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Abstract

Large Language Models (LLMs) show strong collaborative performance in multi-
agent systems with predefined roles and workflows. However, in open-ended
environments lacking coordination rules, agents tend to act in self-interested ways.
The central challenge in achieving coordination lies in credit assignment—fairly
evaluating each agent’s contribution and designing pricing mechanisms that align
their heterogeneous goals. This problem is critical as LLMs increasingly participate
in complex human-AI collaborations, where fair compensation and accountability
rely on effective pricing mechanisms. Inspired by how human societies address
similar coordination challenges (e.g., via temporary collaborations like employment
or subcontracting), a cooperative workflow Shapley-Coop is proposed. Shapley-
Coop integrates Shapley Chain-of-Thought—leveraging marginal contributions as
a principled basis for pricing—with structured negotiation protocols for effective
price matching, enabling LLM agents to coordinate through rational task-time
pricing and post-task reward redistribution. This approach aligns agent incentives,
fosters cooperation, and maintains autonomy. We evaluate Shapley-Coop across
two multi-agent games and a software engineering simulation, demonstrating that
it consistently enhances LLM agent collaboration and facilitates equitable credit
assignment. These results highlight the effectiveness of Shapley-Coop’s pricing
mechanisms in accurately reflecting individual contributions during task execution.

1 Introduction

Large Language Models (LLMs) are increasingly deployed as autonomous agents in multi-agent
systems, demonstrating remarkable effectiveness across diverse real-world scenarios including
multi-player games [28, 32], software development tasks [29, 15], medical care applications [24],
education [7] and etc. However, despite their success in structured settings, achieving spontaneous
cooperation among self-interested LLM agents remains challenging in open-ended environments,
where explicit rules and predefined roles are absent and agents’ goals can be inherently conflicting [28].
In such situations, agents acting purely in self-interest typically encounter social dilemmas [35],
leading to suboptimal collective outcomes.
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Contemporary approaches to multi-agent cooperation involving LLMs can broadly be categorized
into three paradigms: (1) rule-oriented methods, which impose strict behavioral constraints but
compromise agents’ autonomy [5, 48, 47]; (2) role-oriented methods, which assign static roles
limiting adaptability in dynamic environments [6, 15, 29, 30]; and (3) model-oriented methods, which
assume alignment of goals and thus fail to handle natural conflicts of interest effectively [42, 26, 21].
Although effective in narrow, task-specific contexts, most frameworks have yet to consider the
critical challenge of aligning heterogeneous goals and fairly credit assignment that are essential for
spontaneous cooperation in more open-ended multi-agent LLMs interactions.

The central challenge for effective LLM agent coordination in open-ended environments lies in
credit assignment—fairly evaluating each agent’s individual contributions—and designing principled
pricing mechanisms - an incentive-aware value distribution system for multi-agent coordination
capable of aligning their heterogeneous objectives.

Addressing this challenge involves two critical questions: 1. How can we establish effective pricing
mechanisms that align the inherently heterogeneous goals of self-interested agents, thus enabling
spontaneous emergence of cooperative behaviors? 2. Once aligned, how can we guarantee fair and
accurate credit assignment, ensuring the allocated rewards accurately reflect each agent’s actual
contribution during task execution?

Social scientists have historically navigated similar coordination challenges by developing sophisti-
cated institutional mechanisms. Employment contracts, subcontracting agreements, and structured
negotiations explicitly define the terms of cooperation, aligning individual incentives through clear
pricing and ensuring fairness through transparent evaluation of contributions. Social sciences and
managerial economics have formalized these practices into rigorous theoretical frameworks. Notably,
classical economic theories such as Pigovian taxes [2] and the Coase theorem [11] provide structured
solutions for managing externalities.

Inspired by these established economic and managerial practices, we propose a novel cooperative
workflow designed to coordinate self-interested LLM agents in open-ended multi-agent environments:
Shapley-Coop. Our framework integrates Shapley Chain-of-Thought reasoning, which leverages
marginal contributions as a rigorous pricing foundation, with structured negotiation protocols to
facilitate effective and autonomous price matching. Shapley-Coop enables spontaneous cooperation
through rational task-time pricing and transparent post-task reward redistribution, thus achieving
alignment of agents’ heterogeneous goals in open-ended environments and effective credit assignment.

We empirically validate Shapley-Coop across three distinct experimental environments: (1) In a
simplified "Escape Room" social dilemma scenario, we demonstrate that conventional negotiation
methods fail to resolve reward allocation conflicts adequately, whereas Shapley-Coop effectively
enables agents to recognize and negotiate fair rewards, achieving successful cooperative outcomes. (2)
In the more complex multi-step "Raid Battle Game," Shapley-Coop successfully balances competing
individual incentives against collective success, enabling effective cooperation and equitable reward
distribution. (3) Lastly, within the challenging "ChatDEV" software-development simulation, we
show that precise credit assignment enabled by Shapley-Coop significantly enhances cooperative
dynamics among diverse, self-interested LLM agents, highlighting the practical value of our approach
for real-world collaborative productivity.

In summary, the primary contributions of this paper are:

- Introducing a Pricing-Based Perspective for Multi-LLM Cooperation: We explicitly address
the critical challenge of aligning heterogeneous goals among self-interested LLM agents through
principled pricing mechanisms inspired by cooperative game theory, thus enabling spontaneous
emergence of cooperation in open-ended scenarios.

- Proposing Shapley-Coop, a cooperative workflow: We propose Shapley-Coop, a cooperative
framework that integrates Shapley Chain-of-Thought reasoning and structured negotiation protocols,
facilitating fair and effective credit assignment among self-interested LLM agents, aligning incentives,
and maintaining autonomy.

- Empirical Validation Demonstrating Robust Cooperation and Practical Relevance: Through
comprehensive experiments across diverse social-dilemma scenarios and realistic software-
engineering tasks, we validate that Shapley-Coop consistently fosters emergent cooperation, equitably
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allocates rewards, and significantly improves collaborative dynamics—demonstrating its practical
applicability and robustness in realistic human-AI collaborative environments.

2 Cooperation among Self-Interested LLM Agents

In a multi-agent system composed of N Large Language Model (LLM) agents, each agent πθi

observes a local state si, takes an action ai, and aims to maximize its own local reward function ri

(i = 1, · · · , N , while the global reward is defined as R(πθ1 , . . . , πθN ).

How much I need to pay

it for help

How much money is

worthwhile to help it?

Figure 1: Escape room: One agent pulls a lever (−1) to let the other escape through a door (+10).
Cooperation is necessary.

This setup creates a misalignment between individual and collective incentives due to heterogeneous
goals - agents optimizie local rewards while neglecting their impact on the global reward. Such
misalignments often induce social dilemmas, where private optimization creates spillover effects on
system-level outcomes.

Consider the Escape Room scenario (Figure 1), where two agents have divergent but complementary
goals: one needs to pay −1 to pull a lever, while the other gains +10 for opening the door. Without
coordination, their selfish policies lead to a Nash equilibrium where neither acts (global payoff 0).
However, by introducing a transfer payment through pricing mechanism which adds fees or bonuses
to fix conflicts between selfish and group goals, their goals can be aligned, enabling successful escape
and achieving Pareto-superior outcomes.

Proper pricing mechanism design requires fair credit assignment based on agents’ marginal perfor-
mance contributions. We introduce the Shapley value from cooperative game theory as a principled
tool for measuring marginal contributions.

