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Abstract—Inspired by the natural emergence of roles in bio-
logical systems for efficient coordination, role-based multi-agent
reinforcement learning (MARL) methods have been proposed
to enhance policy heterogeneity and cooperative capability in
complex tasks. However, existing approaches typically rely on a
fixed number of roles, whereas in practical multi-agent systems,
the required role cardinality often varies across task stages
and agent numbers, causing learned cooperative strategies to
transfer poorly under varying agent numbers. In this paper,
we propose SRD-DRC, a scalable role discovery framework
with dynamic role cardinality. The core idea is to dynamically
aggregate a global context from the local interaction histories
of all agents via an attention mechanism, and to adaptively
estimate the number of roles required at each cooperation stage,
thereby eliminating reliance on a predefined role cardinality.
Based on this estimation, SRD-DRC employs contrastive learn-
ing to acquire discriminative role representations that capture
behavior patterns evolving across cooperation stages. Moreover,
role representations are integrated at both the policy and value
levels by parameterizing role-conditioned heterogeneous layers
and guiding centralized value decomposition to enable structured
credit assignment. Experimental results on the StarCraft Multi-
Agent Challenge (SMAC) benchmark demonstrate that SRD-
DRC achieves superior performance across diverse cooperative
scenarios and exhibits effective zero-shot scalability.

Index Terms—Multi-Agent Reinforcement Learning, Dynamic
Role Cardinality, Zero-Shot Scalability, Centralized Training
Decentralized Execution.

I. INTRODUCTION

Multi-agent reinforcement learning (MARL) has been
widely applied in complex decision-making domains, in-
cluding board games [1], financial trading [2], autonomous
driving [3], and robotic cooperation [4]. However, learning
stable and efficient cooperative strategies remains challenging.
Centralized training with decentralized execution (CTDE) is
the dominant paradigm for cooperative MARL, leading to rep-
resentative methods such as COMA [5], VDN [6], QMIX [7],
and MAPPO [8], which typically rely on parameter sharing to
enhance training efficiency and scalability.

Although parameter sharing reduces training complexity,
it often leads to policy homogenization, which constrains
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exploration and limits performance in complex cooperative
tasks. Several approaches have been proposed to address this
issue. Methods that learn fully independent policies introduce
heterogeneity but suffer from rapidly growing parameter com-
plexity and lack effective mechanisms to train newly intro-
duced agents [9], [10]. Role-based approaches learn emergent
roles from historical observations [11]-[14], but typically rely
on a predefined and fixed role cardinality, limiting scalability
under varying task stages or agent numbers. Partial parameter
sharing methods improve diversity by adjusting the degree of
sharing [15]-[17], yet still depend on static schemes or incur
substantial implementation complexity. Therefore, existing ap-
proaches often fail to generalize under varying agent numbers,
resulting in limited zero-shot scalability.

In human team collaboration, efficient cooperation relies on

a global understanding of the collaborative context, in which
roles can be dynamically adjusted based on current states
and historical evolution. Motivated by this observation, we
propose a scalable role discovery framework with dynamic
role cardinality (SRD-DRC), which constructs an informative
global context and adaptively infers role cardinality to guide
scalable role representation learning. Specifically, a Dynamic
Role Cardinality Module first aggregates local observations
from all agents via multi-head attention to build a global
context and estimate the required role cardinality. Based on the
estimated cardinality, a periodic clustering process determines
the number of clusters, enabling contrastive learning to form
positive and negative samples for role representation learning.
The learned role representations are then used to parameterize
heterogeneous layers in the decision network. Finally, SRD-
DRC incorporates role representations into centralized value
decomposition to improve structured credit assignment.

Our main contributions are summarized as follows:

« A novel scalable role discovery framework with dynamic
role cardinality is proposed. By adaptively inferring the
required role cardinality, it removes reliance on prede-
fined roles and enables zero-shot scalable cooperation
under varying agent numbers.

o The learned role representations are integrated into both
policy learning and centralized value decomposition, pro-
moting role-conditioned policy heterogeneity and effi-



cient coordination among agents.

o Experimental results on the SMAC benchmark using
QMIX and MAPPO across both original and zero-shot
scalability tasks demonstrate significant performance and
scalability advantages.

