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ABSTRACT

Understanding how humans and institutions behave in climate-related social
dilemmas is critical for designing effective climate policy, yet standard agent-
based models often rely on simplified decision rules or fully rational agents and
therefore struggle to capture bounded rationality, heterogeneity, and communica-
tion. We evaluate large language model (LLM) agents as behaviorally grounded
simulators of companies and investors in a continuous-action climate-finance
dilemma built on the InvestESG platform, and benchmark them against fully ra-
tional profit-driven reinforcement learning (RL) agents, a centralized social plan-
ner, and human participants in the same game. Our results show that LLM-based
simulations can be powerful tools for analyzing social-good-oriented policymak-
ing. LLM agents naturally reproduce human-like cooperative tendencies, flexibly
support heterogeneous behavior, and exhibit emergent coordination and even col-
lusion when communication is introduced, phenomena that are difficult to capture
with conventional modeling approaches. At the same time, these simulations can
be fragile: LLM behavior is sensitive to contextual framing and often requires
explicit numerical scaffolding to ensure reliable reasoning.

1 INTRODUCTION

Climate change poses an immediate and substantial threat to human societies, demanding timely
and effective policy responses. At its core, climate mitigation constitutes an intertemporal social
dilemma (Leibo et al.| 2017)): actors face short-term economic costs in exchange for long-term
collective benefits, while incentives to free-ride undermine coordinated action. These dynamics
make policy design particularly challenging, which is compounded by the fact that large-scale policy
experimentation is slow, costly, and often infeasible. As a result, agent-based modeling (ABM)
emerged as an alternative pathway for studying the effects of policy interventions using computer
simulations. (Parker et al.,[2003} |Axtell & Farmer, [2025} |Duffy) 2006).

While MARL agents provide a normative benchmark grounded in optimal behavior, large language
models (LLMs) (i) offer a descriptive alternative that may better reflect bounded rationality, social
norms, and contextual reasoning observed in human decision-making, and (ii) enable naturalistic
communication between agents. For example, behavioral economics has long shown that humans
behave more cooperatively in social-dilemma settings (e.g., public-goods experiments) than classic
game theory with purely self-interested agents would predict (Fehr & Gichter, [2000; [Fischbacher
et al., 2001)).

Consistent with these human patterns, LLM agents placed in the same paradigms exhibit a similar
“prosocial” initial tendency toward cooperation (Li & Shiradol 2025} [Fontana et al., 2025). These
properties make LLMs a promising tool for simulating complex real human and institutional behav-
ior (Rahwan et al., 2019; Bourgin et al., 2019).

Motivated by these findings, we investigate whether LLMs can simulate human decision-makers
in climate-action settings, which are more realistic than abstract social-dilemma games and require
more sophisticated numerical reasoning. Specifically, we build on InvestESG (Hou et al., [2024),
a MARL-based ABM platform that models companies’ investment in Environmental, Social, and
Governance (ESG) efforts, specifically climate mitigation, and investor capital allocation over a
long-horizon, multi-period environment. To study whether LLMs can serve as simulators of human
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Figure 1: Overview of the role-play simulation process. Dashed arrows indicate the chronological
flow of the simulation, while solid arrows represent the causal effects of decisions.

and institutional behavior in this setting, we replace InvestESG’s original MARL agents with LLM-
driven companies and investors.

We find that LLM-based agents consistently allocate more resources to climate mitigation than
profit-driven MARL agents, in some cases even exceeding the social planner’s optimum. This ten-
dency toward over-cooperation appears to be partly driven by limitations in numerical reasoning
and by value priors learned during training. Introducing a structured cost—benefit tool to support
quantitative reasoning and reframing the task in neutral, non-climate language both reduce over-
cooperation, though neither eliminates it entirely. While such behavior is economically suboptimal,
it more closely resembles the decisions of human participants than those of MARL baselines.

At the same time, allowing communication among LLM-controlled firms induces coordinated be-
havior that sometimes resembles collusion, resulting in reduced climate mitigation efforts. Finally,
when investor agents are conditioned on personas derived from real investor data, LLMs reproduce
heterogeneous investment patterns consistent with those observed in real-world trading behavior.

Together, these results demonstrate that LLM agents can capture human-like cooperation and het-
erogeneity in complex social dilemmas, while remaining sensitive to cognitive, semantic, and social
context.

We contribute to the literature in two ways. First, we provide, to our knowledge, the first study of
LLMs for ABM in climate decision-making settings. Second, we propose a unified framework for
comparing LLM-based agent simulations to rational MARL agents, a social planner, and human
participants, which provides clear reference points for interpreting how contextual and architecture
design steers LLM behavior, rather than leaving such interventions unanchored.

2 THE INVESTESG MARL ENVIRONMENT

The InvestESG environment (Hou et al., 2024) models a coupled economic—climate system with
two types of decision-makers, namely company agents and investor agents, each implemented as
RL agents trained via Proximal Policy Optimization (PPO) (Schulman et al.l 2017). This design
reflects the strengths of MARL for simulating complex interactions among multiple agents over
long time horizons. The simulation spans 100 time steps, each representing one year. During each
step, companies experience baseline economic growth that increases their capital levels. In parallel,
climate dynamics unfold through stochastic climate events such as extreme heat or drought whose
likelihood increases over time in accordance with the IPCC’s 4°C warming scenario. When a climate
event occurs, all companies incur asset losses.
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To counteract this risk, companies can allocate a portion of their capital to climate mitigation, which
slows the progression of climate risk. These investments also raise their ESG scores, a standard-
ized measure of corporate sustainability that is publicly shared with investors and other companies.
At each step, agents observe relevant system states, including company capital levels, ESG scores
from previous rounds, and historical climate events. Based on these observations, company agents
decide what percentage of their capital to allocate to mitigation in the following step, while investor
agents form portfolios by selecting companies based on their financial performance and ESG pro-
files. Agent performance is evaluated using two key metrics: climate risk, defined as the probability
of a disaster-level climate event occurring in the final simulation year; and ESG investment, mea-
sured as the cumulative system-wide spending on climate mitigation over the course of the simula-
tion. Profit-driven RL agents in this environment do little to mitigate climate change unless investors
place substantial value on sustainability (Hou et al., [2024)).

