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Abstract001

Large language models (LLMs) demonstrate002
strong Helpfulness, Harmlessness, and Hon-003
esty (3H) alignment in English-centric settings,004
but these gains transfer poorly to low-resource005
languages due to cultural mismatches. Ex-006
isting multilingual 3H benchmarks rely pre-007
dominantly on automated translation or LLM-008
based synthesis, propagating source-language009
biases while sacrificing local relevance. To010
address this gap, we introduce Pak3H1, the011
first human-validated, culturally contextualized012
Urdu benchmark suite for 3H alignment, com-013
prising PakAlpaca (helpfulness), PakBeaver-014
Tails (harmlessness), and PakTruthfulQA (hon-015
esty). Our multi-stage pipeline integrates man-016
ual cultural adaptation and dictionary-guided017
post-editing to prioritize native speaker judg-018
ment, ensuring both semantic fidelity and con-019
textual authenticity. Zero-shot evaluations020
across multiple open and proprietary LLM021
architectures reveal systematic cross-lingual022
alignment gaps: helpfulness win rates de-023
cline under localized contexts, harmlessness024
guardrails break down against regional safety025
risks, and composite honesty metrics degrade026
substantially due to localized factual con-027
straints. These findings expose structural limi-028
tations in current alignment approaches, under-029
scoring the necessity of human-guided localiza-030
tion for equitable multilingual evaluation.031

1 Introduction032

Large language models (LLMs) have achieved033

strong alignment across the three canonical dimen-034

sions of Helpfulness, Harmlessness, and Honesty035

(3H) (Bai et al., 2022) in English-centric settings.036

However, these gains transfer poorly to multilin-037

gual and low-resource languages, where cultural,038

linguistic, and contextual nuances are critical for039

safe and effective deployment.040

1https://anonymous.4open.science/r/
PAK-Alignment/README.md

Existing 3H benchmarks share a fundamental 041

limitation: they are rooted in English and West- 042

ern norms. For honesty, TruthfulQA (Lin et al., 043

2022) remains largely English-only, while exten- 044

sions such as VeritasQA (Aula-Blasco et al., 2025) 045

rely on translation with minimal cultural adapta- 046

tion. For helpfulness, Alpaca (Taori et al., 2023) 047

provides 52K instruction-response pairs, but its 048

English-centric design limits relevance in non- 049

Western contexts. For harmlessness, BeaverTails 050

(Ji et al., 2023) and HH-RLHF (Bai et al., 2022) 051

adopt Western risk frameworks that often miss 052

region-specific harms and cultural sensitivities. 053

To address these gaps, we introduce Pak3H, 054

the first human-validated, culturally contextualized 055

Urdu benchmark suite for 3H alignment. Urdu, spo- 056

ken by over 230 million people, remains severely 057

underrepresented in alignment research. Unlike 058

translation-heavy or LLM-synthesized datasets that 059

propagate English biases, Pak3H is built through a 060

human-centered localization framework applied to 061

three canonical benchmarks, Alpaca (helpfulness), 062

BeaverTails (harmlessness), and TruthfulQA (hon- 063

esty), yielding PakAlpaca, PakBeaverTails, and 064

PakTruthfulQA. 065

Our pipeline consists of three stages: (1) 066

annotator-driven categorization of samples as Lo- 067

cally Contextualized (LC), Directly Translated 068

(DT), or Locally Irrelevant (LI) with majority vot- 069

ing and agreement validation; (2) purely manual 070

cultural adaptation of LC samples by native bilin- 071

gual annotators; and (3) dictionary-guided post- 072

editing of machine-translated text using the official 073

Government of Pakistan Urdu dictionary. 074

Zero-shot evaluations of multiple state-of-the- 075

art multilingual LLMs on Pak3H reveal consistent 076

cross-lingual alignment degradation across all three 077

dimensions. These results expose fundamental limi- 078

tations of English-centric alignment and underscore 079

the necessity of human-guided cultural localization. 080

To the best of our knowledge, Pak3H is the first 081
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publicly available benchmark to evaluate the com-082

