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Multi-Time-Scale Markov Decision Process for
Joint Service Placement, Network Selection, and
Computation Offloading in Aerial IoV Scenarios

Swapnil Sadashiv Shinde

Abstract—Vehicular Edge Computing (VEC) is considered a
major enabler for multi-service vehicular 6G scenarios. However,
limited computation, communication, and storage resources of ter-
restrial edge servers are becoming a bottleneck and hindering the
performance of VEC-enabled Vehicular Networks (VNs). Aerial
platforms are considered a viable solution allowing for extended
coverage and expanding available resources. However, in such a
dynamic scenario, it is important to perform a proper service
placement based on the users’ demands. Furthermore, with lim-
ited computing and communication resources, proper user-server
assignments and offloading strategies need to be adopted. Consid-
ering their different time scales, a multi-time-scale optimization
process is proposed here to address the joint service placement,
network selection, and computation offloading problem effectively.
With this scope in mind, we propose a multi-time-scale Markov
Decision Process (MDP) based Reinforcement Learning (RL) to
solve this problem and improve the latency and energy perfor-
mance of VEC-enabled VNs. Given the complex nature of the
joint optimization process, an advanced deep Q-learning method is
considered. Comparison with various benchmark methods shows
an overall improvement in latency and energy performance in
different VN scenarios.

Index Terms—Vehicular Edge Computing, Aerial Networks,
Service Placement, Network Selection, Computation Offloading,
Markov Decision Processes, Multi-time Scale Optimization.

I. INTRODUCTION

ITH the evolution of technologies such as the Inter-
Wnet of Things (IoT), Multi-access Edge Computing
(MEC), Network Softwarization, and different communication
modes, modern Vehicular Networks (VNs) are turning towards
a smarter, highly reliable, and secure networking system en-
abled through software programmability, providing advanced
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intelligent services and applications to end users. These ad-
vanced services and applications often bring a tremendous
amount of data to be processed and strict latency and reliability
constraints [1]. With limited processing capabilities, Vehicular
Terminals (VTs) are unable to process the tasks in a limited time,
and often utilize Edge Computing (EC) services enabled through
the nearby access points. Despite the presence of Road Side
Units (RSUs), equipped with EC facilities, their limited cover-
age ranges, computation, communication, and storage resources
require the introduction of advanced solutions. On one side
the vehicular scenario is inherently dynamic, hence, dynamic
service placement over the Edge Nodes (ENs) depending upon
the user requests is needed. Furthermore, the limitations of
computation and communication resources put restrictions on
the number of VTs that each EN will serve. Therefore, proper
edge-based service placement solutions along with the optimal
EN selection for offloading the computational load of VTs are
needed to have the benefits of Vehicular Edge Computing (VEC)
systems.

Recently, various new aerial networking platforms, such as
Unmanned Aerial Vehicles (UAVs), air taxis, balloons, have
populated the sky. Compared to different satellite constellations,
these platforms are located at reduced distances from ground
users and can be further exploited for latency-critical scenarios
such as VNs. With their onboard computation, communication,
and storage resources, these platforms can be extremely use-
ful to increase the capacity of traditional VEC systems that
involve only terrestrial nodes. Recently, such multi-layered Edge
Computing (EC) enabled distributed networking scenarios have
shown promising results, especially in the case of latency-critical
VNs [2], [3], [4]. However, similar to terrestrial VEC nodes,
aerial platforms, with their size limitations, can hold limited
resources, and proper service placement, network selection, and
offloading operations are needed to boost overall performance.

In joint Terrestrial and Non-terrestrial (T/NT) VEC networks,
composed of multiple layers, each VT has the option to select
EC nodes from various layers. Additionally, each node on these
platforms, with its storage resources, can hold a set of services.
With this in mind, in such multi-user vehicular scenarios, with
multiple T/NT layers, service placement, network selection, and
computation offloading problems can become highly complex.
Traditional optimization techniques along with heuristic and
meta-heuristic approaches can only have a limited impact and
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may not be useful. Recently, various machine learning (ML)
approaches, especially Reinforcement Learning (RL), have
found ways to solve such complex networking problems
[1], [5].

It is interesting to note that the service placement, network
selection and offloading decisions can be performed on different
time scales, based on specific demands, network topologies,
and user requirements. For example, the service placement
operation requires a longer time interval and can only be per-
formed/updated at longer time scales, mainly due to centralized
controller operations and longer service activation time [6].
On the other hand, network selection operation, based on the
dynamicity of the VTs and nearby environments, may require
a moderate amount of time to establish a proper connection
between VTs and nearby reliable edge servers [7]. Finally, task
offloading operations will be based on VTs task requirements,
and can be performed at shorter time scales, especially in the
case of latency-critical applications [8]. With these issues in
mind, in the past, researchers have mainly focused on either of
these three problems and proposed solutions by making some
assumptions about the other two [9]. On the other hand, in some
cases, joint optimization of either of these problems has been
considered, while assuming the same time scales [1]. However,
such solutions cannot be considered optimal since this process
may require decisions made at different time scales, impacting
each other’s performance.

With these issues in mind, in this work, we aim to solve
the joint service placement, network selection, and offloading
problem over the VN environment aimed at minimizing the
latency and energy costs by considering proper time scales. For
this, we first model the latency and energy elements involved
in this process and map them on a constrained optimization
problem over a dynamic VN. Next, we exploit an RL approach
to solve the problem, in particular by modeling it as a Markov
Decision Process (MDP). With the involvement of multiple
time scales, we consider a multi-time-scale MDP approach by
modeling three different MDPs impacting each other’s decisions
for the considered problem. This allows us to solve the problem
at different time-scales effectively.

A. Related Work

The EC-enabled VN, or VEC, has been extensively studied
in the literature to provide latency-critical and data-intensive
services to end users [1]. From a network point of view, the joint
T/NT networks have gained great popularity in serving VTs
with increased capacity, coverage and sustainability [2], [4]. In
addition, the use of ML to solve complex vehicular problems has
gained notable popularity in recent years [10]. Among others,
RL-based studies are widely performed to solve complex VN
problems such as resource allocation, network selection, and
service placement [1], [5]. Most VEC studies can be classified
according to the problems under consideration. In particular,
service placement/caching, network selection, and computation
offloading are the main fields of VEC research. In some cases,
these problems are considered jointly. From an optimization
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point of view, studies are performed to optimize latency, energy,
reliability, or in some cases joint costs. In the following, we
discuss some of the important studies related to these three
problems and some joint optimization-related solutions from
the recent past. Furthermore, we examine multi-time-scale opti-
mization by specifically focusing on the most influential papers
that address this aspect.

a) Service placement problem: In [11], authors have stud-
ied a distributed service placement problem in a moving vehicle
cluster using the knowledge of vehicle mobility patterns. A
flexible and distributed service model with data-dependent tasks
is considered for dynamic vehicular environments. In [12], the
IoV-based dynamic service placement problem is considered
with the aim of maximizing the utilization of edge resources and
reducing the service delay. Deep reinforcement learning-based
solutions are proposed considering dynamicity, increasing ser-
vice demands, and varying request types. In [13], the authors
have considered a UAV-based EC facility for vehicular service
placement problem formed as a multi-objective optimization
problem. In [14] the authors investigate the dynamic resource
allocation problem for the placement of virtual network function
(VNF) in satellite edge clouds. The aim is to jointly minimize
the cost of network bandwidth and the end-to-end delay of the
service. Additionally, in this case, the focus is limited to service
placement. In [15] a potential game approach is proposed for
the placement of VNFs in satellite edge computing, where a
satellite network should provide computing services for as many
user requests as possible. The VNF placement problem aims
to maximize the overall network payoff, and a decentralized
resource allocation algorithm based on a potential game (PGRA)
is proposed to tackle the VNF placement problem by finding a
Nash equilibrium. However, in these studies, the authors have fo-
cused mainly on the dynamic service placement problem without
taking into account the network selection and offloading process
optimizations. These service placement approaches without tak-
ing into account user demands and offloading decisions cannot
guarantee optimal behavior.

b) Network selection problem: In [8], the authors have
proposed an on-line and off-policy learning algorithm based
on multi-armed bandit theory for addressing the network se-
lection problem in VEC environments. Also in [16], the au-
thors have proposed a multi-hop mobility-aware task offloading
mechanism with optimal EN selection for autonomous driving
scenarios in VEC. In [17], authors have proposed a multi-
agent RL-based computation offloading strategy for vehicular
scenarios. The latency performance of the offloading process
is optimized with the binary computation offloading strategy.
In [18], the authors focus on optimizing network selection in
Satellite Aerial Ground Integrated Networks and formulate a
corresponding evolutionary game. A network selection algo-
rithm based on evolutionary games is proposed to study the
autonomous decision-making process of network selection as
a supplement. A network selection algorithm based on the deep
deterministic policy gradient is proposed to handle continuous
high-dimensional action spaces. Such network selection opti-
mization studies and offloading process decisions are limited
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to node selection only, without considering the optimization of
partial offloading amounts. In addition, the service placement
problem is also neglected by static deployments. Offloading an
imperfect amount of data to the optimal selected EN can still
have limited impacts.