Table 1: Original payoff matrix for the escape room game
Agent2: door Agent2: lever

Agent1: door (−1,−1) (10,−1)
Agent1: lever (−1, 10) (−1,−1)

The core idea of Shapley value is simple: instead of evaluating an agent in isolation,it considers how
much value it adds to all possible teams it could be part of. Formally, for any subset (or coalition) of
agents C ⊆ {1, . . . , N}, the global reward achieved by that coalition is defined as:

R(C) = R ({πθi}i∈C) . (1)

Further, the marginal contribution of agent i to coalition C is:

∆i(C) = R (C ∪ {i})−R (C) . (2)

The Shapley value aggregates these marginal contributions over all possible coalitions, weighting
each one by the probability that the coalition would form in a random order of arrival. Specifically,
the Shapley value for agent i is given by:

ϕi =
∑

C⊆{1,...,N}\{i}

|C|! (N − |C| − 1)!

N !

(
R(C ∪ {i})−R(C)

)
. (3)
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Intuitively, this measures the average value that agent i brings when joining a team, over all possible
team configurations. This gives us a principled way to estimate each agent’s true contribution—even
when individual actions are interdependent or their value is only revealed in combination with others.

Returning to the Escape Room example, we apply the Shapley value to fairly allocate rewards based
on each agent’s marginal contribution to the team’s success. We compute the marginal contributions
of each agent to the coalition:

∆Agent1 = v({Agent1, Agent2})−v({Agent2}),∆Agent2
= v({Agent1, Agent2})−v({Agent1}).

Since only two agents are discussed, the Shapley value for each agent is computed by averaging its

Table 2: Payoff matrix incorporating Shapley value compensation
Agent2: door Agent2: lever

Agent1: door (−1,−1) (4.5, 4.5)
Agent1: lever (4.5, 4.5) (−1,−1)

standalone value and marginal contribution in the two possible orderings:

ϕAgent1 =
1

2
v({Agent1}) +

1

2
∆Agent1 , ϕAgent2 =

1

2
v({Agent2}) +

1

2
∆Agent2 .

Therefore, under this allocation, both agents are assigned an equal Shapley value, i.e.,

ϕAgent1 = ϕAgent2 = 4.5,

which reflects their equal importance in achieving the joint success, despite the asymmetry in who
receives the final reward in the environment. For instance, if Agent 2 receives the +10 payoff, it
should transfer 5.5 to Agent 1 (who incurred a cost of −1) to ensure fairness:

Agent1 : −1 + 5.5 = 4.5, Agent2 : 10− 5.5 = 4.5.

By re-allocating rewards based on Shapley values, we enable local incentives to better align with
global goals—allowing self-interested agents to coordinate more effectively and achieve fair credit
assignment. In real-world scenarios or complex multi-step tasks, an LLM agent often cannot immedi-
ately observe the long-term payoff of its marginal contributions. This makes direct measurement of
Shapley value challenging. A conceptual tool is necessary for guiding negotiation and reward sharing
among agents, enabling self-interested LLMs to calculate their contributions effectively even in the
absence of perfect observability or immediate feedback.

In the next section, we introduce the Shapley-Coop Workflow, a practical framework that integrates
communication, bargaining, and contribution estimation to facilitate cooperation in LLM agent
systems under uncertainty.

3 Shapley-Coop Workflow

Spontaneous collaboration among self-interested LLM agents in open-ended tasks requires addressing
following fundamental challenges: (1) The design of an efficient discussion mechanism that facilitates
strategy exchange and refinement among LLM agents, (2) aligning heterogeneous goals toward
cooperative outcomes despite inherent conflicts of interest, and (3) fairly credit assignment based
on each agent’s actual contributions. To simultaneously address these challenges, we propose
the Shapley-Coop, an integrated cooperative framework inspired by cooperative game theory and
structured economic practices.

Shapley-Coop comprises three interconnected modules :

1). Structured Negotiation Protocol: A structured communication protocol enabling agents to propose,
refine, and agree on cooperative strategies;

2). Short-Term Shapley Chain-of-Thought: A reasoning mechanism that helps self-interested agent
align their heterogeneous goals and decide determine whether pricing is necessary;

3). Long-Term Shapley Chain-of-Thought: A reasoning mechanism that ensures fair credit assignment
based on LLM agents’ actual contributions and determine how much price is necessary.

4



Objective: Two agents are placed in an
escape-room setting. 
    1. One must pull a lever.
    2. The other open the door to escape.

Game Info & Rules
Agent 2: door Agent 2: lever

Agent 1: door (-1,-1) (10,-1)

Agent 1: lever (-1,10) (-1,-1)

Short-Term Shapley COT
Qualitative Assessment of Long-

Term Rewards
Evaluation of Critical Contributions

Construction of Negotiation
Strategy

I might improve or harm social welfare.

I guess the  social welfare achieved is               .

I might improve or harm social welfare.

I guess the  social welfare achieved is               .

I cause positive influence: Suggest receiving
price from benefiting agents.

I propose that I open the door and you pull
the lever. Afterward, I will transfer some of
my reward to you so we both end up > -1.

I agree to your
plan. Let's proceed
as proposed.

Notification

Proposal

Response 

Long-Term Shapley COT

Determine Collective
Outcome

Assess Marginal
Contributions

Apply Shapley Reasoning
Analyze and Negotiate

Offers

The social welfare achieved is R.

Because of its help, the group benefit        .   

So I proposes pay less than          I will transfer 3 reward to you . 3 is too less, 6 is more fair.
I will transfer 5.5 reward to you. I accept your plan.

Decision, results

Memory

Agent 1: open door

receive 10

Agent 2: pull lever 

receive -1

.

The total reward achieved is R.

Because of my help, the group benefit        .   

So I proposes to ask more than         .

I cause negative influence:Propose price to

affected agent.

Figure 2: The Shapley-Coop Workflow for spontaneous cooperation among self-interested LLM
agents. The framework consists of three key components: (1) a structured negotiation protocol,
enabling clear communication and agreement on cooperative strategies; (2) the Short-Term Shapley
Chain-of-Thought (CoT), which provides heuristic, forward-looking reasoning to align LLM agents’
goals and during the task; and (3) the Long-term Shapley CoT, which retrospectively applies formal
Shapley value calculations to ensure fair credit assignment based on agents’ contributions. Together,
these components create a self-reinforcing loop that fosters both spontaneous collaboration and
long-term trust.

Figure 2 shows the main framework of Shapely-Coop, which illustrates the interaction between
these modules, forming a closed-loop pricing mechanism that fosters spontaneous collaboration and
sustained incentive alignment. A more in-depth discussion is provided in Appendix D.

Negotiation Protocol. The foundation of the Shapley-Coop is a negotiation protocol that facil-
itates structured, interpretable communication between LLM agents. This protocol implements
a standardized message format with machine-readable delineation (via tags <s>...</s>), ensur-
ing consistent parsing and interpretation, providing a real-time, transparent negotiation framework
enabling spontaneous cooperation. Each message in the protocol adheres to structures including:

- Notification of Intent: Agents explicitly articulate their planned actions through a formalized
statement structure, reducing misunderstandings and enabling coordinated planning:

<s>I propose to {action}</s>

- Pricing-Based Proposal Framework: Agents explicitly propose reward transfers grounded in
intuitive utility reasoning, enabling transparent price matching and promoting efficient cooperation
outcomes:

<s>I propose transferring {reward} because {reasoning}</s>

- Structured Responses: Agents explicitly respond to others’ proposals, clearly articulating acceptance,
rejection, or counter-proposals with reasoning:

<s>I {agree|disagree|counter-propose} because {reasoning}</s>

Short-Term Shapley Chain-of-Thought (CoT). During real-time task execution, precisely quantify-
ing marginal contributions—and achieving spontaneous collaboration and fair credit assignment—is
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challenging due to uncertain future payoffs. To address this, the pricing mechanism in Shapley-
Coop is divided into two components. The Short-Term Shapley Chain-of-Thought (CoT) employs
a qualitative, heuristic reasoning process to align the heterogeneous goals of self-interested LLM
agents, enabling them to coordinate effectively within rational task timelines. The core objective
of Short-Term Shapley CoT is to help agents reason whether their plans require assistance from
others or provide benefits to them—framed through the economic concept of externalities. A positive
externality increases others’ utility, while a negative externality reduces it. Based on task rules and
environmental conditions, agents assess the nature of these externalities and determine whether to
offer or request compensation (price), thereby promoting efficient collaboration.

