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Abstract—Content delivery networks (CDNs) built on clouds
constitute a promising content-distribution-as-a-service alterna-
tive. Exploiting the advantages of the cloud, such as the pay-as-
you-go business model and geographical dispersion of resources, a
cloud-based CDN can provide a flexible and cost-effective solution
to realize content delivery without investments on installing and
maintaining the infrastructures. However, resource reservation
and request routing are critical issues to be addressed in such
systems due to the geographical diversity of cloud resource prices
and the dynamic nature of traffic demands. In this paper, we
investigate the optimal resource reservation problem of cloud
resources and explore the best trade-off between rental cost
and user experience, and formulate the problem and develop a
heuristic approach for it. To deal with fluctuating user demands,
we further investigate the request routing optimization problem
and design an online heuristic algorithm to redirect user requests.
The simulation experiments demonstrate the effectiveness of our
algorithms.

Index Terms—content delivery network, resource reservation,
request routing, cloud, heuristic algorithm

I. INTRODUCTION

Content delivery networks (CDNs) are large distributed

infrastructures of replica servers placed in strategic locations.

By replicating contents of origin server on replica servers,

the contents are delivered to end-users over the Internet as

closely as possible with high-performance guarantee. Today,

enterprises, regardless of their scale, are highly dependent on

CDNs to maintain and develop their business [1].

Traditional CDNs are statically deployed [2, 3]. To deal with

the challenge that user requests may fluctuate dramatically over

time, traditional CDNs typically pre-deploy excessive service

resource to maintain reliable system performance. However,

this can result in low resource utilization in replica servers in

the idle time [4] and consequently increased cost.

The recent emergence of cloud services such as Amazon

S3 opens up new opportunities to enable cost-effective CDNs,

by basing the CDNs on the cloud. For example, Netflix has

moved its streaming servers, data stores, and other customer-

oriented APIs to Amazon Web Services (AWS). As a customer,

one may build a CDN on the cloud to provide CDN services

without the need of investing on installing and maintaining the

infrastructures. In particular, a cloud-based CDN can benefit

from the cloud’s pay-as-you-go business model [5]. Specifically,

the cloud-based CDN can dynamically adjust the lease of CPU,

memory, bandwidth and storage resources from the cloud based

on the traffic demand to reduce the total rental cost without

severely sacrificing the service performance.

To implement a cloud-based CDN, two fundamental issues

have to be addressed, which are resource reservation, i.e.

how many resources should be reserved on the cloud, and

request routing, i.e. how to route user requests to use the

reserved resources in the cloud, for the cloud-based CDN. In

the literature, several recent works have published their results

concerning building cloud-based CDNs [6–9]. However, they

either only considered one content [6–8] or worked on solving

linear programming problems [9], which may be impractical

for large scale systems with rapidly varying demand patterns.

The objective of this work is to design resource reservation

and request routing algorithms that are practical for use in large

scale cloud-based CDNs and can achieve the best user experi-

ence at the least cost. This involves two critical challenges. First,

since users spread over multiple geographically distributed

regions, accordingly in order to improve user experience at

these regions, a cloud-based CDN should deploy its delivery

service in data centers located in or closer to these regions and

the users there. However, such data centers possibly charge

with different prices. Thus, for this cloud-based CDN, it needs

to answer: How many resources (e.g., storage and bandwidth)

should be reversed at each location? Second, the user requests

can be highly dynamic and evolutionary over time. Thus,

request routing is also a dynamic process and it needs to

answer: How should user requests be directed to different geo-

distributed data centers where the resources have been reserved,

online?

