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Abstract

Exploration is critical for cooperative multi agent reinforce-
ment learning (MARL) to improve sample efficiency. How-
ever, existing intrinsic motivation based exploration strategies
in MARL overlook the causal relationships among agents,
global states, and rewards, suffering from interference by ir-
relevant factors and resulting in sample inefficiency. To ad-
dress this issue, we propose Causality aware Efficient Ex-
ploration (CEE), a novel framework that enhances sample
efficiency by inferring causal relationships between agents,
global states with respect to rewards, thereby enabling causal-
ity guided exploration. Specifically, CEE operates through
two components. First, CEE identifies causal relationships
between global states and rewards, filtering out causally irrel-
evant state features that do not have a high impact on rewards
to keep decision critical state information. Second, CEE dis-
covers causal relationships between agents’ behaviors and re-
wards to quantify each agent’s contribution to collective per-
formance. To achieve this, we introduce a causal entropy ob-
jective that promotes exploration aligned with decision crit-
ical aspects of the underlying causal structure. We provide
comprehensive validation through experiments on 21 chal-
lenging tasks spanning SMAC, SMAC v2, and Google Re-
search Football (GRF) environments. Our results demonstrate
that CEE achieves superior performance in terms of sample
efficiency and asymptotic performance compared to existing
MARL methods.

Introduction
Cooperative multi-agent reinforcement learning (MARL)
has achieved significant improvements in various real-world
multi-agent systems, including autonomous driving (Kiran
et al. 2022; Zheng and Gu 2025), multi-robot manipula-
tion (Gu et al. 2023; Huang et al. 2025), and sensor net-
works (Lin et al. 2025; Xu, Zhong, and Wang 2020). How-
ever, existing approaches often suffer from sample ineffi-
ciency, with inadequate or suboptimal exploration strategies
constituting one primary underlying cause (Hao et al. 2023).

*Corresponding to Tianpei Yang
(tianpei.yang@nju.edu.cn).
Copyright © 2026, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

Player performing ineffective actions under irrelevant state space

Goal-directed intention but not key player shoots

Player towards the goal and successfully scoring

Pass
Move

Shoot

Pass
Move

Shoot

Pass
Move

Shoot
P1

P2

P1
P1

P1

P2
P2

P2

P1
P1

P1

P2

P2 P2P1
P1

P2
P2

Figure 1: Example of a football task with three trajectories,
aiming to score goals to achieve high reward returns.

A major challenge in MARL is to develop exploration
strategies that are efficient in the presence of irrelevant
or misleading information. In particular, a critical and un-
derexplored question is how to identify and leverage the
causal structure of the environment to guide effective ex-
ploration. For example, in cooperative football, only cer-
tain players and fields near the goal are essential for scor-
ing, while other irrelevant factors may diminish exploration
efficiency. Existing approaches focus on intrinsic motiva-
tion bonuses to promote exploration (Jaques et al. 2019;
Chen, Huang, and Schneider 2024), but typically overlook
the underlying causal relationships among agents, global
states, and rewards, potentially leading to high exploration
costs. Failure to filter out task-irrelevant state features could
reduce efficiency, while neglecting the causal influence of
each agent’s actions make it hard to improve collaboration.
Causal discovery can capture essential information by an-
alyzing causal relationships between different factors, fil-
tering out irrelevant information, and avoiding interference
from spurious correlations (Spirtes, Glymour, and Scheines
2000; Pearl 2009; Cao et al. 2025b,a; Huang et al. 2022).
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While causality-based exploration has proven effective in
single-agent RL (Liu et al. 2024; Ji et al. 2024), its applica-
tion to multi-agent tasks remains insufficiently unexplored.

In this work, we focus on identifying and exploiting
causal relationships between agents, global states, with
respect to rewards. There are a few causal MARL ap-
proaches (Liu et al. 2023; Wang et al. 2025) that primar-
ily analyze causal relationships between actions and states.
But, these works overlook the reward-guided causal rela-
tionships, where reward feedback serves as a critical signal
during exploration. We aim to filter out irrelevant state fea-
tures to mitigate interference from noisy information while
enabling targeted exploration that prioritizes agents with
higher reward contributions. As shown in Figure 1, a mo-
tivating football example illustrates three different trajec-
tories. The first line shows players executing actions un-
der irrelevant areas far from the goal, resulting in failure to
achieve the objective. The second trajectory demonstrates
that while players make progress toward the goal, the key
shooting are not performed by the optimal player. The third
trajectory reveals that the system achieves optimal task ex-
ecution under critical state space and prioritizing the player
with higher reward contribution for shooting.

