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We explore the design of revenue sharing mechanisms for an Edge-Cloud computing system from a game-theoretic
perspective. Different from traditional cloud computing, the providers in an Edge-Cloud system are independent
and self-interested. The system adopts a task distribution mechanism to maximize the total revenue received
from clients and employs a revenue sharing mechanism to split the received revenue among service providers.
Under system-level mechanisms, service providers game with the system in order to maximize their own utilities
by strategically allocating their resources. We introduce a game-theoretic framework to model the competition
among the service providers as a non-cooperative game. We show the existence of Nash equilibrium in the
game theoretically and experimentally. We find that at Nash equilibria, the revenue sharing design based di-
rectly on actual contributions of service providers results in significantly worse system-level performance than
revenue sharing mechanisms based on marginal contributions. We find that the reason for this seemingly counter-
intuitive result is that revenue sharing mechanisms based on marginal contributions discourage providers with
less powerful resources from contributing resources to the system at equilibrium state. Our framework offers an
economics approach to the understanding of Edge-Cloud systems and provides fundamental insights into their

revenue sharing design.

1. Introduction

Edge computing [1-4] is a promising computing paradigm that
will meet the service requirements of the latency-sensitive and/or
bandwidth-hungry applications brought by the rapid growing Internet
of Things (IoT) and Artificial Intelligence (AI) systems. In this paper we
investigate Edge-Cloud system, a type of edge computing system where
computation service providers at the edge of the Internet (referred to
as edge service providers or edge providers, which are close to IoT sen-
sors, mobile devices, and end users) and the providers at the cloud (re-
ferred to as cloud service providers or cloud providers) collectively pro-
vide computing services to the clients at the edge. A service provider is
also referred to as a resource provider in the paper as we focus on the
computation servers offered by the provider.

Different from a traditional cloud computing environment in which
all servers are organized in data centers and tightly controlled and man-
aged by a provider, the various service providers in an Edge-Cloud sys-
tem are independent and located at various distances away from clients,
and they make independent decisions on the computation resources that
they provide to the system. In order to achieve a high system-level ef-
ficiency, an Edge-Cloud system adopts a task distribution mechanism
to maximize the total revenue received from clients, and it employs a
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revenue sharing mechanism to fairly split its received revenue among
service providers.

Under system-level mechanisms, the providers of an Edge-Cloud sys-
tem are likely to compete with each other and game with the system
in order to maximize their own utilities by strategically adjusting the
resources that they offer to the system. A provider may increase or de-
crease the amount of computation servers placed in the system, in order
to increase its utility (e.g., a profit calculated as received value minus
operation cost) under the current system-level mechanisms that allo-
cate computation jobs (of clients or edge users) to servers and distribute
the total values received (from edge users) to the providers that own
the servers. For example, with complete information of the whole sys-
tem (including all other providers’ servers, job arrival information, and
the details of system-level mechanisms), a provider P1 can find its op-
timal number of servers to be placed into the system in order to max-
imize its profit. Since obtaining complete information is nearly impos-
sible in practice, P1 can find an estimated optimal number of servers
that it should place in the system through learning from history data.
Note that the optimal number of servers of P1 is a function of other
providers’ current numbers of servers placed in the system and other
system state information. Once P1 deploys its current optimal number
of servers in the system, another provider P2 may change its number
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of servers in order to maximize its own profit as the numbers of P1’s
and other providers’ servers may make P2’s current number of servers
no longer optimal. Once P2 changes its number of servers, P1 may need
to find a new optimal solution based on the updated number of servers
of P2. The competition between P1 and P2 is shown in the process of
their repeatedly adjusting their own optimal numbers of servers respec-
tively. A similar and more complicated competition process can happen
in a system where there may be more than two providers that attempt
to maximize their utilities by updating their number of servers, and the
updating of different providers may happen asynchronously and in a
distributed fashion. Furthermore, since providers keep changing their
numbers of servers offered to the system as a result of their optimiza-
tion processes aforementioned, the system needs to constantly adjust
its job distribution and revenue sharing/splitting in order to maintain
a high overall system-level performance. Therefore the pursuit of max-
imal profit or utility by the providers may lead to a competition among
themselves. Furthermore, the self-interested behaviors of the providers
in the system might result in an inefficient system state with low overall
system performance, as their individual self-interested objectives (e.g.,
a provider tries to maximize its own utility) do not collectively align
with system-wide objectives (e.g., to maximize the overall system util-
ity). Therefore, it is important to choose a system-level mechanism that
will minimize the loss of system-wide efficiency in the face of the self-
interested behaviors of the providers.

Since edge computing is a new computing paradigm, both indus-
try and academia are exploring various design options of edge comput-
ing systems. We believe that the system model proposed in this paper
is well suited for edge computing applications, and it can be realized
through the recent advances in container technologies (such as Kuber-
netes [5] and Docker [6]) and IoT data management platform (e.g.,
FogLAMP [7]). These state-of-art technologies make it feasible to de-
ploy an edge system that relies on computing resources from various
sources at edge or from cloud, and to meet the computation demands
of the users distributed at the edge of the Internet. Since service or re-
source providers in a distributed edge system compete with each other
(as described before), a non-cooperative game-theoretic model is a nat-
ural modeling choice that can be used to investigate the system.

In this paper, we take a game-theoretic approach to explore the de-
sign of revenue sharing mechanisms for an Edge-Cloud system, in order
to improve its system-wide efficiency. Our major contributions are sum-
marized below.

1. We introduce a game-theoretic framework to investigate an Edge-
Cloud computing system that consists of edge service providers
and cloud service providers. The service providers (including
edge and cloud providers) play a non-cooperative game among
themselves. They offer their computing servers to the system
which then allocates the servers optimally to execute the compu-
tation jobs submitted by clients or end users. We first show the-
oretically and experimentally the existence of Nash equilibrium
in the game between edge and cloud providers, under three rev-
enue sharing mechanisms (Shapley value sharing [8], Ortmann
proportional sharing [9], and Direct-contribution-based sharing),
and across a wide range of system/networking settings. Our find-
ings demonstrate that different revenue sharing mechanisms can
result in drastically different system-level utility loss at system
equilibrium states when compared with maximum system utility
(which is achieved when providers do not game with the system).
Thus, it is crucially important to design an appropriate revenue
sharing mechanism in order to maintain high system-level effi-
ciency in the face of service providers’ self-interested behaviors.

2. We find that at the Nash equilibria of the game, revenue sharing
mechanisms based on marginal contributions in general can lead
to better system performance when performed at provider level
than performed at server level. In addition, Direct-contribution-
based sharing (i.e., revenue split based directly on actual contri-
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butions of servers) results in significantly worse system-level per-
formance than revenue sharing mechanisms based on marginal
contributions (i.e., Shapley sharing and Ortmann sharing). We
further show that the reason for this seemingly counter-intuitive
result is that revenue sharing based on marginal contributions
discourage providers with less powerful resources from contribut-
ing resources to the system at equilibrium state, and therefore
they can achieve significantly better system performance than
Direct-contribution-based mechanism even when self-interested
service providers attempt to game with the system for their own
maximal benefits.

3. We demonstrate that our framework is an effective economics
approach to the understanding and designing of efficient Edge-
Cloud computing systems, based on our extensive simulations
and experiments on an Edge-Cloud emulation system that we
have developed. Furthermore, we have verified our findings
through simulations based on Google cloud data trace [10].

In the rest of the paper, we first present the architecture of an Edge-
Cloud system and give an overview of our game-theoretic framework
in Section 2. Then in Sections 3 and 4, we describe task distribution
mechanisms and revenue sharing mechanisms. Section 5 presents our
findings via experiments and simulations, and we conclude the paper in
Section 6.

2. Edge-Cloud system
2.1. Background and related work

This paper studies a computing system in the emerging edge com-
puting paradigm [1-4,11-17], which broadly includes cloudlets, mobile
edge computing, fog computing, fog networks, and mobile cloud com-
puting [14-16]. Besides the low latency benefit of edge computing, re-
cent research on Internet of Things (IoT) has shown that, by processing
at the edge the large amount of raw data collected by IoT sensors (e.g.,
in a smart home or smart city system) or human users (e.g., videos, pic-
tures taken by smartphones), edge computing can significantly reduce
the consumption of network bandwidth in wide area and core networks
when compared with transferring raw data to a cloud [18-25]. AT&T, a
large Internet service provider, has recently announced plans to deploy
edge computing servers in their mobile access towers on a large scale
[26].

