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Reliability-Enhanced Task Offloading Strategy for
Intelligent Connected Vehicles in Fog Computing

Wufei Wu
and Keqin Li

Abstract—Fog computing architecture has the characteristics
of high timeliness and low latency due to its proximity to data
sources. This brings new opportunities for the rapid development
of intelligent connected vehicle (ICV) technology. However, the
existing research on fog computing task offloading methods lacks
consideration of the functional safety of ICVs. Therefore, this paper
introduces the hardware failure rate and communication interrup-
tion rate of on-board equipment into fog computing task offloading
to solve the problem of ICV task offloading under energy and
priority constraints. Furthermore, we design a reliability-enhanced
generative adversarial imitation learning algorithm (REGAIL) for
energy-constrained task offloading. The algorithm can be divided
into two parts: pre-scheduling and energy allocation. First, tasks
are pre-allocated by the shortest completion time; second, the
generative adversarial imitation learning algorithm (GAIL) and
the proximal policy optimization algorithm (PPO) are combined
for policy training; finally, we evaluate the performance of these
algorithms using a randomly generated directed acyclic graph
(DAG) as an application scenario. Experimental results show that
compared with existing algorithms, our algorithm not only achieves
stable training, but also improves execution time by 5.56% and
reliability by 20.19% .

Index Terms—Application reliability, directed acyclic graphs
(DAG), energy constraints, fog computing, generative adversarial
imitation learning (GAIL), intelligent and connected vehicle (ICV).

I. INTRODUCTION

A. Background

ITH the continuous development of intelligent and con-
W nected vehicle technology (ICV), vehicles are facing
increasingly complex data interaction and processing require-
ments. In practical applications, vehicles need to process a large
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amount of real-time data, including traffic information, vehicle
status, and navigation data. This puts tremendous pressure on
the computational resources of in-vehicle systems [1]. Particu-
larly with the rise of electric vehicles (e.g., Tesla) in the mar-
ket, running applications with high complexity to meet users’
Quality of Experience (QoE) expectations becomes challenging
due to limited battery capacity and computational resources.
Although traditional cloud computing can alleviate the resource
constraints of vehicles, due to the cloud’s location in the net-
work core, vehicles are often situated far from it. Therefore,
long-distance task offloading leads to significant communication
latency, which fails to meet the low-latency service requirements
of vehicles [2], [3]. Moreover, during the task offloading pro-
cess, issues such as data transmission interruptions, in-vehicle
device failures, and task execution failures may occur due to
factors such as in-vehicle devices and network environments.
These issues can negatively impact the stability and reliability
of applications. Among them, reliability is the frequency of
successful execution of plans, which has been widely regarded
as an increasingly relevant issue in service-oriented computing
systems [4], [5]. Therefore, designing reliable task offloading
strategies for vehicles to maximize the reliability of task of-
floading has become an important research direction in the field
of ICV.

B. Challenges and Motivation

Fig. 1 shows some commonly used network computing
paradigms in task offloading for current IoT applications.
Among them, the practical value of fog computing in this field
has been continuously highlighted and has been extensively
studied [6], [7], [8], it can offload the computing tasks of vehicle-
mounted applications to mobile edge cloud (MEC) servers. This
not only effectively enhances the service level and computing
capacity at the edge, but also brings computing closer to the
network edge, significantly reducing communication latency
and improving user experience, thus providing an excellent
solution to the aforementioned issues. For the sake of clarity,
we will use MEC to refer to mobile edge cloud servers in the
following text.

MEC revolutionizes on-board vehicular capabilities by offer-
ing localized computational and storage resources at the network
edge. This proximity to vehicles significantly improves server
responsiveness, thereby enhancing the users’ experience. Within
the MEC framework, edge servers serve as complementary
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Fig. 1.  Schematic of IoT applications and environments with computing paradigm support [9].
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Fig.2. Comparison of execution time and energy. (a) Line graph of application
execution time and reliability under different energy levels using the average
energy allocation method. (b) Box plot of execution time and reliability for
20 instances under the same energy level using the random energy allocation
method.

processing power, enabling vehicles to offload computationally
intensive tasks through a process known as task offloading [8].
MEC serves a dual function in enhancing vehicle technology.
By increasing in-vehicle resources, it compensates for device
limitations and enhances application performance, while also
extending battery life [10]. Simultaneously, MEC acts as a
partial substitute for remote cloud servers, reducing response
latency for vehicle applications [2]. In other words, MEC not
only improves the functionality and efficiency of in-vehicle
devices but also provides faster and more reliable connectivity
for vehicle applications.

However, due to energy constraints, how to allocate energy
to each task in MEC and fog computing systems faces certain
challenges. The choice of energy allocation strategy has a crucial
impact on task offloading performance and system reliability.
In response to this, this study designs two experiments for
verification, and the experimental results are shown in Fig. 2.
Among them, Fig. 2(a) illustrates a line graph showing the
execution time and reliability of the same application under
different total energy levels using the average energy allocation
method (where each task receives the same amount of energy).
We observe that the rate of decrease in execution time and
increase in reliability are nearly identical. This suggests that with
the average energy allocation method, the impact of total energy

on both execution time and reliability is consistent. Fig. 2(b)
presents a box plot showing the reliability of execution time
over 20 instances using random energy allocation methods. The
reliability variance is 0.4556, while the execution time variance
is 0.2871, indicating that the execution time is relatively stable
compared to reliability. It can be seen from Fig. 2 that different
energy allocation strategies lead to different results, so designing
an efficient energy allocation strategy is of great significance. In
response to this phenomenon, this paper proposes an energy
allocation method for task offloading, aiming to enhance task
offloading and reliability while minimizing the unnecessary
increase in execution time.

C. Our Contributions

In this study, our primary objective is to address the reliability-
enhanced task offloading problem under energy and priority
constraint in a fog computing environment. The contributions
of this study are as follows.

® We propose a method that utilizes the minimum fading
coefficient to estimate the transmission time of wireless
channels, which can meet the energy constraints of the
application.

® We propose a more precise concept of reliability and es-
tablish a reliability model in fog computing. This model
is grounded in the device failure rate, modeled using a
Poisson distribution, and the communication interruption
rate, formulated with a Rayleigh fading channel model.

e We develop an energy allocation algorithm to improve
the efficiency and reliability of task offloading, which
combines generative adversarial imitation learning (GAIL)
with proximal policy optimization (PPO). Furthermore, we
evaluate the proposed strategy through a large number of
experiments and verify the effectiveness of this algorithm.

