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Abstract—Wireless device-to-device (D2D) communication un- radio resources (e.g., resource blocks [RBs] and trangmiss
derlaying cellular network is a promising concept to improve user  power) at the relays are shared among the D2D communication
experience and resource utilization. Unlike traditional D2D com- links and the two-hop cellular links

munication where two mobile devices in the proximity estakith a We formulate an optimization problem to allocate radio
direct local link bypassing the base station, in this work wefocus P P

on relay-aided D2D communication. Relay-aided transmissn resources at a relay node in a muti-relay multi-user orthago
could enhance the performance of D2D communication when frequency-division multiple access (OFDMA) cellular netk
D2D user equipments (UEs) are far apart from each other (e.g., LTE-A network). Due to the NP-hardness of the re-
and/or the quality of D2D link is not good enough for direct  gqrce allocation problem, we utilize time sharing strateg
communication. Considering the uncertainties in wirelesdinks, d id t t', I timal tralized soluti

we model and analyze the performance of a relay-aided D2D an PrOV_' € an asymptotically op |m_a centralized solio
communication network, where the relay nodes serve both the Considering the random nature of wireless channels, we re-
cellular and D2D users. In particular, we formulate the radio formulate the resource allocation problem using the woase
resource allocation problem in a two-hop network to guaranee robust optimization theory. The uncertainties in link gaare

the data rate of the UEs while protecting other receiving noés ,5qeled using ellipsoidal uncertainty sets. Each relayenod

from interference. Utilizing time sharing strategy, we provide a . ..
centralized solution under bounded channel uncertainty. Vith a can centrally solve the problem taking channel uncertairity

view to reducing the computational burden at relay nodes, we Consideration. However, considering th? high (e.g., cubic
propose a distributed solution approach using stable matdng the number of UEs and RBs) computational overhead at the
to allocate radio resources in an efficient and computationdy  relay nodes, we provide distributedsolution based ostable
:)r:‘et)k(]genrtsnlvgs\gg)r/ﬁe’\tlrl:gjeigcc%srzstgltﬁessgx\{rglligteéhoe tﬁ’;g?;g%"f matchingtheory which is computationally inexpensive (e.g.,
brop P linear with the number of UEs and RBs). We also analyze the

and there is a distance margin beyond which relaying of D2D o . . ) .
traffic improves network performance. stability, uniqueness, and optimality of the proposed tsmiu

Index Terms—Device-to-device (D2D) communication, LTE- Considering the f:_omputatlonal and. S|gnalllng overheads
A L3 relay, uncertain channel state information, distributed and Ia(_:k of scalability of the_central'zed so_lutlons, game
resource allocation, stable matching. theoretical models have been widely used for wireless resou
allocation problems. However, the analytical tractaildf
equilibrium in such game-theoretical models requires ighec
properties for the objective functions, such as convewihjich

We consider relay-assisted device-to-device (D2D) commatay not be satisfied for many practical casés [4]. In this
nication underlaying LTE-A cellular networks where D2D usecontext, resource allocation using matching theory hasragév
equipments (UEs) are served by the relay nodesl[1], [2]. Whieneficial propertie$ [4][[5]. For example, the stable miaig
the link condition between two D2D UEs is too poor fomlgorithm terminates for every given preference profilee Th
direct communication, the D2D traffic can be transmittedaviaoutcome of matching provides suitable solutions in terms of
relay node, which performs scheduling and resource altmtat stability and optimality, which can accurately reflect diint
for the D2D UEs. We refer to this agelay-aided D2D system objectives. Besides, with suitable data structuaes
communicatiorwhich can be an efficient approach to provid@areto optimal stable matching (e.g., allocation of resesito
better quality of service (QoS) for communication betweethe UES) can be obtained quickly for online implementation.
distant D2D UEs. For this, we utilize the LTE-A Layer-3 The goal of this work is to design a practical radio resource
(L3) relay [3]. We consider scenarios in which the potentiaicheme for relay-aided D2D communication in a multi-user
D2D UEs are located in the same macrocell; however, theulti-relay OFDMA network. As opposed to most of the work
proximity and link condition may not be favorable for direcin the literature where channel gain information is assumed
communication. Therefore, they communicate via relay® Tho be perfect, we capture the dynamics of random and time-
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problem for relay-aided D2D communication underlayingnderlay D2D communication is proposed in [9]. A two-
an OFDMA cellular network considering uncertainties iphase resource allocation scheme for cellular network with
channel gains. We formulate an optimization problem tonderlaying D2D communication is proposed[inl[10].[In][11],
maximize system capacity in a two-hop network whil¢he mode selection and resource allocation problem for D2D
satisfying the minimum data rate requirement for eaatommunication underlaying cellular networks is investigh
UE and limiting the interference to other receiving nodesnd the solution is obtained by particle swarm optimization
We show that the convexity of the optimization problenThe works above do not consider relays for D2D communi-
is conserved under bounded channel uncertainty in batation.
the useful and interference links. A distributed relay selection method for relay-assistedD2

« Using the theory of stable matching, we develop eommunication system is proposed in1[12]. [nJ[13]1[14],
distributed iterative solution, which considers boundealthors investigate the maximum ergodic capacity and eutag
channel uncertainty. The stability, uniqueness, optitpali probability of cooperative relaying in relay-assisted D&in-
and complexity of the proposed solution are analyzethunication considering power constraints at the eNB. Tgkin
We also present a possible implementation approachtbé advantage of L3 relays supported by the 3GPP standard,
our proposed scheme in an LTE-A system. in [1], a centralized resource allocation approach is psego

o Numerical results show that the proposed distributed solior relay-assisted D2D communication assuming that perfec
tion performs close to the upper bound of the optimal sehannel information is available. A gradient-based distied
lution obtained in a centralized manner; however, it incuresource allocation scheme is proposed_in [2] for relaycid
a lower (e.g., linear compared to cubic) computation&82D communication in a multi-relay network under uncertain
complexity. Through simulations, we also compare thehannel information. In this multi-relay network, the irfe-
performance of the proposed approach with a traditionahce link gain between a UE and other relays (to which the UE
underlay D2D communication scheme and observe thatnot associated with) is modeled with ellipsoidal undetta
after a distant margin, relaying of D2D traffic improvesets. However, the uncertainty in direct channel gain betwe
network performance. relay and the UE is not considered. In this paper, we remodel

We organize the rest of the paper as follows. We brieffp€ previous formulation and extend the work in [2] by
review the related work in Sectidnl Il. Sectiénllll present§icorporating uncertainties inoththe useful and interference
the system model and related assumptions. Followed by {i¥s. In particular, we present a distributed resourcecaition
formulation of the nominal resource allocation problem iRlgorithm using stable matching considering the uncetiesn
Section[1¥, we reformulate the resource allocation probleffi Wireless channel gains (e.g., channel quality indicHII]
considering wireless channel gain uncertainties in Seflo Parameters according to the LTE-A terminology).

