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The preservation of regional dialects in China has become increasingly important due to the dominance of
Mandarin, driven by urbanization and globalization, which threatens local languages and cultures. This paper
addresses the challenge of dialect restoration by leveraging advanced AI models, including Convolutional
Neural Networks (CNN) and Long Short-Term Memory (LSTM) networks, to restore and maintain regional
dialects in the digital era. The objective of this research is to develop a scalable, real-time framework for dialect
restoration that ensures both linguistic accuracy and cultural preservation. The proposed method utilizes
FastSpeech2 for text-to-speech synthesis and HiFi-GAN for high-fidelity speech generation, overcoming the
limitations of traditional models. The framework also integrates Mel-Frequency Cepstral Coefficients (MFCCs)
for feature extraction and the Arithmetic Optimization Algorithm (AOA) for efficient optimization, which
improves both accuracy and processing speed. The results demonstrate the effectiveness of the proposed
method, achieving an accuracy of 0.9812, precision of 0.9811, recall of 0.9808, and F1-score of 0.9805, indicating
high performance in dialect classification and restoration. The Mean Opinion Score (MOS) for speech quality
ranges from 4.52 to 4.72, with Mandarin achieving the highest score of 4.72. The Word Error Rate (WER) is
between 1.58% and 2.45%, with Mandarin showing the lowest error rate of 1.58%. These results confirm the
potential of the proposed framework in preserving regional dialects and ensuring their continued cultural
significance.
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1. Introduction

The necessity for the preservation of regional dialects is
becoming more critical with urbanization and globaliza-
tion in China, which are major factors that will continue
to shrink its already diverse linguistic landscape [1]. The
widespread use of Mandarin has, to a large extent, silenced
and even eliminated some of the regional languages and,
consequently, the cultures linked to them [2]. The "Regional
Identity Shifts in the Chinese Language and Culture AI Di-
alect Restoration Project" is a project that tackles this issue

directly by using the latest AI technologies not only to re-
store but also to maintain these dialects, thus ensuring they
will be recognized as the digital-age elements of China’s
vibrant cultural heritage [3], [4]. By utilizing state-of-the-
art technology, this framework intends to come up with a
long-term solution for dialect preservation [5].

A number of reasons have led to the decrease of re-
gional dialects in China [6]. The massive use of Mandarin
in schools, media, and government policies has greatly less-
ened the use of local dialects, especially among the young
people [7]. Moreover, the movement of people and the
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growth of cities have strengthened the position of Man-
darin not only in business but also in social life [8]. The
change in linguistic environment has been from one that
was very diverse in terms of dialects to one that was very
uniform and this has ousted their use [9]. Thus, the chal-
lenge of coming up with creative strategies for the protec-
tion and revival of these regional languages has become
imperative [10].

Previously used techniques to maintain dialects primar-
ily depended on human recordkeeping and conventional
linguistic approaches like Hidden Markov Models (HMM)
and LSTM networks [11]. Although these techniques have
found their way into speech recognition, phonetic transcrip-
tion, and dialect classification, they have major drawbacks
[12], [13]. Particularly, they have problems with scalability
which is critical when it comes to handling the changing
and varied characteristics of regional dialects [14]. In ad-
dition, these systems do not support the restoration of di-
alects in real time and are likely to produce incorrect results
when encountered with complicated linguistic variations
[15].

The framework that has been proposed does not just
get rid of the disadvantages of the existing methods but
also makes use of a Hybrid CNN + LSTM model for di-
alect recognition and FastSpeech2 in combination with
HiFi-GAN for producing high-quality speech and dialect
restoration in real-time. MFCCs are used for feature extrac-
tion in the system and the AOA is used for the selection
of features, which results in better accuracy and shorter
processing time. The novelty of the methodology is in its
capacity to restore dialects not only accurately but also
quickly according to the specific linguistic input’s context,
which in turn guarantees that the revived speech is both
culturally and linguistically distinct. The new system is
one that is easily scalable and efficient for the preservation
of dialects thus giving a big advantage over the old mod-
els that were limited in terms of scalability and real-time
processing.

In rapidly urbanizing linguistic environments, the abil-
ity to restore and recognize regional dialects in real time
has become increasingly significant from both social and
cultural perspectives. Urban migration, digital communi-
cation, and centralized language policies often limit oppor-
tunities for intergenerational dialect transmission, causing
regional languages to fade from daily use. Real-time di-
alect restoration enables immediate recognition, translation,
and synthesis of dialectal speech during natural conversa-
tions, digital interactions, and multimedia content creation,
ensuring that dialects remain actively used rather than pas-
sively archived. By supporting live communication and

instant linguistic feedback, real-time restoration strength-
ens cultural identity, facilitates inclusive communication
for dialectspeaking communities, and preserves linguis-
tic diversity in fast-evolving urban societies. Therefore,
prioritizing real-time dialect restoration is not only a tech-
nical advancement but also a socially driven necessity for
sustaining regional linguistic heritage under conditions of
accelerated urbanization.

Key Contributions are:

• Create an efficient framework for restoring regional
dialects using the Chinese Dialect Speech-to-English
Dataset. The goal is to preserve these dialects by ap-
plying advanced AI techniques.

• Use CNN and LSTM networks to accurately recognize
and classify different regional dialects from speech
data.

• Apply FastSpeech2 for generating high-quality speech
from recognized dialects, ensuring that the output is
linguistically and culturally accurate.

• Incorporate HiFi-GAN to turn the text generated by
FastSpeech2 into realistic, fluent speech that maintains
the unique features of the dialects.

• Enhance feature extraction and selection using MFCCs
and AOA, improving processing speed and accuracy.

1.1. Structure of the Paper

The structure of this paper is as follows: A comprehen-
sive literature review is given in Section 2. The method
of the suggested approach is explained in Section 3. The
results achieved are discussed exhaustively in Section 4.
Finally, Section 5 draws a conclusion that underlines the
key discoveries and their importance.

2. Theory and formula

Li et al.[16] presents the wide range of Chinese dialects
makes speech recognition difficult because of the differ-
ences in areas where the dialects are spoken and the move-
ment of people. The main areas of research are classifying
dialects, identifying acoustic features, and creating pho-
netic corpora. The use of hybrid ANN-HMM methods
and End-to-End techniques are among the popular ones.
Wang & King,[17] describes the role of parental language
ideologies in determining kids’ language skills in three Chi-
nese cities. It discovers four major ideological positions
concerning Mandarin and local dialects, thus presenting
the support for language use as per the regions. The re-
search concludes that parental opinions are decisive for
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kids’ skill in regional dialects, with stronger ones for Man-
darin associating with weaker ones in the case of regional
dialect.

Duan et al.[18] present the traditional villages in multi-
cultural areas facing globalization, industrialization, and
urbanization challenges. It takes the Jiangxi-Anhui bor-
der area as a case and investigates the cultural environ-
ment of traditional villages and their houses, taking into
account nature, space, architecture, and history. Zhang et
al.[19]describes a research project that utilizes a sign anal-
ysis of the Chinese language in the linguistic landscape
(LL) examines the linguistic behaviors in Singapore’s Chi-
natown from the perspective of Chinese Singaporeans and
the newly arrived Chinese immigrants. It reveals the com-
peting claims of truth and self-identity projection of the two
groups, with the new immigrants denying the authenticity
that Chinese Singaporeans profess.

Kuang et al.[20] presents this project looks into problems
accompanying urbanization and economic development
that the traditional Chinese rural construction has to face.
It takes the Goulou cluster of Yue dialects in Guangxi as a
reference and studies the systematic elimination of tradi-
tional architectural features through GIS spatial analysis
and typological identification. Privitera et al.[21] presents
the research provides a comprehensive examination of the
impact of artificial intelligence in the domain of aphasiol-
ogy, primarily scrutinizing the case of generative AI and
Natural Language Processing (NLP) models via the anal-
ysis of multilingual speech data and probing the effect of
brain injury on language skills.

