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Abstract

In cooperative Multi-Agent Reinforcement Learning
(MARL), efficient exploration is crucial for optimizing the
performance of joint policy. However, existing methods
often update joint policies via independent agent exploration,
without coordination among agents, which inherently
constrains the expressive capacity and exploration of joint
policies. To address this issue, we propose a conductor-based
joint policy framework that directly enhances the expressive
capacity of joint policies and coordinates exploration.
In addition, we develop a Hierarchical Conductor-based
Policy Optimization (HCPO) algorithm that instructs policy
updates for the conductor and agents in a direction aligned
with performance improvement. A rigorous theoretical
guarantee further establishes the monotonicity of the joint
policy optimization process. By deploying local conductors,
HCPO retains centralized training benefits while eliminating
inter-agent communication during execution. Finally, we
evaluate HCPO on three challenging benchmarks: Star-
Craft II Multi-agent Challenge, Multi-agent MuJoCo, and
Multi-agent Particle Environment. The results indicate that
HCPO outperforms competitive MARL baselines regarding
cooperative efficiency and stability.

Introduction
Cooperative Multi-Agent Reinforcement Learning (MARL)
methods have driven significant progress across various
fields, including autonomous driving (Chen et al. 2025),
robot cooperative control (Gu et al. 2023), and smart
grid (Zhang et al. 2022). However, the increasing number
of agents in the environment leads to the exponential growth
of the state space and the joint action space, which brings the
scalability challenge in MARL. A widely adopted solution
to tackle this challenge is the Centralized Training with De-
centralized Execution (CTDE) paradigm (Feng et al. 2024;
Na and Moon 2024). It updates agents’ policies with global
information during training, while ensuring that agents make
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decisions only based on their own local information dur-
ing execution. Typical CTDE algorithms such as MAD-
DPG (Lowe et al. 2017), QMIX (Rashid et al. 2020), and
MAPPO (Yu et al. 2022) attract widespread attention for
their enhanced coordination and overall effectiveness.

Under the CTDE paradigm, efficient exploration is im-
portant in MARL (Zheng et al. 2021; Xu, Zhang, and
Huang 2023; Zhang et al. 2023b). Since parameter shar-
ing restricts the behavioral diversity among agents, con-
sequently impairing their exploration capabilities and im-
peding task completion (Li, Pan, and Zhang 2024; Li
and Zhu 2025), researchers have developed heterogeneous
MARL algorithms (Kuba et al. 2022; Li, Pan, and Zhang
2024). Specifically, to tackle the non-stationarity prob-
lem arising from simultaneous agent decisions in het-
erogeneous settings, sequential update algorithms such as
Heterogeneous-Agent Trust Region Policy Optimisation
(HATRPO) (Kuba et al. 2022) and Agent-by-agent Policy
Optimization (A2PO) (Wang et al. 2023) have been pro-
posed. This technique allows subsequent agents to integrate
the action and policy information of previous agents within
each training iteration. However, most of the existing CTDE
algorithms, such as HATRPO and A2PO, presume that joint
policy is expressed as the product of individual policies. This
limits the expressive capacity of joint policy, making it dif-
ficult for multi-agent systems to explore the optimal joint
policy during training. Therefore, we propose a hierarchical
joint policy framework to address the limitation in expres-
sion and enhance exploration for better performance.

Inspired by soccer training and competition, we propose a
conductor-based method to enhance the ability of joint pol-
icy expression and exploration, as shown in Figure 1. A cen-
tralized conductor provides instructions to the entire team
by considering the on-field status of both sides. Specifically,
the team can be instructed to adopt offensive instructions
such as high pressing, flank attack, or defensive instructions
such as zonal marking and low block. Players make deci-
sions according to the instruction of the conductor and their
own observations. For example, after the conductor chooses
and broadcasts the “high pressing” instruction to all blue
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Figure 1: Visualization of conductor-based instructional im-
pact in multi-agent learning: Blue and red dots represent
players from opposing teams, with the blue team conduc-
tor providing strategic instructions.

teammates, each agent produces its own action by synthe-
sizing this global instruction with its local observation. Con-
sequently, some players drop back to consolidate defensive
coverage, while others advance to compress space, jointly
generating a coordinated pressing pattern.

