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Abstract

With the advancements of artificial intelligence (AI), emerg-
ing scenarios involving close collaboration between AI and
other unknown agents are becoming increasingly common.
This requires sometimes training AI agents to collaborate
with unknown agents in the absence of a reward function
– which may be unavailable to the AI agents or even unde-
fined by the unknown agents themselves – thus posing news
challenges to existing learning algorithms that often require
knowing the shared reward. In this paper, we show that ef-
fective teaming with unknown agents can be achieved in the
absence of a reward function, through actively modeling other
unknown agents and reasoning about their latent rewards
from available interaction/observation history. In particular,
we propose a novel framework that leverages a kernel den-
sity Bayesian inverse learning method for active reward/goal
inference and prove that multi-agent reinforcement learning
guided by the inferred reward signals can converge to an op-
timal policy teaming with unknown agents. The result enables
us to develop an adaptive policy update strategy, through the
use of a family of pre-trained, goal-conditioned policies, fur-
ther eliminating the need for online retraining. The proposed
solution is evaluated using a wide range of diverse unknown
agents of latent and even non-stationary reward. Our solution
significantly increases the teaming performance between AI
and unknown agents in the absence of reward.

Introduction
Advancements in artificial intelligence and machine learn-
ing (AI/ML) are enabling more and more scenarios where
AI agents need to collaborate with other autonomous sys-
tems or humans, which may be unfamiliar entities (to the
AI agents) with unknown goals/preferences (Johnson, Vig-
natti, and Duran 2020; Dafoe et al. 2020), denoted as un-
known agents. Examples include teaming with autonomous
agents that were built by other developers with unknown de-
signs/parameters (Traeger et al. 2020; Albrecht and Stone
2018), or humans in a shared work environment with un-
known intents/goals (Simmler and Frischknecht 2021; Be-
hymer and Flach 2016). In the absence of a reward function
– which may be unavailable to the AI agents (in the first ex-
ample) or even undefined by the unknown agents themselves
(in the second example) – training AI agents to collaborate
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with such unknown agents poses significant new challenges.
Existing approaches like multi-agent reinforcement learning
(MARL) (Spaan 2012) and transfer learning (Weiss, Khosh-
goftaar, and Wang 2016) require knowing the shared reward
function. Similarly, and hoc teamwork (Mirsky et al. 2022;
Genter, Agmon, and Stone 2011; Papoudakis, Christianos,
and Albrecht 2021) and zero-shot coordination (Treutlein
et al. 2021; Li et al. 2023) cannot support collaboration with
unknown agents if the reward is not known to the AI agents.

In this paper, we consider the problem of building AI
agents for Synergistic Teaming with UNknown agents
(STUN), in the absence of reward. This requires developing
novel algorithms without relying on the common assump-
tion of a known shared reward to guide learning. Specifi-
cally, our goal is to train a team of AI agents to collaborate
with a given team of unknown agents, who jointly pursue
some collaborative reward that is not known to the AI agents.
We propose a novel framework that leverages active goal/re-
ward inference and enables adaptive policy update following
the inferred rewards. More precisely, we develop a Kernel
Density Bayesian Inverse Learning (KD-BIL) (Mandyam
et al. 2022) to obtain a posterior estimate of the latent reward
of the unknown agents, from available observations/interac-
tions history on the fly. The method is sample efficient and
eliminates the need to refit policies for each sampled reward
function by utilizing the kernel density estimation to approx-
imate the likelihood function. Showing that KD-BIL pro-
duces unbiased estimates of the latent reward, we prove that
MARL guided by the inferred rewards can converge to an
optimal policy as if the true rewards of the unknown agents
were available.

Interesting, our analysis show that using the maximum a
posteriori (MAP) of latent rewards cannot ensure the opti-
mality of learning collaborative policies in this STUN prob-
lem. We prove that obtaining an unbiased estimation is nec-
essary to ensure convergence and optimality of the Bellman
equation. Based on this result, we utilize the inferred re-
wards from KD-BIL to support a real-time policy adapta-
tion, by pre-training a family goal-conditioned collaborative
policies with respect to randomly sampled surrogate mod-
els. The family of goal-conditioned policies can be viewed
as a parametric policy class. Thus, real-time policy adapta-
tion can be achieved without any online re-training or learn-
ing by directly using the inferred reward. More precisely,
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Figure 1: Our goal is to train policies πi of collaborative AI agents
to support a given team of unknown agents, when their reward R
is not available (to the AI agents). It requires reasoning about un-
known agents and their reward R from a Bayesian perspective and
using the inferred results for learning optimal policies πi .

our solution leverages a decentralized partially observable
Markov Decision Process (dec-POMDP) model (Oliehoek,
Amato et al. 2016) to pre-train collaborative agent policies
with respect to randomly sampled surrogate models (of the
unknown agents), such that the learned collaborative poli-
cies πi(ai|si, R) (known as the goal-conditioned policies)
are conditioned on potential rewards R. To team up with
unknown agents, an adaptive policy update can be easily
achieved by conditioning the learned collaborative policies
on the unbiased posterior estimate R̂, i.e., πi(ai|si, R̂). The
proposed solution supports centralized pre-training and fully
decentralized executions (Kraemer and Banerjee 2016).

