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Abstract— Mobile Augmented Reality (MAR) applications usu-
ally contain computation-intensive tasks which far outstrip the
capability of mobile devices. One way to overcome this is offload-
ing computation-intensive MAR tasks to remote clouds. However,
the wide area network delay is hard to reduce. Thanks to edge
computing, we can offload MAR tasks to nearby servers. Prior
studies focus on either single-task MAR applications offloading
or dependent tasks offloading for a single user. In this article,
we study the offloading decision of MAR applications from
multiple users, each of which is comprised of a chain of dependent
tasks, over a generic cloud-edge system consisting of a group of
heterogeneous edge servers and remote clouds. We formulate
the Multi-user Multi-task MAR Application Scheduling (M3AS)
problem, which is NP-hard. We present Mutas, an efficient
scheduling algorithm that jointly optimizes server assignment
and resource management. We also consider the online version of
M3AS and present OnMutas. Extensive evaluations demonstrate
that both Mutas and OnMutas can significantly reduce the
service delays of MAR applications when compared to three other
heuristics.

Index Terms— Mobile augmented reality, edge computing,
multi-task application, scheduling, resource management.

I. INTRODUCTION

MOBILE augmented reality (MAR) enhances our percep-
tion of the surrounding physical environment by mixing

the real world with computer generated visual information
[1]. Due to the wide spread of mobile devices together
with advances on computer vision, MAR applications are
gaining popularity in various industries [2], such as naviga-
tion, tourism, entertainment and so on. The MAR market is
predicted to be worth $108 billion by 2021 [3].
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MAR applications generally contain complicated deep-
learning algorithms as core components; however, running
these algorithms in mobile devices raises critical challenges,
i.e., high processing delay and power consumption [4]. One
way to overcome these limitations is to use cloud resources for
the execution of computation intensive tasks. However, com-
pared to the ever increasing data processing speed, the wide
area network bandwidth has come to a standstill [5], thus
cloud-based MAR may incur excessive transmission delay.

Edge computing is a new computing paradigm which advo-
cates processing data at the edge of the network [6]. Leverag-
ing edge computing, the computation intensive tasks in MAR
applications can be offloaded to nearby edge servers. Since
edge servers are placed in proximity to users, the problem of
high network delay is mitigated.

Indeed, more and more MAR applications can be modeled
as chains of dependent tasks [7], each of which represents a
certain operation on the input messages (e.g., video frames)
and passes its outputs down to the succeeding task. Fig. 1
shows two example MAR applications, both of which are
constructed as pipelines of tasks. Different MAR applications
may consist of different numbers of tasks. For example,
in general MAR applications [1], video analysis results could
be derived from the direct object recognition task, while
some sophisticated MAR applications may involve additional
operations (e.g., object tracking task).

In this article, we consider the offloading of multi-task MAR
applications from multiple users, over a generic cloud-edge
computing system comprising of a group of heterogeneous
edge servers and remote clouds. We make task offloading
decisions for all mobile devices, based on considerations such
as the network latency, the amount of computations and the
resource requirement. This is a server assignment problem.
On the other hand, a remote cloud or edge server has to
determine how to distribute computing resources among all the
tasks assigned to it, which is a resource management problem.

There are many studies concerning with the application
scheduling in the edge environment, however, they usually
consider applications with two components, one running
in users’ devices and the other running in edge servers
[8]–[10]. Only a few works consider the offloading of
multiple dependent tasks [11]–[14]. Despite the works that
have been done, they have some inappropriate assumptions
such as negligible data communication delay and machine-
irrelated task processing time. Most importantly, these
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Fig. 1. Example of AR applications. Different MAR applications may consist
of different numbers of tasks.

existing designs either assume unlimited computing resources
on edge servers or consider only the single-user scenario.
To the best of our knowledge, most existing related works
are not practical for multi-user MAR systems where resource
contention exits and resource management is required.

Challenges and Solution: There major challenges for
designing an effective scheduler for the edge-based multi-
user multi-task MAR system can be summarized as follows:
1) The distribution of mobile users exhibits highly spatial
diversity [15]. Such a user distribution will lead to imbalanced
workloads among edge servers, and thus a scheduler which
can dynamically dispatch MAR tasks is needed. 2) The prece-
dence constraints and data transfer requirements between tasks
can drastically complicate the scheduling decision [16]–[19].
3) Edge servers are usually less powerful than cloud servers,
hence resource management becomes crucial. 4) Tasks from
multiple users may be diverse in data size and computation
complexity, being agnostic to task type and data size makes
simple fair sharing far from ideal for multi-user multi-task
MAR systems.

To address the challenges above, we design a scheduler
to dynamically dispatch MAR applications to an edge-cloud
network, and also allocate resources to each of them. In this
article, a MAR application is modeled as a chain of inter-
dependent tasks with data transmissions between them, where
each task can be offloaded to different servers. The objective
is to identify a server assignment and resource allocation
solution that minimizes the average service delay for all MAR
users.

Contributions: To the best of our knowledge, our work is
the first to decompose MAR applications as pipelines of tasks
in an edge environment, and design both offline and online
scheduling algorithms for a multi-user MAR system. Our main
contributions are as follows:

• We formulate the Muti-user Multi-task MAR Application
Scheduling (M3AS) problem where various MAR appli-
cations with dependent tasks are scheduled over an edge-
cloud computing system for delay minimization.

• We analyze the M3AS problem through transformation
and relaxation, then we design a scheduling algorithm
named Mutas for the batch processing of MAR appli-
cations, which boosts the performance of an edge-based
MAR system by jointly optimizing server assignment and
resource allocation.

• We also discuss the online version of the M3AS problem.
We present OnMutas, which adaptively places MAR
tasks among different servers and decides how much
computational capacity is provisioned for each task.

• We conducted extensive experiments to evaluate the
performance of Mutas and OnMutas. The experimental
results show that both our offline and online algorithm
can significantly reduce the service delays of MAR
applications when compared to three other heuristics. Our
evaluation results also confirm that our MAR system can
support the integration of various MAR applications.

The rest of this article is organized as follows.
Section 2 reviews the related work. Section 3 describes the
system model and the problem formulation. Section 4 develops
the Mutas algorithm. Section 5 studies the online version of
our problem and Section 6 evaluates our proposed design using
simulations. We present our system architecture and detail the
experiments in Section 7. Some extensions are discussed in
Section 8 and conclusions are made in Section 9.

