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With the rapid development of Vehicle-to-Everything (V2X) and Vehicular Edge Computing (VEC), the massive computation-
intensive tasks generated by intelligent vehicles during driving, including environmental perception, path planning, and autonomous
driving decision-making, impose extremely high requirements on real-time performance and reliability. Traditional task offloading
strategies often consider communication quality or computing resources in isolation, thereby neglecting the inherent coupling between
a vehicle’s dynamic driving path and its offloading decisions. This leads to low task completion rates, long travel times, and insufficient
utilization of edge computing resources. Therefore, addressing the joint optimization problem in VEC scenarios, this paper proposes
a deep reinforcement learning (DRL) algorithm based on an improved hybrid action space Soft Actor-Critic (SAC-Discrete). An
agent capable of simultaneously handling continuous speed control and discrete offloading decisions is designed, enabling it to
learn to collaboratively trade off task offloading and path optimization in dynamic traffic environments. This paper systematically
compares the proposed algorithm with five baseline methods: greedy strategy, fixed path optimization, fixed offloading optimization,
random strategy, and a discretized-action version of Vanilla SAC. Experimental results demonstrate that our algorithm converges
rapidly and achieves high stability, and the proposed joint optimization framework significantly improves system efficiency and

resource utilization while reducing average travel time.

Index Terms—VEC, Task Offloading, SAC-Discrete, DRL, Collaborative Optimization.

I. INTRODUCTION

ITH the deep integration of fifth-generation mobile

communication technology and the Internet of Things,
V2X, as a core component of intelligent transportation sys-
tems, is undergoing revolutionary development. V2X technol-
ogy constructs a real-time, reliable, and efficient intelligent
transportation information interaction network by achieving
comprehensive connectivity among Vehicle-to-Vehicle (V2V),
Vehicle-to-Infrastructure (V2I), Vehicle-to-Pedestrian (V2P),
and Vehicle-to-Network (V2N). In this context, emerging
applications such as autonomous driving, high-definition map
updates, real-time traffic analysis, and in-vehicle entertainment
continue to emerge. These applications are often computation-
intensive and delay-sensitive, posing unprecedented challenges
to on-board computing resources [1].

Although traditional cloud computing models can provide
powerful computing capabilities, network transmission delays
and uncertainties due to the typical distance between cloud
data centers and terminal devices make it difficult to meet the
millisecond-level real-time requirements of V2X applications.
VEC emerged as a solution, with its core idea being the
sinking of computing, storage, and network resources to the
network edge, closer to data sources and terminal devices.
In VEC scenarios, edge servers deployed in Roadside Units
(RSUs), base stations, or specific facilities can provide low-
latency, high-bandwidth computing offloading services for
moving vehicles, effectively alleviating the bottleneck of lim-
ited local vehicle computing resources [2].

However, the high mobility of vehicles, time-varying nature
of wireless channels, and limited edge server resources make
VEC task offloading an extremely complex dynamic optimiza-
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tion problem. During driving, vehicles not only need to decide
“whether to offload” and “to whom to offload” computing
tasks, but their own driving states such as speed, acceleration,
and path selection also affect the channel quality with RSUs,
thereby influencing the transmission success rate and delay of
offloaded tasks [3].

Most current research treats path planning and task of-
floading as two independent optimization problems. This frag-
mented optimization paradigm cannot fully exploit the syner-
gistic gains between them, potentially leading to overall sys-
tem inefficiency. For example, vehicles may excessively detour
to obtain better channel quality, significantly increasing travel
time; or they may drive at high speeds to reach destinations,
missing optimal communication and offloading opportunities
[4]. Therefore, researching an intelligent algorithm capable of
synergistically optimizing vehicle driving paths and computing
task offloading decisions holds significant theoretical value and
practical urgency for fully releasing the integration potential
of VEC, and constructing truly efficient and reliable intelligent
transportation systems.

Current research on VEC task offloading primarily focuses
on resource allocation, offloading decisions, and computation
scheduling, mainly employing optimization theory, game the-
ory, and heuristic algorithms. When discussing optimization
theory methods, researchers often formulate the problem as
a Mixed Integer Nonlinear Programming problem, aiming to
minimize total system delay or total energy consumption [5].
Such methods can theoretically obtain exact or approximate
solutions, but typically suffer from high computational com-
plexity, making them difficult to adapt to large-scale, highly
dynamic real-time V2X environments. Game theory-based
approaches treat vehicles as selfish decision-makers, analyzing
competition and equilibrium in distributed offloading decisions
through establishing non-cooperative game models [6]. These
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methods can better characterize multi-agent interactions, but
convergence analysis and Nash equilibrium solving often face
difficulties. Heuristic rule-based methods, such as greedy
strategies based on channel state [7], server load [8], or
distance, are simple and easy to implement but lack long-
term planning capability, easily falling into local optima and
struggling to achieve global performance optimization.

In recent years, DRL has demonstrated significant advan-
tages in solving such dynamic optimization problems due to
its powerful sequential decision-making and environmental
adaptability. Algorithm frameworks such as Deep Q-Network
(DQN) [9], Policy Gradient (PG) [10], and Soft Actor-Critic
(SAC) [11] have been introduced into the field of V2X
resource management. However, existing research mostly de-
signs action spaces as purely discrete or purely continuous,
with few works systematically addressing the hybrid action
space problem inherent in VEC joint optimization—the co-
existence of “continuous path/speed control” and “discrete
offloading target selection”. Furthermore, existing RL methods
often employ relatively simplistic reward function designs,
failing to comprehensively and finely characterize the trade-
offs among multiple objectives such as task completion quality,
resource utilization efficiency, and traffic flow smoothness.