¢) Computation offloading problem: In [19], the authors
have proposed a federated learning-based framework for opti-
mizing the offloading parameter values by assuming the near-
est node selection strategy. In [20], the authors have studied
the partial offloading problem in EC environments assisted by
parked vehicles. In addition, in [21], the authors have proposed
deep learning-based solutions for the Vehicle-to-Vehicle as-
sisted partial offloading problem in vehicular fog computing
environments. In [22], the authors propose a hierarchical aerial
computing framework consisting of High-Altitude Platforms
(HAPs) and UAVs. The framework is designed to offer MEC
services for various IoT applications. The objective is to maxi-
mize the amount of [oT data processed by aerial MEC platforms,
while taking into account the delay requirements of the IoT
devices and the resource constraints of the UAVs and HAPs.
Since an exhaustive search would be computationally expensive,
the problem is addressed using a matching game theory-based
algorithm to determine the offloading decisions of IoT devices
to UAVs and a heuristic algorithm to determine the offloading
decisions between UAVs and HAPs. However, such studies,
where service placement and network selection decisions are
based on a static/heuristic approach, cannot guarantee optimal
performance.

d) Joint solutions: In [1], the authors have proposed col-
laborative RL-based strategies to solve the problem of joint
network selection and computation offloading in a multi-service
VEC environment. However, the service placement is consid-
ered static. In [23], the authors have considered a dependency-
aware task offloading and service-caching problem in a vehicular
environment without taking into account the different time scales
in a decision-making process. In [7], the authors have proposed
a joint strategy for network selection and offloading in VEC
environments with a single service. These joint studies are often
limited to the single-time scale approach and often neglect the
impact of service placement on the offloading process.

e) Multi-time scale optimization: Multi-time scale opti-
mization has a long-standing interest, however, due to the in-
heritance complexity of its analysis has often been neglected
or simplified to single time scale approaches. Recently, the
analysis and further optimization of multi-time-scale systems
have been increasingly considered. Among others, in [24], the
authors explore the concept of dynamic multi-time scale user
admission and resource allocation in MEC systems with a focus
on semantic extraction. Since semantic extraction tasks exhibit
a stochastic nature, the researchers formulate a stochastic op-
timization problem by representing the tasks as dynamically
arriving in the temporal domain. In [25], the authors focus on
the problem of event-based security control in a specific type
of cyber physical systems called multi-time-scale cyber phys-
ical systems, which are vulnerable to DoS attacks. To address
the challenges posed by DoS attacks and the multi-time-scale
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nature of these systems, a security control framework is pro-
posed. This framework aims to design the switched controller
and the event-triggered mechanism simultaneously. In [26], the
authors propose a deep reinforcement learning (DRL) approach
that operates on multiple time scales to optimize the use of
radio resources in Non-Terrestrial Networks. The approach
involves collaborative decision-making between a Low Earth
Orbit (LEO) satellite and user equipment (UE), each with their
own control cycles. The UE updates its policy to enhance the
value functions of both the satellite and itself, whereas the LEO
satellite makes decisions based on a finite-step rollout using
the reference decision trajectory provided by the UE. To the
best of our knowledge, no paper has considered up to now
the joint service placement, network selection and computation
offloading problem in a multi-time scale fashion.

B. Motivations and Contributions

Based on the previously commented studies, it can be seen
that the authors have mainly considered solving one of the
three problems discussed before, neglecting their impacts on
each other. However, in some cases, joint optimization is per-
formed without taking into account multiple time scales and
their impacts. This can lead to suboptimal solutions and fur-
ther analysis is required to increase the performance of VNs.
Therefore, this motivates us to carry out this activity in which
we aim to solve the problem of service placement, network
selection, and offloading simultaneously, considering their im-
pacts on each other. As mentioned earlier, when addressing
the challenge of simultaneously performing service placement,
network selection, and computation offloading, it is necessary
to consider operations that occur at different time scales. This
makes it impractical to use traditional solving methods that focus
on a specific moment, as each subproblem requires a distinct
optimization approach. This complexity is further amplified by
the inclusion of terrestrial and aerial platforms, which not only
enhance resilience and coverage but also introduce an additional
dimension. Consequently, this paper suggests a multilayer multi-
time scale approach to optimize the three operations together,
using an MDP model.

The main contributions of this work can be summarized in
the following points:

® Multi-time Scale Approach: A system model is defined

with a multi-time scale approach for the service placement,
network selection, and computation offloading process
with dynamic VTs. Furthermore, a constrained optimiza-
tion problem is formed to minimize a proper cost function,
including also latency and energy terms, by performing
a dynamic service placement, network selection, and of-
floading process.

® MDP Solutions: There is a lack of extensive research

on multi-time scale optimization. Because these problems
are highly complex, a suitable optimization approach has
been devised using the MDPs. The service placement,
network selection, and offloading problems are modeled
as a sequential decision-making process through proper
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multidimensional MDP models. A multi-time scale MDP
process is adapted for enabling decision making at different
time scales, and optimal policy is determined through the
deep Q-learning approach.

® Performance Evaluation: The simulation results of the pro-

posed methods are compared with a set of benchmark meth-
ods and their effectiveness is evaluated. Finally, proper
conclusions are drawn on the basis of the findings.

The structure of the paper is as follows. In Section II, we
present the system model, specifically focusing on the multi-
level scenario and defining the problem as a multi-time-scale
approach. In Section III, we propose a multi-time-scale opti-
mization method, which involves considering three MDPs, while
in Section IV the Deep Q-Learning solution for joint Service
Placement, Network Selection, and Computation Offloading is
described. Section V presents the Numerical Results, which
consider various scenarios where the problem can be applied.
Lastly, in Section VI, we provide the conclusions drawn from
the study.

II. SYSTEM MODEL AND PROBLEM FORMULATION

We focus on an IoV scenario with multiple EC layers and
randomly distributed VTs in the road scenario. We consider a
multi-layer (I = 0, ..., L with L = 3) joint air-ground network,
composed of HAPs (I = 3), UAVs (i.e., LAP nodes) (I = 2),
RSUs (I = 1), deployed along the road paths, and randomly
distributed VTs (I = 0) traveling on a road in either direction,
where V = {v1,...,0m, ..., o}, R={r1,....7"0, ..., "N},
U = {ui,...,up,...,up}, correspond to the sets denoting 1
VTs, N RSUs, and P UAVs, respectively. Additionally, one
HAP node is denoted as Hj,. In the vehicular scenario con-
sidered, VTs can request services characterized by different
requirements. By assuming that S = {Sy,...,S5;,...,Sg} is
the set of all possible services that can be provided, due to the
limited available resources, the generic jth EN from /th layer can

provide only a subset of services equal to 3j C S. In Table I,
the main symbols used throughout the paper are list for better
comprehension of the text.

