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ABSTRACT: To address the issues of poor adaptability in resource allocation and low multi-agent cooperation
efficiency in Joint Radar and Communication (JRC) systems under dynamic environments, an intelligent optimization
framework integrating Deep Reinforcement Learning (DRL) and Graph Neural Network (GNN) is proposed. This
framework models resource allocation as a Partially Observable Markov Game (POMG), designs a weighted reward
function to balance radar and communication efficiencies, adopts the Multi-Agent Proximal Policy Optimization
(MAPPO) framework, and integrates Graph Convolutional Networks (GCN) and Graph Sample and Aggregate (Graph-
SAGE) to optimize information interaction. Simulations show that, compared with traditional methods and pure DRL
methods, the proposed framework achieves improvements in performance metrics such as communication success
rate, Average Age of Information (Aol), and policy convergence speed, effectively enabling resource management
in complex environments. Moreover, the proposed GNN-DRL-based intelligent optimization framework obtains
significantly better performance for resource management in multi-agent JRC systems than traditional methods and
pure DRL methods.
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1 Introduction

In intelligent transportation systems (ITS), the demand for real-time performance in vehicle envi-
ronmental perception and vehicle-to-everything (V2X) communication is growing rapidly—meanwhile,
with the development of autonomous driving technology, efficient transmission and processing of massive
data from vehicle sensors (e.g., radar, cameras) has become a research focus. Although JRC technology
provides a new approach by enabling radar-communication collaboration in a shared frequency band
[1-3], its traditional resource allocation (including early fixed solutions like hardware design and time-
division multiplexing [4-6]) all relies on static optimization or predefined rules, making it difficult to address
instantaneous interference and multi-agent collaboration in dynamic traffic environments. While DRL offers
an adaptive solution, its collaborative efficiency and information exchange capabilities are insufficient in
some scenarios, thus creating an urgent need for an intelligent resource allocation framework that can
efficiently process dynamic graph structures and optimize multi-agent collaboration.

In resource allocation research, traditional convex optimization, greedy algorithms, and static Aol
optimization models are widely used but limited by reliance on prior channel parameters or inability to cope
with environmental transients [7-10]. In multi-agent collaboration, centralized control lacks scalability due
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to high overhead, while fixed clustering algorithms lack dynamic learning capabilities [11,12]. In recent years,
DRL has become a focus for its adaptability to dynamic environments: single-agent methods (e.g., Deep
Q-Network (DQN), Deep Deterministic Policy Gradient (DDPG) [13,14]) handle action spaces, and multi-
agent methods (e.g., centralized DDPG [15,16]) achieve strategy sharing, yet they still face limitations like
single action spaces and insufficient environment modeling [17,18].

As the demand for real-time performance in intelligent transportation systems increases, researchers
have begun to explore the integration of DRL and GNN. GNNs model node interactions through graph
structures, demonstrating advantages in multi-agent collaboration. For example, Reference [19] uses GCNs
to optimize information aggregation, while Reference [20] combines GraphSAGE to achieve dynamic
neighbor selection, both of which effectively improve resource allocation efficiency. In addition, Hieu et al.
(2022) proposed a joint radar-data communication framework for self-driving vehicles based on relocatable
deep reinforcement learning, which significantly improves cross-environmental adaptation [21]. Sohaib
et al. (2024), on the other hand, implemented energy-efficient resource allocation in V2X communication
through dynamic meta-migration learning, which further enhances the robustness of the system in dynamic
environments [22].

For JRC performance optimization, researchers focus on Aol and communication success rates.
Ref. [23] minimizes drone-assisted network Aol via MAPPO, while Ref. [24] uses a weighted reward
function to balance radar-communication efficiency. Notably, radar interference in millimeter-wave com-
munications drives dynamic resource scheduling algorithm development: Ref. [25] proposes a DRL-based
anti-interference strategy, and Ref. [26] enhances system robustness via joint trajectory-data scheduling
optimization. However, existing research has three key challenges: poor resource allocation adaptability
in dynamic environments, low multi-agent collaborative info exchange efficiency, and no cross-scenario
transferability [27]. Table | compares five typical JRC resource allocation methods (Traditional Optimization,
Single-agent DRL, Multi-agent DRL, GNN-based methods, and the proposed GNN-DRL) in the three
challenge-related dimensions (adaptability to dynamic environments, multi-agent collaboration efficiency,
cross-scenario transferability), showing only the proposed GNN-DRL achieves “High” in all dimensions.

