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ABSTRACT

A central challenge in multi-agent reinforcement learning is en-
abling agents to adapt to previously unseen teammates in a zero-
shot fashion. Prior work in zero-shot coordination often follows a
two-stage process, first generating a diverse training pool of partner
agents, and then training a best-response agent to collaborate ef-
fectively with the entire training pool. While many previous works
have achieved strong performance by devising better ways to diver-
sify the partner agent pool, there has been less emphasis on how
to leverage this pool to build an adaptive agent. One limitation is
that the best-response agent may converge to a static, generalist
policy that performs reasonably well across diverse teammates,
rather than learning a more adaptive, specialist policy that can bet-
ter adapt to teammates and achieve higher synergy. To address
this, we propose an adaptive ensemble agent that uses Theory-of-
Mind-based best-response selection to first infer its teammate’s
intentions and then select the most suitable policy from a policy
ensemble. We conduct experiments in the Overcooked environment
to evaluate zero-shot coordination performance under both fully
and partially observable settings. The empirical results demonstrate
the superiority of our method over a single best-response baseline.
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1 INTRODUCTION

Effective coordination with previously unseen partners is vital for
multi-agent systems deployed in real-world settings. One promis-
ing approach is zero-shot coordination (ZSC) [13, 31, 40], in which
agents must align with novel collaborators without any additional
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learning or explicit communication at test time. Achieving ZSC,
however, is challenging because agents trained in self-play, where
they are jointly trained, tend to overfit to shared conventions that
emerge during learning. Consequently, they struggle to infer a new
partner’s intent and often lack a principled strategy for adapting
their behavior. This challenge is further exacerbated in deep learn-
ing-based approaches, as deep neural networks often behave un-
predictably when exposed to unseen inputs [4, 5, 7, 10], ultimately
resulting in coordination failures.

A common approach for ZSC is the population-based approach [3,
28, 37, 46], which first generates a diverse partner population, e.g.,
by using different seeds or by maximizing entropy across popu-
lations, and then trains a best-response (BR) agent! to maximize
the expected return across the partner pool. During training, the
BR agent interacts with partners sampled from the population, ob-
serves their behaviors, and learns to select actions that maximize
the expected team reward averaged across all possible partners.
In other words, the BR agent implicitly infers each partner’s pol-
icy through experience and adapts its own actions to achieve the
highest overall return when paired with diverse partners. Despite
reasonable performance in many tasks, this approach still has a
limitation: the BR agent is trained to fit all partners with a single
policy and may converge to a more static, generalist policy that does
not fully adapt to the new partners. Intuitively, the static generalist
policy represents an easy-to-learn local optimum that hinders the
BR agent from learning a truly adaptive policy. Effective collabo-
ration, however, inherently requires adapting to the behaviors of
one’s partners, rather than relying on fixed conventions or averaged
responses. The ability to adjust one’s policy based on the partner’s
behavior is essential for achieving robust coordination with diverse
or unseen partners. Our goal is to develop a method that enables
an agent to accurately infer a partner’s intent and adapt its actions
in a zero-shot manner.

In this paper, we propose the Theory of Mind-based Best Re-
sponse Selection (TBS) framework to address the adaptivity gap in
population-based BR methods. TBS leverages the concept of Theory
of Mind (ToM)—the ability to infer others’ beliefs and intentions—to
enable agents to reason about their partners’ behavior and adapt
their own actions accordingly. This capability enhances adaptivity
and leads to more effective coordination with novel or dynamically

'In game theory, the term best-response refers to the strategy which produces the
most favorable outcome, when other players’ strategies are fixed [6, 9]
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changing partners. Building on this insight, TBS constructs a diverse
partner pool, clusters partners into behaviorally distinct groups
through self-tuning spectral clustering, and trains a specialized BR
policy for each cluster. At execution time, a ToM-based adaptive
selection module infers a partner’s intent and identifies the most
similar cluster, selecting the corresponding BR policy for real-time
coordination. By integrating ToM reasoning with population-based
training, TBS bridges the adaptivity gap and achieves robust zero-
shot coordination with previously unseen partners.

