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Abstract

Parameter sharing is a central design choice in co-
operative multi-agent reinforcement learning, yet it
fundamentally conflicts with the need for role spe-
cialization in heterogeneous cooperative environ-
ments. Existing role-based methods typically learn
monolithic role representations, which often suf-
fer from gradient interference and fail to capture
the compositional structure of complex behaviors.
Inspired by Trait Theory, we propose DEcompose
and COnstruct Roles (DECOR), a framework that
models agent roles as dynamic compositions of or-
thogonal behavioral traits. DECOR introduces an
orthogonal Mixture-of-Experts architecture to.de-
compose behaviors into independent traits, mitigat-
ing destructive gradient interference under parame-
ter sharing, and a group-consensus guided mecha-
nism to extract team-level tactical intents that guide
role composition. Experiments on multiple bench-
marks demonstrate that DECOR consistently im-
proves sample efficiency and overall performance
over existing related methods.

1 Introduction

Cooperative multi-agent reinforcement learning (MARL)
has been successfully applied to a wide range of complex
decision-making scenarios that require coordinated behav-
iors, such as traffic signal control [Chu er al., 2019], rec-
ommendation systems [Zhao et al., 2024], and multi-robot
coordination [Feng et al., 2024]. Most existing cooperative
MARL methods adopt the centralized training with decen-
tralized execution (CTDE) paradigm [Lowe et al., 20171, in
which agents are trained with access to global information
while executing policies based solely on local observations.
Within this paradigm, parameter sharing is commonly em-
ployed, where all agents are instantiated with the same net-
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Figure 1: From Trait Theory to the proposed DECOR method.
Left: Trait Theory views roles as compositions of independent traits.
Right: DECOR implements this principle via orthogonal trait de-
composition and group-consensus guided role composition.

work, in order to improve training efficiency and scalabil-
ity through parameter reuse and shared experience learning.
However, this design implicitly assumes agent homogene-
ity, an assumption that is frequently violated in real-world
cooperative tasks involving heterogeneous agents with di-
verse roles, capabilities, and functional responsibilities. As a
consequence, enforcing shared parameters on heterogeneous
agents induces destructive gradient interference, where dis-
tinct functional requirements drive the shared parameters in
competing directions, leading to suboptimal convergence and
behavioral homogenization [Li et al., 2024b].

In response to the behavioral homogenization induced by
parameter sharing, recent studies have explored two repre-
sentative directions to enhance agent specialization in co-
operative MARL. One line of work focuses on modify-
ing the parameter-sharing structure itself, for example by
adopting fully independent networks or selective-sharing
schemes [Christianos et al., 2021]. While these approaches
alleviate behavioral homogenization to some extent, they of-
ten incur reduced sample efficiency or rely on rigid, manually
designed grouping heuristics, resulting in static forms of di-
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versity that fail to adapt to the emergent and dynamic role
requirements of complex cooperative tasks. Alternatively, a
growing body of work introduces explicit role modeling to in-
duce specialization among agents [Wang et al., 2020b; Wang
et al., 2020c]. Despite their algorithmic differences, these
role-based methods share several common design choices. In
these approaches, role representations are typically learned as
compact and holistic embeddings that encode multiple func-
tional aspects within a single latent vector. Although effective
in practice, this design can introduce optimization challenges,
as improving one capability may affect others through the
shared latent space. Moreover, role inference is often driven
primarily by individual observation histories, which may not
fully capture the global coordination cues necessary for team-
level cooperation.

In psychology, the Trait Theory of personality suggests that
complex human behaviors and personalities are not mono-
lithic constructs, but rather emerge from the composition of
a set of relatively independent and stable traits [Jung and
Beebe, 2016]. This perspective underlies widely used person-
ality frameworks, such as the Myers-Briggs Type Indicator
(MBTI) [Briggs, 1976], where individuals are characterized
through combinations of fundamental behavioral dimensions
rather than a single unified type, as shown in Figure 1. A key
implication of this view is that diversity in behavior arises nat-
urally from different compositions of shared traits, enabling
both commonality and specialization within a population.

