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I. INTRODUCTION

The fifth-generation (5G) mobile communication is required not only to provide users with
more immersive business experiences, but also solve the communication problem between people
and things, things and things. This leads to the emergence of a few dominant candidates, such
as massive multi-input multi-output (MIMO), milimeter wave (mmWave), carrier aggregation.
Though the candidates can meet the requirements of 5G to some degree, there still exist some
problems. The mmWave signal is easily blocked by buildings and vulnerable to bad weather. The
hardware of massive MIMO is difficult to implement due to dedicated radio frequency chains.
Besides, the increase of users and services will result in high energy consumption. All these
bring about new challenges to 5G systems [1].

To alleviate the dilemma, the intelligent reflecting surface (IRS) has emerged. The IRS consists
of a large array of passive scattering elements with low cost. By deploying it in the radio envi-
ronment, e.g. advertising panels and building walls, the IRS can assist wireless communications
and information sensing effectively. Hence, it attracts a lot of attention from the academia as well
as the industry and various works have been conducted in the IRS-related area from hardware
implementation [2] to algorithm design.

The existing studies showed that the joint transmitter and IRS design could improve the
system performance [3]-[20]. Specifically, the communication rate or capacity optimization was
conducted in [4]-[11]. For instance, the capacity of IRS-aided MIMO systems was enhanced
by jointly optimizing the MIMO transmission covariance and the reflection coefficients at the
IRS [6], [8], while a genetic algorithm (GA) was proposed to maximize the sum rate of all
users in IRS-aided multiple-input single-output (MISO) systems [9]. Moreover, some researches
considered the optimization of symbol error rate (SER) [12] and signal-to-noise-plus-interference
ratio (SINR) [13] in IRS-aided systems. With discrete phase shifts, the IRS reflecting elements
and the precoder at the transmitter were jointly optimized to minimize the SER for IRS-aided
point-to-point MIMO systems [12]. A multi-beam multi-hop routing problem for a multi-IRS
aided multiuser MISO system was studied in [13], where the optimal IRSs and their beam
routing paths for users were selected and the beamforming at the BS/IRSs was designed in
order to maximize the minimum received signal power among users. Aiming at minimizing the

transmit power, the transmit precoding at the access point (AP) and the reflect phase shifts at
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the IRS for IRS-aided MISO systems were jointly designed [16], [17]. In further, there were
also a few works that minimized the detection mean square error (MSE) at the receiver so as
to improve the IRS-aided system performance [19], [20]. For example, the problem of model
aggregation for the federated learning with the aid of multiple IRSs was studied in [19], in which
the transmit power at devices, the receive scalar at the base station, and the phase shifts at IRSs
were jointly designed by minimizing the MSE. Currently, the IRS-aided MISO or single-input
single-output (SISO) systems have been extensively studied [3], [4], [9], [13]-[19], while there
is still research room for IRS-aided MIMO systems.

Note that the aforementioned literature [3]-[20] requires perfect channel state information
(CSI). However, due to the limited length of pilot sequences and the feedback latency, perfect
CSI is difficult to be obtained in practice. Taking the estimated CSI as perfect will cause the
system performance degradation. Hence, the robust design against the CSI error in IRS-aided
systems is of significance and a few related works have been conducted [21]-[29]. Aiming at
minimizing the transmission power subject to some quality of service (QoS) constraints, the
beamformer at the transmit and phase shifts at the IRS were jointly designed in [21]—-[24]. For
instance, a robust design framework was proposed for IRS-aided communication systems in the
presence of user location uncertainty [24], where the transmit beamformer and IRS phase shifts
were designed in order to minimize the transmit power while ensuring the user rate is above
a threshold for all possible user location error realizations. The robust transmission designs for
IRS-aided multi-antenna systems in the presence of channel uncertainties have been proposed
to maximize the system sum rate [25], [26]. Besides, some researches considered the problem
about the detection MSE [27] or energy efficiency [29]. However, most current works focused
on the IRS-aided MISO system [22]-[29]. To the best of our knowledge, there have been no
works on the robust design for IRS-aided MIMO systems.

From the above literature review, we can see that there is still much room for the study of
IRS-aided MIMO systems. Compared with MISO systems in which only a single beamformer
is considered, multiple beamformers that form the precoder matrix should be designed at the
transmitter of the IRS-aided MIMO system. The IRS reflection coefficients need to enhance the
effective channel composed of a direct link and a few cascaded channels, meanwhile balancing
the power allocation among multiple beamformers. Moreover, the coupling between the precoder

matrix and the IRS reflection coefficients becomes more complicated. Mathematically, the objects
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handled by the problem in IRS-aided MIMO systems are matrices whose processing is usually
more difficult than vectors in MISO systems. Next, we discuss the criterion of the joint design in
this article. A few performance metrics can be considered as the design criteria, e.g., the capacity
[6], [8], SER [12], outage, and MSE. Usually, the capacity is derived with the assumptions of
Gaussian codes used by the transmitter and Gaussian noises in the channel [30], whereas the
MSE has no such assumptions, the optimization of which has more applications, e.g. the case of
non-Gaussian noise. On the other front, compared with the SER-based metric, optimizing MSE
is more likely to obtain the solution analytically. Due to these reasons, we adopt the MSE-based
metric for the design. The main difficulties for the joint design in IRS-aided MIMO systems
lie in that the coupling between the precoder and IRS reflection coefficients and the inverse of
a matrix parameterized by many variables. Moreover, the coupling is more complicated for the
case of imperfect CSI by comparing with the perfect-CSI case, which brings more challenges
to the joint design.

Based on the above, with the MSE-based metric, this paper studies the joint transceiver and IRS
design for IRS-aided MIMO systems under both the perfect CSI and imperfect CSI. Specifically,
the precoder at the transmitter, reflection coefficients at the IRS, and equalizer at the receiver
are jointly optimized in order to minimize the data detection MSE. The main contributions of

this work are outlined as follows:

1) To the best of our knowledge, this is the first work to study the joint transceiver and IRS
design whose aim is to minimize the data detection MSE. This is also the first work to study
the robust joint transceiver and IRS design against channel uncertainties for IRS-assisted
MIMO systems, whereas the most previous robust designs are for MISO systems'.

2) For IRS-aided MIMO systems with perfect CSI, we formulate the joint design problem that
minimized the detection MSE subject to the transmission power constraint and the modulus
constraints for IRS reflection coefficients. The problem, nonconvex and hence challenging,

is solved under the framework of alternating optimization. Given the precoder, we exploit

'The main differences between this paper and [27] lie in two aspects: 1) The system models are different, i.e., the MIMO
system is used in this paper instead of the MISO system in [27]; 2) the channel error models are also different, i.e., the error
model of this paper considers the channel correlation while [27] did not consider it. In addtion, there are two major differences
between this paper and [20]. One difference is that [20] adopts the nonlinear transceiver, i.e., Tomlinson-Harashima precoding
at the transmitter and decision feedback equalizer at the receiver, while this paper uses a linear structure. Another difference is
that we consider the optimization for the amplitudes of IRS reflecting coefficients, instead of the unit-modulus assumption in
[20].
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an iterative algorithm and solve the reflection coefficients successively, i.e., each time only
one coefficient is optimized. The optimal angle of the coefficient is derived in a closed
form while the optimal modulus can be found via one-dimension (1D) line search.