The system is modeled in a discrete time manner and the
network parameters are supposed to be constant throughout
each time interval 7, where 7, identifies the 7th time inter-
val, i.e., 7; = {Vt|t € [i, (i + 1)7]}. The generic mth VT is
characterized by a processing capacity equal to ¢, ,, Floating
Point Operations per Second (FLOPS) per CPU cycle, while
its CPU frequency is f, . Each VT is supposed to be able to
communicate on a bandwidth B}, (7;) with each RSU, with
a bandwidth B}3¥(7;) with each UAV and with a bandwidth
B3 (7;) with the HAP. Each v,,, € V is supposed to be active
in each time interval with a probability p, within which it
generates a computation task request p,,, (7;) identified through
the tuple (D, , D} .Q, T, .S,, ) corresponding to a task
of size D, Byte, expected to give in output a result with
size D), | Byte, requesting €2, ~CPU execution cycles and
maximum execution latency 7, . Here, S, € S corresponds
to a specific service requested by VT v, that belongs to a

TABLE I

LIST OF SYMBOLS USED IN THE PAPER

Symbol | Description
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YV, R U, S
31
Sj
Ti

Cv,m

v.m
BB (1)
s ()
B ()

pm (%)

Do, Dy,

Q

Pm

1,

m

Som

Rr,nr Br,n

Cr.on, fr,n, Lr,n
I:lu‘p, Ru,pr Bu,p
Cu,ps fu,pr Lup
hn, Rn, Bn

cn, frnr Ln

‘7m (Ti)
Vmin, Vmax

Dmej(Ti)

1) (1)

ADS  ASP  AOff

Ssp §ns  goff
AP AMS ﬂoff

b(Ss, j, 1, 7i)

AM,J(1),1,7)

KM, K (70%)
Js

T(/’rjn , E/’m

T:;’Jk('r,), rx, kJ(Tl)

Ef)é /k(T’) Erx Jkj (T’)

Ts,ﬁf j(ap,, (77)
o (g (1)
Tl?: (ap (9)
Ev(ap,, (771)
" (ap,, (10)

Epr (ap,, (779)

Sets of VTs, RSUs, UAVs, and services

The set of services provided by the jth EN
on the /th layer

The ith time interval

mth VT processing capacity in FLOPS per
CPU cycle

mth VT CPU frequency

mth VT to RSU communication bandwidth
mth VT to UAV communication bandwidth
mth VT to HAP communication bandwidth
mth VT computational request at 7;

Input and Output Task size for the request

Pm

Requested CPU execution cycles for the re-
quest P

Target maximum execution latency for the
request p,,

The service requested by mth VT

Coverage radius and communication band-
width for the nth RSU

nth RSU processing capacity, CPU fre-
quency, and number of CPU cores

Altitude, coverage radius, and bandwidth
of pth UAV

pth UAV processing capacity, CPU fre-
quency, and number of CPU cores

HAP node altitude, coverage radius, and
bandwidth

HAP processing capacity, CPU frequency,
and number of CPU cores

Overall communication bandwidth given
by the HAP

mth VT speed at 7;

Minimum and maximum VT speed
Remaining path length within which mth
VT remains under the coverage of the jth
node at 7;

Remaining sojourn time for the mth VT un-
der the coverage of the jth node at 7;
Network Selection, Service Placement, and
Offloading interval

States for Network Selection, Service Place-
ment, and Offloading

Action Space for Network Selection, Service
Placement, and Offloading

Binary service placement parameter
decision matrix for network selection
Maximum and actual number of VTs re-
questing services

Time and energy spent at the jth node for
the computation of the p,,th task
Transmission and reception time for the
Pmth task between nodes j and k
Transmission and reception energy for the
Pmth task between nodes j and k

Time spent for task offloading

Energy spent for task offloading

Time spent for local computation

Energy spent for local computation

Time spent for whole task computation

Energy spent for whole task computation

set of services S provided by the network service provider. In

addition, the average request rate for the sth service is modeled
through the Zipf distribution function given by A, (7;) = 1/xs?
where k = >, 1/s” with 8 € [0, 1] being the popularity skew
index [27].

The nth RSU, supposed to be in a fixed position with a
coverage radius R, ,,, is characterized by a processing capacity
equal to ¢, ,, FLOPS per CPU cycle, with CPU frequency f; ,,
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Fig. 1. The T/NT integrated scenario.

CPU cores L, ,, and communication capabilities, which is
supposed to be identified through a communication technology
able to cover the VTs on ground with an overall bandwidth
B, . Each RSU can provide EC services to VTs in its coverage
space. As mentioned before, with its limited resources, r,, can

store only a subset of services S C 8. Furthermore, it is
expected that the area is covered by multiple UAVs with the
pth at altitude h,, , and coverage radius R, ,,. The pth UAV is
supposed to move at a relatively slow speed compared to VTs
and is characterized by a processing capability equal to ¢,
FLOPS per CPU cycle, with CPU frequency f,, , and L, , CPU
cores. In addition, its communication capabilities are supposed
to be identified through a communication technology able to
work on a bandwidth B,, ,,. Each UAV can serve a set of VTs
and RSUs in its coverage space. Here, the pth UAV, with its

limited resources, can provide up to :S'ip C § services to the
VTs. Being a centralized node with powerful computing and
communication resources, we assume that the HAP node can
provide the entire set of services S to the VTs in its coverage
range of R; meters, with a computation capacity equal to cp
FLOPS per CPU cycle, with CPU frequency f;, and £, CPU
cores and having bandwidth Bj,. Also, the HAP node is located
at altitude hj,. The basic components of the system and the
different communication links between them are illustrated in
Fig. 1.

A. VT Mobility Model

Compared with highly dynamic VTs, aerial network plat-
forms move more slowly and often have negligible impacts
on overall mobility parameters of VTs, i.e., relative distance,
speed, location, etc. Also, these platforms can follow predefined
mobility patterns based on operators’ settings. Therefore, in this
work, we consider that air networking nodes (i.e., UAVs and
HAP) are located in a fixed position in a given interval of time,
while VTs move with variable speed ¥, (7;). We suppose that
the speed of the VTs is bounded within Uy, and U, while
the instantaneous speed of the mth VT is modeled through a
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{ Service Placement
Sk ‘_ (Which Services to Place
and Where) )

Se (Network Selection )
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- Edge Computation)\r
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(How much Datatobe 4
Offloaded )

truncated normal distribution density function [3]:

*(ﬁm(ﬂ)*#)Q
2e 202

f (Om(7:)) =

0, else

ey
where 1 and o are the mean and standard deviation of
the vehicles speed, and erf(x) is the Gauss error function
over x. The path length, within which the mth VT re-
mains under the coverage of the jth node (i.e., RSU, UAV
or HAP), is given by D,, (7)) = \/R? — (Yj — Yo, (1)) £
(x; — @y, (1)) where, (z,, (7;), Yv,, (1;)) is the location of the
mth VT at 7; and (z;, y,) is the projection over the ground of a
generic jthnode, which can be RSU, UAV or HAP. The available
sojourn time for the mth VT with respect to a generic jth node

s S0) Doy i (73)
isT,, ;(T) = T# G

B. Multi-Time Scale Approach

The service placement operations often require larger time
intervals for updating over different EN mainly due to the virtual
service activation latency, longer backhaul delays, etc. [28].
Here, service placement operations are performed at discrete
time intervals lasting A, where 7" identifies the ith time inter-
val, i.e., 7.0 = {Vt|t € [iA%P, (i + 1)AP]}. Network selection
decisions can be made on a moderate time scale compared with
the service placement problem. The time scale is modeled in
a time-discrete manner, with a time interval A", where 7
identifies the ith time interval, i.e., 7/ = {Vt|t € [iA"™, (i +
1)A™, 0 < (i + 1)A™ < A®]}. Note that the maximum num-
ber of time steps is a function of AP, corresponding to the time
step of the service placement problem. With high dynamicity
and frequent task requests, the computation offloading decisions
should be performed on a shorter time scale. The time scale for
the offloading process is discrete in time with a time interval
A°T where 70T identifies the ith time interval, i.e., 79T =
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{Vt|t € [IA°T (i + 1)A°T 0 < (i + 1)A°T < A™]}. Note that
the maximum number of offloading time steps is based on the
A™ value, which corresponds to the time step of the network
selection problem.

