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ABSTRACT Article information:
This paper investigates transfer learning for developing a multi-speaker
Thai text-to-speech (TTS) system under low-resource conditions, with a
focus on cross-lingual knowledge transfer from source languages with dif-
ferent phonological and prosodic characteristics. The model is pre-trained
on speech data from Thai, Mandarin Chinese, and English, and subse-
quently �ne-tuned using Thai speech from three target speakers, each
with only 15�30 minutes of data, covering both male and female speak-
ers. Both objective and subjective evaluations consistently demonstrate
that Thai pre-training achieves the best overall performance. Among the
cross-lingual models, transfer learning from Mandarin Chinese outperforms
transfer from English, yielding lower F0 RMSE (20.79 vs. 21.65) and higher
MOS scores (3.55 vs. 3.44). In addition, speaker-dependent analysis indi-
cates that speaker gender has a noticeable in�uence on synthesis quality
under limited data conditions, suggesting that acoustic similarity between
pre-training data and target speakers can a�ect the e�ectiveness of knowl-
edge transfer. However, this factor is secondary to linguistic and prosodic
similarity. Natural speech achieves a MOS of 4.93, while the Thai, Man-
darin Chinese, and English-pre-trained models obtain MOS scores of 3.65,
3.55, and 3.44, respectively. These results highlight the importance of lin-
guistic proximity in cross-lingual multi-speaker TTS, particularly tonal and
prosodic similarity between source and target languages. Overall, the study
con�rms that transfer learning is an e�ective approach for low-resource
Thai TTS and that tonal source languages provide more bene�cial knowl-
edge transfer than non-tonal, accent-based languages.
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1. INTRODUCTION

Text-to-speech (TTS) technology is a remarkable
innovation that enables computers to convert text
into speech. The early implementations relied on
statistical parametric modeling [1], which involved
three main stages: text analysis, acoustic modeling,
and speech synthesis. These stages signi�cantly in-
creased system complexity. In recent years, end-to-
end neural networks (E2E) for speech synthesis [2],
[3] have simpli�ed this process by generating speech
directly from text and speech pairs without an ex-
plicit text analysis step. This design reduces pro-
cessing time at this stage. E2E systems are catego-
rized into two approaches: autoregressive and non-
autoregressive, based on their output sequence gen-
eration mechanisms. Autoregressive models generate

acoustic features sequentially, where each prediction
depends on previous outputs. This sequential gener-
ation process e�ectively models temporal dependen-
cies and dynamic speech structures, often resulting in
high-quality synthesized speech. However, step-by-
step generation inherently results in high inference
latency and limited parallelization e�ciency. Non-
autoregressive models [4] generate multiple acoustic
frames simultaneously, without dependence on out-
puts from previous time steps. This design enables
fully parallelized computation, as demonstrated by
models such as FastSpeech [5] and FastSpeech2 [6],
resulting in a signi�cant improvement in speech syn-
thesis speed.

Multi-speaker speech synthesis systems have at-
tracted considerable research attention in recent years
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[7]-[9]. These systems aim to generate speech from
multiple speakers within a shared architecture. Such
models leverage speech data from diverse speakers
to learn variations in vocal characteristics, speaking
styles, and phonetic attributes. Speaker-related in-
formation is commonly incorporated into the model,
such as speaker identifiers [7] or reference speech sig-
nals [10], [11]. A key advantage of multi-speaker TTS
systems lies in their flexibility in collecting speech
data from heterogeneous sources, as well as their abil-
ity to reduce the amount of training data required per
speaker. Nevertheless, substantial inter-speaker vari-
ability makes learning effective multi-speaker models
from limited data particularly challenging, especially
for achieving high-quality speech synthesis while pre-
serving speaker-specific characteristics.

Despite ongoing efforts to develop modern TTS
systems, many languages still lack high-quality
speech corpora, particularly in low-resource lan-
guages [12]. This limitation often results in reduced
correctness and naturalness in synthesized speech.
Monolingual training typically requires large amounts
of data to achieve high-quality speech synthesis, an
approach that is often impractical or insufficient for
low-resource languages. To address this issue, nu-
merous studies have adopted transfer learning [13]-
[15], in which TTS models are first pre-trained from
high-resource languages and subsequently fine-tuned
on target languages or domains with limited data.
This approach enables models to reuse previously
learned representations, such as phonetic, prosodic,
and acoustic features, effectively reducing the amount
of training data required for the target language.
Moreover, in multi-speaker TTS scenarios, transfer
learning has been shown to preserve speech quality
while maintaining speaker identity, even when only a
small amount of speaker-specific data is available.

