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Abstract

Speech recognition, as a key driver of artificial intelligence and global communication, has
advanced rapidly in major languages, while studies on low-resource languages remain
limited. Tongan, a representative Polynesian language, carries significant cultural value.
However, Tongan speech recognition faces three main challenges: data scarcity, limited
adaptability of transfer learning, and weak dictionary modeling. This study proposes
improvements in adaptive transfer learning and NBPE-based dictionary modeling to
address these issues. An adaptive transfer learning strategy with layer-wise unfreezing
and dynamic learning rate adjustment is introduced, enabling effective adaptation of
pretrained models to the target language while improving accuracy and efficiency. In
addition, the MEA-AGA is developed by combining the Mind Evolutionary Algorithm
(MEA) with the Adaptive Genetic Algorithm (AGA) to optimize the number of byte-pair
encoding (NBPE) parameters, thereby enhancing recognition accuracy and speed. The
collected Tongan speech data were expanded and preprocessed, after which the
experiments were conducted on an NVIDIA RTX 4070 GPU (16 GB) using CUDA 11.8
under the Ubuntu 18.04 operating system. Experimental results show that the proposed
method achieved a word error rate (WER) of 26.18% and a word-per-second (WPS) rate
of 68, demonstrating clear advantages over baseline methods and confirming its
effectiveness for low-resource language applications. Although the proposed approach
demonstrates promising performance, this study is still limited by the relatively small
corpus size and the early stage of research exploration. Future work will focus on
expanding the dataset, refining adaptive transfer strategies, and enhancing cross-lingual
generalization to further improve the robustness and scalability of the model.

Keywords: Tongan; low-resource speech recognition; transfer learning; layer-wise
fine-tuning; dictionary optimization

1. Introduction

Speech recognition, as a core technology of artificial intelligence, is widely applied in
security, education, healthcare, and defense, enhancing work efficiency and facilitating
global communication. Within the global linguistic landscape, Tongan is a representative
low-resource language. Although spoken by a relatively small population, it embodies
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rich cultural traditions and historical heritage, giving it significant value for cultural
preservation and transmission. As vital channels for intercultural communication, low-
resource languages have gained growing importance in global research and cultural
exchange. Tongan, which integrates indigenous traditions with Western influences,
represents a unique linguistic system that deserves greater attention in computational
linguistics. Consequently, advancing research on Tongan speech recognition is not only
academically significant but also contributes to the digital preservation and international
dissemination of its linguistic resources.

In recent years, deep learning has greatly advanced speech recognition for resource-
rich languages such as English and Chinese, thereby facilitating international linguistic
communication [1]. In contrast, low-resource languages like Tongan still encounter major
challenges, including data scarcity, complex dialectal variation, and significant cultural-
contextual differences. Globally, more than 7000 languages exist, the majority of which
are low-resource [2], and they generally lack sufficient annotated corpora as well as lexical
and grammatical resources. For example, while high-resource languages such as English
or Mandarin typically have access to over 10,000 h of labeled speech data, many low-
resource languages possess fewer than 100 h of transcribed material, which severely limits
model training and generalization. This deficiency severely constrains the effectiveness of
conventional speech recognition systems. Furthermore, low-resource languages often
encode unique cultural knowledge, while their dialectal diversity and expressive
variability increase the difficulty of model training. Traditional methods based on
Gaussian Mixture Models (GMMs), Hidden Markov Models (HMMs), or Convolutional
Neural Networks (CNNs) provide limited modeling capacity for such languages and
struggle to capture complex acoustic features and fine-grained semantic patterns. In
addition, extreme data sparsity makes it difficult to train deep models directly, as this
frequently leads to overfitting and hinders further improvements in recognition
performance.

Against this backdrop, transfer learning and end-to-end modeling emerge as
promising strategies for low-resource language speech recognition. Transfer learning
leverages pretrained models on high-resource languages and applies adaptive fine-tuning
to capture phonetic features of the target language, thereby improving modeling
efficiency and recognition performance [3]. This approach not only mitigates the shortage
of annotated data but also enhances adaptability to linguistic variation. End-to-end
systems, in turn, adopt unified neural architectures to directly map speech signals to text,
simplifying the traditional pipeline of feature extraction, acoustic modeling, and language
modeling [4]. Such frameworks achieve higher recognition accuracy and exhibit strong
robustness to dialectal and pronunciation variations common in low-resource languages.
Recent advances in neural architectures, such as Transformer and DeepSpeech, have
further expanded opportunities in this field [5]. Despite these advances, models are prone
to overfitting during transfer due to the scarcity of labeled data, while existing strategies
often rely on fixed, coarse-grained parameter adjustments that lack fine-grained and
dynamic adaptation across layers and linguistic features. Moreover, within end-to-end
frameworks, the design of sub-word units and construction of efficient, expressive
vocabularies remain critical obstacles—particularly for languages with complex
structures and heterogeneous pronunciations. Therefore, developing targeted
optimizations in transfer mechanisms and dictionary modeling is essential to further
enhance the accuracy and robustness of speech recognition systems for Tongan and other
low-resource languages.

To address these challenges, this study introduces three key innovations, focusing on
data augmentation and sampling, cross-lingual transfer strategy, and dictionary
parameter optimization for low-resource languages. First, to mitigate the issues of limited
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corpus size and imbalanced class distribution, a Supervised Random Augmentation with
Deep Random Forest Filtering (SRA-DRF) algorithm is developed. This method integrates
generative adversarial networks (GAN) with signal processing techniques to generate
synthetic speech data and applies similarity-based filtering to retain high-quality samples.
In addition, a weighted K-means stratified sampling strategy ensures balanced class
representation, thereby enhancing feature learning and model generalization. Second, in
the transfer learning stage, an adaptive layer-wise unfreezing strategy is proposed. This
approach dynamically adjusts learning rates and performs top-down fine-tuning,
preserving low-level general features while improving adaptability to target language
characteristics. The effectiveness of this strategy is further validated through Centered
Kernel Alignment (CKA) visualization. Finally, for dictionary modeling, a hybrid MEA-
AGA —combining the Mind Evolutionary Algorithm with the Adaptive Genetic
Algorithm—is employed to automatically search for the optimal number of byte-pair
encoding (NBPE) units, thereby improving recognition accuracy and decoding efficiency.

This paper is organized into seven sections as follows: Section 2 presents related
work, reviewing the current research status of low-resource speech recognition, with a
focus on challenges in data scarcity, transfer learning optimization, and dictionary
parameter tuning, and briefly outlines the proposed strategies in this study. Section 3
details the proposed methods, including the design of the layer-wise adaptive transfer
learning strategy and the MEA-AGA for dictionary parameter optimization. Section 4
describes the experimental setup, covering dataset sources, model configurations, and
evaluation metrics. Section 5 reports the experimental results, including data
augmentation, transfer learning, and dictionary optimization experiments, along with
comparative analysis against mainstream methods to validate the effectiveness of the
proposed approaches. Section 6 summarizes the overall contributions of this work in light
of the experimental findings. Section 7 outlines future directions, addressing the current
limitations and proposing potential areas for further exploration.

2. Related Work
2.1. Research Challenges

While deep learning has led to remarkable achievements in speech recognition for
high-resource languages, its effectiveness in low-resource languages remains limited.
These limitations mainly arise from three key aspects: data scarcity and corpus imbalance,
model training strategy, and dictionary-based modeling optimization.

(1) Data scarcity and corpus imbalance

Low-resource languages often suffer from limited annotated data and a lack of
publicly available corpora, resulting in a notable performance gap between their speech
recognition systems and those of high-resource languages [6]. This scarcity poses
significant challenges for effective modeling. In recent years, end-to-end speech
recognition models have gained popularity due to their streamlined architectures and
strong modeling capabilities. Researchers have begun applying these models to low-
resource language tasks and have achieved preliminary progress.

Mukhamadiyev et al. [7] introduced a hybrid DNN-HMM and CTC-attention model
for Uzbek speech recognition, achieving a WER of 14.3% on a medium-scale dataset.
Kamper et al. [8] proposed a CNN-DTW-based keyword spotting system for Luganda,
leveraging CAE features and multilingual bottleneck features, yielding over 27%
performance gains under low-resource settings. Mamyrbayev et al. [9] developed a real-
time recognition system for Kazakh using RNN-T, achieving a CER of 10.6% without
relying on a language model, outperforming existing end-to-end approaches. Zhi et al.
[10] conducted preliminary research on Mongolian using the ESPnet framework. Oukas
et al. [11] built an end-to-end Arabic speech recognition model based on the Common
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Voice dataset, showing better performance with DeepSpeech compared to Wav2Vec.
Changrampadi et al. [12] built a Tamil recognition system using DeepSpeech, expanding
training data with online resources and semi-supervised techniques, and achieved a WER
of 24.7%, surpassing Google’s results. Shetty et al. [13] incorporated language identity
tokens and acoustic embeddings into a Transformer for Indian languages, achieving a 6—
11% relative CER reduction compared to monolingual baselines. Pan et al. [14] introduced
subword modeling and initialization strategies to improve recognition efficiency and
convergence for Tibetan. Anoop et al. [15] developed the first Sanskrit speech processing
system, using Mel-spectrogram augmentation and WFST decoding to achieve a 7.64%
WER under ultra-low-resource conditions, demonstrating the feasibility of end-to-end
architectures in such challenging scenarios.

