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ABSTRACT
Zero-shot human-AI coordination holds the promise of collabo-
rating with humans without human data. Prevailing methods try
to train the ego agent with a population of partners via self-play.
However, these methods suffer from two problems: 1) The diversity
of a population with finite partners is limited, thereby limiting the
capacity of the trained ego agent to collaborate with a novel human;
2) Current methods only provide a common best response for every
partner in the population, which may result in poor zero-shot coor-
dination performance with a novel partner or humans. To address
these issues, we first propose the policy ensemble method to in-
crease the diversity of partners in the population, and then develop
a context-aware method enabling the ego agent to analyze and iden-
tify the partner’s potential policy primitives so that it can take dif-
ferent actions accordingly. In this way, the ego agent is able to learn
more universal cooperative behaviors for collaborating with diverse
partners. We conduct experiments on the Overcooked environment,
and evaluate the zero-shot human-AI coordination performance
of our method with both behavior-cloned human proxies and real
humans. The results demonstrate that our method significantly
increases the diversity of partners and enables ego agents to learn
more diverse behaviors than baselines, thus achieving state-of-the-
art performance in all scenarios. We also open-source a human-AI
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coordination study framework on the Overcooked for the conve-
nience of future studies. Codes and demo videos are available at
https://sites.google.com/view/pecan-overcooked.
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1 INTRODUCTION
Reinforcement learning (RL) has shown remarkable success in vari-
ous domains, such as gaming AI [10, 16, 42, 43, 51], robotic manip-
ulation [13, 24], traffic control [11, 12], etc. However, a significant
challenge remains in constructing agents that can collaborate effec-
tively with unseen partners, which is especially important under
human-AI coordination. Many real-world applications of human-AI
coordination, such as cooperative games [14], self-driving vehi-
cles [28, 37] and AI assistants [1, 22], can be modeled as zero-shot
human-AI coordination tasks. By avoiding the expensive human
data collection and human involvement during training, zero-shot
human-AI coordination holds the promise of more accessible AI
systems that can enhance human capabilities. In this approach, an
ego agent is trained with partner agents and later interacts with
human proxy models or real humans.

Existing methods mainly vary in how the partner agents are
acquired and how the ego agent is trained. Self-play methods tried
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to train ego agents through self play [3, 4, 43, 44], in which the
ego agent is trained to collaborate with a copy of itself. However,
this approach has been shown to result in over-fitting to a single
cooperative pattern [19, 26] and poor generalization to real human
collaborations. To address this issue, population-based training
(PBT) [26, 46, 56] has been employed, where a population of diverse
partner agents is used to train the ego agent. The variety of behav-
iors exhibited by these diverse partners can prevent over-fitting to
a single cooperative pattern and improve generalization ability of
the ego agent when cooperating with real humans.

However, there are still two limitations of current PBT meth-
ods: 1) The finite number of partners in the population restricts
the behavioral diversity, making it difficult for the ego agent to
coordinate with new partners, particularly those with unique be-
haviors. Although increasing the population size can address this
issue, it requires significant computational resources and decreases
the learning efficiency of the ego agent. 2) The ego agent learns a
common best response (BR) for every partner, regardless of their
behavior patterns. This partner-specific common BR can lead to un-
satisfactory human-AI coordination performance as the ego agent
lacks the ability to adapt its policy based on the partner’s type and
behavior pattern.

To address these issues, we propose Policy Ensemble Context-
Aware zero-shot human-AI coordinatioN (PECAN), where the policy
ensemble method is proposed to increase the diversity of partners
without increasing the population size, and the context-aware mod-
ule is proposed to identify whether the partner is good or poor at
the given task, i.e. the level of coordination skills. Thus, the ego
agent is able to learn level-based common BR rather than common
BR for specific partners in the population, which allows the ego
agent to acquire more universal coordination behaviors and better
coordinate with novel partners.

Specifically, the proposed policy ensemble can generate a new
partner whose policy is the weighted average of policy primitives
in the population. Since the weights are randomly generated, the
policy-ensemble partners are distinct in each iteration. This in-
creases partner diversity and improves the ego agent’s ability to
collaborate with unseen partners. Additionally, we find that part-
ners created by mixing policies from the same level display better
behavioral diversity than those created from the entire population
(see Fig. 4 and section 5.2). The context-aware module in PECAN is
designed to identify the partner’s level of coordination skills based
on past trajectories. This is achieved through supervised learning.
The training data is collected by rolling out various policy ensem-
bles and assigning the corresponding levels of the ensembles’ policy
primitives as labels. During evaluation, the ego agent updates its
recognized context at the start of each episode based on the past
trajectory and uses this context to condition its actions.

