptation strate-
gies in real-world deployment.

Despite this progress, no prior work has exam-
ined whether LoRA can compensate for informa-
tion lost through structured encoder layer removal.
While PEPSI (Kim et al., 2023) combines LoRA
with unstructured weight pruning, the effects of re-
moving entire encoder layers and whether LoRA
can recover from such architectural changes in
SLAM-ASR systems remain unexplored. It is also
unknown whether LoRA’s compensatory effective-
ness depends on the amount of available training
data.

3. Methodology

This study investigates two strategies for improving
the parameter efficiency of SLAM-ASR systems:
encoder layer pruning and LoRA adaptation of the
LLM. Specifically, we ask whether upper encoder
layers can be removed without significant perfor-
mance loss, given that the LLM is already proficient
in linguistic tasks, and whether LoRA can compen-
sate for any degradation introduced by pruning. We
evaluated these strategies across three languages
representing distinct resource levels to examine
how data availability interacts with both pruning
robustness and LoRA effectiveness.

We follow the SLAM-ASR framework (Ma et al.,
2024), which connects a frozen pre-trained speech
encoder to a frozen large language model through
a small trainable projector module. Only projector
parameters are updated during training, and both

Figure 1: Overview of the SLAM-ASR architecture.

the encoder and LLM remain frozen. This modular
design is crucial for our study because each compo-
nent has a definite role; we can selectively modify
the encoder through pruning and study how the sys-
tem responds without disrupting other components.
Figure 1 illustrates this architecture.

For encoder pruning, these previous studies on
layer-wise analysis have shown that lower encoder
layers primarily capture low-level acoustic features,
while upper layers encode increasingly abstract
linguistic information (Pasad et al., 2021). We
hypothesize that in the SLAM-ASR architecture,
these upper layers may be partially redundant,
and that removing them offers a favourable effi-
ciency–performance trade-off by delegating linguis-
tic processing to the LLM. To verify this, we adopt
a top-down pruning strategy: starting from the full
encoder, we sequentially remove layers from the
top, producing increasingly compressed configura-
tions. For each configuration, we retrain only the
projector from scratch, keeping both the pruned
encoder and LLM frozen.

To investigate whether the LLM can be adapted
to better handle degraded encoder representations,
we apply Low-Rank Adaptation (LoRA) (Hu et al.,
2022) to all attention projection matrices (Q, K, V, O)
in the LLM. We hypothesize that, rather than recov-
ering missing encoder information directly, LoRA
enables the LLM to leverage its pre-trained linguis-
tic knowledge: vocabulary, grammar, and contex-
tual plausibility to adapt to the lost acoustic details.
This creates a parameter trade-off: we remove mil-
lions of encoder parameters while adding far fewer
LoRA parameters. We evaluate all combinations of
pruning depths with and without LoRA, using Word
Error Rate (WER) as the primary evaluation metric.
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4. Experimental Setup

4.1. Datasets
We evaluate our approach on the Common Voice
22 corpus (Ardila et al., 2020), a crowdsourced
multilingual speech dataset. To study how encoder
pruning and LoRA compensation interact with train-
ing data availability, we select three languages that
span an order-of-magnitude range in training data:
Danish (4.2 hours), Dutch (54 hours), and English
(100 hours). This selection is intentional; these
three resource levels allow us to test whether prun-
ing degradation patterns are consistent across data
resource availability (RQ1) and whether LoRA com-
pensation depends on sufficient fine-tuning data
(RQ2). Dataset statistics are summarised in Ta-
ble 1.

Table 1: Dataset statistics for each language from
Common Voice 22.

Language Split Samples Hours
Danish Train 3,592 4.18

Dev 2,511 3.21
Test 2,684 3.45

Dutch Train 43,458 54.15
Dev 12,032 16.03
Test 12,033 16.38

English Train 58,140 100.00
Dev 16,398 27.22
Test 16,391 27.02

Preprocessing. Audio files are resampled to
16 kHz and converted to 80-channel log-Mel spec-
trograms following the Whisper preprocessing
pipeline. We filter utterances to retain only those
between 0.5 and 30 seconds in duration. Transcrip-
tions are lowercased with punctuation removed,
preserving apostrophes for contractions, following
standard ASR preprocessing conventions.

4.2. Implementation Details
Model Architecture. We use Whisper (Radford
et al., 2023), a transformer-based (Vaswani et al.,
2017) speech encoder, as it is a widely adopted
multilingual encoder available in multiple model
sizes, making it well-suited for studying how prun-
ing dynamics vary with encoder capacity. We pair
it with Qwen2.5-3B (Qwen et al., 2025) as the LLM
backbone, selected for its multilingual pre-training
coverage, which is essential given that our exper-
iments span three distinct languages. We exper-
iment with three Whisper variants to study how
pruning dynamics vary with model capacity. For all
three Whisper variants: Small (12 layers), Medium

(24 layers), and Large-v2 (32 layers), we evaluate
configurations down to 2 layers in increments of 2.

Projector Architecture. We employ a two-layer
MLP with concatenation-based temporal downsam-
pling. The projector concatenates 5 consecutive
frames (reducing the sequence length by a factor
of 5), then applies two linear transformations with
ReLU activation and a dropout rate of 0.1. The
hidden dimension is 2048. We apply LayerNorm
after the final projection to match the scale of LLM
text embeddings.

LoRA Configuration. We apply Low-Rank Adap-
tation (Hu et al., 2022) to the query, key, value, and
output projection matrices of all LLM attention lay-
ers. To prevent overfitting on smaller datasets, we
use separate configurations for each resource level:
r=8, α=16 for Danish (low-resource) and r=16,
α=32 for Dutch/English (medium/high-resource).
In preliminary experiments, using r=16 for Danish
led to overfitting, motivating the reduced rank. All
LoRA modules use a dropout of 0.1, adding ap-
proximately 0.8M (r=8) and 1.5M (r=16) trainable
parameters, respectively.

