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Abstract— As robots are deployed in human spaces, it is
important that they are able to coordinate their actions with
the people around them. Part of such coordination involves
ensuring that people have a good understanding of how a
robot will act in the environment. This can be achieved
through explanations of the robot’s policy. Much prior work in
explainable AI and RL focuses on generating explanations for
single-agent policies, but little has been explored in generating
explanations for collaborative policies. In this work, we inves-
tigate how to generate multi-agent strategy explanations for
human-robot collaboration. We formulate the problem using
a generic multi-agent planner, show how to generate visual
explanations through strategy-conditioned landmark states and
generate textual explanations by giving the landmarks to an
LLM. Through a user study, we find that when presented with
explanations from our proposed framework, users are able to
better explore the full space of strategies and collaborate more
efficiently with new robot partners.

I. INTRODUCTION

Imagine you have just packed up your belongings to move
into a new house. You and a friend have to move some large
boxes out to the moving van, but it’s impossible to hold
boxes and open doors along the way yourself. How would
you decide the right strategy for the two of you to efficiently
move all the boxes outside? You will likely briefly stop to
discuss the different ways you might coordinate to hold the
doors and move the boxes out, then settle on a plan before
moving everything.

In this work, we take a step towards enabling robots with
the same capability: coordinating strategies for collaborative
tasks with people (Fig. 1). As robots start being deployed
alongside people in social, home, and manufacturing settings,
it is increasingly important for robots to be able to collabo-
rate fluently with and around people. This is particularly true
when there are multiple potential strategies for collaboration,
since we need to make sure all agents take the same strategy
to complete the task efficiently.

We examine how collaborative fluency can be facilitated
by a robot through a combination of proactive and reactive
processes that communicate strategies for coordination a
priori but adapt to human strategies in situ. In this way,
effective collaboration is not merely a reactive process where
a robot purely adapts to the goals and behaviors of a human
partner, but is a composite of reactive and proactive behaviors
where the robot can leverage communication and suggestion
to guide collaborations while remaining adaptive to the
human in execution. Toward this goal, we examine how
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Fig. 1: Depiction of how strategy explanations can solve the strategy
alignment problem. The task is for each agent to grab one diamond without
collisions. Left: The human and robot start with mismatched strategies,
and ultimately collide Right: The human and robot start with mismatched
strategies, but the robot explains strategy z1, aligning with the human and
resulting in a successful rollout.

a robot can communicate particular strategies by distilling
strategies into a few states.

The contributions of this work are:
1) A general method for generating visual strategy ex-

planations for human-AI collaboration in games with
multiple Nash equilibria;

2) A user study demonstrating that our method improves
the ability of real users to collaborate efficiently with
autonomous partners in a one-shot setting.

II. RELATED WORK

Machine Teaching: One class of approaches for generating
explanations of a robot’s behavior, called machine teaching
[1], tries to generate a minimal set of examples that will
allow the assumed learner model to understand how decisions
were made. Originally applied to classification and regression
tasks [2], [3], such techniques have recently been used to
generate trajectory demonstrations [4], [5] for learners using
inverse reinforcement learning [6]. Such approaches assume
that a robot is either teaching a human how to perform a
task or explaining how a robot would perform a task in
isolation, but prior work lacks methods to generate multi-
agent demonstrations for future collaborations.
Policy Summarization: A second class of explainability
methods generates informative examples of a learned policy
that may allow a human observer to understand its decisions,
such as by finding states with high-entropy action distri-
butions [7], by highlighting the “importance” of particular
states [8] or by generating a reward map [9]. Other related
work creates a graph of possible paths to a goal state and
summarizes the set of necessary states to pass through [10].
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Fig. 2: Pipeline for generating collaborative strategy explanations for a human. First, we identify strategies by clustering over the space of demonstrated
examples. Then, we generate the set of landmark states to summarize each strategy cluster and generate textual descriptions with an LLM. Finally, the
robot shows the human user the generated explanation before collaboration.