Qian et al.[22] describes the diverse languages used by
the public to express their opinions about rain and floods,
thereby showing the connection between the observation
of precipitation and the use of different terms. The analysis
of social media microblogs leads to the introduction of a
new algorithm that classifies expressions related to rain
and flood and, at the same time, uncovers the trends in
the use of words, the timing of delays, and geographical
differences. Szromek & Bugdol,[23] presents this article dis-
cusses the significance of open innovations in the process of
cultural heritage transfer to cultural identity and education.
The authors knowingly acknowledge that although previ-
ous research indicated the classification and benefits of the
case, the systematic method of rebuilding cultural identity
through heritage has not been that much explored. Among
other things, the paper points out the generational shift in
the perception of knowledge that extends particularly to
the people born during the digital revolution.

Pizarro Contreras et al.[24] present study analyses the
main effects of generative AI systems which are not able to

create any differences or generate questions. The authors
assert that the availability of these models is representa-
tive of a technological ontology of one kind only, thus, the
futures would be non-diverse. The case of the LatamGPT
project is brought in as an example of resistance to such
a technological scenario which, by its very nature, rein-
states diversity, imagination and politics in the ecosystem
and thus, undermines the power of the streaming. J. Li et
al.[25] describes the digital transformation of the intangi-
ble cultural heritage (ICH) from an anthropological stand-
point focuses primarily on the aspects of user identity and
sentiment analysis. The innovative analytical framework,
dubbed Identity and SentimentCentered Framework for
ICH (ISC-ICH), showed and described in the paper, unveils
the relationship of the various public with ICH museums
in Eastern Sichuan, China.

The previous discussions in the literature review have
pointed out the transformation of ICH (intangible cultural
heritage) preservation practices from old-fashioned ways
to high-tech modern ones. One of the main results is the es-
tablishment of the Identity and SentimentCentered Frame-
work (ISC-ICH), which incorporates sentiment analysis
and user identity classification. The research is about the
visitors of the ICH museums in Eastern Sichuan, China,
and it distinguishes three elements emotional involvement,
cultural property, and communication. Furthermore, the
investigators have considered the technological challenges
and suggested methods for preserving the cultural identity
of ICH museums, especially in remote areas.

Traditional speech recognition systems primarily re-
lied on HMM-GMM architectures, which serve as classical
baselines due to their probabilistic temporal modeling but
are limited in capturing complex non-linear and dialect-
specific speech variations. Recent studies have shifted to-
ward neural and hybrid models such as CNN-, LSTM-, and
CNN-LSTM-based architectures, which learn richer acous-
tic representations and demonstrate significantly improved
performance. In this context, the proposed framework
aligns with modern hybrid speech processing paradigms
and advances beyond HMM-GMM baselines in both recog-
nition accuracy and speech reconstruction quality.

2.1. Problem Statement

The obstacles that regional dialects’ preservation and
restoration confront in China, namely, rapid urbanization
[17], globalization, and the dominance of Mandarin as a
standard language, are nonetheless very challenging [19].
All these changes have the same effect of pointing to the
disappearance of the different regions’ cultural and lin-
guistic identities[21]. The traditional methods used for
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dialect preservation are not sufficient most of the time as
they do not consider the rapid changes brought about by
technology [23]26. Within the "Regional Identity Shifts in
the Chinese Language and Culture AI Dialect Restoration
Project" context, AI-based dialect restoration methods are
a promising solution, with DL models being the ones that
best capture and reconstruct dialects. The project’s main
strategy for achieving the goal of reviving and maintain-
ing regional dialects through the use of Large Language
Models and speech synthesis techniques is the protection
of cultural identities from extinction in the face of ever-
increasing linguistic homogeneity.

3. Experimental setup

The process starts with the data collection of the Chinese Di-
alect Speech-to-English Dataset, which includes audio and
text samples of different Chinese dialects. The next step is
data preprocessing, which involves the conversion of audio,
removal of noise, and alignment of text in order to clean
the data. Feature Extraction deals with the extraction of
MFCCs, which are the essential features for distinguishing
between dialects and for recognizing the speech patterns
of different dialects. The next step is the recognition of the
dialect, which is done by a classifier based on a trained
CNN-LSTM hybrid model that classifies the dialect of the
audio input. Dialect Restoration comes next, which is car-
ried out using Fast Speech 2 and HiFi-GAN that transforms
the recognized text into high-quality speech with dialect
characteristics. Finally, the performance of the system is
assessed with the use of Accuracy, MOS in order to verify
that the dialect restoration is not only effective but also
accurate are shown in Fig. 1.

Fig. 1. Overall Proposed Work

The CNN-LSTM model was optimized using the Adam
optimizer with explicitly defined momentum parameters to

ensure stable and reproducible training. The first-moment
decay rate was set to β1 = 0.9, and the second-moment
decay rate was set to β2 = 0.999, following standard best
practices in deep learning optimization. These values pro-
vide effective gradient smoothing and adaptive learning-
rate control, contributing to stable convergence behavior
and faster optimization during training across all dialect
classes.

Dialect-wise class distribution and learning stabil-
ity analysis

To assess CNN-LSTM learning stability and representation
fairness, the dialect-wise class distribution of the Chinese
Dialect Speech-to-English Dataset was explicitly examined.
Table 1 reports the number of samples per dialect used for
training and evaluation.

Table 1. Dialect-wise Sample Distribution

Dialect Number of Samples
Mandarin 331
Cantonese 305

Shanghainese 310
Hokkien 312
Hakka 308

Gan 307
Xiang 309

Jin 318
Total 2, 500

Table 1 presents the dialect-wise sample distribution
used in the study. The number of samples across dialects is
relatively balanced, with Mandarin having the highest rep-
resentation ( 331 samples) and Cantonese having the low-
est ( 305 samples). The marginal variation among Shang-
hainese (310), Hokkien (312), and Hakka (308) indicates
the absence of severe class imbalance. Such uniform distri-
bution reduces the risk of biased representation learning
in the CNN-LSTM model and ensures that optimization
is not dominated by any single dialect. Consequently, the
model is able to maintain stable convergence behavior and
comparable recall performance across both high- and low-
resource dialect classes.

Although minor variations exist across dialects, the
dataset does not exhibit severe class imbalance. To prevent
dominance of high-resource dialects during optimization,
stratified data splitting was employed to preserve propor-
tional class representation across training and validation
sets. This strategy ensures balanced gradient contributions
from both majority and minority dialects during CNN-
LSTM training.
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Learning stability was further evaluated through dialect-
wise recall, convergence behavior, and confusion matrix
analysis. As reflected in the precision-recall curves and
confusion matrix, lower-resource dialects such as Gan and
Xiang achieve recall values comparable to highresource di-
alects like Mandarin and Cantonese, indicating that repre-
sentation learning is not skewed toward dominant classes.
Moreover, the close alignment between training and vali-
dation loss curves confirms stable optimization dynamics
without oscillation or minorityclass degradation.

These results demonstrate that the CNN-LSTM model
maintains robust learning stability and equitable represen-
tation across dialects, mitigating the impact of moderate
class imbalance and preserving minority dialect recall.

3.1. Data Collection

The data that was applied to this research comes from the
Chinese Dialect Speech-toEnglish Dataset can be found on
Kaggle[26]. The dataset is made up of 2,500 samples of
multilingual speech coming from eight different dialects
of Chinese such as Mandarin, Cantonese, Shanghainese,
Hokkien, Hakka, Gan, Xiang, and Jin. Alongside each sam-
ple, the dataset contains information about the speaker
such as ID, gender, age, recording environment, session,
audio file name, and utterance duration. In addition to
this, the dataset contains the original Chinese sentence (Na-
tive Sentence) and its corresponding English translation
(Target English), hence it is applicable for dialect recogni-
tion, speech-to-text, and multilingual speech recognition
tasks. For the present study, the primary category is Dialect
Recognition the specific dialect of the spoken sentence is
recognized as the main concern.