In this work, we develop a heterogeneous sequential
MARL framework, termed Hierarchical Conductor-based
Policy Optimization (HCPO). Firstly, a joint policy model
based on the conductor’s instructions is constructed for
strong expressive capacity, which is inspired by a Gaussian
mixture model. Subsequently, we establish a theoretically
grounded update mechanism with strict monotonic improve-
ment guarantees. By decomposing the joint policy optimiza-
tion into conductor-level instruction and agent-level execu-
tion, we derive dual trust region constraints that ensure ro-
bust policy evolution. To enable practical decentralized exe-
cution, we further deploy local conductors to all agents and
adapt their policies through the cross-entropy method with
the centralized conductor, eliminating dependency on inter-
agent communication. In addition, we perform extensive
empirical validation across standardized benchmarks, in-
cluding StarCraft II Multi-Agent Challenge (SMAC), Multi-
agent MuJoCo (MA-MuJoCo), and Multi-agent Particle
Environment (MPE) environments. The results show that
HCPO outperforms existing competitive MARL algorithms.
The main contributions are summarized as follows.

• Hierarchical Conductor-based Policy Expression: To
enhance policy expressive capacity and guide multi-
agent exploration, we propose a conductor-based joint
policy framework: πmar(a|s) ≜ EM∼w(·|s)π(a|s,M).

• HCPO Algorithm and Monotonic Improvement
Guarantee: With the above conductor-based joint pol-
icy expression, we derive a new decomposition approach
that breaks down the joint policy’s KL divergence into
two components: the conductor policies’ KL divergence
and the agent policies’ KL divergence. Then, we present
a policy improvement inequality and design a two-level
policy update mechanism for the conductor and agents.
Finally, we prove that HCPO can ensure a monotonic im-
provement of the joint policy.

• Extensive Experimental Validation: Comprehensive
evaluations on MARL benchmarks demonstrate the su-
perior performance of HCPO over strong MARL base-
lines. The results show improvements in cooperative ef-
ficiency, policy stability, and exploration.

Related Work
Exploration: In MARL, the exponential expansion of joint
state and action spaces as the number of agents increases
severely challenges their ability to efficiently identify high-
value states and actions (Liu et al. 2021b). To improve the
performance of MARL algorithm, research on the explo-
ration of state and policy spaces is crucial. In terms of state
space exploration, the classical work Multi-Agent Varia-
tional Exploration (MAVEN) (Mahajan et al. 2019) guides
multi-agent systems to learn diverse exploration patterns by
maximizing the mutual information between agent trajec-
tories and latent variables. To further improve exploration
efficiency, methods like (Jo et al. 2024) and (Li and Zhu
2025) are proposed. Regarding policy space exploration, the
current research focuses on constructing policy diversity in-
centive mechanisms (Dou et al. 2024). For example, the pa-
per (Xu, Zhang, and Huang 2023) proposes an exploration
method based on joint policy diversity for sparse-reward
multi-agent tasks. It drives agents to explore new policies
by maximizing the cross-entropy between the current joint
policy and previous joint policies. However, most existing
methods, either explicitly or implicitly, assume that the joint
policy is the product of individual policies (Kuba et al. 2022;
Dou et al. 2024; Jo et al. 2024). This decoupled method lim-
its the expressive capacity of joint policy, and sometimes
hampers agents’ exploration during training. To address this,
we design a conductor-based framework that enhances the
joint policy’s expressive capacity. Specifically, our method
provides instructions (latent variables (Mahajan et al. 2019;
Ibrahim and Fayad 2022)) to guide agents’ exploration in the
policy space during training, enabling them to explore new
and potentially high-value policies that traditional methods
might overlook.