To validate the effectiveness of our framework, we cre-
ate new environments for teaming and collaborating with
unknown agents by modifying the MPE and SMAC envi-
ronments (Lowe et al. 2017; Whiteson et al. 2019). We re-
designed the reward system to reflect various latent play
styles and unknown rewards of the unknown agents. Col-
laborative AI agents are then deployed in these shared envi-
ronments together with given unknown agents (e.g., down-
loaded from public repositories or trained with latent re-
wards using popular MARL algorithms like MAPPO, IPPO,
COMA, and IA2C (Yu et al. 2022; Schulman et al. 2017;
Foerster et al. 2018; Mnih et al. 2016)). We note that our
selected baselines in evaluation primarily include MARL al-
gorithms and multi-task learning algorithms without relying
on knowing the reward during execution. We do not consider
other algorithms that fail to operate in the absence of re-
ward (Weiss, Khoshgoftaar, and Wang 2016). We show that
STUN agents consistently achieve close-to-optimal teaming
performance with unknown agents. On super hard maps like
27m vs 30m or mmm2, our solution improves the reward
of unknown agents by up to 50%. The effectiveness of our
design demonstrated through ablation studies. The evalua-
tions also demonstrate our algorithm’s ability to work with
non-stationary unknown agents.

Related Work
Human AI teaming: Existing work on human-AI team-
ing often focus on teaming dynamics and organizational
behavior contributes to understanding how to build effec-
tive human-AI teams (Dafoe et al. 2020; Albrecht and
Stone 2018), leveraged cognitive science to better model

and complement human decision-making processes (Hu and
Sadigh 2023; Traeger et al. 2020), and considered related is-
sues such as communication, trust, and collaboration strate-
gies (Bauer et al. 2023). Recent work also includes zero-shot
RL methods for policy adaptation and teaming, e.g., zero-
shot human-agent coordination (Zhao et al. 2023) using a
maximum entropy-based population training method, gen-
erating diverse cooperative agents to enhance AI adaptabil-
ity in teams (Charakorn, Manoonpong, and Dilokthanakul
2022), and learning zero-shot cooperation with humans un-
der the assumption of human biases (Yu et al. 2023). In con-
trast, we consider human as unknown agents and learn to
collaborate with them in the absence of reward.
Multi-agent Reinforcement Learning: Most of the suc-
cessful RL applications, e.g., gaming (Iqbal and Sha 2019;
Foerster et al. 2017) and robotics (Knapp, Hall, and Hor-
gan 2013; Robinette et al. 2016), involve the participa-
tion of multiple agents. For collaborative agents (Matignon,
Laurent, and Le Fort-Piat 2007; Panait, Sullivan, and
Luke 2006), MARL learns joint decision-making policies
to optimize a known shared reward. These problems are
often solved using policy- or value-based methods like
MAPPO (Yu et al. 2022), MATRPO (Li and He 2023), and
factorization (Rashid et al. 2020; Zhou, Lan, and Aggar-
wal 2022). Existing work also include transfer learning in
this context (Yang et al. 2021). However, MARL algorithms
require knowing the shared reward and cannot work when
teaming with unknown agents in the absence of reward .
Multi-task Learning: Multi-task learning aims to train one
policy that has the ability to solve multiple tasks simulta-
neously (Caruana 1997). This is often achieved by train-
ing a generalized policy against tasks randomly sampled
from some task space. Various methods have been proposed
to support multi-task RL, e.g., attention mechanisms (Niu,
Zhong, and Yu 2021; Vezhnevets et al. 2017; Wang et al.
2023) and transferring policies between multi-tasks (Rusu
et al. 2016; Omidshafiei et al. 2017; Gurulingan, Zonooz,
and Arani 2023). While multi-task Learning can produce
generalized policies that work reasonably well in different
task environments, e.g., alongside different unknown agents
without knowing their rewards during execution, they cannot
ensure optimal teaming performance toward one particular
unknown agent.
Inverse Reinforcement Learning: Inverse Reinforcement
Learning (IRL) infers goals/rewards from observations of
action trajectories. It was first proposed in (Ng, Russell et al.
2000) showing that IRL problem has infinite solutions. Sev-
eral solutions, such as MaxEntropy IRL (Ziebart et al. 2008),
Max-Margin IRL (Abbeel and Ng 2004), and Bayesian
IRL (Ramachandran and Amir 2007) have been proposed to
resolve the ambiguity of IRL. In contrast, kernel-based IRL
in this paper is more sample efficient and supports synergis-
tic teaming with unknown agents in the absence of reward.

