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Abstract
Exploration in sparse-reward tasks remains a fundamental
challenge in multi-agent reinforcement learning (MARL) due
to complex inter-agent interactions and the expansive ex-
ploration space. To address this issue, we propose Targeted
Multi-Agent Exploration (TMAE), a novel framework that
uncovers the causal relationships between the state space and
the reward function, thereby reducing the exploration space
and enabling more targeted exploration. Specifically, we con-
struct a structural causal model (SCM) to model the causal-
ity between sub-state variables and sparse rewards, provid-
ing a robust analytical foundation for subsequent causal in-
ference. Through counterfactual causal intervention, TMAE
identifies the most critical subspaces for discovering rare but
pivotal events while filtering out confounders. By incorporat-
ing these causal insights into the exploration process, TMAE
prioritizes subspaces with stronger causal effects on sparse
rewards, significantly enhancing exploration efficiency. We
evaluate TMAE on a range of MARL benchmarks featur-
ing sparse rewards, consistently demonstrating superior ex-
ploration efficiency compared to state-of-the-art methods.
Furthermore, visualized causal insights derived from TMAE
reveal its ability to effectively capture intricate dependen-
cies and priorities in targeted exploration, showcasing strong
alignment with prior domain knowledge.

Introduction
Multi-agent reinforcement learning (MARL) has emerged
as a crucial field due to its ability to address a wide
range of complex real-world problems, including applica-
tions in Game AI (Peng et al. 2017), Traffic Control (Xu
et al. 2021), and Network Routing (Ye, Zhang, and Yang
2015). Its notable success is predominantly attributed to the
Centralized Training and Decentralized Execution (CTDE)
paradigm (Lowe et al. 2017; Rashid et al. 2018; Yu et al.
2022; Sun et al. 2021, 2024b,a, 2025; Li et al. 2024c, 2025),
which effectively alleviates non-stationarity and preserves
policy scalability. However, exploration remains a signifi-
cant obstacle in MARL, especially in sparse reward tasks.

To tackle this challenge, recent approaches have focused
on augmenting extrinsic rewards with intrinsic rewards de-
rived from the global state. Such intrinsic rewards are specif-
ically designed to guide agents toward influential behav-

Copyright © 2026, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

iors (Wang et al. 2019; Li et al. 2024a), novel states (Zheng
et al. 2021; Xu et al. 2023a; Zhang et al. 2023; Zang et al.
2025), and diverse trajectories (Mahajan et al. 2019; Li
et al. 2021; Bettini, Kortvelesy, and Prorok 2024; Yang et al.
2023). However, as the dimensionality of the joint explo-
ration space grows exponentially with the number of agents,
global intrinsic rewards often fail to manage the large search
space and complex agent interactions effectively.

In practice, although the state space may be enormous,
sparse rewards and rare events often depend on only a
small subset of the state space. For example, in a multi-
dimensional state space, the reward for unlocking a door
might depend on just one dimension—whether the agents
possess the key—demonstrating how certain subspaces are
critical for successfully exploring sparse rewards. If task-
relevant prior knowledge (i.e., identifying the subspaces on
which sparse rewards depend) is available, exploration effi-
ciency can be significantly improved (Liu et al. 2021). How-
ever, acquiring such knowledge in real-world scenarios is
often challenging or impractical. Hence, existing methods
often rely on black-box techniques or approximate, task-
agnostic priors as substitutes. For example, CMAE (Liu
et al. 2021) employs dimensionality reduction techniques to
project high-dimensional states into a lower-dimensional la-
tent space. FOX (Jo et al. 2024) explores the formation space
defined by observation differences rather than the entire state
space. Furthermore, SAME (Xu et al. 2023b) assumes that
sub-state spaces with higher uncertainty are more relevant
to the reward function and encourage agents to explore un-
certain subspaces. While these approaches can reduce the
exploration space, such black-box techniques or one-size-
fits-all priors fail to capture the true reward structure needed
to accelerate exploration effectively.

