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Abstract—The growing development of computation-intensive
applications has considerably increased the demand for computing
resources in the network. Many of these applications require com-
putations with low delays. Edge computing, which offers computing
resources at the edge of the network, is a prominent solution.
However, an edge service provider might not have sufficient re-
sources at the edge to satisfy the demands of its users. Compu-
tation offloading can fill the gap by letting the service provider
transfer the users’ computational tasks to other computation nodes
(CNs). Nevertheless, due to the imposed costs, CNs are not always
interested in sharing their computation capacity. This article con-
siders the concept of a virtual edge service provider, and studies
an incentive mechanism to motivate the CNs to share their re-
sources. We formulate the problem as a Stackelberg game and
present a complete information analysis. We prove the existence
and uniqueness of the game equilibriums. However, the complete
information scenario is not accessible in practice due to privacy
reasons. Therefore, we propose a soft actor-critic algorithm as an
incomplete information method using deep reinforcement learning.
Finally, through extensive numerical evaluations, we show that the
incomplete information method converges to the same equilibrium
that the complete information analysis proved.
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I. INTRODUCTION

HE evolution of computation-intensive applications such
T as smart city, online gaming, e-health, and virtual/
augmented reality (VR/AR) with low delay requirements [1],
[2], [3] has created significant challenges for users and IoT
devices with limited computation resources. A potential solution
for this problem is using computing services offered by different
entities. Compared to traditional cloud computing services, the
emerging edge computing paradigm makes low-delay compu-
tations also possible. Therefore, edge computing has become a
popular and feasible solution for executing the computational
tasks of these applications.

An edge service provider is an entity that offers central-
ized cloud-based computing services and delivers low-delay
computations at the edge. However, providing computational
resources at different locations of a large network to provide
reliable and high-quality computations at the edge is too complex
and actually impossible. A practical and interesting approach
to tackle the issue is to employ the computational resources of
other computation nodes (CNs) available in the network and thus
move toward the realization of a virtual edge service provider.
A CN might be any entity with unused computational resources
that, depending on its location, can serve tasks of some users
with their target delays. Therefore, an edge service provider
can offload the computational tasks of its users to CNs by
making economic contracts and incentivizing them. Incentive
mechanisms are attractive procedures to motivate the CNs at the
edge of the network to increase their cooperation and overcome
the challenges mentioned above [4], [5].

The computation offloading process includes nodes with di-
verse internal factors that result in different utility functions.
Each node in the network is a rational decision-maker who
takes action based on its unique utility function and interde-
pendence caused by the other nodes. The game theory, which
is a widely-used mathematical tool for the analysis of inter-
active decision-making problems, has been recently applied to
computation offloading [6], [7]. However, these methods have
difficulties handling the solutions in large-scale environments
and finding solutions based on incomplete information. On the
other hand, the network size increases, given the growth of
IoT applications, and information sharing decreases based on
privacy constraints. To overcome these challenges, the authors
in [8] employ the Bayesian Stackelberg game, and [9], [10] have
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designed two diverse solutions for incomplete information using
deep reinforcement learning named proximal policy optimiza-
tion (PPO) [11].

Model-free deep reinforcement learning is a combination
of reinforcement learning (RL) and function approximations,
such as neural networks, applied to a wide range of decision-
making tasks. However, they suffer from critical issues: the high
sample complexity and sensitivity to the hyperparameters. One
of the significant reasons for the lower sample efficiency is
on-policy learning methods, i.e., PPO [11], trust region policy
optimization (TRPO) [12], and synchronous advantage actor-
critic (A2C) [13]. On-policy employs the newly collected sam-
ples for each gradient step; nonetheless, off-policy reuses past
experiences and indicates higher sample efficiency. Off-policy
methods are difficult to use due to hyperparameters sensitivity,
i.e., deep deterministic policy gradient (DDPG) [14]. In [15], an
off-policy method is proposed, which is called soft actor-critic
(SAC). It maximizes the entropy besides the expected reward
and outperforms prior methods. This structure is very stable
and reduces sensitivity to hyperparameters. In [16], the authors
use SAC to learn the optimal bidding strategy under incomplete
information assumptions. However, SAC has not been applied
for motivation processes in computation offloading to the best
of our knowledge.

This article designs a procedure based on game theory and
deep reinforcement learning to overcome the mentioned chal-
lenges by moving toward the realization of a virtual edge service
provider. We present an offloading structure, including a service
provider, a set of users, and various computation nodes, where
the service provider incentivizes the CNs to share their resources.
Users are the task owners who subscribe to the service provider
to get computation resources. We use the Stackelberg game
to formulate the problem that matches the two-layer structure
of the model. We analyze the uniqueness and existence of the
Nash equilibrium for the CNs and the Stackelberg equilibrium
for the entire game, considering complete information. Due to
incomplete information constraints, we formulate this system
model as a Markov decision process (MDP). We then propose a
decentralized non-cooperative multi-agent SAC-based training
algorithm for the CNs and the service provider to overcome
continuous action spaces and stability. To summarize, the main
contributions of this article can be listed below:

e We present a distributed computing system that includes

a multi-objective service provider capable of considering
both internal profit maximization and total energy con-
sumption minimization, making it a green computation-
aware entity in the network. This entity considers the users’
task deadline as a reliable service provider.

¢ Toincrease the network’s total computation capacity under

the service provider’s management, we introduce a bonus
based on the maximum CPU frequency of the CNs to
increase the contribution of the larger resources.

® To make the problem tractable, we propose a two-layer

incentive mechanism for computation offloading led by a
service provider paying a specified amount of money to all
the CNss to manage their cooperation.

e We formulate the incentive mechanism as a Stackelberg

game. Furthermore, provide detailed proof of the existence
and uniqueness of the Nash and Stackelberg equilibriums

analytically under the complete information scenario to
provide a completely accurate comparison with the incom-
plete information scenario solution.

® We propose an algorithm based on a deep reinforcement

learning method named SAC to solve the problem under
an incomplete information scenario. This algorithm shows
better stability and lower dependence on hyperparameters
than PPO, DDPG, and A2C and outperforms them in
continuous action spaces.

The organization of the rest of the article is as follows.
Section II explains the related works. In Section III, we present
our system model. Then, in Section IV, we formulate our system
model. In the first subsection of Section V, we discuss the Stack-
elberg equilibrium with information sharing assumption. In the
second subsection, we propose a DRL-based training algorithm
for an incomplete information environment. Section VI provides
the results of the simulations for the proposed algorithms.

