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Abstract001

Large language models (LLMs) have estab-002
lished state-of-the-art performance across a003
wide range of NLP tasks, yet their effective-004
ness in low-resource languages such as Urdu005
remains limited due to insufficient training data006
and suboptimal tokenization. To address this007
shortcoming, we propose Markhor1, a com-008
prehensive and scalable training pipeline for009
developing Urdu-specific LLMs, employing010
a knowledge distillation approach using two011
teacher models (DeepSeek and GPT-4o-mini).012
The pipeline spans data collection, tokenizer013
training, continual pretraining, and supervised014
instruction tuning, resulting in two models,015
MKGPT and MKQwen, based on GPT and016
Qwen architectures. A key finding is that ini-017
tializing models from pretrained weights re-018
mains effective even when the target language019
employs a completely new tokenizer and vocab-020
ulary, with no lexical overlap with the source021
model. We evaluate these models on multi-022
ple classification tasks (hate speech detection,023
fake news detection, and emotion classifica-024
tion) and open-ended question answering. Ex-025
perimental results demonstrate both MKGPT026
and MKQwen consistently outperform the base-027
lines on all tasks, highlighting the effectiveness028
of our methodology in developing open-source029
Urdu LLMs. We release our dataset, models,030
and code at URL withheld.031

1 Introduction032

Large language models (LLMs) have redefined the033

state of the art across a wide range of natural lan-034

guage processing (NLP) tasks, enabling capabil-035

ities that were infeasible only a few years ago.036

However, their performance varies significantly037

across different languages, with most open-source038

multilingual LLMs showing subpar results in low-039

resource languages such as Urdu (Adeeba et al.,040

2025). Although open-source LLMs offer greater041

1Named after the national animal of Pakistan

accessibility and control, they often underperform 042

proprietary counterparts in terms of coverage, ro- 043

bustness, and reasoning depth. These limitations 044

are particularly pronounced for low-resource set- 045

tings. In the case of Urdu, insufficient represen- 046

tation in pretraining corpora leads to limited vo- 047

cabulary coverage and weak tokenization perfor- 048

mance, as highlighted by recent Urdu benchmark 049

studies (Arif et al., 2024; Tahir et al., 2024). 050

As the national language of Pakistan2, Urdu has 051

232 million speakers (International Center for Lan- 052

guage Studies, n.d.) and a growing presence in 053

social media communication (Ullah et al., 2024), 054

underscoring the need to strengthen its represen- 055

tation in large language models, especially open- 056

source LLMs. A promising approach is knowledge 057

distillation (KD), which transfers linguistic com- 058

petence from a strong teacher model to a smaller 059

or less capable student model (Yuan et al., 2024). 060

Within the domain of LLMs, KD has been used to 061

(i) improve task effectiveness, (ii) compress mod- 062

els for efficiency, and (iii) enable self-improvement 063

through synthetic supervision signals (Xu et al., 064

2024). However, simply fine-tuning existing open 065

source checkpoints rarely bridges the gap for un- 066

derrepresented languages; challenges such as data 067

scarcity, domain drift, and cross-lingual transfer 068

inefficiencies persist (Kadyrbek et al., 2025). In 069

this work, we explore the paradigm of pretraining 070

open-source, monolingual Urdu LLMs and jointly 071

incorporating knowledge distillation signals during 072

instruction tuning to enhance model capability and 073

accessibility for a language that remains underrep- 074

resented in the current LLM ecosystem. 075

To this end, we propose Markhor, a compre- 076

hensive and scalable training pipeline encompass- 077

ing data collection, tokenizer training, continual 078

pretraining, and supervised instruction tuning via 079

knowledge elicitation and distillation. Using this 080

2https://en.wikipedia.org/wiki/Urdu
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pipeline, we train two Urdu-specific LLMs based081

