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Abstract

This research presents an improved Tamil
Automatic Speech Recognition (ASR) sys-
tem designed to enhance accessibility for el-
derly and transgender populations by address-
ing unique language challenges. We address
the challenges of Tamil ASR—including lim-
ited high-quality curated datasets, unique pho-
netic characteristics, and word-merging tenden-
cies—through a comprehensive pipeline. Our
methodology integrates Adaptive Variational
Mode Decomposition (AVMD) for selective
noise reduction based on signal characteristics,
Silero Voice Activity Detection (VAD) with
GRU architecture to eliminate non-speech seg-
ments, and fine-tuning of OpenAI’s Whisper
model optimized for Tamil transcription. The
system employs beam search decoding during
inference to further improve accuracy. Our ap-
proach achieved state-of-the-art performance
with a Word Error Rate (WER) of 31.9,winning
first place in the LT-EDI 2025 shared task.

Keywords: Speech Recognition, Transformer,
Whisper, Adaptive Variational Mode Decomposi-
tion, Vulnerable populations, Low-resource, Dra-
vidian language.

1 Introduction

Communication has been the cornerstone of human
evolution, enabling individuals to share thoughts,
emotions, and information. Human communica-
tion evolved naturally through verbal expression,
with speech emerging as one of our earliest and
most intuitive forms of interaction. With recent ad-
vancements in technology, a more natural way for
human-computer interaction is necessary, which is
satisfied with the help of speech processing tech-
niques. This has led to the invention of Automatic
Speech Recognition (ASR) (Yu and Deng, 2016)
systems. The goal of an ASR system is to convert
spoken language into text and it plays a crucial role

in various applications such as virtual assistants,
transcription services, and accessibility tools.

Despite advancements in technology, ASR still
remains a complex task due to several challenges.
The high variability in speech data makes it diffi-
cult for the models to generalize across different
speakers. Additionally, while ASR systems for
languages like English, Spanish and Mandarin ben-
efit from extensive datasets and pretrained models,
Dravidian languages like Tamil and Malayalam
suffer from the scarcity of extensive & good qual-
ity annotated datasets, making it hard to build ro-
bust ASR systems. Tamil, in particular, has unique
phonetic characteristics and word-merging tenden-
cies that further complicate transcription accuracy
(Akhilesh et al., 2022; Shraddha et al., 2022).

This work addresses these challenges by fine-
tuning a Transformer-based ASR system for Tamil
speech, specifically for vulnerable old-aged and
transgender individuals, who often face difficul-
ties in accessing essential services due to lack
of literacy and familiarity with technology. To
enhance transcription accuracy, our method inte-
grates Adaptive Variational Mode Decomposition
(AVMD) (Lian et al., 2018) for noise reduction
and Silero Voice Activity Detection (VAD) (Team,
2021) to eliminate non-speech segments. We then,
finetune OpenAI’s Whisper (Radford et al., 2023)
model for Automatic Speech Recognition, leading
to promising results. This approach achieved state-
of-the-art (SOTA) performance, ranking first in the
shared task with a Word Error Rate (WER) of 31.9.
This demonstrates the effectiveness of this pipeline
in handling the complexities of Tamil speech for
vulnerable populations (Chowdary et al., 2024).

2 Related Work

Early ASR systems relied on rule-based phonetic
models and statistical methods like Hidden Markov
Models (HMMs) (Levinson, 1986), Gaussian Mix-
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ture Models (GMMs) (Gorin et al., 2014) and Dy-
namic Time Warping (DTW) (Nair and Sreenivas,
2008). However, these methods struggled with
high variability in speech, such as speaker, accents,
age, gender, background noise, and spontaneous
speech patterns. This led to the emergence of tradi-
tional deep learning based models such as Recur-
rent Neural Networks (RNNs) (Jain et al., 2020)
and Long Short-Term Memory (LSTM) (Weninger
et al., 2015) networks. (Dahl et al., 2011) used
Deep Neural Network and HMM based hybrid
model which further improved the quality of the
transcriptions generated.

But even they struggled with capturing long
range dependencies. The major breakthrough in
processing temporal was made with the invention
of the Transformer architecture (Vaswani et al.,
2017) in 2017. It introduced the Multi Head Self
Attention (MHSA) mechanism which excelled in
capturing both long term and short term depen-
dencies. Hence, the Transformer-based models
significantly improved transcription accuracy by
learning complex patterns from large datasets. Self
supervised models like Wav2Vec 2.0 (Baevski et al.,
2020) reduced reliance on labeled data by learn-
ing speech representations from raw audio, sig-
nificantly improving ASR for low-resource lan-
guages. OpenAI’s Whisper further advanced ASR
with large-scale weak supervision, enabling robust
transcription, translation, and language identifica-
tion across diverse datasets (Barathi Ganesh et al.,
2024).

