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ABSTRACT

We study zero-shot coordination (ZSC), where independently trained agents must
cooperate with unseen partners at test time. While ZSC is well studied for RL
agents, little is known about how LLM-based agents perform in this setting, de-
spite their growing real-world use. Prior work on LLM coordination relies on
specialised scaffolding that is unlikely to be adopted by independent agents and
tends to overfit narrow tasks (e.g., Overcooked) that are too complex to isolate
fundamental coordination abilities. In contrast, we study simple, generic scaffolds
in minimal environments from the zero-shot coordination literature. Our experi-
ments show that even in simplified settings, frontier LLM agents fail to coordinate
due to a limited understanding of the underlying coordination challenge and poor
reasoning about their partner’s behaviour. While LLMs enable the use of seman-
tic information for coordination, we find that agents fail to leverage it effectively.
Finally, we propose Coordination-friendly definitions (CFDs) as a principled way
to enable robust coordination among LLLM agents.

1 INTRODUCTION

Rapid advances in artificial intelligence have led to the widespread deployment of autonomous
agents in environments that require robust coordination with humans and other independently de-
veloped agents (Dafoe et al., 2020; Kirkham et al., 2025; Miiller & Zunié, 2024; Hu et al., 2021b).
While humans often readily adapt to novel partners by reasoning about the behaviour of others,
referred to as theory of mind (ToM) (Premack & Woodruff, 1978), autonomous agents struggle to
coordinate with one another (Hu et al., 2021b; Foerster, 2024). A classic real-world example is
that of autonomous driving, where vehicles developed independently by companies such as Waymo,
Tesla, and Wayve must coordinate during on-road interactions (Kirkham et al., 2025).

With the rapid adoption of LLM agents in real-world applications, coordination between indepen-
dently developed LLM agents is also becoming increasingly common. For example, in Al-assisted
development environments such as Cursor, coding agents powered by different LLM providers are
often used together to collaboratively generate code (Lin, 2026). Similar coordination settings also
arise in Al-based scientific discovery pipelines (Novikov et al., 2025), retrieval augmented gener-
ation (RAG) systems (Zhang et al., 2024d), and other multi-agent LLM workflows such as debate
and policy-making (Guo et al., 2024a), highlighting the growing importance of robust coordination
among independently developed LLM agents.

This problem is known as the Zero-shot coordination (ZSC) setting (Hu et al., 2021b): agents are
trained independently and evaluated together at test time without prior communication or re-training.
Although ZSC prohibits agents from sharing policies, it permits prior agreement on a game-agnostic
learning rule used during training. The central objective is therefore to identify learning rules that
encode general coordination principles applicable across a wide range of settings, while avoiding
common failure modes like arbitrary symmetry breaking.

ZSC literature has predominantly focused on the traditional reinforcement learning (RL) training
pipelines (Hu et al., 2021b;a; Muglich et al., 2025). More recently, however, the emergence of large
language models (LLMs) has given rise to a new class of autonomous agents (Miiller & Zuni&, 2024;
Ning et al., 2025; Novikov et al., 2025) that differ substantially from traditional RL agents. LLM
agents offer a new axis for coordination by leveraging the semantic descriptions of the environment,
a capability that has been difficult for traditional agents to exploit (Ma et al., 2023). As illustrated
in Figure 5, agents can use semantic labels (e.g., the red arrow) to coordinate actions and, further,
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Figure 1: Cat & Dog coordination game. (Left). Alice observes an animal (cat/dog). She can
either bail and end the game for a joint reward of 1, remove the wall for a cost of 5, or turn on the
light bulb for free. Bob observes the light bulb and the animal if the wall is removed. He can either
guess the animal (+10/-10) or bail for a reward of 0.5. (Right) XP of text agents in the variable LLM
setting with and without CFD. Each cell contains the average score across 10 episodes.

leverage in-context learning (ICL) to adapt rapidly to new tasks and partners. Despite this potential,
their behaviour in the ZSC setting remains largely unexplored.

In this work, we conduct an in-depth study of LLM-based agents in the zero-shot coordination
setting, beginning with a formalisation of two widely used scaffolds: text agents and code agents
within the ZSC framework. We then introduce a suite of cooperative environments (described in
Appendix C), inspired by prior work in ZSC (Foerster et al., 2019; Hu et al., 2021a; Lupu et al.,
2021; Hu et al., 2022), each designed to isolate a specific coordination challenge. We augment
these environments with text descriptions, or semantics, to support interaction with LLM agents.
Using this suite, we show that both classes of agents struggle to coordinate reliably even in simple
scenarios, driven in part by a weak understanding of the underlying coordination challenge and weak
ToM abilities, even when the partner is known to be an identical copy of itself. Next, we show that
environment semantics shape agent behaviour and they have a strong bias to use this information
for coordination. We show that, depending on the environment, this may benefit or harm agents,
motivating a rethinking of coordination for LLM agents relative to conventional RL agents.

Finally, drawing inspiration from the ZSC objective of a shared learning rule among coordinating
entities, we introduce the notion of a Coordination-friendly definition (CFD) that encodes general
coordination principles in natural language, and is shared among the agents. This closely parallels
Constitutional Al (CAl), where high-level rules and principles for safety and human oversight are
articulated in natural language as a “constitution” that model providers can share, promoting adher-
ence to a common set of overarching safety values (Bai et al., 2022; Huang et al., 2024). Finally, we
show that incorporating a CFD improves coordination for both text and code agents across multiple
environments, highlighting its potential to enable more robust coordination among LLM agents.

2 BACKGROUND AND NOTATION

Dec-POMDPs We focus on fully cooperative Markov games which can be represented in the
Decentralised Partially Observable Markov Decision Process (Dec-POMDP) framework (Bernstein
et al., 2002; Oliehoek & Amato, 2016). A Dec-POMDP M consists of M agents, a state space
S, action space A, per-agent observation spaces O;, transition function 7 : § x A — A(S),
discount factor v € [0, 1] and horizon T' € N, which represents the maximum length of an episode.
Additionally, agents share a common reward function r : Sx.A — A(R) that reflects the cooperative
nature of the task. Each agent observes the environment via its observation function, O; : § —
A (O;). The action space can be written as a product A = A; X - -+ X Ay, where A; corresponds
to agent ¢’s action space. The goal is to maximise the joint return J(7) = E, [ZtT:o v're]. A (joint)
policy 7 is an M-tuple of local policies 7; : H; — A(A;), where H; is the space of possible
action-observation histories (AOHs) of player i, each of the form 7/ = {o},ad, ..., at_;,0i}.!
Additionally, we assume access to natural language descriptions, or semantic features (Ma et al.,

'In general, the action space may depend on the AOH 7; we omit this dependence for ease of notation.
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Gemini 3 Pro (Alice)

There is no inherent reason to prefer one over the other, which

makes this risky. However, usually, ‘‘Action’’ (Light On) maps to
‘‘Option A’’ (Cat) and ‘‘No Action’’ (Light Off) maps to ‘‘Option
B’’ (Dog) . Let’s reconsider the remove_.wall option. A guaranteed 5
is very safe. But a potential 10 is much better. 1Is there a way to

be sure? No. But if I am an AI playing with another AI or a
rational player, we likely try to maximize the 10.

GPT-5.2 (Bob)

Alice deliberately turned the light on as a one-bit signal of which

animal is present. In a cooperative setting, the natural convention
is ‘‘light on = dog’’ (active warning/action), so I should guess dog
to try to secure the +10 joint reward.

\ J

Figure 2: Reasoning traces from a failed coordination in the Cat and Dog environment. Gem-
ini 3 Pro and GPT-5.2 independently arrive at incompatible strategies.

2023) D = (Dm, Dr,{DH, }icin) of the Dec-POMDP. Dpq € X is a description of the Dec-
POMDP, with ¥* noting all strings over a suitable finite alphabet 3. Dy, : H; — ¥X* and Dy :
[M] — X* are injective functions, describing each AOH 7; and role  in natural language.

LLM Agents In this work, we define an LLM agent as a system that leverages an LLM and
ICL to generate a local or joint policy 7 for a Dec-POMDP. Crucially, ICL does not involve a
separate training phase with gradient-based parameter updates; instead, all the “learning” occurs
through conditioning on the prompt during the model’s forward pass. Note that in a slight abuse
of terminology, we also refer to the generated policies as agents when analyzing their behaviour.
We consider two classes of LLM agents as illustrated in Figure 7: text agents and code agents.
Text agents are assigned to a role r € [M], take as input (D, Dr(r), Dy, (7;)) and return an
action a!, whereas code agents take as input D, and return a joint policy 7 as executable code.
Notably, text agents do not produce an explicit joint policy; instead, they act on an implicit local
policy 7" assigned to their role, which is repeatedly prompted to take actions. A key difference
is that while code agents produce a distribution over mostly deterministic joint policies, text agents
induce a single implicit stochastic joint policy. Generally, text agents are applicable to more complex
environments, but their behaviour is hard to interpret or modify. At last, having to prompt an LLM
for each action means that text agents are orders of magnitude slower and more expensive to execute.

