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RE S E A R C H AN D STA N DARDS :  LE A D I N G T H E EV O L U T I O N O F

TE L E C O M NE T W O R K AR C H I T E C T U R E S

INTRODUCTION
Due to the fast development of mobile commu-
nication technologies, more and more users tend
to download content on mobile devices(e.g.,
reading articles and watching videos on phones
and tablets). The ever increasing traffic load is
becoming a serious concern of mobile network
operators (MNOs), but the study in [1] pointed
out that a large portion of the traffic load is due
to duplicated downloads of the same popular

files. For instance, the top 10 percent of popular
videos in YouTube account for nearly 80 percent
of all views [1]. Hence, how to effectively reduce
duplicated downloads via cellular links by
offloading certain data traffic via other types of
networking connectivities has become a hot
research topic.

In practice, mobile users can often be sur-
rounded by many adjacent neighbor users. One
can easily discover neighboring users in proximi-
ty and set up temporary local connectivities with
them [2], via WiFi Direct and device-to-device
(D2D) in Long Term Evolution (LTE)-
Advanced, and near-field-communication (NFC)
for content sharing. Note that throughout this
article, we use the term D2D sharing synony-
mously for all the user-to-user, device-to-device,
and people-to-people sharing techniques men-
tioned above for simplicity.

Therefore, many studies are being carried out
to exploit opportunistic sharing (i.e., epidemic
sharing) by intermittent meetings among mobile
users for traffic offloading in mobile social net-
works (MSNs) [3, 4]. Some users can initially
download content objects via the cellular link
and later share with nearby mobile users while
moving. It is proposed that, by selecting an
appropriate initial pushing set of seeds and uti-
lizing D2D sharing, content can be disseminated
efficiently while cellular traffic can be reduced
significantly [4]. However, there are still several
important issues in related research that have
not been fully elaborated, such as:
• How can we know or predict the dissemination

delay of each user for each content? We cannot
simply assume the same dissemination dead-
line, while users indeed have various delay
requirements [5].

• How do we design the seeding strategy to mini-
mize cellular traffic while satisfying the delay
requirements of all users? Strategies for select-
ing initial seeds are discussed in prior work
[3], but user mobility is mostly considered by
ignoring the real social relationships among
users.

• How can we efficiently make mobile users share
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ABSTRACT
The ever increasing traffic demand is becom-

ming a serious concern for mobile network oper-
ators. In order to solve the traffic explosion
problem, there have been research efforts on
offloading the traffic from cellular links to local
communications among users. In this article, we
leverage opportunistic device-to-device sharing,
exploit the social impact among users in social
network services (SNSs), and propose the novel
framework of traffic offloading assisted by SNSs
via opportunistic sharing in mobile social net-
works, called TOSS. In TOSS, initially a subset
of mobile users are selected as seeds depending
on their content spreading impact on online
SNSs and their mobility patterns in offline
MSNs. Then users share content objects via
opportunistic local connectivity (e.g., WiFi
Direct) with each other. Furthermore, the obser-
vation of SNS user activities reveals that individ-
ual users have distinct access patterns, which
allows TOSS to utilize the user-dependent access
delays between the content generation time and
each user’s access time for opportunistic sharing
purposes. By trace-driven evaluation, we demon-
strate that TOSS can reduce by 63.8–86.5 per-
cent of cellular traffic while satisfying the access
delay requirements of all users. Therefore, traf-
fic offloading by leveraging opportunistic device-
to-device sharing based on SNSs can be quite
effective and efficient as a promising content
delivery service for traffic reduction in future
mobile networks.

