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Abstract—Mobile Edge Computing (MEC) shifts the comput-
ing power to the edge of core networks and provides important
impetus in the flourishment of delay sensitive services at the net-
work edge. Digital Twin (DT) technique enables object behavior
monitoring, analysis, and prediction through data analytics and
artificial intelligence, which facilitates inference service provision-
ing based on machine learning models. In this paper, we deal
with the Quality-of-Experience (QoE) issue of user satisfaction on
inference services in DT-assisted MEC networks, through executing
user tasks locally or offloaded to the MEC network. We formu-
late two novel optimization problems: the utility maximization
problem, and the dynamic utility maximization problem, with the
aim to maximize the total utility of user task executions in terms
of QoEs and service delays of users with the services. We first
provide an Integer Linear Programming solution for the utility
maximization problem when the problem size is small or medium;
otherwise we devise a randomized algorithm with high probability,
at the expense of bounded resource violations. We then develop
an efficient online heuristic for the dynamic utility maximization
problem. We also devise an online algorithm with a provable
competitive ratio for a special case of the dynamic utility max-
imization problem without the bandwidth constraint. We finally
evaluate the performance of proposed algorithms through simula-
tions. The simulation results show that the proposed algorithms are
promising.

Index Terms—Digital twin, task offloading, quality of experience,
randomized algorithm and online algorithm, edge computing.

I. INTRODUCTION

W ITH the rapid development of the Internet of Things
(IoT), the last decades witnessed billions of mobile

devices such as smart phones, smart watches, tablets connecting
to the Internet, paving the way towards a broad set of novel IoT
applications and services such as smart city, autonomous vehi-
cles, smart healthcare, AR/VR, etc [1]. Since most IoT devices
have limited computing capacity due to their portable size, one

Received 10 December 2024; revised 3 October 2025; accepted 16 October
2025. Date of publication 20 October 2025; date of current version 6 March
2026. The work of Weifa Liang was supported in part by the Research Grants
Council of the Hong Kong Special Administrative Region, China under Grant
CityU 11202723, Grant CityU 11202824, Grant 7005845, Grant 8730094, and
Grant 9380137, and in part by CRF under Grant C1042-23GF. Recommended
for acceptance by C. Assi. (Corresponding author: Weifa Liang.)

Yuncan Zhang is with the School of Software Engineering, Sun Yat-Sen
University, Zhuhai 510275, China (e-mail: zhangyc29@mail.sysu.edu.cn).

Weifa Liang is with the Department of Computer Science, City University of
Hong Kong, Kowloon Hong Kong (e-mail: weifa.liang@cityu.edu.hk).

Yuanyuan Yang is with the Department of Electrical and Computer En-
gineering, Stony Brook University, Stony Brook, NY 11794 USA (e-mail:
yuanyuan.yang@stonybrook.edu).

Digital Object Identifier 10.1109/TMC.2025.3623582

potential approach to expand their functionalities is to offload
their computing-intensive tasks to remote clouds for processing.
However, this approach incurs an unbearable service delay due to
the remoteness of clouds. Therefore, it is not applicable to delay
sensitive applications such as autonomous driving [2]. Mobile
Edge Computing (MEC) has emerged as a key technology to
push computing and storage resources in the proximity of end
devices. The offloading of tasks to nearby cloudlets in an MEC
network now becomes a promising paradigm for IoT devices
to alleviate their computational burdens and mitigate service
delays [3]. On the other hand, Digital Twin (DT) as a disruptive
technology has bridged physical objects with their powerful
virtual representations, which can be used for assisting complex
task executions [4], [5], [6]. Through DT modeling, the virtual
avatar of an object can monitor the behaviors and record histor-
ical traces of the object. It also can make decisive predictions
and provide inference services on the object, by leveraging data
analytics, artificial intelligence, and machine learning [7], [8].

In this paper, we deal with Quality of Experience (QoE) aware
task executions in a DT-assisted MEC network, by either offload-
ing tasks to cloudlets for processing against service models in
the cloudlets or processing tasks against its requested service
models in devices locally, where there are multiple service
models associated with each DT to provide inference services
related to the DT to users. To maintain high-fidelity services,
each object needs synchronizing with its DT on its status by
uploading its sensory data continuously [9], [10], [11], [12],
and its DT service model needs to retrain quite often using the
update data from the object to enhance the service accuracy of
the model [11], [13]. One such an example is the traffic map
navigation, where users can download maps and navigate on
their mobile devices, and the navigation service model can be
trained by the DT of a regional monitor, which can provide a
better route based on real-time monitoring information, such as
local traffic incidents, local weather conditions, and so on. This
service task execution in a DT-assisted MEC network poses the
following challenges.

First, for machine learning-based inference services, e.g.,
Deep Neural Networks (DNNs), both service delay and service
accuracy affect the QoE of users. How to develop a metric to
quantify the QoE of user satisfaction on a service is critical.
Second, given a set of user tasks for inference services, it is
challenging to maximize the accumulative QoE-based utility
of task executions, by deciding which tasks to be processed
locally and which tasks to be offloaded to cloudlets for exe-
cutions on their requested DT service models, considering the
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heterogeneity of processing capabilities of different cloudlets
and user devices. Finally, DT service models can be enhanced
through retraining with the update data from their object sources.
However, the limited bandwidth on each Access Point (AP)
creates a competition between allocating a fractional bandwidth
for DT updates versus task offloading, how to allocate the limited
bandwidth among objects for their DT updates and users for their
task offloading via APs is challenging. In the rest of this paper,
we will address the aforementioned challenges.

The novelty of this study lies in addressing the QoE issue of
user satisfaction on inference services in a DT-assisted MEC
network via task offloading, where the service accuracy of
a user request can be enhanced when the DT based service
model is continually retrained, using the update data from its
object. A novel utility metric is proposed to measure the QoE
of user satisfaction on a service, which takes into account both
service accuracy and service delay jointly. Also, performance-
guaranteed algorithms for the problems of concern are devised
to maximize the total utility of user task executions in both static
and dynamic arrival settings of task requests.

The main contributions of the paper are presented as follows.
We study the user satisfaction on services in a DT-assisted MEC
network through task offloading, where a service request task
can be either processed locally or offloaded to a cloudlet in
the MEC network for processing. To this end, we formulated
two novel QoE-aware (static and dynamic) utility maximization
problems. We first present an Integer Linear Program (ILP)
solution to the utility maximization problem when the problem
size is small or medium; otherwise we develop a randomized
algorithm with high probability for the problem. We then de-
vise an online algorithm for the dynamic utility maximization
problem. Furthermore, for a special case of the dynamic utility
maximization problem where the bandwidth capacity on each
AP is sufficient, we propose an online algorithm with a provable
competitive ratio. We finally evaluate the performance of the
proposed algorithms via simulations, and simulation results
demonstrate that the proposed algorithms are promising.

The remainder of the paper is organized as follows. Section II
surveys the related work. Section III introduces the system
model, cost modeling, metrics, and problem definitions. Sec-
tion IV deals with the utility maximization problem. Section V
devises online algorithms for the dynamic utility maximization
problem. Section VI evaluates the proposed algorithms, and
Section VII concludes the paper.

II. RELATED WORK

This section surveys the state of the art on traditional and
machine learning model based task offloading in DT-assisted
MEC networks.

Traditional task offloading: The task offloading in MEC has
been extensively studied in the past decades [14], [15]. For ex-
ample, Li et al. [2] considered offloading delay-sensitive tasks to
cloudlets or a remote cloud, for Network Function Virtualization
(NFV) instances or Service Function Chain (SFC) services.
They formulated two user service satisfaction problems and
developed efficient algorithms for the problems. Chai et al. [16]

investigated the problem of multitask joint computation offload-
ing in satellite IoTs, where there is dependence between different
tasks. Zhang et al. [17] formulated a cost minimization problem
of task offloading in Unmanned Aerial Vehicle (UAV)-assisted
MEC networks, and devised a privacy-preserving auction frame-
work to schedule offloading tasks on the fly and incentivize the
participation of UAVs. Chen et al. [18] formulated a stochas-
tic optimization problem for dynamic task offloading, which
combines task scheduling and computing resource allocation
decisions. Dai et al. [19] studied the UAV-assisted vehicular
task offloading problem, with the aim to minimize vehicular task
delay. However, they all considered traditional Virtual Network
Function (VNF) services, in which the same input to an VNF
instance by different users at different times leads to the same
output [20].

Inference services based on machine learning models: A few
recent studies focused on inference task offloading in an MEC
network with inference accuracy requirements. For example,
Xu et al. [21] studied offloading DNN inference requests in
a 5G-enabled MEC network, with the aim to minimize the
total energy consumption of mobile devices, cloudlets and 5G
base stations. Li et al. [22] dealt with partial offloading of a
DNN model to an MEC network to speed up inferences by
the collaborations between cloudlets and devices. They reduced
the problem to a maximum flow and minimum cut problem,
and devised an approximate solution to the problem. Ogden
et al. [23] designed an inference framework - MDINFERENCE,
with the aim to increase the average accuracy of all models for
inference requests while upper bounding the service latency.
Fresa et al. [3] formulated an ILP problem with the objective
to maximize the total inference accuracy, subject to the time
constraint on the makespan.