4.3. Training Details
All models are trained using AdamW (Loshchilov
and Hutter, 2019) with learning rate 1×10−4, weight
decay 0.01, and gradient clipping at 1.0. We em-
ploy a cosine learning rate schedule with linear
warmup over the first 5% of training steps. Training
uses mixed-precision (bfloat16) on a single NVIDIA
A6000 GPU (48GB). Both the Whisper encoder and
the Qwen2.5-3B base weights remain frozen; only
the projector weights (and LoRA adapters when
enabled) are updated.

4.4. Evaluation Details
We report Word Error Rate (WER) on the held-out
test sets of each language. During evaluations,
we use beam search with a beam size of 2. Text
normalisation is applied to both predictions and ref-
erences before evaluation: all text is lowercased,
and punctuation is removed. For Danish, special
characters (æ, ø, å) are preserved during normal-
isation to avoid penalising correct transcriptions.
WER is computed using the jiwer library 2.

5. Results and Discussion

This section presents findings organized around
two research questions: (1) How does progres-
sive encoder layer pruning affect ASR performance,
and how does data availability modulate this effect?

2https://github.com/jitsi/jiwer
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(Section 5.1); and (2) Can LoRA adaptation com-
pensate for pruning-induced degradation? (Sec-
tion 5.2). We further provide an error analysis exam-
ining per-utterance trade-offs and the mechanism
underlying LoRA compensation (Section 5.3)

5.1. RQ1: Effect of Encoder Layer
Pruning

This section examines the impact of progressive
removal of encoder layers on SLAM-ASR perfor-
mance. By evaluating across three resource levels,
we aim to understand how pruning depth interacts
with data availability; specifically, whether resource-
constrained settings exhibit different degradation
patterns compared to data-rich conditions.

Our results broadly support the hypothesis that
upper encoder layers are partially redundant in this
architecture, given the LLM’s existing linguistic ca-
pacity, as hypothesized in Section 3. Across all
three Whisper variants (Small, Medium, Large-v2),
removing the top one to two encoder layers results
in only marginal WER degradation, with absolute
increases remaining within 2–4% regardless of lan-
guage (Table 2). We refer to this range as the safe
pruning zone: the number of layers that can be re-
moved before WER degrades beyond a practically
meaningful threshold.

Beyond this zone, degradation diverges accord-
ing to data resource availability. Dutch and English
(medium and large resources) degrade smoothly
and approximately monotonically as layers are re-
moved. Danish (low resource) exhibits a qualita-
tively different pattern: rather than increasing mono-
tonically, WER fluctuates erratically, spiking at cer-
tain depths and dropping at others. Notably, in-
creasing the encoder capacity does not resolve
this instability. Whisper-Large-v2, despite having
nearly three times the layers of Whisper-Small, ex-
hibits the same number of spikes for Danish, while
Whisper-Medium shows the smoothest degrada-
tion curve among the three. Since Danish is the
only language exhibiting this behaviour and also
the language with the least training data, we hy-
pothesize that limited data availability may be a
contributing factor. However, further investigation,
including controlled experiments with comparable
amounts of training data across other languages,
is needed to draw definitive conclusions.

5.2. RQ2: LoRA Compensation for
Pruning

The previous section showed that shallow pruning
is feasible, but deeper removal degrades perfor-
mance. Here, we examine whether applying LoRA
to the LLM can compensate for this degradation,
and whether the resulting pruned+LoRA models
can match or exceed unpruned baselines across

data resource levels.
Our experimentation suggests that the answer

is yes, within a shallow pruning regime, and that
the compensation benefits generalize across en-
coder scales, though not equally across data re-
source levels. Table 3 summarizes what we term
the sweet-spot configurations: the best-performing
pruned+LoRA variant for each encoder scale,
alongside the corresponding unpruned baseline
and its LoRA-enhanced counterpart. Across all
three Whisper variants, removing two encoder lay-
ers and applying LoRA to the LLM consistently out-
performs the full unpruned baseline while reducing
total parameter count by 7–14%. For Whisper-
Small, the 10L+LoRA configuration achieves a
14.4% parameter reduction (from 88.15M to 75.5M)
and improves WER on all three languages relative
to the 12L baseline. The same pattern holds for
Whisper-Medium (22L+LoRA, 7.6% reduction) and
Whisper-Large-v2 (30L+LoRA, 5.9%), confirming
that the finding is encoder, not scale-dependent.

Importantly, this improvement is not specific to
pruned models. LoRA also improves the unpruned
baseline encoder across all three languages (Ta-
ble 2), indicating that it provides a general align-
ment benefit between the encoder and LLM, rather
than simply patching information lost through layer
removal. For Dutch and English, LoRA reduces
WER across all pruning depths tested, from the
full encoder to six layers. Even at aggressive prun-
ing depths where base models produce severely
degraded output, LoRA offers substantial recov-
ery. For example, LoRA reduces Whisper-Large-
v2 Danish WER from 130.99 (20L base) to 59.06
(20L+LoRA). However, for Danish, LoRA’s com-
pensation benefit is inconsistent at deeper prun-
ing levels, which strengthens the finding from RQ1
that low-resource data conditions interact differently
with both pruning and LoRA adaptation.

Since LoRA also improves the unpruned base-
line (Table 2), a natural question is whether LoRA
specifically compensates for pruning damage or
simply provides a general performance boost. If
LoRA acts as a general boost, then it should help
the full model and the pruned model by roughly
the same amount. However, if LoRA specifically
compensates for the information lost through prun-
ing, then it should help the pruned model more,
because there is more to recover. To test this, we
compute the WER reduction from LoRA in both set-
tings: the difference between the full baseline and
full baseline+LoRA, and the difference between the
two-layer pruned and two-layer pruned+LoRA (Ta-
ble 5). In seven of nine conditions, LoRA provides
a larger WER reduction for the pruned model than
for the full model. For example, in Whisper-Small
Dutch, LoRA reduces the full model’s WER by 2.58
but the pruned model’s WER by 4.18, indicating
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Table 2: Test set WER (%) across encoder layer pruning configurations for three Whisper scales. Red.%:
reduction of parameters in percentage. Base: projector-only training; +LoRA: LoRA additionally applied
to the LLM. Blue : full baseline WER. Green : 2 layer pruned+LoRA that outperforms the full baseline.

