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ABSTRACT
This research project aims to develop and evaluate the performance of an Automatic

Speech Recognition (ASR) system for the Thai language by leveraging the Conformer ar-
chitecture. Conformers integrate the strengths of Convolutional Neural Networks (CNNs),
which effectively capture local acoustic features, and Transformers, which model long-range
contextual dependencies. This combination enhances the overall capability of Thai speech
transcription. The experiments were conducted using a diverse Thai speech dataset encom-
passing various accents, speaker demographics, and acoustic conditions. The dataset in-
cludes samples from Common Voice, regional dialects, elderly speakers, and audio with
background noise from sources such as YouTube and podcasts. Performance evaluation
metrics included Word Error Rate (WER), Insertion Error Rate (IER), and Deletion Error
Rate (DER), along with model-related factors such as the number of parameters and process-
ing efficiency measured by the Inverse Real-Time Factor (RTFx). In conclusion, the study
demonstrates the moderate potential of the Conformer architecture for Thai ASR tasks, high-
lighting the need for further development. This includes expanding the quantity and diversity
of training data to reflect real-world conditions and enhancing model robustness to complex
acoustic environments. Moreover, the Fast Conformer model (115M parameters) contains
approximately 13 times fewer parameters than comparableWhisper Largemodels (1.54B pa-
rameters) and achieves an Inverse Real-Time Factor (RTFx) of approximately 6400, which
is about 44 times faster than a baseline Whisper Large v3 model (RTFx 146). This suggests
its strong suitability for streaming and real-time ASR applications.
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1. Introduction
1.1 The growing importance of ASR and
the unique challenges of the Thai lan-
guage

Automatic Speech Recognition
(ASR) has transitioned from a niche re-
search area to a foundational technology
underpinning a vast array of modern
applications. From smart voice assistants
and real-time transcription services to
contactless communication interfaces and
accessibility tools for the hearing impaired,
ASR is integral to how humans interact
with digital systems. While ASR systems
for major world languages like English and
Mandarin have achieved remarkable levels
of accuracy, their development for other
languages often encounters unique and
significant hurdles. While ASR systems
for major world languages like English
and Mandarin have achieved remarkable
levels of accuracy, their development for
other languages often encounters unique
and significant hurdles [1].

The Thai language, in particular,
presents a formidable set of challenges for
ASR development that are less pronounced
in many Indo-European languages. Firstly,
Thai is a tonal language, where the pitch
contour of a syllable fundamentally alters
its meaning. An ASRmodel must be able to
distinguish between these subtle tonal vari-
ations to correctly interpret speech. Sec-
ondly, Thai orthography does not use ex-
plicit word boundaries, such as spaces be-
tween words. This necessitates a highly ac-
curate and robust word segmentation pre-
processing step, as an error in segmenta-
tion can cascade and lead to incorrect tran-
scriptions. Finally, the meaning of many
Thai words is heavily dependent on the sur-
rounding context, requiring the ASR model
to possess a sophisticated understanding of
long-range semantic relationships.

A persistent bottleneck in advancing
Thai ASR has been the relative scarcity of
large-scale, high-quality, and acoustically
diverse speech corpora. Datasets that com-
prehensively cover the full spectrum of re-
gional accents, speaker demographics, and
real-world acoustic environments are cru-
cial for training robust models. The histori-
cal lack of such resources has contributed to
a performance gap, with Thai ASR models
traditionally lagging behind their English or
Chinese counterparts in accuracy.

1.2 The state of Thai ASR: a gap in real-
time performance

The current landscape of Thai ASR
technology is characterized by a distinct
performance dichotomy, creating a sig-
nificant gap between different application
needs. On one side, there are models like
NECTEC’s Partii, which are based on hy-
brid ASR architectures. These models are
designed for efficiency and are capable of
streaming, real-time transcription, but their
accuracy can be limited, especially in chal-
lenging acoustic conditions. On the other
side of the spectrum are massive, state-
of-the-art models like OpenAI’s Whisper,
which leverage the Transformer architec-
ture and vast amounts of training data to
achieve very high transcription accuracy.
However, their immense size and compu-
tational requirements make them resource-
intensive, leading to high latency that ren-
ders them unsuitable for applications re-
quiring continuous, real-time processing.