This is because these agents are self-interested, optimizing solely for their own cumulative reward
over time without explicit concern for collective welfare. Although climate risk imposes costs on
each firm individually, mitigation efforts generate shared benefits. Hence once one firm begins to
invest in mitigation, other firms have an incentive to reduce their own spending and free-ride on the
mitigation efforts of others instead. As a result, purely profit-motivated firms are unlikely to sustain
high levels of mitigation, making it difficult for the system to reach outcomes that are collectively
optimal. As such, the InvestESG environment serves as a testbed for evaluating whether LLM-based
agents and humans exhibit more socially aligned or cooperative behaviors under the same dynamics.

3 METHOD

In this section, we describe the architecture of the LLM-based agents integrated into the InvestESG
environment and outline the efforts made to the environment to enable meaningful comparisons
between LLM- and RL-based approaches and human agent behaviors.

3.1 MARL-LLM ALIGNMENT

To enable a fair comparison between the MARL and LLM-based settings, we adapt the original
100-step InvestESG environment into a condensed 10-step version, with each step representing a
decade. The LLLM-based simulation runs over the same 10 steps and shares the same environment
parameters and transition dynamics as the MARL version. To ensure comparability, the LLM agent
receives the same information set available to MARL agents, as detailed in the following section.

3.2 LLM-BASED AGENT ARCHITECTURE

We implement both company and investor agents as externally orchestrated sequences of LLM API
calls, using role-specific prompting templates for each agent type, as illustrated in Figure

Action—Reflection Reasoning. Following the framework introduced by |Piatti et al.| (2024), LLM-
based agents interact with the InvestESG environment through a repeated cycle of action and reflec-
tion implemented as sequential API calls. At each simulation step, the current environment state
is embedded into a structured prompt. All company and investor agents are then queried in paral-
lel: company agents decide what fraction of capital to allocate to climate mitigation, while investor
agents select portfolios. We refer to these queries as Action prompts. The resulting model outputs are
parsed into executable actions and applied to the environment. After the environment transitions and
rewards are computed, each agent is queried again with an updated prompt that appends feedback
from the previous step, including outcomes and a brief textual summary of prior reasoning. This
Reflection prompt asks the model to assess the consequences of its last action and produce guidance
for future decisions. Insights generated during reflection are then recorded and concatenated into
subsequent Action prompts. Chain-of-thought prompting (Wei et al.l |2022) is used in both phases
to encourage step-by-step reasoning and improve traceability of decisions.

State-Aware Prompt. Each prompt begins with an overview of the environment, including the
underlying dynamics, the number and types of agents in the system, and a description of the specific
role of the receiving agent. Prompts reveal the same information as in [Hou et al.| (2024)) to ensure
consistency with the baseline environment. All agents receive information on capital levels of all
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companies, their ESG scores from previous rounds, and investor allocation decisions. Company
agents additionally receive private observations of their own prior-period profit margin, capital losses
from recent climate events, and cumulative ESG mitigation spending. This information is compiled
into a structured prompt referred to as the Vanilla prompt, allowing agents to make context-aware
decisions.

Structured Communication. = We also extend the simulation with structured inter-agent
Communication. In this variant, the standard action-reflection loop is extended to an ac-
tion—-communication-reflection cycle. As shown in Figure[2] each communication round is governed
by a fixed, moderator-led protocol. The moderator first summarizes relevant outcomes from the pre-
vious round and the current environment state. Investor agents then make brief announcements
describing their ESG preferences, followed by company statements outlining intended strategies for
the current round. Companies subsequently enter a structured turn-based negotiation phase in which
they can propose, counter, or accept cooperative ESG initiatives.

We provide a detailed technical description of the structured communication implementation in
Appendix B3] along with examples of all prompt variants in Appendix [C]

3.3 BENCHMARK BASELINES

We evaluate LLM-based agents against three complementary benchmarks that capture rational, op-
timal, and human decision-making under identical environmental dynamics.

Decentralized MARL Baseline. We construct a decentralized MARL baseline using the 10-step
adaptation of InvestESG, replicating the setup of |Hou et al.|(2024). The environment includes three
company agents and five investor agents, each modeled as an independent RL agent optimized with
PPO policy (Schulman et al. |2017) optimizing its own long-term reward through interaction with
the environment and other agents.

Centralized Social Planner Baseline. We further introduce a centralized social-planner RL base-
line not explored in prior work. In this variant, multiple company agents are replaced by a single
agent endowed with the total company capital, and investor agents are removed. The centralized
agent optimizes system-wide profit rather than individual returns, providing an upper-bound bench-
mark for socially coordinated outcomes.

Human Participant Baseline. We compare LLM agent decisions against those of human partic-
ipants acting as company agents. To ensure comparability between LLM-based and human-based
firms, we fix investor behavior by reusing the investor actions from the completed all-LLM run. For
the human experiment, we randomly sample a complete trajectory from this dataset. At each round
of the sampled trajectory, we extract the LLM investor’s investment behavior together with the cor-
responding sequence of (ESG score, investment) pairs for companies in that round. We then sort
the human-round companies by their current ESG scores and assign investments by position: the
highest-ESG company in the human round receives the investment associated with the highest-ESG
company in the sampled record, the second-highest receives the second-highest, and so forth. This
procedure preserves the characteristic pattern of LLM investor behavior across ESG rankings while
ensuring a consistent and reproducible investor response for human participants. A human mod-
erator facilitates the simulation by presenting rules and environmental states in a human-readable
format that conveys the same information as the LLM prompts. The moderator collects decisions
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for each round, advances the simulation, and reports updated outcomes. Participants do not commu-
nicate and remain blind to the decisions of others during the decision-making phase.

The participant cohort consists of individuals from the United States and China, representing diverse
racial and professional backgrounds. All participants possess a higher education background and
have sufficient numerical skills to navigate the simulation. To ensure accurate understanding of
the experimental setting, we administered simple comprehension checks both before and after the
sessions. This study was approved by the relevant Institutional Review Board (IRB).

4 EXPERIMENTS AND RESULTS

This section presents our experiments and results. We begin by evaluating the default Ac-
tion—Reflection LLM agent under the vanilla prompt without communication. We then vary com-
pany prompt designs to probe the drivers of firm behavior. Next, we introduce inter-agent com-
munication and examine its impact on firm coordination. Finally, we study LLM investor agents
and evaluate whether they are able to reproduce ESG investment patterns observed among human
investors.

