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Abstract—Augmented Reality (AR) has various practical appli-
cations in healthcare, education, and entertainment. To provide
a fully interactive and immersive experience, AR applications
require extremely high responsiveness and ultra-low processing
latency. Mobile edge computing (MEC) has shown great potential
in meeting such stringent requirements and demands of AR
applications by implementing AR requests in edge servers within
the close proximity of these applications.

In this paper, we investigate the problem of reward maximiza-
tion for AR applications with uncertain demands in an MEC
network, such that the reward of provisioning services for AR
applications is maximized and the responsiveness of AR applica-
tions is enhanced, subject to both network resource capacity. We
devise an exact solution for the problem if the problem size is
small, otherwise we develop an efficient approximation algorithm
with a provable approximation ratio for the problem. We also
devise an online learning algorithm with a bounded regret for the
dynamic reward maximization problem without the knowledge
of the future arrivals of AR requests, by adopting the technique
of Multi-Armed Bandits (MAB). We evaluate the performance
of the proposed algorithms through simulations. Experimental
results show that the proposed algorithms outperform existing
studies by 17% higher reward.

Index Terms—Mobile edge computing, augmented reality,
reward maximization, online learning, Multi-Armed Bandits
(MAB).

I. INTRODUCTION

Augmented Reality (AR) that inserts virtual content into a
stream of views of the real world captured from the physical
environment by various sensors and cameras is emerging as
a popular application in many application areas [15], [12].
On the start of an AR application, it starts to capture the
physical environment and sends video streams to the mobile
edge computing (MEC) network at a certain data rate. One
key requirement of AR applications is to handle their data
streams timely; otherwise, the insertion of virtual content
can cause a significant delay between the observations of the
world and the moment when the AR display is presented to

users [18]. With the fast development of 5G communications,
MEC is envisioned as the key enabling technology that brings
content and computing resources close to AR users, reducing
latency and workload on backhaul networks [16], [18]. As such,
various service providers are seeking opportunities of promoting
their revenues by deploying AR services with strong real-time
guarantees in the edge of core networks. For example, the
Verizon team recently built an independent GPU-based system
for AR applications, which shows potential in paving the way
for a new class of affordable AR services [35]. In particular,
service providers can place their AR services to locations in an
MEC network and offload user tasks to the placed AR services
for execution, which is referred to as task offloading.

Task offloading for AR applications poses several crucial
challenges. First, network service providers obtain rewards by
offloading AR requests to an MEC network. Quantifying such
rewards is important for network service providers to guide their
strategy of adopting MEC. This however is very challenging.
The network service provider usually cannot determine the
reward of offloading an AR request in an MEC network solely
based on the rates of data streams of AR applications. The
reason is that the reward depends on many other factors such
as resource usage costs, processing delays, and pricing models
of the network service provider [8]. Also, the actual rate
of each data stream of an AR application is normally not
known in advance before the admission of the AR request.
How to cache AR services and offload tasks based on such
uncertain data rates and rewards is challenging. Second, a
deterministic relationship between reward and data rates, such
as a proportional model, is not realistic. Instead, the rewards
and data rates of requests are independent. How to maximize
the reward that is independent of the demand of requests is
the second challenge. Third, along with the responsiveness
requirement of each AR application, the continuous processing
of its data stream after its being responded needs to be
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performed within a specified delay requirement. Considering
the afore-mentioned uncertainty of data rates and rewards, how
to jointly improve the responsiveness of AR applications in
an MEC network while meeting their delay requirements is
challenging. To address these challenges, we investigate the
problem of reward maximization for AR applications in an
MEC network, with the aim to enhance the responsiveness of
AR applications via offloading AR requests to base stations
of the MEC network. We consider uncertainties of reward and
data rates and demand-independent rewards.

There are studies of task offloading and service placement
in MECs under conventional task models [3], [10], [11], [17],
[20], [21], [23], [29], [30], [31], [32], [33], and proportional
reward function models [1], [14]. Some of them even ignored
the responsiveness of AR applications [5], [19], [26], [27]. To
the best of our knowledge, this is the first study that considers
uncertain data rates, rewards, and demand-independent rewards
while offloading AR requests in an MEC network.

The main contributions of this paper are as follows.
• We propose exact and approximation algorithms for

the reward maximization problem with a set of non-
preemptive AR requests, by assuming that the tasks of
each AR request can be consolidated into a single base
station of the MEC network for processing.

• We devise an efficient heuristic for the reward maximiza-
tion problem with a set of non-preemptive AR requests,
when the tasks of each AR request need to be distributed
into multiple base stations.

• In real scenarios AR requests arrive into the system
dynamically and can be preempted for later execution, we
thus devise an online learning algorithm with a bounded
regret for the dynamic reward maximization problem for
a set of preemptive AR requests, to jointly optimize the
waiting time before scheduling and the processing delay
for implementing each AR request.

• We evaluate the performance of the proposed algorithms
by simulations. Experimental results show that our al-
gorithms outperform their counterparts by at least 17%
higher reward.

The organization of this paper is as follows. Section II
introduces recent studies on AR task offloading. Section III
describes the system model and defines the problems. Sec-
tion IV proposes the exact and approximation algorithms for
the reward maximization problem with a set of non-preemptive
AR requests. Section V devises the online learning algorithm
for the dynamic reward maximization problem. Section VI
evaluates the performance of the algorithms, and Section VII
concludes the paper.

II. RELATED WORK

Task offloading and service placement in MEC networks
are explored to improve the latency of mobile services [3],
[10], [11], [17], [20], [23], [21], [32], [33]. Most of these
studies focused on the conventional request model, assuming
that each request is indivisible, which cannot be applied to
AR requests with a sequence of tasks. For example, Bi et al.

