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Abstract

We propose Multi-Agent Reflective Policy Optimization
(MARPO) to alleviate the issue of sample inefficiency in
multi-agent reinforcement learning. MARPO consists of two
key components: a reflection mechanism that leverages sub-
sequent trajectories to enhance sample efficiency, and an
asymmetric clipping mechanism that is derived from the
KL divergence and dynamically adjusts the clipping range
to improve training stability. We evaluate MARPO in classic
multi-agent environments, where it consistently outperforms
other methods.

Code — https://github.com/wucuiling12345-blip/MARPO

1 Introduction
Multi-Agent Reinforcement Learning (MARL) has become
a vital tool for complex decision-making tasks across ar-
eas such as autonomous driving, robotics, and cooperative
games. Despite its potential, MARL faces challenges, par-
ticularly in achieving sample efficiency in high-dimensional
environments. Unlike supervised learning, which uses static
datasets, reinforcement learning (RL) relies on agent-
environment interactions to collect samples—a costly pro-
cess in both time and resources.

Early RL advancements, such as Trust Region Policy
Optimization (TRPO) (Schulman et al. 2015) and Prox-
imal Policy Optimization (PPO) (Schulman et al. 2017),
have improved stability; however, they still face scalability
and adaptability issues in real-world environments. Many
MARL algorithms, including IPPO (De Witt et al. 2020),
MAPPO (Yu et al. 2022), QMIX (Rashid et al. 2020), HA-
TRPO, and HAPPO (Kuba et al. 2021), rely on frequent
interactions with the environment and optimize policies
based on individual state-action pairs, often underutilizing
trajectory-level information that can enhance policy stabil-
ity.

Recent research explores methods to improve sample effi-
ciency. Trajectory Reuse Optimization, such as R2D2 (Kap-
turowski et al. 2019), accelerates convergence by prioritiz-
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ing experience replay and reusing long sequences. Model-
based methods, such as MuZero (Silver et al. 2017), reduce
real-world interactions by simulating environment dynam-
ics internally. Additionally, innovations in Sampling Pol-
icy and Reward mechanisms, such as Prioritized Experi-
ence Replay (PER) (Schaul et al. 2015) and Inverse Rein-
forcement Learning (IRL) (Ng, Russell et al. 2000), prior-
itize high-value experiences to improve learning efficiency.
Frameworks such as Efficient Episodic Memory Utilization
(EMU) (Na, Seo, and Moon 2024) and Episodic Multi-agent
Reinforcement Learning with Curiosity-driven exploration
(EMC) (Zheng et al. 2021) further enhance exploration and
policy convergence.

While advancements in MARL have been made, chal-
lenges in sample efficiency, scalability, and trajectory-level
utilization remain. To address these, we introduce Multi-
Agent Reflective Policy Optimization (MARPO), a frame-
work that leverages trajectory feedback to improve pol-
icy optimization efficiency. Unlike methods that rely on
auxiliary components such as value functions or human
feedback (Deng, Wang, and Zhang 2024; Haarnoja et al.
2018; He et al. 2025), MARPO directly optimizes poli-
cies using trajectory signals, thereby enhancing learning ef-
ficiency and decision-making. We propose an asymmetric
KL-divergence-based clipping mechanism with a dynamic
adjustment strategy for the clipping range, further improving
training stability and flexibility. We validate MARPO on the
StarCraft II Multi-Agent Challenge (SMAC) (Samvelyan
et al. 2019), including its more complex SMAC-Hard vari-
ants (Deng et al. 2024), SMACv2 (Ellis et al. 2023), and
Google Research Football (GRF) (Kurach et al. 2020),
demonstrating superior performance over MAPPO in terms
of sample efficiency and policy optimization.

Our contributions can be summarized as follows:

• We propose MARPO, the first framework to integrate
reflection mechanisms into multi-agent policy optimiza-
tion, improving sample efficiency by leveraging trajec-
tory feedback.

