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Abstract
In Partially Cooperative Markov Games (PCMG),
agents need to learn effective cooperation under
individual rewards, with the key challenge lies in
leveraging these rewards to enhance team benefits
optimally. Model aggregation (MA) is a promising
solution due to its simplicity and efficiency, yet it
suffers from instability caused by the volatility of
individual policies trained with individual rewards
and the non-asymptotic nature of aggregation up-
dates. To address these challenges, we propose
Two-Stage Model Aggregation (TSMA), a novel
multi-policy MA framework for multi-agent rein-
forcement learning (MARL) that leverages individ-
ual policies to enhance team cooperation. Specif-
ically, to enhance the stability and expressiveness
of individual policies, each TSMA agent trains two
individual policies (trained using the same indi-
vidual reward) with parameter-level variation and
combines them via adaptive weighted aggregation.
The aggregated individual policy is then integrated
with the team policy (trained using team reward),
with integration weights dynamically adjusted over
training. Additionally, L2 regularization is applied
during the data-driven training to align their param-
eter distributions across policies, mitigating insta-
bility from non-asymptotic aggregation. As a gen-
eral framework, TSMA is compatible with stan-
dard actor-critic MARL algorithms. We integrate
TSMA with MAPPO and MADDPG, and evalu-
ate them on challenging PettingZoo benchmarks,
demonstrating significant improvements in PCMG.
The code is available at: https://github.com/RL-
DLMU/TSMA.

1 Introduction
Multi-agent reinforcement learning (MARL) has succeeded
in fully cooperative scenarios [Liu et al., 2025; Li et al.,
2022]. However, in real-world settings with partial cooper-
ation, where agents must balance individual and team objec-
tives, such as football players striving to win as a team while
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showcasing individual performance, MARL cooperation can
be undermined by conflicts between these objectives.

Theoretically, using team rewards exclusively to train
MARL agents [Foerster et al., 2018; Rashid et al., 2020] can
enable cooperation in Partially Cooperative Markov Games
(PCMG). However, this fully cooperative setting faces en-
dogenous challenges in credit assignment and exploration,
especially when team rewards are sparse [Wang et al., 2022;
Xu et al., 2023; Li et al., 2024], making it nearly infeasi-
ble to train a cooperative policy. To mitigate these issues,
the effective use of individual rewards to guide the training
of cooperative policies emerges as a crucial and promising
direction in partially cooperative settings. Early works [Du-
rugkar et al., 2020; Ma et al., 2024; Chen et al., 2022] have
explored combining individual and team rewards to directly
incentivize cooperation, defining the PCMG as an indepen-
dent learning game (Fig. 1(a)). However, combining mul-
tiple rewards often necessitates a detailed understanding of
the specific research scenario, limiting the generalizability of
such methods. As a result, recent effort [Wang et al., 2022]
has sought to combine the strengths of individual and team
policies through policy distillation (PD) [Rusu et al., 2016;
Lai et al., 2020], as illustrated in Fig. 1(b), to facilitate train-
ing of team policies based on individual policies or vice
versa. However, PD is data driven and suffers from incom-
plete knowledge transfer, as it is constrained by its inabil-
ity to capture policy information outside the distribution of
the distillation data, limiting the efficiency of policy mutual
learning. These limitations highlight the need for more direct,
data-independent methods.

Unlike PD, model aggregation (MA) [Bourdais and
Owhadi, 2025; Li et al., 2025], offers a direct and ef-
fective approach to integrating multiple policies, and has
gained widespread application in fields such as federated
learning [Wang et al., 2020; Lee et al., 2023] and ensem-
ble learning [Chan and van der Schaar, 2022; Kotary et al.,
2023]. In reinforcement learning (RL), a notable example is
A3C [Mnih et al., 2016], which trains multiple policy mod-
els in parallel and uses MA to improve training efficiency and
policy generalization. However, MA still suffers from insta-
bility, mainly due to the volatility of individual policy models
as aggregation objects and the discontinuous parameter up-
dates during aggregation, both of which can cause significant
performance fluctuations or even severe degradation.
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Figure 1: (a) The policy of each agent is trained using a mixed reward, i.e., a weighted sum of the individual and team rewards. (b) Individual
and team policies are trained through individual and team rewards, respectively, and then aligned using policy distillation (PD). (c-ours) Align
the team policies with the assistance of individual policies by model aggregation.

