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Abstract001

Many communities across the globe face a002
“low-resource double bind”: limited comput-003
ing power and scarce local-language data for004
local LLM development. Model compression005
techniques such as quantization are proposed006
as a solution, but the performance of quan-007
tized LLMs on low resource languages - es-008
pecially non-Latin scripts like Urdu - remains009
underexplored. In this study we evaluate the010
performance of eight quantized small LLMs -011
including Gemma3, LLama3.1 and GPT-oss -012
on eight specific Urdu generation and classifi-013
cation tasks. While GPT-oss leads in classifi-014
cation and Llama3.1 dominates in generation,015
we find all models exhibiting highly volatile016
performance and falling short of benchmarks017
across tasks. We further trace these results to018
the models’ training datasets and architectures,019
and find that smaller models like Gemma3 can020
perform at par with models 10 times their size021
when pretrained on multilingual corpora. Fi-022
nally, we present a quality evaluation of Urdu023
benchmarking datasets and scores, highlighting024
critical flaws and suggesting design principles025
for more faithful evaluations. Our study demon-026
strates that LLM quantizations can risk creating027
second-tier AI for low-resource communities in028
the absence of authentic evaluations on individ-029
ual low-resource languages.030

1 Introduction031

Quantization is a model compression technique that032

is increasingly being explored as a pathway for033

edge AI in low-resource environments, allowing034

Large Language Models (LLMs) to be deployed on035

devices with limited compute and storage capac-036

ity. Model quantization converts high-precision037

floating-point numbers (e.g. 32-bit floats) that038

represent model weights and activations into low-039

precision integers (e.g, 8-bit integers) to achieve040

smaller model size and faster inference speeds with041

minimal accuracy loss. The technique can be ap-042

plied in one of two settings - during training i.e.043

Quantization Aware Training (QAT) or after train- 044

ing i.e. Post Training Quantization (PTQ). PTQ is 045

particularly interesting because it offers the advan- 046

tage of compressing large multilingual models that 047

perform well on low-resource languages and pack- 048

age them into offline low-compute versions, which 049

is especially relevant to the context of communities 050

that face the low-resource double bind (Ahia et al., 051

2021) 052

The low-resource double bind is the phenomenon 053

wherein low-resource countries such as those in 054

the Global South are limited in their ability to cre- 055

ate their own localized LLMs as they possess nei- 056

ther the compute nor the high quality local lan- 057

guage datasets to train LLMs. Quantization thereby 058

emerges as a key solution to this challenge of so- 059

cially equitable LLM computing by enabling edge- 060

AI. In recent times, thousands of quantized mod- 061

els have been released on HuggingFace (Hugging 062

Face, 2025) and deployed in practical use cases, in- 063

cluding the biomedical industry (Zhan et al., 2025). 064

While numerous evaluations of state-of-the-art fron- 065

tier LLMs have been conducted (Jin et al., 2024b) 066

(Arif et al., 2024a) (Sindhujan et al., 2025), there 067

is surprisingly limited literature measuring the per- 068

formance of quantized LLMs, especially on low- 069

resource languages. In fact, a study reports that 070

the performance of quantized models degrades the 071

most for non-Latin scripts (Marchisio et al., 2024), 072

which overlap with many low-resource languages 073

such as Urdu. Without re-centering evaluations of 074

quantized LLMs on these communities, this current 075

landscape risks creating “second-tier AI” for low- 076

resource communities, exaggerating their double- 077

bind. 078

With this objective in this study, we evaluate the 079

performance of eight diverse mainstream quantized 080

LLMs on Urdu - a low-resource language native 081

to Pakistan, with 230 million speakers worldwide. 082

Pakistan has over 120 million Urdu speakers while 083

ranking 67th out of 116 on the English Proficiency 084
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index (EF) (EF Education First, 2024) , resulting085

