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Abstract: In this paper, we study user profile matching with privacy-preservation in mobile social networks (MSNs) and 
begin a family of novel profile matching protocols. We first propose an explicit Comparison-based Profile Matching protocol 
(eCPM) which runs between two parties, an initiator and a responder. The eCPM enable the initiator to obtain the 
comparison-based matching result about a specified attribute in their profiles, while stop their attribute values from 
revelation. We then propose an implicit Comparison-based Profile Matching protocol (iCPM) which allows the initiator to 
straight obtain some messages in its place of the comparison result from the responder. The messages distinct to user profile 
can be divided into numerous categories by the responder. The initiator unquestioningly selects the engaged classification 
which is unidentified to the -responder. Two information in each team are ready by the -responder, and only one concept can 
be acquired by the initiator according to the comparison outcome on only one feature. We further simplify the iCPM to an 
implicit Predicate-based Profile matching protocol (iPPM) which allows complex comparison criteria spanning multiple 
attributes. we propose a new mobile video streaming framework, dubbed AMES-Cloud, which has two main parts: AMoV 
(adaptive mobile video streaming) and ESoV (efficient social video sharing). AMoV and ESoV construct a private agent to 
provide video streaming services efficiently for each mobile user. For a given user, AMoV lets her secret agent adaptively 
adjust her stream flow with a scalable video coding technique based on the feedback of link quality. Likewise, ESoV 
monitors the social network interactions among mobile users, and their private agents try to prefetch video content in 
advance. We implement a prototype of the AMES-Cloud structure to show its performance. It is shown that the private 
agents in the clouds can effectively provide the adaptive streaming, and perform video sharing (i.e., prefetching) based on 
the social network analysis. 
 
Keywords: Mobile Social Network, Profile Matching, Privacy Preservation, Homomorphic Encryption, Oblivious Transfer. 
 
 
I. INTRODUCTION  
 
In the MSNs, we believe a generalized function to 
support information exchange by using profile 
matching as a metric. Following the previous 
example, we consider two CIA agents with two 
different priority levels in the CIA system, A with a 
low priority and B with a high priority . They 
know each other as a CIA agent. However, they do 
not want to reveal their main concern levels to each 
other. B wants to split some messages to A. The 
messages are not related to user profile, and they are 
divided into multiple category, e.g., the messages 
related to different regions (New York or Beijing) in 
different years (2011 or 2012). B shares one message 
of a specified category T at a time. The category T is 
chosen by A, but the choice is unknown to B. For 
each category, B prepares two self-defined messages, 
e.g., a low-confidential message for the CIA agent at 
a lower level and a high-confidential message for the 
agent at a higher level. Because , A finally 
obtains the low-confidential message without 
observant that it is a low confidential one. In the 
meantime, B does not know which message A 
receives. The above function offers both A and B the 
highest secrecy since neither the comparison result 
between and is disclose to A or B nor the 
category T of A’s interest is disclosed to B. In the 

following, we refer to A as the initiator B as the 
responder , the attribute used in the comparison 
(i.e., priority level) as a, and the category T of A’s 

interest as x. The attribute values of and  
Scenario-1: The initiator wants to know the 
comparison result, i.e., whether it has a value larger, 
equal, or smaller than the responder on a specified 
attribute. For example, as shown in Fig. 1 (a), the 

initiator expects to know if , or a 

 
 
Scenario-2: The initiator expect that the -responder 
stocks one concept linked with the type of its interest, 
which is however kept unidentified to the -responder. 
Meanwhile, the -responder wants to discuss with the 
initiator one concept which is identified by the 
evaluation outcome of their feature principles. For 
example, as shown in Fig. 1 (b), both  and  know that 
is used in the evaluation and the groups of 
information are   The initiator  first produce a (0, 1)-
vector where the y-th sizing value is 1 and other 
sizing principles are 0. Then,  encrypts the vector 
with its own public key and delivers the ciphertexts 
(E(0), • • • , E(1), • • • , E(0)) to the -responder  . The 
ciphertexts indicate u ’s fascinated classification, but 
is incapable to know since E(0) and E(1) are non-
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distinguishable without a decryption key. also 
provides its feature value a in an secured form so that  
is incapable to obtain a makes λ sets of information, 
each couple ( and ) with regards to one classification  
carries out a calculations over the cipher text 
messages and delivers the outcome to  . Lastly, 
obtains, and acquires by the decryption. While getting 
movie loading traffic via 3G/4G cellular systems, 
cellular customers often experience from long shield 
time and sporadic interruption due to the restricted 
data transfer useage and link condition fluctuation 
due to multi-path including and user flexibility. Thus, 
it is crucial to enhance the support high top quality of 
cellular movie loading while using the social media 
and estimate sources efficiently. Lately there have 
been numerous research on how to enhance the 
support high top quality of cellular movie loading on 
two aspects: _  
 
