
Urdu-GLUE: A Comprehensive Benchmark and Dynamic Prompt-Based
Fine-Tuning for Urdu Language Understanding

Anonymous ACL submission

Abstract001

Language understanding benchmarks have002
driven significant progress in Natural Lan-003
guage Processing (NLP). However, most004
benchmarks focus on high-resource languages005
such as English, therefore leaving low-006
resource languages underserved. Despite be-007
ing spoken by over 246 million people world-008
wide, Urdu lacks comprehensive evaluation re-009
sources. To address this gap, we introduce010
Urdu-GLUE, the first comprehensive bench-011
mark for Urdu language understanding. Our012
comprehensive benchmark comprises ten di-013
verse tasks, including single-sentence classi-014
fication, similarity and paraphrase detection,015
natural language inference, question answer-016
ing, and sequence labeling. To cover all the017
tasks mentioned in the benchmark, we created018
four new datasets: (1) U-CoLA for grammat-019
ical acceptability, (2) U-WNLI for Winograd-020
style coreference, (3) U-STS-B for semantic021
similarity, and (4) U-XNLI, a preprocessed022
XNLI dataset. To ensure quality, three na-023
tive Urdu speakers fluent in English manu-024
ally verified each dataset. To address the025
low-resource status of the Urdu language, we026
also introduced ADAPT (Adaptive Dynamic027
Prompt Template), the first dynamic prompt-028
based fine-tuning strategy for encoder-based029
models. ADAPT systematically explores var-030
ious prompt templates during training and au-031
tomatically identifies the most effective for in-032
ference. We evaluated multiple fine-tuning033
(FT) strategies, including standard FT, prompt-034
based FT, LoRA, QLoRA, and ADAPT, across035
three experimental settings, i.e., zero-shot, 16-036
shot, and 80/20 split. Our experiments demon-037
strate that prompt-based FT methods consis-038
tently outperform standard FT in few-shot set-039
tings. Our findings provide practical insights040
for low-resource NLP research. To facilitate041
future work, we publicly1 release all datasets,042
and code.043

1https://anonymous.4open.science/r/Urdu-Glue-
7D78/README.md

1 Introduction 044

Language understanding benchmarks have played 045

an essential role in advancing Natural Language 046

Processing (NLP) research. The General Lan- 047

guage Understanding Evaluation (GLUE) bench- 048

mark, introduced by Wang et al. (2018), provides 049

diverse tasks that test various aspects of linguistic 050

capability. These tasks include natural language 051

inference (NLI), semantic similarity, syntactic ac- 052

ceptability, and question answering. Following 053

GLUE’s work, SuperGLUE (Wang et al., 2019) 054

introduced more challenging tasks as models ap- 055

proached human-level performance on the origi- 056

nal benchmark. The NLP research community 057

has adapted GLUE to other languages, including 058

Chinese (CLUE) (Xu et al., 2020), Russian Su- 059

perGLUE (Shavrina et al., 2020), Korean (KLUE) 060

(Park et al., 2021), and Indian major languages (In- 061

dicGLUE) (Kakwani et al., 2020). Recently, Ger- 062

manGLUE (Pfister and Hotho, 2024) filled the gap 063

for the German language. These benchmarks en- 064

able systematic comparison across languages and 065

drive the development of language-specific mod- 066

els. 067

Despite these advances, Urdu the 11th most 068

spoken language with over 246 million speak- 069

ers 2, lacks a comprehensive benchmark. Re- 070

cently, Arif et al. (2024) and Tahir et al. (2025) 071

have evaluated Urdu language models on several 072

Urdu tasks. Adeeba et al. (2025) introduced Ur- 073

BLiMP, a benchmark evaluating linguistic compe- 074

tence through minimal pairs. These studies pro- 075

vide valuable insights; however, they focus on 076

isolated tasks or model comparisons rather than 077

general Urdu language understanding. We intro- 078

duce Urdu-GLUE, the first comprehensive bench- 079

mark for evaluating language understanding in 080

Urdu. We created four new datasets through man- 081

ual translation (by local Urdu language experts, 082

2https://www.ethnologue.com/insights/ethnologue200/
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Figure 1: Overview of ADAPT (Adaptive Dynamic
Prompt Template) technique.

