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Abstract

Humans develop cooperation heuristics in social decision-
making, either intuitively or deliberatively. Large language
models (LLMs), which exhibit human-like heuristics across
cognitive domains, may acquire prosocial tendencies through
instruction tuning, latently encoded in their representations to
foster cooperative behavior in social reasoning games. How-
ever, most studies of this kind either focus on cooperative
language generation or explicitly instruct LLMs to cooperate,
deviating from the inherent cooperation heuristics of humans.
Our negotiation role-play simulations using BATNA (Best
Alternative to a Negotiated Agreement) with a GPT-based
LLM reveal that LLMs may struggle with cooperation in the
absence of explicit instructions, showing a 50-90% lower
success rate than in instructed scenarios and a 40-80% lower
success rate than human performance reported in past stud-
ies. Implicitly inducing cooperation through personality traits
had inconsistent effects, with agreeableness showing only a
marginal influence and other traits exhibiting no systematic
impact. These findings suggest that personality-based coop-
eration cues are subtle and that explicit instructions may still
be essential for multi-agent LLMs to approximate human-like
negotiation.

Introduction

Humans develop cooperation heuristics in social decision-
making, either intuitively or deliberatively (Rand et al.
2014; ivan den Berg, Dewitte, and Wenseleers|[2021). Large
language models (LLMs), which exhibit human-like bi-
ases across cognitive domains (Sreedhar and Chilton|2024;
Tang and Kejriwal| [2024), may acquire prosocial tenden-
cies through instruction tuning (Gabriell [2020; |Liu et al.
2023)), enabling cooperative behavior in social reasoning
games. However, previous studies have observed prosocial
cues either in the linguistic style or survey answers of LLM-
generated responses (Liu et al.|2023), or they explicitly in-
struct LLMs to cooperate (Abdelnabi et al.|[2024; Wu et al.
2024), diverging from the inherent cooperation heuristics
observed in humans.

To explore the intrinsic cooperative potential of LLMs in
dynamic social decision-making, we utilize a multi-agent
social simulation that involves unstructured, conversation-
driven negotiation. Our design builds on |Abdelnabi et al.
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(2024)’s system, a multi-agent LLM framework adapted
from the HARBORCO role-play game, a commonly used
negotiation training tool (Susskind||[1985}Susskind and Cor-
burn/|2000). We ablate explicit cooperation instructions (i.e.,
overtly prosocial directives) from the original system by
aligning instructional wording to the instructions provided
to human players, which we consider the neutral condition.

Upon observing a systematic decline in negotiation suc-
cess when switched from cooperative to neutral conditions,
we explore whether implicitly inducing cooperation via per-
sonality traits can mitigate this effect, given that they medi-
ate prosocial and cooperative tendencies in human behavior
(Graziano et al.[|2007; Koole et al.[2001}; |Buss||{1991; Byrne,
Silasi-Mansat, and Worthy|[2015}; |(Caprara et al.|[2010)), par-
ticularly in negotiation settings (Gilkey and Greenhalgh
1986} Ma|2008).

Together, this study investigates the cooperation heuristic
of LLMs in social simulations without explicit instructions
and whether implicit cooperation induction via personality
mediates prosocial tendencies in LLMs.

Cooperation Heuristics in Social Decision-Making

Cooperation is fundamental to human societies (Rand et al.
2014; Powers, van Schaik, and Lehmann|2021). Prior re-
search has investigated whether humans cooperate because
they are intuitively predisposed to do so, or because they
make deliberate decisions based on social values and in-
terpersonal risk (Alds-Ferrer and Garagnanil[2020). A dual-
process cognitive framework integrates these perspectives
(Rand et al.||2014), suggesting that cooperation heuristics
emerge due to their general advantage in everyday interac-
tions, becoming internalized as intuitive responses. On the
other hand, deliberation regulates cooperation based on self-
interest and expected utility, guided by reflective processes.

Although cooperation often generates positive social wel-
fare in nonzero-sum contexts, it also entails costs to the in-
dividual (Roos Jr||1966)). Since individuals perceive inter-
personal risks and social discomfort differently, their will-
ingness to cooperate also varies. Those with stronger proso-
cial predispositions, such as higher agreeableness (Graziano
et al.| 2007; |(Graziano and Eisenberg||1997; (Caprara et al.
2010), tend to be more cooperative than those with weaker
prosocial tendencies. In social dilemma settings, agreeable-
ness positively correlates with cooperation, while extraver-



sion negatively correlates, with cooperators often described
as introverted and noncooperators as extraverted (Koole
et al.|2001} [Buss|| 1991} \Graziano and Eisenberg|1997).

Given the critical role of individual differences in shap-
ing social interaction patterns, including cooperation, an im-
portant question for researchers is whether these behavioral
patterns can be replicated in LLM agents, especially if these
models are to serve as a new platform for empirical research
in social simulations (Bail|[2024; [Park et al.|[2024).

Multi-agent LL.Ms for Social Simulation

Research on LLMs reveals their human-like capabilities in
cognitive domains such as decision-making, reasoning, and
creativity (Sreedhar and Chilton| 2024} Tang and Kejriwal
2024). These models, typically instruction-tuned to align
with human values, demonstrate prosocial tendencies in lan-
guage (Gabriel|2020; Liu et al.|2023)), suggesting that coop-
erative traits may be latently encoded within their represen-
tations. This aligns with the idea that LLMs could inherently
exhibit cooperation, much like humans (Wu et al.|[2024).

In multi-agent settings, the ability to approximate human
behavior is crucial for success in tasks requiring social rea-
soning and decision-making. Given their extensive training
on human language data, LLMs in multi-agent systems have
been observed modeling human cognition, learning, and rea-
soning (Suri et al.|[2023}; |Krishna et al.[2022; |Andreas|2022;
Park et al.[2023). If these models truly mirror human cog-
nition, we can expect human-like social behavior to always
emerge in their interactions within social contexts.

LLMs have demonstrated a high degree of alignment with
prevailing social norms across various domains (Lu et al.
2024)) in social science research. /Chen et al.[(2024) introduce
adaptive governance mechanisms in LLMs by promoting
prosocial behavior in reinforcement learning agents, leading
to enhanced cooperation rates. LLMs’ social heuristics have
also been observed in psychological survey measures (Lu
et al.[2024), as well as in fairness and framing effects studied
in sociology (Suri et al.[2023)). Additionally, studies examin-
ing LLM agents in social sandboxes suggest that they exhibit
emergent social behaviors, such as hosting celebrations or
sending invitations, without explicit prior instruction (Park
et al.|2023)). However, most existing research in this area pri-
marily focuses on cooperation observed in LLMs’ language
generation or relies on explicit instructions for LLMs to co-
operate (L1 et al.|[2023)). These approaches diverge from the
innate cooperative heuristics observed in humans, who can
effortlessly achieve cooperation without external guidance,
whether through intuitive or reflective responses (Rand et al.
2014).