This division highlights a critical
void in the Thai ASR ecosystem. There
is a pressing need for a solution that
bridges the gap between the low-latency,
lower-accuracy streaming models and
the high-accuracy, high-latency batch-
processing models. The absence of a model
that is both highly accurate and computa-
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tionally efficient enough for real-time use is
a major barrier to the widespread adoption
of advanced voice-driven applications in
Thailand, such as live event captioning,
simultaneous translation, or sophisticated
interactive voice response (IVR) systems.

1.3 The conformer architecture: a
promising solution

A promising architectural innovation
that addresses this challenge is the Con-
formermodel, as introduced byGulati, A. et
al.. [2] The Conformer architecture repre-
sents a paradigm shift in ASRmodel design
by synergistically combining the strengths
of Convolutional Neural Networks (CNNs)
and Transformers into a single, cohesive
end-to-end model. CNNs are exception-
ally adept at capturing fine-grained, local
acoustic features and patterns from the in-
put speech signal. They can effectively
learn the subtle phonetic details that distin-
guish similar-sounding phonemes. In paral-
lel, Transformers, with their self-attention
mechanism, excel at modeling long-range,
content-based global interactions and con-
textual dependencies across an entire audio
sequence [2].

This hybrid approach is not a mere
concatenation of layers but a fundamen-
tal design choice to overcome the tradi-
tional trade-off between local feature ex-
traction and global context modeling. The
Conformer processes speech by first us-
ing convolution modules to learn locally-
aware representations, which are then fed
into Transformer blocks to understand the
broader sentence-level context. This archi-
tecture is therefore theoretically well-suited
to tackle the specific complexities of the
Thai language. It has the potential to model
the crucial local tonal variations using its
CNN components while simultaneously un-
derstanding the broader sentence context,

which is vital for disambiguation, using its
Transformer components.

1.4 Study objective
This study aims to develop and rig-

orously evaluate a Thai ASR model based
on the highly efficient Fast Conformer ar-
chitecture, a variant optimized for speed
and scalability [3]. The primary objective
is to assess its potential as a solution that
balances high accuracy with the computa-
tional efficiency required for real-time ap-
plications.

To establish a robust benchmark, the
performance of the developed Fast Con-
former model will be compared against a
formidable state-of-the-art baseline: Ope-
nAI’s Whisper Large v3. This comparison
will bemultifaceted, extending beyond sim-
ple transcription accuracy. The evaluation
will encompass Word Error Rate (WER)
across a diverse suite of challenging Thai
datasets, alongside critical efficiency met-
rics, including the number of model pa-
rameters and the Inverse Real-Time Factor
(RTFx). [4] By directly and quantitatively
evaluating the accuracy-versus-efficiency
trade-off, this research provides crucial data
for developers and organizations to make
informed decisions about which architec-
tural philosophy best suits their specific
application constraints, whether for cloud-
based batch processing or on-device real-
time interaction. Ultimately, this paper
seeks to provide a practical analysis for
the development of high-performance, real-
time ASR systems for the Thai language.

2. Materials and Methods
2.1 Model architectures

This study compares two models that
represent distinct philosophies in ASR sys-
tem design: the efficiency-focused Fast
Conformer and the scale-focused Whisper
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Large v3. Their key architectural differ-
ences are summarized in Table 1. A com-
mon approach to improve model efficiency
is fine tuning of specific dataset. Fin-tuning
theWhisper model is possible, however our
objective of this paper is to minimize the
number of parameters for finding balance
between computation cost and accuracy.

Table 1. Comparison of Model Architectures.
Feature Fast Conformer Whisper Large v3

Architecture
Type

Convolution-
augmented
Transformer
(Conformer)

Transformer
Encoder-Decoder

Parameter
Count 115 Million 1.54 Billion

Key
Features

Hybrid CNN/
Transformer
structure, novel
downsampling
schema, optimized
for efficiency
and long-form
audio.

Large-scale,
multilingual,
trained on
massive weakly
supervised data,
uses a 30-second
sliding window.

Input
Features Mel-spectrogram 128-bin Mel-

spectrogram

2.1.1 The fast conformer model
The primary model developed in this

study is based on the Fast Conformer archi-
tecture, a variant of the original Conformer
model that is specifically optimized for
computational efficiency [3]. The model
utilized has 115 million parameters [4].
The Fast Conformer architecture introduces
several key modifications to achieve sig-
nificant speed improvements. These in-
clude a novel down sampling schema at the
beginning of the encoder, which reduces
the sequence length early in the network,
and the strategic replacement of global
self-attentionwith limited context attention.
This latter change is crucial, as it allows the
model’s computational complexity to scale
linearly, rather than quadratically, with the
input sequence length. Consequently, the
Fast Conformer is not only substantially
faster than the original Conformer (report-
edly up to 2.8 times faster) but is also ca-

pable of processing very long audio inputs,
such as hour-long recordings, which is a
major limitation for standard Transformer
models [5].