II. RELATED WORK

Currently, a large number of studies have been concentrated
on task offloading in fog computing, some of the work is shown
in Table I. Of these, most of the work focuses on optimizing
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TABLE I
RESEARCH ON TASK OFFLOADING IN FOG COMPUTING

Task Properties Architectural Properties Optimization Objective P
- . Reliability
Work Task Delay Task Multiple System Time Energy Reliability Indicator
Constraint Dependency MECs Model
[11] v X v Edge&Cloud v v X -
[12] X X v Edge&Cloud Ve v X -
[13] v X v Edge v v v Single
[14] X X v Fog&Cloud v X v Single
[15] X v v Fog v constraint v Single
[16] X v v Cloud constraint v constraint Single
[17] X v v Edge v X v Single
[18] v v v Edge constraint constraint v Single
[19] X X v Edge v v X -
[20] X X v Edge constraint v X -
Our scheme X v v Fog v constraint v Multiple

energy consumption and latency, but lacks the guarantee of task
offloading reliability. For example, Liu et al. [11] considered
the characteristics of tasks and mobile edge computing, and
classified tasks into indivisible and divisible tasks based on
data size (i.e., whether partitioning affects functionality). Based
on this, they proposed binary offloading algorithms and partial
offloading algorithms, effectively reducing latency and energy
consumption. In [12], Sharma et al. combined first-order meta-
learning and deep Q learning to solve the problem of time and
energy consumption in multi-task offloading. As noted above,
previous studies have focused on energy consumption and la-
tency, often neglected the reliability. However, the reliability of
task offloading is of vital importance. In real scenarios, tasks
offloaded from vehicle applications to MEC for execution may
be interrupted due to factors such as device and communication
failures. Once the offloading process fails, it may cause decision
delays, and even lead to the spread of local failures, resulting in
safety accidents.

For the reliability of task offloading, many studies have pro-
posed different evaluation methods. Fan et al. [13] regard the
inference error rate as part of the task processing cost, which
is incorporated into the calculation of the task processing cost
through a weight factor, indirectly considering the reliability
of task processing. Additionally, some studies rely on statistical
probability methods to model system reliability. Fayez et al. [14]
determined the failure rate of fog nodes by analyzing fault logs,
enabling reliability-sensitive tasks to avoid nodes with high
failure rates. Liu et al. [15] used the Poisson distribution to
estimate the failure rate of communication links and designed
an algorithm to optimize the reliability of task offloading. In
addition, since the communication between vehicles and MEC
usually relies on wireless networks and is affected by channel
fading, communication reliability has become a crucial element
in task offloading. A growing number of studies use the com-
munication outage probability to evaluate channel reliability. A
famous study [21] analyzed the theoretical reliability boundary
of wireless fading channels using Rayleigh fading and evaluated
the communication interruption probability as a performance
indicator. In [16], Azimi et al. used a similar channel and
reliability model to study the trade-off between energy con-
sumption and delay in mobile cloud computing applications
under fading channel conditions. Building on prior reliability
studies, we integrate a hardware failure rate modeled by Poisson

distribution and a communication interruption rate modeled
using a Rayleigh fading channel as reliability metrics. Compared
with a single indicator that only reflects one aspect of reliability,
we combine two indicators to consider reliability, which can
more accurately describe the actual performance of the system.
The hardware failure rate can reflect the stability of the task
processing carrier, and the communication failure rate can reflect
the stability of data transmission.

In addressing the reliability optimization problem in task
offloading, traditional algorithms generally suffer from poor
real-time performance and adaptability. Liuetal. [17] studied the
trade-off between latency and reliability when offloading tasks
to MEC in ultra-reliable low-latency communication (URLLC)
scenarios, and proposed a corresponding non-convex optimiza-
tion problem framework and various optimization methods, such
as algorithms based on reformulation-linearization technique.
Shang et al. [18] investigated the reliability optimization prob-
lem under latency and energy constraints in mobile edge com-
puting environments, and introduced the maximum reliability
optimization algorithm (MROA), which uses the traditional list
scheduling.

In real-world road scenarios, a vehicle typically has multiple
options for MEC [22], [23]. In recent years, task scheduling
issues in multi-MEC systems have garnered widespread atten-
tion. In [19], Tran et al. investigated the joint problem of task
offloading and resource allocation in multi-cell, multi-server
MEC systems. They optimized task offloading decisions, user
uplink communication power settings, and MEC computational
resource allocation to maximize the benefits of task offload-
ing, including reducing user latency and energy consumption.
Bi et al. [20] investigated the computation offloading and re-
source allocation problem in heterogeneous multi-MEC envi-
ronments. Task scheduling strategies become more complex and
challenging in multi-MEC environments. To apply the theory to
practice, this study also investigates a fog computing environ-
ment consisting of one vehicle and multiple MECs.

Generally speaking, most current studies aim to reduce la-
tency and energy consumption in task offloading, while few
studies consider the reliability issue in this process. In addition,
they usually use a single indicator to evaluate reliability, which
can only reflect one aspect of reliability. At the same time,
in real-world intelligent connected vehicle offloading scenar-
ios, multiple MECs are often involved. Therefore, this study
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TABLE II
MAIN NOTATIONS AND DEFINITIONS

Notations ~ Definitions

A An application for vehicle

M Set of heterogeneous servers

E The total energy constraint value of A

L The task list for A

i The execution requirement of task ¢;

d; The communication requirement of task ¢;

Wi The channel bandwidth between vehicle and MECy,

Br A constant that integrates factors including the background
noise, the neighbor channel interference, and the channel gain
between vehicle and the MECy,

hi ke The power attenuation coefficient of ¢; from vehicle to MECy,
Rk min Minimum power attenuation coefficient

Cik The communication speed of ¢; from UE to MECy,

Sk The execution speed of MECy,

50, The execution speed of ¢; in vehicle

Ak The constant failure rate of MECj, per unit time

TeomP The time it takes for ¢; to perform calculations
Tyomm Time spent on communication in ¢;

RO™P Computation reliability of ¢;

Rgomm Computation reliability of ¢;
Epin(A)  Minimum energy required for application execution

E Energy constraints applied

E; The total energy consumed for ¢;

considers a multi-MEC environment and focuses on enhancing
the reliability of task offloading for vehicle applications in fog
computing environments that incorporate multiple indicators.
Furthermore, considering that energy is a scarce resource for
ICVs [24], [25], [26], particularly electric vehicles, we establish
a threshold as the upper bound for ICV energy consumption.
This study designs an efficient optimization strategy by com-
bining GAIL and reinforcement learning algorithms, which can
meet energy constraints, reduce system delay, improve system
reliability, and ensure real-time application performance. In the
following sections, we will address the enhancement of task
offloading reliability for vehicle applications in fog computing
environments. We aim to provide new design references for
system designers and developers in this field.

III. SYSTEM MODEL

In this section, we present task offloading models for vehicle
applications. We study a heterogeneous fog computing environ-
ment comprising a single vehicle and n MECs, as illustrated in
Fig. 3. Within this environment, the vehicle initiates a service
request in the form of a mobile application, which is subse-
quently stored in the mobile application pool. The task scheduler
extracts applications from this pool and decomposes them into
tasks with priority constraints. These tasks can be executed either
locally on the vehicle or offloaded to the MECs for processing.
We need to ensure that the energy consumed to execute the
application does not exceed the energy constraint £. The system
encompasses n + 1 servers, collectively represented as M =
{MECy, MEC|, MEC,, ...,MEC,,}. Here, MECy denotes the
vehicle itself, while M’ = {MEC;, MECy,...,MEC,} signi-
fies n + 1 heterogeneous fog computing servers.

