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Abstract. Heterogeneous-agent reinforcement learning (HARL) enables

cooperative agents with different observations and action roles to learn

specialized policies. However, state-of-the-art deep neural network (DNN)-
based policies are difficult to execute continuously on resource-constrained
mobile agents. Edge-assisted policy execution mitigates this computation

bottleneck. Yet, existing systems either offload raw observations or trans-

fer intermediate latents through conventional network protocols, making

communication a dominant source of delay. We present Semantic HARL

(S-HARL), a dynamic data-driven framework that instantiates the dy-

namic data driven applications systems (DDDAS) model-instrumentation
feedback loop for cooperative mobile agents: the edge-assisted policy dy-

namically incorporates live channel measurements to adapt its commu-

nication interface at execution time, while the actions it produces govern

agent behavior and shape future observations. Each agent processes its

observation with a local policy DNN, produces a stochastic semantic la-

tent, and maps it through a network-conditioned precoder into a policy

waveform. The edge decodes the received signals, aggregates the recov-

ered latents with a shared global policy module, and produces actions

through agent-specific heads. Instead of requiring bit-exact feature de-

livery, S-HARL learns representations that preserve the task semantics

needed for cooperative control under current network conditions. We

train S-HARL end-to-end with a unified heterogeneous-agent proximal

policy optimization (HAPPO) objective and a multi-agent information-

bottleneck regularizer that controls the information density of each trans-

mitted policy waveform. We prototype S-HARL using Raspberry Pi

agents, Universal Software Radio Peripheral (USRP) software-defined

radios (SDRs), and an edge server. In Google Research Football (GRF),

S-HARL reduces the latency of policy execution by 2.7x and the total

agent-side energy by 70.7%, while matching the score rate of full-stack

distributed policy execution within 0.6 percentage points.
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1 Introduction

Teams of mobile agents are increasingly expected to make decisions from high-
dimensional observations while coordinating under partial observability, lim-
ited computation, and heterogeneous behavior requirements. Examples include
ground robots, drones, and autonomous cars that must act toward a shared ob-
jective while each agent may observe only a local view of the environment /task,
experience different dynamics, or need agent-specific action distributions. Such
systems are a natural instance of the dynamic data driven applications systems
(DDDAS) paradigm [3,4]: a cooperative policy is an executing model that must
dynamically incorporate sensory data from distributed instrumentation (agents)
while the model’s own outputs (actions) in turn govern how that instrumentation
is deployed and what it observes next. Realizing this feedback loop efficiently
over a physical network is the core of our investigation.

While heterogeneous-agent reinforcement learning (HARL) provides a foun-
dation for cooperative decision making in this setting [6, 12, 7], deploying cooper-
ative policies on mobile agents remains difficult. Modern HARL commonly relies
on executing computationally complex deep neural networks (DNNs) that pro-
cess rich observations, such as image frames. Running the entire policy locally
on embedded processors forces the architecture to be simplified, often reducing
cooperative performance. A natural alternative is to offload policy execution to
an edge server: agents stream observations, the edge executes the policy, and
actions are returned. This solves the device computation bottleneck, but creates
a networking bottleneck because raw observations contain far more information
than is needed for one policy decision.

Split policy execution reduces this cost by placing a lightweight encoder on
each agent and executing the remaining policy layers at the edge. Recent dis-
tributed HARL systems follow this direction by transferring compressed policy
latents instead of raw observations [5, 11]. This is well matched to heterogeneous
teams because the edge can share a global module while retaining agent-specific
action heads. Yet the communication interface is still a conventional network
path: the latent is serialized, packetized, acknowledged, and reconstructed before
the edge policy can use it. This breaks the DDDAS feedback loop: the executing
model at the edge cannot adapt to current network conditions without retrain-
ing, and the network itself is treated as a passive, fixed-overhead channel rather
than a dynamic component of the instrumentation architecture. Ultimately, this
introduces unbearable network delays, especially for time-critical applications.