Danish Dutch English
Layers Red.% Base +LoRA Base +LoRA Base +LoRA

Whisper-Small (88.15M base params)
12 (full) 0% 47.41 41.94 17.98 15.40 21.84 17.87
10 16.1% 50.49 47.23 21.16 16.98 25.81 20.64
8 32.2% 71.22 51.20 27.25 21.04 33.15 24.40
6 48.2% 115.68 67.02 32.14 24.45 40.81 31.85
4 64.3% 82.56 72.60 45.62 31.69 74.32 41.73
2 80.4% 123.21 115.48 62.28 48.97 110.85 95.30

Whisper-Medium (307.24M base params)
24 (full) 0% 39.00 38.88 12.74 10.92 16.33 14.13
22 8.2% 39.73 37.91 14.22 11.84 17.89 15.82
20 16.4% 43.18 41.71 15.73 13.44 18.29 16.54
18 24.6% 50.59 44.74 18.25 14.66 20.44 18.47
16 32.8% 49.72 49.20 20.58 15.76 23.15 20.22
14 41.0% 55.55 51.95 22.64 16.91 25.85 21.79
12 49.2% 59.15 59.21 27.61 20.04 29.44 25.38
10 57.4% 63.21 62.02 27.85 24.50 33.79 27.70
8 65.6% 69.62 66.03 38.16 27.89 43.79 34.03
6 73.8% 77.08 79.41 44.00 34.27 97.35 72.30
4 82.0% 105.16 102.63 53.40 43.46 111.71 77.48
2 90.2% 148.37 90.25 66.83 56.23 110.12 78.01

Whisper-Large-v2 (636.83M base params)
32 (full) 0% 36.09 34.07 12.05 10.32 13.36 11.58
30 6.2% 38.36 35.81 13.61 11.44 14.87 12.16
28 12.4% 40.08 39.12 15.75 12.67 16.26 15.62
26 18.5% 48.28 44.75 17.15 14.03 18.32 17.08
24 24.7% 52.02 47.63 18.96 15.23 20.75 20.13
22 30.9% 52.44 56.24 21.31 16.71 22.31 21.45
20 37.1% 130.99 59.06 26.00 18.73 36.34 32.92
18 43.3% 73.87 61.64 28.92 22.06 48.38 39.86
16 49.4% 67.48 64.40 38.82 24.87 54.12 46.28
14 55.6% 77.97 73.77 45.21 29.81 62.45 59.82
12 61.8% 115.51 84.08 59.81 39.03 74.42 65.36
10 68.0% 104.79 87.67 59.60 43.42 84.06 74.17
8 74.2% 160.15 90.33 63.61 48.18 88.33 77.34
6 80.3% 120.43 99.58 90.60 51.14 98.28 87.84
4 86.5% 118.30 122.81 72.41 62.04 104.34 92.24
2 92.7% 123.52 132.03 83.75 74.39 108.47 96.20

that the degraded encoder representations leave
more room for LoRA to recover. The two excep-
tions (Small Danish and Medium English) involve
either low-resource instability or a negligible differ-
ence (2.20 vs 2.07). These results confirm that
LoRA does not merely improve performance uni-
formly; it provides greater recovery where pruning
has caused more damage. These findings moti-
vate a deeper investigation into the specific error
types that LoRA corrects, which we examine next.

5.3. Error Analysis

The aggregate WER results from Sections 5.1 and
5.2 summarise performance as a single number
per test set. However, this can obscure important
variation: a low average WER could result from uni-
form small improvements across all utterances, or
from large improvements on some utterances offset
by regressions on others. To investigate this, we
analyse the results at three levels of granularity: we
first measure how many individual utterances are
affected by pruning and LoRA (Section 5.3.1), then
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Table 3: Sweet-spot configurations (bold) per encoder scale, showing WER (%) on the test set. Net ∆ is
relative to the full baseline. Reported params use the r=16 LoRA config (Dutch/English); Danish uses
r=8 (∼0.8M vs. ∼1.5M overhead).

Encoder Configuration Params Net ∆ DA NL EN

Small 12L Baseline 88.15M – 47.41 17.98 21.84
12L + LoRA 89.65M +1.5M 41.94 15.40 17.87
10L + LoRA 75.5M –12.7M 47.23 16.98 20.64

Medium 24L Baseline 307.24M – 39.00 12.74 16.33
24L + LoRA 309.0M +1.8M 38.88 10.92 14.13
22L + LoRA 284.0M –23.2M 37.91 11.84 15.82

Large-v2 32L Baseline 636.83M – 36.09 12.05 13.36
32L + LoRA 638.3M +1.5M 34.07 10.32 11.58
30L + LoRA 599.0M –37.8M 35.81 11.44 12.16

Table 4: Utterance-level degradation after remov-
ing two layers, with and without LoRA. ∆ Recov.:
reduction in percentage of degraded utterances af-
ter applying LoRA.

% Utterances Degraded
Encoder Lang Base−2L +LoRA ∆ Recov.
Small DA 42.7 38.1 −4.6

NL 33.3 23.5 −9.8
EN 35.9 23.9 −12.0
DA 41.9 35.7 −6.2

Medium NL 24.6 24.3 −0.3
EN 25.3 22.7 −2.6
DA 33.6 25.8 −7.8

Large-v2 NL 24.1 18.2 −5.9
EN 22.8 15.4 −7.4

Table 5: WER reduction from applying LoRA to full
baseline and two-layer pruned models, measured
in percentage points. Bold indicates the larger re-
duction. In seven of nine conditions, LoRA provides
a larger reduction for the pruned model.

