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Joint Power Allocation and Beamforming for
In-band Full-duplex Multi-cell Multi-user Networks

Haifeng Luo, Member, IEEE, Navneet Garg, Member, IEEE, Mark Holm, and Tharmalingam Ratnarajah, Senior
Member, IEEE

Abstract—This paper investigates a robust joint power allo-
cation and beamforming scheme for in-band full-duplex multi-
cell multi-user (IBFD-MCMU) networks. A mean-squared error
(MSE) minimization problem is formulated with constraints on
the power budgets and residual self-interference (RSI) power. The
problem is not convex, so we decompose it into two sub-problems:
interference management beamforming and power allocation,
and give closed-form solutions to the sub-problems. Then we
propose an iterative algorithm to yield an overall solution.
The computational complexity and convergence behavior of the
algorithm are analyzed. Our method can enhance the analog self-
interference cancellation (ASIC) depth provided by the precoder
with less effect on the downlink communication than the existing
null-space projection method, inspiring a low-cost but efficient
IBFD transceiver design. It can achieve 42.9% of IBFD gain
in terms of spectral efficiency with only antenna isolation,
while this value increases to 60.9% with further digital self-
interference cancellation (DSIC). Numerical results illustrate that
our algorithm is robust to hardware impairments and channel
uncertainty. With sufficient ASIC depth, our method reduces the
computation time by at least 20% than the existing scheme due
to its faster convergence speed at the cost of < 12.5% sum rate
loss. The benefit is much more significant with single-antenna
users that our algorithm saves at least 40% of the computation

time at the cost of < 10% sum rate reduction. . .
Index Terms—analog self-interference cancellation, in-band

full-duplex, joint power allocation and beamforming, multi-cell
multi-user

I. INTRODUCTION

N-band full-duplex (IBFD) is a promising candidate in

beyond fifth-generation (5G) systems due to its ability
to enhance spectral efficiency (SE) and reduce the end-to-
end transmission delay compared to conventional half-duplex
(HD) systems since the bandwidth is used simultaneously by
uplink and downlink transmissions. However, IBFD radios
introduce additional interferences, i.e., self-interference (SI)
and co-channel interference (CCI), degrading the promising
gain of IBFD, especially the significant SI due to the proximity
of the transceiver [1]. In IBFD multi-cell multi-user (MCMU)
networks, downlink users not only get interference from base
stations as in traditional HD radios but also get interference
from uplink users. Meanwhile, the uplink communication is
interfered by downlink transmissions. The complex interfer-
ence must be appropriately processed to achieve substantial
system throughput.
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It is revealed that, in multi-input and multi-output (MIMO)
systems, the interference is caused by the non-zero inner
product between the channel and transmitted signal matrices.
Therefore, beamforming can be leveraged to cancel the inter-
ference effectively. The readers are referred to [2] for details
of implementing interference cancellation by adjusting the
weights on different antennas from the perspective of signal
processing. Interference cancellation in IBFD-MCMU net-
works is challenging due to the contradiction between a large
amount of interference and the limited degrees of freedom im-
posed by finite numbers of antennas. Nevertheless, an appro-
priate beamforming design could be leveraged to effectively
utilize the limited degrees of freedom and maximize spectral
efficiency [3]. Authors of [4] minimize the sum of mean-
squared errors (MSE) of an IBFD multi-user network through
beamforming, and authors of [5] maximize the sum rate of
such a network by optimizing beamforming matrices, re-
spectively. The results illustrate that appropriate beamforming
schemes effectively manage the interference and improve the
system capacity. IBFD-MCMU scenarios are further studied in
[6] and a maximum weighted sum rate (MWSR) beamforming
design with power constraints is formulated and solved by
exploring the relationship between weighted minimum mean-
squared error (WMMSE) and MWSR. The MWSR algorithm
yields a joint power allocation and beamforming (JPABF)
scheme that effectively manages the complex interference and
maximizes the system throughput in IBFD-MCMU networks.
Simulations demonstrate the spectral efficiency improvement
of IBFD over HD with this design. However, existing studies
usually assume self-interference cancellation (SIC) has been
realized by other techniques rather than beamforming, which
could be challenging in practice.

Indeed, various SIC techniques are proposed to suppress the
SI in the propagation, analog, and digital domains. Studies
demonstrate the effectiveness of these techniques by simula-
tions and experiments as reported in the literature (see [1],
[7] and references therein). However, enabling effective SIC
in multi-input and multi-output (MIMO) systems is still chal-
lenging due to the exponentially increased cost and complexity
with increasing antennas [8], [9]. For analog self-interference
cancellation (ASIC), a total of N; N, analog cancellers will be
needed for an IBFD transceiver with V; transmitting antennas
and N, receiving antennas. Although this number could be
reduced to N, by using auxiliary transmitters, it is still a
large number, and additional transmitter chains are costly [10].
For nonlinear digital self-interference cancellation (DSIC), the
parameters that need to be calculated become unacceptably
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high with high-order MIMO systems. It increases almost by
the cube of /V; with the nonlinearity order of 3 [11]. Although
the principal component analysis is leveraged to reduce the
parameters by 65% in [11], the computational complexity
could still be unacceptable with massive MIMO (e.g., > 128
antennas). Therefore, it is desired to explore beamforming for
SIC since it does not require additional processing circuits
nor increases the parameters. Existing studies in this direc-
tion mainly use the null-space projection (NSP) [12]-[15]
or choose orthogonal transmitting and receiving beamforming
matrices [12]. The NSP-based methods steer the transmitted
beams to the direction orthogonal to the SI channel, distorting
the original precoders (i.e., transmitting beamformers !) and
introducing precoding errors. The trade-off between the pre-
coding errors and SIC capability of the NSP-based methods is
analyzed in [15]. It illustrates that achieving effective SIC may
severely sacrifice the downlink capacity. Choosing orthogonal
transmitting and receiving beamformers from the eigenvectors
of the intended channel is a good approach to realizing
both efficient SIC and effective downlink communications.
However, it does not consider the limited dynamic range of
practical receivers, which is an obstacle to all-digital SIC
schemes [10]. So it is not applicable to practical systems.

In addition to the beamforming, an appropriate power
allocation policy can also manage the interference since the
strength of interference depends on the transmit power of
associated nodes [16]. Power allocation could be implemented
solely based on the channel strength in single-antenna systems
as in [17]. However, in MIMO systems, power allocation and
beamforming should be crossly designed for optimal perfor-
mance since they will affect each other. Studies illustrate that
an appropriate JPABF scheme can significantly improve the
system capacity in MIMO systems. A sum rate maximization
problem with respect to joint power allocation and beamform-
ing is formulated for a single-cell 2-user network in [18]. It
is solved using an iterative algorithm, and simulation results
show that it achieves close-to-bound sum rate performance.
In addition to the system throughput, a JPABF scheme can
also be designed to maximize the energy efficiency [19], [20].
The main challenge of the JPABF design is that the joint
optimization problem is non-convex, so it is difficult to derive
closed-form solutions [19], [21]. Alternatively, it is solved by
an iterative algorithm, causing high computational complexity.