Our Proposed Solution
Problem Statement
We consider a set N of n collaborative AI agents (also de-
noted as STUN agents in this paper), which need to sup-
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port a given set Nu of nu unknown agents toward some
latent goal, i.e., the reward of the unknown agents is not
available to the AI agents. The decision making is mod-
eled as a dec-POMDP (Oliehoek, Amato et al. 2016), given
by a tuple M = ⟨Nu,N ,S,A, T , R,Ω,O, γ⟩. S is the
joint state space for all agents Nu ∪ N . For each agent i,
Ai is its action space and Oi its observation space. Thus,
A = A1×A2×· · ·×Anu+n denotes the joint action space of
all agents, and O = O1×O2×· · ·×Onu+n denotes the joint
observation space of all agents. We use T : S ×A → Ω(S)
to denote the transition probability function, with Ω(S) rep-
resenting a set of state distributions. We note that our for-
mulation is different from existing work on ad hoc team-
work (Mirsky et al. 2022; Genter, Agmon, and Stone 2011)
and zero-shot coordination (Treutlein et al. 2021; Li et al.
2023), since the reward is not available to the AI agents.

Each unknown agent i ∈ Nu behaves according to some
latent policy πu

i : Oi ×Ai → [0, 1], which maximizes some
latent reward R not known to the AI agents. More precisely,
the latent reward function R : S × A → R is unknown and
non-observable to other AI agents operating in the shared
task environment, while their behavior trajectories are ob-
servable for reasoning and inferring the latent reward (which
could be time-varying).

Our goal in this paper is to learn the policies of collabora-
tive AI agents (i.e., STUN agents): πi : Oi×Ai → [0, 1] for
i ∈ N in the absence of reward, in order to effectively team
up with the unknown agents and collaboratively maximize
the expected return G =

∑H
t γtRt, where γ is a discount

factor, Rt is the latent reward received at time t, and H is the
time horizon. It is easy to see that while the problem follows
a dec-POMDP structure, it cannot be solved with existing
solutions because training the AI agents would normally re-
quire having access to the latent reward signal R, and thus is
not possible in our formulation with unknown agents. The
collaborative AI agents must simultaneously address two
problems: (i) inferring the latent reward by collecting ob-
servations of the unknown agents in the shared task environ-
ment, and (ii) adapting their policies on the fly to support
effective teamwork toward the learned reward, while ensur-
ing optimality of the learned MARL policies.

Learning with Active Goal Inference
We consider a team of STUN agents that are deployed
alongside unknown agents in a shared task environment.
The STUN agents can observe the trajectories {τu} =
{(oui , aui )}ni=1 of the unknown agents (defined as a sequence
of their joint observations oui ∈ Ou = O1×O2×· · ·×Onu

and joint actions aui ∈ Au = A1×A2×· · ·×Anu
). We pro-

pose KD-BIL for active goal inference and show that MARL
guided by the inferred reward signals can learn an optimal
MARL policy. Further, to support quick adaptation without
online retraining, we leverage a family of pre-trained, goal-
conditioned for adaptive policy update.

Our proposed KD-BIL is a method for approximating
the reward probability distribution using kernel density es-
timates. It not only allows an efficient estimate of the un-
known agents’ reward (which is often associated with sub-
stantial uncertainty) but also supports sample-efficient com-

putations using limited observation data. Specifically, we set
up a training dataset D by sampling m demonstrations, ei-
ther from available trajectories of known agents with observ-
able reward or by training surrogate unknown agents using
sampled reward functions. This dataset consists of m 3-tuple
demonstrations {(oj , aj , Rj)}mj=1, where Rj is the reward
function used to generate the demonstrations (oj , aj). Using
either known agents or surrogate agent models, we construct
the training dataset that contains demonstrations of various
potential behavior.

