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Abstract001

India, a country with a large population, pos-002
sesses two official and twenty-two scheduled003
languages, making it the most linguistically di-004
verse nation. Despite being one of the sched-005
uled languages, Santali remains a low-resource006
language. Although Ol Chiki is recognized as007
the official script for Santali, many continue008
to use Bengali, Devanagari, Odia, and Roman009
scripts. In tribute to the upcoming centennial010
anniversary of the Ol Chiki script, we present011
an Automatic Speech Recognition for Santali012
in the Ol Chiki script. Our approach involves013
cross-lingual transfer learning by utilizing the014
Whisper framework pre-trained in Bengali and015
Hindi on the Santali language, using Ol Chiki016
script transcriptions. With the adoption of the017
Bengali pre-trained framework, we achieved018
a Word Error Rate (WER) score of 28.47 %,019
whereas the adaptation of the Hindi pre-trained020
framework resulted in a score of 34.50%WER.021
These outcomes were obtained using the Whis-022
per Small framework.023

1 Introduction024
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" ᱦᱮᱸ  ᱚᱠᱚᱭᱮᱢ ᱞᱟ.ᱭᱮᱫᱟ "

ᱦᱮᱸ  ᱚᱠᱚᱭᱮᱢ ᱞᱟ.ᱭᱮᱫᱟ

" ᱦᱩᱸ  ᱟᱪᱪᱷᱟ ᱟᱪᱷᱟ ᱦᱩᱸ  ᱦᱩᱸ "
ᱦᱩᱸ  ᱟᱪᱪᱷᱟ ᱟᱪᱷᱟ ᱦᱩᱸ  ᱦᱩᱸ

" ᱦᱮᱸ ᱦᱮᱸ ᱮᱠᱫᱚᱢ ᱦᱩᱸ  ᱦᱩᱸ  ᱥᱟᱱᱟᱢ ..."
ᱦᱮᱸ ᱦᱮᱸ ᱮᱠᱫᱚᱢ ᱦᱩᱸ  ᱦᱩᱸ  ᱥᱟᱱᱟᱢ ...

"ᱥᱮᱪᱮᱫ ᱛᱟᱦᱮᱸ ᱞᱮᱱ ᱠᱷᱟᱱ ᱜᱮ ᱢᱤᱫ .. "
ᱥᱮᱪᱮᱫ ᱛᱟᱦᱮᱸ ᱞᱮᱱ ᱠᱷᱟᱱ ᱜᱮ ᱢᱤᱫ ..

" ᱥᱮᱛᱟᱜ ᱵᱮᱨ ᱫᱚ "
ᱥᱮᱛᱟᱜ ᱵᱮᱨ ᱫᱚ

Figure 1: Overview of the Whisper-based ASR system fine-
tuned for Santali speech recognition. The input audio is con-
verted into an 80-channel Mel spectrogram and processed by
convolutional sub-sampling and sinusoidal positional encod-
ing. The encoder, composed of Transformer blocks with self-
attention and multi-layer perceptrons, extracts audio features.
The decoder, with self-attention, cross-attention, and learned
positional encoding, generates character-level transcriptions
in the Ol Chiki script, guided by cross-attention between en-
coder and decoder representations.

Speech recognition has emerged as an impor- 025

tant technology in the field of human-computer 026

interaction, bridging the gap between spoken lan- 027

guage and digital systems. With the advent of ad- 028

vanced deep learning, Automatic Speech Recog- 029

nition (ASR) systems have been significantly im- 030

proved, achieving human-level performance for 031

widely spoken languages such as English, Man- 032

darin, and Spanish (Graves et al., 2013; Amodei 033

et al., 2016; Baevski et al., 2020). However, 034

developing robust ASR systems for low-resource 035

languages remains a challenging task due to the 036

scarcity of annotated datasets, linguistic resources, 037

and pre-trained language models (Besacier et al., 038

2014; Arivazhagan et al., 2019). One such low- 039

resourced language is Santali, which is predomi- 040

nantly spoken by approximately 7.6 million peo- 041

ple in India, Bangladesh, Nepal, and Bhutan. De- 042

spite its recognition as one of India’s important lan- 043

guages, technological advancements in speech pro- 044

cessing for Santali are still in an early stage. 045

Existing research in speech recognition for low- 046

resource languages have explored various model- 047

ing techniques, including Hidden Markov Models 048

(HMM) (Rabiner, 1989), Gaussian Mixture Mod- 049

els (GMM) (Reynolds et al., 2009), and deep learn- 050

ing based frameworks such as Transformers and 051

Convolutional Neural Networks (CNN) (Graves 052

et al., 2006; Gulati et al., 2020). For instance, 053

Singh et al. (2023) demonstrated the efficacy of 054

model adaptation for Bengali and Bhojpuri, while 055

Priya et al. (2022) improved ASR performance 056

using sequence modelling and transformer-based 057

spell correctors. Additionally, Shetty and Sagaya 058

Mary N.J. (2020) highlighted the advantages of 059

multilingual frameworks for low-resource Indian 060

languages. Existing studies on Santali have fo- 061

cused on language processing tools, such as a 062

finite-state morphological analyzer by Akhtar et al. 063

(2017) and a dialect classifier using deep autoen- 064

coders by Sahoo et al. (2021). InASR,Kumar et al. 065
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(2020) showed that triphone models outperform066

