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Abstract001

We present Vān. ı̄Setu, a human-AI collabora-002
tive framework for constructing high-quality003
speech corpora in low-resource languages. As004
a case study, we apply Vān. ı̄Setu to create005
KrishiVān. ı̄, a 100-hour Hindi dataset of un-006
scripted, noisy, and code-mixed agricultural007
speech mined from YouTube. Vān. ı̄Setu in-008
tegrates automatic speech recognition (ASR),009
lightweight and large language model-based010
post-correction, and structured, multi-stage hu-011
man validation implemented though an en-012
hanced annotation tool, Vāgyojaka. Experi-013
ments show that domain-specific fine-tuning014
improves ASR accuracy on real-world agricul-015
tural speech, and that small language models016
such as mT5 provide low-latency corrections017
that reduce annotation effort by 61% while018
preserving transcript fidelity. By shifting an-019
notators from manual transcribers to informed020
validators, Vān. ı̄Setu enables scalable and lin-021
guistically rich corpus creation, and highlights022
practical cost-quality-latency trade-offs in in-023
tegrating LMs/LLMs into human-in-the-loop024
dataset development.025

1 Introduction026

In multilingual, low-literacy settings such as rural027

India, speech is often the most accessible inter-028

face for information access and assistance (Desh-029

mukh and Chalmeta, 2024). However, robust030

speech technology remains difficult to deploy, not031

only due to modeling limitations, but also because032

usable, domain-specific, real-world datasets are033

scarce (Adiga et al., 2021; Javed et al., 2024b).034

Despite progress in high-resource ASR (Radford035

et al., 2023), Hindi and other low-resource systems036

degrade under conditions typical of rural communi-037

cation, including spontaneous noisy speech, dialec-038

tal variation, and dense code-mixing (Javed et al.,039

2024b).040

Building ASR systems that work “in the wild”041

requires more than better models; it demands bet-042

ter data (Bhogale et al., 2023a; Javed et al., 2023; 043

Kakwani et al., 2020; Gangwar et al., 2023). How- 044

ever, curating high-quality speech corpora remains 045

expensive and labor-intensive: annotators must cor- 046

rect transcripts, resolve speaker turns, segment and 047

align utterances, and normalize inconsistent or- 048

thography and code-mixed forms, often costing 049

6-8× real-time per hour of audio (Bhanushali et al., 050

2022b). We address this bottleneck with Vān. ı̄Setu 051

(Fig. 1), a human-AI collaborative framework for 052

scalable creation of domain-rich speech datasets. 053

Vān. ı̄Setu integrates automatic transcription and di- 054

arization, LM/LLM-based post-correction (Kumar 055

et al., 2022b; Wang et al., 2022; Kumar et al., 2024; 056

Ma et al., 2023; Li et al., 2024b), and a layered hu- 057

man validation workflow supported by an enhanced 058

Vāgyojaka interface (Kumar et al., 2022a), offload- 059

ing repetitive low-confidence edits to models while 060

reserving domain-sensitive decisions for humans. 061

We instantiate Vān. ı̄Setu on KrishiVān. ı̄, a 100- 062

hour Hindi conversational agricultural speech cor- 063

pus derived from YouTube, capturing diverse speak- 064

ers/accents, real ambient noise, and dense code- 065

mixing typical of rural and semi-urban interactions. 066

On this testbed, AI post-correction combined with 067

layered human validation reduces annotation effort 068

by 61% relative to a fully manual workflow, de- 069

spite challenging phenomena such as specialized 070

vocabulary, dialectal variation, compound words, 071

word segmentation, and mixed Hindi/English nu- 072

merals (Appendix X). Although this is 20 percent- 073

age points lower than the savings reported in (Liu 074

et al., 2021), we attribute the gap to the higher lin- 075

guistic complexity of agricultural conversational 076

Hindi compared to clean read-speech benchmarks 077

(e.g., Common Voice (Ardila et al., 2020)). Overall, 078

KrishiVān. ı̄ provides a realistic domain benchmark 079

and shows that Vān. ı̄Setu improves corpus construc- 080

tion efficiency without sacrificing linguistic fidelity 081

or domain relevance. Our key contributions are as 082

follows: 083
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Figure 1: Overview of the Vān. ı̄Setu pipeline for constructing KrishiVān. ı̄, a high-quality, multi-speaker corpus in
real-world agricultural discourse combining domain-guided data collection (Steps 1-3), corpus construction (Steps
4-8), LM/LLM-based post-correction (Step 9), and layered human-in-the-loop validation (Steps A-C).