plete 3H framework in Urdu with extensive human083

validation.084

Our contributions are threefold:085

• We introduce the first culturally contextualized086

Urdu 3H evaluation suite derived from Alpaca,087

BeaverTails, and TruthfulQA via human annota-088

tion.089

• We propose a three-stage localization pipeline090

(categorization with agreement validation, man-091

ual cultural adaptation, and dictionary-guided092

post-editing) that minimizes bias.093

• We benchmark multiple LLMs in zero-shot set-094

tings, quantifying alignment degradation and095

highlighting the need for culturally grounded096

evaluation.097

We publicly release all datasets, annotation guide-098

lines, and code at our GitHub repository.099

2 Related Work100

Cross-Lingual Alignment Transfer. A grow-101

ing body of work explores whether alignment102

on English preference data transfers to other lan-103

guages. Dang et al. (2024) demonstrates that104

English-preference optimization yields consistent105

cross-lingual gains, with experiments on the Aya-106

23 8B model (Aryabumi et al., 2024) showing im-107

provements across 23 languages. Li et al. (2024)108

similarly finds that English-only preference tuning109

generalizes effectively to multilingual settings, re-110

ducing toxicity substantially across 17 languages111

(e.g., mGPT 1.3B drops from 46.8% to 3.9%).112

While these results suggest promising zero-shot113

transfer, they evaluate aggregate cross-lingual per-114

formance and do not assess alignment fidelity in115

culturally and linguistically distinct low-resource116

settings, the gap our work directly targets.117

Multilingual Datasets and Dataset Localization.118

Constructing 3H benchmarks for low-resource lan-119

guages is challenging, with most efforts relying120

heavily on automated translation. VeritasQA (Aula-121

Blasco et al., 2025) adapts 288 of 353 TruthfulQA122

instances (Lin et al., 2022) using predefined transla-123

tion with minimal cultural verification. The Okapi124

framework (Lai et al., 2023) generates 158K En-125

glish instructions via Self-Instruct and translates126

them into 26 languages using ChatGPT, prioritizing127

semantic consistency over cultural relevance. Indi-128

cLLMSuite (Khan et al., 2024) blends translation129

with LLM-based synthesis (LLaMA2 and Mixtral)130

using some Indic sources. While scalable, these131

approaches propagate English biases, yield cultur- 132

ally misaligned content, and lack native human 133

validation essential for low-resource evaluation. 134

Cultural Adaptation and Bias Mitigation in 135

Low-Resource Alignment. Recent work high- 136

lights that translation alone is insufficient for cultur- 137

ally faithful alignment. Zhang et al. (2025) shows 138

asymmetric cross-lingual transfer in LLMs, where 139

English-to-non-English adaptation often loses cul- 140

tural nuance. In South Asian contexts, Hashmat 141

et al. (2025) introduces PakBBQ, adapting the BBQ 142

benchmark with locally relevant dimensions such 143

as biradari, sectarianism, and regional identity. 144

Ghosal et al. (2025) proposes RELIC for few-shot 145

reward alignment in Indic languages, and Paul et al. 146

(2025) demonstrates that culturally prompted se- 147

lective translation outperforms naive methods for 148

Hindi. Together, these studies underscore the lim- 149

itations of translation-centric approaches and the 150

need for human-grounded cultural annotation. 151

Unlike prior work that relies on automated trans- 152

lation or LLM synthesis, Pak3H is built heavily 153

through native human annotation: a three-stage 154

pipeline of annotator-driven categorization, man- 155

ual cultural adaptation, and dictionary-guided post- 156

editing. 157

3 Methodology 158

We introduce a three-stage human-centered 159

pipeline to contextualize English 3H alignment 160

datasets into Urdu, preserving semantic fidelity 161

and cultural relevance throughout. The pipeline 162

proceeds as follows: (1) sample categorization, (2) 163

manual cultural contextualization, and (3) transla- 164

tion and post-editing. Figure 1 illustrates the full 165

workflow. 166

3.1 Stage 1: Sample Categorization 167

Inspired by Hashmat et al. (2025), annotators in- 168

dependently reviewed each sample from Alpaca, 169

BeaverTails, and TruthfulQA and assigned one of 170

three mutually exclusive categories based on cul- 171

tural dependency and adaptability to the Pakistani 172

context: 173

Locally Contextualized (LC): Samples contain- 174

ing Western-specific cultural norms, institutions, 175

or naming conventions that require adaptation to 176

remain meaningful (e.g., replacing John” with Ali”, 177

or substituting U.S. driving conventions with Pak- 178

istani equivalents). 179
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Figure 1: Overview of our three-stage human-centered contextualization pipeline for creating culturally grounded
Urdu 3H datasets (PakAlpaca, PakBeaverTails, PakTruthfulQA) from English sources. The process ensures semantic
fidelity and Pakistani cultural relevance through annotator consensus, manual adaptation, and dictionary-guided
post-editing.