We evaluate TBS in terms of ZSC performance in the Overcooked
environment [3], a fully cooperative two-player cooking game. In
addition, we conduct ablation studies assessing the performance
of our method with different training population sizes and with
different hyperparameter choices such as different number of clus-
ters. Empirical results show that the proposed method outperforms
the population-based Best-Response method [37, 46], with a perfor-
mance gap that increases with the size of the training pool. Overall,
our results demonstrate the utility of explicit ToM based adaptation
for zero-shot coordination. Our contributions include:

o Automatic identification of strategy clusters within a diverse part-
ner population using self-tuning spectral clustering of cross-play
performance.

o A Theory-of-Mind-based adaptive selection module that infers
a partner’s intent and dynamically selects the most suitable best-
response policy from an ensemble.

o Demonstration of TBS’s adaptivity and generalization, showing
that combining strategy-specific BR agents with ToM-guided policy
selection yields robust ZSC in the Overcooked environment.

2 BACKGROUND AND RELATED WORKS

2.1 Multi-Agent Reinforcement Learning

A decentralized partially observable Markov decision process (Dec-
POMDP) [2, 33] formalizes fully cooperative multi-agent decision-
making under partial observability. At each timestep t, each agent
i receives a local observation oi of the global state s; and selects an
action according to its policy ai ~ (| oi). The environment then
transitions to a new state s;41 and all agents receive a shared reward
r; that depends on the joint action. The objective is to maximize the
expected discounted return under the joint policy (%, - - -, zN):

(o)
J(xt, - ,irN) =ET~(”1’,,,’,[N)[Zytrt], (1)
=0

where y and 7 denote the discount factor and a trajectory sam-
pled from the trajectory distribution induced by the joint policy
(x!,...,7N) interacting with the environment dynamics, respec-
tively. In standard cooperative MARL, these policies are typically
trained jointly in self-play, where all agents learn simultaneously
within the same environment instance.

A common framework for Dec-POMDPs is centralized training
with decentralized execution (CTDE), where agents are trained
with access to global information but execute policies using only
local observations [16, 22]. Under CTDE, a key research direction
in cooperative MARL focuses on enhancing coordination among
agents, such as maximizing mutual information [20, 27] learning to
communicate [17, 19], and value decomposition methods [36, 38].
VDN [38] is a value decomposition method for multi-agent credit
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assignment that approximates the joint Q-function as a sum of
individual value functions, and trains it by minimizing the temporal-
difference error.

2.2 Zero-Shot Coordination

Despite the success of various approaches in cooperative multi-
agent environments, the learned policies may fail to cooperate even
with other agents trained using the same algorithm but different
random seeds. This limitation motivates the problem of zero-shot
coordination [3, 14], where agents should be able to cooperate with
novel partners without additional training. This stems from the fact
that, as described in Eq. 1, standard cooperative MARL optimizes
the expected return J(x!,---,zN) through self-play, where all
agents are trained jointly and their policies co-adapt to one another.
Consequently, the trajectory distribution 7 ~ (1, , zN) used
during training is determined by these co-adapted policies. When an
agent is later paired with an independently trained partner 7/, the
induced trajectory distribution 7/ ~ (m,-- 7, ..., 7N differs
from the one optimized during training. As a result, the optimization
objective no longer matches the evaluation setting, leading to a shift
in the trajectory distribution and potential coordination failure.

For evaluation, ZSC performance is commonly measured using
the cross-play (XP) and inter-algorithm cross-play (inter-XP) ob-
jectives. In the two-agent case, the XP objective assesses how well
agents trained independently under the same learning algorithm
A can coordinate:

Ty mg) + ] (g, 73)
iid .

Jxp(A) =E i 5

@)

(%) (mgm)

Here, (7L, ni) and (73, ﬂé) denote two independent policy pairs
obtained from separate training runs of the same algorithm A with
different random seeds. The expectation thus measures how well
independently trained agents from A can coordinate when paired
across runs.

Prior works such as Other-Play [14] and Off-Belief Learning [12]
optimize their methods to improve performance under this metric.
More recently, Any-Play [30] extends the evaluation to partners
trained with different algorithms, defining the inter-XP objective
as Jinter-xp (A) =

J(r)y, 78) +J (mp, 75)
E(ﬂ.'l JE)~ A (rhmE)~B 2

®)

where A and B denote two distinct multi-agent learning algorithms,
each providing independently trained policy pairs. To improve ZSC
performance, a variety of approaches have been proposed, includ-
ing convention-avoidance methods, which aim to reduce agents’
reliance on arbitrary conventions formed during self-play, and
population-based methods [3, 28, 37, 46], which train cooperative
agents against a diverse set of partners to promote generalization
and adaptability. We next discuss population-based methods in
more detail.

