
Edge-Assisted Short Video Sharing With
Guaranteed Quality-of-Experience

Fahao Chen , Peng Li , Senior Member, IEEE,

Deze Zeng ,Member, IEEE, and Song Guo , Fellow, IEEE

Abstract—As a rising star of social apps, short video apps, e.g., TikTok, have attracted a large number of mobile users by providing

fresh and short video contents that highly match their watching preferences. Meanwhile, the booming growth of short video apps

imposes new technical challenges on the existing computation and communication infrastructure. Traditional solutions maintain all

videos on the cloud and stream them to users via contend delivery networks or the Internet. However, they incur huge network traffic

and long delay that seriously affects users’ watching experiences. In this article, we propose an edge-assisted short video sharing

framework to address these challenges by caching some highly preferred videos at edge servers that can be accessed by users via

high-speed network connections. Since edge servers have limited computation and storage resources, we design an online algorithm

with provable approximation ratio to decide which videos should be cached at edge servers, without the knowledge of future network

quality and watching preferences changes. Furthermore, we improve the performance by jointly considering video fetching and user-

edge association. Extensive simulations are conducted to evaluate the proposed algorithms under various system settings, and the

results show that our proposals outperform existing schemes.

Index Terms—Short video, edge computing, online algorithm design, mobile networks

Ç

1 INTRODUCTION

SHORT video apps, e.g., TikTok [1], Bermi [2] and Kwai [3],
have gained great popularity in recent years. These apps

allow users to create and publish short videos of 15-60 sec-
onds. Meanwhile, users can watch videos created by others
via these apps. It has been reported [4] that TikTok has
more than 500 million active users worldwide and it is the
most downloaded app on the Apple App Store in 2019,
beating popular apps, e.g., Youtube, Instagram and Face-
book. More than 1 million videos are viewed every day via
these short video apps.

Short video apps are different from traditional video shar-
ing platforms, e.g., Youtube, due to several unique features.
The first one is the access pattern. In traditional platforms,
video length is usually from several minutes to hours, and
users can freely select preferred videos to watch on their
mobile devices or desktops. In contrast, short video apps pro-
vide videos of 15-50 seconds and push them to users by the
recommendation algorithm that exploits users’ preferences
from historical watching records. When the current playing
video finishes, the apps automatically start to play the next
one. If users dislike the current playing video, they can
quickly switch to the next one by flicking the smartphone

screen. Second, the video length also affects the system
design. Short videos are usually less than 1minutes and users
could watch a large number of videos in 1 hour, which sug-
gests that video popularity changes quickly. Some recent
trance analysis shows that the number of accesses of some
videos decreases by 10 times within 1 hour [5]. Third, the
numbers of videos served by two systems are different, which
also leads to different design policies. If we optimize the
placement of short videos by following the ideas of long video
systems [6], [7], [8], [9], [10], [11], i.e., making caching deci-
sions for each video, there would be a large number of varia-
bles and the search space of the formulated problemwould be
huge. It makes the problem solving intractable. Finally, short
video apps mainly reside on mobile devices, e.g., smart-
phones and tablets, whose network connection is unstable.
Therefore, the effect of user mobility should be considered in
the video sharing systemdesign.

Traditionally, video contents are maintained at cloud
data centers [12], [13] and they are delivered to users via
content delivery networks (CDNs) [14], [15] or the Internet
[16]. Since cloud data centers are usually far from mobile
users, the traditional architecture may incur high latency in
video replaying, which severely affects user experiences.
Especially, users of short video apps are sensitive to latency
because video lengths are small and users may frequently
switch to new ones if the current playing one is not pre-
ferred. In addition, traditional CDNs and caching policies
cannot efficiently handle short video sharing due to its
quickly changed video popularity and user mobility.

In this paper, we propose an edge-assisted short video
sharing framework to improve users’ quality-of-experience
(QoE). As illustrated in Fig. 1, some modest-size edge servers
are deployed close to mobile users, and they fetch video con-
tents from the cloud according to users’ watching preferences.
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The videos downloaded from cloud data centers are rawdata,
and they are then encoded and compressed into several ver-
sions with different bitrates by edge servers. These versions
are stored at local storage of edge servers and then pushed to
mobile users within the service range. Mobile users can enjoy
video versions whose bitrates match their current network
speeds.

Although edge-assisted short video sharing is promising,
we are facing several critical challenges unsolved by existing
work [17], [18], [19], [20]. First, existing work cannot fully
exploit user preferences in content caching at edge servers.
Since each edge server has limited storage and computational
capability, we need to decide which videos should be cached
and encoded. There are many research efforts on content
caching at edge servers, e.g., [21], but they mainly focus on
caching hot contents requested by most of the users. How-
ever, in short video services, users have different preferences
on videos, according to their hobbies, cultures, educational
backgrounds, lifestyles and so on. Even though a video have
been seldom watched, it should be cached if it is highly pre-
ferred by users. Second, the short-video sharing system is
highly dynamic because of user mobility and watching pref-
erence changes. Users enjoy short videos on mobile devices,
e.g., smartphones or tablets, and their quality of network con-
nection to edge servers changes as they move around. Mean-
while, users’ watching preferences change quickly in short
video apps. Therefore, each edge server needs to adjust its
cached contents according to the latest watching preferences
of users within its service range.