on two different architectures: GPT and Qwen082

(MoE), resulting in, MKGPT and MKQwen. For083

knowledge elicitation and distillation, we employ084

two strong teacher models, DeepSeek and GPT-4o-085

mini. Resulting models are evaluated on five pub-086

licly available classification datasets across three087

tasks (e.g., fake news detection, hate speech detec-088

tion, and emotion classification). We additionally089

collect an open-ended question-answering bench-090

mark spanning five domains to measure factual con-091

sistency and domain understanding. Experimental092

results demonstrate that our models, MKGPT and093

MKQwen, consistently outperform their respective094

baselines across all evaluation tasks. Our key con-095

tributions are summarized as follows:096

• We collect, curate, and release a large-097

scale Urdu pretraining corpus, an instruction-098

following dataset, and an open-ended QA eval-099

uation benchmark.100

• We develop Urdu-specific tokenizers and per-101

form continual pretraining with tokenizer102

adaptation, showing that pretrained models103

can be effectively adapted despite fully mis-104

matched vocabularies.105

• We introduce two Urdu-specific LLMs devel-106

oped through end-to-end data collection, pre-107

training, instruction following, and compre-108

hensive evaluation, based on two representa-109

tive architectural families of GPT and Qwen.110

The strong performance of these models on111

Urdu benchmarks empirically demonstrates112

the effectiveness of our training paradigm113

for improving low-resource language repre-114

sentation in LLMs by integrating pretraining,115

knowledge elicitation, and distillation.116

2 Related Works117

This section reviews previous work on large lan-118

guage models in low-resource languages and Urdu,119

and knowledge distillation techniques for LLMs.120

Urdu LLMs. Recent work has examined the121

performance of multilingual and general-purpose122

LLMs in low-resource languages, showing consis-123

tent performance gaps relative to high-resource lan-124

guages. Arif et al. (2024) systematically evaluated125

general-purpose LLMs versus domain-specific fine-126

tuned XLM-RoBERTa and mT5 across seven Urdu127

tasks, demonstrating that the latter often surpasses128

LLMs such as GPT4-Turbo and Llama3-8B, even 129

with advanced prompting techniques. Similarly, 130

Tahir et al. (2024) benchmarked GPT-3.5-Turbo, 131

Llama2, and BLOOMZ across 14 tasks and 15 132

Urdu datasets, showing that task-specific models 133

and traditional baselines outperform general LLMs 134

in zero-shot conditions. Kazi et al. (2025) further 135

explored few-shot and chain-of-thought prompting 136

for Urdu question answering, revealing sensitivity 137

to question type and linguistic complexity, thereby 138

underscoring challenges in Urdu reasoning. While 139

Fiaz et al. (2025) introduced UrduLlama via contin- 140

ual pretraining and instruction tuning, the lack of 141

public release restricts reproducibility. Collectively, 142

these efforts highlight an active yet fragmented 143

landscape of Urdu LLM research, with persisting 144

gaps in standardized evaluation, model openness, 145

and Urdu-centric pretraining. 146

Beyond Urdu, multilingual efforts such as 147

BLOOMZ (Workshop et al., 2022), mGPT (Shli- 148

azhko et al., 2024), and Aya (Üstün et al., 2024) 149

have broadened coverage for low-resource lan- 150

guages, yet Urdu remains underrepresented in pre- 151

training corpora, tokenizers, and benchmarks. 152

Knowledge Distillation for LLMs. Knowledge 153

distillation (KD: Hinton et al. (2015)) has emerged 154

as a main strategy for compressing and transfer- 155

ring knowledge between large and small models. 156

Early works such as DistilBERT (Sanh et al., 2019) 157

and TinyBERT (Jiao et al., 2020) established task- 158

agnostic and task-specific KD frameworks, respec- 159

tively, focusing on encoder-based architectures. 160

In contrast, recent efforts have adapted KD for 161

causal and generative models. Gou et al. (2021) 162

provided a comprehensive overview of KD for- 163

mulations. Yang et al. (2024) introduced self- 164

distillation for instruction-tuned LLMs, leveraging 165

synthetic supervision to enhance reasoning abil- 166

ity without labeled data. Similarly, Shridhar et al. 167

(2023) proposed a teacher-student paradigm for ef- 168

ficient instruction tuning, reducing training costs 169

while preserving generation quality. In multilingual 170

contexts, Gupta et al. (2023) demonstrated that KD 171

can effectively transfer cross-lingual knowledge 172

from high-resource to low-resource languages, im- 173

proving downstream performance even with lim- 174

ited target-language data. Other works such as 175

Yuan et al. (2024) and Xu et al. (2024) have shown 176

that self-distillation and multi-teacher strategies 177

can stabilize LLM training and enhance linguistic 178

generalization, reinforcing the viability of knowl- 179
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Figure 1: Four-stage Markhor pipeline for Urdu LLM
training. SFT: Supervised Fine-Tuning. BPE: Byte-
Pair Encoding.