1. Vān. ı̄Setu, a human-AI corpus construction084

framework that operationalizes role-separated,085

multi-stage annotation with explicit stage gating086

and audit trails, integrating ASR, automated post-087

correction, and layered human validation in an ex-088

tensible workflow.089

2. KrishiVān. ı̄, a 100-hour Hindi conversational090

agricultural speech dataset capturing real-world091

speaker and dialect variation, ambient noise, and092

dense code-mixing typical of rural and semi-urban093

interactions.094

3. An enhanced Vāgyojaka interface that natively095

supports multi-stage correction, adjudication, and096

annotator feedback/incentive mechanisms to enable097

scalable annotation operations.098

4. A comparative study of LM/LLM post-099

correction in the loop, analyzing tradeoffs across100

annotation effort, transcript quality, and responsive-101

ness under agriculture-specific error modes (e.g.,102

numerals, segmentation, code-mixing).103

Novelty: While human-in-the-loop annotation104

is well established, our contribution is its105

agriculture-specific operationalization through a106

role-separated, incentive-linked validation struc-107

ture and an instrumented workflow that quantifies108

cost, quality, latency tradeoffs for LM/LLM assis-109

tance in real corpus creation1.110

2 The Vān. ı̄Setu Framework111

Building robust corpora in low-resource, code-112

mixed settings requires scalable automation with113

1Code and models, KrishiVān. ı̄ dataset:
https://anonymous.4open.science/r/KrishiVaani-4C73/, modi-
fied Vāgyojaka tool: https://github.com/vagyojaka/VAgyojaka

human oversight: fully manual pipelines are ac- 114

curate but slow, while fully automatic pipelines 115

degrade on noisy, spontaneous, and informal 116

speech. We therefore introduce Vān. ı̄Setu, a modu- 117

lar human-AI framework that bridges raw speech 118

collection to quality-controlled transcripts via four 119

stages (Fig. 1): (i) domain-guided data collection, 120

(ii) automated corpus construction, (iii) LM/LLM- 121

based automatic post-correction, and (iv) layered 122

human refinement with quality control. 123

2.1 Data Collection Stage 124

In the first stage, Vān. ı̄Setu performs domain- 125

guided acquisition of raw speech. For KrishiVān. ı̄, 126

we target Hindi agricultural content and construct 127

a bilingual keyword inventory using domain glos- 128

saries, Wikipedia categories, and curated Hindi- 129

English lexicons. We query YouTube with these 130

keywords and prioritize long-form videos with un- 131

scripted, conversational speech. We then remove 132

near-duplicates, download eligible videos under 133

appropriate usage constraints, and convert audio 134

to 16 kHz, mono WAV. The resulting raw audio is 135

intentionally “in-the-wild,” exhibiting spontaneous 136

phrasing, regional accents, speaker overlaps, and 137

ambient noise that are representative of mobile-first 138

rural deployments but challenging for ASR. 139

2.2 Corpus Construction Stage 140

The second stage converts raw audio into a 141

structured, navigable corpus via automated 142

preprocessing: 143

Voice Activity Detection (VAD) removes 144

silence/background-only regions and segments 145

audio into utterances (≤ 20 seconds). 146
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Speaker Diarization (PyAnnote (Bredin, 2022))147

assigns speaker turns, preserving conversational148

structure and enabling speaker-aware annotation.149

ASR Transcription is produced using a strong150

general-purpose baseline (IndicWav2Vec (Javed151

et al., 2023)) and our domain-adaptive model152

(KVWav2Vec), with beam-search decoding for153

improved stability.154

Forced Alignment maps transcript tokens to audio155

spans using a CTC-based aligner (Watanabe et al.,156

2017), enabling efficient navigation and targeted157

edits inside the annotation interface.158

2.3 Automatic Post-Correction by LM/LLMs159

In the third stage, Vān. ı̄Setu applies automatic post-160

correction to reduce human workload before man-161

ual review. We support both lightweight LMs and162

larger LLMs as interchangeable components:163

LM-based Correction uses fine-tuned mT5 (Xue,164

2020) and ByT5 (Xue et al., 2022) on paired (ASR165

output, corrected transcript) examples. These mod-166

els are effective for common ASR artifacts in Hindi,167

including lexical distortions, mistransliterations,168

and token boundary/segmentation errors.169

LLM-based Correction evaluates larger models,170

including LLaMA-3-Nanda-10B (Touvron et al.,171

2023) via fine-tuning (Li et al., 2024a; Hu et al.,172

2024) and ChatGPT-4o (Ma et al., 2023) via in-173

context learning (Ghosh et al., 2024). While LLMs174

can better handle domain-specific phrases and code-175

switching, they may introduce unsupported edits176

and have higher latency, which in turn requires177

more careful human verification. For KrishiVān. ı̄,178

we use mT5 as the default post-corrector and pass179

its outputs to the final human refinement stage.180

2.4 Data Refinement Stage181

The final stage performs quality-controlled human182

refinement over the LM/LLM-corrected transcripts.183

As shown in Fig. 1, we use a role-separated184

workflow with three responsibilities: Annotators185

(A) perform edits, Validators (B) re-check and186

consolidate corrections, and Verifiers (C) pro-187

vide final approval and enforce consistent inclu-188

sion criteria across batches. We extend the open-189

source Vāgyojaka tool (Kumar et al., 2022a) to190

support multi-stage correction and scalable oper-191

ations (Fig. 2), including (i) in-place transcript192

editing alongside diarization and audio metadata,193

(ii) transliteration assistance for embedded En-194

glish terms, (iii) normalization of punctuation and195

spelling variants, and (iv) issue flagging for es-196
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Figure 2: Performing data validation and data verifica-
tion through the Vāgyojaka tool.