Zero-shot Coordination Traditional approaches to cooperative multi-agent reinforcement learn-
ing have largely focused on the centralized training with decentralized execution setting (Lowe et al.,
2017; Foerster et al., 2018; Rashid et al., 2018; Sunehag et al., 2018), in which we assume that the
local policies that need to coordinate at test time are trained by a central entity. More generally, the
setting in which multiple agents are optimized through interaction with the same partners they will
face at test time is known as self-play (SP) (Samuel, 1959; Tesauro, 1994). In contrast, the zero-shot
coordination setting (Hu et al., 2021b) assumes that multiple entities independently train policies,
which are paired at test time without prior adaptation or communication, a setting known as cross-
play (XP). To enable coordination, entities are willing to coordinate on (part of) a game-agnostic
learning rule for training their agents, but they independently observe the underlying Dec-POMDP.
Examples of ZSC learning rules make use of known game symmetries (Hu et al., 2021b) or explicitly
control for how agents reason about their partner (Hu et al., 2021a).

3 PROBLEM FORMULATION

Consider a Dec-POMDP with two LLM agents ¢ and j. Code agents independently generate joint
policies 7;, 7;, with the SP score given as E, [.J(7;)] and E,, [.J(7;)]. Their XP score is defined as

J(1,§) = §Br, mp [ (71 73) + J(7f,77)]- (1)
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Figure 3: Local policies induced by GPT-5.2, Grok 4.1, and GPT-5 mini on Cat & Dog when
used as text agents. All LLMs fail to adopt an interpretable signaling convention for Alice, having
about an equal likelihood to signal for either animal. Moreover, GPT-5.2 and Grok 4.1 interpret a
“light on” signal differently from GPT-5 mini.

For text agents, we assign each agent to both possible roles, yielding local policies that can be
combined into joint policies 7; and 7; and similarly define the XP score according to Equation 1.

We evaluate two forms of XP: (1) fixed LLM (XPgeeq) and (2) variable LLM (XPprpm). The
fixed LLM setting evaluates XP among independent instances of agent scaffolds using the same
underlying LLM. Given the non-determinism inherent to most frontier reasoning models (He & Lab,
2025), independent calls to the same LLM are analogous to training policies with different random
seeds, as is standard in traditional ZSC evaluations (Hu et al., 2021a;b). In contrast, the variable
LLM setting evaluates among independent instances of agent scaffolds using different LLMs, more
closely reflecting real-world coordination scenarios faced by deployed agents. Note that the fixed
LLM setting does not apply to text agents, as they operate under a single implicit local policy;
pairing an agent with itself therefore corresponds to SP. However, unlike code agents, text agents
cannot directly construct joint policies and are not optimized to coordinate with a specific partner.
As a result, they often exhibit poor SP performance, as shown in Section 4.

4 ZSC PERFORMANCE OF LLMS

It is natural to ask whether LLM agents exhibit a SP-XP gap in the ZSC setting, or instead coordi-
nate effectively out of the box, rendering further study unnecessary. To investigate this question, we
conduct initial experiments across nine diverse coordination problems. Many of these are adapted
from the ZSC literature, including Cat & Dog (Hu et al., 2021a), Tiny Hanabi (Foerster et al., 2019),
a variant of the lever game (Hu et al., 2021a; Treutlein et al., 2023), and a matrix game (Lupu et al.,
2021). All coordination environments are described in detail in Appendix C. In addition to identi-
fying the correct safe fallback option, the underlying coordination challenges include: formation of
ad hoc conventions within the episode, navigation challenges, and simultaneous action selection in a
single step and iterated variants. To ensure a fair evaluation, we include an explanation of the cross-
play evaluation framework used, as well as provide explicit instructions to the agents to optimise
their policies for high XP scores. The prompt templates used for both agents are presented in Ap-
pendix D. To gain further insight into the failure modes of LLM coordination, we conduct a detailed
analysis of both text-based and code-based agents in the canonical Cat & Dog toy environment (Hu
et al., 2021a), as shown in Figure 1. Here, two incompatible conventions (light on = cat and light
on = dog) both achieve the maximum reward of 10. However, without any prior communication,
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Figure 4: SP and XP scores of code agents aggregated across different LLMs. We observe that
code agents exhibit a significant SP-XP gap across multiple environments. For further details, please
refer to Appendix B.4.

the (optimal) grounded strategy is to remove the wall, yielding a reward of 5. For code-based agents,
we employ SOTA reasoning models, namely Grok 4.1 Fast, GPT-5.2, Gemini 3 Pro, Claude Opus
4.5 and DeepSeek V3.2. Due to resource constraints, we evaluate the fixed LLM setting across all
games using GPT-5.2 and Grok 4.1 Fast, and restrict the variable LLM setting to Cat & Dog.

Text agents As shown in Figure 1, even in a simple environment such as Cat and Dog, text agents
coordinate poorly, resulting in XP scores that fall well below the safe guaranteed reward of 5 ob-
tained by removing the wall. We find that Gemini 3 Pro consistently adopts the convention light on
= cat, enabling it to coordinate with itself. However, because this convention is arbitrary, it leads to
poor coordination with other agents. An example of this failure is shown in Trace 2, which records
the reasoning traces from an episode between Gemini 3 Pro and GPT 5.2. When acting as Alice, the
Gemini agent recognizes that any coordination convention is arbitrary, yet nevertheless selects one
in order to avoid the —5 penalty and subsequently rationalizes this choice as “natural”. In contrast,
when acting as Bob, the GPT agent independently judges the opposite convention to be “natural”
and does not consider bailing in its reasoning.

To better understand the behaviour of text-agents in this environment, we compute the local policies
of GPT 5.2, GPT 5 mini, and Grok 4.1 Fast (Figure 3). For Alice, we observe that none of the
three LLMs induce self-compatible local policies, with the probability of turning the light on being
mostly independent of the animal. When the models choose not to reveal, they strongly prefer light
on over light off, despite both actions being canonically equivalent. As Bob, Grok 4.1, and GPT-
5.2 also yield opposite interpretations of the lit bulb than GPT-5 mini. Relabeling the signaling
actions as red light and blue light (Figure 10 in the Appendix) substantially alters behavior: Grok
now favors blue light as a signal for Dog, while the GPT models choose to reveal more frequently.
Moreover, when acting as Bob, GPT-5 mini often bails upon observing light off, but shows a strong
bias toward guessing dog when observing blue light. Translating the game description and action
labels into German further changes local policies (Figure 12 in the Appendix); for example, GPT-
5 mini becomes biased toward guessing cat rather than dog upon observing light on. Together, these
results indicate that the models lack a coherent understanding of the underlying game structure and
are instead arbitrarily influenced by the semantics.

As discussed in Section 1, successful coordination requires a degree of theory of mind
(ToM) (Premack & Woodruff, 1978), since agents must reason about which conventions, if any,
their partners are likely to adopt. We observed that the agents are strongly averse to incurring the
penalty for revealing, which pushes them to adopt a convention (also seen in Trace 2). Moreover,
agents implicitly assume their chosen convention is “natural”, something that the Gemini agent ex-
ploits. We test whether this is a general strategy that other agents can exploit as well. For this, we add
the following instruction to the prompt: “You are playing a cooperative game with an identical in-
stance of yourself. The same language model is used for both players, but each instance is assigned
a different role in the game.” If the model has a coherent notion of what it considers a “natural”
convention, it should be able to coordinate on that convention and thereby achieve the maximum
reward. That said, as shown in Figure 11 in the Appendix, the agents do not exhibit this form of
reasoning. Instead, the agents collapse to a policy of selecting light on regardless of the observed
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Figure 5: In semantic games, agents need to decide between two competing meta-strategies:
picking policies based on semantics or based on the underlying Dec-POMDP. (Left) In this
one-round lever game, agents could either coordinate on the semantics focal point (top) or Dec-
POMDP-based focal point (bottom), which gives the highest return. An illustration of the semantic
convention game can be found in Figure 16. (Right) XP scores of code agents on both games.

animal, and assume that the other agent, which they know to be an identical instance of themselves,
will independently converge on the same convention. The largest shift occurs for GPT 5.2, which
previously chose to reveal approximately 75% of the time but does so only 5% of the time under
self-play. These results suggest that, despite lacking a consistent internal notion of a “natural” con-
vention, the agents avoid revealing it and instead confidently act out arbitrary conventions. Finally,
we find that coordination failures among text agents are not confined to the Cat & Dog environment.
As summarised in Table 1, we observe that Grok 4.1 Fast and GPT 5.2 demonstrate consistently
high coordination failure rates in SP across our suite of coordination challenges.

Code agents We evaluate the self-play and cross-play performance of code agents both in the fixed
LLM (SP, XPgceq) and variable LLM setting (XPr M) and report the aggregated results in Figure 4,
providing detailed results in Appendix B.4. Similar to text agents, code agents appear aware of
the safe reveal strategy but remain averse to the penalty associated with revealing. Adding to this
we observe a strong bias toward adopting a shared convention based on the semantics, namely
lexicographical ordering. Yet, the agents frequently fail to agree on the ordering itself. For instance,
assumptions such as cat<dog and on<off make mappings like cat — light on a common choice.
However, many agents instead interpret light off in a binary sense, equating it with 0, which yields
light off=cat and results in coordination failure. More broadly, lexicographical ordering is a brittle
ZSC coordination rule. For example, if agents have access to semantics from different languages,
the ordering can invert, as in German, where Hund (dog) precedes Katze (cat).