Service accuracy and DT-assisted service model retraining:
There is growing interest in DT-assisted intelligent service pro-
visioning in MEC networks. The above mentioned studies did
not consider that the service accuracy dynamically changes over
time, due to the data drift of service models, not to mention
utilizing DTs of data sources for service model training to
improve their service accuracies. For instance, Li et al. [9], [12]
investigated the Age-of-Information (AoI)-aware user satisfac-
tion on DT-enabled services in MEC networks, and devised
performance-guaranteed approximation and online algorithms
for static and dynamic DT placements, with the aim to maximize
service utility measured by AoI. Li et al. [10] studied AoI-aware
IoT query services in a DT-assisted MEC network, and formu-
lated a minimization problem that explores nontrivial trade-offs
between the freshness of each query result and the service delay.
Liang et al. [11] considered inference service model retraining in
a DT-empowered MEC network, with the aim to maximize the
state freshness of inference service models while minimizing
the retraining cost. Gu et al. [24] studied DT placements in a
wireless Digital Twin Network (DTN) to minimize the total cost
that is the weighted sum of latency and energy consumption.
They developed a multi-armed bandit based algorithm to tackle
the non-convex and non-stationary optimization problem. Yu
et al. [6] formulated a QoE maximization problem based on the
attention-based resolution perception in DT-empowered Edge
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Computing (DTEC) systems, and utilized a continuous rein-
forcement learning framework to facilitate dynamic resource
allocation in the DTEC. Zhang et al. [13] devised efficient
algorithms for the problem of DT placements and migrations
in MEC networks by incorporating object mobility, with the
aim to minimize the weighted sum of the freshness of DT
data and the service cost of users requesting for DT services.
Meanwhile, Zhang et al. [25] also studied DT replica placements
for mobility-aware service provisioning. However, these works
did not tackle task offloading services in DT-assisted MEC
networks.

DT-assisted task offloading: There are several recent studies
on DT-assisted task offloading in MEC networks. For instance,
Liu et al. [26] considered edge server selection and task offload-
ing, integrating an MEC network and its virtual counterpart - its
DT to construct a DT Edge Network (DTEN) and employing
the virtual DTEN to monitor the status of the physical network.
Cao et al. [27] studied task offloading in a DTN and proposed
a five-objective optimization model. Li et al. [28] proposed a
DT-assisted optimization method for joint task offloading and
resource allocation in multi-device collaborative tasks in an
Industrial Internet of Things (IIoT). They established a two-
layer architecture: physical and DT layers. They formulated an
optimization problem by jointly optimizing computational fre-
quency, transmit power, bandwidth, and offloading factors, and
developed an alternating optimization algorithm by decoupling
the problem into four subproblems and solved each subproblem
separately. Guo et al. [29] designed a UAV deployment scheme
in a DTN, and presented two task offloading schemes to obtain
high-fidelity state information. Zhang et al. [30] studied task
offloading in a DT-driven collaborative MEC network, with
the aim to maximize the total revenue of the MEC system,
by leveraging the DT technology to mirror the status of the
real system. Zhao et al. [31] developed a Deep Reinforcement
Learning (DRL) algorithm to train a task offloading strategy in
DT-based Vehicle Edge Computing (VEC), where the DT tech-
nology enables monitoring the state of the VEC network in real
time. In contrast, Yang et al. [5] offloaded tasks to Virtual Twins
(VTs) of a Physical Twin (PT) for the task execution, where
a VT consists of a generic model in clouds and a customized
model updated by end devices. They jointly considered model
placements of VTs, PT task offloading, and resource allocation
to maximize the accuracy of task execution.

Different from the aforementioned studies on task offloading,
in this paper, we jointly consider task offloading and DT updates
in order to provide highly accurate yet low delay intelligent ser-
vices for users in DT-assisted edge computing environments. We
will study two novel QoE-aware utility maximization problems
for task offloading in a DT-assisted MEC network, with the aim
of maximizing the total utility of all task executions. Table I
highlights differences of our work from existing studies.

III. PRELIMINARY

In this section we introduce the system model, notions and
notations, problem definitions, and NP-hard proof of the defined
problems.

TABLE I
COMPARISON WITH RELATED WORKS

Fig. 1. An illustrative example of task executions on service models in a
DT-assisted MEC network.

A. System Model

We consider an MEC network G = (N , E), whereN is a set
of Access Points (APs), and E is a set of links between APs.
Denote by de the delay of transmitting a unit data on link e ∈ E .
Each AP is co-located with a cloudlet, and the communication
delay between them is negligible. Without loss of generality, we
use AP and its co-located cloudlet interchangeably in this paper.
Each AP j ∈ N is equipped with limited bandwidth capacity
Bj , and its co-located cloudlet has an amount Cj of computing
capacity. We assume that the Orthogonal Frequency-Division
Multiple Access (OFDMA) scheme is adopted, and each AP j
has Lj orthogonal subchannels with Lj ≥ 1. We further assume
a given monitoring time horizonT, which is divided intoT equal
time slots, i.e., T = {1, 2, . . . , T}. At each time slot, at most Lj

devices can upload their update data through AP j when the
devices are under the coverage of AP j.

Denote by V a set of objects that are under the coverage of
different APs. We assume that each object vi ∈ V has a DT,
DTi, which is a vivid virtual representation of the object, where
DTi contains all the update data uploaded by its object by that
time point. Associated with each DTi, there is a (or multiple)
service model (e.g., inference models) built upon its update data.
The service models and DTi itself are deployed in a cloudlet
n(DTi) ∈ N . Let C ′j be the residual computing capacity after
the deployment of DTs and service models in cloudlet j. The data
generated by object vi is uploaded to its gateway AP, g(vi) ∈
N , and then transmitted from cloudlet g(vi) to cloudlet li ∈ N
hosting DTi of vi. Fig. 1 presents an illustrative example with
two objectsv1 andv2 and their DTsDT1 andDT2 in the network.
The task of user u1 is offloaded to the service model of DT2 for
execution from AP4.
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B. DT-Assisted Task Execution for User Task Requests

Let U denote a set of user devices with different applica-
tion tasks that need to be executed either in the user device
locally or offloading the task to an appropriate DT hosted
by a cloudlet [5]. A user device can issue different types of
tasks at different time slots. At time slot t ∈ T, the task gen-
erated by user device k ∈ U is expressed by a tuple uk(t) =
〈Ck(t), sk(t), rk(t), ck(t), Dk(t), βk〉, where Ck(t) ⊂ N is the
set of APs within the maximum transmission range of the user
device k, sk(t) is the data size of the task, rk(t) ∈ [1, |V |] is the
index of DT that can process the task, ck(t) is the amount of
demanded computing resource for the task, Dk(t) is the service
delay threshold, βk is a delay tolerable factor with constant
βk ≥ 1, and βk ·Dk(t) is the maximum service delay that the
user device can tolerate [2]. The service delay is the end-to-end
delay of the task from its issuing time point to the service result
returns. Let U(t) = {uk(t) | k ∈ U} be the set of user tasks
arrived at time slot t.

Since a service model deployed in a user device generally does
not change after its initial deployment, the service accuracy of
a task execution against the service model in a local user device
k does not change, and this service accuracy is represented by
alock , which is within [0,1] [5]. In contrast, when a service task
request is offloaded to a cloudlet hosting its requested service
model, then the service accuracy of the model varies, which
is determined by whether the service model is continuously
retrained using the updated DT data. We here measure the service
accuracy of a service model based on its DT update data as
follows.

Denote by voli(t) the volume of update data generated by
object vi by time slot t since its last uploading. Once object vi
uploads its update data to DTi, the service model built upon
DTi will be retrained using the updated data, and the service
accuracy of the model will be improved. Denote by Φi(t) the
accumulative volume of the update data at DTi by time slot t,
which is calculated as follows.

Φi(t) =

{
Φi(t− 1) + voli(t), if vi uploads data at t
Φi(t− 1), otherwise

(1)

It can be seen that Φi(t) ≥ Φi(t− 1) and Φi(0) = 0 for all
1 ≤ i ≤ |V |. Intuitively, the more update data used for a model
retraining, the higher the accuracy of the service model. Also,
the growth rate of the service accuracy of a service model
will decrease gradually, with the increase on the amount of
accumulated update data. Therefore, the accuracy of the service
model ofDTi can be presented by a submodular, non-decreasing
function fi(·). We further assume that the retraining of each
service model can be completed within one time slot. Since a
service model cannot process user offloading tasks during its
retraining, the service model served at time slot t is the version
that finished its training at least by time slot t− 1, which means
that the service accuracy of the service model of DTi at time
slot t is fi(Φi(t− 1)). For ease of description, we treat each
task running in its own device as it runs in a ‘virtual’ cloudlet 0.
The service accuracy Ak,l(t) of user task uk(t) that is executed

in cloudlet l at time slot t is calculated as follows.

Ak,l(t) =

⎧⎨⎩
alock , if l = 0
fi(Φi(t− 1)), if l hosts requested DTi

0 otherwise
(2)

C. Service Delay of a User Task Execution

The service delay of a user task depends on where the task is
executed. If task uk(t) is offloaded to service model on DTrk(t),
its service delay consists of the uploading delay, the transmission
delay of routing the task data from an AP within the transmission
coverage of the user device to the cloudlet hosting DTrk(t),
and the processing delay in DTrk(t), which are detailed in the
following.

