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Abstract

Negotiation is a core component of social in-
telligence, requiring agents to balance strate-
gic reasoning, cooperation, and social norms.
Recent work shows that LLMs can engage in
multi-turn negotiation, yet nearly all evalua-
tions occur exclusively in English. We system-
atically isolate language effects across English
and three Indic framings (Hindi, Punjabi, Gu-
jarati) by holding game rules, model param-
eters, and incentives constant for multi-agent
simulations for Ultimatum, Buy-Sell, and Re-
source Exchange games. Our results indicate
that language choice is correlated to agreement
and process dynamics, while final payoffs are
statistically unchanged, and that this correla-
tion persists across model architectures. Cru-
cially, effects are task-contingent: Indic lan-
guages lower acceptance and longer negotia-
tions in the Ultimatum Game, and higher trade
volume in Resource Exchange. Further, they
suggest that findings obtained under English-
only conditions may not generalize to other
linguistic settings. Even within one related lan-
guage family, we observe task-contingent di-
vergence from English, which cautions against
treating English-only evaluation as represen-
tative. Whether this extends to typologically
distant languages remains open.

1 Introduction

Negotiation is a fundamental form of social and
economic interaction, requiring agents to reason
strategically, balance self-interest with cooperation,
and adapt behavior based on contextual and social
cues (Lewis et al., 2017; He et al., 2018). With
the emergence of Large Language Models (LLMs),
prior studies demonstrate that LLMs can engage in
multi-turn bargaining and achieve non-trivial out-
comes in competitive settings (Kwon et al., 2024;
Vaccaro et al., 2025). Frameworks such as Negoti-
ationArena (Bianchi et al., 2024) demonstrate that
LLMs exhibit human-like negotiation behaviors, in-
cluding anchoring and concession patterns. Nearly

all studies conduct their evaluation exclusively in
English, implicitly treating language as a neutral
communication channel.

Work on human negotiation motivates treating lan-
guage as a variable worth testing (Hall, 1976; Brett,
2007). Any dependence we measure in LLMs
reflects patterns in training data, not culture or
lived experience. If LLMs internalize language-
conditioned patterns from training data, then the in-
teraction language may systematically shape strate-
gic behavior even when incentives remain fixed.
This issue is particularly salient in multilingual
contexts, where LLM performance is often framed
as a matter of simple degradation (Dey et al., 2024;
Singh et al., 2024). However, recent inquiries sug-
gest that language choice may fundamentally alter
the structure of interaction (Tam et al., 2025; Jha,
2024). Degradation and strategy-like behavior are
not mutually exclusive, and our design cannot fully
separate them. We therefore ask a narrower ques-
tion: is negotiation behavior invariant to interaction
language when incentives are held fixed? (Haki-
mov et al., 2026).

To our knowledge, this study is the first to hold
game rules, model parameters, and incentives con-
stant while systematically varying linguistic fram-
ing across multi-agent negotiation games. We
demonstrate that the interaction language is asso-
ciated with differences in agreement and process
dynamics (acceptance, opening offers, length, trade
volume), while allocation stays stable, introducing
variances in outcomes that persist across different
model architectures. Across 4,320 games span-
ning three canonical settings, we find statistically
significant effects. In the Ultimatum Game, Gu-
jarati and Punjabi framing significantly reduces
acceptance rates relative to English, Punjabi pro-
duces significantly lower initial offers, and all Indic
conditions yield significantly longer negotiations.
In the Buy-Sell Game, Punjabi significantly ex-
tends negotiation length relative to English. In the
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Resource Exchange Game, all Indic languages
significantly increase trade volume over English.
Across all three games, final payoffs, surplus split,
and win rates show no significant differences be-
tween languages.

These findings show that language is associated
with measurable differences in negotiation pro-
cess. This work establishes that multilingual eval-
uation is a fundamental requirement for fair and
robust Al deployment. We do not claim to sepa-
rate degradation from strategy-like behavior; we
report where language-associated differences ap-
pear and where they do not. For developers and
policymakers, these findings serve as a necessary
caution: these findings caution that an LLLM’s be-
havior under identical instructions may vary with
interaction language, even where final outcomes
are unchanged.

2 Related Work

Recent work has increasingly challenged the as-
sumption that language is a neutral variable for
large language models (LLMs). Beyond basic per-
formance metrics, recent research has highlighted
how the choice of language fundamentally alters a
model’s internal processing and alignment. (Tam
et al., 2025) investigate the "English-as-a-hub" phe-
nomenon, demonstrating that large reasoning mod-
els often default to English for internal chain-of-
thought steps even when the input is in another lan-
guage, which can lead to a significant performance-
alignment trade-off. This linguistic contingency
extends to the ethical domain; Agarwal et al. (Agar-
wal et al., 2024) show that moral value alignment
and ethical reasoning in frontier models like GPT-
4 are not universal but vary significantly depend-
ing on the prompt language. Similarly, the Babel
Effect (Jha, 2024) demonstrates systematic perfor-
mance disparities across languages, highlighting
the English-centric nature of current LLM train-
ing and evaluation. These works establish that
language influences reasoning accuracy and consis-
tency, but primarily focus on static tasks.

In parallel, emerging work has begun to explore
multilingual effects in interactive settings. (Haki-
mov et al., 2026) examines how language impacts
negotiation efficiency, reasoning cost, and outcome
quality. This line of work suggests that multilingual
reasoning introduces trade-offs between computa-
tional cost and performance. However, this line of
work centers on efficiency and correctness; whether

interaction language is also associated with differ-
ences in negotiation outcomes and process, given
fixed incentives, remains less studied.

A separate body of literature studies LLLMs as nego-
tiators. Subsequent work shows that cooperation,
agreeableness, and persona conditioning signifi-
cantly influence outcomes (Kwon et al., 2024; Vac-
caro et al., 2025). Persona-based studies further
highlight that lightweight contextual signals can
strongly modulate negotiation strategies (Jeon and
Suh, 2024; Cohen et al., 2025). However, these
studies are predominantly conducted in English,
implicitly treating language as invariant.

Finally, multilingual evaluation studies document
persistent performance gaps across languages, par-
ticularly in low-resource settings (Dey et al., 2024;
Singh et al., 2024). While this literature frames
multilingual differences primarily as bias or degra-
dation, it does not examine how such differences
appear in interactive tasks, or whether degradation
and strategy-like behavior can be told apart there.