II. RELATED WORKS

This section aims to include the related papers on computa-
tion offloading using incentive mechanisms and reinforcement
learning. In the end, we have some documents using SAC to
solve different problems with the highest capable accuracies to
have a big picture of the previous related works in the methods
contained in this article.

A. Incentive Mechanism in Computation Offloading

Data offloading incentive mechanisms have received attention
recently [17], [18], [19], [20], [21], [22]. In [17], authors propose
a three-stage Stackelberg game and aim to maximize the mobile
network operator’s profit and present an iterative algorithm for
incomplete information to obtain the equilibrium. [18] proposes
a congestion-aware scheduling scheme for cellular offloading,
then offers a congestion-aware network selection algorithm and
devises a contract-based incentive mechanism to maximize op-
erator profit. In [19], authors propose an incentive mechanism
to motivate users to leverage their delay tolerance for cellular
offloading, and they investigate the trade off between the amount
of traffic being offloaded and the users’ satisfaction. [20] inves-
tigates the mobile data offloading problem through a third-party
WiFi access point for a cellular mobile system and formulates
the mobile data offloading problem as a utility maximization
problem. In [21], authors consider the privacy and competition
among the providers and propose a reinforcement learning tech-
nique to design an incentive mechanism for multiple providers
and multiple IoT devices. In [22], an incentive system is used
to encourage selfish users to use the higher-level fog computing
layer based on their delay tolerance and available computing
power. A multi-dimensional contract theory model is adopted to
address the diverse needs of users with various applications and
unique characteristics. The edge server determines rewards for
users’ efforts under this model.

B. Reinforcement Learning in Computation Offloading

A large number of previous works used deep reinforcement
learning methods in solving task offloading problems [23], [24],
[25], [26]. In [23], authors investigate a significant computation
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offloading scheduling problem in a typical vehicular edge com-
puting scenario and design a PPO-based DRL algorithm to solve
the problem. [24] proposes a multi-agent deep reinforcement
learning framework to achieve long-term performance for coop-
erative computation offloading, and agents explore the environ-
ment collaboratively for fast convergence and robustness. [25]
considers multi-user edge-assisted video analytic task offloading
problem, where users have video analytic tasks with various
accuracy requirements, and proposes an A2C-based algorithm
for the problem. In [26], a speed-aware and customized scheme
are proposed to minimize total service latency for mobile users,
and A2C is used to choose the task execution computation node
dynamically. We note that computation offloading generally
faces challenges in terms of communication latency, resource
constraints, and privacy and security risks [27], [28]. However,
the dynamic nature of edge environments and device hetero-
geneity further complicate the implementation of reinforcement
learning models on these devices [29]. These challenges must
be addressed to achieve optimal performance and reliability in
edge computing.

C. SAC in Prior Works

Many papers used SAC proposed in [15] in diverse areas. [30]
uses SAC to solve a novel live video transcoding and streaming
scheme that maximizes the video bitrate and decreases time
delays and bitrate variations in vehicle fog computing-enabled
internet of vehicles. In [31], they propose a task offloading
scheme in the context of vehicular fog computing, where ve-
hicles are incentivized to share their idle computing resource
by dynamic pricing, and propose a SAC-based algorithm to
solve the problem. [32] investigates the issues of cooperative
computation offloading for MEC in the 6G era. The proposed
MEC system enables edge-cloud and edge-edge cooperation to
address the limitations of single edge servers and the nonuniform
distribution of computation task arrivals among multiple ESs.
They propose centralized and decentralized SAC algorithms for
intelligent computation offloading.

Considering the overviewed works, we propose our article
as a combination of the solutions employed in these papers.
We propose a computation offloading system model for incen-
tivizing the servers and a mathematical model that uses game
theory methods. We prove the existence and uniqueness of the
Nash equilibriums. To make the problem applicable to real
problems, we present an incomplete information method using
SAC to overcome the difficulties because of the lack of pieces
of information.

III. SYSTEM MODEL

We consider a scenario in which | M| users denoted by M =
{1,2,...,| M|} submit their computational requests to a service
provider. The service provider, which has no computational
resources on its own, makes a contract with an available set
of computation nodes (CNs) stated as S = {1,2,...,|S|}. As
depicted in Fig. 1, the CNs include servers, fog nodes, edge
nodes, and any other computation-capable devices with unused
computational resources and tend to share them to earn money.
The computational request of the mth user is composed of its task
size, i.e., the number of required CPU clocks for the computation

oY=
iN=E O,

Users with computation offloading tasks

‘ Service Provider ‘

CNs

< i
tl 1
Fog node D |

D2D connection

Cloud servers Edge node

Fig. 1. Follower Leader based structure for Incentive Mechanism.

and deadline in seconds denoted by f3,,, and 7,,, respectively. We
assume that the service provider pays a total of p units of money
to the CNs based on their contributions to tasks’ computations.
Each CN would like to maximize its revenue which is a portion
of p. This proportion is paid by the service provider to each CN,
defined as the bonus based on their full contribution capability.

The shared processing power of CNs for computing the of-
floaded tasks is equal to f, in clocks per second. We note that
clock speed refers to the number of pulses per second generated
by an oscillator that sets the tempo for the processor. A higher
number of pulses per second results in faster processing. The
cost of computation with frequency f, is denoted by p5* per
clock per second. This cost includes the energy consumption
price, maintenance, and other computation costs for the sth CN.
Their bonus is calculated based on their maximum contribution
capacity defined as f"**. Consequently, they maximize the
utility and would not contribute if they get insufficient money to
have positive utility. Ultimately, the key notations used in system
model are summarized in Table I.

We suppose that a user’s task can be divided into several
smaller disjoint tasks to be computed by different CNs [40], [41].
The service provider is assumed to be aware of the users’ task
sizes and deadlines and is responsible for incentivizing the
computation nodes. The offloading process is also assumed to
be done directly between the computation nodes and the users
without involving the leader. This design ensures that the leader
does not have access to the offloaded data and, therefore, cannot
compromise the users’ privacy. In the considered scenario, the
service provider aims to maximize its profit while minimiz-
ing the CNs’ total energy consumption. The goal of internal
profit maximization is to enable the service provider to generate
enough revenue to compensate for its internal costs and achieve a
satisfactory level of profitability, as the CNs intend to make the
maximum possible revenue for computing the offloaded tasks
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TABLE I
SUMMARY OF KEY NOTATIONS

Notation
M= {1,2, ., | M}

Description

Set of the users

S={1,2,...,|S|} Set of the CNs
p Total money paid to all of the CNs
Bm Task size of the user m in clocks
Tm Deadline of the user m in seconds
ps"? Computation price per clock/second
fs Computation of CN in clocks/second
maw Max computation capacity in clocks/second
n Scaling factor
K Energy consumption capacitance coefficient

The profit proportion of the leader

to them. Additionally, minimizing total energy consumption is
very crucial for decreasing the system’s environmental impact
and lowering operating costs. Considering the above objective,
the task requirements of the users, including computations and
deadlines, should be met. The following section presents a
detailed mathematical formulation for this scenario.

