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Abstract

Bilayer intelligent omni-surface (BIOS) has recently attracted increasing attention due to its capa-
bility of independent beamforming on both reflection and refraction sides. However, its specific bilayer
structure makes the channel estimation problem more challenging than the conventional intelligent
reflecting surface (IRS) or intelligent omni-surface (IOS). In this paper, we investigate the channel
estimation problem in the BIOS-assisted multi-user multiple-input multiple-output system. We find that
in contrast to the IRS or 10S, where the forms of the cascaded channels of all user equipments (UEs)
are the same, in the BIOS, those of the UEs on the reflection side are different from those on the
refraction side, which is referred to as the heterogeneous channel property. By exploiting it along
with the two-timescale and sparsity properties of channels and applying the manifold optimization
method, we propose an efficient channel estimation scheme to reduce the training overhead in the BIOS-
assisted system. Moreover, we investigate the joint optimization of base station digital beamforming
and BIOS passive analog beamforming. Simulation results show that the proposed estimation scheme

can significantly reduce the training overhead with competitive estimation quality, and thus keeps the
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performance advantage of BIOS over IRS and IOS with imperfect channel state information.
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I. INTRODUCTION

Recently, reconfigurable intelligent surface (RIS) has provoked increasing attention in the
evolution towards 6G communication, as it can enhance the cell coverage, provide virtual direct
paths between the base station (BS) and user equipments (UEs), etc., by reconfiguring the radio
propagation environment with limited hardware costs and power consumption [1]]. Typically, RIS
is a passive metasurface composed of massive reconfigurable scattering elements that can control
the response of impinging signals by dynamically changing the phase shift of each element so
that the communication channel can be improved with specific design objectives [2]][3][4]].

Most of the existing works focused on the intelligent reflecting surface (IRS), a type of RIS
which can only reflect the incident signal back to the same side [5]], as shown in Fig. [I(a).
To overcome this topological constraint of IRS, a novel RIS named as intelligent omni-surface
(IOS) or simultaneous transmitting and reflecting RIS (STAR-RIS) has been recently proposed
to extend the coverage of the surface to the full-space [IEI]. Specifically, as shown in Fig.
[Ib), the signal impinging on the IOS will be split into two parts, with one part reflected to the
UEs on the same side of the incident signal (referred to as UEg.s), and the other part refracted
to the UEs on the opposite side (referred to as UEg,,s). Due to this unique functionality, IOS can
significantly improve the performance of UEs in the whole space, and thus be employed in various
communication systems such as multiple-input multiple-output (MIMO) communication [8]],
non-orthogonal multiple access communication [9][10], unmanned aerial vehicle communication
[LT][12]], etc. Meanwhile, several IOS prototypes have also been reported recently, verifying the
feasibility of employing IOS in practical communication systems [13]][14].

Despite of the dual functionality of reflection and refraction, the beamforming on both sides
of IOS cannot be independently controlled due to the coupled phase shift for reflection and
refraction signals [[14]][15]. Specifically, in a typical case of IOS, the phase shifts for reflection
and refraction signals are just the same [6]. As shown in Fig. [[b), this setup implies that the

beamforming on both sides of the metasurface will be symmetric. Thus, if the UEs are randomly

'For the convenience of description, we refer to both 10S and STAR-RIS as IOS in this paper.
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Fig. 1. Examples of beamforming provided by different RIS types. (a) IRS which only serves UEg.. (b) IOS which provides

symmetric beamforming on both sides. (c) BIOS which can flexibly control the beamforming on both sides.

located in the cell, some beams are very likely not to be directed to any UE, so their power is
wasted. To deal with this problem, in [16], we proposed a promising bilayer intelligent omni-
surface (BIOS) structure with two neighbouring 10S layers (referred to as IOS; and 10S,), which
can flexibly control the beams on both sides of the surface, as shown in Fig. [[lc). Owing to this
unique capability, BIOS can provide higher data rate than IRS and IOS in multi-user systems.

For all of the RIS types mentioned above, the acquisition of accurate channel state information
(CSI) is crucial for the beamforming optimization. However, the channel estimation of RIS
systems is a difficult task in practice, as all of the scattering elements are passive components
without any ability of baseband signal processing. To address this issue, several RIS channel
estimation schemes have been proposed in recent works. For IRS, which is the most popular type
of RIS, a channel estimation scheme based on the least squares (LS) criterion for IRS-assisted
single-user multiple-input single-output (MISO) systems has been proposed in [17]], where the
BS is assumed to have no prior knowledge about the channels, and thus requires high training
overhead. To tackle this issue, several channel estimation approaches for reducing the overhead
have been proposed by exploiting the properties of IRS channels. In particular, by utilizing
the channel sparsity, several compressive sensing (CS) methods have been applied in the IRS
channel estimation, e.g., orthogonal matching pursuit (OMP) [18][19], approximate message
passing (AMP) [20], atomic norm minimization (ANM) [21]][22], etc. Meanwhile, the property
that all UEs share the same IRS-BS channel has also been exploited in some previous works
to reduce the training overhead of channel estimation in IRS-assisted systems. For example, in
[23], an iterative channel estimation scheme was proposed by exploiting the fact that the sparse

cascaded channels of all UEs have a common row-column-block sparsity. The authors in [24]]



utilized the correlation between UEs’ reflected channels, and proposed a three-phase channel
estimation scheme for an IRS-assisted multi-user MISO system. Furthermore, by reforming
the received pilots as a tensor, two parallel factor based channel estimation algorithms were
developed in [25], where the UE-IRS channels and the common IRS-BS channel are separately
estimated. Another important idea to reduce the training overhead in IRS channel estimation is
to utilize the channel variation property. By exploiting the fact that the coherence time periods
of the IRS-BS and UE-IRS channels are different, the authors in [26] proposed a two-timescale
channel estimation scheme to separately estimate the IRS-BS and UE-IRS channels in different
timescales. In addition, a three-stage estimation scheme was proposed in for an IRS-assisted
multi-user MIMO system, where the angles of departure (AoDs) and angles of arrival (AoAs)
of channels are assumed to remain unchanged for several coherence blocks, so that only the
channel gains need to be updated in these blocks.

Different from the abundant research in IRS-assisted systems, so far there has been very
little research on the channel estimation in IOS-assisted systems. In [28]], an LS based channel
estimation scheme was proposed for the 10S-assisted system working in the time switching
and energy splitting model. For the BIOS-assisted system, as there are two 10Ss deployed, the
channel estimation problem becomes more challenging than that in the IRS- and 10S-assisted
systems. Taking the downlink transmission for example, for UEgq.s, the BS signal is directly
reflected by 10S; to them, while for UEg,,s, the BS signal is not only refracted by the two 10Ss,
but also passes through the near-field channel between the two 10Ss.

In this paper, we investigate the uplink channel estimation problem in the BIOS-assisted multi-
user MIMO system, and propose a channel estimation scheme which can reduce the training
overhead by exploiting the BIOS channel properties. To the best of our knowledge, this is the
first attempt to tackle the channel estimation of the BIOS-assisted system. The main contributions
of this work are summarized below:

« We investigate the equivalent baseband signal model of the BIOS-assisted system, and show
that in contrast to the conventional IRS- and [0S-assisted systems, where the cascaded
channels of all UEs have similar forms regardless of their locations, in the BIOS-assisted
system the cascaded channels of UEg.s and those of UE,s have different forms, which
we refer to as the unique heterogeneous property. It is this property that makes the channel
estimation in the BIOS-assisted system more difficult to deal with.