Over time, vehicular service placement needs to be updated
to serve end-users according to their demands, as well as to use
appropriate resources at EC facilities. We define a binary service
placement parameter b(Ss, 7,1, 7;") as

Al
1 Ss€8,;
0 else

b(Ssajv lvT;p) = {

with,

(Ss,5,0,77) < |3 l, Vi @)

H Mw

where b(Ss, 7,1, Ti) = 1 models the network operators decision
of placing the service S; on the jth node at 7,°. Notice that the
service placement remains the same throughout the A*P time
interval, in which multiple network selection and offloading
steps are performed.

On the basis of their limited coverage ranges, each VT can be
covered by several RSUs, UAVs, and one HAP node. Here, we
define a decision matrix A (M, J(1),1,7*) = {a(,, ;) (7}°) €
{0,1}} with dimension M x J(I), where J(I) is the amount of
ENs in the /th layer. Here, a(,,, ;) is equal to 1 if the mth VT
selects the jth EN from the layer [ to offload its task, otherwise
it takes the value 0. VTs can select RSU (I = 1), UAV (I = 2),
or HAP (I = 3) to offload their data. Also, to avoid additional
complexity, we consider that each VT can be assigned to only
one EN which can be RSU, UAV, or HAP during the offloading
process, thus,

L J)

DD aw, ) =1 3)

=1 j=1

The number of VTs requesting services from the jth EN is
given by K (%) = 2%21 (v, 5.0 (7). With their limited
resources, ENs can provide services to the VTs before task
communication and computation costs become unbearable. We
consider that K;“a" is the maximum number of VTs that can
access the services of the jth node.

We assume that the system performs partial offloading, where
tasks can be split and processed remotely while the remaining
portion is processed locally [9]; the portion offloaded by the mth
VT at 7% is identified as a,,, (79) € [0, 1]. With multiple VTs
requesting services, during the offloading process, the following
constraints need to be taken into account:

KJ l( ) Kmax (43)
S >c§:r (T9%) - F27 (78%) < (Lya - eja - fia) (D)
S W) < B 40

Visj=1,....,J(0);l=1,...,L

where c” T(T) - ff L /' (1) is the processing capacity of the jth

EN from layer [ a551gned to the mth VTs task, b7 (7)) is the

5369

communication resource assigned to the VT for communicating
with the jth EN. We consider that EN resources are shared
equally among the requesting VTs. Equation (4) models an upper
bound on the number of users connected, processing capacity
and the communication resources of the ENs.

1) Task Computation Model: The generic expression for the
time and energy spent for the p,,th task computation on a jth
device is given by [1]:

Pm __ QPWL
[ Cf?m fpm’

Bl =TI P (3)
where ¢ fp ™ and P, ; are the number of FLOPS, CPU-
frequency per CPU-cycle assigned to the mth user, and com-
putation power, respectively, whether j identifies a VT (v,,), a
RSU (r,,), UAV (u,) or a HAP (Hy,).

2) Task Communication Model: For the case of a partial
computation offloading, the transmission time and energy be-
tween a generic node j and a generic node k for task p; is

given by 7,7 r(T) =+ k(T and B/’ r(Ti) = T[;J]k(Ti)Ptj,
respectively, where rjk(n) is data-rate of the link between the
two nodes, while Pt; is the transmission power of jth node.

Similarly, the reception time and energy at the jth node to
receive the task of size Dy from kth EN are T, (1) = %
and B, (13) = T/ (Tl)PrJ, respectively, where Pr; is the
power spent for receiving data. A symmetric channel is consid-
ered between j and k.

In this work, for modeling the characteristics of a channel
between the jth and the kth node at sth interval [29], we cons1der
that the link gain can be modeled as h; x(7;) = By - d i k(Tz)
where d; ;(7;) is the distance between node j and k at ith
interval, [ is the channel power gain at 1 m reference distance,
while 6% is the path loss coefficient for the communication
link between node j and k. The expression for the channel
transmission rate is based on the Shannon capacity formula and
can be written as:

rin(7s) = b (73) logy (1 1 Pt b))

N ) Vik ()

where Pt; is the transmission power of a node j, sz (7;) is the
communication bandwidth, and Ny = NTij (7;) is the thermal
noise power with noise power spectral density Nr.

3) Task Offloading Process: If mth VT is assigned to jth EN,
then the time and energy required to offload the portion of task
with offloading parameter «, , to the selected EN and to get
back the result in the :th interval is given by:

T (@ (7))
= Qp,, (T'Off) (Ttl;mv j( fo) + Tpm( Off) + T’rpa:nj'um (TiOff))
(7a)
By, (0, (1)

= ay,, (") (BEL,,;(7") + BN

TT,jUm

(7)) (7b)

'In the following we identify with j and k the indexes of any generic node.
Hence, j and k can have any index among vy, 7y, up and Hy,.
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where both equations correspond to the sum of the terms related
to the transmission, reception and, only for the time, local com-
putation, introduced in Subsections II-B 1 and II-B2. Similarly to
other approaches, e.g., [4], [30], the analysis has been simplified
by limiting to the user-side energy consumption; moreover, the
energy consumption in idle state at the VT side is neglected.

4) Local Computation: From (5), the amount of time and
energy required for the local computation of the remaining task
in the ¢th interval can be written as the time and energy non-
offloaded portions of task, i.e.,

T (0, (79M) = (1 - <T°ff>) T, G

5) Partial Computation Oﬁ‘loadmg: From (7) and (8), the
delay and the energy consumed during the task processing
phases when partial offloading is performed (in the ¢th offloading
interval) can be written as:

T07 (0, (7)) = max {T30 (0, (70). 715 1, (757))}

By (0, (1) = Ep (0, (79) + By (ap,, (7))

where the local and offloaded computing are supposed to be
performed in parallel. Each VT should finish the offloading
process and receive the results back within the sojourn time,
hence:

< Tsoj

T (0, () < T3 5(7) Vi ©)

6) Service Placement Penalty: In a multi-service VN, if the
selected EN is unable to provide the requested service, VTs are
impacted by additional costs due to, e.g., handover. There are
several mechanisms that can be used in these scenarios. For in-
stance, the chosen EN can transmit the VTs data to a neighboring
EN that is capable of providing the requested service. Alterna-
tively, the chosen EN can request a centralized orchestrator to
provide the requested service. These operations may result in
additional penalties in the overall offloading process. Hence, we
propose the introduction of a generic service placement penalty
during the offloading process, which is defined as:

C(TOff) _ {C if b(Sva]a ) 7é A A(v,,,7, l)( ) 1

! 0 otherwise

where ( is the constant penalty when selected EN is not able to
provide a requested service.

C. Problem Formulation

The main objective of this work is to optimize the network-
wide performance of EC-enabled multiservice VN. We aim
to optimize performance in terms of overall latency, energy,
and service placement during the offloading process. Our main
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objective is to optimize the overall network cost by properly
selecting ENs for service placement and computation offloading
operations simultaneously. Additionally, offloading the optimal
amount of data towards them further reduces overall latency and
energy cost. For this, we formulate the joint latency, energy, and
service placement cost minimization problem as in (10), shown
at the bottom of this page, subject to:

C1:Eq. (2) (11)
C2:Eq. (3) (12)
C3 : Eqgs. (4a), (4b) and (4c) (13)
C4: Eq. (9) (14)
C5: 5" (0, (777)) < T, YV, Vi, j (15)
C6: E7) (e, (77) < B (ap,,) (16)
CT:0<m,2<Lim+r=1 (17)

where A = {a,, (7°%)}M isthe computation offloading matrix,
A={AM,J(1),l (7 ?‘S))} is the set of VI-EN assignment
matrix, B = {b(Ss, j, (7;"))} is the service placement matrix, v,
and y, are weight coefﬁc1ents for balancing latency and energy
consumption, and 7" is the whole time interval considered. C1
puts a limit on the maximum number of services placed in each
EN j. C2 stands that each VT can select at most one EN for
the computation offloading. C3 provides the limits over the
number of user requests, processing capacity and bandwidth
resource blocks requested by VTs towards ENs. According to
C4, to avoid handover phenomena and related latency, each VT
should complete the offloading process before it passes through
the selected EN coverage. C5 puts a limit on the maximum
processing time as one of the task requirements. In order to
have a valid offloading process, according to C6, the weighted
energy consumed on VT for processing a complete task should
be lower than the total weighted energy required to compute
a complete task locally. C7 stands that the two weighting
coefficients (1, v2) should be between 0 and 1 with a sum equal
to 1.

