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Abstract— In this paper, we advocate edge caching in cloud
radio access networks (C-RAN) to facilitate the ever-increasing
mobile multimedia services. In our framework, central offices
will cooperatively allocate cloud resources to cache popular
contents and satisfy user requests for those contents, so as to
minimize the system costs in terms of storage, VM reconfigu-
ration, content access latency, and content migration. However,
this joint resource allocation, content placement and request
routing, is nontrivial, since it needs to be continuously adjusted
to accommodate system dynamics, such as user movement and
content slashdot effect, while taking into account the time-
correlated adjustment costs for VM reconfiguration and content
migration. To this end, we build a comprehensive model to
capture the key components of edge caching in C-RAN and
formulate a joint optimization problem, aiming at minimizing
the system costs over time and meanwhile satisfying the time-
varying user requests and respecting various practical constraints
(e.g., storage and bandwidth). Then, we propose a novel online
approximation algorithm by resorting to the regularization,
rounding, and decomposition technique, which can be proved
to have a parameterized competitive ratio with a polynomial
running time. Extensive trace-driven simulations corroborate
the efficiency, flexibility, and lightweight of our proposed online
algorithm; for instance, it achieves an empirical competitive ratio
around 2 – 4 and gains over 30% improvement compared with
many state-of-the-art algorithms in various system settings.

Index Terms— C-RAN, edge caching, content placement,
request routing, resource allocation, approximation algorithm.
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I. INTRODUCTION

W ITH the proliferation of mobile devices and the pros-

perity of Over-The-Top content providers, recent years

have witnessed a dramatic increase in mobile multimedia

services. The latest Cisco VNI report predicts that mobile

multimedia traffic will grow at a CAGR of 54% between

2016 and 2021, and will account for 80% of overall mobile

data traffic in 2021 [1]. This big and growing mobile

multimedia traffic brings increasing pressure on radio access

networks and backhaul transmission networks, and becomes

the primary concern of mobile network operators, which

motivates the innovations in the operations of future cellular

networks such as pursuing novel network architectures and

advanced content delivery technologies.

Recently, Cloud Radio Access Network (C-RAN) is

proposed as a novel and promising architecture for

future cellular networks by combining RAN with cloud

computing [2]. In general, a typical C-RAN as shown in Fig. 1

consists of lightweight Radio Remote Heads (RRHs) deployed

at cell sites that provide basic signal transmission and recep-

tion functionalities, virtualized BaseBand Unit (BBU) pools

hosted in central offices (e.g., edge clouds or cloudlets)

that conduct the baseband processing, and high-bandwidth,

low-latency fronthaul links (X2+ links) connecting RRHs to

BBU pools (BBU pools to BBU pools). Intuitively, as the

BBUs from nearby cell sites are co-located in one or several

close BBU pools, they can achieve low-latency interaction

to increase spectral efficiency and facilitate signaling control.

However, the ever-increasing mobile multimedia services still

require high-capacity backhaul links for retrieving contents

from remote content servers or CDNs, which implies that

reforming network architectures solely is insufficient and has

to be accompanied by innovations in content delivery.

Edge caching in cellular networks [3], [4] is deemed as

the most effective content delivery solution to cope with the

multimedia traffic over cellular networks. Specifically, popular

contents are cached in the RAN facilities (such as routers

and base stations), and user requests for those contents can

be fulfilled by local caches in the RAN without duplicate

transmissions from content servers or CDNs over the Internet,

which not only greatly eliminates redundant traffic but also

efficiently improves user QoS (e.g., content access latency).

In the last five years, many researchers pay great attention

to caching in heterogenous base stations (i.e., Femtocaching)

such as [5]–[8]. However, Femtocaching requires future base
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Fig. 1. A typical C-RAN scenario (CO: abbreviation of central office).

stations to be armed with additional storage units, which will

increase network operators’ capital expenditures, especially

in the future densification era. Also, it is not scalable to adjust

the storage capacities of base stations after their deployment.

Moreover, the limited coverage of base stations degrades

the caching performance. For example, a typical CDN cache

normally receives 50 requests/content/day, while a base station

cache may be as low as 0.1 requests/content/day [4]. There-

fore, seeking for novel edge caching frameworks in cellular

networks is still meaningful and significant.

Realizing the great potentials and open issues of these

two techniques, we advocate edge caching in C-RAN to

facilitate the ever-increasing mobile multimedia services. That

is, central offices in C-RAN will cooperatively allocate cloud

resources to cache popular contents and satisfy user requests

for those contents in their service areas. The advantages

of this framework are as follows. First, without modifying

RRHs, central offices can provide a storage-based VM pool

for content caching, which is easy to maintain and scalable.

Second, besides its functionalities (e.g., MME), evolved packet

core can interact with central offices to obtain the global

system information, which helps to make holistic and efficient

caching decisions. Third, each central office serves a group

of cell sites, and this appreciable service coverage facilitates

content caching taking effect. In order to reap its profound

benefits, we require to solve a critical issue, the joint resource

allocation (i.e., the decision about the allocated VM amount

in each central office), content placement (i.e., the deci-

sion about the content availability in each central office)

and request routing (i.e., the decision about which central

offices the missing user requests in a central office should be

redirected to), which involves multiple challenges:

(1) It is not a one-shot operation, but needs to be

continuously adjusted to accommodate system dynamics

such as user movements and newly generated content

requests, which incurs the time-correlated adjustment costs to

capture VM reconfiguration (e.g., the switching cost of VMs

on/off [9], [10]) and content migration (e.g., the bandwidth

cost of content downloading from remote content servers

or other central offices [11], [12]) in each central office.

(2) It needs to operate on the fly. The main reasons are two-

fold. First, there are no well-established methods to accurately

estimate how each user will move and what contents he will

request over time [13]. Second, popular multimedia contents

often come about the flash crowd phenomenon (a.k.a the

slashdot effect), that is, they appear, then become increasingly

popular, and gradually become unpopular again [3], [4], which

leads to the time-varying user requests for them.

(3) It should be efficient, flexible and lightweight. Many

previous works (e.g., [5]–[8], [11], [12]) indicate that the

joint content placement and request routing belongs to the

mixed-integer programming, which is NP-hard, and it is even

more complicated when taking resource allocation as well

as the aforementioned online and time correlation features

into account. Hence, a good online algorithm with a provable

competitive ratio and polynomial running time which is also

flexible to various system settings is desirable.

To address these challenges, we build a comprehensive

model which captures the key components of edge caching

in C-RAN and the holistic system costs. In this context,

we formulate a joint resource allocation, content placement

and request routing problem, aiming at minimizing the system

costs over time, satisfying the time-varying user requests and

respecting various practical constraints such as the limited

storage capacity of each central office (Section III).

We design a novel online approximation algorithm by

resorting to the regularization, rounding and decomposition

techniques. Briefly, we transform the time-correlated adjust-

ment costs in the original problem into carefully-designed

logarithmic forms, relax the integer control variables to real

ones, and decouple the transformed problem into a series of

time-independent convex subproblems which can be efficiently

solved with the previous and current system information (i.e.,

regularization). Taking the relaxed integer control variables

into account, we propose a randomized dependent rounding

algorithm, which produces a feasible integral solution for

the outermost covering variables, according to the derived

fractional solution of the subproblem at each time frame

(i.e., rounding). We bring those rounded variables back to the

original problem and adopt the dual-decomposition method

to generate the optimal results for the remaining control

variables (i.e., decomposition). Note that, the above three

procedures operate in polynomial time and they assume no

priori knowledge of user movement, content request preference

and content popularity. (Section IV).

We prove that the proposed online algorithm can achieve a

parameterized competitive ratio (Section V). Extensive trace-

driven simulations validate the superior performance of our

proposed algorithm. For example, it achieves an empirical

competitive ratio around 2 – 4, gains over 30% performance

compared with many state-of-the-art algorithms, and consumes

less than 12s in various system settings (Section VI).

II. RELATED WORK

Due to the great potential of edge caching in cellular

networks, the joint optimization problem of content placement

and request routing has received great attention in recent

years. In the beginning, numerous research efforts consider the

joint optimization problem to minimize content access latency

or maximize the amount of user requests served by the caches.
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Dehghan et al. [5] investigate two variants of the problem

in terms of whether content access latency is dependent

or independent of user request rate, and they formulate both of

them as the maximization of a submodular function subject to

matroid constraints, which can be efficiently solved by greedy

algorithms. Poularakis et al. [14] define a specific objective

to capture the access latency of layered videos, formulate

the joint optimization problem as a multiple-choice knapsack

problem, and design a novel approximation algorithm within

a 2 factor from the optimum. They also consider to model

user movements via random walks on a Markov chain, and

design a distributed caching and routing paradigm with user

mobility prediction and network coding [15]. Jiang et al. [7]

leverage hierarchical primal-dual decomposition method to

decouple the cooperative caching problem into two-level opti-

mization problems, which are solved by using the subgradient

method. Li et al. [8] provide an approximate decomposition

method which decouples the cooperative caching problem

into some subproblems that focus on the caching cooperation

at different tiers, and they design greedy heuristic methods

to respectively solve the subproblems. Besides, many other

researchers also consider the similar objective with different

scenarios or settings. Nevertheless, most of them either assume

content popularity following the Zipf distribution (e.g., [8])

or assume user movement following some well-known models

(e.g., [15]). More importantly, their models do not involve

the content storage cost and the system adjustment costs, and

therefore applying their proposed algorithms to our problem

may not achieve the same performance.

A few researchers incorporate the storage cost into the

joint optimization problem [6], [16]–[18]. Gharaibeh et al. [6]

provide an approximation algorithm that does not require

any knowledge of user movement and content popularity,

while their model does not capture the limited storage and

bandwidth capacity of base stations. Shukla et al. [16], [17]

introduce the node storage constraint and develop efficient

approximation algorithms, while they focus on the proactive

caching which requires the knowledge of content popularity.

Hou et al. [18] design an approximation algorithm without

capturing the cooperation between edge clouds. Besides, these

works also do not involve the system adjustment costs.

The time-correlated adjustment costs cannot be neglected

in online systems and have got widespread traction in many

domains such as content delivery [11], [19], [20] and resource

allocation [9], [10], [12], [21] in hybrid clouds, BS sleeping

in cellular networks [22], [23], and energy generation in micro-

grids [24], [25]. Qiu et al. [19] and Krishnasamy et al. [23]

consider the workload queueing model, and invoke Lyapunov

optimization technique to discuss the time-average perfor-

mance. Yang et al. [12] and Zhang et al. [20] derive the

one-shot (optimal) solution, and exploit online prediction and

∆t-step look-ahead technique to adjust each one-shot solution

towards offline optimum, which however cannot achieve a

competitive ratio. Our work differs from them, since our

purpose is to design an efficient approximation algorithm for

the joint resource allocation, content placement and request

routing problem in the C-RAN based edge caching framework,

without introducing user request queueing model due to the

frequent user movement and the stringent delay requirement of

multimedia contents. Although the work [20] and our previous

work [10], [21] also exploit the regularization technique [26]

to design approximation algorithms, similar to the other works,

they do not capture the unique “triangular covering” feature

and the boxing constraints of the control variables in our

problem, leading to a quite different algorithm design and

theoretical analysis.