« By exploiting the heterogeneous and two-timescale (HTT) properties of the BIOS channels



and applying the manifold optimization (MO) method, we propose the HTT-MO channel
estimation scheme. Specifically, the common BIOS-BS channel among UEs is firstly esti-
mated over a large timescale according to the uplink pilots from a UEy,, rather than a UEg,.
With the estimated BIOS-BS channel, the UE-BIOS channels of all UEs are then estimated
in each small timescale separately. In either the large or small timescale estimation, an
MO channel estimation (MO-CE) algorithm is proposed to reduce the training overhead by
exploiting the low-rank property and angle sparsity of channels.

o With the estimated CSI, we propose a joint BS digital and BIOS analog passive beamforming
optimization algorithm aiming at maximizing the downlink sum rate of the BIOS-assisted
system. The original sum rate maximization problem is first converted to an equivalent
weighted mean square error minimization (WMMSE) problem, and then solved by using
the alternating optimization and the coordinate descent (CD) algorithm.

o We provide various simulation results to verify the effectiveness of the proposed HTT-
MO channel estimation scheme and the WMMSE-CD beamforming scheme, and show
that although the channel estimation problem in the BIOS-assisted system is much more
complicated than that in the conventional IRS- and 10S-assisted systems, the superiority
in the sum rate performance of BIOS over IRS and IOS still holds for the situation with
estimated CSI, thanks to the efficient utilization of the channel properties via the proposed
HTT-MO scheme.

The rest of this paper is organized as follows. Section [[II introduces the basic structure of
BIOS. Section [[II] presents the system model and channel model of the BIOS-assisted multi-user
MIMO system. Section [V] presents the HTT channel estimation strategy. Section [V] proposes
the HTT-MO channel estimation scheme, where the detailed estimation algorithms in both the
large and small timescales are discussed. Section [VI proposes the WMMSE-CD scheme for
the beamforming optimization in the BIOS-assisted system. Simulation results are provided in
Section [VIIl Finally, Section [VIIIl draws the conclusions of this paper.

Notations: In this paper, the imaginary unit is denoted by j = \/—1. the bold lowercase
letter a and bold captital letter A represent a column vector and a matrix, respectively. [a];
represents the i-th element of a, and [A];; represents the (i,j)-th element of A. (-)T, (:)¥
and (-)* denote the transpose, conjugate transpose and conjugate operators, respectively. Tr(-),
rank(-) and vec(-) denote the trace, rank and vectorization of a matrix, respectively. |- ||  denotes

the Frobenius norm of a matrix, while || - ||y denotes the ¢y-norm of a vector. | - | denotes the



determinant (module) of a matrix (complex variable). R{-} denotes the real part of a scalar. E(-)
is the expectation operator. o, ® and ® denotes Hadamard, Khatri-Rao and Kronecker products,
respectively. diag(a) denotes a diagonal matrix with the elements of a on its main diagonal, and
diag(A) is the extraction of the diagonal of A. blkdiag(Aq,...,A,) denotes a block diagonal
matrix whose diagonal components are Ay, ..., A,. CN(0,K) denotes the circularly symmetric

complex Gaussian distribution with zero mean and covariance matrix K.

II. BILAYER INTELLIGENT OMNI-SURFACE

As we mentioned in Section [ conventional RISs, like IRS and IOS, have several limitations
in the beamforming design for multi-user systems. To overcome these limitations, we have
proposed a novel RIS, BIOS, in [16], which consists of two neighboring layers of IOSs, as
shown in Fig. [Ilc). The I0S; is set in the simultaneous reflection and refraction mode, while the
IOS, is set in the full penetration mode, which transmits the signal impinging on one side of it
completely to the other side. Thereby, the incident signal will be split into two parts after passing
through the BIOS. One is directly reflected by 10S; to UEg.s, and the other one is transmitted
by 10S; to 10S,, and then is refracted by I0S, to UEg,s. This unique property bestows the
BIOS the degree of freedom to flexibly control the beamforming on both sides of the surface.
In this paper, we assume that IOS; and IOS, are both uniform square planar arrays (UPAs) with
a size of My x M. Then, the effective coefficient matrices of BIOS for the downlink reflection

and refraction signals can be expressed as
EI\)d,ﬂe =e®q1, ‘/I\)d,fra =V1— @y L7 @y, (D

where ®4; and 4, € CM*M are the downlink diagonal coefficient matrices of I0S; and 10S,,
respectively, with M = M, x M,. € is a constant to quantify the ratio of reflection signal power
to the total power of IOS;, while 1 — € is the ratio of the refraction signal power. L € C**¥

is the near field channel matrix between 10S; and IOS,, the (my, my) element of which can be

denoted by [16][29]

2a2F 9m17m2’ mi,msa F 9m1,m2’ m1,ms2 —i2 dm .
[L]m1m2 _\/ ( Lt L7,Ttd2 ) ( L,r L,r )exp< J 7T)\ 1, 2)7 )
mi,m2

where a is the size of IOS elements and d,,,, ,, is the distance between the m,-th element of I0S;
and the my-th element of 10S, after deployment. F'(6,¢) = |cosd| is the normalized power

radiation pattern of IOS elements [29], and 0;'{"*(¢;'y"™), 07" (¢r ;") are the elevation
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Fig. 2. System model of the uplink transmission in a BIOS-assisted multi-user MIMO system.

(azimuth) AoD and AoA of the channel between the mi-th element of I0S; and the mo-th
element of IOS,. Considering that L is determined only by the distance between 10S; and
10S,, which remains unchanged after the deployment of BIOS, in this paper we assume that L
is known to the BS.

III. SYSTEM MODEL AND CHANNEL MODEL
A. System Model

As shown in Fig. 2l we consider the uplink channel estimation in a BIOS-assisted narrowband
multi-user MIMO system operating in the time division duplex (TDD) mode, where a BS with
Ngg isotropic antennas serves totally /X' UEs equipped with Ny isotropic antennas. As the direct
links between the BS and UEs are assumed to be blocked, a BIOS is deployed to establish the
virtual line-of-sight (LoS) paths for UEs. As mentioned in Section [[I, both layers of BIOS are
assumed to be UPAs consisting of M reconfigurable elements. UEs are divided into two groups
based on their positions relative to the BIOS, with Kp, UEs located on the reflection side,
indexed by k =1,..., Kg, and K, = K — Kg, UEs located on the refraction side, indexed by
k=fle+1,..., K. In this work, we assume that the information of whether a UE is a UEg,
or a UEg, is known to the BS. In order to simplify the channel estimation process and avoid
the interference between pilots sent by UEs, it is assumed that the K UEs send their pilots

one-by-one to the BS over consecutive time. Taking the k-th UE for example, the equivalent



baseband received signal at the BS can be represented by
rft] = G®,, [t{|Hys[t] + 2t], 3)

where s[t] € CNvex! s the t-th pilot vector with the normalized power constraint [|s[t] H2 =1
and z[t] € CNes*! represents the additive Gaussian noise satisfying z[t] ~ CN (0, 0Ly ).
(k) = fle when k =1, ..., Kgo, and p(k) = fra when k = Ky + 1,..., K. ®g[t] = /e®[t]
and P, [t] = /T — e®,[t{]LP,t] are the uplink effective coefficient matrices of BIOS, with
®,[t], By[t] € CM*M denoting the uplink diagonal coefficient matrices of 10S; and I0S, for
the ¢-th pilot vector. Finally, G € CVss*™ denotes the 10S;-BS channel, and H; € C*Nue
denotes the k-th UEg.-10S; (k-th UE,-10S,) channel for k =1, ..., Kg. (k = Kge+1, ..., K).

