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Abstract

Heterogeneous-agent reinforcement learning (HARL) enables
agents to execute cooperative tasks by adopting agent-specific
policies. Most of existing HARL methods use individual pol-
icy neural networks to ensure monotonic improvement, which
leads to substantial computational overhead. The proposed
SDE-HARL overcomes this limitation by decomposing each
agent’s policy neural network into a lightweight local neu-
ral network and a global neural network executed at an edge
server. Each local neural network generates and sends a com-
pressed latent representation to the edge server, which ag-
gregates the representations and produces agent-specific in-
ferences. As such, SDE-HARL allows to significantly save
computing and networking resources while preserving agent-
specific behavior. A key feature of SDE-HARL is grouping
agents with similar roles via a role-aware mechanism and
share partial parameters in their global networks, while an
identity-aware mechanism is introduced to promote behav-
ioral diversity among agents within the same group. We pro-
totyped SDE-HARL on an experimental testbed composed
of a Jetson Nano and Raspberry PI to measure latency and
network resource consumption. We evaluated SDE-HARL’s
performance on several benchmark datasets, including Google
Research Football and StarCraft II. Experimental results show
that SDE-HARL reaches up to 90% win rate while reducing
latency, energy consumption, and networking overhead respec-
tively by 2×, 2.5×, and 5× compared to existing work.

Code — https://github.com/Restuccia-Group/SDE_HARL

Introduction
Motivation. Multi-agent reinforcement learning (MARL)
enables cooperative behaviors among intelligent agents oper-
ating within complex environments (Gronauer and Diepold
2022; Canese et al. 2021; Li et al. 2022). Such cooperation is
essential for solving complex multi-agent decision-making
problems, where multiple agents need to coordinate their ac-
tions toward achieving shared team rewards (Oroojlooy and
Hajinezhad 2022; Ye, Zhang, and Yang 2015; Liu et al. 2021;
Yuan et al. 2023). MARL systems are generally categorized
into homogeneous and heterogeneous agent systems. In ho-
mogeneous systems, all agents have identical action spaces
and policy architectures, making them simpler to implement
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but often inadequate for tasks requiring specialized agent
behaviors. In contrast, HARL (Zhong et al. 2024; Liu et al.
2023a; Kuba et al. 2021) allows agents to independently learn
distinct policies, thereby creating a more practical learning
framework suitable for real-world deployments.
Existing Limitations. Despite the advantages offered by
HARL, two limitations hinder their practical applicabil-
ity (Du and Ding 2021; Nguyen, Nguyen, and Nahavandi
2020). Existing HARL methods commonly follow a central-
ized training decentralized execution (CTDE) paradigm, de-
ploying distinct policy networks directly on each local agent.
This implicitly assumes abundant computational resources
are available locally. However, in real-world applications,
agents typically are resource-constrained mobile devices, ren-
dering the deployment of large policy networks impractical.

Additionally, previous HARL studies (Kuba et al. 2021;
Liu et al. 2023a; Zhong et al. 2024) guarantee monotonic
policy improvement by sequentially updating each agent’s
policy, which inherently requires maintaining separate policy
networks per agent. This approach disregards a critical obser-
vation: much like human teams, agents often share significant
similarities in their decision-making processes. Consequently,
existing HARL methods miss opportunities for leveraging
shared understanding across agents, resulting in increased
training overhead and poor sample efficiency.
Challenges. Recent work (Tahir and Parasuraman 2025)
suggests addressing computational constraints by offload-
ing tasks to compute-capable servers. Nonetheless, directly
forwarding raw observations to nearby servers leads to a
substantial network load, which becomes infeasible at scale.
For instance, in (Tahir and Parasuraman 2025), ten agents
equipped with LiDAR sensors operating at 10 Hz need to
transmit approximately 750 KB of data per policy execution
step, highlighting the severity of the networking bottleneck.

Alternatively, sharing policy parameters has emerged as a
promising solution in homogeneous systems to enable knowl-
edge sharing, called policy decentralization with shared pa-
rameters (PDSP) (Wang et al. 2020a; Iqbal et al. 2021; Wang
et al. 2020b). However, directly applying a partial PDSP ap-
proach—such as sharing a common policy backbone while
using agent-specific heads—to heterogeneous scenarios intro-
duces two significant challenges. Specifically, partial PDSP
in HARL settings may: (i) disrupt sequential policy updates,
fundamental in existing HARL training methodologies (Kuba
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et al. 2021); and (ii) fail to encourage behavioral diversity
among agents. Excessive parameter sharing leads to similar
agent behaviors under similar observations (Liu et al. 2023b;
Bettini, Kortvelesy, and Prorok 2024; Yu et al. 2024), limiting
exploration capabilities and effective cooperation.