We note that the literature has focused on summarizing
single-agent tasks, whereas our approach can be thought
of as a multi-agent extention of policy summarization ap-
proaches for collaborative tasks.
Human-Robot Collaboration in Multi-Strategy Tasks:
Much work has examined how robots can collaborate with
human partners [11]. Recent work allowed robots to replan
online to react to the strategies of other agents [12]–[14],
sometimes doing explicit inference [15] and even considering
safety [16]. Other work has considered online information
gathering of the human’s strategy (or reward function) [17],
[18], but these approaches rely on collision-avoidance be-
havior of humans to influence them. We note that these are
largely reactive approaches to collaborating with humans,
but we are interested in enabling robots to proactively choose
collaborative strategies with human partners. Other work has
been done in the space of proactively influencing multi-agent
interactions [19], [20], but are either not tested with real users
or are too brittle to interact fluently with them.

III. MULTI-AGENT MULTI-STRATEGY GAMES

A. Problem Formulation

We focus on a class of collaborative tasks where there may
be multiple strategies (or equilibria) for completing the task.
In particular, we consider N−player games represented by
an HiP-MDP (Hidden Parameter Markov Decision Process)
M = ⟨S,A,Z, T ,R⟩ where S ⊆ Rn is the joint state space,
A ⊆ Rm is the joint action space, Z ⊆ Rq is the hidden
parameter space (or latent strategy space) where q ≤ n, T
is the transition dynamics, and R : S ×A×S → RN is the
union of all agents’ reward functions. We assume that there
are N − 1 robot agents interacting with 1 human agent.

A joint policy π : S × Z → A defines the actions all
agents should take in a particular state conditional on the
joint strategy z: at ∼ π(st | z), where at is the joint action
of all agents and st is the joint state of the system. The joint
policy is the union of all agents’ individual policies πi that
dictate the individual actions ati of agent i under their strategy
zi: at = [at1, ..., a

t
N ]T = [π1(s

t | z1), ..., πN (st | zN )]T .

B. Objective

Each agent has their own individual running reward func-
tion ri(·). The agent’s overall objective is to maximize their
sum of expected rewards: Ri =

∑
t ri(s

t, ati, s
t+1). The op-

timal solution to the HiP-MDP is a global Nash equilibrium,

i.e. one that finds the policies π∗
i and associated strategies z∗i

where the sum of the agents’ rewards are maximized so that
no agent can change strategies to unilaterally improve their
reward. Given an all agents’ strategy vectors {z∗1 , . . . , z∗N},
we will know their rewards on the task Ri(z

∗
1 , . . . , z

∗
N ), so

we can mathematically say (with a slight abuse of notation)
that a set of strategies is a Nash equilibrium if:

Ri(z
∗
1 , . . . , z

∗
i , . . . , z

∗
N )

≥ Ri(z
∗
1 , . . . , zi, . . . , z

∗
N ),∀zi ∈ Z,∀i ∈ [N ].

(1)

Solving for a global Nash equilibrium is generally in-
tractable, so a joint policy π∗ for all agents could be obtained
through reinforcement learning [14], [19], imitation learning
[21], or by solving a dynamic game [12], [13]. These kinds
of games in the real world often have multiple classes of
(local) Nash equilibrium strategies.

C. Multi-Agent Strategy Alignment

We study the scenario where N−1 robots are collaborating
with one human partner, which makes it difficult to roll out
an optimal joint plan for all agents. The two main challenges
here are that 1) humans may not be able to compute
Nash equilibrium strategies, particularly in repeated games
[22]–[25], and 2) many scenarios of interest have multiple
different equilibria, so the human needs to know which one
the agents may have decided on (this has been called the
strategy alignment problem). All of the robot agents could
coordinate with each other ahead of time, but they need some
mechanism to coordinate with the human. Prior work uses
online replanning to collaborate with humans [12], [15], but
this turns the robot into a reactive agent instead of a proactive
one. It may be useful to allow the human to lead the team’s
strategy, but we want robots to influence the strategy that the
team chooses. This can allow the human partner to choose
strategies they may have otherwise been unfamiliar with.

IV. METHOD: STRATEGY-CONDITIONED LANDMARKS

The full pipeline for our explanation generation method is
illustrated in Fig. 2. We note that many collaborative tasks
contain discrete modes, even if the full space of strategies Z
is continuous. We thus start by clustering Z .