Despite the promising potential of end-to-end approaches for various low-resource
languages, several challenges remain. The scarcity of training data leads to overfitting and
poor generalization while the large parameterization of end-to-end models makes
convergence difficult and susceptible to local optima. Therefore, enhancing training
efficiency and robustness remains a key focus in low-resource speech recognition
research.

(2) Model training strategy

To address these challenges, transfer learning offers an effective solution. By
leveraging knowledge acquired from source tasks, it improves learning efficiency and
performance in target domains, substantially reducing dependence on large-scale labeled
data. Transfer learning has shown notable advantages in low-resource settings and has
achieved success in diverse applications such as medical diagnosis, image recognition,
and industrial inspection [16-19]. As a result, it has become a widely adopted strategy in
low-resource speech recognition research.

In low-resource speech recognition, fine-tuning pre-trained models remains the most
commonly adopted transfer strategy. Mainzinger et al. [20] proposed adapter-based fine-
tuning on Mvskoke, which significantly improved training efficiency and recognition
accuracy, demonstrating strong parameter efficiency under limited data. Abdullah et al.
[21] fine-tuned the Whisper model on Northern Kurdish using various parameter
adaptation techniques, showing that adding auxiliary modules led to a notable WER
reduction to 10.5%. Cui et al. [22] applied a multilingual, multi-task weakly supervised
Whisper decoder to Burmese ASR, achieving a 5% absolute reduction in character error
rate. Zeng et al. [23] employed transfer learning using a hybrid Transformer-LSTM
structure for Malay ASR and introduced text augmentation strategies, achieving over 60%
relative reduction in WER under low-resource conditions. Hjortnaes et al. [24] adopted
transfer learning with the DeepSpeech model for Komi recognition and integrated a
KenLM-based language model for output correction, resulting in more than 25% and 20%
relative improvements in CER and WER, respectively. Bansal et al. [25] improved Mboshi
speech-to-text translation using high-resource pretraining, achieving promising results
with just four hours of data. Lee et al. [26] investigated cross-lingual transfer to predict
phrase breaks in multilingual models, aiming for cost-effective adaptation. Baller et al.
[27] enhanced RNN robustness to disfluent speech in low-resource languages such as
Tunjia via transfer learning. Anoop et al. [28] introduced a MAML-based pretraining
framework that outperformed multilingual joint training in rapidly adapting to Indian
low-resource languages.

In recent years, research on transfer learning has further expanded toward
multilingual and zero-shot paradigms, both of which aim to enhance model
generalization under data-scarce conditions. In the multilingual direction, Yadav et al.
[29] surveyed multilingual ASR models focusing on cross-lingual transfer and self-
supervised learning, demonstrating that joint multilingual training can effectively
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improve recognition for low-resource languages. Yu et al. [30] proposed Master-ASR, a
modular multilingual ASR framework that achieves scalable cross-lingual adaptation and
robust low-resource performance through a modularize-then-assemble learning strategy,
reducing inference overhead by 30% while improving character error rate by up to 2.41
over state-of-the-art models. For zero-shot learning, Yan et al. [31] introduced a
transliteration-based framework for zero-shot code-switched ASR, which eliminates
explicit language segmentation and leverages bilingual decoding with external language
models to achieve effective recognition on Mandarin-English SEAME datasets. Another
study [32] proposed a universal phonetic model that decomposes phonemes into phonetic
attributes (e.g., vowels and consonants), enabling recognition for languages with no audio
data and achieving an average 9.9% improvement in phone error rate across 20 unseen
languages.

Transfer learning has shown considerable promise in mitigating the performance
limitations of low-resource speech recognition. Nevertheless, most existing methods still
rely on static fine-tuning strategies, which lack dynamic perception and adaptive
adjustment mechanisms across different model layers and linguistic structures. In
addition, the limited interpretability of current transfer mechanisms further constrains
their optimization and wider applicability. These issues remain critical challenges in
advancing low-resource speech recognition research.

(3) dictionary-based modeling optimization

In addition, dictionary-based modeling plays an essential role in improving
recognition accuracy and has demonstrated strong adaptability across diverse languages.
By optimizing the NBPE, recognition accuracy and output efficiency can be effectively
balanced.

Hsiao et al. [33] explored the impact of sub-word vocabulary size on recognition
performance using a VQ-BPE modeling approach for English and Chinese speech
recognition. Their findings showed that setting the NBPE to 8000 led to accuracy
improvements of 5.8% and 3.7% for English and Chinese, respectively, validating the
effectiveness of dictionary granularity optimization. Deng et al. [34] proposed a Byte-
Level BPE method that incorporates length and character penalty mechanisms. Trained
on a 5k-hour bilingual corpus, the model achieved performance comparable to character-
level models while reducing parameter size. Ma Jian et al. [35] introduced a BPE-dropout
approach with sub-word length thresholds, which significantly reduced WER on
THCHS30 and ST-CMDS datasets and improved recognition of rare and out-of-
vocabulary words. In low-resource language studies, sub-word modeling strategies have
also shown strong potential. Cai Yuqing et al. [36] addressed unit inconsistency in Tibetan
ASR by combining BPE with a hybrid CTC-Attention framework. By adjusting the NBPE,
the system achieved a WER of 9.0%, outperforming models based on syllables or
components. Gaurav et al. [37] demonstrated that NBPE size significantly impacts
recognition accuracy in Indian multilingual tasks, with a 7.5 k vocabulary yielding the
best results. Turi et al. [38] developed an end-to-end ASR system for the Oromo language
using a BPE tokenizer. Experiments showed that setting the NBPE to 500 achieved optimal
performance, highlighting the value of sub-word unit tuning. Patel et al. [39] examined
telephone speech recognition for Indian languages using a Conformer-based model,
comparing character-level and various BPE granularities. The results indicated that a
properly selected NBPE significantly improves accuracy, achieving a WER of 30.3%
without external language model support, surpassing baseline methods.

Overall, NBPE, as a key parameter in sub-word modeling, exerts a significant
influence on both the accuracy and efficiency of speech recognition systems. Although
prior studies have demonstrated the benefits of NBPE optimization, most methods still
depend on manual, experience-driven configurations. Systematic approaches for
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automated tuning and cross-lingual adaptation remain insufficiently explored and merit
further investigation.

2.2. Proposed Method

In summary, low-resource speech recognition continues to face major challenges,
including limited training data, insufficient adaptability in transfer learning, and the lack
of systematic optimization in dictionary parameter tuning. To address these issues, this
paper proposes the following improvements:

Data Augmentation: To mitigate the limitations of small-scale corpora, SRA-DRF
algorithm is introduced. This method integrates GAN-based generation with signal
processing techniques to produce high-quality synthetic speech, while similarity-based
filtering ensures the reliability of augmented samples. In addition, to alleviate training
bias caused by class imbalance, a weighted K-Means stratified sampling strategy is
applied. This guarantees balanced class distributions across training, validation, and test
sets, thereby improving model robustness and representation of diverse speech patterns.

Transfer Learning Optimization: To enhance the adaptability of pretrained models
for low-resource tasks, a layer-wise adaptive transfer learning strategy is developed. This
approach preserves general low-level acoustic features while progressively fine-tuning
higher layers, guided by both the loss function trajectory and phonetic similarity between
source and target languages. Moreover, Centered Kernel Alignment (CKA) is employed
to visualize feature alignment across layers, providing intuitive evidence of effective
knowledge transfer.

Dictionary Parameter: Optimization: To overcome the lack of systematic sub-word
granularity tuning, a novel MEA-AGA hybrid optimization algorithm is proposed,
combining the Mind Evolutionary Algorithm with the Adaptive Genetic Algorithm. This
approach automatically searches for the optimal NBPE, improving sub-word modeling
accuracy without compromising decoding efficiency, and offering a more adaptive and
stable strategy for low-resource language modeling.

3. Methodology

To provide a clear overview of the proposed framework, Figure 1 presents the overall
model pipeline designed for low-resource speech recognition. The process begins with
raw audio waveforms, which are subjected to data augmentation and preprocessing to
expand the effective training corpus. The augmented data are then utilized within an
adaptive transfer learning framework, where the pretrained Mixformer model is
progressively fine-tuned to capture language-specific phonetic representations.
Subsequently, the MEA-AGA is applied to optimize the NBPE parameters for dictionary
modeling, enabling efficient subword decoding and accurate text generation.
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Figure 1. The model pipeline of the proposed low-resource speech recognition system.

3.1. Data Augmentation and Partitioning

In low-resource speech recognition tasks, data scarcity and class imbalance remain
major factors that hinder model performance [40]. To improve training effectiveness and
recognition accuracy, this section focuses on preprocessing and augmenting the original
Tongan speech corpus, with the goal of constructing a balanced, diverse, and high-quality
training dataset.

