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Abstract: Traditional multi-agent reinforcement learning (MARL) algorithms typically
implement global parameter sharing across various types of heterogeneous agents without
meticulously differentiating between different action semantics. This approach results in
the action semantic conflict problem, which decreases the generalization ability of policy
networks across heterogeneous types of agents and decreases the cooperation among agents
in intricate scenarios. Conversely, completely independent agent parameters significantly
escalate computational costs and training complexity. To address these challenges, we in-
troduce an adaptive MARL algorithm named Generalized Action-Prediction Optimization
(GAPO). First, we introduce the Generalized Action Space (GAS), which represents the
union of all agent actions with distinct semantics. All agents first compute their unified
representation in the GAS, and then generate their heterogeneous action policies with
different available action masks. Second, in order to further improve cooperation between
heterogeneous groups, we propose a Cross-Group Prediction (CGP) loss, which adap-
tively predicts the action policies of other groups by leveraging trajectory information. We
integrate the GAPO into both value-based and policy-based MARL algorithms, giving
rise to two practical algorithms: G-QMIX and G-MAPPO. Experimental results obtained
within the SMAC, MPE, MAMuJoCo, and RPE environments demonstrate the superiority
of G-QMIX and G-MAPPO over several state-of-the-art MARL methods, validating the
effectiveness of our proposed adaptive generalized MARL approach.

Keywords: physically heterogeneous multi-agent reinforcement learning; cooperative
multi-agent reinforcement learning; action semantics; generalization across action semantics

1. Introduction
Studies on multi-agent system (MAS) and multi-agent reinforcement learning (MARL)

have been remarkably expanding [1–4] and have been applied to solve complex problems in
the industry, such as traffic management of autonomous drones [5], multi-agent air combat [6],
power control in wireless networks [7], battery-swapping systems for Unmanned Ground
Vehicles (UGVs) [8], resource allocation problems [9,10], portfolio management [11], dialogue
state tracking [12], and the traffic light control problem [13]. Previous deep MARL algorithms
have achieved impressive results in cooperative MARL environments [2,14].

Heterogeneous MAS is very common in real-world scenarios [15–19], such as wireless
network accessibility problems [20], heterogeneous LLM agents for financial sentiment
analysis [21] and multi-agent robotic systems [22,23]. Traditionally, the heterogeneity of
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MAS can be categorized into two classes: physical (or morphological) and behavioral [24–26].
Physical heterogeneity denotes the difference of MAS components in hardware, physical
constraints, or characteristics, indicating their different capabilities and goals. On the other
hand, behavioral heterogeneity denotes the difference of MAS components in software,
behavioral models, or dynamics. In [27], the authors give a formal definition of physical
heterogeneity from the perspective of local transition function and ideal action object. Previous
mainstream approaches use policy-based actor-critic algorithms to solve the physically
heterogeneous MARL problem simply with various individual agent policies [28,29].

As described in [30], the term action semantics describes the property that agent actions
have different influences towards other entities. The authors then divide the agent action
set A into two subsets: Ain and Aout. Ain includes the actions that only affect the environ-
ment or the acting agent itself. On the contrary, Aout consists of the actions that directly
influence other agents or enemies. In this paper, we divide Aout into two sub-groups
concerning their different action objects. Furthermore, we point out that the existence of
different action semantics results in physical heterogeneity since different action semantics
indicate different ideal action objects (IOs). The term action semantic conflict means that the
action probability generated by the network is unable to distinguish the different action
semantics in physically heterogeneous MAS, which is raised in MARL methods that involve
a parameter-sharing structure. For instance, if the shared network cannot choose proper
Ain or Aout actions for heterogeneous types of agents, it is obvious that the network tends
to fail in the cooperative MARL problems.

Theoretically, the independent learning methods with non-parameter-sharing architec-
ture, like HAPPO, are capable of naturally avoiding the action semantic conflict problem,
because each agent only responds to their own action space. However, in cooperative
MARL problems, parameter sharing is typically necessary for better cooperation among
agents. Global parameter sharing is a common and efficient implementation method in
both value-based and policy-based MARL algorithms, such as [31,32]. It is one of the
simplest and most powerful ways to fulfill a cooperative and scalable MARL algorithm.
In [28], the authors point out that global parameter sharing may lead to exponentially bad
local optimal policy. In this paper, we further conclude that global parameter-sharing may
also lead to extremely bad local optimality in the physically heterogeneous MARL problem
without properly handling action semantic conflict. However, as demonstrated in [33],
homophily is necessary for cooperative MAS to achieve a better joint cooperating policy.
For example, in human teamwork cooperation, good collaboration is more likely achieved
through a “tacit” joint action policy. Therefore, the best way to deal with this dilemma is to
realize a proper global parameter-sharing structure capable of attaining good cooperation
and learning efficiency while avoiding bad local optimality.

In this paper, in order to solve the action semantic conflict while also maintaining a
suitable parameter-sharing structure for physically heterogeneous MARL problems, we
propose the Generalized Action-Prediction Optimization (GAPO) method. First, we give an
example to prove that global parameter sharing may lead to extremely bad local optimality
in the physically heterogeneous MARL problem without properly handling the action
semantic conflict, which provides the necessity and motivation of our research. Second, we
introduce the Generalized Action Space (GAS), which is the union set of all agent actions
with different action semantics. Heterogeneous agents can be distinguished through differ-
ent available action masks (AMs). All agents first calculate their unified representation in
the GAS, and then generate their heterogeneous action policies using different AMs. Third,
in order to further improve the training of GAS parameters and the cooperation between
heterogeneous groups, we introduce a Cross-Group Prediction (CGP) loss to predict other
groups’ action policies with their own group’s trajectory information. Finally, we combine



Appl. Sci. 2025, 15, 2580 3 of 28

the GAPO with a policy-based algorithm (MAPPO, [32]) and a value-based algorithm
(QMIX, [31]) as implementing examples to prove the effectiveness and universality of our
GAPO method. G-MAPPO and G-QMIX successfully leverage the advantages of parameter
sharing while also avoiding the action semantic conflict and reaching a high winning rate
(WR). In this paper, we conduct experiments mainly in the Starcraft Multi-Agent Challenges
(SMAC) environment [34], which is a popular yet powerful research environment. Results in
the SMAC environment prove the effectiveness of the two proposed algorithms compared
with several state-of-the-art MARL methods. Several validating tests are conducted in the
Multi-agent Particle Environments (MPE) [35–39], the Multi-Agent MuJoCo (MAMuJoCo)
environment [40], and the Resource Preemption Environment (RPE) [41] to study the ef-
fectiveness of our algorithm in other types of heterogeneous environments. The main
contributions of our paper are as follows:

• To the best of our knowledge, we are the first to point out the impact of action semantic
conflict under the global parameter-sharing constraint and propose a theoretical
analysis of the impact.

• We propose the GAPO method to solve the action semantic conflict and propose two
practical algorithms, G-MAPPO and G-QMIX.

• We conduct comparison and ablation experiments in the SMAC environment and
conduct validating tests in the MPE, MAMuJoCo, and RPE environments to prove the
effectiveness of the GAPO method and G-MAPPO and G-QMIX algorithms.

The rest of the content is as follows. We summarize some related works in Section 2; we
give the definitions and the example of the action semantic conflict under a bad parameter-
sharing structure in Section 3; we provide details about the GAPO methods and the G-MAPPO
and G-QMIX algorithms in Section 4; we present detailed environmental design and discuss
results of our experiments in Section 5; and finally, we draw some conclusions in Section 6.

2. Related Works
2.1. Multi-Agent Reinforcement Learning and Heterogeneity

The centralized training with decentralized execution (CTDE) paradigm [42–44], which
requests agents not to use state S during execution, has become one of the most successful
MARL paradigms in the SMAC environment.

For policy-based methods, a simple implementation of CTDE is the “centralized
critic and decentralized actor” (CCDA) structure. The state S is only available for the
critic network during the centralized training phase. COMA [45] uses a counter-factual
baseline for learning a better policy. MAPPO [32] directly implements the CCDA structure
with a global critic and a shared actor. HAPPO [28] introduces the “multi-agent advantage
decomposition” (MAAD) lemma and designs a sequential executing and updating structure
for the independent actors. MAT [46] further develops the HAPPO by replacing the
backbone of HAPPO with the Transformer-style network structure, and naturally uses the
auto-regressive decoder as the sequential actor.

For value-based methods, the mainstream is the value factorization method, whose
goal is to learn a centralized and factorized joint action–value function Qtot and the factor-
ization structure Qtot → Qi. In order to factorize Qtot and use the argmax policy of Qi to
select actions, Individual-Global-Max (IGM) consistency [47] is required.

QMIX [31] dramatically enriches the embedding ability of the network with the use of
a monotonic constraint. RODE [48] and ROMA [49] are role-based algorithms. In general,
several key hyper-parameters define the clustering and usage of role policies. Therefore,
the performance of ROMA and RODE highly depends on searching for the optimal hyper-
parameters, not to mention that the default training step of ROMA is 20M time-steps.