Our proposed approach, PECAN, presents three main contribu-
tions to zero-shot human-AI coordination. 1) PECAN trains gen-
eralizable agents without relying on human data. 2) The use of
level-based policy-ensemble partners and a context-aware module
enhances population diversity without increasing the population
size, allowing the ego agent to learn level-based common best re-
sponses. 3) PECAN achieves superior performance compared to
state-of-the-art baselines in the Overcooked environment [14], as
demonstrated by our experimental results and additional studies.

2 RELATEDWORK
Zero-shot Coordination Zero-shot coordination (ZSC) has been
studied in multiple previous studies [7, 38, 48]. In ZSC framework
introduced by [19], two independently trained agents are paired
together to fulfill a common purpose in a cooperative game. The
paired agents will never encounter each other during training. Thus,
the agents must employ compatible policies and should not over-
fit to any arbitrary partners or cooperative patterns. Training the
agents with diverse partners is effective to alleviate over-fitting to
specific partners and improve ZSC performance. Population-based
training (PBT) methods [26, 46, 56] have achieved state-of-the-art
performance in ZSC. In Fig. 1(b), by maintaining a diverse popula-
tion of training partners, the ego agent in PBT is able to collaborate
with a diverse set of partners. FCP [46] trains a diverse population
by setting different random seeds and including partners of level
of cooperation skills and architectures. TrajeDi [26] and MEP [56]
adopt explicit diversity objective to generate diverse policies as part-
ners and achieve state-of-the-art ZSC performance. Our PECAN
also maintains a population of policies. But the population is used
to provide policy primitives for the policy ensemble rather than
partners for the ego agent.
Human-AI CoordinationMuch previous work in human-AI co-
ordination focuses on planning and learning with human models
[5, 23, 31, 39]. However, human-AI coordination can be naturally
modelled as ZSC tasks, because humans are usually not involved in
the training process. And humans usually prefer adaptive AI part-
ners [46]. Thus, an adaptive agent with strong ZSC performance is
more likely to succeed in human-AI coordination tasks [46, 56].
Diversity in RL Diversity is a widely discussed issue in RL. SAC
[15] encourages maximum entropy over the action distributions
to improve a single policy’s diversity. [18] maximizes the KL di-
vergence between the current policy and some recent policy to
encourage diverse action choices. Instead of the diversity of a sin-
gle policy, many works also focus on diversity of a policy group.
[27] shows that a team of weak yet diverse agents can even de-
feat teams of strong but uniform agents under certain conditions.
[9] proposed to use generative model to generate diverse policies.
MEP [56] maximizes the population entropy to encourage diversity
among a group of policies. EPPO [53] uses mean inner product as di-
versity enhancement regularization and obtains a mutually distinct
policy group. Besides diversity over action distributions, multiple
previous studies also focus on the diversity over the induced tra-
jectories. DIPG [29] adopts maximum mean discrepancy (MMD) of
the induced trajectories as the metric for diversity among policies
and encourage qualitatively distinct behaviors. Other measures of
diversity such as Jensen-Shannon Divergence [26] and mutual in-
formation [6] are also adopted to improve diversity among policies
and agents in (multi-agent) reinforcement learning. The partner
diversity in PECAN is provided by 1) diversity enhancement regu-
larization when generating policy primitives; 2) random selection
as well as the random weights of policy primitives when generating
policy-ensemble partners.
Policy Ensemble Policy ensemble (mixture of experts) [20] is the
mixture of a group of policy primitives [47], which is able to work
individually in the target task. PMOE [36] models policy ensem-
ble as a Gaussian Mixture Model (GMM) with learnable weights
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and practically shows the improved diversity over both action dis-
tribution and induced trajectories. EPPO [53] uses the arithmetic
mean of the policy primitives as the policy ensemble. The learned
policy ensemble achieves both high sample-efficiency and strong
performance. Instead of learnable weights or arithmetic mean, the
weights of policy primitives in PECAN are randomly generated to
further improve diversity of the policy ensemble.