At time slot t, user device k uploads its task data through
an AP j ∈ Ck(t). Recall that the OFDMA scheme is adopted at
each AP, and there are at most Lj users that can upload their
data through AP j at each time slot. The uploading rate of user
device k to AP j is

bk,j(t) =
Bj

Lj
· log

(
1 +

PXk ·Hk,j

σ2

)
(3)

where PXk is the transmission power of device k, Hk,j is the
channel gain between device k and AP j ∈ N , and σ2 is the
white noise. The uploading delay of task uk(t) to AP j at time
slot t is

duploadk,j (t) =
sk(t)

bk,j(t)
. (4)

The transmission delay of routing the update data of taskuk(t)
from AP j ∈ N to cloudlet l that hosts service model ofDTrk(t)

is

dcomm
j,lrk(t)

(t) = sk(t) ·
∑

e∈Pj,lrk(t)

de, (5)

where Pj,l is the shortest routing path in G between AP j and
cloudlet l in terms of transmission delay. Task uk(t) can be
offloaded to a cloudlet rk(t) that hosts DTrk(t) or cloudlet 0
(device itself) for execution, where rk(t) is the cloudlet index of
DT that can process the task; otherwise the task cannot be pro-
cessed when it is offloaded to other cloudlets with mismatched
DTs.

When task uk(t) is executed by service model at DTrk(t), the
processing delay is

dcomp
k (t) =

sk(t)

μrk(t)
, (6)

where μrk(t) is the processing rate of service model at DTrk(t).
The service delay of user task uk(t) that is offloaded to cloudlet
l hosting its requested DT through AP j is

dk,j,l(t) = duploadk,j (t) + dcomm
j,l (t) + dcomp

k (t). (7)

If task uk(t) is processed by its user device locally, i.e., it is
‘offloaded’ to itself - cloudlet 0, its service delay is

dlock (t) =
sk(t)

fk
, (8)
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where fk is the processing rate of user device k (cloudlet 0).
The service delay of user task uk(t) is defined as follows.

dk,j,l(t) =

⎧⎪⎪⎨⎪⎪⎩
duploadk,j (t) +dcomm

j,l (t) + dcomp
k (t),

if l = n(DTrk) ∧ j ∈ Ck(t)
dlock (t), if j = 0 ∧ l = 0
∞, otherwise

(9)

D. User Satisfaction on Service Delay

Users requesting task executions in most applications have
their tolerable delay requirements [2]. Specifically, for a user task
uk(t) issued at time slot t, if the actual service delay is within
the specified delay threshold Dk(t) of user k, the user fully
satisfies with the service; otherwise, the user satisfaction will
be inversely proportional to the delay beyond his/her specified
delay threshold. We here use a constantβ ≥ 1 to capture a certain
degree of delay tolerances by users, where a larger β implies
that each user is more tolerable to his/her service delay. When
a service delay is beyond the maximum service delay threshold
of any user, the user will not be satisfied on the service totally.
Thus, we model the user satisfaction on a service delay by a
function as follows.

ρk,j,l(t) =

⎧⎨⎩
1, if dk,j,l(t) ≤ Dk(t)
β·Dk(t)−dk,j,l(t)
β·Dk(t)−Dk(t)

, if Dk(t) < dk,j,l(t) < βDk(t)

0, otherwise
(10)

The intuition behind the utility function ρk,j,l(t) in (10) is
that if the service delay is no greater than a predefined threshold
Dk(t) of user uk, then the user fully satisfies with the service
and earns a utility of 1. Otherwise (if the service delay is
within the tolerable range of the user, i.e., the delay is within
(Dk(t), βk ·Dk(t)]), the user satisfies with the service partially,
the utility obtained for the service is a fractional value between 0
and 1, and the value is inversely proportional to the experienced
service delay. Otherwise (the service delay is beyond the user
expectation, i.e., the delay is strictly larger than βk ·Dk(t)), the
value assigned to the utility function is 0, implying that the user
does not satisfy with the service. No credit will be given to the
service provider.

E. QoE Metric and Optimization Objective

We measure the QoE of user satisfaction with a service as a
utility function of its task execution, which is a linear combina-
tion of the service accuracy of the service model on the requested
DT by the user and the service delay at time slot t as follows.

Qk,j,l(t) = Ak,l(t) + ω · ρk,j,l(t), (11)

where the service delay of a user consists of the user location
j (data uploading by AP j) and the task processing in cloudlet
l (if cloudlet l hosts the requested service model of the user),
Ak,l(t) represents the service (inference) accuracy of task uk(t)
on its requested model service at cloudlet l, and ω is a fixed
coefficient that is used to balance between the service accuracy
and user satisfaction on the service delay of the requested service
with 0 ≤ ω ≤ 1.

The QoE metric plays a pivotal role in bridging user per-
ception and system resource optimization. By jointly modeling
service accuracy and service delay as user satisfaction through
an adjustable constant ω, the QoE metric directly governs two
critical aspects in the system model. First, it serves as the
optimization objective for resource allocation, where tasks are
dynamically assigned to either local devices or cloudlets by
the QoE calculation, ensuring fine balancing between service
precision (critical for DT model fidelity) and responsiveness
(essential for interactive services). Second, parameter ω enables
an adaptive control policy for diverse services. For instance, a
larger value ofω prioritizes service accuracy for mission-critical
applications like medical diagnostics, while a smaller value
favors delay-sensitive tasks such as AR/VR.

F. Problem Definitions

In the following, we co nsider two novel optimization prob-
lems of user task executions in their own devices or cloudlets
in the MEC network. We first consider the utility maximization
problem, where all user task requests are given.

Definition 1: Given an MEC network G = (N , E), the DTs
of a setV of objects that have been deployed in cloudlets already,
and a setU of user task requests, each taskuk ∈ U is represented
by a tuple 〈Ck, sk, rk, ck, Dk, βk〉. The utility maximization
problem in G is to maximize the utility of all user tasks in U
through determining whether each task is executed in its own
device or offloaded, subject to the bandwidth capacity on each
AP and computing capacity on each cloudlet.

The utility maximization problem considered a set U of user
task requests in a snapshot case, assuming that the accuracy of
each service model built on a DT is fixed in that snapshot. In
the following, we consider a more generic case, where user task
requests arrive one by one for a given time horizon T.

Definition 2: Given an MEC network G = (N , E), the DTs
of a set V of objects that are already deployed in cloudlets,
and a given finite time horizon T, user tasks arrive one by
one without the knowledge of future arrivals. Let U(t) be
the set of user tasks arrived at time slot t. Each arrived user
task uk(t) ∈ U(t) at time slot t ∈ T is represented by a tuple
〈Ck(t), sk(t), rk(t), ck(t), Dk(t), βk〉, which needs to be pro-
cessed locally or offloaded to a DT for task execution immedi-
ately. The dynamic utility maximization problem is to maximize
the utility sum

∑|T|
t=1

∑
uk(t)∈U(t) Qk,j,l(t) · xk,j,l(t) of all user

tasks over the given time horizon T, through scheduling DT
updates and task offloading decisions at each time slot t, subject
to the bandwidth capacity on each AP and computing capacity
on each cloudlet.

G. NP-Hardness

Theorem 1: The utility maximization problem in an MEC
network G = (N , E) is NP-hard.

Proof: We prove the NP-hardness of the utility maximization
problem by a reduction from a well-known NP-hard prob-
lem - the maximum profit Generalized Assignment Problem
(GAP) [32] that is defined as follows. Given |N |+ 1 bins and
|U | items, if item uk ∈ U is packed to bin l, it leads to a profit
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TABLE II
TABLE OF NOTATIONS

pk,l and weight wk,l. Each bin has a limited capacity. The GAP
is to pack as many items as possible to the bins such that the total
profit of the packed items is maximized, subject to bin capacities.

We consider a special case of the utility maximization prob-
lem, where each AP has sufficient bandwidth to enable all users
under its coverage to offload their tasks. We treat each cloudlet l
as a bin cl with capacityC ′l, i.e., the residual computing capacity
of cloudlet l after all DT deployments with l ∈ N . We assume
that bin 0 is a virtual cloudlet that corresponds to the device itself
to process its task. We treat each task as an item. Let wk,l be the
weight of item uk(t) packed in bin cl with profit pk,l(t), which
is defined as follows.

pk,l(t) =

⎧⎨⎩
Qk,0,0, if l = 0
max{Qk,j,l(t) | j ∈ Ck(t)}, if l = n(DTrk)
0, otherwise

It can be seen that this special utility maximization problem
is equivalent to the maximum profit GAP. Hence, the total utility
maximization problem is NP-hard. �

Theorem 2: The dynamic utility maximization problem in
an MEC network G = (N , E) is NP-hard.

Proof: The utility maximization problem is a special case
of the dynamic utility maximization problem when the time
horizon T consists of a single time slot. The dynamic utility
maximization problem thus is NP-hard, too. �

For the sake of convenience, the symbols used in this paper
are summarized in Table II.

IV. ALGORITHMS FOR THE UTILITY MAXIMIZATION PROBLEM

In this section, we deal with the utility maximization problem
by formulating an ILP solution when the problem size is small;
otherwise we develop a randomized algorithm at the expense of
a bounded resource violation.

A. ILP Solution

Let xk,j,l be a binary variable indicating whether user task
uk is offloaded through AP j and processed at cloudlet l
(xk,j,l = 1) or not (xk,j,l = 0). Note that the range of AP index
j is 0 ≤ j ≤ |N |, where bin 0 is a virtual AP with unlimited
numbers of subchannels that correspond to the local processing
of a task. The accuracy and service delay of assigning task uk to
cloudlet j are calculated by (2) and (9), respectively. The utility
gain Qk,j,l of offloading task uk through AP j to cloudlet l is
calculated by (11). The ILP for the problem is formulated, and
the objective (12) aims to maximize the total utility gain of all
user task execution requests in U as follows.

