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Abstract

Effective agent coordination is crucial in cooperative Mul-
tiagent Reinforcement Learning (MARL). While recent ad-
vances have significantly improved cooperation by modeling
agent interactions through various graph structures, most ex-
isting approaches primarily focus on homogeneous agents.
Despite the ubiquity of heterogeneous agents, constructing
a comprehensive graph that captures their diverse attributes
and relationships from scratch is notoriously labor-intensive
for both humans and agents, which makes policy learning ex-
tremely challenging. To tackle this difficulty, we propose a
novel method that utilizes a fuzzy human attention-guided
graph to model inter-agent relationships. Instead of learning
the graph entirely from scratch, we incorporate abstract hu-
man attention, with its uncertainty captured through fuzzy
logic, to guide the graph development process. To further ac-
commodate the varying attributes and objectives of heteroge-
neous agents while maintaining their learning capabilities, the
attention-guided graph is fine-tuned through a hyper-network.
Our proposed approach is end-to-end trainable and agnostic
to specific MARL methods. Empirical evaluations conducted
on challenging heterogeneous scenarios from the StarCraft
Multiagent Challenge (SMAC) and SMACv2 validate the ef-
fectiveness of the proposed method.

1 Introduction
Multiagent reinforcement learning (MARL) has emerged as
an extremely active research field and has achieved notable
success in multiagent systems (MAS) (Zhang, Yang, and
Başar 2021; Du and Ding 2021). Through trial-and-error,
MARL agents leverage their inherent learning capabilities
to develop sophisticated policies in increasingly complex
scenarios. Despite the abundance of MARL methods, sev-
eral key challenges remain unresolved. One of the fore-
most issues is scalability, where MARL methods suffer from
the curse of dimensionality when dealing with increasing
number of agents (Yu 2023). To address this, vector rep-
resentations and relational abstractions via graphical mod-
els have been introduced, enabling the integration of MARL
with graph neural networks (GNNs) as a new paradigm to
mitigate scalability concerns (Wang et al. 2022; Hu et al.
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Figure 1: Human attention-guided graph. (a) Based on local
observations, humans indicate their attention tendencies for
each agent. (b) Each agent then fine-tunes the proposed at-
tention using its own local observation and internal knowl-
edge. (c) By aggregating the fine-tuned attentions from all
agents, a human attention-guided graph is constructed.

2024). However, despite attracting extensive attention, most
existing studies in this direction have focused on homoge-
neous agents, while constructing effective GNNs for hetero-
geneous environments has received relatively less discussion
compared to the prevalence of heterogeneous agents (Wang
et al. 2023; Peng et al. 2024). Indeed, agent heterogeneity,
with the diversity of relationships and interactions, presents
substantial challenges to effective policy learning.

Compared to homogeneous cooperation, heterogeneous
agents maintain individual goals, possess personal knowl-
edge, and exhibit varied abilities, significantly expanding the
action-state space and requiring distinct coordination mech-
anisms (Gronauer and Diepold 2022). Given that agents
typically make decisions based on their unique informa-
tion from potentially hundreds of input features, effective
inter-agent communication becomes increasingly critical
(Nguyen, Nguyen, and Nahavandi 2020). Consequently, us-
ing a homogeneous fully connected graph may inadequately
represent the complexity and diversity inherent in heteroge-
neous interactions (Duan, Lu, and Xuan 2024). Furthermore,
due to inherent start-up and free-rider problems (Feng et al.
2023), developing a comprehensive coordination graph from
scratch is intricate and challenging. These diverse agent at-
tributes and complex interactions naturally impose greater
demands on graph design. To alleviate these difficulties,
knowledge transfer methods have attracted increased atten-
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Figure 2: The overall framework of HAGG. (a) Based on local observations, human attention guidance is generated using built-
in fuzzy logic rules; (b) The proposed guidance is fine-tuned via a hyper-network to maintain the learning capabilities of agents
and adapt to agent heterogeneity; (c) Graph-based policies are derived through GCNs to enhance overall coordination.

tion. Particularly, transferring prior human knowledge has
demonstrated significant promise in improving interpretabil-
ity and performance, despite the challenge of obtaining high-
quality expert demonstrations (Glanois et al. 2024). Yet, the
effective integration of abstract human guidance into hetero-
geneous agent learning remains a topic worth discussing.