There are also some recent researches touching on edge

caching in C-RAN such as [27] and [28], while they only focus

on the minimization of content access latency and assume the

content popularity is static and known in advance. To the best

of our knowledge, our work is the first to fully take the

holistic system costs in terms of storage, VM reconfigura-

tion, content access latency and migration, as well as the

storage and bandwidth constraints into the joint resource

allocation, content placement and request routing problem

in the C-RAN based edge caching framework, and our key

contribution is to develop an online efficient approximation

algorithm to solve this novel joint optimization problem.

We hope our proposal will provide some guidelines and

thoughts to boost both edge caching and C-RAN research.

III. SYSTEM MODEL AND PROBLEM FORMULATION

We consider a general C-RAN scenario as shown in Fig. 1

which consists of a set N ={1, 2,. . ., N} of central offices, and

each central office serves a group of cell sites via the high-

bandwidth, low-latency fronthaul links (e.g., passive optical

networks). We assume these central offices are cooperative

to build an edge caching framework, aiming at attracting

multimedia content providers to participate in the edge caching

service, in which they will connect with each other via the

emerging high-bandwidth X2+ links [2] to support content

sharing (i.e., request routing), and a shared core central office

will make a cost-efficient edge caching decision on the joint

resource allocation, content placement and request routing

in a holistic manner1. In addition, we envision the joined

multimedia content providers has a set of M={1, 2,. . ., M}
contents which will be requested by mobile users over time (M
can be an arbitrarily large number), and assume these contents

are of equal size S. Note that, this assumption is justified

in real systems which break contents into equal size chunks

and has been mentioned in many previous works (e.g., [5],

[7], [16], [17], [28]). For simplicity, we define S as the unit

size (i.e., S = 1). Besides, we consider this edge caching

framework operates in a discrete-time manner, and each time

frame t ∈ T = {1, 2,. . ., T} has a moderate time length

(e.g., dozens of minutes), determined by the periodicity in user

request patterns for multimedia contents.

A. User Requests

We consider user requests at the granularity of central

offices. That is, we assume each central office i will receive

an accumulated number of user requests nc
it for content c

1Note that, this assumption can be easily achieved by one or multiple
cooperative mobile network operators with the deployed center offices across
administrative regions in a city or across cities in a province [12], [28].
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from its served cell sites at a time frame t. The value of nc
it

can vary over time, due to new user arrival, existing user

departure and content slashdot effect, which can be only

known or predicted at the beginning of each time frame. Note

that this setting enables our framework not to care about the

network management and resources scheduling (e.g., RRH

sleeping and user association) in the BBU pool, leading to

the compatibility and flexibility in practice.

B. Resource Allocation

We consider each central office j will offer a specific setting

of VM instance <Dj, Bj> for the edge caching service, deter-

mined by its associated mobile network operators, where Dj

indicates the maximum number of contents stored by one VM,

and Bj indicates the maximum number of user connections

supported (or the maximum bandwidth provided) by one VM.

To capture the limited resources of each central office (e.g.,

edge cloud or cloudlet), we denote by Cj the storage capacity

of central office j, which refers to the maximum number of

active VMs2. Then, we introduce an integer control variable

zjt to indicate the allocated VM amount in central office j
at time frame t. Intuitively, we have zjt ∈ {0, 1, . . . , Cj}.

Besides, we denote the unit storage cost by cjt, to capture the

rent price and the maintenance expense incurred per active

VM, which can be dynamically adjusted by mobile network

operators in terms of many practical factors (e.g., the available

storage capacity at different time).

C. Service Model

With the allocated VM resources, we consider each central

office will serve its received user requests in two ways: on

the one hand, it can retrieve some “uncached” contents from

remote content servers or other central offices, and fulfill the

user requests for those contents by itself; on the other hand,

it can redirect some user requests to other central offices

which have cached the requested contents, and let those central

offices fulfill the user requests. We capture both of them3 with

the content placement and request routing.

D. Content Placement and Request Routing

As for the content placement, we introduce a binary

control variable yc
jt to indicate whether content c is cached

in central office j at time frame t. As the number of cached

contents cannot exceed the allocated storage capacity in each

central office, we have the storage constraint:
∑M

c=1 yc
jt ≤

Djzjt, ∀j ∈ N . Note that the cached contents in each central

office can be discarded at any time frame, in terms of many

practical issues (e.g., low user request amount and/or high

storage cost).

2We can also consider the bandwidth capacity of each central office in the
model, without affecting the algorithm design. Also, our framework supports
the time-varying storage capacity, in the context of the resource competition
among edge caching, BBU pool and edge computing in a central office.

3There may exist other service model such as hierarchical caching model
which takes the core central office and/or remote content servers into
account [5], [28]. Compared with them, our “plain” caching model is proposed
from the operator’s perspective, which is easy to implement and manage
in practice, and we will integrate their models with ours in the future work.

As for the request routing, we introduce a control variable

xc
ijt to indicate the percentage of user requests for content c

in central office i served by central office j at time frame t.
Since each content can be retrieved from a central office

only if it has been cached in there, we have the following

precedence constraint: xc
ijt ≤ yc

jt, ∀i, j ∈ N , ∀c ∈ M.

In addition, we introduce the user connection constraint4:∑N
i=1

∑M
c=1 xc

ijtn
c
it ≤ Bjzjt, ∀j ∈ N , which captures the

total number of user requests served by a central office

cannot exceed its allocated user connection capacity (i.e.,

the application layer constraint as discussed in [16]). Besides,

we introduce the service integrity constraint:
∑N

j=1 xc
ijt ≥

�{nc
it
≥1}, ∀i ∈ N , ∀c ∈ M, which indicates that the user

requests for any content should be satisfied by the edge

caching service entirely.

We denote the unit request routing cost by dij , which

captures the delay of transferring one content between central

office i, j plus that between central office i and its associated

users, the monetary price for using the bandwidth of X2+

links en route, and some costs associated with the user-central

office session in the application layer. Note that, this model

does not care about the specific models of X2+, fronthaul and

cellular links, since the BBU pool in each central office can

obtain or estimate various kinds of network information (e.g.,

transmission delay), and pass them to the core central office

to facilitate the edge caching service.

E. Holistic System Costs

Our model focuses on four kinds of system costs. The first

two are static costs associated with every independent

time frame: the storage cost which captures the allocated

VM amount in central offices (i.e.,
∑N

j=1 cjtzjt); the request

routing cost which captures the content access latency of user

requests (i.e.,
∑N

i=1

∑N
j=1

∑M
c=1 dijx

c
ijtn

c
it). The rest two are

dynamic costs related to each pair of consecutive time frames:

the VM reconfiguration cost which captures the changes of

allocated VM amount in central offices (i.e.,
∑N

j=1 sj [zjt−
zjt−1]

+, where sj represents the cost of increasing one

VM instance (e.g., booting and service deployment) in central

office j, and [x]+ � max{x, 0}); the content migration cost

which captures the number of new downloading contents

in central offices (i.e.,
∑N

j=1

∑M

c=1 bj [y
c
jt − yc

jt−1]
+, where

bj is the average delay and bandwidth cost of downloading

one content from a specific remote content server which

permanently stores all the content copies in the system5 [11].

Note that, all the cost parameters can be specified by mobile

network operators or estimated by central offices.

4Note that, it can also be viewed as the bandwidth constraint if
Bj represents the maximum bandwidth provided by one VM. That is,�N

i=1

�M
c=1

xc
ijtn

c
itS ≤ Bjzjt, ∀j ∈ N , where S is the content size

as mentioned above.
5Our framework can incorporate other predesigned content migration strate-

gies. For example, we can allow each central office to download the content
from the nearest central office with the required one. In this case, we need
to substitute bj with bc

j(t). Note that, although bc
j(t) may be time-varying,

it is an input parameter in our formulated problem, and accordingly does not
affect our algorithm design.
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F. Problem Formulation

Our main purpose is to develop a cost-efficient edge caching

policy in the aforementioned framework, to attract multimedia

content providers to take part in the edge caching service.

To this end, we formulate a joint resource allocation, content

placement and request routing problem, aiming at minimizing

the holistic system costs over time, and meanwhile satisfying

the time-varying user requests and respecting various system

constraints as discussed above. It can be mathematically

formulated as follows:

min P1 =
∑
t

∑
j

cjtzjt+
∑
t

∑
i

∑
j

∑
c

dijx
c
ijtn

c
it

+
∑
t

∑
j

sj [zjt−zjt−1]
++

∑
t

∑
j

∑
c

bj [y
c
jt−yc

jt−1]
+

s. t.
∑

j xc
ijt ≥ �{nc

it
≥1}, ∀i, ∀c, ∀t, (1a)

yc
jt ≥ xc

ijt, ∀i, ∀j, ∀c, ∀t, (1b)

Bjzjt ≥
∑

i

∑
c nc

itx
c
ijt, ∀j, ∀t, (1c)

Djzjt ≥
∑

c yc
jt, ∀j, ∀t. (1d)

var xc
ijt ∈ [0, 1], yc

jt ∈ {0, 1}, zjt ∈ {0, . . . , Cj}. (1e)

IV. ONLINE ALGORITHM DESIGN

A. Algorithmic Challenges

The main challenges of this joint optimization problem stem

from three aspects: (1) it is not easy to make a good joint

decision on the fly, since the problem external inputs (e.g.,

user request amount and unit storage cost6) arrive online and

are difficult to predict in advance. Meanwhile, the values of

the problem objective cannot be horizontally decoupled over

time due to two time-correlated adjustment costs. (2) it is also

hard to make integral decisions on the resource allocation and

content placement in an online manner, since this problem

belongs to mixed-integer programming, which is NP-Hard and

difficult to tackle even in the offline case. (3) the inherent struc-

ture of this problem such as the unique “triangular covering”

feature (i.e., z covers x, y while y covers x) and the boxing

constraints of control variables further complicates the optimal

algorithm design.