Appl. Sci. 2025, 15, 2580 4 of 28

UNMAS [50] proposes the self-weighting mixing network and the individual action–value
networks to adapt to the changes in agent numbers and action space.

Traditionally, the study of heterogeneity in MARL is insufficient, because heteroge-
neous MARL has been considered as a special case of homogeneous MARL. HAPPO lacks
specific analysis and sufficient experiments to analyze the effect of heterogeneity. Its succes-
sors, MAT and HASAC [51], only modify the network structure and optimizing methods
and still lack the study of heterogeneity. SHPPO [52] uses a latent network to learn embed-
ding variables for heterogeneous decision making. In the other field of MAS, FedMRL [53]
develops a novel federated multi-agent deep reinforcement learning framework to address
data heterogeneity for medical imaging. HeR-DRL [54] uses a customized heterogeneous
Graph Neural Network (GNN) to capture the pair-wise interaction relationships within the
robot-crowd and then optimizes the overall network with a DQN-style DRL method.

Recently, HetGPPO [24] conducts a taxonomical study on heterogeneity classifica-
tion, and introduces a graph neural network heterogeneous agent-wise communication.
GHQ [27] gives a formal definition of the local transition heterogeneity, which is equal to
the physical heterogeneity, and uses a grouping method and hybrid value factorization
structure to learn grouped Q functions for choosing actions.

2.2. Global Parameter Sharing and Action Semantic Conflict

The global parameter-sharing mechanism is a common implementation widely used
in MARL. If all agents are homogeneous, their policy or Q networks can be trained more
efficiently with less computing complexity by adopting parameter sharing [31,32]. In
order to deal with heterogeneous agents, in the SMAC environment, many algorithms
introduce extra information to identify agent ID or agent type. The advantage of global
parameter sharing is quite obvious. Since all agents use a shared network to choose action,
the scalability problem does not affect the network structure and could be easier to solve. In
general, cooperation requires necessary similarity and has been proved in [33].

However, the combination of action semantic conflict and global parameter sharing is
harmful to the overall training of MARL algorithms. In HAPPO [28], the authors prove
that global parameter sharing may lead to exponentially bad local optimal policy in an
XOR-style situation. Therefore, HAPPO uses independent actor networks to choose actions.
ASN [30] enables parameter sharing between different sub-modules of the network in
the same homogeneous agent group, which avoids the action semantic conflict. CDS [55]
introduces diversity into the optimization and representation of QMIX to overcome the
shortage of global parameter sharing. ASN [30] analyzes different actions’ influence on
other agents and uses different sub-networks to capture the difference of action semantics.
Kaleidoscope [56] uses soft threshold reparameterization and policy diversity regularization
to learn an adaptive partial parameter-sharing structure.

3. Definition and Motivation
In this section, our goal is to prove the influence of action semantic conflict under

global parameter-sharing constraint in MARL. First, we introduce fundamental concepts
and definitions in Section 3.1. Next, we give a possible example of a bad joint action policy
under parameter sharing without distinguishing different action semantics.

3.1. Preliminaries

In this paper, we study the physical heterogeneous cooperative MARL problems
using the decentralized partially observable Markov decision process (Dec-POMDP) [57]
scheme. The problem is described with a tuple G = ⟨S, A, O; P, Ω, R; γ, N, K, T⟩.
N = {1, . . . , ni, . . . , n} denotes the finite set of n agents, K = {1, . . . , ki, . . . , k} denotes
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the finite set of k agent groups, and γ ∈ [0, 1) is the reward discounting factor. s ∈ S
denotes the true state of the environment with complete information and is not accessible
for decentralized components. At each time-step t ≤ T, agent i ∈ N, from group ki ∈ K,
receives an individual partial observation ot

i from the environment and chooses an action
at

i ∈ Ai from its local available action set Ai. Ai is masked from the global action set A
with agent’s local available action mask AMi. Actions of all agents form a joint action
at = (at

1, . . . , at
n) ∈ A = (A1, . . . , An) at every time-step. The environment receives the joint

action at and returns the next state st+1 according to the transition function P(st+1|st, at)

and a reward rt according to the global reward function R(s, at). All local observations
ot

1, . . . , ot
n are generated from the state st according to the observation function Ω(st, i), and

form the joint observation ot = (ot
1, . . . , ot

n) ∈ O. Observation action trajectory history
τt

i = ∪t
1{(o

t−1
i , at−1

i )} (t ≥ 1; τ0 = o0) is the summary of the partial transition tuples of
agent i before time-step t. Specifically, τi indicates the overall trajectory of agent i across all
time-steps t ≤ T. Replay buffer D = ∪(τ, s, r) stores all data for batch sampling. Network
parameters are notated with θ, ϕ and ψ.

3.2. Limitation of Global Parameter-Sharing Methods with Action Semantic Conflict

As mentioned in [28,38], adopting parameter sharing among all agents is equivalent
to adding a constraint θi = θj, ∀i, j ∈ N to the joint policy space. Here, we point out that
utilizing parameter sharing without properly handling the action semantic conflict can lead
to a sub-optimal solution.

Proposition 1. Consider a fully cooperative physically heterogeneous MARL problem under the
global parameter-sharing constraint θi = θj, ∀i, j ∈ N. Let there be two groups of agents, marked
as G0 and G1. Both groups have N agents. The actual action space of G0 is A0 = {a0, . . . , am},
while the actual action space of G1 is A1 = {a0, . . . , am, . . . , an}. The action dims of the two groups
follow |an| > |am| ≥ N. The reward function is defined as:

r =

{
1 (∀ nid, aid = nid, simultaneously)

0 (else)
. (1)

Let J∗ be the optimal joint reward, and J∗θ be the optimal joint reward under the parameter-
sharing constraint. Then, we have:

J∗

J∗θ
=

1

( θr
N )2N

,

0 <
θr

N
< 1 .

(2)

Proof of Proposition 1. Suppose the joint action policy distribution under the global
parameter-sharing constraint is {θ0, . . . , θm, . . . , θn} for all 2N agents in both groups, where
θm indicates the parameterized probability of action am. It is obvious that J∗ = 1, for we can
let the joint policy be the deterministic policy that all agents with their ID i ≤ N from both
groups choose the same action ai. For Jθ , because it is required to simultaneously fulfill
aid = nid, the expected reward is:

Jθ =
N

∏
m=0

θ2
m . (3)

To maximize Jθ , since θm > 0 and N > 0, we can equivalently maximize (∏N
m=0 θm)1/N .

According to the arithmetic–geometric means inequality, we have:

(
N

∏
m=0

θm)
1/N ≤ 1

N

N

∑
m=0

θm , (4)
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where the equality holds if and only if ∀m, n ≤ N, θm = θn. Because |an| > |am| ≥ N, we
have ∑N

m=0 θm ≤ 1. Let θr = ∑N
m=0 θm, and ∀m ∈ N, θm = θr/N and ∀m /∈ N, θm = 0. Then,

we have:

Jθ ≤ J∗θ =
N

∏
m=0

(
θr

N
)2 = (

θr

N
)2N , (5)

which is exactly the result.

Through this example, we prove that parameter sharing can lead to an exponentially
bad sub-optimal result as the number of agents increases. The action semantic conflict
happens in the constrained probabilities {θ0, . . . , θm}. When agents from G0 intend to
maximize the optimal probabilities {θ0, . . . , θm}, the agents from G1 drag down the shared
probabilities and therefore prevent the MAS from reaching the global optimality. In ad-
dition, it can be inferred that increasing θr helps to improve J∗θ . However, according to
the heterogeneity constraint and the parameter-sharing constraint, the maximum of θr is

∑
|am |
i=0 θi, which is still smaller than 1.

3.3. Relation Between Action Semantics and Physical Heterogeneity

In this paper, we divide the original agent action set A into three subsets: As, Aa

and Ae. As indicates sel f actions that only affect the agent itself, i.e., moving actions. Aa

indicates ally actions that only affect the ally agents, i.e., healing actions. Ae indicates
enemy actions that only affect the enemy entities, i.e., attacking actions.

This classification method follows the different action semantics mentioned in [30],
and further distinguishes different action objects. Considering the definition of physical
heterogeneity provided in [27], the different ideal action objects (IOs) is sufficient to determine
and analyze the heterogeneity.

Therefore, the difference in agents’ action semantics results in physical heterogeneity.
Additionally, it is beneficial to utilize the different action semantics for better cooperative
policy learning in physically heterogeneous MARL problems.

4. Method
In order to solve the action semantic conflict in physically heterogeneous MARL

problems while also maintaining a suitable parameter-sharing structure, we propose the
Generalized Action-Prediction Optimization (GAPO) method. GAPO consists of two major
parts: the Generalized Action Space (GAS) and the Cross-Group Prediction (CGP) loss.