Inspired by this compositional view of personality, we
propose DECOR (DEcompose and COnstruct Roles), a
framework that rethinks role representation in cooperative
MARL from a trait-based perspective. Instead of modeling
roles as static and monolithic embeddings, DECOR repre-
sents an agent’s role as a dynamic composition of shared
yet independent behavioral traits. To realize this idea,
DECOR introduces an orthogonal role decomposition mech-
anism that parameterizes traits as independent expert sub-
spaces within an orthogonal Mixture-of-Experts (MoE) ar-
chitecture [Puigcerver er al., 2023], explicitly decoupling
different behavioral capabilities and mitigating gradient in-
terference during parameter sharing. Based on the decom-
posed trait experts, a group-consensus guided module learns
discrete consensus embeddings via a Vector Quantized-
Variational Autoencoder (VQ-VAE) based discrete code-
book [Van Den Oord et al., 20171, implicitly grouping agents
into coordination clusters that share the same consensus em-
bedding. This shared consensus is then used to compute gat-
ing weights for agent-level trait composition. Through this
gated composition process, agents can dynamically recon-
struct their roles by combining orthogonal traits with role-
specific weights, enabling both specialization and coordi-
nated team behavior. Moreover, DECOR is designed as a
plug-in framework that can be readily integrated into existing
cooperative MARL algorithms, and extensive experiments
across multiple domains demonstrate its consistent perfor-
mance gains.

Our main contributions are summarized as follows:

* We propose the orthogonal role decomposition mecha-

nism to parameterize traits as independent expert sub-
spaces within an orthogonal MoE architecture, mitigat-

ing gradient interference under parameter sharing.

* A group-consensus guided role reconstruction module
is proposed to compute trait composition weights, en-
abling agents to dynamically reconstruct their roles in
response to evolving team objectives.

» Extensive experiments on multiple challenging bench-
marks demonstrate that the proposed DECOR frame-
work consistently outperforms existing baselines.

2 Preliminaries
2.1 Dec-POMDP and CTDE Methods

Cooperative MARL problems are commonly formulated as
decentralized partially observable Markov decision processes
(Dec-POMDPs) [Oliehoek et al., 2016], defined by a tuple
G = (S,U,P,r,Q,0,N,~), where N agents interact with
the environment. At each timestep, the environment is in a
global state s € S. Each agenti €{1,..., N} receives a lo-
cal observation o; € 2 from the observation function O(s, 7)
and selects an action u; € U based on its action-observation
history 7;. The joint action u = (uy,...,ux) € UY induces
a state transition according to P(s’ | s,u) and yields a
shared reward r(s,u). The objective is to learn a joint
policy m that maximizes the expected discounted return
J(m) = En 30 7Tl

Centralized training with decentralized execution (CTDE)
is a widely adopted learning paradigm for cooperative
MARL [Lowe et al., 2017]. During training, agents are al-
lowed to leverage additional centralized information, such
as the global state s or joint action u, to facilitate learn-
ing and stabilize optimization. During execution, agents act
in a fully decentralized manner using only local informa-
tion, typically summarized by 7;. This paradigm enables ef-
fective learning in partially observable cooperative environ-
ments while preserving decentralized deployability. Under
the CTDE framework, two major classes of methods have
been developed. Value-based approaches learn a central-
ized action-value function during training and enable decen-
tralized decision-making through structured factorization or
value decomposition [Sunehag er al., 2017; Rashid er al.,
2020]. Policy-based approaches [Yu et al., 2022], in contrast,
directly parameterize decentralized policies while exploiting
centralized information for training, such as centralized crit-
ics or joint value estimators.

2.2 Vector-Quantized Variational Autoencoder

The Vector-Quantized Variational Autoencoder (VQ-VAE)
learns discrete latent representations, which enables captur-
ing identifiable patterns from high-dimensional inputs [Van
Den Oord et al., 2017]. 1t consists of an encoder fe,adecoder
fw. and a learnable codebook C = {ek}szl C RP, where D
denotes the dimensionality of each codebook embedding. ¢
and 1/ denote the learnable parameters of the encoder and de-
coder, respectively. Given an input x, the encoder produces a
continuous latent representation z.(x). This representation is
then discretized by mapping it to the nearest codebook entry:

2¢(x) = e, where k = argmin ||z.(x) —ej|l2. (1)
J
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The training objective of VQ-VAE combines a reconstruction
loss, a codebook loss, and a commitment loss:

L = [1x — %13+ llselze ()] — exll3 + Bz (x) —sg[ekn(%
where X = fy(z4(x)) denotes the reconstruction, and sg|-]
represents the stop-gradient operator. /3 is a hyperparameter
that balances the commitment loss, encouraging the encoder
outputs to stay close to the selected codebook entries. By
quantizing continuous representations into a finite codebook,
VQ-VAE implicitly partitions inputs into K discrete latent
groups that share common semantic prototypes.