WER Reduction

Encoder Lang Full+LoRA Pruned+LoRA

Small DA 5.47 3.26
NL 2.58 4.18
EN 3.97 5.17

Medium DA 0.12 1.82
NL 1.82 2.38
EN 2.20 2.07

Large-v2 DA 2.02 2.55
NL 1.73 2.17
EN 1.78 2.71

examine what types of errors LoRA corrects (Sec-
tion 5.3.2), and finally quantify the word-level error
distribution to identify the underlying compensation
mechanism (Section 5.3.3).

5.3.1. Utterance-Level Impact of Pruning and
LoRA

To assess whether pruning and LoRA affect utter-
ances uniformly, we perform a per-utterance com-
parison across three settings: the full unpruned
baseline, the two-layer pruned model without LoRA,
and the two-layer pruned model with LoRA. We use
the two-layer pruned depth because it represents
the best efficiency–performance trade-off identified
in Section 5.2 (10L for Small, 22L for Medium, 30L
for Large-v2). For each utterance in the test set,
we compute WER under all three settings and com-
pare the two pruned variants against the unpruned
baseline: if an utterance’s WER increased after
pruning, it is counted as degraded; otherwise, it is
counted as preserved or improved. Table 4 reports
the percentage of utterances degraded by pruning
alone (Base−2L), the percentage still degraded
after applying LoRA (+LoRA), and the recovery dif-
ference (∆ Recov.) across all encoder variants and
languages.

Pruning alone (Base-2L) degrades a substantial
share of utterances, and this share is consistently
higher for Danish (33.6-42.7%) than for Dutch (24.1-
33.3%) or English (22.8-35.9%), consistent with
the resource-level patterns from Section 5.1. Sec-
ond, adding LoRA reduces the degradation rate in
all nine conditions, meaning some previously de-
graded utterances are recovered. However, even
after LoRA, 15-38% of utterances remain worse
than the unpruned baseline, while the majority (62-
85%) match or improve upon it. This reveals that
the aggregate WER gains reported in Section 5.2
are not the result of uniform improvements; they
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are driven by strong recoveries on a subset of ut-
terances that outweigh the remaining regressions.

5.3.2. Qualitative Error Patterns

The previous analysis shows how many utterances
are affected; we now examine what kinds of errors
LoRA actually corrects. With thousands of utter-
ances across nine encoders and language config-
urations, manual inspection of every case is infea-
sible. We therefore apply two filters to isolate the
most informative cases. First, we select utterances
where the pruned model produces severe errors
(WER > 0.8), ensuring that encoder degradation
is substantial enough to produce identifiable error
patterns rather than minor single-word differences.
Second, we require that LoRA achieves full recov-
ery (WER = 0.0) of the same utterances, which
confirms that the correction is attributable to LoRA’s
adaptation of the LLM rather than to residual infor-
mation preserved in the pruned encoder. Examples
are drawn from all three encoder variants and all
three languages. Table 6 presents representative
cases grouped by error type.

Five common patterns we have identified: repet-
itive hallucination, where the pruned model gen-
erates looping output; idiom and fixed expression
errors, where familiar phrases are distorted beyond
recognition; named entity fragmentation; world
knowledge substitution, where domain-specific
terms are replaced by plausible but incorrect al-
ternatives; and phonetic confusion. Particularly, all
five categories involve errors recoverable through
linguistic rather than acoustic information.

5.3.3. Mechanism Interpretation

The qualitative patterns above suggest that LoRA
compensates through the LLM’s linguistic knowl-
edge. To test this quantitatively, we analyse word-
level errors that LoRA corrects. Standard ASR
error analysis decomposes word errors into three
categories: substitutions, insertions, and deletions.
For each encoder variant and language, we count
these error types for both the pruned model and the
pruned+LoRA model under the two-layer pruned
configuration. Table 7 reports the percentage
change in each error type after applying LoRA. The
Tot column reports the percentage change in total
word errors (substitutions + insertions + deletions
combined); because each error type contributes dif-
ferently to the total count, Tot reflects the weighted
combination rather than a simple average of the
three individual percentages.

Since LoRA adapts only the LLM’s attention ma-
trices (Q, K, V, O) while the pruned encoder re-
mains frozen, all compensation operates on the
decoding side. We would therefore expect error
reductions for languages where the LLM has strong

linguistic grounding, as the LLM can leverage its
vocabulary, grammar, and contextual knowledge
to correct degraded encoder representations. The
results confirm this (Table 7): across all three en-
coder scales, LoRA reduces total word errors for
English and Dutch in all six conditions, with substitu-
tions and deletions showing consistent reductions.
Danish follows a different pattern: while substitu-
tions and deletions decrease, insertion errors in-
crease across all three encoder scales, indicating
that when the LLM lacks sufficient linguistic ground-
ing for a language, LoRA can introduce spurious to-
kens rather than recover missing information. This
language-dependent pattern reinforces that LoRA’s
effectiveness is tied to the LLM’s pre-existing profi-
ciency in each language rather than to the acoustic
properties of the signal.

6. Conclusion

This paper presented a systematic study of en-
coder layer pruning and LoRA compensation in
SLAM-ASR, evaluated across three Whisper en-
coder variants (Small, Medium, Large-v2) and three
languages representing distinct resource levels
(Danish, Dutch, and English). We find that remov-
ing the top one to two encoder layers results in only
marginal WER degradation (within 2–4%) across
all encoder scales and languages, supporting the
hypothesis that upper encoder layers are partially
redundant when an LLM handles downstream lin-
guistic processing. Beyond this shallow pruning
regime, medium and high resource languages de-
grade smoothly, while low-resource Danish often
exhibits non-monotonic instability. Combining two-
layer pruning with LoRA consistently outperforms
the unpruned baseline while reducing total param-
eters by 7–14%. Error analysis reveals that LoRA
compensates primarily through substitution and
deletion corrections, leveraging the LLM’s linguistic
knowledge rather than repairing acoustic informa-
tion, though this benefit is less consistent for low-
resource Danish. Future work should explore alter-
native pruning strategies beyond top-down removal,
encoder-side LoRA adaptation, validation across
different system architectures, and controlled exper-
iments to disentangle the effects of data availability
from pre-trained representation quality.