We can consider two scenarios for the system model, includ-
ing complete and incomplete information. Under complete in-
formation assumptions, the CNs are aware of all the parameters
of each other, and the leader is mindful of their decisions; on
the other hand, in incomplete information conditions that are
realistic compared to the previous one, the CNs and leader are not
aware of the internal parameters of other CNs. The incomplete
information assumption exists because of the servers’ privacy
and competition with other network nodes.

IV. PROBLEM FORMULATION

This section presents a mathematical formulation for the
system model. The problem has two stages. The first stage
includes the service provider’s payment to the CNs, and the
second stage is the CNs’ turn to determine their contribution
value. We formulate such a problem as a Stackelberg game
where the service provider and CNs correspond to the leader
and followers, respectively. CNs always take action following
the action of the service provider.

A Stackelberg game is a two-stage game consisting of two
types of players named leaders and followers. The main property
of this game is that some of the players (i.e., the leaders) first
perform their actions, followed by the action of the remaining
players (i.e., followers). This Stackelberg game is to maximize
the benefit of the leader, given that the followers also maximize
their benefits [33]. Any interaction with the above property
between several entities can be modeled and studied as a Stack-
elberg game. In the following, we adopt the backward induction
method to introduce the Stackelberg game formulation.

A. The Followers Problem

Followers are the computation-capable devices in the net-
work, such as edge nodes, fog nodes, and D2D devices denoted
by set S. They can share their computation capacity with other
users for computation offloading. However, there are many costs
involved, such as energy consumption and maintenance costs,

that we can motivate them to participate by paying them all
the costs plus some additional incentive. CNs share a specific
amount of their computation capacity fs and receive two dif-
ferent proportions of p based on the shared value. The first
part of the earned money is based on the contribution value
of the CN compared to all CNs’ contributions, and the second
part is the bonus that depends on two factors, f; compared to
> wes for and f** compared to ) ¢ fi"**. Dependence on
these factors ensures that the bonus will not be paid to the users
with a zero contribution and increases their bonus based on
their maximum contribution capability compared to other CNs’
maximum contribution capacity. The bonus motivates the CNs
to increase their shareable computation capacity and improves
the leader’s reliability. The leader is responsible for assuring the
QoS, and a higher computation capacity increases its reliability.
Because of sharing f, CNs will be charged a computation fee
as the cost of their computation process. Consequently, there is
a cost based on the shared CPU frequency, reduced from the
money gained. We formulate a utility function for each of the
followers as below:

Us(fsyffs) - (1 + US)G(fsaffsap) - Pgmp S (1)

where G(-,-,-) denotes the contribution evaluation function,
which s a function of fs, f_g, and p. A CN earns the total amount
of contribution evaluation value and a proportion of that as a

max

bonus. We define the bonus factor as v, that equals = E

2eS faysnax

based on the CNs’ maximum contribution capacity. The idea
behind employing the bonus is that CNs with more available
computation capacity is given more rewards to motivate them to
contribute their resources to the system. This approach is based
on the belief that CNs with greater resources will be able to
contribute more to the system and should, therefore, be rewarded
more. GG assesses the contribution level of each CN compared
to all other CNs and then assigns a certain amount of money to
the CN based on the evaluation. Due to the effect of diminishing
return, it is considered to be a continuous and quasi-concave
function that satisfies the following constraints,

G(fszo,fis7p):()7 (2)
IG(fs, f-s:p)
T > 0, 3)
82G(f8,f,s,p)
a—ff < 0. (@)

Without loss of generality, the contribution evaluation func-
tion is defined as:

G(f87f—87p) = pfs

ZzeS fff .

Considering (5), the contribution evaluation function for each
CN is a ratio in which f; is divided by the sum of other CNs’
shared processing power, which is positive and smaller than one;
therefore, its multiplication with p results in a proportion of total
money for that CN. Furthermore, the followers aim to maximize
their utility as below:

&)

H}ax Us(fsvffs) (6a)

L0 < fy < pmex (6b)
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In this formulation, (6b) defines the shared computation power
bound for each CN, which should be positive and smaller than
the maximum capacity of each CN.

B. The Leader Problem

The leader aims to jointly maximize the utility and minimize
the CNs’ total energy consumption. The utility is the subtraction
of the money paid to CNs denoted by W p and money achieved
from the users indicated by W pp. Variable 1 is a constant value
defined as a characteristic of the leader from the users’ point of
view that defines the profit percentage of the leader for leading
the process and ensuring QoS quality to the users. The utility is
defined as

2

Ui(p) = pW (1 — 1) = k1) <Z Bz> Sk (7)
rzeM yeS
in which W is expressed as follows:

(ZIGS fL)(EmGS fénax) .

Also in (7), n is employed to have the same scale of the numbers
in both parts of the utility function, and « is a constant related to
the hardware architecture [34]. We note that from an economical
perspective, it is a widespread and valid assumption to consider
the revenue of an agent to be proportional to its obtained money
or payment [35]. Accordingly, we define the utility of the leader
to be proportional to Wp(u — 1). Considering the total energy
consumption of CNs makes this multi-objective utility function
energy aware and, besides personal economic profit, considers
the social effect of incentivization. Therefore, the leader aims to
solve the following optimization problem:

mgx Ui(p) (9a)
sty fa= Y % (9b)

zeS yeM v
> 0. (%)

The constraint in (9b) is used to ensure that the amount of com-
putation capacity (CPU frequencies) is more than the required
amount. In this constraint, we assume that the task can be divided
into subtasks.

