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ABSTRACT ARTICLE HISTORY
In this paper, we consider non-clairvoyant task offloading for random tasks Received 7 December 2021
in mobile edge computing within the framework of combinatorial opti- ~ Accepted 28 December 2021

misation. For offline non-clairvoyant task offloading, we propose a non-

R KEYWORDS
clairvoyant task offloading algorithm, which is able to determine a task Mobile edge computing;
offloading strategy without knowing the amount of computation and com- non-clairvoyant task
munication of any task. For online non-clairvoyant task offloading, we pro- offloading; randomised

pose a randomised online task offloading algorithm, which is able to make online task offloading
an offloading decision for an arrival task without knowing anything about

future tasks and other tasks. For both algorithms, we analyse the probabil-

ity of certain performance guarantee. We also demonstrate numerical data.

To the best of the author’s knowledge, this is the first paper which consid-

ers both offline and online non-clairvoyant task offloading in mobile edge

computing, together with analytical results on performance guarantee with

high probability.

1. Introduction
1.1. Motivation

Task offloading (i.e. computation offloading) in mobile edge computing has been extensively investi-
gated by many researchers in recent years (see [1-6] for comprehensive surveys). Task offloading has
been studied as a combinatorial optimisation problem, i.e. to minimise the total execution time of a set
of tasks [7]. In virtually all existing studies, for a single task to be offloaded, it is assumed the amount
of computation and communication of the task is known in advance; for a collection of tasks to be
offloaded, it is assumed that the collection of tasks are all available to a task offloading algorithm.

In real applications, we encounter the following two challenges. The first challenge is that the
amount of computation and communication of a task may not be predictable, due to variable
input/output data and uncertain execution paths. In such a situation, a task offloading algorithm needs
to make an offloading decision without information of the amount of computation and communica-
tion of a task. This is similar to non-clairvoyant task scheduling in parallel and distributed systems [8].
The second challenge is that the information of a set of task may not be entirely available, since tasks
may arrive dynamically at different times. In such a situation, a task offloading algorithm should make
an offloading decision for an arrival task immediately without the knowledge of future tasks. This is
similar to online non-clairvoyant task scheduling in parallel and distributed systems [9].

Unfortunately, there has been little study for non-clairvoyant task offloading in mobile edge com-
puting, either online or offline. It is worth to mention that task offloading in the framework of Lyapunov
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optimisation [10] is not entirely online, since in each time slot, the information of all tasks in that time
slot is known. Furthermore, the optimisation goal is not to minimise the total execution time of a list of
tasks, but some performance measure averaged over all time slots. There are also online task offload-
ing algorithms based on deep reinforcement learning, whose primary goal is to optimally adjust task
offloading decisions according to various time-varying conditions [11]. All these studies are neither for
non-clairvoyant task offloading, nor for combinatorial optimisation.

1.2. Contributions

In this paper, we consider non-clairvoyant task offloading for random tasks in mobile edge computing
within the framework of combinatorial optimisation.

o Offline non-clairvoyant task offloading — We propose a non-clairvoyant task offloading algorithm,
which is able to determine a task offloading strategy without knowing the amount of computation
and communication of any task.

e Online non-clairvoyant task offloading - We propose a randomised online task offloading
algorithm, which is able to make an offloading decision for an arrival task without knowing anything
about future tasks and other tasks.

For both algorithms, we analyse the probability of certain performance guarantee. We also demon-
strate numerical data. To the best of the author’s knowledge, this is the first paper which considers both
offline and online non-clairvoyant task offloading in mobile edge computing, together with analytical
results on performance guarantee with high probability.

The rest of the paper is organised as follows. In Section 2, we present our task offloading model in
mobile edge computing. In Section 3, we consider non-clairvoyant task offloading. In Section 4, we
consider randomised online task offloading. In Section 5, we conclude the paper.

2. Atask offloading model

In this section, we present our task offloading model in mobile edge computing.

Throughout the paper, E(X) is the expectation of a random variable X; Var(X) is the variance of a
random variable X; P(-) is the probability of an event.