In this work, we propose Targeted Multi-Agent Explo-
ration (TMAE), a novel framework designed to automat-
ically extract task-relevant prior knowledge from past ex-
ploration data by studying the causal relationships between
the state space and sparse rewards. Concretely, we de-
compose the state space and construct a structural causal
model (SCM) that links each sub-state variable to the
sparse reward. We then utilize powerful causal inference
tools—counterfactual causal intervention—to pinpoint how
each subspace influences the sparse reward. This discov-
ered causal knowledge is subsequently injected into the
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exploration process, driving agents to concentrate on the
most influential subspaces. By reducing the exploration
space and focusing on key events, TMAE significantly im-
proves exploration efficiency. We evaluate TMAE on vari-
ous MARL environments, including Google Research Foot-
ball (GRF) (Kurach et al. 2020) and the StarCraft Multi-
agent Challenge (SMAC) (Samvelyan et al. 2019), un-
der sparse-reward settings. Compared with state-of-the-art
multi-agent exploration algorithms such as FOX (Jo et al.
2024), ICES (Li et al. 2024b), CDS (Li et al. 2021),
COIN (Li et al. 2024a) and SMMAE (Zhang et al. 2023),
our method demonstrates superior exploration efficiency and
performance.

To the best of our knowledge, TMAE is the first approach
to investigate the causal relationship between sparse rewards
and sub-state spaces, thereby effectively uncovering task-
relevant exploration knowledge and enabling efficient, tar-
geted multi-agent exploration.

Related works
Multi-agent exploration
Intrinsic rewards, such as curiosity (Burda et al. 2018; Ba-
dia et al. 2020) and diversity (Eysenbach et al. 2018), are
metrics used to assess the significance of explored samples
in RL and have proven highly effective in single-agent envi-
ronments. However, in the MARL domain (Lowe et al. 2017;
Sunehag et al. 2017; Rashid et al. 2018; Wang et al. 2021; Yu
et al. 2022), additional challenges emerge from partial ob-
servability and intricate inter-agent relationships. Therefore,
a critical issue in multi-agent exploration is the application
of intrinsic rewards to either global states or local observa-
tions (i.e., exploring from either the global perspective or the
individual perspectives of multiple agents). This perspective
leads us to categorize existing methods for multi-agent ex-
ploration into global exploration and self-exploration.

Self-exploration incorporates intrinsic objectives at the
individual agent level. Concretely, EMC (Zheng et al. 2021)
employs prediction errors of individual Q-values as intrinsic
rewards. SMMAE (Zhang et al. 2023) utilizes state marginal
matching to expand the exploration space of each agent.
ADER (Kim and Sung 2023) evaluates the necessary degree
of exploration for each agent and determines the optimal
target entropy to drive maximum entropy exploration. So-
cial influence (Jaques et al. 2019) measures how an agent’s
actions can affect the actions of others, thereby capturing
the dependencies between their exploration policies. EITI
and EDTI (Wang et al. 2019) quantify the influence of one
agent’s behavior on the transition dynamics and the expected
returns of other agents. CDS (Li et al. 2021) promotes di-
verse individualized behaviors by leveraging mutual infor-
mation between agents’ identities and their local trajectories.

Global exploration seeks to encourage comprehensive
exploration of the state space. For instance, MAVEN (Ma-
hajan et al. 2019) maximizes the mutual information be-
tween global trajectories and latent variables to generate a
variety of global behaviors. HMASD (Yang et al. 2023) ad-
vances a skill discovery approach that develops team-wide
skills, fostering diverse trajectories from both an individual

and global perspective. MAGIC (Chen et al. 2022) adopts
a goal-oriented, multi-stage model to improve goal cogni-
tion, helping agents grasp tasks at a goal level and enabling
cooperative global exploration. Moreover, other methodolo-
gies (Iqbal and Sha 2019; Chitnis et al. 2020) create heuristic
intrinsic rewards to incentivize desirable collective behav-
iors in multi-agent systems.

