
SAN: Style-Adaptive Zero-Shot Coordination via
Dynamic Partner Inference

Abstract—Zero-shot coordination aims to develop agents that
can generalize to unseen human partners without relying on
human data. To achieve this, Population-Based Training (PBT)
has emerged as a prevailing paradigm, which constructs a diverse
partner pool via self-play to enhance the agent’s robustness.
However, existing PBT frameworks often fail in real-world inter-
actions where human partners exhibit non-stationary strategies
and dynamic style switching. To address this challenge, we
propose Style Adaptive zero-shot coordinatioN(SAN), the first
style-aware PBT framework designed for dynamic coordination.
SAN incorporates a latent style inference module to capture the
temporal evolution of partner behaviors. Specifically, we employ
a Transformer-based selector to dynamically activate specialized
policy heads from a diverse repertoire. To ensure high-quality
training, we introduce a style-constrained utility function during
the population seeding phase, explicitly incentivizing behavioral
diversity via distorted quantile fractions. Extensive evaluations
in Overcooked environment demonstrate that SAN significantly
outperforms state-of-the-art methods in both static and dynamic
switching scenarios, manifesting robust zero-shot generalization.

I. INTRODUCTION

Developing artificial intelligence systems that can interact,
collaborate, and assist humans is a long-standing objective in
AI research [1]–[3]. Classical model-based approaches have
achieved remarkable success by leveraging human expert data
to construct behavioral models and planning modules [4]–
[6]. However, as tasks grow more complex and privacy con-
cerns intensify, collecting sufficient high-quality expert data
becomes increasingly time-consuming and costly [7]–[10].

To address these limitations, zero-shot coordination (ZSC)
has emerged as a promising paradigm for building agents that
generalize to unseen human partners without using human
data [11]–[17]. Typically, ZSC methods maintain a policy pool
and iteratively improve an agent through self-play [18], [19].
Early approaches often treated pool policies uniformly and
performed pairwise training to maximize cumulative reward.
However, these methods are prone to implicit convention
overfitting: agents may converge to equilibria tailored to their
co-trainers, leading to poor generalization to unseen partners
[20], [21].

Population-Based Training (PBT) [11]–[13], [22] improves
robustness by maintaining a diverse partner population and
training an ego agent against this pool, often using Proximal
Policy Optimization [23]. State-of-the-art PBT techniques,
such as fictitious co-play [15], TrajeDiv [12], and maximum
entropy population [24], further incorporate explicit diversity
objectives to mitigate overfitting. Despite their success, exist-
ing PBT methods typically assume that a partner’s behavioral

style is stationary within an episode. This assumption limits
performance when interacting with real-world partners whose
strategies are non-stationary and may switch styles online.

To bridge this gap, we propose Style Adaptive zero-shot
coordinatioN (SAN), the first style-aware PBT framework.
SAN leverages interaction histories to infer a partner’s current
style and adapts the ego agent’s strategy online. The SAN
architecture comprises three core components: 1) a feature
extractor that encodes the current state into a latent represen-
tation; 2) a multi-head action generator that produces diverse
cooperative actions tailored to different styles; and 3) a state-
enhanced selector with a Transformer backbone that infers
the partner’s style from historical sequences and activates the
corresponding policy head. Furthermore, we introduce utility
functions to modulate rewards during self-play, fostering a
partner pool with explicitly diverse strategic styles. Our main
contributions are listed as follows.

• We devise a novel scheme to enhance style diversity in
the partner pool by modeling the action-value distribution
via a quantile network and employing distorted quantile
fractions to modify the PPO objective. This enables the
generation of partners with distinct strategic tempera-
ments, such as aggressive, neutral, and conservative.

• We propose a dynamic action adjustment strategy for
the ego agent. During training, each head of the ac-
tion generator specializes in coordinating with a specific
partner style, while the state-enhanced selector learns to
distinguish styles from state sequences, ensuring adaptive
collaboration with unseen partners.

• To enhance the selector’s style recognition ability, we
divide states{st} into two groups based on the deviation
between Q(st, π(st)) and V (st), where π denotes the
partner policy, Q and V denote the state-action value
function and the state value function, respectively. A
larger deviation |Q(st, π(st)) − V (st)| implies a bigger
influence of the policy’s action, indicating the significance
of the state st in the state sequence. In the basic blocks of
the selector transformer, slow/fast paths are used to deal
with states in different groups, where the complex multi-
layer slow path is used to extract the hidden features from
more informative states while a single-layer fast path is
used to deal with less significant states.