To address these challenges, we propose constructing a
fuzzy human attention-guided graph for heterogeneous mul-
tiagent environments, combining the benefits of knowledge
transfer with agent adaptive learning capabilities. Motivated
by the commonality of human attention across different pop-
ulations (Langley et al. 2023) and its adaptation into dis-
tinct mechanisms to support diverse capabilities (Xia et al.
2024), we leverage human attention as a general paradigm
for knowledge transfer. As illustrated in Figure 1a, instead
of training from scratch, abstract human attention guides
initial graph construction, significantly reducing reliance on
expert domain knowledge through the capability of fuzzy
logic to handle uncertainty and ambiguity. Since humans and
agents have different knowledge structures, agent learning
flexibility is maintained via a hyper-network, which fine-
tunes human attention to form connections tailored to di-
verse attributes and objectives of agents, as shown in Figure
1b. By aggregating these fine-tuned connections, the pro-

posed fuzzy human attention-guided graph enhances coop-
eration among heterogeneous agents, as illustrated in Figure
1c. By integrating the fuzzy human attention-guided graph
into the MARL process, the proposed framework, which is
end-to-end and can be flexibly combined with a wide range
of MARL algorithms, balances knowledge transfer and au-
tonomous learning while avoiding both negative knowledge
transfer and the difficulties of learning from scratch.

2 Preliminaries
We focus on cooperative multiagent tasks modeled as a
Decentralized Partially Observable Markov Decision Pro-
cess (Dec-POMDP) (Oliehoek and Amato 2016), defined
by the tuple ⟨S,U, P, r, Z,O, n, γ⟩, where s ∈ S de-
notes the global environment state. At each time step,
each agent i ∈ n ≡ {1, . . . , N} observes the state par-
tially by receiving an observation oi ∈ Oi based on the
observation function Z(s, i) and selects an action ui ∈
U i according to its stochastic policy πi : Oi × U i →
[0, 1]. The individual actions form a joint action u⃗ ∈ U ,
which leads to the next state s′ via the transition func-
tion P (s′|s, u⃗), and generates a reward r(s, u⃗) shared by all
agents. Agents learn to collectively maximize the global re-
turn Eu⃗t+1∼π⃗,st+1∼P [

∑Th−t
a=0 γart+a(st, u⃗t)|st, u⃗t] where γ
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is the discount factor and Th denotes the time horizon.
Learning the coordination among agents can be viewed

as the development of a meaningful dynamic graph topol-
ogy. This graph is represented as ⟨V, E⟩, where V = n is the
set of nodes (agents), and E is the set of edges (relationships)
between them. Since the proposed guidance is allowed to be
abstract, fuzzy logic is employed for knowledge represen-
tation. The formal definition of fuzzy logic and an intuitive
example of graph construction and human knowledge inte-
gration are provided in Appendix A for further clarification.

3 Methodology
In this section, we present our proposed method, Human
Attention-Guided Graph (HAGG). As illustrated in Figure 2,
fuzzy human guidance is integrated into the learning process
of RL agents to enhance cooperation among heterogeneous
agents, with the use of fuzzy logic, the hyper-network, and
graph convolutional networks (GCNs).