edge distillation as a data- and compute-efficient180

alternative to full-scale pretraining.181

Unlike prior studies that rely on fine-tuning or182

continual pretraining of multilingual backbones,183

our work introduces a pipeline that encompasses184

all stages of LLM training to train two monolin-185

gual Urdu causal LLMs. Compared to most previ-186

ous distillation studies that target encoder-based or187

English-centric architectures, we integrate multi-188

teacher KD directly into the instruction tuning of189

GPT-based models. This dual focus on language190

specialization and distillation-driven efficiency rep-191

resents a first step toward scalable, open, and repro-192

ducible Urdu LLM development under constrained193

compute budgets.194

3 Building Urdu LLMs195

Figure 1 presents the four-stage pipeline for de-196

veloping an Urdu LLM. Following data collection,197

we first train an Urdu-specific tokenizer, which is198

then used for continual pretraining on base architec-199

tures to obtain Urdu-adapted student models. Next,200

knowledge is elicited from proprietary teacher mod-201

els to generate instruction–response pairs, which202

are used for supervised instruction tuning of the203

student models, resulting in the final Urdu LLMs.204

Each stage is described in detail below.205

3.1 Pretraining Data Collection206

For continual pretraining, we curated a diverse207

Urdu corpus drawn from multiple publicly avail-208

able sources, including encyclopedic, literary, and209

news domains, as shown in Table 1. The data cov-210

ers both classical and contemporary Urdu. 211

More details about data sources and preprocess- 212

ing are provided in Appendix A.4. The final pre- 213

training data contains ∼1.3 million Urdu articles 214

from all sources and 1,368 books related to Urdu 215

poetry and prose. 216

3.2 Tokenizer Training 217

We first trained an Urdu-specific tokenizer to ad- 218

dress the high token-fertility (Ali et al., 2024) issue 219

in existing multilingual tokenizers. On a held-out 220

Urdu corpus, GPT-4o and Llama3 tokenizers aver- 221

age ∼4 tokens per word, while GPT2 and Qwen3 222

tokenize at near character level. Given an average 223

word length of ∼6 characters in the held-out cor- 224

pus, such fine-grained segmentation risks losing 225

meaningful linguistic cues. 226

Since the base architectures of GPT2 and Qwen3 227

employ the BPE algorithm, we trained new BPE 228

tokenizers on the collected Urdu corpus. Before 229

training, we performed Unicode-based normaliza- 230

tion to unify visually similar Urdu characters, re- 231

moved optional diacritics and elongation (Tatweel) 232

marks, and standardized punctuation and digits. 233

To maintain compatibility with the embedding 234

layers of the base models, we kept the vocabulary 235

sizes identical to the original tokenizers: 50,257 236

for GPT2 and 151,643 for Qwen3, corresponding 237

to roughly 49K and 150K merge operations, re- 238

spectively. This alignment allowed us to retain the 239

embedding and LM head dimensions without reini- 240

tializing weights. Table 2 shows the fertility of 241

the newly trained tokenizers on the same held-out 242

corpus. The results confirm a substantial reduction 243

in average tokens per word, indicating improved 244

subword segmentation and vocabulary coverage. 245

3.3 Continual Pretraining 246

In the second step, we tokenized the collected 247

Urdu corpus using the tokenizer trained in Sec- 248

tion 3.2, and then adapted the selected models un- 249

der the causal language modeling (CLM) objective. 250

This step aims to enable the models to internal- 251

ize Urdu syntax, morphology, and lexical depen- 252

dencies, thereby improving their representational 253

understanding of the language. Our continual pre- 254

training setup differs slightly from the conventional 255

setting. Keeping the new tokenizer’s vocabulary 256

size identical to that of the original tokenizer main- 257

tained architectural compatibility, preserving the 258

input embedding and LM-head dimensions, so the 259

original weights could be reused. However, the new 260
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Data Source Content Description Examples T̂ (UGPT) T̂ (UQwen)

Urdu Wikipedia Crawl Encyclopedic articles 135,000 32M 31M
CLE Urdu Books (Adeeba et al., 2014) Prose and poetry books 1,368 49M 48M
Urdu News 1M (Hussain et al., 2021) News articles 1,038,340 45M 43M
Jang & Dawn News (scraped) News articles 100,000 18M 17M
BBC Urdu Science (scraped) Science and factual reporting 960 1M 1M

Total 145M 140M

Table 1: Corpus used for pretraining. T̂ : ∼ avg. token count, UGPT: UrduGPT, UQwen: UrduQwen.

Tokenizer Avg. Fertility (tokens/word)

GPT-4o Tokenizer 4.12
Llama-3 Tokenizer 4.36
GPT2 (Urdu-trained) 1.59
Qwen3 (Urdu-trained) 1.16

Table 2: Avg. token fertility on the held-out Urdu cor-
pus; higher values indicate near character-level segmen-
tation (avg. word length ∼ 6 characters)

tokenizer altered the token-to-ID mapping for these261

layers. Hence, our approach can be best described262

as continual pretraining with tokenizer adaptation,263

where pretrained transformer weights provide struc-264

tural priors while token-level representations are265

relearned during further training.266

Thus, continual pretraining in this work refers267

to additional training of a pretrained model on an268

Urdu-specific corpus while retaining its original269

parameters as initialization.270

We employed two base architectures: GPT2 and271

Qwen3. For GPT2, three variants (175M, 335M,272

774M) were evaluated, among which the 175M273

model converged most efficiently and exhibited sta-274

ble validation loss, likely due to a favorable balance275

between model capacity and data size (145M to-276

kens). For Qwen3, the 0.6B variant was used due277

to computational constraints. Through empirical278

testing, a maximum sequence length of 512 was279

found effective for both models. The remaining280

hyperparameters are detailed in Section 4.1.281

It is important to note that GPT2 has no prior282

exposure to the Urdu language, while Qwen3-283

0.6B includes limited Urdu coverage, as verified284

through qualitative probing of its zero-shot Urdu285

generation capability. The objectives of this stage286

were therefore to (i) improve next-token predic-287

tion and contextual completion in Urdu and (ii)288

provide a stronger initialization for the subsequent289

instruction-tuning stage. The resulting models after290

continual pretraining are named as UrduGPT and291

UrduQwen, derived from their base models.292

Domain Subdomain Topic DS GPT

Science

Physics 78 1,193 8,418
Chemistry 68 1,213 7,449
Biology 63 1,204 6,858
Earth Science 25 1,083 2,685
Astronomy & Space
Science