Scalability: Cellular movie loading army should 
support a wide variety of mobile devices; they have 
different movie solutions, different processing 
abilities, different wi-fi links (like 3G and LTE) and 
so on. Also, the available weblink capacity of a cell 
phone may differ over time and space based on its 
indication strength, other users traffic in the same 
cell, and weblink condition difference. Storing 
multiple versions (with different bit rates) of the same 
video content may incur high overhead in terms of 
storage space and communication. To address this 
issue, the Scalable Video Coding (SVC) technique 
(Annex G extension) of the H.264 AVC video 
compression standard defines a base layer (BL) with 
multiple enhance layers (ELs). These sub streams can 
be encoded by exploiting three scalability features: (i) 
spatial scalability by layering image resolution 
(screen pixels), (ii) temporal scalability by layering 
the frame rate, and (iii) quality scalability by layering 
the image compression. By the SVC, a video can be 
decoded/played at the lowest quality if only the BL is 
delivered. However, the more ELs can be delivered, 
the better class of the video stream is achieved. 
 
Adaptability  
Traditional video streaming techniques designed by 
bearing in mind relatively stable traffic links between 
servers and users, perform poorly in mobile 
environments . Thus the fluctuating wireless link 
status should be properly deal with to provide 
‘tolerable” video streaming services. To address this 
issue, we have to adjust the video bit rate adapt to the 
currently time-varying available link bandwidth of 
each mobile user. Such adaptive streaming techniques 
can effectively reduce packet losses and bandwidth 
waste. Scalable video coding and adaptive stream 
techniques can be jointly combined to accomplish 
effectively the best possible quality of video 
streaming services. That is, we can dynamically 
adjust the number of SVC layers depending on the 
current link status. However most of the proposals 

seeking to jointly utilize the video scalability and 
adaptability rely on the active control on the server 
side. That is, every mobile user needs to individually 
report the transmission status (e.g., packet loss, delay 
and signal quality) sometimes to the server, which 
predicts the available bandwidth for each user. Thus 
the problem is that the server should take over the 
extensive processing overhead, as the number of 
users increases. Cloud compute techniques are poised 
to flexibly provide scalable resources to 
content/service providers, and process offloading to 
mobile users. Thus, cloud data centers can easily 
provision for large-scale real-time video services as 
investigate in. Several studies on mobile cloud 
compute technologies have proposed to make 
personalized intelligent agents for servicing mobile 
users, e.g., Cloudlet and Status. This is because, in 
the cloud, many agent instances (or threads) can be 
maintained dynamically and efficiently depending on 
the time-varying user demands. Recently social 
network services (SNSs) have been increasingly 
popular. There have been proposals to improve the 
quality of content delivery using SNSs. In SNSs, 
users may share, comment or re-post videos among 
friends and members in the same group, which 
implies a user may watch a video that her friends 
have recommended. Users in SNSs can also follow 
famous and accepted users based on their interests 
(e.g., an official facebook or twitter account that 
shares the newest pop music videos), which is likely 
to be watched by its followers. In this regard, we are 
further provoked to exploit the relationship among 
mobile users from their SNS behavior in order to 
prefetch in advance the beginning part of the video or 
even the whole video to the members of a group who 
have not seen the video yet. It can be done by a 
setting job support by the agent (of a member) in the 
cloud; once the user clicks to watch the video, it can 
instantly start playing. In this paper, we design a 
adaptive video streaming and prefetching framework 
for mobile users with the above objectives in mind, 
dubbed AMES-Cloud. AMES-Cloud constructs a 
private agent for each mobile user in cloud computing 
environments, which is used by its two main parts: (i) 
AMoV (adaptive mobile video streaming), and ESoV 
(efficient social video sharing). The contributions of 
this paper can be summarized as follows:AMoV 
offers the best possible streaming experiences by 
adaptively controlling the streaming bit rate  
depending on the fluctuation of the link quality. 
AMoV adjusts the bit rate for each user leveraging 
the scalable video coding. The private agent of a user 
keeps track of the feedback in order on the link status. 
Private agents of users are dynamically initiated and 
optimized in the cloud compute platform. Also the 
real-time SVC coding is done on the cloud computing 
side efficiently. AMES-Cloud supports distributing 
video streams efficiently by facilitating a 2-tier 
structure: the first tier is a content delivery network, 
and the second tier is a data center. With this 
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structure, video allocation can be optimized within 
the cloud. Unnecessary redundant downloads of 
popular videos can be prevented. Based on the 
analysis of the SNS activities of mobile users, ESoV 
seeks to provide a user with instant playing of video 
clips by prefetching the video clips in advance from 
her private agent to the local storage of her device. 
The strength of the social links between users and the 
history of various social activities can 
probabilistically determine how much and which 
video will be prefetched. 
 