With the two challenges in mind, our contributions are

several-fold. First, for resource reservation, we develop a
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general optimization formulation of the problem, aimed to seek

a trade-off between the rental cost and the user experience. We

prove that the optimization problem is NP-hard. Due to this,

we design a heuristic approach for resource reservation, which

provides decisions on what contents are to be replicated and
where to place them, and how many storage and bandwidth
resources should be reserved at each data center. Second,

for request routing, the corresponding optimization problem

is also developed. Though this optimization problem may

be solved using some existing (offline) linear programming

approaches, their time complexity can be too high for online

use that is critical when handling user demand fluctuation under

given reserved resources. To this aim, we design an online
instead of offline algorithm to efficiently route user requests to
optimize user experience. Third, to validate the effectiveness

of our proposed algorithms for the two challenges, we conduct

extensive data-driven simulations. The results indicate that our

algorithms behave closely to the theoretical optimum.

The rest of this paper is organized as follows. Sec. II

formulates the problem and presents a heuristic approach for

resource reservation. Sec. III presents the optimization problem

and a greedy heuristic algorithm for online request routing. The

proposed algorithms are evaluated in Sec. IV. Finally, Sec. V

concludes the paper.

II. RESOURCE RESERVATION

In this section, we formulate the resource reservation problem

and present an effective heuristic algorithm for it.

A. Problem Formulation

1) Notations and definitions: The origin site aims to serve

multiple contents (e.g., videos) to users residing on geo-

distributed locations. Since the service capability of the origin

site is limited, the CDN is built on resources leased from data

centers of the cloud service provider, which are located across

the Internet. When the leased resources at the data centers are

unavailable, the user requests will be redirected to the origin site.

The CDN distributes K contents C = {C1, . . . , Ck, · · · , CK},
indexed with k; serves M geo-distributed locations, which

are denoted as L = {L1, . . . , Li, · · · , LM}, indexed with

i; rents N data centers from the cloud service provider. To

facilitate the formulation, the origin site is denoted as DC0.

The set of data centers and the origin site is denoted as

DC = {DC0, DC1, . . . , DCj , . . . , DCN}, indexed with j. Let

dik denote the demand or request of content k from location i.
2) Decision variables: For resource reservation, the first

decision-making objective is about content deployment: what

contents are to be replicated and where to place them. To

this end, we introduce the first decision-making variable xjk

defined as:

xjk =

{
1 Ck is stored in DCj

0 otherwise
(1)

The second decision-making objective of resource reservation

is about flow allocation: what percentage of the requests should

be assigned to each data center. It determines how much

bandwidth resource should be reserved. For this, we introduce

the second decision-making variable yijk representing the ratio

of the requests on content k routed from location i to data

center j, which is constrained as:

0 ≤ yijk ≤ xjk ∀i, j, k (2)

N∑
j=0

yijk = 1 ∀i, k (3)

where (2) demonstrates the fact that data center j can serve

content k only when it has a copy locally, and (3) ensures that

the total fraction of requests served is 1.

3) The objective: The overall objective is to provide satisfac-

tory content delivery service to users under minimal cost. As for

the cost, we focus on storage rental cost and bandwidth rental

cost from the cloud service provider. For tractability, we assume

storage cost S is linear on the amount of content replicas,

and normalized bandwidth cost B is the average cost per

request ($/request). Here, for the convenience of representation,

we adopt that all contents have normalized size 1 and the

rental costs have been adapted to consider the content size

normalization. Let psj and pbj respectively denote the unit price

for renting storage and bandwidth resources.

User perceived latency is the focused performance metric,

since even small increments can have significant effect on

the reputation of the CDN. CDNs can obtain statistically

averaged latencies through active measurements [10] or latency

prediction tools [11]. Let lij denote the latency from location

i to data center j. Normalized latency L is defined as the

average such latency per request (ms/request).