In this paper, we address the above challenges by pro-
posing online algorithms with the objective of maximizing
the utility that is defined as the total preferences of videos
watched by users minus the video type replacing cost across
time slots. We first design a video fetching algorithm for
edge servers by supposing that the set of mobile users con-
nected to each edge server is given. The basic idea of our
algorithm is to solve a well-designed optimization problem
that considers potential future video replacing in each time
slot. The competitive ratio of the proposed algorithm is
derived. After that, we show that the decision of which user
should connect to which edge server, referred to as user-
edge association, can affect the video fetching policy and
can further improve the performance. Therefore, we design
an online algorithm by jointly optimizing video fetching

and user-edge association. The main contributions of this
paper are summarized as follows.

� We propose an edge-assist short video sharing frame-
work by exploiting the computation and communica-
tion resources at edge servers. To maximize the total
utility, we design an online algorithm to decide how
much of each type of videos should be fetched by edge
servers. The performance of this algorithm is theoreti-
cally guaranteed by a provable competitive ratio.

� We show that user-edge association can affect video
fetching decisions. To further improve the perfor-
mance, we design a fast online algorithm that jointly
considers video fetching and user-edge association.

� We conduct extensive simulations to evaluate our
proposed algorithms under various system settings,
and results show that they significantly outperform
existing work.

The rest of this paper is organized as follows. Some
recent related work is reviewed in Section 2. We present our
system model in Section 3. The online algorithm design for
video fetching is presented in Section 4. An extension of
jointly optimizing video fetching and user-edge association
is presented in Section 5. The performance evaluation is
given in Section 6. Section 7 concludes this paper finally.

2 RELATED WORK

Video Streaming. The video streaming get a great success in
recent years and have attracted many research attentions.
Some main research directions include video content extrac-
tion [22], [23], video quality improvement [24], video cach-
ing [25] and so on. Shao et al. [26] have extracted destination
images of the Forbidden City and the Badaling Great Wall
on Douyin platform and compare the result with textual
blogs to verify the validity of visual destination image
extraction method based on video-AI. Modern video codecs
have been evaluated in [27]. David et al. [28] have proposed
an automated recording platform that can balance the cost
of mobility and video quality. A new algorithm for queuing
has been proposed in [29] to reduce the decrease of the qual-
ity for the transfer of video streams to users. In [30], Li et al.
have proposed a window-based rate control scheme to
reduce the system latency while optimizing the quality of
videos. Ghadiyaram et al. [31] have presented a new mobile
video database called LIVE Mobile Stall Video Database-II
to assist the research on improving Quality of Experience
(QoE) prediction models. Different from these works, we
focus on not only the video content and quality but also the
network situations of users. We choose the videos according
to the users’ preferences and then choose the most suitable
bitrate version by collecting the users’ network situations.
DeepCast [32] has been proposed to improve personalized
QoE via deep reinforcement learning in crowdcast. How-
ever, they cannot provide theoretical performance guaran-
tee and do not consider the user-edge association.

Edge Computing. Edge computing emerges as a promising
paradigm for solving the latency problem of traditional cloud
computing. A number of modest-size edge servers are
deployed close to mobile users, so that they can provide
quickly response. Edge computing has been applied in many
applications, but it has been seldom studied for short video

Fig. 1. System architecture.
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sharing. A novel technical framework for deploying latency-
sensitive Internet-of-Things(IoT) applications on edge devices
has been proposed in [33]. Nikouei et al. [34] have proposed a
novel model to oversee human objects in video frames by
using a lightweight Convolutional Neural Network (L-CNN)
on edge devices. Mobile edge computing (MEC) can take the
computing resources close to themobile devices, and hence Li
et al. [35] have evaluated the heart rate detection APP inMEC
environment and demonstrated the best performance can be
achieved. Sridhar et al. [36] have identified the voice-drive
interaction pipelines based on weak-edge devices get a lower
response latency than cloud services.

Edge-Based Video Sharing. To reduce both backhaul traffic
and video content access latency, several works have beenpro-
posed to use video content caching in themobile edge comput-
ing (MEC) servers. Tran et al. [6] have proposed a collaborative
joint cache strategy for video ondemand applications onRadio
Access Network (RAN), where MEC servers collaboratively
cache the video contents. By considering both supporting
adaptive bitrate (ABR)-video streaming and the video popu-
larity, They have also proposed the ABR-aware proactive
cache placement to minimize the video retrieval cost on the
collaborative MEC video cache system [7]. Baccour et al. [8]
have proposed a collaborative video cache system that focuses
on the video chunks instead of the total video content to
optimize the cache resource utilization. Based on this work,
Baccour et al. [9] have combined device-to-device (D2D) con-
nections to provide data offloading in users’ devices, which
further optimize the use of cellular and backhaul bandwidth.
Xe et al. [10] have combined video caching andABR streaming
technology together and formulated the caching problemwith
the Stackelberg game to deal with the caching resources alloca-
tion, further enhancing the video service. Zhang et al. [11] have
considered both the cache placement problem and the user-BS
association problem. They propose a linearization and round-
ing algorithm to support multiple bitrates video streaming
and utilize both storage and computing resources inMEC effi-
ciently. To ensure the video segments that the user requires
could be cached in time, Huang et al. [37] have refined the
MEC cache based on video popularity, content importance,
and user playback status. Moreover, Liang et al. [38] have pro-
posed a joint optimizationmechanism of both bandwidth con-
figuration and adaptive video streaming with software-
defined (SDN) wireless networks to reduce service delay and
improve quality of experience (QoE). In addition, Huang et al.
[39] have considered caching policy, power allocation, user-BS
association, and adaptive video streaming and proposed a
joint caching scheme to improve both the system spectrum
efficiency and QoE, however, a greater burden on backhaul
traffic is also caused.