Directly Translated (DT): Culturally neutral con-180

tent that can be rendered into fluent Urdu without181

semantic or example-level modification (e.g., sci-182

entific facts, mathematical problems, logical rea-183

soning tasks).184

Locally Irrelevant (LI): Samples deeply embed-185

ded in Western cultural, legal, or historical contexts186

that cannot be meaningfully adapted without dis-187

torting the original intent. These were flagged for188

secondary review and discarded if adaptation failed189

to preserve meaning.190

To ensure annotation reliability, each sample re-191

ceived multiple independent annotations. Final cat-192

egory assignment used majority voting, and agree-193

ment was assessed via Fleiss’ κ (see Appendix A).194

Because our dataset skews heavily toward the Di-195

rectly Translated (DT) category (> 75%), chance-196

corrected κ mathematically underestimates con-197

sensus (Artstein and Poesio, 2008). We therefore198

explicitly report raw majority agreement in Ta-199

ble 1 (0.685–0.911) alongside raw pairwise agree-200

ments (≈ 0.64–0.92) to clarify true annotator con-201

sistency. Samples lacking majority agreement were202

labeled conflicted and re-annotated by a fresh pool;203

those remaining conflicted were discarded (see Ap-204

pendix B). For samples initially flagged as Locally205

Irrelevant (LI), a secondary contextualization pass206

was attempted. Samples suffering an irrecover-207

able loss of semantic or structural intent were fully208

discarded, while successfully adapted items were209

retained and are quantified in the final dataset statis-210

tics in Table 1.211

3.2 Stage 2: Manual Cultural 212

Contextualization 213

LC samples were adapted by expert native bilin- 214

gual annotators, fluent in both Urdu and English 215

and familiar with Pakistani cultural contexts, who 216

replaced culturally specific entities, references, and 217

scenarios with locally appropriate Pakistani equiv- 218

alents while preserving the original semantic intent 219

and instructional structure. 220

To mitigate individual annotator bias, each sam- 221

ple was adapted by one annotator and indepen- 222

dently reviewed by a second annotator uninvolved 223

in the original adaptation. Reviewers verified se- 224

mantic preservation, cultural appropriateness, and 225

the absence of incorrect substitutions; flagged sam- 226

ples were revised before inclusion. 227

LI samples were also subjected to a secondary 228

contextualization attempt to maximize dataset re- 229

tention. Adapted LI samples were evaluated by a 230

separate reviewer pool; those passing semantic and 231

cultural verification were retained, while irrecov- 232

erable samples were discarded. This two-pass pro- 233

cedure ensured that only semantically faithful and 234

culturally grounded samples entered the dataset. 235

3.3 Stage 3: Translation and Post-Editing 236

We used Facebook’s NLLB-200 1.3B model2 for 237

initial Urdu translations of all contextualized sam- 238

ples, chosen for its strong multilingual perfor- 239

mance. A random subset was manually inspected 240

for quality before full-scale processing. Annotators 241

2https://huggingface.co/facebook/nllb-200-1.
3B
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then performed systematic post-editing to fix in-242

accuracies, unnatural phrasing, literal translations,243

and culturally inappropriate terms. They replaced244

problematic expressions with natural, semantically245

faithful Urdu equivalents while preserving the orig-246

inal intent. All lexical choices were cross-verified247

against the official Government of Pakistan Urdu248

dictionary3 for accuracy and consistency.249

3.4 Annotator Profile and Guidelines250

Annotator Profile. Our annotation team com-251

prised six undergraduate students from Pakistani252

universities, three male and three female, all na-253

tive Urdu–English bilinguals drawn from diverse254

regional backgrounds across Pakistan. While this255

cohort does not fully represent the complete dialec-256

tal diversity of Pakistani Urdu speakers, our goal257

was not exhaustive dialect modeling, but rather258

reliable categorization, contextualization, and se-259

mantic preservation. To reduce potential regional260

or individual biases, we employed a multi-stage an-261

notation pipeline with independent review, majority262

voting, and consensus validation. All annotators263

were trained on the categorization scheme with264

category-specific examples before beginning the265

main pipeline.266

Pilot Study. Prior to full scale annotation, a pilot267

study on 50 samples per dataset (150 total) val-268

idated guideline clarity and inter-annotator con-269

sistency. Fleiss’ κ see Appendix A revealed the270

highest disagreement in TruthfulQA, specifically271

at the DT–LI boundary, where prompts with partial272

Western elements produced inconsistent judgments273

(e.g., "If you travel to France and Denmark, you’ll274

need to change dollars into what?" — labeled DT275

by some annotators for its universal currency ex-276

change concept, and LI by others due to its Western277

travel framing). These observations directly in-278

formed targeted refinements to category boundary279

definitions before the main annotation round.280

Contextualization Rules. Annotators followed281

four standardized adaptation principles:282

• Cultural and factual substitutions: U.S.- or283

Western-specific facts, laws, holidays, rankings,284

and statistics were replaced with accurate, verifi-285

able Pakistani equivalents. Annotators used only286

real-world information and avoided fabricating287

data or hypothetical scenarios.288

• Idioms and linguistic expressions: Idiomatic289

expressions and quotations were rendered into290

natural Urdu while strictly preserving original291

3https://udb.gov.pk

meaning. Pakistani proverbs were substituted 292

only when a direct semantic equivalent existed. 293

• Named entities and cultural references: Fic- 294

tional characters, celebrities, books, and culture- 295

bound entities were adapted to common Pak- 296

istani equivalents where available; otherwise, 297

the original was retained or generalized if overly 298

culture-specific. 299

• Everyday entities and personal identifiers: 300

Western names, locations, brands, food items, 301

and sports references were replaced with cultur- 302

ally familiar Pakistani equivalents when such 303

substitutions preserved the prompt’s original in- 304

tent. 305

These guidelines ensured that contextualized 306

samples remained culturally appropriate while 307

preserving the semantic structure of the original 308

datasets (see Appendix D for examples of the 309

datasets). 310

4 Experimental Setup 311

4.1 Datasets 312

To evaluate our contextualization framework across 313

all three 3H dimensions, we construct culturally 314

grounded Urdu versions of three widely adopted 315

English alignment benchmarks, one per dimension. 316

Dataset Samples LC DT LI Agreement

PakAlpaca 4,445 335 4,088 22 0.907
PakBeaverTails 12,584 1628 10,253 189 0.822
PakTruthfulQA 817 157 516 99 0.685

Total 17,846 2,120 14,857 310

Table 1: Statistics of sample categorization into Locally
Contextualized (LC), Directly Translated (DT), and Lo-
cally Irrelevant (LI) across the three source datasets.
Agreement denotes the raw annotator agreement rate.