These challenges raise two fundamental research ques-
tions: (1) How can scalable HARL architectures be designed
to operate efficiently under limited networking, computing,
and memory resources? and (2) How can partial PDSP be
adapted for heterogeneous environments to effectively bal-
ance between policy specialization and generalization?
Key Contributions. This paper addresses the questions
above by making the following novel contributions:

Figure 1: Overview of SDE-HARL.

• We introduce Scalable Distributed Policy Execution in
HARL settings (in short, SDE-HARL). As shown in Fig-
ure 1, the core idea is to partition the policy deep neural
network (DNN) of each agent into a lightweight local DNN,
deployed on each mobile device, and a global DNN, exe-
cuted at the nearest server. Each local DNN transforms each
observation into a “compressed” latent representation by
learning a prior distribution over the intermediate represen-
tation and minimizing its entropy during training, enabling
adaptive compression through entropy coding. These latent
representations are sent to the edge server, thus decreasing
computation at the mobile device and networking overhead
while retaining agent-specific behaviors;
• To utilize monotonic improvement theory, we propose
two new key innovations. First, we introduce a novel PDSP
paradigm for HARL systems in which the majority of the
global DNN layers, are shared among agents with similar
roles, while only the final layers are individualized to ac-
commodate diverse action spaces, as shown in Figure 1.
Second, we devise a new two-phase training procedure: (1)
each agent’s policy is independently updated to optimize
the shared global policy, enabling the extraction of agent-
invariant latent features; (2) we perform sequential policy up-
dates on agent-specific output heads while the shared global
DNN is frozen;
• New mechanisms for role-aware diversity (RAD) and
identity-aware diversity (IAD) are developed for the shared
part of global policy to promote behavioral diversity. RAD

enables parameter sharing among agents with similar roles
by encoding agent-specific behavioral dynamics into a latent
space and clustering them based on their observations and
reward function. IAD encourages agents within the same role
group to exhibit diverse behaviors by maximizing the mutual
information between and agent’s identity and its individual
trajectory;

• We integrate SDE-HARL into existing HARL algorithms,
including HAPPO (Kuba et al. 2021), HATRPO (Kuba et al.
2021), and HASAC (Liu et al. 2023a). We compare the re-
sulting variants against their original counterparts across sev-
eral challenging datasets, namely Google Research Football
(GRF) (Kurach et al. 2019), StarCraft Multi-Agent Challenge
(SMAC) (Samvelyan et al. 2019), and SMACv2 (Ellis et al.
2023). In addition, we prototype SDE-HARL using Rasp-
berry Pi boards for agents and an RTX 8000 GPU acting as
an edge server and computed the end-to-end execution la-
tency and networking overhead. Experimental results indicate
that SDE-HARL achieves 15% more win rate than state-of-
the-art (SOTA) baselines at 3× 106 time steps. SDE-HARL
also decreases latency, energy consumption, and networking
overhead by 2×, 2.5×, and 5×, respectively compared to
(Kuba et al. 2021; Liu et al. 2023a; Zhong et al. 2024).

Background
Cooperative MARL. A fully-cooperative multi-agent
task can be formulated as a Dec-POMDP (Oliehoek
and Amato 2016), which is defined as a tuple G =
⟨N,S,A, P,R,O,Ω, n, γ⟩, where N is a finite set of n
agents, s ∈ S is the true state of the environment, A is
the set of actions, and γ ∈ [0, 1) is a discount factor. At
each time step, each agent i ∈ N obtains its own observa-
tion oi ∈ Ω according to the observation function O(s, i),
and selects an action ai ∈ A, which results in a joint ac-
tion vector a for all agents together. The environment then
transitions to a new state s′ based on the transition function
P (s′ | s, a), and induces a global reward r = R(s, a) shared
by all agents. Each agent has its own action-observation
history τi ∈ Ti

.
= (Ωi × A)∗. Due to partial observ-

ability, each agent conditions its policy πi(ai | τi) on τi.
The joint policy π induces the joint action-value function
Qπ

tot(s, a) = Es0:∞,a0:∞ [
∑∞

t=0 γ
trt | s0 = s, a0 = a,π] .

