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Abstract—We consider a general multi-user mobile cloud com-
puting system where each mobile user has multiple independent
tasks. These mobile users share the communication resource
while offloading tasks to the cloud. We aim to jointly optimize
the offloading decisions of all users as well as the allocation of
communication resource, to minimize the overall cost of energy,
computation, and delay for all users. The optimization problem is
formulated as a non-convex quadratically constrained quadratic
program, which is NP-hard in general. An efficient approximate
solution is proposed by using separable semidefinite relaxation,
followed by recovery of the binary offloading decision and optimal
allocation of the communication resource. For performance
benchmark, we further propose a numerical lower bound of the
minimum system cost. By comparison with this lower bound, our
simulation results show that the proposed algorithm gives nearly
optimal performance under various parameter settings.

I. INTRODUCTION

Mobile cloud computing extends the capabilities of mobile
devices and improves the user experience with the help of
abundant cloud resources [1] [2]. By offloading tasks to the
cloud, mobile users aim to reduce its own energy consumption.
However, the quality of service (QoS) of those offloaded tasks
may be affected since there are additional costs such as the
communication delay between mobile users and the cloud [3].

To reduce transmission latency, the authors of [4] pro-
posed an architecture replacing the remote cloud with near-
by cloudlets. Authors in [3] [5] studied the energy saving
and performance tradeoff when a single user offloading its
entire application to the cloud. Multi-user scenarios with a
single application or task per user were addressed in [6]
[7] [8]. Different from the whole-application offloading in
above studies, the authors of [9]-[12] considered application
partitioning for a single user. In [9], the authors proposed
a system named MAUI to efficiently process the partitioned
tasks. Clonecloud [10] and Thinkair [11] were proposed with
further improvements. In [12], a multi-radio interface scenario
was considered. In all cases, the partitioning problem results
in difficult integer programs. In [13], we also studied the
single user scenario with multiple independent tasks and a
computing access point. The offloading decisions were make
by considering the worst-case offloading delay.
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In this work, we further study the interaction between
multiple users and the cloud. The multi-user scenario adds
substantial challenge to system design, since we need to jointly
consider both the offloading decisions and the sharing of
communication resource among all users as they compete to
reach the cloud through a wireless link with limited capacity.
We aim to conserve energy and maintain the QoS for all users.
In particular, the transmission delays of the offloaded tasks
of a user will be affected by its assigned communication re-
source. Furthermore, optimal offloading decision and resource
allocation must take into consideration the computation and
communication energies, system utility cost, and communica-
tion and processing delays at all local user devices and the
remote cloud.

We focus on jointly optimizing the offloading decision and
the communication resource allocation of all tasks, to mini-
mize a weighted sum of the costs of energy, computation, and
the delay for all users. The resultant mixed integer program-
ming problem can be reformulated as a non-convex quadrat-
ically constrained quadratic program (QCQP) [14], which is
NP-hard in general. To solve this challenging problem, we
propose an efficient heuristic algorithm based on separable
semidefinite relaxation (SDR) [15], with recovery of the binary
offloading decision and subsequent optimal allocation of the
communication resource. We also provide the lower bound of
the minimum cost as the benchmark for performance compari-
son. Simulation results show that the proposed algorithm gives
nearly optimal performance under various parameter settings.
Furthermore, our method is scalable to a large number of
users and tasks where computational complexity of exhaustive
search becomes prohibitive.

The rest of this paper is organized as follows. In Section
II, we describe the system model and present the problem
formulation. In Section III, we provide details of the proposed
algorithm and the lower bound of minimum system cost. We
study the numerical results in Section IV and conclude in
Section V.