B. Uniqueness

Note that some recent works also discuss the scheduling

difficulty caused by the time-correlated adjustment

costs [9]–[12], [19], [20], [22]–[25]. Nevertheless, besides

some of them do not consider the algorithm design

in the online approximation perspective (e.g., offline [22],

heuristics [11], [12] and time-average approxi-

mation [19], [23]), their inherent problem structures such

as no integer control variables [9], [10], only involving

precedence constraints [20], [25] or introducing ramp

constraints [24] are greatly different from ours, leading to the

infeasibility of their proposed algorithms for our problem.

Therefore, it is of great significance to design a new algorithm

for such a novel and challenging problem.

6In this paper, we only consider the dynamic unit storage cost in our
algorithm design and performance analysis, while our framework can support
a range of time-varying parameters such as Cj , dij and bj .

Fig. 2. Basic idea of our online algorithm (black arrows) and main route of
our performance analysis (red arrows).

C. Basic Idea

In this section, we develop a novel online approxima-

tion algorithm, resorting to the regularization, rounding and

decomposition technique, to conquer the aforementioned chal-

lenges. Our basic idea is shown in Fig. 2, which consists of

the following steps:

• Step 1: We relax the integer control variables in (1e),

and allow them to take real values. Then, we transform

the relaxed problem P′
1 into a more tractable problem P2

via the regularization technique [26], i.e., by replacing

the time-correlated adjustment costs in the objective with

carefully-designed logarithmic forms. This transformed

problem can be easily decoupled into a series of time-

independent convex subproblems {Pt
2, ∀t}, each of which

can be efficiently solved with the previous and current

system information.

• Step 2: Taking the integral constraints and the “trian-

gular covering” feature of control variables into account,

we develop a novel randomized dependent rounding

algorithm, inspired from the pipage rounding tech-

nique [29], [30], which aims to round the fractional solu-

tion of resource allocation (i.e., the outermost covering

variables) into integral one, while maintaining a feasible

content placement and request routing solution to the

original problem at each time frame.

• Step 3: We bring the derived integral solution of resource

allocation back to the original problem which conse-

quently degrades to a joint content placement and request

routing problem Pt
3 at each time frame. Then, we propose

an efficient algorithm to obtain the optimal solution

of this problem via the dual-decomposition technique.

Finally, the derived optimal solution of Pt
3 together with

the integral solution of resource allocation constitutes the

entire solution of the original problem.

In the following, we will concretely discuss our online

algorithm, consisting of an Online Regularization-based Frac-

tional Algorithm (ORFA), a Randomized Dependent Rounding

Algorithm (RDRA) and a Dual Decomposition-based Optimal

Algorithm (DDOA). Before that, we briefly introduce some

notations which are used throughout the rest of paper. zt

is the shorthand for the set {zjt, ∀j}, so is xt for xc
ijt, yt

for yc
jt and others (e.g., ct for cjt). (x̃t, ỹt, z̃t) refers to the

fractional solution produced by the ORFA, z̄t refers to the
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integral solution produced by the RDRA, and (x∗t , ȳt) refers

to the optimal solution produced by the DDOA.

D. Online Regularization-Based Fractional Algorithm

1) Motivation: We introduce the regularization tech-

nique [26] to address the non-convex challenge, caused by

the time-correlated adjustment costs. Taking the VM reconfig-

uration cost as an example, the main idea of this technique

is to substitute the non-convex term
∑

j sj [zjt − zjt−1]
+ with

a regularized convex function at each time frame, which can

facilitate the design of online approximation algorithms. Since

this non-convex term can be approximately interpreted as the

L1-distance and the relative entropy is known as an efficient

alternative regularizer to the L1-distance in online learning

problems [26], [31], we exploit the unnormalized relative

entropy
∑

j

sj

σj

(
(zjt + ε) ln

zjt+ε

zjt−1+ε
− zjt

)
to substitute the

VM reconfiguration cost in our problem7. As a result, we can

generate the relaxed and regularized problem P2 from P1:

min P2 =
∑
t

Pt
2 =

∑
t

∑
j

cjtzjt+
∑
t

∑
i

∑
j

∑
c

dijx
c
ijtn

c
it

+
∑
t

∑
j

sj

σj

(
(zjt+ε) ln

zjt+ε

zjt−1+ε
−zjt

)

+
∑
t

∑
j

∑
c

bj

η

((
yc

jt+ε′
)
ln

yc
jt+ε′

yc
jt−1

+ε′ −yc
jt

)

s. t. (1a) − (1d),

var xc
ijt ∈ [0, 1], yc

jt ∈ [0, 1], zjt ∈ [0, Cj ].

Note that, we deliberately set the parameter σj = ln(1 +
Cj

ε
)

and η = ln(1 + 1
ε′ ), which will be used in the performance

analysis, while we can set the parameter ε and ε′ to arbitrary

positive values, since they are introduced to guarantee the non-

zero denominator in the ln operator.

2) Algorithm Design: In terms of the above formulation,

we find that the regularized problem P2 can be decou-

pled into a series of time-independent convex subproblems

{Pt
2, ∀t}. Since each subproblem Pt

2 is a standard convex

problem, we can invoke many mature algorithms such as

interior point methods [26] to efficiently solve it8. In this

context, we develop an Online Regularization-based Fractional

Algorithm (ORFA) as show in Alg. 1, which generates the

fractional solution (x̃t, ỹt, z̃t) greedily at each time frame by

using the previous and current system information.

We should emphasize that, the derived fractional solution

(x̃t, ỹt, z̃t) is the base of the final solution to the original

7Note that the original form of the unnormalized relative entropy should be�
j

sj

σj

�
(zjt + ε) ln

zjt+ε

zjt−1+ε
+ zjt−1 − zjt

�
[26], [31]. We omit the term

zjt−1 here, in order to simplify the performance analysis (i.e., the theoretical
proof) of our proposed online algorithm. In other words, our online algorithm
can achieve the same performance when taking the original form into account.
We should emphasize that, this “L1-distance and relative entropy” substitution
should not be the only choice for our problem, and we leave further
explorations on this issue in the future work.

8In practice, we can exploit the primal-dual interior point method to produce
the ǫtol-solution for our problem in polynomial time [32], [33]. Here, ǫtol

refers to the tolerance of the duality gap which indicates the accuracy of the
derived solution compared with the exact optimal solution. Note that since
this method often has faster than linear convergence, it is common to choose
a very small ǫtol (e.g., 10−8), which enables the derived ǫtol-solution to be
very close to the optimal solution [32], [33].

Algorithm 1 ORFA

Input: N , M, D, B, ε, ε′, x̃0 = ỹ0 = z̃0 = 0
Output: (x̃t, ỹt, z̃t), ∀t ∈ T

1 while time frame t ∈ {1, 2, . . . , T} begins do

2 Get ct, d, nt, s, b, σ, η, ỹt−1, z̃t−1;

3 Invoke interior point methods to solve the problem Pt
2:

min
∑
j

cjtzjt+
∑
i

∑
j

∑
c

dijx
c
ijtn

c
it

+
∑
j

sj

σj

(
(zjt+ε) ln

zjt+ε

zjt−1+ε
−zjt

)

+
∑
j

∑
c

bj

η

((
yc

jt+ε′
)
ln

yc
jt+ε′

yc
jt−1

+ε′ −yc
jt

)

s. t. (1a) − (1d), without ∀t ∈ T .

var xc
ijt ∈ [0, 1], yc

jt ∈ [0, 1], zjt ∈ [0, Cj ].

4 Return the near-optimal solution (x̃t, ỹt, z̃t);

problem at each time frame, which will be used as an external

input in the next randomized dependent rounding algorithm.

E. Randomized Dependent Rounding Algorithm

1) Motivation: Taking the integral constraints of control

variables into account, we require to round the derived

fractional ỹt, z̃t to integral ȳt, z̄t, and meanwhile make

sure the rounded ones are still feasible in terms of the

constraint (1a) –(̃1d) at each time frame. According to the

“triangular covering” feature of control variables, we first

round the outermost covering variables9 z̃t in this subsec-

tion. Intuitively, the independent rounding policy where each

control variable is rounded up or down independently of others

may not always generate a feasible rounded solution (e.g., all

variables are rounded down), and the conservative rounding

policy where all the control variables are rounded up may

lead to excessive system costs. Therefore, we design a novel

randomized dependent rounding algorithm, inspired from the

pipage rounding technique [29], [30], and the key idea is to

compensate the round-down control variables with the round-

up ones, while ensuring that the rounded solution is feasible

for the original problem.

2) Algorithm Design: First, we will select a special central

office j∗ from N , and it may require to activate extra VMs

to take in some “homeless” contents, due to the round-

down fractional VM amounts in other central offices. Then,

we introduce two sets N�t � {j | z̃jt ∈ �, j �= j∗} and

N�t � {j | z̃jt ∈ �
+, j �= j∗}, in terms of the fractional

solution z̃t. Intuitively, N�t ∪ N�t ∪ {j∗} = N at each

time frame. For each central office jk ∈ N�t, we provide

a probability coefficient pjk
and a weight coefficient ωjk

associated with it. To facilitate such settings, we next need

to break the “triangular covering” feature of control variables,

9Note that, if we first round the middle covering variables �yt, then we
may not always obtain a feasible z̄t, due to the boxing constraint of zt (i.e.,
zjt ∈ {0, 1, . . . , Cj}) and the constraint (1d). More importantly, we cannot
establish the relationship between z̄t and �zt in this case, and therefore cannot
derive a proper competitive ratio (i.e., no performance guarantee).
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otherwise we can hardly determine the weight coefficients

and the special central office. To this end, our basic idea is

to respectively consider the constraint (1c) and (1d) in two

independent rounding cases, and then combine the independent

results as the final rounding result. For a clear description

without duplication, we mainly discuss the case with the

constraint (1d) in the following analysis. In this case, we will

choose the special central office j∗ with the minimal storage

cost per VM per content (i.e., j∗ = argmin
cjt

Dj
, j∈N ). Then,

we define pjk
� z̃jkt − ⌊z̃jkt⌋ and ωjk

� Djk
for each

jk ∈ N�t, and also define pj∗ � z̃j∗t−⌊z̃j∗t⌋ and ωj∗ � Dj∗ .