3) For IRS-aided MIMO systems with imperfect CSI, we present a more generalized statistical
CSI error model in which only the first and second moments are specified while the
distribution is not. With this model, we average the detection MSE over CSI errors and
formulate the robust design problem that minimizes the average MSE subject to two
constraints. Since the objective of the problem is intractable, we derive an upper bound
and replace the original objective. After a few elaborate manipulations, the robust design
problem is arranged into a form similar to the problem with perfect CSI, and hence can
be readily solved.

4) The joint transceiver and IRS designs under both perfect CSI and imperfect CSI are
evaluated by extensive numerical results. The results show that, the proposed joint design
under perfect CSI is able to achieve the lowest detection MSE among all the benchmark
schemes. Compared with the non-robust design, the proposed robust design against chan-
nel uncertainties exhibits significantly better performance in terms of both MSE and bit
error rate (BER). Even with imperfect CSI, the exploitation of IRS has benefits to the
improvement of system performance.

The rest of this paper is organized as follows. The IRS-aided MIMO system model is described
in Section II. The joint transceiver and IRS design with perfect CSI is considered in Section
III, while the robust joint design against the imperfect CSI is studied in Section IV. The effects
of various system parameters on the performance of the proposed algorithms are presented in
Section V, followed by conclusions in Section VI.

Notations: Vectors are denoted by boldface lowercase letters and matrices are denoted by
boldface uppercase letters. C™*"™ represents the set of m x n complex matrices. For a scalar
x, |z] takes its integer part. For a vector x, diag{x} stands for a square diagonal matrix with
x’s elements on the main diagonal; x >~ 0 means x; > 0,Vi, where z; is the i-th entry of x.
For a matrix X, the notations X*, X7, and X" denote the conjugate, transpose, and Hermitian
transpose of X, respectively; Tr(X) and rank(X) denote the trace and rank of X, respectively;
Re(X) and Im(X) take the real and imaginary part of X, respectively; [X],,, is the (m,n)-th

entry of X; X = 0 means that X is positive semidefinite. We write CA'(u, R) to represent a
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] Equivalent channel:

H=H,+R®T
Transmitter Receiver

Fig. 1: The system diagram.

complex Gaussian distribution with mean g and covariance matrix R. Besides, |||/ . denotes the

Frobenius norm, E(-) denotes the statistical expectation, and I, is an m x m identity matrix.

II. SYSTEM MODEL

As in Fig. 1, consider an IRS-assisted MIMO communication system with Ny transmit
antennas and Ny receive antenna. The incorporation of the IRS provides a non-light-of-sight
(NLOS) path between the transmitter and the receiver and hence improves the communication
quality. The IRS consists of M independent reflection elements whose coefficients can be
dynamically adjusted by a controller. The coefficient of the m-th element is expressed by
Oy, = pmejem, where 0 < p,, <1 and 0 < 0,, < 27 are the amplitude and phase of element m.
The transmitted signal arrives at the receiver through both the direct and reflection paths. Denote
by Hy € CVr*Nr R € CV»*M_and T € CM*N7 the channel matrices from the transmitter
to receiver, the IRS to receiver, and the transmitter to IRS, respectively. The equivalent channel

matrix between the transmitter and receiver is given by [6]
H=H,+ R<I>T

! 1 1 (D

1 1 1 1
where R £ | /G2 W o Hoy oW T 5 and T £ /5 Hw 175 go, g1, and g are the path losses
of the direct link, the transmitter to IRS link, and the IRS to receiver link, respectively; ® is

the reflection matrix and ® 2 diag {ay, -+ ay}; Hyo € CVRNT consists of i.i.d complex
Gaussian random variables with zero mean and unit variance, and H,,; € CNrXM and H,» €
CM>*Nr have similar definitions; ¥ ro and Wr( are the transmit and receive correlation matrices
for the direct link, respectively; similarly, {Wr;, ¥y} and {¥ro, ¥ro} are defined for the

transmitter to IRS and the IRS to receiver links, respectively. Note that, the direct link, the
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transmitter to IRS link, and the IRS to receiver link are numbered 0, 1, and 2, respectively.

Denote by s € C%! the data to be sent, where 1 < d < Ny is the number of symbols. With
the aid of a linear precoder matrix F € C¥7*4, the transmitted vector is expressed by s = F's.
We assume that the symbols of s are independent and with unit power, i.e., E (ssH ) = I,
Hence, the average transmission power is | (éH é) = Tr (FFH ), satisfying Tr (FFH ) < Pr,
where Pr is the maximum transmission power. The received signal, denoted as r € CV&*!  can
be expressed as

r = HFs +n, ()

where n is a zero-mean random vector with covariance R,,.

At the receiver, with the aid of a linear equalization matrix G € CN7*V&_ the transmitted data

is estimated by s = Gr. Consequently, the MSE of data detection is given by

MSE =E |38 —5)" (5 - s)} ~E {Tr [(Gr —8)(Gr — s)H] } . 3)

Notice that the transmitted data s has been normalized and hence, the MSE is normalized
accordingly.

This paper aims at jointly designing F, G, and @ in order to minimize the detection MSE.
In what follows, we will consider two cases according to whether perfect CSI is available for
the system and design {F, G, ®} for them respectively.

Remark 1: On the system model, a few things need to be further discussed. First, the noise
n is not limited to the Gaussian noise and it can be non-Gaussian and colored. Second, the
transmit signal x can be either the Gaussian code or with simple signal constellations, e.g.
BPSK. Third, the phase shifts of IRS reflection coefficients are assumed continuous instead of
discrete. The proposed design in this paper is not suitable for the discrete case [16], in which
the integer programming will be involved. Fourth, different from most literature, the amplitudes
of IRS reflection coefficients in this paper are assumed to vary within [0, 1]. This may result in
a complicated control. However, the corresponding research is still theoretically meaningful.

Remark 2: As in (1), the Kronecker model is used for the modelling of the equivalent channel.
In fact, it has been widely used in current works [31], [32]. Ref. [31] discussed this model in
detail and presented its suitability condition [31, Propositions 3.1, 3.2]. Besides, in general,
there are three types of spatial correlation models for MIMO channels, including the physical

parameter-based model [32]—[34], exponential type [35], and uniform type [36]. All these types
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can be used for the IRS-assisted MIMO system model. The first type, though quite complicated,
1s an accurate model for real-world scenarios. Hence, it is used for most cases in the simulation.
The second, a single-parameter model, is simple but allows one to study the correlation effect in
an explicit way. Hence, for few cases where the effect of channel correlation is specially studied,

the second type is used.

III. JOINT PRECODER, REFLECTION COEFFICIENTS, AND EQUALIZER DESIGN WITH

PERFECT CSI

This section considers the case in which the system has perfect CSI. The joint precoder,
reflection coefficients, and equalizer design is formulated as a nonconvex optimization problem.
The alternating optimization framework is used to tackle this problem, where the problem is
divided into two subproblems and the variables ® and F are optimized alternately. For the

subproblem of optimizing ®, the IRS reflection coefficients are successively optimized, i.e.,
M

m=1

each time only one single variable in {«,,} is optimized while the other M — 1 variables

are fixed. By doing so, the complicated coupling among these coefficients can be avoided.