2.3 Soft Mixture-of-Experts

A Mixture-of-Experts (MoE) layer combines multiple sub-
networks (experts) {E1, ..., Ej} through a gating network
G [Shazeer et al., 2017]. While sparse MoE variants activate
only a small subset of experts for computational efficiency,
a Soft MoE [Puigcerver et al., 2023] assigns continuous
weights to all experts. This dense weighting allows the output
to be expressed as a linear combination of multiple expert
functions, providing a flexible function approximation form
that supports smooth interpolation across experts. Given an
input x, the gating network produces a dense weight vector
w(x) = [wi(x),...,wy(x)] € RM, and the MoE output y
is computed as

M
w(x) = softmax(G(x)), y = Z W (X) B (x). (3)

m=1

This weighted aggregation allows the model to represent
outputs as continuous combinations of multiple expert
functions, while remaining fully differentiable.

3 Methodology

In this section, we present DECOR, a framework designed
to address the tension between parameter sharing and role
specialization in cooperative MARL. The central idea of
DECOR is to move beyond static, monolithic role represen-
tations and instead construct agent roles through dynamic
compositions of orthogonal behavioral traits. By decompos-
ing role representations into orthogonal components, distinct
agent capabilities are routed to separate experts, which ex-
plicitly alleviates gradient interference under shared param-
eters. At the same time, role reconstruction is guided by
a learned group-level consensus, which provides a shared
strategic context for agents within the same coordination
group, thereby aligning their behaviors with the global team
objective. Concretely, DECOR consists of two core compo-
nents, as illustrated in Figure 2: an Orthogonal Role Decom-
position module that learns a set of independent trait experts,
and a Group-Consensus Guided Role Reconstruction module
that dynamically composes these traits into agent roles.

3.1 Orthogonal Role Decomposition

Effective parameter sharing in cooperative MARL requires
disentangling agent-specific capabilities that are otherwise
coupled within monolithic role representations. When agent

roles are modeled as single latent vectors, gradients corre-
sponding to different functional requirements are prone to
interfere with each other, leading to unstable optimization
and limited specialization. To address this issue, we first
introduce an orthogonal role decomposition mechanism that
factorizes role representations into independent components,
providing a structured basis for subsequent role construction.

Role Decomposition via Orthogonal MoE. To extract
fundamental behavioral traits, we introduce an Orthogonal
MoE. Let {E,,}_, denote a set of M parallel expert net-
works. Given the latent embedding h; for agent ¢, each ex-
pert produces a raw role basis vector v; ,, = Ey,,(h;) € R4,
These vectors are stacked to form a raw basis matrix V; =
[Vi,lv . ,Vi’]\/[] € RIxM

To encourage diverse and non-redundant trait representa-
tions, we aim to transform the raw basis V; into an orthogo-
nal basis matrix B; whose columns are mutually orthogonal.
Specifically, B, is obtained by applying a deterministic yet
differentiable orthogonalization transformation to V;, which
enables gradients to be propagated back to the raw basis V;
during optimization. Conceptually, this objective can be ex-
pressed as maximizing the standard reinforcement learning
objective subject to an orthogonality constraint:

max E, thn s.t. BJ—BZ =1, @)
t=0

where I denotes the identity matrix. This constraint encour-
ages the resulting B, to form an orthonormal system, thereby
promoting diverse trait representations across experts.
However, directly solving this constrained optimization is
not amenable to standard gradient-based training. Instead, we
realize this objective constructively by employing the Gram-
Schmidt (GS) [Bjorck, 1967] process as a deterministic and
differentiable orthogonalization operator. The GS process se-
quentially projects each raw vector v; ,,, onto the orthogonal
complement of the subspace spanned by the previously con-
structed basis vectors. The resulting orthogonal basis vector

b;.m is computed recursively as:
m—1
" N N bi,m
b;m = Viom — g <Vz',m7bi,j>bi,j7 bi,m = 7‘“3 ” T
i,m |2

j=1

(&)
where € is a small constant introduced for numerical stabil-
ity. Since the preceding basis vectors {b; ;} are already nor-
malized, the projection reduces to a scalar inner-product co-
efficient. The final orthogonal basis matrix is assembled as