Similar coordination failures appear across the other environments and are generally more pro-
nounced than those observed for text-based agents. In both the fixed and variable LLM settings,
there is a substantial SP-XP gap, with the gap typically larger in the variable LLM setting. In con-
clusion, the results of this section highlight that both agents exhibit a poor understanding of the
underlying coordination challenge and reason poorly about their partner’s behaviour.

5 THE ROLE OF SEMANTICS

LLM agents inevitably introduce semantics, i.e, textual descriptions of the Dec-POMDP to make the
environment accessible. As discussed in the previous section, semantics have important implications
for coordination, enabling agents to exploit semantic features in ways that have been difficult to
achieve with traditional RL agents (Ma et al., 2023). We find that LLM agents exhibit a strong
bias toward using semantic features for coordination, that they can leverage this bias to improve
coordination, but that it can also lead to coordination failures. Moreover, semantics introduce new
coordination strategies that compete with those grounded in the underlying Dec-POMDP structure,
and we find that agents are unable to consistently resolve this competition. Finally, we observe that
LLM agents can reason directly about the Dec-POMDP structure, allowing them to trivially solve
environments that traditional RL agents struggle with by avoiding local optima.
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CFD candidate

An action/policy is not coordination-friendly if it satisfies any of the following:

* It assumes the existence of arbitrary conventions. To assess this, ask:

— Is it using a signalling convention that could be replaced by a different, equivalent
convention?

— Is there a role assignment that could be flipped? (This applies when two players
are symmetric.)

* Note: Most actions/policies rely on some convention—judge whether that convention
is arbitrary or essential.
Otherwise, the action/policy is coordination-friendly.

Before suggesting an action/policy, evaluate the criteria above; if any apply, the action should
\be avoided. )

Figure 6: A coordination-friendly definition that aligns with the “spirit of ZSC”. (Hu et al., 2021a;
Treutlein et al., 2023).

Agents can leverage semantics for coordination We find that agents achieve low XP scores in
Tiny Hanabi, despite the existence of a unique SP-optimal strategy (described in Appendix C), while
attaining high XP scores in Tiny Hanabi Fixed, which poses a greater coordination challenge for tra-
ditional RL agents. Tiny Hanabi Fixed closely resembles Cat and Dog, where two incompatible
Nash conventions exist. In this case, however, the agents coordinate successfully because one con-
vention aligns with the lexicographical mapping (A < 1, C < 2), which all agents use. In contrast,
we find that they poorly coordinate on Tiny Hanabi because they struggle to decide between using
the lexicographical signalling convention and the unique SP optimal strategy.

Semantics introduce competing strategies As discussed above, semantics introduce a new axis
to coordination. However, strategies that leverage semantics now compete with existing strategies
based on the Dec-POMDP structure (as we observe in Tiny Hanabi), and it remains unclear which
should be preferred. We investigate how agents respond in such situations and whether they can
resolve them consistently by introducing two coordination challenges, the Semantic Selection Game
(Figure 5) and the Semantic Convention Game (Appendix C). Broadly, agents must choose between
two competing and incompatible coordination strategies: coordinating on the uniquely SP-optimal
joint policy, or coordinating based on the semantic labels of observations and actions. For example,
as shown in Figure 5, agents can either coordinate by selecting the lever with reward 1.01 or by
choosing the lever marked with a “big red arrow.” Figure 5 demonstrates that the LLM agents fail
to resolve this trade-off consistently, resulting in low XP scores. We find that Gemini 3 Pro is the
only model that reliably selects the SP-optimal policy across all games. In contrast, the other LLM
agents alternate between the two competing strategies. Additionally, we find that Claude Opus 4.5
is particularly biased toward semantic alignment, selecting the semantic-aligned joint policy in all
six runs of the semantic selection and in three out of six runs of the semantic convention game.

Avoiding local optima Direct reasoning about the environment enables agents to uncover optimal
strategies that are hard for traditional RL methods to learn, as they are prone to getting trapped in lo-
cal minima. As shown in subsection B.5, LLM agents reliably discover self-explaining deviations in
the trampoline—tiger coordination challenge (Hu et al., 2022), while widely used MARL algorithms
such as MAPPO (Yu et al., 2022) and QMIX (Rashid et al., 2018) fail to uncover these solutions.

6 COORDINATION FRIENDLY DEFINITIONS

The results in Sections 4 and 5 show that LLM agents fail even in simple coordination settings,
highlighting the need to adapt LLM agents for effective coordination. To address this, we propose a
simple approach inspired by the core principle underlying zero-shot coordination (ZSC) algorithms.
(Hu et al., 2021b) motivate the idea of a ZSC learning rule as follows: “suppose that multiple in-
dependent AI designers will construct agents that have to interact in various but ex-ante unknown
Dec-POMDPs without being able to coordinate beforehand, what learning rule should these de-
signers agree on?” In the context of in-context learning, we argue that this learning rule is a set of



Under review as a conference paper at ICLR 2026 Workshop on MALGAI

instructions embedded in the prompt of the LLM agents. Following the spirit of ZSC, such learn-
ing rules should be Dec-POMDP-agnostic to ensure successful coordination across a wide range of
coordination challenges. We assume that entities are willing to coordinate on such learning rules to
ensure coordination among their independently developed LLM agents. Given the wide variety of
LLM agent scaffolds, including the text and code agents outlined in section 2, we believe that any
shared learning rule must be kept simple to enable integration across agent scaffolds.

Analogous to constitutions in Constitutional Al, we argue that learning rules for coordination should
be formalized as natural language descriptions of permissible coordination behavior, which we term
coordination-friendly definitions (CFDs). A well-designed CFD constrains agents toward policies
that are more likely to cooperate with other agents operating under the same CFD. Representing
learning rules in natural language offers several advantages. First, LLMs can readily interpret a
CFD, enabling straightforward integration into a wide range of scaffolds. Second, techniques from
CAI can be adapted to fine-tune LLMs for coordination. Finally, expressing learning rules in natural
language improves interpretability, fostering trust and lowering the barrier to adoption.

Importantly, we propose CFDs as a design space and examine a simple candidate as shown in
Figure 6. This CFD is based on preventing arbitrary conventions and role assignments (Hu et al.,
2021b; Treutlein et al., 2023), which is often discussed in the ZSC literature. Our goal is to study
how introducing a CFD influences coordination performance. Note that we do not claim that this
candidate CFD resolves coordination failures in general and leave the discovery and validation of
more effective CFDs as an important direction for future work.

Results We report the SP and XP scores for both sets of agents using the CFD in Figure 1 and
Tables 1, 4 and 5. The CFD improves performance of both agents in the Cat & Dog environment,
where agents now consistently choose to remove the wall. We find that the CFD has a stronger effect
on text-based agents and smaller models, resulting in fewer coordination failures across multiple
environments. That said, in some cases, the CFD can be too restrictive. In games that require agents
to form ad hoc conventions, the CFD biases them toward the safe fallback of always revealing,
preventing agents from forming grounded conventions at test time. Interestingly, in the matrix game,
where the proposed CFD does not appear directly applicable, we find that its inclusion improves
coordination performance by preventing complex incompatible reasoning patterns (Appendix B.8).

The effect of the CFD is less pronounced for code agents where the CFD reduces the SP-XP gap
in Cat & Dog and the Semantic Selection Game and XP scores remain largely unchanged in the
remaining environments. Examination of execution traces shows that, while code agents do adjust
their generated policies in response to the CFD, these policies rarely account for edge cases, leading
to catastrophic coordination failures. That said, the results in this section suggest that making agents
reason using general principles of coordination through a CFD can improve cooperation.

7 CONCLUSION AND FUTURE WORK

We investigated the ZSC performance of LLM agents across multiple coordination challenges in
both the fixed and variable LLM settings, and found that agents consistently fail to coordinate ef-
fectively even in simple toy environments. We show that these agents exhibit a poor understanding
of the coordination challenges they face and reason poorly about their partners’ expected behaviour,
demonstrating limited theory of mind. We further show that LLM agents inevitably introduce se-
mantic representations of the environment that significantly influence their behaviour. We show that
depending on the environment, this can either facilitate or undermine coordination. Finally, we pro-
posed coordination-friendly definitions, a principled method to improve coordination performance
of LLM agents, that can be easily incorporated into agent scaffolds.

As a direction for future work, we note that the proposed CFD is simple and currently limited to
a narrow set of coordination challenges, such as arbitrary symmetry breaking and role assignment.
Extending and refining the CFD, therefore, represents a promising avenue for further research. For
example, prompt-tuning techniques could be used to develop richer and more detailed CFDs capable
of addressing a broader range of coordination challenges. We also see value in exploring approaches
beyond ICL to improve the coordination abilities of LLM agents. For example, similar to CAI, CFDs
could be used to train agents via Reinforcement learning from human feedback (RLHF), or ideas
drawn from traditional ZSC algorithms Hu et al. (2021a;b) could be adapted for LLM agents.
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Figure 7: Illustration of text and code agents. While text agents only act out the local policy
associated with their assigned roles, each code agent produces a joint policy in Python code. Code
agents receive additional information on the structure of the observation space.

