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Abstract Social media streaming has become one of
the most popular applications over the Internet. We
have witnessed the successful deployment of commer-
cial systems with CDN (Content Delivery Network)-
based engines, but they suffer from excessive costs for
deploying dedicated servers. And with the further ex-
pansions on network traffic of social media streaming,
a cost-effective solution remains an illusive goal. The
emergence of cloud computing sets out to meet the
challenge by dynamically leasing cloud servers. This
paper aims to realize the capacity migration of social
media systems to clouds at the reduced cost. Firstly,
by lowering the capacity requested from clouds to re-
duce the capacity migration cost. Based on the crawled
data from YouTube which is the most representative
online social media, we find that with larger than 90%
probability, the YouTube user’s all requested videos
are within three hops of related videos. Then the three
hops of related videos are regarded as a cluster and a
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user’s request can be partly satisfied by other users who
watch videos in the same cluster to lessen the capacity
requested from clouds. Therefore the capacity migra-
tion for clusters is under the P2P (Peer-to-Peer) para-
digm and a cloud-assisted P2P social media system is
proposed. Secondly, given the diverse capacities, cost,
limited lease size of cloud servers, we formulate an
optimization problem about how to lease cloud servers
to minimize the leasing cost and a heuristic solution is
presented. The evaluation based on the crawled data
from a cluster of YouTube videos shows the efficiency
of the proposed schemes.

Keywords Social media · Capacity migration cost ·
Cloud · Peer-to-Peer · Cluster

1 Introduction

The recent years have witnessed an explosion of social
media streaming as a new killer Internet application.
YouTube, the most representative online social media,
enjoys more than 100 million videos being watched
every day [1]. An April 2008 report estimated that
YouTube consumed as much bandwidth as did the
entire Internet in year 2000 [2], and is still enjoying
nearly 20% growth rate per month [3]. Besides that,
many other YouTube-like applications have emerged
and been developing extremely fast. We have witnessed
the successful deployment of these applications with
CDN—based engines, but they suffer from excessive
costs for deploying dedicated servers. And with the fur-
ther expansions and rising expense on network traffic,
a cost-effective solution should be proposed.
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The emergence of cloud computing however sheds
new lights into this dilemma. Cloud computing has
recently emerged as a new computing paradigm for
organizing a shared pool of servers in datacenters into
a cloud infrastructure that can provide reliable, elastic
and cost-effective resources to users. Dynamic resource
provisioning via a cloud has been dramatically changing
the way of enabling scalable and dynamic network
services [4, 5]. There have been initial attempts for
VoD and live streaming applications to migrate their
partial capacity to clouds to mitigate the system de-
ployment cost [7–9]. However, the distinct features of
social media systems call for new solutions toward a
successful cost-effective capacity migration to clouds.
One of the distinct features in YouTube-like social
media systems is that when a user finished one video
and he/she is more likely to select the next video from
the watched video’s related video list [6]. Combined
this feature with our crawled data from YouTube, we
conclude that a user views videos within three hops of
related videos with larger than 90% probability. This
conclusion means that a user’s all requested videos are
mostly in three hops of related videos. We regard the
three hops of related videos as a cluster and a user’s
request can be satisfied by other users who watched
the videos that in the same cluster to lessen the ca-
pacity requested from clouds. Therefore, in this paper,
the capacity migration is for clusters and the capacity
migration for each cluster is in a P2P paradigm. A
cloud-assisted P2P social media system is proposed.
The capacity can’t be satisfied by users will be sup-
plemented by clouds. Given the capacity should be
requested from clouds and realistic parameters of cloud
servers, an optimization problem about how to lease
cloud servers to minimize the leasing cost is formulated
and a heuristic solution is presented.

The remainder of this paper is organized as follows.
We discuss the related work in Section 2. In Section 3,
we present the user’s viewing behavior in YouTube-
like social media systems based on the crawled data
from YouTube. According to the conclusion presented
in Section 3, we propose the model of a cloud-assisted
P2P social media system in Section 4. We study the
characteristics of one cluster in YouTube as an example
in Section 5. A capacity prediction scheme to predict
the capacity supplemented by clouds for a cluster is
proposed in Section 6. In Section 7, we formulate an
optimization problem about how to lease cloud servers
to minimize the leasing cost and propose a heuristic so-
lution for the optimization problem. Section 8 presents
the trace-based evaluations. Finally, we conclude the
paper in Section 9.