A. Strategy Clustering

To cluster the space of potential strategies, we assume
access to a dataset D containing trajectories ξi of all N
agents performing the task D = {ξ1, . . . , ξl} and their
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Fig. 3: An explanation of one strategy generated on the collaborative maze
task. Each image is a strategy landmark state computed from our method
Sec. IV and the text was generated from an LLM.
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Fig. 4: Left: Clustered latent strategy space for maze navigation. Right:
Resulting strategies from each cluster center are a different ordering of the
human and robot picking each jewel vs. standing on each button.

associated strategy vectors L = {z1, . . . , zl}. Such a dataset
may come from humans collaborating on the task or from
rolling out a policy π∗ that solves the game multiple times
(such as a differential game solver that outputs the Nash
equilibrium policies for all agents).

We can then cluster the strategy vectors L1 using k-
means clustering. We use silhouette analysis [26] as a method
for determining the number of strategy clusters. Resulting
clusters of strategy vectors for the collaborative maze task
(Sec. V) are visualized in Fig. 6. Ultimately, this gives us a
discrete set of strategy cluster centers [z∗1 , ..., z

∗
k].

B. Strategy Landmark State Generation
Prior work [10] has shown that for MDPs that can be writ-

ten as stochastic shortest-path problems, one can compute a
representative subset of the state space called landmark states
that every possible rollout of the policy must pass through in
order to complete the task. We extend this idea to the HiP-
MDPs we consider in this work by utilizing the previously
discussed clustering of the latent space to generate strategy-
conditioned landmark states.

Definition 1 (Strategy-Conditioned Policy Landmark State):
Given an MDP M and a strategy cluster center z∗i , and
a dataset of trajectories D = {ξ1, . . . , ξl}, a strategy-
conditioned policy landmark state l (or simply strategy
landmark) is a state (or cluster of states) that all trajectories
ξj in the set of trajectories corresponding to the strategy
cluster z∗i (called Dz∗

i
) pass through.

To find the set of strategy landmarks, we first discretize
the state space then cluster the discretized trajectories from
each strategy Dz∗

i
. This results in a set of landmark states

1In some scenarios, the latent strategy vectors may just be flattened
trajectories, which works fine for our method.

for each strategy cluster: Si
land = {l1i , . . . , l

ki
i } where ki

a hyperparameter that determines the number of clusters
and landmark states. One set of landmark states for the
collaborative maze task (Sec. V) can be seen in Fig. 3.

C. Textual Explanation Generation

During initial pilot studies, many users expressed that
some amount of textual explanation would be useful for
better understanding the strategies. We first wrote out the
rules of each game and translated the strategy landmarks
generated from Sec. IV-B to natural language. We then asked
a large language model (ChatGPT) to generate descriptions
for what happened between pairs of strategy landmarks
(lki , l

k+1
i )2. Text for one strategy is shown in Fig. 3.

D. Baseline: Video Explanation

Since existing policy summarization methods do not ex-
plicitly deal with collaborative tasks, we construct an intu-
itive baseline of showing policy rollouts directly. For each
strategy cluster Dz∗

i
, the video explanation baseline is a video

of the trajectory corresponding to the strategy cluster center
z∗i . For example, videos for the collaborative maze task show
rollouts of the trajectories depicted in Fig. 4 right.

E. Modification: Landmark Video Explanation

To make the most fair comparison, we additionally aug-
ment our method with video explanations. Specifically, we
freeze the video explanation from strategy cluster z∗i at each
landmark state lji for 10 seconds and display explanation text.

V. COLLABORATIVE MAZE TASK

For our first experimental domain, we use a 2D maze task
built by previous work [14]. In this task, two agents need
to collaborate to retrieve one treasure each and then take
them to the exits. The agents need to coordinate their actions
because the treasures are blocked by doors that can only be
opened while one agent is standing on a nearby button. The
task is shown in Fig. 4. The agents are rewarded when both
agents reach different goals holding treasures.

A. Co-GAIL

Prior work [14] collected a dataset D of pairs of humans
completing this task and used this data to train a policy
(via their algorithm called Co-GAIL) that can output actions
for the different strategies that humans exhibited. We utilize
the latent strategy space learned by Co-GAIL to generate
strategy clusters for strategy landmark generation (Sec. IV).

In an initial pilot study, we directly used the Co-GAIL
model with real users. However, we found it was often too
brittle to always finish the task (in strategy 2 in Fig. 4, the
robot completed the game with only 25% of participants). In
the original paper [14], the authors report 85-100% success
rates with people, but only test with 4 human users repeatedly
interacting with the system. Users likely became familiar
with how to best play the game with this particular agent.