The JPABF has not yet been intensively studied for IBFD-
MCMU networks, where a large amount of CCI and significant
SI pose even greater challenges. To the best knowledge of
the authors, existing studies in this direction mainly use the
MWSR algorithm proposed in [6]. The MWSR can indeed
achieve significant spectral efficiency; however, there are two
disadvantages: 1) it requires sufficient ASIC to be realized by
other techniques rather than precoding, which is challenging
in practical MIMO systems; 2) the overall computational
complexity could be high due to the slow convergence speed.
In this paper, we propose a joint power allocation and in-

'In the MIMO context, transmitting beamforming can be considered a form
of precoding, especially when it comes to optimizing the signal considering
the spatial aspect of the channel. Therefore, in our study, we generally use
precoding to refer to transmitting beamforming.

terference management (JPAIM) algorithm for IBFD-MCMU
networks, where the power allocation and beamforming are
jointly optimized to minimize the sum of MSE of the network
under constraints on the transmit power budget and residual
self-interference (RSI). We do not assume a perfect SIC while
we investigate the SIC capability of beamformers. Besides,
we include practical imperfections (e.g., CSI errors, hardware
impairments, and the limited dynamic range of receivers) to
derive a robust solution. Compared to existing studies, our
algorithm can achieve considerable IBFD gain with insuffi-
cient ASIC and reduce computational complexity. Our novel
contributions can be summarised as follows.

« Robustness to channel uncertainty: we include the effects
of imperfect CSI by introducing channel uncertainty and
derive a robust design. Simulation results show that our
algorithm is robust to imperfect CSI as large channel
uncertainty has a smaller impact on our method than on
existing methods.

« Beamforming cancellation: we exploit beamforming for
SIC and reveal that precoders can be leveraged to sup-
press the SI in the propagation domain, preventing re-
ceiver saturation. Thus, we enhance the ASIC capability
of precoders to remove or reduce the requirements of RF
cancellers, which have high implementation complexity
and energy consumption. Different from existing NSP-
based methods [13]-[15], we realize it by adding a
constraint on the received RSI power, yielding a joint
design. Numerical results show the advantage of our
design over existing methods that it can enhance the ASIC
capability of precoders with less effect on the downlink
communication. Thus, our method can enable a low-cost
but efficient IBFD transceiver design.

o« A new JPABF formulation: we use scalar coefficients
to reflect the power allocation policy and formulate a
minimization problem with respect to the coefficients
and beamforming matrices. Since the formulated problem
is not convex and may not be converted into a convex
form by simple manipulations, we propose a two-stage
method to obtain the solution. The sub-problems in each
stage are convex, and closed-form solutions are given.
Then we propose an iterative algorithm to obtain the
overall solution as the optimized variables show inter-
dependence on each other. We analyze the computational
complexity and convergence behavior of the algorithm.
Simulation results demonstrate that our algorithm sig-
nificantly reduces the time complexity compared to the
existing MWSR algorithm in [6] at the cost of acceptable
sum rate loss due to the scalar power coefficients and
decomposition. The benefit is significant with single-
antenna users, which is meaningful for practical cellular
network deployment.

The rest of the paper is organized as follows: In Section II,
we give the system model of the IBFD-MCMU network with
transceiver hardware impairments and channel uncertainty.
Then, we formulate the joint optimization problem in Section
IIT and solve it by decomposing it into two sub-problems.
The solutions of the two sub-problems are derived in Section
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IV, and the iterative algorithm to obtain the overall solution is
given and analyzed. In Section V, we evaluate the performance
of the proposed design by simulations. Finally, conclusions are
drawn in Section VI

Notations: A, a, and a represent a matrix, a vector, and a
scalar, respectively. tr(A), Cov(A), |A|, [|A|, A, AT, and
A1 denote the trace, covariance matrix, determinant, 2-norm,
Hermitian, transpose, and inverse of matrix A. Iy represents
an identity matrix with & elements along its diagonal. D(A)
denotes a diagonal matrix containing the elements along the
diagonal of A. [A];; represents the element of the i'" row
and j*" column of matrix A. A(:,j) denotes the j*" column
of matrix A. E {-} denotes the expectation operation. max {-}
and min {-} denote the maximum and minimum element of
the set. R {-} represents the real part of complex numbers.
CN(0,0?) denotes a complex normal distribution with zero
mean and variance of 0.

II. SYSTEM MODEL

We consider a G-cell network, where the base station
in the gth cell serves Kg downlink (DL) users and K;‘
uplink (UL) users. Assume all base stations (BS) have Ny
transmitting antennas and M}, receiving antennas, while UL
user equipment (UE) has N, transmitting antennas and DL
UE has M, receiving antennas. Fig. 1 shows the interference
between the nodes in this IBFD-MCMU network.

Fig. 1. Interference between nodes in an IBFD multi-cell multi-user network.

A. Transmitted Signals

Let Ska € CPa*1 represent the data symbols intended
to the k'™ downlink user in the ¢** cell with statistics
E{skgsg]i} =1, ng € CNvsxba denotes the associated
precoding matrix; and Qpa is the power coefficient that reflects
the transmit power allocated to the corresponding user. The
signal transmitted at the ¢g** BS can be denoted as

d
KQ

Xg = Z (akgvk-gskg + Ckg> ) (1)

k=1
where Cya represents the hardware impairments due to the
limited dynamic range of practical transmitters. The lim-
ited dynamic range is a natural consequence of imperfect
digital-to-analog converters (DACs), oscillators, and power
amplifiers (PAs). Experimental measurements demonstrate that

the transmitter hardware impairments are independent of the
transmitted signals and can be closely described by the circular
complex Gaussian model as [22]

cy ~CN (0, KpsIE {D (VgAgA_(IJJV;I) }) J 2

where Kps < 1 characterizes the dynamic range
of the transmitters at base stations. The base sta-
tion transmits an accumulation of signals for DL users
T

— T T T
Let s, = {slg,s%,,...,sKg} R

Ag = D(alglbd,agglbd,...,OLK;zIbd , and Vg =

in the same cell.