II. RELATED WORK

Earlier work on application placement and scheduling in
Mobile Edge Computing (MEC) has considered applications
with two components, one running in a cloud (can be either
edge cloud or core cloud) and the other running in a user’s
device [8], [9]. For example, in [10], a dynamic programming
algorithm is proposed to handle deterministic and stochastic
application deadlines. However, it only considers offloading
from a mobile device to a remote cloud. Moreover, they
improperly assume that the mobile device has infinite capacity
and can execute any number of tasks simultaneously without
impacting the processing time of each task. This assumption
is unrealistic since user devices are usually resource limited,
while we focus on multi-task MAR applications that can be
deployed and executed across one or multiple edge clouds.
The offloading of dependent tasks is complicated by the need
to satisfy precedence constraints.

The problem of offloading dependent tasks to multiple
types of edge servers has been considered in [16], [20], and
[21]. In [16], a fully polynomial time approximation scheme
is proposed to minimize the overall delay under a resource
cost constraint. However, the devices are again assumed to
possess infinite capacity in terms of the number of tasks
that can be processed simultaneously without reduction in the
processing speed for each task. In [22], the online placement
of multi-task applications in edge environments is investigated,
in which they jointly consider task assignment and bandwidth
allocation. However, these load balancing schemes are mainly
designed for tree edge-cloud networks and the main objective
is to optimize the network delay while the processing time of
each task is fixed.
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Fig. 2. An illustration of the cloud-edge network system.

In [19], the authors build a more generalized processing
model, and a load-balancing heuristic algorithm is proposed
for makespan minimization with dependent tasks. However,
they do not consider resource sharing while the proposed
scheduling algorithm must have knowledge of the execution
times of all tasks on different servers. In addition, their design
only aims to solve the placement of a single application; more
applications cannot be processed simultaneously.

On the contrary, in this article, we aim to design a scheduler
for a multi-user MAR system. Resource management and
task dispatching are jointly considered; we assume that the
computing resource on an edge server is limited and may
be shared by all the tasks assigned to it. This leads to a
unique problem formulation that has not been considered in
the existing literature.

III. SYSTEM MODEL

A. Generalized Edge-Cloud Network

We consider an edge-cloud network with a set of N servers,
denoted by N = {s1, s2, . . . , sN}, including edge servers and
cloud servers. Here edge servers are heterogenous and may
be installed in edge computing hosts, cloudlet devices, or peer
mobile devices [19]. As we mentioned before, edge servers
may be diverse in physical locations and computing capability,
connected with each other through the Internet backbone. The
network architecture is illustrated in Fig. 2.

We further assume several remote cloud centers. Com-
pared with edge servers, a cloud center has richer computing
resources; however, application offloading to the remote cloud
suffers from long delays between the mobile devices and the
remote cloud. Let di,j be the end to end delay between server
si and sj . For simplicity of illustration, we assume di,j = dj,i

and di,j = 0 if i = j.

B. MAR Application Model

There are a set of M users in the MAR system, denoted
by U = {u1, u2, . . . , uM}. Each user has an AR application
to be executed. As we mentioned before, an AR application
includes many computation-intensive computer vision and
artificial intelligence algorithms [4] as key components (e.g.
object recognition and object tracking).

Fig. 3. An simple illustration of the service delay model.

Therefore, we model one MAR application as a combination
of multiple tasks, which can be offloaded separately to pow-
erful computing nodes nearby. Denote by Mk the number of
tasks that the application from uk contains. The computation
complexity of each task is jointly determined by the input
data size and the algorithm we adopt. For example, when
recognizing object in images, different recognition algorithms
and resolutions lead to different computational delays. We use
ci
k to denote the computational delay of the ith task from user

uk. Generally, an application profiler can be used to collect
relevant metrics and estimate the computation amount of each
task. Details about profiling are discussed in Section 8, here
we focus on scheduling algorithms and assume that the profiler
is given.

C. Service Delay Model

The service delay of the kth user can be defined as

Dk = Dw
k + Dt

k + Dp
k, (1)

where Dw
k is the wireless delay incurred by sending video

frames from the kth user to its associated wireless access point;
Dt

k is the core network delay caused by data communication
between tasks; and Dp

k presents the total computational delay
of all the tasks.

Wireless Delay: The wireless delay consists of two parts:
the upload delay (the red line in Fig. 3), which is caused
by transmitting the input data from a user to its associated
wireless access point (AP), and the download delay (the blue
line in Fig. 3), which is caused by transmitting the output
data from an AP to a user. Each part is determined by the
data size and wireless data rate between a user and an AP.
Since the size of the output data is usually small, the download
delay can be ignored [23]. Let Rk be the average wireless
data rate between user uk and its associated AP, and wk

be the size of the data which should be uploaded for uk.
Then, the wireless delay experienced by the kth user can be
modeled as

Dw
k = wk/Rk. (2)

Core Network Delay: Since the core network delay is
mainly determined by the aggregated traffic loads and the geo-
distance between servers. The impact of the data transmission
of a single user on the core network delay is negligible
[24]. Therefore, we do not consider such an impact in our
core network delay model. To represent this delay, we first
introduce a server assignment indicator aj

k,i:

aj
k,i =

{
1 if the ith task from uk is placed at sj ,

0 otherwise.
(3)
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For the simplicity of presentation, an AP is also regarded
as a server with no computing ability in this article. Let dk,j

be the core network delay between server sj and the AP that
user uk associates with.