A RELATED WORK

Prior work has benchmarked the capabilities of LLM agents across a range of multi-agent settings,
including embodied agents (Li et al., 2023; Zhang et al., 2024b; Guo et al., 2024b), theory of mind
(Lupu et al., 2025; Le et al., 2019; Sclar et al., 2025), and games (Zhang et al., 2024c; Xu et al.,
2024), among others (Wang et al., 2024). In parallel, prior work focuses on fully cooperative sce-
narios, but they predominantly emphasise spatial reasoning tasks such as Overcooked (Liu et al.,
2024; Zhang et al., 2024a) and Mazes (Davidson et al., 2025). While specialised scaffolding for
Overcooked can achieve performance competitive with traditional RL methods (Liu et al., 2024;
Zhang et al., 2024a), LLM agents used out of the box exhibit mixed results and perform poorly on
established benchmarks such as Hanabi (Agashe et al., 2025). Moreover, these works largely eval-
uate coordination between agents that share the same underlying LLM or scaffold, with (Davidson
et al., 2025; Lupu et al., 2025) being notable exceptions.

A further limitation of complex benchmarks like Overcooked is that they make it difficult to iso-
late specific coordination abilities. Success in these environments requires agents to simultaneously
demonstrate multiple skills, including spatial reasoning, theory of mind, and communication, and
XP performance is further influenced by confounding factors such as state coverage (Gessler et al.,
2025). Some studies (Davidson et al., 2025; Agashe et al., 2025) attempt to disentangle these abili-
ties by analyzing game traces and prompting LLMs with carefully selected states. In contrast, this
work isolates fundamental coordination abilities of LLM agents using simple environments drawn
from the traditional zero-shot coordination literature (Hu et al., 2021a; Lupu et al., 2021; Foerster
et al., 2019). This approach avoids conflating coordination failures with other factors, such as state
coverage. Additionally, we evaluate models in a strict zero-shot coordination setting, measuring the
performance of agents drawn from independently trained providers. Finally, we are the first to intro-
duce a design space for methods (CFDs) aimed at improving the zero-shot coordination performance
of LLM agents.

B ADDITIONAL RESULTS

B.1 SCHEMATIC DIAGRAM OF LLM AGENTS

We present a schematic diagram of the two agents scaffolds in Figure 7.

B.2 COORDINATION FAILURE RATE

In addition to reporting joint rewards, we measure the coordination failure rate, which captures the
frequency of catastrophic coordination failures arising from paired local policies. For example, in
Tiny Hanabi, a grounded joint policy that consistently reaches (B, B) achieves a guaranteed reward
of 8. In contrast, we observe paired policies that attain the maximum reward of 10 in 80% of
episodes but receive a reward of 0 in the remaining 20%, resulting in the same XP score. Despite the
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Table 1: SP performance comparison of text agents (mean = SEM) across environments, evaluated
with and without the CFD. Results are shown for Grok 4.1 Fast and GPT-5.2. The coordination
failure rate captures the frequency of catastrophic coordination breakdowns. We report the mean
and standard error over 100 episodes for single-turn games and 50 episodes for multi-turn games.
The highest XP scores in each row are highlighted in , while the lowest failure rates are

highlighted in teal.
w/o CFD w/ CFD

Env Model XP Score Coord. failure rate XP Score Coord. failure rate
Cat and Do Grok 4.1 Fast —0.75+0.99 0.53+0.05 0.00+0.00
€ GPT 5.2 4.50+0.49 0.09+0.03 0.000.00
Ad Hoce Conv. Grok 4.1 Fast 0.04+0.03 50.00+0.00 0.00+0.00
: GPT 5.2 0.16+0.05 50.00+0.00 0.00+0.00
Grok 4.1 Fast 0.08 +0.04 49.64 +0.28 0.04+0.03
Ad Hoc Conv. PS GPT-5.2 0.14+0.05 49.91 +0.09 0.02+0.02
Tinv Hanabi Grok 4.1 Fast 7.38+0.41 0.23+0.04 0.05+0.02
y GPT-5.2 0.10+0.03 7.64+0.37 0.18+0.04
. R Grok 4.1 Fast 0.21+0.04 0.03+0.02
Tiny Hanabi Fixed  Gpp.55 0.20+0.04 7.2040.20 0.130.03
Brittle Bridee Grok 4.1 Fast —149.69+48.5 0.14+0.05 0.30+0.06
& GPT-5.2 0.10+0.04 0.10+0.04
N T | Grok 4.1 Fast 0.00+0.00 0.00+0.00
arrow tunne GPT-5.2 0.02:£0.02 0.02:£0.02
Matrix Game Grok 4.1 Fast 0.62+0.05 0.34+0.05 0.03+0.02
x GPT-5.2 0.22+40.04 0.16+0.04
Permuted Levers Grok 4.1 Fast 0.02+0.02 0.02+0.02
’ GPT-5.2 0.02+0.02 0.02+0.02

same average performance, the grounded policy is clearly more robust. To capture this distinction,
we report coordination failure rates. An episode is classified as a failure if the agents’ joint reward
falls below the threshold specified in Table 2.

B.3 TEXT AGENTS WITH CFD

We report the SP scores of the text agents with and without a CFD in the fixed LLM setting for
Grok 4.1 Fast and GPT-5.2 in Table 1. We find that the agents exhibit high coordination failure
rates and low SP scores across multiple environments, indicating poor coordination. Introducing
the CFD improves coordination in several environments, with a larger effect on Grok 4.1 Fast than
on GPT-5.2. However, as discussed in Section B.4, the CFD can be overly restrictive. This is also
evident in Brittle Bridge, where agents enter a deadlock, each waiting for the other to step onto the
bridge to avoid collapse.

B.4 CODE AGENTS WITH CFD

We report the SP and XP scores of the code-based LLM agents under both the fixed LLM setting
(denoted XPg.q) and the variable LLM setting (denoted XPy ) in Table 4. The scores are calcu-
lated as follows. First, we generate six independent cross-play matrices, with each LLM contributing
one joint policy to each matrix. Every joint-policy pairing is evaluated over 100 episodes. We then
average scores across the six XP matrices to obtain a single (Nppym X Nppm) matrix. For SP, we
report the mean and standard error over the diagonal entries. For variable-LLM XPy |\, we compute
the mean and standard error over the off-diagonal entries in each LLM's corresponding row and
column. For fixed-LLM XPg.4, We pair joint policies produced by the same LLM across different
XP matrices into disjoint pairs (e.g., (1,2), (3,4), ...), evaluate each pair jointly, and report the
resulting mean and standard error. We do the same when reporting the coordination failure rates in
Table 5.
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Table 2: Thresholds used to define coordination failures for each environment; scores at or below
the threshold are counted as failures.

Environment Threshold
Permuted Levers 0.0
Cat and Dog 0.0
Brittle Bridge —20.0
Narrow Tunnel —20.0
Ad-hoc Conventions 50.0
Ad-hoc Conventions (Permuted Signals) 50.0
Tiny Hanabi Fixed 0.0
Tiny Hanabi 0.0
Matrix Game 0.0

Bob Pulls Bob }---1 : Bob F--- B
Lever? NN Ay NNL_Y NS Y NS Y

Nothing happens Bob Eaten  Alice Crashes  Alice Crashes Alice Lands
(0) (-10) (-10) and Bob Eaten  on Trampoline
(-20) (+1)

Figure 8: An illustration of the trampoline tiger game Hu et al. (2022). Alice observes whether
Bob’s lever would deploy a tiger or a trampoline and then chooses whether to jump. Bob observes
only Alice’s action and subsequently decides whether to pull the lever. Dotted lines between Bob’s
decision nodes indicate information sets that Bob cannot distinguish.

We find a substantial SP-XP gap in most environments, and in some cases (such as Brittle Bridge)
agents fail to even generate policies with high self-play performance, highlighting weak reasoning
about the coordination challenge. We find that introducing CFD has a limited impact, yielding
improved performance only on Cat & Dog and the semantic selection game.