However, transfer learning inherently relies on
speech data from other languages, resulting in a cross-
lingual learning scenario that holds strong poten-
tial for developing TTS systems for low-resource lan-
guages. Differences in phonetic and prosodic charac-
teristics across languages, particularly in tonal lan-
guages, can adversely affect the naturalness of syn-
thesized speech.

Thai is a tonal language in which pitch varia-
tion plays a fundamental role in distinguishing lex-
ical meaning. Words with identical orthographic
forms can convey entirely different meanings when
produced with different tones. Although the Thai
writing system explicitly marks only four tone sym-
bols, spoken Thai realizes five distinct lexical tones:
mid, low, falling, high, and rising [16]. These tonal
contrasts are highly sensitive, and even minor devia-
tions in fundamental frequency (F0) contours or pitch
realization can lead to semantic ambiguity, posing sig-
nificant challenges for accurate speech modeling [17].
Thai has a complex phonological structure character-

ized by a rich inventory of consonants and vowels, as
well as phonemic distinctions in vowel length. More-
over, the relationship between written text and spo-
ken realization in Thai is inherently nontransparent
[18]. Orthographic forms do not consistently reflect
surface acoustic patterns. This linguistic complexity
substantially increases the difficulty of data prepara-
tion.

As a consequence, Thai speech modeling systems
must learn intricate phonological and prosodic pat-
terns directly from limited data, exacerbating data
sparsity and reducing model robustness. Despite
the large number of Thai speakers, publicly avail-
able high-quality speech corpora remain limited com-
pared to high-resource languages [19], such as English
and Mandarin. This scarcity of data constrains the
performance and generalization ability of data-driven
TTS systems, especially those based on deep learn-
ing architectures, and highlights the need for effective
modeling strategies tailored to low-resource tonal lan-
guages.

In this paper, we investigate the impact of cross-
lingual transfer learning on the intelligibility and nat-
uralness of Thai speech synthesis in a low-resource
setting. Specifically, we fine-tune pre-trained mod-
els using speech data from a tonal language and an
accent language. This experimental design enables a
systematic comparison of the effects of linguistically
similar versus typologically distinct pre-training lan-
guages on Thai speech synthesis performance. We
further examine the influence of the gender composi-
tion and the size of the fine-tuning dataset on model
performance.

2. RELATED WORK

2.1 Multi-Speaker Text-to-Speech

Multi-speaker TTS systems represent a signifi-
cant advancement in speech synthesis technology. A
key challenge in multi-speaker TTS is disentangling
speaker identity from linguistic content. A widely
used approach to address this challenge is the use
of speaker embeddings, which are continuous vector
representations of speaker identity and are provided
to the TTS model as conditioning information to
control the characteristics of the synthesized speech.
Early neural TTS systems, such as Deep Voice 2 [20]
and Deep Voice 3 [21], used speaker IDs alongside
an embedding matrix serving as a lookup table, with
speaker embeddings learned during training. These
approaches demonstrated that speaker-specific em-
beddings can effectively preserve speaker identity and
achieve stable performance in multi-speaker TTS.

However, speaker embeddings that rely directly
on speaker identifiers exhibit limited generalization
to unseen speakers. To address this limitation, [22],
[23] proposed using a speaker encoder, a neural net-
work trained to automatically extract speaker embed-
dings from reference speech signals. Beyond speaker
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identity, [11], [14] further disentangled speaking style,
or prosody, from speaker identity by style encoders.
Global Style Tokens (GST) [24] employ an unsuper-
vised style encoder to learn style embeddings that
capture variations in speaking rate, pitch, and expres-
sive characteristics, independent of speaker identity.
This line of work suggests that speaking style can
be treated as a distinct, controllable aspect separate
from speaker identity.