II. RELATED WORK 
 

 
Fig. 1. An illustration of the AMES-Cloud framework 

 
A. Adaptive Video Streaming Techniques 
In the adaptive stream, the video traffic rate is 
adjusted on the fly so that a user can experience the 
maximum possible video quality based on his or her 
link’s time-varying bandwidth capacity. There are 
mainly two types of adaptive streaming techniques, 
depending on whether the adaptivity is controlled by 
the client or the server. The Microsoft’s Smooth 
Streaming  is a live adaptive stream service which 
can switch among different bit rate segments encoded 
with configurable bit rates and video resolution at 
servers, while clients dynamically request videos 
based on local monitoring of link quality. Adobe and 
Apple also developed client-side HTTP adaptive live 
stream solutions operating in the similar manner. 
There are also some similar adaptive streaming 
services where servers control the adaptive 
communication of video segments, for example, the 
Quavlive Adaptive Streaming. However, most of 
these solutions maintain multiple copies of the video 
content with different bit rates, which brings huge 
load of storage on the server. Regarding rate adaption 
controlling techniques, TCP rates friendly rate control 
methods for streaming services over mobile networks 
are proposed, where TCP throughput of a flow is 
predicted as a purpose of packet loss rate, round trip 
time, and packet size. Considering the estimated 
throughput, the bit rate of the streaming traffic can be 
adjusted. A rate adaptation algorithm for 
conversational 3G video streaming is introduced by. 

Then, a few cross-layer version techniques are 
discussed, which can acquire more accurate 
information of link quality so that the rate adaptation 
can be more accurately made. However, the servers 
have to always control and thus suffer from large 
workload. Recently the H.264 Scalable Video Coding 
(SVC) technique has gained a momentum An 
adaptive video streaming system based on SVC is 
deployed in, which studies the real-time SVC 
decoding and encoding at PC servers. The work in 
proposes a quality-oriented scalable video release 
using SVC, but it is only tested in, a simulated LTE 
Network. Regarding the programming performance 
of SVC, Cloud Stream mainly proposes to deliver 
high-quality streaming videos through a cloud-based 
SVC proxy, which discovered that the cloud 
computing can significantly improve the performance 
of SVC coding the above studies motivate us to use 
SVC for video streaming on top of cloud computing. 
 
B. Mobile Cloud Computing Techniques 
The cloud computing has been well positioned to 
provide video streaming services, especially in the 
wired Internet because of its scalability and 
capability. For example, the quality-assured 
bandwidth auto-scaling for VoD streaming based on 
the cloud computing is proposed , and the CALMS 
framework is a cloud assisted live media streaming 
service for globally distributed users. However, 
extending the cloud computing-based services to 
mobile environments requires more factors to 
consider: wireless link dynamics, user mobility, the 
limited capability of mobile devices. More recently, 
new design for users on top of mobile cloud 
computing environments are proposed, which 
virtualize private agents that are in charge of satisfy 
in the requirements (e.g. QoS) of individual users 
such as Cloudlets  and Stratus. Thus, we are 
motivated to design the AMES-Cloud framework by 
using virtual a gents in the cloud to provide adaptive 
video streaming services. 
 
III. EXPLICIT COMPARISON-BASED 

APPROACH 
 
In this section, we present the explicit Comparison-
based Profile Matching protocol, i.e., eCPM. This 
protocol allows two users to compare their attribute 
values on a specified attribute without disclose the 
values to each other. But, the protocol reveals the 
comparison result to the initiator, and therefore offers 
qualified anonymity. 
 
a. Bootstrapping 

The protocol has a fundamental bootstrapping phase, 
where the TCA generate all system parameters, user 
pseudonyms, and keying materials. Specifically, the 
TCA runs G to generate⟨p, q, R, R, χ⟩ for initiating 
the homomorphic encryption (see Sec. III-A). The 
TCA generates a pair of public and private keys (
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 for itself. The public key 
is open to all users; the private key is a secret 
which will be used to issue certificates for user 
pseudonyms and keying materials, as shown below. 
In this section, we propose the implicit Comparison-
based Profile Matching (iCPM) by adopting the 
oblivious transfer cryptographic technique. We 
consider users have distinct values for any given 
attribute. As shown in Fig. 3, the iCPM consists of 
three main steps. In the first step,  chooses an 
involved category  by setting y-th element to 1 

and other elements to 0 in a λ-length vector . 
then encrypt the vector by using the 

homomorphic encryption and sends the encrypted 
vector to . Thus,  is unable to know T but still 
can process on the cipher text. In the second step, 
computes    the ciphertexts with input of self-defined  

messages for  two 

encrypted vectors and its own attribute 

value In the last step, u in the last step  
decrypts the cipher text and obtain 

 
 
a.Protocol Steps 

 
Fig. : The iCPM flow 

 
In the iCPM, the responder prepares λ pairs of 
messages ) for category 
where and 
These messages are not related to s profile. The 
initiator , s first decides which category  it 
wants to receive messages related to. But does 
not disclose  to . Then, the responder 
shares either s to without knowing which one will 
be received by . When the protocol finishes, 
receives one of and with no clue about the 
comparison result. We elaborate the protocol steps 
below. 