MOBILE TRAFFIC OFFLOADING BY EXPLOITING
SOCIAL NETWORK SERVICES AND LEVERAGING
OPPORTUNISTIC DEVICE-TO-DEVICE SHARING
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content with others? Studies in [3, 4] assume
people will always exchange content gratu-
itously. However, in reality, people mostly
share information by “word-of-mouth” propa-
gation [6]; hence, the realistic social relation-
ship among users should be exploited.
Recently it was discovered that there is a dra-

matic rise in the number of mobile users who
participate in online SNSs (Facebook, Twitter,
Tumblr, Sina Weibo, etc.), where more and
more media content has been shared and propa-
gated rapidly and widely [6]. Therefore, we seek
to exploit the social relationship of users in both
the offline MSNs and the online SNSs. Note that
the “online” here indicates the SNSs in the
Internet formed by the virtual accounts used by
real people, while the “offline” MSN here means
the realistic MSNs (e.g., meetings and groups)
formed by people in real life. By investigating
related measurement and modeling studies of
MSNs and SNSs, we point out the following key
points, which can be utilized for content sharing
and traffic offloading:
• In MSNs, the mobility patterns of users can be

measured and modeled [4], and hence each
user can have a different offline mobility
impact regarding the dissemination of content
files.

• Due to the effect of word of mouth [6], users
significantly impact information spreading to
friends. The influence, or spreading impact,
can be modeled based on the analysis of social
behavior histories, while the user’s historical
measurement of spreading impact can be used
for forecasting future sharing activities.

• In SNSs, the access pattern of each user can
be measured, statistically modeled by fitting
and thus mostly predicted [5, 6]. That is, we
can analyze and utilize the access delay
between the content generation time and the
user access time, which is per-user-dependent
mainly due to people’s different lifestyles.
Hence, we can disseminate the content of
interest to users considering their different
access delay sensitivities.

• User relationships and interests in online SNSs
have significant homophily and locality prop-
erties, which are similar to those of offline
MSNs [7]. Homophily means the “birds of a
feather” effect; that is, people with similar
interests like to share interesting content with
each other. Locality means that people who
are graphically close may have similar trends
of accessing and sharing content with each
other [7].
Since users are mostly clustered by geograph-

ical regions and interest demands, there have
been some studies to accelerate the content
sharing in MSNs by investigating users’ social
relationships, such as, BUBBLE Rap [8], that
utilizes social grouping characteristics in the real
world. In this article, we are motivated to exploit
the real social relationships mined from online
SNSs, and hence propose a novel framework of
traffic offloading assisted by SNSs via oppor-
tunistic sharing in mobile social networks, called
TOSS. TOSS pushes the content object to a
properly selected group of seed users, who will
opportunistically meet and share the content
with others, depending on their spreading impact

on the SNS and their mobility impacts in the
MSN. TOSS further exploits the user-dependent
access delay between the content generation
time and each user’s access time. From trace-
driven evaluation and model-based analysis,
TOSS lessens the cellular traffic by 63.8–86.5
percent, while still satisfying the delay require-
ments of all users. To the best of our knowledge,
this is the first study that seeks to combine
online SNSs with offline MSNs for traffic
offloading considering user access delay sensi-
tivies. Note that this article is based on our study
in [4], in which more technical details can be
found.

The rest of the article is organized as follows.
We show the TOSS preliminaries, and explain
the details of the mobility impact factor, spread-
ing impact factor, and access delays, respectively.
Then the optimization issue is discussed, and
evaluation results are shown. Finally we describe
concluding remarks and future work.

THE TOSS FRAMEWORK PRELIMINARIES

As shown in Fig.  1,  the TOSS framework
entails both an online SNS and an offl ine
MSN.. Supposing there are total N mobile
users, ui, i = 1, …, N, who have corresponding
SNS identities, for any two users, ui and uj, if uj
follows ui, uj is one follower of ui and ui is one
followee of uj. At any time, a user may find or
create a new interesting article,  image, or
video, and share it in the SNS as an initiator of
the content. We define a short message posted
by a user containing the content (or link to the
content) as a microblog (e.g., a tweet in Twit-
ter or a post on Facebook), and a content file
is called a content object. All his/her followers
will then be able to access the content, and
some of them will  further reshare on their
timelines. Making comments will not induce
any information spread; thus, we only consider
resharing. Afterward, while the microblog is
being spread to other users in the online SNS,
the content object will be accessed and spread
in the offline MSN.