Data augmentation techniques are generally divided into signal processing-based
and deep learning-based approaches. The former, such as speed perturbation, pitch
shifting, and noise addition [41], are easy to implement but often introduce pronunciation
distortions and fail to preserve language-specific features in low-resource settings. The
latter, represented by Generative Adversarial Networks [42-44], generate higher-quality
data but demand large datasets and significant computational resources, limiting their use
in low-resource languages. To overcome these limitations, this study proposes an SRA-
DREF algorithm that integrates signal processing techniques with deep learning methods.
This hybrid strategy not only increases data diversity but also reduces reliance on large
datasets and computational resources, thereby enabling effective augmentation of Tongan
speech data. The overall workflow is illustrated in Figure 2.
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Figure 2. Framework of the SRA-DRF (Supervised Random Augmentation with Deep Random
Forest Filtering) algorithm.

Let € denote the original Tongan audio feature matrix. Random segments are
removed from C, and the erased time spans are stored in a separate matrix referred to
as the audio segment pool. The residual features, after the erasure process, are preserved

in a new matrix denoted as CI;

Yo Vi o Vi
Y=CoM, = y.21 y.21 yZ.N . Ye RM™Y )
Yur Vur 0 Vuw
{x,»,- e @
Yi=n o
v 0 m; =0

C,=CoU-M, ), C,eR™ @)

erase”?

M

% js a masking matrix composed of 0 and 1, having the same dimensionality as

Y | A value of 0 indicates that the corresponding data point is masked, while 1 means it

is retained. Ji denotes the amplitude of the / ~ th frame of the ! = th utterance after
the original data has been masked.

In the audio segment pool, signal processing and deep learning methods are jointly
employed. On the one hand, the extracted audio segments are augmented through speed
perturbation, pitch shifting, and noise addition. On the other hand, a GAN-based network
is applied to generate additional realistic audio segments. The corresponding formulation
is defined as follows:

F(F'(Y)-a), if speed perturbation
Yopo =Y €™, if pitch shifting @)
Y+yN, 1f noise addition
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Yw=GZ86yY), ¥, eR"™ 5)

where @ is the speed perturbation factor applied to modify speaking rate, ? is the pitch
shift factor for adjusting vocal pitch. NV denotes the noise matrix that follows a Gaussian
distribution, and 7 is the noise strength coefficient. G is the generator in the adversarial
network; Z represents the noise input vector, which is randomly sampled and fed into

the generator; € denotes the generator’s parameters which control the properties of the

Y,
generated audio. RO

G

is the processed audio segment using signal-based operations on

Yo

, while represents the audio segment generated by the GAN. These two types of
augmented data are then combined into a unified audio segment pool :
Yoo =Yoro X Yoo € R ©®)
YPOOL

, which stores

An attention-based encoder—decoder (AED) module is then applied to integrate these

Next, several candidate segments from the audio segment pool
the erased portions of the original audio, are aligned with the residual speech features

segments, producing a supplementary data matrix ¢':
T
Cr +Ypoor %
VN

Finally, the original Tongan corpus is utilized to train a DRF model. The augmented

C =C, +softmax(C,, Y, ) = C, +soft max

dataset is subsequently input to the model for evaluation, with the metric defined in
Equation (8) adopted as the evaluation criterion.

C-C

score =sim(C,C') = W

)

Audio segments with higher scores are classified as Yes and retained as valid
augmentations, while the rest are discarded.

After augmenting the speech data, the dataset must be partitioned in an appropriate
manner to enhance the model’s generalization capability. A commonly adopted approach
is K-Means clustering, which facilitates balanced class distribution [45-47]. Its
mathematical formulation is defined as follows:

k
SSE=Y" > |, —MHZ ©)

i=l x,eG

. X,
Here, ' denotesthe I =t/ cluster, 7 represents the sample in the cluster, and

H

is the cluster centroid.

This method performs well when clustering data with balanced class distributions.
However, for tasks involving low-resource languages such as Tongan, the small dataset
size and class imbalance may result in biased cluster centers. Direct application of
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traditional clustering often leads to convergence issues, misalignment between training
and test sets, and reduced model stability and generalization capability [48].

To overcome these limitations, we modify the objective function by introducing a
class-aware weighting term, which balances the influence of minority-class samples
during clustering. The revised formulation is defined as:

k
SSE=Y > o, ij —ﬂiHZ (10)

i=l x,eG

The weight @ is used to adjust the influence of each sample in the cluster based on
its class distribution, and is defined as:

1
J
frequency(c(x,))
Jrequeno(d(x;)) o(x;) .
where denotes the frequency of the class label 77, to which
X
sample ’ belongs in the dataset. The detailed definition is:
nc(x/-)
Srequency(c(x;)) =— (12)
nc(x-)
Here, N is the total number of samples in the dataset, and 77 is the number of
samples belonging to class 77 which is calculated as:
Ror)) = 2 Ie(x) =c(x))) (13)
x,€D

I'() is the indicator function, which equals 1 if the condition is satisfied, and 0
otherwise. D denotes the full dataset. Finally, by substituting the above expressions, the
improved K-Means clustering objective function is given as:

SSE'= N 2
_;; D I(e(x,) =c(x,)) fo s H (14)

x,eD

To achieve more balanced data partitioning, this study integrates stratified sampling
with the improved weighted K-Means clustering method. Specifically, samples are first
stratified according to their distances from the cluster centroids, and proportional
sampling is then applied within each cluster to ensure balanced class representation
across the training, validation, and test sets. The overall procedure of this data partitioning
method is illustrated in Figure 3.
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Figure 3. Tongan data partitioning flowchart based on weighted stratified sampling.

The basic steps of the algorithm are as follows:
(1) Based on the features extracted from the input Tongan speech data, perform

statistical analysis to initialize k cluster centers M (wherei=1,2, ..., kand kis the number
of clusters).
(2) Calculate the weighted distance from each sample to each cluster center and

X,
assign the sample to the nearest cluster. For a given sample 7 and cluster center 7, the
distance is computed according to Equation (14).
(3) Update each cluster center based on the current cluster members and their

’
weights. The new cluster center f is computed as:

r Zx/eci a)jx]

H; —z—w (15)
x,€C J

(4) Check whether the new cluster centers meet the convergence condition. If
convergence is achieved, the algorithm terminates; otherwise, return to step (2) for further
updates.

(5) After clustering, compute the proportion of each class within each cluster:

&

py=" (16)

1
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Here, pﬁ, I’%] and ' represent, respectively, the proportion, the number of

samples, and the total number of samples of class ¥ within cluster *.

(6) Finally, stratified sampling is performed within each cluster based on the class
distribution and the specified data split ratios. The total number of samples selected from
each cluster is then used to construct the training, validation, and test sets. The formulas

are defined as follows:

k. m

N' =22 p,xn, (7)
i=1 j=1
k_ m

N"=2.2 p,xn 1s)
i=1 j=1
k  m

NT=2.2 p,xn, (19)

i=1 j=1

Here, N' , N" and N ° represent the total number of training, validation,
and test samples, respectively. k is the number of clusters, " is the number of classes,

and yg, Y and ¥ represent the number of training, validation, and test samples from

C. . .
class / within cluster °.

3.2. Layer-Wise Unfreezing for Adaptive Transfer Learning

Transfer learning, which adapts knowledge from a source domain to a target task,
has proven particularly effective in low-resource or highly specialized scenarios and has
therefore attracted considerable academic attention [49]. However, for large-scale models
such as Transformer, Wav2Vec, and GPT, significant challenges remain, including the risk
of negative transfer and high computational costs. To address these issues, this study
proposes an adaptive transfer learning approach based on layer-wise unfreezing. The
overall network architecture and algorithmic workflow are illustrated in the figure below.

The model architecture adopted in this study incorporates a fine-grained feedback
mechanism with a clear distinction between frozen and tunable layers, thereby improving
the precision and efficiency of transfer learning. The unfreezing process follows a top-
down strategy, where the number of trainable layers and the corresponding learning rates
are initialized according to cross-lingual similarity. This design preserves pre-trained
knowledge while gradually adapting the model to the target task. The overall architecture
of the proposed adaptive transfer learning network is illustrated in Figure 4. As training
progresses, a loss-driven adjustment strategy is applied to dynamically refine the
unfreezing process, enabling more adaptive and task-specific optimization. The detailed
training procedure is summarized in Algorithm 1.

The specific steps of the proposed algorithm are as follows:

(1) Model Initialization: This includes setting the maximum number of iterations ,
the pretrained model 7, the transfer model MH’”
, and the initial learning rate ; .