Maximize
∑
uk∈U

|N |∑
j=0

|N |∑
l=0

Qk,j,l · xk,j,l (12)

subject to (1)− (11),

|N |∑
j=0

|N |∑
l=0

xk,j,l = 1, ∀uk ∈ U (13)
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∑
uk∈U

|N |∑
l=0

xk,j,l ≤ Lj , ∀j ∈ {0} ∪ N (14)

∑
uk∈U

|N |∑
j=0

ck · xk,j,l ≤ C ′l, ∀l ∈ {0} ∪ N (15)

xk,j,l = 0, ∀uk ∈ U, if j 
= 0 ∧ j /∈ Ck or j = 0 ∧ l 
= 0
(16)

xk,j,l = 0, ∀uk ∈ U, if l 
= 0 ∧ l 
= n(DTrk) or l = 0 ∧ j 
= 0
(17)

xk,j,l ∈ {0, 1}, ∀k ∈ U,∀j ∈ {0} ∪ N (18)

where Constraint (13) ensures that each task is either pro-
cessed locally or offloaded to its requested DT in a cloudlet
for execution. Constraint (14) ensures that the number of user
requests allocated to an AP is no greater than the number of
its sub-channels. Constraint (15) ensures that the total amount
of computing resources demanded by all task executions in
any cloudlet cannot exceed its computing capacity, where C ′l
indicates the residual computing capacity after DT deployments
at cloudlet l. Constraint (16) ensures that each user task can only
upload its data through an AP within its transmission range or
processed locally (j = 0, l = 0). Constraint (17) ensures that a
task can only be offloaded to the cloudlet that hosts its requested
DT or processed locally, where rk is the requested DT of user
task uk.

B. Randomized Algorithm

Since finding an ILP solution in (12) takes prohibitive time
when the problem size is large, we instead propose a ran-
domized algorithm for the problem. Let x̃k,j,l be the value of
variable xk,j,l in the optimal solution of the LP relaxation of the
ILP, where x̃k,j,l ∈ [0, 1]. Let {x̂k,j,l | uk ∈ U, j ∈ [0, |N |], l ∈
[0, |N |]} be an integral solution of the ILP. In the rounding
procedure, each random variable x̂k,j,l is set to 1 with probability
of x̃k,j,l. This setting is taken by Constraint (13) in an exclusive
manner, which means that associated with each task uk ∈ U ,
there is exactly one variable x̂k,j,l to be 1 and the rest are set to
0, for each pair of j ∈ [0, |N |] and l ∈ [0, |N |].

The randomized algorithm, Algorithm 1, for the utility
maximization problem is a snapshot case where all model accu-
racy are given and fixed, and all user service requests are given,
too. The detailed description of the randomized algorithm is
given in Algorithm 1.

C. Algorithm Analysis

In the following, we show the performance guarantee of
the proposed randomized algorithm. We also analyze the time
complexity of the proposed randomized algorithm.

Lemma 1: For any user task uk ∈ U , x̂k,j,l is set to 1 with
probability x̃k,j,l exclusively by Algorithm 1.

Proof: Following Algorithm 1, Step 10 ensures that
there must exist a pair j and l such that condition∑j

j′=0

∑l
l′=0 x̃i,j′,l′ ≥ gx holds, as the value range of random

Algorithm 1: Randomized Algorithm for the Utility
Maximization Problem.
Input: An MEC network G = (N , E), a set V of objects

with their DTs deployed in G, and a set U of user tasks.
Output: The task offloading decisions to maximize the

total utility gain of user tasks.
1: Calculate the utility value Qk,j,l for each task uk;
2: Solve the linear relaxation LP of the ILP (12);
3: Let {x̃k,j,l | uk ∈ U, j ∈ [0, |N |], l ∈ [0, |N |]} be the

optimal LP solution;
4: x̂k,j,l ← 0; /∗initialize the integral solution∗/
5: for each uk ∈ U do
6: gx ← a randomly generated number ∈ [0, 1];
7: flag← false;
8: for each j ∈ [0, |N |] do
9: for each l ∈ [0, |N |] do

10: if
∑j

j′=0

∑l
l′=0 x̃k,j′,l′ ≥ gx then

11: x̂k,j,l ← 1 /∗ task uk is offloaded to cloudlet l
through AP j exclusively ∗/

12: flag← true;
13: break;
14: end if
15: end for
16: if flag is true then
17: break;
18: end if
19: end for
20: end for
21: return An integral solution
{x̂k,j,l | uk ∈ U, j ∈ [0, |N |], l ∈ [0, |N |]}

variable gx is in [0,1], and random variable x̃i,j,l of each valid
pair of j and l is independent of each other. Therefore, each
user task is exclusively assigned to a pair of j and l, and the
probability of x̂i,j,l = 1 is x̃i,j′,l′ . �

To analyze the approximation ratio of Algorithm 1 and
bound its resource capacity violations on each AP and each
cloudlet, we define a positive parameter Λ as follows.

Λ = max{max{Qk,j,l | uk ∈ U, j ∈ N ∪ {0}, l ∈ N ∪ {0}},
max{ck | uk ∈ U}, 1} (19)

Theorem 3: Given an MEC network G = (N , E), the DTs
of a set V of objects that have been deployed in cloudlets
already, and a set U of user task execution requests, there is
a randomized algorithm, Algorithm 1, with approximation
ratio 1

2 for the utility gain maximization problem with high
probability of min{1− 1

|U | , 1− 1
|N | }, the solution is obtained

at the expense of no more than twice the computing capacity
on any cloudlet and the number of subchannels on any AP, pro-
vided that ÕPT ≥ 8Λ ln |U |, min{C ′l | l ∈ N} ≥ 6Λ ln |N |,
and min{Lj | j ∈ N} ≥ 6Λ ln |N |, and the algorithm takes
O(((|U | · |N |2)2+ 1

6 ) log(|U | · |N |2)) time, where Λ is defined
in (19).
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Proof: Let OPT and ÕPT be the values of the optimal
solution of the ILP in (12) and of the its LP, respectively.
As the studied problem is a maximization problem, we have
ÕPT ≥ OPT . We first analyze the approximation ratio of
the randomized algorithm, Algorithm 1. Let yk,j,l =

Qk,j,l

Λ ·
x̂k,j,l be a random variable deriving from random variable
x̂k,j,l.It can be seen that yk,j,l equals Qk,j,l

Λ with probabil-

ity x̃k,j,l; otherwise, yk,j,l equals 0. Due to Qk,j,l

Λ · x̂k,j,l ≤
Qk,j,l

max{Qk,j,l | uk∈U,j∈[0,|N |],l∈[0,|N |]} ≤ 1, we have 0 ≤ yk,j,l ≤ 1.

The expected value of yk,j,l isE[yk,j,l] =
Qk,j,l

Λ · x̃k,j,l. We have

E

⎡⎣∑
uk∈U

|N |∑
j=0

|N |∑
l=0

yk,j,l

⎤⎦ =
∑
uk∈U

|N |∑
j=0

|N |∑
l=0

Qk,j,l · x̃i,j,m,k

Λ

=
ÕPT

Λ
(20)

Let α be a constant with 0 < α ≤ 1/2. By Chernoff
Bounds [33], we have

Pr

⎡⎣∑
uk∈U

|N |∑
j=0

|N |∑
l=0

Qk,j,l · x̂k,j,l ≤ (1− α) ·OPT

⎤⎦
≤ Pr

⎡⎣∑
uk∈U

|N |∑
j=0

|N |∑
l=0

Qk,j,l · x̂k,j,l ≤ (1− α) · ÕPT

⎤⎦ ,

= Pr

[∑
uk∈U

Yk ≤ (1− α) · ÕPT

Λ

]
,

let Yk =

|N |∑
j=0

|N |∑
l=0

Qk,j,l/Λ · x̂k,j,l

≤ exp

(
−α2 · ÕPT

2Λ

)
, by the Chernoff Bounds [33]. (21)

Assuming that exp(−α
2·˜OPT
2Λ ) ≤ 1

|U | and 0 < α < 1/2, we

have α ≥
√

2Λ ln |U |
˜OPT

, i.e., ÕPT ≥ 2Λ ln |U |
α2 . Because 1− α ≥

1
2 , the approximation ratio of Algorithm 1 is 1

2 with high
probability 1− 1

|U | .
We then show that the violation ratio of computing capacity on

any cloudlet l ∈ N is upper bounded by 2 as follows. Let zk,j,l
be a random variable derived from random variable x̂k,j,l, where
zk,j,l =

ck
Λ · x̂k,j,l. Due to ck

Λ · x̂k,j,l ≤ ck
max{ck | uk∈U} ≤ 1, the

expectation of zk,j,l isE[zk,j,l] =
ck
Λ · x̃k,j,l with 0 ≤ zk,j,l ≤ 1.

For each cloudlet l ∈ N , we have E[
∑

uk∈U
∑|N |

j=0 zk,j,l] =∑
uk∈U

∑|N |
j=0

ck ·x̃k,j,l

Λ =
C̃ ′l
Λ , where C̃ ′l is the amount of com-

puting resource consumed on cloudlet l by the LP and there
is C̃ ′l ≤ C ′l. Let β be a constant with 0 < β ≤ 1. The to-
tal amount of computing resource consumed on cloudlet l is∑

uk∈U
∑|N |

j=0 ck · x̂k,j,l in the solution by Algorithm 1. The
probability of the computing capacity violation on cloudlet

l ∈ N is

Pr

⎡⎣∨
l∈N

∑
uk∈U

|N |∑
j=0

ck · x̂k,j,l ≥ (1 + β) · C ′l

⎤⎦
≤ Pr

⎡⎣∨
l∈N

∑
uk∈U

|N |∑
j=0

ck · x̂k,j,l ≥ (1 + β) · C̃ ′l

⎤⎦ ,

≤
∑
l∈N

Pr

⎡⎣∑
uk∈U

|N |∑
j=0

zk,j,l ≥ (1 + β) · C̃
′
l

Λ

⎤⎦ ,

let zk,j,l =
ck
Λ
·x̂k,j,l and by the Union Bound Inequality

≤
∑
l∈N

Pr

[∑
uk∈U

Zk ≥ (1 + β) · C̃
′
l

Λ

]
, let Zk =

|N |∑
j=0

zk,j,l

≤ |N | · exp
(
−β2 · C̃ ′l
(2 + β) · Λ

)
, by the Chernoff Bounds [33].