 
 
b.Effectiveness Discussion 

 
 The confidentiality of user profiles is   certain by the 
homomorphic encryption. The comparison result  
is always in the encrypted format, and is not 
directly disclosed to The revealed information is 

either or  which is unrelated to user 
profiles. Therefore, the protocol contact do not help in 
guessing the profiles, and the full anonymity is 
provided. In the meantime, vector  is always in an 
encrypted format so that  is unable to know the 
interested category of . In addition, 
ensures that only one of and will be 
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revealed to  The non-forgeability property is 
similar to that of the eCPM. will not lie as it 

makes signature ) and gives it to 
. The profile fake attack will be detected if  

reports the signature to the TCA. Moreover,  has 
no need to lie as it can achieve the same objective by 
simply modify the contents of and.  
 
IV. IMPLICIT PREDICATE-BASED 

APPROACH 
 
Both the eCPM and the iCPM perform profile 
matching on a single attribute. For a matching 
connecting multiple attributes, they have to be 
executed multiple times, each time on one attribute. 
In this section, we extend the iCPM to the multi 
attribute cases, without jeopardizing its anonymity 
property, and obtain an implicit Predicate-based 
Profile Matching protocol, i.e., iPPM. This protocol 
relies on a predicate which is a logical expression 
made of multiple comparisons across distinct 
attributes and thus supports complicated matching 
criteria within a single protocol run. As shown in Fig. 
the iPPM is composed of three main steps. In the first 
step, dissimilar from the iCPM, n encrypted 
vectors of its attribute values corresponding to the 
attributes in A where A (|A| = n = w) is the attribute 
set of the predicate _. In the second step, sets 2λ 

polynomial functions for 

generates 2λn secret shares from 

 by chossing 
and arranges them in a 

certain structure according to the predicate  For every 
2λ secret shares with the same index h, similar to the 
step 2 of the iCPM, generates θ ciphertexts.  
sends to  obtains nθ ciphertexts at the end of the 
second step. In the third step,  decrypts these nθ 
ciphertexts and finds n secret shares of finally can 

obtain or  from the secret shares. 
 
a.Protocol Steps 

 
Fig.: The iPPM flow 

The iPPM is obtained by combining the iCPM with a 
secret sharing scheme to support a predicate 
matching.  

 

 
 

b. Effectiveness Discussion 
The correctness of the iPPM is as follows. At Phase 
2, the -responder  carries out the Phase 2 of the iCPM 
n periods, everytime it successfully provides only one 
key discuss of either  or     When  gets either   stocks 
of  or  stocks of  , it can restore either   or   The 
interpolation operate corresponding to the key 
discussing plan always assures the correctness. The 
privacy and nonforgeability of the iPPM are obtained 
just like those of the iCPM and the eCPM, 
respectively. 
Proposed model: 
 
V. AMES-CLOUD FRAMEWORK 
 
In this section we explain the AMES-Cloud 
framework includes the Adaptive Mobile Video 
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stream (AMoV) and the Efficient Social Video 
sharing (ESoV). As shown in Fig. 1, the whole video 
storing and streaming system in the cloud is called 
the Video Cloud (VC). 
In the VC, there is a large-scale video base (VB), 
which stores the most of the popular video clips for 
the video service providers (VSPs). A sequential 
video base (tempVB) is used to cache new candidates 
for the popular videos, while tempVB counts the 
access frequency of each video. The VC keeps 
running a collector to seek videos which are by now 
popular in VSPs, and will re-encode the collected 
videos into SVC format and store into tempVB first. 
By this 2-tier storage, the AMES-Cloud can keep 
serving most of popular videos eternally. Note that 
management work will be handled by the manager in 
the VC. Specialized for each mobile user, a sub-video 
cloud (subVC) is created dynamically if there is any 
video streaming demand from the user. The sub-VC 
has a sub video base (subVB), which stores the 
recently fetched video segments.Note that the video 
deliveries among the subVCs and the VC in most 
cases are actually not “copy”, but just “link” 
operations on the same file eternally within the cloud 
data center [36]. There is also encoding function in 
subVC (actually a smaller-scale encoder instance of 
the encoder in VC), and if the mobile user demands a 
new video, which is not in the subVB or the VB in 
VC, the subVC will fetch, encode and transfer the 
video. During video streaming, mobile users will 
always report link conditions to their corresponding 
subVCs, and then the subVCs offer adaptive video 
streams. Note that each mobile device also has a 
provisional caching storage, which is called local 
video base (localVB), and is used for buffering and 
prefetching. Note that as the cloud service may across 
different places, or even continents, so in the case of a 
video release and prefetching between different data 
centers, an transmission will be carried out, which 
can be then called “copy”And because of the best 
deployment of data centers, as well as the capable 
links among the data centers, the“copy” of a large 
video file takes tiny delay. 
 

 
Fig. 2. A comparison of the traditional video streaming, the 
scalable video streaming and the streaming in the AMES-

Cloud framework. 