• We derive a KL-based asymmetric clipping mechanism
that enables more accurate and flexible policy updates.

• We introduce a dynamic adaptation strategy for the clip-
ping range, which enhances the exploration capability
compared to fixed-boundary approaches such as PPO.
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2 Related Work
2.1 KL-based Asymmetric Clipping Mechanism
Trust Region Policy Optimization (TRPO) (Schulman et al.
2015) ensures stable policy updates by using a trust-region
constraint that prevents substantial updates that could desta-
bilize the learning process. It optimizes the policy using a
second-order approximation, specifically the Fisher infor-
mation matrix, to account for the impact of policy updates on
the value function (Prokopenko et al. 2011). The goal is to
maximize expected return while keeping the KL divergence
between the old and new policies within a predefined thresh-
old, ensuring steady progress and stability during training.

Proximal Policy Optimization (PPO) (Schulman et al.
2017), an extension of TRPO, simplifies computation by
using first-order approximations and a clipping mecha-
nism to limit deviations between the new and old policies.
This approach improves sample efficiency and computa-
tional feasibility, making PPO scalable to large-scale prob-
lems. However, the fixed clipping range in PPO is a limi-
tation in dynamic MARL environments, where continuous
interactions between agents require more adaptive mech-
anisms (Massaoudi and Davis 2025; Liu and Liu 2024).
This has led to research on dynamic clipping mechanisms,
such as Trust Region-Guided Proximal Policy Optimization
(TRGPPO) (Wang et al. 2019), which adjusts the clipping
range based on KL divergence. This approach enables larger
updates in regions with lower KL divergence, promoting ex-
ploration, while restricting updates in regions with higher
KL divergence to maintain stability. Although it improves
sample efficiency and exploration, it relies on careful tuning
of the KL threshold.

2.2 Reflective Policy Optimization
Reflective Policy Optimization (RPO) (Gan et al. 2024)
extends on-policy reinforcement learning methods such as
TRPO and PPO by integrating future-trajectory feedback
into policy updates. Although PPO is widely adopted for
its simplicity and empirical robustness, it remains limited
in sample efficiency (Xiong et al. 2023). By leveraging in-
formation from the whole trajectory, RPO stabilizes learn-
ing and promotes monotonic improvement, enabling agents
to adjust actions with a more introspective, trajectory-aware
update rule. Proposed initially for single-agent RL, RPO
naturally extends to MARL, where agents jointly reflect on
both current and future trajectories to improve coordination
and accelerate convergence. Similar ideas have also been
explored for multi-agent systems under communication de-
lays (Qin et al. 2024), further demonstrating the stability ad-
vantages of future-aware updates.

In MARL, MAPPO (Yu et al. 2022) builds on PPO un-
der the CTDE paradigm: agents train with global infor-
mation while acting from local observations. This miti-
gates non-stationarity (Hernandez-Leal et al. 2017; Canese
et al. 2021) via centralized value functions and stabilized
importance-sampling updates. However, its reliance on cur-
rent state–action pairs restricts the exploitation of future-
trajectory structure, limiting stability and scalability in com-
plex environments (Hernandez-Leal et al. 2017; Canese

et al. 2021; Zhang et al. 2025; Jin et al. 2025).
Our work unifies these lines by retaining PPO-style prac-

ticality, adding KL-guided adaptive clipping to avoid brit-
tle fixed thresholds, and injecting future-trajectory infor-
mation into the update. This yields steadier improvement
under multi-agent non-stationarity while remaining com-
putationally lightweight. Beyond our on-policy MARL fo-
cus, proximal principles also appear in federated offline
RL—e.g., proximal evaluation under distributed data con-
straints (Yue et al. 2024; Zhang, Fu, and Zhang 2024)—and
in continuous-control RL via DDPG-family proximal vari-
ants (Long et al. 2024), pointing to scalable pathways for
deployment.