3 PROBLEM SETTING
Two-playerMarkovDecision ProcessWemodel the problem as a
two-player Markov Decision Process (MDP)M = ⟨S, {𝐴𝑖 },P, 𝛾, 𝑅⟩
[2].S, 𝛾 are the state space and discount factor.𝐴𝑖 is the action space
for the 𝑖-th agent where 𝑖 ∈ {1, 2}.P : S×𝐴1×𝐴2×S → [0, 1] is the
transition dynamics. The objective is to maximize the expected re-

ward sum over trajectories E𝜏 [𝑅(𝜏)] = E𝜏
[
𝑇∑
𝑡
𝑅(𝑠, 𝑎1, 𝑎2)

]
, where

𝑎1 ∈ 𝐴1, 𝑎2 ∈ 𝐴2. In our setting, each agent has its own observation
and decentralized policy.
Cooperative Tasks Different from competitive tasks [32, 43, 51]
where agents tend to exploit each other, cooperative tasks require
agents to collaborate rather than compete and fulfill a shared pur-
pose. In this paper, we consider the problem of common-payoff
two-player cooperative games. See the formal representation of
two-player cooperative games in [30] and an intuitive comparison
between zero-sum competitive games and common-payoff coop-
erative games in [5]. MARL can be applied to both competitive
[17, 32, 43, 52] and cooperative tasks[8, 25, 35, 54]. In our cooper-
ative setting, MARL learns a joint-policy 𝝅 = [𝜋1, 𝜋2] of the two
agents so that their expected reward sum over the induced trajec-
tories E𝜏∼𝝅 [𝑅(𝜏)] is maximized. In PECAN, both the agents in the
population and the ego agent are trained by PPO [41].

4 METHODOLOGY
In this section, we will give the details of PECAN. First, we will
introduce the population of policy primitives in PECAN. Then,
we will introduce the proposed policy-ensemble module and the
context-aware module respectively.

4.1 Population in PECAN
Like previous PBT methods [26, 46, 56], PECAN first maintains a
population of training partners. To obtain a population, multiple
diversity enhancement regularizations have been proposed such
as mean inner-product among policies [53], KL divergence among
policies [18] and maximum mean discrepancy [29]. In our paper,
we directly use the MEP method [56] to constitute the population
considering its computational efficiency and effectiveness.

Specifically, the agent in the population is trained by self-play
to learn cooperation ability and maximize the population entropy
(𝑃𝐸) in [56], which quantifies the diversity of the population. The
formulation of PE is

𝑃𝐸 ({𝜋1, 𝜋2, ..., 𝜋𝑛}, 𝑠𝑡 ) = H (𝜋 (·|𝑠𝑡 )) (1)

where 𝜋 (·|𝑠𝑡 ) = 1
𝑛

𝑛∑
𝑖=0

𝜋𝑖 (·|𝑠𝑡 ) is the mean policy of the population,

and H (𝜋 (·|𝑠𝑡 )) is the entropy of the mean policy.

For agent 𝑖 , the objective of self-play training 𝐽 (𝜋𝑖 ) is

𝐽 (𝜋𝑖 ) =
∑︁
𝑡

E(𝑠𝑡 ,𝒂𝑡 )∼𝝅 [𝑅(𝑠𝑡 , 𝒂𝑡 ) + 𝛼H (𝜋 (·|𝑠𝑡 ))] (2)

where 𝝅 = [𝜋𝑖 , 𝜋𝑖 ] is the joint policy, 𝒂𝑡 is the joint-action sampled
from 𝝅 , 𝑅 is the reward function and 𝛼 is the temperature param-
eter controlling the relative importance of entropy maximization.
By maximizing Eq. 2, agent 𝑖 will master high-level cooperation
skills, and its policy 𝜋𝑖 will be encouraged to diversify the current
population.

In previous PBT methods [5, 46, 56], after the population of
training partners is obtained, the ego agent will select a partner
from the population for training in each iteration. The partner is
selected by either uniform sampling [5, 46] or prioritized sampling
[56]. However, although the diversity enhancement regularization
is adopted, the population diversity is still limited because the
population is finite. Moreover, in their training procedure, the ego
agent only learns a common BR to every partner in the population,
which limits its capacity to coordinate with a novel partner in zero-
shot evaluation, since the novel partner is never exposed to the ego
agent during training.

