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Abstract—Multi-agent reinforcement learning utilizes the ob-
servations and learning experiences shared among the agents to
accelerate optimization efficiency under partial observations, but
the performance degrades due to the excessive communications
and large volumes of irrelevant experiences. In this paper,
we propose a multi-agent reinforcement learning scheme to
optimize communication decision, the cooperative agent selection,
and the required number of sharing experiences based on the
task features and previous contributions of neighbors extracted
by large model to improve the quality of service for mobile
applications in wireless networks. The experiences with high
temporal difference error are shared and utilized based on the
attention mechanism, which extracts the correlation with the
reachable neighbors set to improve optimization efficiency. As a
case study, the proposed communication scheme is implemented
in the vision transformer-aided collaborative perception system
based on connected autonomous vehicles and roadside unit to
support 3D object detection, and the performance gain is verified
via simulation results.

Index Terms—Multi-agent reinforcement learning, large model,
communications, mobile applications, wireless networks.

I. INTRODUCTION

Multi-agent reinforcement learning (MARL) in wireless
communications enabled learning agents such as mobile de-
vices to optimize task policies such as the radio resource
allocation to support reliable and low-latency applications and
services such as augmented reality [1]. However, most learning
agents only have partial observations on the environment such
as the radio channel states and suffer from non-stationarity
caused by the changing policies of other agents, which in turn
degrades the learning performance and the quality of service
(QoS) in dynamic networks.

As the neighboring learning agents share a common envi-
ronment and can exchange observations via wireless networks,
MARL algorithms can exploit the shared environment infor-
mation in the state formulation to enhance the agent receptive
field and improve the policy optimization efficiency [2], [3].
For example, the multi-agent deep Q-network-based unmanned
aerial vehicle communication scheme ECOM exploits the
shared observations such as the signal-to-interference-plus-
noise ratio and task similarity to reduce the transmission delay
and packet loss rate against smart jamming. However, the
performance of ECOM is hindered by long communication
latency and data redundancy due to the excessive communica-
tions in limited radio bandwidth.

Moreover, MARL agents share learning experiences and
parameters such as Q-values and network weights to accel-

erate learning [4], [5]. For example, the selective multi-agent
prioritized experience relay scheme SUPER enable each agent
select whether to share experiences by comparing absolute
temporal difference (TD) error with deterministic quantile,
which are inserted into all the other agents’ replay buffers
[5]. However, SUPER suffers from performance degradation
in terms of convergence speed and the application QoS in
dynamic wireless networks due to the pre-determined sharing
quantity and the exchange of irrelevant experiences.

In this paper, we propose a multi-agent communication
scheme to optimize the communication decision, the coop-
erative agent selection and the number of shared experiences
based on the radio channel states, previous communication
overhead, and the task features and contributions of neighbors
extracted by transformer. The task-relevant observations are
exchanged to reduce redundant communications under limited
bandwidth. The experiences with high TD error are shared, and
The attention mechanism compared the reachable neighbors
set with the selected cooperative agents to calculate the impor-
tance weight of the sampled experiences to update the network
weights to accelerate convergence and improve application
QoS in dynamic wireless networks.

The rest of this paper is organized as follows. The related
work is reviewed in Section II, and the system model is
given in Section III. we present the multi-agent communication
scheme in Sections IV. The case study on the anti-jamming
collaborative perception is provided in Section V, followed by
the simulation results in Sections VI. Finally, the conclusion
is summarized in Section VII.

II. RELATED WORK

MARL such as multi-agent deep deterministic policy gradi-
ent (DDPQG) enables multi-agent systems in wireless networks
to optimize transmission policies such as resource alloca-
tion and trajectory design [6]-[9]. For example, the multi-
connectivity ultra reliable low latency communication system
for vehicular networks in [6] applies transformer associated
proximal policy optimization algorithm to optimize power al-
location and thus minimizes inter-cell interference and energy
consumption.The unmanned aerial vehicle empowered aerial
computing system in [7] employs multi-agent cooperative Q-
learning and multi-agent cooperative actor-critic algorithm to
optimize trajectory planning, as well as the placement of both
the departure station and hovering points, aiming to maximize
energy efficiency and service fairness, respectively.



