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Abstract—Reconfigurable intelligent surface (RIS) is a revo-
lutionary technology that can customize the wireless channel
and improve the energy efficiency of next-generation cellular
networks. This letter proposes an environment-aware codebook
design by employing the statistical channel state information
(CSD) for RIS-assisted multiple-input single-output (MISO) sys-
tems. Specifically, first of all, we generate multiple virtual chan-
nels offline by utilizing the location information and design an
environment-aware reflection coefficient codebook. Thus, we only
need to estimate the composite channel and optimize the active
transmit beamforming for each reflection coefficient in the pre-
designed codebook, while simplifying the reflection optimization
substantially. Moreover, we analyze the theoretical performance
of the proposed scheme. Finally, numerical results verify the
performance benefits of the proposed scheme over the cascaded
channel estimation and passive beamforming as well as the
existing codebook scheme in the face of channel estimation errors,
albeit its significantly reduced overhead and complexity.

Index Terms—Reconfigurable intelligent surface (RIS), code-
book design, channel estimation, reflection optimization.

I. INTRODUCTION

ECENTLY, reconfigurable intelligent surface (RIS) has

gained widespread attention for improving system energy
efficiency in a low-cost manner [1], [2]. Generally, RIS is
a programmable metasurface composed of numerous passive
elements, and each element can independently adjust the
phase/amplitude of incident signals [3]. Furthermore, RIS
can operate in a full-duplex mode while circumventing the
common self-interference issue and can be directly integrated
with the existing wireless network to perform its function [4].
Thanks to the aforementioned benefits, RIS is envisioned as a
critical technology enabling future wireless networks [4].

In order to unlock the full potential of RIS-assisted com-
munication systems, accurate channel state information (CSI)
is generally demanded, which poses a big challenge due to
the large number of passive elements on RIS. To address this
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issue, an ON/OFF scheme was proposed in [3] to estimate
the cascaded base station (BS)-RIS-user channels. Moreover, a
discrete Fourier transform (DFT)-based phase shifting config-
uration was adopted in [5] to perform uplink cascaded channel
estimation. Furthermore, the authors of [6], [7] proposed
deep learning-based channel estimation methods to reduce the
training overhead by exploiting the sparsity of the beamspace.

In addition, joint active beamforming and reflection co-
efficient optimization is generally non-trivial. Recently, the
authors of [1] proposed an alternate optimization (AO) al-
gorithm to design the precoding and reflection coefficient
(RC) matrices for minimizing the transmit power at the BS.
Furthermore, a block coordinate descent (BCD) algorithm was
applied in [8] to implement RC optimization for maximizing
the average sum-rate. The authors of [9] designed the RC
based on the statistical CSI for maximizing spectral efficiency.
Moreover, for minimizing the transmit power, the authors of
[4], [10] proposed a gradient descent algorithm to optimize
the RC.

Nevertheless, the existing joint optimization schemes gener-
ally require high complexity and excessive overhead to probe
the reflected channels. Recently, a novel codebook scheme
that obtains a suboptimal solution in a low complexity was
investigated in [2], [5], [11], [12]. Specifically, the authors
of [11] investigated a random codebook scheme, while [2]
and [12] proposed a sum Euclidean distance maximizing
codebook by considering the discrete and continuous phase
shifts, respectively. In addition, the limited feedback bit al-
location scheme based on channel structure for adapting to
diverse environments was investigated in [13]. Moreover, an
adaptive codebook design relying on a deep neural network
was proposed by considering the limited feedback link [14].

Note that the existing schemes generally designed the code-
book without considering the wireless channel [2], [12]. We
propose a novel environment-aware codebook to address this
issue by exploiting the statistical CSI. Considering the low
communication rate of the feedback link, the RIS configuration
is completed only by feeding back the optimal index. On one
hand, the proposed scheme can strike a beneficial trade-off be-
tween training overhead and system performance. On the other
hand, the designed codebook based on statistical CSI attains
performance improvements compared to the existing codebook
schemes. In addition, we analyze the theoretical performance
and complexity of the proposed scheme. Finally, simulation
results verify the performance benefits of the proposed scheme
and its robustness against channel estimation errors.



