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Ratio-Based Offloading Optimization for Edge and
Vehicular-Fog Federated Systems: A Multi-Agent

TD3 Approach
Frezer Guteta Wakgra , Widhi Yahya , Binayak Kar , Member, IEEE, Yuan-Cheng Lai ,

Ying-Dar Lin , Fellow, IEEE, and Seifu Birhanu Tadele

Abstract—Edge and vehicular-fog architectures enable a two-tier
Multi-access Edge Computing (MEC) system, where computing
resources are positioned behind base stations and vehicular-fog
nodes are placed closer to user equipment (UE), resulting in
lower latency compared to cloud alternatives. Vehicular-fog is
a computing resource formed by a group of either stationary
or mobile vehicles. In densely populated areas like congested
intersections or festivals, UEs can generate concentrated hotspot
traffic towards nearby MEC servers, potentially straining the
access network MEC (AN-MEC) site behind the base station.
To address this, a portion of the traffic can be offloaded, either
vertically to nearby vehicular-fog nodes or horizontally to
neighboring AN-MEC sites. The control plane rapidly determines
traffic offloading locations and ratios within seconds, with the
goal of minimizing average system latency. Our work proposes a
reinforcement learning (RL)-based multi-agent TD3, which is built
on top of the Twin-Delayed Deep Deterministic Policy Gradient
(TD3) algorithm to determine optimal offloading ratios. Evaluation
results underscore the remarkable decision-making speed of the
multi-agent TD3-based approach, which surpasses the single-agent
TD3 and simulated annealing (SA) methods by one and five orders
of magnitude, respectively. Notably, the average latency of the
multi-agent TD3 is better than that of the single-agent TD3, with
only a marginal increase of 2 to 6 ms when compared to SA.

Index Terms—Edge, offloading, optimization, RL, TD3,
vehicular-fog.
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Fig. 1. Vehicular-fog formation in AN-MEC network.

I. INTRODUCTION

IN FIFTH-GENERATION (5G) networks, the comput-
ing infrastructure is seamlessly integrated within the

communication framework, providing significant opportunities
through high bandwidth and low latency.

The positioning of edge servers at the periphery of the cellular
network is known as multi-access edge computing (MEC), as
shown in Fig. 1. MEC constitutes a decentralized system with
lower capacity compared to the cloud. Its proximity to the User
Equipment (UE) is closer than that of the cloud, rendering it
particularly suitable for services that demand low latency [1].
The European Telecommunications Standards Institute (ETSI)
has outlined scenarios where the MEC server can be deployed at
a base station, known as access network MEC (AN-MEC) [2].
This configuration illustrates a specific scenario where MEC
servers are deployed at base stations to optimize and enhance
the capabilities of edge computing within mobile networks. AN-
MEC brings communication and computation services closer
to end-users, enabling efficient handling of latency-sensitive
applications and reducing the load on the core network.

An AN-MEC server may face challenges due to incoming user
traffic originating from cloud servers, neighboring AN-MECs,
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and UE devices. The UE devices, including smartphones, robots,
and vehicles, often have tasks beyond their local processing
capabilities, prompting them to offload some of these tasks to the
AN-MEC for more efficient computation [3]. In densely popu-
lated areas like congested road intersections or music festivals,
numerous UEs can create hotspot traffic directed towards nearby
AN-MEC servers [4], [5]. When an AN-MEC server becomes
overloaded, it can mitigate its workload by offloading tasks to
neighboring nodes, fog resources, or even the cloud, thereby
reducing computational latency caused by server congestion [6].
This dynamic offloading decision highlights the crucial role of
the control plane in efficiently managing network resources. In
the context of the vehicle-to-everything (V2X) use case for 5G,
vehicles are equipped with sensors, computers, and communi-
cation devices. These vehicles provide a range of services when
they are in use to enhance security, safety, and driving comfort.
Additionally, vehicles can offload specific tasks that may be be-
yond their local processing capacity or engage in data exchange
with other system entities, including vehicle-to-vehicle (V2V),
and vehicle-to-infrastructure (V2I) [7].

A group of stationary vehicles within a parking lot or at
an intersection holds the potential to provide a computing
resource known as vehicular-fog [8], as shown in Fig. 1. This
vehicular fog can be vertically federated with AN-MECs,
and the AN-MEC itself can be horizontally federated with its
neighboring AN-MECs. The federation systems mentioned
in this study are different from the federation learning1 in
artificial intelligence (AI). The federation system represents
a collaborative effort among various cloud providers. The
collaboration aims to leverage the collective resources available
across different cloud platforms to enhance the overall quality
of service (QoS) for users. Through this federation system, the
vehicular fog and AN-MECs can work together to efficiently
complete computing tasks, allowing contributors to earn
compensation for each successfully completed task [10].

The optimization of task offloading within edge and vehicular-
fog environments, with the objective of minimizing the average
system latency, involves determining where and how much to
offload [11]. Traditional exhaustive search methods in optimiza-
tion demand substantial time to converge towards the optimal
offloading decision [12], [13]. Reinforcement learning (RL)
emerges as a promising approach for offloading optimization, as
it learns the optimal solution directly from the environment and
can select sub-optimal solutions without waiting for the optimal
one. Unlike supervised learning, which hinges on abundant
labeled data, RL operates without such a requirement, allow-
ing it to be trained using data batches. Obtaining labeled data
proves exceedingly challenging in the context of a dynamic and
distributed edge and vehicular-fog system [14], [15], [16], [17].