3 Dataset

Elderly individuals frequently visit essential ser-
vice locations such as banks, hospitals, and ad-
ministrative offices but struggle with technologi-
cal tools designed to assist them. Similarly, trans-
gender individuals often face educational barriers
due to societal prejudices, making speech a pri-
mary mode of communication for accessing essen-
tial services. Hence, the dataset provided for this
shared task specifically targets vulnerable elderly
and transgender individuals (B et al., 2022). The
dataset consists of 7.5 hours of spontaneous Tamil
speech, which is split into 5.5 hours of transcribed
speech for training and 2 hours of unlabeled speech
for testing. The train data provided was further
made into a 80-20 split for training and develop-
ment. The dataset distribution is provided in Ta-
ble 1

Split Audios Duration (hours)
Train 726 4.4
Dev 182 1.1
Test 451 2.0
Total 1,359 7.5

Table 1: Dataset distribution of Tamil ASR corpus

4 Methodology

The speech signal was initially denoised us-
ing Adaptive Variational Mode Decomposition
(AVMD), which decomposes it into variational
modes and reconstructs the relevant components
to remove noise while preserving speech clarity.
Next, Silero VAD (GRU based) was applied to
eliminate silence and non-speech segments, reduc-
ing computational load due to unnecessary pro-
cessing and at the same time improving transcrip-
tion accuracy.The processed audio is then passed
through the Whisper processor, which converts it
into log-Mel spectrogram (Stevens et al., 1937) fea-
tures using a standardized pipeline. Finally, the
extracted features are passed to the Whisper-Tamil-
Medium model for generating transcriptions, with
beam search decoding (Lowerre, 1976) during test-
ing to enhance the accuracy and reduce the WER.
The overall workflow is depicted in Figure 1.

4.1 AVMD - Denoising

The dataset contains multiple audio samples, where
some are of high quality while others suffer from
a bit of background noise, which can affect the
transcription process. Specifically, audio files in
Series 3 (Audio-3_1.wav to Audio-3_32.wav) ex-
hibit excellent clarity, whereas Series 2 (Audio-
2_1.wav to Audio-2_26.wav) contains noticeable
background noise. To account for this, Adaptive
Variational Mode Decomposition (AVMD) was se-
lectively applied based on a noise parameter thresh-
old (Signal to Noise Ratio (Johnson, 2006)) , ensur-
ing only noisy signals underwent processing. Un-
like traditional Variational Mode Decomposition
(VMD) (Dragomiretskiy and Zosso, 2013), which
uses fixed decomposition parameters, AVMD dy-
namically adjusts mode selection and bandwidth
constraints based on the signal’s characteristics,
making it more effective in separating noise com-
ponents from speech. This method outperforms
other denoising methods such as wavelet denoising
(Luo et al., 2012) or spectral subtraction (Martin,
1994), which often introduce artifacts.
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Figure 1: End to end pipeline for Tamil ASR using the Whisper-Tamil-Medium model. The raw audio is preprocessed
using AVMD, Silero VAD, and the Whisper Processor, transforming it into Log Mel Spectrograms. These
spectrograms serve as input to the Whisper model, which undergoes training and evaluation with greedy decoding
and beam search techniques. The resulting transcriptions are assessed using cross-entropy loss, WER, and CER to
measure performance.

4.2 Silero VAD
Some of the audio samples in the dataset contained
long pauses, which negatively impacted ASR per-
formance. So, any segment with silence exceeding
300 ms was removed, such as in Audio-1_01.wav,
where a pause from 12s to 14s was eliminated.
Silero VAD was chosen for this task due to its ro-
bust deep learning based Voice Activity Detection
(VAD), outperforming traditional energy-based or
statistical methods (Sohn et al., 1999). The imple-
mentation involved loading the pretrained Silero
VAD model, detecting speech timestamps, merg-
ing overlapping or close speech segments, and ex-
tracting speech regions while preserving 300 ms
of buffer before and after detected speech to com-
pensate for potential mis-detections where speech
might be partially cropped.

4.3 Whisper Finetuning
We chose the pretrained hugging face Whisper
model from "vasista22/whisper-tamil-medium" as
it achieved the SOTA performance even without
preprocessing in the same shared task last year
(Jairam et al., 2024). The selected model was pre-
trained on various tamil ASR datasets such as IISc-
MILE Tamil ASR Corpus (A et al., 2022), ULCA
ASR Corpus, etc. Whisper is a transformer-based
ASR model that processes audio using a feature
extractor that converts raw waveforms into mel

spectrograms, capturing key frequency components
over time. The transcriptions given were converted
to tokens with the help of the Whisper Tokenizer.
The model begins with a CNN-based feature extrac-
tor (O’shea and Nash, 2015) layer, where two 1D
convolution layers (Conv1d) expand the input from
80 mel filter banks to 1024 channels, followed by
downsampling. The processed audio features are
directly fed to the Whisper encoder then passed to
the decoder, both containing 24 Transformer layers
for transcription generation. The decoder fetches
the features from the encoder with the help of cross-
attention with the encoder memory. The final linear
layer maps the decoder output to the vocabulary
space, generating transcriptions (B et al., 2025).

