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Abstract
Automatic Speech Recognition (ASR) for low-resource languages remains challenging due to limited annotated
data and high linguistic variability. In this work, we investigate parameter-efficient fine-tuning strategies for Cape
Verdean Creole ASR using the Wav2Vec 2.0 XLSR model. We evaluate the impact of structured layer freezing on
model performance, training stability, and computational efficiency. Experiments conducted on a newly curated
Santiago-dialect dataset show that full fine-tuning achieves the best absolute performance (WER 0.212, CER 0.120).
However, several freezing configurations achieve comparable recognition performance while substantially reducing
the number of trainable parameters and exhibiting more stable convergence. These results highlight a trade-off
between adaptability and efficiency, showing that selective freezing can serve as an effective regularization strategy
in low-resource settings. This work provides practical insights into parameter-efficient adaptation for under-resourced
Creole languages.
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1. Introduction

Automatic Speech Recognition (ASR) technologies
have achieved remarkable progress in recent years,
largely driven by deep learning and large-scale
self-supervised pre-trained models (Sikasote and
Anastasopoulos, 2022; Zhao and Zhang, 2022; Pin-
doh and Yonta, 2025). However, these advances
have disproportionately benefited high-resource
languages (Grosman, 2021), while low-resource
and under-documented languages continue to face
significant performance gaps (Dione, 2021; Yi et al.,
2021). This disparity is particularly pronounced for
Creole languages (Macaire et al., 2022), which are
often characterized by limited annotated data, high
dialectal variability, and the absence of standard-
ized orthographic conventions.

Cape Verdean Creole exemplifies these chal-
lenges. Spoken across multiple islands, it exhibits
substantial phonetic, lexical, and orthographic vari-
ation between dialects. Moreover, the lack of large
publicly available speech corpora complicates both
acoustic and language modeling (Valdman et al.,
2015), making direct training of end-to-end ASR
systems impractical and often ineffective. In this
context, transfer learning from pre-trained multilin-
gual speech models has emerged (Caubrière and
Gauthier, 2024) as a promising strategy to enable
ASR in such under-resourced settings.

Recent self-supervised models, such as
Wav2Vec 2.0 (Anidjar et al., 2024) and its multi-
lingual extensions (e.g., XLSR) (Grosman, 2021;
Gulli et al., 2024; Dat et al., 2025), have demon-

strated strong cross-lingual transfer capabilities by
learning universal acoustic representations from
large volumes of unlabeled speech. Nevertheless,
effectively adapting these models to low-resource
languages remains an open research problem.
Excessive fine-tuning can lead to overfitting and
unstable convergence, while overly restrictive
adaptation can limit the model’s ability to capture
language-specific phonetic and orthographic
characteristics.

An increasingly explored solution is selective
layer freezing (Eberhard et al., 2021; Pasula, 2025),
in which subsets of pre-trained model layers are
kept fixed during fine-tuning. Previous studies sug-
gest that the lower layers encode general acoustic-
phonetic representations that can be transferred
between languages, whereas the higher layers cap-
ture more language-specific information (Yosinski
et al., 2014; Peters et al., 2019). Freezing lower
layers can therefore act as an implicit regularization
mechanism, improving training stability and help-
ing mitigate overfitting in low-resource scenarios.
However, the optimal depth and extent of freezing,
particularly for Creole languages, remain insuffi-
ciently explored.

Given the strong historical and linguistic ties be-
tween Portuguese and Cape Verdean Creole, pre-
trained models offer a promising foundation for de-
veloping ASR systems for this low-resource lan-
guage. Building on this, we investigate transfer
learning strategies for Cape Verdean Creole ASR
using a pre-trained Wav2Vec2-large-XLSR model.
Our work focuses specifically on structured layer
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freezing as a mechanism to improve training sta-
bility and computational efficiency, analyzing its
impact on convergence and final recognition accu-
racy. To this end, we conducted experiments on a
newly curated dataset of 1,787 speech recordings
that capture multiple dialectal variations of Cape
Verdean Creole. Unlike prior work that often relies
solely on Word Error Rate (WER), our evaluation
framework incorporates both WER and Charac-
ter Error Rate (CER). This dual-metric approach
enables a finer-grained analysis of orthographic
and subword-level errors, a crucial consideration
for languages with non-standardized spelling. We
systematically vary the depth of frozen layers to
identify practical adaptation strategies that balance
performance with stability.

