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Abstract

In this paper, we study the resource allocation algorithm design for multiple-input single-output (MISO)
multicarrier non-orthogonal multiple access (MC-NOMA) systems, in which a full-duplex base station
serves multiple half-duplex uplink and downlink users on the same subcarrier simultaneously. The resource
allocation is optimized for maximization of the weighted system throughput while the information leakage
is constrained and artificial noise is injected to guarantee secure communication in the presence of multiple
potential eavesdroppers. To this end, we formulate a robust non-convex optimization problem taking into
account the imperfect channel state information (CSI) of the eavesdropping channels and the quality-of-
service (QoS) requirements of the legitimate users. Despite the non-convexity of the optimization problem,
we solve it optimally by applying monotonic optimization which yields the optimal beamforming, artificial
noise design, subcarrier allocation, and power allocation policy. The optimal resource allocation policy
serves as a performance benchmark since the corresponding monotonic optimization based algorithm entails
a high computational complexity. Hence, we also develop a low-complexity suboptimal resource allocation
algorithm which converges to a locally optimal solution. Our simulation results reveal that the performance
of the suboptimal algorithm closely approaches that of the optimal algorithm. Besides, the proposed optimal
MISO NOMA system can not only ensure downlink and uplink communication security simultaneously
but also provides a significant system secrecy rate improvement compared to traditional MISO orthogonal

multiple access (OMA) systems and two other baseline schemes.

Index Terms
Non-orthogonal multiple access (NOMA), multicarrier systems, full-duplex radio, physical layer secu-

rity, imperfect channel state information, non-convex and combinatorial optimization.

I. INTRODUCTION

Over the past two decades, multicarrier (MC) techniques have been widely adopted in wireless
communication standards and their design has been extensively studied, since they provide a high

flexibility in resource allocation and are able to exploit multiuser diversity. For example, the authors
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of [3] studied the power and subcarrier allocation design for maximization of the weighted sum
rate of multiuser MC relay systems. However, traditional MC systems adopt orthogonal multiple
access (OMA) serving at most one user on one subcarrier. Therefore, resource allocation strategies
designed for traditional MC systems underutilize the spectral resources, since each subcarrier is
allocated exclusively to one user to avoid multiuser interference (MUI).

To overcome this shortcoming, non-orthogonal multiple access (NOMA) has been recently pro-
posed to improve spectral efficiency and to provide fairness in resource allocation by multiplexing
multiple users on the same time-frequency resource [4]-[12]. In particular, NOMA exploits the
power domain for multiple access and harnesses MUI via superposition coding at the transmitter
and successive interference cancellation (SIC) at the receiver. In [[6]], the authors investigated the
optimal power allocation design for maximization of the system throughput in single-input single-
output (SISO) single-carrier (SC) NOMA systems. It is shown in [6] that SISO NOMA achieves
a higher spectral efficiency compared to conventional SISO OMA. The authors of [[7] proposed a
suboptimal precoding design for minimization of the transmit power in multiple-input single-output
(MISO) NOMA systems. In [8]], multiple-input multiple-output (MIMO) SC-NOMA systems are
shown to achieve a substantially higher spectral efficiency compared to traditional MIMO SC-OMA
systems by exploiting the degrees of freedom (DoF) offered in both the spatial domain and the
power domain. On the other hand, the application of NOMA to improve the fairness and spectrum
utilization in MC systems was studied in [9]-[12]. In [9], the authors developed a suboptimal
subcarrier and power allocation algorithm for maximization of the weighted system throughput
in single-antenna MC-NOMA systems. Optimal subcarrier and power allocation algorithms for
minimization of the total transmit power and maximization of the weighted system throughput in
MC-NOMA systems were proposed in and [[L1]], respectively. The authors of [12] developed a
game theory based joint subcarrier and power allocation algorithm for maximization of the average
system throughput of MC-NOMA relaying networks. However, in [6]-[12]], the spectral resources
are not fully utilized even if NOMA is employed, since the base station (BS) operates in the half-
duplex (HD) mode and uses orthogonal time or frequency resources for uplink (UL) and downlink
(DL) transmission which may lead to a significant loss in spectral efficiency.

Full-duplex (FD) transceivers allow simultaneous DL and UL transmission in the same frequency
band [13]]-[13], at the expense of introducing strong self-interference (SI). In particular, the optimal
beamforming and power allocation design for maximization of the minimum signal-to-interference-
plus-noise ratio (SINR) of the DL and UL users in FD systems was studied in [[15]]. Motivated

by the potential benefits of FD transmission, the integration of FD and NOMA was advocated in



[16]-[18]. In [16], the authors investigated the optimal power and subcarrier allocation algorithm
design for maximization of the weighted system throughput in FD MC-NOMA systems. The authors
of studied the outage probability and the ergodic sum rate of a NOMA-based FD relaying
system. In [18]], the optimal power allocation minimizing the outage probability of NOMA-based
FD relaying systems was investigated. However, in FD NOMA systems, the communication is more
susceptible to eavesdropping compared to conventional HD OMA systems, since the simultaneous
DL and UL transmissions and the multiplexing of multiple DL and UL users on each subcarrier
increases the potential for information leakage. Nevertheless, the existing designs of FD NOMA
systems in [16]-[18] cannot guarantee communication security.

In practical systems, secrecy is a critical concern for the design of wireless communication pro-
tocols due to the broadcast nature of the wireless medium [19], [20]]. The conventional approach for
securing communications is to perform cryptographic encryption at the application layer. However,
new powerful computing technologies (e.g. quantum computing) weaken the effectiveness of this
approach since they provide tremendous processing power for deciphering the encryption. Physical
layer security is an emerging technique that promises to overcome these challenges [21]-[25].
Particularly, BSs equipped with multiple antennas can steer their beamforming vectors and inject
artificial noise (AN) to impair the information reception of potential eavesdroppers. In [23]], joint
transmit signal and AN covariance matrix optimization was studied for secrecy rate maximization.
Taking into account imperfect channel state information (CSI), the authors of developed a robust
resource allocation algorithm to guarantee DL communication security in multiuser communication
systems. The authors of studied the tradeoff between the total DL transmit power consumption
and the total UL transmit power consumption in secure FD multiuser systems. Recently, secure
communication in NOMA systems has been investigated in [26]]-[28]]. In [26]], a power allocation
strategy for maximization of the system secrecy rate in SISO NOMA systems was studied. In [27]],
the authors considered the secrecy outage probability of MISO NOMA systems, where AN was
generated at the BS to deliberately degrade the channels of the eavesdroppers. In [28], the power
allocation and the information-bearing beamforming vector were designed to limit the eavesdropping
capacities of the eavesdroppers. However, the above works [26]-[28] focused on securing the DL
in SC-NOMA systems employing HD BSs. Hence, the schemes proposed in [26]-[28]] cannot
guarantee communication security in FD MISO MC-NOMA systems since the coupling between the
SIC decoding order, the subcarrier allocation, the DL transmit beamforming, the DL AN injection,
and the UL power allocation significantly complicates the resource allocation algorithm design.

Besides, [26]]-[28] optimistically assumed that the CSI of the potential eavesdroppers (idle users) is



available at the BS. However, if some idle users in the system misbehave and eavesdrop the active
users’ information signals, perfect CSI of these eavesdroppers may not be available at the BS since
they may not transmit reference signals during the idle period. In fact, the design of a robust and
secure resource allocation policy for FD MISO MC-NOMA systems has not been investigated in
the literature yet and is more difficult to obtain than the optimal power and subcarrier allocation
for FD SISO MC-NOMA studied in [L6]. In particular, the methodology used for modelling the
user pairing for FD SISO MC-NOMA in [[16] cannot be applied for FD MISO MC-NOMA, where
the user pairing does not only depend on the users channel conditions but also on the transmit
beamforming vectors and the injected AN. Besides, the transmit beamforming vector design for
FD MISO MC-NOMA systems leads to a rank constrained optimization problem which is more
challenging to solve than the power allocation problem for FD SISO MC-NOMA systems in [16].
Moreover, the imperfect CSI leads to an infinite number of constraints, which makes the resource
allocation optimization problem formulated in this paper difficult to tackle. Furthermore, in modern
communication systems, meeting the quality-of-service (QoS) requirements of the users is crucial.
However, [16] did not take the QoS requirements of the users into account for resource allocation. In
fact, the robust and secure resource allocation algorithm design for FD MISO MC-NOMA systems
with QoS constraints is still an open problem.

In this paper, we address the above issues. To this end, the robust and secure resource allocation
algorithm design for FD MC-NOMA systems is formulated as a non-convex optimization problem.
The proposed optimization problem formulation aims to maximize the weighted system throughput
while taking into account the imperfectness of the CSI of the eavesdroppers’ channels and the QoS
constraints of the legitimate users. Although the considered problem is non-convex and difficult to
tackle, we solve it optimally by employing monotonic optimization theory [29]], [30]]. Besides, we
also develop a low-complexity suboptimal scheme which is shown to achieve a close-to-optimal
performance.