To start with, the MSE in (3) is further expressed as
MSE = E, {Tr [(GHFS + Gn—s) (GHFs + Gn — s)H] }
— T {(GHF - 1) E, (ss") (GHF — 1) } + Tr [GE, (nn"") G| 4)
— Ty [(GHF 1) (GHF — Id)H] +Tr [GR.G]
where R, is the covariance matrix of the noise vector n. Given F and H, the optimum linear

GOPT is obtained by setting 25E = (GHF — I,;) (HF)"” + GR,, = 0, which yields

receiver

GOPT — (HF)? [Rn + HF(HF)H] . 5)
Substituting GOF'T into (4), we have [37, Section IV.A]

MSE = Tt I, — (HF)" (HFF/H" + R,,)'HF|

6
= Tr | (I + FYHYR,'HF) | ©

With (6), the design problem is formulated as P;. Note that, to highlight the two parameters F

and ®, we write the objective function as MSE(F, ®). It is clear that P, is nonconvex due to
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the coupling of F and ®. Hence, the alternating optimization framework is adopted so that the

variables F and ® can be treated separately.
Py: min MSE(F, @) = Tr [(Id + FHHHR;HF)*}
s.t. Cy:Tr (FFH) < Pr
Co:ilay| <lm=1---M
Cs: ® =diag{aq, - ,an}.

A. The Framework of Alternating Optimization

Under the alternating optimization (AO) framework, we divide P; into two subproblems and
solve them alternately.
1) Optimizing F given ® : Clearly, given ®, P, is convex with respect to F. The optimal F

has the following structure [37, Theorem 1]:
F=UrAp, (7)

where Ug € CV7*? has as columns the eigenvectors of H” R 'H corresponding to d’ largest

cigenvalues, d' = min (d, rank (Hg)), and Hy = H'R;'H; Ap = | diag (Dwi}ly) 0 | e

1 +
C¥*4 with \p; = \/(,u gl — )\;ﬁ”) , Mg’ are the d’ largest eigenvalues of Hg, (z)"

means max(z,0), and p > 0 satisfies the equation Z Api=Pr.

2) Optimizing ® given F : First, this subproblem termed as P, is expressed as

P, : min MSE(F,®) = Tx [(Id + FHHHRngF)_l}
s.t. CQ, Cg
For P,, we would like to solve it by optimizing «,,’s successively, i.e., each time only one

variable «,,, is optimized while «;’s with i # m are fixed. The details are presented in the

following subsection.

B. Successive Optimization of the Reflection Coefficients (SORC)
In this subsection, we propose an algorithm for optimizing the reflection coefficients {«,,}
successively. That is, at each iteration, only one reflection coefficient «,, is optimized with

{ag,i # m}M, given.

To start with, we rewrite the effective channel H as
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M
H=H,+R®T =H;+ > amrmt%, (8)
m=1

where r;,, and t,, are the m-th columns of R and TT, respectively. Let H, = R, HOF
R =R, 2R T=TF, and H = Ho +R®T. With (8), the MSE expression can be re-arranged

as
MSE(F, ®) = Tt [(Am By + ol B } |

H
~ M ~ ~ M ~ ~ ~
where Am = Id + (HO -+ Z a,f‘,t?) <H0 + z O[ZthZT) + |Oém|2(fmt%)H (f‘mtg;)
i=1,i#m i=1,i#m
H

~ M - -
and B,, = [ Ho+ > o;fit!] | T,,tL.
i=1,i#m
Then, given {o;,i # m}M,, we consider the following problem.

Po-p : min Tr [(Am + am By + @;Bg)_l}

Am

s.t. o, <1

The module and phase of «,, will be treated separately. With «,, 2 pme®m, P2-m can be

equivalently written as Py, : . <mm< ) f1(pm), where
SPm>

S (prn) = Wi g (o, érm) STy [(Am + pm€ "B, + pme‘”""Bﬁ)_l} : ©)

Note that, for ease of exposition, we rewrite the MSE expression and define ¢(pp,, ¢,,) with
respect to p,, and ¢,, in (9).

Given p,,, solving fi (p,,) can be divided into the following two cases according to whether
Tr (A,'B,,) = 0.

1) Tr (A,'B,,) # 0: With the definition of B,,, one has rank(B,,,) < 1, leading to rank (A x
B,,) < 1. As Tr (A,'B,,) # 0, we must have rank(A,'B,,) = 1. Otherwise, rank(A, 'B,,) =
0 will result in A,'B,, = 0 and Tr (A,,'B,,) = 0, which contradicts the prerequisite.

The function ¢(p,,, ¢,) can be further expressed as

N

1 1\ —1
q(pm, dm) = Tr [A2<Id+p 0 A B An + pme 0 AL, QBHA 5) A, ] (10)

According to the Schur’s triangularization theorem, any square complex matrix X is unitarily
similar to a upper triangular matrix whose diagonal entries are X’s eigenvalues [38, Theorem
1 1

2.3.1]. Therefore, A2 BmA;ni can be factorized as
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1 1
2
3 1 _1
4 A.’B,A.% =U,,C, Ul (11)
5
? where U,, € C?™*? is unitary, and C,, = (c;;) is upper triangular with diellgonal ellltries cip #0
8 and ¢; = 0,7 > 2. Clearly, rank(A,'B,,) = 1 is equivalent to rank(A;FBmA,;i) =1; ¢pp 18
9 1 1 1 _1
10 the unique nonzero eigenvalue of A,,>?B,, A, and ¢;; = Tr (Am2 BmAmQ) = Tr (A,'B,,).
:; Further, we have the following lemma on the structure of C,,.
13 Lemma I: All entries of C,, are zeros except for those in the first row, i.e., ¢;; = 0,Vi >
14
15 2,75=1---d.
16 . . . . .
17 Proof: If there exists some c¢;,; # 0 (ig > 2, i9 < j), the io-th row and the first row must be
:g linear independent. In other words, the rank of C,, is at least 2. This contradicts the prerequisite.
20 Let UZA-1U,, be partitioned as
21
22 tyy ti
23 USA U= 0 2] (12)
24 tor Ta
;2 where t;5 € Cl4~D*1 and Ty, € C4~D*x(@=1) With (12) and after a few manipulations, ¢(py,, )
;; can be finally expressed as
29 t11+Tr TQQ(_:(_:H - 2/01‘ COs (Qsm + ¢f)
30 Q(pm: ¢m) — [ ( — 2 )} ; + TI" (T22) ) (13)
31 (1 - ”CHF) + 2pc COS (Qbm + ¢(:)
32 _ —is 1 (d—1)x1 i j
33 where € = p,e™’ m[ Clg -+ Cid } eC s P =P | crp -0 C1d ] to1, and pe’%e
gg = c¢y1. The derivation of (13) is given by Appendix A.
36 Given p,,, the function ¢(p,,, @) is a periodical function of ¢,,. It is not difficult to find that,
37
38 q(pm, ¢m) has two extreme points within a period: one is the maximal point and the other is
ig the minimal point. Clearly, the latter is the desired solution. By setting W = 0, it can be
2; derived that the minimal point is
43 - Cst,1Pe _
e ¢r, = arctan { o, T oot (¢4 gbc)} 1
45 ) 2 ) )