II. SYSTEM AND CHANNEL MODELS
A. System Model

As shown in Fig. 1, we consider an RIS-assisted multiple-
input single-output (MISO) communication system in a single
cell. The RIS having N reflecting elements assists in the
downlink communication from a BS with M antennas to a
single-antenna user equipment (UE). Let N' = {1,2,..., N}
and M = {1,2,..., M}, respectively. Moreover, all RIS
elements are connected to a smart RIS controller, which is
capable of independently adjusting the phase of the incident
signals. In addition, considering the practical hardware im-
plementation, we assume the discrete phase shift of uniformly
quantifying [0, 27) imposed by each RIS element. Let b denote
the number of quantization bits associated with each ele-
ment. Thus, we have RC set & = {10, eIA0 _ ¢i(2°=1)A0Y
where Af = 2m/2° denotes the quantified interval. Let
@ = [p1, 02, .., on]T € CVN*L denote the RC vector, where
on € &, n € N denotes the RC of the n-th RIS element.

Let ©® = diag(¢p) € CNV*N denote the reflection matrix
of the RIS. This letter assumes the narrow-band flat fading
channel and the time-division duplex (TDD) mode. Let G €
CN*M hH ¢ C1*N | and hf € C'™M denote the complex
baseband channel from the BS to the RIS, from the RIS to
the UE, and from the BS to the UE, respectively. As a result,
the downlink channel h”’ € C'*™ can be denoted as h =
hl + h#OG = hi + ¢TD, where D = diag(hf)G €
CN*M denotes the cascaded BS-RIS-UE channel.

First, we consider the uplink channel estimation process. Let
x denote the normalized pilot signal, satisfying E {|x\2} =1,
and p, denotes the average power of pilot signal. Assume
the system having T training time slots (TSs)and define 7 =
{1,2,...,T}. Thus, the BS received signal at t-th TS y; €
CMx1 is written as

yt = hyy/pez + gy = (hg + D7) puz + 0y, (D)

where Vt € T, n, ; € CM>*! and ¢, denote the additive white
Gaussian noise (AWGN) at the BS with the average noise
power of o2, satisfying n, ~ CA(0,02I,,) and the RIS RC
vector at the ¢-th TS.

Next, we consider the downlink communications. The total
power at the BS is denoted by pg, and z represents the signal
transmitted from the BS. Thus, the signal received at the UE
is denoted as

ry = hf\/ﬁdwz + g = (hf + qﬁtTD) VPawz + nay, (2)

where t € [T+1, L], L denote coherent time slot, w € CMx1
denotes the transmit beamforming vector, satisfying ||w|® =
1, and ng; ~ CN(0,03) denotes the AWGN at the UE with
the average noise power of o3 at the ¢-th TS.

B. Channel Model

Before going on further, we elaborate on the Rician channel
model adopted in this letter. Specifically, the direct channel hy
is generated by

by = Ao/ (Ko + 1) (VEGRS +BY5) )
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Fig. 1. An RIS-assisted downlink MISO system.

where h}° and represent the line-of-sight (LoS) and
non-LoS (NLoS) components of hy, respectively. The NLoS
component of hy is modeled by complex Gaussian distribu-
tion, i.e., hY5 ~ CAN(0,I)/); B4 and K4 denote the path
loss and Rician factor of the direct channel hy, respectively.
Similarly, G and h; are generated by a similar way as (3).
Furthermore, we consider a uniform linear array (ULA) of
M antennas at the BS. Let ags € C™*! denote the steering
vector of the BS, and the m-th entry of the agg is denoted as
ed2m(m=1)dsssin /X \/yp e M, where dgg denotes the antenna
spacing of the BS, X denotes the wavelength of the signal, and
¢ € [-m/2,7/2) denotes the angle of departure (AoD) or the
angle of arrival (AoA).

Furthermore, we model the RIS as a uniform planar array
(UPA). Let ag(cv,v) € CV*! denote the steering vector of the

RIS. Specifically, the n-th entry of ag is denoted as
ejQTrdRsin'y[L"ATlesin(x—&-((n—l)—["]\;xlex)cosa]/)\, Vn € N,

NLoS
hd

where dr denotes the element spacing of the RIS, and Ny
denotes the number of reflecting elements deployed at each
row [12]. Moreover, o € [0,7) and v € [—7/2,7/2) denote
the azimuth and elevation AoA/AoD, respectively. As a result,
the LoS components of the G, h;, and hy can be denoted as
aps(9}). ar(ag, ve)aps(dg)", and ag (o, 7{*), respectively,
where ¢%} and (;SgD denote the AoA from the UE to the BS
and the AoD from the BS to the RIS, respectively; ag and
7? denote the azimuth and elevation AoA from the BS to the
RIS, respectively; af and 'yrA denote the azimuth and elevation
AoA from the UE to the RIS, respectively.

III. THE PROPOSED CODEBOOK-BASED DESIGN

In this section, we first present the protocol of RIS-assisted
system based on codebooks in Section III-A, then we elaborate
on the steps of our environment-aware codebook design in
Section III-B. Finally, we analyze the advantages of the
proposed scheme in Section ITI-C.