(22)

Assuming that exp( −β
2·C̃ ′l

(2+β)·Λ ) ≤ 1
|N |2 , we have exp(−β

2·C̃ ′l
6Λ ) ≤

1
|N |2 as 0 < β ≤ 1. Then, we haveβ ≥

√
6Λ ln |N |

C̃ ′l
≥
√

6Λ ln |N |
C ′l

,

due to C̃ ′l ≤ C ′l. Since β ≤ 1, we have C ′l ≥ 6Λ ln |N | for any
cloudlet l ∈ N , i.e., min{C ′l | l ∈ N} ≥ 6Λ ln |N |. By (22) and
C ′l ≤ Cl, we have

Pr

[∨
l∈N

∑
uk∈U

Zk ≥ (1 + β) · Cl

]

≤ Pr

[∨
l∈N

∑
uk∈U

Zk ≥ (1 + β) · C ′l
]
≤ |N | · 1

|N |2 =
1

|N | .

Because 1 + β ≤ 2, the computing resource consumption on
each cloudlet l ∈ N is no more than twice its capacity with
high probability of 1− 1

|N | , provided that min{C ′l | ∀l ∈ N} ≥
6Λ ln |N |.

We third show the violation ratio of the number of sub-
channels on AP j ∈ N is upper bounded by 2 as follows.
Let hk,j,l be a random variable derived from random variable
x̂k,j,l, where hk,j,l =

1
Λ · x̂k,j,l. Due to 1

Λ · x̂k,j,l ≤ 1, the ex-
pectation of hk,j,l is E[hk,j,l] =

1
Λ · x̃k,j,l with 0 ≤ hk,j,l ≤

1. For each AP j ∈ N , we have E[
∑

uk∈U
∑|N |

j=0 hk,j,l] =∑
uk∈U

∑|N |
j=0

1·x̃k,j,l

Λ =
L̃j

Λ , where L̃j is the number of sub-

channels used of AP j in the solution of the LP with L̃j ≤ Lj .
Let λ be a constant with 0 < λ ≤ 1. The number of subchannels
used on AP j is

∑
uk∈U

∑|N |
l=0 x̂k,j,l by Algorithm 1. The

probability of the number of subchannel violations on any AP
j ∈ N then is

Pr

⎡⎣∨
j∈N

∑
uk∈U

|N |∑
l=0

1 · x̂k,j,l ≥ (1 + λ) · Lj

⎤⎦
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≤ Pr

⎡⎣∨
j∈N

∑
uk∈U

|N |∑
l=0

1 · x̂k,j,l ≥ (1 + λ) · L̃j

⎤⎦ ,

≤
∑
j∈N

Pr

⎡⎣∑
uk∈U

|N |∑
l=0

hk,j,l ≥ (1 + λ) · L̃j

Λ

⎤⎦ ,

by hk,j,l =
1

Λ
·x̂k,j,l and the Union Bound Inequality

≤
∑
j∈N

Pr

[∑
uk∈U

Hk ≥ (1 + λ) · L̃j

Λ

]
, let Hk =

|N |∑
l=0

hk,j,l

≤ |N | · exp
(
−λ2 · L̃j

(2 + λ) · Λ

)
, by the Chernoff Bounds [33].

(23)

Because 0 < λ ≤ 1, we assume that exp( −Λ
2·L̃j

(2+Λ)·Λ ) ≤ 1
|N |2 ,

and we then have exp(
−λ2·L̃j

6Λ ) ≤ 1
|N |2 , i.e., Λ ≥

√
6Λ ln |N |

L̃j
≥√

6Λ ln |N |
Lj

due to L̃j ≤ Lj . Since λ ≤ 1, we have Lj ≥
6Λ ln |N | for any AP j ∈ N , i.e., min{Lj | j ∈ N} ≥
6Λ ln |N |. By (23), we have

Pr[
∨
j∈N

∑
uk∈U

Hk ≥ (1 + λ) · Lj ] ≤ |N | · 1

|N |2 =
1

|N | .

We finally analyze the time complexity of Algorithm 1.
The utility value calculation of Qk,j,l of all tasks takes O(|U | ·
|N |2) time. The linear relaxation LP of the ILP (12) is solved
by a solver. According to [34], an LP with n variables can be
solved in timeO(n2+ 1

6 log(nδ )), where δ is the relative accuracy.
The LP of the ILP (12) consists of |U | · |N |2 variables. By
setting δ = 1 [35], finding a solution for the LP takes O((|U | ·
|N |2)2+ 1

6 ) log(|U | · |N |2) time. The rounding procedure for
all variables takes O(|U | · |N |2) time. Therefore, the time
complexity of Algorithm 1 is O(((|U | · |N |2)2+ 1

6 ) log(|U | ·
|N |2)).

The theorem then follows. �

V. ALGORITHMS FOR THE DYNAMIC UTILITY MAXIMIZATION

PROBLEM

In this section, we study the dynamic utility maximization
problem. We first devise an online algorithm for the problem
with the generic setting. We then develop an online algorithm
with a provable competitive ratio for a special case of the
problem, where each AP has abundant bandwidth to enable all
devices under its coverage to upload their data via the AP to the
MEC network.

A. Online Algorithm for the Dynamic Utility Maximization
Problem

The basic idea of the proposed online algorithm is adopting
exponential functions of various resource usages to govern
task offloading, with the aim of balancing dynamic workload
at each cloudlet and AP. Specifically, the proposed algorithm

proceeds iteratively, and each iteration corresponds to one time
slot. Within each time slot, it decides which objects to upload
their update data through which APs, and which user devices
to offload their tasks through which APs to the cloudlets host-
ing their requested DT service models. To this end, we show
how to schedule DT updates for service model retraining. We
make use of a metric ηi(t) to measure the potential benefit
by retraining the service model of DTi using the update data
from object vi at time slot t ∈ T. Denote by Ui(t) the set of
user tasks requesting the service model of DTi at slot t, i.e.,
Ui(t) = {uk(t)| rk(t) = i, uk(t) ∈ U(t)}. The metric ηi(t) of
object vi is defined as follows.

ηi(t) =
t−1∑
t′=1

∑
uk(t′)∈Ui(t′)

(fi(Φ(t
′ − 1) + voli(t

′))

− fi(Φ(t
′ − 1))) (24)

where ηi(t) is the potential benefit brought if object vi updates
DTi at time slot t, and fi(Φ(t− 1) + voli(t))− fi(Φ(t− 1))
is the utility gain of one task execution at the retrained service
model at DTi, using the update data voli(t).

Because we need reserving bandwidth for task offloading, we
only allow up to �σ1 · Lj� of subchannels of each AP j to be used
for DT updates, where σ1 is a given threshold with σ1 ∈ [0, 1].
For each AP j, the objects under its coverage are examined
one by one, and an object is chosen to upload to update its DT
if it meets one of the following two conditions: (i) the object
has not updated its DT in the past σ2 consecutive time slots, or
(ii) the value of ηi of object vi is within top σ3 · |V | among the
objects. This procedure continues until all �σ1 · Lj� subchannels
are allocated or no object meets either of the conditions, where
σ2 is a given integer threshold with σ2 > 0 and σ3 is a given
threshold with σ3 ∈ [0, 1]. Note that at the end of time slot t− 1,
we calculate ηi(t) and choose the DTs that need to be updated at
time slot t, then we can conduct DT updates from the beginning
of time slot t.

When a task is offloaded to a cloudlet with its requested DT,
that cloudlet needs to allocate the requested amount of com-
puting resource for the task. Therefore, the available computing
resource in each cloudlet upon the arrival of a task is its residual
computing capacity at that time slot.

Considering dynamic arrivals of task requests, a usage cost
of computing resource is introduced to measure the computing
resource consumption in each cloudlet, which in turn is used
to guide task offloading. Specifically, when task request uk(t)
arrives, its usage cost at cloudlet l is

ρl(k) = C ′l ·
(
α
1−Cl(k)

C′
l − 1

)
, (25)

where Cl(k) is the residual computing capacity of cloudlet l be-
fore task request uk(t) is considered, andα is a tuning parameter
with α > 1 that models the impact of resource reduction on the
resource usage cost. If task u(k) is offloaded to cloudlet l for
processing, then Cl(k + 1) = Cl(k)− ck(t), where ck(t) is the
amount of computing resource demanded by task uk(t), and
Cl(1) = C ′l initially. The normalized computing resource usage
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cost of offloading task uk(t) to cloudlet l is

γl(k) =
ρv(k)

C ′l
= α

1−Cl(k)

C′
l − 1. (26)

Since task requests may arrive during objects uploading their
update data, we determine task offloading by utilizing the resid-
ual bandwidth on each AP. As the bandwidth capacity on each
AP is limited, the bandwidth resource cost ϕj(k) is used to
capture the amount of bandwidth consumed by offloading task
uk(t) through AP j, which is defined as

ϕj(k) = L′j ·
(
θ
1−Lj(k)