II. PRELIMINARIES

A fully cooperative multi-agent task can be formu-
lated as a Decentralized Partially Observable Markov De-
cision Process (Dec-POMDP) [18], defined by G =
(I,S,A,P,R.Q,0,n,7). Here, I = {1,2,...,n} denotes
the set of agents, S represents the global state space, and
v € [0,1] is the discount factor. Due to partial observability,
each agent 7 receives a local observation of € O, according
to Q(st,i) : S x I — O;, forming the joint observation
space O = O1 X Oy X --- x O,. At each time step, agent
i selects an action af € A; from its discrete action space
based on a stochastic policy m; : 77 x A; — [0,1], where
T} € (0; x A;)' denotes the action-observation history acces-
sible to agent 7. Given the joint action a?, the system transitions
to the next state s'*! according to the transition dynamics
P(s'T1 | st a'), and a shared team reward r* = R(st,a') is
received by all agents.

Building on this formulation, we adopt a role-based per-
spective to model heterogeneous cooperation under parameter
sharing. Each agent 7 is associated with a time-varying latent
role m} € M, which is encoded into a continuous representa-
tion z!. Existing methods typically assume a predefined role
set with a fixed cardinality |M| [12]-[14], which simplifies
learning but is often violated in practical cooperative scenarios.
Both temporal evolution within a task and variations in agent
numbers may lead to changes in the optimal role cardinality. In
such cases, a fixed role cardinality limits the expressiveness of
role representations and reduces policy adaptability to dynamic
cooperation requirements. Therefore, enabling dynamic role
cardinality is essential for scalable role representation learning
in multi-agent systems.

III. METHOD

In this section, the proposed SRD-DRC framework is pre-
sented through a QMIX-based instantiation (Fig. 1), which
can be readily extended to MAPPO. The framework consists
of four core modules: (1) The Dynamic Role Cardinality
Module aggregates global context from historical interactions
among all agents and estimates the required role cardinality
at each cooperation stage. (2) The Contrastive Role Repre-
sentation Module learns discriminative role representations.
Guided by the estimated role cardinality, this module peri-
odically applies clustering to construct positive and negative
sample pairs. (3) The Heterogeneous Layer is incorporated
into the decision network, with layer parameters generated
conditioned on the learned role representations. (4) The Role
Attention Fusion Module integrates role representations into
value decomposition via an attention mechanism to capture
inter-role interactions.

A. Dynamic Role Cardinality Module

The proposed approach aims to adaptively infer role cardi-
nality from real-time global context, providing a foundation
for role representation learning. This module consists of two
components: an Attention-Enhanced Dynamic State Estima-
tor (AE-DSE) and a Dynamic Role Cardinality Estimator
(DRCE), as illustrated in Fig. 1(b).

1) Attention-Enhanced Dynamic State Estimator (AE-DSE):
Accurate role cardinality estimation relies on an informa-
tive global context, which is not directly accessible under
decentralized execution. To address this limitation, AE-DSE
aggregates local information from all agents into a compact
yet information-rich global context g;. Specifically, AE-DSE
comprises a local trajectory encoder that summarizes indi-
vidual interaction histories and an attention-enhanced global
aggregator for information fusion.

Local Trajectory Encoder. A Gated Recurrent Unit (GRU)
is employed to capture temporal dynamics in agent trajectories.
At each time step ¢, the encoder takes the current observation
of, previous action aﬁfl, and prior embedding cﬁfl as input,
producing the agent embedding ¢! = f,(o!,al™!, el™"), which
serves as the basis for global state estimation.

Attention-Enhanced Global Aggregator. To generate a
global context g; from agent embeddings E! = [}, ..., ¢e¢],
we employ an attention-based aggregator. Here, E serves as
the keys and values, while a learnable global query Qgigbal acts
as the query.