[3] focused on the offloading of AR requests with the aim
of maximizing computation rate of edge devices. Esraghi et
al. [10] investigated a problem of joint task offloading and
resource allocation in MEC networks, to minimize a weighted
sum of average cost. Farhadi et al. [11] studied a problem
of joint service placement and request scheduling, with an
aim to maximize the expected number of requests served
per time slot. Jošilo et al. [17] investigated a computation
offloading problem for a set of selfish mobile devices to
minimize the completion time of offloaded tasks, by formulating
the interaction between mobile devices and operator as a
Stackelberg game. Liu et al. [20] formulated a job response
time minimization problem in a cluster of heterogeneous servers
with the constraint of computing resource and applied online
convex optimization technique to design an online scheduling
algorithm with resource packing.

There are studies on offloading requests with each having
a sequence of dependent tasks [23], [21], [32], [34]. Most of
them however assumed that the resource demands of requests
are given in advance. Considering that AR applications send
their tasks in the form of data streams, the data rates and total
resource demand are unknown. The results of these studies
are unlikely to be applicable to the task offloading of AR
applications. For example, Ren et al. [23] formulated a task
latency minimization problem, by proposing an algorithm to
not only schedule task offloading requests but also perform
the allocations of communication and computation resources.
Ma et al. [21] focused on the cooperative service placement
and workload scheduling in MEC networks with an aim to
minimize the response time by designing a heuristic based
on Gibbs sampling. Zhao et al. [34] investigated the problem
of offloading dependent tasks with service placement with an
objective to minimize the make-span of offloaded tasks.

There are also studies on maximizing providers’ reward in
either MEC networks or cloud computing environments [1],
[9], [14]. Nevertheless, the reward functions in these studies
are assumed to be proportional to the demand of services.
For example, Hadji et al. [14] discussed the profit maximiza-
tion problem in a federated cloud environment, to balance
the workload between members in the alliance. Badshan et
al. [1] proposed efficient algorithms to optimization prices,
scheduling and migration decision of virtual machines in a
cloud computing environment, aiming at maximizing the profit
of providers by customer satisfaction and efficient resource
provision.

Meanwhile, the problem of task offloading for AR applica-
tions had gained a few attention [5], [19], [26], [27]. None of
them however investigated the optimization of responsiveness
of AR applications, nor considered network uncertainties of
MEC networks. Bohez et al. [4] is one of the earliest studies
to offload AR tasks in MEC networks. They developed a
platform that is capable of autonomously deploying software
components to minimize average CPU load, while guaranteeing
smooth collaboration. For instance, Liu et al. [19] considered
the resource allocation problem for a multi-user AR system
in an MEC network with the aim to minimize the latency of
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users, by allowing partial task offloading and data sharing.
In addition, a collaborative service placement framework
for applications with adaptive bitrate-videos was proposed
in [26], with the objective to minimize the expected delay
of video retrieval. Wang et al. [27] studied the problem of
dynamic configuration adaptations for AR applications in MEC
networks, to minimize the per frame energy consumption
of AR applications. Braud [5] investigated a problem of
offloading AR tasks to mobile devices, edge servers and
remote clouds via multiple offloading paths, with the aim to
minimize system latency. Although Chang et al. [6] considered
network uncertainties in the problem of task offloading in MEC
networks, they considered a single edge node, and ignored the
backhaul wired bandwidth consumption.

III. SYSTEM MODEL AND PROBLEM DEFINITIONS

In this section, we first describe the system model, notions
and notations. We then define the problem precisely.

A. System Model

We consider an MEC network, denoted by G = (BS, E),
where BS is a set of 5G base stations, and E is the set of
paths that interconnect the base stations in the backhaul of
the MEC network G. Each base station bsi ∈ BS is equipped
with a certain amount of computing resource, such as a neural
network accelerator, to process AR requests. Let C(bsi) be
the computing capacity on bsi. Denote by e ∈ E a path that
interconnects two base stations in the backhaul of G.

An AR application runs within a user device, and sends
inference requests to the MEC network for processing con-
tinuously. Without loss of generality, we consider that each
AR application sends its inference requests via its closest base
station. Due to the limited computing capacity on each base
station bsi, it may not be able to implement all inference
requests. We thus consider that the inference requests of each
AR application can be distributed to multiple base stations in
BS for processing, via the backhaul paths of G. Fig. 1 shows
an example of the MEC network G.

AR Requests Tasks

Data Stream

Task Routing
& Offloading

Switch

Base StationBackhaul Network

Server

Fig. 1. An example of the MEC network

B. AR Requests and Services with Uncertain Data Rates

We consider web AR applications, which normally are
supported by context-aware web browsers. Such a web AR
application analyzes the surroundings of a user and combines

geographic locations and temporal information with images
captured by the application, such that specific locations are
displayed in web browsers in AR. The video stream is fed into
an AR processing pipeline to render virtual objects into the
original video stream after a series of intermediate processing.
Following many existing studies [5], [19], [26], [27], we
divide an AR processing pipeline into a sequence tasks. A
typical sequence of tasks of each AR processing pipeline can
include pose estimation, mapping, world model creation, and
rendering. It is known that the rendering processing is the
most computing-intensive task of each AR processing pipeline.
Each task takes the output matrix of its predecessor as its
input matrix and produces its output matrix as its successor
task. Denote by rj a request of an AR application, and let
{Mj,1, · · · ,Mj,k, · · ·Mj,Kj} be the sequence of tasks of rj ,
where Kj is a positive integer and 1 ≤ k ≤ Kj .

The video of an AR application is streamed to its tasks
for processing. Let ρj be the data rate of video streams, and
such a video stream needs to be processed by the tasks of
an AR processing pipeline. In fact, such data rates of an
AR request depend on many factors, including the network
condition, physical environment, data sampling methods of
user devices, etc. Such information thus cannot be obtained
in advance. However, historical information about such data
rates can be obtained. Since we consider one type of service,
i.e., AR service, we assume that the data rates of AR requests
follow probability distributions over a set of possible data rates.
Let DR be a finite set of possible data rates that each AR
request may have. The values in set DR can be obtained from
historical information of AR applications. The actual data rate
of each AR request at a specific time thus is a value in set
DR. Processing the data of each request consumes computing
resource. Let Cunit be the amount of computing resource that
is needed to process a unit data rate of a request.

