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Abstract

Automatic Speech Recognition (ASR) converts the spoken words/sentence to text, which allows voice 
activation features, accessibility, and real-time translation to all. In low resource languages, ASR opens the 
door to digital inclusion, heritage conservation, and community-based data collection in areas where there 
were previously limited resources. We consider an ASR system of the Sylheti language that was created on 
the Whisper model of Open AI. Sylheti is a language with low resources, used in India and Bangladesh, 
but there are no significant digital and linguistic resources, which makes it challenging to develop the ASR. 
A hybrid dataset was developed to fill this gap by the addition of a custom Sylheti corpus and Common-
Voice dataset Bengali corpus. The audio information was pre-processed by removing noise, cutting, 
and matching the audio with written transcriptions. The small model of the Whisper was also optimized 
with the help of the combined dataset, as its model is based on the transformer-based encoder decoder 
architecture, which was trained on the task of multilingual transcription. Word Error Rate (WER) metrics 
is used to evaluate trained model. The system got a WER of 66.8% which proved to be a good system in 
transcription accuracy of Sylheti speech. The system was implemented via an interactive Gradio interface 
of interactive transcription. Its results confirm Whisper to be flexible towards low-resource languages and 
the possibility of facilitating linguistic inclusivity, cultural continuity, and accessibility.
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The first appeal was published in 1956, Artificial Intelligence (AI) has been evolving at an accelerated 
pace and providing strength to various spheres of contemporary life[1]. further emphasise that, between 
nearly 200,000 and more than 496,000 AI-related publications have grown in 2010 and 2021, respectively, 
indicating the increased interest of scientists and industries in this area. Automatic Speech Recognition 
(ASR) is an actively developing branch of AI that allows computers to translate speech into text[2]. ASR 
systems have been integrated into everyday use in voice searching the internet, smart assistance, biometric 
authentication, and controlling IoT devices and communication between humans[3].
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The efficiency and performance of ASR research have led to the shift system to End-to-End (E2E) systems 
instead of the traditional hybrid pipelines[4]. Recurrent Neural Network Transducer (RNN-T), Attention-
based Encoder-Decoder (AED) and Connectionist Temporal Classification (CTC) are all successful E2E 
frameworks[5]. Some of the latest models that use such methods include Whisper - a Transformer-based 
encoder-decoder ASR system created by the OpenAI[6]. Whisper is trained on 6,80k+ hours of multi-
lingual and multi-task information on language identification, speech recognition and translation of speech .
Nevertheless, the performance of Whisper remains poor in those cases when it works with the languages 
that are not represented in digital corpora, which are often referred to as low-resource languages[6]. The 
problem of such languages is that they lack adequate training data, thus having low recognition accuracy 
in terms of Word Error Rate ( WER ) or Character Error Rate ( CER ). The existing literature indicates 
that Whisper has a problem with zero-shot recognition of underrepresented languages[7]. These challenges 
are seen in such languages as Javanese and other regional languages in South Asia[8].
Other low-resource languages that are given little consideration in the development of speech technology 
are Sylheti, a language used by more than 10 million people in Northeast India (Southern Assam India, 
Tripura and others) and some parts of Bangladesh. Though it bears certain linguistic resemblance with 
Bengali, the phonetics and accent styles and vocabulary used require a specific ASR system, instead of 
a transfer-assumption to Bengali.
Fine-tuning is also known as an effective solution to the problem of the small amount of data to solve the 
problem and make Whisper more efficient in downstream tasks[9]. Nevertheless, it is normally expensive 
to train large models such as Whisper. To solve this, Low-Rank Adaptation (LoRA) , a type of Parameter-
Efficient Fine-Tuning (PEFT) method, can be used to minimize memory needs and trainable parameters 
without compromising performance[10].
Thus, the goal of this study is to improve Whisper for the Sylheti language and assess its effectiveness 
using the WER metric. The primary objective is to improve the quality of ASR for Sylheti and support 
continued initiatives to increase low-resource language populations’ access to technology.

