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Abstract—Pixel-based reconfigurable intelligent surfaces
(RISs) employ a novel design to achieve high reflection gain at
a lower hardware cost by eliminating the phase shifters used
in traditional RIS. However, this design presents challenges for
channel estimation and passive beamforming due to its non-
separable state response, rendering existing solutions ineffective.
To address this, we first approximate the non-separable RIS
response functions using a kernel-based method and a deep
neural network, achieving high accuracy while reducing
computational and memory complexity. Next, we propose a
simplified cascaded channel model that focuses on dominated
scattering paths with limited unknown parameters, along with
customized algorithms to estimate short-term and long-term
parameters separately. Finally, we introduce a low-complexity
passive beamforming algorithm to configure the discrete RIS
state vector, maximizing the achievable rate. Our simulation
results demonstrate that the proposed solution significantly
outperforms various baselines across a wide SNR range.

Index Terms—Intelligent reflecting surface (IRS), reconfig-
urable intelligent surface (RIS), non-separable state response,
channel estimation, passive beamforming

I. INTRODUCTION

Reconfigurable intelligent surfaces (RISs) are flat surfaces
that alter the propagation environment by manipulating the
properties of reflected waves [1]–[7]. Each element of the sur-
face can adjust the reflection responses of incoming waves in-
dependently by switching among different RIS states. Through
proper configurations using passive beamforming techniques,
the RIS can establish a virtual line-of-sight (LoS) propagation
path between the transmitter and receiver. This capability
offers potential benefits in various areas, including cellular
communication [8]–[10], mobile edge computation [11]–[13],
and air-ground communication [14]–[16]. The RIS discussed
in these papers uses phased array with phase shifters that
have 2 or more bits of resolution. However, phase shifters
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(a) Phased-array-based RIS with separable state response 

(b) Pixel-based RIS with non-separable state response    
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Fig. 1. Illustration of the RIS-assisted downlink MISO system.

are costly in practice and occupy space on the RIS, limiting
design flexibility. To tackle this issue, a new design called
pixel-based RIS has been introduced in [4]. This design allows
flexible control over the radiation elements without needing
phase shifters. To fully utilize its benefits, effective channel
estimation and passive beamforming techniques for the pixel-
based RIS are essential.

For traditional phased-array RIS, designing passive beam-
forming usually needs accurate channel estimation of the
base station (BS)-RIS-user link, as shown in Fig. 1(a). The
effective channel between the BS and the user (heff ) can
be modeled as the multiplication of separable components,
including the wireless channel from the BS to the RIS (G),
the phase shifter network (ν), and the wireless channel from
the RIS and the user (hr). Note that the phase shifter network
configuration ν can be separated out (see Fig. 1(a)). This
allows the effective channel to be represented as the product
of a cascaded channel response (Hcas), (which encapsulated
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the scattering effects in the BS-RIS and RIS-user links and is
independent to the phased array setup), and a RIS response
term ν which depends only on the phased array configuration
[17]–[23]. As a result, the conventional phased array RIS
shows a separable channel response. This property allows the
use of standard channel estimation algorithms [24]–[28] to
estimate Hcas from data collected with different phased array
configurations. The estimated Hcas can then be used to predict
beamforming performance for other configurations, making it
useful for beamforming design.

However, the pixel RIS results in a BS-RIS-user chan-
nel with a non-separable state response. Specifically, the
effective BS-RIS-user channel in the pixel-RIS-assisted sys-
tem, heff , is a non-separable function of the RIS config-
uration (i.e., states s) and the angle of departure/arrivals
(φAoD, θAoD, φAoA, θAoA) of the scattering paths in the BS-
RIS and RIS-user links, as shown in Fig. 1(b). The RIS
responses ν will be different for different pairs of incident and
reflection rays, and the influence of the RIS state configuration
s cannot be isolated as a separable term in the effective BS-
RIS-user channel. Passive beamforming poses a challenge for
RIS with a non-separable state response, as existing chan-
nel estimation and passive beamforming strategies become
inapplicable. This is because the channel estimation for one
RIS configuration cannot be directly used to predict the
effective channel response of the pixel-based RIS system at
other configurations and hence, cannot be used directly for
beamforming design.

Additionally, there is no simple closed-form expression for
the 4D array response function for each state of the pixel RIS
due to its complicated electromagnetic scattering properties.
One method is to create a 4D lookup table and then use curve
fitting tools to approximate the response function. However,
a lookup table with 1-degree angle resolution would need
3.5 GB of memory, and storing the fitting parameters would
need even more space, making this method impractical in
terms of memory and time. Therefore, designing a practical
approximation for the RIS response function that has low
computational and memory complexity is highly desirable for
both channel estimation and performance evaluation of the
pixel-RIS-assisted wireless system.

