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Abstract

As interactions between AI agents increase, ensuring cooperation is crucial, partic-
ularly in social dilemmas where self-interest leads to suboptimal outcomes. We
propose a framework enabling large language model (LLM) agents to negotiate and
utilize structured, natural language contracts, inspired by real-world agreements, as
a mechanism for alignment. We define essential contract elements and a negotiation
protocol, allowing LLM agents to cooperate under a modular structure which can
be modified to permit or disallow certain behaviours. We show experimentally
that LLM agents readily adopt and adhere to these negotiated contracts in games
like the Prisoner’s Dilemma and a novel ‘Cash Grab’ scenario, significantly im-
proving collective outcomes compared to non-contracted interactions. Notably,
the contracting algorithm closes the gap in performance between the reasoning
and non-reasoning models tested, suggesting contracts are an effective way to
precompute and store knowledge about optimal cooperative strategies in a social
dilemma while simultaneously aligning the agents through their own self-interest.

1 Introduction

The increasing integration of AI agents into automated decision-making systems will result in many
more agent-agent interactions between organizations, businesses, and individuals. This presents novel
challenges in ensuring stable and beneficial outcomes between self-interested agents with complex
motivations [1]. While cooperative AI is a fast growing field [2, 3, 4], there remains a critical gap
in developing architecture-agnostic frameworks for cooperation, particularly in scenarios where
universal cooperation cannot be guaranteed due to varying agent motivations, trustworthiness, and
capabilities. One such class of scenarios is the social dilemma, where self-interested action invariably
leads to a suboptimal, and often harmful, equilibrium. This class of scenarios has been extensively
studied in recent literature, but a general solution remains elusive [5, 6, 7, 8, 9].

In real-world scenarios, people often form agreements, or contracts, to help ensure non-conflicting
behaviour and a mutually beneficial arrangement. There is a rich history behind contracting, with
dated uses as far back as the Roman Empire, whose scholars defined a formal framework for
transactional interaction [10, 11]. We define a contract as a set of terms that govern the actions of the
involved agents, possibly invoking a penalty or some sort of reward transfer under specific conditions.
The main uses of contracts are to discourage certain behaviour, or ensure that a particular task or
formation will be achieved. Generally, contracts are formed by modifying an existing basis depending
on the type of agreement, therefore a crucial part of contract utilization is in negotiation, when the
exact terms are decided. However, classical AI agents are not able to engage in this to any meaningful
degree due to the limitations in their capabilities.

Negotiation-free contracting [12] utilizes action-specific reward transfer to discourage exploitative
actions and maximize collective welfare. The contracts are necessarily pre-generated, essentially
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(a) Overall algorithm structure. (b) Contracted versus non-contracted decision making.

Figure 1: Diagrams showing process and structure; the star represents a complex decision point.

leading to a vote on which contract to use. This heavily limits the applicability of the mechanisms
due to the labour required to ensure a rich enough space of contracts is available to get a good result.

The recent advent of large language model (LLM) agents [13, 14, 15] imbues these actors with the
ability to communicate in natural language, which presents an opportunity to form a real negotiation
system to help agents solve social dilemmas and other mixed-motive cooperative problems. Instead
of relying on pre-generated contracts, the agents may now form bespoke agreements by drawing
on contracting best practices, similar to how society uses contracts. In this work, we posit that a
contracting structure with negotiation can be efficiently used for multi-agent LLM alignment and
investigate this using a variety of social dilemmas where selfish action results in suboptimal outcomes.

First, we formally define contracting as a means of LLM alignment in mixed motive scenarios,
studying emergent cooperative behaviour in the presence of various contract designs and enforcement
structures. We also provide a treatment of optimal contract structure by analyzing successful, high-
stakes contracts, and distilling them into several key sections. To test these ideas, we use the
ubiquitous Prisoner’s Dilemma [16] and formulate a novel ’Cash Grab’ game, rewarding several
levels of cooperation.

In summary, the contributions of our work are as follows:

• We provide a baseline contracting framework based on international agreements, detailing
necessary and optimal contract elements for cooperation

• We design a novel game testing multiple levels of cooperative organization

• We show LLM agents will utilize properly structured contracts in two social dilemma games.

