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Abstract—Task offloading has been proposed and studied to
overcome the problem of energy and computation constrained
terminals. Computationally intensive tasks are often parallelable,
and therefore the execution time can be further improved
via a coded distributed computing (CDC) approach, as CDC
offers robustness against stragglers by introducing redundant
computational tasks. In this paper, we study a user-centric
task offloading problem, in which the edge performs the of-
floaded computation with CDC. Furthermore, the extent of the
straggler’s effect on servers is also unknown to the user. This
requires users to explore server and code settings of the CDC,
and “opportunistically” select the best combo to maximize the
utility. For simplicity, we refer to this scenario as opportunistic
coded distributed computing. We formulate the problem as an
evolutionary game in which each user is self-interested. The
payoff is calculated based on the monetary cost of CDC-as-
a-Service and total delay, weighted by user-defined parameter
values. For the game solution, an evolutionary stable equilibrium
(ESS) is used, i.e., probabilistic joint selection of server and
code configuration. To obtain the ESS, we present an iterative
algorithm based on the revision protocol. A theoretical analysis
of equilibrium in terms of existence,uniqueness, stationarity, and
stability is provided. Numerical simulations are conducted to
support the theoretical findings and the adaption of equilibrium
states to the hyper-parameters.

Index Terms—mobile edge computing, task offloading, com-
putation offloading, coded distributed computing, evolutionary
game theory

I. INTRODUCTION

With the advent of 5G networks and the deployment

of Artificial Intelligence (AI), more and more data-hungry,

computation-intensive, AI-empowered applications will be

realized at the edge of the network, e.g., the Internet of

Things (IoT), Unmanned Aerial Vehicles (UAVs), and smart
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vehicles [1]. Those applications include but are not limited to

augmented reality (AR), virtual reality (VR), online games,

deep-learning-enabled applications such as object recognition,

dynamic route maximization, speech translation, and context-

aware recommendations. Such applications significantly in-

crease the demand for computation at the edge. To overcome

the problem of constrained energy and computation of end

terminals, task offloading, i.e., offloading large amounts of

computation from end-terminals to nearby edge servers, is a

promising solution [2]. However, to meet the more stringent

requirement for Quality-of-Service (QoS), advanced latency-

reduction methods for offloaded tasks are still needed.

Parallelable tasks, such as matrix multiplication, data pre-

processing, and gradient computing, are highly involved in

computationally intensive tasks [3]. Therefore, distributed
computing is a promising way to further reduce the com-

putational delay when offloaded tasks are parallelable [4].

In distributed computing, the completion time of a task is

determined by the slowest worker to send results back to

the master. When worker nodes significantly delay sending

results back to the master, they become so-called stragglers.

The straggler effect is known to be a critical challenge in

distributed computing, more prevalent on cheaper clusters [5].

To mitigate the straggler problem, coded distributed com-
puting (CDC) has recently received a lot of interest [3], [6].

CDC has been known for its robustness against stragglers by

introducing redundancy in sub-tasks via coding techniques,

e.g., erasure code [4]. In CDC, a master node recovers the

result from a subset of worker nodes, instead of waiting

for all workers nodes to complete. Thus, the performance of

distributed computing can be further improved by CDC. This

inspired us to improve the offloading solutions by taking the

advantage of the CDC. However, the extent of redundancy

against stragglers in CDC is dependent on the code configu-
ration, which could be optimized for offloaded tasks.

In this paper, we study a user-centric task offloading prob-

lem, in which users have large parallelable tasks to compute,

and the edge servers offer CDC-as-a-Service. The code config-

uration is user-defined, reflecting users’ different preferences

for the robustness against stragglers in different offloaded

tasks. As the extent of the stragglers effect and robustness

20
21

 In
te

rn
at

io
na

l W
ire

le
ss

 C
om

m
un

ic
at

io
ns

 a
nd

 M
ob

ile
 C

om
pu

tin
g 

(IW
CM

C)
 |

 9
78

-1
-7

28
1-

86
16

-0
/2

1/
$3

1.
00

 ©
20

21
 IE

EE
 |

 D
O

I: 
10

.1
10

9/
IW

CM
C5

13
23

.2
02

1.
94

98
94

7

Authorized licensed use limited to: Sungkyunkwan University. Downloaded on March 08,2023 at 11:33:46 UTC from IEEE Xplore.  Restrictions apply. 



