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Abstract001

Negotiation is a core component of social in-002
telligence, requiring agents to balance strate-003
gic reasoning, cooperation, and social norms.004
Recent work shows that LLMs can engage005
in multi-turn negotiation, yet nearly all eval-006
uations occur exclusively in English. Using007
controlled multi-agent simulations across Ul-008
timatum, Buy-Sell, and Resource Exchange009
games, we systematically isolate language ef-010
fects across English and four Indic framings011
(Hindi, Punjabi, Gujarati, Marwadi) by holding012
game rules, model parameters, and incentives013
constant across all conditions. We find that lan-014
guage choice can shift outcomes more strongly015
than changing models, reversing proposer ad-016
vantages and reallocating surplus. Crucially,017
effects are task-contingent: Indic languages re-018
duce stability in distributive games yet induce019
richer exploration in integrative settings. Our020
results demonstrate that evaluating LLM ne-021
gotiation solely in English yields incomplete022
and potentially misleading conclusions. These023
findings caution against English-only evalua-024
tion of LLMs and suggest that culturally-aware025
evaluation is essential for fair deployment.026

1 Introduction027

Negotiation is a fundamental form of social and028

economic interaction, requiring agents to reason029

strategically, balance self-interest with cooperation,030

and adapt behavior based on contextual and so-031

cial cues. Computational approaches to negotiation032

have traditionally relied on supervised learning and033

reinforcement learning over structured dialogue034

settings, such as bargaining games with fixed tem-035

plates and reward structures (Lewis et al., 2017;036

He et al., 2018). With the emergence of large lan-037

guage models (LLMs), recent work has shifted038

toward studying negotiation as an emergent capa-039

bility arising from general-purpose language under-040

standing and generation. Prior studies demonstrate041

that LLMs can engage in multi-turn bargaining,042

exhibit anchoring and concession behavior, and 043

achieve non-trivial outcomes in competitive and 044

cooperative settings (Bianchi et al., 2024; Kwon 045

et al., 2024; Vaccaro et al., 2025). 046

Despite this progress, nearly all LLM negotiation 047

evaluations occur exclusively in English, implic- 048

itly treating language as a neutral communication 049

channel. However, extensive evidence from lin- 050

guistics suggests that linguistic framing influences 051

trust, cooperation, and strategic decision-making 052

in human interactions (Hall, 1976), (Brett, 2007). 053

If LLMs internalize language-conditioned patterns 054

from training data, then interaction language may 055

systematically shape strategic behavior even when 056

incentives remain fixed. 057

As LLMs deploy globally in commerce, HR, and 058

customer support, English-only evaluation may per- 059

petuate inequities. Our work extends the Bianchi 060

et al. (2024) to the Indian context, aiming to an- 061

alyze how LLMs reason, adhere to social norms, 062

or display bias when negotiating in a non-Western 063

linguistic environment. Existing frameworks also 064

largely neglect the interaction between language 065

and strategic behavior, leaving it unclear whether 066

LLM negotiation performance is culturally or lin- 067

guistically contingent. 068

This issue is particularly salient for multilingual 069

contexts, where LLM performance often degrades 070

outside English (Dey et al., 2024), (Singh et al., 071

2024). Research on persona conditioning shows 072

that LLM negotiation is highly sensitive to con- 073

textual cues (mingyu jeon and Suh, 2024), (Co- 074

hen et al., 2025), suggesting LLMs encode latent 075

behavioral priors activated by lightweight signals. 076

We investigate whether language itself functions as 077

such a signal: Does language act as a latent policy 078

prior that reshapes negotiation behavior in LLMs? 079

We find that language choice systematically alters 080

bargaining dynamics and equilibrium outcomes. In 081

several settings, switching the language of inter- 082

action produces larger shifts in surplus allocation 083
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and proposer advantage than changing the under-084