We consider task offloading of one user equipment (UE) in a multiple mobile edge cloud (MEC) servers
environment. There are M MEC servers: MEC4, MEC,,..., MECy. For convenience, the UE is treated as
MECo. The UE has computation speed so, and MEC; has computation speed s;, measured by number of
billion instructions (Bl) per second, where 1 < j < M. The communication speed between the UE and
MEG; is ¢j, measured by number of million bits (MB) per second, where 1 < j < M.

The UE has a set S of N random tasks: S = {1, 12, ..., Tn}. Each task is 7; = (rj, d;), where r; is the
amount of computation, measured by number of Bl, and d; is the amount of communication, measured
by number of MB, forall 1 < i < N.The r's are independent and identically distributed (i.i.d.) random
variables with mean E(rj) = u, and variance Var(r;) = 0,2. Thed;’s arei.i.d.random variables with mean
E(d;) = puq and variance Var(dj) = 0.

A task offloading strategy is to divide the set S of tasks into M+ 1 disjoint subsets: So, S1, ..., Sum,
where 5o U 51 U -+ - U Sy = S.Tasks in 5¢ are executed on the UE, and tasks in S; are executed on MEC;,
forall 1 <j < M.LetasubsetbeS; = {m1 52, TN b with N; = |§;|, forall0 < j < M.

Atask tg, where 1 < k < No, which is executed on the UE, has random execution time to x = ro «/So,
measured by seconds. The t's are i.i.d. random variables with mean E(tyx) = 14r/So and variance
Var(tox) = 0 /s3.

Atask 7j,, where 1 < k < N;, 1 < j < M, which is executed on the MEC;, has random execution time
tik = rik/sj + dix/cj, measured by seconds. The t;'s are i.i.d. random variables with mean E(tjx) =
Ir/Sj + 114/ and variance Var(tjx) = a,z/sj2 + aj/cjz.
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MEG; has some existing workload W, measured by seconds, with mean E(W)) and variance Var(W)),
forall1 <j<M.

3. Non-clairvoyant task offloading

In this section, we consider non-clairvoyant task offloading.

3.1. Problem

In non-clairvoyant task offloading, the information of the ri’s and the d;’s are not available. A task
offloading strategy, i.e. So, S1,. .., Sm, is determined without any knowledge of the r;’s, the dj’s, and
the Wj's, except some of their statistical data and properties such as ji,, 114, and E(W)). Given a set
S of N tasks, the problem is to find S, S1, ..., Su, such that the total execution time of the N tasks is
minimised.

3.2. Algorithm

Our non-clairvoyant task offloading algorithm works as follows. The algorithm simply divides S
into M+ 1 disjoint subsets Sg, S1,...,5u, with |S;| = Nj, for all 0 < j < M. The values of the Nj’s are
determined below.

The total execution time of all tasks in Sg is a random variable

To =to1 +to2 + -+ - + tong,
with mean

E(To) = No (%) ,

and variance

Oy 2
VaI’(To) = No <7) .
50

The total execution time of all tasks in S; is a random variable

Ti=ta+ta+-+ 4N+ W,

with mean
ET) = N; (& + ﬂ) +EW),
5j G
and variance
o og
Var(Tj) = N; -+ + Var(W)),
5; G

forall1 <j<M.
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The Nj's are determined in such a way that the UE and all the MEC's complete their workload in
about the same time, i.e.

E(To) =E(T) =---=E(Tm) =T,

No (ﬂ) =N, (ﬂ n @> +EW) =T
So Sj G

forall 1 <j < M.The above equality implies that

that s,

B wr/so’
and
_ T—EW)
te/sj+ id/q'

forall 1 <j < M.Since

M
No+ ) Ny =N,
j=1
that is,
% T—EW) _
Mr/SO = He/sj+ 1d/G
we get
1 M 1 M EW)
T + - = Z
r/So = r/Sj+ 1d/C = wr/sj+ nd/q'
which gives
Mo EwW) M -
7= J
; r/Sj + /¢ Mr/so ; r/Sj+ ud/c,
and
M
_ 1/(pr/50) NiS_EW)
1/(ue/s0) + %0 1/ (e /5 + 14/ ) /s + 1l
and
N = 1/ (ur/sj + 1a/ <) (N— E(Wj)),
/(e /50) + X1 1/ (e /s + 11a/6)) Hr/50

forall1 <j<M.
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Remark 3.1: We assume that

EW)

Hr/so '

that s,

E(W)) < N(ur/s0),

forall1 <j<M.If
E(Wj) > N(ur/s0),

for some 1 < j < M, we simply exclude MEC; for task offloading, since the existing workload W; on
MEG; is too heavy.