3 Preliminaries
3.1 Cooperative MARL Problem Formulation
In the context of MARL, the challenge of partially observ-
able environments is modeled using the Decentralized Par-
tially Observable Markov Decision Process (Dec-POMDP)
(Oliehoek and Amato 2016). In the Dec-POMDP frame-
work for cooperative multi-agent tasks, the environment is
modeled by a tuple G = ⟨N , S,A, P,O, r, γ⟩, where S
is the finite state space, each agent i ∈ N ≡ {1, . . . , n}
chooses an action ai ∈ A, A is the individual action
space, and P (s′|s,A) defines the state transition dynam-
ics, r : S × A → R is the reward function, and γ ∈
[0, 1] is the discount factor. Agents use a policy πθ(ai|oi)
parameterized by θ to produce an action ai from the lo-
cal observation oi, and jointly optimize the discounted ac-
cumulated reward J(θ) = EAt,st [

∑
t γ

tR(st, At)] where
At = (at1, . . . , a

t
n) is the joint action at time step t.

3.2 Reflection Mechanism
Reflective Policy Optimization (RPO) extends the clipped
surrogate objective to leverage interactions over multiple
steps, aiming to address the substantial data requirements
per update common to TRPO and PPO, which often lead
to sample inefficiency. The surrogate objective function of
RPO is defined as:

L(π, πold) = Lclip
0 (π, πold) + αLclip

1 (π, πold), (1)

where

Lclip
0 (π, πold) =E(s,a) [min (ρ(a|s)Aπold(s, a),

clip(ρ(a|s), 1− ϵ, 1 + ϵ)Aπold(s, a))] ,
(2)

Lclip
1 (π, πold) =E(s,a,s′,a′) [min (ρ(a|s)ρ(a′|s′)Aπold(s′, a′),

C(ρ, ρ′)Aπold(s′, a′))] ,
(3)

and ρ(a|s) = π(a|s)
πold(a|s) , C(ρ, ρ′) = clip(ρ(a|s), 1 − ϵ, 1 +

ϵ) ·clip(ρ(a′|s′), 1−ε1, 1+ε1), ϵ, ϵ1 and α are the hyperpa-
rameter. The essence of the reflection mechanism is captured
in Eqn. (3), and the theoretical foundation of RPO ensures
monotonic improvements in policy performance. As a result,
RPO enhances sample efficiency while maintaining stability,
addressing the computational and performance challenges in
policy optimization.
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Algorithm 1: MARPO
Input: Initial policy parameters θ; hyperparameter α
Parameter: Number of iterations n, number of epochs K
Output: Updated parameters θ

1: for iteration = 1 to n do
2: Collect trajectories for all agents and store them in

dataset D
3: for epoch = 1 to K do
4: Sample mini-batch b from dataset D
5: Compute clipping bounds x1 and x2 by Eqn. (12)
6: Compute policy loss Lθ(π, πold) by Eqn. (5)
7: Update policy parameters: θ ← θ − α∇θLθ

8: end for
9: end for

3.3 Challenges of Current Policy Gradient
Approaches in MARL

Extending Policy Gradient methods to MARL presents sig-
nificant challenges. A simple approach is to use a shared pa-
rameter set for all agents and aggregate their trajectories for
policy optimization. This strategy, implemented in MAPPO,
optimizes the policy parameter θ by maximizing an objec-
tive function that combines the benefits of centralized train-
ing with decentralized execution, ensuring stability and effi-
ciency in multi-agent environments. The objective function
is defined as:

L(θ) =
1

n

∑n
i=1 E(oki ,a

k
i )

[
min

(
ρkθ,iA

k
i , clip(ρkθ,i, 1− ϵ,

1 + ϵ)Ak
i

)]
+ σ · 1

n

∑n
i=1 Eoki

[
S
[
πk
θ (o

k
i )
]]

,

(4)
where ρkθ,i = πk

θ (a
k
i | oki )/π

k
θold

(aki | oki ) is the policy
ratio for agent i, and Ak

i is the advantage function com-
puted using the Generalized Advantage Estimation (GAE)
method (Schulman et al. 2016). The clip term ensures that
policy updates remain within a trust region, thereby miti-
gating large, destabilizing changes. S represents the policy
entropy, and σ is the entropy coefficient hyper parameter.