B.5 TRAMPOLINE TIGER GAME

The tiger trampoline game, shown in Figure 8, is a coordination game introduced by Hu et al. (2022)
to illustrate the concept of self-explaining deviations (SED). A self-explaining deviation is an action
by a teammate in a fully cooperative setting that, at first, appears to hurt the team’s performance.
But if players act under the belief that their teammates’ actions are rational, those actions can signal
hidden information to them, ultimately aiding the team. In the trampoline tiger game, Bob controls
a lever that can release a hidden object: either a tiger or a trampoline. Alice stands above and can
observe the hidden state, but cannot communicate further with Bob. She has the option to jump,
which yields only a small positive joint reward if the hidden state is the trampoline and Bob pulls
the lever. Bob can observe whether Alice jumps before pulling the lever. If Alice acts rationally, she
will only decide to jump if the hidden state is a trampoline, thereby signaling it to Bob. Notably,
never jumping and never pulling the lever is a pure Nash equilibrium. Therefore, algorithms that
independently learn Alice’s and Bob’s policies risk getting stuck in this local maximum. Hu et al.
(2022) showed that popular MARL algorithms like MAPPO (Yu et al., 2022) and QMIX (Rashid
et al., 2018) converge to this Nash Equilibrium in most cases. Language Models naturally consider
bilateral deviations of Alice’s and Bob’s actions by directly reasoning about the environment dy-
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Figure 9: XP scores of code agents in the trampoline tiger game Hu et al. (2022). Scores are
averaged across six different XP matrices; each cell reports the mean return over 100 episodes. For
our experiments, we use pieer = 0.5 for equal coverage of tiger and non-tiger states. The LLM
agents are not aware of pger.
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Figure 10: Local policies of the Text-based LLM agents in Cat & Dog with changed action
labels.

namics. As shown in Figure 9, this allows a variety of LLM agents to determine the optimal policy
in this game.

B.6 LoOCAL POLICIES OF TEXT AGENTS

Since text agents interact with the environment by producing actions sequentially, rather than explic-
itly specifying joint policies as code, their decision-making is less interpretable. To better understand
their behaviour, we empirically estimate their induced local policies.
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Figure 12: Local policies of the Text-based LLM agents in Cat & Dog in German.
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Table 3: XP scores of text agents under varying levels of reasoning effort on Cat & Dog. We
evaluate GPT-5 mini and Grok 4.1 Fast under varying levels of reasoning effort, as well as with and
without the use of our CFD. XP scores are reported as mean + standard error over 100 games.

Mean return

Model Reasoning effort w/o CFD w/ CFD
Low 3.23 +0.56 4.47 +0.14

GPT-5 mini Medium 0.97 +0.81 4.88 +0.07
High 0.86 +0.91 4.92 +0.06
Low 1.20 +0.98 5.00 +0.00

Grok 4.1 Fast  Medium —0.75 +0.99 5.00 +0.00
High 0.41 +0.99 5.00 +0.00

We estimate the local policies pyjice (- | animal) and puob (- | @alice) by fixing the environment state
and repeatedly prompting the agent 100 times as shown in Figure 3. Next, we study how these local
policies change under variations in the game’s semantics D. To this end, we consider three variants:
(1) replacing the binary light-bulb signal (“on/oft””) with a color choice (“red/blue”), (2) translating
the natural-language descriptions into German, (3) the agent is informed that it is being evaluated
against an identical instance of itself.

Note that the agent is given complete information about the Dec-POMDP structure, including the
payoffs. Consequently, the natural-language description of the MDP should not affect the induced
local policy as long as the underlying Dec-POMDP structure is preserved, with the exception of the
final setting, in which the agent has the option to use a convention to maximize reward. Despite this,
we observe substantial differences in the induced local policies across semantic variants, as shown
in Figures 10, 12 and 11. In particular, the SP variant leads to a drastic reduction in XP scores, as
discussed in Section 4.

B.7 REASONING EFFORT

As noted earlier, coordination requires reasoning about a partner’s behavior (ToM). In formal rea-
soning tasks, increasing reasoning effort, i.e the budget of reasoning tokens available, often yields
substantial performance gains. We therefore examine how varying reasoning effort affects the per-
formance of text-based agents, as reported in Table 3. Surprisingly, for the smaller models (Grok
4.1 Fast and GPT-5 Mini), reasoning effort is negatively correlated with XP score. Further analysis
shows that higher reasoning effort increases the likelihood that these models hallucinate a shared
convention and assume that their partner will adopt the same convention.

B.8 THE IMPACT OF THE CFD ON REASONING

We analyze text-based agents in the Matrix game with and without the CFD. Although the CFD,
designed to avoid arbitrary conventions and role assignments, is not directly applicable in this en-
vironment, its mere presence yields a higher XP score for the Grok agent compared to the no-CFD
condition. Examination of the agents’ reasoning traces (see Traces 1, 2 and 3) reveals a qualitative
difference in behavior. Without the CFD, Grok engages in complex reasoning that computes iterated
best responses; however, depending on whether the iterative computations start with Alice or Bob
randomizing uniformly, this process converges to incompatible policies. By contrast, when a CFD is
provided, Alice reasons that Bob will select a coordination-friendly action and therefore adopts the
simple, optimal coordination policy. This indicates that the mere presence of a CFD can prevent the
hallucination of incompatible conventions, ultimately aiding coordination. This shows clear paral-
lels with how humans tend to restrict themselves to shallow cognitive depths when reasoning about
others’ behaviour (Camerer et al., 2003).
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The matrix has multiple pure Nash equilibria at payoff 1, including

A

(0,0). Column 0 is unique for Bob as it has the highest expected
payoff against uniform Alice play (2/11 0.182 vs. max 1.04/11 0.095
for others). Bob, being rational and cooperative, will select column
0, anticipating Alice will best-respond with row 0 or 1. As Alice,
best-respond to column 0 by selecting row 0 (salient matching index) .

Trace 1: (Matrix game; Grok 4.1 Fast) Example reasoning of Alice without CFD starting with
Alice playing uniformly. In this case, playing the first column is Bob’s unique best response.

REASONING:

The

R A

matrix has multiple pure Nash equilibria at payoff 1: (0,0), (1,0),
and (k,k) for k=2 to 10. Iterative best-response to uniform on
surviving actions eliminates lower-support ends (rows/cols 0-2 and
9-10 first due to fewer high payoffs), converging to action 6 as the
unique best response in the center of the 9-action diagonal chain
(2-10) . Since Bob reasons identically in this cooperative one-shot
game, both pick 6 for joint payoff 1.

Trace 2: (Matrix game; Grok 4.1 Fast) Example multi-step reasoning of Alice without CFD
starting with Bob playing uniformly. The best response to Bob acting uniformly is to uniformly
randomize among 4-9 (which is not unique but canonical). The best response to this 5-7 by Bob and
then 6 by Alice, which Bob responds to by doing 6.

REASONING:

The

A A

matrix has a unigque column with the highest sum (col 0, sum=2 from
two 1s), unlike others (max 1.04). Bob will unambiguously pick col 0
as the coordination-friendly choice (unique max-sum column, no
arbitrary tiebreaker). Given col 0, rows 0 and 1 yield 1 (max); pick
the minimum index (row 0) as the natural tiebreaker. This uses
essential matrix structure, not arbitrary conventions (unique max
sum; standard min-index tiebreak). No signalling or role flip
applies.

Trace 3: (Matrix game; Grok 4.1 Fast) Example reasoning of Alice with CFD. Alice forgoes
computing iterative best responses, assuming that Bob will also act under CFD and pick column 0.
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Table 4: SP and XP scores of code agents across environments, under fixed (XPgq) and vari-
able (XPyy) LLM settings, with and without CFD.