In this paper, we propose S-HARL, a semantic networking framework for
low-latency HARL that instantiates the DDDAS model-instrumentation feed-
back loop at the physical layer. The key observation is that the edge does not
need a bit-exact copy of the intermediate features; it only needs the necessary
information to choose effective cooperative actions. Hence, full-stack network
overhead can be avoided by directly transmitting learned representations as
waveforms [1]. As shown in Fig. 1, SSHARL has an edge-assisted distributed
policy structure, while waveforms are used as the interface. Each agent maps its
observation to a learned waveform, which is transmitted through a physical-layer
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frame, instead of a full-stack packetized latent. The edge consumes the received,
channel-distorted latents directly, aggregates them through a shared global pol-
icy and then uses agent-specific heads to output actions. These actions direct
agent behavior, which determines the future sensing positions and observations
of the team, closing the model-instrumentation DDDAS loop. The agent—edge
communication interface is a trainable component of the end-to-end policy.
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Fig. 1. Overview of S-HARL. Agents encode local observations into semantic policy
waveforms conditioned on channel measurements for dynamic data-driven adaptation;
the edge aggregates the received latents through a global policy module followed by
agent-specific action heads. The actions govern agent behavior and future observations.

Challenges. The main challenge is that the agent—edge communication inter-
face must be trained without reducing the problem to feature reconstruction. S-
HARL addresses this by optimizing the policy and network interface jointly. The
heterogeneous-agent proximal policy optimization (HAPPO) objective rewards
latents that support cooperative action selection, while a multi-agent informa-
tion bottleneck (IB) regularizer ensures that each transmitted latent only carries
the task-relevant information [10]. S-HARL leverages precoder and postcoder
modules conditioned on the channel state information (CSI) to enable dynamic
data-driven adaptation to the changing network conditions at execution time
without the need for runtime policy fine-tuning.

Summary of Contributions. ¢ We introduce a semantic policy-execution ar-
chitecture for HARL grounded in the DDDAS paradigm, where agents directly
transmit learned waveforms instead of raw observations or full-stack latent pack-
ets. ¢ We formulate end-to-end training by combining the HAPPO objective
with a multi-agent IB regularizer over Gaussian policy latents. ¢ We prototype
S-HARL on Raspberry Pi agents, Universal Software Radio Peripheral (USRP)
software-defined radios (SDRs), and an edge workstation, and show on Google
Research Football (GRF) that S-HARL reduces policy execution latency 2.7x
and total agent-side energy by 70.7% while matching the score rate of full-stack
distributed policy execution within 0.6 percentage points.

2 S-HARL Design and Problem Formulation

S-HARL considers N resource-constrained agents that execute heterogeneous
policies with help from an edge server. We model the task as a cooperative
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decentralized partially observable Markov decision process (Dec-POMDP) [9].
At policy step t, agent i observes a local frame o;; € O;, the team selects a
joint action a; = (a14,...,an,), and the environment returns a shared reward
r¢. Without loss of generality, we write policies as functions of the current ob-
servation o;, while recurrent policies can replace o; with the local history. The
objective is to maximize J(0) = Ex,[>,~, 77|, where © is the DDDAS execut-
ing model that entails the local policy, the network-interface, and the edge policy
parameters. In the following, we omit the time index t for clarity of exposition.

2.1 Semantic Policy Interface

Conventional split execution treats an intermediate representation as data to
be delivered reliably. S-HARL instead makes the agent-edge interface part of
the differentiable policy graph. Figure 2 walks through this interface: each agent
maps its observation to a stochastic semantic latent, conditions a precoder on
the current network state, and directly outputs and transmits a policy signal,
while the edge postcodes the received symbols before computing actions.
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Fig. 2. End-to-end training of S-HARL. The agent—edge interface is inside the policy
graph, allowing the local encoders, channel-conditioned precoders/postcoders, global
policy, and action heads to be optimized jointly.

Local Semantic Encoder. Agent i processes o; with a local policy DNN and
outputs a complex Gaussian latent,

pe,(zi | 0i) = CN (i, Xi), (14, Xi) = fo.(04). (1)

We state the model for a general covariance and use X; = diag(o?) in the
implementation. The latent is sampled using the reparameterization z, = p; +
o; ©€;, with €; ~ CN(0,1), so the policy objective can update the local encoder.