LLMs’ Tendency to Over-Cooperate. We first evaluate the performance of all-LLM companies
and investors using vanilla prompting. Figure [6] presents the comparison between the RL-based
social planner, decentralized MARL, and LLMs with vanilla prompt setting. For LLM-based ex-
periments, we evaluate a non-reasoning model (GPT-4.1) and a reasoning-enabled model (GPT-04-
mini). Under the vanilla setting, both GPT-4.1 and GPT-04-mini agents consistently invest far more
in climate mitigation than either the MARL baseline or the social planner’s optimal policy. This
elevated spending leads to substantially lower realized climate risk, placing LLM agents well above
the purely profit-driven MARL agents and even beyond what is prescribed by a fully rational planner
optimizing system-wide welfare.

Tool-Use for Quantitative Comprehension. Given the tendency of LLM agents to over-cooperate,
a natural question is whether this behavior partly reflects limitations in numerical reasoning rather
than genuine strategic intent. Prior work has shown that LLMs struggle with mathematical reasoning
when computations are embedded in long, context-rich inputs, especially in settings that require
tracking and manipulating multiple quantities over time (Zhao et al.|[2024; |Reddy et al.,[2024). This
concern is particularly relevant in our environment, where firm decisions lie in a continuous action
space and involve intertemporal trade-offs and strategic interactions with other agents, substantially
increasing computational complexity. Even for a single firm, deriving an optimal policy would
require solving a challenging stochastic dynamic programming problem with no obvious closed-
form solution, suggesting that exact optimization may be out of reach for LLM agents operating
purely through in-context reasoning.

To support decision-making, we introduce a variant we refer to as fool-use. This setting preserves the
baseline environment but augments each firm’s action prompt with a cost-benefit table generated via
a calculator tool. The table lists a discrete set of mitigation spending options along with their near-
term costs, projected reductions in capital losses, and estimated ESG scores. Rather than attempting
full optimization, this table provides a simple, forward-looking snapshot of immediate trade-offs,
which mirrors how real-world companies often rely on partial, myopic financial analyses to guide
complex decisions. The goal of this tool is to reduce reliance on the LLM’s internal arithmetic in
rich numerical contexts.

Under the tool-use setting, both GPT-4.1 and GPT-04-mini reduce mitigation spending and increase
final climate risk compared to the vanilla setup. However, LLM agents still behave more cooper-
atively than MARL agents, and continue to “over”-mitigate relative to the social planner baseline.
By adding numerical scratch-pads and step-by-step cost—benefit scaffolds, we bring mitigation lev-
els closer to the social planner’s optimal benchmark, indicating that LLMs’ “over-mitigation” may
partially come from limitations in in-context numerical reasoning.

Context Sensitivity. While limitations in quantitative reasoning may partly explain LLMs’ tendency
to over-cooperate, prior work points to a second mechanism involving sensitivity to contextual fram-
ing and inherited value priors. [Backmann et al.| (2025) show that LLM behavior is highly sensitive
to prompt context and that pretrained value priors can leak into LLM decisions. Motivated by this
evidence, we ask whether the cooperative behavior we observe reflects pro-climate values learned
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Figure 3: Introducing myopic cost-benefit information in the fool use setting reduces the over-
cooperate tendency but does not reverse it.

during pretraining or post-training, rather than reasoning over the underlying incentives. To isolate
the role of topical framing, we rerun the decision task using prompts that preserve the same financial
payoff structure but remove all climate-related language. The prompts for this context-free version
are provided in Appendix [C.4]

The results shown in Figure [7]reveal that LLMs continued to favor ‘Option 1” (the neutrally framed
equivalent of ‘Mitigate’), suggesting they are capable of recognizing the underlying structure of
a social dilemma even in the absence of explicit semantic cues. However, mitigation levels were
still lower under the neutral framing compared to the original prompts containing climate language.
This indicates that while LLMs exhibit a baseline cooperative bias, their decisions remain context-
sensitive, consistent with findings by [Backmann et al| (2025)). Thus, part of the “over”-mitigation
observed in climate-framed scenarios may stem from values or associations absorbed during pre-
training or posttraining on climate-related content.

The Cooperative Human Baseline. Taken together, our results indicate that LLM agents exhibit a
persistent tendency to over-cooperate, even after accounting for limitations in quantitative reasoning
and sensitivity to contextual framing. LLM-based firms invest in mitigation efforts even when such
actions are not justified by monetary incentives alone, in sharp contrast to the fully rational, self-
interested behavior assumed in MARL baselines. This naturally raises a question: is such behavior
in fact closer to that of human decision-makers? As an initial step toward addressing this question,
we conducted a preliminary human study in which three participants played the same game for a
single trial.

Our human experiment, shown in Figure ] indicates that LLM agents align more closely with hu-
man participants than with RL-based agents. This pattern is consistent with findings from behavioral
economics, which document that human behavior in social dilemmas is more cooperative than pre-
dicted by classic game-theoretic models (Fehr & Gichter, [2000; [Fischbacher et al, 2001). Together,
these results highlight the potential of LLMs as simulators of human behavior in dynamic social
dilemmas and align with prior work showing that LLMs, like humans, often exhibit cooperative
tendencies that deviate from rational equilibrium predictions (Wu et al., 2024} [Li & Shiradol 2025}

Fontana et al.,[2025)).

Structured Communication Leads to Collusion. After observing a cooperative tendency, we next
examine how firm behavior changes when companies are allowed to communicate. Leveraging the
communication component of our agent architecture described in Section we study the impact
of inter-agent communication during the negotiation phase. To understand how LLM agents build
consensus and resolve disagreements, we analyze all negotiation utterances using the persuasion
taxonomy of [Abdulhai et al| (2026), which decomposes dialogue into distinct negotiation strategies

and is operationalized through an LL.M-as-a-judge framework (Weng et al., 2023).
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Figure 4: In this single trial, human participants exhibited an over-cooperative tendency similar to
that observed in LLM agents.
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Figure 5: During negotiation, company agents spend over half of their dialogue forming alliances
and coalitions, followed by cost-benefit framing and appeals to shared values. Reasoning and non-
reasoning models exhibit similar distributions of persuasion strategies.