The economics and game-theoretic approach adopted in this pa-
per is related to the existing rich literature of applying economics and
game theory in networking research [17,27-32]. For example, Ma et al.
[29] utilize the Shapley value solution to implement the profit distri-
bution mechanism to maximize the profits of ISPs. [30] studies the
incentive structure of content delivery networks by taking a coopera-
tive game theory approach. It also utilizes the Shapley value to study
the cooperative game. In addition, besides applying Shapley value in
networking research, some existing work focuses on the optimal rev-
enue maximization and/or revenue sharing in edge computing system.
For example, Samanta and Chang [27] study the offloading scheme in
edge computing system. Different from our paper that considers the
non-cooperative game between different providers, Samanta and Chang
[27] study the overall system revenue and total services latency. Yu and
Tang [28] study the problem of competition and cooperation between
an edge cloud and a remote cloud. And they formulate the interaction
between the providers as a three-stage Stackelberg game. However, our
work focuses on how different sharing mechanisms impact the overall
system efficiency at Nash equilibrium points of a game where there is no
leading player. In addition, recent work has shown that proving the ex-
istence and further finding Nash equilibria of a practical complex game
are quite challenging. For example, existing work [33-37] demonstrate
the difficulties on finding Nash equilibrium of a two-player or multiple-
player game.
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Fig. 1. System architecture. Computing service providers compete with each
other under system-level mechanisms: task distribution and revenue sharing.

The novelties introduced in this article include: (1) A novel game the-
oretic model of the competition among edge and cloud service providers
under system-level revenue sharing and task distribution mechanisms
in an edge-cloud system; (2) The existence of Nash equilibrium or sta-
ble system state in the game of the competition among providers; (3)
Revenue sharing mechanism based on marginal contributions is more
preferable over sharing mechanism based on direct contributions, as
the former can result in higher system-level efficiency at the equilib-
rium states of the game.

2.2. System architecture overview

An Edge-Cloud computing system is a hybrid system that integrates
both edge computing and cloud computing to provide services to clients.
The edge computing part of the system can execute tasks at the edge of
the Internet to reduce network transmission cost of large amounts of
data and to meet the low latency requirement of computing tasks. In
addition, the cloud computing part of the system can provide necessary
global analytics and execute tasks with flexible latency requirement.

There are three types of entities in an Edge-Cloud system, as shown
in Fig. 1. (1) Clients, including applications and end users, that are at the
edge of the Internet and submit computing tasks to the system. (2) Edge
providers (i.e., computing service providers at the edge of the Internet
and close to clients, and hence have high communication bandwidth
and low propagation delay to clients), and cloud providers (providers
in the cloud that offer servers to edge clients by joining an Edge-Cloud
system). (3) A system manager, which is a collection of software compo-
nents that implements mechanisms/algorithms for various management
and scheduling issues such as facilitating task submissions, revenue col-
lection from clients, revenue split among servers, accounting/auditing,
etc. The main part of the manager resides on the edge and some of its
components are distributed among providers throughout the Internet.
The functionalities of the manager can be distributed among multiple
edge servers to avoid single point of failure. In the system, clients com-
municate with and submit their tasks to the system manager through
apps on their devices.

In an Edge-Cloud system, a monetary value is associated with each
task. A system manager’s objective is to maximize its total values or
revenue received from clients via a task distribution mechanism that op-
timally assigns tasks to servers subject to the latency requirements of
those tasks. Based on the revenue collected and the tasks completed by
the servers, the manager utilizes a revenue sharing mechanism to split
the received revenue among the servers (and hence between the service
providers who own those servers)!. Therefore, an Edge-Cloud system

1 A system manager may keep a share of the total received revenue and split
the rest among servers. We assume that a system manager’s own revenue share
is negligible compared with the rest of the revenue given to servers.
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Table 1
Table of Model parameters.
Parameter Description
p player/provider p
-p the set of all players/providers except p
n, the number of servers that player p places in the system
Uy(ny) the utility function of player p
vp(ny) the revenue received by player p
Seost(11p) the cost function of a player p
Ny N the set of tasks; the number of tasks
Ng; Ng the set of servers; the number of servers
Mp; task distribution mechanism
Mgpare revenue sharing mechanism
ij task i; server j
dj; the completion time of task i when it is assigned to server j
Xij the assignment of task i to server j
v; the value of task i
L; latency requirement of task i
E C an edge provider; a cloud provider
#;(Ng) the revenue share assigned to server j by Shapley value
mechanism
u(S) the value of set S
dzf the revenue share assigned to server j by Ortmann sharing
mechanism
T system time duration
A task arrival rate
faelay the function to calculate the completion time of a task

Kiatencys Kpw a latency factor; a bandwidth factor

has two basic types of mechanisms: a task distribution mechanism and
a revenue sharing mechanism. In this paper, we investigate three types
of revenue sharing mechanisms: Shapley value sharing [8], Ortmann
proportional sharing [9], and Direct-contribution-based sharing. They
will be discussed in detail in Sections 3 and 4.

In our design, the system does not have a leading provider to lead
the system. Note that various edge systems/platforms are being pro-
posed and explored in industry and academia. Certainly there may exist
an edge system with a leading provider, which is similar to a traditional
cloud computing system, but a platform without a leading provider may
exist as well, and in fact, we believe that a platform without a leading
provider will be a common type of design as it is well suitable for edge
systems where computing resources are placed at the edge of the Inter-
net and owned by various independent parties, which is quite different
from traditional cloud computing.

2.3. A Game-Theoretic framework

2.3.1. Assumptions

We assume that each service provider in an Edge-Cloud system is in-
dependent and self-interested. This assumption describes an important
characteristic of an Edge-Cloud system: a service provider can choose to
join an Edge-Cloud system and decides by itself the amount of comput-
ing resources it offers to the system. This characteristic differentiates an
Edge-Cloud system from a traditional cloud computing system in which
all computing resources are centrally managed and tightly controlled
by an entity and they are typically placed in data centers. A traditional
cloud computing provider can also join an Edge-Cloud system by offer-
ing service to the clients in the system. Hence an Edge-Cloud system
consists of edge providers and cloud providers.

We assume that the two types of system-level mechanisms (i.e., task
distribution and revenue sharing) are publicly known to all clients and
service providers. Under those mechanisms, a service provider attempts
to maximize its received benefit or utility (defined below) by strategi-
cally adjusting the computing resources it provides to the system. Note
that the parameters of our system model are listed in Table 1.

2.3.2. The game
We model the competition among service providers in an Edge-Cloud
system as a non-cooperative game [38], and the providers are players in
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the game. We focus on the case where a provider’s available strategy
is to adjust the number of servers it offers to the system in order to
maximize its utility. A utility function captures the tradeoff between the
revenue and the cost of a provider. Providing more servers will incur
more cost to a provider, even though more servers imply more revenue
that the provider can potentially receive. Then the utility function of a
provider p can be described as

~ Feost(pen_,), M

where v,(n,, n_,) is the revenue received by provider p when placing n,
servers in the system, and the cost f,, is an increasing function of the
number of servers. Note that —p denotes the set of all players except p.

Now we define a Nash equilibrium [38] for the game we study. Note
that each player can be either an edge provider or a cloud provider in
the system. Let v, denotes the revenue received by an arbitrary player
p.Vp € {1,2,...,m}. Let M, and Mg, denote a task distribution mech-
anism and a revenue sharing mechanism respectively. Then we know v,
is a function of Mg, and M,,. Note that M, is a function of (n,,n_,),
i.e., the number of servers provided by the player p and the number of
servers of all the other players.