Therefore, by leveraging the potential of causal discov-
ery to tackle the issue of sample inefficiency, we propose
Causality-aware Efficient Exploration (CEE), a novel frame-
work that enhances sample efficiency by inferring causal
relationships between agents, global states with respect to
rewards. Specifically, CEE operates through a dual-stage
causal analysis. First, CEE discovers causal relationships
between global states and rewards, constructing a state-
reward causal matrix that masks irrelevant state features
that have small impact on rewards for filtering the mixing
network input, thereby focusing exploration on decision-
critical state information during centralized training process.
Second, CEE identifies causal relationships between agents
behaviors and global rewards by learning an agent-reward
causal matrix that quantifies each agent’s contribution to
collective performance on rewards. Leveraging this learned
agent-reward causal matrix, we design a causal entropy op-
timization objective that optimizes causally-informed explo-
ration policy based on filtered state information. The main
contributions of this work can be summarized as follows:

• We introduce CEE, a novel framework that prioritizes
causal information through reward-guided exploration.
To our knowledge, this is the first work to discover
and leverage reward-guided causal relationships among
agents and global states in cooperative MARL.

• CEE first learns a state-reward causal matrix to analyze
causal relationships between global states and rewards,
masking irrelevant state features to reduce noise during
exploration. CEE then learns an agent-reward causal ma-
trix to reweight different agents and incorporates a causal
entropy objective that optimizes causally-informed ex-
ploration policy.

• We conduct extensive empirical validation across 21
challenging tasks in SMAC, SMAC-v2, and Google Re-
search Football (GRF) environments. Our experimental

results consistently demonstrate that CEE achieves su-
perior performance in terms of sample efficiency, and
asymptotic performance compared to existing methods.

Related Work
MARL. The centralized training with decentralized ex-
ecution (CTDE) framework represents the most widely
adopted learning paradigm for cooperative MARL, where
agents leverage shared global state information during train-
ing while executing independent decisions during deploy-
ment (Kraemer and Banerjee 2016; Rashid et al. 2020).
Under this framework, MARL approaches primarily in-
volve two paradigms: policy-based and value-based meth-
ods. Policy-based approaches like MADDPG (Lowe et al.
2017), MAPPO (Yu et al. 2022), and COMA (Foerster et al.
2018) directly optimize policies using gradient methods.
Value-based methods such as VDN (Sunehag et al. 2017),
QMIX (Rashid et al. 2020), and QPLEX (Wang et al. 2020)
focus on learning action-value Q functions while address-
ing the credit assignment problem through value decomposi-
tion. Despite significant progress, sample efficiency remains
a critical challenge in MARL due to exponentially large joint
action spaces and non-stationary dynamics caused by multi-
ple agents. Current strategies (Chen, Huang, and Schneider
2024; Jianye et al. 2022) do not explicitly leverage causal
relationships between agents, states, and rewards for explo-
ration guidance to improve sample efficiency.

Causality in MARL. Existing causal MARL approaches
focus on discovering causal relationships among agents
to achieve interpretable decision-making and efficient ex-
ploration (Grimbly, Shock, and Pretorius 2021). Some
works (Du et al. 2024; Pina, De Silva, and Artaud 2025)
infer causal relationship among agents and design intrin-
sic rewards to encourage exploration and coordination.
LAIES (Liu et al. 2023) uses causal models to calculate
an agent’s effect on the states and introduced intrinsic re-
wards to motivate lazy agents. Other approaches (Wang et al.
2025; Zhang et al. 2024) employ causal reward decomposi-
tion methods to achieve better credit assignment under on-
line or offline settings.

Preliminaries
Dec-POMDP. A fully cooperative multi-agent task is
usually modeled as a Decentralized Partially Observable
Markov Decision Process (Dec-POMDP). Dec-POMDP is
represented by a tuple M = ⟨N ,S,A,R,P,Z,O, γ⟩,
where N is a finite set of n agents, and S is the state space.
A represents the joint action space of all agents, and Ai is
the local action space of agent i ∈ N . At each time step t,
each agent i receives its own observation oit ∈ Z accord-
ing to its observation function Oi(oit|st) ∈ O and chooses
its local action ait ∈ Ai. After all agents select actions, the
environment transits to the next state st+1 according to the
state transition function P(st+1|st,at) and all agents re-
ceives a joint reward rt according toR(st,at), where at =
(a1t , . . . , a

n
t ) denotes the joint action of all agents. Moreover,

each agent learns its own policy πi(ai|τ i) : T ×A → [0, 1]
which conditions on its action-observation history τ i ∈ T .
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Figure 2: The framework of CEE. (a) The component of state-reward causal discovery to mask irrelevant state feature. (b) The
component of agent-reward causal discovery for causal action exploration.