Our Non-clairvoyant Task Offloading Algorithm (NCTOA) is formally presented in Algorithm 1.

Algorithm 1 Non-clairvoyant Task Offloading Algorithm (NCTOA).
Input: A set S of Nrandom tasks: S = {1, 12,..., Tn}.
Output: A partition of Sinto M + 1 disjoint subsets: So, S1, ..., Sm, where So US; U --- U Sy = S.

for(j=0;j < M; j++) do (1)
Sj < any subset of S with Nj tasks; )
S«<S5-5; (3)

end do (4)

3.3. Analysis

The total execution time of all the N tasks in Sis T = max{Ty, T, ..., Ty}. Since T is considered as the

best achievable time for completing the N tasks, we compare T with T.
The following theorem gives a performance guarantee for non-clairvoyant task offloading.

Theorem 3.1: Our non-clairvoyant task offloading algorithm guarantees

P(T§T+b3) > (1 —b12>M+1,

for all b > 0, where

2
o

2
g
B = max | y/No <0’> max { |N; ("2 + ;’) + Var(W))
§° c?
J J

so ) 1=j<m
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Proof: Chebyshev's inequality [12, p. 389] states that for any random variable X, we have

P (|x —EX)| > b,/Var(X)) <1

b2’

and equivalently,

1
P (|x —E(X)| < b\/Var(X)) =1- 5,
for all b > 0. By applying Chebyshev's inequality to T}, we obtain
~ 1
P(IT - Tl < byVar(p) =1 - 5,

forall 0 <j < M. Furthermore, we can have

P(T = T+byVar@)) = (1T~ T < byVar(p) = 1 - %,
forall0 <j < M. Let
8= g {VVerm.

which is actually the value given in the theorem. Then, we get

P(7}§7~'+b3>zp(7}§7~'+b\/\?(7-j)>21_blr

forall 0 <j < M. Consequently, we obtain
_ M _ 7 \ M+
P(TE T+bB) :HP(T,- < T+b3) > (1 - E) ,
j=0

where we notice that the T's are independent random variables.

More accurate performance analysis is possible for specific probability distributions. For instance,
let us assume that the r’s, the d;’s, and the W’s are all normal random variables. Note that we implicitly
assume that the distribution in the range (—oo, 0) is extremely small and negligible. Let X be a standard

normal random variable with mean 0 and variance 1, whose probability density function is

1
f(x) = ——e /2,

Var

and whose cumulative distribution function is

am=¢w=7%/ eV 2dy

The following theorem gives the probability P(T < (1 + y)T) for normal random variables.

Theorem 3.2: Ifther;’s, the d;’s, and the W;’s are all normal random variables, we have

yT )M yT

— e
No(@r/50) ) 1 \ | JNy(?/5? + 03 /) + Var(W))

P<T§(1+y)T):d><

wherey > 0.

’
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Proof: ltis clear thatforall 0 < j < M, T; is a linear combination of independent normal random vari-
ables, which is still a normal random variable with mean E(T;) and variance Var(T)) [12, pp. 213, 357].
Itis well known that

T~ EM)

VVar(T)

is a standard normal random variable, that is,

pr <o) =p(x< ToED) o (2ED) _ o =T
J= ~WNar@y ) \\ War@y )\ War(Tp )
Therefore, we obtain

P(T=0+pT) =1M[P(T,~ = +p7) =
j=0

M ~
of YT
o ( /Var(T,-)) '
where y > 0.Thetheorem is proved by substituting Var(T) into the lastequationforall0 <j <M. R

3.4. Numerical data

We now demonstrate some numerical data.