Vlg,VQS,...,VKg , the accumulated transmitted signals

can be denoted as X, = V,Ags,. The transmit power of
the ¢g*" base station is given as

Py =E{tr (%,%))} =tr (E{V, A s;s)AYVIY)

d
g
_ 2 H
= Zakgtr (ngng) .
k=1

Similarly, let s € CP«*1 denote the uplink payload symbols

3)

with statistics £ {Sk;; sfg} =1, Vk; represents the associ-
ated precoding matrix; 'fykg represents the power coefficient
that reflects the allocated transmit power; and kK, < 1
characterizes the dynamic range of the transmitters at the user
equipment. The transmitted signal of the k" uplink user in
the ¢*" cell (i.e., kg) can be denoted as

Xku = Vi ng Sku +Cry, 4

Xpu
kg

where Cy denotes the transmitter hardware impairments at
this uplink user that can be described as

Crs ~ CN (0, Fuc B E {D (V%V%) }) NG
The transmit power of the k** UE in the g cell is given as

Py =E {tr (kakH)} = nRutr (ngv,’;’g) . (6)

B. Received Signals

Let Hp 4 represent the coefficients matrix of the wireless
MIMO channel from node A to node B throughout this paper,
the signal received by the g*"* BS can be denoted as

G K G
Yg = Hg,k"g"xk}j + Z Z Hg,i;*xi;f +Hy gx4 + Z H, ;x;
(4,9)#(k,9) i#9
Vg

+n, +dyg,
(N

where the third and fourth terms at the right hand represent
the additional interference due to IBFD operation; n, denotes
the additive white Gaussian noise (AWGN) of the receiver
such that n, ~ CN (0,021); and d, denotes the hardware
impairments due to the limited dynamic range of practical
receivers. The limited dynamic range is a natural consequence
of imperfect low-noise amplifiers (LNAs), oscillators, and
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analog-to-digital converters (ADCs). Experimental measure-
ments demonstrate that the receiver hardware impairments
are independent of the received signals and can be closely
described by the circular complex Gaussian model as [22]

dy ~ CN'(0, B E{D (3,5,')}) ®

where fps < 1 characterizes the dynamic range of the
receivers at base stations. Similarly, the signal received by
the k" downlink UE in the g*" cell can be denoted as

G K{ c K
Vit = Hgd gXpa + E E Hk-g,jxi;i+§ E Hya juxiy
(i,9)#(k,g) Jj=1li=1

ykgl
+1nge + dkgz,
9

where the third term at the right hand represent the additional
interference due to IBFD operation; g denotes the AWGN of

the receiver such that nya ~ CN (0 akdI) and dkd denotes
the hardware 1mpa1rments of the receiver described as

dig ~CN (0,8, E{D (31954) }) .

where ([, < 1 characterizes the dynamic range of the
receivers at the user equipment.
Note: The values of Kps, Kye, Bps, and By are related to the
measurable error vector magnitudes (EVMs) of corresponding
RF transceivers. The HWIs model utilized is a verified model
based on experiments [22] and has been adopted by many
studies in the field of wireless communications (see [6] and
references therein). Due to the power consumption problem
in MIMO systems, the transceivers tend to use low-resolution
DACs/ADCs [26], [30]. So we assume that the dynamic range
of receivers is mainly limited by DACs/ADCs, which can be
described by the additive quantization noise model (AQNM)
given in [26].

(10)

C. Channel Uncertainty

Accurate channel estimation is challenging in practice due
to limited training resources, resulting in channel uncertainty
in the obtained channel state information (CSI). Let H B,A
denote the estimate associated with the actual wireless channel
Hp 4, they are related as [24]

Hpa=Hpa+ Ap.a, (11)

where Ap 4 denotes the channel uncertainty (i.e., estima-
tion errors). In this paper, we adapt the stochastic error
model, which describes the channel uncertainty as Ap 4 ~
CN (0,63’ AI) [6], [24]. Using the accessible estimated CSI
with the statistical channel uncertainty, the received signals
given in Equations (7) and (9) can be written as

G K

i,j#k,g
o (12)
+ ZHg,ij +1ny+dy +eg,

J#g

4
G K a Kj
Yid = Hk:g,gxkg + Z ZdevJ Zd + Z de uX»L
4,J7k,9 j=li=1
+nga + dkg + epd,
13)

where e, and eys represent the noise due to imperfect
g
CSI with statistics that e, ~ CN (0,671,,,) and eya ~

CN (0, &idIMw); 67 and 67, are given as
g g

G Kj
63222091“57“( )—1—202 tr(
Jj=1i=1 J#9
¢ K
de_zzakd tr(Td>+ZZokd tr( )
j=1k=1 j=1i=1

as detailed in Appendix A. We use the perfect CSI of SI
channels since it can be estimated with high SINR [6].

III. PROBLEM FORMULATION

The power allocation and beamforming should have a
common objective for the joint design. We chose the mean-
squared error (MSE) minimization as the design objective,
which is widely used in wireless networks [4], [8].

A. Mean-Squared Errors

Using the simplicities given in Appendix C, the MSE of the
Ekt" downlink user and uplink user in the g*" cell can be given
as Equations (14) and (15) on the top of next page.

B. Beamforming for Self-interference Cancellation

We consider all-digital beamforming throughout this paper.
The received RSI at the g*” base station is given as

d
g

Yosi = Hgg (akgvkgskg + Ckg) ; (16)
k=1

which gives the power of the RSI as ¢r (yg,siygsi). The

RSI may exceed the dynamic range of receivers without

active ASIC. Equation (16) indicates that the precoder can

be leveraged to steer the beams to the desired direction in the

propagation domain to suppress the SI as

. 2 . 2 HyyH
mln]E{ ; } =min o tr (H V..Vi.H )
Vi yg.sill Vi kg ( 9.9 ¥ kg Y kg" 79,9

g g

+ Kpstr (HMD (ngV,fg) Hé{g) >
(17)

It should be noted that the precoder suppresses the analog
SI before the receiver to prevent receiver saturation. Thus the
precoder-based cancellation is regarded as an ASIC technique,
although it is implemented by digital signal processing. The
receiving beamformers can also minimize the RSI as

minE { U]y} (18)
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G K;’ K}
2 N
g0V 0) =8 s Ol [ = (0 (S S i o S moh v
j=114=1 j=11i=1
a K;’ a K
2 & apzl & apzl
+ortr D> My Tl +> ) HinTyHi,, | Ug
j=11i=1 j=11i=1
+ Uzgt’r (U%ng) — QOzkgR {t’l“ (U%I:Ikg’gvkg)} + by,
(14)
2 K X G X
ers (.7, V,U) =E {Hsk - UkH;ng } =tr (Uf, | SN A o ToBl, + 3 Ay TA | Uy
j=1i=1 j=1
¢ & (15)
+otr | U Z H, in Ty Hg i+ ZHMT Tl Uy
j=11i=1

+o2tr (U,%LU,.C;;) — 2y R {tr (U,CquVk)} + b,

This process is taken after the ADCs of receivers, so it is
regarded as a DSIC technique and does not help prevent
receiver saturation. As previous studies illustrate, sufficient
ASIC is critical to any effective SIC scheme for practical
implementation, while active ASCI has high complexity and
cost [?], [25]. Therefore, it is desired to enhance the ASIC
capability of precoders to implement a low-cost but effective
IBFD transceiver. The RSI can be eliminated if de spans of
vectors from the null-space of Hy ;HY + 5y, D (HMHH ).
Existing NSP-based methods follow thls idea [12]-[15], but
they did not consider the downlink communication while
doing the projection nor the transmitter distortion. Thus, the
NSP may significantly reduce the downlink rate, and its
performance is limited to transmitter distortions. Choosing
orthogonal transmitting and receivini beamforming matrices

as [12] can minimize E { HUg Yg.si H , but it cannot minimize

the RSI power before ADCs, i.e., E{Hygﬁsiﬂz}. Thus, its
performance is compromised by the limited dynamic range.
Let [, denote the pathloss of the effective SI channel at the
gth base station, which includes the effects of other ASIC
techniques (e.g., antenna isolation or RF cancellers), the ASIC
capability of precoders (i.e., the ASIC depth provided by
precoders) can be described in dB as

Ly E {tr (xgxg') }

o (ot

where the numerator describes the received power without pre-
coding, and the denominator is the RSI power with precoding;
x4 and y, ¢ are given in (1) and (16), respectively.