Empirical studies in the Overcooked environment demon-
strate SAN’s ability to dynamically infer the partner’s strategy
style and modify the strategy of the ego agent correspondingly,
outperforming existing methods.



II. RELATED WORK

A. Model-based Coordination
Classical approaches in human-AI collaboration are often

model-based, relying on constructing behavior models from
human data to facilitate planning with a human partner [4],
[13], [14], [25]. These approaches typically involve planning
and learning with potentially non-optimal models of human
behavior, often modeled using probabilistic frameworks that
assume human trajectories exist within a continuous space [6],
[26]–[28]. Recent work has introduced novel deep learning
frameworks that incorporate human operational insights to
improve coordination among multiple robots [5], [29]. These
studies explore different methods for modeling human behav-
ior. For example, [29] compare the effectiveness of learning a
human model using deep learning techniques against a more
structured “theory of mind” approach. [5] evaluate the overall
utility of incorporating a human model, questioning whether
having such a model is beneficial at all.

B. Zero-shot Coordination
Zero-shot coordination (ZSC) [11], [24], [30]–[33] has

become a significant area of research due to its unique human-
data-free approach to agent collaboration, which relies entirely
on self-play between agents. The first ZSC method, introduced
by [11], involves independently trained agents working to-
gether towards a common objective in a cooperative game
setting. A fundamental challenge of this type of method is
that these agents can easily develop implicit conventions and
overfit to specific partners or cooperation patterns.

Population-based training (PBT) [22] methods have
emerged as effective approaches to mitigate this issue. Typi-
cally, PBT maintains a diverse population of training partners,
training one ego agent with respect to the partner policy pool
to collaborate effectively with a broad spectrum of partners.
Fictitious co-play (FCP) [15] proposes the first two-stage
framework by first creating a pool of self-play policies and
then training an adaptive policy against them. [15] show that
with diversity induced by different checkpoints and different
random seeds, the agent can generalize well in collaborative
games. Later, TrajeDiv [12] and Maximum Entropy Population
method (MEP) [24] adopt explicit diversity objectives to
generate diverse policies as partners and achieve state-of-
the-art ZSC performance. Recently,Hidden-Utility Self-Play
method (HSP) [17] explicitly models human biases as hidden
reward functions in the self-play objective. By approximating
the reward space as linear functions, HSP adopts an effective
technique to generate an augmented policy pool with biased
policies. In order to collaborate well with partners of different
abilities, PECAN [34] proposes the policy ensemble method
to increase the diversity of partners in the population, and
then develop a context-aware method enabling the ego agent
to analyze and identify the partner’s ability so that it can take
different actions accordingly. Note that PECAN heavily relies
on domain knowledge to recognize the skill levels of partners,
which may become fragile when it is difficult or impossible
to obtain such information.

Our proposed SAN framework utilizes a domain-agnostic
mechanism to dynamically adjust strategies based on interac-
tion sequences, enabling effective collaboration with diverse,
unseen partners.This goal is also related to preserving trans-
ferability in learned representations and policies [10], [15],
[35].

III. PRELIMINARIES

We model the two-player-environment interaction by a
discounted infinite-horizon Markov Decision Process
M =< S,A(i),R,P, µ0, γ >, where S denotes the state

space, Ai is the action space of player i where i ∈ {1, 2},
R(S,A1, A2) denotes the reward function , P : S×A×S →
[0, 1] is the transition kernel, µ0 is the initial state distribution,
and γ ∈ (0, 1) is the discount factor.

Under a classic RL setting, an action-value function Q
is used to represent the expected return as Qπ(s,a) =
E [Zπ(s,a)], where the expectation takes over all sources of
intrinsic randomness. While under the distributional setup, it
is the random return Zπ(s,a) itself rather than its expectation
that is being directly,which has been shown effective in a range
of reinforcement learning algorithms [36]–[38]. Similar to the
classical Bellman equation, Zπ(s,a) follows the distributional
Bellman equation:

Zπ(s,a)
D
= R(s,a) + γZπ (s′,a′) . (1)

where D
= denotes ”equal in distribution” and a′ ∼

π (· | s′) , s′ ∼ P (· | s,a).
The return distribution can be modeled by a network

Zτ (s, a; θ). Let F−1
Z denote the quantile function for random

variable Z, which represents the inverse function of the
cumulative distribution function FZ(z) = Pr(Z < z), i.e.
F−1
Z (τ) := inf{z ∈ R : τ ≤ FZ(z)}, where τ denotes the

quantile fraction. In the following, we denote Zτ := F−1
Z (τ).

