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Abstract

This paper presents the Wise system for the
shared task on dialect-based speech processing
in Tamil, addressing two subtasks: (1) four-
way dialect region classification (Northern,
Southern, Western, Central), and (2) dialectal
Tamil ASR. All audio is preprocessed using
loudness normalization followed by neural de-
noising to ensure consistent audio quality for
downstream models. For classification, we ex-
perminet different model variants combining
multilingual and Tamil-pretrained Wav2Vec2
backbones with five temporal pooling strate-
gies under frozen and partial fine-tuning set-
tings. Our best configuration i.e. learned at-
tentive pooling with partial fine-tuning and
a differentially-trained MLP head achieves a
macro F1 of 0.79, securing 1%t place (0.26-
point margin). For ASR, we propose two
novel dialect-conditioned Whisper architec-
tures (residual injection and cross-attention)
that inject dialect embeddings from the trained
classifier into the ASR pipeline, and addi-
tionally evaluate a vanilla Whisper-Tamil fine-
tuned baseline. The best model achieved a
WER of 0.90, securing 8t place.

Keywords: Dialect Embeddings, Temporal
Pooling, Frozen Backbone, Residual & Cross At-
tention Injection, Wav2Vec2, Whisper

1 Introduction

Tamil is one of the oldest classical languages in the
world, spoken by millions across South India, Sri
Lanka, and Singapore. Its wide geographic spread
has produced rich regional dialects that differ in
pronunciation, rhythm, and vocabulary, making
it difficult for automatic speech recognition and
dialect identification systems to perform well.
The shared task on dialect-based speech recog-
nition and classification in Tamil (Bharathi et al.,
2026) curated a dataset to address this limitation
and facilitate the training of dialect-aware mod-
els (Bharathi et al., 2025). This dataset was used

to train the models. The system presented in this
paper addresses two subtasks—(1) dialect identifi-
cation and (2) speech transcription—and makes
three contributions: a preprocessing pipeline com-
bining LUFS normalization and neural denoising,
a study of 12 dialect classification variants show-
ing learned attentive pooling performs best, and
two dialect-conditioned Whisper architectures that
inject dialect embeddings into the ASR encoder.

2 Related Work

Early dialect and accent identification systems re-
lied on acoustic features such as MFCCs com-
bined with statistical models like GMMs or HMMs
(Levinson, 1986; Gorin et al., 2014). Deep learn-
ing approaches, including LSTMs, CNNs, and
RNNs, later achieved significant improvements
in speech modeling (Jain et al., 2020; Weninger
et al., 2015). More recently, self-supervised mod-
els such as Wav2Vec 2.0 (Baevski et al., 2020) and
Whisper (Radford et al., 2023) have established
new benchmarks for speech processing tasks (S
et al., 2025b). Research on hate speech in Dravid-
ian languages (S et al., 2025a) has also progressed
considerably using both classical and neural ap-
proaches (Sreelakshmi et al., 2024; B et al., 2023).
For Tamil specifically, fine-tuned Whisper models
have demonstrated strong performance on speech
and language tasks (Jairam et al., 2024). Building
on these advances, our work studies pooling strate-
gies for dialect classification and integrates dialect
embeddings into the ASR pipeline.

3 Dataset

The dataset comprises spontaneous and read speech
from native speakers across four regional dialect
groups. All recordings are sampled at 16 kHz and
captured in natural acoustic environments. The
training partition contains 9.22 hours of transcribed
speech. Table 1 summarizes the train distribution.
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Dialect Samples Duration
Southern 1,427 2h44m
Northern 1,696 3h29m
Western 1,126 1h 59m
Central 885 1h 08m
Total 5,134 9h 22m

Table 1: Train Dataset distribution across dialect groups.

4 Methodology

Our system comprises three tightly integrated
stages: audio preprocessing, dialect classification
(Subtask 1), and automatic speech recognition
(Subtask 2). A key design principle is that the
dialect classifier trained in Subtask 1 directly feeds
into the ASR system of Subtask 2 through dialect
embedding transfer. We describe each component
in detail below.

4.1 Audio Preprocessing

The raw audio recordings exhibit considerable vari-
ation in recording conditions—including ambient
noise, varying volume levels, multi-channel record-
ings, and DC bias—which can degrade downstream
model performance. We design a two-stage prepro-
cessing pipeline to address these issues.

Stage 1 — Audio Standardization. We apply
three sequential transformations to each audio file:

1. Channel Selection: For multi-channel record-
ings, we estimate the Signal-to-Noise Ratio
(SNR) for each channel. The one with the high-
est SNR is retained.

2. DC Offset Removal: The mean of the wave-
form is subtracted (z'(t) = z(t) — Z) to elimi-
nate any residual DC bias introduced by record-
ing hardware.