Furthermore, passive beamforming in the pixel-RIS-assisted
system involves discrete optimization variables to adjust each
RIS element to an appropriate state. Continuous relaxation
[29]–[32] is employed for traditional phased array RIS, fol-
lowed by regularization or projection to minimize the re-
laxation error by leveraging candidate phase values that are
uniformly located around a unit circle. However, this property
does not hold for the pixel RIS, and a new method is required
to tackle the discrete state selection challenge.

More generally, these issues can arise with any RIS that uses
elements that change their own structure, instead of adjusting
the reflected phase through an external port connected to
a phase shifter. This is because reconfiguring the structure
alters the element’s scattering characteristics, including the
magnitude and directionality, resulting in non-separable states.
For example, the pixel based elements focused on in this
work fall into this category, as the switches between pixels

change the element structure. Furthermore, any element made
from sub-elements will potentially also fall into this category,
including those elements with switches and elements made
up of sub-elements in metasurfaces [5]–[7]. While this work
focuses on the pixel based RIS further investigation on other
RISs may also reveal non-separable state properties that need
to be considered.

In this paper, we investigate passive beamforming and
channel estimation for a multiple-user multiple-input-single-
output (MU-MISO) system assisted by pixel-based RIS with
a non-separable state response. The following summarizes the
key contributions of this work.

• Compact Representation of RIS Response Functions
for Reduced Computational and Memory Usage:
Accurate and low-overhead representation of the RIS
response is essential for channel estimation and pas-
sive beamforming design. To achieve this, we first pro-
pose a product-Legendre-kernel-function-based approxi-
mation, extending existing antenna radiation pattern ap-
proximation methods [33], [34] from 2D to 4D functions.
Additionally, we introduce a task-specific deep neural
network (DNN) to approximate the RIS response func-
tion. This DNN employs a product structure to address
features from incident and reflection angles, incorporating
multiple parallel blocks that mimic kernel functions with
the same structure but different weights. The kernel-
based solution achieves a normalized mean square error
(NMSE) of around 0.001 in most cases, while the DNN-
based solution further reduces the NMSE by about 100
times with much lower computational complexity.

• Effective Estimation and Prediction of Cascaded RIS
Channel with Non-separable State Response: To tackle
the challenge of channel estimation in the RIS system
with a non-separable state response, we propose a sim-
plified channel model focusing on dominated scattering
paths with limited unknown parameters. We first intro-
duce a three-step estimation algorithm for instantaneous
channel responses given incident/reflection angles. Build-
ing on this, we develop an algorithm to estimate these
angles using historical channel observations, as they are
long-term parameters that vary slowly. Those estimated
channel responses and angles are then substituted into the
proposed model for channel prediction. Simulations show
that the proposed algorithm accurately predicts cascaded
channels with new RIS state vectors that have not been
observed during channel sounding.

• Low-Complexity Passive Beamforming Algorithm for
Discrete RIS State Configuration: The state configura-
tion in the RIS system corresponds to passive beamform-
ing, modeled as a discrete optimization problem regarding
the discrete state vector. To address the combinatorial
optimization challenge, we reparameterize each discrete
state variable with a one-hot state selection vector, which
is relaxed to a continuous-valued vector representing
selection probabilities. A sparse regularization constraint
is then introduced to encourage the selection probability
vector to approach a one-hot configuration. Simulation re-



3

sults demonstrate that the proposed passive beamforming
algorithm significantly outperforms various baselines.

II. SYSTEM MODEL

A. RIS with Separable and Non-Separable State Responses

The concept of RIS with separable and non-separable state
responses have been described in the introduction and also il-
lustrated in Fig. 1. Further details on how these are commonly
implemented are described next.

1) Phase-Shifting Array-based RIS: A common implemen-
tation of RIS is the phase-shifting array-based RIS, often
referred to as a reflectarray, which is an RIS with a separable
state response. As shown in the Fig. 2, each element in this
type of RIS consists of an antenna loaded with a phase shifter.
The antenna receives the signal from the environment, which
is then reflected and its phase adjusted by the phase shifter
before being re-radiated into free space. This process allows
the phase of the reflected signal to be altered without affecting
the magnitude, thus separating the reflected phase from the
effective channel.