However, although edge-based video sharing has been
extensively studied by the above works, their techniques and
algorithms cannot be directly applied to solve the short video
sharing for several reasons. First, due to the unique access pat-
tern, we can not formulate the short video caching problem
based on video requests like long video systems do [6], [7],
[8], [9], [10], [11]. Second, the assumption that each user only
requires videos from the nearest server in on-demand video
systems [6], [7], [8], [9] is not suitable for short video caching
system. Third, in traditional video caching system, they focus
on minimizing the system cost based on the Least Recent

Used (LRU) or video popularity. But short video systems aim
to push videos to users to maximize the users’ preferences.
Furthermore, traditional video systems make caching deci-
sion for each video [6], [7], [8], [9], [10], [11], [37], [38], how-
ever, it is time-costly to follow a similar idea in the systems
that include massive amount of short videos. Finally, existing
works lack sufficient theoretical analysis to demonstrate the
effectiveness of these proposed algorithms.

3 SYSTEM MODEL

We consider a short video sharing system consisting of a
cloud, a setE of edge servers, and a setU ofmobile users. The
storage capacity of the edge server e 2 E is Se. The cloud
maintains a number of videos that can be classified into jV j
types, where V denotes the type set. Since the quantity of
short video is huge, we make video recommendation based
on types (e.g., games, cooking, and dances), instead of indi-
vidual ones, to reduce complexity. Due to the bandwidth limi-
tation of existing Internet infrastructure, mobile users cannot
always enjoy high-speed network connection with the cloud,
which incurs video playing lagging or choppy. In order to
improve the quality-of-experience of video watching, we let
edge servers fetch some videos from cloud and cache them at
local storage, so that mobile users can enjoy smooth and high-
quality video playing via the high-speed network connection
to edge servers. As shown in Fig. 1, when an edge server
decides to cache some videos, it downloads raw video data
and encodes them into several versions with different bitrates
R ¼ fr0; r1; r2; . . . r�g. The videos belonging to the same type
have similar sizes and the average size of type-v videos with
bitrate r is denoted by srv. We have srv > sr

0
v if r > r0. For a

type-v video, its computational cost of encoding and commu-
nication cost of downloading is bv.

We consider a discrete-timemodel that divides continuous
time intomultiple time slots of length t. Note that the length t

is a given system parameter that depends on the estimation
accuracy of network bandwidths and watching preferences.
We letBe

uðtÞ denote the network bandwidth between the user
u 2 U and the edge server e 2 E in time slot t. We assume
that mobile users maintain stable network bandwidth Be

uðtÞ
within each time slot, but it may change across time slots due
to user mobility. The user u’s preference on the type-v videos
with bitrate r 2 R in time slot t is denoted by vr

uvðtÞ. Note that
watching preferences may also change across time slots. Usu-
ally, we have vr

uvðtÞ > vr0
uvðtÞ if r > r0. The value of vr

uvðtÞ is
computed by the given recommendation algorithm according
to user’s watching history, hobby and so on. We omit the
details of the watching recommendation algorithm design
because it is orthogonal with our video sharing problem stud-
ied in this paper. For clarity, we summarize the main nota-
tions used in this paper in Table 1.

4 VIDEO FETCHING ALGORITHM DESIGN

In this section, we first present the problem description of
short video fetching. Then, we give the online algorithm
design as well as its theoretical performance analysis.

4.1 Problem Description

In order to improve QoE of users, an intuitive idea is to let
edge servers fetch and cache videos that are highly
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preferred by users. Due to user mobility and changes of
watching preferences, we need to replace some cached vid-
eos with the ones of higher preferences in each time slot.
Unfortunately, video replacement incurs the communica-
tion cost of downloading videos from cloud, as well as the
computational cost of encoding them into different versions.
Therefore, in this section, we design an algorithm to decide
how many videos of each type v 2 V should be cached in
each time slot, so that we can make a good tradeoff between
the total watching preferences and the replacement cost.

In this section, we focus on algorithm design for the sce-
nario that the set of users associated with each edge server is
already given. This scenario is common because we can sim-
plify the system design by decoupling the modules of video
fetching and user-edge association. For example, we can use
the algorithm designed in this section for video fetching, and
conduct user-edge association by letting each user connect to
the edge server with the fastest connection. Such a kind of
user-edge association has beenwidely adopted due to its sim-
plicity. In the next section, we will show that it is not always

the best solution and study the joint optimization of video
caching and user-edge association.