V. STACKELBERG EQUILIBRIUM ANALYSIS

Our problem consists of a service provider as a leader and
CNss as followers. The CNs play a non-cooperative game given
the strategy of the service provider, in which the outcome of
this game is the Nash equilibrium. The CNs, as the followers,
also play a Stackelberg game with the service provider as
the leader, in which the outcome of this game is the Stackel-
berg equilibrium. Nash and Stackelberg equilibriums are both
concepts that describe the behavior of multiple players in a
game or decision-making scenario. In a Nash equilibrium, all
players make their decisions simultaneously. In contrast, in a
Stackelberg equilibrium, one player makes their decision first,
and the other players observe this decision and make their own
decisions based on it. Considering the two-layer structure of our

problem and sequential decision-making setting, we formulate
our system model as a hierarchical Nash-Stackelberg game. We
know that the CNs and the leader are not thoroughly aware of
all parameters of other players, and the incomplete information
scenario must be considered due to communications and privacy
reasons. In this regard, we first analyze the complete information
case. Then, to consider the practical limitations, we formulate
and analyze an incomplete information scenario. Finally, by
employing the uniqueness of the Nash equilibrium, we show that
our proposed incomplete information framework has the same
performance as the complete information case. We summarize
our Stackelberg game below:

Players : CNs as the followers S = {1, 2,...,|S|},
and service provider as the leader

Strategies : f; is the strategy of the CNs and p is
the strategy of the leader

Utilities : Us(fs, f—s) is the utility of the followers
and U;(p) is the utility of the leader

A. Complete Information

This section analyzes the Stackelberg game with complete
information in which the leader and followers are aware of the
utility functions and the individual parameters of each other for
determining the optimal strategies.

1) Existence Analysis: We first consider the analysis of the
existence of the equilibrium.

Definition 1 (Nash Equilibrium): An s-tuple of action vari-
ables f* = {f¥, f5,..., fr} constitutes Nash equilibrium (or,
non-cooperative equilibrium) (NE) if, for all s € S we have:

Us(f3: f25) 2 Us(fss f25), (10)

for any f, > 0.

We prove that there exists a unique Nash equilibrium for the
CNs with complete information. To this aim, we first consider
the follower’s utility and calculate the first derivative of their
utility:

oU, p(1+vy) p(1+vs) fs B

= - . (11)
8f8 Zmes fI (ZzES f$)2 )
and the second derivative is:
2 —2p(1 + v, rF#s J X
8fs (ZJL‘ES f’C)

It can be shown that the second-order derivative is negative, and
the utility of each one of the followers is a concave function.

Lemma 1: There exists a Nash Equilibrium for the followers.

Proof: The players have a finite strategy set, and their strate-
gies are bounded, closed, and concave. On the other hand, their
utilities are continuous and quasi-concave in that strategy set.
So, we can calculate the Nash equilibrium for the followers.
Based on these, theorem 1 in [36] proves that there exists an
equilibrium point for every concave n-person game. O

The results show that the utility is a concave function, and
there exists an optimum for any of the agents, which is:

1 S T#s J T
f;:\/p( +Upzmzp:¢ f _wa

TFES

(13)

Authorized licensed use limited to: KU Leuven Libraries. Downloaded on January 24,2024 at 15:11:35 UTC from IEEE Xplore. Restrictions apply.



CHERAGHINIA et al.: TOWARD A VIRTUAL EDGE SERVICE PROVIDER: ACTOR-CRITIC LEARNING TO INCENTIVIZE THE COMPUTATION NODES 29

Based on (13) and (6b), we can say that different p results in a
different outcome of f7. Therefore we can have:
cmp Zw#s f_L

Ps
07 P S (1+ws)

p;mp(zw#s fw_,'_f;nax)2
o= q 8 L (E=TIO D D

(14)

P(1+vszi%m;ts feo Zm;&s o, otherwise

The following corollary gives closed-form expressions for
optimal CPU frequency of computing nodes.

Corollary 1: We denote the subset of CNs that contributes to
the computation by the set G C S. The optimal CPU frequency
of any CN g € G could be obtained as:

cmp

-1 (9— D
==l (s)
Zyeg l-i-lvy ZyEg l-i-lvy

Proof: (15) shows that the CNs who share can be a set named
G=1{1,2,...,/G|}and G C S.For this set, we can find the Nash
Equilibrium following the previous results. First we can change

(13) as below:
T pcmp '

zeg g

(16)

We assume the change of the variable ), f;, = ®. The result
is:

P2 pCmP
STt =Y fo (a7
o) ag
If we sum both sides of the equation with all of f1, fa,..., fg,
we will have:
. <I>2pcmp
h=2- Péé—‘r}%)
_ _ Po
o= p(1+vz) (18)
.. ._ -
fo == s
Summing all the equations of (18) will result in:
H2 cmp
= gb— — Py (19)
g 1+,
Solving the (19) to find ® will have the below outcome:
(9-1)p
b= 7),] (20)

) Py
yeG 14v,

Substituting (20) in one of the expressions in (18) gives us the
Nash Equilibrium:

Py
* (g—1)p (9 — )l-i;vg
fg - szp (1 - pzmp ) (21)
Zyeg 1+, Zyeg T4v,
O

The f; is independent of other followers’ strategy and only
depends on their basic information, including the sum of py "
and f"*.

Remark 1: The Total required money from the leader to
incentivize the followers is bounded.

Proof: From (1), by summing the total earned money for all
the agents we have:

max

pry+pfy2mgif;“a* =p+p (Zwesfxf;nax)
= >wes fa (X res fo) Dpes [52)
(22)
We can derive that:
Q_F)Q_ ) = D fefi™ + YD fiff™. (23)
zesS zeS keS €S j#L
Therefore:

(Xses fz)(ZmeS fpe) =

and we can have:

Us(fss f=s) + pd™ fs < 2p. (25)

O

Based on this proof, we can clarify that the leader can pay
lower than 2p to all the CNs and ensure that this money is enough
to incentivize the CNs and will never tend to infinity or large
numbers.

2) Uniqueness Analysis: We next consider the analysis of the
uniqueness of the equilibrium.

Definition 2 (Diagonally strictly concave function [36]): A
weighted non-negative sum of the functions Us/( fs, f—s) foreach
non-negative vectors r and f that r; > 0 and f > 0, is defined
aso(f,r) =3 ,cgTafe. o(f,r) is diagonally strictly concave
function if for every m,n € f we have:

(m —n)Tg(n,r) + (n—m)Tg(m,r) >0.  (26)

In this equation, g( f, r) is defined as the pseudogradient of f,
which is:

. AUL() au, ()"
of1 Ofs '

Theorem 1: Followers have a unique Nash equilibrium.