In conclusion, self-exploration provides a straightforward
and scalable approach but may lead to less coordinated ex-
ploration behaviors among agents. In contrast, global explo-
ration can promote cooperative behaviors, yet it faces chal-
lenges such as exploration space explosion, particularly in
complex tasks involving a large number of agents. In this
work, we aim to leverage the strengths of both approaches,
promoting efficient cooperative exploration while ensuring
scalability. Our study is closely aligned with efforts that fo-
cus on reducing exploration space (Liu et al. 2021; Xu et al.
2023a; Jo et al. 2024). However, existing methods such as
CMAE (Liu et al. 2021) and FOX (Jo et al. 2024) focus only
on using techniques such as projection and formation to map
the high-dimensional state space to a low-dimensional latent
space. These naive projections lack semantic information,
proving inefficient in complex MARL tasks. SAME (Xu
et al. 2023a) uses the principle of optimism in the face of un-
certainty (Strehl and Littman 2008) to assess the importance
of each subspace, but this is only a prior-based approxima-
tion and does not fundamentally explore the impact of dif-
ferent subspaces on return or exploration efficiency. To the
best of our knowledge, TMAE represents the first attempt
to directly study the relationship and influence of exploring
different subspaces.

Causal inference in RL
Our work is also related to approaches that incorporate
causal inference(Wang et al. 2024; Song et al. 2024; Zhang
et al. 2024) into reinforcement learning (RL) (Zeng et al.
2024). Notably, (Liu et al. 2023) represents an early attempt
to leverage causal inference in multi-agent RL (MARL)
tasks with sparse rewards by computing the causal effect of
actions on states to mitigate the lazy agent issue. Despite its
effectiveness, (Liu et al. 2023) relies on a strong assumption:
it requires prior knowledge to identify the critical parts of the
state space and then focuses on how agents’ behaviors affect
these important state components. However, acquiring such
prior knowledge is inherently difficult, and discovering es-
sential state components is itself a fundamental challenge in
sparse-reward scenarios. Consequently, we propose TMAE,
which aims to reduce the exploration space and improve ex-
ploration efficiency by uncovering the causal links between
states and rewards.

Background
Problem Setting
In this work, we consider sparse reward multi-agent tasks
modeled by Decentralized Partially Observable Markov De-
cision Process (Dec-POMDP). Dec-POMDP is typically de-
fined by a tuple G = (N,S,O,A,O, P,R, γ). In this for-
mulation: N = (agent1, ..., agentn) depicts the collec-
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tive of agents, n denotes the number of agents. S encom-
passes global states, offering a comprehensive environmen-
tal overview. O refers to the accessible local observations. A
signifies a set of available actions. O refers to the observa-
tion function, which describes how agents perceive the en-
vironment based on the global state. P acts as the transition
function, illustrating environmental dynamics. R is a reward
function contingent on global states and joint actions. γ rep-
resents the discount factor. The fundamental goal of multi-
agent exploration is to motivate agents to collaboratively en-
gage in novel behaviors, steering the environment towards
novel global states.

Causal Inference

Causal Inference (PEARL 1988) provides a theoretical
framework to understand and quantify cause-and-effect rela-
tionships in complex systems. It employs tools such as SCM
and probabilistic reasoning to model these relationships. In
causal inference, uppercase letters, such as X , denote ran-
dom variables, while lowercase letters, such as x, represent
specific outcomes of those random variables.

Intervention (Pearl 1993) is crucial in causal inference,
denoted as do(X = x) or do(x). Intervention enables the
identification of direct causal effects between variables with-
out being influenced by confounding factors. A causal effect
can be expressed as P (y|do(X = x)), where y denotes a
potential outcome of Y and x is the intervened value of X ,
representing the direct causal effect of setting X to x on Y .