calation. Quality control is enforced through a 197

reward-linked mechanism aligned with reten- 198

tion/acceptance of edits during validation, which 199

incentivizes careful corrections while maintaining 200

throughput. This combination of automation, role 201

separation, and incentive-linked verification is cen- 202

tral to Vān. ı̄Setu’s efficiency gains without compro- 203

mising linguistic fidelity. 204

3 Experimentation 205

We design experiments to quantify how Vān. ı̄Setu 206

impacts (i) Hindi ASR robustness in realistic agri- 207

cultural speech and (ii) the human effort required 208

to produce high-quality transcripts. We first de- 209

scribe the KrishiVān. ı̄ corpus and evaluation splits, 210

then detail our ASR baselines and domain-adaptive 211

model, and finally evaluate LM/LLM-based post- 212

corrections. Section 4 reports ASR accuracy, post- 213

correction quality gains, and the resulting reduction 214

in human annotation effort. 215

3.1 KrishiVān. ı̄ Corpus 216

KrishiVān. ı̄ contains 100 hours of Hindi 217

agricultural-domain speech curated using 218

Vān. ı̄Setu. We reserve a 2.5-hour test set and 219

construct three evaluation partitions to probe 220

deployment-relevant generalization: 221

KV-Known (in-domain, familiar): test speakers 222

overlap with the training set; 223

KV-Unknown (in-domain, novel): test speakers 224

are disjoint from the training set; 225

KV-OOD (out-of-domain): speech drawn from 226

unseen domains with disjoint speakers. 227

3.2 Baseline ASR Models 228

To study domain adaptation, we build KVWav2Vec 229

by fine-tuning IndicWav2Vec on 75 hours of Hindi 230

speech (65h IndicVoice + 10h KrishiVān. ı̄-train), 231

ensuring no overlap with KrishiVān. ı̄ test speak- 232

ers. We compare against widely used Hindi ASR 233

baselines: IndicWav2Vec (Javed et al., 2023), 234
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Model IW2V IC KVWav2Vec
KV-Known 23.7 24.2 22.38
KV-UnKnown 28.57 26.84 26.04
KV-OOD 22.41 28.56 24.61

Table 1: Models comparison WER (%) scores across
different KrishiVaani datasets (KV = KrishiVaani, IC
= IndicConformer, IW2V = IndicWav2Vec)

Model KVW2V ByT5 mT5 Llama ChatGPT
KV-Known 22.38 24.33 22.29 26.37 23.59
KV-UnKnown 26.04 26.77 25.70 37.75 26.35
KV-OOD 24.61 25.12 24.35 30.08 22.62

Table 2: Comparison of different WER (%) scores of
KVWav2Vec with other fine-tuned LMs/LLMs (KV =
KrishiVaani, KVW2V = KVWav2Vec).

a wav2vec 2.0 CTC model fine-tuned for Hindi,235

and IndicConformer (Javed et al., 2024a), a236

Conformer-based Hindi ASR model trained with237

subword/character tokenization.2238

3.3 Post-Correction using LMs and LLMs239

We evaluate automatic post-correction of ASR hy-240

potheses using (i) fine-tuned sequence-to-sequence241

LMs and (ii) in-context learning (ICL) with LLMs.242

Our LMs are mT5-small (Xue, 2020) and ByT5-243

small (Xue et al., 2022), which address common244

Hindi ASR artifacts such as lexical distortions,245

mistransliterations, and segmentation errors. For246

LLMs, we evaluate LLaMA-3-Nanda-10B (Tou-247

vron et al., 2023) though supervised fine-tuning248

and ChatGPT-4o mini (Ma et al., 2023) though249

zero/one/few-shot ICL (Table 4).250

4 Results and Discussions251

As shown in Table 1, our domain-adapted252

KVWav2Vec model consistently outperforms253

strong Hindi ASR baselines on the KrishiVān. ı̄-254

Known and KrishiVān. ı̄-Unknown splits. This in-255

dicates that incorporating even a modest amount256

of in-domain conversational data (10h) can im-257

prove recognition in noisy, accented, and code-258

mixed agricultural speech. On the OOD split,259

IndicWav2Vec slightly outperforms KVWav2Vec,260

suggesting that generalist models may retain an261

advantage under topic drift and domain mis-262

match. Overall, these results validate blending263

open-domain and domain-specific data during fine-264

tuning and retaining a generalist baseline for ro-265

bustness under distribution shift.266

2The main paper reports two primary baselines; additional
baselines and results appear in Table 3.

To reduce annotation overhead, we evaluate au- 267

tomatic post-correction as a first-pass refinement 268

step before human editing. Table 2 shows that 269

smaller models, particularly mT5-small, outper- 270

form larger LLMs in accuracy on KV-Known and 271

KV-Unknown. In KV-OOD, ChatGPT ICL per- 272

forms best, consistent with its broader exposure to 273

diverse, out-of-domain textual contexts. Latency 274

comparisons are reported in Appendix F. Consis- 275

tent with these trends, mT5-based post-correction 276

yields the largest reduction in annotator effort 277

within Vān. ı̄Setu (Section 2), demonstrating that 278

smaller, fine-tuned LMs can be a better default 279

than larger LLMs for scalable corpus construction. 280

The reduction in annotation time across stages is 281

also evident, as illustrated in Figure 3. 282

Figure 3: Vān. ı̄Setu achieves a 61.1% reduction in anno-
tation effort over full manual transcription.