Each player tries to solve its own optimization problem. Player p

attempts to solve the following optimization problem

Feost(1y). @

Uplnp,n_p) = vy(np,n_p)

max Uy(ny,n_y) = 0,(M gpare(Mpy (s n_p) =
»

A Nash equilibrium of the game is a particular combination of play-
ers’ strategies from which a player has no incentive to unilaterally de-
viate (i.e., it does not want to change its number of servers, given that
the other players’ numbers of servers remain unchanged), as any uni-
lateral deviation will not increase its utility. The Nash equilibrium of a
m-player game is denoted by

*

{(nj,n3,....m, .oy ), 3)

where "p = argmaxﬂpUp(np,n’l*,n;, ’”;—1’":+1’ ...,n). The recent ad-
vances in computational and algorithmic game theory have shown that
finding a Nash equilibrium is hard. Usually problem-specific structures
have to be exploited in order to find an equilibrium [33-37].

Note that the problem studied in the paper can be well understood
through a non-cooperative game as providers compete with each other
under the two system-level mechanisms. In addition, users do not pur-
chase resources from providers through a market, therefore auction the-
ory is not applicable to the problem studied in the paper.

In addition, in our game model the providers do not receive rev-
enue or profit directly from end users. Instead, they receive revenue
shares indirectly from the edge system. It is the revenue collected by
the edge system that is then split or shared between the providers. The
providers do not cooperate for revenue sharing, instead, they compete
against each other in order to increase their revenue shares, given that
they are aware of how the system decides the revenue shares for them
through the revenue sharing mechanism.

In an edge/cloud computing market which is dominated by several
giant resource providers competing with each other, our framework can
be adopted by those providers and edge systems. The providers that join
an edge system are players and they compete with each other under the
two system-level mechanisms of the edge system, and their fair revenue
sharing can be decided by an edge system through an optimal sharing
mechanism.

3. Distribution of computing tasks
3.1. Objective of task distribution

Since an important application of edge computing is to serve tasks
with low latency requirement, we focus on tasks with completion dead-
lines. Recall that a task has a value, which can be regarded as the pay-
ment that the task’s owner (i.e., a client) is willing to pay for completing
the task. The objective of a task distribution mechanism is to maximize the
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total received value (as a revenue) for the tasks that are completed before
their deadlines. In this section, we present an optimization formulation
for the case where tasks arrive in a batch (i.e., at the same time) to il-
lustrate the characteristic of task distribution, and then we will present
a greedy algorithm to address a practical dynamic task arrival setting.

3.2. Optimal task distribution formulation

We consider both batch task arrival and dynamic task arrival in de-
signing optimal task distribution mechanisms. Recall the game is played
under task distribution mechanisms.

3.2.1. Batch task arrival

A system manager distributes all tasks arriving in a batch to servers
by solving an optimization problem to maximize the total received rev-
enue from those completed tasks. We assume that the execution order of
those tasks on a server should be the same as the order of their arrivals.
We also assume that tasks are not splittable.

Let N, denote the set of tasks with N; = [N, |, and let Ny denote the
set of servers with Ng = [Ng|. Tasks are ordered increasingly according
to their arrival times and indexed by i = 1,..., N, and servers are in-
dexed by j = 1,..., Ng. Let x; denote the a551gnment of task i to server j.
Then x;; = 1 indlcates that task iis assigned to server j; otherwise x;; = 0.
Let d;; denote the completion time of task i when it is assigned to server
J. Note that d; includes the computation time of task i on server j and the
time to transfer task i to server j. In addition, a task i might experience
a queuing delay if some other tasks are scheduled on the same sever (as
task i) but should be executed before task i as they arrive earlier than
task i. Queuing delay is discussed next.

Let v; denote the value of task i or the payment that the owner (i.e.,
client) of task i will pay for completing task i. If task i is completed before
its deadline, the system manager will receive v;; otherwise, the manager
receives nothing. The objective of the manager is to maximize its to-
tal received payment or value (as a revenue) by solving the following
optimization problem.

Ns Ny

rr;,ztx ;Zyx,j “)
Ns

st 0< ) x; <1, Vi )
j=1

x;; € {0,1},Vis Vj ©)
i-1

xijdij+zqijkdkj<Liv Vi, Vj @)
k=1

x; =0 g =0,Vi,Yk € {1,...,i = 1};Vj ®

x;; =1 =g =%, Vi,V € {1,...,i = 1}, Vj (C))

gk € 10,1}, Vi,Vk € {1,....i = 1};Vj (10)

where (5) and (6) require that a task can be assigned to at most one
server. The three constraints (7), (8), and (9) collectively require that
when assigned to server j, task i should be completed no later than its

deadline (i.e., the maximum allowed latency L;). Task i’s total delay on
i-1

server j is given by x;;d;; + 3 q;;xdy;» as shown in (7). The two con-
k=1

straints (8) and (9) indicate that Gijk is equivalent to XXy Note that

(8) and (9) are called indicator constraints in CPLEX solver [39]. The
i—1

Z 4;jxdy; Tepresents the queuing delay of task i if it is assigned to server

] Recall that the tasks are served in a first-come first-serve order. If task
k arriving before task i (with k € {1, ...,i — 1}) is also assigned to server
j, then task i has to wait till task k is finished. The queuing delay of task
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i on server j only makes sense when task i is assigned to server j. There-
fore, (8) says that when task i is not assigned to server j, its queuing
delay constraint (7) on server j should be removed?.

3.2.2. Dynamic task arrival

The above optimization formulation for batch arrival of tasks illus-
trates the nature of the optimization problem to be solved by an Edge-
Cloud system’s manager, but it is difficult to implement in practice. This
is because usually tasks arrive in a dynamic fashion, and since they have
deadlines, they need to be sent to available servers immediately in order
to meet their latency requirements.

To address the case of dynamic task arrival, we introduce an online
greedy algorithm (shown as Algorithm 1) to be used by a system man-

Algorithm 1 Online Greedy Task Distribution Algorithm.

Require: (N;(T),Ng,T),where T is the time period during which the
algorithm executes,and N (T) is a set of tasks and their arrival times
during T, and Ny is a server set.

1: t < 0, 0 =0 (Q is a priority queue where the task with the highest

value is at the front of Q).

2: while < T do

3: If a task arrives at time ¢, insert it into Q:

4 If multiple tasks have the same value, order them according to
their arrival time order.

5: If a set of servers are available at time ¢ (denoted by S, C Ng),use

a loop to select all servers one at a time and in random order from
S,, and for each selected server suvr;:

6: Start from the front of Q, search for the task with the highest
valueamong all tasks that can be finishedbefore their deadlines
if processed by sur;. Let rask* denote such a task.

7: If rask* is found, stop search and start a new thread for sor,

to work on task*.

8: end while

ager to maximize its total received revenue. The idea of the algorithm
is: whenever a server is available, it should be given to the task with
the highest value among all tasks that are present in the system and can
be completed before their deadlines by the server. Note that servers be-
come available at different times, which depends on the tasks they are
currently working on and the task arrival process.

If all tasks arrive at the same time at the beginning, then
Algorithm 1 is essentially a heuristic to solve the optimization prob-
lem (4) formulated for the batch task arrival case. In addition, if a task’s
value is inversely proportional to its deadline, then Algorithm 1 is a
variant of earliest-deadline-first scheduling algorithm, but without pre-
emptive scheduling. In an Edge-Cloud system, a server cannot suspend
the execution of a task in order to execute some other task with higher
priority, due to the non-negligible communication cost/delay in edge
computing environment. Both batch arrival and dynamic arrival of tasks
will be investigated in Section 5.

4. Mechanisms for revenue sharing

We investigate the following three revenue sharing mechanisms: (1)
Shapley value [8]; (2) A proportional sharing mechanism proposed by
Ortmann [9], referred to as Ortmann proportional sharing; (3) and a shar-
ing mechanism based directly on each server’s actual contribution, re-
ferred to as Direct-contribution-based sharing mechanism.

2 We do not consider task drops due to buffer overflow by assuming that the
system’s task queue is sufficiently large and the system’s task processing capacity
is well provisioned.
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4.1. Shapley-value revenue sharing mechanism

Shapley value [8] is a marginal contribution based revenue shar-
ing mechanism. For an Edge-Cloud system, we define Shapley value as
a function that distributes among a set of servers the total revenue re-
ceived by the system in organizing the servers to work on a set of tasks. It
specifies that the revenue a server receives equals the server’s expected
marginal contribution.