, the number of model layers v
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(2) Similarity and Loss Evaluation: The similarity between source and target

languages is calculated using Cosine similarity, denoted as SO0%  Simultaneously, the

Lo

(3) Determining the Number of Unfrozen Layers: The initial number of unfrozen
L

overall training loss is computed to guide the subsequent unfreezing strategy.

layers “o is determined based on the computed similarity score. The definition and

iterative update of the unfreezing depth are formulated as follows:

L,=[N-(1-sim,,)] (20)

L, =L +sig AL, () —AL,, (=D)AL @D
ALaal(t) and Alfotaz(t_l)

and !~ 1, respectively, and the step size AL issetto 1.
(4) Learning Rate Adjustment: The learning rate 7 is dynamically adjusted based on

where represent the change in loss values at iterations ?

similarity and loss:

77 . e_a(t)"?im score _ﬁ(t)'lﬁotal
_ 0

0, if frozen layer

, If unfrozen layer

n (22)

where & (1)

and () are time-dependent weighting coefficients that control the
influence of similarity and loss, respectively. At the early stage of training, ¢ (1) s set
relatively high and decreases gradually, while B(1) starts low and increases gradually

as training progresses.

at)=c-e”, BH=4-(1-e") (23)

where 7 is a positive constant (set to 0.1) to control the rate of decay and growth. The

=09
initial values are % and @ :OI

(5) Unfreezing Execution: Based on the determined unfreezing depth, the model is
incrementally unfrozen from the top layer downward. The learning rate is applied
accordingly to fine-tune each layer.

(6) Convergence Check: The process checks whether convergence criteria are met. If
not, the algorithm returns to step (2) for further updates.

(7) Final Output: Once convergence is achieved, transfer training is completed, and
the final target language recognition model is obtained.

To further assess the feature changes during the transfer process, this study employs
the CKA similarity matrix to quantitatively analyze key layers of the network before and
after fine-tuning. CKA measures the alignment of representations in kernel space across
different layers or stages and is widely used in neural network visualization and
interpretability research [50]. By comparing similarity scores across layers, the analysis
reveals how hierarchical features are adjusted during transfer, providing theoretical
support for the effectiveness of the layer-wise unfreezing strategy.
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Figure 4. Layer-wise unfreezing adaptive transfer learning network architecture.

Algorithm 1: Adaptive layer-wise unfreezing and learning rate scheduling for transfer
learning

Require: Mpr, 1, 1o, avo, o, L
Ensure: Merans

1: Mums € Mpsn) € no; L ¢ 0;
2: fort=1tondo

3: /* Stage 1: Similarity and Loss Calculation */
4: Compute siftiscore and training loss Lioal (t);

5: /* Stage 2: Layer Unfreezing Decision */

6: if t ==1 then

7 L & floor[N - (1 - sitscore)];

8: else

9: L & L+ sign(Ltota (t) — Ltota (t-1)) x AL;

10: end if

11: /* Stage 3: Learning Rate Adjustment */

12: if unfreeze then

13: n & 1o - exp(-a(t) -sitmscore = B(t) -Leot (1));
14: end if

15: a(t) € ao-exp(=y - t); p(t) & po- (1 -exp(=y - 1));
16: [* Stage 4: Layer-Wise Training */

17: Freeze layers < L; unfreeze layers > L;

18: Train Merans with 1;

19: /* Stage 5: Termination Check */

20: if stopping criterion met then

21: break;

22: end if

23: end for
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3.3. Dictionary Parameter Optimization Driven by MEA-AGA

In automatic speech recognition, dictionary construction is a critical component,
typically achieved through sub-word unit segmentation to standardize output. Among
these, NBPE serves as a core parameter that directly impacts vocabulary coverage,
sequence length, and model complexity. A small NBPE can increase coverage and reduce
annotation cost, but it leads to longer sequences and greater training difficulty.
Conversely, a large NBPE may simplify training but could weaken the model’s linguistic
expressiveness [36]. In low-resource scenarios such as Tongan, optimizing NBPE is crucial
to improving recognition performance. To this end, this study proposes the MEA-AGA
method to determine the optimal dictionary configuration for Tongan.

The genetic algorithm (GA) is an optimization method inspired by natural evolution,
which searches for optimal solutions through selection, crossover, and mutation
operations. However, traditional GA uses fixed parameter settings, making it prone to
local optima and lacking adaptability. The adaptive genetic algorithm (AGA) addresses
this by introducing dynamic parameter adjustment mechanisms, allowing the crossover
and mutation rates to evolve throughout the search process, thereby enhancing global
exploration and algorithm robustness. The functions are defined as follows:

kl (fmax _f,) g
—_— 2

P=3 fon—Sog /2 Tox (24)
kZ’ f, <»favg

k3 (fmax _f) >
p ol T2 -

k4’ f<je;vg
kb kK

In the equations, -,

Jms

are constants between 0 and 1. and

Ja
/

/" corresponds to the fitness of the individual undergoing mutation.

'$ denote the maximum and average fitness of the current population, respectively;

represents the fitness of the better individual among the two selected for crossover;

However, Equations (24) and (25) consider only individual fitness and neglect the
overall evolution of the population, making it difficult to capture population-wide trends
and potentially leading to local optima. To address this limitation, this study introduces
improvements to both the crossover and mutation probability functions:

.f/_favg
fnﬁx_f;;v’ 4
b= Derex ™€ 5 f Zfz;vg (26)
’
pcmax’ f < fe;Vg
f_favg
*e .fmax_.favg f>f
D,, =1 Prmmax s J = g (27)
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cmax mmax

represents the maximum crossover probability, and is the maximum
mutation probability. As shown in the equations, regardless of an individual’s fitness
value, both the crossover and mutation probabilities are prevented from dropping to zero.
This not only effectively preserves high-performing individuals but also avoids
premature convergence to local optima.

However, the exponential terms in the equations tend to magnify differences in
fitness values. When an individual’s fitness deviates substantially from the population
mean, the resulting rapid growth or decay of the exponential component may induce
excessive fluctuations in crossover and mutation probabilities. Such instability can lead to
over-exploration and undermine the robustness of the algorithm. To mitigate this issue,
fitness variance is introduced to further refine and stabilize the equations:

f,_/elwg
War(f") /
P.=1Pa®e " [12 1 28)
74
pcrmlx > f <fe‘wg
f_felwg
JVar(f)
P =1 P ¥€ T [ 2 @9)

pmmax’ f<f;Vg

Var(f) s a statistical measure used to quantify the dispersion of fitness values
within the population. A larger variance indicates greater differences in individual fitness,
while a smaller one implies a more uniform population. The calculation formula is as
follows:

Var(f)=%2(fi—favg)2 @0)

By incorporating fitness variance, the crossover and mutation probabilities are
adjusted more smoothly, thereby suppressing drastic fluctuations induced by extreme
fitness values. This adjustment enhances the stability of the algorithm and strengthens its
capability to explore the solution space effectively.

Although this strategy increases parameter flexibility, it is still susceptible to local
optima in complex search spaces, particularly when fitness differences among individuals
are minimal. This limitation reduces adaptability and hinders global exploration.
Moreover, AGA encounters challenges in balancing evolutionary speed and search
quality: overly aggressive adjustment rates may lead to divergence and inefficiency,
whereas overly conservative rates restrict the search range and degrade performance. To
address these limitations, this study integrates the MEA framework to further enhance
AGA. MEA simulates human-like rapid evolution through learning and innovation,
thereby improving both adaptability and global search capability. In each iteration, a
randomly initialized population undergoes fitness-based selection to generate a central
individual, which partitions the population into elite and temporary subpopulations. The
elite group preserves high-quality solutions, while the temporary group performs
exploratory search, together enabling cooperative optimization. The procedure is
illustrated in Figure 5.
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Figure 5. MEA flowchart.

As illustrated in the figure, the algorithm achieves a balance between global
exploration and local optimization through a two-phase “diversification—convergence”
strategy. During the diversification phase, population diversity is increased to promote
broad exploration of the search space and identify multiple promising candidate
solutions. In the subsequent convergence phase, these candidate solutions are refined to
enhance solution quality and improve convergence efficiency. The detailed procedures of
the diversification and convergence phases are depicted in Figures 6 and 7, respectively.

In the global search phase, a diversification operation is first conducted. The
population is divided into elite and temporary subpopulations according to fitness values,
facilitating competitive interactions that help identify multiple promising global optima.
If a temporary subpopulation outperforms the current elite subpopulation in terms of
fitness, it replaces the elite group and is incorporated into the set of optimal solutions.
Meanwhile, the temporary subpopulation with the lowest fitness is discarded and
reinitialized across the entire solution space. Since this phase emphasizes search breadth
and allows for larger parameter perturbations, the mutation mechanism from (29) is
adopted to expand the search range.