B;=[b1,...,bium]
Geometrically, this orthogonalization ensures that B;
forms a linearly independent coordinate system in the role

representation space. By enforcing (b; ,,,bin) = 0 for
m # n, the gradient updates associated with different role
components are confined to mutually orthogonal subspaces.
As a result, when heterogeneous agents update specific role
components, their gradient flows remain disentangled, effec-
tively mitigating the destructive interference commonly ob-
served under naive parameter sharing.
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Figure 2: Overview of the proposed DECOR framework. Under the CTDE paradigm, each agent first decomposes its latent embedding h into
a set of orthogonal behavioral traits B via an orthogonal Mixture-of-Experts. A group consensus e, is then extracted from agent embeddings
and used to generate gating weights w, which reconstruct agent roles p as weighted compositions of orthogonal traits. The reconstructed role

p is integrated into the agent network to guide decision-making.

3.2 Group-Consensus Guided Role Reconstruction

While orthogonal role decomposition provides a set of dis-
entangled trait representations, effective coordination further
requires that these traits be composed in a manner consis-
tent with the global team objective. To this end, we intro-
duce a Group Consensus Builder that extracts shared coordi-
nation signals from decentralized agent experiences, dynam-
ically forming coordination groups and providing semantic
guidance for role reconstruction.

The group consensus builder is implemented using a VQ-
VAE, whose discrete latent space serves as a shared dictio-
nary of group-level coordination consensus, where each code-
book entry represents a recurring coordination pattern ob-
served across agents and timesteps. Compared to continuous
latent representations, the discrete codebook introduces an in-
formation bottleneck that suppresses task-irrelevant variabil-
ity while preserving identifiable and stable team-level struc-
tures [Van Den Oord et al., 2017]. By mapping continuous
and potentially noisy local representations into a shared dis-
crete codebook, the consensus builder encourages agents with
similar underlying coordination states to be associated with
the same consensus, thereby implicitly aligning their local
representations.

Formally, we take the latent agent embedding h;, which
summarizes the agent’s-action-observation history 7;, as the
input to the consensus builder. A learnable codebook C =
{ex}E_, C RP is maintained, where each embedding ey,
corresponds to a distinct consensus. An encoder f, maps h;
to a continuous latent representation z.(h;), which is then
quantized by retrieving the nearest codebook entry according
to Equation (1):

zg(h;) = e, k= argmin |z.(h;) —ejl2. (6)
je{l,...K}
Through this quantization process, agents exhibiting similar
underlying coordination patterns are mapped to the same con-
sensus, even when their local observations differ. The se-
lected codebook entry ey, thus represents a stable group-level

intent and serves as a discrete semantic anchor for subsequent
role reconstruction.

To prevent degenerate solutions and ensure that the con-
sensus captures meaningful temporal information, a decoder
fy reconstructs the original latent embedding as h, =
fuw(zq(hy)). The group consensus builder is trained using the
standard VQ-VAE objective as given in Equation (2):

I = Byll3 + || selze (b)) — ex |5 + 8|z () — selew] |-
(7

The reconstruction term preserves information encoded in h;,
while the remaining terms align the continuous latent space
with the discrete consensus.

Trait Composition via Consensus-Guided Gating. Con-
ditioned on the group consensus e, DECOR reconstructs an
agent-specific role by composing the orthogonal trait basis B,
through a consensus-guided gating mechanism. Intuitively,
while B, characterizes the agent’s available capabilities, the
consensus ey, specifies how these capabilities should be com-
bined under the current team strategy. To implement this
composition, we employ a lightweight gating network that
maps the consensus embedding e; to a continuous impor-
tance distribution over the M orthogonal traits. The resulting
gating weights w; € R™ are computed as:

w; = softmax(MLP(ey)), (8)

where each weight w; ,, reflects the relevance of the m-th
trait under the shared group consensus. Since the gating
weights depend solely on the consensus, agents associated
with the same consensus are encouraged to emphasize a con-
sistent subset of traits, promoting coordinated behavior. The
final role representation is then reconstructed as a weighted
combination of orthogonal traits:

p; =B;w; e R )
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This formulation achieves a dual effect: orthogonality in B,
mitigates gradient interference across trait subspaces during
training, while the consensus-guided weights w; align indi-
vidual role compositions with the global team objective dur-
ing execution.