Although prior studies have demonstrated that
model adaptation mechanisms and the use of refer-
ence speech can effectively enable TTS systems to
generalize to previously unseen speakers, in scenarios
where the set of speakers is limited and predefined,
the use of a speaker embedding lookup table remains
a straightforward and effective approach for condi-
tioning the model on speaker identity. This approach
reduces architectural complexity and facilitates stable
learning of speaker-specific representations without
relying on additional reference-based encoding mech-
anisms.

2.2 Tonal and Accent Language Transfer
Learning

Tonal languages use pitch (F0) at the syllabic level
to distinguish word meanings, as in Thai, Chinese,
and Vietnamese, which employ multiple pitch levels
such that a change in tone can completely alter word
meaning. In contrast, accent languages do not use
pitch as a lexical contrast but instead rely on phonetic
variation and prosodic features, such as pitch and du-
ration, to produce natural and intelligible speech [25].
Accurate synthesis of these prosodic features is there-
fore crucial for maintaining both naturalness and in-
telligibility in TTS systems. Consequently, several
studies have focused on accent modeling and prosody
control within TTS systems.

TTS for both tonal and accent languages remains
a major challenge in speech synthesis research, as
prosodic characteristics directly affect intelligibility
and perceived naturalness. As a result, modern
TTS systems have increasingly emphasized explicit
prosody control, particularly in non-autoregressive
models. Which separately predict pitch and duration
in a structured manner. Numerous studies have pro-
posed accent adaptation or fine-tuning strategies us-
ing target-accent data, enabling models to learn pho-
netic and prosodic variations effectively, even with
limited training data. Studies [26], [27] have demon-
strated that selective adaptation of specific modules,
including pitch and duration predictors, can improve
a model’s ability to convey target accent character-
istics without disrupting the core linguistic structure
of the source language. However, this line of research
has been conducted primarily in languages with the
same or closely related linguistic typologies.

In the context of cross-lingual transfer learning for
TTS, several studies have explored knowledge trans-

fer across different languages by leveraging multilin-
gual pre-training followed by fine-tuning on target-
language data [15], [28]. These works mainly focus on
improving overall speech quality, enhancing synthesis
performance in low-resource languages, or address-
ing speaker and accent adaptation at the application
level. Nevertheless, they generally lack an in-depth
analysis of how differences in linguistic typology be-
tween source and target languages affect the learning
and transfer of prosodic features. This limitation be-
comes particularly evident when transferring knowl-
edge between structurally distinct languages.

3. METHODOLOGY

3.1 Overview of the Proposed Approach

This paper proposes the transfer learning to de-
velop a multi-speaker Thai text-to-speech system un-
der limited data resource conditions. This study
evaluates three transfer learning scenarios, catego-
rized according to the linguistic characteristics of the
source languages: (1) Thai fine-tuning, which trans-
fers knowledge from a single-speaker Thai corpus to
a multi-speaker Thai TTS system within the same
tonal language; (2) Mandarin Chinese fine-tuning,
which represents transfer from another tonal lan-
guage; and (3) English fine-tuning, which represents
transfer from an accent language. This experimen-
tal design enables a systematic analysis of the impact
of linguistic similarity on the performance of multi-
speaker Thai TTS systems under low-resource condi-
tions. The two training stages of the proposed trans-
fer learning architecture are shown in Figure 1.

First stage, the model was pre-trained on lan-
guages with prominent accent or tonal characteristics,
resulting in two separate models: one for accent lan-
guages and another for tone languages. Each model
uses a single speaker to capture pitch and duration
variations of the language.

Fig.1: Training stages of the proposed transfer
learning architecture.
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By learning the relationships between textual in-
put and pitch sequences, the models established a
robust foundation for speech synthesis that closely
reflects the characteristics of the source language.
Training on a single speaker also allowed the model
to effectively learn complex pitch contours, dynamic
range, and prosody patterns without interference
from inter-speaker variability.