We define a variable xvðtÞ to denote the number of type-v
videos fetched in time slot t. We let XðtÞ ¼ fx0ðtÞ; x1ðtÞ;
. . . ; xv�1ðtÞg. Given a solution of XðtÞ, the edge server
always sends users videos whose bitrates match their cur-
rent bandwidths. In addition, the types with higher watch-
ing preferences are sent with higher priorities. We model
the system benefit as a non-decreasing convex function fð�Þ,
and we assume it is continuously differentiable. Hence, our
target problem can be formulated as:

max
X
v;t

fðXðtÞÞ � bv½xvðtÞ � xvðt� 1Þ�þ
X
v;r

srvxvðtÞ � Se; 8t 2 T ;
(1)

xvðtÞ � 0; 8v 2 V; t 2 T: (2)

The objective function denote the total utility across all
time slots, which contains two parts: the benefit of watched
videos and replacement cost. Note that ½x�þ ¼ maxfx; 0g.
The total size of cached videos cannot exceed the storage
capacity of edge servers, as shown in (1). The number of
fetched videos cannot be negative, which is shown in (2).

4.2 Algorithm Design

Solving the above linear programming problem needs the
information of watching preferences of users and their net-
work bandwidths over all time slots. Unfortunately, it
would be difficult to have these information in practice
because of uncertainty of user mobility and changes of
watching preferences. Therefore, we design an online algo-
rithm that can decide which videos should be fetched in
each time slot based on observed information.

Before presenting the details of online algorithm design,
we simplify the above formulation as follows.

max
X
v;t

fðXðtÞÞ � bvzvðtÞ

zvðtÞ � xvðtÞ � xvðt� 1Þ; 8v 2 V; t 2 T ;

(3)

zvðtÞ � 0; 8v 2 V; t 2 T ; and ð1Þ: (4)

Based on this simplified formulation, we design our
online algorithm VF whose pseudo codes are shown in
Algorithm 1. In each time slot, instead of solving the origi-
nal problem, we solve a problem with a revised objective
function that considers potential future video replacement
cost. Specifically, we first initialize the adjusted system
parameters � and h, as well as the caching amount for
v�type videos xv at time slot 0. Then in each time slot t >
0, we obtain the edge servers’ storage capacity Se and the
computation cost for encoding a v�type video, which is
shown in line 1. Next, we solve the objective function (5),
which includes the total preferences and the regularized
switching costs. We regularize the switching costs by using
the relative entropy plus a linear term parameterized by �.
The solution in each time slot is determined greedily and

TABLE 1
Notations

E The set of edge servers.

V The set of video types.
U The set of mobile users.

T The set of time slots.

R The set of video bitrates.

srv The size of video vwith bitrate r.

Se The storage capacity of edge server e 2 E.

Be
uðtÞ The network bandwidth between user u 2 U and

edge server e 2 E in time slot t.

vr
uvðtÞ The preference of user u for video vwith bitrate r

in time slot t.

t The length of each time slot

Ue The set of users associated with edge server e 2 E.

xvðtÞ A variable representing the number of type-v
videos fetched in time slot t.

bv The computation cost of encoding and
communication cost of downloading for a type-v
video.

� The algorithm parameter.

h The algorithm parameter based on � and jV j.
b minvbv

vmin minu;v;r;tv
r
uvðtÞ

�t
v;m

t; utv The Lagrangian multipliers.

xe
vðtÞ A variable indicating the number of type-v videos

are cached by edge server e 2 E in time slot t.

yreuvðtÞ A variable indicating the number of type-v videos
are pushed to user u 2 U with bitrate r 2 R from
edge server e 2 E in time slot t.

fe
uðtÞ A variable representing whether the user u 2 U is

associated with the edge server e 2 E in time slot t.

De The maximum number of users associated with
edge server e 2 E

D The number of computing rounds in the VF-UEA
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independently of time slots prior to t� 1. Since (5) is a con-
tinuous convex function and (1) bounds the solution in a
convex set, the problem in each time slot can be solved in
polynomial time by standard convex optimization techni-
ques, such as interior-point methods. Finally, we obtain the
solution ~xvðtÞ in the current time slot t in the line 1 and
move to the next time slot optimizations.

Algorithm 1. Video Fetching With Given User-Edge
Association (VF)

Require: � > 0 and h ¼ lnð1þ jV j=�Þ
Ensure: ~xvðtÞ
1: Initialize xvð0Þ ¼ 0; 8v 2 V ;
2: for each time slot t do
3: obtain Se and bv; 8v 2 V ;
4: Solve the following optimization problem:

maxfðXðtÞÞ � 1

h

X
v

bv

��
xvðtÞ þ �

jV j
�
�

ln

�
xvðtÞ þ �=jV j

~xvðt� 1Þ þ �=jV j
�
� xvðtÞ

�
subject to: constraint ð1Þ;

(5)

Extract the values of xvðtÞ from the solutions and denote
it by ~xvðtÞ;

5: end for

For online algorithm designs, a commonly used theoreti-
cal performance metric is competitive ratio, which describes
how close the proposed online algorithms approximate the
optimal solution with full information over all time slots.
The formal definition is as follows.

Definition 1. An online algorithm with solution ALG is r-com-
petitive if r � ALG

OPT , where OPT is the optimal solution given
all information across time slots.

With the above definition, we have the following theo-
rem for VF.