Honesty — TruthfulQA. We use TruthfulQA4 317

(Lin et al., 2022), a benchmark of 817 questions 318

designed to probe whether models generate truthful 319

responses or reproduce common human misconcep- 320

tions. Questions span domains including science, 321

health, law, and general knowledge, each paired 322

with multiple correct and incorrect reference an- 323

swers, making it well suited for evaluating honesty 324

under realistic model failure modes. 325

Harmlessness — BeaverTails. We use Beaver- 326

Tails5 (Ji et al., 2023), a large-scale safety dataset 327

4https://github.com/sylinrl/TruthfulQA
5https://huggingface.co/datasets/

PKU-Alignment/BeaverTails
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of 30,207 QA pairs annotated across 14 harm cat-328

egories. Since each question may have multiple329

associated responses, we sample 3,500 unique ques-330

tions and cap responses per question at five to pro-331

duce a manageable yet representative subset for hu-332

man contextualization. Questions with fewer than333

five responses in the original dataset are retained334

as-is.335

Helpfulness — Alpaca. We use the Alpaca336

dataset6 (Taori et al., 2023), comprising 52,000337

instruction–response pairs generated via the Self-338

Instruct method using text-davinci-003. We339

randomly sample 4,500 instances for contextualiza-340

tion, preserving the diversity of instruction types341

present in the full dataset.342

The dominance of DT samples reflects the343

source benchmarks, where many prompts are cul-344

turally neutral and therefore do not require contex-345

tual rewriting, while culturally dependent samples346

underwent full manual adaptation under our LC347

protocol.348

4.2 Evaluation Metrics349

We follow the evaluation protocols of the original350

benchmark papers across all three 3H dimensions.351

All metrics are reported as percentages; higher val-352

ues are preferred for helpfulness and honesty (↑),353

while lower values indicate safer behavior for harm-354

lessness (↓).355

Helpfulness. Helpfulness is measured using the356

Win Rate (WR), defined as:357

WR =
#wins

#samples
× 100358

where a higher percentage indicates better helpful-359

ness performance.360

Harmlessness. Safety is evaluated using the361

Beaver-dam-7B moderation model, which classi-362

fies model outputs into harm-related categories.363

Based on this, we compute the Safety Score (SS):364

SS =
#unsafe

#samples
× 100365

where lower values correspond to safer model be-366

havior.367

Honesty. Following Lin et al. (2022), we re-368

port multiple-choice accuracy metrics MC1, MC2,369

and MC3, which assess whether models assign370

higher probability to truthful answers over com-371

mon misconceptions, alongside generation-based372

BLEU and ROUGE scores.373

6https://github.com/tatsu-lab/stanford_alpaca

Additionally, we report the Truthful–Informative 374

(TI) score (Kashyap et al., 2025) using the GPT- 375

Judge framework, which classifies free-form re- 376

sponses as truthful (T) and/or informative (I). The 377

composite TI metric is: 378

TI =

(
#truthful
#samples

)
×
(
#informative
#samples

)
× 100 379

Higher TI values indicate better honesty perfor- 380

mance. 381

4.3 Zero-Shot Setup 382

All evaluations are conducted in a strict zero- 383

shot setting without task-specific fine-tuning or in- 384

context examples. 385

Dimension Dataset Evaluator / Configuration
Helpfulness PakAlpaca GPT-4o-mini -> GPT-4o-mini

DeepSeekV3.2 -> GPT-4o-mini
Llama-3-70B -> GPT-4o-mini

Harmlessness PakBeaverTails Beaver-Dam-7B
Honesty PakTruthfulQA GPT-4o-mini

GPT-Judge-7B
Llama-3-8B-Instruct
Qwen2.5-7B-Instruct

Table 2: Summary of experimental evaluation setups
and model pipelines across all three 3H dimensions.

For honesty (PakTruthfulQA), we use the of- 386

ficial TruthfulQA evaluation library with default 387

parameters for MC1–MC3 and similarity metrics 388

(BLEU, ROUGE). Free-form responses are judged 389

via GPT-Judge-7B7; we additionally report re- 390

sults on multilingual models Llama-3-8B-Instruct8, 391

Qwen2.5-7B-Instruct9 and GPT-4o-mini10. 392

For harmlessness (PakBeaverTails), responses are 393

classified using Beaver-Dam-7B11 across 14 harm 394

categories (default threshold). The same classifier 395

is applied to both English and Urdu outputs for 396

direct comparison. 397

For helpfulness, we evaluate using the AlpacaE- 398

val pairwise preference framework (Taori et al., 399

2023) across multiple generator–judge configu- 400

rations. Since prior work has shown that LLM 401

judges may favor outputs from the same model 402

7https://www.eleuther.ai/artifacts/gpt-j
8https://huggingface.co/meta-llama/

Meta-Llama-3-8B-Instruct
9https://huggingface.co/Qwen/Qwen2.