4) The optimization problem: We are now in a position to

formulate the resource reservation challenge as an optimization

problem that minimizes S, B and L, where are given as follows:

S =
N∑
j=0

psj

K∑
k=1

xjk (4)

B =

∑N
j=0 p

b
j

∑M
i=1

∑K
k=1 yijkdik

dsum
(5)

L =

∑N
j=0

∑M
i=1

∑K
k=1 yijkdiklij

dsum
(6)

where dsum denotes the total content requests or demands for

ease of representation, which is:

dsum =

M∑
i=1

K∑
k=1

dik (7)

However, the goals of minimizing the three objectives can

often be at odds. For example, only minimizing storage cost

would result in that data centers would not store contents and

all requests would flow to the origin site. This would inevitably

lead to higher bandwidth cost at the origin site and longer user

perceived latency. In another instance, only optimizing user

perceived latency would drive requests toward their closest

data center, leading to increased storage cost at each data

center, and in the meanwhile, the bandwidth cost could not be
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optimal since the bandwidth price had not yet been considered.

Considering these, joint optimization on the three objectives

should be performed.
Specifically, we utilize the linear weighting method for the

three objective functions to optimize resource reservation by

w1S +w2B +w3L. Since the weighting factors can be scaled

by adjusting prices of psj and pbj , the optimization objective

function can be simplified and written as S +B + L. Finally,

the optimization problem, denoted as P1, can be expressed as:

min S +B + L (8)

s.t. xjk ∈ {0, 1} ∀j, k (9)

x0k = 1 ∀k (10)

0 ≤ yijk ≤ xjk ∀i, j, k (11)

N∑
j=0

yijk = 1 ∀i, k (12)

5) NP-hardness: The resource reservation optimization

problem P1, i.e. (9)–(13), is NP-hard:

Theorem 1. P1 is NP-hard.

Proof. The original objective function of P1 is equivalent to

min dsum
N∑
j=0

K∑
k=1

psjxjk +
N∑
j=0

pbj

M∑
i=1

K∑
k=1

yijkdik

+
N∑
j=0

M∑
i=1

K∑
k=1

yijkdiklij

(13)

In order to simplify the problem, we have the case where k = 1
and obtain the objective function as follows.

min dsum
N∑
j=0

psjxj +
N∑
j=0

pbj

M∑
i=1

yijdi

+
N∑
j=0

M∑
i=1

yijdilij

(14)

It is not difficult to find that the optimal solution of above

simplest problem must meet yij̃ = 1, ∃1 ≤ j̃ ≤ N for arbitrary

i.
Thus, this problem is a 0-1 integer linear Programming

problem which is well-known as a NP-complete problem, then

a NP-hard problem consequently.

B. Our Heuristic Approach
While as shown above resource reservation is a NP-hard

problem, due to the requirement of fine-grained update (e.g.

1 hour for Amazon EC2), the system needs a way to address

resource reservation efficiently. To this aim, we propose a

heuristic approach that has its foundation on the following:

Theorem 2. Given the content replication strategy xjk, let Qk

denote the set of data centers containing Ck, the solution of
optimal flow assignment can be given as

yijk =

{
1 j = argminj∈Qk

(lij + pbj)
0 j �= argminj∈Qk

(lij + pbj)
(15)

Proof. Due to the content replication strategy xjk is known in

advance, namely the storage cost S is already determined, the

optimization problem P1 can be rewritten as, by removing S
and dsum:

min
N∑
j=0

M∑
i=1

K∑
k=1

yijkdik(p
b
j + lij) (16)

s.t. 0 ≤ yijk ≤ xjk ∀i, j, k (17)

N∑
j=0

yijk = 1 ∀i, k (18)

Assume that DCj1 ∈ DC, DCj2 ∈ DC, xj1k = 1, xj2k = 1.

There exists a optimal solution of flow assignment in which

yij1k>0, yij2k>0, yij1k + yij2k = 1. So we could deduce:

pbj1 + lij1 > yij1k(p
b
j1 + lij1) + yij2k(p

b
j2 + lij2)

(19)

(1− yij1k)(p
b
j1 + lij1) > yij2k(p

b
j2 + lij2) (20)

yij1k(p
b
j1 + lij1) > yij2k(p

b
j2 + lij2) (21)

pbj1 + lij1 > pbj2 + lij2 (22)

Similarly, we can prove that:

pbj2 + lij2 > pbj1 + lij1 (23)

Due to the conflict between (22) and (23), the optimal

solution of flow assignment does not exist for any condition

that yij1k > 0, yij2k > 0, yij1k + yij2k = 1. Thus, the optimal

solution of flow assignment is obtained when yijk = 1, where

j = argminj∈Qk
(lij + pbj).