Given state s and action a, the action-value distribution is
approximated by a number of quantile values at quantile
fractions. Let {τi}i=0,...,N denote an ensemble of quantile
fractions, which satisfy τ0 = 0, τN = 1, τi < τj , ∀i < j,
and τi ∈ [0, 1], i = 0, . . . , N . We further denote τ̂i =
(τi + τi+1) /2. Based on eq.1, the pairwise temporal difference
(TD) error between two quantile fractions τ̂i and τ̂j is defined
as

∆t
ij = rt + γZτ̂i(st+1, at+1; θ̄)− Zτ̂j (st, at; θ) , (2)

The Huber regression loss is commonly adopted to train the
quantile network, which is defined as,

ρκτ (∆ij) = |τ − I {∆ij < 0}| Lκ (∆ij)

κ
,

with Lκ (∆ij) =

{
1
2∆

2
ij , if |∆ij | ≤ κ,

κ
(
|∆ij | − 1

2κ
)
, otherwise.

(3)

Thus the objective of quantile value network Zτ (s, a; θ) is
given by

JZ(θ) =

N−1∑
i=0

N−1∑
j=0

(τi+1 − τi) ρ
κ
τ̂j

(
∆t

ij

)
(4)
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Fig. 1: Overall framework of SAN. (a) Self-play training (SP). The partner policy pool consists of SP policies. (b) Population-
based training (PBT). A partner is sampled from population at each iteration to cooperate with the ego agent. (c) The main
structure of our proposed SAN method consists of three components, i.e., a neural network-based feature extractor, a multi-head
action generator, and a state-enhanced selector.

where κ is a constant threshold, and each ρτ̂j is weighted by
the target distribution fractions τi+1 − τi.

IV. METHODOLOGY

In this section, we present our Style Adaptive zero-Shot
coordinatioN (SAN) Algorithm, where a partner policy pool
is first constructed by running self-play repeatedly with PPO
and then an ego agent is trained against this pool. Fig.1(c)
illustrates the overall structure of our SAN. Our framework is
composed of the following key components:

• The Feature Extractor, where a convolutional neural
network is used to extract the basic features of the current
state.

• The Multi-Head Action Generator, which generates
actions cooperating well with partners of different styles
with different heads based on the latent state features.

• The State-Enhanced Selector, which is based on a
Transformer architecture, is designed to recognize the
partner’s style from historical state information and select
the corresponding head in the action generator.

In the training of SAN, each head in the action generator
is trained to collaborate effectively with partners of a specific
style in the policy pool, and the state-enhanced selector is
trained to distinguish the partner’s style based on state se-
quences. As a result, the agent is able to recognize the partner’s
style and choose the appropriate action head to collaborate
with the partner, when collaborating with a new partner. To
further improve the performance of SAN, we also propose a
Stylized Policy Pool construction scheme and fast-slow path

strategy in the state-enhanced selector, which will be described
in the subsequent subsections.

A. Stylized Policy Pool in SAN

In the partner policy pool construction stage, we model
the distribution of the action value function with a quantile
network, and utilize the distorted quantile fractions of the value
function to modify the PPO objective. Here, we parameterize
the value distribution Z of a policy π with Zτ (s, a; θ).
Given a set of quantile fractions {τi}i=0,...,N , which satisfy
τ0 = 0, τN = 1,and τi < τj , ∀0 ≤ i < j ≤ N , the value
distribution can be written as

Zπ(s, a) :=

N−1∑
i=0

(τi+1 − τi)δzτ̂i (s,a;θ) (5)

where δz is a Dirac at z ∈ R and τ̂i = (τi + τi+1) /2. Here,
the parameter θ can be optimized w.r.t. the objective (4). The
distorted expectation is computed as

Qβ(s, a) =

N∑
k=1

(ψβ(τk)− ψβ(τk−1)) zτ̂i(s, a; θ) (6)

ψ is the utility function to compute the distorted expectation.
In this work, we adopt Wang metric [39] to model different
policies, and compute the distorted quantile fractions as

ψWang
β (τ) = Φ(Φ−1(τ) + β) (7)

where Φ is the standard normal distribution and β is the scalar
parameter. Typically, we can choose β = 0 for neutral policies



, β > 0 for aggressive policies , and β < 0 for conservative
policies.

