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Abstract—In this paper, we propose a novel social network physical layer aspects e.g., signal-to-interference-plise
aware approach for user association in wireless small cell ratio (SINR), signal strength, or delay and do not account fo
networks. The proposed approach exploits social relatiorigps the presence of D20 [1]5]. I [6]H8], the authors studied

between user equipments (UEs) and their physical proximityto . - . .
optimize the network throughput. We formulate the problem D2D approach that exploits the physical and wireless aitigt

as a matching game between UEs and their serving nodes!0 improve the resource allocation, throughput, spectraoh a
(SNs). In our proposed game, the serving node can be a smallenergy efficiency of the underlaid cellular network. Whilecls
cell base station (SCBS) or animportant node with device-to-  classical approaches are suitable for traditional sesvazeh
device capabilities. In this game, the SCBSs and UEs maxintiz g \jce, the emergence of smartphones and social netgorkin

their respective utility functions capturing both the spatial and . . . . . .
social structures of the network. We show that the proposed necessitate leveraging new dimensions, going beyond- tradi

game belongs to the class of matching games witixternalities,  tional physical layer parameters. The possibility of expig
Subsequently, we propose a distributed algorithm using with these new dimensions coupled with the heterogeneity oflsmal
the SCBSs and UEs interact and reach a stable matching. We cells networks render the user association problem ctgallen
show the convergence of the proposed algorithm and study the ing. Recently, in[[B], the authors study a D2D-overlaid rate

properties of the resulting matching. Simulation results fiow - - . L
that the proposed socially-aware user association approaccan exploring the social network and physical layer charastes

efficiently offload traffic while yielding a significant gain reaching t0 improve the network performance and reduce the load.
up to 63% in terms of data rates as compared to the classical Therein, exploring the underlyingocial ties among users
(social-unaware) approach. allow operators to better cope with peak data traffic demands
However, in [9], the social ties among nodes depend only
on the probability that a certain content is selected and the
The proliferation of bandwidth intensive wireless applicgoroposed algorithm for data sharing is heuristic.
tions such as mobile video streaming and social networkingThe main contribution of this paper is to exploit notions
has led to a tremendous data demand increAse [1]. Thfssocial networks and underlaid D2D links to optimize user
increasing need for wireless capacity mandates novellaelluassociation in small cell networks. In particular, we a#li
architectures to deliver high quality-of-service (QoS)ileh social popularity metrics and we introduce the concept of
maintaining a cost-effective operation. In this respentals important UE which acts as the best SN for other UEs within
cell networks, built on the premise of densely deployinglsmahe D2D proximity range. In this respect, we explore sheial
cell base stations (SCBSs) has emerged as a promising tats among UEs to identify the set of important UEs in the
nigue. Small cell networks revolve around the idea of shingk network. Then, by identifying socially important UEs withi
cell sizes and, thus, bringing users closer to their basimsta a geographical area, we leverage the D2D links to offload
so as to boost the network capacity. Reaping the promisiae traffic load of the small cell network, thereby enhancing
performance benefits from small cell deployments requiré®e user association procedure. Using the proposed mbeel, t
overcoming many fundamental challenges that includes uskrcisions of the UEs on whether to use a cellular or D2D
association, network modeling, interference mitigatiand link takes into account the social importance of the node as
resource management, among othéis [1]-[4]. Beyond smakll as the network load, channel condition and interfeeenc
cell networks, the introduction of device-to-device conmiru We formulate the problem as a social-aware matching game
cations overlaid on macro or small cell networks has regenthith externalities in which the serving nodes SNs (i.e., SCB
emerged as a promising technique that can further improveportant UE) and UEs are the players that rank one another
the performance of wireless networks. One key challenge so as to find a suitable and stable association. Here, UEs rank
D2D-enabled small cell networks is the problem of assamigti one another and the SCBSs via a utility function that cagture
user equipments (UEs) to their preferred serving node (Shgth the social and spatial structure of the network.
that can be a small cell or other D2D users. Classical usetWe show that the proposed game belongs to a class of
association mechanisms in small cell networks are based maatching games withexternalities due to the interference

I. INTRODUCTION
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and interdependence among preferences. These extemalliere, we letG;, = (V,&) denote a social graph, wheié
relate to the unique features of small cell networks such dsfines as the set of all nodes and C V x V is the set of
interference, as well as and the underlying social featafesedges. Adjacent nodés:, n) are connected via a bidirectional
the networks. This is in contrast to existing works on matghi edgee € £, where an edge between adjacent nodes reflects
for wireless such as il [10]=[12] which ignore interferencECBS-UE or UE-UE links.

