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Abstract

Low-resource languages face a critical chal-001
lenge in AI development: creating specialized002
conversational systems without access to mas-003
sive training corpora. We present a system-004
atic methodology for transforming structured005
linguistic resources into specialized AI sys-006
tems, demonstrating that expert-curated lexi-007
cal databases can serve as effective founda-008
tions for conversational AI development. Our009
approach converts Hindi WordNet into 1.25010
million diverse instruction-response pairs, fine-011
tunes a 12B-parameter language model using012
resource-efficient LoRA with 4-bit quantiza-013
tion. Evaluation through a Hindi language014
learning chatbot demonstrates that structured-015
knowledge-based systems achieve superior016
pedagogical effectiveness (91.0 vs. 79.4-83.6017
for general-purpose models) while maintain-018
ing competitive semantic performance and ex-019
ceptional consistency. The complete pipeline020
demonstrates a proof-of-concept methodology021
using Hindi for developing specialized AI022
systems for any languages with WordNet re-023
sources. This work addresses the critical gap024
in AI accessibility for low-resource languages,025
offering a practical alternative to corpus-026
intensive approaches and potentially enabling027
specialized AI development for billions of un-028
derserved language speakers worldwide.029

1 Introduction030

The democratization of artificial intelligence in-031

creasingly depends on developing specialized sys-032

tems that can effectively serve diverse linguistic033

communities. While recent advances in large lan-034

guage models have demonstrated remarkable ca-035

pabilities (Hagos et al., 2024), these systems pre-036

dominantly excel in high-resource languages with037

abundant digital content, leaving billions of speak-038

ers of low-resource languages underserved (Zhong039

et al., 2024; Hasan et al., 2024). This digital di-040

vide is particularly acute in specialized domains041

such as education, where culturally and linguisti- 042

cally appropriate AI systems are essential for ef- 043

fective learning outcomes (Li et al., 2024). 044

Current approaches to developing conversa- 045

tional AI face a fundamental bottleneck: the re- 046

quirement for massive training corpora that simply 047

does not exist for most of the world’s 2,500+ lan- 048

guages (UNESCO, 2010; Endangered Languages 049

Project). Traditional methodologies for fine- 050

tuning assume the availability of vast quantities of 051

text (Cryst et al., 2025), exemplified by the mas- 052

sive datasets used for GPT-3 (Team, 2023) or the 053

billions of words in Common Crawl (Team, 2024). 054

However, the critical barrier is not merely raw data 055

availability, but instructional data quality. While 056

languages like Hindi possess significant web pres- 057

ence, they remain ’resource-poor’ in terms of 058

high-quality, domain-specific pedagogical pair- 059

ings. Generic corpora like CommonCrawl lack the 060

structured educational alignment necessary for spe- 061

cialized AI, effectively excluding many languages 062

from participation in domain-specific applications. 063

To bridge this gap, we turn to rich structured 064

linguistic resources that represent decades of ex- 065

pert scholarly work. WordNets, hierarchical lexi- 066

cal databases encoding semantic relationships, ex- 067

ist for more than 200 languages (Global WordNet 068

Association) and contain precisely the type of ex- 069

pert knowledge needed for specialized AI applica- 070

tions. BabelNet 5.3 covers 600 languages and is 071

obtained from the automatic integration of various 072

multilingualWordNets, while BabelNet 4.0 covers 073

284 languages and contains about 16 million en- 074

tries, called Babel synsets (Navigli and Ponzetto, 075

2010). Despite their potential, these resources re- 076

main largely unutilized inmodern AI development, 077

treated as static reference materials rather than dy- 078

namic training foundations. This represents a sig- 079

nificant missed opportunity for addressing AI ac- 080

cessibility in multilingual contexts. 081

We propose a systematic methodology for trans- 082
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forming structured linguistic resources into spe-083

cialized conversational AI systems, offering a prac-084

tical alternative to corpus-intensive approaches.085

Our pipeline demonstrates that expert-curated lex-086

ical databases can serve as effective foundations087

for developing domain-specific AI systems that088

outperform general-purpose models in special-089

ized contexts while requiring minimal computa-090

tional resources. Through a comprehensive case091

study developing aHindi language learning system092

from Hindi WordNet (Bhattacharyya, 2010; Bhat-093

tacharyya et al., 2008), we validate this approach094

across semantic accuracy and pedagogical effec-095

tiveness metrics.096

The broader implications of this work extend097

far beyond our specific implementation. By prov-098

ing that structured linguistic knowledge can cre-099

ate superior specialized AI systems, we establish100

a methodology that could rapidly expand AI acces-101

sibility to hundreds of additional languages. Hindi102

WordNet consists of 105460 unique words and103

40466 synsets (Centre for Indian Language Tech-104

nology, IIT Bombay, 2025) and forms the founda-105

tion for other Indian language WordNets as they106

are based on it and are being linked to it. This ap-107

proach is particularly crucial for educational appli-108

cations in developing regions, where access to so-109

phisticated AI tutoring systems is limited by both110

computational resources and the lack of linguisti-111

cally appropriate content (Redkar et al., 2018).112

Our key contributions include: (1) a system-113

atic methodology for converting structured lexi-114

cal databases into specialized conversational train-115

ing data while preserving complex semantic rela-116

tionships; (2) a resource-efficient implementation117

using parameter-efficient fine-tuning techniques118

that enable deployment in typical educational en-119

vironments; and (3) comprehensive evaluation120

demonstrating superior performance in special-121

ized domains compared to general-purpose mod-122

els. The complete pipeline demonstrates a proof-123

of-concept methodology using Hindi which can124

be used for developing specialized AI systems125

for other language with structured linguistic re-126

sources.127

2 Related Work128

2.1 The Evolving Role of AI in Education129

Large-scale surveys consistently report positive130

learning gains from AI interventions while warn-131

ing that impact is often measured on single dimen-132

sions rather than intertwined pedagogical, tech- 133

nical, and human factors. A comprehensive re- 134

view covering 2010-2020 recommends ”a multi- 135

dimensional evaluation model” combining techni- 136

cal metrics with pedagogical design, domain align- 137

ment, and learner affect (Zhai et al., 2021). A con- 138

ceptual synthesis categorizes AI’s functions into 139

three roles: new subject, direct mediator, and sup- 140

plementary assistant—showing how each reshapes 141

classroom dynamics (Xu and Ouyang, 2022). 142

When AI takes the ”new subject” role (e.g., tutor- 143

ing agent), it can personalize instruction but must 144

address social presence and reflection to avoid 145

merely automating drill-and-practice (Xu and 146

Ouyang, 2022). These insights frame our approach 147

as maintaining learner connections to structured 148

knowledge rather than replacing expert guidance. 149

2.2 Chatbots for Language Learning 150

Systematic evidence confirms three recurring af- 151

fordances of language-learning chatbots: timeli- 152

ness, ease of access, and personalization, with 153

pedagogical uses including simulation, helpline, 154

and recommendation (Huang et al., 2022). Social- 155

presence analyses show bot self-disclosure encour- 156

ages longer learner utterances and reduces prac- 157

tice anxiety (Huang et al., 2022). CLIL field stud- 158

ies demonstrate high engagement (91% content 159

mastery agreement, 93% finding dialogue engag- 160

ing) but only 48% felt language skill improvement, 161

highlighting content-language objective tensions 162

(Mageira et al., 2022). These findingsmotivate our 163

level-adaptive output balancing vocabulary com- 164

plexity with curricular content, and post-response 165

augmentation sustaining engagement beyond nov- 166

elty effects. 167

2.3 Conversational AI in Low-Resource 168

Languages 169

Low-resource contexts add data scarcity, cultural 170

nuance, and deployment constraints to AI develop- 171

ment challenges. Vision papers argue techniques 172

like Direct Preference Optimization can lower 173

supervision requirements for culturally sensitive 174

AI companions (Ding et al., 2024). Empirical 175

work explores lightweight architectures: a Bangla 176

customer service bot achieves >90% accuracy 177

using n-gram stemming and CNN classifiers with- 178

out deep linguistic resources, but lacks structured 179

knowledge integration and level adaptation (Paul 180

et al., 2019). Knowledge-enriched FAQ chatbots 181

improve intent classification through transfer 182
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learning but rely on retrieval rather than genera-183