monophone models for Santali digits in Roman067

script. However, despite these advancements, the068

development of ASR systems specifically devel-069

oped for Santali remains largely unexplored. Ex-070

isting approaches have either relied on Roman or071

regional scripts such as Bengali, Hindi, and Odia,072

neglecting the Ol Chiki script of Santali.073

Our investigations distinguish themselves by fo-074

cusing on Santali speech transcribed in the Ol075

Chiki script, unlike previous studies that used Ro-076

man script, bridging a crucial gap in ASR re-077

search. Our approach addresses these limitations078

by fine-tuning OpenAI’sWhisper framework (Rad-079

ford et al., 2022), a state-of-the-art (SOTA) ASR080

model. We used pre-trained in Bengali and Hindi,081

two linguistically and geographically proximate082

languages, to enhance the recognition of Santali083

phonetic patterns, applying cross-lingual transfer084

learning to improve ASR performance. Unlike pre-085

vious works, we leverage Whisper’s multilingual086

capabilities to adapt the model for Santali ASR087

for Ol Chiki script. This approach marks a sig-088

nificant step toward developing inclusive and ac-089

curate speech recognition systems for the Santali-090

speaking community, addressing both linguistic di-091

versity and technological accessibility. Our work092

not only advances the field of low-resource ASR093

but also sets a precedent for future research on in-094

digenous languages, ensuring that linguistic diver-095

sity is preserved and celebrated in the digital age.096

Our Contributions: The primary contributions097

of our work are summarized as follows:098

• We develop the first ASR system specifically099

for Santali speech in Ol Chiki script, marking a100

significant step toward digital inclusion for the101

Santali-speaking community.102

• Our approach employs cross-lingual transfer103

learning by fine-tuning Whisper models pre-104

trained in Bengali and Hindi, achieving WERs105

of 28.47% and 34.50%, respectively, demonstrat-106

ing the effectiveness of linguistic proximity in107

low-resource scenarios.108

• We provide a comprehensive evaluation of var-109

ious Whisper model sizes (Tiny, Base, Small,110

Medium, Large), mentioning the trade-offs be-111

tween model complexity and recognition perfor-112

mance.113

• We studied the impact of LoRA-based parameter114

efficient fine-tuning on various Whisper model115

(Tiny, Base, Small, Medium, Large).116

2 Language Perspective 117

The official script for the Santali language is Ol 118

Chiki. Pandit Raghunath Murmu proposed the 119

script in 1925. The shapes of the Ol Chiki char- 120

acters are believed to be inspired by nature, phys- 121

ical forms, and the daily life of the Santals. The 122

same principle applies to the sounds represented 123

by these symbols. For example, the pronounced 124

sound /at/ (ᱛ) is depicted by a circle, whose shape 125

symbolizes the earth, and themeaning of the sound 126

matches this representation. Likewise, the letter 127

/ut/ (ᱫ) resembles the shape and sound of a mush- 128

room. Ol Chiki is written from left to right and 129

consists of six vowels and twenty-four consonants 130

with five basic diacritics. The letters are arranged 131

in a 6 by 5 matrix, where the first letter of each 132

row, or the first column, represents the vowels, 133

while the remaining letters are consonants. Fur- 134

thermore, three vowels can be formed using the di- 135

acritic /gahla tudag/ (ᱹ), which can follow the vow- 136

els /la/ (ᱚ), /laa/ (ᱟ), and /le/ (ᱮ). The diacritic 137

/mu tudag/ (ᱸ) nasalized vowels, and the combi- 138

nation of /mu tudag/ (ᱸ) and /gahla tudag/ (ᱹ) cre- 139

ate a nasalized version of a newly formed vowel. 140

The other three diacritics—/rela/ (ᱻ), /phaarkaa/ 141

(ᱼ), and /ahad/ (ᱽ) —serve as a length marker, glot- 142

tal protector, and deglottalization, respectively. Ol 143

Chiki also includes two punctuation marks, /mu- 144

caad/ (᱾) and double /mucaad/ (᱿), both used in po- 145

etry, while only /mucaad/ (᱾) is employed in prose 146

to indicate the end of a sentence. Latin punctuation 147

marks such as commas, question marks, exclama- 148

tion marks, parentheses, and quotation marks are 149

also utilized. Lastly, Ol Chiki employs the decimal 150

number system and has its own set of numerals (᱐, 151

᱑, ᱒, ᱓, ᱔, ᱕, ᱖, ᱗, ᱘, ᱙). 152

Despite belonging to a different language family, 153

the prolonged interaction between Santali speakers 154

and those of Indo-Aryan languages such as Ben- 155

gali, Odia, and Hindi has led to some similarities 156

in speech. However, Santali retains its uniqueness 157