25 1,299 2,685

Computer Science &
Mathematics

25 1,165 2,671

Technology 97 4,635 10,401

General

History 114 1,493 13,038
Geography 76 1,207 8,320
Famous Personalities 125 1,220 13,978
Culture & Literature 20 984 2,216
Sports 25 1,251 2,820
Current Affairs 25 1,222 2,755

Total — 766 19,169 84,294

Table 3: Distribution of instruction–response pairs gen-
erated across science and general knowledge domains
by two teacher models: DeepSeek (DS) and GPT-4o-
mini (GPT).

3.4 Knowledge Elicitation 293

In the third stage, we performed knowledge 294

elicitation using three teacher models (GPT-4o- 295

mini, DeepSeek, and Llama3-70B) to generate 296

instruction-response pairs in Urdu. The objective 297

was to obtain diverse and domain-rich samples cov- 298

ering science and general knowledge. Given a do- 299

main, we prompted ChatGPT to generate 1,000 300

domain-related topics, which were then expanded 301

into subdomains to maximize topic diversity and 302

minimize duplicate entries. After manual review 303

and removal of redundant or overlapping items, 766 304

unique topics were retained, as shown in Table 3. 305

Each topic was dynamically incorporated into 306

the prompt for producing instruction–response 307

pairs. The teacher models were instructed to pro- 308

duce 50 pairs per topic in Urdu. Due to token length 309

constraints, some responses contained incomplete 310

JSON objects. We applied a post-processing step 311

to filter and remove partially generated or invalid 312

samples. 313
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Quality Assurance We employed multiple qual-314

