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Abstract

In social dilemmas, individuals would be better off cooperating but fail to do so
due to conflicting interests that discourage cooperation. Existing work on social
dilemmas in Al has focused on standard agent design paradigms, most recently
in the context of multi-agent reinforcement learning (MARL). However, with the
rise of large language models (LLMs), a new design paradigm for Al systems
has started to emerge—generative agents, in which actions performed by agents
are chosen by prompting LLMs. This paradigm has seen recent success, such as
Voyager, a highly capable Minecraft agent. In this work, we perform an initial
study of outcomes that arise when deploying generative agents in social dilemmas.
To do this, we build a multi-agent Voyager framework with a contracting and
judgement mechanism based on formal contracting, which has been effective
in mitigating social dilemmas in MARL. We then construct social dilemmas in
Minecraft as the testbed for our open-source framework. Finally, we conduct
preliminary experiments using our framework to provide evidence that contracting
helps improve outcomes for generative agents in social dilemmas.

1 Introduction

In this paper, we consider the design of generative agents that can overcome social dilemmas in
multi-agent settings. Multi-agent interactions with automatic decision makers are complex, hard

Figure 1: In our work, we experiment with different social dilemmas in Minecraft with generative
agents. We demonstrate that Voyager agents can be sensitive to contracts that govern their behavior
and overcome social dilemmas. Left: The Melting-Pot Cleanup domain [1]] Right: A Minecraft
implementation of the Melting-Pot Cleanup domain.
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Figure 2: The Multi-Agent Voyager Contracting framework consists of three components: 1) contract
negotiation, 2) contract judgement, and 3) the Voyager iterative prompting mechanism. We modify
the original Voyager agent by removing the Automatic Curriculum and Skill Library and introducing
components 1 and 2. This framework enables agents to reach contractual agreements and iteratively
adapt a policy to maximize reward with self and judge feedback.

to predict, and can cause harm. For example, the flash crash of 2010 involved relatively simple
agents whose interaction led to the largest intraday collapse in Dow Jones history. Despite this, as
Al cognitive abilities continue to grow and scale to more complex tasks, we expect to see more Al
agents in decision-making roles that interact with each other.

At the same time, these agents may be selfishly motivated. Individuals and institutions, powered
by developments in foundation models, may find ways to incentivize agents to aggressively pursue
profit motives at the expense of social goods. For this reason, it has been of keen interest to the
multi-agent systems community to study social dilemmas: domains where agents would be better
off cooperating but fail to do so due to conflicting interests that discourage cooperation. The human
faculty to coordinate and overcome social dilemmas is a key feature of our cognitive abilities. As we
build and deploy more Al agents, it is important that they have the ability to cooperate with humans
and other agents in their environment.

A number of approaches have been proposed for mitigating social dilemmas arising in MARL
systems [[10} [7, 8} [12} [3]]. One particularly promising approach allows agents to optionally enter into
contracts with each other to disincentivize antisocial behavior among the agents [3].

We extend this work to the domain of generative agents, in which language models, prompted with
a context and objective, respond with actions to achieve that objective [13}/4]. A notable example
in this paradigm is Voyager, a generative agent in Minecraft [13]. These generative agents are
considerably different from traditional RL agents because they have no reward function to optimize.
Rather, their goals are loosely specified by a prompt, making it challenging to directly modify them
compared to typical MARL approaches [7 18]

We demonstrate that generative agents can leverage their language faculty to write, interpret, and
adapt their behavior to natural language contracts in order to mitigate social dilemmas in a Minecraft
environment. Figure[T|shows a visual comparison between the Cleanup environment, a social dilemma
from the Melting Pot suite [7], and our Minecraft-based implementation of it.

In this paper, we make the following contributions:

* We extend the Voyager framework to support multiple separate generative agents in a common
Minecraft game and open-source the codebase.

* We construct social dilemmas in Minecraft between Voyager agents to facilitate the study of
multi-agent coordination in complex domains;

* We demonstrate that Voyager agents can generate and respond to contracts in a way that
overcomes social dilemmas, leading to better outcomes for all agents.
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2 Background
2.1 Sequential Social Dilemmas

Sequential social dilemmas (SSD) arise when self-interested agents interact in a shared, sequen-
tial decision-making problem with conflicting individual and collective incentives [[10, [1]]. Social
dilemmas expose tensions between collective and individual rationality [10]].

Formally, a sequential social dilemma is defined as a Markov game, described by the tuple
(N;S;A;R;T; ; ) where N is the number of agents, S the state space, A the joint action space,
definedasA = A; A, : Ap.Thereward functionR:S A S I RV computes N rewards

probability of reaching state S’ after taking joint action a = [a;; @2; :::; @,,] in state S. Finally, (Sp)
and are the initial state distribution and discount factor respectively. While an individual agent’s
objective is to maximize its own reward, collective rationality is concerned with maximizing social
welfare, which is defined as the collective sum of rewards of all agents.