The core network delay for user uk consists of three parts
(see Fig. 3 for example): 1) data transmission delay between
the AP that uk associates with and the edge server that the
first task of uk is assigned to, 2) communication delay between
consecutive tasks, and 3) transmission delay of the final output
data between the server that the last task of uk is assigned to
and the AP. More specifically, we have

Dt
k =

N∑
j=1

aj
k,1dk,j +

Mk∑
m=2

N∑
i=1

N∑
j=1

ai
k,m−1a

j
k,mdi,j

+
N∑

j=1

aj
k,Mk

dk,j . (4)

Computational Delay: The computational delay is closely
related to the computational complexity of a task and available
computational resources on servers [23]. We use Qj to denote
the available computational resources on the jth server. Let
rj
k,i be the percentage of server j’s computational capacity

being allocated to the ith task of user uk. Then Qj · rj
k,i

represents the amount of the computational resources allocated
to the ith task of user uk on server sj . Therefore, the compu-
tational delay experienced by uk can be modeled as:

Dp
k =

Mk∑
i=1

N∑
j=1

aj
k,i

ci
k

Qjr
j
k,i

. (5)

D. Problem Formulation

Combining Eqs. (1), (2), (4), and (5) together, we have

Dk =
wk

Rk
+

N∑
j=1

aj
k,1dk,j +

Mk∑
i=1

N∑
j=1

aj
k,i

ci
k

Qjr
j
k,i

+
Mk∑

m=2

N∑
i=1

N∑
j=1

ai
k,m−1a

j
k,mdi,j +

N∑
j=1

aj
k,Mk

dk,j , (6)

and the total service delay of all users is:

D =
∑

uk∈U Dk. (7)

On designing a scheduler, we aim to minimize the average
service delay, which is equivalent to minimizing the total ser-
vice delay. Denote A = {aj

k,i|uk ∈ U , sj ∈ N , i ∈ [1, Mk]}
as the set of server assignments. Denote R = {rj

k,i|uk ∈
U , sj ∈ N , i ∈ [1, Mk]} as the set of resource allocations,
the optimization problem is:

P1 : min
{A,R}

D =
∑

uk∈U Dk.

s.t. C1 :
∑N

j=1
aj

k,i = 1, uk ∈ U , i ∈ [1, Mk]

C2 :
∑M

k=1
rj
k,i = 1, sj ∈ N , i ∈ [1, Mk]

C3 : aj
k,i = {0, 1}, uk ∈ U , sj ∈ N . (8)

The constraints C1 and C3 ensure that each task is assigned
to one and only one server, and C2 is the constraint on
servers’ capacity. By reducing the NP-complete Generalized
Assignment Problem (GAP) [19] to M3AS, we have the
following theorem.

Theorem 1: The M3AS problem is NP-hard.
Proof: We prove this theorem by reduction from the

Generalized Assignment Problem (GAP).
Definition 1 (Generalized Assignment Problem): Given a

pair (E, S) where E is a set of n machines and S is a set
of m tasks. Each machine ej ∈ E has capacity bj , and we
use wk,j and pk,j to denote the cost and the profit incurred by
performing task sk on machine ej . The generalized assignment
problem examines the maximum profit assignment of tasks
to machines such that each task is assigned to precisely one
machine subject to capacity restrictions on the machines.

Given an instance of GAP, we construct an instance of
M3AS as follows. We let N = n, M = m and Qj = bj in
M3AS. We assume that all offloaded applications contain only
one task. For uk ∈ U , wireless delay Dw

k and computational
delay Dp

k can be infinitely close to zero by setting uploaded
data size and task computational complexity to a sufficiently
small value. For the kth user, the core network delay between
sj and its associated AP (dk,j) is set to be Pmax + 1− pk,j ,
where Pmax = max {pk,j : k ∈ [1, M ], j ∈ [1, N ]}. The core
network delay between si and sj can be any reasonable value.
Let rj

k,1 = wk,j

Qj
, where wk,j is the resource demand of task

sk’ on machine ej in GAP.
Combining these together, the objective of M3AS is

min
∑M

k=1

∑N
j=1 aj

k,1(pmax + 1− pk,j), since Pmax is fixed,
the objective of M3AS is then reduced to maximizing the
assignment-profit under the constraint that the total resource
demand of tasks assigned to sj cannot exceed its capacity Qj .
Then, the problem is essentially GAP. It is not hard to see
that the construction can be finished in polynomial time. Thus,
we reduce solving the NP-complete GAP problem to solving
a special case of M3AS, implying that M3AS is NP-hard. The
theorem follows immediately.

IV. MUTAS FOR OFFLINE M3AS

A. Problem Transformation and Relaxation

Optimization problem P1 is a mixed integer nonlinear
programming, and it is non-convex due to its non-convex
quadratic terms in Eq. (4). However, we note that for a certain
user uk, the communication delay between its (m− 1)th and
mth tasks can be modified as follows:
N∑

i=1

N∑
j=1

ai
k,m−1a

j
k,mdi,j

=
N∑

i=1

N∑
j=1

di,j max[(ai
k,m−1 + aj

k,m − 1), 0], (9)

where the equality holds because aj
k,i is binary. This converts

the non-convex term to a convex form.
Therefore, we perform the following two-step transforma-

tion and relaxation on problem P1:
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• Replace the communication terms in P1 with Eq. (9).
• Relax binary variables aj

k,i’s to continuous variables

ãj
k,i’s. Let Ã denote {ãj

k,i|uk ∈ U , sj ∈ N , i ∈ [1, Mk]}.
The relaxed form of Dk in Eq. (6) is:

D̃k =
wk

Rk
+

N∑
j=1

ãj
k,1dk,j +

Mk∑
i=1

N∑
j=1

ãj
k,i

ci
k

Qjr
j
k,i

+
Mk∑

m=2

N∑
i=1

N∑
j=1

di,j max[(ãi
k,m−1 + ãj

k,m − 1), 0]

+
N∑

j=1

ãj
k,Mk

dk,j . (10)

The relaxed P1 can be presented as follows:

P2 : min
{ �A,R}

D̃ =
∑

uk∈U
D̃k

s.t. C1, C2

C̃3 : 0 ≤ ãj
k,i ≤ 1; uk ∈ U , sj ∈ N . (11)

B. Formal Analysis

In this section, we first introduce a central element in convex
optimization: the notion of convex function.

Theorem 2: Suppose a function f : Rn → R is twice
differentiable, then f is convex if and only if its domain is
a convex set and its Hessian matrix is positive semidefinite:
i.e., for any x ∈ D(f), Δ2f(x) � 0.

Proof: The detailed proof can be found in [25]. �
Similar to previous work [3], we then partition the variables

in P2 into two parts of variables, and prove that the relaxed
problem P2 is convex with respect to these two parts, respec-
tively. Based on the previous theorem, we have the following
two lemmas:

Lemma 1: The problem P2 is strictly convex with respect
to the relaxed server assignment Ã.