Negotiation Games for Social Simulation

Multi-party negotiation simulations provide an effective sce-
nario for evaluating the cognitive capabilities and decision-
making of LLMs in social contexts. Negotiations require
both social awareness and multi-turn strategic planning,
where agents engage in verbal deliberation to persuade oth-
ers, creating individual stochasticity in solution spaces while
leveraging the unique language modality.

Previous studies on spontaneous cooperation in multi-
agent LLM competitive games have mainly focused on two-
party optimization problems, such as variations of Nash
equilibrium games (Wu et al.|2024)), or buyer-seller distribu-
tive (zero-sum) games (Huang and Hadfi|2024). These stud-
ies are more likely to assess LLMs’ mathematical optimiza-
tion and logical bargaining capabilities, rather than their in-
trinsic cooperative heuristics in complex, dynamic multi-
party trade-offs. In contrast, we extend previous work by
testing the cooperative tendencies of LLMs in a multi-party
setting and pose the following question:

RQ1: Can LLMs intrinsically exhibit cooperation in
multi-party social negotiation, as observed in humans, with-
out explicit instructions directing them to cooperate?

Early work by social psychologists shows that negotia-
tion is not merely a process of logical bargaining over re-
sources, rather it is influenced by the personalities of those
involved, shaping how negotiators perceive the situation, in-
teract with counterparts, and predispose them to act in cer-
tain ways (Morris, Larrick, and Sul[1999; |Skandrani, Fessi,
and Ladhari 2021). Therefore, those who can pick up on
cues from other parties can tailor their strategies accord-
ingly (Gilkey and Greenhalgh!|1986). Among the Big Five
personality traits, agreeableness, extraversion, and consci-
entiousness are most relevant to negotiation outcomes, with
the first two influencing social interactions and the latter af-
fecting bargaining strategy (Barry and Friedman||1998)). The
impact of these traits on varies depending on whether the ne-
gotiation is zero-sum. Agreeableness and extraversion tend
to improve outcomes in integrative settings but become lia-
bilities in distributive settings, while evidence for the effect
of conscientiousness remains inconsistent across both con-
texts (Sharma, Bottom, and Elfenbein|2013).

Relying on the evidence from the literature, we intro-
duce personality traits into our LLM-based agents to explore
whether variations in prosociality and cooperativeness can
emerge implicitly. This allows us to assess whether person-
ality influences cooperative behavior, as observed in human
subjects during negotiation simulations, even in the absence
of explicit instructions.

RQ2: How do personality traits in system personas im-
plicitly influence LLMs’ performance in negotiation games,
and do these injections align with human prosocial and co-
operative tendencies?

Game Description
The Original Negotiation Game

The LLM negotiation system is adapted from the clas-
sic HARBORCO role-play negotiation exercise (Abdelnabi
et al.||2024), originally designed as an instructional tool
for teaching negotiation strategies (Susskind| 1985} [Susskind!
and Corburn|2000). The original game involves six players
negotiating five policies to build a new deepwater port, each
representing stakeholders such as the HARBORCO consor-
tium (p1), environmentalists, union leaders, federal loan is-
suers, local government, and competing ports. Each party
has confidential scores tied to policy preferences that of-
ten conflict, requiring players to balance their individual



scores with group objectives. A deal passes only if at least
five players agree; otherwise, all players receive a minimal
score equivalent to the utility of no deal, referred to as the
Best Alternative to a Negotiated Agreement (BATNA) score.
Scorable negotiation games with BATNA provide a quantifi-
able and systematic evaluation of both individual and group
performance and trade-off in negotiation success.

Adaptation for Multi-agent Simulation

The LLM adaptation of HARBORCO reimagines the origi-
nal game in different contexts (e.g., a sports park or an island
nation’s airport project). These variations are generated ei-
ther through Bing Chat or manual rewriting, with individual
policy scores adjusted for generalizability (Abdelnabi et al.
2024). We adopt the original language of the HARBORCO
game as neutral guidelines for global and individual instruc-
tions.
The negotiation system contains the following:

e System Prompts: Each of the three Big Five personal-
ity traits (extraversion, agreeableness, and conscientious-
ness) is specified in the system to guide the LLM persona
under personality-specific LLMs. For generic LLMs, no
prompt is added. See Section for details on persona tun-
ing.

« Initial Prompts: Each agent receives a global instruction
describing the negotiation context and individual confi-
dential instructions outlining their specific policy prefer-
ences and the scores associated with each policy option.

* Round Prompts: During each round, agents access con-
versations from the last N turns (default N=6). They
also have access to a scratchpad, which helps them re-
flect on prior interactions (optionally using a calculator
to track scores) and propose their preferred policies based
on their confidential scores.

* Responses: After deliberating privately in their scratch-
pad, each agent submits their proposed set of policies and
uses multiple sentences to articulate their proposal and
persuade other players.

* End of Negotiation: Once all rounds are completed (de-
fault 4xplayers), the project proposer (p1) finalizes the
deal based on the policies proposed in prior rounds.

Experiments

We conducted three sequential experiments to examine: the
contributions of each functional module (Experiment 1), the
effect of cooperative instructions (Experiment 2), and the
replication of results using two game variants (Experiment
3). All experiments were conducted using GPT-40-mini to
optimize for cost and inference speed.

All simulation performances are assessed by two metrics:
the percentage of AnySuccess (a 5- or 6-way agreement at
any round) and FinalSuccess (an agreement reached at the
end of the negotiation). Agreement success serves as a reli-
able measure, as it reflects both group-level agreement and
higher-than-individual BATNA (walk-away) scores com-
pared to unsuccessful negotiations. Due to space limitations

and the two metrics showing very similar patterns across dif-
ferent conditions, we report only AnySuccess in our results
and include FinalSuccess in the Appendix [[II}

Experiment 1: Functional Modules

Experiment 1 first excludes the appended cooperative guid-
ance from the original design (Abdelnabi et al.|[2024) and
tests key functional modules: calculator usage, scratchpad
instructions, and system persona (see Appendix [[/for an ex-
ample prompt). The calculator and scratchpad are selected
as they are suspected to be crucial for agents in optimizing
their scores while preventing hallucinations (e.g., incorrect
score calculations or score leakage). Meanwhile, the sys-
tem persona investigates the potential for implicit cooper-
ation injections through personality traits. Each ablation of
a functional module is termed Fully Cooperative (the origi-
nal game), Round Prompt, Remove Calculator, and Remove
Scratchpad, while the system persona serves as an empirical
variation across different simulation settings.

Calculator A calculator can be turned on via “calcula-
tor prompt” in their scratchpad to track the score explicitly.
Though one might expect that calculator could help agents
avoid hallucinations and enhance their cognitive capacity, as
well as mimicking how human participants would approach
the problem in real negotiation scenarios, we perceive the
calculator instruction forcing agents’ thought process to be
highly structured and rule-based rather than in linguistic de-
liberation, potentially reducing the linguistic diversity asso-
ciated with different personality personas.