A. The Application Model

This study investigates the problem of task offloading for vehi-
cle applications. Assuming a vehicle with an application denoted
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Fig. 3. Illustration of service-oriented fog computing environment.

Fig. 4. Schematic diagram of DAG type application.

as A = (L, <), the application comprises a task list represented
by L = (t1,t2, ..., tm). Bach task ¢t; = (r;, d;) is characterized
by its computational demand r; in billions of processor cycles or
instructions and its communication requirement d; in megabits
(MB) for data transfer between the vehicle and MEC.

Vehicle applications with task priority constraints can be
represented using directed acyclic graphs (DAGs) [6], [8], [18],
[27], as shown in Fig. 4. In this graph, each node represents a
task within the application, and directed edges indicate the task
priority relationships. Additionally, we use ¢; < t; to indicate
that ¢; has higher priority than ¢;. The sets of immediate pre-
decessor and successor tasks of ¢; are denoted by pred(t;) and
suce(t;), respectively. Tasks can only be executed when all their
predecessors are completed. A task without predecessors in the
graph is defined as the entry task of application .4, denoted as
tentry, While a task without successors is referred to as the exit
task of the application, denoted as ..

B. The Communication Model

The wireless communication environment between vehicles
and MEC is typically regarded as a block fading environment.
Therefore, we assume that the channel fading coefficient be-
tween the vehicle and MEC remains constant during mission
transmission [1]. Assume that F; j is the transmission energy
consumption when the task ¢; is offloaded from the vehicle to
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the MECy,, which is determined by the vehicle, and accordingly,
the actual communication speed ¢; j, is

ey

where wy, depicts the channel bandwidth between vehicle and
the MECy. 8, = ID, */N, [28], where I is the system con-
stant, Ny is the noise power, Dy is the distance between the
vehicle and the MECy, and «a is the path loss exponent. h; i
is a random coefficient used to characterize the fading of the
wireless channel, which considers factors of multipath effects
and shadow effects, etc. We also consider the Rayleigh Fading,
whose probability density obeys the Rayleigh Distribution, and
the corresponding power attenuation coefficient |k, x|? follows
an exponential distribution with mean O'i [1],[29],i.e.:

cik = wilogy (1 + Py B [hix|),

1 5
fr2(x) = ;e“k. (2)
k

If the vehicle offloads ¢; to the MEC,, for remote execution, the
corresponding communication time (in Seconds) is T;77™"™ =
d;/ci ., and the communication energy consumption of vehicle
(in Joules) is

Ef%mm — Pi7k7~:icomm

= 29 )i/ (Br lhigel ein). G
Given that the amount of output data after task execution is
typically small, the time and energy consumption of the backhaul
link communication is neglected here [17]. The randomness of
the channel fading coefficients prevents the vehicle from accu-
rately predicting the communication speed and time for ¢;. This
information can only be obtained after the communication is
completed. According to [30], for (3), ‘Om’”lsamonotomcally
increasing function of ¢; j, and when ¢; j € (0, 00), there is
B € (b 00)s forall 1 <k <.

If the task ¢; is executed locally at vehicle, then communica-
tion time 77¢™"™ = 0, and the vehicle communication energy
consumption E{gm" = 0.

C. The Computation Model

Assume that there are n heterogeneous fog nodes M’ =
{MEC;,MEGC,,...,MEC,}, for each node MEC;, (1 <k <
n), let s, denote its computation speed—measured by GHz
or billion instructions per second—which is a fixed parameter
independent of vehicle control. For MECy, the variable s ; rep-
resents the computational speed and can be adjusted according
to the actual needs.

If ¢; is offloaded and executed remotely on MEC;, by the
vehicle, the computation time (measured by seconds) of ¢; is
T3 = ri/sk. In our model, we concentrate on the vehicle
and study the offloading of the tasks, so the energy consumption
required for the calculation is not considered, i.e., the cor-
responding calculated energy consumption (in joules) at this
situation is F; ™" = 0, forall 1 <i <m,1 <k <n.

If t; is not ofﬁoaded and executed locally on the vehicle
with computation speed sq ;, then the computation time of ¢;
is Tigmp =17;/50,i- As to the vehicle, the power consumption
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(in Watts) consists of two main components, namely static power
consumption and dynamic power consumption P;. The former
is often a constant, while for the latter we have P; = {s§ as its
definition, where s is the computation speed of the vehicle and
both £ and « are constants related to the actual technologies, thus
making the vehicle computation energy consumption as P =
Py + Ps. Therefore, the vehicle computation energy consump-
tion corresponding to ¢; in such a situation is P; = £sg; + Ps,
and the vehicle computation energy consumption is

(€504 + Ps)/s0,:)7i5
for all 1 <7< m. According to [30], it is evident that
for (4), E;{"" is a monotonically increasing function of
s0.i» and when sg; € [(%)l/o‘,oo), there is E;}"" €

[Tipsl_]/agl/a

Ecomp P Tcomp (4)

«
(a—1)-1/a> OO)

D. Execution Time and Energy Consumption

As for task ¢;, the total execution time includes both the
computation and the communication time, i.e., T; = T;°°™" 4
TP If t; is executed locally on the vehicle, then we have
Tio = T;o"" = ri/s0,:.If t; is executed remotely on MECy, by
the vehicle, then we have T; , = Tcomp + T =1/ s +
difcip, foralll <i<m,1<k< n.

As for energy consumption, this study focuses on vehicle-
oriented offload optimization, so the energy consumption at the
MEC side is not taken into consideration, thus the execution
energy consumption of the task ¢; only contains two parts: the
computation and communication energy consumption of the
vehicle, i.e., B; = E¢°™™ + E7°™P If t; is executed locally on
the vehicle, then we have E; = E;(™" = ((€s5; + Ps)/50i)7:-
If ; is executed remotely on MEC), by the vehicle, then we
have E; = E75™™ = P Tym™™, forall 1 <ie<m,1 <k <
n. According to the energy consumption mentioned above,
the total energy consumption of the vehicle application A is
E(A)=Y1, E.

Based on the analysis of task execution energy consumption in
Sections III-B and III-C, there exists a theoretical lower bound
E?, for the execution energy consumption of ¢;. Whether ¢;
is executed locally at the vehicle or offloaded to the MEC for
execution, the minimum value of this metric represents the
minimum energy required to ensure the executability of task
t; in the current heterogeneous fog environment. Therefore, the
minimum scheduling energy of ¢; is defined as follows

iPsl_l/a 1/a o k=0
;k _ T 5 (O(_l)l—lz/aﬁ (5)
’ di In2/wy B |hi k|, 1 <k <n,
Ei min = omin E7 ) (6)

The application allocates minimum energy to each task before
scheduling tasks. Correspondingly, we can give the minimum
schedulable energy of the vehicle application A as Fpin (A)
El 1 Ei min. Obviously, if the total energy consumption con-

straint for application A is E, then A is schedulable only if E
is greater than Eyp;,(A).
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For t;, the available energy consists of two parts: the first
part is the minimum energy F; min, Which ensures that the
task can be executed; the second part is the energy allocated
to the application AF;. Thus, the energy E is expressed as
E; = Ei min + AL;.

