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Abstract—In heterogeneous multi-agent reinforcement learn-
ing, each type of agent can naturally emerge as different roles,
meaning that diversity of agents is conducive to cooperation
within the team. However, adopting a fully heterogeneous policy,
where each agent learns an independent policy without any
shared components, suffers from sample inefficiency. To achieve
a better trade-off of diversity and efficiency, we propose a novel
framework named Global Skill Learning with Heterogeneous
Decoding (GSLHD), which fosters sample efficiency by collab-
oratively sharing generalizable skill semantics and promotes
diversity by heterogeneously decoding according to agent type.
Specifically, we introduce a concept of skill, which is extracted
from the Global Skill Assignment (GSA) module, to adaptively
encode skill based on the inference of global states. Then, general-
izable skill semantics are learned by an attention mechanism and
shared across types. Finally, a heterogeneous decoder promotes
policy diversity by decoding cross-type shared skills into specific
actions tailored for each agent type. Extensive experiments are
conducted on SMAC and SMACv2 to verify the remarkable
performance of GSLHD.

Index Terms—Multi-agent reinforcement learning, Heterogene-
ity, SKill learning

I. INTRODUCTION

Recently, Multi-Agent reinforcement learning (MARL) has
achieved remarkable success across a variety of challenging
domains - from AlphaStar in StarCraft II [1], to real-world
applications such as cooperative search task in unknown envi-
ronment [2] or optimizing metropolitan traffic signals in real
time [3]. These breakthroughs underscore MARL'’s potential
for scalable coordination, autonomous decision-making, and
adaptive control. Yet existing studies assume homogeneous
agents that share identical observation and action spaces, an
assumption rarely satisfied in real-world multi-agent systems
(MAS). This translates to an urgent demand for heterogeneous
policies that simultaneously exhibit diverse and flexible be-
haviours. [4]-[7]
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The performance of MARL benefits from the diversity of
agent behaviors, which is vital for complex tasks but difficult
to achieve without losing the efficiency of parameter sharing.
No Parameter Sharing (NoPS) [8] equips each agent with
an independent network, enhancing behavioural diversity at
the cost of severe inefficiency, while Full Parameter Sharing
(FuPS) trains a single policy, improving data usage but failing
to capture heterogeneity [9]-[11]. To overcome this limitation,
recent research has explicitly focused on heterogeneous-agent
reinforcement learning. Zhong et al. [12] propose approaches
that directly model agent heterogeneity beyond parameter
sharing, offering an alternative but still facing scalability
challenges. To reconcile this trade-off, prior works also exploit
role-based learning [13] or encode agent types into obser-
vations, yet suffer from gradient interference [14], [15]. We
instead introduce a concept of skill, which is learned jointly
across agents [16], [17]. A type-conditioned heterogeneous
decoder then maps each skill into agent-specific actions,
preserving heterogeneity without duplicating networks. Our
GSLHD framework thus combines FuPS-level efficiency with
NoPS-level diversity, offering a principled solution for hetero-
geneous MARL.

Motivated by the aforementioned discussions and the limi-
tations observed in existing multi-agent reinforcement learning
approaches, we propose a novel framework named Global Skill
Learning with Heterogeneous Decoding (GSLHD). The central
idea of GSLHD is to endow agents with the ability to acquire
shared high-level skill semantics through a global assignment
mechanism, while simultaneously enabling type-specific exe-
cution via a heterogeneous decoding strategy. In this way, the
framework not only enhances the generalization and sample
efficiency of skill learning across diverse agents, but also
preserves the capacity for specialization that is essential in
heterogeneous multi-agent systems. The main contributions of
our method can be summarized as follows:

1). Global State Inference and SKkill Allocation We
employ an assignment module that infers the global
observation and then allocates a skill for each agent.