in Urdu being the most accessible lingua franca for086

the region. However, Urdu remains low-resource087

because of a critical lack of digital assets, including088

large-scale annotated corpora.089

We evaluate models across eight generation and090

classification tasks, to report the true accessibility091

of quantized models for Urdu populations. Eval-092

uating these models, we uncover another dimen-093

sion of the double bind – poor quality benchmark094

datasets and inadequate scoring schemes, apart095

from training datasets. Hence, we present a de-096

tailed report on the flaws in state-of-the-art Urdu097

evaluation schemes, and suggest schemes that are098

more faithful.099

Our main contributions in this study are as fol-100

lows:101

1. Benchmarking: A comprehensive evaluation102

of quantized language models on Urdu tasks.103

2. Analysis: Analysis of performance differ-104

ences in terms of model architectures and train-105

ing datasets, identifying configurations that106

enhance Urdu understanding.107

3. Quality Assessment: Quality evaluation of108

existing Urdu benchmarking datasets and eval-109

uation schemes.110

4. Recommendations: Best practices for the de-111

sign and evaluation of quantized models for112

low-resource languages, particularly Urdu.113

2 Related Work114

2.1 Low Resource Languages115

Large Language Models (LLMs) have been widely116

reported to perform poorly on Low Resource Lan-117

guages (LRLs), owing to a multitude of shortcom-118

ings in the LLM pipeline - from training datasets119

to tokenizers to fine-tuning mechanisms. LRLs, es-120

pecially those like Urdu, are morphologically rich121

with complex grammar such as agglutinative proper-122

ties, which English-trained LLMs fail to generalise123

to. A study investigating translation capabilities124

of GPT models showed that the models achieve125

competitive scores when translating high-resource126

languages like English, but only show limited per-127

formance on low-resource languages such as Hausa128

and Icelandic without any significant improvement129

upon few-shot prompting (Hendy et al., 2023). An-130

other study identified and categorized “curses” of131

LLMs for low-resource languages into two cate- 132

gories: “harmfulness” and “relevance”, quoting 133

that GPT-4 produced harmful responses upon ma- 134

licious prompting 35% of the time for LRLs com- 135

pared to 1% for HRLs and irrelevant content in 20% 136

responses for LRLs versus 0% in HRLs (Shen et al., 137

2024). 138

Studies investigating Urdu in particular also re- 139

vealed that mainstream models including GPT and 140

Llama failed to meet the SOTA benchmark on 141

18 out of 20 Urdu tasks such as emotion clas- 142

sification and fake news detection (Tahir et al., 143

2025) whereas another study demonstrated GPT-4 144

achieving around 13% lesser F1 scores for Urdu on 145

question-answering as compared to English. (Kazi 146

et al., 2025). Another study evaluating LLM-based 147

translation quality estimation for low-resource lan- 148

guages including Hindi (mutually intelligible with 149

Urdu) and Arabic (similar script as Urdu) showed 150

that Latin-script languages such as English achieved 151

better performance due to efficient tokenization as 152

compared to non-Latin scripts like Arabic, while 153

the task was overall particularly difficult for mor- 154

phologically complex languages that lack sufficient 155

pre-training data (Sindhujan et al., 2025). Finally, it 156

was also shown that large “generalist” models like 157

GPT-5 perform poorly compared to smaller, LRL 158

fine-tuned “specialist” models, because of sparse 159

representation of LRLs in their training datasets - es- 160

tablishing that frontier LLMs underperform on low 161

resource languages without necessary downstream 162

processing (Arif et al., 2024a). This has necessi- 163

tated development of fine-tuned Urdu LLMs such 164

as UrduLLaMA (Fiaz et al., 2025), Lughaat (No- 165

man, 2025) and Alif (large traversaal, 2025) which 166

show significant performance improvements over 167

their base models such as Llama. 168

2.2 Quantized LLMs Evaluation 169

Model quantization schemes are broadly catego- 170

rized into Post-Training Quantization (PTQ) and 171

Quantization Aware Training (QAT). While QAT 172

trains with the objective of optimal accuracy upon 173

quantization, PTQ methods suffer from perfor- 174

mance degradation termed as the quantization loss. 175

A study found aggressive 2-3 bit quantization pro- 176

ducing up to 32.39% accuracy degradation on math- 177

ematical reasoning tasks in Llama-3 models (Li 178

et al., 2025) while another study found LLMs losing 179

instruction-following abilities when quantized to 2 180

bits (Jin et al., 2024a). A multi-dimensional evalu- 181

ation of two quantized LLMs across 23+ languages 182
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revealed differential degradation across tasks com-183

pared to the original model, with mathematical184

tasks degrading up till 17.3% and multilingual com-185

prehension using the Belebele benchmark showing186

a 8.5% degradation (Marchisio et al., 2024). The187

evaluation also showed a disproportionate degrada-188

tion across languages, particularly showing that the189

degradation for non-Latin scripts was 3.7% against190

3.0% for Latin scripts. This is an important find-191

ing as non-Latin scripts also coincide with some192

low-resource languages such as Arabic and Urdu.193

While another section of literature evaluates194

quantized LLMs on other benchmarks including ef-195

ficiency, alignment and memory (Zhao et al., 2025),196

there is limited literature on thorough knowledge197

and capacity evaluations of quantized LLMs on in-198

dividual low resource languages across tasks, with199

a critical gap for Urdu. Existing studies often eval-200

uate quantizations of larger models (>8B) and/or201

a small number of models, while also sometimes202

fine-tuning the models before quantization. To our203

knowledge, ours is the first study to evaluate a di-204

verse range of mainstream LLMs’ quantizations205

across multiple tasks specifically for Urdu.206

3 Methodology207

3.1 Datasets208

We use the datasets directly from the repository cre-209

ated by Arif et al. (2024a). Details of each dataset210

are as follows.211

Generation212

• Question-Answering. A collection of three213

datasets: (1) UQA (Arif et al., 2024b), an214

Urdu translation of the Stanford Question An-215

swering Dataset (Rajpurkar et al., 2016), (2)216

UQuAD1, built using various sources includ-217

ing Wikipedia articles and YouTube videos,218

and (3) Wiki-UQA2, generated entirely from219

Wikipedia articles. UQuAD consists of only220

answerable questions, while UQA and Wiki-221

UQA also contain unanswerable questions,222

with all three of them based on extractive223

question-answering.224

• Transliteration. The Dakhsina dataset by225

Google (Roark et al., 2020), consisting of na-226

tive script Wikipedia text along with its roman-227

ization.228

1https://github.com/ahsanfarooqui/UQuAD—Urdu-
Question-Answer-Dataset/tree/main

2https://huggingface.co/datasets/uqa/Wiki-UQA

• Translation. OPUS-100 (Zhang et al., 2020; 229

Tiedemann, 2012), a sampling of the OPUS 230

corpus containing English-Urdu sentence 231

pairs sourced from multiple corpora including 232

movie subtitles and GNOME documentation. 233

• Summarization. XSUMUrdu (Munaf et al., 234

2024), containing abstractive and extractive 235

summaries of data scraped from the BBCUrdu 236

and DW Urdu News websites. 237

Classification 238

• Sentiment Analysis. The Urdu IMDB dataset, 239

created by translating IMDB rmovie reviews 240

(Maas et al., 2011) into Urdu using Google 241

Translator. The sentiment labels are only posi- 242

tive or negative. 243

• Topic Classification. The Urdu-News- 244

Headline-Dataset3, consisting of news head- 245

lines and summaries of digital Urdu news ar- 246

ticles, categorised into eight topics: business, 247

entertainment, health, politics, science, sports, 248

world and other. For our task, we use the head- 249

lines as our input. 250

• Named Entity Recognition (NER). The urdu- 251

ner dataset on HuggingFace4, containing NER- 252

tags for each token in Urdu sentences. There 253

are eight tags: person, organization, number, 254

location, designation, date, time, and other. 255

One token per entry to be classified is wrapped 256

in <h1> tag for out prompt. 257

• Part-of-Speech (PoS) Tagging. The Univer- 258

sal Dependencies dataset (Nivre et al., 2020) 259

for Urdu, annotated with a PoS-label for each 260

token in sentences. Target tokens are wrapped 261

in the <h1> tag similarly to NER. There are 262

19 labels, shown in Table 9. 263

3.2 Models 264

We evaluate a selection of recent, instruction-tuned 265

small Large LanguageModels (LLMs) from diverse 266

model families, encompassing a variety of model 267

architectures and training datasets. These models 268

represent the cutting edge in open-source AI, each 269

with unique strengths and design philosophies. The 270

selected models with their training data size and 271

composition are listed in Table 1. For simplicity 272

3https://github.com/mwaseemrandhawa/Urdu-News-
Headline-Dataset

4https://huggingface.co/datasets/mirfan899/urdu-ner

3
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throughout the rest of the paper, we refer to the273

