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Abstract

Automatic Speech Recognition (ASR) for lan-
guages rich in dialects and those with limited
resources presents significant challenges due
to the variations in pronunciation and vocabu-
lary across different regions. This study offers a
baseline evaluation of the Whisper Tamil Large-
v2 model without fine-tuning for the shared task
of Tamil Dialect Speech Recognition. The fo-
cus is on the ASR subtask, utilising dialectal
Tamil speech recordings gathered from various
regional dialects within Tamil Nadu. The pre-
trained Whisper Tamil Large-v2 model was as-
sessed directly, without any supplementary fine-
tuning or domain adaptation. A total of 579 di-
alect speech samples were used for experimen-
tation, with performance evaluated based on
Word Error Rate (WER). The model recorded a
WER of 0.71, indicating that even robust multi-
lingual pretrained models encounter challenges
in dialect-rich and low-resource environments.
These findings underscore the necessity for
dialect-aware adaptation and the importance
of balanced dialect training data to develop ef-
fective Tamil ASR systems.
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1 Introduction

ASR, or automatic speech recognition, uses com-
puter models to translate speech into text. ASR
performance has significantly improved for high-
resource languages like Mandarin and English
thanks to deep learning and transformer-based mod-
els. For low-resource languages and dialect-rich
environments with little training data, ASR is still
difficult.More than 75 million individuals speak
Tamil, a significant Dravidian language. North-
ern, Southern, Western, and Central Tamil Nadu
all have strong regional dialects. Pronunciation,
rhythm, vocabulary, and sentence structure vary

among these dialects. Speech from one area may
sound significantly different from speech from an-
other due to this diversity. Such dialect discrep-
ancies are a common problem for ASR systems
that were mostly trained on standard Tamil. Strong
cross-lingual abilities have recently been demon-
strated by multilingual models such as Whisper.
Whisper can do recognition without task-specific
fine-tuning because it was trained on vast amounts
of multilingual speech samples. Its performance
on unadapted dialectal Tamil speech, however, has
not been thoroughly investigated. Whisper Tamil
Large v2 is assessed in this study using dialec-
tal Tamil ASR with zero fine-tuning. 580 dialect
voice samples that were captured in natural set-
tings are used to directly evaluate the model. Word
Error Rate, which contrasts predicted text with
ground truth transcription, is used to gauge perfor-
mance. With a Word Error Rate of 0.71, the model
demonstrated a notable decline in performance un-
der dialect-rich circumstances. The model strug-
gles with intra-linguistic variances present in Tamil
dialect speech, despite having extensive multilin-
gual training. These results emphasise the neces-
sity of fine-tuning low-resource models with bal-
anced training data, dialect-aware fine-tuning, and
parameter-efficient adaptation strategies. In addi-
tion to supporting future research toward more in-
clusive and regionally resilient speech systems, this
work establishes a baseline for enhancing Tamil di-
alect ASR.

2 Related Work

Recent research indicates strong growth in Tamil
speech recognition, particularly in dialectal and
low-resource settings. Many studies focus on im-
proving data quality, adapting large models like
Whisper, and handling real-world challenges such
as code switching and speaker variation.

Low Rank Adaptation has recently been applied
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to Whisper for inclusive Tamil speech recognition.
This method fine-tuned Whisper efficiently while
reducing computational cost and improving recog-
nition for diverse and vulnerable speaker groups
(Acharya et al., 2025). Code switching remains
a major challenge in end-to-end ASR, especially
for Indian languages such as Tamil, where mixed
language speech is common. A systematic review
explained the difficulties in handling code-mixed
speech and highlighted model adaptation strategies
for better performance (Agro et al., 2025). Large
multilingual speech models have been shown to
improve low-resource recognition through cross-
lingual transfer. XLS R demonstrated that train-
ing on many languages enhances recognition accu-
racy for dialect-rich languages (Babu et al., 2021).
Self-supervised learning has played a major role
in advancing ASR. The wav2vec 2.0 framework
showed that learning speech representations from
raw audio before fine-tuning significantly improves
performance for low-resource languages (Baevski
et al., 2020). Recent work has also explored multi-
lingual speech-to-speech translation using unified
end-to-end architectures. These systems combine
recognition and translation within a single frame-
work (Beltrán Lobato, 2025). Dialect-rich cor-
pora are important for robust Tamil ASR. A multi-
dialect Tamil speech corpus demonstrated that in-
cluding diverse regional accents in training data
improves recognition robustness (Bharathi et al.,
2025). Integrating external language models with
Whisper has been shown to enhance low-resource
recognition. Whisper LM reduced recognition er-
rors by strengthening language modelling along-
side acoustic modelling (de Zuazo et al., 2025).
Fine-tuning Whisper for low-resource languages
has produced strong improvements. Adaptation ex-
periments on Amharic confirmed that even limited
domain data can significantly enhance performance
(Gete et al., 2025). Benchmarking is essential for
the fair evaluation of Indian language speech sys-
tems. IndicSuperb introduced a standardised evalu-
ation framework for speech processing tasks across
Indian languages (Javed et al., 2023). Different
fine-tuning strategies for Whisper have been com-
pared in low-resource ASR settings. Targeted adap-
tation methods„ such as parameter-efficient tuning„
significantly improved recognition accuracy (Liu
et al., 2024). Multilingual adaptation techniques
have also been studied for RNN-based ASR sys-
tems. Knowledge transfer among languages was
shown to improve recognition accuracy (Miiller