VI. AMOV: ADAPTIVE MOBILE VIDEO 
STREAMING 

 
A. Svc 
As shown in Fig., traditional video streams with fixed 
bit rates cannot adapt to the fluctuation of the link 
quality. For a particular bit rate, if the sustainable link 
bandwidth varies much, the video streaming can be 
frequently terminated due to the packet loss. In SVC, 
a combination of the three lowest scalability is called 
the Base Layer (BL) while the enhanced 
combinations are called Enhancement Layers (ELs). 
To this regard, if BL is guaranteed to be delivered, 
while more ELs can be also obtained when the link 
can afford, a better video quality can be expected. By 
using SVC encoding techniques, the server doesn’t 
need to concern the client side or the link quality. 
Even some packets are lost, the client still can decode 
the video and display. But this is still not bandwidth-
efficient due to the unnecessary packet loss. So it is 
necessary to control the SVC-based video streaming 
at the server side with the rate adaptation method to 
efficiently utilize the bandwidth. 

 
Fig. 3. Functional structure of the client and the subVC 

 
B. Adaptability with Monitoring on Link Quality 
We design the mobile client and the subVC with the 
structure as shown in Fig. The link quality monitor at 
mobile client keeps tracking on metrics including 
signal strength, packet round-trip-time (RTT), jitter 
and packet loss with a certain duty cycle. And the 
client will periodically report to the subVC. Hereby 
we define the cycle period for the reporting as the 

“time window”, denoted by , Note that the 
video is also split by temporal segmentation by 

interval  Once the subVC gets the 
information of the link quality, it will perform a 
calculation and predict the poten- tial bandwidth in 
the next time window. Note that we will use 
“predicted bandwidth” and “predicted goodput” 
interchangeably in following parts. Suppose sequence 
number of current time window is i, the predicted 
bandwidth can be estimated by: 

 

where indicating the importance of 
each factor, p is for packet loss rate, RTT is for RTT, 
SINR is for the signal to interference and noise ratio, 
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and f(), g(), h() are three functions reflecting the value 
change of each factor compared with that of last time 
window. Actually in this paper we deploy a 
measurement-based prediction, that is we directly use 

of last time window as the 

of next time window, which is proved 
with already high accuracy . 
 
C. Matching between Bandwidth Prediction and 
SVC Segments 
After obtaining the predicted bandwidth, or say 
goodput, of next time window, subVC will match and 
decide how many video segments of BL and ELs can 
be transmitted approximately. We hereby define the 
term “resolution” to indicate the level of temporal 

segmentation and the number of ELs. If is 
small and there are more ELs, we say the SVC-based 
video source is with a higher resolution. We illustrate 
two cases of low resolution and a relatively high 
resolution for matching between the SVC segments 
and the predicted goodput in Fig.The resolution with 

 
Fig.4. Matching between predicted bandwidth and SVC-

segments with different resolutions 

two ELs and a larger can hardly fit to the signal 
fluctuation, and thus there are some bandwidth 
wasted or packets lost. In contrast a higher resolution 

with more ELs and a smaller  can always fit the 
fluctuation of the bandwidth. However a higher 
resolution also induces more encoding workload to 
the servers. Suppose there are totally j ELs, and the 

bit rate of the jth EL is denoted as while the bit 

rate of the BL ). We let indicate the 
SVC segment of BL with temporal sequence i, and let 

indicate the SVC segment of the jth EL with 
temporal sequence i. So the algorithm of matching 
between predicted bandwidth and SVC segments is 
shown in Algorithm 1 as following: 
 
VII. ESOV: EFFICIENT SOCIAL VIDEO 

SHARING 
 
A. Social Content Sharing 
In SNSs, users subscribe to known friends, famous 
people, and particular interested content publishers as 
well; also there are various types of social activities 
among users in SNSs, such as direct message and 

public posting. For spreading videos in SNSs, one can 
post a video in the public, and his/her subscribers can 
quickly see it; one can also directly recommend a 
video to specified friend(s); furthermore one can 
periodically get noticed by subscribed content 
publisher for new or popular videos. Similar to 
studies in, we define different strength levels for 
those social activities to indicate the probability that 
the video shared by one user may be watched by the 
receivers of the one’s sharing activities, which is 
called a “hitting probability”, so that subVCs can 
carry out effective background prefetching at subVB 
and even localVB. Because after a video sharing 
activity, there may be a certain delay that the 
recipient gets to know the sharing, and initiates to 
watch.  
 

 
 
We classify the social activities in current popular 
SNSs into three kinds, regarding the impact of the 
activities and the potential reacting priority from the 
point of view of the recipient: 
 
_ Subscription: Like the popular RSS services, an 
user can register to a particular movie founder or a 
special movie collection service-based on his/her 
interests. This interest-driven connection between the 
customer and it clip founder is considered as 
“median”, because the customer may not always 
watch all signed up video clips._ Direct 
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recommendation: In SNSs, an user directly 
recommend a video to particular friend(s) with a short 
message. The recipient of the message may watch it 
with very high probability. This is considered as 
“strong”._ Public sharing: Each user in SNSs has a 
timeline-based of activity stream, which shows 
his/her recent activities. The activity of a user 
inspection or sharing a video can be seen by his/her 
friends (or followers). We consider this public 
sharing with the “weak” connectivity among users, 
because not many people may watch the video that 
one has seen without direct recommendation. 
 