Algorithm 2 RDRA

Input: N�t, j∗, {pjk
, ωjk

} of each jk ∈ N�t

Output: N�t

1 while |N�t| > 1 do

2 Randomly select two elements j1, j2 from N�t;

3 Introduce γ1 � min{1−pj1,
ωj2

ωj1

pj2},

γ2 � min{pj1 ,
ωj2

ωj1

(1−pj2)};

4 With the probability γ2

γ1+γ2

set

5 pj1 = pj1 + γ1, pj2 = pj2 −
ωj1

ωj2

γ1;

6 With the probability γ1

γ1+γ2

set

7 pj1 = pj1 − γ2, pj2 = pj2 +
ωj1

ωj2

γ2;

8 If pj1 ∈ {0, 1}, then set z̄j1t = pj1 + ⌊z̃j1t⌋,

N�t = N�t ∪ {j1}, N�t = N�t \ {j1};

9 If pj2 ∈ {0, 1}, then set z̄j2t = pj2 + ⌊z̃j2t⌋,

N�t = N�t ∪ {j2}, N�t = N�t \ {j2};
10 if |N�t| = 0 then

11 Set pj∗ = ⌈pj∗⌉;

12 if |N�t| = 1 then

13 Select the only element j1 from N�t;

14 With the probability pj1 set pj1 = 1,

pj∗ = pj∗ −
ωj1

ωj∗
(1−pj1);

15 With the probability 1 − pj1 set pj1 = 0,

pj∗ = pj∗ +
ωj1

ωj∗
pj1 ;

16 Set z̄j1t = pj1 + ⌊z̃j1t⌋, pj∗ = ⌈pj∗⌉,

N�t = N�t ∪ {j1}, N�t = N�t \ {j1};
17 Set z̄j∗t = pj∗ + ⌊z̃j∗t⌋, N�t = N�t ∪ {j∗};

In this context, we develop a Randomized Dependent

Rounding Algorithm (RDRA) as shown in Alg. 2, which

generates an integral solution z̄t at each time frame. This

algorithm runs a series of rounding iterations, in each of which

we randomly select two elements j1, j2 from N�t, and let

the product of the probability and the weight of the round-

down (round-up) element add to (deduct from) that of the other

element (i.e., the key idea of our dependent rounding), which

also leads the probability of one of them to 0 or 1, in terms of

the coupled coefficient γ1 and γ2 (i.e., line 2 – 7). Note that,

the above processing at least decreases the number of elements

in N�t by 1 in each iteration (i.e., line 8, 9). When N�t

has only one element (i.e., at the last iteration), our algorithm

directly rounds it up with its current probability, and adopt the

special central office j∗ to fill the “storage gap”, in terms of the

rounding result of that element (i.e., line 14 – 17). Note that,

if N�t exactly has no residual element after the iterations,

then we can simply round up the probability of the special

central office (i.e., line 11).

We can substitute Dj with Bj to determinate the weight

coefficients and the special central office, and invoke the same

algorithm to work for the other case with the constraint (1c).

If we leverage N 1
�t = {z̄1

jt, j ∈ N} and N 2
�t = {z̄2

jt, j ∈ N}
to respectively indicate the rounded results in two independent

cases, then we can merge them to obtain the final integral

solution z̄t =
{

max{z̄1
jt, z̄

2
jt}, j ∈ N

}
.

Remarks: We next show that there are two important prop-

erties achieved by the RDRA, which will be exploited in the

performance analysis.

(1) Marginal Distribution Property. The probability pjk
of

each element jk ∈ N�t satisfies Pr(Xjk
= 1) = pjk

, where

Xjk
is a binary random variable indicating the rounded value

of pjk
produced by the RDRA.

(2) Weight Conservation Property. The rounded probability

p̄jk
and the corresponding weight ωjk

of each element jk ∈
N�t satisfies

ωj∗pj∗ +
∑

jk∈N�t
ωjk

pjk
≤≤≤ ωj∗ p̄j∗ +

∑
jk∈N�t

ωjk
p̄jk

≤≤≤ (1 + Ψ)ωj∗ +ωj∗pj∗ +
∑

jk∈N�t
ωjk

pjk
,

where Ψ � max
{
⌈

ωjk

ωj∗
⌉, ∀jk ∈ N�t

}
. To avoid distracting

attention from our algorithm design, we leave the detail proofs

of these two properties in the online technical report [34].

3) Feasibility Analysis: The RDRA rounds the probability

pjk
of each element jk ∈ N�t to either 0 or 1, which indicates

the value of z̄jkt cannot exceed that of ⌊z̃jkt⌋ plus 1, and

therefore we can declare that the integral solution {z̄jt, j ∈
N \ j∗} produced by the RDRA does not violate the boxing

constraint (1e). However, as for the special central office j∗,

it may not have sufficient storage resources to fill the “storage

gap” caused by the round-down last element in N�t (i.e.,

line 15 – 17) at some time frames, that is z̄j∗t ≥ Cj∗ , which

will violate the boxing constraint and invalidate our algorithm.

To prevent this situation happening in practice, let us first

consider the case with the constraint (1d). In this case, we can

reserve Ψ VMs in j∗ to facilitate rounding, and substitute

Cj∗ with the “shrinking” storage capacity C′
j∗ = Cj∗ −Ψ

in the original problem. Here, Ψ � max{⌈Dj/Dj∗⌉} in the

considered case as defined above. Although this “reservation”

setting may lead to the under-utilization of storage resources

in j∗, we believe this loss is acceptable in practice. Then,

considering the case with the constraint (1c), we can simply

take the expression of Ψ as max{⌈Bj/Bj∗⌉} and adopt the

same method to work for it. As a conclusion, if the special

central offices j∗1 , j∗2 in two independent cases both reserve

sufficient number of VMs (i.e., Ψ1 = max{⌈Dj/Dj∗⌉},

Ψ2 =max{⌈Bj/Bj∗⌉}), then we can declare that the integral

solution z̄t =
{

max{z̄1
jt, z̄

2
jt}, j ∈ N

}
does not violate the

boxing constraint (1e) with probability 1. Note that, this is

a necessary condition of the feasible integral solution to the

original problem. In addition, we present another necessary

condition of the feasible integral solution to the original

problem as shown in lemma 1.
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Lemma 1: The Integral Solution z̄t Derived by the RDRA

Satisfies:
(i)

∑
j∈N Dj z̄jt ≥

∑
c∈M �{nc

it
≥1, ∃ i∈N},

(ii)
∑

j∈N Bj z̄jt ≥
∑

i∈N

∑
c∈M nc

it,

Proof: Since the ORFA can produce the near-optimal

fractional solution (x̃t, ỹt, z̃t) for the problem Pt
2, we can

know that
∑

j Dj z̃jt ≥
∑

j

∑
c ỹc

jt ≥
∑

j

∑
c x̃c

ijt ≥∑
c �{nc

it
≥1, ∃ i∈N}. In addition, we can also know that∑

j Dj z̄jt ≥
∑

j Dj z̃jt in terms of the weight conservation

property of the RDRA. Combining them together, we can

obtain the first part of the lemma. The second part can also

be achieved with a similar procedure.

Finally, we declare that the integral solution z̄t is a

feasible solution to the original problem P1 at each time

frame. Mathematically, the above necessary conditions cannot

guarantee the feasibility of z̄t. Nevertheless, as we assume the

cooperative central offices are fully connected to provide the

edge caching service10, we can prove it by contradiction.

Proof: For a clear description without duplication, we only

take the case with the constraint (1d) into account. Suppose

that there is no feasible solutions for xt, yt when we bring

the integral solution z̄t back to the original problem. In this

context, we can know that at least one central office violates

the constraint (1d) such as Dj1 z̄j1t <
∑

c ȳc
j1t, and the

other central offices exactly satisfy that constraint such as

Dj2 z̄j2t =
∑

c ȳc
j2t. The reasons are two-fold. First, since

Dj indicates the maximum number of contents stored by one

VM in a central office j, we believe it should be an integer

value, otherwise the fractional part of VM storage resources

is wasted in vain. Second, the fully connected central offices

can make full use of their allocated storage resources as a

whole. Therefore, it should not occur the case that Dj1 z̄j1t <∑
c ȳc

j1t while Dj2 z̄j2t >
∑

c ȳc
j2t, since j2 can at least help

to cache one content for j1 until it is full. Summing up

all the constraints, we can obtain
∑

j Dj z̄jt <
∑

j

∑
c ȳc

jt.

However, since the ORFA can produce the feasible fractional

solution (x̃t, ỹt, z̃t) for the problem Pt
2, we can know that∑

j Dj z̃jt ≥
∑

j

∑
c ỹc

jt. In addition, we can always obtain an

integral solution ȳ′
t which satisfies

∑
j

∑
c ȳc′

jt =
∑

j

∑
c ỹc

jt

due to the totally unimodular property of the constraint matrix

concerning yt, which will be further discussed in the next

subsection (i.e., lemma 2 in Section IV-F). As z̄t is not a

feasible solution for the original problem, we can know that

z̄t cannot “fully cover” ȳ′t, otherwise (x̃t, ȳ′t, z̄t) should be

a feasible solution to the original problem. In other words,

we have
∑

j Dj z̄jt <
∑

j

∑
c ȳc′

jt in terms of the above

discussions. According to these three inequations, we finally

derive
∑

j Dj z̄jt <
∑

j Dj z̃jt, which contradicts the weight

conservation property of the RDRA.

F. Dual Decomposition-Based Optimal Algorithm

1) Motivation: We bring the feasible integral solution z̄t

back to the original problem which consequently degrades

10The mobile network operator (or multiple cooperative ones) can offine
designate qualified central offices to jointly provide the edge caching service.
For example, it can model and quantize the relationship between each pair of
central offices, then apply some community partition methods to generate a
set of clusters, in each of which the central offices are well-connected.

to the following joint content placement and request routing

problem Pt
3 at each time frame:

min
∑

i

∑
j

∑
c dijx

c
ijtn

c
it+

∑
j

∑
c bj[y

c
jt−yc

jt−1]
+

s. t.
∑

j xc
ijt ≥ �{nc

it
≥1}, ∀i, ∀c, (2a)

yc
jt ≥ xc

ijt, ∀i, ∀j, ∀c, (2b)

B′
j ≥

∑
i

∑
c xc

ijtn
c
it, ∀j, (2c)

D′
j ≥

∑
c yc

jt, ∀j. (2d)

var xc
ijt ∈ [0, 1], yc

jt ∈ {0, 1}. (2e)

where B′
j = Bj z̄jt and D′

j = Dj z̄jt. Note that, this problem

is still a mixed-integer program which is difficult to solve

directly. Inspired from the RDRA, a similar idea is to round

the fractional solution ỹt generated by the ORFA to the integral

solution ȳt. Nevertheless, the RDRA cannot be applied to this

problem directly and it is not easy to design a proper dependent

rounding algorithm due to the packing constraints11 (2c), (2d).

Therefore, we need to pursue a new method rather than

rounding ỹt directly. Since the control variables xt and yt are

only coupled in the constraint (2b), we can invoke the dual-

decomposition technique to design an optimal algorithm for

this problem.