Theorem 1. VF is
�
1� b�C

vmin�C
�
-competitive, where

C ¼
P

v;t
ð~xvðtÞþ�=jV jÞbv ~xvðtÞh ln

�
~xvðtÞþ�=jV j

~xvðt�1Þþ�=jV j

�
jV jjT j , vmin ¼ minu;v;r;tv

r
uvðtÞ,

and b ¼ minv;tbv.

Proof. To prove this theorem, we first write the Lagrangian
function of the original formulation as follows.

Lð�t
v;m

t; utv; xvðtÞ; zvðtÞÞ
¼
X
v;t

½fðXðtÞÞ � bvzvðtÞ�

þ
X
v;t

�t
vðzvðtÞ � xvðtÞ þ xvðt� 1ÞÞ

þ
X
t

mtðSe �
X
v;r

srvxvðtÞÞ þ
X
v;t

utvz
t
v

¼
X
v;t;r

½fðXðtÞÞ þ ð��t
v þ �tþ1

v � mtsrvÞxvðtÞ�

þ
X
v;t

ð�t
v � bv þ utvÞzvðtÞ þ

X
t

Sem
t:

Therefore, the dual function can be written as

Dð�t
v;m

t; utvÞ ¼ max
xvðtÞ;zvðtÞ

Lð�t
v;m

t; xvðtÞ; zvðtÞÞ

¼ max
xvðtÞ

X
v;t;r

½fðXðtÞÞ þ ð��t
v þ �tþ1

v � mtsrvÞxvðtÞ�

þmax
zvðtÞ

X
v;t

ð�t
v � bv þ utvÞzvðtÞ þ

X
t

Sem
t:

From weak duality, we can easily get:

Dp ¼ max
xvðtÞ;zvðtÞ

Lð�t
v;m

t; utv; xvðtÞ; zvðtÞÞ � Op;

where Op is the unconstrained form of the original prob-
lem whileDp is its duality form. Thus we can get:

ALG

Op
� ALG

Dp

Since (5) is convex, by given ~mt in VF, we have the fol-
lowing equations according to the KKT conditions:

ðfð~XðtÞÞÞ0�bv

h
ln

�
~xvðtÞ þ �=jV j

~xvðt� 1Þ þ �=jV j
�
� ~mtsrv ¼ 0;

8u 2 U; 8v 2 V;8r 2 R; 8t 2 T;

(6)

~mt Se �
X
v;r

srv~xvðtÞ
 !

¼ 0; 8t 2 T: (7)

By setting �t
v ¼ bv

h
ln
� 1þ�=jV j
~xvðt�1Þþ�=jV j

	
, mt ¼ ~mt, and utv ¼ 0,

we can have bv > �t
v. Hence the dual function can be

written as follows:

Dð�t
v;m

t; utvÞ

¼ max
xvðtÞ

X
v;t;r

�
fðXðtÞÞ �

�
bv

h
ln

�
~xvðtÞ þ �=jV j

~xvðt� 1Þ þ �=jV j
�

þ ~mtsrv

�
xvðtÞ

�
þ
X
t

~mtSe þmax
zvðtÞ

X
v;t

��
� bv

þ bv

h
ln

�
1þ �=jV j

~xvðt� 1Þ þ �=jV j
��

zvðtÞ
�

¼
X
v;t;r

�
fð~XðtÞÞ�bv

h
ln

�
~xvðtÞþ�=jV j

~xvðt� 1Þ þ �=jV j
�
~xvðtÞ

�
:

Due to the weak duality, the competitive ratio can be
derived as follows.
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ALG

OPT
� ALG

Dp

¼
P

v;t;r½fð~XðtÞÞ � bv~zvðtÞ�P
v;t;r

�
fð~XðtÞÞ � bv

h
ln

�
~xvðtÞþ�=jV j

~xvðt�1Þþ�=jV j

�
~xvðtÞ

�

� 1�
P

v;t

�
bv~zvðtÞ � bv

h
ln

�
~xvðtÞþ�=jV j

~xvðt�1Þþ�=jV j

�
~xvðtÞ

�
P

v;t

�
fð~XðtÞÞ � bv

h
ln

�
~xvðtÞþ�=V

~xvðt�1Þþ�=V

�
~xvðtÞ

�

� 1�
P

v;t

�
bv~xvðtÞ � bv

h
ln

�
~xvðtÞþ�=jV j

~xvðt�1Þþ�=jV j

�
~xvðtÞ

�
P

v;t

�
vr
uvðtÞmin~xvðtÞ � bv

h
ln

�
~xvðtÞþ�=jV j

~xvðt�1Þþ�=jV j

�
~xvðtÞ

�

� 1� b� C

vmin � C

where

C ¼
P

v;tð~xvðtÞ þ �=jV jÞ bv ~xvðtÞ
h

ln

�
~xvðtÞþ�=jV j

~xvðt�1Þþ�=jV j

�
jV jjT j : (8)