Hierarchical mechanism: In recent years, hierarchical
mechanisms have been increasingly adopted (Vezhnevets
et al. 2017; Ahilan and Dayan 2019; Paolo et al. 2025).
MAVEN (Mahajan et al. 2019) embeds a latent space for
hierarchical control within the CTDE framework, which al-
leviates the expressive limitations introduced by the mono-
tonicity hypothesis in QMIX (Rashid et al. 2020). Through
MAVEN, agents condition their behavior on the shared la-
tent variable to enhance exploration and mitigate issues re-
lated to suboptimal policies. Furthermore, HAVEN (Xu et al.
2023) proposes a QMIX-style policy optimization frame-
work with a dual coordination mechanism between layers
and agents. Skill discovery represents another key direc-
tion in hierarchical MARL (He, Shao, and Ji 2020; Zhang
et al. 2023a), enabling agents to autonomously learn di-
verse teamwork skills without requiring manually designed
rewards (Liu et al. 2022, 2025). For example, hierarchical
learning with skill discovery method (Yang, Borovikov, and
Zha 2020) is a two-level MARL algorithm that uses la-
tent skill variables and intrinsic rewards for unsupervised
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skill discovery. The hierarchical multi-agent skill discov-
ery (Yang et al. 2023) further extends the research on skill
discovery by introducing team and individual skills. By
employing the probabilistic graphical model, it formulates
multi-agent skill discovery as an inference problem and
leverages transformer structure to assign skills for coordina-
tion. To handle dynamic team composition, COPA (Liu et al.
2021a) proposes a coach-player hierarchy where a central-
ized coach periodically broadcasts strategies derived from
global information. This design, however, retains the mono-
tonicity constraint of QMIX and relies on communication
during execution. Consequently, existing methods mainly
use the monotonicity hypothesis imposed by QMIX and op-
timize hierarchical policies through variational inference.
In contrast, our HCPO provides a theoretical guarantee of
monotonic improvement in joint policy performance, with-
out requiring any hypothesis regarding the joint action-value
function. Additionally, our approach combines a conductor-
based framework with trust region and sequential update
methods, diverging from the mutual information and vari-
ational inference approaches commonly employed.

Background
Cooperative MARL Problem Formulation
In this paper, we consider fully cooperative multi-agent
task as a Decentralized Markov Decision Process (DEC-
MDP) (Bernstein et al. 2002; Kuba et al. 2022; Wang
et al. 2023), which is usually modeled as a tuple G =
⟨N ,S,A,P, r, γ⟩. Here, N = {1, 2, · · · , N} is the set of
agents. S and A represent the state space of the environ-
ment and the whole joint action space, respectively. Each
agent i takes action ai ∈ Ai, and A =

∏N
i=1 Ai. P :

S×A× S → [0, 1] is the transition probability function. r :
S × A → R is the reward function shared by all agents and
γ ∈ [0, 1) is the discount factor. To improve coordinated ex-
ploration, we propose a hierarchical conductor-based frame-
work that adapts agent policies with the instructions from
the conductor. Specifically, let M denote the conductor’s in-
structional decision, sampled from a centralized instruction
preference distribution w(·|s). The multi-agent joint policy
πmar is formulated as the expectation over all possible in-
structions M : πmar(a|s) ≜ EM∼w(·|s)π(a|s,M), where
a = (a1, a2, · · · , aN ) ∈ A is the joint action. To facili-
tate decentralized execution, we equip each agent with an
independent local conductor wi(·|oi), sharing the same in-
struction space as the centralized conductor. For clarity, the
term “conductor” is primarily used to denote the centralized
conductor unless otherwise specified. Hereafter, we assume
that the conductor has K discrete instructions available to
choose at each time. For any given instruction M , the cor-
responding instruction-conditional joint policy is defined as
the product of individual agent policies conditioned on M ,
i.e. π(a|s,M) =

∏N
i=1 π

i(ai|s,M). Therefore, under the
conductor-based framework, our goal is to maximize the ex-
pected cumulative reward:

J(πmar) ≜ Es0:∞ρπmar
,M0:∞

w ,a0:∞
π

[ ∞∑
t=0

γtr(st,at)

]
. (1)

In the above equation, we denote “s0:∞ ∼ ρ0:∞πmar
” as “s0:∞ρπmar

”,
“M0:∞ ∼ w0:∞” as “M0:∞

w ”, and “a0:∞ ∼ π0:∞ (M0:∞)”
as “a0:∞π ” for the sake of brevity. Hereafter, we use this no-
tation wherever no ambiguity arises. Consequently, the state
value function Vπmar(s) is defined as the expected cumulative
return under the multi-agent joint policy πmar:

Vπmar(s) ≜ EM0:∞
w ,a0:∞

π ,s1:∞ρπmar
[
∞∑
t=0

γtrt|s0 = s ]. (2)

Similarly, we define the state-
action value function Qπmar(s,a) ≜
Es1:∞ρπmar

,M1:∞
w ,a1:∞

π
[
∑∞

t=0 γ
trt|s0 = s,a0 = a]. The

joint advantage function is written as: Aπmar(s,a) ≜
Qπmar(s,a)− Vπmar(s).