In the second stage, the pre-trained models from
the first stage were fine-tuned in Thai using multi-
speaker data, with speakers distinguished by unique
speaker IDs. This setup enabled the model to ac-
curately capture inter-speaker variations while gener-
ating synthetic speech that preserves each speaker’s
unique characteristics. To leverage the speaker em-
beddings learned during pre-training, speaker weights
from the source language were loaded from the pre-
trained model’s state dictionary and duplicated for
each target Thai speaker before fine-tuning. This pro-
cedure allowed the model to adapt to new speakers
efficiently, without learning pitch and prosody from
scratch, while preserving the pitch contours, intona-
tion patterns, and prosody acquired from the source
languages. Furthermore, the use of speaker IDs pro-
vides a flexible framework for multi-speaker speech
synthesis, enabling the system to incorporate new
speakers without affecting the existing model while
preserving each speaker’s individual prosodic charac-
teristics. This capability is a key advantage for high-
quality multi-speaker Thai speech synthesis.

3.2 Data Preprocessing

This paper utilizes speech data from three lan-
guages: Thai, Chinese, and English, as detailed in
Section 4.1. First, the text data undergoes cleaning
and normalization, removing special characters and
unnecessary spaces. The processed data are stored
in a JSON file that includes the filename, duration,
text, and speaker information. In the text compo-
nent, characters in each language are converted into
phonemes using a Grapheme-to-Phoneme (G2P) con-
version process. For tonal languages, the tone of each
word is annotated along with its vowel. In Mandarin
phonetics, initial consonants and final consonants are
typically combined with vowels to form syllables. In
this work, we separated the vowel and the compo-
nents of the initial and final consonant. For example,
the vowel “iang4” could be segmented as “ia4|ng\∧”.
With respect to speaker information, each speaker is
represented by a unique index number, which allows
the system to distinguish between different speakers.
This index-based labeling helps to maintain speaker
consistency across datasets and facilitates subsequent
analysis.

3.3 FastPitch Architecture

In this paper, we develop a non-autoregressive end-
to-end multi-speaker speech synthesis system using

the FastPitch architecture [29] as the baseline acous-
tic model. The FastPitch architecture enables fast
training and inference while maintaining high speech
quality. This architecture is a fully feed-forward
transformer-based model that directly predicts mel-
spectrograms from phoneme sequences, allowing par-
allel processing. The model architecture is illustrated
in Figure 2.

1) Feed-Forward Transformer (FFT) Encoder:
The feed-forward Transformer encoder [5] processes
a sequence of phonemes through encoder blocks,
each comprising a multi-head self-attention mecha-
nism and a position-wise feed-forward network. The
encoder is designed to learn and model long-range
contextual dependencies among phonetic units in the
input text. The self-attention mechanism enables the
model to attend to all phoneme positions simultane-
ously, facilitating effective contextual representation
learning. At the same time, the position-wise feed-
forward network applies non-linear transformations
to the representations at each position.

2) Duration Predictor: The duration predictor is a
multi-layer convolutional network that estimates the
duration (number of frames) for each phoneme. This
component addresses the alignment problem between
textual and acoustic representations, enabling fully
parallel synthesis.

3) Pitch Predictor: The pitch predictor estimates
the fundamental frequency (F0) at the frame level,
which is particularly crucial for modeling tonal char-
acteristics in Thai speech. Convolutional layers effec-
tively capture pitch contour patterns.

4) FFT Decoder: The FFT decoder converts
the upsampled encoder outputs—based on the pre-
dicted durations—into mel-spectrograms through M
decoder blocks that share the same architecture as
the encoder.

5) Speaker Embedding Layer: Speaker embedding
lookup models each speaker as a learnable continuous
vector indexed by a speaker ID (s) defined as:

Fig.2: The architecture of the FastPitch multi-
speaker speech synthesis [29].
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es = Embedding(s) (1)

The text encoder generates a sequence of linguis-
tic representations at each time step (t). Given an
input text sequence x = (x1, x2, . . . , xN ), where N is
the length of the input text sequence, the encoding
process can generally be formulated as follows.

ht = Encoder(xt) (2)

The speaker embedding is then integrated with the
output of the text encoder at every time step through
a speaker conditioning mechanism, which can be gen-
erally formulated as

h̃t = ht + es (3)

The corresponding embedding is injected into
the text encoder output at each time step through
speaker conditioning, which enables multi-speaker
speech synthesis by disentangling speaker-dependent
acoustic variations from linguistic content. The
model is trained end-to-end using a composite loss
function defined as:

Ltotal = Lmel + λdurLdur + λpitchLpitch (4)

where Lmel denotes the mean squared error
(MSE) between the predicted and ground-truth mel-
spectrograms, Ldur represents the MSE loss for the
duration prediction, Lpitch represents the MSE loss
for pitch prediction, and λdur and λpitch are weight-
ing coefficients that balance the contribution of each
loss term.