4.2 Diverse Partners with Policy Ensemble
In this subsection, we will introduce how we adopt policy ensem-
ble to improve the diversity of partners without increasing the
population size. Figure. 1(c) gives the idea of our policy ensemble.

Instead of directly using policy 𝜋𝑖 , 𝑖 ∈ [1, 𝑛] in a policy set
𝐺 : {𝜋1, 𝜋2, ..., 𝜋𝑛}, we use an ensembled policy 𝜋𝑝 over this set
𝐺 as the training partner for the ego agents. Specifically, 𝜋𝑝 is the
weighted average of policies in 𝐺 , i.e.,

𝜋𝑝 (·|𝑠) =
∑︁
𝜋𝑖 ∈𝐺

𝜔𝑖𝜋
𝑖 (·|𝑠)

𝑤ℎ𝑒𝑟𝑒 𝜔𝑖 ≥ 0 𝑎𝑛𝑑
|𝐺 |∑︁
𝑖=1

𝜔𝑖 = 1
(3)

where𝜔𝑖 is the weight of 𝜋𝑖 . Intuitively,𝜔𝑖 decides the contribution
of 𝜋𝑖 to the policy ensemble 𝜋𝑝 . In particular, if the weight of one
policy is 1 and the weights of the other policies are 0, the policy
ensemble will degenerate into a single policy in the population (as
previous PBTmethod did [26, 46, 56]). In contrast to this special case,
we randomly assign different weights to each training iteration, and
we observe that the generated partners typically exhibit different
policy behaviour than the policy in the population (refer to Fig.
4). In this way, the partners generated by our method are more
diverse than those generated by the vanilla PBT method, even if
the population size is the same.

We split the population into three groups 𝐺1,𝐺2 and 𝐺3 for low,
medium and high level of agents according to their self-play perfor-
mance. Specifically, the checkpoints from different training stages
(initial, middle and final) to the population of the corresponding
level following [46, 56]. For example, the low-level group consists
of the initial models from the population, the medium-level group
consists of the middle models and the high-level group consists of
the final models. And we also provide a self-play group 𝐺4 as in
[56], which only contains a copy of the ego agent itself, to improve
the ego agent’s self-play performance.
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(a) Self-Play

Population

(c) PECAN (Ours) (b) Population-Based Training 

Ego Agent Partner Agent

High-level Group Medium-level Group Low-level Group

Policy Ensemble

Prioritized
Sampling

Ensemble WeightPolicy-Ensemble Partner

Context-Aware Module

Trajectory 
Buffer

𝜏!

𝜏"..$

Context �̂�

Figure 1: (a) Self-play training (SP). The ego agent is trained with a copy of itself. (b) Population-based training (PBT). The
ego agent is trained with a population of partners. A partner is sampled at each iteration to cooperate with the ego agent. (c)
The proposed PECAN method. A different policy-ensemble partner is generated at each iteration. The ego agent will collect
trajectories during collaborating with the partner and recognize the partner’s level-based context at the beginning of each
episode with a pretrained context-aware module introduced in section 4.3.

The mixture of policy primitives from the same group tends to
remain within the same group, giving partners greater control over
their levels. If the ego agent wishes to learn the level-based common
BR introduced in a later section, the controllable level of partners
is essential. Please refer to section 5.2 for empirical experiments
validating that level-based grouping can provide partners with
controllable levels. It is interesting that we also discovered that
level-based grouping can increase more partner diversity . It is
consistent with the previous results in [46] that level of skills is an
important factor of partner diversity.

In each training iteration, one group is chosen to generate a
policy ensemble for training the collaboration ability of the ego
agent. Instead of randomly sampling the group, we employ a group-
level prioritised sampling strategy that selects groups based on the
average performance of the ego agent with each group 𝐽 (𝐺𝑖). This
can stabilise the training process and guarantee that the trained
ego agent can collaborate effectively with all groups. Specifically,
we use rank-based prioritized sampling to assign higher priority
to the group with which the ego agent is hard to cooperate as in
[52, 56]. The probability of group 𝐺𝑖 being sampled is

𝑝 (𝐺𝑖 ) = 𝑟𝑎𝑛𝑘

(
1

𝐽 (𝐺𝑖 )

)𝛽 / 4∑︁
𝑗=1

𝑟𝑎𝑛𝑘

(
1

𝐽 (𝐺 𝑗 )

)𝛽
(4)

where 𝛽 is the hyperparameter controlling the strength of prior-
itization. When 𝛽 = 0, the prioritized sampling degenerates to
uniform sampling as all groups have the same priority. And when
𝛽 → ∞, the group with the worst average performance will be
selected with probability 1. As a smooth approximation of the "max-
imize minimal" paradigm, group-level prioritized sampling helps
the ego agent learns to coordinate with partners at the level with the

worst coordination performance, and thus can avoid the problem
of over-exploiting easy-to-cooperate partners [56].