II. NOTATION AND SYSTEM MODEL
In this section, we present the notation and the FD MISO MC-NOMA system and channel

models.
A. Notation

We use boldface lower and upper case letters to denote vectors and matrices, respectively. X%,
det(X), Rank(X), and Tr(X) denote the Hermitian transpose, determinant, rank, and trace of
matrix X, respectively; X ! represents the inverse of matrix X; X < 0 and X > 0 indicate that X

is a negative semidefinite and a positive semidefinite matrix, respectively; Iy is the /N x /N identity



matrix; CV*M denotes the set of all N x M matrices with complex entries; H" denotes the set
of all N x N Hermitian matrices; Rﬂ\: %1 denotes the set of all N x 1 vectors with non-negative
real entries; Z"*! denotes the set of all N x 1 vectors with integer entries; |-|, ||-||r, and |||
denote the absolute value of a complex scalar, the Frobenius matrix norm, and the Euclidean vector
norm, respectively; £{-} denotes statistical expectation; Diag(X) returns a diagonal matrix having
the main diagonal elements of X on its main diagonal; [x] denotes the minimum integer which
is larger than or equal to z; rem(x,y) denotes the remainder of z/y; R(-) extracts the real part
of a complex-valued input; A\y..(X) denotes the maximum eigenvalue of matrix X; [z]" stands
for max{0, z}; the circularly symmetric complex Gaussian distributions with mean w, variance o>
and mean vector a, covariance matrix X are denoted by CN (w, 0?) and CN (a, X), respectively;
and ~ stands for “distributed as”. V,f(x) denotes the gradient vector of a function f(x) whose

components are the partial derivatives of f(x).

B. FD MISO MC-NOMA System

The considered FD MISO MC-NOMA system comprises /X DL users, J UL users, M idle
users, and an FD BS, cf. Figure [l We assume that the FD BS is equipped with Np>1 antennas
and Nt > M to facilitate secure communication. The FD BS enables simultaneous UL reception
and DL transmission in the same frequency ban. The DL, UL, and idle users have portable
communication devices which operate in the HD mode and are equipped with a single antenna
to ensure low hardware complexity. The available frequency band is divided into N orthogonal
subcarriers. Besides, we assume that at most two UL users and two DL users are scheduled on
each subcarrier to ensure low hardware complexity and low processing delayd, and to limit the
interference on each subcarrievH. In order to enable NOMA, we assume that each of the DL users
and the FD BS are equipped with successive interference cancellers for multiuser detection. The
idle users are legitimate users that are not scheduled in the current time slot and may deliberately
eavesdrop the information signals intended for the DL and UL users. As a result, the idle users
are treated as potential eavesdroppers which have to be taken into account for resource allocation

algorithm design to guarantee communication security.

"Transmitting and receiving signals simultaneously with the same antenna has been demonstrated for circulator based FD radio
prototypes [13].

*We note that hardware complexity and processing delay scale with the number of users multiplexed on the same subcarrier due
to the required successive decoding and cancellation of other users’ signals [3].

*Multiplexing more UL and DL users on the same subcarrier leads to more severe UL-to-DL co-channel interference and more
severe MUI which cause a larger performance loss for individual users.
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Fig. 1. FD MISO MC-NOMA system with one FD BS, K = 2 HD DL users, J = 2 HD UL users, and M = 2 HD idle users
(potential eavesdroppers).

C. Channel Model

In each scheduling time slot, the FD BS transmits two independent signal streams simultane-
ously to two selected DL users on each subcarrier. In particular, assuming that DL users m,n €
{1,..., K} and UL users r,t € {1,...,J} are scheduled on subcarrier ¢ € {1,..., Ng} in a

given time slot, the FD BS transmits signal stream WH:E][D]L to DL user m on subcarrier 7,

where x%]L € C and Wm € CNt1 are the information bearing symbol and the corresponding
beamforming vector for DL user m on subcarrier ¢, respectively. Without loss of generality, we
assume €{|a7][§Lm|2} = 1,¥Vm € {1,...,K}. Besides, UL user r transmits signal P[’]x%]L on
subcarrier 7 to the FD BS, where x%}LT, & {|xULT| } =1, and P denote the transmitted data symbol
and the corresponding transmit power, respectively. Since the signal intended for the desired user and
the FD BS may be intercepted by the idle users (potential eavesdroppers), in order to ensure secure
communications, the FD BS injects AN to interfere the reception of the idle users. In particular, the
transmit signal vector on subcarrier 7 at the FD BS, x[) € CNt*!| comprising data and AN, is given
by xI! = wilaly +wilzp + 2l where 2l € CN1*! represents the AN vector on subcarrier i
generated by the FD BS to degrade the channels of the potential eavesdroppers. z!” is modeled as
a complex Gaussian random vector with zl ~ CA(0, Z[), where ZI1 € HVr, ZF) - 0, denotes

the covariance matrix of the AN. Therefore, the received signals at DL user me{1,...,K}, DL

user n€{1,...,K}, and the FD BS on subcarrier i are given by

yB}Lm:hﬂHWﬂngmthgH +hliz M‘"\/ frm UL + [Z t[llﬂ %]L ][;]Lmv 1
%,_/
multiuser amﬁc1al UL- t0-DL
interference noise co-channel interference
y][gan:hg]H i 11 +h +hli m+,/ fm UL n /P ft[’i 2l +n}[§wand )
multluser ﬂﬂlﬁCIal UL- to DL
interference noise co-channel interference
i _\/pl [plil ol i\ b Q 0,0 Yo il o gl 3
YBs= gr UL + gt Ty, T SI( meL + w, DLn>+ siZz +gg; 3)
~ / H,—/

self-interference artificial noise



respectively. Here, the channel vector between the FD BS and DL user m on subcarrier ¢ is denoted
by hll e (CNTXl and the channel gain between UL user » and DL user m on subcarrier ¢ is denoted
by frm 1 ec. g J'€ CNtx1 denotes the channel between UL user 7 and the FD BS on subcarrier
Matrix H 1 € CNt>Nt represents the SI channel of the FD BS on subcarrier i. Variables hm, ,[’]m,
g,[f], and H[% capture the joint effect of path loss and small scale fading. n ~ CN(0,034In,)
and nDLm ~ CN(0,02) represent the additive white Gaussian noise (AWGN) at the FD BS and
DL user m, respectively, where o4 and o2, denote the corresponding noise powers.

Moreover, for secure communication design, we make the worst-case assumption that the M
potential eavesdroppers fully cooperate with each other to form an equivalent super-eavesdropper
equipped with M antennas. Thus, the received signal at the equivalent multiple-antenna eavesdrop-
per on subcarrier ¢ is given by

v = L (whiapy, o+ wilefy )+ Pleflaty +4/Plellaty, + L2 +nfl @

art1ﬁ01a1 noise

where matrix LI/ € CVNt*M represents the channel between the FD BS and the equivalent eaves-
dropper. Vector e l'e €M1 models the channel between UL user r and the equivalent eavesdropper
on subcarrier i. L and el take the joint effect of small scale fading and path loss into account.
Finally, ng} ~ CN(0,021,,) represents the AWGN at the equivalent eavesdropper, where o2 denotes

the corresponding noise power.

III. RESOURCE ALLOCATION PROBLEM FORMULATION

In this section, we first define the performance metric adopted for the considered FD MC-NOMA
system. Then, we present the CSI model employed for resource allocation algorithm design. Finally,

we formulate the resource allocation design as a non-convex optimization problem.

A. Weighted System Throughput and Secrecy Rate

In the considered FD MISO MC-NOMA system, we assume that the FD BS can provide
communication service simultaneously to at most two UL users and two DL users on each subcarrier.
To mitigate the MUI caused by multiplexing multiple users on the same subcarrier, SIC is performed
at the DL users and the FD BS. Specifically, assuming that DL users m, n and UL users r, ¢ are
multiplexed on subcarrier ¢, DL user n first decodes the message of DL user m and performs SIC to
cancel the interference caused by DL user m, before attempting to decode its own signalfl. Besides,

DL user m directly decodes its own signal while treating the signals of DL user n and the UL

*We assume that a DL user can cancel only the signals of other DL users by performing SIC but treats the signals of UL users
as noise.



users as noise. Thus, the achievable rates (bits/s/Hz) of DL users m and n on subcarrier ¢ are given

by
. h[i]H [i]}2
RMEL,L;”; =log, [ 1+ T | o i [Z] and  (5)
w2 ¢ e(ElzE) + PP 2 + P | frml? + 02,
i]DL |h[Z]H [Z]‘Z
Rm n rnt 1Og2 1+ [i] [z] ) (6)
Te(HEZ0) + PO £ + PP A2 + o

respectively, where Hiﬁ = h[rfjbh,f1 ,m € {1,..., K}. For UL reception, we assume that the FD BS
performs SIC by first decoding the signal of UL user » and removing it from the received signal
before decoding the signal of UL user ¢. Hence, the achievable rates (bits/s/Hz) of UL users r and
t on subcarrier ¢ are given by

P[i]| gy}H [i]|2

[{]UL,
R =108 H i ] i [ i i i2)
PPl T (pv Dlag(HSI<wmwm w2z HYY)) +ods V1Y o,

m,n,r,t

R[ i ULy |gm \2

=log, [1+
m,n,r,t 2 ; ;
( Tr(pvt“]Diag(HLﬂ(wlﬁwlﬁHerMw%} +2 })H[SZ}H)) + Ulelvtl]H?)

®)

respectively, where variable V l'e €Vt denotes the receive beamforming vector adopted at the
FD BS for detecting the information received from UL user » on subcarrier ¢ and we define
VI = VI e {1, ..., J}, for notational simplicity. In this paper, maximum ratio combining
(MRC) is adopted at the FD BS for UL signal reception [31], i.e., vl = hl’ / ||hy}|| As a result,
an MRC-SIC multiuser detector is employed in the UL [31]]. In practice, MRC-SIC achieves full
diversity and leads to a high performance if the number of receive antennas is sufficiently
large [32], [33]]. In addition, the use of an MRC-SIC multiuser detector facilitates the design of a
computationally tractable and efficient resource allocation algorithm. Besides, p, 0 < p < 1, in ()
and (8)) reflects the noisiness of the SI cancellation at the FD BS where the variance of the residual
SI is proportional to the power received at an antenna [34].