This allows us to construct partner policies with different
styles (aggressive, neutral and conservative) without lever-
aging domain knowledge. Specifically, we first sample β ∈
[−1.5, 1.5] and then train different policies by self-play using
the following β-distorted PPO clipped objective.

L = min

(
πϕ(s|a;β)
πϕold(s|a;β)

Aπϕold (s, a;β), ψ(ϵ, Aπϕold (s, a;β)),

)
where

ψ(ϵ, A) =

{
(1 + ϵ)A, ifA ≥ 0,

(1− ϵ)A, ifA < 0.

and Aπ(st, at;β) denotes the distorted advantages

Aπ(st, at;β) =
∑
l=0

(λγ)lδrt+l (8)

with δrt = rt + γQβ(st+1, at+1) − Qβ(st, at). Note that we
include three checkpoints in each self-play training procedure
in the stylized policy pool: the first checkpoint (i.e. a randomly
initialized agent), the last checkpoint (i.e. a fully trained
agent), and the remaining checkpoint that achieves closest to
half of the reward of the last checkpoint (i.e. a half-trained
agent).

B. State-Enhanced Selector with Dual-Path Inference

Fig.1(c) illustrates the structure of the state-enhanced se-
lector module, where we utilize a fast-slow path technique
to prioritize “informative” interactions for style inference.
This module processes all states stored in the state buffer as
input. Initially, basic features are extracted from these states.
Attention modules are then employed to capture the stylistic
information within the sequence. The features of the different
states s are subsequently categorized into informative and
regular groups based on the deviation between Q(st, a

(p)
t )

and V (st), where a
(p)
t ∼ π(· | st) denotes the partner’s

action at st. Here, π represents the partner policy, while Q and
V denote the state-action value function and the state value
function, respectively. Furthermore, we quantify this action
informativeness as |Q(st, a

(p)
t ) − V (st)|. A larger deviation

indicates that the partner’s choice at st has a stronger influence
on the task outcome, making it more representative of their
underlying style.

Within the attention modules of the selector, states in
different groups are processed using distinct paths. For im-
portant states, a complex, multi-layer slow path is employed
to extract hidden features. In contrast, a single-layer fast path
is used to handle the less significant regular states. Finally, all
features are reassembled into their original positions within
the sequence, guided by the state mask. This process can be
formally expressed as follows:

S3 = Reassembled(Slow(S1), Fast(S2)) (9)

where S1 and S2 represent important and regular state fea-
tures. Reassembled(·) represents the reassembling operation,
we directly use concatenation for reassembly here. Slow(·) and

Fast(·) represent the slow path and fast path, respectively. The
essential difference between the two paths is that one passes
through multiple layers of linear transformations, while the
other passes through only one layer. This allows the state-
enhanced selector module to pay more attention to the critical
states in the trajectory and infer the partner’s strategy style
based on these states.

V. EXPERIMENTS

To evaluate the effectiveness of our proposed SAN algo-
rithm, we conducted a series of experiments in Overcooked
[5]. It is a cooperative multiplayer game that emphasizes
teamwork and coordination in a fast-paced kitchen setting. In
this environment, players assume the roles of chefs working
together to prepare and serve a variety of dishes under time
constraints. We compare our algorithm with the SOTA PBT
algorithms including FCP [15], MEP [24], TrajeDiv [12], and
HSP [17], all implemented based on the HSP code repository
1. Besides, we also include the ability-aware PECAN method
[34] as our baseline. First, we assess the zero-shot coordi-
nation capability of these algorithms by having the trained
agents collaborate with human proxy models obtained through
behavior cloning with human data. To validate the style-
adaptive property of our proposed algorithm, we also compare
the performance of different methods when cooperating with
partners of random/shifting styles. Then, we conduct ablation
studies to demonstrate the effectiveness and contribution of
each module in SAN. Besides, we also visualize action dis-
tribution of different agents in the partner policy pool and the
style recognition accuracy of the selector in SAN to further
validate the effectiveness of the stylized policy pool and the
selector, respectively.

