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Abstract. Recently, intelligent reflecting surfaces (IRS) emerge as an
effective technique in saving the power consumption by customizing the
wireless propagation environment. On the other hand, the symbol level
precoding (SLP) technique provides a clever solution to interference
exploitation by converting the multiuser interference (MUI) into a benefi-
cial part of the desired signal. In this paper, we propose to jointly exploit
IRS and SLP to cope with the power control and interference manage-
ment issues in a heterogeneous network (HetNet). To this end, the IRS
mainly assists the communication link from a macro base station (MBS)
to macro users, and the SLP is employed by both the MBS and pico base
station (PBS) to process MUI and intra-cell interference. We formulate a
multi-objective optimization (MOO) problem to minimize the transmit
power of MBS and PBS by jointly optimizing the precoding matrices at
the MBS and PBS as well as reflecting coefficients at the IRS. Due to
the non-convexity of this problem, the precoding matrices and reflecting
coefficients are optimized alternately. In the precoding design, the MOO
problem is transformed into a single-objective optimization problem via
the weighted Tchebycheff method and then solved by standard optimiza-
tion solvers with fixed reflecting coefficients. A multiple gradient descent
on the Riemannian manifold based algorithm is proposed to obtain the
local optimal solution for the reflecting design. Simulation results mani-
fest a significant performance gain achieved by our proposed HetNet over
the benchmarks.

Keywords: Heterogeneous network (HetNet) - Intelligent reflecting
surfaces (IRS) - Symbol level precoding (SLP) - Multi-objective
optimization (MOO)

1 Introduction

According to Ericsson’s white paper, the fifth-generation (5G) market in the ver-
tical industries is expected to reach 700 billion dollars in 2030 with a compound
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annual growth rate of 50 percent over 2020 [5]. Meanwhile, some vertical indus-
try applications are rapidly evolving along with the advancement of 5G, such
as smart manufacturing, virtual reality, augmented reality, and automatic drive.
Unlike ordinary wireless devices, these applications demand very different trans-
mission rates. To satisfy the diverse rate requirements, one of the best solutions
is to deploy picocells for private networks within the macrocell [16], resulting
in a so-called heterogeneous network (HetNet). The picocells can be empowered
by a pico base station (PBS), femto, relay, etc., which are deployed indoors nor-
mally and service the wireless devices with specific data services requirements.
Their transmit power is generally less than 30 dBm and the signal coverage is
from tens of meters to 300 m [9]. Since these low-cost nodes are within the reach
of a macro base station (MBS) and share the same spectrum, they may suffer
from severe intra-cell interference (ICI), deteriorating the quality of the received
signals, and hence the system performance. Consequently, advanced intelligent
wireless resource allocation and interference management (RAIM) technologies
are essential to the success of HetNet deployment.

Recently, intelligent reflecting surface (IRS), which consists of a large num-
ber of passive and low-power reflective units, has attracted great attention in
both academia and industry for its capability of customizing the wireless propa-
gation environment [18]. Some initial studies on the optimization of IRS reflect-
ing coeflicients have been carried out for the IRS-enhanced wireless networks
[8,11,17,19,20]. Specifically, the IRS aided downlink single-carrier multiple-input
single-output (MISO) communication system was proposed, and the transmit
power minimization problem was investigated by jointly optimizing the active
beamforming at the base station and passive beamforming at the IRS [17]. The
authors of [11] solved the reflection optimization problem by the majorization-
minimization (MM) algorithm [15] and complex circle manifold (CCM) method
[1] in multi-cell multiple-input multiple-output (MIMO) systems. In [20], a chan-
nel estimation protocol and reflection optimization problem for IRS-enhanced
orthogonal frequency division multiplexing (OFDM) system were proposed. In
[8], based on the instantaneous ON/OFF state information of the IRS reflection
elements, the average, and instantaneous received signal power maximization
problems were studied, respectively.