2). Generalizable Skill Semantics Learning The learned
Skill Embeddings are seamlessly injected into the Query
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Fig. 1: The overall structure of the GSLHD. The GSLHD is composed of three modules: 1. Global Skill Assignment (GSA)
module; 2. Generalizable Skill Semantics Learning (GSSL) module and 3. Heterogeneous Decoder (HD) module. The GSLHD
adopts the centralized training and decentralized execution paradigm. During training, with a centralized critic, agent 7 can
access global states. During decentralized execution, each agent executes actions based solely on its local observations.

and Key interaction of a multi-head attention mech-
anism, which leverages the inductive bias that skill
semantics refers to the effects of other agents.

3). Heterogeneous Decoder The heterogeneous decoder
takes the concatenation of skill and agent type as in-
put and dynamically generates the parameters of each
agent’s policy network, thus promoting policy diversity.

II. RELATED WORK
A. Parameter Sharing and Heterogeneity

The centralized training with decentralized execution
(CTDE) paradigm [8], [18], [19] has enabled remarkable
progress in multi-agent reinforcement learning (MARL), giv-
ing rise to numerous algorithms that exploit parameter sharing
to improve sample efficiency and scalability. However, full
parameter sharing (FuPS) often leads to homogeneous be-
haviors [9]-[11], limiting behavioral diversity among agents.
To alleviate this issue, variants such as SePS [10] group
agents by type and share parameters within groups. Recent
studies have further examined the role of policy diversity as
an indicator of cooperative performance [20], proposing diag-
nostic metrics for evaluating the degree of agent specialization.
Other works improve individuality through decomposition or
auxiliary learning. For example, Li et al. [4] introduces mutual
information regularization between agent identities and trajec-
tories to promote behavioral diversity. Similarly, Liu et al. [21]
employs contrastive objectives to enhance agent distinguisha-

bility within value decomposition frameworks. Despite these
advances, most approaches emphasize diversity at the cost of
coordination efficiency or rely on fixed grouping schemes,
whereas our framework aims to reconcile both via global
skill learning and type-conditioned decoding that preserve
heterogeneity without sacrificing scalability.

B. Role and Skill Learning

A parallel line of research introduces roles or skills to
encode structured heterogeneity within cooperative MARL.
Early role-based methods such as ROMA [14]and RODE
[13]condition individual policies on latent role embeddings
to reduce learning complexity. Later works such as [22]
extend this idea to hierarchical action-space clustering., while
LDSA [23] formulates dynamic subtask assignment to improve
adaptability. Transformer-based extensions such as ROMAT
[24] and attention-guided role models [25] leverage sequence
modeling and attention to infer generalizable cooperation
patterns, resonating with recent views that “MARL is a
sequence modeling problem” [26]. Beyond discrete roles,
policy transfer approaches like TRMARL [27]highlight task-
relationship modeling to facilitate knowledge reuse across
agents, reflecting the growing interest in transferable skill
semantics. Compared with these studies, our GSLHD frame-
work integrates global skill assignment with heterogeneous
decoding, enabling both generalizable skill sharing and type-
specific specialization under the CTDE paradigm.



III. METHODS
A. Problem Formulation

We consider a partially observable multi-agent MDP (PO-
MAMDP) (N, P, S, {A"}ien, {Oien, T, R, Q, 7). Here
N ={1,...,n} indexes agents and P is the set of unit types
(e.g., Marine, Marauder, Medivac). At time ¢, the environment
is in state s; €S, each agent i receives a private observation
of ~ Q(- | s,4) from its observation space OF, chooses
an action al € A’, and the joint action a; = (a},...,a})
drives the transition s;y; ~ T(- | s a;) and shared re-
ward 7, = R(s,a;). Each agent maintains a local history
(trajectory prefix) 77 = (0%,,ai,, ;); we write a truncated
window (7} 7,1, 1, 0;) when using a fixed length 7. Un-
der the centralized-training—decentralized-execution (CTDE)
paradigm, a centralized critic may access global state s; for
training targets, while acfors at test time must condition only
on local information. In our setting, agent ¢ holds a type
label p* € P and learns an action-value function Q! that
estimates the expected return of its actions given its internal
representation. Our operational goal is standard: to maximize
the team return J(m) = E[ 37 7' R(s;,a;)] under a joint
policy 7 = (r!,..., "), with value-based learning providing
temporal-difference (TD) targets during training. To mitigate
partial observability without violating CTDE, each actor forms
a belief-like global context estimate 7}'™ from its own history
via MAZE [28]: 7™ = MA®E(r{_p_1.,_;,0}). This quantity
is used only as an internal representation; no inter-agent com-
munication or centralized signals are required at execution.
Fig. 1 summarizes this setting and the information flow under
CTDE.