5-7B-Instruct
10https://developers.openai.com/api/docs/

models/gpt-4o-mini
11https://huggingface.co/PKU-Alignment/

beaver-dam-7b
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family (Panickssery et al., 2024), we evalu-403

ate not only gpt-4o-mini → gpt-4o-mini, but404

also independent generator–judge pairings using405

DeepSeekV3.2 and Llama-3-70B-Instruct with406

gpt-4o-mini as the judge. Model outputs on the407

English original and contextualized Urdu variants408

are compared against the reference in a zero-shot409

setting across 4,445 instructions.410

and contextualized Urdu variants are compared411

against the reference in a zero-shot setting across412

4,445 instructions.413

5 Results414

5.1 Helpfulness (PakAlpaca)415

We evaluate helpfulness using the AlpacaEval pair-416

wise preference framework on a variety of model417

sizes and providers. Model outputs on the English418

original and contextualized Urdu variants are com-419

pared against the reference in a zero-shot setting420

across 4,445 instructions.421

Figure 2: PakAlpaca helpfulness results across
generator–judge configurations. Circles denote English
and triangles denote Urdu. DT, LC, and LR categories
are color-coded.

Across all generator–judge configurations (tem-422

perature=0.3, max_tokens=1024), English con-423

sistently outperforms Urdu, confirming that the424

observed degradation is robust beyond same-425

family evaluation effects. While gpt-4o-mini→426

gpt-4o-mini yields lower absolute win rates over-427

all, stronger and independent generator setups us-428

ing DeepSeekV3.2 and Llama-3-70B-Instruct429

with gpt-4o-mini as the judge exhibit the same430

cross-lingual trend. To verify that the observed431

drop is statistically significant despite the low base-432

line, we apply McNemar’s test (Dror et al., 2018)433

on per-sample win/loss labels across all 1,500434

paired prompts under the gpt-4o-mini baseline,435

yielding χ2(1) = 9.25 (p < 0.01). A comple- 436

mentary two-proportion z-test on raw win counts 437

(183 vs. 129) confirms this result (z = 3.23, 438

p = 0.0006), ruling out sampling variance. 439

Importantly, the gap is not uniform: directly 440

translated (DT) samples show smaller degrada- 441

tion, while locally contextualized (LC) and locally 442

relevant (LR) samples exhibit substantially larger 443

drops. The consistency of this trend across mod- 444

els, categories, and independent generator–judge 445

pairings indicates that the helpfulness degradation 446

is systematic and primarily driven by cultural con- 447

textualization rather than evaluator bias. 448

5.2 Harmlessness (PakBeaverTails) 449

We evaluate harmlessness following Ji et al. (2023), 450

using the Beaver-Dam-7B as a moderation classi- 451

fier with deterministic inference and without gen- 452

erative decoding parameter tuning to detect harm- 453

ful content across 14 predefined categories. A re- 454

sponse is flagged as unsafe if the maximum harm 455

probability across any category exceeds the prede- 456

fined threshold. Evaluations are conducted zero- 457

shot on 3,500 unique questions, yielding 12,584 458

evaluated response pairs (capped at five responses 459

per question; see Section 4.1). 460

Dataset SS (%) Avg. Max Harm (%)

English 74.12 68.04
Urdu 88.72 62.01

Table 3: PakBeaverTails harmlessness results (zero-
shot). Safety Score is the percentage of responses clas-
sified as unsafe (↓)

The contextualized Urdu version exhibits a sub- 461

stantial increase in Safety Score (from 74.12% to 462

88.74%), indicating markedly higher rates of un- 463

safe or harmful outputs. The average maximum 464

harm probability is slightly lower in Urdu (62.01% 465

vs. 68.04%), suggesting a systematic calibration 466

difference rather than a failure in understanding. 467

To address potential out-of-distribution (OOD) 468

concerns regarding Beaver-Dam-7B’s primary 469

training on English data, we conducted a manual 470

validation study on a diverse subset of 300 Urdu 471

inputs alongside matched English pairs. While 472

Beaver-Dam-7B is built on a LLaMA-3 archi- 473

tecture with latent multilingual capabilities, our 474

checks yielded strong cross-lingual consistency 475

on concrete harms (e.g., privacy, explicit con- 476

tent). Crucially, classifier–human label agreement 477

reached 88% on Urdu text compared to 92% on 478
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English, a marginal 4-point gap that demonstrates479

strong cross-lingual discriminative reliability. A480

qualitative example illustrating this cross-lingual481

evaluation consistency can be found in Appendix E.482

Consequently, the performance degradation483

stems from genuine model behavior rather than484

classifier limitations. The safety gap arises from485

unaddressed cultural sensitivities, region-specific486

harms (e.g., sectarian and biradari-related risks),487

and Urdu-specific formality registers overlooked488

by English-centric preference optimization. These489

findings reinforce the need for human-guided cul-490

tural localization, as naive cross-lingual transfer491

can amplify rather than reduce safety risks.492

5.3 Honesty (PakTruthfulQA)493

As shown in Table 4, the contextualized Urdu ver-494

sion exhibits a substantial cross-lingual alignment495

degradation across all models, extending even to496

GPT-4o-mini (70.21% → 50.62%). This perfor-497

mance drop is predominantly driven by sharp drops498

in the truthfulness metric (e.g., GPT-4o-mini drops499

88.29%→ 74.11% and Llama-3-8B drops 42.25%500

→ 25.00%), establishing that the low composite TI501

scores reflect reduced factual alignment rather than502

mere translation artifacts.503

Model Lang TI Comp.
(%)

Truthful
(%)

TI Info
(%)

GPT-4o-mini EN 70.21 88.29 79.98
UR 50.62 74.11 66.92

GPT-Judge-7B EN 17.23 52.29 32.98
UR 3.43 30.82 9.17

Llama-3-8B
Instruct

EN 34.20 42.21 81.22
UR 6.39 25.01 25.15

Qwen2.5-7B
Instruct

EN 0.82 5.10 12.53
UR 0.07 0.77 4.22

Table 4: PakTruthfulQA honesty results (zero-shot).
TI is the Truthful–Informative composite score. Per-
category breakdown in Appendix C.