2 Related Work

Contracting in Reinforcement Learning: Haupt et al. [12] develop the idea of contracting in multi-
agent reinforcement learning as unconditional reward transfer attached to certain actions, for example
defecting in the Prisoner’s Dilemma causing the defector to transfer reward to the non-defector. This
mechanism successfully shifts the Nash equilibrium, but requires pre-formed contracts. Haupt et
al. present a sampling-based method for forming these contracts, relying on repeated sampling to
eventually generate one that is good enough. Thus, a main result of their work is that the bolstering
of this contract space greatly increases collective welfare. We posit that this gain can be realized by
removing the stochasticity from the process and adding bespoke contracts.

In contract formation more broadly, Hadfield-Menell and Hadfield [17] investigate the parallels
between alignment and contracting in economics, showing that the reward misspecification and
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Figure 2: Necessary contract structure elements for proper alignment

incomplete contracting problems are highly equivalent. We extend this line of thought to LLM agents
and investigate how contracts can be used to align them.

LLM Agent Contracting: The work of Yocum et al. [18] extends contracting to LLM agents using
Minecraft. This work allows for dynamically constructed contracts, which successfully increase the
overall welfare and equality of the system, but considers only two player games with simple social
dilemmas, and also requires a third party to help moderate the contract negotiation. This is a strong
limitation as a more powerful third party is not always available, and often real-world scenarios deal
with agreements between individuals of equal standing in isolation. The social dilemmas investigated
also do not provide a high level of granularity, with mainly asymmetric capabilities and a common
ground, cooperation is shallower and often reduces to tit-for-tat. We extend this work by investigating
social dilemmas without third parties and with several different solution modes, requiring reasoning
beyond a balance of numbers.

LLM Agent Cooperation: Willis et al. [2] use LLM agents in a repeated Prisoner’s Dilemma scenario,
focusing on observing emergent cooperative strategies over the evolution of these agents through
many iterations. This study focuses on a tournament-style scenario, similar to genetic evolution,
and studies successful strategies without external mechanisms. Here, agents are competing less for
their overall welfare, and more to outcompete the others by selectively cooperating. This scenario
focuses highly on careful competition to evolve and find the best agents, but this is often unrealistic
as most practical mixed-motive scenarios are not life-or-death. Han et al. [1] generally investigate
the use of LLM agents in multi-agent systems, pointing out challenges such as trustworthiness,
cooperation, and planning, and offering future directions. Other works [19, 20, 21] investigate
cooperation more broadly, testing the abilities of LLM agents in generic cooperative scenarios to
mixed results. In mechanism design, there has been some success in gifting systems of agents
with collaboration opportunities [22]. We aim to synthesize these studied aspects of cooperation to
introduce a mechanism-like cooperative structure that can be generically applied to many of these
games.

3 Motivation

In this work, we address the problem of the undesirable behaviours that result from self-interested
agents acting in a social dilemma. We define a social dilemma as a setting where locally optimal
actions from the agents leads to a suboptimal equilibrium for each member of the group [23]. In
general, cooperation is required to solve a social dilemma, as the state that maximizes collective
welfare is often not an equilibrium and encourages defectors. One such example of a social dilemma is
the Prisoner’s Dilemma [16]. Each agent is incentivized to defect for any given game state, but indeed
the collective welfare is maximized for mutual cooperation. In the repeated case, self-interested play
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quickly leads to no rewards being gained by either party due to a mutual commitment being required
for the agents to break out of the all-defect equilibrium. We see this problem in other scenarios as
well, such as the public goods problem, where each agent is incentivized to exploit the public resource
rather than regulate their usage. This leads to an eventual depletion and collective bad outcome due
to the high overall consumption rate [24].

We break the social dilemma by allowing agents to coordinate to take mutual action through contracts.
Contracts for reinforcement learning agents have classically been sampled and remain fixed, requiring
large amounts of generation for even mildly different games [12]. We modify this algorithm by
allowing agents to form contracts more generally, utilizing the increased capabilities of LLM agents.
An overall representation of the algorithm can be found in Fig. 1a. First, we require a general contract
structure for a social dilemma, and then a way for agents to utilize the structure by communicating
with each other.