Table 1: Comparison of related works on JRC resource allocation

Method Adaptability to dynamic Multi-agent Cross-scenario
environments collaboration efficiency  transferability
Traditional optimization Low Low Low
Single-agent DRL Medium Low Medium
Multi-agent DRL High Medium Medium
GNN-based methods High High High
Proposed (GNN-DRL) High High High

Existing research still faces three major challenges: insufficient adaptability in resource allocation within
dynamic environments; inefficient information exchange during multi-agent collaboration; and a lack of
cross-scenario generalization capabilities. To address these challenges, this study proposes an intelligent
resource optimization framework that integrates GNN with MADRL. This framework models the problem
as a Partially Observable Markov Game (POMG), introduces a weighted reward function to balance radar
and communication tasks, and employs GCN and GraphSAGE to enable efficient information exchange
among agents. The main contributions of this paper are as follows: A novel GNN-DRL fusion architecture
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for dynamic JRC resource allocation is proposed. A weighted reward mechanism balancing Aol and Signal
to Interference plus Noise Ratio (SINR) objectives is designed.

2 Research on Joint Radar Communication Resource Allocation in a Two-Lane Scenario
2.1 Two-Lane Model

Consider a vehicular system that contains a number N of vehicles (Fig. 1) that travel along a two-
lane roadway. In real traffic scenarios, lanes and vehicle speeds are correlated. This model assumes uniform
speed per lane, with outer lanes having relatively higher speeds, which aligns with common traffic flow
patterns. Each vehicle has four directional antennas for short-range radar detection and a data transceiver
that works in four basic directions. Over time, vehicles collect data via their sensor systems and store it in
memory. At each discrete time step, a vehicle must decide: transmit sensor data or conduct radar detection.
If choosing communication, it further determines which stored data to send and the transmission direction.
This decision simulates vehicles’ dynamic resource allocation in real scenarios.

®

Short-Range Radar Range

Figure 1: Two-lane model

2.2 Interference with Radar and Communication Systems and Countermeasures

In real scenarios, surrounding vehicles’ radar subsystems usually operate independently at regular
intervals, potentially interfering with the target vehicle’s millimeter-wave communications. To address this,
intelligent vehicles in this study have learning capabilities, enabling them to arrange radar and communi-
cation operations based on their environment. They can monitor surrounding radar signal characteristics
(e.g., intensity, frequency) and adjust their radar detection intervals or communication bands to reduce
interference impact. When strong surrounding radar interference is detected, they may temporarily delay
communication to prioritize radar detection (ensuring accurate environmental perception) or choose less
interfering bands to improve communication success rates.

2.3 Communication Access Solutions in Multi-Agent Scenarios

In multi-agent scenarios, vehicles coordinate sensor data transmission through narrowband con-
trol channels using a shared channel competition mechanism. Vehicles compete for access to shared
communication channels and combine graph neural networks with dynamic neighbor selection and atten-
tion mechanisms to optimize resource allocation. In this case, vehicles need to allocate resources more
intelligently to avoid communication conflicts and improve communication efficiency.

2.4 Mathematical Expression and Implementation Approach of System Objectives

Vehicles in the JRC system must decide when to conduct radar detection to get accurate speed info
of surrounding objects—critical for autonomous driving safety. In complex traffic, knowing surrounding
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vehicle speeds aids timely collision-avoidance decisions. They can predict and transmit the most valuable
current data, choose optimal transmission directions for needy vehicles, and select best communication time
steps to maximize SINR, boosting transmission success and throughput. These goals are mathematically
integrated into the subsequent POMG model to quantify and optimize vehicle decisions.

3 Establish a POMG Model

In the JRC system, each intelligent vehicle is considered as an intelligence, and the multi-agent JRC
problem is defined as a POMG since each agent can only obtain local observations and cannot know the
observations or actions of other agents. At each discrete time step t, agent i makes observations of its
local state and environmental conditions o;, while the complete state of the whole system s is formed by
concatenating the observations of all N agents, i.e., s = [01,0,,...,0n]. Based on o;, agent i decides how to
operate its communication or radar system via a stochastic policy m:O — P (A) (e.g., selecting the radar
detection action a4, Or communication action (aq, ag)), where O is the observation space and A is the
action space. The environment then updates s according to the state transition model (accounting for data
age growth, vehicle movement, and communication channel characteristics), and agent i receives a reward
r; based on the reward function R: S x A — R—this reward function is designed to guide agents toward the
system objectives outlined in Section 2.4. Below, the observation space, action space, state transition model,
and reward function of the POMG are defined in detail.