To this end, this paper introduces Two-Stage Model
Aggregation (TSMA), as depicted in Fig. 1(c), a multi-policy
MA framework for MARL. TSMA leverages individual poli-
cies to guide optimal team policy learning in partially coop-
erative scenarios. It achieves objective consistency through
model aggregation, avoids the data dependency of knowl-
edge distillation, and improves learning efficiency by inte-
grating intermediate-layer knowledge. TSMA consists of two
adaptive aggregation stages. In the first stage, each agent
aggregates two individual policies trained on the same indi-
vidual reward using loss-based adaptive weights to enhance
expressiveness and stability. In the second stage, the aggre-
gated individual policy is further combined with the team pol-
icy trained on team rewards, where the aggregation weights
gradually decrease over training to enable smooth knowledge
transfer and effective team learning. To enhance individual
policy diversity, TSMA introduces parameter-level variation
in individual policies after aggregation, providing a broader
range of policy options for subsequent training. Additionally,
TSMA applies L2 regularization across all policy models to
mitigate instability caused by aggregation-induced abrupt pa-
rameter updates. The TSMA agent interacts with the environ-
ment via the team policy, making it a natural extension com-
patible with all Actor-Critic (AC)-based MARL algorithms.
To demonstrate its generality, we integrate TSMA into two
representative AC algorithms: MAPPO [Yu et al., 2022] and
MADDPG [Lowe et al., 2017]. These methods are selected
because they exemplify the on-policy and off-policy learn-
ing paradigms, respectively, providing complementary char-
acteristics in terms of sample efficiency and training stability.
We then evaluated TSMA-MAPPO and TSMA-MADDPG
on PCMG benchmarks, including the Multi-Agent Particle
Environment (MPE) [Mordatch and Abbeel, 2018] and the
Pursuit scenario of the Stanford Intelligent Systems Labo-
ratory (SISL) [Gupta et al., 2017] at PettingZoo. The re-
sults show that TSMA-MAPPO and TSMA-MADDPG out-
perform the state-of-the-art methods in cooperative perfor-
mance within PCMG while ensuring stable aggregation.

The contributions of this paper are summarized as follows:
(1) We introduce TSMA, a multipolicy MA framework for
MARL, designed to address cooperation challenges in par-
tially cooperative scenarios by guiding team policy learning
through individual policies. (2) TSMA is a versatile aggre-

gation framework compatible with all AC-based MARL al-
gorithms. We demonstrate its effectiveness by integrating
it into both on-policy (MAPPO) and off-policy (MADDPG)
based algorithms. (3)We provide a theoretical analysis of the
convergence of TSMA, and through extensive experiments in
partially cooperative scenarios, confirm its higher cooperative
efficiency over state-of-the-art baselines.

The paper is structured as follows. Sect. 2 reviews related
work. Sect. 3 introduces the PCMG model. Sect. 4 details
the TSMA framework and algorithm with qualitative analy-
sis. Sect. 5 presents experimental results and analysis. Fi-
nally, Sect. 6 provides the conclusion and future work.

2 Related Work
Mixed-reward cooperation methods. The mixed-reward
method incorporates individual rewards alongside team re-
wards, enabling it to train policies using a combination of
both in PCMG. For instance, Durugkar [Durugkar et al.,
2020] proposed a weighted combination of individual re-
wards and team rewards to promote effective learning of co-
operative policies. Some works directly incentivize cooper-
ative behavior through tailored rewards. ReLara [Ma et al.,
2024] introduces an auxiliary reward agent to automatically
learn dense reward functions, allowing the principal policy
agent to benefit from auxiliary and sparse team rewards. Sim-
ilarly, DCIR [Lin et al., 2023] rewards or penalizes agents
based on their behavioral consistency with others and em-
ploys a dynamic scale network to dynamically adjust reward
strength, allowing agents to flexibly modify their level of co-
operation based on environmental changes. Mixing multiple
rewards often relies heavily on expert experience to fine-tune
the weighting coefficients of multiple rewards. Additionally,
dimensional inconsistencies among rewards can complicate
direct weighting. Furthermore, the independent reinforce-
ment learning-based training paradigm used in these methods
may struggle with the non-stationarity problem.