in fundamental linguistic structure, grammar, and 158

vocabulary. Here are some key areas of similarity 159

in speech: 160

1. Sentence Structure and Syntax 161
• Subject-Object-Verb (SOV) Order 162

Like Bengali, Odia, and Hindi, Santali fol- 163

lows the SOV word order. The sentences in 164

all four languages typically place the sub- 165

ject first, followed by the object, and the 166

verb at the end. 167

2



2. Pronunciation and Accent168

• Consonant Sounds:169

Santali exhibits patterns of aspirated and170

unaspirated consonants comparable to171

those found in Bengali, Odia, and Hindi.172

The aspirated sounds (like /ph/ (ᱯᱷ),173

/bh/ (ᱵᱷ), /kh/ (ᱠᱷ)) in these languages174

contribute to a similar pronunciation style,175

particularly in formal or deliberate speech.176

Additionally, the retroflex consonants177

characteristic of Hindi and Odia are also178

present in Santali.179

• Nasalization:180

Santali displays a significant use of nasal-181

ized sounds, a feature also found in Bengali182

and, to a lesser extent, Odia. This nasaliza-183

tion influences the pronunciation of vowels,184

imparting a melodic quality comparable to185

that of the spoken forms of these languages.186

Although Hindi has fewer nasalized vowels187

compared to Santali and Bengali, nasaliza-188

tion does occur in specific contexts.189

3. Intonation and Rhythm190

• Melodic Patterns:191

Santali and Bengali, in particular, possess192

a melodious and flowing intonation that193

gives the spoken languages a softer and194

more rhythmic quality. Odia exhibits a sim-195

ilar trait in informal conversation, whereas196

Hindi tends to be more monotonic and197

straightforward. Although the tonal qual-198

ity of Santali speech is not as pronounced199

as in tonal languages, it has been shaped by200

the influence of neighboring languages, es-201

pecially Bengali.202

• Stress and Lengthening of Syllables:203

The inclination to elongate specific sylla-204

bles in both Santali and Bengali contributes205

to a rhythmic quality in their speech. For ex-206

ample, vowel lengthening is a prevalent fea-207

ture in spoken Bengali and Santali, where208

vowels are extended in certain contexts for209

emphasis or to adhere to the phonological210

rules of the language. Although Odia ex-211

hibits some of this trait, Hindi generally fea-212

tures less vowel elongation.213

4. Code-Switching and Borrowed Vocabulary214

• Shared Loanwords215

As a result of significant interaction be-216

tween the Santali-speaking community and217

speakers of Bengali, Odia, and Hindi, San- 218

tali has adopted numerous words from these 219

languages, particularly for contemporary 220

concepts, administration, and technology. 221

In urban or bilingual settings, speakers fre- 222

quently code-switch between Santali and 223

the neighboring Indo-Aryan languages. 224

3 Methodology 225

Task Description: The objective of this study is to 226

develop an ASR system tailored specifically for the 227

Santali language in the Ol Chiki script. Given an 228

audio input sequenceX = {x1, x2, . . . , xT }, xt ∈ 229

Rd, where T is the number of time steps and 230

d is the feature dimension, the system aims to 231

predict the corresponding text transcription. The 232

goal is to generate a sequence of characters Y = 233

{y1, y2, . . . , yL}, yl ∈ V , where L is the number 234

of characters and V denotes the vocabulary of Ol 235

Chiki characters. The ASR model aims to maxi- 236

mize the conditional probability P (Y | X; θ) = 237∏L
l=1 P (yl | X, y1, . . . , yl−1; θ), where θ denotes 238

the model parameters. 239

3.1 Encoder-Decoder Framework 240

Our proposed ASR system is built upon Whis- 241

per (Radford et al., 2022) framework, which is an 242

encoder-decoder model. Overview of our frame- 243

work is shown in Figure 1. The model is fine-tuned 244

on Santali speech data using cross-lingual transfer 245

learning from pre-trained Bengali and Hindi mod- 246

els due to proximity and phonetic similarities. 247

Feature Extraction: The audio waveform is 248

first preprocessed to standardize the input features. 249

Each audio sample is resampled to a sampling rate 250

of 16 kHz and converted to a 16-bit mono chan- 251

nel. Then, an 80-channel log-Mel spectrogram, 252

X ∈ RT×80 is computed, for the input to the en- 253

coder. 254

Encoder: The encoder processes the input 255

spectrogram using N Transformer blocks. Each 256

block consists of a multi-head self-attention layer 257

and a feedforward neural network with residual 258

connections: 259

H0 = X, 260
261

Hn = LayerNorm
(
Hn−1+SelfAttention(Hn−1)