In the TOSS framework, we define several
factors for each user, ui: two for the online SNS,
(1) the outgoing spreading impact, Ii

S, and (2)

Figure 1. Illustration of an example of the TOSS framework.
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the incoming spreading impact, Ii
S, both of

which indicate how important the user is in
propagating the microblog (to others or from
others); one for the offline MSN, the mobility
impact, Ii

M, which indicates how important the
user is in sharing the content object (to others or
from others) via physical encounters.

Due to the symmetric nature of meetings (con-
tacts), there is no need to have outgoing or incom-
ing mobility impact. In later sections, we briefly
discuss how to calculate them. Therefore, consid-
ering the above factors, TOSS can seek to select a
proper subset of users as seeds for pushing the
content object directly via cellular links, and
exploit the user-to-user sharing in the offline
MSN. We thus define a vector p to indicate
whether or not to push the content object to a
user via cellular links (e.g., pi = 1 means pushing
the content object directly to user ui). Note that
the TOSS framework is not confined strictly to the
dissemination of one popular content to all the
users, but applies to general deliveries of any con-
tent to a group of potential recipients of any size.

From the illustrated scenario of TOSS in Fig.
1, in the online SNS, Cindy shares a video (link)
with Eva and Alex, who may in turn share with
Bob and David, respectively. Meanwhile, the
video content is first downloaded via a cellular
link and stored in Cindy’s phone. However, in
the offline MSN, Cindy is geographically distant
from other people but David is in proximity.
Although David may not know Cindy, TOSS
detects that the IS impact of Cindy to David
via Alex is also very strong, and thus lets Cindy
share the video with David via local WiFi con-
nectivity. Furthermore, TOSS evaluates the IM

impact of Alex and pushes another copy to him
via a cellular link, because Alex is likely to meet
Bob and Eva in the offline MSN frequently, and
Bob and Eva often access content with some
delays. Then the content object will be propagat-
ed by local connectivities from Alex to Bob and
to Eva later. TOSS reduces 3/5 of the cellular
traffic in this scenario.

MOBILITY IMPACT IN THE OFFLINE MSN
MODELING OF MOBILITY IMPACT

It has been shown that mobile users in offline
MSNs have different mobility patterns [4] and
hence different potentials for sharing content.
Thus, the mobility impact, IM, is defined to
quantify the capability of a mobile user to share
a content object with other users via opportunis-
tic meetings, or contacts, while roaming in the
MSN. The temporary connectivity with nearby
users mostly relies on active discovery mecha-
nisms; thus, we assume all mobile users are syn-
chronized with a low duty cycle for probing as
proposed by eDiscovery [2]. Referring to [3, 4]
we use lij to denote the opportunistic contact
rate of user ui with user uj. Hereby, we define
the mobility impact factor Ii

M for ui to the whole
user base as

(1)

Finally, regarding the delivery of one content

object, given the initial pushing vector p, as well
as the inter-contact rate lij of any two users ui and
uj, we can utilize epidemic modeling to model the
opportunistic sharing procedure, and thus calcu-
late how long it will take for any user ui to obtain
the content object, defined as the content obtaining
delay of ui, denoted by ti*. The calculation details
are skipped in this article, but readers may refer to
related studies in [4]. Note that TOSS does not
need to shorten the content obtaining delays for
all users, but seeks the optimal p to induce proper
content obtaining delays to match with the delay
sensitivity of each user, which is detailed later.

MEASUREMENT OF MOBILITY IMPACT
We choose to analyze four popular mobility
traces, MIT [9], Infocom [10], Beijing [11], and
SUVnet [12], which record either direct contacts
among users carrying mobile devices or the GPS
coordinates of each user’s mobile route. The
four traces differ in their scales, durations, and
mobility patterns. The MIT and Infocom traces
are collected by normal people, but the Bejing
and SUVnet traces are collected by vehicles.