Proof: Theorem 2 in [36] states that if o(f,r) is diagonally
strictly concave for an S-player game, then the Nash equilibrium
is unique. Based on the definition of g( f, ) and followers’ utility
functions, we have:

7"28[(;?(2']‘-),...,7"3

g(f,r) = (27)

P(1+’U1)Zl 1f1
s o
VGRS ) Uy A
g(f.r)= "7 ot~ 22 (28)
PU0) ani focmp
s s f)? | TsPs

Theorem 6 in [36] states that a sufficient condition that o ( f, )
is diagonally strictly concave for f and fixed » > 0 is that the
symmetric matrix [G(f,7) + G (f, )] be negative definite for
f. G(f,r) is the Jacobian matrix of the g(f,r). Based on this
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theorem, we will have:

i fo
G(f7 T) + GT(f7 T) ii = - 40(1 + Ui)TiL7
[ } l (erS fm)3
(29)
G(f.r)+GT(f.r)],. = = 2p(1 + vy)ri—0
[ ] ! (erS fT)S
(30)

These values clearly show that all the elements of the matrix
are negative. We assume thatr; = and simplify the notation

1+
as below, Q =3 s fo, Qi = Zz#z fur Qi =20 j fa-
Therefore, we have:
201 Qi Q1,5
—9p |Q21 2Q2 Q2,5
GUn+ G = |7 :
Qs,l Qs72 2QS
31

Since the matrix elements are positive, our criteria change
to prove that the matrix part is positive definite. In addition,
we will split the matrix into different matrices and use the
Minkowski determinant theorem [37] as if we have three positive
semidefinite matrices of A, B, and C, and thus we can write:

det(A+ B+ C) > det(A) + det(B) + det(C'). (32)

In the remaining proof, we adapt the approach employed in
the proof of Theorem 1 in [38]. To simplify our matrix splitting

. k k
notation, we define Q¥ = > _, i Jos J = Zmzl’w#i’j fos

anko Zg; k+1fr
QY @, - QF, 7 [QF QF - @
Q. Qb Q5 . QF QF .. QF
det | |77 R S .
Qb @by @b | Lot o o O
Ak Bk
Q1 0 0
0 Qs --- 0
+ . . . . (33)
0 0 - O
ck

As we have defined, @); is positive for all 7 € S. Hence, Cck
is a positive definite and has a strictly positive determinant. We
can show that the B” can be written as below:

T ) AL o
BF = M* MF MY = \/QFT1 k.

Therefore, we can say that B is a positive semidefinite. These
results and (32) show that if we can prove that the A" is positive
semidefinite, we will prove the theorem. We will use the leading
principal minors of the A* and prove that the determinant of the

(34

nth leading principal minor of A* is non-negative. We define:

Qk‘ k k
A L2 Ln

k2 | O Q2 Qi (35)
Qry QFy - Q

Again we use matrix splitting and define QF,, =
Ei:n—i—l fz, we will have:

Qr Qfy -+ Q. |
Q;Ll Qg e gn
|A%| = det B i ) R
n noo... Oon
n,l n,2 n |
D’Il
Nk Nk Ak ]
Qn+1 QnJrl QnJrl
k k k
Q7f+1 Q'rf-{-l Q7%+1 (36)
5% Ok 3k
n+1 n+1 n+1 4
Ek

n

As discussed for By, E¥ is positive definiteness. Similarly, using
the Minkowski determinant theorem for positive definiteness of
AF results in positive definiteness of D™. If we compare D"
with A, we will find out the structural similarity between them.
If we assume that the theorem holds for the A' = 0, the theorem
is proved by induction. U

Definition 3 (Stackelberg Equilibrium): Let f* and p* define
the best responses of the leader and the followers, respectively.
We have the point (f*, p*) as the Stackelberg equilibrium(SE)
for the Stackelrberg game if any (f, p) with f > 0 and p > 0,
results in Uy(f*, p*) > Ui(f*, p) and U, (£, p*) = Us(f*, p").

Theorem 2: There exists a unique optimal point in the leader
that satisfies the (9b) and results in unique Stackelberg Nash
Equilibrium (f*, p*).

Proof: We will use (20) in the leader Nash calculation. If we
replace @ instead of Zy [y in (7) we will have:

2
g—1p
Uleader(p) = PW(,U - 1) — KN <Z 6z> (7;)21111;:
v
zeEM Zyeg 14wy
The first order derivative of the leader utility is:
2
OUead —1
aed = = W(p—1) = 2pkn (Z 59:) (7pc)mp
P zeM Zyeg T+v,
(38)
And the second order derivative is:
2
a Uleader g 1)
yeg 1+v1,
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Therefore the optimal value will be:
* W(:u‘ _ 1)

P = 2
m —1
) (71 Be) (”)
Eyegm

We have (9b) that might change the optimal point for the leader
problem. If we substitute (20) in (9b), we would have:

P?mp By
Zyeg 1+/vy Zye/\/l TyJ
(9-1)

This condition should meet that the (40) be the optimal point.
We can define the optimal point as below:

(40)

(41)

AT A
Eyég THouy ZyeM Ty < Zyeg THouy Eyé.’\/l Ty
G 1D 7 P 1)
x _
’ Wip-1) otherwise
250 (0 Ba) (— )2
yeg 1+vy
(42)
O

3) Discussion: The existence of only one decision variable
for the followers can decrease the leader’s flexibility in diverse
situations of the problem. We want to show that the CNs need an-
other variable to increase their diversity. More decision variables
might increase the complexity of the incomplete information
solution; however, the numerical results will depict that the
complexity increase does not affect the results.

Corollary 2: Besides having pg'"* as a decision variable of
each CN, f;"** can positively affect the CNs strategy.

Proof: If we calculate the derivative of (15) with respect to
[ we will have:

Ofy  Ofy Ovg

8f;nax - 81]9 af‘;nax

cmp

p(g —D)pg"[g(1 +v9) Xy T — (9= 2)05")

oy
(oo L)’

% Zz;&g farfnax )
(XLgeg [7)?

From (15) we can derive that for positive strategy we should
cm| cmp

(43)

have Y ¢ I’Evpy >(g—1) ﬁnzq , and if we subtract lpjvg from
both sides will have:
cmp cmp
Py (9_2),0g7. (44)
s 1+, 1+,
The (44) easily proves that 9 _ > 0. ]

aftnax

Based on the Corollary, if we assume that the CNs change
their f1"®* in different time steps, this property can dispense the
task on the CNs and does not have pressure on only one of them
just because of lower computation cost.

B. Incomplete Information

Due to privacy-preserving reasons and the economic compe-
tition between the CNs, we propose a method using SAC [15] to

formulate our problem as an MDP problem, which is defined
as < S, A, P,R > where S and A are the state and action
spaces. P denotes the transition probability between states, and
R represents the Reward function.