)
262
263

Hn = LayerNorm
(
Hn+FFN(Hn)

)
, n = 1, . . . , N 264

where SelfAttention(H) is computed as: 265

SelfAttention(Q,K, V ) = softmax
(
QKT

√
dk

)
V 266
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with query Q, key K, and value V matrices ob-267

tained from the inputH .268

Decoder: The decoder autoregressively gener-269

ates text output one token at a time by applying270

masked multi-head attention. Given the encoded271

representation HN , the decoder generates output272

tokens as:273

Z0 = Embedding(y<start>)274
275

Zl = LayerNorm(Zl−1+MaskedAttention(Zl−1))276
277

Zl = LayerNorm(Zl + CrossAttention(Zl,HN )),278
279

l = 1, . . . , L280

where CrossAttention(Z,HN ) is defined as:281

CrossAttention(Q,K, V ) = softmax
(
QKT

√
dk

)
V282

Finally, a linear layer followed by a softmax func-283

tion is applied to predict the next character:284

P (yl | X, y1, . . . , yl−1) = softmax(WoZl + bo)285

Training Procedure: The model is fine-tuned286

using the cross-entropy loss function:287

L = −
L∑
l=1

logP (yl | X, y1, . . . , yl−1)288

The final layer of the pre-trained Whisper Small289

model is fine-tuned while all other layers are290

frozen.291

Inference: During inference, the decoder gen-292

erates tokens sequentially using greedy decoding:293

ŷl = argmax
yl∈V

P (yl | X, ŷ1, . . . , ŷl−1)294

4 Experiment Set Up295

4.1 Dataset Description296

For experimental validation, we used the Santali297

Speech Dataset with the Ol Chiki script transcrip-298

tions, compiled from two sources which is pub-299

licly accessible: Mozilla Common Voice1 (Ardila300

et al., 2020) and AI4Bharat IndicVoices (Javed301

et al., 2024). On average, Common Voice training302

segments are 4.8 seconds long (~6 words), while303

IndicVoices training segments are longer at 6.2 sec-304

onds (~12 words). For evaluation, we used the305

Common Voice test Set which span 5.3 seconds306

(~6 words) on average. Dataset statistics for train-307

ing, validation, and test splits are provided in Ta-308

ble 1.309
1Latest Common Voice dataset was extracted on July 03,

2025, from Link.

Table 1: Summary of the Santali speech corpus used for train-
ing and evaluation. The table lists the number of audio sam-
ples in the training, validation, and test sets. Note that the test
set for IndicVoices is not yet released (a).

Sl. No. Corpus Name Train Valid Test

1 IndicVoices
(Javed et al., 2024) 19,779 249 -a

2 Common Voice
(Ardila et al., 2020) 333 68 127

Total 20,112, 317 127

4.2 Research Questions 310

To systematically investigate the effectiveness of 311

cross-lingual transfer learning for ASR in the San- 312

tali language using the Ol Chiki script, we formu- 313

late the following research questions. These ques- 314

tions aim to analyze the impact of source language 315

proximity, model architecture size, dataset charac- 316

teristics, and fine-tuning strategies on the overall 317

performance of the adapted Whisper models. 318

• RQ1: Which language, Bengali or Hindi, pro- 319

vides better cross-lingual transfer learning per- 320

formance for Santali speech recognition, and 321

what factors contribute to this difference? 322

• RQ2: How does the model size (Tiny, Base, 323

Small, Medium, Large) influence theWERwhen 324

fine-tuned with Bengali and Hindi pre-trained 325

models, and why does the Small variant outper- 326

form others? 327

• RQ3: How do different datasets (Common 328

Voice vs. IndicVoices) affect the fine-tuning 329

performance of the Whisper model, and what 330

dataset characteristics contribute to the observed 331

WER differences? 332

• RQ4: How does Parameter Efficient Fine- 333

Tuning (PEFT), specifically LoRA fine-tuning, 334

perform on low-resource dataset scenarios, and 335

what factors contribute to the observed results? 336

4.3 Implementation Details 337

Table 2: Architecture parameter(s) of the Whisper framework

Framework No. of
Layers Width No. of

Heads Parameters

Tiny 4 384 6 39M
Base 6 512 8 74M
Small 12 768 12 244M
Medium 24 1024 16 769M
Large 32 1280 20 1550M