Policy mutual learning methods. Mutual learning meth-
ods for policies focus primarily on designing loss functions
that ensure consistency between individual and team goals,
quantifying policy differences, and utilizing these to guide
policy optimization or achieve goal consistency between poli-
cies through shared loss functions. For example, IRAT [Wang
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et al., 2022] employs knowledge distillation to efficiently
align individual and team policies by applying differentiated
constraints. Similarly, TRP [Wang et al., 2024] predicts trun-
cated returns of historical trajectories and minimizes the pre-
diction error between current and historical policies, thus
achieving consistency in the value function between differ-
ent policies. D3C [Kwon et al., 2023], on the other hand,
adjusts each agent’s loss function by learning a set of shared
weights that combine individual losses into a modified ob-
jective, encouraging alignment with the global objective. Al-
though data-driven methods effectively ensure that cooper-
ative policies remain consistent with global goals, they are
inherently limited in extracting policy information beyond
the data distribution. This limitation restricts their ability to
achieve more efficient policy mutual learning.

Model aggregation methods. Model aggregation, a core
technique in federated learning [Wang et al., 2020; Karim-
ireddy et al., 2020], combines multiple client models trained
on their respective local datasets to produce a more accu-
rate and generalized global model while preserving data pri-
vacy and security. This technique has shown effectiveness
in RL, e.g., A3C [Mnih et al., 2016], which improves learn-
ing efficiency by training multiple agents in parallel environ-
ments and aggregating their models. Beyond efficiency, MA
is crucial in achieving objective consistency. AgA [Li et al.,
2025] aligns individual and team objectives by performing a
weighted aggregation of gradients from different policies to
generate a global gradient. Similarly, SPAHM [Yurochkin et
al., 2019] maps local model parameters to a unified param-
eter space through parameter matching and leverages MA to
minimize parameter distribution differences, ensuring stabil-
ity during learning. While some of these methods address
the stability issues in aggregation, they often suffer from high
training complexity. Additionally, they fail to account for the
prioritization of multiple models, which is critical in PCMG
scenarios, as policies trained for different objectives may con-
flict. In this work, we focus on leveraging individual poli-
cies to guide team policy learning while maintaining stability
throughout the aggregation process.

3 Preliminaries
The Partially Cooperative Markov Game (PCMG) can be for-
malized as a seven-tuple: < N ,S,A,P,O, γ,R >, where
N = {1, ..., n} is the set of agents, S is the global state space
of the environment and A is the action space for each agent.
The state transition function P describes the probability dis-
tribution of the environment changing from state s to next
state s′ given the joint action at = (a1,t, ..., an,t), ∀ai ∈ A.
O represents the partially observable state space and γ is the
discount factor. R is the reward function that comprises each
agent’s individual reward and the shared team reward based
on the current state and the joint action. At the time step t, all
agents execute a joint action at. The environment provides
each agent with two rewards for at, i.e., individual reward
ridvi,t and shared team reward rteamt .

In PCMG, each agent has two objectives, i.e., individual
and team objectives. The individual objective is to maximize
their discounted cumulative individual return, J idv

i (π) =

E[
∑∞

t=0 γ
tridvi,t ]. All agents cooperate to learn a joint pol-

icy simultaneously, to maximize the cumulative discount re-
turn for the entire team, J team

i (π) = E [
∑∞

t=0 γ
trteamt ]. In

PCMG, agents pursue individual objectives while also coop-
erating with others to achieve team objectives. However, dis-
crepancies in reward functions among agents create only par-
tial alignment of individual rewards, often leading to incom-
plete cooperation. This misalignment can cause the team ob-
jectives of the agents to converge to the local optimum rather
than the global optimum. In this paper, we address the chal-
lenge of balancing the conflict between individual and team
objectives in PCMG, aiming to maximize team benefit.

4 Method
To address the challenges of PCMG, we propose Two-Stage
Model Aggregation (TSMA), a multi-policy MA framework
for MARL that uses individual policies to guide the learning
of optimal team policy. Fig. 2 shows the learning process
of a TSMA agent, including data-based training and a two-
stage model aggregation. Within this framework, each agent
is equipped with a team actor for interaction with the envi-
ronment and two individual actors to guide the team policy.
Individual and team critics separately evaluate individual and
team returns, guiding the learning of the actors. TSMA, as a
universal framework, seamlessly integrates with all standard
AC algorithms. In this paper, we implement TSMA under the
CTDE architecture by integrating it with two representative
MARL backbones: the on-policy MAPPO and the off-policy
MADDPG, forming TSMA-MAPPO and TSMA-MADDPG
respectively. This section first details the TSMA aggregation
process, followed by the training details of TSMA-MARL
and the convergence analysis of the TSMA.