Note that vmin ¼ minu;v;r;tv
r
uvðtÞ, which indicates the low-

est preference of fetched videos across all time slots, and
b ¼ maxvbv, which denotes biggest cost of fetched
videos. Finally, we conclude that our VF algorithm is�
1� b�C

vmin�C

�
-competitive. tu

5 JOINT OPTIMIZATION OF VIDEO FETCHING AND

EDGE-USER ASSOCIATION

In practice, each mobile user can connect to multiple edge
servers with different network bandwidths. In an intuitive
design, each mobile user always chooses the edge server
with the fastest network connection, which unfortunately is
not the optimal solution considering the storage limitation
and switching cost of edge servers. In this section, we study
the joint optimization of video fetching and user-edge asso-
ciation to further increase the performance of short video
sharing. In order to have a better understanding of the moti-
vation, we use an example shown in Fig. 2 to explain the
benefits of such a kind of joint optimization. In this example,
we consider three users fu1; u2; u3g, three types of videos
fv1; v2; v3g and two edge servers fe1; e2g. each type of videos
is encoded into a single version by edge servers. The users’
watching preferences to all types of videos are shown in the
table. User u2 can connect to both edge servers, but its con-
nection with server e1 is faster than that with e2. For simplic-
ity, we consider only one time slot and study to maximize
the total preferences of watched videos. By default, user u2
always connects to the server e1 due to its faster connection.
In the optimal fetching solution, both edge servers fetch
video types fv1; v2g as shown in Fig. 2a and the total prefer-
ence is 3.2. We find that user u2 has higher preference on v3
cached on e2. If we let u2 connect to e2, the optimal caching
solution for e2 will be changed to fv1; v3g, as shown in
Fig. 2b, which leads to an increased total preference of 3.4.

To formulate the joint optimization problem, we define a
new variable fe

uðtÞ for user-edge association as follows:

fe
uðtÞ ¼

1; if user u 2 U is associated with edge server
e 2 E at time slot t 2 T ;

0; otherwise.

8<
:

In addition, we define a variable yreuvðtÞ to denote the num-
ber of type-v videos pushed to user u 2 U with r 2 R bitrate
in time slot t 2 T . Here we consider a specific benefit of total
preferences of cachedvideos and the problemof joint optimiz-
ing video fetching and user-edge association can be formu-
lated as follows.

max
X

u;v;r;e;t

vr
uvðtÞyreuvðtÞ�

X
v;e;t

bv½xe
vðtÞ�xe

vðt� 1Þ�þ

yreuvðtÞ � xe
vðtÞ; 8u 2 U; v 2 V; r 2 R; e 2 E; t 2 T ;

(9)

X
v;r

srvy
re
uvðtÞfe

uðtÞ � Be
uðtÞt; 8u 2 U; e 2 E; t 2 T ; (10)

yreuvðtÞ � 0; 8u 2 U; v 2 V; r 2 R; e 2 E; t 2 T ; (11)

X
v;r

srvx
e
vðtÞ � Se; 8e 2 E; t 2 T ; (12)

xe
vðtÞ � 0; 8v 2 V; e 2 E; t 2 T ; (13)

X
e

fe
uðtÞ ¼ 1; 8u 2 U; t 2 T ; (14)

X
u

fe
uðtÞ � De; 8e 2 E; t 2 T: (15)

Here, xe
vðtÞ is similar to xvðtÞ to indicate the video caching

associated with the server e. Therefore, the constraints (12) -
(13) are the extensions of (1) - (2), respectively. In addition,
we define a new binary variable fe

uðtÞ to denote the whether
user u is associated with the edge server e in time slot t. We
have constraint (14) because each user must be associated
with only one edge server in each time slot. A user can
watch videos cached at its associated edge server, which is
represented by (10). Finally, we use (15) to constrain the

Fig. 2. An example showing the benefits of the joint optimization of video
fetching and user-edge association. We assume the size of each type of
videos as 150KB and each edge server has 400KB storage limitation.
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number of users that can be connected to each edge server,
which cannot exceed a predefined limitDe.

Algorithm 2. Joint Optimization of Video Fetching and
User-Edge Association (VF-UEA)

1: for each time slot t do
2: obtain Be

uðtÞ, vr
uvðtÞ; Se; 8u 2 U; v 2 V; r 2 R; e 2 E;

3: x̂e
vðtÞ ¼ ~xe

vðt� 1Þ; 8v 2 V; e 2 E;
4: while d � D do
5: Solve the following optimization problem:

max
X
u;v;r;e

vr
uvðtÞyreuvðtÞ

subject to: constraints ð9Þ � ð11Þ; ð14Þ � ð15Þ;

6: Extract the values of fe
uðtÞ, which is denoted by ~fe

uðtÞ ;
7: Then solve the following optimization problem:

max
X
u;v;r;e

vr
uvðtÞyreuvðtÞ �

1

h

X
v;e

bv

��
xe
vðtÞþ

�

jV j
�
�

ln

�
xe
vðtÞþ�=jV j

~xe
vðt� 1Þþ�=jV j

�
�xe

vðtÞ
� (16)

subject to: ð9Þ; ð11Þ � ð13Þ; andX
v;r

srvy
re
uvðtÞ~fe

uðtÞ � Be
uðtÞt; 8u 2 U; e 2 E; t 2 T ; (17)

8: Extract the value of xe
vðtÞ, which is denoted by ~xe

vðtÞ;
9: x̂e

vðtÞ ¼ ~xe
vðtÞ and d ¼ dþ 1;