3. LUFS Normalization: We normalize loud-
ness to —23 LUFS using the ITU-R BS.1770
standard via the pyloudnorm library (Johnson,
2006). Unlike simple peak normalization, LUFS
normalization accounts for perceptual loudness,
ensuring consistent apparent volume across ut-
terances regardless of their dynamic range.

Stage 2 — Neural Denoising. We apply Face-
book’s Denoiser DNS64 model (Defossez et al.,
2020) for speech enhancement. This model is
based on a causal U-Net encoder-decoder archi-
tecture that operates directly in the time domain,
enabling it to preserve phase information.

4.2 Subtask 1: Dialect Classification

For dialect classification, rather than committing
to a single architecture, we conduct a systematic
ablation study of 12 model variants to identify the
optimal configuration. All variants share a common
three-component architecture: (1) a self-supervised
speech backbone for feature extraction, (2) a tem-
poral pooling layer to aggregate frame-level repre-
sentations into a fixed-dimensional utterance em-
bedding, and (3) a multi-layer perceptron (MLP)
(Rumelhart et al., 1986) classification head.

4.2.1 Speech Backbone.

We experiment with the original multi-lingual
(facebook/wav2vec2-large-xlsr-53) model and the
Tamil finetuned version (Harveenchadha/vakyansh-
wav2vec2-tamil-tam-250) as our speech feature ex-
tractor. We investigate two fine-tuning strategies:
* Frozen: The entire backbone is frozen, and only
the pooling and classification layers are trained.
* Partial Fine-tuning: The CNN feature encoder
and the bottom transformer layers are frozen,
while the top /V transformer layers are unfrozen
and trained jointly with the pooling and classi-
fication layers. This allows the model to adapt
its higher-level contextual representations to the
dialect classification task while preventing catas-
trophic forgetting in the lower layers.

Through experimentation we find that unfreezing
the top 4 (out of 12) transformer layers provides the
best trade-off between model capacity and overfit-
ting risk on this relatively small 9.22-hour dataset.

4.2.2 Temporal Pooling Strategies.

The encoder produces a sequence of hidden states,
where a temporal pooling function is needed to
produce a fixed-dimensional utterance embedding.
We systematically evaluate five pooling strategies:

1. Mean Pooling: The masked average over all
valid frames (Arora et al., 2017).

2. Attentive Pooling: A learnable linear projection
computes scalar attention weights over frames,
followed by softmax-weighted aggregation.

3. Learned Attentive Pooling: An enhanced non-
linear attention mechanism that replaces the sin-
gle linear projection with a two-layer bottleneck
network (Okabe et al., 2018).

4. Mean + Attentive: Concatenation of mean-
pooled and attentive-pooled vectors.

5. Learned Mean + Attentive: Concat of mean-
pooled and learned-attentive-pooled vectors.
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Figure 1: Overview of the proposed dialect-aware Tamil speech processing architecture. Raw audio is first
standardized through channel selection, DC offset removal, LUFS normalization, and neural denoising. A Wav2Vec2-
based dialect classifier extracts utterance-level dialect embeddings using temporal pooling strategies and an MLP
head. These embeddings are transferred across pipelines to condition the Whisper-Tamil ASR model through
residual or cross-attention injection, enabling dialect-aware transcription.

4.2.3 Classification Head.

The pooled utterance embedding is passed through
a three-layer MLP with progressively decreasing
hidden dimensions. The dropout rate of 0.3 is ap-
plied after each ReLU activation to regularize the
classifier and prevent overfitting.

4.3 Subtask 2: Automatic Speech Recognition

For ASR, we explore both dialect-conditioned
and baseline approaches using the Whisper-
Tamil models (vasista22/whisper-tamil-small and
vasista22/whisper-tamil-medium), which are fine-
tuned variants of OpenAI’s Whisper. We compare
their performance through experiments to analyze
the impact of model scale on dialect-aware ASR.

4.3.1 Dialect Embedding Extraction.

A central component of our dialect-conditioned
ASR approach is the extraction of utterance-level
dialect embeddings from the trained dialect clas-
sifier. Specifically, for each audio sample, we
perform a forward pass through the best dialect
classifier and extract the output of the learned at-
tentive pooling layer before the MLP classifica-
tion head. These embeddings capture rich dialect-
discriminative information including phonetic qual-
ity, prosodic patterns, and speaking rate character-
istics of each dialect region in a continuous vector

space. The embeddings are pre-computed for all
training samples and stored as a NumPy archive
for efficient loading during ASR training.

4.3.2 Variant 1: Residual Injection

The pre-extracted dialect embedding is first pro-
jected to the Whisper encoder’s hidden dimension
using a linear layer followed by layer normaliza-
tion. The projected embedding is then injected into
the encoder’s residual stream at every transformer
layer. Specifically, at each layer ¢, the dialect em-
bedding is added to the hidden states before the
self-attention computation, analogous to the injec-
tion of conditional embeddings used in diffusion
models. This repeated injection introduces a per-
sistent dialect bias in the encoder representations,
guiding the model toward dialect-aware acoustic
processing across multiple levels of abstraction.