ity control measures to ensure linguistic correct-315

ness and factual consistency. First, we manually316

reviewed a subset of samples from each teacher317

model to assess overall response quality. Llama3-318

70B occasionally produced mixed Urdu-Chinese319

text. GPT-4o-mini and DeepSeek generations are320

available in high-quality Urdu. Therefore, we ex-321

cluded Llama3-70B from further use. Second, au-322

tomatic filtering removed near-duplicate or low-323

content responses. Near-duplicate responses were324

identified using token-level lexical overlap, com-325

puted via Jaccard similarity; responses with a sim-326

ilarity score greater than 0.9 were removed. Low-327

content responses were defined as outputs contain-328

ing fewer than five words. Third, outputs from329

the two teacher models were cross-compared dur-330

ing early generation phases to identify and discard331

inconsistent or clearly incorrect samples. While332

large-scale factual verification was infeasible, these333

procedures collectively ensured a linguistically ro-334

bust and factually plausible dataset suitable for in-335

struction tuning. The final dataset contains 103,463336

instruction-response pairs. Table 3 presents the337

topic- and subdomain-wise distribution of gener-338

ated pairs by each teacher model. GPT-4o-mini339

produced a larger share of the instruction data due340

to its support for batch API generation, whereas341

DeepSeek relied on single-request calls, resulting342

in lower throughput.343

3.5 Knowledge Distillation344

The final stage is instruction tuning to distill the345

knowledge of teacher models into the student346

models via supervised finetuning. Two separate347

pipelines were developed for UrduGPT and Ur-348

duQwen due to differences in their base architec-349

tures and chat formatting schemes.350

UrduGPT lacks a built-in chat template, so each351

instruction-response was flattened into plain text352

as: Instruction:{instruction}\nResponse:353

{response}{eos_token}. This ensured that the354

model explicitly learned the mapping between355

user instructions and corresponding responses. In-356

struction tuning was implemented in two stages:357

first, UrduGPT distilled DeepSeek-generated data358

containing relatively simple instruction-response359

pairs; subsequently, GPT-4o-mini data was used360

to transfer more complex, domain-specific knowl-361

edge. This staged approach allowed the model to362

gradually progress from general to specialized un-363

derstanding, improving convergence stability. 364

UrduQwen Each instruction–response pair ap- 365

plied Qwen3’s predefined chat template by calling 366

apply_chat_template() function. The messages 367

followed a three-turn system-user-assistant struc- 368

ture, ensuring compatibility with the model’s con- 369

versational alignment. Unlike UrduGPT, staged 370

training was not applied to UrduQwen because of 371

its larger capacity and faster convergence observed 372

during pretraining. Therefore, all instruction- 373

tuning data from both teacher models was provided 374

jointly. 375

In both cases, the models were optimized to min- 376

imize next-token prediction loss over instruction- 377

response pairs, effectively distilling linguistic and 378

task knowledge from the teacher models into the 379

student models. The maximum sequence length 380

was set to 512 tokens for both models. 381

4 Experiments 382

4.1 Experimental Setup 383

Pretraining Setup Both UrduGPT and Ur- 384

duQwen were initialized from their respective base 385

model weights and trained using mixed-precision 386

arithmetic (FP16/FP32). All parameters in both 387

models, including embedding, multi-head atten- 388

tion, and LM head layers, were optimized end-to- 389

end during pretraining. The AdamW optimizer 390

was used with a learning rate of 5e-4, linear decay 391

scheduling, and gradient accumulation over four 392

steps. Warmup steps were set to 5% of the total 393

training steps to stabilize early optimization. Both 394

models were trained for 20 epochs on four NVIDIA 395

RTX A6000 (49 GB) GPUs using the Accelerate 396

library for distributed training. 397

Using their respective tokenizers, the Urdu cor- 398

pus was tokenized into approximately 145 mil- 399

lion tokens for UrduGPT and 140 million for Ur- 400

duQwen. The corpus was split into 90% train- 401

ing and 10% validation subsets. Due to the 402

slightly smaller number of tokens, UrduQwen had 403

a marginally lower total number of training and 404

warm-up steps. A single checkpoint was main- 405

tained and updated throughout training based on 406

the lowest validation loss. Key hyperparameters, 407

chosen through a series of empirical experiments, 408

are listed in Table 6 (Appendix A.3). 409

Figure 2 compares the training and validation 410

loss curves of UrduGPT and UrduQwen during 411

continual pretraining. A common trend observed 412

in both models is that the validation loss remains 413
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Figure 2: Pretraining learning curve of UrduGPT / Ur-
duQwen.

lower than the training loss during the initial414

epochs, which typically indicates effective regular-415

ization and under-fitting at early stages. As training416

progresses, the training loss gradually falls below417

the validation loss — around the 11th epoch for418

UrduGPT and much earlier for UrduQwen, sug-419

gesting the models begin fitting more closely to420

the training data. Overall, both models exhibit a421

smooth and consistent decline in loss, reflecting422

stable convergence. However, UrduQwen demon-423

strates a substantially faster rate of loss reduction424

and achieves lower overall values for both train-425

ing and validation loss. This indicates a more426

efficient learning process, likely attributed to its427

larger model capacity and architectural improve-428

ments over UrduGPT.429

Knowledge Distillation Setup We applied su-430

pervised fine-tuning (SFT) to UrduGPT and Ur-431

duQwen, distilling knowledge from teacher mod-432

els to equip two student models with instruction-433

following capabilities. Instruction tuning was434

carried out in two stages for UrduGPT, first on435

DeepSeek-generated data and then on GPT-4o-mini436

data. UrduQwen was finetuned in a single stage437

using the combined instruction corpus formatted438

with its built-in chat template. Both models were439

fine-tuned using the same hyperparameter configu-440

ration summarized in Table 7 (Appendix A.3). The441

only exception was the learning rate for UrduQwen,442

which was reduced to 5e-6 to prevent rapid loss con-443

vergence and validation instability observed during444

early experiments. Each training session was run445

for 20 epochs using mixed-precision (FP16/FP32),446

evaluating after each epoch and retaining the check-447

point with the lowest validation loss. We refer to448

the final distilled models as MKGPT and MKQwen.449

Figure 3 presents the instruction-tuning learn-450

ing curves for both models. For MKGPT, the loss451
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Figure 3: Instruction-tuning learning curves of MKGPT
(top) and MKQwen (bottom).

curves in both stages showed classic textbook be- 452

havior: a sharp initial drop followed by gradual sta- 453

bilization, indicating well-configured hyperparam- 454

eters and stable convergence. The validation loss 455

curves remained slightly below the training loss 456

curves, suggesting effective generalization. The 457

final validation loss reached just below 1.2. In 458

contrast, MKQwen’s curves show smooth conver- 459

gence, but the validation loss exceeds the training 460

loss in later epochs, implying mild overfitting as the 461

model began fitting the training data more closely. 462

However, the validation trend closely followed the 463

training curve, with final losses around 0.9-0.8, re- 464

flecting strong overall learning stability. 465

4.2 Baselines 466

The original GPT2 and Qwen3 base models serve 467

as baselines. We compare the performance of 468

MKGPT and MKQwen with their respective base 469

versions across four downstream tasks: hate speech 470

detection, fake news detection, emotion classifi- 471

cation, and question answering. These baselines 472

provide a reference to evaluate the effectiveness 473

of the proposed Markhor training pipeline, which 474

includes new tokenizer training, continual pretrain- 475

ing, and knowledge distillation, and to assess the 476

generalization of our models across tasks. 477
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Figure 4: Macro-F1 across five classification datasets.
FND: Fake News Dataset, HS: Hate Speech.