In doing so, we transform the application-level energy con-
straints into task-specific energy constraints for individual tasks.
It is evident that satisfying the energy constraints of individual
tasks is sufficient to ensure that the entire application meets the
energy constraints.

If the energy constraint E for each task ¢; is given, the
corresponding computation speed sg; can be calculated [6].
However, the channel fading coefficient h;; and the actual
communication speed c¢; j are unpredictable to the vehicle so
that the vehicle is unable to obtain the communication power
P, 1. for the task ¢; according to (1) until the actual offloading of
t; is completed. The reference channel fading coefficient h;ekf
is employed to determine the communication power P; 1, so we
have

ref

S _ @) g )
i = ref’
ﬁk hz’ekf Ci,k
and
ef

2% % Jwi 1
=D (8)

Br. |y

Assuming that during the scheduling of the vehicle applica-
tion A there exists a minimum value h, p,;,, of the channel fading
coefficient between the vehicle and MEC,, and it is available
for the vehicle, which leads to h:if = Rk, min, the proof is as
follows. 7

Theorem III.1: During the scheduling process of vehicle
application A, the energy consumption F; between vehicle
and MEC,, satisfies the condition F; < E only if it satisfies
h:ekf = hk,min-

Proof: We use a counter-argument. Assume that we select
h;ﬁcf > hi, min. there exists the case of the actual channel fading

coefficient h; j, < h;ef , at which point it is clear that the vehicle
communication power is

ref
2%k AT 1 2Ci,k/wk —1
Py D_emtey
B [ne! Br |hi k|

According to (9), the actual communication speed at this point
satisfies the case ¢; , < ¢/, the actual communication energy
used by the vehicle for offloading ¢; will be
(2Cz‘r,ekf/ Wk __

1) d;
Bk

Emem — _P1;7kTiCOmm > EZ.

Cik

; (10)

/
hi ¥

That is, the vehicle communication energy consumption can be
guaranteed to satisfy the energy constraint only when hfekf =
Ri,min 1s taken. Obviously, there is an energy consumption
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balance for task offloading in such energy assignment method,
Based on Theorem III.1, we can modify (5) to

P e k=0
B =1 Aoy R (11)
7 diIn2/wi B |himin|”s, 1<k <n.
That is, ¢; can be offloaded to MEC, if El >

d; In 2 /wy. Br| M min|*. The proof is as follows.

Theorem II1.2: t; can be unloaded to MECy, only if E, >
di h’l 2/wkﬂk |hk,min|2~

Proof: Considered using the worst-case channel fading sce-
nario, which can be obtained when the energy allocated to t; is
E and offloaded to the MECy,:

ref

— Gk /wE 1) g

P R0 . (12)
5k|hk,min|2 Ci7kf

that is
290K/ (B, /dy) Brc, |hpminl® — 1= 0. (13)

ref ,
For the 2% /*’* Taylor expansion we have

re " 1
240/ 5 1 4 (In2jwi)el! + E(1n2/741,€)2(c;?jf)2, (14)

(2

and
In2/wy, + %(m 2/wi)?clS! < (Ei/di) By |hkminl” - (15)
Since c:ekf > 0 we have
E; > d; n2/w By, | e min- (16)
Thus, Theorem II1.2 is proven. [ |

E. The Reliability Model

In a heterogeneous fog computing system, the system reliabil-
ity primarily comprises two components: channel transmission
reliability for wireless communication between the vehicle and
MEC, and equipment computation reliability of the vehicle and
MEC.

For the computation reliability, it is mostly related to the
computational faults existing in the devices. In the studies
related to embedded systems and cloud computing, there are
two main temporal types of faults, i.e., the transient faults and
the permanent faults, and only the former is considered in this
paper. Transient failures are unpredictable and unavoidable for
computing devices. Random hardware failures are typically
modeled using a Poisson distribution [31].

Assume that Aj is the constant failure rate of MEC,, per
unit time, then the computation reliability of the task ¢; when
executed on MECy, can be expressed as

a7)

comp A TP
R, " =e ik

where T, is the computation time of task ¢; executed on

MEC},, for all 0 < k < n [32].
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In studies on URLLC and mobile cloud computing, com-
munication reliability under fading channel systems is typi-
cally characterized by the communication outage rate [28],
[33]. Interruption rate is an important performance indicator in
wireless communication, and according to Shannon Channel
Coding Theory, when the signal transmission rate is lower than
the channel capacity, there must exist a coding technique that
enables the signals to be received correctly. When the signal
transmission rate exceeds the channel capacity, the signal cannot
be received correctly, resulting in a communication interruption.
Therefore, given the target transmission rate R and the channel
capacity C, the communication outage rate can be defined as

Pyt = Pr(C < R). (18)

According to the Shannon Capacity Formula, the channel
capacity is monotonically increasing with the instantaneous
signal-to-noise ratio. Assume that the actual received signal-
to-noise ratio and the threshold signal-to-noise ratio at the
communication receiver are SINR,. and SINR, respectively, the

communication interruption rate can also be expressed as
P, = Pr(SINR, < SINRy). (19)

When t; is offloaded and executed remotely on MECy, according

to (1), the received signal-to-noise ratio of the MECy,; is
SINR, = P, 1. B |hi |- (20)

Suppose the threshold signal-to-noise ratio of MECy, is 7o, x.
Then, according to (2) and (20), the communication interruption
rate, in this case, can be expressed as

}D;ju,t = PI"(SINRT < ’Y(),k')
Y0,k >
P; 1.8

0.k 1 »
P kP -5
:/ —e kdx
0 O
=1- ea:p{—%’k }
BiP; koi

Accordingly, as task ¢; is offloaded to MECy,, the communi-
cation reliability can be obtained as

=Pr <hi,k|2 <

2y

70,k
camm =1 — P = exp {—/ } . (22
bk bk BrP; ko},

for all 1 < k <n. If ¢; is executed locally on the vehicle, we
consider the reliability R{™™ = 1.
Since the communication process and computation process

of the task are independent of each other, the reliability of ¢; is
R = Rl?f;cmp CR{GT,0 <k <n. (23)

The execution of each task is also independent of each other, so
the reliability of the vehicle application A is given by

R(A) = Rir0 <k <n.

i=1

(24)
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IV. PROBLEM DEFINITION AND ALGORITHM FORMULATION
A. Problem Definition

In this section, we will define and analyze the offloading
problem examined in this study.