While gradient-based methods may be effective in some sce-
narios, the use of model-free methods such as the SAC algorithm
is more appropriate for our problem due to the ambiguity of the
utility function and the need for a robust and adaptive solution
in the case of incomplete information.

1) State and Action Spaces: We have s follower agents and
one agent known as the leader. The followers have different
utility and strategies compared to the leader, So we have to define
the action and state spaces specifically for the followers and the
leader.

Leader State Space: The leader should have information about
its previous strategies and the followers’ resulting strategies
based on the leader’s action for each time step. To ensure enough
information for the leader, we assume previous D strategies and
the interactions. So the state space for a leader is:

S}/eader ( 4 5)

= {ft—b Pt—1, ft—z, Pt—25--- 7ft—D7 Pt—D}7

andf, = Y7_, ff. By considering the state space to be the sum
of the followers’ actions, the leader may not need to exchange
as much information with the followers. This is because the
leader would only need to consider the followers’ combined
actions rather than each action. This change could simplify the
decision-making process for the leader and improve the system’s
overall efficiency.

Follower State Space: Any follower agent is assumed to have
the strategy of all other agents for previous D time steps at time
step [. Besides all the strategies of the other agents, they have
the total paid money in time step ¢ as well.

Spe = {1 E 2P ')

—s 1t—g —

(46)

Leader action Space: The action space of the leader is contin-
uous and bounds in p € (ppin, 00) Where ppiy, is a result of (9b)
that ensures the total required computation capability. Using a
policy-gradient method to solve the problem allows us to have
no upper bound on the value of p without negatively affecting
the ability to find an optimal solution.

Follower action Space: Each one of the followers has to find
the best strategy, fs € (0, fi"®*). All the agents of the followers
are assumed to have continuous action space.

2) Reward Functions: After applying any action in each
state, the environment will return a specific value to reward that
state and action. In our problem, both the followers and the leader
have their utility as the reward function. Hence, we will have:

Rleader = Ul(ﬂ) (47)
Rfollower = Us(fsa ffs)- (48)

3) Training Process: In this method, we divide the total
training period as depicted in Fig. 2. The leader trains based on
the information of CNs and the users, then attempts to maximize
the utility in 7" time steps for any request summation of the
users, defined as Y B and >\ Bm/Tm. To clarify,
Firstly, the leader gets (3,,, and 7,,, from all m users and starts
a training process for these parameters. Then, gather the CNs’
contribution, fs, from all s CNs in any time step. Secondly, finds
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Algorithm 1: Training algorithm based on SAC.

1: Initialize Y v( Bas Dowe s Ba/Tas 15 Ko s Breaders
Ol rders Plager» €MPty replay buffer

2:  Set target parameters equal to main parameters,
lle":?llt;%et — qj)]leader’ 126:":?116—:%et — d)IQeader
3: fort=0,1,2,...,T do
4:  forCNsec Sdo
5: Initialize 67, fmax, pg™, @l 2
6: Set target parameters equal to main parameters,
i,target P i’ z,target - (ZS%
7: end for
8: for[=0,1,2,...,Ldo
9: for CN s € Sdo
10: Collect set of partial trajectories and rewards on
policy 7(f7|S;*, 65)
11: Store trajectories and rewards in the replay buffer
12: if | mod 20 == 0 then
13: for j in range of updates per step do
14: randomly sample batch of transitions from
replay buffer
15: Compute targets for the Q-functions (59)
16: Update Q-function by one step of gradient
descent Vy, L(¢;, B); fori=1,2
17: Update policy by one step of gradient
descent on objective of (62)
18: Update target networks
¢ target, « TP + (1 — 7) Pl
fori=1,2
19: end for
20: end if
21: end for
22: end for
23: if t mod 20 == 0 then
24: for j in range of updates per step do
25: randomly sample batch of transitions from
replay buffer
26: Compute targets for the Q-functions (59)
27: Update Q-function by one step of gradient
descent Vy, L(¢;,B); for i=1,2
28: Update policy by one step of gradient descent
on objective of (62)
29: Update target networks ¢°, target,,qer

T¢i7 targetleader + (1 - T)(blieader; fO?" i = 17 2
30: end for
31: end if
32: end for

out the state S1%%" and based on that, takes action p; and gets
the reward Rjeader-

On the other hand, the followers are agents who maximize
their utility in the L time steps. They will face off each other, get
the total money p; from the leader, and the actions of the other
CNs in previous D time steps, then form the state Slt’s. Based on
the current state, they take action f, and get the reward Rgopower
until they converge to the Nash Equilibrium. At first, all the
agents generate the states with random values. So we can see in
Fig. 2 that each training period of the CNs is a time step for the

Leader training period l

-

t=2 t

]
[
-

]
=)

1=L 1=2"1=1"1=0

. )
R

[Resources training period ]

Fig. 2. Incomplete information training process.

leader. We can define the policy of the followers and the leader
as below:

{leader policy = 7 (p;|Sleader) )

followers policy = 7(f;|S;"")

In our study, each agent trained with the SAC algorithm,
a model-free and off-policy technique that is very stable and
achieves very similar performance across different random
seeds. This method has better results in continuous action and
state spaces than the other methods and forms a bridge between
stochastic policy optimization and DDPG-style methods. En-
tropy is a measure of randomness in the policy, and SAC tries
to maximize a trade-off between entropy and expected return.
It is often advantageous for an agent to try out different actions
and states in order to acquire more information and enhance its
understanding of the environment. This can be especially useful
in situations where the agent’s understanding of the environment
is incomplete or uncertain. By exploring different actions and
states, the agent can gain insights that can help it to make better
decisions and improve its performance in the long run. We can
define the entropy for the random variable x and density function
P as below:

H(P) = E [-log P(x)]. (50)

Hence, the optimization objective of the SAC will be as below:

™ =arg mga:Tgr[Z 4t (R(St7 Ay, St+1)+047'l(7f(~|5t)))] )
=0

(D)
o > 0 is the temperature used to balance the trade-off between
entropy and expected return. This value can be constant or au-
tomatically tuned, and the differences between both conditions
will be depicted in the next section. This method uses the bonuses
of the entropy in the definition of the value and Q-functions as
below:

Ve [ (RS A S o 15)
'
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QW<S7 A) =F |:Z ’th(St, At7 St+1)+04 Z ’)/tH(ﬂ'(‘St))
=0

T~
t=1

So =S, Ay = A].
(53)

As we can see, the Q-function includes the entropy bonus except
for the first timestep. Based on the definition of the Q-function
and the value function, we will have:

Vi) = E [QT(S,A) +aH(x([S))]. (54

Q7(S,4) = E [R(S,A,5) +~V"(5)].