A. The Proposed Protocol

1) Environment-Aware Codebook Generation: The code-
book scheme could significantly reduce the implementation
complexity and backhaul consumption [12]. In this letter, we
first design an environment-aware codebook consisting of a
set of RCs according to the statistical CSI, based on which
we pursue a suboptimal solution. Thus the BS only needs to
feedback the optimal index to the RIS through the control link.
The detailed design of the environment-aware codebook will
be elaborated in Section III-B.



2) Composite Channel Estimation: In sharp contrast to the
existing channel estimation schemes that estimate the direct
and cascaded channels separately, we directly estimate the
superimposed end-to-end channel spanning from the UE to
the BS for each given RIS RC in the pre-designed codebook,
which requires 7' training slots. Specifically, the composite
channel is denoted as h; = hy + D ¢} at the ¢-th training
TS. By applying the least square (LS) [2] and minimum mean
square error (MMSE) [5] technique, we could estimate the
composite channel as

heis =2y /y/pa, VEET, “)
N 1~
hymvse = Ry (RY + 00T /pa) hes, VT, (5

where R;, = E {hhH } denotes channel correlation matrix
of h. Note that the proposed composite channel estimation
scheme has significant advantages over the scheme of [3] in
terms of implementation complexity.

3) Downlink Transmit Beamforming: According to the
channel estimation in (4), (5) and by applying the channel
reciprocity in TDD mode [15], at the ¢-th training TS, t € 7.
The active transmit beamforming vector w; can be obtained
by applying the maximum ratio transmission criterion [11] as
wy = hy /||hy|| = 2*y+/|ly:||. Therefore, at the ¢-th training
TS, the achievable downlink rate can be expressed as

2) g, (1 2l
? opa )’

(6)
4) Reflection Optimization: We repeat performing channel
estimation and active transmit beamforming for each RC in
the codebook. After obtaining all objective function values, the
optimal RC index can be obtained by selecting the best one
maximizing the achievable rate from the designed codebook.

The optimal index searching process can be formulated as

~H
R, = log, <1 + 2|6,
94

t = arg max R;. @)
teT
After obtaining the optimal index ¢, the BS can determine the
transmit beamforming vector w;, and the RIS controller can
configure the optimal RCs. Thus the codebook scheme obtains
a suboptimal solution within a salable overhead.

B. Environment-Aware Codebook Design

Existing codebook solutions including the random codebook
[11] and the sum Euclidean distance maximizing codebook
[2] are non-adaptive, which generally results in worse per-
formance in a limited training overhead. To solve this issue,
we propose an adaptive codebook scheme by employing the
statistical CSI relying on the LoS components of the channels.
In order to reduce the implementation complexity, we first
select a reference antenna at the BS, and generate multiple
virtual channels according to (3), where the LoS and NLoS
components of the virtual channels are generated by the
steering vectors calculated by location information of the UE
and a Gaussian distribution. Assume that we have chosen the
m-th BS antenna as the reference and generate 1" sets of virtual
channels. Upon aligning all reflected channels with the direct

channel for each virtual channel, the optimal phase shift of
the n-th element at the ¢-th training TS is given by

Dz =4(\/th;§ n 7155?5) . 4(\/th5§;§ + ﬁyg;;g)
A (x/fggk‘,’ﬁl + éﬁﬁi’ft) . YneN, VeT, (8

where S, hi9S, and g%, are the LoS components of the
m-th entry of h™®S, the n-th entry of h}°S, and the (n,m)-
th entry of G5, respectively, at the ¢-th TS. /}g{h‘;i, EFTLL"E ,
and gn'o%, represent the NLoS components of corresponding
virtual channels which we generated off-line. The continuous
RC of the n-th reflecting element at the ¢-th training TS can
be denoted by gojm = e¢/¥n.t Next, we consider discrete phase
shift ¢,, , by minimizing the quantization error, which can be
denoted as

@t = arg min @), — o], VneN. )

psEE
Furthermore, the RC vector of the ¢-th training TS is denoted
as @ = (P14, P2ty - n.¢]T . Moreover, considering the fact
that the generated ¢; may conflict with previous ones, we
generate a new one until 7" diverse RC vectors are obtained.

C. The Advantages of the Proposed Scheme

Next, we elaborate on several benefits of the proposed
scheme. First, the proposed scheme’s overhead is independent
of N. Hence, the proposed scheme provides a beneficial trade-
off between the system performance and training overhead.
In addition, the proposed codebook-based scheme only needs
feedback the optimal index of [log,7"] bits instead of existing
counterparts requiring N a bits to configure the RIS. Moreover,
compared to the existing codebook designs [2], [11], the
proposed scheme utilizes the statistical CSI and achieves
substantial performance gain under the same overhead.