The goal of all agents is to learn an optimal joint policy
π∗ = ⟨π1,∗, . . . , πn,∗⟩ that maximizes the discounted cu-
mulative reward Eπ,P [

∑∞
t=0 γ

trt], where γ ∈ [0, 1] is the
discount factor.

Value Decomposition Algorithms. Value decomposition
algorithms aim to learn a factorized global action-value
function, denoted as Qtot, that can be decomposed into
individual agents’ decentralized utility functions Qi. The
Individual-Global-Max (IGM) principle is introduced to en-
sure optimal consistency between these two value functions,
which is defined as follows:

argmax
a

Qtot(τ,a) =

 argmaxa1Q1(τ
1, a1)

argmaxa2Q2(τ
2, a2)

· · ·
argmaxanQn(τ

n, an)

 , (1)

where τ denotes the joint action-observation history of all
agents and a represents the joint action. Specifically, QMIX
adheres to this principle by enforcing a monotonicity con-
straint, which is achieved through a mixing network g that
computes the global value function: Qtot = g(Q1, · · · , Qn).
The parameters of g are generated by hypernetworks condi-
tioned on the global state s, and the weights of g are con-
strained to be non-negative to satisfy the monotonicity con-
straint. Our method builds upon the value decomposition ar-
chitecture to achieve causality-aware efficient exploration in
cooperative MARL.

Structural Causal Model. A Structural Causal
Model (SCM) (Pearl 2009) is defined by a dis-
tribution over random variables, defined as V =
{s1t , · · · , sdt , a1t , · · · , ant , rt, s1t+1, · · · , sdt+1} and a Di-
rected Acyclic Graph (DAG) G = (V , E) with a conditional
distribution P(vi|PA(vi)) for node vi ∈ V . Then the

distribution can be specified as:

p(v1, . . . , v|V|) =

|V|∏
i=1

p(vi|PA(vi)), (2)

where PA(vi) is the set of parents of the node vi in graph
G. Notably, d represents the dimension of the global state sdt
and n stands for the number of agent ant in CEE.

Causal Structures in Dec-POMDP. To facilitate causal
reasoning in MARL, we explicitly model the Dec-POMDP
as with factored structures (Kearns and Koller 1999;
Guestrin et al. 2003) and analyze the underlying causal
structures between agents behaviors, global states, with re-
spect to rewards. In this formulation, nodes represent vari-
ables, including the reward, dimensions of the global state,
and the actions of agents, while directed edges denote the
causal relationships among these variables within the envi-
ronment dynamics and the reward generation process.

We leverage causal discovery methods to learn the struc-
tural causal graph G, which can be represented by an adja-
cency matrix M capturing the directional influences among
variables. Specifically, we focus on identifying the causal in-
fluence of the state and agents’ actions on the reward, repre-
sented by structural vectors Ms→r and Ma→r, respectively.
Formally, the reward at time step t can be expressed as:

rt = R(Ms→r ⊙ st,M
a→r ⊙ at, ϵr,t), (3)

where⊙ denotes the element-wise product. Ms→r ∈ R|s|×1

and Ma→r ∈ R|a|×1 are the adjacency matrices indicat-
ing the influence of current states and agents’ actions on
the reward, respectively, and ϵr,t represents i.i.d. Gaussian
noise. Under the Markov condition and faithfulness assump-
tion (Pearl 2009; Spirtes, Glymour, and Scheines 2001; Feng
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et al. 2022), the structural vectors are identifiable. In this
work, our objective is to discover and leverage these two
causal matrices to encourage efficient exploration.