RL has been employed by the authors of [18], [19], [20], [21],
[22], [23], [24] to address edge and vehicular-fog offloading
optimization. Most of them consider vertical offloading from
a vehicle to a roadside unit (RSU) or edge server, with the

1Federated Learning is a collaborative machine learning method where mod-
els are trained across decentralized devices, ensuring data privacy by keeping
information local [9].

UE making those decisions. This work examines the offload-
ing problem as a component of the AN-MEC control plane
for handling incoming hotspot traffic at an AN-MEC site co-
located with a base station. However, the AN-MEC site faces
the challenge of potential overload due to its limited compu-
tational capacity, leading to significant computational delays
that violate QoS requirements. In order to enhance the QoS
by utilizing the available computational resources within the
network topology, the AN-MEC control plane decides where to
process the incoming traffic. The AN-MEC control plane deter-
mines whether to process the incoming traffic locally or offload
some traffic horizontally to neighboring AN-MECs or vertically
downward to connected vehicular-fog sites, with the objective
of minimizing average system latency. We employ a multi-agent
twin-delayed deep deterministic policy gradient (Multi-agent
TD3) algorithm to determine these offloading decisions, which
builds upon the twin-delayed deep deterministic policy gradient
(TD3) framework.

The proposed method determines not only the offloading
destination but also the ratio of packets that must be offloaded by
an AN-MEC site within a continuous search space. These agents
are deployed in the AN-MEC control plane to make ratio-based
offloading decisions. To the best of our knowledge, this is the
first RL-based offloading optimization to consider ratio-based
traffic offloading. The ratio represents the destination and the
number of traffic that a site must offload. The objective is to
minimize the average system latency experienced by arriving
hotspot traffic. In short, the main contributions of this work are
summarized as follows.

1) We formulate an optimization model for ratio-based ver-
tical and horizontal offloading within edge and vehicular-
fog architecture, with the main objective of minimizing
average system latency.

2) We transform the aforementioned problem into an equiv-
alent RL environment and subsequently propose a multi-
agent twin-delayed deep deterministic policy gradient
(Multi-agent TD3) algorithm to solve this issue and make
ratio-based offloading decisions.

3) We conduct comprehensive simulations to assess the ef-
fectiveness of the RL environment and the performance of
the proposed approach, considering several factors includ-
ing convergence time, decision time, decision quality, and
offloading under unpredictable traffic rates. The results
demonstrate that the proposed approach outperforms the
benchmark solutions.

The remaining sections of this paper are organized as follows:
Section II presents the related work. Section III describes the
system modeling and problem formulation. Section IV intro-
duces the proposed solution. Section V provides details about
the parameter setting and result analysis. Finally, Section VI
concludes this work.

II. RELATED WORKS

Since machine learning (ML) can map any input, even with
lacking data, it offers a promising solution for the offloading
optimization problem in a vehicular-fog system. In this section,

Authorized licensed use limited to: National Yang Ming Chiao Tung University. Downloaded on January 10,2025 at 05:05:52 UTC from IEEE Xplore.  Restrictions apply. 



17686 IEEE TRANSACTIONS ON VEHICULAR TECHNOLOGY, VOL. 73, NO. 11, NOVEMBER 2024

we discuss the earlier studies that employed ML for vehicular-
fog offloading and present their agent and network models for
offloading optimization.

Guo et al. [16] addressed the issue of offloading in ML based
on edge computing. Centralized and decentralized learning are
evaluated, and a model with the shortest training latency is
constructed. Sonmez et al. [17] employed two stages of ML for
orchestrating arrival tasks. In the first stage, supervised ML was
used to classify which destination could handle the incoming
tasks with a success/failure result, and in the second stage,
regression was used to estimate the time required to process
the incoming tasks. Both [16] and [17] utilized supervised ML,
which requires well-labeled data to produce the desired results
(optimum offloading action). In such a dynamic vehicular-fog
system, labeling data is costly since labels must be continuously
updated in accordance with incoming traffic and the availability
of computing resources.

Shi et al. [18] maximized system utility by optimizing offload-
ing and resource allocation in vehicular-fog networks. A vehicle
with tasks may perform them locally or offload them to another
vehicle with sufficient computing resources. In a base station
equipped with a soft actor critic (SAC)-based offloading agent,
estimations of available resources and offloading decisions were
made. Pan et al. [19] optimize the offloading strategy of a user
vehicle (UV) that can offload its task to vehicular-fog server or
RSU. A deep Q-learning (DQN)-based strategy was proposed to
find the best offloading decision that maximizes system through-
put and satisfies ultra-reliable low latency communications
(URLLC) traffic. The distributed DQN algorithm was proposed
to solve the resource allocation and offloading issues. Khayyat
et al. [20] formulated offloading and resource allocation as a
binary optimization problem with the objective of minimizing
latency and energy. The distributed DQN algorithm was
proposed to solve the resource allocation and offloading issues.
Lan et al. [21] optimized offloading between vehicle, RSU, and
cloud, termed as peer-pool offloading, and offloading between
RSUs, termed as fog-pool offloading, by using a DDPG-based
algorithm. Xie et al. [24] employed the multi-armed bandit
technique to determine the optimal vehicle offloading operation
to minimize latency. The ask-carrying vehicle decides whether
to offload a task to another vehicle through V2V or V2I. In
order to determine the destination of offloaded tasks, the vehicle
must actively communicate with the centralized monitoring
system, which is an energy-intensive task.