Literature Review

The last few decades have witnessed a substantial development of speech and language technologies 
due to the use of Artificial Intelligence (AI) as noted by Zhang, C. and Lu, Y.[1], there has been a rapid 
development of AI-driven systems, especially natural language processing and speech applications. 
Automatic Speech Recognition (ASR) no longer involves the use of traditional modular pipelines that 
combine acoustic and language models Levinson, S.E. and Roe, D.B.[2] to deep learning based end-to-
end (E2E) designs. Contemporary ASR systems, which are divided into CTC, Attention-based Encoder-
Decoder (AED), and RNN-T systems by Alharbi, S. et al.[5], transformer architecture proposed by Vaswani, 
Ashish[11] has helped gain a great benefit in terms of efficient modeling of long-range dependencies with 
the help of self-attention..
One of the recent advances in multilingual ASR is Whisper by Radford, Alec et al.[6], which was trained 
on multilingual speech data (680,000+ hours). Despite the high zero-shot capabilities of Whisper, it has 
been shown that it performs weakly on studies by Rouditchenko, A. et al.[7] report underper-formance of 
greatly underrepresented low-resource languages. The lack of data, dialect, and phonetic complexity are 
still vexing. It is partly solved by crowd sourced datasets, which are discussed in Butryna, A. et al.[8], and 
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partly cross-lingual approaches Novitasari, S. et al.[12 and Bengali ASR studies Al Amin, M.A. et al.[13] 
show the power of related language transfer. Nevertheless, this transfer is frequently unable to reproduce 
dialect-specific variation, which results in large Word Error Rates (WER).
In order to decrease computational cost, Parameter-Efficient Fine-Tuning (PEFT) models like LoRA Hu, 
E.J. et al.[4] and quantization Dettmers, T. et al.[14] are used to adapt large models efficiently. However, 
according to Pratama, R.S.A. and Amrullah, A.[15], zero-shot Whisper is still inadequate with low-resource 
languages without fine-tuning, which is why it is necessary to consider language-specific strategies to 
adapt it.

Research Gap

Despite the excellent generalization of multilingual transformer-based ASR systems like the OpenAI 
Whisper, there are still major gaps in the low-resource language research. Majority of the studies done 
are on well-resourced or moderately represented languages, and therefore the regional and dialectal 
languages remain underexplored. Although some positive results have been obtained in relation to the 
cross-lingual transfer between related languages such as Bengali, little of the studies have been done 
to assess the appropriateness of cross-lingual transfer to reflect dialect-based phonetic and lexical 
features. Moreover, even though Parameter-Efficient Fine-Tuning (PEFT) methods, including LoRA and 
quantization, decrease the computational expenses, their performance as adapters of large multilingual 
ASR models to particular low-resource dialects has not yet been well studied.
The language of millions of people in Northeast India and Bangladesh, Sylheti has received little regard 
in the ASR research. No effort has been done to systematically fine-tune Whisper on Sylheti with hybrid 
corpora and measure performance in terms of Word Error Rate (WER). This paper fills that gap by doing 
specific fine-tuning and evaluation, which can be added to the development of inclusive speech technology

Methodology

Fig. 1: Flow Chart of the proposed model
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The objective is to use computation to fine-tune the Whisper ASR model for the Sylheti language. To 
maximise performance throughout the fine-tuning procedure, the audio sample rate of the dataset must 
first be converted from 48 kHz to 16 kHz[16]. Tokenisation and feature extraction are the two phases of 
preparing data. Following preprocessing, the model’s trainable parameter was reduced by using PEFT 
Low-Rank Adaptation (LoRA) to compute minimal computing cost. After all the preparations are complete, 
then fine-tuning can begin. Upon the fine-tuning, the performance of the model will be assessed with the 
help of WER and compared to the model that will not be fine-tuned (the zero-shot model). The specifics 
of the research flow are presented in Fig. 1.

Dataset

There are two datasets are used Primary Dataset and Secondary Dataset, which will be merged together 
to perform fine tuning with whisper model for ASR.
A specially created Sylheti Corpus as primary dataset, which includes spoken audio files with the extension 
“.mp3,” file IDs, and transcriptions of each audio file, will be utilised. There are 3000 audio files total, 
each with an ID and transcription, and they are 2-3 hours long[15].

Fig. 2: Sylheti Corpus

The Common Voice (Bengali corpus v_19) secondary dataset, which includes spoken audio files with 
the extension “.mp3,” file IDs, and transcriptions of each audio file, will be utilised. There are 37,000 
audio files total, each with an ID and transcription, and they are all 54 hours long[13].

Fig. 3: Bengali Corpus

The Corpus will be split into two portions, one for model performance evaluation and the other for model 
training or fine-tuning. The ideal ratio for dividing datasets is 8:2[17], where 8 is the training corpus and 
2 is the test corpus.

Preprocessing

(a) Speech Resampling
The dataset that will be utilised has an audio sample rate of 48 kHz. According to[6], Whisper functions 
best at a sampling rate of 16 kHz, particularly its feature extractor. Thus, audio must be resampled from 
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48 kHz to 16 kHz in order to maximise performance throughout the fine-tuning phase. Bandlimited 
interpolation was used to resample the audio using the Torch audio library[14].