We use the following parameter setting. We consider a mobile computing environment withM = 5
MECs. The computation speed of the UE is sp = 2.0 Bl/s. The computation speed of MECj is s; = 3.0 +
0.1G — 1) Bl/s, for all 1 < j < M. The communication speed of MEC; is ¢; = 5.0 + 0.2(j — 1) MB/s, for
all 1 <j < M. The random tasks have the following parameters: i, = 1.5 Bl, o, = 0.3 Bl, g = 2.5 MB,
and o4 = 0.4 MB. The existing workload on MEC; has mean E(W}) = 2.0 +0.2(j — 1) s and variance
Var(Wj) = (0.3 4 0.05¢G — 1) )2, forall 1 <j <M.

In Figure 1, we show the probability P(T < (1 + y)T) (actually, the lower bound given in
Theorem 3.1) vs. N, for y = 0.2,0.4,0.6,0.8,1.0. In doing so, we set b = yT/B, so that T < T + bB is
equivalentto T < (1 + y)7'. It is easily observed that P(T < (1 + y)T) increases as y and N increase.
Even for reasonable values of y and N, P(T < (1 + y)T) is already very high. For instance, when
N = 100, P(T < 2T) is 0.98937.

In Figure 2, we show the probability P(T < (1 +y)T) given in Theorem 3.2 vs. N, for y =
0.05,0.10,0.15,0.20, 0.25. It is observed that P(T < (1 + y)T) is already very high even for small values
of . For instances, when y = 0.25, P(T < 1.257) is 0.88493 for N = 10, and is almost 1 for N > 30.

4. Randomised online task offloading

In this section, we consider randomised online task offloading.

4.1. Problem

In online task offloading, the N tasks are given as a list L = (z1, 12, . .., Ty). Tasks are not all available in
the begin, and may arrive dynamically. A task offloading strategy, i.e. a partition of L into M + 1 disjoint
sublists Lg, L1, . .., Ly, is determined without the information of the entire list. An arrival task should be

assigned to the UE or offloaded to an MEC immediately, without the knowledge of future tasks. Tasks
must be considered in the given order (i.e. online task offloading). Furthermore, the information of
the ri's and the d;’s are not available (i.e. non-clairvoyant task offloading). Given a list L of N tasks, the
problem is to find Lo, L1, . .., Ly, such that the total execution time of the N tasks is minimised. Note
that not only there is no information of future arrival tasks, but also an online task offloading algorithm
does not know the value of N, yet still needs to minimise the total execution time of all the N tasks.
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Figure 1. P(T < (1 + y)T) in Theorem 3.1 vs. N.
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Figure 2. P(T < (1 + y)T) in Theorem 3.2 vs. N.

4.2. Algorithm

Ourrandomised online task offloading algorithm works as follows. For each task t;, the tasks is assigned
to MEC; (i.e. put into L;) with probability p; = N;/N (i.e. randomised task offloading), where N; is given
in Section 3,forall0 <j <M.
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It is noticed that the p;’s depend on N. However, if N — oo, we have p; — pj’., where

o 1/ (1r/50)
T ur/50) + X0 1 (/S + 1/ )
and
;o 1/(r/sj + 1a/cp)
Pj

O/ (r/50) + S /(e /5 + 110/

forall 1 <j < M. In real applications, when N is large, we can use plf as an approximation of p;, which
is independent of N.
Our Randomised Online Task Offloading Algorithm (ROTOA) is formally presented in Algorithm 2.

Algorithm 2 Randomised Online Task Offloading Algorithm (ROTOA).
Input: Alist L of N random tasks: L = (71, t2,..., Tn).
Output: A partition of L into M + 1 disjoint sublists: Lo, L1, ..., Ly.

for(i=1;i <N;i++) do

(1

pick an index j randomly from {0, 1,2,..., M}, where j is selected with probability p;; (2)
append 7 to Lj; (3)
remove 1; from L; 4)
end do (5)

Let N be the number of tasks assigned to MEC), which is arandom variable. Clearly, N; = y1 +y2 +
-+ 4 yn, where the y;'s are i.i.d. Bernoulli random variables with probability p; and g; =1 — p;. It is
well known that N} is a binomial random variable with mean E(N]f) = Np; = N; and variance Var(Nj’.) =
ijqj = quj ([12, p. 146]).

4.3. Analysis

The main difficulty in analysing the randomised online task offloading algorithm is that the Njf’s (and
therefore, the Tj’s) are not independent of each other. It is easy to see that the N’s follow a multinomial
distribution, with a probability mass function as

N
PNo =Horty = My = ko) = (ko k... kM)pgopq“ il

which is
|

kolk!- - - k!
wherekg + ki +---+ky=N,andpo+p1 +---+pu=1.