The authors of [18], [22], [23] have addressed offloading opti-
mization into as part of the network control plane problem. Maan
and Chaba [22] employed DQN to optimize offloading between
V2V and V2I in a Software-Defined Networking (SDN)-based
vehicular-fog network. The Kalman filter was used to predict
the movement of vehicles, and the prediction was utilized to
allocate computing resources. Vemireddy and Rout [23] devised
SARSA, an offloading approach based on an on-policy RL
algorithm, to reduce RSU energy usage. RSU could execute
an incoming task or offload it to vehicular-fog, introducing a
cost-benefit trade-off between computing and communication.
Shi et al. [18] addressed computation offloading optimization in
vehicular-fog computing where a task-carrying vehicle could
offload the task to another moving vehicle with a different

Fig. 2. Edge and vehicular-fog architecture.

cost. A soft actor-critic (SAC) algorithm was used to select
the service-vehicle and to allocate the computing resources
for the offloaded tasks. Zhang et al. [25] investigated compu-
tation offloading in the Internet of Vehicles (IoV), aiming to
minimize a multi-objective optimization problem encompassing
delay, energy consumption, computing load, and privacy en-
tropy of vehicle terminals (VTs). They proposed an RBF-based
multi-objective DDQN deep reinforcement learning computa-
tion offloading algorithm (RMDDQN-Learning), designed to
concurrently optimize multiple objectives. Cui et al. [26] explore
cooperative computational offloading among edge servers (ESs)
within an IoV architecture. Their objective is to minimize task
execution delays by optimizing cooperative offloading strate-
gies. They propose an RL-based approach called an offline
centralized training distributed execution framework based on
soft actor-critic (OCTDE-ISAC).

The majority of the previous works merely decided the des-
tination of the offloaded tasks, not the amount of traffic to
be offloaded. However, Maan et al. [22] proposed ratio-based
offloading with vehicle-to-fog-server offloading direction. In
this paper, we focus on the offloading of an overloaded AN-
MEC site that could offload certain incoming tasks horizontally
to its neighbors or vertically downward to vehicular-fog. The
Multi-agent TD3 algorithm is used to determine the optimal
offloading ratio, which indicates where and how many tasks
must be offloaded by an AN-MEC site.

III. EDGE AND VEHICULAR-FOG: SYSTEM MODEL AND

PROBLEM FORMULATION

This section describes edge and vehicular-fog architecture,
problem formulation, and latency models. Table I provides
notations used for problem formulation and latency models.

A. Edge and Vehicular-Fog Architecture With Ratio-Based
Offloading

As shown in Fig. 2, an edge and vehicular-fog system com-
prises M AN-MEC sites, each connected to a cluster Fj of
vehicular-fog sites formed by parked vehicles equipped with
computational resources. Both AN-MEC and vehicular-fog sites
consist of multiple servers with a combined capacity denoted
by μA

j and μF
j,k, where j and k represent the AN-MEC and

vehicular-fog indices, respectively. The AN-MEC sites are in-
terlinked through an optical connection with substantial capacity
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TABLE I
NOTATION DEFINITION FOR EDGE AND VEHICULAR-FOG ARCHITECTURE

Fig. 3. Edge and vehicular-fog offloading scenarios.

and minimal propagation delay, denoted as DAA
j↔m. As a result

of the capacity of the link between AN-MEC sites, its queuing
latency is negligible. Communication between a vehicular-fog
site and an AN-MEC site occurs via a wireless link, featuring
uplink and downlink capacities designated as BFA

j,k and BAF
j,k,

respectively. Hotspot traffic, potentially comprising streaming
video feeds or social media updates, originating from densely
populated areas such as congested road intersections or music
festivals, is generated by UEs at a rate of λj and directed towards
the jth AN-MEC site. This incoming traffic can be efficiently
served with probability PA

j at the source AN-MEC site, with
probability PAA

j→m at another AN-MEC site, or with probability
P F
j,k at a vehicular-fog site. The control plane plays a crucial role

in determining the optimal serving location to minimize average
system latency. The possible latencies for each of these traffic
types are defined as follows.

1) Traffic Offloaded to jth AN-MEC: The first type of traffic,
shown in Fig. 3, is served at jth AN-MEC behind the base station

with the probability PA
j . The latency experienced by this traffic

is formulated as

lAj =
1

μA
j − λA

j

,

where λA
j = PA

j λj +
∑
m

PAA
m→jλm, ∀m ∈M\{j}. (1)

2) Traffic Offloaded to Neighbour AN-MEC’s (mth AN-
MEC): In Fig. 3, the overloaded jth AN-MEC could offload
PAA
j→m traffic to its neighbor, mth AN-MEC. The total latency

of offloaded traffic to mth AN-MEC site is formulated as

lAA
j→m =

1
μA
m − λA

m

+ 2DAA
j→m,

where λA
m = PA

mλm +
∑
j

PAA
j→mλj,, ∀j ∈M\{m}. (2)