For each attention head, the (Q, K and V representations
are obtained via linear projection:

Q= leoba] I/qu

where W, Wy, and W, are learnable projection matrices. The
output of each attention head 7/, is computed using scaled
dot-product attention:

K = E'W,, V =E'W, 1

T
71 = Softmax (Qj% ) |4 2)
where [, denotes the key dimension.

Considering that multi-agent systems often involve diverse
latent roles and interaction patterns, a single attention head
may not capture complex cooperative structures adequately.
To enhance representational capacity, we adopt a multi-head
attention mechanism with H parallel heads. The final global
context g; is obtained by concatenating the outputs of all

heads:
H

gt = Concat (Taltten? e 7szen> VVO (3)
where Wy is a learnable projection matrix.

2) Dynamic Role Cardinality Estimator (DRCE): The
DRCE module models role cardinality as a function of the
current system state, rather than relying on predefined hyper-
parameters. Specifically, it is implemented as a fully-connected
MLP that takes the global context g, as input and outputs
a vector of dimension kp.x, Where kpin and kn.x denote
the predefined minimum and maximum numbers of roles. A
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(b) Dynamic Role Cardinality Module

(c) Contrastive Role Representation Module

Fig. 1. The SRD-DRC framework based on QMIX. (a) The overall architecture. (b) Dynamic Role Cardinality Module: inferring the number of roles
required for cooperation by aggregating global context. (c) Contrastive Role Representation Module: learning discriminative role representations via
contrastive learning guided by the inferred role cardinality. (d) Heterogeneous Layer Module: generating role-conditioned heterogeneous parameters. (e)
Role Attention Fusion Module: incorporating role representations into centralized value decomposition.

sigmoid activation is then applied to obtain the activation
weight vector w? , € RFmax:

sub

w',, = o(MLP(g;)) 4)

Each element in w’ , represents the confidence associated
with the corresponding role. The role cardinality k¢ is deter-
mined by applying a predefined activation threshold 7 to count
the number of elements in w’,, that exceed this threshold.
For stability, the resulting estimate is further clamped to a
predefined valid range [kmin, kmax):

kIIlaX

k' = clamp Z L(Whyp g > T)s Kmin, Fmax )
k=1

where [(-) denotes the indicator function.

The predicted role cardinality k' is subsequently used to
parameterize K-means clustering for agent grouping, while
w! , is further used to weight the contrastive loss, effectively
incorporating confidence information into role representation
learning.

B. Contrastive Role Representation Module

In this work, a contrastive role representation learning
approach is adopted to learn discriminative role representations
from multi-agent interaction data in an unsupervised manner
(Fig. 1(c)).

Role Encoder. The agent embeddings extracted by AE-
DSE inherently capture behavioral differences, with similar
agents exhibiting closer representations in the embedding
space. Building upon these embeddings, a role encoder is
introduced to generate role representations. Specifically, the
encoder is formulated as a probabilistic mapping from agent
embeddings to a role representation space:

2t~ fo(2h | eh) 6)

where e! denotes the agent embedding at time step ¢, and z¢
represents the corresponding role representation. This design
enables role representations to capture long-term behavioral
patterns at a higher semantic level.

Contrastive Learning. To learn discriminative role repre-
sentations without ground-truth labels, we optimize an un-
supervised contrastive objective. During training, the DRCE
module predicts the role cardinality k‘, which is then used
to periodically perform K-means clustering over agent em-
beddings, producing adaptive agent groups. At each time step
t, the role representation z! of agent ¢ is treated as a query.
Representations from the same cluster form the positive set
K™, while those from other clusters form the negative set K .
This encourages intra-cluster compactness and inter-cluster
separation in the representation space. The contrastive loss £



is defined as

L= —log Drerc+ exp((2)) T Wk)

Doker+ xXP((2) TWE) 4+ 3 e pe- CXP((Z?)T‘K%)

where W is a learnable parameter matrix.