2In the future, it may be more scalable to use a vision-language model
(VLM) to generate explanations so as to avoid manual task translation.
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Fig. 5: A the three-part user study for testing our approach. First, users are assigned an explanation type: landmarks, landmark videos, videos, or no
explanation. For each of two environments, users play N games with one explanation between each (or none in the no explanation case) and finally play
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Fig. 6: Left: Clustered latent strategy space for social navigation task.
Right: Resulting strategies from each cluster center. The agents start at
the locations denoted by the triangles and the goal is to reach the diamond
of the corresponding color without colliding.

B. Robustly Acting with Human Collaborators

We created one robot planner for each strategy cluster
that moves between the landmark states. Since the strategy
clusters were still found using the latent codes output by the
model trained with Co-GAIL, this approach allows us to take
advantage of learning-based techniques while still robustly
and reliably completing the task with new users. The planner
P takes in a pair of sequential landmark states for a particular
strategy and outputs the robot’s action: atR = P(lji , l

j+1
i , t).

Once the human and robot reach the strategy landmark state
lj+1
i , the planner moves to planning for lj+2

i .
In this setting, we still want to measure how much the

robot’s explanations are able to influence the person by
measuring their adherence to the planned strategy. However,
due to the nature of the task, the human and robot necessarily
need to coordinate their actions in order to complete the task.
We thus employ a basic Bayesian inference method over
the first landmark state of each strategy to allow the robot
to correctly respond to the actual chosen human strategy to
complete the task:

bt+1
R (l1) =

p(atH | stH ; l1)btR(l
1)∑

l̂1 p(a
t
H | stH ; l̂1)btR(l̂

1)
. (2)

where the assumed reward for the human in the likelihood
function p(atH | stH ; l1) is the negative distance traveled.

VI. SOCIAL NAVIGATION TASK

A. Problem Setup

Our second experimental domain is a 2D social navigation
task where N dynamic agents have different goals and need
to reach them while avoiding collisions. Since we’re dealing
with dynamical systems, it is natural to represent them
as ODEs in continuous time. In practice, the systems are

integrated with a discrete time interval of ts = 0.1s using
a Runge-Kutta method (RK4). This allows the dynamical
system to be in the same form as the HiP-MDP outlined
in Sec. III-A. All N = 3 agents have continuous unicycle
dynamics ṡi = f(si) + g(si)ai. The state si consists of
the (x, y) position (px, py), the velocity v and the steering
angle ψ, and the control action is the acceleration and
steering angle change ai = [v̇, ψ̇]T . The MDP state is
st = [st,T1 , st,T2 , st,T3 ]T . The rewards are as detailed in [12].

B. ILQGames

To solve the game posed in Sec. VI-A, we use the LQ-
game solver proposed in [12] that solves for local Nash
equilibria. Specifically, we use the implementation in Julia—
iLQGames.jl [27]. Given an initial condition s0, agent dy-
namics, and agent costs, the solver returns a trajectory ξ
and control policy (strategy) z for all agents. We perturb
the initial condition s0 500 times and run the solver on
each initial condition to get a diverse dataset of multi-agent
interactions D = {ξ1, . . . , ξ500}, L = {z1, . . . , z500}. A
silhouette analysis tells us there should be 3 clusters in
the strategy space. We can see the resulting three strategy
clusters in Fig. 6. The plotted latent strategy space shows a
2D t-SNE projection of the full latent strategies.

Equipped with a dataset D of multi-agent trajectories and
an associated set of cluster centers {z∗1 , . . . , z∗3}, we generate
explanations for each strategy in this task as detailed in Sec.
IV. Here, it is easy to directly compute whether the human
adhered to the planned strategy by checking which existing
strategy cluster the rolled-out trajectory belongs to (since
completion of the game does not depend on coordinated
actions). We thus have the robot agents roll out their policies
without inferring the human’s strategy online.