3) Traffic Offloaded to kth Vehicular-Fog: The arrival traffic
also could be offloaded downward to a vehicular-fog in Fig. 3.
The latency experienced by this traffic is formulated as

lFj,k =
1

BAF
j,k − λAF

j,k

+
1

μF
j,k − λF

j,k

+
1

BFA
j,k − λAF

j,k

,

where λAF
j,k =

M∑
j=1

PF
j,kλj , and λF

j,k =

M∑
j=1

PF
j,kλj . (3)

Total traffic at kth vehicular-fog is the total of offloaded traffic
from AN-MEC sites.
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B. Problem Formulation

The average latency experienced by arrival traffic at jth AN-
MEC site, lj , can be calculated as

lj =
lAj

(
PA
j λj

)
+
∑

m lAA
j→m

(
PAA
j→mλj

)
+
∑

k l
F
j,k

(
PF
j,kλj

)

λj
,

∀m ∈M\{j}, ∀k ∈ Fj , (4)

whereas the average system latency is denoted as l and can be
calculated as

l =

∑
j lj (λj)∑

j λj
. (5)

Hence, the objective function is to minimize the average system
latency l, and is defined as follows.

Minimize(l), (6)

subject to,

PA
j +

∑
M

PAA
j→m +

∑
Fj

PF
j,k = 1, (7)

0 ≤ PA
j , PAA

j→m, PF
j,k ≤ 1, (8)

PA
j λj +

∑
M

PAA
j→mλj +

∑
Fj

PF
j,kλj ≤ λj , (9)

λA
j ≤ μA

j , (10)

λA
m ≤ μA

m, (11)

λF
j,k ≤ μF

j,k. (12)

Equations (7) and (8) guarantee that the offloading ratio
is bounded within the range of [0, 1] and the sum of these
ratios equals 1. Equation (9) safeguards that the offloaded traffic
remains below the volume of incoming hotspot traffic. Equa-
tions (10), (11), and (12) collectively express that the network’s
existing resources can effectively accommodate the offloaded
traffic.

IV. RATIO-BASED OFFLOADING WITH MULTI-AGENT TD3

In this section, we discuss the implementation of ratio-based
offloading in edge and vehicular-fog networks, leveraging an
RL algorithm for optimal performance. RL is a ML paradigm
that guides agents in solving tasks through trial and error. TD3,
an off-policy RL algorithm, is specifically designed to mitigate
overestimation. It is exclusively applicable in environments with
continuous action spaces, making it particularly well-suited for
ratio-based offloading. In this paper, we proposed a multi-agent
TD3 algorithm, which builds upon the TD3 algorithm to ad-
dress ratio-based offloading decisions. This algorithm utilizes
M agents, each equipped with its own actor and target actor
networks.

A. RL Environment of Edge and Vehicular-Fog Network

In this subsection, we model the formulated optimization
problem as a Markov decision process (MDP) [27]. The primary

TABLE II
STATE INFORMATION FOR SINGLE AND MULTI-AGENT TD3

objective of action selection is to maximize the reward function.
Within the edge and vehicular-fog network environment, agents
are deployed at control planes as shown in Fig. 4. At each
discrete time step t, each agent perceives a state st from a
designated state space S and then selects an action at from
the available action space A. The goal is to transition from
the current state st to a new state st+1 by following a policy
π(at, st), resulting in a reward rt based on the reward function
R(st, at). This iterative process continues until the agent
reaches a terminal state, where the primary objective is to
maximize the expected cumulative rewards [28]. The following
elaboration offers comprehensive insights into the composition
of the state space, action space, and reward function of the edge
and vehicular-fog network environment.

1) State: The following components constitute the state
information for the edge and vehicular-fog sites: topology
(M, Fj), arrival traffic rate at jth AN-MEC site (λA

j ), compu-
tation resources (μA

j , μF
j,k), networking resources (BFA

j,k, BAF
j,k),

and system latency (lj). The state arrays are constructed from
these elements and serve as inputs to the policy and Q-value
networks,

Tt = {λj}Mj=1 , (13)

Ct =
{
μA
j

}
,
{
μF
j,k

}M,Fj

j=1,k=1
, (14)

Nt =
{
BFA

j,k, B
AF
j,k

}M,Fj

j=1,k=1
, (15)

and Lt = {lj}Mj=1 . (16)

The set of arrival traffic rates for all AN-MEC sites at the
tth step is denoted by Tt. Ct is an array that contains infor-
mation about the computing capabilities of the AN-MECs and
vehicular-fogs. Nt represents a set of networking capacities.
Specifically, the computing and networking capacities vary over
time in response to the arrival rate of traffic. Lt is a set en-
compassing all AN-MEC latencies. At the tth time step, the
environment state is an array formed by combining Tt, Ct, Nt,
and Lt and is denoted as

st = [Tt, Ct, Nt, Lt] . (17)

The state information for single-agent TD3 and multi-agent TD3
offloading scenarios is given in Table II.