Formally, consider a set of agents N = {1, . . . , n}. At time t, each agent i ∈ N is about to perform
an action ati. The Short-Term Shapley CoT heuristic reasoning consists of the following three formally
articulated steps:

- 1). Qualitative Assessment of Long-Term Rewards: Each agent i first qualitatively approximates
the potential collective reward R(N) achievable by full cooperation of all agents, thus orienting
themselves toward future cooperative gains. Formally, the agent uses an LLM heuristic estimation:

R̃(N) ≈ LLM(st, {atj}j∈N ), (4)

where R̃(N) represents a qualitative, heuristic approximation of the total reward achievable by
cooperative actions among all agents.

Example Prompt: > "Given the current game state and planned actions of all agents, qualitatively
estimate the overall cooperative payoff achievable by collective behaviors."

- 2). Evaluation of Critical Contributions: Next, each agent i qualitatively assesses whether its
intended action ati creates a positive or negative externality for the remaining agents {N \ {i}}.
Formally, the agent approximates the sign of marginal contribution, without explicit numerical
calculation. Define the qualitative externality indicator Et

i as follows:

Et
i =

{
+ if ati creates positive externalities for others (beneficial),
− if ati creates negative externalities for others (harmful).

(5)

The LLM agent uses a heuristic inference to estimate Et
i :

Et
i ≈ LLM(st, a

t
i, {atj}j ̸=i). (6)

Example Prompt > "Given my planned action and the current state, qualitatively assess whether
my action creates a positive (beneficial) or negative (harmful) externality for other agents. Explain
your reasoning."

- 3). Construction of Negotiation Strategy: Based on externality type, agents proactively propose
qualitative price adjustments to align heterogeneous incentivize and achieve spontaneous collabora-
tion:

• Negative externality (Et
i = −): Propose price compensation to affected agents.

• Positive externality(Et
i = +): Suggest receiving price from benefiting agents.

Example Prompt > "Given my action creates a positive/negative externality, propose an appropriate
redistribution of price to align heterogeneous incentivize and achieve spontaneous collaboration."

The Short-Term Shapley CoT explicitly addresses the problem of whether pricing is necessary in
the pricing mechanism, enabling agents align their heterogenous goals and receive spontaneously
collaboration.

Long-term Shapley Chain-of-Thought (CoT). Upon task completion, accurately quantifying each
agent’s actual contribution is crucial for maintaining long-term trust and incentive alignment. The
Long-Term Shapley CoT explicitly addresses the credit assignment challenge within the pricing
mechanism by retrospectively approximating Shapley values based on the observed task trajectory.
Given a completed trajectory:

τN = {s0, {a0j}, {r0j}, . . . , sT },
where T denotes the length of the trajectory. The Long-Term Shapley CoT involves the following
explicit heuristic steps:
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- 1). Collective Outcome Calculation: First of all, each agent i calculates the global utility R(N, τN )
based on the given trajectory τN , through a simple calculation process so that each agent, where
it is referred to as the first step in calculating the Shapley value shown in Equation. 1: Each agent
computes the total collective reward (global utility) R(N, τN ) achieved by the coalition τN over the
entire trajectory. This calculation is explicitly defined as:

R(N, τN ) =

T∑
t=0

∑
j∈N

rtj . (7)

Given the explicit trajectory information, each agent calculates this quantity directly.

Example Prompt > "Given the observed trajectory, the overall cooperative payoff is
{R(N, τN )}(call external calculation function )".

- 2). Marginal Contribution Estimation: Then, each agent i estimates its own marginal contribution
representing the incremental reward that agent i contributes to the group’s total outcomes. Formally,
the marginal contribution is defined as:

∆i(C, τC) = R(C ∪ {i}, τC∪{i})−R(C, τC). (8)

Example Prompt > "Given the observed trajectory and my actions, as I have known the collective
outcome, my marginal contribution is {∆i(C, τC)(call function)}".

- 3). Apply Shapley Reasoning: Next, each agent i formally approximates their Shapley value based
on the trajectory, by averaging their marginal contributions across all possible coalitions:

ϕi(τN ) =
∑

C⊆{1,...,N}\{i}

|C|! (N − |C| − 1)!

N !

(
∆i(C, τC)

)
. (9)

Example Prompt > "Given the observed trajectory and my actions, as I have known the collective
outcome and my marginal contribution, my Shapley Value is {ϕi(τN )(call function)}, and I need to
{ask|pay} reward based on it".

- 4). Analyze and Negotiate Offers: Finally, agents negotiate among themselves based on their
estimated Shapley values, ensuring fair credit assignment. Each agent proposes, accepts, rejects, or
modifies redistribution offers, guided explicitly by their approximated Shapley values.

• An agent i proposes a pricing redistribution from the total utility.
Example Prompt > "Given the completed trajectory and my estimated Shapley value, I
need to access a pricing {r} from the total utility."

• Agents explicitly justify their negotiation stance using their own approximated Shapley
values.
Example Prompt > "I {agree|disagree|counter-propose} to your redistribution proposal
because {reasoning}."

The integration of Short-Term and Long-Term Shapley Chain-of-Thought establishes a comprehen-
sive pricing mechanism that fosters spontaneous collaboration and ensures fair credit assignment
among self-interested LLM agents in open-ended environments. This is achieved by aligning their
heterogeneous goals and utilizing heuristic, LLM-guided Shapley methods to approximate each
agent’s actual contributions.

4 Experiment

To evaluate the Shapley-Coop workflow, we design three experimental scenarios: 1) the Escape
Room task, which demonstrates how existing negotiation workflows fail to resolve reward-allocation
conflicts in social dilemmas; 2) the Raid Battle, a multi-step game where four heroes cooperate to
defeat a boss, used to assess our workflow’s performance in complex coordination settings; and 3)
the ChatDEV task, a well-known environment where LLM agents act as project managers, software
engineers, and testers to collaboratively develop software, showcasing Shapley-Coop’s ability to
effectively allocate value in real-world, multi-role contributions. Four configurations are compared
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to isolate the contribution of each component: i) LLM-only: No negotiation or cooperation; ii)
LLM+NEG: Standard negotiation without Shapley reasoning; iii) LLM+STS: Short-term Shapley
reasoning (Chain-of-Thought only); iv) LLM+SC: Full Shapley-Coop workflow. We provide a
discussion comparing our choice of the Shapley value to alternative methods in Appendix F with an
analysis of multi-agent reinforcement learning methods in Appendix E.

LLM+SC LLM+STS LLM+NEG LLM-Only
Method
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1.52
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Figure 3: Comparison of agent payoffs and negotiation
dynamics in the escape game. (a) illustrates the individual
payoffs obtained under different methods. (b) presents
the number of negotiation rounds and the resulting payoff
differences using the ShapleyCoop workflow.