We develop the stable matching-based distributed resourcé\Ithough not in the context of D2D communication, match-
allocation algorithm in Sectiof_VI. Theoretical analysis oiNd theory has been used in the literature to address the radi
the proposed solution is presented in Secliod VII. In Secti¢gesource allocation problems in wireless networks. A spect

[VIIT] we present the performance evaluation results befeze allocation algorithm using matching theory is proposedli [
conclude the paper in SectibnllX. for a cognitive radio network (CRN) under perfect channel

assumption. In[[16], a two-sided stable matching algorithm
is applied for adaptive multi-user scheduling in an LTE-A
network. A distributed matching algorithm is proposed_i][1
Despite the fact that the resource allocation problems for cooperative spectrum sharing among multiple primary an
cellular D2D communication have been intensively studiezbcondary users with incomplete information in a CRN. In
in the recent literature, only a very few work consider rdi8], a distributed algorithm is proposed to solve the user
lays for D2D communication and incorporate wireless linkssociation problem in the downlink of small cell networks
uncertainties in the formulation of the resource allogatio SCNs). A matching-based subcarrier allocation approach i
problem. In [6], a greedy heuristic-based resource allonat proposed in[[19] for services with coupled uplink and down-
scheme is proposed for both uplink and downlink scenaribsk QoS requirements. The radio resource (e.g., subcarrie
where a D2D pair shares the same resources with cellugard power) allocation problem for a full-duplex OFDMA net-
UE (CUE) only if the achieved signal-to-interference-plusvork is modeled as a transmitter-receiver-subcarrier hiagc
noise ratio §INR) is greater than a giveBINR requirement. problem in [20].
A resource allocation scheme based on column generatiomhe matching-based solutions proposed [15]-[20] do
method is proposed in[7] to maximize the spectrum utiot consider D2D-enabled networks. In the context of D2D
lization by finding the minimum transmission length (i.e.communication, most of the works (e.gd.] [1]) [6[. [7[.] [9]-
time slots) for D2D links while protecting the cellular user[11], [13], [14]) provide centralized solutions. Also, eathat
from interference and guaranteeing QoS. A new spectrim[6]-[11], the effect of relaying on D2D communication is
sharing protocol for D2D communication overlaying a cellul not investigated. Moreover, the wireless link uncertaiigy
network is proposed in[]8], which allows the D2D usersot considered in[1],[[6]=[16],T18]=[20]. Different frorhe
to communicate bi-directionally while assisting the twayw above works, we propose a stable matching-based distribute
communications between the eNB and the CUE. A grapradio resource allocation approach considering the chHanne
based resource allocation method for cellular network$ wigain uncertainties in a multi-relay and multi-user relagea

II. RELATED WORK



TABLE |
SUMMARY OF RELATED WORK AND COMPARISON WITHPROPOSEDSCHEME

Reference Problem focus Relay-aided Channel Solution approach Solution type Optimality
information
[6] Resource allocation No Perfect Proposed greedy heuristic Centralized Suboptimal
[ Resource allocation No Perfect Column generation based Centralized Suboptimal
greedy heuristic
[8 Resource allocation No" Perfect Numerical optimization Semi-distributed | Pareto optimal
)] Resource allocation No Perfect Interference graph coloring Centralized Suboptimal
as [10] Resource allocation No Perfect Two-phase heuristic Centralized Suboptimal
N = [A1] Resource allocation, No Perfect Particle swarm optimization Centralized Suboptimal
c £ mode selection
° 5 [12] Resource allocation, Yes Perfect Proposed heuristic Distributed Suboptimal
3 g mode selection
=g [3] Theoretical analysis, Yes Perfect Statistical analysis Centralized Optimal
performance evaluation
x4 Performance evaluation Yes Perfect Heuristic, simulation Centralized N/AT
Resource allocation Yes Perfect Numerical optimization Centralized Asymptotically
optimal
2] Resource allocation Yes Uncertairf Gradient-based iterative updatj Distributed Suboptimal
>, [15] Resource allocation N/AT Perfect One-to-one matching Centralized Optimal
? S [16] Cross layer scheduling N/AT Perfect Many-to-one matching Centralized N/AT
NE [17] Spectrum sharing N/AT Complete, | One-to-one matching Distributed Pareto optimal
So incomplete
X5 @8] Cell association N/AT Perfect Many-to-one matching Distributed N/AT
g T [19] Resource allocation N/AT Perfect Many-to-one matching Distributed N/AT
€ 2o Resource allocation N/AT Perfect One-to-one matching Centralized N/AT
Proposed Resource allocation Yes Uncertain Matching theory (many-to-one Distributed Weak Pareto
scheme matching) optimal
“D2D UEs serve as relays to assist CUE-eNB communications.

*No information is available.
#Uncertainty in channel gain in the direct link between UEsays) and relays (eNB) is not considered.
TNot applicable for the considered system model.

D2D communication scenario. A summary of the related woiky the eNB. In our system model, taking advantage of the
and comparison with our proposed approach is presentedcapabilities of L3 relays, scheduling and resource allonat
Table[]. for the UEs is performed in the relay nodes to reduce the
computational load at the eNB.
I1l. SYSTEM MODEL

A. Network Model

Let £ = {1,2,..., L} denote the set of fixed-location L3
relays in the network (Fig. 1 in[2]). The system bandwidth iB- Achievable Data Rate
divided into N orthogonal RBs denoted by = {1,2,..., N}
which are used by all the relays in a spectrum underlayLet7£7,)171 denote the unit powesINR for the link between
fashion. The set of CUEs and D2D pairs are denoted WJE v, € ¢4, and relayl using RBn in the first hop and" ,
C=1{1,2,...,C} andD = {1,2,..., D}, respectively. We be the unit poweiSINR for the second hop. Note that, in
assume that association of the UEs (both cellular and D2fke second hop, when the relays transmit CUESs’ traffic (i.e.,
to the corresponding relays are performed before resoukgec {cnuy), 71(:?1 , denotes the unit powesINR for the
allocation. Prior to resource allocation, D2D pairs arenalgink between relay and the eNB. On the other hand, when
discovered and the D2D session is setup by transmitting knoy relay transmits to a D2D UE (i.ew; € {D N4 }), 71(:? 9
synchronization or reference signals|[21]. refers to the unit powe§INR for the link between relay and
We assume that the CUEs are outside the coverage regioff receiving D2D UE for the D2D-pair.
the eNB and/or having bad channel condition, and therefore, (n) . . .
the CUE-eNB communications need to be supported by tlael'et P,y = 0 denote the transmit power in the link

étween: and j over RBn and Bgp is the bandwidth of

relays. Communication between two D2D UEs requires tré% RB. The achievable data ftéor w in the first hop

assistance of a relay node due to poor propagation condition a{”) (n) _(n)
The UEs assisted by relayare denoted byy. The set of Can be expressed as,;; = Brplogs (1 +Puz,l'7ul,l,12' _
UEs assisted by relayis ¢4, = {1,2,...,U;} such that{, C Similarly, the achievable data rate in the second hop is
{cuDhVie L, U U ={CuD}, and, U, = 2. rfj}?z = Bgplog, (1 + Pl(,Zg'Yl(,Z)l,z)' Since we consider a two-

In the second hop, there could be multiple relays transmit-
ting to their associated D2D UEs. We assume that multiple
relays transmit to the eNB (in order to forward CUES’ traffic) 1scheduling of relay nodes by the eNB is not within the scopiisfwork.

using orthogonal channels and this scheduling of relaysrgd 2we will present the rate expressions in Secfion IV-A.



hop communication, the end-to-end datafidte «, on RB Ny denotes thermal noise. The interference link gain between
n is half of the minimum achievable data rate over two hopglay (UE): and UE (relay); over RBn in hop k is denoted

[22], i.e., by gf’;)k where UE (relay) is not associated with relay (UE)
Ri(ff) — %mm {7“1(5,)177“1(5,)2} _ (1) . Similarly, the unit powesSINR for the second hdh
hi',
IV. RESOURCEALLOCATION: FORMULATION OF THE > P g re?) w € {CNU}
NOMINAL PROBLEM Vu; €{DNU;}, ’