In the local search phase, a convergence operation is carried out. This operation
involves a two-stage refinement of the elite subpopulation obtained during the
diversification phase. Guided by the fitness function, it seeks to further enhance solution
quality and approximate the global optimum. To prevent excessive parameter
perturbation, the crossover mechanism is applied, with the crossover rate calculated using
(28), thereby improving the precision of local search. When the optimal individual
remains stable across successive iterations and no longer changes, the subpopulation is
considered matured, marking the completion of the convergence process.
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In summary, the MEA-AGA is employed to optimize the NBPE parameter in Tongan

speech recognition, with the objective of balancing recognition accuracy, decoding speed,

and training cost. Prior to the optimization process, a fitness function is defined to

comprehensively evaluate multiple factors in the recognition process, including model

accuracy, decoding efficiency, and training time. The calculation formula is as follows:
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L1og10 (tyrgin) )

fitness = c(1-WER,,, )+ B(1-WER,, )+ A Zﬁin + U (31)
10

train

validation set, the word error rate on the test set, the number of words recognized per

represent the word error rate on the

second, and the model training time, respectively. The corresponding weight coefficients
0(, B , A , and M are set to 0.3, 0.3, 0.3, and 0.1, reflecting the equal importance of
recognition accuracy and decoding speed, while giving relatively less emphasis to
training time. In addition, to eliminate the influence of differing units of measurement,
WPS and training time are normalized to ensure that all evaluation indicators fall within
a comparable range.

The overall procedure of the proposed optimization algorithm is summarized in
Algorithm 2, and its detailed steps are described as follows:

(1) Parameter Initialization: Set the maximum number of iterations, population size

N, crossover probability ~ ¢, and mutation probability 1,3,

(2) Population Initialization: Randomly generate 10 initial individuals

Wln NlWlOn‘

(3) Fitness Evaluation: Calculate the fitness scores of all individuals in the population
using (30).
(4) Diversification Operation: Sort individuals based on their fitness scores. The top

five individuals form the elite subpopulation PPrstin ~ PPrcstsn
poptarpln NpoptempSn

fitness score of the newly generated temporary subpopulation is higher than that of the

, and the bottom five

form the temporary subpopulation . Determine whether the

elite subpopulation. If so, apply mutation (29) to the lowest-scoring temporary individual
poptempln ~ pOptempSn

otherwise, the diversification phase is complete, and the elite subpopulation is finalized.

to generate a new temporary subpopulation , and return to step 3;

() Fitness Calculation of the New Elite Subpopulation: Recalculate the fitness scores
of all individuals in the new elite group using (30).

(6) Convergence Operation: Sort individuals in the elite subpopulation by fitness; the
highest-scoring individual is identified as the winner. Determine whether the population
has matured. If the winner changes, perform crossover (28) on the remaining individuals
to generate new individuals, and return to step 5; otherwise, the convergence phase is
complete, and the global optimal individual is obtained.

(7) Termination Check: Determine whether the stopping condition is met. If the
maximum number of generations has been reached, the process ends and the current
optimal NBPE value is output; otherwise, return to step 3 to continue iteration.

(8) Dictionary Construction: Based on the optimal NBPE value, segment Tongan
words and construct the Tongan dictionary, which serves as a standard for both training
and inference, ultimately enabling accurate and efficient Tongan speech recognition.

Algorithm 2: MEA-AGA for Dictionary Parameter Optimization
Require: N, #max, P, Pm, popi~pop1o

Ensure: Optimal NBPE

1: /* Stage 1: Initialization */
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2: Initialize parameters; generate population popi~pop1o;
3: for iteration =1 to #mx do

4: /* Stage 2: Fitness Evaluation */

5: Compute fitness for all individuals;

6: [* Stage 3: Differentiation */

7: Rank population; select top 5 as popelite, others as poptemporary;
8: if poptemporary better than popeiie then

9: Replace popelie; mutate poor individuals (see Equations (3)—(32));
10: else

11: Regenerate popelite;

12: continue;

13: end if

14: /* Stage 4: Aggregation */

15: Optimal NBPE ¢ NBPE of best individual

16: if not converged then

17: crossover individuals (see Equations (3)-(31));
18: continue;

19: end if

20: /* Stage 5: Termination */

21: if termination met then

22: break;

23: end if

24: end for

4. Experimental Setup
4.1. Dataset Configuration

In transfer learning, the choice of source language plays a crucial role in determining
model performance. This is especially relevant for low-resource speech recognition, where
selecting a source language with abundant resources and phonetic structures similar to
the target language can significantly improve transfer effectiveness and generalization.
Tongan, the official language of the Kingdom of Tonga, belongs to the Polynesian
language family and represents a typical low-resource case [51]. Due to historical
colonization and the influence of modern education systems, English has gradually
become one of the official languages and is widely taught as a second language in schools
[52,53]. Prolonged language contact has resulted in extensive borrowing from English,
both in vocabulary and phonological systems, creating notable similarities in phoneme
distribution and speech structure. Furthermore, English, as the most resource-rich
language, offers large-scale annotated corpora and well-developed pretrained models,
providing a strong foundation for transfer learning. Therefore, this study selects English
as the source language for building pretrained models to facilitate Tongan speech
recognition.

This study employs two datasets. For English, the publicly available LibriSpeech
corpus (960 h) is used for pretraining. For Tongan, the speech data were recorded in our
laboratory by several professional researchers to ensure both speaker diversity and
consistent recording quality. All recordings were conducted in a quiet indoor
environment using a high-quality condenser microphone positioned approximately 20 cm
from the speaker’s mouth. Each utterance was recorded by a single speaker without
overlap to avoid multi-speaker interference. All recordings were captured in mono format,
with no speaker diarization applied, as each utterance was produced by a single speaker.
The sampling rate was set to 16 kHz. The transcription process was manually performed
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using Notepad++ and strictly aligned with the reference text to guarantee complete
labeling accuracy. The recordings feature clear and standardized pronunciation, making
them suitable for evaluating model performance and recognition robustness under low-
resource conditions. In total, 1.44 h of Tongan speech data were obtained and divided into
training, validation, and test sets. Detailed statistics are provided in Table 1.

Table 1. Tongan corpus configuration (raw data).

Dataset Duration (h) Sampling Rate Format
Training 1.13
Validation 0.15

Tost 015 16 kHz FLAC
Total 1.43

As shown in the table, the Tongan dataset is relatively small in scale. Direct training
on such limited data is likely to cause overfitting and reduce the model’s generalization
capability. Therefore, in the subsequent experiments, the data will be appropriately
augmented and expanded to reach a more reasonable scale.

4.2. Experimental Design

This study adopts the Mixformer network as the base architecture for transfer
learning. The pre-trained weights are obtained from previous English speech recognition
experiments that were trained on the LibriSpeech corpus [54]. The Mixformer model,
containing approximately 90 million parameters, performs loss-based weighted fusion of
the Conformer, Unified Conformer, and U2++ Conformer architectures to improve overall
robustness. During decoding, it combines both CTC and attention mechanisms,
incorporating a penalty function to dynamically optimize decoding paths, thereby
achieving a balance between recognition accuracy and inference efficiency. Building on
this foundation, the proposed layer-wise adaptive transfer strategy is applied to fine-tune
the model, improving its adaptability and training efficiency for the Tongan language
task.

To provide a clearer view of the model’s architecture and performance, Tables 2 and
3 present the Mixformer’s core configurations, along with its training settings and
recognition results on the English corpus.

Table 2. Model architecture.

Layer Name Output Size Input Size/Patch Size, Stride

Input 80d 1000 x 80
Conv2D (input layer) 250 x 20 x 256 80 x T, 4 x 4, stride 2

Positional encoding 250 x 256 250 x 256
Conformer block x 12 250 x 256 250 x 256
Feed-forward layer 250 x 256 250 x 256
Self-attention layer 250 x 256 250 = 256
CNN module 250 x 256 250 x 256
Fully connected layer 5002 d 250 x 256
Output 5002 d 250 x 5002

Table 3. Parameter configuration and recognition results in English pretraining stage.

Parameter Value

Learning rate 0.001
Decoder layers 6



Appl. Sci. 2025, 15, 11412

22 of 40

Maximum sequence length 2000
Batch size 12
Number of training epochs 100
CTC loss weight 0.3
Decoding strategy Adaptive Decoding with Dynamic Rescoring
Recognition performance (WER) 3.92%

Experiments were conducted on an NVIDIA RTX 4070 GPU (16 GB, NVIDIA
Corporation, Santa Clara, CA, USA) with CUDA 11.8, running on 64-bit Ubuntu 18.04.
The environment was configured with Python 3.8 and PyTorch 2.1.2. Detailed parameter
settings for the Tongan training stage are summarized in Table 4.

Table 4. Parameter configuration in Tongan training stage.

Parameter Value
Learning rate 0.001
Decoder layers 6
Maximum sequence length 2000
Batch size 12
Number of training epochs 25
CTC loss weight 0.3
Optimizer Adam
Dropout rate 0.1

In addition, standard training management techniques were employed, including
early stopping based on validation loss and automatic checkpoint saving after each epoch.
Furthermore, a warm-up followed by cosine-annealing learning rate scheduling was
utilized to stabilize the training process and promote smoother convergence.

4.3. Performance Metrics

In speech recognition, evaluating model performance is critical. This study adopts
Word Error Rate (WER) as the primary evaluation metric. WER is calculated by measuring
the minimum edit distance—comprising substitutions, insertions, and deletions—
between the recognized text and the reference text and dividing it by the total number of
words in the reference. The formula is as follows:

j— SH/+DW+[W
N

w

WER 32)

W

Here, , ", and %

represent the number of substitutions, deletions, and

insertions, respectively, while ~ " denotes the total number of words. A lower W ER
indicates higher recognition accuracy.