With the randomly assigned weight 𝜔 for each policy primitives
and the rank-based prioritized group sampling, the policy-ensemble
partners generated in each training iteration are different by design,
and thus more diverse than previous methods. To stabilize the
learning process, at the beginning of training, the partners have a
high probability to be agents directly from the population rather
than policy ensembles, during which the ego agent can learn basic
cooperation skills. As training goes on, the partners are more likely
to be policy ensembles, and the ego agent will collaborate with
partners that have more diverse behaviours.

4.3 Context-Aware Ego Agent
In current methods, the ego agent only learns a common BR to
every partner in the population, which limits its capacity to coordi-
nate with an unfamiliar novel partner. Regardless of diversity of
partners, this problem occurs whenever the novel partner in zero-
shot evaluation is different from those during training. To alleviate
this problem, we propose to learn level-based common BR for the
ego agent instead of common BR to specific partners.

In order to learn a level-based BR, we devise a context encoder
𝑓 to help the ego agent analyze and predict the level of its partner
as policy context. Context identification by trajectories has been
previously studied [34]. But different from their context whose
distribution is Gaussian, our contexts are class labels indicating
the corresponding group 𝐺{1,2,3} for low, medium and high level
partners, which is determined by their training time as in [46].
Therefore, we model the context encoder as a classifier in Fig. 3.
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Figure 2: (a) Overall results with a human proxy model. PECAN outperforms the baselines on all five layouts. (b) Results of the
ablation study. The performance drops when we ablate each component from PECAN, and in some layouts the performance is
even worse than the baseline method.
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Figure 3: The context-aware module predicts the partner’s
level-based context 𝑐. 𝜏𝑖 are past trajectories with the same
partner from the trajectory buffer. Transition-wise and
Trajectory-wise sum are taken respectively to make sure the
predictions are irrelevant w.r.t. their orders. The ego agent
𝜋𝑒𝑔𝑜 conditions on 𝑐 to make decisions. The context encoder
predicts 𝑐 at the beginning of every episode.

After the population is obtained, we generate many policy-
ensemble partners of different levels and roll out the partners to
collect training data 𝜏{1,..,𝑁 } and corresponding level-based labels
𝑐 {1,..,𝑁 } for the context encoder. The network is updated by gradi-
ent descent to predict context 𝑐 with the one-hot label 𝑐 . And the
loss function L is the cross-entropy between 𝑐 and 𝑐 in Eq. 5.

L = − 1
𝑁

𝑁∑︁
𝑖=1

3∑︁
𝑗=1

𝑐𝑖 𝑗 log 𝑐𝑖 𝑗 (5)

where 𝑁 is the batchsize. Each input 𝝉 in the batch is a set of
trajectories with the same label, and 𝑐𝑖 𝑗 = 𝑓𝑗 (𝝉𝑖 ) is the probability
of group 𝑗 with input 𝝉𝑖 .

We predict the context from past trajectories. The sequence
of transitions in the trajectory are encoded by a self-attention
[50] module followed by multi-layer perceptrons (MLP). The order
of transitions and trajectories is irrelevant to the partner’s level.
Therefore, we take sum over both encoded transitions within a
trajectory and encoded trajectories, so that the prediction result is
permutation-invariant w.r.t. transitions in a trajectory and trajecto-
ries in the buffer. This architecture has the capacity to represent any
permutation-invariant function [55]. More implementation details
of PECAN are given in the supplementary material.

By conditioning on the predicted context 𝑐 indicating the part-
ner’s level, the ego agent’s policy 𝜋𝑒𝑔𝑜 (·|𝑠, 𝑐) learns level-specific
coordination skills, which are more universal than previous partner-
specific coordination skills.

The ego agent will learn to coordinate with partners based on
their level-based context, and thus reach a level-based common BR
to partners of different levels. Different from common BR to specific
partners, the level-based common BR is more universal and enables
the ego agent to better coordinate with unfamiliar novel partners
by analyzing their level of skills and taking actions accordingly.