In the following, we present the formulation of the resourc@l(z)ﬂ - #lddh;ij )
allocation problem assuming that perfect channel gainrinfo > zSZ;)l)Djl,’”;?j ) o w e {D N}
mation is available. This formulation is referred to as the Vu, €U;,
nominal problem since the uncertainties in channel gaies ar ik (5)
not considered. whereh, ., » denotes the channel gain between relay-eNB link

For each relay, the objective of radio resource (i.e., RBr CUEs (e.g.u; € {CNUY}) or the channel gain between
and transmit power) allocation is to obtain the assignmént gsjay and receiving D2D UEs (e.gu; € {D N;}). From
RB and power level to the UEs that maximizes the systefll), the maximum data rate for Uk over RBn is achieved
capacity, which is defined as the minimum achievable daea r@yhenp(n%(n)l L= pl("),yl(") ,- Therefore, in the second hop,
over two hops. Let the maximum allowable transmit power fape poy\;érlgzl;l allocated for UEw;, can be expressed as
UE (relay) is P;e* (F/"**) and let the QoS (i.e., data rate)y function of power allocated for transmission in the first
requirement for Uk, be denoted by),,. The RB allocation hop. P follows: P — 'yf:;?lylp(n) h p
indicator is a binary decision variablé;;’ € {0,1}, where 0P, £ @S T0NOWS: 13, = I

Hence, the data rate far; over RB n can be explr’essed as

o = {L it RB » is assigned to U, @) RW =1Bgplog, (1 + quﬁ)ﬂiﬁ)l_rl). Considering the above,
0, otherwise. the objective function in[{3) can be rewritten as

A. Objective Function

N
1.(n (n) ()
(7111)1&]3)((71) Z Z EZCSJ’Z)BRB 10g2 (1 T Pulal’yulvl’l) ' (6)

N
Let R, = Y z{R(" denote the achievable sum-rate " "' welhin=1

n=1
over allocated RB(s). We consider that the same RB(s) willFor each relay! € L in the network, the
be used by the relay in both the hops (i.e., for communicatiobjective ~ of resource allocation problem is to
between relay and eNB and between relay and D2D UEsptain the RB and power allocation vectors, i.e.,
The objective of resource allocation problem is to maximi%gl _ [xg)’ o wgzv)’ N 7x§]1)7 o 7x§]N)]T and
the end-to-end rate for each relag L as follows: ! T+
1 N 1 N .
P, = [Pl(,l),...,Pl(’l),...,P[(Jl?l,...,P[(]hl)} , respectively,

N
max Yo > xR (3) Wwhich maximize the data rate.
(M pn) pln)
w o w 0 w ety n=1

where the rate of UR,; over RBn

B logy (1+ P00 L) _ _
RV — lmin 1B 1082 w Y1 In order to ensure the required data rate for the UEs while
uy " n . . . .
2 Brp log, (1 +Pz(.u3%(.u)l 2) protecting all receiver nodes from harmful interference, w
o define the following set of constraints.

B. Constraint Sets

In @), the unit poweiSINR for the first hop, « The constraint in[{[7) ensures that each RB is assigned to

- h(n)l . only one UE, i.e.,
Yurd1 = ) p) ; )
vu%:u” T, Puja.jQUj,l,l +o Z $1(L7;) <1, Vne N. (7)
jLjEL =7

Wherehz(.’;.),C denotes the direct link gain between nadand
j over RBn for hop k € {1,2}, 0> = NyBgp in which « The following constraints limit the transmit power in each

3In a conventional D2D communication approach where two D2BEsU
communicate directly without a relay, the achievable date for D2D UE

u € D over RBn can be expressed @) = Bgp log, (1 + be")’y,ﬁ")),

4According to LTE-A standard, the L3 relays are able to pefaimilar
operation as an eNB. Besides, the relays in the network aseconnected
through X2 interface for better interference manageniesit Rince the relays
r{m), can estimate the CQI values (and hence the interferencéd) lesang X2
> Pj(")gff]Hﬁ interface, it is straightforward to account for interferenin [4) and [(b).
VjEUy o Consequently, interference from other transmitter nodes.,(UEs associated
between the D2D UEs arid,, denotes the set of UEs transmitting using theo other relays in the first hop or other relays in the secor) all appear
same RB(s) as. as a constant term ifd(4) and (5).

where’y&”) = , h&”& is the channel gain in the link



of the hops to the maximum power budget:

the constralntz (" < 1, ¥n. Besides, we introduce a

UZEZ/{

N
Zx(n)P(nz < PmaT vy e, (8) new variableS ”)l = Sﬁ)PlE") > 0, which denotes the actual
ot “ transmit power of UEu; on RB n [26]. Then the relaxed
: problem can be stated as follows:
S YR < e (©)
Z lau; —
weett n=1 l (P2)  max > Ry (16)
« Similar to , we assume that there is a maximum
tolerable interference threshold limit for each allocated SUb]eCt to [).(12) and
RB. The constraints if(10) and(11) limit the amount of (n)
- . . < max
interference introduced to the other relays and the receiv- Z Surt S Bl (47
ing D2D UEs in the first and second hop, respectively, to
be less than some threshold, i.e., Z Z ul,l Uh < pmas (18)
> P S Iih, meN  (10) wewns o
urelth Y Suagutia < Iiph Vn (19)
D APl < T Yn e N () uze(ilg () (n) (n)
u €Uy Z H, 15, [RI < Iy, Vn (20)
o The minimum data rate requirements for the CUE and wel,
D2D UEs is ensured by the following constraint: 0 <z <1, Si?,)z >0, Vn, w (21)
Ry, > Qu, ¥V : 12 n n
1= Q 1 u € U ( ) Where’y(n) B hil?L , (n) _ _ Ebl)l ' and
« The binary decision variable on RB allocation and non- unhl v U, S(f)ﬂi")z 1 to? utl hf”u)l 2
negativity condition of transmission power is defined by JALjEL
N g ()
zMe{0,1}, P >0, Yuelh,¥neN. (13) R, SuptVugitn

12{" Brp log, (1+ m

Note that in constrainf{10) anB{11), we adopt the concept ~ "=' )
of reference user. For example, to allocate the power leveprollary 2. The objective function in{16) is concave, the
considering the interference threshold in the first hopheésg constraint in [I2) is convex, and the remaining constraints
w; associated with relay nodeobtains the reference uset (7). (I7)-[21) are affine. Therefore, the optimization pesb
assomated with the other relays and the correspondingnehanP2 is convex.

gain guz 1.1 for vn according to the following equation:

£ _ (n)
uj = argmax g, 1,
J

Since P2 is a non-linear convex problem, each relay can
solve the optimization problem using standard algorithoths
as interior point method [27, Chapter 11]. The centralized
optimization-based solution is summarized Afgorithm [1

S|m|larly,.”|nbthedsector(;d hop,dfor leach r(_a(ljay-the _trfmfsmn Each relay locally solves the optimization probldd2 and
power will e adjusted accordingly considering INere&xen ;¢ ¢ the other relays the allocation vectors using X2rnt

introduced fo the receiving D2D UEs (associated with Oth?a(ce. The process is repeated until the data rate is maxitnize
relays) considering the corresponding channel géﬁilQ for e.g. Ri(t)— Ri(t—1) < e for Vi, whereRy(-) Z R
) .g., uz

vn, where the reference user is obtained by
is the sum data rate for relay obtained by solving the
optimization problem at iteratioft) ande is a small value.
The duality gap of any optimization problem satisfying the
time-sharing condition becomes negligible as the number of
Bs becomes significantly large. The optimization problem
2 satisfies the time-sharing condition, and therefore, the
§o|uti0n of the relaxed problem is asymptotically optinfZ8].
Given the parameters of other relays (exy, P; Vj #

ueU,j#ljel. (14)

uj _argmaxgl(u) 90 J#LIELiu; €{DNU;}L.