Sequential Policy Update Mechanism
To address non-stationarity issues in MARL, the sequential
update for agents has been widely investigated (Kuba et al.
2022; Wang et al. 2023; Dou et al. 2024; Wan et al. 2025).
HATRPO extends the single-agent Trust Region Policy Op-
timization (TRPO) to multi-agent domain, utilizing multi-
agent advantage decomposition to facilitate the sequential
updates of agent policies. In HATRPO, each agent updates
its policy parameters through the following protocol:

θink+1 = argmax
θin

Es,ai1:n−1 ,ain

[
Ain

πθk

(
s,ai1:n−1 , ain

)]
,

(3)

subject to Es∼ρπθk

[
DKL

(
πin
θin
k

(·|s), πin
θin (·|s)

)]
≤ δ.

(4)

In (3), the compact notation Es,ai1:n−1 ,ain stands for the full
expectation E

s∼ρπθk
,ai1:n−1∼π

i1:n−1

θ
i1:n−1
k+1

,ain∼π
θ
in
k

. Here, θink+1

denotes the policy parameter for agent in in episode k + 1.
DKL (·, ·) is the KL-divergence between two policies, and δ
is a hyperparameter. It is important to note that during the
k+1-th episode, policy θink+1 leverages the updated policies
π

i1:n−1

θ
i1:n−1
k+1

from the preceding agents i1:n−1. This is the core

idea behind the sequential update mechanism.

Methods
Value Functions
In the previous section, we presented a conductor-based
framework that enhances learning through instruction guid-
ance. To evaluate this framework, we now need quan-
titative metrics to assess both the learning process and
policy performance. First, we define the value function
for the conductor’s instruction M as: Qπmar(M |s) ≜
Ea0:∞

π ,s1:∞ρπmar
,M1:∞

w

[∑∞
t=0 γ

trt|s0 = s,M0 =M
]
. The in-

struction advantage function is written as:

Aπmar(M |s) ≜ Qπmar(M |s)− Vπmar(s). (5)

Here, Aπmar(M |s) measures the relative benefit of instruc-
tion M compared to all other instructions M ′ ∼ w (·|s).
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Figure 2: The overall framework of HCPO. (a) Centralized training: A two-level policy update mechanism with a virtual
centralized conductor is proposed, leveraging well-designed advantage functions. (b) Policy update for agents: Here, local
agents’ policies denoted by orange ellipses are optimized through sequential updates, and local conductors’ policies denoted by
blue rectangles are optimized through the cross-entropy method. During this iteration, policies with shaded outlines represent
updated versions, while those without shading indicate unmodified ones. (c) Decentralized execution: HCPO enables agents
to make decisions based only on local information.

By choosing M to maximize Aπmar(M |s) with generalized
advantage estimation (GAE) (Schulman et al. 2018), we op-
timize the conductor’s policy w, as illustrated in Figure 2(i).
Additionally, we define a joint action advantage function for
agents’ joint actions as follows:

Aπmar(a|s,M) ≜ Qπmar(s,a)−Qπmar(M |s). (6)
The advantage function Aπmar(a|s,M) evaluates the joint
action a over all other possible joint actions a′ ∼ π(·|s,M).
As illustrated in Figure 2(ii), maximizing this advan-
tage function enables the optimization of the instruction-
conditional joint policy π(·|s,M), thereby favoring actions
that yield superior expected returns. Based on the above def-
initions, we can find that:

Aπmar(s,a) = Aπmar(M |s) +Aπmar(a|s,M). (7)
After the conductor chooses an instruction M j , j ∈

{1, 2, · · · ,K}, we update each individual agent’s pol-
icy πil

(
ail |s,M j

)
in the order determined by the random

perturbation set i1:N = {i1, i2, · · · , iN}. In addition, at the
state s, based on the conductor’s any instruction M j , after
the previous agents i1:l take joint action ai1:l , we define the
expected value of ai1:l as:

Qi1:l
πmar

(ai1:l |s,M j) ≜ E
a

−i1:l
0 ∼π

−i1:l
0 (·|s,Mj),s1:∞ρπmar

,M1:∞
w ,a1:∞

π[ ∞∑
t=0

γtrt|s0 = s,M0 =M j ,ai1:l
0 = ai1:l

]
,

(8)
where −i1:l is the complement of i1:l.