Addressing the aforementioned problems, this paper focuses
on the joint optimization problem of vehicle driving paths
and task offloading in VEC, aiming to design an algorithm
capable of online learning and making intelligent collabo-
rative decisions. The core research question of this paper
is: Under dynamic traffic environments and wireless channel
conditions, how can vehicles intelligently adjust their speed,
select driving paths, and simultaneously decide when and to
which edge server to offload computing tasks, to maximize
task completion rate before deadlines while balancing travel
time efficiency and edge computing resource utilization. The
main contributions of this paper are as follows:

e Proposes an improved SAC-Discrete joint optimization
algorithm: Targeting the characteristics of hybrid action
space, designs a dual-head output policy network to
separately handle the stochastic policy for continuous
actions and the categorical policy for discrete actions,
achieving effective learning of hybrid actions within a
single framework.

o Constructs a refined collaborative decision state: In addi-
tion to conventional vehicle state, task state, and network
state, innovatively introduces task type feature encoding,
enabling the agent to recognize task size differences and
providing basis for differentiated decision-making.

o Constructs a refined reward model: Creates a multi-
objective composite reward function, containing not only
task completion rewards but also rewards for utilizing
RSU resources, driving efficiency, and global efficiency,
guiding the agent to learn globally optimal collaborative
strategies.

o Develops a SUMO-based simulation verification plat-
form: Utilizes the open-source micro-traffic simulator
SUMO to construct high-fidelity road scenarios and ve-
hicle dynamics models, ensuring the authenticity of the
research environment.

The remaining sections of this paper are organized as
follows: Chapter 2 systematically reviews related work in
VEC communication, offloading, and Reinforcement Learning
(RL) in VEC, pointing out limitations of existing research.
Chapter 3 elaborates on the system model studied in this paper,
including scenario architecture, vehicle and communication,
computing task models, and formally defines the Markov
Decision Process (MDP) and problem formulation. Chapter 4
focuses on introducing the improved SAC-Discrete algorithm
design, including network architecture, hybrid action process-
ing mechanism, multi-objective reward function, and training
process. Chapter 5 details the experimental setup, baseline
methods, and evaluation metrics, and provides comprehensive
analysis and discussion of experimental results. Chapter 6
summarizes the research work and conclusions of the paper.

II. RELATED WORK

A. VEC Communication and Computing Offloading Re-
search

VEC task offloading is an interdisciplinary research field in-
volving wireless communication, mobile computing, resource
management, and optimization theory. Early research primarily
focused on theoretical modeling and analysis of the problem.

In terms of communication models, as Zhou et al. [12],
researchers have widely adopted distance-based path loss mod-
els, small-scale fading models, and more complex V2I channel
models to analyze V2X communication characteristics. For
computing offloading scenarios, transmission delay is typically
modeled as a function of task data size and instantaneous
transmission rate, while transmission rate depends on signal-
to-noise ratio, bandwidth, and modulation coding scheme,
among other factors. Such research provides theoretical foun-
dations for understanding the impact of channel dynamics on
offloading performance, but often assumes fixed or simple
vehicle trajectories, without fully considering the potential
optimization space of vehicles actively adjusting paths to
improve communication quality.

In terms of computing models, as in the work of Annu et
al. [13] , tasks are typically abstracted as triplets consisting
of data size, computational requirement, and deadline. RSU
computing capability is modeled either as a fixed value or
as a dynamic value based on current load. Queuing theory is
commonly used to analyze task waiting time in server queues.
Although these models can characterize computing resource
contention, most treat the server processing procedure as a
“black box,” lacking differentiated handling considerations
for heterogeneous task types—such as perception, decision-
making, and entertainment tasks—which have different com-
putational resource requirements.

Early optimization methods primarily employed mathemat-
ical tools such as convex optimization, integer programming,
or mixed integer nonlinear programming, aiming to minimize
total system delay, total energy consumption, or maximize
user quality of service. For example, some studies transform
stochastic optimization problems into deterministic optimiza-
tion problems for each time slot using Lyapunov optimization
frameworks [14]. Such methods are theoretically rigorous and
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can provide performance bounds, but their high computational
complexity and reliance on perfect channel state information
make them difficult to cope with large-scale, highly dynamic
real-time VEC environments. Furthermore, these methods typ-
ically require centralized controllers and global information,
limiting scalability in distributed V2X scenarios.

B. Application of RL in V2X Resource Management

In recent years, RL has gained widespread attention in
the field of V2X resource management due to its advan-
tages in handling sequential decision problems and adapting
to unknown environmental dynamics. The core idea is to
enable agents (vehicles or controllers) to learn optimal poli-
cies through trial-and-error interaction with the environment,
without requiring prior knowledge of the exact environment
model.

DQN and its variants were among the earliest RL algo-
rithms applied in this domain. Research has utilized them for
base station selection, spectrum allocation, and simple binary
offloading decisions. For example, Zhou et al. [15] uses DQN
for vehicles to select the optimal RSU for task offloading, with
state space containing vehicle position and channel state, and
action space being the discrete set of RSUs. However, DQN
algorithms are inherently designed for discrete action spaces
and cannot directly handle continuous control variables such
as vehicle speed and acceleration. Although discretization can
handle continuous actions, this leads to dimensionality disaster
and control precision loss.