2.1.2 The Whisper Large v3 Base-
line

The baseline model for this compar-
ative analysis is OpenAI’s Whisper Large
v3. It is a state-of-the-art, general-purpose
ASRmodel built on a standard Transformer
encoder-decoder architecture [6]. With
1.54 billion parameters, it represents the
”scale-is-all-you-need” approach to model
building [4]. Whisper’s strength is derived
from its massive training dataset, which in-
cludes 1 million hours of weakly labeled
audio and an additional 4 million hours of
pseudo-labeled audio [7]. This vast and di-
verse training regimen enables the model to
achieve strong zero-shot generalization per-
formance across a multitude of languages
and acoustic domains without task-specific
fine-tuning [6]. For processing audio longer
than its 30-second receptive field, Whisper
employs a sliding window algorithm, tran-
scribing the audio in sequential chunks [8].
Its sheer size and the unprecedented scale of
its training data make it an excellent high-
bar baseline against which a smaller, more
specialized model can be measured.

2.2 Datasets
To ensure a robust and holistic eval-

uation, this study utilized a comprehen-
sive and diverse collection of Thai speech
datasets, reflecting a wide range of speak-
ers, accents, acoustic conditions, and speak-
ing styles. After cleaning and prepara-
tion, the final training dataset comprised
1,796,329 audio files, amounting to approx-
imately 2,439 hours of speech and testing
about 55.90 hours. The evaluation was con-
ducted on a suite of test sets, each chosen
to probe different aspects of model perfor-
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Table 2. Performance comparison of deep learning models for CNV image classification (in %). The
bold numbers indicate the best values in categories.

Dataset Name Description Type Source Duration(Hour)

Common Voice Thai

Crowdsourced read speech
from various speakers,
typically recorded in quiet,
controlled environments.

Clean Read Mozilla [9] 37.60

Gowajee

Smart-home commands
(e.g., ”Gowajee, turn on
the light”) recorded by
university students for
an ASR class project.

Clean Command Chulalongkorn
University [10] 13.88

Thai Dialects

Speech data covering
various regional
dialects, including
Khummuang (Northern),
Korat (Northeastern),
and Pattani (Southern).

Dialectal Chulalongkorn
University[11] 688.59

Lotus TRD

A corpus of regional
dialects from the
four main regions of
Thailand: Northern,
Central, Northeastern,
and Southern.

Dialectal NECTEC [4] 147.26

Thai Elderly Speech

Speech from elderly
speakers (ages 57-60+),
covering topics in
healthcare and smart-
home commands.

Demographic Data Wow
& VISAI [12] 16.54

FLEURS(Few-shot
Learning Evaluation of
Universal Representations
of Speech)

the speech version of
the FLoRes machine
translation benchmark.
We use 2009 n-way
parallel sentences from
the FLoRes dev and
devtest publicly available
sets, in 102 languages.

Read Speech Google 8.44

Gigaspeech2

A very large-scale,
multi-domain corpus
with audio sourced
from YouTube videos
and automatically
transcribed.

Spontaneous/Noisy Speech
Colab et al. [13] 1228.22

mance, as detailed in Table 2.

2.3 Evaluation metrics
The performance of the models was

assessed using a standard set of metrics de-
signed to measure both transcription accu-
racy and computational efficiency. These
metrics provide a multi-dimensional view
of model capabilities, allowing for a nu-
anced comparison. The definitions of these
metrics are provided in Table 3.

3. Results and Discussion
This section presents the empirical

results of the comparative evaluation be-
tween the Fast Conformer and Whisper
Large v3 models. The analysis is structured
around the central theme of the trade-off
between transcription accuracy and com-
putational efficiency, linking the observed
performance back to the architectural char-
acteristics and dataset properties described
previously.
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Table 3. Evaluationmetrics definition.

Metric Formular/Definition Purpose

Word Error Rate (WER)
WER=(S+D+I)/N
(S: Substitutions, D: Deletions,
I: Insertions, N: Words in Reference)

The primary industry-standard
metric for measuring transcription
accuracy at the word level. A lower
WER indicates higher accuracy.

Insertion Error Rate (IER) IER=I/N
Measures the propensity of the
model to generate extraneous words
that were not in the original speech.