Another effective technique in dealing with interference, especially multi-user
interference (MUI), is the transmitter precoding. With linear zero-forcing (ZF)
precoding, the MUI can be eliminated, leading to satisfactory performance at
high signal-to-noise ratio (SNR). The dirty paper coding (DPC), as a nonlinear
precoding technique, suppresses the MUI by encoding transmit signals sequen-
tially to approximate the Shannon limit [3]. While most conventional linear or
nonlinear precoding techniques including the above-mentioned two are intended
to suppress or eliminate the MUI, it has not been discovered until recently that
the MUI signals can be made beneficial and exploitative by symbol level pre-
coding (SLP), a.k.a., constructive interference (CI) precoding [7]. The SLP can
push the received signals away from the detection threshold by converting the
MUI into a constructive signal, enjoying magnificent improvement in terms of
bit error rate (BER) and transmit power-saving [6].
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Motivated by the above, we incorporate the IRS and SLP techniques in the
design of HetNet to take their advantages for improving the system performance.
By deploying the IRS in HetNet, the ICI can be alleviated, and the exploitation
of MUI with SLP can be promoted by reconfiguring the propagation environment
of the macrocell. To justify this finding, we exemplify a two-tier HetNet, where a
multi-antenna MBS with the assistance of an IRS serves multiple single-antenna
macro users (MUESs), and a multiple-antenna PBS serves multiple single-antenna
pico users (PUEs), with the objective of minimizing the transmit power of all
base stations. The considered HetNet assumes a wired connection between the
MBS and the PBS, which implies that there is information sharing (IS) between
the MBS and the PBS. In this system, the SLP is enabled at the MBS while
the PBS also applies the SLP as the MBS to exploit the ICI from both the
MBS and the IRS as well as the MUI. The main contributions of this paper are
summarized as follows:

— We formulate a multi-objective optimization (MOO) problem by a joint opti-
mization of the precoding matrices at the MBS and PBS as well as the reflect-
ing coefficients at the IRS. However, it is non-convex with the high coupling
of the precoding matrices and reflecting coefficients. To tackle this issue, we
propose a productive alternating optimization (AO) based algorithm to solve
the precoding matrices and reflecting coefficients separately. For solving the
precoding matrices, we transform the MOO problem into a single-objective
optimization (SOO) problem via the weighted Tchebycheff method [10] with
given reflecting coefficients. The transformed problem is convex, which can
be solved by standard optimization methods.

— In the reflection design, we aim to improve the quality of the received signals
of both MUEs and PUEs by optimizing the reflecting coefficients with given
precoding matrices, so that the MBS and PBS can reduce their transmit
power effectively by aligning the precoding matrices in the next iteration. To
this end, we formulate new objective functions associated with the received
signal quality of MUEs and PUEs subject to unit-modulus constraints on the
reflecting coefficients, which turns out to be a new MOO problem. Then, we
propose a multiple gradient method on the Riemannian manifold (MGD-RM)
based algorithm to solve the MOO problem, which guarantees the convergence
to a suboptimal solution.

— Simulation results demonstrate the performance improvement of combining
IRS and SLP in HetNet and the effectiveness of our proposed optimization
algorithms. In particular, the PBS has the potential to reduce power con-
sumption more with higher quality of service (QoS) requirement of MUEs in
the proposed algorithm. In addition, the PBS can also achieve further power
saving by introducing the IRS.

The rest of the paper is organized as follows. The proposed IRS-enhanced
HetNet system model is described in Sect. 2. The considered power minimization
problem is investigated in Sect.3. The computational complexity analysis of
the proposed algorithms is presented in Sect.4. Section5 illustrates extensive
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simulation results to demonstrate the performance advantages of our proposed
algorithms. Finally, the paper is concluded in Sect. 6.

Notations: Boldface lower case and upper case letters denote vectors and matri-
ces, respectively. Re(+) and Im(-) denote the real part and imaginary part of a
complex scalar value, respectively. |-| and ||-|| are the magnitude of a scalar value
and the norm of a vector, respectively. The transpose, conjugate, and transpose-
conjugate operations are denoted by (-)T, (-)*, and (-)¥, respectively. ® and
diag(-) denote the Hadamard product and diagonalization operation, respec-
tively. 7 f(x) denotes the Euclidean gradient of the function f(-) with respect
to x.