4.1. Generalized Action Space

As analyzed in Section 3.2, adopting global parameter sharing in physically hetero-
geneous MARL problems without proper structure can lead to harmful sub-optimality.
Therefore, we introduce the Generalized Action Space as a solution.

Definition 1. Generalized Action Space (GAS): For all agents i ∈ N, divide their local available
action set Ai into three sets with different action semantics: As, Aa and Ae. Then, the union set of
the three sets of actions forms the Generalized Action Space AU = As ∪ Aa ∪ Ae.

It is obvious that the GAS is a superset to the original action space AU ⊇ A, as the
original set is not forced to discriminate different action semantics. If some action semantics in
the environment vary between the aforementioned three types over time-steps or states, it is
required to define proper “mate-actions” for clearly distinguishing the different action semantics.
Because the IO is a certain type at any certain time-step for a specific agent, such definitions of
meta-actions are executable and can construct a similar GAS that fulfills our requirements.
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As analyzed in Section 3.3, in physically heterogeneous MARL problems, different
action semantics determine physical heterogeneity and can be used to divide agents into dif-
ferent groups following the IOG requirement [27]. Furthermore, different action semantics
can be identified through different available action masks (AMs) defined on the GAS. For
example, in SMAC, Marine is an attacking unit whose action semantics include moving and
attacking enemies. As a result, the AMmar only includes two subsets, AU ⊙ AMmar = As ∪ Ae.
On the other hand, Medivac is a supporting unit whose action semantics include moving
and healing allies. Therefore, the AMmed is only available for AU ⊙ AMmed = As ∪ Aa. We
point out that the ⊙ operator indicates the masking-policy operation. Figure 1 illustrates the
usage of GAS and the different action semantics.

𝐴𝑠 𝐴𝑎 𝐴𝑒
Generalized

 Action Space
⨀𝐴𝑀𝑚𝑎𝑟

𝐴𝑠 𝐴𝑒
Marine

Action Space

𝐴𝑠 𝐴𝑎
Medivac

Action Space

⨀𝐴𝑀𝑚𝑒𝑑

Figure 1. An illustration of the usage of GAS.

Introducing the GAS allows us to apply global parameter sharing while also avoiding
the limitation of action semantic conflict. Considering the example in Section 3.2, let us
suppose that the GAS is AU = {a0, . . . , an, a′0, . . . , a′m}. Then, the GAS policy distribution
becomes θU = {θ0, . . . , θn, θ′0, . . . , θ′m} for all agents. For generating group-specific policy,
we need to mask the GAS distribution into group policy distributions: θG0 = θU ⊙ AMG0 =

{θ̂0
′
, . . . , ˆθm

′} and θG1 = θU ⊙ AMG1 = {θ̂0, . . . , θ̂n}. Because the mask operation re-

normalizes group policies, we have ∑
|G0|
m=0

ˆθm
′
= 1 and ∑

|G1|
m=0

ˆθm = 1. Consequently,
the policies of the two groups become independent and we can implement the same
deterministic global optimal joint policy as J∗ requires without restriction. As a result,
the J∗θ with the usage of the GAS and AM becomes 1, which is equivalent to the global
maximum J∗.

4.2. Cross-Group Prediction Loss

In a multi-agent system (MAS), a cooperative joint policy is usually approached
by maximizing the mutual information between agents. However, calculating mutual
information must be taken between two groups and the overall computational complexity
is proportional to the combination number of two groups out of K groups Ω(C2

K).
Introducing the GAS provides another available way to learn a cooperative policy,

which is learning an agent’s policy while also predicting other agents’ policies. “Learning
with predicting” is a natural way for humans to practice and perform cooperation, and is
useful to develop tacit team policy. Instead of directly optimizing the mutual information
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between the trajectories τi and τj, following the “learning with predicting” scheme, we
introduce the Cross-Group Prediction loss (CGP loss).

The core innovation is the predictive available action mask AMpred. Since the action
policy is generated through the masking operation θi = θU ⊙ AMi, we can generate the
action policy of other physically heterogeneous agents by applying their mask to the
agent’s GAS policy: θ

pred
i = θ̂U ⊙ AMpred

i . Specifically, we add an independent network

branch ψi using the trajectory of the agent τi to calculate the θ̂U and the θ
pred
i . A common

implementing method for encoding trajectory is to use the hidden state of the gated recurrent
unit (GRU) [58] hi. Because the GRU takes ot

i and at
i as the input recursively for all time-

steps t, we assume that hi can appropriately represent τi. The prediction process can
be considered as simulating the θj of another heterogeneous agent j with the θ

pred
i of

agent i. The process is capable of enhancing the mutual information between θj and θ
pred
i

and therefore the mutual information between τj and τi, which is proved to improve the
cooperation between groups [27].

Due to the different agent numbers in heterogeneous groups, for convenience of
implementation, we calculate the mean value of θ

pred
i and θi for each group. For an agent

group k, θ
pred
k is the mean value across all agents in k, while θk is the mean value of all

agents that are not in group k. Finally, since the GAS guarantees the capability of achieving
the global optimality under the parameter-sharing constraint, the CGP loss is calculated by
the mean squared error (MSE) loss between θ

pred
k and θk for all agents and groups with the

network parameter ψ = (ψ1, . . . , ψn), and is written as:

LCGP(θ
pred
ψ |h) = ED,K(θ

pred
k − θk)

2 , (6)

where ED,K means to sample a batch of tuples (τ, s, r) from replay buffer D and calculate
expectation across the batch, and then calculate the mean values for all groups K. For nota-
tional convenience, we also use ED,K for PPO-style on-policy methods without distinction.
In that case, the replay buffer D only consists of the present episode.

Similarly, for value-based algorithms, since the action policy is usually calculated by
the argmax of Q values, the CGP loss is calculated by the MSE loss between Qpred

k and Qk

for all agents and groups, and is written as:

LCGP(Q
pred
ψ |h) = ED,K(Q

pred
k − Qk)

2 . (7)

4.3. Practical Algorithms: G-MAPPO and G-QMIX

In this section, we design a policy-based algorithm G-MAPPO and a value-based
algorithm G-QMIX as examples to prove the effectiveness of our GAPO method with the
GAS module and the CGP loss. As mentioned in Section 3.1, the different parts of network
parameters are notated with θ, ϕ, and ψ. The bold fonts of θ, ϕ, and ψ indicate the usage of
global parameter sharing in the GAS optimization.

4.3.1. G-MAPPO

In order to implement the GAS based on policy-based methods, we combine the GAS
with the MAPPO [32] to form the G-MAPPO algorithm. The detailed network structure is
illustrated in Figure 2, and a pseudo-code is given in Algorithm 1.
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𝐴𝑀𝑎𝑐𝑡

𝐴𝑀𝑖𝑛𝑣

GRU

Hidden

Output MLP

MLP

⨀

⨀

PPO Loss

Global

Critic

𝑆

𝑂𝑚

𝑉(𝑠)𝜋𝑢𝑛𝑖

𝜋𝑢𝑛𝑖 𝜋𝑎𝑐𝑡

𝜋𝑝𝑟𝑒𝑑

MLP

𝐴𝑀𝑖𝑛𝑣

𝐴𝑀𝑎𝑐𝑡

⨀

⨀
𝑂𝑛

𝜋𝑢𝑛𝑖

𝜋𝑢𝑛𝑖

𝜋𝑝𝑟𝑒𝑑

𝜋𝑎𝑐𝑡GRU

Hidden

Output MLP

MLP

MLP

G0-Actor

G1-Actor

CGP 

Loss

Generalized Action Space

Gradient

Data Detach

CGP 

Loss

Figure 2. An overall framework of G-MAPPO. The overall network consists of three parts: actor
network θ, predictor network ψ and critic network ϕ. The actor network θ and the predictor network
ψ are shared by all agents. They take their corresponding inputs and generate the GAS policies
πuni. Then, the πuni are masked by different available action masks AM to generate the joint action
policy πθ and the joint prediction policy θ

pred
ψ separately. The critic network ϕ is a global network to

compute the global value function Vϕ(s) during training.

The overall network consists of three different sub-networks: the actor network
θ(a|τ) = (θ1(a1|τ1), . . . , θn(an|τn)), the predictor network ψ(θpred|h) = (ψ1(θ

pred
1 |h1), . . . ,

ψn(θ
pred
n |hn)) and the critic network ϕ(V|s). These parameters are responsible for the joint

action policy πθ = (πθ1 , . . . , πθn), the joint prediction policy θ
pred
ψ = (θ

pred
ψ1

, . . . , θ
pred
ψn

) and
the global value function Vϕ(s), respectively.

Following the implementation of MAPPO, the actor πθ is shared by all agents and is
optimized following the loss function (8). It receives the current observation ot, the last
action at−1, and the last GRU hidden state ht−1 to calculate the next action at. Due to the
analysis in Section 4.2, we notate the observation-action trajectory as τt = (ot, at−1, ht−1).
The critic Vϕ is a mapping function S → R, and is centrally trained following the loss

function (9). The additional predictor module θ
pred
ψ is also shared by all agents for generating

the prediction policy and is optimized following the CGP loss function (6).