Unlike prior work that focuses on reasoning accu-
racy or efficiency, we study how interaction lan-
guage is associated with negotiation outcomes and
process. By holding models, incentives, and game
structure constant, we present a controlled frame-
work for multi-agent LLM negotiation across three
canonical games. We find language-associated dif-
ferences in agreement and process dynamics (ac-
ceptance, opening offers, negotiation length, trade
volume) that vary with task structure, while final
allocation remains stable. We do not claim to sep-
arate these differences from degradation. This po-
sitions our work at the intersection of multilingual
reasoning and multi-agent interaction, and high-
lights the need for evaluation frameworks that do
not assume language is a neutral variable.

3 Hypotheses

We generate two testable hypotheses and test them
examining where LLM behavior aligns with or de-
viates from theory:

H1 (Language and Negotiation Process): LLM
negotiations are not language agnostic; instead, in-
teraction language is associated with differences
in agreement and process dynamics (acceptance,
opening offers, negotiation length, trade volume).

H2 (Task Contingency): Effects vary by game
structure between distributive tasks (Ultimatum,
Buy-Sell) vs integrative tasks (Resource Ex-
change).
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4 Methodology

We extend the NegotiationArena frame-
work (Bianchi et al., 2024), which provides
structured multi-agent negotiation games,
turn-based dialogue control, and standardised
evaluation protocols.  Platform-state controls
of NegotiationArena are followed. By holding
incentives, model parameters, and game structure
constant, we hold reasoning exposure, incentives
and parameters constant so that differences are
attributable to language rather than to reasoning
exposure. This does not rule out tokenization or
routing contributions. All experiments were run
across three core games included in the framework:
BuySell Game: P1 is the seller with a minimum ac-
ceptable price, and P2 is the buyer with a maximum
willingness to pay. This game is to test distribution
of a fixed surplus.

Ultimatum Game: An asymmetric power nego-
tiation game. P1 proposes a division of a fixed
resource pool (e.g., 100 units). P2 may accept
(both receive the proposed split) or reject (both
receive zero). This game is to test fairness-norm
enforcement under asymmetric power.

Resource Exchange Game: Each agent has access
to a set of resources and a goal. For example, an
agent has access to resources 25 Xs and 5 Ys. The
agent might have the goal of maximizing its total
resources. P1 initiates the first offer. This game is
to test integrative cooperation.

4.1 System Prompts and Persona Design

We design system prompts that assign each agent a
specific linguistic identity. Our three primary lin-
guistic framings are: Hindi, Gujarati, Punjabi. All
prompts explicitly forbid internal chain-of-thought,
requiring only short rationale summaries, follow-
ing the experimental setup of (Bianchi et al., 2024).
This constraint is necessary to isolate the model’s
immediate behavioral outputs and prevent the in-
troduction of an uncontrolled variable: reasoning
traces which could mask the direct influence of
linguistic framing on decision-making. The per-
sona prompts are: "You speak and bargain only in
[language]. Negotiate accordingly." The choice to
write system prompts in English was made to main-
tain consistency with the NegotiationArena frame-
work (Bianchi et al., 2024), which uses English-
language instructions. We also run the games with-
out any lingual prompting, providing an English
baseline. All experiments were run

4.2 Model Settings

We evaluate a set of four multilingual LLMs, GPT-
40 (openai/gpt-40), GPT-3.5 Turbo (openai/gpt-
3.5-turbo), Claude-3-Haiku (anthropic/claude-3-
haiku), Claude-3.5-Haiku (anthropic/claude-3.5-
haiku). GPT-3.5 Turbo anchors a lower-capability
tier to test persistence into GPT-40. The two
Claude-Haiku generations separate a within-family
contrast from a pure size effect. The run period was
December-April 2026. Open-weight models were
excluded to keep the commercial-API comparison
controlled. Temperature=0.7 and sampling settings
are held constant across all linguistic conditions.
Each game is repeated thirty times per condition to
observe stable behavioural trends.

4.3 Experimental Factors

Experiments were conducted for the three games
in a Model A vs Model B format (A # B) for
four languages. Model A and Model B simply re-
fer to assigning a Model A to Player 1(P1) and
Model B to Player 2(P2). All ordered pairs of
models were chosen. Each run logs: full dialogue,
parsed offers or resource splits, final utilities, agree-
ment/acceptance decisions. All combinations of
experiments were run across thirty runs, with stan-
dardized logging of dialogues and offers. Total ex-
periments run = 4(models) x 3(othermodels) x

4(languages) x 30(runs) x 3(games) = 4320.

4.4 Evaluation Principles and Metrics

Following prior work on computational negotiation
and multi-agent bargaining evaluation that empha-
size that evaluating bargaining systems requires
measuring not only whether agreements occur, but
also how value is allocated and how negotiation un-
folds over time, our evaluation metrics are grouped
into three categories: (i) Outcome Stability Met-
rics, which measure whether negotiations success-
fully reach agreements (Acceptance Rate). (ii)
Value Distribution Metrics, which capture how
negotiated resources are allocated between agents
(Player Payoffs, Win Rate, Buyer/Seller Advantage).
(iii) Interaction Dynamics Metrics, which charac-
terize the negotiation process and strategic explo-
ration (Conversation Rounds, Trade Volume).

We adopt the four following objective negotia-
tion metrics across all the three games: Accep-
tance Rate measures the proportion of proposals
accepted by P2. Player Payoffs capture final re-
source allocation for each player, summing all re-
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sources including exchanged items. Win Rate (P1)
is the ratio of P1 wins to non-draw games, where a
win is defined as having greater resources than the
other player. Conversation Rounds counts nego-
tiation turns before a final decision. Additionally,
we adopt certain additional metrics specific to each
game:

Ultimatum Game: Initial Offer represents the
average amount P1 offers to P2.

Buy-Sell Game: Buyer Advantage is defined as
the difference of the maximum amount the buyer
is willing to pay and the actual trade price. Seller
Advantage is defined as the difference between
the actual trade price and the minimum amount the
seller is willing to sell at.

Resource Exchange Game: Trade Volume mea-
sures the number of resources that have exchanged
hands.

For each behavior, metrics were aggregated across
all ordered model combinations using raw game
data: rates were calculated from total counts, while
payoffs, offers, and rounds were computed as
means and standard deviations from concatenated
arrays of individual outcomes.