To improve training stability, we adopt the momentum
update mechanism from MoCo [19] to update the parameters
of the key encoder 0y:

O = (1—¢)0q + O ®)

where ¢ € [0,1) denotes the momentum coefficient. Only the
query encoder 0, is updated via backpropagation, while 0y, is
updated using the momentum mechanism.

Dynamic Weighted Contrastive Learning. The quality of
pseudo-labels generated by K-means depends on the accuracy
of the predicted role cardinality k. In complex multi-agent
systems, inaccurate estimates of k' may lead to erroneous clus-
tering and noisy gradient signals. To improve robustness, we
introduce a dynamic weighted contrastive learning mechanism.
The key idea is that the internal activation states leveraged
by DRCE to predict k' can be interpreted as a measure of
confidence in the current estimation. Specifically, the mean
activation value W', is used to weight the contrastive loss
at each time step, adaptively controlling the learning signal
strength. The weighted contrastive loss Ly, is defined as

®

When the role cardinality prediction is confident, the con-
trastive loss is assigned a higher weight; otherwise, the cor-
responding gradient contribution is suppressed. This mecha-
nism enables contrastive learning to adapt to uncertainty in
role cardinality estimation and mitigates the effects of noisy
pseudo-labels.

—t
Lwerl =W, - L

C. Heterogeneous Layer Module

A heterogeneous layer is incorporated into the Q-network to
inject role information into policy learning (Fig. 1(d)). Instead
of using agent-specific network parameters, the heterogeneous
layer maps role representations to layer-wise modulation pa-
rameters via role decoders. Specifically, given the role rep-
resentation z! and the heterogeneous layer input il.., the
personalized output of,,. is obtained via a linear modulation:

(10)

t ot -t t
Ohete = W; © Lhete + bi7

where © denotes element-wise multiplication, and w! and b!
are generated from z§ via linear decoders Wgecoder aNd bgecoder-

This design enables role-conditioned modulation of shared
network parameters, promoting policy heterogeneity while
preserving parameter sharing.

D. Role Attention Fusion Module

To capture inter-role interactions, we introduce a role atten-
tion fusion module that integrates the learned role representa-
tions into the mixing network (Fig. 1(e)). The core idea is to

adaptively weight different roles from a global perspective via
an attention mechanism.

A GRU encodes the global state sequence (s, s!,...,s?)
into a global embedding 7;. This embedding serves as the
query, while role representations z = [zy,...,2,] " act as keys
and values. The attention weights are computed using scaled
dot-product attention:

0

11
N (b

where Wg and Wy are learnable projection matrices, and dy,
is the key dimension. The resulting role-aware context Tagen 1S
given by

)T
o; = Softmax(M) ’

n
Tatten = E Q; Z@'WV,

=1

12)

where Wy, is the value projection matrix.

Furthermore, a multi-head attention is adopted to enhance
the aggregation of role representations. Finally, the role-aware
context is fused with the global state embedding and fed into
the mixing network to guide the generation of its weights.

IV. EXPERIMENTS

In this section, we design experiments to investigate the
following research questions: (1) Evaluation of the learn-
ing performance of SRD-DRC compared with state-of-the-
art baseline methods in complex multi-agent environments
(Section IV-B). (2) Investigation of the contributions of key
components, including DRCE, contrastive role representation
learning, the heterogeneous layer, and the role attention fusion
module, to training stability and cooperative performance
(Section IV-C). (3) Analysis of the learned role representations
in capturing agent behavior patterns and supporting zero-shot
scalability under varying agent numbers (Section IV-D).

A. Experimental Setup

Environment. Experiments are conducted on the StarCraft
II micromanagement (SMAC) [20] benchmark to evaluate the
proposed method. Additional scalability tests are performed
to assess generalization to unseen scenarios. In the original
SMAC settings, each agent observes all allies and enemies
within its field of view, which limits scalability under varying
agent numbers. To enable zero-shot transfer across tasks with
different agent numbers without additional observation map-
ping, the scalability tests (see Section IV-D) adopt a modified
setting in which the number of observable allies and enemies is
fixed for each agent. All other experiments follow the original
SMAC configuration.