III. MULTI-TIME SCALE OPTIMIZATION

In the scenario considered, the service placement decisions
taken by the centralized operator can impact the users’ network
selection possibilities and the corresponding outcomes in terms
of accessing services at reduced costs. On the other hand, the
network selection decisions made by VTs can further impact
the offloading decision and, thus, corresponding task process-
ing costs. Therefore, these processes and the decisions associ-
ated with them can create a hierarchical structure of decisions
that influence each other’s performances. In addition to this,

T-1 T*P+Asp A n\+An\ Anl‘f I J(l) M
PL: iy { Z S Y (S T (. (1) + 2B (0, (72) + e(70)]
p =0 ‘r“sf'r 0“—7'"5 =1 j=1m=1

(10)
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Fig.2. Multi-scale MDP model for the service placement, network selection,
and offloading problem.

these decisions should be made at different time scales (i.e.,
A® A" AT This leads to a multi-time scale optimization
process involving multiple layers of decisions impacting each
other. Multi-time-scale optimization has been a well-established
area of research, focusing on modeling various realistic sit-
uations where multiple processes exhibit different time-scale
behaviors. These situations can be effectively addressed as
multi-time-scale problems. Traditionally, heuristic approaches
have been employed to find solutions to such problems, but these
approaches are only consistent in specific scenarios. The use of
MDPs provides a suitable framework for modeling the evolving
states over time. In this study, we propose an extension to the
traditional MDP approach by introducing a hierarchical MDP
model, where each level of the hierarchy can effectively capture
a specific timing aspect. The considered multi-time-scale opti-
mization problem can be solved effectively through sequential
decision-making processes, e.g., MDP, where a multi-time scale
MDP model [31] can be considered to solve the problem of
joint service placements, network selection, and computation
offloading effectively. In the following, we define a Multi-Time
scale MDP (MDP-MT) as represented in Fig. 2 through several
basic elements discussed in the following.

A. Service Placement MDP

The service placement MDP is a model that addresses the
network service placement problem in resource-constrained EN
to meet the demands of vehicular users. Decisions about service
placement can be made over a longer time period, denoted as
AP,

The discrete state space for the service placement MDP is de-
fined as S® = {s,..., s, ..., s’} with maximum U states.
S is modeled as a function of the number of EN available and
the service placement updates over time. Thus,

ST~V (), PAAT) (7). Prlr), Po (7). Pia (1))

7
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where P (73%) (2952 P (T3) sy and Prr (730) () s

are the binary matrices modeling the change in the service
placement over different edge layers at 7;". For example, if
the selected action places the sth service on the nth RSU then
Pr(7*)(i,j) = 1, else it takes value zero.

A discrete set of actions is defined through AP =
{af,...,ay, ..., s} } with maximum U actions. A% includes
all the feasible service placement options that an orchestrator can
use. For limiting the complexity of the MDP we have assumed
that all the ENs from the same edge layer have the same subset
of services placed on them.

The performance of service placement MDP is measured
through the feedback signal generated as a sum of the total
reward received during the offloading and network selection pro-
cess as shown in Fig. 3, i.e., the hierarchical feedback process.

B. Network Selection MDP

The MDP model for network selection addresses the problem
of selecting a network in a scenario where decisions are made
on a moderate time scale A", which is different from the
time scale of the service placement problem. The goal of the
network selection problem is to find an appropriate EN that can
provide the desired service. If the selected EN does not have
the requested service available, there may be additional costs in
terms of service handovers. Therefore, the decisions made by the
network selection MDP are influenced by the current state-action
pairs of the service placement MDP model. Furthermore, various
local environment parameters, such as competing VTs, available
ENs and their states, and the type of requested service, can
also impact the network selection decision. It is challenging
to provide a single model that can handle all dynamic situa-
tions, as it may result in reduced overall performance. In light
of this, we incorporate local environment parameters obtained
through V2X technology into the MDP process by representing
it through various scenarios. In particular, vehicular scenarios set
Q={kiy,...,kg,...,kg} based upon local vehicular density
D, the number of RSUs R,,, UAVs U,, and HAP nodes H),
covering the VT and the requested service type. Here G is the
maximum number of considered scenarios. Thus the generic gth
scenario, kg, is defined as a tuple k; = (D, R,,, U, R, S,,,)
with,

0 ifl <M< M
D=<1 if My < M < M,
2 if My, <M

where M7 and M, are parameters introduced to classify VT
traffic scenarios into low, medium, and high density.

Next, we define the state-space for the network selection
MDP as 8™ = {s™ (%)} with s™ (/%) € {(s?fm,sgs)}. The

7 K2

individual state s} () is based on the VT side state (s}’ ),

and the selected ENGs state s7° where e can be an RSU, UAV or
HAP node. The VTs state sps (71°) is modeled by the requested
service S, , dpm, ., the distance between VT and the EN, and
D, ., the distance before VT passes through the coverage area

of e.
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Fig. 3. Proposed deep Q-learning solution.

The action space for VTs in scenario g is defined as 3{“’ =
{af, ;(1*)} for the network selection MDP corresponds to all

possible sets of actions with individual actions, ap g(T;‘“) =

[{0,1}1xr,, {0, 1}1x0,,, {0, Lhixm,, ], with D ag; ( ) =1
The performance of network selection MDP is measured

through the feedback signal generated as a sum of the rewards

received during the offloading process, as shown in Fig. 3.

C. Computation Offloading MDP

The computation offloading problem involves determining the
appropriate amount of data to be offloaded to a selected EN.
Given the high level of dynamism and frequent task requests,
these decisions must be made quickly, within a time scale
denoted A°T. The computation offloading process should be
completed before the VT passes through the coverage range
of the selected EN. Additionally, the entire task processing
operation must be performed within a specified task latency
requirement, and an optimal amount of data should be offloaded
to minimize the energy costs associated with VTs’ local data
computation and data transmission operations. Decisions made
during network selection and service placement MDPs can
impact the performance of the offloading MDP. If an incorrect
ENis selected during the network selection process or if services
are not properly aligned between different ENs, performance
during the offloading phases may be limited.

By taking into account the various performance requirements
of MDP, here we introduce a discrete state space for the offload-
ing MDP problem that is based upon following three binary
functions that model the behavior of offloading MDP over time.
If the mth VT is assigned to the nth EN and performs offloading
operation with offloading parameter «, ,, the environment can
be modeled through three proper binary functions, as:

0 Toff (Oépm(TOff)) <T:7?Jn( off)

Fl Toff
Pm;7l( T ) 1 elSC

F? () = 0 Tpm, (ap,, (771) < T,
Pmom At 1 else

0 E"ff e, (T 7o) < wy Efm,

F3 (roffy —
oo (707 1 else

where F!  (r9"), F2 . (79%) and F2  (77") are the binary
functions depending upon the sojourn time constraint (9), appli-
cation latency requirement (15) and the energy constraint (16),
respectively.

The discrete state space for the computation offload-
ing MDP is defined as S = {59, ... s ... 9"} with
maximum L states with the 1nd1v1dua1 state defined as
(7o) = {FL (9M),F2 (r9%),F3 (79")}. The ac-

tion space A°T = {a"ff} for the computation offloading MDP is

defined as A°T = [0, A, 2A, ..., 1], where A is the step change
in the value of offloading parameter Q.-

D. Reward Function

The performance of the MDP can be described through a joint
reward function defined as,

P = T (, (7)) + 2B (4, (7))
+e(r) + Fy (N + FL L)+ FL L (7T) (18)

The total reward received is the sum of latency, energy costs,
service placement, and additional constraint failure penalties.