2 System Model

Fig.1. The proposed HetNet and signal flows, where the blue and red solid lines
represent the desired signals of MUEs sent by the MBS including those reflected by
the IRS and the desired signals of PUEs sent by the PBS, respectively, and the blue
and black dashed lines stand for the interference signals to PUEs reflected by the IRS
and from directly the MBS, respectively. (Color figure online)

We consider a two-tier IRS-enhanced downlink HetNet, which consists of a
macrocell and a picocell, as shown in Fig.1. The MBS equipped with Ny,
antennas serves K single-antenna MUEs, whose indices are collected in K =
{1,..., K}, and the PBS equipped with Np antennas serves N single-antenna
PUEs, whose indices are collected in N' = {1,..., N}. Assume that both the
MBS and PBS share the same frequency spectrum for communications and all
MUE:s are located outside the coverage of the PBS. Therefore, the received sig-
nals of MUEs will only be affected by the MUI due to the limited power of the
PBS, while the received signals of PUEs will be corrupted by both ICI and MUI.
The IRS with M reflecting elements is deployed near the MBS and assists the
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MBS to communicate with MUEs by adjusting incident signals. It is worth not-
ing that the strength of the reflected signal of the IRS originated from the PUEs
is negligible due to the severe double fading, and as a result PUEs passively
receive the interference signal reflected by the IRS originated from the MBS.
The baseband equivalent channels from the MBS to the IRS, from the IRS to
the k-th MUE, and from the MBS to the k-th MUE are denoted as GeCM*Num
h, ,€CM*1 and h,eCNv*! for k € K, respectively. We assume perfect knowl-
edge of channel state information (CSI) in this paper. Let s € CX*! denote the
transmitted symbols of the MBS for the K MUEs, which are drawn from the
normalized M-ary phase shift keying (PSK) constellation. Define the phase shift
matrix of the IRS as ® = diag (€7, €%, ... e/%) with 6 = [61,6,,... 00",
where 0 is a set of reflecting coefficients. The received signal of the k-th MUE
can be written as

yme = (hil + W, ®G)Ws + npyy, (1)

with k € K, where W = [wy,wa,..., Wk with w,, € CN*1 and nypp ~
CN (0, 012\/”6) denote the precoding matrix and zero-mean additive white Gaus-
sian noise (AWGN) at the k-th MUE with variance 0]2% > respectively. Denote
the baseband equivalent channels from the PBS to the n-th PUE, from the
MBS to the n-th PUE, and from the IRS to the n-th PUE as g, € CNrx1,
hyrn € CNamx1 and hrr, € CM>1 for n € N, respectively. The received
signal of PUE n can be thus expressed as

YprPn = ngX + (hJI;I/II,n + hgl,nq,(;)ws + nPn (2)

with n € N, where V = [vq,va,...,vy] with v,, € CNPX! and x € CVN*!
stand for the precoding matrix and the modulated symbols of N PUEs drawn
from the same signal constellation as that employed by MUEs, respectively. In
(2), the first term is the signal sent from the PBS, which includes the MUI, the
second term is the ICI from both the MBS and IRS, and the last term is AWGN,
satisfying np, ~ CN(0,0%,), where 03, is the noise variance.

3 Power Minimization Problem via Symbol Level
Precoding

In this section, we study the transmit power minimization problem by jointly
optimizing the precoding matrices at the MBS and PBS as well as the reflecting
coefficients at the IRS for the IS scenario. Particularly, the MBS transmits pre-
coded signals with the aid of the IRS, where the precoding matrices are designed
based on the SLP principle. Since the MBS and PBS are aware of each other’s
information that will be sent. Therefore, the PBS can design the precoding
matrix to validly transduce ICI and MUI into CI by SLP.