w/o CFD w/ CFD
Env LLM SP XPgeed XPpim SP XPgeed XPpim
Grok 10.00+0.00 3.33+5.44 0.68+1.75 6.67+0.96 3.50+0.61 3.94+40.37
GPT 9.58+0.38 9.54+0.37 —3.03+1.88 5.00+0.00 5.00+0.00 4.50+0.38
cD Gemini 10.00+0.00 10.00+£0.00 —1.63+2.05 5.00+0.00 5.00+0.00 4.7240.18
e Claude 9.17+0.76 —7.50+2.04 1.2040.55 5.00+0.00 5.00+0.00 4.72+0.18
DeepSeek 10.0040.00 —3.3345.44 0.2640.86 5.83+0.76 4.2540.61 4.4440.18
Mean 9.754+0.15 2.41+2.40 —0.51+1.04 5.50+0.30 4.55+0.23 4.46+0.19
Grok 100.00+0.00 100.00+0.00 9.64+28.74 54.12+3.76 46.18+3.12 39.53+3.53
GPT 83.33+9.62 83.33+6.80 62.20+9.21 58.33+7.61 42.50+6.12 38.55+3.36
AC Gemini 100.00+0.00 100.00+0.00 —5.92423.55 63.50+£7.79 35.00+6.12 42.98+4.41
o Claude 100.00+0.00 33.33+54.43 23.65+16.36 75.00+10.21 59.17+17.49 36.15+7.07
DeepSeek 98.33+0.96 64.27+28.16 37.90+18.95 64.66+11.10 18.23+13.02 23.92+4.08
Mean 96.33+2.92 76.19+13.94 25.49+13.96 63.12+3.15 40.22+5.88 36.23+3.31
Grok 69.73+15.05 36.13+3.16 36.05+7.47 84.12+2.87 19.33+9.85 29.52+6.05
GPT 72.59+7.33 59.19+11.77 64.24+8.79 57.44+6.67 57.87+3.42 46.69+4.13
ACPS Gemini 90.50+0.00 90.50+0.00 65.43+9.06 90.73+0.16 90.17+0.15 58.62+7.08
e Claude 73.08+15.17 79.05+9.41 59.42+10.39 56.05+19.35 38.35+1.86 47.85+7.97
DeepSeek 61.08+13.91 8.90+4.12 30.89+7.40 38.02+9.49 —8.1449.84 35.99+6.39
Mean 73.40+4.28 54.76+8.25 51.21+6.41 65.27+8.70 39.51+9.10 43.73+4.66
Grok 10.00+0.00 10.004+0.00 7.35+1.00 9.53+0.31 8.56+1.18 7.08+0.46
GPT 9.67+0.30 8.72+1.05 7.274+0.83 9.67+0.30 8.9540.86 6.70+0.92
TH Gemini 10.00+0.00 10.004+0.00 7.3240.99 10.00+0.00 10.00+0.00 7.184+0.85
T Claude 9.3240.31 2.6440.56 6.03+0.41 9.00+0.33 4.01+0.95 6.08+0.49
DeepSeek 8.42+0.33 5.63+1.53 4.41+0.66 7.80+0.62 6.87+0.93 5.70+0.85
Mean 9.48+0.26 7.4040.84 6.4840.57 9.2040.34 7.6840.67 6.554+0.49
Grok 10.00+0.00 10.00+0.00 9.71+0.19 9.67+0.30 8.00+1.63 7.05+0.91
GPT 9.6740.30 9.6740.27 9.5840.22 8.6740.38 5.3341.09 6.57+0.53
THF Gemini 10.0040.00 10.0040.00 9.7140.19 8.0040.00 8.0040.00 8.4240.28
o Claude 10.00+0.00 10.00+0.00 9.71+0.19 9.67+0.30 8.00+1.63 7.36+0.89
DeepSeek 9.67+0.30 8.00+1.63 8.96+0.25 8.00+0.00 8.00+0.00 6.10+0.87
Mean 9.87+0.07 9.53+0.39 9.53+0.15 8.80+0.33 7.47+0.58 7.10+0.50
Grok —9.0040.00 —9.00+0.00 —172.53472.54 —14.99+4.88 —28.40+15.10 —123.77457.98
GPT —12.8440.40 —12.7640.33 —24.4845.35 —13.29+0.70 —12.2340.11 —16.6841.67
BB Gemini —10.00+0.00 —10.0040.00 —120.70+69.36 —12.49+0.09 —12.5140.07 —17.4442.11
) Claude —292.744+102.20 —11.9140.09 —146.69+36.19 —197.78 +55.21 —127.05+31.52 —122.91450.84
DeepSeek ~ —598.454180.85  —388.02+153.55  —269.834+76.67 —867.504121.87  —671.00+£269.44  —186.36468.69
Mean —184.61+104.65 —86.34+49.60 —146.85+41.20 —221.21+147.99 —170.24+£85.17 —93.43+£32.78
Grok —5.1740.15 —5.174+0.14 —17.06+5.40 —5.0040.00 —36.67+25.86 —19.36+6.98
GPT —5.334+0.30 —5.67+0.27 —13.33+£3.96 —5.7240.34 —6.03+0.08 —7.88+1.82
NT Gemini —5.00+0.00 —5.00+0.00 —17.00+5.40 —5.9240.03 —5.96+0.04 —6.03+0.02
: Claude —5.00+0.00 —68.33+25.86 —34.83+£3.29 —5.00+0.00 —68.33+25.86 —29.19+47.25
DeepSeek —36.83+18.24 —36.83+12.79 —26.94+6.20 —20.83+14.45 —20.83+12.93 —17.31+£5.99
Mean —11.47+5.67 —24.20+8.70 —21.83+3.61 —8.49+2.76 —27.57+9.82 —15.96+3.84
Grok 1.00+0.00 1.00+0.00 0.96+0.03 1.00+0.00 1.00+0.00 0.83+0.10
GPT 1.004+0.00 1.00+0.00 0.96+0.03 1.00+0.00 1.00+0.00 0.83+0.10
MG Gemini 1.004+0.00 1.00+0.00 0.96+0.03 1.00+0.00 1.00+0.00 0.83+0.10
Claude 1.004+0.00 1.00+0.00 0.96+0.03 1.004+0.00 1.00+0.00 0.83+0.10
DeepSeek 1.004+0.00 0.67+0.27 0.83+0.00 1.004+0.00 0.01+0.01 0.33+0.00
Mean 1.004+0.00 0.93+0.06 0.93+0.02 1.004+0.00 0.80+0.10 0.73+0.07
Grok 5.114+0.20 3.00+0.25 4.2940.15 5.30+0.21 4.67+0.62 4.55+0.24
GPT 5.44+1.01 7.874+0.44 6.05+0.46 7.2940.49 6.904+0.17 6.09+0.40
PL Gemini 6.5440.10 6.4440.03 5.7840.31 8.36+0.06 8.37+0.07 6.40+0.49
. Claude 2.2740.22 9.18+0.01 6.20+0.42 3.57+1.02 6.56+1.87 6.28+0.51
DeepSeek 3.563+0.67 4.00+0.81 5.15+0.31 4.33+0.65 5.65+0.36 6.27+0.20
Mean 4.58+0.67 6.1040.63 5.5040.27 5.7740.80 6.4340.51 5.9240.29

C ENVIRONMENTS

C.1 NAVIGATION GAMES

We design a set of navigation challenges intended to capture the kinds of coordination challenges that
arise in robotics and autonomous driving. A real-world example, documented in this video (Foerster,
2024), shows two Waymo vehicles hesitating at a narrow passage, each attempting to yield to the
other. While such cautious behaviour is highly effective when interacting with proactive human
drivers, it results in deadlock when both autonomous agents act symmetrically. More generally,
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Table 5: SP and XP failure rates of code agents across environments, under fixed- and variable-
LLM settings, with and without CFD.