4 Method
In light of the challenges associated with sample ineffi-
ciency, we introduce the Multi-Agent Reflective Policy Op-
timization (MARPO) framework. Unlike MAPPO, which
represents a straightforward extension of PPO to multi-agent
environments, MARPO constitutes a natural and principled
evolution of RPO. It not only enhances sample efficiency by
incorporating a joint reflection mechanism but also improves
exploration capabilities via an adaptive clipping mechanism.
The details of the algorithm are outlined in Algorithm 1.

4.1 Description of the MARPO Method
We propose a multi-agent framework that combines reflec-
tion and clipping to enhance sample efficiency. For clarity of
exposition, we omit explicit time-step subscripts when not
ambiguous. The overall objective function is defined as:

L(π, πold) = Lclip
0 (π, πold) + αLclip

1 (π, πold), (5)

where

Lclip
0 (π, πold) =

1

n

n∑
i=1

E(oki ,a
k
i )

[
min

(
ρki (a

k
i |oki ) ·Aπk

old ,

clip(ρki (a
k
i |oki ), x1, x2) ·Aπk

old

)]
,

(6)
and

Lclip
1 (π, πold) =

1

n

n∑
i=1

E(oki ,a
k
i ,o

k+1
i ,ak+1

i )

[
min

(
ρki (a

k
i | oki ) ρk+1

i (ak+1
i | ok+1

i )Aπk
old ,

c(ρki , ρ
k+1
i )Aπk+1

old

)]
,

(7)

where ρki denotes the probability ratio between the new pol-
icy π and the old policy πold for agent i at time step k, given
the local observation oki and the action aki taken. Similarly,
ρk+1
i (ak+1

i |ok+1
i ) = πk+1(ak+1

i |ok+1
i )/πk+1

old (ak+1
i |ok+1

i )

represents the ratio for the action ak+1
i at the next local state

ok+1
i . Additionally, Aπk

old is the advantage function calcu-
lated from the old policy by GAE, which helps estimate the
value of each state-action pair in a multi-agent context. The
hyperparameter α controls the clipping bounds and balances
the trade-off between different components of the objective
function.

The clipping mechanism ensures that policy updates re-
main within a reasonable range, thereby avoiding large up-
dates that could destabilize the training process. It is defined
as:

c(ρki , ρ
k+1
i ) = clip(ρki (a

k
i |oki ), x1, x2)

· clip(ρk+1
i (ak+1

i |ok+1
i ), x′

1, x
′
2),

(8)

where x1, x2 and x′
1, x

′
2 are clipping bounds that regulate the

magnitude of policy updates, by incorporating future state-
action pairs, agents can account for the long-term impact
of their actions, thereby enhancing global coordination and
overall policy quality. This integration leverages future state-
action information to support more informed and stable pol-
icy updates. Our approach enhances coordination, acceler-
ates training, and stabilizes learning, effectively addressing
key challenges commonly faced by traditional MARL meth-
ods.

4.2 Dynamic Adaptive Asymmetric Clipping
Mechanism

In the previous section, we introduced a multi-agent reflec-
tive mechanism in which the policy optimization objective
considers not only the reward at the current time step but
also the potential influence of future actions. However, un-
der the reflection mechanism, the two importance sampling
ratios ρk and ρk+1 co-occur in the loss, making the objective
more sensitive to policy drift. To tackle this issue, we intro-
duce a Dynamic Asymmetric Clipping Mechanism, which
leverages approximate estimates of the KL divergence to dy-
namically adjust the bounds x1 and x2, thereby enhancing
the stability and constraint of policy updates.
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Theoretical Analysis and Enhancement of Clipping
Mechanisms Using KL Divergence. The standard clipping
mechanism in PPO can be viewed as a heuristic approxima-
tion to the TV distance, designed to constrain the magnitude
of policy updates. Specifically, the TV distance between the
old and new policies can be expressed as:

DTV(πold||πnew) =
1

2

∑
a

|πold−πnew| =
1

2
Eπold

∣∣∣∣1− πnew

πold

∣∣∣∣ .
(9)

To ensure stable policy updates, PPO constrains the im-
portance sampling ratio

∣∣∣1− πnew
πold

∣∣∣ within a fixed range, ef-
fectively bounding policy deviation through a surrogate loss
that approximates total variation (TV) distance. While TV
distance controls the magnitude of policy shifts, it only re-
flects the scalar distance between distributions and over-
looks the geometric structure of the policy space.

In contrast, KL divergence provides an asymmetric
and differentiable measure that more accurately cap-
tures directional changes in policies, making it better
suited for gradient-based optimization, particularly in high-
dimensional or complex multi-agent reinforcement learning.
Formally, the KL divergence between the old and new poli-
cies is defined as:

DKL(πold||πnew) =
∑
a

πold · log
πold

πnew
= Eπold

(
log

πold

πnew

)
.

(10)
Although Eqn. (10) offers a rigorous definition, directly

constraining log πold
πnew

can lead to incorrect behavior, as it
does not provide a proper unbiased estimator and may even
yield negative values, violating the non-negativity of KL di-
vergence. To address this, we first establish the following
identity, which forms the foundation for an unbiased KL es-
timator:

Eπold

(
− log

πnew

πold
+

πnew

πold
− 1

)
=Eπold

(
log

πold

πnew
+

πnew

πold
− 1

)
=DKL(πold||πnew) +

∑
πnew −

∑
πold

=DKL(πold||πnew). (11)

where the last equality follows from the fact that both poli-
cies are normalized distributions, i.e.

∑
a πnew =

∑
a πold =

1.
This motivates the definition of f(x) = x − 1 − log x,

where x = πnew
πold

. Crucially, f(x) satisfies Eπold [f(x)] =

DKL(πold||πnew), thereby providing an unbiased and theoret-
ically sound surrogate for KL divergence that is inherently
non-negative. This property allows f(x) to serve as a robust
alternative to the heuristic TV-based clipping mechanism in
PPO and forms the basis of our enhanced clipping strategy.
Theorem 1. We define the unbiased estimation function
f(x) = x − 1 − log(x), derived from Eqn. (11), where
x = πnew

πold
. This function satisfies:

1. f(x) ≥ 0 for all x > 0 with equality if and only if x = 1.

0.0 2.5 5.0
x

0

2

f(
x)

f(x) = x - 1 - log(x)

(1, 0)

0.001 0.015 0.030
KL Value

0.0

0.5

1.0

R
oo

ts

Roots for Specific KL Values

x1
x2

Figure 1: Root solving for dynamic clipping bounds based
on KL targets.

2. f(x) is convex in x, ensuring stable optimization when
used for clipping.

Proof. (1) Non-negativity: We first compute the derivative
of f(x):

f ′(x) = 1− 1

x
.

For x > 1, f ′(x) > 0, and for 0 < x < 1, f ′(x) < 0.
Therefore, f(x) decreases on (0, 1] and increases on [1,∞),
attaining its global minimum at x = 1. Evaluating f(1):
f(1) = 1 − 1 − log 1 = 0. Thus, f(x) ≥ 0 for all x > 0,
with equality only at x = 1.

(2) Convexity: We compute the second derivative:

f ′′(x) =
1

x2
> 0, ∀x > 0,

which implies that f(x) is convex. Convexity ensures that
local clipping constraints defined by f(x) form a valid and
stable bound in optimization.

Advantages of the unbiased estimator. The proposed func-
tion f(x) exhibits several advantages over the standard TV-
based clipping mechanism in PPO:
• Non-negativity and convexity: f(x) avoids invalid neg-

ative divergence values and provides a convex structure
for stable optimization.