tion, limiting conversational depth (Perdana et al.,184

2022). More recent approaches attempt to bypass185

data scarcity by leveraging the cross-lingual186

transfer capabilities of large foundation models.187

(Nguyen et al., 2024) introduced Linguistically-188

Diverse Prompting (LDP), a technique that elicits189

generative capabilities in low-resource languages190

by using synthetic exemplars from high-resource191

”sibling” languages or English pivots. While192

this method demonstrates that English-dominant193

models can be coaxed into performing translation194

and summarization tasks for under-represented195

languages without supervised data, it fundamen-196

tally relies on the model’s latent, pre-trained197

knowledge. Consequently, such prompting198

strategies remain susceptible to the hallucination199

and factual inconsistency inherent in the base200

model, particularly in specialized domains where201

the model’s internal representation of the low-202

resource language is sparse or fragmented. This203

limitation underscores the necessity for methods204

that can ground generation in explicit, structured205

expert knowledge rather than relying solely on206

cross-lingual transfer. These studies demonstrate207

feasibility while underscoring gaps: (1) automatic208

diverse instruction-response generation; (2)209

resource-efficient fine-tuning; and (3) structured210

lexical resource coupling (Oyewole et al., 2024).211

2.4 Leveraging WordNet for Educational212

Applications213

Hindi WordNet has been adapted into Hindi Shab-214

damitra, a five-level digital aid exposing gloss215

simplification and progressively richer semantic216

relations to K-12 learners (Redkar et al., 2018).217

Classroom pilots show improved concept retention218

when learners explore associative networks rather219

than flat dictionary entries (Redkar et al., 2018).220

WordNet’s cognitive basis, which represents mean-221

ing as concept networks, aligns with semantic net-222

work vocabulary acquisition theories. Despite this223

potential, existing conversational systems rarely224

exploit such structure beyond initial training. Our225

approach bridges this gap by converting synsets226

into training examples, maintaining knowledge227

connections through post-generation augmenta-228

tion, and enabling conversation-to-structure pivot-229

ing.230

2.5 Research Gaps and Opportunities 231

Critical gaps remain for low-resource language ap- 232

plications: (1) Structured knowledge continuity 233

- chatbots rarely maintain learner connections to 234

training resources (Huang et al., 2022; Oyewole 235

et al., 2024); (2) Level-adaptive generation - few 236

systems systematically vary vocabulary, syntax, 237

and explanation depth across proficiency levels 238

(Paul et al., 2019); (3) Resource-efficient deploy- 239

ment - approaches often assume cloud-scale hard- 240

ware (Ding et al., 2024); and (4) Integrated scaf- 241

folding - studies report novelty effects and limited 242

long-term gains, indicating the need for dynamic 243

learning supports (Mageira et al., 2022; Huang 244

et al., 2022). Our methodology addresses each 245

gap by coupling structured linguistic resources 246

with parameter-efficient fine-tuning and real-time 247

knowledge augmentation. 248

3 Methodology: Structured-Data-to-AI 249

Pipeline 250

Our systematic methodology transforms struc- 251

tured linguistic databases into specialized con- 252

versational AI systems through four integrated 253

stages: systematic dataset generation, resource- 254

efficient model fine-tuning, domain-adaptive re- 255

sponse generation, and intelligent knowledge in- 256

tegration. This pipeline demonstrates that expert- 257

curated lexical resources can serve as effective 258

foundations for specialized AI development, offer- 259

ing a practical alternative to corpus-intensive ap- 260

proaches for low-resource languages. 261

3.1 Dataset Creation Pipeline 262

3.1.1 Structured Knowledge Processing 263

We systematically convert Hindi WordNet’s struc- 264

tured semantic data into diverse conversational 265

training examples. The resource contains 56,928 266

words with rich semantic relationships including 267

hypernymy, hyponymy, meronymy, antonymy, 268

and ontological hierarchies. Our automated 269

pipeline generates four complementary types of 270

instruction-response pairs designed to preserve the 271

structured knowledge while creating natural con- 272

versational interactions (see Appendix B for de- 273

tailed examples): 274

• Basic Instructional Pairs establish fundamen- 275

tal question-answer patterns for core linguistic 276

concepts. 277

• ComplexMulti-Aspect Pairs integratemultiple 278

semantic relationships within single responses, 279
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teaching comprehensive word understanding in-280