fluent in English) from English sources (U-CoLA,083

U-WNLI, U-STS-B, U-XNLI), with each transla-084

tion independently verified by three native Urdu085

speakers. This ensures high-quality, gold-standard086

translation/annotation. We also incorporate exist-087

ing Urdu datasets for the remaining tasks to cover088

the general language understanding. We expand089

the traditional GLUE framework by including se-090

quence labeling tasks (POS tagging and NER),091

recognizing their importance for comprehensive092

evaluation in morphologically rich languages like093

Urdu. The remaining six tasks utilize existing094

Urdu datasets (detailed in Appendix A.1). Our095

benchmark follows the GLUE framework and en-096

compasses ten diverse tasks across multiple cate-097

gories. Beyond evaluation, we also address the098

practical challenges of working with Urdu as a099

low-resource language.100

Urdu’s status compounds the challenge as a low-101

resource language in the NLP research community.102

Despite its large speaker population, the Urdu lan-103

guage lacks the extensive labeled datasets, pre-104

trained models, and available evaluation resources.105

This scarcity makes it essential to develop train-106

ing strategies that work well with limited training107

data. This challenge is relevant not only for Urdu108

but for hundreds of other underserved languages109

worldwide. To fill this gap (specifically for Urdu),110

we introduce the Adaptive Dynamic Prompt Tem-111

plate (ADAPT), a novel dynamic prompt-based112

FT strategy as shown in Figure 1. Unlike previ-113

ous prompt-based approaches, which use a single114

fixed template, ADAPT leverages multiple man-115

ually designed candidate prompt templates. It116

dynamically selects templates during training to117

identify the optimal prompt formulation for each118

task. This approach addresses a critical limitation119

in low-resource settings. Model performance can120

be susceptible to prompt formulation with limited 121

data, and finding the right prompt through man- 122

ual trial and error is expensive. To the best of our 123

knowledge, this is the first work to apply dynamic 124

prompt-based fine-tuning to encoder-based mod- 125

els, i.e., mBERT(Devlin et al., 2019) and XLM- 126

RoBERTa(Conneau et al., 2018). 127

We conduct comprehensive experiments across 128

three experimental setups: (1) zero-shot, 16-shot, 129

and 80/20 splits. We compare standard fine- 130

tuning vs. parameter-efficient methods (LoRA(Hu 131

et al., 2022) and QLoRA(Dettmers et al., 2024)) 132

on 80/20 splits. For zero-shot and 16-shots, we 133

compared (1) prompt-based fine-tuning with fixed 134

templates, (2) our proposed ADAPT technique, 135

and (3) standard fine-tuning. We employ two 136

multilingual, pre-trained language models (PLMs) 137

bert-base-multilingual-cased (mBERT) and xlm- 138

roberta-base (XLM-R). Our experimental results 139

reveal several important findings. In zero-shot 140

settings, multilingual models demonstrate reason- 141

able performance across tasks, validating their 142

cross-lingual transfer capabilities. However, in 143

the 16-shot settings, our prompt-based approaches 144

(both fixed-template prompt-based fine-tuning and 145

ADAPT) consistently outperform standard fine- 146

tuning across most tasks. This finding is partic- 147

ularly significant for low-resource languages like 148

Urdu, where collecting large labeled datasets is 149

expensive and time-consuming. The ability to 150

achieve effective performance with just 16 labeled 151

examples per class opens new possibilities for 152

rapid NLP system development in underserved 153

languages. In the 80/20 setting with more training 154

data, parameter-efficient methods like LoRA and 155

QLoRA provide competitive performance with 156

significantly reduced computational costs, though 157

standard fine-tuning generally achieves the highest 158

absolute performance. 159

1.1 Contributions 160

Our contributions are fourfold: 161

1. We introduce the first comprehensive Urdu- 162

GLUE benchmark (ten tasks) for Urdu. 163

2. We manually translate four GLUE datasets 164

for Urdu (U-CoLA, U-WNLI, U-STS-B, and 165

U-XNLI), with each dataset further verified 166

by three native Urdu speakers fluent in En- 167

glish to ensure gold-standard quality. 168

3. We introduce ADAPT, the first dynamic 169
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prompt-based FT strategy for encoder-based170

models.171

4. Finally, we systematically compare stan-172

dard FT, parameter-efficient methods (LoRA,173

QLoRA), prompt-based FT, and ADAPT174

across three experimental setups.175

Our work establishes Urdu-GLUE as a bench-176

mark for the Urdu NLP community and demon-177

strates that dynamic prompt selection significantly178

improves model performance with limited data.179

2 Related Work180

The GLUE benchmark (Wang et al., 2018) estab-181

lished a standard for evaluating language under-182

standing across multiple tasks. Following GLUE’s183

work, SuperGLUE (Wang et al., 2019) introduced184

more challenging tasks to further push the capabil-185

ities of models. The GLUE framework has been186

adapted to multiple languages including, Chinese187

(CLUE) (Xu et al., 2020), Russian (Shavrina et al.,188

2020), Korean (KLUE) (Park et al., 2021), Indian189

languages (IndicGLUE) (Kakwani et al., 2020),190

and German (Pfister and Hotho, 2024).191

Despite having more than 246 million speakers,192

Urdu remains underserved in NLP research. Re-193

cent works by Arif et al. (2024) compared gen-194

eralist models against specialist fine-tuned mod-195

els. Tahir et al. (2025) evaluated seven LLMs196

on 17 Urdu tasks in zero-shot settings. Adeeba197

et al. (2025) introduced UrBLiMP for evaluating198

linguistic competence through minimal pairs in199

Urdu. However, these efforts focus on specific200

tasks or model comparisons. A comprehensive,201

standardized benchmark comparable to GLUE for202

Urdu is currently lacking, which this work aims to203

address.204

Prompt-based learning has shown effective205

performance in few-shot settings (Ullah et al.,206

2023). Schick and Schütze (2021) introduced207

PET (Pattern-Exploiting Training), which con-208

verts classification tasks into cloze-style questions.209

Gao et al. (2021) proposed LM-BFF, demonstrat-210

ing that prompt-based fine-tuning with demon-211

strations improves few-shot performance. Liu212

et al. (2023) provided a comprehensive survey of213

prompt-based methods. Most prompt-based ap-214

proaches focus on decoder-only models, such as215

GPT. Recent work has explored prompting for en-216

coder models. Gu et al. (2022) introduced PPT for217

masked language models. However, these meth-218

ods typically use fixed prompt templates. Our219

ADAPT method extends this by dynamically se- 220

lecting optimal prompts during training. 221

Parameter-efficient methods such as LoRA (Hu 222

et al., 2022) and QLoRA (Dettmers et al., 2024) 223

reduce computational costs while maintaining per- 224

formance. These methods have shown com- 225

petitive performance on high-resource languages. 226

However, their effectiveness on low-resource lan- 227

guages like Urdu in few-shot settings remains un- 228

derexplored. Our work provides systematic evalu- 229

ation of these methods for Urdu. Few-shot learn- 230

ing aims to achieve better performance with min- 231

imal labeled data. Brown et al. (2020) demon- 232

strated that large language models can perform 233

tasks with just a few examples through in-context 234

learning. Perez et al. (2021) showed that prompt- 235

based methods are particularly effective in few- 236

shot scenarios. 237

For low-resource languages, few-shot learning 238

is critical. Ponti et al. (2020) studied cross-lingual 239

transfer in few-shot settings. Winata et al. (2021) 240

explored multilingual few-shot learning. Our work 241

contributes to this area by systematically compar- 242

ing different fine-tuning strategies in extreme few- 243

shot settings for Urdu. 244

3 Urdu-GLUE Benchmark 245

In this section, we discuss the Urdu-GLUE bench- 246

mark. This benchmark comprises ten diverse tasks 247

across four categories: single-sentence, similarity 248

and paraphrase, inference, and sequence labeling 249

tasks. We created four new datasets to address the 250

resource gaps, and the remaining six tasks utilize 251

publicly available Urdu datasets. Table 1 provides 252

a summary of the newly translated datasets. 253

3.1 Dataset Descriptions 254

Urdu Corpus of Linguistic Acceptability (U- 255

CoLA): We created U-CoLA by manually trans- 256

lating the English CoLA dataset (Warstadt et al., 257

2019). Grammatically correct sentences were 258

translated into natural Urdu, while ungrammati- 259

cal sentences were translated into intentionally un- 260

grammatical Urdu that preserves the syntactic vi- 261

olation. For example, subject-verb agreement er- 262

rors in English were reflected in corresponding er- 263

rors in Urdu, which accounts for Urdu’s gender 264

and number agreement system. 265

U-WNLI (Urdu Winograd Natural Lan- 266

guage Inference). We translated the English 267

WNLI (Wang et al., 2018) dataset to create 268
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U-WNLI. Urdu’s distinct pronoun forms based269