AR tasks need to be executed by AR services that are placed
in the MEC network. Denote by Sj the service required by
request rj . An instance of each Sj consists of the trained
models and meta-data that are required to execute the tasks
of rj . In conventional AR applications, such services are
instantiated in remote data centers from their users, thereby
increasing the delays of executing user tasks. In MEC networks,
such service instances can be placed to base stations of the
network within the proximity of users. Considering that each
instance of Sj is usually implemented in a Virtual Machine
(VM) of the MEC network. We assume that the computing
resource assigned to each VM is given as a priori; for example,
each VM may be assigned a CPU core and a Neural Network
(NN) accelerator. Without loss of generality, we further assume
that an instance of Sj is created for the execution of each
request rj and destroyed after its departure.

C. Rewards of Processing AR Requests

As the service provider of an MEC network, it receives a
reward for the implementation of each AR request. Without
loss of generality, we assume that the reward of implementing
request rj is correlated to its data rate ρj . The correlation of
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data rates and rewards however may be hard to obtain. The
reason is that different service providers may have different
pricing and cost models, such as resource usage costs and
electricity costs. Even for a single service provider that operates
an MEC network, its rewards of implementing requests with
the same data rate vary in different time periods. We thus
assume that, for each AR request rj , there is a probability
distribution over pairs of (data rate, reward). That is, for
each rj and each data rate ρ ∈ DR, we have (πj,ρ, RDj,ρ)
denoting that the probability of AR request rj with a data rate
ρ is πj,ρ, and the corresponding reward is RDj,ρ.

D. Response Latency of AR Services
The processing of AR requests has various delays. AR

requests arrive into the system and wait for being responded.
The delay incurred during the waiting for receiving its first
response is referred to as the response delay. Assuming that
time is equally divided into time slots, each request rj arrives
into the system at a specific time slot. Denoted by aj the arrival
time of request rj . The system then decides when to schedule
request rj . Let bj be the time slot that the first frame of rj’s
video stream is processed. The delay of waiting for scheduling
request rj thus is bj − aj .

Once a request rj is scheduled, its video stream will be
forwarded to an instance of its service Sj for processing. The
data transmission to the service instance incurs the transmission
delay. Video processing by the service instance leads to a
processing delay. The data of each request rj is video frames.
The service of each request needs to process the video frames
by recognizing objects and rendering the augmented data to
the original video frames. The delay that affects the user’s
experiences of using AR applications thus depends on how
quickly each augmentation is added into each video frame.
Denote by ρunit the minimum size of video frames that is
needed to perform each augmentation. We assume that ρunit is
given and identical for all requests. The delays of processing
ρunit in different base stations varies. Let dprojki be the delay of
processing ρunit amount of data by task Mj,k of rj in base
station bsi. Similarly, denote by dtransje the delay of transmitting
ρunit amount of data along link e in the MEC network G.

Let Dj be the experienced latency of AR request rj , which
includes the delay of waiting for being scheduled, transmission
and processing latencies. Each AR request has a requirement on
its experienced latency. Let D̂j be such a latency requirement.
The experienced latency of each request rj must no greater
than its specified requirement D̂j , i.e.,

Dj ≤ D̂j . (1)

E. Problem Definitions
Given an MEC network G = (BS, E) with a set BS of

base stations and a set R of requests of web AR applications,
the tasks of each AR request rj ∈ R needs to be executed
in instances of service Sj deployed in G. Specifically, we
consider the following optimization problems.

The reward maximization problem with a set of non-
preemptive AR requests is to maximize the expected reward of

implementing the AR requests in R, by placing the instances of
services to base stations in BS and assigning the tasks of each
request to its placed service instances, subject to the computing
capacity on each base station and the latency requirement of
each request.

Assuming that the task execution can be preempted and
resumed for execution later, the dynamic reward maximization
problem for a given monitoring period T is to maximize the
expected reward of all admitted requests for the time period
T , by placing the instances of services to base stations in
BS and scheduling the tasks of each request to its placed
service instances, subject to the computing capacity on each
base station and the latency requirement of each AR request.

IV. APPROXIMATION ALGORITHM FOR THE REWARD
MAXIMIZATION PROBLEM

We now devise efficient algorithms for the reward maxi-
mization problem with a set R of non-preemptive AR requests.
We first assume that all tasks of each request rj ∈ R are
consolidated into a single base station and propose an approxi-
mation algorithm. We then extend the proposed approximation
algorithm to solve the problem without the assumption.

A. Approximation Algorithm for a Special Case of the Problem

Assuming that all the tasks of each request rj are consoli-
dated into a single base station, the basic idea of our algorithm
is to first propose an exact solution to problem by formulating
an Integer Linear Program (ILP) to the problem. We then
perform a novel relaxation of the ILP, based on which we
design a randomized algorithm for the problem.

Exact solution: We use xji to denote whether the tasks
of request rj are assigned to base station bsi for execution,
assuming that its required service Sj is cached in bsi. The
latency Dj of each AR request rj can be calculated by

Dj = bj − aj +
∑

bsi∈BS

xji
( ∑
e∈pji

2 · dtransje +
∑
k

dprojki

)
, (2)

where pji is the shortest path between the mobile user of rj and
bsi in the MEC network G in terms of transmission latency.

Recall that the objective of the reward maximization problem
with a set of non-preemptive AR requests is to maximize the
expected reward of admitted AR requests. Denote by E(ρj)
the expected size of AR request rj . We thus can formulate the
special case of the problem with tasks being consolidated into
a single base station in the following.