In addition to recognition accuracy, decoding speed is also an important evaluation
criterion. This study uses Words Per Second (WPS) to reflect the model’s real-time
processing capability. The calculation formula is as follows:

WPS = ﬂ (33)
I

1 represents the time required to complete an inference of speech recognition.
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In addition, to systematically evaluate the effectiveness of the data augmentation and
partitioning strategies, this study conducts quantitative analysis from two perspectives:
the similarity quality of augmented data and the class balance of the partitioned subsets.

For similarity evaluation, the proposed augmentation algorithm incorporates a DRF
module to assess feature similarity between synthetic pseudo-samples and original
samples. DRF filters and retains high-quality augmented samples based on a scoring
mechanism, as detailed in (8).

For class balance evaluation, given that audio signal features are high-dimensional
and structurally complex, making them difficult to interpret directly, this study employs
the t-SNE dimensionality reduction algorithm to project the features into a two-
dimensional space for intuitive visualization of data clustering. To quantitatively assess
distributional divergence between subsets, a weighted total variance metric is introduced
as follows:

ol +n, O. N, O

train train val val test test
(34)

n +n _,+n

train val test

o =l

total —

o> . o’

train “val and st denote the variances of the training, validation and test

n

anain val

sets, respectively; , and &t

represent the number of samples in the
training, validation and test sets.

5. Experimental Results
5.1. Data Augmentation Experiments

To address data scarcity and class imbalance in Tongan speech recognition, this study
augments the original dataset using SRA-DRF combined with weighted stratified
sampling. The effectiveness is evaluated from two perspectives: data partitioning and
augmentation similarity.

For the data partitioning experiment, given the large volume of augmented samples,
qualitative analysis uses only a subset for t-SNE visualization to avoid visual clutter. It is
important to note that the x- and y-axes in the t-SNE plots reflect only relative sample
distribution without physical meaning; therefore, axis ticks are omitted in the
corresponding figures. In contrast, quantitative analysis is performed on the full dataset
to compute the total variance, ensuring comprehensive and representative evaluation.
The data are clustered into 3 to 7 groups, and samples are further categorized into near,
medium, and far subgroups according to their distances from cluster centers. Stratified
sampling is then applied to construct the training, validation, and test sets. Finally, the
proposed method is compared with the baseline approach both qualitatively and
quantitatively, as shown below.

Figure 8 presents the clustering results of the traditional algorithm and the proposed
method under different numbers of clusters (3-7). When the number of clusters is set to 3,
the clustering is relatively coarse, making it difficult to distinguish the data effectively. As
the number increases to 4 or 5, the data distribution becomes clearer, and clustering
quality improves markedly. However, with 6 or 7 clusters, the boundaries become blurred
and class overlap intensifies, leading to a decline in clustering performance. Comparing
performance across different cluster settings, the traditional K-Means performs
reasonably well with fewer clusters but exhibits severe class mixing as the number
increases. In contrast, the proposed method maintains clearer separation even with higher
cluster counts, alleviating the overlap issue to some extent and consistently outperforming
the baseline.
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Table 5 presents the dataset partitioning results obtained using K-Means and
weighted stratified K-Means under different cluster numbers (three to seven). The
experimental results indicate that although the total variance of K-Means generally
decreases as the number of clusters increases, its performance becomes unstable at higher
cluster counts (six or seven), particularly on the test set. In contrast, the proposed method
maintains better balance even with fewer clusters and exhibits more stable variance trends
as the cluster number increases, demonstrating improved consistency and uniformity in
partitioning. Based on the overall evaluation, the configuration with five clusters—
yielding the most balanced results—is selected for subsequent data partitioning. The final
statistics are reported in Tables 6 and 7.
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Figure 8. Comparison of clustering results.

Table 5. Quantitative comparison of dataset partitioning results.

Variance . Variance Total
Method No. of Clusters (Train) Variance (Val) (Test) Variance
3 1.0002 1.0166 0.9859 1.0004
4 1.0025 1.0165 1.0130 1.0050
K-means 5 0.9998 0.9467 0.9649 0.9910
6 0.9907 0.9754 0.9904 0.9891
7 1.0112 0.9856 1.0409 1.01116
3 0.9598 0.9833 1.0230 0.9685
Weighted 4 1.0008 0.4244 0.6290 0.9059
Stratified 5 0.9110 0.6476 0.7583 0.8694
K-Means 6 1.0060 0.6299 0.7208 0.9398
7 1.0751 0.7032 0.5919 0.9894

Table 6. Dataset partition statistics.

Dataset Number of Samples
Training Set 1449
Validation Set 181
Test Set 182
Total 1812
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Table 7. Final sample classification statistics.

Cluster Subclass
Class 1: 88
Cluster 1: 267 Class 2: 89
Class 3: 91
Class 1: 126
Cluster 2: 328 Class 2: 125
Class 3: 131
Class 1: 110
Cluster 3: 333 Class 2: 112
Class 3: 111
Class 1: 107
Cluster 4: 324 Class 2: 107
Class 3: 110
Class 1: 167
Cluster 5: 506 Class 2: 172
Class 3: 167
Total: 1812

To validate the effectiveness of the augmentation method, eight controlled
experiments were conducted to examine the impact of different augmentation techniques
and class sample distributions on classification accuracy. The experimental configurations
and results are summarized in Table 8.

Table 8. Data augmentation effectiveness experiment.

ExPe?me“ 1 2 3 4 5 6 7 8
A 1804 1830 1946 400 1946 1946 1946 973
B 1766 1772 1820 1820 400 1820 1820 1820
C 1796 1804 1870 1870 1870 400 1870 1870
D 1726 1768 1804 1804 1804 1804 400 1804
E 1816 1828 1846 1846 1846 1846 1846 400

Similarity 79.60% 88.62% 90.63% 73.50% 72.13% 72.09% 72.90% 70.30%

In this study, the dataset consists of five categories (A, B, C, D, E), clustered by the
weighted stratified sampling algorithm. In Experiment 1, data augmentation was
performed using a Generative Adversarial Network (GAN), which achieved a similarity
of 79.60%. Experiment 2 applied traditional signal processing techniques such as speed
and pitch perturbation, achieving a similarity of 88.62%. Experiment 3 integrated both
approaches with the proposed augmentation algorithm, achieving the highest similarity
of 90.63%. This result outperformed Experiments 1 and 2, demonstrating that the
proposed method effectively enhances data quality and improves model robustness.
Experiments 4-8 involved removing one category at a time from the Tongan dataset. The
results show that removing any category led to a significant drop in accuracy, indicating
that maintaining class balance plays a crucial role in data augmentation. Therefore, the
dataset generated in Experiment 3, which achieved the highest classification accuracy,
was selected for subsequent transfer learning experiments.

After data augmentation and partitioning, the final Tongan speech dataset consists
of 8686 audio samples, divided into five categories: A (1946 samples), B (1820), C (1870),
D (1804), and E (1846), totaling approximately 11.44 h. All audio files are stored in FLAC
format and sampled at 16 kHz. The dataset distribution is shown in Table 9.
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Table 9. Configuration of the expanded data sample set.

Sample Set Category Sampling Rate Format
A:1946 (2.56 h)
Training Set: 6950 (9.15 h) B: 1820 (2.40 h)
_ C: 1870 (2.46 h) 16 KHz FLAC
Validation Set: 866 (1.14 h) D: 1804 (1.59 h)
Test Set: 870 (1.15 h) E: 1846 (2.43 h)

Total: 8686 (11.44 h)

In summary, the proposed data augmentation method not only expanded the corpus
size but also preserved a high similarity in feature distributions between the augmented
samples and the original data, confirming the effectiveness and practicality of the
augmented corpus. The weighted stratified sampling strategy effectively improved class
balance during dataset partitioning and enhanced the consistency across the training,
validation, and test sets. Together, these two strategies enabled the development of a
stable, high-quality low-resource speech dataset, providing a solid foundation for
subsequent model training.

5.2. Transfer Learning Experiments

To comprehensively evaluate the effectiveness of the proposed transfer learning
strategy, this section conducts experimental validation from two perspectives: a visual
analysis of the model migration process and a comparison of recognition performance
after transfer.

The experiment begins with a visualization-based analysis to examine structural
changes in the model before and after fine-tuning. Given the complexity of the adopted
architecture, it is impractical to cover all layers. To address this, a representative selection
strategy is adopted: the lower layers are sampled using stratified sampling, and the last
30 upper layers are selected to align with the layer-wise unfreezing process and to observe
the evolution of feature representations. The corresponding experimental results are
presented below.