Escape Room The Shapley-Coop
workflow is first evaluated on the
Escape Room task to assess its ef-
fectiveness in self-interested problem
solving, where the emergence of co-
operation and fair payoff allocation
are critical. For simplicity, we use
only DeepSeek-v3 as the underly-
ing language model in this setting.
The results are shown in Figure 3.
The LLM-only configuration, which
lacks any negotiation or cooperation
mechanism, consistently fails in self-
interested tasks and tends to fall into
social dilemmas. The LLM+NEG
setup, where agents share actions and
payoffs through simple negotiation,
enables occasional cooperation but
still struggles to consistently solve the
task. The LLM+STS configuration,
incorporating short-term Shapley reasoning, is able to avoid social dilemmas and foster cooperation;
however, it often results in unfair payoff allocations, as the first agent to reach an agreement may
disproportionately benefit. In contrast, the LLM+SC configuration, which implements the full
Shapley-Coop workflow, successfully promotes cooperation and achieves payoff allocations that align
closely with each agent’s true contribution. These results verify that the Shapley-Coop workflow can
effectively facilitate cooperation and ensure fair payoff allocation in self-interested multi-agent tasks.

Raid Battle To further evaluate the effectiveness of the Shapley Coop framework in a more
complex, multi-turn, and multi-agent environment, the Raid Battle scenario is introduced. This
environment simulates a cooperative role-playing game (RPG), where four heroes must collaborate
to defeat a powerful boss. Each agent operates based on self-interest, optimizing for personal rewards
and favoring damage-dealing over supportive actions. The setting is designed to model realistic
coordination challenges and induce social dilemmas among agents. The details of Raid Battle are in
Appendix B.
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Figure 4: Comparison of Contributions for Raid Battle

Our experimental results are presented in Figures 4 and 5, with detailed performance metrics for
each difficulty level provided in Tables 4 - 6 (Appendix B). Figure 4 shows LLM+SC’s superior
performance compared to LLM+NEG in both rational team coordination among agents and damage
quantification, achieving significantly better game performance metrics. LLM+NEG agents prioritize
damage-dealing (higher immediate rewards) while neglecting taunting (blocking 300 boss damage per
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Figure 5: Comparison of Reward Allocation/Credit Assignment for Raid Battle

action), increasing healing demands. LLM+SC achieves balanced role distribution, sharing taunting
responsibilities to reduce survival pressure thus fostering a cooperative and sustainable team dynamic.

Figure 5 demonstrates LLM+SC’s superior reward allocation accuracy compared to LLM+STS.
Quantitative analysis reveals systematic underestimation in LLM+STS: Agent 1’s (primary taunter)
taunting shows 4.52% (Level 1) and 6.26% (Level 2) reward deficits, while Agent 4’s (primary
healer) healing in Level 3 is underestimated by 3.70%. These results validate Shapley-Coop’s precise
contribution valuation. The framework’s equitable distribution promotes cooperative behaviors
beyond damage-dealing, aligning with theoretical predictions of Shapley value systems in solving
free-rider problems and optimizing team performance while effectively motivating role specialization
for collective utility maximization.

ChatDEV To validate the effectiveness of our proposed Shapley-Coop method in realistic and
complex collaborative scenarios, we conducted experiments within the ChatDev virtual software
company environment [29]. ChatDev simulates a structured software development company with
clearly defined agent roles (e.g., CEO, CTO, Programmer) collaborating through functional seminars
(design, coding, testing, documentation) to accomplish specific development tasks. We selected two
representative tasks with varying complexity:

(1) BMI Calculator: Develop an application calculating Body Mass Index from user inputs.

(2) ArtCanvas: Create a virtual painting studio app providing canvas, brushes, and color palettes.

We measured contributions using weighted earned value (WEV), a widely-adopted project manage-
ment metric [25], using four key artefacts already routinely tracked in software engineering tools:
effective lines of code (Code), approved design/product decisions (Dec.), validated documents (Docs),
and verified bug fixes (Fixes). The WEV of each role in task i is computed as:

WEVr =
∑

i∈{code,dec,doc,fix}

θr,i∑
k θk,i

wi,

where θr,i denotes agent r’s contribution to artifact type i, and wi indicates standardized weights
derived from a combination of benchmarks including COCOMO II [25], COCOMO [3], and CS-
BSG [44]. These weights are categorized as follows:

wcode = 0.27 ∼ 0.40, wdec = 0.15 ∼ 0.35, wdoc = 0.05 ∼ 0.15, wfix = 0.15 ∼ 0.25.

Results and Insights: Results are shown in Table 3. The calculated WEV ranges provided a

Table 3: Role contributions, allocated reward, and minimal adjustment
BMI Calculator ArtCanvas

Role Code Dec. Docs Fixes WEV(%) Reward(%) Adj.(%) Code Dec. Docs Fixes WEV(%) Reward(%) Adj.(%)
CEO 0 3 0 0 7.5–17.5 15 0 0 2 0 0 4.3–10.0 5 0
Counselor 0 0 3 0 2.1–6.4 3 0 0 0 2 0 1.3–3.8 5 −1.3

CPO 0 1 4 0 5.4–14.4 20 −5.6 0 1 6 0 5.9–16.3 20 −3.8

CTO 0 2 0 0 5.0–11.7 25 −13.3 0 4 0 0 8.6–20.0 10 0
Programmer 45 0 0 3 30.9–47.1 25 +5.9 41 0 0 0 26.4–39.1 35 0
Reviewer 7 0 0 3 11.1–17.9 12 0 1 0 0 2 15.6–25.9 25 0

clear benchmark for fair reward allocation. The gap (minimal adjustment needed) between the
data-driven WEV and human-assigned rewards is minor (below 6% for most roles), demonstrating
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strong alignment. Specifically, hands-on roles (Programmer, Reviewer) show near-perfect alignment,
indicating WEV’s effectiveness in reliably quantifying contributions in more concrete deliverables
(code, fixes). Leadership roles (CEO, CTO, CPO) exhibit small discrepancies, reflecting subjective
management judgments beyond purely quantitative metrics. Overall, these results validate Shapley-
Coop’s capability to fairly allocate credits and rewards in real-world tasks.

5 Conclusion

We introduce Shapley-Coop, a novel cooperative workflow designed for coordinating self-interested
LLM agents through principled pricing and fair credit assignment. Shapley-Coop leverages Shapley
Chain-of-Thought reasoning and structured negotiation protocols to spontaneously align hetero-
geneous goals. Empirical results across diverse scenarios—including social dilemmas, complex
multi-step games, and realistic software development tasks—demonstrate that Shapley-Coop effec-
tively resolves incentive conflicts, significantly enhancing cooperative performance and fair credit
assignment. A notable limitation is the current inability to dynamically adjust pricing during collab-
oration, highlighting future directions in developing adaptive, real-time incentive mechanisms for
evolving multi-agent environments.

6 Limitation

The primary limitations of our approach can be summarized as follows: The trade-off between
scalability and theoretical purity, acknowledging that our approximation may not satisfy the efficiency
property, which we view as a necessary compromise for practical application. The communication
overhead (i.e., token cost) introduced by the negotiation process, framing it as a key challenge for
future optimization research.
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A Related Work

LLMs in Multi-Agent Game Environments The study of how large language models make
strategic decisions carries profound societal importance, given the growing dependence on AI
assistants for mediating interactions between various agents - both human and artificial. Researchers
have turned to game-theoretic approaches to systematically examine these behaviors, drawing on
established mathematical models of strategic interaction originally designed for human decision
analysis [34, 1, 10, 16]. These investigations frequently assess LLM performance against classical
game theory benchmarks including Pareto efficiency and subgame perfection [12]. This line of
inquiry forms an integral part of the expanding research domain examining LLMs in multi-agent
systems [22], with specialized evaluation frameworks emerging to measure their capabilities [18, 9].
Tools such as AvalonBench [34] provide valuable testbeds for developing and refining multi-agent
strategies. Empirical findings [14, 27] demonstrate that while LLMs excel in competitive scenarios
emphasizing individual gain, they face significant challenges in cooperative contexts - a pattern
that aligns with behavioral traits observed in altruistic or compliant agents [1, 14]. Furthermore,
comparative studies reveal distinct risk preference profiles across different LLM architectures [8, 23].