(b) Tokenization
In low-resource languages, tokenisation has a considerably greater impact on language model performance. 
Sentences will be divided into tokens using the Whisper Model’s Byte-level BPE tokenizer[6]. Bengali 
is one of the 96 languages that Whisper’s built-in tokenizer recognises[18].

(c) Features Extraction
Whisper model’s built-in feature extractor will be used to extract features. There are two ways to use this 
feature extractor. The audio stream is first padded to match the 30-second time using the feature extractor. 
The audio will be divided into two parts if it is longer than thirty seconds. The audio stream will either be 
silent for 30 seconds or padded with zero if it is shorter than the allocated 30 seconds. The audio is then 
converted into an 80-channel log mel-spectrogram image. First, the Fast Fourier Transform (FFT) will 
be used to measure the audio stream. The logarithm operation will be carried out once this measurement 
has been entered into the mel-filter bank[6].
This leads to log-mel spectrogram visualisation. Fig. 4 shows the workflow.

Fig. 4: Feature Extractor Process in Whisper Model

Model Quantization

Whisper is the model that uses the concept of an encoder-decoder transformer[11]. As it learns to encode 
the input sequence into word sequences, it can also be referred as a seq-2-seq model[6], Weak supervisory 
training over 6,80k+ hours of multilingual speech or audio have already been performed[6]. It will be the 
Whisper model where the log-mel extractor spectrogram of the feature extractor will be coded to give a 
sequence of the hidden state of the encoder as shown in Fig. 3. It will then be decoded using this sequence 
to autoregressively predict the text token using the encoder hidden state and the prior token condition.
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Fig. 5: Architecture of the Whisper Model

The whisper variation model can be contemplated in the table below. It includes the Whisper Base model, 
the Small model, the Medium model, and the Large model.

Table 1: Comparisons of Different Whisper-based Models

Model No. of Layer Width No. of Head Size
Tiny 4.0 384.0 6.0 39 M
Base 6.0 512.0 8.0 74 M
Small 12.0 768.0 12.0 244 M
Medium 24.0 1024.0 16.0 769 M
Large 32.0 1280.0 20.0 1500 M

Models with parameters that are larger than fine-tuning models (more than 200M) are prohibitively 
expensive to compute. In order to solve this problem, model quantization is suggested. 8-bit quantization 
is the original proposal of model quantization by[14]. The entire model is operating at full accuracy with 
the type of data of fp32. The model data type will be loaded in quarter precision or an 8-bit data type to 
save memory and computing cost, and it was demonstrated that the loss of accuracy on the model was 
just the loss of the full precision model, which was about 5% loss.

Parameter-Efficient Fine-Tuning

Parameter-Efficient Fine-Tuning (PEFT) is suggested as a way to further reduce memory and computing 
requirements. Only necessary parameters associated with certain tasks will be taught since PEFT operates 
by freezing model parameters[9]. The LoRA approach makes this reduction achievable. One of the methods 
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that was proposed by[4] is the Low-rank Adaptation (LoRA), which minimizes the number of parameters 
to be trained and, consequently, minimizes memory and computational expenses by introducing an 
additional decomposition matrix (Update matrix) to represent weights and only new weights are trained.

Model Fine-Tuning

32GB of RAM, a 12.288GB RTX 3060 GPU, and an i7 12thGen CPU were used to fine-tune the whisper 
model in an Ubuntu system. The fine-tuning hyperparameter is displayed in Table 2.

Table 2: Hyperparameter used for training

Hyper Parameter Values
Rate of Learning 1e-05
Train batch Size 16
Evaluation batch Size 16
No. of Seeds 42
Optimizer Use adamw_torch with betas = (00.90,0.9990)
Epsilon 1e-08
Optimizer arguments No additional optimizer arguments
Learning Scheduler type constant_with_warmup
Learning Scheduler_warmup steps 500
Training steps 5000

Evaluation

The model is assessed using the Word Error Rate (WER) evaluation metric. The Character Error 
Rate (CER) and WER calculations are identical. However, because the error rate is assessed using 
words rather than characters, WER more properly depicts ASR performance[19]. As a result, it 
may be concluded that ASR has a larger error rate when assessed using WER than when assessed 
using CER. The ASR model was evaluated using CER in a prior study[12]. Because the language 
has some characters that are not part of the regular alphabet, this approach was selected. However, 
the standard alphabet can be used to write it in Sylheti. Therefore, a more accurate assessment 
of ASR performance in identifying Sylheti speech will be provided by the WER evaluation. 
The following equation can be used to determine WER mathematically: “S” stands for substitution, “D” 
for deletion, “I” for insertion, and “C” for correct[15].

 

 

 

Results and Analysis

The result demonstrates a consistent decrease in the evaluation loss and WER as training progresses, 
indicating improved accuracy in speech recognition. There is a steady increase in samples per second, 



Das et al.