L(πθ) = ED [min(
πθ(a|τ)

πθold(a|τ) Aπθ
(s, a),

clip(
πθ(a|τ)

πθold(a|τ) , 1 ± ϵp)Aπθ
(s, a))]

+ λEED [S(πθ(τ))] .

(8)

L(Vϕ) = ED [max((Vϕ(s)− R̂)2,

((clip(Vϕ(s), Vϕold
(s)± ϵv))− R̂)2)] .

(9)

LG−MAPPO = L(πθ) + λVL(Vϕ) + λIL(θ
pred
ψ ) . (10)

The overall loss function of G-MAPPO is (10). The clip operator indicates clipping the
value of the first variable to fit in the threshold interval determined by the second function with
the hyper-parameter ϵp or ϵv. Aπθ

(s, a) is the advantage value computed with the GAE [59]
method. S(πθ(τ)) is the policy entropy. R̂ is the discounted reward-to-go. λE, λV, and λI are
the coefficients responsible for the entropy loss, value loss, and CGP loss, respectively.
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Algorithm 1 G-MAPPO
Input: Learning rate α, loss weights λV and λI , number of groups K, number of agents N,
max total time-steps TTOT , max episodic time-steps TEP, ppo-update times U.
Initialize: Network parameters θ, ϕ, and ψ, total running time-step tTOT = 0.

1: while tTOT ≤ TTOT do
2: Set episode step t = 0, receive initial state and observation (s0, o0) from the

environment.
3: Initialize episodic replay buffer D = {}
4: while t ≤ TEP and not terminated do
5: Choose joint action at using actor network θ.
6: Interact with the environment using at and receive reward rt, is_terminated and

next state and observation (st+1, ot+1).
7: Collect a transition tuple at t and update the replay buffer D = D ∪ {(τt, st, rt)}.
8: t = t + 1.
9: end while

10: Set ppo-update counter u = 0.
11: while u ≤ U do
12: Calculate global value Vϕ and advantage Aπθ

using critic network ϕ.

13: Calculate joint prediction policy θ
pred
ψ .

14: Calculate L(πθ) following (8).
15: Calculate L(Vϕ) following (9).

16: Calculate L(θpred
ψ ) following (6).

17: Calculate total loss LG−MAPPO following (10) and update θ, ϕ, and ψ.
18: u = u + 1.
19: end while
20: tTOT = tTOT + t.
21: end while

4.3.2. G-QMIX

Similar to the G-MAPPO, we combine the GAS with the QMIX [31] to form the
G-QMIX algorithm. The network structure is referred to in Figure 3, and the pseudo-code
of G-QMIX is given in Algorithm 2.

G0

𝐴𝑀𝑎𝑐𝑡

𝐴𝑀𝑖𝑛𝑣

GRU

Hidden

Output MLP

MLP

⨀

⨀

TD Loss
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Network
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Loss
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Loss

Gradient
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Figure 3. An overall framework of G-QMIX. The overall network consists of two parts: Q network θ

and predictor network ψ. The Q network includes the local Q network θi and the mixing network
θM. The local Q network θi and the predictor network ψ are shared by all agents. They take their
corresponding inputs and generate the GAS Q values Quni. Then, the Quni are masked by different
available action masks AM to generate different Q values for calculating different losses. The mixing
network θM is a global network to compute the Qtot during training.

In general, there are two parts of sub-networks optimized with different losses. The
Q network includes the local Q network θi(Q|τ) = (θ1(Q1|τ1), . . . , θn(Qn|τn)) and the
mixing network θM(Qi, s). The predictor network is symbolized with ψ(Qpred|h) =

(ψ1(Q
pred
1 |h1), . . . , ψn(Q

pred
n |hn)).
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The local Q network θi is shared by all agents. It uses the current observation ot
i , the last

action at−1
i and the last GRU hidden state ht−1

i to calculate the next Q value Qt
θi

. Similarly,

we notate the observation-action trajectory as τt
i = (ot

i , at−1
i , ht−1

i ). Mixing network θM is
a global network for value factorization. It takes all local [Qθi ] as input, and mixes with
the state s to produce the Qtot. The loss of θ is calculated following (11), where the Qtgt

tot
is the target Q value calculated by the target Q network θtgt. Predictor network ψ is used
to compute Qpred

ψ and is optimized by the CGP loss function (7). The total loss function
of G-QMIX is written as (12). Similar to (10), the λI is the coefficient hyper-parameter
responsible for the CGP loss.

L(Qθ) = ED [(yθ − Qtot(τ, s; θ))2] ,

yθ = r + γ max
a′

Qtgt
tot (τ

′, s′; θtgt) ,
(11)

LG−QMIX = L(Qθ) + λIL(Q
pred
ψ ) . (12)

Algorithm 2 G-QMIX
Input: Learning rate α, loss weight λI , number of groups K, number of agents N, max total
time-steps TTOT , max episodic time-steps TEP, batch size B.
Initialize: Network parameters θ and ψ, replay buffer D = {}, total running time-step
tTOT = 0.

1: while tTOT ≤ TTOT do
2: Set episode step t = 0, receive initial state and observation (s0, o0) from the

environment.
3: while t ≤ TEP and not terminated do
4: Choose joint action at using agent network θi.
5: Interact with the environment using at and receive reward rt, is_terminated and

next state and observation (st+1, ot+1).
6: Collect a transition tuple at t and update the replay buffer D = D ∪ {(τt, st, rt)}.
7: t = t + 1.
8: end while
9: Sample a random batch of B episodes from D.

10: Calculate Qtot using mixing network θM.
11: Calculate joint predictive Q value Qpred

ψ .
12: Calculate L(Qθ) following (11).
13: Calculate L(Qpred

ψ ) following (7).
14: Calculate total loss LG−QMIX following (12) and update θ and ψ.
15: tTOT = tTOT + t.
16: end while

4.3.3. Summary of Hyper-Parameters

Commonly, we choose Adam [60] as the optimizer. The maximum time-steps of one
episode is set to be 200. The reward discounting factor γ is 0.99. We use the latest version
4.10 of the StarcraftII game on the Linux platform to perform experiments.

For the G-MAPPO method, the learning rate is 5 × 10−4 and the total number of
training steps is 10M. We set the threshold interval to be ϵp = ϵv = 0.2, and the loss
coefficients to be λE = 0.01, λV = 1 and λI = 0.8. Table 1 summarizes the G-MAPPO
hyper-parameters mentioned above.
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Table 1. The hyper-parameters of G-MAPPO.

Hyper_Parameters Value Hyper_Parameters Value

learning rate 5 × 10−4 training step 10 M
ϵp 0.2 ϵv 0.2
λE 0.01 λV 1
λI 0.8

For G-QMIX, the learning rate is 3 × 10−4 and the total number of training steps is 5 M.
The learning rate is scheduled to decay by multiplying the factor 0.5 every 50,000 episodes
(about 2 M–3.5 M steps on average). The ϵ of the ϵ − greedy action selecting policy starts
at 1.0, ends at 0.05 and linearly declines for 50,000 steps. The size of the memory buffer
D is 5000 and the batch size is 32. The CGP loss coefficient is set to be λI = 0.06. Table 2
summarizes the G-QMIX hyper-parameters mentioned above.

Table 2. The hyper-parameters of G-QMIX.

Hyper_Parameters Value Hyper_Parameters Value

learning rate 3 × 10−4 training step 5 M
lr_decay factor 0.5 ϵ 1.0 → 0.05

λI 0.06

5. Experiments and Results
5.1. Experimental Details
5.1.1. Main Experiments in the SMAC Environment

The SMAC environment is a multi-agent real-time tactical micromanagement game.
The basic mission scenario is that two adversarial MASs fight against each other. The goal
is to train a MARL algorithm to defeat enemy agents controlled by the internal script of
the SMAC environment. The algorithm requires learning tactics and skills for choosing the
best action response while utilizing the properties of different agents.

Our experimental environments are shown in Figure 4. We use five maps mentioned
in [27] and the MMM2 map from the original map set to conduct our experiments. Detailed
map information can be seen in Table 3. As we have introduced in Sections 3.3 and 4.1, the
Marine is an attacking unit and its action space consists of As and Ae, while the Medivac is
a supporting unit and its action space consists of As and Aa.

(A) SMAC (B) MPE

Target-G0

Target-G1

Target-G2

Agent-G0
Agent-G1

Agent-G2

Figure 4. The example figure of experimental environments. (A) is the SMAC map 12m4m_30m.
(B) is the MPE scenario large_spread_v1, red arrows point out the target and agents for every group.
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Table 3. Asymmetric heterogeneous SMAC maps.