Rate-Performance in Lossy Compression. General data
compression maps each possible data point to a variable-
length symbol sequence for storage or transmission, and
inverts the mapping on the receiver side. The optimal num-
ber of bits needed to store a discrete-valued random variable
Z is given by the Shannon entropy. Entropy coding tech-
niques are then used for compression (Rissanen and Langdon
1981; Berman, Karpinski, and Nekrich 2002). The entropy is
also referred to as the bit rate R of the compression method.
Task-oriented compression introduces an inherent trade-off
between R and the task-specific performance P based on the
latent representation z for a downstream task:

ẑ∗ = argmin
ẑ

∑
x∈D

P (ẑ) + λR(ẑ), (1)
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Figure 2: Overview of the proposed SDE-HARL framework. Agents are grouped by learned identity representations and
decomposed into local, global, and personal DNN modules. Shared global DNNs are trained within each group. The right shows
the training (green) and execution (orange) phases of the compression-aware policy pipeline.

where ẑ is lossy discrete representation of input x, and λ
controls the trade-off between performance and bit-rate.

SDE-HARL Architecture
Figure 2 illustrates the architecture of our proposed frame-
work. Given a system of N agents with observations ON =
(o1, o2, . . . , oN ), each agent i processes its observation oi by
an agent-specific local DNN fi(·) to obtain a latent represen-
tation zi. These local DNNs are independently parameterized
to capture heterogeneous agent-specific properties (e.g., dif-
ferent sensor modalities or observation dimensions). The re-
sulting features are then quantized into ẑi and transmitted to a
nearby edge server. On the server side, all encoded represen-
tations ẑi are clustered into K groups via RAD mechanism
(see Section ). Each group k ∈ 1, . . . ,K contains Mk agents
that share an identity-aware global DNN fSk (·), enabling the
extraction of features zkm with m ∈Mk. These features are
then refined through personalized DNNs fPk,m(·), which pro-
duce the final actions ai, forming the overall policy πi

ξ for
each agent. The computation procedure is:

zi = fi(oi; θi), ∀i ∈ N ,

ẑi = Q(zi), ∀i ∈ N ,

zkm = fSk (ẑi;ϕk), ∀k ∈ K, ∀m ∈ Mk,

ai ∼ πi
ξi(ai | oi), where πi

ξi(ai | oi) = G(fPk,m(zkm;ψk
m)).

In the equation above, θi, ϕk, and ψk
m are respectively the

learnable parameters of the local DNN, the shared global
DNN for group k, and the personalized DNN for agent m
within group k. Moreover, ξi is the complete set of policy-
making parameters (θi, ϕk, ψ

k
m), while G(·) is a method-

specific mapping from network output to action.

Latent Feature Compression

We leverage Equation (1) to compress the latent features ẑi.
In our case, the performance term translates to the cooper-
ative reward obtained from the environment after taking a
joint action by all agents. A key issue is that the quantization
operation, which maps continuous embeddings zi to discrete
codes ẑi, is non-differentiable, and thus does not allow the
optimization of parameters through backpropagation. To ad-
dress this, we adopt a training strategy based on neural image

compression (Ballé, Laparra, and Simoncelli 2016; Ballé
et al. 2018). Specifically, during training – see right side of
Figure 2 – we approximate quantization by injecting additive
uniform noise, i.e., z̃i = zi + e, where e ∼ U(− 1

2 ,
1
2 ). This

relaxation enables a differentiable approximation to the rate
term, modeled as the negative log-likelihood of z̃i under a
learnable prior pϕi

(z̃i), typically implemented as a factorized
density model as R(ẑi) ≈ Ez̃i(− log pϕi(z̃i)).

For the performance term P (ẑ), we apply rounding ẑi =
⌊zi⌉ to enforce discretization. Since rounding also yields
a zero gradient, we use the straight-through estimator, re-
placing its gradient with the identity function to allow the
gradient to flow backward during optimization. This allows
the local DNN to learn discrete, compressible representations
while maintaining task-relevant information. Therefore, the
optimization objective in Equation (1) becomes:

θ∗i , ϕ
∗
i = arg min

θi,ϕi

Eoi∼Ω, e∼U

[
−P

(
⌊fi(oi; θi)⌉

)︸ ︷︷ ︸
Policy Performance

+ λ ·
(
− log pϕi

(
fi(oi; θi) + e

))]
︸ ︷︷ ︸

Bit-Rate

.