4
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The training parameters of the Whisper frame-338

work are summarized in Table 2. Fine-tuning was339

performed using a learning rate of 1 × 10−5 with340

the “AdamW” optimizer. Training was done for 40341

epochs with a batch size of 16. Only the final layer342

was updated during training, while all other layers343

were frozen. Since Santali is not among the sup-344

ported languages in Whisper, we used models pre-345

trained in Bengali and, for comparison, also fine-346

tuned a Hindi pre-trained model on Santali data.347

The Bengali and Hindi pretraining refers to the in-348

ternal representation already available in Whisper349

for these languages, not separate fine-tuned check-350

points. Our codes are available in following Link2.351

5 Results352

In this section, we provides all the findings of the353

experiments. For evaluation purposes, we used the354

Common Voice Test set that contains 127 samples.355

Table 3: WER (in %) of different Whisper model vari-
ants without fine-tuning, using Bengali and Hindi pre-trained
checkpoints on the Santali speech dataset. This table pro-
vides baseline performance acrossmodel sizes before any task-
specific adaptation.

Framework Bengali pre-Trained
without Fine-Tuning

Hindi pre-Trained
without Fine-Tuning

Tiny 201.12 201.12
Base 197.05 197.05
Small 111.64 111.64
Medium 115.99 115.99
Large 108.42 108.42

Table 3 provides the evaluation results of Whis-356

per frameworks done on the Bengali pre-trained357

and Hindi pre-trained models. The results show358

that the increase in parameter sizes decreases the359

WER but yet is unable to recognise the required360

transcriptions. This is due to the non-presence of361

the Santali language in Whisper-trained languages.362

Language Comparison: Bengali vs. Hindi363

(RQ1): In response to RQ1, Tables 4 and 5 shows364

that the Bengali pre-trained Whisper Small model365

achieves a lower WER (28.47%) compared to the366

Hindi pre-trained model (34.50%) on Common367

Voice Training Dataset. This performance gap is368

due to the greater phonetic and syntactic similar-369

ity between Bengali and Santali, such as shared370

vowel nasalization, consonant structures, and SOV371

word order, which facilitates more effective model372

adaptation during fine-tuning. Similarly, using373

2https://anonymous.4open.science/r/
Santali-ASR-6585/

IndicVoices Training Dataset, fine-tuned Whisper 374

Base model for both Bengali pre-trained (54.28%) 375

and Hindi pre-trained (53.30%) shows similar re- 376

sults. This is due to the increase in robust Dataset 377

sample, which provides a low-parameter model to 378

optimise. 379

Table 4: Performance comparison (WER in %) of Whisper
model variants fine-tuned on the Common Voice Santali cor-
pus, using Bengali and Hindi pre-trained checkpoints. The ta-
ble highlights model-wise effectiveness after full fine-tuning
across both source languages.

Framework Bengali pre-Trained
with Full Fine-Tuning

Hindi pre-Trained
with Full Fine-Tuning

Tiny 118.09 102.81
Base 101.54 98.04
Small 28.47 34.50
Medium 93.27 129.73
Large 32.96 35.34

Table 5: WER (in %) of trained IndicVoices Santali Corpus
on Whisper Frameworks in the Bengali and Hindi pre-trained
language.

Framework Bengali pre-Trained
with Full Fine-Tuning

Hindi pre-Trained
with Full Fine-Tuning

Tiny 62.55 111.08
Base 54.28 53.30
Small 57.36 54.84
Medium 99.86 100.00
Large 117.67 112.06

Impact of Model Size (RQ2): For RQ2, Ta- 380

bles 4 and 5 show that the Bengali pre-trained 381

Whisper Small model achieves the lowest WER— 382

28.47% and Bengali pre-trained Whisper Small 383

model 34.50%, outperforming both smaller (Tiny, 384

Base) and larger (Medium, Large) variants. Its bal- 385

anced architecture (12 layers, 768 hidden dimen- 386

sions) allows it to capture phonetic patterns with- 387

out overfitting effectively. In contrast, larger mod- 388

els are harder to optimize with limited data, while 389

smaller ones lack sufficient capacity to model 390

complex linguistic features. It also suggests that 391

smaller models can capture complex linguistic fea- 392

ture if it is provided with robust large datasets. 393

Dataset Influence: Common Voice vs. In- 394

dicVoices (RQ3): For RQ3, Tables 4 and 5 show 395

that fine-tuning on the Common Voice dataset 396

yields lowerWERs (28.47% for Bengali pretrained 397

Whisper model, 34.50% for Hindi pretrainedWhis- 398

per model) than IndicVoices (54.28% and 53.30%, 399

respectively). This performance gap is likely due to 400

Common Voice’s shorter utterances (4.8 seconds, 401

~6 words), which allow for more precise alignment 402

5
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Table 6: Performance comparison (WER in %) of the proposed Whisper-based models against state-of-the-art IndicConformer
systems across Common Voice and IndicVoices datasets. The table summarizes results from both full fine-tuning and LoRA-
based parameter-efficient tuning across different model sizes and pre-training languages.