3.1 Observation

Observations of this vehicle o; consist of multiple features describing the local environmental condi-
tions, the configuration of the surrounding vehicles, and the accumulated sensing data of this vehicle, defined
as:

o=[a,ex,v,d,dg], 1)

where a denotes the time step (i.e., the number of time steps that have elapsed since the last radar detection
was performed) since the last radar information was collected on this vehicle; the environmental vector
e = [w, m, v] contains three environmental state features indicating the necessity of radar detection at the
current time step: w represents weather conditions (0 = clear, 1 = rainy, 2 = foggy), m indicates the presence
of nearby moving objects (0 = absent, 1 = present), and v is the speed of the vehicle. Each environmental
feature is graded within an integer set {w, m,v} € {0,1,..., E;ax }, where E,,,, = 2 (the maximum grade of
environmental features, with 0 representing the safest condition), and v € RN"! (where N is the total number
of vehicles), higher values indicate higher risk; the vectors x € R*N~1) and represent the position and speed
of the other N —1 vehicles relative to the vehicle. Position is two-dimensional, located in the plane of the
roadway, and consists of distance along the longitudinal direction of the roadway and lane position in the
transverse direction; speed is one-dimensional, and consists of a velocity component along the direction of
the roadway only, as the vehicle is traveling along a straight roadway, and is obtained by the vehicle through
direct measurements of odometer sensors of neighboring vehicles and by a GNSS system. These values,
position and speed can be corroborated by sensor fusion when sensed data are available; features d and dg
denote scalar fields (discretized in the spatial domain) of available sensing data stored in the vehicle’s memory,
represented as a 2D array whose origin corresponds to the vehicles instantaneous position: d € R**5, where
A =20 (number of discrete grid points along the roadway’s longitudinal direction) and B = 4 (number of
discrete grid points along the roadway’s lateral direction), represents the Age of Information (Aol) of sensing
data corresponding to vehicle positions. Data exceeding the maximum aging threshold «,,,, = 30 (a pre-
defined invalid data threshold; data beyond this value is deemed outdated and deleted) is discarded, so the
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array element d,p, € [0, amax ]; dg describes the azimuth of each data point relative to the vehicle’s traveling
direction at the time of collection, discretized based on the vehicle’s direction as dg ., € {F,R,B, L, null} =
Dy U null, where F (front), R (right), B (rear), and L (left) denote directions, and null indicates no data at
coordinates (a,b).

3.2 Actions
3.2.1 Motion Space Definition

The set of actions A contains several different decision options. Among them is the action a g, to
perform radar detection, where the radar subsystem acquires real-time velocity information about the
surrounding objects, and the system tends to choose the radar action when environmental characteristics
indicate the need for more frequent sensing. There is also the communication action (a4,a9) for data
transmission, where the data selection a4 corresponds to the discrete data orientation state dg, and the vehicle
transmits data matching dg and a4 in memory. The transmission direction ag selects the physical direction
of the communication antenna to ensure that the data is sent to the target vehicle. The direction selection
takes into account the relative position of the receiving vehicle and the SINR of the communication link. in
addition an empty action is included to indicate that the smart body does not perform any new action at the
current time step, keeping the existing policy unchanged.

The whole set of actions can be represented as:
A ={(ag,aq) |ag € Ag,a9 € Ag} U {(aradar,null) } . (2)

3.2.2 Data Transmission Rules

If the agent selects the communication action (a4, ag), it first needs to filter the sensing data in its
memory whose azimuth matches a4 based on the data azimuth matrix dg, ensuring the transmitted data
meets the requirements of the target direction. The final data to be sent, d<**"%*, is determined jointly by the
indicator function 1,, (dg) (which filters data with matching azimuth) and the Hadamard product (which
associates with the timeliness of the data Aol matrix d):

d<send> — 1ad (de) o d, (3)

where 1, (+) is the indicator function, which serves to accurately filter the data whose azimuth angle matches
the target transmission direction a4. o is the Hadamard product (multiplication of elements). It is the
element-by-element multiplication operation of the data retained after screening by the indicator function
with the Aol corresponding to that data.

The data of the vehicle j that receives the data update is shifted according to the position of the vehicle
i that sends it:

d
dj(rec> (x1,%2) = di(sen ) (Xl + Xpji> X2 + X2,ji) , (4)
where x, j; and x; j; are the positional offsets of vehicle j with respect to i.