Learning information exchange including environment ob-
servations and learning experiences among learning agents
enhances the RL performance under partial observation [3]-
[5]. For example, the multi agent wireless system in [10] shares
information with other agents via neural network parameters
and analyzes the effect of the parameter sharing frequency on
the convergence speed. The selective multi-agent prioritized
experience relay in [5] applies deterministic quantile to selects
and shares the experiences with the largest absolute TD errors
in the top S-quantile to improve learning efficiency.

Efficient communication is promising for MARL to enhance
learning performance with attention experience sharing, and as
examples, RIAL and DIAL in [11] and CommNet in [12] learn
to communicate between agents in cooperative environments
with partial observations. For example, the communication
protocol in [11] uses deep Q-learning with recurrent networks
to encode past observations, actions and local observations into
binary messages and thus reduces communication overhead
but has information loss in large-scale wireless networks.
The communication information mainly consists of original
observations, encoded observations [13], [14] and intended
actions [15]. In particular, an intention sharing scheme in
[15] applies the attention mechanism to generate an imagined
trajectory based on the shared messages from other agents and
enhance the coordination of multi-agent systems.

III. SYSTEM MODEL

Each learning agent has N neighboring learning agents
N = {1,...,N} to exchange learning information including
observations and experiences based on the carrier sense mul-
tiple access/collision avoidance access (CSMA/CA) [16] and
optimize task policies such as channel selection and power
allocation to support transformer-based mobile applications
such as object detection and tracking, semantic segmentation,
and scene understanding.

At time slot k, the learning agent observes local observation
o®) estimates the channel states h(*) = [hgk)] receives

task features v(¥) = [Vi(k)]ie/\/'
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transformer in central server, and chooses cooperative agents
:cgk) C N and requests shared observations and at most
B experiences zo € {1,...,B}. If wgk) = @, the learn-
ing agent selects task action solely based on local observa-
tions. The request message 7*) consisting of the selected
agent ID and the required number of experiences xék) is
broadcast to the selected agents a:gk)

Upon receiving the learning request message, the cooper-
ative agent ¢ € :cgk) obtains local observation 55“ and top
:cék) experiences with largest TD error sl(»k), which are sent
back to learning agent within the response message ng) =
{i,égk),egk)}. The shared experiences {sgk)ﬁ € mgk)} are
stored in the communication memory pool 3 for the updating
of network weights. The shared observations {6§k)|i cxz®}

iEN”
and previous contributions

of neighbors o®) =

are used to formulate the task learning state s(k), and choose
the task action a(®) € A. Based on the task performance p(*)
such as perception accuracy, the learning agent evaluates the
task reward (%) and communication cost, i.e., the number of
selected cooperative agents £(¥) to guide the communication
policy selection. Time slot k is omitted if no confusion occurs
in the subsequent sections.

IV. MULTI-AGENT COMMUNICATION SCHEME

We propose a multi-agent communication scheme named
MACS for transformer-aided mobile applications in wireless
networks that enables learning agents to optimize communi-
cation decision, cooperative agents, and the required number
of sharing experiences for faster learning under partial ob-
servation. Experiences with high TD error are shared and
utilized based on the attention mechanism, which measures
the correlation with the reachable neighbor set to improve the
optimization efficiency of communication policies.

The multi-agent reinforcement learning scheme MACS

jointly chooses the communication action & = [z, 2] in-
cluding cooperative agents x; C N = {1,..., N} and the
number of experience zo € {1,2,...,B}, as well as task

action a to maximize the discounted long-term reward. The
communication state s(*) consists of local observations o,
channel states h, task features v and previous contribution
o received from central server, and previous communication
cost &, i.e.,

s =[o,h,v,0,¢ €8. (1)

The learning agent chooses the communication action x from
action set A = {1,...,N} x {1,2,..., B} according to the
policy distribution 7 (s, x) , i.e.,

exp (Q(s, z))
> zeaexp(Q(s,Z) +1)

which depends on the Q-values @ (s*),-;w) estimated by
Q-network and the communication range R.