Map Name Ally_ Ally_ Enemy_ DifficultyMarines Medivacs Marines

6m2m_15m 6 2 15 Easy
6m2m_16m 6 2 16 Medium
8m3m_21m 8 3 21 Medium
8m4m_23m 8 4 23 Hard

12m4m_30m 12 4 30 Ex-Hard
The name XmYm_Zm means that the map consists of X ally marines, Y ally medivacs, and Z enemy marines.

For all agents, the dim of self action |As| is 6. Action ID 0 is the null action, only
available for dead agents. Action ID 1 is the stop action, and IDs {2, 3, 4, 5} are moving
actions, indicating moving up, down, left, and right. The self actions As are available for
all agents. The dim of ally action |Aa| equals the number of allies, while the dim of enemy
action |Ae| equals the number of enemies.

We use the default global reward function of the SMAC environment. Agents are
rewarded when dealing damage to enemies, killing enemies, and winning the game. The
damage reward equals the absolute damage value dealt to the enemies. The killing reward is
a constant 10 for every enemy kill. And the winning reward is a constant 200 given at the
terminal time-step if the agents defeat the enemies.

We use the traditional winning rate (WR) as the measuring criterion. WR is the
probability of MARL agents eliminating all enemies and winning the game, and we use
the average value of WR over 32 testing episodes for every 10,000 training steps (about
1000 training episodes). We take five rounds of individual experiments with different
random seeds. Then, the curves of WR changing over time are plotted with the p-value
being 0.05 and the confidence intervals being 95%.

5.1.2. Validating Tests in the MPE, MAMuJoCo, and RPE Environments

In the MPE validating tests, the goal of scenario large_spread is to control agents of
different groups to approach their different goals. The goals are the small circles indicated
by red arrows in Figure 4B, and the agents from the same group are marked with the same
colors. We conduct experiments in two scenarios, large_spread_v1 and large_spread_v2.
There are five agents in each group for all three groups in large_spread_v1, and there are
ten agents in each group for all three groups in large_spread_v2. In general, the agent
actions are five discrete numbers indicating stop, moving up, down, left and right, and the
agents and goals are stochastically initialized at different positions at the start of every
episode. More detailed information can be found in [35,38]. We turn off the collision
punishment and all agents share the same global reward, which is calculated with the sum
of distances of all agents towards their respective goals. The overall training steps are 2M
for value-based methods and 5M for policy-based methods. The “steps-of-an-episode” is
50 for all tests. We use the return as the measuring criterion. The average value of return
over 32 testing episodes for every 10,000 training steps is used for plotting. We take four
rounds of individual tests with different random seeds.

MAMuJoCo extends the well-known MuJoCo physics-based simulation environment
to support multiple agents for MARL studies. We choose G-MAPPO and MAPPO to run
experiments in Hal f Cheetah − 2 × 3 and Walker − 6 × 1 scenarios. In the Hal f Cheetah −
2 × 3 scenario, there are a total of six agents. The six agents are divided into two groups
with three agents each. Similarly, in the Walker − 6× 1 scenario, there are six agents in total,
divided into six groups with one agent each. Each agent has its own observation space.
The observations typically include information about the agent’s own state, such as joint
angles, joint velocities, and body positions. The action space for each agent consists of a set
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of real-number motor commands that can be used to control the body. These commands
can adjust the torque applied to each joint, enabling agents to move their legs, torso, and
other body parts. Rewards are proportional to the forward distance of the body. More
detailed information can be accessed in [40]. The overall training steps total 10M for the
two methods. The “steps-of-an-episode” is 200 for all tests. We also use the average value
of return over 32 testing episodes for every 5000 training steps for measuring. Three rounds
of individual tests are taken with different random seeds. The curves of return changing
over time are plotted with the p-value being 0.05 and the confidence intervals being 95%.

The Resource Preemption Environment (RPE) [41] is designed to simulate real-world
manufacturing scenarios where resources are limited and job scheduling is complex. It is a
crucial part of the research on solving job scheduling problems in a resource-constrained
environment. In the RPE, multiple robots share a common pool of resources for operation
processing. For example, in the automobile vice-frame processing case, there are eighteen
robot sites, and some of them share the same pool of resources. Each resource can only
be used by one robot at a time. When a job is processing an operation using a particular
resource, that resource is unavailable to other robots until the job releases it. This char-
acteristic reflects the resource-limited nature of real-world manufacturing systems. The
operation sequence and the initial resource distribution can change when different batches
of jobs are processed. This variability mimics the dynamic nature of real-world manufac-
turing environments, where job requirements and resource availability can change over
time. The total time for a job to complete an operation consists of the operation processing
time, the robot transition time, and the waiting time. For instance, in automobile vice-frame
processing, different operations have different processing times, and the time taken for a
robot to move between different sites and the time a job has to wait for an available robot
also contribute to the overall time. This makes the scheduling problem more challenging, as
the scheduler needs to optimize all these time components to minimize the total makespan.
In our experiments, we set the number of jobs to 6 or 8, considered as 6 or 8 agents. At each
time-step, agents choose a certain operation and a certain site to perform the operation if
available. There are eighteen operational sites and three exit sites in total. More detailed
information can be accessed in [41]. The overall training steps total 30M for the G-QMIX
and MASA-QMIX [41] methods. The “steps-of-an-episode” is 200 for all tests. We also
use the average value of evaluating averaged makespan over 16 testing episodes for every
5000 training steps for measuring. Three rounds of individual tests are taken with different
random seeds. The curves of evaluating averaged makespan changing over time are plotted
with the p-value being 0.05 and the confidence intervals being 95%.

5.2. Comparison Algorithms

For policy-based algorithm comparison against the G-MAPPO, we choose COMA [45],
MAPPO [32], HAPPO [28], MAT [46], and HetGPPO [24] as baselines. For value-based al-
gorithm comparison against G-QMIX, vanilla QMIX [31], ROMA [49], RODE [48], CDS [55],
ASN [30], UNMAS [50] and GHQ [27] are used to conduct experiments.

In general, all of the aforementioned policy-based algorithms, except HetGPPO, are
actor–critic algorithms using the “centralized critic decentralized actor” (CCDA) architec-
ture, which means that the state s is only available for the critic network to estimate a proper
value function V(s), and the actor network is only capable of using the observation-action
trajectory τ to generate the policy function π(a|τ). COMA and MAPPO use a shared actor
network for all agents across heterogeneous agent types. HAPPO uses independent actor
network parameters and proposes a theoretically monotonic policy-improving architecture
with a sequential decision-making scheme. MAT further modifies the network architecture
of HAPPO into the Transformer style, and considers the MARL problem as a sequential
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decision-making problem to solve. On the contrary, HetGPPO is based on the independent
PPO (IPPO) [61] using the “decentralized training decentralized execution” (DTDE) archi-
tecture. HetGPPO uses different parameters for different groups, and each group contains
a translation-invariant message-passing Graph Neural Network for aggregating messages
from other groups.

QMIX is a fundamental value-based MARL algorithm. Its introduction of the mono-
tonic value factorization architecture has been proven to be powerful yet efficient in the
SMAC environment. RODE and ROMA are both role-based algorithms, which learn and
apply role policies end to end. The default number of training steps of ROMA is 20M, and
thus, it generally performs badly within our 5 M training step restriction. In RODE, several
key hyper-parameters define the generation and usage of role policies, which require ex-
tra fine-tuning and restrict the performance of RODE. CDS introduces diversity into the
optimization and representation of QMIX to overcome the shortage of global parameter
sharing. ASN considers the action semantics of different agents and divides the network
to represent and leverage the semantics. UNMAS is capable of adapting to changes in the
number and size of MAS with the self-weighting mixing network. GHQ divides agents
into different groups using the IOG method and optimizes the networks of these groups
with hybrid factorization and IGMI loss.

Generally, due to the discrete action space for both SMAC and MPE, value-based
algorithms perform better than policy-based algorithms [27,31,32,62], which means that
value-based methods usually require fewer training steps to achieve similar WR or return
than policy-based methods. Therefore, for a fair comparison and better performance, the
number of training steps for policy-based algorithms is 10 M for SMAC and 5 M for MPE.

5.3. Comparison Results

The results of value-based algorithms are shown in Section 5.3.1, Figure 5, and Table 4.
The results of policy-based algorithms are shown in Section 5.3.2, Figure 6, and Table 5. The
figures show the WR curves changing over time and the tables show the final WR values
followed by the standard deviations. The results are averaged across five individual tests.

We criticize the performance of all algorithms from three aspects, and the analysis is
given below. Generally, all comparison algorithms are not specifically modified to deal with
the action semantic conflict under global parameter-sharing constraint in heterogeneous
MARL problems; therefore, they fail to achieve high WR with small variance.
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Figure 5. Results of the training curves of comparison of value-based algorithms.
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Table 4. Results of comparison of value-based algorithms.