5 Conclusion 283

In this work, we presented Vān. ı̄Setu, a human- 284

AI collaborative framework for constructing high- 285

quality speech corpora in low-resource, code- 286

mixed settings, and validated it through Kr- 287

ishiVān. ı̄, a 100-hour Hindi conversational agri- 288

cultural dataset. Vān. ı̄Setu combines ASR, auto- 289

matic post-correction, and structured, multi-stage 290

human validation via an enhanced Vāgyojaka in- 291

terface, shifting annotators from full manual tran- 292

scription to targeted verification of model outputs. 293

This design reduces annotation effort by 61% while 294

preserving linguistic fidelity under realistic noise, 295

accent variation, and dense code-mixing. We 296

further show that mT5 offers a strong accuracy- 297

responsiveness trade-off and is often a better de- 298

fault than larger LLMs for in-domain correction, 299

while ChatGPT ICL performs best under out-of- 300

domain drift. Overall, Vān. ı̄Setu contributes a 301

reusable, domain-adaptive blueprint for scalable 302

speech dataset creation in underrepresented lan- 303

guages and high-variance real-world domains. 304
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Limitations305

Vān. ı̄Setu demonstrates promising results in en-306

abling human-AI collaborative corpus creation for307

Hindi; several limitations constrain its broader ap-308

plicability and generalizability.309

• Language Resource Dependency: The310

framework currently depends on pre-existing311

Hindi ASR and language models such as In-312

dicWav2Vec, ByT5, and LLaMA-3-Nanda,313

which benefit from extensive pretraining on In-314

dic language corpora. For truly low-resource315

languages lacking such foundational mod-316

els, Vān. ı̄Setu’s post-correction and alignment317

mechanisms may underperform unless com-318

parable models or datasets are first developed.319

This limits the system’s plug-and-play porta-320

bility across the broader spectrum of under-321

represented languages.322

• Code-Switching Complexity: Although Kr-323

ishiVān. ı̄ includes code-mixed utterances, the324

current system is not optimized for heavily325

code-switched conversations (e.g., rapid alter-326

nation between Hindi and English within a327

single utterance). The underlying ASR and328

correction models often misrecognize such329

segments or apply inconsistent transliteration330

rules. Extending the framework to support331

multi-ASR fusion or language-aware post-332

editing remains an open challenge.333
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B Detailed pipeline for Vān. ı̄Setu 578

This section describes the generation of the Kr- 579

ishiVaani speech corpus through our Vān. ı̄Setu 580

pipeline. Figure 1 illustrates the design of this 581

multi-stage pipeline, which involves these stages: 582

data collection, speech corpus construction, and 583

data refinement. The following subsections give a 584

detailed overview of each stage: 585

B.1 Data Collection 586

This stage gathers the required data to be processed 587

further. It is sequentially broken down into the fol- 588

lowing steps: 589

Domain Words List (1): We generate different 590

keyword lists (e.g., “khetı̄” means farming) con- 591

taining Hindi and English terms from different 592

dictionaries and Wikipedia articles on these do- 593

mains. We refine it using a keyword filtering mod- 594

ule relevant to YouTube Hindi videos3. YouTube 595

Hindi videos have English keywords associated 596

with them. Therefore, it is essential to have both 597

Hindi and English keyword lists. 598

YouTube Search Engine (2): We use the YouTube 599

search engine to find the corresponding videos on 600

these domains from the respective keyword lists. 601

We de-duplicate the retrieved videos. Our analysis 602

of these videos revealed that many of them con- 603

tained missing or inaccurate subtitles. Therefore, 604

we generated the transcripts for these videos. 605

Converting Video to Audio (3): We download 606

the video and convert it into audio using single 607

single-channel wav format and 16 kHz sampling 608

rate. 609

B.2 Speech Corpus Construction 610

Once the data collection stage is complete, the 611

speech corpus construction process begins, involv- 612

ing the following steps: 613

Voice Activity Detection (4): We conduct voice 614

activity detection (VAD) with a limited maximum 615

3We follow YCC licensing.

7

https://api.semanticscholar.org/CorpusID:24376954
https://api.semanticscholar.org/CorpusID:24376954
https://api.semanticscholar.org/CorpusID:24376954
https://api.semanticscholar.org/CorpusID:24376954
https://api.semanticscholar.org/CorpusID:24376954
https://doi.org/10.48550/arXiv.2512.10624
https://doi.org/10.48550/arXiv.2512.10624
https://doi.org/10.48550/arXiv.2512.10624