This paper makes two primary contributions.
First, we introduce a new, curated speech dataset
for Cape Verdean Creole, adding to the grow-
ing body of resources for African-influenced lan-
guages. Second, we provide an empirically vali-
dated, parameter-efficient adaptation strategy for
large, self-supervised speech models in a low-
resource context.

The rest of the paper is structured as follows.
Section 2 reviews related work on self-supervised
speech models and parameter-efficient adaptation
strategies for low-resource ASR. Section 3 presents
the Cape Verdean Creole dataset, our baseline
ASR model, and the hierarchical layer-freezing
strategy adopted in this study. Section 4 presents
and discusses the experimental results, covering
performance metrics (WER, CER), convergence
analysis, error analysis, and computational trade-
offs. Section 5 concludes the paper and outlines
directions for future work.

2. Related Work

Recent advances in self-supervised learning, par-
ticularly Wav2Vec 2.0, have significantly improved
ASR performance in resource-constrained scenar-
ios. Self-supervised speech representation learn-
ing has fundamentally reshaped the landscape of
automatic speech recognition (ASR). In particu-
lar, models such as Wav2Vec 2.0 are capable of
learning high-level latent acoustic representations
from large-scale unlabeled speech corpora, which
can subsequently be fine-tuned using relatively lim-
ited amounts of labeled data. This self-supervised
paradigm has led to substantial improvements in
ASR performance by enabling robust transfer learn-
ing across diverse languages and application do-
mains (Baevski et al., 2020; Caubrière and Gau-
thier, 2024). Building upon this foundation, cross-
lingual extensions such as XLSR-53 and its succes-
sor XLS-R have further demonstrated strong gen-
eralization capabilities, especially in low-resource

language settings, by leveraging multilingual pre-
training to learn language-agnostic acoustic repre-
sentations (Conneau et al., 2021). These advances
provide a strong motivation for exploring targeted
adaptation strategies of self-supervised speech
models to under-resourced languages, which con-
stitutes the focus of the methodology presented in
this work.

Despite these advances, fine-tuning large pre-
trained models on limited labeled datasets intro-
duces significant challenges, including overfitting,
unstable convergence, and catastrophic forgetting
of pre-trained representations, particularly when
the target language exhibits high phonetic or or-
thographic variability. Recent studies have em-
phasized the importance of controlled fine-tuning
strategies—such as selective layer freezing (Pa-
sula, 2025) to mitigate these effects and helps mit-
igate overfitting in low-resource speech recogni-
tion scenarios (Kunze et al., 2022). Eberhard and
Zesch (Eberhard et al., 2021) conducted a sys-
tematic analysis of layer freezing when transferring
ASR models to under-resourced languages, show-
ing that freezing lower layers preserves universal
acoustic-phonetic representations and helps mit-
igate overfitting. Prior work suggests that lower
Transformer layers capture general acoustic rep-
resentations, while higher layers are more task-
specific. Similar findings are reported by Pasula
(Pasula, 2025), who demonstrates that selective
freezing improves convergence speed and reduces
error rates in multilingual ASR experiments using
the MuST-C dataset.

In parallel, several works, like (Severini, 2023),
highlight the importance of character-level evalua-
tion for low-resource languages. While Word Error
Rate (WER) remains the dominant metric in ASR,
Character Error Rate (CER) provides finer-grained
insight into orthographic and subword-level errors,
particularly for languages with non-standardized
spelling systems (Kumar et al., 2025). This is espe-
cially relevant for Creole languages, where spelling
variation can inflate WER without necessarily re-
flecting phonetic recognition errors.

Research on ASR for Creole languages remains
limited. Existing studies often focus on Haitian Cre-
ole (Havard et al., 2025) or Mauritian and Gwad-
loupéyen Creole (Macaire et al., 2022), with far
fewer contributions addressing Cape Verdean Cre-
ole. Reported approaches typically rely on small
datasets and do not systematically explore adapta-
tion strategies such as layer freezing or phonetic
normalization. Consequently, there is a lack of
empirical guidance on how to best adapt large pre-
trained ASR models to Creole languages.