lying model. These effects are task-contingent:085

Indic language framings reduce stability and agree-086

ment rates in simple distributive games, yet induce087

greater exploration and trade diversity in integrative088

negotiations. Moreover, simplified negotiation set-089

tings expose pronounced buyer–seller asymmetries090

that invert across linguistic contexts, suggesting091

that training-data priors become more salient as092

strategic complexity decreases. Our contributions093

are threefold:094

(1) First systematic evaluation of language ef-095

fects in LLM negotiation: We isolate linguistic096

framing as an independent variable across three dis-097

tinct settings, demonstrating that language choice098

can shift outcomes more strongly than model archi-099

tecture itself. (2) Task-contingent characteriza-100

tion of cross-lingual behavior: We reveal that lan-101

guage effects are not uniform but depend critically102

on negotiation structure: Indic languages reduce103

stability in distributive games yet enable richer104

exploration in integrative settings, challenging as-105

sumptions that multilingual performance uniformly106

degrades. (3) Evidence of training-data-encoded107

cultural scripts and stereotypes: Through con-108

trolled experiments across English and four Indic109

framings, we demonstrate systematic biases includ-110

ing English buyer favoritism, Marwadi seller advan-111

tages, and model-capacity-dependent sensitivity to112

linguistic context.113

2 Related Work114

Benchmarking and Evaluation Frameworks.115

Bianchi et al. (2024) introduced NegotiationArena,116

where LLMs are made to compete against each117

other in different negotiation settings, demonstrat-118

ing that models in general still exhibit human-like119

phenomena such as anchoring bias or "babysitting120

effect". However, bigger models such as GPT 4o121

still outperformed other models. Kwon et al. (2024)122

found models are "overly agreeable," while Vac-123

caro et al. (2025) showed cooperative behavior pre-124

dicts deal success in 180,000 AI-AI negotiations.125

These studies indicate negotiation effectiveness de-126

pends on both reasoning and social style. Our127

contribution: While existing benchmarks evalu-128

ate negotiation capabilities within single languages,129

our work is the first to systematically isolate lan-130

guage as an independent variable by holding game131

rules, model parameters, and incentives constant132

across linguistic conditions.133

Social Factors in LLM Negotiation Hua et al. 134

(2024) introduced a “remediator” agent that de- 135

tects norm violations, improving trust and agree- 136

ment rates. Their Chinese simulations bypassed 137

restrictive English safety filters, revealing Anglo- 138

centric alignment priors. Persona conditioning also 139

strongly shapes negotiation: mingyu jeon and Suh 140

(2024) showed aggressive personas achieve higher 141

payoffs, while Cohen et al. (2025) demonstrated 142

that Big Five traits increase realism and deal suc- 143

cess. Our contribution: Existing work on persona 144

conditioning demonstrates that LLMs are sensi- 145

tive to explicit behavioral cues, but does not ex- 146

amine whether language itself activates culturally- 147

conditioned priors. We extend this line of inquiry 148

by showing that linguistic framing alone without 149

explicit persona instructions beyond language iden- 150

tity systematically reshapes negotiation strategies. 151

Cross-lingual and Multilingual Contexts. Lan- 152

guage bias remains an underexplored factor in ne- 153

gotiation. It plays a constitutive role in negoti- 154

ation, shaping trust, cooperation, and pragmatic 155

signaling. Controlled experiments by Heddaya 156

et al. (2023) found that natural-language bargain- 157

ing significantly increased agreement rates and re- 158

duced price variance compared to numeric-only 159

communication. Yet, these benefits are uneven 160

across languages. Dey et al. (2024) compared GPT- 161

4, Llama 2, and Gemini across English, Hindi, 162

Bangla, and Urdu, finding clear English-centric 163

performance gaps. Likewise, Singh et al. (2024) in- 164

troduced IndicGenBench, a benchmark for 29 Indic 165

languages, revealing persistent disparities between 166

English and regional languages. 167

Similarly, the reliance of the ACE framework (Shea 168

et al. (2024)) on American negotiation pedagogy 169

highlights the contextual limitations of current sys- 170

tems. Tactics such as ’Breaking the ice’ or rules 171

for ’Strategic closing’ are culturally specific as a 172

direct opening offer, considered a mistake in this 173

scheme, may be standard and effective practice in 174

other cultural contexts. Our contribution: While 175

prior work documents performance gaps between 176

English and other languages, we demonstrate that 177

language effects are not simply degradations but 178

qualitative shifts in negotiation dynamics, includ- 179

ing complete reversals of role-based advantages. 180

3 Theoretical Framework 181

Negotiation behavior varies systematically across 182

cultures (Brett, 2007). We draw on cross-cultural 183
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psychology, linguistic pragmatics, and LLM bias184