It is worth noting that the reconstructed role representation
p; in DECOR can be flexibly integrated into different MARL
backbones. For value-based methods, p; is concatenated with
the latent agent embedding h; and provided as additional con-
text to the individual utility network [Rashid et al., 2020]:

Qi(hi, u;) = MLP([h;; p;]). (10)

For policy-based methods, p, can be incorporated analo-
gously as a context-modulating input to the decentralized pol-
icy network [Yu et al., 2022].

3.3 Opverall Learning Objective

Having established the mechanisms for orthogonal role de-
composition and tactical intent alignment, we integrate these
components into an end-to-end training scheme. DECOR is
designed to be agnostic to the specific cooperative MARL
backbone and can be trained under a general CTDE frame-
work. The role decomposition and reconstruction operations
are applied at the individual agent level and therefore do not
impose additional structural constraints on the underlying re-
inforcement learning objective.

The entire framework is optimized by minimizing a com-
posite objective that balances the primary reinforcement
learning objective with an auxiliary role representation learn-
ing objective:

N
Liow = LrL(0) + Avg > Lyg(,4,C), " (11)
=1

where Lr; denotes a generic cooperative reinforcement
learning loss. In value-based instantiations, Lgy corresponds
to a temporal-difference objective defined on a centralized or
factorized action-value function [Sunehag et al., 2017]. For
policy-based methods, Lgy can be instantiated as a policy
gradient or actor-critic objective [Sutton e al., 1998]. Avq
controls the contribution of the auxiliary role learning objec-
tive defined in Equation (7), and 6 represents the parameters
of the agent networks as well as any centralized components
used during training. A detailed algorithmic description of
DECOR is provided in Appendix A.

4 Related Work

Parameter Sharing and Gradient Conflict in MARL.
Parameter sharing has emerged as a dominant paradigm in co-
operative MARL for enhancing sample efficiency and scala-
bility [Gupta er al., 2017; Foerster et al., 2016]. However, this
paradigm implicitly assumes agent homogeneity. When ap-
plied to agents with distinct role specialization, naive sharing
forces a single network to simultaneously satisfy contradic-
tory optimization objectives, inducing gradient interference
and behavioral homogenization [Qin ef al., 2025]. To miti-
gate this, distinct architectural strategies have been proposed.
Static grouping methods like SePS [Christianos et al., 2021]

rely on manual heuristics, which are inflexible in dynamic
tasks. Dynamic approaches, such as CDS [Li ef al., 2021]
and recent pruning-based techniques [Kim and Sung, 2023;
Li et al., 2024al, adaptively generate agent-specific sub-
networks. More recently, ADMN [Yu et al., 2024] intro-
duces routing mechanisms to select modules. However, these
methods primarily focus on architectural variations, without
explicitly regulating the semantics of the learned represen-
tations. Consequently, functional features corresponding to
different roles may remain entangled within shared latent sub-
spaces, allowing conflicting gradients to interfere during op-
timization. In contrast, DECOR explicitly enforces orthogo-
nality at the level of behavioral traits, thereby disentangling
gradient flows across roles and addressing gradient interfer-
ence in a principled manner.

Role Emergence and Representation. Role-based meth-
ods seek to induce structured coordination by learning latent
representations that guide policies [Zeng et al., 2023]. Early
works such as ROMA [Wang et al., 2020b] and RODE [Wang
et al., 2020c] construct roles based on local observations or
action spaces. ACORM [Hu et al., 2023] further advances
this by employing ‘contrastive learning to extract trajectory-
based embeddings.. Despite these advances, existing meth-
ods commonly model roles as compact and monolithic em-
beddings that are inferred predominantly from individual ex-
perience. ~ Such formulations make it difficult to incorpo-
rate explicit group-level coordination signals that should con-
strain and align individual roles. Moreover, encoding diverse
and potentially conflicting functional requirements into a sin-
gle latent vector can lead to entangled representations. In
contrast, our framework adopts a decompose-and-reconstruct
perspective, where roles are composed from orthogonal traits
and guided by a learned group consensus.

