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Background

The focus of the Study
▪ Recognizing Bangladeshi dialects.

▪ Converting diverse Bengali accents to standardized formal Bangla speech.

Key Concepts
▪ Dialects are defined by phonetics, pronunciation, and lexicon.

Significance
▪ Bangla: 5th most spoken language globally (Approximately 160M 

speakers).

▪ Around 55 distinct dialects. 



Challenges in Dialect Standardization

Dialectal Variations
▪ Pronunciation, phonetics, and vocabulary differences due to geography and 

socioeconomic factors.

Data Scarcity
▪ Lack of large-scale, diverse dialect speech datasets.

Technical Complexity
▪ Managing large dialect data for fine-tuning.

▪ Building accurate ASR (Automatic Speech Recognition) and Machine Translation 

models for dialectal speech.
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Traditional Approaches
▪ DNN-based ASR relies heavily on 

conventional methods, often with limited 

success in dialect recognition.

Limited Integration
▪ Previous efforts focused on ASR, MT, or 

TTS tasks individually.

▪ Few studies integrate these into an end-to-end 

pipeline for dialect standardization.

Model Performance
▪ Pretrained models often fail to capture 

dialect-specific linguistic nuances without 

extensive fine-tuning.
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Noakhali Dialect Dataset (NDD)

Overview
▪ First Dataset for the Noakhali dialect.

▪ Collected from 24 speakers (18 

males, 6 females, aged 18-28).

Dataset Details 
▪ Speech Data: 10 hours of audio.

Annotations
▪ Noakhali dialect text.

▪ Standard Bangla text.

Sources
▪ YouTube videos, Facebook groups, 

and interviews



Preprocessing
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Speech-to-Text (ASR)
▪ Fine-tuned Whisper models (base to large V2) for dialect transcription.

▪ Input: Dialect speech. Output: Dialect text.

Text-to-Text Translation (LLM)
▪ Models: BanglaT5, mBART50, IndicBART, mT5.

▪ Fine-tuned for translating dialect text into standard Bangla text.

▪ Input: Dialect text. Output: Standard Bangla text.

End-to-End Pipeline
▪ Whisper ASR → Dialect Text → BanglaT5 → Standard Text → AlignTTS for speech 

synthesis.

BanglaDialecto System
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Setup
⮚ Dataset Details

•Noakhali Dialect Dataset (NDD): 10 hours of speech, 7,200 samples.

•Split: 6270 (training), 810 (validation), 120 (testing).

⮚ Fine-Tuning
•ASR: Whisper models (base to large V2).

•Translation: BanglaT5, mBART50, IndicBART, mT5.

⮚ Hardware & Framework
•GPU: NVIDIA Tesla A100.

•Framework: PyTorch.



Results and Analysis

ASR Performance
▪ Best model: Whisper-large V2.

▪ CER: 0.8%.

▪ WER: 1.5%.

Translation Performance
▪ Best model: BanglaT5.

▪ BLEU Score: 41.6.

Key Insights: Fine-tuning significantly improves performance for both 

ASR and MT tasks.



Results and Analysis

Comparative evaluation of pre-trained and fine-tuned models on speech-to-text and dialect text-to-standard text translation tasks. 

The models are assessed using character error rate (CER), word error rate (WER), and BLEU score. For ASR, Whisper-large V2 

shows the best results with a CER of 0.8% and a WER of 1.5%. For DTT, BanglaT5 outperforms others with a BLEU score of 

41.6, demonstrating superior performance in translation tasks. Fine-tuning consistently improves model accuracy across all 

metrics.
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Results and Analysis
End-to-end generation from our fine-tuned models. For each input dialect voice, the model Whisper-large V2 

generated the dialect texts, listed in the ASR column, from which the BanglaT5 model generated standard 

Bangla Text. The second table is given as a reference for English pronunciation and Translation.



Discussion

Ablation Study

⮚ ASR Models

• Performance improves with model size.

• Best: Whisper-large V2 (CER: 0.8%, WER: 

1.5%).

⮚ Translation Models

• Best: BanglaT5 (BLEU: 41.6).

• Other models like mBART50 and IndicBART 

show lower performance.



Discussion

⮚ Key Contributions

• End-to-end pipeline integrating ASR, MT, and TTS.

• Custom dataset (NDD) for Noakhali dialect. 

⮚ Limitations

• Focus on a single dialect.

• The dataset lacks coverage of other Bangla dialects. 
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Conclusion

Summary
▪ Developed an end-to-end pipeline for Bangla dialect standardization.

▪ Integrated ASR (Whisper), Machine Translation (BanglaT5), and TTS 

(AlignTTS).

Impact
▪ Addresses challenges of dialect variation in Bangla.

▪ Potential to improve communication in education, media, and other formal 

contexts.



Future Work

Dataset Expansion

▪ Include more Bangla dialects to ensure broader applicability.

Multilingual Capabilities

▪ Extend the system for other low-resource languages.

Enhanced Contextual Understanding

▪ Improve model performance by capturing nuanced dialectal variations.

Application Development

▪ Deploy solutions in real-world scenarios like education, healthcare, and 

public services.
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