In contrast to prior work, the present study com-
bines selective layer freezing, data augmentation,
and soft phonetic normalization within a unified ex-
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perimental framework. Furthermore, it provides a
joint analysis of WER and CER, enabling a more
comprehensive evaluation of ASR performance in
a linguistically complex, low-resource setting.

3. Methodology

We detail here the methodology used to investi-
gate parameter-efficient adaptation strategies for
Cape Verdean Creole ASR. We first describe the
speech corpus and the pre-processing steps ap-
plied to the audio and text data (Section 3.1). We
then present the baseline model architecture and
our proposed structured freezing strategy (Section
3.2). Finally, we outline the experimental setup, in-
cluding training configurations, evaluation metrics,
and computational resources (Section 3.3).

3.1. Dataset and Pre-processing
This section describes the speech corpus used in
our study and the pre-processing steps applied to
the audio and text data to prepare them for model
training.

3.1.1. The Cape Verdean Creole Corpus

Cape Verdean Creole exists as a dialectal con-
tinuum throughout the Cape Verde archipelago,
broadly categorized into the Sotavento (south-
ern) and Barlavento (northern) groups (Veiga,
1995; Baptista, 2002). Although sharing a largely
Portuguese-derived lexicon, these varieties differ
in phonetic realization, morphosyntactic patterns,
and orthographic practices. The absence of a fully
unified orthographic standard further contributes to
cross-dialectal variation (Veiga, 2004).

The dataset for this study is drawn exclusively
from the Santiago dialect, a prominent variety of
the Sotavento group. This choice is motivated by
the fact that it is one of the most widely spoken and
linguistically influential varieties, frequently used
in media and education, making it a logical start-
ing point for the development of ASR. The corpus
comprises 1,787 speech recordings, totaling ap-
proximately 2 hours of audio. Although focused
on a single dialect, it presents substantial intra-
dialectal variability in speaker background, pronun-
ciation, and transcription practices. Consequently,
it provides a challenging and realistic testbed for
developing robust ASR models, capturing the pho-
netic and spelling inconsistencies representative of
real-world conditions for Cape Verdean Creole.

3.1.2. Phonetic Normalization

In languages with high orthographic variability, as in
our scenario, light normalization strategies are com-
monly adopted to improve tokenizer consistency

and ASR stability, particularly in low resource sce-
narios (Besacier et al., 2014; Lippmann, 1997). As
a result, we implemented a phonetic normalization
step to improve data consistency before training.
A custom dictionary was created to map common
spelling variations and diacritics to a canonical pho-
netic form (e.g., normalizing words with different
accent marks or alternative spellings to a single
representation). This light normalization process
reduces character-level variance, which is partic-
ularly beneficial for the stability of the CTC-based
decoder and for obtaining a more meaningful Char-
acter Error Rate (CER) by preventing the model
from being penalized for inconsistent but phoneti-
cally equivalent spellings.

3.1.3. Data Augmentation

To mitigate data scarcity and improve model robust-
ness against acoustic variations, we applied online
data augmentation during training, following the
methods described by (Huh et al., 2023). The aug-
mentations included temporal perturbations, such
as varying the speaking rate, and the addition of
background noise to simulate different acoustic en-
vironments. This is particularly important for Cre-
ole ASR, where available recordings often reflect
limited acoustic diversity, and facilitates improved
generalization to unseen conditions.

3.2. Model and Adaptation Strategy
This section details the architecture of the baseline
ASR model and introduces our structured freezing
strategy for parameter-efficient adaptation.

3.2.1. Baseline Model Architecture

Our baseline ASR system is built upon the
Wav2Vec 2.0 large-XLSR architecture, a
Transformer-based model designed for multi-
lingual self-supervised learning (see Figure 1).
The model processes the raw audio waveform
through a convolutional feature extractor, which
generates latent acoustic representations. These
representations are then fed into a 24-layer Trans-
former encoder that models long-range temporal
dependencies using self-attention mechanisms.
Finally, a linear layer followed by a Connectionist
Temporal Classification (CTC) head projects
the contextualized hidden states to the target
vocabulary for sequence prediction.