cluding definitions, synonyms, examples, and281

grammatical categories within complete linguis-282

tic contexts.283

• Ontological Hierarchy Pairs leverage Word-284

Net’s taxonomic structure to teach categorical re-285

lationships.286

• Disambiguation Pairs address polysemy by ex-287

plicitly teaching multiple word meanings with288

contextual differentiation, crucial for morpho-289

logically rich languages like Hindi.290

3.1.2 Relational Coverage and Quality291

Assurance292

Hindi WordNet’s 23 semantic relationship types293

(Bhattacharyya, 2010) are mapped to educational294

terminology through expert linguistic consultation.295

To prevent information overload while ensuring296

complete coverage, we implemented a dynamic297

chunking algorithm for dense semantic relation-298

ships. For entries with extensive relational lists299

(exceeding 10 related terms), our algorithm splits300

the data into digestible segments of up to 10 items.301

Crucially, we enforce a 33% overlap (approx. 3302

words) between consecutive chunks. This over-303

lapping sliding-window strategy ensures themodel304

learns the continuity of semantic categories across305

training examples rather than treating them as dis-306

joint sets.307

Furthermore, to foster multi-hop semantic rea-308

soning, the pipeline dynamically combines distinct309

relationship types into unified complex queries.310

For example, a single instruction might require the311

model to identify both theHypernym and Antonym312

of a target word. We implemented a coverage313

check to ensure that every unique word in a rela-314

tion list appears in at least one training example,315

whether in a single or combined query. Finally,316

the pipeline implements hash based deduplication317

using an instruction-response hash comparison, re-318

moving 847,000 duplicate examples from an ini-319

tial 2.1 million generated pairs. The final dataset320

consists of 1,253,847 unique pairs with balanced321

representation across all relationship types.322

3.2 Resource-Efficient Model Specialization323

3.2.1 Base Model Selection and Optimization324

We select Gemma-3-12B-IT as our foundation325

model for its demonstrated multilingual capa-326

bilities and instruction-following performance327

(Gemma Team, 2025). To enable deployment328

in resource-constrained environments, we imple-329

mented 4-bit quantization using NF4 (Normal- 330

ized Float 4) with double quantization (Dettmers 331

et al., 2023), reducing memory requirements from 332

48GB to approximately 12GB while preserving 333

model performance - a critical consideration for 334

low-resource language applications where compu- 335

tational resources are limited. 336

3.2.2 Parameter-Efficient Fine-Tuning 337

Configuration 338

We specialize the model using Low-Rank Adap- 339

tation (LoRA) (Hu et al., 2022) with optimized 340

hyperparameters balancing adaptation capability 341

with efficiency: Rank (r): 32, providing suffi- 342

cient expressiveness for domain specialization;Al- 343

pha: 64, ensuring appropriate scaling for knowl- 344

edge adaptation; Target modules: all attention 345

projections and MLP components for comprehen- 346

sive adaptation; and Dropout: 0.05 for regulariza- 347

tion without overfitting. This configuration fine- 348

tunes only 0.2% of the total parameters (67M out 349

of 12B), enabling rapid specialization while pre- 350

serving pre-trained multilingual knowledge, essen- 351

tial for maintaining general linguistic competence 352

during domain adaptation. 353

3.2.3 Training Configuration and Efficiency 354

Our training employs distributed setup with gradi- 355

ent accumulation achieving effective batch sizes 356

of 8 across available hardware. Key parameters 357

include 2e-5 learning rate with cosine scheduling 358

(Loshchilov and Hutter, 2019), 15%warmup steps, 359

gradient clipping at 0.5 for stability (Pascanu et al., 360

2013), and 3 training epochs with early stopping. 361

The complete training process requires approxi- 362

mately 40 hours on 2×NVIDIA A100 80G GPUs, 363

demonstrating practical feasibility for educational 364

institutions and research organizations in develop- 365

ing regions. 366

3.3 Domain-Adaptive Response Generation 367

3.3.1 Proficiency Level Modeling 368

We implement systematic level adaptation aligned 369

with educational curricula by defining five distinct 370

proficiency levels with specific linguistic charac- 371

teristics. The प्राथɠमक (Beginner) level utilizes 372

simple vocabulary, short sentences (2–3), and con- 373

crete examples, progressing to the माध्यɠमक (In- 374

termediate) level which employs standard vocabu- 375

lary, medium-length sentences (4–5), and practical 376

examples. The कुशल (Proficient) level features 377
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rich vocabulary and detailed explanations (6–8 sen-378

tences) with varied examples. Higher levels in-379

clude उȡत (Advanced), characterized by sophisti-380

cated vocabulary, complex structures, and abstract381

concepts (8–10 sentences), and finally the ɟवशे-382

षज्ञ (Expert) level, which delivers technical ter-383

minology, comprehensive analysis, and interdis-384

ciplinary connections in extensive responses (10+385

sentences).386

3.3.2 Safety and Appropriateness Integration387

Given educational deployment contexts, we imple-388

ment comprehensive safetymeasures ensuring age-389

appropriate content, restricting responses to edu-390

cational domains, and including fallback mecha-391

nisms for inappropriate queries (Gehman et al.,392

2020). Our prompt engineering maintains linguis-393

tic sophistication appropriate to each proficiency394

level while ensuring consistent educational appro-395

priateness.396

3.3.3 Dynamic Response Adaptation397

The system adapts response characteristics398

through structured prompt templates specify-399

ing vocabulary complexity, sentence length,400

explanation depth, and example types based401

on proficiency level. This ensures consistent402

educational appropriateness while maintaining403

conversational naturalness, a critical balance for404

effective specialized AI systems.405

This complete pipeline demonstrates that struc-406

tured linguistic resources can effectively serve407

as foundations for specialized AI system devel-408

opment, offering a practical methodology for409

creating domain-specific conversational systems410

without requiring massive training corpora—411

particularly valuable for low-resource language412

contexts where such data is unavailable.413

4 Results414

4.1 Evaluation Setup and Metrics415

We conducted a rigorous comparative evaluation416

using 40 carefully designed Hindi language ques-417

tions spanning five proficiency levels (प्राथɠमक to418

ɟवशेषज्ञ). Expert linguists created golden reference419

answers for each question-level combination, re-420

sulting in 200 reference responses. We obtained421

responses from five models—our Shabdabot, GPT-422

4.1 (OpenAI, 2025), Claude-Sonnet-4 (Anthropic,423

2025), Gemini-2.5Pro (Gemini Team, 2025), and424

Gemma-3-12B-IT (Gemma Team, 2025)—using425

identical prompts and system settings to ensure fair 426

comparison. 427

To eliminate evaluation bias, all responses were 428

anonymized during metric calculation. We em- 429

ployed two complementary evaluation metrics de- 430

signed to assess both semantic accuracy and peda- 431

gogical effectiveness: 432

Semantic Answer Similarity (SAS) measures 433

the semantic fidelity between model responses 434

and expert-created golden answers. This met- 435

ric employs the multilingual sentence trans- 436

former paraphrase-multilingual-MiniLM-L12-v2 437

(Reimers and Gurevych, 2020) to generate vector 438

embeddings for both model responses and refer- 439

ence answers. Semantic similarity is calculated 440

using cosine similarity between these embeddings, 441

producing scores ranging from 0 to 1, where higher 442

values indicate greater semantic alignment with 443

expert-authored content. The multilingual model 444

was specifically chosen for its demonstrated effec- 445

tiveness in cross-lingual semantic similarity tasks 446

and strong performance on Hindi text. This metric 447

captures how well models preserve the core mean- 448

ing and factual content of expert responses, inde- 449

pendent of stylistic or pedagogical considerations. 450

Level AdaptationQuality (LAQ) assesses ped- 451

agogical effectiveness and appropriateness for ed- 452

ucational contexts through expert evaluation. We 453

employedClaude-Sonnet-4 as an automated expert 454

judge, chosen for its demonstrated reliability in ed- 455

ucational content evaluation and ability to process 456

Hindi text with cultural and linguistic nuance. The 457

LAQ evaluation employs a comprehensive rubric 458

that evaluates five pedagogical criteria: (1) Peda- 459

gogical Clarity - how easily the target learner can 460

understand the explanation; (2) Factual accuracy - 461

correctness and precision of provided information; 462

(3) Relevance & Examples—appropriateness and 463

quality of examples for the proficiency level; (4) 464

Language Appropriateness—suitability of vocabu- 465

lary, syntax, and tone for the intended learner; and 466

(5) Educational Value - general utility as a teach- 467

ing tool for the specific proficiency level. Each cri- 468

terion receives a score from 0-20 points, yielding 469

total scores from 0-100, with higher scores indicat- 470

ing superior educational effectiveness. To ensure 471

evaluation reliability, we provided detailed scoring 472

rubrics with level-specific criteria and conducted 473

consistency validation across multiple evaluation 474

runs. 475

These complementary metrics enable compre- 476
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hensive assessment of both semantic competence477

and domain-specific effectiveness, addressing the478

critical question of whether specialized systems479

can maintain linguistic accuracy while achiev-480

ing superior pedagogical outcomes compared to481

general-purpose models.482

To validate the reliability of this automated judg-483

ing, we conducted a human-in-the-loop verifica-484

tion process. A team of expert Hindi linguists485

reviewed a randomized subset of the model re-486

sponses and the corresponding scores assigned by487

Claude-Sonnet-4. The experts verified that the AI488

judge consistently applied the rubric criteria re-489

garding all five pedagogical criteria. This expert490

cross-verification confirmed that the automated491

scores were not random and aligned closely with492

human pedagogical assessment standards, validat-493

ing the use of the LLM as a scalable proxy for ex-494

pert evaluation.495

4.2 Overall Performance Analysis496

The results reveal a critical insight for specialized497

AI development: while GPT-4.1 achieved highest498

semantic similarity to expert-created answers, our499

structured-knowledge-based system dramatically500

outperformed all models in domain-specific effec-501

tiveness with a 91.0 LAQ score—an 11.6-point ad-502

vantage over the second-best model and a remark-503

able 12.6% improvement over its base model (see504

Table 1).505

4.3 Proficiency Level Performance Patterns506

Figure 1 illustrates semantic performance across507

proficiency levels, revealing distinct patterns sup-508

porting our structured-knowledge approach.509

Figure 1: SAS Analysis visualization across profi-
ciency levels.