Proof: For any given ãj
k,i, the objective function only

contains linear terms and the max function of ãj
k,i. The max

function is convex, and the addition of convex functions
remains convex. The constraint C1 is linear. The constraint
C2 is irrelevant to Ã. Therefore, D̃ is strictly convex with
respect to Ã. �

Lemma 2: The problem P2 is strictly convex with respect
to the resource allocation R.

Proof: For any feasible variables rp
k,i, r

q
v,j , ∀uk, uv ∈ U ,

∀sp, sq ∈ N ,

∂2D̃

∂rp
k,i∂rq

v,j

=

⎧⎪⎨⎪⎩
2ci

kQpa
p
k,iQq

(Qpr
p
k,i)3

if k = v, i = j, p = q,

0 otherwise.

(12)

The Hessian matrix H = [ ∂2
�D

∂rp
k,i∂rq

v,j
] is symmetric and positive

definite. According to Theorem 2, function f is strictly convex
if its Hessian matrix H is positive definite for all the variables.
The constraint C2 is linear. The constraints C1, C̃3 are irrele-
vant to R. Therefore, D̃ is strictly convex with respect toR. �

Algorithm 1 The Mutas Algorithm

Input: convergence condition τ ; initial assignment Ã0;
maximum iteration number Gk

Output: server assignment A, resource allocation R
1 Ã ← Ã0, i← 0;
2 while True do
3 R← update R with fixed Ã;
4 Ã ← update Ã with fixed R;
5 D̃(i)← compute the total delay with Ã and R;
6 If |D̃(i)− D̃(i− 1)| ≤ τ or i ≥ Gk then break;
7 i← i + 1;

8 recover a binary solution A according to Eq. (13) ;
9 R← update R with fixed A;

10 return A,R

Lemma 1 confirms that, when server assignment Ã is
fixed, the total service delay D̃ can be decreased by opti-
mizing resource allocation R. Similarly, with Lemma 2, when
resource allocation R is fixed, the processing delay of each
task on a server can be determined, thus the relaxed service
delay D̃ can be reduced by optimizing server assignment
Ã. Based on these intuitions, we developed a Multi-task
application scheduling (Mutas) algorithm, with further details
in the next subsection.

C. Mutas Design

The main idea behind Mutas is fixing one variable while
optimizing the other one, after several iterations, the objective
function converges to a certain value. For example, we will
derive a new server assignment after optimizing Ã by the
block coordinate descent method with fixed R, then this new
assignment can be leveraged to generate an optimized R
conversely. The above iterative processes will continue until
a pre-defined maximum number of iterations Gk has been
reached or no significant improvement can be achieved. The
pseudo code of Mutas is shown in Algorithm 1. After solving
Problem P2, ãj

k,i are converted to aj
k,i according to

aj
k,i =

⎧⎨⎩1 if j = arg max
sj∈N

ãj
k,i,

0 otherwise.
(13)

Lemmas 1 and 2 lay the foundation for the convergence of
the Mutas algorithm. Since D̃ is convex with respect to each
block of variables, the convergence of the proposed algorithm
is guaranteed according to [26].

The last step is binary recovery which provides a feasible
solution to the original optimization problem P1. The recov-
ered solution is no longer optimal and can be further improved
by simulated annealing (SA).

Complexity Analysis: The Mutas algorithm converges to the
optimal value for the transformed problem P2 in a linear
rate, in other words, the sequence of the objective function
values converges to the optimum in an O(1

ε ) rate, where ε is
the parameter to control the accuracy. The Mutas algorithm
is developed based on the alternating minimization method,
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Algorithm 2 The Mutas+SA Algorithm
Input: cooling parameter α; initial temperature Tmax;

terminating temperature Tmin

Output: server assignment A, resource allocation R
1 randomly generate an initial assignment Ãold;
2 Aold,Rold ← Mutas(Ãold);
3 f ← D(Aold,Rold); T ← Tmax;
4 while T > Tmin do
5 randomly generate a new assignment Ãnew in the

neighborhood of Ãold;
6 Anew ,Rnew ← Mutas(Ãnew);
7 f ′ ← D(Anew ,Rnew); Δd = f − f ′;
8 if Δd ≤ 0 then
9 Aold ← Anew; f ← f ′;

10 else if Rand(0, 1) < exp(−Δd
T ) then

11 Aold ← Anew; f ← f ′;

12 T ← α · T ;

13 A ← Aold; R← Rold;
14 return A,R

and the convergence and the optimality were proved in [27].
The corresponding evaluations on the time cost of the Mutas
algorithm is given in Section 6.2.

D. Augmenting Mutas With Simulated Annealing

As we mentioned before, the last step of Mutas is to recover
a set of binary variables. However, the recovered solution
sometimes may be not so satisfactory. To improve Mutas,
we leverage simulated annealing (SA) which can help Mutas
to escape from local minimums. Note that there are many
other alternative algorithms such as genetic algorithm (GA)
and particle swarm optimization (PSO). According to our
previous research [28], PSO has advantage over GA in both
convergence speed and accuracy. However, when compared
with SA, PSO has more parameters (inertia weight, learning
factor and so on) due to its complex design, making the setting
of parameters a very technical thing. Taking all the consider-
ations into account, we adopt SA for its easy implementation
and fast convergence.

The Mutas+SA algorithm is shown in Algorithm 2. Note
that, α is the cooling parameter in SA, Tmax and Tmin

are initial and terminating temperatures, respectively. At the
beginning, the simulated temperature T equals to Tmax then
decreases in each iteration, when T = Tmin SA iterations
terminate. Consequently, the SA process has no bounded
time complexity. Instead, its time complexity depends on the
parameter settings.

Generally, a longer searching time leads to a better solu-
tion, but also increases the computational overhead of the
scheduling algorithm. We can flexibly control the tradeoff
between accuracy and running time by adjusting the algorithm
parameters. In Section 6, we will investigate the impact of the
SA cooling parameter on the performance and time cost of the
offline algorithm.

Fig. 4. An illustration of the online scenario where each rectangle represents
a task and each arrow represents dependency. OnMutas makes scheduling
decisions on the task level.

Mutas and SA each serves an important role in the
overall algorithm design. First, Mutas provides a suitable
starting point for SA. If we start from some randomly
chosen point in the solution space, SA can converge to some
sub-optimal solution. Second, an appropriate starting point
helps reduce the number of SA iterations. Further numerical
evaluation of the contribution of the SA step is given
in Section 6.2.