models without their version numbers, except for274

Gemma models.275

3.3 Model Setup276

For our model setup, we use llama.cpp5 due to its277

widespread support for on-device inference across278

models as well as edge devices. llama.cpp uses279

the .gguf file format with multiple quantization280

levels such as Q4_K_M, Q5_K and Q6_K – each with281

its own tradeoffs. For our experiments, we use the282

Q4_K_M quantizations as they offer the best balance283

between speed, size and performance (perplexity284

and accuracy). The Q4_K_M level uses 4-bit, group-285

wise quantization with medium-precision. We di-286

rectly downloaded the Q4_K_M.gguf file for each287

of our models from HuggingFace and did not per-288

form any quantization ourselves. The files are listed289

in Appendix E. We utilised GPU offloading support290

of llama.cpp to run our evaluations faster while291

preserving the output quality.292

We host our models on llama-server and use the293

/v1/chat/completions API to fetch responses.294

We set the temperature to 0.0 and let llama.cpp295

use default values for other sampling parameters296

such as top-k and top-p.297

3.4 Experimental Design298

We benchmark the performance of the models on299

each task using standard metrics. For all the clas-300

sification tasks, we compute the Macro-F1. We301

use SQuAD F1 (Rajpurkar et al., 2016) (Rajpurkar302

et al., 2018) for question-answering, ROUGE-L303

(Lin, 2004) withword-level tokenization for summa-304

rization, SacreBLEU (Post, 2018) for transliteration305

and translation. Additionally for generation tasks,306

we exclude responses where the model produced307

output containing more than 50% English char-308

acters, representing the model answering almost309

entirely in English instead of Urdu. We assume310

non-English characters to be Urdu, based on the311

observation that model outputs were ever entirely312

in another language except English, although they313

often produced a few Chinese, Hindi or Russian314

tokens in the middle of sentences. We do not filter315

based on the percentage of Urdu characters however,316

to accommodate the various Unicode representa-317

tions and diacritic variants commonly present in318

Urdu text. While we evaluate all tasks using the319

original dataset and labels, we evaluate two tasks320

5https://github.com/ggml-org/llama.cpp

- question-answering and PoS-tagging - in two dif- 321

ferent settings. 322

• Question-Answering: Abstain vs No- 323

Abstain. For the first setting in question- 324

answering, we prompt the model to abstain 325

from answering if the answer is not found in 326

the text, while in the other we remove this 327

explicit instruction. 328

• PoS-tagging: Merged vs Unmerged Labels. 329

For PoS tagging, we create a variant of the 330

original dataset where we merge the labels 331

into broader categories. This is based on the 332

hypothesis that smaller models may struggle to 333

differentiate micro-categories within broader 334

ones. The merged categories were constructed 335

as follows: 336

1. subordinating conjunction, coordinating 337

conjunction → conjunction 338

2. symbol, _, punctuation mark → symbol 339

3. proper noun, noun → noun 340

4. auxiliary verb, verb → verb 341

3.5 Prompt Design 342

As reported in Khondaker et al. (2023) and refer- 343

enced in Arif et al. (2024a), English prompts were 344

observed to perform better than the Arabic ones 345

while benchmarking ChatGPT on Arabic - a low- 346

resource language. Therefore, we also design all 347

our prompts in English for evaluating Urdu per- 348

formance. To create prompts for evaluating small 349

quantized LLMs on low-resource languages, we 350

define the following design principles: 351

• Concise. We keep the prompt length minimal, 352

accounting for the relatively smaller context 353

windows of small LLMs. 354

• Precise. Instead of using generic prompts, we 355

design context-specific ones tailored to the 356

dataset. For example, instead of “classify the 357

given Urdu text into one of the following la- 358

bels…”, we use “classify the given Urdu news 359

text into one of the following topics…”. This 360

is aimed at reducing model confusion as much 361

as possible while interpreting a low-resource 362

language and improving reasoning accuracy. 363

• Simple. We keep prompts grammatically sim- 364

ple. For example, instead of “classify the given 365

movie review into one of the following senti- 366

ment labels: [’positive’, ’negative’]“, we use 367

4
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Model Size (billion parameters) Training Dataset
Qwen2.5 1.78 Primarily English (Yang et al., 2024)
Gemma 2 2.61 Primarily English (Team, 2024)
Gemma 3 3.88 Multilingual (Team, 2025)
Phi3.5-mini 3.82 Multilingual (Abdin et al., 2024)
Mistral-7B 7.42 Primarily English (Jiang et al., 2023)
Deepseek-R1-Distill-Qwen 7.62 Primarily English (Guo et al., 2025)
Llama 3.1 8.03 Multilingual with Urdu (Grattafiori et al., 2024)
GPT-oss 20.9 Multilingual (OpenAI, 2025)