3.1 Fuzzy Human Attention Integration
Human attention mechanisms exhibit both commonalities
across ages and races (Langley et al. 2023), as well as dis-
tinctions that support diverse abilities and behaviors (Xia
et al. 2024). Motivated by its unique properties, human at-
tention is leveraged to facilitate cooperation among hetero-
geneous agents and avoid learning from scratch. Since even
experts face challenges in providing comprehensive demon-
strations in heterogeneous MAS, abstract human knowl-
edge, which is represented through fuzzy logic, is applied to
alleviate the burden on humans. By adapting to ambiguity,
fuzzy logic aligns with human reasoning and provides both
enhanced interpretability (Zhang et al. 2020) and general-
ization capabilities (Li, Shi, and Hwang 2022). Generally, a
fuzzy logic rule for modeling human attention is formed as:
• Rule l: IF Oi

1 is Fl1 AND Oi
2 is Fl2 AND . . . AND Oi

z
is Flz , THEN Agent is Attended

Here, Oi
z denotes the environment variable, and Flz repre-

sents the corresponding fuzzy set in rule l. For fairness, hu-
man attention guidance is proposed based on the local ob-
servation of agents. Following the principle of fuzzy logic,
the strength of the conclusion for each rule is calculated as:

ωi
l =

{
ωi
l,1, ..., ω

i
l,N

}
= min[µl1(o

i
1), ..., µlz (o

i
z)] (1)

where oiz = {oiz,1, ..., oiz,N} represents the observation val-
ues of Oi

z related to agents, and µlz denotes the membership
function for the fuzzy set Flz . The proposed human atten-
tion guidance, together with the corresponding fuzzy logic
rules, is shared among all agents to maintain scalability. As
illustrated in Figure 2a, for agent i, the local observation oi

is used to generate L human attention vectors {ωi
1, ..., ω

i
L}

based on built-in fuzzy logic rules. Therefore, the human at-
tention weights for agent i are represented as:

W i =
{
W i

1, ...,W
i
N

}
= mean[ωi

1, ..., ω
i
L] (2)

where the mean operator is applied to aggregate all guid-
ance, and W i

j denotes the human attention weight indicating
the level of attention humans recommend agent i to pay to
agent j. A higher value corresponds to a higher degree of
attention assigned (an example is provided in Section 4.1).

Algorithm 1: MARL with human attention-guided graph
Input: MARL algorithm, human attention
Output: HAGG

1: Initialize the parameters of the MARL algorithm, the
fine-tuning hyper-network, and GCN layers.

2: for episode = 1 to max-episode do
3: for t = 1 to max-episode-length do
4: for agent i = 1 to N do
5: Obtain agent policy pi from its local network.
6: Derive human attention W i from the local ob-

servation using built-in fuzzy logic.
7: Generate fine-tuned W̃ i via the hyper-network.
8: end for
9: Aggregate the edges W̃ i and policies pi from all

agents to construct the graph ⟨V, E⟩.
10: Gain graph-based policies P (m) through the GCN.
11: Sample action ui from p

(m)
i .

12: Execute actions (u1, . . . , uN ) in the environment
to obtain reward r and next observation o′.

13: Update the networks following the MARL process.
14: end for
15: end for

3.2 Fine-Tuning with Hyper-Network
Despite the advantages offered by knowledge transfer from
human attention, agents and humans possess different per-
ceptions and knowledge structures, making it inappropriate
for agents to follow the guidance directly. As the proposed
human attention is highly abstract, it is essential to maintain
the learning ability of agents to avoid negative knowledge
transfer and accommodate heterogeneity. To address the dy-
namic knowledge requirements of heterogeneous agents un-
der varying states, the hyper-network is applied to fine-tune
the proposed human guidance, as illustrated in Figure 2b.
Unlike traditional neural networks, the hyper-network dy-
namically generates the weights of another network through
a feed-forward architecture. This mechanism facilitates the
development of context-dependent functions for effective
knowledge utilization (Zhang et al. 2020), while also al-
leviating gradient conflicts and catastrophic forgetting dur-
ing multiagent policy learning, which is critical for hetero-
geneous agent cooperation (Tessera et al. 2025). Formally,
two networks are involved in the hyper-network structure for
the fine-tuning process of each agent. According to Equa-
tion 4, the first network dynamically generates the parame-
ters θ of the second network based on the local observation
oi of agent i. Without distorting the proposed human atten-
tion while also resolving potential knowledge conflicts, the
agent fine-tuned attention weights W

i
are formed through

the generated parameters θ, taking the human attention vec-
tors {ωi

1, ..., ω
i
L} as inputs, as expressed in Equation 3:

W
i
=

{
W

i

1, ...,W
i

N

}
= hθ(

{
ωi
1, ..., ω

i
L

}
) (3)

where:
θ = gα(o

i) (4)
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Figure 3: Experimental results in SMAC scenarios. Shaded regions show the standard deviation of the average over 5 trials.

Here, gα(·) represents the first network with trainable pa-
rameters α, which generates the parameters θ of the sec-
ond network hθ(·). Similarly, this hyper-network structure is
shared across agents for scalability. During the initial train-
ing stage, the proposed human attention guidance should be
frequently utilized to maximize the benefits of knowledge
transfer before further adaptation by the agents. To achieve
this, a hyperparameter β is introduced:

W̃ i = β ·W i
+W i (5)

where W̃ i represents the fuzzy human attention-guided
weights for agent i, which are used to construct the graph
edge (relationship) set. The hyperparameter β is initially set
to a small value and is then rapidly increased to 1 to preserve
agent autonomy during the fine-tuning process.

3.3 Human Attention-Guided Graph for MARL
To enhance cooperation among heterogeneous agents, a
fuzzy human attention-guided graph is integrated into the
MARL process, as illustrated in Figure 2. Instead of learning
from scratch or relying on comprehensive expert demonstra-
tions, abstract human attention, represented through fuzzy
logic, is applied to guide the development of the agent re-
lationship graph. Specifically, at each time step, human at-
tention weights W i and vectors {ωi

1, ..., ω
i
L} are generated

for each agent i. To avoid negative knowledge transfer and
accommodate agent heterogeneity, a hyper-network is ap-
plied, allowing agents to autonomously utilize and fine-tune
the proposed human attention guidance. Based on Equa-
tion 5, the fuzzy human attention-guided weights W̃ i are

derived, benefiting from knowledge transfer while preserv-
ing agent learning ability. By aggregating the fuzzy hu-
man attention-guided weights from all agents, an edge set
M = {W̃ 1, ..., W̃N} is formed to represent the inter-agent
relationships. In parallel, local neural networks of each agent
generate the initial policies P (0) = {p1, ..., pN}, which are
treated as node features. Based on the edge set M and node
set P (0), a fuzzy human attention-guided graph ⟨V, E⟩ is
constructed for relationship representation. To enhance het-
erogeneous agent cooperation, a set of GCNs is deployed to
effectively leverage the graph structure, shown in Figure 2c:

P (k+1) = GCN(k+1)(P
(k),M), k = 0, . . . ,m− 1 (6)

where m is the number of GCN layers. Through Equation
6, the final graph-based policies P (m) = {p(m)

1 , ..., p
(m)
N }

are obtained and used for action selection, driving the envi-
ronment to transition to the next state. The proposed frame-
work is end-to-end trainable and can be flexibly combined
with various MARL algorithms. Its training process follows
standard reinforcement learning procedures. Taking QMIX
(Rashid et al. 2020) as an example, the selected action Q val-
ues from the graph-based policies will be fed into the mixing
network of QMIX. The pseudo-code of the proposed method
(HAGG) is elaborated in Algorithm 1.

4 Experiments
In our experiments, we aim to answer the following ques-
tions: (1) Can the proposed fuzzy human attention-guided
graph enhance cooperation among heterogeneous agents
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(a) protoss 5 vs 5 (b) terran 5 vs 5 (c) zeg 5 vs 5

Figure 4: Experimental results in SMACv2 scenarios. Shaded regions show the standard deviation of the average over 5 trials.