Figure 1. The proposed system model. MEC network consists of multiple
edge servers. Edge servers that co-locate with access points are master nodes,
connecting to other edge servers called worker nodes. Master nodes are
responsible for collecting tasks from terminals, splitting the original tasks
and encoding the sub-tasks according to the requested code configuration, and
transferring sub-tasks to worker nodes, which perform the heavy computation.

brought by redundancy is unknown to users, this requires

users to explore different combinations of server and code

configurations, such that their expected utility is maximized.

To reflect the uncertainty of this exploration phase, we refer

to this scenario as opportunistic coded distributed computing.

We adopt a game-theoretical approach, a valuable frame-

work for decentralized optimization, where players self-

organize into mutually satisfying decisions in a competitive

environment. To avoid the issue in traditional non-cooperative

game theory, i.e., whether human beings can conform to

the ideal of full rationality, we use a completely different

approach, evolutionary game theory [7], in which success-

ful strategies spread in the population, and less successful

strategies wither, given reproductive fitness is derived from

payoff. Such reproducing dynamics are similar to biological

reproduction and do not require rational agents or other forms

of cognitive abilities. Moreover, we take a stable evolutionary

equilibrium (SEE) as the solution to the game. In summary,

our main contributions to this paper are three-fold:

• We study a new user-centric task offloading problem, in

which users have large parallelable tasks to compute and

the edge servers provide CDC-as-a-Service. Using CDC,

the total delay of offloaded tasks can be significantly re-

duced. As the effect of stragglers and code configuration

is unknown, a user needs to explore server and code

configurations jointly, and “opportunistically” select the

best combo to maximize the utility.

• As the edge resources are finite, the problem is formu-

lated as an “opportunistic coded distributed computing

game” in the context of an evolutionary game. The

solution to the game is a stable evolutionary equilibrium.

• We provide a theoretical analysis of the solution of the

game, including uniqueness, existence, and stability with

supporting evidence from extensive numerical results.

This paper is organized as follows. Section II reviews the

related works. Section III introduces the system model and

problem formulation. Section IV presents the evolutionary

game formulation and theoretical analysis of the equilibrium.

Section V presents the performance evaluation of our pro-

posed game-theoretical decentralized optimization approach.

Section VI summarizes the main findings.

II. RELATED WORK

A. Task Offloading

Generally, how to optimally offload multiple tasks to mul-

tiple edge computing clouds is known to be an NP-hard com-

binatorial problem, various sub-optimal computational task

offloading schemes have been proposed, e.g., binary (on-off)

task offloading [2], [8], and partial task offloading [9], [10].

However, these approaches are not optimized for parallelable

tasks, such as matrix-vector multiplication, widely used in data

analytics algorithms. Those algorithms include principal com-

ponent analysis (PCA), collaborative filtering (CF), logistic

regression and convolutional neural network (CNN) [3].

B. Coded Distributed Computing (CDC)

CDC is a promising technique to tackle the straggler

problem in distributed computing [4], [6], [11]. The study

in [4] is the first to propose using erasure code (repetition

code and MDS code) to speed up distributed computing. It

considers in a homogeneous setup where workers and local

data blocks are the same. In contrast, the study in [6] focuses

on heterogeneous settings that allow different workers to

receive different amounts of local data. A hierarchical coded

computation scheme is proposed in [11] to make full use of

the partial results of stragglers. However, these methods are

based on a centralized approach and user-centric factors are

not considered. Furthermore, the competition for limited edge

resources is not considered. Furthermore, the competition of

limited edge resources is not considered.

III. SYSTEM MODEL

In this section, we introduce the system model of op-

portunistic coded distributed computing. We consider a set

I = {1, 2, . . . , n} of n users, and a set P = {1, 2, . . . , p}
of p access points (APs) where edge servers are co-located.