Based on a preliminary study aimed at selecting
the most suitable model initialization (see Table 1),
all subsequent experiments were initialized from
the XLSR-CORAA checkpoint. This model, fine-
tuned on Portuguese from the multilingual XLSR-
53 backbone, demonstrated the competitive out-
of-the-box performance on Cape Verdean Creole.
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Figure 1: The Wav2Vec 2.0 approach (Baevski
et al., 2020)

To ensure a fair comparison across configurations,
the core architecture was kept identical in all exper-
iments.

The preliminary evaluation was conducted using
two test sets with different sizes and characteristics:

• Test Configuration (TC) 1: 132 Creole audio
files in .mp3 format (9 minutes and 38 sec-
onds, 13.1 MB).

• Test Configuration (TC) 2: 366 Creole au-
dio files in both .mp3 and .wav formats (22
minutes and 43 seconds, 32.6 MB).

We evaluate four pre-trained Wav2Vec2.0
models: W2V2-PT/EN/FR, a set of Mono-
lingual Models for Portuguese, English, and
French (Jonatasgrosman/wav2vec2-large-
xlsr-53-*); XLSR-CORAA, a multilingual
model fine-tuned on the Portuguese CORAA
dataset (Edresson/wav2vec2-large-xlsr-coraa-
portuguese); W2V2-960h, a large model pre-
trained and fine-tuned on 960 hours of LibriSpeech
(facebook/wav2vec2-large-960h); and W2V2-LV60,
a large model pre-trained on 60k hours of speech
(facebook/wav2vec2-large-lv60).

These experiments provided the basis for se-
lecting the baseline model and establishing the
evaluation setup used in the subsequent analysis.
Preliminary results exhibited elevated CER values,
later attributed to the absence of standardized text
normalization and improper decoding of masked
labels, as discussed in Section 4.

Language Model TC WER CER Time

Portuguese

W2V2-PT 1 39.1 84.5 05:20
W2V2-PT 2 34.3 84.1 13:22
XLSR-CORAA 1 43.7 83.5 06:10
XLSR-CORAA 2 32.9 84.0 16:11

English
W2V2-960h 2 100.0 100.0 12:08
W2V2-LV60 2 96.9 98.2 13:38
W2V2-EN 2 36.5 84.4 13:27

French W2V2-FR 2 37.7 85.3 13:36

Table 1: Performance comparison of pretrained
Wav2Vec 2.0 models (monolingual and multilingual)
for baseline model selection.

Figure 2: Conceptual representation of linguistic
abstraction across Wav2Vec 2.0 layers and its im-
plications for selective layer freezing in Creole ASR

3.2.2. Structured Freezing Strategy

Our adaptation methodology is motivated by the
hierarchical nature of the Wav2Vec 2.0 architecture
(see Figure 2). Based onon findings from Eberhard
et al. (2021) that the lower layers of the Transformer
capture universal acoustic-phonetic features, we
adopt a hierarchical freezing strategy that prioritizes
the progressive freezing of the upper layers. To
test this, we employ a structured freezing strategy
that systematically varies the adaptation depth to
analyze the trade-off between preserving robust
pre-trained representations and enabling sufficient
adaptation to Cape Verdean Creole.

As depicted in Table 2, we define several experi-
mental configurations:

• OF (Full Fine-Tuning): The baseline where
all model parameters (feature extractor and
Transformer) are trainable.

• FEF (Feature Extractor Frozen): Only the
convolutional feature extractor is frozen; all 24
Transformer layers are trained.

• F > N (Selective Freezing): Transformer lay-
ers 0 to N are trainable, while layers N+1 to 23
are frozen.