Based on Theorem 2, the variables xjk and yijk in the

resource reservation problem are decoupled, which can be

solved through two steps: We can first optimize content
replication to book storage resource, and then conduct flow
assignment to reserve bandwidth resource.

For content replication, the detailed algorithm is presented

in Algorithm 1. In this algorithm, we define gainjk as the

reduced S + B + L after a newly added replica Ck in data

center Dj . Initially, there is no content replica in any data

center. First, we calculate the gain gainjk for each content Ck

stored at DCj , and record the best gain best gainjk that Ck

can obtain, as well as the corresponding optimal data center

best DCj . Then, we select Ck with the maximal gain value.

If the value is greater than 0, we repeat the following process:

replicate it at the corresponding optimal data center, and update

its best gain and optimal data center. Specifically, lines 4-6

represent the gain content Ck could obtain if it is replicated

at data center compared with only at origin site DC0. Lines

14-25 illustrate that Ck has already be replicated at a set of

data centers Qk. If a new data center is selected to store this

content, how much value of S +B + L could be reduced for

content Ck.
Finally, storage resource reservation for each data center can

be calculated based on Algorithm 1 as:

sj =
K∑

k=1

xjk. (24)
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In addition, based on Theorem 2, we can obtain bandwidth

resource reservation for each data center as follows:

bj =

M∑
i=1

K∑
k=1

yijkdik. (25)

Algorithm 1 Content Replication Algorithm

Input: M , N , K; traffic demand dik; latency lij ; unit storage cost
psj ; unit bandwidth cost pbj

Output: Content replication indicator xjk

1: Initial xjk ← 0, Qk ← ∅

2: dsum =
∑M

i=1

∑K
k=1 dik

3: for k = 1→ K do
4: for j = 1→ N do
5: gainjk ←

∑M
i=1 dik(li0 − lij + pb0 − pbj)− dsumpsj

6: end for
7: j∗ ← argmaxj gainjk, best DCk ← j∗, best gaink ←

gainj∗k
8: end for
9: while true do

10: k∗ ← argmaxk best gaink

11: if best gaink∗ ≤ 0 then return
12: else
13: j∗ ← best DCk∗ , xj∗k∗ ← 1, Qk∗ ← Qk∗ + j∗

14: for j = 1→ N do
15: if j /∈ Qk∗ then
16: Q′

k∗ ← Q′
k∗ + j

17: for i = 1→M do
18: serve DCold

i ← argminj∈Qk∗ (lij + pbj)
19: serve DCnew

i ← argmin
j∈Q′

k∗
(lij + pbj)

20: end for
21: gainjk∗ ← ∑M

i=1 dik∗(li,serve DCold
i

−
li,serve DCnew

i
+ pb

serve DCold
i
− pbserve DCnew

i
)− dsumpsj

22: else
23: gainjk∗ ← 0
24: end if
25: end for
26: j∗ ← argmaxj gainjk∗ , best DCk∗ ← j∗,

best gaink∗ ← gainj∗k∗
27: end if
28: end while

III. REQUEST ROUTING

In the previous section, the resource reservation problem has

been addressed. Specifically, storage and bandwidth resource at

each data center have been reserved. This reservation is based

on the assumption that content demand could be estimated from

previous knowledge or measurement. However, user requests

are dynamic and evolutionary over time. Due to this, an online

algorithm is required to route user requests to appropriate data

centers effectively. The focus of this subsection is to address

this request routing challenge.