From the traces, we obtain the inter-contact
intervals, 1/l, of all user pairs, as shown in Fig. 2a.
The Infocom trace has the highest contact rate
because users are clustered at a conference spot.
The MIT trace also has a high contact rate since
users are friends within the campus. The Beijing and
SUVnet traces have large inter-contact intervals
because they have relatively low frequency of GPS
records and large user bases. Also, IM values of all
users of the traces are plotted in Fig. 2b (values
smaller than 0.001 are ignored), which indicates sim-
ilar trends as the traces as discussed above. Users in
the Infocom trace have the highest potential to
obtain the content by D2D sharing, and users in the
Beijing trace have the weakest potentials.

SPREADING IMPACT IN THE ONLINE SNS
CALCULATION OF SPREADING IMPACT

There are many ways to evaluate user impact on
information spreading in SNSs, and we decide to
utilize probabilistic models to quantify the content
spreading impact. Hereby we define the spreading
impact factor (IS) of user ui to user uj, denoted
by gij, 0  gij  1 (inversely IS factor defined by
gji), is the ratio of the number of the microblogs of
ui that uj accesses and reshares to the number of
all microblogs in uj’s timeline. From another per-
spective, gij can indicate how often ui’s microblogs
will appear in uj’s timeline. From uj’s point of view
over a certain period, we need to consider
• The number of microblogs uj has created by

herself
• The number of reshared microblogs by uj from ui
• The number of re-shared microblogs from all

followees, for calculating the 1-hop impact by

By recursively accumulating the spreading
impact, we can obtain two-hop impact by: 

∑ λ=
=

I .i
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ij
j
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The Infocom trace has
the highest contact rate
because users are 
clustered at a 
conference spot. The
MIT trace also has high
contact rate since users
are friends within the
campus. The Beijing and
the SUVnet traces have
large inter-contact inter-
vals because they have
relatively low frequency
of GPS records and 
large user base.
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and so on. In this article, we skip the calculation
details, but readers can refer to [4]. Then, final-
ly, we use gij

* to denote the impact from user ui
to user uj via all possible paths with less than or
equal to H hops.

(2)

Note that the average path length in SNSs is
normally 4.12, as studied in [6], so we set H = 4.
Then, finally, IS and IS of ui to and from the
whole user base can be respectively calculated by

(3)

For spreading impact, gij is considered as the
sharing probability that uj hopes ui will share the
content object when ui and uj meet. Consequent-
ly, we can finally get the mobility impact factor
of any two users, l ij, obtained from mobility
traces, the spreading impact of any two users, gij,
and the content obtaining delay PDF, ti*, of any
user ui, given the initial pushing vector p, which
can be obtained from SNS traces.

ti* = ContentObtainingDelay ({gij*}, {lij}, p).

MEASUREMENT OF SPREADING IMPACT
We selected the most popular online SNS in
China,  Sina Weibo,  and keep track of
2,223,294 users for four weeks. We collected a
total of 37,267,512 microblogs generated (and
partially reshared) by the users, and further
obtained the list of all resharing activities for
each microblog.  However,  calculating the
overall spreading impact, IS,  for the whole
user base takes a substantially long time. Thus,
we analyze the sub-graphs of a corresponding
number of users from the whole social graph

by random walking according to the scale of
the mobility traces (discussed in detail later).
There have been some related measurement
studies in [6, 13, 14] pointing out that the SNS
is a scale-free complex network, in which node
strength distribution follows the power law, at
least asymptotically. That is, a small number of
nodes have dominant impacts on the network,
while many nodes have very little impact if we
consider the node degree or the spreading
impact (resharing ratio) as the strength of a
node to the network [13, 14]. Due to the char-
acteristics of scale-free complex networks, sub-
graphs from the whole network graph (when
not too small) by the random walking method
can still obtain similar power law characteris-
tics.