Population-based ZSC has been widely investigated as a frame-
work for enabling adaptive agents to achieve ZSC with novel part-
ners at test time [15, 24]. The PBT approach typically involves (1)
creating a diverse population of simulated agents, and (2) training
an adaptive cooperator agent as a best response to this population
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Figure 1: Left: Toy communication environment. Alice (in red) is shown a random number and can take actions A through
D or bail out. Bob (in blue) sees Alice’s action and can guess the random number or bail out. After the round is over, the
random number is revealed. Right: Jister-xp of different PBT ZSC algorithms as a function of partner agent pool size in a toy
environment. Shaded regions represent bootstrapped 95% confidence intervals capturing variability over evaluation seeds.

to mitigate overfitting to specific strategies and promote general-
ization across diverse partners. Methods for constructing a diverse
partner population [25, 32, 37, 46] include Fictitious Co-Play [37],
which trains multiple agent pairs with different seeds and takes
checkpoints from the start, middle, and end of training to represent
partners with diverse skill levels, Maximum Entropy Population-
based (MEP) training [46], which maximizes the entropy of the av-
erage policy of the population, random reward shaping [26, 42, 43],
which models implicit biases by adding a random reward shaping to
each agent during self-play training, and other diversity-promoting
techniques such as training a generative model to simulate infin-
itely many partner agents [28]. In this work, we use random reward
shaping to generate a diverse population of agents.

Once the population is constructed, most population-based ap-
proaches train a single cooperator.i.e., BR agent, to learn a com-
mon best response to the entire population of simulated part-
ners [3, 28, 37, 46]. However, this design may limit the BR agent’s
ability to adapt to novel partners, as it tends to learn a static gen-
eralist policy rather than an adaptive one [29, 45]. To improve
adaptability, Lou et al. [29] and He et al. [11] proposed conditioning
the BR policy on a representation of the partner derived from prior
interactions with that partner. Specifically, PECAN [29] learns a
few-shot, level-based best response conditioned on the approxi-
mate skill level of a given partner, which is estimated by a context
encoder using trajectory data from previous episodes. In contrast,
PALM [11] introduces a framework that adapts to unknown part-
ners by conditioning the BR policy on a latent embedding of a
partner’s policy, which is fine-tuned at test time using data from
prior interactions. Similarly, TSF [26] and MESH [45] construct a
library of diverse strategies and adapt to unknown partners within
a single episode by evaluating how well each strategy explains the
partner’s recent actions. TSF builds its strategy library through
a mix of heuristic agents and RL with reward shaping, selecting
an appropriate strategy to execute depending on partner strategy,
whereas MESH uses apprenticeship learning from clustered hu-
man-human trajectories and performs a weighted combination of
strategies during execution.
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2.3 Theory of Mind

Theory of Mind [34] refers to the ability of an agent to reason about
the mental states of itself and others, including their intentions,
beliefs, and preferences. Recent work has shown that such capabili-
ties can be approximated by deep neural networks. For example,
Theory of Mind Networks (ToMNets) [35] model other agents solely
from observed behavior, enabling a learned prior over plausible
behavioral patterns. These networks can improve their predictive
accuracy after observing a few timesteps of another agent’s behav-
ior and infer false beliefs in partially observable scenarios.

Forming such internal models of other agents, considered as
agent modeling, is crucial for adaptive multi-agent interaction [1,
21]. In this work, we focus on a form of ToM that infers an agent’s
intentions, represented as a set of interpretable concepts c[i]?ﬁ 1
where each c[i] corresponds to one of M predefined, environment-
specific intentions [8, 18, 23]. For instance, in the Overcooked en-
vironment, a concept may represent the “intention to pick up an
onion from the onion pile” The ToM network outputs the prob-
ability of each concept being active given an observation, and is
trained using binary cross-entropy loss against the corresponding
ground-truth concept labels obtained from the environment. The
loss function for the ToM parameters O, is given by

LO1M) =B, [erlogér + (1= co)log1 -, | (@

where ¢; = ToM(o¢; Otom)-

This objective encourages the ToMNet to accurately predict the
partner’s high-level intentions from observations

3 METHODOLOGY
3.1

One limitation of training a BR against an entire population of
partners is that it often converges to a static, generalist policy
rather than an adaptive one [29, 45]. Because adaptive behavior
requires learning multiple distinct strategies and maintaining long-
term memory for partner modeling, such generalist policies can

Motivation
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Figure 2: Overview of TBS: During training, (1) a diverse partner pool is constructed, (2) partners are clustered by behavioral
similarity and specialist BR policies are trained per cluster, and (3) global and cluster-specific ToM networks are learned. During
testing, the cooperator infers an unseen partner’s cluster and selects the corresponding BR policy for adaptive coordination.

easily become local optima during BR training. Moreover, as the
diversity and size of the partner pool increase, learning an adaptive
BR becomes increasingly difficult, diminishing the potential ZSC
benefits of population diversity.