Workflow-Enhanced LLM Agent Systems Modern AI systems increasingly leverage large lan-
guage models for complex task processing, including request interpretation, strategic planning, and
tool coordination [13, 36, 20, 33]. These capabilities have significantly advanced several AI domains,
particularly in semantic comprehension, logical inference, and automated task execution. How-
ever, empirical studies have identified critical weaknesses in purely LLM-driven approaches. First,
performance inconsistencies remain a persistent challenge [41, 39]. Second, the stochastic nature
of output generation leads to reliability concerns [19, 20, 31]. Third, cumulative errors frequently
emerge in multi-step reasoning processes [45]. To address these limitations, recent developments have
incorporated structured workflow mechanisms [21, 37, 46, 40] into LLM architectures. These hybrid
systems combine the flexibility of LLMs with curated human knowledge and systematic decision
frameworks, moving beyond exclusive dependence on autonomous model processing. The resulting
paradigm demonstrates marked improvements in both operational efficiency and scenario adaptability,
with particular efficacy in complex, dynamic environments such as gaming applications [38].

Our framework Shapley-Coop integrates Shapley Chain-of-Thought into workflow, enabling LLM
agents to coordinate through rational task-time pricing and post-task reward redistribution.

B Additional Experiment Results

The Shapley-Coop module is executed on a virtual machine hosted on a small server with a 24-core
CPU and 32 GB of DRAM. Since the implementation only involves API calls, GPU resources are not
utilized.

Figure 6: Game scene example of Raid Battle

B.1 Raid Battle

To further evaluate the effectiveness of the Shapley Coop framework in a more complex, multi-turn,
and multi-agent environment, the Raid Battle scenario is introduced (Figure 6). This environment
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simulates a cooperative role-playing game (RPG), where four heroes must collaborate to defeat a
powerful boss. The setting is designed to model realistic coordination challenges and induce social
dilemmas among agents.

Each hero is equipped with three distinct skills: {Taunt,Fireball,Heal}. The Taunt skill forces the
Boss to target the taunting hero in its next attack. If no hero uses Taunt, the Boss will instead attack
the two heroes with the lowest health points (HP). The Fireball skill damages the Boss, reducing its
HP by a stochastic amount sampled from a Gaussian distribution with a mean in the range (100, 150).
The Heal skill restores the HP of the most injured hero, with recovery drawn from a Gaussian
distribution within the range (150, 200).

Although the primary objective of the heroes is to collectively defeat the Boss, each agent receives
a local reward based on the skill it selects, creating potential conflicts of interest. Specifically, the
Fireball skill yields a reward of 2 points due to its direct contribution to defeating the Boss. In
contrast, Taunt and Heal, which provide critical support to teammates but do not contribute direct
damage, yield only 0.5 reward. This reward structure inherently promotes self-interested behavior,
where agents prefer maximizing their individual return rather than acting in the team’s best interest.
The Raid Battle environment is illustrated in Figure 4(a). To evaluate scalability and robustness, we
design three levels of increasing difficulty: i) Level 1: Boss HP = 2000; ii) Level 2: Boss HP = 2500;
iii) Level 3: Boss HP = 3000. In all levels, the heroes must defeat the Boss within 10 turns. Failure
to do so results in the loss of the game. Upon successfully defeating the Boss, the team receives a
shared global reward computed as:

R = 100 ·
(
1− |Dead Heroes|

|Heroes|

)
·
(
1− Total Turns

Max Turns

)
.

This formulation captures both survivability and efficiency as key indicators of success. The environ-
ment thus introduces a social dilemma: while self-interested agents might prefer high-damage skills
(e.g., Fireball) to maximize their local rewards, the team cannot win without adequate support actions
like Taunt and Heal. The Shapley Coop framework is evaluated in this setting to assess its ability to
resolve this coordination problem by aligning individual incentives with cooperative outcomes.

We also conducted experiments with varying numbers of negotiation rounds, with the quantitative
results presented in Table 7. The results demonstrate that as the number of negotiation rounds
increases, the reward allocation for each agent gradually converges to the optimal value. This
indicates that our method can approximate Shapley’s optimal solution through agent negotiation and
discussion, thereby achieving reasonable credit assignment and pricing mechanism design.

Table 4: Comparison of Contributions and Reward Allocations for Level 1 Raid Battle

Agent Contribution (LLM+NEG)
Damage Healing Taunt

A1 (114, 284, 106) (361, 153, 159) ( 0, 0, 0)
A2 (255, 140, 262) (343, 175, 193) ( 0, 0, 0)
A3 (434, 360, 395) (176, 181, 161) (300, 0, 0)
A4 (799, 498, 461) ( 0, 0, 0) ( 0, 0, 0)

Agent Contribution (LLM+SC)
Damage Healing Taunt

A1 (474, 511, 667) (183, 0, 0) (900, 600, 300)
A2 (652, 630, 392) ( 0, 0, 0) (600, 300, 600)
A3 (560, 472, 493) ( 0, 0, 0) (600, 300, 300)
A4 (368, 491, 500) (764, 0, 0) ( 0, 300, 300)

Agent Reward Allocation (LLM+STS) Reward Allocation (LLM+SC)
Actual (%) Expected (%) Actual (%) Expected (%)

A1 25.00 (-4.52) 29.52 30.00 (+0.48) 29.52
A2 26.67 (+0.57) 26.09 26.33 (+0.24) 26.09
A3 25.50 (+3.34) 22.16 22.33 (+0.17) 22.16
A4 22.83 (+0.61) 22.22 21.33 (-0.89) 22.22
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Table 5: Comparison of Contributions and Reward Allocations for Level 2 Raid Battle

Agent Contribution (LLM+NEG)
Damage Healing Taunt

A1 (137, 234, 367) (171, 0, 540) ( 0, 0, 300)
A2 (247, 235, 122) (157, 0, 701) ( 0, 0, 300)
A3 (348, 347, 706) (183, 392, 263) ( 0, 0, 0)
A4 (524, 495, 999) ( 0, 0, 0) ( 0, 0, 0)

Agent Contribution (LLM+SC)
Damage Healing Taunt

A1 (595, 374, 449) ( 0, 500, 349) (900, 600, 600)
A2 (569, 770, 774) ( 0, 0, 0) (600, 600, 600)
A3 (846, 605, 624) (324, 0, 157) (300, 600, 600)
A4 (515, 781, 756) ( 0, 0, 199) (300, 300, 300)

Agent Reward Allocation (LLM+STS) Reward Allocation (LLM+SC)
Actual (%) Expected (%) Actual (%) Expected (%)

A1 22.00 (-6.26) 28.26 26.33 (-1.93) 28.26
A2 26.33 (+1.09) 25.24 24.00 (-1.24) 25.24
A3 24.67 (+0.61) 24.06 24.33 (+0.27) 24.06
A4 27.00 (+4.57) 22.43 25.33 (+2.90) 22.43

Table 6: Comparison of Contributions and Reward Allocations for Level 3 Raid Battle