3.3 State Transition Model

The state transition model describes each vehicle’s observation changes in subsequent time steps based
on all vehicles’ current observations and actions, and vehicle actions’ effect on the wireless channel. When
time advances to the next step, each vehicle’s data age increases by 1, and data features shift with its travel
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distance due to movement. Vehicles may get new data via their sensors or from neighbors, both updating
their states. The data age formula is as follows:

dt+l (XI)XZ) = min (dt (Xl + VtAt) XZ) + 1’ ‘xmax) > (5)

where d; (x; + vtAt, X;) + lindicates that as time advances fromt to t + 1 (interval At), the data age is naturally
incremented by 1 from the original position after updating. Use the min function, it is ensured that the data
age at the time of t + 1 does not exceed the maximum threshold «,, 4.

During the communication process, factors such as the power and signal-to-noise ratio (SINR) of the
signal transmission play a key role in the transmission effect, which in turn affects the state transfer. When
the transmitted signal reaches the target vehicle j, the received power Py; is given by:

Py = GiGjL;Py, (6)

where P; is the transmitted power, G; and G; are the antenna gains of the transmitting and receiving vehicles,
respectively, and Lj is the path loss, which is related to factors such as the distance between vehicles. Based
on the received power, the signal to noise ratio is calculated:

P,
SINRjj = ————, (7)
2 keN\i Ok + 1

where 3 \; Ok is the radar interference generated by other vehicles and n; is the background noise. If
the SINR meets certain conditions, data transmission is successful, and the vehicle status changes due to
receiving new data; if transmission fails, the vehicle may readjust its transmission strategy, retry transmission,
or select other actions, reflecting the dynamic interaction between the vehicle and its environment.

3.4 Reward

The reward function r (t) is the core mechanism to guide the vehicle’s decision making, including com-
munication reward and radar reward, which balances the importance of radar detection and communication
by weighted summation to encourage the vehicle to make decisions that meet the system goals. The reward
function is represented as:

r (t) = Wcomm (rSINR X rdata) + WradarIradar> (8)

where Weomm and Wr,qar are weights to adjust the relative importance of communication and radar functions
in decision making. In different driving scenarios, these weights can be adjusted to optimize the system
performance according to the actual needs. rgyng aims to encourage vehicles to maximize data transmission
SINR at the expected receiver by calculating the sum of transmission success rates 1);; for all receiving vehicles,
ie.,

ISINR = Y, Mijs 9)
jeN\i

a higher SINR means that data transmission is more reliable and can deliver information to other vehicles
more efficiently. r4,, encourages vehicles to send data that is more useful to other vehicles, with calculations
that take into account the receiving vehicle’s priority for different location data and the age of the data. The
specific calculations are:
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Tdata = Z Vj (Z (Wj)ab o max (O, Qax — (dfreo)ab)) , (10)

jeN\i a,b

where (Wj)ab denotes the importance weight of the receiving vehicle j for data at position (a,b) (element
of the position weight matrix), which is related to the vehicle’s traveling direction and safety needs—for
example, the vehicle assigns a weight of 1.2 to data in front of or near its own position, and 0.6 to data
behind or far from its position; v; is associated with the individual state of vehicle j (e.g., v; = 1.5 for high-
speed travel, v; = 0.8 for low-speed travel), reflecting the urgency of its demand for environmental perception
information. r,,4,r is used to encourage vehicles to perform radar detection when necessary, and when a
non-radar detection action is selected, a corresponding penalty will be given according to the environmental
conditions and the time of the last radar detection. The specific formula is:

Iradar = _la:&amdar (eXP (6[3) xf (a)) > (11)

where 1,4, is an indicator function, used to determine whether the current action is a radar detection
action; [ is a coeflicient vector, used to adjust the degree of influence of environmental conditions on the
punishment; f (a) is a non-decreasing function on a, often taken as f (a) = 1z+ (a) in the experiment, which
means that with the increase in the interval of the last radar detection time a, the punishment will be
increased accordingly to motivate the vehicle to carry out radar detection in time, in order to ensure an
accurate perception of the surrounding environment.

4 Deep Reinforcement Learning Algorithms

For multi-agent problems, the MAPPO algorithm is proposed, which achieves distributed decision-
making and knowledge sharing by randomly assigning strategies to agents [28].

This algorithm is a strategy optimization algorithm suitable for multi-agent systems and plays an

important role in JRC problems. Its core principle is to maximize the expected reward of agents by optimizing
strategies, while considering the interaction and coordination between multiple agents.