Therefore, the weighted system throughput on subcarrier 7 is given by

Ur[fl}n T, t( Wa P, Z) £n}n,r,t me%gﬁ +w Rm?LLrnt + IU“T’RL;]I;TLLTT REZ]IJLL; t] (9)
where slﬁmt € {0,1} indicates the subcarrier allocation policy. Spe01ﬁca11y, let = 1if DL

users m, n and UL users r, ¢ are scheduled on subcarrier i and s'’ = 0 if another scheduling

m n,rit —
policy is executed. The priorities of DL user m and UL user r in resource allocation are reflected
by the positive constants 0 < w,,, < 1 and 0 < g, < 1 which are defined in the upper layers
to enforce fairness. To facilitate the presentation, we introduce s € ZNrE*/*x1 W ¢ CNeKxNr,
pE RNFJXI and Z € CN?M>Nt ag the collections of the optimization variables sl wlil plil

m,n,r,t>

and ZU for Vi, m,n,r,t, respectively.



NOMA requires successful SIC at the receivers. In particular, for a given subcarrier ¢z, DL user

n can only successfully decode and remove the signal of DL user m by SIC when the following

inequality holds [16], [31]], [35]:

4l
Tnanra(W.p.2) £ logs (H T @ bl il )
il Tz P A o
|h[Z]H |2
~ log, (14 ) <0. 0)

[ w24 Te(HZ6) + P £ 4+ B FE P + o2
Eq. (I0) indicates that successful SIC at DL user n is possible only if the SINR of the signal of
user m at DL user n is higher than or equal to the corresponding SINR at DL user m. For the UL
reception, since the FD BS is the intended receiver of the signals from both UL users, the FD BS
is able to perform successful SIC in arbitrary order.

Next, for guaranteeing communication security in the considered system, we design the resource
allocation under a worst-case assumption. In particular, we assume that the equivalent eavesdropper
can cancel the MUI and the UL (DL) user interference before decoding the information of the
desired DL (UL) user on each subcarrier. Thus, under this assumption, the capacities of the

eavesdropper in eavesdropping DL user m and UL user r on subcarrier ¢ are given by

iy, = logy det(Ty+(X) LI wllwlI¥Ll) and an
Cll = log, det(Iy+PMH(X)1ellellH), (12)

respectively, where X! = LIHZULI 4521, denotes the AN-plus-channel-noise covariance matrix
of the equivalent eavesdropper on subcarrier 7. Therefore, the achievable secrecy rates between the

. . +
FD BS and DL user [ and UL user i on subcarrier i are given by RDSTC— [R]@Ll - C’B}Ll} and

[i1Sec__[ poli] [ 1" -
RUL}L = RUL}L — C’ULh respectlvely, where

K
i i i|DL, 7 i| DL
B = Y3 (S R > sg,l,r,tfzu,l,r,lt) and 3

rltlnl

ULh Z Z < Z Sm n,h tREji][;TLL}]; LZ"]L n,r hREjm][szrhh) (14)

m=1 n=1 t=1 r=1

denote the achievable rates (bits/s/Hz) of DL user [ and UL user i on subcarrier 7, respectively.

B. Channel State Information

In this paper, we assume that all wireless channels vary slowly over time. Thus, the perfect CSI of
the DL and UL transmission links and the UL-to-DL co-channel interference channels is available
at the FD BS via handshaking between the FD BS and the DL and UL users at the beginning of
each scheduling slot. On the other hand, the idle users constituting the equivalent eavesdropper only

perform handshaking with the FD BS occasionally due to their idle and unscheduled status. Thus,
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only imperfect CSI of the equivalent eavesdropper’s channels is available at the FD BS. To capture
the impact of the imperfect CSI, the link between the FD BS and the equivalent eavesdropper on
subcarrier i, i.e., LY, and the CSI of the link between UL user 7 and the equivalent eavesdropper
on subcarrier 7, i.e., eL}, are modeled as [36]:

LU = £ + AL, QU 2 {LM e CVM | AL | < £F } and (15)
ell = &l + Aell @l 2 {e,, e CMXL . ||Aell|| < aULT}, (16)

T

respectively, where L. and &l are the CSI estimates available at the FD BS, and AL and Ael’
model the respective channel uncertainties. The continuous sets ol }L and Q uL, contain all possible

channel uncertainties with bounded magnitudes EDL and 5UL , respectively.

C. Optimization Problem Formulation

The system design objective is the maximization of the weighted system throughput under
secrecy and QoS constraints. The resource allocation policy is obtained by solving the following

optimization problean

msa%ifnguzze Z Z ZZZ U}Z]Mt (s, W,p,Z) (17)

i=1 m=1n=1 r=1 t=1

st. Closid JE (W, p,Z) <0,Yi,m,n,rt,

m,n,r,t
Np K K J J

€23 (0SS sl + el ) + Te(2)) < PR,

i=1 m=ln=1r=1t=1

F Np
C3: ZR};]L >R Vie{l,... K}, C4: Y R, >R Vhe{l,... T},
i=1
C5: max Cpy <Ry \Vie{l,...K},  C6 max Oy, <Ry ,\Vhe{l,... J},
ALl enll ! ALlleQl? |
[1] [1]
Np J ' J Aer €Qyy, L,
C7. ZZZ( S P+ 3 s W PL) < PYE, VRE{L T}
i=lm=1ln=1 t=1 r=1
C8: Pl >0,Vi,r C9: mnrte{Ol}Vzmnrt
K K J
C10: ZZZ s e <1V, C11: Z1 = 0, Z" € HN", vi.

m=1n=1r=1 t=1

Constraint C1 ensures the success of SIC at user 7 if s’ . = 1. The constant PP in constraint

mnr max

C2 is the maximum transmit power of the FD BS. Constraints C3 and C4 impose minimum required

7] and RUL[Z]

constant throughputs RPY and RU: for DL user [ and UL user h, respectively. Rto1 ol >

req; reqy,
in C5 and C6, respectively, are pre-defined system parameters representing the maximum tolerable
data rate at the equivalent eavesdropper for decoding the information of DL user [ and UL user
h on subcarrier ¢, respectively. In fact, communication security in DL and UL is guaranteed by

constraints C5 and C6 for given CSI uncertainty sets Q][;]L and Q%}Lr. If the above optimization
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problem is feasible, the proposed problem formulation guarantees that the secrecy rate of DL user
[ is bounded below by R%efl >RPL ZfVFl Rtolll and the secrecy rate of UL user h is bounded

req
below by Ry, >Ri: — S Rtol . We note that the secrecy constraints in C5 and C6 provide
flexibility in controlling the security level of communication for different servicesH Constraint C7
limits the maximum transmit power of UL user r to P, . Constraint C8 ensures that the power
of UL user r is non-negative. Constraints C9 and C10 are imposed since each subcarrier can be
allocated to at most two UL and two DL users. Constraint C11 ensures that after optimization the
resulting Z! is a Hermitian positive semidefinite matrix.

The problem in (I7) is a mixed non-convex and combinatorial optimization problem which is
very difficult to solve. In particular, the binary selection constraint in C9, the non-convex constraints
C1-C7, and the non-convex objective function are the main obstacles for the systematic design of
a resource allocation algorithm. In particular, constraints C5 and C6 involve infinite numbers of
inequality constraints due to the continuity of the corresponding CSI uncertainty sets. Nevertheless,

despite these challenges, in the next section, we will develop optimal and suboptimal solutions to

problem (7).
IV. SOLUTION OF THE OPTIMIZATION PROBLEM

In this section, we first solve the problem in (I7)) optimally by applying monotonic optimization
theory [29], [30] leading to an iterative resource allocation algorithm. In particular, a non-convex
optimization problem is solved by semidefinite programming (SDP) relaxation in each iteration.
Then, a suboptimal solution based on sequential convex approximation is proposed to reduce

computational complexity while achieving close-to-optimal performance.

A. Optimal Resource Allocation Scheme

1) Monotonic Optimization Framework: Let us define Wl = wllw [i]H Wil e HNr. Also,
we define new variables Wlﬁ?}f; = s,[j{,wwiﬁ and Pﬁ}{ﬁ; = mth[’] Then, the weighted

throughput on subcarrier 7 in (@) can be rewritten equivalently as:

Ur[n}n T t(s W » Py Z) = me[Z]?ern;f +w R[Z]?LLrnt + MTREJ}TILI,;”Tt + lutRerILL;w (18)
where Tr (HMW[ }DLm)
Sl DLy, m,n,r
Ru,n,r,t = log2 (1+ [4] [{]DL,, . - [q] ) 10g2( m} N7, t) (19)
Tr(Hm(Wm[n Tt + Z[ }))_I_pm ,NLT, tfr t,m +U?n
- Tr(H Z}W[Z]DLH
Rki]?l?rrjt = 10g2 (1+ [4] [,]( - ?ﬂr t). ) lo g2( 7[71} T t) (20)
pm n,r, tfr t n_l_ TI'(Hn Z[Z]) + 0721

For example, low data rate services (e.g. E-mail) have lower information leakage tolerance than high data rate services (e.g.
video streaming).
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mnrt_ m,n,ritr - mmn,rt

, R
respectively. Here, we define pl’ [P[’]UL’ PHUL’S} and £ = [|f 2, |ft[,lin|2} for sim-