B. Cascaded Channel in the BIOS-assisted System

Normally, for the IRS/IOS-assisted systems, the received signal at the BS can be represented
as a function of the cascaded channel of the IRS(IOS)-BS and the UE-IRS(IOS) channels for
the convenience of channel estimation and beamforming design [30]. It can be found that in the
IRS/IOS-assisted systems, the forms of the cascaded channels of all UEs are the same. However,
in the BIOS-assisted system, this is not the case. In particular, for UEgs, as the :I\)ﬂe [t] = ePt]
is a diagonal matrix, the cascaded channel Jg.  can be expressed as the Khatri-Rao product of
H! and G, which is similar to that in the IRS/IOS-assisted MIMO system [6][21][25]. Then,

@) can be represented as
r[t] = eG® [t|H;s[t] + z[t]
= Ve(sT[t] @ Ingg ) (Hy © G)py[t] + zt],
for k=1,..., Kge, where ¢, [t] = diag(®4[t]), and Jg.,=(H} © G) € CNveNes>xM @) follows
from the facts that vec(ABD) = (D7 @ A)vec(B) and vec(ACD) = (DT ® A)c for any

“)

matrices A, B and D, and diagonal matrix C with ¢ = diag(C).
For UEy,,s, however, ®,,[t] = /1 — e®,[t]L®,[t] is a matrix without any zero element. Thus,
@) can be rewritten as
r[t] = V1— eGP [t|L®,[t|H,st] + z[t]
= V1 —€(s"[t] @ Inue ) (HY @ G)vec(®[t|LPs[t]) + z[t],

for k = Kge + 1,..., K, where the cascaded channel Jp,,=(H @ G) € CNueNesxM* By

&)

comparing @) and (@), it can be found that the forms of cascaded channels in the BS received



signals are different for UEg.s and UEg,s in the BIOS-assisted system, i.e., J ﬁng:H;‘f ® G for
UEgq.s and Jfran:H% ® G and UEg,s. This characteristic is referred to as the heterogeneous
property, which makes the channel estimation in the BIOS-assisted system more challenging. It
should also be noticed that due to the heterogeneous property, the number of matrix elements
in Jpa (k= Kpe +1,...,K) is M times of that in Jg., (k= 1,..., Kg.), which implies that

more training overhead is required for the estimation of Jy, 4.

C. Channel Model

We assume that both the BS and UEs are equipped with uniform linear array (ULA) antennas.
By utilizing the Saleh-Valenzuela model to characterize the propagation environment, for
the k-th UE, the BIOS-BS and UE-BIOS channel matrices can be expressed as

G = /MY VF O, o) apans(07)af (67, 7).
Hy = /M52 2P vl B (0 vl Dallp (01,
where P and () denote the number of the paths of the BIOS-BS and UE-BIOS channels,

(6)

respectively, which are assumed to be known by the BS. For the BIOS-BS channel, o, 07
and 6 (¢f) represent the complex gain, the AoA and the elevation (azimuth) AoD of the p-th
path. For the UE-BIOS channel, similarly, 5,1, ¥, (v{,) and ¢, represent the complex gain,
the elevation (azimuth) AoA and the AoD of the g-th path. F(6f,¢t) (F(¢f,,v!,)) denotes
the IOS normalized power radiation pattern of the p-th (¢-th) path of the BIOS-BS (UE-BIOS)
channel. In addition, agg, a; and ayg denote the array response vectors of the BS, BIOS and UE,
respectively. Specifically, by assuming that the arrays at the BS and UEs are half-wavelength
spaced ULAs and defining

1 . . T
a(N,z) = — [1,™, ... ™W-1e] 7
(N.2) = = ] (7)
the corresponding array response vectors of the BS and UEs can be expressed as [23]]
aps(07) = a(Ngs, cos(fP)), aug(vy,) = a(Nug, cos(¢y,)). ()

For the half-wavelength spaced UPAs at BIOS, the array response vector can be given as follows
ar(0,¢) = a(MX, —sin(@)sin(gp)) ® a(My, —sin(@)cos(ap)), 9)

where # and ¢ denote the elevation and azimuth AoD or AoA of the BIOS, respectively.
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D. Sparsity of Channels in the Angle Domain

As mentioned in Section [II-C] there are only a few propagation paths along the UE-BIOS-BS
links due to the severe path loss and blocking effects. Thus, the BIOS-BS and UE-BIOS channels

can be further transformed into an angular sparse representation as follows [23]:
G = ApsAcAf, Hy, = AjAp AL, (10)

where Agg € CVesxGss Ap € CM*G1 and Ayg € CNuexGue are the overcomplete angular
domain dictionaries with the angle resolutions of Ggg, GG1 and Gyg, respectively. Each column
of the dictionaries corresponds to one specific AoA/AoD at the BS, BIOS or the k-th UE.
Ag € COsxC1 and Ay € CY*%e are the angular domain sparse matrices of G and Hy,
which consist of P and () non-zero elements respectively corresponding to the channel path

gains. By selecting the codewords from the uniform grid, Ags and Ayg can be expressed as

ABS = [a(NBs, 1’1138), . ,a(N]gs, l’ggs)} s AUE = [a(NUE, l’tle), . ,a(NUE, l’gEE)} 5 (11)

where afg = —1 + (i — 1)z and oy = —1 + (i — 1) g2 By setting G and G| to be the
angular resolutions of the BIOS along the x-axis and y-axis, A; can be exhibited in a similar

way as A; = A, ® Ay, where

A, = [a(My,2}),....a(M, 2] Ay = [a(My,2)), ..., a(M,,257)] (12)

Yy Yy

with 2} = =1+ (i = 1), @), = =1+ (i = 1)& and G,G, = Gi.

IV. HETEROGENEOUS TWO-TIMESCALE CHANNEL ESTIMATION STRATEGY

As we mentioned in Section [II} the number of coefficients in the cascaded channels is huge,
especially for Jg, 1, which leads to prohibitive training overhead if we directly estimate the
cascaded channels of all UEs. In this section, we propose an HTT channel estimation strategy to
reduce the requested training overhead by exploiting the channel properties in the BIOS-assisted

system.

A. The Two-timescale Property

It can be observed that in a BIOS-assisted system, the time variation of the BIOS-BS channel
and that of the UE-BIOS channel are in different scales. In particular, on one hand, as the BS
and BIOS are rarely moved after deployment, the BIOS-BS channel G, which is shared by all
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UEs, can be regarded as unchanged for a long period of time. On the other hand, the UE-BIOS
channel Hy varies in a much smaller timescale, since the movement of UEs frequently changes
the propagation geometry between UEs and BIOS [26]. This two-timescale property allows the
BS to only estimate G once in the large timescale, and with the estimated G, then Hj can be
further estimated in the small timescale. Thus, the training overhead can be significantly reduced.

However, the main difficulty is how to estimate G, as the scattering elements in the BIOS-
assisted system (and also the conventional RIS systems) are passive components without any
capability of baseband processing. To deal with this difficulty, the authors in [26] proposed
a dual-link pilot transmission scheme for the IRS-assisted system, where the full-duplex BS
estimates the BS-IRS channel by firstly sending pilots to the IRS through the downlink channel,
and then receiving the reflected signals from the IRS via the uplink channel. Although this
scheme provides a way to estimate the BS-IRS channel matrix, the requirement of full duplex
mode places high demands on the BS hardware. In this paper, we show that it is possible to
estimate the BIOS-BS channel G without taking the full-duplex assumption, but based on the
uplink pilots sent by a UE in the large timescale, and the estimated G can be used for the
estimation of the UE-BIOS channels of all UEs. However, to make it workable, we need to deal

with the challenge of the heterogeneous property of the BIOS channels.