Critical Finding: Shabdabot uniquely peaks510

at the उȡत (Advanced) level, achieving high-511

est performance among all models at this level. 512

The performance decline at the ɟवशेषज्ञ (Expert) 513

level reflects training data characteristics—our 514

structured-knowledge conversion emphasized ed- 515

ucational clarity over lengthy academic discourse 516

typical of expert-level responses. 517

The LAQ evaluation demonstrates Shabdabot’s 518

exceptional consistency across all proficiency lev- 519

els: 520

• Primary to Expert levels: 83.0-83.8 (stan- 521

dard deviation: 0.37) 522

• Best performer: All five proficiency levels 523

• Stability: Unlike general-purpose models 524

showing significant performance degradation 525

with difficulty increases 526

4.4 Statistical Significance and Reliability 527

Analysis 528

One-way ANOVA confirmed significant differ- 529

ences between models (F (4, 995) = 5.491, p < 530

0.001). Key findings include: 531

• Semantic Performance: GPT-4.1 vs. Shabd- 532

abot significant difference (p = 0.019, Co- 533

hen’s d = 0.236) (Diener, 2010), while Shabd- 534

abot vs. Gemma-3-12B-IT showed non- 535

significant difference (p = 0.819), indicating 536

preserved semantic competence during spe- 537

cialization. 538

• Reliability Advantage: Figure 2 high- 539

lights our approach’s critical advantage— 540

Shabdabot achieved exceptional consistency 541

with σ = 1.0 compared to 7.4 for GPT- 542

4.1, representing an 86% improvement in pre- 543

dictability. Reliability metrics are detailed in 544

Table 2. 545

Figure 2: Performance vs. Consistency scatter plot.

4.5 Domain Specialization Effectiveness 546

Figure 3 demonstrates Shabdabot’s superior per- 547

formance across all pedagogical criteria. The 548

model achieved high scores in Pedagogical Clar- 549

ity (18.2/20), LanguageAppropriateness (18.4/20), 550
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Model LAQ Score LAQ Rank Consistency (σ) SAS Score SAS Rank

Shabdabot 91.0 1st 1.0 0.731 2nd
GPT-4.1 79.4 5th 7.4 0.762 1st
Gemma-3-12B-IT 80.8 4th 2.4 0.728 3rd
Claude-Sonnet-4 81.9 3rd 6.4 0.712 4th
Gemini-2.5Pro 83.6 2nd 5.7 0.705 5th

Table 1: Overall Model Performance

Model
LAQ

Std Dev
High Perf.
(>90%)

Shabdabot 1.0 93%
Gemma-3-12B-IT 2.4 0%
Gemini-2.5Pro 5.7 6%
Claude-Sonnet-4 6.4 5.5%
GPT-4.1 7.4 0%

Table 2: Reliability Metrics Comparison

Relevance & Examples (18.1/20), and Educational551

Value (17.8/20), while maintaining competitive552

Factual Accuracy (18.5/20).553

Figure 3: Radar Chart of Performance Across Pedagog-
ical Criteria.

4.6 Structured-Knowledge Impact Analysis554

Direct comparison between our system and its555

base model reveals the effectiveness of structured-556

knowledge specialization, as shown in Table 3.557

4.7 Key Insights for Low-Resource Language558

AI559

Our evaluation provides several critical insights560

for developing specialized AI systems using struc-561

tured linguistic resources. Specialization With-562

Metric
Gemma-3
12B-IT Shabdabot

Improve-
ment

Semantic
Comp. 0.728 0.731 +0.4%
Domain
Effect. 80.8 91.0 +12.6%
Consistency 2.4σ 1.0σ +58%
Advanced
SAS 0.737 0.759 +2.9%

Educ.
Failures 0 0 Maintained

Table 3: Specialization Impact

out Semantic Loss: Our approach achieves su- 563

perior domain performance while maintaining 564

general semantic competence, demonstrating that 565

structured knowledge can enhance rather than 566

limit AI capabilities. Consistency Advantage: 567

The 58% improvement in consistency over the 568

basemodel indicates structured knowledge integra- 569

tion produces more predictable, reliable systems— 570

crucial for educational and professional applica- 571

tions. Resource Efficiency Validation: Supe- 572

rior domain performance while requiring only 573

16GB RAM proves that structured-knowledge ap- 574

proaches can create effective specialized systems 575

without massive computational resources. Level- 576

Adaptive Success: Stable performance across pro- 577

ficiency levels with peak performance at advanced 578

levels validates systematic level adaptation based 579

on structured linguistic principles. 580

These results demonstrate that our method- 581

ology successfully transforms structured lexical 582

databases into specialized conversational AI sys- 583

tems that outperform general-purpose models in 584

domain-specific applications while maintaining 585

practical deployability—validating the broader po- 586

tential for extending sophisticated AI capabilities 587

to low-resource languages through structured lin- 588

guistic resources. 589
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5 Discussions590