• Compatibility with KL-based policy optimization:
By aligning clipping directly with KL divergence, the
method captures both the magnitude and directional in-
formation of policy updates, improving optimization in
high-dimensional reinforcement learning settings.

Construction of Clipping Bounds. To enhance the stability
and adaptability of reflective policy optimization, we pro-
pose a novel clipping mechanism that dynamically deter-
mines asymmetric clipping bounds based on the inverse of a
function f(x) related to the true KL divergence. Specifically,
the true KL divergence between the current and the old pol-
icy is computed directly, and the function f(x) is used to find
the inverse, yielding two roots that define the clipping inter-
val. This target KL value is subsequently smoothed using an
exponential moving average (EMA), forming the dynamic
KL constraint.

Dtarget
KLt

= β ·Dtarget
KLt−1

+ (1− β) ·DKLt
. (12)

29743



0.00 0.25 0.50 0.75 1.00
Time Steps

0.00
0.25
0.50
0.75
1.00

W
in

 R
at

e

3m

0.00 0.25 0.50 0.75 1.00
Time Steps

3s5z

0.00 0.25 0.50 0.75 1.00
Time Steps

2s_vs_1sc

0.00 0.25 0.50 0.75 1.00
Time Steps

0.00
0.25
0.50
0.75
1.00

W
in

 R
at

e

3s_vs_4z

0.00 0.25 0.50 0.75 1.00
Time Steps

10m_vs_11m

0.00 0.25 0.50 0.75 1.00
Time Steps

2c_vs_64zg

MAPPO HAPPO MAT MARPO

Figure 2: Win rate curves for the main experiments on SMAC-Hard environments. Shaded regions represent the standard
deviation across five random seeds. The X-axis denotes timesteps, and the Y-axis denotes win rate. This experiment primarily
compares policy-based methods with baselines.
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Figure 3: Win rate curves from the ablation study on SMAC-Hard environments, validating the impact of different modules.
Shaded regions represent the standard deviation across five random seeds.

In contrast to fixed or heuristically scheduled KL bounds,
our formulation induces a self-adjusting trust region that
evolves automatically with the policy. The clipping thresh-
olds are obtained by numerically solving for the roots
of a KL-based approximation function, as introduced in
Eqn. (12), yielding an asymmetric range [x1, x2] that adapts
continuously to the current policy and observed KL statis-
tics. In our approach, these dynamic thresholds are de-
rived analytically from the target KL divergence and up-
dated online, which is further smoothed via an EMA mech-
anism to ensure temporal consistency and reduce short-
term variance. As a result, the method eliminates the need
for manually chosen KL bounds or hand-crafted annealing
schedules. It offers a principled, stable, and adaptive clip-
ping mechanism—distinct from PPO’s symmetric and fixed-
range clipping (see Fig. 1)—while maintaining robust per-
formance across diverse environments and training regimes.

5 Experiments
5.1 Experiment Setup and Evaluations
StarCraft II Multi-Agent Challenge. SMAC is a widely
used benchmark for cooperative MARL, featuring diverse
combat scenarios based on the StarCraft II engine. Agents
must collaborate to defeat built-in AI opponents. How-
ever, the original SMAC’s limited opponent diversity often
leads to overfitting and poor generalization. To address this,
SMAC-Hard introduces mixed scripted opponents, random-
ized strategy switching, and a self-play interface, enhanc-
ing adversarial variability and robustness evaluation. With
its open-source implementation publicly available, SMAC-
Hard establishes a new benchmark for evaluating the robust-
ness, adaptability, and strategic coverage of MARL algo-
rithms in dynamic, partially observable environments. We
conduct experiments on both SMAC and SMAC-Hard, cov-
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Figure 4: Hyperparameter Sensitivity Study: Impact of KL Bias and Sliding Average Update Rate (β) on Win Rate in SMAC
Environments. Shaded regions represent the standard deviation across five random seeds.
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Figure 5: Win rate curves for the main experiments on GRF environments. Shaded regions represent the standard deviation
across three random seeds. The X-axis denotes timesteps, and the Y-axis denotes win rate.