To illustrate these limitations, we consider a simple two-agent
communication environment (Fig. 1 (a)) with 16 rounds. In each
round, the red agent (Alice) is shown a random number from 1
to 4 and can either take one of four actions (A-D) or bail out for
a reward of 0. The blue agent (Bob) observes Alice’s action and
must either guess Alice’s number, receiving a reward of 1 if correct
and -1 if incorrect, or bail out for a reward of 0; after each round,
the true number is revealed to Bob. This task can be viewed as a
signaling game: Alice’s action (A-D) serves as a discrete message
intended to convey the observed number (1-4). Each self-played pair
develops its own private convention mapping numbers to actions
(e.g., Alice 1—A, 2—B, 3—C, 4—D with Bob decoding A—1, B—2,
C—3,D—4), while a different pair may learn a different convention
(e.g., 1>A, 2—C, 3—B, 4—D). Consequently, ZSC across pairs is
non-trivial: Bob must infer the partner’s convention online after
observing Alice’s signal.

In the toy environment, we consider the task of adapting as Bob
to an unseen Alice agent. We use MEP [46] to generate a training
pool of Alice agents and a separate held-out pool for evaluation. We
compare four methods: (i) Random Selection, which selects a random
strategy from the pool; (ii) BR agent, which trains a single agent
to cooperate with any agent in the Alice pool; (iii) ToM-based Best-
Response Selection (TBS, ours), which infers Alice’s intentions via
ToM and selects the specialized Bob agent that best matches them;
and (iv) Oracle, which uses the exact partner co-trained with the
teammate, providing an upper bound on ZSC performance. Fig. 1
(b) shows the inter-XP performance Jipter-xp of the four methods as
a function of the number of training agents. When the pool is small,
our method performs comparably to the BR baseline. However, as
the pool grows, the BR agent struggles to adapt to the increasing
diversity of strategies and instead converges to a static generalist
policy. In contrast, our approach, through ToM-based reasoning,
retains strong adaptation capability and outperforms both the BR
and random baselines.
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3.2 ToM-based Best Response Selection

To overcome the limitations of static generalist BR policy, we pro-
pose an adaptive Theory of Mind-based Best Response Selection
(TBS) framework. TBS trains an ensemble of specialist BR policies
and adaptively selects one to act based on the inferred intent of a
new teammate through ToM reasoning. To this end, TBS includes
a cooperator agent that collaborates with partners at test time. It
comprises three main components: (1) a diverse partner pool, (2)
an ensemble of specialist BR policies, and (3) an adaptive selec-
tion module that dynamically selects the most suitable policy from
the ensemble according to the observed behavior of the teammate.
Fig. 2 provides an overview of the proposed TBS framework.

(1) Partner Pool Construction: We begin by constructing a
diverse pool of simulated partner agents using population-based
training methods such as Fictitious Co-Play (FCP) [37], Maximum
Entropy Population-based training [46], and random reward shap-
ing [39, 42, 43], following prior BR approaches. Rather than training
a single generalist BR policy against this population, we train an en-
semble of BR policies, each specialized to cooperate with a distinct
strategy cluster within the partner pool.

(2) BR Policy Ensemble: Having constructed a diverse partner
pool, we now train an ensemble of BR policies, each specialized to
collaborate with behaviorally similar groups of partners. Rather
than training a separate BR policy for every individual partner, we
group partners into clusters to improve computational efficiency
and promote generalization across similar strategies. For this, we
first cluster the partner pool into distinct strategy clusters using
self-tuning spectral clustering [44], which automatically determines
the number of clusters based on the policy similarity matrix. Specif-
ically, we construct the similarity matrix using cross-play perfor-
mance, where each entry is defined as