B. Method Pipeline

GSLHD maps each agent’s local history to action-values
under CTDE. At each step, agent i applies MA’E to
(T} _7414-1,0}) to form an inferred global context 7},
while a recurrent backbone maintains temporal consistency.
From this context, GSA samples a discrete skill li (Gum-
bel-Softmax) as a shared intent code. GSSL then uses the
skill as a query over the inferred context to produce a semantic
vector gzﬁi, which is fused with a local stream and fed to the re-
current state. Finally, the Heterogeneous Decoder concatenates
I¢ with the type p and, via a small hypernetwork, generates
a linear head mapping the hidden state to Q!, preserving
type-specific execution without duplicating policies. Training
uses the same value-based objective as our baselines; at test
time, each agent independently computes 7", selects a skill,
derives ¢!, and acts from Q.

C. Global Skill Assignment

Global Skill Assignment (GSA) module fetches the inherent
skill latent variable based on inference of global observation
by MAZE [28], flattens and feeds it into the GSA module
to generate the latent skill variable as is shown in the left
part of Fig. 1 Specifically, for agent i, MAZE firstly infers
the observations of other agents i’{i, -1 =0,..,0— 1,7+
1,..,n — 1 and concatenate it to the local observation o} to

form the inference on global observation which is denoted
as 71", The next step is to generate a latent skill variable
by the Gumbel-Softmax operator, a powerful differentiable
sampling technique enabling discrete skill selection, allowing
our process of skill assignment trainable by the way of gradient

backpropagation.
It ~ Gumbel-Softmax ( f, (7)) )

where f, is a skill encoder in GSA, and [! is the latent skill
one-hot variable generated by the GSA module, serving as a
compact yet expressive representation that will be thereafter
leveraged by the attention-based component of our method to
enhance coordination and decision-making efficiency.

D. Generalizable Skill Semantics Learning

Attention mechanism behaves as a cornerstone in the cur-
rent field of Al that exhibits superiority when dealing with
extracting dependencies between sequences. Building on this
foundation, researchers have proposed a cross-attention-based
approach to enable adaptive subtask semantics learning [16].
Yet these approaches still rely on local observation, our meth-
ods’ general skill semantics learning mechanism leverages
embedding skill variable as query, which is combined with
inference on global observation as keys’ input and values’
input to promote team coordination while maintaining gen-
eralizability. Initially, we utilize the generated skill variable to
produce the query

Qi = Wol; 2)

where Wq € R™:*(7d) is a learnable parameter and n, and
d are hyperparameters denoting the total number of skills
and embedding dimension of the query, respectively. To align
the key with the query, we map [! into the d-dimensional
query vector ¢, thereby enabling precise semantic matching
between the latent skill space and the query space.

Klt — WK%t1:n7 ‘/it — VQ%tlzn (3)

Then, the adaptively general skill semantics are easily obtained
by the following equation

QK"
Vd

where d is the feature dimension of K!. The garnered skill
semantics, enhanced through a carefully designed MLP for
semantic refinement, are subsequently aggregated with the
output of another branch that takes o! as input, achieving
a balanced fusion of complementary information from dis-
tinct representation streams. The concatenation of the above-
mentioned was then passed through a RNN neural network,
thus generating the input of the heterogeneous decoder, a
critical step that empowers the decoder to generate type- and
skill-specific actions with extensibility.

