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Abstract

This paper describes our system for the
shared task on Dialect Based Speech Recog-
nition and Classification in Tamil at Dravidian-
LangTech@ACL 2026. We participate in both
Subtask 1 (Dialect Identification) and Subtask 2
(Dialectal ASR). Our approach leverages a sin-
gle Tamil-adapted Whisper Medium model as
a unified foundation for both tasks. For dialect
classification, we repurpose the Whisper en-
coder as a feature extractor via mean pooling
and full encoder fine-tuning with a lightweight
classification head, achieving 73.4% accuracy.
For dialectal ASR, we apply Low-Rank Adap-
tation (LoRA) to the full encoder-decoder ar-
chitecture with SpecAugment-based data aug-
mentation, achieving a Word Error Rate (WER)
of 0.55. Our experiments reveal that unfreezing
the pre-trained encoder is critical for dialect
discrimination, boosting accuracy from 52.78%
to 73.4%. The code is publicly available.1

1 Introduction

Tamil, one of the classical Dravidian languages, is
spoken by over 80 million people across diverse
geographical regions exhibiting rich sociolinguistic
and dialectal variations spanning four major dialect
groups: Northern, Southern, Western, and Cen-
tral (Chakravarthi et al., 2026). These variations
pose substantial challenges for speech technologies,
particularly Automatic Speech Recognition (ASR)
and dialect identification, as models trained on stan-
dard Tamil often fail to capture the subtle phonetic,
prosodic, and lexical differences that distinguish
regional varieties.

The shared task on Dialect Based Speech Recog-
nition and Classification in Tamil at Dravidian-
LangTech@ACL 2026 (Chakravarthi et al., 2026;
Bharathi et al., 2026) addresses these challenges
by providing a curated dialectal speech corpus

1https://github.com/abhinavgulisetty/
tamil-dialect-asr

comprising 9.22 hours of training data and 2.05
hours of test data, with both spontaneous and read
speech from native speakers across the four dialect
groups. The task is organized into two subtasks:
(1) speech-based dialect classification and (2) auto-
matic speech recognition for dialectal Tamil.

Previous editions of the DravidianLangTech
workshop have advanced research on various NLP
tasks for Dravidian languages, including sentiment
analysis, hate speech detection (B et al., 2024; Ra-
jalakshmi et al., 2025), and abusive language de-
tection (Rajiakodi et al., 2025; Rajalakshmi et al.,
2024, 2022, 2021). However, dialect-level speech
processing for Tamil remains relatively unexplored
(Bharathi et al., 2025), motivating this shared task.

Our key contribution is the dual-purpose adapta-
tion of a single foundation model 2, for both gen-
erative (ASR) and discriminative (classification)
tasks. For Subtask 1, we repurpose the Whisper
encoder as a dialect-aware feature extractor via
full fine-tuning and mean pooling. For Subtask 2,
we apply parameter-efficient fine-tuning via LoRA
(Hu et al., 2022) to the full sequence-to-sequence
architecture.

2 Related Work

The Transformer architecture (Vaswani et al., 2017)
has driven recent advances in speech processing.
OpenAI’s Whisper (Radford et al., 2023) is a
large-scale speech model trained on 680,000 hours
of multilingual data, demonstrating strong zero-
shot performance. Self-supervised models such as
wav2vec 2.0 (Baevski et al., 2020) have also shown
effectiveness for low-resource speech tasks. How-
ever, dialect-level processing remains challenging
due to high acoustic similarity between dialects and
scarcity of labeled dialectal data.

Low-Rank Adaptation (LoRA) (Hu et al., 2022)
injects trainable rank-decomposition matrices into

2vasista22/whisper-tamil-medium
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frozen pre-trained weights, substantially reducing
trainable parameters. This approach is particularly
beneficial for low-resource scenarios where full
fine-tuning risks overfitting (Dettmers et al., 2023).

The DravidianLangTech workshop series has
been instrumental in advancing computational re-
search for Dravidian languages. The DLRG team
has a sustained participation history, including
offensive language identification on code-mixed
Tamil (Rajalakshmi et al., 2021), abusive comment
detection (Rajalakshmi et al., 2022), and multi-
modal tasks (Rajalakshmi et al., 2024, 2025). On
the speech side, Bharathi et al. (2025) present a
multi-dialect speech corpus for Tamil. The current
shared task (Chakravarthi et al., 2026; Bharathi
et al., 2026) is the first to systematically bench-
mark both dialectal speech recognition and dialect
identification for Tamil.