Users can be further grouped into a set G = {1, 2, . . . , g} of

g populations, where users within a population are homoge-

neous, in terms of task request rate, task size, and sensitivity to

delay. Computational tasks published by the users are assumed

to be parallelable. To meet the stringent QoS requirements

and overcome the computation limitations, users who want

to offload large computations to edge servers, would further

request a CDC paradigm to accelerate the performance. Edge

servers in the MEC network are expected to offer CDC

services for monetary gains. The code configurations of CDC

are subject to user input. The Maximum Distance Separable

(MDS) code [4] is used in this paper. The configuration of

the MDS code is a tuple of positive integers, (n, k), where

n ≥ k ≥ 1. The definition of CDC (with MDS code) is given

in detail as follows:

Definition 1 (MDS-CDC). CDC utilizing MDS code (n, k)
includes the following steps:
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1) Encoding and Dispatching: the original task is divided

into k components of equal size by the master node.

Then, an (n, k) MDS code is applied to each component,

and a set [n] := {1, 2, . . . , n} of n encoded sub-tasks

are obtained and then transferred to n worker nodes.

2) Local Computation: n nodes perform the computations

with local computation functions 〈f i
Ai
(·)〉ni=1 and local

encoded data blocks 〈Ai〉ni=1. Upon completion of the

local computing, the worker node sends the result back

to the master node.

3) Decoding: a decoding function dec(·) is applied to a

minimal decodable set I of workers to correctly recover

the original results, where I ⊂ P([n]) and P([n]) is the

power set of [n]. In a CDC utilizing MDS code (n, k) ,

the decodable set I is any k worker nodes.

Note that the code configuration (n, k) collectively affect

MDS-CDC performance. A larger k leads to a smaller local

data block Ai, less local computing time, but a large decodable

set I and more stragglers effects.

Let Qp = {(n1, k1), . . . , (nqp , kqp)} be a set of qp code

configurations available in the AP p ∈ P . A user can explore

different access points and their available code configurations

to maximize her utility. For the sake of convenience, we refer

to the joint selection of the AP and code configuration (n, k, p)
as a service. Let Q =

⋃
p∈P Qp = {s = (n, k, p)|p ∈

P, (n, k) ∈ Qp} be the set of all services edge servers can

provide. All services are assumed approachable for a user.

A. Expected Run-time of an MDS-CDC task

In this section, we provide a run-time model of a CDC

task with MDS code (n, k). According to the Definition 1, its

run-time is k-th response from n nodes. Therefore, we first

introduce a run-time model of a single node and then extend

the model to the k-th response.

Probabilistic Run-time of a Single Node. Let Ti denote

the stochastic run-time (in seconds) of the working node i,
and assumes that the run-times of n nodes T1, T2, . . . , Tn

are statistically independent. Previous works (e.g., [4], [6])

proposed Ti follows a shifted exponential distribution and the

correctness of the proposition was verified by empirical studies

on Amazon EC2 clusters in [4]. The cumulative distribution

function (CDF) of Ti in [6] is:

Pr [Ti ≤ t] = 1− e
−μi

li
(t−Li�i), (1)

where μi is the straggler parameter of node i representing

any reason for delay, e.g., communication, system failure,

computation, and li is the number of row vectors allocated

to the node i, a measure of the size of the local data block

Ai given in the Definition 1. To make the scenarios simpler,

we consider the scenario where helper workers utilized by a

service s have same straggler parameters value, μs. Let D/k
the data size allocated to each node, where D is the original

data size. Thus, the CDF of a single node utilized by the

service s F (t|s) can be modified from (1) as follows:

F (t|s) := F (t|s;D,μs, L) = 1− e−
μs

D/k
(t−LD

k ). (2)

Probabilistic Run-time of the k-th Node. Next we give

the run-time model of k-th response from n nodes. Given

the workers of a service is homogeneous, k-th response is

equivalent to a k-th order statistic as follows:

f(k)(t|s) = nf(t|s)
(
n− 1

k − 1

)
F (t|s)k−1(1−F (t|s))n−k, (3)

where f(t|s) is the probability density function (pdf) of F (t|s)
in eq. (2). The mean run-time for a service s is:

E1(s;D,μs, L) = ETcoded|s∼f(k)
[Tcoded|s]

=

∫ ∞

t=L∗D/K

nf(t|s)
(
n− 1

k − 1

)
F (t|s)k−1

(1− F (t|s))n−kdt. (4)

B. Queuing Delay

According to definition 1, data sent to the edge with a

CDC request must be encoded and distributed to multiple

workers before the actual computation. We assume that differ-

ent CDC services can perform the above steps independently

and simultaneously; however, tasks under the same CDC

services need to form the queue because the edge resources are

limited. We assume this is an M/M/1 queuing model, e.g.,

for transferring data to remote computing units in the edge

computing environment. Therefore, the mean sojourn time is:

Es =
δ

θs − λ̃s

=
δ

θs −
∑

u∈I λu ∗ I{d(u) = s} , (5)

where δ denotes the equivalent unit time in seconds, θs denotes

the rate of encoding and distribution of a particular CDC

service s, λ̃s denotes the aggregated task arrivals rate, and

d(·) : I → Q denotes a mapping from a user to her selected

services s ∈ Q, i.e., d(u) = s. Therefore, the total delay of

service s requested by the user u is:

E(s;u) = Es + E1(s;D,μs, L) (6)

C. Total Cost

Assume that the resource is utilized at a cost, and the price

charged per service s ∈ Q is a constant, denoted by ψs. Similar

to previous work [8], two objectives are combined into a single

term, total cost C, via weighted sum:

C(s;u) := αuE(s;u) + (1− αu)ψs (7)

where αu is a user-based hyper-parameter representing the

sensitivity of monetary cost over latency. Thus,the problem

becomes an integer programming:

min
s

∑
u∈I

Cu(s;u)

s.t. λ̃s < θs, ∀s ∈ Q
(8)

Optimal solutions to eq. (8) can be achieved by enumeration,

which requires high computational complexity. To reduce

complexity, we propose a decentralized solution, namely an

evolutionary game approach, described in the section below.
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IV. EVOLUTIONARY GAME THEORY (EGT)

In this section, we first propose a formulation of the oppor-

tunistic distributed computing game. Second, an evolutionary

stable strategy (ESS) is provided based on replicator dynamics.

We then provide a theoretical analysis of the ESS and describe

the implementation of the algorithm.

A. Game Formulation

In EGT, each player is programmed to play a strategy, and

can be grouped into population based on the same properties.

Population states, representing the distribution of strategies in

the population, are identical to the mixed-strategy in static-

payoff game. A opportunistic coded distributed computing

game G = (I,Θ, f), defined by a set of players I , a strategy

space Θ, and a combined payoff function f as follows:

• players and population: equivalent to the set of users I
(|I|= n) and the set of population G (|G|=g) defined in

the system model. Let nj denote the size of a population

j ∈ G, then we have
∑g

j=1 nj = n.

• pure strategy: equivalent to the set of services Q defined

in the system model. For notational convenience, the set

is re-labeled as Q = {1, 2, . . . ,m}.

• population states: is the vector xi = (xi1, . . . , xim) ∈
Δ, ∀i ∈ G, where xik is the portion of players selecting

the CDC service k in population i, and Δ = {xi ∈ R
m
+ :∑m

k=1 xik = 1} is the simplex composed of all possible

population states in a single population. Let Θ = Δg

be the mixed-strategy space of g population, and x :=
(x1, x2, . . . , xg) ∈ Θ be the mixed-strategy profile.

• payoff: equivalent to the negative of total cost in eq. (7).

Let fik : Θ → R be the payoff function for a strategy

k ∈ Q in population i ∈ G, then fik(x) = −C(k; i), i.e.,

fik(x) = −αi

(
E1(k) +

δ

θk −∑
i∈G λinixik

)

− (1− αi)ψk. (9)

Let fi(Θ) = (fi1(Θ), . . . , fim(Θ)) be the collective pay-

offs from population i, and f(Θ) = (f1(Θ), . . . , fg(Θ))
the payoffs vectors of the multi-population.

B. Revision Protocol

In the context of EGT, the probability of selecting a strategy

for a user can be adapted through learning from other players.

The adaption process, reflected by the evolution of population

states, can be modeled by a framework called the revision
protocols, which captures the conditional switch rate from one

strategy to another. The most popular protocol is replicator
dynamics / pairwise proportional imitation protocol leading

to a system of Ordinary Differential Equations (ODEs):

ẋik := ηxik(fik(x)− f̄i(x)) ∀i ∈ G, k ∈ Q, (10)

where f̄i(x) :=
∑

k∈Q fik(x)xik is the average payoff for the

population i, and η ≥ 0 is the learning rate. The right-hand

side of eq. (10) defines the associated vector field φ : Rg×m →
Rg×m for each population i, where φik(x) = xik(fik(x) −

f̄i(x)). Let T = (0,+∞) denote the domain of evolutionary

time, and ξ(·, x0) : T → Θ be the (local) solution to eq. (10)

such that
dξ(t,x0)

dt = φ[ξ(t, x0)].