During zero-shot evaluation with a novel partner, we use the
collected trajectories to infer context of the partner. Akin to pos-
terior sampling [33, 34, 45], as more trajectories are collected, the
ego agent’s belief narrows, and the prediction becomes more accu-
rate. But we would like to note that the process is different from
posterior sampling, since we model the context identification as
a mapping from trajectories to classes rather than a distribution.
Although the context inference uses past trajectories, we do not
fine-tune or update any parameters during evaluation. Thus, the
evaluation with a novel partner is still zero-shot.

5 EXPERIMENTS
In this section, we will first introduce the tasks, baselines and proce-
dures that we adopt to evaluate zero-shot human-AI coordination
performance of PECAN. Then, experimental results of coordinating
with human proxy models and real human players will be given.
Finally, case studies are conducted to show the adaptiveness of
PECAN intuitively.

5.1 Experimental Setting
Tasks We follow the evaluation protocol proposed in [5] and eval-
uate the proposed method on a challenging collaborative game
Overcooked [5, 14]. Five layouts (Cramped Room, Asymmetric Ad-
vantages, Coordination Ring, Forced Coordination and Counter Cir-
cuit) in Overcooked are adopted to evaluate the ego agent’s ability
to coordinate with some novel partners. See more details of the lay-
outs in [5]. Each layout exhibits a unique challenge, which can be
overcome if the players coordinate well with each other. The play-
ers are required to put three onions in a pot, collect an onion soup
from the pot after 20 timesteps and deliver the dish to a counter.
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(a) Effect of policy ensemble on diversity of partners

Trajectory 1 Trajectory 2 Trajectory 3 Trajectory 4 Trajectory 5
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(b) Effect of the recognized context &

Performance with human proxy agent

Figure 4: Effects of each component in PECAN. (a) the t-SNE results of partners’ policy 𝜋𝑝 (·|𝑠) in each episode. The results show
policy ensemble is able to improve partners’ diversity. (b) 𝑐 = 𝑅𝑁𝐷 means feeding a random context to the ego agent and 𝑐 = 𝑆𝑃

means manually assigning context for the ego agent to indicate that the partner is from the self-play group 𝐺4. The results
show that only with the correct context, the ego agent can perform well, which means the ego agent’s policy is context-aware.

(a) Trajectory 1 (b) Trajectory 2 (c) Trajectory 3 (d) Trajectory 4

Grouping by levels

No grouping

Low-level group

Medium-level group

High-level group

Figure 5: Comparison between policy ensembles with and without level-based grouping. The ensembles with level-based
grouping demonstrate larger diversity (upper row) and their levels of coordination skills are controllable based on the levels of
their policy primitives (lower row). Colors in the lower row indicate which group the partner’s policy primitives belong to.

The agents will receive 20 points for each dish served. The objective
is to serve as many dishes as possible in 1 minute.
Baselines The baseline methods include Self-play PPO (SP) [5, 41],
population-based training (PBT) [5, 21], Fictitious Co-Play (FCP)
[46], TrajeDi [26] andMaximum-Entropy Population-based training
(MEP) [56].
Procedure First, we pair the agents with a human proxy model, a
behavior-cloning agent that mimics human’s behaviors, to test their
coordination performance. The effect of each proposed component
of PECAN is studied in the ablation study. Besides, we design other
experiments to reinforce our claim that (a) policy ensemble is able
to improve partners’ diversity and (b) the PECAN agent learns a
context-aware policy. Then, we recruit human players to evaluate
the human-AI coordination ability of PECAN. The human players
are required to give their subjective ratings to the agents. Finally,
two case studies are conducted to demonstrate the adaptiveness

of PECAN in human-AI coordination. More experiment details are
given in the supplementary material.