2) Algorithm Design: Thanks to the binary control variables

yt, we first substitute bj[y
c
jt − yc

jt−1]
+ in the objective with

a linear function φc
j(y, t) which takes the expression bjy

c
jt if

yc
jt−1 =0, and takes the value 0 if yc

jt−1 =1. Then, we lift the

constraint (2b) to the objective with a Lagrangian multiplier

λt = {λc
ijt, ∀i, j ∈ N , ∀c ∈ M} as follows:

∑
i

∑
j

∑
c(dijn

c
it+λc

ijt)x
c
ijt+

∑
j

∑
c(φ

c
j(y, t)−

∑
i λc

ijty
c
jt)

Finally, we derive the Lagrangian dual problem of the problem

Pt
3, which can be separated into two independent subproblems:

max L(λt) = L1(λt) + L2(λt) var λc
ijt ≥ 0,

where L1(λt) = min
∑

i

∑
j

∑
c(dijn

c
it+λc

ijt)x
c
ijt

s.t. (2a), (2c), var xc
ijt ∈ [0, 1],

L2(λt) = min
∑

j

∑
c(φ

c
j(y, t)−

∑
i λc

ijty
c
jt)

s.t. (2d), var yc
jt ∈ {0, 1}.

To address this dual problem efficiently, we develop a dual

decomposition-based optimal algorithm as shown in Alg. 3 via

the subgradient method, which also produces the optimal

results for the primal variable xt, yt (i.e., the optimal solution

for the problem Pt
3).

Specifically, given the dual variables λt in any an iteration

m (λt = 0 when m = 1 initially), the DDOA will indepen-

dently solve the subproblem L1(λt) and L2(λt). As L1(λt)
is a standard linear program, we can invoke many mature

methods (e.g., the simplex method) to solve it efficiently. Since

L2(λt) is an integer program, we do not solve it directly, but

consider to address a linear program in which the integral

constraint (5e) is relaxed (i.e., yc
jt ∈ [0, 1]). The following

lemma shows that the optimal solution to the relaxed linear

program is also the optimal solution to the original integer one.

11Intuitively, simply rounding all �yt up may violate the constraint (2d), while
rounding them down (e.g., only one cache for each content) may violate the
constraint (2c).
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Algorithm 3 DDOA

Input: d, nt, b, z̄t, ȳt−1, D, B, λt = 0

Output: x∗t , ȳt

1 Introduce m to record the number of iterations, and

initially set it to 1;

2 while termination criterions for the iteration (e.g.,

m ≥ 2000) do not happen do

3 Find optimal request routing decisions x∗t to solve the

subproblem L1(λt);
4 Find optimal content placement decisions ȳt to solve

the subproblem L2(λt);
5 Update dual variables

by λc
ijt =λc

ijt + ∆(m)(xc
ijt−yc

jt), ∀i, j ∈ N , ∀c ∈ M;

6 m = m + 1;

Lemma 2 (The Optimal Solution to the Relaxed Linear

Program of the Original Integer Program is Integral):

We leave the detail proofs of this lemma in the online

technical report [34]. After solving two subproblems L1, L2

optimally, the DDOA will update the dual variables λt for

the next iteration, with λt and the derived optimal solution

(x∗
t , ȳt) in the current iteration. Here, xc

ijt − yc
jt indicates the

subgradient direction and ∆(m) is a step size used in the m
iteration. In this paper, we set it to U which initially is set

to 1. Then, we set U = U/2, if the value of L(λt) does not

increase after a number of iterations. In addition, we provide

some termination criterions for the iteration (e.g., m ≥ 2000
and U ≤ 0.005). Note that we choose the above settings due

to their easy implementations in practice, while we can adopt

other kinds of subgradient settings in our algorithm without

affecting the performance greatly.

G. Summary

According to all the discussions in this section, we can

conclude that the ORFA, RDRA and DDOA constitute the

complete online algorithm which can always produce a

feasible solution (x∗
t , ȳt, z̄t) for the original problem P1 at each

time frame. As for the time complexity of the proposed

algorithm, we first consider that the ORFA has a poly-

nomial running time since we can exploit the primal-dual

interior point method to produce the ǫtol-solution (almost

optimal when ǫtol is set to a sufficiently small value such as

ǫtol = 10−8) for the standard convex optimization problem Pt
2

at each time frame [32], [33]. Second, the RDRA’s complexity

is O(N), since this algorithm is to round the fractional

z̃t = {z̃jt, ∀j ∈ N} to integral z̄t. Third, the DDOA has a

polynomial running time, since it has limited iterations due

to the termination criterions and the two subproblems L1, L2

in each iteration are standard linear programs. To sum up,

we can declare that our online algorithm achieves a polynomial

running time.

V. THEORETICAL PERFORMANCE ANALYSIS

In this section, we will study the theoretical performance of

our online algorithm in terms of the competitive ratio. Our key

idea as depicted in Fig. 2 is to establish the following chain:

OPT (P1) ≥ OPT(P′
1) ≥ P4({π(x̃t, ỹt, z̃t)|∀t})

≥
1

r1
P1({x̃t, ỹt, z̃t|∀t}) ≥

1

r1r2
�

[
P1({x

∗
t , ȳt, z̄t|∀t})

]
,

where we denote by Pi(x) the objective value of problem

i evaluated at point x, by OPT(·) the offline optimal objec-

tive value, and by �[·] the expectation value. Note that,

we consider the expected performance due to the randomized

dependent rounding in our online algorithm.

To begin with, as P1 is a minimization problem and its

integral constraints of control variables are relaxed in P′
1,

we can easily achieve OPT(P1) ≥ OPT(P′
1), since the latter

has a larger solution space. In addition, we can obtain

OPT(P′
1) ≥ OPT(P4) due to weak duality, and OPT(P4) ≥

P4({π(x̃t, ỹt, z̃t)|∀t}) since the dual problem P4 is a maxi-

mization problem, which consequently generates OPT(P′
1)≥

P4({π(x̃t, ỹt, z̃t)|∀t}). In this context, we next desire to walk

through the following steps to achieve the whole chain:

S1: Construct a mapping π to produce a feasible solution to

P4, in terms of the near-optimal fractional solution (x̃t, ỹt, z̃t)

of P2 at each time frame;

S2: Prove P1({x̃t, ỹt, z̃t|∀t}) ≤ r1P4({π(x̃t, ỹt, z̃t)|∀t}).
r1 is considered as the interim competitive ratio;

S3: Prove �
[
P1({x∗

t , ȳt, z̄t|∀t})
]
≤ r2P1({x̃t, ỹt, z̃t|∀t}).

r2 is considered as the rounding gap, which combining with

r1 produces the final competitive ratio r = r1r2;

S4: In the end, we will make some discussions about the

derived competitive ratio r.

A. Feasible Mapping π

As for the S1, we first need to derive the dual problem P4

of the relaxed problem P′
1, while this is not easy to achieve,

due to the time-correlated adjustment costs and the boxing

constraints of control variables. To this end, we introduce an

equivalent formulation F for the relaxed problem:

min F =
∑
t

∑
j

cjtzjt +
∑
t

∑
i

∑
j

∑
c

dijx
c
ijtn

c
it

+
∑
t

∑
j

sjujt +
∑
t

∑
j

∑
c

bjv
c
jt

s. t. (1a) − (1d),

ujt ≥ zjt−zjt−1, ∀j, ∀t, (3a)

vc
jt ≥ yc

jt−yc
jt−1, ∀j, ∀c, ∀t, (3b)

∑
j∈N\N ′ Bjzjt ≥ Bt −

∑
j∈N ′ BjCj ,

∀N ′ ⊂ N ∩ Bt >
∑

j∈N ′ BjCj , (3c)
∑

j∈N\N ′ Djzjt ≥ Dt −
∑

j∈N ′ DjCj ,

∀N ′ ⊂ N ∩ Dt >
∑

j∈N ′ DjCj , (3d)

var xc
ijt ≥ 0, yc

jt ≥ 0, zjt ≥ 0, ujt ≥ 0, vc
jt ≥ 0.

Note that, the introduced variables ut, vt associated with

the constraint (3a), (3b) are equivalent to the time-correlated

adjustment costs, which do not change the fractional solution

(x̃t, ỹt, z̃t). As for the boxing constraints, we find that there

is no incentive to give any variable in xt a value larger than 1,

due to the constraint (1a), (1c) and the monotonicity of F(xt).
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Therefore, we can remove the boxing constraint of xt directly

(i.e., xc
ijt ∈ [0, 1] ⇒ xc

ijt ≥ 0). After that, we can remove

the boxing constraint of yt, since yt can always be reduced to

the same values with xt (i.e., the precedence constraint (1b)),

and similarly remove the boxing constraint of vt. Note that,

we cannot tackle the boxing constraint of zt in a similar

way, due to the covering constraint (1c), (1d). Instead, we can

replace it by a set of knapsack cover (KC) constraints (i.e.,

the constraint (3c), (3d)) as suggested by Carr et al. [35]. Here,

Bt �
∑

i

∑
c nc

it and Dt �
∑

c �{nc
it
≥1, ∃ i∈N}. Obviously,

each KC constraint is trivial if the right-hand side is negative.

After that, we can remove the boxing constraint of ut and will

further derive the dual problem P4 from F. To avoid the huge

number of dual variables caused by KC constraints messing

up the following analysis, we only consider the constraint (3d)

with |N ′| = 1 in the dual problem formulation12:

∑
j∈N\j′ Djzjt ≥ Dt−Dj′Cj′ , ∀j′∈N ∩ Dt >Dj′Cj′ . (4)

1) Dual Problem Formulation: We derive the dual problem

P4 of the relaxed problem P′
1 from F, where αc

it, βc
ijt, γjt,

θjt, φjt, τc
jt, ρjt are the corresponding dual variables for the

constraint (1a) – (1d), (3a), (3b), (4):

min P4 =
∑
t

∑
i

∑
c

αc
it�{nc

it
≥1}+

∑
t

∑
j

(Dt−DjCj)ρjt

s. t. − αc
it+βc

ijt+dijn
c
it+θjtn

c
it ≥ 0, ∀i,∀j, ∀c, ∀t, (5a)

−
∑

i βc
ijt+γjt+τc

jt−τc
jt+1 ≥ 0, ∀j, ∀c, ∀t, (5b)

cjt−Djγjt−Bjθjt−Dj(
∑

l ρlt−ρjt)

+ φjt−φjt+1 ≥ 0, ∀j, ∀t, (5c)

sj − φjt ≥ 0, ∀j, ∀t (5d)

bj − τc
jt ≥ 0, ∀j, ∀c, ∀t, (5e)

All the dual variables ≥ 0.