7. Ethical Considerations and
Limitations

In this work, we have used publicly available mod-
els, architectures, and datasets and have not col-
lected any sensitive/private data. The ultimate goal
of our study is to contribute to analyzing the effect
of speech encoder pruning on LLM-based ASR.
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Table 6: Representative error patterns where the pruned model produces severe errors (WER > 0.8) but
LoRA achieves full recovery (WER = 0.0). Examples sampled across all three encoder variants.

Pattern Lang Reference Pruned Hypothesis +LoRA Hypothesis
Hallucination DA der kogte gryden over da kom gud og gik op der kogte gryden over
Named entity DA charlot var altid inde

hos fru simonin nu
chrisel indelte altså
inden for sin sinde

charlot var altid inde
hos fru simonin nu

Semantic
drift

DA lille soldat du skal være
vor konge. . .

livet skal du have og du
skal have den dig
selv. . .

lille soldat du skal være
vor konge. . .

Repetition NL . . . heel interessant en
hebben ons zeer
geholpen. . .

zeer grotendeels [×28] . . . heel interessant en
hebben ons zeer
geholpen. . .

Named entity NL de veiligheidssituatie is
sindsdien rampzalig
verslechterd

de veiligheid ziet de
waarde van een
dienst. . .

de veiligheidssituatie is
sindsdien rampzalig
verslechterd

Compound
word

NL de luchtvaart-
maatschappijen

de luchtvaart
maatschappijen

de luchtvaart-
maatschappijen

Idiom EN out of sight out of mind at a site at a light out of sight out of mind
Phonetic EN heaven forbid have fun for bit heaven forbid
World
knowledge

EN it is isoelectronic to
benzene

it is said to be a
traditional venetian dish

it is isoelectronic to
benzene

Table 7: Word-level error change (%) after applying
LoRA to the two-layer pruned configurations. Sub:
substitutions; Ins: insertions; Del: deletions; Tot:
total word errors. Bold: error increase.

Encoder Lang Sub Ins Del Tot
Small DA –7.7 +11.9 –10.7 –5.7

NL –17.5 –37.4 –15.3 –20.4
EN –19.8 –9.8 –37.4 –20.6
DA –4.9 +18.4 –22.9 –4.4

Medium NL –13.7 –34.5 –11.4 –16.7
EN –10.6 +0.5 –30.3 –11.6
DA –8.6 +10.8 –11.7 –6.6

Large-v2 NL –15.3 –14.9 –13.5 –15.0
EN –17.4 –7.1 –35.6 –18.2

Due to the use of all public details, we don’t see
any immediate ethical issue.

Our work investigates the pruning of the speech
encoder in the SLAM-ASR using the Whisper and
Qwen models. We have carefully limited our analy-
sis to three languages of different resource levels.
While this choice allows us to conduct careful anal-
ysis, we acknowledge that expanding the range
of models and datasets could provide additional
insights. Our evaluation uses a single system archi-
tecture (Whisper encoder, ConcatLinear projector,
and Qwen2.5-3B); different LLM backbones, pro-
jector designs, or encoder families, however, we
believe the finding will hold. Our pruning strategy
follows a top-down approach motivated by prior
evidence of upper-layer redundancy; however, re-
dundancy patterns may vary across layers, and

exploring other removal strategies could reveal ad-
ditional compression opportunities.
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Abstract
This paper introduces the TaLK Corpus, the first speech benchmark corpus for Sri Lankan Tamil Automatic Speech
Recognition (ASR) covering speech from 22 administrative districts of Sri Lanka. The corpus contains 1 hour and
33 minutes of speech from 22 native speakers (one per district) and includes rich metadata on demographics,
location history, recording conditions, and domain information, along with transcriptions in Tamil script and the
International Phonetic Alphabet (IPA). Standardised preprocessing (16 kHz mono WAV format) and segmentation
using Silero Voice Activity Detection (VAD) resulted in 1,214 utterances. All recordings were manually transcribed by
trained linguists, and MD5-based file naming used to ensure data integrity and consistency. TaLK corpus enables
district-wise benchmarking of ASR systems and supports dialect-sensitive evaluation. We establish baseline results
for multilingual models (Whisper Large-V3 and Facebook’s MMS) in zero-shot settings. The evaluation reveals
substantial performance disparities across districts, highlighting the impact of regional phonological variation in
low-resource Sri Lankan Tamil. Although Whisper Large-V3 outperforms MMS overall, it shows considerable
variability, with mean Word Error Rates ranging from 0.672 to 0.903 across districts. These findings demonstrate
strong regional effects even within a single model. By releasing TaLK-Corpus under the CC-BY-NC 4.0 licence, we
aim to support dialect-robust ASR research and foster inclusive speech technologies for Sri Lankan Tamil-speaking
communities.

Keywords: Sri Lankan Tamil, Speech Corpus, Dialectal Variation, Low-Resource Languages, ASR Bench-
mark Dataset

1. Introduction

Speech processing has become a critical area
of research as voice interfaces power an increas-
ing number of applications, from virtual assis-
tants to real-time transcription and accessibility
tools (Rakotomalala et al., 2021). In this context,
Automatic Speech Recognition (ASR), which is
the conversion of spoken language into text, and
Text-to-Speech (TTS) have gained prominence.
Transformer-based models such as Whisper (Rad-
ford et al., 2023), achieve high accuracy in con-
trolled settings for high-resource languages. How-
ever, persistent challenges limit their robustness
in real-world deployment, including noise and en-
vironmental variability, speaker and accent vari-
ability, multilingualism and code-switching, data
scarcity in low-resource languages, and sponta-
neous or conversational speech (Ahlawat et al.,
2025).