Table 1: Model Quantizations Evaluated

“classify the given movie review as ’positive’368

or ’negative’ based on its sentiment”. This369

attempts to lighten the model’s limited “cogni-370

tive load” or attention from unnatural syntax371

parsing and focusing it towards instruction un-372

derstanding.373

Following these principles, we design zero-shot374

prompts structured into a given template shown in375

the Appendix C.376

4 Results377

We analyze the performance across tasks of each378

model against its size, and put these results into con-379

text using a baseline. The baseline value selected380

was the performance of GPT-4 Turbo with zero-shot381

prompting on the same datasets, as reported in Arif382

et al. (2024a). We consider it a lenient benchmark383

because it represents the state-of-the-art from the384

best general model in 2024. The results are shown385

in Table 2 and Figure 1.386

4.1 Generation387

For all generation tasks except summarization,388

Llama outperformed all models scoring 57.96389

SQuAD-F1 on Question-Answering, 21.95 Sacre-390

BLEU on transliteration, 14.67 SacreBLEU on391

ur-en Translation, and 6.59 SacreBLEU on en-ur392

Translation. For summarization, Gemma2 achieved393

the highest Rouge-L score of 0.24. We observe the394

performance of Gemma3 to be at par with Llama395

despite being half the model size, especially on396

tasks such as Transliteration and ur-en Transla-397

tion where Gemma3 scores 20.73 and 6.30 Sacre-398

BLEU respectively. Gemma2 also joins this high-399

performing pair on Question Answering and ur-en400

Translation, with the performance difference be-401

tween Gemma2 and Gemma3 being 0.44 and 1.50402

respectively. For other tasks, Gemma2 lies closer to403

a mid to low-performing cluster comprised of Phi,404

Mistral, Deepseek, Qwen, and GPT. While Qwen, 405

Phi and Mistral achieve mid-tier performance on 406

tasks such as Question-Answering and Translitera- 407

tion, the others in the low-performing cluster per- 408

form below 50% of the performance of Llama on 409

all tasks except summarization. The performances 410

of these models fall as low as SacreBLEU 0.14 for 411

Deepseek and 0.611 for GPT on Transliteration, as 412

well as 0.0392 for Qwen on ur-en Translation. 413

Performance close to the benchmark is achieved 414

on all tasks except Translation (en-ur), with∆=8.32 415

for Question-Answering, ∆=8.38 for Translitera- 416

tion, ∆=1.62. For Translation (en-ur), the maxi- 417

mum performance of Llama remains at 58% of the 418

benchmark. In summarization, the benchmark is 419

surpassed by Gemma2 achieving a performance 420

of 0.24 Rouge-L against the 0.22 benchmark. Our 421

findings on translation are also consistent with prior 422

work (Sindhujan et al., 2025, Nguyen et al., 2024) 423

showing that scores are higher when English is the 424

target language, and the low-resource double bind 425

is prominent in the opposite scenario. 426

No clear correlation was observed between 427

model size and performance for generation - the 428

largest model i.e. GPT performed poorly while any 429

given size category also featured significant perfor- 430

mance differences, with Llama and Deepseek as 431

examples. 432

4.2 Classification 433

Across all classification tasks, GPT consistently 434

outperforms other models, achieving the highest 435

Macro-F1 scores on all tasks - 0.63 on Topic Classi- 436

fication, 0.87 on Sentiment Analysis, 0.54 on NER, 437

and 0.42 on POS Tagging. Its performance closely 438

matches the benchmark, with deltas of 0.13, 0.03, 439

0.07, and 0.11 respectively, demonstrating robust 440

generalization across multiple classification tasks of 441

different label set sizes. GPT is closed followed by 442
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Task Qwen2.5 Gemma 2 Phi3.5-mini Gemma 3 Mistral-7B Deepseek Llama 3.1 GPT-oss
QA (abstain) 27.60 50.91 27.54 43.23 13.90 4.80 71.39 15.76
QA (no-abstain) 38.07 47.16 36.12 47.60 26.66 16.86 57.96 23.12
Transliteration 1.35 9.85 2.66 20.73 5.13 0.14 21.95 0.61
Translation (ur-en) 3.05 10.12 2.54 11.62 6.55 3.02 14.67 3.70
Translation (en-ur) 0.04 3.21 0.40 6.30 0.62 0.24 6.59 3.00
Summarization 0.21 0.24 0.19 0.21 0.16 0.15 0.08 0.20
Topic Classification 0.35 0.53 0.28 0.57 0.40 0.48 0.40 0.63
Sentiment Analysis 0.60 0.79 0.31 0.84 0.42 0.74 0.66 0.87
NER 0.35 0.35 0.35 0.43 0.35 0.40 0.11 0.54
POS-Tagging (Merged) 0.18 0.13 0.21 0.24 0.35 0.18 0.24 0.42
POS-Tagging (Unmerged) 0.15 0.05 0.18 0.17 0.21 0.12 0.16 0.42

Table 2: Evaluation results. Eight quantized models are evaluated across eight generation and classification tasks on
Urdu.
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Figure 1: Model performance against model size in billion parameters on Urdu Generation and Classification tasks.

Gemma2 and Gemma3, particularly in Topic Clas-443

sification and Sentiment Analysis, where Gemma3444

shows a difference of only 0.03 and 0.06 points, 445

despite being less than one-fifth the size of GPT. A 446
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mid-tier cluster is observed comprised of Deepseek,447