2) Characterizing Regularized Solution: As we regularize

the problem P′
1 (as well as the equivalent formulation F) to the

convex problem P2 with the objective transformation, we can

know that the near-optimal ǫtol-solution (x̃t, ỹt, z̃t) of Pt
2

generated by the primal-dual interior point method is within a

sufficiently small neighborhood region of a KKT point. That

is, the ǫtol-solution (almost) satisfies the following Karush-

Kuhn-Tucker (KKT) conditions [32, pp. 567]:

Here, (α̃c
it, β̃c

ijt, γ̃jt, θ̃jt, ρ̃jt) is the corresponding optimal

solution to the dual problem of Pt
2.

3) Mapping: We construct a mapping π which maps the

primal and dual solution of Pt
2 to a feasible solution of P4

at each time frame. We denote this constructed solution

by π(x̃t, ỹt, z̃t) � (αc
it, β

c
ijt, γjt, θjt, φjt, τ

c
jt, ρjt), in which

αc
it = α̃c

it, βc
ijt = β̃c

ijt, γjt = γ̃jt, θjt = θ̃jt, φjt =
sj

σj
ln

Cj+ε

�zjt−1+ε
, τc

jt =
bj

η
ln 1+ε′

�yc
jt−1

+ε′ , ρjt = ρ̃jt, and we can

easily verify that it satisfies the constraint (5a) – (5e) while

12Our analytic technique in the following indeed applies if one desires to
work with all the KC constraints – new dual variables, KKT conditions, and
corresponding terms in the bounding derivations just need to be added.

TABLE I

KKT CONDITIONS OF THE FRACTIONAL SOLUTION (�xt, �yt, �zt)

guarantees all the variables are non-negative. For example,

we have (5b), since −
∑

i βc
ijt+γjt+τc

jt−τc
jt+1 = −

∑
i β̃c

ijt+

γ̃jt +
bj

η
ln

�yc
jt+ε′

�yc
jt−1

+ε′ = ϕ̃c
jt ≥ 0 in term of (K2) and

(K12). We have (5e), since bj ≥ bj

η
ln 1+ε′

�yc
jt−1

+ε′ in terms

of η = ln(1 + 1
ε′ ) as mentioned in Section IV-D. Therefore,

π(x̃t, ỹt, z̃t) is a feasible solution of the dual problem P4

at each time frame. We should emphasize that, the near-

optimal ǫtol-solution (x̃t, ỹt, z̃t) of Pt
2 actually satisfies the

perturbed KKT optimality conditions [32, pp. 567]. That is,

the right-hand-side of (K4) – (K11) should be O(ǫtol) rather

than 0. In this context, the above mapping still holds.

B. Interim Competitive Ratio r1

We next conduct the S2 to study the interim competitive

ratio achieved by the derived fractional solution, in terms of

the feasible mapping π and the KKT conditions (K1) – (K12).

Specifically, we respectively bound the static costs and the

dynamic costs in P1({x̃t, ỹt, z̃t|∀t}), and sum them up as the

interim competitive ratio.

1) Bounding the Static Costs: We omit the tilde symbol

in the notations of the optimal primal and dual solution for

clarity. To facilitate the following analysis, we first introduce

two facts:

p − q ≤ p ln
p

q
, ∀p, q > 0, (6a)

(
∑

n pn) ln
�

n pn�
n qn

≤
∑

n pn ln pn

qn
, ∀p, q > 0. (6b)

In terms of these two facts, we have
∑

t yc
jt ln

yc
jt+ε′

yc
jt−1

+ε′ ≥

0 and
∑

t zjt ln
zjt+ε

zjt−1+ε
≥ 0. We demonstrate the latter

here, and the former can be shown analogously. Specifi-

cally, we rewrite its left-hand side
∑T

t=1 zjt ln
zjt+ε

zjt−1+ε
=

∑T

t=1(zjt + ε) ln
zjt+ε

zjt−1+ε
−

∑T

t=1 ε ln
zjt+ε

zjt−1+ε
, (Here T refers

to any given time frame) and have the following inequations:
∑T

t=1(zjt + ε) ln
zjt+ε

zjt−1+ε

≥
(∑T

t=1 (zjt + ε)
)

ln
�

T
t=1

(zjt+ε)�
T
t=1

(zjt−1+ε)
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≥
∑T

t=1 (zjt+ε)−
∑T

t=1 (zjt−1 + ε) = zjT , (7a)

−
∑T

t=1 ε ln
zjt+ε

zjt−1+ε

= −
∑T

t=1 ε
[
ln(zjt + ε) − ln(zjt−1 + ε)

]

= ε ln
ε

zjT + ε
≥ −zjT . (7b)

Note that zj0 ≡ 0 since our framework starts from the time

frame t = 1. The inequation (7a) follows from (6b) and (6a);

(7b) follows from (6a). Then, we complete the proof by adding

(7a) and (7b) up. In this context, we can bound the static costs:

∑
t

∑
j cjtzjt +

∑
t

∑
i

∑
j

∑
c dijx

c
ijtn

c
it

≤
∑

t

∑
j

[
Djγjt+Bjθjt+Dj(

∑
l ρlt−ρjt)+νjt

]
zjt

+
∑

t

∑
i

∑
j

∑
c(α

c
it−βc

ijt−θjtn
c
it+ςc

ijt)x
c
ijt (8a)

=
∑

t

[∑
i

∑
j

∑
c αc

itx
c
ijt+

∑
j Dj(

∑
l ρlt−ρjt)zjt

+
∑

j Djγjtzjt−
∑

i

∑
j

∑
c βc

ijtx
c
ijt+

∑
j Bjθjtzjt

−
∑

i

∑
j

∑
c θc

jtn
c
itx

c
ijt

]
(8b)

≤
∑

t

[∑
i

∑
j

∑
c αc

itx
c
ijt+

∑
j

∑
l Djρltzjt

−
∑

j Djρjtzjt+
∑

j

∑
c yc

jtγjt−
∑

i

∑
j

∑
c βc

ijtx
c
ijt

]
(8c)

≤
∑

t

[∑
i

∑
cα

c
it�{nc

it
≥1}+

∑
jρjt

∑
lDlzlt−

∑
jDjρjtzjt

+
∑

j

∑
c yc

jt

∑
i βc

ijt−
∑

i

∑
j

∑
c βc

ijtx
c
ijt

]
(8d)

≤
∑

t

[∑
i

∑
c αc

it�{nc
it
≥1}+

∑
j ρjt(Dt − DjCj)

]

= P4({π(x̃t, ỹt, z̃t)|∀t}). (8e)

(8a) follows from (K1), (K3) and
∑

t zjt ln
zjt+ε

zjt−1+ε
≥0; (8b)

follows from (K9) and (K11); (8c) follows from (K6), (K7)

and
∑

j Djρjtzjt ≥ 0; (8d) follows from (K2), (K4) and
∑

t yc
jt ln

yc
jt+ε′

yc
jt−1

+ε′ ≥ 0; (8e) follows from (K5) and (K8),

which is P4({π(x̃t, ỹt, z̃t)|∀t}).
2) Bounding the Dynamic Costs: We define the following

notations to facilitate our derivation: σmax � max{σj},

Cmax � max{Cj} and δ∗jt � max{Dj ,
Bj�

i

�
c

nc
it

}.

Then, we introduce Nzt � {j|zjt > zjt−1} and

N c
yt � {j|yc

jt > yc
jt−1}.

We first bound the VM reconfiguration cost as follows:

∑
t

∑
j sj [zjt − zjt−1]

+ =
∑

t

∑
j∈Nzt

sj(zjt − zjt−1)

≤ σmax

∑
t

∑
j∈Nzt

sj

σj
(zjt+ε) ln

zjt+ε

zjt−1+ε
(9a)

≤ σmax(Cmax+ε)
∑

t

∑
j∈Nzt

sj

σj
ln

zjt+ε

zjt−1+ε
(9b)

≤ σmax(Cmax+ε)
∑

t

∑
j∈Nzt

[
− cjt+Djγjt+Bjθjt

+Dj(
∑

l ρlt−ρjt)+νjt

]
(9c)

≤ σmax(Cmax+ε)
∑

t

∑
j∈Nzt

δ∗jt

[
γjt

+θjt

∑
i

∑
c nc

it+
∑

l ρlt

]
+νjt (9d)

≤ σmax(Cmax+ε)
∑

t

∑
j∈Nzt

{
δ∗jt

[∑
c γjt

+θjt

∑
i

∑
c nc

it+
∑

j ρjt

]
+νjt

}
(9e)

≤ σmax(Cmax+ε)
∑

t

∑
j∈Nzt

{
δ∗jt

[∑
c

∑
i βijt

+
∑

i

∑
c θjtn

c
it+

∑
j ρjt

]
+νjt

}
(9f)

≤ σmax(Cmax+ε)
∑

t

∑
j∈Nzt

{
δ∗jt

[ ∑
i

∑
c αc

it�{nc
it
≥1}

+
∑

j(Dt − DjCj)ρjt

]
+νjt

}
(9g)

≤ r11P4({π(x̃t, ỹt, z̃t)|∀t}), (9h)

where r11 = σmax(Cmax + ε)maxt

∑
j∈Nzt

δ∗jt. (9a) follows

from (6a) and the definition of σmax; (9b) follows from the

definition of Cmax; (9c) follows from (K3); (9d) follows from

the definition of δ∗jt and the elimination of non-positive terms

from (9c); (9e) follows from the multiplication of the non-

negative term γjt and a simple suffix substitution (i.e., l→j);

(9f) follows from (K2) and
∑

t yc
jt ln

yc
jt+ε′

yc
jt−1

+ε′ ≥ 0; (9g)

follows from (K1) and two inequations: αc
it�{nc

it
≥1} = αc

it

and Dt −DjCj ≥ 1. The former one is straightforward, since

both αc
it and the primal constraint (1a) are trivial and can be

removed if nc
it = 0. The reasons to support the latter one

are two-fold. First, both Dj and Cj should be integer values

to avoid the waste of storage resources as mentioned in the

proof above Section IV-C. Second, we can know that Dt >
DjCj , due to the definition of “non-trivial” KC constraints

as indicated in (4). Putting them together, we can make sure

Dt − DjCj ≥ 1; (9h) follows because νjt = 0. The reason

is that zjt > zjt−1 ≥ 0 for each y ∈ Nzt and meanwhile

νjtzjt = 0 in terms of (K11).

