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Abstract

This paper describes Team CHMOD_777’s sys-
tem for the DravidianLangTech@ACL 2026
shared task on Tamil dialect speech recogni-
tion and classification. The task comprises
two subtasks: classifying Tamil speech into
four regional dialects (Northern, Southern,
Western, Central) and transcribing dialectal
Tamil speech to text. For dialect classifi-
cation, we fine-tune MMS-1b-all with Focal
Loss and weighted sampling, achieving 83.04%
Macro F1 on the development set (5th out of 11
teams on the test set). For speech recognition,
we fine-tune a Tamil-specific Whisper model
(763M parameters), achieving 53.72% WER on
the development set and 49.75% on the official
test set, ranking 1st out of 13 teams. Our key
finding is that domain-specific pre-training sig-
nificantly outperforms larger general-purpose
models: Tamil Whisper (763M) beats Whisper-
large-v3 (1.5B) by 8 WER points despite hav-
ing half the parameters.

1 Introduction

Tamil, spoken by over 80 million people, exhibits
significant regional variation across four major di-
alect groups: Northern, Southern, Western, and
Central. These dialects differ in phonology, vo-
cabulary, and prosody, posing challenges for both
dialect identification and automatic speech recogni-
tion (ASR). The DravidianLangTech@ACL 2026
shared task (Bharathi et al., 2026) addresses these
challenges through two subtasks using the multi-
dialect Tamil speech corpus (Bharathi et al., 2025).

Subtask 1 requires classifying Tamil speech
into four dialect categories, while Subtask 2
requires transcribing dialectal Tamil speech to
text, evaluated by Word Error Rate (WER). Our
approach evaluates multiple pre-trained speech
models across both subtasks. For classifica-
tion, we compare MMS-1b-all (Pratap et al.,
2023) (1B parameters, 1,100+ languages) against

wav2vec2-large-xlsr-53 (Conneau et al., 2021)
(300M, 53 languages). For ASR, we compare a
Tamil-specific Whisper variant (763M) against the
general-purpose Whisper-large-v3 (Radford et al.,
2023) (1.5B). Our experiments demonstrate that
domain-specific pre-training consistently outper-
forms model scale across both tasks.1

2 Related Work

Speech processing for Indian languages has gained
momentum through shared tasks and community
efforts. Bharathi et al. (2022) organized the first
shared task on speech recognition for vulnerable
individuals in Tamil, establishing benchmarks for
Tamil ASR. The multi-dialect Tamil speech corpus
(Bharathi et al., 2025) used in this shared task pro-
vides a foundation for studying dialectal variation
in Tamil speech.

Self-supervised speech models have transformed
the field. Wav2Vec2 (Baevski et al., 2020)
learns speech representations from unlabeled au-
dio through contrastive learning. Its multilingual
extension, XLSR-53 (Conneau et al., 2021), cov-
ers 53 languages. MMS (Pratap et al., 2023)
scales further to 1,100+ languages with 1B param-
eters. For ASR, Whisper (Radford et al., 2023)
achieves strong multilingual performance through
weakly supervised pre-training on 680,000 hours
of audio. Community-driven efforts have pro-
duced Tamil-specific Whisper variants fine-tuned
on Tamil speech corpora, which we leverage in this
work.

Focal Loss (Lin et al., 2017) has been success-
fully applied to speech classification tasks with
class imbalance. Prior work on Dravidian lan-
guage processing (Jada et al., 2021; Sai Kumar
et al., 2021; Premjith et al., 2022) has shown

1The code for this work is available at: https:
//github.com/Arunaggiri-Pandian/Dialect_Based_
Speech_Recognition_and_Classification_in_Tamil
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Dialect Train Dev Test

Northern 1,525 171 189
Southern 1,186 241 212
Western 944 182 116
Central 716 168 62

Total 4,371 762 579

Table 1: Dataset distribution across four Tamil dialects.

that language-specific approaches consistently out-
perform general multilingual methods across text,
speech, and multimodal tasks.