Map Name G-QMIX QMIX GHQ ROMA RODE CDS ASN UNMAS

MMM2 0.99(0.03) 0.85(0.35) 0.85(0.35) 0.09(0.18) 1.00(0.01) 0.85(0.06) 0.61(0.44) 0.62(0.44)
6m2m_15m 0.88(0.13) 0.68(0.31) 0.74(0.27) 0.18(0.21) 0.86(0.09) 0.30(0.12) 0.46(0.48) 0.41(0.40)
6m2m_16m 0.58(0.14) 0.33(0.23) 0.55(0.22) 0.02(0.03) 0.18(0.20) 0.08(0.08) 0.23(0.20) 0.14(0.16)
8m3m_21m 0.84(0.13) 0.30(0.24) 0.66(0.28) 0.04(0.06) 0.16(0.25) 0.21(0.37) 0.23(0.21) 0.14(0.13)
8m4m_23m 0.81(0.12) 0.13(0.20) 0.54(0.25) 0.00(0.00) 0.02(0.04) 0.07(0.11) 0.02(0.03) 0.02(0.02)
12m4m_30m 0.60(0.15) 0.02(0.04) 0.40(0.27) 0.00(0.00) 0.01(0.01) 0.00(0.00) 0.02(0.02) 0.00(0.00)

The bold fonts indicate the best results.
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Figure 6. Results of the training curves of comparison of policy-based algorithms.

Table 5. Results of comparison of policy-based algorithms.

Map Name G-MAPPO MAPPO HAPPO MAT HetGPPO COMA

MMM2 0.85(0.09) 0.93(0.02) 0.11(0.13) 0.02(0.03) 0.60(0.45) 0.00(0.00)
6m2m_15m 0.85(0.04) 0.47(0.38) 0.29(0.20) 0.76(0.09) 0.52(0.32) 0.00(0.00)
6m2m_16m 0.85(0.12) 0.19(0.33) 0.00(0.00) 0.35(0.11) 0.48(0.28) 0.00(0.00)
8m3m_21m 0.83(0.00) 0.38(0.24) 0.41(0.12) 0.12(0.12) 0.36(0.33) 0.07(0.01)
8m4m_23m 0.74(0.15) 0.31(0.20) 0.09(0.11) 0.00(0.00) 0.28(0.35) 0.00(0.00)

12m4m_30m 0.41(0.09) 0.02(0.05) 0.00(0.00) 0.00(0.00) 0.08(0.23) 0.00(0.00)

The bold fonts indicate the best results.

5.3.1. Results of Comparison of Value-Based Algorithms

(1) Easy: We test all algorithms on the original asymmetric heterogeneous map MMM2. The
results are shown in Figure 5a. G-QMIX and RODE converge to 1.0 at about 3M steps. The
WR curve of RODE increases faster than G-QMIX before 2 M steps but suffers from high
variance. QMIX and GHQ converge to about 0.8 at 2 M steps. CDS also converges to 0.8
but requires 5M training steps. The WR curve of ASN and UNMAS can only converge to
0.5 with high variance. ROMA is only capable of acquiring 0.1 at 5M training steps.

(2) Medium: We scale up ally units and increase enemy units for balancing. In Figure 5b–e,
the number of “Marines + Medivacs” increases from “6 + 2” to “8 + 3” and “8 + 4”, while
the number of enemy Marines increases from 15 to 23. As concluded in [27], the power
of 1 Medivac is roughly equal to 3.5 Marines. Therefore, the duels in these four maps are
basically fair and the total amount of entities in the maps is also not too high.

Comparing the results in Figure 5a,b, it is easy to figure out that the difficulty of these
two maps is similar, since all algorithms can acquire similar performance on these two
maps. In Figure 5b, G-QMIX reaches the best WR of 0.9, and RODE reaches the second best
WR of 0.8, with a lower rate of increase QMIX, ASN, UNMAS, and CDS end with about
0.6, 0.45, 0.4, and 0.3, respectively. In the first 2M steps, GHQ grows faster than all other
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algorithms, but converges at WR 0.7 at about 3M steps. ROMA fails to learn effective policy
in Figure 5b.

In Figure 5c, the increased 1 enemy Marine dramatically decreases the WR of all
algorithms. Only G-QMIX and GHQ are capable of reaching the WR 0.5. QMIX, RODE,
ASN, and UNMAS end with a WR of about 0.3, 0.14, 0.15, and 0.13 separately. ROMA
and CDS are both unable to learn any effective policy. In Figure 5d, we scale up allies
with 1 Medivac and 2 Marines, and increase to 5 enemy Marines for balancing. After
5 M training steps, G-QMIX ends with WR 0.8 with relatively low variance. GHQ attains
WR 0.6 with high variance. None of the other algorithms can reach a WR higher than
0.25. Similarly, in Figure 5e, G-QMIX ends with WR 0.8 with low variance, while GHQ
can only reach WR 0.5 with high variance. Still, none of the other algorithms can reach
a WR higher than 0.1. The above results significantly prove the effectiveness of G-QMIX
against other baseline value-based methods in small-scale and medium-scale asymmetric
heterogeneous SMAC maps. We point out that GHQ is a group parameter-sharing method
in which only the agents from the same group share parameters. Such an implementation
naturally avoids the combination of action semantic conflict with global parameter sharing,
and therefore achieves good performance against other baseline algorithms. Furthermore,
G-QMIX applies global parameter sharing while distinguishing different action semantics,
which brings better convergence speed and better scalability.

(3) Hard: We double all units of both sides simultaneously. In Figure 5b,f, the number of
all entities is doubled. Theoretically, the optimal policies of maps in Figure 5b,f are similar
using the “divide and conquer” method. However, most of the baseline algorithms fail
to deal with the complex combination of scalability and heterogeneity. On the one hand,
as we have analyzed before, G-QMIX, RODE, GHQ, and QMIX can achieve a WR greater
than 0.5 with relatively low variance in Figure 5b. Nevertheless, on the other hand, only
G-QMIX and GHQ are capable of achieving significant WR in Figure 5f. G-QMIX not only
wins GHQ with higher WR and lower variance, but also reaches WR 0.6, which is very close
to its performance in Figure 5b. This result indicates the superiority of G-QMIX in dealing
with heterogeneous scalability problems thanks to the introduction of GAPO methods.

In summary, G-QMIX outperforms other baseline algorithms with higher WR and
lower variance because G-QMIX increases the cooperation between agents and solves the
action semantic conflict problem. Due to the higher computing speed of the CGP loss
against the IGMI loss, G-QMIX performs better than GHQ with faster convergence speed
and a better-converged result.

5.3.2. Results of Comparison of Policy-Based Algorithms

(1) Easy: We test all algorithms on the original asymmetric heterogeneous map MMM2.
In Figure 6a, G-MAPPO and MAPPO converged to WR 0.9 at about 7M training steps.
COMA acquires a little WR before the first 3M steps and then fails to learn effective policy.
HetGPPO reaches WR 0.6 with the largest variance. HAPPO reaches WR 0.1 at the end of
training, while MAT fails to learn any policy.

(2) Medium: We scale up ally units and increase enemy units for balancing. In Figure 6b–e,
G-MAPPO impressively outperforms all other baseline methods with high WR and low
variance. MAT becomes the second method in Figure 6b,c, but still fails in Figure 6d,e,
indicating that the sequential decision-making architecture requires modification in hetero-
geneous and large-scale MARL problems. MAPPO is capable of acquiring a WR of 0.2 to
0.4 with a relatively large variance. HAPPO completely fails in Figure 6c but has similar
performance with MAPPO in Figure 6b,d,e. The performance of HetGPPO is unstable,
which may be caused by the DTDE scheme. In Figure 6b, HetGPPO performs worse than
MAPPO and HAPPO. In Figure 6c, HetGPPO performs better than MAPPO and MAT but
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still worse than G-MAPPO. In Figure 6d, HetGPPO is close to MAPPO and HAPPO. In
Figure 6e, HetGPPO converged to local optimality with a large variance. COMA fails on all
of the four maps.

(3) Hard: We double all units of both sides simultaneously. Although most of the baseline
algorithms achieve good performance in Figure 6b, only G-MAPPO can reach WR 0.4
with low variance. As we have mentioned before, Figure 6f is the most complex and an
extremely hard map that combines the complexity of heterogeneity and scalability. The
outstanding performance of G-MAPPO indicates the effectiveness of the GAS and CGP
loss. The WR of HetGPPO is still unstable with large variance.

In summary, G-MAPPO outperforms other baseline algorithms, also because G-
MAPPO increases the cooperation between agents and solves the action semantic conflict
problem. G-MAPPO increases the cooperation of agents better than MAPPO and HetGPPO
with the help of CGP loss and the GAS architecture.

5.3.3. Statistical Tests of G-QMIX and G-MAPPO

We use the data in Tables 4 and 5 to conduct independent t-tests of G-QMIX against
other value-based algorithms, and G-MAPPO against other policy-based algorithms to
prove the significance of our results. We use Scipy to generate the normal distributions
using the means and standard deviations from the tables with the size being 500, and then
run the independent t-tests. The results of t-tests are shown in Table 6. The t-statistics
are shown in the table with the p-values following. We only conduct t-tests in MMM2,
6m2m_15m, and 6m2m_16m, because the results on the other three maps are significant
enough in Figures 5 and 6.