[{]JUL, 1] UL .
m,n,r,t dRmnrt lnmare given by

BV Tr(G”V,W)

plicity of notation. In addition, Rl

R = 1og, (14 s ) 21082t ).
o Pﬁ]gl;ttT (G[ VA })+Tr (pV Diag (SM Tt))—i—a%STr(Vy]) ’ ’521)
P T livi Z
R = logy (14— L) 2 logy (€l ), (22)
Tr(pV,"Diag(Sg,, , ,)) +oisTr(V)')
respectively, where G/ =g!g!" re{l,...,J}, and S[Z] ’T’t:H[Sq(WmEL;'Z +Wm25”t+z[i})H§}f{

Next, we note that constraint C1 is the difference of two logarithmic functions which is not a
monotonic function. To facilitate the use of monotonic optimization, we introduce the following

equivalent transformation of constraint C1:

Te (L, W) 0 Js
Cla: log, (1—|— ) +Smnrt <108y (1 + max) . (23)
Te(H (WD, + 20))+pla £ 402/ " 5
Tr(H[Z]Wm?LL;‘WILf) [i] PPL
Clb: log, (1+ S L )—l—gm e (1 4 m) .
Tr(H” (Wm,n,rrjt + Z ))+pm,n,r,tfr,t,n+02 Tm

where gm

mnrt = 018 a new scalar slack optimization variable. With the aforementioned definitions,

constraint Cla can be rewritten as:
DL

_ : P,
Cla: 10g2(u£r]b,n,r,t) + gr[n]n it — < 10g2 (1 + ;ax> (25)

m

We note that the left hand sides of constraints Cla and C1b are monotonically increasing functions
as required for monotonic optimization.

Then, the original problem in (I7) can be rewritten in the following equivalent form:
Ne K K J

maxunlze Z ZZZZ 10g2 m n,r, t wm +10g2( m n,r. t)wn +10g2(<7[71],n,7’,t)ur +10g2(§7[ﬁ,n,r,t)m

sWpZt ST T T o =
Np

s.t. Cla,Clb,C9,C10,C11, C2: Z(ZZZZ WDk Wbt ) +ZM) Px.

zlmlnlrltl

C3: ZZZ(ZRMD}HZRJI;;) > RL Vie{1,...,K},

lrltl nl

NF
C4: ZZ Z (ZR}Q%’;ﬁZRmE}:h) > R Vhe{l,...,J},

i=1 m=1n=1 t=1

C5: max log, det(Iy + (X! ) 1LMHWMDL’”L )y < RUPY Yimyn, ot

ALllenll et 4
Co: max log, det(In + P,[n}g};*t(X[’]) lellellf) < REEL, Vi, m,n,r,t,

ALllenl) Aelleqll

N
c7 ZFZZ(ZPES%ﬁZPmS%) <P he(l...J}, 8 B 50y,

zlmlnl t=1

C12: WHPEm o W DL”>0 C13: Rank(W!IDMm) < 1 Rank(WEPlny <1 (26)

m,n,r,t — m,n,r,t — m,n,rt m,n,rt
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where W € CNeK*J°xNt gnd p e CNeE*7°X1 gre the collections of all W/PEm ang plIVLr

m,n,rt m,n,r,t>
. . . 57Dl [i] il [i]H
respectively. Constraints C12 and C13 are imposed to guarantee that W, . 7" = s, . Wi Wi

holds after optimization. We also define t=t1,...,tp]"=[c] ... .,sx%. |7 to collect all ¢

m,n,r,t

in one vector, where D = NpK?2.J>.

For notational simplicity, we define functions fd(W,f),Z) and gd(W,f),Z) as the collections of

the numerator and denominator of variables umm,r,t, vmn,r,t, ﬂnm, and SEL],TLN, respectively:

;
TI' (HB}L (WLQ?LI;‘% + W%?L]j;‘?t + ZM )) + f)%,n,r,tfk}t,m + Urzna d:Aa
o Tr(H (Wi Z0)) + B st 02, d=D+A,
Jo(W.pZ) =1 m( (m i )-) 0Nl @7
Do riTrat T (pVi' Diag (Sgp, ) +ofs Tr(Vy), d=2D+A,
Py To(GE V) + Te (V) Diag (Sg ) +0RsTr(VY),  d=3D+A,
Tl" (H%}L (Wm,]z{_::t + Z[Z] )) + f)gv],,n,r,tfgl]f,m + 0517 d:Aa
S gl izl 4+ 52 _
AT = P fr n_'_Tr an +Un7 d—D-'-A,
9i(WBZ)=\ i g (m | D5 (1 > ooyl (28)
Py Te(G V) +Tr (p Vi Diag (SSIm,n,r,t)) +oisTr(Vy), d=2D+A,
\Tr (pVy] Diag (S[Sqm,n,r,t )) +oig Tr(Vy}), d=3D+A,

where rLZ]t = [Tr(GEVE), Tr(GIVINT and A = (i — DE2J2 + (m— 1)KJ2 + (n— 1)J2 + (r —
1)J +t. We further define z=|z,. . .,z4D]T, where zp = uﬂvn,r,t, ZpiA = UT[QW,T’J’ ZopiA = C?Li],n,r,t’
and z3pin = E9 Wi m,n,r,t. Now, we rewrite the original problem in (I7) as:

e AD

maxigﬁnize Zlogz(zd)xfi st (z,t) €V, (29)
d=1

where Y4 is the corresponding user weight, i.e., xq = w,,, m = rem([d/(KJ?)|,K), Vd €
{1,...,D}, xa = wy, n =rem([d/J?*|,K),Vd € {D+1,...,2D}, xa = ptr, ¥ = vem([d/J], J),
Vd € {2D + 1,...,3D}, and x4 = ju, t = rem(d,J), Vd € {3D + 1,...,4D}. Furthermore,
V = G NH is the feasible set where G is given by

fd(” af)vz) X7 ~
— 1 e s W V4
g {(Z,t) |1<24 < gd(W,f),Z)’(Z’t) € Q,(W,p,Z) e P,Vd}, (30)

with P and Q being the feasible sets spanned by constraints C2, C5-C8, C11-C13 and Cla,
respectively. Feasible set H is spanned by constraints C1b, C3, and C4.

2) Optimal Algorithm: Now, we note that the objective function and all functions appearing in
the constraints in (29) are monotonically increasing functions. Therefore, problem (29)) is in the
canonical form of a monotonic optimization problem. Using a similar approach as in our previous
work on FD SISO MC-NOMA [16], we employ the polyblock outer approximation approach for
solving the monotonic optimization problem in (29). However, the design of the corresponding

iterative resource allocation algorithm is much more challenging for the considered FD MISO MC-

NOMA system compared to the SISO MC-NOMA case in [11]], [16]]. In particular, constraints
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Algorithm 1 Polyblock Outer Approximation Algorithm

1: Initialize polyblock D). The vertex v() = (z(1),t(1)) is initialized by setting its elements: !’ oy = 1+
’I‘I‘( Lll])‘P ax/Um’ ’Uv[:‘} ,n,r,t =1 + TI‘( [Z])Pn]?;‘)c/ Ons 7rlz]n7‘t =1 + TY(GE}]V[Z])PHI{;JXT/( S’I‘I‘(V[Z]))’ 7rlz]n7‘t =
L+ (G VI PUE /(o Tr (V). and <) 1y = logs(1+ PRY/02,)., Vi,m.m,r,t

2: Set error tolerance € < 1 and iteration index k£ =1

3: repeat {Main Loop}

4:  Construct a smaller polyblock D*+1) with vertex set Y(*+1) by replacing v*) with 5D new vertices
{'Dyc), e } The new vertex v( ) s generated as ﬁ§k) = vk — (v§k) — gbj(v(k)))u where v ( ) a
gbj(v(k)) are the j-th elements of v(* ) and ®(v®)), respectively. ®(v(¥)) is obtained by Algorithm 2

5. Find v**1) as that vertex of Y(*+1) N7 whose projection maximizes the objective function of the problem,
ie., v = argmax {Z?:Dl log, (¢;(v))Y }, and set k =k + 1

veXktHnNy
6: until W <e
7: v* = ®(v™) and (W*, p*, Z*) are obtained when calculating ®(v*))

/

Z

(b)
Fig. 2. Tllustration of the polyblock outer approximation algorithm. The red star is an optimal point on the boundary of the feasible
set V.

(d)

C5 and C6 involve an infinite number of inequality constraints and constraint C13 restricts the
rank of the optimization variables W. In the following, we first present the polyblock outer
approximation-based iterative resource allocation algorithm framework employed for solving the
monotonic optimization problem in (29). Then, we handle non-convex constraints C5, C6, and C13
appearing in each iteration of the proposed resource allocation algorithm.

According to monotonic optimization theory [29]], [30]], the optimal solution of problem 29) is
at the boundary of the feasible set V=GNH. However, due to the non-convexity of the constraints
in (29), we cannot present the boundary of V analytically. Therefore, we construct a sequence
of polyblocks for approaching the boundary of ) iteratively. First, we construct a polyblock D)
enclosing the feasible set V = GN?H and the vertex set of D), denoted as Y, contains only
one vertex v(!), Here, vertex v'") is defined as v(") £ (z(l),t( )) representing the optimization
variables in (@9). Then, we shrink polyblock DV by replacing v") with 5D new vertices T =
{'ﬁf),. ’U5D} The 5D new vertices, i.e., 'u( ) je {1,...,5D}, are generated based on vertex
v, as 13](1) = o - (v](-l) — ¢;(vW))u;, where U () and ¢;(v®) are the j-th elements of v
and ®(vW), respectively. Here, ®(v)) € C°P*1 is the projection of v onto set G, and u; is

a unit vector containing only one non-zero element at position j. Thus, the new vertex set Y2 =
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(YH—v®)UT® constitutes a new polyblock D) which is smaller than DV, yet still encloses the
feasible set V. Then, we choose v as the optimal vertex of Y ?H whose projection maximizes

the objective function of the problem in 29), i.e., v®) = arg max { 2?51 log, (¢;(v))™ } Similarly,

veY@)NH
we repeat the above procedure to shrink D® based on v?, constructing a smaller polyblock and
so on, i.e., DO >DE 5. >V, The algorithm terminates if %{W < ¢, where the error

tolerance constant € > 0 specifies the accuracy of the approximation. The algorithm is illustrated for
a simple case in Figure 2l where, for simplicity of presentation, z and t contain only one element,
respectively, i.e., z; and ¢;. We summarize the proposed polyblock outer approximation algorithm
in Algorithm 1.

