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Abstract—Social networks have been rapidly grown over theakt
years. The socio-technical information that they inlude may
provide critical information which can be exploited to improve

the performance of the network. This is of utmostmportance

especially in Next Generation Networks (NGNs), whit provide

multiple services with increased bandwidth requirenents. In this
paper, the problem of resource allocation in a boténeck link of

an NGN is examined. To this end, a utility based thnique is
proposed which integrates the information of an owtaid social

network expressed by the social distance parameteln this case,
the utility function employed is reformed, so as toincorporate

this parameter, which is determined by the users arage
popularity. Network users are classified into friemship classes
according to social distance parameter. Then, thesers resource
allocation objective is formulated as optimizationproblem with

inequality constraints. Due to the increased probims complexity,
a numerical method is employed to estimate the optial resource
allocation is given. Numerical results are presente which

indicate the impact of the social distance parameteon networks

resource allocation.
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following different approaches [4]. There are sosthemes
that focus on Service Class (SC) priority by altow the
resources proportionally to the users priority lewe by
reserving bandwidth for high priority SC users [6].
Moreover, other schemes employ pricing criteria uditity
function to maximize network revenue or overall wmk
utility, respectively [7]. Other schemes are based game
theoretic algorithms where resource allocation sieni is
obtained through multiple negotiation rounds amathg
competing users [1]. The main common characteristiall
these approaches is that their based on networlactkastics
and QoS requirement ignoring the physical and $ocia
relationship among communicating users.

One of the latest trends in computer and personal
networking is the development of social networkshiolw
consist of users profile, their social links ansket of additional
services [8]. These networks facilitate a form oimputer
mediated social interaction via the developmerapgdropriate
software platforms. The corresponding social nekvnor
services are web-based and they have been intdgnaiie
mobile computing devices. The widespread proliferatof
social networks along with the critical informatioegarding
users relationship that they contain may be exgdogo as to
achieve improved network resource allocation aretsustility

Next Generation Networks (NGNs) have been rapidlymaximization.

evolved during the recent decade
broadband, QoS-enabled wireless access technologaer a
unified frame [1]. They enable unfettered accessufers to
networks and to competing services independentlythef
underlying transport related technologies suppgrtat the
same time users mobility. The NGNs support vargervices,
such as voice, data, World Wide Web browsing, eraai
multimedia. Since these services have different liQuaf
Service (QoS) requirements it is important to desfficient
resource allocation schemes among competing seserf in
resource constrained networks [2]. Resource allmtat
schemes aim at maximizing users utility and/or oekwrofit,
while satisfying the particular QoS requirementstiud SCs
supported, such as bandwidth, packet delay, jtiel priority
[1, 3].

The problem of network resource allocation hasresitely
studied in literature and various schemes have pegmosed

integrating maltip

Generally, the communication among network usersots
determined randomly but it is driven by their redaships with
other users. The information related to usersioglghips can
be obtained from social networks and can be expdettsough
the social distance parameter. To the author kragyegelittle
attention has been paid on the integration of sd#ance into
resource allocation networks. A recent work thahsiders
social distance has been introduced in [9], whbeesauthors
deal with resource allocation problem in terms efagl and
packet loss in a wireless LAN. Our motivation isatidress the
problem of resource allocation taking into accousgrs social
distance and bandwidth requirements instead ofydaled
packet loss.

In this paper, a new resource allocation scherpeoigosed
for bandwidth-constrained bottleneck links of an MG
employing social aware users utility function [1Q,]. Unlike
other relative studies where user utility functi@rs based on



QoS requirements and bandwidth allocation, we psepa

reformed utility function integrating the social stiince
parameter [5, 7, 9]. Users bandwidth allocationrehas the
outcome of the overall users utility maximizationofglem

under certain conditions, such as link capacityrvise

bandwidth requirements, etc. To this end, usersclassified

into groups based on their social distance expdeas¢he users
average level of popularity. Numerical results arevided

demonstrating the impact of the social distancearpater on
the network resource allocation.

The rest of the paper is organized as below. In IBsocial
networking is described and different approachedetermine
social distance parameter are presented. The ugéity
function along with the reformed utility functionyhich
incorporates the social distance parameter, ingivesSec. lll.
The network model employed and the social distaware
resource allocation problem are studied in Sec. TWie
numerical results are presented and discusseddn\Sand
conclusions are drawn in Sec. VI.

Il.  SoclAL NETWORKING FRAMEWORK

Undoubtedly, the convenience of Internet accessbowd
with the increasing speed of communications faeditesulted
in the emergence of a new scope on Internet sepnkoewn as
Web 2.0 [12]. New services and applications arergmeg to
exploit new technologies and the notion of coopenatvhich
characterises the Web 2.0.