S5 Experiments

This section evaluates the proposed DECOR framework
in cooperative MARL settings.  Experiments are con-
ducted on multiple cooperative MARL benchmarks, includ-
ing SMAC [Samvelyan et al., 2019], SMACv2 [Ellis ef al.,
2023], and Google Research Football [Kurach et al., 2020].
These experiments assess the effectiveness of DECOR in pro-
moting coordinated behavior, its generality across different
learning paradigms, and the contribution of its core com-
ponents. In addition, visualization analyses are provided to
offer intuitive insights into how DECOR improves learning
efficiency. Unless otherwise specified, DECOR is instanti-
ated on top of the classical value decomposition algorithm
QMIX [Rashid et al., 2020].

5.1 Performance on SMAC

To enable a systematic comparison with representative co-
operative MARL baselines, we first evaluate DECOR on
the StarCraft Multi-Agent Challenge (SMAC). This bench-
mark comprises a variety of cooperative tasks with hetero-
geneous agents, where effective role specialization and co-
ordination are critical for success. Baselines that explicitly
address agent heterogeneity or role learning are included,
namely ADMN [Yu er al., 2024], SePS [Christianos et al.,
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Figure 3: Performance comparison with baselines in different scenarios on SMAC.

DECOR-QMIX —— DECOR-QPLEX

protoss_5_vs_5

—— DECOR-MAPPO
terran_5_vs 5

— QMIX QPLEX —— MAPPO

zerg_5_vs_ 5

S
2
& 50
£
=
5
g o=
= 0 2 2 3 3
9 protoss_5_vs_6 20 terran_5_vs_6 zerg_5_vs_6
[
o] 7
o =] 20
é 10 e X A 20 e
c /,M“/’Mw W’J‘/
8 | .
T o 0l == 0
= 0 1 2 3 4 0 1 2 3 4 5 1 3 4 5
academy_3_vs_1_with_keeper academy_pass_and_shoot_with_keeper academy_run_pass_and_shoot_with_keeper
c 10
= = 5
e ————

g ’ = = " _:/_,74//‘——/— i —————
c 0 P | L4 0 t
© 0| b %
5 =£
s -5 f -5

0 1 2 3 4 5 0 1 2 3 4 5 0 1 2 3 4 5

T (mil) T (mil) T (mil)

Figure 4: Performance comparison between DECOR-enhanced methods and baseline algorithms on SMACv2 and GRFE.

2021], CDS [Li et al., 2021], ROMA [Wang et al., 2020b],
and RODE [Wang er al., 2020c]. In addition, QMIX and
QPLEX [Wang et al., 2020a] are considered as standard value
decomposition methods for reference.

Figure 3 reports the median win rates across representa-
tive SMAC scenarios. Overall, DECOR demonstrates con-
sistently superior -performance and improved sample effi-
ciency across most tasks. In highly heterogeneous scenar-
ios such as MMM?2, DECOR converges substantially faster
than strong baselines. While ADMN adaptively routes in-
formation through different modules, it does not explicitly
regulate the semantics of shared representations. In contrast,
the orthogonal MoE in DECOR explicitly disentangles gra-
dients associated with different unit types, effectively mit-
igating interference. In large-scale scenarios that demand
complex division of labor, such as 27m_vs_30m, DECOR
maintains a clear performance advantage. This result indi-
cates that the consensus-guided role reconstruction mecha-
nism successfully breaks behavioral symmetry, enabling ho-
mogeneous agents to spontaneously group into specialized

tactical roles, whereas competing methods tend to suffer from
behavioral homogenization. A marginal performance gain is
observed on 3s_vs_5z. This behavior is primarily attributed to
limitations of the underlying QMIX backbone on this specific
map rather than the proposed framework itself. These empir-
ical results validate the effectiveness of DECOR in resolving
the tension between parameter sharing and role specializa-
tion, demonstrating clear advantages over existing role-based
and selective-sharing approaches.

5.2 Performance on SMACv2 and GRF

To further evaluate generalization capability and robustness
under environmental stochasticity, experiments are conducted
on SMACV2 and Google Research Football (GRF). Com-
pared to the static scenarios in SMAC, SMACV2 introduces
substantial randomness by varying unit types and initial con-
figurations across episodes, breaking the assumption of fixed
team compositions and preventing agents from memorizing
specific trajectories. GRF provides an additional challeng-
ing cooperative benchmark, characterized by dynamic multi-
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Figure 5: Ablation study comparing DECOR with ablated variants.

agent interactions and diverse tactical situations that require
adaptive coordination. To assess architectural universality,
DECOR is integrated into representative cooperative MARL
baselines spanning different learning paradigms, including
value decomposition methods (QMIX and QPLEX) and the
policy-based approach MAPPO [Yu er al., 2022]. Figure 4
shows the performance of the original base algorithms with
their DECOR-augmented counterparts across representative
scenarios. DECOR improves performance across heteroge-
neous backbone architectures, indicating that its benefits are
not tied to a specific learning paradigm. Given the substantial
stochasticity present in both SMACv2 and GREF, these results
suggest that DECOR’s dynamic role reconstruction enables
robust generalization to diverse coordination settings.