4.5 Statistical Testing

To assess whether language behavior signifi-
cantly affects negotiation outcomes, we apply non-
parametric statistical tests across all language con-
ditions. For continuous metrics (trade volume, pay-
offs, and negotiation rounds), we use the Kruskal-
Wallis H-test for overall differences, followed by
pairwise Mann-Whitney U tests. For binary out-
comes (acceptance rate and win rate), we use
chi-square tests with pairwise two-proportion z-
tests. All pairwise p-values are corrected using
the Benjamini-Hochberg false discovery rate pro-
cedure. We report significance at three levels:

*(Peorr < 0.05), (peorr < 0.01), "(peorr <
0.001), with non-significant results denoted 7s.

4.6 Language Compliance Analysis

To verify linguistic compliance, we applied the
Al4Bharat IndicNLP language identification model
(Madhani et al., 2023), which uses FastText embed-
dings pretrained on a large-scale monolingual Indic
corpus covering 22 Indian languages, to all con-
versation turns across all experimental conditions.
We report adherence rates and average confidence
scores in Appendix C. Overall, adherence rates
are high across all verified languages and games
(89.65%—-97.85%), with near-perfect confidence

scores (>0.966), consistent with occasional code-
switching rather than breakdown. Tokenization or
routing contributions to effect size are bounded, not
eliminated.

5 Results and Analysis

We compare the Baseline English condition with
multiple Indian language contexts (Gujarati, Hindi,
Punjabi) in all three games. All results are
supported by non-parametric statistical testing
(Kruskal-Wallis, Mann-Whitney U, and chi-square
tests with Benjamini-Hochberg correction); full test
statistics and p-values are reported in Appendix B.

5.1 Ultimatum Game Results

Results are shown in Figure 1 and Table 1.

5.1.1 Baseline Language (English)

The English condition exhibits stable and efficient
negotiation dynamics. It achieves a high accep-
tance rate (93.1%), with an average initial offer of
43.31 ZUP. P1 earns 62.09 ZUP on average, while
P2 receives 36.25 ZUP, indicating a moderately
P1-favored outcome. Conversations remain short
(2.55 rounds on average).

5.1.2 Multilingual Outcome Variation

(1) Acceptance and Cooperation. Acceptance
rates decrease relative to the English baseline in all
other languages: Gujarati (84.4%), Hindi (88.3%),
and Punjabi (86.7%). The reductions for Gujarati
(Peorr = 0.0015**) and Punjabi (peorr = 0.0135%)
are statistically significant, while the Hindi differ-
ence does not remain significant after correction.
(2) Payoff Balance and Efficiency. P1 payoff re-
mains broadly comparable across languages, with
no statistically significant differences relative to the
baseline after correction. A notable exception is
a significant difference between Gujarati and Pun-
jabi (peorr = 0.0406*), where Punjabi yields higher
P1 payoff. P2 payoff does not exhibit statistically
significant variation across conditions.

(3) Deviation from English Baseline. The most
pronounced deviations from the baseline arise in
initial offer behavior and interaction length. Pun-
jabi produces substantially lower initial offers
(mean 37.96), significantly below English, Gu-
jarati, and Hindi. Additionally, all non-English
conditions result in longer negotiations, with sig-
nificantly more turns than the baseline, indicating
increased interaction before agreement.
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Average Acceptance Rate by Behavior
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Figure 1: Ultimatum Game Language Comparison showing average (a) acceptance rates, (b) average initial offer,

(c) payofts, (d) win rates (P1).

Language Acceptance Rate Initial Offer P1 Payoff P2 Payoff P1 Win Rate Conversation Rounds
English 93.06% +2542% 4331+ 1126 62.09 +19.57 3625+ 18.44  53.33% + 49.89% 2.55 +£1.03
Gujarati 84.44% + 36.24% 4320+ 13.59 58.64 +26.48 3525 +23.63 45.00% + 49.75% 3.10 £ 141
Hindi 88.33% £ 32.10%  45.08 & 13.51 59.42 +22.36 36.97 +20.47 49.44% + 50.00% 3.04 £1.37
Punjabi 86.67% £ 33.99%  37.96 1536 63.29 4 24.45 3338 £22.32 54.44% + 49.80% 3.14 £ 148

Table 1: Metrics for Ultimatum Game aggregated across all model combinations (mean = std).

5.1.3 Evaluating Hypotheses

Acceptance, opening offers and length differ sig-
nificantly, while P1 and P2 payoffs and win rates
do not. Extra turns do not improve either player’s
payoff, which is more consistent with processing
overhead (Hakimov et al., 2026), (Tam et al., 2025),
(Jha, 2024), than with useful reasoning. Several
outcome dimensions vary systematically with lan-
guage. Acceptance rates are significantly lower in
Gujarati and Punjabi relative to the English base-
line (peorr = 0.0015** and 0.0135*, respectively),
while Punjabi exhibits substantially lower initial of-
fers compared to all other conditions (all pairwise
Deorr < 0.001***). In addition, all non-English con-
ditions show significantly longer negotiations (all
Deorr < 0.0017%).

5.1.4 Evaluating Prompt Sensitivity

To verify that our findings are not an artifact of
the specific persona prompt wording, we replicate
the Ultimatum Game under three variants of the
prompts: two semantically equivalent phrasings of
the original prompt (A1-A2) and a native-script
prompt where the persona directive is written di-
rectly in the target language (A3), keeping all other
conditions constant. While absolute values vary
only modestly across variants, the relative behavior
replicates consistently: acceptance rates remained
high and stable under English (91.9-93.3%), re-
duced acceptance rates in Gujarati and Punjabi,
Punjabi produces the lowest initial offers across
all runs (37.4-41.1 vs. 41.4-46.4 for other lan-
guages), and the P1-favored payoff asymmetry per-
sists throughout. Notably, A3, the native-script con-
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dition, does not produce systematically different
trends from the English-phrased variants, suggest-
ing that the native-script variant (A3) does not di-
verge from the English-phrased variants, which ar-
gues against script handling as the main driver. The
one notable source of variance across prompts is
win rate under Punjabi, where A1 yields an elevated
P1 win rate of 70.8% compared to 52.2-56.7% in
other variants, suggesting this metric carries more
noise. Comprehensive per prompt variant results
are reported in Appendix D.

5.2 Buy-Sell Game Results

Results are shown in Figure 2 and Table 2.

5.2.1 Baseline Language (English)

English yields a high acceptance rate (97.14%)
with seller advantage (mean 7.12, std 12.39) lower
than buyer advantage (mean 12.88, std 12.39). The
seller win rate remains modest at 41.23%, and ne-
gotiations conclude in an average of 3.09 rounds
(std 1.90).