Given observed unknown agent trajectories (oui , a
u
i ) of

size n, we can now estimate the posterior pm(R|oui , aui ) by
formulating conditional density p̂m(oui , a

u
i |R) with respect

to the training dataset and our choice of kernel density func-
tion K(·, ·). Using demonstrations in the training dataset,
the conditional density for a state-action pair (oui , a

u
i ) given

a latent reward function R is

p̂m(oui , a
u
i |R) ∝

m∑
j=1

K((oui , a
u
i ), (oj , aj)) ·KR(R,Rj)∑m

l=1 KR(R,Rl)

(1)
where K(·, ·) and KR(·, ·) are two different kernel density
functions for the state-action pair and for the reward, respec-
tively. The proposed KD-BIL method works with any kernel
functions, such as the Gaussian kernel and the Matern ker-
nel (Mandyam et al. 2022). We consider the Gaussian kernel
function in the following derivations. This implies that the
conditional density p̂m(oui , a

u
i |R) is given by:

p̂m(oui , a
u
i |R)

∝
m∑
j=1

e−ds((o
u
i ,a

u
i ),(oj ,aj))

2/(2h)e−dr(R,Rj)
2/(2h′)∑m

l=1 e
−dr(R,Rl)2/(2h′)

(2)

where ds : (O×A)× (O×A) → R is a distance metric to
compare (o, a) tuples, dr : R ×R → R is a distance metric
to compare reward functions, and h, h

′
> 0 are smoothing

hyperparameters. We note that these hyperparameters can be
further optimized using the training dataset, e.g., similar to
optimizing surrogate models in Bayesian Optimization (Ra-
machandran and Amir 2007). Next, we obtain the following
posterior estimate of latent reward.

Lemma 1. The estimated posterior of unknown agent re-
ward is given by

p̂m(R|{oui , aui }ni=1)

∝ p(R)
n∏

i=1

m∑
j=1

e−
ds((oui ,au

i ),(oj,aj))
2

(2h) e
−

dr(R,Rj)
2

(2h′)∑m
l=1 e

−dr(R,Rl)2/(2h′)

(3)

Importantly, we note that this conditional density p̂m can
be easily computed from the training dataset and using ker-
nel density functions. There is no need to refit policies or
perform value iterations to evaluate the posterior for a given
reward function R. This drastically reduces the computa-
tional complexity compared to existing Bayesian IRL al-
gorithms (Zintgraf et al. 2021; Mandyam et al. 2022; Ra-
machandran and Amir 2007; Choi and Kim 2012; Chan and
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van der Schaar 2021) and thus makes it possible to per-
form Bayesian inverse learning for the unknown agent’s la-
tent reward, even in complex environments with large state
spaces (as shown in our evaluation on SMAC (Whiteson
et al. 2019)). Further, p(R) in Equation (3) denotes the prior
distribution of reward functions. It can be a uniform distri-
bution or estimated from available unknown agent statistics.
As m → ∞, it is shown that p̂m converges to the true like-
lihood of reinforcement learning policies and thus the true
posterior using results in (Van der Vaart 2000).

Lemma 2. Assume the prior for R, denoted by P , satisfies
P({R : KL(R∗, R) < ϵ}) > 0 for any ϵ > 0, where KL is
the Kullback–Leibler divergence. According to (Mandyam
et al. 2023) As m → ∞, the posterior measure correspond-
ing to the posterior density function p̂m( 3). denoted by Pn

m,
is consistent w.r.t. the L1 distance; that is,

lim
m→∞
n→∞

Pn
m({θ : ||p̂(·|R)− p(·|R∗)||L1

< ϵ}) = 1 (4)

Guided by the inferred reward using KD-BIL, we can uti-
lize MARL to train a collaborative policy for teaming with
unknown agents. We show that since the above Lemma guar-
antees that our KD-BIL algorithm is guaranteed to converge
to the true reward distribution, the learned policy is guar-
anteed to be optimal. We prove the result using the Bell-
man equation with inferred rewards. In practice, we can
consider a general representation of the latent reward func-
tion, i.e., RB(s, a) with latent parameters B ∈ Rk, which
k is the latent dimension of B. This representation cap-
tures latent reward that can be expressed as a linear function
RB(s, a) = BTR(s, a) of possible underlying components
R = (R1, R2, . . . , Rk) of the unknown agents’ potential ob-
jectives, as well as more general forms of reward functions
that are defined through a neural network RB(s, a) parame-
terized by B. For instance, in our evaluations using the MPE
environment (Lowe et al. 2017), we can construct a mixing
network (e,g., a single-layer neural network parameterized
by B) to combine underlying components such as greedy,
safety, cost, and preference, into a more complex and realis-
tic reward function representation for goal inference. Thus,
active goal inference in this paper aims to estimate the latent
reward parameters B from observed unknown agents’ trajec-
tories {(oui , aui )}ni=1, using the proposed KD-BIL method,
by estimating posterior p̂m(RB|{oui , aui }ni=1) over the latent
reward parameters B instead.