. Cst,1 COt(¢t_¢c)Cst,2 Cst,2 o
46 + arccos 2 [(pt ST E—" + o ) + P2 } Ge
47
48 )
49 where ¢y = t114+Tr (Toscc?) and g0 = 1 — |||
50 1 1
51 2) Tr (A,'B,,) = 0: Inthis case, Tr (A['B,,) = Tr (Am2 BmAmQ) = 0. Ifrank (A,'B,,) =
52 _l _l
53 0, it follows that A 'B,, = A,,°B,,A,,2 = 0 and any ¢,, is optimal. Hence, we emphasize at
54 1 _1
55 the situation where rank (A 'B,,) = rank (Am2 BmAm2> =1
56
57
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59
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12

1

As it has rank one, A B nAm? can be expressed as the product of two nonzero vectors
1
X, Ym € C1 e, Am2 B,, A2 =x,,y. For notation brevity, we use x, y instead of X,,, y.n

in the subsequent derivations. With this formula, ¢(p,,, ¢,,) in (10) is expressed as
4(pm> dm) = Tr [A;? (s + prme’omxy™ + pme‘j‘z”"ny)flAﬂ : (14)

To further exploit the function ¢(p,, ¢.,), we introduce the Sherman-Morrison-Woodbury for-
mula [38, Eq. (0.7.42)): (X +abf) " = X! — XX \ith this formula, one has

(La+ prei®xy™) ™ =T, = ppe?® xy™ and

(L + pmemxy™ + preiomyxt) ™!

_ i il (Tatpme®mxy ™) ™ g i6m s (Tt ppueiomxy i) (15)
1+pme—iomyH (Id+pmej¢mxyH) <

Noticing that Tr (A;}Bm) = 0 results in y?x = x"y = 0 and after a few manipulations, (15)

can be finally expressed as

L + pmei®mxyt + p,e"i¢myxH -1
(d p P ) (16)

pmej¢m XyH+pm67j¢mny
2 2
L=z [y I

= T + [Ix|[5 yy™ + [y |7 xx —
Substituting (16) into (14), one obtains
q(pm> dm) = Tr [A‘l (Lo + 1[5 yy™ + [y 7 xx)]
Tr [A (pmej‘bmxyH—i—pme_j‘bmny)}
rRe {7 Tr (A ’B,,)},

1- ”x”F Iylz

S 1- ||X||F ||}’HF

= Cst,3 —

where cq 3 = Tr [A; L (I + [|[x[| 5 yy™ + |ly|| 7 xx!)]. Clearly, given p,,, the optimal phase that
minimizes q(ppm, o) is ¢, = —arg [Tr (A, ?B,,)], where arg|z] takes the angle of z.

To sum up, the optimal solution to r(ri)lin q(pm, ¢m) is given by

—arg [Tr (A, *Bn)], if Tr (A;,'By,) = 0;
Cst,1 cot(Pt—Pc)Cst 2 cgt _%
P = arccos {_2 l(ﬁt =g T = pf 5 ’2> T sz} } (7
st,1Pc
—l—arctan{p s T cot (¢r — ¢c>} = @, else.

Since fi(pm) = rg;n q(pm, ¢m) has been solved, Py, can be solved by one-dimensional
line search of fi(p,,) over 0 < p,, < 1. Subsequently, the method of successively optimizing
reflection coefficients is summarized in Algorithm 1.1.

Finally, we briefly analyze the convergence and complexity of this algorithm. First, given

m, the optimal solution to P,_,,, is obtained from Step 2. Hence, this algorithm will generate
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i Algorithm 1.1: The proposed SORC algorithm for Ps.

5 Input: F, R, T Hy, R, d, Pr

6 Output: {o,, }M, ‘

7 1: Randomly generate {a,, = p,,e’®" }M with 0 < p,,, < 1,Vm.

8 2. for m =1to M do

? 0 With (17), s(*)lve P5-., by one-dimensional line search of f;(p,,) over 0 < p,, < 1. Denote
1 ar, = pr.e’¥m as the optimal solution to Po-y,.

12 Update a,, := ag,.

13 end for

14 3: Repeat Steps 2-3 until convergence.

15

16

17

18 . . . . . .

19 a series of non-increasing MSEs, i.e., the objective values of P,. On the other hand, the MSE
;? is lower bounded (larger than zero) and it follows that the algorithm converges. Moreover,
;g considering that all «,,’s are not coupled in P5’s constraints, the limit point generated by
24 this algorithm satisfies the Karush-Kuhn-Tucker (KKT) condition of P, [39] and it is a KKT
25

26 point. Second, for X € C™*", its Schur triangularization has the complexity of O (n?). The
;; computation of this algorithm mainly lies in Step 2, where the Schur triangularization and a
29 few matrix multiplications are involved. The complexity of this algorithm can be summarized as
30

31 O [I,I,M (d® + d?Ng + NrNr)], where I, is the outer iteration number and I, is the modulus
32 . . .

33 samples’ number in one-dimension search.

gg‘ Remark 3: For the case where only the phase shifts can be tuned, i.e., |a,,| = 1,Vm, the
36 optimal phase for P, can be solved by setting p,, = |a,,,| = 1 in (17). The proposed Algorithm
37

38 1.1 is also available for P, with unit-modulus constraints for IRS coefficients except for a slight
ig change. That is, solve P, by setting p,, = 1 in Step 2, instead of one-dimensional line search
41 over 0 < p,, < 1.

42

43

44 :

45 C. Overall Algorithm

46

47 In the previous subsection, we have proposed an algorithm to solve P,. This subsection
23 presents the complete alternating algorithm of solving P;. As aforementioned, this algorithm
50 iteratively solves the two subproblems in subsection A, which can be summarized in Algorithm
51

52 1.

gi Algorithm 1 is under the alternating optimization framework, and it is clear that the objective
gg of P, is non-increasing with each iteration. Since the objective, larger than zero and hence lower
57
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59
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Algorithm 1: The proposed algorithm for P;.

Input: R, T,Hy, R, d, Pr

Output: F, <I> G

. Randomly generate {c,, = p,,e/®"}M, with 0 < p,, < 1,Vm.
Given ® = diag{ay, - ,ay}, solve F according to (7).
Given F, solve {a,,}}, by Algorithm 1.1.

Repeat Steps 2-4 until convergence.

Solve G by (5).

RANF

bounded, does not increase with the iteration number, Algorithm 1 converges. Further, due to the
fact that F and @ are not coupled in P;’s constraints, the limit point by Algorithm I is a stationary
point of P;. Besides, considering that the eigen-decomposition for X € C™*™ has the complexity
of O (n)®, it can be shown that Step 2 has the complexity of O (MNzNy + N3Ny + N3).
With the complexity analysis on Algorithms 1.1 in the previous subsection, it can be found
that Algorithm 1 has the complexity of O {Is; [[1[oM (d* + d*Nr + NgNr) + N3Nz + N3]},

where Iy, ; is the outer iteration number.

D. Further Discussions

This subsection further explores problem P;, in which we present the optimality condition for
the IRS coefficient, study a few special cases, and discuss the group-based optimization scheme.

To begin with, we have the following proposition on the optimal «,,.

Proposition 1: If «,, satisfies (34) and |«,,| < 1, it is a candidate solution to Py_,. Otherwise,
the optimal «,,, must satisfy |a,,| = 1.

This proposition presents the optimality condition for «,,, the proof of which is given by
Appendix B. With (17), we may first find a solution by setting |«,,| = 1, denoted as &,,. Then,
solve (34), obtaining another solution, denoted as &,,, and verify whether &, satisfies |&,,| < 1.
If this condition does not hold, the optimal solution to P, is &,,. Otherwise, choose a better
one from &, and &,, by comparing their objective values. Instead of 1D line search for the
optimal «,,,, Proposition 1 provides another approach, where an equation in complex variable is
involved and one may resort to the Newton-type iterative algorithm for complex variables [40].