Model Name Pretrained on cf. Dataset WER

IndicConformer-CTC2 IndicVoices 53.04
IndicConformer-RNNT2 IndicVoices 50.78
Whisper Full Finetune Small Bengali Table 4 Common Voice 28.47
Whisper Full Finetune Small Hindi Table 4 Common Voice 34.50
Whisper Full Finetune Base Bengali Table 5 IndicVoices 54.28
Whisper Full Finetune Base Hindi Table 5 IndicVoices 53.30
Whisper LoRA Finetune Large Bengali Table 7 Common Voice 61.43
Whisper LoRA Finetune Medium Hindi Table 7 Common Voice 98.60
Whisper LoRA Finetune Small Bengali Table 8 IndicVoices 121.18
Whisper LoRA Finetune Large Hindi Table 8 IndicVoices 134.36

between audio and text. In contrast, the longer and403

more variable utterances in IndicVoices (6.2 sec-404

onds, ~12 words) introduce complexity that chal-405

lenges the model during training.406

Table 7: Performance comparison (WER in %) of Whis-
per model variants fine-tuned using LoRA on the Common
Voice Santali corpus, with Bengali and Hindi as source pre-
trained languages. The table presents the impact of parameter-
efficient fine-tuning across different model sizes.

Framework Bengali pre-Trained
with LoRA Fine-Tuning

Hindi pre-Trained
with LoRA Fine-Tuning

Tiny 113.04 131.00
Base 185.41 158.35
Small 101.26 121.80
Medium 62.97 98.60
Large 61.43 99.58

Table 8: Performance comparison (WER in %) of Whisper
model variants fine-tuned using LoRA on the IndicVoices
Santali corpus, based on Bengali and Hindi pre-trained check-
points. The table highlights model-wise adaptation under
parameter-efficient fine-tuning in a low-resource setting.

Framework Bengali pre-Trained
with LoRA Fine-Tuning

Hindi pre-Trained
with LoRA Fine-Tuning

Tiny 268.16 374.47
Base 134.92 108.56
Small 121.18 211.92
Medium 188.36 364.38
Large 126.51 134.36

LoRA Finetuning (RQ4): To address RQ4,407

we evaluate the impact of LoRA-based parameter-408

efficient fine-tuning using Bengali and Hindi pre-409

trained Whisper models across different model410

sizes, as shown in Tables 7 and 8. A clear trend411

emerges where larger models (e.g., Medium and412

Large) consistently outperform smaller ones (Tiny,413

Base, Small) under LoRA fine-tuning, particu-414

larly on the Common Voice dataset. This can be 415

attributed to the fact that larger models possess 416

greater capacity to retain and adapt relevant lin- 417

guistic patterns even when only a subset of pa- 418

rameters specifically in the attention layers—is up- 419

dated. However, despite this relative gain, none 420

of the LoRA tuned models match the performance 421

of their fully fine-tuned counterparts, underscoring 422

LoRA’s limited expressiveness when operating un- 423

der strict parameter constraints. The degradation is 424

more noticeable on the IndicVoices dataset, where 425

longer and acoustically varied utterances challenge 426

the model’s ability to generalize, especially when 427

the fine-tuning signal is narrow. These results sug- 428

gest that while LoRA offers an efficient and sta- 429

ble training paradigm suitable for large models in 430

low-resource scenarios, it struggles to fully adapt 431

to complex linguistic and phonetic variations with- 432

out broader parameter updates. 433

For Benchmarking, we evaluated our results 434

with state-of-the-art IndicConformer3 framework 435

proposed by AI4Bharat. IndicConformer is a mul- 436

tilingual 130M conformer based model following 437

the same architecture as proposed by Tjandra et al. 438

(2023). Table 6 shows the benchmarking results. 439

6 Error Analysis 440

While metrics like Word Error Rate (WER) offer a 441

broad view of model accuracy, they often miss the 442

specific types of errors that impact usability. To 443

address this, we analyzed individual outputs from 444

the Bengali Common Voice evaluation set to bet- 445

3Model is available at https://huggingface.co/
ai4bharat/indicconformer_stt_sat_hybrid_ctc_
rnnt_large.
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Table 9: Example of prediction errors and their types.