Qwen, and Mistral, all scoring between 0.35–0.48448

on topic classification and 0.41–0.74 on sentiment.449

Llama and Phi form a low performing tier with450

Macro-F1 scores as low as 0.11 for Llama on NER451

and 0.28 for Phi on Topic Classification.452

A contrast is observed between token-level tasks453

(NER and POS-tagging) and text-level understand-454

ing tasks (Topic and Sentiment Classification).455

Token-level tasks feature all models clustering in456

similar performance ranges, suggesting a shared dif-457

ficulty in token-level classification, whereas higher458

variability is observed in scores across models for459

text-level tasks, suggesting higher model sensitivity460

to architecture and training datasets for text under-461

standing.462

While model size generally correlates with per-463

formance, there are notable exceptions such as464

Gemma2 surpassing models 10 times its size - Mis-465

tral and Deepseek - on Topic Classification and466

Sentiment analysis.467

All models achieve over 50% of benchmark per-468

formance on Topic Classification, Sentiment Analy-469

sis, and NER; however, for POS tagging, all except470

GPT fall below the 50% threshold, a challenge we471

attribute to the micro-labels in the label list and472

explored in the special setups section.473

4.3 Model Variance474

Examining the ranks of each model across each task475

as shown in Figure 4 reveals that the models show476

highly inconsistent performance. While Gemma3477

is the only model performing at a constant high478

ranking across most tasks, other models such as479

Phi and Mistral show high variance between tasks,480

fluctuating between high and low ranks. Figure 2481

further clarifies this high performance irregularity,482

showing that models that offer good performance483

on a certain type of tasks (generation/classification)484

often fail drastically at the converse set of tasks -485

implying a classification-generation performance486

tradeoff.487

Analysing the average generation and classifi-488

cation scores of models as shown in Figure 3, we489

observe all models performing better on classifi-490

cation with drastic performance differences with491

generation. While Llama remains the only model492

with a balanced performance on both tasks, all other493

models demonstrate a 1.5x or higher performance494

on classification, up to as high as 3x for Mistral,495

5.75x for Deepseek, and 5.2x for GPT.496

A notable phenomenon is observed for Llama497

and GPT - the top performers. These models main- 498

tain the highest rankings on one type of task (gener- 499

ation or classification) but drop to the lowest ranks 500

for the other task. Inspection of model predictions 501

revealed that both models were facing degenera- 502

tive looping - with Llama repeatedly outputting all 503

labels instead of one for POS-tagging, and GPT 504

repeating the same thinking until the output token 505

limits ran out for generation tasks. 506

This classification-generation tradeoff can be ex- 507

plained in terms of the testing objectives of each 508

type of task and the nature of model embeddings. 509

Generation tasks probe token-level comprehension 510

of Urdu morphology and semantics, while classifi- 511

cation tasks require discourse-level understanding 512

of the entire text, indicating that models perform 513

better at text-level than the token-level. This can 514

be attributed to our classification labels being in 515

English, enabling cross-lingual transfer via the la- 516

bel embeddings trained across large web corpora 517

in multiple languages. On the contrary, genera- 518

tion tasks require Urdu specific training, which 519

was missing in the training corpora of the models. 520

Within classification, NER and POS also analyse 521

on the token-level. While POS did emerge as the 522

most challenging task, NER saw high performance 523

across all models - this can be attributed to POS 524

tags being largely independent of the whole text 525

and focused on the single token only whereas NER 526

is highly context dependent to classify the single 527

token. Hence, these results only further solidify our 528

understanding of model abilities being superior on 529

whole text over tokens in Urdu. 530

4.4 Special Setups 531

Abstain vs no Abstain. Models with strong per- 532

formance on the Question Answering task - mainly 533

LLaMA3.1 andGemma 2 - achieve higher accuracy 534

when asked to abstain if the answer is not present 535

in the passage. By contrast, models with weaker 536

performance - such as Mistral, DeepSeek, and Phi - 537

exhibit reduced accuracy under the abstention con- 538

dition. These findings suggest that high-performing 539

models display better calibration, demonstrating 540

greater confidence in their correct answers relative 541

to their incorrect ones which are more likely to 542

be abstained from to improve overall performance. 543

Conversely, low-performing models tend to lack 544

confidence even in their correct or partially correct 545

responses, leading them to abstain unnecessarily 546

and thus reducing overall accuracy. The results are 547

shown in Figure 5 in Appendix A. 548
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Merged vs Unmerged POS-tagging. Merging549

the POS labels into broader categories resulted550

in improved performance across all models ex-551

cept GPT, which exhibited a marginal decrease of552

0.001 points. The least-scoring model under the553

unmerged label setting - Gemma 2 - showed a 2.8-554

fold improvement in performance after merging.555

On average across all models, the ratio of merged556

to unmerged performance was 1.5, indicating that557

smaller models may struggle to reliably distinguish558

fine-grained POS categories in Urdu. A major fac-559

tor contributing to the observed improvement is that560

models produced the placeholder symbol (‘_‘) tag561

with notable frequency prior to label merging. The562

results are shown in Figure 6 in Appendix A.563

5 Factors Affecting Performance564

5.1 Training Dataset Size and Composition565

In addition to model size, the number of train-566

ing tokens and and multinguality of the training567

dataset are important factors affecting performance,568

as shown in Figure 7.569

For training tokens alone, we observe no clear570

correlation with the task performance. The perfor-571

mance of Llama with 15 trillion tokens is at par572

with that of Gemma3 in transliteration at 4 trillion573

tokens. Similarly, models on the lower end of train-574

ing dataset size such as Gemma2, Phi and Deepseek575

often outperform models on the upper end such as576

Llama and Qwen. Accounting for the dataset com-577

position explains these results - among the upper578

endmodels, Llama is the onlymodel trained onmul-579

tilingual corpora, confirming that complementing a580

high token count (15M+) with multingual datases581

is crucial for good performance. The performance582

of Gemma3 can also be attributed to its balanced583

pretraining mixture (Team, 2025), explicitly opti-584

mized for multilingual robustness and low-resource585

language coverage.586

It is also observed that Generation tasks are more587

sensitive to multilingual pretraining datasets. Pri-588

marily English models such Gemma2 and Mistral589

can perform moderately well on cross-lingual se-590

mantic transfer tasks such as Topic and Sentiment591

Classification but perform poorly on token-level592

Urdu tasks such as translation and transliteration.593

This confirms limited script generalization and dif-594

ferent scaling laws for Urdu and English upon quan-595

tization. In classification tasks, the gap between the596

performance of multilingual and non-multilingual597

models is smaller, owing to the English labels lever-598

aging cross-lingual transfer. 599

Overall, these results indicate that while multilin- 600

gual training datasets are essential for token-level 601

understanding such as Generation tasks, English- 602

focused training datasets produced via general web 603

crawls produce knowledge representations that can 604

leverage cross-lingual transfer to generalize to low- 605

resource languages for text-level understanding 606

such as Classification tasks. 607

5.2 A Pareto Frontier 608

The big question our study attempts to answer is: 609

does making models smaller through quantization 610

truly make them more accessible for low-resource 611

communities? Our data shows a general decline in 612

performance as model size decreases, suggesting 613

a trade-off between compute-efficiency and output 614

quality. However, as discussed above, performance 615

is a function of multiple variables beyond size. 616

We answer this question through an exciting ob- 617

servation: a Pareto frontier in the current state-of- 618

the-art of quantized Urdu models (Figure 8). A 619

Pareto frontier represents the optimal result achiev- 620

able within given constraints - in our case, the best 621

model performance possible within each size cate- 622

gory. While Pareto frontiers are well documented 623

for high-resource languages, our study provides the 624

first clear characterization for quantized models on 625

Urdu as a low-resource language. 626

Importantly, while the frontier establishes that 627

there is a size–performance trade-off, our results 628

also highlight strategies for shifting it outward. For 629

example, we observe that the Gemma models ap- 630

proach the performance of the much larger Llama 631

on generation tasks, suggesting that the perfor- 632

mance frontier of smaller models can be advanced 633

if they are trained on larger, more diverse datasets 634

or fine-tuned prior to quantization. 635

6 Limitations 636

While our study focused on specific setups, its limi- 637

tations highlight avenues for further exploration of 638

quantized LLMs in low-resource contexts. First, our 639

analysis used a single high-performance baseline 640

(GPT-4 Turbo). A more granular approach would 641

be to establish model-wise baselines, comparing 642

each quantized model against its un-quantized par- 643

ent. This would allow for a precise measurement 644

of performance degradation attributable directly 645

to the quantization process itself. Second, while 646

model size is a conventional proxy for computa- 647
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tional efficiency, a more user-centric metric would648

be inference speed (tokens per second) on common649

consumer hardware. Future work should measure650

this to provide a more practical assessment of real-651

world performance. Furthermore, our study was652

limited to a single quantization scheme (Q4_K_M); a653

comparative analysis of different quantization tech-654

niques (e.g., 2-bit, 8-bit, GGUF vs. AWQ) would655

reveal which methods best preserve linguistic capa-656

bilities for non-Latin scripts like Urdu. Additionally,657

we were unable to evaluate quantizations of Urdu658

fine-tuned LLMs such as UrduLLaMA (Fiaz et al.,659

2025), Lughaat (Noman, 2025), and Alif (large660

traversaal, 2025) on account of unavailability of661

their .gguf files or the performance of those avail-662

able on our prompts being inadequate, requiring663

changes in setup that would disrupt the standard-664

ization of the experiment. Finally, and most impor-665

tantly, automated metrics often fail to capture the666

nuances of human perception, especially for low-667

resource languages . A comprehensive human eval-668

uation is essential to create a more representative669

assessment of model quality. Such an evaluation670

could also investigate critical safety issues like hal-671

lucinations and censorship. Hallucinations can mis-672

inform users, while over-aggressive censorship can673

erase culturally relevant discourse, both phenomena674

disproportionately harm vulnerable communities675

and warrant dedicated study.676
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A Figures895