Figure 5: Membership function: ’agent hp is small’. The
X-axis represents the observation value of the variable
agent hp, and the Y-axis represents the truth value.

(Section 4.2)? (2) Does our method alleviate the reliance on
high-quality expert demonstrations (Section 4.3)? (3) What
are the benefits of introducing the hyper-network and avoid-
ing learning from scratch (Section 4.4 and 4.6)? (4) Does the
proposed framework exhibit acceptable scalability (Section
4.5)? (5) Is the proposed method end-to-end trainable and
compatible with various MARL algorithms (Section 4.5)?

4.1 Experimental Setting
To answer the above questions, we conduct experiments on
challenging scenarios from the StarCraft Multiagent Chal-
lenge (SMAC) (Samvelyan et al. 2019) and its updated ver-
sion, SMACv2 (Ellis et al. 2023), both of which demand
effective coordination among agents. To evaluate the effec-
tiveness of our end-to-end framework, we consider a range
of value-based, policy-based, and graph-based MARL base-
lines, including IQL (Tampuu et al. 2017), QMIX (Rashid
et al. 2020), Qatten (Yang et al. 2020), QPLEX (Wang et al.
2021), IPPO (De Witt et al. 2020), DCG (Boehmer, Kurin,
and Whiteson 2020), DICG (Li et al. 2021), and LTSCG
(Duan, Lu, and Xuan 2024). In our experiments, without
the need for careful crafting, abstract human attention guid-
ance is applied to alleviate dependence on expert domain
knowledge. The design of guidance follows the standard
fuzzy logic process (Zhang et al. 2020) with basic domain
knowledge involved. For further clarification, we illustrate a

fuzzy human attention instruction used in our experiments
’Pay attention to agents with low health points’, which can
be represented by the fuzzy logic rule ’IF agent hp is
small, THEN agent is attended’. Here, agent hp denotes
the health points of agents, and the corresponding member-
ship function for the fuzzy set small is defined based on
a simple linear function, as shown in Figure 5. As demon-
strated, the proposed human attention guidance is both easy
to construct and highly interpretable from a human perspec-
tive, where agents with lower health points are assigned
higher human attention weights. The proposed framework
is user-friendly, maintaining the knowledge design freedom
for users. To further validate that our framework does not
depend on high-quality expert input and requires reduced
human effort, the same human attention guidance is con-
sistently applied across all SMAC and SMACv2 scenarios.
In this study, all experimental results are obtained over five
separate trials with different random seeds, and both the
average and standard deviation are reported as evaluation
metrics. Additional experimental details, including compu-
tational consumption, scenario configurations, hyperparam-
eter settings, tables with summarized results, and the applied
human attention guidance, are provided in Appendix A.

4.2 SMAC and SMACv2
Designed for micromanagement control, SMAC has be-
come a widely recognized benchmark for evaluating MARL
algorithms due to its diverse scenarios with varying co-
operation requirements. Achieving victory in SMAC de-
mands effective collaboration among agents, necessitating
both strong collective coordination and precise individual
decision-making. In this study, the proposed HAGG method
is combined with the Qatten algorithm and evaluated on
challenging heterogeneous scenarios from SMAC ’Hard’
and ’Super Hard’ categories, with the game AI difficulty
level set to ’Very Hard’. The learning curves of all compared
methods across different tasks are shown in Figure 3. As il-
lustrated, the proposed fuzzy human attention-guided graph
significantly improves performance among heterogeneous
agents by effectively transferring abstract human knowledge
while preserving adaptation to dynamic states.

To further validate the advantages of the proposed fuzzy
human attention-guided graph, we integrate our method

23680



(a) 5m vs 6m (b) MMM2

Figure 6: Ablation study on the effect of knowledge quality.