on formality, gender, and social distance posed270

unique challenges. We carefully translated each271

instance to preserve resolution difficulty while en-272

suring linguistic naturalness.273

U-STS-B (Urdu Semantic Textual Similar-274

ity). The U-STS-B dataset created by translat-275

ing the English STS-B (Wang et al., 2018) dataset.276

The annotators maintained relative similarity rela-277

tionships between pairs, ensuring that highly sim-278

ilar pairs in English remained highly similar in279

Urdu. U-STS-B contains 8, 515 sentence pairs,280

with continuous similarity scores [0-5].281

U-XNLI (Preprocessed Cross-lingual NLI).282

The XNLI includes Urdu (Conneau et al., 2018),283

however, the dataset mixed standard Urdu script284

with Roman Urdu. Roman Urdu lacks standard-285

ized orthography, with the same word appearing in286

multiple spellings (e.g., in Roman Urdu: “acha”,287

“achha”, “achaa”, in Urdu: ( اچھا for “Good” in288

English. We systematically converted all Roman289

Urdu instances to standard Perso-Arabic script and290

validated semantic equivalence and label consis-291

tency through manual verification.292

3.2 Translation Protocol and Challenges293

We employed a rigorous process for creating our294

datasets. Initially, we utilize IndicTrans2 (Gala295

et al., 2023) to translate the source datasets. How-296

ever, the translations exhibited significant issues,297

including grammatical errors, word-by-word trans-298

lations (lacking fluency), and incorrect handling of299

complex syntactic structures. U-CoLA was partic-300

ularly difficult due to the need to preserve gram-301

matical violations. The translation model strug-302

gled with complex grammatical constructions, em-303

bedded clauses, and non-canonical word orders. It304

often distorted complex sentences, either (1) un-305

intentionally correcting ungrammatical inputs, or306

(2) introducing new errors in acceptable sentences.307

Tense inconsistencies were common near the past-308

present boundary, and named entities were fre-309

quently mistranslated or transliterated. Sentences310

with multiple entities posed difficulties in preserv-311

ing participant roles and argument structure.312

U-WNLI presented challenges with longer and313

structurally complex sentences. The model tended314

toward literal word-by-word translation without315

capturing sentence-level semantics. This was316

detrimental because correct inference depends on317

accurately resolving pronouns and entity refer-318

ences across clauses. Inferential relationships319

Dataset Task Type Instances Classes
U-CoLA Acceptability 10, 025 Binary
U-XNLI NLI 7500 3-class
U-WNLI Winograd NLI 859 Binary
U-STS-B Similarity 8, 515 Reg.

Table 1: Summary of four newly created datasets for
Urdu-GLUE benchmark. Reg. shows regression and
the scores ranging from 0 (completely different) to 5
(identical).

were frequently lost, requiring substantial correc- 320

tion to restore logical coherence. U-STS-B re- 321

quired preserving fine-grained semantic similarity 322

relationships. Minor translation deviations signif- 323

icantly altered perceived similarity between sen- 324

tence pairs. The model occasionally failed to main- 325

tain nuanced semantic overlap, and tense inconsis- 326

tencies further affected alignment. U-XNLI was 327

easy, because the mian task was to convert Ro- 328

man Urdu to standard Perso-Arabic script (Urdu). 329

However it require careful verification, as dense 330

or syntactically complex sentence pairs occasion- 331

ally exhibited weakened inference cues after con- 332

version. These limitations made the automatically 333

translated instances unsuitable for creating a lan- 334

guage understanding benchmark. Therefore, three 335

native Urdu speakers, all fluent in English, inde- 336

pendently translated each instance. They verified 337

semantic equivalence, label consistency, and lin- 338

guistic naturalness by comparing each English sen- 339

tence with its Urdu translation. 340

4 Methodology 341

In this section, we discuss our proposed ADAPT 342

technique. We utilize two multilingual encoder- 343

based pretrained language models (mBERT and 344

XLM-R). These models provide effective multi- 345

lingual transfer capabilities for various languages, 346

including Urdu. We design three experimental 347

settings (zero-shot, 16-shot, and 80/20 split) to 348

evaluate model performance under varying data 349

availability. For the 80/20 split, we evaluate 350

three setups, (1) standard fine-tuning, (2) LoRA 351

(Hu et al., 2022), and (3) QLoRA (Dettmers 352

et al., 2024). LoRA introduces trainable low-rank 353

matrices while freezing pre-trained weights, and 354

QLoRA extends this by quantizing the base model. 355

Both methods reduce the number of trainable pa- 356

rameters and memory requirements. We evalu- 357

ate LoRA and QLoRA in the 80/20 split (only) 358

to assess parameter-efficient and memory-efficient 359
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Algorithm 1 ADAPT
Require: Training set Dtrain, validation set Dval,

template set T = {t1, . . . , t10}, verbalizer V
Ensure: Fine-tuned model θ∗, optimal template

t∗

1: Phase 1: Dynamic Template Training
2: Initialize θ from pre-trained MLM
3: for epoch e = 1 to E do
4: for each batch B ⊂ Dtrain do
5: Sample t(s) ∼ Uniform(T )
6: Construct prompted inputs using t(s)