Unlike conventional precoding techniques, the SLP exploits the CSI and infor-
mation symbols of the users to convert the harmful interference into the CI,
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Fig. 2. CI region for M-PSK constellation, where AC is the projection of AB onto OA.

driving the received signal further away from the detection threshold of the sig-
nal constellation. The CI region for the considered M-PSK constellation, which

is in green color, is depicted in Fig.2. The vector OA= oas i+/Lm k5K is the
target signal, where Iy refers to the SINR requirement of the k-th MUE,

and OB= Mesk = (b + hfk'@G)Ws is the received signal of the k-th MUE
without noise, where A\ represents the received power level of the k-th MUE. It

can be seen from Fig. 2 that the interfering signal AB is constructive as long as
the resultant signal lies in the constructive region and drives the target signal
beyond the detection threshold. Based on the geometric principle, the condition
0ap < 0; should be satisfied in order for the resultant signal to be located in
the constructive region, where 6,5 denotes the phase angle of the interfering
signal and 0; = 7w/ M [6]. Correspondingly, the conventional SINR constraints
for MUESs can be converted to the following form to guarantee CI [6],

Re(\) — UM,;“/FM,;C} tan, > |[Im(\)|, Yk € K. (3)

In a similar way, the noise-free received signal for the n-th PUE can be
formulated as yp,n, = ngx—l—th’nWs = YnZn,Vn € N, where hglm = hfﬂm—i—
hg 1., ®G and 7, represents the received power level of the n-th PUE. The CI
constraints for PUEs can be expressed as

Re(yn) — opp/Ipy]tant, > |Im(y,)|,Vn € N. (4)

where I'p, refers to the QoS requirement of the n-th PUE. Therefore, the power
minimization problem for the MBS can be formulated as
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K
. 2
Jnin ; Iwil (5a)
s.t. (3),(4), (5b)
0<6,<2mr,m=1,2,..., M, (5¢)

where (5¢) denotes the phase angle range of the reflecting elements of the IRS. On
the other hand, the power minimization problem for the PBS can be formulated
as

W,V.0
s.t. (3),(4), (5¢).

We are concerned about the reduction of the total power consumption, as
it is essential for deploying HetNet. Optimizing one of the above two objectives
(5b) and (6) alone, however, does not optimize the other effectively. Therefore,
it is necessary to optimize the two objectives jointly by MOO [12]. Note that
unlike SOQO, the solution of MOO is a set with multiple points corresponding to
different weights of the objectives that govern their trade-off, and those points in
the set realize Pareto optimality if there is no other point that improves at least
one objective with given weights. Using the weighted Tchebycheff method [10],
we can formulate a min-max MOO problem aiming at minimizing the transmit
power at the MBS and PBS jointly as

N
. 2
min > [|v| (6)
n=1

vg,l\i}l,o max {1 (P — Pr),§(P — Py)} (7)
s.t. (3),(4), (5¢),

where P, = Zszl |wil?, Pr = Zfr;l Ivall®, Py and Pj are the optimal solu-
tions to the problems (5) and (6), respectively, and &, satisfies £, > 0 and
Zzzl &. = 1, which specifies the priority of the a-th objective with a € {1,2}.
Changing the value of £, can cope with different transmission strategies and the
complete optimal set can be obtained by traversal activity. It is observed that
problem (7) is non-convex due to the coupling between the precoding matri-
ces and reflecting coefficients. To solve this problem, we use the AO method to
decompose it into two sub-problems, namely precoding matrices optimization
and reflection design. The details are presented in the following subsections.

3.1 Precoding Matrices Optimization

In this subsection, we focus on optimizing the precoding matrices W and V
for given reflecting coefficients 6. By introducing an auxilliary variable p, the
precoding matrices optimization sub-problem is given by
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Jpin p (8a)
st (3),(4), (8b)
§a(Po—Py) <p, Vae{l,2}. (8¢)

Since the CI constraints (3) and (4) are convex, problem (8) can be readily
solved by standard optimization tools [2].