4.1 TSMA
In this section, we detail TSMA, which focuses on enabling
individual policies to promote effective learning of team poli-
cies through MA. The core challenge is addressing MA’s in-
stability, which arises from two main sources: the inherent
volatility of individual policy models and the non-asymptotic
nature of aggregation updates. Specifically, TSMA first
performs a weighted aggregation of two individual policies
(trained on the same individual reward). It then integrates the
aggregated individual policy with the team policy (trained in
team reward) using a structure-level MA approach, bypass-
ing data dependency in conventional policy distillation. To
further enhance individual policy diversity, TSMA introduces
parameter-level variation. Additionally, TSMA incorporates
L2 regularization to guide all policy parameters toward a con-
sistent norm space, mitigating the instability caused by the
non-asymptotic nature of the aggregation updates. Note that
reference [Dohare et al., 2024] provides precedents for the
use of variation injection and L2 regularization, demonstrat-
ing their theoretical foundation and effectiveness.

Aggregation of individual policies: Model aggregation
can efficiently transfer knowledge from individual to team
policies, but the instability of individual policies can lead to
fluctuations or degradation in team policy performance. This
issue arises because these individual policies, as foundational
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Figure 2: The upper panel illustrates the training and aggregation process of a TSMA agent, which includes two individual actors and one
team actor. After the data-driven training phase, TSMA’s two-stage aggregation first weights and combines individual policies, then performs
an adaptive merge between the resulting individual and team policies with injected variation. The lower panel shows how the aggregation
weights and variation factors are derived in TSMA.

guidance signals, directly influence team policy learning out-
comes. To mitigate this problem, we train two individual poli-
cies for each agent and use their aggregated results to guide
the team policy, enhancing the expressiveness and stability of
individual policies. Furthermore, to reduce the interference
that noise from low-quality policies might cause in the ag-
gregation results, we employ a weighted aggregation that dy-
namically assigns weights based on the loss of each individ-
ual policy, highlighting the contributions of high-quality poli-
cies and suppressing the interference from low-quality ones.
This ‘majority voting, retaining the best’ ensemble strategy
effectively improves the stability of policy aggregation.

θidv = w̄ · θidv,1 + (1− w̄) · θidv,2, (1)

where w̄ = exp(−L1)/(exp(−L1) + exp(−L2)) signifies
the aggregated weight between individual policies and Lj de-
notes the average loss value of the individual policy θidv,j

based on data-driven training.
Aggregation of individual and team policies: The core

of this study is to integrate individual and team policies for
each agent to help learn the more challenging team policy,
ultimately improving the efficiency of multi-agent coopera-
tion in PCMG. The approach of using individual policies to
guide the learning of team policies has been proven to be ef-
fective in IRAT [Wang et al., 2022], but the policy distillation
method used in IRAT is limited by data distribution and strug-
gles to achieve comprehensive policy transfer. To overcome
this limitation, we propose replacing the data-driven distil-
lation method with model aggregation. Model aggregation

not only offers higher efficiency, but also bypasses the depen-
dence on data. Integrates individual and team policies at the
structural level, thus supporting the learning of more com-
plex cooperative policies. To further improve the stability of
the aggregation process, we enable individual and team poli-
cies to leverage their respective strengths at different training
stages. Specifically, we introduce a weight annealing func-
tion ŵ(e) from MAPTF [Yang et al., 2021] to adjust the ag-
gregation ratio between individual and team policies, ensur-
ing that the importance of the team policy progressively in-
creases throughout the training process. This design retains
the rich exploratory signals provided by individual policies
during the early stages of training, while also ensuring that
team policies can effectively lead to cooperative behaviors in
later stages. The process of aggregating individual and team
policies can be formalized as:

θteam = ŵ(e) · θidv + (1− ŵ(e)) · θteam, (2)