uj

(15)

C. Centralized Solution

Corollary 1. The objective function in(]6) and the set o
constraints in [¥){(IB) turn the optimization problem to
mixed-integer non-linear program (MINLP) with non-conve
feasible set. Therefore, the formulation described iniSect - . X .
I,j € L), at each iteration ofAlgorithm [] the allocation

[Vl is NP-hard. ; .
vectors (e.g.x;, P;) obtained at each relayprovide locally

A well-known approach to solve the above problem is tgptimal solution forl. In addition, Algorithm [ allows the
relax the constraint that an RB is used by only one UE lpglays to perform allocation repeatedly with a view to firglin
using the time-sharing factor [25]. In particular, we rethe the best possible allocation. If the data rate at the 1)-th
optlmlzat|0n problem by replacing the non-convex constraiiteration is not improved compared to that in the previous
:cul € {0,1} with the convex constrairlt < arq(”) < 1. Thus iteration ¢, the algorithm terminates, and the allocation at
xg} represents the sharing factor where eaEH denotes the iterationt will be the resultant solution. Each of the iteration
portion of time that RBn is assigned to UE;; and satisfies of Algorithm [ outputs the solution of relaxed version of



Algorithm 1 Optimization-based resource allocation B. Reformulation of the Optimization Problem Considering
1: Each relayl € £ estimates the CQI values from previous timeChannel Uncertainty
slot and determines reference gagfg iR andgl u) 20 YUz, m.

Utilizing uncertainty sets similar td_(24) in the constitain

2: Initialize t := 0. A )
3: repeat (189)-(20), the optimization probled®2 can be equivalently
4:  Updatet := ¢+ 1. represented under channel uncertainty as follows:
5. Each relayl € L: ]
« solves the optimization proble®2 and multicasts the (P3) (ax (o oy R Z Ry, (26)
allocation variables;, P; to all relayj # [, j € £ over s S AR A9 L et
X2 interface. AH(") AH(")zgl(T;) ,
o calculates the achievable data rate based on current .
allocation asR;(t) == »  Ru,(t). SUbJeCt to [(1),[(I2)[(A7)[(21) and
u €U
6: until data rate not maximizednd ¢ < Tras. Z Z ( 1(;;)1 + AH&:’)I) 5157,)1 < ppmaz (27)
7: Allocate resources (i.e., RB and transmit power) to assedia u €Uy n=1
UEs for each relay. B
> (o + Al ) St < i vn (28)

u €U

the original NP-hard optimization problem. Since the sohut Z (Hu:l)l 1(7; 2t AH!' w19 17;) 2) S(n,)z < It(}?,)Qv vn (29)
of relaxed problem gives us the upper bound, and at thet:

termination of Algorithm [] we obtain an upper bound of > AR <(&)%Vur,n (30)
the achievable sum rate. Vu;€U; j;éljeL o l

V. RESOURCEALLOCATION UNDER CHANNEL > Z|AHU7)l < (&))? (31)
UNCERTAINTY w €Uy n=1

For worst-case robust resource optimization problems, the > |A91(Z;Z?z,1|2 < ( gj?)Q, Vn (32)
channel gain is assumed to have a bounded uncertainty of w U,

A NSNS . s
unknown distribution. An ellipsoid is often used (e.d..]29 Z A ul)lgl(u 2|2 (54(11)) . Vn (33)

[371]) to approximate such an uncertainty region. =

, where for any parametey, y denotes the nominal value
A. Uncertainty Sets andAy represents the corresponding deviation pgt; §3u
Let the vanabIeF(") , denote the normalized channel ga"};md gn) are the maximum deviations (e.g., uncertainty

which is defined as follows bounds) of corresponding entries in CQI valuesP8, R,,

(n) is given b
(n) ;1,1 _ _ g y
wt £y Y Ui ALie L (22) .
uy,l,1 n
l Rul :Z%Iul)BRBX
In addition, letF, ”) denote the uncertainty set that describes n=1
the perturbation of I|nk gains far; over RBn. The normalized S
ain is then denoted b R
J Y logy {1+ —(n) o) o |- (34)
(n) (n) (n) > (FG,, AR, ) 46,
Fuzu-l:Fu U I+AFulu ) (23) Vu ey, U v '
Jj#LJEL
where F( " . is the nominal value a”dﬁF(n) 1 is the  The above optimization problem is subject to an infinite
perturbation part. The uncertainty in the CQI vaiues is nfedie number of constraints with respect to the uncertainty seds a
under an ellipsoidal approximation as follows: hence becomes a semi-infinite programming (SIP) problem

[32]. In order to solve the SIP problem it is required to
(n) () (n) ) 2 (n) transformf_’3 into_ an equivalent problem with finite number
Furd = Ful gl T AF,, wj,l Z |AFul ug, 7 < élul;Vul,n of constraints. Similar to[29],[[30], we apply the Cauchy-
V,“% 6,“% Schwarz inequality [33] and transform the SIP problem. More
J#lLI€ (24)" specifically, utilizing Cauchy-Schwarz inequality, we aiot
Whereé") > 0 is the uncertainty bound in each RB. Usinghe following:

(22), we rewrite the rate expression for over RBn as () n)
D ARTLSI S | D IARD SIS

P .

1 uy,l wj €U , Yuj; €U;, Yu,; €U,

Ry = §Brp log, (1 + ——Fm ILIPM&;M) (25)  jhjer el jhhjer
vageyy,
e
i#L <e | S (313?7) . (35)

~(n) & (n) Yuj; €U,
whereg,,” = h andF, ", , is given by 23). j;Jl,jeZ

'u.lll



Similarly, are determined by the givamreference profilesThat is, for
both the RBs and the UEs, the lists of preferred matches
a (n) o(n) a (n)\? over the opposite set are maintained. For each RB, the relay
Z Z AHy, 1800 < & Z Z (Suhl) (36) holds its preference list for the UEs. The matching outcome
ui€th n=1 u€th n=1 yields mutually beneficial assignments between RBs and UEs.

2 .y . . . . . . . -y
A M) < ) (S(n)) 37 Stability in matc_hmg implies that, with regard_ to th(_alr initial
Z ui 1,1l = 53“1 Z sl (37) preferences, neither RBs nor UEs have an incentive to alter

u €U wu €U .
5 the allocation.
S AHTg SIS (si) . @8
w €Uy w €Uy A. Concept of Matching

Note that, as presented in Section V-A, to tackle the un- A matching(i.e., allocation) is given as an assignment of
certainty in channel gains, we have considered the wosst-c&Bs to UEs forming the set of paifs;,n) € U; x A/. Note
approach, e.g., the estimation error is assumed to be bdunttext a UE can be allocated more than one RB to satisfy its
by a closed set (uncertainty set). Hence, fron (B5)-(38leun data rate requirement; however, according to the constirain
the worst-case channel uncertainties, the optimizatioblpm (7), one RB can be assigned to only one UE. This scheme
P3 can be rewritten a®4, where R, is given by [48). The corresponds to enany-to-onenatching in the theory of stable
transformed problem is a second-order cone program (SOGR3tching. More formally, we define the matching as follows
[27, Chapter 4] and the convexity B4 is conserved as shown[35].