A. Collaborative Evaluation with Learned Human Proxy Mod-
els

Table. I presents a comprehensive comparison of the co-
ordination performance of various agent models, including
SAN, HSP, FCP, MEP, TrajeDiv, and PECAN, when coop-
erating with a human proxy model. Here, we choose three
different one-recipe layouts in the Overcooked environment,
i.e., Asymmetric Advantages, Coordination Ring, and Counter
Circuit, with increasing difficulty levels. In the construction of
the human proxy, we use behavior-cloned model that released
in the code of [5]. To ensure a fair comparison across all
models, we maintained an identical population size for each
method. Furthermore, to account for potential variability, each
algorithm was executed multiple times with different random
seeds, and the reported results reflect the average performance
across these runs.

The results clearly indicate that SAN significantly outper-
forms the other baseline models, particularly when evaluated
within the Counter Circuit/Coordination Ring layouts, which
are known for their high demand for effective collaboration.

1https://github.com/samjia2000/HSP



TABLE I: Comparison of different methods cooperating with proxy human on the Overcooked task with different layouts. The
results of HSP,FCP,MEP and TrajeDiv are taken from [17],and PECAN is taken from [34]. Our proposed approach achieves
state-of-the-art performance, demonstrating its effectiveness when collaborating with a proxy human. The best results are
highlighted in bold.

Method HSP FCP MEP TrajDiv PECAN SAN (Ours)

Asymmetric Advantages 300.3 282.8 291.7 289.3 150.0 313.3

Coordination Ring 160.0 161.3 161.8 150.8 130.5 173.3

Counter Circuit 107.4 95.9 108.8 60.1 60.0 118.6
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(b) Average reward with Shifting-styles policy

Fig. 2: Average episode rewards of different methods when cooperating with unseen partners of random/shifting styles.

Even in the less collaboration-intensive Asymmetric Advan-
tage layout, SAN continues to demonstrate strong perfor-
mance, highlighting its versatility across different levels of
cooperative requirements. One of the critical insights from this
evaluation is SAN’s ability to enhance cooperative behavior,
even when working with fixed learned human proxy that has
a relatively static strategy style. This is mainly attributes to
the dynamic strategy adjustment capability of SAN, which is
able to locally choose the best action (head) from strategies
trained against the partner pool to match unseen partners. This
superior cooperative capability makes SAN a more robust and
adaptable agent in diverse interaction scenarios, offering sig-
nificant advantages over existing methods for unseen partners
even with fixed strategy styles.

B. Collaborative Evaluation with partners of random/shifting
styles

To validate SAN’s ability to cooperate with partners
with different styles, we develop two novel partners termed
Random-style partner and Shifting-style partner, designed to
introduce greater variability and unpredictability into the in-
teraction dynamics. In this evaluation, we select the Distant
Tomato and the Many Orders layouts, two particularly chal-
lenging environments which contain two distinct recipes. The
complexity introduced by multiple recipes provides a more
stringent test of our method’s ability to adapt to varying
conditions. Note that we exclude PECAN and TrajDiv in this
comparison as they perform worst even when cooperating with
the human proxy as indicated in the first experiment.

Random-style partner:The strategy of the Random-style part-
ner is composed of four distinct preference policies, each
reflecting different patterns of behavior. Specifically, these
policies are constructed by integrating the two categories of
primary actions: 1) consistently picking up onions and placing
them into a pot v.s. randomly placing them, 2) consistently
carrying soup and delivering it continuously v.s. placing it
randomly. By introducing these variations, the strategy not
only diversifies the agent’s possible actions but also simulates
a wider range of behaviors that are not aligned with the
existing policies in the partner policy pool. Each of these four
policies is executed with equal probability, ensuring that the
behavior is both unpredictable and challenging for the agents.
This randomness in the Random-style partner requires the
agent to adapt to highly dynamic scenarios that they might
encounter when interacting with human partners. In Figure 2a,
we report the average reward achieved by all methods when
paired with the Random-style partner. The results reveal that
SAN consistently outperforms all baseline models. This su-
perior performance underscores the effectiveness of SAN in
adapting to varying and unpredictable strategies, a capability
that is crucial for achieving robust and reliable cooperation in
complex, real-world scenarios.
Shifting-style partner: The strategy of Shifting-style partner
is obtained by randomly selecting one policy from a predefined
unseen policy set every 50 steps. This partner is intentionally
constructed to simulate the real-world variability and test the
robustness of our strategy under conditions of frequent change.
As illustrated in Figure 2b, our approach consistently out-
performs other methods, with the performance gap becoming