¢t = softmaz(

Wi 4)



E. Heterogeneous Decoder (HD)

To achieve heterogeneity while conserving the flexibility of
inputs, the heterogeneous decoder employs a hypernetwork
that adapts each agent’s low-level actions to both its skill
intention and physical embodiment. HD is implemented to
dynamically generate the parameters of a type-specific linear
projection, thereby converting the recurrent backbone’s hidden
state into action logits. In practice, we design the decoder to
accommodate heterogeneous input e} containing the agent’s
unit type p and the learned latent skill variable [{. This is sent
into a hypernetwork, which outputs the weights and biases of a
linear mapping tailored to the specific combination of skill and
embodiment. In detail, the weights 1 and bias b are generated
by the following equation:

W = f(e};0W) (5)
b= f(e};0?) (6)

Here, 81 and #(®) correspond to two neural networks’ param-
eters. Lastly, the HD conducts a batch matrix multiplication

Q! =BMMhi, W) +b (7)

to gain the final action value Q% To sum up, this design
ensures that, even when agents share a common high-level
skill representation, the final motor commands are specialized
to their unit types. Consequently, the framework enables fine-
grained behavioral diversity without the need to train an
entirely separate policy for each agent type.

IV. EXPERIMENTS

A. Experimental Settings

We evaluate our method GSLHD on the StarCraft Multi-
agent Challenge (SMAC) [29] and SMACv2 [30] to prove its
effectiveness. SMAC is a benchmark based on StarCraft II
micromanagement tasks, designed to test team coordination
among multiple cooperative agents, while SMACv?2 introduces
more diverse unit compositions (reflect, surround) to better
reflect real-world complexity. For both benchmarks, we adopt
the centralized training with decentralized execution (CTDE)
paradigm and all models are trained for 2 million timesteps
using the PYMARL framework [31].

e 5Sm_vs_6m:A benchmark SMAC task where 5 Marines
must defeat 6 opponents, highlighting coordination un-
der numerical disadvantage and requiring precise micro-
management.

¢ MMM2:A mixed-unit scenario with Marines, Marauders,
and Medivacs, testing heterogeneous team coordination,
including ranged attacks, healing, and strategic position-
ing.

o 10gen_terran:A large-scale scenario with 10 diverse Ter-
ran units (e.g., Marines, Marauders, Medivacs, Siege
Tanks), emphasizing combined-arms tactics, formation
control, and synergy across roles.

o 10gen_zerg:A large-scale scenario with 10 varied Zerg
units (e.g., Zerglings, Hydralisks, Banelings, Mutalisks),

requiring swarm tactics, synchronized assaults, and
mobility-based coordination.

We carried out a series of experiments to validate the
effectiveness of our methods compared with other MARL
algorithms. We selected three algorithms as baseline methods:
MAZE [28], VDN [32], OW_QMIX [33], RIIT [34]. MA’E
leverages masked auto-encoder techniques to address partial
observability in multi-agent settings. VDN employs value
decomposition to factorize the joint action-value function into
a sum of individual value functions, enabling decentralized
execution. OW_QMIX extends the QMIX framework with
an optimistically-weighted mixing network, improving the
approximation of the optimal joint action-value function.

B. Results and Discussion

As shown in Figure 3, across both homogeneous (e.g.,
MMM?2, 5m_vs_6m) and heterogeneous (e.g., 10gen_terran,
10gen_zerg) MARL scenarios, the mean episode reward
curves of GSLHD consistently converge to higher levels than
those of other baselines, demonstrating its robust generaliza-
tion capability. Notably, in heterogeneous settings, GSLHD
significantly outperforms methods employing a homogeneous
decoder, highlighting its advantage in handling diverse agent
types. This performance gain can be attributed to the synergy
between the Global Skill Assignment (GSA) module and
the Heterogeneous Decoder (HD): GSA adaptively assigns
skills from the global context, while HD maps them into
type-specific actions, enabling more precise coordination and
strategy adaptation. Such a design not only facilitates better
information utilization but also ensures stable policy learning
across tasks of varying interaction complexity.