Network-Conditioned Transmission. A learnable precoder (Pre,,) dynami-
cally maps the latent to an orthogonal frequency-division multiplexing (OFDM)
multiple-input multiple-output (MIMO) policy waveform by incorporating, as
a conditioning variable, the estimated CSI H; which comes from the runtime
DDDAS instrumentation measurements and drives adaptation at execution time
without the need for retraining:

K
1
X = Preoéa‘, (ziaHi) > } Z ||Xi,k||§ <PF, (2)
k=1
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where X; = [x;1,...,Xi,k|, Xik € C™t, and the inequality bounds the average
transmit power of agent ¢ across the K OFDM subcarriers within the radio
power budget P;. The edge receives, for subcarrier k,

Vie =H;p X5 +n051, n; i ~ CN(0, 07211) ) (3)

with H; € CNr-xNt  The edge postcoder recovers a distorted latent z; =
Posts, (Y;, H;) from Y; = [y; 1,...,¥: k] By conditioning the postcoder Posts,
on the runtime CSI H; as it is done for the precoder, the entire system is adapted
dynamical and in a data-driven fashion to the changing channel conditions.

Edge Policy. The edge concatenates the recovered latents, extracts a shared
cooperative representation h, and applies agent-specific heads ,,:

N
h = gy([21;...528]) ﬂe(almH):Hm(ailh% (4)

This preserves a shared edge-side policy while allowing heterogeneous action
behavior through the final heads. The selected actions are small control messages
and are returned over a low-rate downlink. These actions constitute the DDDAS
reverse channel: the executing edge model directs agent behavior, which governs
the agents future sensing positions and thereby shapes the observations that will
drive the next policy step.

2.2 End-to-End Training

The key training question is how to make the policy signal useful for long-term
return without requiring supervised reconstruction. SSHARL replaces supervised
inference loss with the HAPPO actor-critic objective [12,7]. Let Luappo(O)
denote the HAPPO loss, including the clipped policy surrogate, value loss, and
entropy regularization. Since actions are sampled after Equations (1)—(4), this
loss jointly updates the local encoders, precoders, postcoders, global module,
and action heads. The CSI H; enters the graph as a non-trainable runtime-
varying input, serving as the dynamic data that the model assimilates at each
step without the need for weight update. To prevent the local encoder from
embedding arbitrary observation details, S-HARL adds a multi-agent IB penalty
that keeps each Gaussian latent close to p(z) = CN(0,I):

N
Ls1ArL(@) = Luarro(©) + B ZEO [Dki(po, (2 | 05)ICN(0,1))] . (5)

i=1
For the diagonal covariance, the regularizer becomes

d
Dyt (CN (i, diag(02)[CN(0.1)) = 37 (lpion? + 02, —log o2, — 1) (6)

m=1

The scalar 3 controls the information contained in the policy waveform. From a
DDDAS perspective, it controls the instrumentation fidelity: higher § forces the
signal closer to the prior, discouraging memorization and making the represen-
tation more robust to network distortion.
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3 Experimental Evaluation

Our evaluation asks whether S-HARL preserves cooperative policy quality, re-
moves full-stack networking delay, reduces agent-side energy, and remains robust
to changing network conditions.

Task & Training. We use academy_3_vs_1_with_keeper in GRF [§], with
three controlled agents and standard discrete football actions. Each agent re-
ceives a 72 x 96 x 3 RGB observation processed by the local policy DNN. We
report score rate, i.e., the fraction of evaluation episodes in which the team
scores before termination. All methods use the same HAPPO backbone, rollout
budget, optimizer, and policy structure. S-HARL is trained from scratch using
Equation (5). During training, the non-trainable network layer samples the CSI
associated with independent 2 x 2 OFDM MIMO links with K = 64 subcarriers
and signal-to-noise ratio (SNR) drawn from [10,30] dB. At test time, the policy
weights are frozen and only the CSI input to the precoder/postcoder changes for
dynamic data-driven adaptation to varying channel conditions. The results are
averaged over 100 evaluation episodes.