To establish optimality of the proposed approach, we con-
sider a Q-learning algorithm (Watkins and Dayan 1992) that
are often employed for theoretical analysis. We consider
learning over the joint action and state space (of the AI
agents) and under the unbiased reward estimates RB̃. Thus,
the Q-values, Qπ

B(s, a) = Eπ[
∑H

t γtRt|St = s,At =
a,Rt ∼ RB], are now defined with respect to the reward
estimates RB̃. We show that this joint Q-learning guided by
the estimate rewards converges to optimum.

Theorem 1. (Inferred Reward using KD-BIL Ensures Opti-
mality.) Given a finite MDP, denoting as M, the Q-learning
algorithm with inferred reward from KD-BIL, given by the

update rule,

QB̃,t+1(st, at) = (1− αt)QB̃,t(st, at) (5)

+αt[RB̃ + γmax
b∈A

QB,t(st+1, b)]

converges w.p.1 to the optimal Q-function as long as∑
t αt = ∞ and

∑
t α

2
t < ∞

Note that a and s are the joint action and state of all AI
agents. The right hand of Equation (5) relies on the inferred
unbiased reward RB̃(s, a). Theorem 1 states that collabora-
tive agent policies will converge to optimum w.p.1 using the
inferred rewards. According to Lemma 2, we can show that
the reward is unbiased, i.e., E[RB̃] = RB. Consequently, we
can eliminate the bias introduced by the reward during each
update of the Q-learning process, thereby achieving conver-
gence. The inferred rewards and the resulting collaborative
policies are evaluated in MPE and SMAC environments, val-
idating the proposed methods.

Adaptive Policy Update with Inverse learning
While training MARL policies guided by the inferred reward
signals ensures convergence to optimum, online re-training
and re-learning may incur overhead, making the solutions
not suitable for scenarios requiring real-time interaction and
adaptions. To this end, we further propose an adaptive pol-
icy update to avoid such overhead. The key idea is to pre-
train a class of goal-conditioned policies π(a|o,R) for the
STUN agents, which are conditioned on potential reward
functions R. This pre-training is supported by the use of
surrogate unknown agent models with respect to randomly
sampled latent reward function R, as shown in Figure .2.
The pre-trained STUN agents (with goal-conditioned poli-
cies {πi(ai|oi, R)}) are then deployed in a shared task envi-
ronment to collaborate with unknown agents and to support
common goals/objectives. Using the inferred reward signals
R̂ from KD-BIL, we can easily adapt the pre-trained agent
policies into {πi(ai|oi, R̂)}, which ensures optimal teaming
performance. It eliminates the need to refit or re-retraining
MARL policies on the fly after active goal inference.

We show that a maximum a posteriori (MAP) of latent
reward cannot ensure convergence of the Bellman equation
to achieve optimal expected return G =

∑H
t γtRt. Instead,

an unbiased estimate R̃ is proven to be necessary for learn-
ing the optimal collaborative policy. Based on this result, we
leverage the pre-trained, goal-conditioned policies {πi} and
perform adaptive policy update using the unbiased estimate,
i.e, {πi(ai|oi, R̃)}. The proposed policy adaptation requires
no re-training or re-learning, while ensuring optimality of
the adapted policy. Again, we consider a general representa-
tion of the latent reward function, i.e., RB(s, a) with latent
parameters B ∈ Rk, which k is the latent dimension of B.

We pre-train a set of goal-conditioned policies
{πi(ai|oi,B)} – which are now conditioned on the
latent reward function parameters B instead – for the
collaborative AI agents. The pre-training is illustrated in
Figure 2, where surrogate models of the unknown agent
are leveraged. We employ MARL to train the surrogate
models and the collaborative AI agent policies, using
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Figure 2: An illustration of our proposed framework. STUN
agents πi(·|R) are pre-trained using surrogate agent mod-
els with sampled latent rewards R. To collaborate with un-
known agents, they use inverse learning (step b) on the ob-
served trajectories {τui } of the unknown agents (step a) and
perform adaptive policy update based on an unbiased esti-
mate R̂ (step c).

reward signals RB with randomly sampled parameters
B ∼ p(·). Thus, an adaptive policy update can be achieved
during teaming stage by feeding the unbiased estimate B̃ (of
unknown agent reward) into the goal-conditioned policies,
i.e., {πi(ai|oi, B̃)}. It ensures optimal teaming performance
with the unknown agents.