10: end while
11: end for

The formulated joint optimization problem is harder
than the one in the previous section because we need to han-
dle not only the cross-time video fetching decisions but also
the user-edge association. We propose an algorithm to
approximate the optimal solution by iteratively solving the
sub-problems of video fetching and user-edge association
(VF-UEA). The presudo codes are shown in Algorithm 2. In
each time slot t, we obtain the parameters, such as network
bandwidth Be

uðtÞ between user u and edge server e, user
preference vr

uvðtÞ for v�type videos with r�bit version, as
shown in the line 2. Then we solve two sub-problems by d

iterations in the lines 4-10. Specifically, we first solve the
edge-user association ~fe

uðtÞ in the line 5, and then feed ~fe
uðtÞ

to the video caching problem to obtain the video fetching
solution xe

vðtÞ by solving the convex optimization problem
(16), as shown in the lines 6-7. Problem (16) attempts to
achieve a trade-off between users’ preferences and the regu-
larized switching costs. By iteratively optimizing these two
sub-problems, we can approximate the optimal solution.

6 PERFORMANCE EVALUATION

In this section, we evaluate the performance of our pro-
posed algorithms via extensive simulations. The simulation
settings are presented first, followed by results of compari-
son with existing work.

6.1 Simulation Settings

We consider a number of short videos whose sizes are ran-
domly distributed within [10MB, 100MB]. Each raw video is
encoded into 5 versions with different bitrates at edge serv-
ers, and these versions have different sizes. The watching
preferences vr

uvðtÞ of users are randomly generated within
(0,1). The value of parameter � used in our algorithms is set
to 5. The maximum number of accepted connections of each
edge server is 50, i.e., De ¼ 50. We compare our proposals
with the Receding Horizon Control(RHC) algorithm that
has been widely applied in solving online optimization
problems [40], [41], [42].

� Receding Horizon Control (RHC): RHC, which is
also called Model Predictive Control (MPC), algo-
rithm has a long history in control theory research.
Specifically, in each time slot t, RHC solves the target
optimization problem over a prediction window
½t; tþ w� based on an initial state xe

vðt� 1Þ and func-
tions (getuvr; g

etþ1
uvr . . . getþw

uvr ), which can be formally
described as

max
X
v;e

Xtþw

t

gðXðtÞÞ�
X
v;e

Xtþw

t

bv½xe
vðtÞ�xe

vðt�1Þ�þ

subject to ð12Þ:

� ABR-Aware Proactive Cache Placement (APCP): In
each time slot, we obtain the users’ preferences infor-
mation, which can be regarded as the popularity of
videos. Then we follow the ABR-Aware Proactive
Cache Placement (APCP) [7] to make fetching deci-
sion. Moreover, we also extend APCP by considering
edge-user association, which is referred to as APCP-
UEA.

6.2 Simulation Results

6.2.1 Performance Gap With the Optimal Solutions

We first evaluate the performance gap between our proposed
VFwith the optimal solutions of video fetching under various
network settings. Due to the difficulty of obtaining the opti-
mal solutions of large-scale problems, we consider relatively
small-scale problems including 10 users, 150 video types and
20 time slots.

The performance gap under different number of videos
types is shown in Fig. 3a. The storage capacity of the edge
server is randomly generated with a mean of 1024MB. We
can see that utility values increase as the growth of number
of videos. That is because when the number of videos
increases, we have more chances to choose the types that
are preferred by more users. We then change the storage
capacity of the edge server and study its effect on the perfor-
mance gap. Specifically, we set the number of videos types
as 150. We assume the storage capacity on edge servers
close to the normal distribution, and we change the mean of
the distribution to compare the utility of both solutions. As
shown in Fig. 3b, the utility value increases as the growing
of storage capacity. That is because we can download more
videos in each time slot, and decrease the video replacement
cost at the next time slot. Fig. 3c shows the performance gap
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under different network bandwidths of users. We assume
that network bandwidths of users belong to the normal dis-
tribution. We set the mean of storage capacity on edge
server as 1024MB, and the number of videos types as 150.
We can find the performance in our algorithm just has tiny
fluctuations with the increasing of the bandwidth capacity
on users. That is because if we increase the bandwidth
capacity on users, our algorithm will choose to push more
videos to users at the current time slot, therefore the edge
server will cache videos the users both like. Hence the video
replacement cost will increase with the changing of users.

The performance gaps between the VF-UEA and the cor-
responding optimal solution of joint optimization of video

fetching and user-edge association are shown in Figs. 4a, 4b,
and 4c. The results under different number of videos types
are shown in Fig. 4a. We set the storage capacity on edge
server as 1024MB. From the result, we can find that VF-
UEA also performs well and can achieve about 80percent of
optimal solutions. When the number of videos types
increases, the server can have more choices to cache videos,
leading to higher utility values. In Fig. 4b, we compare VF-
UEA with optimal solutions under different storage capac-
ity of the edge server. We set the number of videos types as
150. The reason for utility increasing with storage capacity
on edge server is similar to that of Fig. 3b. In Fig. 4c, when
the bandwidth increases, users can get more videos to get
higher preferences, but it causes edge server to cache more
videos with a higher videos replacement cost in online sce-
narios. So the growth trend of VF-UEA based on different
bandwidth capacity is not obvious. In summary, VF-UEA
can quickly converge to results that are close to the optimal
solutions.