(a) 5m vs 6m (b) MMM2

Figure 7: Ablation study on graph development.

with the QPLEX algorithm and evaluate its performance
on scenarios from the more challenging SMACv2 bench-
mark, which introduces greater agent heterogeneity and
complexity. Unlike SMAC, agents in SMACv2 are con-
structed using realistic parameters derived from StarCraft II,
and both their initial positions and unit types vary randomly
across episodes. These variations necessitate the develop-
ment of more diverse and adaptive strategies. The learning
curves obtained from SMACv2 scenarios are presented in
Figure 4. Despite the increased challenges, our end-to-end
method consistently enhances the performance of MARL
algorithms across various tasks, demonstrating the effective-
ness of knowledge transfer from fuzzy human attention.

4.3 Knowledge Quality Impact
Instead of relying on comprehensive expert domain knowl-
edge, highly abstract human attention is applied to guide
the learning process of agents. For further validation, we
perform ablation studies by incorporating human attention
guidance of varying quality into the Qatten algorithm within
our HAGG framework, where knowledge is inherited across
ablation approaches, and knowledge covering a broader
action-state space is regarded as being of higher quality. Ad-
ditionally, to assess robustness against unsuitable guidance
and knowledge adaptation, noise is integrated to represent
inappropriate knowledge. The ablation results are shown in
Figure 6. As presented, the proposed framework effectively
adapts to abstract human attention guidance, yielding supe-
rior performance with higher-quality knowledge, while still
maintaining performance improvements even when con-
fronted with inappropriate guidance. Hence, our approach
significantly reduces the required human effort and offers
greater flexibility in knowledge design and application.

(a) 8m vs 9m (b) 18m vs 20m

Figure 8: Evaluation of method scalability.

(a) 5m vs 6m (b) MMM2

Figure 9: Compatibility with various MARL algorithms.

4.4 Hyper-Network and Knowledge Transfer
To validate the benefits of human attention and the hyper-
network, additional ablation experiments are conducted us-
ing Qatten as the base algorithm (Figure 7). Specifically,
at similar capacity, the hyper-network is replaced by multi-
layer perceptrons for fine-tuning, and attention-encoder lay-
ers (Li et al. 2021) are employed to construct the graph from
scratch, respectively. As demonstrated, compared to learn-
ing from scratch, leveraging the commonalities and distinc-
tions captured by human attention significantly enhances co-
operation among agents, especially in heterogeneous set-
tings where intricate relationships impose higher require-
ments for graph development. Furthermore, the proposed
hyper-network facilitates knowledge adaptation across vary-
ing states, effectively accommodating agent heterogeneity,
which poses challenges for concatenated neural networks.

4.5 Scalability and Compatibility
In this work, a sparse graph is constructed based on the local
observations of agents to enhance cooperation among agents
while maintaining computational efficiency and scalability.
To demonstrate the scalability of the proposed framework,
we integrate our method with Qatten and evaluate its per-
formance across scenarios involving an increasing number
of agents. The learning curves, depicted in Figure 3a and 8,
show scenarios with agent counts ranging from 5 to 18. De-
spite the growing complexity associated with a greater num-
ber of agents, our fuzzy human attention-guided graph still
consistently improves performance, whereas baseline algo-
rithms find it increasingly challenging to learn from scratch.

To further demonstrate the compatibility of HAGG, the
proposed graph is incorporated into various MARL algo-
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rithms. For fairness, each algorithm and its corresponding
version integrated with the fuzzy human attention-guided
graph share similar hyperparameters and neural network ar-
chitectures. The experimental results are presented in Fig-
ure 9. As illustrated, our end-to-end framework readily com-
bines with diverse value-based and policy-based MARL al-
gorithms, consistently enhancing their performance across
challenging homogeneous and heterogeneous scenarios.