B. The Challenge of the Heterogeneous Property

As we have pointed out in Section [II-B] that, from @) and (@), the signals received by the
BS from the UEg.s and the UE,s have different expressions of the cascaded channels, where
the former is a function of J ﬁe7k:H,£ ® G and the latter is a function of J fra’k:Hz ® G. This
channel heterogeneous property makes the channel estimation in the BIOS-assisted system more
challenging, especially when taking the two-timescale property to reduce the training overhead.
Taking a UEg, for example and even assuming that there is no noise effect in the channel
estimation, the best channel estimates the BS can obtain, denoted by G and ﬁk, are not exactly
G and Hj, but belong to a set satisfying the condition of Jg.;,=H! ©® G = ﬁ}? o G. Similarly,
for a UEg.,, the best channel estimates belong to a set satisfying mek:H{ ®RG = I:If ® G.
Obviously due to the heterogeneous property, these two sets are different. However, in the two-
timescale strategy, G needs to be estimated first and used for the estimation of H} of all UEs.
Thus, a workable channel estimation scheme must be the one that can make G belong to both

sets or at least their subsets. The following lemmas provide detailed mathematical proofs.
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Lemma 1 [f there is no noise effect in the channel estimation, the channel estimates G and ﬁk
should belong to one of the following two sets depending on whether the UE is a UEg, or a
UE,.,

(Hf,G) € Sper = {(A,B) | AOB=H]0G}, k=1,..., K, (13)

(H!,G) € Spar={(A,B) | A®@B=H! ®G}, k=FKp+1,...,K, (14)
which can be further proved to be equal to the following forms respectively

1 1
Stes = {(A,B)‘ Jar,. .. an £0,A = [arhy, ..., ayhy], B = [—gl, . ..,—gM] } (15)
ay apnr

1
Sfravk:{(A,B)‘ Ja#40, A=aH, B:EG}, (16)
where Hg = [hl, .. .,hM], G = [gl,. .. ,gM]

Proof: (13) and (I4) can be directly proved from the definitions of the cascaded channels in @)
and (@), and the proofs of (I3) and (I6) can be found in Appendix [Al [

As can be observed in the Lemma [I] for UEg.s, each column of the channel estimate G
can differ from the corresponding column of the true channel matrix G with a distinct non-
zero coefficient. However, for UEg,s, these non-zero coefficients should be identical for all
columns, which means the feasible set of G for UEg.,s is a subset of that for UEg.s. Thus,
it can be shown in the following lemma that, to implement the two-timescale strategy in the
BIOS-assisted system, if a UE is selected to send pilots for the BS to estimate G in the large
timescale and then use the result to estimate H;‘f of all UEs in the small timescale, such a UE

should be a UEg, rather than a UEg. due to the heterogeneous property.

Lemma 2 If a UEy,, is chosen to send pilots to the BS for the estimation of G in the large
timescale and G is defined as the estimation result with no noise effect, then for UE},,s, (ICI;;F, é)
belongs to Sga, while for UEges, (PAI;;F, é) belongs to a subset of Spe, With a; = --- = ayy,
where }AI/LC is the estimation result in the small timescale with no noise effect.

However, if a UEy, is chosen to send pilots in the large timescale, then for UEy,s, the resulting
(PAI;;F, é) does not belong to Siyj, which means that the accurate CSI for UEw,s cannot be

achieved even when there is no noise effect.

Proof: To prove the first part of this lemma, if a UEg,, is chosen to send pilots to the BS for the

estimation of the true channel G in the large timescale, then G can be expressed as G = %G
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according to (16). With é, the BS can estimate H; UE-by-UE in the small timescale, based
on its received pilots sent from UEs, and the estimation result ﬁk for all UEs should satisfy
ﬁk = aHj, according to (I3) and (I6). Then, it can be seen that for UEg,s, (I:I{, é) belongs
t0 Stak, While for UEgs, (IA{;;F, 6‘:) is in a subset of Spey with a; = -+ = ay,.

To prove the second part, if a UEg, is chosen to send pilots for the estimation of G in the
large timescale, the resulting G can be represented as G = [igl, ceey ﬁgM} according to
(13]), where q; is a distinct coefficient for each column. However, based on this (A}, in the small
timescale, for UEg,s, the BS cannot find a channel estimate ﬁk so that (ICI{, (A}) € Shak. 1.€.,
H” © G #H! ® G, since H' = aH,, according to () but G = [égl, ooy gM]. u

7 an

C. HTT Channel Estimation Strategy

With the two-timescale and heterogeneous properties of the BIOS channels discussed above,
we come up to the HTT channel estimation strategy, which is also depicted in Fig. Bl At first, the
BS estimates the BIOS-BS channel over a large timescale based on the 7; uplink pilots sent by
a selected UEy,,, e.g., the k.-th UE. Then, in the small timescale, the BS estimates the UE-BIOS
channel for each UE based on the received Ty uplink pilots and its estimated channel matrix G in
the large timescale. It can be found that in the large timescale, there are a total of M Nyg+ M Ngg
coefficients need to be estimated for G and Hy,_, while in the small timescale, there are a total
of K M Nyg coefficients in Hy, for all UEs. In comparison, in the conventional cascaded channel
estimation strategy, the BS needs to estimate the cascaded channel for each UE, and thus the total
number of coefficients need to be estimated is KpoM NygNps + Ko M2 Ny Nps. Comparing
these two numbers, it can be seen that the HTT channel estimation strategy can significantly

reduce the number of coefficients to be estimated and in turn the training overhead.

V. HTT-MO CHANNEL ESTIMATION SCHEME

In this section, based on the proposed HTT channel estimation strategy, we exploit the channel
sparsity to further reduce the pilot overhead, and design the HTT-MO scheme for the channel

estimation in the BIOS-assisted system.

A. Channel Sparsity

Although the proposed HTT strategy can significantly reduce the training overhead, the channel

estimation is still challenging due to the large number of antennas at both the BS and UEs, and the



14

[——ple—ple—>| [—>f [—>f

. ﬁl i:lz | ﬁK ﬁl i:lz ﬁK

le N| le N|

I~ . 7l I~ . 7l
Small timescale Ysmall Small timescale Ysmall

Large timescale Yiarge
[ Estimate the shared BIOS Estimate the UE - Data

-BS channel witha UE, BIOS channels transmission

Fig. 3. The proposed HTT channel estimation strategy.

large number of scattering elements at the BIOS as well, which result in much training overhead.
Fortunately, it can be further reduced by exploiting the channel sparsity in the angle domain
shown in (I0). The following two lemmas illustrate the channel sparsity of the BIOS-assisted

system in detail.

Lemma 3 If min{Ngs, M} > P and min{Nyg, M} > @, where P and () denote the number
of paths of the BIOS-BS and UE-BIOS channels, respectively, as defined in (6), we have

rank(G) = P, rank(Hy) = Q. (17)

Proof: We take the proof of rank(G) = P as an example. The proof of rank(Hj) = @) can be

completed in a similar way. According to (@), the BIOS-BS channel G can be rewritten as

G = ApsAcA; (18)
where Aps = [aps(0}), ..., aps(0F)], Ag = Wdiag(al, ...,ap)and A; = A, ©A,, with
A, = [a(My, —sin(0]))sin(¢})), . .., a(My, —sin(6)sin(¢{))] and A, = [a(M,, —sin(6})
xcos(gp)), ..., a(My, —sin(6])cos(¢{))]. As all of the column vectors of Apg are linearly

independent, we have rank(Apg) = P. Similarly, we can also obtain that rank(A,) = P and

rank(Ay) = P. According to the properties of Kronecker product and Khatri-Rao matrix product,

we can transform A into the following form

A=A 0A, = (A,®A)) (Ip0lp), (19)

where rank(A, ® A, ) = rank(A,)rank(A,) = P? and rank(Ip ®Ip) = P. Then, according to
the rank properties of matrix [31]], for arbitrary A € C™** and B € C**", we have

rank (AB) < min{rank (A),rank (B)}, rank (AB) > rank (A) +rank (B) — k.  (20)
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By substituting (I9) into (20), we have rank(A;) = P. Finally, as the rank of Ag is also P, we
can further substitute (I8) into (20) and obtain that rank(G) = P. [ |

Lemma 4 If Gug = Nyg, Gps = Nps and G1 = M, we have |Agl|, = P,
)\G = VeC(AgSGAI) and >‘Hk = VeC(A{{HkAUE).