P(Ny = ko, Ny = ki, ..., Ny = km) = propki ... pkin,

Theorem 4.1: For our randomised online task offloading algorithm, we have

M

N! ko Kk ku /
PT<1)= Z mpoop11”'pM l_[p(rjgfu\/j:kj),
ko+ki+--+ky=N j=0

forallt > T.
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Proof: Note that for fixed ko, k1, . . ., km, the Tj’s are independent random variables. This means that
M
P(T < tINp = ko, Ny = k1, Ny = ) = [ P (T = 2INj = ky).
j=0
Hence, we have
P(T<7)

= > P(Ny=ko,Ny = ki, ..., Ny = km)P(T < T|Ny = ko, Ny = ki, ..., Nyy = k),
ko+ki+-+ku=N

which is
N M
korki+—thy=N 0 C1re e EM j=0
0 1 M
The last equation is essentially the theorem. |

Itis hard to find P(Tj < |N; = kj). Fortunately, for normal random variables, we are able to calcu-
late the probability P(T < t) for our randomised online task offloading algorithm, as shown in the
following theorem.

Theorem 4.2: Ifther;’s, the d;’s, and the W;’s are all normal random variables, we have

P(T <1)

N ko , Kk k
= Z klkl...lep00p11”'p";’w
kotki+tky=N "0 '

’

o < T ko(,lLr/So)) lM[ o [ 2= Ulur/si + 1a/g) + EW))
Vko(or/s0) /) 3 Vi 5} + 03 /) + Var(W))

forallt > T.
Proof: Under the condition that N{) = ko, the total execution time of all tasks in Sg is a random variable
To =toq +to2 + -+ + tok,
with mean
Hr
E(ToINy = ko) = ko <*)
S0
and variance
2
o]
Var(To|Ny = ko) = ko (—’) .
So
Similarly, under the condition that N; = k;, the total execution time of all tasks in S; is a random variable
Ti=tin + a2+ + by + W,
with mean

Hr | Wd
E(TIN; = kj) = kj (S— + 7) +EW)),
J J
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and variance

2 2
vaw_mp_@(é£>+wnm)
J ]

forall 1 < j < M. Furthermore, since T; is a normal random variable, we have

r — E(TjIN; = k)

Nar(TiN =k |

P(Tj<tINj=k) =

forall0 <j < M.By Theorem 4.1, we get

N! T — E(Tj|IN; = kj)
PT<t)= Y 0 plpi o pfy :

q) - - J -
|
kothr 4k K01t K o\ JVarmiN; = k)

The theorem is proved by substituting E(Tj|N/’- = kj) and Var(leN]f = kj) into the last equation for all
0o<j<M. |

4.4. Numerical data

We now demonstrate some numerical data.

We use the same parameter setting as Subsection 3.4.

In Figure 3, we show the probability P(T < (1 +y)T) given in Theorem 4.2 vs. N, for y =
0.30,0.35,0.40,0.45,0.50. It is observed that P(T < (1 + y)T) is noticeably lower than that in
Theorem 3.2 due to increased randomness in the randomised online task offloading algorithm. How-
ever, for reasonable values of y and N, P(T < (1 + y)T) is reasonably high. For instance, wheny = 0.5
and N = 100, P(T < 1.5T) is 0.90126.

1.0
0.9 ¥=0.50
. I -
— 1 y=045
0.8 L T ¥=0.40
. .
o L — | y=0.35
= 06 ——— 7030
+ [
= 05 — —
Vi I L
= 04
0.3
0.2
0.1
0.0
10 20 30 40 50 60 70 80 90 100

Figure 3. P(T < (1 + y)f') in Theorem 4.2 vs. N.
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5. Conclusions

We have considered both offline and online non-clairvoyant task offloading for random tasks in mobile
edge computing. We have proposed algorithms for both types of task offloading and analysed their
performance by providing high probability of performance guarantee. These algorithms should be
very useful in real mobile edge computing applications, where there is little information about task
computation and communication requirement and/or there is need for immediate task offloading
without waiting for further tasks.
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