4.1 Strategy Representation and Optimization Objectives in Multi-Agent Systems

The goal of reinforcement learning is to learn an optimal strategy that allows the intelligent agent
to obtain the maximum expected cumulative reward in the system [29]. For a single intelligent body, its
expected reward can be expressed as:

J (T[i) = ESNPr“i,aiNTti |:Z Yt_lri,t:| > (12)
t=1

where Pr™ is the probability distribution of the state under the strategy m;, y is the discount factor, and r; ; is
the reward obtained by the intelligent body i at time step t.

4.2 Loss Function in the MAPPO Algorithmn

The MAPPO algorithm updates strategy parameters by optimizing the loss function and uses a clipped
proxy objective function to limit the step size of strategy updates in order to improve the stability of the
algorithm. For the detailed derivation process of the CLIP loss function, please refer to Appendix A. For the
kth policy Ty, in a multi-intelligent body system its clip loss function L°M* (8)) is:
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LMP (1) = Eo, oy [min (pt (0) AT (t), max (1- €, min (p; (0y), 1+ €)) AT (t))] , (13)
where p; (0x) = % denotes the probability ratio between the current strategy my and the last updated

strategy Ty o4 at time step t, and e is a hyperparameter to control the magnitude of the strategy update.
AT (t) is the estimated dominance value of the intelligencei at time stept under the strategy ., computed
as:

A?k (s,a) »r(s,a) + ny“ (s(t+1)) - \A’:Tk (s(t)), (14)

where r (s,a) is the immediate reward obtained by the intelligent in states for taking actiona and V™ is the
value network’s estimate of the value of the intelligent agent i state under strategy .

4.3 Updating the Value Network

In addition to optimizing the policy network, the MAPPO algorithm also involves updating the value
network. The value network is used to estimate the value of agents in different states, helping the policy
network to better evaluate the merits of actions. The parameters of the value network ¢y are updated by
minimizing the mean square error loss, and the loss function LYAL (¢y.) is:

LY (91) = Boyapem, [ (V (01 (0) -y (0) ] (15)

where the objective value, y (t) = r (t) + yV* (s (t+1)), combines the immediate reward r (t), with an
estimate of the value of the next state. By minimizing the mean square error loss, the estimate of the value
network is made closer to the true value, thus assisting the strategy network to make better decisions.

4.4 Entropy Reward Term

In order to promote the exploration of state-action space by intelligences, the MAPPO algorithm also
introduces an entropy reward term S [T[\Vk] (0). The overall objective function becomes:

LEMPVAL () = E [LY (i) = kiLYAY () + koS [y, | (0) ] (16)

where k; and k;, are coefficients used to balance the weights between strategy loss, value loss and entropy
reward. The entropy reward encourages the intelligent agent to try different actions and avoid converging
too early on a local optimal strategy.

4.5 Algorithm Execution Process

During the execution of the MAPPO algorithm, each intelligent body chooses an action based on its
current strategy m;a; and interacts with the environment to obtain a reward r; and the next observation o; (4.
Then, use the collected experience data to calculate the loss function and update the parameters of the policy
network and value network through the gradient descent algorithm. Repeat this process until the algorithm
converges or reaches the predetermined stopping condition.

5 Graph Neural Networks

In the resource allocation problem of multi-agent JRC systems, GNN exhibits significant advantages—
traditional methods struggle to handle complex dynamic graph structures and multi-agent interactions,
while GNN can effectively capture node relationships and information propagation rules. During the
execution of the MAPPO algorithm, each agent first fuses its local observation o; with neighbor information
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via this framework. Then, based on the policy network m; that takes the fused features as input, the
agent selects an action a; (e.g., radar detection a,,4,, Or communication action (aq4,ag)) from the action
space defined in Section 3.2, and interacts with the JRC environment to obtain a reward r; and the next
local observation 0;41; 0i,t41 is also processed through this GNN framework. Fig. 2 shows the overall
structure of this intelligent optimization framework, which takes local vehicle environmental observations
as input, processes them via the hierarchical GNN, and finally generates collaborative decisions through the
MAPPO algorithm.
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Figure 2: Structure of a vehicle JRC resource allocation model based on graph neural networks

5.1 Principles of GraphSAGE

GraphSAGE is an inductive graph neural network that updates the features of target nodes by sampling
and aggregating the features of neighboring nodes.

Sampling Neighbor Nodes: sampling a fixed number S of neighbor nodes from the set N (i) of neighbors
of nodei, denoted as N (i).

Aggregate neighbor features: taking mean value aggregation as an example, the feature update formula
for node i at layer l is:

h{,y = MEAN ({h{", vj e N5 (i)}), (17)
b = o (WR® + wn{ ), (18)

where Wl(l) and ng) are the learnable weight matrices and o is the activation function. GraphSAGE can
adapt to dynamic graph structures, but may ignore long-range dependencies.