ering scenarios of varying difficulty and asymmetry to assess
the adaptability and generalization of our method.
Main Experiment Setup. Experiments are conducted on a
subset of scenarios from the SMAC-Hard benchmark, se-
lected to reflect a broad range of task difficulty and coor-
dination complexity. We compare our method against sev-
eral strong baselines on SMAC-Hard, including value-based
methods (QMIX (Rashid et al. 2020), LDSA (Yang et al.
2022), QPLEX (Wang et al. 2021)) and policy-based meth-
ods (MAPPO (Yu et al. 2022), HAPPO (Kuba et al. 2021),
and MAT (Wen et al. 2022)), providing a comprehensive
evaluation across diverse algorithmic paradigms. All agents
are trained for 10 million environment steps. For evalua-
tion, we report the average win rate over the final 2 million
training steps. To ensure fair comparisons, all methods adopt
identical neural network architectures and optimization set-
tings. Additionally, we conduct supplementary experiments
on the original SMAC benchmark to further evaluate the
generalization ability of our approach.

5.2 Main Results on SMAC-Hard
Our method consistently outperforms existing baselines
across diverse SMAC-Hard scenarios, achieving higher win
rates and improved robustness (Table 1). This gain stems
from better utilization of low-probability, high-impact sam-
ples during updates, mitigating issues in clipped objectives.
As shown in Figure 2, our approach exhibits stable conver-
gence and enhanced sample efficiency in challenging multi-
agent tasks.

5.3 Analysis of Algorithm Performance
Ablation Experiments. We conduct ablation experiments to
evaluate the contribution of each module within our frame-
work. Additionally, we analyze the computational overhead
to assess the efficiency and scalability of the proposed algo-
rithm. As shown in Figure 3, we conducted ablation exper-
iments in most environments by removing each module in-
dividually. The results demonstrate that removing any mod-
ule results in performance degradation, indicating that each
component contributes to the overall effectiveness of the al-
gorithm. This highlights that all modules play essential roles
across different scenarios, and their combined use is crucial
for achieving improved performance.
Sensitivity Analysis of Hyperparameters. In our method,
the KL divergence is computed as the true KL between the
new and old policy distributions and averaged over trajec-
tories. Instead of imposing an upper bound, we maintain
a lower bound to prevent the KL from collapsing to zero.
This value is tracked using an Exponential Moving Average
(EMA) with two hyperparameters: the KL bias and the up-
date rate β defined in Eqn. (12). To examine the algorithm’s
sensitivity to these hyperparameters, we test several repre-
sentative settings and analyze their effects on stability, con-
vergence, and sample efficiency.

Figure 4 summarizes the results across four
configurations—MARPO1 (0.05, 0.05), MARPO2 (0.08,
0.08), MARPO3 (0.10, 0.08), and MARPO4 (0.10, 0.01)—
where each pair denotes the KL bias and EMA update rate
used in the second, KL-guided clipping term, while the
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Figure 6: Win rate curves for the main experiments on SMACv2 environments. Shaded regions represent the standard deviation
across three random seeds. The X-axis denotes timesteps, and the Y-axis denotes win rate.

Env Name MAPPO HAPPO LDSA QMIX QPLEX MAT MARPO (Ours)