and externalities. To solve the studied game, we propose-a
distributed algorithm that allows the UEs and SNs to interac’
S0 as to optimize their utilities (i.e., social welfare)ttheads to

Important UE
An UE which is socially popular as compared to other

a stable matching. Simulation results validate the effeasss UES in the network is considered as an important UE. The
of the proposed approach and show significant performarfB56€ most popular ways to quantify the social popularity of

gains compared to the baseline social-unaware user aisncid!°d€s in the social graph are degree centrality, closeaass,
approach. betweenness [13]l[14]. The social importance of an UE can

The rest of this paper is organized as follows. In Sectidif defined by exploring the concept of the edge betweenness

MM we present the system model and we describe the studfgitrality, similarity, and physical distance to the peedein
social network model. In Sectidilill, we formulate the socidn€ Social network.

aware UE-SN association problem as a matching game thhI_Edge betweenng-ss CentralityEdge betweenness central-
externalities, and we propose an algorithm to solve it. Sim{}Y IS Pased on the idea that an edge becomes central to a graph

lation results are presented in Seciion IV. Finally, cosidns ! It lles between many other nodes, i.e., itis traversed layyn
are drawn in SectiomV. of the shortest paths connecting a pair of node$ [14]. Edges

with a high betweenness centrality are considered impbrtan
Il. SYSTEM MODEL because they control information flow in the social network.
A. Wireless Network Model Let B = {b,,,} be the edge betweenness matrix, whgrg,
is the edge betweenness of the link between nedemdn.
he betweenness centralily, ,, of an edgee between nodes
m,n) is the sum of the fraction of all-pairs shortest paths
that pass through edge[15]. The normalized,, ,, is:

Consider thedownlink transmission of a single carrier
macrocell network. A number of small cell base station
(SCBSs) are overlaid on this macrocell network. V¢t =
{1,.,N}, M = {1,..M}, andZ = {1,...,I} where

I C M, T # M, represent the set of SCBSs, the set of Z p(m,nle)
all UEs, and the set of allmportant UEs, respectively. An ) p(m,n)
important UE is a socially popular node in the social network bn = W, (2)

which is overlaid on the wireless network. We [Btbe the
set of P SNs which can be either SCBSs ionportant UEs where V' is the number of nodes, the summation over the
P C N JZ. In classical cellular systems, each UE is typicalljpumber of shortestm, n)-paths, ang(m, n|e) is the number
serviced by the SCBS with the highest received signal sthen@f those paths that traverse edge

indicator (RSSI). Let us suppose thét is the set of UEs Similarity Matrix: The similarity is a measure of closeness
serviced by SCBS. We assume that the BandwidBWV; of between a pair of nodes. The degree of similarity can be
each SCBS is divided equally between the served UEs. Her8)easured by the ratio of common neighbors between individ-
we assume that each U will utilize a single subcarriet. uals in a social networks. The degree of similarity between
The achievable rate between SCB&hd UEm over subcarrier Nodesm and n has an important effect in terms of data

cis: dissemination. The nodes having lower degree of similarity
are good candidate for data dissemination. Hence, for a pair
Rim = BW; -logy | 1+ — Pim chi,m.c of nodes(m,p), depending on yvhethe_r thgy are connected
o+ Zjej\f\{i} Pjm.chjm,e directly or indirectly, their similarity matri>x@ is defined[[15]:
(1) 1
, , _ Z — if m,n are connected
where h; , . is the channel gain over subcarrierused by Gmn = 3 =ev(mypw(n) k(2) (3)
UE m to transmit to SCBS and ¢? is the variance of the ’ 0 otherwise

Gaussian noise. The term summation represents the aggregat

interference at UEm caused by the transmissions of otheket Q is aV x V matrix, v(m) is the set of neighbors of.,

SCBSs on the same subcarrier z € v(m) Nv(n) are the common neighbors of nodesand

_ n, andk(z) is the degree of UE. To normalize the similarity

B. Social Network Model matrix, we use the simple additive weighting (SAW) method.
We study the social connections between the users presehtis, the normalized value of each elemept, of Q is:

within the coverage of the considered cellular network. In max '

particular, these social networks can be represented Iphgra Smon = Gm.n/qp"™" V1, )

in which the vertices represent the users and the edges repreere ¢*** = max,, ¢m,». CoOnsequently, we obtain the

sent the relationships between the users based on frigndshormalized similarity matri§ = {s,,, }, where element,, ,,

common interests and use of shared services, among othdenotes the normalized similarity between nodesndn.