Variation injection: Although different individual poli-
cies can effectively help to learn team policy models and help
escape local optima, applying the aggregated individual and
team policy model θteam directly to all individual policies
can lead to homogenization. To prevent this, we have intro-
duced a variation mechanism to ensure the diversity of indi-
vidual policies. Specifically, the aggregated model is updated
through two paths: one directly updates the team policy, and
the other updates the individual policies after variation injec-
tion. To enhance policy diversity while maintaining model
stability, the TSMA performs fine-grained variation control
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at the parameter level. For individual policy models with the
same structure, TSMA adjusts the variation magnitude based
on the variance of corresponding parameters in each agent’s
individual policies. Parameters with higher variance, indi-
cating greater behavioral differences between individual poli-
cies, will undergo larger variations to explore a wider solution
space. In contrast, parameters with lower variance, which ex-
hibit stability across different policies, will receive smaller
variations to maintain model stability. Ultimately, the param-
eters of each individual policy model follow the distribution:

{θidv,j}j∈{1,2} ∼ N (θteam, β · std(θidv,1, θidv,2)). (3)

L2 regularization: The non-asymptotic nature of aggre-
gation updates means that significant discrepancies between
the parameter distributions of the policies to be aggregated
can cause the resulting parameters to deviate from the origi-
nal distribution characteristics when directly applying aggre-
gation. Such deviations may cause the parameters to fall into
ineffective regions of the parameter space, ultimately causing
a sharp decline in policy performance[Dohare et al., 2024].
This phenomenon fundamentally arises from the lack of a
unified metric in the parameter space, where different policies
may reside in entirely different scales or distributional forms.
To effectively address this issue, we apply L2 regularization
to force all aggregated policy parameters to contract toward a
common canonical space. This alleviates inconsistencies and
ensures that the aggregated policy retains the core features of
the original. We incorporate L2 regularization penalties into
the loss functions of both individual and team policies.

4.2 Implement TSMA into MARL
As mentioned above, TSMA is a universal framework com-
patible with all standard AC algorithms. To comprehen-
sively evaluate its compatibility across different learning
paradigms, this paper selects MAPPO and MADDPG as
backbones, which are representative on-policy and off-policy
methods, respectively, producing the TSMA-MAPPO and
TSMA-MADDPG algorithms. Within the CTDE framework,
both TSMA-MAPPO and TSMA-MADDPG employ individ-
ual critics {φidv

i }i∈N and a team critic φteam to estimate
individual and team objectives based on individual rewards
{ridvi }i∈N and the shared team reward rteam. In practice, we
share the parameters of the individual critics across all agents
to enhance training efficiency. Each agent is equipped with
three actors, including two individual actors parameterized by
{θidv,1i , θidv,2i } and a team actor θteami , where the team actor
is responsible for interacting with the environment and sam-
pling data. The individual and team actors’ policies are eval-
uated by their corresponding critics. In TSMA-MADDPG,
both critics and actors are additionally associated with their
respective target networks to stabilize training.

The TSMA training process for MARL algorithms consists
of two stages: the data-based training stage and the model
aggregation stage, as described in Sect. 4.1. During the data-
based training phase, the individual and team critics, together
with the actors of each agent, are updated following the stan-
dard training paradigms of the underlying algorithms (e.g.,
MAPPO or MADDPG), utilizing trajectory data collected

through the interaction of the team policies with the environ-
ment. As detailed in Sect. 4.1, to ensure stability during the
model aggregation stage, L2 regularization is applied to the
loss functions of individual and team actors. This regulariza-
tion effectively constrains the parameters of the aggregation
model within a consistent distribution space. The actor’s loss
function for each agent is defined as follows:

L(θi) = LMARL(θi) + λ ∥θi∥22 , (4)

where θi ∈ {θidv,1i , θidv,2i , θteami }, i ∈ N , λ is the hyperpa-
rameter that controls regularization intensity, and ∥θ∥22 is the
L2 norm square of the parameter.

4.3 Convergence Analysis
This study adopts the FedAvg convergence analysis frame-
work [Li et al., 2020], as both methods share the fundamental
mechanics of multiple local updates, then central aggregation.