7: Compute loss L as:
8: L = − 1

|B|
∑

(xi,yi)∈B logP (yi | xi, t(s))
9: Update θ ← θ − α∇θL

10: end for
11: Evaluate on Dval for early stopping
12: end for
13: Phase 2: Template Evaluation
14: for each tk ∈ T do
15: Compute Lk on Dval using template tk
16: end for
17: Phase 3: Optimal Template Selection
18: t∗ ←tk∈T Lk
19: return θ∗, t∗

alternatives to standard fine-tuning, which is360

particularly relevant for low-resource languages.361

For zero-shot and 16-shot settings, we compare362

ADAPT against standard FT and prompt-based363

FT. Standard FT serves as our primary baseline364

setting. We implement prompt-based FT with a365

single manually designed template per task. The366

model is fine-tuned to predict labels through cloze-367

style prompts rather than standard classification368

heads. This baseline is used only in zero-shot and369

16-shot settings.370

4.1 ADAPT: Adaptive Dynamic Prompt371

Template372

We introduce ADAPT, a novel dynamic prompt-373

based fine-tuning strategy designed for encoder-374

based models in low-resource settings. Un-375

like fixed-template methods (Ullah et al., 2025),376

ADAPT explores multiple candidate templates377

(detailed in Appendix A.2) during training and au-378

tomatically identifies the optimal formulation for379

each task, as shown in the Algorithm 1. In low-380

resource settings, model performance is suscepti-381

ble to the formulation of the prompt. A slight vari-382

ation in prompt design can have a significant im-383

pact on performance. Manually searching for the384

best prompt through trial and error is expensive 385

when labeled data is scarce. ADAPT addresses 386

this by efficiently exploring the prompt space dur- 387

ing training. Let the labeled dataset be denoted by 388

D = {(xi, yi)}Ni=1, (1) 389

where yi ∈ Y and |Y| = C is the number of 390

classes. From D, we construct a few-shot train- 391

ing subset Dfs by sampling exactly 16 instances 392

per class: 393

Dfs =
∪
c∈Y
{(xj , c)}16j=1, (2) 394

resulting in |Dfs| = 16 × C. Using Dfs as input, 395

we manually create a set of candidate templates 10 396

and verbalizers (2 per class). The template set is: 397

T = {t1, t2, . . . , t10} (3) 398

where each template tk maps an input example x 399

to a masked sequence suitable for MLM predic- 400

tion. In parallel, a verbalizer V is constructed such 401

that each class c ∈ Y is associated with exactly 402

two label words (e.g. for the classification task): 403

V(c) = {wc1, wc2} (4) 404

For a specific task, the verbalizers remained fixed 405

across all epochs and templates to ensure that per- 406

formance differences arose from training dynam- 407

ics rather than variations in verbalizers. To guaran- 408

tee balanced supervision, training batches are con- 409

structed using a balanced batch sampling strategy. 410

Let the batch size be B, constrained such that: 411

B ≡ 0 (mod C) (5) 412

Each batch B ⊂ Dfs contains exactly B/C ex- 413

amples from each class, ensuring uniform class 414

representation within every batch and preventing 415

template-specific bias caused by class imbalance. 416

The batch size is further chosen to control template 417

exposure per epoch. Since |Dfs| = 16×C, we de- 418

fine the batch size as: 419

B =
16C

4
= 4C (6) 420

which partitions the few-shot dataset into exactly 421

four balanced batches per epoch. Consequently, 422

each epoch consists of four training steps, with 423

each step processing a distinct subset of Dfs. 424

The core mechanism of ADAPT is dynamic 425

template selection during training. Let T denote 426
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the total number of epochs, with T = 20, and427

let K denote the number of training steps before428

changing the template. In ADAPT, we set K = 1,429

meaning that the template is resampled after ev-430

ery batch. This choice maximizes template diver-431

sity and prevents the model from overfitting to spe-432

cific prompt patterns. With only 16 examples split433

into 4 batches per epoch, using K > 1 would434

mean some templates barely appear during train-435

ing. While exploring different values of K could436

provide additional insights, we consider this anal-437

ysis to be outside the scope of this work and leave438

it for future research. At training step s, the active439

template t(s) is drawn uniformly at random:440

t(s) ∼ Uniform(T ) (7)441

Thus, within a single epoch, the model is trained442

using four distinct (possibly repeating) templates,443

and across epochs, the ordering and frequency of444

templates vary stochastically. Uniform template445

sampling ensures the model sees all templates446

equally during training, therefore preventing bias447

toward specific templates. Given an input-label448

pair (x, y), a template t, and a verbalizer V , the449

model produces a probability distribution over la-450

bel words at the masked position. The probability451

of class y is computed as:452

P (y | x, t) =
∑

w∈V(y)

Pθ([MASK] = w | t(x))

(8)453

where θ denotes the parameters of the MLM.454

Training minimizes the cross-entropy loss over a455

batch B:456

L(θ) = − 1

|B|
∑

(xi,yi)∈B

logP (yi | xi, t(s)) (9)457

Importantly, all templates share the same model458

parameters θ, and gradient updates are accumu-459

lated across batches instantiated with different460

templates. This enforces learning of representa-461

tions that are robust to template variation rather462

than specialized to a single formulation. By repeat-463

edly exposing the model to different templates at464

every training step, ADAPT effectively optimizes465

the expected loss over the template distribution:466

Et∼T [L(θ; t)] (10)467

Instead of minimizing the loss for a single fixed468

template. This training objective reduces template-469

induced variance, ensuring that no individual tem-470

plate becomes a limiting factor in learning. The471

resulting model experiment involves using differ- 472

ent templates and selecting the one with the max- 473

imum loss reduction. This allows the model to 474

learn from diverse prompt formulations and pre- 475

vents overfitting to a single template structure. Af- 476

ter training, we evaluate each template’s perfor- 477

mance on the validation set. For each template, we 478

compute validation loss and task-specific metrics. 479

We select the template that achieves the lowest val- 480

idation loss as the optimal template for inference. 481

For instance, in classification tasks, we convert 482

the problem into a masked language modeling ob- 483

jective. Given an input x and template t, we con- 484

struct a prompted input t(x) with a [MASK] token 485

at the label position. The model predicts the prob- 486

ability distribution over label words: 487

P (y|x) = P (label_word(y)|[MASK] in t(x))