Figures 9 and 10 present the CKA similarity matrices of four models before and after
training, focusing on the lower and upper layers. The results show that the similarity
patterns in the lower layers are highly consistent across all models, with values along the
main diagonal close to 1. This suggests that lower-level features remain largely unchanged
during fine-tuning and are minimally affected by parameter updates. In contrast, the
upper-layer similarities gradually decrease with increasing depth, as reflected by the
fading of the main diagonal. This trend suggests that parameter adjustments intensify
progressively in higher layers. Such a pattern aligns well with the layer-wise unfreezing
strategy discussed in Section 3.2, further confirming that higher-level representations
gradually adapt to the target task, whereas lower-level structures remain stable. This
demonstrates the effective implementation of the proposed transfer strategy.
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Figure 9. CKA similarity of low-level structures before and after transfer across models.
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Figure 10. CKA similarity of high-level structures before and after transfer across models.

Figure 11 quantitatively illustrates the changes in feature similarity across different
layers. The similarity scores in the lower layers remain close to 1, indicating that these
features remain stable during fine-tuning. In contrast, similarity in the upper layers
decreases progressively with increasing depth, with the largest drop observed in the top
layers, thereby confirming the effectiveness of the layer-wise unfreezing strategy. The
extent of high-layer variation differs among models: Conformer exhibits the smallest
change, while Unified Conformer and U2++ Conformer show more noticeable decreases.
Mixformer demonstrates the most substantial drop, suggesting a more thorough
adaptation of high-level features, which may enhance its potential for Tongan speech
recognition tasks.

Layer-wise Similarity (Lower Layers) Layer-wise Similarity (Higher Layers)
1.0
—e— Conformer
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Figure 11. Layer-wise similarity variation before and after transfer in different models.

Building on the preceding visualization analysis, this section further evaluates
recognition performance after transfer learning. Table 10, Figures 12 and 13 summarizes
the experimental results for the combinations of three data augmentation strategies
(without augmentation, random augmentation, and the proposed method) and two
training approaches (direct training and layer-wise transfer learning).

The results show that direct training without augmentation results in poor
recognition accuracy. Random augmentation provides only modest and limited
improvements. In contrast, the proposed method combined with layer-wise transfer
markedly improves recognition accuracy while halving the required training epochs. A
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plausible explanation for this improvement lies in two main aspects. First, the SRA-DRF
augmentation expands the training data with higher quantity and quality, avoiding
invalid or overly dissimilar samples that may arise in random augmentation. Its selective
mechanism guarantees that the generated audio remains acoustically consistent with the
original recordings, thereby enhancing the model’s generalization ability and reducing
learning bias. Second, the adopted transfer learning strategy enables the model to leverage
the pretrained English representations, which share similar phonetic and acoustic
characteristics with Tongan. This facilitates more efficient feature adaptation, leading to
faster convergence and higher recognition accuracy. These findings highlight both the
effectiveness and efficiency of the proposed method in addressing data scarcity in low-
resource languages, providing a promising modeling approach for Tongan speech
recognition.

Table 10. Comparison of data augmentation methods.

. - WER(%)
Augmentation Method Training Strategy Dev Test Epoch

. ) Direct Trainin 53.77% 54.93% 50
Without Augmentation Transfer Leamiig 42.31%  43.43% 25
Random Augmentation Direct Training 44.01%  46.01% 50
Transfer Learning 36.80%  36.09% 25
SRA-DRF Direct Training 35.05%  36.91% 50
Augmentation Transfer Learning 28.56%  30.42% 25

53.77 . =
[m Direct Training

mmm Transfer Learning

Without Random SRA-DRF
Augmentation Method

Figure 12. Development set comparison of data augmentation methods.
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54.93

Without

Augmentation Method

Figure 13. Test set comparison of data augmentation methods.

5.3. Dictionary Parameter Optimization Experiments

I Direct Training
wmm Transfer Learning

SRA-DRF

This section performs automatic optimization of the core dictionary parameter,
NBPE, using the MEA-AGA, in order to determine the optimal dictionary size. The
process begins with the differentiation phase to generate the initial population. The results

are presented below.
Table 11 lists ten sets of NBPE parameters generated during the initial Differentiation
phase, along with their corresponding WER, training time, and WPS performance metrics.

The fitness scores, calculated according to (31), are used to rank these candidates The top

five individuals are designated as the elite subpopulation, providing the foundation for

subsequent optimization of dictionary parameters, while the remaining five are classified

as temporary individuals, forming the temporary subpopulation.

Table 11. Results of differentiation operation.

NBPE Dev-WER Test-WER  Training Time WPS Fitness

96 27.75% 30.56% 8633.962 35.32 0.646
197 28.57% 30.44% 4769.055 63.40 0.823
248 28.44% 30.38% 4912.812 60.98 0.810
304 28.49% 30.49% 4733.265 63.10 0.824
346 28.56% 30.49% 4621.743 67.50 0.842
398 28.4% 30.59% 4501.978 66.90 0.846
504 29.55% 31.29% 7031.657 63.80 0.750
627 29.05% 30.88% 5442.410 63.50 0.800
715 30.1% 31.85% 9789.546 61.50 0.701
824 27.84% 30.3% 7421.311 34.59 0.662

Building on this foundation, an Aggregation operation is applied to both the elite and

temporary subpopulations to enable fine-grained search and improve overall

optimization performance. Figure 14 illustrates the variation in fitness scores of the two
subpopulations throughout the Aggregation process.
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Figure 14. Iteration process of the dominant and temporary subpopulation.

The results indicate that the MEA-AGA achieves stable performance in dictionary

parameter optimization, with fitness scores steadily improving during the early stages

and gradually converging in later iterations. The elite subpopulation consistently

outperforms the temporary subpopulation, and the optimal solution stabilizes at a fitness

value of 0.865. These findings validate the effectiveness of the algorithm. Detailed iterative

results for each subpopulation are provided in Tables 12 and 13.

Table 12. Results of aggregation operation (dominant subpopulation).

Elite . NBPE Dev-WER Test-WER Training Time WPS Fitness
Subpopulation

398 28.4% 30.59% 4501.978 66.9 0.846

402 27.58% 29.53% 4467.74 67.1 0.853

1 404 27.35% 29.36% 4454.104 67.5 0.856
396 26.58% 29.12% 4453.273 67.8 0.861

401 26.18% 28.64% 4397.113 68 0.866

346 28.56% 30.49% 4621.743 67.5 0.842

349 27.82% 30.3% 4518.454 67.3 0.849

2 353 27.49% 30.53% 4495.042 67.5 0.851
347 27.42% 29.82% 4405.517 67.6 0.858

352 27.54% 29.51% 4337.336 67.8 0.862

304 28.49% 30.49% 4733.265 63.1 0.824

298 28.4% 30.46% 4797.737 65 0.827

3 305 28.54% 30.38% 4563.825 66.8 0.842
301 28.6% 30.4% 4596.438 68.4 0.845

302 28.47% 30.46% 4571.535 68.3 0.847

197 28.57% 30.44% 4769.055 63.4 0.823

200 28.49% 30.38% 4730.056 64.35 0.828

4 199 28.56% 30.51% 4719.169 64.72 0.829
198 28.4% 30.49% 4625.665 64.85 0.834

196 28.42% 30.4% 4520.073 67.36 0.847

248 28.44% 30.38% 4912.812 60.98 0.810

253 28.38% 30.38% 4965.732 63.5 0.817

5 250 28.48% 30.42% 4945.569 64.45 0.819
249 28.54% 30.69% 4843.549 67.36 0.831

255 28.42% 30.4% 4618.713 64.6 0.834
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Table 13. Results of aggregation operation (temporary subpopulation).

Temporaty  \ppE  Dev-WER Test-WER Training Time WPS  Fitness
Subpopulation

627 2905%  30.88% 544241 653  0.800

628 2848%  30.34% 5016.44 60.69  0.805

1 631 2854%  3028% 4974087 618 0810
630 2854%  30.40%  A4786.692 6.6 0817

629 2851%  30.69% 4726863 6467  0.828

504 2955%  31.29% 7031.657 638 0751

508 29.32%  31.05% 6474.046 625 0761

2 503 2001%  30.74% 5882.4 618 0776
502 2879%  30.48% 5435.942 609 0789

506 2842%  3036%  4882.962 575 0.801

715 30.10%  31.85% 9789.546 615 0701

713 2980%  31.60% 8216.906 605 0719

3 715 2951%  31.29% 7150.462 508 0737
715 2925%  31.00% 6446.574 589 0751

711 2899%  30.80% 5692.336 582 0771

824 27.84%  30.30% 7421311 3459  0.664

826 2802%  30.45% 6677.349 342 0677

4 828 28.15%  30.60% 6071.508 33.8 0.69
819 2830%  30.80% 5505.059 335 0705

820 2844%  31.00% 5006.507 332 0721

9% 27.75%  30.56% 8633962 3532  0.647

98 2790%  30.70% 7619.316 349 0660

5 99 28.05%  30.85% 6797.429 345 0674
94 2820%  31.00% 6240.127 341 0685

95 2835%  31.20% 5402.427 338 0708

Finally, the NBPE parameter was optimized using the MEA-AGA strategy. The

experimental results indicate that when NBPE is set to 401, the model achieves WERs of
26.18% on the Dev set and 28.64% on the Test set, with a decoding speed of 68 WPS. These
outcomes demonstrate a favorable balance between recognition accuracy and decoding

efficiency, thereby validating the practical value of the proposed optimization strategy for

low-resource language recognition tasks.