Moreover, the complexity of channel estimation and reflec-
tion joint optimization of the AO algorithm are 2M (N + 1)
and Ny (2°N + 4MN + 4M) in terms of the real-valued
multiplications [11], where Nj,, denotes the number of iter-
ations for implementing the AO algorithm, 2°N, 4M N, and
4M denote the complexity for optimizing reflection matrix @,
calculating h# | and active beamforming w at each iteration.
By contrast, the complexity of channel estimation and the
reflection optimization of the proposed scheme are 4M7T and
(6M + 8)T, respectively, where 4M, 6M + 3, and 5 denote
the complexity of estimating a composite channel, optimizing
active beamforming, and calculating the achievable rate for
each RC, respectively. The complexity comparison will be
demonstrated in Section V.

IV. THEORETICAL ANALYSIS

In this section, we analyze the scaling law of the average
received power at the UE of the environment-aware codebook
scheme. For simplicity, we assume M = 1. Besides, the
direct channel is blocked and the obtained CSI is accurate. We
consider the Rician channel model for h, and g. Specifically,
h, is generated following (3), where |hL9S| =1 and hEOS ~

T,n

CN(0,1). The modeling of g is similar, and the Rician factor



of the g is set to Ky — oo. Moreover, the channels associated
with different elements are i.i.d.. Rician fading with average
power 3, and 3, for h,, and g,, respectively, where h,
and g,, denote the n-th entry of h, and g. Based on the above
assumptions, we obtain the Proposition 1.

Proposition 1: Assume h, , following the Rician channel
modeling with Rician factor of K;, n € A/. For N >> 1, the
signal power received at the UE is given by

“V‘NQKIKZ\/E ’
(i44)

P < paBiBe | N?°Ki + NK3 (log T + C)
N——
(i) (i)
(10)

where K| = /K./ (1+ K}), K, = /1/(1+ K}), and C =

0.5772 is the Euler-Mascheroni constant.
Proof: By applying the above conditions, the signal power

received at the UE is denoted by p, = pgE {Igl%gc |¢tTd|2},
€

which can be further expressed as

paE {rtréa;;\afdf}

2

N
= paBrByE { max | > bn o (Kihps? + Kohi®®) g
n=1
2
= pafrPyE max hL°S n

.t K2 hNLOS) In

Sne)

Y

where d denotes the cascaded BS-RIS-UE channel of g and

h,, while an,t is obtained in Section III-B. Since obtaining

a closed solution for (11) is non-trivial, we next derive a

theoretical upper bound by scaling three entries in (11). First,

by invoking the Lindeberg-Lévy central limit theorem [11],
N

we have > én,tKl(hrL",’ls)*gn ~ CN(0,NK?) as N — oo.

n=1
Furthermore, we assume that the dominant LoS components

of reflected channels are aligned in the first entry of (11),
then we obtain (i) of (10) by applying (31) in [1]. Second,
we assume that the NLoS components of reflected channels
to be dominant and adopt multiple sets of random RCs to
optimize the NLoS components of channels in the second
entry of (11), thus we obtain (ii) of (10) according to
(13) in [11]. Finally, we consider both the LoS and NLoS
components of reflected channels in the third entry of (11).
Due to the fact that |hYLoS| follows Rayleigh distribution
W1th mean value of /7/2, we have an upper bound of

N
2 Z (K, |hL°S| lgn]) > (K> ’hNL°s| |gn|), based on which
1

We can readily obtain rﬁm) of (10). |

It is noted that the performance of the proposed scheme is
highly dependent on the channel structure. Specifically, when
K, — 1, i.e., the reflected channel is equivalent to the virtual

+ 2Re {ENj (Gnckr(h5) g0 )

LoS channel, we have p, — paf3:8, N2 K7, which characterizes
the quadratic power scaling law versus the number of RIS
elements [1]. When considering the Rayleigh channel for
h,, ie, K, — 1, we have p; — paf:B:NK3 (log T + C),
which is consistent with the conclusion of [12]. Furthermore,
when T = 1, we have p;, = py3;8,NK3C. Moreover, when
considering the maximum overhead of T}, = 24V, we have
Pr— apdﬁngNQKQQ'