Our results provide compelling evidence that struc-591

tured linguistic resources can serve as effective592

foundations for developing specialized AI sys-593

tems, offering a practical pathway for extending594

sophisticated conversational capabilities to low-595

resource languages. The performance patterns596

illuminate fundamental insights: while general-597

purpose models like GPT-4.1 achieve higher598

semantic similarity to expert-created responses,599

our structured-knowledge-based system dramati-600

cally outperforms in domain-specific effectiveness601

(91.0 vs. 79.4-83.6 LAQ scores). This challenges602

the prevailing assumption that general-purpose603

models are optimal for specialized applications.604

The exceptional consistency achieved by our605

approach (86% improvement in reliability) ad-606

dresses critical concerns for practical AI deploy-607

ment, particularly in educational contexts where608

unpredictable responses can confuse learners. This609

reliability stems from systematic structured knowl-610

edge integration, where responses are grounded in611

expert-curated linguistic relationships rather than612

statistical patterns in web text. Our methodology’s613

resource efficiency—requiring only 16GB RAM614

while achieving superior domain performance—615

directly addresses practical barriers preventing616

low-resource language communities from access-617

ing sophisticated AI technologies.618

The broader implications extend far beyond our619

specific implementation. With WordNets avail-620

able for over 200 languages (Global WordNet621

Association) and similar structured linguistic re-622

sources existing for many others, our methodology623

could potentially enable specialized AI develop-624

ment for billions of speakers currently underserved625

by existing AI technologies. The approach sug-626

gests new directions for AI development methodol-627

ogy, demonstrating that expert-curated structured628

knowledge can serve as complementary or alterna-629

tive foundations for creating specialized systems.630

Several limitations suggest important consider-631

ations for future applications. Performance pat-632

terns at expert levels indicate that extending to633

highly technical domains may require additional634

strategies for handling complex, lengthy responses.635

Long-term educational impact studies would pro-636

vide crucial validation of actual learning outcomes637

versus measured response quality. The method-638

ology’s success with Hindi suggests broad appli-639

cability, but validation across different language640

families would strengthen confidence in cross- 641

linguistic generalizability. 642

Despite these limitations, our work demon- 643

strates a proof-of-concept methodology for democ- 644

ratizing AI development in multilingual contexts, 645

providing a practical framework for extending so- 646

phisticated AI capabilities to underserved linguis- 647

tic communities worldwide. 648

6 Conclusion 649

This work demonstrates a proof-of-concept 650

methodology for transforming structured linguis- 651

tic resources into specialized conversational AI 652

systems, addressing critical barriers to AI develop- 653

ment in low-resource language contexts. Our key 654

finding reveals that structured-knowledge-based 655

specialization achieves superior domain effec- 656

tiveness (91.0 LAQ score) compared to leading 657

general-purpose models (79.4-83.6) while main- 658

taining competitive semantic performance and 659

exceptional consistency. The 58% improvement 660

in reliability over base models, establishes struc- 661

tured approaches as highly suitable for practical 662

deployment. 663

The methodology’s resource efficiency— 664

requiring only 16GB RAM—directly addresses 665

practical barriers preventing low-resource lan- 666

guage communities from accessing sophisticated 667

AI technologies. By demonstrating that 1.25 668

million structured examples can create specialized 669

systems superior to models trained on billions 670

of general examples, we establish a viable 671

development pathway for the 200+ languages 672

with WordNet resources and potentially broader 673

structured linguistic databases. 674

Thiswork provides a practical framework for de- 675

mocratizing AI development in multilingual con- 676

texts, offering a reproducible methodology that 677

could rapidly expand specialized AI capabilities to 678

billions of underserved language speakers. While 679

limitations exist—particularly in handling highly 680

technical discourse and need for long-term ed- 681

ucational impact validation—our results demon- 682

strate that structured linguistic knowledge can 683

effectively complement or substitute for corpus- 684

intensive approaches in specialized domains. This 685

represents a significant step toward more equitable 686

AI development that leverages decades of linguis- 687

tic scholarship to serve diverse global populations. 688
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7 Limitations689

While our results demonstrate the effectiveness of690

structured-knowledge approaches for specialized691

AI development, several limitations warrant con-692

sideration:693

Training Data Coverage: Our automated694

pipeline emphasized educational clarity and con-695

ciseness, potentially underrepresenting the ver-696

bose, technically dense responses characteristic of697

expert-level academic discourse. This limitation698

is evident in the performance decline at the ɟवशे-699

षज्ञ (Expert) level, where semantic similarity to700

lengthy expert-authored responses becomes more701

challenging despite maintained pedagogical effec-702

tiveness.703

Domain and Language Scope: Our evalua-704

tion focuses exclusively on Hindi language educa-705

tion. While Hindi’s morphological richness sug-706

gests broader applicability, systematic validation707

across different language families (agglutinative,708

isolating, etc.) and domains beyond linguistic ed-709

ucation is needed to establish cross-linguistic and710

cross-domain generalizability.711

Resource Dependencies: The methodology712

requires existing structured linguistic resources713

(WordNets or equivalent databases). While such714

resources exist for 200+ languages, this depen-715

dency limits immediate applicability to languages716

lacking expert-curated lexical databases.717

Long-term Impact Assessment: Our evalua-718

tion measures immediate response quality and ped-719

agogical appropriateness rather than actual learn-720

ing outcomes. Longitudinal studies in authentic ed-721

ucational environments would provide crucial val-722

idation of the system’s effectiveness in promoting723

sustained learning and knowledge retention.724

Scalability Considerations: While our ap-725

proach proves effective for HindiWordNet’s scope726

(40,466 synsets), performance characteristics with727

significantly larger structured resources or vocab-728

ulary coverage remain to be systematically evalu-729

ated.730

These limitations suggest important directions731

for future work while not diminishing the core con-732

tribution of demonstrating that structured linguis-733

tic resources can effectively serve as foundations734

for specialized AI development in low-resource735

language contexts.736

References 737

Anthropic. 2025. Claude opus 4 & claude sonnet 4 sys- 738
tem card. https://www-cdn.anthropic.com/4 739
263b940cabb546aa0e3283f35b686f4f3b2ff47. 740
pdf. Accessed: 2025-07-23. 741

Pushpak Bhattacharyya. 2010. IndoWordNet. In Pro- 742
ceedings of the Seventh International Conference 743
on Language Resources and Evaluation (LREC’10), 744
Valletta, Malta. European Language Resources As- 745
sociation (ELRA). 746

Pushpak Bhattacharyya, Prabhakar Pande, and Laxmi 747
Lupu. 2008. Hindi wordnet ldc2008l02. Web Down- 748
load. Web Download. 749

Centre for Indian Language Technology, IIT Bombay. 750
2025. Hindi wordnet – a lexical database for hindi. 751
https://www.cfilt.iitb.ac.in/wordnet/w 752
ebhwn/wn.php. Accessed: 28 June 2025. 753

Elena Cryst, Juan N. Pava, Caroline Meinhardt, Haifa 754
Badi Uz Zaman, Toni F., Sang Truong, Daniel 755
Zhang, Vukosi Marivate, and Sanmi Koyejo. 2025. 756
Mind the (language) gap: Mapping the challenges 757
of llm development in low-resource language con- 758
texts. Technical report, Stanford Institute for 759
Human-Centered AI (HAI), The Asia Foundation, 760
University of Pretoria. White Paper. 761

Tim Dettmers, Artidoro Pagnoni, Ari Holtzman, and 762
Luke Zettlemoyer. 2023. Qlora: Efficient finetuning 763
of quantized llms. In Advances in Neural Informa- 764
tion Processing Systems, volume 36, pages 10088– 765
10115. Curran Associates, Inc. 766

Marc J. Diener. 2010. Cohen’s d. John Wiley & Sons, 767
Ltd. 768

Zhaojun Ding, Zhengliang Liu, Hanqi Jiang, Yizhu 769
Gao, Xiaoming Zhai, Tianming Liu, and Ninghao 770
Liu. 2024. Foundation models for low-resource lan- 771
guage education (vision paper). 772

Endangered Languages Project. Endangered languages 773
project. https://www.endangeredlanguages. 774
com/. Accessed: 2025-06-21. 775

Samuel Gehman, Suchin Gururangan, Maarten Sap, 776
Yejin Choi, and Noah A. Smith. 2020. RealToxi- 777
cityPrompts: Evaluating neural toxic degeneration 778
in language models. In Findings of the Association 779
for Computational Linguistics: EMNLP 2020, pages 780
3356–3369, Online. Association for Computational 781
Linguistics. 782

Google Gemini Team. 2025. Gemini 2.5: Pushing 783
the frontier with advanced reasoning, multimodality, 784
long context, and next generation agentic capabili- 785
ties. https://storage.googleapis.com/dee 786
pmind-media/gemini/gemini_v2_5_report.p 787
df. Accessed: 2025-07-23. 788

Gemma Team. 2025. Gemma 3 technical report. http 789
s://storage.googleapis.com/deepmind-med 790