Then, we study a few special cases.
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1) Beamforming Transmission: In this case, the number of data stream d = 1 and the precoder
matrix F € CV7*¢ becomes a column vector. Given ®, the optimal F = /Prupp, where
upp € CM7*1 is the eigenvector of H R 'H corresponding to the largest eigenvalue. Given F,

with (9), the objective of Po_, is

H
3 M . . M .
4Py &m) = |1+ (Ho + > Oéﬁ'ﬂf) <H0 + > aifit?>
i=1,im i=1,itm
2/~ 7\H = 7 " -1
+lovm| " (Fmth) " (Fmtl) +omBim + a;kan} ,
where a,, 2 pm€’®m. Clearly, min q(p,,, $,,) is equivalent to max]amlz(f'mfﬁ)H (fmfﬁ) +

amB, +ai, B The optimal solution can be shown to be p%, = 1,¢%, = —arg {B,,}.

2) MISO/SIMO: We consider the MISO case. Given @, the optimal F = /Pruy;so, where
uynso € CN7%1 s the eigenvector of HZR'H corresponding to the unique nonzero eigenvalue.
Given F, the objective of Py, is

4(Pmy b) = Tr [(Id n FHHHR;1HF)*1}
= Tr [(1+HFR,'FHT) | +d -1
— (1+HFR,'F"H") ' +d -1
— [AL + anB,+a;,(B),)"] N

where A/ =1+ (HO M Listm o, Tt ) (Ho +M it QT t ) + | P (F 6D ) (£t L) H
and B!, = ©,,t7 (Hy + Y, it QT 7). The optimal solution can be shown as pf, = 1, ¢%, =
—arg {B/,}. In addition, similar analysis can be conducted on the SIMO case, which is omitted
for brevity.

Finally, we discuss the group-based optimization scheme. The group-based IRS optimization
strategy was proposed in [41], where the IRS units were partitioned into several groups and then
optimized in two stages. This scheme is quite effective for large IRSs by exploiting the tradeoff
between complexity and performance. Here, we borrow this concept and preliminarily explore
the group-based optimization. Divide M elements into N groups and each group has M/Ng

elements. The effective channel 18 rewritten as

M/Ng
H=H,+ Z Tt = Hy + Z B¢ Z St |
m=1 =1

where a,,, = ¢ ij with m = (i — 1) NLé + 4, 8% is the intergroup coefficient for group 4, and
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fj is the intragroup coefficient for element j in group i. We further assume that only one set

of mtrejlv,f[;roup coefficients is used, 1i.e., fj = ij,Vz. In this way, only two sets, { B; }1':1 and

{ij ji(’i, need to be optimized, and the number of optimization variables is Ng + M /Ng. The

group-based optimization is still under the framework of alternating optimization, i.e., two sets
are optimized alternately. For optimizing one set of variables, each time we only optimize one
single variable with others being fixed. The details are omitted for brevity.

Besides, there is a simpler group-based scheme, where Bf’j = 1,¥4, 5, i.e., the intragroup
coefficients are assumed to be identical. Hence, only { /)’ZG}ZCI needs to be optimized and the
number of optimization variables is reduced to Ng. The performance of both schemes will be

evaluated by computer simulation.

IV. JOINT PRECODER, REFLECTION COEFFICIENTS, AND EQUALIZER DESIGN WITH

IMPERFECT CSI

In the previous section, we have optimized the linear transceiver and reflection coefficients
under the assumption that the system has perfect CSI. Specifically, the direct channel matrix H,
is exactly known; either the two matrices R, T or the cascaded matrices r,,t? . Vm are exactly
known. However, in practice, it is difficult to obtain perfect CSI due to the followings: 1) The
channel noise and Doppler effect reduce the quality of channel estimation; 2) for an IRS-aided
system, the available pilots appear insufficient due to the large number of IRS elements; 3) the
pilot contamination due to intra/inter-IRS interference is also a negative factor. In this situation,
robust design in which the channel uncertainties are considered is of significance since it can
reduce the performance degradation and enhance the robustness of the system. Assuming that
only imperfect CSI is available for the system (i.e., both the transmitter and receiver), this section

studies the robust joint transceiver and IRS design against the CSI error.

A. Channel Error Model

This subsection presents a more generalized channel error model, where the mean and covari-
ance matrices of the channel error are specified, but the distribution is not.
We borrow the error model from the existing literature [42]—[44], in which the channel spatial

correlation is incorporated. Specifically, the estimation error matrix is modeled by
1 1
AH' = ©iH/ 63, (18)
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where ®, and Op are the row and column covariance matrices of AH', respectively; H/
consists of i.i.d complex Gaussian random variables with zero mean and unit variance. With
(18), it follows that vec ((AH')T) ~ CN (0,05 ® ©F), where vec(-) denotes the vectorization
operation and & is the Kronecker product. As will be seen later, the derivation of MSE is
only related with two covariance matrices ®,, ®g, and hence we generalize the model (18)
by not limiting the distribution of vec [(AH’ )T} In other words, the elements of H/, are not
limited to Gaussian distribution and vec [(AH')”] ~ F (0,05 @ ©F), where F(-) denotes
some distribution.

Based on the above, the estimated direct channel matrix is modeled by ﬁg = Hy,+ AH,, with
vec [(AHO)T} ~ Fo (0, Op)® @io) . On the other front, the cascaded channel, the product
of the transmit-IRS channel and IRS-receive channel, is often sufficient and used for the joint
design in IRS-aided systems [4], [6]. The robust joint design is based on the estimated cascaded
channels, which are modeled as fm =L,, + AL,,,Vm, where L,, € CNexNt 2 ratl, im is
the estimated L,,,, and

vec [(ALm)T} ~ Fm (0, Op,, ® G)gm) .
The estimation for L,,’s can be successively conducted [45]-[47] so that AL,,’s are independent.
Furthermore, with (1), it can be verified that the covariance matrices of L,,, are independent of
m. Since the covariance matrices of AL,, are closely related with that of L,,, we can further

assume that ©, ,,, and ©g,, do not depend on m, i.e.,

Oarm = Oars: Op;m = Oprs, VM.
Take an example. If the conventional minimum MSE (MMSE) method [42] is adopted to
estimate the cascaded channel, we have ©,,, = O, zs = g1920-(Ln, +0§\Il;:2)71 and

O, = Op ;rs = Y1, Vm, where o2 is the normalized estimation error variance.

In this way, the equivalent channel matrix with uncertainties can be written as
M N
H=H, + Zm:1 amrmt? = H+ AH, (19)

where H = ﬁo +>. o, L, and AH = AHy+ > o, AL,
Note that, in [48], the equivalent channel between an AP and a user was estimated, where
the IRS phase shifts were optimized based on the statistical CSI. While in this paper, the

IRS coefficients are optimized based on the instantaneous CSI, i.e., the MSE is minimized
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by optimizing the IRS coefficients based on the instantaneous estimated CSI. Therefore, the
estimated CSI can not contain the information of IRS coefficients and the estimation for cascaded

channels is suitable.