(55)

By using the definition of entropy, our Bellman equation will
be:
Q™(S,4) = E_[R(S,A,S)+4(Q7(5", A)

~

A~

— alogm(A'|s")]. (56)

Now we can estimate the Q™ (S, A) using the replay buffer data.
But inside the replay buffer, we do not have information about
the next actions; hence, we will use fresh samples of the policy
and name them as A’. In the below formulation, R and S’ are
the replay buffer samples. we have:

Q"(S,A) ~ R+~(Q"(S, A") — alogm(A'|s)).

SAC uses the clipped double-Q trick and chooses the minimum
of one of the calculated Q functions. Thus, the loss function of
the Q-networks is:

(57)

(@5, 0) —y(r, 5", )%].
(58)

- E
(S.4,R,S",d)~

And the target is given by:

YRS @) = Rt 51 - ) min Qe (57 4)
J=1,

—alog W(AI|SI)). (59)

On the other hand, to optimize the policy, the reparameterization
trick is used as below:

40(5.€) = tanh(ug(S) + 04(S) @ €), € =N(0,1). (60)

This method uses squashed Gaussian policy, in which the sam-
ples are drawn from 7y (.|.S) using the state, policy parameters,
and independent noise defined as &£. The resulting equation
allows us to rewrite the (54) over actions and noise without
dependency on policy parameters. We will have:

ng[Qﬂ—e(S,dg(S7f))—alOgT{‘e(da(S,f)‘S)]. (61)

In the end, we will use one of the approximations of the Q-
functions, and the policy is going to be optimized as below:

max, B min Qg (5,69(3,8)) — arlogmp(ag (5, £)1.5) | -
S~D

(62)

This objective is almost the same as the DDPG and TD3,
with differences in the minimum factor for the Q-functions, the
stochasticity, and the entropy term. We will use Algorithm.1 to
train the followers and the leader based on the training process
and the equations. It is proven in [15] that SAC converges to the
optimal policy, i.e., the Nash and Stackelberg equilibriums of
our problem. Also, empirical studies in [15] show the improved
performance of SAC compared to both off-policy and on-policy
prior methods.

SAC uses actor-critic as depicted in Fig. 3. This method is
a combination of value-based and policy-based approaches. In
this structure, the actor is responsible for the policy gradient
approach, and the critic is learned through the value-based
process. As Fig. 3 clearly shows, each one of the followers and
the leader uses the same structure (SAC) for the learning process.
Based on the incomplete information assumption, we could not
consider the shared critic used in the MADDPG [39]. Hence,
we considered that each agent, follower or leader, has a unique
environment, replay buffer, and actor-critic networks as used for
the PPO agents in [10] with the difference of using SAC agents.
Thus, our designed SAC-based training process uses a unique
structure for each agent and trains them based on Algorithm.1.In
this algorithm, we first initialize the leader training parameters
and start the training process for the leader. Inside each training
process of the leader, we initiate the parameters of the followers
the same as the leader and start the followers’ training process
since they converge to the Nash equilibrium; then, based on the
follower’s contribution, we update the leader for one timestep.
Then continue this process until the leader converges.

VI. NUMERICAL RESULTS

A. Simulation Setup

This section conducts simulations to evaluate our strategies
using PyTorch 1.4.0 and OpenAl Gym to simulate the reinforce-
ment learning environment. We used a simulated reinforcement
learning environment, including the leader and the followers.
The followers start the training using the randomly generated
state space. After the convergence, the leader trains one episode
using the randomly generated state space and updates that in
every episode based on the followers’ contribution value. In the
end, the leader converges, the task parameters change, and the
process starts for those parameters; hence the learning process
continues to the wholly trained point. The parameters of the DRL
agent are selected through fine-tuning. The actor and the critic
networks in the SAC algorithm have two fully-connected layers.
The first layer has 250 nodes, and similarly, the second layer
has 250 nodes too. We have D = 10 for the previous time step
information in our leader and follower state spaces and assumed
three CNs as the followers and one leader in our simulations. The
assigned parameters are in Table II, and any simulation result
with non-clarified values is using this table’s assigned values.

As stated in [15], we use the hyperparameters the same as
the SAC(hard target update) and the gradient steps used for the
humanoid environment for our followers’ SAC agents. Hence,
the learning rate is 3 x 10~%, and gamma equals 0.99, the replay
buffer size is 106, the target smoothing coefficient is equal to 1,
the target updating interval equals 1000, and the gradient steps is
1. In all the simulations except the entropy tuning comparison,
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l !
% SAC Diagram l
S,A,R,S' s ’ Servi(cle Provider
! (£:18,05) | o . ’
Environment(agent i) S Loss Function L(6)
H-(4]9)
(agent i)
Loss Function L(¢; ) Vs, (S)
sample batch of transitions <
Fig. 3. SAC agent structure.
TABLE II 1e6
NUMERICAL VALUES N o
.. 3.00 -
P --- NECN_O
parameter value parameter value £ 2.751 — cN2
cmp 6 3 --- NECN_1
pclm 2 x 10 P 10 5 2.50 — N2
Py T 1.8 x 1076 I 1.1 5 2.25- --- NECN_2
py T 2 x 1076 K 1x10727 | € 2001
O
foax 3.5 x 106 n 0.7 x 107 2175
O
nax 4 x 106 fanax 3 x 106 3 150
©
S 1.251
we use the entropy tuning property of the SAC. On the other 1.00 - ] ] ] ] ] ] ] ]
hand, the leader has a SAC agent with differences in learning 0 2500 5000 7500 10000 12500 15000 17500 20000
rate that equals 1.2 x 107, and the target smoothing coefficient Episodes
-2
that equals 1 x 107, Fig. 4. Mean of followers strategy with identical maximum computation

B. Simulation Results

First, we show the results of the convergences to the Nash
equilibriums. To depict the convergence of the followers, we
used three different scenarios in Figs. 4, 5, and 6, and all of
them clearly show that the followers are converging to the
Nash equilibrium. In our simulations, we applied three agents
to represent the computation nodes (CNs) in the system. How-
ever, our proposed solution can be easily extended to a larger
number of CNs without significant modifications. The use of
three agents in our simulations is primarily for presentational
purposes, as it allowed us to clearly illustrate the behavior of the
CNs and the interaction between them. In Fig. 4, we assumed
that the followers have identical maximum CPU frequency, and
we set f1aX =4 x 10° for all followers and made the dif-
ference by setting p;"" = 1.6 x 107%, p5™ = 1.8 x 1079, and
p5 " =2 x 107C. It clearly shows that the lower computatlon
cost incentives the CNs to have more contributions. For Fig. 5,
we assumed all the followers have constant computation cost and
set the maximum CPU frequency as fi®* = 3 x 10°, fjax =
3.5 x 10, and foax =4 x 108, Based on the paid bonus, a

capacities and distinct computation costs.