To further examine the contribution of each component
in our framework, we conduct ablation studies on both
the 5Sm_vs_6m and MMM2 scenarios. The 5S5m_vs_6m task
represents a homogeneous combat setting with only slight
unit imbalance, whereas MMM?2 is a heterogeneous mixed-
arms battle involving Marines, Marauders, and Medivacs with
healing—support dynamics. Fig. 4 presents the win rates,
where the full GSLHD framework consistently achieves the
highest performance across both scenarios, demonstrating the
effectiveness of integrating global skill assignment, general
skill semantics learning, and the heterogeneous decoder. In
contrast, w/o GSA leads to a notable drop in performance,
indicating that the absence of global skill assignment weakens
the coordination among agents. w/o GSSL further reduces
the win rate, showing that general skill semantics learning
is crucial for capturing transferable knowledge and enhancing
sample efficiency. Finally, w/o HD also suffers from degraded
performance, confirming that the heterogeneous decoder is
indispensable for adapting shared skills into agent-specific ac-
tions. These results collectively highlight that each component
contributes significantly to the overall success of GSLHD:
in the homogeneous Sm_vs_6m scenario, the gains primarily
stem from improved cooperation, while in the heterogeneous
MMM2 task, the benefits are more pronounced in enabling
specialization across distinct unit types.
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Fig. 2: Illustration of heterogeneous behaviors in the MMM?2 task. Left: Medivac and one Marauder choose to escape while
another Marauder and a Marine continue attacking, showing both inter-type and intra-type action divergence. Right: The same
attack skill is executed differently across types: Marines sustain direct fire, whereas Medivacs perform continuous move-attack

to maintain mobility.
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Fig. 3: The mean episode reward curves. (a) Sm_vs_6m,
a homogeneous combat scenario with slight unit imbal-
ance. (b) MMM2, a heterogeneous mixed-arms scenario with
Marines—Marauders—Medivacs and support-healing dynamics
under asymmetric compositions. (c¢) 10gen_zerg, a hetero-
geneous multi-agent task with various Zerg unit types. (d)
10gen_terran, a heterogeneous multi-agent task involving di-
verse Terran unit types.

In Table I, on MMM2 both IQL and IPPO remain near
zero (0.1% and 0.0%), reflecting the difficulty of coordinating
asymmetric unit types under fully independent learning. By
contrast, GSLHD attains a much higher final win rate of 71.5%
and is the only method that reaches the 80% threshold during
training (at 1.64x 106 steps), indicating substantially improved
sample efficiency and stability in this heterogeneous setting.

On 1lo_2r_vs_dr, the steps-to-80% column shows that IQL

Average Win Rate
Average Win Rate

Time steps (1e6) Time steps (1e6)

Fig. 4: Win rates on the 5Sm_vs_6m map. The comparison
includes the full GSLHD framework and its three ablated
variants: w/o GSA, w/o GSSL, and w/o HD, demonstrating the
contribution of each component to the overall performance.

crosses the threshold earliest (at 7x10* steps), while GSLHD
reaches it later (at 1.1x10° steps). However, neither sustains
that level by the end of training: IQL finishes at 41.9% and
GSLHD at 46.5%. This suggests that early threshold crossing
alone does not guarantee high final performance, and that our
approach retains a higher terminal win rate even when late-
training nonstationarity reduces absolute returns.

On 10gen_zerg, no method reaches 80%, yet GSLHD
still more than doubles IQL (35.3% vs. 16.1%) and vastly
surpasses IPPO (1.6%), highlighting its advantage when many
unit types and interactions increase coordination complexity.
Overall, these results show that sharing skill semantics while
decoding by type enables GSLHD to combine the efficiency
of shared representation with the behavioral diversity needed
for heterogeneous cooperation.