(s, x) =

2

The request message 7 = {0, z2} is sent to selected agents
1 € x; for the shared messages. Upon receiving the learning
response message R; = {i,0;,¢;}, the experiences e; are
stored in the communication memory pool B for the update
of network weights, and the shared observation o; is used to
formulate the task state 5%) = [0, 8¢z, € S. The learning
agent chooses the task action a from action set A based on
the V-values V (%), -;6) output from V-network according
to the episilon-greedy method.

The learning agent measures the task performances p such
as perception accuracy to evaluate the task reward r for up-
dating the network weights 8 with the experience replay tech-
nique. The task learning experience {5*) a(¥) »(¥) 5(k+1)}
is formulated and stored in the task memory pool D, and
G experiences are uniformly sampled to update the network



weights @ via stochastic gradient descent algorithm such as
Adam, given as

G
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where ~ represents the importance of the future reward in
the learning process. The communication reward 7 is eval-
uated based on the task reward r and the communication

cost &, ie., 7 = r — £ The communication experience
{s(k),wgk),:cgk),f(’“),s(k“)} is formulated and stored in

the communication memory pool B, and G experiences are
uniformly sampled, i.e.,

F— {sm’

to update network weights w. The scaled dot-product atten-
tion mechanism is applied to measure the importance weight
n={n¥ |1<j <G} of sampled experiences, which takes
the reachable neighbor set C**) = {i | dienr < R} within the
communication range R and the cooperative agent set CE(] )
as input. More specially, the reachable neighbor set C(%) is
transformed to query with W@ € RV*V and the cooperative
agent set 7 is transformed to key and value with WX
and WV € RNXV | respectively. The learning agent uses
the weighted sum of value and the dot product and softmax
function to calculates the importance weight for sampled
experience 1), and update network weights w by minimizing
the loss function given by

ZU(J ( +'ymaxQ(s(j+1)7:Tc;w')
Q( ), g0, w))% 5)

V. CASE STUDY: MARL-BASED ANTI-JAMMING
COLLABORATIVE PERCEPTION

2 af) 10, 40} (4)
j=1

As a case study, the proposed multi-agent communication
scheme is implemented in the MARL-based anti-jamming
collaborative perception to improve the task performance such
as perception accuracy and speed. More specifically, each
connected autonomous vehicle (CAV) as the learning agent
is assumed to have N neighboring CAVs, which chooses
the offloading region of request map x*), transmit channel
c®) € {1,2,..., F} and power p'¥) € [Ppin, Puax] to support
vision transformer-aided mobile applications such as smart
transportation. A smart jammer applies the signal detection
techniques to sense the ongoing transmission and chooses
the jamming channel and power to degrade the perception
performance.

At time slot k, RSU divides the feature map into L re-
gions each with m-bits, calculates the spatial confidence score

w0 = [w;]1<i< 1. based on the received request map from RSU,
measures the received jamming strength o, and formulates the
local observation o with previous perception latency 7, i.e.,

o®) = [m,wo, 0, 7). (6)

Based on the local observation o(k), the channel state h with
neighboring CAVs, previous contributions of neighbors o(*)
and task features such as vehicle density extracted by vision
transformer in RSU v(*), and the communication cost &, the
communication learning state §*) is formulated as

é(k) = [mawaa7 T7h7 o, g] (7)

With the communication state 5(%) as input, the Q-network
estimates the communication Q-value @ (3%, ;w) to choose
the cooperative CAVs x; and the number of shared experi-
ence zo via 2. Based on the shared observations o), CAV
formulates the task state s(*) = [0(¥), 5(*)], and chooses the
anti-jamming perception policy including the offloading region
of feature maps «(*), the transmit channel ¢(*), and power p(*)
based on the V-values V (s(k), 5 0) according to the epsilon-
greedy method.