duration of 20 sec and average silence detection616

using mp3split4. We also use speaker segmentation617

from Pyannote to separate the speaker’s audio and618

ensure the integrity of speech content as much as619

possible.620

Diarization (5): For speaker diarization, we seg-621

ment and label an audio recording using Pyannote622

(Bredin et al., 2020). The goal of this step is to de-623

termine "who spoke when" within a multi-speaker624

audio stream. This enables cleaner and more reli-625

able training data for ASR models.626

ASR (6): In this step, we use Hindi ASR to gen-627

erate the transcripts of the converted audio files.628

We considered multiple ASR models such as In-629

dicWhisper (Bhogale et al., 2023b), IndicWav2Vec630

(Javed et al., 2023), etc., to maintain flexibility.631

Though IndicWhisper showcases a lower Word Er-632

ror Rate (WER), we prefer IndicWav2Vec owing633

to its lower Character Error Rate (CER). Since In-634

dicWav2Vec captures fine-grained details at the635

character level, it also helps to reduce further anno-636

tation effort.637

Forced Alignment (7): This step maps each word638

in the utterance to its corresponding audio times-639

tamp. We use a pre-trained IndicWav2Vec-Hindi640

model based on the Connectionist Temporal Classi-641

fication (CTC) criterion (Variani et al., 2018). This642

step also benefits the upcoming data curation stage.643

Audio-Text Corpus (8): After performing diariza-644

tion and forced alignment, we combine the times-645

tamps of the speaker(s) and the transcripts to create646

the final speaker-wise utterances.647

Automatic ASR Correction (9): We use the best648

one of different fine-tuned LMs (ByT5 (Xue et al.,649

2022), mT5 (Xue, 2020)) and LLMs (Llama (Tou-650

vron et al., 2023), ChatGPT) to perform ASR post-651

correction. This step enhances both transcript accu-652

racy and annotation efficiency. The output of this653

step is provided to the data refinement stage.654

B.3 Data Refinement655

For the entire stage of data refinement, we use the656

VAgyojaka tool (Kumar et al., 2022a) for each of657

the data curation, data validation, and data verifica-658

tion steps. Before VAgyojaka, ASR curation was659

a time-intensive process, where X hours of speech660

data required 8X hours for curation. This time was661

spent correcting ASR transcripts, validating forced662

alignments, and checking speaker diarization. It663

has proven to reduce this workload to 4-6X hours.664

4http://mp3splt.sourceforge.net/mp3splt_page/home.php

Data Validation

1 hr of Curation = 500 Rupees (A)

1 hr of Validation = 250 Rupees (B)

If errors < λ → Reward 250 Rupees (A)

If errors ≥ λ 
Else

Data Verification

1 hr of Verification = 250 Rupees (C)

Data Curation

Data Refinement

If errors < δ → Reward 250 Rupees (B)

A

B

C

Figure 4: The reward system adopted to encourage data
curators and validators. Alongside standard compensa-
tion, we used λ as 5% and δ as 2% of the total number
of words for enforcing the reward system while curating
the KrishiVaani dataset.

Figure 2 displays a snapshot of the VAgyojaka tool. 665

Data Curation (A): In this step, we collectively 666

perform transcription correction, utterance align- 667

ment, and speaker diarization. Due to the absence 668

of open-source guidelines for data curation in In- 669

dian languages, we create and use our own set of 670

guidelines for this purpose. We have used fifteen 671

annotators (experts in the Hindi language) for data 672

curation. 673

Post-Processing of Transcript (10): This step in- 674

volves normalizing the text by removing punctua- 675

tion and tags. We also back-transliterate English 676

words like “Local” as “lokl” using the transliter- 677

ation model (IndicTXlit (Madhani et al., 2023)), 678

which linguists further verify. We also check if 679

any edits are made in the transcripts; depending on 680

which, they can be sent back to the data curator. 681

Eventually, we split the audio based on utterance 682

alignment, which will be used for further validation 683

and verification. 684

Data Validation (B): Data validation is a crucial 685

step in ensuring the quality of the curated data. The 686

same fifteen annotators carried out the validation, 687

ensuring that no one validated their own curated 688

data. The data validator corrects the transcript of 689

the split audio. We also introduce a reward system 690

so that annotators can work better as data curators 691

and validators. As seen in Figure 4, whenever any 692

data validator makes edits less than a certain thresh- 693

old (λ), the data curator will be rewarded, or else, 694

the data validator will perform the subsequent post- 695

correction. If this step achieves less than a certain 696

threshold (δ), the data validator will be rewarded. 697

Data Verification (C): The Data verifier examines 698

the ASR transcript for the split audio and deter- 699

mines whether to include it in the final dataset. 700

These verifiers are Hindi language experts with 701
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extensive experience. The verifier also helps in702