2 Related work

Recently there is an upsurge of interest in the research
community in issues arising from running computation-
intensive and data-intensive applications on clouds
[14–19]. Many of these applications can now be satisfac-
torily supported by commercial cloud services [13, 20].

There have been initial attempts for VoD and live
streaming applications to migrate their partial capac-
ity to clouds to mitigate the system deployment cost.
Wu et al. [7] introduced the paradigm of utilizing
cloud services to support VoD applications. Based on
a queueing network model, the viewing behaviors in
multichannel VoD application can be characterized to
derive the cloud server capacities needed to support
smooth playback. Then a dynamic cloud resource pro-
visioning algorithm considering the cloud utilization
cost is proposed. Li et al. [9] extracted many key charac-
teristics of large-scale VoD systems that are relevant to
the hybrid cloud-assisted deployment and realized the
cost-aware content migration of C/S-based VoD appli-
cations to clouds. CALMS (Cloud-Assisted Live Media
Streaming) [8] is a generic framework that facilities a
cost-effective live streaming migration to clouds. It well
accommodates location diversity, mitigating the impact
from user globalization and overall system deployment
costs. As for the migration of social media systems to
clouds, the study in [10] focused on the load balance of
cloud servers and a scheme about the content migration
of social media systems to clouds is presented. Different
from these exiting works, our work aims to realize the
capacity migration of social media systems to clouds
at the reduced cost. Based on the distinct feature of
YouTube-like social media systems, a cloud-assisted
P2P social media system is presented. By lowering the
capacity requested from clouds and minimizing the
leasing cost of cloud servers to reduce the capacity
migration cost.

3 Characteristics of the user’s viewing behavior
in YouTube-like social media systems

We study the user’s viewing behavior in YouTube-like
social media systems. In YouTube, We assume a user
selects the next video from the related video list [6].
Figure 1 shows a concentric ring for video v. Each ring i
represents the related videos of videos that in ring i − 1.
When a user finished watching video v, it can move on
to the video that in any ring of video v. Suppose each
video has r related videos, then the expected number
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Fig. 1 Concentric ring for video v

of videos in ring i is ri. For the correlations among
videos, some videos in ring i may have already in ring j
( j < i) and therefore the real number of videos in ring
i is smaller than ri. The real number of videos in ring i
is ni, then the probability of the real number occupies
the expected number of videos in ring i is Pi = ni \ ri.
The probability of a user through one source video
to get videos in ring i is calculated as P1 · P2 · ... · Pi.
Suppose there are j( j > i + 1) rings for one video. Then
the probability of a user through one source video to
get the videos which are within ring i can be derived as
1 − ∑ j

k=i+1 P1 · P2 · ... · Pk.
We study YouTube as an example and a video in

YouTube generally has 20 related videos. We pick two
source videos and crawl four rings of these two videos
to see the probability of the real number occupies the
expected number of videos in each ring. The two source
videos have the same upload date. One of the source
videos is very popular and the number of views is
about 2,100,000, the other is an unpopular one and the
number of views is only about 1,100. The probability
of the real number occupies the expected number of
videos in the crawled four rings of the two source videos
is shown in Table 1. From Table 1, the probability of the
real number occupies the expected number of videos
in the popular video’s rings is lower than that of the
unpopular video. This phenomenon suggests that the
videos in popular video’s rings have higher probability
to repeat. When a user selects an unpopular video,

Table 1 Probability of the real number occupies the expected
number of videos in four rings

Ring no. Popular source Unpopular source
video video

1 1 1
2 0.562 0.752
3 0.209 0.498
4 0.080 0.299

he/she watches the videos within ring three with the
probability that is close to 1 − 1 · 0.752 · 0.498 · 0.299 ≈
0.89. And when a user selects a popular video, he/she
watches the videos within ring three with the proba-
bility that is close to 1 − 1 · 0.562 · 0.209 · 0.080 ≈ 0.99.
Therefore we conclude that in YouTube-like systems,
users view videos in three hops of related videos with
the probability that is approximately larger than 90%.
In other words, a user’s all requested videos are mostly
in three hops of related videos.

4 The model of a cloud-assisted P2P social
media system

In this section, the model of a cloud-assisted P2P so-
cial media system is presented. From Section 3, in
YouTube-like social media systems, a user’s all re-
quested videos are mostly in three hops of related
videos. Therefore a user’s request can be partly sat-
isfied by other users who watch the related videos that
in three hops. To lessen the capacity migrated to clouds,
the three hops of related videos are regarded as a
cluster and the capacity requested from one cluster can
be partly satisfied by the users in that cluster.