3.2 Reflection Design

Next, a reflecting design method is studied with fixed W and V. The reflecting
coefficients at the IRS are not strongly related to the transmit power at the MBS
and PBS, but it impacts the quality of the received signals. We can observe that
the optimal precoding matrices W and V in problem (8) always enable the CI
constraints (3) and (4) to satisfy the inequality conditions. Thus, the values on
the left-hand side of the constraints (3) and (4) are boosted by optimizing the
reflecting coefficients for given precoding matrices, so that the MBS and PBS
reduce their transmit power effectively by aligning the precoding matrices in the
next iteration. Based on that, we construct the opposite forms of the left parts
in constraints (3) and (4) as objective functions, which is given by

|Im()\l)\ - [Re(/\l) - UM,Z\/FM,I tan9t7l = 1,27 . 'K,
f1(0) = { Im(vi—k)| — Re(yi-k) — opi—x/TPi—k]tan by, (9)
I=K+1,K+2,---K+N.

To this end, the reflecting design problem with K 4+ N is formulated as

wmin(/,(6). £2(0). - £1(0)) (10a)
st. 0<60,, <2r,m=1,2,--- , M. (10Db)
Let u = [ug,ug,--- ,uM}H, where wu,, = €/ Vm. The I-th objective function

(9) can be rewritten as

|Im (uHalerl) |7[Re (uHal + bl)fo'M,“/FMJ] tanf;,l=1,2,--- K,
fi(w)= |Im(uHCl7K + dlfK)’_[Re(uHleK""dlfK)_UP,lfK V1I'pi—k|tan 0y,
=K +1,K+2,---K +N,
(11)
where a; = -diag{h/;}GWs, b = -h{'Ws, ¢;_ g =~ —diag{hf;, }JGWs
and dj_g = m(gl_KVx—&-hM“_KWs). Since the absolute value part of the

objective functions causes difficulties in the problem solving, we convert (11)
into the max function by exploiting the principle |a| + b = max (a + b, —a + b),
and then approximate the [-th objective function to a smooth form by log-sum-
exp inequality [2], which is given by

N Elog(exp(f“ 1)—i—exp(f )D 1=1,2,---K,

fl(u) - w gz(z K) _ (12)
€10g exp +exp s Z—K—‘rl, K+2, e K"‘N,
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where
for—1 2 Re (uflag_; + 52171) + o/ Ty tan 0y, (13)
for & Re (u'lay + 521) o/ Iy tan 6y, (14)

do1-r)-1 = Re (UHE2(1—K)—1 + Jz(l—K)—1> +opa-r)\/Ipa-K) tan by, (15)
920-K) = Re (UHEZ(lfK) + J2(l7K)) +0opu-K)\/I'P-K)tanb;. (16)

In (13)-(16), ax-1 = aje % — ajtanby, by_1 = b;e_j% — by, Ay = —aye Iz —
agtan O, by = —bie™2 — by, Coq-k)-1=Ca-k)€ 77 —C—k) tan by, dy— )1 =
d(z—K)eﬂg' —du—k), C0-k) = —Cu—Kk)e 12 — c_g)tanby and dog_g) =
fd(l_K)e*J% — d(— k). Accordingly, problem (10) can be reformulated as
min (f1(w), fo(a),--- frn(a)) (17a)
st Jum|=1m=1,2,--- M. (17b)

Though all objective functions in (17) are smooth and differentiable after some
mathematical operations, the non-convexity of the unit-modulus constraint in
(17b) still poses challenges in solving the problem. In this paper, we treat the
unit-modulus constraint with the manifold optimization methods [11]. Con-
straint (17b) can be regarded as an M-dimensional complex circle manifold,
which is a manifold space of problem (17) characterized by

SM:{UE(CM:|Um‘=17m=1727"'7M} (18)

with the tangent space TyS = {p € CM : R{p ® u},,} = 0pr,Vm}. Problem (17)
can be reformulated as an unconstrained optimization problem on the manifold
space, which is given by