Counterfactual Intervention (Pearl 1994) is another es-
sential tool in causal inference, allowing object variables
to take counterfactual values with minimal influence on the
system, thus preserving the causal relationship of other fac-
tors. It enables the estimation of probability distributions
under counterfactual situations. Counterfactual probability
can be denoted as P (YX=x = y), describing probability of
Y = y had X been x. In this paper, for simplicity, we ab-
breviate the counterfactual probabilities P (RA=a∗ = r) as
Pa∗(r).

METHODS SUCCESS
SUCCESSFUL

EPISODES
WIN RATE

QMIX N 0 0%
CDS Y 12 0%

COIN N 0 0%
EMC Y 153 5.2%
ICES Y 233 3.2%

SMMAE Y 72 0%
RND Y 201 4.8%

Table 1: Statistical information by training 60000 time steps
on push box. Success indicates whether the agents have fin-
ished the task while exploring. Successful episodes indicate
how many episodes have the agents finished the task while
exploring. Win rate indicates the test won rate after training.

Methodology
Revisiting challenge in multi-agent exploration
As illustrated in Table 1, we observe an intriguing phe-
nomenon: certain exploration algorithms can collect a small
amount of successful exploration data in tasks with sparse
rewards by designing intrinsic rewards that encourage agents
to identify influential behaviors, novel states, and diverse tra-
jectories. However, they fail to effectively utilize these suc-
cessful demonstrations to learn exploration knowledge, ul-
timately hindering the formation of stable exploration poli-
cies. Therefore, we pose a more fundamental question:

Can we glean insights from both successful and un-
successful exploration data to enhance subsequent explo-
ration efficiency?

Capturing sparse reward dependencies from
successful exploration data
To enhance exploration efficiency, we model the exploration
process as two alternating steps. The first step involves stan-
dard intrinsic motivated exploration, where samples are col-
lected through interactions with the environment. The sec-
ond step analyzes previously explored data to determine fac-
tors contributing to successful or unsuccessful outcomes.
Specifically, this step identifies the importance of each sub-
space within the state space concerning sparse reward sig-
nals. These importance weights subsequently guide targeted
exploration, converting successful exploration experiences
into actionable exploration knowledge. However, effectively
extracting knowledge from explored data remains a key
challenge.

Fortunately, causal inference provides a theoretical frame-
work that quantifies cause-and-effect relationships. To glean
insights from both successful and unsuccessful past experi-
ences, we first decompose the global state space S into dis-
tinct sub-state space, S = (S1, ..., SM ). This decomposition
enables more granular analysis of which regions in the state
space lead to successful or failed exploration. Then, we pro-
pose a SCM to aid in this analysis. As shown in Fig. 1, H
represents historical state trajectory, in order to analyze the
causal effect of a specific Si on sparse rewards, we decom-
pose the state space within the SCM into two components
Si and S−i, where S−i represents the remaining sub-state
space. Then, we provide the formal definition of the Aver-
age Causal Effect (ACE) of a sub-state space on reward.

Given sub-state variable Si and reward variable R, the
probability of R = r with intervening Si = si†, denoted
as P (r|do(Si = si†)), describes the impact of setting Si to
a specific value si† on the distribution of R. The Average
Causal Effect (ACE) of Si on R, denoted as ACE(Si, R),
quantifies the expected difference in reward caused by in-
terventions on the sub-state across its potential values. It is
formally defined as follows:

ACE(Si, R) =
1

NSi

∑
si

[DKL(P (r|do(Si = si))||P (r))].

(1)
where NSi is the number of sub-state in subspace i. Ac-
cording to the definition of ACE, we need to compute
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Figure 1: Framework of TMAE. We first construct an SCM by eliminating backdoor paths in the traditional Dec-POMDP
SCM to analyze causal effects on obtaining sparse rewards. Then, we compute the Average Causal Effect of each subspace
Si on reward R, denoted as ACE(Si, R), to quantify sub-state space importance. Finally, the derived importance values guide
subsequent exploration, where darker border colors of each risub (upper left) indicate higher exploration priority.