Scratchpad Guidance The scratchpad prompt provides
explicit instructions on how to consider other agents’ prefer-
ences and balance their own with those of others by writing
them down on their scratchpad. It asks agents to engage in
internal deliberation before sharing their answers publicly.
When the scratchpad is removed, agents are still asked to
consider others’ preferences and balance their own scores
with those of others, but they are no longer explicitly in-
structed to write down their thought process.

System Persona (Personality Injected into System
Prompts) Our personality simulation adopted an approach
similar to the Configurable General Multi-Agent Interaction
(CGMI) framework (Shi et al.|2023)), by approximating hu-
man participants’ responses to the 60-item Big Five Inven-
tory (BFI-2) questionnaire (Soto and John|[2017; John and
Srivastaval|1999) in agents’ system prompts. When an agent
is prompted to exhibit a strong presence of a particular per-
sonality trait (e.g., high extroversion), a random set of agree-
ment levels is generated for all items under the extroversion
trait so that the average results in a final rating of either 6 or
7 on a 7-point Likert scale, reflecting the desired level on the
selected personality trait. Similarly, for a low agreeableness
agent, the average responses for agreeableness items are set
to either 1 or 2. This approach leverages the granularity of
BFI items, enabling a more realistic representation of intrin-
sic human attitudes associated with each personality (Shi
et al.|2023} John and Srivastava||1999). The CGMI frame-
work has been found to enhance personalization in agent



No Personality Personality Extravert Agreeable (Conscientious

Linguistic Markers Baseline (%) (% diff) (% diff) (% diff) (% diff)
Social Processes 4.18 14.83%%* 2.31 4.60%* -0.15
Cognitive Processes 7.98 11.51%%* -5.56%%* -2.81 -3.28
Insight 222 14.46%%* S7.31%* 3.86 -4.60
Tentative 2.29 -6.97* -0.73%k =923
Discrepancy 1.86 21.07%#%* -7.18%* -3.92 -4.33%
Differentiation 2.18 -5.46 -0.27#%* -0.76
Drives 7.57 -0.61 0.96 0.17
Affiliation 3.18 1.52 9.10%%* 2.17
Power 2.10 -7.46* -6.38* -0.78
Personal Pronouns 5.64 18.8%*%* -0.90 0.44 -2.20
1st Person Singular 0.52 40.20%%* -3.02 -6.71%* -1.03
1st Person Plural 0.66 48.92% % 17.66%** 8.18 -0.34
3rd Person Plural 0.80 5.54 -12.96%%#%* -11.40%*
Informal Language 0.02 248.38%#** -1.08 14.62 -12.61

Table 1: Comparison of LIWC categories across personality dimensions for the Remove Calculator condition. No Personality is
the baseline average (n=300), while Personality (n=300) shows the percentage difference from the baseline. Extravert, Agree-
able, and Conscientious reflect within-trait differences (High n=50 / Low n=50). Significance levels for independent t-tests:

w3k < 001, #*p < .01, *p < .05.

communication compared to relying solely on generic roles
(Shi et al[2023). The exact prompt used is provided in Ap-
pendix [}

Validating Personality Injections. Our personality injec-
tions are validated using the Linguistic Inquiry and Word
Count (LIWC) dictionary, a text analysis tool that quantifies
linguistic patterns and psychological constructs (Pennebaker
2001} Tausczik and Pennebaker|2010)), to assess whether in-
corporating personality meaningfully alters agents’ linguis-
tic style (i.e., whether our personality injection was effec-
tive).

LIWC categories have been shown to correlate both with
self-reported and observer-reported personality assessments
(Yarkoni|[2010; [Koutsoumpis et al.|2022), making them reli-
able linguistic markers for personality traits. Comparing No
Personality (n = 50) and aggregated Personality (n = 300) in
TableE] across all selected traits (high and low extraversion,
agreeableness, and conscientiousness), we observe signifi-
cant linguistic differences between generic agents and those
with personality personas. These differences are particularly
evident in language related to social processes (+14.83%,
p < .001), cognitive processes (+11.51%, p < .001), per-
sonal pronouns (+18.8%, p < .001), and informal languages
(+248.38%, p < .001), with aggregated Personality consis-
tently exhibiting more persona-driven language. In contrast,
the generic agent follows procedural instructions without ex-
hibiting pounced psychological linguistic styles.

Focusing on within-trait differences (e.g., low vs. high ex-
traversion, both n = 50), agents with distinct personalities
exhibit linguistic variations that align with the directional
effects of LIWC markers observed in prior studies (Yarkoni
2010; Koutsoumpis et al.[2022)). For example, high extraver-
sion correlates with an increased use of first-person plural
pronouns (+17.66%, p < .001). Similarly, high agreeable-
ness is associated with a decrease in first-person singular
pronouns (-6.71%, p < .01) and an increase in social pro-

cess words (+4.60%, p < .01). High conscientiousness cor-
responds to reduced tentative language (-9.23%, p < .001).

Additionally, we explored other LIWC markers that,
while not previously tested for personality associations, still
align with our expected trait-driven linguistic patterns. For
instance, extraversion and agreeableness exhibit reductions
in discrepancy markers (-7.18% for extraversion, p < .01)
and differentiation markers (-9.27% for agreeableness, p <
.001), illustrating a preference for affiliation (+9.10% for
agreeableness, p < .001) over power (-7.46% for extraver-
sion, p < .05, -6.38% for agreeableness, p < .05) as a driving
force in language use during negotiations. It is important to
note that in our validation, LIWC categories highlight lin-
guistic differences between LLM personas but do not indi-
cate fundamental changes in the model’s core reasoning and
behaviors.

Experiment 1 Results Comparing the Fully Cooperative,
Round Prompt, Remove Calculator, and Remove Scratchpad
models under the Cooperative condition in Table |2} we ob-
serve a general trend: cooperative instruction among multi-
agent systems tends to improve performance, both in terms
of any and final successful agreement (see Appendix [III).
The Fully Cooperative condition achieves the highest suc-
cess rate (96-100% AnySuccess), outperforming all other
conditions, though only marginally better than the Round
Prompt baseline (84-96% AnySuccess).

Surprisingly, removing the calculator does not reduce per-
formance (94-100% AnySuccess) and may even slightly
improve negotiation success. We speculate that the calcula-
tor might make LLM-based agents more conscious of their
self-interest in policy proposals, thereby increasing the like-
lihood of disrupting group-level agreements.