IV. DEEP Q-LEARNING FOR SERVICE PLACEMENT, NETWORK
SELECTION, AND COMPUTATION OFFLOADING

The previous section introduced the various components of
the MDP models. By solving these models, VTs can discover an
appropriate service placement, node selection, and offloading
amount that can effectively reduce total latency, energy con-
sumption, and service placement costs.

For any instant in time 7;, the state space ST is equal to
{s(7;)}, where s(7;) = (9T, s sif) is the instantaneous state
of amulti-time-scale MDP, i.e., a combination of the three MDPs
states. For the large time interval A*P, s;f remains unchanged
while multiple transactions can occur for s and s%. The
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solutions can be defined as a policy function 7 € II:
Psi (i +0))}

that maps every state s € S7 to action a = {(a™, a5, a})} €
AS. Given the offloading policy 7°, network selection policy
7 and the lower level reward R, over a large time scale AP,
we define a A?/A°T_horizon total expected reward as (19),

shown at the bottom of the page, where

m = {7} (7 + 8)), 7 (s (73 + 0)) 7

ns
Ay

o1(nA® /A" 4+ 1)
oa(nA® /A 41y =7, Yn>0,r=0,...,

Vn > 0,7 =0,...,A%/A™

AnS/AOff,

:7"’

O<a1,a2 < 17

and s and s are the initial state values for A}’ and A,

respectlvely. Here, the total expected reward achieved by the
offloading and network selection level MDPs will act as a single-
step reward for a service placement MDP.

Selecting different actions can result in different policy func-
tions, where the aim is to find an optimal policy that corresponds
to the minimum delay and energy cost during vehicular task
processing. For every policy m, a value function V;(s(7;)),
corresponding to a state s(7;) can be defined for analyzing its
performance. In general, V. (s(7;)) corresponds to an expected
value of a discounted sum of total reward received by following
the policy 7 from state s(7;), and can be defined as (19). The op-
timal policy 7m* corresponding to the value function V' is defined
using the Bellman equation as in (20), shown at the bottom of

the page. Here, P( o Qﬂ)( ol (s0f)), Pl oy (M (), and

P(Sgp 5 (ai) model the environment dynamics based upon the

state transition probabilities. In addition, R°T is the mean value
of the immediate reward r°ff defined in (18).

Due to the intricate and ever-changing nature of the vehicular
scenario under consideration, it is challenging to accurately de-
termine the environmental dynamics. In light of this, we employ
a model-free RL approach to solve the multi-time-scale MDP
model and identify the optimal policies. Q-learning, among
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various other model-free strategies, has been extensively inves-
tigated for its ability to determine the optimal 7* in unfamiliar
environments. The Q-learning strategy is based on a state-action
function, i.e., the Q-function, defined as,

Q™(s,a') = R(s',a) + 7 Pos(a)V"(3)
3eS
representing a discounted cumulative reward from state s’ when
action d is taken before following the policy 7. The optimal Q
value can be represented as

Q" (s,0) = R(s',a) + 7Y Pus(a)V™ (3)
3eS
where V™ (3) = minge4 Q™ (s, a). The Q values can be esti-
mated through a recursive approach, where

Quaro) =Qus ) - (14 mpx Qi) Q)

and € is a learning rate. The Q function can be estimated using
a neural network-based function approximation technique with
Q(s',d';0) = Q(s',d’), where 6 represents the weights of the
neural network. Through the training process, the values of 6
can be adjusted to reduce the mean square error values.

In the Deep Q Network (DQN) based approach, two networks
(i.e., primary and target Q networks) are considered for a reliable
estimation of Q functions over different time scales. The primary
network estimates the real/primary Q-value while the target Q-
values are estimated through the target network. The RL agent
uses the backpropagation and gradient descent processes with
mean square error (MSE)-based loss function for reducing the
gap between the primary and the target Q-values where the loss
function is defined as:

L(0) =E

2
(r—k’ymgx@t(s',d,H’)—Q(x,a,@)) ] 21

where the primary values Q(z, a, ) are based on primary net-
work parameters 6, and r + v max; Q+(s', a, 6') is the target Q
value based upon the target network parameters ¢’

R (DAY, aif (AY), sy w5 )
(72P+Asp7Ans) (Ti"s—‘,-A"SfAOff) .
ns off ns 5 (19 . . N
—EDES Y ol S el TR () (s (), P (), aR () (),
we 08 — 5P off —ns

i 'k J

7_l_off (S?ff(T](v)H), Sfrlrsz (Tps) ’ﬂ,ns (Sl;; (Tps) SSP(TZP)

19)
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V(s?ffv S?ﬁu 82))77* =
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ff il
71'? enoli
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The Deep Q-learning method for solving the multi-time-scale
MDP model to determine the optimal service placements, net-
work selection, and offloading policies is illustrated in Fig. 3.
The problem is tackled using three different DQN architectures,
each designed for a specific time scale. In the case of service
placement, the DQN architectures consist of a prirnary network
and a target network, each having K* layers with n neurons.
Here, k ranges from 1 to K*. Similarly, for each scenar10 kg,
we consider network selection and computation offloading DQN
with K7* and K" layers, and neurons n, and n"ff Here, k

ranges frorn l1to K g for network selectron and frorn 1to Kgff
for computation offloading. Additionally, we consider replay
memories with sizes DP, Z)gs, and Z)gff to store the agents’ past
experiences.

At first, the primary network associated with the service
placement problem detects the current state of the vehicular
environment. Decisions about service placement are updated
periodically, with a time scale denoted 7;". These updates are
based on a proper action determined by the Epsilon Greedy
Policy (EGP), which is controlled by the parameter e*. The
state-action pair (su (7,7),ay (7;7)) is then transmitted to the
other two DQNSs. The primary network of a second DQN detects
the current state of the environment and uses EGP with parameter

ey on each A™ interval to update the network selection deci-
srons The state-action pairs (si°(7%), a% (7)) are then sent
to the offloading DQN for further processing. The decisions
regarding offloading are determined by the current dynamics of
the environment, which are influenced by a; (7;7), a2 (71*), and
the EGP strategies with parameter e°™9 over A° intervals. Ad-
ditionally, the system receives an instantaneous reward, which,
along with other entities such as the current state, action, and
next state, is stored in the replay buffer. The cumulative reward
of the offloading process is then backpropagated to the network
selection and service placement DQNs, considering multiple
offloading decisions.

Algorithm 1 details the DQN process for the multi-time-
scale service placement, network selection, and computation
offloading problem. The process begins with the definition and
initialization of primary and target networks for the tasks under
consideration (Line 1-2). After that, the training process iterates
over N training iterations, where in each iteration DQN models
are updated (Line 3-33). In each training iteration, an initially
random set of states is selected (Line 5). Next, throughout several
epochs, denoted as Isp, the model undergoes training using
a gradient descent method. This involves adjusting the weight
values to minimize the loss function, which is dependent on the
target and primary Q values. During each training epoch, the
action a™ is chosen using the EGP method with a probability of
e. This action is then applied to the service placement network
to generate the next state (Line 13-14). Since the reward is
dependent on the performance of moderate and small time scale
MDPs, the MDP models for network selection and offloading
processes corresponding to different scenarios are trained in a
similar manner over the I, and ¢ epochs, respectively.

The DQN Function, as described in Algorithm 2, represents
the core training process utilized by the DQN networks. This
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Algorithm 1: Multi-Time Scale Deep Q-Learning.