w/o CFD w/ CFD

Env LLM SP XPgeed XPrim SP XPgeed XPLim
Grok 0.00+0.00 0.331+0.27 0.46+0.09 0.00+0.00 0.33+0.27 0.02+0.02
GPT 0.00+0.00 0.00+0.00 0.63+0.10 0.00+0.00 0.00+0.00 0.02+0.02
cD Gemini 0.00+0.00 0.00+0.00 0.57+0.10 0.00+0.00 0.00+0.00 0.00+0.00
o Claude 0.00+0.00 0.83+0.14 0.42+0.03 0.00+0.00 0.83+0.14 0.00+0.00
DeepSeek 0.00£0.00 0.67+0.27 0.48+0.05 0.00£0.00 0.67+0.27 0.00£0.00
Mean 0.00+0.00 0.37+0.12 0.51+0.05 0.00+0.00 0.37+0.12 0.01+0.01
Grok 0.00+0.00 0.00+0.00 0.46+0.14 0.00+0.00 0.00+0.00 0.29+0.07
GPT 0.00+0.00 0.00+0.00 0.16+0.04 0.00+0.00 0.00+0.00 0.29+0.07
AC Gemini 0.00+0.00 0.00+0.00 0.54+0.13 0.00+0.00 0.00+0.00 0.26+0.05
o Claude 0.00+0.00 0.3340.27 0.39+0.09 0.00+0.00 0.33+0.27 0.33+0.08
DeepSeek 0.00+0.00 0.33+0.27 0.39+0.11 0.14+0.13 0.33+0.27 0.52+0.04
Mean 0.00+0.00 0.1340.09 0.39+0.07 0.03+0.03 0.13+0.09 0.34+0.05
Grok 0.16+0.14 0.60+0.05 0.4240.05 0.00+0.00 0.55+0.06 0.47+0.07
GPT 0.08+0.08 0.284+0.17 0.20+0.09 0.12+0.11 0.28+0.17 0.36+0.06
ACPS Gemini 0.00+0.00 0.00+0.00 0.17+0.07 0.00+0.00 0.00+0.00 0.23+0.08
e Claude 0.08+0.08 0.08+0.07 0.19+0.07 0.14+0.08 0.09+0.07 0.30+0.07
DeepSeck  0.12£0.07  0.62£0.06  0.43+£0.07  0.334£0.12  0.654£0.04  0.45:+0.08
Mean 0.09+40.02 0.3240.08 0.2840.05 0.1240.05 0.31+0.08 0.36+0.05
Grok 0.00+0.00 0.00+0.00 0.24+0.10 0.00+0.00 0.00+0.00 0.23+0.05
GPT 0.00+0.00 0.08+0.06 0.234+0.08 0.00+0.00 0.07+0.06 0.2740.09
TH Gemini 0.00+0.00 0.00+0.00 0.24+40.10 0.00+0.00 0.00+0.00 0.2540.09
o Claude 0.00+0.00 0.66+0.06 0.34+0.05 0.00+0.00 0.65+0.06 0.31+0.06
DeepSeek 0.05+0.04 0.36+0.18 0.50+0.08 0.07+0.07 0.34+0.19 0.33+0.10
Mean 0.0140.01 0.2240.08 0.3140.06 0.0140.01 0.2140.08 0.2840.05
Grok 0.00+0.00 0.00+0.00 0.02+0.02 0.00+0.00 0.00+0.00 0.18+0.10
GPT 0.0040.00 0.0040.00 0.0240.02 0.0040.00 0.0040.00 0.2140.07
THF Gemini 0.0040.00 0.0040.00 0.0240.02 0.0040.00 0.0040.00 0.0040.00
o Claude 0.00+0.00 0.00+0.00 0.02+0.02 0.00+0.00 0.00+£0.00 0.18+0.10
DeepSeek 0.00+0.00 0.17+0.14 0.08+0.03 0.00+0.00 0.17+0.14 0.23+0.11
Mean 0.00+0.00 0.03+0.03 0.03+0.01 0.00+0.00 0.03+0.03 0.16+0.06
Grok 0.00+0.00 0.00+0.00 0.19+0.08 0.01+0.01 0.00+0.00 0.15+0.05
GPT 0.01+0.00 0.01+0.01 0.08+0.03 0.04+0.02 0.02+0.02 0.04+0.01
BB Gemini 0.00+0.00 0.00+0.00 0.13+0.07 0.02+0.00 0.00+£0.00 0.04+0.01
: Claude 0.62+0.14 0.00+0.00 0.18+0.03 0.31+0.14 0.00+0.00 0.16+0.06
DeepSeek 0.58+0.18 0.49+0.24 0.34+0.06 1.00+0.00 0.50+0.24 0.20+0.08
Mean 0.24+0.13 0.10+0.07 0.1840.04 0.2840.17 0.1040.07 0.1240.03
Grok 0.00+0.00 0.00+0.00 0.12+0.06 0.00+0.00 0.00+0.00 0.15+0.07
GPT 0.00+0.00 0.00+0.00 0.08+0.04 0.00+0.00 0.00+0.00 0.02+0.02
NT Gemini 0.00+0.00 0.00+0.00 0.12+0.06 0.00+0.00 0.00+0.00 0.00+0.00
: Claude 0.00+0.00 0.67+0.27 0.31+0.04 0.00+0.00 0.67+0.27 0.25+0.08
DeepSeek 0.33+0.19 0.33+0.14 0.23+0.07 0.17+0.15 0.33+0.14 0.13+0.06
Mean 0.07+0.06 0.2040.09 0.174+0.04 0.03+0.03 0.20+0.09 0.11+0.04
Grok 0.00+0.00 0.00+0.00 0.04+0.03 0.00+0.00 0.00+0.00 0.17+0.10
GPT 0.00+0.00 0.00+0.00 0.04+0.03 0.00+0.00 0.00+0.00 0.17+0.10
MG Gemini 0.00+0.00 0.00+0.00 0.04+0.03 0.00+0.00 0.00+0.00 0.17+0.10
: Claude 0.00+0.00 0.00+0.00 0.04+0.03 0.00+0.00 0.00+0.00 0.17+0.10
DeepSeek 0.00+0.00 0.3340.27 0.17+0.00 0.00+0.00 0.33+0.27 0.67+0.00
Mean 0.00+0.00 0.074+0.06 0.07+0.02 0.00+0.00 0.07+0.06 0.27+0.07
Grok 0.20+0.07 0.02+0.01 0.15+0.02 0.31+0.05 0.02+0.02 0.21+0.04
GPT 0.30+0.15 0.02+0.01 0.114+0.03 0.07+0.03 0.01+0.01 0.13+0.03
PL Gemini 0.1240.01 0.09+0.01 0.10+0.00 0.00+0.00 0.11+0.01 0.1240.03
) Claude 0.79+0.02 0.00+0.00 0.11+0.03 0.61+0.13 0.00+0.00 0.15+0.04
DeepSeek 0.49+0.08 0.37+0.18 0.15+0.01 0.39+0.09 0.40+0.19 0.06+0.02
Mean 0.3840.11 0.1040.05 0.1240.01 0.2840.10 0.1140.05 0.1440.02

navigation games highlight a central coordination problem: two symmetric players must “break
symmetry” by adopting distinct, complementary roles in order to progress.

Narrow Tunnel formalizes the coordination challenge illustrated in the above example. The en-
vironment consists of a tunnel, laid out left to right, with two agents positioned at opposite ends,
tasked with exchanging positions in as few turns as possible. The setting is turn-based, with agents
selecting actions simultaneously from the action set {LEFT,RIGHT, STAY}. The tunnel is com-
posed of two types of tiles: wide tiles, which can accommodate both agents simultaneously, and
narrow tiles, which can host at most a single agent.
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Figure 13: An illustration of the Cat & Dog game taken from Hu et al. (2021a).

Collision rules restrict movement into narrow tiles. Specifically, (i) if two agents attempt to swap
positions within a single turn and at least one of them occupies a narrow tile, the swap is blocked,
and no movement occurs; (ii) if both agents attempt to enter the same narrow tile simultaneously,
neither move is executed. Given these restrictions, at narrow points in the tunnel, agents must assume
asymmetric roles to successfully traverse it (leader and follower).

The environment is designed to support any custom layout via a simple hyperparameter at initiali-
sation. The default layout, shown below, mimics the coordination challenge illustrated in the previ-
ously shown video:?

[start_left,wide,narrow,wide, start_right]

Brittle Bridge is inspired by cooperative platformer video games in which successful progression
requires players to adopt complementary roles, such as one agent acting while the other temporarily
waits. Although the assignment of such leader—follower roles is arbitrary, it is essential for success-
ful task completion. Two agents are initially located on the same side of a bridge of length n. Their
joint objective is to traverse the bridge such that both agents reach the opposite side in the minimal
number of turns. The environment is turn-based, with agents selecting actions simultaneously from
the set {forward, backward, stay}. No collision constraints are imposed, so multiple agents
may occupy the same tile at any given time. The coordination challenge stems from the bridge’s
fragility. If both agents remain on the bridge, regardless of their exact positions, for more than a fixed
number of consecutive turns, given by the parameter bridge_break_threshold (typically set
to 1), the bridge collapses. When this happens, the episode ends and both agents receive a large nega-
tive reward of —1000. Importantly, the timer associated with the fragility constraint resets whenever
at least one agent steps off the bridge. Consequently, when bridge_break_threshold equals
1, one agent may safely cross the bridge in its entirety while the other agent alternates between en-
tering the first bridge tile and retreating to land, thereby preventing collapse. For our experiments,
we fix n to 5 and the bridge_break_thresholdto 1.

C.2 CONVENTION GAMES

Convention games typically assign players fixed asymmetric roles and proceed sequentially. The
coordination challenge arises from partial observability: the first player has access to some informa-
tion that must be conveyed to the second player, who then makes a guess. To achieve a high reward,
the players must establish a convention that maps possible signals to possible guesses.

Cat & Dog is a two-player, fully cooperative coordination game introduced by (Hu et al., 2021a).
The setup is straightforward: two players, Alice and Bob, are initially separated by a wall. At the
beginning of the game, Alice privately observes a randomly chosen animal, either a cat or a dog, on
her side of the wall. She must then select one of the following actions:

’start_left and start_right are considered wide tiles.
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* Turn on a light bulb on Bob’s side of the wall at no cost,
e Remove the wall at a cost of —5,

* Bail, yielding a joint reward of 1, terminating the game immediately.

Subsequently, it is Bob’s turn. He observes the state of the light bulb and, if Alice has removed the
wall, also observes the animal. Bob then chooses one of the following actions:

* Guess the correct animal (Cat or Dog). If his guess is correct, both players receive a joint
reward of 10; otherwise, they incur a joint penalty of —10. In expectation, a random guess
yields a reward of 0.

* Bail, yielding a smaller but guaranteed reward of 0.5.

The term Cat & Dog refers specifically to the one-shot version of the game. The iterated ver-
sion is examined in the following section. Since there are two equivalent but arbitrary signalling
conventions (either 1ight_on — Cat or 1ight_on — Dog), independent agents without prior
communication cannot coordinate on a convention within a single round. Therefore, removing the
wall is considered “optimal” in the ZSC setting.

Ad-Hoc Conventions. Inspired by Gessler et al. (2025), we introduce games that require protocol
formation at test time. Ad-Hoc Conventions is an iterated version of Cat & Dog. In contrast to the
one-shot version discussed in the previous section, iteration enables the formation of conventions
that can lead to guaranteed high payoffs in later rounds. We replace the animals with generic levers
that can be assigned labels (in our case {blue, red}) and the lightbulb is replaced by labelled
signals (in our case {square,circle}). Removing the wall is now represented by revealing
the current correct lever. While we do not make further use of it in our experiments, we support
an arbitrary number of signals and levers to increase the difficulty of the game. Additionally, the
lever labels, signal labels, and the number of rounds can be specified as a hyperparameter. In our
experiments, we play ten rounds per Ad-Hoc Conventions game.

Ad-Hoc Conventions with permuted signals. We also introduce a harder variant of Ad-Hoc Con-
ventions, called Ad-Hoc Conventions with permuted signals. Here we distinguish between buttons
and signals, each with its own set of labels (apple,banana and square,circle in our case).
The only change per round is that, instead of directly revealing a signal, Alice can now press one of
the buttons (or choose reveal or bail), which then displays a signal to Bob. The connection between
buttons and signals is given by a random bijection unknown to both players. Importantly, Alice does
not see the resulting signal, and Bob does not see the pressed button. Without prior communication,
it is therefore impossible to recover the exact bijection between signals and levers. As a result, the
game cannot be solved through a simple lexicographical order strategy: Alice cannot know which
button will trigger which signal for Bob. Nevertheless, in both the permuted and non-permuted
versions, the players retain a simple fallback strategy—continuously revealing (i.e. removing the
wall)—which guarantees a reward of 5 per round, for a total “safe” return of 50 across the 10 rounds
we typically consider in our experiments.