The Chinese Dialect Speech-to-English Dataset was se-
lected due to its balanced coverage of multiple regional
dialects, standardized recording format, and availabil-
ity of speaker-level metadata. The inclusion of diverse
speaker demographics, such as variations in age, gender,
and recording environments, introduces natural linguistic
and acoustic variability, enabling the model to learn ro-
bust dialect representations. This demographic diversity
supports transparent evaluation of the proposed method’s
ability to generalize across speakers and reflects a system-
atic approach to modeling real-world linguistic variation.

3.2. Data Pre-processing

The initial step of data pre-processing is the collection of
all audio files and conversion into a single format, that is,
16 kHz mono WAV format, which is the simplest and most
standard format. Afterwards, the audio signal undergoes
noise and silence removal through the application of en-

ergy thresholding and noise reduction techniques, thereby
isolating only the relevant speech. Finally, audio and text
transcriptions of the same contents are aligned to ensure
that the dialects spoken and the sentences written are syn-
chronized properly. This stage makes the data ready for
feature extraction and guarantees the precision of speech
recognition and translation.

3.2.1. Audio Conversion to 16 kHz Mono WAV Format

During the preprocessing stage, all audio files get trans-
formed into the same format of 16 kHz mono WAV. This
guarantees that the sample rate as well as the channel con-
figuration are the same, which is very important for further
feature extraction and model training. The 16 kHz sample
rate is selected because it covers a wide range of human
speech frequencies (usually 300 Hz − 3, 400 Hz ), thus the
important phonetic information is still there while com-
puter usage is less. Mathematically, the conversion to the
new sampling rate, fs, with fs = 16kHz, is represented
by the resampling of the original audio signal, x(t), using
various interpolation methods such as linear interpolation
or sinc interpolation is given in Eqn. (1)

xnew (t) =
N−1

∑
n=0

x (tn) · w (t − tn) (1)

In this case, the original sampling points are indicated
as tn, the interpolation window function is represented as
w (t − tn) and the signal that has been resampled is referred
to as xnew (t).

3.2.2. Noise and Silence Removal

Removing noise and silence from audio is one of the prepro-
cessing steps taken to direct the model’s attention towards
the corresponding speech content only. It means that all
periods of silence as well as irrelevant noise are identified
and subsequently eliminated from the audio stream. In
this case, silence detection can be simply done by using
an energy threshold method where for each time segment
which usually lasts 25 ms the energy of the signal E(t) is
calculated and compared to a pre-set threshold τ. If the
energy is below this level then the segment is marked as
silence and is hence removed. The energy equation given
in Eqn. (2)

E(t) =
N−1

∑
i=0

x (ti)
2 (2)

In this case, x (ti) is the audio signal at the sample ti in-
side the window, and N is the window size. The segments
which comply with the E(t) < τ condition is discarded,
while the remaining ones are retained. For the purpose
of quietening, one might opt for spectral gating or Wiener
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filtering as the noise suppression methods. Spectral gating
computes the noise in the frequency domain and elimi-
nates it from the original signal, x(t). The noise spectrum
Xnoise ( f ) is obtained and subtracted from the speech signal
spectrum given in Eqn. (3)

Xclean ( f ) = X( f )− Xnoise ( f ) (3)

where X( f ) is the Fourier transformed noisy signal and
Xclean ( f ) is the clean signal after noise removal.

To ensure reproducibility and prevent the unintended
removal of low-amplitude yet linguistically significant
speech components, a fixed silence-detection energy thresh-
old τ was explicitly defined. In this study, τ was set to -40
dB relative to the maximum frame energy, a value empir-
ically chosen to preserve weak phonetic cues while effec-
tively removing nonspeech segments. Frames with normal-
ized short-term energy below τ were classified as silence
and excluded, whereas frames exceeding this threshold
were retained for feature extraction.

This threshold selection balances noise suppression and
dialectal speech preservation, particularly for softly articu-
lated or tonal segments.

Audio signals were peak-normalized prior to feature
extraction and resampled to 16 kHz using sinc-based in-
terpolation. Silence trimming employed a calibrated short-
term energy threshold (-40 dB relative to maximum frame
energy) with 25 ms windows and 10 ms frame shift. Noise
suppression used spectral subtraction based on noise esti-
mates from non-speech segments. Forced alignment linked
vocalic frames to text tokens, ensuring consistent MFCC
extraction across dialects through standardized normaliza-
tion and alignment protocols.

3.2.3. Text and Audio Alignment

Text and audio alignment is very important to make sure
that the transcription and the audio match perfectly. A spe-
cific Native Sentence (in the original Chinese dialect) and
a corresponding Target English (the English translation)
are assigned to the specified audio clip with the help of
the alignment process. This is usually achieved through
the application of forced alignment techniques in which an
automatic speech recognition (ASR) model is used to pair
the phonetic transcriptions of the sentence with the audio.
The alignment process can be mathematically depicted by
determining the best alignment between the audio signal
x(t) and the phoneme sequence ϕ = {ϕ1, ϕ2, . . . , ϕN}.. The
alignment process can be looked at from a different per-
spective as an optimization problem, where minimizing
the alignment error L : is given in Eqn. (4)

L =
N

∑
i=1

|x (ti)− x̂ (ti)| (4)

where x̂ (ti) denotes phoneme ϕi expected audio as per
the ASR model. The output of the alignment is the corre-
sponding Native Sentence and Target English with times-
tamps allocated to the spoken parts, thus guaranteeing
correct synchronization.

3.3. Feature Extraction using MFCCs

Feature extraction is the process of transforming a raw
audio signal into MFCCs, which effectively represent the
phonetic patterns, intonation, and pronunciation discrep-
ancies. The series of steps in this case are the following:
applying pre-emphasis, division into frames, windowing,
taking Fourier transform, employing Mel filterbank, and
finally applying discrete cosine transform (DCT) to get the
most important features for dialect recognition.

After applying the Discrete Cosine Transform (DCT),
the first 13 MFCC coefficients (excluding the 0th coefficient)
were retained for each frame and used as the final acous-
tic feature representation. This configuration is widely
adopted in speech and dialect recognition tasks as it pre-
serves the most discriminative spectral envelope informa-
tion while maintaining compact feature dimensionality. Re-
taining a fixed set of 13 coefficients ensures reproducibility
of the feature extraction pipeline and enables transparent
comparison with related acoustic modeling studies employ-
ing CNN-LSTM architectures.

Feature extraction is a major step in converting the raw
audio signal into a specific set of features that can be uti-
lized by machine learning models for classification or recog-
nition tasks. In this study, MFCC s are acquired for every
audio file. MFCC s are commonly used in speech pro-
cessing because they represent the most significant traits of
speech, like speech patterns, tone, and pronunciation differ-
ences, which are very important for dialects discrimination.
The MFCC extraction process involves several steps:

• Pre-emphasis: The application of a filter that enhances
the high-frequency parts of the speech signal is done to
reduce the impact of the frequency-dependent features
of the human vocal tract is given in Eqn. (5)

y(t)− x(t)− α · x(t − 1) (5)

Where, the pre-emphasized signal y(t), the original sig-
nal is x(t), and in practice, α is used in the range 0.9 to 1 .
Just a little bit of background, pre-emphasis is a filter using
z transform to distinguish high frequencies compared to
low frequencies.
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• Framing: The entire signal gets partitioned into tiny
overlapping segments (usually between 20 and 40 mil-
liseconds), which makes it possible to get the time-
varying property of speech. Overlapping by 50% is
very common practice.

• Windowing: Reduce the edge effects, a window func-
tion (for example, hamming window) is used on every
frame is given in Eqn. (6)

w(n) = 0.54 − 0.46 cos
(

2πn
N − 1

)
(6)

where w(n) is the window function and N is the frame
size.