Lemma 1. For any instruction M j , j ∈ {1, 2, ...,K} cho-
sen by the conductor, the conditional Q-function for agents
i1:l satisfies:

Qi1:l
πmar

(ai1:l |s,M j) = Ea−i1:l∼π−i1:l (·|s,Mj)

[
Qπmar

(s,a)
]
,

(9)
where a =

(
ai1:l ,a−i1:l

)
.

The proof is proposed in Appendix A.1. This lemma pro-
vides the basis for the subsequent definitions of advantage
functions, which are crucial for evaluating the relative ad-
vantages of specific actions compared to average actions.
Specifically, at the state s, based on the conductor’s any ac-
tion M j , after the agents i1:l first take joint action ai1:l , and
agents −i1:l take joint action a−i1:l ∼ π−i1:l

(
·|s,M j

)
, we

define the advantage function for ai1:l as:

Ai1:l
πmar

(
ai1:l |s,M j

)
≜ Qi1:l

πmar
(ai1:l |s,M j)−Qπmar(M

j |s).
(10)

It is noted that when l = 0, we have Ai1:l
πmar

(
ai1:l |s,M j

)
=

0. Besides, at the state s, based on the conductor’s any in-
struction M j , for any individual agent il, we define the ad-
vantage of its individual action ail over all actions ail ′ ∼
πil ′(·|s,M j):

Ail
πmar

(ai1:l−1 , ail |s,M j) ≜ Qi1:l
πmar

(ai1:l |s,M j)

−Q
i1:l−1
πmar (ai1:l−1 |s,M j). (11)

In the subsequent part, we introduce the conductor-based
multi-agent advantage function decomposition lemma. As
shown in Figure 2(ii), the lemma is designed to facili-
tate the transition from updating the instruction-conditional
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joint policy π(a|s,M j) to updating individual agents’ poli-
cies πil

(
ail |s,M j

)
, l ∈ N .

Lemma 2. (Conditional Advantage Decomposition) Con-
sider a cooperative Markov game with a joint policy πmar.
For any state s, any instructionM j , and any subset of agents
i1:n = {i1, i2, · · · , in} ⊆ N , the following equation holds
for all states s, joint actions ai1:n , and M j ∼ w:

Ai1:n
πmar

(
ai1:n |s,M j

)
=

n∑
l=1

Ail
πmar

(
ai1:l−1 , ail |s,M j

)
.

(12)
The proof is proposed in Appendix A.1.

Quantifying Policy Updates for HCPO
TRPO (Schulman et al. 2015) is a reinforcement learn-
ing algorithm that improves learning stability by constrain-
ing policy update magnitude. In this section, we explore
a conductor-based mechanism that incorporates TRPO to
measure the difference in expected returns between the new
policy and its predecessor. This analysis serves as the foun-
dation for designing effective policy update algorithms.
Proposition 1. As defined in Equation (1), the relationship
between the expected return of the new policy π̄mar and the
old policy πmar is expressed as:

J(π̄mar) = J(πmar) + Eτ∼π̄mar

[ ∞∑
t=0

γtAπmar(st,at)

]
,

(13)
where τ := (s0,M0,a0, s1,M1,a1, · · · ).

The proof is proposed in Appendix A.1. Similar
to HATRPO, we introduce the approximation function
Lπmar(π̄mar), which serves as an alternative objective func-
tion for the new policy’s performance function J(π̄mar):

Lπmar(π̄mar) = J(πmar) +Es∼ρπmar ,M∼w̄,a∼π̄ [Aπmar(s,a)] ,
(14)

where the compact notation Es∼ρπmar ,M∼w̄,a∼π̄ stands for
the full expectation Es∼ρπmar ,M∼w̄(·|s),a∼π̄(·|s,M). There-
fore, we can derive the following theorem.
Theorem 1. Under the proposed conductor-based frame-
work, a significant policy improvement inequality holds for
the joint policy πmar:

J(π̄mar) ⩾ J(πmar) + Es∼ρπmar

[
EM∼w̄(·|s)Aπmar(M |s)

−CDmax
KL (w,w) + EM∼w̄(·|s),a∼π̄(·|s,M)Aπmar(a|s,M)

−maxC
K∑
j=1

w
(
M j |s

)
DKL

(
π(·|s,M j),π(·|s,M j)

) ]
,

(15)

where C =
4γ maxs,a |Aπmar (s,a)|

(1−γ)2 , Dmax
KL (wk, w̄) =

maxs DKL (wk (·|s) , w̄ (·|s)).
For proof see Appendix A.2. The inequality quantifies the

expected return difference between the new policy π̄mar and
the existing policy πmar under the conductor-based mecha-
nism. This finding offers precise guidance for the subsequent
policy update process.