3 Methodology

3.1 Dataset
The dataset (Bharathi et al., 2025) contains Tamil
speech samples across four regional dialects. Ta-
ble 1 shows the distribution. Audio files are mono-
channel WAV at 16 kHz sampling rate, with Tamil
script transcriptions.

3.2 Subtask 1: Dialect Classification
We build a classification pipeline on top of self-
supervised speech encoders. Given an input wave-
form, the encoder produces frame-level represen-
tations that are mean-pooled over time to obtain
a fixed-dimensional utterance embedding h ∈ Rd.
This embedding is passed through a two-layer clas-
sification head:

y = W2 ·ReLU(W1 ·Dropout(h)+b1)+b2 (1)

where W1 ∈ Rd×d/2 and W2 ∈ Rd/2×4. We evalu-
ate two encoders:

• MMS-1b-all (Pratap et al., 2023): 1B pa-
rameters (d=1280), pre-trained on 1,100+ lan-
guages via self-supervised learning.

• wav2vec2-large-xlsr-53 (Conneau et al.,
2021): 300M parameters (d=1024), pre-
trained on 53 languages.

Both encoders are fine-tuned end-to-end with
Focal Loss (γ=2.0), WeightedRandomSampler for
class balance, dropout (p=0.2), and early stopping
on dev Macro F1 with patience of 5 epochs. We set
γ=2.0 following Lin et al. (2017)’s recommended
default, which down-weights well-classified di-
alects while focusing learning on harder dialect
boundaries without overly aggressive focusing that
higher gamma values can cause on small datasets.
Figure 1 illustrates our system architecture for both
subtasks.

Figure 1: System architecture. (a) Dialect classification
via MMS-1b-all. (b) Speech recognition via Tamil Whis-
per, which outperforms the 2x larger Whisper-large-v3
by 8 WER points.

Parameter Classification ASR

Learning rate 5e-6 3e-5
Batch size 16 16
Grad. accumulation 1 4
Loss Focal (γ=2) Cross-entropy
Precision FP32 BF16
Early stop patience 5 10
Seed 42 42

Table 2: Training configuration for both subtasks.

3.3 Subtask 2: Speech Recognition

For ASR, we fine-tune Whisper encoder-decoder
models using sequence-to-sequence training. The
encoder processes mel-spectrogram features, and
the decoder autoregressively generates Tamil script
tokens. We compare two models:

• Tamil Whisper medium: 763M parameters,
a community fine-tuned variant of Whisper-
medium pre-trained on Tamil speech corpora.

• Whisper-large-v3 (Radford et al., 2023):
1.5B parameters, the largest general-purpose
Whisper model.

We fine-tune with BF16 mixed precision, gradi-
ent accumulation (effective batch size 64), AdamW
optimizer (lr=3e-5), and 500 warmup steps. Label
sequences exceeding 448 tokens are truncated. Ta-
ble 2 summarizes configurations for both subtasks.

4 Results

4.1 Dialect Classification

Table 3 shows classification results. MMS-1b-all
achieves the best dev F1 of 83.04%, outperforming
wav2vec2-xlsr-53 by 17 points. Table 4 shows per-
dialect F1 scores. Central dialect is easiest to clas-
sify (94.2% F1) while Northern is hardest (77.9%).
Figure 2 shows the confusion matrix: Central is

187



Model Dev MF1 Epoch

MMS-1b-all (tuned) 83.04 7
MMS-1b-all (initial) 79.87 5
wav2vec2-xlsr-53 (tuned) 66.38 8
wav2vec2-xlsr-53 (baseline) 57.48 10

Table 3: Dialect classification results (dev Macro F1 %).