A. The Optimization Problem

Let d̂ik denote the actual demands of content k at location

i, ŷijk denote the actual ratio of demands on content k routed

from location i to data center j. The optimization problem of

request routing, denoted as P2, can be formulated as:

min
N∑
j=0

M∑
i=1

K∑
k=1

ŷijkd̂iklij (26)

s.t. 0 ≤ ŷijk ≤ xjk ∀i, j, k (27)

N∑
j=0

ŷijk = 1 ∀i, k (28)

M∑
i=1

K∑
k=1

ŷijkd̂ik ≤ bj ∀j (29)

where xjk and bj are given in Sec. II from resource reservation.

Theoretically, the global optimal solution of problem P2 can

be solved using linear programming approach such as primal

simplex and dual simplex algorithm. However, P2 has large

number of variables |N | · |M | · |K| and the linear programming

approach requires large iterations and has high computational

complexity, thus it is difficult for online use.

B. Our Heuristic Algorithm

In this subsection, we propose a greedy heuristic algorithm

for online request routing. Our algorithm is elaborated in

Algorithm 2. We assume all requests are first routed to the

origin site. In addition, the residual bandwidth of data brj is

initialized to bj , and the unassigned requests d̂rik is initialized

to d̂ik. Then, Ck is arranged based on its number of copies

in the system in increasing order. We associate geographical

location Li with data center DCj to form pairs, and arrange

them according to the latency lij in increasing order. Finally,

we allocate actual bandwidth to satisfy the requirement of each

Ck in pair (Li, DCj). In this way, ŷijk becomes the decision

result of request routing, and the ratio of demands allocated

to the origin site is ŷi0k = 1−∑N
j=1 ŷijk.

Algorithm 2 Request Routing Algorithm

Input: M , N , K; traffic demand d̂ik; content replication indicator
xjk; bandwidth reservation bj

Output: Ratio of request routing ŷijk
1: Initial ŷijk ← 0, brj ← bj , d̂rik ← d̂ik

2: Sort Ck in increasing order of replication quantity
∣
∣
∣
∑N

j=1 xjk

∣
∣
∣

3: Sort pair (Li, DCj) in increasing order of lij
4: for all pair (Li, DCj) do
5: for all Ck do
6: if xjk = 1 and d̂rik > 0 then
7: d← min(d̂rik, b

r
j )

8: ŷijk ← ŷijk + d

d̂ik

9: d̂rik ← d̂rik − d
10: brj ← brj − d
11: end if
12: end for
13: end for

The time complexity of line 2, line 3, and lines 4-13 in

Algorithm 2 is O(KlogK), O(MNlog(MN)), O(MNK),
respectively. Due to K > MN > logK, the time complexity

of our algorithm is O(MNK).
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IV. PERFORMANCE EVALUATION

A. Experiment Setup

In this section, we present a performance evaluation study

to assess the effectiveness of the proposed algorithms. In the

experiments, the locations of data centers and user locations

are represented as the longitude and latitude of Chinese cities

after clustering. It is considered that the number of data centers

is less than the number of user locations of incoming requests.

We assume that the prices of storage and bandwidth of data

centers follow truncated normal distributions N(μs, (
1
4μs)

2)
and N(μb, (

1
4μb)

2), where μs and μb are the average price of

storage and bandwidth of the experimental set, respectively.

Authors of [12] observed that network latency has substantial

correlation with geographical distance. We introduce conversion

factor β to approximate network latency by geographical dis-

tance (in kilometers). That is, a request with 1km geographical

distance translates to βms network latency. We assume that

the popularity of contents is governed by a Zipf-Mandelbrot

distribution [13] with shape parameter α and plateau parameter

q. The normalized population pk of content k is proportional

to (q + k)−α. The geographical distribution of each content is

randomly generated. The detailed parameters in experiments

are listed in Table I.