Figure 2 shows the model of a cloud-assisted P2P
social media system. The social media system is par-
titioned into several clusters, the capacity requested
from one cluster can’t be satisfied by users will be
supplemented by clouds. A broker is a communicating
interface between the cloud provider and social media
application provider, via which the application provider
can submit requests to clouds. The track servers record
the user’s viewing information of each cluster which
can be used to derive the capacity requested from
clouds. The function of track servers will be detailed in
Section 6. As there may be potential latencies in
initiating leases in real world cloud platforms, e.g.
10–30 min in Amazon EC2, it is essential to make a leas-
ing decision in advance. Therefore how to well predict
the capacity supplemented by clouds for each cluster
is also a key issue to realize the capacity migration.
Then given that the cloud servers have different types,
capacities, cost, and limited lease size, the other key
problem is about leasing which type and how many
cloud servers of that type to minimize the leasing cost.

5 Characteristics for clusters

We study one cluster of YouTube videos as an exam-
ple to see the evolution of views and the popularity
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Fig. 2 A cloud-assisted P2P
social media system

distribution of videos. Recall that the three hops of
related videos are regarded as a cluster. The cluster has
about 2000 related YouTube videos and the videos in a
cluster are got by a crawl which start with one video and
went to three depths. Then the number of views in the
cluster is collected by a crawler which performed once
a hour. As the lease duration of cloud servers is short,
e.g. 1 h for EC2, the short-term evolution of views is
investigated and we crawl 24 h for the cluster.

5.1 Evolution of views in short term

From Fig. 3, we can see that the number of views for the
crawled cluster is increasing without large fluctuation
and it is predictable. The reason for this may be the
types of videos in a cluster are various and there are
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Fig. 3 The evolution of views

relative popular as well as unpopular videos, which can
be seen from Fig. 5. Given the views time series {Nt} of
a cluster in the past few hours, we can make the fine-
grained prediction into its future evolution. Due to the
increasing trend of views exhibited in a cluster, {Nt}
is clearly non-stationary. The ARIMA(autoregressive
integrated moving-average) model which is a gener-
alization of an ARMA model(autoregressive moving
average) is applied for non-stationary views prediction.
Now we briefly outline the ARIMA model [11].

The ARIMA(p, d, q) series can be defined by the
following equation:

A(B)∇d yt = C(B)εt

where yt is the time series, εt is a white noise process.

A(B) = 1 − α1 B − α2 B2 − ... − αp Bp

C(B) = 1 − β1 B − β2 B2 − ... − βq Bq

B is the lag operator which gives the previous value
of the series when placed in front of any variable with
a time subscript: Bxt = xt−1, (1 − B)xt = xt − xt−1. d is
the number of differences required to give a stationary
series. ∇d is the dth power of difference operator.

For the given views time series Nt has a liner growth
behavior, d is chosen to be 1 to make a stationary
process. We make an one hour-ahead views prediction.
The data of the first 10 h are chosen as the initial
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Fig. 4 Views prediction based on ARIMA model

training data, the parameter p and q are obtained
through a maximum likelihood estimator [11]. We
predict the number of views for the crawled cluster.
Choose the first 10 h as the initial training data to
predict the number of views in the 11th h, when the
actual number of views of the 11th h is derived, it is
added to the training data set to predict the views of the
next hour. The process is dynamic for that when there
has an actual value, it is added to the training data set
to predict the next value. Figure 4 shows that one hour-
ahead views prediction based on ARIMA model for the
crawled cluster.

5.2 Video popularity distribution

Figure 5 shows the number of views against the rank
of videos in log-log scale for the crawled cluster. We
can see it begins with a fit like a Zipf’s distribution with
a = 0.74 and the tail decreases tremendously.

10
0

10
1

10
2

10
3

10
4

10
3

10
4

10
5

10
6

10
7

10
8

10
9

Rank

V
ie

w
s

 

 

Zipf(a=0.74)

Measured data

Fig. 5 The number of views against different rank of videos

6 Capacity prediction

As there may be potential latencies in initiating leases
in real world cloud platforms, e.g. 10–30 min in Amazon
EC2, it is essential to make a leasing decision in ad-
vance. Therefore the capacity prediction for a cluster
to predict the capacity supplemented by clouds is also a
key issue to successfully realize the capacity migration
to clouds. In this section, we present the capacity pre-
diction scheme for a cluster to derive the capacity sup-
plemented by clouds. Firstly, the access probabilities
among videos are given. Secondly, based on the access
probabilities among videos, the user’s contribution and
the capacity supplemented by clouds are derived. We
summarize important notations used in this paper in
Table 2 for ease of reference.