For waveform generation, we used the HiFi-GAN
[30] vocoder to convert mel-spectrograms into audio
files. The vocoder is pre-trained and not modified
during the experiment.

Table 1: Summary of Pre-training Datasets.
Dataset Language Speaker Duration Sentence Tone System
Nun-TTS Thai 1 Female 5 h 25 m 2,710 5 tones
Call-To-Arm Mandarin 1 Female 3 h 55 m 1,815 4 tones + neutral
LJSpeech English 1 Female 23 h 13,100 Stress-accent

4. EXPERIMENTAL SETUP

4.1 Dataset

The dataset is split into two parts: pre-training
data and fine-tuning data.

1) Pre-train dataset: A single-speaker speech cor-
pus from three languages with distinct linguistic char-
acteristics is employed, as shown in Table 1.

Thai corpus: The dataset used public data from
“Nun-TTS” in “AiForThai” [31]. It comprises 2,710
Thai sentences. The speech data includes 1 fe-
male speech with a sample rate of 44.1 kHz at 16
bits/sample. The total time is 5 hours and 25 min-
utes. The corpus consists of phonetically balanced

sentences and covers all five Thai tones: mid, low,
falling, high, and rising.

Mandarin Chinese corpus: The dataset used read-
ings of the short story “Call-to-Arms”, which is in
the public domain of “LibriVox” [32]. The recordings
were divided into 1,815 sentences, totaling 3 hours
and 55 minutes, and were recorded by a single fe-
male speaker. The sampling rate is 44,100 Hz. Chi-
nese is a tonal language with four tones (level, rising,
falling–rising, and falling) in addition to a neutral
tone, making Chinese prosodically similar to Thai.

English corpus: Data have been collected from
“LJSpeech” [33], consisting of 13,100 sentences, over
a total time of 23 hours and 55 minutes, uttered by
a woman. For training, the audio sample rate is
converted to 44,100 Hz and a bit depth of 16 bits
per sample. English employs a stress-accent system
rather than lexical tones, making it a suitable con-
trastive case for evaluating the role of tonal similarity
in cross-lingual transfer learning.

2) Fine-tune dataset: We collected Thai speech
data from three native speakers (two males and one
female). The speakers will read 200 sentences and
divide them into two sets: a set of 100 sentences (15
minutes) and a set of 200 sentences (30 minutes). All
recordings were made in a quiet recording room with
a sampling rate of 44.1 kHz and a 16-bit resolution.
Each recording session was manually inspected for
audio quality.

4.2 Model Construction

In this experiment, Chinese and Thai are se-
lected as source domains for tonal languages due to
their well-defined pitch patterns, which facilitate the
model’s learning of the relationship between pitch and
pronunciation. English is chosen as the source do-
main for accent languages to provide a contrast in
prosodic and phonetic characteristics. A total of 6
models is initially pre-trained on data from three lan-
guages consisting of Thai, Mandarin, and English.

Table 2: Fine-tuning Configurations for Thai Tar-
get Speech.

Model Prosodic Typology Pre-train Languages Sentence Duration (min)
Th-200

Tonal (Thai)
Thai 200 30

Th-100 Thai 100 15
Ch-200

Tonal (Thai)
Chinese 200 30

Ch-100 Chinese 100 15
En-200

Tonal (Thai)
English 200 30

En-100 English 100 15

Subsequently, the models are fine-tuned in the tar-
get domain using two different data configurations,
200 sentences per speaker and 100 sentences per
speaker, in a separate experimental setup, to evaluate
the effectiveness of different data sizes for speaker-
specific adaptation. In the fine-tuning process, we
used data from 2 male and 1 female speakers to in-
vestigate potential effects of speaker gender, as shown
in Table 2.
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4.3 Training Configuration

The main hyperparameters remain similar to the
standard FastPitch [29]. An additional module for
adapter training is included, which allows the model
to learn adapter weights instead of training the en-
tire network. The encoder and decoder consist of
1-D convolution layers with a kernel size of 6 and
384/1,536 input/output channels. The duration and
pitch predictors have an input size of 384, a filter size
of 256, and 2 layers. The optimizer used is LAMB
with a learning rate of 1e-2. For spectral analysis, a
sampling rate of 44.1 kHz is used, with an FFT size
of 2,048, a window size of 2,048, a hop size of 512,
and 80 Mel channels. The pre-training models were
trained for 2,000 epochs, and the fine-tuned models
were trained for 1,000 epochs.