2) Action: The action represents the offloading ratio at the
jth AN-MEC site, comprising probabilities for offloaded traffic
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Fig. 4. Proposed multi-agent TD3 model.

destinations formulated as follows: jth AN-MEC (PA
j ), jth AN-

MEC neighbors (PAA
j→m, ∀m ∈M\{j}), and kth vehicular-fog

(PF
j,k, ∀k ∈ Fj). The total offloading ratio of each arrival traffic

rate at the AN-MEC site is one, i.e., PA
j + PAA

j→m + PF
j,k = 1,

where ∀m ∈M\{j} and ∀k ∈ Fj . The action set, which is
produced by the actor network using a single-agent TD3, is
denoted as

at =
{
PA
j ;PAA

j→m, ∀m ∈M\{j};PF
j,k, ∀k ∈ Fj

}M

j=1
. (18)

In the case of multi-agent TD3, each agent is exclusively re-
sponsible for making offloading decisions pertaining to the jth

AN-MEC site, and its action set is defined as

at = PA
j ;PAA

j→m, ∀m ∈M\{j};PF
j,k, ∀k ∈ Fj . (19)

3) Reward: We do not train the agent by creating a predefined
best-action direction using labeled data; instead, we generate a
reward signal to indicate the effectiveness of the action taken.
A positive reward is given for actions that help the system
achieve its objective. Otherwise, the agent will be negatively
rewarded. The RL’s goal is to maximize the cumulative reward.
Considering that the objective of offloading optimization is to
minimize average latency, the reward for an action taken in tth

time step is defined as

rt = (Zl(t)) , (20)

where Zl(t) = 1/l, and l is derived from (5).

B. Proposed Multi-Agent TD3 Algorithm

To address the optimization problem at hand, we adopt a
multi-agent RL approach to achieve a viable solution. The multi-
agent TD3 (Algorithm 1) is built on TD3 and will be deployed
at the control plane. TD3 is one of the RL algorithms that
has a continuous action space and reduces overestimation [29].
The agent is responsible for finding an optimal offloading ratio
by taking an action that maximizes its expected reward. This
offloading ratio contains the destination of the offloaded traffic
(vertical and horizontal directions) and how much traffic will be
offloaded. The single-agent employs global state information,
illustrated in Table II, as input to determine a comprehensive
action encompassing offloading ratios for all AN-MEC sites.
This requirement leads to a significant input space due to the
extensive global observation, coupled with a substantial action
space to encompass offloading ratios for all sites. The actor and
critic networks of the single-agent undergo training via a replay
buffer containing previously recorded data. In the multi-agent
TD3 setting, we consider one agent for each AN-MEC site
in the edge and vehicular-fog environments. This means we
will have M agents denoted as {A1, A2, . . . , AM} to make
M different actions (offloading ratio) a1, a2, . . . , aM which
each action sums up to 1. Therefore, we use M actor policy
networks πφ1 , . . . , πφM

with parameter φ1, . . . , φM and actor-
target policy networksπ′φ1

, . . . , π′φM
with parameterφ′1, . . . , φ

′
M

for M agents. We also, use for each agent i two critic networks
Qi = {Qθi,1 , Qθi,2} with parameters θi,1, θi,2 and critic-target
networks Q′i = {Qθ′i,1

, Qθ′i,2
} with parameters θ′i,1, θ

′
i,2 to min-

imize and correct overestimation. The agents will use the same
replay buffer B to store and sample experience into and from

Authorized licensed use limited to: National Yang Ming Chiao Tung University. Downloaded on January 10,2025 at 05:05:52 UTC from IEEE Xplore.  Restrictions apply. 



17690 IEEE TRANSACTIONS ON VEHICULAR TECHNOLOGY, VOL. 73, NO. 11, NOVEMBER 2024

it to optimize our neural networks. Specifically, at each time t,
an agent i will observe the si,t and take an action ai,t using the
actor policy networks as in (21).

ai(si,t) = clip(πφi
(si,t) + ε, amin, amax), ε ∼ N(0, σ), (21)

where ε is Gaussian noise, and amin and amax are the lower
and higher values of the action space that an agent can choose
from. After the action is executed in edge and vehicular-fog
environment, the ith agent will receive the next state s′i,t+1,
reward ri,t, and done flag di,t alongside the previous state si,t
and action ai,t as a single transition (si,t, ai,t, s

′
i,t+1, ri,t, di,t),

which is store in replay buffer B.
Once we have enough experience in the buffer, the ith agent

will update its neural network by taking a random mini-batch
of N transitions (si, ai, s

′
i, ri, di) from the buffer. To compute

the target value an agent has to select the action a′i which can be
taken in the next state s′i using the actor-target policy and apply a
clip noise to make sure the policy never gets stuck by selecting an
overestimating action (22). Then it computes its target value yi
using (23). The ith agent will use both its critic-target networks
to estimate the global view of the next state in action by selecting
the one with the minimal estimate.

a′i(s
′
i) = clip(πφ′i(s

′
i) + clip(ε,−c, c), amin, amax),

ε ∼ N(0, σ), (22)

yi = r + γ min
θi,j=1,2

Qθ′i,j

(
s′i, a

′
i,t

)
. (23)

Once the ith agent has its target value yi, it will update each of
its critic networks θi,j=1,2 by calculating the mean squared error
of these batch of observations and applying a step of gradient
descent as in (24).

θi,j ← argminθi,j=1,2

1
N

∑(
yi −Qθi,j (si, ai)

)2
. (24)

The ith agent will update its actor policy φi using one of the
critic networks at each u time steps which is an update interval
to estimate the Q-value of the state and the action selected by the
policy and then we are going to apply a step of gradient ascent
to push the parameters of the neural network φi in the direction
of maximum growth of the Q-value (25).

∇φi
J(φi) =

1
N

∑
∇ai

Qθi,1(si, ai)|ai
= πφi

(si)∇φi
πφi

(si). (25)

Once it updates the actor networks then it will update its target
networks using (26) and (27).