5.2.2 Multilingual Outcome Variation

All non-English languages achieve near-perfect ac-
ceptance rates, with Hindi reaching 100% agree-
ment and Gujarati (98.77%) and Punjabi (99.35%)
closely following.

While average seller advantage increases slightly
in Gujarati (7.93), Hindi (8.22), and Punjabi (8.17)
relative to English, and buyer advantage corre-
spondingly decreases, these differences remain
small in magnitude.

More pronounced variation emerges in negotiation
dynamics. Punjabi produces the highest average
number of negotiation rounds (3.42, std 1.87), fol-
lowed by Gujarati (3.31) and English (3.09), with
Hindi lowest (3.04). The increase in negotiation
rounds for Punjabi relative to English is statistically
significant (p_corr = 0.0012**), and Punjabi also
exceeds Hindi (p_corr = 0.0468%).

5.2.3 Evaluating Hypotheses

The primary statistically supported effect concerns
negotiation length. Punjabi is consistently associ-
ated with longer negotiations compared to English
(Peorr = 0.0012%*), a statistically supported differ-
ence in negotiation length.

In contrast, differences in seller and buyer advan-
tage across languages are modest and do not yield
statistically significant pairwise contrasts after cor-
rection. Accordingly, the data do not provide direct

evidence for systematic shifts in surplus allocation
corresponding to H1 or H2.

5.3 Resource Exchange Game Results

Results are shown in Figure 3 and Table 3.

5.3.1 Baseline Language (English)

English yields a 90.84% acceptance rate, indicat-
ing that LLM agents consistently reach agreement
under this condition. However, English produces
the lowest average trade volume (16.05).

Payoff distributions in English are closely balanced:
P1 achieves an average payoff of 29.57 and P2
30.43, with no statistically significant differences
relative to other languages after correction. Simi-
larly, P1 wins 33.0% of non-tied games, a rate that
does not differ significantly across languages.

5.3.2 Multilingual Outcome Variation

Trade volume exhibits clear and statistically sig-
nificant variation. Gujarati (18.77), Hindi (18.70),
and Punjabi (18.59) all yield substantially higher
average trade volumes than English (16.05). Pair-
wise comparisons confirm that all non-English lan-
guages differ significantly from English (pcorr =
0.0001***), while differences among Gujarati,
Hindi, and Punjabi are not statistically significant.
Other metrics remain largely stable across lan-
guages. P1 and P2 payoffs show no significant
pairwise differences after correction, with means
tightly clustered around 30. Negotiation rounds
exhibit minor variation (English: 3.10; Gujarati:
3.28; Hindi: 3.27; Punjabi: 3.15), but none of the
comparisons reach statistical significance. Simi-
larly, P1 win rates vary modestly (ranging from
31.7% to 40.6%).

5.3.3 [Evaluating Hypotheses

Trade volume rises significantly in all Indic con-
ditions relative to English (Kruskal-Wallis H =
30.42; peorr = 0.0001***), without a drop in ac-
ceptance (90.4-92.4%) or a significant change in
negotiation rounds (p = 0.175). Payoffs and win
rates do not differ across languages after correction.
Friction-driven stalling would typically appear as
more turns or lower agreement, so friction alone fits
this pattern poorly; a language-conditioned effect
and a capability-related one both remain possible.
We treat the source of the increase in trade volume
as unresolved. This finding is reported separately
from the Ultimatum and Buy-Sell Games, where
extra turns improve neither player’s payoff and pro-
cessing overhead (Hakimov et al., 2026; Jha, 2024;
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Figure 2: Buy Sell Game Language Comparison showing average (a) acceptance rates, (b) seller advantages, (c)
buyer advantages, and (d) win rates across different linguistic behaviors.

Language Acceptance Rate Seller Advantage  Buyer Advantage Conversation Rounds P1 Win Rate
English 97.14% =+ 16.68% 7.12 +£12.39 12.88 + 12.39 3.09 £ 1.90 41.23%
Gujarati 98.77% £ 11.04% 7.93 +£9.82 12.07 £ 9.82 3.31 +1.92 31.60%
Hindi 100.00% =+ 0.00% 8.22 + 11.57 11.78 £ 11.57 3.04 + 1.46 37.98%
Punjabi 99.35% =+ 8.05% 8.17 + 10.86 11.83 £ 10.86 3.42 +£1.87 37.17%

Table 2: Metrics for Buy-Sell Game aggregated across all model combinations (mean =+ std).

Tam et al., 2025) is the more natural reading. We
therefore do not combine the three games into a
single claim.

54

As the primary focus of this work is on language
effects in negotiation, model-specific results are
discussed briefly here; detailed heatmaps are pro-
vided in Appendix A.

Model-Specific Performance

Ultimatum Game: GPT-40 exhibits asymmetric
performance across roles: as P2 it is comparatively
difficult to win against, whereas as P1 it achieves
a lower win rate than GPT-3.5 under comparable
conditions. Notably, GPT-40 consistently provides
its negotiation rationale in the interaction language,
while the other models evaluated often default to

English regardless of the instructed language. This
difference in response behaviour coincides with the
observed performance variation across conditions.

Buy-Sell Game: The Buy-Sell Game exposes
large role-dependent asymmetries that interact with
language choice. In the English baseline, GPT-
40 as seller (P1) achieves a seller advantage of
19.1-20.0, while GPT-3.5 in the same role records
only 0.2-0.9—a gap of nearly 20 points. Con-
versely, as buyer (P2), GPT-3.5 secures extreme ad-
vantages of 26.5-28.1, indicating systematic over-
concession when selling and over-extraction when
buying. GPT-4o0 as buyer (P1) yields negligible
buyer advantages and, conversely, consistently pro-
vides the largest seller advantages as P1 across all
languages.
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Average Acceptance Rate by Behavior

Average Trade Volume by Behavior
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Figure 3: Resource Exchange Game Language Comparison showing average (a) acceptance rates, (b) trade volume,
(c) payoffs, and (d) win rates (P1) across different linguistic behaviors.