where label_word(y) maps each class label to 488

a corresponding word (e.g., “positive” -> “good”). 489

We train all models for 20 epochs with early stop- 490

ping based on validation loss. We use the AdamW 491

optimizer with a learning rate of 2e−5. All results 492

are calculated using a fixed seed of 42. 493

5 Results and Discussion 494

In this section, we present our experimental re- 495

sults across three data setups. The primary goal 496

is to build effective NLP systems for Urdu when 497

labeled data is limited. 498

5.1 Standard FT vs. LoRA vs. QLoRA 499

Table 2 presents the results obtained when the 500

model is trained on 80% (a substantial portion) of 501

the data. Standard FT generally achieves better 502

performance. For mBERT, we see better results 503

on tasks like U-CoLA (93.9%), SST-M (91.0%), 504

and sequence labeling (93.9% POS, 84.7% NER). 505

These results demonstrate that when data is avail- 506

able, standard FT methods work well for Urdu. 507

However, parameter-efficient methods LoRA and 508

QLoRA with mBERT struggle on certain tasks, 509

i.e., the performance drop on U-CoLA from 93.9% 510

to around 68% and 67%, respectively. Sequence 511

labeling tasks also suffer, with POS accuracy 512

falling from 93.9% to just 44.8% with LoRA and 513

52% with QLoRA. Surprisingly, these methods 514

perform better on inference tasks like U-XNLI 515

(LoRA 61.7% and QLoRA 69.4%) and BoolQ 516

(LoRA 69.4% and QLoRA 71.1%), and surpass 517
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Method Single-Sentence Sim. & Para. Inference Seq. Label.
UCoLA SST-2 SST-M Par. USTS-B UXNLI Bl-Q UWNLI POS NER

bert-base-multilingual-cased (mBERT)
Stand. FT 93.9 67.8 91.0 78.6 85.7 54.8 32.4 50.8 93.9 84.7
LoRA 68.5 54.2 76.8 78.5 68.0 61.7 69.4 52.1 44.8 56.2
QLoRA 67.8 61.4 77.1 79.5 71.0 69.4 71.1 54.6 52.3 61.9

xlm-roberta-base (XLM-R)
Stand. FT 70.5 74.5 91.7 89.3 89.1 45.6 54.4 50.8 95.6 88.5
LoRA 74.2 65.5 83.1 85.4 83.0 76.5 78.2 58.3 56.4 67.4
QLoRA 73.9 65.2 82.8 85.1 79.0 76.2 77.9 58.1 55.9 66.8

Table 2: Performance comparison of Standard fine-tuning (Stand. FT), LoRA, and QLoRA on 80/20 split across
Urdu-GLUE tasks. Results are reported as accuracy (%) except for U-STS-B (Pearson correlation). (Par: Para-
phrase detection, Bl-Q: Bool Questions)

standard fine-tuning on both tasks with scores of518

54.8% and 32.4%, respectively.519

The results change with the XLM-R model,520

where the LoRA and QLoRA remain much bet-521

ter than standard fine-tuning. While they still522

trail on tasks like SST-M and sequence labeling,523

the gaps are smaller. These methods are bet-524

ter on inference tasks, achieving 76.5% on U-525

XNLI compared to standard fine-tuning 45.6%.526

This suggests that XLM-R representations may527

be more amenable to parameter-efficient adapta-528

tion, at least for certain task types in the Urdu529

language. It is worth mentioning that we strate-530

gically evaluate each method in settings where531

it is most applicable, e.g., prompt-based meth-532

ods for extremely low-resource scenarios (zero-533

shot, 16-shot) and parameter-efficient methods for534

resource-constrained fine-tuning with sufficient535

data (80/20 split). Standard fine-tuning provides536

a consistent baseline across all settings (zero-shot,537

16-shot, and 80/20 split).538

5.2 Performance with Zero-Shot and539

16-Shots540

Without any task-specific training, PLMs perfor-541

mance varies dramatically across different tasks.542

XLM-R shows better zero-shot transfer than543

mBERT, particularly on POS tagging, where it544

achieves 85.3% compared to mBERT 15.0% as545

shown in Table 3. This gap highlights the impor-546

tance of pre-training data and model architecture547

for cross-lingual transfer. In comparison to stan-548

dard fine-tuning, prompt-based methods in zero-549

shot settings are not as effective. This is ob-550

vious because without task-specific training, the551

model hasn’t learned to follow prompt patterns ef-552

fectively. The main question is: “What happens553

when we have just a handful of examples?” The 554

16-shot results reveal some interesting findings in 555

response to the mentioned question. With just 16 556

examples per class, ADAPT consistently delivers 557

substantial improvements over both standard FT 558

and fixed-template prompting. For instance, on the 559

paraphrase detection task with XLM-R, ADAPT 560

achieves 86.1% accuracy compared to standard 561

fine-tuning 25.0%. For mBERT on the same task, 562

the gain is similarly dramatic, 72.2% (ADAPT) 563

versus 42.86% (standard FT). 564

It is important to mention the inherent limitation 565

of MLM, requiring discrete label words. For U- 566

STS-B task, we discretize continuous scores into 567

five bins: [0-1): “unrelated”, [1-2): “distant”, [2- 568

3): “similar”, [3-4): “closely”, [4-5]: “identical”. 569

For evaluation, we convert predicted bins to con- 570

tinuous scores using bin midpoints and compute 571

Pearson correlation for consistency with GLUE 572

benchmarks. We acknowledge this discretization 573

loses fine-grained supervision and may not be 574

directly comparable to regression-based methods. 575

However, ADAPT achieves 49.4% and standard 576

FT achieves 30.27% on mBERT. These results 577

suggest that dynamic template selection helps the 578

model better capture semantic relationships when 579

limited data is available. ADAPT also improves 580

performance on several other tasks, e.g. for 581

Winograd-style inference (U-WNLI), we see con- 582

sistent gains as 59.2% (ADAPT) versus 54.93% 583

(standard FT) with mBERT, and 52.1% (ADAPT) 584

versus 45.07% (standard FT) with XLM-R. On 585

U-CoLA, XLM-R with ADAPT reaches 74.1% 586

compared to 65.29% with standard fine-tuning. 587

Sequence labeling presents an interesting results. 588

With XLM-R, ADAPT achieves 89.9% on POS 589
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Method Single-Sentence Sim. & Para. Inference Seq. Label.
UCoLA SST-2 SST-M Par. USTS-B UXNLI Bl-Q UWNLI POS NER