φ′i ← τφi + (1− τ)φ′i, (26)

θ′i,j=1,2 ← τθi,j + (1− τ)θ′i,j . (27)

This process will continuously repeat until the training epoch
t reaches T and along the way, the agent will able to give
the optimal offloading decision that can satisfy the requirement
of the objective function in the given edge and vehicular-fog
environment.

Algorithm 1: Proposed Multi-Agent TD3 Algorithm.

V. SIMULATION AND RESULTS

Edge and vehicular-fog systems are distributed architectures
that encompass tens to hundreds of computing resources. To
evaluate the performance of the proposed multi-agent TD3 algo-
rithm, we conducted a comparative analysis involving two other
algorithms: the single-agent TD3 and the Simulated Annealing
(SA) algorithms [30], as an integral part of our evaluation pro-
cess. Furthermore, the network abstractions used in simulations
closely resemble those employed in the actual network control
plane.

A. Parameter Settings

The edge and vehicular-fog environment were developed in
Python, following the standards of the OpenAI Gym frame-
work [31]. We rigorously assessed its performance and suitabil-
ity using the Stable-Baselines3 framework [32]. The simulations
were executed on a desktop system featuring a tenth-generation
Core i7 processor, 16 GB of RAM, and an RTX 2060 Super
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TABLE III
PARAMETER SETTINGS

graphics processing unit. The simulation settings, encompassing
topology, capacity, traffic, and agent training parameters, are
outlined in Table III. The selection of topology parameters draws
upon insights from the paper [4]. Optimal hyperparameters for
training the agent were determined through the utilization of
Optuna, an automatic hyperparameter optimization software
framework [33]. By utilizing AN-MEC sites with varying quan-
tities, we investigated the impact of system size on the algorithms
and the number of agents. AN-MEC sites were evenly distributed
across a region using a geographic coordinate sampling appli-
cation [34]. The AN-MEC site capacity is ten times greater than
of the uplink and downlink capacity. Additionally, we evaluated
the proposed method under various arrival traffic rates, as listed
in Table III.

B. Result Analysis

The experimental results were organized to address specific
research questions: decision time, convergence time, decision
quality (or service performance), and decision with Unpre-
dictable Traffic in the context of RL vs. SA, and a comparison
between single-agent and multi-agent offloading.

1) Decision time—RL vs. SA: In the edge and vehicular-fog
environment, the network control plane, located within the AN-
MEC, is responsible for making ratio-based offloading deci-
sions. We assumed that idle vehicles form a pool of computing
resources within the vehicular-fog environment, and they have
no tasks to offload. Offloading a task from a vehicle indicates a
scarcity of computing resources. The control plane’s algorithm
determines the offloading ratio while taking environmental con-
ditions into account. Decision time refers to the time required

Fig. 5. Decision time.

by the control plane to calculate the offloading ratio, measured
in seconds to accommodate fluctuating traffic rates.

Fig. 5 depicts the comparison of decision time between
TD3-based offloading and SA offloading. The SA took 365
to 4,909 seconds to determine the offloading ratio for systems
with 18 and 54 sites, respectively. Offloading based on TD3
can simultaneously determine the offloading ratio and train the
offloading model, resulting in quicker decisions compared to
SA, which must complete calculations before establishing the
offloading ratio. In TD3-based offloading, a neural network
(NN) was employed to determine the offloading ratio. The
complexity of this NN is influenced by the number of layers
and neurons within the hidden units, as discussed in [35]. The
multi-agent TD3 approach has a shorter decision time compared
to the single-agent TD3, as shown in Fig. 5. This reduction in
decision time can be attributed to the smaller size of the NN
in multi-agent TD3, a consequence of multi-agent RL making
offloading ratio decisions for the incoming traffic of a single
AN-MEC site.

The structure of the NN is influenced by the input state size and
action size, as shown in the comparison presented in Fig. 6(a),
and (b), respectively, where single-agent TD3 and SA possess
larger state and action spaces than multi-agent TD3. In systems
with 18 and 54 sites, multi-agent TD3 made decisions in 0.4 and
1 milliseconds, respectively, while single-agent TD3 decisions
took 0.8 and 10 milliseconds for the same system configurations.
The decision time of TD3 agents is five orders of magnitude
faster than SA. For control plane decisions, the TD3-based
approach is recommended due to its ability to make decisions at
the millisecond or second scale, effectively handling fluctuating
traffic rates. TD3 models need to be pre-trained, as they rely
on trial-and-error; otherwise, they may take longer to converge
towards optimal decisions. In contrast, SA decisions, which take
tens of minutes, may become outdated given current traffic rates.

2) Convergence Time—RL vs. SA: Convergence time refers
to the duration needed for an algorithm to reach its optimal
solution. SA employs exhaustive searching to determine the best
offloading decision, as illustrated in Fig. 7. It has the longest
convergence times of 365 and 4,909 seconds in the environments
with 18 and 54 sites, respectively. In this study, instead of em-
ploying random actions as seen in TD3’s initial training rounds,
a weighted-based offloading technique was utilized to gather
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Fig. 6. State and action space comparison. (a) State space. (b) Action space.