9

https://www-cdn.anthropic.com/4263b940cabb546aa0e3283f35b686f4f3b2ff47.pdf
https://www-cdn.anthropic.com/4263b940cabb546aa0e3283f35b686f4f3b2ff47.pdf
https://www-cdn.anthropic.com/4263b940cabb546aa0e3283f35b686f4f3b2ff47.pdf
https://www-cdn.anthropic.com/4263b940cabb546aa0e3283f35b686f4f3b2ff47.pdf
https://www-cdn.anthropic.com/4263b940cabb546aa0e3283f35b686f4f3b2ff47.pdf
https://doi.org/10.35111/s81s-5n27
https://www.cfilt.iitb.ac.in/wordnet/webhwn/wn.php
https://www.cfilt.iitb.ac.in/wordnet/webhwn/wn.php
https://www.cfilt.iitb.ac.in/wordnet/webhwn/wn.php
https://hai-production.s3.amazonaws.com/files/hai-taf-pretoria-white-paper-mind-the-language-gap.pdf
https://hai-production.s3.amazonaws.com/files/hai-taf-pretoria-white-paper-mind-the-language-gap.pdf
https://hai-production.s3.amazonaws.com/files/hai-taf-pretoria-white-paper-mind-the-language-gap.pdf
https://hai-production.s3.amazonaws.com/files/hai-taf-pretoria-white-paper-mind-the-language-gap.pdf
https://hai-production.s3.amazonaws.com/files/hai-taf-pretoria-white-paper-mind-the-language-gap.pdf
https://proceedings.neurips.cc/paper_files/paper/2023/file/1feb87871436031bdc0f2beaa62a049b-Paper-Conference.pdf
https://proceedings.neurips.cc/paper_files/paper/2023/file/1feb87871436031bdc0f2beaa62a049b-Paper-Conference.pdf
https://proceedings.neurips.cc/paper_files/paper/2023/file/1feb87871436031bdc0f2beaa62a049b-Paper-Conference.pdf
https://doi.org/https://doi.org/10.1002/9780470479216.corpsy0200
http://arxiv.org/abs/2412.04774
http://arxiv.org/abs/2412.04774
http://arxiv.org/abs/2412.04774
https://www.endangeredlanguages.com/
https://www.endangeredlanguages.com/
https://www.endangeredlanguages.com/
https://doi.org/10.18653/v1/2020.findings-emnlp.301
https://doi.org/10.18653/v1/2020.findings-emnlp.301
https://doi.org/10.18653/v1/2020.findings-emnlp.301
https://doi.org/10.18653/v1/2020.findings-emnlp.301
https://doi.org/10.18653/v1/2020.findings-emnlp.301
https://storage.googleapis.com/deepmind-media/gemini/gemini_v2_5_report.pdf
https://storage.googleapis.com/deepmind-media/gemini/gemini_v2_5_report.pdf
https://storage.googleapis.com/deepmind-media/gemini/gemini_v2_5_report.pdf
https://storage.googleapis.com/deepmind-media/gemini/gemini_v2_5_report.pdf
https://storage.googleapis.com/deepmind-media/gemini/gemini_v2_5_report.pdf
https://storage.googleapis.com/deepmind-media/gemma/Gemma3Report.pdf
https://storage.googleapis.com/deepmind-media/gemma/Gemma3Report.pdf
https://storage.googleapis.com/deepmind-media/gemma/Gemma3Report.pdf
https://storage.googleapis.com/deepmind-media/gemma/Gemma3Report.pdf


ia/gemma/Gemma3Report.pdf. Technical Report,791
Released March 12, 2025.792

Global WordNet Association. Wordnets in the world.793
https://globalwordnet.org/resources/wo794
rdnets-in-the-world. Accessed: 2024-07-23.795

Desta Haileselassie Hagos, Rick Battle, and Danda B.796
Rawat. 2024. Recent advances in generative ai and797
large language models: Current status, challenges,798
and perspectives. IEEE Transactions on Artificial799
Intelligence, 5(12):5873–5893.800

M. A. Hasan et al. 2024. Do large language models801
speak all languages equally? a comparative study in802
low-resource settings.803

Edward J. Hu, Yelong Shen, Phillip Wallis, Zeyuan804
Allen-Zhu, Yuanzhi Li, Shean Wang, Lu Wang, and805
Weizhu Chen. 2022. Lora: Low-rank adaptation of806
large language models.807

Weijiao Huang, Khe Foon Hew, and Luke K. Fryer.808
2022. Chatbots for language learning—are they809
really useful? a systematic review of chatbot-810
supported language learning. Journal of Computer811
Assisted Learning, 38(1):237–257.812

Qingyao Li, Lingyue Fu, Weiming Zhang, Xianyu813
Chen, Jingwei Yu,Wei Xia, Weinan Zhang, Ruiming814
Tang, and Yong Yu. 2024. Adapting large language815
models for education: Foundational capabilities, po-816
tentials, and challenges.817

Ilya Loshchilov and Frank Hutter. 2019. Decoupled818
weight decay regularization.819

Kleopatra Mageira, Dimitra Pittou, Andreas Papasa-820
louros, Konstantinos Kotis, Paraskevi Zangogianni,821
and Thanasis Daradoumis. 2022. Educational ai822
chatbots for content and language integrated learn-823
ing. Applied Sciences, 12:3239.824

Roberto Navigli and Simone P. Ponzetto. 2010. Ba-825
belnet: A large multilingual encyclopedic dictionary826
and semantic network. https://babelnet.org827
/about. Accessed: 2024-07-23.828

Xuan-Phi Nguyen, Mahani Aljunied, Shafiq Joty, and829
Lidong Bing. 2024. Democratizing LLMs for low-830
resource languages by leveraging their English domi-831
nant abilities with linguistically-diverse prompts. In832
Proceedings of the 62nd Annual Meeting of the As-833
sociation for Computational Linguistics (Volume 1:834
Long Papers), pages 3501–3516, Bangkok, Thai-835
land. Association for Computational Linguistics.836

OpenAI. 2025. Introducing gpt�4.1 in the api. http837
s://openai.com/index/gpt-4-1/. Accessed:838
2025-07-23.839

Abisola Rukayat Oyewole, Chukwuemeka Christian840
Ugwu, Adebayo Olusola Adetunmbi, and Abim-841
bola Helen Afolayan. 2024. A systematic review of842
chatbot development for low-resource languages.843

Razvan Pascanu, Tomas Mikolov, and Yoshua Bengio. 844
2013. On the difficulty of training recurrent neural 845
networks. In Proceedings of the 30th International 846
Conference on Machine Learning, volume 28 of 847
Proceedings of Machine Learning Research, pages 848
1310–1318, Atlanta, Georgia, USA. PMLR. 849

Anirudha Paul, Asiful Haque Latif, Foysal Amin Ad- 850
nan, and Rashedur M Rahman. 2019. Focused 851
domain contextual ai chatbot framework for re- 852
source poor languages. Journal of Information and 853
Telecommunication, 3(2):248–269. 854

Rizal Setya Perdana, Putra Pandu Adikara, Indriati, and 855
Diva Kurnianingtyas. 2022. Knowledge-enriched 856
domain specific chatbot on low-resource language. 857
In 2022 11th Electrical Power, Electronics, Commu- 858
nications, Controls and Informatics Seminar (EEC- 859
CIS), pages 310–315. 860

Hanumant Redkar, Rajita Shukla, Sandhya Singh, 861
Jaya Saraswati, Laxmi Kashyap, Diptesh Kanojia, 862
Preethi Jyothi, Malhar Kulkarni, and Pushpak Bhat- 863
tacharyya. 2018. Hindi Wordnet for language teach- 864
ing: Experiences and lessons learnt. In Proceedings 865
of the 9th Global Wordnet Conference, pages 314– 866
323, Nanyang Technological University (NTU), Sin- 867
gapore. Global Wordnet Association. 868

Nils Reimers and Iryna Gurevych. 2020. Making 869
monolingual sentence embeddings multilingual us- 870
ing knowledge distillation. In Proceedings of the 871
2020 Conference on Empirical Methods in Natural 872
Language Processing (EMNLP), pages 4512–4525, 873
Online. Association for Computational Linguistics. 874

Deepgram Editorial Team. 2024. Common crawl 875
datasets. Accessed: 2025-07-23. 876

Springboard Data Science Team. 2023. Openai gpt-3: 877
Everything you need to know [updated]. Accessed: 878
2025-07-23. 879

UNESCO. 2010. Atlas of the world’s languages in dan- 880
ger. Accessed: 2025-06-21. 881

Wei Xu and Fang Ouyang. 2022. A systematic review 882
of AI role in the educational system based on a pro- 883
posed conceptual framework. Education and Infor- 884
mation Technologies, 27:4195–4223. 885