et al., 2018). Whisper has been adapted for In-
dian language speech tasks beyond recognition,
including sentiment analysis and speaker diariza-
tion. These studies confirm that proper fine-tuning
enables effective adaptation to Indian languages
(Papala et al., 2023). Transformer-based ASR mod-
els have been successfully developed for other Dra-
vidian languages such as Kannada. These find-
ings support the effectiveness of transformer en-
coders for speech recognition in related languages
like Tamil (Prasad et al., 2026). Whisper, trained
with large-scale weak supervision, demonstrated
strong robustness to noise, accents, and sponta-
neous speech across multiple languages (Radford
et al., 2023). Cross-lingual generalisation and neu-
ron sharing have been studied in multilingual mod-
els. Combining shared and language-specific repre-
sentations improves performance in low-resource
settings (Riemenschneider and Frank, 2025). Real-
time Tamil dialect speech recognition has also been
explored. A system combining recognition and
summarisation showed the importance of dialect-
aware modelling for practical applications (Saranya
et al., 2025). Multilingual Indian speech translation
corpora support cross-task evaluation of speech
systems. Such resources highlight the growing
need for multilingual benchmarking in Indian lan-
guages (Shah et al., 2025). Neural models have
been used for dialect recognition using convolu-
tional networks and language embeddings. These
models effectively distinguish closely related di-
alects (Shon et al., 2018). Sequence-to-sequence
ASR systems have been combined with Indic large
language models for speech translation. Integrating
stronger language models improves overall system
performance (Wei et al., 2025). Large language
models and multilingual training strategies have
also been explored for low-resource speech recog-
nition. Transfer learning was shown to be effective
in improving performance under limited data con-
ditions (Zhang and Huang, 2025). Overall, recent
literature shows three major trends. First, dialect-
specific and diverse datasets improve ASR qual-
ity. Second, fine-tuning large pretrained models
like Whisper reduces error rates in low-resource
conditions. Third, multilingual and cross-lingual
learning helps transfer knowledge across related
languages. These studies strongly support the need
for adapting Whisper-based models for Tamil di-
alect recognition, especially when training data is
limited.
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Table 1: Tamil Dialect Speech Dataset Overview

Category Details
Language Tamil
Number of Dialects 4
Dialects Included Northern, Southern, Western,

Central
Dialect Regions Regions across Tamil Nadu
Speech Type Spontaneous and Read Speech
Sampling Rate 16 kHz
Recording Environment Natural acoustic conditions
Training Duration 9.22 hours
Test Duration 2.05 hours
Test Samples Used 580 audio files
Evaluation Metric Word Error Rate

3 Dataset Description

A shared job on Tamil voice processing provided
the data for this investigation. The Tamil Di-
alect Speech dataset used in this work was re-
leased through the DravidianLangTech shared task
(Bharathi et al., 2026). The dataset includes speech
recordings from four dialect regions of Tamil Nadu
and supports both dialect identification and speech
recognition research. Speech recordings from four
dialects—Northern, Southern, Western, and Cen-
tral—are included in the corpus. There is a cor-
responding Tamil transcription for every training
sample. 5,134 recordings totalling roughly 9.22
hours make up the training set. Although the distri-
bution among dialects is not entirely balanced, the
data shows regional variance and natural pronunci-
ation. There are 579 unlabeled audio samples in a
different test set. The review is objective because
the transcripts are not accessible. Table 1 provides
a fair comparison across systems and enumerates
the dataset’s key features.

4 Proposed Methodology

The proposed system uses Whisper Tamil Large v2
for dialectal Tamil speech recognition. The main
objective is to convert Tamil speech audio into text
using a pretrained multilingual Automatic Speech
Recognition model. No additional training or fine
tuning was performed in this work. Instead, the
study evaluates how well a large pretrained model
performs directly on dialect rich Tamil speech.

The speech recordings were obtained from the
shared task dataset and maintained at a sampling
rate of 16 kHz, which matches the requirement of
the Whisper model. Each audio waveform was pro-
cessed using the Whisper processor to extract log
Mel spectrogram features. These features capture
important acoustic information such as frequency

patterns and energy variations present in the speech
signal.

The extracted features were then passed into
the Whisper encoder. The encoder learned hid-
den speech representations related to pronunciation,
rhythm, accent, and speaking style. These learned
representations were used by the decoder to gen-
erate Tamil text in an end to end manner. Beam
search decoding was applied to improve prediction
accuracy by selecting the most probable sequence
of words.

All test samples were processed using the same
inference pipeline. The generated transcriptions
were stored for analysis and reproducibility.