We next bound the content migration cost as follows:

∑
t

∑
j

∑
c bj[y

c
jt−yc

jt−1]
+

=
∑

t

∑
j∈Nyt

∑
c bj(y

c
jt−yc

jt−1)

≤ η(1 + ε′)
∑

t

∑
j∈Nzt

∑
c

bj

η
ln

yc
jt+ε′

yc
jt−1

+ε′ (10a)

≤ η(1 + ε′)
∑

t

∑
j∈Nzt

∑
c

{ ∑
i βc

ijt+ϕc
jt

}
(10b)

≤ η(1 + ε′)
∑

t

∑
j∈Nzt

∑
c

{ ∑
i αc

it�{nc
it
≥1}+ϕc

jt

}
(10c)

≤ r12P4({π(x̃t, ỹt, z̃t)|∀t}), (10d)

where r12 = η(1 + ε′)maxt |Nzt|. (10a) – (10d) omit

the details, as they follow highly analogous derivations as

(9a) – (9h). In particular, the involved KKT conditions are

(K1), (K2) and (K10). To sum up, we can obtain the interim

competitive ratio r1 = 1 + r11 + r22.

We should emphasize that, if we take the perturbed KKT

optimality conditions into account, we can easily obtain (8e)′ =[
1+7O(ǫtol)

]
P4({π(x̃t, ỹt, z̃t)|∀t}) with the same analytical

procedures as discussed above, since we use (K4) – (K9) and

(K11) in the analysis and the value of our objective is

much larger than 1. In addition, we consider that the control

variables with small enough values (e.g., lower than 10−3)

can be negligible in practice. That is, j /∈ Nzt if zjt ≤ Ω,

where Ω is the threshold (e.g., 10−3) that judges whether

the values of control variables are small enough. In this

context, we can know that νjt ≤ 1
ΩO(ǫtol) for all j ∈ Nzt,

in terms of (K11). Then, we can obtain r′11 = σmax(Cmax +
ε)maxt

∑
j∈Nzt

[
δ∗jt + 1

ΩO(ǫtol)
]

with the same analytical

procedures as discussed above, since the value of our objective

is much larger than 1. Similarly, we can obtain r′12 = η(1+ε′)
maxt

[
|Nzt|+

1
ΩO(ǫtol)

]
. Note that since ǫtol is generally set

to a very small value (e.g., 10−8) in the primal-dual interior
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point method [32], [33], we can approach the results derived by

the exact KKT conditions sufficiently close (i.e., (8e)≈ (8e)′,

r11 ≈ r′11 and r12 ≈ r′12).

C. Rounding Gap r2

We next conduct the S3 to explore the rounding gap

r2 achieved between the fractional solution (x̃t, ỹt, z̃t) and

the final integral solution (x∗
t , ȳt, z̄t). Our basic idea is to

exploit the relationship between z̃t and z̄t (i.e., marginal

distribution property and weight conservation property) to

establish the connection between their storage costs
∑

j cjtz̃jt

and �
[∑

j cjtz̄jt

]
, then to take this connection as a bridge to

bound the other costs in the objective.

1) The Connection Between
∑

j cjtz̃jt and �
[ ∑

j cjtz̄jt

]
:

Similar to the discussions in Section IV-E, we first take

the case with the constraint (1d) into account, and denote

the special central office by j∗. According to the marginal

distribution property, we have

�
[∑

j∈N�t
cjtz̄jt

]

=
∑

j∈N�t
cjt

(
�[Xj ]+⌊zjt⌋

)

=
∑

j∈N�t
cjt

(
pj+⌊zjt⌋

)
=

∑
j∈N�t

cjtz̃jt.

Besides, we obviously hold
∑

j∈N�t
cjtz̃jt =

∑
j∈N�t

cjtz̄jt

due to the definition of N�t. Therefore, we can know that

�
[∑

j∈N\j∗ cjtz̄jt

]
=

∑
j∈N\j∗ cjtz̃jt ≤

∑
j cjtz̃jt.

According to the weight conservation property (ωj = Dj

in our considered case), we have

Dj∗ z̄j∗ = Dj∗ p̄j∗ +Dj∗⌊z̃j∗⌋

≤ (1 + Ψ)Dj∗ +Dj∗pj∗ +
∑

j∈N�t
Djpj +Dj∗⌊z̃j∗⌋

≤ (1+Ψ)Dj∗+
∑

j Dj z̃jt≤(1+κt)
∑

j Dj z̃jt. (11)

The first inequation follows from the weight conservation

property, the second one follows since we add some non-

negative terms at the right-hand-side, and the third one follows

due to the introduced parameter κt �
(1+Ψ)Dj∗�

c
�{nc

it
≥1, ∃ i∈N}

. Note

that, (1 + Ψ)Dj∗ ≤ κt

∑
j Dj z̃jt in terms of the proof

in Lemma 1. In this context, we can easily obtain

cj∗ z̄j∗ =
cj∗

Dj∗
Dj∗ z̄j∗ ≤

cj∗

Dj∗
(1 + κt)

∑
j Dj z̃jt

≤ (1 + κt)
∑

j

cjt

Dj
Dj z̃jt = (1 + κt)

∑
j cjtz̃jt.

The first inequation follows from (11) and the second inequa-

tion follows from the definition of the special central office

(i.e., j∗ = arg min
cjt

Dj
, j∈N ). Based on the above discus-

sions, we can obtain �
[∑

j cjtz̄jt

]
= �

[ ∑
j∈N\j∗ cjtz̄jt

]
+

cj∗ z̄j∗ ≤ (2 + κt)
∑

j cj z̃jt. Considering the other case with

the constraint (1c) together, we finally obtain �
[ ∑

j cjtz̄jt

]
≤

r′2
∑

j cj z̃jt, where z̄t =
{

max{z̄1
jt, z̄

2
jt}, j ∈ N

}
and r′2 =

(4 + κ1
t + κ2

t ).
2) Bounding the Other Costs: According to the constraint

(1c), (1d) and the relationship �
[ ∑

j cjtz̄jt

]
≤ r′2

∑
j cj z̃jt ≤

r′2P1(x̃t, ỹt, z̃t), we can easily obtain the followings:

∑
t�

[∑
j sj [z̄jt−z̄jt−1]

+
]

≤ maxj,t
sj

cjt
r′2P1({x̃t, ỹt, z̃t|∀t}) (12a)

∑
t�

[∑
j

∑
c bj[ȳ

c
jt−ȳc

jt−1]
+
]

≤ max
j,t

bjDj

cjt

r′2P1({x̃t, ỹt, z̃t|∀t}) (12b)

∑
t�

[∑
i

∑
j

∑
c dijx

c∗

ijtn
c
it

]

≤ max
i,j

dij max
j,t

Bj

cjt

r′2P1({x̃t, ỹt, z̃t|∀t}) (12c)

To sum up, we can obtain the rounding gap r2 =
[
1 +

maxj,t
sj+bjDj+Bj maxi,j dij

cjt

]
r′2.

D. Discussions

In the following, we will make some discussions about the

final competitive ratio r = r1r2:

r1 = 1 + ln(1 + Cmax

ε
)(Cmax+ε)maxt

∑
j∈Nzt

δ∗jt

+ ln(1 +
1

ε′
)(1 + ε′)max

t
|Nzt|,

r2 =
[
1 + max

j,t

sj + bjDj + Bj maxi,j dij

cjt

]
(4 + κ1

t + κ2
t ),

where δ∗jt � max{Dj ,
Bj�

i

�
c

nc
it

}, κ1
t �

(1+Ψ1)Dj∗�
c
�{nc

it
≥1, ∃ i∈N}

and κ2
t �

(1+Ψ2)Bj∗�
i

�
c

nc
it

.

First, our competitive ratio decreases with the increase of

total user requests (i.e.,
∑

i

∑
c nc

it), in term of the definition

of δ∗jt, κ
1
t , κ

2
t . That is, our algorithm can well support various

kinds of multimedia contents and their corresponding large

number of user requests with performance guarantee, which

makes the edge caching service be promising to alleviate the

backhaul traffic pressure and meanwhile facilitates the ever-

increasing mobile multimedia services.

Second, it does not increase linearly with the increase

of joined center offices in term of the definition of Nzt.

This observation indicates that our algorithm advocates the

cooperation among more center offices without reducing the

performance greatly, which is conductive to “persuade” more

mobile network operators to cooperatively participate in the

edge caching service.

Third, it deceases with the increasing of the unit storage

costs of central offices, which hints that our algorithm can

still have good performance in the “resource shortage” period

(e.g., mobile network operators normally will increase the unit

storage cost if the available storage resources of central offices

at some time is restricted due to various service competitions).

At last, similar to those in many edge computing and

caching works [10], [14], [18], our competitive ratio is propor-

tional to the storage capacity of central offices (i.e., the product

of the unit VM capacity Dj and the maximum available

VM amount Cj in our framework), due to the inherent

difficulty such as the unique “triangular covering” feature and

the boxing constraints of control variables in our problem. This

observation is easy to understand since the storage capacity

will determinate the solution space of offline optimal decision.

Note that we consider the product of Dj and Cj is not

too large to produce a very loose competitive ratio in our

framework. This is because that the value of Cj would be

limited due to the coexistence of multiple edge services (e.g.,

the BBU pool, edge caching, edge computing, and etc.) in the
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Fig. 3. Traffic heat.

inherently resource-restricted central offices (e.g., edge clouds

or cloudlets). Also, we can consider a large content chunk as

the unit content size, which consequently will decrease the

value of Dj . Together with the discussions in Section IV-D,

we believe that our online algorithm consisting of the OFRA,

RDRA and DDOA is reasonably good with a provable compet-

itive ratio and a polynomial running time. We hope it will

provide some new insights for the edge caching research

community, and will glad to see some improvements of our

algorithm (e.g., a more tight competitive ratio) in the future.

VI. NUMERICAL EVALUATION

In this section, we will further evaluate the performance

of our online algorithm with extensive trace-driven simula-

tions. To the best of our knowledge, there is no open-access

datasets involving user mobility, user requests for multimedia

contents, cell sites, and central offices simultaneously. There-

fore, we synthesize a simulation scenario to approximately

capture their features via two real-world datasets.

A. Simulation Scenario

1) Central Offices: We exploit the Shanghai taxi trajectory

dataset [36] to model users, cell sites and central offices.

The main reasons are two-fold. First, taxi trajectory traces

are widely used to model urban human mobility patterns and

the regions with many taxi visiting records can be viewed

as Points of Interest (PoIs) [37]. Second, most of PoIs (e.g.,

business area and office area) are covered by a series of cell

towers from the cellular network planning perspective [38].

That is, PoIs can be broadly viewed as cell sites. Based on

these principles, we use taxi GPS records to simulate users

and define PoIs with the traffic heatmap to simulate cell sites.

Besides, as each central office serves a group of cell sites

in practice, we randomly select several PoIs as a group to

simulate a central office for simplicity. Specifically, we select

the data from date Feb 20, 2007 and depict the traffic heatmap

as shown in Fig. 3, in terms of the every-minute GPS records

of roughly 4000 taxis. In this figure, we take the grid (i.e.,

0.6km×1km) whose heat level is over 300 as a cell site, and

randomly assign 20 grids to a central office. We regard each

taxi GPS record as a new user and set the length of time frame

to 10 minutes. In this context, each central office can get the

number of users in its service area at each time frame.