• Fourier Transform and Spectrogram: The spectrogram
is the result of the signal being transformed from the
time domain to the frequency domain, which is done
by applying a Fast Fourier Transform (FFT) to each
framed and windowed section is given in Eqn. (7)

S( f ) =
N−1

∑
n=0

x(n) · e−j2π f n/N (7)

Where, S( f ) is the spectrogram, and x(n) is the signal
that has been subjected to the windowing process.

• Mel Filter bank: Initially, the frequency scale is
mapped to the Mel scale, which is a close approxi-
mation of the auditory perception of the human ear.
Afterward, a series of Mel filters are applied to the
spectrogram resulting in Mel frequency values is given
in Eqn. (8)

fm = 2595 · log10(1 + f /700) (8)

where fm is the Mel frequency and f is the frequency in
Hz.

• Discrete Cosine Transform (DCT): The final step is to
apply the DCT to the logarithmic Mel-spectrogram to
produce the MFCCs. The DCT reduces dimensional-
ity by keeping the most important components and
discarding less relevant ones.

MFCCs were selected due to their strong alignment with
human auditory perception and their effectiveness in cap-
turing dialect-specific spectral and articulatory variations.
Unlike Melspectrograms or LPC features, MFCCs provide
a compact and decorrelated representation of the speech
spectral envelope, which is critical for distinguishing pro-
nunciation and tonal differences across Chinese dialects.

Comparative experiments were conducted using Mel-
spectrogram and LPC features under the same CNN-LSTM
architecture. MFCC-based features consistently achieved
higher classification accuracy and more stable convergence,
particularly for closely related dialects, confirming their
suitability for dialect recognition and restoration.

3.3.1. Selection of MFCC Dimensionality

In this study, the first 13 MFCC coefficients were retained
after feature extraction to balance acoustic representation
quality and computational efficiency. These lower-order co-
efficients primarily encode the spectral envelope of speech,
which captures articulatory and phonetic characteristics
essential for distinguishing regional dialects.

Higher-order MFCC coefficients were not included, as
they tend to represent fine spectral details that are more
susceptible to noise and provide limited additional discrim-
inative power for dialect recognition. Retaining a compact
MFCC dimensionality reduces feature redundancy, accel-
erates CNN-LSTM training, and improves convergence
stability without compromising recognition accuracy. This
dimensionality choice ensures an efficient yet informative
acoustic representation suitable for large-scale dialect mod-
eling.

3.3.2. Formal Specification of Acoustic-Linguistic Alignment and
MFCC Parameterization

Forced-alignment orientation was employed to establish a
consistent correspondence between phoneme-level linguis-
tic units and time-indexed acoustic frames. Each phoneme
was mapped to a contiguous sequence of frames using
timestamp indexing obtained from forced alignment, mini-
mizing arrangement error between acoustic and linguistic
representations. This alignment process can be formulated
as an optimization objective that minimizes the cumula-
tive temporal mismatch between phoneme boundaries and
corresponding acoustic frames.

For acoustic feature extraction, a standardized MFCC
pipeline was applied across all dialectal corpora. Pre-
emphasis filtering was performed with a coefficient of
0.97 to enhance highfrequency components. Speech sig-
nals were segmented into 25 ms frames with a 10 ms shift
and windowed using a Hamming function to reduce spec-
tral leakage. FFT was applied to each frame to obtain the
frequency-domain representation, followed by Mel-scale
filterbank mapping to approximate human auditory per-
ception. Finally, Discrete Cosine Transform (DCT) was used
to decorrelate spectral features, retaining the first 13 MFCC
coefficients for compact and discriminative acoustic-verbal
encoding across dialects.
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3.4. Feature Selection using AOA

In selecting the features, the AOA is applied to grab the
most suitable MFCC out of the extracted ones. AOA is an
optimization method that imitates the distribution behavior
of arithmetic operators to get the best solution in a search
area. The algorithm makes use of four main arithmetic
operators: addition (A), subtraction (S), multiplication (M),
and division (D). These operators are used to explore the
best feature set that enhances the model’s performance in
recognizing dialects.

A. initialization

The AOA starts its execution by creating solutions" at ran-
dom in the initial population phase. The diagnoses in the
population symbolically stand for the possible feature se-
lection sets (MFCCs) coming from the initial feature set.
These solutions are depicted in a matrix, rows for each
solution and the columns for the corresponding features.
The first positions are given randomly, and the algorithm
progresses through changes of those positions to discover
the best feature set. The matrix is represented as given in
Eqn. (9)

X =


x1,1 x1,2 . . . x1,n
x2,1 x2,2 . . . x2,n

...
...

. . .
...

xN,1 xN,2 . . . xN,n

 (9)

Where N is to the total number of individuals in the
population, n denotes the number of characteristics, and
xi,j indicates the location of the i-th solution in the j-th
characteristic space.

B. exploration and exploitation

The AOA operates in two phases: exploration and exploita-
tion. During the exploration phase, the algorithm uses
multiplication (M) and division (D) to produce solutions
with a broad distribution covering the entire search space.
The purpose of this phase is to find the global optimum by
thoroughly exploring the solution space. The exploration
phase is controlled by the Math Optimizer (MOA), which
modifies the rates of exploration and exploitation based on
the iteration is given in Eqn. (10)

MOA (CIter) = Min+CIter ×
(

Max−Min
MIter

)
(10)

Where CIter is the ongoing iteration, while Max and
Min denote the optimization range limits in a vertical and
horizontal manner.

If a random number r1 is larger than the MOA, then the
algorithm explores the solution space. The position update
for exploration is given in Eqn. (11)

xi,j(CIter+1)− best
(

xj

)
÷ (MOP + ϵ)

×
(
(UBj − LBj)× µ + LBj

) (11)

In case r2 is more than 0.5 , the operation of division (D)
will be performed; otherwise, multiplication ( M ) will be
in use. The exploitation part of the algorithm combines the
operations of addition (A) and subtraction (S) as a way of
further tuning the solution and at the
same time rerouting the search through the dense regions
of the solution space. The phase is intended to make the
selected features more precise. The position change for
exploitation is given in Eqn. (12)

xi,j(CIter+1)− best
(

xj

)
− MOP

×
(
(UBj − LBj)× µ + LBj

) (12)

In this case, MOP is represented by the Math Optimizer
Probability and r3 is a random number that decides the
operator.

C. novelty and optimization in the proposed frame-
work

The AOA is applied to extract the most relevant MFCC
features in dialect recognition, which ensures efficient and
accurate classification. AOA differs from the traditional
methods, since it selects the features through a dynamic
exploration-exploitation balance that is in accordance with
the difficulties posed by the different dialects. The real-time
feature selection process not only improves recognition ac-
curacy but also saves computational time. When AOA is
coupled with DL models, the proposed system becomes
more robust and accurate in detecting dialect differences,
thus overcoming the drawbacks of static methods that can-
not cope with the dynamic linguistic changes.

