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Abstract

Low-resource languages pose significant chal-
lenges for speech technology due to linguistic
variation and limited annotated resources. One
such language is Tamil, which is a morpho-
logically rich language with significant dialec-
tal variations, which makes Automatic Speech
Recognition (ASR) and dialect classification a
challenging task. In this article, we introduce
a shared-task system for handling Speech Pro-
cessing in Tamil Language covering both ASR
and Dialect classification. We use the Whis-
per Large-v3 multilingual model in a zero-shot
setting without task-specific fine-tuning. For
dialect classification, we employ a pre-trained
Wav2Vec2 model to extract acoustic features
and mean and standard deviation pooling to
create utterance-level representations, with an
XGBoost model trained for four-way prediction
of dialects. Experiments on 579 Tamil speech
samples resulted in a word error rate (WER) of
0.61, highlighting the difficulty of the dialectal
ASR problem in low- resource setting. The di-
alect classification system obtained an accuracy
of 0.49 and a macro F1 score of 0.41, and there
was a certain amount of confusion between
the dialect classes. The proposed system is
purely based on the standard pretrained models
without adaptation, but has produced a bench-
mark that can be replicated in the multilingual
speech representation evaluation of Tamil low-
resource scenarios. The results also indicate the
need for additional strategies to improve the ro-
bustness of the model and stronger baseline
models and improved methods for embedding-
based dialect classification for future research.
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1 Introduction

Speech is one of the most natural forms of human
communication, and recent advances in artificial

intelligence have allowed machines to actually pro-
cess spoken communication. Automatic Speech
Recognition (ASR) technology is the process of
converting speech into text and is commonly ap-
plied in virtual assistants, transcription, assistive
technology, and voice-based interfaces. While lan-
guages with high resources such as English are seen
to get a great ASR performance, lower resource lan-
guages such as Tamil not only have a hard time due
to their complex morphology but also have a huge
variation in accent, pronunciation, word choice and
intonation from one region to another. Dialect vari-
ation is a major issue that impacts correct modeling
and transcription, particularly when training data
do not represent different dialects well. Traditional
ASR systems were based on manually designed
acoustic features such as Mel-Frequency Central
Coefficients (MFCCs) and statistical models such
as Hidden Markov Models (HMMs), and were
therefore time-consuming, requiring domain exper-
tise and a large labeled dataset. In contrast, mod-
ern approaches rely on deep learning, especially
transformers based models such as Whisper and
Wav2Vec 2.0, which are speech models trained on a
large multilingual dataset and can learn generalized
representations of speech. These models are of a
scale and can be adapted to low-resource languages
with little additional work. This work focuses on
zero-shot multilingual transformer-based speech
recognition on Tamil with a contextual acoustic
embedding-based dialect classification system also
and evaluates pretrained speech representations for
processing dialect-rich Tamil speech. The findings
suggest that the large-scale transformer models are
a robust, scalable and effective solution to handle
dialect variation for low-resource speech technolo-
gies.
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2 Related Work

Recent works have gained more attention on auto-
matic speech recognition (ASR) with low-resource
and dialectal settings. (Angra et al., 2026) showed
that designing efficient modeling strategies can
lead to competitive performance even without an-
notated data, and a breakthrough by (Farooq and
Saz, 2026) proposed a CTC-based dialect recog-
nition approach for real-time applications. In-
creasing ASR performance for Indic languages,
cross-lingual transfer learning has proven helpful,
and (Dhasmana et al., 2026) showed that pretrained
ASR models can be fine-tuned to low-resource en-
vironments without access to dialectal information.

A huge move in multilingual ASR is the Whis-
per model (Radford et al., 2023), which is robust to
multilingual challenges and trained on large-scale
weakly supervised data, enabling strong cross-
lingual and zero-shot performance. Extending
this, (de Zuazo et al., 2025) enhanced recognition
accuracy in low-resource environments by incor-
porating external language models. Multilingual
ASR systems have also tackled code-mixed speech,
as demonstrated by (Dash et al., 2025). Challenges
such as lack of data, domain mismatch, and limited
adaptation were noted by (Imam et al., 2025), while
accent variability was addressed using spectrogram
masking by (Sameti et al., 2025).