P (r|do(Si = si) for each potential sub-state si. However,
in the original SCM of Dec-POMDP, backdoor paths such
as Si ← H → A → R exist between Si and R. These
paths introduce indirect causal effects from H and S−i into
the computation, leading to confounding. Typically, back-
door or frontdoor adjustment criteria are employed to block
the influence of such paths. However, in the original SCM,
H is highly complex and typically unobservable, making it
impossible to apply these criteria directly. Consequently, an
alternative computational formula is required that satisfies
the following conditions:
• No Interventional Probabilities: The formula should

avoid requiring direct access to interventional probabil-
ities.

• No Unobservable Variables: The computation must not
rely on unobservable variable H .

To address these challenges, we reapply the chain rule of
probability to decompose the total probability and derive the
following expression:

P (r|do(Si = si†))

=
∑
a,s−i

P (r|a, si†, s−i)
∑
h

P (a|si†, s−i, h)P (s−i, h). (2)

where si† represents the intervention value of vari-
able Si. However, computing the term

∑
h P (a |

si†, s
−i, h), P (s−i, h) is still non-trivial because it still relies

on variable H .
By performing counterfactual interventions on A, we can

effectively eliminate dependence on H . This is because

counterfactual interventions only modify the causal rela-
tionships related to the object, leaving unrelated causal re-
lationships unchanged. For example, counterfactual inter-
vention A = a∗ will change the indirect causal effect of
Si → A→ R, while the direct causal effect of Si → R will
stay unchanged. Thus, we can modify the SCM and preserve
the direct causal effect of Si → R by performing a counter-
factual intervention on action distribution. For simplicity, we
replace the original action distribution with a fixed prior dis-
tribution, P∗(a

∗), which is independent of H , Si, and S−i.
This modification removes the dependencies between A and
all of its causes in the SCM, as illustrated in Fig.1. Since
A∗ is the only object of counterfactual intervention, the dis-
tributions of other variables remain unchanged. This allows
the derivation of counterfactual intervention probability as
follows:

P (r|do(Si = si†))
.
=

∑
a∗

P∗(a
∗)Pa∗(r|do(Si = si†))

=
∑
a∗

P∗(a
∗)

∑
s−i

P (r|a∗, si†, s−i)
∑
h

P (s−i, h)

=
∑
a∗

P∗(a
∗)

∑
s−i

P (r|a∗, si†, s−i)P (s−i)

=
∑
a∗

P∗(a
∗)

∑
s

P (r|a∗, s∗)P (s).

(3)

where P∗(a
∗) is the counterfactual action distribution,

Pa∗(r|do(Si = si†) represents counterfactual intervention
probability, s∗ represents the modified state replacing the i-
th component of global state with si†. At this point, the de-
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pendency on H has been eliminated, allowing us to compute
the causal effect of Si on R using only observable informa-
tion. We have P∗(a

∗) and P (s) can be extracted by count-
based methods such as Hash-Count (Tang et al. 2017). Sub-
sequently, we train a reward model to approximate the re-
ward distribution. Using modified states s∗ and counterfac-
tual intervened actions a∗ as inputs to the reward model, we
estimate P (r|a∗, s∗), the distribution necessary for comput-
ing the causal effect.

Leveraging learned knowledge to drive target
exploration
As shown in Fig.1, the high-level motivation of TMAE is to
first leverage causal inference to uncover the impact of each
subspace on rewards and then use these causal insights as
subsequent exploration targets. These insights guide agents
to focus their exploration on critical subspaces, reducing
the overall exploration space and enhancing efficiency. Af-
ter analyzing the relationship between sparse rewards and
sub-state spaces, it is crucial to develop an efficient mech-
anism to integrate these causal insights into the exploration
process. Hence, we propose a simple yet effective sub-space
exploration framework.