ILP-RM: max
∑
j,i

xji · πj,ρ ·RDj,ρ,

subject to,∑
i

xji ≤ 1,∀rj (3)∑
j

xji · E(ρj) · Cunit ≤ C(bsi), for bsi ∈ BS (4)

Dj ≤ D̂j , for each rj (5)
xji ∈ {0, 1}, (6)
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An LP relaxation: A simple relaxation of the ILP-RM
is to consider xji as a real value in the range of [0, 1]. The
obtained fractional solution has a fractional value for each
xji, representing the probability of assigning request rj to a
base station bsi. In the deterministic version of the problem
solution, this may be a promising solution. On the contrary, the
objective of our reward maximization problem is to maximize
the expected reward of admitted requests. If we follow the
mentioned simple relaxation, each request may instantiate to a
higher data rate to gain a higher expected reward. This creates
contention of each base station that prefers to admit requests
with larger data rates. However, the probability of requests
with large data rates is usually small [10]. The expected reward
obtained thus may be sub-optimal.

We observe that a computing resource capacity C(bsi) is
enforced for each bsi. To tackle the contention of requests
with large data sets, our basic idea is to adopt a resource-slot-
indexed relaxation of the ILP-RM. Specifically, we partition
the capacity C(bsi) of base station bsi into the same amount of
resource at each resource slot, where a resource slot represents
a portion of the computing capacity of a base station. Denote
by Cl be the capacity of resource slot l. Each the resource of
bsi thus is divided into

L = bC(bsi)/Clc

resource slots. The resource slots of each base station are
indexed by l, and assigned to requests one by one according to
the index. Namely, if request rj is assigned a starting resource
slot l, it means that the computing resource assigned to rj
starts with resource slot l of bsi. It however may span multiple
resource slots of bsi starting from the lth resource slot. The
reason is that the amount of computing resource allocated at
resource slot l may not be sufficient to implement request rj ,
considering that the data rate of rj is not known in advance.
Fig. 2 shows an example of a slotted base station.

Fig. 2. Requests placed in different computing resource slots of bsi

We now describe the proposed LP relaxation of ILP-RM.
Variable yjil is a binary indicator variable that shows whether
request rj is assigned to the lth resource slot of base station
bsi. Clearly, we have

xji =
∑
l

yjil. (7)

Denote by ERjil the expected reward if yjil = 1. We have

ERjil =
∑

ρ∈DR:ρ·Cunit≤C(bsi)−l·Cl

πj,ρ ·RDj,ρ. (8)

Eq. (8) captures the fact that no reward is obtained if the rest
resource slots (i.e., the ones after the lth resource slot) do not
have enough computing resource to process the actual data
rate.

The relaxed LP, denoted by LP, then can be written as

LP: max
∑
jil

yjil · ERjil,

subject to∑
il

yjil ≤ 1,∀rj (9)

∑
jil′:l′≤l

yjil′ · E(min{ρj ,
l · Cl
Cunit

}) ≤ 2 · l · Cl
Cunit

, ∀l(10)

Dj ≤ D̂j , ∀rj (11)
0 ≤ yjil ≤ 1, (12)

where Constraint (9) indicates that each request can only
be assigned to start at a resource slot of a base station.
Constraint (10) includes a truncated random variable yjil′ to
pose a limitation on the data rates of requests that can fit into
the first 2 · l resource slots. This can avoid the contention of
assigning requests that have large data rates with very low
probabilities to the first 2 · l resource slots. Constraint (11) is
the delay requirement of the problem, where Dj is calculated
by substituting xji in Eq. (2) with

∑
l yjil. Constraint 12 says

that yjil is a real value in the range of [0, 1].
Approximation algorithm: We now propose an approxi-

mation algorithm for the problem. The basic idea behind the
algorithm is to first obtain a fractional solution y to the LP.
We then assign request rj to resource slot l of base station bsi
with probability yjil

4 , and completely ignore rj with probability
1 − yjil

4 . We then add the requests to the base stations slot-
by-slot. Specifically, for resource slot l of each base station
bsi, there may be multiple requests that are randomly assigned
to it. Recall that the scheduling algorithm does not know the
data rates of each request. However, after the scheduling of
each request, it may instantiate its data rate and reveal the
information to the system. In the next stage of the algorithm,
we determine the assignment of the randomly assigned requests
according to the revealed data rate information of currently
executing requests in the system. Specifically, denote by Rl,i
the number of requests that are randomly assigned to resource
slot l of bsi. Considering a request rj with the smallest data
rate, we assign it to bsi for execution if and only if the requests
that are already assigned to bsi occupy no more than l · Cl
amount of computing resource. The detailed steps are given in
algorithm 1, referred to as algorithm Appro.

B. An Efficient Heuristic for the Reward Maximization Problem

So far we assumed that the tasks of each request are
consolidated into a single base station. This however may lead
to the rejections of some requests due to the lack of computing
resource, as shown in Step 6 in algorithm Appro. We here
remove this assumption and propose an efficient heuristic.

Our basic idea to perform a ‘pre-assignment’ according to
algorithm Appro. The obtained solution will be considered
as the final assignment if there are no requests being rejected
due to Step 6. Otherwise, we adjust the ‘pre-assignment’ by
avoiding the migrations of some tasks belong to the already
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Algorithm 1 An approximation algorithm for the reward max-
imization problem with tasks of each request are consolidated
into a single base station, i.e., Appro
Input: An MEC network G = (BS, E), a set of requests with each

request rj having its tasks being consolidated into a single base
station, the data rate of each request is not known in advance
until it is scheduled.