Approach
In this section, we introduce the proposed framework CEE,
as shown in Figure 2. Under the value decomposition ar-
chitecture, each agent network receives observation oit and
previous action ait−1 to compute the individual Q-value Qi.
All individual Q-values and the global state st are then fed
into the mixing network to obtain the global Q-value Qtot.
CEE contains two components during this learning process:
(a) state-reward causal discovery that masks causally irrel-
evant state features in the global state for the mixing net-
work, reducing noisy information during exploration, and
(b) agent-reward causal discovery that learns a causal ma-
trix to reweight agents’ contributions based on their causal
relationships with rewards, thereby encouraging exploration
through a causal entropyHc.

Causal State Filtering
As illustrated in Figure 1 (row 1), multi-agent systems of-
ten encounter some irrelevant state features that interfere
with exploration. We aim to minimize interference from ir-
relevant state information. While reward signals constitute
a fundamental component for guiding policy optimization;
existing methods do not explicitly model the causal relation-
ships between states and rewards. We examine the mixing
network architecture, where the global state s is incorpo-
rated into the mixing network to provide comprehensive en-
vironmental context for computing the global Qtot(s, a) =
Mixer(Q1(o

1, a1), · · · , Qn(o
n, an), s).

The global state s encompasses a substantial volume of
policy-irrelevant information that bears no causal relation-
ship to rewards. The indiscriminate incorporation of such
extraneous state components into the mixing network intro-
duces noise into the value function approximation process,
thereby compromising learning efficiency. To address this
limitation, we propose a principled approach that leverages
causal analysis to discern the intrinsic relationships between
state components and reward signals. By identifying and fil-
tering causally-informed state information for the mixing
network input, we aim to enhance the learning efficiency
(Figure 2 (a)).

To discover causal relationships between global states and
rewards in multi-agent systems, we first collect trajectories
{(st, at, rt, st+1)} during the training process. These trajec-
tories capture the temporal evolution of global states and
corresponding global rewards. We then employ an efficient
algorithm DirectLiNGAM (Shimizu et al. 2011) to train a
structural causal model qs on collected trajectories, which
estimates the causal influence between state dimensions and
rewards while accounting for potential confounding effects.
This analysis yields a causal matrix Ms→r ∈ RN×1, where
each element Ms→r

i quantifies the strength of the causal re-
lationship between the i-th state dimension and reward.

Utilizing the learned causal matrix Ms→r, we construct a

binary mask Ms where each element is determined by:

M i
s = I[i /∈ K], i ∈ [1, dimS], (4)

where dimS denotes the state dimension, and K denotes the
indices of the k state dimensions with the lowest causal val-
ues in Ms→r, and k is the scale of causal masking, and I[·]
is the indicator function. The mixing network subsequently
incorporates this masked state information:

Qtot(s, a) = Mixer(Q1(o
1, a1), · · · , Qn(o

n, an), s̃), (5)

where s̃ = s ⊙Ms. Through the application of the causal
mask Ms, we ensure causally relevant state components
contribute to the value function approximation, thereby en-
hancing the sample efficiency of the mixing network.

Causal Action Exploration
As illustrated in Figure 1 (row 2), after filtering out
causal irrelevant state, we aim to mitigate excessive explo-
ration by task-irrelevant agents with minimal reward influ-
ence while encouraging decision-making from contributory
agents. Sufficiently considering the causal relationships be-
tween agents and rewards will effectively analyze the contri-
bution of different agents at various stages of policy learn-
ing, thereby enabling more targeted exploration encourage-
ment and facilitating credit assignment. Hence, we aim to
design an agent-reward causality-aware encouraging opti-
mization objective in MARL (Figure 2 (b)).

Specifically, we collect the actions of each agents and
global rewards over multiple time steps, and input these data
into the causal model qa. We also utilize the DirectLiNGAM
algorithm to identify the causal influence of each agent’s ac-
tions on the reward, which is updated at a regular interval
T . Then, we get a causal weighted matrix of Ma→r. By
leveraging this causal matrix, we can focus on the pivotal
agent behaviors during learning process, potentially leading
to more efficient exploration.

The learned weighted matrix is applied to reweight
agents’ actions {ω1a

1
t , · · · , ωna

n
t } within the joint pol-

icy, and incorporated into the mixing network optimiza-
tion. Inspired from maximum entropy reinforcement learn-
ing (Haarnoja et al. 2018; Eysenbach and Levine 2021;
Chen, Huang, and Schneider 2024), we propose a causality-
aware entropy objective Hc for encouraging exploration to
explore a wide range of agents that are causally informed,
which is defined as follows:

Hc(πc(at|st;Ma→r))

= −
N∑
i=1

Ma→r ⊙ πc(a
i
t|st) log πc(a

i
t|st),

(6)

where πc represents the joint policy, which is defined as
πc(·|s) ∝ softmax(Qtot(·, s)) in value-based MARL meth-
ods. By utilizing Hc instead of the standard policy entropy,
we can prioritize the exploration of pivotal agents that are
more likely to have significant causal effects on the reward.