B Benchmark Quality896

While our methodology stands consistent with liter-897

ature in this area, we identified notable limitations898

in the state-of-the-art evaluation pipeline for Urdu.899

In this Appendix section, we present a task-wise900

analysis of benchmark quality and show how they901

pose significant limitations to Urdu evaluation.902

B.1 Translation903

Dataset. The en-ur subset of the OPUS-100 dataset904

is comprised significantly of religious texts, with905

the following features:906

(i) The writing is archaic and scriptural, in con-907

trast with modern natural language. e.g. con-908

tains a lot of “thee”, “thy” and Urdu equiva-909

lents.910

(ii) The translations present therein contain a lot of911

annotations in brackets that are not translations912

from the text. This includes true meanings of913

symbolic phrases, contextual information, and914

vocatives. Importantly, these annotations do915

not always contain corresponding annotations 916

in both languages. 917

(iii) Some entries (en-ur pairs) are truncated to the 918

extent that they do not preserve grammatical 919

or semantic sense. 920

(iv) Some entries are non-corresponding, i.e. the 921

English and Urdu texts are not related to or 922

translations of each other. 923

(v) A few entries do not contain Urdu, partially or 924

completely. 925

Examples of these cases are shown in Table 3. 926

Scoring. The SacreBLEU score is calculated as 927

an average number of exact matches across 1 to 4- 928

grams in the predicted text against the true reference 929

text. 930

Firstly, this leads to very low scores when models 931

output more modern natural language translations 932

that do not match the archaic translations present in 933

the dataset, despite capturing the correct semantic 934

meaning. This is the more frequent scenario as the 935

model is not prompted to output in any specific style. 936

To verify this claim, we ran a small experiment with 937

ChatGPT as a judge, as detailed below. 938

• Experiment Setup A. We sampled 10 random 939

en-ur pairs from the dataset and produced En- 940

glish translations using our most stable Urdu 941

model Gemma 3. We then prompted ChatGPT 942

to select the better translation between “Trans- 943

lation A” (dataset) and “Translation B” (pre- 944

dicted). We prompted with the same dataset 945

three times. 946

• Results A: The predicted translations won in 947

only 2/10 cases on average (2,2,2). These were 948

instanceswhere the reference translationswere 949

incorrect as in dataset feature (v). For the 950

cases where reference translations won, Chat- 951

GPT stated that they were more “accurate[ly] 952

Quranic” or “classical”. 953

• Experiment Setup B. We used the same en- 954

ur pairs and prompted ChatGPT to select the 955

better translation, with an additional instruc- 956

tion: “Evaluate based on naturalness and not 957

Quranic style”. We prompted with the same 958

dataset three times. 959

• Results B: The predicted translations won in 960

6/10 cases on average (5,6,8). Where predicted 961

translations won, ChatGPT stated that they 962
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Figure 4: Model rankings across tasks.
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Figure 8: Pareto Frontiers for each task.
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were more “natural”, “smooth”, and “accessi-963

ble”.964

Therefore, evaluating predicted translations965

against archaic and scriptural style translations with-966

out prompting the model to answer in that tone can967

be a misleading measure of model performance.968

A second limitation of the SacreBLEU score969

is that annotations (feature (ii)) disrupt n-grams970

matching when they are present in only one of the971

two reference texts, lowering the score.972

Among the alternatives, the COMET score can973

resolve these two issues by considering seman-974

tic overlap between the reference and prediction,975

whereas the chrF++ score faces the same limita-976

tions as it also based on character matching.977

Lastly, dataset features (iii), (iv) and (v) lead to978

low scores regardless of the scoring scheme and979

model output.980

B.2 Transliteration981

Dataset. While the transliteration dataset itself does982

not contain any notable discrepancies, it features983

certain variations that are typical of Urdu transliter-984

ation. These variations also exist in model predic-985

tions, which can result in false mismatches while986

scoring.987

As observed in the dataset and model predictions,988

Urdu is commonly transliterated (romanized) in989

multiple ways due to the following factors:990

(i) Some Urdu sounds can be mapped to multiple991

English alphabets. For example, ‘‘ی” at the992

end of a word can be any of “i”, “y”, or “ee”.993

(ii) There are multiple valid positions of spaces994

in transliterations, as words like reduplica-995

tions commonly spoken as one unit can be996

joined in writing. For example, “lagbhag” and997

“lag bhag” can both be accurate, similar to998

“chitchat” and “chit-chat”.999

(iii) Diaritic marks can be placed in Urdu translit-1000

erations to enhance pronunciation (e.g. “ā”)1001

or represent special sounds (e.g an apostrophe1002

for ‘‘ع” ), while transliterations without them1003

are readable and valid as well.1004

(iv) The Urdu script also contains important di-1005

aritic marks which are transliterated as con-1006

nectors that can also be represented in multi-1007

ple ways. For example, “wazeer-e-azam” or1008

“wazeere azam”.1009

(v) English words, mainly nouns, can be written 1010

in their English spellings in the transliteration 1011

or in a more pronunciation-like manner, e.g. 1012

“Pennsylvania” or “pensalwania”. 1013

Neither the dataset nor the model predictions follow 1014

one variation for each of these cases consistenly, 1015

reflective of real world Urdu romanizations as well. 1016

Scoring. Using SacreBLEU to evaluate Urdu 1017

transliteration thus leads to low scores in the very 1018

common scenario of matching n-grams being dis- 1019

rupted by differences in only one letter, space, con- 1020

nector or diartic mark - despite the predicted translit- 1021

erations being valid and faithful. The same limita- 1022

tion also persists with chrF++, as the differences 1023

are character-level. 1024

B.3 Named Entity Recognition (NER) 1025

Dataset. The dataset contains a class imbalance, 1026

with the ‘other’ class containing only 28 samples 1027

while all other classes contain >113 samples. The 1028

breakdown is shown in Table 4. 1029

Label Count
Time 143
Person 143
Organization 143
Other 28
Number 143
Location 143
Designation 114
Date 143