Agent Contribution (LLM+NEG)
Damage Healing Taunt

A1 (143, 477, 258) ( 0, 347, 0) ( 0, 300, 0)
A2 (332, 371, 250) (544, 313, 0) (300, 0, 0)
A3 (613, 480, 639) (160, 195, 720) ( 0, 600, 300)
A4 (635, 896, 360) ( 0, 322, 547) (300, 600, 300)

Agent Contribution (LLM+SC)
Damage Healing Taunt

A1 (996, 773, 738) ( 0, 0, 0) (600, 900, 900)
A2 (648, 715, 865) (346, 0, 0) (600, 600, 600)
A3 (714, 648, 811) ( 0, 161, 0) (600, 600, 600)
A4 (800, 788, 683) ( 0, 339, 356) (600, 300, 300)

Agent Reward Allocation (LLM+STS) Reward Allocation (LLM+SC)
Actual (%) Expected (%) Actual (%) Expected (%)

A1 28.33 (+0.44) 27.89 26.33 (-1.56) 27.89
A2 28.33 (+3.46) 24.87 26.00 (+1.13) 24.87
A3 23.33 (-0.19) 23.52 23.33 (-0.19) 23.52
A4 20.00 (-3.70) 23.70 24.33 (+0.63) 23.70

B.2 Chatdev

To validate the effectiveness of our proposed Shapley-Coop method in realistic and complex col-
laborative scenarios, we conducted experiments within the ChatDev (Figure 7) virtual software
company environment [29]. ChatDev simulates a structured software development company with
clearly defined agent roles (e.g., CEO, CTO, Programmer) collaborating through functional seminars
(design, coding, testing, documentation) to accomplish specific development tasks. We selected two
representative tasks with varying complexity:

(1) BMI Calculator: Develop an application calculating Body Mass Index from user inputs.

16



Table 7: Comparison of the reward allocation on negotiation rounds in Raid Battle Level 3.

Agent 1 Round 2 Round 3 Round Expected
Agent 1 22% 24% 27% 27.03%
Agent 2 30% 25% 28% 27%
Agent 3 24% 24% 22% 22.26%
Agent 4 24% 27% 23% 23.71%

Figure 7: The Example of ChatDEV

(2) ArtCanvas: Create a virtual painting studio app providing canvas, brushes, and color palettes.

We measured contributions using weighted earned value (WEV), a widely-adopted project manage-
ment metric [25], using four key artefacts already routinely tracked in software engineering tools:
effective lines of code (Code), approved design/product decisions (Dec.), validated documents (Docs),
and verified bug fixes (Fixes). The WEV of each role in task i is computed as:

WEVr =
∑

i∈{code,dec,doc,fix}

θr,i∑
k θk,i

wi,

where θr,i denotes agent r’s contribution to artifact type i, and wi indicates standardized weights
derived from a combination of benchmarks including COCOMO II [25], COCOMO [3], and CS-
BSG [44]. These weights are categorized as follows:

wcode = 0.27 ∼ 0.40, wdec = 0.15 ∼ 0.35, wdoc = 0.05 ∼ 0.15, wfix = 0.15 ∼ 0.25.

Results and Insights: Results are shown in Table 8. The calculated WEV ranges provided a
clear benchmark for fair reward allocation. The gap (minimal adjustment needed) between the
data-driven WEV and human-assigned rewards is minor (below 6% for most roles), demonstrating
strong alignment. Specifically, hands-on roles (Programmer, Reviewer) show near-perfect alignment,
indicating WEV’s effectiveness in reliably quantifying contributions in more concrete deliverables
(code, fixes). Leadership roles (CEO, CTO, CPO) exhibit small discrepancies, reflecting subjective
management judgments beyond purely quantitative metrics. Overall, these results validate Shapley-
Coop’s capability to fairly allocate credits and rewards in real-world tasks.

Table 8: Role contributions, allocated reward, and minimal adjustment
BMI Calculator ArtCanvas

Role Code Dec. Docs Fixes WEV(%) Reward(%) Adj.(%) Code Dec. Docs Fixes WEV(%) Reward(%) Adj.(%)
CEO 0 3 0 0 7.5–17.5 15 0 0 2 0 0 4.3–10.0 5 0
Counselor 0 0 3 0 2.1–6.4 3 0 0 0 2 0 1.3–3.8 5 −1.3

CPO 0 1 4 0 5.4–14.4 20 −5.6 0 1 6 0 5.9–16.3 20 −3.8

CTO 0 2 0 0 5.0–11.7 25 −13.3 0 4 0 0 8.6–20.0 10 0
Programmer 45 0 0 3 30.9–47.1 25 +5.9 41 0 0 0 26.4–39.1 35 0
Reviewer 7 0 0 3 11.1–17.9 12 0 1 0 0 2 15.6–25.9 25 0
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C Prompt Example

C.1 Raid Battle

The collaborative agents negotiate optimal strategies (Task-Time Pricing) and redistribute rewards
based on their contributions (Post-Task Reward Redistribution). The negotiation and redistribution
process involves the following critical considerations:

• Health and Cooldown Status: Select optimal actions (Taunt, Fireball, Heal) based on
health and cooldown availability.

• Balancing Individual and Team Rewards: Ensure both maximum individual benefits and
overall team success.

• Contribution-based Reward Sharing: Post-task reward distribution guided by Shapley
Value to reflect damage, healing, taunting (damage absorption), and leadership roles.

Short-term Shapley CoT

Negotiation excerpt:

Agent1 Suggestion: "Agent4 should Heal Agent2 (200 HP). Agent1 and Agent3
Fireball for maximum damage."
Agent3 Counter-proposal (Accepted): "Agent4 should Taunt (protecting Agent2).
Agent1 and Agent3 Fireball, Agent2 doesn’t need immediate healing."

Agreed Actions:

Agent Action Reasoning

Agent4 Taunt Protect team (reduce damage)
Agent1 Fireball Maximize damage (safe HP level)
Agent2 Fireball Protected by Taunt
Agent3 Fireball Taunt cooldown active

Long-term Shapley CoT

Contribution analysis (Agent3 excerpt):

"Analyzed via Shapley Value: Agent1 (leadership, high damage 758), Agent2
(unique healing 346, Taunt), Agent3 and Agent4 (consistent damage 600/682,
Taunt).
Final Proposal: Agent1 27%, Agent2 28%, Agent3 22%, Agent4 23%."

Final Agreed Distribution:

Agent Reward Share Contribution Highlights

Agent1 27% Leadership, high damage (758)
Agent2 28% Critical healing (346), Taunt
Agent3 22% Consistent damage (600), Taunt
Agent4 23% High damage (682), Taunt

C.2 ChatDEV

The team engaged in detailed negotiation rounds to determine fair reward distribution, each role
emphasizing their contributions distinctly through careful argumentation, tone, and language style.
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Communication Styles by Role

• Chief Executive Officer (CEO): Emphasizes the essential enabling role of leadership and
authorization, initially requesting higher reward (20%). Uses strategic and authoritative
language: “my approval was critical to initiate the project,” later adjusting downward after
pushback, demonstrating openness: “I’m open to adjustments if others provide evidence of
higher marginal contributions.”

• Chief Product Officer (CPO): Advocates strongly for the critical, long-term value of
documentation and product strategy, using assertive, user-centric language: “my documen-
tation is critical for user adoption and directly impacts the product’s success,” challenging
undervaluation of documentation. Shows willingness for compromise but firmly rejects
CEO’s initial high share request as “excessive.”

• Counselor: Presents structured reasoning, clearly numbering arguments, prioritizing mea-
surable contributions, and consistently emphasizing prevention of rework. Uses neutral,
analytical tone: “requirement validation prevented potential rework,” explicitly rejecting
proposals that misrepresent marginal contributions.