4.6 Graph Visualization
To further illustrate the effectiveness of the fuzzy human
attention-guided graph, the development of the graph at dif-
ferent training stages in the ’MMM2’ scenario is visual-
ized in Figure 10. At the initial stage, the human attention
graph is frequently leveraged with minimal modifications,
helping agents overcome early-stage training difficulties. As
learning progresses, the proposed human attention graph is
adaptively fine-tuned to enhance cooperation among het-
erogeneous agents by adjusting edge weights and dynami-
cally forming or pruning connections. Compared with learn-
ing from scratch, the proposed framework more effectively
accommodates agent heterogeneity, highlighting the impor-
tance of balancing knowledge transfer with learning ability.

5 Related Work
Graphs have been extensively applied to enhance agent co-
operation, modeling inter-agent relationships and simplify-
ing complex interactions through local feature aggregation
and dimensionality reduction (Khan et al. 2019; Yang et al.
2022). To address the inherent complexities of graph de-
sign in MAS, various structures have been explored to fa-
cilitate communication among homogeneous agents, aiming
for improved scalability and portability (Wang et al. 2022;
Hu et al. 2024). Furthermore, graph-based structures show
potential in promoting cooperation among heterogeneous
agents, although learning effective graphs from scratch re-
mains a non-trivial challenge (Du et al. 2023; Wang et al.
2023; Peng et al. 2024). To alleviate the difficulties of ex-
ploration, knowledge transfer techniques are widely em-
ployed to reuse previously acquired knowledge across tasks
(Da Silva and Costa 2019; Liu et al. 2024). Specifically, fun-
damental pattern transfer and selective knowledge sharing
have been examined to prevent negative knowledge transfer
among heterogeneous agents (Shi et al. 2023; Zhong et al.
2024). As a prevalent knowledge source, human-derived
knowledge transfer has attracted increasing attention due to
its enhanced interpretability compared to ’black-box’ agent-
to-agent approaches (Glanois et al. 2024). Typically, human
demonstrations (action-state pairs) can significantly facili-
tate RL agent training, despite the requirement for high-
quality expert knowledge (Zhang et al. 2018; Yang, Ma, and
Xia 2021). To mitigate human effort further, higher-level and
more abstract forms of human guidance have been intro-
duced. Benefiting from its ability to represent abstract infor-
mation, fuzzy logic has been utilized to effectively capture
human knowledge in single-agent or homogeneous scenar-
ios (Zhang et al. 2020; Li, Shi, and Hwang 2022). Nonethe-
less, exploiting abstract human guidance within heteroge-
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Figure 10: Visualization of graph learning and development
on the ’MMM2’ map. (a) Screenshots of a specific scenario
state at different training stages; (b) The corresponding hu-
man attention graph; (c) The agent fine-tuned graph.

neous MAS settings remains an area warranting deeper in-
vestigation. Seraj et al. (Seraj et al. 2023) recently combined
human guidance with RL to facilitate heterogeneous com-
munication. However, humans only provided action guid-
ance, and the communication policy was still learned from
scratch, reportedly due to difficulties in obtaining appropri-
ate demonstrations. In contrast to existing studies, our work
leverages fuzzy human attention to guide the construction
of the agent relationship graph, avoiding the need to learn
from scratch. Concurrently, agents retain autonomy in deter-
mining the utilization and adaptation of the proposed graph,
enabling more effective accommodation of the unique at-
tributes present in heterogeneous agents.

6 Conclusion
In this work, we focus on policy learning for heteroge-
neous agents characterized by distinct attributes within mul-
tiagent environments. To effectively represent relationships
among agents, we introduce a novel fuzzy human attention-
guided graph framework (HAGG), compatible with various
MARL algorithms. Experimental results on the SMAC and
SMACv2 benchmarks demonstrate that the HAGG frame-
work, leveraging a dynamically adaptive graph, achieves
enhanced performance compared to existing MARL meth-
ods. For future research, we intend to extend the proposed
method to more realistic heterogeneous multiagent settings.
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