Proposition 1. The right-hand side of eq. (10) defines the

associated vector field φ : Rg×m → Rg×m for each population

i, where φik(x) = xik(fik(x)− f̄i(x)). Vector fields φ of the

replicator dynamics eq. (10) satisfy the Lipschitz condition.

Proof. A brief proof is provided due to the limited space.

To prove the Lipschitz condition, we can instead show

there exists some contestant M such that
∣∣∣ ∂φik

∂xjh

∣∣∣ =∣∣∣ ∂xik

∂xjh
+ xik(

∂fik(x)
∂xjh

− ∂f̄i(x)
∂xjh

)
∣∣∣ ≤ M , for all x ∈ Θ. This can

be shown by the boundedness of ∂xik

∂xjh
, fi and

∂fi(x)
∂xjh

given

as follows: (1)
∣∣∣ ∂xik

∂xjh

∣∣∣ ≤ 1, with maximum value achieved

only when (i, k) = (j, h); (2) the variable component in

fik,
∣∣∣ δ
θk−

∑
i∈G λinixik

∣∣∣ is less than
∣∣∣ δ
θk

∣∣∣, thus fik together

with its weighted sum fi are bounded; (3)
∣∣∣∂fik(x)∂xjh

∣∣∣ =∣∣∣ δ
(θk−

∑
i∈G λinixik)2

∣∣∣
∣∣∣∑i∈G λini

∂xik

∂xjh

∣∣∣ ≤
∣∣∣ δ
θk

∣∣∣ ∣∣∑i∈G λini

∣∣,
which is a constant independent of x.

Theorem 1. A unique solution ξ(·, x0) exists for every initial

state x0 ∈ Θ to the system of ODEs eq. (10).

Proof. Based on proposition 1, the vector field φ is Lipschitz

continuous on Θ. By the Picard-Lindelöf theorem, the above

conclusion is derived directly.

After proving the solution ξ(·, x0) exists for any initial state

x0 in eq. (10), we proceed to identifying the solution to the

opportunistic coded distributed computing game. i.e., a set of

stable and stationary states x ∈ Θ in eq. (10). We start with

the the stationary states.

a) Stationarity: Stationary states ΘST is a set of states

x ∈ Θ such that if the initial point x0 ∈ ΘST , then we have

ξ(t, x0) = x0 for t ≥ 0. Based on the replicator dynamics in

eq. (10), the stationary states can be identified by letting

ẋik = 0 ∀i ∈ G, k ∈ Q. (11)

More specifically, eq. (11) is achieved via either xik = 0
or fik(x) = f̄i(x). The former condition leads to a set of

boundary stationary points (i.e., pure strategy lies on the

vertex of the polyhedron Θ), and the latter leads to a set of

interior stationary points, i.e., xik �= 0 and fik(x) = f̄i(x).
This leads to the discussion of stability of states, i.e., whether

the selection probabilities of CDC service at the equilibrium

stage are robust to small disturbance, e.g., mutant strategy.

b) Stability: Two terms relate to the concept of stability:

The most basic concept is Lyapunov stability, frequently re-

ferred to as stability for short. Intuitively, a state x is Lyapunov
stable if no small perturbation of the state induces a movement

away from x. Another term is asymptotically stable if the state

is Lyapunov stable and all sufficiently small perturbations of

the state induce a movement back toward x (reflected in the

vector field), i.e., there exist a neighborhood B∗ such that
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limt→∞ ξ(t, x0) = x for all x0 ∈ B∗ ∩ Θ [7]. It is not hard

to verify that the boundary stationary points are not stable.

Therefore, we only consider interior stationary points.

Theorem 2. The interior stationary points identified in eq. (11)

are asymptotically stable.