B. Problem Formulation

To overcome the impact of the statistical CSI error, we optimize the average MSE over channel
uncertainties, which is a commonly-used approach for stochastic channels [49]. The overall
logical flow is as follows. The first step is to derive the expected MSE expression over channel
uncertainties. Next, the equalizer G is optimized so that the MSE expression is simplified and
becomes a function of only two variables: F and ®. Then, with the aid of a matrix inequality, we
derive the upper bound of MSE. In this way, we will optimize the MSE indirectly by minimizing
the MSE upper bound.

First, with the channel error model, we derive the expected MSE expression over n, s, and
AH. The MSE in (3) is further expressed as

MSE = Epgan {Tr [(GHFS + Gn—s)(GHFs + Gn — s)H} }

(20)
= Ean {Tr [(GHF — 1) (GHF —1)"| } + Tr [GR,G"]

Substituting (19) into (20), one obtains
~ ~ H|
MSE="Tr [(GHF—Id> (GHF-1,) |+Tt[GRyG" 1B an { Tr[(GAHF)" (GAHF)]}. 1)

The third item on the right side of (21) is derived as

Eam {Tr [(GAHF)H(GAHF)_ }
=Tr [GEan (AHFF?AHY) GY]

M M H

m=1 m=1

=Tr {GEAH

aH } (22)

=Tr {G [Tt (FF#Ogy) Ong + 3, [m| Tt (FFYOp 1rs) Oams] GH}.

With (22), the MSE in (21) can be finally written as

e e e —~ H
MSE = Tr [G(K + HFFHHH)GH} fd—Tr (GHF) _ Tr(GHF) , (23)
where R
K =R, + Tr (FF7Og,) Oap + Zm || * Tt (FF? Op 1rs) O ks (24)
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Next, we consider the optimization of the equalizer G. Since the design problem does not

impose constraints on G, the optimal G can be solved by setting % = 0. It is easy to find
that the optimal G is
GOPT—(HF)" (K + HFF"H")". (25)
Substituting (25) into (23), after a few manipulations we have
N N1
MSE(F, &) = Tt [<Id v FHHHK*HF) } : (26)

in which we write MSE = MSE(F, ®) to emphasize that MSE is a function of F and ®.
Then, observe from (26) that, minimizing MSE(F, ®) is intractable due to the matrix K.
To handle the problem, we derive K’s upper bound and obtain MSE’s upper bound afterwards.

With (24) and [38, Theorem 4.2.2],
1 _1 1
K =R3 |In, + Tr (FF7O5) Rn?©,Rn?
1 _1
+2om |t | T (FF7Og 1rs) Rin 204 rsRn? Ry

: 27
< R2 [In, + Tr (FF?Op ) A% - Iy,
+ 30 T (FF Op 1rs) M4 - In | Ral
=R, [1+ Tt (FF7Op) N3 + 3" [, [*Tr (FFYOp ps) A§%%s]

1 1

1 1
where AT and A\Y{T%g are the maximum eigenvalues of Ry 205 0Rn? and Ry 20, 1rsRn

2
respectively. Substituting K’s upper bound into (26), we have an upper bound of MSE(F, ®):

MSEVP(F, )
FEHIR,'HF (28)

1
- (Id - (14T (FFH ©p,0) A28 4y, |0‘m|2Tr(FFHeB*IRS)Am§S}) ] |

Finally, for the joint design, we would like to optimize MSEYY(F, ®) instead of MSE(F, ®).

The design problem can be formulated as
P3 : min MSEYF(F, ®)
F.®
s.t. Cl ~ 03
For Pj3, it can be verified that the optimal F satisfies Tr (FFH ) = Pp. This can be proved by

using reduction to absurdity and the proof is omitted for brevity. Using this fact, P3 can be

equivalently written as
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min MSEVF(F, ®)

F,®

s.t. C : Tr (FF) =Py
Csy, Cs.

C. The Proposed Algorithm

Similar to the previous section III, the proposed algorithm is also under the framework of
alternating optimization, in which Pj is divided into two subproblems being treated alternately.
1) Optimizing F given ®: We define D = Iy, /Pr + A{5Opo + ATk Do |am]2@gms

e e\ -1
and write MSEUP(F, &) as another form: MSEYY(F, ®) = Tr [(Id + %) } . Let
1
f— _ D2F

. Given @, the subproblem of solving F' can be formulated as
Tr(FH DF)

A\t
HF)

N =

_ _ 1
P3-; :min MSEYP(F, &) = Tr <Id +FID 2H"R'D™
FF

s.t. C7:Tr (FFH) =Pr
1
C, F—__D2F
4 Tr(FEDF)
Concerning P3.;, we have the following lemma.

Lemma 2: P3.; is equivalent to the problem

P ;:min MSEYP(F, ®) = Tr
F

_ 1 1.\t
<Id + FHDiHHRr_IlD?HF> ]
s.t. Ir (FFH) =1.
Proof: See Appendix C.
1 1~
Since the matrix D"2H”R_ D 2H is positive semidefinite, P, is the same with the
problem [37, Theorem 1] in form so that the closed-form solution to P%_;, denoted as F*,

can be solved. Here, the details are omitted for brevity. When P%_; is solved, the optimal F' can

be readily given by .
F*— \/PTD_ﬁF*/\/Tr ((F*)HD*F*). (29)

2) Optimizing ® given F: Given {a;,i # m}M,, consider the following problem

Psopm: min fo (Pm) )

0<pm<1

where R 1
fa (pm) = Igin MSEYY = Tr {(Id + FHHHR;1HF) } , (30)
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a, = pmei®m, and R,, = R, Tr (F/DF). Notice that the matrix D does not involve ¢,, and
hence can be treated as a constant when optimizing ¢,,,. Consequently, only H involves Om- We
may arrange the objective of (30) as the form similar to (9) and solve the optimal ¢,, by (17).
Then, the optimal p,, can be solved by one-dimensional line search of f5 (p,,,) over 0 < p,,, < 1.
In a word, the whole processing is similar to Algorithm 1.2, the details of which are omitted.
Based on the above, the overall algorithm of solving P35 is proposed and summarized in Algo-
rithm 2. Similar to the convergence analysis on Algorithm 1, Algorithm 2 also converges and the
limit point generated by this algorithm is a stationary point of P5. Besides, it can be shown that the
computational complexity of this algorithm is O{Is, 5[I314M (d*+d* Ngr+ N Nr)+ Nz Nr+ N3 [},
where Iy, is the outer iteration number; /3 and I, are the iteration number and the modulus

samples’ number in Step 3, respectively.

Algorithm 2: The proposed algorithm for Pj.

Input: R, T, Hy, Ry, ©ap, Opo, Oars, Oprs. d, Pr
Output: F, &, G
1: Randomly generate {c,, = p,,e’*"}M, with 0 < p,,, < 1,Vm.
2: Given ® = diag {ay, - ,ay}, solve P4_; and obtain F*. Then, compute F by (29).
3: Given F, solve {a,,}}, by the similar algorithm to Algorithm 1.1.
4: Repeat Steps 2-4 until convergence.
5. Solve G by (29).

V. SIMULATION RESULTS

In this section, computer simulation is deployed to investigate the performance of the proposed
algorithms. Consider an IRS-assisted MIMO system with Ny = Ni = 4. Assume that both the
transmitter and receiver are equipped with a uniform linear array (ULA) while the IRS is with
a uniform planar array (UPA).