Prototype. The local policy runs on Raspberry Pi 4 agents while the edge pol-
icy runs on an Intel Xeon workstation with NVIDIA A100 graphics processing
units (GPUs). Each agent communicates with the edge through an independent
USRP B210 link, which supports 2 x 2 MIMO operations. For the full-stack
baselines, raw observations or latents are carried by Transmission Control Pro-
tocol (TCP) over the gr-ieee802-11 SDR Wi-Fi stack, an IEEE 802.11a/g/p
OFDM transceiver for GNU Radio [2|. For S-HARL, the frame contains the
learned policy signal plus a short physical layer (PHY) preamble/header. We
evaluated local execution, agent—edge communication, and edge computation;
the reported policy-step latency is the slowest agent-side path plus shared edge
execution.

Baselines & Metrics. We compare our proposed strategy against: (i) Local
HAPPO, which executes the full policy on the Raspberry Pi agents; (ii) Edge
HAPPO, which performs full edge offloading by sending raw observations to the
edge over Wi-Fi; and (iii) Full-stack distributed policy execution, which follows
the SDE-HARL split-policy structure [5] and transfers policy latents reliably
over Wi-Fi. We report score rate, policy-step latency, total agent-side energy
per policy step, and score rate under different SNR values.

3.1 Experimental Results

Policy Performance. Figure 3(a) shows that S-HARL reaches a final score rate
of 86.7%, matching full-stack distributed policy execution (87.3%) within 0.6
percentage points and outperforming local HAPPO (80.4%) by 6.3 percentage
points. The results support the main semantic-networking premise: bit-exact
latent reconstruction is unnecessary when the received message preserves the
information needed for action selection.

Latency. Figure 4(a) breaks down policy-step latency. Edge HAPPO is dom-
inated by raw-frame transfer. Full-stack distributed execution reduces payload
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Fig. 3. Policy performance of S-HARL. S-HARL tracks the SDE-HARL baseline during
training while using a learned semantic policy signal, and remains robust across the
SNR range used during training.

size but still incurs transfer delay before the edge can act. SSHARL replaces this
path with a policy signal and a short PHY preamble/header, reducing latency
from 0.55 ms to 0.21 ms, i.e., by 2.7x over full-stack distributed execution, and
by 54.1x over edge HAPPO. The remaining time is dominated by local policy
computation and edge execution, meaning communication is no longer the criti-
cal bottleneck. This advantage is made possible as S-HARL treat the model as a
dynamic data-driven component conditioned on the changing network interface.

Energy & Robustness. Figure 4(b) shows that S-HARL reduces total agent-
side energy from 2.93 mJ to 0.86 mJ, corresponding to a 70.7% reduction rel-
ative to full-stack distributed execution by avoiding packetized latent transfer
while keeping local computation lightweight. Figure 3(b) shows that S-HARL
maintains score rate above 85% for SNR values of at least 15 dB and de-
grades gracefully at lower SNR. This indicates that channel-conditioned pre-
coding/postcoding enables the dynamic adaptation of the semantic policy signal
without runtime fine-tuning.
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S8 Communication
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1114 Edge HAPPO 6046
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(a) Policy-step latency breakdown (b) Agent-side energy breakdown
Fig. 4. System cost of SSHARL. By replacing packetized latent delivery with a learned
policy message and a short PHY frame, SSHARL removes most of the communication
delay and energy incurred by full-stack distributed policy execution.

Overall, SSHARL preserves the policy quality of edge-assisted HARL while
replacing reliable latent transfer with a learned policy waveform, yielding lower
latency and energy under dynamic network conditions. Our results show that
dynamically incorporating live channel measurements into the executing policy
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produces a system that is more efficient and more adaptive than approaches that
treat communication as a static, passive layer.

4

Conclusion

We introduced S-HARL, a semantic dynamic data-driven networking framework
for distributed HARL. By making the agent-edge interface part of the policy
graph, S-HARL avoids bit-exact latent delivery and instead learns policy signals
that preserve action-relevant information under ongoing network conditions. Our
experimental results show the potential of semantic policy execution to reduce
latency and energy while preserving cooperative performance.
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