System performance was evaluated using Word
Error Rate. The model achieved a WER of 0.71,
showing that dialectal Tamil speech remains chal-
lenging in a zero fine tuning setting. Most recogni-
tion errors occurred in region specific vocabulary,
colloquial expressions, and pronunciation varia-
tions across dialects.

Even though the error rate was high, the model
was able to generate partially understandable Tamil
text and correctly identify many common words.
This indicates that large pretrained multilingual
speech models possess reasonable generalization
capability even without dialect specific adapta-
tion. However, the results also highlight the im-
portance of dialect-aware fine-tuning for robust
Tamil speech recognition. Figure 1 illustrates the

Figure 1: Proposed Tamil Dialect ASR System Archi-
tecture

overall architecture of the proposed Tamil dialect
speech recognition system. The system accepts
Tamil speech audio in 16 kHz WAV format as in-
put. The audio signal is first converted into log
Mel spectrogram features using the Whisper pro-
cessor. These features capture important acous-
tic patterns from the speech signal and are then
passed to the pretrained Whisper Tamil Large v2
encoder-decoder model for Tamil text generation.
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The generated transcriptions are finally evaluated
using Word Error Rate.

5 Evaluation and Results

Standard metrics for voice recognition are used to
assess this system. Measuring the degree to which
the predicted text differs from the original reference
text is the primary objective. Word Error Rate
Word Error Rate, or WER, is the most common
metric in ASR. It measures errors at the word level.
WER is calculated as:

WER =
S +D + I

N
(1)

where S is the number of substitutions, D is the
number of deletions, I is the number of insertions,
and N is the total number of words in the reference
transcription. Substitution means one word is re-
placed by another word. Deletion means a word is
missing. Insertion means an extra word is added.
A lower WER means better performance. In this
system, the obtained WER is: [WER = 0.71] This
means about 71 per cent of the words are incorrect
when compared to the reference transcript. Sample
Model Outputs Below are sample transcriptions
generated by the system:

Figure 2: Comparison of Predicted and Target Tran-
scriptions

Figure 2 shows the sample output generated by
the proposed Tamil ASR system along with the tar-
get transcription. The highlighted words indicate
recognition errors. Most errors occur in colloquial
expressions and regional speech patterns. Table 2
compares the proposed system with recent Tamil
speech recognition systems reported in the litera-
ture. The comparison is based on Word Error Rate,
where lower values indicate better recognition per-
formance. The proposed system achieved a WER
of 0.71 using Whisper Tamil Large v2 without any
fine tuning. Compared with other systems that

Table 2: Comparison of Tamil ASR Systems

Paper / System Model Used Fine Tun-
ing

Dataset Type Reported
WER

Notes

Real-time Continuous
Tamil Dialect Speech
Recognition and Sum-
marisationn (2025)

Custom Dialect
ASR Model

Yes Multi-dialect Tamil
speech

0.35–0.45 Trained specifically
on dialect speech

Multi-Dialect Speech Cor-
pus Creation for Enhanc-
ing Tamil ASR (2025)

Dialect-specific
ASR

Yes Tamil dialect cor-
pus

0.40 Focused on corpus
development

Junlp@LT-EDI 2025 Effi-
cient Low-Rank Adapta-
tion of Whisper

Whisper with
LoRA

Yes Inclusive Tamil
speech

0.38 Used parameter-
efficient fine tuning

Exploration of Whisper
Fine-Tuning Strategies
for Low-Resource ASR
(2024)

Whisper Yes Low-resource lan-
guages, including
Tamil

0.30–0.45 Fine-tuning im-
proves results
clearly

This System: Whisper
Tamil Large-v2

Whisper Tamil
Large-v2

No Tamil dialect
speech (580 sam-
ples)

0.71 Zero fine-tuningng
baseline

use larger datasets and adaptation techniques, the
results highlight the challenges of dialectal Tamil
ASR in low resource settings. This comparison pro-
vides a baseline for future improvement in Tamil
speech recognition systems.

Result The system was tested on 579 dialect
voice samples using Whisper Tamil Large v2 with
zero fine-tuning. The Word Error Rate was high
at 0.71 because no domain adaptation was used.
Nevertheless, the model generated comprehensi-
ble Tamil text, demonstrating that huge pretrained
models may function fairly well in environments
with limited resources. Better training data and
dialect-specific tuning can lead to further advances.
Code for the proposed system is available in the
link (1)

6 Conclusion

This study evaluated Whisper Tamil Large v2 for
Tamil dialect speech recognition using 579 speech
samples in a zero fine-tuning setting. The model
achieved a Word Error Rate of 0.71, showing that
dialect-rich Tamil speech remains challenging for
pretrained multilingual ASR systems. Most recog-
nition errors occurred in region-specific vocabulary,
colloquial expressions, and pronunciation varia-
tions. Even so, the model generated partially under-
standable Tamil text and correctly identified many
common words, showing reasonable generalisation
capability without dialect-specific adaptation. This
work provides a baseline for dialectal Tamil ASR
and highlights the importance of dialect-aware fine-
tuning and balanced training data for improving
speech recognition performance in low-resourced
dialect settings.

1https://github.com/Prisur2013/TAMILVOICELABS_
1991/tree/main
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