Language Acceptance Rate (%) Trade Volume P1 Payoff P2 Payoff P1 Win Rate (%) Conversation Rounds
English 90.84 £+ 28.90 16.05 £ 6.77  29.57 £2.57 30.43 £2.57 32.95 3.10+ 1.42
Gujarati 90.39 £+ 29.52 18.77 £7.99 2942+2.76 30.58 + 2.76 31.68 3.28 £ 141
Hindi 91.54 £+ 27.88 18.70 £ 6.87  29.63 £2.79 30.37 £2.79 40.57 327+ 141
Punjabi 92.38 + 26.57 1859 £6.70 29.53 +2.64 3047 +2.64 33.00 3.154+1.40

Table 3: Metrics for Resource Exchange aggregated across all model combinations (mean = std).

Under Indic language conditions, these asymme-
tries are attenuated but not eliminated. In Gujarati,
GPT-3.5’s seller advantage as P1 improves to —2.0
to —0.4, while its buyer advantage falls to 20.4—
22.0. GPT-40 maintains a seller advantage of 13.3—
16.5 in Gujarati, preserving its dominant position.
This pattern holds across all tested languages: GPT-
4o consistently achieves the largest seller advan-
tages as P1, and GPT-3.5 consistently achieves the
largest buyer advantages as P1, across all languages.
Taken together, these results suggest that linguis-
tic framing may attenuate but does not eliminate
capacity-driven asymmetries between models.

5.5 Candidate Mechanisms for Process-Level
Effects

Three features of our setup may contribute to
the process-level differences above, and we treat
them as candidate mechanisms rather than closing
caveats. First, chain-of-thought is suppressed in all
conditions, following Bianchi et al. (2024), to hold
reasoning exposure constant. This is not a claim
that the constraint is neutral across languages: re-
moving reasoning may cost low-resource scripts
more than English. Second, system prompts are
written in English, which may attenuate or alter the
language signal. Third, the persona prompt is mini-
mal and gives no social or contextual grounding, so
the differences are unlikely to reflect cultural condi-
tioning. Two results bound, but do not eliminate, a
purely mechanical reading. In the native-script ab-
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lation (A3), acceptance in Gujarati and Punjabi is
again lower than in English, which argues against
script handling as the main driver. The language-
compliance analysis (Appendix C) finds adherence
of 89.65%—-97.85% with confidence > 0.966, even
in the weakest cell (Punjabi Buy-Sell, 89.65%, con-
fidence 0.997), which is consistent with occasional
code-switching rather than breakdown. Tokeniza-
tion and routing contributions to effect size are
therefore bounded, not eliminated (Jha, 2024; Tam
et al., 2025).

6 Conclusion

This study explores how linguistic framing influ-
ences the dynamics of negotiation in Large Lan-
guage Models across three game-theoretic envi-
ronments. Our observations suggest that language
choice may not be a neutral factor in strategic inter-
actions; rather, it shifts in agreement and process
dynamics, while final allocation remains stable, par-
ticularly within the Indic language contexts studied.
While we find that certain linguistic framings are
associated with different patterns of stability or ex-
ploration compared to English, these effects appear
to be highly task-contingent. The contrast between
the Ultimatum and Resource Exchange findings
provides support for H2: language effects are task-
contingent, lower acceptance and longer negotia-
tions in the Ultimatum Game, and higher trade vol-
ume in Resource Exchange. These results highlight
the potential limitations of evaluating strategic rea-
soning solely through an English-centric lens. Our
findings suggest that incorporating a broader range
of languages into the evaluation of LLM agents is
an important step toward a more comprehensive un-
derstanding of their capabilities in diverse linguistic
settings as LLMs deploy globally in commercial
and interpersonal contexts, with direct implications
for fairness and equitable deployment. Any bench-
mark or evaluation framework for LLM negotiation
or strategic reasoning that is English-only should be
considered incomplete, and multilingual evaluation
should be treated as a methodological requirement
rather than an optional extension.

7 Limitations

The central limitation is that we cannot fully sep-
arate language-conditioned priors from capability
gaps: Hindi, Punjabi, and Gujarati are less repre-
sented in training data than English, which may
degrade instruction following or increase random-

ness. Three observations bound this confound: lan-
guage adherence is 89.65%-97.85% (confidence
> (0.966; Appendix C); effects are opposite-signed
across task types while payoffs are unchanged; and
the native-script ablation (A3) does not diverge
from the English-phrased variants. The confound
is bounded, not eliminated. Any dependence we
measure reflects patterns in training data, not cul-
ture or lived experience, and does not constitute
evidence about real human negotiation practices
or the speakers of these languages. Any apparent
alignment with stereotypes is an artifact of rep-
resentation learning, and we make no normative
claims.

Our system prompts are written in English for
consistency with NegotiationArena, which may at-
tenuate the linguistic signal; some models reasoned
in the target language while others defaulted to
English, a variable worth evaluating directly. We
study three games, one language family, and model—
model interaction only, abstracting away from long-
term relationships, incomplete information, human-—
Al dynamics, and code-switching such as Hinglish.
Whether the effects generalize to typologically dis-
tant languages such as Mandarin or Arabic remains
open.

GPT-3.5 Turbo has since been deprecated. Our
model matrix spans capability tiers rather than the
current frontier, and whether effect magnitudes
hold for newer models is left to future work, as
is systematic qualitative coding of negotiation strat-
egy, which would complement our quantitative met-
rics.

Any component of the observed effects driven by
capability gaps could shrink as multilingual capa-
bility improves, while a component driven by gen-
uine language-conditioned priors need not. Despite
these limitations, our results show that language is
associated with differences in negotiation process,
underscoring the need for multilingual evaluation
in socially sensitive domains.
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B Statistical Analysis