Early works studying SSDs found that independently trained RL agents generally converge to sub-
optimal, low-welfare solutions [10} [12]. Building on these works, recent works have explored
methods that can induce cooperation in SSD domains [7} I8, 5. Among these methods, a recent
approach proposed by Christoffersen et al. [3] has achieved promising results by augmenting agents
with the ability to negotiate and form binding contracts to incentivize welfare-oriented behavior.

A contract is a function  : (S A) ¥ RY whose range consists of zero-sum vectors. That is,
N
>, (SiA)=0 )

i=1

where S is the state and A is the joint action. Informally, a contract is a function that defines a
zero-sum transfer of rewards between agents that depends on the state and joint action. At the start of
an episode, a designated agent proposes a contract  and the other N 1 agents decide whether
or not to accept the contract. If the contact  is accepted by all agents, the agents play the new
contract-augmented game where their rewards are computed as

R=R+ (S;A) @
where R is the original environment reward.

However, if the contract is rejected by at least one agent, the agents play the original game with
no modifications. In this work, we apply this form of contracting as a zero-sum reward transfer to
mitigate social dilemmas among generative agents as detailed in Section [3.3.1]

2.2 Voyager

Voyager [[13]] is an LLM-powered generative agent that has achieved significant gains over con-
ventional RL agents in Minecraft. Notably, it achieved these gains despite having only blackbox
interactions with GPT-4 and without any explicit gradient-based training. Voyager’s architecture
has three fundamental components: 1) an automatic curriculum to incentivize exploration; 2) a skill
library for storing and retrieving complex behaviors; and 3) an iterative prompting mechanism that
incorporates environment feedback and execution errors for policy improvement. Each of these
components is performed by a seperate sub-agent: a curriculum, skill, action and critic agent.

In this work, we expand Voyager to encompass multi-agent scenarios within the Minecraft environ-
ment. Specifically, we investigate the interactions of multiple Voyager agents in custom-designed
multi-agent social dilemma environments within the Minecraft landscape, as detailed in Section 3]
Finally, we do not make use of the automatic curriculum or skill library (i.e. the curriculum and skill
sub-agents) of the original Voyager agent as they are not essential for our constructed dilemmas.
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3 Methods

In this section, we first describe the extended Voyager framework that can support multiple agents.
Then, we detail the two multi-agent environments that we constructed to study social dilemmas in
Minecraft. Finally, we propose a multi-agent Voyager framework with a contracting and judgement
mechanism inspired by formal contracting [3l]. The complete framework is illustrated in Figure

3.1 Multi-Agent Voyager

We begin by extending Voyager into a multi-agent setting. Two instances of Voyager (Gizmo and
Glitch) are placed into the Minecraft world. Additionally, a third instance of Voyager (Judy) that
judges whether or not a contract has been violated is placed into the Minecraft world as well.

The multi-agent framework runs the Voyager agents in parallel and synchronizes all sub-agents so
that policies are executed at the same time during episodes. In each episode, the Voyager agents are
prompted twice. First, an action sub-agent is prompted to generate a policy to execute in the world.
The policy is run in the environment and observations are returned back to a critic sub-agent. The
critic reviews the observations from the episode and then returns a self-critique, which may consist of
feedback about how to improve the policy, observed by the action sub-agent during the next iteration.

Helpful instructions are provided to the action sub-agent for code generation including descriptions
of how to use API functions. The policy is written by the LLM in JavaScript code with an interface
to the Mineflayer library, a Minecraft API which provides useful primitives such as FindBlock ()
and MineBlock (). Additionally, we construct two useful primitives for in-episode communication:

waitSignal: Run a function and then sleep until a signal is sent from the other agent.
sendSignal: Sends a signal to an agent who is using waitSignal.

These primitives enable agents to engage in coordinated strategies. For example, agents may use
them to take turns with a pickaxe, or to wait for the other player to finish some task before beginning
a second task.

3.2 Minecraft Social Dilemmas

We now construct two social dilemmas in Minecraft, the Double-Vein and Cleanup Domains,
shown in Figure [3] Social dilemmas in Minecraft are initialized using chat commands and custom
Voyager code. Both are used to manage blocks, inventories, and agent locations as well as control the
flow of the social dilemma, updating the world at fixed intervals.