We draw the log-log plots for IS and IS of
the nodes from the sampled sub-graphs as
shown in Fig. 3. We can see that a smaller num-
ber of people have significant outgoing impact
(IS) to the whole SNS, while many users have
very little impact. We also see that many users
are more likely to be impacted rather than
impacting others (IS < IS). All of the figures
are able to reflect the asymptotical power law
trend. Thus, conclusively, all of the sub-graphs
with different sizes can still represent the SNS
characteristics, and it will be an acceptable
methodology to map the SNS sub-graphs to the
mobility traces.

ACCESS DELAYS OF USERS
IN THE ONLINE SNS 

In the SNS, while some users may access the
SNS frequently, others access the SNS at rela-
tively longer intervals. Thus, the access delay
between the content generation time and a user’s
access time becomes different for each user [5,
6]. As illustrated in Fig. 4, user A creates a
microblog for an interesting video in the SNS at
t0. One of A’s followers, B, happens to see A’s
microblog after a certain delay at t1 due to B’s
personal business. Once B clicks to play it, a
buffering delay is needed until t2; B will reshare
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Figure 2. Measurement of 1/lij and IM: a) analysis of 1/lij; b) analysis of IM.
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the video at t3 after watching it. According to the
definition of access delay given above, the access
delay for B should hence be t2 – t0. However, in
practice, only SNS providers can have access to
t1 and t2 data. Since for texts, images, and most
videos, t1, t2, and t3 may be near, in our study,
we consider B’s access delay as t3 – t0, which can
be captured from the SNS measurement trace by
checking A’s creating time and B’s resharing
time.

We still use the collected SNS trace data
from Sina Weibo, and the access delay is gath-
ered as the time difference between the genera-
tion time of the original microblog and the time
of resharing by a follower. First, we pick up four
real users from the trace and plot their access
delays by probability distribution function
(PDF), as shown in Fig. 5b. Users u1 and u2 like
to access the content frequently with short
delays. However, users u3 and u4 have signifi-
cant access delays on the order of hours and
even days.

From the cumulative distribution function
(CDF) of the average of all the access delays of
each user based on the whole user base in Fig.
5b, half of the users have the average access
delays larger than 23,880 s, which is about 6 h
and 38 min. Taking a closer look, we find that:
• 3.67 percent of users have average access delay

shorter than 10 min.

• 20.38 percent of users have delay shorter than
1 h.

• 26.79 percent of users access the SNS with
average delay longer than a day.

Therefore, we verify that a substantial number of
users access the SNSs with large delays, which is
a sufficiently large portion of users to allow
TOSS to disseminate the content object by
offline opportunistic sharing.

We use a PDF to model the access delays of
each user, say ui, in terms of the probability of
accessing the content at t, denoted as Satisfacto-
ryi(t), which can be considered the access satis-
factory function. If the content object is already
obtained locally in the user’s device when he/she
has the highest probability to access the content,
he/she will be mostly satisfied. In order to model
the various distributions of access delays with
different shapes of PDF curves, we choose to
use Weibull distribution for fitting, which is
commonly used for profiling user behaviors in
SNSs [15]:

(4)

where the Weibull fitting parameters bi and ki
can identify the access pattern of user ui.
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Figure 3. Measurement of IS for sub-graphs sampled from the SNS graph with different sizes corresponding to the mobility traces:
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SYSTEM OPTIMIZATION AND
HEURISTIC ALGORITHM

By evaluating IS (both incoming and outgoing)
and IM values of all users, how to choose proper
set of seeds for initial pushing, p, to get the
obtaining delay t* for each user in order to maxi-
mize the sum of the access satisfactory for all
users becomes the objective of TOSS. Thus, the
sum of access satisfactory functions of all users
should be maximized:

(5)

where the total amount of initial pushing seeds
is constrained by C, and we call SSatisfactoryi(t)
the total access satisfactory function of the
whole user base.

It is hard to solve the above optimization
problem analytically, since all related equations
are not closed-form. With power series approxi-
mations, we can find the maximum values by
general numerical methods. Also, we can even
tune and find the needed C given a target total
access satisfactory value. Furthermore, it is pos-
sible to design a heuristic algorithm to find the
near-optimal solution p for maximizing SSatis-
factoryi(t) numerically by a general hill-climbing
method, but due to the limited space, we skip
discussing it. 