II. SYSTEM MODEL AND PROBLEM FORMULATION
A. Mobile Cloud Offloading with Multiple Users and Tasks

Consider a general cloud access network consisting of one
cloud server, one access point (AP), and N mobile users, each
having M independent tasks, as shown in Fig. 1. Note that our
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system model can be easily extended to the case where each
mobile user has a different number of tasks. The connections
between mobile users and the AP are wireless, while a wired
connection is used between the AP and the cloud. Each mobile
user can process its tasks locally or offload some of them to
the cloud for processing through the AP. Let x;; denote the
offloading decision for task j of user i, given by

0 process task j of user ¢ locally;
Ti5 =
! 1 offload task j of user ¢ to the cloud.

B. Cost of Local Processing

The input and output data sizes and the application type of
task j of user 7 are denoted by Diy (i), Dow(i7), and App(ij),
respectively. In this work, App(ij) measures the number of
processing cycles per input data. For task j being locally
processed by user i, the corresponding energy consumed for
processing is denoted by Ej,, and the processing time is
denoted by T,.

C. Cost of Remote Processing

For task j of user ¢ being offloaded to the cloud through
the AP, we denote the energy consumed for transmitting
and receiving data between the mobile user and the AP
by Ey,; and E,,;, respectively. For the wireless connections
between mobile users and the AP, we denote the uplink
and downlink transmission times by T},, = Din(ij)/c., and
Ty, Dow(ij)/ca;, respectively, where ¢,, and cq, are
uplink and downlink bandwidths allocated to user ¢ for data
transmission. Their values are constrained by the capacities of
the corresponding wireless links, denoted by Cyp and Cpy,
respectively, as well as the number of tasks of other users
offloaded to the cloud through the AP.

Since the AP has to further offload the task to the cloud,
we denote the required transmission time between the AP and
the cloud by Tic,; = (Din(ij) + Dout(4j))/ Rac, and the cloud
processing time by T¢,, = Din(ij)App(ij)/fc. We assume
the wired transmission rate R,. between the AP and the cloud
and the cloud processing rate fo for each user are pre-fixed
values. Thus, T,.,; and T, only depend on the size of each
task itself. Finally, the system utility cost of processing user
i’s task j at the cloud is denoted by C., .. The above notations
are summarized in Table 1.

D. Problem Formulation

We aim at reducing mobile users’ energy consumption and
maintain the QoS of processing their tasks, measured by the
delays incurred due to transmission and/or processing. For this

TABLE I
NOTATIONS AND THEIR CORRESPONDING DESCRIPTIONS.

Notation | Description
Ey,; | local processing energy of user i’s task j
Ey,;, Ey,, | uplink transmitting energy and downlink
receiving energy of user ¢’s task j between
the mobile user and the AP
Ti,;» Te,; | local processing time and cloud processing
time of user 4’s task j
Ty, Tr,; | uplink transmission time and downlink
transmission time of user ¢’s task j
between the mobile user and the AP
Tac;; | transmission time of user ’s task j between
the AP and the cloud
CuL, CpL | uplink transmission capacity and downlink
transmission capacity between mobile users
and the AP
Cu;»> Cd; | uplink transmission rate and downlink
transmission rate assigned to user 4’s tasks
Ce,; | system utility cost of user 7’s task j
R,. | transmission rate for each user between the
AP and the cloud
fco | cloud processing rate for each user
B | weight of the system utility cost
pi | weight of the delay of processing user i’s
tasks

goal, we define the total system cost as the weighted sum
of total energy consumption, the costs to offload and process
all tasks, and the corresponding transmission and processing
delays for all users. Our objective is to minimize the total
system cost by jointly optimizing the task offloading decisions
2,;; and the communication bandwidth resource allocation r; =
(cu;, cd;)- This optimization problem is formulated as follows:

N - M
min Y [Z@lﬁ (1 - 2)) + Ec,, 1))
{ei iy = =
+ pimax{Tr,,Tc,} )
N
s.t. Z cu; < Cur, (2)
i=1
N
Z ca; < Cpr, (3)
i=1
Cu;s Cd; s > O,V’L', (4)
Lij S {Oa 1}7Vivja (5)

where Ec,, = (E, + E,,, + BC.,) is the energy cost
of offloading and processing task j of user i to the cloud;
it is a weighted sum of transmission energy and system
utility cost, with 5 being the relative weight; In addition,
Ty, = Zﬁl Ty,,(1 — ;) is the processing delay of tasks
processed by the mobile user ¢ itself, T¢, is the overall
transmission and remote-processing delay for tasks of mobile

user ¢ processed at the cloud, and p; is the weight on the task



processing delay relative to energy consumption in the total
system cost. Depending on the performance requirement, the
value of p; can be adjusted to impose different emphasis on
delay and energy consumption. Constraints (2) and (3) are the
uplink and downlink bandwidth resource constraints.

The above mixed-integer programming problem is difficult
to solve in general. Moreover, we note that the overall delay
for remote processing, 7, is challenging to calculate exactly.
This is because, when there are multiple tasks offloaded by
a users, the transmission times and processing times may
overlap in an unpredictable manner, which depends on the
offloading decision, communication resource allocation, and
task scheduling order. In fact, since T, consists of the uplink
transmission times, remote-processing time, and downlink
transmissions times of all tasks, it may be viewed as the output
of a multi-machine flowshop schedule, which remains an open
research problem [16]. Since T, is not precisely tractable, we
will use both upper and lower bounds of T, in our proposed
solution and performance benchmarking. They are shown to
give total system costs that are close to each other.

III. MULTI-USER MULTI-TASK OFFLOADING SOLUTION

The joint optimization problem (1) is a mixed-integer non-
convex programming problem, which is NP-hard in general.
To find an efficient solution to the original problem (1), in the
following, we first propose both upper bound and lower bound
formulations of T¢,, then transform the optimization problem
(1) into a separable QCQP, and finally propose a separable
SDR approach to obtain the binary offloading decisions {z;; }
and the communication resource allocation {r;}.

A. Bounds of Remote-Processing Delay

When a mobile user offloads more than one task to the
cloud, there will be overlaps in the communication and pro-
cessing times as mentioned above, making it difficult to exactly
characterize the overall delay T¢,. Next, we first provide a
upper bound of T, as the worst case delay formulation:

M .. ..
TUI, a Z(Dm(lj) + Dou(i7) +Tacij +TCij)xij7v/L.' (6)

Cu; Cd;

Jj=1

Since the worst case delay sums the transmission delays and
processing delays together without any overlap, it will always
be greater than the real delay given the same offloading
decision and resource allocation. On the other hand, we
separate the offloading delays of all mobile users into several
components and only consider the largest one as the lower
bound of T¢;:

Té’; £ maX{Tui ; Tdi? Tuac” Tdacqy 5 TC{}v V’L, (7)

Tui £ Z?il Dln(”)xlj/cuq and quz £
Zj]\il Doy (ij)zij/cq, are total uplink and downlink
transmission time between the user and the AP for
user i, respectively, Tuae, = Z;‘il Din(i5)zi;/Rae and
Tiae, = Zﬁl Dou(ij)7ij/ Rac are total uplink and downlink
transmission time between the AP and the cloud for user i,

where

respectively, and T = Zﬁl Din(i7)App(ij)zi;/ fo is the
total cloud processing time for user .

In the following, we will use the worst case delay Tg{ in
optimization problem (1) to obtain an approximate solution,
which can provide an upper bound to the total system cost.
We then use T/ similarly, to obtain a lower bound of the
total system cost, for performance benchmarking. In Section
VI, by comparing both cases, we show that the proposed
algorithm based on the worst case formulation gives nearly
optimal performance.