Xuesong Zhai, Xiaoyan Chu, Ching Chai, Morris Jong, 886
Andreja Istenic Starcic, Jonathan Spector, Jia-Bao 887
Liu, Jing Yuan, and Yan Li. 2021. A review of artifi- 888
cial intelligence (ai) in education from 2010 to 2020. 889
Complexity, 2021:1–18. 890

Tianyang Zhong, Zhenyuan Yang, Zhengliang Liu, 891
Ruidong Zhang, Yiheng Liu, Haiyang Sun, Yi Pan, 892
Yiwei Li, Yifan Zhou, Hanqi Jiang, Junhao Chen, 893
and Tianming Liu. 2024. Opportunities and chal- 894
lenges of large languagemodels for low-resource lan- 895
guages in humanities research. 896

10

https://storage.googleapis.com/deepmind-media/gemma/Gemma3Report.pdf
https://globalwordnet.org/resources/wordnets-in-the-world
https://globalwordnet.org/resources/wordnets-in-the-world
https://globalwordnet.org/resources/wordnets-in-the-world
https://doi.org/10.1109/TAI.2024.3444742
https://doi.org/10.1109/TAI.2024.3444742
https://doi.org/10.1109/TAI.2024.3444742
https://doi.org/10.1109/TAI.2024.3444742
https://doi.org/10.1109/TAI.2024.3444742
http://arxiv.org/abs/2408.02237
http://arxiv.org/abs/2408.02237
http://arxiv.org/abs/2408.02237
http://arxiv.org/abs/2408.02237
http://arxiv.org/abs/2408.02237
https://openreview.net/pdf?id=nZeVKeeFYf9
https://openreview.net/pdf?id=nZeVKeeFYf9
https://openreview.net/pdf?id=nZeVKeeFYf9
https://doi.org/https://doi.org/10.1111/jcal.12610
https://doi.org/https://doi.org/10.1111/jcal.12610
https://doi.org/https://doi.org/10.1111/jcal.12610
https://doi.org/https://doi.org/10.1111/jcal.12610
https://doi.org/https://doi.org/10.1111/jcal.12610
http://arxiv.org/abs/2401.08664
http://arxiv.org/abs/2401.08664
http://arxiv.org/abs/2401.08664
http://arxiv.org/abs/2401.08664
http://arxiv.org/abs/2401.08664
https://openreview.net/pdf?id=Bkg6RiCqY7
https://openreview.net/pdf?id=Bkg6RiCqY7
https://openreview.net/pdf?id=Bkg6RiCqY7
https://doi.org/10.3390/app12073239
https://doi.org/10.3390/app12073239
https://doi.org/10.3390/app12073239
https://doi.org/10.3390/app12073239
https://doi.org/10.3390/app12073239
https://babelnet.org/about
https://babelnet.org/about
https://babelnet.org/about
https://doi.org/10.18653/v1/2024.acl-long.192
https://doi.org/10.18653/v1/2024.acl-long.192
https://doi.org/10.18653/v1/2024.acl-long.192
https://doi.org/10.18653/v1/2024.acl-long.192
https://doi.org/10.18653/v1/2024.acl-long.192
https://openai.com/index/gpt-4-1/
https://openai.com/index/gpt-4-1/
https://openai.com/index/gpt-4-1/
https://doi.org/10.1109/NIGERCON62786.2024.10927136
https://doi.org/10.1109/NIGERCON62786.2024.10927136
https://doi.org/10.1109/NIGERCON62786.2024.10927136
https://proceedings.mlr.press/v28/pascanu13.html
https://proceedings.mlr.press/v28/pascanu13.html
https://proceedings.mlr.press/v28/pascanu13.html
https://doi.org/10.1080/24751839.2018.1558378
https://doi.org/10.1080/24751839.2018.1558378
https://doi.org/10.1080/24751839.2018.1558378
https://doi.org/10.1080/24751839.2018.1558378
https://doi.org/10.1080/24751839.2018.1558378
https://doi.org/10.1109/EECCIS54468.2022.9902930
https://doi.org/10.1109/EECCIS54468.2022.9902930
https://doi.org/10.1109/EECCIS54468.2022.9902930
https://aclanthology.org/2018.gwc-1.37/
https://aclanthology.org/2018.gwc-1.37/
https://aclanthology.org/2018.gwc-1.37/
https://doi.org/10.18653/v1/2020.emnlp-main.365
https://doi.org/10.18653/v1/2020.emnlp-main.365
https://doi.org/10.18653/v1/2020.emnlp-main.365
https://doi.org/10.18653/v1/2020.emnlp-main.365
https://doi.org/10.18653/v1/2020.emnlp-main.365
https://deepgram.com/ai-glossary/common-crawl-datasets
https://deepgram.com/ai-glossary/common-crawl-datasets
https://deepgram.com/ai-glossary/common-crawl-datasets
https://www.springboard.com/blog/data-science/machine-learning-gpt-3-open-ai/
https://www.springboard.com/blog/data-science/machine-learning-gpt-3-open-ai/
https://www.springboard.com/blog/data-science/machine-learning-gpt-3-open-ai/
https://unesdoc.unesco.org/ark:/48223/pf0000187026
https://unesdoc.unesco.org/ark:/48223/pf0000187026
https://unesdoc.unesco.org/ark:/48223/pf0000187026
https://doi.org/10.1007/s10639-021-10774-y
https://doi.org/10.1007/s10639-021-10774-y
https://doi.org/10.1007/s10639-021-10774-y
https://doi.org/10.1007/s10639-021-10774-y
https://doi.org/10.1007/s10639-021-10774-y
https://doi.org/10.1155/2021/8812542
https://doi.org/10.1155/2021/8812542
https://doi.org/10.1155/2021/8812542
http://arxiv.org/abs/2412.04497
http://arxiv.org/abs/2412.04497
http://arxiv.org/abs/2412.04497
http://arxiv.org/abs/2412.04497
http://arxiv.org/abs/2412.04497


A Prompt Engineering Templates897

This appendix outlines the specific system instruc-898

tions and level-adaptive prompts used in the gener-899

ation pipeline. All prompts were administered in900

Hindi to ensure linguistic consistency.901

A.1 Base System Instruction902

All proficiency levels shared the following core903

system prompt, which establishes the persona,904

scope, and safety constraints:905

Base System Prompt

आप एक ɫहʌदʍ भाषा ɡशक्षण चैटबॉट हैं ɣजसका एकमात्र उदे्दश्य
बǴों को ɫहʌदʍ भाषा संबंधी शैɢक्षक जानकारी प्रदान करना है।
कृपया नीचे ɞदए गए ɟनयमों का कड़ाई से पालन करें:

1. केवल ɫहʌदʍ भाषा के अथर्, ȭाकरण, समानाथƹ, ɟवलोम,
पराजाɟत-अपराजाɟत, अवयव-अवयवी संबंध, वाक्य में
शब्दों का प्रयोग, और पदानुक्रम (ontology) संबंधी प्रȱों
का उȉर दें।

2. आपकʏ जानकारी सरल, ȺȲ, सकारात्मक, और बǴों के
ɡलए पूरी तरह सुरɢक्षत होनी चाɟहए।

3. उदाहरण केवल पɝरवार, स्कूल, घर, प्रकृɟत, पशु-पक्षी, ɠम-
त्रता और सकारात्मक गɟतɟवɠधयों तक सीɠमत रखें।

4. ɠमत्रता या पɝरवार से बाहर के संबंधों के संदभर् को गलत
समझे जाने वाले उदाहरण न दें।