We can acquire the optimal subcarrier allocation policy from the optimal vertex v* obtained
[i] [i]

m,n,r,t° Cm,n,r,t’ and

in line 7 of Algorithm 1. In particular, we can restore the values of ul v

mnrt’

£ e from z*. Besides, we note that .’ pld ¢ ] and f

m,n,r,t m,n,r,t> “m,n,rt> Sm,n,rt>

, are larger than one only

m,n,r,

if DL users m, n and UL users r, ¢t are multiplexed on subcarrier i. Thus, we can obtain the
[4] [4]

optimal subcarrier allocation policy s* as: s, ,, ., = 1 if umwt > 1, Uy > 1, C,[fin” > 1, and

S[Z]Wt > 1; otherwise, s[,,lnrt = 0.

In the following, we explain in detail how the projection of v*) required in each iteration of
Algorithm 1 is computed.

3) Computation of Projection: In each iteration of Algorithm 1, we obtain the projection of

v® e, ®F)= P =)\z" t*), by solving
A=max{f | fo™ € G} = max{f | (=", t"V) € G}

W.p,Z

—max{ﬁ\ﬁ< min ({)d( ip’~ ) 75( (k) )E Q}

1<d<dp gd(W,p Z)

(Wb e fd( p.Z) (k) (k)
—max{ﬁ A<  min = Jogy(B2y)) + Bty <logy(1+ PR /o2 ,VA}

95 3, gy ) S o0 ki)

%52 " f(W.p.Z)

=min max  min AL , B3 } , (31
(sz)€p1<d<4DZ( g4 (WP, Z)

where (* is obtained by solving 0<Iﬁn<aleAﬁ s.t. log2(ﬁzgf)) + ﬁt(k) < logy(l + PPL /52) via the
bisection search method [37]. In (31I)), max min M is a fractional programming

(W ,p,Z)ePl<d<4D =M ga(W,p,Z)
problem. Therefore, we propose a Dinkelbach-type algorithm [38] for solving problem (BI). In

¥

particular, the proposed algorithm is summarized in Algorithm 2. Specifically, W*, p., and Z in

line 3 are obtained by solving the following non-convex problem:
(WP}, Z;) = argmax 7 (32)
W.,p,Z,7

s.t. C2, C5-C8, C11-C13, C14: f4(W, P, Z)—a,2gs(W, p, Z)>7,Vde{1,. .., AD},
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Algorithm 2 Projection Algorithm

1: Initialize oy = 0 and set the iteration index to 2 = 1 and the error tolerance § < 1

2: repeat

3 (Wi,p52) = argmax { min {fu(W,5.Z) — as2{"gu(W,5,2)} }
(W.p,z)ep 154

4 gyl = (ff‘(w by, 2) and set x =z + 1

1<d<4D zd 9a(W2,p%,Z%)

k x =k *
RK llntll 1<Ifilln {fd m lapm lvzm 1) amz((j )gd(wm lvpz 152171)} S(S

6: Obtain J* = o ax B st 1og2([3z )+ Bt A)<log2(1—|—P£f;x /c2) by the bisection search method

7: A = min{a,, 5} and the projection is @(v(k)) = M and line 3 provides the corresponding resource allocation

policy WA

where 7 is an auxiliary variable. We note that the problem in (32)) needs to be solved in each
iteration of Algorithm 2. Besides, constraints C5 and C6 are non-convex constraints due to the

!in the logarithmic determinant. Also, constraints C5 and C6 involve an

inverse matrix (X![7)~
infinite number of inequality constraints which are difficult to tackle. Hence, we first establish the
following proposition for transforming constraints C5 and C6 into linear matrix inequality (LMI)
constraints.
[{]DL [{jUL [i]DLy, .
Proposition 1: For any R~ > 0 and R =~ > 0, if Rank(W ) < 1, constraints C5 and

m,n,r,t

C6 of problem (26) can be equivalently expressed in form of the following matrix inequalities:
C5 < C5: L[’]HW”DL"‘L < 9p XU LU € Q) Wi m,n, 7 t, and (33)
C6 & C6: Pl e M LH < ] XM, vell e Qi vLU € QU Viom,n,rt,  (34)

7] i [4]
where ﬁDLm = 2Rcolm — 1 and 19%]” = QRtolliL —1.

Proof: Please refer to Appendix A. |
The resulting LMI constraints C5 and C6 still involve an infinite number of inequality constraints.

Hence, we introduce the following Lemma for further simplifying C5 and C6.

Lemma 1 (Generalized S-Procedure [39]): Let h(©) = ©7AO + OB + B”© + C, where
©.BcCVM AcHY, CecCM*M and D € CN*N and D > 0. There exists a ¢ > 0 such that
h(®) = 0,V0 € {®| Tr(DOBY) < 1}, is equivalent to

H
c B oo o 35)
B A 0 -D

By substituting LY = LI + AL into @3], we can rewrite constraint CS5 as
0 < ALIH (9l 7zl - WDt AL - ALDH () 710 — W[’]DL’")L[’]

m,n,r,t m,n,r,t
+ L), 27 = WD) AL + DO (o, 20— WIS L 4+ 0 opl,  (36)

for ALl € {ALVH Tr((el) ) 2ALIALIH) < 1}, Vi,m,n,r,t. Then, by applying Lemma [I
constraint C5 is equivalently represented by

C5: Rpr, (WHPLm 71 pliDLm )

C5 L m,n,r,t’ ) mnrt
m,n,r,

i i i i iDL, i r i i
|90, DT ZEO (0, 0ROy, T2 B WIPlB w0, (37)
= - i L2,

[i] Ll m,n,r,t

ﬁ%h,LZML” OBzl gD ()2

mnrt
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for gm%;,’;; > 0, Vi,m,n,r,t, where By = [L Iy,]. On the other hand, we can also apply
Lemma [1] to handle the CSI estimation error variables in constraint 66, 1.e., Aey] and AL, To

facilitate the application of Lemma [Il we represent constraint C6 in the equivalent form:

Coa: PV el <MV well € Q) | Cob: MUV < (9, — )X VLT e @, (38)

m roor m,n,r,t) m,n,r,t —

where M[,fJLIiL,Tt € HM is a slack matrix variable. We note that constraints C6a and C6b involve only

Ael! and AL, respectively. Then, by applying Lemma [I] to constraints C6a and (/361/3, respectively,

we obtain the equivalent LMIs:

@a: R@ [i]ULy (M[i]ULT PMULT' O[mULTt)

m,n,r,t» + mn,rt “m,n,r,
m,n,r,t

_ plIVLe sllgllH  p\fiIUL, UL,y _ pliIULs &l
_ m,n,rt . m,r'z,;;t m,n,rt R mﬁ[ﬁf ' >0, 39)
— Pl gl — B gl (e,

Céb: R [i]ULTt(Z[zLM[i]ULT gLy

Cﬁbm,n,r', m,n,r,t Fmmn,rt
ﬁ@LT-i[i]HZmi[i] + (19%}1:7- Ul% - 57[3271215)11\/[ - ME”]LELE% ﬁ[IiJ}Lr-i[i]HZ[i} =0 (40)
- i AT T4 7 i 1)UL, i\ — - 7’
ﬁQLTZ[ LY ﬁQLTZ[ ] +5r[n],n,r,t(€][)]L) I,
where aiﬁfﬁgt >0 and 55253 >0, Yi,m,n,r,t.

Now, the remaining non-convexity of problem (32)) is due to rank-one constraint C13. Hence, we
adopt SDP relaxation by removing constraint C13 from the problem formulation, such that problem

(B2) becomes a convex SDP given by
(W;.p}.Z;) = argmax 7 1)

W7ﬁ7Z7T7M7Q7a76

s.t. C2,C5,C6a, Céb, C7, C8, C11, C12, Cl4:f4(W, P, Z)—p 2\ ga(W, b, Z)>7,Vd,

AfUL UL, UL

where M, g, o, and 3 are the collections of all M, . ", 0y 1y t> Qi rgs @0d ﬁ,@%ﬂft, respectively.
We note that (41) can be solved by standard convex program solvers such as CVX [40] and the
tightness of the SDP relaxation is verified by the following theorem.

Theorem 1: If PPL > 0, the optimal beamforming matrix V~V; in @I) is a rank-one matrix.