This structured approach allows for a controlled
analysis of how adaptation depth influences not
only recognition accuracy but also computational
efficiency and convergence stability—critical con-
siderations for low-resource ASR development.
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Cfg TL Params (%) Time
OF 0–23 100.0 01:12:51
FEF 0–23 98.7 01:06:50
F>3 0–3 14.8 01:00:28
F>5 0–5 22.8 01:33:21
F>6 0–6 26.8 00:45:16
F>11 0–11 46.8 00:46:43
F>12 0–12 50.8 00:46:50
F>13 0–13 54.8 00:46:48
F>14 0–14 58.7 00:47:21
F>15 0–15 62.7 00:46:41
F>16 0–16 66.7 01:08:27
F>20 0–20 82.7 01:08:27

Table 2: Selective freezing configurations, propor-
tion of trainable parameters, and training time.
OF : No freezing; FEF : Feature extractor frozen;
F>N: Transformer layers above N frozen; TL:

Trainable Layers.

3.3. Experimental Setup
This section outlines the training configurations,
evaluation metrics, and computational resources
used to conduct our experiments.

3.3.1. Training Configurations

The dataset was partitioned into training and test
sets using an 80/20 split with a fixed random seed
(seed=42) to ensure reproducibility. The test set
was strictly held out and not used during training or
model development, and no overlap exists between
training and test samples. Given the limited size of
the dataset, no separate validation set was used.

Preprocessing was applied separately to each
split. Data augmentation techniques were applied
exclusively to the training set to improve model ro-
bustness, while the test set was processed without
augmentation to ensure a fair and unbiased eval-
uation. All reported WER and CER results are
computed on this unseen test set.

To ensure a fair comparison, all models were
fine-tuned under identical experimental conditions.
The models were trained for a total of 35 epochs
using the AdamW optimizer with a learning rate of
5e-5 and a batch size of 8. Model selection was
based on training dynamics due to the limited size
of the dataset. All other hyperparameters were kept
at their default values as specified in the original
Wav2Vec 2.0 implementation.

3.3.2. Evaluation Metrics (WER, CER)

We evaluate model performance using two stan-
dard ASR metrics: Word Error Rate (WER) and
Character Error Rate (CER). WER measures the
number of word-level substitutions, deletions, and

insertions required to match the hypothesis to the
reference transcription. While WER is the primary
metric for ASR, CER provides a complementary,
finer-grained analysis by operating at the character
level.

Given the high orthographic variability and lack
of a standardized writing system for Cape Verdean
Creole, CER is particularly important. It allows
us to assess the model’s ability to learn phonetic
and sub-word regularities, even when word-level
transcriptions are inconsistent. This dual-metric
approach enables a more comprehensive evalua-
tion of how our adaptation strategies influence both
lexical accuracy and character-level robustness.

3.3.3. Computational Resources

All experiments were conducted using Google Co-
lab as the computational platform. The hardware
environment consisted of 53 GB of system RAM,
22.5 GB of GPU memory, and 235.7 GB of available
disk space. This configuration provided sufficient
resources to fine-tune the large-scale pr-trained
speech models while maintaining consistent ex-
perimental conditions across all freezing configura-
tions.

4. Results and Discussion

The experimental results presented in this section
directly reflect the architectural hypotheses intro-
duced in Section 3.2.2. By progressively freez-
ing lower Transformer layers while keeping the fea-
ture extractor frozen across all configurations, we
isolate the effect of Transformer-level adaptation
and evaluate its influence on training dynamics and
recognition performance.

As illustrated in Figure 3, the experimental
pipeline combines data augmentation strategies,
similarity analysis, and detailed error inspection.
While augmentation is used to improve robustness,
it does not introduce domain-level or speaker-level
diversity in terms of domain or speaker variability.
The dataset remains limited in this regard, as it orig-
inates from a single domain and publisher, as dis-
cussed in Section 6. This structured approach sup-
ports a multi-level evaluation of ASR performance,
integrating WER, CER, and error-type distributions,
which is particularly relevant for languages with
high orthographic and phonetic variability.

The evaluation focuses on training dynamics,
recognition accuracy, and stability, using valida-
tion loss, Word Error Rate (WER), and Character
Error Rate (CER) as primary metrics.
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Figure 3: Wav2Vec2-large-XLSR Model Improve-
ment Experiment Strategies

Figure 4: Loss Validation Evolution

4.1. Training Dynamics and Validation
Loss

Figure 4 illustrates the evolution of validation loss
across all freezing configurations. Models without
frozen layers exhibit a rapid decrease in loss during
the initial training epochs, reaching the competitive
values overall. However, this behavior is accom-
panied by noticeable oscillations in later epochs,
indicating reduced training stability and a higher
susceptibility to overfitting.