Metric Comparison Mean Diff U/z P p_corr Sig
P1 Payoff (H=10.69, p=0.0135, *)
Baseline vs Gujarati 3.45 70828.5 0.026187 0.052375 ns
Baseline vs Hindi 2.66 68838.0 0.135475 0.203213 ns
Baseline vs Punjabi -1.21 61928.5 0.290632 0.348759 ns
Gujarati vs Hindi -0.79 62568.5 0.411617 0.411617 ns
Gujarati vs Punjabi -4.66 57412.0 0.006761 0.040569  *
Hindi vs Punjabi -3.87 58609.0 0.023011 0.052375 ns
P2 Payoff (H=5.42, p=0.143, ns)
Baseline vs Gujarati 0.99 64262.5 0.842791 0.842791 ns
Baseline vs Hindi -0.72 63148.0 0.541194 0.811790 ns
Baseline vs Punjabi 2.87 69765.5 0.067414 0.202242 ns
Gujarati vs Hindi -1.71 63883.0 0.735474 0.842791 ns
Gujarati vs Punjabi 1.88 68884.0 0.133563 0.267125 ns
Hindi vs Punjabi 3.59 70756.0 0.028565 0.171392 ns
Initial Offer (H=49.27, p=1.14e-10, **%)
Baseline vs Gujarati 0.11 62883.0 0.735124 0.735124 ns
Baseline vs Hindi -1.77 60194.5 0.134966 0.202448 ns
Baseline vs Punjabi 5.36 77324.0 0.000000 0.000000 ***
Gujarati vs Hindi -1.88 60569.5 0.287276 0.344731 ns
Gujarati vs Punjabi 5.25 75896.5 0.000000 0.000001 ***
Hindi vs Punjabi 7.13 79118.5 0.000000 0.000000 ***
Total Turns (H=45.40, p=7.60e-10, **%*)
Baseline vs Gujarati -0.55 50565.0 0.000000 0.000000 ***
Baseline vs Hindi -0.49 51253.0 0.000000 0.000000 ***
Baseline vs Punjabi -0.59 50900.5 0.000000 0.000000 ***
Gujarati vs Hindi 0.06 65987.5 0.649083 0.778899 ns
Gujarati vs Punjabi -0.04 64483.5 0.903086 0.903086 ns
Hindi vs Punjabi -0.10 63510.0 0.618610 0.778899 ns
Acceptance Rate (y2=13.77, p=0.0032, **)
Baseline vs Gujarati 0.086 3.656  0.000256 0.001536  **
Baseline vs Hindi 0.047 2.181 0.029196 0.058392 ns
Baseline vs Punjabi 0.064 2.840 0.004515 0.013545  *
Gujarati vs Hindi -0.039 -1.522  0.128122 0.192183 ns
Gujarati vs Punjabi -0.022 -0.848 0.396380 0.475656 ns
Hindi vs Punjabi 0.017 0.676  0.498962 0.498962 ns

Table 4: Statistical comparison across languages for the Ultimatum Game. Global tests (Kruskal-Wallis or
Chi-square) are reported per metric. Pairwise comparisons use Mann-Whitney U tests (or proportion z-tests for
acceptance rate) with Benjamini-Hochberg correction.
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Metric Combination Mean Diff U p p_corr Sig
Seller Advantage (H=1.52, p=0.678, ns)
English vs Gujarati -0.81 56867.5 0.3373 0.8758 ns
English vs Hindi -1.10 53857.5 0.8758 0.8758 ns
English vs Punjabi -1.05 52309.0 0.8430 0.8758 ns
Gujarati vs Hindi -0.29 48463.0 0.2300 0.8758 ns
Gujarati vs Punjabi -0.24 47596.0 0.5408 0.8758 ns
Hindi vs Punjabi 0.05 49752.5 0.6166 0.8758 ns
Buyer Advantage (H=1.52, p=0.678, ns)
English vs Gujarati 0.81 52272.5 0.3373 0.8758 ns
English vs Hindi 1.10 54602.5 0.8758 0.8758 ns
English vs Punjabi 1.05 51391.0 0.8430 0.8758 ns
Gujarati vs Hindi 0.29 53936.0 0.2300 0.8758 ns
Gujarati vs Punjabi 0.24 50309.0 0.5408 0.8758 ns
Hindi vs Punjabi -0.05 475425 0.6166 0.8758 ns
Negotiation Rounds (H=14.33, p=0.0025, **)
English vs Gujarati -0.22 52309.5 0.0481 0.0962 ns
English vs Hindi 0.05 52706.5 0.1704 0.2045 ns
English vs Punjabi -0.33 45490.0 0.0002 0.0012 **
Gujarati vs Hindi 0.28 53571.0 0.4272 0.4272 ns
Gujarati vs Punjabi -0.11 46711.0 0.1225 0.1838 ns
Hindi vs Punjabi -0.38 43977.5 0.0156 0.0468  *

Acceptance Rate

English: 340/350 (97.1%)
Gujarati: 321/325 (98.8%)
Hindi: 319/319 (100.0%)

Punjabi: 306/308 (99.4%)

Chi-square test skipped (degenerate case)

Table 5: Statistical comparison across languages for the BuySell Game. Global tests (Kruskal-Wallis or Chi-square)
are shown alongside each metric. Pairwise comparisons use Mann-Whitney U tests (or proportion tests) with
Benjamini-Hochberg correction.
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Metric Comparison p p_corr Sig

Trade Volume (H=30.42, p=1.13e-06, ***)

English vs Gujarati  0.0001 0.0001 ok
English vs Hindi 0.0000 0.0000 ok
English vs Punjabi  0.0000 0.0000 ok

Gujarati vs Hindi ~ 0.5743  0.8079 ns
Gujarati vs Punjabi  0.7728 0.8079 ns
Hindi vs Punjabi 0.8079 0.8079 ns

P1 Payoff (H=1.09, p=0.780, ns)

English vs Gujarati  0.5929 0.8249 ns
English vs Hindi 0.5954 0.8249 ns
English vs Punjabi  0.9096 0.9096 ns
Gujarati vs Hindi ~ 0.3222 0.8249 ns
Gujarati vs Punjabi  0.5075 0.8249 ns
Hindi vs Punjabi 0.6874 0.8249 ns

P2 Payoff (H=1.09, p=0.780, ns)

English vs Gujarati  0.5929 0.8249 ns
English vs Hindi 0.5954 0.8249 ns
English vs Punjabi  0.9096 0.9096 ns
Gujarati vs Hindi ~ 0.3222  0.8249 ns
Gujarati vs Punjabi  0.5075 0.8249 ns
Hindi vs Punjabi 0.6874 0.8249 ns

Negotiation Rounds (H=4.95, p=0.175, ns)

English vs Gujarati  0.0590 0.2381 ns
English vs Hindi 0.0794 0.2381 ns
English vs Punjabi  0.4542 0.5450 ns
Gujarati vs Hindi ~ 0.9426 0.9426 ns
Gujarati vs Punjabi  0.2148 0.3911 ns
Hindi vs Punjabi 0.2608 0.3911 ns

Win Rate (P1) (x>=2.26, p=0.520, ns)

English vs Gujarati  0.8521 0.9947 ns
English vs Hindi 0.2746 0.5492 ns
English vs Punjabi  0.9947 0.9947 ns
Gujarati vs Hindi  0.1838 0.5492 ns
Gujarati vs Punjabi  0.8418 0.9947 ns
Hindi vs Punjabi 0.2607 0.5492 ns

Acceptance Rate () test: not applicable, degenerate case)

Table 6: Statistical comparison across languages for the Resource Exchange Game. Global tests (Kruskal-Wallis or
Chi-square) are shown alongside each metric. Pairwise comparisons use Mann-Whitney U tests (or proportion tests)
with Benjamini-Hochberg correction.