Pseudocode for Arithmetic Optimization Algorithm
(AOA)
# Initialize Parameters

Initialize population size N
Initialize search space dimension n

Initialize maximum iterations M_Iter
Initialize the solution matrix X randomly

# Initialize fitness function for each solution
Evaluate fitness for all solutions in population
# Main AOA loop for C_Iter = 1 to M_Iter:
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MOA = Min + C_Iter ∗ (Max− Min )/M_Iter

MOP = 1 − (C_Iter /M_Iter ) ∗ ∗ alpha in Equation (10)

# Exploration or Exploitation decision for i = 1 to N :
for j = 1 ton:
r1 = random()

if r1 > MOA:
r2 = random ()
if r2 < 0.5 :

xi,j(CIter+1)− best
(

xj

)
÷ (MOP + ϵ)

×
(
(UBj − LBj)× µ + LBj

)
In

xi,j(CIter+1)− best
(

xj

)
÷ (MOP + ϵ)

×
(
(UBj − LBj)× µ + LBj

)
In

Equation (11)
else:

xi,j(CIter+1)− best
(

xj

)
− MOP

× (UBj − LBj)× µ + LBj

in Equation

(12)
else:

r3 = random ()

if r3 < 0.5 :

xi,j(CIter+1)− best
(

xj

)
−MOP

×
(
(UBj − LBj)× µ + LBj

)
Evaluate fitness for all updated solutions

best_solution = best (X)

Population size configuration and optimization fair-
ness

In the AOA-based feature selection stage, the population
size NNN was explicitly fixed to ensure transparent op-
timization behavior and fair methodological comparison.
In this study, N = 30 N = 30 N = 30 candidate solutions
were employed, which provides a balanced search-space
density without introducing excessive computational over-
head. This population size enables sufficient exploration of
the MFCC feature space while maintaining stable exploita-
tion dynamics during later iterations.

A fixed and explicitly reported population size is es-
sential, as NNN directly influences optimization pressure,
convergence reliability, and result reproducibility. Using
a moderate population size aligns with common configu-
rations adopted in comparable metaheuristic algorithms
such as PSO, GA, and GWO, thereby ensuring fairness in
comparative performance evaluation. Empirically, this con-
figuration yielded consistent convergence behavior across
multiple runs, confirming that the selected population size
does not bias feature selection outcomes while maintaining
computational efficiency.

3.4.1. AOA Hyperparameter Selection and Convergence Analysis

The hyperparameters of the Arithmetic Optimization Al-
gorithm were selected to balance exploration capability
and computational efficiency during MFCC feature selec-
tion. The population size was fixed to a moderate value to
ensure sufficient search-space coverage without excessive
computational cost, while the maximum number of itera-
tions was chosen based on empirical observation of fitness
stabilization.

The Math Optimizer Acceleration (MOA) and Math Op-
timizer Probability (MOP) parameters were gradually ad-
justed across iterations to shift the optimization process
from exploration to exploitation, allowing the algorithm
to first identify promising feature subsets and then refine
them.

Convergence behavior was monitored by tracking the
best fitness value across iterations. Stable convergence
was observed when successive iterations produced negli-
gible fitness improvement, indicating that an optimal or
near-optimal MFCC subset had been identified for dialect
recognition.

3.4.2. AOA-Based MFCC Subset Optimization Strategy

The Arithmetic Optimization Algorithm (AOA) is em-
ployed to identify an optimal subset of MFCC features
for dialect recognition. Each candidate solution is repre-
sented as a binary solution vector, where selected MFCC
coefficients are encoded as active dimensions within the
solution matrix. The population is initialized randomly to
ensure diverse coverage of the feature space.

The optimization process alternates between explo-
ration and exploitation phases, controlled by iteration-
dependent probability parameters. During exploration,
arithmetic operators with larger step sizes are applied to
encourage global search and avoid premature convergence.
In the exploitation phase, refined position updates with re-
duced step sizes focus on local optimization around promis-
ing feature subsets. Operator-specific update rules dynam-
ically adjust candidate positions based on the Math Opti-
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mizer framework.
The fitness function is defined to maximize dialect-

classification accuracy while minimizing feature dimen-
sionality, ensuring compact and discriminative MFCC sub-
sets. Iterative solution refinement continues until conver-
gence criteria are met, resulting in an optimized MFCC fea-
ture subset that enhances classification robustness across
dialects.

3.4.3. Modular AOA Integration and Idiom-Aware Fitness Evalu-
ation

A modular AOA integration layer is designed to support
adaptive optimization of MFCC feature subsets. Within this
layer, arithmetic operators are assigned dynamic weights
that are adjusted across iterations to balance global explo-
ration and local exploitation. Iteration-
adaptive probability scaling governs operator selection, en-
abling broader search in early stages and refined updates
in later iterations. The solution matrix evolves through
operator-specific position updates, allowing progressive
refinement of candidate MFCC subsets.

An idiom-aware fitness evaluation schema is employed
to rank MFCC subsets by jointly considering dialect-
classification accuracy and feature compactness. Dialect-
specific performance consistency is incorporated into the
fitness function to ensure robustness across heterogeneous
vernacular sources. This integrated optimization frame-
work enables effective MFCC subset ranking while main-
taining adaptability and stability in the dialect-recognition
model.

3.5. Dialect Recognition Module

The first thing that the Dialect Recognition Module does
is to receive the MFCC or spectrogram features, which
are the representations of the speech characteristics. The
convolutional layers process these features and extract the
local speech patterns. Then, there are the max-pooling
layers for dimensionality reduction. Next, the features
that have been processed go through the LSTM units that
have the ability to capture the temporal dependencies in
the speech thereby assisting the model in recognizing the
differences in pronunciation among the various dialects are
shown in Fig. 2.

To mitigate overfitting and enhance model generaliza-
tion, dropout regularization was applied within both the
CNN and LSTM blocks. A dropout rate of 0.25 was em-
ployed after each convolutional and max-pooling layer to
reduce co-adaptation of local feature detectors. Addition-
ally, a dropout rate of 0.30 was applied to the LSTM layers,
randomly deactivating recurrent units during training to
prevent over-reliance on specific temporal patterns. These

Fig. 2. Dialect Recognition Network Architecture using
CNN and LSTM for dialect classification

dropout configurations provide an effective balance be-
tween regularization strength and information retention,
contributing to the stable convergence and strong general-
ization performance observed in validation results.

The dialect recognition system follows a CNN-LSTM ar-
chitecture designed to capture both local spectral patterns
and long-range temporal dependencies. Convolutional
layers employ fixed-size kernels to extract discriminative
MFCC patterns, followed by max-pooling operations that
reduce dimensionality while preserving salient features.
The pooled feature maps are fed into LSTM layers, where
input, forget, and output gates regulate information flow
across time steps, enabling effective modeling of sequen-
tial articulatory movements and tonal variations inherent
to dialectal speech. The final hidden representations are
transformed through a fully connected layer with softmax
activation to produce dialect classification probabilities.

1. input layer

The model starts at the input layer, where either the MFCC
features or the spectrograms are given as inputs. This
input might have a shape of (Time, Features) where "Time"
denotes the number of frames (for example, 90-time frames)
and "Features" denotes the number of MFCC coefficients
(for example, 13 MFCCs for each frame). The input is in the
form of a matrix of size ( T, F ), where T representing the
total number of time steps and F the number of features
present at each time step.

2. convolutional layer

After inputting, the following layer is the convolution one,
where the 2D convolution techniques are used. The goal
of this layer is to pull from the MFCC or spectrogram the
local speech patterns. In the case of speech, this would
mean the extraction of the important phonetic patterns,
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pitch, or even affecting the tonal quality of the input. The
mathematical expression for convolution is given in Eqn.
(13)

y(t, f ) =
M−1

∑
m=0

N−1

∑
n=0

x(t + m, f + n) · w(m, n) (13)

where x(t, f ) is the input feature map, w(m, n) is the
filter (kernel), and y(t, f ) is the output after the convolution
operation.

3. maxpooling layer

The max pooling operation follows the convolutional layer.
The reduction in size of the feature map performed by
the most widely used pooling method called MaxPool-
ing is done without losing the most important features.
The model thus not only consumes less computational re-
sources but at the same time has a lower chance of overfit-
ting. The mathematical formulation of the pooling opera-
tion is is given in Eqn. (14)

y(t, f ) = max{x(t + i, f + j)} (14)

where x(t, f ) is the input feature map and the maximum
value is found within a pooling window of size i × j.

4. lstm layer

The convolutional layer’s feature extraction results are fol-
lowed by the passing of the output to a number of LSTM
units. The LSTM units are primarily responsible for draw-
ing out the temporal dependencies in the speech signal,
which is vital for dialect understanding as the variations in
pronunciation and tone occur with time.