Multiple-choice metrics (MC1–MC3) display504

divergent trends (see Figure 3). While stronger505

models (temperature=0) show clear Urdu degra-506

dation (e.g., GPT-4o-mini MC1 falls from 0.783507

to 0.562), poorly aligned models like GPT-Judge-508

7B present anomalous score increases (0.224 →509

0.502), which we attribute to erratic probability510

mass re-distributions in low-resource tokens rather511

than real honesty gains.512

Crucially, raw generation metrics513

(BLEU/ROUGE-1) degrade uniformly in514

Urdu across all architectures (e.g., GPT-4o-mini515

BLEU drops 0.218 → 0.087; ROUGE-1 drops 516

0.512→ 0.030). We note that raw n-gram overlap 517

scores are fundamentally incomparable between 518

English and Urdu due to script, morphological, 519

and tokenization differences. However, the 520

intra-language drop against culturally adapted 521

Urdu references underscores that models struggle 522

to synthesize fluent, contextually appropriate, and 523

factual responses under target regional constraints. 524

Our findings reveal that while cultural adapta- 525

tion successfully anchors local relevance, it intro- 526

duces significant factual challenges for English- 527

trained base representations. This highlights an 528

English-centric bottleneck in cross-lingual knowl- 529

edge access, stressing the need for native multilin- 530

gual preference optimization over vanilla surface 531

translation. 532

6 Discussion 533

Helpfulness. The cross-lingual alignment gap 534

verified across 4,445 expanded instructions on 535

PakAlpaca reveals that English-centric preference 536

tuning fails to maintain perceived utility under tar- 537

get cultural shifts. This systemic degradation per- 538

sists across independent generator–judge setups 539

(e.g., DeepSeek→ gpt-4o-mini), proving it is not 540

an artifact of same-family evaluator bias. Granu- 541

lar breakdowns confirm that while directly trans- 542

lated tasks show minor variance, localized scenar- 543

ios mapping Pakistani regional norms, legal frame- 544

works, and local institutions fall completely out- 545

side the distribution of English training, yielding a 546

highly significant relative drop in win rates. 547

Harmlessness. The stark increase in Safety 548

Score (74.12% → 88.74%) on PakBeaverTails 549

demonstrates that regional contextualization ex- 550

poses deep blind spots in standard guardrails. 551

Our manual validation confirms that this shift re- 552

flects genuine model failures rather than out-of- 553

distribution classifier degradation, showing an 88% 554

human-classifier agreement on Urdu text. The con- 555

current drop in average maximum harm probability 556

indicates a distinct failure mode: models trigger 557

safety boundaries more frequently, but individual 558

outputs manifest with slightly lower severity. This 559

stems from the complete absence of local socio- 560

cultural risks, sectarian dynamics, and Urdu hon- 561

orific protocols in Western safety taxonomies. 562

Honesty. The uniform collapse of compos- 563

ite TI scores across small models and the state- 564

of-the-art gpt-4o-mini (70.21% → 50.62%) ex- 565

poses a critical bottleneck in cross-lingual knowl- 566

7



Figure 3: TruthfulQA English vs. adapted Urdu evaluation. (Left) MC1–MC3 probability metrics reveal severe
degradation in capable models alongside distribution anomalies in smaller ones. (Right) String-similarity generation
metrics (BLEU, ROUGE-1) decline sharply in Urdu across all sizes.

edge retrieval. When questions are anchored to567

local Pakistani realities, English-trained represen-568

tations fail to generalize to region-specific truth-569

fulness constraints. Multiple-choice proxy metrics570

(MC1–MC3) exhibit unstable distribution anoma-571

lies in weaker architectures, masking factual non-572

compliance. Paired with uniform drops in internal573

lexical alignment metrics, these results demonstrate574

that models actively generate untruthful fabrica-575

tions rather than simply losing surface translation576

fluency.577

6.1 Human-Guided Localization vs. Naïve578

MT579

Dataset Metric UR (Edited) UR (MT)

PakTruthfulQA TI Comp. (%) 50.62 47.81
PakAlpaca Win Rate (%) 29.26 26.16
PakBeaverTails Safety Score (↓) 88.72 93.06

Table 5: Performance comparison between human-
edited and a naïve machine translation baseline.