After receiving the feature maps, the RSU performs the
feature fusion model to obtain the detection result Z, and
further evaluates the perception accuracy p(*) and latency 7(%),
which are sent back to each CAV. The task reward r(*) is
evaluated via r*) = p(*) — o 7(®) where a; represent the
importance of perception latency. Based on the communication
cost ), the communication reward #*) is evaluated as
k) = (k) _ ¢(F) The anti-jamming perception experience
is stored in the memory pool D, and the shared experience
and communication experience are stored in the memory
pool B. The experience replay technique is used to update
the network weights of Q-network and V-network with the
stochastic gradient descent algorithm according to (3) and (5),
respectively.

VI. SIMULATION RESULTS

Simulations were performed based on the feature fusion
model V2X vision transformers and the V2XSet dataset in
[17] containing 11,447 frames (33,081 samples including
frames per agent) to evaluate the performances of collaborative
perception in terms of perception accuracy, latency and utility
for the LiDAR-based 3D object detection. The perception
accuracy is evaluated based on the intersection-over-union
(IoU) threshold of 0.7 that represents the proportion of the
overlapping area of bounding boxes between the prediction
and ground truth (e.g., a vehicle is detected if the proportion
of the overlapping area is greater than 0.7).

Each CAV partitions the feature map into four regions each
with 1 MB, one out of the six radio channels and the transmit
power up to 100 mW that is quantified into 10 levels. The
smart jammer is away from the RSU by 200 m estimates the
RSSI of vehicular uplink channels, and applies the Q-learning
algorithm to choose power up to 80 mW. The channel gain
between the RSU and CAV h = hg (d)® X, depends on the
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Fig. 1. Performance of the anti-jamming collaborative percep-
tion in LiDAR-based 3D object detection.

reference path-loss hy = 68.83 at reference distance dy = 1 m,
the path-loss exponent = 2.75, the communication distance
d and the shadow fading X, that modeled by a zero mean
normal distribution with a standard deviation of o = 5.5.

The Q-network in the communication policy selection and
the R-network in task policy selection are instantiated as the
four-layer neural networks including the input and output
layer and two hidden layers each with 128 neural nodes. The
learning rate of the Q-value update A\ = 0.4, the discount factor
of reward v = 0.3, the greedy parameter € decays from 1 to 0.01
after 1000 time slots to make a trade-off between exploration
and exploitation, and the number of sampled experiences in
the minibatch G = 64.

As shown in Fig. 1, the performance of collaborative
perception in vehicular networks averaged by 200 runs each
with 2000 time slots is provided. Our proposed multi-agent
communication scheme MACS outperforms the benchmarks
ECOM and SUPER with 29.5% and 58% higher utility after
1500 time slots, respectively. In addition, MACS converges
after about 500 time slots and saves 50% and 66.7% learning
time compared with ECOM and SUPER, respectively. The
reason is that the proposed scheme enables agents to make
necessary communication decisions and share the most rel-
evant observations and experiences, thereby improving anti-
jamming collaborative perception efficiency and accelerating
learning speed.

VII. CONCLUSION

In this paper, we proposed multi-agent reinforcement learn-
ing scheme for the transformer-aided mobile applications to
choose whether to communicate, the cooperative agents and
the required number of experience. The task features and
previous contributions of neighbors extracted by transformer
are exploited in the state formulation to ensure necessary
communications and retrieve relevant messages. Shared experi-
ences with high TD error are used to update network weights
based on the importance weight computed by the attention
mechanism to accelerate learning speed. A a case study,

the proposed scheme was implemented in the collaborative
perception systems to choose the offloading region of feature
maps, transmit channel and power against smart jamming. The
simulation results based on five CAVs and an RSU show the
performance gains over the benchmark SUPER and ECOM.
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