C. Skill Visualization

As illustrated in Fig. 2, the left sub-figure presents a
snapshot from the MMM2 task where heterogeneous behaviors
emerge both across and within unit types. Specifically, the



TABLE I: Comparison of final win rate (%) and convergence speed (steps to reach 80%) across three scenarios: MMM2
(medium multi-agent movement), 10gen_zerg (heterogeneous 10v10 combat), and 102r (one-offensive-two-reconnaissance
cooperation). Win rate is reported as the mean 4 std over the last 20 evaluations averaged across 3 random seeds. Convergence
speed is defined as the number of environment steps required to reach a smoothed win rate of 80%; lower is better.

. IQL IPPO Ours
Scenario Steps
Win rate (%)  Steps to 80%  Win rate (%)  Steps to 80%  Win rate (%)  Steps to 80%
MMM?2 M 0.1 + 0.1 N/A 0.0 + 0.0 N/A 71.5 + 9.0 1.64e6
lo_2r_vs_4r 2M 419 £ 0.0 7ed 18.6 = 0.0 N/A 46.5 + 1.9 1.1e5
10gen_zerg 2M 16.1 + 4.7 N/A 1.6 £04 N/A 353+ 1.2 N/A

Medivac and one Marauder choose to retreat for survival,
while another Marauder and a Marine continue to launch
attacks. This divergence reflects the role of the Global Skill
Assignment (GSA) module, which infers a shared skill repre-
sentation (e.g., attack vs. escape) while still allowing agents
of the same type to specialize under different contexts. In
contrast, the right sub-figure shows differentiated executions of
the same attack skill: Marines remain stationary and sustain
fire, whereas Medivacs perform continuous move-attack op-
erations to maximize mobility. Such type-specific realizations
are enabled by the Heterogeneous Decoder (HD) that translates
the shared skill semantics into distinct action patterns tailored
to each unit type.

D. Overall Discussion

The experimental results across all benchmarks consistently
verify the effectiveness and generality of the proposed GSLHD
framework. From homogeneous to highly heterogeneous tasks,
GSLHD maintains both stable convergence and high asymp-
totic performance, demonstrating its ability to reconcile co-
ordination and specialization. The reward curves in Fig. 3
and the quantitative results in Table I reveal that the key
advantage stems from the cooperative interaction between the
Global Skill Assignment and Heterogeneous Decoder. GSA
enables agents to infer globally consistent yet compact intent
codes from partial observations, which mitigates the non-
stationarity typical of MARL. At the same time, the HD
ensures that these shared intentions are realized differently
according to agent type, allowing specialization to emerge
naturally without sacrificing training efficiency. This balance
explains why GSLHD achieves both higher win rates and
faster convergence across multiple environments.

Moreover, the ablation results in Fig. 4 further emphasize
the complementary nature of each module: removing any
of them leads to clear degradation, confirming that GSA,
GSSL, and HD jointly contribute to coordination, general-
ization, and diversity. Visualizations in Fig. 2 also reveal
interpretable behaviors—shared skills translate into distinct
execution strategies depending on agent type—illustrating that
GSLHD not only improves quantitative metrics but also leads
to qualitatively meaningful cooperation patterns. In summary,
the proposed framework establishes a scalable paradigm for
heterogeneous MARL by combining shared skill semantics

with type-conditioned decoding, bridging the gap between ef-
ficient centralized training and diverse decentralized execution.

V. CONCLUSION

We propose a novel framework, GSLHD, that addresses the
long-standing tension between specialization and sample ef-
ficiency in heterogeneous multi-agent reinforcement learning.
The method incorporates a global skill assignment framework
equipped with a heterogeneous decoder that simultaneously
distills general skill semantics from global observation through
an attention-based extractor and transforms those skills into
agent-specific behaviors via a hypernetwork conditioned on
both the skill variable and unit type. By sharing skill se-
mantics while maintaining a role-aware decoder, GSLHD en-
ables effective knowledge transfer across agents yet preserves
the diversity needed for fine-grained coordination. Extensive
evaluations on SMAC and the more challenging SMACv2
benchmarks show that GSLHD consistently surpasses state-of-
the-art baselines in win rate, convergence speed, and sample
efficiency, confirming the advantages of its hybrid design.
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