5.2 Principles of GCN

GCN aggregates and transforms the features of nodes during message passing. Suppose the graph G =
(V,E), where V is a collection of nodes and E is a collection of edges. The feature vector of nodei at layer 1

is hi(l), the adjacency matrix is A, the degree matrix is D and the learnable weight matrix is W) First, add
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the self-loop to get A = A + 1, where 1 is the unit matrix. Then calculate the degree matrix D, Dy = Zjl\io Aij
corresponding to A. The update formula is:

h{*) = o (D2 ADh{OWD), (19)

where o is the activation function ReLU. GCN can effectively capture the global structural information of
the graph, but may have some limitations when dealing with dynamic graphs.

5.3 Neighbor Selection and Attention Mechanism Optimization Based on the Fusion of GraphSAGE and
GCN

Based on the existing GraphSAGE neighbor sampling, dynamic weights and attention mechanisms are
introduced to improve the specificity of information aggregation.

5.3.1 Dynamic Adjacency Weight

Weights based on interference intensity are added to the aggregation function of GraphSAGE. Assuming
that the distance between vehicles u and v is d,,y and the attenuation coeflicient is A, the aggregation formula
is:

~ Xy - Ouy - €xp (—Adyy)
om0 (W Ty R ), .

where §,, denotes the connection relationship (0 or 1) between nodes u and v, this formula gives priority to
aggregating the information of close and high interference neighbors.

5.3.2 Attention Enhancement Aggregation

Combine the attention of GraphSAGE with the neighbor matrix of GCN. First, calculate the attention
weights a:

a = Softmax (thiGCN + th?faPhSAGE) , (1)
then, fuse the features of GCN and GraphSAGE:
hgomb —a0e h_GCN " (1 _ (1) ® hGraphSAGE. (22)

5.3.3 Dynamic Adjacency Weight

Propose a layered fusion framework that combines the global structural information of GCN and the
local dynamic features of GraphSAGE.

Stratified aggregation

Bottom layer: GraphSAGE performs local neighbor sampling and feature aggregation to obtain local
features hlo<®!:

hi°<a! = GraphSAGE (h™") . (23)
High-level: GCN propagates the features output by GraphSAGE globally to obtain global features hf’lObal:

hz{global - GCN (hgocal) ) (24)
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Concatenate local features and global features to obtain the final features h!in!:
hiinal = Concat (h%“al, hflObal) . (25)

Joint decision-making

Feed the fusion features into the policy network to obtain the resource allocation probability p;:
pi = soft max (Weinathf™ + binal ) . (26)

As shown in Algorithm 1:

Algorithm 1: MAPPO-GCN-GraphSAGE for JRC Optimization.

1: Input: the vehicle communication graph G = (V, E), the set of vehicles N, the environment parameters.
2:  Initialize the policy network mg, value network V, experience playback pool D.

3 For iteration stept = 1 to maximum number of iterations do

4 For each intelligence i € N do

5: Observe local stateo; = [At, e, p_i, v_i, A, 04] (Eq. (1))

6 Compute local features by sampling neighbors N (i) via GraphSAGE hl°<?! (17) and (18)

7 Aggregate global features via GCN h’i‘”lobal (19) and (24)

8 Fusion of features h; = [hli"cal; hf’lObal] (25)

9: Sampling actions based on policy network a; ~ g (a;|h;) (2)

10: End For

11: Execute actions and calculate rewards using (8)

12: Store the experience(hi, ai, I, hi) to the playback pool D

13: If playback pool data volume > batch size (1200) do

14: Sample the batch data and calculate the dominance value A, = r + yVg (h") = V4 (h) (14)
15: Calculate strategy loss £, = min ( n:;j?I:T})l)A" cip (-, 1- €,1+ €) At) (13)

16: Calculating Value Loss Ly = E [(rt +yVy (h') -V, (h))z] (15)

17: Total Losses £ = L + ALy — BH (1q) (16)

18: Update the strategy network 0 and the value network ¢, respectively (gradient descent)
19: End If