5. RESULT AND DISCUSSION

To evaluate the performance, we assessed the pro-
posed multi-speaker Thai speech synthesis system, fo-
cusing on the impact of source languages with tonal
and accent characteristics on fine-tuning. Evaluation
was conducted using both objective metrics and sub-
jective listening tests. A total of 8 types of speech
were compared, including synthesized speech from
4.2, original speech recordings, and a multi-speaker
model trained from scratch on 200 sentences to ex-
amine the effect of fine-tuning versus training from
scratch.

For testing, a set of 10 sentences per speaker, not
included in the training data, was used. Speech syn-
thesis was conducted separately for each speaker, re-
sulting in 30 synthesized sentences per model. Across
all models and the original speech, the total number
of speech samples used for evaluation was 240.

5.1 Objective Evaluation Results

In the objective evaluation, two primary aspects
were assessed: spectral accuracy and pitch accuracy.
Spectral accuracy was evaluated using Mel-Cepstral
Distortion (MCD), a standard metric that quantifies
the spectral difference between synthesized and orig-
inal speech based on Mel-frequency cepstral coeffi-
cients (MFCCs).

Table 3: Mel-Cepstral Distortion comparison pre-
trained models and speakers (dB).

Model
Male Female

AVG
Speaker1 Speaker2 Speaker3

Th-200 5.63 6.64 8.59 6.95
Ch-200 5.68 6.78 8.50 6.99
En-200 5.69 7.01 8.31 7.00
Th-100 5.85 7.13 8.70 7.23
Ch-100 6.37 7.45 8.93 7.58
En-100 6.22 7.29 8.80 7.44
From Scratch 6.06 7.05 8.53 7.21

Table 4: F0 RMSE comparison of pre-trained mod-
els and speakers (Hz).

Model
Male Female

AVG
Speaker1 Speaker2 Speaker3

Th-200 16.33 14.04 29.68 20.01
Ch-200 16.99 14.50 30.88 20.79
En-200 17.63 14.13 33.18 21.65
Th-100 15.05 12.99 37.51 21.85
Ch-100 16.81 14.30 40.20 23.77
En-100 16.88 14.79 40.24 23.97
From Scratch 19.53 14.09 37.94 23.85

Pitch accuracy, particularly important in Thai as
a tonal language, was assessed using the fundamen-
tal frequency Root Mean Square Error (F0 RMSE),
which measures the deviation of the pitch contours
between synthesized and original speech signals. Dur-
ing F0 extraction, different pitch ranges were speci-
fied according to speaker gender to ensure reliable
pitch tracking and reduce estimation errors. Specif-
ically, the F0 range was set to 50–250 Hz for male
speakers and 120–500 Hz for female speakers. The
results of these objective evaluations for all models
are summarized in Tables 3 and 4, which report the
MCD and F0 RMSE values, respectively.

5.2 Subjective Evaluation

In the subjective test, we used the Mean Opinion
Score (MOS) to assess the naturalness of each model’s
synthesized speech. Rate the naturalness of speech
employing a score of 1-5, where 1 represents unnatu-
ralness and 5 represents naturalness. The evaluation
was designed to cover multiple speakers’ accents to
reflect each model’s performance in a multi-speaker,
tonal-language setting, such as Thai.

In addition, a paired t-test was used to examine
differences in MOS across the models, based on the
listeners’ MOS ratings.