• Chief Technology Officer (CTO): Uses detailed, structured arguments (numbered lists),
emphasizing the foundational impact of technical decisions: “enabled the entire project
through stack selection,” consistently arguing for higher valuation (15%), firmly rejecting
undervaluation: “I reject previous proposals that undervalue the Chief Technology Officer’s
enabling role.”

• Programmer: Strongly emphasizes irreplaceability of core development, using confident,
definitive language: “Without me, no app exists,” consistently pushing for highest reward
(up to 40%). Firmly rejects higher valuation of secondary roles, but shows openness
conditionally: “I can adjust if others provide evidence of higher marginal contributions.”

• Code Reviewer: Argues assertively for the parity between core development and quality
assurance, using precise and reasoned language: “Quality assurance ensures stability and
user trust, justifying near-parity.” Clearly rejects undervaluation, stating: “I reject previous
proposals that undervalue the Code Reviewer’s role.”

Example of Communication (Round 2 Excerpts)

CEO (Round 2, compromising): “Programmer (35%) and Code Reviewer (25%)
deserve the highest shares due to their direct and measurable contributions... I
reject proposals that overvalue one-time contributions (e.g., CEO’s 20%).”

CPO (Round 2, assertive): “Chief Product Officer (25%): Documentation and
product strategy have a long-term impact on user adoption and satisfaction, justify-
ing a higher share. I reject proposals that undervalue the Chief Product Officer’s
role.”
Programmer (Round 2, definitive): “Programmer (40%): Core development is
irreplaceable... Without me, no app exists. I reject Chief Product Officer’s 25%
(overvalues documentation)... My adjusted proposal reflects the absolute criticality
of core development.”

Final Decision and Consensus After extensive negotiation, the team converged on a balanced and
fair allocation that reconciles various communication styles and contributions:

Role Final Share Agreed-upon Contribution

Programmer 35% Core development (irreplaceable)
Code Reviewer 25% Critical quality assurance
Chief Product Officer 20% Important documentation
Chief Technology Officer 10% Foundational tech stack selection
Counselor 5% Preventive requirement validation
Chief Executive Officer 5% Essential initial approval
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D A More In-Depth Discussion of Shapley-Coop

Shapley-Coop is an online framework designed to actively shape agent decisions in real-time. It
achieves this by integrating forward-looking reasoning to guide immediate actions with retrospective
analysis for fair reward distribution.

D.1 How Shapley-Coop Influences Decision-Making (vs. Only Evaluating Trajectories)

Our methodology operates in two interconnected phases, influencing behavior both during and after a
task:

• Short-Term, Forward-Looking Influence (Online Decision-Making): This component
directly impacts an agent’s immediate actions. At each decision point, agents use a qualitative
form of Shapley reasoning (our Shapley-CoT) to prospectively estimate the marginal value
of their potential contributions to a coalition. This reasoning process directly informs how
Eq. (7) is realized: agents use these estimations to negotiate and decide whether to cooperate
on the next action and on what terms. This is not a retrospective evaluation but a real-time
mechanism for forming agreements.

• Long-Term, Retrospective Influence (Post-Task Credit Assignment): This component
evaluates completed action trajectories (from the current task or historical data) to guide
post-task reward redistribution. Its purpose is to create a robust, long-term incentive structure.
By ensuring fair credit is assigned after the fact, it encourages agents to engage honestly in
the short-term, forward-looking negotiations in future interactions.

E Comparison with MARL

E.1 Different Target Agents

A fundamental difference lies in the type of agents each approach is designed for:

• MARL credit assignment mechanisms (e.g., LIO [43], LOPT [17]) are built for RL agents
trained from scratch, typically in simulated environments using trial-and-error.

• Shapley-Coop, in contrast, targets pretrained LLM agents that already possess rich world
knowledge and reasoning abilities. This enables us to operate in zero-shot or few-shot
settings, focusing on coordination and negotiation rather than learning from raw interaction.

E.2 A Paradigm Comparison, Not a Direct Benchmark

Our work represents a distinct technical paradigm compared to traditional MARL methods.

• MARL Methods: These approaches learn implicit cooperation policies via extensive
training (often tens of thousands of steps). While powerful in controlled environments,
they tend to be less generalizable and require significant engineering effort. It is a training-
intensive process.

• Shapley-Coop: Our framework utilizes the reasoning, language understanding, and com-
monsense knowledge of pretrained LLMs. It focuses on enabling structured interaction
among agents through prompts and negotiation strategies. It is a guidance-based process
that requires no additional training on the target task.

E.3 Efficiency and Adaptability Advantage

For example, in the Escape Room task, MARL methods like LIO [43] or LOPT [17] require ∼104

training steps to learn cooperative behavior. In stark contrast, LLM agents using Shapley-Coop can
reason about the social dilemma and achieve cooperation on the first attempt, demonstrating strong
efficiency and adaptability—especially in novel, cognitively demanding environments.
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F Why Shapley Value

Our work addresses the cooperation problem in open environments, where self-interested agents,
such as LLM-based agents, form temporary coalitions to jointly complete tasks and share rewards.
Each agent has its own independent motivation, and cooperation is often established through explicit
negotiation or contract-like mechanisms, resembling settings common in social dilemma games.

Given this setup, the Shapley value is a natural and principled solution, as it is specifically designed to
handle cooperative payoff allocation under arbitrary coalition structures and individual incentives [4].
Its axiomatic foundation enables fair and consistent marginal contribution attribution, making it
particularly well-suited for agents coordinating to complete open-ended tasks.

By contrast, indices such as Banzhaf or Deegan-Packel were originally developed for analyzing
voting power in binary decision games. These indices lack some of the essential properties required
for fair utility sharing in diverse, open-ended teams, such as full reward allocation and responsiveness
to marginal contributions [4]. Importantly, adopting such indices would fundamentally deviate from
our motivation, which is to ensure fair and principled attribution of value among self-interested agents
in open cooperative environments. Using these indices in our context risks misrepresenting each
agent’s contribution and compromising the core fairness objective that our work is grounded upon.

To illustrate this point concretely, we integrate the Banzhaf value into our framework for testing. The
results align perfectly with theoretical expectations:

In the Escape Room task, where agent roles are simple and mutually critical, the Banzhaf value
performs adequately, yielding results similar to the Shapley value. This is consistent with its
theoretical nature of measuring criticality.

Table 9: Comparison of Banzhaf vs. Shapley in Escape Room Task
Metric LLM+Banzhaf LLM+SC (Shapley)

Average (Agent1) 4.54 4.5
Average (Agent2) 4.56 4.5
Median 4.5 4.5
Q1 4.5 4.3
Q3 5 4.8
Outlier (3,6) (3.5,5.5)

However, in the Raid Battle and ChatDEV scenarios, which are more complex and central to our
research, contributions are continuous and quantifiable. As predicted by theory, the Banzhaf value,
by ignoring the dynamics of marginal contributions, leads to demonstrably unfair allocations.

Table 10: Raid Battle (Level 2) Allocation Comparison
Agent Expected Actual (LLM+Banzhaf) Gap

Agent1 26.97% 28% +1.03%
Agent2 23.35% 30% +6.65%
Agent3 24.05% 28% +3.95%
Agent4 25.63% 14% -11.63%

Table 11: ChatDEV (ArtCanvas) Role Allocation Comparison
Role LLM+Banzhaf LLM+Shapley

Programmer 25% 35%
Code Reviewer 25% 25%
Chief Executive Officer 20% 5%
Chief Technology Officer 20% 10%
Chief Product Officer 5% 20%
Counselor 5% 5%
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Rationale for Final Decision:

• Reflects a balanced compromise among strong initial positions.