Dialect Precision Recall F1 Samples

Northern 69.4 88.9 77.9 171
Southern 81.1 76.8 78.9 241
Western 87.3 75.8 81.2 182
Central 97.5 91.1 94.2 168

Macro 83.8 83.1 83.0 762

Table 4: Per-dialect classification metrics (%) for MMS-
1b-all.

cleanly separated while Northern is most often con-
fused with Southern, reflecting their geographic
and phonological proximity.

Figure 3 shows the training dynamics: MMS-1b-
all reaches peak dev F1 of 83.04% at epoch 7 while
train F1 continues rising past 95%, indicating rapid
adaptation with some overfitting.

On the official test set, our system ranks 5th out
of 11 teams with 43.09% Macro F1. Analysis of
the test labels reveals a distribution shift across
dialects: Southern (80.5%) and Northern (57.8%)
remain stable, while Central and Western show sen-
sitivity to the changed test distribution, indicating
opportunities for more robust dialect-invariant fea-
tures. Full results are in the task overview paper
(Bharathi et al., 2026).

4.2 Speech Recognition
Table 5 shows ASR results. Tamil Whisper
achieves 53.72% WER, outperforming Whisper-
large-v3 by 8 points despite having half the param-
eters. Figure 4 visualizes this comparison.

Table 6 shows per-dialect WER on the dev set. A
40-point gap separates Central (28%) from North-
ern (69%).

On the official test set, our system achieves
49.75% WER, ranking 1st out of 13 teams. Ta-
ble 7 shows per-dialect test WER. Central WER in-
creases from 28% (dev) to 47% (test) while North-
ern improves from 69% to 52%, compressing all
dialects into a 6-point range (Figure 5).

5 Analysis

Domain-specific pre-training is the decisive factor:
Tamil Whisper (763M) outperforms Whisper-large-

Figure 2: Normalized confusion matrix for MMS-1b-all.
Central is cleanly separated; Northern is most confused
with Southern.

Figure 3: Dialect classification training curves for MMS-
1b-all. Dev F1 peaks at epoch 7 while train F1 continues
rising.

v3 (1.5B) by 8 WER points, and MMS-1b-all out-
performs wav2vec2-xlsr-53 by 17 F1 points. Full
fine-tuning outperforms LoRA by 9 WER points,
and SpecAugment hurts (70.07% vs 61.65%) at
this data scale. The classification dev-to-test gap
(83% to 43%) reflects speaker distribution shift be-
tween splits. Central Tamil achieves the lowest
WER (28% dev) due to phonological proximity to
standard Tamil, while the narrower test gap (6 vs 40
points) suggests more extreme dialectal variation
in the dev split.

6 Conclusion

We presented a system for Tamil dialect speech pro-
cessing achieving Rank 1 in ASR (49.75% WER,
13 teams). Key findings: (1) domain-specific
pre-training outperforms scale (Tamil Whisper
763M beats Whisper-v3 1.5B by 8 WER points);
(2) full fine-tuning outperforms LoRA by 9 points;
(3) SpecAugment hurts on small datasets; (4) per-
dialect WER compresses from 40 points (dev) to 6
(test).
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Model Params WER

Tamil Whisper (full FT) 763M 53.72
Tamil Whisper (LoRA) 763M 62.93
Tamil Whisper (zero-shot) 763M 86.39
Whisper-large-v3 (best) 1.5B 61.65
Whisper-large-v3 (+SpecAug) 1.5B 70.07

Table 5: ASR results (dev WER %, lower is better).

Figure 4: ASR model comparison. Tamil Whisper
(763M) outperforms the twice-larger Whisper-large-v3
(1.5B) by 8 WER points.

Limitations

Dialect-adaptive decoding strategies that leverage
the classification model to condition ASR output
could yield further improvements. Multi-task learn-
ing jointly optimizing dialect classification and
transcription is another avenue worth investigat-
ing. The significant dev-to-test gap in classification
(83% to 43%) suggests potential distribution differ-
ences that merit closer examination. Incorporating
dialect-specific language models may also help im-
prove recognition for underperforming dialects.
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