4 Formal Description

4.1 Formalism

We first define our social dilemma as an N -agent Fully Observable Markov Game (FOMG) as a
6-tuple, M = ⟨S, s0,A, T,R, γ⟩, where

• S is a state space;

• s0 ∈ S is the initial state;

• A = A1×A2× · · · ×An is the space of action profiles a = (a1, a2, . . . , an) for N agents;

• T : S ×A→ ∆(S) is a transition function;

• R : S × A → [−Rmax, Rmax]
n is a (bounded) reward function mapping state-action

profiles to reward vectors for the N agents [12]

4.2 Contract Structure

We define a general contract C by distilling several successful, internationally used contracts, such as
the UN-Interpol cooperation agreement [25, 26]. An example with the details removed can be found
in Fig. 2. The full template can be found in Sec. 8.1. We find the key elements are:

1. Synchronization Terms

2. Contracted Actions

3. Conditional Sharing

4. Disallowed Actions

5. Commitment

Each portion of the contract represents the minimum required to allow for a complete framing and
therefore successful LLM alignment. First, synchronization terms remove cross-agent knowledge
differences, similar to the definitions at the beginning of real-life contracts. This facilitates the
self-contained nature of the contract by removing the ambiguity from all contracted terms, clearly
defining the involved parties, and laying out the possible actions.

The defined actions can then be modified using three types of agreements:

1. action-turn-agent triples, dictating which agent performs what action on which turn

2. k zero-sum reward transfer augmentations θ, such that Σk
i=0θk = 0

3. contract breaking actions

The first type of augmentation makes up the ‘Contracted Actions‘ section: a formal tit-for-tat
agreement which generally imposes a round-robin turn structure on the unmodified game. Agents
take turns exploiting each other and the environment, and there is no need for further transfer assuming
a sufficiently high number of turns.
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The second type of augmentation is the ‘Conditional Sharing’ section, which takes the form of a
zero-sum reward transfer, similar to the current approach in literature [12]. This is a stronger form of
enforcement that supports maintaining a single-role configuration, with the possibility to split the
reward evenly at every turn by transferring reward from the exploiters to the exploited. All agents
in the game must agree to this contract, so there is no danger of malicious reward transfer. This
augmentation may also be used in combination with the ‘Contracted Actions’ for more complex
games.

The third augmentation defines ‘Disallowed Actions‘, or actions that breach the contract. There is an
implicit granularity between disallowed actions and contracted actions to leave room for decidedly
neutral or transitionary actions (such as moving). Disallowed actions purposefully work against the
agenda of the contract and imply the contract will no longer be upheld by the offending agent, so
compensation is usually not possible here.

Finally, a section of commitment keeps a written in-context reminder of the agents’ pledge to follow
the contract, and a reminder that at the time of contract formation this was a favourable agreement.

4.3 Algorithm

Using this distilled contract structure, we can define a pipeline involving negotiation before gameplay.
The overall algorithm can be found in Alg. 1, and visually in Fig. 1a. The algorithm has two
main phases: negotiation, and gameplay. In the negotiation phase, each agent proposes a contract
sequentially after viewing the conversation history. Each agent has an equal number of chances to
propose a contract. If the agent agrees with the most recently proposed contract, they may also choose
to accept it without proposing a new contract. All agents must agree to the contract in order for it to
pass. We operate on the assumption of welfare-maximizing behaviour, i.e. that each agent will only
agree to a contract if it benefits them.

After the negotiation phase is over, the interaction is summarized by an assisting LLM using the
fixed contract structure from Fig. 2. This summary contract is given to each agent with the game’s
description to start the game.

4.4 Contracts as Alignment

Contracts provide an interpretable and cooperative way for agents to maximize their welfare while
maintaining a policy of self-interested action. The contracting mechanism greatly simplifies the
decision making process of the agent, shown in Fig. 1b. The contract represents a precomputed,
negotiated plan which is beneficial for all involved agents, so a contracted agent may rely on this to
remove the vast majority of the decision making process. A regular agent must consider many factors
about the environment, other agents, and possible ways to maximize their own benefits. Due to the
problem of framing, there may be many candidate solutions giving equal selfish benefit, but drastically
altering the benefits of others, which remain a threat to the uncontracted model’s cooperation, but are
reduced in likelihood in the contracted scenario.

In addition, desirable and undesirable traits can be directly encoded into the generic contract structure,
which contains no game-specific information. These factors combined greatly decrease the likelihood
of the model pursuing harmful or uncooperative behaviour in social dilemma-type scenarios.