4.3.3 Variant 2: Cross-Attention Injection.

In this approach, the dialect embedding is projected
into a single token and concatenated to the front
of the encoder output sequence. The decoder’s
cross-attention mechanism then attends to this aug-
mented sequence, allowing it to condition the tran-
scription on dialect identity through its attention
queries. A staged training schedule is employed:
during warmup, the entire Whisper model is frozen
and only the dialect projection layer is trained, al-
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lowing it to learn a meaningful mapping. After
warmup, the decoder and projection output layer
are unfrozen for joint fine-tuning.

4.3.4 Variant 3: Vanilla Whisper Baseline.

A standard fine-tuning without any dialect condi-
tioning, serving as a controlled baseline. All model
parameters are trainable during this fine-tuning.

S Experimental Setup

Experiments were conducted on an NVIDIA RTX
4080 Laptop GPU locally and on cloud instances
equipped with NVIDIA RTX A5000 GPUs for
computationally intensive workloads. Wav2Vec2
normalization was disabled since recordings were
already LUFS-normalized. A fixed random seed of
17 was used to ensure reproducibility.

All models were optimized using AdamW
(Loshchilov and Hutter, 2019). For dialect clas-
sification, differential learning rates were applied:
10~° for unfrozen Wav2Vec2 encoder layers and
10~* for the pooling and MLP layers. For ASR
models, a learning rate of 1075 with weight de-
cay 1072 was used. Training employed ReduceL-
ROnPlateau scheduling with a factor of 0.5 and
patience of 5 based on validation performance. Di-
alect classifiers were evaluated on a held-out 20%
development split using macro F1 (Van Rijsbergen,
1979) torchmetrics), and the best-performing
model was used for the final submission. ASR
performance was evaluated using Word Error Rate
(WER) (Rabiner and Juang, 1993).

6 Results and Analysis
6.1 Subtask 1: Dialect Classification

Our best-performing dialect classification variant
used learned attentive pooling with partial fine-
tuning of the top four Wav2Vec?2 transformer lay-
ers. This configuration achieved a macro F1 of
0.79, placing 1% with a margin of 0.26 over the
next team (Table 2). Learned attentive pooling was
particularly effective as it captures temporally lo-
calized dialect cues such as formant transitions and
intonation rather than averaging representations
across all frames.

6.2 Subtask 2: Automatic Speech Recognition

Our submission used the dialect-conditioned Whis-
per architecture with residual dialect embedding
injection and achieved a WER of 0.90, ranking
8™ (Table 3). Compared to the vanilla Whisper

Rank Team Macro F1
1 Wise 0.79
2 Wave2Word 0.53
3 IITK_SpeechScape 0.48

Table 2: Top teams in Subtask 1 (Dialect Classification).

Rank Team WER
1 CHMOD_777 0.51
2 CUET _InferX 0.54
3 Wave2Word 0.55
8 Wise 0.90

Table 3: Top teams in Subtask 2 (Speech Recognition).

baseline, the dialect-conditioned model showed im-
proved robustness to regional pronunciation vari-
ations. Although the model demonstrated stable
validation behavior during experimentation, it was
only partially trained due to time and computational
constraints, which likely limited its performance in
the shared task. We expect that fully training the
dialect-conditioned models—particularly the cross-
attention variant—would further reduce WER by
guiding the decoder toward dialect-specific vocab-
ulary and acoustic patterns.

7 Discussion

Our core contribution is cross-pipeline dialect em-
bedding transfer: embeddings from the classifier’s
attentive pooling layer are injected into Whisper
via residual injection (at every encoder layer) or
cross-attention conditioning (as a decoder context
token), with minimal added parameters. The supe-
riority of non-linear learned attentive pooling over
mean pooling confirms that dialect cues are sparse
and localized, making a trainable frame-scoring
network more effective than simple averaging.

8 Conclusion

The Wise system achieved 1% place in Tamil di-
alect classification (macro F1: 0.79) using learned
attentive pooling with partial Wav2Vec2 fine-
tuning. We also proposed two dialect-conditioned
Whisper architectures (residual injection and cross-
attention) for dialect-aware ASR. Future work will
complete training of these ASR variants and also
address the class imbalance.

Code: https://github.com/Ganesh2609/
DialectBasedSpeechProcessing
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Limitations

1. The training dataset is relatively small (9.22
hours of speech), which limits the ability of
large speech models to fully adapt to dialectal
variations.

2. The dataset is class-imbalanced (Central: 885
vs. Northern: 1,696 samples), which may reduce
recall for underrepresented dialect groups.

3. Some transcriptions in the dataset contain minor
inaccuracies or partially incorrect words, which
can introduce noise during ASR training and
evaluation.
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