Therefore, the current learning objective can be formu-
lated as follows:

J(πc) = Eµ0,π,P [
∑∞

t=0 γ
t(r(st, at) + αHc(πc(·|st)))], (7)
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where α is the temperature parameter to control the degree
of randomness, and µ0 is the distribution of the initial state
s0. The modified value function is defined as follows:

Vtot(s) = Ea∼πc(·|s)[Qtot(s, a) + αHc(πc(a|s))]. (8)

Based on the causality-aware entropy, the Q-value could
be computed iteratively by applying a modified Bellman op-
erator as follows:

T πcQtot = r(s, a) + γEs′∼P [Vtot(s
′)]. (9)

To optimize the mixing network, we employ
TD(λ) (Schulman et al. 2015) for optimization, lever-
aging its balance between bias and variance for stable
learning in multi-agent settings. The hyperparameter θ for
the mixing network is updated using the following loss
function:

LQ(θ) =
1

2
(Qθ

tot(st, at)− T
πc

λ Qtot(st, at))
2. (10)

For value-based methods, we use the following loss func-
tion for updating the joint policy:

Lπc(ϕ) =
1

2

(∑n
i=1 f

ϕ
i (Qi(o

i
t, a

i
t), s̃t)−Qtot(st, at)

)
, (11)

where function f is an order-preserving transformation for
maintaining the IGM principle, following (Chen, Huang,
and Schneider 2024). This function is a component within
the mixing network parameterized by hyperparameter ϕ.

Practical Implementations
We delineate the practical implementations of our proposed
method driven by the aforementioned analysis. Algorithm 1
presents the detailed procedural steps. The implementation
process consists of three primary phases: data collection,
causal model learning, and network parameter optimization.

Initially, we employ policy πc to collect interaction data
from the environment (lines 2-3). The collected trajectories
are stored in the replay buffer D to facilitate both causal
model learning and network updates. Subsequently, we sam-
ple transition batchesDc from replay bufferD and learn two
structural causal models to obtain causal matrices Ms→r

and Ma→r (lines 4-10). The state-reward causal matrix
Ms→r is employed to mask causally irrelevant state dimen-
sions in the global state representation for mixing network
input. Concurrently, the agent-reward causal matrix Ma→r

is utilized to reweight agents’ actions in causal entropy com-
putation, thereby promoting causally-informed agents ex-
ploration. Finally, during each gradient step, we compute the
loss function as specified in Eq. 10 and Eq. 11, and update
the network hyperparameters accordingly (lines 11-16).

Experiments
Our experiments aim to address the following questions: (i)
How does the performance of CEE compare to other coop-
erative MARL approaches in diverse tasks. (ii) Can CEE,
through causal state filtering and casual action exploration,
improve the sample efficiency? (iii) What are the effects of
the components and computation burden in CEE?

Algorithm 1: Causality-Aware Efficient Exploration (CEE)
Input: hyperparameters θ, ϕ, replay buffer D, causal update
interval T , causal matrices Ms→r, Ms→r, policy πc

Initiate: θ′ ← θ, D ← ∅
1: for each environment step t do
2: Collect data with πc from environment
3: Add to replay buffer D ← D ∪ {(st, at, rt, st+1)}
4: if every T environment step then
5: Sample transitions Dc from replay buffer D
6: Learn causal model with {(st, rt)}|Dc|

t=1
7: Update causal mask matrix Ms→r

8: Learn causal model with
{
(a1t , · · · , ant , rt)

}|Dc|
t=1

9: Update causal mask matrix Ma→r

10: end if
11: if every gradient step then
12: calculate LQ(θ), Lπc(ϕ) via Eq. 10, Eq. 11
13: θ ← θ − λQ ▽θ LQ(θ)
14: ϕ← ϕ− λQ ▽ϕ Lπc

(ϕ)
15: θ′ ← ωθ + (1− ω)θ′

16: end if
17: end for

Experimental Setup
Benchmark and Implementation Details. We evaluate
CEE on 4 SMAC (Samvelyan et al. 2019) tasks (2 hard and
2 super hard), 15 SMAC-v2 (Ellis et al. 2023) tasks, and 2
GRF (Kurach et al. 2020) tasks, covering scenarios rang-
ing from hard to super hard, different fields of view, and
from small-scale to large-scale settings with up to 14 co-
operating agents, providing a comprehensive assessment of
our method’s performance. All codes and hyperparameter
settings are based on the codebase of PyMARL2 (Hu et al.
2021). For evaluation, all experiments are carried out with
five random seeds.