complying with the reward system.703

C Baseline Models Details704

1. IndicWav2Vec (Javed et al., 2023), a multi-705

lingual ASR model based on wav2vec 2.0, pre-706

trained on 17,314 hours of Indian language audio707

using self-supervised learning and fine-tuned with708

CTC, achieving reduced WER for low-resource709

languages like Hindi.710

2. IndicWhisper (Bhogale et al., 2023b), a fine-711

tuned version of OpenAI’s Whisper trained on712

2,150 hours of Hindi audio using multilingual byte-713

level BPE tokenization, balancing weak supervi-714

sion with competitive WER.715

3. SALSA (Mittal et al., 2024), a hybrid ASR716

approach integrating Whisper’s encoder-decoder717

with a decoder-only LLM (Llama2-7B) (Touvron718

et al., 2023) to improve recognition in low-resource719

settings through synchronous decoding. It is fine-720

tuned on 10 hrs of FLEURS (Conneau et al., 2023)721

Hindi dataset.722

4. IndicConformer (Javed et al., 2024a), a 130M723

parameter conformer-based ASR Hindi model com-724

bining convolution and transformer layers to sup-725

port Indian languages with a unified subword-726

character tokenization strategy.727

5. SeamlessM4T (Barrault et al., 2023), a multi-728

lingual ASR and translation model covering 100729

languages, leveraging 4.5 million hours of pretrain-730

ing but with unexplored effectiveness in real-world731

low-resource speech settings.732

D Vān. ı̄Setu Human-AI Pipeline733

Audio

ASR
Model

mT5 ByT5

Vāgyojaka Tool

Utterance level Alignment

Fine-tuning or     
In-Context Learning

Audio TranscriptTranscript Processing

4   Curated Speech Dataset

1

2
3 Human Validation & Verification

Human-in-the-Loop

ASR Transcript

LM and LLM  Post-Corrections

Figure 5: The Vān. ı̄Setu human-AI pipeline. (1) ASR
transcripts are created from the audio by using the
baseline/fine-tuned ASR models. (2) Lightweight and
large-scale language models (mT5, ByT5, ChatGPT,
LLaMA) generate post-corrections. (3) Annotators val-
idate and verify transcripts using the Vāgyojaka inter-
face. (4) The curated outputs form the KrishiVān. ı̄ Hindi
speech corpus.

E LM/LLM Models Details 734

1. mT5: mT5 (Xue, 2020) belongs to the T5 735

family of models, which is an encoder-decoder 736

based LM. It is a multilingual version of the T5 737

(Raffel et al., 2020) model. The mT5 model uses 738

a subword-based tokenization strategy. It follows 739

the SentencePiece tokenizer (Kudo, 2018), which 740

is a variant of the BPE tokenizer. We selected the 741

mT5-small variant as the correction model. 742

2. ByT5: ByT5 (Xue et al., 2022) model shares 743

the same architecture as the mT5 model. It is a 744

tokenizer-free variant of the mT5 model. Although 745

mT5 has a standard tokenizer, ByT5 processes 746

single-character tokens in UTF-8 encoded bytes. 747

We select the ByT5-small variant as the correction 748

model. 749

3. Llama: Llama-3-Nanda-10B-Chat (Tou- 750

vron et al., 2023) (Nanda) is a Hindi-focused, 751

instruction-tuned LLM with 10 billion parameters. 752

Built on the Llama-3 model, it has been extensively 753

trained on 65 billion Hindi tokens. Unlike general 754

multilingual models, Nanda prioritizes Hindi, 755

using a balanced 1:1 Hindi-English dataset during 756

training to enhance both languages’ capabilities 757

and make it well-suited for fine-tuned text correc- 758

tion tasks. 759

4. ChatGPT: Powered by OpenAI, ChatGPT (Ma 760

et al., 2023) is an advanced LLM that is used for 761

multiple downstream tasks, including text correc- 762

tion. Unlike fine-tuning for the above LMs/LLMs, 763

we use ChatGPT-4o mini for in-context learning 764

and transcript correction using zero-shot, 1-shot, 765

and few-shot learning. We use SBERT (Joshi et al., 766

2023) to create sentence embedding for in-context 767

learning. 768

769

F Additional Results 770

In contrast, larger models like Llama and 771

ChatGPT-4o mini required careful few-shot 772

prompting and SBERT-guided example selection 773

to achieve competitive results. As seen in Table 774

4, ChatGPT-4o performed poorly in 0-shot con- 775

ditions but showed significant improvement in 5- 776

shot mode, recovering many missing or substituted 777

tokens. This supports the potential of retrieval- 778

augmented in-context learning, but also under- 779

scores the cost in latency and instability, especially 780

in real-time annotation workflows. 781

For this reason, we integrated mT5-small as the 782

default correction engine in Vāgyojaka, prioritizing 783
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Model IndicWav2Vec IndicWhisper IndicConformer SeamlessM4T SALSA KVWav2Vec
KrishiVaani-Known (WER) 23.7 23.42 24.2 49.94 87.59 22.38
KrishiVaani-Known (CER) 8.50 10.65 10.3 31.23 67.35 8.58
KrishiVaani-UnKnown (WER) 28.57 30.08 26.84 41.5 95.50 26.04
KrishiVaani-UnKnown (CER) 12.69 16.62 12.92 25 75.20 11.98
KrishiVaani-OOD (WER) 22.41 49.78 28.56 42.73 79.09 24.61
KrishiVaani-OOD (CER) 8.51 35.96 17.34 27.73 61.24 9.51

Table 3: Models Comparison across different KrishiVaani datasets

Experiment Shots KrishiVaani-
Known

KrishiVaani-
UnKnown

KrishiVaani-
OOD

KVWav2Vec - 22.38 26.04 24.61
ChatGPT-4o mini 0-Shot 29.33 31.89 27.65

With Random 1-Shot 28.36 30.26 26.43
3-Shot 27.64 30.14 25.65
5-Shot 26.37 28.95 25.27

With SE Similarity 1-Shot 27.64 30.26 26.16
3-Shot 26.81 29.90 25.74
5-Shot 23.59 26.35 22.62

Table 4: Comparative overview of different WER (%)
scores for different settings using in-context learning
through ChatGPT (SE = Sentence Embedding)