In contrast, models with selective layer freezing
demonstrate smoother loss trajectories and more
stable convergence patterns. Configurations with
moderate freezing (approximately 5–11 frozen lay-
ers) achieve validation loss values comparable to
the non-frozen baseline while exhibiting substan-
tially lower variance. Extensive freezing (>12 lay-
ers), although beneficial for stable convergence,
results in slightly higher validation loss, suggesting
a reduced capacity for adaptation.

These findings support the hypothesis that freez-
ing lower layers preserves pretrained acoustic rep-
resentations while limiting excessive parameter up-
dates that can destabilize training in low-resource
settings.

Figure 5: WER Evolution by Configuration

4.2. Word Error Rate (WER) Performance

Figure 5 presents the evolution of WER across
training epochs for all freezing configurations. The
fully trainable baseline (0F) converges rapidly and
achieves the lowest absolute WER (0.212). How-
ever, its trajectory exhibits greater oscillation in later
epochs compared to several selectively frozen con-
figurations.

Models employing moderate to extended freez-
ing depths (F>14–F>15) achieve nearly identical
final WER values (0.213), differing from the base-
line by only 0.001. Configurations such as F>12
and F>13 remain competitive (0.219–0.222), while
more aggressive freezing (F>3–F>6) leads to clear
degradation in performance.

These results indicate that selective hierarchical
freezing does not surpass full fine-tuning in abso-
lute WER. Instead, it achieves comparable recogni-
tion accuracy while substantially reducing the num-
ber of trainable parameters and exhibit more sta-
ble convergence. The minimal performance gap
between 0F and F>14–F>15 suggests that full
adaptation of all Transformer layers is not strictly
necessary for competitive word-level recognition in
this low-resource setting.

The divergence between validation loss and
WER further illustrates that small differences in
optimization objective values do not always trans-
late into meaningful improvements in recognition
accuracy, particularly in linguistically variable and
orthographically non-standardized languages.

4.3. Character Error Rate (CER)
Performance

Character-level evaluation provides complemen-
tary insight into subword modeling behavior. As
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Figure 6: CER Evolution by Configuration

shown in Table 3, the fully trainable baseline (0F)
achieves the competitive absolute CER (0.120).
Nevertheless, configurations with moderate to ex-
tended freezing depths maintain highly competitive
character-level performance, with CER values rang-
ing from 0.123 (F>20) to 0.127 (F>15).

While selective freezing does not outperform the
baseline in absolute CER, several frozen configura-
tions exhibit more stable convergence. In particular,
models with freezing beyond 12 layers demonstrate
reduced fluctuation in CER across epochs com-
pared to the fully trainable model.

Aggressive freezing (F>3–F>6) substantially in-
creases CER (0.159–0.182), confirming that ex-
cessive constraint of Transformer adaptation limits
subword modeling capacity.

Overall, Frozen configurations exhibit more sta-
ble convergence compared to full fine-tuning.

4.4. Convergence Speed and Training
Stability

The observed stability improvements with moderate
freezing depths are consistent with prior observa-
tions that partial fine-tuning can mitigate overfitting
in low-data regimes (Peters et al., 2019). Models
employing layer freezing consistently reach stable
WER and CER values faster than the non-frozen
model. This effect is most pronounced in configu-
rations with 11-15 frozen layers, where early con-
vergence is achieved with reduced fluctuation.

4.5. Trade-offs Between Adaptability and
Generalization

The results highlight a clear trade-off between full
adaptability and controlled regularization. While

full fine-tuning achieves the best absolute perfor-
mance, selective layer freezing enables a more
efficient adaptation regime with comparable recog-
nition quality.

From a regularization perspective, hierarchical
freezing constrains model adaptation in a struc-
tured manner, reducing overfitting. Frozen config-
urations exhibit more stable convergence in low-
resource conditions. This suggests that competi-
tive performance can be achieved without fully up-
dating all model parameters, balancing accuracy,
efficiency, and robustness.