Consider a fog computing environment with one vehicle and
n MECs. For the vehicle application .4, three key issues must be
addressed. Firstly, it is essential to ascertain the commencement
time for each task. These tasks are governed by a hierarchy of
priority constraints, stipulating that a task can only be scheduled
once all its preceding tasks have been successfully concluded.
Secondly, a strategic decision must be made regarding the execu-
tion location for each task—whether it will be processed locally
or delegated to a designated mobile edge computing platform.
Lastly, beyond meeting the minimum energy requirements for
the tasks, it is imperative to allocate surplus energy to ensure
optimal system performance.

Based on the aforementioned analysis, we define the re-
search problem addressed as follows: In a fog computing en-
vironment consisting of n fog node servers denoted as M’ =
{MEC,,MEGC,, ...,MEC,,}, where MEC possess fixed com-
puting speeds. Given a vehicle application A = (L, <) for a
vehicle containing task set L = (t1,t2,...,tm), ti = (ri,d;),
1 <@ <m.Ift; <t;,thent; must wait for ¢; to finish executing
before it can be executed. The energy consumed to execute
the application cannot exceed the energy constraint F, i.e.,
E(A)=3%"",E; < E. Also, to ensure that the application
operates properly, the energy constraint should be greater than
the minimum scheduling energy, i.e., E(A) > Funin(A). The
objective is to devise an energy allocation strategy that enhances
application reliability while mitigating the excessive execution
time overhead. Thus, the objective formulation can be expressed
as

max R(A) (25a)

min  T(A) (25b)

st. S B <E (25c¢)
=1

E > Enin(A) (25d)

B. Pre-Scheduling Algorithm

Before allocating energy to tasks, we need to determine their
start times and the MEC where they will be executed. In fog com-
puting, traditional task offloading algorithms (e.g., ECLL-H) [6]
and ECLLTROS [34]) use Level-by-Level scheduling methods
to eliminate priority constraints between tasks. However, such
methods can result in servers remaining idle for extended pe-
riods, leading to low server utilization. In Section III-D, we
demonstrate that it is possible to predict a task’s execution
time without exceeding its energy constraints. Therefore, we
calculate the earliest start time (EST) and earliest finish time
(EFT) for each task to ensure they can be executed as early
as possible. The attributes EST(t;) and EFT(t;) represent
the EST and EFT, respectively. In an application with priority
constraints, tasks need to wait for all of their predecessor tasks
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Algorithm 1: Pre-Scheduling Algorithm.

Input: A = (L, <), MEC, = (S, Wk, Bks A, Pk min, Y0,k
vehicle = (&, «, Ps, Ao), and E.
Output: A Task Offloading Strategy.
1: Calculate E; ,;, for all 1 < ¢ < m. Calculate Ey;y(A);
2: Push the entry tasks into the execution queue,
Queuve.add(tentry);
3: while there are tasks that have not been executed do
t; + Queue.poll();
Calculate E with average energy allocate method;
for k =0; k <n; k+ +do
Calculate EFT (t;, k) if E; > Bl s
end for
Offload t; to MEC,, where
EFT(t“ ac) = minogkgn EFT(t“ k‘),
10:  fort, € succ(t;) do

oedxn k

L1 Queue.add(t;) if all the pred(t, ) are executed,
12: end for

13: end while

to be completed before they can be scheduled. In this paper, EST
and EFT are relative to each server. We provide the formulas for
calculating EST and EFT:

EST(tentry) = O

EST(t; ) = max{MEC}, (26)

AFT(ts)},

max
tyEpred(t;)

EFT(tix) = EST(ti ) + T x- (27)

The term MEC} represents the earliest time at which the
MEC}, is ready to execute a task. AF'T(t, ) represents the actual
finish time of ¢,,.

By using this method, we can offload tasks to the MEC with
the shortest EFT. This not only improves the overall completion
time of the application but also effectively reduces the idle time
of each server. We refer to this step as pre-scheduling. The
process of the pre-scheduling algorithm is shown in Algorithm 1.
The specific steps of the algorithm are as follows:

1) In lines 1—2, perform initialization tasks, compute the
minimum energy E; ,,;, required for task execution, and
finally, place the entry task into the queue of tasks awaiting
execution.

2) Inlines4—5, extract a task from the queue and calculate its
energy constraints E The allocated energy is calculated
using the average energy allocation method.

3) Inlines 6—9, calculate the EFT of the task on each server.
It should be noted that Ej ,,;, can only ensure that one
server can execute the task but cannot guarantee that all
servers can execute the task. Therefore, if a server cannot
execute the task, it should be disregarded.

4) Inlines 10—12, we need to check whether, among all the
successor tasks of the current task, there are those whose
predecessor tasks have all been completed. We place these
tasks into the queue of tasks awaiting execution.
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Fig. 5. Reward curves obtained using only PPO under four different reward
function designs.

The time complexity of the pre-scheduling algorithm is ana-
lyzed as follows. First, in line 1, it takes O(m) time to calculate
the minimum energy for each task. In lines 6—8, we calculate
the EFT of the task on all servers, with a time complexity of
O(m). In the while loop from lines 3—12, we iterate over all
tasks, resulting in a complexity of O(m). Therefore, the overall
time complexity of Algorithm 1 is O(m + mn).

In the pre-scheduling algorithm, we obtain the execution order
of tasks and the servers on which the tasks are executed. This
strategy is derived using the average energy allocation method.
In Sections IV-C and IV-D, we will use reinforcement learning
methods to reallocate the energy for tasks to enhance application
reliability.

C. Generative Adversarial Imitation Learning and Proximal
Policy Optimization

Reinforcement learning does not rely on labeled data like
supervised learning, but it is highly dependent on the design of
the reward function. Sometimes, even minor adjustments to the
reward function can lead to significant differences in the training
strategy. In many real-world scenarios, the reward function is not
predefined, or the reward signals are extremely sparse. In such
cases, randomly designing the reward function cannot ensure
that the reinforcement learning-trained strategy meets actual
needs, and the training may ultimately fail to converge. For
example, in robotic arm control, the observation is the current
state of the environment, and the action is how the arm should
move next. If the reward is simply set to +1 for successfully
grasping an object and -2 for failing to grasp, the agent might
learn to avoid moving the arm to prevent negative rewards.
Effective reward functions that aid in robotic arm control often
require careful design and tuning by experts. Fig. 5 shows the
reward curves obtained from four different reward functions, all
of which performed poorly.

In reinforcement learning, imitation learning is a strategy for
learning policies by observing and replicating expert behavior,
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Fig. 6.

thereby avoiding the need to train a policy from scratch. It learns
to perform tasks from expert demonstrations, providing the
learner with trajectory samples from the expert without allowing
further queries to the expert during training and without pro-
viding any reinforcement signals. Currently, the main methods
include behavior cloning (BC) [35], inverse reinforcement learn-
ing (IRL) [36], and GAIL [37], [38]. While BC is very simple,
it only succeeds when dealing with large amounts of data due to
compounding errors caused by covariate shift, and it is prone to
overfitting in practice [37]. Many IRL algorithms are extremely
expensive to run because they require reinforcement learning
within their inner loops. Therefore, extending IRL methods
to large-scale environments has been a recent focus of many
studies [39]. GAIL, through adversarial training, can learn more
complex and generalized policies that adapt to different state and
action spaces. Compared to BC, GAIL does not require a large
amount of labeled expert data; it can achieve effective learning
with less data through adversarial training and significantly
reduces the computational complexity of the algorithm. Most
importantly, it does not need to provide explicit reward signals
but relies on a discriminator to guide the generator in optimizing
the policy.