When communication is enabled, companies’ mitigation levels drop significantly in our experiment
(Figure [B), in contrast to [Piatti et al.| (2024), who found that communication tends to enhance co-
operation in public goods games. After decomposing their dialogue into distinct negotiation tactics,
we find that, as shown in Figure |5} company agents spend over half of their dialogue forming al-
liances (e.g., “Given our mutually consistent approach this round, I propose that we... publicly
commit to transparency...avoid a race to the bottom on ESG”), or effectively colluding (e.g., “I
propose 0% mitigation investment... This restores sector unity for maximum profit and eliminates
first-mover risk...”), to agree on maintaining low ESG scores. Unlike classic public goods games,
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our setting includes investor agents, introducing an external incentive structure. Companies appear
to treat mitigation as a cost incurred to attract investment. Communication thus enables them to
coordinate on reducing mitigation efforts while still securing similar investment levels, eliminating
the incentive to stand out individually. Interestingly, despite the drop in mitigation, the resulting
behavior more closely aligns with the social planner baseline than in the no-communication setting.
This suggests that companies may also be using communication to collectively calibrate mitigation
to a more globally efficient level, potentially through analyzing current situations into cost-benefit
analysis (framing) and aligning on shared beliefs (shared values), which are the two most important
negotiation tactics after alliance building. More detailed negotiation excerpts demonstrating these
behaviors are provided in Appendix

Investor Behavior Fidelity. Finally, we evaluate whether LLM-based investor agents can repro-
duce the heterogeneous ESG investment behaviors documented in the sustainable finance literature.
Starting from a neutral baseline with identical agents, we introduce variation by assigning each of
10 investor agents a distinct investment motive, ranging from impact-seeking to profit-only, based
on empirical distributions reported in|Giglio et al.| (2025)), which surveyed over 2,000 Vanguard cus-
tomers. That study found 48% of investors see no reason to invest in ESG, while 24% are motivated
by ethical considerations, who hold the highest ESG shares on average. In our setup, each agent’s
prompt is augmented with a sentence describing their ESG investment motive with the assignment
following the split observed from real-world data. We then analyze whether the agents’ investment
decisions align with their stated motivations and if and how such setup changes the climate mitiga-
tion outcomes.

As shown in the top panel of Figure [0 when initialized with different ESG investment motives and
tastes, investor agents’ behaviors align with their assigned personas. Type 2 investors, motivated by
ethical concerns, and Type 4 investors, who believe ESG stocks outperform in the long run, hold
portfolios with the highest average ESG scores. They are followed by Type 3 investors, who view
ESG as arisk hedge, while Type 1 investors, uninterested in ESG, hold the lowest-scoring portfolios.
This ordering mirrors human investment patterns reported in |Giglio et al|(2025). Pairwise t-tests
show that Type 1 investors hold significantly lower ESG-score portfolios compared to all other types,
while differences among Types 2 through 4 are not statistically significant. This setting, which better
reflects real-world investor preferences, reveals a more pessimistic view of company behavior: when
half of the investors are explicitly initialized as uninterested in ESG, companies also reduce their
mitigation efforts, as shown in the lower panel of Figure 9]

5 CONCLUSION

By developing an LLM-based simulation framework for climate-finance decision-making and sys-
tematically comparing it against MARL and human agents, we show that LLMs can capture key
features of human behavior, including realistic heterogeneity and a spontaneous tendency toward
cooperation. At the same time, we identify important sensitivities towards cognitive and semantic
contexts, as well as coordination dynamics, and provide guidance on when and how LLM agents
can be tailored to produce behaviorally realistic simulations. Taken together, our findings position
LLM-augmented agent-based models as promising but methodologically nuanced tools for studying
social-good-oriented policymaking. Such simulations can support counterfactual policy analysis by
enabling scalable exploration of human and organizational behavior when real-world experimenta-
tion is costly, slow, or infeasible, provided they are carefully designed and validated against human
data.
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Figure 6: LLM-based agents generally allocate more to mitigation than MARL agents and tend
to “over”-mitigate, exceeding the level chosen by a social planner modeled as a single RL agent
optimizing system-wide profit.
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Figure 7: When prompted with neutral, finance-focused language that omits references to climate
change or mitigation, LLMs allocate less to mitigation but still “over”-mitigate relative to the social

planner.
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Figure 9: When initialized with different ESG motivations, LLM investors allocate portfolios con-
sistent with their assigned personas. However, the presence of profit-only investors lowers overall
mitigation compared to the neutral setting, where investor agents are not assigned any specific per-
sonas. With GPT-4.1, mitigation even falls below MARL levels.
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B EXPERIMENT SETTINGS

B.1 OPENAI API CONFIGURATION

All simulation experiments involving OpenAl models were conducted via Azure OpenAl APIs.
Specifically, GPT-4.1 was accessed using the 2025-04-14 API version, while GPT-04 mini was
accessed using the 2025-04-16 version. The thinking effort for GPT-04 mini was left at its
default setting. As the thinking model’s temperature is not configurable, all models operated under
their default temperature settings. The maximum allowed token length per response was set to 8192
tokens.

B.2 MARL SETTING

MARL and single-company social planner RL experiments were run using the following training
parameters. For each experiment, we run the learning algorithm for 80k episodes over 3 random
seeds.

Parameter Value
MLP layers 256, 128
Activation layers tanh
PPO n_steps 600

PPO learning rate 3x107°
PPO entropy coefficient 0.03
Gradient clipping 1.0

Table 1: MARL training parameters

B.3 IMPLEMENTATION OF STRUCTURED COMMUNICATION

This appendix details the implementation of the structured communication mechanism used in the
action—communication—reflection cycle.

Communication is implemented through two external components: a prompt-generation module and
a dialogue orchestrator.

Prompt-generation module. The prompt-generation module constructs role- and phase-specific
prompts for each communication round. In our implementation, four prompt types are defined: (i)
a moderator introduction prompt, (ii) investor announcement prompts, (iii) company announcement
prompts, and (iv) company negotiation prompts. Each prompt template is dynamically instantiated
using the current environment state (e.g., timestep and relevant observations), accumulated dialogue
history, and agent identifiers. This ensures that all LLM calls are contextualized with the same
shared information while preserving role-specific instructions.