Social Distance: The social distance is defined as the
social interaction parameter between communicating nodes
Theimportant UEs in a given cell are defined as the subset of
UEs with the highest social distance for data transfer. Xet
be a matrix where element,, ,, € [0,1] quantifies how the
social distance of a user affects its utility which denotes t
social distance parameter between two no@esn) [17]:

X =aS + 3B, %)

Important UE

Macrocell base station ﬁ Cellular link
(mBs) — — — — D2Dlink
Data transmission

Fig. 1. lllustrative example of the considered network dgpient.
wherea and 3 are tunable parameters such that- 3 = 1.
The important node selects its preferred peer based
the composite social and physical distance captured by
following weighted cost functiom.

o CBS, considetv = 0.5 and/3 = 0.5. By looking at the social
Eigtancex matrix, it is clear that UEM; is the most socially
important than other UEs while}/, is the least important
one. Hereinafter in this work we consider one important UE
Wp,m = €p.mdp.mTp,m (6) per small cell.

We combine the social distance with actual physical diganc|ll. SOCIAL NETWORK AWARE USER ASSOCIATION AS A
between UEs, where, ,,, is the social distanceg, ,, is MATCHING GAME WITH EXTERNALITIES

the physical distance between nodeandm andec,, iS @ 14 solve the proposed user association model with social
normahzatlon co_nstant. In order to illustrate how the impot _awareness, we will use the framework of matching theory.[18]
UE is selected in the network, we presented the followingyior to defining the game, we will propose socially-aware
example. utility functions using which UEs and SCBSs can assess the

Example: Consider four UEs, within the sefMl = orformance they achieve during transmission, given Huh t
{My, My, Ms, Ms} and one SCBSS, € NV as shown in Fig. \yireless and social network metrics.

[I. Mathematically, the connectivity of node € M can be

represented by an adjacency mate which is aV x V. A. Utility of UE

symmetric matrix, wheré’ is the number of nodes in the UE , can either connect to any SCB®r instead connect
social grapht7s. The adjacency matrix has elements: to animportant UE p, via aD2D link. If UE m prefers to be
matched with thamportant node instead of SCBS then the
achievable rate of UEkn is w The utility U; ,,
captures the tradeoff between the achievable rate amon&SCB
The edge betweenness centrality between nodes is givenilsy V' and UEm € M for the given matching), expressed

B = {by,»}, where each element &f, ,, denotes the edge as:

)

. 1 if there is a edge between nodesandn,
™" 10 otherwise

betweenness among two nodesandn. Rim if m=p
S, 0 0083 0125 0125 0.167 Uism(Rim Tiim,m) = }H?:;]TR . if m connected to SCBS,
M;|0.083 0 0125 0.125 0.167 — === for D2D.
B= M;|0.125 0125 0 0.08 0 (7)
Mz 0125 0.125 0.083 0 0 B. Socially-Aware Utility of SCBS
My | 0.167 0.167 0 0 0

_ _ o To calculate the utility of SCBS € V, we incorporate the
For a social grapli-s; with V' nodes, the similarity betweengggial distance of each UE with respect to SCBS [19].
each pair of nodes is computed usig (3). The normalizeg the given matching, the utility of an SCBS is the sum

similarity matrix S between node paifm, n) is given by:  of ytilities of its associated UEs: € £,. Thus, the utility of
SCBSi € NV is:
S1 0 1 0.583 0.583 0.25
M| 1 0 058 0583 0.25 Ui(n) = Y Uim(Rim: im, ). (8)
S = M,|0.583 0.583 0 0.50 0.50 meLs
Ms|0.583 0.583 0.50 0 0.50 The proposed user association approach leverages thé socia
My| 025 025 0.50 0.50 0 and spatial structure of the D2D-underlaid small cell nekwo

In order to avoid the combinatorial complexity nature of the
S 0 0.5208 0.3227 0.3227 0.1667 problem, we make use of the framework of matching games
M, | 0.5208 0 0.3227 0.3227 0.1667 [18]. To associate UEs to SNs, each SN aims at identifying the
X = My|0.3227 0.3227 0 0.2708 0.2500 largest set of UEs, for which it can meet the minimum social
M5 0.3227 0.3227 0.2708 0 0.2500 distance requirements. Having defined such utilities, mal g
M, |0.1667 0.1667 0.2500 0.2500 0 is to solve the problem of associating each kikEe M to the
To determine which UE is the most important node for thieest serving nodé € P via a matching; : M — P. In what



follows, we formulate the user association problem as aasoci Algorithm 1: Socially aware user association algorithm

matching game, and discuss its properties. Data: Each UE is initially associated to a randomly selected SGBS
A social matching gameis defined by two sets of the players Result Convergence to a stable matching