PG and SAC offer possibilities for handling continuous
action spaces. For example, Bi et al. [16] adopts Deep
Deterministic Policy Gradient algorithms to jointly optimize
vehicle transmission power and computing resource alloca-
tion. However, such methods face challenges when handling
discrete decisions like ”which RSU to choose”. Existing SAC-
based methods in V2X networks, such as Komeil et al.
[17], predominantly simplify the problem by adopting purely
discrete action spaces. However, this approach leads to limited
action space resolution and introduces quantization errors.

To address competition and cooperation among vehicles,
Multi-Agent Reinforcement Learning has also been intro-
duced. Most work adopts a decentralized execution architec-
ture, with each vehicle acting as an independent agent [18].
However, this introduces non-stationarity challenges, where
each agent learns in an environment constantly changing due
to other agents’ learning. The introduction of the Centralized
Training Decentralized Execution framework can effectively
alleviate this problem, where the critic network can access
global information during training, while during execution,
each agent acts based solely on local observations.

Despite the preliminary success of RL in V2X, existing
research still has shortcomings in addressing the core problem
of joint optimization of task offloading and path planning.
Most works either fix vehicle trajectories to optimize of-
floading [19] or optimize paths given offloading strategies
[20], failing to place both in a unified, interactively learnable
framework. Furthermore, reward function designs are often
relatively simplistic (e.g., minimizing delay), lacking compre-
hensive consideration of multidimensional objectives such as

task completion success rate, resource utilization fairness, and
overall traffic flow efficiency.

Recently, several studies have explored advanced DRL
techniques for VEC task offloading. More et al. [21] proposed
DHPG (Deep Hybrid Policy Gradient), a novel DRL approach
that operates in hybrid action spaces to jointly optimize service
task placement and edge resource scaling in cellular V2N envi-
ronments. Their work demonstrates the effectiveness of hybrid
action space handling for VEC scenarios, though it focuses on
resource scaling rather than path-offloading collaboration.

This paper’s research work is precisely directed at the afore-
mentioned challenges. We explicitly place vehicle continuous
trajectory control and discrete task offloading decisions within
a unified, MDP-based joint optimization framework. The core
innovation of this paper lies in designing and implementing
an algorithm based on improved SAC-Discrete, specifically
targeting the hybrid action space characteristics in VEC joint
optimization problems, integrating refined state representation
and multi-objective reward functions, and achieving robust and
accurate evaluation of algorithm performance in a high-fidelity
SUMO simulation environment.

To better illustrate the distinct contributions of our work
in the context of existing literature, Table I provides a com-
parative overview of representative methods for VEC task
offloading and path optimization.

As summarized in Table I, many existing works treat path
planning and task offloading as separate problems, using meth-
ods that are confined to either discrete or continuous action
spaces. In contrast, our proposed SAC-Discrete algorithm
uniquely addresses the hybrid action space inherent in VEC
joint optimization. It explicitly models and learns the coupled
relationship between vehicle path control (a continuous action)
and offloading decisions (a discrete action) within a single,
unified DRL framework. Furthermore, the use of the high-
fidelity SUMO simulator for validation ensures the realism of
our evaluations.

III. SYSTEM MODELING AND OPTIMIZATION PROBLEM
FORMALIZATION

A. VEC System Architecture

The system architecture studied in this paper is shown in
Fig. 1, depicting a typical urban road VEC scenario. This
architecture contains three core layers: vehicle layer, edge
computing layer, and control and optimization layer.

Specifically, the road network is a one-way main road
with a length of 1000 meters, starting coordinates (0,0) and
ending coordinates (1000,0). At 300 meters and 600 meters
along the road, there are two intersections, each providing
selectable branch paths that eventually merge and lead to the
destination. Edge servers are two fixed RSUs with different
computing capabilities. RSU; is located at coordinates (450,
300), RSU; at coordinates (450, -300). They connect to the
edge network via wired links, possessing significantly more
powerful computing capabilities than on-board units, but with
limited coverage ranges. Vehicles are generated at the starting
point following a Poisson process. Each vehicle carries a
computing task upon generation, with task attributes including



JOURNAL OF NETWORKING AND NETWORK APPLICATIONS, VOLUME 6, ISSUE 1, MARCH 2026 23

TABLE I: Comparison of Our Method with Representative VEC Optimization Studies.

Methodology Problem Focus Action Space Joint Optimization
DQN [16] Offloading Decision Discrete only Path fixed, offloading only
DDPG [17] Resource Allocation Continuous only Offloading fixed, resources only

Federated SAC [18]
Hyper-heuristic [20]
Heuristic [21]

SAC-Discrete (Ours)

Task Offloading
UAV-assisted Offloading
Path Selection
Offloading & Path

Discrete only
Discrete only
Discrete only
Hybrid (Continuous + Discrete)

Path fixed, offloading only
Trajectory fixed, offloading only
Offloading fixed, path only

Path & offloading jointly optimized

End point

Starting point

Fig. 1: VEC System Architecture.

size, computational requirement, and deadline randomly gener-
ated within reasonable ranges. Vehicles need to travel towards
the end point while dynamically deciding on task execution
methods.

Vehicles act as agents, with their decision cycles synchro-
nized with the SUMO simulation step. At each decision time
t, vehicles perform the following actions:

Perception: Vehicles acquire local environmental observa-
tions through on-board sensors and VEC communication,
including their own state, relative positions to RSUs, estimated
channel state, and limited global information broadcast from
the edge controller, such as estimated RSU load.

Decision: Based on the current observation state S;, the
vehicle’s reinforcement learning policy network 7 outputs a
hybrid action:

Ay = (A7, A}y, (1)

where A¢ is the continuous acceleration command, and A¢ is
the discrete offloading decision.