research to generate testable predictions about how185

language and cultural framing influence LLM ne-186

gotiation.187

3.1 Cultural and Linguistic Mechanisms188

Three mechanisms shape culturally dependent ne-189

gotiation:190

Cultural Value Encoding: Western societies em-191

phasize individualism and assertiveness (Hofstede192

individualism: USA=91, India=48), while South193

Asian cultures prioritize collectivism and relational194

harmony. Training data likely encodes these differ-195

ences: English corpora over-represent competitive196

Western negotiations, while Indic texts may reflect197

bazaar (local smaller marketplace) haggling and198

relational exchange norms.199

Linguistic Pragmatics: Indic languages encode200

hierarchy through grammatical features (Hindi for-201

mal/informal pronouns: aap/tum) and emphasize202

indirectness. Hall (1976) framework classifies203

English as low-context (explicit) and Indic lan-204

guages as high-context (relational), affecting strate-205

gic framing (Heddaya et al., 2023).206

Stereotype Activation: LLMs learn cultural207

stereotypes from training data (Bolukbasi et al.,208

2016). In Indian contexts, Marwadi communi-209

ties are stereotypically portrayed as shrewd traders210

(Timberg, 1978). Explicit cultural framing may211

activate these stereotypes, shifting strategies be-212

yond linguistic effects alone (mingyu jeon and Suh,213

2024).214

3.2 Predictions215

We generate six testable predictions and test them216

across the three games examining where LLM be-217

havior aligns with or deviates from theory:218

P1 (Cultural Scripts): English negotiations ex-219

hibit assertiveness and proposer advantage while220

Indic languages show cooperation and balanced221

outcomes.222

P2 (Pragmatic Constraints): Hindi reduces ag-223

gressive demands through linguistic indirectness.224

P3 (Stereotype Activation): Marwadi linguistic225

framing produces better advantages, reflecting po-226

tential trader class stereotypes highlighting overlap227

of cultural bias and linguistic framing.228

P4 (Task Contingency): Effects vary by game229

structure between distributive tasks (Ultimatum,230

Buy-Sell) vs integrative tasks (Resource Ex-231

change).232

P5 (Model Robustness): Weaker models degrade 233

disproportionately in non-English conditions while 234

stronger models maintain hierarchy across lan- 235

guages. 236

P6 (Representation Asymmetry): Simplified 237

tasks expose training data biases more clearly than 238

complex negotiations. 239

4 Methodology 240

We extend the NegotiationArena frame- 241

work (Bianchi et al., 2024), which provides 242

structured multi–agent negotiation games, 243

turn–based dialogue control, and standardised 244

evaluation protocols. By holding incentives, 245

model parameters, and game structure constant, 246

we ensure that observed behavioral differences 247

are attributable to linguistic framing alone. All 248

experiments were run across three core games 249

included in the framework: 250

• BuySell Game: One agent is a buyer with a 251

maximum willingness to pay, and the other a 252

seller with a minimum acceptable price. 253

• Ultimatum Game: An asymmetric power 254

negotiation game. Player A proposes a divi- 255

sion of a fixed resource pool (e.g., 100 units). 256

Player B may accept (both receive the pro- 257

posed split) or reject (both receive zero). 258

• Resource Exchange Game: Each agent has 259

access to a set of resources and a goal. For 260

example, an agent has access to resources 25 261

Xs and 5 Ys. The agent might have the goal 262

of maximizing its total resources. 263

4.1 System Prompts and Persona Design 264

We design system prompts that assign each agent 265

a specific linguistic identity. Our four primary 266

linguistic framings are: Hindi, Gujarati, Punjabi, 267

Marwadi. All prompts explicitly forbid internal 268

chain–of–thought, requiring only short rationale 269

summaries. The persona prompts are: "You speak 270

and bargain only in [language]. Negotiate accord- 271

ingly." We also run the games without any cultural 272

prompting, providing an English baseline. 273

4.2 Model Settings 274

We evaluate a set of four multilingual LLMs, GPT- 275

4o, GPT-3.5 Turbo, Claude-3-Haiku, Claude-3.5- 276

Haiku. Temperature and sampling settings are held 277
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constant across all cultural and linguistic condi-278

tions. Each game is repeated multiple times per279

condition to observe stable behavioural trends.280

4.3 Experimental Factors281

Experiments were conducted for the three games282

in a Model A vs Model B format (A != B) for five283

behaviors. All ordered pairs of models were cho-284

sen. Each run logs: full dialogue, parsed offers285

or resource splits, final utilities, agreement/accep-286

tance decisions. All combination of experiments287

were run across ten runs, with standardized log-288

ging of dialogues and offers. Total experiments run289

= 4(models)×3(othermodels)×2(ordering)×290

5(languages)× 10(runs)× 3(games) = 3600.291

4.4 Evaluation Metrics292

We adopt the four following objective negotiation293

metrics across all the three games: Acceptance294

Rate measures the proportion of proposals295

accepted by Player 2. Player Payoffs capture296

final resource allocation for each player, summing297

all resources including exchanged items. Win298

Rate (Player 1) is the ratio of Player 1 wins299

to non-draw games, where a win is defined as300

having greater resources than the other player.301

Conversation Rounds counts negotiation turns302

before a final decision. Additionally, we adopted303

certain additional metrics specific to each game:304

305

Ultimatum Game: Initial Offer represents the306

average amount Player 1 offers to Player 2.307

308

Buy-Sell Game: Buyer Advantage is defined as309

the difference of the maximum amount the buyer310

is willing to pay and the actual trade price. Seller311

Advantage is defined as the difference between312

the actual trade price and the minimum amount the313

seller is willing to sell at.314

315

Resource Exchange Game: Trade Volume316

measures the number of resources that have317

exchanged hands.318

319

For each behavior, metrics were aggregated across320

all ordered model combinations using raw game321

data: rates were calculated from total counts, while322

payoffs, offers, and rounds were computed as323

means and standard deviations from concatenated324

arrays of individual outcomes.325

Figure 1: Ultimatum Game Language Comparison
showing average (a) acceptance rates, (b) average initial
offer, (c) payoffs, (d) win rates (player 1).

5 Results and Analysis 326

We analyze the results obtained in all three games. 327

We compare the Baseline English condition with 328

multiple Indian language contexts (Gujarati, Hindi, 329

Marwadi, Punjabi). 330

5.1 Ultimatum Game Results 331

The overall quantitative differences in acceptance 332

rate, initial offers, payoffs, and win rates are sum- 333

marized in Fig. 1. The conversation rounds have 334

been summarised in Table 1. 335

5.1.1 Baseline Language (English) 336

The Baseline English condition exhibits highly 337

stable and cooperative negotiation dynamics. It 338

achieves the highest acceptance rate (98.2%) 339

with moderate generosity (average initial offer of 340

$21.67). Player 1 earns $58.42 on average, while 341

Player 2 receives $39.82, indicating a relatively 342

balanced yet Player 1–favored outcome. Conversa- 343

tions remain short (2.58 rounds on average), sug- 344

gesting efficient agreement formation. This co- 345

operative baseline supports P1: English reflects 346

Western fairness norms. 347

5.1.2 Cross-Language Outcome Variation 348

As shown in Fig. 1, introducing language and cul- 349

tural identity significantly alters negotiation out- 350

comes. (1) Acceptance and Cooperation. Ac- 351

ceptance rates drop most sharply in Hindi (87.6%), 352

followed by Gujarati (92.4%). Punjabi (96%) and 353

Marwadi (94.7%) remain closer to English Base- 354

line. (2) Payoff Balance and Efficiency. Player 1 355

performs best in Marwadi (59.3), followed closely 356

by English Baseline, while Gujarati and Hindi yield 357
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Language Acceptance Rate Initial Offer P1 Payoff P2 Payoff P1 Win Rate Conversation Rounds

Baseline 98.25% ± 1.23% 21.67 ± 23.87 58.42 ± 16.33 39.82 ± 15.30 86.44% ± 4.46% 2.58 ± 1.04
Gujarati 92.45% ± 2.57% 22.89 ± 26.88 52.49 ± 24.90 39.96 ± 22.92 70.97% ± 5.76% 2.99 ± 1.31
Hindi 87.61% ± 3.10% 15.53 ± 23.78 51.64 ± 25.79 35.97 ± 21.71 83.05% ± 4.88% 2.93 ± 1.29
Marwadi 94.74% ± 2.09% 17.64 ± 24.08 59.27 ± 22.30 35.46 ± 19.28 81.33% ± 4.50% 3.32 ± 1.34
Punjabi 96.04% ± 1.94% 24.11 ± 25.16 58.22 ± 22.06 37.82 ± 20.14 77.94% ± 5.03% 3.15 ± 1.37

Table 1: Performance metrics for Ultimatum Game aggregated across all model combinations (mean ± std).