One of the most widespread services of Web 2.@dtabk
networking. The main characteristics of social reks are a)
they are web-based services, b) the individualsahosved to
create a profile within a bounded system, c) uaegsallowed
to form connections with other users and developwoik
communities based on their social relations, dysusan view
other user profiles and traverse their connectiehparticipate
in groups based on their preferences and f) shaiténmedia
content, such as photographs and videos, and usedsh
services, namely VoIP and IPTV [8].

Social networks can be represented by graph. Tldesnho
denote the users of the social network, i.e. people
organizations. The edges correspond to the co-depee
between nodes, for example relations of friendskiades,
common interests, use of shared services.

Popularity or centrality in graph theory and in isbc
network analysis quantifies the relative reputatioamely the
importance of a peak within one graph or respelgtiv®w
popular is a person in a social network. Eviderdlyiode with
high popularity has an increased possibility okilrg with
other nodes within the network and is characterisgdan
increased data generation and transfer rate. Oothiee hand, a
node with low popularity has limited connectionsthwother
nodes and is regarded as a community member wdliceel
communication load.

There are various ways by which the popularity ten
measured. The three most widespread are the degnéaility,
closeness and betweenness [13, 14].

Degree centrality is defined by the degree of aendabt
Cp, denote the degree af node, i.e. the number of other

nodes (n= j ) which are directly linked ton node [15].

Evidently, high values of degree centrality corgp to an
increased number of links amomgnode and the rest network
nodes. Degree centrality for a given nadés given by
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where N is the number of graph nodespkeS ,
S={1,...N}, a(n,k) is 1 or 0 if and only ifn and k ,
(n= k), are connected by an edge or not, respectively.

Betweenness is a centrality measure based onghedncy
that a node falls on the shortest or geodesic ghtitsconnect
pairs of other nodes [13, 15]. A node which is ired in
communication paths among other nodes could patbnti
control their contact. This potential control ofnmmunication
can be a potential popularity metric.

High betweenness correspond to an increased invee
of the node under consideration to the communiogt&ths of
other pairs of nodes. Thus, nodes with high betwess can
control many interactions of the nodes which lildesides,
nodes with low betweenness have limited involvemerthe
communication between other nodes. In terms of @abko
network, a user with low betweenness has a limgedial
environment. Betweenness of a givemode is given by

gk (n)

ikes ik
j<k
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where g, is the total number of geodesic paths linkipgnd
k nodes, j,k#n, and g;,(n) is the number of those geodesic
paths that includen node.

Closeness centrality is determined by the mean egod
distanced(n,k), n=k, which is the shortest path between the

n andk nodes. The closeness of a node provides a mieatc t
indicates the independence of node communicatmm foither
nodes [15]. Thus, if a node has a central positioiiie graph,

then it has a low dependence by the rest nodeeglay its
messages. Hence, higher closeness values for a node
correspond to less control in its communicatiorothyer nodes,
since it has direct link in the network. Closenfessa givenn

node is given by

N-1

Cl =
> d(n.po)
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Figure 1. Users utility function for variable bandwidth alidon.

wherei k.

The selection of an appropriate measure for theilpapy
depends on the implementation framework. In caserevive
are interested in expressing the popularity of casmetwork
user in terms of its communication activity, thére tdegree
centrality is employed. Otherwise, if we are ingted to
determine the popularity by the involvement of arusto the
communication paths of other users, the betweenisesise
most suitable metric. Alternatively, closeness mpkyed
when the analysis is focused on the independenceodés
communication [16].

In social networks, the concept of social

communicating entities or groups of entities. Thgsen a

graph where the nodes and edges correspond to asdrs

interactions among users, respectively, the salisddnce can
be determined by a centrality metric. In what fako the social

distance parameter is defined by the degree ciptral
Con e[O,l] , in order to express the average popularity of a
inecdir

social network user, since we are interested
communication activity of a node in relation to titeers.

Let y, denote the social distance parameternofiser.

High users average popularity values express higarsu

interaction with other users within the social natk and
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Figure 2. Social distance impact on users utility for variamsparameter
values.

Generally, users utility depends on several network
parameters, e.g. delay, jitter, packet loss rate,id usually
determined by its allocated bandwidth, which ranges from
the minimum, B ,, , to the maximum,B_, , bandwidth
requirement according to service specification. dedth less
than B, cannot satisfy users demands; thus, users uiiity
this case should be equal to zero. User utilitgrisncreasing
function of b and reaches its maximum value wherequals

B__ . A utility function with such characteristics idet

max

distanceollowing
parameter, is employed to express the distance eeatw

_ In(b/B,,) sgn(b-B,,)+1
v (b) - ln(Bmax / Bmin) 2 (4)

where 0<b<B_, and sgn(x) is the well-known signum

function. The utility functionU (b) is depicted in Fig. 1, where
B, =64kbps and B, =10Mbps . Evidently, U(b)=0

whenb< B, andU (B, )=1.