Input: AP, A™, AT SP 8™ S 7 A™ AN S,V R,

U, h,N,
I§p7In§7I0ff7Z G esp 69760“7-@5[)7-@;57-@09“7
5P Er;’ Efo, 5P 7’Yg 76off

Output: w? ', {wh™, p’Off Vg € K}

1: Initialize wP-*P {wg’"S Vg € K}, {wh™ Vg € K}
2:  Duplicate pollcy networks to Target Networks,

N i.e.il11)T"Sp T wp’s;’\l[{(;ug’m = wP"™}, {wg’Off = wPof}
: forallep = 0
4:  Select Random sy, {s', }, {sg"
50 ST sy s sl SO s‘éﬂg,Vg}, =0
6: while ig, # 7, do
7: isp = isp + 1
8: Select action a*? € AP with probability e*P
9: Determine next state (syby)
10: forallg=1,...,Gdo
11: while i,,; # I;;s do
12: ins = ins + 1
13: Select action a™ € A™ with probability eg®
14: Determine next state (sps,,
15: while Loff 75 Togr dO‘ )
16: Select a° € A°T with probability e"ﬁ
17: Find next state s"ffN and reward R"ff
18: Store z)off ( otF off Roft off )
. I neW
19: wp ,off UJT LJoff
: g Wy =
Toff . =
DQN(DYT, ke, wh ™" wg " dogr, 7, €9, 49
20: off — Soff new
21: end while
22: Use wp 1o generate feedback, ie,
ns ns off
Reward Signal R™ = 5 Oﬁtﬁns -8 R (7 Off)
23; Store DI < (s, a™, R, s,
T ns
24: wg m,w_q = ,
DQN(DE, k, wh™, wy ™ ing, 3, €%, 71%)
25 SﬂS — SHS,HCW
26: end while
27: end for
28: Use wh™ to generate feedback,
ie, Reward Signal
P+Asp ADS
RY = &S5 S R
29: Store DP < (s, aP, RSp si‘éw)
30: wPsP TP =
DQN(D®, k, w? P, w!™P g, i, P, 4*P)
31: §%P ¢ gSPnew
32: end while
33:  end for
34:  return w?, {wh™, Wb Vg € K}

process entails randomly selecting a batch of k& samples from
the memory buffer D (Line 2), determining the value of the loss
function based on the network’s performance (Line 3—4) using
discount factors (y*F, vy 'ygff ), learning rates (€', €5’ Off) and
gradient descent updates (Line 5), and updating the target net-
work state after a certain number of epochs, denoted as 7.
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Algorithm 2: DQN Function.
Input: D, k, w?, w’,i,1i,¢€,7
Output: {w?, w’'}

: function DQN(D, k, w?, w”,4,1,€,7)
Select Random batch of of k samples from D
Preprocess and pass the batch to w?
Find Loss between primary and Target Q values using
ey

5:  With gradient descent step update w”

6: Update w” if rem(i,i) = 0

7: end function

8: return {w?, wT'}

b

The computation complexity for the basic DQN architecture
can be defined as O(S - A - T) with S, A, being dimensions of
state and action spaces and J being training epoch performed
per iteration [1]. Therefore, for a considered multi-time scale
approach, the computation complexity is given by O(S, - Ay
I,) with S, =8PUJS;U SOff as a union of state spaces for
the particular gth scenario. Slmﬂarly, Ay = AP YA J A"
is the dimension of action space and 1, = I, + Ing + Log. It
should be noted that with the definition of multiple vehicular
scenarios, the overall state space for the network selection and
offloading processes can be reduced significantly, and with that,
through the paralization approach the complexity can be limited.

V. NUMERICAL RESULTS

The proposed DQN-based multi-time scale MDP methods
are simulated over a Python-based simulator for analyzing the
performance. In order to have a proper assessment of the perfor-
mance of the proposed solution, we resorted to the definition of
some benchmarks. Given the unique nature of the scenario being
discussed, to the best of our understanding, there is no existing
algorithm from the literature that can be deemed suitable for
this situation. For this reason, we consider one static approach
and three partial approaches, where, in turn, one of the three
parameters to be optimized is randomly chosen. To this aim, the
following benchmark solutions are considered for comparison
purposes:

a) Static Approach (SA): In this case, the services are ran-

domly placed and their placement is fixed over time.
The network selection operation is based on a minimum
distance approach, where VTs select the nearest EN to
offload their complete task.

b) MDP (Network Selection and Offloading) with Static Ser-
vice Placements (MDP-SSP): In this approach, the service
placement is performed randomly and is fixed over time.
On the other hand, the network selection and offloading
decisions are made through MDP with different time
scales. This approach allows us to measure the impact
of dynamic service placements over time.

¢) MDP (Service Placement and Offloading) with Random
Network Selection (MDP-RS): In this approach, each VT
randomly selects the ENs while service placement and
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TABLE II
SIMULATION PARAMETERS
HAP Coverage (R;,) | 2km
UAV Coverage (Ry,,p) | 100m
RSU Coverage ((Ry,»)) | 50m
VT Computation Cap. (¢y m - fu.m) | 2 GFLOPS
RSU Computation Cap. (L, - ¢rn - fr,n) | 10 GFLOPS
UAV Computation Cap. (Lu,p - Cu,p * fu.p) | 10 GFLOPS
HAP Computation Cap. (Ly, - cp - fn) | 30 GFLOPS
TAD Altitude (hj,) | 10km
UAV Altitude (h,,,) | 1km
HAP Bandwidth (By,) | 250MHz
UAV Bandwidth (B,,,) | 75MHz
RSU Bandwidth (B, ,) | 25MHz
VT Speed Range (Vmin, Vmax). | (8m/s, 14m/s)
VT Power (Pe., . Pty . Pry,) | (11,15, 13) W

offloading decisions are made using the MDP approach
with multiple time scales. This allows us to evaluate the
performance of network selection operations performed
by VTs over time.

d) MDP (Service Placement and Network Selection) with
Full Offloading (MDP-FO): In this approach, service
placement and network selection operations are performed
through the MDP model with different time scales. Each
VT performs the full offloading towards the selected EN.

Simulation is performed considering an IoV scenario with
varying numbers of VTs between 200 and 2000 and three
edge layers (i.e., RSUs, UAVs, and HAP) are considered. We
have considered N = 50 RSUs, P = 30 UAVs, and one HAP
node to serve VTs with S = 5 different services. Furthermore,
3711 =3,Vn, 3}2, = 2,Vp, and :S'i = 5 represent the limit on the
number of services provided by different edge facilities. The
generic mth VT generates a task request p,,, with probabil-
ity p, = 0.1, having parameters D, = 5MB, D] = 1MB,
Q,, =10%-D, ,andT, = 2s.Theservice demand is based
on the Zipf distribution Wlth parameter 3 = 0.8. Also, the VT
speed is defined as in (1), where ;= 10 and o = 3. Also,
¢ = 0.1, = 0.5,and y2 = 0.5 are considered during the prob-
lem formulation. The vehicular density parameters, M; = 500
and M, = 1200, are considered in the scenario definition. For
DQN simulation, primary and target networks with layers P =
5, K = K = 3, are considered with learning parameters

e? =0.7, e“* = 9 = 0.65, D = 4000, D = DY = 2000,
P =€l =€l = 0 05, YP = = el = 0 98. In addition,
the learning process includes N = 50 Wlth I = Ing = Lot =
103 and 7 = 50. The other important system model parameters
are provided in Table II.

1) Joint Cost Analysis with Varying Vehicular Density: In
this work, our aim is to minimize the joint cost function of
latency, energy and additional penalty values for service place-
ment. In Fig. 4, we present the average cost values for different
approaches with varying numbers of VTs. The overall cost
required for the SA approach is significantly higher compared
to the other approaches, since all three decisions are made
using a heuristic approach. On the other hand, the other three
MDP approaches (MDP-FO/RS/SSP) optimize the decisions for
two MDPs while using the static approach for the remaining
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one. However, such methods can reduce the overall cost re-
quirements, resulting in suboptimal solutions. This highlights
the importance of performing multi-time-scale optimization for
service placement, network selection, and offloading processes
together. Indeed, the cost required for the proposed MDP-MT
approach improves overall performance.

2) Number of Handover Required: In addition to the general
reduction of costs, the reliability of the solutions may be an
important criterion to analyze the performance. With this, in
Fig. 5, we present the overall handover requirements in terms of
sojourn time constraint failure during the offloading process. The
SA approach with static service placement, minimum distance-
based network selection, and complete offloading requires a
large number of handovers. Although the MDP-FO approach
performs the dynamic service placement and network selection
operations, with full offloading, it suffers with higher number
of failures. Similarly, the MDP-RS approach suffers due to
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imperfect node selection through random allocations. The MDP-
SSP approach can reduce the number of failures with proper
network selection and offloading; however, due to static service
placement, the process still suffers with handover demands.
The proposed MDP-MT approach can have the potential to
provide a reliable solution with joint optimization and can be
a useful solution for vehicular scenarios with higher reliability
requirements.