Proof. Based on the Lyapunov direct method, we need to

prove the time derivative of the Lyapunov function is strictly

negative. Let x∗ = (x∗
ik)i∈G,k∈Q denote the interior evolution-

ary equilibrium and eik(t) = x∗
ik−xik(t) be the error function

over time t. Define the Lyapunov function Vik : T → R+ with

Vik(t) =
e2ik(t)

2 , then the time derivative of Vij is:

V̇ij = eik ˙eik = −eik ˙xik = −eik(t)ηxik(fik(x)− f̄i(x)).
(12)

When fik(x) − f̄i(x) > 0, the population ratio xik will in-

creases, hence eik(t) = x∗
ik−xik(t) > 0. As xik �= 0, we have

V̇ij < 0. Same results can be derived when fik(x)−f̄i(x) < 0.

Based on the Lyapunov stability theory, the interior stationary

point is asymptotically stable.

Theretofore, ẋik = 0 leads to a set of stable and stationary

point, at which the strategy selections of different population

converge to a set of interior evolutionary equilibrium, i.e. ESS.

C. Implementation

The replicator dynamics in eq. (10) can be implemented

via an iterative algorithm, as shown in Algorithm 1. In this

algorithm, we assume that the average payoff of each popula-

tion is available to each of the users in the same population.

The algorithm is a nested loop, and hence the complexity is

O(mg), where g = |G|,m = |Q|.

Algorithm 1: Joint AP and Code Configuration Selec-

tion Following the Replicator Dynamics

Initialization: ∀i ∈ I , randomly assign a strategy

k ∈ Q; a small positive learning rate η; convergent

threshold ε; MAX COUNT;

t ← 1;

while |xij(t)− xij(t− 1)|≥ ε and t ≤ MAX COUNT
do

for i ∈ G do
k ← Rand(1,m) Randomly selects a service

k ∈ Q;

Calculate the payoff fik according to (9);

After the player receives information on payoff

from all players in the same group, calculate

the average payoff f̄i ;

Determine whether to swich to other strategy h
according to the below revision protocol (10);

end
Update t ← t+ 1

end
Result: Population States x at the equilibrium stage;

convergent payoffs f

Table I
SIMULATION PARAMETERS

Service n k AP μ ψ θ

s321 3 2 1 1 1 90
s322 3 2 2 1.2 1 100
s422 4 2 2 1.2 1 90

Population No. of users α λ strategies

1 80 0.8 1 {s321, s322, s421}
2 60 0.5 0.5 {s321, s322}
Dynamics δ η

600 seconds 0.01

(a) Case 1 (b) Case 2

Figure 2. Vector Field of the System and ESS

V. PERFORMANCE EVALUATION

In this section, we describe numerical simulations to evalu-

ate the performance of service selections under different sce-

narios in the opportunistic coded distributed computing game.

For ease of presentation, we consider an edge computing

environment with two APs (i.e., p = 2) and two population of

users (i.e., g = 2); however, the model is general and can be

extended without significant overhead incurred. Assume the

master co-located with AP 2 can approach to workers with

higher computational capability, reflected by a larger straggler

parameter μ [6]. A higher latency-sensitivity is assumed for

population 1. Table I summarizes the parameter values for

population, service and replicator dynamics.

A. Equilibrium Stability

We first analyze the dynamic behavior of populations using

vector fields (VF). The VF φ specifies the direction and

velocity of change of the population states, at each point x
in the state space Θ. To visualize the result, we consider two

scenarios. Case 1: only population 1 is considered in the game.

Case 2: both population 1 and 2 are included in the game.

Note that population states in each population are subject to∑
k∈Q xik = 1, ∀i ∈ G, so only first |Q|−1 states need to be

analyzed, and the last state of each population can be inferred

accordingly. As shown in the Fig. 2, VFs of both scenarios

are clearly Lipschitz continuous, so the systems has a unique

solution through every population state in the state space, and

any unstable strategy will follow arrows in the VF to reach

the ESS (marked by the black dot), i.e. asymptotically stable.
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Figure 3. Equilibrium Adaptation

B. Adaption of Evolutionary Equilibrium

Then we analyze evolutionary equilibrium adaptation in

Case 2 when certain system parameters change. Specifically,

variation in the number of user in a population is studied. We

fix n2, the size of population 2 and vary n1, the size of the

population 1 from 80 to 140.

Fig. 3(a) shows that congestion status of each service,

indicated by the task arrival rate, increases linearly with n1.