To incorporate the socio-technical information irttee

Correspond to low social distance values. Thereforé}tlllty fUnCtion, U (b) should be reformed so as to include the

X, =1-Cp .
distance values have increased requirements instesm

network resources, due to their increased commumica

needs.

I1l.  INTERGRATION OFSOCIAL DISTANCE INUTILITY
FUNCTIONS

The notion of users utility is employed to quantifgers
relative satisfaction to the QoS level offered hg network.
The term of users utility has been introduced ionecnic
studies to measure customers benefit and then eappb
communications networking. The integration of beébeal
characteristics according to users preferencegeationships
into the utility function can led to an improvedsddption of
user satisfaction. This is achieved by taking iat@ount the
social distance parameter which leads to improvetivork
performance according to users service.

Evidently, users characterized by low socialsocial distance parameter. Thus, the new utilitpction,

U (b, 7,), is given by

U (b, z,)=U(b)-S(1.) (5)

where S( 7,) is a function which quantifies the social distance
impact onn users utility.

The S(,) should be a monotonically increasing function

of the users average popularity, since high avepapeilarity
levels should correspond to also great impact dityutalues.
As y, ranges from 0 to 1, where O and 1 correspond ¢o th
highest and the lowest average popularity levedpeetively,
S(x,) should be a monotonically decreasing functionyof

Hence,S(z, ) is given by
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Figure 3. The social aware utility function for various sda&tance
parameter values.

S(z,)=1-¢€"™ (6)

Furthermore, users can be classified upon socloiteal
criteria into different groups, called Friendshifasses (FCs).
In particular, the criterion employed in this studythe social
distancey,, as determined by the users relationships within a

social network. We assume two user FEE, , i={12 ,
which correspond to different social distance pat@mvalues
- Then, y; represents the social distance of all useF@,

which is the average of all users social distandbe class. Let
N, denote the number of users belonging RG, ; then,

N;
N, +N,=N and y, ZLZZn . Users belonging to the same

i n=1
FC. are assumed to be provided with equal utilitytfer same
bandwidth allocation.

B. Resource Allocation Problem
The efficiency of the resource allocation strategyelated

where« is a parameter which determines the steepneseof tWith network performance optimization. An improveetwork

decent ofS( ;(n) and expresses the impact degreeypfon
S(z.)-

In Fig. 2, theS( z,) function is plotted with respect tp,

for variable levels ofa . The maximum value ofS(y,)
occurs when the user has the highest average pitypudevel.
As y, increasess(;(n) gradually decreases. As depicted in
Fig. 2, lower values ofz parameter correspond to higher
impact of y, on S(z,).

In Fig. 3, the reformed utility function is depidtefor
variable users bandwidth allocation with=5. As y,
increases, the reformed users utility decreasea iven users
bandwidth allocation. Thus) (b, 7,) can model the effect of

the parameterg, andb on users utility, as was originally
intended.

IV. SoclAL DISTANCE CONCEPT INRESOURCEALLOCATION

In the following, the resource allocation schemeiciwh
incorporates the social aware utility function isamined. In
the first subsection, the network model under agrsition is
described, while, in the second one the optimizapimblem is
studied.

A. Network Model

Consider a single link of an NGN network with bardhv
capacity C . Let N denote the number of ongoing users

performance is obtained through the maximization thod
aggregate network utility by all user Fs$(b, ), defined as
below

2

U (va):ZNiUi (h aZi)

i=1

(7

where,U, (b, 7)=U(h)-S(x ) denotes the users utility of

the i th FC. Thus, the resource allocation problem
transformed into a utility maximization problem,fided as
below

IS

2

Maximize U (b, z)=>_NU,(h.,z), (8a)
i=1
2
Subjectto > Nh <C, (8b)
i=1
B, <h<B,._. (8¢)

However, it is difficult to solve this maximizatiqeroblem
following a method based on the derivatives of filmections
employed, such as the Lagrange method, since #rs uslity
function U, (hy, 7,) embraces the signum function, which its
first derivative is the Dirac delta function. Hepeenumerical

method is employed to determine the solution of ghablem
based on the following algorithm.

Algorithm to estimate the optimal resource allomadti

utilizing this link. Users may be classified intifferent service
classes, such as VolP, FTP, TCP and IPTV, basdédeinQoS
requirements. VolP users have a relatively low hbadth
requirement, i.e. 64 kbps. ThuB,,, is set equal to 64 kbps, so
as U(by,) can satisfy even the lowest bandwidth
specification of the network users.

Step A: The algorithm determinés as a function of
b, from (4c) asb, =(C—N,b,)/ N,.