Execution: Vehicles adjust speed according to Af{ and
navigate towards different intersections based on the path
selection algorithm. Simultaneously, task data is transmitted
to the selected server or remains in the local queue based on
Ad.

Feedback: The environment changes according to the vehi-
cle’s new position, task processing progress, etc., generating
a new state s;4; and providing the vehicle with an immediate
reward ;. The reward function comprehensively evaluates task
progress, driving efficiency, and resource utilization.

B. Model Design

1) Dynamic Model of the Vehicle

Vehicle longitudinal kinematics are simulated by the Krauss
car-following model within the SUMO simulator. For algo-
rithm design convenience, we abstract this to a model partially
controllable by the agent.

The state of vehicle ¢ at time ¢ is described by its posi-
tion x;, speed v;, and acceleration a;¢. Its dynamics are
approximated as:

Vi1 = Vi + i - AL, 2)

1
2
Where the actual operating acceleration a;; must satisfy
physical and traffic rule constraints: a; ; € [Gmin, Gmax], and
Vi t4+1 € [O>Umax]'

Although path selection decisions are not directly output as
actions, they are influenced by speed control and offloading
decisions. When vehicles approach intersections, based on
their current objectives, they intelligently choose to enter
branch roads or stay on the main road. SUMO’s routing logic
combined with our custom decision logic implements this
indirect path optimization.

i1 = Tie + Vi - At + —aq - (At)2, 3)

2) Communication Model

The wireless channel quality between vehicle 7 and RSU; (
j € {1,2}) is crucial for determining offloading transmission
delay. This paper adopts a channel gain model balancing
simplicity and practicality. The channel power gain h; ;; at
time ¢ is defined as:

i =B (i)™ - Cijs (4)

Where d; ;; is the Euclidean distance between vehicle ¢ and
RSUj. « is the path loss exponent. /3 is a constant related to
antenna gain and carrier frequency. ¢; ;; represents log-normal
shadow fading, reflecting medium-scale signal fluctuations.
Based on this, the received Signal-to-Noise Ratio SNR; ;;
can be defined as:

P-hijq

Ny-B'’
Where P; is transmission power, [Ny is noise power spec-
tral density, and B is bandwidth. Then, according to the
Shannon—Hartley theorem, the instantaneous transmission rate
RL gt is:

SNR; ;= (5)

Ri,j,t = B . 10g2 (1 + SNRi,j,t) s (6)
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Therefore, the theoretical transmission time required for a task
of size D; is :

D;
Rt
Within the RL framework, we do not precisely calculate
transmission volume at each step; instead, we define a nor-

malized channel quality indicator CQ; ;; € (0,1) as a state
input directly reflecting transmission difficulty:

)

1

di gt
1 + Rek

CQijrt = ®)

where k is a scaling constant. The closer the vehicle is to the
RSU, the closer CQ is to 1.

3) Computing Task and Resource Model

The task 7T; generated by vehicle ¢ is characterized by a
triplet: T; = (D;, C;, 7;). In simulation, D; follows a discrete
distribution, including three task types: small, medium, and
large. Computational requirement C; represents the CPU cy-
cles needed to complete the task. It is assumed that Cj; is
positively correlated with D; to simulate tasks with different
computational densities. 7; is a random variable positively
correlated with task complexity, representing the duration from
task generation to mandatory completion, providing urgency
signals for decision-making.

Each vehicle has a limited and fixed computational capa-
bility F'r,. Each RSU; possesses powerful computing capa-
bility Fg ;, Fg; > Fr. RSU adopt a first-come-first-served
approach to process offloaded tasks from multiple vehicles.
Server load factor L, ; € [0,1], defined as the ratio of current
total queued computational demand to its maximum service
capacity, is fed back to vehicles as part of the state to avoid
offloading to overloaded servers.

4) MDP Modeling

We model each vehicle as an independent agent; within the
multi-agent framework, the entire system can be viewed as
a Partially Observable Markov Decision Process. The local
observation state s; ; of vehicle 4 at time ¢ is a 14-dimensional
vector, specifically composed as follows:

Normalized position:

Ti,t

. 9
1000 ©)
Normalized speed:
Uit (10)
Umax
Normalized task data size:
D,
- 11
Dmax ( )
Normalized remaining time:
Ty — (t - tz gen)
: . 12
7.I’I’IE),X ( )

where t; g0, is task generation time.
Normalized computational requirement:

Oi, remaining

Cm ax

Task type encoding: a 3-dimensional one-hot vector, [1, 0, 0]
for small tasks, [0,1,0] for medium tasks, [0,0,1] for large
tasks.

Channel quality: channel quality CQ; 1+ and CQ; 2 for
two RSU.

Server load: Ly and Ly ; , representing the load factors of
two RSU periodically obtained through V2I communication.

Traffic interaction information: normalized distance to pre-
ceding vehicle, and normalized relative speed. This helps the
agent learn safe car-following behavior and avoid collisions.

The hybrid action space A; specifically includes:

Continuous action A{ : acceleration a; ¢ .

Discrete action A¢ : offloading decision a;; € {0,1,2},
representing local processing, offloading to RSUI , and of-
floading to RSU2, respectively.