First, we model the intrinsic reward for each sub-state.
Given a global state st and its decomposed sub-states,
(s1t , ..., s

M
t ), the subspace intrinsic reward can be formulated

as follows:

rit = f(sit) (4)
where sit represents the i-th sub-state and f denotes the sub-
space intrinsic reward function. In this work, we employ
Hash-Count (Tang et al. 2017) as the method for evaluat-
ing intrinsic rewards in each sub-state for two main reasons:
at first, state-of-the-art multi-agent intrinsic reward meth-
ods, such as EMC (Zheng et al. 2021) and CDS (Li et al.
2021), are primarily designed based on global states. It re-
mains unclear how these methods could be effectively in-
corporated into subspace exploration, and their performance
in such settings is uncertain. Furthermore, a simple intrin-
sic reward mechanism, such as Hash-Count, is sufficient to
identify exploration-promising data.

Then, we propose to utilize the ACE of the sub-state space
Si on the reward R, which encapsulates the dependency be-
tween the reward function and the subspace, to model the
priority of exploring Si. A subspace with a stronger causal
effect on the sparse reward should be given higher priority in
subsequent exploration. The exploration target and priority
can be formally defined as follows:

wi = ACE(Si, R) (5)
Then, we incorporate causal knowledge by employing a

simple weighted sum of subspace intrinsic rewards. This
process can be formally defined as follows:

rintt =
∑
i

wir
i
t (6)

It is worth noting that TMAE can be integrated with any
knowledge injection method. However, we find that the pro-

posed simple approach is both efficient and effective for the
tasks considered in this study. Furthermore, to ensure stable
exploration, we perform causal inference every K steps to
obtain a new weight vector w.

Experiments
In this section, we evaluate TMAE across various bench-
marks to address the following questions:

Q1. Can TMAE efficiently explore sparse-reward multi-
agent tasks, and how does its exploration efficiency compare
to other state-of-the-art methods?

Q2. How does each core component of TMAE contribute
to its overall performance?

Q3. What valuable knowledge and insights has TMAE
discovered through the exploration process?

Experimental Setup
Benchmarks. To investigate Q1, we evaluate TMAE
on two challenging MARL benchmarks: Google Re-
search Football (GRF) (Kurach et al. 2020) and Star-
Craft Multi-Agent Challenge (SMAC) (Samvelyan et al.
2019). Specifically, for GRF, we use three scenar-
ios: academy 3 vs 1 with keeper, academy corner, and
academy counterattack hard. For SMAC, we use five sce-
narios: 8m vs 9m, 5m vs 6m, MMM2, 6h vs 8z, and
3s5z vs 3s6z. We configured all test scenarios under a
sparse-reward setting, presenting a more challenging explo-
ration task. These configurations reduce the frequency of re-
ward signals, thereby significantly increasing the difficulty
of exploration. In SMAC, agents receive rewards only when
units on either side are eliminated or when the episode ter-
minates in victory or defeat. In GRF, rewards are provided
solely upon winning or losing the match. The environmen-
tal settings are consistently applied across all experiments,
including those for TMAE, baseline methods, and ablation
studies.

Baselines. To evaluate TMAE’s exploration efficiency,
we compare it against a diverse set of state-of-the-art multi-
agent exploration methods, including FOX (Jo et al. 2024),
ICES (Li et al. 2024b), CDS (Li et al. 2021), COIN (Li
et al. 2024a) and SMMAE (Zhang et al. 2023). These base-
lines encompass both self-exploration and global explo-
ration strategies, ranging from intrinsic reward-based ap-
proaches—such as curiosity, diversity, and influence—to
methods specifically designed to reduce the exploration
space. By comparing TMAE with these advanced tech-
niques, we aim to provide a comprehensive analysis of
TMAE’s overall performance and its exploration efficiency.