Sl. No. Reference Sentence Predicted Sentence Error Type WER (%)

1 ᱩᱱᱤᱭᱟᱜ ᱧᱩᱛᱩᱢ ᱫᱚ ᱠᱟᱱᱩᱴᱷ ᱠᱟᱱᱟ᱾ ᱩᱱᱤᱭᱟᱜ ᱧᱩᱛᱩᱢ ᱫᱚ ᱠᱩᱱᱴᱟᱱ ᱠᱟᱱᱟ᱾
Consonant substitution

(“ᱠᱟᱱᱩᱴᱷ”→ “ᱠᱩᱱᱴᱟᱱ”)
20.0

2 ᱩᱱᱤᱭᱟᱜ ᱧᱩᱛᱩᱢ ᱫᱚ ᱠᱷᱟᱭᱨᱤᱭᱟᱦ ᱠᱟᱱᱟ᱾ ᱩᱱᱤᱭᱟᱜ ᱧᱩᱛᱩᱢ ᱫᱚ ᱠᱟᱭᱨᱤᱭᱟ ᱠᱟᱱᱟ᱾
Suffix omission

(missing “ᱦ”)
20.0

3 ᱩᱱᱤᱭᱟᱜ ᱧᱩᱛᱩᱢ ᱫᱚ ᱠᱮᱜᱟᱱ ᱠᱟᱱᱟ᱾ ᱩᱱᱤᱭᱟᱜ ᱧᱩᱛᱩᱢ ᱫᱚ ᱠᱮᱡᱟᱱ ᱠᱟᱱᱟ᱾
Phonetic confusion

(“ᱜ”→ “ᱡ”)
20.0

4 ᱟᱡ ᱵᱟᱵᱟ ᱯᱩᱱᱜᱮᱞ ᱛᱩᱨᱩᱭ ᱴᱟᱠᱟ ᱮᱢᱟ ᱫᱮᱭᱟᱭ᱾ ᱟᱡ ᱵᱟᱵᱟ ᱯᱩᱱᱜᱮᱞ ᱛᱩᱨᱩᱭ ᱴᱟᱠᱟ ᱮᱢᱟ ᱫᱮᱭᱟᱭ᱾ No error 0.0