B. QCQP Transformation and Semidefinite Relaxation

We transform the optimization problem (1) with Tgi into a
separable QCQP. We first rewrite the integer constraint (5) as

Lij (,Tij — 1) = O,Vi,j. (8)
Furthermore, we introduce additional auxiliary variables ¢; for
max{Ty,,TY }, Du, for Y11, Din(ij)ij /cu,, and Dq, for
Z?il Doui(ij)xij/cq; in the optimization problem (1). Let
d; = (Dy,,Dg,). The problem (1) is now transformed into
the following equivalent problem

N M
o ‘}I?ind . }Z {Z(Elij (1 = i) + Ec;;zi5) + piti| (9)
ij bAridisti} o= =

M
s.t. Zle(l — ;) < g, Vi
j=1

M
Du, + Da, + Y (Tac,, + To, )i < t;,Vi

Jj=1
M
> Dinlij)aij — €y, Du, < 0,Vi
j=1

M
> Doulij)wij — ca,Da, < 0,Vi
j=1

(2) = (4), and (8).

Define W; £ [xil, ey LMy Cuyy s Dui, Cd; Ddi y ti]T, Vi, and
e; as the (M + 5) x 1 standard unit vector with the ith entry
being 1. The optimization problem (9) can now be further
transformed into the following equivalent separable QCQP
formulation

N N M
Shwe Y,

min (10)
A3 i=1 j=1
M
st. biw; < —ZTZH, bl w; <0, Vi
j=1

wl Ay, w; + bgiwi <0, Vi
W?Adiwi + deiWi <0, Vi

N N
T T

E by, w; = Cuw, E bp,w; = CpL

=1 1=1

w/ diag(e;)w; — e;‘-Fwi =0, Vi, j



where

Onrxne Oarx2 Oarxs
Ay, & O Al O3 |,

O3xar  O3x2  O3xs

Omr2yx(m+2) Ort2yx2 Ory2)x1
Adl L= OQX(MJFQ) A/dl 02><1 !
01 (M+2) 012 0
A’ é—050 1 for s = u,d
Si . 1 O ) — U, &,

b; £ [(EC Elu)v ) (Ecsz - Eli]tl)’ 01x4, pi]T7
b £ [Tlua---a Tlin 01><47 1]T’
be, = [(Tacil + TCu)v SRR (Taciz\/f + TC’LIM)’ 0,1,0,1, _1]T7
by, £ [Din(il), ..., Du(iM), 01x5]%,
bdi, = [Dout(il) ) Dout(iM)a 01><5]T7
b é [01><M; 1 01><4] 3
bD 20142, 1, O1x2]”.

Note that all constraints in the optimization problems
(9) and (10) have one-to-one correspondence. By further
defining z; = [w/,1]T and dropping the constant term
Y oiea Zjil E,,, from the objective function in (10), we can
homogenize the optimization problem (10) to the following
problem

N

§ : T
Z; GiZi

i=1

min

11
iy (11)

M
stz Gz <= Ty, Vi,

j=1
z! Gz; <0,Vi, 7=c,u,d,
N N
ZZiTGUiZi < Cur, ZZZTGD,;Zi < Cpr,
i=1 i=1
ZZTG]].ZZ' =0,V1, 7,
z; > 0,Vi,
where
1y,
G, £ [O(MJF?ZSJQM%) 251} ,Vi,
Plati
1
G, 2 |:0(M+15)><,1£IW+5) 2‘811} Vi,
270
(A, 1ib,
G, £ |1,% 2 sl},Vi, s=u,d
_§b51: 0
a [Ovssyxas) 3Ps|
Ggs, = ThT 0 Vi, S=U,D,
2MS;
» [diag(e;) —ie;] .
GIJ' - I _%e? 0 ,V]

The optimization problem (11) is a non-convex separable
QCQP problem [14], which is still NP-hard in general. To
find an approximate solution, we apply the separable SDR

Algorithm 1 MUMTO Algorithm

1: Obtain optimal solution Z7’s of the separable SDP prob-
lem (12). Extract the upper-left M x M sub-matrices Z’; s

from Z7’s.
2: Record the values of diagonal terms in Z'; by p; =
[lea .. 7pzM]
zg; = round(p;;), Vi, 7.
: Set x° = [x9,...,x%]7, where x§ = [29,...,2%,].

: Solve the resource allocation problem (13) based on x°;

: Compare x° with the solutions from local processing only
and cloud processing only. Set the best one among them
as the solution x°.