3) Number of Failures in terms of Service Latency: Another
way to measure the reliability of the proposed solutions is by
assessing the demand for service latency. In Fig. 6, we present
the amount of service latency constraint failures for different
solutions. Similarly to the previous solutions, the SA approach
with static decisions suffers from several failures. On the other
hand, the proposed MDP-MT solutions can reduce service
latency failures through dynamic service placements, proper
network selections, and offloading decisions. The other MDP
solutions can reduce the overall number of failures compared
to the SA method; however, their performance is suboptimal.
With reduced flexibility in the offloading process (i.e., full of-
floading in MDP-FO or random network selection in MDP-RA)
both of these methods suffer with more failures compared to
the MDP-MT solutions. Additionally, the MDP-SSP approach
with static service placements has a higher number of failures.
This highlights the importance of dynamic service placement in
dynamic vehicular scenarios.

4) Joint Cost Analysis with Varying Task Size: In a dynamic
vehicular environment, different parameters can vary over time,
inducing additional complexities. VTs demand a proper solution
with reliable performance under different vehicular conditions.
In Fig. 7, we have analyzed the combined cost values for various
approaches with varying task sizes. The findings indicate that
as the task size increases, the SA incurs significantly higher
costs due to suboptimal service placements, network choices,
and offloading strategies. In contrast, the three MDP solutions
(MDP-FO/RS/SSP) demonstrate enhanced performance across
arange of task sizes compared to SA. However, the performance
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TABLE III
AVERAGE PERCENTAGE OF DATA OFFLOADING
#VNs || 200 | 400 | 600 | 800 | 1000 | 1200 | 1400 | 1600 | 1800 | 2000 |

MDP-MT 76 | 74| 73| .68 .66 .63 .59 .55 48 47
MDP-SSP || .78 | .79 | .78 | .73 72 .67 .65 .62 .58 .56
MDP-RS 65 | 59| 62| .56 .51 44 .39 .35 .32 .35
MDP-FO 1.0 1.0| 10| 1.0 1.0 1.0 1.0 1.0 1.0 1.0

is still limited, mainly due to the static policies adopted for
one MDP solution. On the other hand, the proposed MDP-
MT solution can have better performance compared to other
solutions. Furthermore, the performance gap between other solu-
tions and the MDP-MT approach improves with time, highlight-
ing the reliability of proposed solutions over increasing values
of computation tasks.

In the considered multi-time-scale approach it is important
to analyze the performance of the proposed solutions for the
decisions made on different time scales. In the following, we
analyze the performance of the computation offloading, network
selection, and service placement decisions made by MDP solu-
tions on different time scales.

5a) Performance in terms of Offloading Percentage: The
computation offloading decision where the amount of data to
be offloaded towards a selected EN is determined is based on
the state action data received from the MDPs of the upper layers
and the parameters of the local environment. Additionally, these
decisions are implemented on a faster time scale compared
to the other two decisions. It can be challenging to select the
appropriate amount of data to be offloaded to EN, especially in
dynamic vehicular environments. On the other hand, improper
offloading policies can induce higher latency and energy costs.

Table III presents the average percentage amount of data
offloaded by VTs towards the EC facilities. Different MDPs
can have different performance based on their decision-making
strategies. MDP-FO adapts the full offloading strategy resulting
in 100% offloading with reduced flexibility, while MDP-RS uses
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the random node selection strategy, resulting in suboptimal of-
floading decisions. Indeed, the overall percentage of offloading
is significantly reduced for the MDP-RS process, adding an
additional burden on local computing resources. Similarly, the
MDP-SSP approach characterized by static service placement
can suffer from suboptimal offloading decisions with reduced
flexibility in terms of node selection and offloading. The pro-
posed MDP-MT, with a hierarchical decision-making process,
can adapt to changing vehicular densities through dynamic
service placement, appropriate node, and adequate offloading
parameter selections.

5b) Performance in terms of EN Selection: Given the existence
of several EC layers comprising diverse nodes and a tailored
multi-time-scale strategy, it is crucial to evaluate the efficiency
concerning the utilization of edge resources across various ve-
hicular densities. For this, in Fig. 8, we present the simulation
results in terms of percentage number of VTs selecting differ-
ent edge layers with varying numbers of VTs. At first, with
a lower number of VTs on the road, VTs exploit RSUs and
UAV resources to perform their tasks. With increasing vehicular
density, the overall percentage of VTs selecting RSUs decreases,
while the number of VTs exploiting HAP resources increases.
It should be noted that these results can be strongly influenced
by the underneath system elements. For example, since we have
considered a single HAP node the overall percentage of VTs
exploiting the HAP resources is always low, while RSUs with
dense deployments can serve a large portion of VTs. Such trends
can be explained further with other deployment options.

5c) Performance in terms of Service Placements: In Fig. 9, the
performance of the service placement strategies under different
levels of vehicular densities is illustrated. Performance is evalu-
ated based on the average occurrence of service failures, which
signifies situations where VTs are unable to access the necessary
service from a chosen EN. The decisions related to service
placement and network selection underneath can influence the
average number of service failures observed. As illustrated in
Fig. 9, the MDP-MT solutions suggested, along with appropriate
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service placement and network selection strategies, can result in
reduced failures. In contrast, the use of static policies, such as SA
solutions, may lead to significantly increased failures. Moreover,
MDP solutions with inadequate decision-making may experi-
ence more service failures in comparison to MDP-MT. It is
worth mentioning that the MDP-FO solution, when combined
with appropriate network selection and service placement in a
static offloading policy, may result in more failures compared
to MDP-MT. This is primarily because the upper-level MDPs
receive suboptimal feedback from lower-level offloading agents
following a static policy. This underscores the significance
of collectively optimizing all three decision-making processes
across various time scales to enhance performance.

6) Training Performance over Learning Episodes: In
Fig. 10, the RL approach training process is depicted in various
training episodes. Specifically, training is evaluated based on
the average cost resulting from service placements, network
selection, and offloading choices. In addition, performance is
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compared with the SA solution to assess the convergence of the
RL methods. Over time, i.e., learning episodes, the effectiveness
of MDP solutions tends to improve, potentially resulting in
lower costs. Specifically, MDP-MT solutions, when coupled
with appropriate feedback from MDP agents, can effectively
decrease cost values. In contrast, the three MDP solutions (MDP-
FO/RS/SSP) with suboptimal feedback can gradually improve
performance in comparison to the SA solutions. Nevertheless,
they result in increased expenses in contrast to the MDP-MT
alternatives primarily because of the fixed selection made by
one of the MDP agents. It is important to note that the training
procedure can also be influenced by the specific hardware uti-
lized during the training phase. The suggested approaches rely
on a standard computer system that features the Intel Core i5
processor. The efficacy can be further evaluated on powerful
processing units, such as Tensor Processing Units, which is not
within the scope of this study.

VI. CONCLUSION

In this work, we have proposed a multi-time-scale MDP ap-
proach to solve the problem of joint service placement, network
selection, and computation offloading over dynamic vehicular
scenarios enabled by multiple EC platforms. The proposed
approach can model the decision-making process on different
time scales based on the network and user requirements. The
optimization problem is formed to jointly minimize latency,
energy and service placement costs in different vehicular sce-
narios. Advanced DQN-based solutions are considered to solve
complex MDP in finding optimal policies that reduce overall
cost with improved reliability. The numerical results acquired
through a Python-based simulator show several advantages over
traditional benchmark solutions. With the complex nature of a
considered joint optimization process and the proposed multi-
time scale MDP, to avoid excessive discussions, in this work, we
have resorted to the basic DQN approach. Inrecent years, several
new advanced forms of DRL algorithms have been proposed
with additional benefits. In the future, our aim is to extend
the proposed framework to accommodate such advanced DRL
solutions with improved efficiency and reduced training costs.
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