(2)

Selective Parameter Sharing

Role-Aware Diversity. To encourage agent-specific behav-
ior, we learn a latent identity representation zIDi for each
agent i (Christianos et al. 2021). Specifically, we define an
encoder fIDE (·) that maps each agent to a posterior distri-
bution q(zIDi | i), and a decoder fIDD (·) that reconstructs
future observations and rewards conditioned on the current
state and latent identity zIDi , as presented in Appendix A.1.
Thanks to the bottleneck, identity embeddings zIDi captures
agent-specific information.

To achieve this, we assume that an agent’s identity i
can capture its specific transition dynamics and reward
function. Furthermore, both the identity i and the transi-
tion tuple τt = (ot+1, rt, ot, at) can be mapped into a
shared latent space ZID, via the respective posterior distri-
butions q(zIDi |i) and p(zIDi |τt). The primary objective is to
learn the distribution q(zIDi |i), which we model as a Gaus-
sian with learnable parameters e, denoted by qe(zIDi |i) =
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N (µe,Σe; i). To achieve this, we adopt the variational in-
ference (Ganguly and Earp 2021) to optimize the KL diver-
gence DKL(qe(z

ID
i |i)∥p(zIDi |τt)). This leads to the following

evidence lower bound (ELBO) on the log-likelihood of the
transition:

log p(τt) ≥ EzIDi ∼qe(zIDi |i) [log pu(τt | zIDi )]

−DKL (qe(z
ID
i | i) ∥ p(zIDi )) , (3)

where qe and pu correspond to the encoder fIDE (·) and de-
coder fIDD (·), respectively. The reconstruction term in (3) can
be decomposed as:
log pu(τt | zIDi ) = log pu(rt, ot+1 | st, zIDi ) log p(st | zIDi )

= log pu(rt | ot+1, st, z
ID
i ) + log pu(ot+1 | st, zIDi ) + c.

Since st = (ot, at) is independent of zIDi , the last term is
discarded. After pretraining the encoder, we apply k-means
to the identity embeddings zIDi to group similar agents (see
more details in the Appendix A.1). Clustering is performed
once before policy training, with each group sharing a global
policy network – see left and middle side of Figure 3.

Figure 3: RAD and IAD mechanisms. Left: latent space of
identity embeddings zIDi from the pre-trained identity en-
coder fIDE . Middle: raw observation space, clustered based
on RAD pre-training. Right: representation space produced
by the identity-aware global DNN, which enhances inter-
agent differentiation within the same group.

Identity-Aware Diversity. To encourage diverse behaviors
within the shared global DNN (i.e., same group) – see right
side of Figure 3 – we maximize the mutual information be-
tween the individual trajectory and agent’s identity:

Iπ(τT ;ID) = H(τT )−H(τT | ID)

= EID,τT∼π

[
log

p(τT | ID)
p(τT )

]
, (4)

where τT and ID are the random variables for the agent’s
local trajectory and identity, respectively. To make this ob-
jective tractable, we expand the trajectory distribution as
p(τT ) = p(o0)

∏T−1
t=0 p(at | τt) · p(ot+1 | τt, at) and p(τT |

ID) = p(o0 | ID)
∏T−1

t=0 p(at | τt,ID) · p(ot+1 | τt, at,ID).
By substituting into Equation (4), the mutual information
decomposes as:

Iπ(τT ;ID) = EID,τT

[
log

p(o0 | ID)
p(o0)︸ ︷︷ ︸

(1) Initial Observation

+
T−1∑
t=0

log
p(at | τt,ID)
p(at | τt)︸ ︷︷ ︸

(2) Action Choices

+
T−1∑
t=0

log
p(ot+1 | τt, at,ID)
p(ot+1 | τt, at)︸ ︷︷ ︸

(3) Observation Transitions

]
.