Let J(θ) denote the objective function, and assume it is L-
smooth. Under stochastic gradient descent with step size ηt,
the expected improvement per iteration satisfies

E[J(θt+1)] ≤ E[J(θt)]− ηtE∥∇J(θt)∥2

+
Lη2t
2

E∥gt −∇J(θt)∥2,
(5)

where gt is the stochastic gradient. The term E∥gt −
∇J(θt)∥2 captures the variance due to client sampling and
local drift. By invoking bounded variance assumptions and
gradient deviation bounds from FedAvg, it can be shown that

E∥gt −∇J(θt)∥2 ≤ C1σ
2 + C2O(η2t ). (6)

Substituting this bound leads to

E[J(θt+1)] ≤ E[J(θt)]− ηE∥∇J(θt)∥2 + η2 ·O(η2). (7)

Since J(θ) is bounded below, E[J(θ0) − J(θT )] is finite.
Therefore, for a fixed learning rate η:

lim
T→∞

sup
1

T

T−1∑
t=0

E∥∇J(θt)∥2 ≤ O(η), (8)

implying convergence to an O(η)-neighborhood of a station-
ary point. By decaying η appropriately, the algorithm can
asymptotically approach an exact stationary point.

Parameter Value

TSMA

L2 weight w 0.01
Variation weight coefficients β 0.0001
Weight annealing coefficient µ -0.0005
Weight annealing start episode κ 3500
Threshold Tth 0.5

MAPPO
GAE λ 0.95
Actor/Critic learning rates αθ, αφ 1e-3, 1e-3
PPO clip ε 0.2

MADDPG
Actor/Critic learning rates αθ, αφ 1e-4, 1e-3
Buffer size 1e5
Batch size 256

Table 1: Main hyperparameters of TSMA-MARL
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(a) Predator-Prey (b) Spread (c) Attack (d) Pursuit

Figure 3: Learning curves of comparison methods in the four partial cooperative scenarios, plotted based on five training runs using different
random seeds, with smoothing applied every 600 episodes.

(a) Predator-Prey (b) Spread (c) Attack (d) Pursuit

Figure 4: Analysis of the impact from variation injection degree on TSMA-MAPPO in four scenarios. The curves are plotted based on five
training runs with different random seeds, where 200 episodes are averaged after every 800 episodes interval.

5 Experiment
TSMA is a general framework applicable to different MARL
algorithms, as evidenced by its integration with both MAPPO
and MADDPG in the main comparative experiments. For
ablation and sensitivity studies, we use MAPPO as the rep-
resentative backbone to focus on analyzing TSMA’s inter-
nal mechanisms. In this section, we conduct experiments to
answer the following questions: RQ1: Can TSMA-MARL
enable efficient teamwork in partial cooperation scenarios?
RQ2: How does the degree of variation injection affect the
performance of TSMA-MAPPO? RQ3: How do different
components (i.e., L2 regularization, variation injection, mul-
tiple individual policies, and weight annealing function) af-
fect TSMA? RQ4: How do individual policy counts and coef-
ficient weighting of variation affect TSMA? RQ5: How does
TSMA-MARL perform as the number of agents scales up?

5.1 Experiment Settings
This section will introduce the experiment’s scenario setting
and comparison methods.

Scenario Setting: To evaluate the team cooperation capa-
bility of TSMA-MAPPO and TSMA-MADDPG in partially
cooperative scenarios, we conduct experiments across four
challenging environments: Predator-Prey, Spread, and At-

tack from the MPE, and the Pursuit task from the SISL suite.
These environments feature a hybrid reward structure, requir-
ing agents to balance individual gains (e.g., distance-based
rewards) with sparse, high-value team rewards that are only
triggered upon successful team coordination.

Compared Methods: We evaluated TSMA-MAPPO and
TSMA-MADDPG against six RL baselines grouped by re-
ward design: independent learning with individual rewards
(IPPO [Schulman et al., 2017]), cooperative learning with
team rewards (MAPPO [Yu et al., 2022], HAPPO [Kuba et
al., 2022]), and hybrid approaches combining both (RS [Du-
rugkar et al., 2020], IRAT [Wang et al., 2022], AgA [Li et
al., 2025]). To fairly compare the algorithms, we use the
same network architecture and hyperparameters (summarized
in Tab. 1). Notably, Tth = 0 is optimal in the Pursuit scenario
due to individual-team policy conflicts, and this value is used
in all experiments except the comparative study.