substantially weaker Player 1 outcomes (∼ 51.6).358

Player 2 outcomes are highest in Gujarati ($40)359

but much lower in Hindi (36). (3) Deviation from360

English Baseline. Gujarati and Hindi shift negotia-361

tions toward instability and lower fairness, whereas362

Punjabi and Marwadi retain cooperative structure363

while modifying strategic strength.364

5.1.3 Evaluating Predictions365

These patterns partially contradict P1–P2: Rather366

than increased cooperation, Hindi (87.2%) and Gu-367

jarati (92.0%) show reduced acceptance versus En-368

glish (98.2%). Indic languages seem to introduce369

instability, not collectivist harmony.370

However, P2 receives partial support in offer371

behavior: Hindi’s lower initial offers ($15.5 vs.372

$21.7) align with pragmatic indirectness predic-373

tions. The paradox of lower offers and lower ac-374

ceptance suggests Hindi activates defensive strate-375

gies in both players, creating mismatch rather than376

cooperation.377

P3 (Stereotype) strongly supported: Marwadi378

achieves highest Player 1 payoff ($59.4) with main-379

tained acceptance (94.7%), precisely matching pre-380

dictions of strategically advantageous trader behav-381

ior. This effect persists across model pairs, indi-382

cating stereotype activation from shared training383

data.384

5.1.4 Language-Specific Dynamics385

Gujarati. Gujarati behavior features relatively386

high initial offers ($22.9) but surprisingly lower387

acceptance and weaker Player 1 advantage. Win388

rates are noticeably reduced (70.9%), indicating in-389

decisive or unstable bargaining. This pattern goes390

against P1 (relational harmony), suggesting Gu-391

jarati framing introduces uncertainty undermining392

stable equilibria.393

Hindi. Hindi produces the most adversarial dynam-394

ics: lowest acceptance, lowest initial offers ($15.5),395

and suppressed Player 2 payoff. However, Player 1396

still maintains a strong win rate, suggesting com-397

petitive rather than cooperative bargaining.398

Punjabi. Punjabi maintains high acceptance (96%)399

with the most generous offers ($24.1). Conversa- 400

tions are slightly longer, implying more active bar- 401

gaining rather than breakdowns, while producing 402

cooperative outcomes. Punjabi partially supports 403

P3: maintaining cooperation while enabling active 404

bargaining, consistent with cultural representations 405

of direct yet warm Punjabi communication. 406

Marwadi. Marwadi yields the most strategically 407

advantageous Player 1 condition: high acceptance, 408

strong payoff ($59.4), and moderately longer dis- 409

cussions. Compared to Baseline, Marwadi shifts 410

agents toward disciplined but still cooperative 411

strategic negotiation. Strongest P3 support: Mar- 412

wadi induces exactly the disciplined, advantageous 413

negotiation matching trader stereotypes in Indian 414

media and commerce. Cross-model consistency 415

indicates stereotype activation, not model artifacts. 416

5.2 Buy-Sell Game Results 417

5.2.1 Baseline Language (English) 418

As shown in Figure 2 and Table 2, English yields 419

a high acceptance rate (97.44%) but relatively low 420

seller advantage (mean 6.9), coupled with the high- 421

est buyer advantage (mean 13.1). Seller win rate 422

remains modest at 41.98%. 423

This pattern indicates that when negotiating in En- 424

glish, LLM agents tend to favor agreement stabil- 425

ity over aggressive surplus extraction by the seller. 426

Heatmap-level analysis further reveals pronounced 427

asymmetry across model pairings: stronger models 428

such as GPT–4o consistently secure large positive 429

seller advantage, while weaker models (notably 430

GPT–3.5) frequently incur negative seller advan- 431

tage, effectively transferring surplus to the buyer. 432

This buyer favoritism supports P1: English train- 433

ing data encodes Western consumer-centric scripts 434

where “getting a good deal” is prioritized, disad- 435

vantaging the seller role. 436

5.2.2 Cross-Language Outcome Variation 437

All non-English languages achieve near-perfect ac- 438

ceptance rates, with Hindi and Punjabi reaching 439

100% agreement. However, these high acceptance 440

rates coincide with substantially higher seller ad- 441
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Language Acceptance Rate Seller Advantage Buyer Advantage Conversation Rounds Player 1 Win Rate

English 97.44% ± 15.87% 6.89 ± 12.44 13.11 ± 12.44 3.21 ± 1.91 41.98%
Gujarati 98.21% ± 13.30% 8.44 ± 9.88 11.56 ± 9.88 3.34 ± 1.88 37.33%
Hindi 100.00% ± 0.00% 7.49 ± 8.44 12.51 ± 8.44 2.99 ± 1.46 32.14%
Marwadi 98.23% ± 13.24% 12.32 ± 12.41 7.68 ± 12.41 3.78 ± 1.91 60.47%
Punjabi 100.00% ± 0.00% 11.14 ± 11.42 8.86 ± 11.42 3.38 ± 1.83 50.00%

Table 2: Performance metrics for Buy-Sell Game aggregated across all model combinations (mean ± std).

Figure 2: Buy Sell Game Language Comparison show-
ing average (a) acceptance rates, (b) seller advantages,
(c) buyer advantages, and (d) win rates across different
cultural behaviors.