6.1 Access probabilities among videos

The access probability between video i and j is the
probability that a user finished video i then choose to
watch video j. The track servers maintain a peer list for
each video and peers in the peer list cache the watched
videos. For each video, the access probabilities with
other videos are calculated by the cache information of
peers in its peer list. For example, for the peer list li of
video i, suppose the total number of videos that peers
in li cached is m and there are m j peers in li who cached

Table 2 Notation table

Symbol Definition

N(t) Views for time period t.
Pij(c) The correlation probability between

video i and j in cluster c.
m The number of videos in a cluster.
u The upload capacity of each peer.
b The download bandwidth requested by one

peer to ensure the smooth playback.
r The ratio of the new comers.
S j(t) The number of peers who are not new

comers for video j for time period t.
E(V j(t)) Expected number of seeds for video j

in time period t.
E(V(t)) Expected number of seeds for all videos

in time period t.
R Capacity supplemented by clouds.
Ci The leasing cost of cloud servers of

type i.
Ni The maximal lese size of cloud servers

of type i.
bi The bandwidth allocated for cloud

servers of type i.
ni The number of cloud servers of type i

to be leased
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video j, then the access probability between video i and
j is calculated as m j/m.

6.2 Capacity provisioned by clouds with user-assistance

The capacity prediction is for one cluster. We suppose
N(t) is the predicted number of views for time period
t and there are r · N(t)(0 ≤ r ≤ 1) new comers for the
cluster, where r is the ratio of the new comers. As
users in one cluster can share videos with each other,
the (1 − r) · N(t) users who cache the watched videos
are potential seeds for videos in that cluster. Then the
users’ contributions to the requested capacity from one
cluster can be derived.

The (1 − r) · N(t) potential seeds’ viewing behavior
for different rank of videos in one cluster is supposed to
follow a Zipf (a = 0.74) distribution. Then the number
of users who cached video j can be derived and it
is supposed to be S j(t). For the correlations among
related videos, users who cached video j may also be
the seeds for its related videos. The access probabilities
among videos in cluster c can be demonstrated as a
matrix P(c). Pij(c) represents the access probability
between video i and j. Suppose there are m videos in
cluster c, the expected number of seeds for video j in
time period t is E(V j(t)) which can be derived as

E(V j(t)) =
m∑

i=1,i �= j

S j(t) + Si(t) · Pij(c) (1)

Then the expected number of seeds for all videos in
time period t is E(V(t)) which can be calculated as

E(V(t)) =
m∑

i=1

E(Vi(t)) (2)

Suppose each user has the same upload bandwidth of
u and the bandwidth requested for a user to ensure the
smooth playback is b . Then the capacity supplemented
by clouds for time period t can be derived as

R = b · N(t) − u · E(V(t)) (3)

7 Cost-effective leasing cloud servers

Given the unit time for the duration of leasing a server
is one hour, the provision algorithm presented below
is periodically run every interval of 1 h. The capacity
supplemented by clouds to satisfy the users’ demand in
each leasing duration is got by the capacity prediction
scheme that is presented in Section 6. Given different
types of cloud servers with different capacities, cost and

maximal lease size, the objective is to find the optimal
leasing types and numbers of cloud servers to minimize
the leasing cost. In this section the problem about how
to lease cloud servers is formulated and a heuristic
solution for the problem is proposed.

7.1 Problem statement

Denote there are n types of cloud servers can be leased
from the cloud providers. The maximal number of
cloud servers can be leased from type i is Ni. The
leasing cost for cloud servers of type i is Ci. Let bi

be the bandwidth capacity has been allocated for the
cloud servers of type i. Recall that R is the predicted
capacity supplemented by clouds, which can be de-
rived from Eq. 3. Define a cloud service lease sched-
ule as S = {(1, n1), (2, n2), ..., ( j, n j)}, j ≤ n, in which
the item (i, ni)(1 ≤ i ≤ n) represents that there are ni

cloud servers of type i to be leased. The problem is
to find a proper cloud lease schedule S, subjecting to
the following constraints: (1) Streaming quality con-
straint:

∑ j
i=1 bi · ni ≥ R, j ≤ n. (2) Maximal lease size

constraint: ni ≤ Ni. The streaming quality constraint
asks that the requested capacity should be no less than
the predicted capacity supplemented by clouds. As the
lease size of cloud servers is limited, the maximal lease
size constraint for each type of cloud servers is required.
Under these constraints, the objective is to minimize
the leasing cost: Clease = ∑ j

i=1 Ci · ni.
Then the optimal problem to decide the lease sched-

ule is described as:

min
j∑

i=1

Ci · ni

Constraints:

j∑

i=1

bi · ni ≥ R, j ≤ n

ni ≤ Ni, i = 1...n.

As the problem described above, the combinatorial
optimization problem can be reduced to a Multiple
Knapsack Problem [12].

7.2 Heuristic solution

The heuristic solution for the combinatorial optimiza-
tion problem described in Section 7.1 is based on a
greedy algorithm which is making the locally optimal
choice at each stage with the hope of finding a global
optimum.
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The cloud server of type i is represented by a triple
(i, Ci, Ni) (1 ≤ i ≤ n), where Ni is the maximal lease size
of cloud servers of type i. Set C is {(i, Ci, Ni)} (1≤ i≤n),
it represents the set of all types of cloud servers.
Recall that set S is the lease schedule. The element
in S is (i, ni) which represents there are ni cloud servers
of type i to be leased. The bandwidth allocated for
cloud servers of type i is bi and the capacity provided
by the cloud servers in set S is R0. The capacity needed
to be supplemented by clouds is R. The description
of the heuristic solution is as follows: (1) Pick a triple
(i, Ci, Ni) from set C, the picked triple has the mini-
mum value of Ci compared to other triples in set C.
Then based on the value of Ni ∗ bi + R0 to do the
corresponding operations described as follows: (2) If
Ni ∗ bi + R0 < R, Put (i, Ni) in set S, recalculate R0

and delete (i, Ci, Ni) from set C, then go to (1); (3) If
Ni ∗ bi + R0 > R, get the minimum integer value of ni

which makes the value of ni ∗ bi + R0 is no smaller than
R, then put (i, ni) in set S and S is the final set for the
lease schedule; (4) If Ni ∗ bi + R0 = R, put (i, Ni) in
set S and S is the final set for the lease schedule. The
pseudo-code of the process is presented in Algorithm 1.

Algorithm 1 Algorithm for leasing cloud servers
INPUT: The set of all types of cloud servers C =

(1, C1, N1), ..., (m, Cn, Nn)

Pick a triple from set C with the minimum value of
Ci, then put it in set S
while (Ni ∗ bi + R0) < R do

Pick a triple from set C with the minimum value of
Ci, then put it in set S
Recalculate the value of R0

end while
if Ni ∗ bi + R0 > R then

Get the minimum integer value of ni which makes
the value of ni ∗ bi + R0 is no smaller than R, then
put (i, ni) in set S

end if
if Ni ∗ bi + R0 = R then

Put (i, Ni) in set S
end if

OUTPUT: The leasing schedule set S

8 Simulation

8.1 Simulation parameters

The cost-effective capacity migration of social media
system to clouds is for clusters in this paper. Then

Table 3 Cloud servers configurations

Type Price Maximal Capacity
per hour lease size

Small $0.12 75 9
Large $0.48 55 17
Extra large $0.96 40 29
Micro $0.03 90 5

the views evolution in our simulation is based on the
crawled cluster. The leasing cost of different types of
cloud servers is based on Amazon EC2 [13] and the
leasing cost of cloud servers is the price for hours.
The meaning of parameters b , u, r is as described in
Section 6. If there is no special explanation, we suppose
r = 0.6, b = u. The scheme of leasing cloud servers is
as presented in Section 7. The capacity allocated for
different types of cloud servers is different and it is
reflected by the number of peers that can be simul-
taneously satisfied by the cloud server. The supposed
capacity and maximal lease size for each type of cloud
servers are shown in Table 3.