The pseudo-code of our proposed STUN framework can
be found in Appendix A. In particular, the pre-training of
goal-conditioned policies (together with surrogate models)
can leverage any MARL algorithms to maximize the ex-
pected return JB(θ) under sampled reward:

Jπ,B(θ) = Es0∼µ,s,a[V
πθ

B (s0)] (6)

where s0 is drawn from the initial state distribution. In
this paper, we use policy gradient algorithms to pre-train
the goal-condition policies. So, the Latent Style Policy
Gradient for pre-training can use this way ∇θJπ,B(θ) =
Eπθ

[Qπθ

B (s, a)∇θ log πθ(a|o,B)]

Experiments
We redesign two multi-agent simulation environments based
on multiagent-particle-envs(MPE) (Lowe et al. 2017) and
SMAC (Whiteson et al. 2019) to create collaborative team-
ing tasks with unknown agents. These environments in-
clude blue (friendly) and red (adversarial) teams. The red
team is controlled by built-in policies within the envi-
ronments, while the blue team consists of both unknown
agents and collaborative AI agents. We consider different
methods for creating the unknown agents, such as training
with randomly-generated latent reward parameters and us-
ing available agents from popular MARL algorithms like
MAPPO, IPPO, COMA, and IA2C (Yu et al. 2022; Schul-
man et al. 2017; Foerster et al. 2018; Mnih et al. 2016).

We deploy STUN agents (and other baseline agents like
obtained by multi-task learning) alongside these unknown
agents and evaluate the teaming performance in each collab-
orative task. We note that the baselines selected in our eval-
uation primarily include MARL algorithms and multi-task
learning algorithms without relying on knowing the reward
during execution. We do not consider other algorithms that
fail to operate in the absence of reward (Weiss, Khoshgof-
taar, and Wang 2016).

Multi-Agent Particle Environment
We first consider Predator-Prey from MPE environment,
which is a partially observable multi-agent environment that
involves N AI-controlled blue agents and M adversary
agents. Half of the blue agents are unknown agents with la-
tent reward, while the rest of blue agents are collaborative AI
agents. Meanwhile, the adversaries follow a fixed strategy:
they move towards the nearest agent, and different adver-
saries will choose different targets.

To create unknown agents with diverse behaviors/objec-
tives, we consider four methods of creating reward compo-
nents and combines them into more complex reward func-
tions RB(s, a) using either a linear function or a non-linear
mixing network (e.g., a single-layer neural network) with
latent parameters B. We consider (i) Greedy Reward:
As Preys get closer to each other, they are less greedy in
terms of exploration, thus resulting in a negative reward. (ii)
Safety Reward: Prey attempts to evade Predators and re-
ceives a negative reward proportional to the distance. (iii)
Cost Reward: Movement by the Prey consumes energy, so
when the Prey moves, it also receives a negative reward. (iv)
Preference Reward: Different weights can be assigned to
Predator-Pray pairs in the other classes, to reflect individ-
ual preferences/importance. We note that the combination of
these methods allows creation of complex reward functions
with many dimensions.

We evaluate the performance of STUN agents teaming
up with unknown agents and focus on two key aspects:
(1) Adaptability: evaluating whether trained STUN agents
can maintain high teaming performance when collaborating
with new, unknown agents or agents with time-varying be-
haviors/objectives. (2) Interpretability of behavior: Assess-
ing how collaborative agents’ behaviors vary under differ-
ent unknown agents with latent B. We also perform abla-
tion studies to verify the impact of (i) adaptive policy update
using goal-conditioned policies and (ii) active goal infer-
ence of our proposed design, as well as the impact of high-
dimensional, linear, and nonlinear reward functions.

Teaming behavior interpretation. To better interpret
STUN agent behaviors, we focus on Greedy Rewards and
Safety Rewards in this experiment. While more details are
provided in Appendix C.1.2, we show in Fig. 3(a)(a) the
achieved tradeoff between the two reward components when
collaborating with unknown agents of different latent B. As
the unknown agents tend to move from playing safe (i.e.,
staying away from predators) to being greedy (i.e., more ag-
gressively exploring), STUN agents adapt their policies and
also becomes more greedy – as shown by diminishing safety
return and increasing greedy return. More teaming analysis
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(a) Interpreting teaming behavior. (b) Against non-stationary unknown agents. (c) Ablation and scalability study.