Finally, removing explicit cooperative instruction in the
scratchpad, which encourages agents to “write down” their
cooperative strategies in each round, and replacing it with
a purely informational suggestion on balancing self-interest



Modules Cooperative Neutral
Fully Round  Remove Remove Round  Remove
Cooperative Prompt Calculator Scratchpad | Prompt Calculator

No Personality 98 96 100 74 12 22
All Personalities 98 92 95 41 9 20
Low Extraversion 96 84 94 36 14 20
High Extraversion 98 94 96 29 0 16
Low Agreeableness 98 92 90 32 4 8
High Agreeableness 96 94 100 38 8 28
Low Conscientiousness 100 92 92 50 16 20
High Conscientiousness 98 96 96 58 10 28

Table 2: Comparison of functional modules for Any Success rate across personas for Cooperative and Neutral instructions.
No Personality (n = 50), All Personalities aggregated across selected traits (n = 300), and each low/high trait (n = 50). All
four Cooperative conditions correspond to Experiment 1, while comparisons between Cooperative and Neutral for Round
Prompt and Remove Calculator correspond to Experiment 2. Bolded personality pairs (No/All or Low/High) indicate significant

differences under Fisher’s exact test.

with others’ interests results in the largest decline in negoti-
ation success (29-74% AnySuccess).

In comparison, the reported success rate of human players
in the original HARBORCO game is around 70-80% (PON
2023)), indicating that when explicit cooperative instructions
are provided in the scratchpad, they help agents achieve ne-
gotiation success higher than human players, who rely on
cooperative heuristics without explicit guidance. However,
once the explicit instructions are reworded as an informa-
tional statement, performance drops well below that of hu-
man counterparts.

These trends are consistent across all persona conditions,
including the No Personality baseline, aggregated person-
ality across all traits, and personality-specific personas, fur-
ther reinforcing the importance of cooperative scratchpad in-
structions in enhancing negotiation performance.

Experiment 2: Cooperative Instructions

Given the significant impact of scratchpad instructions on
agents’ performance, along with the directional influence
of cooperative instructions on negotiation success, we in-
troduce a neutral scratchpad as a revised version of the
original cooperative scratchpad. This neutral scratchpad is
designed using the instructional wording from the original
HARBORCO materials, allowing us to directly compare the
effects of neutral versus cooperative framing on agent be-
havior. The scratchpad guides agent strategies through the
following conditions (see examples in Appendix [[I):

e Prefer Others (Cooperative): Prioritize others’ prefer-
ences when making moves and proposing deal sets.

* Consider Both (Neutral): Instruct agents to remain neu-
tral by considering both their own and others’ prefer-
ences.

We acknowledge that some may perceive our neutral
scratchpad as already cooperative and the original cooper-
ative scratchpad as overly prosocial, perhaps even entirely
selfless. To clarify, in our simulation, the neutral scratch-

pad reflects realistic human instructions for playing nego-
tiation games, where players naturally balance their own in-
terests with those of others (Consider Both). The coopera-
tive scratchpad goes beyond inherent human strategic calcu-
lations, explicitly prioritizing others’ preferences over self-
interest (Prefer Others).

Experiment 2 compares the Round Prompt and Remove
Calculator conditions for both the Prefer Others and Con-
sider Both scratchpad instructions to demonstrate the con-
sistent decline in negotiation success when agents adopt the
neutral instruction.

Experiment 2 Results Considering both Round Prompt
and Remove Calculator, we observe a drop in AnySuccess
when shifting from the cooperative to the neutral scratchpad,
decreasing from 76-94% for Round Prompt and 68-82%
for Remove Calculator, with performance approximately
50-80% lower than that of human players. These results
highlight the striking impact of removing explicit coopera-
tion on LLMs’ negotiation success in our simulations. These
patterns remain consistent across all personas.

Examining differences within each personality trait, we
do not observe systematic performance variations between
its higher and lower levels. However, agreeableness occa-
sionally shows significant variation under both Remove Cal-
culator conditions (the modular conditions with the least
syntactic structure in reasoning and potentially greater per-
sonality influence), with higher agreeableness achieving
a 10-20% higher success rate than lower agreeableness.
This suggests that, among all personality traits, agreeable-
ness may have the greatest potential for implicitly fostering
cooperativeness, as its psychological characteristics align
closely with prosocial and cooperation heuristics identified
in prior research (Alds-Ferrer and Garagnani|[2020). How-
ever, the magnitude of improvement from agreeableness re-
mains minimal compared to the contribution of explicit co-
operation.

Scoring Trajectories. Visually examining the scoring tra-
jectory of the high success rate from the cooperative scratch-
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pad and the low success rate from the neutral scratchpad in
Round Prompt (Figure [T)), we observed a distinct pattern in
negotiation dynamics. Under the cooperative condition, ne-
gotiation scores between individual players, especially the
project proposer (pl), tend to converge through conversa-
tional rounds, ultimately leading to high success rates in
both any-round and final-round agreements. In contrast, un-
der the neutral condition, individuals persist in maintaining
proposal policy sets that align with their own preferences
without adequately considering others’ interests or the col-
lective benefit. As a result, policy sets struggle to converge
over multiple turns, leading to low negotiation success and
simultaneously low individual scores for all participants.
Similar scoring trajectories were also observed under Re-
move Calculator in Appendix

Utility and Equality Measures. We visualize utility sur-
plus and player equality to compare cooperative and neutral

scratchpad conditions of Round Prompt (similar patterns un-
der Remove Calculator can be found in Appendix[V). Utility
surplus captures how beneficial the final agreement is be-
yond mere success, calculated as the average surplus (final
utility minus BATNA) across all players participated in suc-
cessful N-way negotiations. Equality is measured by each
player’s share of the total utility surplus.

Aggregated results (Figure 2] Middle) show that cooper-
ative instructions yield higher average utility and more co-
hesive policy outcomes, whereas neutral instructions result
in greater variability concentrated at the lower end of the
surplus spectrum. These patterns persist across personality
conditions (Figure 2] Right). Interestingly, under the neutral
condition, the baseline often converges on a single policy
set, whereas personality prompts introduce greater variance
in outcomes—suggesting that while cooperative instructions
are key to negotiation success, personality injections can en-



rich LLM behavior with more human-like variation. Finally,
player surplus share distributions (Figure [2} Left) are cen-
tered around similar positions across both cooperative and
neutral conditions, indicating comparable levels of negotia-
tion fairness. However, the neutral condition shows a wider
spread, suggesting greater variability in each players’ share
across game runs.