Table 5: Mean Opinion Score results.
Model

Male Female
Total Average

Speaker1 Speaker2 Speaker3
Original 4.94 ± 0.37 4.91 ± 0.33 4.95 ± 0.35 4.93 ± 0.32
From Scratch 3.01 ± 1.09 3.35 ± 1.01 2.61 ± 1.03 2.99 ± 1.08
Th-200 3.75 ± 0.89 3.94 ± 0.91 3.26 ± 1.22 3.65 ± 1.06
Ch-200 3.82 ± 0.81 3.74 ± 0.92 3.08 ± 1.07 3.55 ± 0.99
En-200 3.52 ± 1.15 3.52 ± 1.07 3.28 ± 0.99 3.44 ± 1.08
Th-100 3.28 ± 1.09 3.41 ± 1.10 3.12 ± 1.06 3.27 ± 1.09
Ch-100 2.91 ± 1.18 3.51 ± 1.05 2.71 ± 1.08 3.04 ± 1.13
En-100 3.02 ± 1.05 3.36 ± 1.02 2.80 ± 1.05 3.06 ± 1.07

A total of 17 listeners (male and female, aged
18–30) with normal hearing participated in the test.
All were native Thai speakers, enabling accurate eval-
uation of pronunciation, tonal characteristics, and
naturalness. Before the evaluation, participants re-
ceived clear instructions on the procedure and the
MOS scale to ensure consistent scoring.

Each participant evaluated the same set of speech
samples, which included synthesized speech from all
compared models, totaling 240 samples. The evalu-
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Fig.3: MOS comparison across languages and speakers using 200 sentences (top row) and 100 sentences
(bottom row). Each bar represents a different speaker.

ation was conducted under identical listening condi-
tions, with participants using headphones during the
test. Speech samples were presented in random or-
der to minimize potential order effects and listener
bias. This experimental design helped ensure consis-
tency across listeners and contributed to more reliable
MOS averages. The results are summarized in Table
5, highlighting the differences in MOS performance
among the evaluated models.

5.3 Impact of Pre-training Language Speech
Data

The experimental results show that the language
used during pre-training significantly impacts synthe-
sized speech quality in both objective and subjective
evaluations, particularly when analyzed within the
framework of prosodic typology. In terms of objec-
tive performance, models pre-trained on tonal lan-
guages consistently outperform those pre-trained on
accent-based languages across all experimental condi-
tions, indicating a superior ability to preserve speech
spectral structure. As reported in Table 3, with 200
pre-training utterances, Th-200 achieves the lowest
average MCD of 6.95 dB, followed by Ch-200 at 6.99
dB, whereas En-200 yields a noticeably higher MCD
of 7.00 dB. These results indicate that fine-tuning
from a model pre-trained on a tonal language with
prosodic characteristics similar to the target language
is more effective in reducing spectral distortion than
fine-tuning from a model pre-trained on an accent
language.

A similar trend becomes even more pronounced

when considering the F0 RMSE, as shown in Table 4.
F0 RMSE directly reflects the accuracy of pitch con-
tour and tonal pattern modeling. Th-200 achieves
the lowest F0 RMSE of 20.01 Hz, while Ch-200 and
En-200 exhibit higher values of 20.79 Hz and 21.65
Hz, respectively. This finding suggests that tonal pre-
training enables more effective phonemic-level control
of F0. In contrast, accent-based pre-training inher-
ently emphasizes pitch variation for stress and rhyth-
mic purposes rather than tonal encoding.

The results of the subjective evaluation further
support these objective findings. As summarized in
Table 5, models employing tonal pre-training consis-
tently achieve higher MOS ratings than the accent-
based model. In the case of 200 pre-training utter-
ances, Th-200 obtains the highest average MOS of
3.65 ± 1.06, followed by Ch-200 with 3.55 ± 0.99,
while En-200 records a lower score of 3.44 ± 1.08.

To verify whether the observed differences in MOS
scores are statistically significant, a paired t-test was
conducted. The results show that the proposed model
(Th-100) significantly outperforms the other models
(Ch-100 and En-100) at the p < 0.05 level. However,
the comparison between Ch-200 and Th-200 is statis-
tically significant only at the p < 0.10 level, suggest-
ing that increasing the number of training utterances
reduces the performance gap and makes the two mod-
els more comparable.

This finding can be attributed to the phonetic sim-
ilarities between Thai and Mandarin. Both languages
are tonal languages in which F0 contours play an im-
portant role in distinguishing lexical meaning. In
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addition, Thai and Mandarin share several similar
phonemes, and in some cases, identical phoneme rep-
resentations can be used. These similarities facili-
tate more effective knowledge transfer, particularly
regarding prosodic patterns and phoneme representa-
tion. However, the two languages still differ in their
tonal systems. In contrast, English is an accent-based
language, which primarily uses pitch variation to ex-
press stress and rhythm rather than to distinguish
lexical meaning. Furthermore, the phonemic system
of English differs considerably from that of Thai. As
a result, knowledge transfer from English tends to be
less effective compared with that from Mandarin [34].