B. Prefetching Levels 
 
Different strengths of the social activities point to 
different levels of probability that a video will be 
soon watched by the recipient. Correspondingly we 
also define three prefetching levels regarding the 
social activities of mobile 
users: 
_ “Parts”: Because the videos that published by 
subscriptions may be watched by the subscribers with 
a not high probability, we propose to only push a part 
of BL and ELs segment, for example, the first 10% 
segments. 
_ “All”: The video shared by the direct 
recommendations will be watched with a high 
probability, so we propose to prefetch the BL and all 
ELs, in order to let the recipient(s) directly watch the 
video with a good quality, without any buffering. 
_ “Little”: The public sharing has a weak 
connectivity among users, so the probability that a 
user’s friends (followers) watch the video that the 
user has watch or shared is low. We propose to only 
prefetch the BL segment of the first time window in 
the opening to those who have seen his/her activity in 
the stream.The prefetching happens among subVBs 
and the VB, also more importantly, will be performed 
from the subVB to localVB of the mobile device 
depending on the link quality. If a mobile user is 
covered by Wi-Fi access, due to Wi-Fi’s capable link 
and low price (or mostly for free), subVC can push as 
much as possible in most cases. However if it is with 
a 3G/4G connection, which charges a lot and suffers 
limited bandwidth, we propose to downgrade the 
prefetching level to save energy and cost as listed in 
Table. 1, but users can still benefit from the 
prefetching effectively. Note that some energy 
prediction method can be deployed in order to 
actively decide whether current battery status is 
suitable for “parts” or “little” . If a user, A, gets the 
direct recommendation of a video from another user, 
B, A’s subVC will immediately prefetch the video 
either from B’s subVB, or from the VB at the level of 
all if A is with Wi-Fi access. However if user A is 
connected to 3G/4G link, we will selectively prefetch 
a part of the video division to A’s local storage at the 
level of “parts”. Note that the subscribed videos will 
be not prefetched when user A is at 3G/4G 

connection, as it is downgraded from “little” tonone. 
A better extension of the prefetching strategy by 
social activities can be designed by an self-updating 
machine from the user’s hitting history in an 
evolutionary manner. This learning-based prefetching 
is out of the scope of this paper, and will be explored 
as our future work. 

 
 
VIII. VIDEO STORAGE AND STREAMING 

FLOW BY AMOV AND EMOS 
  
The two parts, AMoV and EMoS, in AMES-Cloud 
framework have tight connections and will together 
service the video streaming and sharing: they both 
rely on the cloud computing stand and are carried out 
by the private agencies of users; while prefetching in 
EMoS, the AMoV will still monitor and improve the 
transmission bearing in mind the link status; with a 
certain amount of prefetched segments by EMoS, 
AMoV can offer better video quality. With the efforts 
of AMoV and EMoS, we illustrate the flow chart of 
how a video will be streamed in Fig.  Note that in 
order to exchange the videos among the localVBs, 
subVBs, tempVB and the VB, a video map (VMap) is 
used to indicate the required segment. Once a mobile 
user starts to watch a video by a link, the localVB 
will first be checked whether there is any prefetched 
segments of the video so that it can directly start. If 
there is none or just some parts, the client will report 
a matching VMap to its subVC. if the subVC has 
prefetched parts in subVB, the subVC will initiate the 
segment transmission. But if there is also none in the 
subVB, the tempVB and VB in the center VC will be 
checked. For a non-existing video in AMES-Cloud, 
the collector in VC will right away fetch it from 
external video providers via the link; after re-
encoding the video into SVC format, taking a bit 
longer delay, the subVC will transfer to the mobile 
user. Also in AMES-Cloud, if a video is shared 
among the subVCs at a certain frequency threshold 
(e.g., 10 times per day), it will be uploaded to the 
tempVB of the VC; and if it is further shared at a 
much higher frequency (e.g., 100 times per day), it 
will be stored with a longer lifetime in the VB. In 
such a manner, which is quite similar to the leveled 
CPU cache, the subVB and VB can always store fresh 
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and popular videos in order to increase the chance of 
re-usage. 
 
CONCLUSION 
 
In this paper, we discussed our proposal of an 
adaptive mobile video streaming and sharing 
framework, called AMES-Cloud, which efficiently 
stores videos in the clouds (VC), and utilizes cloud 
computing to build private agent (subVC) for each 
mobile user to try to offer “non-terminating” video 
streaming adapting to the fluctuation of 

 
Fig.5. Average Click-to-Play delay for Various Cases 

 
link quality based on the Scalable Video Coding 
technique. Also AMES-Cloud can further seek to 
provide “nonbuffering” experience of video 
streaming by background nearly functions among the 
VB, subVBs and localVB of mobile users. We 
evaluated the AMES-Cloud by prototype 
implementation and shows that the cloud computing 
technique brings significant improvement on the 
adaptivity of the mobile streaming. The focus of this 
paper is to verify how cloud computing can improve 
the broadcast adaptability and prefetching for mobile 
users. We ignored the cost of encoding workload in 
the cloud while implementing the prototype. As one 
important future work, we will carry out large-scale 
implementation and with serious consideration on 
energy and price cost. In the future, we will also try 
to improve the SNS-based prefetching, and protection 
issues in the AMES-Cloud. 
 