vantage than English. Marwadi exhibits the largest442

average seller advantage (12.3), followed by Pun-443

jabi (11.1), Gujarati (8.4), and Hindi (7.5).444

At the same time, buyer advantage decreases445

sharply in non-English settings, most notably in446

Marwadi (mean 7.7), indicating a redistribution447

of surplus toward the seller role. Seller win rates448

also increase substantially, peaking at 60.47% in449

Marwadi.450

5.2.3 Evaluating Predictions451

P1 (Cultural Scripts) strongly supported:452

English→buyer bias (advantage: 13.1) inverts453

in Indic languages→seller bias (Marwadi: 12.3,454

Punjabi: 11.1). This reversal reflects training455

data composition—English corpora over-represent456

Western consumer negotiations, while Indic com-457

mercial texts encode bazaar dynamics respecting458

seller expertise.459

P3 (Stereotype) receives strongest support: Mar-460

wadi exhibits maximum seller advantage (12.3),461

minimum buyer advantage (7.7), and highest seller462

win rate (60.47%), precisely matching trader com-463

munity stereotype predictions.464

P6 (Representation) supported: Simplified Buy-465

Sell structure exposes systematic linguistic bi-466

ases invisible in complex games, demonstrating 467

that reduced strategic complexity makes language- 468

conditioned priors dominant. 469

5.2.4 Language-Specific Dynamics 470

Each language induces a distinct negotiation 471

regime. Gujarati produces moderately elevated 472

seller advantage while maintaining balanced buyer 473

outcomes, suggesting relatively symmetric bargain- 474

ing dynamics. Hindi displays an interesting decou- 475

pling: despite perfect acceptance, seller advantage 476

remains moderate, and buyer advantage stays com- 477

paratively high, yielding the lowest seller win rate 478

(32.14%). This indicates that Hindi-language ne- 479

gotiations encourage agreement without strongly 480

favoring the seller, indicating support of P2 (Prag- 481

matism). Hindi partially supports P1 (cooper- 482

ation): perfect acceptance prioritizes agreement, 483

while balanced advantages suggest collectivist lev- 484

eling despite role asymmetries. 485

Marwadi stands out as the most seller-favorable 486

language. Seller advantage is highest, buyer ad- 487

vantage is lowest, and seller win rate exceeds 60%. 488

Heatmaps show that this pattern holds across most 489

model pairings, indicating that the effect is not 490

driven by a single architecture. Clearest P3 man- 491

ifestation across all games: Marwadi doesn’t 492

just shift outcomes, instead, it completely reverses 493

English baseline, converting buyer-favorable to 494

strongly seller-favorable across all models. This 495

cannot be explained linguistically (Marwadi is sim- 496

ilar to Hindi) and directly reflects stereotype-driven 497

behavioral scripts from training data. Punjabi simi- 498

larly favors sellers, though less extremely, produc- 499

ing high seller advantage with relatively balanced 500

outcomes across models. 501

5.3 Resource Exchange Game Results 502

5.3.1 Baseline Language (English) 503

As shown in Figure 3 and Table 3, English yields 504

the highest average acceptance rate (95.9%) but the 505

lowest average trade volume (16.6), indicating that 506

LLM agents readily reach agreement but tend to 507
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settle on comparatively conservative exchanges.508

Payoff distributions in English exhibit a mild but509

consistent asymmetry: Player 2 achieves a higher510

average payoff (30.9) than Player 1 (29.1), and511

Player 1 wins only 21.6% of games. This suggests512

that, when operating in English, LLMs prioritize513

agreement over aggressive value extraction. This514

conservative pattern supports P1: English priori-515

tizes “safe agreement” over exploratory exchange,516

consistent with transactional Western negotiation517

framing that minimizes risk.

Figure 3: Resource Exchange Game Language Com-
parison showing average (a) acceptance rates, (b) trade
volume, (c) payoffs, and (d) win rates (player 1) across
different cultural behaviors.