VII. USER STUDIES

Research Questions. We conducted an in-person user study
to answer the following research questions: (RQ1) How
does the explanation type affect human performance and
collaborative fluency in a zero-shot coordination task? (RQ2)
Does the explanation type influence whether people adhere
to the robot’s suggested strategy? (RQ3) Does robot-guided
strategy exploration improve humans’ abilities to collaborate
in subsequent games without prior strategy coordination?
Experimental Setup: We design a three-part study (Fig. 5)
to answer all three research questions. All participants are
given the same set of instructions for how to play each game
before being guided through a series of collaborative tasks
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with the robot. Participants play the games using the joystick
on a video game controller (Nintendo Switch Pro Controller).

In part 1 (P1), participants are given an explanation of
one strategy by the robot (or no explanation in the baseline
condition), then play one game with the robot. In part
2 (P2), the robot guides the participant through the rest
of the strategies in a randomized order. Finally, in part 3
(P3), once the guided strategy exploration is complete, the
participant plays the game with a new robot partner who
executes a random strategy without explicitly communicating
it. Participants experience this three-part study sequence for
both the Maze (Sec. V) and Social Nav (Sec. VI) tasks.
Independent Variables: We vary the explanation type with
4 levels: landmark images (Sec. IV), landmark videos (Sec.
IV-E), videos (Sec. IV-D), and no explanation.
Objective Measures: Task performance (relevant to P1 and
P3) measures how long it takes for the human-robot team to
complete the task. Strategy adherence (P2) is measured by
the number of times the human chose to follow the robot’s
suggested strategy. The no-explanation condition is removed
from this analysis because the robot does not provide strategy
guidance. Strategy exploration (P2) is measured by the
number of unique strategies played by the team in each of
the games prior to the final round with the unseen partner.
Subjective Measures: Subjective fluency (P1) is a measure
of how well the human thinks the team coordinated their
actions in the task, and is self-reported by the participant
through seven Likert-scale questions drawn from [28] (Cron-
bach’s α = 0.904 for Maze, and α = 0.913 for Social Nav).
Hypotheses. We intuit that landmark-based explanations
will improve participants’ understanding of the strategies,
compared to video-only explanations which may contain
noise. We expect improved task performance, adherence to
the robot’s suggestion, and coordination with an unseen
partner. H1: Participants guided by landmark images and
landmark videos will complete the zero-shot coordination

task (in both Maze and Social Nav) faster than the other
conditions (P1). H2: Participants guided by landmark images
and landmark videos will adhere more to the robot’s guidance
than the other conditions (P2). H3: Participants guided
by explanations will execute more unique strategies than
those not shown explanations (P2). H4: Participants guided
by landmark images and landmark videos will be able to
adapt to an unseen partner’s strategy faster than the other
conditions in both environments (P3).
Participants: We recruited 49 in-person participants from
the campus community and CMU’s Center for Behavioral
and Decision Research participant pool, of which 49.0% self-
identified as female, 44.9% as male, and 6.1% as non-binary.
Participant ages ranged from 18 to 70 (M = 25.7, SD = 9.4).
We removed participant data in each task if they experienced
technical errors, giving us 43 participants, divided as: in the
maze task, 14 in landmark images condition, 11 in landmark
videos, 10 in videos, and 8 in no explanation; in the social
navigation task, 13 in landmark images, 11 in landmark
videos, 12 in videos, and 7 in no explanation.
Collaborative Maze Results: For each measure, we re-
moved outliers using the interquartile range method. We used
one-way ANOVAS for each measure, and used post-hoc tests
with Bonferroni correction to examine main effects. In all
figures, (*) means p < 0.05 and (**) means p < 0.01.

H1 was partially supported. We found a significant dif-
ference between explanation types on zero-shot coordination
performance (Fig. 7), measured by the time taken to complete
the game (F (3, 37) = 4.11, p = 0.013, η2 = 0.25). Post-
hoc analysis showed that participants guided by landmark
images (pbonf < 0.01) and landmark videos (pbonf <
0.01) completed the zero-shot coordination task significantly
faster than those not shown any explanation, while those
guided by videos showed no significant improvement over
no explanation. There was no significant difference between
conditions in subjective collaborative fluency (Fig. 8) in the
zero-shot interaction (F (3, 38) = 2.06, p = 0.122, η2 =
0.14). However, we observe that the variance in subjective
fluency and task duration was higher for video explanations.