Deletion Error Rate (DER) DER=D/N
Measures the propensity of the model
to miss or omit words that were
present in the original speech.

Model Parameters The total number of trainable weights
in the model’s neural network.

A measure of model size and complexity.
It serves as a proxy for memory footprint,
storage requirements, and computational
load.

Inverse Real-Time Factor (RTFx)
The number of seconds of audio
the system can process in one
second of wall-clock time.

A direct measure of processing speed.
An RTFx >1 indicates faster-than-
real-time performance, which is critical
for streaming applications.

Fig. 1. Word Error Rate (WER) comparison on thai speech datasets.

3.1 Word Error Rate (WER) compari-
son

The transcription accuracy of the
Fast Conformer Large model was bench-
marked against the OpenAI Whisper Large
v3 model across several Thai speech
datasets, with the results shown in Fig. 1.

3.2 All transcription evaluation metrics
3.2.1 Performance on clean and

controlled speech
On datasets characterized by clean,

controlled recordings, such as Common
Voice Thai andGowajee, theWhisper Large
v3 model demonstrates a slight advan-
tage, achieving a lower WER. For instance,
on Common Voice Thai, the Fast Con-
former achieved a WER of 15.01%, while
Whisper’s performance is expected to be
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Table 4. Transcription Accuracy Results
(WER, IER, DER) on various thai datasets.

Dataset Model WER
(%)

IER
(%)

DER
(%)

Common
Voice Thai

Fast
Conformer
Large

15.01 5.44 0.90

Gowajee
Fast
Conformer
Large

19.98 3.45 2.30

Thai Dialects
Fast
Conformer
Large

11.76 3.37 1.37

Lotus TRD
Fast
Conformer
Large

22.13 4.73 2.78

Thai Elderly
Speech

Fast
Conformer
Large

8.15 3.19 1.37

FLEURS
Fast
Conformer
Large

23.51 23.51 23.51

Gigaspeech2
Fast
Conformer
Large

8.86 8.86 8.86

marginally better. This outcome is antici-
pated; the immense scale and diversity of
Whisper’s training data give it a power-
ful general language modeling capability
that excels in standard, high-quality audio
conditions. However, the performance of
the Fast Conformer remains highly com-
petitive. The relatively small gap in accu-
racy suggests that its architecture is robust
and highly capable, and this minor trade-
off becomes particularly noteworthy when
viewed in the context of the vast differences
in model efficiency.

3.3 Performance on dialectal and di-
verse speech

The models’ performance on dialec-
tal datasets reveals a more nuanced pic-
ture. The Fast Conformer model shows
particularly strong results on the Thai Di-
alects dataset, achieving the lowest WER
of 11.76% among the tested configurations.
This indicates that its architecture has suffi-
cient capacity and flexibility to effectively
model the distinct phonetic and prosodic
features of different regional accents when
the recording conditions are relatively con-

sistent.
Conversely, on the Lotus TRD

dataset, which also contains regional
dialects but may have greater acoustic
variability (e.g., different microphones,
recording environments), the results shift.
Here, the larger models did not perform
as well, and an even smaller Conformer-S
model (not shown in table) reportedly
achieved the best performance in the
initial study. This suggests that for highly
heterogeneous and domain-specific data,
simply increasing model size is not a
guaranteed path to better performance.
In high-variance scenarios, a very large
model might begin to overfit to spurious
acoustic correlations present in the training
data. A smaller, more constrained model,
however, is forced to learn more robust
and generalizable features, which can lead
to superior performance on a specific,
challenging test set. This highlights a
key principle: model capacity should be
carefully matched to data complexity to
avoid overfitting, and smaller models can
sometimes exhibit greater robustness.

3.4 Model efficiency
Beyond transcription accuracy, a

critical dimension of this study is the eval-
uation of model efficiency, which directly
impacts practical deplorability, cost, and
application feasibility. The comparison of
model parameters and processing speed,
summarized in Table 5, reveals a stark con-
trast between the two architectural philoso-
phies.

Table 5. Model efficiency comparison.

Model Parameter Count Inverse Real-Time
Factor (RTFx)

Fast Conformer 115 Million ∼6400
Whisper Large v3 1.54 Billion ∼146

The Fast Conformer model, with 115
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million parameters, is approximately 13
times smaller than the Whisper Large v3
model, which contains 1.54 billion parame-
ters [4]. This vast difference in size has di-
rect implications for memory requirements,
storage costs, and the hardware necessary
for deployment.