J(rh, 72) + J(mp, 72)
CRAD )
Intuitively, the better two agent pairs A and B perform in cross-play,
the more similar they are, and thus the closer they are in the similar-

ity space. Applying self-tuning spectral clustering (STSC) [44] to the
cross-play similarity matrix yields k clusters, denoted by Cy, . . ., C,

s(A,B) =

®)
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Figure 3: Onion soup environment layouts. From left to right: Large Room, Counter Circuit, Bothway Coordination, Asymmetric
Advantages, Forced Coordination, Coordination Ring, Cramped Room.

where each cluster contains a subset of agent pairs with similar be-
havior. Specifically, given an n X n similarity matrix S, where s(A, B)
denotes each entry, STSC [44] performs eigen-decomposition of the
graph Laplacian of S and collects the top k eigenvectors x1, .. ., Xk
to form the matrix X = [x1,...,x¢] € Rk In the ideal case where
the Laplacian is strictly block-diagonal, each row of X has only
one nonzero entry (up to some rotation XR, with R € Rkxk ). STSC
defines the alignment cost for a given number of clusters k and
rotation matrix R as

(XR)};

ey (KR 12 ©

JRK) =
i=1 j=1
and determines the optimal number of clusters by first minimizing
this cost over all rotation matrices R for each k, and then selecting
the k that yields the lowest alignment cost. Here, k corresponds to
the number of strategy clusters used in our BR ensemble.
We then train a BR policy for each cluster. Specifically, for the BR
policy corresponding to cluster i, with parameters 91"3R, we optimize
its policy Toi to maximize the expected return when paired with

partners from cluster i. The training objective is defined as

[ee]
Jer(65g) = Exu(o, [, ] [Z )/trt], (7)
BR  t=0
where U(C;) denotes the uniform distribution over the agent pairs
in cluster C;. Note that the BR policies are complementary to their
corresponding clusters.

(3) Adaptive Selection: For adaptation, the cooperator agent
should be able to infer the partner’s intent and act accordingly. In
the adaptive selection module, we use ToM models to infer the
partner’s intent and determine the most behaviorally similar clus-
ter, allowing the agent to select and execute the corresponding
complementary BR policy.

To do this, we build a total of k + 1 ToM models: k cluster-specific
ToM models, denoted as ToMc, for each cluster i, which infer the
partner’s intent within their respective clusters, and one global ToM
model, denoted as ToMjobal, Which infers partners across all clus-
ters. Here, all ToM models are implemented as recurrent networks.
In addition, each ToMc;, is trained to output a concept represen-
tation (i.e., a high-level action) corresponding to the intention of
a partner agent within cluster i, whereas ToMgopa1 is trained to
predict a concept representation of the partner’s most likely intent,
inferred from the history and generalized across clusters. To train
the ToM models, we generate trajectories from each cluster and use
them to train ToMc, with its respective trajectories, and ToMg|opal
with trajectories aggregated across all clusters. All ToM models are
optimized according to Eq. 4, as described in Sec. 2.3.
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The outputs of the k+1 ToM models are leveraged at test time
in the following online adaptation phase to infer which cluster the
new partner corresponds to.

3.3 Online Adaptation to New Partners

The rationale behind TBS’s adaptation to new partners is that ef-
fective coordination requires understanding the partner’s intent
and aligning one’s behavior accordingly. By leveraging ToM rea-
soning to infer the partner’s underlying intention and identify its
corresponding cluster, TBS enables the agent to select an appropri-
ate BR policy that matches the partner’s behavior. Specifically, the
corresponding cluster is identified by comparing the output of the
global ToM model with those of the cluster-specific ToM models;
the cluster whose ToM output is closest to that of the global model
is regarded as the one corresponding to the new partner. Formally,
we compute the divergence between the Bernoulli distributions of
the concept predictions from the cluster-specific and global ToM
models as D(ToMc,, ToMgiobal) =

t M

Z Z Dx1 (Bernoulli(ci, LD Il Bernoulli(c?,l‘)bal
F=1j=1

D). ®

where ci, and c?,l obal
by ToMc, and ToMglobal, respectively, and Dkp(+|-) denotes the
Kullback-Leibler divergence.