5.2 Experiments with Human Proxy Model
Overall Result Fig. 2(a) shows the overall coordination perfor-
mance of PECAN, MEP, SP, PBT, FCP and TrajeDi agents when
paired with a human proxy model. We run PECAN and MEP for 4
times with different random seeds and report their average perfor-
mance. The results of SP, PBT, FCP and TrajeDi are taken from [56].
For a fair comparison, MEP and PECAN have the same population
size. And we adopt the recommended hyperparameter settings for
MEP in their paper [56]. From the results, we can see that PECAN
outperforms baseline methods on all five layouts. Especially in
Asymm. Adv., the best score by PECAN agents exceeds the base-
lines by a very large margin (+26.8%). But in layouts that require
less coordination like Cramped Rm., PECAN has relatively marginal
performance advantage than the baselines, which indicates that
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Adaptiveness

Human Preference

61.4% 38.6%

81.4% 18.6%

PECAN MEP

PECAN MEPAverage reward per episode across layouts

MEP

PECAN

TrajeDi

FCP

SP

PBT

0 20 40 60 80 120100 140

(a) Evaluation results with human players (b) Subjective ratings from human players

Figure 6: (a) The coordination performance of each method with real humans. PECAN outperforms the baselines on human-AI
coordination. (b) Human players’ subjective ratings of the adaptiveness and their preference of the PECAN and the MEP agents.
Human players give higher subjective ratings to PECAN on both adaptiveness and personal preferences.

time

PECAN

MEP

Figure 7: The MEP agent only learns to pick up onions from the right side. If we intentionally block its way to the onions on
the right, it will be stuck and wait until we move away so that it can pick up onions there again. But for the PECAN agent, if we
block its way to the onions on the right side, it will turn around to pick up onions on the left with no hesitation. Green agent is
the ego agent and blue agent is the human player.

PECAN effectively improves the ego agent’s ability to coordinate
with its partner rather than to accomplish the task by itself.
Ablation Study To study the effect of each component, we ablate
policy ensemble and context encoder of PECAN respectively. In
PECAN−𝑒 , policy ensemble is removed, and the partners are chosen
the same as in MEP to train the ego agent. In PECAN−𝑐 , we remove
the context encoder and make the ego agent’s policy no longer
condition on context 𝑐 .

Fig. 2(b) shows that without policy ensemble and context encoder,
PECAN−𝑒 and PECAN−𝑐 have similar or worse performance than
MEP (average performance drop −18.1 for PECAN−𝑒 and −14.4 for
PECAN−𝑐 ), while PECAN consistently outperforms the baseline.
The result validates the effectiveness of the two proposed modules.
Policy Ensemble and Partner Diversity We will empirically
validate our previous claim that policy ensemble is able to improve
the diversity of partners. We randomly sample some states 𝑠 from 5
trajectories and partners with/without policy ensemble. Then, we
plot the distribution of partners’ actions 𝜋𝑝 (·|𝑠) by t-SNE [49].

Fig. 4(a) gives the visualization results. Each point represents the
action distribution 𝜋𝑝 (·|𝑠) of some partner 𝑝 over state 𝑠 . There are
the same number of data points in the graphs with and without
policy ensemble. But because there are limited number of part-
ners without policy ensemble, the points excessively overlap with
each other, indicating limited diversity. On the contrary, the action
distributions become much more diverse with policy ensemble,
which shows that policy ensemble is able to improve partner diver-
sity effectively. The diverse partners allow the ego agent to learn
more universal coordination behaviors, and therefore have stronger
zero-shot human-AI coordination performance.
Study of the Context-aware PolicyWe claim that the ego agent’s
policy 𝜋𝑒 (·|𝑠, 𝑐) is context-aware, which means that the ego agent’s
policy conditions on context 𝑐 . The context encoder in PECAN
will recognize the partner’s context based on past behaviors and
help the ego agent take actions accordingly. If incorrect context
is fed to the ego agent, it may make improper decisions. There
will be a performance gap between the true context and incorrect
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Table 1: The MEP agent has very strong preference to collect
dishes from Pot 1 and overlooks dishes in Pot 2, while the
PECAN agent shows no such preference and serves much
more dishes than the MEP agent.

Method
Usage

Dishes served by agent
Pot 1 Pot 2

PECAN 57.1% 42.9% 12.25
MEP 88.9% 11.1% 6.75

context, if the ego agent’s policy is context-aware. Thus, we design
an experiment to test whether the ego agent’s policy is context-
aware by manually creating context mismatch.