For the ULA, the (m,n)-th entry of the spatial correlation matrix Wy is modeled as [33,

Eq. (19)] exp [jQWdTA (m —n)sin ‘90}

0 o2 d )
1+ 2 [2792 (m — n) cos 6]

where 0, the mean angle of arrival (AOA)/departure (AOD), oy is the standard deviation of

[(PuLal, =7

the power azimuth spectrum (PAS), d4 is the antenna spacing, A\ is the wave length, and

%:ﬁ is a normalization factor. The antenna spacing d,4 is set to the half-wavelength
—exp(——-
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A/2. The tuples {6y, 0,}’s are set to {%,lio}, {%, 1“—0} {%,%}, and {%,110} for the correlation
matrices Wro, Wro, Wro, and W, respectively.

For the UPA, the (m,n)-th entry of the spatial correlation matrix Wypy is modeled as [50]

[‘IIUPA]m’n =N fez() ;:o;r:;ﬂ felev (9)fazim (SO) sin 6)

X exp |j2m (iy — ia) dyy sin 6 sin @] ;
x exp [j2m (j1 — j2) % sin 6 cos @] dfdy

where i, = LMﬂmJ’ g1 = m — My, iy = LMLIJ’ and jo = n — M,is, with M, being the
number of IRS elements in each row along the x-th axis; #, and ¢, are the mean azimulth
and elevation angles, respectively; d, and d, are the IRS element spacings on the z-th axis and
y-th axis, respectively; =, is a normalized factor; f.., () is the probability density function
(PDF) of the elevation angle, which follows the truncated Laplacian distribution [50, Eq. (1)];
fazim () is the PDF of the azimuth angle, following the Von-Mises distribution [50, Eq. (5)].
In the simulation, the IRS element spacings d, and d, are both set to A\/2. For ¥, and ¥r,,
we set {6, po,09,k}’s to {5,%°, % 5} and {%,%, 75,5}, respectively, where oy is the PAS
standard deviation of the elevation angle and « is the concentration parameter of the Von-Mises
distribution.

The large-scale path loss is modeled as f,.:,(d) = d~"°, where d is the path distance and ng
is the exponent. The tuples {d,no}’s are set to {100 m, 3.5}, {80 m, 2.3}, and {40 m, 2.2} for
the direct link, the transmitter to IRS link, and the IRS to receiver link, respectively. Besides, the

noise covariance matrix R,, = 3.2 x 107'°I, W and the number of data streams d = 2. Unless

specified otherwise, these parameter settings are available for all examples in this section.

A. Joint Design with Perfect CSI

We introduce six benchmark schemes for comparison:

1) No IRS: Design the optimal F and G without IRS.

2) Isotropic transmission: Set F' = % [ I, O }T. Optimize G according to (5) and ® with
Algorithm 1.1.

3) Beamforming: The special case presented in Section III.D.

4) Random reflection coefficients: Randomly generate {ai}f\il with |a;| < 1,Vi. Optimize F

and G according to (7) and (5).

December 18, 2021 DRAFT

|IEEE Transactions on Communications

Page 22 of 78



Page 23 of 78 Under review for possible publication in

23

0.04 F—— j ' I 0.05%%

----- E---- One channel sample ] 0.04 N —&— Scheme 1
0.03 —H&— Average over 100 samples |1 N —-©-— Scheme 2

oNOYTULT D WN =

i 0
12 0.01 148 16 32 64
Group number NG

14 Iterations
15 Fig. 2: The convergence of the proposed Fig. 6 MSE performance for group-based
16 Algorithm 1. schemes.

19 1071 ——+—— Isotropic transmission
. —-$>— Random reflection coefficients
—-<-— All-one reflection coefficients

28 1038 ——-— No IRS ==
29 — & — Method in Ref. [6] g
—#— Proposed algorithm (g

31 510 20 30 40 50 60 80 100
32 Number of reflection elements, M

33 Fig. 3: The effect of the element number M on MSE.

36 5) All-one reflection coefficients: Set o; = 1,V and only optimize F and G.
38 6) Method in Ref. [6]: Obtain the optimal transmission covariance matrix Q and the co-
40 efficients {ai}i]‘i1 by [6, Algorithm 1]. Note that when optimizing Q with the classic

water-filling method, the maximum number of data streams, to which the power can be
43 allocated, is d. Then, solve F = 1/Q and G by (5).

45 Fig. 2 shows the convergence behaviour of the proposed Algorithm 1, where M = 10 and
47 Pr = 15 dBmW. The MSE with one channel sample and that averaged over 100 independent
channel samples are presented. For both cases, the MSEs decrease monotonically and converge
50 after 4 ~ 6 iterations.

52 Fig. 3 shows the effect of the element number M on MSE, with Pr = 15 dBmW. Observe
54 that, the isotropic transmission has poor performance at small A/. When M > 20, it outperforms

the benchmark schemes 4 and 5. With moderate or large M, all the schemes with IRS are
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Fig. 4: The effect of the transmission power Pr on MSE.

superior to that without IRS, i.e., the benchmark scheme 1. The performance of the method in
[6] is the second only to the proposed algorithm. This is due to the fact that the design objective
of the method in [6] is to maximize the capacity, which is different from the objective in this
paper. Besides, the MSEs for all the schemes with IRS decrease monotonically with M, which
illustrates that large reflection elements are able to bring the performance gain.

Fig. 4 presents the effect of the transmission power Pr on MSE, with M = 40. Observe that,
all MSEs decreases with Pr. It is clear that increasing Pr leads to larger signal-to-noise ratio
(SNR) and better performance. The isotropic transmission outperforms the benchmark schemes 4
and 5, which demonstrates the importance of optimizing the coefficients {«;}. Compared with the
benchmark scheme 6, the proposed algorithm has about 1.0 dB power gain within 0 < Pr < 25
dBmW. Again, the proposed algorithm has the best performance, followed by the benchmark
scheme 6.

Fig. 5 shows the effect of the UPA correlation on MSE, where M = 40, Pr = 15 dBmW, and
the exponential model is used for the modelling of UPA. The correlation coefficient between
two IRS elements with co-ordinates (i, j;) and (ig, o) is (p°) (=) + (1 =520 igh P €
[0, 1]. Observe that, the proposed algorithm is superior to all benchmark schemes except for the
beamforming. This is because the number of data streams for beamforming is 1, less than the

predetermined d = 2 for all other schemes. The lower MSE of beamforming is achieved at the

cost of transmission rate. Besides, the MSE for the proposed algorithm is not affected by the
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Fig. 5: The effect of UPA correlation on MSE.

TABLE I: IRS group parameters

Group number Ng | 1 2 4 8 16 32 64
Group size 8x8 | 4x8 | 4x4 | 2x4 | 2x2 | I1x2 | 1x1

transmit or receive correlation within a wide range, e.g. 0 < p®¥ < 0.7, except for a slight
increase at large pV. This illustrates that the proposed algorithm can overcome the impact of
UPA correlation to some degree.

Fig. 6 depicts the MSE performance of two group-based schemes, where an IRS of size 8 x 8
is used and partitioned into a few groups whose sizes are given by Table 1. Both intergroup
and intragroup coefficients are optimized for Scheme 1 while only intergroup coefficients for
Scheme 2. The details of them can be found in Section III.D. Observe that, the MSE for Scheme
2 decreases with Ng monotonically. Due to the increase of the optimized variables for Ng > 8§,
the MSE for Scheme 1 raises first and then decreases. Compared with Scheme 2, Scheme 1 has

smaller variation and exhibits better MSE performance.