L′
j − 1

)
, (27)

where L′j is the number of remaining subchannels of AP j
after scheduling DT updates, Lj(k) is the number of remaining
subchannels of AP j before task uk(t) is considered, and θ
is a tuning parameter with θ > 1. If task uk(t) uploads its
task data through AP j, we have Lj(k + 1) = Lj(k)− 1, and
Lj(1) = L′j initially. The normalized bandwidth resource usage
cost of offloading task uk(t) through AP j is

τj(k) = θ
1−Lj(k)

L′
j − 1. (28)

When user task uk(t) arrives, the algorithm checks whether
the APs in Ck have remaining subchannels for the user to
upload its task data and then transfer the data to cloudlet l
hosting its requested DTrk with sufficient computing resource.
Otherwise, task uk(t) will be processed locally if the residual
computing/bandwidth resource is insufficient or one of the
following conditions is met: (i) the utility gain obtained by
offloading the task to a cloudlet is no greater than the utility
gain of its local processing, i.e., Qoff

k ≤ Qk,0,0, where Qoff
k =

max{Qk,j,l(t) | j ∈ Ck(t), Lj(k) ≥ 1, l = n(DTrk(t))}; or (ii)
the normalized computing resource usage cost of cloudlet l
hosting the requested DT of task uk(t) or the normalized band-
width usage cost of AP j∗ with j∗ = argmax{Qk,j,l(t) | j ∈
Ck(t), Lj(k) ≥ 1, l = n(DTrk(t))} is greater than |N | ·Qoff

k ,

i.e., γl(k) > |N | ·Qoff
k or τj(k) > |N | ·Qoff

k .
The detailed online algorithm is given in Algorithm 2.

B. Online Algorithm for a Special Dynamic Utility
Maximization Problem

We consider a special case of the dynamic utility maximiza-
tion problem where each AP has abundant bandwidth to allow
all devices under its coverage to upload simultaneously. Under
this assumption, each object vi can synchronize with its DTi at
each time slot, the service model of each DT can be retrained
using the update data from its object.

The basic idea is similar to the generic one in the previous
subsection. Specifically, the cumulative volume Φi(t) of the
update data at DTi is Φi(t) =

∑t
t′=1 voli(t

′), and the result
accuracy of task execution on a service model of DTi at time
slot t is fi(Φi(t− 1)). The utility Qk,j,l(t) of task offloading
through AP j and executing at cloudlet l at each time slot t can
be calculated by (11). When task request uk(t) arrives, the algo-
rithm checks whether cloudlet l hosting its requested DTrk has
sufficient computing resource for the execution of task uk(t). If

Algorithm 2: Online Algorithm for the Dynamic Utility
Maximization Problem.
Input: An MEC network G = (N , E), a set V of objects

with their DTs deployed in G, a time horizon T, a set U(t)
of user tasks at each time slot t ∈ T.

Output: Maximize the accumulative utility gain of user
tasks within the time horizon T.
1: q ← 0; /∗ the accumulative utility gain ∗/
2: V up ← ∅; /∗ set of objects to update their DTs ∗/
3: Lres

j ← Lj for each AP j; /∗ residual subchannels of
AP j ∗/

4: for each t ∈ T do
5: Conduct DT updates for objects in V up;
6: while task uk(t) arrives do
7: if Cl(k − 1) < ck(t) with l hosting DTrk(t) or∑

j∈Ck L
res
j = 0 then

8: Process task uk(t) locally, q ← q +Qk,0,0;
9: else

10: Calculate Qoff
k , γl(k), and τj∗(k);

11: if Qoff
k ≤ Qk,0,0 or γl(k) > |N | ·Qoff

k or
τj∗(k) > |N | ·Qoff

k then
12: Process task uk(t) locally, q ← q +Qk,0,0;
13: else
14: Offload task uk(t) through AP j∗ to cloudlet l;
15: q ← q +Qoff

k , Lres
j∗ ← Lres

j∗ − 1;
16: end if
17: end if
18: end while
19: Calculate ηi(t+ 1) for each object vi ∈ V ;
20: V up ← ∅; /∗ determine objects to update their DTs at

next time slot ∗/
21: for each AP j ∈ N do
22: Luse

j ← 0;
23: for each object under coverage of AP j do
24: if DTi has not been updated in the past σ2

consecutive time slots or ηi is within the top
σ3 · |V | among all objects then

25: Luse ← Luse + 1; V up ← V up ∪ {vi};
26: end if
27: if Luse = �σ1 · Lj� then
28: Break;
29: end if
30: end for
31: Lres

j ← Lj − Luse
j ;

32: end for
33: end for
34: return q.

there is no adequate computing resource in cloudlet l for task
uk(t), the task must be processed locally. Otherwise whether
the task will be offloaded to a cloudlet or processed locally is
determined by the offloading control policy: task uk(t) is pro-
cessed locally if (i) its utility gain by offloading it to any cloudlet
l is no greater than the utility gain of its local processing, i.e.,
Qoff

k ≤ Qk,0,0, where Qoff
k = max{Qk,j,l(t) | j ∈ Ck(t), l =

n(DTrk(t))}; or (ii) the normalized computing resource usage
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Algorithm 3: Online Algorithm for the Special Dynamic
Utility Maximization Problem.

Input: An MEC network G = (N , E) with APs having
abundant bandwidth resource, a set V of objects with their
DTs deployed in G, a time horizon T, a set U(t) of user
tasks at each time slot t ∈ T.

Output: Maximize the accumulative utility gain of user
tasks within the time horizon T.
1: q ← 0 /∗ the accumulative utility gain ∗/
2: while task uk(t) ∈ U(t) do
3: if Cl(k − 1) < ck(t) with cloudlet l hosting DTrk(t)

then
4: q ← q +Qk,0,0, task uk(t) is executed locally;
5: else
6: Calculate Qoff

k and γl(k);
7: if Qoff

k ≤ Qk,0,0 or γl(k) > |N | ·Qoff
k then

8: q ← q +Qk,0,0, task uk(t) is executed locally;
9: else

10: q ← q +Qoff
k , offloading task uk(t) to cloudlet l;

11: end if
12: end if
13: end while
14: return q.

cost of cloudlet l that hosts the requested DT of task uk(t) is
greater than |N | ·Qoff

k , i.e., γl(k) > |N | ·Qoff
k . The detailed

algorithm for this special case is given in Algorithm 3.
Remarks: The distinction between Algorithm 2 and Al-

gorithm 3 lies in their applicability and theoretical guaran-
tees. Algorithm 2 delivers an online solution for the generic
dynamic utility maximization problem, while Algorithm 3
delivers a performance-guaranteed solution for a special case of
the problem where each AP has sufficient bandwidth to allow
all devices under its coverage for uploading at each time slot. In
Algorithm 2, the update frequency of each DT is dynamically
determined by bandwidth allocations and the overall system
utility optimization. In both algorithms, the system continues
serving user requests, using the most recent updated version of
each service model during its DT update and model retraining
at the current time slot. This ensures that task execution is not
stalled by model update activities.

C. Algorithm Analysis

In the following, we first analyze the time complexity of
Algorithm 2 for the dynamic utility maximization problem,
and then analyze the competitive ratio of Algorithm 3 for the
special dynamic utility maximization problem.

Theorem 4: Given a DT-assisted MEC network G = (N , E)
and a finite time horizon T, assume that user tasks arrive one by
one without the knowledge of future arrivals over the given time
horizon. There is an online algorithm, Algorithm 2, for the
dynamic utility maximization problem, which deliver a solution
to the problem, and the algorithm takes O(|N | · |V |+ |N |2 ·
|U(t)|) time per time slot.

Proof: As neither the computing resource capacity on any
cloudlet nor the bandwidth resource capacity on any AP is
violated in the solution delivered by Algorithm 2, the so-
lution is feasible. The rest is to analyze the time complexity of
Algorithm 2 as follows.

The algorithm consists of |T| time slots. At each time slot
t ∈ T, it takes O(|N | · |V |) time to schedule the DT updates of
objects in V through uploading their update data to APs in N .
For each user task uk(t) ∈ U(t), the time complexity of making
the task offloading decision is dominated by the time complexity
of calculating Qoff

k , while the latter takes O(|N |2) time. The
time complexity of Algorithm 2 thus is O(|N | · |V |+ |N |2 ·
|U(t)|) per time slot. �

Lemma 2: Given an MEC network G = (N , E) and a finite
time horizon T, user tasks arrive one by one without the knowl-
edge of future arrivals. Let S(k) be the set of tasks offloaded
by Algorithm 3 prior to task uk(t). Then, the total resource
usage cost of all cloudlets prior to the arrival of uk(t) is∑

l∈N
ρl(k) ≤ 2 · log2 α · |N | ·

∑
uk′ (t)∈S(k)

(ck′(t) ·Qoff
k′ ), (29)

where α is a constant with 2 · |N | ·Qoff
max + 2 ≤ α ≤ 2

Cmin
cmax ,

Cmin = min{C ′l | l ∈ N}, Qoff
max = max{fi(Φi(|T| − 1)) +

ω | vi ∈ V }, and cmax = max{ck(t) | uk(t) ∈ ∪t∈TU(t)}.
Proof: If taskuk(t) is processed locally, the resource usage of

each cloudlet does not change. Otherwise, taskuk(t) is offloaded
to cloudlet l that hosts its requested DT DTrk(t). Recall that
Cl(k) is the residual computing capacity on cloudlet l before task
uk(t) is considered. Then, we have Cl(k + 1) = Cl(k)− ck(t).