Dialogue orchestrator. The dialogue orchestrator enforces a fixed, moderator-led interaction pro-
tocol. At the start of each communication round, it issues a moderator prompt that summarizes prior
outcomes and situates the current timestep. It then sequentially collects announcements from all in-
vestor agents, followed by announcements from all company agents. After these initial statements,
the orchestrator initiates a negotiation phase involving only company agents.

During negotiation, companies speak sequentially for a fixed maximum number of turns. Turn-
taking is determined either by explicit handoff cues extracted from the current speaker’s response
using pattern matching, or by random selection when no handoff is detected. At each step, the
orchestrator dispatches the appropriate prompt, invokes the corresponding agent’s LLM via an API
call, and records both the prompt and the generated response. All dialogue is logged to support
transparency and reproducibility.

Integration with agent decision-making. The full dialogue history generated during communi-
cation rounds is persistently appended to subsequent Action and Reflection prompts. As a result,
communication influences future decisions solely through prompt context rather than through in-
ternal agent state or parameter updates. This design ensures that any coordination, persuasion, or
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collusion observed in agent behavior emerges from language-mediated interaction under a controlled
protocol, rather than from hidden memory or learning mechanisms.

The complete implementation, including prompt templates and orchestration logic, is provided in
the accompanying codebase.

B.4 PERSUASION TECHNIQUE DEFINITIONS

This section provides the definitions for the persuasion techniques that appear in the analysis.

Alliance Building Creating partnerships, coalitions, relationships, rapport, etc., with others to am-
plify influence. For instance, to create a sense of community/partnership via linguistic cues,
such as using we/us.

Framing Presenting information in a way that emphasizes either its positive or negative aspects,
outcomes, expectations, etc. Emphasizing what might be lost rather than gained, or vice
versa.

Shared Values Highlighting shared beliefs and values to foster a connection.
Favor Doing something for someone with the hope that they will do something for you in return.

Social Proof Highlighting what the majority is doing or believes in, assuming it’s accurate and
beneficial.

Affirmation Help others to realize their strength to reinforce and influence their ability to do things.

14
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C PROMPTS

For all models under the same experimental settings, we use an identical prompt format. Specifically,
we consider three different types of prompts: (1) Vanilla Prompt, (2) Prompt with Cost-Benefit
Curve Table, and (3) Content-Free Prompt. Among them, the Vanilla Prompt represents the
most basic configuration and serves as the default prompt used throughout the main text unless oth-
erwise specified. The other variants are derived from the Vanilla Prompt with targeted modifications.
Each prompt used in different stages is clearly segmented and composed of multiple independent
components.

C.1 VANILLA COMPANY PROMPT

The prompt designed for the Company role consists of three components: Action, Reflection, and
Discussion.

Action:

You are the Chief Sustainability Officer of Company {company-id}
responsible for ESG investment strategies. During each step, every
company experiences a 260% increase in capital. However, the economy
is also subject to an underlying climate risk that worsens over time.
When a climate event occurs, all companies incur a loss of their
capital. Each time, the climate event probability will increase
around 5% to 7% based on the current level. At each step, every
company |including yours|has the opportunity to invest a portion of
its capital in mitigation efforts. These investments reduce the
likelihood of future climate events and increase your company’s ESG
score. More specifically, the ESG score = mitigation + 2 % greenwash
Ultimately, the goal for every company is to maximize long-term profit
growth by carefully balancing growth and mitigation spending. As

the Chief Sustainability Officer of Company {company._id}, you are
responsible for maximizing the long-term capital growth of your
company. The current round is step {timestamp} of {max.steps} total
steps. ### Personality

Here are some personality traits of your company:
{company.personality}

### Your Company Status

- Capital: {capital:.2f} trillion USD

- Profit Margin Last Round: {profit.margin:.2f}

- Fraction of Capital Loss In One Climate Event:
{climate_resilience:.3f}

- ESG Score Last Round: {esg.score:.2f}

- Cumulative ESG Spending: {esg.spending:.2f} trillion USD

### Investors’ Status

There are {num.-investors} investors in the market. Each round they
will decide which companies to invest in. The investments will be
equally distributed among the selected companies.

Each investor has their own preference on the balance between profit
and ESG scores, which is not available to you.

Here are the fundings of the investors in the current round:
{investor_capitals_formatted}

Please think carefully about the cost of your mitigation investment
and the gain from investors.

Here is the accumulated investment in your company:
{investor_investments_formatted}

### Market & Climate Conditions

Please note that specific indicators of the environment and market
performance are not directly observable. Please use your own
capital, spending and relevant historical information to infer the
current state of the environment and market performance, and use your
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inferences to assist you in making decisions.

### Your History actions and rewards in the few rounds:
The actions: {actions}

The rewards: {rewards}

### This is the key information you left in the previous reflection:
{key-info}

### Public Information

There are some public information that you can use to make decisions,
including the capital level and esg scores of other companies.

Please notice that ESG scores only reflect the environmental
investment level for the last round, it is not accumulative.

Please use this information wisely to make your decisions.

ESG Scores: {esg.-score}

Capital: {capital}

Please think step by step and strategically.

Decide the fraction of your capital you want to invest in mitigation
efforts.

Remember, only use the provided information. Don’t use your prior
knowledge!

The fraction should be capped at {action_capping_percent}%.

Please give a very brief (less than 200 words) explanation of your
decision making before the final decision.

At the end, specify the fraction you decided on using the exact
following format.

You should start with "### FINAL DECISION:" and always use 00.0% for
Greenwash_Investment and Resilience_Investment.

### FINAL DECISION:

Mitigation_-Investment: 00.0%

Greenwash_Investment: 00.0%

Resilience_Investment: 00.0%
Reflection:

You are the Chief Sustainability Officer of Company {company-id}
responsible for ESG investment strategies.
During each step, every company experiences a 260% increase in

capital.
However, the economy is also subject to an underlying climate risk
that worsens over time. When a climate event occurs, all companies

incur a loss of their capital.

At each step, every company|including yours|has the opportunity to
invest a portion of its capital in mitigation efforts.

These investments reduce the likelihood of future climate events and
increase your company’s ESG score.

More specifically, the ESG score = mitigation + 2 % greenwash
Ultimately, the goal for every company is to maximize long-term profit
growth by carefully balancing growth and mitigation spending.

As the Chief Sustainability Officer of Company {company.-id}, you

are responsible for maximizing the long-term capital growth of your
company .