Table 4: NER dataset composition

Scoring. UsingMacro-F1 on this dataset without 1030

weighting for examples presents an unfaithful aver- 1031

age. In our case, excluding the ‘other’ class from 1032

the calculation increases the score of our best model 1033

Gemma-3B by 0.05. The impact was not strong in 1034

this scenario because the model performed more 1035

poorly on the ‘time’ class, which also reduced the 1036

average significantly. In other scenarios, however, 1037

this can have a larger impact. 1038

B.4 Part-of-Speech (PoS) Tagging 1039

Dataset. The dataset is highly imbalanced, with 1040

the composition shown in Table 5. Interestingly, 1041

the most frequent model output with unmerged la- 1042

bels was ‘_’, which has 0 samples in the dataset, 1043

along with other labels inlcuding Symbol. Merging 1044

the labels reduces the total number of labels, but 1045

imbalances the data more, as shown in Figure 9. 1046
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Case English Urdu

(i) And formed thee for Myself. روا

م



ی



ں

ن



ے

ت





ج



ھ

ے







خ



اصا

پ





ن



ذی



تا



ک

ے

ل



ئ



ے



پ



س

ن



د

ف





امر

ل

ی



ا

(ii) ”blazing a trail of dust,” پ





ھ

(ساہور

ح



م



ل

ے





او

ل

)ی

ج



گ

ہ

س

ے

گ

ودر

غ





ب



ڑارا



ا

ت



ے

ہ





ی



،ں

(iii) And all who are on the earth; so that this might deliver him. روا

ج



ت





ن



ے







ز



م



ی



ن

م



ی



ں

ہ





ی



ں

س

ب



پ





ھ

ر

ی





بہ



د

ل

دہ

ن





ی



اا

س

ے

ب





چ



ا

ل

ے

(iv) San Benito. I can’t talk to you. Pair beats ace. ب





ار

ئ



ے

م



ہ



بر



ا

ن





۔ی

پ





یل



ز



و[۔

ک



ٹ



]ر

ب





ی



پ



ر

ب

 ن



د

ت





۔اھ

ب





ج



ن



ا

ش



عور

ہ





و

گ

ی



۔ا

م



ی



آں



گ

ی



۔ا

(v) ”- I don’t know, what... - I know what you’re doing, - ahh, I don’t know..” ,"³×°�¹""��´���¾�¾��×""������¸��"

Table 3: Examples of cases from the translation dataset

Scoring. In the original dataset, some classes1047

have as low as 0 examples which highly inflates the1048

impact of the model’s performance on those classes1049

in the score. Similar to NER, using Macro-F1 on1050

this dataset without weighting for examples presents1051

an unfaithful average.1052

Label Before Merging After Merging
Noun 127 252
Adposition 82 82
Number 79 79
Adjective 127 127
Particle 45 45
Determiner 37 37
Pronoun 59 59
Other 2 2
Adverb 74 74
Interjection 1 1
Verb 127 210
Symbol 0 10
Punctuation mark 10 0
Coordinating conjunction 8 0
Subordinating conjunction 14 0
Conjunction 0 22
Proper noun 125 0
Auxliary verb 83 0
_ 0 0

Table 5: POS-tagging label counts before and after merg-
ing

Noun
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Figure 9: POS-tagging labels distribution before and
after merging.

B.5 Benchmarking Recommendations1053

Based on our benchmark quality analysis, we pro-1054

pose a set of actionable suggestions to move beyond1055

the current flawed evaluation paradigms and foster1056

a more equitable ecosystem for low-resource lan-1057

guages. The central theme is a shift from purely1058

automated, n-gram-based metrics to a more holistic,1059

human-centric, and semantically-aware approach.1060

1. Prioritize Human-Centric Dataset Cura- 1061

tion: The core issue stems from the unfaithful 1062

nature of many existing benchmark datasets, 1063

which are often built from poor automated 1064

translations or noisy web scrapes. We advo- 1065

cate for the creation and validation of datasets 1066

by expert linguists and native speakers. This 1067

process should also guide the curation of 1068

synthetic data, ensuring that even machine- 1069

generated content is vetted for cultural and 1070

linguistic accuracy. 1071

2. Adopt Semantic and Human-Preference 1072

Scoring: Our findings show that metrics like 1073

SacreBLEU are misleading, as they rely on 1074

exact surface-level matches and penalize valid, 1075

natural-sounding outputs that differ stylisti- 1076

cally from an archaic reference text. We 1077

suggest prioritizing more semantic scoring 1078

schemes like COMET, which can resolve is- 1079

sues with both stylistic differences and an- 1080

notation mismatches by evaluating semantic 1081

overlap. As a scalable alternative, employing 1082

LLMs-as-a-judge can effectively evaluate sub- 1083

jective qualities like naturalness and accessi- 1084

bility, as demonstrated in our experiment with 1085

ChatGPT. To create a gold-standard bench- 1086

mark, the community should invest in build- 1087

ing human-preference evaluation platforms for 1088

low-resource languages, creating an ”Urdu 1089

Arena” to capture what real users find most 1090

helpful. 1091

3. Invest in Language-Specific Tooling and 1092

Benchmarks: The ”one-size-fits-all” ap- 1093

proach to LLM development and evaluation 1094

fails low-resource languages. When building 1095

or quantizing models, evaluation should be 1096

performed on language-specific benchmarks 1097

rather than relying solely on generalist mul- 1098

tilingual test sets. Furthermore, developing 1099

better, language-specific tokenizers is crucial. 1100

Current tokenizers often fail to properly handle 1101

the morphological complexity of languages 1102
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You are a [ROLE]. [INSTRUCTION]. Only
return the [TARGET]without any additional
text or explanations.
[TEXT TYPE]:
[INPUT TEXT]