ρl(k + 1)− ρl(k)

= C ′l ·
(
α
1−Cl(k+1)

C′
l − 1

)
− C ′l ·

(
α
1−Cl(k)

C′
l − 1

)

= C ′l · α
(1−Cl(k)

C′
l

) ·
(
2

ck(t)

C′
l

·log2 α − 1

)

≤ C ′l · α
(
1−Cl(k)

C′
l

)
· ck(t)

C ′l
· log2 α (30)

= log2 α · ck(t) · α
(1−Cl(k)

C′
l

)
, (31)

where Ineq. (30) holds due to that 2x − 1 ≤ x with 0 ≤ x < 1.
The difference of the resource usage cost of all cloudlets

before and after offloading task uk(t) to cloudlet l is∑
l′∈N

(ρl′(k + 1)− ρl′(k)) = ρl(k + 1)− ρl(k)

≤ log2 α · ck(t) · α
(1−Cl(k)

C′
l

)
, by Eq. (31)

= log2 α · ck(t) · ((α
(1−Cl(k)

C′
l

) − 1) + 1)

= log2 α · ck(t) · (γl(k) + 1)

≤ log2 α · ck(t) · (|N | ·Qoff
k + 1) (32)

≤ 2 · log2 α · |N | · ck(t) ·Qoff
k , (33)
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where Ineq. (32) holds since task uk(t) is offloaded to cloudlet
l, by the offloading control policy.

The cost sum of resource usages of all cloudlets prior to the
arrival of task uk(t) is∑

l∈N
ρl(k) =

k−1∑
k′=1

∑
l∈N

(ρl(k
′ + 1)− ρl(k

′))

=
∑

uk′ (t)∈S(k)

∑
l∈N

(ρl(k
′ + 1)− ρl(k

′))

≤
∑

uk′ (t)∈S(k)

2 · log2 α · |N | · ck′(t) ·Qoff
k′ , by Eq. (33)

= 2 · log2 α · |N | ·
∑

uk′ (t)∈S(k)

(ck′(t) ·Qoff
k′ ).

The lemma then follows. �
Lemma 3: Given an MEC network G = (N , E) and a finite

time horizon T, user task requests arrive one by one without the
knowledge of future arrivals. Denote by M(k) the set of tasks
offloaded to cloudlets for processing by an optimal solution
but processed locally by Algorithm 3 prior to the arrival
of task uk(t). For each task uk(t) ∈M(k), we have γl(k) >

|N | ·Qoff
k , where cloudlet l hosts DTrk(t), 2 · |N | ·Qoff

max +

2 ≤ α ≤ 2
Cmin
cmax , and cmax = max{ck(t) | uk(t) ∈ ∪t∈TU(t)}.

Proof: Since user taskuk(t) is offloaded to a cloudlet for pro-
cessing in the optimal solution, we must have Qoff

k > Qk,0,0.
Otherwise, the accumulative utility gain can be improved by
processing uk(t) locally. This contradicts that the solution is
optimal. We prove the claim by distinguishing into two cases:
Case 1. There is no sufficient computing resource in cloudlet
l to process task uk(t) in the solution by Algorithm 3, and
thus task uk(t) has to be processed locally. Case 2. Although
there is sufficient computing resource in cloudlet l to process
task uk(t), offloading task uk(t) to cloudlet l meets the task
offloading control policy.

Case 1: Since there is no sufficient computing resource in
cloudlet l prior to the arrival of task uk(t) by Algorithm 3,
i.e., Cl(k) < ck(t), we have

γl(k) = α
1−Cl(k)

C′
l − 1 > α

1− ck(t)

C′
l − 1

≥ α
1− 1

1
log2 α − 1, since α ≤ 2

Cmin
cmax ≤ 2

C′
l

ck(t)

=
α

2
− 1 ≥ |N | ·Qoff

max, due to α ≥ 2 · |N | ·Qoff
max + 2,

≥ |N | ·Qoff
k .

Case 2: Because Qoff
k > Qk,0,0, condition (i) of control pol-

icy is not met. Processing task uk(t) locally by Algorithm 3
needs to meet condition (ii) of the task offloading control policy,
namely, γl(k) > |N | ·Qoff

k .
The lemma then follows. �
Lemma 4: Given an MEC network G = (N , E) and a finite

time horizon T, assume that user task execution requests arrive
one by one without the knowledge of future arrivals. Denote by
W (k) the set of tasks offloaded to the network so far sequentially

prior to the arrival of task uk(t) by both the optimal solution and
Algorithm 3. Denote by Qopt(k) and Q(k) the cumulative
utility gain achieved by an optimal solution and the solution
delivered by Algorithm 3 prior to the arrival of the task uk(t)
at time slot t, respectively. Then,

Qopt(k) ≤ Q(k) +
∑

uk′ (t)∈M(k)

Qoff
k′ . (34)

Proof: Denote by Hopt(k) and H(k) the sets of tasks that
are processed locally in an optimal solution and in the solution
of Algorithm 3 prior to the arrival of task uk(t), respectively.
Denote by H1(k) the set of tasks processed locally by both
the optimal solution and Algorithm 3 prior to the arrival of
task uk(t), i.e., H1(k) = Hopt(k) ∩H(k). Denote by H2(k)
the set of tasks that are offloaded to cloudlets for processing
in the solution by Algorithm 3 but processed locally in an
optimal solution prior to the arrival of taskuk(t). Then,H2(k) =
Hopt(k) \H1(k) and H2(k) ⊆ S(k) \W (k). For the optimal
solution, we have

Qopt(k) =
∑

uk′ (t)∈M(k)

Qoff
k′ +

∑
uk′ (t)∈W (k)

Qoff
k′

+
∑

uk′ (t)∈Hopt(k)

Qk′,0,0

≤
∑

uk′ (t)∈M(k)

Qoff
k′ +

∑
uk′ (t)∈W (k)

Qoff
k′

+
∑

uk′ (t)∈H1(k)

Qk′,0,0 +
∑

uk′ (t)∈S(k)\W (k)

Qk′,0,0 (35)

≤
∑

uk′ (t)∈M(k)

Qoff
k′ +

∑
uk′ (t)∈W (k)

Qoff
k′

+
∑

uk′ (t)∈H1(k)

Qk′,0,0 +
∑

uk′ (t)∈S(k)\W (k)

Qoff
k′

≤
∑

uk′ (t)∈M(k)

Qoff
k′ +

∑
uk′ (t)∈S(k)

Qoff
k′

+
∑

uk′ (t)∈H1(k)

Qk′,0,0

≤
∑

uk′ (t)∈M(k)

Qoff
k′ +

∑
uk′ (t)∈S(k)

Qoff
k′

+
∑

uk′ (t)∈H(k)

Qk′,0,0

= Q(k) +
∑

uk′ (t)∈M(k)

Qoff
k′ , (36)

where Ineq. (35) holds due to H2(k) = Hopt(k) \H1(k) and
H2(k) ⊆ S(k) \W (k), and Ineq. (36) holds due to Qoff

k′ >
Qk′,0,0 if task uk′(t) is offloaded to the cloudlet by Algo-
rithm 3. The lemma then follows. �

Theorem 5: Given a DT-assisted MEC network G = (N , E),
assuming that each AP has abundant bandwidth to enable all
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devices under its coverage to upload their update data simul-
taneously. For a given finite time horizon T, assume that user
tasks arrive one by one without the knowledge of future arrivals
over the time horizon. There is an online algorithm, Algo-
rithm 3 with a competitive ratio of O(log |N |) for the special
dynamic utility maximization problem, which takes O(|N |2)
time to process each task when α = 2 · |N | ·Qoff

max + 2 and
Qoff

max = max{fi(Φi(|T| − 1)) + ω | vi ∈ V }.
Proof: We analyze the competitive ratio ofAlgorithm 3 as

follows. Assume that requestuk(t) is currently being considered
one, we have

|N | · (Qopt(k)−Q(k)) ≤ |N | ·
∑

uk′ (t)∈M(k)

Qoff
k′ , by Lemma 4

=
∑

uk′ (t)∈M(k)

|N | ·Qoff
k′ <

∑
uk′ (t)∈M(k′)

γl(k
′), by Lemma 3

=
∑

uk′ (t)∈M(k)

ρl(k
′)

C ′l
≤
∑
l∈N

∑
uk′ (t)∈M(k)

ρl(k)

C ′l
(37)

=
∑
l∈N

ρl(k)
∑

uk′ (t)∈M(k)

1

C ′l
≤
∑
l∈N

ρl(k)

≤ 2 · log2 α · |N | ·
∑

uk′ (t)∈S(k)

(ck′(t) ·Qoff
k′ ), by Lemma 2,

(38)

where Ineq. (37) holds, since the computing resource usage does
not decrease, and Ineq. (38) holds due to the assumption that the
residual computing resource on each cloudlet is no less than 1.
Then, we have

Qopt(k) ≤ Q(k) + 2 · log2 α
∑

uk′ (t)∈S(k)

(ck′(t) ·Qoff
k′

≤ Q(k) + 2 · log2 α · cmax

∑
uk′ (t)∈S(k)

Qoff
k′ (39)

We then have

Qopt(k)

Q(k)
≤ Q(k) + 2 · log2 α · cmax

∑
uk′ (t)∈S(k) Q

off
k′

Q(k)

≤ Q(k) + 2 · log2 α · cmax ·Q(k)

Q(k)

= 1 + 2 · log2 α · cmax = O(log |N |), (40)

where α = 2 · |N | ·Qoff
max + 2.

It can be seen that the time complexity of Algorithm 3
is dominated by the time complexity of calculating Qoff

k for
each task uk(t), which needs finding a shortest routing path in
G between a cloudlet in Ck(t) and the cloudlet hosting DTrk(t)

that takes O(|N |2) time. The theorem then follows. �

VI. PERFORMANCE EVALUATION

In this section, we evaluated the performance of the proposed
algorithms for the two investigated problems. Also, we studied
the impacts of the major parameters on the performance of the
proposed algorithms.