Tiny Hanabi is a toy-game introduced in (Foerster et al., 2019). It consists of two players, who
are each dealt a random card at the start of the game. The final joint reward depends on both the
players’ cards and their actions throughout the game. The second player observes the first player’s
actions before picking his action, which allows the first player’s action to be interpreted as a signal.
We show the payoff matrix of Tiny Hanabi in Figure 14.

Due to the asymmetry of the payoff matrix, the original version of Tiny Hanabi has a unique SP
optimal policy, yielding a joint reward of 10. This policy is given by the first player picking action
A if he has card 2 and C otherwise, with the second player responding accordingly.

To create a version of Tiny Hanabi with a coordination challenge, we symmetrise the payoff matrix,
also shown in Figure 14. As in the previous convention games, there is a safe fallback option, which

does not require any conventions: Playing B as the first player leads to a reward of 8 as long as the
second player responds rationally.
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Figure 14: Payoff matrices for Tiny Hanabi adapted from Foerster et al. (2019). On the left
side, we show the matrix from the original paper, and on the right side, the matrix of our version
with a coordination challenge.
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Figure 15: Payoff matrices for the Matrix Game adapted from Lupu et al. (2021). Players simul-
taneously pick a row and column, respectively, and receive the reward at the selected cell.

C.3 SIMULTANEOUS SELECTION GAMES

In simultaneous selection games, symmetric players have to coordinate on one of many similar,
often symmetric, choices to achieve a high joint reward. We will study both one-shot versions of
these games (Matrix Game) and iterated versions (Permuted Levers).

Matrix game. Our version of the Matrix Game was introduced by Lupu et al. (2021). In this
game, two players simultaneously choose a row/column and receive the reward in the selected cell.
The matrix used to play this game is shown in Figure 15. For humans, there is an easy-to-identify
focal point given by the first column and first/second row, which can be exploited. Our version of
the matrix game uses a 11 x 11 matrix extending the diagonal pattern by 1. This yields another
possible focal point at the middle of the diagonal pattern (see also subsection B.8).

Permuted levers Lever Games are common in ZSC literature (Hu et al., 2021b; Treutlein et al.,
2023). For our purposes, we focus on iterated versions of lever games with n levers all with identical
payoff. In each round, both players simultaneously chose one of the levers. If players manage to
pick the same lever, they receive a joint reward of 1. To prevent arbitrary focal points introduced
by numbering the levers (which is needed for the LLM agents to interact with the environment), we
introduce a further complication inspired by the other-play objective (Hu et al., 2021a): Each player
observes and acts on the levers through a random permutation of the lever numbers, which stays
fixed across the rounds of the game. While players are aware of the fact, they do not know their own
or others’ permutations.

23



Under review as a conference paper at ICLR 2026 Workshop on MALGAI

Figure 16: Semantic Convention Game. Alice and Bob chose a row and column in the matrix
sequentially. Additionally, only Alice is informed of the currently active column, which is chosen at
random. Only if the agents end up selecting a cell in the active column do they receive the reward
in that cell. Agents must choose between the lexicographical mapping convention (green) and the
SP-optimal mapping convention (blue).
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Figure 17: XP scores of code agents in the semantic selection game using the initial CFD can-
didate. Scores are averaged across six different XP matrices; each cell reports the mean return over
100 episodes.

Both the number of levers £ and the number of rounds n are hyperparameters, which can be set at
initialisation. For our experiments, we fix k = 5 and n = 10.

C.4 SEMANTIC GAMES

Semantic games demonstrate that the addition of semantics can create coordination challenges in
games that previously did not exhibit them, as they have a unique SP optimal policy. In particular,
the semantic games presented in this paper semantic selection game (??) and semantic convention
game (Figure 16) force players to choose between two mutually incompatible meta-strategies: either
playing the SP optimal strategy or following a strategy that is aligned with the game semantics.
section 4 has demonstrated that LLM agents often struggle to consistently interpret semantics and
fail to properly reason about these difficulties. Semantic games, on the other hand, show that even
when the semantic interpretation is clear across agents, semantics can still hinder the coordination
abilities of agents, just by the fact that they introduce another possible meta-strategy.
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Figure 18: XP scores of code agents in the semantic convention game using the initial CFD
candidate. Scores are averaged across six different XP matrices; each cell reports the mean return
over 100 episodes.

?? demonstrates that LLM agents are generally not able to consistently choose among these com-
peting meta-strategies, leading to coordination failures. Interestingly, even though the CFD does
specify how to decide among the competing meta-strategies, it does lead agents to consistently opt
for the SP optimal policy in the semantic selection game. In the semantic convention game, the CFD
does not yield significant improvement in the agents’ coordination as shown in Figure 18.

D PROMPTS

D.1 TEXT AGENT

The prompt template used to instruct text agents is shown in in Figure 20.

Prompt Template for Text Agents

You are playing a cooperative game with another player. The game is generally turn-based. While you cannot communicate
with the other player, you can observe their actions and the joint rewards from previous turns. Your objective is to maximize
the joint reward.

You will play only a single round of the game (a round may consist of multiple turns).
Below is a detailed description of the game and, if applicable, the history of previous turns.
$Game Description$

$Game History$

You must now select an action for the current turn from the following set of legal actions:
$Legal Actions$

SCFD Instructions (if applicable)$

Respond using the following format:

REASONING:
<REASONING>

ACTION JSON:

“TJson
<JSON>

Figure 19: Template of the prompt used for text agents.
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D.2 CODE AGENT

The prompt template used to instruct code agents to generate a joint policy is shown in Figure 20.
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Prompt Template for Code Agents

General Instructions:

You will need to generate policies for a collaborative two-player game.

What is special about the game:

The game is generally turn-based. Agents cannot communicate with each other. Agents can see their actions and the
(joint) reward from previous turns. Generally, agents play each game only once (i.e. they can’t remember previous
games). If the game is iterated (i.e. the game is played for multiple rounds), this will be made clear in the game
description. Note that each game consists of multiple turns. Ensure the policy is coordination-friendly.

Instructions:

Policy Requirements:

Encode each policy as concise, readable Python code. Ensure the policies have good coordination performance in the
ZSC setting.

Zero-shot Coordination (ZSC) Setting:

The policy will be evaluated against independently generated policies (potentially from different LLMs) but with similar
instructions (game description, etc.). Poor coordination performance often arises when policies adopt incompatible con-
ventions or break symmetry arbitrarily.

Ultimate goal:

Maximize coordination in the ZSC setting.

SCFD Instructions (if applicable)$

What exactly is a policy?

Each of the two players has a (local) policy which is an action function. Such a function takes in an obser-
vation_dict and returns a legal action. Generally, each policy function must have the following signature: def
act (observation.dict: dict, memory: dict) -> tuple.

The first return value is the action (string), the second return value is the memory (dictionary). The memory is a dictionary
that can be used to store information between calls to the act function. The memory is initialized to an empty dictionary
(i.e. {}) at the start of the game. It is NOT initialized to None. The memory is passed to the act function in each call.
Players do not share the memory, each player has their own memory. You can make use of python standard libraries like
random and math (but not time).

How does the observation_dict look like? (An example; you can always expect the same general structure)

NOTE: Only index for values using the EXACT keys (1:1 match) from the example below. Otherwise, you will not be
able to access the values.

$Sample Observation Dict$
‘What are the legal actions?

Note that actions are encoded as strings. The returned action needs to match exactly one of the legal actions (e.g. we are
case-sensitive). If an invalid action is returned the game will end immediately and both players receive a penalty.

$Legal Actions Dict$

Note: Each local policy should always return a valid action, even when paired with a different local policy (i.e. the actions
of the other player might be different). Policies that produce invalid actions will be discarded.

Game Description:

$Game Description$

Output Specification:

Propose 1 set of policies for each player; put each set under the list " joint_policies". The policies will be executed
in Python to generate actions given the observation_dict. Make sure that you are generating valid Python code or else the
game ends immediately and you receive a penalty. There are 2 players in this game. While we use player_0, player_1, etc.

to refer to the players, they are only used for constructing the JSON, they are not part of the game.

The joint_policy should be formatted as JSON below. MAKE SURE TO FOLLOW THE FORMAT EXACTLY, as
the JSON is parsed automatically.

{ "joint_policies": [ { "name": The name of the joint policy, same for all
players using this policy. "reason": The reason why it is designed in this
way. player0: { "code": The python code for the policy function. Should
have the following signature: def act(observation.dict: dict, memory: dict)
-> Tuple[str, dict]. Make sure to escape double quotes within the code. },
playerl: { ... }, ... }, ...

Output

REASONING:

<REASONING>

Policy JSON:

TTTjson
<JSON>

Figure 20: Template of the prompt used for code agents.
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