Figure 10: Evaluation Prompt Template

like Urdu (e.g., diacritics, connectors), leading1103

to inefficient representations and downstream1104

performance degradation.1105

C Evaluation Prompts1106

Figure 10. In the template, the following placehold-1107

ers are used:1108

• ROLE: the persona of the LLM e.g. Urdu topic1109

classifier, English to Urdu translator.1110

• INSTRUCTION: A brief command specifying1111

the precise instruction for the given task.1112

• TARGET: the precise output required e.g.1113

topic or sentiment label.1114

• INPUT TYPE: the precise input text being1115

provided e.g. news or movie review.1116

• INPUT TEXT: the input text for the task.1117

Important exceptions to the template are question-1118

answering and transliteration. We do not provide1119

the ROLE for question-answering as it only in-1120

creases the prompt length without adding mean-1121

ingful specificity to the model’s default behaviour.1122

For transliteration, we also add the definition of1123

the transliteration task before the INSTRUCTION,1124

as some models perform translations otherwise.1125

Lastly, summarization is evaluated in a few-shot1126

setting.1127

For some tasks, additional instructions are in-1128

corporated to align responses with the gold text1129

format, enabling authentic scores. For example,1130

the transliteration prompt specifies “do not add di-1131

acritic marks” to match the dataset, as the marks’1132

inclusion - though correct - yields low scores.1133

Question Answering “Answer the given question1134

using only the provided context. The answer must1135

be in Urdu and should be a short phrase, not a full1136

sentence. If the answer is not in the context, respond1137

with ’

ج





باو



م

و

ج





دو

ن





ہ



ی



’ں .”1138

Transliteration “Transliteration is to convert text 1139

from one script to another keeping the pronoun- 1140

ciation/sounds the same. Transliterate the given 1141

Pakistani Urdu text into English script. Do not add 1142

any diacritic marks. Only return the transliteration 1143

without any explanations, notes or extra text.” 1144

Translation (en-ur) “You are an English to Urdu 1145

translator. Translate the provided English text to 1146

Urdu. Only return the translation without any addi- 1147

tional text or explanations.” 1148

Translation (ur-en) “You are an Urdu to English 1149

translator. Translate the provided Urdu text to En- 1150

glish. Only return the translation without any addi- 1151

tional text or explanations.” 1152

Sentiment Analysis “You are an Urdu sentiment 1153

classifier. Classify the given movie review as ‘pos- 1154

itive’ or ‘negative’ based on the sentiment. Only 1155

return the sentiment label without any explanations 1156

or extra text.” 1157

Topic Classification “You are an Urdu topic clas- 1158

sifier. Classify the given Urdu news text into 1159

one of the following topics: ‘business’, ‘entertain- 1160

ment’, ‘health’, ‘politics’, ‘science’, ‘sports’, ‘world’, 1161

‘other’. Only return the topic without any explana- 1162

tions or extra text.” 1163

Named Entity Recognition (NER) “You are an 1164

Urdu named entity recognizer. Read the sentence 1165

below, and classify the word wrapped in the <h1> 1166

tag into one of the following labels based on its con- 1167

text: ‘person’, ‘organization’, ‘number’, ‘location’, 1168

‘designation’, ‘date’, ‘time’, ‘other’. Only return the 1169

label without any explanations or extra text.” 1170

Part-of-Speech Tagging (Unmerged) “You are 1171

an Urdu part-of-speech tagger. Read the sen- 1172

tence below, and classify the word in the <h1> 1173

tag into one of the following part-of-speech labels: 1174

‘noun’, ‘punctuation mark’, ‘adposition’, ‘number’, 1175

‘symbol’, ‘subordinating conjunction’, ‘adjective’, 1176

‘particle’, ‘determiner’, ‘coordinating conjunction’, 1177

‘proper noun’, ‘pronoun’, ‘other’, ‘_’, ‘adverb’, ‘in- 1178

terjection’, ‘verb’, ‘auxiliary verb’. Only return the 1179

label and no other text.” 1180

Part-of-Speech Tagging (Merged) “You are an 1181

Urdu part-of-speech tagger. Read the sentence be- 1182

low, and classify the word in the <h1> tag into 1183

one of the following part-of-speech labels: ‘noun’, 1184

‘verb’, ‘adjective’, ‘adverb’, ‘pronoun’, ‘particle’, 1185
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Model Hugging Face Model Card
Qwen 2.5 Qwen/Qwen2.5-1.5B-Instruct-GGUF
DeepSeek-R1-Distill-Qwen bartowski/DeepSeek-R1-Distill-Qwen-7B-GGUF
LLaMA 3.1 bartowski/Meta-Llama-3.1-8B-Instruct-GGUF
Gemma 2B bartowski/gemma-2-2b-it-GGUF
Gemma 3B ggml-org/gemma-3-4b-it-GGUF
Phi-3.5 Mini bartowski/Phi-3.5-mini-instruct-GGUF
Mistral-7B TheBloke/Mistral-7B-v0.1-GGUF
GPT-OSS unsloth/gpt-oss-20b-GGUF

Table 6: Evaluated Model Cards

‘conjunction’, ‘interjection’, ‘determiner’, ‘adposi-1186

tion’, ‘number’, ‘symbol’, ‘other’. Only return the1187

label and no other text.”1188

D Computing Infrastructure1189

We ran evaluations on a virtual machine with1190

NVIDIA GeForce RTX 3060 12GB. The total GPU1191

hours were 20 hours including reruns.1192

E Model Cards1193

We provide the official model cards for all models1194

evaluated in this study in Table 6.1195

F Datasets1196

F.1 Licenses1197

The Dakshina dataset (Roark et al., 2020) for1198

transliteration is under CC BY-SA 4.0, and OPUS-1199

100 (Zhang et al., 2020; Tiedemann, 2012) for trans-1200

lation is released under the GPL 3.0 license. The1201

XSUMUrdu (Munaf et al., 2024) summarization1202

dataset is released under CC BY 4.0. The UQuAD1203

dataset is under CC0-1.0, while UQA (Arif et al.,1204

2024b) is licensed under CC BY 4.0. The Urdu1205

IMDB sentiment analysis dataset uses the OBDL1206

license. The Urdu NER dataset is available under1207

the MIT license. The Urdu-News-Headline dataset1208

for Topic Classification along with Universal De-1209

pendencies for POS-tagging (Nivre et al., 2020) is1210

provided under CC BY 4.0.1211

All datasets used in this study are fully compliant1212

with their respective licenses.1213

F.2 Size1214

Sizes of each dataset are given in Table 7.1215

Task Dataset Size
Question Answering 1000
Summarization 1000
Transliteration 1000
Translation 1000
Sentiment Analysis 1000
Part-of-Speech (PoS) Tagging 1000
Named Entity Recognition 1000
Topic Classification 1000

Table 7: Dataset Sizes for Evaluated Tasks
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