AHk ||0 = (@, with

Proof: We take the proof of ||Ag||, = P as an example. According to Section Ags and
A are both unitary matrices as Ggg = Ngg and GG = M. Therefore, Ag can be rewritten in
the form Ag = vec(AH;GA;) = vec(AE AgsAgAH A}) = vec(Ag). As Ag only consists of
P non-zero elements, we have ||[Ag||, = |[vec(Ag)|l, = P. [ |

Lemma [3 and Lemma ] reveal the channel low-rank and angle sparse properties, respectively.
Although these properties correspond to the true channel matrices G and Hy, it can be also
proved that for any UE, Lemma [3] and Lemma M still hold for any estimated G and }AIk, as

according to Lemma 2, there is only a scalar difference between é(ﬁk) and G(Hy).

B. Estimation of G in the Large Timescale

For the two-timescale strategy and according to Lemmal[2 the first step at the BS is to estimate
G based on its received pilots sent from a UEg,, e.g., the k.-th UE for Ky, +1 < k. < K, in
the large timescale. Based on (3, the channel estimation objective can be established similar to
that of the LS problem. By further utilizing the channel sparsity properties exhibited in Lemmas

Bl and 4] the estimation problem of G along with Hy,_ can be formulated as

mié,n,%fize ZtT:Gl Hr[t] — \/l——eé‘ﬁl[t]LQQ[t]ﬁkcs[t]Hz

subject to  rank(G) = P, rank(H,,) = Q, 2D
Ixallo =2 [As, ll, =@

where Ag = Vec(AgSaAI), A, = vec(A{ H,, Aug), and Tg is the number of pilot vectors

for the estimation of G in one large timescale. It can be seen that (1) is difficult to solve due
to the multiple coupled variables and the highly non-convex constraints, and thus it may not be

possible to achieve a globally optimal solution. However, with some specific processing, we can
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rewrite the original problem and obtain a locally optimal solution of G. First to deal with the

{o-norm constraints in (2I)), we use the ¢;-norm regularization to relax them and rewrite 1)) as

mipiﬁrlr%ize STe |rlt] — VI = ea@l[t]L'@g[t]ﬁkCS[t] H2
° A (22)

Hy ll1

subject to  rank(G) = P, rank(H,,) = Q,

+vg[Aall, +va,

where vg and vy, are the tuning parameters which control the contributions of the ¢;-norm. To
further deal with the multiple coupled variables G and ﬁkc, we apply the alternating minimization

method and decompose (22)) into the following two subproblems

miniénize fa =308 |rft] — V1= eé@l[t]L‘ﬁg[t]ﬁkCS[t]W + UéHAéHl

R (23)
subject to  rank(G) = P,
minimize  fg Sl VI —eG®,[t|L®,[t]H,, st H + Vg, [Aq, s
Hy,, ‘ 24)

subject to rank(ﬁkc) = Q.
Finally, to deal with the low-rank constraint in (23) and ([24)), it can be seen that it actually
corresponds to a Riemannian manifold space, and thus the MO method can be applied,
where the optimization variable is iteratively updated in the direction of the Riemannian gradient
and then is retracted back into the complex fixed-rank MO to make the result satisfy the low-rank
constraint.

The crucial step is to derive the Riemannian gradient, which can be deduced from the classic
conjugate gradient in the Euclidean space. By using some properties in matrix derivation such
as d(f) = Tr(Vx- fA(XT)), d(||r — DXb|?) = (( Db + DHDXbe)d(XH)) and
d(|| Aglh) = %Tr((ABSYéAf{ )d(xX*H )), the Euclidean conjugate gradient of the objective
function in 23) can be found to be given by

Ve fo= 37 ( — VT = ert)sT[EASH[HLID 1] + (1 — €) Gy [t|LE,[t]

. . (25)

«H,. s[t]s" [/ HI &Y (LT [t]) + Y8 AR Y Al

where Yg is computed as [Y@]ij = [ALGA] y / ‘AgS(A}AILj‘. Similarly, the Euclidean
conjugate gradient of the objective function in (24) is given by

Ve, fa, = 205 (VI @l LIS G {5 1) + (1 - )@Y [AL"

o _ o (26)
x| G G®, [(|L&,[1]H), s[t]s" [t]) + e ATY g Al

where Y is denoted as [Yﬁkc}ij = [AIH}AI;%AUE} ij/‘A{{IfIkCAUE} w}
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Algorithm 1 The MO-CE algorithm in the large timescale estimation
1: Randomly initialize G, }AI,(Q). Set i = 0.

2: repeat

3 Calculate Vg. fg according to (23) with G and ICI,(;)

4. Update G+ via the MO method for given }AI,(QZC)

5. Caleulate Vg fa,, according to 26) with GG+ and Ijll(;)
6:  Update ICI,(;H) via the MO method for given G+,

7: 141+ 1.

8: until the stopping condition is satisfied.

With the derived Euclidean conjugate gradient, we can project it onto the tangent space to
obtain the Riemannian gradient. Then, by iteratively updating the corresponding variable with
the Armijo backtracking step and retracting it back to the complex fixed-rank manifold, G
and Iflkc can be alternatively estimated with the other one fixed. The overall algorithm is referred

to as the MO-CE algorithm and is summarized in Algorithm 1.

C. Estimation of Hy, for All UEs in the Small Timescale

As the BIOS-BS channel G varies much slower than the UE-BIOS channels, in the small
timescale, the BS can separately estimate them for all UEs over consecutive time based on its
estimated BIOS-BS channel G in the large timescale. Without loss of generality, we focus on
the estimation of Hj;, with 7 uplink pilot vectors sent by the k-th UE. Considering the channel
sparsity, the estimation problem of Hj, with the LS objective similar to that in (24)) is formulated
as follows

minimize gg = S |rft] — 6'f‘/I\’u(k) () F s 1] H2 +vg, HAﬁk I,
H, R 27
subject to  rank(Hy) = Q,

where r[t] is given in @), u(k) = fle when k = 1,..., Ky, and p(k) = fra when k = Ky, +
1,..., K. It is worth noting that (27) is suitable for both UEg,s and UEg.s. As (27) has the
same form as (24)), it can also be solved by the MO method. It can be derived that the Euclidean

gradients Vﬁ; g, 1s given by

Viegi, = S0 (= ) [NGTe[f)s7 1] + B,y [(1G7 GB g0 [1] Fis[t]s [1]
k

. ; (28)
+3 A Yy Agg.
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The Riemannian gradient can then be obtained by projecting the Euclidean gradient onto the
tangent space. By updating the variable iteratively via the MO method until convergence, ﬁk

can be finally obtained.

D. Analysis of Training Overhead

In this subsection, we analyze the training overhead of the proposed HTT-MO scheme in
terms of the required number of pilot vectors and that of the conventional LS scheme. By
recalling Fig. Bl we can see that the overall training overhead of the HTT-MO scheme is given
by Tiot = T + 7K'Ty, where 7 is the ratio of the length of a large timescale to that of a small
timescale. It is worth noting in the large timescale both G and Hj,_ need to be estimated while in
the small timescale only Hj needs to be estimated for each UE. Furthermore, as the estimation
result G in the large timescale must be used for the estimation of H;, in the small timescale,
the estimation accuracy of G must be higher. Thus, T should be larger than Ty.