Table 6. Results of independent t-tests of G-QMIX and G-MAPPO against other algorithms.

Map Name QMIX GHQ CDS ASN MAPPO HAPPO HetGPPO

MMM2 25.0(0.000) 24.8(0.000) 560.0(0.000) 46.9(0.000) −215.4(0.000) 861.0(0.000) 28.2(0.000)
6m2m_15m 44.8(0.000) 41.0(0.000) 289.0(0.000) 39.3(0.000) 59.7(0.000) 304.9(0.000) 73.4(0.000)
6m2m_16m 97.1(0.000) 12.3(0.000) 551.5(0.000) 171.4(0.000) 135.2(0.000) 1294.2(0.000) 101.7(0.000)

It is clear that all p-values in Table 6 are smaller than 0.05, indicating the significance
of our results. The only negative t-statistic is that of G-MAPPO against MAPPO in MMM2,
which is proved in Table 5. All of the other t-statistics are positive, indicating the superior
performance of G-QMIX and G-MAPPO against their baseline algorithms.

To better present the confidence intervals, we draw a boxplot with the confidence
intervals being 95% in Figure 7. We use all results of all algorithms in MMM2 to draw the
plot with the confidence intervals marked with red lines. The boxplot clearly shows that
the GAPO methods perform better than comparison baselines with higher mean values
and smaller variances.

G-QMIX

(b) value-based

Te
st

 W
R

QMIX GHQ ROMA RODE CDS ASN UNMAS

(a) policy-based

Te
st

 W
R

G-MAPPO MAPPO HAPPO MAT HetGPPO COMA

Figure 7. Boxplot of all comparison algorithms in MMM2.

Additionally, we use the last four WR values of each algorithm from the three tests with
different random seeds to conduct the One-way Analysis of Variance (One-way ANOVA) tests
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of G-QMIX against other value-based algorithms, and G-MAPPO against other policy-based
algorithms to further prove the significance of our results. The results of One-way ANOVA
tests are shown in Table 7. The F-statistics are shown in the table with the p-values following.

It can be observed that only the p-values of G-QMIX against QMIX and ASN are
greater than 0.05, indicating that the two paired algorithms have no significant difference in
their means. All of the other compared groups have p-values smaller than 0.05, indicating
a significant improvement brought by the GAPO method.

Table 7. Results of One-way ANOVA tests of G-QMIX and G-MAPPO against other algorithms.

Map Name QMIX GHQ CDS ASN MAPPO HAPPO HetGPPO

MMM2 1.3(0.254) 1.3(0.262) 18.4(0.000) 3.6(0.071) 10.2(0.003) 311.4(0.000) 6.3(0.017)
6m2m_15m 11.9(0.002) 6.3(0.019) 29.1(0.000) 7.1(0.014) 25.3(0.000) 88.6(0.000) 46.6(0.000)
6m2m_16m 9.1(0.006) 5.3(0.030) 103.1(0.000) 28.4(0.000) 32.1(0.000) 801.4(0.000) 178.7(0.000)

5.3.4. Computational Cost of G-QMIX and G-MAPPO

Due to the complexity of multi-threaded environments, it is difficult to theoretically
analyze the computing complexity of time. In order to quantitatively analyze the com-
putational cost of GAPO methods against QMIX and MAPPO, we summarize the actual
computing time of the algorithms in MMM2 in Table 8. Results prove that the computa-
tional time costs of G-QMIX and G-MAPPO are within the linear magnitude compared
to QMIX and MAPPO. All of the experiments are conducted on the same workstation
with AMD Ryzen 7950x CPU, Gigabyte Nvidia RTX 4090 GPU, and Kingston 128 G RAM
with twenty sampling threads and five learning threads. The equipment was bought in a
second-hand market in Beijing, China in the year 2023.

Table 8. Analysis of computational cost of G-QMIX and G-MAPPO in MMM2.

Items G-MAPPO MAPPO G-QMIX QMIX

Computing Time (h) 20 15 14 8
Converged Time-step (%) 0.7 0.9 0.6 0.4

Converged Time (h) 14 13.5 8.4 3.2

5.4. Ablation Study
5.4.1. Ablation Tests About GAS and CGP

In order to determine the effectiveness of the GAS and CGP loss, we conduct ablation
tests of the two components in (a) 6m2m_15m and (b) 8m3m_21m. For value-based
methods, QMIX is the baseline algorithm, while “QMIX + GAS” and “QMIX + CGP” are
the ablation groups. Similarly, for policy-based methods, MAPPO is the baseline algorithm,
while “MAPPO + GAS” and “MAPPO + CGP” are the ablation groups. The results are
shown in Figures 8 and 9, respectively.

In general, the introduction of GAS can improve the performance and reduce the vari-
ance, and the performance of CGP loss is unstable. In Figure 8a, QMIX + GAS significantly
outperforms QMIX with higher WR and lower variance, indicating the effectiveness of
distinguishing different action semantics with GAS. QMIX + CGP can still outperform
QMIX in the last 1 M training steps; however, it suffers from high variance. In Figure 8b,
however, QMIX + CGP acquires higher WR than QMIX + GAS. In Figure 9a, the perfor-
mances of MAPPO + GAS and MAPPO + CGP are similar to the performances in Figure 8a.
In Figure 9b, the performances of MAPPO + GAS and MAPPO + CGP are similar in the
first 5M training steps, but MAPPO + GAS then outperforms MAPPO + CGP and reaches a
similar WR to the G-MAPPO.
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Figure 8. Results of ablation tests about GAS and CGP on value-based algorithms.
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Figure 9. Results of ablation tests about GAS and CGP on policy-based algorithms.

One possible reason for the instability introduced by the usage of CGP loss only is that
the two diverse optimizing objects of the CGP loss against the original MARL loss weaken
the stability of the learning process. In addition, the effectiveness of cross-group prediction
requires the high cooperation of the scenario, and thus may be unstable across different
maps. Using GAS makes the backward propagation more accurate and therefore improves
the WR. The combination of the GAS and CGP loss brings a larger network capacity and
thus leads to the best performance of G-QMIX and G-MAPPO. In addition, for map (b)
with larger scale and heterogeneity, the usage of CGP loss brings a greater increase in the
WR in contrast with the “GAS-only” method, indicating the necessity of improving the
correlation between different groups in complex heterogeneous MARL problems.

5.4.2. Ablation Study on the Hyper-Parameters λI , ϵp, and ϵv

In order to determine the optimal values of λI , ϵp, and ϵv, we conduct several groups
of pre-experiments. The results of λI in G-MAPPO tests are summarized in Table 9, the
results of λI in G-QMIX tests are summarized in Table 10, the results of ϵp in G-MAPPO
tests are summarized in Table 11, and the results of ϵv in G-MAPPO tests are summarized in
Table 12. The values of hyper-parameters are in the brackets after the name of the methods
and the optimal groups are in bold font.

Table 9. Results of ablation study on the hyper-parameter λI in G-MAPPO.

Map Name G-MAPPO (0.2) G-MAPPO (0.4) G-MAPPO (0.6) G-MAPPO (0.8) G-MAPPO (1.0)

MMM2 0.69(0.14) 0.70(0.10) 0.72(0.14) 0.85(0.09) 0.78(0.16)
6m2m_15m 0.75(0.11) 0.78(0.10) 0.82(0.08) 0.85(0.04) 0.80(0.18)
6m2m_16m 0.48(0.33) 0.53(0.18) 0.69(0.18) 0.85(0.12) 0.74(0.43)

The bold fonts are the optimal results of the hyper-parameter we used for comparison experiments.
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Table 10. Results of ablation study on the hyper-parameter λI in G-QMIX.

Map Name G-QMIX (0.02) G-QMIX (0.04) G-QMIX (0.06) G-QMIX (0.08) G-QMIX (0.1)

MMM2 0.78(0.10) 0.88(0.08) 0.99(0.03) 0.89(0.05) 0.80(0.35)
6m2m_15m 0.72(0.11) 0.78(0.15) 0.88(0.13) 0.83(0.14) 0.79(0.12)
6m2m_16m 0.49(0.35) 0.52(0.25) 0.58(0.14) 0.55(0.27) 0.37(0.28)

The bold fonts are the optimal results of the hyper-parameter we used for comparison experiments.

Table 11. Results of ablation study on the hyper-parameter ϵp in G-MAPPO.

Map Name G-MAPPO (0.1) G-MAPPO (0.2) G-MAPPO (0.3) G-MAPPO (0.4) G-MAPPO (0.5)

MMM2 0.79(0.08) 0.85(0.09) 0.83(0.14) 0.80(0.17) 0.78(0.20)
6m2m_15m 0.77(0.10) 0.85(0.09) 0.82(0.14) 0.78(0.20) 0.73(0.29)
6m2m_16m 0.74(0.33) 0.85(0.09) 0.78(0.18) 0.70(0.25) 0.64(0.43)

The bold fonts are the optimal results of the hyper-parameter we used for comparison experiments.