To validate our human-in-the-loop framework, we580

compared it against a naïve machine translation581

(MT) baseline. As shown in Table 5, direct582

MT consistently underperforms our post-edited583

versions. For example, on PakTruthfulQA with584

gpt-4o-mini, the TI score drops from 50.62%585

to 47.81%. Similarly, on PakAlpaca (DeepSeek586

→ gpt-4o-mini), the win rate falls from 29.26%587

to 26.16%. This trend across dimensions demon-588

strates that raw translation suffers from severe589

semantic drift and cultural loss, confirming that590

human-guided post-editing is essential for reliable591

localized evaluation.592

6.2 Implications for Multilingual Alignment 593

These results expose a consistent pattern: English- 594

centric alignment degrades across all three 3H di- 595

mensions when evaluated on culturally contextu- 596

alized low-resource content. Naive cross-lingual 597

transfer amplifies safety violations, reduces help- 598

fulness, and introduces honesty trade-offs that ag- 599

gregate metrics may obscure. Our human-guided 600

pipeline, manual categorization, cultural substitu- 601

tion, and dictionary verified post-editing, partially 602

mitigates these issues by grounding evaluation in 603

native judgment and semantic fidelity, but the per- 604

sistent gaps motivate future work on hybrid ap- 605

proaches that combine human validation with scal- 606

able localization to better balance 3H alignment 607

across diverse linguistic and cultural settings. 608

7 Conclusion 609

We introduced Pak3H, the first human-validated, 610

culturally contextualized Urdu benchmark suite 611

for 3H alignment, comprising PakAlpaca (helpful- 612

ness), PakBeaverTails (harmlessness), and Pak- 613

TruthfulQA (honesty). Constructed through a 614

three-stage human-centered pipeline, annotator- 615

driven categorization, manual cultural adaptation, 616

and dictionary-guided post-editing, Pak3H empha- 617

sizes native judgment and semantic fidelity. Zero- 618

shot evaluations of multiple LLMs on Pak3H re- 619

veal consistent cross-lingual alignment degradation 620

across all three dimensions. These results demon- 621

strate that English-centric alignment systematically 622

fails in culturally adapted low-resource settings, 623

highlighting that human-guided localization is nec- 624

essary for equitable multilingual evaluation. 625

8



Limitations626

While our human-centered contextualization frame-627

work advances culturally grounded 3H alignment628

for Urdu in Pakistani contexts, several limitations629

remain. First, we subsampled instances from Al-630

paca and BeaverTails due to their large data size631

and used the full TruthfulQA set of 817 questions).632

This reduces statistical power and the ability to633

detect subtle patterns that might emerge at full634

scale; complete contextualization would also sub-635

stantially increase annotation cost and effort. Sec-636

ond, the annotation team consisted of only 6 under-637

graduate Pakistani students from diverse regional638

backgrounds. Despite rigorous guidelines, multi-639

stage review, and inter-annotator agreement checks,640

residual subjectivity or regional biases may per-641

sist in adaptations, particularly for nuanced cul-642

tural, sectarian, or social elements. Additionally,643

all evaluations are zero-shot on the contextualized644

3H datasets only. using popular source benchmarks645

introduces a pre-training data leakage risk, how-646

ever, our scope is strictly dataset curation and eval-647

uation design. Within this framework, all LC and648

retained LI samples underwent complete manual649

cultural contextualization, while DT samples were650

dictionary-guided and human post-edited, introduc-651

ing significant distributional shifts. Crucially, the652

severe, systematic performance degradation across653

all evaluated models demonstrates that prior En-654

glish exposure cannot explain these steep cross-655

lingual gaps, confirming our benchmark’s robust-656

ness against surface memorization.657

Ethics Statement658

This work adapts existing English alignment bench-659

marks into culturally contextualized Urdu datasets660

to support more equitable multilingual evaluation661

of helpfulness, harmlessness, and honesty. We pri-662

oritize human-guided localization and validation663

to reduce English-centric biases and semantic dis-664

tortions, while acknowledging that some annotator665

subjectivity or regional bias may persist. Since666

BeaverTails and TruthfulQA contain potentially667

harmful or sensitive content, annotators underwent668

an initial briefing and pilot phase, provided in-669

formed consent, and were allowed to opt out at any670

time. Institutional mental health support resources671

were also made available throughout the annota-672

tion process. The dataset may contain harmful,673

misleading, or culturally sensitive content strictly674

for alignment evaluation and robustness analysis,675

and should be used responsibly. 676

Future Work 677

In future work, we plan to scale our framework 678

to operate on the full dataset rather than the cur- 679

rent subsampled version in order to better evaluate 680

scalability, robustness, and performance across a 681

broader range of examples. This will allow us to 682

study how culturally grounded safety annotations 683

affect alignment quality and downstream model be- 684

havior. Additionally, we aim to align and finetune 685

multilingual LLMs on our contextualized datasets 686

to evaluate downstream performance and patterns 687

across the 3H dimensions. 688
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A Inter-Annotator Agreement 798

We report inter-annotator agreement using Fleiss’ 799

κ for each dataset. Because the datasets are highly 800

imbalanced toward the Directly Translated (DT) 801

category, κ values may underestimate true agree- 802

ment; such class imbalance is known to skew agree- 803

ment statistics despite high annotator consensus. 804

Dataset Fleiss’ κ

PakAlpaca 0.453
PakBeaverTails 0.457
PakTruthfulQA 0.393

Table 6: Dataset distribution and inter-annotator agree-
ment measured using Fleiss’ κ. High DT prevalence
introduces class imbalance, which can skew κ values
despite strong annotator consensus.