4.3 Evaluation478

Datasets For downstream evaluation, we use five479

publicly available Urdu datasets, including one480

dataset for hate speech detection (Akram et al.,481

2023), one for emotion classification (Bashir et al.,482

2023), and three for fake news detection (Harris483

et al., 2023; Amjad et al., 2020; Akhter et al., 2021)484

(Appx.A.1). We further curated a question answer-485

ing dataset across five domains (i.e., physics, chem-486

istry, biology, history, and geography) on which487

the models were trained, by instructing a native488

speaker to create 100 QA pairs per domain, with489

responses of at least 2–3 sentences, allowing for490

diverse topics within each domain. We evaluated491

on both (i) in-distribution examples — a held-out492

test split comprising 100 QA pairs per domain sam-493

pled from the instruction-tuning dataset, to examine494

knowledge capture, and (ii) out-of-distribution ex-495

amples — an outsourced human-annotated dataset496

of equal size to assess generalization and factuality.497

Metrics For classification tasks, we report stan-498

dard metrics including precision, recall, F1-score,499

and overall accuracy. To assess the generation qual-500

ity of these Urdu LLMs, we report BERTScore-F1501

to measure semantic similarity with gold responses.502

In addition, GPT-4o-mini is used as a judge to rate503

each model’s coherence, instruction adherence, vo-504

cabulary richness, and conceptual accuracy, assign-505

ing an overall score out of 100 for each response.506

Downstream Task Adaptation For the clas-507

sification tasks, we fine-tuned our models us-508

ing the AutoModelForSequenceClassification509

class from Hugging Face. Each dataset was split510

into 68% training, 12% validation, and 20% test511

sets. The maximum sequence length was selected512

based on the token length distribution of each513

dataset. All models were trained for five epochs514

with a learning rate varied between 1e-5 and 1e-6,515

selecting the configuration that conceded the lowest 516

validation loss. The load_best_model_at_end 517

option was enabled to ensure optimal checkpoint 518

selection. 519

For open-ended question answering, we used 520

model.generate() function with nucleus sam- 521

pling (p=0.9), top-k sampling (k=50), temperature 522

of 0.8, and a repetition penalty of 1.2, generating 523

up to 200 new tokens per prompt. These settings 524

aimed to balance coherence and diversity in gener- 525

ated responses while preventing repetition. 526

4.4 Results and Discussion 527

Classification Tasks Figure 4 presents the macro- 528

F1 results of the baseline and distilled Urdu lan- 529

guage models across five classification datasets. 530

Both MKGPT and MKQwen consistently out- 531

perform their vanilla counterparts, demonstrating 532

the effectiveness of Urdu-specific pretraining and 533

knowledge distillation. Among the two, MKGPT 534

shows slightly better overall performance, which 535

can be attributed to its smaller parameter size be- 536

ing more suitable for scenarios with limited train- 537

ing data. Given that the evaluation datasets used 538

contain only a few thousand examples each, the 539

smaller MKGPT architecture may have achieved 540

better generalization, whereas the larger MKQwen 541

model likely required more data to fully leverage 542

its capacity. When comparing the base models, 543

Qwen3 performs better than GPT2, likely due to 544

Urdu being included in its multilingual pretrain- 545

ing. Interestingly, in fake news detection (FND1- 546

FND3), models achieve higher performance on the 547

short-text dataset (FND1) compared to the long- 548

article datasets (FND2, FND3), as shorter texts 549

have higher information density. In contrast, the 550

models show the weakest performance on the Emo- 551

tion dataset, which can be attributed to the fact 552

that this dataset is the smallest (around 1000 ex- 553

amples) and has higher label complexity with six 554

emotion categories. Precision, recall, and accuracy 555

trends follow similar patterns and are provided in 556

the Appendix due to space constraints. 557

Question-Answering Figure 5 compares the per- 558

formance of MKGPT and MKQwen with the 559

Qwen3 baseline on the question-answering task. 560

GPT2 is excluded since it is not inherently trained 561

for chat or QA. Across both evaluation metrics, the 562

newly trained Urdu models consistently outperform 563

the Qwen3 baseline. Across five domains, Qwen3 564

exhibits nearly constant BERTScore F1 ranging 565
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Figure 5: Question-answering evaluation results across domains. (a–b) BERTScore F1 on test and outsourced
datasets. (c–d) LLM-as-Judge scores (aggregated out of 100) on test and outsourced datasets.