In summary, these findings indicate that knowl-
edge transfer from source languages with prosodic ty-
pologies closely aligned with that of the target lan-
guage leads to superior performance. Such alignment
enhances spectral quality, improves F0 control accu-
racy, and results in higher perceived speech natural-
ness.

5.4 Impact of fine-tune Data Size

The experimental results indicate that pre-training
with 200 utterances (approximately 30 minutes of
speech) yields the best overall performance in this
study. Models trained on this data consistently
achieve lower objective errors and higher perceived
naturalness than those pre-trained on only 100 ut-
terances. In addition, the differences in MOS scores
between models of the same language trained with
100 and 200 utterances are statistically significant at
the p < 0.05 level. This indicates that increasing the
amount of training data can significantly improve the
perceived quality of synthesized speech.

These findings suggest that approximately 30 min-
utes of pre-training speech constitutes an effective
and sufficient data scale for learning both spectral
and prosodic representations under the low-resource
conditions considered. Increasing the amount of pre-
training data yields more robust acoustic representa-
tions, which, in turn, improve the effectiveness of sub-
sequent fine-tuning on limited target-speaker data.

5.5 Impact of Speaker Gender in Pre-training
Data

In the reduced training data setting, the model
trained with 200 utterances consistently achieved
higher MOS values than the model trained with 100
utterances. When examining the speaker-dependent
results shown in Figure 3, performance varies across
speakers. In particular, Speaker-3 (female) exhibits
a smaller degradation in MOS compared to the two
male speakers when the synthesized language differs
from the pre-training language and the amount of
pre-training data is reduced. Since the pre-training
dataset consists exclusively of female speech, these
results suggest that speaker gender plays an impor-
tant role in preserving the naturalness of synthesized

speech, especially under limited training data condi-
tions.

6. CONCLUSION AND FUTURE WORK

Our research examines the efficiency of transfer
learning for developing a multi-speaker Thai text-
to-speech system under low-resource conditions, us-
ing the non-autoregressive FastPitch architecture.
We compare three transfer scenarios: Thai fine-tune
Thai, Mandarin Chinese fine-tune Thai, and English
fine-tune Thai. The work systematically analyzes
how linguistic similarity between the source and tar-
get languages influences speech synthesis quality in
both objective and subjective evaluations.

The experimental results demonstrate that fine-
tuning from Thai speech yields the best performance
across all metrics, confirming the importance of in-
language pre-training when sufficient data are avail-
able. Among cross-lingual settings, Mandarin Chi-
nese transfer consistently outperforms English trans-
fer, as evidenced by lower RMSE F0, reduced MCD,
and higher MOS scores. This finding highlights the
critical role of tonal and prosodic compatibility in
cross-lingual TTS transfer, as both Thai and Man-
darin are tonal languages. While English relies pri-
marily on stress and intonation patterns, the results
suggest that pre-trained models learned from tonal
languages can be more effectively applied to Thai
without significantly degrading tonal pronunciation.

Furthermore, the amount of fine-tuning data was
shown to have a substantial impact on synthesis
quality. Models fine-tuned with 200 utterances per
speaker consistently outperform those trained on only
100, indicating that even modest increases in target-
language data can significantly improve adaptation
performance. Speaker-dependent analysis also re-
vealed that female speakers tend to exhibit higher F0
RMSE and MCD values. However, they benefit more
from pre-training on female speech, suggesting that
speaker gender and pitch range should be considered
when selecting source data for transfer learning.

However, this study was conducted with a limited
number of speakers. In future work, a more diverse
set of speakers will be incorporated to provide a more
comprehensive evaluation and further enhance the
model’s ability to generate diverse, natural-sounding
speech. In addition, improvements to the model
architecture will be explored, including more effec-
tive speaker representations and conditioning mech-
anisms, to better capture speaker variability and en-
hance the overall quality and controllability of syn-
thesized speech.
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