Inin, J(u), (19)
where J(u) £ (f1(u), fo(u), - fxyn(u)). We propose an MGD-RM based algo-
rithm to effectively tackle the above problem. The core idea of this algorithm
is to derive the gradient of each objective function based on the manifold space
and then obtain a common gradient by weighted summation [4]. The common
Riemannian gradient enables each objective function decrease in each iteration.
Before starting the iterations, we set the initialized point u; randomly on SM
and compute the initialized search direction d; = — ZZI:;N ayr;(ug). The main
steps of the proposed algorithm at the g-th iteration are as follows:

1) Update the search point: We first update the current point over the manifold
space SM. The search point in the next iteration is given by

u,+1 = Retry (ug +5,dy) , (20)

where Retr () is specified by retraction operator mapping the value into the
manifold space S, and q is a step-length, which can be obtained by using
the Armijo backtracking line search method [13].
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2)

Common Riemannian gradient: Secondly, we find a proper gradient that lets
all objective functions share a common descent direction in the next iteration.
The concept of the Riemannian gradient is introduced in the calculation. The
Riemannian gradient is computed based on the projection of the smooth
objective function onto the tangent space Ty,S, which is given by [1]

gradJ;(ug41)=vJi(ug+1)—R {VJl(uqul) ® u;+1}®uq+1, =1,2,--- , K+N,
(21)

where 7.J;(u) denotes Euclidean gradient of J;(u), which is given by

exp( for—1/€)ag—1 + exp(far/e)an
efip(fzzfl/ff) —texp(fgl/s) . _
vJi(u) = { exp (Go—r)—1/€) C2—r)—1 + €xP (G201— k) /€) C201— k) (22)
exp (G20-K)-1/2) + exp (do0-K)/€) ’
=K+ 1,K+2,-- K +N.

1=1,2,- K

) ) )

)

Then, the common Riemannian gradient of J(u) is given by

K+N

Por1=— Z ayg+171(Ug41), (23)
=1

where r;(u) denotes the Gram-Schmidt orthogonalization of grad.J;(u), and
aq,4+1 denotes the weight factor of I-th objective function in the ¢ + 1-th
iteration, which can be calculated as [4]

1
2 )
|r(ug41)]

2
i (ug+1)]

ajgr1 = [=1,2,--- , K+ N. (24)

T+> 4

Update the search direction: The third step is to calculate the next search
direction via the conjugate direction method [14]. The updated rule for the
next search direction is given by

dg+1 =TFg41 + nthtp (25)

where 7, and dg denote the Polak-Ribiere parameter [13] and the output
vector after the Riemannian transport operation, respectively. The role of
the Riemannian transport operation is to project d, into the same tangent
space as f441, which can be expressed as

d,=d,-R{d; 0u;,} Ougy1,l=1,2,--- , K+ N. (26)

q

In summary, the proposed algorithm is presented in Algorithm 1.
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4 Computational Complexity Analysis

In this section, we analyze the computational complexity of the proposed algo-
rithm. The convex MOO problem (8) contains CI constraints for MUEs and
PUEs, which can be solved by the interior point method [2]. The complex-
ity of solving this MOO problem in the worst case can be approximated as
O((K (N +2) + N(Np +2) +2)3?), where the numbers of optimized variables
and constraints are K Ny; + NNp and 2K + 2N + 2, respectively. The com-
putational complexity of the reflecting design mainly lies in the calculation of
the Euclidean gradient of u. The reflecting design in the proposed MGD-RM
algorithm requires computing the Euclidean gradient K + N times. Therefore,
the complexity of the proposed MGD-RM algorithm is given as O((K + N)M?).
As a result, the complexity of jointly optimizing SLP and reflecting design is
given as O(Tjer (K (Nas +2) + N(Np +2) +2)3° + (K + N)M?)), where T,
denotes as the iteration times of the AO algorithm, which is generally less than
10 in the simulations.

Algorithm 1. Proposed multiple gradient descent based on Riemannian mani-
folds algorithm.

1: Initialization: Set the iteration number ¢ = 1 and initialized point u;.

2: Calculate the Riemannian gradient of each objective function in (19), and initialize

the common search direction di = — ZfiﬁN air(uy).

3: Repeat:

4: Choose setup-length ¢, by using the Armijo backtracking line search
method [13].