Formally, consider a set of tasks N, and a set of servers Ny (with
Ng = |Ng|). Note that a server can be owned by a cloud provider or an
edge provider. Define the value of set S, denoted by v(S), as the total
received value by only using servers in set S (with S C Ng) to work on
the tasks in N;. Note that v is a function of task distribution mechanism.
Let ¢; denote the revenue share given to server i. The Shapley value
mechanism assigns the following revenue share to server i:

1

»(Ns) = 5 Z ISI(Ng =S| = D!(u(S U {i}) = u(S)). an

S7 seNg\ (i}

This revenue distribution mechanism satisfies the following desired
property [8,30,40,41]: fairness or balanced contribution, which says that
for any pair of servers i, j € Ng, j’s contribution to i equals i’s contri-
bution to j, i.e., ¢;(Ng) — ¢;(Ng \ {j}) = ¢;(Ng) — ¢;(Ng \ {i}). Shapley
value sharing mechanism also has some other important properties such
as symmetry, efficiency (the sum of revenue shares distributed to all
servers equals the total received revenue), and dummy (i.e., a player
will not receive any revenue share if it does not make any contribution
in any coalition). In the system we study, a server will always receive
non-zero revenue share because there always exists some coalition in
which the server can make some contribution.

4.1.1. Computing shapley values

The amount of time to compute Shapley values for all servers in a
game is exponential, if the computation is done according to the def-
inition in Eq. (11). However, we are able to derive a polynomial time
algorithm, shown as Algorithm 2, based on the following assumptions.
The servers in a system can be divided into groups, which belong to dif-
ferent providers. For ease of exposition, assume that a provider has one
and exactly one group. Further we assume that the servers in a group or
provider have similar capacity (in terms of CPU, path bandwidth, and
propagation delay) as they are offered by the same provider. Then the
Shapley values for all servers in a provider should be the same. Therefore
for provider k, we just need to calculate a Shapley value ¢;, where i is an
arbitrary server in the set of servers of provider k (denoted by N’;), ie.,
i € N&. Then, provider k’s revenue is v, (N;) = N, ¢;, with Ny = [NK].

An example of computing Shapley values. We use a simple exam-
ple of two providers to illustrate Algorithm 2. Consider a cloud provider
that offers two cloud servers c;, ¢, and an edge provider that offers
three edge servers e;, €2, and e3 in an Edge-Cloud system. According
to Eq. (11), in order to derive the Shapley value of c¢;, we need to find
the values of sets S and S [ J{c, }. There are 32 such sets (including the
empty set).

However, all three edge servers can be treated as equivalent, and
both cloud servers are also equivalent. For example, the value of set
{c1, el, e2} equals the values of sets {c{, el, e3}{cq, €2, e3}, {c,, el,
e2}, {c,, el, e3} and {c,, €2, e3}. Therefore, to calculate the Shapley
value of cloud server c;, we only need to calculate the values of the
following eleven sets {c;}, {e;}, {e1, c1}, {e1, ex}, {cq, ¢}, {eg, ey, 13,
{e1, ey, e3}, {e1, ¢y, 1}, {eg, eq, €3, c1}, {e7, ey, Cq, €1}, {e7, €, €3, Co,
1}, based on Algorithm 2. Essentially, we reduce the computation time
from exponential to polynomial.

4.1.2. Time complexity of Algorithm 2

Recall that m is the number of providers and it does not depend
on N (the number of servers). In practice, m is always upper bounded
and small because a resource provider that serves a particular region ei-
ther belongs to a local/regional network service provider or a national
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Algorithm 2 Compute the Shapley value of each server of m providers
in an Edge-Cloud system..

Require: Task set N;; Server set Ng = |J, N« s> where N’; isthe set of
servers of provider k, Nk—lNS|, |NS| k=1,2,....m
1: for j=1,2,....mdo
2:  Initialize V* = 0.
3: forn; =0;n; < N; —1do

4: Do a m-1 level nested loop to find all

combinations(n,, n,, ..., Mgy n,),where each num-
ber n, (with k € {1,2,...,j—1,j+1,...,m}) varies from O to
Ny

5: For each (n, n,, e M T gy s ), do:

6: Invoke a task distribution algorithm (e.g., Algorithm 1)for

task set N, to calculate two values V; and V, :

7: Vi =Vinllnl...[n;_ 101041 .[n,], ie., the value of the
setthat contains n;, servers from provider k, with ke
{1,2,...,m}.

8: V, =Vinlinl...ln;1ln; + 11[n;44]...[n,]. (Similar to V;,

except that n; + 1 is used for prov1der J)

9 Calculate Copeff = Cf\,‘l -CN2 -C ’j 11 CN_ L
C;Z{:] C]'i]":n .(Note that N;—1 is used for provider
7-

10: Let S =Y, .

11: Calculate I/”ilnjlzw--"/—ls”/>”/+]-~'”m = %(N =S -DCopepyp -
V=

12: Increase V' by yine

LR PR VIS VU VS R

13:  end for

14:  Record vy (Shapley value of a server in provider j).

15: end for

16: Return Shapley value ¢. e, (Ng) = V‘ with j=1,2,...,m. (All

servers in a provider havethe same Shapley value.)

provider (e.g., AT&T [26])3. Consider a system of two providers, in
which an edge provider has a set of servers N; = {ej, ey, -, ey, },IN; | =
N, and a cloud provider has a set of servers N, = {c;, cp, -, cn, }, IN; | =
N,. All cloud servers are equivalent, and all edge servers are equiva-
lent. And the set of all servers is N = {e, e, -+ S EN;» €1 Cos S N, LIN| =
N, + N,. Suppose we would like to apply Algorithm 2 to calculate the
Shapley value of a particular edge server e; that belongs to the edge
provider with server set N;. For any two subsets S; and S, of N that do
not contain e;, we have v(S)) = v(S,) and v(S; e¢;) = v(S, U ¢)), if the
number of edge servers in S; equals the number of edge servers in S,,
and the number of cloud servers in S; equals the number of cloud servers
in S,. Then, we only need to calculate the values of (N; + 1)(N, + 1) — 1
sets. This is because, for a set listed in the Shapley value formula (11),
the set might contain a number of edge servers and the number can be 0,
1, ---, Ny; similarly, the set might contain a number of cloud servers and
the number can be 0, 1, ---, N,. Thus, the total number of the unique
sets is (N; + 1)(N, + 1) — 1, where the -1 is needed for removing the
value calculation for the empty set § which is always zero. Therefore,
the time complexity of Algorithm 2 is O(N;N,). In general, if there are
m providers which have N, N,, ..., N,, servers, the time complexity of
Algorithm 2 is O(N7Ny---N,,).

3 It will not make any sense for a local resource provider to provide low-
latency and low-network-cost edge computing service to another region that is
geographically far away. In addition, cloud service providers are sufficient to
meet the global analytics requirements of the clients in a particular region, and
there are only very few large cloud providers in practice.
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4.2. Direct-contribution-based and ortmann proportional sharing
mechanisms

Direct-contribution-based sharing mechanism is explained as fol-
lows. A server is rewarded with a share of revenue that is proportional
to the actual contribution that it has made when working together with
other servers to complete a set of tasks. In the case where a system man-
ager distributes all of its received revenue among participating servers
(i.e., with no revenue share left for itself), the amount of revenue that
a server receives is exactly the same amount of payment given by the
clients whose tasks are completed by the server. Direct-contribution-
based sharing can be regarded as a baseline sharing mechanism, against
which other sharing mechanisms can be compared.