(5)

We omit the first term during optimization, as it depends
on the environment’s initial state distribution. For Policy-
based methods, the second term quantifies the information
gain about agent’s action selection when the identity is given,
which measures “action-aware diversity” as I(a;ID | τ). To
address this problem, we approximate the true conditional dis-
tribution p(at | τt,ID) using a parameterized policy π(at |
τt,ID) = SoftMax(fξ(τt,ID)) with fξ(·) as the identity-
conditioned policy DNN. We then express the marginal dis-
tribution over actions as p(at | τt) =

∑
ID p(ID | τt)π(at |

τt,ID). Following prior work (Sharma et al. 2019; Li et al.
2021), we assume that the posterior over identities is ap-
proximately uniform, i.e., p(ID | τt) ≈ p(ID) (assumption’
justification is provided in the Appendix A.2), which leads to
p(at | τt) ≈ π̄(at | τt) = 1

n

∑
ID π(at | τt,ID), where n is

the number of distinct agent identities. This approximation
allows us to derive a tractable lower bound:

EID,τ

[
log

p(at | τt,ID)
p(at | τt)

]
≥ EID,τ

[
log

π(at | τt,ID)
π̄(at | τt)

]
,

(6)
where the inequality holds under the assumption that p(· |
τt,ID) ≈ π(· | τt,ID)), which enables a variational
lower bound on mutual information. We maximize this lower
bound to optimize Term (2). Inspired by variational infer-
ence (Ganguly and Earp 2021), we optimize a tractable lower
bound for Term (3) by introducing a variational posterior
qφ(ot+1 | τt, at,ID):

EID,τ

[
log

p(· | τt, at,ID)
p(· | τt, at)

]
≥ EID,τ

[
log

qφ(· | τt, at,ID)
p(· | τt, at)

]
.

(7)

Similar to the second term, the inequality
holds because for any qφ, the KL divergence
DKL (p(· | τt, at,ID) ∥ qφ(· | τt, at,ID)) is non-negative.
Intuitively, optimizing Equation (7) elicits agents to have
diverse observations and thus measures “observation-aware
diversity” as I(ot+1;ID | τ, a). To tighten this lower
bound, we minimize the KL divergence with respect to the
parameters φ. The gradient for updating φ is:

∇φL(φ) = ∇φEτ,a,ID [DKL (p∥qφ)]
= −Eτ,a,ID,ot+1

[∇φ log qφ(ot+1 | τ, a,ID)] .
(8)

Based on the lower bounds shown in Equation (6) and Equa-
tion(7), we introduce intrinsic rewards to optimize the objec-
tive in Equation (4) to elicit agent-specific behavior:

rI = EID

[
β2DKL (β1π(· | τt,ID) ∥ p(· | τt))︸ ︷︷ ︸

Action-aware Diversity

+ β1 log qφ(ot+1 | τt, at,ID)− log p(ot+1 | τt, at)︸ ︷︷ ︸
Observation-aware Diversity

]
, (9)

where β1, β2 ≥ 0 are scaling factors for the intrinsic rewards.
Specifically, when β1 = 0, we only optimize the entropy term
H(τT ) in the mutual information objective (in Equation (4)),
while β2 is used to adjust the importance of policy diversity
compared with transition diversity.
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For Value-based methods, following the prior work (Chris-
tianos et al. 2021), we optimize Equation (4) by replacing
the ϵ-greedy policy with a Boltzmann softmax over Q-values,
and define the intrinsic reward accordingly:

rI = EID

[
β2DKL (SoftMax(β1Q(· | τt,ID)) ∥ p(· | τt))

+ β1 log qφ(ot+1 | τt, at,ID)− log p(ot+1 | τt, at)
]
.

Training and Policy Update

Learning Objective. To jointly encourage well-coordination
and behavioral diversity under parameter sharing, we aug-
ment the environment reward re with an identity-aware in-
trinsic reward rI , scaled by a hyperparameter β. Thus, the
learning objective in Equation (2) is refined as follows:

L(ξi, ϕi) = −Eπ

[
re + βrI

]︸ ︷︷ ︸
Combined Reward

+λ ·Rϕi
(ẑi)︸ ︷︷ ︸

Bit-Rate

, (10)

and the policy gradient for updating ξi is:

∇ξiL(ξi) = −Eπ

[
∇ξi log πi(ai | τi; ξi) ·

(
Âi + βr̂I

)]
,

where π is the joint policy, and Âi denotes the advantage
estimate for agent i.
Policy Update. Our training procedure consists of two dis-
tinct phases: (i) shared representation learning phase, where
the agent policies πi