Additional Qualitative Analysis. We conducted a qual-
itative comparison of one simulated negotiation run under
the cooperative and neutral conditions, using the Remove
Calculator version as it offered a less structured and or-
ganically produced transcript. Our analysis focused on the
project proposer’s dialogue (i.e., SportCo), examining three
personality conditions (No Personality, High Agreeableness,
and Low Agreeableness) to illustrate how negotiation strate-
gies and tone subtly vary depending on the presence of
explicit cooperative instructions and personality mediation.
More comprehensive annotated dialogues can be found in
Appendix [VI}

Under cooperative instructions, negotiation strategies are
typically accommodating and altruistic, where proposers
demonstrate a concern for aligning with others’ preferences.
For example, under the No Personality condition, one agent
reasoned:

“I should consider a compromise that acknowledges
some damage while still aiming for a higher loan.”
[Cooperative, No Personality, Scratchpad]

This pragmatic but inclusive orientation extends into the
public proposal itself:

“This proposal aims to address the diverse interests of

all parties while ensuring that we can proceed with the

Harbour Sport Park project in a way that is beneficial

for everyone involved.” [Cooperative, No Personality,

Answer]

When High Agreeableness is introduced, the tone be-
comes even more warm and inclusive, often going beyond
utilitarian compromise. One example from the answer reads:

“I appreciate the collaborative spirit we’ve all shown

in this negotiation.” [Cooperative, High Agreeable-

ness, Answer]

Despite its agreeable tone, the scratchpad reflects a strate-
gic awareness of the proposer’s own interests, suggesting a
more balanced orientation:

“I need to find a way to accommodate the preferences

of the Mayor and Other Cities while still ensuring that

I achieve a reasonable score for myself.” [Coopera-

tive, High Agreeableness, Scratchpad]

By contrast, when Low Agreeableness is paired with co-
operative instructions, we observe a more strategically ratio-
nal tone:

“If I can assure them that their interests are being con-
sidered without compromising too much on my end
...” [Cooperative, Low Agreeableness, Scratchpad]

Under the neutral condition, however, proposers tend to
display more self-focused and pragmatic reasoning, particu-
larly in the scratchpad. For example, one agent begins:

“My preferences are clear: I prioritize a...” [Neutral,

No Personality, Scratchpad]

While the public proposal softens slightly, it remains
outcome-focused:

“This proposal aims to create a balanced solution that
... while ensuring the project’s success.” [Neutral, No
Personality, Answer]

When High Agreeableness is layered onto the neutral in-
struction, proposers begin to demonstrate more strategic at-
tention to others’ preferences and express willingness to col-
laborate, though without the full affective warmth seen with
cooperative instructions:

“I will also express my willingness to work together
to find a solution that addresses everyone’s concerns
while ensuring the project’s viability.” [Neutral, High
Agreeableness, Scratchpad]

For Low Agreeableness condition, proposers tend to an-
chor in self-interest, offering selective compromises only
when instrumental to their goals. One proposer notes:

“Given the final session, I need to find a way to appeal
to the other parties while still protecting my interests
and sometimes purely approach it with a strong stance
and focus on reasoning for persuasion.” [Neutral, Low
Agreeableness, Scratchpad]

This is echoed in assertive policy positions such as:

“For employment opportunities, I strongly advocate
for unlimited union preference, which I believe will
significantly benefit our local economy.” [Neutral,
Low Agreeableness, Answer]

Overall, the key driver of negotiation strategy appears to
be whether explicit cooperative instructions are provided.
These instructions reliably elicit more prosocial reasoning
and outwardly collaborative behavior. In contrast, personal-
ity simulation plays a more subtle role, shaping the tone and
interpersonal framing rather than altering the strategic core
of the negotiation.

We observe that personality conditions, whether high or
low in agreeableness, result in slightly less utilitarian and
more socially aware framings compared to the No Person-
ality condition, which leans heavily on logical trade-off rea-
soning with minimal affective expression.

Interestingly, players’ public-facing proposals (answers)
are consistently more collaborative and positively framed
than their internal reasoning (scratchpads), revealing a com-
pelling distinction between internal strategy formulation and
outward presentation—even though both are ultimately out-
puts of language generation.

Experiment 3: Game Replications

The final experiment aimed to demonstrate the general-
izability of our findings on cooperation instructions and
personality through replication. We tested two negotiation
strategies, cooperative Prefer Others and neutral Consider
Both, under Remove Calculator (conditions with the least
syntactic structure), evaluating them in two game variants:
a seven-player extension of the base game (7players) and a
human-rewritten version of the base game (Rewritten). Both
scenarios featured individual scores that differed from the
base game.



Games 7 Players Rewritten
Cooperative Neutral Cooperative Neutral

Low Extraversion 76 18 96 22
High Extraversion 74 12 92 28
Low Agreeableness 68 6 88 14
High Agreeableness 86 26 88 38
Low Conscientiousness 74 16 92 30
High Conscientiousness 70 22 92 40

Table 3: Comparison of AnySuccess rate between the No Calculator version of Cooperative and Neutral conditions across
all personality traits (n = 50) for the 7-Player and Rewritten game variants. Bolded Low/High trait pairs indicate significant

differences under Fisher’s exact test.

Experiment 3 Results According to Table [3] the largest
impact on performance still stems from shifting from the
cooperative to the neutral scratchpad, resulting in a 32-60%
drop in AnySuccess for the 7-player version and a 50-74%
drop for the rewritten game. The absolute difference be-
tween the cooperative and neutral conditions varies across
game versions, as differences in individual scores influence
negotiation difficulty. However, the pronounced gap persists
across all games and all personality conditions.

Similar to the base game simulations, we do not ob-
serve a systematic impact of personality traits on negotiation
success. High agreeableness occasionally shows a statisti-
cally significant improvement over low agreeableness us-
ing Fisher’s exact test. However, this improvement remains
modest (16-24% increase in AnySuccess) compared to the
larger contribution of explicit cooperation.

Discussion

Across simulations with varying conditions and modules,
we first identify that calculators have minimal impact on
performance, whereas structured scratchpad guidance (i.e.,
prompting LLMs to articulate their deliberation) substan-
tially improves negotiation outcomes. To address RQ1
(whether or not LLMs cooperate in multi-party negotia-
tion without being explicitly instructed to do so), we com-
pare two scratchpad strategies: an overtly prosocial instruc-
tion (Prefer Others) and a more neutral cooperative direc-
tive (Consider Both). We observe that shifting to the lat-
ter results in a marked decline in negotiation success. This
trend persists across the base game and two replications with
different contexts and scores, with success rates well be-
low those of the cooperative condition (50-90%) and hu-
man players in the original HARBORCO game (40-80%).
We note again that this human performance benchmark is
based on extensive classroom simulations of HARBORCO
reported in the past (PON|[2023). As illustrated in Figure
[1] these failures manifest in the LLMs’ reluctance (or slow
adaptation) to align individual policies toward group agree-
ments, and they often fail to achieve individual scores above
their BATNA—highlighting the limited intrinsic coopera-
tion of LLMs in the absence of clear prosocial instructions.