5 Update ug4+1 by (20) with ¢4, ug and d,.

6: Update the Riemannian gradient gradJ;(uq+1) according to (21) with ug4+1

7 Calculate r;(ug+1) by Gram-Schmidt orthogonalization of gradJ;(ug+1).

8: Update the Riemannian gradient #441 according to (23) with gradJ;(ug+1).

9 Calculate d}, according to Riemannian transport operation (26) with d, and

Ug+1-
10: Choose the Polak-Ribiere parameter n, by [13].
11: Update common search direction dy11 according to (25) with £411, di, and 7.

12: Until: Convergence.

5 Simulation Results

In this section, we investigate the performance of our proposed scheme via sim-
ulations. Assume the MBS is located at the center of a macrocell, the IRS and
MBS are separated by dp;;r = 5 m in the perpendicular direction, and the PBS
and MBS are separated by djp;p = 300 m in the horizontal direction. The dis-
tance between the IRS and PBS is d;p = /d3,; + d3,p m. The serving radius of
the macrocell and picocell are set as rj; = 500 m and rp = 100 m, respectively.
The path loss model is given by PL(d) = Co(d/dy)~ %, where Cy = —30 dB is
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the path loss at the reference distance of dg = 1 m, and « and d are denoted
as the path loss exponent and link distance, respectively. We assume that an
MBS equipped with Nj; = 4 antennas serves 4 MUEs and a PBS equipped with
Np = 2 serves 2 PUEs. The IRS element number is set as M = 32. Denote
the path loss exponents of MBS-MUE, MBS-IRS, IRS-MUE, MBS-PUE, IRS-
PUE, and PBS-PUE as ANMMU, OMT, XTMU, OMPU, XTPU, and appy, respec-
tively, and let apypu = anpy =appy =3.5, and apyg = aryu = arpy = 2.2
The MUEs and PUEs are distributed randomly within a macrocell and a pico-
cell. Define dyspp € (0,73] and dppy € (0,7p] as MBS-MUE and PBS-PUE
link distances, respectively. Correspondingly, the IRS-MUE, MBS-PUE, and
IRS-PUE link distances are denoted as dryp € (|[dyar — darrl, dvvo + darr),
dyvpu € (dyp —dppu,dyup +dppu), and drpy € (drp —dppu,dip +dppu),
respectively. Furthermore, we consider the Rician fading channel model as the
small-scale fading model for all channels involved in this simulation. Hence, the
generalized channel is given by

1 1
H = (PL(d))* <1/1j_ﬁHLOS + \/:HNLOS> ) (27a)
HLOS = aps (ﬁAOD) aﬁ (ﬁAOA) 5 (27b)

- 27 D 27D
A

. T
a;(9) = [LeJT sind, -+ ,e? e (t — 1)sin19} , (27¢)

for t € {Ny, N,.}, where N; and N, denote the numbers of transmitted and
received antennas, respectively. When M or N is equal to 1, the above channel
will evolve into MISO or SIMO channel. In (27a), Hpos and Hypos represent
the deterministic light of sight and Rayleigh fading components, respectively.
The Rician factor k is set as a huge value for the channel between the MBS to
IRS and 3 for the other channels involved. In (27b), 9A9P and ¥AO4 denote the
angle of departure from the transmitter and that of arrival from the receiver,
respectively. In (27¢), D is the distance traveled by the path and \. is the carrier
wavelength. For the sake of simplicity, it is reasonable to assume that 94°P and
YAOA are uniformly distributed between 0 and 27 for all channels involved,
and D/); is equal to 0.5. The QoS requirements of the MUEs and PUEs are
denoted as Iy = I'v and I'p,, = I'p, respectively. All transmitted symbols
are generated randomly with QPSK modulation, and all simulation results are
averaged over 1000 independent channel realizations.