GAIL is closely dependent on a Markov Decision Process
(MDP). We need to model the problem as a MDP. To refine
the operation, we divide the allocable energy AE into Km
parts, where AE = E — Ei,(A). Each time, one part of the
energy is allocated to a task. In this way, we ensure that the
energy distribution process for each task is carried out gradually,
transforming it into a MDP, which is represented as

1) State: The state is the current energy allocation for each
task and the reliability of the task.

2) Action: Action represents choosing which task to allocate
energy to.

3) Reward: We generate the corresponding reward based on
the output probability D(s, a) of the discriminator, which is
calculated by the negative value of the logarithmic probability:

r(s,a) = —log D(s,a), (28)

ValueNet-1

_—— *
— MES loss €<—— GAE —>»

The flow chart of generative adversarial imitation learning for Energy-Constrained Task Offloading.
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This reward mechanism gradually optimizes the agent’s strategy
through adversarial training, making the agent behave more and
more like an expert, and finally can automatically learn high-
quality strategies similar to the expert without explicit reward
signals.

The GAIL training process mainly consists of 3 steps. The
detailed flow chart of GAIL is shown in Fig. 6.

Step 1: Generate export data. The first step in imitation
learning is to generate expert data. In this paper, we use the
state and action sequences generated by a greedy algorithm as
expert data. For the greedy algorithm, each time, the task with
the highest overall reliability is selected for energy allocation. In
other words, we evaluate the current reliability of each task and
prioritize allocating energy to the more reliable tasks to maxi-
mize the probability of success in task execution. By choosing
this greedy strategy, we were able to ensure that each energy
allocation yielded optimal results, thus constructing a series
of state-action trajectories that reflected the expert’s behavior.
These trajectories will be used as inputs for imitation learning
for agents to learn and imitate during training.

Step 2: Sample trajectory. The agent samples trajectory data
from the environment based on the current policy 7, thereby
generating state and action sequences. The discriminator D takes
the state-action pair (s,a) as input and outputs a real number
between 0 and 1, indicating whether (s, a) is from the agent’s
policy rather than the expert’s policy.

Step 3: Optimize strategy. Agents optimize strategy through
reinforcement learning algorithms. In this article, we use PPO
to achieve this.

Let 6 represent the parameters of the current policy network
mp. We define the objective function as

J(0) = Eg [V (50)] = Ex, lz vtr(s,a)] , (29
t=0

where s( represents the initial state, and v represents the dis-
count factor. We consider how to use the current € to find a
better parameter 6, such that J(0;) > .J(#). Since the objective
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function is independent of the initial state s distribution and
policy, J(#) can be rewritten as

J(0) = Eg [V (0)]

7!‘91

Z'y AV (5141) — V’Te(st))l. (30)

At this point, we can obtain the difference between the objective
functions of the new and old policies as

J(01) = J(0) = Es, [V (50)] = Esy [V (s0)]

=Er, lZ’Y 7(st;ar) + V7 (St+1)—V”(8tﬂ]- (€20)

We let A% = r(ss,a;) +~yV™ (s441) — V7™ (s¢), and define
the state visitation distribution ™ (s) = (1 — ) >_;2 V' P (s),
where P/ (s) represents the probability of the agent being in state
s at time ¢ under policy 7. Now

i A
t=0
1

= ﬁESNV”@I ]anm}l(.‘s) [Af] .
Therefore, as long as we can find a new policy such that
E, .m0 Eanrg, (1s) [A?] > 0, we can ensure that the policy per-
formance is monotomcally increasing. For A, we use a common
method known as Generalized Advantage Estimation (GAE).
The key function of GAE is

oo

= Z(’Y"E)lfst%

=0

J(61) = J(6) = Eny,

(32)

AFAP (33)

where d; is the temporal difference error of the state value and
k € [0,1] is the decay factor. However, directly solving (32)
remains challenging because 7y, is the policy we need to solve
for, yet we also need to use it to collect samples. PPO makes an
approximation at this step; specifically, it ignores the change in
state visitation distribution between the two policies and directly
uses the state distribution of the old policy. Thus, (32) can be
rewritten as

J(0)) — J(0) = 17151

— 761 anﬂ.g(ws) [Tt (Q)Aﬂ 5 (34)

where

r+(0) = g, (als)/mo(als). (35)

At this point, since we approximate the state visitation distri-
butions of the two policies as the same, we need to ensure
Esvro [Drr(mo(-|5), mo, (:|5))] < 1. Additionally, PPO em-
ploys the (PPO-clip) method to restrict policy updates, ensuring
that the difference between the new parameters and the old
parameters is not too large. This is represented by

L(0) = Et [min (r4(0) Az, clip(r:(0),1 — e, 1 +€)Az)], (36)

where clip(x,y, z) := max(min(z, z), y). It limits the policy
ratio to the range [1 — €, 1 + €], with € being a small clipping
hyperparameter.

8559

Next, we optimize the discriminator in GAIL. First, we obtain
state-action sequences from expert data as positive samples, and
then use trajectory data generated by the current generator as
negative samples. The essence of GAIL is to ensure that the
occupancy measure p (s, a) of state-action pairs (s, a) under the
current policy of the agent aligns with that of the expert policy,
where p™(s,a) = v7(s,a)w(als), representing the probability
that a state-action pair (s, a) is visited. Therefore, the goal of
the discriminator D is to make the output for expert data close
to 0 and the output for the imitator’s policy close to 1. We use
the cross-entropy loss function to measure the discriminator’s
accuracy on positive and negative samples, with the loss function
given by

L(¢) = —Epr[log Dy (s,a)] — E,e[log(l — Dy(s,a))], (37)
where ¢ is the parameters of the discriminator D. The loss
function is minimized through backpropagation and optimiza-
tion algorithms (such as Adam). Finally, the generator and
discriminator are optimized alternately until the generator’s
policy stabilizes and the discriminator can no longer effectively
distinguish between generated data and expert data (i.e., the
discriminator’s output approaches 0.5, indicating that generated
data and expert data are indistinguishable). Through continuous
adversarial training, the distribution of data generated by the
imitator’s policy will approach the real expert data distribution,
achieving the goal of imitation learning.

D. Reliability-Enhanced GAIL for Energy-Constrained Task
Offloading Algorithm

In Sections I'V-B and IV-C, we introduced the pre-scheduling
algorithm and the implementation principles of GAIL. In this
section, we will elaborate on the specific implementation pro-
cess of reliability-enhanced GAIL for energy-constrained task
offloading algorithm (REGAIL), as shown in Algorithm 2. The
specific steps of the algorithm are as follows:

1) In lines 1—4, Initialize the parameters and data required

for the algorithm.