5 Experiments

5.1 Experimental Scenarios

We use two social dilemmas to test our framework - the Prisoner’s Dilemma, shown in Table 1, and
Cash Grab, shown in Table 2. The Prisoner’s Dilemma is a 2-player game that tests basic cooperation
for mutual gain, with a rich history behind its many solutions [16]. Cash Grab is a novel 3-player
game; agents can benefit by grabbing cash in pairs or alone; this requires more complex reasoning to
correctly choose the better of the two organizational solutions. Both scenarios were encoded into
PettingZoo [27] with a basic LLM agent implementation.
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Algorithm 1 LLM Agent Negotiation and Gameplay

Require: Game Description Gdesc, Contract Structure Cstruct, Number of Agents N , Max Negotia-
tion Turns Tneg , Max Game Steps Tgame

1: Initialize LLM Agents A = {A0, A1, . . . , AN−1}
2: Initialize Summarizer S
3: Initialize Game Environment E
4: procedure NEGOTIATE(Gdesc, Cstruct, A, S, Tneg)
5: History ← ∅ ▷ Initialize negotiation history
6: turn← 0
7: agreement← false
8: while turn < Tneg and not agreement do
9: i← turn (mod N) ▷ Current agent index

10: Agenti ← A[i]
11: Proposal← Agenti.P ropose(Gdesc, Cstruct, History)
12: History ← History ∪ {Proposal}
13: agreement← CheckAgreement(History) ▷ Check if consensus reached
14: turn← turn+ 1
15: end while
16: FinalContract← Summarize(History, Cstruct)
17: return FinalContract
18: end procedure
19: procedure PLAYGAME(Contract,Gdesc, A,E, Tgame)
20: GameState← Reset(Gdesc) ▷ Initialize game state
21: step← 0
22: gameOver ← false
23: while step < Tgame and not gameOver do
24: Actions← {} ▷ Store actions for the current step
25: for i← 0 to N − 1 do
26: Agenti ← A[i]
27: Observationi ← GetObservation(GameState,Agenti)
28: Actioni ← Agenti.Act(Observationi, Contract,Gdesc)
29: Actions[i]← Actioni

30: end for
31: GameStatenew, Rewards, gameOver, Info← Step(Actions)
32: GameState← GameStatenew
33: step← step+ 1
34: end while
35: return Final Game Outcome (e.g., scores)
36: end procedure

Player 1
Defect (0) Cooperate (1)

Player 0 Defect (0) (0, 0) (2, -1)
Cooperate (1) (-1, 2) (1, 1)

Table 1: Payoff Matrix for the 2-Player Prisoner’s Dilemma.

5.2 Experimental Setup

We use two large language models due to budget constraints: Gemini Flash 2.0 and Gemini Flash 2.0
Thinking [28]. We choose these purposefully to compare the effect of contracts between reasoning
and non-reasoning models. Each game is run for 10 iterations and an accompanying a negotiation
phase lasting 3 iterations. The overall metric for evaluation is collective welfare, defined as the sum
of all of the agents’ rewards. We also collect data on contract utilization, or how often the agents were
able to come to an agreement in a given scenario. The agents were run with temperature T < 0.01 in
all cases (close to deterministic), but results are taken over three runs for completeness.
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Joint Action Reward Vector Outcome Description
(P0, P1, P2) (R0, R1, R2)

Wait, Wait, Wait (0, 0, 0) (0, 0, 0) No takers (resource remains/lost)
Take, Wait, Wait (1, 0, 0) (3, 0, 0) P0 takes solo
Wait, Take, Wait (0, 1, 0) (0, 3, 0) P1 takes solo
Wait, Wait, Take (0, 0, 1) (0, 0, 3) P2 takes solo
Take, Take, Wait (1, 1, 0) (2, 2, 0) P0 & P1 take as pair
Take, Wait, Take (1, 0, 1) (2, 0, 2) P0 & P2 take as pair
Wait, Take, Take (0, 1, 1) (0, 2, 2) P1 & P2 take as pair
Take, Take, Take (1, 1, 1) (0, 0, 0) All take (fumble, resource lost)

Table 2: Reward Structure for the 3-Player Cash Grab Game.

Figure 3: Results from the Prisoner’s Dilemma with thinking and contracting variants.

5.3 Results

The results for the Prisoner’s Dilemma can be found in Fig. 3. The Prisoner’s Dilemma is a fairly
easy game with a rich literature detailing optimal strategies [16], so it is expected that the models will
perform well. We find that the thinking models solve the game regardless, but the standard models
require the contract to reach a cooperative equilibrium. In all cases where the model broke out of the
all-defect equilibrium, the maximum collective welfare of 20 was achieved.