ASIC, e = 10 x logy (19)

C. Constrained Optimization Problem

Minimizing the sum of MSE by optimizing precoders will
include the effects of combiners, as the MSE expressions

suggest. As a result, precoders may not provide a sufficient
ASIC depth to prevent receiver saturation if combiners have
effectively suppressed the RSI and distortions caused by it.
However, the degrees of freedom of combiners occupied by
SIC and uncorrelated distortions due to receiver saturation
will naturally compromise the uplink communication. Thus,
the existing beamforming schemes (e.g., MWSR in [6], and
other schemes in [5], [8], [20]) for IBFD networks will require
sufficient ASIC realized by other techniques to guarantee
their performance. In contrast, we would like the precoder
to provide a sufficient ASIC depth to reduce the RSI power,
which can be done by adding the constraint on the RSI power,
formulating the problem as

d
G Ky

min Z
{a,'y,V,U}kag =1 =1
a Ky
+ Z Z €k5 (Oé
g=1k=1
d

(C.1) Zai;,tr (V,cgv,ﬁgi) < P, Vg (2D
k=

(Pl) €kg (avvava)

;7. V. U) (20)

(C:2) ~Rutr (ngv,g:) < P, Vkg
(03) €rsi,g (V) S Ersi,ga

(22)
(23)

where €4 (V) = E {tr (Yg,sing)si)} represents the received
analog RSI power; € 4 is the tolerable RSI power that could
be chosen according to the dynamic range of receivers. We
want to suppress the SI solely by precoding schemes instead
of reducing the transmit power of the downlink payload.
Thus, the RSI is a function of only precoders, as denoted
in the formulation. According to the weighted sum rate and
WMMSE relationship in [6], minimizing the sum MSE under
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the RSI power constraint (i.e., problem (P.1)) can maximize
the sum rate of the network with a constrained RSI power
(i.e., enhanced ASIC depth to prevent receiver saturation).

Lemma 1. The optimization problem (P.1) is equivalent to
the problem (P.2) shown below with appropriate v, .

¢ Kj
(P.2) min Z epa (a,y, V,U)
{27, V, U}y, 9 g=1 k=1
G Ky
+ZZ€ku « ’7,V U +Zl/g€ru,g (24)
g=1k=1
Ky
s.t. (C.1) Zaidtr (Vk;zV,?d) <Py, Vg (25
k=1
(C2) ’V%gtT (ngVfg) S Pue; v kvgv (26)
Proof. See Appendix B. [

According to Lemma 1, the optimal power allocation and

beamforming schemes can be obtained from solving problem
(P.2). Still, an appropriate value of v, needs to be chosen at
first to formulate the problem. As stated in Appendix B, v,
should be equal to w4 to make the problems equivalent,
while @, , depends on the chosen tolerable RSI power € 4.
It is challenging to mathematically derive the value of v,
from given € , since the multiple variables are entangled.
However, we can directly give the value of v, and it will
reflect a specific tolerable RSI power. The resulting solutions
will maximize the sum rate under the corresponding RSI
power constraint. We choose v, according to its properties. As
(24) suggests, v, can adjust the preference of the precoder: the
objective function will be dominated by the sum of MSE when
vy is relatively small, and conversely, the objective function
will be dominated by the RSI when v, is rather large. As a
result, precoders will tend to minimize the sum of MSE or
RSI accordingly. Therefore, we can set a relatively large v, to
help suppress SI before the receiver if there is not sufficient
ASIC depth and set a relatively small v, to minimize the
precoding errors if there is sufficient ASIC depth. According to
experiments, we can set the value of v, based on the realized
ASIC depth 1, as v, = 107!s/5.
From the MSE expressions, we can see that the main difficulty
of the minimization problem (P.2) is that the optimized
variables are entangled, leading to a non-convex problem.
The non-convex constrained optimization problem may not
be converted to a convex form with simple manipulations.
Thus, we propose a two-stage approach to solve it, where
the original joint optimization problem is decomposed into
two convex sub-problems: interference management through
beamforming and power allocation. The two sub-problems are
relatively easy to be solved through standard solutions, but
the decomposition leads to a suboptimal solution to the joint
optimization problem.

IV. JOINT POWER ALLOCATION AND INTERFERENCE
MANAGEMENT ALGORITHM

In the interference management stage, we will fix the power
coefficients to form the first sub-problem regarding beamform-
ing matrix optimization. However, the objective function in
(24) is still not jointly convex to the transmitting and receiving
beamforming matrices (i.e., precoders and combiners). Thus,
we further divide this sub-problem into combiner updating and
precoder updating stages.

A. Receiving Beamforming

With fixed precoding matrices and power coefficients, the
combining matrices are optimized to minimize the sum of
MSE. The analog RSI power is not affected by the combiners,
so it is removed from the objective function, and the combiner
optimization problem is formulated as

c Kj

min ZZ&W a,v,V,U)

(S.1.1)
Uiy =1 k2

G Ki 7

D IEC

g=1k=1

7’77V7U)'

The objective function (i.e., the sum of MSE) is convex and
differentiable to the combining matrices with other variables
fixed, and there is no constraint associated with combining
matrices. Thus, we can differentiate the objective function with
respect to de and Uy, and set the derivatives to zero, then
the optimal combmmg “matrices for problem (S.1.1) in (27)
are given as

(28)
(29)

* -1
=q,aC, ;Hpa , V
kg kg k‘gi kg,g kg7
* —11
Uku = "}/kuc Hgykquu,

where de and C, are covariance matrices of the received
signals at the downhnk user kg and the g base station given

in Equations (64) and (65) in Appendix C.
B. Transmitting Beamforming

With fixed combining matrices and power coefficients, the
sub-problem regarding precoder optimization is formulated as

Kd
(5.1.2) min Z&kd a,v,V, U +2Vg€r51g V)
{V}V’Wk 1 g=1
a Ky
+ Zzgk;‘ (O¢7’Y7V7U) (30)
g=1k=1
Ky
(C1) Y ofatr (ngV,ﬁl) <Py, Vg €Y
k=1
(C.2) Aytr (ngv,ﬁfg) < Py, Yk, g. (32)

To solve the constrained optimization problem, we need to
augment the objective function with a weighted sum of the
constraint functions [27], yielding the Lagrange function as
Equation (33), where w, > 0 and Wy > 0 are Lagrange
multipliers associated with constraints (31) and (32). Differ-
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¢ KI Ky
‘C(Vyyaw)zz €k ( ’YaVU +ZZEI€“
g=1k=1 g=1k=1
¢ Ky Ky
£3° S  (shytr
g=1k=1 g=1

d
G Kq

VU Y wy [ S adutr (VigVEL) = P

g=1 k=1

(33)

G
(Vi VEL) = Puc) + D ve Y adatr (Hyy Vig VISHE, + 0 H, D (Vig VL ) HEL )
k=1

entiate the Lagrange function (33) with respect to ng and
Vk;, and set the derivatives to zero, the optimal precoding
matrices for the sub-problem (S.1.2) are given as

. 1
kg = Qpa (Qg + v (Hngg,g + ps D (HggHg’g))

-1
+ w;I) H, Uy,
(34)

(Qk; + @y I) H!,, Ugy.