V. ONMUTAS FOR ONLINE M3AS

The Mutas algorithm calculates the whole service path for
a batch of users, and thus servers need to reserve resources
for tasks assigned to it. It is a waste of resources since the
computing capacity reserved for a task could be utilized by
other tasks before this task arrives. Based on this intuition,
in this section, we discuss the online version of the M3AS
problem, where user applications arrive over the time, and we
present the Online Multi-task application scheduling (OnMu-
tas) algorithm that makes scheduling decisions on the task
level.

A. Intuition

In the online case, we partition time into discrete time
slots of equal length. At the beginning of each time slot,
a scheduling decision should be made for tasks that are ready
to be executed. As shown in the Fig. 4, two tasks (marked
with stars in the figure) from users u3 and u4, respectively,
can be scheduled at the beginning of the current time slot.
User u2 still has task being executed at this moment, hence
the succeeding tasks are not ready for execution due to data
dependency.

Lemma 2 can be extended to the following theorem:
Theorem 3: When each aj

k,i is fixed, the corresponding
optimal resource allocation to P1 is

rj
k,i

∗
=

√
aj

k,ic
i
k∑

uk∈U
∑Mk

i=1

√
aj

k,ic
i
k

. (14)

Proof: The convexity of P1 overR is proved by Lemma 2.
The corresponding Lagrangian of P1 is:

L(R, μ) = D −
∑N

j=1
μj(

∑M

k=1

∑Mk

i=1
rj
k,i − 1). (15)
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By solving the KKT condition [29] of Eq. (15), we can
obtain the optimal solution rj

k,i

∗
(i = [1, Mk], uk ∈ U , sj ∈

N ) and the corresponding optimal value Dmin. �
Theorem 1 shows that, when the placement for each task is

fixed, the corresponding resource allocation problem for these
tasks is deterministic.

B. Branch and Bond-Based onMuta

Note that any application cannot have more than one task
that is ready for execution at the beginning of any time
slot. We assume there are m tasks to be scheduled, and the
computational complexities of them are c1, c2, . . ., and cm,
respectively. If no confusion is caused, we also use pre(ci) to
denote the server where the predecessor of task ci is placed.

Without loss of generality, we assume that the workloads
c1, c2, . . . , cm are sequentially determined to be placed at the
start time of a time slot. Therefore, we only need to solve the
following subproblem: given the service assignment for c1,
c2, . . ., and ck, which server should ck+1 be placed on? Based
on this subproblem definition, we have the following theorem:

Theorem 4: Let dk indicate the total amount of delays for
the k tasks having been placed, which can be easily calculated
by solving the corresponding convex optimization problem
based on Theorem 1. The lower bound on the total amount
of delays for the remaining (m − k) tasks can be presented
as:

uk = dk +
∑m

i=k+1
[ min
sj∈N

{ ci

Qj
+ dpre(ci),j}]. (16)

Proof: In Eq. (16) all the remaining (m − k) tasks are
provisioned with 100% capacity of a server, and thus uk

provides a lower bound on the total amount of delays for the
remaining (m− k) tasks. �

Based on the above problem transformation, we then
develop OnMutas to determine the optimal values of
{aj

k,i}. Our algorithm is based on the branch and bound
approach. Notice that the solutions of subproblems usually
constitute a search tree for the original problem. When apply-
ing depth-first search over subproblems, we adopt a greedy
heuristic by searching the one with the smallest lower bound
first. Each time when a leaf node in the search tree is reached,
all other branches with larger values of lower bounds are
pruned. The optimal solution will be found until all the leaf
nodes have been either searched or pruned.

Fig. 5 shows an example of the proposed algorithm.
Assuming that there are 3 tasks c1, c2, and c3 with
computational complexities equal to 3, 2, and 1, respectively;
there are 2 servers s1 and s2 with capacities equal to 2 and
1, respectively; the data transmission delays1 are
dpre(c1),1 = 1, dpre(c1),2 = 2, dpre(c2),1 = 2, dpre(c2),2 = 1,
dpre(c3),1 = 1, and dpre(c3),2 = 1. As shown in the figure,
we are going to determine which server should c1 be placed
on? If task c1 is placed on s1, the lower bound of this node is
3
2 +1+ 2

1 +1+ 1
2 +1 = 7; similarly, the lower bound of placing

c1 on s2 is 8.5. We will search the node with the smallest

1If ci has no predecessor, the delays indicate the data transmission delay
from the AP to the servers.

Fig. 5. An example branch and bound-based OnMutas.

lower bound first. The first leaf node we visit has a lower
bound of 7.7, under the condition that c1 and c3 are placed
on s1 while c2 is placed on s2. After that all the branches
with lower bounds larger than 7.7 will be pruned. For all the
leaf nodes in the figure, six of them are pruned (gray nodes
in the figure). Among the rest two leaf nodes, the one with
the smallest lower bound indicates the optimal solution.

VI. SIMULATION RESULTS

In this section, we evaluate the performance of the proposed
offline and online algorithms by extensive simulations. The
simulation is conducted on a Dell OptiPlex 7050 desktop
computer with an Intel i5- 7500@3.4GHz CPU and 8GB
RAM.

A. Simulation Setup

We simulate an edge network with 50 wireless access points.
The wireless data rates of users are uniformly distributed
between 1 to 10 Mbps. According to [3], the computing
capacities of edge servers are uniformly generated between
2 GHZ and 5 GHZ, while the computing capacities of edge
servers are uniformly generated between 8 GHZ and 12 GHZ.
For each task being received by a server, we specify its
amount of computation needed as the number of CPU cycles.
Particularly, if a task with 1 gigacycles is offloaded to a server
provisioned with 2GHz capacity, its computation delay will be
0.5 seconds.

In the offline case, there are 20 servers, both edge servers
and cloud servers are included. The network latencies between
wireless APs and edge servers are generated according to
a normal distribution with the mean of 50ms. The network
latencies between the wireless access points and the cloud
servers are also generated based on a normal distribution but
with the mean of 150ms. The edge servers and cloud servers
are randomly deployed in the network. In the online case, if not
specified explicitly, the task queue length is set to be 10.