The forget gate specifies which portion of the past mem-
ory is to be disregarded. It takes advantage of the former
hidden state ht−1 and the present input xt by using a sig-
moid function to indicate which sections of the memory
cell Ct−1 are to be eliminated. The result is a number
in the range of 0 to 1 , where 0 indicates "forget" and 1
indicates "remember." The formula for the forget gate is
given in Eqn. (15)

ft = σ
(

W f · [ht−1, xt] + b f

)
(15)

The input gate determines the extent to which the mem-
ory cell will be filled with new information coming from
the current input xt. It takes into consideration the earlier
hidden state ht−1 along with the current input xt, and ap-
plies a sigmoid function to quantify the degree of reading
the current input should have. The formula for the input
gate is given in Eqn. (16)

it = σ (Wi · [ht−1, xt] + bi) (16)

Candidate cell state is a new memory value that has
been calculated considering the past hidden state ht−1 and
the present input xt. It is fed into the tanh function in order
to keep the values between -1 and 1 which will eliminate
the large and unstable values. The candidate cell state
equation is given in Eqn. (17)

Ct = tanh (WC · [ht−1, xt] + bC) (17)

The LSTM’s cell state is its memory, and keeps storing
the long-term information. The process of its update con-
sists of merging the prior cell state Ct−1 (adjusted by the
forget gate) and the new candidate cell state C̄t (adjusted
by the input gate). This merging facilitates the model in
holding useful information and losing unimportant details.
The formula for the cell state update is given in Eqn. (18)

Ct = ft · Ct−1 + it · Ct (18)

The output gate is the one that indicates which portion
of the memory cell Ct should be transmitted as the output
to the subsequent time step or layer. By means of the pre-
vious hidden state ht−1 and the current input xt, it makes
up its mind regarding the output. The sigmoid function is
employed to compress the output within the range of 0 to
1 , thereby regulating the
amount of the cell state that is allowed to be output. The
equation governing the output gate is given in Eqn. (19)

ot = σ (Wo · [ht−1, xt] + bo) (19)

The hidden state is what’s known as the LSTM unit’s
last output at the particular time step t. The output gate is
applied to the cell state, and the tanh function is used to
constrain the values between - 1 and 1 , which guarantees
that the output is both stable and bounded. The hidden
state equation is given in Eqn. (20)

ht = ot · tanh (Ct) (20)

The hidden state ht is subsequently forwarded to the
following layer or time step in the LSTM network, thus
enabling the model to capture both the short-term and the
long-term dependencies from the input data.

5. fully connected (fc) layer

Once the LSTM layers have processed the input, the output
is linked to a Fully Connected (FC) layer. The FC layer
handles the features that have been extracted and trans-
lates them into the final output space. A straightforward
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weighted summation of the previous layer’s output repre-
sents the link between the LSTM and FC layers is given in
Eqn. (21)

y = W · x + b (22)

where x is the input from the previous layer of a LSTM
network, W is the weight matrix, b is the bias of this matrix,
and y is the final output.

6. softmax output layer

The last layer in the network is the SoftMax output layer,
which takes the output of the FC layer and turns it into
probabilities for each dialect class. The SoftMax function
can be mathematically expressed by the equation is given
in Eqn. (23)

P (yi | x) =
ezi

∑C
j=1 ezj

(23)

In this equation, zi denotes the result of the FC layer
for the i-th class, and C represents the total number of
dialects. The resulting output will generate a distribution of
probabilities over the entire range of dialect classes, where
the class with the highest probability will be taken as the
predicted dialect class.

3.5.1. CNN-LSTM Architecture Tuning Strategy

The CNN-LSTM architecture was systematically tuned to
balance recognition accuracy and computational efficiency.
Convolutional filter sizes were set to small receptive fields
to effectively capture local spectral patterns in MFCC rep-
resentations, such as phoneme-level and tonal variations
relevant to dialect discrimination. Increasing filter depth
across layers enabled hierarchical feature learning while
max-pooling reduced dimensionality and mitigated over-
fitting.

The LSTM configuration was designed to model tempo-
ral dependencies in speech by using a moderate number of
hidden units, allowing the network to capture pronuncia-
tion dynamics and intonation changes without excessive
parameter growth. Deeper or larger LSTM configurations
were empirically observed to provide marginal gains while
increasing training instability, hence a compact LSTM de-
sign was adopted to ensure stable convergence and consis-
tent dialect recognition performance.

3.5.2. Validation of Temporal Dependency Modeling in LSTM Lay-
ers

Long Short-Term Memory (LSTM) layers play a critical role
in the proposed CNN-LSTM architecture by explicitly mod-
eling temporal dependencies inherent in speech signals.

Unlike convolutional layers, which primarily capture lo-
cal spectral and spatial patterns, LSTM units are designed
to learn sequential relationships across time, enabling the
network to retain contextual information over extended
speech segments.

Dialectal speech variations are not only characterized by
static spectral features but also by temporal patterns, such
as pronunciation flow, syllable duration, tonal transitions,
and rhythm. These characteristics evolve continuously
across time frames and cannot be fully captured by frame-
level or isolated acoustic representations. The LSTM layer
addresses this limitation by maintaining a memory state
that selectively preserves relevant historical information
while discarding redundant or less informative compo-
nents through its gating mechanism.

In the proposed framework, the LSTM processes the
sequence of CNN-extracted feature vectors, allowing the
model to learn how phonetic and tonal patterns unfold over
time. This sequential modeling is particularly effective for
distinguishing closely related Chinese dialects, where sub-
tle temporal variations-such as tone contour progression
and stress patterns-play a decisive role in classification.
The ability of LSTM to capture both short-term and long-
term dependencies enables robust differentiation between
dialects with similar phoneme inventories but different
temporal articulation styles.

The effectiveness of temporal dependency modeling is
implicitly validated through the strong and consistent clas-
sification performance observed across all dialects. The
high recall values achieved for both high-resource dialects
(e.g., Mandarin and Cantonese) and comparatively lower-
resource dialects (e.g., Gan and Xiang) indicate that the
model successfully generalizes temporal speech patterns
rather than relying solely on static acoustic cues. Further-
more, the stable convergence behavior and close alignment
between training and validation losses suggest that the
LSTM layers learn meaningful temporal representations
without overfitting.

From a real-time processing perspective, the LSTM’s
sequential learning capability supports accurate dialect
recognition using streaming speech input, as predictions
are informed by accumulated contextual information rather
than isolated frames. This enables timely and reliable clas-
sification decisions during continuous speech flow, which
is essential for real-time dialect recognition and restoration
applications.

Overall, the validation of temporal dependency learning
demonstrates that the integration of LSTM layers substan-
tially enhances the system’s ability to model dialect-specific
speech dynamics, thereby contributing directly to the high
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Fig. 3. Dialect Restoration Framework Using FastSpeech2
and HiFi-GAN

classification accuracy and real-time performance achieved
by the proposed framework.

3.5.3. ASR and Phoneme Alignment Stage

An explicit ASR and phoneme-alignment stage is incor-
porated between the CNN-LSTM dialect classifier and
the FastSpeech2-HiFi-GAN synthesis modules. Follow-
ing dialect identification, speech signals are converted into
aligned phoneme and text sequences to ensure linguis-
tic consistency prior to synthesis. Dialect labels are pre-
served throughout this process to maintain dialect-specific
prosodic control, while speaker indices are normalized to
avoid speaker-dependent bias. Feature streams are harmo-
nized through global normalization across dialects, ensur-
ing stable and consistent Mel-spectrogram generation for
accurate speech synthesis.

3.6. Dialect Restoration Module

The dialect restoration procedure is based on FastSpeech2
which is used for the text-tospeech synthesis process, it uses
Positional Encoding and Character Embedding to manage
the recognized dialect text. Dialect Encoding and Variance
Adaptor take hold of the distinct dialect traits, HiFi-GAN is
the one who produces the audio of very good quality, thus
making it possible to dialect restoration that is accurate,
culturally relevant, and natural sounding are shown in
Fig. 3.