Vl*cz; = (35)

Vred

where £« and . represent the interference-plus-distortions
matrices for associated users, which can be denoted using the
function 7 (-) defined in Appendix E as

¢ Kj ¢ Kj
ngzzﬂ( zdg’Ud +ZZ]_—1 Jg’

j=11i=1 j=11i=1

¢ Kj ¢ Kj
%=ZZE zdkmUdJFZZfl jig Ui)-

j=1i=1 j=11i=1

Then, we need to find wy; > 0 and wku > 0 satisfy-
ing power constraints (31) and (32), which ‘could be found
through Bisection searching. However, calculating the pre-
coder and its norm with different values of @, and wy. for
each iteration during the Bisection searching will yield high
computational complexity. To reduce the complexity, we use
singular value decomposition (SVD) to convert the expressions
of the transmit power into a scalar form. Performing SVD
to Qy + v (HY Hy,+ kD (Hf jHy z)), which is Her-
mitian, we have Qg + v (HP{gHg,g + KpsD (Hf’gHgyg)) =
ngDngng, where ngng = I. Then, Equation (34) can

be written as

1 —1
* D H * VH H
— X 4T H,, U
b= o (QuDiQll + QuwiQll)  HYL Uy
g

~1
o Ly (Dig +=31)  QEHS Uy,

Let Gy = deHH dedede ¢Qra, the power con-
straint in Equatlon (3i) can be written as
d Kd

Zg:aigtr (VZ;}(VZ;})H) = Z Z g 5 < P
k=1

=171 ([Daglnn +

Similarly, performing SVD to 4. such that Qk; =
Qi D QL. and let Gyu = Qg‘,HﬁkuUkng‘,Hg ke Q.

g g g . . g . g 9,Rg g g g g
The power constraint in Equation (32) can be written as

Nue [Gkg“]nn

2

D) < Pue~
([Dk“]n n+ wk“)

Since de and Dkd (or Gku and Dku) are fixed while
updating the precodmg matrlces we only need to calculate
their values once before the Bisection searching, then only
scalar calculations are required during the process of Bisection
searching.

(36)

C. Power Allocation

In this section, we will fix the beamforming matrices
and derive the solutions to the power coefficients. The sub-
problem with regard to power allocation policy optimization
is formulated as

Kd

a K
(5.2)  min Zskd (a,7,V,U) + Z Eky (a,7,V,U)
lerdvng 1233 g=1k=1
37
K

(C1) Y atr (ngv,fjd) < Py, Vg (38)

k=1 ‘ !
(C:2) Ryt (ngvl,%) < Py, Yk, g. (39)

Similarly, we augment the objective function with a weighted
sum of the constraint functions, yielding the Lagrange function

L (a,7,)
¢ Kg a Ky
:ZZEkd a,v,V,U) +ZZ€ku a,v,V,U)
g=1k=1 g=1k=1
G Ky
+ Z azdtr (ngVkHd) — Py
g=1 =1 ce
a Ky
+3° A (Vﬁutr (Vkv,?) - Pue> :
g=1k=1

(40)

where A\; > 0 and /\k;; > 0 are Lagrange multipliers

bs associated with constraints (38)-(39). The Lagrange function

is convex to the power coefficients. Differentiate the Lagrange
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function (40) with respect to Qe and Vi and set the deriva-
tives to zero, the optimal power coefficients for the sub-
problem (.S.2) are given as

*

R {tr (UL Vg ) |
al, = g g g
T g+t (Vig Vi)
R {t?' (Ug‘ I:IgJCu Vku) }

Vi = ; (42)
Xky + /\k“ tr (Vkqu“)

) (41)

Qg

where Xk and Xky can be denoted using the function F; (-)
defined in Appendlx E as

a Kj
v =SS F (U 2 Hy g,ng)
=1 =1
¢ Kj

T Z Z}—Q (Ui}‘"ﬂj,gvvkg) )

j=1i=1

(43)

¢ Kj
iy = D0 Fo (Uit Hig gy, Vi )
j=1i=1
a Kj

I (U H, e Vk.g> .

j=1i=1

(44)

To find the Lagrange multiplier /\k;;, we can differentiate
the Lagrange function (40) with respect to )\kg and set the
derivative to zero as

Rt (ngvfg) —p,
R {tT’ (Uﬁtﬂg’kuvku) }
Xby + My tr (V,ﬁuvku)

2

tr (ngvg) —P,.=0,

yielding the optimal Lagrange multiplier as
iy
R {tr (UL H, Vi ) |

\/ tr (Vig VL) Puc

where max [0, z] guarantees )‘k'g > 0 to strictly satisfy the
constraint (39). For Ay, it can be obtaingd from the positive
o
root of ZkK:;il R{tr (U*’gH’“g’gV’“5>} _ Pys
Xkd+>‘ tT(deVH> tr(deVH>
according to the derlvatlve or Ay = 0 if the pbsitive root
does not exist. However, it is dlfﬁcult to derive the close-
form expression of its root since the variable is in the de-
nominator. Alternatively, A7 can be obtained using Bisection
search within the search range of [O A ] where )\g is the
upper bound of A\;. The power constraints at the BS can
be written as Equation (45), which gives Equation (46).
Equation (46) 1s in the form of a)? + 2b)\ +c¢ <0,

where a = Zk 1tr (dede> b = Zk 1 X and ¢ =

Xk
tr (ngV,fg)

=max [0, —

=0

Algorithm 1 Iterative JPAIM Algorithm
1: Initialize the power allocation coefficients as Qpa =

bPKd and Y = ./if‘uﬂ vk, g.
2: Randomly initializes the precoding matrices and normal-
ize.
3. repeat

4:  Update the combining matrices {ng,ng} as

Vk,g
(28) and (29).
Calculate and record the current sum of MSE as ¢®)

Update the precoding matrices {de, Viu } i as (34)
g 9 )y R
and (35). !
7. Update the power allocation coefficients

Qe s Y e as (41) and (42).

g: until e() — (=1 <, or t > t,,,, where ¢ is the threshold
and t,, is the iteration limit.

de H 2
Zk 1 m - pbs Zk 1 {tr (Uk,ngg,ngg)} .
k
Thus, we can derive the upper bound as
b b2 <
Agg—5+ R Ag.