Output: An offloading decision for each request rj .
1: Obtain a fraction solution y by solving the LP;
2: Assign request rj to resource slot l of base station bsi with

probability yjil
4

, and completely ignore rj with probability 1−
yjil
4

;
3: for l← 1, · · · , L do
4: for each base station bsi ∈ BS do
5: Consider the request with the lth smallest data rate;
6: if the requests assigned so far in bsi occupy at most l · Cl

amount of computing resource then
7: Assign rj to base station bsi;

pre-assigned requests to nearby base stations, so that the latency
requirement is not violated and the to-be-assigned request is
admitted (condition in step 6 is met). If there is no such pre-
assigned requests that can be migrated, we reject request rj .
Specifically, let RPre be the set of requests that are pre-assigned
to base stations of the MEC network G. Each request is pre-
assigned to G, following the similar steps in algorithm Appro.
The differences lie in the steps after step 6 of Appro. Let rj
be the request that is considering for admission. If currently
pre-assigned requests in a base station occupy resource more
than l · Cl, we migrate one task of a previously pre-assigned
request in Rpre to its nearby base station. The steps of the
algorithm are shown in algorithm 2, referred to as Heu.

C. Algorithm Analysis

We first show the solution feasibility of algorithm Appro,
by showing LP is a feasible relaxation to the ILP-RM in
Lemma 1.

Lemma 1: Let LPOpt be the optimal solution to LP, and
Opt be the optimal solution to the reward maximization
problem with a set of non-preemptive AR requests (i.e., ILP-
RM). The relaxation in LP is a valid relaxation of ILP-RM,
and LPOpt ≥ Opt.

Proof We first show that Opt is a feasible solution to LP.
To this end, we need to show that solution Opt meets the
constraints of (9), (10), and (11). Clearly, Opt meets constraints
(9) and (11) because xji =

∑
l yjil. To show that Opt also

meets constraint (11), we consider some resource slot l of base
station bsi and a choice of base stations in the optimal solution
Opt. Recall that the size and reward of implementing request
rj are not known in advance. The optimal solution Opt thus is
a randomized policy. Consider a run of the optimal solution, we
use x∗jil and s∗j,ρ to denote the indicator variables that shows
whether request rj is assigned to the resource slot l of bsi in
solution Opt and rj has a size of ρ, respectively. Let Xl be
the random variable indicating the most recent request that is
assigned before resource slot l. Although resources are slotted
in each bsi, it must be mentioned that request rj occupies a

Algorithm 2 An efficient heuristic for the reward maximization
problem, i.e., Heu
Input: An MEC network G = (BS, E), a set of requests with each

request rj having its tasks being consolidated into a single base
station, the data rate of each request is not known in advance
until it is scheduled.

Output: An offloading decision for each request rj .
1: Obtain a fraction solution y by solving the LP;
2: Pre-assign request rj to resource slot l of base station bsi with

probability yjil
4

, and ignore rj with probability 1− yjil
4

;
3: RPre ← ∅; /* The set of requests that are preassigned to base

stations of the MEC network G */
4: for l← 1, · · · , L do
5: for each base station bsi ∈ BS do
6: Consider the request with the lth smallest data rate;
7: if the requests assigned so far in bsi occupy at most l · Cl

amount of computing resource then
8: Pre-assign rj to base station bsi;
9: RPre ← RPre ∪ {rj};

10: else
11: For the requests that are already pre-assigned to base

station bsi, let rj′ be the one with the maximum realized
data rate;

12: if the pre-assignment of a task of rj′ reduces the
accumulative resource consumption to below l ·Cl then

13: Pre-assign a task of rj′ to the closest base station of
bsi;

14: Pre-assign rj to base station bsi;
15: RPre ← RPre ∪ {rj};
16: Assign the tasks of requests according to the pre-assignment in

Rpre;

consecutive amount of computing resource of bsi, instead of
scattered resource slots. We thus know that request Xl is the
only request in Opt that may have its demanded computing
resource exceeds that of resource slot l. This means that∑

rj 6=Xl

∑
l′≤l

ρ·Cunit≤C(bsi)

x∗jil · s∗j,ρ · ρ ≤
l · Cl
Cunit

. (13)

If we include request Xl in Ineq. (13) and truncating the
data rates by l·Cl

Cunit
, we then have∑

rj∈R

∑
l′≤l

∑
ρ∈DR

x∗jil · s∗j,ρ ·min{ρ, l · Cl
Cunit

} ≤ 2 · l · Cl
Cunit

.

Recall that we consider algorithms that schedule a request
before knowing its data rate. Clearly, we know x∗jil and s∗j,ρ are
independent variables. We thus re-write the LHS of Ineq. (14)
as∑
rj∈R

∑
l′≤l

∑
ρ∈DR

Pr[x∗jil = 1] · Pr[s∗j,ρ = 1] ·min{ρ, l · Cl
Cunit

}

=
∑
rj∈R

∑
l′≤l

Pr[x∗jil = 1]
∑
ρ∈DR

Pr[s∗j,ρ = 1] ·min{ρ, l · Cl
Cunit

}

=
∑
rj∈R

∑
l′≤l

x∗jil′ · E(min{ρ, (l · Cl)/Cunit}). (14)

where Pr[Y ] denotes the probability that event Y is true.
Constraint (11) is met by the optimal solution Opt.
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We then show that LPOpt ≥ Opt. Assume that request rj
in the optimal solution is assigned at a starting resource slot l
of base station bsi, its obtained expected reward thus is

E(Optj | x∗jil = 1) = ERjil. (15)

Considering all possible resource slots and base stations, it is
not hard to obtain

E(Optj) =
∑
l,i

x∗jilERjil. (16)

Therefore, we have LPOpt ≥ Opt.

Lemma 2: The probability of failing to assign a request to
its randomly selected starting resource slot of a base station is
upper bounded by 1

2 .

Proof Let Y be a random variable that shows how much
computing resource that is occupied by existing requests in
the system. We need to show that

Pr[Y ≥ l · Cl] ≤ 1/2. (17)

Consider a request rj′ that is already assigned to base station
bsi. Let Yj′ be the amount of computing resource that is
occupied by request rj′ . Denote by αρ·Cunit<l·Cl

an indicator
variable that shows whether ρ · Cunit < l · Cl. According to
the steps in algorithm Appro, it is easy to obtain

Yj′ ≤ αρ·Cunit<l·Cl
·
∑
ρ∈DR

sj′,ρ ·min{ρ, (l · Cl)/Cunit},

where sj′,ρ is an indicator variable that shows whether request
rj′ has a data rate of ρ.