TOSS EVALUATION RESULTS

MAPPING THE MSN AND SNS

Due to the lack of a trace that contains the
activities of the same users in both online SNSs
and offline MSNs, we consider three choices for
mapping SNS users (the Sina Weibo data set) to
MSN users (the four mobility traces):
• Random: SNS users are randomly mapped to

MSN users.
• h-h: both SNS and MSN users are sorted in

descending order of IS and IM respectively,
and then are mapped correspondingly;

• h-l: Both SNS and MSN users are sorted, but
an SNS user with high IS is mapped to an
MSN user with low IM.

Because different mapping schemes show
marginal differences, in the following, we calcu-
late the average values of evaluation results
across the three mapping schemes to reflect a
more general and realistic scenario with het-
erogenous user types.

INITIAL PUSHING STRATEGIES
To select the users who will be initial seeds, p,
constrained by the allowed total number of
seeds, C, we consider the following five pushing
strategies based on the impact factors:
• p-l: We sort users by IM in descending order

and choose the top C ones.
• p-g: We sort users by IS in descending

order and choose the top C ones.
• p-g: We sort users by IS in descending

order and choose the top C ones.

• p-l*g: We sort users by IM * IS conjunctive-
ly in descending order and choose the top C
ones.

• p-l*g: We sort users by IM * IS conjunctive-
ly in descending order and choose the top C
ones.
In current literature, there are actually many

viral marketing methods to evaluate an SNS
user’s strength regarding information spreading;
for example, we can easily qualify by node degree
including outgoing degree (number of followees)
and incoming degree (number of followers).
Note that here the arrow direction is the “fol-
lowing/followed” relationship, the reverse of the
spreading direction. Furthermore, Google’s
PageRank algorithm [16] is applied to the select-
ed SNS sub-graphs for getting the PageRank
scores of all nodes. We also consider random
pushing and the heuristic algorithm, and hence
have five more initial pushing strategies based
on the graphs:
• p-R: We randomly choose C users.
• p-D: We sort users by outgoing node degree

in descending order and choose C users.
• p-D: We sort users by incoming node degree

in descending order and choose C users.
• p-Pr: We sort users by PageRank score in

descending order and choose the top C users.
• p-H: We run the hill-climbing heuristic algo-

rithm to obtain the near-optimal pushing vec-
tor.

Note that we call these nine pushing strategies
above, except p-H, “simple” pushing strategies.

TRAFFIC REDUCTION FOR SATISFYING 100 
PERCENT, 90 PERCENT, AND 80 PERCENT

OF USERS

Recall that the access satisfactory function of ui
is Satisfactoryi(t). A user is satisfied if he/she can
obtain the content when his/her access probabili-
ty (Satisfactoryi(t)) approaches its maximum (in
the fitting Weibull pdf). We investigate what
percentage of users (initial pushing ratio) should
be initial seeds to satisfy the access delay require-
ments of 100 percent, 90 percent, and 80 percent
of users depending on different pushing strate-
gies.

From earlier, Satisfactoryi(t) is an increasing
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Figure 4. Illustration of content access delay.
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function of C (p), and the number of satisfied
users is also an increasing function of C. The C
value that makes SSatisfactoryi(t) approach its
maximum will be the standard number of initial
pushing seeds for satisfying 100 percent of users.
We examine how C can be reduced (for higher
offloading gains) if we target the satisfaction of
90 and 80 percent of users.

From Fig. 6, to satisfy 100 percent of all
users, p-H always finds the best initial pushing
vector (i.e., the least number of seeds), and p-R
performs the poorest, while p-D and p-D also
perform poorly, so simply pushing by node
degree is not preferred. In most cases, p-l*g
and p-l*g perform the second best, which
implies that we can conjunctively consider the IS

and IM factor by simple multiplication to achieve
near-optimal performance. p-Pr achieves not
very good performance compared with strategies
by impact factors, as it focuses the connections
of the network graph but ignores the historical
spreading impact, while our proposed factors (g)
make better sense. In MIT and Infocom traces,
l-based strategies perform better than g-based
ones, which means the mobility factor decides
more on the sharing process when nodes are
with high mobility. In Beijing and SUVnet traces,
g-base ones perform better, which means the
social factor has more control over when nodes
have low mobility.