We then select the index i corresponding to the minimum dis-
tance, i = arg min; D(ToMc;, ToMglobal), and assign the i-th BR
policy to collaborate with the new partner. Since the BR policies
in our ensemble are specialized for distinct strategy clusters iden-
tified by the clustering algorithm, this process can be intuitively
viewed as identifying the teammate’s strategy and choosing the
most appropriate response. At the beginning of each episode, the
cooperator agent randomly selects one policy from the ensemble,
as some interaction history is required before the partner’s intent
can be inferred.

denote the concept distributions predicted

4 EXPERIMENTS

In this section, we evaluate the proposed TBS against several base-
lines in the Overcooked environment, focusing on ZSC.

4.1 Experiment Setup

Environment. We evaluate our method in the Overcooked-Al
environment [3], a widely used benchmark for ZSC. Specifically,
we use the Onion Soup scenario, in which two agents must cooperate
to prepare and deliver onion soup dishes, mimicking the gameplay
dynamics of the commercial game Overcooked. Preparing a dish
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Figure 4: ZSC Performance of different methods in 7 Onion Soup layouts in fully observable (left) and partially observable
(right) settings. The final “Overall” bar in each plot denotes the average performance across all layouts. Error bars indicate
bootstrapped 95% confidence intervals capturing variability over different evaluation seeds. Our TBS method equals or improves

on the baseline BR method in almost all layouts.

requires placing three onions into a pot, waiting 20 frames for the
soup to cook, retrieving the cooked soup with a plate, and serving it
at the delivery counter. Each successful delivery yields a reward of
20, and the objective is to maximize the number of deliveries within
a 400-frame episode. Each agent receives a spatial observation
encoding the positions and states of key items and agents, and
selects actions from movement directions and a context-dependent
interact action for picking up, placing, and delivering items.

We assess performance across seven distinct layouts, each de-
signed to elicit different coordination challenges and cooperative
behaviors. For example, the Forced Coordination layout requires
the red agent to pass onions across the counter to the blue agent,
whereas the Cramped Room layout emphasizes fine-grained move-
ment coordination in tight spaces. All layouts are evaluated under
both fully observable and partially observable conditions. The seven
layouts are illustrated in Fig. 3 and described in Appendix E.

Concept Definition. As discussed in Sec. 2.3, ToM models pre-
dict concepts that capture the high-level intentions of the partner.
In the Overcooked environment, each concept corresponds to a se-
mantically meaningful high-level action that reflects the agent’s cur-
rent subgoal (e.g., “onion_pickup_from_pile,” “onion_drop_in_pot,”
“dish_delivery”). These concepts represent distinct uses of the in-
teract button (e.g., picking up, placing, or delivering items) and
provide interpretable supervision signals for learning partner in-
tent. A detailed description of all concept categories used in our
experiments is provided in Appendix C.

Baselines. (i) Random Selection: randomly selects an agent from
our training pool to play out the entire episode, used to assess the
effectiveness of adaptive selection. (ii) Best-Response (BR): trains a
single best-response agent to coordinate with the entire training
pool. (iii) Oracle: uses the exact policy that was co-trained with the
unknown partner, essentially measuring Jsp of the base algorithm,
and thus serves as an upper bound. (iv) CEM: Uses the cross-entropy
metric described in [26] to choose an agent from the training pool
to cooperate with the partner. (v) CBPR: Uses the intra-episode
bayesian belief update proposed in [41] to choose a specialist best-
response agent to cooperate with the teammate.
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Both the baselines and the proposed TBS require constructing
an agent pool, which we create by training 10 agents. Random
Selection and CEM do not require additional RL training, whereas
Best-Response, CBPR and TBS involve further training. Specifically,
Best-Response trains a single cooperator agent by pairing it with one
of the 10 agents in the pool, randomly selected at the beginning of
each training episode, and CBPR and TBS pair each cooperator agent
with agents randomly selected from its corresponding strategy
cluster. We provide the training details in Appendix D.

Evaluation. We evaluate the any-play performance, fipter-xp»
of the proposed TBS and the baselines. Specifically, this measures
performance when playing with held-out agents that are indepen-
dently trained using VDN with randomly shaped rewards. Note that
the held-out agents follow different strategies, as they are trained
with distinct reward functions. For this purpose, we generate 10
different held-out agents and use them for evaluation.

Code and experiment scripts are available at: https://github.com/
andrewni2002/ToMZSC. Appendix is available at: https://arxiv.org/
pdf/2602.12458.

4.2 Experimental Results

We provide results under both fully and partially observable set-
tings, as shown in Fig. 4(a) and (b), respectively. The figures also re-
port the average performance across the considered layouts. Across
both settings, TBS achieves higher average performance than the
baseline methods, demonstrating superior adaptability in ZSC.