D. Iterative Processing

The solutions of beamforming matrices and power coeffi-
cients in Equations (28), (29), (34), (35), (41), and (42) show
inter-dependence on each other. Thus, we need an iterative
algorithm to obtain the overall solution by updating them
until they converge. We first initialize power coefficients to
meet the power budgets of each node and randomly initialize
beamforming matrices. Then, we continuously update the pre-
coding matrices, power coefficients, and combining matrices
in order. The iterative procedure stops if the loss function,
i.e., the objective function in (24), does not decrease with
iterations (the decreasing amount is less than the threshold)
or the iteration time exceeds the limitation. This processing
is summarized as Algorithm 1. Note that, since the joint
optimization problem is not jointly convex to the power
coefficients and beamforming matrices, the algorithm can only
converge to the local minimal closest to the initial point. Thus,
the performance strongly depends on the initial point, which
is similar to existing studies [6], [19].

1) Convergence Behaviour: This algorithm can keep reduc-
ing the objective function of the joint optimization problem
(i.e., loss function) and converge to a local minimum. Let
0 (o, B, V,U) denote the loss function. Within an iteration,
one of the optimized variables is updated with others fixed, and
the Lagrange function is convex to the target variable under
this condition. Thus, we always obtain the optimal value of
the target variable with other variables fixed, reducing the loss

function at each step as:
0 (03, V,UD) <0 (a7, v U) @D)

0 (a,’y,V(t“), U) <0 (a,%V(t),U) (48)
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K H ¥ 2 Ky H{ 2 H
S (R {tr (Ul Vi) } (vt < Sy R {tr (Ul H  Vig) | tr (Vig VEL)
= Lbs — r kd kd) = Ibs — Kd D)
=\ g (Vig V) g Sits (xug + 2t (VigVig))
Ko n 2
. SR {tr (U,fd H,%gvk,g) } tr (ngvgg)
= Lbs T 2 Kd ] Kd
XSy (i (VigVIL) )+ 20 St (Vig VI ) v + 020,
(45)
K¢ K X K )
2 H kg
A2 l;tr (ngvkg) 1), kzl Xkt + kzl - (dev ) B ZR {tr (dede de)} <0 (46)

0 (a5, v, U) <6 (70, v, U) @)
After the ' iteration, we have a®),~®) V(®) U® and then
update the variables to U+ V1D 41 ~(+1) in order.
According to (47)-(49), the loss function is guaranteed to be
reduced at each iteration until it converges to a local optimal.

2) Computational Complexity: We measure the computa-
tional complexity by accounting for the required multiplica-
tion operations. The required multiplications of some basic
operations are given in Table I, where A; is of size a X b
and A, is of size b X ¢. According to this, the total number

TABLE I
COMPLEXITY OF OPERATIONS

Operation Number of multiplications
A1As aXbxc
Eigen decomposition (A1) O (a®)
Matrix inverse (A1) 0 (a%)
Fi (A1,A2) 2a%b + ab? + b%c + 2abc + 3a?

of multiplications of calculating beamforming matrices (taking
ng as an instance) can be given as

M, = GK[3A} + A} (2A, + 3Ns + 6) + Ay (A2 + 24, Ny)
99
+A13Au + AbAuNs>
N———

rest multiplication

+AZN+ A
—_ =~
2 HggHg-rg

plus an Eigen decomposition and an inverse to a matrix of
size Ay x Ap, where the calculation process is divided into
calculating Q,, mathb f H, ;. and rest matrix multiplica-
tion, and we assume Kd K“ = K,V g, Nps = Mps = Ay,
Nye = My. = A, and bd = b = N, for simplicity. Usually,
we will have A, > A, > N,. To update the corresponding
power coefficient QU the complexity mainly comes from
calculating Xkd and the rest matrix multiplication. Thus, the
total number of multiplication operations required to compute
Qg is

M, = GK[2A3 + AZ(A, + 5N, +2) + Ay(A% +4A, N,

Xpd
kg

+N2) + A2 N, + 24, N + 2N?]

X d
kg

rest multiplication

Therefore, the number of multiplication operations required for
one iteration of the JPAIM algorithm is given as M, + M,
plus an Eigen decomposition and inverse operation to a matrix
of size Ay x Ap, which is in the order of GK A} such that

Cieam = O (GK A}) . (50)

The computational complexity is in the same order as the
MWSR algorithm proposed in [6]. The complexity analysis
of the MWSR algorithm is not detailed in this paper since it
is out of the scope, but it can be analyzed similarly based on
the solution given in [6]. Although the complexities of the two
algorithms are in the same order, JPAIM needs M, +A§ more
multiplications, which almost double the time complexity of a
single iteration. Therefore, the JPAIM algorithm needs at least
half the convergence time to reduce the overall complexity.

V. SIMULATION RESULTS

We consider OFDM modulation with 15kHz subcarrier
spacing and 10 MHz bandwidth centered at 2.5GHz, and other
parameters are given in Table II. The system parameters are
chosen based on 3GPP specifications [28], [29] and our pre-
liminary work [3], [6]. The ASIC depth realized by any other
methods (e.g., antenna isolation as in [31] or RF cancellers
as in [9]) will be directly reflected by the pathloss of the SI
channel regardless of the implementation methods. We assume
the pathloss without any ASIC is 0dB due to the proximity of
IBFD transceivers [1]. Therefore, « dB of realized ASIC by
other techniques means [, =  dB Vg in simulations, where [,
is defined in Section III-B. We do not presume a realized ASIC
depth but evaluate the algorithms’ performance at different
ASIC depths. In the later simulations, we consider the ideal
case, i.e., perfect ASIC with [, = 120 dB, to demonstrate the
characteristics of the algorithm itself, but this does not mean
that our algorithm requires such perfect ASIC.
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TABLE 11
SIMULATION SETTING
Parameters Values
Number of antennas Nps = Mps = 16, Nye = Mye = 2 if not specified

Cells

hexagon cells with 200m of inter-cite distance and 10m of a minimum base station to users distance

LOS probability and pathloss

models for UMi scenarios in [28]

Channel matrices

Hp 4 = /IB,a N if the LOS probability > 0.5

Hp a=+/lBa (

(N has elements independently and identically distributed as CA'(0, 1))

kB,A I+ 1 N

Fp AT R AT if the LOS probability < 0.5

Transmit power budgets

24dBm for BSs and 23dBm for UEs

Thermal noise density

-174dBm/Hz

Noise figure

13dB for BSs and 9dB for UEs

Number of effective bits of DACs/ADCs

b = 12 if not specified

Channel uncertainty factor

62, 4 = 0|Hp | VA, B, where o = —120dB
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Fig. 2. The ASIC capability and achievable spectral efficiency versus the number of transmitting and receiving antennas of the FD node.

Since the throughput maximization for MCMU networks
is not convex and the performance depends on the initial
point, we run 1,000 times Monte Carlo simulations for each
scenario and evaluate the performance via the averaged values.
The realization is randomly generated at each step of the
loop and the initial values of the optimized variable are also
randomly generated. For a fair comparison, the simulation
settings, e.g., user location, channel matrices, initial points,
etc., remain identical for the two algorithms in each realization
in 1,000 iterations of the Monte Carlo simulations, and the two
algorithms will be performed separately.