This is to be expected, since more users appear in the game,

more tasks are expected to offloaded to edge servers. Fig. 3(b)

shows that when n1 is small, the portion of service s422 in ESS

is larger in population 1. As users in population 1 are highly

sensitive to delays, s422 can provides the fastest computation

at the cost of more redundant blocks (n − k). However, the

increase of n1 leads to the congestion of s422, offsetting the

benefit of latency reduction brought by the coding techniques.

Therefore, when n1 increases, the proportion of s422 in ESS

decreases, while that of s322 and s321 increases.

Fig. 3(c) shows that changes in the number of users in

population 1 also affect the service selection at equilibrium

stage in population 2. This is due to s321 and s322 are shared

edge resources. Population 2 is a group of users who are

not sensitive to latency, and hence are not interested in ex-

ploring various code configurations. Their code configuration

of interest is assumed to be (n = 3, k = 2) (Table I).

Both APs provide such a code configuration, and the users

in population 2 need to explore which AP to offload the task

to. As a higher computational capability is assumed for edge

servers connected to AP 2, users in population 2 prefer s322
when it is not very congested. However, when more users in

population 1 adapt their strategy to s322, it becomes congested,

and the benefit brought by the higher computational capability

decreases. This leads to fewer users selecting AP 2.

Fig. 3(d) compares the proposed method and the baseline

method in terms of average cost per user. Baseline is based

on optimal decision profiles obtained by brute-force search,

i.e., enumerating all possible decision profiles and finding the

profiles that lead to the minimum total cost while satisfying

the constraints in (8). The average costs obtained by the two

methods are similar (Fig. 3(d)). Given the integer constraint of

decisions, the optimal solution yields a slightly higher average

cost than the proposed method. Compared to optimal solutions,

decentralized solutions are more efficient with significantly

less complexity and can be implemented more easily when

the number of access points and code configuration increases.

VI. CONCLUSION

We proposed a new method, opportunistic coded distributed
computing in this paper to address the delay issue in the

user-centric task offloading problem. Evolutionary game was

used to model the dynamic process of users’ strategies with

bounded rationality. We formulated the user utility based

on the monetary cost of CDC-as-a-Service and total delay.

We implemented the iterative algorithms based on replicator

dynamics and performed numerical evaluations to obtain a

game solution. These results confirmed the stability of the

evolutionary equilibrium and its adaptation under various

hyper-parameter values. The proposed method can be extended

to larger decision profiles with low complexity. More complex

scenarios, e.g., with only partial payoff information or collab-

oration among edge servers, can be studied for future works.

REFERENCES

[1] W. Y. B. Lim, N. C. Luong, D. T. Hoang, Y. Jiao, Y.-C. Liang, Q. Yang,
D. Niyato, and C. Miao, “Federated Learning in Mobile Edge Networks:
A Comprehensive Survey,” IEEE Communications Surveys Tutorials,
vol. 22, no. 3, pp. 2031–2063, 2020.

[2] T. Q. Dinh, J. Tang, Q. D. La, and T. Q. S. Quek, “Offloading in
Mobile Edge Computing: Task Allocation and Computational Frequency
Scaling,” IEEE Transactions on Communications, vol. 65, no. 8, pp.
3571–3584, 2017.

[3] K. T. Kim, C. Joe-Wong, and M. Chiang, “Coded Edge Computing,” in
IEEE INFOCOM 2020, Jul. 2020, pp. 237–246.

[4] K. Lee, M. Lam, R. Pedarsani, D. Papailiopoulos, and K. Ramchan-
dran, “Speeding Up Distributed Machine Learning Using Codes,” IEEE
Transactions on Information Theory, pp. 1514–1529, 2018.

[5] J. Dean, G. Corrado, R. Monga, K. Chen, M. Devin, M. Mao,
M. Ranzato, A. Senior, P. Tucker, K. Yang, Q. Le, and A. Ng, “Large
Scale Distributed Deep Networks,” Advances in Neural Information
Processing Systems, 2012.

[6] A. Reisizadeh, S. Prakash, R. Pedarsani, and A. S. Avestimehr, “Coded
computation over heterogeneous clusters,” IEEE Transactions on Infor-
mation Theory, vol. 65, no. 7, pp. 4227–4242, 2019.

[7] J. W. Weibull, Evolutionary game theory. MIT press, 1997.
[8] H. Guo, J. Liu, J. Zhang, W. Sun, and N. Kato, “Mobile-Edge Computa-

tion Offloading for Ultradense IoT Networks,” IEEE Internet of Things
Journal, vol. 5, no. 6, pp. 4977–4988, 2018.