Since the problem formulation is unique, other state-of-the-
art algorithms can be hardly found. As for dispatching policies,
Nearest is the most friendly approach to distributed systems.
For example, task assignment policy in [24] is to greedily
dispatch a job to the server which brings the least increase to
the total response time. As the mobile device only needs to
communicate with the nearest edge-clouds, most of the works
(e.g., [30], [31]) on edge clouds adopted Nearest as the job
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Fig. 6. Impact of different parameters on the performance of the offline algorithm.

dispatching policy. The centralized scheduling algorithms aim
to find the optimal task assignment solution. For example,
the authors in [3] designed an edge network orchestration
algorithm named FACT which optimizes the edge server
assignment and video frame resolution selection for MAR
users. The problem is convex and the optimal solution can
be derived by convex optimization. Random is close to the
practical scenarios where the global information about network
topology is unknown.

As for the resource allocation policy, one popular resource
allocation policy is equal division (the available computational
resources on a server are evenly shared by the tasks assigned
to the server), which is commonly used by the approaches
designed for parallel multi-user systems (e.g., [3], [32]).
To ensure more efficient utilization of computing resources,
the work in [33] proposed a workload placement algorithm
that decides which edge cloud servers the mobile programs
are placed on and how much computational capacity is pro-
visioned to execute each program. The workload placement
algorithm is developed based on brute-force search method and
the optimal scheme can be found using convex optimization.

Therefore, we design the comparisons as the combinations
of these typical dispatching and resource allocating poli-
cies. In our simulations, we compare our algorithms with
four heuristics (Baseline, Opt-random, Nearest, and Opt-
nearest) summarized in Table III. Each algorithm contains two
strategies for server assignment and resource management,
respectively. Table III shows which strategy is used in each
algorithm.

In the table, by “greedy server assignment”, we mean, for
the first task in an application, it will be sent to the server
with the smallest data upload delay; for other task, the server
we choose will be the nearest one from where its predecessor
is located. By “optimal resource allocation”, we mean, if the
server assignment of all tasks is fixed, we can further optimize
the total service delay by solving the resource allocation
problem.

In Mutas+SA, the initial temperature is generally set to be
a value that results in average acceptance probability equal
to 0.8 for bad mutations from initial solution [34]. Hence,
we randomly generate lots of cost-decreasing mutations and
compute the average decrease in cost Δcost, then the initial
temperature T is set to be − Δcost

ln(0.8) . When evaluating the per-
formance of proposed offline algorithm, the cooling parameter
α is set to 0.97, and the initial temperature and terminating
temperature are set to 10 and 1, respectively.

Fig. 7. The effect of the cooling parameter α.

TABLE I

ALGORITHMS IN COMPARISON (OPT IS SHORT FOR OPTIMAL)

B. Offline Performance

To evaluate the impact of cooling parameter on the per-
formance of the offline algorithm, we adjust the value of
cooling parameter and solve the scheduling problem by SA
based on the solution derived by Mutas. The experiment results
are shown in Fig. 7. Though a larger value of α usually
generates a better solution, but it can also slow the speed of SA
convergence, incurring larger time cost of the algorithm itself.
We can reduce the number of iterations at a slight sacrifice of
accuracy.

Despite the fact that the derived solution is not optimal,
we observe that the distance from the optimum are gener-
ally negligible in our experiments. For example, in the case
depicted by Fig. 9, two edge servers and a cloud center
are deployed, there are three users connected to the nearby
APs, each with a two-transform application to offload. The
parameter settings including server capacity, task computation
complexity, and network latency are given in Fig. 9, under
which, the average delayS generated by Mutas+SA and the
brute force method are 0.85s and 0.82s respectively, we believe
that this time difference of 0.03s does little harm to the user
perception.

To demonstrate the role and contribution of Mutas and
SA in the offline algorithm, we first run them separately
to provide a feasible solution to the original problem. The
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Fig. 8. The contribution of the Mutas+SA.

Fig. 9. The solution from Mutas+SA vs the Optimum.

convergence process of these algorithms is shown in Fig. 8.
First, Mutas algorithm converges to the local optimum quickly
in several iterations, Second, with an appropriate starting point,
SA pushes the solution to one that is closer to the optimal
solution. We can observe that when combined together in the
proposed manner, Mutas and SA each serves an important
role in the overall algorithm design. For further performance
evaluation, we also consider the following factors:

The Impact of the Number of Users: We first evaluate
the performance of Mutas with different numbers of users.
The MAR application of each user is independent from all
others. Fig. 6(a) reflects the impact of the number of users
on the performance of four different algorithms. When the
number of users increases, servers experience more workloads.
Thus, the service delay increases. When compared with the
other algorithms, the Mutas algorithm achieves the smallest
delay. As compared with the Baseline algorithm, the Mutas
algorithm gains up to 65% service delay reduction when
the number of users is 100. Since Baseline and Opt-random
both adopt random server assignment, the difference between
them reflects the improvement gained from the optimization
of resource allocation. We can observe that when workload
increases, such improvement becomes more obvious.

Meanwhile, the gap between Opt-nearest and Opt-random
narrows as task number increases. With the amount of work-
loads increases, the resource contention on each server leads to
a longer processing time. As the ratio of network latency to the
total delay decreases, the greedy server assignment gradually
loses its advantage over the random server assignment.

The Impact of Network Latency: Fig. 6(b) shows the impact
of the average network latency on the performance of different
algorithms. Here, the average network latency reflects the
average transmission delay between servers. As shown in the

TABLE II

MUTAS RUNTIME EVALUATION

figure, the average service delay increases when the average
network latency increases. Mutas significantly reduces the
delay by 61% compared to the Baseline. The difference
between Opt-random and Baseline reflects the improvement
from the optimization of resource allocation. Note that,
the variance of the network latency has no impact on the gap
between Opt-random and Baseline, since network latency is
irrelevant to resource contention on servers.

Besides, the improvement from greedy task dispatching
becomes significant as the network latency increases. Since
service delay comprises of data transmission delay and compu-
tational delay; as network latency increases, data transmission
becomes the dominant component, hence the improvement due
to the optimization of data transmission delay becomes more
obvious.