In the following proposition. Definition 1. A matchingy; for Vi € L is defined as a

Proposition 1. P4 is a convex optimization problem. function, i.e.,;; : Uy UN — U; UN such that

Proof: Using an argument similar to that in footngle 4, the ) u(n) € Uy U{@} andu(n) € {0,1}
objective function ofP4 in (39) is concave. The constraints in i) w;(u;) € N and p(w;) € {1,2,..., Ky, }
@), @7), (22) are affine and the constraintlinl(12) is conex where the integer,,, < N, 1 (u) = n < p(n) = u; forvn €
addition, thg adqnlonal square root ter_m in thg left haoi@ sif N.Vu, € Uy and ji;(-) denotes the cardinality of matching
the constraints il (40)[_(41), and {42) is the linear normhef t outcomey; ().
vector of power variables,,”; with order2, which is convex S _

[27, Section 3.2.4]. Therefore, the optimization probl®  The above definition implies that, is a one-to-one match-
is convex. m ng if the input to the function is an RB. On the other hand,
P4 is solvable using standard centralized algorithms su¢t iS & one-to-many function, i.eu () is not unique if the
as interior point method. The joint RB and power allocatiofiPut to the function is a UE. In order to satisfy the data

can be performed similar talgorithm [1and an upper bound ate requirement for each UE, we introduce the paramefer
for the solution can be obtained under channel uncertaintydenoting the number RB(s) which are sufficient to satisfy the
is worth noting that solving the above SOCP usin3 interigRinimum rate requiremer®,,,. Consequently, the constraint

3

_ N
point method incurs a complexity of ((x:z+Pz) at in (I2) is rewritten asy 2 = k,,, Vu,. Generally this

= n=1
each relay node wherg denotes the length of vectar. parameter is referred to asiotain the theory of matching[5].
Besides, the size of the optimization problem increaseb Witach useny; will be subject to an acceptance queta over
the number of network nodes. Despite the fact that the swlutirp(s) within the range < ke, < N and allowed for matching
from Algorithm Ll outputs the optimal data rate, considering, at most,,, RB(s). The outcome of the matching determines

very short scheduling period (e.gl, millisecond in LTE- the RB allocation vector at each relaye.g., . = x;.
A network), it may not be feasible to solve the resource

allocation problem centrally in practical networks. THere, . . .
in the following, we provide a low-complexity distributedB' Utility Matrix and Preference Profile

solution based on matching theory. That is, without soltirg ~ Let us consider the utility matrit(, under the worst-case
resource allocation problem in a centralized manner usiyg aincertainty, which denotes the achievable data rate foUte
relaxation technique (e.g., time-sharing strategy asritest in different RBs, defined as follows:

in the preceding section), we apply the method of two-sided RY .. R(M
stable many-to-one matching [34]. 8 = Co (44)
Ré}z) R{/]j)

VI. DISTRIBUTED SOLUTION APPROACHUNDER
CHANNEL UNCERTAINTY where;[i, j] denotes the entry ofth row and;j-th column

in 4;, and Rf}}) is given by [45). Each of the UEs and RBs

. The resource aIIoc_:a_tlon approach using stable ma.tChlﬂglds a list of preferred matches where a preference ralatio
involves multiple decision-making agents, i.e., the ald# be defined as follow5 [36, Chapter 2]
RBs and the UEs; and the solutions (i.e., matching between Gg" ’ P ’

and RB) are produced by individual actions of the agents. TBefinition 2. Let = be a binary relation on any arbitrary set
actions, i.e., matching requests and confirmations ortiejex =. The binary relation= is complete if for Vi, j € Z, either



PO me Yom, @)
S“l Lu €Y,

subject to [(V), IIIJZ) [A7)[(21) and
Z ZHuT)l ur, l + 521 Z Z ( Uy l) < leam (40)

w €Uy n=1 u €Uy n=1
S 50 [5 (s) < 1, vn )
u €U up €Uy
2
S A S e [ (SU) < ik v (42)
uy €Uy w €Uy

N
1 n
Rul = ZEIUL)BRB 10g2 1+
n=1 Z FqEnL
Yu; €Uy, b 3>
j;él,jeﬁ JALIEL
(n)
wyl 7 (n)
N 1 (vll)l ug,l,1
= Z §I1(11;)BRB 10g2 1+ (43)
n=1 v ZZ/{ gvgn 0,1 u?)J + h(l I, 151
uj €
77&1,7@ JALIEL
(n)z (n)
1 Pl
R(n) = _BRB 10g2 1 + Ll vl (45)
w 2 (n) - (n) (n) (n) p(n) \2 2
v 2e:bl L gu, +h 1“51 v Ze:u (Iuj P“jaj) +o
i el il el

i = j orj > i or both. A binary relation istransitive if previously allocated. The iterations are repeated ungreh
i > jandj = k implies thati = k for Vk € =. The binary are unallocated pairs of RB and UE. The iterative process
relation > is a (weak)preference relation if it is complete and dynamically updates the preference lists and hence leads to
transitive. stable matching.

Once the optimal RB allocation is obtained, the transmit
power of the UEs on assigned RB(s) is obtained as follows. We
couple the classical generalized distributed constrapoeder

) control scheme (GDCPJ) [38] with an autonomous power con-
= : . !
if n1 = n, and consequentlythlu;,na] > hfus,na]. o oF ooy [39] which considers the data rate requiremehts
Likewise, the preference profile of an RB € N is given . . . ;
. UEs while protecting other receiving nodes from interfesn
by P, (U) = 4[5, ] jeu,

More specifically, at each iteration the transmission power
for each allocated RB is updated as follows:

The preference profile of a Uk; € U; over the set
of available RBsA is defined as a vector of linear orde
P, (N) = fuy,ilienr. The UE u, prefers RBn; to ns

C. Algorithm for Resource Allocation

Based on the discussions in the (n) At-1), FAC-D< AP
previous section, we utilize p' o (t) =

an improved version of matching algorithm (adapted frbmj [37 ’

Chapter 1.2]) to allocate the RBs. The allocation subraytin

as illustrated inAlgorithm £] executes as follows. While anWhere 2%u 1 p(n)

RB n is unmatched (i.e., unallocated) and has a non-empty At =1) = mmo 7 Pat—1) (47)

preference list, the RB is temporarily assigned to its first

preference over UEs, i.ey. If the allocation does not exceed ploymer _ prer pyrer

ku,, the allocation will persist. Otherwise, the worst pregeirr 5 Ig;)’ (B 4e,,) S 5 o

RB from w;’'s matching will be removed even though it was n=1 t wEy n=1

() . (46)
P otherwise

uy,l?

(48)



Algorithm 2 RB allocation using stable matching Algorithm 3 Joint RB and power allocation algorithm
Input: The preference profile®., (N), Pn(U); Vu, € U,n € N.  Phase I Initialization

Output: The RB allocation vectoxk;. 1: Each relayl € L estimates the nominal CQI values from
1: Initialize x; := 0. N previous time slot and determines reference g@ijj@l , and
o
2: while (3u; with 3= 2\ < k,, ) or (3n with () = 0,vay € g™ Vg, n.
n=1 e pmaz
U, and P, (U;) # @) do . 2: Initialize t := 0, quf)l = —4— Vu;,n and {; based on CQI

31 ump := most preferred UE from the profil®,, (14;). estimates. ’

4: Set:z:g;)lp := 1. [* Temporarily allocate the RB */ Phase II: Update

A 3: for eachrelayl € £ do
50 if Y 2l >k, then 4:  repeat
j=1 5: Updatet :=t + 1.

6 nip :?nle)ast preferred resource allocatedhitq,. 6: Build the preference profil@, (U;) for each RBn € A/

7: Set:cu,jfp := 0. /* Revoke allocation due to quota violation */ based on utility matrix and inform corresponding entries of
8: endNif $; to UEs.