Guaranteed Monotonic Joint Policy Optimization
In this section, we formulate the policy update mechanisms
for both the centralized conductor’s policy and individual
agents’ policies. Our theoretical analysis aims to establish
the monotonic improvement guarantee for the conductor-
based joint policy πmar through a two-level optimization
framework. This guarantee constitutes a critical theoreti-
cal foundation, ensuring progressive performance improve-
ment through successive policy iterations while validating
the conductor’s instructions. The specific two-level policy
update mechanisms in episode k + 1 are as follows:

(i) The conductor’s policy w (·|s) = wk (·|s) is updated
first according to the rule:

wk+1 = argmax
w̄

[
Es∼ρπmar,k ,M∼w̄Aπmar,k(M |s)

− CDmax
KL (wk, w̄)

]
. (16)

(ii) For each M j where j ∈ {1, 2, ...,K}, the agents se-
quentially update their policies in accordance with the order
i1:N , following the update rule:

πil
k+1(·|s,M

j)

= argmax
π̄il (·|s,Mj)

[
wk+1

(
M j |s

)
Li1:l
πmar,k

(
π

i1:l−1

k+1 , π̄il |s,M j
)

−maxCwk

(
M j |s

)
DKL

(
πil
k (·|s,M

j), π̄il(·|s,M j)
)]
,

(17)

where Li1:l
πmar,k

(
π

i1:l−1

k+1 , π̄il |s,M j
)

≜

E
ai1:l−1∼π

i1:l−1
k+1 ,ail∼π̄il

[
Ail

πmar,k

(
ai1:l−1 , ail |s,M j

)]
. For

proof see Appendix A.4. Equation (17) presents a policy
update mechanism using wk to regulate the update magni-
tude between the agents’ new and existing policies. This
approach optimizes the exploration-exploitation trade-off,
helps avoid local optima, and enhances the adaptability
and effectiveness of the policy update process. In HCPO’s
practical implementation, we employ the CTDE frame-
work to mitigate the limitations posed by communication
interference, as shown in Figure 2(c). During training, we
incorporate a virtual centralized conductor w parameterized
by Ψ, and each individual agent is equipped with a local
conductor network wi (parameterized by ψi) and an actor
network πi (parameterized by θi). To maintain the theo-
retical assumption that agents update their policies using
only local observations and the broadcast instruction M ,
we employ a two-stage training protocol. First, we collect
experience with the centralized conductor and optimize its
policy parameter Ψ. Then, every agent’s actor network θi is
sequentially updated to improve the policy. Second, we fix
Ψ and distill its policy into ψi via cross-entropy loss (Chen
et al. 2024), enabling fully decentralized execution at
evaluation. We summarize our HCPO as Algorithm 1 of
Appendix B.
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Figure 3: Performance comparison on SMAC. With the conductor-based joint policy enhancing learning efficiency, HCPO
reliably outperforms all baselines.

Experiments
In this section, we evaluate HCPO on standard MARL
benchmarks including SMAC (Samvelyan et al. 2019), MA-
MuJoCo (Li, Pan, and Zhang 2024), and MPE (Lowe
et al. 2017). It is compared against strong baselines: HA-
TRPO (Kuba et al. 2022), HAPPO (Kuba et al. 2022),
A2PO (Wang et al. 2023), HAA2C (Zhong et al. 2024). De-
tailed experimental setup and results are presented below.

(a) (b)

Figure 4: Effective coordination in SMAC on the 3s5z map:
A visual analysis of agent strategies.