A. SIC Capability

Fig. 2 shows the achievable ASIC depth and SE versus
the number of transmitting and receiving antennas of IBFD
transceivers using different beamforming schemes. In order
to demonstrate the ASIC capability of precoders, we consider
the scenario that no ASIC is realized by other techniques since
precoders will tend to suppress other significant interference
rather than SI if it has been efficiently suppressed. In this case,
the MWSR precoder optimizes the interference management
for the downlink payload regardless of SI, resulting in a
large received SI power to saturate the IBFD receiver and
significantly degrade the uplink rate. More receiving antennas
compensate for the uplink rate reduction due to more degrees
of freedom of combiners, managing the interference better for

the uplink payload. Combining the null-space projection [15]
with MWSR beamforming as explained in Appendix D can
enhance its ASIC capability. The uplink rate is increased at
the cost of the downlink rate degradation. The trade-off can
be made by adjusting the dimensions of the subspace chosen
for projection, i.e., D (defined in Appendix D), which also
determines the ASIC capability. The disadvantage of NSP-
MWSR is that the downlink rate decreases significantly with
increasing D. In contrast, our proposed JPAIM beamforming
has less impact on the downlink rate with enhanced ASIC
capability. It can achieve higher SE than other schemes and
simultaneously support effective downlink and uplink commu-
nications with > 16 antennas at the IBFD transceiver. It can
offer > 30dB of ASIC depth with > 16 transmitting antennas
at the IBFD node and can be improved by more antennas.
When the antenna array is small (e.g., 8-antenna arrays), the
power allocation tends to reduce the transmit power of the
downlink payload to maximize the sum rate by maximizing
the uplink rate. With enlarging antenna arrays (e.g., 16-antenna
arrays), it is able to provide effective ASIC to enable efficient
IBFD communications. However, it introduces interference for
the uplink payload so that the uplink rate goes down at first.

B. Convergence Behaviour

Fig. 3 shows the convergence behavior of the JPAIM
algorithm compared to the MWSR algorithm proposed in [6].
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Fig. 3. Convergence behavior (x-axis is in the log scale).

Since the joint power allocation and beamforming optimiza-
tion problem is not jointly convex, the convergence behavior
and achievable sum rate depend on the initial points as the
algorithms converge to the local minimum closest to the initial
point. Therefore, we ran 1,000 times Monte Carlo simulations
and calculated the average value to show their performance.
It shows that the JPAIM algorithm converges faster than the
MWSR algorithm under both conditions (i.e., insufficient and
sufficient ASIC realized). The JPAIM algorithm reduces the
iteration time to converge by at least half compared to the
MWSR Algorithm, which meets the condition analyzed in Sec-
tion IV-D2 to reduce the overall time complexity. Besides, both
algorithms converge faster with insufficient ASIC realized.

C. Improvement with Insufficient ASIC

In this section, we evaluate the performance of the JPAIM
algorithm in terms of achievable SE (i.e., sum rate), as the
most attractive factor of IBFD is its potential to double the
SE of its HD counterpart. Fig. 4 shows the achievable SE of
the JPAIM algorithm versus realized ASIC depths compared to
the MWSR algorithm. When the ASIC depth realized by other
techniques is insufficient (i.e., < 60dB), the proposed JPAIM
achieves higher SE than MWSR. This is attractive as other
ASIC techniques have incredibly high complexity and cost
in MIMO systems, as we stated in Section 1. Active antenna
isolation, which has feasible implementation complexity, can
achieve around 30 dB of ASIC in practice [31]. In contrast,
deeper ASIC needs to be realized by the much more complex
RF cancellation, which is almost practically prohibited in
MIMO systems. In this case, the JPAIM algorithm can improve
the SE by 42.9% in IBFD compared to HD, while the MWSR
algorithm cannot. This value can be improved to 60.9% with
further digital processing if the received SI has already been
within the dynamic range of receivers. In contrast, the MWSR
must require RF cancellers to achieve the IBFD gain due to
its limited ASIC capability, as illustrated in Fig. 2.

D. Time Efficiency

Results in Fig. 4 suggest that MWSR can achieve higher SE
than JPAIM with sufficient ASIC applied. This is reasonable
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r a0 @
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. . . . !
0 10 20 30 40 50 60 70 80 90 100
realized ASIC (dB)

- > > B

b—p—p—p P Pp— P L g

downlink rate (bits/Hz)

| . . . . . . . .
0 10 20 30 40 50 60 70 80 90 100
realized ASIC (dB)

uplink rate (bits/Hz)
o
ﬂ
.

0 10 20 30 40 50 60 70 80 90 100
realized ASIC (dB)

Fig. 4. Achievable spectral efficiency vs realized ASIC depth (i.e., Ig).

since MWSR yields a joint power allocation and beamforming
solution while JPAIM decomposes it into two sub-problems
to solve. However, the decomposition also brings benefits in
terms of time efficiency (i.e., = mmﬁ%). In order to
evaluate the performance of the proposed algorithm in terms
of time efficiency, we compare the SE and time complexity
of the two algorithms in networks of different scales. We use
Monte Carlo simulations to compare 2-cell and 4-cell networks
with 2-10 users.

Fig. 5(a) shows the performance difference between the two
algorithms in terms of sum rate and average computation time
of a realization with different network sizes, i.e., different
numbers of cells, users, and antennas at users. Fig. 5(b) shows
the corresponding sum rate reduction and computation save
percentages of JPAIM compared to MWSR, and Fig. 6 shows
their time efficiency. The results show that JPAIM achieves a
sum rate close to the one achieved by MWSR, but it takes
much less computation time. The sum rate loss generally
increases with increasing numbers of cells and users, and it is
more significant with multi-antenna users. For single-antenna
users, JPAIM saves at least 40% of the computation time at the
cost of < 10% sum rate reduction for most cases. Although
the benefits are compromised with two-antenna users, the
computation time saved is always higher than the sum rate
reduction.

Fig. 6 also illustrates that JPAIM achieves higher time
efficiency than MWSR under all conditions. This indicates
that JPAIM has a lower time complexity in practical imple-
mentations than MWSR at the cost of an acceptable sum rate
loss. The benefit of JPAIM is significant with single-antenna
users, which is meaningful for practical cellular network
deployment since many UE devices still use a single antenna.
This can be understood since our JPAIM algorithm uses a
coarse power allocation scheme, while MWSR uses a refined
power allocation. Therefore, MWSR can achieve higher SE
than JPAIM. However, refined power allocation will drastically
increase the computational complexity, making it less time-
efficient than our proposed algorithm. When the interference
is not complicated (i.e., with fewer cells and users), the refined
power allocation is not so important, while a coarse power
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Fig. 5. Performance comparison of JPAIM and MWSR in terms of SE and time complexity.
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Fig. 6. Time efficiency of the proposed JPAIM algorithm.

allocation can greatly reduce the time complexity due to its
fast convergence characteristics, so JPAIM has a much higher
time efficiency than MWSR. When the interference becomes
complicated (i.e., in enlarging networks), a refined power
allocation will significantly improve network capacity, while a
coarse power allocation can reduce the complexity relatively
less (as shown in Fig. 5). In addition, our algorithm demon-
strates a significant time efficiency improvement for single-
antenna users, while the improvement is less pronounced for
multi-antenna users. The reason is that multi-antenna users
can perform beamforming to increase channel capacity, which
requires user terminals to also perform iterative calculations,
thereby significantly increasing the computational complexity.
This is not necessary for the JPAIM algorithm based on coarse
power allocation when single antenna users are considered,
while the refined power allocation-based MWSR algorithm
still requires iterative calculations for power allocation of
the data streams. Therefore, the time complexity benefit of
JPAIM compared to MWSR is greatly reduced when there are
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Fig. 7. Robustness to channel uncertainty and transceiver HWIs.

multiple-antenna users (see Fig. 5(b)), resulting in the overall
time efficiency is not obvious.