Ortmann proportional sharing [9] is a sharing mechanism that is sim-
ilar to Shapley value, in the sense that it also relies on some calculation
of the marginal contribution of a server, instead of relying directly on
the server’s actual contribution. For example, for a system with only two
servers i and j, according to Ortmann proportional sharing, the revenue
received by server i should be qb,.P = WU({I i}, where v({i}) is
the revenue or value generated by the system when it only contains
server i, and v({i, j}) is the revenue generated by the system when it
contains servers i and j. Formally, Ortmann value mechanism assigns
the following revenue share to server i:

. v(Ng)

- | 12

¢; (Ns) 1 ¢ NS\ -
+ Ljena\() P

Note that Ortmann proportional sharing also has a balanced con-
tribution property, but it differs from Shapley value’s balanced contri-
bution in the following sense. Under Ortmann sharing, for any pair of
servers i, j € Ng, j’s contribution to i equals i’s contribution to j in terms
of quotient, i.e., ¢/ (Ng)/¢7 (N \ (j}) = ¢] (Ng)/¢7 (Ng \ {i}). That is,
Ortmann’s balanced contribution property is in the forrn of ratio equal-
ity instead of the difference equality of Shapley’s. For example, con-
sider a system of two players 1 and 2. Let v({1}) =2, v({2}) =6, and
v({1,2}) = 40. According to Shapley value sharing, they will get d)f =18
and ¢g =22; according to Ortmann proportional sharing, they will
get ¢F =10 and ¢7 = 30. The Shapley value sharing satisfies 18 —2 =
22 — 6, but Ortmann proportional sharing satisfies 10/2 = 30/6.

In this paper, we consider both Shapley and Ortmann sharing mecha-
nisms at two different levels, provider level and server level. At provider
level, a provider with all of its servers is regarded as a single player in
a revenue sharing mechanism. At server level, we consider each server
as an independent player, and sum the total values of all servers of a
provider as the value of the provider. For example, consider a system of
two providers, edge provider E and cloud provider C. Edge provider E
has two servers, 1 and 2. Cloud provider C only has one server, 3. Let
v({1}) =2, v({2}) =2, v({3}) = 6, v({1,2}) = 10, v({1,3}) = 30, v({2,3}) =
30, and v({1,2,3}) = 40. According to Shapley value sharing at provider
level, we have ¢f5 =22 and qbg = 18; according to Ortmann proportional
sharing at provider level, we have ¢§ =25 and ¢g = 15. The Shapley
value sharing satisfies 22 — 10 = 18 — 6, but Ortmann proportional shar-
ing satisfies 25/10 = 15/6. According to Shapley value sharing at server
level, we have q’)i 56 and ¢S 34 ; according to Ortmann proportional
sharing at server level we have ¢f E= '630 and ¢C = 3%).

In comparison, as for Direct-contribution-based mechanism, we do
not distinguish between provider level and server level. This is because
the revenue share that a provider receives is the same at both provider
level and server level.

4.3. Equilibrium state of an edge-Cloud system

Recall that we model the competition among multiple service
providers as a non-cooperative game, which is under the two system-
level mechanisms: task distribution mechanism and revenue sharing
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mechanism. In this section, we prove the existence of Nash equilibrium
of the game.

Theorem 1. The game of multiple resource providers in an Edge-Cloud sys-
tem has a mixed-strategy Nash equilibrium point, which is an equilibrium
system state.

Proof. Recall that in an Edge-Cloud system there is a set of computing
tasks denoted by N, a set of servers denoted by Ng with Ng = [Ng|, and
m providers. Without loss of generality, we consider provider i, and its
set of servers is denoted by N, and its number of servers is denoted by

= |N’S|, i=1,2,...,m. Let —i represent the set of all providers except
provider i, V,,,(N;) denote the maximum value of the objective function
in Eq. (4). Let N_; be fixed, V,,,(N;) is a non-decreasing function of N;.

Note that there always exists a minimum number of servers that
provider i can place in the system so that all tasks can be completed in
the required time duration. Let N; denote this threshold number. When
N; > N; and N; increases, V, t(N ) remains the same value. That is, once
there is a sufficient number of servers from provider i that can satisfy
the server allocation to tasks to get the optimal value (in solving the
task distribution optimization problem), then further increasing N; will
not get any additional value increase of the objective function.

Let V* denote the stable maximum objective value of V, pt(N -), that
is,
Vi, = Vou(N)). (13)

opt
Let V;(IN;) denote the revenue received by provider i as the result of a
revenue sharing mechanism (e.g., Shapley value) that splits the total
value/revenue by solving the task distribution optimization problem.
Then,

Vi = sup

opt VI(NI) (14)
N;ez*+u{0}

Here we focus on a linear cost function f,,,(N;) = o;N; with «; > 0.
Eq. (1) shows that the utility of provider i is:

U;(N;) = Vi(N;) — a;N;. (15)

If we take Eq. (14) into consideration, then we have

U,(N;) = Vi(N)) = a;N; < V* —a;N,. (16)

opt

Note that «; > 0, thus when N, > V;”’, U;(N;) < 0. In addition, this also
indicates that once N; reaches a certain value, provider i’s utility will be a
decreasing function of N;. Therefore, N; is upper bounded*. Meanwhile,
the number of servers of any provider must be a non-negative integer,
which means N; € Z* u {0}. The above discussion shows that the game
is finite [42], and hence the theorem is proved. []

Remarks: We observe in our experiments that pure-strategy Nash
equilibrium also exists in some cases, which are shown in Fig. 5(a) and
(b) in Section 5. When there is no pure-strategy Nash equilibrium state,
we use the system performance at mixed-strategy Nash equilibrium to
represent system stable state. When we observe multiple Nash equilib-
ria in some of our experiments, we examine the average system perfor-
mance at those equilibrium states.

5. Impact of revenue sharing mechanisms on system performance

We discuss in this section the impact of revenue sharing mechanisms
on the performance of an Edge-Cloud system. Our investigation is con-
ducted through a combination of emulations and simulations®.

4 In practice, N; is also upper bounded as the number of servers of a provider
is always limited.

5 Due to resource constraints, it is impossible for us to conduct Internet-scale
experiments. Therefore we mainly rely on simulations with system parameters
derived from our experiments and empirical trace.
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Fig. 2. Edge-Cloud emulation system.

5.1. Edge-Cloud emulation system

We have built an experimental system to emulate an Edge-Cloud sys-
tem, and based on which we have conducted experiments to derive sys-
tem parameters to drive our simulations. The system consists of a pool
of edge clients (on a number of Raspberry Pi’s [43] and Ubuntu lap-
tops), a system manager (a distributed software component), and a pool
of servers (on a number of Ubuntu workstations), as shown in Fig. 2.
A client at the edge submits its computation tasks to the manager at
the edge who schedules and dispatches received tasks to servers. There
are two types of servers in the system: edge servers and cloud servers,
which respectively belong to edge service providers and cloud service
providers. The edge servers have higher bandwidth and shorter propa-
gation delays (on the paths between them and clients) than the cloud
servers. Once a server receives a task from a client, a Docker container
[6] will be launched on the server to process the task. Once the task is
completed, the server will notify the manager and sends back the result
of the task to the edge client. The communication between the clients,
the manager, and the servers is through Web Application Messaging
Protocol (WAMP) [44], a real-time messaging protocol.

5.2. Determining simulation parameters

We utilize image processing (a typical edge computing application)
in our simulations to investigate the impact of revenue sharing mecha-
nisms. In this subsection, we discuss how to derive system parameters
used in our simulations.

We focus on an object detection application, i.e., a client’s task is to
detect whether a specific object appears in a collection of images. The
client submits a collection of images including the image of the target
object and a number of candidate images in a batch to the system, and
then the system assigns the task to a server. The server launches a Docker
container [6] to process the images using OpenCV [45].

A simulation run is characterized by a group of system parameters:

{T’ NJ(T)’NS’}" fdelay’klatcncy’kbw}’ (17)

where T is the system time duration we simulate; N;(7') denotes the set
of tasks and their arrival times during T; Ng denotes the set of servers; 1
denotes task arrival rate; fg,q, denotes the function to calculate the com-
pletion time of a task; Kjgeenc, denotes a latency factor; and kg, denotes
a bandwidth factor. These parameters are discussed below.