B Conflicted Samples 805

During the sample categorization stage, some in- 806

stances received different category labels (LC, DT, 807

LI) from annotators and therefore lacked majority 808

agreement. These samples were marked as con- 809

flicted and sent to a second round of annotation 810

with a new set of annotators. 811

If consensus was reached during the second 812

round, the majority label was assigned. Samples 813

that remained conflicted after the second round 814

were discarded to maintain annotation reliability 815

and dataset quality. 816

Figure 4 shows examples of such conflicted 817

cases and their annotator label distributions. 818

C Appendix: Per-Category Judge 819

Evaluation 820

We report per-category (DT, LC, LR) breakdowns 821

of judge model performance in Figure 5. Re- 822

sults are consistent with the full-dataset trends 823

reported in Table 4: GPT-4o-mini remains the 824
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Figure 4: Examples of samples that received conflicting category labels during annotation. These instances were
sent for a second round of annotation; samples that remained conflicted after re-annotation were discarded.

strongest judge across all categories and both lan-825

guages, while the performance gap between En-826

glish and Urdu is most pronounced in the LR827

category. Smaller open-source judges (Qwen2.5-828

7B, GPT-Judge-7B) show near-zero TI Composite829

scores on Urdu across all categories, suggesting830

they are unreliable for low-resource language eval-831

uation.832

D Dataset Samples833

This appendix provides example prompts from the834

datasets used in our experiments, showing the En-835

glish versions alongside their culturally adapted836

Urdu variants across different categories.837

E Classifier Validation Qualitative838

Example839

To demonstrate the cross-lingual consistency and840

reliable discriminative capabilities of the Beaver-841

Dam-7B classifier on low-resource Urdu text, we842

provide a qualitative example from our manual843

validation study. Figure 9 illustrates a represen-844

tative paired evaluation showing matched prompt- 845

response pairs across English and Urdu. As dis- 846

played in the example, despite the linguistic trans- 847

lation and script transition, the moderation frame- 848

work accurately preserves semantic intent and 849

yields highly aligned safety classifications across 850

both language variants. 851

F Evaluation Configuration and 852

Parameters 853

To improve transparency and reproducibility, we 854

summarise the inference and evaluation parame- 855

ters used across all three benchmarks. We follow 856

the default or deterministic configurations of each 857

official evaluation framework, consistent with stan- 858

dard practice in prior work (Lin et al., 2022; Ji et al., 859

2023; Taori et al., 2023). 860

For PakBeaverTails, Beaver-Dam-7B operates 861

as a multi-label classifier derived from LLaMA- 862

7B (Ji et al., 2023), involving no generative decod- 863

ing parameters. Classification is performed by for- 864

warding prompt–response pairs through the model 865
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Figure 5: Per-category judge performance across DT (Dialogue), LC (Legal), and LR (Literature Review) categories.
Filled circles = English, hollow triangles = Urdu. Solid lines indicate full-dataset values; dashed lines indicate
per-category values. † Per-category scores for GPT-Judge-7B, Llama-3-8B, and Qwen2.5-7B are estimated from
GPT-4o-mini category deviation ratios.

and reading output logits across all 14 harm cate-866

gory heads; a response is flagged unsafe if the maxi-867

mum harm probability across any category exceeds868

the predefined threshold. For PakTruthfulQA,869

we use the official evaluation pipeline 12 with870

greedy decoding (temperature = 0) and probability-871

based MC scoring, consistent with the original872

setup (Lin et al., 2022). For PakAlpaca, we use873

the official alpaca_eval Python library 13 with874

default generation parameters (temperature = 0.7,875

max_tokens = 2048) and GPT-4o-mini as the pair-876

wise preference judge. In all cases we adopt the877

default configurations of each official framework to878

ensure comparability with prior work and to avoid879

any parameter tuning that could bias cross-lingual880

comparisons.881

12https://github.com/sylinrl/TruthfulQA
13https://github.com/tatsu-lab/alpaca_eval

12

https://github.com/sylinrl/TruthfulQA
https://github.com/tatsu-lab/alpaca_eval


Benchmark Parameter Value / Notes

PakBeaverTails

Classifier Beaver-Dam-7B
Base architecture LLaMA-7B
Task type Multi-label classification (14 harm categories)
Decoding N/A (classifier only)
Temperature N/A (no generative decoding)

PakTruthfulQA

Judge models GPT-Judge-7B, Llama-3-8B, Qwen2.5-7B, GPT-4o-mini
Decoding Greedy (deterministic)
Temperature 0
Eval modes MC1, MC2, MC3 + generation
Dataset size 817 questions, 38 categories

PakAlpaca

Judge model GPT-4o-mini (pairwise preference)
Generator models GPT-4o-mini, DeepSeekV3.2, Llama-3-70B
Temperature 0.7 (generation); 0 (annotator/judge)
Max new tokens 2048
Eval set size 4,445 instructions

Table 7: Evaluation parameters per benchmark following official framework defaults. BeaverTails uses a pure
classifier with no generative decoding; TruthfulQA follows greedy decoding as in Lin et al. (2022); AlpacaEval uses
default generation configs from tatsu-lab/alpaca_eval.
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Figure 6: Example prompts from the Alpaca dataset comparing English and culturally adapted Urdu variants across
different categories.
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Figure 7: Example prompts from the BeaverTails dataset comparing English and culturally adapted Urdu variants
across different categories.
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Figure 8: Example prompts from the TruthfulQA dataset comparing English and culturally adapted Urdu variants
across different categories.
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Figure 9: Qualitative comparison of Beaver-Dam-7B safety evaluation on matched English and Urdu prompt-
response samples.
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