Taking expectation on both sides of the above inequality,
we get

E(Yj′) ≤ E(αρ·Cunit<l·Cl
) · E(min{ρj′ , (l · Cl)/Cunit}),

=
1

4
·
∑
l′≤l

∑
bsi∈BS

yjil′ · E(min{ρj′ , (l · Cl)/Cunit}).

Considering that Y =
∑
j′ Yj′ , we have

E(Y ) =
1

4

∑
j′

∑
l′≤l

∑
bsi∈BS

yjil′ · E(min{ρj′ ,
l · Cl
Cunit

}) (18)

≤ (l · Cl)/2, due to constraint (10). (19)

Applying Markov’s inequality, it is not hard to obtain

Pr[Y ≥ l · Cl] ≤ 1/2. (20)

This concludes the proof.

Theorem 1: Given an MEC network G = (BS, E), a set R of
AR requests waiting to be admitted, there is an approximation
algorithm, i.e., Appro, that produces a feasible solution with an
approximation ratio of 1

8 for the reward maximization problem
with tasks of each request are consolidated into a single base
station.

Proof We show the approximation ratio of the proposed
algorithm Appro. Recall that algorithm Appro assigns request

rj to resource slot l of a base station with probability yjil
4 .

However the request may be rejected if existing requests occupy
more than the amount l ·Cl of computing resource of the base
station, in the following steps of the algorithm. As shown in
Lemma 2, such an event probability is smaller than 1/2. On
the contrary, the probability of assigning it to base station
bsi is greater than 1/2. Let Vj be the random variable the
corresponds to the reward that algorithm Appro can obtain
from admitting request rj . We then have

E(Vj) ≥ 1/8
∑
l

yjilERjil = (1/8)LPOpt ≥ (1/8)Opt,

where LPOpt is the optimal solution to LP.

Theorem 2: Given an MEC network G = (BS, E), a set R
of AR requests waiting for admissions, assume that the data
rate of each request rj ∈ R is not known until it is assigned
to a base station for execution, there is an efficient heuristic
algorithm, i.e., Heu , that delivers a feasible solution for the
reward maximization problem.

Proof We first show the solution feasibility of algorithm
Heu. Recall that algorithm Appro is feasible to the reward
maximization problem with a set of non-preempted requests.
The solution obtained by algorithm Heu is based on the
adjustment of algorithm Appro, by distributing the tasks of
requests to their nearby base stations. The re-assignment of
a task of request rj makes sure its latency requirement and
base station’s capacity constraint are met. Algorithm Heu thus
delivers a feasible solution.

We then analyze the time complexity of algorithm Heu that
consists of two parts: (1) solving the LP, and (2) request pre-
assignment. For part (1), it can be seem that LP has O(|R| ·
|BS| ·L) decision variables. According to Cohen et al. [7], the
running time of solving a linear program is O((nω+n2.5−α/2+
n2+1/6)I logk((nω + n2.5−α/2 + n2+1/6)I)), where n is the
number of decision variables, I is the number of encoding bits
of the variables, ω is the exponent of matrix multiplication
and α is the dual exponent of matrix multiplication in Cohen’s
algorithm. The running time of solving LP in algorithm Heu
by substituting n with |R| · |BS| · L can be deriven. For part
(2), the checking of each pre-assignment obtained in part (1) is
done maximally O(|R| · |BS|) times. In summary, the running
time of algorithm Heu is O(|R| · |BS| + (nω + n2.5−α/2 +
n2+1/6)I logk((nω + n2.5−α/2 + n2+1/6)I)), where n = |R| ·
|BS| · L, where the current values of ω and α are 2.37 and
0.31, respectively.

V. ONLINE LEARNING ALGORITHM FOR THE DYNAMIC
REWARD MAXIMIZATION PROBLEM

AR requests in real MEC networks can be pre-emptive
scheduled for later execution, for the sake of temporal fairness,
considering limited computing resources of the MEC network,
applying algorithms Appro and Heu at different time slots
directly may increase the waiting time bj − aj of request rj
with low rewards. We here propose efficient methods for such
AR requests to avoid their scheduling starvation.
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Algorithm 3 An online learning algorithm for the dynamic
reward maximization problem, i.e., DynamicRR
Input: An MEC network G = (BS, E), a set of requests with each

request rj having its tasks being consolidated into a single base
station, the data rate of each request is not known in advance
until it is scheduled.

Output: An offloading decision for requests in each time slot.
1: Divide the interval Z into κ intervals with fixed length ε =

Cth
max−C

th
max

κ−1
;

2: Let Z′ be the discretized set of arms;
3: for each time slot t← 1 · · ·T do
4: Let R′t be the set of arrived requests;
5: Try all active arms in Z′ in possibly multiple rounds;
6: for each arm a ∈ Z′ do
7: if there exists an arm a′ with UCBt(a) < LCBt(a

′) then
8: Deactivate arm a;
9: Choose an active arm in Z′ that has the maximum reward, and

use its value as the threshold Ctht ;
10: Sort requests in R′t into increasing order of their expected data

rates;
11: Add requests in the sorted requests to Rt, until the average

computing resource shared via RR is lower than Cth;
12: Invoke algorithm Heu with the LP being replaced by LP-PT;

A. Online Learning via Lipschitz Bandits

To reduce the response time of each request, a naive approach
is to schedule requests immediately after their arrivals. However,
the system may not have enough computing resource to meet
the total resource demand of the requests. We may allow equal
resource sharing among the requests within each time slot.
However, if there is a burst of requests to be scheduled in
a particular time slot, the base stations can be overloaded if
all the arrived requests equally share its resource. To avoid
the over-congestion of base stations, we set a threshold on
the minimum amount of computing resource to be assigned to
each request at each time slot. Denote by Cth the threshold,
which can be obtained and adjusted dynamically by the current
latency of requests. Without loss of generality, assume that
Cth is a value in the range of [Cthmin, C

th
max].