Zero-shot: bert-base-multilingual-cased (mBERT)
Stand. FT 69.1 53.3 72.2 46.4 09.1 35.1 28.5 60.6 15.0 14.0
Prompt-FT 46.69 47.96 30.28 46.43 18.67 33.98 24.60 46.48 11.72 24.57

Zero-shot: xlm-roberta-base (XLM-R)
Stand. FT 71.2 55.8 75.5 53.6 37.3 38.1 29.8 56.3 85.3 53.4
Prompt-FT 68.65 65.65 56.25 46.43 19.60 33.49 26.11 53.52 18.82 28.22

16-shot: bert-base-multilingual-cased (mBERT)
Stand. FT 53.60 52.04 67.04 42.86 30.27 34.78 27.32 54.93 46.88 33.48
Prompt-FT 62.61 50.34 63.73 21.43 35.40 35.18 27.22 50.70 57.64 16.63
ADAPT 59.2 53.3 41.7 72.2 49.4 37.9 31.3 59.2 41.6 20.0

16-shot: xlm-roberta-base (XLM-R)
Stand. FT 65.29 73.13 84.60 25.00 27.27 35.34 30.54 45.07 52.42 27.25
Prompt-FT 61.65 77.55 83.16 50.00 33.07 38.15 26.41 50.70 62.67 29.29
ADAPT 74.1 50.3 64.6 86.1 19.6 35.5 15.4 52.1 89.9 21.1

Table 3: Performance comparison on zero-shot and 16-shot settings. ADAPT refers to our proposed Adaptive
Dynamic Prompt Template method. Bold indicates best performance per model and setting. Results are reported
as accuracy (%) except for U-STS-B (Pearson correlation). Par: Paraphrase detection, Bl-Q: Bool Questions)

tagging, better than standard fine-tuning’s 52.42%.590

This suggests that even for structured prediction591

tasks, dynamic prompting can be highly effective592

in few-shot scenarios.593

ADAPT performs better on semantically com-594

plex tasks like paraphrase detection and textual595

similarity, where prompt formulation matters most.596

Both mBERT and XLM-R benefit from ADAPT597

in 16-shot settings, indicating robustness across598

models. Our results reveals that (1) with abundant599

data (80/20 split), standard fine-tuning works best,600

(2) with limited data (16-shot), ADAPT provides601

substantial improvements. Comparing with fixed-602

template prompt-based fine-tuning, we noticed603

that ADAPT consistently outperforms. These find-604

ings extend beyond Urdu to other (relevant) low-605

resource languages, suggesting that the approach606

is robust across various tasks. ADAPT appears607

most valuable for semantically complex tasks608

where prompt formulation significantly affects per-609

formance. For simpler tasks or when more data610

becomes available, traditional fine-tuning may be611

more practical.612

6 Conclusion613

We introduced Urdu-GLUE, the first comprehen-614

sive benchmark for Urdu language understanding.615

Urdu-GLUE comprises ten diverse tasks across616

single-sentence classification, similarity and para-617

phrase detection, inference, and sequence label-618

ing. We created four new datasets, (1) U-CoLA, 619

(2) U-WNLI, (3) U-STS-B, and U-XNLI (prepro- 620

cessed). To address the challenge of limited la- 621

beled data in low-resource languages (specifically 622

for Urdu language), we proposed ADAPT, a novel 623

dynamic prompt-based fine-tuning strategy for en- 624

coder models. ADAPT systematically explores 625

multiple candidate templates during training and 626

automatically identifies the optimal formulation 627

for each task. 628

Our comprehensive experiments across three 629

data regimes reveal clear patterns. In the ex- 630

treme few-shot setting (16 examples per class), 631

ADAPT consistently outperforms standard fine- 632

tuning, achieving up to 61% percentage points 633

of improvement on semantic tasks. These gains 634

demonstrate that thoughtful prompt engineering 635

combined with dynamic template selection can 636

dramatically improve model performance when la- 637

beled data is scarce. Our findings have practi- 638

cal implications for low-resource language under- 639

standing. Prompt-based methods should be priori- 640

tized when working with limited data, particularly 641

for semantically complex tasks. We publicly re- 642

lease all datasets and code to facilitate future re- 643

search and establish Urdu-GLUE as a benchmark 644

for the Urdu NLP community. 645
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Limitations646

Our work has several limitations. Four of ten647

tasks/datasets are translated from English, which648

may introduce artifacts despite careful manual ver-649

ification by native speakers. While we maintained650

translation quality and aimed for natural Urdu651

phrasing, some syntactic patterns may still reflect652

English structures. Cultural nuances posed some653

challenges. WNLI pronoun resolution cannot fully654

reflect Urdu’s formality distinctions e.g. ( تو,     تم,    آپ   ) 655

all translate to “you” in English. We preserved656

such distinctions where possible, but complete cul-657

tural adaptation remains difficult when translat-658

ing standardized benchmarks. For U-STS-B, we659

discretize continuous scores into bins for prompt-660

based methods, which loses fine-grained super-661

vision. While ADAPT shows strong results for662

Urdu, validation on other low-resource languages663

would strengthen generalizability claims.664

Ethical considerations665

All datasets utilized in this research work are666

either manually translated from public English667

sources/datasets or existing Urdu datasets, no pri-668

vate data was collected. By creating resources669

for Urdu (246 M speakers), we aim to bridge the670

gap between high-resource and low-resource lan-671

guages. We release all resources publicly to en-672

sure equitable access for researchers, particularly673

in Urdu-speaking regions.674
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No. Task Category English Urdu Dataset Classes
Single-Sentence Tasks