State transitions are dominated by the SUMO simulation en-
vironment, encapsulating vehicle dynamics, traffic flow inter-
actions, task processing progress updates, and wireless channel
variations. This is a complex, high-dimensional stochastic pro-
cess, RL algorithms do not require knowledge of its exact form
but learn through interactive sampling. The reward function R
is the core for guiding agents to learn collaborative strategies.
The immediate reward r;; obtained by vehicle ¢ at time ¢
consists of the following components:

13)

o Task Completion Reward R,y : If the task is com-
pleted, a large positive reward will be given; otherwise,
a large negative reward will be imposed.

o Progress Efficiency Reward R, : Encourages progress
in task processing. Whenever a certain proportion of
computation is completed, a small positive reward is
given.

e RSU Usage Reward R,s, : When selecting offloading
action o0;; > 0, a fixed small reward is given to en-
courage utilization of edge resources, but this reward is
significantly smaller than the task completion reward to
avoid resource abuse.

e Driving Efficiency Reward Rpccq : Encourages vehicles
to travel close to the road’s expected speed Vimqz
penalizing excessively low speeds causing congestion or
excessively high speeds leading to unsafety. Defined as
negative squared error:

e (Vit — Vimax)” - (14)

o Collaboration Penalty R..qp : During centralized train-
ing, a reward term based on the total number of com-
pleted tasks is added, encouraging individual behaviors
beneficial to the collective.

The total reward is the weighted sum of each component:

Tit = WRcomp + w2Rpr0g + w3l + W4Rspeed + ws Reoltab

15)
The weights are adjusted through experiments to balance the
different objectives.
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5) Optimization Problem Formulation

Based on the above MDP model, the goal of each vehicle
is to learn an optimal policy 7 that maximizes its expected
discounted cumulative reward:

m* =argmax E  so~po
T

ar~m(+|se)
str1~P(¢]st,at)

lZv r(se, a ] ., (16)

Where « € [0,1) is the discount factor, trading off immediate
and future rewards.
From a system-level perspective, we expect the joint policy
of all vehicles to maximize the following global utility:
Maximizing the system-wide total task completion rate:

N
1
T = ¥ Z_; I(T; completed before 7;) .

a7)

Minimizing the system average task completion time:

1 f
2:NZ i,comp 7.gen)~

Maximizing the average edge resource utilization:

1 L
j=1

This is a multi-objective optimization problem. This paper,
through careful design of the aforementioned single-agent re-
ward function and adoption of a multi-agent training paradigm,
enables individuals, while optimizing their own cumulative
rewards, to exhibit behaviors that optimize these global objec-
tives. Therefore, the core algorithmic problem transforms into:
How to train a deep reinforcement learning model that can
effectively handle hybrid action spaces and learn collaborative
strategies in a multi-agent environment? The next chapter will
detail our proposed SAC-Discrete solution.

(18)

19)

IV. IMPROVED SAC-DISCRETE ALGORITHM
DESIGN

A. Algorithm Framework Overview

Addressing the hybrid action space joint optimization prob-
lem formalized in Chapter 3, this chapter proposes an im-
proved Hybrid Action SAC-Discrete algorithm. The traditional
SAC algorithm exhibits excellent performance and stability
when handling continuous action spaces, but its native ar-
chitecture cannot simultaneously output both continuous and
discrete actions within a single policy network. Our extended
SAC-Discrete redesigns the policy network with a dual-branch
architecture to simultaneously output distribution parameters
for continuous actions and class probabilities for discrete
actions, thereby achieving effective modeling of hybrid action
spaces. However, its direct application to VEC joint optimiza-
tion scenarios still faces challenges including complex state
information containing heterogeneous features, the need to
finely balance short-term communication gains with long-term

travel efficiency, and the requirement to promote collaboration
rather than competition in multi-vehicle environments.

To this end, this chapter makes three key improvements
to the standard SAC-Discrete algorithm, with the overall
algorithm framework shown in Fig. 2.Among them, the hierar-
chical feature extraction state encoder achieves efficient repre-
sentation of the 14-dimensional hybrid state information. The
dual-branch output hybrid policy network separately generates
Gaussian policies for continuous acceleration and categorical
policies for discrete offloading decisions, achieving end-to-
end differentiable hybrid action sampling through reparam-
eterization techniques. The multi-objective fusion intelligent
reward shaping mechanism balances multiple optimization
objectives including task completion, resource utilization, and
driving efficiency through dynamic weight adjustment. The
algorithm adopts the centralized training, decentralized exe-
cution paradigm, with each vehicle acting as an independent
agent, sharing experience replay buffers and partial network
parameters during training to accelerate learning and promote
emergence of collaborative strategies.

B. State Encoding and Feature Extraction

The 14-dimensional state vector observed by vehicles con-
tains information with different scales and semantics. Directly
inputting it into the network may lead to training instability
or slow convergence. Therefore, we designed a hierarchical
feature extraction module to preprocess the state as shown in
Fig. 3.Among them, the numerical feature normalization layer
performs min-max normalization on continuous numerical
features such as position, speed, task data size, remaining
time, etc., accelerating network convergence and improving
numerical stability. The categorical feature embedding layer
targets the 3-dimensional task type” one-hot encoding, map-
ping it to a low-dimensional dense feature vector through a
learnable embedding layer. This enables the network to learn
semantic relationships between different task types rather than
treating them as independent symbols. The interactive fea-
ture concatenation layer concatenates normalized continuous
features, embedded categorical features, and environmental
features such as channel quality and server load to form a
unified feature vector. Subsequently, this vector undergoes
nonlinear transformation through two fully connected layers
with ReLU activation functions, with the function content as
follows:

h; = ReLLU (Wl : [Snum ; Sembed ; Senv ] + bl) 5 (20)

h2 = ReLU (WQ . h1 + bg) y (21)

Where, ho serves as a high-level feature representation shared
by subsequent policy networks and value networks, capturing
key patterns in the state relevant to decision-making.