5.3 Ablation Study

We conduct ablation studies to examine the contribution of
each core component in DECOR. To isolate the effect of in-
dividual modules, the full DECOR framework is compared
against the following ablated variants:

* w/o Consensus: removes the group consensus builder,
with gating weights generated directly from the'local
hidden state h;, evaluating the necessity of global co-
ordination signals and shared group-level consensus.

* w/o Orthogonality: retains the MoE architecture but re-
moves the Gram-Schmidt orthogonalization, using stan-
dard soft gating to assess the importance of explicit gra-
dient disentanglement.

* w/o MoE: replaces the orthogonal decomposition mod-
ule with a standard shared MLP-of comparable param-
eter count, evaluating whether performance gains arise
merely from increased model capacity.

Ablation experiments are conducted on representative het-
erogeneous scenarios from both SMAC and SMACYV2, in-
cluding MMM?2 and terran_5_vs_6, respectively. Figure 5
presents the ablation results on these two scenarios. The full
DECOR framework outperforms all ablated variants, demon-
strating the complementary and synergistic effects of its com-
ponents. Notably, w/o Orthogonality variant leads to a se-
vere performance drop, degrading to a level comparable to
the vanilla QMIX baseline. This provides empirical sup-
port for our claim: without explicit orthogonalization, differ-
ent experts tend to learn redundant or entangled representa-
tions, failing to disentangle heterogeneous functional require-
ments. The w/o MoE variant also exhibits performance close
to QMIX, indicating that simply increasing network capacity
does not yield meaningful improvements. Although the w/o
Consensus variant performs better than orthogonality-ablated
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Figure 6: Visualizations. (a) Reconstructed role representations (t-
SNE). (b) Orthogonal trait similarity across agents.

settings, its gap with the full DECOR model highlights the
importance of group-level consensus. These results confirm
that the global consensus provided by the VQ-VAE codebook
is essential for coherently composing orthogonal traits into
effective team strategies.

5.4 Visualization

To examine whether the group consensus effectively guides
role reconstruction, we visualize the learned role representa-
tions using t-SNE [Maaten and Hinton, 2008]. Each point
corresponds to-an agent’s reconstructed role representation
p; and.is colored according to the selected group consensus
k € {1,..., K} during reconstruction. As shown in Fig-
ure 6(a), role representations associated with the same con-
sensus form well-separated clusters in the embedding space.
This clustering pattern indicates that the proposed group con-
sensus builder provides a coherent global coordination signal,
aligning role representations across agents.

In addition, we visualize the similarity matrix of trait rep-
resentations across different agents in the MMM?2 scenario in
Figure 6(b). For clarity, only the first three orthogonal traits of
each selected agent are shown. In the similarity matrix, rows
and columns correspond to the concatenated trait vectors of
four agents, where indices 0, 1, and 2 denote the correspond-
ing orthogonal traits for each agent. The resulting matrix ex-
hibits a block-wise periodic structure: traits with the same in-
dex across different agents consistently show high similarity,
while traits with different indices remain well separated with
low similarity values. This structured pattern demonstrates
that trait alignment is preserved across agents, providing evi-
dence that the proposed orthogonal role decomposition mod-
ule learns a coherent and semantically consistent trait basis.

6 Conclusion

In this paper, we proposed DECOR, a trait-inspired frame-
work for cooperative MARL that reconciles parameter shar-
ing with role specialization. DECOR decomposes agent
roles into orthogonal behavioral traits and reconstructs them
through group-consensus guided gating. Experiments on
SMAC, SMACvV2, and GRF demonstrate that DECOR
consistently improves performance across value-based and
policy-based CTDE backbones. Ablation and visualization
results further verify the complementary roles of orthogonal
decomposition and group consensus.
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