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

Automatic Speech Recognition (ASR) has signif-  broadly.
icantly advanced Natural Language Processing This study investigates the adaptation of powerful

(NLP), particularly with the emergence of state-  goTA ASR models to Efik and empirically evaluates
of-the-art (SOTA) models. Recent deep learning-  iheijr performance in a low-resource setting.
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 2. A Brief Discussion on Efik
demonstrated strong performance in transcribing Language
spoken language into text. Beyond transcription,
these models have enabled the development of ro-
bust virtual assistants, real-time speech-to-speech  Efik is a Benue-Congo language belonging to the
translation systems and language learning tools. Niger-Congo family. It is primarily spoken in Cross
Despite these advances, the benefit of mod- River State and parts of Akwa Ibom State in south-
ern ASR systems have been largely concentrated ~ €astern Nigeria, and is also spoken in the South
on high-resource languages such as English and ~ Western part of Cameroon (Offiong and Ansa,
Mandarin (Imam et al., 2025). In contrast, many 2_013). Efik language is amongst the_earl_lest_ng_e-
African languages, spoken by over one billion peo-  fian languages to b_e written and stud|_ed in Nigeria.
ple (Adelani et al., 2022), remain severely underrep- Its orthography, lexicon and grammatical _strycture
resented. Africa is home to over 2,000 languages ~ Were largely developed through early missionary
(Abbott and Martinus, 2019), with Nigeria alone linguistic efforts (Offiong and Ansa, 2013).
accounting for more than 1,000 distinct languages, As a tonal language, Efik employs pitch varia-
among which Efik is included. tions to distinguish lexical and grammatical mean-
Efik, spoken by 1.5 million native speakers and  ing, which introduces additional challenges for auto-
about 3 million second-language speakers (Men-  matic speech recognition systems. Combined with
sah and Mensah, 2014), has received little attention  its morphological complexity and limited availabil-
in ASR. As a tonal language with morphological ity of publicly accessible speech resources, these
complexity and limited publicly available speech  characteristics contribute to the underrepresenta-
resources and linguistic tools, Efik presents unique  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 (Tolulépe Oglnrémi,
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.

Efik Audio Clip Length Distribution

Number of clips
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Duration (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



Efik Audio Transcript Length Distribution
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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; Olatuniji 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 & = 0.5 and a word insertion bonus of
8 = 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).

S+D+1 S+D+1
WER = N - S+D+C M

Where S is the number of substitutions; D is the
number of deletions; | 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).

S+D+1
CER = ~ (2)

Where S is the number of substitutions; D is the
number of deletions; | 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.
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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 x 10~*
with a batch size of 4, while Whisper was fine-tuned
using a learning rate of 1 x 10~° 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.

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 KenlLM lan-
guage model further improves performance, yield-
ing the lowest WER and CER overall.

Quantitative Analysis

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



Scenario Reference (Source) XLS-R XLS-R + KenLM 3- Whisper

gram
Single idem eyen esie idem eyen esisofike idem eyen esie idem eyen esiisofike,
speaker, isofke, enye odu ke enye odu ke ufok isofike enye odu ke enye eduk ufok ibok.

quiet environ-
ment.

ufok ibok.

ibok

ufok ibok

Multi-speaker,

ndien akpa ke

nyenakpa ke eyen

ndian akpan ke

ndien akpanke

noisy environ- nyenede edi, oyom ededi ikaa oyom enyenede edi yak enyenede edi, oyom

ment. ikpo fikpo. ikpof kpo oyom ikpo fikpo ikpofikpo.

Multi-speaker, okofio mbaf enan. an ambae okofilo mbafi enam Okofi amafa enaf.

noisy environ- Utu ke mbok osun namikpokke mbok koko ke mbok esin  Otuk embok osunu di.

ment. udi. Yak edim, o, osim di ia edim udiyak edimedem Ya edim, o, edep.
edep. aaedem

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.



Scenario Model BLEU ChrF Human Notes
Score
Single speaker, quiet en- XLS-R 43.01 7427  8/10 Very close to reference.
vironment.
Single speaker, quiet en-  Whisper 14.21 35.06 7/10 Slight token error, meaning still intact.
vironment.
Single speaker, quieten- XLS-R + 59.54 80.40 9.2/10 Very close to reference with minimal
vironment. KenLM token errors
Multi-speaker, noisy envi- XLS-R 4.07 13.59 2.8/10  Errors due to unseen speakers and
ronment. noisy background. Severe degradation
in semantic coherence is observed.
Multi-speaker, noisy envi- Whisper 4.52 28.82 3.6/10  Slight errors in unseen speakers and
ronment. noisy background, slight semantic
preservation and meaning.
Multi-speaker, noisy en- XLS-R + 6.88 29.95 3.9/10 Moderate improvement over base
vironment. KenLM 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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