Dialectal processing also presents challenges
for ASR. Dialectal variations introduce pho-
netic mismatches (e.g., vowel shifts, consonant

”TaLK” is inspired by the IETF BCP 47 language
tag (”ta-LK”) for Sri Lankan Tamil, which corresponds
to ”ta_LK” in the Unicode CLDR locale format.

changes), lexical differences, prosodic variations,
and morphosyntactic deviations from standard
training data (Palivela et al., 2025). Models trained
primarily on mainstream varieties exhibit system-
atic biases, leading to substantially higher Word
Error Rates (WER) for regional or minority dialects
compared to standard forms. In low-resource
languages, these issues are exacerbated by lim-
ited dialect-specific data, lack of standardized or-
thographies, and the absence of diverse training
corpora, hindering the development of inclusive,
robust systems (Dhasmana et al., 2026).

Benchmark datasets play a central role in ad-
vancing Automatic Speech Recognition (ASR) by
enabling standardized and reproducible evalua-
tion of model robustness across linguistic and
acoustic variability.

Existing Tamil ASR benchmarks, (Mozilla Foun-
dation, 2019; OpenSLR, 2019; Bharathi et al.,
2022, 2024), mainly focus on Indian Tamil or de-
mographic diversity without structured geographic
coverage in Sri Lanka. While Sri Lankan re-
sources like EmoTa (Thevakumar et al., 2025) ex-
ist, they target emotion recognition rather than
ASR and do not provide district-level representa-
tion, leaving a gap for geographically structured Sri
Lankan Tamil speech datasets.

To address this gap, we introduce a regionally di-
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verse evaluation set for Sri Lankan Tamil speech,
called TaLK-Corpus2, covering speakers from all
22 districts. The dataset is explicitly designed as
a benchmarking resource, enabling reproducible
district-wise evaluation of ASR systems. By incor-
porating Tamil script, Roman transliteration, and
broad IPA annotation, TaLK supports conventional
WER-based comparison, establishing a standard-
ized benchmark for Sri Lankan Tamil dialectal ASR
research.

This paper makes two main contributions. First,
we present a carefully manually curated speech
corpus for Sri Lankan Tamil, comprising 1 hour and
33 minutes of high-quality, geographically repre-
sentative audio–text pairs with verbatim transcrip-
tions. Second, we establish a zero-shot perfor-
mance baseline for this dialect by evaluating two
widely used multilingual ASR models—Whisper
V3 and Facebook’s Massively Multilingual Speech
(MMS).

2. Background and Motivation

Tamil is one of the world’s oldest living classi-
cal languages, belonging to the Dravidian family,
with a rich literary tradition spanning over 2,000
years (Newbigin, 2019). It is spoken by more
than 86 million people (Zeidan, 2020), primar-
ily in Tamil Nadu (India), Sri Lanka, Singapore,
Malaysia, and diaspora communities, and holds
official status in several regions. Despite its cul-
tural and demographic significance, Tamil is a low-
resource language in modern NLP and speech
technologies (Sarveswaran et al., 2021), suffer-
ing from limited large-scale annotated digital cor-
pora compared to high-resource languages like
English. Key linguistic characteristics include ag-
glutinative morphology, a rich phonemic inventory
(notably retroflex consonants and vowel length
distinctions) (Jain and Bhowmick, 2025), syllable-
timed prosody (Thinakaran et al., 2025), diglossia
(distinct literary and colloquial varieties), and fre-
quent code-switching (Prasanna and Arora, 2024),
especially with English.

Sri Lankan Tamil speech exhibits notable re-
gional variation due to historical settlement pat-
terns, prolonged contact with Sinhala and En-
glish, and population movements (Unjum et al.,
2026; Yasmini, 2017). These factors lead to
differences in pronunciation, accent, vocabulary,
and prosody across districts and even within
them. While Tamil ASR has advanced through
corpora dominated by Indian Tamil (e.g., Common
Voice Tamil, IISc-MILE) (Mozilla Foundation, 2019;
OpenSLR, 2019), Sri Lankan-specific resources
remain scarce and often task-specific, such as

2https://github.com/LTG-UoJ/
TaLK-Corpus-Public

EmoTa for emotion recognition (Thevakumar et al.,
2025), limiting the development of dialect-robust
models for Sri Lankan contexts.

More importantly, there is no benchmark dataset
available for Sri Lankan Tamil to evaluate the per-
formance of ASR systems on this language vari-
ety. To address this gap, we present Version 1 of
the TaLK speech corpus, a district-level Sri Lankan
Tamil evaluation corpus comprising 22 speakers
(one per district), with over one hour of total speech
and rich metadata, annotated in the Tamil script.

3. Related Work

In Tamil ASR, several datasets have supported
model development, including resources from
Mozilla Common Voice Tamil (Mozilla Foundation,
2019) and OpenSLR (OpenSLR, 2019). While
these corpora provide valuable training and testing
material, they primarily represent Indian Tamil and
largely consist of read or crowd-sourced speech,
with limited structured metadata for dialect-aware
benchmarking

The LT-EDI shared tasks on Speech Recogni-
tion for vulnerable Individuals in Tamil introduced
evaluation datasets targeting elderly and transgen-
der speakers in naturalistic settings (Bharathi et al.,
2022, 2024; Nishanth et al., 2025). These initia-
tives represent an important step toward inclusive
ASR benchmarking in Tamil by focusing on demo-
graphic diversity from the Indian region. Further,
their design centers on speaker-group variability
rather than geographically structured dialect varia-
tion, and they do not provide district-level dialectal
coverage.

In the Sri Lankan context, EmoTa: A Tamil Emo-
tional Speech Dataset (Thevakumar et al., 2025)
contributed a valuable speech resource for emo-
tion recognition research. Although important for
affective computing, EmoTa is not structured as an
ASR benchmark and does not support systematic
evaluation of regional dialect robustness.