2.4 le6
— CN_2

> --- NECN_2
8221 =
o
&
§ 201
5
2
2 1.8
o
O
z
3 1.6
bS]
C
T 1.4-
=

1.2 1 T T T T T T T T

0 2500 5000 7500 10000 12500 15000 17500 20000
Episodes

Fig. 5. Mean of followers strategy with distinct maximum computation ca-

pacities and identical computation costs.
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Fig.6. Mean of followers strategy based on Table II values and entropy tuning.
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Fig. 7. Mean of the Leader strategy using SAC, PPO, and A2C.

higher maximum CPU frequency leads to a higher contribution,
which is clearly depicted. As mentioned in the previous section,
Table II parameters are used in Fig. 6 simulation.

The Fig. 7 delineates the leader strategy convergence and
compares the SAC method with two other methods named
PPO [11] and A2C [13]. As we can see, A2C does not have
good convergence, and the variance of the actions after the
convergence is more considerable than the SAC and PPO. On
the other hand, SAC has a highly non-comparable performance
contrasted to the PPO and converges after about 5000 episodes.
Still, PPO converges after about 6000 episodes, and their action
variances are incredibly close. It means that SAC does not
significantly show better performance, but our comparison based
on the followers’ strategy in Fig. 8 depicts that both PPO and
SAC have somehow near convergence performance, but SAC
shows better performance based on the lower action variance
and is more stable compared to PPO. This property shows that
the SAC is more reliable and stable than the A2C and PPO.
This comparison continued using the followers’ reward in the
Fig. 9. Itis crystal clear that same, as the previous comparisons,
SAC shows better results. In Figs. 10 and 11, we compared SAC
with DDPG [14] as two different off-policy methods. Fig. 10
depicts that SAC performs better in convergence and stability

3.00 le6
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Fig. 10.  Followers strategy comparison using DDPG and SAC.

and accurately converges to the Nash equilibrium, and Fig. 11
shows that SAC reaches higher rewards than the DDPG, which
makes it more effective in incentivizing the followers.

In the Figs. 12 and 13, we attempt to show the effect of
two hyperparameters. Fig. 12 compares the CN-1’s contribu-
tion strategy based on three learning rates. Clearly shown that
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3 x 10~* has better performance than the one then times more
significant and ten times more minor. Based on this comparison,
we chose the learning rate. Fig. 13 shows the difference of the
entropy tuning and constant « used in (50). The entropy tuning
has a better performance than the constant .. Thus, we used
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Fig. 15.  Service provider strategy based on the CN1 maximum CPU frequency
alteration.

entropy tuning in all of our simulations, but as it is clear from
Fig. 13, using entropy information (o« = 0.2) outperforms solely
expected return (o = 0) settings.

Based on the previous comparisons, we have shown that the
leader and the followers can converge to the Nash equilibrium.
In addition, the impact of one of the follower’s parameters on
the leader’s Nash equilibrium is depicted in Figs. 14 and 15.
Fig. 14 shows the impact of a follower’s computation cost on the
leader’s strategy and shows that higher computation cost results
in larger payment from the service provider; this is because
of the total sufficient CPU frequency that the service provider
should obtain for the users. On the other hand, Fig. 15 shows the
impact of a follower’s maximum CPU frequency on the leader’s
strategy if the follower’s maximum CPU frequency increases; as
aresult, the total paid bonus and the total payment will increase.
In the end, if we compare both Figs. 14 and 15, we will see
that the impact of the computation cost on the leader payment
is more than the maximum CPU frequency. This can be an
exact difference between the bonus and the cost imposed due
to processing that should be more than the bonus.

Now we will check the impact of the followers’ parameters
on each other’s strategies. So we have Fig. 16 that depicts the
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numbers of the CNs.

impact of the CN-1’s computation cost on all the followers’
strategies; as we can see, if we increase the CN-1’s computation
cost, the CN-1’s strategy will decrease, and the others will in-
crease their strategy. In this simulation, we set p; © = 2 x 1079,
ps? =1.8x 1075, and fm** =4 x 10° for all the followers.
On the other hand, Fig. 17 depicts the CN-1’s maximum CPU
frequency impact on all the followers’ strategies. A larger maxi-
mum CPU frequency will result in more bonuses, and the CN-1’s
strategy will increase, which will decrease the other followers’
bonus, and their strategy will decrease. In this simulation, we
setpy T =2 x 1076 p3™ =2.1 x 1075, fi"* = 5 x 10°, and
max — 3.5 x 10°.

We should note that our game model discussed in this article
lays in the category of aggregative games [46], [47]. Therefore,
the performance of the solution is not violated by increasing the
number of players (and thus the CNs in our problem). Fig. 18
illustrates the convergence of our method for the number of
CNs equal to 5, 10, and 15, while all the other parameters for the
simulations are the same. The plots in this figure demonstrate the
effectiveness of our approach by increasing the number of CNs.

VII. CONCLUSION AND FUTURE WORK

This article studied an incentive mechanism for computa-
tion offloading, considering the CNs’ computation costs and
motivating them by paying a contribution assessment based
on their shared CPU frequency and a bonus based on their
maximum contribution capability. We modeled this incentive
mechanism as a two-layer game considering a leader respon-
sible for QoS guarantee and green computing awareness. This
problem was analyzed and formulated using the Stackelberg
game for complete information assumptions. We investigated
the existence and uniqueness of the Nash Equilibrium and
Stackelberg Equilibrium and provided proof for them. Due to
privacy conditions, we proposed an incomplete information
method based on deep reinforcement learning; this method could
converge to the same Nash Equilibriums proven under complete
information assumptions. Finally, the numerical results showed
that the proposed SAC-based method performed better than pre-
vious algorithms and converged to the Nash Equilibriums under
incomplete information assumptions. We note that an interesting
issue is to deploy a reinforcement learning model, trained for
incentivization of computation nodes in an edge computing
environment, to another edge computing environment, and it
would work well in some scenarios. However, for improving and
guaranteeing the model’s performance in the new environment,
it might be necessary to employ transfer learning or model-based
RL approaches [42], [43], [44], [45].
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