B. Robust Design with Channel Uncertainties

This subsection evaluates the performance of the proposed Algorithm 2. The channel samples
are generated according to (1). We employ the conventional MMSE method [42] to obtain the
cascaded channel estimates {IAJm} Subsequently, the row covariance matrix of AL,,, @, jzg =
919202 (Iy,, + 03\11;3712)_1 and the column covariance matrix of AL,,, O zs = ¥r,1.

Fig. 7 shows the convergence behaviour of the proposed Algorithm 2, where M = 50 and

Pr =15 dBmW. Two cases with ag = 0.05 and 03 = 0.15 are incorporated; for each case, we
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Fig. 7: The convergence of the proposed Algorithm 2.

provide the MSE iterate under a single channel realization as well as that averaged over 100
channel samples. As in Fig. 7a, although we aim at optimizing the MSE upper bound, MSEYY
in (28), the convergence behaviour of the actual MSE is quite similar to that of MSEU?. Both
MSEs decrease with iterations and converges only after 5 ~ 8 iterations, except for a certain
MSE gap. The MSE gap between MSEYY and the actual MSE decreases with decreasing 2. For
the case in which the MSE is averaged over 100 channel samples, the MSE gap for 02 = 0.15
is around 5.0 x 1074, as compared to 1.2 x 10~* for o2 = 0.05.

Figs. 8 and 9 investigate the impacts of the element number M and transmission power Pr
on MSE. Here, the MSE refers to the actual MSE, not the upper bound MSEVP. Besides, each
point in these figures is an average over 100 independent channel realizations. Three designs
are included for comparison: the exact design with perfect CSI, the non-robust design (which
assumes the channel estimate as perfect), and the proposed robust design against imperfect CSI.
In addition, we set Pp = 15 dBmW in Fig. 8 and M = 50 in Fig. 9. Observe From Fig. 8
that the MSE with the proposed robust design decreases with M but the opposite is found for

the non-robust design. This is probably because the non-robust ignores the estimation errors

2

and increasing M brings about more channel uncertainties. Besides, large estimation error o7

degrades the MSE performance for both the robust and non-robust designs. From Fig. 9, all
MSEs decrease with Pr. Given o2, the MSE of the proposed robust design is always less than
that of the non-robust design. The results of the two figures have demonstrated the effectiveness
of the proposed robust design.

Fig. 10 compares the BERs of the proposed robust design, the non-robust design, and the
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Fig. 9: The effect of the transmission power Pr on MSE.

exact design with perfect CSI, where M = 50 and the QPSK modulation is employed. Observe
that, for the non-robust design, large estimation error, e.g. o2 = (.15, results in a BER floor of
0.015. For both the robust and non-robust designs, their BER performance improves when o2
decreases. Given o2, the robust design is superior to the non-robust one. These results are in

line with the MSE performance in Fig. 9.

VI. CONCLUSIONS

In this work, we investigated the joint transceiver and IRS design in IRS-assisted MIMO
systems under both perfect and imperfect CSI conditions. The detection MSE was minimized
by jointly optimizing the precoder at the transmitter, reflection coefficients at the IRS, and

equalizer at the receiver. For the design with perfect CSI, the SPOC algorithm was proposed to
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Fig. 10: The BERs of the proposed robust design and a few other algorithms.

solve the optimal IRS reflection coefficients successively. For the robust design with imperfect

CSI, the detection MSE was averaged over channel uncertainties and an MSE upper bound

was derived and used to make the problem more tractable. Numerical results demonstrated the

convergence of the proposed algorithms. The proposed joint design under perfect CSI is superior

to all the benchmark schemes with or without the IRS. Compared with the non-robust design, the

proposed robust design achieves better performance in terms of both MSE and BER. Besides, the

application of IRS is beneficial to improving the system performance even under the imperfect

CSL

APPENDIX A

DERIVATION OF EQ. (13)

Substituting (11) into (10), we have

Q(pma ¢m) =Tr

A (L pne? Uy G UB + e %00, CAUR) AL |

At Uy (T + pe?®nCp - pe 1 Cl) U AL (31)

U AL U, (L + pe?®" Cpy + pre%m CTHn)—l} .

With Lemma 1, (I + ppne’®"C,, + ppne 79" CH) has the following form:

Id + pm6J¢mCm + pme_jd)mCTHn: ,
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where ¢;; = 1 + Pm67¢mc11 + pmeﬁqﬁmcﬂ{l, and ¢ = pm6ﬂ¢m[ Cly o Cg ] c Cld-1)x1,
To find (I + pne’®"C,, + pme ¢ CH)~1 we present the inverse of a partitioned matrix. Let
.. . X1 Xy . .
X be partitioned as a 2-by-2 block matrix X= . The inverse of X is [38, Eq.
Xa1 Xao
(0.7.3.1)]
_ -1 _ _ —1
X_l— (X]_l - X12X221X21) X111X12 (X21X111X12 — X22) (32)
X X1 (X12X2_21X21 — Xn)il (X22 — X21X1_11X12)71
With (32), we have
. . 1 1 —cf!
(Lo + pmemm Cpn + pme_mmcg)_l = 2 2 (33)
cn —lelly | —€ (@ — |[e)®) Ly +ce?

Substitute (33) and (12) into (31), obtaining q(pm, ¢m) = -—r[tn—2Re {t31€ H+Tr (Topee) |
C11—||C||

+Tr (Ty,) . Itis clear that, ||€||3, Tr (Tssec!’) and Tr (Ta) are not related with ¢,, and they can

be treated as constants. Let ¢, = pee??® and cllty /ei®m = p,, [ C12 -+ Cid } ty = prelft.

q(pm, ¢m) can be finally arranged as

[t11+Tr (Tosee?)] — 2p; cos (¢, + B1)
(1= l[2l7) + 2pecos (6 + 6c)

q(pm, Om) = + Tr (Ty2) .

APPENDIX B

PROOF OF Proposition 1

Introducing an auxiliary variable v,, > 0, the Lagrangian associated with P, is

L (am-/ vm) =Tr |:<Am + amBm + O‘;kn,Bg)il} + Um <|O{m‘2 o 1) :

6£((Xm 1U’"L) . O
- ’

Oam

It is clear that the optimal solution to P,., satisfies the KKT conditions:

Vm (Jam|* —1) =0, v, >0, and |a,,| — 1 < 0. When v,, = 0, it follows that

OLlomim) — Ty { (A, + @By, + a2, BH) [a (Fnt2) " (£E2) + Bg] } —0. (34

m

If o, satisfies (34) and |ay,,| < 1, it satisfies all KKT conditions and hence, it is a candidate

for the optimal solution. Otherwise, v, can not be 0 and it follows that |a,,|=1.
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APPENDIX C

PROOF OF Lemma 3

First, we note that the objectives of P3-; and Pj_, are identical. Obviously, if the pair {F, F}

is feasible for P51, then F is also feasible for P?_,. It follows that the optimal value of P5_; is

larger than or equal to that of P%_,.

_ 1_ — — _
Conversely, if F is feasible for P%_,, with F 2 \/PTD_§F/\/Tr (FYD-'F), the pair {F,F}

is feasible for P5_;. Therefore, the optimal value of P5_; is less than or equal to that of P%_;.

Based on the above analysis, we conclude that P3-; and P’_; are equivalent.
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