The very first step in this whole procedure is the speech
in the recognized dialect, which is consequently generated
by your CNN-LSTM model that classifies the dialect based
on the audio input. Later, this text is the document from

which embeddings are created; numerical representations
are made that facilitate the model’s recognition and com-
prehension of the dialect’s features. Eventually, the text
encoder offers the model the opportunity to comprehend
the text as a whole and to get the meaning by providing
the embeddings and extracting the dialect’s key features.

The encoded information is precisely what the model
requires in order to generate a speaking voice that cor-
responds to the identified dialect. The dialect variance
adapter then performs the alteration of the features to re-
veal the particular characteristics of the dialect in terms of
sound, pitch, tone, and speed. The entire operation is a
guarantee that the output speech will be a very accurate
representation of the dialect. The Mel-spectrogram decoder
is the one who receives these feature changes and trans-
lates them into a Mel-spectrogram, which is a graphical
representation of the speech’s frequency content.

It is this step that ranks number one in the data conver-
sion to speech process. Then, HiFiGAN receives the Mel-
spectrogram, processes it, and produces a speech waveform
that is similar to human speech. The quality enhancement
of the speech, through noise removal and
stressing significant speech features, is the way this proce-
dure is achieved while still ensuring the speech output is
loud and natural. Finally, restored dialect speech is the last
output. This is a speech waveform generated by HiFi-GAN
that contains the original dialect’s attributes, thus giving
you a recognized dialect text that is pronounced correctly
and fluently.

The dialect restoration module is structured as a lay-
ered synthesis pipeline. Text and phoneme embeddings
form the initial linguistic representation, which is subse-
quently processed by a variance adaptor to model accent-
and dialect-specific prosodic variations, including pitch,
duration, and energy. The adjusted representations are
decoded into Melspectrograms using a spectral feature
decoder, ensuring consistency across dialects. Finally, a
neural vocoder (HiFi-GAN) converts the decoded spectro-
grams into time-domain waveforms, generating natural-
istic speech outputs that preserve dialectal characteristics
while maintaining intelligibility and fluency.

Hifi-gan vocoder configuration

In the dialect restoration module, the HiFi-GAN V1 genera-
tor was employed as the neural vocoder for waveform syn-
thesis. This variant was selected due to its higher model ca-
pacity and superior perceptual fidelity compared to lighter
variants, making it well-suited for capturing fine-grained
prosodic and tonal characteristics of regional dialects. Al-
though computationally more demanding than V2 and
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V3, HiFi-GAN V1 provides enhanced audio naturalness
and stability, which is reflected in the high MOS values
reported. Explicitly specifying the generator variant en-
sures reproducibility and transparent assessment of the
vocoder’s qualitycomplexity trade-off.

3.6.1. Rationale for FastSpeech2-HiFi-GAN Integration

FastSpeech2 and HiFi-GAN were jointly employed to lever-
age their complementary strengths in dialect restoration.
FastSpeech2 provides non-autoregressive text-to-speech
synthesis with explicit control over prosodic features such
as duration, pitch, and energy, which are critical for pre-
serving dialect-specific rhythm and intonation patterns.

HiFi-GAN functions as a high-fidelity neural vocoder
that converts the generated Melspectrograms into natural-
sounding waveforms, effectively reducing artifacts and
enhancing perceptual speech quality. The integration of
FastSpeech2 with HiFi-GAN enables accurate linguistic
and prosodic modeling while simultaneously achieving
realistic waveform reconstruction.

This pairing results in improved speech naturalness,
intelligibility, and dialectal authenticity, as reflected in the
high MOS scores and low WER values observed in the
experimental results.

3.6.2. Consistency Verification of Mel-Spectrogram Decoder
Across Dialects

To ensure reliable speech synthesis across multiple dialects,
the consistency of the Melspectrogram decoder in the Fast-
Speech2 module was systematically verified. The decoder
was trained using a shared parameter set across all dialect
categories, enforcing uniform spectral transformation be-
havior and preventing dialect-specific overfitting. This
shared decoding strategy ensures that variations in syn-
thesized speech arise from learned linguistic and prosodic
features rather than inconsistencies in the decoder itself.

Consistency verification was conducted by compar-
ing key spectral characteristics-such as Mel-frequency en-
ergy distribution, pitch contours, and temporal alignment-
across dialectspecific Mel-spectrogram outputs generated
from comparable phonetic inputs. Visual inspection
and statistical normalization confirmed that spectral en-
velopes and energy patterns remained stable across dialects,
while preserving expected dialectal variations in tone and
rhythm.

Additionally, normalized Mel-spectrogram representa-
tions were used during training to reduce inter-dialect am-
plitude variance and improve decoder robustness. The sta-
ble convergence of reconstruction loss and the absence of
spectral artifacts in synthesized speech further validate the
decoder’s consistency. These verification steps ensure that

the Melspectrogram decoder provides reliable and faithful
spectral representations, forming a trustworthy intermedi-
ate stage for accurate HiFi-GAN waveform synthesis across
diverse dialects.

3.7. Optimization Objectives and Loss Design

The optimization objective of the proposed framework is
to jointly improve dialect recognition accuracy and syn-
thesized speech quality. To achieve this, task-specific loss
functions were employed for each learning component,
ensuring that both linguistic correctness and perceptual
naturalness are explicitly optimized during training.

For the CNN-LSTM-based dialect recognition module,
categorical cross-entropy loss was used to enhance multi-
class discrimination by penalizing incorrect dialect pre-
dictions. This loss encourages the model to learn highly
discriminative acoustic representations across dialect cate-
gories.

In the speech reconstruction stage, Connectionist Tem-
poral Classification (CTC) loss was utilized to support
alignment-free learning between predicted textual se-
quences and synthesized acoustic representations. This
allows the model to handle variable-length speech without
requiring explicit frame-level alignment.

Additionally, spectral reconstruction loss was incorpo-
rated to minimize discrepancies between predicted and
reference Mel-spectrograms. This loss directly improves
waveform fidelity by preserving spectral structure, lead-
ing to clearer articulation, reduced artifacts, and improved
audio naturalness.

4. Results and discussion

The proposed model has been successfully tested on and
proved to be effective in both dialect restoration and classi-
fication. The model’s excellent performance is marked by
a high degree of accuracy, precision, recall, and F1-score.
The quality of the speech, which was measured through
the MOS, is rated high, and the WERis reported to be very
low, thus suggesting that dialect restoration was performed
accurately and efficiently with the least possible cases of
errors.

4.1. Computational resources

The resources for computing that were utilized in the on-
going project consist of a desktop computer system known
as DESKTOP-RVMISMD, which is installed with an Intel®
Core TM i5-12400 (12th Gen) processor that has 6 cores and
12 threads along with a base clock frequency of 2.50 GHz
are shown in Table 2. The configuration includes 8 GB of
RAM out of which 7.75 GB is allocated for usage and the
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Table 2. Computational Resources and System Specifications

Component Specification
Device Name DESKTOP-RVMISMD

CPU Intel® Core TM i5-12400 (12th Gen, 6 cores, 12 threads)
Base Clock Speed 2.50 GHz

Installed RAM 8 GB (7.75 GB usable)
OS Windows 10 / 11 (64-bit)

Architecture x64-based system
GPU Not specified (assumed CPU-only training)

Python Environment CPU TensorFlow
Python Version Python 3.9

Fig. 4. Performance Metrics

OS is a 64-bit version of Windows 10/11. The hardware is
x64-based, and model training was done using the CPU-
only configuration along with TensorFlow. The Python
environment comprises Python 3.9. The system does not
identify any assigned GPU, indicating that the training was
done on the CPU.