H2 was supported. Explanation type significantly af-
fected adherence to the robot’s suggested strategies (Fig.
9, F (2, 32) = 6.795, p < 0.01, η2 = 0.30). Participants
followed the robot’s guidance significantly more often when
presented strategies in landmark image form than in video
form (pbonf < 0.01).

H3 was supported. Explanation type significantly affected
how many unique strategies were actually performed by the
team (Fig. 10, F (3, 39) = 7.367, p < 0.01, η2 = 0.36).
Landmark videos (pbonf < 0.01) and landmark images
(pbonf < 0.01) both had significantly more unique strate-
gies compared to the no explanation condition. Participants
without any robot guidance tended to not explore strategies;
they repeatedly stuck with whichever strategy was performed
first for games. Video demonstrations did not significantly
influence people to explore the strategies in the games
played. Although there was no significant difference between
video and landmark video results, the means for both zero-
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shot task performance and number of strategies explored
are higher for landmark videos and landmark images than
for videos alone. This suggests that landmarks enhance
participant understanding more effectively than videos.

H4 was not supported. We did not find a significant
difference in task performance with an unseen (random
strategy) partner by explanation type (Fig. 11, F (3, 37) =
0.348, p = 0.79, η2 = 0.03). Since the starting state and
environment do not change, practicing the task four times
likely enabled participants to adapt to the random strategy
partner.
Social Navigation Results:

H1 was partially supported in the social navigation task.
Explanation type significantly affected the duration of the
first game (Fig. 7, F (3, 30) = 20.69, p < 0.01, η2 = 0.67).
Participants who were provided video (pbonf = 0.04),
landmark videos (pbonf = 0.03), and landmark images
(pbonf = 0.04) all performed better than those not offered
any strategy explanation. In other words, participants guided
by explanations of any form (video, landmark videos, and
landmark images) completed the zero-shot coordination task
significantly faster than those not shown any explanation.
Similarly, explanation type had an effect on subjective col-
laborative fluency ratings (Fig. 8, F (3, 35) = 7.07, p <
0.01, η2 = 0.38). The participants who were provided video
(pbonf < 0.01), landmark videos (pbonf < 0.01), and
landmark images (pbonf < 0.01) all found the collaboration
more fluent than those not offered any strategy explanation.

H2 was not supported. There was no significant difference
in adherence to the robot’s suggested strategies by explana-
tion type (Fig. 9, F (2, 33) = 0.056, p = 0.94, η2 = 0.003).

H3 was supported. Explanation type had a significant ef-
fect on how many unique strategies were actually performed
by the team (Fig. 10, F (3, 39) = 13.48, p < 0.01, η2 =
0.51). Landmark videos (pbonf = 0.03), landmark images
(pbonf = 0.03), and videos (pbonf = 0.03) all significantly
increased the number of unique strategies the team executed
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compared to the no explanation condition.
H4 was not supported. We did not find a significant differ-

ence in task performance with the unseen (random strategy)
partner based on explanation type (Fig. 11, F (3, 33) =
1.30, p = 0.29, η2 = 0.11).

In the social navigation task, all explanations improved
subjective fluency, task performance, and strategy explo-
ration. Unlike in the maze task, each agent must only avoid—
but does not rely on—the others. Landmarks and videos may
provide similar benefits in such a simple task.

VIII. CONCLUSION AND FUTURE WORK

We proposed a method for strategy alignment in multi-
agent tasks when there are multiple discrete modes of
collaboration. Specifically, we defined a framework for gen-
erating visual strategy explanations via strategy-conditioned
landmark states. We evaluated the proposed method on two
experimental domains where a robot (or multiple robots)
used strategy explanations to induce efficient collaborations
with a human partner. We ultimately found promising results;
users tended to perform better in their first collaboration
with a robot when presented with a strategy explanation,
particularly one using landmarks. Users also explored the
space of possible strategies more when guided by the robot’s
explanations to do so.

Though we did not find that explanations prepared users
for future collaborations, it suggests that in more complex
tasks, robots may be able to communicate collaborative
strategies efficiently. Researchers may consider explanation
generation using home simulators [29], [30]. One challenge
when scaling up may be determining appropriate strategies
to explain when the set of discrete strategy modes is large.
Additionally, future work may try extending to physical
human-robot collaborations, where strategy alignment has
effects on the safety of the interaction.
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