1079



C Language Compliance

Game Lang. Rate  Conf.

Ultimatum Gujarati 97.02% 0.999
Hindi 92.18% 0.966
Punjabi 94.84% 0.998

Buy-Sell ~ Gujarati 93.22% 0.998
Hindi 94.47% 0.981
Punjabi  89.65% 0.997

Res. Gujarati 97.85% 0.999
Exchange Hindi 94.97% 0.971
Punjabi  90.70% 0.997

Table 7: Language adherence rates and average confidence scores per game and language.

D Prompt Sensitivity Ablation Details
D.1 Prompt Ablation 1

See Figure 7 for model comparison heatmaps, Table 9 for the data summarized per language and Table 8
for the statistical analysis.

D.2 Prompt Ablation 2

See Figure 8 for model comparison heatmaps, Table 11 for the data summarized per language and Table 10
for the statistical analysis.

D.3 Native Language Prompt Ablation

See Figure 9 for model comparison heatmaps, Table 13 for the data summarized per language and Table 12
for the statistical analysis.

D.4 Comparing all Prompt Ablations
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Metric Comparison P p_corr Sig
Player 1 Payoff (H=26.252878, p=8.4426e-06, ***)
English vs Gujarati  0.581387  0.581387 ns
English vs Hindi 0.188140  0.225768 ns
English vs Punjabi ~ 0.000028  0.000083  ***
Gujarati vs Hindi 0.145061 0.217591 ns
Gujarati vs Punjabi  0.003272  0.006545  **
Hindi vs Punjabi 0.000002  0.000014  **:*
Player 2 Payoff (H=31.897117, p=5.5014e-07, **%*)
English vs Gujarati  0.058127  0.069752  ns
English vs Hindi 0.278217  0.278217  ns
English vs Punjabi ~ 0.000003  0.000008  **%*
Gujarati vs Hindi 0.010207 0.020414 *
Gujarati vs Punjabi ~ 0.022788  0.034182 *
Hindi vs Punjabi 0.000000  0.000003  **=*
Initial Offer (H=7.791326, p=5.0527¢-02, ns)
English vs Gujarati  0.555858  0.667030 ns
English vs Hindi 0.319284 0.478926  ns
English vs Punjabi ~ 0.075029  0.150059 ns
Gujarati vs Hindi 0.709829 0.709829  ns
Gujarati vs Punjabi  0.036438  0.109315 ns
Hindi vs Punjabi 0.011628 0.069769  ns
Total Turns (H=1.805516, p=6.1374e-01, ns)
English vs Gujarati  0.475385  0.713077 ns
English vs Hindi 0.636916  0.764299 ns
English vs Punjabi ~ 0.406831  0.713077 ns
Gujarati vs Hindi 0.348166 0.713077 ns
Gujarati vs Punjabi ~ 0.885536  0.885536 ns
Hindi vs Punjabi 0.245411 0.713077 ns
Acceptance Rate (x?=26.005063, p=9.5142¢-06, ***)
English vs Gujarati  0.000862 0.001842  **
English vs Hindi 0.124783  0.140297 ns
English vs Punjabi ~ 0.000003  0.000018  ***
Gujarati vs Hindi 0.059214  0.088821 ns
Gujarati vs Punjabi ~ 0.140297  0.140297 ns
Hindi vs Punjabi 0.000921 0.001842 *k

Table 8: Statistical comparison across languages for prompt ablation 1 of the Ultimatum Game. Global tests
(Kruskal-Wallis or Chi-square) are shown alongside each metric. Pairwise comparisons use Mann-Whitney U tests
(or proportion tests) with Benjamini-Hochberg correction.

Language Acceptance Rate Initial Offer P1 Payoff P2 Payoff P1 Win Rate Conversation Rounds
English 93.33% +24.94% 4143 +£11.69 63.50+19.16 3483 £17.86 55.83% + 49.66% 2.63 £1.17
Gujarati 78.33% £ 41.20%  41.65 1443 64.25+2835 29.08 £23.86 54.17% £ 49.83% 2.82 £ 1.55
Hindi 87.50% £ 33.07%  42.69 £13.79 60.54 £23.25 36.96 = 21.95 44.17% + 49.66% 2.71 £ 1.40
Punjabi 70.00% £ 45.83%  37.36 £16.11 74.71 £25.75 21.96 +22.07 70.83% =+ 45.45% 2.87 £ 1.46

Table 9: Metrics for prompt ablation 1 of the Ultimatum Game aggregated across all model combinations (mean +

std).
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Figure 7: Heatmaps for Ultimatum Game prompt sensitivity ablation 1 comparing model combination outcomes
across all languages.
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Figure 8: Heatmaps for Ultimatum Game prompt sensitivity ablation 2 comparing model combination outcomes

across all languages.
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Metric Comparison p p_corr Sig
Player 1 Payoff (H=6.429618, p=9.2480e-02, ns)

English vs Gujarati  0.791180  0.791180  ns
English vs Hindi 0.188787 0.283180  ns
English vs Punjabi ~ 0.146649  0.283180  ns
Gujarati vs Hindi 0.484535 0.581443  ns
Gujarati vs Punjabi ~ 0.093983  0.281948  ns
Hindi vs Punjabi 0.016924 0.101542  ns

Player 2 Payoff (H=13.150719, p=4.3217e-03, **)

English vs Gujarati  0.018953  0.037907 *
English vs Hindi 0.276479  0.331774  ns
English vs Punjabi ~ 0.056495 0.084743  ns
Gujarati vs Hindi 0.002647  0.015882 *
Gujarati vs Punjabi  0.799788  0.799788  ns
Hindi vs Punjabi 0.008657  0.025970 *

Initial Offer (H=12.815051, p=5.0541e-03, **)

English vs Gujarati  0.468504  0.468504  ns
English vs Hindi 0.253647 0.304377 ns
English vs Punjabi ~ 0.009133  0.027400 *
Gujarati vs Hindi 0.099666  0.149499  ns
Gujarati vs Punjabi  0.084277  0.149499  ns
Hindi vs Punjabi 0.001100  0.006599  **