V. SIMULATION RESULTS

In this section, we provide simulation results to verify
the performance of our proposed scheme. We consider a 3D
Cartesian coordinate system, where the antenna array at the
BS is modeled by a ULA and deployed on the y-axis with
antenna spacing of dgs = A/2. The UE is located on the x-
axis. In addition, we assume that the RIS is deployed as a
UPA on the z — z plane with 10 x 10 array structure and
element spacing of dg = A/8. Moreover, if not specified,
we consider 1 bit phase quantization, i.e., & = {e’0 e/7},
which is common in the practical design [11]. The coordinates
of the BS, RIS, and UE are (0,0, hgs), (dpu, dru, hr), and
(dsu, 0,0), respectively, where the distance from the BS and
RIS to UE are dgy = 100 m and dgy = 6 m on = — y
plane, respectively, the height of both the BS and RIS are
hgs = hg = 5 m. Thus, The path loss of each channel is
modeled as 5 = Cy(d/dy)~“, where Cy = —20 dB denotes
the path loss at the reference distance of dy = 1 m, d denotes
the distance of the link. Moreover, the path loss factor of G,
h;, and hy are set to oy = 2.4, oy = 2.5, and ag = 3.5,
respectively. In addition, the Rician factors of the G, h,, and
hy are set to K, = 4 dB, K; = 3 dB, and Ky = —3 dB,
respectively. Moreover, we consider the transmit power at the
BS is pg = 40 dBm, the average noise power at the BS and the
UE are 02 = —110 dBm and o7 = —90 dBm, respectively.
Moreover, all results are obtained by averaging over 1,000
independent experiments.

As shown in Fig. 2(a), we evaluate the achievable rate versus
different training overhead, where we consider six benchmark
schemes, including the AO algorithm [1], random phase shift
(RPS) scheme [11], random codebook (Rand.) scheme [11],
plain MISO without RIS [1], and statistical CSI (SCSI)-based
scheme [5] without selecting a reference antenna with 7' = 1.
Note that the achievable rate of the proposed scheme, AO,
and the SCSI scheme can be improved as the number of
quantization bits b increases, while the random codebook
scheme hardly attain any performance gain [11]. Moreover,
the proposed scheme has a moderate rate loss compared to
the AO algorithm under the perfect CSI, which, however, can
be gradually improved with the increase of 7'. In addition, the
system’s achievable rate of the proposed scheme benefiting
from the statistical CSI outperforms the random codebook and
DFT scheme at T' = 1. Fig. 2(b) compares the achievable rate
of different schemes and channel estimation techniques under
imperfect CSI. It is worth noting that the rate of the proposed
scheme even outperforms the AO scheme in the presence of
channel estimation errors. However, the AO algorithm still
requires 101 training TSs to attain such inaccurate CSI. As a
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result, our scheme is more competitive in the face of imperfect

CSL

As shown in Fig. 3(a), we consider K, = Kyg — oo and
analyse the influence of K, on the achievable rate. Observe
from Fig. 3(a) that the achievable rate of the proposed, DFT,
and SCSI schemes gradually increase with the value of K.
The proposed and SCSI schemes almost achieve the same
achievable rate with the AO algorithm under perfect CSI at
K, = 30 dB. Moreover, the proposed scheme relying on
an environment-aware codebook significantly outperforms the
random codebook, RPS, and DFT schemes. Fig. 3(b) considers
the imperfect CSI by taking p, = —20 dBm. Again, the
proposed scheme outperforms the AO algorithm in the face
of severe channel estimation errors. As shown in Fig. 3,
the achievable rate of the proposed scheme improves as K.
increases, while the other benchmark schemes are not sensitive
to K. In a nutshell, our scheme utilizes the statistical CSI to
attain better performance.

Fig. 4(a) verifies our analytical results in Section IV, where
we set K. = —30 dB, 3 dB, and 30 dB, respectively. Note
that the theoretical results serve a tight upper bound of the
simulation results under all setups. Finally, Fig. 4(b) compares
the complexity of the AO algorithm and the proposed scheme.
In sharp contrast to the AO algorithm, the complexity of the
proposed scheme is independent of the number of reflecting
elements V. In addition, with the increase of 7', the complexity
of the proposed scheme will increase, which, however, is still
less than the AO algorithm.

VI. CONCLUSIONS

In this letter, we proposed an environment-aware codebook
scheme by exploiting the statistical CSI for the RIS-assisted
MISO system. We perform reflection optimization for each RC
in the pre-designed codebook and obtain the best RC by max-
imizing the objective function. Furthermore, we analyzed the
theoretical achievable rate of the proposed scheme. Moreover,
simulation results demonstrated that our proposed scheme at-
tained performance benefit under imperfect CSI, albeit its low
implementation complexity and training overhead. Note that
the proposed scheme can be readily extended to multiple-input
multiple-output and multi-user MISO scenarios by exploiting
statistical CSI-based joint optimization methods.
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