20: If the strategy converges (reward fluctuation < 5%), terminate the iteration

21: End For

22:  Output: optimized strategy my, performance metrics

6 Experimental Evaluation

This experiment’s code was implemented with Python and the PyTorch framework, using the PyTorch
Geometric library to process graph structure data for training and optimizing multi-agent collaboration
strategies. It simulates a two-lane traffic scenario where the number of vehicles varies dynamically, with
initial positions and velocities randomly generated to reflect real traffic uncertainty. Each vehicle has four
directional antennas operating in the millimeter-wave band, supporting radar detection and directional
communication. The simulation environment integrates multiple channel fading models to accurately
reflect complex wireless communication propagation characteristics. Agent decision-making relies on MDP
modeling, with reward functions based on SINR and Aol to guide resource allocation; radar reward weights
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are set differently for single-agent and multi-agent scenarios to balance radar detection and communication
efficiency. At the algorithm level, the MAPPO framework is adopted, combining GCN and GraphSAGE
for dynamic information exchange, and optimizing message passing via neighbor sampling and attention
mechanisms. Key parameters are specified in a table to provide a standardized basis for experiment
reproduction and comparison, and see Table 2 for detailed values of these parameters.

Table 2: Environment setting

Parameter Value
Antenna gain (G) 6 dBi
Transmit power (P) 5W
Radar Transmit Power (o) 01W
Path loss index (A) 2
Path loss reference distance (L) 1m
Communication bonus weight (Wcomm) 0.2
Radar bonus weight (Wyadar) Single agent value is 6, multi-agent value is 8
Discount Rate (y) 0.99
PPO cropping hyperparameters (&) 0.2
Value function loss coefficient (k;) 0.5
Entropy loss coefficient (k;) 0.01
Batch size of each iteration (Batch size) 1200

Time Division Multiplexing (TDM) allocates fixed time intervals to separate radar and communication
functions, with no dynamic adjustment and independent of real-time environmental changes. It divides
the time axis into periodic frames (total T time steps per frame): a dedicated segment (e.g., 30% of
T, denoted t;) is for radar detection, and the remaining segment (e.g., 70% of T, denoted t,, where t;
+ t, = T) is for communication—cycling through directions like front, right, back, and left. This strict
time partitioning prevents interference between radar and communication, mimicking the operation of
traditional time-division systems in industrial.

Fig. 3 shows that as the number of training iterations increases, the traditional TDM method using
fixed time slot allocation, due to its rigid resource allocation rules and lack of environmental adaptability,
consistently maintains the lowest reward values across all curves and shows no significant room for
improvement. While the SOTA algorithm maintains a high stable range for communication rewards in the
later stages and shows a steady growth trend for radar rewards and average total rewards, it lacks dynamic
optimization fluctuations and exhibits significant flexibility deficiencies. In contrast, the PPO algorithm
demonstrates superior performance evolution with training iterations in the experiments. Communication
rewards exhibit dynamic adjustment characteristics even at stable high levels, radar rewards reach a peak
early on and subsequently adapt to environmental fluctuations for optimization, and average total rewards
maintain higher levels in the later stages. This fully validates PPO’s ability to dynamically optimize radar
and communication strategies through reinforcement learning, highlighting the significant potential of
reinforcement learning algorithms in JRC tasks compared to fixed-rule TDM methods and SOTA algorithms
that are stable but lack flexibility.

The left part of Fig. 4 takes “number of vehicles (5-25)” as the horizontal axis and “average total reward”
as the vertical axis, comparing the performance of the PPO algorithm and the traditional TDM method
through bar charts. The results show that in all scenarios with different numbers of vehicles, the average
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total reward of the PPO algorithm is significantly higher than that of the TDM method; even as the number
of vehicles increases, the PPO algorithm can still stably maintain its reward advantage. This phenomenon
verifies the efficiency of PPO in dynamic resource allocation—compared with the rigid rules of TDM’s fixed
time slot allocation, PPO can flexibly adjust the resource ratio between radar and communication according
to changes in the number of vehicles, better adapting to the resource demands in multi-vehicle scenarios.
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Figure 3: The communication rewards, radar rewards, and average total rewards of the traditional TDM method, SOTA
algorithm and the PPO algorithm in a single-agent experiment
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Figure 4: Average total reward of PPO and TDM algorithms under different vehicle numbers and PPO robustness
analysis (Evaluation Metric: Standard Deviation of Fluctuation in Average Total Rewards)

The right part of Fig. 4 focuses on the “difference in the number of vehicles between the training
and testing environments” and reflects the robustness of the PPO algorithm (with the evaluation metric
being the standard deviation of fluctuation in the average total reward) through the height variation of the
bar charts. When the number of vehicles in the testing environment is consistent with or close to that in
the training environment, the PPO algorithm achieves the highest reward value; as the difference in the
number of vehicles between the two environments increases, the reward value decreases gradually, but the
overall fluctuation range remains controllable. This indicates that the PPO algorithm can perceive changes
in the number of vehicles in the environment through reinforcement learning mechanisms and dynamically
optimize its strategy. At the same time, it proves that the PPO algorithm has good robustness in complex
traffic scenarios with dynamic fluctuations in the number of vehicles, providing adaptive support for its
deployment in real traffic environments.