518

5.3.2 Cross-Language Outcome Variation519

All non-English languages exhibit lower accep-520

tance rates than English, with Punjabi reaching521

the minimum (90.6%). However, this reduction522

in agreement probability is accompanied by a con-523

sistent increase in average trade volume. Gujarati524

and Marwadi achieve the highest trade volumes525

(19.57 and 19.13, respectively), indicating deeper526

and more extensive exchanges.527

This inverse relationship between acceptance rate528

and trade volume suggests that linguistic context in-529

fluences how LLMs explore the negotiation space.530

Rather than degrading performance, non-English531

languages appear to induce longer or richer bargain-532

ing trajectories that trade off agreement certainty533

for higher exchange complexity.534

5.3.3 Evaluating Predictions535

The inverse acceptance-volume relationship sup-536

ports P1 (Relational Exchange): Indic languages537

shift from English’s “safe agreement” to “rich ex-538

ploration” strategy. Gujarati and Marwadi achiev-539

ing 18–20% higher trade volumes demonstrates540

that relational framings prime LLMs to explore 541

integrative solutions rather than settle quickly. 542

P4 (Task Contingency) supported: Unlike dis- 543

tributive games where Indic languages underper- 544

formed, integrative complexity makes linguistic 545

effects beneficial. This task-dependent pattern 546

reveals that cultural scripts activate differentially 547

based on negotiation structure. 548

5.3.4 Language-Specific Dynamics 549

Each language exhibits a distinct negotiation pro- 550

file when used as the interaction medium for LLM 551

agents. Gujarati balances high trade volume with 552

relatively strong proposer outcomes, yielding a 553

Player 1 win rate of 38.7%. Hindi stands out as the 554

most advantageous setting for Player 1, achieving 555

the highest win rate (44.1%) and the highest aver- 556

age Player 1 payoff (29.8), despite having a lower 557

acceptance rate than English. 558

Marwadi displays a markedly different pattern. 559

While trade volume remains high, Player 1 re- 560

ceives the lowest average payoff across all lan- 561

guages (29.00), whereas Player 2 achieves the high- 562

est (31.00). This consistent asymmetry suggests 563

that LLMs negotiating under Marwadi framing are 564

more likely to accept outcomes unfavorable to the 565

proposer. Marwadi’s Player 1 disadvantage contra- 566

dicts P3 - the only game where trader stereotypes 567

fail to benefit the proposer. This may indicate that 568

stereotypical “Marwadi trader” scripts emphasize 569

distributive (zero-sum) rather than integrative (win- 570

win) bargaining, leading to suboptimal exploration 571

of joint gains. Punjabi occupies an intermediate, 572

exhibiting moderate trade volume and balanced 573

payoffs without strong advantage to either party. 574

Hindi’s strong Player 1 performance contra- 575

dicts P1 (collectivist balance) but reveals context- 576

dependent script activation: Hindi framing enables 577

assertiveness when complexity allows strategic 578

depth, unlike the defensiveness in simpler Ultima- 579

tum games. This suggests task-contingent cul- 580

tural priming. 581

5.4 Model-Specific Performance 582

All model-specific results have been reported in 583

heatmaps in Appendix A. In the Ultimatum Game, 584

GPT-3.5 shows severe performance degradation: as 585

Player 1 against GPT-4o, it achieves only 44 payoff 586

in English, compared to ∼ 56 for stronger models. 587

This pattern intensifies in non-English settings as 588

Hindi yields 39 payoff for GPT-3.5 as Player 1 589

against GPT-4o, while Claude models maintain ∼ 590
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Language Acceptance Rate (%) Trade Volume P1 Payoff P2 Payoff P1 Win Rate (%) Conversation Rounds

English 95.92 ± 19.89 16.63 ± 5.65 29.13 ± 2.28 30.87 ± 2.28 21.62 3.04 ± 1.35
Gujarati 93.98 ± 23.94 19.57 ± 7.61 29.54 ± 2.94 30.46 ± 2.94 38.71 3.18 ± 1.36
Hindi 92.11 ± 27.14 18.62 ± 7.05 29.82 ± 3.11 30.18 ± 3.11 44.12 3.34 ± 1.44
Marwadi 92.05 ± 27.21 19.13 ± 7.72 29.00 ± 2.67 31.00 ± 2.67 30.56 3.48 ± 1.49
Punjabi 90.57 ± 29.37 18.32 ± 5.85 29.62 ± 2.13 30.38 ± 2.13 32.35 3.12 ± 1.47

Table 3: Performance metrics for Resource Exchange Game aggregated across all model combinations (mean ±
std).

54 range. Similarly, the effect is highly pronounced591

in Gujarati where GPT-3.5 as Player 1 against GPT-592

4o provides average payoffs of 26, compared to593

a range to 42-56 for Claude models. A similar594

pattern follows for Marwadi and Punjabi. This595

observation is in line with those reported in Bianchi596

et al. (2024), where GPT-3.5 is reported to regularly597

fail during different scenarios. However, GPT-3.5598

tends to provide much higher payoffs than other599

models when acting as Player 1 against Claude-3.5-600

Haiku in Gujarati and Hindi. Claude-3.5-Haiku601

consistently provides maximum average payoffs as602

Player 1 against Claude-3-Haiku.603

The Buy-Sell Game exposes large role-dependent604

asymmetries that interact with language. In En-605

glish, GPT-4o as seller (Player 1) achieves 19.3-606

20.5 advantage, while GPT-3.5 in the same role607

suffers -7.5 to -12.1 negative seller advantage with608

a gap of over 30 points. Conversely, as buyer609

(Player 2), GPT-3.5 secures extreme advantages610

of 27.5-32.1 in English, indicating systematic over-611

concession as seller and over-extraction as buyer.612

Meanwhile, GPT-4o provides negligible buyer ad-613

vantages as Player 1 and contrarily consistently614

provides the best seller advantages as Player 1. In-615

dic languages partially constrain these extremes: in616

Marwadi, GPT-3.5’s seller advantage improves to617

-0.8 to 2.1, while buyer advantage drops to 17.9-618

21.2. However, the model hierarchy persists as619

GPT-4o maintains 17.0-25.6 seller advantage in620

Marwadi, demonstrating that linguistic framing621

attenuates but does not eliminate capacity-driven622

asymmetries. GPT-4o continues to provide largest623

seller advantages as Player 1 across all languages,624

while GPT-3.5 provides the largest buyer advan-625

tages as Player 1 across all languages.626

In the Resource Exchange game with the En-627

glish baseline, when GPT-4o serves as Player 1,628

it achieves consistent payoffs (29.2-30.0) regard-629

less of Player 2 opponent. In contrast, GPT-3.5 as630

Player 1 shows opponent-dependent variance: 29.0-631

29.2 against most models but drops to 28.5 when632

facing Claude-3.5-Haiku as Player 2. This pat-633

tern intensifies in non-English settings—in Hindi, 634

GPT-4o as Player 1 drops to 25.0 against GPT- 635

3.5 while providing above that average (31.4 and 636

30.4) payoffs against Claude models. In Gujarati, 637

Claude-3.5-Haiku as Player 1 achieves 33.5 against 638

GPT-3.5 as Player 2 but only 28.1 against Claude- 639

3-Haiku, revealing opponent-dependent adaptation. 640

GPT-4o as Player 1 maintains more uniform per- 641

formance (30.0-30.9) across different Player 2 op- 642

ponents. Marwadi shows pronounced hierarchy: 643

GPT-4o as Player 1 secures 32.0 against GPT-3.5 644

as Player 2. In English, Gujarati, and Marwadi, 645

Player 2 tends to get better average payoffs than 646

player 1 across model combinations. 647

6 Conclusion 648

This work demonstrates that language functions as 649

a latent policy prior in LLM negotiation, reshaping 650

strategic behavior independent of model architec- 651

ture or task structure. Through simulations across 652

three settings, we show that language choice can 653

shift outcomes more strongly than changing the 654

underlying model itself—reversing proposer advan- 655

tages in Buy-Sell, reducing stability in distributive 656

games, and altering exploration patterns in integra- 657

tive settings. These effects are task-contingent: En- 658

glish optimizes stability in distributive games but 659

constrains integrative exploration, while Indic lan- 660

guages exhibit the inverse pattern. Marwadi com- 661

pletely reversing English baseline outcomes in Buy- 662

Sell games across all model pairs demonstrates that 663

cultural stereotypes can dominate task-level reason- 664

ing. As LLMs deploy globally in commercial and 665

interpersonal contexts, our findings underscore the 666

urgent need for multilingual evaluation frameworks 667

that account for language as an active component 668

of strategic reasoning, with direct implications for 669

fairness and equitable deployment. 670

7 Limitations 671

Our findings should be interpreted carefully. First, 672

we emphasize that the behaviors exhibited by LLM 673
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agents in our experiments do not constitute evi-674