Transformer-based architectures have demon-
strated strong adaptability for Tamil ASR. Stud-
ies by (Jairam et al., 2024; Sreeja and Bharathi,
2025) showed improved performance, and similar
observations were made in other languages such as
Turkish (Taşar et al., 2024). Further improvements
include weighted cross-entropy training (Piñeiro-
Martín et al., 2024), multi-stage fine-tuning (Pillai
et al., 2024), and enhanced contextual and pho-
netic representation learning (Romero et al., 2024).
The broader shift from traditional statistical ASR
to transformer-based systems has been discussed
by (O’Shaughnessy, 2024).

Recent work on Tamil dialects, such as (Bharathi
et al., 2026), shows that dialect variation sig-
nificantly influences ASR performance in low-
resource settings, highlighting the need for robust
dialect-aware modeling. Similarly, multi-dialect
Tamil speech corpora developed by (Bharathi et al.,
2025; Saranya et al., 2025) have improved ASR per-
formance. The research gap addressed in this work
lies in leveraging pretrained multilingual trans-
former representations for Tamil transcription and

transformer-based embeddings for dialect classifi-
cation in low-resource settings.

3 Dataset Description

We adopt the dataset used in the Tamil speech pro-
cessing shared task of Codabench for two tasks:
Automatic Speech Recognition (ASR) and Dialect
classification. The data consists of WAV-format au-
dio recordings with natural variations in pronuncia-
tion and regional dialects. There are 5134 labelled
audio samples in the training set, which includes
pairs of transcriptions for ASR and dialect labels
for classification. Test set consists of 579 unseen
audio samples which are used for test.

Table 1: Dialect-wise Distribution of Training Data

Dialect Samples Duration (hh:mm:ss)

Southern 1427 02:44:30
Northern 1696 03:29:15
Western 1126 01:59:59
Eastern 885 01:08:18

Table 2: Overall Dataset Statistics

Split Files Description

Training 5134 Labeled audio (ASR + Dialect)
Test 579 Unseen evaluation audio
Format – WAV recordings
Language – Tamil (multi-dialect)

The data set represents a low-resource set-
ting with dialectal diversity and acoustic variabil-
ity, making it suitable for evaluating multilingual
transformer-based approaches.

4 Proposed Methodology

The proposed framework addresses two Tamil
speech processing tasks: (i) Tamil (ASR) speech
recognition (ii) Dialect Classification. Although
both tasks use speech audio as input, they are de-
signed for different objectives and therefore use
separate model architectures. In that way, it is the
two free-standing architectures that are employed.
The ASR system focuses on generating text tran-
scriptions from Tamil speech using the Whisper
Large-v3 model in a zero-shot setting. The di-
alect classification system identifies regional di-
alect variations using acoustic representations ex-
tracted from Wav2Vec2 embeddings.
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4.1 Whisper Large-v3 Based Tamil ASR
System

The Proposed system utilizes the Whisper Large-v3
Tamil Automatic Speech Recognition (ASR) sys-
tem that is already trained. The training of a model
is replaced by the use of whisper Large-v3, which
is a multilingual encoder-decoder model trained
on large-scale weakly supervised speech data in a
large variety of languages. It is applied directly to
transcription Tamil speech in a zero-shot setting.
The system provides a complete speech recognition
system, which converts the input audio to a log-
Mel spectrogram features, and the encoder-decoder
network reprocesses the spectrogram features to
produce Tamil text in the autoregressive manner.

Figure 1 illustrates the overall architecture of the
proposed system.

Figure 1: Architecture of the Whisper Large-v3 based
Tamil ASR system.

4.1.1 Audio Preprocessing
All speech recordings undergo the following pre-
processing steps:

• Resampling to 16 kHz

• Conversion to mono channel

• Amplitude normalization

A log-Mel spectrogram is extracted as the main
acoustic feature. The Whisper processor automat-
ically converts waveform inputs into normalized
log-Mel spectrogram representations that are com-
patible with the encoder.

4.1.2 Encoder
The encoder is composed of multiple stacked trans-
former blocks comprising:

• Multi-head self-attention

• Position-wise feed-forward neural networks

• Layer normalization and residual connections

The encoder extracts high-level contextual acous-
tic representations and models long-range temporal
dependencies in Tamil speech.

4.1.3 Autoregressive Transformer Decoder
The decoder operates in an autoregressive manner,
where Tamil tokens are generated sequentially. It
attends to:

• Encoded acoustic representations

• Previously generated tokens

To enhance prediction stability and transcription
accuracy, beam search decoding (num_beams =
4) is applied. A language forcing mechanism is
enabled to ensure Tamil text generation.