The results for Cash Grab can be found in Fig. 4. Cash Grab is a more generic game made without any
particular established game in mind. The optimal strategy is to take turns taking cash in pairs, as this
results in 4 points per turn for an overall maximum collective welfare of 40. The easier, less optimal
strategy is to go one-by-one, which results in 3 points per turn and an end collective welfare of 30. We
find that without a contract, all models struggle to break away from the Nash equilibrium of all-take.
However, given enough time, the reasoning model eventually converges upon turn taking as a strategy.
Both contracted scenarios cooperate immediately, although with some pauses in cooperation, likely
due to randomness/temperature. From the data, we can see that the contracting agents converged
on the simpler 3 points per turn strategy, resulting in collective welfares from 25-30. The deviation
clauses can also be seen at the points where cooperation is paused temporarily.

5.4 Metrics

In all cases where the contract was available, the agents came to an agreement, corresponding to
100% utilization rate. In addition, the contracted scenario always returned at least the collective
welfare of the non-contracted scenario for these social dilemmas, as shown in Figs. 4 and 3.
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Figure 4: Results from Cash Grab with thinking and contracting variants.

6 Limitations & Future Work

One scenario that this algorithm performs poorly in is when N is large. The negotiation phase
is structured so that each agent has an equal ‘voice’, however, this is extremely computationally
expensive when scaling to realistic numbers of agents (N > 100) for more significant social dilemmas.
A possible fix for this is to have designated proposers, although this promotes inequality due to the
power imbalance. Another possible direction to explore is similar to liquid democracy [29], where
agents could transfer their proposal rights to a similarly aligned agent, but this may give way to
deceptive and exploitative tactics.

A large limitation of this algorithm is that there is no formal way to verify contract adherence and
fulfillment; the actual enactment of the contract is left up to the agents entirely due to the lack of
a powerful third party. One way that this could be mitigated is by using a judiciary LLM that will
report on the state of the contract and handle punishments.

In future work, we will investigate evaluating contract fulfillment and adherence using a third verifier
LLM, as well as adding in some ‘poisoned’ clauses into the example contract structure to test
LLM contract formation robustness. Mathematically grounding this work using a formal language
(linear temporal logic for example) to principally show guarantees from contract structure is also an
interesting future direction. These directions were not explored in this work due to time limitations.

7 Conclusions

In this work, we investigated large language model agent cooperation in mixed-motive scenarios
through formal contracts, including a negotiation scheme and a treatment on the structure of optimal
contracts based on the formulation of a fully observable Markov game. We tested this algorithm on the
Prisoner’s Dilemma and Cash Grab, two social dilemmas with varying levels of reward for breaking
the social dilemma in different ways. We found that in both reasoning and non-reasoning models,
giving agents the ability to form structured contracts each other greatly improved the collective
welfare in harder games, and maintained it in easier games. Utilization rate of these contracts was
also 100% in all cases where it was available. We conclude that structured contracts are a viable form
of large language model alignment, and show that providing a carefully tuned generic template is
enough to encourage cooperative behaviours when self-interested agents interact.
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8 Appendix

8.1 Contract Template

Generalized Contract Template for Social Dilemma Games

This document outlines the structure and permissible elements for contracts negotiated between par-
ticipants before playing a social dilemma game. Contracts aim to facilitate coordination, cooperation,
or strategic play to achieve desired outcomes within the game’s rules.

**Preamble:**

* **Game:** [Specify the Name of the Game, e.g., "Take the Prize", "3-Player Blame Game",
"Iterated Prisoner’s Dilemma"]

* **Participants:** [List the agents involved, e.g., "Player 0, Player 1, Player 2", "Agent A, Agent
B"]

* **Game Duration:** [Specify the number of rounds/turns, e.g., "10 rounds", "5 turns"]

* **Objective:** Briefly state the shared or individual goal (e.g., "Maximize individual cumulative
score", "Maximize total group score", "Achieve a stable pattern of interaction").

**Core Contract Sections:**

**1. Definitions (Optional but Recommended):** * Clearly define any shorthand used for actions
(e.g., "’Take’ refers to Action 1", "’Wait’ refers to Action 0", "’Cooperate’ refers to Action X",
"’Defect’ refers to Action Y").

* Define key game states or outcomes relevant to the contract (e.g., "’Successful Coordination’ means
exactly two players chose ’Take’", "’Mutual Cooperation’ means all players chose ’Cooperate’").

**2. Strategy Agreements:** * *Purpose:* Detail the agreed-upon plan for choosing actions during
the game.

* *Scope:* Can cover all rounds or specific rounds/conditions.