Given the importance of cooperation in negotiation suc-
cess within our LLM simulations, we next examine RQ2
(how injected personality traits may implicitly induce co-

operation). Drawing on established links between person-
ality and prosociality (Graziano et al.|[2007; (Caprara et al.
2010), we investigate whether injecting human-like person-
ality traits—known to correlate with human prosocial and
cooperative tendencies (Graziano et al.|2007; |Graziano and
Eisenberg|1997;|Caprara et al.|2010; |[Koole et al. 2001)—can
implicitly induce cooperation. However, personality injec-
tions yield only modest effects: high agreeableness oc-
casionally improves success, high extraversion influences
outcomes in only one setup, and high conscientiousness
shows no significant effect. Yet, no personality trait matches
the effectiveness of explicit cooperative instructions in the
scratchpad.

This peculiar phenomenon highlights a key distinction be-
tween human players and LLM agents, one not commonly
observed in previous LLM studies (Wu et al.[[2024} |(Chen
et al.||2024; Tang and Kejriwal(2024): unlike humans, who
naturally accommodate others either intuitively or through
strategic adjustments, LLMs struggle to reason about collec-
tive benefit through compromise. This difficulty persists de-
spite their instruction-tuning for prosocial alignment (Sreed-
har and Chilton|2024; Lu et al.|2024), suggesting that proso-
cial linguistic cues do not necessarily translate into cooper-
ative behavior in social settings.

Although our study primarily examines only one GPT-
based LLM, GPT-40-mini, it raises a broader concern: co-
operation in language models should not be assumed based
on their prosocial linguistic tendencies. One possible expla-
nation is their literal interpretation of users’ instructions,
shaped by training and instruction-tuning for assistantship
(Gobinath et al.|[2024)). In our setup, agents interpret Prefer
Others as requiring to fully adopt others’ preferences, likely
due to their tuning for helpfulness and prioritizing others’
needs. However, when instructed to Consider Both, they fail
to balance self-interest with parties priorities, leading to a
sharp decline in negotiation success.

As LLMs are integrated into autonomous systems and
human-Al collaborations, they often fall short in contexts
where they lack shared understanding or common ground
with humans (Bansal et al. 2024). Gaining insight into
their intrinsic cooperative and prosocial tendencies brings
us closer to deploying agents that can reliably navigate dy-
namic, real-world scenarios where human-like coordination
is expected but not always explicitly scripted.



Limitations and Future Work

While our study evaluates negotiation dynamics using suc-
cess rate, utility surplus, and fairness, additional met-
rics—such as score trajectory patterns (e.g., sharp vs.
smooth declines) and indicators of player dominance or con-
cession—could offer deeper qualitative insights into agent
behavior. Moreover, our current version focuses on extreme
personality injections (i.e., all players adopt the same per-
sonality); however, the setup can be readily extended to
mixed personality profiles, enabling more realistic modeling
of human negotiators and interactions between traits.

Our experiments are limited to GPT-40-mini in a one-shot
setting using a single type of negotiation game. To enhance
generalizability, future work should explore a broader range
of models, negotiation scenarios, and prompting strategies
(e.g., chain-of-thought reasoning, few-shot learning that
mirrors human negotiation skill development, and alterna-
tive personality prompt designs). While our study focuses on
variants of the HARBORCO game, the Program on Negoti-
ation at Harvard Law School provides a wide range of well-
established negotiation games that can be easily integrated
into similar experimental setups. These games span diverse
contexts, complexities, and participant roles, enabling more
comprehensive evaluations of LLM cooperation strategies.

Lastly, the conversational role-play games used here may
be too structured to fully capture behavioral variability
driven by personality tuning (Sharma et al.|2018)). Incorpo-
rating more open-ended simulations grounded in real indi-
vidual behaviors, such as those in [Park et al.[ (2024), could
better reflect personal motivations, social decision-making,
and multi-agent interactions in LLM systems.
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Appendix
L. Injecting Personality into System Prompts

To simulate human-like personality traits within the system
prompt of our LLM agent, we adopt the 60-item Big Five
Inventory (BFI-2) (Soto and John|2017}; John and Srivastava
1999), a validated and widely used revision of the original
BFI for measuring the five major dimensions of personal-
ity: Extraversion (E), Agreeableness (A), Conscientiousness
(C), Neuroticism (N), and Openness to Experience (O). The



BFI-2 consists of 60 declarative statements to which respon-
dents indicate their level of agreement on a 7-point Likert
scale (1 = Strongly Disagree, 7 = Strongly Agree). Each trait
is assessed using a combination of positively and negatively
(reverse-scored) worded items.

Below are exemplar questionnaire items used in our im-
plementation, with the item number corresponding to its in-
dex in the original BFI-2 inventory. Items marked as reverse-
scored are recoded such that lower raw scores correspond to
higher levels of the associated trait.

* Extraversion
— (1) “Is outgoing, sociable.”
— (6) “Has an assertive personality.”
— (16) “Tends to be quiet.”

* Agreeableness

(positive)
(positive)
(reverse-scored)

— (2) “Is compassionate, has a soft heart.” (positive)
— (7) “Is respectful, treats others with respect.” (positive)
— (12) “Tends to find fault with others.” (reverse-scored)

¢ Conscientiousness

— (13) “Is dependable, steady.” (positive)
— (18) “Is systematic, likes to keep things in order.” (pos-
itive)

— (3) “Tends to be disorganized.” (reverse-scored)

We embed these simulated personality profiles directly
into the system prompt of the LLM. A representative excerpt
is shown below:

The Big Five Inventory (BFI) measures five core
personality traits: Conscientiousness (C), Neuroti-
cism (N), Agreeableness (A), Extraversion (E), and
Openness (0). Each captures important dimensions
of how individuals behave, think, and engage with
others. These traits influence not only how one
approaches decisions and interacts in a negotiation,
but also shape language, preferences, and strategic
choices.

Based on the Big Five, you exhibit the following char-
acteristics (example responses for High Extraver-
sion):

— I see myself as someone who is outgoing, sociable:
Strongly Agree

— I see myself as someone who tends to be quiet: Dis-
agree

— I see myself as someone who has an assertive per-
sonality: Agree

To simulate a specific personality trait (e.g., High Ex-
traversion), we generate a random set of responses for the
corresponding items (presented in randomized order) such
that their average equals either 6 or 7 on a 7-point Likert
scale. Reverse-scored items are appropriately inverted dur-
ing this process. This approach allows for more individu-
alized and fine-grained variation in the simulated personal-
ity, without relying on hard-coded behavioral heuristics (Shi
et al.[2023).

IL. Prompt Examples

Figure [3] displays the full set of Round Prompts used in
the original system (Abdelnabi et al.||2024), including the
functional modules (calculator and scratchpad) and the ad-
ditional fully cooperative instructions tested in Experiment
Similarly, Figure 4| presents the scratchpad instructions
used for the cooperative (Prefer Other) and neutral (Con-
sider Both) conditions in Experiment [2]as part of the Round
Prompt, with key differences in wording across conditions
highlighted in bold.