Baselines. We first select traditional CTDE methods
as baselines, including VDN (Sunehag et al. 2017),
QMIX (Rashid et al. 2020), QPLEX (Wang et al. 2020),
and HPN-QMIX (Jianye et al. 2022). Moreover, we compare
CEE with causal MARL method LAIES (Liu et al. 2023),
exploration encouraged method Soft-QMIX (Chen, Huang,
and Schneider 2024), and reconstruction-giuded method
RGP (Qifan et al. 2025).

Main Results
SMAC. We first analyze the experimental results across 4
SMAC tasks, including both hard and super hard difficulty
levels, as shown in Figure 3. The results demonstrate that
CEE consistently achieves higher sample efficiency com-
pared to both Soft-QMIX and QMIX across all tasks. No-
tably, in the challenging 3s5z vs 3s6z scenario, CEE exhibits
superior performance in terms of both sample efficiency and
asymptotic performance, validating the effectiveness of CEE
in traditional MARL tasks.

SMAC-v2. To provide a more comprehensive analysis, we
conduct experiments on the more challenging SMAC-v2 en-
vironment across protoss, terran and zerg scenarios. The
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MAP Setting VDN QMIX QPLEX HPN-QMIX Soft-QMIX RGP CEE (Ours)
protoss 5v5 58.8±5.2 68.7±7.8 68.8±6.9 79.4±4.8 76.0±4.0 76.2±3.6 80.1±3.7
terran 5v5 65.1±6.6 65.6±5.9 59.4±9.1 78.0±5.2 72.0±4.0 75.0±5.9 79.7±5.3
zerg 5v5 51.6±7.1 62.7±5.3 65.6±9.4 67.4±7.0 71.8±4.0 61.4±7.1 78.1±5.1

protoss 10v10 43.8±9.2 55.4±4.6 62.5±6.2 78.1±6.3 71.9±3.1 - 79.3±3.2
terran 10v10 46.9±8.3 65.0±6.3 59.4±3.2 78.0±5.6 73.4±4.7 - 81.5±6.2
zerg 10v10 59.4±6.2 62.5±6.8 65.7±3.1 68.8±9.3 68.4±5.6 - 74.8±4.1

protoss 30° 5v5 7.3±5.2 7.2±1.6 9.4±3.1 8.8±3.6 11.1±1.4 10.1±5.0 16.6±5.2
terran 30° 5v5 2.5±2.0 5.2±2.0 9.3±6.2 4.4±2.8 9.4±9.3 9.4±1.2 12.5±6.3
zerg 30° 5v5 1.9±1.9 2.1±0.6 6.3±3.0 2.5±2.3 6.3±3.2 4.2±1.1 7.8±1.6

protoss 90° 5v5 18.0±3.9 27.6±8.2 48.9±8.3 47.5±5.8 50.9±10.6 37.2±6.5 56.3±9.4
terran 90° 5v5 21.1±8.6 41.9±5.3 46.9±12.4 49.5±7.4 53.1±13.2 46.3±4.1 54.7±10.9
zerg 90° 5v5 20.8±4.2 23.2±5.6 45.3±7.6 17.1±5.3 46.9±18.1 30.0±4.7 48.8±7.2

Average 33.1 40.6 45.6 48.3 50.9 - 55.9

Table 1: The eval win rates (%) on SMAC-v2 tasks, including 5v5, 10v10, 30◦, and 90◦ field of view. We bold the best scores,
and underline second-best results, ± is the standard deviation.
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Figure 3: The learning curves on 4 SMAC tasks.

main results are presented in Table 1. In 6 tasks comprising
5v5 and 10v10 scenarios, CEE obtains the best win rates in
all 6 tasks when compared against other baseline methods.