5 ᱩᱱᱤᱭᱟᱜ ᱧᱩᱛᱩᱢ ᱫᱚ ᱠᱞᱤᱱᱮ ᱠᱟᱱᱟ᱾ ᱩᱱᱤᱭᱟᱜ ᱧᱩᱛᱩᱢ ᱫᱚ ᱠᱞᱤᱱᱮ ᱠᱟᱱᱟ᱾ No error 0.0

ter understand where the model performs well and446

where it breaks down. This sections shows the Er-447

ror Analysis of our best model i.e. Whisper Small448

pre-trained in Bengali. Table 9 shows examples of449

Common Errors the model made.450

This qualitative analysis revealed a number of451

patterns that highlight both strengths and weak-452

nesses of the system.453

• Confusion Between Similar Sounding Charac-454

ters455

In many cases, the model confused characters456

that sound alike, especially in fast or informal457

speech. For instance:458

Predictions : ᱩᱱᱤᱭᱟᱜ ᱧᱩᱛᱩᱢ ᱫᱚ459

ᱠᱮᱥᱦᱟᱱᱰᱟ ᱠᱟᱱᱟ᱾460

Reference : ᱩᱱᱤᱭᱟᱜ ᱧᱩᱛᱩᱢ ᱫᱚ461

ᱠᱮᱭᱥᱦᱟᱱᱰᱟ ᱠᱟᱱᱟ᱾462

WER: 20.0%463

Here, the model missed “ᱭ” before “ᱥ”, likely464

due to phonetic similarity. Although the sen-465

tence is still mostly correct, this minor change466

subtly alters pronunciation and fluency.467

• Errors in Suffixes and Grammatical Particles468

Bengali and Santali heavily rely on suffixes and469

particles to convey tense, mood, and case. The470

model often mishandled these either by drop-471

ping, altering, or misplacing them.472

Predictions : ᱩᱱᱤᱭᱟᱜ ᱧᱩᱛᱩᱢ ᱫᱚ473

ᱠᱞᱟᱭᱮᱱᱟ ᱠᱟᱱᱟ᱾474

Reference : ᱩᱱᱤᱭᱟᱜ ᱧᱩᱛᱩᱢ ᱫᱚ475

ᱠᱞᱟᱤᱱᱮ ᱠᱟᱱᱟ᱾476

WER: 20.0%477

The substitution of “ᱤᱱᱮ” with “ᱭᱮᱱᱟ” suggests478

that the model has trouble preserving proper suf-479

fix morphology, especially in contexts where480

nasalization or tense is involved.481

• Insertions and Omissions in Longer Sentences482

With longer sentences, the model occasionally483

skipped words or inserted unnecessary ones. 484

These kinds of structural issues were more pro- 485

nounced in complex phrases. 486

Predictions : ᱵᱮᱜ ᱴᱷᱮᱜ ᱢᱤᱫᱥᱟᱭ 487

ᱟᱨᱮ ᱜᱮᱞ ᱯᱮ ᱴᱟᱠᱟ ᱜᱮ ᱥᱟᱨᱮᱡ 488

ᱠᱟᱱᱟ᱾ 489

Reference : ᱵᱮᱠ ᱴᱷᱮᱱ ᱢᱤᱫᱥᱟᱭ 490

ᱟᱨᱮ ᱜᱮᱞ ᱯᱮ ᱴᱟᱠᱟ ᱜᱮ ᱥᱟᱨᱮᱡ 491

ᱠᱟᱱᱟ᱾ 492

WER: 20.0% 493

The replacement of “ᱵᱮᱠ” with “ᱵᱮᱜ” and 494

“ᱴᱷᱮᱱ” with “ᱴᱷᱮᱜ” changed the meaning of 495

the sentence and introduced fluency issues. Such 496

mistakes indicate that the model may have dif- 497

ficulty aligning longer sequences during decod- 498

ing. 499

• DifficultywithMorphologically ComplexWords 500

In morphologically rich contexts, particularly 501

those involving compounding or inflections, the 502

model’s performance dropped. This is a known 503

challenge in low-resource settings and was re- 504

flected in errors like this: 505

Predictions : ᱩᱱᱤᱭᱟᱜ ᱧᱩᱛᱩᱢ ᱫᱚ 506

ᱠᱮᱰᱨᱤᱱ ᱠᱟᱱᱟ᱾ 507

Reference : ᱩᱱᱤᱭᱟᱜ ᱧᱩᱛᱩᱢ ᱫᱚ 508

ᱠᱮᱰᱨᱭᱤᱱ ᱠᱟᱱᱟ᱾ 509

WER: 20.0% 510

Here, the model omits the “ᱭ” character in 511

“ᱠᱮᱰᱨᱭᱤᱱ”, possibly simplifying the form but 512

in doing so, losing grammatical correctness. 513

From these examples, we can see that the model 514

generally performs well on shorter, simpler sen- 515

tences, but its accuracy declines when handling: 516

• Phonetic similarities that lead to substitutions 517
• Morphological variations, particularly in suf- 518

fixes and particles 519
• Longer utterances where insertions and omis- 520

sions become more common 521
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These issues highlight the challenges of work-522

ing with morphologically rich and phonologically523

complex languages, such as Santali, especially un-524

der low-resource conditions.525

7 Conclusions & Future Work526

This paper has presented an initial, but impor-527

tant, effort in developing an ASR system for San-528

tali using the Ol Chiki script. By fine-tuning529

the Whisper framework with cross-lingual transfer530

learning on Bengali and Hindi, we have demon-531

strated the feasibility of creating accurate speech532

recognition models for under-resourced languages.533

Our findings indicate that fine-tuning the Whisper534

Small model on the Common Voice dataset yields535

the most promising results, achieving WERs of536

28.47% and 34.50% with Bengali and Hindi pre-537

training, respectively. These results demonstrate538

that transfer learning offers a viable path to address539

the ASR challenges faced by under-resourced lan-540

guages, significantly improving access to digital541

technologies for their speakers by preserving lin-542

guistic diversity. Although this study provides a543

strong foundation for Santali ASR, several areas544

are unexplored for future research. These include:545

• Expanding Training Data. The performance of546

the ASR system could be further improved by547

increasing the size and diversity of the Santali548

speech dataset.549

• Exploring Other Pre-trained Models. While550

this work focused on Bengali and Hindi pre-551

trained models, exploring other linguistically re-552

lated languages could potentially yield better re-553

sults.554

• Adapting the Model for Different Accents and555

Dialects. Santali exhibits regional variations in556

pronunciation and vocabulary. Future research557

could focus on adapting the ASR system to better558

handle these variations through techniques such559

as transfer learning or domain adaptation.560

• Incorporating a Language Model. Integrating561

a language model trained on Santali text data562

could help improve the accuracy of the ASR sys-563

tem by providing contextual information and re-564

ducing word error rates.565

By addressing these challenges and pursuing these566

future research directions, we can further advance567

the Santali ASR field and contribute to preserving568

and promoting this valuable language.569

Limitations 570

Our study makes a meaningful contribution to 571

speech technology for the Santali language, but it 572

has certain limitations. These include 573

• The scope of our experiments is constrained by 574

the limited size and diversity of available Santali 575

speech data, particularly in the “Ol Chiki” script. 576

This limitation may impact the generalisation of 577

the model to broader dialectal and acoustic vari- 578

ations within the Santali-speaking population. 579

• Although our approach leverages cross-lingual 580

transfer from Bengali and Hindi due to their lin- 581

guistic proximity to Santali, these source lan- 582

guages are not perfectly aligned regarding pho- 583

netic and syntactic characteristics. As a result, 584

some Santali-specific nuances may not be fully 585

captured by the adapted models. 586

• The evaluation is limited to the Whisper Small 587

variant. Although we briefly explored models 588

of varying sizes, comprehensive tuning and op- 589

timization of larger or alternative architectures 590

were outside the scope of this work due to com- 591

putational constraints. 592
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