E. Robustness to Channel Uncertainty and Transceiver HWIs

In our study, the criteria for robustness are defined based
on the algorithm’s ability to maintain consistent performance
levels under varying channel conditions and hardware impair-
ments. That is, the algorithm can be considered robust if its
performance does not degrade dramatically with increasing
channel uncertainty and hardware impairments regardless of
the highest sum rate. Fig. 7 shows the achievable sum rate
variation of the JPAIM algorithm compared to the MWSR
algorithm against the channel error factor g. It demonstrates
the robustness of JPAIM to channel uncertainty. It shows that
significant channel uncertainty has less impact on JPAIM than
MWSR. The benefits come from the fact that the effects of
channel uncertainty are included in our algorithm as detailed
in Appendix A. In addition, it is also robust to the transceiver
hardware impairments that reducing the dynamic range of
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transceivers from 70dB to 50dB has no noticeable effect on the
achievable sum rate. Although a smaller dynamic range (e.g.,
30dB) of transceivers reduces the achievable sum rate, it is
acceptable as the reduction is less than 10%. The robustness
to transceiver HWIs is similar for MSER and JPAIM since
they both consider the HWIs in their algorithm designs.

VI. CONCLUSIONS

In this paper, we have formulated and solved an MSE
minimization problem regarding power allocation and beam-
forming with hardware limits. We have revealed that downlink
precoders have to sufficiently suppress SI before the receiver
(i.e., without combiners); otherwise, the uplink communication
rate will be naturally reduced due to the limited dynamic
range of receivers. To this end, we have enhanced the ASIC
capability of precoders by adding a constraint on the received
RSI power and have demonstrated the advantages of our
method over existing NSP-based methods. The formulated
problem has been converted to an MSE plus RSI minimization
problem and then decomposed into two sub-problems to be
solved. The closed-form solutions to the sub-problems are
derived, and the overall solution is obtained by an iterative
algorithm. It has been demonstrated that our JPAIM algorithm
could achieve 42.9% of the IBFD gain in terms of spectral
efficiency with 3GPP specifications. Then, we evaluated its
performance under ideal SIC conditions by comparing it to
the existing MWSR algorithm [6], showing it takes much less
computation time due to its faster convergence speed at the
cost of acceptable sum rate loss. The benefit of our proposed
JPAIM algorithm is significant with single-antenna users that
it saves at least 40% of the computation time at the cost of
< 10% sum rate reduction. In addition, we have proved that
it is robust to channel uncertainty and transceiver hardware
impairments due to the robust design.
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APPENDIX A
EFFECTS OF CHANNEL UNCERTAINTY

In this appendix, we give the statistics of the errors caused
by the channel uncertainty at the base station and user equip-
ment. The errors caused by the channel uncertainty at the g**
BS and the downlink user kd can be written as

G K
eg = AgpuXpy + Y Z Aginx + Z A, xi, (5D
1,j7#k,g J#g
G K{ a Kj
g = AugXig T3> AugXip 30D Aty Xis-
i,j#k,g j=1i=1
(52)

For any two specific nodes A and B, we can calculate the
covariance of the associated errors as

Cov (Ap axas)=E {AB,AXAXIAIAg,A} (53)
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where (a) comes from following derivation:
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where Na denotes the number of columns of matrix Ap 4,
Ty; denotes the element at the k™" row and j* column of
matrix T4, and A,,; denotes the element at the mt" row
and k'™ column of matrix A B,A. 0 represents the correlation
coefficient, and dp; = O,V k # j, 0pr, = L,V K, Oy, =
0,V m # n, and 6,,,, = 1,V m. Thus, the covariance matrices
of the errors are given as
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APPENDIX B
PROOF OF LEMMA

The only difference between the two formulations (P.1)
and (P.2) is that the RSI power-related terms appear in
different places (one in the constraint condition and one in
the objective function). Since the RSI power is only related
to the downlink precoders, this difference does not affect the
solution to other variables. The Lagrange function of the two
problems concerning the downlink precoding matrices V a
can be given as ’

Lp, =3 (V)+ ) Vgerig (V (57)

- érsi,g) ) (58)

G
Lr, =S (V) 4D @nig (enig (V)

where i 4 is the Lagrange multiplier; X, (V) denotes the
objective and power constraint-related terms given as
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a Ky ¢ Ky
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» (59)
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The optimal solutions to de are obtained by deriving the
Lagrange function (57) or (58) with respect to ng and set the
derivatives to zero, which will be identical if v; = @ 4. Thus,
optimization problems (P.1) and (P.2) share the same solu-
tions (i.e., (P.1) and (P.2) are equivalent) with v, = wy; 4.
It should be noted that the optimal value of the Lagrange
multiplier @ , depends on the tolerable RSI power we set.

APPENDIX C
SIMPLICITIES FOR MSE EXPRESSIONS

In this appendix, we give some simplicities as
tr (E {skgskHd}) =tr (Ip,) = bg;
tr (E {skgsﬁu}) =tr(I,) = by;
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APPENDIX D
NSP-BASED METHOD

In this appendix, we will explain how to apply the null-
space projection to enhance the ASIC capability of precoders.
The processing consists of two steps: 1) obtain the desired
precoder; 2) project the precoder to the null-space of the SI
channel. The first step could be done using any off-the-shelf
precoding techniques, and we use the MWSR beamforming
here for consistency, which can be obtained as in [6]. Let
Vltg denote the desired precoder obtained by the MWSR algo-

rithm, then we project the desired precoder as ', DI‘;{ DVZd
[15], where I'y p is the chosen subspace that spans of the

eigenvectors associated with the D smallest eigenvalues of
H H
Hy o H{, + kD (Hy g HT ).

APPENDIX E
FUNCTIONS FOR EXPLICIT EXPRESSIONS

In this appendix, we will define two functions for explicit
expressions.

Fi(Y,X) = YXXTYT 4 07D (YXXTYH) (66)
+02YD (XXT) Y + 0207D (YD (XXH) YH)

F2(2,Y,X) =tr(Z"Y (XX" + 07D (XX7)) YHZ

(67)
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