3 Task and Dataset Description

The Tamil Dialect Speech Dataset captures linguis-
tic differences across major dialect regions of Tamil
Nadu (Bharathi et al., 2025). It comprises both
spontaneous and read speech produced by native
speakers from four dialect groups: Northern, South-
ern, Western, and Central. Speakers include both
male and female participants across various age
groups, with all recordings captured at 16 kHz in
natural acoustic environments. The training set
consists of 9.22 hours and the test set of 2.05 hours
of manually transcribed speech.

Subtask 1 requires classifying each audio sam-
ple into one of the four dialect categories. Sub-
task 2 requires transcribing dialectal Tamil speech
into text.

4 System Description

Our architecture employs Whisper Tamil medium,
a pre-trained model for automatic speech recogni-
tion (ASR) and speech translation (Vasista, 2023),
a variant of OpenAI’s Whisper Medium (Radford
et al., 2023) fine-tuned for Tamil, as the shared
foundation for both subtasks. Figure 1 illustrates
the overall system design. The full pipeline was im-
plemented using HuggingFace Transformers (Wolf
et al., 2020).

4.1 Model 1: Dialect Classification

Architecture. We discard the Whisper de-
coder and utilize only the encoder. The en-
coder’s last_hidden_state—a tensor of

Unified Architecture Overview
vasista22/whisper-tamil-medium

↓ ↓
Subtask 1: Encoder Subtask 2: Enc-Dec

Mean Pool → Classifier LoRA → Seq2Seq
Full Fine-Tuning PEFT

↓ ↓
4-class Label Tamil Text

Figure 1: Overview of the dual-purpose architecture.
Both subtasks share the same pre-trained Whisper Tamil
model but use different adaptation strategies.

1024-dimensional feature vectors per audio frame—
is aggregated via mean pooling across the time
dimension into a single fixed-length embedding.
This embedding is fed into a classification head
consisting of a Dropout layer (p=0.1) followed by
a Linear layer projecting to four target classes.

Data processing. The standalone Whisper en-
coder expects exactly 30 seconds of audio input.
We configure the processor with padding set to
max_length, ensuring every audio file is zero-
padded to exactly 3000 Mel frames.

Full encoder fine-tuning. Our initial approach
of freezing the encoder yielded only 52.78% ac-
curacy. Because the four Tamil dialects share sub-
stantial linguistic overlap, the pre-trained standard
Tamil features were insufficient. We therefore con-
ducted full fine-tuning of the encoder, allowing
self-attention to shift toward prosodic and tonal
variations unique to regional dialects, with a con-
strained learning rate of 1×10−5 to prevent catas-
trophic forgetting. Training used a batch size of 8
for 5 epochs with Cross-Entropy loss.

4.2 Model 2: Dialectal ASR

LoRA adaptation. The ASR system uses the full
Whisper encoder-decoder, processing 80-channel
log-Mel spectrograms to auto-regressively gener-
ate text. We apply LoRA (Hu et al., 2022) to
the attention and feed-forward modules (q_proj,
k_proj, v_proj, out_proj, fc1, fc2) with
rank r=64, α=128, and dropout 0.05, yielding
∼69.2M trainable parameters (∼8.3% of total).

Data augmentation. We implement SpecAug-
ment (Park et al., 2019) within the data collator,
randomly masking frequency bands (up to 15 bins)
and time steps (up to 35 frames). Ground-truth tran-
scripts are stripped of punctuation and normalized.
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Strategy Val Acc. Val Loss Test Acc.

Frozen Encoder 52.78% — —
Unfrozen (Epoch 5) 98.93% 0.0310 73.4%

Table 1: Dialect classification results comparing frozen
vs. unfrozen encoder strategies.

Custom data collator. We engineer a cus-
tom collator that preserves labels and manually
constructs decoder_input_ids by replacing
−100 masking tokens with pad tokens and prepend-
ing the forced prompt sequence (BOS, Language,
Task tokens).

Training. Training uses FP16 mixed precision
with batch size 16, gradient accumulation of 2
(effective batch size 32), adamw_torch_fused
optimizer (Loshchilov and Hutter, 2019), and co-
sine learning rate scheduling with peak rate 5×10−4.
During inference, greedy decoding generates up
to 225 tokens with language="tamil" and
task="transcribe".