dence about real human negotiation practices, cul-675

tural norms, or linguistic communities. Differences676

reflect patterns learned from training corpora, not677

properties of languages or their speakers (Boluk-678

basi et al. (2016)). This approach treats language679

as a window into training data composition and680

learned behavioral priors, not as a proxy for real-681

world cultural groups. Second, our language fram-682

ings use culturally associated labels (Hindi, Mar-683

wadi) without incorporating human participants684

or sociolinguistic context. As a result, any ap-685

parent alignment with commonly held stereotypes686

should be understood as an artifact of represen-687

tation learning and data distribution, analogous688

to well-documented biases in word embeddings689

and language models. We deliberately avoid nor-690

mative claims and do not endorse any interpreta-691

tion that attributes these behaviors to real-world692

groups. Third, our analysis covers limited games693

and languages. While spanning distributive and in-694

tegrative settings, these games lack the richness of695

real-world negotiation (long-term relationships, in-696

complete information). Fourth, we examine model-697

model interaction, whereas human-AI dynamics698

may differ. We lack training data access to test699

representation hypotheses directly. Finally, we iso-700

late language identity by fixing prompts and in-701

centives, abstracting from realistic code-switching702

and dynamic strategy adaptation. Despite these703

limitations, our results provide valuable evidence704

that language-conditioned representations influ-705

ence strategic interaction in LLMs, underscoring706

the need for multilingual evaluation in socially sen-707

sitive domains.708

8 Acknowledgments709

We thank the creators of Negotiation Arena710

(Bianchi et al., 2024) for making their setup pub-711

licly available. We are also grateful for access to712

API platforms that made this evaluation possible.713

The authors also wish to acknowledge the usage of714

ChatGPT and Claude in improving the presentation715

and grammar of the paper. The paper remains an716

accurate representation of the authors’ underlying717

contributions.718

References719

Federico Bianchi, Patrick John Chia, Mert Yuksekgonul,720
Jacopo Tagliabue, Dan Jurafsky, and James Zou.721
2024. How well can llms negotiate? negotiation-722

arena platform and analysis. In Proceedings of the 723
41st International Conference on Machine Learning, 724
ICML’24. JMLR.org. 725

Tolga Bolukbasi, Kai-Wei Chang, James Y Zou, 726
Venkatesh Saligrama, and Adam T Kalai. 2016. Man 727
is to computer programmer as woman is to home- 728
maker? debiasing word embeddings. Advances in 729
neural information processing systems, 29. 730

Jeanne M Brett. 2007. Negotiating globally: How to 731
negotiate deals, resolve disputes, and make decisions 732
across cultural boundaries. John Wiley & Sons. 733

Myke C. Cohen, Zhe Su, Hsien-Te Kao, Daniel Nguyen, 734
Spencer Lynch, Maarten Sap, and Svitlana Volkova. 735
2025. Exploring big five personality and ai capa- 736
bility effects in llm-simulated negotiation dialogues. 737
Preprint, arXiv:2506.15928. 738

Krishno Dey, Prerona Tarannum, Md. Arid Hasan, Im- 739
ran Razzak, and Usman Naseem. 2024. Better to 740
ask in english: Evaluation of large language models 741
on english, low-resource and cross-lingual settings. 742
Preprint, arXiv:2410.13153. 743

Edward T Hall. 1976. Beyond culture. Anchor. 744

He He, Derek Chen, Anusha Balakrishnan, and Percy 745
Liang. 2018. Decoupling strategy and generation in 746
negotiation dialogues. In Proceedings of the 2018 747
Conference on Empirical Methods in Natural Lan- 748
guage Processing, pages 2333–2343, Brussels, Bel- 749
gium. Association for Computational Linguistics. 750

Mourad Heddaya, Solomon Dworkin, Chenhao Tan, 751
Rob Voigt, and Alexander Zentefis. 2023. Language 752
of bargaining. In Proceedings of the 61st Annual 753
Meeting of the Association for Computational Lin- 754
guistics (Volume 1: Long Papers), pages 13161– 755
13185, Toronto, Canada. Association for Computa- 756
tional Linguistics. 757

Yuncheng Hua, Lizhen Qu, and Reza Haf. 2024. Assis- 758
tive large language model agents for socially-aware 759
negotiation dialogues. In Findings of the Association 760
for Computational Linguistics: EMNLP 2024, pages 761
8047–8074, Miami, Florida, USA. Association for 762
Computational Linguistics. 763

Deuksin Kwon, Emily Weiss, Tara Kulshrestha, Kushal 764
Chawla, Gale Lucas, and Jonathan Gratch. 2024. Are 765
LLMs effective negotiators? systematic evaluation 766
of the multifaceted capabilities of LLMs in nego- 767
tiation dialogues. In Findings of the Association 768
for Computational Linguistics: EMNLP 2024, pages 769
5391–5413, Miami, Florida, USA. Association for 770
Computational Linguistics. 771

Mike Lewis, Denis Yarats, Yann Dauphin, Devi Parikh, 772
and Dhruv Batra. 2017. Deal or no deal? end-to- 773
end learning of negotiation dialogues. In Proceed- 774
ings of the 2017 Conference on Empirical Methods 775
in Natural Language Processing, pages 2443–2453, 776
Copenhagen, Denmark. Association for Computa- 777
tional Linguistics. 778