More broadly, dialect-focused benchmarks in
multilingual settings such as IndicVoices-R (Javed
et al., 2024)-have demonstrated the necessity of
geographically diverse evaluation sets to measure
accent and dialect sensitivity in ASR systems.
These works highlight that models trained predom-
inantly on standardised language varieties may ex-
hibit systematic degradation when evaluated on re-
gional speech.

4. Data Collection and Corpus
Design

The dataset was collected from native Sri Lankan
Tamil speakers across all 22 districts (out of 25)
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Figure 1: District-level distribution of speakers

of Sri Lanka to ensure comprehensive geograph-
ical coverage and dialectal diversity. The objec-
tive was to capture diverse variations in pronun-
ciation, accent, and speaking style across differ-
ent regions, making the corpus suitable for evalua-
tion and diagnostic purposes in Automatic Speech
Recognition (ASR) systems.

4.1. Speaker Selection
The corpus consists of 22 speakers (12 female
and 10 male) representing diverse demographic
backgrounds. The age distribution includes one
speaker below 20 years, the majority between 20
and 60 years, and one speaker above 60 years.
Participants were drawn from varied educational
and occupational backgrounds to enhance repre-
sentativeness for ASR development. All partic-
ipants had previously sat for the GCE Ordinary
Level (O/L) national examination in which mother
tongue (Tamil) is an important subject.

4.2. Recording Protocol
Speech recordings were captured using the Sony
PCM-A10 digital recorder and the DJI Mic Re-
ceiver connected to a mobile device. The DJI Mic
features an Intelligent Noise Cancelling function,

which was enabled to reduce background noise
when recording with a smartphone. Recordings
were conducted under controlled indoor environ-
ments with minimal background noise.

Participants were asked to speak spontaneously
across multiple everyday domains, including
school life, education, university experience, trips
and travel, friends, family, places, festivals, fu-
neral events, self-introduction, life experiences,
and other common daily topics. These domains
were selected to ensure lexical diversity and to re-
flect natural conversational contexts in Sri Lankan
Tamil.

All recordings were standardised for ASR com-
patibility by converting the audio into mono-
channel WAV format with a 16 kHz sampling rate.
This configuration provides an optimal balance be-
tween speech quality and computational efficiency
for modern speech recognition systems. The total
duration of the collected speech data is approxi-
mately 1 hour and 33 minutes.

4.3. Metadata Schema

All metadata for the TaLK corpus is stored in a sin-
gle CSV file, where each row corresponds to an au-
dio file and its associated transcription. Speaker-
level information is repeated for every utterance to
ensure each row is self-contained. The metadata
includes the district of birth, gender, age band, job,
religion, and domain(theme). Utterance-level infor-
mation includes the duration of the recording, the
filename of the audio file, and its transcript in Tamil
script. In addition, IPA annotations are captured
for each utterance to enable further phonological
analysis. For the Jaffna district, IPA transcriptions
were generated using the tool called ThamizhiIPA-
Trans (Mahaganapathy et al., 2026) and validated
by a linguist, while for other districts, annotations
were manually created by the linguist. Table 1 pro-
vides a sample Metadata Entry from the TaLK Cor-
pus. All audio files are stored in a dedicated folder,
with filenames matching the entries in the CSV, al-
lowing direct linking between metadata, audio, and
transcripts. This format ensures compatibility with
standard ASR processing pipelines and facilitates
filtering or analysis by speaker attributes or record-
ing characteristics.

4.4. File Naming Strategy and
Anonymisation

An MD5-based hashing strategy was used to gen-
erate file names. Demographic attributes (Current
Residence, Birth Place District, Age, and Gender)
were combined into a unique input string and pro-
cessed through MD5 so that in the future errors
in file-naming can be easily tracked. A sequential
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Field Value

File name 0d2d12...9f850a_001.wav
Transcription அங்க இருக்கும்ேபாது...
IPA aŋga ɨɾukkɨmbōðu...
Birth Place (District) Kilinochchi
Age Band 20-60
Gender Feminine
Job Student
Religion Hindu
Theme School
Duration 0:00:06

Table 1: Sample Metadata Entry from the TaLK
Corpus

three-digit index was appended to maintain unique-
ness across multiple files.

4.5. Ethics and Consent
All participants provided informed consent before
recording, and their identities were anonymised to
protect privacy. The data is licensed for research
use, with restrictions preventing commercial ex-
ploitation, ensuring ethical compliance throughout
data collection and usage.

5. Audio segmentation and
Annotation

Speech segmentation was performed using Silero
VAD v4.03 with a threshold of 0.5, a minimum
speech duration of 250 ms, a minimum silence
duration of 100 ms, a 512-sample window size,
and 30 ms padding to produce clean speech seg-
ments. This process resulted in 1,214 utterances.
Transcription was carried out manually by two
trained linguists in dialect-preserving Tamil script
and aligned to the segments. Text preprocessing
and normalisation included Unicode normalisation,
removal of punctuation, special characters, and ex-
tra or leading/trailing spaces. Quality control was
conducted through manual checks, with double an-
notation considered for future validation.

6. Model benchmarking

The primary task supported by the TaLK corpus is
the benchmarking of ASR systems for Sri Lankan
Tamil. In addition, the detailed geographic and
demographic metadata enables optional auxiliary
tasks such as dialect or regional classification.
In this section we report the performance of two
widely used models Whisper V3 and MMS.

3https://github.com/aosfatos/
silero-vad-v4

Model WER CER

Whisper v3 0.807 0.425
facebook/mms-1b-all 0.845 0.342

Table 2: ASR evaluation results on the TaLK
dataset.

Model TaLK IndicVoices-Ta

Whisper v3 0.807 0.784
MMS 0.845 0.754

Table 3: WER comparison between TaLK (ours)
and IndicVoices Tamil.

6.1. Metrics
Word Error Rate (WER) and Character Error Rate
(CER) were used as the primary evaluation met-
rics. Scoring follows Tamil-aware tokenisation that
respects the language’s agglutinative morphology
and script conventions. Punctuation marks and
special characters are ignored during evaluation,
and numerals are normalised consistently.