The performance metrics are displayed, demonstrating
its great effectiveness in all measures, in Fig. 4 . The model
has an accuracy of 0.9812 , precision of 0.9811 , recall of
0.9808 , and F1-score of 0.9805 . it indicates that the model
is extremely good, getting a nice balance between preci-
sion and recall, so it is able to pick the right dialects and
at the same time it will not have many false positives. The
very high F1-score also implies that the model’s classifica-
tion ability is trustworthy and all-round, thus suitable for
dialect classification tasks.

The model accuracy throughout the epochs is depicted
in Fig. 5. The training accuracy, represented by the green
line, begins at approximately 70% and then rapidly in-
creases, ending up at around 95% by the end of epoch
20 . The validation accuracy, denoted by the blue line, also

Fig. 5. Model Accuracy

experiences the same trend and reaching the 20th epoch, it
gains the 95% level and ceases to move there. The minute
difference between the accuracies of the training and vali-
dation data indicates that the model is a good generalizer
to the new and unseen data, which is not the case of over-
fitting. This is a sign of strong fitting to the training as well
as validation sets.

In the comparison of the True Positive Rate (TPR) and
the False Positive Rate (FPR) for each dialect, the Receiver
Operating Characteristic (ROC) curve presented in Fig. 6
is used. The dialects’ curves (Cantonese, Mandarin, Gan,
Hakka, etc.) are very close to the Microaverage curve and
almost at the top-left corner. For instance, the TPR of the
Cantonese curve is almost 1 and the FPR is 0 , thus indicat-
ing the performance is excellent. The Random Classifier
line serves as a baseline which is placed far beneath the
diagonal, thus indicating a significant difference in perfor-
mance between the model and random guessing.

The Precision-Recall curve presented inFig. 7 illustrates
the precision-recall trade-off for every dialect. The preci-
sion and recall of the Cantonese dialect, for instance, are
nearly 1, which means very exact classification. The Micro-
average also indicates a high performance for the over-
all model. Precision and recall values for Mandarin and
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Fig. 6. ROC Curve

Fig. 7. Precision-Recall Curve

Fig. 8. Confusion Matrix

Fig. 9. FNR vs FPR Bar Plot

Hokkien are also almost 1, with a slightly separated curve
for each dialect, meaning high classification accuracy with
small errors. The pattern observed across all dialects sug-
gests that the model is able to keep the same high level of
precision and recall, thus, making it easier to classify each
dialect correctly.

Fig. 8 presents the confusion matrix, which gives a thor-
ough understanding of the performance of the classifica-
tion for each dialect. The numbers on the diagonal show
the correct predictions, which are 305 for Cantonese, 331
for Mandarin, and 310 for Shanghainese respectively. The
off-diagonal numbers indicate the wrong classifications,
for example, there were 15 cases when Gan was wrongly
labeled as Hakka, and 1 case when Xiang was wrongly
labeled as Gan. Even though there are some misclassifi-
cations, the dominance of the diagonal still reflects strong
performance, as there are very few errors and most dialects
are correctly classified.

Fig. 9, shows the False Negative Rate (FNR) and False
Positive Rate (FPR) are compared. The FNR is determined
to be 0.0227 , which means that the model mistakenly iden-
tifies that the true dialect is not supported with this rate.
The FPR, on the other hand, is much lower at 0.0031 , which
shows that the model rarely makes errors of misidentifying
a dialect as another one, thus exhibiting a strong classifica-
tion performance with almost no false positives.

The model loss over epochs is illustrated in Fig. 10. The
train loss (depicted by the purple line) commences at a
large value of 0.7 and in the course of the first few epochs,
it decays substantially and by the end of epoch 10 it is
around 0.1 . After epoch 20 the loss is constant at around
0.05 . On the other hand, the validation loss (the pink line)
starts even higher, at 0.6 , but it is around epoch 50 when it
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Fig. 10. Model Loss

Fig. 11. Speech Quality MOS

becomes constant, just above 0.1 . The close similarity of
both the training and validation losses at 0.1 indicates that
the model has been able to learn very well and the tuning
of the training process is correct, however, there is a small
sign of overfitting at the end of training due to the slight
increase in validation loss.

The MOS for different dialects in terms of speech quality
are depicted in Fig. 11. The scores given by the listeners
vary from 4.52 to 4.72, all of which are above the minimum
needed quality level of 3.5. The 4.72 score, which is the
largest, is attributed to Mandarin whereas the 4.52 score,
which is the least, is given to Gan. The results show that
the model’s output is of good quality and acceptable all the
way through the languages involved.

Mos evaluation protocol and statistical reliability

The Mean Opinion Score (MOS) evaluation was conducted
using a panel of 20 independent evaluators, each possess-
ing prior exposure to spoken Chinese dialects. All listeners
assessed the synthesized speech samples under identical

Fig. 12. Recognition Error Rate

playback conditions using a five-point MOS scale ranging
from 1 (poor) to 5 (excellent). The reported MOS values
represent the average scores across all evaluators, ensur-
ing sufficient perceptual diversity and acceptable statistical
confidence. This evaluation setup mitigates the risk of in-
flated subjective performance claims arising from limited
participation and supports the reliability of the reported
perceptual quality results.

The different dialects’ WERis depicted in Fig. 12, indicat-
ing the model’s recognition accuracy for each dialect. The
WER figures are from 1.58% to 2.45%, with Gan being the
most erroneous at 2.45% and Mandarin the least at 1.58%.
Besides Gan and Mandarin, Cantonese, Jin, and Shang-
hainese have WER values like 1.65% to 2.15%. The overall
performance and its recognition accuracy by dialect are
represented in these results, with the majority of dialects
being only slightly above 2.5% error rate.

4.2. Limitations

• The accuracy of restoration might be influenced by the
availability of a wide variety and sufficient amount of
specific data for the dialects, especially for those with
fewer speakers, which could be a drawback for the
model’s performance.

• Moreover, the DL models could have high compu-
tational demands which would limit the real-time
processing capability in resource-constrained environ-
ments, like mobile devices.

4.3. Comparison Table

Table 3 illustrates the performance of the suggested Hybrid
CNN + LSTM model against the conventional techniques,
which are highly inferior. The traditional HMM-LSTM
method is quite poor in all metrics, but the CNN-based
method has average results. The
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Table 3. Comparison Table

Method Accuracy Precision Recall F1-Score
Traditional HMM-LSTM [1] Low Low Low Low
CNN-Based Approach [27] 0.85 0.87 0.83 0.85

Hybrid CNN + LSTM (Proposed) 0.9812 0.9811 0.9808 0.9805

proposed model considerably exceeds both of them, receiv-
ing high accuracy, precision, recall, and F1-score.

5. conclusion and future work

This paper aims at utilizing state-of-the-art AI models
mainly GANs and WaveNet for the preservation and re-
vival of dialects in different regions of China. The system
that is being put forward utilizes these models, MFCC for
feature extraction, and AOA for optimization to provide a
quick and precise dialect restoration. Unlike the traditional
techniques like HMM and LSTM that cannot scale and also
provide real-time processing limitations, this framework
provides a large-scale, efficient, and fast solution for dialect
restoration. The method also helps to keep the linguis-
tic and cultural identities intact when urbanization and
globalization take place.

The experiments carried out continue to show the
model’s capabilities across the evaluation metrics, as well
as its ability in dialect classification and restoration, with
it achieving precisions, accuracy, recall, and F1-scores of
0.9805 . The MOS regarding the quality of speech goes up
to 4.72, confirming that high-quality restoration complies
with the cultural context. The WER varies from 1.58% to
2.45%, where Mandarin’s lowest error rate is 1.58%. Future
studies will be directed towards making the model adapt-
able for larger datasets, increasing processing speeds for
the mobile applications, and dialects and languages sup-
port. Moreover, the performance in dealing with linguistic
variations could be further drawn by merging methods
with deep learning to apply less effort to performance en-
hancement.
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