9

https://arxiv.org/abs/2402.05863
https://arxiv.org/abs/2402.05863
https://arxiv.org/abs/2402.05863
https://arxiv.org/abs/1607.06520
https://arxiv.org/abs/1607.06520
https://arxiv.org/abs/1607.06520
https://arxiv.org/abs/1607.06520
https://arxiv.org/abs/1607.06520
https://arxiv.org/abs/2506.15928
https://arxiv.org/abs/2506.15928
https://arxiv.org/abs/2506.15928
https://arxiv.org/abs/2410.13153
https://arxiv.org/abs/2410.13153
https://arxiv.org/abs/2410.13153
https://arxiv.org/abs/2410.13153
https://arxiv.org/abs/2410.13153
https://doi.org/10.18653/v1/D18-1256
https://doi.org/10.18653/v1/D18-1256
https://doi.org/10.18653/v1/D18-1256
https://doi.org/10.18653/v1/2023.acl-long.735
https://doi.org/10.18653/v1/2023.acl-long.735
https://doi.org/10.18653/v1/2023.acl-long.735
https://doi.org/10.18653/v1/2024.findings-emnlp.473
https://doi.org/10.18653/v1/2024.findings-emnlp.473
https://doi.org/10.18653/v1/2024.findings-emnlp.473
https://doi.org/10.18653/v1/2024.findings-emnlp.473
https://doi.org/10.18653/v1/2024.findings-emnlp.473
https://doi.org/10.18653/v1/2024.findings-emnlp.310
https://doi.org/10.18653/v1/2024.findings-emnlp.310
https://doi.org/10.18653/v1/2024.findings-emnlp.310
https://doi.org/10.18653/v1/2024.findings-emnlp.310
https://doi.org/10.18653/v1/2024.findings-emnlp.310
https://doi.org/10.18653/v1/2024.findings-emnlp.310
https://doi.org/10.18653/v1/2024.findings-emnlp.310
https://doi.org/10.18653/v1/D17-1259
https://doi.org/10.18653/v1/D17-1259
https://doi.org/10.18653/v1/D17-1259


mingyu jeon and Jae Young Suh. 2024. Mimicking779
human emotions: Persona-driven behavior of LLMs780
in the ‘buy and sell’ negotiation game. In Language781
Gamification - NeurIPS 2024 Workshop.782

Ryan Shea, Aymen Kallala, Xin Lucy Liu, Michael W.783
Morris, and Zhou Yu. 2024. ACE: A LLM-based784
negotiation coaching system. In Proceedings of the785
2024 Conference on Empirical Methods in Natural786
Language Processing, pages 12720–12749, Miami,787
Florida, USA. Association for Computational Lin-788
guistics.789

Harman Singh, Nitish Gupta, Shikhar Bharadwaj, Di-790
nesh Tewari, and Partha Talukdar. 2024. IndicGen-791
Bench: A multilingual benchmark to evaluate gen-792
eration capabilities of LLMs on Indic languages. In793
Proceedings of the 62nd Annual Meeting of the As-794
sociation for Computational Linguistics (Volume 1:795
Long Papers), pages 11047–11073, Bangkok, Thai-796
land. Association for Computational Linguistics.797

Thomas A Timberg. 1978. The Marwaris: From traders798
to industrialists. Vikas Publishing House.799

Michelle Vaccaro, Michael Caosun, Harang Ju, Sinan800
Aral, and Jared R. Curhan. 2025. Advancing ai ne-801
gotiations: New theory and evidence from a large-802
scale autonomous negotiations competition. Preprint,803
arXiv:2503.06416.804

10

https://openreview.net/forum?id=j7RkeNqSDo
https://openreview.net/forum?id=j7RkeNqSDo
https://openreview.net/forum?id=j7RkeNqSDo
https://openreview.net/forum?id=j7RkeNqSDo
https://openreview.net/forum?id=j7RkeNqSDo
https://doi.org/10.18653/v1/2024.emnlp-main.709
https://doi.org/10.18653/v1/2024.emnlp-main.709
https://doi.org/10.18653/v1/2024.emnlp-main.709
https://doi.org/10.18653/v1/2024.acl-long.595
https://doi.org/10.18653/v1/2024.acl-long.595
https://doi.org/10.18653/v1/2024.acl-long.595
https://doi.org/10.18653/v1/2024.acl-long.595
https://doi.org/10.18653/v1/2024.acl-long.595
https://arxiv.org/abs/2503.06416
https://arxiv.org/abs/2503.06416
https://arxiv.org/abs/2503.06416
https://arxiv.org/abs/2503.06416
https://arxiv.org/abs/2503.06416


A Visualizations 805

806

Figure 4: Heatmaps for Ultimatum Game comparing (a) win rate and (b) payoff for model combinations for all
languages.
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807

Figure 5: Heatmaps for Buy-Sell Game comparing (a) Seller advantage and (b) Buyer Advantage for model
combinations for all languages.
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808

Figure 6: Heatmaps for Resource Exchange Game comparing average payoffs for player 1 and player 2 for model
combinations for all languages.

13


	Introduction
	Related Work
	Theoretical Framework
	Cultural and Linguistic Mechanisms
	Predictions

	Methodology
	System Prompts and Persona Design
	Model Settings
	Experimental Factors
	Evaluation Metrics

	Results and Analysis
	Ultimatum Game Results
	Baseline Language (English)
	Cross-Language Outcome Variation
	Evaluating Predictions
	Language-Specific Dynamics

	Buy-Sell Game Results
	Baseline Language (English)
	Cross-Language Outcome Variation
	Evaluating Predictions
	Language-Specific Dynamics

	Resource Exchange Game Results
	Baseline Language (English)
	Cross-Language Outcome Variation
	Evaluating Predictions
	Language-Specific Dynamics

	Model-Specific Performance

	Conclusion
	Limitations
	Acknowledgments
	Visualizations