Finding a suitable value of Cth is challenging since there
basically are infinite numbers of values in the range of Z =
[Cthmin, C

th
max]. The basic idea to identify a proper value of

Cth is to discretize the continuous range into a finite set of
candidate values for the threshold, and then adopt a multi-
armed bandit method to dynamically select a value for Cth

that could achieve the best reward, which is described in the
following.

Given the range Z of Cth, consider each value in Z as a
potential arm. Z thus is the set of potential arms. Let ER(a) be
the expected reward of selecting an arm a in Z. We assume that
the expected reward satisfies the following Lipschitz condition:

|ER(a)− ER(b)| ≤ η|a− b|, for any arms a, b ∈ Z, (21)

where η is a given constant.
We perform discretization of the value interval Z by dividing

it into κ subintervals with fixed length ε =
Cth

max−C
th
max

κ−1 , so
that the obtained set Z ′ consists of all integers multiplying

by ε. Clearly, Z ′ ⊂ Z. After the discretization of Z, a finite
number of arms in set Z ′ is obtained. Let ER∗(Z ′) be the best
arm in Z ′ that achieves the maximum reward of scheduling the
requests. The proposed MAB algorithm aims to approach the
expected reward ER∗(Z ′). To this end, we adopt a successive
elimination algorithm. That is, all the arms in Z ′ are set to
“active” initially. In each time slot t, we assume that the upper
and lower bounds on the reward of each arm a exist. Denote by
UCBt(a) = ERt(a)+rt(a) and LCBt(a) = ERt(a)−rt(a),
the upper and lower bounds on the reward of arm a at time slot
t, where rt(a) can be considered as the confidence radiation.
We then examine all active arms, and deactivate all arms a
if there is an arm a′ ∈ Z ′ with UCBt(a) < LCBt(a

′). This
procedure continues until there is only arm left in Z ′, which
is selected as the threshold Ctht at time slot t.

Given a threshold Ctht , we now conduct the similar relaxation
as we did for LP at each time slot t.

LP-PT: max
∑
jil

yjil · ERjil,

subject to constraints (11), (12), and∑
il

yjil ≤ 1,∀rj ∈ Rt (22)∑
jil′:l′≤l

yjil′E(min{C(bsi)/|Rt|, ρj , l · Cl/Cunit})

≤ 2 · l · Cl/Cunit,∀l (23)

where |Rt| is the number of requests to be scheduled for
execution at time slot t. We determine Rt by the expected
data rate of the arrived request at time slot t. Specifically, we
sort the arrived requests in increasing order of their expected
data rate. We then add the requests into Rt one by one. Note
that a larger set of Rt usually means that less resource will
be allocated to each request. We thus keep picking requests in
the sorted list and adding requests to Rt, until the addition of
a request makes each request being assigned with an amount
less than Cth amount of computing resource.

The request assignment at each time slot t then follows the
similar method as that of algorithm Heu. The detailed steps of
the proposed online algorithm is given in Algorithm 3, which
is referred to as DynamicRR.

Theorem 3: The regret of Algorithm 3 is O(
√
κT log T+T ·

η · ε), where κ is the number of intervals that Z is discretized,
ε =

Cth
max−C

th
max

κ−1 , T is the entire time horizon, and η is the
given constant of the Lipschitz condition in Eq. (21).

Proof We first define the expected reward of algorithm 3. In
algorithm 3, we discretize the continuous set of arms Z to
Z ′ with κ arms. It is clear that adding more points in Z ′

makes a better approximation of Z; it however may increase
the regret as well. To characterize the award loss(or the regret)
by adopting Z ′ instead of Z, the discretization error is adopted,
that is

DE(Z ′) = ER∗(Z)− ER∗(Z ′). (24)

If a∗ is the best arm in Z, and b is the closest arm in Z ′ to
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Fig. 3. The performance of algorithms Appro, Heu, Greedy, OCORP and HeuKKT.

a∗ in Z, we have |a∗ − b| ≤ ε. By the Lipschitz condition in
Eq. (21), we then have

DE(Z ′) ≤ ηε. (25)

Denote by W (DynamicRR) the total reward obtained by
algorithm DynamicRR. The expected regret of algorithm
DynamicRR in time horizon T is defined as

E(R(T )) = T · ER∗(Z)−W (DynamicRR)

= (T · ER∗(Z ′)−W (DynamicRR))+

T · (ER∗(Z)− ER∗(Z ′))
= RS(T ) + T ·DE(Z ′), (26)

where RS(T ) is the regret relative to ER∗(Z ′) obtained due
to the successive elimination arm selection procedure.

Following the work in [25], the regret bound of a successive
elimination algorithm is O(

√
κT log T ), which means that

RS(T ) = O(
√
κT log T ). (27)

By (27) and (25), we have the regret bound of algorithm
DynamicRR as E(R(T )) ≤ O(

√
κT log T + T · η · ε).

VI. EXPERIMENTS

A. Parameter Settings

We consider an MEC network with 20 base stations, whose
topology is generated using GT-ITM [13]. Each station has a
computing capacity that is randomly drawn from the range of
[3,000 to 3,600] MHz and each resource-slot owns 1,000 MHz
amount of computing resource [28]. The data rate of each is
randomly drawn from 10 to 15 Mbps, and each request has 3
to 5 tasks. The maximum number of requests is 150. For AR
requests, we adopt the real dataset in [5], which is collected
in real environments by adopting OpenCV6 for tracking and
YOLO for recognizing objects. Specifically, each AR request
processes a series of JPEG images. The size of each image
is set to 64Kb, and the uploading rate is 90-120 frames per
second [5]. Each AR request includes four tasks: the render
object (100Kb), track objects (64Kb), update world model
(64Kb) and the recognize objects (64Kb). As such, we set the
data rate of a request is drawn from the range of [30, 50] Mega
Bytes (MB) per second [5]. Assuming that processing every
each MB data will consume 20 MHz computing resource. The
maximum response delay is less than 200 milliseconds [18]

and the length of each time slot is 0.05 seconds. The reward
serving a unit amount of data rate is in the range of [12, 15]
dollars [24]. Unless otherwise specified, these parameters will
be applied as default settings.