Figure 3: (a) Illustration of the underlying reward tradeoff when STUN agents team up with unknown agents ranging from
playing safe to being greedy. (b) Ability of STUN agents to quickly reasoning/inferring the time-varying reward of the unknown
agents (changing every 20 epochs) and then performing adaptive policy update on the fly. (c) Ablation studies showing the
impact of different design modules, as well as robust performance of STUN under unknown reward function with increasing
complexity (e.g., increasing from 2 to 6 dimensions of reward components and using nonlinear mixing functions).

Unknown Agents Synergistic Agents Fixed-Behavior Agents Multi-task Agents

STUN FBA-C FBA-B FBA-A MAPPO IPPO COMA MAA2C IA2C

FBA-C 1.10 1.04 1.04 0.99 0.88 0.85 0.84 0.69 0.68
FBA-B 2.38 2.06 2.36 2.19 1.99 1.84 1.83 1.71 1.73
FBA-A 3.73 2.88 3.55 3.88 3.08 2.94 2.68 2.35 2.67

Mixed-1 1.98 1.11 1.21 0.98 1.13 1.02 0.88 0.72 0.66
Mixed-2 2.21 1.43 1.36 1.87 1.73 1.66 1.11 1.23 1.02
Mixed-3 2.96 1.60 2.10 2.68 1.89 1.44 1.38 1.35 1.07

MAPPO 2.43 2.04 2.05 2.08 2.11 1.97 1.80 1.87 1.56
IPPO 2.25 1.82 2.22 2.19 1.95 2.22 2.06 1.84 1.87

COMA 2.12 1.62 1.86 1.95 1.98 1.81 2.18 1.55 1.58
MAA2C 2.22 1.58 1.97 2.05 1.25 1.83 1.79 2.13 2.12

IA2C 2.08 1.73 1.89 1.87 1.84 1.62 1.55 1.43 1.97

Average 2.31 1.72 1.96 2.07 1.80 1.75 1.65 1.53 1.54
Normalized 98.9 73.7 84.0 88.7 77.1 74.9 70.7 65.6 66.0

Table 1: Experimental results of average reward on 3s vs 5z map of the redesigned SMAC environment. STUN and selected
baselines (during testing) are each teamed up with 11 different unknown agents, respectively. Each row represents the teaming
performance with a different unknown agent. STUN achieves nearly optimal performance in nearly all scenarios.

and illustrations are provided in Appendix C.1.2.
Collaborating with changing unknown agents. Dur-

ing the teaming/execution stage, we deploy trained STUN
agents alongside unknown agents with changing behavior.
Specifically, the unknown agents vary their policies at the
beginning of every 20 epochs. This requires STUN agents
to continually reason/infer the time-varying reward of the
unknown agents and then perform adaptive policy update
on the fly. Fig. 3(a)(b) shows that STUN agents can swiftly
adapt their policies in just 5-10 epochs (with goal inference
and adaptive policy update) and ramp up teaming perfor-
mance, in different environments with M adversaries.

Ablation studies. We now perform an ablation study to
(i) remove the adaptive policy update in STUN agents by
instead performing additional online reinforcement learning
using the inferred reward and (ii) remove the active goal in-

ference by conditioning STUN agents on fixed reward pa-
rameters – labeled “multi-task” and “fix” respectively in
Fig. 3(a)(c). Significant performance degradations are ob-
served comparing to STUN agents labeled “nonlinear-4dm”.
For scalability, in Fig. 3(a)(c), we further vary the dimen-
sions of underlying reward components from 2 to 6 and
evaluate STUN agents over both linear and non-linear re-
ward functions (e.g., soft-max and single-layer network with
parameters B). The numerical results demonstrate STUN
agents’ robust teaming performance with increasingly com-
plex unknown reward structures.

StarCraft Multi-Agent Challenge
In this section, we perform extensive evaluations of the pro-
posed framework on SMAC tasks (e.g., hard and super-hard
maps) and compare it with a range of baseline algorithms.
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(a) 3s vs 5z (b) 5m vs 6m (c) 6h vs 8z

(d) 27m vs 30m (e) corridor (f) MMM2 (hard)

Figure 4: Performance comparison of our proposed STUN agents and selected baselines on redesigned SMAC tasks.

Note that to create unknown agents with different latent
rewards, we have redesigned the SMAC environment1 to
consider two broad classes of rewards: Conservative Re-
wards that are represented by the health values of surviv-
ing friendly blue-team agents and Aggressive Rewards that
are represented by the total damage inflicted on adversar-
ial red-team agents. This design allows us to create diverse
unknown agents with different latent reward function and
play style, ranging from conservative to aggressive as pa-
rameterized by the latent B. Teaming performance is mea-
sured using the achieved (latent) reward. All other environ-
ment settings remain the same as standard SMAC. Detailed
information on our settings and training configurations like
hyperparameters used can be found in the Appendix.