Fig. 7. Convergence time.

experience data for training. This approach led to quicker con-
vergence times for TD3 models compared to the SA method. For
the 18-site environment, single-agent TD3 and multi-agent TD3
approaches required 24 and 7 seconds, respectively. Similarly,
in the 54-site environment, single-agent TD3 and multi-agent
TD3 approaches took 157 and 111 seconds, respectively.

The SA algorithm required exhaustive searching with time
complexity ofO(nk×l), wheren represents the number of inputs,
which in this context is the offloading ratio array; k denotes the
decreased temperature, and l signifies the number of neighbors
visited for each temperature. The convergence time of the SA
algorithm increased significantly as the number of sites grew.
Its time complexity exhibits exponential growth. The offloading
strategy of TD3-based models utilizes NN architecture, the com-
plexity of which depends on the number of inputs n, epochs t,
and the number of hidden layers k. The layers of the NN involve
matrix multiplication with a complexity of m3. The overall
complexity of NN training is O(nt(km3)) or O(nt(m3)) if the
constant k is omitted. The number of inputs includes both state
and action sizes, which are influenced by the number of sites. As
shown in Figs. 6(a) and (b), an increase in the number of sites
leads to a simultaneous increase in both state and action sizes.

Consequently, as the number of inputs rises, the computational
operation of the NN also increases. It is important to note that
the NN operation shows a linear relationship with the number of
inputs. Since the number of agents remains constant and does not
affect either the number of inputs or the operations of the neural
network (NN), we omitted it from our analysis. Additionally,
we executed the multi-agent algorithm in parallel, resulting in
a time complexity of O(nt(m3)). Fig. 5 demonstrates a slight
increase in the decision time of the TD3-based offloading agent
as the number of sites grows. This trend results from ratio-based
offloading, which involves determining the percentage of traffic
allocated to each site. As the number of sites increases, the search
space also expands asymptotically. Within this expanding search
space, TD3-based models and SA are tasked with finding the
optimal offloading ratio. However, as the search space enlarges,
this endeavor demands progressively more computational effort
and time, leading to an asymptotic increase in convergence time.

The SA process involves the computation of the current
solution as well as possible solutions generated through a ran-
dom function. It subsequently compares these solutions and
calculates a probability function to determine the feasibility of
accepting a suboptimal solution. These computations contribute
to SA’s longer processing time compared to the TD3-based
approach, as shown in Fig. 8. Transition data is stored in a
single replay buffer to train both single-agent and multi-agent
TD3-based offloading. The primary distinction lies in the state
information provided to these agents. In a multi-agent TD3
setting, the stored state of an agent does not encompass details
about vehicular-fog of other AN-MEC sites, whereas it does
in a single-agent TD3 context due to the need to determine
the offloading ratios for all AN-MEC sites. This discrepancy in
state information affects the size (number of hidden units) and
structure of the NNs, resulting in the multi-agent TD3 having
a smaller NN size and structure compared to the single-agent
TD3. As a result, the step time of the multi-agent TD3 is shorter
than that of the single-agent TD3.

The algorithm’s response time to a new traffic pattern was also
evaluated. TD3 required 2,000 to 7,000 steps to approximate the
optimal reward achieved by SA, which reached 130,000 steps,
as illustrated in Fig. 9. Since SA needs to visit each AN-MEC
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Fig. 8. Processing time of each step.

Fig. 9. Reward regret.

to optimize its offloading ratio, an unvisited site experiencing
traffic exceeding its capacity leads to significant latency and
yields a nearly negligible reward.

3) Decision Quality—RL vs. SA: This study aims to deter-
mine the optimal offloading ratio that results in a low average
arrival traffic latency. We compare the traditional optimization
method, SA, with the TD3-based approach. The evaluation
includes four traffic rates representing scenarios ranging from
low to heavy traffic: 20K, 30K, 60K, and 80K packets/s. In
each scenario, normal traffic is combined with hotspot traffic,
generated at twice the rate of normal traffic, to certain AN-MEC
sites.

Fig. 10 shows that the average latency for SA with exhaus-
tive searching is the lowest. At 0.2 and 2.5 milliseconds, SA
efficiently served traffic rates of 20K and 80K packets per
second, respectively. On the other hand, the TD3-based method,
trained using experience data, exhibited an average latency of
2.8 and 2.6 milliseconds when serving 20K packets/s with a
single-agent and with multiple agents, respectively. For serving
80K packets/s, single and multiple agents required 8.3 and 7.2
milliseconds, respectively. While SA-based offloading boasts
the lowest average latency, its decision-making process takes
minutes or even hours. This extended timeframe falls short
of accommodating the rapid fluctuations in traffic rates that

Fig. 10. Offloading performance.

Fig. 11. Traffic distribution.

occur within seconds. In contrast, The TD3-based algorithm
demonstrates similar order-of-magnitude average latency as the
SA-based algorithm but achieves offloading ratio decisions at
a rate five orders of magnitude faster, seamlessly adapting to
swiftly changing traffic rates. Among the TD3 variants, the
multi-agent TD3 approach that leverages local data proves more
efficient than the single-agent TD3 counterpart, which relies on
global data.

A base station or an AN-MEC could be connected to various
vehicular-fog sites. Given that the number of vehicular-fog sites
surpasses the count of AN-MEC sites, the combined capacity of
vehicular-fog sites exceeds that of AN-MEC sites. Since both
AN-MEC and vehicular-fog sites share proximity with a radio
access network, their implementation occurs on a smaller scale,
resulting in similar capacities. As shown in Fig. 11, vehicular-fog
sites, possessing higher overall capacity, successfully handled
a greater volume of traffic compared to the total capacity of
AN-MEC sites.