Exploration Performance and Efficiency
We begin our analysis by comparing the performance of
TMAE with various baselines across multiple benchmark
scenarios. As depicted in Fig.2, TMAE outperforms state-
of-the-art baselines across all scenarios, showing a substan-
tial advantage in exploration efficiency in six of the most
challenging exploration scenarios and achieving comparable
performance in two simpler scenarios.
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Figure 2: Performance across multiple benchmarks: All results are reported as the median performance over five random seeds.

In the GRF benchmark, many baseline methods converge
to local optima after a certain number of training steps and
struggle to maintain consistent exploration across differ-
ent scenarios. In contrast, TMAE demonstrates robust ex-
ploration performance across all three GRF scenarios and
achieves superior exploration efficiency. This success is at-
tributed to TMAE’s ability to uncover the causal relation-
ships between sparse rewards and sub-state spaces, enabling
it to effectively focus on critical information from the envi-
ronment while filtering out exploration confounders.

In the SMAC scenarios, TMAE consistently outperforms
all baselines by a large margin in terms of both cooperative
performance and exploration efficiency. Specifically, under
the sparse reward setting, most baseline methods achieve
only limited efficient exploration. For instance, SMMAE
performs well in simpler tasks like 8m vs 9m and 6h vs 8z
but fails to explore efficiently in more complex scenar-
ios. In contrast, TMAE consistently succeeds in exploration
across all tasks, surpassing the baselines in exploration ef-
ficiency. Notably, in the 3s5z vs 3s6z scenario, where all
baseline methods struggle, TMAE still maintains high ex-
ploration efficiency, underscoring its superior capability in
tackling complex sparse-reward tasks. This consistent out-
performance highlights that TMAE can effectively extract
task-specific exploration priors, driving targeted exploration
across diverse multi-agent environments.

Ablation Studies
To investigate Q2 and understand the contribution of each
component to TMAE’s superior performance, we designed
ablation experiments focusing on variants:

Figure 3: Ablation Study.

• TMAE: This represents the complete method proposed
in our work.

• TMAE w/o weight: This variant omits the causal sub-
space weighting mechanism. The final intrinsic reward
is obtained by equally summing intrinsic rewards of all
subspaces.

• TMAE w/o subspace intrinsic rewards: This variant
further eliminates subspace exploration, utilizing RND
directly on global states to encourage global exploration.

• TMAE w/o counterfactual: This variant removes the
counterfactual intervention on actions and instead uses
actual actions as inputs to the reward model.

• QMIX: This serves as our baseline for comparison, re-
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health relative_X relative_Y Cooldown
Ally-1 0.465 0.231 0.198 0.535
Ally-2 0.371 0.215 0.086 0.728
Ally-3 0.426 0.223 0.229 0.686
Ally-4 0.467 0.322 0.096 0.673
Ally-5 0.521 0.303 0.088 0.476
Enemy-1 0.7 0.181 0.108 N/A
Enemy-2 0.795 0.394 0.099 N/A
Enemy-3 0.688 0.197 0.135 N/A
Enemy-4 0.796 0.424 0.084 N/A
Enemy-5 0.731 0.129 0.073 N/A
Enemy-6 0.658 0.227 0.14 N/A

0.0

0.2

0.4

0.6

0.8

1.0

Figure 4: Visualization of the discovered causal weights w.

flecting the core functionality without the enhancements
introduced in TMAE.