In the fully observable setting, the proposed TBS method matches
or exceeds the performance of the BR baseline in six out of seven
layouts. While the BR agent tends to learn a static generalist pol-
icy that fails to adapt to unseen teammates, TBS leverages explicit
ToM-based adaptation through its ensemble of specialized BR poli-
cies, enabling rapid identification of the teammate’s strategy and
effective adaptation to it, which leads to higher ZSC performance
overall. In the partially observable setting, the overall ZSC scores
decrease due to the increased difficulty of coordination under lim-
ited observability. Nevertheless, TBS matches or outperforms the
BR baseline across all layouts, demonstrating its robustness and
adaptability even in partially observable environments.
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Figure 5: Experiments ablating the main components of TBS (left), the number of agents in the training pool (middle) and
the number of strategy clusters when using spectral clustering with a fixed number of clusters (right). Error bars and shaded
regions indicate bootstrapped 95% confidence intervals capturing variability over different evaluation seeds Left: Average ZSC
performance of different methods over all 7 onion soup layouts. Both clustering and ToM-based strategy selection improve
ZSC performance. Middle: ZSC performance on the difficult Counter Circuit layout as a function of the number of agents in the
training pool. Larger training pools result in better ZSC performance for both TBS and BR, but TBS improves more. Right:
Average performance of TBS with different numbers of clusters over all 7 onion soup layouts. Average scaled rewards are all
around 0.7 to 0.8, indicating that our method is robust to the number of clusters.

- (TOBUSFS) s CBPR mo CEM mmm BR mmm Ezredc%fgn We further perform an ablation on the adaptive selection module.
Fig. 5(a) shows the results of TBS without the adaptation module and

05 arandom cross-play variant that removes both cross-play clustering
30.4 and ToM-based selection. Both perform worse than TBS, indicating
E 03 that the proposed ToM-based adaptive selection module is essential
50 for effective ZSC. Additional ablation studies on window size and
3 steps per selection are provided in Appendix A.

o
i

4.3.2  Clustering Operation. We first describe how our proposed
self-tuning spectral clustering operates. Fig. 7 illustrates a walk-
through of our automatic strategy clustering procedure in the Large
Room layout. As discussed in Sec. 3.2, we first construct the cross-
play matrix over the training pool and then compute the similarity
score matrix s(A, B) as defined in Eq. 5. Finally, we apply self-tuning
spectral clustering [44] on the similarity matrix , minimizing the
cost function from Eq. 6 to determine the number of clusters.

As shown in the left and middle panels of Fig. 7, three clusters
(boxed in blue) are identified, indicating that the policies within
each blue box exhibit similar behaviors. The number of clusters is
determined to be three, as shown in the rightmost panel of Fig. 7,
where the STSC cost function reaches its minimum when k = 3.
It is observed that agents with relatively higher cross-play perfor-

0.0

Figure 6: Frequency of different methods selecting the same
action as that of the agent co-trained with the unknown
teammate, averaged over 7 simple soup layouts

In both settings, the Random Selection baseline performs signifi-
cantly worse, highlighting the necessity of adaptive selection and
the effectiveness of the ToM-based adaptive module in TBS.

4.3 Analysis

In this section, we provide several in-depth analyses for better mance tend to be grouped together, which aligns with the intended
understanding of the proposed method. Our analysis consists of objective of clustering behaviorally similar strategies. Additional
two main parts. The first focuses on the adaptive selection module, clustering results for other layouts are provided in Appendix B.
analyzing how effectively it identifies and responds to the part- In addition, we conduct an ablation on the clustering component.
ner’s strategy. The second focuses on the partner pool and the Fig. 5(a) shows the result of TBS without clustering. Removing the
corresponding BR policies, examining how the proposed spectral clustering step leads to a clear drop in performance, highlighting
clustering operates and investigating the effects of the number of its importance in the overall framework.