ξi
are updated simultaneously, following

the standard MARL paradigm. This allows training a shared
global DNN fSk (;ϕk) that extracts agent-invariant latent fea-
tures; and (ii) policy fine-tuning phase, in which the local
DNN fi(; θi) and shared global DNN fSk (;ϕk) are frozen
and only the agent’s personalized DNN fPk,m(;ψk

m) is se-
quentially updated (Liu et al. 2023a) to ensure monotonic
improvement under (Kuba et al. 2021) a trust region (TR)
constraint. In particular, the policy of agent i at iteration k is
updated as:

πi
k+1(; ξi) = argmax

πi

[
L1:i
πk

(π1:m
k+1, π

i)− CDmax
KL (πi

k, π
i)
]
,

where C depends on the discount factor and maximal advan-
tage, and Dmax

KL is the TR bound. π1:m
k+1 denotes the previous

agent policies are updated at iteration k. The policy parame-
ters are ξi = [θi, ϕk, ψ

k
m], where θi and ϕk are fixed and ψk

m
is updated. The local surrogate advantage function is:

L1:i
πk

(π1:m
k+1, π

i) = Es, a1:m∼π1:m
k+1, a

i∼πi

[
Ai

π(s,a
1:m, ai)

]
,

agent n performs an update only if L > 0; otherwise, it
retains its current policy if L ≤ 0, thereby ensuring perfor-
mance does not degrade.

Experimental Evaluation
In this section, to demonstrate the effectiveness of our pro-
posed SDE-HARL, we integrate it into a range of HARL base-
lines, including HAPPO (Kuba et al. 2021), HATRPO (Kuba

et al. 2021), and HASAC (Liu et al. 2023a). We compare the
resulting variants against their original counterparts across
several challenging datasets, namely GRF (Kurach et al.
2019), SMAC (Samvelyan et al. 2019), and SMACv2 (Ellis
et al. 2023). We evaluate the inference times of SDE-HARL
with the experimental setup shown in Figure 4, composed of
three Raspberry Pi 5 units and an NVIDIA Quadro RTX 8000
GPU. We add additional experiments with a different exper-
imental setup composed of more powerful mobile devices
in Appendix A.3. Additional details about the experimental
setup and hyperparameters are presented in Appendix A.3.

Figure 4: Experimental setup for evaluating latency and net-
work overhead of SDE-HARL.

Figure 5: Comparison of SDE-HARL against baseline algo-
rithms on the GRF dataset.

Figure 6: Comparison of SDE-HARL against baseline algo-
rithms on SMAC (above) and SMACv2 (below) datasets.

Performance on GRF. We evaluate SDE-HARL on GRF
dataset, as shown in Figure 5. These findings indicate that our
method consistently outperforms the baselines. By leveraging
partially PDSP, SDE-HARL is more efficient in discovering
of coordinated behavior with respect to prior art. Notably,
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Model
Reward ↑

GRF SMAC/SMACv2
2 Agents 11 Agents 5 Agents 27 Agents

(i) No-Shared 1.18 1.09 11.71 11.85
(ii) Naive-Shared 1.24 1.06 11.82 10.65

(iii) No-IAD 1.38 1.32 13.62 13.41
(iv) No-Identity 1.32 1.27 14.26 13.15
(v) No-Action 1.42 1.44 15.67 15.48
(vi) No-Obs 1.36 1.35 14.75 15.23

(vii) No-RAD 1.52 1.55 15.75 15.64
(viii) CRL-Based 1.48 1.57 15.56 16.77

Ours 1.58 1.62 16.89 16.72

Table 1: Evaluation of SDE-HARL core components’ contri-
bution and comparison of its extension on GRF and SMAC/S-
MACv2 datasets: Best in Bold and second best in underline.

SDE-HARL (HASAC) achieves superior performance in chal-
lenging scenarios, such as Counterattack Hard.
Performance on SMAC and SMACv2. Figure 6 shows that
SDE-HARL is consistently superior to the baselines in both
sample efficiency and win rates. In challenging tasks such as
SMAC 3s5z, SDE-HARL (HATRPO) achieves near-optimal
performance, whereas its original version fails to learn the
coordinator policy. Furthermore, our approach also achieves
a substantial performance gap over the baselines in the hard
Corridor task. Likewise, SDE-HARL (HATRPO) demon-
strates significant gains across most SMACv2 environments.
For example, our SDE-HARL (HATRPO) achieves a win rate
of nearly 60% at 2.5×106 steps on the Protoss_5_vs_5
scenario, whereas its baseline only reaches around 30%.