. o) 7 Each UEw, € U; builds the preference profit@.,, (N).
o if Y ail), = ru,, then 8: Obtain RB allocation vector usinglgorithm 21
= : - .

10: nyp = least preferred resource allocatedutq,,. % Up((jjate thhe tr$nsm|ss!;|: power usitig](46) far, n and
11: /* Update preference profiles */ update the utility matrl L .

12: for each successof, of ny, on profile®.. () do 10: Inform the allocation variables;, P; to each relay; #

: " lp ip ON P ump l,j € £ and calculate the achievable data rate based on

13: removeny, from P, (N). ¢ allocati R(1) — R (1

14: removeu,,, from P, (). current allocation agti(t) == Ru,(t).

15: end for , : L s

: . 11:  until data rate not maximizednd ¢ < Truqz.
16: end if 12- end for
17: end while :

Phase lllI: Allocation
13: For each relay, allocate resources (i.e., RB and transmiepo
to the associated UEs.

and ") is obtained as
P") = min (151573, min (1575?”“,@3;}1)) : (49)  From Definition B @, the matchingy, is blocked by RBn
and UEuw; if n prefersu; to p;(n) and eithen) u; prefersn

In (#9), the parametquﬁf)l is chosen arbitrarily within the to somen € 1 (u;), orii) 1 (u) < k., andn is acceptable to

range of0 < 151573 < P and wfﬁ)l is given by u;. Using the above definitions, the stability of matching can
be defined as follows [41, Chapter 5].
. 5 5 _— . . e
wi??l = min <q(1> ”‘ig(m ) 5 6(;’;*'2 +£(n)> . (50) De.f|n|t|on 5 A mgtchlngu_l is staple if it is individually
TuphbtRSup T g2 Ty rational and there is no paifu;,n) in the set of acceptable

~Based on the RB allocation, the relay informs the paramefe@irs such thatu; prefersn to yu(w;) and n prefersu; to
P and each UE updates its transmit power in a digu(n), i.e., not blocked by any pair of agents.

tributed manner using (#6). Each relay independently per$o Proposition 2. The assignment performed ilgorithm 2]

resource allocation and allocates resources to corresp®nd; piges by the preferences of the UEs and RBs and it leads to
associated UEs. The joint RB and power allocation algorithqigiaple allocation.

is given in Algorithm 81
Proof: SeeAppendix [Al [

VIl ANALYSIS OF THE PROPOSEDSOLUTION Note that the allocation of RBs is stable at each iteration
In the following, we analyze the performance of our proef Algorithm Bl Since after evaluation of the utility, the
posed distributed resource allocation approach underdemin preference profile of UEs and RBs are updated and the routine
channel uncertainty. More specifically, we analyze theityb for RB allocation is repeated, a stable allocation is oledin
optimality, and uniqueness of the solution, and its computa

tional complexity. B. Uniqueness
Proposition 3. If there are sufficient number of RBs (i.&,>
A. Stability U;), and the preference lists of all UEs and RBs are determined

Definition 3. (a) The pair of UE and RBu;, n) in i, x AV is  PY theU; x N utility matrix £, whose entries are all different
acceptable if u; andn prefer each other (to be matched)@nd obtained from given uncertainty bound, then there is a
to being remain unmatched. unique stable matching.

(b) A matchingy, is calledindividually rational if no agent Proof: SeeAppendix [Bl m
(i.e., UE or RB)j prefers to remain unmatched (7).

Definition 4. A matchingy is blocked by a pair of agents C. Optimality and Performance Bound
(i, ) if they each prefer each other to the matching they obtaefinition 6. A matchingy, is weak Pareto optimal if there
by p, i.e.,i = w(y) andj = p (7). is no other matchingi; that can achieve a better sum-rate,
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i.e., () > (), where the inequality is component-wise and In the distributed approach, the exchange of information
strict for one user. between a UE and the relay node during execution of the
. . . . resource allocation algorithm can be mapped onto the stdnda
Proposition 4. The proposed resource allocation algorithm IS TE-A scheduling control messages. For scheduling in LTE-
weak Pareto optimal under bounded channel uncertainty. X
A networks, the exchanges of messages over control channels
Proof: SeeAppendix [Cl m are as follows [[40]. The UEs will periodically sense the
physical uplink control channel (PUCCH) by transmitting
known sequences as sounding reference signals (SRS). When
data is available for uplink transmission, the UE sends the
scheduling request (SR) over PUCCH. The relay, in turn,
ses the scheduling grant (SG) over physical downlink cbntr
hannel (PDCCH) to allocate the appropriate RB(s) to the UE.
Once the allocation of RB(s) is received, the UE regularly
sends buffer status report (BSR) using PUCCH in order to up-
D. Convergence and Computational Complexity date the resource requirement, and in response, the reldg se
Proposition 5. The subroutine for RB allocation terminatesthe. acknowledgment (ACK) over the physical hy.b”d'ARQ
after some finite number of stef¥. indicator (_:hannel (PHICH). leen_ the abovg scenario, the UE
may provide the preference profi®,, (M) with the SR and
Proof: Let the finite setX represent all possible com-BSR messages. The relays may provide the corresponding
binations of UE-RB matching where each elemgfit € X values in the utility matrix, €.9du, 1 = thfui, j]j=1,..,v and
denotes that RB is allocated to UE. Since no UE rejects inform the parameteﬁqﬁf‘) using SG and ACK messages.
the same RB more than once (see lihim Algorithm £J), the Once the RB and power allocation is performed, the relays
finiteness of the set’ ensures the termination of RB allocatiormulticast the allocation information over X2 interface.

subroutine in finite number of steps. u In what follows, we analyze signalling overhead for our

Note that the distributed approach replaces the optimizgroposed solution. For a sufficient number of available RBs,
tion routine in the centralized approach with the matchinge consider two cases) number of available RBs at each
algorithm @lgorithm 2). Since byProposition [§ we show relay [ is equal to the number of UEs (e.gY = U; and
matching algorithm terminates after finite number of itleras, ., = 1, Vu;); and b) the number of RBs is greater than
ultimately Algorithm 3 will end up with a (local) Pareto the number of UEs (e.glN > U;). For the first case, once
optimal solution after some finite number of iterations.  Algorithm 2 terminates, all RBs are allocated to the UEs.

In line 6-7 of Algorithm 8] the complexity to output the This is because, by the definition of individual rationalisge
ordered set of preference profiles for the RBs using any stavefinition 3), none of the agents (i.e., UE or RB) wants to
dard sorting algorithm i€ (NU; log U;) and for each UE, the remain unallocated. Hence, at the end of any iterafiaf
complexity to build the preference profile@ (N log V). Let  Algorithm 2, there areV — ¢ unallocated RBs at each relay

b N __— Therefore, the maximum number of iterations, 3y, are

B= D PuN)+ ) Pulh) = 2NU; be the total length required when all the RBs are allocated, eNj..- Tpnee = 0,

o w=t n=te S and thereforeT,,.., = N. Since at each iteratioh N —
of input preferences imigorithm 21 where®; () denotes the j ; | messages are exchanged, the total number of messages

length of the profile vectofP;(-). From Proposition [3 and exchanged inAlgorithm 2 can be quantified as
[37, Chapter 1] it can be shown that, if implemented with

Corollary 3. Since x;* satisfies the binary constraint in
(@), and the optimal allocationx;*, P;"*) satisfies all the
constraints in the optimization problei4, for a sufficient
number of available RBs, the data rate obtained Adgo-
rithm 8] gives a lower bound of the solution under chann
uncertainty.