7. Baseline results

We present evaluation results for multilingual ASR
models on Sri Lankan Tamil in zero-shot set-
tings, assessing their performance without any Sri
Lankan Tamil specific adaptation.

All experiments use the same audio prepro-
cessing (mono, 16 kHz), normalisation, and scor-
ing pipeline to ensure fair comparison across dis-
tricts. We compute WER on the Tamil script
transcripts and additionally report WER on Ro-
man transliterations to separate orthographic ef-
fects from acoustic errors. Decoding parameters
and any language-model usage are held constant
across districts and documented for reproducibil-
ity.

8. Results and Analysis

We evaluate on 1,214 utterances from 1 hour 33
minutes TaLK-Corpus. Table 2 reports WER and
CER for the two zero-shot baselines. Whisper V3
outperforms Facebook’s MMS under this evalua-
tion. For comparison, we also report the perfor-
mance of Whisper V3 and Facebook’s MMS from
the IndicVoices (Javed et al., 2024) study in Table
3, which shows that the models perform poorly for
Sri Lankan Tamil compare to the Indian Tamil (or
the major variety included in language models).
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Figure 2: WER per district for MMS and Whisper
V3.

Figure 2 provides a per-district breakdown.
Whisper V3 shows notable variability across dis-
tricts, with mean WER ranging from 0.672 to 0.903,
indicating strong regional effects even under a
single model. Hatton, Moneragala, and Badulla
districts show comparatively lower WER for both
MMS and Whisper V3. This is likely because the
speech in these districts is closer to Indian Tamil,
which the models were primarily trained on, so
the ASR systems can recognise it more accurately
than the more distinct Sri Lankan dialects in other
districts.

Error analysis. Whisper V3 frequently code-
switches to English for numerals and educational
terms, which increases WER against Tamil-script
references, for instance, as shown below, the
ASR output contains code-switching and Roman
script. Interestingly, the case markers present in
the Tamil text are also reflected in the romanised
text, but in Tamil script. For instance, கு ku (DAT
marker) follows “lecture” in the ASR output below.

Ground truth: இப்ப இங்க வந்து பார்த்-
ேதாம்னா இங்கிலீஷ் மீடியம் ெராம்பேவ
டிஃபிகல்ட் தான் என்ன சம்ைரம்ஸ்
ெலக்சருக்கு ேபானா தூங்கிருன்ட்டு வர
மாதிரி தான் இருக்கும் ஏன் ெசான்னா

ASR output: இங்க வந்து பார்த்தாம்-
னா, English Medium, ெராம்பேவ Diffi-
cult தான் Sometimes, lecture கு ேபா-
னா, தூங்கிருந்து வர மாது தான் இருக்-
கும் ஏன் ெசான்னாம்?.

These patterns highlight the importance of han-
dling code-switching and numerals consistently in
evaluation. The IPA annotation layer in TaLK en-
ables future analysis of dialectal phonological pat-
terns beyond orthographic WER.

9. Availability, Licensing, and
Reproducibility

The TaLK dataset has been made publicly avail-
able to support research in dialect-aware Sri
Lankan Tamil speech processing. It includes
clean, segmented 16 kHz mono WAV audio files
and Tamil script and IPA transcriptions. The
dataset is released under the Creative Commons
Attribution-NonCommercial 4.0 International (CC
BY-NC 4.0) license. This permits sharing, adapta-
tion, and use for non-commercial research, specif-
ically for evaluation, and academic purposes, pro-
vided appropriate credit is given to the creators (ci-
tation required).

10. Conclusion

We introduce the TaLK Corpus, a Sri Lankan Tamil
speech corpus comprising district-level data for
benchmarking ASR applications for Sri Lankan
Tamil, along with rich metadata that can be used
for in-depth dialectal studies and phoneme-level
benchmarking. The benchmark enables repro-
ducible, dialect-aware evaluation of ASR sys-
tems across all districts, highlighting meaning-
ful regional variability in zero-shot performance.
Our baseline results and error analysis show
that current multilingual ASR systems struggle
with dialectal variation and code-switching, rein-
forcing the need for geographically diverse eval-
uation and richer Sri Lankan Tamil resources.
TaLK-Corpus provides a concrete starting point
for more inclusive ASR research and for fu-
ture expansions in speaker coverage and record-
ing conditions. The TaLK corpus repository is
available at https://github.com/LTG-UoJ/
TaLK-Corpus-Public.

11. Limitations and Future Work

The current dataset is small to support model train-
ing; therefore, model evaluation was conducted
in a zero-shot setting. In addition, the present
version of TaLK includes only one speaker per
district. Consequently, it is not yet possible to
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fully disentangle district-level dialect effects from
speaker-specific characteristics such as speak-
ing rate, articulation style, or recording variability.
The reported district-wise WER differences should
therefore be interpreted as preliminary and indica-
tive rather than definitive evidence of systematic
dialect-level model performance differences.

WER evaluation is further affected by ortho-
graphic or spacing differences in the manually cre-
ated ground truth. For example, when the model
predicts "இருக்கும் ேபாது" as two tokens while
the ground truth is "இருக்கும்ேபாது" is one token,
the WER metric counts this as an error despite
the prediction being linguistically correct. Such
discrepancies are inherent to human annotation
and can slightly inflate reported error rates, espe-
cially in low-resource languages with flexible or-
thographic conventions. Therefore, WER should
be interpreted as indicative of overall performance
rather than exact linguistic correctness.

This work is part of a broader initiative to de-
velop a Sri Lankan Tamil speech corpus. We
are currently expanding the dataset by including
multiple speakers per district with balanced demo-
graphic representation, increasing the total num-
ber of recording hours through longer and more
natural conversations, and incorporating diverse
recording conditions (e.g., varying noise levels and
channels). In addition to direct speech record-
ings, we plan to compile speech data from publicly
available sources, such as YouTube, with appro-
priate consent and ethical compliance, to further
enhance district-level coverage.
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