Evaluation Settings. All experiments are conducted with
five random seeds. The mean test win rate is reported as
the solid line, with the 95% bootstrap confidence interval
shown as a shaded region. For scalability tests, trained models
are directly evaluated on the corresponding scalability tasks
under the modified environment. For each random seed, the
trained model is evaluated over 40 episodes, and the mean
and standard deviation of the win rate are reported to measure
zero-shot transfer under varying agent numbers.
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Fig. 2. Performance comparison of the QMIX-based SRD-DRC with baselines on six hard and super hard SMAC maps.

TABLE I
WIN RATE OF SCALABILITY TEST ON SMAC.
Task/Algorithms SDR-DRC SDR-DRC_w/o_hete SHPPO MAPPO HAPPO HAPPO (share)
MMM2(721_831) | 0.995+0.010 0.990+£0.012 0.712+0.065 | 0.627+0.101 0.763+0.051 0.312+0.204
621_631 0.660+0.070 0.370+0.099 0.625+0.025 | 0.625+0.159 | 0.351+£0.224 0.264+0.141
621_821 0.795+0.060 0.730+0.062 0.775+£0.078 | 0.752+0.125 | 0.568+0.112 0.251+0.125
711_731 0.065+0.010 0.050+0.010 0.056+0.025 | 0.051+0.025 | 0.025+0.018 0.000£0.000
722_831 0.995+0.010 0.985+0.020 0.963+0.015 | 0.961+0.038 | 0.875+0.101 0.956+0.025
731_831 1.000£0.000 1.000£0.000 0.956+0.045 | 0.975+£0.025 | 0.318+0.302 0.964+0.035
821_831 0.990+0.010 1.000£0.000 0.825+0.075 | 0.955+0.045 | 0.125+0.049 0.7004£0.192
8m_vs_9m 0.900+0.085 0.855+0.133 0.855+0.058 | 0.652+0.128 | 0.810+0.105 0.705+0.093
6m_vs_7m 0.350+0.102 0.220£0.109 0.175£0.104 | 0.157£0.119 | 0.025%£0.012 0.127+0.098
7m_vs_8m 0.581+0.243 0.595+0.237 0.425+0.107 | 0.371+0.235 | 0.025+0.025 0.405+£0.102
10m_vs_I1m 0.794+0.107 0.760+0.208 0.702+0.201 | 0.425+0.183 | 0.000£0.000 0.513+0.238

Baselines. SRD-DRC instantiated with QMIX and MAPPO
is evaluated against a diverse set of baselines. Under the
QMIX-based setting, SRD-DRC is compared with QMIX [7],
ACORM [13], CDS [10], CIA [21], EMC [22] and Go-
MARL [23]. Similarly, the MAPPO-based SRD-DRC is com-
pared with MAPPO [8], HAPPO and HATRPO [9]. Further-
more, for scalability evaluations of the MAPPO-based SRD-
DRC, additional baselines are included, such as SHPPO [24],
MAPPO, HAPPO and a parameter-sharing variant of HAPPO.

B. Performance on SMAC

The SMAC benchmark consists of maps with varying dif-
ficulty levels (easy, hard, and super hard), where super hard
tasks require more sophisticated coordination and provide a
stringent test of SRD-DRC.

Fig. 2 reports the performance of the QMIX-based SRD-
DRC on six hard and super hard maps. The results show that
SRD-DRC converges faster than all baselines and achieves

higher final win rates across all tasks. Moreover, SRD-DRC
exhibits more stable training dynamics, as evidenced by con-
sistently narrower confidence intervals across different runs,
particularly on super hard maps. Fig. 3 illustrates the perfor-
mance of MAPPO-based SRD-DRC on six representative tasks
spanning different difficulty levels. For easy tasks, SRD-DRC
achieves faster convergence with performance comparable to
strong baselines. As task difficulty increases, it consistently
attains higher win rates and maintains more stable training.
Overall, these results demonstrate that SRD-DRC is partic-
ularly effective in scenarios requiring complex multi-agent
coordination.

