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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.
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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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Figure 1: LLaMA-Omni’s modular architecture,
from Fang et al. (2025)

Omni' 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.

'https://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 x 1074, 5 x 107, 2 x 107°, 1 x
10~?, 5x10~%) 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-v3isthe 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 Aholab?, 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
v2.1% 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
Shttps://huggingface.co/datasets
/asierhv/composite_corpus_eu_v2.1

Dataset Set Hour # Samples
Train 300.0 198498
Cv 18 Test 24.0 14312
Validation 1.0 620
Train 370.0 185699
Basque Parl. Test 3.0 1521
Validation 1.0 550
Train 6.0 3229
OpenSLR Test 1.0 526
Validation 1.0 521
Fakioria 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
Train 13.25 8956
TUBE Test 1.00 663
Validation 1.00 638
Train 2.37 1910
Cv 22 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 EJIE* 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 resource® 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

*https://www.ejie.euskadi.eus
Shttps://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.

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.

Quantitative Evaluation

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 Cv22 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, "Halli 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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