* *Basis:* Agreements must be based on available actions, game rounds, observed information (e.g.,
previous actions of others, own rewards), or predefined signals (if allowed by the environment).

* *Examples of Allowed Strategy Structures:*

* **Unconditional Strategies:** "All participants agree to always choose Action [X] in every round."

* **Turn-Based Strategies:** "Participant A will choose Action [X] in odd rounds, Participant B will
choose Action [X] in even rounds. Other participants will choose Action [Y] unless it’s their turn."
(e.g., for turn-taking)

* **Conditional Strategies (History-Based):** "If Participant A chose Action [Y] in the previous
round, all other participants will choose Action [Z] in the current round." (e.g., Tit-for-Tat variants,
punishment)

* **Conditional Strategies (Outcome-Based):** "If the group outcome in the previous round was
[Specific Undesirable Outcome, e.g., all defecting, zero reward], all participants will switch to Action
[X] for the next round."

* **Role-Based Strategies:** "Participant A agrees to consistently choose Action [X] (e.g., the
’scapegoat’ or ’mitigator’ role), while Participants B and C choose Action [Y]."

* **Statements of Intent:** "We collectively aim to achieve [Desired Outcome, e.g., maximize total
group score] by coordinating our actions according to the following principles..."

**3. Conditional Reward/Outcome Sharing Agreements (Optional):**

* *Purpose:* To agree on how the rewards *earned within the game* might be redistributed or
acknowledged among participants *after* the game episode (or potentially during, if the environment
supports transfers). This cannot create new rewards.

* *Basis:* Sharing can be conditional on actions taken, outcomes achieved, or relative scores.
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* *Examples of Allowed Sharing Agreements:*

* **Equalization:** "After the final round, participants agree to notionally redistribute earned rewards
such that everyone ends with a score as close to the average score as possible." (Requires calculating
total earned rewards and dividing).

* **Compensation for Roles:** "If Participant A successfully fulfills the agreed-upon role of [e.g.,
’lone cooperator’, ’designated taker’] in a round where it benefits others according to the game rules,
Participants B and C agree to notionally transfer X% of their *earned* reward from that round to
Participant A."

* **Bonus for Adherence:** "If all participants adhere to the Strategy Agreement in Section 2 for all
rounds, they agree to acknowledge this mutual success (potentially through a symbolic division of
points if rewards are positive and divisible)."

* **Contingency Sharing:** "If the group fails to achieve [Target Outcome] due to a deviation by
one participant, that participant notionally forfeits a portion of their earned reward to the others."

**4. Negotiation/Communication Protocol (During Contract Phase Only):**

* *Purpose:* To structure the negotiation process itself.

* *Examples:* "Participant A proposes first.", "Agreement requires unanimous consent using keyword
’CONFIRMED’.", "Maximum 3 rounds of counter-proposals."

**Disallowed Contract Elements:**

* **Reward/Penalty Creation:** Contracts *cannot* invent new rewards or penalties or alter the
game’s fundamental reward structure. No promising external points, threatening external punishments,
or changing the value of game outcomes.

* **Changing Game Rules:** Contracts *cannot* modify core game mechanics (number of players,
available actions, rules for scoring, number of rounds, information structure).

* **External Factors:** Contracts *cannot* involve promises, threats, or conditions unrelated to the
observable actions, outcomes, and rewards within the specified game.

* **Binding Future Games:** Contracts are generally assumed to apply only to the *current* game
episode unless explicitly stated and allowed by the overarching experimental setup.

**Contract Integrity and Interpretation:**

* **Focus on Game Objectives:** Contracts should aim to navigate the specific social dilemma
presented by the game (e.g., improving cooperation, enabling coordination, managing risk, ensuring
fairness).

* **Clarity and Feasibility:** Terms should be clear, unambiguous, and based on information and
actions available to the participants within the game. Participants (especially AI agents) must be able
to reasonably interpret and execute the agreed strategy.

* **Observability/Enforceability:** Conditions in the contract should ideally rely on mutually ob-
servable events within the game to allow participants to verify adherence. (Note: True "enforcement"
depends on agent capabilities and motivations; the contract primarily serves as a coordination device
and shared plan).

**Commitment Statement:**

* A statement where participants formally agree to the terms. Example: "We, the undersigned
participants, agree to adhere to the terms of this contract to the best of our abilities for the duration of
the game."

**Signatures:**

* [Participant 1 Name/Identifier]

* [Participant 2 Name/Identifier]

* [Participant 3 Name/Identifier]

* ...etc.
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