4.1.4 Text Post-Processing
The generated transcription undergoes light post-
processing to remove unnecessary whitespace and
formatting inconsistencies. The cleaned transcrip-
tion is then used for evaluation and analysis.

4.2 Tamil Dialect Classification
Dialect identification is an attempt to find out re-
gional variations of spoken Tamil. In contrast to
ASR, a dialect classification task is more of an
acoustic analysis activity and it identifies dialects
in a speech in terms of phonetics and prosodics.

4.2.1 Feature Extraction using Wav2Vec2
We use a pretrained Wav2Vec2-Base model as
a frozen acoustic feature extractor. The speech
samples are resampled to 16 kHz and then fed to
the transformer encoder to get contextual features.
Time pooling (mean and standard deviation) is used
to produce fixed-length sentence embeddings. The
1536-dimensional vectors (768 mean + 768 stan-
dard deviation) represent dialectal phonetic and
prosodic differences.

4.2.2 Dialect Classification using XGBoost
The embeddings are normalised to have zero mean
and unit variance. Dialect classes are label encoded.
A multi-class classifier, XGBoost, is trained on
these embeddings to learn non-linear dialect bound-
aries. At test time, the same steps are followed to
predict dialects

Figure 2 illustrates the overall pipeline, includ-
ing feature extraction, pooling, normalization, and
classification.
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Figure 2: Wav2Vec2-XGBoost based dialect classifica-
tion pipeline

5 Results and Analysis

5.1 Dialect Classification Performance

The metrics used for the assessment of dialect clas-
sification are Accuracy and Macro F1-score (Ta-
ble 3). The model considers four dialect classes and
obtains a moderate Accuracy of 0.49 and Macro F1-
score of 0.41 across the dialect categories. The re-
sults obtained using different baseline models show
that enriching speech representations with embed-
dings extracted from a pretrained model such as
Wav2Vec2 may contain useful dialectal features.
The lower Macro F1-score, on the other hand, in-
dicates that there are differences in performance
across classes and this may be due to class imbal-
ance and/or similarities in the acoustic properties of
the dialects. The source code github link is found
here1.

Table 3: Dialect Classification Performance

Metric Score

Accuracy 0.49
Macro F1-score 0.41

Figure 3: Confusion Matrix for Dialect Classification

Fig 3 shows confusion between dialect pairs such
as Northern–Central and Southern–Western, likely

1https://github.com/Varalakshmi2793/
AITamilDialect.git

due to similarities in pronunciation and acoustic
characteristics. The confusion matrix also indicates
that the model performs better on dominant dialect
classes while struggling with less represented di-
alects, which is reflected in the lower Macro F1-
score.

5.2 Speech Recognition Performance
Speech recognition is evaluated using Word Er-
ror Rate (WER), as shown in Table 4. The model
achieves a WER of 0.61. The WER of 0.61 re-

Table 4: Speech Recognition Performance

Metric Score

Word Error Rate (WER) 0.61

flects the difficulty of zero-shot Tamil ASR in low-
resource and dialect-rich settings. Variations in pro-
nunciation and dialectal speech patterns contribute
to recognition errors, highlighting the limitations
of standard multilingual ASR models for diverse
Tamil speech.

5.3 Baseline Comparison
Table 5 provides a comparison of the proposed
system with baseline models. The multilingual
transformer-based system outperforms simple base-
line systems, indicating the benefits of using pre-
trained speech representations for Tamil speech
tasks.

Table 5: Comparison with Baseline

Model WER Accuracy

Baseline Model 0.68 0.42
Proposed Model 0.61 0.49

6 Conclusion

This paper discusses the problem of low-resource
Tamil processing with a specific emphasis on
speech recognition and dialect classification prob-
lems. We employ a Whisper Large-v3 model for
the ASR and Wav2Vec2-Base embeddings coupled
with an XGBoost model for the dialect classifi-
cation. The Word Error Rate (WER) is 0.61 for
speech recognition and the accuracy is 0.49 (Macro
F1-score 0.41) for dialect classification, highlight-
ing dialect variability. To summarize, the experi-
ments show that pretrained transformer-based mod-
els provide a solid foundation for the development
of a Tamil speech system, yet also suggest the need
for models to be more adaptable to deal with di-
alectal variations.
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