TABLE I
EXPERIMENT PARAMETERS SETUP

Parameter Default Value Range

K 500 None
M 40 [20,60]
N 10 [6,14]
μs 0.002 [0.001,0.005]
μb 40 [20,60]
β 0.04 [0.02,0.06]
α 1 [0.6,1.4]
q 0.5 None
∑M

i=1

∑K
k=1 dik 1000000 None

B. Simulation Results

First, we randomly set parameters in the variable range

and conducted 50 experiments. Metric Relative Optimal =
Optimal
Optimal∗ is defined to verify the validity of our resources allo-

cation algorithm, where Optimal∗ is the theoretical optimum

calculated by open source optimization tool1, and Optimal
is the optimum calculated by our Algorithm 1. Fig. 1 shows

the cumulative distribution function of Relative Optimal. It

illustrates that the relative optimal metric of 95% experiments

is less than 1.003. It means that the result calculated by our

algorithm is close to theoretical optimum.

Next, through Fig. 2(a) - Fig. 2(d), we investigate how the

variable values of parameters impact the results in terms of

the optimal value of S +B + L and the corresponding values

of S, B and L.

1http://web.mit.edu/lpsolve/doc/Python.htm

Specifically, Fig. 2(a) illustrates how the optimal value varies

with the shape parameter of content popularity distribution α
increasing from 0.6 to 1.4. It is clear from Fig. 2(a) that, with

the increase of α, the storage cost gradually reduces. The

reason is that with the larger diversity of content popularity,

storing less popular contents can make the system obtain the

same gain. Therefore, the system with flatter content popularity

distribution requires more storage resource to be allocated.

Fig. 2(b) displays the optimal value with the different

geographical conversion factor β. The default β is set as 0.004.

It is clear that, not only user perceived latency but also storage

cost increase as the conversion factor β increases from 0.02 to

0.06. This is because the system needs to deploy more content

copies at the edge to reduce user perceived latency.

Fig. 2(c) and Fig. 2(d) indicate the optimal value with varied

storage price μs and bandwidth price μb. The default storage

price μs and bandwidth price μb are set as 0.002 and 40, and

vary in the range [0.001,005] and [20,60], respectively. As can

be seen from Fig. 2(c), both storage cost and user perceived

latency increase slightly with the increasing storage price. This

is because storage cost and user perceived latency affect each

other, as having been discussed for Fig. 2(b). When storage

cost increases, the system may reduce the number of content

copies stored, leading to the increase of user perceived latency.

Nevertheless, as shown in Fig. 2(d), the rising in the bandwidth

price of data centers has few effect on user perceived latency

and storage cost.

Furthermore, we verify the effectiveness of the proposed

heuristic routing request algorithm under different value of γ.

For this, we utilize truncated Gaussian distribution to simulate

user demands d̂ik ∼ N(dik, (γdik)
2). Fig. 3(a) shows the

bandwidth utilization and average latency of data centers

when the number of contents is K = 500. As can be seen,

the bandwidth utilization and average latency are close to

the optimal results, with the relative errors 0.2% and 4%,

respectively. In addition, we increase the number of contents

to K = 1000. In this case, the number of copies of unpopular

contents stored in the data centers will reduce significantly.

Thus, the average latency of data centers greatly increases,

as illustrated in Fig. 3(b). Nevertheless, it is observed that

the bandwidth utilization and average latency of the proposed

algorithm are still close to the optimal results with relative

error less than 5%.

C
D

F

Relative Optimal

Fig. 1. CDF of Relative Optimal of resources allocation algorithm
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Fig. 3. Bandwidth utilization and average latency of data centers

V. CONCLUSIONS

As the cloud vendors provide on-demand and cost-effective

content storage and delivery capabilities, one can build CDN

on the cloud to adaptively meet the dynamic user request

requirements. In this paper, we have proposed a multi-objective

optimization problem on resources reservation for a cloud-based

CDN, which is formulated to seek a trade-off between the rental

cost and the user experience. Furthermore, in order to adapt

to user demands fluctuation, we have designed an efficient

online request routing algorithm. The data-driven simulation

experiments have shown that our algorithms achieve similar

performance compared to the theoretical optimum.
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