5. अनुɡचत, ɫहʌसक, डरावनी, वयस्क, या अȰील सामग्री का
उल्लेख ɟकसी भी पɝरɜȸɟत में न करें।

906

A.2 Proficiency Level Instructions907

Specific instructions were injected dynamically908

based on the target proficiency level.909

Level 1: प्राथɠमक (Beginner)910

आप एक सहायक ɫहʌदʍ ɡशक्षक हैं। उȉर ɟबल्कुल सरल भाषा
में दें:
• बहुत आसान शब्दों का प्रयोग करें
• छोटे वाक्य बनाएं
• यɞद जरूरी हो तो अंग्रेजी शब्द का भी प्रयोग कर सकते हैं
• उदाहरण रोजमरार् कʏ ɯजʌदगी से दें
• उȉर संɢक्षप्त रखें (2-3 वाक्य)
• बǴों को समझ आने वाली भाषा का प्रयोग करें

911

Level 2: माध्यɠमक (Intermediate)912

आप एक अनुभवी ɫहʌदʍ ɡशक्षक हैं। उȉर मध्यम स्तर कʏ भाषा
में दें:
• सामान्य ɫहʌदʍ शब्दावली का प्रयोग करें
• मध्यम लंबाई के वाक्य बनाएं
• ȭावहाɝरक उदाहरण दें
• मुख्य ɫबʌदुओं को ȺȲ रूप से समझाएं
• उȉर 4-5 वाक्यों में दें
• ɟवषय कʏ बुɟनयादʍ जानकारी प्रदान करें

913

Level 3: कुशल (Proficient) 914

आप एक कुशल ɫहʌदʍ भाषा ɟवशेषज्ञ हैं। उȉर अǵʍ गुणवȉा
कʏ भाषा में दें:
• उɡचत ɫहʌदʍ शब्दावली का प्रयोग करें
• संतुɡलत लंबाई के वाक्य बनाएं
• ɟवɟवध प्रकार के उदाहरण दें
• ɟवषय कʏ गहरी समझ प्रदान करें
• उȉर ɟवस्तृत और पूणर् दें (6-8 वाक्य)
• संदभर् और ȭाकरण कʏ बारीɟकयों का उल्लेख करें

915

Level 4: उȡत (Advanced) 916

आप एक उǴ योग्यता प्राप्त ɫहʌदʍ भाषा-शास्त्री हैं। उȉर उȡत
स्तर कʏ भाषा में दें:
• पɝरष्कृत ɫहʌदʍ शब्दावली का प्रयोग करें
• जɞटल ȭाकरɢणक संरचनाओं का उपयोग करें
• अमूतर् और तकनीकʏ उदाहरण दें
• गहन ɟवȰेषण प्रदान करें
• उȉर ȭापक और बहुआयामी दें (8-10 वाक्य)
• भाषाɟवज्ञान के ɡसद्धांतों का प्रयोग करें
• ɟवषय के ऐɟतहाɡसक और सांस्कृɟतक संदभर् दें

917

Level 5: ɟवशेषज्ञ (Expert) 918

आप एक अग्रणी ɫहʌदʍ भाषाɟवज्ञान ɟवशेषज्ञ हैं। उȉर ɟवशेषज्ञ
स्तर कʏ भाषा में दें:
• उǴतम स्तर कʏ तकनीकʏ शब्दावली का प्रयोग करें
• अत्यɠधक जɞटल भाɟषक संरचनाओं का उपयोग करें
• गहन तकनीकʏ और सैद्धांɟतक उदाहरण दें
• ɟवषय का संपूणर् और बहुस्तरीय ɟवȰेषण प्रदान करें
• उȉर अत्यंत ɟवस्तृत और शोधपूणर् दें (10+ वाक्य)
• अत्याधुɟनक भाषाɟवज्ञान अनुसंधान का संदभर् दें
• अंतःɟवषयक दृɠȲकोण अपनाएं
• भाषा के दाशर्ɟनक पहलुओं पर चचार् करें

919

B Dataset Generation Examples 920

This appendix provides concrete examples of 921

the instruction-response pairs generated by our 922

pipeline, illustrating how structured WordNet data 923

is converted into conversational formats. 924

B.1 Basic Instructional Examples 925

These examples focus on direct concept queries. 926

• Instruction: "'प्रेम' का अथर् क्या है?" (What is 927

the meaning of ’Love’?) 928

• Response: "'प्रेम' का अथर् है: गहरा स्नेह..." (The 929

meaning of ’Love’ is: deep affection...) 930

B.2 Complex Multi-Aspect Examples 931

These examples combine multiple semantic facets 932

(definition, part-of-speech, synonyms, and spe- 933

cific relations) into a single, comprehensive re- 934

sponse. 935
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• Instruction: "ɫहʌदʍ शब्द 'सूयर्' के बारे में ɟवस्तृत936

जानकारी दें।" (Give detailed information about937

the Hindi word ’Sun’.)938

• Response: अथर्: सौरमंडल का प्रधान ग्रह जो एक939

बहुत बड़ा और जलता हुआ गोला है।940

समानाथƹ शब्द: सूरज, ɞदनकर, रɟव, भानु941

उदाहरण: सूयर् पूवर् ɞदशा से ɟनकलता है।942

ȭाकरɢणक श्रेणी: संज्ञा (Meaning: The princi-943

pal planet of the solar system... Synonyms:944

Suraj, Dinkar... Example: The sun rises in945

the east. POS: Noun)946

• Instruction: "ɫहʌदʍ शब्द 'वृक्ष' के पयार्यवाची और947

अवयव संबंधों का वणर्न करें।" (Describe the syn-948

onym and meronym relations for the Hindi949

word ’Tree’.)950

• Response: समानाथƹ: पेड़, तरु, पादप, ɟवटप951

अवयव_सदस्य_संग्रह: वन, जंगल952

अवयव_घटक_पदाथर्: जड़, तना, शाखा, पȉा (Syn-953

onyms: Ped, Taru... Member_of_collection:954

Forest... Component_parts: Root, Trunk,955

Branch, Leaf)956

B.3 Ontological Hierarchy Examples957

These examples teach the taxonomic structure of958

objects.959

• Instruction: "ɫहʌदʍ शब्द 'गुलाब' के ɡलए वगƹ-960

करण पदानुक्रम क्या है?" (What is the classifi-961

cation hierarchy for the Hindi word ’Rose’?)962

• Response: "'गुलाब' का वगƹकरण: जीव -> पौधा963

-> फूल वाला पौधा -> गुलाब" (Classification964

of ’Rose’: Organism → Plant → Flowering965

Plant→ Rose)966

B.4 Disambiguation Examples967

These examples explicitly handle polysemy by pre-968

senting multiple distinct meanings for a single969

word form.970

• Instruction: "ɫहʌदʍ शब्द 'आम' के ɟवɢभȡ अथǏ971

को समझाए।ं" (Explain the different meanings972

of the Hindi word ’Aam’.)973

• Response: 'आम' के ɟवɢभȡ अथर् हैं:974

975

अथर् 1: एक प्रकार का प्रɡसद्ध मीठा और रसीला फल976

ȭाकरɢणक श्रेणी: संज्ञा977

उदाहरण: तोता आम खा रहा है।978

979

अथर् 2: जो ɟवɡशȲ न होकर साधारण हो980

ȭाकरɢणक श्रेणी: ɟवशेषण 981

उदाहरण: यह आम रास्ता नहीं है। (Meanings of 982

’Aam’: 983

Meaning 1: A famous sweet juicy fruit 984

(Noun)... 985

Meaning 2: Common or ordinary, not 986

specific (Adjective)...) 987
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