8.2 Efficiency of the proposed schemes

We use the views of the crawled cluster in the first
10 h as the initial training data set and make the one-
hour ahead prediction. The capacity provisioned by
clouds is got from the capacity prediction scheme which
is presented in Section 6.1. There are two metrics to
evaluate it. One is the proportion of unmet users which
is the number of unmet users divided by the number
of total requested users. The other is the deviation
rate between the real and predicted capacity which
is calculated by the difference between the real and
predicted capacity divided by the real capacity. From
Fig. 6, the deviation is decreasing with time for that
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Fig. 6 Deviation between the actual and predicted capacity
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Fig. 7 Unmet user requests

the dynamic prediction with the increasing number of
training data makes the views prediction more accurate.
Figure 7 shows the unmet user requests, we can see
that the unmet user requests is zero in some time
periods and the reason for this is the predicted capacity
is larger than the real capacity. It is not to say that
the efficiency of the capacity prediction is good when
the unmet user requests is zero, for that it is uneco-
nomic when the deviation between predicted and real
capacity is high. As shown in Figs. 6 and 7, though the
unmet user request is zero in the first 4 h, the corre-
sponding deviation in these time periods are relatively
high and there must be some wastage on leasing cloud
servers.

The scheme about leasing cloud servers with diverse
capacities, types, cost and limited lease size is based on
a greedy algorithm. We compared it to a random based
leasing scheme. In the random based leasing scheme,
different from the greedy based algorithm, the first
step of the leasing algorithm shown in Section 7.2 does
not pick a triple with the minimum cost but randomly
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Fig. 8 Efficiency of the proposed leasing scheme
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Fig. 9 Impact of ratio r on the cost

pick a triple. Figure 8 shows that the leasing cost of
the random based scheme is higher than that of the
proposed scheme.

8.3 Impact of ratio r on the leasing cost

Figure 9 shows that the impact of parameter r on the
leasing cost. Recall that r is the ratio of new com-
ers in each time period. It is clearly that the leasing
cost is decreasing with r decreases. The reason for
this phenomenon is that the decreasing r makes the
capacity provided by users increasing and then lessen
the capacity supplemented by clouds. r = 1 represents
that the user’s demand should be only satisfied by
cloud servers without other users’ assistance and under
this circumstance, the cost is the highest. Figure 9 also
suggests that users in one cluster cache the watched
videos can be seen as seeds for the cached videos and
the user’s contribution decreases the demand requested
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from cloud servers as well as the leasing cost of cloud
servers.

8.4 Impact of user’s upload capacity u
on the leasing cost

As users that in one cluster can share videos with each
other to lessen the capacity migrated to clouds, we
also evaluated the impact of users’ upload bandwidth
availability on the leasing cost of cloud servers. We
vary the value of the user’s upload bandwidth u to see
the impact on the leasing cost. As expected, less cloud
resource and leasing cost is needed when user’s upload
capacity is higher. As shown in Fig. 10, for each leasing
duration, the higher upload capacity of users and the
lower leasing cost of cloud servers.

9 Conclusion and future work

In this paper, we realized the capacity migration of
social media systems to clouds at the reduced cost.
Based on the crawled data from YouTube which is the
most representative online social media, we find that a
user views videos within three hops of related videos
with the probability that is larger than 90%, in other
words, a user’s all requested videos are mostly in three
hops of related videos. The three hops of related videos
are regarded as a cluster and a user’s request can be
partly satisfied by other users in the same cluster to
lessen the capacity requested from clouds. The capacity
migration for clusters is in a P2P paradigm. A cloud-
assisted P2P social media system is presented to reduce
the capacity migration cost. The capacity cannot be
satisfied by users in one cluster will be supplemented
by clouds. As there may be potential latencies in ini-
tiating leases in real world cloud platforms, e.g. 10–
30 min in Amazon EC2, it is essential for the successful
migration to make a leasing decision in advance. And
based on the characteristics of a cluster of You-tube
videos, a capacity prediction scheme for one cluster is
presented. Then given the capacity supplemented by
clouds, and the diverse capacities, cost, limited lease
size of cloud servers, we formulated an optimization
problem about how to lease cloud servers to minimize
the leasing cost and a heuristic solution is presented.
The evaluation based on the real data from a cluster of
YouTube videos showed the efficiency of the proposed
schemes.

For each cluster, the clouds are supposed to have all
videos and the content placement scheme is not con-
sidered. However, from the crawled data, we can see

there have various types of videos in a cluster, such as
popular and unpopular videos. Most unpopular videos
may be served by users and it is obviously uneconomic
when they are all placed on clouds. In the future work,
we will focus on the cost-effective content placement
scheme for the social media systems and take the cost
of content placement into account. From the key issues
for realizing the cost-effective capacity migration of
social media systems to clouds, the further study for
a capacity prediction model of social media systems is
also needed.
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