REFERENCES 
 
[1] CISCO, “Cisco Visual Networking Index : Global Mobile Data 

Traffic Forecast Update , 2011-2016,” Tech. Rep., 2012. 
[2] Y. Li, Y. Zhang, and R. Yuan, “Measurement and Analysis of a 

Large Scale Commercial Mobile Internet TV System,” in 
ACM IMC,pp. 209–224, 2011. 

[3] T. Taleb and K. Hashimoto, “MS2: A Novel Multi-Source 
Mobile-Streaming Architecture,” in IEEE Transaction on 
Broadcasting, vol. 57, no. 3, pp. 662–673, 2011. 

[4] X. Wang, S. Kim, T. Kwon, H. Kim, Y. Choi, “Unveiling the 
BitTorrent Performance in Mobile WiMAX Networks,” in 
Passive and Active Measurement Conference, 2011. 

[5] A. Nafaa, T. Taleb, and L. Murphy, “Forward Error Correction 
Adaptation Strategies for Media Streaming over Wireless 
Networks,” in IEEE Communications Magazine, vol. 46, no. 
1, pp. 72–79, 2008. 

[6] J. Fernandez, T. Taleb, M. Guizani, and N. Kato, “Bandwidth 
Aggregation-aware Dynamic QoS Negotiation for Real-Time 
Video Applications in Next-Generation Wireless Networks,” 
in IEEE Transaction on Multimedia, vol. 11, no. 6, pp. 1082–
1093, 2009. 

[7] T. Taleb, K. Kashibuchi, A. Leonardi, S. Palazzo, K. 
Hashimoto, N. Kato, and Y. Nemoto, “A Cross-layer 
Approach for An Efficient Delivery of TCP/RTP-based 
Multimedia Applications in Heterogeneous Wireless 
Networks,” in IEEE Transaction on Vehicular Technology, 
vol. 57, no. 6, pp. 3801–3814, 2008. 

[8] K. Zhang, J. Kong, M. Qiu, and G.L Song, “Multimedia Layout 
Adaptation Through Grammatical Specifications,” in 
ACM/Springer Multimedia Systems, vol. 10, no. 3, pp.245–
260, 2005. 

[9] M. Wien, R. Cazoulat, A. Graffunder, A. Hutter, and P. Amon, 
“Real-Time System for Adaptive Video Streaming Based on 
SVC,” in IEEE Transactions on Circuits and Systems for 
Video Technology, vol. 17, no. 9, pp. 1227–1237, Sep. 2007. 

[10] H. Schwarz, D. Marpe, and T. Wiegand, “Overview of the 
Scalable Video Coding Extension of the H.264/AVC 
Standard,” in IEEE Transactions on Circuits and Systems for 
Video Technology, vol. 17, no. 9, pp. 1103–1120, Sep. 2007. 

[11] H. Schwarz and M. Wien, “The Scalable Video Coding 
Extension of The H. 264/AVC Standard,” in IEEE Signal 
Processing Magazine, vol. 25, no. 2, pp.135–141, 2008. 

[12] P. McDonagh, C. Vallati, A. Pande, and P. Mohapatra, 
“Quality-Oriented Scalable Video Delivery Using H. 264 
SVC on An LTE Network,” in WPMC, 2011. 

[13] Q. Zhang, L. Cheng, and R. Boutaba, “Cloud Computing: 
State-of-the-art and Research Challenges,” in Journal of 
Internet Services and Applications, vol. 1, no. 1, pp. 7–18, 
Apr. 2010. 

[14] D. Niu, H. Xu, B. Li, and S. Zhao, “Quality-Assured Cloud 
Bandwidth Auto-Scaling for Video-on-Demand 
Applications,” in IEEE INFOCOM, 2012. 

[15] Y.G. Wen, W.W. Zhang, K. Guan, D. Kilper, and H. Y. Luo, 
“Energy-Optimal Execution Policy for A Cloud-Assisted 
Mobile Application Platform,” Tech. Rep., September 2011 

[16] W.W. Zhang, Y.G. and D.P. Wu, “Energy-Efficient 
Scheduling Policy for Collaborative Execution in Mobile 
Cloud Computing,” in INFOCOM, Mini Conf., 2013. 

[17] W.W. Zhang, Y.G. Wen, Z.Z. Chen and A. Khisti, “QoE-
Driven Cache Management for HTTP Adaptive Bit Rate 
Streaming over Wireless Networks,” in IEEE Transactions on 
Multimedia, November 2012. 

[18] J. Li, M. Qiu, Z. Ming, G. Quan, X. Qin, and Z. Gu, “Online 
Optimization for Scheduling Preemptable tasks on IaaS 
Cloud systems,” in Journal of Parallel and Distributed 
Computing (JPDC), vol.72, no.5, pp.666-677, 2012. 