Total Turns (H=10.875555, p=1.2418e-02, *)

English vs Gujarati ~ 0.002190  0.013143 *
English vs Hindi 0.277313  0.415969  ns
English vs Punjabi ~ 0.478605 0.574326  ns
Gujarati vs Hindi 0.036887 0.073773  ns
Gujarati vs Punjabi ~ 0.030010  0.073773  ns
Hindi vs Punjabi 0.767648 0.767648  ns

Acceptance Rate (y?=24.532418, p=1.9337e-05, %)

English vs Gujarati ~ 0.000032  0.000194  ***
English vs Hindi 0.253369 0.304043  ns
English vs Punjabi ~ 0.000174  0.000522  ***
Gujarati vs Hindi 0.001677  0.003354  **
Gujarati vs Punjabi  0.656486  0.656486  ns
Hindi vs Punjabi 0.006565 0.009848  **

Table 10: Statistical comparison across languages for prompt ablation 2 of the Ultimatum Game. Global tests
(Kruskal-Wallis or Chi-square) are shown alongside each metric. Pairwise comparisons use Mann-Whitney U tests
(or proportion tests) with Benjamini-Hochberg correction.

Language Acceptance Rate Initial Offer P1 Payoff P2 Payoff P1 Win Rate Conversation Rounds
English 93.33% +24.94% 43.04 £10.61 62.79 +£18.12 3638 £17.50 53.33% + 49.89% 2.51 £1.03
Gujarati 73.33% £44.22%  41.56 £ 1241 59.34 3032 29.82 2449  51.67% £ 49.97% 2.93 +1.61
Hindi 89.17% £ 31.08%  46.38 +17.14 58.52 +24.04 39.82 £23.38  47.50% + 49.94% 2.66 £ 1.19
Punjabi 75.83% £42.81%  39.13 £15.79 67.83 £26.12 29.67 £24.23 56.67% =+ 49.55% 2.68 +1.29

Table 11: Metrics for prompt ablation 2 of the Ultimatum Game aggregated across all model combinations (mean
+ std).
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Figure 9: Heatmaps for Ultimatum Game with prompt in native language comparing model combination outcomes
across all languages.
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Metric Comparison p p_corr Sig
Player 1 Payoff (H=7.105005, p=6.8625e¢-02, ns)

English vs Gujarati  0.219148  0.269483  ns
English vs Hindi 0.146722  0.269483  ns
English vs Punjabi ~ 0.224569  0.269483  ns
Gujarati vs Hindi 0.838844  0.838844  ns
Gujarati vs Punjabi ~ 0.054615  0.163845  ns
Hindi vs Punjabi 0.019696  0.118175 ns

Player 2 Payoff (H=40.474844, p=8.4506e-09, ***)

English vs Gujarati  0.005886  0.008829  **
English vs Hindi 0.887990 0.887990  ns
English vs Punjabi ~ 0.000000  0.000000  **%*
Gujarati vs Hindi 0.004693  0.008829  **
Gujarati vs Punjabi ~ 0.017205  0.020646 *

Hindi vs Punjabi 0.000000  0.000000  ***

Initial Offer (H=17.798184, p=4.8408e-04, **%*)

English vs Gujarati ~ 0.020541  0.030812 *
English vs Hindi 0.006024  0.012048 *
English vs Punjabi ~ 0.257185 0.308622  ns
Gujarati vs Hindi 0.550578 0.550578  ns
Gujarati vs Punjabi ~ 0.002303  0.006910  **
Hindi vs Punjabi 0.000654 0.003923  **

Total Turns (H=22.020259, p=6.4601e-05, ***)

English vs Gujarati ~ 0.000008  0.000049  ***
English vs Hindi 0.000395 0.001184  **
English vs Punjabi ~ 0.002921  0.005843  **
Gujarati vs Hindi 0.219151  0.328726  ns
Gujarati vs Punjabi ~ 0.278274  0.333929  ns
Hindi vs Punjabi 0.987905 0.987905 ns

Acceptance Rate (x?=67.810503, p=1.2560e-14, ***)

English vs Gujarati ~ 0.000000  0.000000  ***
English vs Hindi 0.000744 0.001116  **
English vs Punjabi ~ 0.000000  0.000000  ***
Gujarati vs Hindi 0.005235 0.006282  **
Gujarati vs Punjabi ~ 0.056032  0.056032  ns
Hindi vs Punjabi 0.000003  0.000006  ***

Table 12: Statistical comparison across languages for the native language prompt ablation of the Ultimatum
Game. Global tests (Kruskal-Wallis or Chi-square) are shown alongside each metric. Pairwise comparisons use
Mann-Whitney U tests (or proportion tests) with Benjamini-Hochberg correction.

Language Acceptance Rate Initial Offer P1 Payoff P2 Payoff P1 Win Rate Conversation Rounds
English 91.94% +2722% 42775+ 11.54 61.25+20.05 37.08£19.02 49.72% + 50.00% 2.75 £1.28
Gujarati 75.28% £ 43.14%  44.55 +13.89 58.324+29.66 31.40+24.56 41.39% =+ 49.25% 2.39 £ 1.31
Hindi 83.71% £ 36.93%  46.00 = 18.27 57.92 +£25.70 37.58 £23.85 42.98% + 49.50% 245 £1.17
Punjabi 68.89% £ 46.29%  41.12+£16.12 61.51 + 3045 27.38 £23.40 52.22% +49.95% 2.58 £1.52

Table 13: Metrics for the native language prompt ablation of the Ultimatum Game aggregated across all model
combinations (mean = std).

1086



Average Acceptance Rate by Behavior

Runs
de g de
g o e i
1.0 & P & o}\,‘f 5 g0 o . Il Original
EEAP o B Al
' Bl A2
=3 A3

0.8

0.6 1

0.4 1

0.2

0.0- .
A\
o

\S\’d‘aﬂ we
€

@Q“"“

Figure 10: Acceptance Rate Comparison for Ultimatum Game comparing prompt ablation outcomes across all
languages.
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Figure 11: Initial Offer Comparison for Ultimatum Game comparing prompt ablation outcomes across all
languages.
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Average Payoffs by Behavior
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Figure 12: Payoffs Comparison for Ultimatum Game comparing prompt ablation outcomes across all languages.
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Figure 13: Win Rate Comparison for Ultimatum Game comparing prompt ablation outcomes across all languages.
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