For comparison, we consider the traditional LS channel estimation scheme for the proposed
BIOS-assisted system. As it does not exploit the heterogeneous, two-timescale and sparsity
properties of channels, the traditional LS channel estimation scheme has to estimate the high-
dimensional cascaded channels for all UEg.s and UEg,,s in each small timescale, and thus results
in prohibitive pilot overhead. To analyze the number of required pilot vectors in this traditional
channel estimation scheme, we rewrite the equivalent baseband received signal of the BIOS-

assisted system in (@) and (3) as follows

rft] = e(sT[t] ® INBS)Jﬂe kP [t] + zt] (29)
= e(P[)7 @ (s7[t] @ Togs ) ) vec(Jae ) + 2[t),
rft] = VI—e(s"[t] ® Ingg)Tswapvec(®: [t{LPo[t]) + 2[t] (30)

= V1 — e(vec(®[t]LP,[1]))" @ (s7[t] ® Inys)) vec(Ipak) + 2t
where (29) corresponds to UEg.s, and (30) corresponds to UE,,s. In this situation, the traditional
LS channel estimation scheme needs to estimate the high-dimensional cascaded channels, i.e.,
Jﬂmk:Hg ® G for UEg.s and Jfran:H% ® G for UEg,s, and the corresponding number of
required pilot vectors is at least M Nyg and M? Ny, respectively. As the cascaded channels of
all UEs need to be updated in each small timescale, the total number of pilot vectors in the LS

estimation scheme in a large timescale is at least T(KﬂCM Nug + KgpaM 2NUE), which is more

than 2.3 x 10° if setting 7 = 4, Kgo = 2, Ko = 3, M = 49 and Nyg = 8. Such amount of
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overhead cannot be afforded in practical systems. In contrast, simulation results in Section [VIII
will show that in the BIOS-assisted system with the same setup, only about two thousands of

pilot vectors are required by the HTT-MO scheme in a large timescale.

VI. WMMSE-CD BEAMFORMING OPTIMIZATION

With the estimated CSI by the HTT-MO scheme in Section [V] in this section, we focus on
the multi-user downlink beamforming optimization, and propose the WMMSE-CD scheme to

maximize sum data rate of all UEs on both sides of the BIOS.

A. Problem Formulation

Assuming that the uplink and downlink channels are reciprocal, the estimated CSI of the uplink
BIOS-BS and UE-BIOS channels can be utilized in the downlink beamforming optimization.
Assuming that the BS sends Vg data streams to each UE, the received signal at the k-th UE,

v € CNueX1 can be represented by
Yi = HkH‘/I\)d’u(k)GHFSd + ng, 3D
where F = [Fy,...,Fg] € CVos>*N:& s the BS precoder, sq = [s},,...,s{;]" € CMF =T is

the symbol vector with E{sqs¥} = In.x, and n; ~ CN(0,0%Iy,,) € CNvEX! is the noise at

the k-th UE. Then, the effective data rate (per Hertz) of the k-th UE can be expressed as

Ry = (1 - TT—) log [Ty, + F/HY, A H, ,F,

large

: (32)

where H. = HkH </I\>d7ﬂ(k)GH € CNuexNss denotes the efficient channel matrix from the BS
to the k-th UE, and Ay = 03Iy, + Zf;k H.,F.F/"H!, € CNve*Nue denotes covariance of
the noise plus multiuser interference at the k-th UE. Y, is the length of a large timescale in
terms of the number of symbols within this period as shown in Fig. 3l and T}, denotes the total
training overhead in terms of the number of pilot symbols.

According to [35]], the sum rate maximization (SRM) problem can be solved via an equivalent
WMMSE problem. It turns out that this optimization approach can also be applied for solving the
joint BS-BIOS beamforming optimization problem with the SRM objective, and the equivalent

WMMSE problem is given by
L. K
pplipimize > et Tr(WrEy) — log| W
subject to  Tr(FFH) <1, (33)

|[‘I)d,1]m1m1‘ =1, |[‘I)d,2]m2m2‘ =1, Vmy,may,
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where the first constraint represents the normalized transmit power constraint at the BS, and
the second one corresponds to the constant modulus constraint of the BIOS passive scattering
elements. E, = E [(Sd,k — WHyi) (sar — Wiy H] € CNs*Ns ig the mean square error (MSE)
matrix of the k-th UE, with W, € CNveXMs denoting the combining matrix. ¥, € CM*M jg
an auxiliary variable to establish the equivalence between the SRM problem and the WMMSE
problem.

To deal with the multivariate optimization difficulty, the alternating minimization method is
applied. Firstly, W, and ¥, are optimized while keeping other variables fixed, which can be

shown to have the following closed-form solutions

Wi = (Ak + H,,F,FI H({{k)_lHekak, an
Ty = (Ep) .

Then, to optimize the BS precoder and the BIOS passive beamformers while keeping W, and

W, fixed, by expanding the MSE matrix in (33) and removing the terms that are not related to

the optimization variables, problem (33) can be simplified as

minimizo f=Tr (YWIHFFHI!W — YWHH.F — YF HIW)
subject to Tr(FF#) <1, (35
[Raplmm | =1, [[Raglmom| =1, Vma, ma.
where ¥ = blkdiag (¥y,..., V), W = blkdiag (W1,..., Wg), E = blkdiag (E4,...,Eg)
and H, = (HZ,,...,HT )"

e,1r -

B. Optimization of the BS Precoder

To optimize the BS precoder in (33) while keeping the BIOS passive beamformers ®4; and
®,- fixed, it can be shown that the BS precoder F has the following closed-form solution

according to the Karush-Kuhn-Tucker (KKT) conditions [35]]
F* = (F'HIWW, (36)

where F = HIWUWH, + 02Ty (FWHW) Iy, and ¢ = [[F"HIWE| ;.

C. Optimization of the 10S;

When optimizing the passive beamformer ®4; while keeping other variables fixed in (33), the

difficulty is the non-convex constant modulus constraint of the scattering elements. One way to
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solve this difficulty is to apply the CD algorithm [36], and alternatively optimize each element
of @, ;. By defining the equivalent IOS;-UEs channel as

— [(VeH!)T, . (JHE )T (VT —eHE | ®LLNT (V1= cHE®, L)
the objective function f in (33) can be represented as
f = Tr(lIIWHHdeleHFFHG‘I)éﬂH@W — OYWHHE®, ,GHF
—UFG®}, HeW) (37)
@ ¢§{1E¢d,1 - PH¢d,1 - d)ﬁﬂp,
where 2 = (He WEW HY )o(G'FFIG)", p = diag(He WPFG) and ¢y, = diag(®q1).
The equality (a) follows from the facts that Tr(AB) = Tr(BA), Tr(A + B) = Tr(A) + Tr(B),
Tr(C?ACB) = c¢(A o BT)c and Tr(AC) = a’c for arbitrary matrices A, B and diagonal
matrix C, with a = diag(A) and ¢ = diag(C). Without loss of generality, we assume that
the element to be optimized in the current iteration of the CD algorithm is [q’)dJ} - with other
elements of ¢, fixed. Then, by omitting the constant terms irrelevant to the optimization of
[¢d,1]m1’ the objective function f can be simplified as
f=2R{( D Bl [Parlm; = [Plm)[@anlrn, ) (38)
m) £
It can be shown that the optimal solution of [¢4,]m, With other elements fixed is given by

p—
‘ E 17'5m1[

[I]

] mimj [¢d 1] my T [p]nn
It [Da1]m; — [Pl |

[P 1lm (39)

[I]

D. Optimization of the 10S,

As the performance of UEg, is not related to ®45, we can divide f in (33) into two terms,
with one corresponding to the UEg,s, which is related to @ -, and the other to the UEg.s, which

can be taken as a constant when optimizing ® 5. By defining HY fra = ((\/ eHZ Koo +1) ey
(V1—eH}) ) , f can be further reformed as

fo=Tr(e, WL HE  @,,L7®, G'FF/G®] L&, He s W) — Tr(¥pa X
WHHE  ®4,L7®4,G Fy,) — Tr(V FIL GO LOY He 1o Wi,) + const  (40)
¢d 2'—‘fra¢d,2 - Pfjfa(ﬁd,z - ¢>§{2pfra + const,

where Wy, = blkdiag(Wr, 41, -, ¥x), Wia = blkdiag(Wg, 11, , Wg), Fra = [Fro 11,

) FK]’ Efra = (H@,frawfraqlfrawgaHg,fra) o (LH(I)d,l GHFFHG‘I)(J;];IJL)T’ Prra = dlag (H‘I>,fra
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foralIlfraFffaG@glL) and ¢y, = diag(®q2). As @Q) is similar to (37), P42 can also be
optimized by the CD algorithm.