7: Output: the proposed offloading solution x* and the cor-

responding optimal resource allocation.

approach [15], where we relax the problem into a separable
semideﬁnite programming (SDP) problem. Specifically, define
Z; £ z;z!. By dropping the rank constraint rank(Z;) = 1, we
have the followmg separable SDP problem:

N
min TI'(GZ' Zz)

12
{zZ;} (12)

st. Tr(Gy,Z ZTIU,VZ
Tr(G .Z;) <0 Vz, r=c,u,d,
ZTI’ GU < CuL,

ZTF(GDiZi) < Cpr,
=1
TI'(G]], Z’L) = O,V’L',j,

Zi(M +6,M+6) =1,Yi, Z; = 0,Vi.

The optimal solution {Z}} to the above SDP problem can
be obtained efficiently in polynomial time using standard SDP
software, such as SeDuMi [17].

Once {Z}} is obtained, we need to recover a rank-1 solution
from {Z}} for the original problem (1). In the following, we
propose an algorithm to obtain the binary offloading decisions
{z;} and the corresponding optimal communication resource
allocation {r;}.

C. Binary Offloading Decisions and Resource Allocation

Define x £ [Xl, . 7XN]T, where X; £ [,Til, . ,.%'iM], V1.
Note that, first, only the upper-left M x M sub-matrix of Z,
denote by Z*, Vi, is needed to recover the solution x; second,
each diagonal entry in each Z[* is always between 0 and 1.
That is, define p; = [pi1,...,pin] = diag(Z*). We have
pi; € [0, 1], Vi, j. We recover the feasible decisions x¢ using
pi, where :vfj = round(p;;) is the rounding result, and obtain
the overall offloading decision as x° = [x¢,...,x%/]7.

Once the offloading decision x° is obtained, the optimiza-
tion problem (1) reduces to the optimization of communication



resource allocation {r;}, which is given by

N

1{121}1 (E + ; pi max{Ty,, Té{}) (13)
st. (2)—(4)

where E £ Zivzl Z;.Lil(Elij (1=m4j)+ Ec,;x;) is a constant
value once {z;;} are given. This resource allocation problem
(13) is convex, which can be solved optimally using standard
convex optimization solvers.

Note that to obtain the best offloading decision, in practice,
we should compare x° with local processing only and cloud
processing only decisions, and select the one resulting in
the minimum total system cost objective of (1) as the final
offloading decision x°.

We name the above the multi-user multi-task offloading
(MUMTO) algorithm and summarize it in Algorithm 1. Notice
that the SDP problem (12) can be solved within precision ¢
by the interior point method in O(v/ M N log(1/€)) iterations,
where the amount of work per iteration is O(MOSN*) [18],
while there are 2V choices in exhaustive search to find the
optimal offloading decision. In addition, once the offloading
decision is made, we may schedule the multiple tasks to be
offloaded in any arbitrary order. The resultant 7, will be less
than Tgi . To measure the effectiveness of this solution, in the
following, we introduce a lower bound of the optimal solution
to the original problem (1).

D. Lower Bound on the Optimal Solution

Previously, the cost function in our original optimization
problem (1) considers the worst case transmission plus pro-
cessing delay (6) for all users, and we know the real cost based
on MUMTO will be lower. However, we are still interested
in the performance of MUMTO compared with the optimal
solution. To find a lower bound of the optimal solution, we
introduce a new optimization problem in which TCLi is used
instead as

N M
ST

j=1

+ Pi maX{TLia Tui? Tdi 5 Tuaci ) Tdaci P TC;} (14)

st (2)—(5).

Notice that under the same offloading decisions and commu-
nication resource allocation, this new objective function will
always give us a lower cost than the real cost.