suitable data structures, the time complexity of RB allmcat 7o
_subroutine is linear in the_ size of input preferen_ce prafiles Q = Z (N—i+1)= N(N + 1)_ (51)
i.e., O(B) ~ O(NU). Since Phase Il of Algorithm 8] 2

runs at most fixedl;,., iterations, at each relay nodethe =

complexity of the proposed solution is linear M andf;. In Algorithm 3, each relay exchanges the allocation param-
eters (e.g.x;, P;) over X2 interface. IfAlgorithm 3 executes
T < Tmae iterations, the overall signalling overhead (e.g.,

number of messages exchanged) is given by
Assuming that the relays obtain the CQI prior to resource

allocation, the centralized approach does not require any N2+ N+2

exchange of information between a relay node and the asso- G =T +1)=Tx ——F—. (52)
ciated UEs to perform resource allocation. However, in the

distributed approach, the relay node and the UEs need Liikewise, for the second case (e.g., whgn> U;), Algorithm
exchange information to update the preference profiles apderminates when there are no unallocated UEs with less
transmit power. In both _the approaches, the relay nodes n(-t\ﬁ-gn their quota requirement (e.dy, %(le) < #y,). Hence the

to exchange the allocation variables among themselves (e.g n=1

over X2 interface) in order to calculate the interferenaele maximum number of iteration®,,,,., = U;, and the numnber

at the receiving nodes. of messages exchangedAtgorithm 2 for the second case is

E. Signalling Over Control Channels
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TABLE Il

given by SUMMERY OF PERFORMANCE RESULTS
,i:mam Ul T T
) ) Observations | Ref. figure(s)
0= Z (N -1+ 1) = ZN —i+1 e The proposed distributed solution converges td &igs.[JE2
i=1 i=1 stable data rate within a few iterations and performs
U(U, +1 close to the optimal data rate with significantly less
=(N+1)U - 1(17) (53) computational complexity.
2 e As the distance between D2D peers increases, |tHég.[3
Therefore, the overall signalling overhead for the secaaskc data rate for direct communication decreases. | In
b d follows: such cases relaying of D2D traffic can improve the
can be expressed as : end-to-end data rate between D2D peers.
_ e After a distance threshold, relay-aided D2D com-Figs.[4E5
Qrer = T x 2N+ DU - UU 1) + 2. (54) munication provides considerable gain in terms |of
2 the achievable data rate for the D2D UEs. Even for a

. . relatively large distance between the relay node and
As can be seen fron(52) arld{54), the overhead of signalling " ,p UE, relaying can provide a better data rate

increases with the number of UEs and the available RBs. HOw- compared to direct communication for distant D2D
ever, the proposed distributed approach has significamibgd peers. There is also a trade-off between achievgble

computational complexity than the centralized approaoledr data rate and robustness against channel uncertajnty.

compared to cubic) and it offers performance improvement
over the existing solutions (see Section VTII-B). S

T T T T T
—— Data rate (Cellular UE)
. — =~ Data rate (D2D UE)

5

VIIl. PERFORMANCEEVALUATION s X 10
A. Simulation Setup

We develop a discrete-time simulator in MATLAB and
evaluate the performance of our proposed solution. We sim-
ulate a single three-sectored cell in a rectangular area of
700 mx 700 m, where the eNB is located in the center of the
cell and three relays are deployed, i.e., one relay in eatthrse
The CUEs are uniformly distributed within the relay cell.eTh
D2D UEs are located according to the clustered distribution 05 ‘ :
model [42]. In particular, the D2D transmitters are uniftym Number of iterations
distributed over a radiud, 4; and the D2D receivers are
distributed uniformly in the perimeter of the circle withdias Fig 1. Convergence of the proposed solution where the nuofieUEs and
D, 4 centered at the corresponding D2D transmitter (Fig. 2 %ZD ;Ef;ewz?ezyef fg,g relay 3 Ode‘r"stm-d 3, receptively (e (4| = 8).

) rd d,d m, and uncertainty in CQI parameters is assumed
[2]). Both D, 4 and D, 4 are varied as simulation parameters be not more tha5%.
and the values are specified in the corresponding figures. The
simulation results are averaged o290 network realizations ) ) .
of user locations and channel gains. We consider a snapsist iteration; however, it may cause severe interferemce t
model and all the network parameters are assumed to remf@liA€r receiving nodes. As the algorithm executes, the ailoc
unchanged during a simulation run. For propagation mogelirfions of RB and power are updated considering the interferen
we consider distance-dependent path-loss, shadow faaiiuyg, threshold and data rate constraints. From this figure it @n b
multi-path Rayleigh fading (see Section VII-A il [2]). ob.served that_ the solution converges to a stable data rage ve

We measure the uncertainty in channel gains as percefickly (€.g., in less thano iterations).
ages and assume similar uncertainty bounds in the CQIWe compare the performance of our proposed scheme with
parameters for all the UEs. For example, uncertainty bouAddual-decomposition based suboptimal resource allatatio
£ = 5&1) =&, = gzg:) _ 54(1:) — 0.25 refers that uncertainty scheme proposgd in [43]. We refer to this schemexasting
(e.g., estimation errbér) in the CQI parameters Yar, n, [ is algor_|thrr_1 In this scheme, th_e relay node aIIocate_s RBs
not more thare5% of their nominal values. The simulation€onsidering the data rate requirement and the transmit powe

parameters are similar to those in Table 11 [in [2]. is updated in an iterative manner by updating the Lagrange
dual variables. For details refer {o [43, Algorithm 2]. There

plexity of this algorithm is of0 (NU;log N + N logU; + A),

B. Results whereA denotes the number of iterations it takes for the power
A summary of the observations from the performancalocation vector to converge [43].

evaluation results is provided in Talilé II. In Fig. [2(@), we show the performances of the proposed
1) Convergence and goodness of the solutitm:Fig. I, distributed scheme and the existing algorithm, and the uppe

we show the convergence behavior of our proposed distdbuteound of the optimal solution which can be obtained in a

algorithm. In particular, we plot the average achievabl@adacentralized manner usinglgorithm L1 We use the MATLAB

rate for the UEs in different network realizations versus ttoptimization toolbox to obtain this upper bound. We plot

number of iterations. The algorithm starts with uniform gow the average achievable data rate for the UEs versus the

allocation over RBs, which provides a higher data rate at th@al number of UEs. The average data rate is given by

End-to-end data rate (bps)
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. . .
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. . .
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Fig. 2. (a) Average achievable data rate for optimal uppendpdistributed
stable matching and existing algorithm. (b) Efficiency & firoposed solution
and the existing algorithm. Total number of UEs (i€ + D) are varied from
946=151t0 15+ 18 =33. D, 4 and D4 4 are assumed to bsd m.

Z chh

Ravg = UE{CETJ'D , whereR¥" is the achievable data rate

30 33
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80% close to the optimal solution (compared 6% for the
existing algorithm); however, with much less computationa
complexity.