ByT5-small mT5-small Llama ChatGPT-4o mini
2.29 0.97 10.17 2.03

Table 5: Latency (in seconds) of different models for
ASR post-correction.

low-latency, high-consistency performance over784

marginal accuracy gains from LLMs (see Table 5785

for comparative latency results).786

F.1 KVWav2Vec Model787

We acknowledge the potential bias in evaluating788

KVWav2Vec solely on the KrishiVaani dataset.789

The primary goal of our study is to investigate790

whether fine-tuning the existing IndicWav2Vec791

model with a relatively small domain-specific792

dataset (KrishiVaani) could effectively support793

rapid dataset curation. To demonstrate this, we794

selected the best-performing baseline model (In-795

dicWav2Vec) and fine-tuned it with KrishiVaani796

data, thereby creating distinct test scenarios -797

Known, Unknown, and Out-Of-Domain (OOD).798

The overarching aim is to minimize human annota-799

tion effort and accelerate data creation.800

KVWav2Vec primarily serves to evaluate801

whether a domain-specific fine-tuned model can ex-802

Model KVWav2Vec Wav2Vec-IV
KrishiVaani-Known 22.38 23.4
KrishiVaani-UnKnown 26.04 27.69
KrishiVaani-OOD 24.61 22.38

Table 6: Comparison of different WER and CER (%)
scores of KVWav2Vec with IndicVoice (IV) + KrishiV-
aani (KV) and IndicVoice (IV) alone

pedite and enhance the data curation process effec- 803

tively, particularly in conversational and unknown- 804

speaker scenarios. While not claiming state-of- 805

the-art performance, we demonstrate its utility in 806

reducing human annotation effort significantly as 807

shown in Table 3 808

We experimented on the IndicWav2Vec model 809

fine-tuned with IndicVoice (IV) + KrishiVaani (KV) 810

vs IndicVoice alone, which showed modest but con- 811

sistent improvements in both WER and CER across 812

Known and Unknown test sets. 813

F.2 Implications for human-AI Collaboration 814

From a system design perspective, these results 815

demonstrate that post-correction not only reduces 816

the number of human edits but also changes the 817

annotator’s role. Rather than fixing every error 818

manually, annotators now operate as validators, 819

reviewing pre-corrected hypotheses and resolving 820

only high-ambiguity cases. This shift was partic- 821

ularly beneficial in low-confidence regions, such 822

as domain-specific terminology and Hindi-English 823

code-switching, as shown in Fig. 2. The impact of 824

this human-AI collaboration is further quantified 825

in Fig. 6, which shows a 61.1% reduction in an- 826

notation time when using Vān. ı̄Setu’s verification 827

pipeline compared to fully manual transcription. 828

Intermediate configurations, such as ASR-only cor- 829

rection or single-pass validation, also yield substan- 830

tial efficiency gains, suggesting that even partial 831

automation has measurable benefits. 832

Early annotator feedback indicated that post- 833

correction reduced fatigue and increased trust in 834

the system’s outputs. This suggests that model- 835

aided editing, when appropriately calibrated, can 836

improve both speed and engagement without sac- 837

rificing quality. Moreover, the use of layered qual- 838

ity control (via validators and verifiers) enabled 839

distributed annotation with minimal coordination 840

overhead, further enhancing scalability. 841

F.3 Annotator Feedback and Observations 842

To understand how the annotators interacted with 843

the Vān. ı̄Setu pipeline in practice, we collected 844

10



Figure 6: Annotation time (in hours per 10-hour dataset)
across different stages of the pipeline. Vān. ı̄Setu’s lay-
ered design yields a 61.1% reduction in total annotation
effort compared to fully manual transcription.