The advantages of CEE become even more pronounced
under partially observable conditions, where efficient explo-
ration becomes crucial for policy learning. In the highly con-
strained 30-degree field of view setting, CEE consistently
outperforms all baselines across all three tasks, achieving
win rates of 16.6%, 12.5%, and 7.8% for protoss, terran,
and zerg respectively. These results represent significant im-
provements of 5.5%, 3.1%, and 1.5% over the second-best
performing methods, demonstrating the framework’s effec-
tiveness in handling limited observability. Under the 90-
degree observation range, CEE continues to demonstrate
strong performance, achieving the best results in all 3 tasks
with win rates of 56.3%, 54.7% and 48.8% respectively.
Overall, CEE achieves the best performance in all 12 evalu-
ated scenarios with an average win rate of 55.9%.
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Figure 4: The learning curves on 6 SMAC-v2 tasks.

Furthermore, the comparative learning curves across 6
tasks shown in Figure 4 demonstrate that CEE exhibits
higher sample efficiency compared to both Soft-QMIX and
QMIX.

GRF. We further conduct experiments on 2 GRF tasks,
comparing CEE against the causal MARL method LAIES,
QMIX, and VDN, as shown in Figure 5. The results demon-
strate that CEE achieves the best win rates of 63.6% and
70.6% across 2 tasks, respectively. Notably, CEE outper-
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Figure 5: Results on 2 GRF tasks.
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Figure 6: Causal weight heatmap of CEE in zerg 5v5 task.

forms the causal MARL method LAIES, which specifi-
cally addresses causal relationships in multi-agent settings,
thereby highlighting the effectiveness of our proposed causal
framework in multi-agent environments.

Property Analysis
Causal Weight Analysis. To better understand the causal
influence during the learning process, we visualize the
causal weights for the zerg 5v5 task in the SMAC-v2 en-
vironment, as shown in Figure 6. The analysis reveals that
agents 0 and 1 maintain higher causal weights throughout
the learning process, which encourages their exploration be-
havior. In contrast, agent 4 exhibits the lowest causal weight
among all agents, indicating its relatively lower influence on
the team’s overall performance.

Ablation Study. To validate the effectiveness of two com-
ponent in CEE, we conduct ablation experiments across 3
SMAC-v2 tasks, as shown in Figure 7. The results reveal that
CEE without (w/o) causal state filtering (CS) achieves sub-
optimal performance compared to CEEw/o causal action ex-
ploration (CA) and the baseline QMIX method, demonstrat-
ing the significant impact of the causal action exploration
module on model performance. Compared to the CS com-
ponent, the CA module exhibits a more substantial influence
on the overall performance. Notably, the presence of either
component individually ensures that the model performance
remains superior to QMIX method.

Computation Burden and Hyperparameter Analysis.
We examine the computational burden of CEE across three
SMAC-v2 tasks, as illustrated in Figure 8. The analysis
demonstrates that on protoss and terran tasks, CEE exhibits
elevated computational requirements compared to the other
three baseline methods, yet the additional overhead remains
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Figure 7: Ablation study on 3 SMAC-v2 tasks.
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Figure 8: Computation time and hyperparameter analysis.

constrained within a one-hour interval. Conversely, we ob-
serve that on the zerg task, CEE manifests reduced compu-
tational demands relative to Qatten. These findings substan-
tiate that while the integration of causal modules introduces
computational overhead, this cost remains negligible and is
readily justified by the considerable performance enhance-
ments obtained. We conduct experiments to analyze the per-
formance of CEE under different values of temperature fac-
tor α. The results demonstrate that the value of 1e-4 achieves
the best performance across these 3 tasks. Moreover, under
the values of 1e-1 and 1e-8, CEE still maintains above 70%
win rates, which further validates that our method is robust.

Conclusion
In this work, we propose a causality-aware framework
for efficient exploration in cooperative MARL, incorporat-
ing state-reward causal masking mechanisms for filtering
causally-informed state feature and agent-reward causal en-
tropy for causality-guided agents exploration. We conduct
comprehensive experiments across 3 diverse environments,
encompassing 21 tasks from SMAC, SMAC-v2, to GRF,
demonstrating the superior performance and high sample ef-
ficiency of the proposed approach.

Limitation and Future Work. The primary limitation of
our framework is the lack of explicit modeling of causal de-
pendencies between agents and states. This issue may limit
the framework’s ability to capture the complex causal struc-
ture. Future work will incorporate agent-observation causal-
ity to improve sample efficiency and generalization in coop-
erative MARL.
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