We compare the proposed algorithms against the following
benchmark algorithms.
• We first compare the proposed algorithms with an al-

gorithm that adopts online convex optimization in [20],
which is referred to as OCORP. Specifically, in each time
slot, algorithm OCORP sorts the unfinished job according
to arriving time and remaining to-be-processed data, then
assigns tasks to edge servers based on a best-fit algorithm.

• We then compare the algorithms with a heuristic algorithm
in [32], referred to as Greedy. The algorithm sorts tasks
in a decrease order according to their execution times,
and assign the task to the optimal edge server one-by-one.

• We also compare the proposed algorithms with another
heuristic in [21], which is referred to as HeuKKT. The
algorithm first removes the constraints of resource ca-
pacities to find the workload offloaded to remote cloud.
It then finds the optimal scheduling solutions in edge
servers fitting Karush-Kuhn-Tucker (KKT) conditions with
resource constraints.

In our experiments, these benchmarks are implemented as
offline and online versions to compare with the proposed offline
algorithms Appro, Heu, and online algorithm DynamicRR.

B. Performance Evaluation

We first study the performance of algorithms Appro, Heu,
OCORP, Greedy, and HeuKKT in terms of the total rewards,
average latencies of a request, and running times, by varying the
number of requests from 100 to 300. From Fig. 3 (a) and (c),
we can see that algorithm Appro achieves 50%, 80%, 9%
higher rewards than those of algorithms OCORP, Greedy, and
HeuKKT, although it has a slightly higher running time than the
rest algorithms. Also, algorithm Heu has 61%, 101%, and 17%
higher rewards than those of algorithms OCORP, Greedy, and
HeuKKT when the number of requests is 300. The reason is that
algorithms Appro and Heu carefully deal with the uncertainty
of data rates of requests, by considering a resource-slot based
allocation. Instead, algorithms OCORP, Greedy, and HeuKKT
adopt coarse-grained methods according to the data rates of
requests, execution times, and the resource capacity constraints
of edge servers. We can also see that the average latencies
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Fig. 4. The performance of algorithms DynamicRR, Greedy, OCORP and HeuKKT.
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Fig. 5. The performance of algorithms Appro, Heu, DynamicRR, Greedy, OCORP, and HeuKKT by varying |R| from 80 to 200.
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Fig. 6. The performance of algorithms DynamicRR, Greedy, OCORP and HeuKKT by varying max |DR|.

of algorithms OCORP and Greedy are lower than that of the
rest algorithms, because they trade-off the reward for latency.
Although algorithms Appro, Heu, and HeuKKT have higher
latencies, they have much higher rewards than the rest of the
comparison algorithms.

We then study the performance of algorithms DynamicRR,
OCORP, Greedy, and HeuKKT in terms of the total rewards
and average latencies of a request, by varying the number
of requests from 100 to 300. It can be seen from Fig. 4 (a),
algorithm DynamicRR has a higher reward and lower average
latency than those of algorithm HeuKKT. The rationale behind
is that algorithm DynamicRR adopts a MAB-based threshold
adjusting method to avoid the starvation of AR requests
with low rewards. Also, the rewards of the algorithms first
increase and then keep stable with the growth of the number
of requests. This is because as the number of requests
increases, the network resource becomes saturated and no more
requests can be admitted. As shown in Fig. 4 (b), algorithm
DynamicRR has a higher latency than that of algorithms
OCORP and Greedy, because algorithms OCORP and Greedy
greedily select locations that achieve the lowest latencies. Also,

the experienced latencies of algorithm OCORP and Greedy
increase with the growth of the number of requests, while
other algorithms keep stable. This is because they utilize a
local strategy instead of considering the global optimal solution.

C. Impact of Parameters

We then investigate the impact of the number of base
stations |BS| on the performance of algorithms Appro, Heu,
DynamicRR, OCORP, Greedy, and HeuKKT, by varying
|BS| from 10 to 50. The results of the total reward and the
average latency of a request are shown in Fig. 5, from which
we can see that the total reward is increasing with the growth
of |BS|. The reason is that with the growth on the number of
base stations, requests can all be scheduled to the base stations
with higher rewards. Instead, as shown in Fig. 5 (b), the average
latency decreases with the growth of base station numbers. The
reason is that the requests have a higher probability of being
scheduled into base stations with low processing latencies.

We finally investigate the maximum data rate of a request
on the performance of algorithms Appro, Heu, DynamicRR,
OCORP, Greedy, and HeuKKT, by varying the maximum data
rate of a request from 15 to 35 Mbps. From Fig. 6, we can
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see that the reward grows with the increase of the maximum
data rate. In addition, the latency increases with the growth of
the maximum data rate. The rationale behind is that a larger
data rate usually implies more processing time needed.

VII. CONCLUSION

In this paper, we studied the reward maximization problem
for AR applications in an MEC network. For the problem
with a set of non-preemptive scheduling of AR requests, we
devised an exact solution and an approximation algorithm with
an approximation ratio. We also developed an online learning
algorithm for the dynamic reward maximization problem if
AR requests can be allowed to be preemptively scheduled,
by leveraging the techniques of round-robin and multi-armed
bandits. We finally evaluated the performance of the proposed
algorithms by simulations. Experimental results show that the
reward obtained by the proposed algorithms outperform that
of existing studies by at least 17% in terms of the total award.
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