In Fig. 3, we present the average transmit power at the MBS and PBS versus
the QoS requirements of MUEs. In the legend, the considered HetNet using our
proposed algorithm is denoted as “proposed information sharing (IS)”, and the
scheme regarding information not sharing (INS) between the MBS and PBS is
denoted as “INS”, where the precoding matrix for the MBS is designed by SLP
while the precoding matrix for the PBS is adopted by the conventional precod-
ing method due to no knowledge of the information symbols of the MUEs. The
considered HetNets with the random phase setup of the reflecting coefficients
and without the assistance of the IRS are denoted as “IS w/ random phase” and
“IS w/o IRS”, respectively. The INS schemes with the random phase setup of
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M = 32 and &1 = & = 0.5, respectively.

the reflecting coefficients and without the assistance of the IRS are denoted as
“INS w/ random phase” and “INS w/o IRS”, respectively. From Fig.3(a), it is
noticed that the transmit power-saving at the MBS of the proposed scheme out-
performs the INS scheme and the schemes with the random reflecting coefficients
or without the assistance of the IS. It is also observed that the power-saving per-
formance of “IS w/ random phase” and “INS w/ random phase”, the lines of “IS
w/o IRS” and “INS w/o IRS” are almost overlapping, but both are worse than
the proposed scheme. This means that the power-saving performance of MBS
can be significantly improved by introducing the assistance of IRS in the HetNet.
Figure 3(b) presents the comparison of the average transmit power at the PBS
in our proposed scheme and the other schemes under different QoS requirements
of MUEs. The proposed scheme has a remarkable power-saving benefit over the
INS scheme due to the efficient exploitation of MUT and ICI by the PBS via SLP
and IRS, and the transmit power at the PBS reduces as the QoS requirements
of MUESs increases.

In Fig.4, we present average power at the MBS and PBS versus the QoS
requirements of PUEs. Figure4(a) shows that the transmit powers at the PBS
for the proposed scheme and other baseline schemes increases monotonically with
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Fig. 5. Average transmit power versus the number of reflecting elements, where 'y =
0 dB, I'p,, = 10 dB and & = & = 0.5, respectively.

the increasing QoS requirements of PUEs. Furthermore, it is also seen that the
proposed scheme outperforms the INS scheme thanks to the precoding design for
PBS via SLP in the proposed scheme. In Fig.4(b), we can see that the transmit
power at the MBS changes barely with the increasing QoS requirements of PUEs
in all schemes. The reason is that the received signal of MUEs is not interfered
by PBS, such that the MBS can still transmit the signal at the current power
levels despite variations in the QoS requirements of the PUE.

In Fig. 5, we present average power at the MBS and PBS versus the number of
reflecting elements. Since the larger number of the reflecting elements at the IRS
offers larger reflecting gains, the transmit power at the MBS decreases for the
proposed scheme and INS schemes with the increasing number of the reflecting
elements, as shown in Fig. 5(a). Moreover, the power-saving performance of our
proposed scheme always outperforms that of the other schemes. In fact, the
power-saving performance of the PBS can also be improved by optimizing the
reflecting coefficients. Figure 5(b) shows that the transmit power at the PBS in
the proposed scheme decreases with the increasing size of the IRS. The reason
behind this observation is that the reflecting coefficients are designed under the
SLP principle, which narrows in a reduced phase shift between the ICI and
desired signal intended fro the PUES and renders ICI more constructive for
PBS.

6 Conclusion

In this paper, we investigated a two-tier IRS-enhanced downlink HetNet, where
an IRS was deployed for assisting the MBS, which employs the SLP to handle
MUTI and ICI. The power minimization problems with two objectives were formu-
lated for the joint precoding matrices at the MBS and PBS as well as reflecting
coefficients at the IRS. To deal with the non-convexity of the MOO problems,
we proposed an AO method to update the precoding matrices and reflecting
coefficients alternatively. For optimizing the precoding matrices, we transformed
the MOO problem into an SOO problem by adopting the weighted Tchebycheff
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method and then acquired the solution with the standard optimization meth-
ods. In the reflection design, we developed the MGD-RM based algorithm to
obtain the local optimal solution. Simulation results demonstrated the superior-
ity of deploying IRS and employing SLP in HetNet and the effectiveness of our
proposed algorithms.
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