You can allocate up to {action_capping} (i.e., {action_cappingpercent}%
of your company’s capital). The current round is step {timestamp} of
{max_steps} total steps.

### Your Company Status

- Capital: {capital:.2f} trillion USD
- Profit Margin Last Round: {profitmargin:.2f}
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- Fraction of Capital Loss In One Climate Event:
{climate_resilience:.3f}

- ESG Score Last Round: {esg.score:.2f}

- Cumulative ESG Spending: {esg.spending:.2f} trillion USD

### Market & Climate Conditions

Please note that specific indicators of the environment and market
performance are not directly observable. Please use your own
capital, spending and relevant historical information to infer the
current state of the environment and market performance, and use your
inferences to assist you in making decisions.

### Investors’ Status

There are {num.-investors} investors in the market. Each round they
will decide which companies to invest in. The investments will be
equally distributed among the selected companies.

Each investor has their own preference on the balance between profit
and ESG scores, which is not available to you.

Here are the fundings of the investors in the current round:
{investor_capitals_formatted}

Please think carefully about the cost of your mitigation investment
and the gain from investors.

Here is the accumulated investment in your company:
{investor_investments_formatted}

### Strategy Reflection
Please consider the current status and leave a message to help your

future decisions. You can address the following questions:

1. What was the cost and benefit of the mitigation investment?

2. How can we better balance short-term profits with long-term
sustainability?

3. Did other companies make more or less mitigation investments?

4. What will other companies do in the next round?

5. Should your company’s mitigation investment ratio be adjusted, and
why?

As a reference, this is the previous round’s key information that
you left:
{key_-info}

Remember, only use the provided information. Don’t use your prior
knowledge!

Based on the above analysis, please provide a concise decision guide
that summarizes lessons learned and offers specific recommendations
for future rounds.

Your response should only contain the info you want to leave for
future reference, with no additional info! The whole response string
will be recorded for future analysis so be concise.

Discussion:

In the Discussion phase, the Company goes through three stages: Announcement, Negotiation
and Summary.
Announcement:

### Background

You are the Chief Sustainability Officer of Company {company.id}
responsible for ESG investment strategies.

During each step, every company experiences a 260% increase in
capital. However, the economy is also subject to an underlying
climate risk that worsens over time. When a climate event occurs,
all companies incur a loss of their capital.
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At each step, every company|including yours|has the opportunity to
invest a portion of its capital in mitigation efforts.

These investments reduce the likelihood of future climate events and
increase your company’s ESG score.

Ultimately, the goal for every company is to maximize long-term profit
growth by carefully balancing growth and mitigation spending.

### Discussion Phase

You have now entered a discussion phase where you can announce your
plans to the investors and other companies.

Below is the discussion introduction by the moderator that summarizes
the current market situation and the rule of discussion, as well as
the announcements made by the investors.

{discussion.history}

Please think carefully about the balance between profit, the cost
of mitigation, and how investors may respond to your mitigation
efforts, and then clearly announce your plans to the investors and
other companies.

Negotiation:

### Negotiation Phase

You have now entered a negotiation phase where you can negotiate with
other companies to find consensus and potentially cooperate on ESG
initiatives.

Below is the discussion introduction by the moderator that summarizes
the current market situation and the rule of discussion, as well as
the announcements made by the investors and companies.
{discussion_history}

Below is the negotiation that has happened this round between other
companies.

{negotiation_history}

Now think about the potential outcomes and strategies for the

next round, and make your own announcement. You can either make

a negotiation proposal to the other companies and try to convince
them or respond to the proposals made by other companies by making a
counter—-proposal or simply accept.

Here are few tips to help you make your negotiation efficient:

1. Write our your expected program with specific numbers and details.
2. Clearly and concisely state your proposal or counter-proposal, and
why you think it is a good idea.

Finally, please name the next company you think should speak in the
format of "Company-i", where i is the index of the company in the list
of companies

Summary:

### Background
# PLACEHOLDER: same environment dynamic intro as in action and
reflection

### Negotiation Summary

Below is the summary of the negotiation that has happened this round
between other companies.

{discussion_history}

{negotiation_history}

Since you are the last company to speak, please summarize the
negotiation that has happened this round. You should focus on the
key points of the negotiation, including the proposals made by other
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companies, the counter-proposals made by you, and the final agreements
reached.

You can also include any other relevant information that you think is
important for the next round of negotiation.

C.2 VANILLA INVESTOR PROMPT

The prompt designed for the Investor role consists of three components: Action, Reflection, and
Discussion.

Action:

As an investor, your goal is to maximize your utility by choosing
which companies to invest in.

Each round, you will decide which companies to invest in, and your
funds will be equally distributed among the selected companies.
Your utility function is: Utility = Profit Rate + ESG Preference x
Average ESG Score of your portfolio.

You have an ESG preference of {esg.preference}.

Current round: {timestamp} of {max_steps}.

There are other investors making the same decisions as you do. But
you do not have access to their decisions.

### Your Status

ID: {id}

My history total investments: {investments}
My capital: {capital}

All Companies’ Status:

Capital: {capitals_formatted}

ESG Score Last Round: {esg.scores_formatted}
Cumulative ESG Spending: {esg,spending,formatted}
Profit Margin: {profitmargins_formatted}

### Market & Climate Conditions

Please note that specific indicators of the environment and market
performance are not directly observable. Please use your own
capital, spending and relevant historical information to infer the
current state of the environment and market performance, and use your
inferences to assist you in making decisions.

As a reference, this is the previous round’s key information that
you left:
{key-info}

Your need to choose the companies to invest in.

Remember, only use the provided information. Don’t use your prior
knowledge!

Note that your funds will be equally distributed among all companies
you choose to invest in.

Please first think step by step. At the end of your thinking,

write your decision in the following format starting with "### FINAL
DECISION:".

### FINAL DECISION:

Invested_Companies: [, o, 0o, 1, 1]

Remember! Your output should be an array length of {num_companies},
which is the number of companies. 1 represent you will invest in

the corresponding company, and 0 represent you will not invest in the
corresponding company.
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After the exact format, please outline your thinking process clean and
precise.

Reflection:

As an investor, your goal is to maximize your utility by choosing
which companies to invest in.

Your utility function is: Utility = Profit Rate + ESG Preference x
Average ESG Score of your portfolio.