1 Grammatical Acceptability CoLA U-CoLA Binary
2 Binary Sentiment SST-2 Urdu Sentiment Binary
3 Multi-class Sentiment SST-M Urdu Multi-Domain 3-class

Similarity and Paraphrase Tasks
4 Paraphrase Detection MRPC, QQP UPPC Binary
5 Semantic Similarity STS-B U-STS-B 0–5

Inference Tasks
6 Natural Language Inference MNLI, RTE U-XNLI 3-class
7 Question Answering QNLI OpenBookQA Urdu Binary
8 Winograd NLI WNLI U-WNLI Binary

Sequence Labeling Tasks
9 POS Tagging Penn Treebank Urdu POS 34 tags
10 Named Entity Recognition CoNLL-2003 UNER 8 entities

Table 4: Overview of Urdu-GLUE benchmark showing task categories, source datasets, and statistics.
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A Appendix866

A.1 Overview of Urdu-GLUE Tasks867

Table 4 provides an overview of the Urdu-GLUE868

benchmark. For each task, we specify the cor-869

responding English dataset form the Wang et al.870

(2018) paper. Single sentence tasks includes871

three datasets, U-CoLA for grammatical accept-872

ability, binary sentiment analysis, and multi-class873

(3 classes) sentiment analysis. The next category874

is similarity and paraphrase detection. This task875

comprises UPPC for paraphrase detection and U-876

STS-B for semantic similarity. The U-STS-B em-877

ploys a regression-style approach with similarity878

scores ranging from 0 (differnet) to 5 (similar).879

Natural language inference is evaluated through880

three diverse tasks including U-XNLI, Open-881

BookQA Urdu (Bool Questions), and U-WNLI for882

Winograd-style NLI. Urdu-GLUE benchmark in-883

cludes two structured prediction tasks, i.e., Urdu884

POS tagging named entity recognition.885

A.2 ADAPT Templates 886

We provide all the templates used for the ADAPT 887

methodology across all datasets. For each dataset, 888

we manually create 10 diverse templates in Urdu 889

to facilitate dynamic prompt-based fine-tuning 890

(ADAPT). Each template includes a [MASK] token 891

position where the label/verbalizer is predicted 892

during the ADAPT training process. English trans- 893

lations are provided alongside the Urdu templates 894

for reference and reproducibility. 895



Table 5: COLA, SST-2, and SST-M Dataset Templates 

Table 6: Paraphrase Dataset Templates 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Templates (Urdu) English Translation 

ک جیسے ہیں؟  [MASK]اور کیا ای 
And are they the same? [MASK] 

 ہے۔ک [ MASK]اور معنی کی مطابقت
The semantic similarity is [MASK]. 

ک دوسرے کی تکرار ہیں؟ک  [ MASK]کیا یہ دونوںک جملے اور ای 
Are these two sentences repetitions of each other? 

[MASK] 

 ہے۔ک [ MASK]کے مطابق
According to, is [MASK]. 

 ہے۔ک[MASK] دونوںک جملے کا تعلق
Both sentences have a relation that is [MASK]. 

ک جیسے خیال رکھتک ہیں؟  [ MASK]اور ای 
And do they hold the same idea? [MASK] 

 ہے۔[MASK] اور کے الفاظ کی ہم آہنگی
The harmony of words is [MASK]. 

 ہیں۔ [ MASK] اگر ہم اور کو دیکھیں تو یہ
If we look at them then they are [MASK]. 

 سمجھا جا سکتک ہے۔ [MASK] کی روشنی میں
In light of, can be understood as [MASK]. 

 ہے۔ک [MASK]اور کے بیچ مفہوم کا تعلق
The relationship of meaning between is [MASK]. 

 

Templates (Urdu) English Translation 

 ہے۔  [ MASK]  یہ جملہ
This sentence is [MASK]. 

 ہے۔  [MASK]دی گئی عبارت کا مواد اور پیغام
The given text, its content and message is [MASK]. 

 ہے۔ک[MASK]    اس عبارت کا تجزیہک کریں: اس کا احساسک ی ا موڈ
Analyze this text: its feeling or mood is [MASK]. 

ا ہےک کہ یہ مواد

 

 ہے۔  [MASK]جملہ: ہمیں بتای
Sentence: tells us that this content is [MASK]. 

 ہے۔   [ MASK]اس عبارت کا مطلک
This text’s meaning is [MASK]. 

 [ MASK]اس معاملے میں حتمی رائے
In this matter the final opinion is [MASK] 

 [MASK]اس مواد کی تشریح
The interpretation of this content is [MASK] 

 [MASK]اس حوالے سے فیصلہ
The decision in this regard is [MASK] 

 [ MASK]اس متن کی درجک بندی
The classification of this text is [MASK] 

 [MASK]اس اظہار کا نتیجہ
The result of this expression is [MASK] 
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Table 7: XNLI Dataset Templates 

Table 7: XNLI Dataset Templates 

Table 8: BOOLQ Dataset Templates 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Templates (Urdu) English Translation 

 ہے۔ک[MASK] سوال: جواب: یہ جواب
Question: Answer: This answer is [MASK]. 

 ہے۔ک [MASK]کے لیے جواب صحیح طور پر
For, the answer is correctly [MASK]. 

ا چاہیے۔ک [ MASK]مندرجک ذیل سوال: انتخاب: نتیجہ

 

 ہوی
The following question: Choice: the result should be 

[MASK]. 

ک جواب

 

 ہے۔ک [MASK]سوال: اور آپشن: درس
Question: and option: the correct answer is [MASK]. 

 ہے۔ک [MASK]کے سوالک کے لیے انتخاب جواب
For the question, the choice as answer is [MASK]. 

 [ MASK]سوال: جواب: یہ جواب ہے
Question: Answer: This answer is [MASK] 

 ہے۔ک [MASK]کے لیے آپشن: صحیح جواب
For, option: the correct answer is [MASK]. 

  [MASK]سوال: انتخاب: نتیجہ
Question: Choice: result [MASK] 

 ہے۔ک[MASK] کے سوالک کا جواب نتیجہک
The answer to the question, result is [MASK]. 