Preferring a large capacity site over scattering small capacity
sites across a geographical area is evident. As illustrated in
Fig. 12, the AN-MEC site exhibits greater usage in comparison
to the vehicular-fog site. Despite AN-MEC’s higher utilization
relative to vehicular-fog, it doesn’t encounter elevated comput-
ing latency due to its superior capacity. The AN-MEC site’s
average utilization across all traffic scenarios ranged from 0.18
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Fig. 12. Site utilization average.

Fig. 13. Offloading ratio.

to 0.89, while the vehicular-fog site’s average utilization ranged
from 0.08 to 0.499.

The offloading ratios depicted in Fig. 13 indicate that all
algorithms exhibit a stronger preference for vertical downward
offloading from AN-MEC to vehicular-fog (AN-MEC-V-VF) as
opposed to horizontal offloading to other AN-MEC sites (AN-
MEC-H-AN-MEC). The term “AN-MEC-Local” represents the
proportion of incoming traffic serviced by the arriving AN-MEC
sites. In the case of SA, vertical offloading to vehicular-fog
occurred primarily after addressing the local AN-MEC, since
other AN-MEC sites might already be handling incoming traffic
directed at them. On the other hand, the single and multi-agent
TD3 approaches implemented horizontal offloading to different
AN-MEC sites, incurring additional propagation latency and
consequently resulting in a higher average latency compared
to SA.

4) Decision With Unpredictable Traffic– - RL vs. SA: Addi-
tionally, we simulate transitions from light to heavy and heavy
to light traffic during the evaluation. When traffic rates increase
from low to heavy, the TD3 models, which have been trained
on low traffic rate data, are utilized to handle unfamiliar heavy
traffic rates. Conversely, when traffic decreases from heavy to
low rates, the TD3 models are unaccustomed to the low traffic
rates. This condition impacts the algorithm’s performance, as
illustrated in Fig. 14. In Figs. 14(a) and (b), we illustrate the
responsiveness to traffic fluctuations. The model trained under

Fig. 14. Effect of fluctuating traffic to the agent model. (a) Low traffic model
performance. (b) Heavy traffic model performance.

light traffic conditions successfully managed fluctuating heavy
traffic in Fig. 14(a), whereas the model trained under heavy
traffic conditions effectively handled incoming light traffic in
Fig. 14(b).

The model trained under heavy traffic demonstrated greater
transferability in handling light traffic compared to the model
trained under light traffic for managing heavy traffic. Fig. 14(a)
illustrates the struggle of the lightweight traffic model of the
single-agent TD3 in managing heavy incoming traffic. Deciding
the global offloading ratio proved more challenging than deter-
mining the local offloading ratio, as observed in the multi-agent
TD3 scenario. This complexity arises because the agent’s NN
needs to map a large input space to a corresponding desired
output space, leading to challenges in maintaining offloading
precision. The offloading ratio precision of the light traffic
model in the single-agent TD3 framework couldn’t be effec-
tively applied to heavy traffic scenarios. Conversely, models
trained under heavy traffic conditions exhibit precise direction
of incoming traffic to available sites, resulting in low average
latency. Applying such a model to light traffic, as depicted in
Fig. 14(b), yields satisfactory results due to the comparative
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simplicity of the task compared to managing heavy incoming
traffic.

VI. CONCLUSION AND FUTURE WORK

In this paper, we address the computational offloading of
arrival hotspot traffic in edge and vehicular-fog networks. We
formulate an optimization problem with the objective of mini-
mizing the average system latency. The ratio-based offloading
optimization of the edge and vehicular-fog system employs a
continuous action search to estimate the total offloaded traffic.
Traditional strategies like SA’s exhaustive search require 365 to
4,909 seconds for decisions, conflicting with the control plane’s
need for rapid offloading ratio determination due to fluctuating
traffic. In contrast, TD3-based offloading’s actor model rapidly
maps the environment to action, achieving ratios in tens to hun-
dreds of milliseconds, five orders of magnitude faster than SA.
However, multi-agent TD3 provides more accurate and quicker
decisions than single-agent TD3. Both single and multi-agent
TD3 models approximate SA’s decision quality with slightly
higher average latencies of 2 to 6 milliseconds. Most traffic
is offloaded to vehicular-fog sites despite their capacity being
one order of magnitude lower than AN-MEC sites because
vertical offloading is more effective than horizontal offloading.
However, the average utilization of AN-MEC sites in serving
heavy arrival traffic ranges from 66% to 89%, whereas for the
vehicular-fog sites, it is between 44% and 50%. Both single-
agent and multi-agent TD3 offloading demonstrate adaptable
transferability, even with sub-optimal solutions. Models trained
with high arrival traffic patterns prove to be adaptable to diverse
scenarios and perform comparably at lower rates, considering
system capacity limits.

For future work, there is a need to explore energy-efficient
offloading strategies that balance computational power con-
sumption with reduced latency. Additionally, moving beyond
theoretical research and focusing on practical implementation
and deployment of offloading solutions in real-world testbeds is
essential. Evaluating the performance, scalability, and reliability
of these systems in practical settings is a step we believe will
yield invaluable insights and practical outcomes.
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