When we target satisfying 90 percent of all
users, the required initial pushing ratio is
reduced significantly. With simple pushing strate-
gies, for the MIT and the Infocom traces, only
15.4 and 10.5 percent of users need to be the ini-
tial seeds on average. The number of initial
seeds is further dramatically reduced when satis-
fying 80 percent of users. Approximately 10 per-
cent initial pushing ratio is needed for all traces
except the Beijing trace, which requires about 17
percent initial pushing ratio. The Beijing and
SUVnet traces always need relatively larger
numbers of initial seeds due to their low contact
rates and large user bases.

The implication from Fig. 6 is that when

users have relatively higher mobility patterns,
the mobility impact will mostly decide the con-
tent obtaining delays, but when people are not
moving and meeting frequently within a large
user base, the online spreading impact needs to
be enhanced for initial pushing to offload traffic
effectively. Generally, p-H is about 15–24 per-
cent better than p-R and 12–16 percent better
than p-l and p-g; this is a good practical solution
to evaluate the multiplication of p-l and p-g for
selecting seeds.

COMPLEMENTARY ON-DEMAND DELIVERY
If a user who has not obtained the content (by
initial pushing or sharing) until he/she actually
accesses it, we have to deliver it over a cellular
link, which is called on-demand delivery, and
thus the on-demand delivered traffic is not
offloaded. We now compare the three target
percentages of satisfied users (investigated
above) in terms of total offloaded traffic. For
example, in the case of 90 percent of satisfied
users, 10 percent of remaining users (i.e., those
who have not received the content) will access
the content via cellular links. Table 1 shows how
much traffic is offloaded from cellular links for
the three cases where the offloaded traffic ratios
of the nine single pushing strategies are aver-
aged, followed with that of p-H after /. Note
that boldfaced numbers are the highest amount
of traffic reduction for each trace across the
three target satisfaction cases (i.e., 100, 90and
80 percent). When lowering the percentage of
satisfied users from 100 to 90 and to 80 percent,
although the initial pushing ratios become
reduced, in some cases, the on-demand delivery
for the remaining 10 and 20 percent of users
may induce the increment of the total cellular
traffic instead. Overall, TOSS can reduce from
63.8 to 86.5 percent of the cellular traffic load
while satisfying the access delay requirements of
all users.

We notice a balance between the traffic
reduction due to the initial pushing and the traf-
fic increment by on-demand delivery, as the sat-

IEEE Wireless Communications • June 201434

Figure 5. Measurement of access delays: a) four example users; b) access delay statistics of all users.
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isfaction percentage of users changes. It is about
how to deal with those users with low IS and IM

as well as large access delays, which will burden
TOSS with selecting the optimal initial seeds, as
they are hard to reach by even many hops.
Instead, it is better for TOSS to exclude them
for a better solution of initial seeds to satisfy
other users, and finally carry out on-demand
delivery.

CONCLUSION

In this article, we have introduced the TOSS
framework to leverage SNSs for offloading the
mobile cellular traffic by opportunistic device-to-
device sharing. We have discussed strategies to
select the appropriate initial seeds depending on
their SNS spreading impact, content access
delays, and MSN mobility impact. Trace-driven
evaluation reveals that TOSS can reduce 63.8 to
86.5 percent of cellular traffic.

In the future, practical deployment of the
TOSS framework mostly relies on cooperation
among MNOs, CPs, and SNS providers. Incen-
tive-based business models for the three entities
will be very important, by which mobile users
can also benefit from sharing content with oth-
ers. Also, issues of privacy, security, and system
scalability need further in-depth investigation. 
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