Fig. 5 shows the evolution of the average total reward during training for the multi-agent JRC problem.

The experiment involves eight agents, all of which are mutually reachable on the control channel. Each
iteration is trained based on a fixed number of samples, with the specific sample count determined by
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the experimental setup. Significant performance differences emerged among algorithms during training:
The pure MAPPO algorithm showed initial improvement but became unstable after approximately 1500
iterations, likely due to the partially observable environment and insufficient information exchange among
agents, leading to performance degradation. In contrast, GNN-based MAPPO algorithms demonstrated
steadily increasing rewards throughout training, outperforming all other tested algorithms in reward acqui-
sition. Among these, the MAPPO + GCN + GraphSAGE algorithm achieved the best results. This algorithm
achieves approximately 18% higher convergence rewards than the pure MAPPO algorithm, 7% higher than
MAPPO + GCN, and 12% higher than MAPPO + GraphSAGE. This significant improvement stems from
the effective fusion of local neighbor features (via GraphSAGE) and global topological information (via
GCN), which enables more efficient cooperative decision-making. When certain algorithmic features are
adjusted (such as changing the neighbor selection strategy or the parameters of the attention mechanism), the
algorithm’s performance changes accordingly, but overall, the advantages of this algorithm are quite evident.
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Figure 5: Comparison of average total rewards between MAPPO and its fusion of GCN and GraphSAGE variant
algorithms during intelligent agent training

7 Conclusion

The experiment comprehensively verified the effectiveness of the GNN framework integrating GCN and
GraphSAGE in multi-agent joint radar communication (JRC) systems. Through dynamic graph sampling
and attention mechanisms, the new algorithm demonstrated superior performance to traditional methods
in terms of communication success rate, decision speed, and environmental adaptability. The ablation
experiments further clarified the roles of each module in the algorithm, providing direction for algorithm
optimization and improvement. The hierarchical fusion path of GNN and DRL proposed in this study
provides a more robust and deployable solution for real-time resource scheduling in vehicle-to-everything
(V2X) and intelligent transportation systems, and is expected to have significant application value in high-
density vehicle scenarios. In the future, we can further expand to complex traffic scenarios such as multi-lane
roads and intersections, explore lightweight GNN architectures to reduce computational overhead, and
integrate multi-sensor data to improve decision-making accuracy.
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Appendix A Derivation of the CLIP Loss Function

The CLIP loss function proposed in Section 4.2 of the main text is used to limit the policy update
step size of MAPPO, preventing training oscillations caused by excessive parameter adjustments. Its core
derivation process is as follows:

A.I Definition of the Probability Ratio

In the MAPPO algorithm, the core basis for policy updates is the “ratio of the action probability of the
current policy to that of the old policy” (probability ratio), defined as p; (6 ), 7 (a¢|or; Oy ) is the probability
that agent k selects action a; under the current policy parameter 0y and observation o; Ty o1d (2t|0t; Ok o1d) is
the old policy probability from the previous iteration (with fixed parameter 0y ,1q), which is used to measure
the relative magnitude of the policy update.

A.2 Construction Logic of the CLIP Loss Function

To avoid “abrupt policy changes” (e.g., a sudden shift from “prioritizing communication” to “prioritizing
radar detection”) caused by excessively large or small p; (0y), a clipping coefficient € (set to € = 0.2 in
the main text experiments) is introduced to constrain p; (6x) within the interval [1-¢,1+ €], ensuring
update stability.

The core idea of the CLIP loss function at this point is to “take the minimum of the ‘original probability

ratio-weighted advantage’ and the ‘clipped probability ratio-weighted advantage™ This not only uses the
advantage function to guide policy optimization but also avoids over-updates through clipping (Eq. (13)).

Where 1 ~ my o1q denotes trajectories (including sequences of observations, actions, and rewards)
sampled from the old policy, ensuring the unbiasedness of the expectation calculation; A{* is the advantage
function (Eq. (14) in the main text), which quantifies the value advantage of action a, relative to the “average
policy” (e.g., actions with high SINR and low Aol correspond to positive advantages, and vice versa for
negative advantages); clip (-) is the clipping function: if p; (0y) > 1+ ¢, it takes 1 + &; if p; (0x) < 1 — &, it takes
1 — ¢; otherwise, the original value is retained.
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