from 64.3% to 66.2%, while the mean LLM-as-566

judge scores vary between 16.1 and 32.98. This is567

expected, as BERTScore measures semantic simi-568

larity between tokens in the gold answers and gener-569

ated responses, potentially awarding high scores to570

responses with correct wording but grammatically571

incorrect outputs, whereas LLM-as-judge evalu-572

ates coherence, instruction adherence, vocabulary573

richness, and conceptual accuracy.574

MKQwen generally outperforms MKGPT across575

all domains and splits, likely due to Qwen3’s larger576

model size, pre-existing chat-oriented architec-577

ture, Urdu language pretraining and instruction-578

following capabilities, providing stronger bases for579

our continual pretraining and knowledge distilla-580

tion. Domain-wise, both models perform better581

in history and geography than in science-related582

domains, which aligns with the nature of their con-583

tinual pretraining corpus, which has scarce science-584

related data. Science knowledge is primarily trans-585

ferred to the models via distillation. Performance586

on outsourced human-annotated datasets is lower,587

possibly due to topic diversity beyond that seen588

during instruction tuning, highlighting the models’589

dependency on KD coverage.590

5 Conclusion and Future Work591

In this study, we introduce Markhor, a scalable592

pipeline for training Urdu LLMs, and use it to de-593

velop two models, MKGPT and MKQwen, based 594

on GPT2 and Qwen3. The models are pretrained 595

with a new Urdu-specific tokenizer and corpus, and 596

tuned via knowledge distillation from DeepSeek 597

and GPT-4o-mini. The models were evaluated on 598

three classification tasks across five datasets and 599

two question answering test sets. The results show 600

that both models substantially outperform baseline 601

models across all datasets. MKGPT excels in clas- 602

sification, while MKQwen shows superior perfor- 603

mance on QA. The superior results demonstrate the 604

effectiveness of our training pipeline. 605

We find that initializing a new language model 606

with pretrained weights from a model using a com- 607

pletely different tokenizer and vocabulary can still 608

substantially improve learning, even when the em- 609

bedding layer is fully mismatched. Our experi- 610

ments demonstrate the feasibility of pretraining a 611

low-resource monolingual language model with a 612

limited corpus by training a new tokenizer, reset- 613

ting the vocabulary, and initializing weights from 614

a strong pretrained base model, despite the base 615

model having no prior exposure to the target lan- 616

guage and containing no tokens from that language 617

in its vocabulary. For future work, we plan to ex- 618

periment with larger models, include reasoning- 619

focused domains, explore joint Urdu-Hindi train- 620

ing, and incorporate alignment with human feed- 621

back to further enhance model capabilities. 622
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Limitations623

Data Coverage and Bias: Although care was624

taken during data collection and filtering, the train-625

ing and evaluation data may still reflect topical626

and stylistic biases present in the available Urdu627

corpora and instruction-tuning sources. In particu-628

lar, science-related content is relatively underrepre-629

sented during pretraining, which may limit perfor-630

mance in certain domains and affect generalization631

to unseen topics.632

Model Size and Resource Constraints: Our633

models are comparatively small due to computa-634

tional and data constraints, which restrict their ca-635

pacity for complex reasoning and long-form gen-636

eration. While this design choice enables efficient637

training for a low-resource language setting, it may638

limit performance on tasks that normally benefit639

from larger-scale models.640

Scope of Evaluation Tasks: Evaluation is con-641

ducted on text classification and open-ended QA642

as these tasks are directly aligned with the supervi-643

sion present in our Urdu instruction-tuning corpus.644

Tasks such as translation and abstractive summa-645

rization typically require a multilingual training646

corpus, while logical reasoning requires larger mod-647

els trained with specialized objectives (Wei et al.,648

2022). Since our models are trained solely in Urdu649

and are comparatively small, these latter tasks fall650

outside the scope of the current work, though we651

plan to explore them in future work.652

Ethical Statement and Broad Impact653

Ethical Statement The models developed in this654

work are trained using large-scale web and instruc-655

tion data, which may contain societal, cultural,656

or topical biases. As a result, the generated out-657

puts may reflect such biases, particularly in a low-658

resource language setting where curated resources659

are limited. Additionally, like other LLMs, our660

Urdu-specific models may produce fluent but fac-661

tually incorrect responses. We therefore emphasize662

that these models are intended for research and663

assistive purposes, and that human oversight is es-664

sential in high-stakes or sensitive applications.665

Broader Impact This work contributes toward666

reducing the performance gap of LLMs for low-667

resource languages such as Urdu by releasing mod-668

els, datasets, and training pipelines as open re-669

sources. Improved Urdu language technologies670

can support education, information access, and re- 671

search for underrepresented communities. At the 672

same time, increased accessibility to generative 673

models raises concerns about misuse, including 674

the generation of misleading or low-quality con- 675

tent. We encourage responsible use of the released 676

resources and hope that this work will be a step- 677

ping stone for further research on robust, fair, and 678

transparent language technologies for low-resource 679

settings. 680
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A Appendix827

A.1 Downstream Datasets Statistics828

Table 4 reports statistics of the datasets used829

for downstream classification. FND1–FND3 are830

sourced from Harris et al. (2023); Akhter et al.831

(2021); Amjad et al. (2020), while the hate speech832

and emotion datasets are taken from Akram et al.833

(2023) and Bashir et al. (2023), respectively. All834

datasets are reasonably balanced across classes.