3m 99.2 ± 4.7 37.3 ± 8.7 99.6 ± 1.5 99.8 ± 0.8 5.7 ± 19.3 99.9 ± 0.6 100.0 ± 0.0 (✓)
3s5z 71.0 ± 1.7 68.1 ± 1.1(✓) 12.3 ± 0.7 34.9 ± 0.8 26.4 ± 3.0 79.7 ± 0.5 87.2 ± 0.4
2s vs 1sc 85.2 ± 13.5 0.0 ± 0.0 93.9 ± 9.5 61.4 ± 36.7 81.5 ± 15.5 10.3 ± 15.0 94.8 ± 4.2 (✓)
3s vs 4z 97.8 ± 7.5 14.4 ± 18.6 95.0 ± 6.5 75.8 ± 20.2 78.8 ± 22.8 94.4 ± 6.3 97.0 ± 3.2 (✓)
10m vs 11m 53.0 ± 4.7 57.6 ± 1.0 45.7 ± 2.6 65.2 ± 1.1 0.4 ± 0.0 43.2 ± 1.7 74.3 ± 1.2 (✓)
2c vs 64zg 97.3 ± 3.3 73.3 ± 16.9 87.0 ± 9.5 69.7 ± 32.3 35.1 ± 32.5 79.7 ± 12.3 97.4 ± 3.3 (✓)

Table 1: Performance comparison across 6 SMAC-Hard environments. The values represent the average performance over the
last 2 million steps. A check mark (✓) in parentheses indicates the highest value for the first 2.5 million steps. The values are
reported as mean ± standard deviation, with the variance represented as 10−2.

standard PPO-style ratio clipping threshold is kept fixed
across all runs. The curves are almost indistinguishable
across these configurations, indicating that once the KL-
based clipping is enabled, MARPO is fairly insensitive
to the precise choice of these two hyperparameters in our
tested range. This suggests that MARPO does not rely on
careful tuning of the KL-related clipping term for stable
performance, and a more exhaustive joint exploration of
both clipping mechanisms is left for future work.

5.4 Experiments on Google Football and
SMACv2

We evaluate MARPO on two cooperative multi-agent bench-
marks: Google Research Football (GRF) and SMACv2.
GRF features fast-paced, partially observable gameplay
that stresses real-time coordination among agents, while
SMACv2 introduces stochastic unit behaviors, delayed re-
wards, and non-stationary opponents, making it substan-
tially harder than the original SMAC and a good test of ro-
bustness.

On GRF, we focus on generalization and sample effi-
ciency. As shown in Figure 5, MARPO attains a clear early
performance lead over MAPPO across multiple scenarios,
indicating that the reflective mechanism helps extract useful
trajectory information more quickly and accelerates policy
adaptation. Throughout training, MARPO maintains stable
performance that remains competitive with MAPPO, sug-
gesting that the early gains do not come at the cost of insta-
bility. On SMACv2, we assess robustness under stochastic
and non-stationary dynamics. Figure 6 shows that MARPO
yields consistently higher win rates and more stable learn-

ing than MAPPO on a range of maps, and often converges
faster despite the increased task difficulty and noisy credit
assignment.

Taken together, the GRF and SMACv2 results show that
MARPO improves early-phase sample efficiency while pre-
serving strong robustness in challenging multi-agent envi-
ronments, supporting its effectiveness as a general-purpose
on-policy method for complex cooperative control in realis-
tic, large-scale, and highly non-stationary settings with di-
verse tasks, agents, difficulty levels, and evaluation scenar-
ios, where its reflective mechanism and adaptive clipping
strategy enable stable learning dynamics and reliable coor-
dination across heterogeneous benchmarks.

6 Conclusion
We propose Multi-Agent Reflective Policy Optimization
(MARPO), a framework that enhances sample efficiency
through a reflection mechanism and stabilizes training via
a KL-guided asymmetric clipping strategy. Experiments on
StarCraft II and Google Research Football demonstrate that
MARPO achieves competitive performance across diverse
settings and yields clear gains in highly stochastic, non-
stationary scenarios where optimization is more challeng-
ing. On relatively simple tasks, where MAPPO is already
strong, the improvements from reflection are understandably
less pronounced, but MARPO preserves comparable per-
formance while offering stable learning dynamics. Future
work includes exploring a broader range of hyperparame-
ters, further refining the reflection mechanism, and extend-
ing MARPO to complex, large-scale tasks to fully exploit its
advantages in challenging multi-agent environments.
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