Phase | - SN discovery and utility computation;
M, the set of UEs an@, the set of SNs and two preference e Each UEm discovers a serving node (SN) in the vicinity,

relations>,,, ; for each UEm € M (SN j € P) to build o UEs and SNs exchange social-aware informatiorand achievable
preference over SN € P (UE m € M) and vice-versa. A rate metrics in[(1)[05); . _
preference relation >, is defined for every UEn over the + We have important UEs lisT using [3);

L - e Ujm(n) andUy(n) and social welfardV () are updated;
set of SNsP such that for any two nodes ink € P,j # k Phase Il - Swap-matching evaluation:

and two matchings,n/ € M x P,n #n/: o Pick the random pair of UE§m, n} € M;
. while count < max lterations do
(4:m) =m (ko) <

o Ujm(n), Uy(n) are updated based on the current
Ui (R @5m51) > U (R @, 1) ) « UEs and SNs are sorted By (n);
o swap the pair of UE{m, n}{n,m}
where (j,m) € n and (k,m) € n/. Similarly the preference o W(mn,m = Whest (1)
relation’-; for the SNj over the set of UESM is defined as, Pr= 1+6—T(W'E]77)nl,m*t?/(n)nz,ffz,); o with orobabi
for any two UEsm,n € M7 m 7& n sznw(;—)nn;n; %Va(r:?g);jestt eih(;?]n iguration with probabilityr;
(m,n) =5 (n,nr) < Us(n) > Uj(n/) (10) !— Woeat = W ()n,m
else
Each SN and UE independently rank one another based L SN k refuses the proposal, and Uk sends a proposal to the
on the respective utilities in[(J7) and](8) that capture the next configuration atount
count = count + 1

social ties among UEs. The selection preferences of UEs are- _ .
. . . - Phase Il - Social-aware user association;
interdependent and influenced by the existing network wide

;nx?giggﬁi’evghmh leads to a many-to-one matching game W'(tnl? each UE is to maximize its own utility while associating

with the most preferred SCBS or important UE. Our game is
C. Social Welfare a matching game witlexternalities due to SINR and social-

Our goal is to solve the problem of matching many UE@_eS between nodes, which is a class of games that signifjcant

to the best SNs (many-to-one). In this matching, many ugdfers from existing works such as [10]=[12]. To deal wittet

are matched to each SN, and UEs have preferences overgfgrnalities arising due to interference and coupling mgno
SNs. The social welfaré’ [18] is expressed as the sum ofifferent matchings, we allow a two-sided swapping between
the utilities of UEs and SCBSs. pairs of SCBS and UEs, as a function of the prospective

increase in social welfare. The concept of externalitiesi$e
W) => U+ > Urm(Rim:@em:n)  (11)  to a new stability concept based on the idea of a stable swap-
keP mem matching [18]:
The social-aware user association problem can be written asDefinition 1:  Given a matching n, a pair of
UEs m,n € M and SNsj k € P with n,, =
s U (12) frflm, ), k)}{ U {(mé}m, (n. 7)) g sv)vap-ma(uchi;wg
5 is stable if: Vy € {m,n,j, k}, such thatUy (nx,;) < Uy(n;.x
) » B 2 Bin, Vm 3 andy € {m.n, gk} Uy (mes) > Uy (1)
where Ry, ,,, is the minimum target rate per UE. In terms
of complexity, solving the UE-SN association problem using A swap-matching; is said to be stable with linkj, m) € n
classical optimization techniques is an NP-hard probledj, [2 if there does not exist any Uk or SN &, for which SN
which depends on the number of SNs and UEs in the netwogk prefers UEn over UE m. Such network-wide matching
In this work, we propose a heuristic procedure which is bassthbility is reached by guaranteeing only stable swap-hiradc
on two-way preferences for both UEs and SNs. Specificallpmong players [18] which result in an increase in the social
the proposed approach leverages the spatial and sociat stivelfare. Classical matching approaches are based on prefer
ture of the networks, in which UEs social relationships amnce orders, such as the deferred acceptance algofitim [12]
taken into account for establishing suitable D2D connestio Nevertheless, such approaches do not account for extizaali
and thus may yield lower utilities or may not converge for a
In the proposed algorithm (Algorithiil 1), the preferencegame with externalities. In fact, due to externalities,ypla
carried out by both the UEs and SNs are done locally, whereamtinuously change their preference orders, in respomse t
coordination is required between adjacent SCBSs. If a URe formation of other UE-SN links. Inspired from [18], we
m € M is not currently served by its most preferred SNise a Markov Chain Monte Carlo (MCMC) algorithm. Hence,
k € P, it sends a matching proposal to another f§NJpon instead of using the greedy way to select the “best” matching
receiving a proposal, SN updates its utility and accepts thethe matching is chosen based on a probability, which depends
request of the UE if the externalities resulting from suckasw on the swap which results an increase of social welf&re
do not yield a degradation of the social welfare. The mair goa For finding a stable matching in the proposed small cell user
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Fig. 2. Average rate per UE as a function of the number SCBSer fixed  Fig. 3. Average social welfare for the fixed number of UEs= 150, under
number of UEsM = 150, under the considered approaches. the considered approaches.