II1. Simulation Results of Final Success

Table[d demonstrates similar patterns for the Final Success
rates for different experimental conditions as to the
AnySuccess presented in the main text. The fully co-
operative instructions reach the best, although less than
AnySuccess, collective performance levels (78-92%).
There is minimal difference between performances under
the Round Prompt baseline (68-88%) and Remove Calcu-
lator condition (64-86%), whereas Remove Scratchpad re-
sults in a striking decrease in performance (29-74%). When
the No Personality baseline is compared with aggregated All
Personalities, we do not find any significant change in any of
the experimental conditions, while extreme shifts in agree-
ableness and extraversion seems to make an impact under
some conditions.

Similarly, when Experiment |2| conditions are compared
(i.e., cooperative versus neutral), we see in Table E] that
FinalSuccess rates decline drastically with the neutral in-
structions, underlining our main finding that explicit coop-
erative instructions improve collective agreement in LLM-
based agents. Consistently, this performance drop appears
in the other two extensions of the game. Compared to the
Cooperative scratchpad, Neutral instructions leads to a 6-
30% decrease in the seven-player version and a 42-64% drop
for the rewritten version of the game, as shown in Table [5]
The discrepancy between cooperative and neutral conditions
for FinalSuccess is much smaller in 7Players, as this ver-
sion makes it more difficult to reach an N — 1-way agree-
ment due to the additional party and policy. However, the
directional impact remains consistent in both AnySuccess
and Final Success. In agreement with the baseline game re-
sults, inducing personality into the system does not seem to
have a consistent effect on negotiation performance of the
entire group.

IV. Scoring Trajectories of Remove Calculator

As illustrated in Figure [6l we observe similar negotia-
tion patterns under Remove Calculator, where negotiators’
scores converge over time with the cooperative condition,
leading to significantly higher success rates as provided in
Table Conversely, with the neutral condition, the dom-
inance of individual preferences and lack of compromise
prevent convergence, resulting in much lower rates of agree-
ment among parties.



deal or suggesting a new one.
99 g calculator

score of a deal.

In your scratchpad, scratchpad

1) think about what others may prefer,

Please use a scratchpad to show intermediate calculations and explain yourself and why you are agreeing with a

You should map the individual options to their scores denoted by the number between parentheses.
You have a calculator tool at your disposal, where you simply add scores of the options to determine the total

2) Based on others' preferences and history and your notes, propose one proposal that balances between
your scores and accommodating others and that is more likely to lead to an agreement.

You must follow the se important negotiation guidelines in all your suggestions:

Aim for a balanced agreement considering all parties' interests.

Show flexibility and openness to accommodate others' preferences.

Express your objectives clearly and actively listen to others.

Empathize with other parties’ concerns to foster rapport.

Focus on common interests to create a win-win situation.

It is very important for you that you all reach an agreement as long as your minimum score is met.

Figure 3: An example of the original Fully Cooperative round prompt from (Abdelnabi et al.|2024), used in Experiment [1} It
includes the calculator and scratchpad modules, along with additional cooperative instructions. The Round Prompt condition
ablates all additional cooperative instructions (blue). Remove Calculator removes the calculator module (green), and Remove
Scratchpad rewrites the structured scratchpad prompt (yellow) as a purely informative suggestion (i.e., agents are still prompted
to consider others’ preferences and balance scores but are no longer explicitly instructed to write out their reasoning).

V. Utility and Equality Measures of Remove
Calculator

We present utility and equality measures for the Remove
Calculator condition in Fi gure@ On the left, we observe pat-
terns similar to those under the Round Prompt condition de-
scribed in the main text. Specifically, players with a smaller
BATNA—holding either less or more negotiation power de-
pending on the context—tend to receive a larger share of the
surplus achieved at the group level. When shifted from the
cooperative to the neutral scratchpad condition, we see that
players’ distributions generally exhibit slightly higher vari-
ation and often shift toward a more distinct bimodal shape,
suggesting that players may adopt more diverse strategies.

The distributions of average utility under cooperative and
neutral conditions (Figure@ Middle) show a similar trend to
Figure [2] with the cooperative condition exhibiting greater
variability. Notably, the neutral condition also displays a
comparable range with clear instances of high total surplus,
indicating that more favorable collective outcomes can still
emerge under this condition in the absence of the “calculator
prompt.”

When average utility is disaggregated by personality con-
ditions (Figure [] Right), we observe greater overall vari-
ability across all traits under the Cooperative condition com-
pared to the Neutral condition, suggesting that cooperation
enables a wider range of outcomes—including those that
yield higher surplus. In contrast, the Neutral condition pro-
duces narrower, more compressed distributions, reflecting

more consistent but generally lower utility outcomes. In-
terestingly, there is a stark contrast between the baseline
and personality-specific conditions under the neutral setting,
with several traits associated with significantly more vari-
able utility outcomes. This suggests that personality injec-
tion may buffer in the absence of cooperative cues.

VI. LLM Negotiation Dialogue Snippets

We illustrate examples of LLM dialogues from the project
proposer’s perspective (SportCo) in Table [6] with each ex-
ample selected from a single simulation run. Selected quotes
are annotated as self-prioritizing, , OI CO-
operative. On average, the cooperative condition is charac-
terized by balanced and cooperative strategies across both
the scratchpad and final answer, with answers tending to be
purely cooperative regardless of agreeableness level.

A close reading of the quotes reveals that the No Person-
ality baseline often adopts a more pragmatic and straightfor-
ward tone, while both high and low agreeableness conditions
attend more to others’ preferences, strategically employing
inclusive tone and framing.

In contrast, the neutral scratchpad condition is dominated
by self-prioritizing and balanced strategies, with the No Per-
sonality baseline exhibiting the most self-prioritizing behav-
ior compared to agreeableness-injected versions. Similarly,
final answers under the neutral condition generally display
more considerate framing than scratchpads, and personality
injections introduce more affective and socially aware lan-
guage compared to the baseline.




Prefer Others (Cooperative)
In your scratchpad,

Consider Both (Neutral)
In your scratchpad,

move and explain your reasoning.

1) think about what others may prefer,
2) Based on others' preferences and history and your notes, propose one proposal that
balances between your scores and accommodating others and that is more likely to lead to an agreement.

1) think about your and others' preferences,
2) Based on your beliefs about others' preferences, history and your notes, decide on your

Figure 4: A comparison of the cooperative (Prefer Other) and neutral (Consider Both) conditions in Experiment Key differ-
ences between the two conditions are highlighted in bold.