2) Impact of relaying:We compare the performance of the
proposed method for relay-aided D2D communication with a
conventional underlay D2D communication scheme. In this
scheme[[6], an RB allocated to CUE can be shared with at
most one D2D link. The D2D UEs share the same RB(s) (allo-
cated to a CUE usinglgorithm 8) and communicate directly
with their peerswithout a relay if the data rate requirements
for both the CUEs and D2D UEs are satisfied; otherwise, the
D2D UEs refrain from transmitting. We refer to this underlay
D2D communication scheme1[6] as threference scheme
Notice that this conventional (e.g., direct) D2D commutiara
approach can save half of the RBs. Therefore, as mentioned in
footnote[B, data rate af; in the reference scheme is given by

JREA)

()
Rt = 3 ol Brplog, (1+ PV,
n=1
data rate oful in the proposed relay-aided approach is given
by Rprop _ Z %xq(zll)BRB 10g2 (1 + P(n) (n) )
n=1

wr Vg 1,1

(i) Average achievable data rate vs. distance between D2D
UEs: The average achievable data rates of D2D UEs for
both the proposed and reference schemes are illustrated
in Fig. [3. Although the reference scheme outperforms
when the distance between the D2D UEs is small (i.e.,
d < 40 m), our proposed approach, which uses relays for
D2D traffic, can greatly improve the data rate especially
when the distance increases. This is due to the fact
that when the distance increases, the performance of
direct communication deteriorates due to increased signal
attenuation. Besides, when the D2D UEs share resources
with only one CUE, the spectrum may not be utilized
efficiently, and therefore, the achievable rate decreases.
As a result, the gap between the achievable rate with our
proposed algorithm and that with the reference scheme
widens when the distance increases.

) On the contrary,

for UE u. Note that, for a given number of RBs, increasing(ii)
the number of UEs decreases the data rate. Recall that, the
complexity of both the proposed and reference schemes is
linear with the number of RBs and UEs; and for the optimal
solution, the complexity is cubic to the number of RBs and
UEs. As can be seen from this figure, the proposed approach
outperforms the existing algorithm and performs close ® th
optimal solution.

In order to obtain more insights into the performance, in
Fig [2(b], we plot the efficiency of the proposed scheme and
existing algorithm for different number of UEs. Similar to
[44, Chapter 3], we measure the efficiencyips = R” ,
where Ropem IS the network sum-rate for optimal solutlon.
The parameters,,.., and Rexs denote the data rate for the
proposed and existing schemes, respectively, which acktase
calculate the corresponding efficiency metjg., and 7exst.

The closer the value ofy.y to 1, the nearer the solution is

to the optimal solution. Clearly, the efficiency of the ekxigt
algorithm is lower compared to the proposed scheme. From
the figure we observe that even in a dense network scenario
(i.,e.,C+ D =15+ 18 = 33) the proposed scheme performs

Gain in aggregate achievable data rate vs. varying dis-
tance between D2D UE&he gain in terms of aggregate
achievable data rate under both uncertain and perfect
CQI is shown in Fig[X. We calculate the rate gain
as follows: Ryain M x 100%, where Ryop

and R..; denote the aggregate data rate for the D2D
UEs in the proposed scheme and the reference scheme,
respectively. The figure shows that, compared to direct
communication, with the increasing distance between
D2D UEs, relaying provides considerable gain in terms
of achievable data rate and hence spectrum utilization.
As expected, the gain reduces under channel uncertainty
since the algorithm becomes cautious against channel
fluctuations and allocates RBs and power accordingly
to protect the receiving nodes in the network. Note that
there is a trade-off between performance gain and robust-
ness against channel uncertainty. For example, when the
distanceD,. ; = 50 m, the performance gain of relaying
under perfect CQI i80%. In the case of uncertain CQI,
the gain reduces t@4% and 16% for the uncertainty
bound parametef = 0.25 and ¢ = 0.50, respectively.
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Fig. 3. Gain in average achievable data rate with varyintpdee between
D2D peers using a setup similar to that for Hi§j. 1. The refezescheme is
an underlay D2D communication approach proposedlin [6].
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Fig. 4. Gain in aggregate achievable data rate for both giesied uncertain
CQI parameters. For uncertain CQI, uncertainty bound= 0.25 and
¢ = 0.50 mean that uncertainty in CQI parameters is not more &

and 50%, respectively. For both the perfect and uncertain casesetls a
critical distance beyond which relaying of D2D traffic prdes significant
performance gain.
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Fig. 5. Effect of relay distance on rate gaj@] = 15, |D| = 9. Uncertainty
in CQI parameters is assumed to be not more #i&h. For everyD,. 4, there
is a distance threshold (i.e., upper position of the ligigeed surface) beyond
which relaying provides significant gain in terms of aggtegachievable rate.

solution is close to the centralized optimal solution wiiy-s
nificantly lower computational complexity. We have compghare
the proposed relay-aided D2D communication scheme with
an underlay D2D communication scheme. As an extension
of this work, design and analysis of a unified mdium access
control (MAC) protocol incorporating mode selection, dmvi
discovery, and such relay-aided D2D communication in the
context of LTE-A network will be worth investigating.

APPENDIX
A. Proof of Propositioi 2

Note that any arbitrary matching is not necessarily stdhle.
the following, we show that for any given preference profiles
each iteration ofAlgorithm 8] ends up with a stable matching
(i.e., there is no blocking pair). We prove the propositign b
contradiction. Lety; be a matching obtained bddgorithm £]
at any step of Algorithm 81 Let us assume that RB is not
allocated to UEw;, but it has a higher order in the preference

As the uncertainty bounds increase, the system becorigs According to this assumption, the, ) pair will block
more roust against uncertainty; however, the achievatifé

data rate degrades.

(i)

Since the position of;; in the preference profile of is

Effect of relay-UE distance and distance between DZB’gher compared to the user that is matched by, i.e.,u =

UEs on rate gain:The performance gain in terms of/“(”)’ RB n must select; before the algorithm terminates.

the achievable aggregate data rate under different re

D2D UE distances is shown in Fifl 5. It is clear fro
the figure that, even for relatively large relay-D2D U
distances, e.g.D,q > 60 m, relaying D2D traffic
provides considerable rate gain for distant D2D UEs.

IX. CONCLUSION

|&ipwever, the pair(u;,n) does not match each other in the

atching outcome;. This implies thatu; rejectsn (e.g., line

in Algorithm £)) and (4;,n) is a better assignment. As a
result, the paifu;, n) will not block y;, which contradicts our
assumption. Consequently, the matching outcemé&ads to
a stable matching since no blocking pair exists and the proof
concludes.

We have investigated the radio resource allocation problén Proof of Propositioh 13
in a relay-aided D2D network considering uncertainties in The proof is followed by the induction of number of

wireless channels and provided an iterative distributdation

users U;, that are supported by relaly For instance, let

to this problem using stable matching. We have analyzed thg = 1, VYu; € U; (the proof forx,, > 1 can be done
stability, uniqueness, and optimality of the proposed solanalogously introducing dummy rows [i.e., UES] in the ufili
tion. We have also analyzed the complexity of the proposethtrix). The basis (i.el/; = 1) is trivial, since the only user
approach. Numerical results have shown that the distributeefinitely gets the best RBs according to her preferencenwhe
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U, > 2, letus considelREj) to be the maximal entity of the Let 4; = f1;(n) with data rateRf{;). Then
utility matrix ;. For instance, let the matri¥; be obtained

by removing thei-th row andj-th column from the utility Rag i) = Y RY - Ry

matrix ;. If y; is a stable matching fau;, then by definition J€m ()

(i) = j and hencey \ {(i,j)} must be a stable matching < > RY) = %Ra,(un). (A.4)
() U, .

for 4(;. By induction, there exists a unique stable matching

for the smaller matrixﬁl. Therefore, the proof is concluded ) R R
due to the fact thaty = 7, U {(i,j)} is the unique stable oM [A3) and[(A}), neithed?; (1) > Ru(ji) nor Ru(fu) >
matching for the utility matrix;. R (). Since for both case$) and 2) there is no outcome

i better thary;, by Definition |6 ;; is an optimal allocation
and the proof follows.

jem ()

C. Proof of Propositiof 4
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