5.2 Experiment Results
Comparison with SOTA methods (RQ1): Fig. 3 shows
that TSMA-MAPPO and TSMA-MADDPG achieve the best
cooperative performance across all four partially cooperative
tasks, with TSMA-MADDPG exhibiting superior data effi-
ciency in ‘Predator-Prey’ and ‘Attack’. Performance swings
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(a) Ablation comparison

(b) Hyperparameter (c and β) comparison

Figure 5: Performance comparisons of TSMA-MAPPO ablations
and hyperparameter studies in Predator-Prey, averaged over the last
200 episodes across five seeds.

of TSMA-MAPPO in Predator–Prey, possibly related to vari-
ation, prompted further experiments in RQ2. Among base-
lines, IRAT yields suboptimal cooperation as data limitations
restrict individual-team policy mutual learning. IPPO, RS,
and AgA deliver strong individual performance but fail in
team cooperation: IPPO is limited by individual rewards,
RS suffers from fixed reward weighting that causes optimiza-
tion interference, and AgA’s fixed-ratio gradient aggregation
lacks task-driven adaptation, hindering effective collective
behavior despite strong individual performance. MAPPO and
HAPPO fail to learn cooperation due to sparse team rewards.

Impact analysis of variation injection degree (RQ2):
We hypothesize that TSMA-MAPPO’s performance fluctu-
ations in Predator-Prey are caused by variation injection. To
verify this, we analyze the correlation between the degree of
variation (measured by individual model parameter variance)
and algorithm performance. Fig. 4 shows a clear positive
correlation between performance fluctuations and parameter
variation magnitude after the initial training phase (dashed
line). This confirms variation’s key role: insufficient varia-
tion limits diversity and traps models in suboptimal solutions,
while moderate variation aids in escaping local optima.

Ablation study (RQ3): We conduct ablation studies on
TSMA components in the Predator-Prey scenario (Fig. 5(a)).
We analyze four variants of TSMA-MAPPO: removing L2
regularization (-L2), variation injection (-V), the multiple in-
dividual policies(-MP), or weight annealing (-WD). The re-
sults confirm each component’s critical role. Both -V and
-MP suffer from insufficient policy diversity, leading to sub-
optimal cooperation. The absence of L2 regularization causes
parameter divergence and model collapse, while fixed weight
aggregation in -WD impedes the dynamic knowledge transfer
required across training, hindering team policy learning.

Figure 6: Learning curves of comparison methods in Pursuit-large,
plotted based on five training runs using different random seeds, with
smoothing applied every 600 episodes.

Hyperparameter analysis study (RQ4): We present a
sensitivity analysis of two TSMA hyperparameters, the num-
ber of individual policies c and the variation intensity β, using
the Predator-Prey scenario (Fig. 5(b)). The left panel reveals
that maintaining two or three individual policies yields opti-
mal performance. A single policy provides insufficient infor-
mation for optimizing team policies, while too many policies
degrade performance due to inefficiencies; thus, we set c = 2
as the default. The right panel indicates that the optimal vari-
ation weight is β = 0.0001, as lower values have negligible
effect while higher values disrupt cooperation.

Scalability study (RQ5): To verify scalability, we test our
methods on an extended Pursuit-large environment with 30
pursuers, 50 evaders, a 40x40 map, and a 100-step episode
limit. As shown in Fig. 6, TSMA-MADDPG and TSMA-
MAPPO maintain optimal performance at scale. TSMA-
MADDPG’s data efficiency becomes more advantageous
with more evaders. Both methods achieve the best team coop-
eration despite lower individual rewards, showing robustness
to individual-team objective conflicts. IRAT performs poorly
due to limited exploration under short episodes, while AgA is
omitted due to prohibitive computational cost at this scale.

6 Conclusion
To promote cooperation in partial cooperative multiagent sce-
narios, we introduce TSMA, a multipolicy model aggregation
framework for MARL. TSMA aligns individual and team ob-
jectives, allowing individual policies to actively support team
policy optimization and promoting efficient cooperation. As a
versatile framework compatible with standard AC algorithms,
we implement it with MAPPO and MADDPG to cover both
on-policy and off-policy paradigms, thus developing TSMA-
MAPPO and TSMA-MADDPG. Experimental results in var-
ious scenarios in the MPE and the SISL Pursuit scenario
demonstrate that TSMA-MARL significantly enhances team
cooperation in partial cooperative scenarios.

Despite notable progress in enhancing algorithm diversity
via variation and multi-policy training, the method still suf-
fers from training fluctuation and high computational cost,
leaving room for further optimization. Future work will re-
fine the variation mechanism to improve stability while pre-
serving policy diversity. Another promising direction is to
adaptively adjust the number of individual policy models, so
as to efficiently utilize limited policies, lower training costs,
and build a more effective MARL framework.
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