5 Results and Analysis

5.1 Subtask 1: Dialect Classification
Table 1 shows the comparison between frozen and
unfrozen encoder approaches.

With the frozen encoder, the classifier plateaued
at 52.78%, only modestly above the 25% random
baseline, indicating that standard Tamil acoustic
embeddings are insufficient for dialect discrimi-
nation. After full fine-tuning, validation accuracy
reached 98.93% and test accuracy reached 73.4%.

The gap between validation and test accuracy il-
lustrates the generalization challenge of fine-tuning
high-capacity models on small datasets. The en-
coder can memorize acoustic environments and
speaker-specific characteristics in training. Never-
theless, 73.4% on unseen speakers demonstrates
that the adapted embeddings capture genuine re-
gional phonological features.

5.2 Subtask 2: Dialectal ASR
The ASR model achieved a WER of 0.55 on the
test set (Table 2). While standard ASR benchmarks
target lower WER, this score is characteristic of
dialectal transcription where dialects lack standard-
ized orthography. The WER largely reflects an
orthographic mismatch between phonetically ac-
curate outputs and formal spelling conventions in
the ground truth, rather than a failure in acoustic
modeling.

Metric Value

Word Error Rate (WER) 0.55

Table 2: Dialectal ASR performance on the test set.

6 Discussion

Unified foundation architecture. The dual-
purposing of a single foundation model demon-
strates how a single pre-trained acoustic space can
be efficiently manipulated for both generative and
discriminative tasks in a low-resource setting, with-
out building separate pipelines.

The frozen vs. unfrozen gap. Our experiments
expose a critical limitation: standard Tamil acoustic
embeddings are insufficient for dialect discrimina-
tion. Unfreezing enabled the self-attention layers
to restructure toward dialect-specific acoustic cues,
yielding a performance leap from 52.78% to 73.4%
(test).

Orthographic penalty in WER. Standard WER
is a suboptimal metric for dialectal ASR when di-
alects lack standardized orthography. Many “errors”
represent valid phonetic transcriptions that differ
from the formal ground-truth spelling.

7 Conclusion

We presented the DLRG team’s system for dialect-
based speech recognition and classification in
Tamil at DravidianLangTech@ACL 2026. Our
approach demonstrates that a single pre-trained
Whisper model can be effectively adapted for
both dialect identification (73.4% accuracy) and
dialectal ASR (0.55 WER) through different fine-
tuning strategies. Key findings include: (1) full
encoder fine-tuning is essential for dialect classifi-
cation, boosting accuracy from 52.78% to 73.4%;
(2) LoRA provides an effective parameter-efficient
adaptation for dialectal ASR; and (3) standard
WER is limited as a metric for dialectal transcrip-
tion due to orthographic variation. Future work will
explore ensemble approaches combining multiple
self-supervised speech models and dialect-specific
decoding strategies.

Limitations

Our work has several limitations. First, the train-
ing corpus is relatively small (9.22 hours), which
constrains the model’s ability to generalize across
speakers and acoustic conditions. The substantial
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gap between validation accuracy (98.93%) and test
accuracy (73.4%) for dialect classification suggests
overfitting to speaker-specific and environment-
specific cues in the training data.

Second, we evaluate only a single base
model (whisper-tamil-medium). Compar-
ing against other self-supervised speech models
such as wav2vec 2.0 or HuBERT could reveal
whether our findings on encoder unfreezing gener-
alize across architectures.

Third, the WER metric used for Subtask 2 does
not distinguish between genuine transcription er-
rors and orthographic mismatches arising from di-
alectal variation. A phoneme-level evaluation or
a dialect-normalized WER would provide a more
accurate assessment of ASR quality.

Finally, our system does not incorporate any ex-
plicit dialect-conditioning mechanism for the ASR
subtask. Jointly leveraging dialect identification
outputs to guide ASR decoding could improve tran-
scription quality.

Ethical Considerations

Our work involves processing speech data from
speakers of regional Tamil dialects. We used only
the dataset provided by the shared task organiz-
ers, which was collected with appropriate consent
from participants. We did not collect any additional
personal data.

Speech technologies that favor standard dialects
over regional varieties risk marginalizing speak-
ers of underrepresented dialects. Our work aims
to mitigate this by explicitly developing models
for dialectal Tamil. However, we acknowledge that
classification errors could lead to misrepresentation
of a speaker’s dialect identity, and ASR errors on
dialectal speech could reduce the utility of down-
stream applications for dialect speakers.

All experiments were conducted using publicly
available pre-trained models and open-source li-
braries. The code and model configurations are
publicly released to support reproducibility.
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