Overall Insights. SDE-HARL achieves faster and more sta-
ble convergence than existing works by sharing representa-
tional knowledge across agents while preserving individual
behavioral diversity. This advantage mitigates the impact of
compressed observations, ensuring strong performance under
limited communication and computation budgets.

Analytical Study
Ablation and Extension Studies. We conduct ablation stud-
ies to assess the contributions of the core components in the
SDE-HARL framework. To this end, we deploy a series of
modified architectures, each disabling a specific component
as: (i) No-Shared: Standard HARL architecture with specific-
agent policy DNN, (ii) Naive-Shared: Use PDSP without
RAD and IAD; (iii) No-IAD: Use only RAD mechanism
while ignoring IAD; (iv) No-Identity: Use RAD and only
optimize the first term H(τT ) in Equation (4) by setting β1
in Equation (9) to zero; (v) No-Action: Use RAD and disable
the “action choices” term in Equation (5) by setting β2 in
Equation (9) to zero; (vi) No-Obs: Use RAD and ablate the
third item in Equation (5) by removing “Observation-aware
Diversity” term in Equation (9); and (vii) No-RAD: Use fully
IAD mechanism while disabling RAD. To validate our PDSP
framework, we construct a variant that replaces our RAD and
IAD mechanisms with a contrastive representation learning
(CRL), called (viii) CRL-based. This variant builds on prior
work (Liu et al. 2023b; Hu et al. 2023; Li et al. 2024), which
represents the SOTA in PDSP for MARL. In contrast, recent

approaches such as DiCo (Bettini, Kortvelesy, and Prorok
2024) and ADMN (Yu et al. 2024) are not directly compati-
ble with our architecture, making their integration nontrivial
and leading to sub-optimal performance. As a result, a direct
comparison with these methods leads to unfairness. These
experiments are conducted in both small and large-scale (i.e.,
number of agents) systems to evaluate the scalability and
effectiveness of parameter sharing.

We first conduct ablation studies on small-scale scenarios
(i.e., 2 and 5 agents) to identify which components of our
method contribute most to the performance gains, as shown
in Table 1. These findings indicate that No-shared performs
the worst, even below Naive-shared, due to PDSP remaining
effective in small-scale settings. Meanwhile, removing any
part of our intrinsic reward leads to a noticeable decline in
performance. Among these, the ablation of “Action-aware
Diversity” in Equation 9 has the least impact. Notably, CRL-
based also performs poorly in low-agent settings, achieving
only a reward of 12.05 on GRF Run Pass and Shoot.
This is because CRL relies on a sufficiently large set of nega-
tive samples to learn discriminative representations, which is
difficult to achieve when the number of agents is limited. In
contrast, CRL-based achieves competitive performance in
large-agent settings (i.e., 10 and 27 agents), comparable to
our SDE-HARL approach and surpassing its ablated variants.

Figure 7: T-SNE plots of trajectory representations of differ-
ent agents learned by different variants of SDE-HARL.

Understanding the Performance Disparities Across Meth-
ods. To do that, we visualize the learned trajectory represen-
tations using t-SNE on the SMAC 2s3z. Figure 7 indicates
that our SDE-HARL produces well-separated clusters in the
representation space, suggesting its capacity to learn disen-
tangled agent-specific features. Notably, the Zealot agents
(i.e., red, purple, and green) form a tight cluster, as do the
Stalker agents (i.e., orange and blue), reflecting consis-
tent role-based behavior patterns. These results highlight the
effectiveness of our IAD and RAD mechanisms in enhancing
representation diversity and cooperative performance.

Evaluating Performance-Resource Trade-off
We evaluate the trade-off between agent-side resource us-
age and task performance by varying the number of local
DNN blocks n and adjusting the hyperparameter λ. As il-
lustrated in the setup shown in Figure 4, each agent’s policy
network comprises 10 DNN blocks, with the computational
split occurring at the n-th block. Figure 8 shows that deeper
local DNN blocks enhance both compressibility (i.e., less
bandwidth demand) and performance through abstract fea-
ture extraction, albeit at the cost of increased computation on
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Figure 8: Evaluation of the inference time, and performance
when changing the number of local DNN blocks n.

Figure 9: Local energy consumption and total transmitted
data when changing the number of local DNN blocks n on
GRF Run_Pass_and_Shoot scenario.

the local device. In contrast, shallow local models degrade
both compressibility and policy quality.