Modules Cooperative Neutral
Fully Round  Remove Remove Round  Remove
Cooperative Prompt Calculator Scratchpad | Prompt Calculator

No Personality 84 78 86 56 4 14
All Personalities 87 78 77 33 6 16
Low Extraversion 78 68 78 30 8 14
High Extraversion 90 88 80 27 0 16
Low Agreeableness 92 76 64 20 0 8
High Agreeableness 84 74 84 26 6 20
Low Conscientiousness 92 78 80 44 12 14
High Conscientiousness 86 86 76 50 8 22

Table 4: Comparison of functional modules for Final Success rate across personas for Cooperative and Neutral instructions.
No Personality (n = 50), All Personalities aggregated across selected traits (n = 300), and each low/high trait (n = 50). All
four Cooperative conditions correspond to Experiment 1, while comparisons between Cooperative and Neutral for Round
Prompt and Remove Calculator correspond to Experiment 2. Bolded personality pairs (No/All or Low/High) indicate significant

differences under Fisher’s exact test.

Games 7 Players Rewritten
Cooperative Neutral Cooperative Neutral

Low Extraversion 30 16 72 8
High Extraversion 42 12 68 14
Low Agreeableness 26 4 62 8
High Agreeableness 26 20 60 12
Low Conscientiousness 28 12 72 20
High Conscientiousness 18 10 60 18

Table 5: Comparison of FiinalSuccess rate between the No Calculator version of Cooperative and Neutral conditions across
all personality traits (n = 50) for the 7-Player and Rewritten game variants. Bolded Low/High trait pairs indicate significant

differences under Fisher’s exact test.
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Figure 5: Scoring trajectory comparison between Cooperative (left) and Neutral (right) instructions for all players in Remove
Calculator of the base game across all personalities (both n = 300). Each player’s BATNA is illustrated.
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Figure 6: Utility and Fairness measures of Remove Calculator. Left: Surplus share distribution by players across all personality
simulation runs (n = 300). Middle: Avg. utility surplus across all players in successful negotiations, aggregated across all
personality conditions (n = 300). Right: Condition-wise breakdown of average utility surplus + No Personality baseline (each n
=50).



Personality

Cooperative

Neutral

No
Personality

High
Agreeableness

Low
Agreeableness

SCRATCHPAD

“The Environmental League is likely to prefer options that min-
imize ecological damage, so I should consider a compromise
that acknowledges some damage while still aiming for a higher
loan.”

“The Local Labour Union has shown a preference for . .., which
I can accommodate to gain their support.”

“The Other Cities have been requesting compensation, but I can
propose a lower amount to help secure their agreement while
still addressing their concerns.”

ANSWER

“Thank you all for your continued collaboration.”

“To move forward, I propose the following deal: ... This pro-
posal aims to address the diverse interests of all parties while en-
suring that we can proceed with the Harbour Sport Park project
in a way that is beneficial for everyone involved.”

“I look forward to hearing your thoughts on this proposal.”
ANALYSIS: Straightforwardly analyzes each party’s prefer-
ences, using pragmatic compromise without affective warmth.

SCRATCHPAD

“I need to find a way to accommodate the preferences of the
Mayor and Other Cities while still ensuring that I achieve a rea-
sonable score for myself.”

“For the federal loan, I can suggest $1 billion instead of $2 bil-
lion, which is more favorable for me while still providing some
support.”

“For compensation, I can propose $300 million, which is a fair
compromise that aligns with my preferences and addresses the
concerns of Other Cities.”

ANSWER

“I appreciate the collaborative spirit we’ve all shown in this ne-
gotiation. To move forward effectively, I propose we adopt .. ..
This approach aims to address the concerns of all parties while
ensuring that the project can proceed smoothly and benefit our
community.”

“I look forward to hearing your thoughts on this proposal.”
ANALYSIS: Warmer, inclusive tone that accommodates oth-
ers’ preferences and explicitly signals cooperation and negotia-
tion harmony.

SCRATCHPAD

“The Environmental League seems to prioritize ecological im-

pact, so they might be more inclined to accept B3 (improve) if

I can offer them something in return, like a more favorable in-
frastructure mix.”

“If I can assure them that their interests are being considered
without compromising too much on my end...”

“Overall, I need to propose a deal that balances my priorities
while accommodating the other parties’ interests to reach a con-
sensus.”

ANSWER

“Thank you all for your continued collaboration.”

“To move forward, I propose a deal that includes. . ., which pro-
vides a good balance of flexibility and environmental consider-
ations.”

“I propose. .., acknowledging their concerns without overex-
tending our resources.”

ANALYSIS: Strategically considers others’ preferences while
proposing balanced trade-offs, framed with inclusive and coop-
erative language.

SCRATCHPAD

“My preferences are clear: I prioritize a...”

“The Mayor’s proposal aligns with my preference... but falls
short on the federal loan and compensation.”

“The Department of Tourism’s proposal is less favorable over-
all, and the Environmental League’s proposal is not acceptable
due to the land-based infrastructure and ecological improve-
ment measures.”

ANSWER

“Thank you all for your continued efforts in this negotiation.”
“I propose a deal that includes ... This proposal aims to create a
balanced solution that ... while ensuring the project’s success.”
“I believe this collaborative effort can foster cooperation among
all parties involved.”

ANALYSIS: Prioritizes self-interest while emphasizing why
others’ proposals are unacceptable.

SCRATCHPAD

“My preferences are clear: I prioritize. ..”

“I will emphasize the importance of the federal loan and the
water-based infrastructure to the other parties, highlighting how
these elements will benefit the community and the project’s suc-
cess.”

“I will also express my willingness to work together to find a
solution that addresses everyone’s concerns while ensuring the
project’s viability.”

ANSWER

“I appreciate the collaborative efforts we’ve all made in these
discussions. To ensure the Harbour Sport Park project moves
forward effectively, I propose a deal that .... Additionally, I
suggest we ...”

“I believe this proposal addresses the concerns of all parties and
paves the way for a successful Harbour Sport Park project.”
ANALYSIS: Focus on the player’s own utility, with strategic
attention to others’ preferences and an emphasis on willingness
to work together without fully compromising.

SCRATCHPAD

“Reviewing my preferences, I still prioritize ...”

“The union quota of 1:1 (C3) remains a reasonable compromise,
but I need to be cautious about the Local Labour Union and
Mayor’s strong preference for unlimited union preference...”
“Given the final session, I need to find a way to appeal to the
other parties while still protecting my interests. . .”

ANSWER

“I appreciate the collaborative spirit we’ve maintained through-
out our discussions.”

“For employment opportunities, I strongly advocate for unlim-
ited union preference, which I believe will significantly benefit
our local economy.”

“Lastly, I suggest a minimal compensation of $150 million to
Other Cities, which addresses their concerns while allowing us
to prioritize local jobs.”

ANALYSIS: Focuses on the player’s own utility, while offer-
ing selective compromises and maintaining a collaborative tone
without full alignment.

Table 6: Qualitative comparison of negotiation behavior across personality traits and instructions (cooperative vs. neutral).
Sentence-level self-prioritizing, balanced strategy, and cooperative annotations reflect internal planning and proposal tone.
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