C. Hybrid Policy Network Design

The policy network mg(A | s) takes the high-level feature
representation ho as input and needs to output the joint prob-
ability distribution of hybrid action (AC,Ad) . We designed
the dual-branch structure shown in Fig. 4.
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First is the continuous action branch, responsible for out-
putting the conditional probability distribution of acceleration
A° . We assume that acceleration follows a Gaussian distribu-
tion given the state:

A° | s~ N (pu(s),0%(s)) . (22)

A fully connected layer is defined as the mean networ
wu(s) , taking ho as input and outputting a scalar, which is
then constrained to the range [—1, 1] through tanh activation,
and finally multiplied by the acceleration upper limit a4, to
obtain the mean:

B = Qmax - tanh (W ,ho +b,,) . (23)

Another fully connected layer is defined as the log standard
deviation network logo(s) , also taking ho as input and
outputting a scalar. To ensure standard deviation is positive
and avoid numerical issues, we clip its output:

log o= clamp (Wo-hQ + ba; 10g Omin» 108} CTmax) 5 (24)
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Where 0,,in, and 0,4, are custom small values.

Second is the discrete action branch, responsible for out-
putting the probability distribution for the three offloading
options: local, RSU1, and RSU2. Define the logits network,
which is also a fully connected layer, taking hy as input but
outputting a 3-dimensional vector z :

z = W,hs + by. (25)
The probability distribution of discrete actions is obtained
by applying the softmax function to z :

esk
jo1 €

P(A'=k|s) = (26)

To sample hybrid actions from the policy and compute
log probabilities for policy gradient updates, we adopt the
following steps:

o Use reparameterization trick for continuous action sam-
pling. First sample noise ¢ ~ N(0,1) from a standard
Gaussian distribution, then compute A° = pu+ o - € .
Finally, to satisfy practical constraints, clip A° :

A= Chp (Aca Amin, amax) . 27

o Perform discrete action sampling according to the proba-
bility distribution P (A% | s). During training, to encour-
age exploration, sampling is typically done directly from
this distribution; during evaluation, the action with the
highest probability is selected.

The joint log-probability is then obtained by summing the
log-probabilities of the continuous and discrete actions:

logm(A | s) =logm. (A°|s) +logmy (A%]s), (28)
Where, log . (A° | s) is the log probability density function
value of the Gaussian distribution, and log 74 (A% | s) is the
log probability value of the categorical distribution. Due to
the tanh transformation applied to continuous actions, the
log probability requires corresponding Jacobian correction
(identical to the approach in standard SAC [22]).

To reduce Q-value overestimation and improve learning
stability, we adopt a dual Q-network architecture [23]. Two Q-
networks Q41 and Qg2 have identical structures but indepen-
dent parameters. Each Q-network takes the joint representation
of state s and hybrid action as input. Since the action is hybrid,
we one-hot encode the discrete action, concatenate it with
the continuous acceleration value, and then concatenate with
state features to form the Q-network input. Specifically, for
a given (s, AC,Ad) , we convert the discrete action A¢ into
a 3-dimensional one-hot vector o . The input vector is then
[s, A%, 0] . The Q-network consists of two fully connected
layers and an output layer, producing a single scalar Q-
value. Target Q-values are computed using Clipped Double
Q-learning technique:

y = r+~(1—done) {milan% (5'7[1/) —alogm ([1/ | 5/)} ’
J=1,

(29)

Where r is the reward, v is the discount factor, done is the

termination flag, Qy,} are target Q-networks with parameters

@' softly updated from ¢ periodically, A’ = (AC/, Aa") s the
next action sampled from the current policy m, and « is the
temperature parameter (entropy coefficient).

The reward function is key to guiding agents toward multi-
objective optimization. As described in Chapter 3, our reward
function contains multiple components. In algorithm imple-
mentation, we concretize it and introduce adaptive mech-
anisms. To reflect the intelligence of task offloading, we
dynamically modify rewards. For example, when a large task
is correctly offloaded to an RSU, its base completion reward
is multiplied by a factor greater than 1; conversely, if a
large task is processed locally and times out, the penalty is
increased. This is reflected in the immediate reward r fed
back to the agent from the environment. Meanwhile, we adopt
automatic entropy adjustment, setting a target entropy value
N. During training, « is dynamically adjusted by optimizing a
loss function with respect to loga :

L(a) = —a(logm(A | s) +H). (30)
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This ensures policy entropy remains high during early train-
ing stages to encourage exploration and gradually decreases
later to stabilize policy.

D. Training Process

Algorithm 1 presents the improved SAC-Discrete training
process under the Centralized Training Decentralized Exe-
cution (CTDE) framework. After training completion, each
vehicle only needs to load the trained policy network 7y during
deployment. At each time step, vehicles obtain action distri-
butions through network forward propagation based on their
local observation s, then select actions to execute, operating
completely distributedly without requiring a central controller
or communication with other vehicles. The next chapter will
verify the effectiveness of this algorithm in the simulated VEC
environment through comprehensive experiments and conduct
comparative analysis with multiple baseline methods.

Algorithm 1 Improved SAC-Discrete with CTDE.