Table 12. Results of ablation study on the hyper-parameter ϵv in G-MAPPO.

Map Name G-MAPPO (0.1) G-MAPPO (0.2) G-MAPPO (0.3) G-MAPPO (0.4) G-MAPPO (0.5)

MMM2 0.75(0.08) 0.85(0.09) 0.84(0.11) 0.80(0.15) 0.80(0.14)
6m2m_15m 0.72(0.06) 0.85(0.09) 0.83(0.12) 0.80(0.17) 0.77(0.24)
6m2m_16m 0.70(0.06) 0.85(0.09) 0.80(0.14) 0.73(0.23) 0.60(0.50)

The bold fonts are the optimal results of the hyper-parameter we used for comparison experiments.

In general, the change of λI does affect the final WR, and the decrease becomes
significant as the complexity and difficulty of the task increase. G-QMIX is generally less
affected by the change of λI than G-MAPPO. The purpose of λI is to adjust the magnitude of
CGP loss. Therefore, an optimal upper bound exists. Increasing λI may draw a large impact
in complex scenarios. Decreasing λI reduces the limitation to the extra GAS parameters
and the cooperation ability of the MARL method, and thus, the final results are affected.
For better performance of applying our method in other environments, additional tests for
searching optimal λI are required.

ϵp and ϵv are default MAPPO hyper-parameters for determining the clipping range
of the ratio of the new policy to the old policy and the value function updating gradient.
The tables show that the default value 0.2 is generally a good enough value. Increasing or
decreasing the value results in a decrease in the mean WR and an increase in the variance.
The impact of changing ϵv is greater than changing ϵp, because the value function is
optimized with the ground-truth Return value. Therefore, the change of ϵv results in the
unreliability of the value function and further results in the unreliability of the advantage
function, which further affects the optimization of the policy function.

5.5. Validating Tests
5.5.1. Validating Tests in the MPE Environment

First of all, we must point out two important differences between the MPE and the
SMAC environments.

(1) The action spaces of different agent groups consist of the same action semantics. As shown
in Figure 4 and Section 5.1, agents are partitioned into different groups only because of their
distinct goals. Therefore, the heterogeneity of the MPE scenario differs from the physical
heterogeneity that we have focused on in this paper. Such a difference strongly affects the
effectiveness of the GAS and CGP methods.

(2) The MPE scenario is not a strongly cooperative environment. Although the global op-
timal return is achieved only when all agents reduce their distances to goals synchronously,
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the interactions between different agents or groups are missing. In other words, all agents
are able to perform the optimal policy without any help from other agents. In SMAC,
heterogeneous agents must fully utilize their different characteristics and help each other
to win the game. This property of the MPE scenario strongly affects the necessity of CGP
loss and further affects the overall performance of our methods.

As a result, we hereby present the test result as an additional experiment only to show
the generalizability and limitations of our methods.

In Figures 10a and 11a, we see the outstanding performance of G-QMIX and G-
MAPPO, which not only acquire the optimal return but also very small variance. When the
scale of the scenario is small, the CGP loss is capable of enhancing the mutual information
of different groups and thus brings better cooperation. In Figures 10b and 11b, as the
scale of the scenario doubles, the aforementioned problems show their impacts. The usage
of CGP loss restricts the diversity of agent policies, which dramatically influences the
learning process in a stochastic environment and thus leads to the “wave” of the red curve
in Figure 10b. The policy-based methods could not perform well in large-scale discrete
environments, as shown in Figure 11b.
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Figure 10. Results for MPE validating tests using value-based algorithms.
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Figure 11. Results for MPE validating tests using policy-based algorithms.

In order to mitigate the impact of the MPE environment, we reduce the value of λI

and run testing experiments in MPE−LS−V2. The results of value-based and policy-based
algorithms are shown in Figures 12 and 13, respectively. Generally, reducing λI to release
the limitation of CGP loss helps to improve the performance of G-QMIX and G-MAPPO. In
Figure 12b, G-QMIX acquires a higher result than QMIX baseline with higher variance. In
Figure 13b, G-MAPPO performs better than MAPPO with higher mean value and smaller
variance. In summary, when conducting the GAPO methods in different heterogeneous
cooperative MARL scenarios, it is highly necessary to carefully analyze the properties of
the scenario and conduct pre-experiments to determine the optimal value of λI .
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Figure 12. Results of reducing λI in MPE−LS−V2 with value-based algorithms.
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Figure 13. Results of reducing λI in MPE−LS−V2 with policy-based algorithms.

5.5.2. Validating Tests in the MAMuJoCo Environment

In Figure 14, G-MAPPO outperforms MAPPO and acquires the optimal return. In
Figure 14a the variance of G-MAPPO is bigger than MAPPO, while in Figure 14b, the vari-
ance of G-MAPPO is smaller than MAPPO. A possible reason is that the default group in
Figure 14a decreases the necessity of cross-group coordination, while the “independent” agents
in Figure 14b must cooperate with each other to move the robotic body. Similar to the MPE
tests, it can be concluded that the GAPO method can dramatically increase the performance in
highly cooperative tasks, but may be limited in tasks requiring little cooperation.
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Figure 14. Results for MAMuJoCo validating tests using policy-based algorithms.

5.5.3. Validating Tests in the RPE Environment

In Figure 15, G-QMIX outperforms MASA-QMIX and acquires the optimal evaluating
average makespan. In both Figure 15a,b, G-QMIX converges faster than MASA-QMIX and
the variance of G-QMIX is also smaller than that of MASA-QMIX. Especially in the more
complex eight-agent scenario in Figure 15b, the learning curve of MASA-QMIX is very
tortuous and eventually manages to converge to the optimal processing procedure at the
end of the training. The effectiveness of the GAPO method in the RPE environment proves
its application ability in real-world scenarios.
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Figure 15. Results for RPE validating tests using value-based algorithms.

6. Conclusions
This paper focuses on solving the action semantic conflict in physically heterogeneous

MARL problems. The contributions of the paper are pointing out the effect of action
semantic conflict under a global parameter-sharing constraint and proposing an available
method to solve the problem. Our core motivation is to design a proper global parameter-
sharing method that can not only cooperate well but also avoid bad local optimality led by
the action semantic conflict. Inspired by previous studies on action semantics, we introduce
the Generalized Action-Prediction Optimization (GAPO) method, which includes the
Generalized Action Space (GAS) and the Cross-Group Prediction (CGP) loss.

As a solution for distinguishing the heterogeneous action semantics of agents, the
GAS is capable of acquiring better performance than the baseline method since the accurate
action semantics improve the optimization process. To further improve the cooperation
between heterogeneous groups, the CGP loss uses the trajectory of one group to predict
the policy or Q value of other groups. This method avoids the calculation of mutual
information, which must be taken between two groups, and therefore dramatically reduces
the overall computation cost. We combine the GAPO algorithm with standard value-based
and policy-based methods to generate the G-QMIX and G-MAPPO methods.

Comparison and ablation experiments are conducted in physically heterogeneous
SMAC maps to prove the effectiveness of G-QMIX and G-MAPPO. The results show
that G-QMIX and G-MAPPO outperform other state-of-the-art algorithms with higher
winning rate and lower variance. The validating tests in the MPE, MAMuJoCo and RPE
environments show the effectiveness of G-QMIX and G-MAPPO in small-scale problems,
and also reveal the limitations of our method in large-scale MARL problems and weakly
cooperative heterogeneous MARL problems. In order to acquire good performance, when
conducting the GAPO method in different cooperative heterogeneous MARL scenarios,
it is necessary to carefully analyze the properties of the scenario and conduct pre-tests to
determine the optimal value range of λI .

In the future, we will try to focus on large-scale MARL problems and real-world
scenarios in MPE, MAMuJoCo, RPE, or other simulating environments. For example, we
can further enlarge the number of agents in our SMAC maps or autonomous transport
networks or distributed resource management scenarios. We hope our work could be
helpful for further study in heterogeneous MARL problems. In addition, we are open to
discovering the complex combination of communication or scalability with heterogeneity
in open-world MARL problems.
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The following abbreviations are used in this manuscript:

MAS Multi-Agent System
MARL Multi-Agent Reinforcement Learning
GAPO Generalized Action-Prediction Optimization
GAS Generalized Action Space
CGP Cross Group Prediction
SMAC Starcraft Multi-Agent Challenges
MPE Multi-agent Particle Environments
MAMuJoCo Multi-Agent MuJoCo
RPE Resource Preemption Environment
AM Available action mask
WR Winning Rate
CTDE Centralized Training with Decentralized Execution
CCDA Centralized Critic and Decentralized Actor
IGM Individual-Global-Max
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