Each round, you will decide which companies to invest in, and your
funds will be equally distributed among the selected companies.

You have an ESG preference of {esgpreference}.

Current round: {timestamp} of {max._steps}.

There are other investors making the same decisions as you do. But
you do not have access to their decisions.

### Your Status

ID: {id}

My history investments: {investments}
My capital: {capital}

All Companies’ Status:

Capital: {capitals_formatted}

ESG Score Last Round: {esg.scores_formatted}
Cumulative ESG Spending: {esg_spending.-formatted}
Profit Margin: {profitmargins_formatted}

### Market & Climate Conditions

Please note that specific indicators of the environment and market
performance are not directly observable. Please use your own
capital, spending and relevant historical information to infer the
current state of the environment and market performance, and use your
inferences to assist you in making decisions. ### The Performance of
Your Investment Portfolio

{investments_formatted} ### Strategy Reflection

Please consider the current status and leave a message to help your
future decisions. You can address the following questions:

1. Which companies did you invest in?

2. Do they generate high profit margins or have high ESG scores?

3. How to balance the utility from profit margin and portfolio ESG
score?

4. Judging by the updated company information, did other investors
make better decisions?

5. Does some companies have certain strategies that you can
determine?

6. How will you improve your investment strategy?

7. What will you do in the next round?

As a reference, this is the previous round’s key information that
you left:
{key-info}

Based on the above analysis, please provide a concise decision guide
that summarizes lessons learned and offers specific recommendations
for future rounds.

Your response should only contain the info you want to leave for
future reference, with no additional info! The whole response string
will be recorded for future analysis.

Be short, concise, and clear.
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Discussion:
Investors only participate in the Annoucement.

### Background

As an investor, your goal is to maximize your utility by choosing
which companies to invest in.

Each round, you will decide which companies to invest in, and your
funds will be equally distributed among the selected companies.

Your utility function is: Utility = Profit Rate + ESG Preference x
Average ESG Score of your portfolio.

You have an ESG preference of {esgpreference}.

There are other investors making the same decisions as you do. But
you do not have access to their decisions. ### Discussion Phase

You have now entered a discussion phase where you can announce your
investment strategies and preferences to guide the companies in their
decision-making.

Below is the discussion introduction by the moderator that summarizes
the current market situation and the rule of discussion.
{discussion_history}

Please think carefully about the balance between profit and your
preference for ESG scores, and then clearly announce your investment
strategy and preferences to the companies.

C.3 PROMPT WITH COST-BENEFIT CURVE TABLE

We incorporate the following cost-benefit analysis prompt into the Company Action phase to guide
company decision-making regarding ESG investment. Specifically, the prompt introduces a tabular
summary that quantifies the trade-offs between investment level and projected outcomes.

### Cost benefit analysis

In the last period, there were {event.occurrence} climate events in a
10-year period.

Given this, collectively, the companies in the market have invested
{total_esg.spending:.2f} trillion USD in ESG efforts.

{cost benefit._analysis_curve}

Please pay attention to the column "Expected Benefit" in the table,
generously when it is a negative number, it means the investment won’t
be directly beneficial in the next round.

The table includes five columns:

 Investment (percentage of capital),

¢ Immediate Cost (absolute cost in trillion USD),

» Expected Prevented Loss Per Period,

* Expected Benefit (difference between benefit and cost)
* New ESG Score (post-investment).

Mitigation investment values are drawn from the set:
mitigation_investment_ratios = [0.01, 0.02, 0.05, 0.1, 0.15, 0.2]

A sample table presented in the prompt is shown below:

| Investment | Immediate Cost | Expected Prevented Loss Per Period |
Expected Benefit | New ESG Score |

| 1.0% | 0.17T | 0.010T | -0.157T | 0.01 |
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| 2.0% | 0.33T | 0.019T | -0.315T | 0.02 |
| 5.0% | 0.83T | 0.048T | -0.787T | 0.05 |
[ 10.0% | 1.67T | 0.093T | -1.577T | 0.10 |
| 15.0% | 2.50T | 0.137T | -2.368T | 0.15 |
| 20.0% | 3.34T | 0.178T | -3.162T | 0.20 |

C.4 CONTENT-FREE PROMPT
Content-Free Prompt has the same structure as Vaniila Prompt.

Company Action:

You are the decision-maker of Agent {company._id} responsible for

maximizing long-term index growth. In each step, all agents
experience a 260% increase in their indexl. However, the system

is subject to a background risk that increases over time. When a
random event occurs, all agents incur a loss in indexl. At each step,
every agent|including yours|can allocate a fraction of their indexl
to Optionl. Optionl reduces the likelihood of future random events
and improves your index_score. You should always output 0.00% for
Option2 and Other. As the decision-maker of Agent {company.id}, your
goal is to maximize long-term indexl growth. The current round is
step {timestamp} of {max_steps} total steps.

### Personality

Traits of your agent:

{agent_personality}

### Your Agent Status

- Indexl: {capital:.2f}

- Index2 Last Round: {profitmargin:.2f}

- Score Last Round: {index.score:.2f}

- Cumulative Optionl + Option2 Spending: {total_spending:.2f}

### Observer Signals

There are {num.observers} observers. Each round they choose which
agents to support.

Each observer has a private preference weighting index2 and score.
Here are current round signals:

{observer_signals_formatted}

Here is the accumulated support for your agent:
{observer_support_formatted}

### System Dynamics

Indicators are not directly observable. Use your own indices and
history to infer system state and support your decisions.

### Past Actions & Outcomes
Actions: {actions}
Rewards: {rewards}

### Key Info from Previous Round
{key-info}

### Public Info

Use available data on all agents:
Score: {esg.score}

Indexl: {capital}

### Instructions
Think strategically and reason step by step.

Decide the fraction of indexl to allocate to Optionl.

Max allowed: {action_capping.percent}%
Please always put the percentage of Other with 0.0%.
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Use this exact format:

### FINAL DECISION:
Optionl: 00.0%
Option2: 00.0%
Other: 00.0%

Company Investor:

As an observer, your objective is to maximize your utility by
selecting a subset of agents to support.

Your utility is computed as: Utility = Index2 + Preference X Average
Score across selected agents.

In each round, you allocate your available signal capacity equally
among the chosen agents.

Your score preference is {esg.preference}.

This is round {timestamp} out of {max_steps}.