Require: Environment &,
o, Qd}l ; Ql/lg

Ensure: Trained policies g
1: Initialize parameters

2: Initialize target networks @Q + Q

3: for episode =1 to K do

4:  Reset environment, get states {s; }

5:  for step =1to 7T do

6: for each agent i do

7

8

9

replay buffer D, networks

acc ,off
a¥®®, ad™ < mo(s;)
Execute, observe s;,7;,d;

Store (s;, a4, s;,r;,d;) into D

10: end for

11: if |D| > B then

12: Sample batch from D

13: Compute target ) values

14: Update critics by minimizing Lg
15: Update actors by minimizing £,
16: Update temperature « if auto_entropy
17: Soft update target networks Q
18: end if

19:  end for

20: end for

V. EXPERIMENTAL DESIGN AND PERFORMANCE
EVALUATION

A. Experimental Setup

This chapter aims to systematically verify the performance
of the proposed improved SAC-Discrete algorithm on the
VEC joint optimization problem. The experimental platform
is built based on SUMO 1.24.0 micro-traffic simulator and
Python 3.9 environment, with the deep reinforcement learning
part implemented using the PyTorch 1.12.0 framework. The
simulation strictly follows the scenario defined in Chapter 3,
with every vehicle being a task vehicle. Vehicle dynamics are
controlled by SUMO’s built-in Krauss car-following model.
Each vehicle is assigned a random task upon generation, with

three task types: small, medium, and large. Computational
requirements are positively correlated with data size, and task
deadlines increase with task complexity.

The simulation parameters settings for the improved SAC-
Discrete algorithm are shown in Table II.

TABLE II: Simulation parameters.

Parameters Value
Discount factor ~y 0.99
Soft update coefficient 7 0.005
Initial temperature o 0.2
Target entropy -1

Acceleration range
Total episodes
Max steps per episode 200

[-3.0,3.0] m/s?
60

To comprehensively evaluate algorithm performance, we use
average task completion rate, average travel time, average RSU
utilization rate, and cumulative reward curve as quantitative
metrics, comparing with the following five baseline methods:

e Greedy Strategy (Greedy): At each decision moment,
vehicles select the RSU with the best current channel
quality (highest C'Q value) and load below threshold 80%
for offloading, Otherwise, local processing is performed.

o Offloading Optimization with Fixed Path (OOFP): Vehi-
cles fix a single path, but their offloading decisions are
optimized based on a pre-trained SAC-Discrete network.
This method isolates path optimization, testing only the
effectiveness of offloading decisions.

o Path Optimization with Random Offloading (PORO):
This algorithm strips the intelligence of offloading deci-
sions; offloading decisions are completely random, testing
only the effectiveness of path and speed optimization.

o Random Strategy (Random): The vehicle acceleration is
randomly selected from [—3,3]m/s, the route is chosen
arbitrarily, offloading decisions are completely random,
representing a non-intelligent baseline.

e SAC: The early version of SAC discretizes the continu-
ous acceleration and treats the entire action space as a
single combined discrete action, serving to validate the
effectiveness of our proposed improvements.

All baseline methods run under the same simulation envi-

ronment and task generation settings, with multiple experi-
mental repetitions to obtain statistically reliable results.

B. Experimental Results and Analysis

Fig. 5 shows the cumulative reward learning curve of the
SAC-Discrete algorithm over 60 training episodes. It can
be observed that the algorithm’s reward increases rapidly
within approximately the first 15 episodes, indicating that the
agent quickly masters basic task completion and driving rules.
Between episodes 15 and 40, reward continues to grow slowly
amidst fluctuations, suggesting the agent engages in more
refined policy exploration and optimization, such as learning
when to slightly detour for better channel conditions. After
approximately 40 episodes, cumulative reward stabilizes at a
high level with small fluctuations, indicating the policy has
converged to a stable and high-performance solution.
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We compared the trained and converged improved SAC-
Discrete algorithm with all baseline methods on core metrics.

As shown in Fig. 6 Our method achieves a near-perfect
task completion rate of 99.8% , significantly outperforming all
baselines. Although the greedy strategy can utilize the current
optimal channel, it lacks long-term planning, easily leading
to task failure later due to vehicles leaving coverage areas or
server overload, achieving only 77.3% completion rate. Fixed
path methods suffer from inability to actively approach RSUs,
limiting performance. Random methods perform worst.

As shown in Fig. 7 Regarding average travel time, our
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Fig. 7: Average Task Completion Time.
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Fig. 8: RSU Utilization Comparison.

algorithm achieves the shortest 25 steps to complete tasks,
reducing by 32.2% compared to the fixed path method. This
indicates that joint optimization effectively balances the trade-
off between “detouring for communication” and “direct fast
travel,” finding the globally optimal balance point. Further-
more, as shown in Fig. 8 our method achieves 99.3% RSU
utilization rate, demonstrating that the algorithm almost always
intelligently offloads tasks to appropriate RSUs. In contrast,
the 33% low utilization rate of the original method highlights
the necessity of the R,.su term in multi-objective rewards for
encouraging edge resource utilization.

To deeply understand the learned policy, we analyzed the
agent’s decision sequences in typical scenarios. It was found
that for large tasks, agents tend to plan paths in advance,
proactively drive towards less loaded RSUs, and even start
transmission early when channel conditions are acceptable.
For small tasks, agents prefer quick local processing while
driving, or “conveniently” offload only when passing by RSUs,
avoiding detour costs. Throughout the journey, vehicles do
not travel at constant speed. When far from RSUs and task
processing pressure is low, they appropriately accelerate to
shorten travel time; when approaching target RSUs or tasks
are about to deadline, they proactively decelerate to extend
high-quality communication windows. Simultaneously, agents
can avoid overloaded RSUs based on received server load
information, directing tasks to idle servers, achieving simple
distributed load balancing.