Since the above optimization problem (14) is still noconvex,
we formulate a separable SDR problem similar to (12), whose
details are omitted due to page limitation. We note that the
optimal objective of this SDR problem is smaller than the
optimal objective of (14). Hence, it can serve as a lower
bound of the minimum total system cost defined by the original
optimization problem (1).
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I'V. PERFORMANCE EVALUATION

We evaluate the performance of MUMTO using computer
simulation in Matlab under different parameter settings. The
following default parameter values are used unless specified
otherwise later. We adopt the mobile device characteristics
from [19], which is based on Nokia N900, and set the
number of mobile users as N = 5. Each user has M = 4
independent tasks. From Tables 1 and 3 in [19], the mobile
device is assumed to have CPU rate 500 x 10¢ cycles/s and
processing energy consumption m J/cycle. The local
computation time 4.75x 107 s/bit and local processing energy
consumption 3.25 x 10~7 J/bit are calculated when the x264
CBR encode application (1900 cycles/byte) is considered as
App(ij) in our simulations. The input and output data sizes
of each task are assumed to be uniformly distributed from 10
to 30MB and from 1 to 3MB, respectively.

In addition, both uplink and downlink transmission capac-
ities are 150 Mbps (e.g., IEEE 802.11n) between the mobile
users and the AP, and the transmission and receiving energy
consumptions of the mobile user are both 1.42 x 107 J/bit
as indicated in Table 2 in [19]. The CPU rate of each server
assigned to each user at the remote cloud is 10 x 10? cycle/s.
When tasks are offloaded to the cloud, the transmission rate
Ry is 15 Mpbs. The system utility cost C., = Di,(i) +
a1/ fo+as/Cur+az/Cpr, where a; = 1018 bitxcycle/s and
as = a3 = 10'6 bitxMbps, will be a function of the input
data size, cloud CPU rate, and uplink and downlink capacities.
Also, 8 = 2.5 x 10~7 J/bit. We further set p; = 1 J/s as the
weight of the delay to process each user’s task.

For comparison, we also consider the following methods: 1)
the local processing only method where all tasks are processed
by mobile users, 2) the cloud processing only method where
all tasks are offloaded to the cloud, 3) the lower bound of
optimum, which is obtained from the optimal objective value
of the SDR of problem (14). Notice that in all figures the real
cost under the same offloading decision and resource allocation
will always between the costs of the proposed MUMTO and
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the lower bound of optimum. Finally, all simulation results are
obtained by averaging over 100 realizations of the input and
output data sizes of each task.

In Figs. 2, we show the system cost vs. the weight [
on the system utility cost. When /3 becomes large, all tasks
are more likely to be processed by mobile users themselves.
Both MUMTO and the lower bound of optimum in this case
converge to the local processing only method. Though the
existence of the cloud can provide additional computation
capacity, the processing time at the cloud depends on the cloud
CPU rate fc assigned to each user. In Fig. 3, we plot the total
system cost vs. fco. As expected, a more powerful per-user
cloud CPU can dramatically increase system performance, and
MUMTO coverages to the local processing only method when
the per-user cloud CPU rate is too slow to help.

In Fig. 4, we study the system cost under various values of
weight p on the delays. We observe that MUMTO substantially
outperforms all other methods and is nearly optimal. Finally,
we examine the scalability of MUMTO. Fig. 5 and Fig. 6 plot
the total system cost vs. the number of users N and the number
of tasks M per user, respectively. We see that MUMTO in both
figures is close to the lower bound of optimum, indicating that
it is nearly optimal for all V and M values.

V. CONCLUSION

A general mobile cloud computing system consisting of
multiple users and one remote cloud server has been consid-
ered, in which each user has multiple independent tasks. To
minimize a weighted total cost of energy, computation, and the
delay of all users, we aim to find the overall optimal tasks of-
floading decisions and communication resource allocation. We
show that the resultant optimization problem is a non-convex
separable QCQP. The proposed MUMTO algorithm uses SDR
and binary recovery to jointly compute the offloading decision
and communication resource allocation. By comparison with
a lower bound of the minimum cost, we show that MUMTO
gives nearly optimal performance.
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