association, we use Algorithiy 1. The value of temperafire divided between the UEs. The simulation parameters aragive
goes to zero as the iterationunt approaches théth iteration in Table[]. We compare the performance of the social un-
step [21]. In the first phase, each UE is initially associategivare approach in which UEs associate based on the max-
to a randomly selected SN based on the max-RSSI criteri®®GS| criterion.

Next, each SCBS gets the social information from the UEs Fig.[2 shows the average rate per UE as a function of the
to identify the important nodes. Then, the social welfare §CBSsN, with A/ = 150. Fig.[2 highlights the fact that, in
calculated for the current matching In the second phase,the proposed social-aware approach, user associationk res
UEs and SNs update their respective utilities and indiidu@ enhanced SINRs and increasing transmission rates[Fig. 2
preferences over one another. Subsequently, at eachdteratshows that, as the number of SCBSs increase, the average rate
a chosen UE pair is swapped with a probability that depenigreases. This is due to the fact that, an increase in théeum

on the change in the social welfare: a positive change in tBe SCBSs decreases the density of UEs per SCBS. InFig. 2,
social welfare yields a probability of swapping larger tHg2 we can also see that the proposed social-aware matching game
and vice-versa. As a result, the algorithm does not get daugtelds significant performance gains, increasing \8itho, and

in a local optimum. The algorithm continuously keeps trackeaching up to63% when the number of SCB®V = 30

of the “best” matchings found so fdr [18]. relative to the social unaware association approach.

The proposed algorithm is guaranteed to converge. Therig.[3 shows the average social welfare for fixed= 150
convergence of Algorithni]1 follows from two facts. FirstyUEs. In this figure, we can see that the increase in the number
since only the swaps which verify the conditions of Definitio of SCBSs result in an increase in the average social welfare o
1 are allowed, the utility of each player cannot decreas& afbbout21% at N = 30, relative to the social unaware approach.
each swap as each swap guarantees non-decreasing utilitigs social welfare is the sum of the utilities of the UEs and
which result into an increase of the social welfére Second, SCBSs, and, thus by adding more UEs and SCBSs [Fig. 3
the utility of SCBS is the sum of the utilities of UEs connetteshows an increase in average social welfare.
to it whose number is finite. Moreover, the utility of the Fig.[4 shows the average rate per UE as a function of the
important UE is the sum of the utilities of the UEs connectedjgs A/ for a fixed number of SCBS& — 16. The decrease
to it. If Algorithm 1 is run sufficiently long it can find the jn the average data rate is due to the increased interference
two-sided stable matching. However, there is no guarantge number of UEs increases in the system. [Big. 4 shows that
that the best matching encountered in finite time is even tWere proposed approach yields significant gains, in terms of
sided stable, a situation that can be remedied by applyiffe average rate per user, reaching uit when the UEs
greedy approaches. Algorithid 1 terminates when no furthgy — 250 compared to the max RSSI scheme.

improvement can be achieved. Therefore after Phase Il therig. [§ shows the average number of iterations required to
algorithm converges to a local maximum of the social welfare

. . o TABLE |
W. Finally, uniform power allocation is used. SIMULATION PARAMETERS
IV. SIMULATION RESULTS Parameter Value
. ) . . . . | System bandwidth 5 MHz
For simulations, we consider a single micro-cell in which Macro cell radius 500 m
UEs and SCBSs are uniformly distributed over the area ofg‘g‘;‘; onwef spectral %_enS'tW()) 51074 dBm/Hz [22]
H H H H ransmission radius m
interest. Tra_nsm|SS|ons are aff_e_cteq by dlstance_depepddrn ["SCBS transmission power >3 dBrm
loss according to 3GPP specifications![22], while the tumalit 57D transmission radius 20m
variablesy and 3 are set td).5. For the simulation we consid-| UE transmission power 15 dBm
ered there is no power control, where the power is uniformilyPevice-to-Device (D2D) pathloss (@~ a=3
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