As illustrated in Fig. 3, we evaluate each variant of
TMAE in academy 3 vs 1 with keeper scenario from GRF
and MMM2 scenario from SMAC. The results demon-
strate that TMAE’s superior performance is primarily at-
tributed to its causal inference–motivated targeted explo-
ration. Specifically, compared to the original QMIX, which
employs ϵ-greedy as its exploration strategy, both the global
exploration variant (TMAE w/o subspace intrinsic rewards)
and the naive subspace exploration variant (TMAE w/o
weight) achieve moderate performance improvements. This
highlights the effectiveness of incorporating intrinsic re-
wards into MARL. However, in challenging sparse-reward
tasks with high-dimensional state spaces, relying solely on
global intrinsic rewards fails to achieve efficient exploration.
By introducing causal weights as exploration targets, both
TMAE and TMAE w/o counterfactual significantly outper-
form these variants as the causal insights can effectively re-
duce exploration space and improve exploration efficiency.
Upon further analysis, we observe that TMAE w/o coun-
terfactual exhibits training instability in the GRF scenar-
ios, with larger performance variance. This instability likely
arises because the causal effect estimated by this variant
is influenced by confounders from historical information,
which compromises the accuracy of causal inference. In
contrast, TMAE effectively mitigates this issue, achieving
stable performance improvements. This highlights the im-
portance of counterfactual processing in eliminating con-
founders from historical information, which is crucial for
accurate causal effect estimation and efficient exploration.

Visualizations of learned subspace weights
To understand the valuable knowledge and insights discov-
ered by TMAE, we visualize the causal insights for each
subspace after 2 million training steps in the 5m vs 6m sce-
nario of SMAC, where the state space consists of the health,
position, and cooldown status of both allied and enemy
agents. As illustrated in Fig. 4, we visualize the exploration
priority derived from causal discovery for each subspace,
where darker colors indicate higher exploration priority.

We observe that TMAE can uncover unique exploration

priorities for each subspace within the complex state space,
aligning well with domain knowledge and the task’s re-
ward structure. Specifically, among all subspaces, enemy
health and ally cooldown exhibit the highest priorities. This
observation aligns with the objectives in SMAC under a
sparse reward setting, where exploring enemy health and
ally cooldown contributes to eliminating enemy units. In this
sparse reward setting, defeating an enemy unit yields a posi-
tive reward. Furthermore, the success of tasks in SMAC is
defined by the sparse reward triggered upon defeating all
enemy units, which demonstrates that TMAE successfully
captures the dependencies of the sparse reward. These find-
ings highlight the importance of these subspaces in guiding
exploration targets.

Additionally, ally health also exhibits relatively high pri-
ority, as exploring ally health influences the sparse reward:
an ally’s death results in a penalty reward. Moreover, we ob-
serve that the priority for exploring ally health is lower than
that of enemy health, which is consistent with the reward
structure. Specifically, defeating an enemy unit grants a re-
ward of +10, whereas losing an ally incurs a smaller penalty
of −5. This further validates the alignment of TMAE’s ex-
ploration priorities with the underlying reward structure in
SMAC.

Another interesting finding is that the causal weights for
the x-coordinates are higher than those for the y-coordinates,
indicating that our method encourages agents to move along
the x-axis. After reviewing the environmental settings and
game mechanics, we find that in the 5m vs 6m scenario, the
initial positioning determines that movement along the x-
axis allows agents to locate enemies more easily, thereby
indirectly influencing the reward distribution. Hence, the
causal insights guide agents to prioritize exploration along
the x-axis.

Overall, designing exploration priorities for the state
space based on environmental settings and reward structures
is a highly complex task. Even constructing the correspond-
ing prior knowledge requires extensive hyperparameter tun-
ing and experimentation. TMAE automatically extracts rel-
evant knowledge from past data by leveraging the expected
difference in the reward distribution caused by interventions
on the sub-state, which is of great significance for enabling
targeted exploration and improving exploration efficiency.

Conclusion
In this work, we delve into the challenge of exploration
in multi-agent tasks with sparse rewards. To fully leverage
knowledge from previously explored data and thereby accel-
erate subsequent exploration, we propose TMAE, a frame-
work that analyzes the causal relationship between the state
space and sparse rewards. Specifically, we decompose the
state space and intervene on each state component, using the
ACE to quantify its influence on the reward distribution and
its role in discovering sparse rewards. By modeling the ACE
between subspaces and the reward function, we establish the
exploration priority for each subspace. These causal insights
are then integrated into a subspace exploration framework,
guiding subsequent exploration tasks and enabling targeted
and efficient exploration.
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