Proof: Please refer to Appendix B. |

4) Summary: From the above discussion, we note that the globally optimal precoding and
subcarrier allocation policy can be obtained via the proposed monotonic optimization based resource
allocation algorithm. However, the computational complexity of the algorithm grows exponentially
with the number of vertices, 5D, used in each iteration. In order to strike a balance between
complexity and optimality, in the next section we develop a suboptimal scheme which has only
polynomial time computational complexity. Nevertheless, the optimal algorithm is useful as the

corresponding performance can serve as a performance benchmark for any suboptimal algorithm.
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B. Suboptimal Resource Allocation Scheme

In this section, we propose a suboptimal algorithm requiring a low computational complexity
to obtain a locally optimal solution for the optimization problem in (I7). We focus on solving
problem (26) since this is equivalent to solving problem (17). First, we note that the auxiliary
variables W(IPLm — (0wl gpg plilvLle — gl

m,n,r,t — “m,n,rt m,n,r,t — “m,n,rt

PYin @6) are products of integer variables
and continuous variables, which is an obstacle for solving problem (26)) efficiently. Hence, we adopt
the big-M method to overcome this difficulty [41]]. In particular, we decompose the product terms

by imposing the following additional constraints:

CIS: Wi S Pk, s CLEW I SWIL - C17: W0 -0, (42)
CI& Wl =W —(1=s;0 ) PibIvg,  C19: PRl > Pl—(1—s )P, (43)
C20: PV < pUL Sl cot: PRV < pll - c22: IV >0, (44)

Besides, in order to handle the non-convex integer constraint C9 in problem (26), we rewrite

constraint C9 in equivalent form as:
Ne K K J J

C9a: Y N NSNS s — (Spn)? <0 and C9b: 0 < s, <1, Viomon,rit,  (45)

i=1m=1ln=1r=1t=1

(4]

i.e., the optimization variables s,, , ., are relaxed to a continuous interval between zero and one.

However, constraint C9a is a reverse convex function [14], [42] which is non-convex. To resolve

this issue, we reformulate the problem in 26) as
Ne K K J J

minimize Z ZZZ Z _Ur[)i],n,r,t (W> f)> Z) +77 (Sm,n,r,t - (Sm,n,r,tf)

W.pZs Mo Ty T in=1r=1 t=1

s.t. C1-C4, C5, C6a, Cob, C7, C8, C9b, C10-C22, (46)

where 1 > 1 acts as a penalty factor for penalizing the objective function for any sﬂnm that is
not equal to 0 or 1. According to [14], [16]], (46) and @26) are equivalent for n > 1. Here, we note
that Proposition [l and Lemma [I] are employed for obtaining C5, C6a, and C6b. The non-convexity
of problem (46)) is also due to constraints C1, C3—C4, C13, and the objective function. However,

#6)) can be rewritten in form of a standard difference of convex programming problem as:

minimize T(W,p,Z) — Q(W,p, Z) + n(R(s) — 5(s)) (47)
W7ﬁ7z7s
st. Cl Bl (W, p,Z) -Gl (W,p,Z) <0, C3: H(W,p,Z) — M(W,p,Z) <0,

C4: B, (W,p,Z) — D,(W,p,Z) <0, C2,C5,C6a, C6b,C7,C8,C9b, C10-C22,

where
4D 4D

T(Waf)a Z):Z_logZ(fd(VNVaf)a Z))Xd> Q(Waf)a Z):Z_logZ(gd(wvf)v Z))de (48)
d=1 d=1
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Nr K K J Ny K K J J

ZZZZZ%,T,” SE)=S"S3 336,07 @)

i=1m=1In=1r=1t=1 i=1m=1ln=1r=1t=1

Fm n,r t(W p7 Z) = 10g2 (TI' (HM (W[Z]?LLWZ +W[Z]]?LLnt + Z[Z])) +p£ﬂb n rtfilz]f m 2 )

m T T

+log, (Tr (HE(WEDLn 4 Z0)) 4 pll £+ 2), (50)

m,n,r mnrtrtn

Gmnrt(w p7 <T1" H%m} [Z]DLnt+Z[Z]>)+p£7l"]bnrtf7[ll]€m+g )

+log, (T (HY (WD + WD +20) 0 g1, +02). D)

T

The definitions of Hl(W,f),Z) and Ml(W,f),Z) in C3, and the definitions of Bh(W,f),Z) and
Dy(W,p,Z) in C4 are similar to those of (W, p,Z) and Q(W,p,Z). In particular, constraints
C3 and C4 are written as differences of logarithmic functions. We note that the problems in (26]))
and @7) are equivalent in the sense that they have the same optimal solution. We can obtain a
locally optimal solution of (@7) by applying sequential convex approximation [42]]. However, the
traditional sequential convex approximation approach in [42] needs a favorable initialization for
achieving good performance, which results in high computational complexity. Thus, we propose an
algorithm based on the penalized sequential convex approximation which can start from an

arbitrary initial point. In particular, the following inequality holds for any point Wk pk) 7z
and s*):

Q(W,p,Z)>QWH p® Z0) 1 Tr(VQ(WH p*) 20N T (W-WH))
+Tr(VZQ(W(k ,p( ),Z(k))T(Z—Z(k)))—l—Tr(Vf,Q(VNV( ) ~(k) Z(k)) (F— f)(k)))
20(W, \I;(k))7 52)

where ¥ and ¥®) are defined as the collection of variables {W,p,Z} and {W® p*) 7"},
respectively, and the right hand side of (52)) is an affine function and constitutes a global underesti-
(&, T*), M (&, T*), and D, (¥, TH)
as the global underestimations of S(s), Gﬁflm( W), M;(¥), and D,(¥), respectively, which can

mation of Q(¥). Similarly, we denote S(s,s™), G/

m,n,r,t

be obtained in a similar manner as @(\Il, P (k) ). Therefore, for any given W) and s, we can find

a lower bound of @7) by solving the following optimization problem:
Ne K K J J

minqi’nsaize T(P)—-Q(W, )—l—n(R(s) —Ss, S(k))) +w(k)(ZZZZZaLQ%M+Z bl‘l‘z Ch)
: =1

i=lm=1ln=1r=1t=1
s.t. Cl: Fr[r:,]nrt< ) va],nrt(\:[l7 \Il(k ) < a[rfv],nrw C3: Hl<\Il> - Ml<\Il7 \Il(k)) < bl7 VZ,
C4: By (W) — Dy (¥, W) < ¢, Vh, C2,C5,C6a, C6b, C7,C8,C9b,C10-C22, (53)

[7]

where a,, ,, ;1

by, and ¢, are auxiliary variables. Besides, ) is a penalty term for the k-th iteration.

For any non-zero &Hn i i, and ¢, the penalty term w®) penalizes the violation of constraints

Cl, C3, and C4, respectively. In problem (33), the only remaining non-convex constraint is the
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Algorithm 3 Penalized Sequential Convex Approximation
1: Initialize the maximum number of iterations Ny,,x, penalty factor n>>1, €3 > 0, e > 0, iteration index k = 1,
and initial point (1) = {W(l),f)(l), ZMY, sM and w®
2: repeat

3: For a given Tk sk and @®), solve (33) and save the obtained solutions ¥ and s as the intermediate resource
allocation policy

4:  Update w: Define (pgk), (pék), and (pgk) as the Lagrange multipliers for constraints C1, C3, and C4 in (33) in
iteration & and let e*) £ min {||\I’ - \I'(k)H_l,Zgzl cpgk) + 61}. w is updated as follows, if w® > (k)
okt = (B if k) < e(B) | HE+D) = H(F) 4 ¢,

5 Setk=Fk+1and ¥F =¥ sk =5
6: until convergence or k = Ny ax
7. O* = @) apd s* = g

rank-one constraint C13. Similar to the optimal algorithm, we apply SDP relaxation to (33) by
removing constraint C13. Then, we employ an iterative algorithm to tighten the obtained lower
bound as summarized in Algorithm 3. In each iteration, the convex problem in (33) can be solved
efficiently by standard convex program solvers such as CVX [40]. By solving the convex lower
bound problem in (53), the proposed iterative scheme generates a sequence of solutions W+
and s*+1) successively. The proposed suboptimal iterative algorithm converges to a locally optimal
solution of (@7)) with a polynomial time computational complexity [42], [43]]. Besides, we note that
for PPL > 0, the obtained beamforming matrix in Algorithm 3 is a rank-one matrix, which can

be proved in a similar manner as was done for the proposed optimal solution in Appendix B. The

proof is omitted here because of space constraints.

V. SIMULATION RESULTS

In this section, the performance of the proposed resource allocation schemes is evaluated via
simulations. The simulation parameters are chosen as in Table [l unless specified otherwise. We
consider a single cell where the FD BS is located at the center of the cell. The UL, DL, and
idle users are distributed randomly and uniformly between the maximum service distance and the
reference distance. To provide fairness in resource allocation, especially for the cell edge users,
who suffer from poor channel conditions, the weights of the users are set equal to the normalized

DL JUL

1 1 _ lm _ T
distance between the users and the FD BS, i.e., w,,= 7{?@([{} Ty and p, = P T
1e{l,..., 1e{1l,...,.

and (VY denote the distance from the FD BS to DL user m and UL user 7, respectively.

juat where
o
The small-scale fading channels between the FD BS and the users and between the users and
the equivalent eavesdropper are modeled as independent and identically Rayleigh distributed. We
model the multipath fading SI channel on each subcarrier as independent and identically Rician
distributed with Rician factor 5 dB. Besides, we define the normalized maximum estimation error

of the eavesdropping channels between the FD BS and the eavesdropper and between the UL users
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TABLE I
SYSTEM PARAMETERS USED IN SIMULATIONS.