A. Experimental Settings

We considered an MEC network that consists of 20 APs
with a co-located cloudlet for each AP, and the topology of
the network is generated by NetworkX [36]. The comput-
ing capacities on cloudlets are randomly chosen in the range
of [1, 000, 1, 500] MHz [25]. The transmission delay of per
MB data on each link is randomly drawn in the range of
[0.02,0.05] ms [25]. The bandwidth capacity on each AP is
uniformly distributed in the range of [20,40] MHz [2], and
the number of subchannels on an AP ranges from 3 to 6, by
adopting the OFDMA scheme. There are 100 user devices, and
the task size of a task of each user device is randomly drawn in
the range of [1, 5] MB, and the amount of computing resource
required by each user task is randomly drawn from the range
of [200, 400] MHz [2]. The service delay threshold of each task
is randomly chosen in the range of [3, 10] ms, and the value of
βk ranges from 1 to 3 [2]. The signal-to-noise ratio PXk·Hk,j

σ2

between a user device and an AP is randomly drawn in the range
of [10, 30] dB [25]. The processing rate of a device is uniformly
distributed in the range of [0.5, 2]MB per ms [2]. The accuracy of
a service model installed in a device for local processing is within
the range of [0.1, 0.6]. There are 50 objects and the volume of
data generated by each object at each time slot is within the
range of [1, 5] MB [13]. A submodular non-decreasing function
f(x) = log2(

x
40 + 1) in (2) will be adopted for our purpose [37],

[38], [39]. The processing rates of service models provided by
DTs are uniformly distributed in the range of [1, 3] MB per
millisecond [2]. The value of ω in (11) is set at 0.5, and the
values of α and θ are set at 2 · |N | ·Qoff

max + 2. The values of
σ1, σ2, and σ3 are set to 0.4, 3, and 0.3, respectively. Assume
that T consists of 50 time slots and the duration of each task
occupying computing resource in cloudlet is randomly chosen
in the range of [1, 3] time slots.

To evaluate Algorithms 1, a baseline algorithm Base
makes its task offloading decision for each user task randomly.
Also, a greedy algorithm Greedy always admits the user task
with the maximum utility among the tasks to be considered, and
each task is either executed locally or offloaded to a cloudlet that
hosts its requested DT in each iteration.

To evaluate Algorithm 2, the algorithm BaseOn is used
to choose objects randomly to update their DTs and to make the
task-offloading decision for each user task randomly.

To evaluate Algorithm 3, an online version of Base,
refereed to as BaseSp, is adopted, which applies Base at each
time slot.

The value in each figure is the average of the results of 50
network instances with the same size. The running time of
each algorithm is based on a desktop equipped with an Intel(R)
Xeon(R) Platinum 8280 2.70 GHz CPU, with 10 GB RAM. The
parameters are adopted in the default settings unless otherwise
specified.

B. Performance of Different Algorithms for the Utility
Maximization Problem

We first evaluated the mentioned algorithms for the utility
maximization problem, by varying the number of user task
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Fig. 2. Performance of different algorithms for the utility maximization problem, by varying the number |U | of user tasks.

Fig. 3. Performance of different algorithms for the utility maximization problem by varying the network size |N |.

execution requests. Fig. 2(a) and (b) display the total utilities
and running times of different algorithms, demonstrating that
the utility delivered by Algorithm 1 is close to the optimal
one by the ILP within a moderate running time. It can be seen
from Fig. 2(b) that with the increase in the number of tasks, the
running time of the ILP grows rapidly, which indicates that it
is not scalable when the problem size is large. Fig. 2(c) and (d)
depict the resource capacity violation ratios of cloudlets and
APs, respectively.

We also investigated the impact of network size |N | on the
performance of Algorithm 1, Greedy, and Base while
fixing the number of task requests at 300. Fig. 3 shows the
performance results. It can be seen from Fig. 3(a) that Al-
gorithm 1 outperforms Greedy and Base by at least 5%
and 16%, respectively. Fig. 3(c) and (d) depict that the median
resource usages of cloudlets and APs decrease, with the increase
on network size. This is because a larger network contains more
cloudlets and APs, implying that the network is equipped with
more computing and bandwidth resources for services.

C. Performance of Different Algorithms for the Dynamic
Utility Maximization Problem

We then investigated the performance of Algorithm 2
against BaseOn, and Algorithm 3 against BaseSp by vary-
ing the number of task requests per time slot. Figs. 4 and 5 depict
the total utilities and running times of different algorithms for
the (special) dynamic utility maximization problem. Fig. 4(a)
shows that Algorithm 2 outperforms BaseOn by at least 8%,
which demonstrates that Algorithm 2 schedules DT updates
and task offloading more intelligently compared to BaseOn

Fig. 4. Performance of different algorithms for the dynamic utility maximiza-
tion problem, by varying the number of incoming tasks per time slot.

Fig. 5. Performance of algorithms for the special dynamic utility maximiza-
tion problem, by varying the number of incoming tasks per time slot.

under the limited bandwidth constraint. Fig. 5(a) shows that
Algorithm 3 outperforms BaseSp by at least 12%, which
demonstrates the effectiveness of the task offloading control
policy.
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Fig. 6. Performance of different algorithms for the dynamic utility maximiza-
tion problem by varying the network size |N |.

Fig. 7. Performance of algorithms for the special dynamic utility maximiza-
tion problem by varying the network size |N |.

We evaluated the impacts of parameters on the performance
of the proposed algorithms for the dynamic utility maximization
problem with the bandwidth constraints on APs including |N |,
ω, σ1, and σ3, where ω is a scaling factor that strives for a fine
balance between the service accuracy and the service delay, σ1

reflects the maximum amount of resources on each AP for DT
updates, and σ3 reflects the maximum number of objects that
can update their DTs. The number of incoming tasks is fixed at
100 per time slot in the rest of experiments.

Figs. 6 and 7 plot the total utility and running time curves
of Algorithm 2, BaseOn, Algorithm 3, and BaseSp for
the problem by varying the network size |N | with and without
bandwidth constraints. It can be seen from Fig. 6(a) that Algo-
rithm 2 outperforms BaseOn by at least 42% for the given
network size. This demonstrates the effectiveness of scheduling
DT updates and task offloading by Algorithm 2 under the
bandwidth constraints. It can also be seen from Fig. 7(a) that
the total utility by Algorithm 3 increases with the growth on
the network size, because a larger network has more comput-
ing resource for more task executions. Without the bandwidth
constraints on APs, all objects can upload their updates to their
DT service models at each time slot, and their service models
are very likely to be retrained to obtain more accurate services,
compared with those obtained by local processing only.

Fig. 8 plots the total utility curves by different algorithms
through varying the value of ω. It can be seen from Fig. 8(a)
and (b) that Algorithm 2 outperforms BaseOn by at least
30%, and Algorithm 3 outperforms BaseSp by at least 44%
for a given ω, respectively. It is observed that the total utility
by each comparison algorithm increases, with the growth of the

Fig. 8. The impact of ω on the performance of proposed algorithms.

Fig. 9. Impacts of σ1 and σ3 on the performance of Algorithm 2 for the
dynamic utility maximization problem.

value ofω. This indicates that the service delay is more important
than the service accuracy in terms of the utility to express user
satisfaction with a service for given setting.

Fig. 9(a) and (b) illustrate impacts of σ1 and σ3 on the
performance ofAlgorithm 2, respectively. It can be seen from
Fig. 9(a) that for each given network size, the total utility by
Algorithm 2 increases when the value of σ1 increases from
0.1 to 0.7, while the total utility when σ1 = 0.7 is close to the
one when σ1 = 0.9. This is because a larger σ1 means that more
subchannels are reserved for DT updates. With the increase on
the value of σ1, more objects can update their DTs and then
improve the accuracy of their service models through model
retraining, resulting in a larger total utility. Since the number of
objects that can update their DTs at each time slot is determined
by σ3, the total utility will not increase indefinitely. When the
network size is set at 60, Fig. 9(b) indicates that the total utility
by Algorithm 2 increases first when the value of σ3 increases
from 0.1 to 0.7, and then decreases when the value ofσ3 increases
from 0.7 to 0.9. The rationale behind this is that a larger σ3

means that more objects can update their DTs, leading to a
higher accuracy of their service models. However, when more
and more objects upload their update data to their DTs, less
numbers of task requests can be offloaded to cloudlets hosting
their requested DTs for executions, due to limited bandwidth on
each AP. This results in the reduction of the total utility when
σ3 = 0.9.

VII. CONCLUSION

In this paper, we studied QoE-aware task execution on infer-
ence service models in a DT-assisted MEC network, through
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either offloading tasks to cloudlets in the MEC network or
processing the tasks locally. A novel utility metric to measure
the QoE of user satisfaction on services is proposed, which
jointly considers service delay and service accuracy of each task
execution. Specifically, We formulated two novel QoE-aware
utility maximization problems: the (static) utility maximization
problem, and the dynamic utility maximization problem, re-
spectively. For the former, we formulated an ILP solution when
the problem size is small; otherwise we devised a randomized
algorithm with high probability. For the latter, we devised an
online algorithm with a provable competitive ratio for a special
case of the problem if bandwidth constraints on APs are ignored,
otherwise, we proposed a generic online algorithm without
performance-guarantees. Finally, we evaluated the performance
of the proposed algorithms through simulations. The simulation
results demonstrate that the proposed algorithms are promising.
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