Dataset Content #Labels #Examples

FND1 Short headlines 2 10,083
FND2 Long articles 2 2,000
FND3 Long articles 2 1,300
HS Tweets 2 21,760
Emotion Tweets 6 1,121

Table 4: Statistics of datasets used for downstream clas-
sification tasks. FND: Fake News Dataset, HS: Hate
Speech.

835

A.2 Detailed Classification Results836

Table 5 shows detailed performance metrics for all837

models across the classification datasets used in838

our experiments, including accuracy and macro-839

averaged precision, recall, and F1-score.840

Dataset Model Acc Pre Rec F1

FND1

GPT2 85.8 86.0 85.8 85.8
Qwen3 87.0 87.0 87.0 87.0
MKGPT 95.1 95.2 95.1 95.1
MKQwen 94.3 94.3 94.3 94.3

FND2

GPT2 71.8 71.7 71.7 71.7
Qwen3 74.8 74.8 74.8 74.7
MKGPT 91.8 91.8 91.7 91.7
MKQwen 91.5 91.6 91.6 91.5

FND3

GPT2 70.8 71.6 67.8 67.9
Qwen3 73.1 72.4 72.2 72.3
MKGPT 85.0 84.9 84.2 84.5
MKQwen 85.8 85.4 86.1 85.6

HS

GPT2 71.7 70.5 70.1 70.2
Qwen3 76.7 75.9 74.6 75.1
MKGPT 86.0 85.7 84.9 85.2
MKQwen 85.1 84.6 84.0 84.3

Emotion

GPT2 28.9 35.9 26.5 24.0
Qwen3 49.8 53.6 47.1 46.7
MKGPT 67.1 68.4 67.8 67.8
MKQwen 56.4 63.1 57.3 57.2

Table 5: Classification macro precision (Pre), recall
(Rec), F1 and accuracy (Acc) by % across datasets.
FND: Fake News Dataset, HS: Hate Speech.

A.3 Detailed Hyperparameters 841

Tables 6 and 7 show the list of key hyperparameters 842

used during pretraining and instruction tuning, re- 843

spectively. These values were chosen after a series 844

of empirical experiments performed to determine 845

the optimal setting.

Hyperparameter Value / Setting

Batch size 4
Block size 512
Epochs 20
Optimizer AdamW
Learning rate 5e-4
Weight decay 0.001
Scheduler Linear (with warm-up)
Warm-up steps ≈8,900 (5% of total steps)
Total training steps ≈177k
Gradient clipping 1.0
Loss function Causal Loss

Table 6: Hyperparameters used during continual pre-
training of UrduGPT and UrduQwen models.

Hyperparameter Value / Setting

Batch size 4
Block size 512
Epochs 20
Optimizer AdamW
UrduGPT lr 3e-5
UrduQwen lr 5e-6
Scheduler Linear (with warm-up)
Warm-up steps 500
Loss function Causal Loss

Table 7: Hyperparameters used during instruction tun-
ing of UrduGPT and UrduQwen.

846

A.4 Pretraining Data Sources 847

Our primary sources included the publicly available 848

Urdu Wikipedia crawl and the CLE Urdu Books 849

corpus (Adeeba et al., 2014), which contains poetry 850

and prose from well-known literary works. We fur- 851

ther incorporated the Urdu News 1M dataset (Hus- 852

sain et al., 2021), comprising one million Urdu 853

news articles across four categories: business & 854

economics, science & technology, entertainment, 855

and sports. About 70% of these news articles were 856

sourced from Pakistan’s leading news outlets: Geo 857

News and Dawn News, with the rest from other 858

PEMRA-regulated media houses.3 859

To improve temporal and topical diversity, we 860

scraped an additional 100,000 Urdu news articles 861

from two highly credible PEMRA-regulated web- 862

sites: Jang and Dawn News. Articles from Jang 863

3https://pemra.gov.pk/
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were collected between 2023 and 2025, and those864

from Dawn were from 2018 to 2023. These texts865

cover national and international affairs, lifestyle,866

entertainment, sports, and technology. Further-867

more, we incorporated 960 science articles from868

BBC Urdu to enhance factual and domain-specific869

coverage.870

Preprocessing Most texts in the Urdu Wikipedia871

crawl contained markup and non-textual artifacts.872

To extract clean and coherent text, we performed873

several preprocessing steps: (i) remove image-874

related and location template content; (ii) strip875

markup elements such as tables, categories, and876

hyperlinks; (iii) discard style tags and other non-877

linguistic tokens; and (iv) filter out articles shorter878

than 200 characters. After applying these prepro-879

cessing steps, the resulting Wikipedia subset com-880

prised approximately 135,000 clean articles suit-881

able for pretraining.882
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