Carrier center frequency and system bandwidth 2.5 GHz and 5 MHz
Number of subcarriers, Ny, and bandwidth of each subcarrier 32 and 78 kHz
Maximum service distance and reference distance 400 meters and 15 meters
Path loss exponent, SI cancellation constant, p, and maximum estimation error mgst 3.6, —90 dB, and 6%
DL user noise power and UL BS noise power, 0'Z2DLm and O'Z2BS —125 dBm and —125 dBm
Maximum transmit power for UL users and FD BS, i.e., P,H;“XT and PPL 22 dBm and 45 dBm
Number of DL and UL users, K = .J, and number of potential eavesdroppers, M 8 and 2
Number of antennas at the FD BS, N, and FD BS antenna gain 6 and 10 dBi
Normalized maximum estimation error for eavesdropping channels, H2DL[i] = HfJL[Ti] =k | 4%
Minimum QoS requirements for DL and UL users, Rg{;l = R}?:lh = Rieq 1 bits/s/Hz
Maximum tolerable data rate at potential eavesdroppers, Rgfl[i] = Rgfii] = Riol 0.001 bit/s/Hz
Error tolerances € and ¢ for Algorithm 1 and 2, and €; and €2 for Algorithm 3 0.01
Penalty term 7 for the proposed suboptimal algorithm 101log, (1 + irzf‘];;x)
(Eh)® 2 e o : ' '
and the eavesdropper as LA = Fp and TG =K respectively. The simulation results shown

in this section were averaged over 1000 different path losses and multipath fading realizations.
We consider three baseline schemes for comparison. For baseline scheme 1, we consider an FD
MISO MC-NOMA system which employs maximum ratio transmission beamforming (MRT-BF)

for DL transmission. i.e., the direction of beamforming vector wil is aligned with that of channel

vector hl2. Then, we jointly optimize s[,fh]b’n,r,t, P 7l and the power allocated to wiil. For baseline
scheme 2, we consider a traditional FD MISO MC-OMA system where the FD BS and the DL
users cannot perform SIC for cancelling MUI. For a fair comparison, we assume that at most
two UL users and two DL users can be scheduled on each subcarrier. The resource allocation
policy for baseline scheme 2 is obtained by an exhaustive search. In particular, for all possible
subcarrier allocation policies, we determine the joint precoding and power allocation policy with
the suboptimal scheme proposed in [44]]. Then, we choose that subcarrier allocation policy and
the corresponding precoding and power allocation policy which maximizes the weighted system
throughput. For baseline scheme 3, we consider an FD MISO MC-NOMA system where the user
pair on each subcarrier is randomly selected and we jointly optimize W, p, and Z subject to

constraints C1-C11 as in (7).
A. Convergence of Proposed Optimal and Suboptimal Schemes

In Figure 3] we investigate the convergence of the proposed optimal and suboptimal algorithms
for different numbers of antennas, Nr, DL and UL users, K + .J, and potential eavesdroppers, M.
As can be observed from Figure (3 the proposed optimal and suboptimal schemes converge to the
optimal solution for all considered values of K, J, M, and Nr. In particular, for K = J =2, M = 2,

and Nt = 4, the proposed optimal and suboptimal algorithms converge to the optimal solution in
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less than 130 and 30 iterations, respectively. For the case with more potential eavesdroppers and a
larger number of antennas, i.e., K = J =2, M = 3, and Nt = 5, the proposed optimal algorithm
needs on average 20 iterations more to converge. For the case with more DL and UL users, i.e.,
K =J =4, M = 2, and Nr = 4, the proposed optimal algorithm needs considerably more
iterations to converge since the search space for the optimal solution increases exponentially with
the number of users. We also note that the number of computations required in each iteration
increases with the number of DL and UL users. In contrast, as can be observed from Figure 3] the
number of iterations required for the proposed suboptimal scheme to converge is less sensitive to

the numbers of users, potential eavesdroppers, and transmit antennas at the FD BS.

B. Average System Throughput versus Maximum Transmit Power

In Figure ] we investigate the average system throughput versus the maximum DL transmit power
at the FD BS, PPL | As can be observed from Figure @] the average system throughput of the optimal
and suboptimal resource allocation schemes increases monotonically with the maximum DL transmit
power PPL since additional available transmit power at the FD BS is allocated optimally to improve
the received SINR at the DL users while limiting the received SINR at the potential eavesdroppers.
Moreover, the rate at which the average system throughput increases diminishes when PPl exceeds
36 dBm. The reason behind this is twofold. First, as the transmit power of the DL information signals
increases, the DL transmission also creates more information leakage. Thus, more power has to be
allocated to the AN to guarantee the maximum tolerable information leakage requirements, which
impedes the improvement of the system throughput. Second, a higher DL transmit power causes
more severe SI, which degrades the quality of the received UL signals, and thus impairs the UL

throughput. Therefore, the reduction in the UL throughput partially neutralizes the improvement
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in DL throughput which slows down the rate at which the overall system throughput increases. In
addition, from Figure [4 we also observe that the performance of the proposed suboptimal algorithm
closely approaches that of the proposed optimal resource allocation scheme. On the other hand, all
considered baseline schemes yield a substantially lower average system throughput compared to
the proposed optimal and suboptimal schemes. This is due to the use of suboptimal beamforming,
power allocation, and subcarrier allocation policies for baseline schemes 1, 2, and 3, respectively. In
particular, baseline scheme 1 employs fixed data beamforming which cannot optimally suppress the
SI and MUI. Also, it cannot optimally reduce information leakage, and hence, more power has to be
allocated to the AN to degrade the eavesdropping channels. Baseline scheme 2 employs conventional
OMA which underutilizes the spectral resources compared to the proposed NOMA-based schemes.
Besides, since baseline scheme 2 performs spatially orthogonal beamforming to mitigate MUI, less
DoF are available for accommodating the AN to improve communication security. Baseline scheme
3 employs random subcarrier allocation which cannot exploit multiuser diversity for improving the
system throughput. For the case of PPl = 45 dBm, the proposed optimal and suboptimal schemes
achieve roughly a 22%, 42%, and 70% higher average system throughput than baseline schemes 1,

2, and 3, respectively.

C. Average System Secrecy Throughput versus Number of Antennas

In Figure 3] we investigate the average system secrecy throughput versus the number of antennas
at the FD BS, Nr, for different values of M. As can be observed, the average system secrecy
throughput improves as the number of antennas at the FD BS increases. This is due to the fact that
the extra DoF offered by additional antennas facilitates a more precise information beamforming and
AN injection which leads to higher received SINRs at the DL and UL users and limits the achievable
data rate at the equivalent eavesdropper. However, due to the channel hardening effect, the rate at
which the system secrecy throughput improves diminishes for large values of Np. Besides, for a
larger value of M, the proposed schemes and baseline scheme 1 achieve lower average system
secrecy throughputs. This is because the DL and UL transmissions become more vulnerable to
eavesdropping when more potential eavesdroppers are in the network. Therefore, more DoF have
to be utilized for reducing the achievable data rate at the equivalent eavesdropper which limits the
improvement in the system secrecy throughput. Figure [5 also shows that the average system secrecy
throughput of the proposed schemes grows faster with Nt than those of all baseline schemes. In
particular, the average system secrecy throughput of baseline scheme 1 quickly saturates as Nt
increase since its fixed beamforming causes severe information leakage. Besides, since baseline

schemes 2 and 3 adopt suboptimal power allocation and subcarrier allocation policies, respectively,
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different values of M.

they cannot exploit the full benefits of having more antennas available. In addition, all baseline
schemes achieve a considerably lower average system secrecy throughput compared to the proposed

schemes, even when Nt is relatively large.
D. Average User Secrecy Throughput versus Total Number of Users

In Figure [6l we investigate the average user secrecy throughput versus the total number of users,

Le., K + J, for different minimum QoS requirements, namely 7 = 1 bits/s/Hz and r, = 1.5
S (T RIS+ RUES)

KT . As can

bits/s/Hz. The average user secrecy throughput is calculated as

be observed, the average user secrecy throughputs of the proposed optimal/suboptimal schemes and
baseline schemes 1 and 2 increase with the total number of users /K + J due to the ability of these
schemes to exploit multiuser diversity. Besides, the proposed suboptimal scheme achieves a similar
performance as the proposed optimal scheme, even for relatively large numbers of users. On the
other hand, the performance of baseline scheme 3 does not scale with K 4 J due to its random
subcarrier allocation policy. Besides, from Figure [6] we observe that the average user secrecy
throughput of the proposed schemes grows faster with the number of users than that of baseline
schemes 1 and 2. In fact, since baseline scheme 1 adopts fixed beamforming, the information
leakage becomes more severe when more users are active. Hence, more power and DoF have to
be devoted to AN injection to guarantee communication security which reduces the improvement
in the system secrecy throughput. For baseline scheme 2, in order to limit the MUI, more DoF
are employed for generating spatially orthogonal information beamforming vectors compared to
the proposed schemes, leaving less DoF for efficiently injecting the AN. However, the proposed
schemes exploit the power domain for multiple access which leaves more DoF for user scheduling,

beamforming, and AN injection. This leads to a fast improvement in system secrecy throughput as
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the number of users increases. Moreover, both the proposed schemes and baseline scheme 2 achieve
a lower average user secrecy throughput when more stringent QoS requirements for the DL and
UL users are imposed. In fact, for more stringent QoS constraints, the FD BS has to allocate more
radio resources to users with poor channel condition to meet the QoS requirements. This reduces

the average user secrecy throughput.