6.2.2 Results of Large-Scale Simulations

We then consider large-scale scenarios consisting of 50
mobile devices, 3000 videos types, and 20 time slots. We
first study the convergence of VF-UEA by showing its utility
values in different iterations. We consider 5 random prob-
lem instances and show their convergence results in Fig. 5.
The utility of all instances becomes stable after 6 iterations.
We repeat the experiments on many other random problem
instances and obtain similar results, which demonstrates
that our proposed VF-UEA has small overhead in practice.

Fig. 3. The preference gap between Algorithm 1 and the optimal solution of video fetching.

Fig. 4. The preference gap between Algorithm 2 and the optimal solution of joint optimization of video fetching and user-edge association.

Fig. 5. The utility values in 15 iterations of VF-UEA.
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We then study the performance of our proposed algo-
rithms by comparing them with RHC. Specifically, we con-
sider RHC under two settings with different window sizes,
which are denoted by RHC-1 (w ¼ 1) and RHC-3 (w ¼ 3),
respectively. The utility of these algorithms under different
number of videos types is shown in Fig. 6. The number of
users is set to 30. We can see that VF and VF-UEA always
outperform other two algorithms in all settings. But the util-
ity of these algorithms does not increase significantly as the
growth of number of users. Furthermore, the performance
gap between VF and VF-UEA becomes smaller when more
videos are available.

Next, we set the number of videos types as 300 and
change the number of users from 50 to 300. The results are
shown in Fig. 7. The utility of all algorithms increases as
more users joining the system. Moreover, VF-UEA achieves
the highest utility compared with others.

The utility under different storage capacity of edge serv-
ers is shown in Fig. 8. We set the number of videos types
and users as 300 and 50. The storage capacity of edge serv-
ers is randomly generated and we change the mean value
from 5000MB to 15000MB. Our proposed algorithms outper-
form RHC-1 and RHC-3 and their utility increases as the

growing of edge storage capacity. That is because we can
cache more videos at the edge servers when their storage
becomes larger. Even though users cannot watch all videos
cached at edge servers in each time slot due to network

Fig. 6. The utility versus different number of videos.

Fig. 7. The utility versus different number of users.

Fig. 8. The utility versus different storage capacity of edge servers.

Fig. 10. The utility in different time slots.

Fig. 9. The utility versus different network bandwidths of users.
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bandwidth constraints, the video replacement cost can be
reduced, leading to higher utility. Our proposed VF-UEA
can outperform RHC-3 by 2.5 times when the mean of stor-
age capacity is 14000MB.

The effect of network bandwidth of mobile users is
shown in Fig. 9, where we set the number of users to 50,
and the number of videos types is set to 300. Similar
to the previous simulations, our proposed algorithms
show higher utility than RHC-1 and RHC-3. We can also
observe that the utility values do not have big changes
as the increasing of network bandwidth. That is because
with the bandwidth increasing, the users can watch
more videos, hence edge servers need to cache more vid-
eos at each time slot, leading to higher video replace-
ment cost.

We finally show the utility changes of all algorithms over
time slots in Fig. 10. The number of users is set to 50, and
the number of videos types is 300. We can see that all algo-
rithms show similar performance in the beginning, but their
performance gaps become bigger as the system evolves as
time. Our proposed algorithms show great improvement of
at most 3 times on RHC-1 after 50 time slots.

6.2.3 Comparison With APCP

In addition, we conduct experiments to compare our VF and
VF-UEA algorithms with APCP [7] as well as its extension
APCP-UEA. We first change the number of videos from 100
to 300 and show the comparison results in Fig. 11a. The stor-
age capacity of MEC server is set to 1024 MB. We can find
that our online algorithms outperform APCP by more than
2x. It is because that APCP cannot address the heavy
switching cost as the increasing of video number.

Then we study their performance gap under different
storage capacities. We set the number of video types to 150
and change the storage capacity from 512MB to 1440MB. As
shown in Fig. 11b, our online algorithms outperform APCP
by more than 1.5x. Since the edge server can cache more
videos, APCP can maintain a stable ratio with decreased
switching cost.

Finally, We study the influence of network bandwidth. As
shown in Fig. 11c, we can find that APCP can achieve a stable
40percent of performance of the optimal solution when the
users’ network bandwidth changes from 128MB to 1024MB. It
is because thatAPCP can improve the total preferences for per-
formance enhancement. However, it brings higher switching
cost. Our proposed algorithms outperform APCP and APCP-

UEA thanks to the joint consideration of both preferences and
switching costs.

7 CONCLUSION

In this paper, we propose an edge-assisted short video shar-
ing framework to guarantee users’ quality-of-experience
(QoE) by exploiting the features of short videos and the ben-
efits of powerful edge computing. A critical research chal-
lenge of this framework is to decide which videos should be
cached at edge servers with limited storage capacity. Our
proposed framework considers not only users’ watching
preferences to videos but also users’ network bandwidth to
make video fetching decisions. To address the challenge of
dynamic watching preferences and user mobility, we design
an online algorithm to optimize video fetching strategy
without future information. Furthermore, we improve the
performance by jointly considering video fetching and user-
edge association and design an online algorithm that can
quickly converge to the results close to the optimal solu-
tions. Extensive simulation results demonstrate that our
proposed algorithms significantly outperform existing
work.
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