2) Inlines 6—11, at each iteration, extract an energy portion
of size AE/(Km) from the remaining energy, allocate
it to a task according to the policy 7y, and calculate the
reward obtained. Repeat this process until the remaining
energy is depleted.

3) In lines 12—13, obtain the reliability and execution time
of the application under the new policy, and retain the
policy with the higher reliability. Add the state-action pairs
generated under this policy to the expert dataset, enriching
the dataset.

4) In lines 16—21, Update the policy network and discrimi-
nator network.

The time complexity of the REGAIL is analyzed as follows. In
line 2, the time complexity of Algorithm 1 is O(m + nm). From
lines 6 to 11, the operations are performed K'm times, resulting
in a time complexity of O(Km). The network updating from
lines 12 to 19 depends on factors such as network architecture,
batch size, and optimization algorithm, so we do not compute
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Algorithm 2: Reliability-Enhanced GAIL for Energy-
Constrained Task Offloading Algorithm (REGAIL).
Input: A = (L, -<), MEC,, = (ik’ Wiy By M, hk,mim'YOJc)s
vehicle = (&, o, Ps, A9), and E.
Output: T'(A) and R(A).
1:T(A) « 0,R(A) + 1;
2: Obtain the offloading strategy S and generate expert
data using Algorithm 1.
3: Initialize the generator policy network 7y and the
discriminator network D.
4: for (iter = 1 — epoch) do
5: while (Remaining energy £7“"" > 0) do

6: Select a task ¢; based on the policy 7y, and allocate
AE/(Km) energy;
7: Add the current (s, a;) to the generator’s policy
set;
8: Calculate the reward r(s;, a;) using Eq. (28);
9: Erem — prem _ AE/(Km),
10: end while
11: Obtain the reliability ? and execution time 7 for the

current task offloading.

12:  if R > R(A) then
13: T(A) <« T,R(A) «+ R;
14: Store the state-action pairs into the expert dataset.
15: end if
16: Construct the training set by labeling the expert data
as positive samples (label 1) and the generated data
as negative samples (label 0);
17: Calculate discriminator’s loss function using
Eq. (37);
18: Update the parameters ¢ using the Adam optimizer;
19: Calculate AY and r,(6) using Eqs. (34) and (35);
20: Calculate policy network’s loss function using
Eq. (36);
21: Update the parameters ¢ using the Adam optimizer;

22: end for
23: Return R(A), T'(A).

the complexity here. Therefore, the overall time complexity of
REGAIL is O((1 4+ n + K - epoch)m).

V. EXPERIMENT PERFORMANCE EVALUATION

In this section, simulation experiments based on the Python
programming language are conducted to evaluate the perfor-
mance of REGAIL in this paper. The experiments were con-
ducted on a Windows 11 operating system, with an 11th Gen
Intel(R) Core(TM) i5-13600kF CPU running at 2.60 GHz. The
computer had 16.0 GB of memory, of which 15.8 GB was
available for use. The graphics card used was an NVIDIA
RTX4070 Super. The Python version used is 3.9, with Torch
version 1.13.1, and cudnn version 11.6.

A. Experiment Setting

A simple fog computing environment is examined, con-
sisting of one vehicle and seven MECs. The vehicle is
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configured with the following parameters: & = 0.1, =
2.0, P, = 0.05W, Ao = 0.01. The MECy, is configured with
the following parameters: s = 20.1 4+ 0.1kBls, wy = 2.9 +
0.1kMB/s, By = 5.4 — 0.2kW~!, A, = 0.0015 + 0.0001%, for
all 1 < k < n. The settings of these parameters remain mostly
consistent with previous studies [6], [30], [40]. In addition, the
rayleigh random fading model is introduced. According to the
analysis in Section III-B, it is clear that the channel power fading
factor |h; x|, which communicates between the vehicle and the
MEC}, during task scheduling, obeys an exponential distribution
with mean Ji, and is a continuous random variable greater
than zero. To simplify the problem analysis and experiments,
we assume that the channel power fading factor |h; x|* takes
a series of fixed discrete values in the actual scheduling pro-
cess,i.e., giventhe |h; k|? € {|hminl?, [P1]% [h2)?, - - ., [Pmax|* )
where the same interval A|h|? is taken between each discrete
value. Firstly, the reference probability of each discrete value is
taken according to the mean value o7:

Pres(Jhiil* = 1h5*) = P(Ihs* = AR <z < |hy[)
P

h;
= / —26
h [ ~AlRP Tk

Then take the total reference probability as

Pk,sum = Z—Pref(|hi,k|2 = ‘hj|2)
J

wqw‘ 8

dz. (38)

(39)

Finally, the probability of taking each discrete value is ob-
tained as

Pres(|hisl’ = |hj|2)_

P(lhiil* = |hy]*) = P,

(40)

In particular, the MEC}, has factor |h;|* to fall into |h; x| €
{0.4,0.6,0.8,1.0}, according to section III-D, hj min is a
known parameter for vehicle, obviously taken \hk?min|2 =04
here, and the fading mean o7 is set to obey independent uniform
distribution within the interval [0.5,0.9], and the signal-to-noise
ratio thresholdis g, = 1.04-2.0k,forall 1< k< n,1<i<m.

This study uses randomly generated DAGs to simulate dif-
ferent vehicle applications. We generate a random DAG using
the G(m, p) [41] method, where p = 0.45. For each task in
application A, its computation and communication requirements
are generated randomly, i.e., for task ¢;, the r; obeys independent
uniform identical distribution in the range [10.0, 14.0] and the
d; obeys independent uniform identical distribution in the range
[3.0,5.0], where 1 < i < m.

B. Comparative Experiment With Different K Value

In the REGAIL algorithm, the remaining energy is divided
into K'm portions, with one task selected at a time to receive one
portion of this energy. In this section, we will specifically discuss
the selection of the hyperparameter K. We set the number of
tasks m = 20 and vary K from 1 to 10 (to avoid excessive
training complexity due to large K values), training a total of
10,000 episodes. The reward curve, execution time curve, and
reliability curve for these experiments are shown in Figs. 7-8,
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respectively. To simplify the presentation, we only show the
reward curves for K = 1,4,7, and 10.

Observing Fig. 7, we can see that the reward curves for
K =1,7,10 gradually stabilize as training progresses. How-
ever, for K = 4, the curve initially rises but then suddenly drops
and remains fixed at 15.9, indicating the training performance is
poor, and the negative effects of hyperparameters are accumu-
lated, breaking the stability of learning. After 4000 iterations, the
reward curve is close to a straight line, indicating that the model
has completely lost its learning ability and has fallen into a state
of invalid loop. At K = 1, the reward initially increases rapidly,
but the curve exhibits high volatility and instability, with sudden
drops. For K = 10, the reward curve eventually converges to a
satisfactory level, but the larger K value leads to longer training
times.