In our simulations, we let the size of a task be a uniform random
number drawn from the range [1,20] MB. We can think of task size in
the context of an object detection application as follows. The average
task size 10 MB (in our simulations) roughly corresponds to a batch of
6 images with a typical image size (about 1.6 MB on a typical smart-
phone). The average task size also roughly corresponds to a collection
of 63 images from the Microsoft COCO image dataset [46] with an av-
erage image size of 159 KB. The value of a task is a number chosen
uniformly at random from range [1,5].
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Fig. 3. Google trace [10].

We assume that tasks arrive at the system in a Poisson process with
rate A (number of tasks per minute). Poisson process is a typical stochas-
tic process used in modeling task arrival process. We choose 1 = 40 per
minute in our simulations, which is the average task arrival rate in
Google cloud trace [10]. Besides the Poisson task arrival process, we also
run simulations of the empirical task arrival process from the Google
dataset, as shown in Section 5.5. With Google cloud data, a task may con-
sist of multiple jobs with different job arrival times. We take the arrival
time of the earliest job of a task as the task’s arrival time. Specifically,
we divide the time duration of the Google task arrival trace [10] into
a sequence of 60-minute time intervals, which is shown in Fig. 3, and
within each interval, we calculate the average number of arriving tasks
per minute. We remove those 60-minute time intervals during which
there is no task arrival, and we observe that over 75 percent of those
60-minute intervals have more than 40 task arrivals per minute. Then
in the simulations, we adopt a task arrival rate of 40 per minute.

The completion time fg,q, Of a task on a server depends on the
server’s CPU and bandwidth (of the path between itself and clients).
Through our experiments on our experimental system, we find that
for the object detection application, the computation time of process-
ing a batch of images is linearly proportional to the size of the batch.
For example, we tested a server in our experiments, which was a Dell
mobile workstation with Intel Core i7 2.60 GHz, 4 cores CPU, and 16
GB memory. We randomly selected n images from Microsoft COCO im-
age database [46] and then ran the object detection application with
OpenCV. Each experimental setting was repeated 10 times. We choose
n = 10,50, 100, 200, 300, and for each n value and each experiment, we
recorded the total size of the batch of images. Let t; (sec) denote the
computation time of processing a batch of images of s; MB. We found
that there was a strong linear relationship between t; and s;, and a linear
regression analysis shows that ¢; = 2.6s;,. We will utilize this function to
calculate the computation time of a task in our simulations reported in
the rest of this section.

A task i has a latency requirement, denoted by L; seconds (i.e., the
maximum allowed delay). It is determined as follows. Let L; 4, denote
the amount of time to complete task i on an average server (i.e., a
server with an average CPU power and average bandwidth to clients
in the system) without considering any queuing delay. Note that L; .,
includes computation time and task transmission time. Assume that
the average upload bandwidth of the paths from clients to servers is
B Mbps, and assume that an average server has a CPU similar to the
one used in our experiments described above. Then, based on our ex-
periments, we found the following empirical functional relationship,
L; qg = 2.65; + (8s;/B) + d,,,, sec, where s; is task i’s size (MB), and the
average propagation delay d,, is negligible compared with computa-
tion and transmission delays. In our experiments, we let the bandwidth
from a client to an edge server be 24 Mbps (i.e., a WiFi environment),
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Fig. 4. Revenue and utility of one provider.

and then we let the bandwidth from a client to a cloud server be 24/ky,,
Mbps, where bandwidth factor k(= 1,2,3, and 4) model the practice
where a cloud server usually has lower bandwidth to clients than an
edge server. In calculating L; q,,, we do not consider the time to trans-
fer results back to clients as the sizes of the results are very small and
negligible®. Then, we let L; be a number chosen uniformly at random
from range [L; 4y Kigtencyli, avgl> Where latency factor kigenc, > 1. The
rationale of choosing such a latency requirement is: a client should not
expect that its task to be completed earlier than what an average server
can offer; and it is reasonable for a client to expect its task to be com-
pleted not iy, times longer than what an average server can offer.
The actual deadline of task i is given by a; + L;, where q; is the arrival
time of task i.

Recall that the utility of a provider p is given by U,(n,) = v,(n,) —
feost(n,). We focus on a linear cost function £, (n,) = a,n, with @, > 0.
Thus, the utility of a provider p is given by U, = v,(n,) — a,n,. We choose
a value for a;, to make the cost of providing a certain number of servers
be comparable to the revenue received due to making those servers
available’. Specifically, we simulated an Edge-Cloud system with an
edge player and a cloud player. We repeated the simulation for vari-
ous combinations of the numbers of edge and cloud servers, with a total
number of servers varying from 2 to 30. Based on these simulation runs,
we choose a,4,, =4 and «,,, =3 for edge and cloud player respec-
tively, when simulation lasts 7' = 60 minutes. We let agq, > ®cjouq> @S
typically a cloud provider can deploy servers with a lower cost due to
its economy of scale compared with edge providers.

5.3. Nash equilibrium and efficiency loss

We next illustrate the existence of Nash equilibrium through a system
that consists of two providers, with a set of tasks arriving in a batch, and
Shapley value mechanism is adopted by the system.

First suppose that the servers of both providers are all identical in
terms of CPU and bandwidth. This game is referred to as a symmet-
ric game. Fig. 4(a) shows the revenue received by a provider by vary-
ing its number of servers in the system, when the other provider places
6 servers in the system. The revenue curve is increasing and concave,
which shows that the provider’s marginal revenue is decreasing even
though its received revenue is increasing due to its increasing number
of servers. Fig. 4(b) shows the utility received by the provider. We see
that due to the decreasing marginal revenue and the increasing cost, the
utility first increases and then drops.

6 If the size of a task’s result is comparable with the task’s size, an edge server’s
advantage over a cloud server is even larger in terms of latency. The delay due
to result transmission will not qualitatively affect our results.

7 As a future work, we will decide empirically the cost coefficient a, by con-
sidering actual operating cost, e.g., power consumption, electricity usage. We
will also study other cost functions that may include investment cost, energy
cost, storage cost, etc.
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Fig. 5. Best response curves of two providers in two games.

Based on the utilities of the two players, we derive their best response
curves [31,38] and draw them in Fig. 5(a). Each point of a player’s
best response curve represents the player’s best strategy in response to
the other player’s strategy. For example, a point on the best response
curve of player 2 to player 1 represents the number of servers (the y-
axis value of the point) that gives player 2 the maximum utility given
that player 1 chooses a certain number of servers (the x-axis value of
the point). Therefore, any intersection point of the two best response
curves represents a Nash equilibrium. Fig. 5(a) shows that the game has
two Nash equilibria (n},n3) = (14,15) or (n},n) = (15, 14), where ny is
the optimal strategy of player 1 with respect to player 2’s strategy nJ,
and vice versa. Our simulation of 3-player games also show the existence
of equilibrium states.

Note that a typical metric to measure a system’s performance at a
Nash equilibrium is efficiency loss [31,47], which is a comparison be-
tween the overall system utility at the equilibrium with the maximum
overall system utility. We use the relative utility loss of an equilibrium
to capture the efficiency loss of the equilibrium, which is defined as

(max(np} 2 U,(n,)) = (zp U;VE("ﬁ]E))
max, | Zp U,n,)

Ulvss = ’ (18)

where p denotes a provider or a player, U 15\] E is the utility of player p
at Nash equilibrium NE, and max n) Zp U,(n,) is the maximum overall

system utility®. For example, in the above game with 50 tasks arriving
in a batch, we observe that the system’s utility loss is around 19.5% at
the unique equilibrium®.

As another example, we change the previous game by setting k,,, = 4
(then the game is asymmetric as the two players have different band-
width). Fig. 5(b) shows the existence of Nash equilibrium in this game.
Note the difference of the settings in Fig. 5(a) and (b). The servers in
Fig. 5(a) are all of the same type (i.e., edge servers), and the servers in
Fig. 5(b) are of two different types (i.e., edge servers and cloud servers).
To execute the same number of tasks, more servers are needed in the
case where only edge servers are available. Thus, the total number of
servers in the system in Fig. 5(a) is greater than the total number of
servers in Fig. 5(b).

Note that our experiments involve a process of finding optimal task
distributions, solving revenue sharing problems, and then finding Nash
equilibria. We find that this is a computationally highly expensive pro-
cess. For example, for the experiments of a system of 50 computational

8 It is the solution of a system-wide utility maximization problem, and the
numbers of servers specified by the solution for the providers may not maximize
their individual utilities.