C. Ablation Studies

To better understand the contribution of each core com-
ponent to the performance of SRD-DRC, ablation studies
are conducted by comparing SRD-DRC with four ablated
variants: (1) SRD-DRC_w/o_DRCE, where the Dynamic Role
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Fig. 3. Performance comparison between the MAPPO-based SRD-DRC and baselines on six representative maps.

Cardinality Estimator is disabled; (2) SRD-DRC_w/o_CL,
where the contrastive role representation module is removed;
(3) SRD-DRC_w/o_hete, where the heterogeneous layer is
removed and role representations are directly concatenated

with observations and actions to form (of,a!™"', 21); (4) SRD-

DRC_w/o_MHA, where the role attention fusion module is
removed.
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Fig. 5. Ablation results of the MAPPO-based SRD-DRC on representative
SMAC maps.

As shown in Fig. 4, ablation studies are conducted on

the QMIX-based SRD-DRC on the corridor and MMM?2
maps. Similarly, Fig. 5 presents the ablation results of the
MAPPO-based SRD-DRC. The results indicate that removing
any individual component leads to consistent performance
degradation, often accompanied by slower convergence and in-
creased variance on hard and super hard maps, demonstrating
that each module plays a necessary role in both performance
and training stability. Moreover, the observed performance
drops differ across ablated variants, suggesting that these com-
ponents exhibit clear functional complementarity in supporting
effective multi-agent coordination.

D. Scalability Test

To evaluate scalability under varying agent numbers, we se-
lect the homogeneous 8m_vs_9m map and the heterogeneous
MMM?2 map as original tasks. All models are trained for 20
million timesteps before zero-shot scalability evaluation. For
MMM2 and 8m_vs_9m, each agent observes a fixed number
of nearest enemies and allies (10/8 and 6/5, respectively)
to ensure consistent observation space across different agent
configurations. Based on this setting, we construct a set of
extended tasks with varying agent numbers and enemy-ally
configurations, and directly evaluate zero-shot transfer perfor-
mance without fine-tuning. Specifically, six extended tasks are
derived from MMM2 and three from 8m_vs_9m. We use the
notation ABC_DEF to denote team compositions, where A,
B, and C represent the numbers of Marines, Marauders, and
Medivacs on the allied side, and D, E, and F denote those
on the enemy side. For example, the original MMM?2 task is
denoted as 721_831.

For HAPPO, which follows an agent-independent modeling
paradigm, changes in agent numbers are handled by reusing



or removing per-agent policies: policies of the same type are
reused for newly introduced agents, while redundant policies
are removed when the agent number decreases. As shown in
Table I, SRD-DRC not only achieves strong performance on
the original SMAC tasks, but also attains the highest win rates
on almost all unseen zero-shot extended tasks. Notably, the
performance advantages are particularly pronounced on het-
erogeneous MMM?2 variants, where SRD-DRC remains highly
robust under changes in both agent numbers and unit compo-
sition. Further comparison shows that SRD-DRC_w/o_hete,
which removes the heterogeneous layer, performs consistently
worse than the full model on most extended tasks, highlighting
the critical role of the heterogeneous layer in supporting policy
transfer under varying agent numbers.

V. CONCLUSION

In this paper, we propose a scalable role discovery frame-
work with dynamic role cardinality (SRD-DRC), which aims
to overcome the reliance of existing role-based methods on a
fixed role cardinality and thereby support zero-shot scalable
cooperation under varying agent numbers. The framework
adaptively infers the number of roles required during co-
operation, guides the generation of discriminative role rep-
resentations, and leverages the learned role representations
at both the policy and value-function levels to enable role-
conditioned policy heterogeneity and structured credit assign-
ment. Experimental results and ablation studies on the SMAC
benchmark validate the effectiveness of the proposed method
in terms of both performance and scalability. Future work will
further explore incorporating historical exploratory trajectories
into the role discovery process and combining them with
agent-number-invariant modeling mechanisms to continuously
improve generalization in large-scale and dynamic multi-agent
systems.
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