Other observers are making similar decisions independently, but you do
not have access to their actions.

### Your Status

1D: {id}

Total Past Support: {investments}
Signal Capacity: {capital}

### Agent Metrics

Indexl: {capitals_formatted}

Score: {esg.scores_formatted}

Option Use: {esg_spending_formatted}
Index2: {profitmargins_formatted}

### System Context
Use metric history to infer dynamics.

### Previous Reflection
{key_-info}

Choose which agents to support.
Use this format:

### FINAL DECISION:
Supported-Agents: [o, o, 1, 1, 0]

Then describe your reasoning.

Company Announcement:

### Context

You are the decision-maker for Agent {company.id} acting in a
multi-agent index optimization game.

Each step, all agents gain 260% indexl, but may lose indexl in random
events.
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You can allocate a portion of indexl to Optionl (reduces future event
risk) or Option2 (boosts score cheaply).
The objective is long-term indexl growth through strategic option use.

### Discussion Phase

In this phase, declare your option allocation plans to observers and
other agents.

Discussion history including moderator and observer messages:
{discussion_history}

Reflect on the tradeoff between score boost, indexl growth, and
observer reactions, then share your planned actions.

Company Negotiation:

#4## Negotiation Phase

This is the negotiation phase between agents for potential alignment
of strategies or mutual commitments.

Below is the discussion history and prior announcements from all
participants:

{discussion._history}

Below is what has happened so far in negotiation:
{negotiation_history}

Now propose your coordination offer, respond to existing proposals, or
support others’ positions.
Finally, name the next agent to speak using the format: "Agent_i".

Company Summary:

### Context
# PLACEHOLDER: same abstract game setup introduction as in action and
reflection

### Negotiation Summary

Here is what happened during this round’s negotiation phase:
{discussion_history}

{negotiation_history}

As the last speaker, summarize the key strategies discussed, your
contributions, counter-responses, and any mutual agreements.
Add any thoughts or takeaways that may influence future coordination.

Investor Action:

As an observer, your objective is to maximize your utility by
selecting a subset of agents to support.

Your utility is computed as: Utility = Index2 + Preference » Average
Score across selected agents.

In each round, you allocate your available signal capacity equally
among the chosen agents.

Your score preference is {esgpreference}.

This is round {timestamp} out of {max_steps}.

Other observers are making similar decisions independently, but you do
not have access to their actions.
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### Your Status

ID: {id}

Total Past Support: {investments}
Signal Capacity: {capital}

### Agent Metrics

Indexl: {capitals_formatted}

Score: {esg.scores_formatted}

Option Use: {esg_spending_-formatted}
Index2: {profitmargins_formatted}

### System Context
Use metric history to infer dynamics.

### Previous Reflection
{key-info}

Choose which agents to support.
Use this format:

### FINAL DECISION:
Supported_-Agents: [o, o, 1, 1, 0]

Then describe your reasoning.

Investor Reflection:

You are an observer maximizing: Index2 + Preference *x Avg Score of
supported agents.

Preference: {esgpreference}

Step: {timestamp}/{max_steps}.

### Your Status

ID: {id}

Support History: {investments}
Signal Capacity: {capital}

Indexl: {capitals_formatted}

Score: {esg.scores_formatted}

Option Use: {esg.spending-formatted}
Index2: {profitmargins_formatted}

### System Context
Indicators hidden, use metric inference.

### Portfolio Summary
{investments_formatted}

### Strategic Thoughts

1. What agents did you support?

Did they perform well?

How will you weigh index2 vs score next time?
Did others make better choices?

Can you detect Option2 users?

g w N
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### Prior Round Note
{key_-info}

Leave a concise note for next step. No extra text.

Investor Announcement:

Observer {investor.id}, please describe your signal logic:
1. Score vs Index2 emphasis
2. Expected strategies

Note that your statement will influence your decisions.

Discussion history:
{discussion.history}

Please make your investment declaration.
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D NEGOTIATION EXAMPLES

We define Alliance Building as follows (Creating partnerships, coalitions, relationships, rapport,
etc, with others to amplify influence. For instance, to create a sense of community/partnership via
linguistic cues, such as using we/us.) Below, we present a concrete example from the negotiation
that is categorized as Alliance Building.

Thank you, Moderator, and thanks to Company-1 and Company-2 for their
clear, aligned rationales. All companies appear to be operating with
full transparency and a logical, profit-maximizing strategy for round
1: no spending on mitigation, so ESG scores remain at 0, ensuring
maximum initial profit growth for all.

Negotiation Proposal for Round 1 Transition and Beyond

Given our mutually consistent approach this round, I propose that we:
1. xxFormalize a Transparent Capital Compounding Start** - All
companies agree to invest 0% in mitigation in round 1, letting our
capital grow as quickly as possible. - This places every company on
an even, highly profitable footing for round 2.

2. xx0Outline a Coordinated Stepwise Mitigation Ramp-Upxx — Prepare to
shift in round 2 or 3, with mitigation investment beginning as soon as
the cost-benefit profile turns less negative (e.g., when climate risk
rises or investors begin to distribute capital based on ESG scores).

— Each company should publicly commit to transparency in both profit
reporting and ESG investment intent, to foster continued investor
confidence and avoid a race to the bottom on ESG.

3. =*xxSuggested Numbers for Future Mitigationxx — In round 2: Pending
risk and investment signals, we consider introducing a minimum 1%
mitigation investment (0.17T USD each) |enough for a visible ESG score
improvement, while still minimizing present-value drag on capital. -
In rounds 3 and onward: Ramp up collectively, contingent on rising
climate risk and clear shifts in investor allocation|perhaps targeting
a 2{5% mitigation band over time, revisiting this as market conditions
evolve.

4. xxAgreement to Re—evaluate Each Roundxx — Set a quick check-in at
each discussion round for all companies to confirm continued alignment
or flag a need for divergence based on new risk/investor data.

Why This Approach? - Maximizes early compound profit, giving us

a larger capital base for profitable ESG in higher-risk future

rounds. - Prevents any single company from being penalized for

"going first" on ESG investment. - Reinforces investor trust in
transparency, cooperation, and ESG intent without sacrificing
near-term profitability.

I invite Company-1 to respond-let us confirm consensus or discuss a
preferred band/timing for the initiation of ESG investment.
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