Double-Vein Domain In this domain, Gizmo and Glitch must mine iron and diamond ore from two
closeby veins of six diamond ore and twelve iron ore. Players are given the objective of maximizing
emerald value, where diamond and iron ore is worth equal amounts (4 emeralds each) for Gizmo and
different amounts for Glitch (5 and 3 emeralds for diamond and iron respectively). At initialization, a
nearby chest containing a stone and iron pickaxe is placed in the environment. However, the stone
pickaxe may only mine iron ore while the iron pickaxe may mine both ore types. In this setup
the socially optimal distribution is all iron to Gizmo and all diamond to Glitch. However, players’
incentives to greedily mine all available resources leads to socially sub-optimal distribution of ore.

Cleanup Domain This domain is a Minecraft implementation of Cleanup, a public-goods social
dilemma from the Melting Pot suite [7]. Gizmo and Glitch get reward for collecting mushrooms.
However, mushrooms only respawn if slime blocks are cleaned from a nearby river. Specifically,
mushroom blocks only regrow if the number of slime in the river is at or below a threshold of 7. Slime
respawns at a quick rate, so keeping the river clean requires constant attention by the agents. There
are three giant mushrooms each containing 9 red mushroom blocks. Harvesting a red mushroom
block yields O to 2 (usually 0) red mushrooms, worth 3 emeralds each. The river will be quickly
repolluted after slime is removed. Agents must optimize between cleaning the river and consuming
mushrooms. If the agents focus solely on collecting mushrooms for individual gain and neglect
cleaning the river, mushrooms won’t regrow, leading to diminished rewards for everyone.
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3.3 Contracting and Judgement

Finally, we introduce the framework, illustrated in Figure 2] that allows generative agents to form,
follow, and judge contracts in order to mitigate social dilemmas. Our framework consists of three
chronological steps: (1) contract negotiation between Gizmo and Glitch, (2) a modified iterative
prompting mechanism derived from the original Voyager agent for policy improvement, and (3)
contract judgement by Judy to transfer rewards between Gizmo and Glitch.

3.3.1 Contract Negotiation

Contract negotiation occurs between the two Voyager agents (each with their own LLM) over Kk
rounds. We augment Voyager agents with a negotiator sub-agent in addition to the existing action
and critic sub-agents. In each round, the negotiator generates a message to the other agent. Agents
may respond by either choosing to accept the contract proposed by the other agent or propose a
new contract. If the agent chooses to accept the contract, then the special string [accept] must be
included in its message. Additionally, the agent also generates a hidden thought that cannot be seen
by the other agent. If an agent issues an accept during the i™" round, contract negotiation concludes
and the last contract proposal from the (i 1)™ round is selected. However, if no agent has issued
an accept after the k™ round, contract negotation fails. A sample contract negotiation is shown in

Figure[12]
The LLMs are prompted at the start of each round of negotiation in natural language with four
variables:

1. An objective which for all scenarios was chosen to be a point maximization task in units of
emeralds, the standard currency of Minecraft.

2. A context providing relevant details about the scenario (e.g. resource types and counts, mecha-
nisms not native to Minecraft)

3. Negotiation instructions offering specification of response formatting as well as recommenda-
tions about contract proposal. Agents are told to be self-interested.

4. Negotiation history of previous messages excluding hidden thoughts of the other negotiator.

The negotiator prompt is shown in Figure[T4] Following work by Christoffersen et al. [3]], contracts
specify some  reward function augmentation equivalent to a set of conditional emerald value
transfers between the agents. In this work,  is enforced by Judy as discussed in Section [3.3.3]
Unlike formal contracts, Voyager contracts are written in natural language and include coordination
strategies beyond the emerald transfer—for example, assigning agents to tasks or taking turns.
Additionally, contracts are prompted to be specific and refer to agents in third person.

3.3.2 Iterative Policy Updating

The iterative prompting mechanism of Voyager prompts an action sub-agent to write a policy in
JavaScript. The prompt consists of the task description, error messages, chat logs, inventory, and
self-critique (generated by the critic sub-agent) from the previous iteration. We modify the iterative
prompt mechanism of Voyager by augmenting the prompts with the scenario description, contract,
inventory of the other agent agent, and Judy’s critique. Agents are instructed to achieve the task while
following the contract.

3.3.3 Contract Judgement

Contracts are enforced by Judy who determines a reward transfer in units of emeralds. The judgement
occurs at at the end of each episode. The emerald transfer decided by Judy is used to modify the
end-of-episode rewards that agents get, redistributing emeralds depending on what actions were
actually taken in an episode. Judy is provided with several variables:

1. The contract determined from the negotiation phase.

2. Episode observables from the previous episode which include chat log, tasks, inventories, and
contract.

3. Judgement instructions to assign emerald payouts based on the contract and episode ob-
servables, as well as a few-shot prompting of judgements based on example contracts and
observables. Additionally, instructions to ignore any part of the contract which is not explicitly
enforced by an emerald transfer.
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