Overall, K = 7 provides the most balanced performance. The
reward gradually increases and stabilizes without significant
fluctuations, and the training time is not excessively long. Addi-
tionally, as shown in Figs. 8 and 9, after reinforcement learning,
the application’s reliability and completion time achieve optimal
values when K = 7. Therefore, in subsequent experiments, we
will set K to 7.
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TABLE III
RELIABILITY EXPERIMENTAL DATA OF DIFFERENT REINFORCEMENT LEARNING
ALGORITHMS COMBINED WITH GAIL UNDER DIFFERENT NUMBER OF TASKS

20 40 60 80
TRPO-GAIL 0.8374 0.7233 0.6194 0.5532
SAC-GAIL 0.8458 0.7151 0.6329 0.5441
REGAI L 0.8479 0.7362 0.6391 0.5571

C. Comparative Experiments Combining GAIL With Different
Reinforcement Learning Algorithms

InREGAIL, we use PPO as the policy optimization algorithm.
In this section, we will compare the performance of GAIL
combined with various policy-based reinforcement learning al-
gorithms. The algorithms included in the comparison are as
follows:

e TRPO (Trust Region Policy Optimization) is known for
its ability to provide reliable policy updates by ensuring
that each update remains within a safe trust region. This
helps to avoid large, potentially harmful updates that could
degrade performance [42].

® SAC (Soft Actor-Critic) is a popular off-policy algorithm
that aims to maximize both the reward and the entropy of
the policy, encouraging exploration and leading to more
robust policies [43].

Fig. 10 shows the reward curves for three algorithms —
TRPO-GAIL, SAC-GAIL, and REGAIL — across different task
numbers (m = 20, 40, 60, and 80). It is observed that TRPO-
GAIL exhibits the most stable training results with smooth
curves, though it does not achieve the highest rewards, con-
sistently falling below REGAIL. SAC-GAIL, on the other hand,
shows noticeable fluctuations in its reward curve and also does
not reach high final rewards. Overall, REGAIL’s reward curves
are generally higher than those of TRPO-GAIL and SAC-GAIL,
except for m = 60, and the curves converge more smoothly over
time.

Tables IIT and IV provide experimental data on reliability and
execution time for different reinforcement learning algorithms
combined with GAIL across various task numbers. Analysis of
the data reveals that while the reliability and execution times
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Fig. 10. Reward curves for different reinforcement learning algorithms combined with GAIL across varying task numbers. (a) m = 20. (b) m = 40. (c) m = 60.
(d) m = 80.

TABLE IV
EXECUTE TIME EXPERIMENTAL DATA OF DIFFERENT REINFORCEMENT
LEARNING ALGORITHMS COMBINED WITH GAIL UNDER DIFFERENT NUMBER

OF TASKS
20 40 60 80
TRPO-GAIL 6.011 15.031 23.695 35.671
SAC-GAIL 5.926 16.022 24.842 35.892
REGAI L 5.360 15.316 23.622 35.323

of the three algorithms are quite close, REGAIL consistently
achieves better results. Specifically, REGAIL delivers the high-
est reliability at m = 40, 60, and 80, and the shortest execution
time at m = 20, 60, and 80.

In summary, the REGAIL, which combines PPO with GAIL,
not only provides more stable training results but also excels
in terms of reliability and execution time compared to other
reinforcement learning algorithms.

D. Comparison of Reliability and Execution Time Between
REGAIL and Other Algorithms Under Different Number of
Tasks

The primary goal of REGAIL is to significantly improve
reliability while ensuring that the increase in execution time
remains minimal. In this section, we will compare the execution
time and reliability of the REGAIL algorithm with other existing
algorithms. These algorithms include the following two:

® Greedy algorithm selects the task that maximizes overall
reliability at each step of energy allocation. This is the
expert data used in our study.

e ECLL (Energy-Constrained Level-by-Level Scheduling)
algorithm, designed by Li [6], is a hierarchical energy-
constrained task offloading algorithm. It is considered a
classic approach in the field of fog computing for task
offloading.

Figs. 11 and 12 illustrate the application reliability and exe-
cution time for the three algorithms under varying task quanti-
ties. The experimental results show that REGAIL consistently
outperforms the other algorithms in terms of reliability, even
surpassing the Greedy algorithm. This indicates that REGAIL,
through adversarial training, can correct suboptimal behaviors
in the expert strategy, yielding superior results. For instance,
at m = 60, REGAIL’s reliability exceeds that of Greedy by
5.85% , marking its highest performance. ECLL, not primarily
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Fig. 11. Line chart of the reliability of different algorithms under different
number of tasks.
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Fig. 12.  Line chart of the execute time of different algorithms under different
number of tasks.

designed with reliability in mind, exhibits the poorest reliability
compared to REGAIL and Greedy. However, ECLL achieves
the fastest execution times across all task quantities, followed
by REGAIL, with Greedy being the slowest. When considering
both reliability and execution time, REGAIL shows a 20.19%
higher reliability than ECLL at m = 80, with a trade-off of
5.56% slower execution time. On average, REGAIL’s reliability
is 11.01% higher than ECLL’s, while its execution time is slower
by 7.30% .

E. Experiment Summary

By comparing the proposed GAIL with other reinforcement
learning algorithms (TRPO, SAC), the results show that the com-
bination of GAIL and PPO is the most powerful and effective,
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and the reward curves of REGAIL on different task amounts
show excellent convergence. Meanwhile, the comparative ex-
periments of the proposed REGAIL with Greedy and ECLL
algorithms show that REGAIL not only outperforms Greedy in
terms of reliability, but also achieves a good balance between
reliability and execution time. Compared with ECLL, REGAIL
significantly improves reliability while maintaining control over
execution time.

VI. CONCLUSION

To improve the reliability of ICV applications, this paper
designs a reliability model suitable for fog computing conditions
and incorporates hardware failure rate and communication inter-
ruption rate. This paper also proves the effectiveness of using the
minimum fading coefficient to predict the channel transmission
time to ensure that it meets the energy constraint. On this basis,
we propose the REGAIL algorithm. The REGAIL algorithm
first uses a pre-scheduling method to determine whether the
task needs to be offloaded and which server to execute it. Then,
the algorithm combines GAIL and PPO and uses a greedy
algorithm as expert data to train the energy allocation strategy to
improve the reliability of the application. By integrating GAIL,
we solve the instability problem in PPO training and correct the
suboptimal behavior in the expert strategy through adversarial
training, so that potential better strategies can be explored in
a wider state space. In addition, GAIL continuously improves
the generator strategy during training to adapt to different envi-
ronmental changes and complex scenarios, and sometimes even
surpasses the performance of the expert strategy. Experimental
results show that our algorithm achieves a good balance between
reliability and execution time. For example, compared with
ECLL, the proposed REGAIL algorithm significantly improves
reliability while maintaining control over execution time. Future
research will explore the integration of multi-modal learning and
aggregation methods to enhance task offloading efficiency for
intelligent connected vehicles in fog computing systems.
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