[9] Y. He, J. Ren, G. Yu, and Y. Cai, “D2d communications meet mobile
edge computing for enhanced computation capacity in cellular net-
works,” IEEE Transactions on Wireless Communications, vol. 18, no. 3,
pp. 1750–1763, 2019.

[10] Y. Wang, M. Sheng, X. Wang, L. Wang, and J. Li, “Mobile-edge com-
puting: Partial computation offloading using dynamic voltage scaling,”
IEEE Transactions on Communications, vol. 64, no. 10, pp. 4268–4282,
2016.

[11] N. Ferdinand and S. C. Draper, “Hierarchical coded computation,” in
2018 IEEE International Symposium on Information Theory (ISIT).
IEEE, 2018, pp. 1620–1624.

Authorized licensed use limited to: Sungkyunkwan University. Downloaded on March 08,2023 at 11:33:46 UTC from IEEE Xplore.  Restrictions apply. 



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles false
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.7
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize false
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo false
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts false
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
    /Arial-Black
    /Arial-BoldItalicMT
    /Arial-BoldMT
    /Arial-ItalicMT
    /ArialMT
    /ArialNarrow
    /ArialNarrow-Bold
    /ArialNarrow-BoldItalic
    /ArialNarrow-Italic
    /ArialUnicodeMS
    /BookAntiqua
    /BookAntiqua-Bold
    /BookAntiqua-BoldItalic
    /BookAntiqua-Italic
    /BookmanOldStyle
    /BookmanOldStyle-Bold
    /BookmanOldStyle-BoldItalic
    /BookmanOldStyle-Italic
    /BookshelfSymbolSeven
    /Century
    /CenturyGothic
    /CenturyGothic-Bold
    /CenturyGothic-BoldItalic
    /CenturyGothic-Italic
    /CenturySchoolbook
    /CenturySchoolbook-Bold
    /CenturySchoolbook-BoldItalic
    /CenturySchoolbook-Italic
    /ComicSansMS
    /ComicSansMS-Bold
    /CourierNewPS-BoldItalicMT
    /CourierNewPS-BoldMT
    /CourierNewPS-ItalicMT
    /CourierNewPSMT
    /EstrangeloEdessa
    /FranklinGothic-Medium
    /FranklinGothic-MediumItalic
    /Garamond
    /Garamond-Bold
    /Garamond-Italic
    /Gautami
    /Georgia
    /Georgia-Bold
    /Georgia-BoldItalic
    /Georgia-Italic
    /Haettenschweiler
    /Impact
    /Kartika
    /Latha
    /LetterGothicMT
    /LetterGothicMT-Bold
    /LetterGothicMT-BoldOblique
    /LetterGothicMT-Oblique
    /LucidaConsole
    /LucidaSans
    /LucidaSans-Demi
    /LucidaSans-DemiItalic
    /LucidaSans-Italic
    /LucidaSansUnicode
    /Mangal-Regular
    /MicrosoftSansSerif
    /MonotypeCorsiva
    /MSReferenceSansSerif
    /MSReferenceSpecialty
    /MVBoli
    /PalatinoLinotype-Bold
    /PalatinoLinotype-BoldItalic
    /PalatinoLinotype-Italic
    /PalatinoLinotype-Roman
    /Raavi
    /Shruti
    /Sylfaen
    /SymbolMT
    /Tahoma
    /Tahoma-Bold
    /TimesNewRomanMT-ExtraBold
    /TimesNewRomanPS-BoldItalicMT
    /TimesNewRomanPS-BoldMT
    /TimesNewRomanPS-ItalicMT
    /TimesNewRomanPSMT
    /Trebuchet-BoldItalic
    /TrebuchetMS
    /TrebuchetMS-Bold
    /TrebuchetMS-Italic
    /Tunga-Regular
    /Verdana
    /Verdana-Bold
    /Verdana-BoldItalic
    /Verdana-Italic
    /Vrinda
    /Webdings
    /Wingdings2
    /Wingdings3
    /Wingdings-Regular
    /ZWAdobeF
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 200
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 200
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 400
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 5.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create PDFs that match the "Required"  settings for PDF Specification 4.01)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