[19] P. Calyam, M. Sridharan, Y. Xu , K. Zhu , A. Berryman, R. 
Patali, and A. Venkataraman, “Enabling Performance 
Intelligence for Application Adaptation in the Future 
Internet,” in Journal of Communication and Networks, vol. 
13, no. 6, pp. 591–601, 2011. 

[20] Z. Huang, C. Mei, L. E. Li, and T. Woo, “CloudStream : 
Delivering High-Quality Streaming Videos through A Cloud-
based SVC Proxy,” in IEEE INFOCOM, 2011. 

[21] N. Davies, “The Case for VM-Based Cloudlets in Mobile 
Computing,” in IEEE Pervasive Computing, vol. 8, no. 4, pp. 
14–23, 2009. 

[22] B. Aggarwal, N. Spring, and A. Schulman, “Stratus : Energy-
Efficient Mobile Communication using Cloud Support,” in 
ACM SIGCOMM DEMO, 2010. 

[23] Y. Zhang, W. Gao, G. Cao, T. L. Porta, B. Krishnamachari, 
and A. Iyengar, “Social-Aware Data Diffusion in Delay 
Tolerant MANET,” Handbook of Optimization in Complex 
Networks: Communication and Social Networks, 2010. 

[24] Z. Wang, L. Sun, C. Wu, and S. Yang, “Guiding Internet-
Scale VIdeo Service Deployment Using Microblog-Based 
Prediction,” in IEEE INFOCOM, 2012. 

[25] Y. Chen, L. Qiu, W. Chen, L. Nguyen, and R. Katz, 
“Clustering Web Content for Efficient Replication,” in IEEE 
ICNP, 2002. 



International Journal of Advanced Computational Engineering and Networking, ISSN: 2320-2106,  Volume-2, Issue-9, Sept.-2014 

Mysterious Profile Matching With Adaptive Transportable Video Streaming And Competent Social Video Sharing In The Clouds 
 

121 

[26] M. Cha, H. Kwak, P. Rodriguez, Y. Y. Ahn, and S. Moon, “I 
Tube, You Tube, Everybody Tubes: Analyzing the World’s 
Largest User Generated Content Video System,” in ACM 
IMC, 2007. 

[27] A. Zambelli, “IIS Smooth Streaming Technical Overview,” 
Tech. Rep., 2009. 

[28] Y. Fu, R. Hu, G. Tian, and Z. Wang, “TCP-Friendly Rate 
Control for Streaming Service Over 3G network,” in 
WiCOM, 2006. 

[29] K. Tappayuthpijarn, G. Liebl, T. Stockhammer, and E. 
Steinbach, “Adaptive Video Streaming over A Mobile 
Network with TCP-Friendly Rate Control,” in IWCMC, 
2009. 

[30] V. Singh and I. D. D. Curcio, “Rate Adaptation for 
Conversational 3G Video,” IEEE INFOCOM Workshop, 
2009. 

[31] S. Akhshabi, A. C. Begen, and C. Dovrolis, “An Experimental 
Evaluation of Rate-Adaptation Algorithms in Adaptive 
Streaming over HTTP,” in MMSys, 2011. 

[32] E. Piri, M. Uitto, J. Vehkaper, and T. Sutinen, “Dynamic 
Cross-layer Adaptation of Scalable Video in Wireless 
Networking,” in IEEE GLOBECOM, 2010. 

[33] F. Wang, J. Liu, and M. Chen, “CALMS : Cloud-Assisted 
Live Media Streaming for Globalized Demands with Time / 
Region Diversities,” in IEEE INFOCOM, 2012. 

[34] H. T. Dinh, C. Lee, D. Niyato, and P. Wang, “A Survey of 
Mobile Cloud Computing : Architecture , Applications , and 
Approaches,” in Wiley Journal of Wireless Communications 
and Mobile Computing, Oct. 2011. 

[35] S. Chetan, G. Kumar, K. Dinesh, K. Mathew, and M. A. 
Abhimanyu, “Cloud Computing for Mobile World,” Tech. 
Rep., 2010. 

[36] G. Wang and T. E. Ng, “The Impact of Virtualization on 
Network Performance of Amazon EC2 Data Center,” in IEEE 
INFOCOM, 2010. 

[37] A. Balasubramanian, R. Mahajan, and A. Venkataramani, 
“Augmenting Mobile 3G Using WiFi,” in ACM MobiSys, 
2010. 

[38] F. Benevenuto, T. Redrigues, V. Almeida, and J. Almeida, 
“Video Interactions in Online Social Networks,” in ACM 
Transactions on Multimedia COmputingm, Communications 
and Applications, vol. 5, no. 4, pp. 30–44, 2009. 

[39] J. M. Kang, S. S. Seo, and J. W. Hong, “Personalized Battery 
Lifetime Prediction for Mobile Devices based on Usage 
Patterns,” in Journal of Computing Science and Engineering, 
vol. 5, no. 4, pp. 338–345, 2011. 

[40] “JSVM,”https://github.com/kierank/jsm. 
 

 
 
 
 
 
 

 