° In some games, there are two Nash equilibria and they are very close to each
other, similar to the case shown in Fig. 5(a). The existence of multiple equilibria
is due to the discrete nature of strategies (i.e., number of servers). In those cases,
utility loss is calculated as the average of those equilibria.
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tasks with results shown in Fig. 5(b), it took us more than 20 hours to
obtain the Nash equilibrium points under only one type of task distri-
bution and one type of revenue sharing mechanism on a Dell Precision
Tower work station with 8 cores, 3.70 GHz CPU, 64 GB RAM, and a 2 TB
HD. In addition, it took us more than 60 hours on the same Dell work
station to generate experimental results shown in Fig. 6.

5.4. Impact of revenue sharing mechanism

Our extensive simulations have demonstrated the existence of Nash
equilibrium in the game between edge and cloud providers in a wide
range of system/network settings, when tasks arrive in a dynamic pro-
cess. We find that different revenue sharing mechanisms have quite different
impacts on the performance of an Edge-Cloud system, and in general Direct-
contribution-based sharing mechanism results in worse system-level efficiency
than Shapley and Ortmann mechanisms, and both of Shapley and Ortmann
mechanisms have better performance at provider level than at server level.
Due to space limitations, we only present in this section some results of
the game between a cloud player and an edge player, shown in Figs. 6—
8. For ease of exposition, we let the cloud player’s servers differ from the
edge player’s servers only in the bandwidth of the paths between them-
selves and clients, and we let all servers have the same CPU capacity.
Each simulation presented here lasts 7 = 60 minutes, and tasks arrive at
the system in a Poisson process with A = 40 tasks per minute. The results
of our simulations based on the empirical task arrival process in Google
trace [10] are similar to the results presented in this subsection.

5.4.1. Utility loss of shapley and ortmann mechanisms compared at
provider level and serve level

In Fig. 6, we see that Shapley and Ortmann mechanisms both result
in higher system efficiency at provider level than at server level in 79%
cases. This happens due to the fact that the two sharing mechanisms
place more edge servers at Nash equilibria at provider level to improve
the system performance than at server level.

When the cloud player’s transmission bandwidth is significantly
lower than that of the edge player (k,,, = 4), and when tasks have very
stringent latency requirement (i.e., k;4epc, = 1.4), Fig. 6(a) shows that
Shapley mechanism gives the lowest utility loss, near 0% at provider
level, and 1.98% at server level. Recall that Direct-contribution-based
sharing mechanism results in the same utility loss at provider level and
at server level.

5.4.2. Utility loss of direct-contribution-based, shapley, and ortmann
mechanisms at provider level

From above, we know that Shapley and Ortmann sharing mecha-
nisms have better system performance at provider level in general than
at server level. Thus, in this subsection, we compare their performance at
provider level with the performance of Direct-contribution-based mech-
anism.

From Fig. 7, we observe that when the transmission bandwidth dif-
ference between cloud servers and edge servers is small (i.e., k,,, = 1 or
2), and the latency requirement is not stringent (ke = 2, or 4, the
losses of system utility are roughly the same for all three different rev-
enue sharing mechanisms. Note that when the transmission bandwidth
difference between cloud servers and edge servers is 1 (i.e., k;,, = 1),
the only difference between edge servers and cloud servers is the cost
coefficients a,qg, and a jq-

However, when the cloud player’s transmission bandwidth is signif-
icantly lower than that of the edge player (k,,, = 4), Fig. 7 shows that
Direct-contribution-based sharing gives the worst utility loss among all
three mechanisms, across different latency requirement levels (kigency)
of tasks.

10 1f Kygyeney = 2, then 2L; ,, is the amount of time to complete task i (without
queuing delay) on the server with the lowest bandwidth.



Z. Cao, H. Zhang and B. Liu et al.

Computer Networks 176 (2020) 107286

40 40 40
[l Shapley sharing at provider level [l Shapley sharing at provider level [l Shapley sharing at provider level
__ 35 [l Shapley sharing at server level N __ 35 [l Shapley sharing at server level N __ 35 /Il Shapley sharing at server level N
28 [CJOrtmann sharing at provider level 3 [CJOrtmann sharing at provider level 3 [CJOrtmann sharing at provider level
© 30 ||l Ortmann sharing at server level 1 & 30 ||l Ortmann sharing at server level 1 © 30 r| Il Ortmann sharing at server level 1
f= [ = [ =
@ @ @
o025 O 25 ’ L 25 ’
g g g
£20 £20 £20
1] 1] (2]
g 15 g 15 g 15
Z10 Z10 Z10
=] =] =]
5 5 5
0 0 0
ka:1 ka:2 ka:B ka:4 ka:1 ka:2 ka:B ka:4 ka:1 ka:Q ka:B ka:4
kbW = (BW of edge server)/(BW of cloud server) kbW = (BW of edge server)/(BW of cloud server) kbW = (BW of edge server)/(BW of cloud server)

(a) klatency =14

(b) klatency =2

(C) klatency =4

Fig. 6. Utility loss of Shapley and Ortmann Sharing compared at provider and server levels at Nash equilibria.

40 40 40
[l Shapley sharing at provider level [l Shapley sharing at provider level [l Shapley sharing at provider level
__ 35 | Direct-contribution-based 1 __ 35 | Direct-contribution-based 1 __ 35 /Il Direct-contribution-based 1
28 [JOrtmann sharing at provider level g [JOrtmann sharing at provider level g [JOrtmann sharing at provider level
F30f 1 F30f &30 1
f= [ = f=
@ @ @
o025 O 25 o025 1
I} I} o}
a Q a
c20 c20F 20
1] 1] (2]
E 15 g 151 g 15
Z10 210t Z10
=] =] =]
5 5¢ 5 H
0 0 0
ka:1 ka:Z ka:S ka:4 ka:1 kb =2 ka:S ka:4 ka:1 ka:Z ka:S ka:4
kbW = (BW of edge server)/(BW of cloud server) kbW = (BW of edge server)/(BW of cloud server) kbW = (BW of edge server)/(BW of cloud server)
(a) klatency =14 (b) klatency =2 (C) klatency =4
Fig. 7. Utility loss comparison of three sharing mechanisms at Nash equilibria.
30 - 3 4 2
[ Shapley sharing at provider level hapley sharing at provider level hapley sharing at provider level
"g [ Direct-contribution-based > 3.5 | I Direct-contribution-based > [ Direct-contribution-based
g 25 r|[EJOrtmann sharing at provider level 1 3 [C]Ortmann sharing at provider level 3 [CJOrtmann sharing at provider level
* O E %O
=3 5 3 = 15
= 20 ’ = =
[ o 25¢ o
3 3 3
§ 15 ’ S 2r S 1
* @ * g * g
I | o 18] e
s 5 gt °
o o ! S 05
o, ’ o amnmnl Ml :
0 0 0
kbw=1 ka=2 ka=3 kbw:4 wa=1 kbw=2 wa=3 kbw=4 wa=1 kbw=2 ka=3 kbw=4
kbW = (BW of edge server)/(BW of cloud server) kbW = (BW of edge server)/(BW of cloud server) kbw = (BW of edge server)/(BW of cloud server)

(a) klatency =14

(b) klatency =2

(C) klatency =4

Fig. 8. Ratio of the number of servers of the edge player over that of the cloud player at Nash equilibria.

When latency requirement is not stringent (kue., = 2), Shapley
mechanism and Ortmann mechanism have roughly the same utility loss.
When tasks have very flexible latency requirements (k;yn., = 4), the
utility loss of Shapley mechanism is higher than that of Ortmann mech-
anism at provider level.

5.4.3. Numbers of servers at equilibria

In addition, we have also examined the ratio of the number of the
edge player’s servers over the number of the cloud player’s servers at
Nash equilibrium'!. Fig. 8 shows that when the bandwidth difference
between the two players is not big (k,,, = 1 or 2), the edge player has
fewer number of servers at equilibria than the cloud player across all
three different revenue sharing mechanisms and all three different levels
of latency requirements. This is because the edge player’s cost of placing
servers in the system is higher than that of the cloud player.