We consider 6 maps selected from SMAC with varying
level of difficulty and create 7 types of unknown agents
either by training with fixed unknown behaviors or by di-
rectly using agents from popular MARL algorithms includ-
ing MAPPO, IPPO, COMA, and IA2C (Yu et al. 2022;
Schulman et al. 2017; Foerster et al. 2018; Mnih et al. 2016).
We deploy trained STUN agents in these collaborative tasks
against each type of unknown agents and compare the per-
formance to a number of baselines such as optimal fixed-
behavior agents (e.g., with conservative (FBA-C), balanced
(FBA-B), and aggressive (FBA-A) play styles) and collab-
orative agents that employ multi-task learning by randomly
sampling the unknown agents’ latent parameters. We also
consider players with mixed behaviors: Mixed-1 consists

1Standard SMAC environment considers only winning rate as
the reward, which is insufficient for creating diverse unknown
agents with latent rewards for our evaluation.

of 50% FBA-C and 50% FBA-B. Mixed-2 consists of 50%
FBA-C and 50% FBA-A. Mixed-3 consists of 50% FBA-
B and 50% FBA-A. In the following evaluations, we will
demonstrate: (1) The proposed KD-BIL can accurately infer
latent reward parameters B; (2) STUN agents can efficiently
team up with unknown agents and outperform baselines on
various SMAC tasks; and (3) STUN agents demonstrate ro-
bust performance with diverse unknown agent rewards.

Evaluating goal inference against ground truth. We
validate the effectiveness of our proposed goal inference al-
gorithm, KD-BIL, by showing the correlation between the
estimate posterior and the ground truth (in terms of the latent
reward parameter B) in Fig.5 on two maps, 3s vs 5z and
corridor. Each row in the heatmap shows the posterior dis-
tribution of one given reward parameter (which in the ideal
case would concentrate on the diagonal line). The result
shows that our proposed goal inference can accurately esti-
mate the latent reward, even in complex tasks that involve a
large number of blue/red agents and require advanced strate-
gies (e.g, on the corridor map). The analysis of goal infer-
ence on other maps are provided in the appendix.

Evaluating performance on different maps. We de-
ploy trained STUN agents alongside unknown agents on
6 different maps and repeat the experiments with several
SOTA baselines for comparison: MAPPO (Yu et al. 2022),
COMA (Foerster et al. 2018), MAA2C, IPPO (Schulman
et al. 2017), IA2C (Mnih et al. 2016). These baseline agents
are trained using a multi-task learning approach by ran-
domly sampling latent B, so that they can collaborate with
unknown agents of different behaviors/objectives. The re-
sults, as shown in Fig. 4, demonstrate that the STUN’s pre-
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(a) 3s vs 5z (b) MMM2

Figure 5: An illustration of the correlation between posterior
estimate of reward parameters (shown in each row) using
KD-BIL and the ground-truth reward parameters. Our pro-
posed active goal inference can accurately infer the latent
reward from observed unknown agent trajectories.

training method can effectively converge and significantly
improve teaming performance (up to 50% on certain super-
hard maps). The settings are detailed in the Appendix.

Teaming performance with various unknown agents.
We deploy the trained STUN agents alongside 8 differ-

ent unknown agents on 3s v 5z map and compare the team-
ing performance against two groups of baselines – fixed-
behavior agents and multi-task agents trained using different
algorithms – which are also deployed alongside the same un-
known agents. Table 1 summarizes numerical results, with
each row comparing the teaming performance of various
collaborative agents alongside the same unknown agent. In
particular, we calculate a normalized teaming score by as-
signing 100 points to the best performing agent in each
row and then taking the average over all 8 unknown agents.
STUN agents achieve a normalized score of 99.2 out of a
maximum of 100, with the best performance in nearly all
scenarios and demonstrating robust teaming performance
with a diverse range of unknown agents.

Conclusions
This paper presents a novel framework for enhancing AI and
unknown-agent teaming in collaborative task environments
in the absence of reward. Considering unknown agents
whose rewards are not available to the AI agents, we show
that the proposed KD-BIL provides unbiased reward esti-
mates and thus ensures optimality of learned MARL policies
under the guidance of inferred rewards. We then propose
a goal-conditioned policy adaptation without re-training or
learning. Evaluations using diverse unknown and also non-
stationary agents in MPE and SMAC demonstrate robust
teaming performance. Synergistic teaming with unknown
agents in non-stationary tasks or under restricted observa-
tions are avenues for future work.
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