4.6. Implications for Low-Resource and
Creole ASR

The experimental results have several implications
for ASR in low-resource and Creole language con-
texts:

1. Layer freezing should be considered a stan-
dard adaptation strategy in low-resource
settings, particularly when computational effi-
ciency and training stability are critical.

2. While WER and CER are highly correlated
in our experiments, CER provides additional
insight into character-level errors, which is par-
ticularly relevant for orthographically variable
languages.

3. Training stability and convergence behav-
ior are critical evaluation dimensions in low-
resource ASR, beyond final accuracy metrics.

By systematically analyzing these factors, this
study provides practical guidance for deploying ro-
bust ASR systems in linguistically complex and
under-resourced environments.

4.7. Error Analysis by Freezing
Configuration

Selective freezing depth directly modulates both
accuracy and computational efficiency. Configura-
tions with a high proportion of trainable parameters
(0F, FEF) show unstable substitution and merge
patterns despite lower omission rates, suggesting
overfitting in upper Transformer layers. Conversely,
aggressive freezing (F>3–F>6), which drastically
reduces the percentage of trainable parameters,
increases omissions and word merges, leading to
the highest WER and CER values.

Intermediate configurations (F>11–F>15), corre-
sponding to a moderate proportion of trainable lay-
ers, achieve the competitive trade-off between per-
formance and efficiency. These settings minimize
structurally disruptive errors while stabilizing inser-
tion rates, yielding the competitive WER. Deeper
freezing (F>20) maintains competitive CER while
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significantly reducing the number of trainable pa-
rameters.

As illustrated in Figure 5 (WER × % trainable
× training time), performance follows a non-linear
trend: neither full fine-tuning nor excessive freezing
is optimal. Instead, moderate layer freezing maxi-
mizes accuracy while substantially reducing com-
putational cost, indicating a regularization effect
that mitigates lexical overfitting without sacrificing
generalization.

5. Conclusion

This work investigated parameter-efficient fine-
tuning strategies for low-resource Cape Verdean
Creole ASR using Wav2Vec 2.0 XLSR. The re-
sults demonstrate that selective layer freezing can
maintain performance comparable to full fine-tuning
while reducing computational requirements and im-
proving training stability.

These findings highlight the potential of struc-
tured freezing as a practical adaptation strategy for
low-resource ASR. However, the conclusions are
limited by the size and scope of the dataset, and
future work should explore larger and more diverse
corpora, as well as alternative parameter-efficient
approaches such as adapters and LoRA.

6. Ethical considerations and
limitations

6.1. Ethical Considerations
The speech data used in this study were collected
from publicly accessible audio materials available
on the official website of Jehovah’s Witnesses. No
private or sensitive data were collected, and no di-
rect interaction with speakers occurred. However,
the recordings were not originally produced for ASR
research purposes, and explicit consent for compu-
tational reuse was not formally documented. Future
corpus development should prioritize informed con-
sent procedures tailored to language technology
research.

The dataset reflects a single religious and com-
municative domain, which may introduce lexical
and stylistic bias. Sustainable ASR development
for Cape Verdian Creole should involve local insti-
tutions and community stakeholders to ensure re-
sponsible and inclusive technological deployment.

This research does not involve biometric identifi-
cation, surveillance, or human subject experimen-
tation.

6.2. Limitations
The corpus comprises approximately 2 hours of
speech (1,787 recordings), which limits generaliza-

tion compared to large-scale ASR datasets. Only
the Santiago variety (Sotavento group) of Cape
Verdian Creole is represented; therefore, findings
cannot be generalized to other dialects.

All recordings originate from a single domain,
potentially affecting robustness in spontaneous
speech contexts. Although phonetic normaliza-
tion was applied, the absence of a standardized
orthography may influence WER evaluation. Fi-
nally, the study focuses exclusively on selective
layer freezing applied to a pretrained Facebook AI
Research Wav2Vec2-large-XLSR model; alterna-
tive parameter-efficient adaptation strategies were
not explored.
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