TABLE II: Ablation results to show the effect of each com-
ponent in SAN

Method Performance

SAN w.o fast-slow path 111.0

SAN w.o. stylized policy pool and fast-slow path 131.6

SAN w.o stylized policy pool 137.6

SAN w.o selector and fast-slow path 151.8

SAN 173.3
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Fig. 3: The t-SNE results of partners’ policy πp(·|s) in HSP
and SAN.The results show our proposed stylized policy pool
(right) exhibits more diversity in strategies compared to the
HSP policy pool (left).

increasingly evident as the complexity of the environment
escalates. It is important to note that the partner strategies
utilized in this evaluation were exclusively employed for
testing purposes and were not part of the training process. This
result highlights the ability of SAN to dynamically respond
to changes in the partner’s strategy, thereby demonstrating its
superior adaptability in complex, unpredictable environments.

C. Ablation Study

To study the effect of each component in SAN, we ablate
the stylized policy pool and the state-enhanced selector of
SAN, respectively. Note that to show the importance of the
fast/slow path in our selector, we also include it as an ablation
module and use ”selector” to merely represent a vanilla
transformer-based selector module without the fast/slow path,
where ”selector” + ”fast/slow path” equals the whole state-
enhanced selector component in SAN.

In Table.II, we report the performance of SAN without
different components. The results validate the effectiveness
of each component in SAN. It can be seen that the stylized
policy pool contributes the most to the overall performance,
and both the transformer structure and the fast-slow path are
significant in the state-enhanced selector of SAN. Note that
it is interesting to observe that merely removing the fast-slow
path in SAN would greatly reduce performance, resulting in
an overall score even much lower than SAN without the whole
state-enhanced selector component. The main reason may lie
in that the single gate network in the vanilla transformer-based
selector is insufficient for classifying a more diverse policy
pool in SAN.

Fig. 4: Performance of Selector: The block in the i-th row j-th
column represents the percentage of the ego agent’s selector
in choosing the j-th head when cooperating with the i-th
partner. The left heat map represents the prediction results at
the beginning of whole episode , the right one is the later stage
of the same episode. It shows that selector tends to recognize
states into random same style at the beginning and can finally
demonstrate good performance.

D. Diversity of the Stylized Policy Pool

In this subsection, we empirically validate that the stylized
policy pool does contain partners with diverse action styles.
Here, we first randomly sample several states s from five
interaction trajectories, and then use t-SNE to project the
action distribution π(·|s) of the entire partner policy pool to a
2-dimensional feature space. Each point in the feature space
represents the action distribution for a specific strategy in the
policy pool for certain state s. Fig. 3 shows the visualization
results. The left sub-figure shows the result of the HSP policy
pool, which models human biases as domain-knowledge-based
hidden reward functions in the construction of the policy
pool. Compared to the result of SAN in the right sub-figure,
the points in the left subfigure are more concentrated, which
indicates that the policy pool in SAN has a wider diversity. The
diversity in the stylized policy pool of SAN would enable the
ego agent to encounter a wider variety of strategies, thereby
enhancing its cooperative capabilities.

E. Performance of Selector

To show the capability of the state-enhanced selector in
recognizing the style of different partners, we investigate
the style prediction result of our trained ego agent when
collaborating with agents from the policy pool in different
stages (early and final). In Figure 4, we report the prediction
results of our ego agent at the beginning of cooperation in
the left heat map, and the results in the later stage in the
right one. In these heat maps, the block in the i-th row j-th
column represents the percentage of the ego agent’s selector
in choosing the j-th head when cooperating with the i-th
partner. It shows that state-enhanced selector in SAN tends
to recognizes its partner into same style at the beginning and
can finally achieve good recognition performance as most of
the percentages concentrate on the diagonal.



VI. CONCLUSION

In this paper, we introduced SAN, a style-adaptive
population-based training framework for zero-shot coordina-
tion with non-stationary partners. SAN infers partner style
online and dynamically selects actions to adapt to changing
behaviors. By constructing a stylized partner pool with a
risk-sensitive distributional utility, SAN encourages behavioral
diversity in self-play. Experiments on Overcooked demonstrate
that SAN outperforms prior ZSC methods in both stationary
and dynamic settings.
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