5.4. Comparative Analysis of Model Performance

To systematically evaluate the effectiveness of the proposed optimization strategies,

a series of comparative experiments were conducted. The evaluation metrics included
Dev-WER, Test-WER, and WPS. The results are summarized in Table 14, where “\”
indicates that the corresponding strategy was applied, and “— —"” denotes that it was not.

Table 14. Comparative analysis of model performance under different optimization strategy.

Data Transfer Parameter
Experiment Augmentatio = Learning  Optimizatio Dev-WER Test-WER WPS
n Optimization n
1 —— —— —— 53.77%  54.93% 49.22
2 N —— —— 44.01%  46.01%  49.83
3 V x/ —— 28.56%  30.42%  63.75
4 N V \ 26.18%  28.64%  68.00
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The experimental results are further visualized in Figure 15, which illustrates the
performance variations under different optimization strategy combinations.

Experiment 1 serves as the baseline model without any optimization strategies. In
Experiment 2, the proposed data augmentation and partitioning strategy is applied,
which ensures both the quantity and quality of the expanded data while also addressing
class imbalance. As a result, both dev-WER and test-WER are significantly reduced. This
demonstrates its effectiveness in improving recognition accuracy and generalization,
particularly for low-resource languages like Tongan. Experiment 3 additionally
incorporates the layer-wise adaptive transfer learning strategy. By leveraging the
similarity between English (source language) and Tongan (target language) in phonetic
structures, the model achieves faster convergence and a further reduction in WER. These
results highlight the adaptability and practicality of the proposed method for low-
resource tasks. In Experiment 4, the NBPE value is optimized to refine vocabulary
granularity, thereby enhancing the model’s capacity to represent Tongan linguistic
features and improving both recognition accuracy and decoding speed.

68.00

mm Dev-WER (%)
mmm Test-WER (%) 63.75
s WPS (word/s)

5493

Exp.1 Exp.2 Exp.3 Exp.4
Experiment Index

Figure 15. Comparative analysis of model performance under different optimization strategy.

In addition, Table 15 compares the performance of several mainstream models on the
Tongan dataset. The results indicate that the proposed method surpasses the others in
both recognition accuracy and inference efficiency, thereby demonstrating superior
overall performance.

Table 15. Comparative analysis of speech recognition performance of state-of-the-art models.

WER (%)

Method Dev Test WPS (word/s)
DeepSpeech 31.50% 32.39% 48
Kaldi 31.54% 32.81% 55
HuBERT 27.50% 28.98% 62
Wav2Vec 2.0 27.20% 29.10% 65
XLS-R 26.80% 28.86% 64
Whisper 26.90% 29.02% 60
Mixformer 26.18% 28.64% 68

(Our method)
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To further evaluate the overall performance of the proposed model, a horizontal
comparison was conducted between the recognition results for Tongan and those
reported for other low-resource languages. As shown in Table 16 and Figure 16, although
the available Tongan corpus is relatively limited (11.44 h), the achieved recognition
accuracy remains within a reasonable range, demonstrating performance that consistent
with the dataset scale. This finding further underscores the practicality and adaptability
of the proposed method in low-resource scenarios.

Table 16. Performance comparison of speech recognition on other low-resource languages.

Language Model Method Duration (hours) Test-WER(%)
Quechua [55] wav2letter++ 198 22.75%
Maori [56] Wav2Vec2 4 23%
Arabic [11] Deepspeech 139 24.3%
Sesotho [57] Kaldi 53.8 45.01%
Turkish [58] CTC/Attention 16.36 48.01%
Tonga Mixformer 11.44 28.64%
50 A 48.01%

45.01%

g

24.30%

23.00%

22.75%

Test WER (%)

N
o
s

10 1

Quechua Maori Arabic Sesotho Turkish Tongan
(wav2letter++) (Wav2Vec2) (Deepspeech) (Kaldi) (CTC/Attention) (Mixformer)
198 h 4h 139 h 53.8 h 16.36 h 11.44 h

Languages and Model Configurations

Figure 16. Performance comparison of speech recognition on low-resource languages.

6. Conclusions

With the rapid development of deep learning and artificial intelligence, speech
recognition technology has been widely adopted worldwide. However, most existing
research has focused on resource-rich languages such as English and Chinese, while
studies on low-resource languages like Tongan remain scarce. These languages typically
lack systematic corpora and effective modeling approaches, leading to challenges such as
data scarcity, limited model transferability, and inadequate dictionary modeling
mechanisms.

To overcome these limitations, this study first constructs a pretrained model using
resource-rich English corpora and then fine-tunes it on the target language, Tongan,
through a layer-wise adaptive transfer learning strategy. This approach enables both
efficient and accurate speech recognition. Moreover, it provides valuable theoretical and
technical support for the preservation of Tongan linguistic and cultural resources, while
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also promoting international cultural exchange. The main contributions of this study are
summarized as follows:

(1) To address the issue of limited Tongan language data, this study proposes an
SRA-DRF algorithm. By combining GAN-based synthetic data generation with traditional
signal processing techniques, high-quality audio samples are produced. The effectiveness
of the augmented data is validated through similarity comparison, demonstrating that the
dataset size increases from 1.43 h to 11.44 h, with a similarity score of 90.63% between the
augmented and original data. This effectively alleviates the problem of data scarcity.
Furthermore, a weighted stratified sampling strategy is employed to achieve class-
balanced partitioning, ensuring that the training, validation, and test sets maintain a
complete and balanced sample distribution, thereby enabling the model to fully learn the
features of each category.

(2) In the transfer learning phase, this study introduces a layer-wise adaptive strategy
that preserves the low-level general features of the pretrained model while dynamically
adjusting the learning rates of the higher layers according to loss values and source—target
language similarity. Fine-tuning is applied primarily to the higher layers. The
effectiveness and rationality of this strategy are further demonstrated through CKA
similarity matrix analysis, which reveals distinct patterns of hierarchical feature
adaptation.

(3) For optimizing the critical NBPE parameter in Tongan dictionary construction,
this study proposes the MEA-AGA optimization algorithm. The NBPE value is optimized
from an initial setting of 300 to 401. With this configuration, the optimized model achieves
a Dev-WER of 26.18% and a Test-WER of 28.64% on the Tongan dataset, along with a
decoding speed (WPS) of 68. Compared with the baseline model (Dev-WER 53.77%, Test-
WER 54.93%, WPS 49.22), these results represent approximately 51.3% and 47.9% relative
reductions in WER, and a 38.2% increase in decoding speed. These results demonstrate
substantial improvements in both recognition accuracy and inference efficiency.
Compared with mainstream approaches, the proposed method exhibits clear advantages
and achieves performance within a reasonable accuracy range for low-resource language
speech recognition.

Beyond its technical contributions, the development of speech recognition for low-
resource languages such as Tongan also carries important ethical and societal significance.
From a cultural perspective, it supports linguistic diversity by promoting the digital
preservation and accessibility of endangered languages, helping safeguard intangible
cultural heritage and enabling inclusive global communication. From an ethical
standpoint, enhancing Al inclusivity helps narrow the digital divide and prevent the
marginalization of smaller linguistic groups. At the societal level, improving recognition
for minority languages contributes to cultural sustainability and supports education and
social inclusion in multilingual regions.

7. Future Work

Although the proposed transfer strategy and parameter optimization algorithm have
achieved promising results in Tongan speech recognition, several limitations remain.
Future research can therefore be pursued in the following directions:

(1) Dataset Expansion: The current Tongan speech corpus remains relatively small.
Although the proposed data augmentation and balanced partitioning strategies have
partially alleviated data scarcity and mitigated imbalance to some extent, the corpus size
and distribution are still limited compared with mainstream languages. This constraint
may affect the model’s generalization performance across phonetic categories. Future
work should prioritize the collection of larger and more balanced Tongan speech datasets
with higher quality to further enhance model robustness and generalizability.
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(2) Optimization of Transfer Strategies: Although the proposed framework
effectively adapts pretrained models to low-resource speech recognition, it still relies on
supervised fine-tuning. This dependency may limit adaptability when labeled data are
scarce or domain variations occur. Future research could explore more flexible transfer
learning paradigms to overcome these limitations. For instance, unsupervised or semi-
supervised adaptation strategies could reduce reliance on annotated data, while zero-shot
or few-shot learning mechanisms may enhance model generalization under extremely
low-resource conditions.

(3) Broader Source Language Selection: In this study, English was selected as the
source language due to its phonetic similarity to Tongan. Future research could
investigate multilingual joint transfer strategies to enhance cross-lingual generalization.
Moreover, given the demonstrated effectiveness of the proposed method for Tongan, its
applicability to other low-resource languages deserves systematic evaluation to validate
its universality and scalability.
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