To balance this trade-off, we select n = 3 for the remaining
SDE-HARL settings, which significantly reduces inference
time compared to traditional approaches, yielding 1.5× re-
duction relative to fully server computation (i.e., n = 0) and
a 2× reduction compared to fully local computation (i.e.,
n = 10) with negligible performance degradation. Further-
more, setting n = 3 achieves a favorable trade-off, reducing
total transmitted data by nearly 5× and lowering the mo-
bile device’s energy consumption by approximately 2.5×
compared to the traditional configurations (i.e., n = 0 and
n = 10), as shown in Figure 9. Notably, SDE-HARL without
data compression (i.e., fully local computation, n = 10, or
server-side computation, n = 0) yields optimal performance,
but this comes at the cost of the highest resource demand.
Figure 10 shows that setting λ to 10−5 strikes a good balance
between bit-rate and reward, achieving 1.25 bits per dimen-
sion (bits/dim) and a reward of 16 on SMACv2 Corridor.
Meanwhile, the setting λ = 10−2 achieves impressive com-
pressibility, but results in poor performance on both datasets.

Figure 10: Evaluation of the trade-off between bit-rate and
performance when changing the value λ in Equation (10).

Related Work
Distributed Neural Networks. Recent research has investi-
gated partitioning strategies for DNNs (Zhang et al. 2025a,
2024, 2025b; Abdi et al. 2025). Since the first layers of most
DNN tend to expand representations to facilitate feature ex-
traction (Eshratifar, Abrishami, and Pedram 2021), compres-
sion is often required at the partitioning point (Matsubara
et al. 2022b). To address this issue, several works introduce
bottleneck injection techniques (Eshratifar, Esmaili, and Pe-
dram 2019; Shao and Zhang 2020; Jankowski, Gündüz, and
Mikolajczyk 2020), where feature compression is directly
integrated into the backbone network without requiring sep-
arate compression modules. In (Matsubara et al. 2019), the
bottleneck-injected model is fine-tuned using standard task
losses such as cross-entropy for image classification. To miti-
gate performance degradation, later studies (Matsubara et al.
2020) incorporate knowledge distillation to recover the ac-
curacy. For example, (Matsubara et al. 2022a) learn a prior
distribution over intermediate representations and minimize
its entropy during training, enabling adaptive compression
through entropy coding. Building on this, SDE-HARL learns
a prior over latent representations and applies an entropy-
based coding to reduce the communication overhead.
Parameter Sharing in MARL. While PDSP may enhance
scalability and efficiency, it hinders agent diversity and limits
the emergence of sophisticated coordinated behaviors (Xu
et al. 2023; Xu, Zhang, and Huang 2023). CDS (Li et al.
2021) adds agent-specific heads on top of a shared network,
and SePS (Christianos et al. 2021) groups agents with shared
parameters. However, these approaches scale poorly as the
number of agents increases. Subsequently, ADMN (Yu et al.
2024) introduced a modular architecture with agent-specific
routing mechanisms, while recent work (Liu et al. 2023b;
Hu et al. 2023; Li et al. 2024) explored contrastive objec-
tives to promote behavioral diversity. Recently, DiCo (Bettini,
Kortvelesy, and Prorok 2024) proposed a policy decompo-
sition framework that explicitly controls the level of diver-
sity across different agents. However, these approaches are
primarily designed for value-decomposition frameworks in
homogeneous-agent systems, while current HARL methods
often rely on an actor-critic approach. Additionally, existing
PDSP approaches overlook the key characteristics of HARL
algorithms (Zhong et al. 2024), namely sequential update
scheme and heterogeneous-agent TR, and thus are not appli-
cable to HARL settings. Our work is the first to introduce
PDSP into HARL.

Conclusion
We introduced SDE-HARL, a novel HARL framework ad-
dressing the challenges of computational demand, bandwidth
usage, and scalability. By decomposing the agent policy net-
works into lightweight local DNN and a shared global DNN,
SDE-HARL significantly reduces the computational load on
local devices while maintaining effective coordination among
agents. Additionally, SDE-HARL leverages PDSP to enhance
scalability and accelerate exploration during training through
RAD and IAD mechanisms, which overcome key limitations
of existing HARL methods. Experimental results demonstrate
the effectiveness of our approach.
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