The above experimental results comprehensively confirm
the superiority of the improved SAC-Discrete algorithm in
solving VEC joint optimization problems. They demonstrate
the critical value of placing path planning and offloading
decisions within a unified framework for collaborative op-
timization; the multi-objective reward design successfully
guides agents to simultaneously optimize multiple competing
objectives; the network design for hybrid states and actions is
fundamental to the algorithm’s ability to learn complex poli-
cies. Its decentralized execution characteristic also aligns with
the distributed architecture requirements of V2X networks.

C. Sensitivity Analysis of Reward Weights

The proposed multi-objective reward function 15 plays a
crucial role in guiding the agent’s learning. The balance



JOURNAL OF NETWORKING AND NETWORK APPLICATIONS, VOLUME 6, ISSUE 1, MARCH 2026 30

between its components is controlled by the weights w; to
ws. To evaluate the sensitivity of the policy to these hyper-
parameters, we conducted a sensitivity analysis focusing on
the task completion reward weight wi, the driving efficiency
reward weight ws, and the resource utilization reward weight
ws. Based on the default configuration of w; = 1.0, ws = 0.5,
ws = 0.2, we evaluated the algorithm’s performance under
four alternative configurations:

« high emphasis on task completion (w; = 2.0).

o low emphasis on task completion (w; = 0.5).

o high emphasis on driving efficiency (w3 = 1.0).
« high emphasis on resource utilization (w5 = 1.0).

The results reveal a clear trade-off between task completion
rate and travel time when varying w;. Increasing w; to 2.0
significantly improves the task completion rate from 96.8% to
98.5%, but at the cost of a notable increase in average travel
time, as vehicles are more willing to detour or decelerate to
secure successful offloading opportunities. Conversely, reduc-
ing wy to 0.5 decreases the average travel time by 8.2%, while
the task completion rate drops to 88.1%.

When wj is increased to 1.0, the agent prioritizes travel
speed, resulting in a moderate reduction in travel time with
a slight decrease in task completion rate. For ws increased to
1.0, the policy shows relatively good robustness, maintaining
a consistently high completion rate (> 95%) and travel time
within a 5% margin of the default configuration. These obser-
vations indicate that while the policy is most sensitive to the
w1-w3 trade-off, the algorithm’s structure allows for effective
learning across a range of hyperparameters, demonstrating its
practical flexibility.

VI. DISCUSSION AND FUTURE WORK

A. Discussion on Scalability

While the proposed SAC-Discrete algorithm demonstrates
superior performance in the considered two-RSU scenario, its
scalability to environments with a significantly larger number
of RSUs warrants further discussion. The current dual-branch
architecture outputs a discrete action distribution via a softmax
layer, whose dimension scales linearly with the number of
RSUs N. Theoretically, the algorithm can handle any finite N.
However, in practice, a large N leads to a vast discrete action
space, which can severely challenge the efficiency of policy
exploration and the stability of the Q-value estimation. The
performance may degrade as the probability mass is spread
across many suboptimal actions.

To address this scalability challenge, future work could
explore several promising directions. One approach is to
decompose the decision-making process using hierarchical
reinforcement learning, where a high-level policy first selects
a candidate cluster of RSUs, and a low-level policy then
chooses a specific RSU within that cluster. Another avenue is
to leverage the parametric nature of the discrete actions. For
instance, the action “select RSU j ” can be reparameterized
by its features, such as location and current load. A policy
network could then generate a continuous action that maps
to the most suitable RSU based on these features, effectively

decoupling the action space size from the network architec-
ture. Furthermore, integrating Graph Neural Networks (GNN5s)
could allow the agent to process the topology and states of all
RSUs in a permutation-invariant manner, enabling the policy to
generalize to a varying number of RSUs without architectural
changes.

B. Generalization to Complex Scenarios

The current system model simplifies several aspects of the
real world while capturing core VEC elements. The road
network is a simple one-way road with two junctions. In
complex urban environments with multiple lanes, multiple
traffic lights, and diverse vehicle densities, the dynamics of
vehicles and route choice become more complex. The agent’s
state representation needs to be enriched using, for example,
occupancy grid maps or traffic light phases, which may require
more complex encoders such as convolutional neural networks
(CNNS). The scalability analysis in the previous section also
highlights the challenge of generalizing to a large number
of Rsus. Future work will focus on validating and adapting
the algorithms in these more realistic and complex urban
environments.

VII. CONCLUSION

The convergence of the Internet of Vehicles and edge
computing is profoundly reshaping the landscape of future in-
telligent transportation. Vehicles are no longer isolated mobile
nodes but are integrated into a networked intelligent agent
system capable of real-time perception, intelligent decision-
making, and efficient collaboration. This paper addresses the
fundamental and critical problem of “traveling” and “com-
puting” collaboration. By introducing an improved SAC-
Discrete algorithm, the significant potential and feasibility of
joint optimization are verified in a simulation environment.
Research results indicate that through intelligent algorithm
design, we can enable vehicles to be not only efficient “trav-
elers” but also intelligent “computers” during their journey
to destinations, thereby achieving safer, more efficient, and
greener intelligent mobility overall. Although this research has
achieved remarkable results, there are still limitations such as
simplified scenario models and single road topology. Based
on the achievements and limitations of this study, future work
can expand in several directions including algorithm extension
to more complex scenarios, integration of multi-source in-
formation and models, improvement of algorithm practicality
and reliability, and exploration of emerging paradigms and
applications.
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