Finally, the WMMSE-CD algorithm for the BIOS-assisted multi-user MIMO system can be
accomplished by alternatively optimizing ¥, W, F, @4, and ®4,. As the objective function
monotonically decreases after the optimization of each variable, the WMMSE-CD algorithm
is guaranteed to converge to a locally optimal solution of problem (33). It is worth noting
that although we use the true channel matrices G and Hj, in the derivation of WMMSE-CD
algorithm, the solutions of the variables in (34), (36) and @9) still hold for the estimates G

and H;, obtained by the proposed HTT-MO scheme, as there is only a scalar difference between

é(ﬁk) and G(H,,) if there is no noise effect in the channel estimation.

VII. SIMULATION RESULTS
A. Simulation Setup

Consider a BIOS-assisted system where the 10S; is set in the simultaneous reflection and
refraction mode with ¢ = 0.5. The number of UEs is set to K = 5, with 2 on the reflection side
and 3 on the refraction side, i.e., K. = 2, K, = 3. The number of ULA elements at the BS
and UEs is Nps = Nyg = 8, and that of the UPA elements of the BIOS is M = M, x M, = 49
with M, = M, = 7. For all of the ULAs and the two UPAs, the distance between neighboring
units is %)\, with A\ = 0.03m denoting the wavelength of carrier wave. For the BIOS, the
distance between the two IOSs is 0.03m. For the channel model in (@), the path number of
both G and H is set to 5, i.e., P = = 5. Similar to that in [21]][32]], the first path, i.e.,
p =1 (g = 1), is set as the LoS path of G (H) with its complex path gain distributed as
ai(Prr) ~ CN(0,1), while other paths are NLoS paths with the path gain distribution of
CN(0,0.1). For the BS and UEs, the AoAs/AoDs are assumed to be uniformly distributed in
[0, 7], while for the BIOS, the azimuth and elevation AoAs/AoDs are assumed to satisfy a
uniform distribution in [0, 2] and [0, %] U [2%, 7], respectivelyH. The elevation range [0, §] is
associated to the UEg.s, and [%’r, 7| is associated to the UEy,s. It is assumed that the BIOS-BS

(UE-BIOS) channel is time invariant in a large (small) timescale, as shown in Fig. B and is

>With this setup, we can reform (I2) by setting =% = —g +(i—1)=L2 T, = —g +(i—1)=L as (—sin(@)sin(e)),

Gr—1° Gy—1
(—sin(f)cos(¢)) € [—g, g] In this situation, we still have Af A1 ~ I due to the orthogonality between columns in Aj,

and thus the Lemma [E] still holds.
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independent for different large (small) timescale spans. The length of large (small) timescale
is set to Tiage = 10000 (Ysman = 2500), corresponding to a channel coherence time of 20ms
(bms) with a 500kHz transmission bandwidth. The uplink training pilot-to-noise-ratio (PNR) is
defined as 0—12, while the downlink transmission signal-to-noise-ratio (SNR) is defined as % For
the HTT-MO scheme, all elements of ®[t] and ®,[t] are randomly initialized from the constant
modulus set {:):}|:)3| = 1} to ensure a random quasi-omnidirectional beam pattern [37], and the
elements of the pilot vector s|t] are also randomly selected from this set. All simulation results

are averaged over 200 realizations.

B. Performance of the HTT-MO Channel Estimation Scheme

As mentioned in Section even when there is no noise effect, the obtained G and
H, of all UEs by the proposed HTT-MO scheme is still different from the real G and Hy
by a coefficient, i.e., G = iG and ﬁk = aHj. Thus, it is not suitable to simply take the
estimation MSE of G or H;, as a performance metric. Instead, we take the normalized MSE
(NMSE) of Hf ® G to evaluate the performance of channel estimation, which is defined as
E{||(H] © @) - (B] & G)[|}/|Inf < G|} }

We first evaluate the performance of the large timescale estimation step in the HTT-MO
scheme. As introduced in Section [V] a UEy, is selected for the estimation of G in the large
timescale estimation, and both G and its UE-BIOS channel are estimated via the MO-CE
algorithm. Fig. d(a) exhibits the NMSE performance of this selected UEy,,, which is defined
as NMSEgy,,, for different values of PNR and training overhead 7. It can be seen that for small
Tq, e.g., Tg < 300, the proposed MO-CE algorithm suffers from a shortage of training overhead,
resulting in an NMSE larger than 1 regardless of the PNR. However, with the increase of 7(,
the performance is rapidly improved, and then reaches the gentle descent region for all PNRs.

Next, Fig. d(b) demonstrates the average NMSE performance of all UEs in the small timescale,
which is defined as NMSE,,, = E{% S (H(H;{ ®G) — (Ijl;‘f ® (A})Hi,/HH"kF ® GH?)},
based on the G obtained in the large timescale with 7; = 900. The PNR is set the same in
both the large and small timescales. As can be observed from this figure, in this step the NMSE
decreases monotonously with the increase of 7y or PNR, which is similar to that in the large
timescale estimation shown in Fig. d(a). However, the required 7T} is much smaller than T to
achieve similar NMSE performance, e.g., Ty = 120 and T; = 500 to reach a NMSE of 10dB

when PNR = 20dB. This is mainly because in the small timescale, the BS only needs to estimate
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Fig. 4. (a) NMSEg., versus T¢ for the selected UEy, in the large timescale. (b) NMSE,.e versus Ty for all UEs with the G

estimated in the large timescale and the H), estimated in the small timescale.

the UE-BIOS channel H;, for each UE with the obtained é, while in the large timescale, both
G and H should be estimated for the selected UEy,,. However, even if the 73 is sufficient, the
NMSE performance in the small timescale cannot exceed that in the large timescale estimation
shown in Fig. d{a), since the channel estimation performance of small timescale is limited by

the estimation quality of G obtained in the large timescale.

C. Sum Rate Performance

To further evaluate the effectiveness of the proposed HTT-MO channel estimation scheme and
the WMMSE-CD beamforming scheme, Fig. [5 exhibits the sum rate performance of the BIOS-
assisted system with or without channel estimation errors, represented by the solid and dashed
lines, respectively. In the case with channel estimation errors, the CSI used for the beamforming
is obtained by the HTT-MO scheme with PNR = SNR + 10dB. In the case without channel
estimation errors, the pilot overhead is still counted and set the same as that in the case with
estimation errors in order to provide a benchmark.

Fig. [5(a) shows the sum rate performance as a function of T, when Ty is fixed at 150. It can
be seen that the sum rate performance is very poor due to the low channel estimation quality

when ¢ is very insufficient (below 300), and starts to increase rapidly when 7; becomes larger.
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Fig. 5. The sum rate performance of BIOS-assisted system with (solid lines) or without (dashed lines) estimation errors. (a)

Sum rate versus 7q; (b) sum rate versus 7%.

As T continues to increase, however, the sum rate begins to decrease as the estimation quality
cannot be significantly improved, while according to (32)), the sum rate gradually decreases with
more pilot overhead. In general, there is a best choice of 7; to balance the sum rate improvement
due to more accurate channel estimation quality and the data rate loss due to more pilot overhead.