Step B: Then, the aggregated utility functior{b, z)
given in (4a) becomes a function &f and y, ,

U (b, 7).
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Figure 4. Bandwidth allocation for variable number of FC1nssender
different social distance parameted, =10.

e Step C: For two certain FCs, i.e. for given valoés
%, U (b, x) can be rewritten as a function bf,

U'(h) -

Then, the maximum value of" (b)) ,
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Figure 5. Bandwidth allocation for variable number of FC1nssender
different social distance parametet, = 20.

value of y,, while y, is constant. Each scenario represents
different relation levels among the social distanfg¢he two
FCs. The values of, and its relation withy, are given in
Table I.

Uru(b;). can be determined and the corresponding

b can be estimated. In case where multiplexists
and y, > y,, then the maximunt, value is selected.
Otherwise, i.e.y, < y,, the minimum but acceptable
by value is selected.

e Step D: Evidentlyp, =(C—NJb, )/ N,.

The complexity of the problem already studiednsitéd to
one utility function and two FCs in order to fodhe analysis
on the impact of social distance parameter obtaimgdhe
social network on the resource allocation. The jgmbcan be
expanded in order to encompass multiple FCs, sersuare
classified into multiple groups according tg, value.

Furthermore, different utility functions can be dayed to
model user satisfaction for each users servica.claghis case,
the optimal resource allocation can be obtaineduiin an
analytical approach, such as the Langrage methoda o
numerical approximation.

V. NUMERICAL RESULTS ANDDISCUSSION

In this section, the performance of the social avasource
allocation technique is examined. Numerical resudt®
obtained to examine the case of two FCs. Thusablrivalues
of y, parameters are employed. Moreover, the impachef t
number of users for both FCs on the resource dimca
technique is presented.

The corresponding parameter values employed thouighe
performance evaluation areC=100Mbps , 4,=05,
B, = 64kbps and B, =10Mbps. The o parameter is set
equal to 5 in order to achieve an increased imgagtee ofy,

on the users utility. Moreover, the number of ussisnging to
FC1 varies from 6 to 25. In what follows, we invgate the
resource allocation results under three scenaggarding the

TABLE I. SOCIAL DISTANCE SCENARIOS
Case Value of y, Comments
#1 0.25 X< X2
#2 0.5 =22
#3 0.75 ViRV 2

In Fig. 4 the performance of the social aware resou
allocation technique is presented concerning theetltases,
where N, =10. The bandwidth allocated to each user is
plotted with respect to the number of FC1 usersbfith FCs.

In the first case, the bandwidth allocated to ti@l Fusers is
higher compared to the one allocated to the FC2suJais
occurs due toy, < y,, which denotes that FC1 users are
assigned higher priority over FC2 users. In thedtltiase the
performance of the allocation technique is inverssidice
X, > 7, Evidently, in the second case, wheye= v, =0.5,
the bandwidth allocated to each user is the saméhéo two
FCs.

Note that the difference between the values of siheial
distance parameters in the case #1 and #2 is the, sice.
|7n—1x=0.25 . However, the corresponding difference
among the bandwidth allocated to users of the @3 5
dissimilar. This occurs since thg, - y,| difference in the first

case is obtained for lower values of social distaparameters
compared to the third case, where the social distan
parameters correspond to higher values. Thus, #ersu
bandwidth demand in the first case, as implied hey $ocial
distance parameters value, is higher compared t® th
corresponding one in the third case.

In Fig. 5 and Fig. 6 the bandwidth allocated tonmek users is
plotted versus variable number of FC1 users, whiyeis
equal to 20 and 30, respectively. The same renzdréady
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Figure 6. Bandwidth allocation for variable number of FC1nssender
different social distance paramete, =30.

described for Fig. 4 are valid in these figures.rdbwer, the
curves drawn in Figs. 5 and 6 exhibit the samedt@nin Fig.

(1]

(2]

(3]

(4]

5]

(6]

4. However, asN, increases the bandwidth allocated to eacrh]

user is evidently reduced.

VI. CONCLUSION

Several utility based resource allocation scheroeGNs
have already proposed in literature, which are $eduon pure
technical methods. In this paper, a social awasouee
allocation technique is proposed based on utilitycfions with
explicit dependencies on social networks infornmatido this
end, a reformed utility function is defined basedtbe social
distance parameter. Thus, the information containesbcial
networks is exploited, so as to achieve efficieasource
allocation. The numerical results demonstrate thpaict of
social distance parameter on networks resourcecagiton
satisfying users QoS requirements. Therefore, wgignshigher
average popularity are assigned with increasedvbidital

The proposed technique can be further extendedittiphe
service classes. Thus, apart from the classificatifothe users
into FCs, they can be classified at the same tmm service
classes according to calls content. We are als&imgptowards
the integration of social distance aware resoultmcaion
techniques with call admission control schemes.
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