Fig. 4. Time-varying user views.

2) User Requests: Similarly to many edge caching

works [11], [12], [28], we also use the YouTube video

dataset [39] to generate user requests for contents, since it can

well capture the time-varying feature of content popularity [3],

[4] in terms of user view times in different weeks. To proceed,

we first rank the content popularity in terms of the accumulated

number of user views, and respectively regard the top 50, 50

– 150, 150 – 200 as High, Middle and Low viewed contents.

Then, we calculate their weekly user views (e.g., partial results

are shown in Fig. 4), and scale them down for the afterward

process (e.g., 100× smaller). We randomly distribute the scale-

down user views of each content to the total “active users”

which are within the grids of central offices at each time frame.

3) Capacity: We consider that the total resource capacity of

all central offices should be slightly larger than the maximum

requirement for the resource in the system. As for the content

caching, we simply set the total content storage capacity

as 2 times of the requested content amount (i.e., the input

of simulation). As for the request routing, we record the

maximum active user amount with different simulations as

samples, and set the total user connection capacity as 150%

of the average of the samples. Then, we distribute the total

resource (i.e., storage and user connection) capacity to all

the central offices proportionally in terms of their accu-

mulated grid heat level. Next, we randomly pick a value

from 5–10 for each central office as its maximum number of

active VMs (i.e., Cj), and further calculates its VM instance

setting (i.e., Dj , Bj), according to the quotient of its allocated

resource capacity and maximum active VM amount.

4) Unit Costs: For the unit storage cost of a central office

(e.g., cjt), we leverage the same setting with our previous

work [10], where the initial value is reversely proportional to

the allocated storage capacity, and varies on the fly according

to Gaussian distributions. For the unit request routing cost

between central offices (e.g., dij), we consider the similar

setting in [11], where the cost is indicated by the weighted

delay between them. To this end, we assume a central office

and its grid with the highest heat level share the same location,

which is used to measure the delay by the geographical

distance between central offices, and we introduce a specific

coefficient for each pair of center offices to make sure the

product of the delay and coefficient is roughly in the same

order of magnitude with the unit storage cost. For two unit

adjustment costs, we set them to be in the same order of
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magnitude with the unit storage cost. To achieve this goal,

we can follow the expression of the competitive ratio r2 to

determinate the proper coefficients between the unit storage

cost and the other unit costs.

B. Simulation Setup and Results

We implement the above simulation scenario with the

open-source simulator ONE [40], describe our problem with

AMPL and solve it with the IPOPT solver (i.e., the primal-

dual interior point method) [33]. Since our online algorithm

consists of multiple components, we will evaluate it with three

groups of algorithms in terms of different perspectives.

In the first group, we will reveal the empirical competitive

ratio r1 and r2, and therefore we take F-OPT, the offline

optimal algorithm for the relaxed problem P′
1; One-shot,

the online algorithm that optimally solve the relaxed problem

P′
1 at each time frame; ORFA, the online approximation

algorithm for the relaxed and regularized problem P2, which

is the first component of ours; and Ours, the complete version

of our online algorithm into account.

In the second group, we will study how the randomized

dependent rounding algorithm would perform in our online

algorithm, compared with RDRA-Y, the same algorithm as

ours while it rounds ỹt rather than z̃t. IRA, a randomized

independent rounding algorithm where each control variable

z̃jt is rounded up or down independently of others; CRA,

a conservative rounding algorithm where all the control vari-

ables z̃t are rounded up. Note that the other components of

our online algorithm are still used in these three algorithms.

In the third group, we will evaluate the performance of our

algorithm, compared with three alternative algorithms in the

latest related works. Matroid, a matroid-based request routing

algorithm which minimizes content as much as possible to

minimize the request routing cost [5], [28]; Cache-only,

an approximate content placement algorithm which aims

at minimizing the content caching and retrieving costs for the

cooperative base stations [6]. We modify it to work for our

problem, since it assumes BSs have unlimited storage capacity;

Greedy, a greedy joint content placement and request

routing algorithm, which minimizing the content caching,

request routing and content mitigation cost at each time

frame [11], [12]. It is close to ours while it neither considers

the resource allocation nor has the performance guarantee.

We adopt the algorithm competitive ratio as the performance

metric, which measures the ratio between its performance and

the offline algorithm’s performance (here, the offline algorithm

is for the original problem P1). We execute the following

simulation, in which we randomly choose 20 continuous time

frames (i.e., a 20-week record in the YouTube dataset) from

8am to 8pm in taxi trajectory traces as six independent test

cases. In a test case, we genreate 10 central offices and

randomly select 30 contents from one category (e.g., High

viewed) for simulation. Each test case is repeated for ten times.

The average simulation results of three groups are shown

in Fig. 5 – Fig. 7. Globally, we observe that our algorithm has a

better performance in the case of the high user requests, which

is in accordance with our theoretical analysis in Section V-D.

In addition, it can achieve a low empirical competitive ratio r1

and r2 as shown in Fig. 5. For example, the performance of

ORFA (i.e., r1) can achieve 1.5× of its corresponding offline

optimum (i.e., F-OPT) on average, and improve up to 45%

compared with the One-shot optimal algorithm. Meanwhile,

the overall performance of our online algorithm (i.e., r2) will

be no more than 2.2× of ORFA’s. These results validate

the efficiency of each component in our online algorithm.

Indeed, we can see in Fig. 6 that our dependent rounding

algorithm has the best performance, and more importantly it

can produce the feasible solution to the original problem with

probability 1 while only 40% and 60% in IRA and RDRA-Y,

respectively. In Fig. 7, the performance of Matroid algorithm

is the worst as expected, since it tries to cache as much content

as possible without taking the storage cost and the adjustment

costs into account. The performance gap between Cache-only

and Greedy emphasizes the effectiveness of request routing,

especially when the number of user requests is large. Greedy

performs better than Matroid and Cache-only, since it takes

more system costs into account. However, we still notice a

considerable gap to the offline optimum, which is mainly

due to the overemphasis on one-shot optimization and no

preparation for the future. In contrast, our regularization-based

online algorithm can produce better results, which improves

40% performance compared with Greedy in most of cases.

In addition, we evaluate the flexibility of our online

algorithm in terms of various system settings. First, we keep

the same settings but change the number of central offices

in test case M1 for simulation. The results in Fig. 8 show

that increasing or decreasing the number of central offices

has a slight impact on our performance, since our algorithm

can make full use of the overall central office resources

to serve user requests. As such, ours can improve up to

4 times, compared with Cache-only and Matroid. We next

conduct a simulation to explore the relationship between

algorithm performance and content amount, in which we

generate 20 central offices and randomly select some contents

from the top 300 popular contents in the dataset. Still, our

performance is much better than the others. The reason is that

the increase of content amount also brings in more resources

in the system since the total resource capacity is always

larger than the resource requirement as mentioned in the

simulation setting, and the algorithm which can make full

use of this additional resources will have a good performance.

Also, we evaluate the performance with different ratios of unit

storage cost and configuration cost. Since our regularization-

based online algorithm emphasizes them equally in the objec-

tive, our performance is relatively stable with the increase of

configuration cost. To sum up, we can declare that our online

algorithm is flexible to support various system settings with

“qualified” performance guarantee.

Next, we evaluate the practical running time of our

algorithm regarding different numbers of central offices and

contents. We exploit the anonym “GLPK” to indicate the

running time of solving the mixed integer problem P1 by using

the GLPK solver at each time frame, and “Total” to indicate

the overall running time of our algorithm (i.e., the sum of

ORFA, RDRA and DDOA). The running time of our algorithm

with different central office amounts when the content amount
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Fig. 5. Results of group 1.

Fig. 6. Results of group 2.

Fig. 7. Results of group 3.

is set to 30 is given in Table III, and that with different

content amounts when the central office amount is set to 5 is

given in Table IV. Note that these results are the average

values in 50 evaluations with different input parameters, and

the purpose of choosing the above small value 30 and 5 is

to respectively highlight the “importance” of the number of

central offices and contents in the running time.

We can find that, our algorithm is lightweight, for example it

only consumes 6.14s when the content amount is 1000, which

achieves 18.8× speedup compared with the GLPK. As for each

component of our algorithm, ORFA intuitively consumes more

time since it has more constraints and control variables, and

RDRA is negligible due to its low time complexity. In addition,

we find that the time ratio of our algorithm is 11.48/0.24 =
47.8 when the number of central offices increases 5 times,

and that is 17.1 when the content amount increases 5 times.

In other words, the number of central offices dominates the

running time, which is in accordance with the intuition due

to the control variables xc
ijt, ∀i, j ∈ N . As a conclusion,

Fig. 8. Change of central office amount.

Fig. 9. Change of content amount.

Fig. 10. Change of cost ratio.

since the number of central offices in practice is limited in the

C-RAN based edge caching framework and our algorithm can

well support a large number of contents, we believe that our

proposed framework is efficiency, flexibility and lightweight.

At last, we also evaluate the impact of ǫtol (i.e, the parameter

“compl_inf_tol” in the IPOPT solver [33]) on the algorithm

performance and running time with the same settings as

mentioned in Table II and III. For clarity, we omit the tedious

results here but highlight our findings as follows: on the

one hand, when this parameter is set to larger than 103,

the algorithm performance will decrease greatly. For example,

the total system cost when ǫtol = 104 is on average 3.6x

larger than that when ǫtol = 10−4; on the other hand, when

it set to smaller than 10−10, the algorithm running time

will at least 2x longer than that when ǫtol = 10−4 without

significant performance improvement. To summary, we will

set ǫtol to 1∼10−8 for our problem in practice, when jointly

taking algorithm performance and running time into account.
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TABLE II

RUNNING TIME WITH DIFFERENT CENTRAL OFFICE AMOUNTS

TABLE III

RUNNING TIME WITH DIFFERENT CONTENT AMOUNTS

VII. CONCLUSION

In this paper, we advocated the edge caching in C-RAN

to facilitate the ever-increasing mobile multimedia services.

We built a comprehensive model to capture the key compo-

nents of edge caching in C-RAN, and formulated a joint

optimization problem, aiming at minimizing the system costs

in terms of storage, VM reconfiguration, content access

latency, and content migration over time, and meanwhile satis-

fying the time-varying user requests and respecting various

practical constraints. We proposed a novel online approxima-

tion algorithm by resorting to the regularization, rounding and

decomposition technique, which could be proved to achieve a

parameterized competitive ratio and polynomial running time.

Extensive trace-driven simulations corroborated the efficiency,

flexibility and lightweight of our online algorithm.
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