The Impact of the Amounts of Computations: The per-
formance of four algorithms with varying amounts of com-
putations is shown in Fig. 6(c). When more workloads are
included in each task, the service delay increases. Mutas
can reduce the average service delay by 48%, compared
to that of Baseline. Compared to Opt-nearest, the delay
reduction achieved by Mutas is about 22%. When compar-
ing baseline with Opt-random, we can conclude that, with
larger computation amounts, the delay reduction brought by
resource allocation optimization becomes more obvious. Note
that, the greedy server assignment can even perform worse
than the random dispatching when servers experience more
workloads.

The Impact of the Number of Servers: The impact of the
number of servers is shown in Fig. 6(d). Obviously, with
more servers, all algorithms have smaller delays. Compared
with other algorithms, Mutas achieves the smallest service
delay. However, the performance gain becomes very small
when adding more servers after the server number reaches
30. We can see that the performance gain from the resource
allocation optimization is greater when the number of servers
is limited.

The Running Time of the Offline Algorithm: The running
time of other algorithms in comparison is negligible in most
cases, so we only record the average running time of the pro-
posed algorithm in the table II, along with the corresponding
iteration number of Mutas and SA. For Mutas, when task
number rises from 10 to 50, it always converges within 10 iter-
ations, however, since each iteration involves solving a convex
problem, the running time increases significantly with problem
scale. For SA, with more tasks, the required iterations is fixed
since it only depends on the parameter settings, the running
time also shows a small increase. It can be observed from
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Fig. 10. Impact of different parameters on the performance of the online algorithm in terms of average task delay.

table II that, even requires more iterations, SA has a fast run-
ning speed than Mutas. At the meantime, as shown in Fig. 8,
the first few iterations brings the majority of the decrease in
objective function for Mutas. Based on these two observations,
when task number grows, we suggest optimizing the proposed
algorithm by cutting the iterations of Mutas to save running
time, which means we have to accept a temporarily worse
starting point for SA, but as a compensation, we can add SA
iterations by adopting a larger α.

C. Online Performance in Terms of Average Task Delay

OnMutas is designed to schedule MAR tasks that are ready
for execution at the beginning of the current time slot. In this
subsection, we evaluate OnMutas in terms of average task
delay. The average task delay includes two parts: the data
transmission delay between its preceding task and itself, and
the computational delay of the task.

The Impact of the Number of Users: Fig. 10(a) shows the
impact of the user number on the performance of different
algorithms. When the number of users in queue increases,
servers experience more workloads. Thus, the service delay
increases. Compared with other algorithms, OnMutas achieves
the smallest delay. Compared with Baseline, OnMutas gains
up to 47% service delay reduction when the number of users
is 20. The performance gain of Opt-nearest over Nearest
reflects the influence of the resource allocation optimization.

The Impact of Network Latency: Fig. 10(b) shows the
impact of the network latency on the performance of different
algorithms. As shown in the figure, the average service delay
increases when the average network latency increases. We can
see that the network latency can greatly affect the performance
of Nearest. For example, the performance of Nearest and Base-
line are similar in the 50ms case, while the delay reduction of
Nearest over Baseline is up to 41% in the 500ms case.

The Impact of the Number of Servers: Fig. 10(c) shows
the average service delay with different numbers of servers.
When compared with the other algorithms, OnMutas achieves
the smallest delay. Similar to the offline case, the performance
gain of adding more servers is small after the server number
reaches 15.

The Impact of the Amount of Computations: Fig. 10(d)
indicates that average delay is affected by the amount of
computations. Note that a larger amount of computations
leads to more delay reduction. For example, when the average
amount of computations increases to 2 gigacycles, the delay
reduction could be up to 60%.

TABLE III

ONMUTAS RUNTIME EVALUATION

The Running Time of onMutas: Table III shows the
running time of onMutas and depth-first search (DFS).
We configure two edge servers and a remote cloud with
task number rising from 10 to 30. When there are m
computing tasks and n servers, the time complexity to
exhaustively search the solution space is O(nm). Obviously,
with more tasks, the running time of depth-first search
increases significantly. The performance gain of OnMutas
can be regarded as the advantage of adopting the branch and
bound approach over DFS. The decreased complexity varies
in different cases and can be hardly expressed in a unified
mathematical form. According to our simulations, the average
time cost reduction of OnMutas over DFS is up to 80%.

D. Online Performance in Terms of Average Service Delay

As we mentioned before, the service delay includes wireless
delay, core network delay, and computational delay. Since
the wireless delay is irrelevant to the specific scheduling
algorithm, we will not consider it in this subsection. We are
also interested two other delays: scheduling time and waiting
time. The former is the running time of OnMutas, while the
latter is the waiting time when a task is in the task queue.

We first investigate the influence of the number of users
on the performance of OnMutas. The results are shown
in Fig. 11(a). When the number of user increases, servers
experience more workloads, and thus both the processing
time and the waiting time of each application increase. When
the number of user increases, the length of task queue also
increases, leading to a longer running time of OnMutas. Note
that, the running time of other heuristics is negligible in our
experiments.

In Fig. 11(b), when the average network latency increases,
users experience longer service delays. Results show that
network latency has no impact on the processing time and
the waiting time of all tasks. As network latency increases,
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Fig. 11. Impact of different parameters on the performance of the online algorithm in terms of average service delay.

the proportion of data transmission delay increases, the perfor-
mance of Opt-nearest hence gets better due to its optimization
on server assignment.

In Fig. 11(c), when adding more servers into the system,
the processing time and waiting time of tasks decrease. Mean-
while, the running time of OnMutas increases since adding
servers enlarges the solution space.

Fig. 11(d) shows the average delay with different amounts of
computations. Obviously, as more computations are included
in each task, a longer processing time is needed. Note that,
the delay reduction of OnMutas over other heuristics becomes
more obvious as the amount of computations increases.

As a brief summary, we evaluated the performance of Mutas
and OnMutas with extensive simulations. The results show that
both our offline and online algorithms can greatly reduce the
service delay of MAR systems.

VII. SYSTEM DESIGN AND EXPERIMENTS

We present the architecture of our MAR platform in this
section. As illustrated in Fig. 12, the requests are first submit-
ted to the centralized network controller, which is deployed at
the proximity of users. The monitoring service and profiling
service running in the network controller keep collecting
necessary information for the scheduling algorithm. Note that
the task is the unit of the application for our system to make
scheduling and optimization decisions. The tasks are then
sequentially executed on the scheduled server and the analysis
output will be sent back to the corresponding MAR users.