4.4 Beam Search Decoding

Beam search decoding is an exploratory search
technique employed in ASR systems to identify
the optimal output sequence. In contrast to greedy
decoding, which chooses the maximum probability
token per step, beam search tracks several poten-
tial sequences (beams) during each decoding phase,
minimizing errors resulting from choices that ap-
pear optimal locally but prove suboptimal overall.
It is used only during test time to refine the output
by considering multiple possible candidate states.
During training, it is not required since the model is
optimized using teacher forcing, where the correct
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target sequence is provided at each step. Training
prioritizes computational efficiency, while beam
search during inference ensures higher-quality pre-
dictions.

5 Experimentation

For training, the model was optimized using
AdamW (Loshchilov and Hutter, 2017) with a learn-
ing rate of 10-5 and weight decay of 10-2 to prevent
overfitting. The loss function used was CrossEn-
tropyLoss, which measures the difference between
predicted and actual token distributions. We em-
ployed ReduceLROnPlateau to automatically de-
crease the learning rate by half whenever validation
loss stopped improving for two consecutive epochs,
which helped maintain smooth training progress.
The models were trained on a 4080 Super GPU
with 4 as the batch size. During testing, beam
search decoding was employed, thus increasing
transcription accuracy. The trends observed dur-
ing the training and validation process are given in
Figure 2.

Figure 2: Training and validation performance metrics
for the best-performing Tamil ASR model.

6 Result and Analysis

6.1 Word Error Rate
To evaluate the ASR pipeline built, Word Error
Rate (WER) (Levenshtein et al., 1966) was used, as
it is the metric specified for comparing the results
in the shared task. It quantifies the transcription
accuracy by comparing the words in the system’s
output with the reference transcript. The WER is
defined as

WER =
S +D + I

N
(1)

where S represents the number of substitutions (in-
correctly transcribed words), D denotes deletions

(omitted words), I accounts for insertions (extra
words added), and N is the total number of words
in the original reference transcript. A lower value
of WER generally indicates better performance.

6.2 Model Evaluation

The pipeline built was assessed using three differ-
ent metrics: Cross Entropy Loss, Word Error Rate
(WER), and Character Error Rate (CER) (Rice
et al., 1995). The results of the best performing
model in terms of WER are summarized in Table 2.

Metric Train Validation Test
Loss 0.202 0.281 -
WER 45.212 49.095 31.9
CER 7.061 9.037 -

Table 2: Performance Metrics of the Best Model

6.3 Result Comparison

Our proposed methodology, integrating Adaptive
Variational Mode Decomposition (AVMD) for de-
noising, Silero VAD for voice activity detection,
Whisper for transcription, and Beam Search decod-
ing, achieved a WER of 31.9 on the testing set,
securing the 1st rank in the competition. The scores
of the top five performing teams in the shared task
are summarized in Table 3.

Rank Team Name WER (%)
1 CrewX 31.90
2 NSR 34.85
3 Wictory 34.93
4 JUNLP 38.42
5 SSNCSE 42.30

Table 3: Top 5 Teams scored based on Word Error Rate

7 Conclusion

In this paper, we presented a robust ASR pipeline
tailored for noisy audio conditions. In conclusion,
our methodology showcases the potential of com-
bining noise-aware preprocessing and advanced
decoding strategies to deliver accurate and reliable
transcription in real-world, low-resource scenar-
ios. This also provides a strong foundation for
future enhancements in speech recognition under
challenging conditions. The entire implementa-
tion can be found here: https://github.com/
Ganesh2609/VulnerableSpeechASR
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8 Limitations

Even though the proposed pipeline performed well
in terms of the WER, it had a few noticeable limi-
tations, which are as follows:

1. Some audio samples had severely distorted
speaker voices, making them unintelligible
even to human listeners. As a result, the model
also struggled to transcribe such cases accu-
rately.

2. The model occasionally merges separate
Tamil words into a single word. For example,
vandhu irunthaal is sometimes transcribed as
vanthirunthaal, which may lead to a lesser
WER.

3. The training dataset was relatively small for
ASR tasks, with 908 audio samples for train-
ing and 451 for testing (approximately a 66.7-
33.3 split). Creating a development set from
the training data reduced the effective train-
ing size further, leading to signs of overfitting
during training.
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