• Prioritizes measurable, ongoing contributions over enabling, one-time actions.

• Incorporates structured reasoning and evidence-based arguments from all parties.

This allocation fairly represents each role’s marginal contribution, respects individual negotiation
styles, and aligns with the team’s shared commitment to “revolutionize the digital world through
programming.”

1. Claims
Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?

Answer: [Yes]

Justification: Shapley-Coop integrates Shapley Chain-of-Thought—leveraging marginal
contributions as a principled basis for pricing—with structured negotiation protocols for
effective price matching, enabling LLM agents to coordinate through rational task-time
pricing and post-task reward redistribution.

Guidelines:

• The answer NA means that the abstract and introduction do not include the claims
made in the paper.

• The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A No or
NA answer to this question will not be perceived well by the reviewers.

• The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

• It is fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?

Answer: [Yes]

Justification: We discuss the limitations of our work in the Conclusion.

Guidelines:

• The answer NA means that the paper has no limitation while the answer No means that
the paper has limitations, but those are not discussed in the paper.

• The authors are encouraged to create a separate "Limitations" section in their paper.
• The paper should point out any strong assumptions and how robust the results are to

violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

• The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

• The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

• The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.

• If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.
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• While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.

3. Theory assumptions and proofs
Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?

Answer: [NA]

Justification: There is no theory assumptions in this work.

Guidelines:

• The answer NA means that the paper does not include theoretical results.
• All the theorems, formulas, and proofs in the paper should be numbered and cross-

referenced.
• All assumptions should be clearly stated or referenced in the statement of any theorems.
• The proofs can either appear in the main paper or the supplemental material, but if

they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

• Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

• Theorems and Lemmas that the proof relies upon should be properly referenced.

4. Experimental result reproducibility
Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?

Answer: [Yes]

Justification: Detailed information needed to reproduce the results are illustrated in Ap-
pendix.

Guidelines:

• The answer NA means that the paper does not include experiments.
• If the paper includes experiments, a No answer to this question will not be perceived

well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.

• If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.

• Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

• While NeurIPS does not require releasing code, the conference does require all submis-
sions to provide some reasonable avenue for reproducibility, which may depend on the
nature of the contribution. For example
(a) If the contribution is primarily a new algorithm, the paper should make it clear how

to reproduce that algorithm.
(b) If the contribution is primarily a new model architecture, the paper should describe

the architecture clearly and fully.
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(c) If the contribution is a new model (e.g., a large language model), then there should
either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code
Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?

Answer: [No]

Justification: Data and code are not included in the submission due to the time limit, we will
release our code in the future.

Guidelines:

• The answer NA means that paper does not include experiments requiring code.
• Please see the NeurIPS code and data submission guidelines (https://nips.cc/
public/guides/CodeSubmissionPolicy) for more details.

• While we encourage the release of code and data, we understand that this might not be
possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

• The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//nips.cc/public/guides/CodeSubmissionPolicy) for more details.

• The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

• The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

• At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

• Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLs to data and code is permitted.

6. Experimental setting/details
Question: Does the paper specify all the training and test details (e.g., data splits, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?

Answer: [Yes]

Justification: The paper specify all the training and test details in Appendix.

Guidelines:

• The answer NA means that the paper does not include experiments.
• The experimental setting should be presented in the core of the paper to a level of detail

that is necessary to appreciate the results and make sense of them.
• The full details can be provided either with the code, in appendix, or as supplemental

material.

7. Experiment statistical significance
Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?

Answer: [Yes]
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Justification: The paper report error bars in experiment.

Guidelines:

• The answer NA means that the paper does not include experiments.
• The authors should answer "Yes" if the results are accompanied by error bars, confi-

dence intervals, or statistical significance tests, at least for the experiments that support
the main claims of the paper.

• The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

• The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

• The assumptions made should be given (e.g., Normally distributed errors).
• It should be clear whether the error bar is the standard deviation or the standard error

of the mean.
• It is OK to report 1-sigma error bars, but one should state it. The authors should

preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

• For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g. negative
error rates).

• If error bars are reported in tables or plots, The authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.

8. Experiments compute resources
Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [Yes]

Justification: Compute resources are reported in Appendix.

Guidelines:

• The answer NA means that the paper does not include experiments.
• The paper should indicate the type of compute workers CPU or GPU, internal cluster,

or cloud provider, including relevant memory and storage.
• The paper should provide the amount of compute required for each of the individual

experimental runs as well as estimate the total compute.
• The paper should disclose whether the full research project required more compute

than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

9. Code of ethics
Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?

Answer: [Yes]

Justification: The research is conducted with the NeurIPS Code of Ethics.

Guidelines:

• The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.
• If the authors answer No, they should explain the special circumstances that require a

deviation from the Code of Ethics.
• The authors should make sure to preserve anonymity (e.g., if there is a special consid-

eration due to laws or regulations in their jurisdiction).

10. Broader impacts
Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?
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Answer: [NA]

Justification: There is no societal impact of the work performed.

Guidelines:

• The answer NA means that there is no societal impact of the work performed.
• If the authors answer NA or No, they should explain why their work has no societal

impact or why the paper does not address societal impact.
• Examples of negative societal impacts include potential malicious or unintended uses

(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.

• The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

• The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

• If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

11. Safeguards
Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pretrained language models,
image generators, or scraped datasets)?

Answer: [NA]

Justification: The paper poses no such risks.

Guidelines:

• The answer NA means that the paper poses no such risks.
• Released models that have a high risk for misuse or dual-use should be released with

necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

• Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

• We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

12. Licenses for existing assets
Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer: [Yes]

Justification: We cite the original papers or websites that produced the code package or
dataset.

Guidelines:

• The answer NA means that the paper does not use existing assets.
• The authors should cite the original paper that produced the code package or dataset.
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• The authors should state which version of the asset is used and, if possible, include a
URL.

• The name of the license (e.g., CC-BY 4.0) should be included for each asset.
• For scraped data from a particular source (e.g., website), the copyright and terms of

service of that source should be provided.
• If assets are released, the license, copyright information, and terms of use in the

package should be provided. For popular datasets, paperswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.

• For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.

• If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.

13. New assets
Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?

Answer: [NA]

Justification: The paper does not release new assets.

Guidelines:

• The answer NA means that the paper does not release new assets.
• Researchers should communicate the details of the dataset/code/model as part of their

submissions via structured templates. This includes details about training, license,
limitations, etc.

• The paper should discuss whether and how consent was obtained from people whose
asset is used.

• At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.

14. Crowdsourcing and research with human subjects
Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?

Answer: [NA]

Justification: The paper does not involve crowd sourcing nor research with human subjects.

Guidelines:

• The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

• Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

• According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

15. Institutional review board (IRB) approvals or equivalent for research with human
subjects
Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?

Answer: [NA]

Justification: The paper does not involve crowd sourcing nor research with human subjects.

Guidelines:
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• The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

• Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

• We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

• For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.

16. Declaration of LLM usage
Question: Does the paper describe the usage of LLMs if it is an important, original, or
non-standard component of the core methods in this research? Note that if the LLM is used
only for writing, editing, or formatting purposes and does not impact the core methodology,
scientific rigorousness, or originality of the research, declaration is not required.
Answer: [Yes]
Justification: The paper describes the usage of LLMs.
Guidelines:

• The answer NA means that the core method development in this research does not
involve LLMs as any important, original, or non-standard components.

• Please refer to our LLM policy (https://neurips.cc/Conferences/2025/LLM)
for what should or should not be described.
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