E. Average System Secrecy Throughput versus Maximum Channel Estimation Error

In Figure [7L we study the average system secrecy throughput versus the normalized maximum

2

channel estimation error, <Z,. As can be observed, the average system secrecy throughput for the

proposed schemes and the baseline schemes decrease with increasing 2. In fact, the ability of
the FD BS to perform precise and efficient beamforming diminishes with increasing imperfectness
of the CSI. Therefore, the FD BS has to allocate more power and DoF to the AN to be able to
guarantee secure DL and UL transmission. Thus, less power and DoF are available for improving
the DL throughput and less DoF can be dedicated to suppressing the SI which has a negative impact
on the system secrecy throughput. Nevertheless, the proposed schemes achieve a significantly higher
average system secrecy throughput compared to the baseline schemes. In particular, the proposed
schemes can ensure communication security when x2 is smaller than 16% while baseline schemes
1, 2, and 3 can achieve non-zero average system secrecy throughput only when 2, is smaller than
10%, 12%, and 10%, respectively. This implies that the proposed schemes are more robust against

channel estimation errors than the baseline schemes.
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F. Average System Throughput and System Secrecy Throughput versus Maximum Tolerable Eaves-
dropping Data Rate

Figure [8 illustrates the average system throughput and the system secrecy throughput versus the
maximum tolerable data rate at the equivalent eavesdropper, Ri,. As can be observed in Figure 8]
the average system throughput increases monotonically with Rz;., for both the proposed schemes
and baseline schemes 1 and 2. In fact, a larger R, implies a higher information leakage tolerance.
Thus, the FD BS can allocate less power to the AN and more power to information transmission,
which leads to a higher average system throughput. However, there is a diminishing return in
the improvement of the average system throughput as Ry, increases. On the other hand, as Ry
increases, the communication security of the considered system decreases. This is because a higher
Ry, implies less stringent requirements on communication security and a smaller value for the
lower bound on the average system secrecy throughput. Thus, the proposed schemes and all baseline
schemes yield a lower system secrecy throughput but a higher average system throughput for larger
values of Ry,. Nevertheless, the proposed schemes achieve a considerably higher average system
throughput and system secrecy throughput than the baseline schemes. In particular, the proposed
schemes exploit the power domain which provides additional DoF for resource allocation. Then,
the additional DoF are employed for more efficient steering of the transmit beamforming vector
and the AN for improved system throughput and reduced information leakage. In contrast, baseline
schemes 1, 2, and 3 adopt suboptimal resource allocation policies which leads to a performance

degradation compared to the proposed optimal and suboptimal schemes.

VI. CONCLUSIONS

In this paper, we studied the optimal resource allocation algorithm design for robust and secure
communication in FD MISO MC-NOMA systems. An FD BS was employed for serving multiple
DL and UL users simultaneously and protecting them from potential eavesdroppers via AN injection.
The algorithm design was formulated as a non-convex optimization problem with the objective
of maximizing the weighted system throughput while limiting the maximum tolerable information
leakage to potential eavesdroppers and ensuring the QoS of the users. In addition, the imperfectness
of the CSI of the eavesdropping channels was taken into account to ensure the robustness of
the obtained resource allocation policy. Exploiting tools from monotonic optimization theory, the
problem was solved optimally. Besides, a suboptimal iterative algorithm with polynomial time
computational complexity was developed. Simulation results revealed that the considered FD MISO
MC-NOMA system employing the proposed optimal and suboptimal resource allocation schemes

can secure DL and UL transmission simultaneously and achieve a significantly higher performance
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than traditional FD MISO MC-OMA systems and two other baseline systems. Furthermore, our
results confirmed the robustness of the proposed scheme with respect to imperfect CSI and revealed
the impact of various system parameters on performance.

APPENDIX
A. Proof of Proposition 1

First, by applying the basic matrix equality det(I + AB) = det(I + BA), we can rewrite
constraints C5 and C6 as

C5: det (T +(X 1) 1/2Q(X 1) 71/2) < 2R T6: det(Tyy+(X1) 2B (X 1) ~1/2) <o’ (54)

respectively, where Q = L1 WM?LL,T’,’;L and E = PE]SI;} M6l Besides, we note that det(I +

A) > 1+ Tr(A) holds for any semidefinite matrix A > 0 and the equality holds if and only if
Rank(A) < 1 [23]. Thus,

det(In + (X)"2Q(X")712) > 1+ T ((XY)72Q(X)~1/2), (55)
always holds since (X[7)~1/2Q(X[1)=1/2 = 0. As a result, by combining C5 and (33)), we have the

following implications

Tr((XM)_1/2Q<X[i])_1/2)Sﬁ%]Lm — )\max((XM)_1/2Q(X[i])_1/2)gﬁng

= (XI)712Q(X)~V2 <9l Ty, <= Q=vp, XU, (56)
Besides, if Rank(Wm]ff;";) < 1, we have
Rank((X")12Q(X1) /%) < min { Rank((X!)~/2LI7), Rank(W 2L (X17)1/2)}
< Rank(WiDlmplil(x11)=1/2) <1, (57)

and the equality in (33)) holds. Moreover, in (56), Tr((X1)=1/2Q(X[)~1/2) < 19][§]L is equivalent to
Amax (X 712Q(X ) =1/2) < ﬁ[i] . Therefore, C5 and (36)) are equivalent if Rank(Wm%I;T’;) <1

As for constraint C6, we note that Rank((X 1)~1/2E(X)~1/2) < 1 always holds. Therefore, similar
to (33)), we have

det(Iy; + (XIH72E(XIIN)=12) = 1 4+ Tr (X ~12E X)) ~1/2), (58)
Then, by combining C6 and (58), we have the following implications:
C6 = Tr((XN)2EX)"12) <9l = \pu (XD TV2E(XI)12) <0

= (XI)2E(XI)"2 <9 Iy, <= E <o) XU, (59)
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B. Proof of Theorem 1

The relaxed SDP problem in (1)) is jointly convex with respect to the optimization variables and
satisfies Slater’s constraint qualification [37]. Therefore, strong duality holds and solving the dual
problem is equivalent to solving the primal problem [37]]. To formulate the dual problem, we first

need the Lagrangian function of the primal problem in @I) which is given by
Ne K K J J

L= 22222(7 Tr(wm]z}“f;) —Tr (R@lilmm (Wiﬁ?ﬁ"%, Zma QgBLPTﬁ)Dﬁ[i]DL'm)

. m,n,r,t m,n,r,t
i=1lm=1ln=1r=1t=1

4D
- TﬂW}j}ﬁﬁﬁY}j}ﬁﬁ’;)) —> " 04[fs(W. D, Z) — a2y 9a(W. b, Z)] + A (60)
d=1

[{]DLy,
m,n,r,t*

Here, A denotes the collection of terms that only involve variables that are independent of W
Variables ~ and 6, are the Lagrange multipliers associated with constraints C2 and C14, respectively.

Matrix D ipr., € CWNT+M)x(N1+M) ig the Lagrange multiplier matrix for constraint C5. Matrix

m,n,r,t

Yg%’;”; € CNt>Nt ig the Lagrange multiplier matrix for the positive semidefinite constraint C12

for matrix WH%LT”; Thus, the dual problem for the SDP relaxed problem of (1)) is given by

maximize minimize L. 61)
.|DL AT =
62720,Y, 00 D_jiipr,, 20 WBZ7
"m,n,r,t

Next, we reveal the structure of the optimal Wlﬁ?},ﬁ; of @1I) by studying the Karush-Kuhn-Tucker

(KKT) conditions. The KKT conditions for the optimal WIPLn e given by:

m,n,rt

KL: 63,7 2 0, Y00 D2 e, = 0, K20 Y DR WLITHs = 0, K3: Vo, £ =0, (62)
where 0%, v*, Y,[,Z]Eﬁz’;, and D%[i]DLm are the optimal Lagrange multipliers for dual problem (61)),

m,n,r,t

and VW[z‘]DL;“HE denotes the gradient of Lagrangian function £ with respect to matrix WiPLy,

m,n,r,t*
m,n,r,t

KKT condition K3 in (62)) can be expressed as

Yl = Ty, — B, (63)
where
E = BpuDgguoun Bl + 03H + 6554 (1 - auzyp, ) pHg Diag(VI)HG"
+ 03 (1l — auzyp o) pHy Diag(V,)Hg™, (64)

and 07, 055 4, and 05, ;. are the Lagrange multipliers corresponding to constraint C14. First, it

can be shown that v* > 0 since constraint C2 is active at the optimal solution. Then, we show that

= is a positive semidefinite matrix by contradiction. Suppose = is a negative definite matrix, then

from (&3), Yiﬁ%ﬁ"; becomes a full-rank and positive definite matrix. By KKT condition K2 in (62)),

WH%LT’; has to be the zero matrix which cannot be the optimal solution for PPE > 0. Thus, in the
[{DL?,

following, we focus on the case 2 > 0. Since matrix Y = ~*In. — E is positive semidefinite,
m,n,r,t T

V> kg™ >0 (65)
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max

must hold, where kg®* is the real-valued maximum eigenvalue of matrix . Considering the KKT

condition related to matrix W[]n;’; in (63), we can show that if v* > kZ*, matrix Ymn;’;

becomes a full rank positive definite matrix. However, this yields the solution W[’] mnrt = 0 which

contradicts KKT condition K1 in (&2) as v* > 0 and PPL > 0. Thus, for the optimal solution, the

max

dual variable v* has to be equal to the largest eigenvalue of matrix =, i.e., v* = m&la". Besides, in
[i]DL

mnrt

order to have a bounded optimal dual solution, it follows that the null space of Y,

by vector Ug ax € CVTXL e, YLJ nrtUE max = 0, where ug .y is the unit-norm eigenvector of

is spanned

E associated with eigenvalue ~Z**. As a result, the optimal beamforming matrix Wm mt has to
be a rank-one matrix and is given by
iDL, H
Wm,n,r,t YUz maxUg ,max’ (66)

where the value of parameter v is such that the DL power consumption satisfies constraint C2. H
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