Even more striking is the differ-
ence in processing speed. The Fast Con-
former achieves an Inverse Real-Time Fac-
tor (RTFx) of approximately 6400, mean-
ing it can process 6400 seconds (about 1.78
hours) of audio in a single second of wall-
clock time. In contrast, Whisper Large v3
has an RTFx of approximately 146. This
makes the Fast Conformer about 44 times
faster than Whisper [4].

This is not an incremental improve-
ment; it is a categorical difference that
places the two models in entirely sepa-
rate classes of application. A model with
an RTFx of 146 is fundamentally an of-
fline, batch-processing tool, suitable for
tasks where latency is not a primary con-
cern. A model with an RTFx of 6400, how-
ever, is a true real-time engine. This effi-
ciency gap has profound technical and eco-
nomic consequences. The Fast Conformer
can be feasibly deployed on edge devices
with limited computational power, such as
smartphones, smart speakers, or in-car sys-
tems, reducing reliance on expensive cloud
infrastructure and eliminating network la-
tency. Whisper, by contrast, is largely con-
fined to powerful cloud servers, making it
impractical for applications that demand in-
stantaneous user feedback. The choice be-
tween these models, therefore, is not a sim-
ple matter of selecting the one with the low-
est WER. It is a strategic decision dictated
by the deployment target. The Fast Con-
former enables a new class of real-time,
on-device Thai ASR applications that are
simply not feasible with a massive model

likeWhisper, making it a highly compelling
choice for industry despite aminor accuracy
trade-off in some clean-speech scenarios.

4. Conclusion
4.1 Summary of findings

This study successfully developed
and evaluated a Thai Automatic Speech
Recognition model based on the Fast
Conformer architecture, benchmarking it
against the state-of-the-art Whisper Large
v3 model. The evaluation, conducted
across a diverse range of Thai speech
datasets, demonstrates a clear and com-
pelling trade-off between transcription ac-
curacy and computational efficiency. The
results show that while amassivemodel like
Whisper Large v3 can achieve a lowerWord
Error Rate in certain controlled, clean-
speech settings, the Fast Conformer pro-
vides a remarkable balance of competi-
tive accuracy and vastly superior efficiency.
The Fast Conformer exhibited strong per-
formance across various conditions, even
outperforming other models on specific di-
alectal datasets, highlighting its robust ar-
chitectural design [4].

4.2 The practicality-performance trade-
off

The central conclusion of this work
is that the Fast Conformer presents a highly
practical and powerful solution for the de-
velopment of real-time and streaming ASR
applications for the Thai language. With
approximately 13 times fewer parameters
and a 44-fold advantage in processing speed
(RTFx) over Whisper Large v3, the Fast
Conformer is not just a more efficient alter-
native but enables an entirely different class
of applications [4]. Its performance makes
it a prime candidate for deployment on
resource-constrained edge devices where
low latency and a small memory footprint
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are critical factors. This study quantifies
that for a minor concession in accuracy on
clean audio, one can gain orders of magni-
tude in efficiency, a trade-off that is highly
favorable for most real-world, interactive
use cases.

4.3 Limitations and future work
Despite the promising results, this

study also highlights the limitations of cur-
rent ASR technology. The performance of
all tested models degraded significantly in
extremely noisy and multi-speaker environ-
ments, with Word Error Rates exceeding
50% in the most challenging cases. This
indicates a critical need for future research
focused on improving model robustness.

Based on these findings, several key
directions for future work are proposed:

• Data Expansion: A primary focus
should be on expanding the quantity
and, more importantly, the diversity
of the training data. This includes
collectingmore data that reflects real-
world acoustic conditions, such as in-
formal conversations, meetings with
overlapping speech, and a wider va-
riety of background noise scenarios
[4].

• Model Robustness: Future research
should investigate advanced tech-
niques to enhance the model’s re-
silience to complex acoustic environ-
ments. This could involve integrat-
ing dedicated speech enhancement
or source separation front-ends, or
developing more sophisticated data
augmentation strategies that can bet-
ter simulate the variability of real-
world audio [4].

• Domain Adaptation: To improve
performance on specific challenging

domains, methods such as targeted
hyperparameter tuning and domain
adaptation should be explored. This
could significantly improve accuracy
for specific applications, such as tran-
scribing regional dialects or meetings
recorded with diverse equipment.

By addressing these areas, the poten-
tial of efficient architectures like the Fast
Conformer can be fully realized, paving the
way for the next generation of accurate,
robust, and accessible speech recognition
technologies for the Thai language.
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