11 In the case where there are multiple Nash equilibria, the ratio is calculated
as the average of those equilibria, similar to the calculation of utility loss.

When ky,, gets higher (k,,, = 4) and task latency requirement is strin-
gent or normal (kj4,,., = 1.4 or 2), the cloud player will place fewer
number of servers (than the edge player) at equilibria under Shap-
ley or Ortmann mechanism. This is because the cloud player’s servers
are less likely able to meet tasks’ deadline requirements, and the two
revenue sharing mechanisms discourage the cloud player from putting
more servers in the competition. This discouragement leads to a bet-
ter system performance (i.e., lower system utility loss) than the Direct-
contribution-based sharing.

5.4.4. The case of large bandwidth difference (k,,, = 4) and stringent
latency requirements of tasks (kyency = 1.4)

The disadvantage of Direct-contribution-based sharing mechanism is
quite obvious in this case. Fig. 7 (a) shows that its utility loss (20.08%)
is significantly higher than that of Shapley’s (near 0%) and Ortmann’s
(6%). We observe a similar pattern later in Fig. 10.

This can be explained through Fig. 9. Under the Direct-contribution-
based sharing, the very low bandwidth provider (i.e., the cloud player)
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Fig. 9. Revenue of cloud provider with kj,,,., = 1.4, k;,, = 5 and 16 servers of edge provider at Nash equilibria.

still aggressively utilizes many servers in order to gain a high revenue
(as it is rewarded directly based on its actual contributions), which leads
to a very low overall system efficiency, i.e., low overall system utility
at equilibrium states. But Shapley and Ortmann mechanisms discour-
age such an aggressive behavior of the provider with very low band-
width, because in this case, Shapley and Ortmann mechanisms give
penalty instead of reward to the low bandwidth cloud servers. Specifi-
cally, Shapley mechanism will start to assign decreasing or even nega-
tive revenue to cloud servers once the number of cloud servers increases
over a threshold (which implies that placing in the system more cloud
servers with very low bandwidth will bring negative marginal contribu-
tion to the system); and similarly, Ortmann mechanism will assign lower
and lower revenues to cloud servers, which is shown in Fig. 9. There-
fore, compared with Direct-contribution-based mechanism, Shapley and
Ortman mechanisms make cloud player (i.e., the provider with lower
bandwidth) place fewer number of servers in the system. This is also
shown as the higher ratio of the number of edge severs over the number
of cloud servers under Shapley and Ortman mechanims in Fig. 8. Our
results show that in this case, Shapley and Ortmann mechanisms bring
significant more revenue to the system than Direct-contribution-based
sharing at Nash equilibria, which means lower utility loss, as shown in
Figs. 6 and 7. Our finding suggests that Shapley and Ortmann mecha-
nisms, the two mechanisms that distribute revenue based on marginal
contributions instead of directly on actual contributions, can help im-
prove a system’s overall utility in the face of the self-interested behavior
of providers.

5.5. Similar results from google cloud trace
We have also conducted simulations based on Google cloud trace

data [10]. We pre-process the data, as described in Section 5.2. Each
simulation presented in this section lasts 7= 1200 minutes. Here we
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Fig. 10. Utility loss and ratio of the number of servers of the edge player over
that of the cloud player at Nash equilibria.

report results when latency requirement level k,,,,., = 2, and the trans-
mission bandwidth difference between cloud servers and edge servers
being k,,, = 1,2,3,4. The cost coefficients of edge and cloud player are
®pgge = 4 and a4 = 3 respectively.

Fig. 10 shows our simulation results based on Google data, and these
results are consistent with the results of our simulation reported in pre-
vious subsections. Both Shapley and Ortmann sharing mechanisms per-
form better at provider level than at server level. They both have less
utility loss at Nash equilibria than Direct-contribution-based sharing.

5.6. Results of simulations with more than two players

We have also conducted simulations with more than two players.
Here we present the results of the game with the following settings:
three players with one cloud player and two edge players, three play-
ers with one edge player and two cloud players, and four players with
two edge players and two cloud players. For the three settings, we have

35 T T T T 45 T T T T 40 T T T T
[l Shapley sharing at provider level [l Shapley sharing at provider level [l Shapley sharing at provider level
L Direct-contribution-based Direct-contribution-based 1 r Direct-contribution-based

_30 |/ __ 40| _35/
N [JOrtmann sharing at provider level g35 [Jortmann sharing at provider level 1 S [JOrtmann sharing at provider level
o] [} < 30
c25¢ < 30 <
S S Sos|
820 825 g
£ £ £207
o 15F & 20 -
8 3 815t
Ke] 915 Ke]
>10 > >
= £10 £107
) D )

5| 5 5

0 0 0 N

kbw=1 kbw=2 kbw=3 kbw=4 kbw=1 kbw=2 kbw=3 kbw=4 kbw=1 kbw=2 kbw=3 kbw=4
kbW = (BW of edge server)/(BW of cloud server) kbw = (BW of edge server)/(BW of cloud server) kbW = (BW of edge server)/(BW of cloud server)

(a) 2 edge players, 1 cloud player

(b) 1 edge player, 2 cloud players

(c) 2 edge players, 2 cloud players

Fig. 11. Utility loss comparison of three sharing mechanisms at Nash equilibria with more than two players and k., = 1.4.
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latency requirement level k,,,., = 2, and the transmission bandwidth
difference between cloud servers and edge servers being k;,, = 1,2,3,4.
For ease of exposition, we let the servers belonging to different cloud
players have the same CPU capacity and the bandwidth of their paths
to clients are the same. And we let the servers belonging to different
edge players have the same capacities as well. The bandwidth of edge
servers’ paths to clients are also the same. The cost coefficients of edge
and cloud players are a,,,, = 4 and a,,,4, = 3 respectively.

The system utility loss of a system and the number of servers of differ-
ent players at Nash equilibrium states are shown in Fig. 11 and Fig. 12.
Specifically, Figs. 11(a) and 12(a) show the results of the game be-
tween one cloud provider and two edge providers. Figs. 11(b) and 12(b)
show the game between one edge provider and two cloud providers.
Figs. 11(c) and 12(c) show the game between two edge and two cloud
providers. The results reported in these figures are consistent with the
conclusion in the previous sections. That is, at system equilibrium states,
marginal contribution based sharing mechanisms give better system per-
formance than Direct-contribution-based sharing mechanism.

Summary. Marginal contribution based sharing mechanisms, i.e.,
Shapley sharing and Ortmann sharing, give better system-level per-
formance than Direct-contribution-based sharing mechanism at system
equilibrium state, despite that providers game with the system to pursue
their self-interested optimization goals.

6. Conclusions and future work

We have proposed a game-theoretic framework to explore the design
of revenue sharing mechanism in an Edge-Cloud system in which edge
providers and cloud providers compete with each other and game with
the system in order to maximize their own utilities. We have shown the
existence of Nash equilibrium in the game between providers, and we
have found that at equilibrium system state, the revenue sharing mech-
anism based on marginal contributions of providers can result in signif-
icantly better system performance than revenue sharing based directly
on actual contributions of providers. We have provided fundamental
insights into the design of revenue sharing mechanisms to deal with
self-interested providers. For example, under Direct-contribution-based
sharing, a provider with very low transmission bandwidth attempts to
place as many servers as possible in the system (as it is rewarded di-
rectly based on its actual contribution) even when doing so actually
hurts the overall system performance. On the other hand, the revenue
sharing based on marginal contributions discourage a low bandwidth
provider from aggressively offering many servers by setting its revenue
share as a decreasing function of its offered resources. In addition, our
non-cooperative game theoretic framework and revenue sharing mech-
anism design can also be adopted by the giant players, such as AWS,
Azure, and IBM Cloud, in today’s cloud/edge computing market where
customers may place their application jobs on the servers/data centers
of different major providers, a so-called multi-cloud approach.

For future work, we will conduct further theoretic analysis, study
dynamic game playing processes, and conduct large scale experiments
of Edge-Cloud systems.
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