Monitoring Service: The system status monitor continu-
ously collects system run-time information including network
latency and server workload. The monitoring of users wireless
data rates is also necessary since wireless bandwidth exhibits
substantial dynamics over time. These information is then
utilized by the scheduling algorithm to co-optimize the task
offloading decision and resource allocation.

Profiling Service: The application profiler models the impact
of input datasize on the task computation complexity. In prior
studies, the computation complexity with respect to the resolu-
tion is formulated as a concave function for CNN-based object
detection algorithms [3], [35]. It is reasonable because for a
specific CNN, the input image size is fixed. A small CNN
generally processes images with low resolution, contrarily,
a large CNN takes images with high resolution as the input.
Since the running time of CNN increases with the number
of network layers, the running time of the deep-learning algo-
rithm is indirectly determined by the image resolution, in other

Fig. 12. The system architecture of our MAR platform.

words, when the input data size is fixed, the computation
complexity of image processing task is approximately the
same. For other image-processing algorithms involved in MAR
application (e.g. object tracking [36] and image rendering
[37]), the algorithm complexity is also closely relevant to the
amount of pixels in the image [38]. In conclusion, the running
time of image processing is determined by the input data
size. This observation allows us to build a profiling tool
that learns an accurate relationship between input datasize
and computation complexity (ci

k in Section 3.2) for each
task in AR applications. Since different applications tend
to have different profiles, we add a profiling phase to the
deployment of every new type of AR application. For each AR
request, the profiling service first estimates the corresponding
computation complexity of all tasks involved according to
its input datasize, the scheduling module then relies on the
information for task dispatching and resource management.

Scheduling Service: The third module is the scheduler,
which is responsible for the task dispatching and resource
management. The key components of the scheduler are Mutas
and onMutas algorithms. When the Mutas algorithm solves
the scheduling problem, prerequisite information about the
computation complexities of all the tasks involved is required.
The offline centralized scheduler applies to small MAR sys-
tems since the scheduling delay increases with the network
scale, while the online scheduler is more general. The onMutas
algorithm is invoked periodically or based on the task queue
length, both of which are adjustable.

A. Evaluation Setup

Our experiment consists of five virtual machines, among
which four are edge/cloud computing nodes, and the other
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Fig. 13. Two MAR applications we support in our experiment: P-E-R-C and
P-R-C.

one is the network controller. The five virtual machines are
connected through virtual routers which are emulated by
virtual machines.

In our experiments, the link latency is emulated by linux TC
(traffic control) [39]. We roughly separate MAR applications
into four tasks, preprocessing (including resizing, decoding
and denoising), object extracting, object recognizing and
image construction. Fig. 13 depicts two MAR applications we
support, in which one AR chain include complete four stages
while the other do not require the extracting of certain objects.
Our implementation uses OpenCV [40] for object abstrac-
tion, YOLO [41], a pre-trained neural network, for object
recognition and OPENGL for image construction. We first
use an offline process to build a default profile on a server
with 32-core CPU and 64G memory. The profiler executes
instrumented tasks multiple times with different inputs and
measures metrics including execution time, input/output data
size, etc. More specifically, in order to make CNN support dif-
ferent input datasizes, we load five different CNN models with
various input resolutions. Fig. 14 shows the impact of the input
data size on the task computational delay. We observe that for
most image-related operations, the relationship between input
datasize and the computation complexity can be modeled as
concave functions.

B. Evaluation Results

Fig. 15 shows the impact of the user number on the average
service latency. We compare onMutas with two heuristics
(Opt-random, Opt-nearest) mentioned before. When the num-
ber of user rises from 2 to 4, the response time shows slight
variance, however, the average delay significantly increases
with heavier system load. We found that the performance of
Opt-nearest highly relies on the user distribution, Opt-nearest
can even perform worse than Opt-random with unbalanced
workload. Similar to our simulations, the performance gain of
OnMutas over other algorithms is obvious. We also optimize
the Mutas algorithm by allocating reserved resources not in use
to running tasks on the server. The optimized Mutas algorithm
performs slightly better than onMutas in a few cases (e.g. when
the number of users equals to 8). Our experiment result shows
that the performance of these two algorithms is overall similar
when all the requests arrive at about the same time.

VIII. DISCUSSIONS

Handling DAG Jobs: We notice that the interdependency
of tasks in an application exhibits more complicated patterns.
For example, in [42], the car plate detection application is
partitioned into multiple tasks, whose dependency is modeled

Fig. 14. The relationship between datasize and computation complexity for
AR-ralated operations.

Fig. 15. Impact of the number of users on the performance in terms of
average service delay.

as a directed acyclic graph (DAG). Here we take a step further
to extend onMutas for DAG-based task graphs. For a given
DAG G =< V, E >, where V is the set of tasks and E is
the set of edges. The edge (i, k) on the graph specifies that
there is some required data transfer, eik, from task i to task k
and hence, k cannot start before i finishes. Scheduling DAG
applications consists of two steps. First, at the beginning of
each slot, we find all the task nodes with zero in-degree then
a scheduling decision is made for them. When these tasks
finish, the DAG is updated and zero in-degree tasks can join
the queue waiting to be executed. By this way, we decompose
sophisticated applications into several waves of tasks and thus
they can be successfully scheduled just as pipelines.

Beyond MAR: In this article, we aim to develop an effective
scheduler for the edge-based mobile AR system. However,
our system can be easily extended to support heterogeneous
applications. For example, the video analysis application can
be integrated to our system since they are naturally com-
posed of different computing-intensive components. However,
the profiling procedure should be specified for each application
due to the inner-application and inter-application diversity.

IX. CONCLUSION

In this article, a MAR application is modeled as a chain of
inter-dependent tasks with data transmissions between them,
each task can be offloaded to different servers. We hence con-
sider the offloading of MAR applications comprising multiple
tasks, over a generic cloud-edge computing system including
a group of heterogeneous edge servers and remote clouds.
We design both offline and online algorithms by optimizing
the server assignment and the resource allocation jointly. The
experimental results show that both our offline and online
algorithms can significantly reduce the service delays of MAR
applications when compared to other heuristics.
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