196Print ISSN : 2348-7437 Online ISSN : 2454-9533

suggesting enhanced efficiency in model inference over time.

Table 3: Results Summary

Metric Initial Final
Training Loss 1.1084 0.1148
Validation Loss 1.09012 0.2100
WER 205.33% 66.80%

The programs used to train the Whisper model to fine-tune it to the Sylheti speech were used to train 
and validate it during the training period. The main evaluation measure to be employed in this study is 
Word Error Rate (WER), and the trends on training and validation loss as a measure of convergence.

(a) “Word Error Rate” (WER) Trend
The results of the WER decrease during 5000 training steps are shown in Fig. 6. The WER is also 
extremely high (205.33% at step 500) because the model is not very adaptable to Sylheti phonetics and 
linguistic structure. As training advances however, WER falls off sharply so that at step 5000, the WER 
is 66.80 percent.

Fig. 6: Evaluation WER Graph

This significant change in WER demonstrates that the model is more and more able to properly identify 
Sylheti words, which proves that fine-tuning works.

(b) Training Loss Behavior
The training loss reduction vs. the steps is shown in Fig. 7. The training loss takes a nosedive at the initial 
stage (until step ~800) before levelling off to convergence. The last loss in training was 0.1148, which 
showed successful optimization.



Whispering in Sylheti Language

197Print ISSN : 2348-7437 Online ISSN : 2454-9533

Fig. 7: Training/Loss Graph

The continuous and monotonically decreasing curve demonstrates that the model does not have any 
unstable moments when training.

(c) Training Results Summary
The table below summarises key performance values at major checkpoints.

Table 4: Training Results
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Both training and validation loss decrease progressively, and the gap between them remains small, 
indicating no over-fitting.

(d) Real-Time Inference Demonstration Using Gradio
A Gradio-based speech recognition interface was created to test the practical potential of the fine-tuned 
Whisper model, which allowed the use of unseen Sylheti speech data to test the model live. It can be 
seen that the interface enables users to record speech or upload audio, and the model provides them with 
the corresponding transcription (Fig. 8).

Fig. 8: Gradio Interface

The model demonstrates good recognition performance for short and simple Sylheti sentences, successfully 
converting them into meaningful text (“What are you doing”). Since Word Error rates (WER) is at 
66.80%, the system has difficulty with longer sentences or complex speech patterns, and therefore the 
words are usually not translated correctly. The limitation is also affected by the fact that the experiments 
were done on the Whisper Small model with limited dataset, which although, in terms of computation, 
is an efficient model, has lower representational capacity than Whisper variants of large sizes.
The general impression of the demo is that the model is workable and holds potential of use in real life 
situations, particularly in short speech exchanges. This is likely to improve performance over time with 
longer fine-tuning and bigger model with bigger dataset configurations which will help minimize WER 
and enhance generalization on different speech of Sylheti.

Future Direction

Future research can extend this work in several important directions:

�� Bigger and more heterogeneous Sylheti corpus: Bigger and more heterogeneous Sylheti corpus: 
By increasing the data size with speakers of various ages, gender, accents and recording conditions, 
it will be possible to enhance the generalization of models.
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�� Investigations in Whisper scaled up variants: Fine-tuning Whisper Medium or Large models 
can substantially decrease WER because it is capable of having much more representations.

�� State of art PEFT approaches: There are various more computationally efficient approaches 
that can be investigated, such as QLoRA, adapters, and prompt-tuning.

�� Language model integration: For longer sentences, decoding accuracy may be increased by 
using shallow fusion or external language models.

�� Noise-robust training: Techniques for augmentation (such as noise injection and SpecAugment) 
can improve robustness in the real world.

�� Adoption in the real world: Integration with educational resources, voice assistants, and Sylheti-
speaking accessibility systems.

�� Cross-lingual transfer learning: Utilizing multilingual training techniques to take use of closely 
related languages (like Bengali).

Conclusion

This project developed an automatic speech recognition model for Sylheti using the Whisper architecture. 
Achieving a final word error rate of 66.8016 % further validates the effectiveness of our approach, 
contributing to the broader field of speech technology and emphasizing the need for continuous evaluation 
and adaptation to achieve the best results in ASR system development. Future work will focus on enhancing 
the model’s robustness and exploring broader applications, contributing to broader efforts in promoting 
language inclusivity and accessibility in the digital domain. Future work will focus on:

�� Expanding the Sylheti corpus with dialect diversity

�� Fine-tuning larger Whisper variants

�� Exploring PEFT (LoRA, QLoRA) for computational efficiency

�� Deploying Sylheti ASR models for real-world applications (education, accessibility, voice 
assistants)
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