Settings and Performance
SMAC: We evaluate algorithms on five SMAC
maps, including the widespread hierarchical algorithm
MAVEN (Mahajan et al. 2019). Each algorithm is tested
with five different random seeds to ensure the robustness
and reliability. The results demonstrate that our HCPO
achieves outstanding performance in all test maps, as
illustrated in Figure 3, with shadows showing standard
deviation across different runs. Specifically, HCPO is the
first to achieve a 90% winning rate on all maps, enhancing
exploration and learning efficiency. Furthermore, HCPO
exhibits the lowest standard deviation, demonstrating its
high stability. In addition, we visualize the gameplay
scenarios on the 3s5z map in Figure 4. Figure 4(a) shows
the early game strategy where our team uses one stalker
to draw enemy fire, while two other stalkers attack from

behind the zealots. Figure 4(b) presents the overall force
division into two groups, with two stalkers providing
support. These coordinated actions highlight the agents’
effective collaboration, driven by the latent instructions of
HCPO, which ultimately leads to victory. Detailed analysis
and the evaluation method are presented in Appendix C.1.

Figure 5: Comparative evaluation on MA-MuJoCo.

MA-MuJoCo: We compare HCPO with four advanced
on-policy MARL algorithms using three different random
seeds. As shown in Figure 5, HCPO not only achieves sig-
nificantly higher final returns but also exhibits a lower stan-
dard deviation, indicating superior exploration and stabil-
ity. Specifically, in HalfCheetah-v2-2×3, HCPO achieves
around 23.42% higher final returns than the next best algo-
rithm HAA2C. In Figure 6, we employ t-SNE (t-Distributed
Stochastic Neighbor Embedding) technique to project the
states explored by HCPO, HATRPO, and A2PO algorithms
during the early stage of training in the Walker2d-v2-6×1
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Figure 6: Exploration comparison: t-SNE visualization and entropy analysis in Walker2d-v2-6×1.

task onto a 2-D plane. Through entropy analysis and cal-
culation of the average nearest neighbor distance, we can
observe that HCPO demonstrates superior exploration. De-
tailed analysis is presented in Appendix C.2.

MPE: The results on MPE under three random seeds are
shown in Figure 7. HCPO exhibits rapid policy improvement
in the early stage (0-2 million steps) of training, indicat-
ing that HCPO has a high cooperative efficiency and suf-
ficient exploration. Furthermore, compared with HATRPO
and A2PO, HCPO shows significant stability and robust-
ness. More experiments are illustrated in Appendix C.3.

Figure 7: Performance comparison of HCPO and other
strong MARL algorithms across different MPE tasks.

Ablation Studies
For several key components of HCPO, we conduct ablation
studies with results shown in Figure 8. Figure 8(a) exam-
ines the impact of the conductor and varying the number
of instructions (hyperparameter K) on performance. HCPO
with the conductor shows a faster increase in winning rate
and a higher final rate than without any conductor, demon-
strating its effectiveness in boosting cooperation efficiency.
The performance is also influenced by K. It is important
to balance performance and resource consumption when se-
lecting K. In Figure 8(b), we examine the hyperparameter
δ1, which represents the KL-divergence constraint during
the conductor’s policy update. In Figure 8(c), we evaluate
HCPO under four conductor configurations: a centralized
conductor, a random conductor (non-learning baseline), no
conductor and local conductors (the core of our HCPO al-
gorithm). Figure 8(d) presents the final episode returns in
a boxplot format. The results show that HCPO with local
conductors achieves a median return comparable to that of
a centralized conductor, while substantially outperforming
the variant without any conductor. Furthermore, replacing

the learned instruction preference distribution with a non-
learning conductor that outputs uniformly random instruc-
tions leads to inferior performance. These findings validate
the effectiveness of our proposed update mechanisms. We
present detailed analysis in Appendix C.4.

(a) (b)

(c) (d)

Figure 8: Ablation studies.

Conclusion and Future Work
In this paper, we introduce HCPO, a hierarchical MARL al-
gorithm designed to enhance the expressive capacity of joint
policies and improve exploration. By leveraging specific ad-
vantage functions, we propose a two-level policy update
mechanism with monotonic improvement guarantees with-
out a monotonicity hypothesis in QMIX. Based on the cross-
entropy method, each agent is equipped with a local conduc-
tor. This not only improves cooperation but also avoids the
limitations imposed by communication constraints. Through
comprehensive experiments on SMAC, MA-MuJoCo, and
MPE, HCPO demonstrates superior performance compared
to competitive algorithms. The main limitation of this work
is that we design an on-policy algorithm for our hierarchical
framework. In the future, we plan to integrate the conductor-
based mechanism of HCPO into off-policy algorithms to im-
prove sample efficiency.
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