informal feedback from a group of eight annota-845

tors over 31 sessions. Their reflections highlight846

key human-AI interaction dynamics that shaped847

their annotation experience. Annotators widely ap-848

preciated the pre-correction capability using mT5849

and LLMs, especially in reducing repetitive edits.850

One annotator remarked: "mT5 has been a game-851

changer. Instead of fixing basic errors, I can now852

focus only on the more nuanced mistakes." Another853

reported "....it felt like editing a smart draft instead854

of transcribing from scratch." These responses sug-855

gest a shift in role from manual transcription to856

semantic review, which is aligned with our design857

goals.858

G LLM-based Post-Correction859

We explore both small LMs (ByT5, mT5) and860

larger LLMs (Llama, ChatGPT) for automatic ASR861

post-correction. Our experiments indicate that862

smaller models (e.g., mT5) performed better than863

larger LLMs like ChatGPT, guiding our choice864

to integrate mT5 into our automatic correction865

pipeline. Moreover, the central objective of our866

work is to minimize human annotation effort and867

accelerate high-quality data creation for conversa-868

tional ASR in Hindi.869

H Data Annotators870

The annotation guideline is mentioned in the Kr-871

ishiVaani Github5.872

We have developed our in-house team and vol-873

unteers who help us in data curation, data valida-874

tion, and data verification tasks for the KrishiVaani875

Dataset. We have trained them for the task and876

made them familiar with the VAgyojaka tool, then877

5https://anonymous.4open.science/r/KrishiVaani-4C73/

we ask them to do the following tasks. We have 878

paid 5$ per hour for the data curation task and 2.5$ 879

for both data validation and data verification tasks. 880

All the annotators were from India. 881

I Related Work 882

Early work on agricultural speech technology in In- 883

dia emphasized voice-first access to time-sensitive 884

information (notably commodity prices), exempli- 885

fied by the Mandi Information System developed 886

under government initiatives for multilingual spo- 887

ken dialog access in rural settings (Mohan et al., 888

2014). Subsequent research and shared tasks high- 889

lighted that the core bottleneck is robust ASR 890

under real rural conditions (spontaneous speech, 891

telephony channels, background noise, and strong 892

dialectal variation) where even strong baselines 893

can remain around 30% WER, as demonstrated 894

by the Gram Vaani ASR Challenge on regional 895

Hindi (Bhanushali et al., 2022a). To address per- 896

sistent data scarcity, recent efforts have pursued 897

scale through synthetic and multimodal pipelines 898

(e.g., AgriGPT-Omni’s speech-vision-text frame- 899

work with large synthetic agricultural speech re- 900

sources) while simultaneously underscoring the 901

limited availability of representative real agricul- 902

tural speech (Yang et al., 2025). Complementary 903

global datasets such as Kallaama (field-collected 904

agricultural speech in Senegalese languages) rein- 905

force that agriculture remains a low-resource do- 906

main internationally, where ecological validity de- 907

pends on in-field capture and careful annotation 908

(Gauthier et al., 2024). Finally, inclusion-focused 909

studies (e.g., rural Bhojpuri women) show that tran- 910

scription is itself a fundamental challenge due to 911

missing standard guidelines, scarcity of domain- 912

aware transcribers, and substantial regional varia- 913

tion, motivating agriculture-specific corpora with 914

rigorous, standardized transcription and quality- 915

control practices (Joshi et al., 2025). Collectively, 916

these efforts motivate agricultural speech datasets 917

and pipelines that prioritize (i) real, noisy speech; 918

(ii) systematic transcription guidelines and quality 919

control; and (iii) domain phenomena (terminology, 920

entities, code-mixing, numerals, and dialectal vari- 921

ation). 922

J Additional Languages 923

Although our Vān. ı̄Setu configuration is developed 924

with Hindi in mind, we also evaluate the transfer- 925

ability of its LM-based post-correction to other 926
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Language IndicConformer ByT5 mT5
Marathi 25.55 26.02 25.12
Telugu 23.28 24.72 22.05

Table 7: LM-based correction results on Marathi and
Telugu subsets of IndicTTS.

Indic languages. Table 7 reports WER on Marathi927

and Telugu subsets of IndicTTS, comparing the928

raw ASR hypothesis to outputs corrected by ByT5929

and mT5. Across both languages, mT5 achieves930

the lowest WER, suggesting that LM-assisted post-931

correction in Vān. ı̄Setu generalizes beyond Hindi932

to other low-resource Indic settings. We use In-933

dicTTS for this analysis because its linguistic char-934

acteristics are closer to KrishiVān. ı̄-style conver-935

sational speech, enabling a consistent evaluation936

under comparable conditions. Motivated by these937

results, we are also applying Vān. ı̄Setu to build938

datasets in Marathi and Telugu.939

K System Adaptability and Reuse940

Vān. ı̄Setu is designed to be modular: each stage,941

from ASR to correction to validation, can be re-942

configured for other domains or languages. Addi-943

tionally, correction logs and verification patterns944

can be used to fine-tune future models, enabling a945

feedback loop between human annotators and sys-946

tem improvement. This framework enables speech947

corpus construction to move from isolated, static948

annotation efforts toward a scalable, adaptive, and949

co-created process grounded in real deployment950

contexts.951

L Compute Infrastructure952

Compute details: For all our pre-training and953

fine-tuning experiments, we used two NVIDIA954

A100-SXM4-80GB GPUs. Each training requires955

4-48 hours.956

Software and Packages details: We implement957

all our models in PyTorch6958

VAgyojaka Tool details: We developed the data959

validation and data verification task in VAgyojaka960

tool using the QT 6 framework7. Models961

mT5: mT5-small (300M parameters), mT5-base962

(580M parameters)963

ByT5: ByT5-small (300M parameters), ByT5-base964

(580M parameters)965

Nanda: LLaMA3-10B966

6https://pytorch.org/
7https://www.qt.io/product/framework

GPT-4o mini: 8B parameter 967

968

M Prompt Used 969

ChatGPT Prompt

Example 1:
You are given an ASR hypothesis of a
spoken utterance. The hypothesis may
contain misrecognized words, incorrect
word segments, or code-switching mistakes.
Your job is to produce the best possible
corrected text, relying on your knowledge
of grammar and typical usage
Please correct any errors in
1. Incorrect transliteration of English words
2. Incorrect transliteration of English
numbers
3. Incorrect transcription of native Hindi
numbers
4. Misrecognition of underrepresented
characters
5. Splitting of compound words
6. Incorrect word segmentation

There may be more than two errors in the
ASR hypothesis. Output only the final
corrected output (no extra commentary)
Hypothesis: ratha yātrā ke lie
jānabūjhakara vāna t.yūrest.a dvārā
taitālı̄sa minat.a kı̄ derı̄ kı̄ gaı̄hai

Predicted Output:
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