 [MASK]اور انتخاب: صحیح جواب
And choice: correct answer [MASK] 

 

Templates (Urdu) English Translation 

 ہے۔ک [MASK]اور کا تعلق
The relationship is [MASK]. 

 ہے۔ک[MASK] پہلا جملہ: دوسرا جملہ: ان دونوں کے درمیانک تعلق
First sentence: Second sentence: the relationship 

between both is [MASK]. 

 ہے۔ک [MASK]کے مقابلے میں کا مفہوم
Compared to, the meaning is [MASK]. 

ک ہےک تو

 

 ہے۔ [ MASK]اگر درس
If it is correct then is [MASK]. 

 ہے۔ک [ MASK]بیان کے لحاظک سے
The statement in terms of is [MASK]. 

اک ہے۔ک [ MASK]کے درمیان رشتک

 

ی رار ی ا

 

 ق
The relationship is determined to be [MASK]. 

 ہے۔ک [MASK]پہلک جملے کی بنیاد پر دوسرا جملہ
Based on the first sentence, the second sentence is 

[MASK]. 

ا ہے۔ک [MASK]کے تناظر میں کا تعلق

 
 

 
 ب

In the context of, the relationship becomes 

[MASK]. 

ا ہے۔ک [ MASK]کے بعد کا نتیجہ

 

 سمجھا جای
After, the result is understood to be [MASK]. 

 ہے۔ک[ MASK] اور کے درمیان منطقی تعلق
The logical relationship is [MASK]. 
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Table 9: WNLI Dataset Templates 

Table 10: POS Dataset Templates 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Templates (Urdu) English Translation 

 ہے۔ک[MASK] کا تعلق
The relationship is [MASK]. 

 ہے۔ک[MASK] پہلا بیان: دوسرا بیان: ان کا تعلق
First statement: Second statement: their 

relationship is [MASK]. 

ا ہے؟ک[MASK] کیا سے

 

 ہوی
Does it become [MASK] from? 

 ہے۔ [ MASK]کی روشنی میں
In light of, is [MASK]. 

 ہے۔ک [ MASK]کا بیان کے مطابق
The statement according to is [MASK]. 

 ہے۔ک [MASK] کے درمیان منطقیک رشت
The logical relationship is [MASK]. 

 طور پر جڑا ہے۔ک [ MASK]سے ،
Is connected as [MASK] from. 

ا ہے۔ک [MASK] اگر دیکھیں تو

 
 

 
 ب

If we look at, then becomes [MASK]. 

اک ہے۔ک [MASK]کے حوالے سے

 

 سمجھا جای
In reference to, is understood as [MASK]. 

 ہے۔ک [ MASK]اور میں تعلق کی نوعیت
The nature of the relationship is [MASK]. 

Templates (Urdu) English Translation 

 [ MASK] :لفظ: حصہ کلام
Word: Part of speech: [MASK] 

 [ MASK]: جملے میں یہ لفظ کس قسک کا ہے
In the sentence, this word is of what type: [MASK]. 

 [ MASK]کیاک ہے؟کtagکPOS لفظ کا
What is the POS tag of the word? [MASK] 

 [MASK]یہ لفظ جملے میں کس زمرے کا ہے؟
This word belongs to which category in the sentence? 

[MASK] 

 [ MASK]: حصہ کلام
Part of speech: [MASK] 

 ہے۔ک[MASK] لفظ: اس کا حصہ کلام
Word: its part of speech is [MASK]. 

 [ MASK] ہے tagکPOS  لفظ کا
POS tag for is [MASK] 

 [ MASK] کسک قس کا لفظ ہے
Is what type of word: [MASK] 

 POS :[MASK ] → لفظ
Word → POS: [MASK] 

ا ہے؟کcategoryکPOS جملے میں لفظ کس

 

 [ MASK] سے تعلق رکھ
In the sentence, the word belongs to which POS 

category? [MASK] 
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Table 11: NER Dataset Templates 

Table 12: U-STS-B Dataset Templates 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Templates (Urdu) English Translation 

ک  ہے۔ک[MASK] جملہ: لفظ ای 
Sentence: the word is a [MASK]. 

 ہے۔ک [ MASK]میں موجود لفظ کی قس
The type of word present is [MASK]. 

ک ا ہے [MASK]مندرجک ذیل جملے میں: ای 

 

 :کے طور پرک آی
In the following sentence: comes as a [MASK]: 

 ہے۔ک[ MASK] جملے: لفظ کا درج
Sentence: the category of word is [MASK]. 

ک

 
 

 [ MASK] لفظ کی شناخ
→ identification of word: [MASK] 

ک  قسک کا لفظ ہے[MASK] جملہ میں ای 
In the sentence is a [MASK] type of word: 

 ہے۔ [ MASK]یہ لفظ جملے میں
This word in the sentence is [MASK]. 

 [ MASK]جملے میں لفظ کی قس کیا ہے؟
In the sentence, what is the type of word? 

[MASK] 

 [ MASK] جملہ: لفظ  کی درج بندی کریںک
Sentence: classify the word: [MASK] 

ک  کی مثالک ہے۔ک[MASK] ای 
Is an example of [MASK]. 

Templates (Urdu) English Translation 

 [ ہیں۔MASKآپس میں ]
They are [MASK] with each other. 

 [ ہیں۔MASKکے معنی] 
Their meanings are [MASK]. 

 [ ہے۔ MASKسے تعلق]
The relationship is [MASK]. 

 [ ہیں۔MASKمعنی کے لحاظ سے]
They are [MASK] in terms of meaning. 

 [ ہیں۔MASKایک دوسرے سے]
They are [MASK] with each other. 

 [ ہے۔ MASKسے ملایکا جائے تو نتیجہ]
When compared, the result is [MASK]. 

ا ہے۔MASKکا مفہوم]

ت
ن

 
 [ ب

The resulting meaning is [MASK]. 

 [ ہے۔MASKکے مقابلے میں]
“It is [MASK] in comparison.” 

 [ ہے۔MASKمیں معنی کا رشتہ ]
There is a [MASK] semantic relationship. 

 [ ہیں۔MASKایک جیسے ہونے کے لحاظ سے]
They are [MASK] in terms of similarity. 
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