Specifically, we feed a random or manually-assigned context to
the ego agent and pair them with a human proxy model to compare
their performance with PECAN, where the context is the recog-
nized context. Fig. 4(b) gives the results with context mismatch
on Asymmetric Advantages. 𝑐 = 𝑅𝑁𝐷 represents replacing the real
context with a random context, and 𝑐 = 𝑆𝑃 represents forcing the
context to indicate the ego agent is collaborating with a partner
from the self-play group𝐺4, which is a clear mismatch. The results
demonstrates significant performance drop with context mismatch,
which means the ego agent’s policy is context-aware and the rec-
ognized context is effective. And it is worth noting that 𝑐 = 𝑆𝑃

has very poor performance. This confirms the conclusions from
previous studies [5, 46] that agents with a self-play cooperative
pattern have significantly different behaviors from an agent with
strong human-AI coordination performance.
Effect of Level-based Grouping Similar to section 5.1.3, we ran-
domly sample some states 𝑠 and plot the action distribution 𝜋𝑝 (·|𝑠)
by t-SNE. Fig. 5 gives the visualization results. It can been seen that
the policy ensembles with level-based grouping are more diverse
and their levels are controllable based on the level of their policy
primitives, while the policy of partners without grouping always
tends to form two clusters, which may be the result of compromise
between high-level and low-level partners and limits the diver-
sity of partners. Therefore, the result confirms that the level-based
grouping is able to improve partner diversity and provide partners
with more controllable levels. And the controllable level of partners
allows the ego agent to learn level-based common BR more easily.

5.3 Human-AI Coordination
We follow the Human-AI coordination test protocol proposed in
[5] and recruit 15 human players to participate in the study. We
evaluate the average performance across layouts of PECAN and
state-of-the-art method MEP and reuse the evaluation results of
other baselines in [56]. The results are compatible because the test
procedure is consistent. For the convenience of human-AI coor-
dination experiments on Overcooked, we integrate models from
[5] with PantheonRL [40], a newly released library for dynamic
training. The code is available here1.

Fig. 6 gives the result of our human study. PECAN outperform
all other baselines, and the recruited human players give higher

1https://github.com/LxzGordon/pecan_human_AI_coordination

adaptiveness rating to PECAN and noticeably prefer coordinating
with PECAN than MEP.
Case Study To show the adaptiveness of PECAN, we give two case
studies in our human-AI coordination experiments. Demo videos
are available at https://sites.google.com/view/pecan-overcooked.
Case Study 1 See Fig. 7. In Cramped Room, we (blue chef) inten-
tionally block the agents’(green chef) way to the onions to see
how the agents will react. The MEP agent gets stuck and stand still
until we move aside, while our PECAN agent makes adjustments
immediately and turn around to pick up onions from the other
side. It shows the PECAN agents are more adaptive and capable of
adjusting its policy according to the human player’s behaviors.
Case Study 2We record the pot usage by the agent in Asymmetric
Advantages (see the layout in Fig. 8). The trick for the agent (green
chef) is to pick up dishes from both pots and serve, because it’s much
nearer to the serving counter than the human player (blue chef).
Table 1 shows that the PECAN agent has no clear preference over
pots than the MEP agent, which has very strong preference for Pot
1. The MEP agent adopts a non-adaptive strategy which has poor
generalization to typical human behaviors of using both pots, which
further leads to worse performance. However, the PECAN agent’s
policy is diverse and adaptive, which helps it better coordinate with
real humans and serve much more dishes than the MEP agent.

Figure 8: Asymmetric Advantages. AI agents play the chef
with green hat. Pot 1 is 1 step nearer to the serving counter.

6 CONCLUSION AND FUTUREWORK
In this paper, we propose a new method (PECAN) for zero-shot
human-AI coordination. Policy-ensemble partners and a context
encoder are proposed to improve diversity of partners and help the
ego agent learn more universal coordination behaviors. We evaluate
PECAN with a human proxy model on Overcooked and shows
that PECAN is able to outperform all baselines. Ablation studies,
further studies and visualization experiments are conducted to
demonstrate each component in PECAN.We also organize a human
study to evaluate the proposed method’s capability of human-AI
coordination. The results indicate that PECAN outperforms all
other baselines on performance as well as subjective ratings.

Our future work is to study how to analyze and identify the
human player’s behavior pattern as the ego agents’ context (rather
than the level-based context in the current method) with the popu-
lation and no human data during training. In this way, the ego agent
can take actions accordingly and better coordinate with humans.
This is a very challenging research subject because it requires the
ego agent to comprehend human behaviors given only the popula-
tion of AI agents. And since PECAN is a two-stage method, another
future direction is to study how to train it in an end-to-end manner.
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