clusters and the size of the partner pool. We also include a sensi-

tivity analysis on the concept sets used for ToM training to assess 4.3.3  Size of Partner Pool. Having a diverse set of partners is one
their impact on performance. of the most important factors for achieving effective ZSC—exposing
4.3.1 Adaptive Selection. We first evaluate how often each method agents to a wide range of partners during training improves their
selects the same action as the oracle, defined as the co-trained agent. ability to collaborate with unseen partners. Therefore, it is crucial
Since the oracle was trained jointly with the unknown partner, its to leverage a sufficiently large partner population within a given
policy can be viewed as a reference for the correct cooperative computational budget, such as memory and compute capacity. As
action at each timestep. The results are shown in Fig. 6. TBS achieves observed in the toy example in Sec. 3.1, performance generally
higher action accuracy than all baselines except CBPR. improves as the partner pool size increases. However, while the BR
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baseline struggles to effectively leverage larger populations, TBS
can continue to benefit from increased partner diversity. To verify
this observation in a more realistic setting, we conduct experiments
in the Overcooked environment, varying the size of the partner
pool between 5 and 75 in the most challenging layout, Counter
Circuit, and report the average ZSC performance of both TBS and
the BR baseline on 25 held-out evaluation agents.

The corresponding results are shown in Fig. 5(c). It is observed
that (i) TBS consistently outperforms BR in ZSC performance, in
line with our previous findings; (ii) the ZSC performance of both
methods increases with the training population size, which aligns
with intuition and prior studies [28, 29, 37, 46]; and (iii) TBS benefits
more from larger partner populations, as it can effectively exploit
agent diversity to construct an adaptive ensemble, whereas BR
learns a static, generalist policy that limits its performance gains
from increased population size. This aligns with the result observed
in the simple toy example, described in Sec 3.1.

4.3.4  Number of Clusters. While we have used self-tuning spec-
tral clustering [44], which automatically determines the number of
clusters, we can also treat the number of strategy clusters as a tun-
able hyperparameter. In this analysis, instead of using self-tuning
spectral clustering, we manually set the number of clusters k and
then perform vanilla spectral clustering to construct the strategy
clusters. We train a population of 10 training agents and 10 held-out
evaluation agents using VDN, vary k between 2 and 5, and report
the average ZSC performance of our method over the seven fully
observable Simple Soup layouts described above.

The results are shown in Fig. 5(d). TBS (fixed) indicates TBS with
a preset number of clusters, whereas TBS (automatic) refers to the
original method using self-tuning spectral clustering. The average
performance of TBS (fixed) stays around 0.7-0.8, indicating that our
method is robust to the choice of k. In addition, using self-tuning
spectral clustering eliminates the need for manual hyperparameter
tuning while maintaining comparable performance.

4.3.5 Concept Set. The ToM models in TBS predicts a partner’s
intention as a distribution over a predefined set of concepts. To
understand how the choice of this concept set affects performance,
we investigate the sensitivity of TBS to different levels of concept
granularity. While we have used a granular concept set containing
a total of 44 concepts for TBS, in this section we explore using TBS
with less granular and different kinds of concept sets. Specifically,
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the TBS (coarse concepts) method uses a coarser concept set of
size 11 that does not distinguish between key items at different
locations. The TBS (very coarse concepts) uses an even lower res-
olution concept set containing only 6 concepts. Finally the TBS
(action-based) method directly uses the 6 low-level actions as its
concept set.

The average ZSC performance of each method over 7 fully ob-
servable Onion Soup layouts is displayed in Fig. 5b. The average
ZSC performances of the four methods are similar, indicating the
robustness of TBS to concept set specification. However, we also
see that high-level intention-based concept sets outperform low-
level action based concept sets, and that more granular concept sets
outperform less granular ones, as concept sets that are less granular
and less aligned with the problem of high-level coordination are
more likely to conflate distinct strategies and choose the wrong
specialist best-response agent.

5 CONCLUSION

In this work, we presented TBS, a Theory-of-Mind-based Best Re-
sponse Selection framework designed to enhance zero-shot coordi-
nation with novel partners. Unlike conventional population-based
approaches that rely on a single static best-response policy, TBS
leverages behavioral clustering and ToM-guided policy selection
to achieve adaptive collaboration. During evaluation, the agent in-
fers its partner’s behavioral intent and selects the most compatible
best-response policy in real time, enabling robust adaptation to
unseen strategies. Empirical evaluations in the Overcooked envi-
ronment demonstrate that TBS significantly improves coordination
performance across diverse conditions, underscoring the potential
of explicit Theory-of-Mind reasoning as a general mechanism for
zero-shot coordination.

Limitation One limitation of our work is the lack of theoretical
analysis on coordination and generalization. We leave this for future
work. In addition, our method depends on the specific concept sets
used, and underspecification of concept sets could lead to different
strategies being conflated by our ToM-based ensemble coordinator.
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