Fig. Blb) also provides the sum rate performance as a function of Ty with T = 900. Similar
to that in Fig. B(a), the sum rate with estimated CSI first increases and then decreases with
the increase of Ty, reaching the maximum sum rate with about 7Ty = 75 due to the trade-off

between the estimation accuracy and the consumption of training overhead.

D. Comparison of the Sum Rate Performance of BIOS-, IRS- and 10S-assisted systems

In this subsection, we compare the sum rate performance of the proposed BIOS-assisted system
to that of the conventional IRS- and [10S-assisted systems with both perfect CSI and estimated
CSI. For the [0S-assisted system, we set € = (.5 to simultaneously serve UEs on both sides. The
beamforming design of all these three systems are accomplished by the proposed WMMSE-CD
scheme as both IRS and IOS can be regarded as a special case of BIOS.

Fig. [Bla) first depicts the sum rate performance of the BIOS-, IRS- and IOS-assisted systems
versus SNR with perfect CSI, where the BS is assumed to have perfect knowledge of CSI
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Fig. 6. Sum rate versus SNR for BIOS-, IRS- and 10S-assisted systems. (a) With perfect CSI; (b) with estimated CSI.

without any pilot consumption. As can be observed, for all of the three systems, the sum rate

performance increases monotonously with the SNR, while the BIOS always outperforms the IRS

and IOS as it can independently control the beamforming on both sides. Meanwhile, the IRS

performs the worst as it can only serve the UEs on the same side with the BS.

Next, we compare their performance with estimated CSI. For the channel estimation in the

conventional IRS- and I0S-assisted systems, we adopt the following channel estimation schemes.

o TS-LS [28]]: The authors of [28]] directly estimated the cascaded channels of all UEs one-by-
one over consecutive time slots based on the LS algorithm for the [0S-assisted SISO system.
We extend this scheme to the I0S- and IRS-assisted MIMO systems in our simulation.
BA-LS [23]: Instead of directly estimating the cascaded channels, the authors of [23]]
decoupled the IRS-BS and UE-IRS channels by modeling the received pilots as a tensor, and
then estimated these channels with an alternating LS algorithm for the IRS-assisted MIMO
system. We extend this scheme to the 10S-assisted MIMO system in our simulation.
CS-EST [32]: A three-stage scheme was proposed in to estimate the cascaded channel
for the IRS-assisted single-user MIMO system. The AoDs at the UE, AoAs at the BS and
the cascaded channel are estimated in each stage by the OMP algorithm. In this paper, we

apply this scheme in the IOS- and IRS-assisted multi-user MIMO systems by separately
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estimating the cascaded channels of all UEs.

Fig. [6(b) depicts the sum rate performance of the BIOS-, IRS- and I0S-assisted systems as
a function of SNR with estimated CSI. The PNR is assumed to be 10dB higher than the SNR.
As more training overhead provides higher estimation accuracy but occupies more transmission
time, we select the best overhead for each estimation scheme and for each SNR in the sense
of maximizing the sum rate of the corresponding system, instead of setting a fixed number of
training pilots.

By comparing Fig. [6(b) with Fig.[6(a), we can see that all of the three systems suffer from rate
reduction due to the consumption of training overhead as well as channel estimation errors. As the
TS-LS scheme does not exploit any property of channels in the IRS- and 10S-assisted systems, it
needs extremely high training overhead, e.g., at least K NygM pilot vectors in a small timescale,
and thus reaches the smallest sum rate for both IRS- and I0S-assisted systems. For the BA-LS
scheme, although it utilizes the property that all UEs share the same RIS-BS channel, the required
number of training overhead is still high, e.g., at least K Nyg(M + 1 — P) pilot vectors in a small
timescale, which significantly affects the sum rate performance of IRS- and 10S-assisted systems.
By contrast, the CS-EST scheme can efficiently exploit the angle domain sparsity of channels in
the IRS- and 10S-assisted systems, the required training overhead in a small timescale is only in
the order of O (K PQlog(PQGh)). Thus, the sum rate of both the IRS- and I0S-assisted systems
with the CSI obtained by the CS-EST scheme is much higher than that with the TS-LS and BA-
LS schemes. Finally, although the channel estimation in the BIOS-assisted system is much more
complicated than that in the IRS- and IOS-assisted systems as we discussed in Section [l and
Section [[V] results in this figure show that the BIOS-assisted system with the CSI obtained by
the proposed HTT-MO scheme significantly outperforms the IRS- and IO0S-assisted systems for
medium and high SNRs. This performance advantage not only results from the ability of flexible
beamforming control on both sides bestowed by the BIOS structure, but also results from the
reduction of requested training overhead by efficiently exploiting the channel properties in the

BIOS-assisted system, i.e., the two-timescale, heterogeneous and sparsity properties.

VIII. CONCLUSION

In this paper, we have investigated the channel estimation problem of the uplink BIOS-
assisted multi-user MIMO system. To reduce the large pilot overhead in the channel estimation

of the BIOS-assisted system, we proposed the HTT-MO channel estimation scheme by efficiently



28

exploiting the heterogeneous, two-timescale, and sparsity channel properties, in which the BS
first estimates the common BIOS-BS channel with the pilots sent by a selected UEg,, in a large
timescale, and then uses the estimated BIOS-BS channel to estimate the UE-BIOS channels for
all UEs separately in every small timescale. In each step, by exploiting the low rank property
due to the channel sparsity and applying the MO method to deal with the rank constraint, the
requested pilot overhead is further reduced. In addition, we have proposed the WMMSE-CD
scheme for the beamforming optimization of the downlink BIOS-assisted system to maximize
the UEs’ sum rate. We have provided various simulation results to demonstrate the effectiveness
of the proposed channel estimation and beamforming schemes. It has been shown that compared
with the conventional RISs such as IRS and 10S, the BIOS-assisted system with the CSI estimated
by the proposed HTT-MO scheme has remarkable performance advantage in sum rate, not only
resulted from the truth that the BIOS can provide very flexible beamforming on both sides,
but also caused by the efficient utilization of the channel properties in the HTT-MO channel

estimation scheme.

APPENDIX A
PROOFS OF (13) AND (I6) IN LEMMA [T]

The equivalence between the two forms of S, in (I4) and (I6) can be proved by showing
that for any matrices A, C € CM>*M_ B D ¢ CM2*N2 without any zero element, the necessary
and sufficient condition of AR B=C® D is: da # 0,A =aC,B = iD.

Necessity: If there is an a # 0, A = aC,B = 1D, we have A® B = (ax1)C®D = C®D
with the property of Kronecker product: Va,b # 0, aA ® bB = ab(A ® B).

Sufficiency: Vm, ni, mo, ne, we have:
[A]mlm[B]m2n2 = [A ® B]((ml—l)M2+m2)((m—1)N2+n2) 7£ 0, (41)

[C]mlnl [D]mzm - [C ® D]((M1—1)M2+M2)((n1—1)N2+n2 7& 0. (42)

As A ® B =C ® D, each element of A ® B should be equal to the corresponding element of

C®D,ie., [Alnn [Blmwns = [Clmin, [D]man, for any my, ny, my and ny. By setting a = %,

[Cli1 and [D]y; can thus be expressed as [C];; = £[A];1, [D]i; = a[B];;. Therefore, for all m
and n, [A]11[Blyn = [Cl11[D]my = £[A]11[D]mn, which means that [B],,,, = £[D],,,, holds for
all m and n. Thus, we have B = %D. Similarly, we can prove that A = aC, which completes

the proof of sufficiency. |
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To show the equivalence between the two forms of Sge . in (I3) and (I3), as the Khatri-Rao

product can be divided into the Kronecker product of each column of the two matrices, the proof

1s thus similar to that above.
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