An important electromagnetic property that is often over-
looked in the reflectarray approach is that only about half of
the incident signals can be controlled by the phase shifter.
The total scattered field by the antenna can be divided into
two components [35]: the structure scattering term, which is
independent of the antenna load, and the antenna mode scat-
tering term, which is tunable by the phase shifter. Typically,
antennas with metal grounds, such as patch antennas, are used
in RIS applications, resulting in approximately half of the
incident power being scattered as the structure scattering term
[36]. That is, only approximately half of the scattered signal
can be controlled by the RIS and consequently, phase-shifting
array-based RIS inherently suffers an approximately 3 dB loss.
Furthermore, phase shifter losses can also be high, especially
for the common configuration shown in Fig. 2 where the signal
passes both forward and backward through the phase shifter,
leading to an additional loss of 2 dB or more.

2) Pixel-based RIS: As shown in Fig. 3(a), a non-separable
state response RIS is the pixel-based RIS first proposed in [4],
which consists of a 5×5 pixel array with a metal ground and
an air gap beneath it. The dimension of each pixel is much
smaller than a wavelength while the pixel array is of the scale
of a wavelength. The pixels are selectively interconnected,
with four RF switches (PIN diodes) strategically placed to
create specific resonating structures at the wavelength scale.
By changing the states of these diodes, the pattern can be
switched to another with different properties. Unlike phase-
shifting array-based RIS, pixel-based RIS do not experience
the 3 dB loss due to structure scattering, as it considers the
total scattered field. In addition the double losses through the
external phase shifter are also avoided. However, while the
reflected phases can be finely tuned to cover 360 degrees,
they depend on both the diode states and the angles of
departure/arrival as shown in Fig. 3(b), leading to a non-
separable state response.

Fig. 2. The architecture of phase-shifting array based RIS element.

(a) (b)

Fig. 3. (a) Details of pixel-based RIS element and coordinate system with
incident and reflected angles shown. (b) Phases of the reflected wave are
shown by colored filled circles, versus θs [see (a)] for 16 different RIS
configurations (at 2.4 GHz) when excited by vertically incident plane wave.

3) Motivation for the Development of Pixel-Based RIS: For
flexible control of RIS elements, the phased array needs phase
shifters (and for full pattern control elements also ideally need
to have amplitude control). However, these items are difficult
to prototype and are not cost effective when offering 2 or more
bits of resolution. They also take up space on the RIS limiting
design flexibility. In addition, they also increase the losses in
the RIS. For instance, the signal received by an element must
pass through the phase shifter twice–once for reflection and
again for reradiation–resulting in a double loss effect that can
increase losses by 2-3 dB per element.

In contrast, the pixel antenna approach provides a very
flexible and general formulation for controlling radiation el-
ement characteristics. Nearly any element geometry can be
formed by appropriately connecting the pixels together using
electronically controlled switches. This allows the full degrees
of freedom within the element area to be exploited and this
allows more compact designs compared to phased arrays. The
pixels are connected by switches integrated into each element
and are therefore compact to include. Pixel-based elements
also enable fine control of the radiation characteristics and
can provide a wide range of phase shifts, as shown in the
published pixel RIS design and prototype [4]. Furthermore,
since there are no phase shifters and signals reflect directly
off the pixel surface, losses are minimized, eliminating the
double loss effect.

In summary, the pixel approach to RIS design does not rely
on phase shifters, resulting in reduced losses. With only a
few switches needed per element, this method is cost-effective
and allows for highly reconfigurable elements that can exhibit
a wide variety of characteristics as required. Therefore, the
pixel approach offers a competitive alternative to traditional
RIS designs that utilize phase shifters.
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B. Scattering Model for BS-RIS and RIS-UE Channels for the
Pixel-based RIS

Let M be the number of BS antennas, N the number of
RIS elements, L the number of candidate RIS states, and K
the number of users. We consider a propagation environment
with limited scatterers with low user mobility. The wireless
propagation parameters, such as scattering cluster power, path
loss, and arrival/departure angles, remain constant over an
extended period, while the small-scale channel coefficients for
different signal paths vary across time blocks. Specifically,
according to the 3GPP channel model [37, Section 7], the
channel from BS to RIS in the t-th time block is given by

Gt = G(0) +

I∑
i=1

G
(i)
t , (1)

where G(0) is the LoS component and G
(i)
t is the NLoS

component for the i-th scattering cluster. Define ϕBS =
{φBS, θBS} and ϕin = {φin, θin}, where φBS and θBS denote
the azimuth and elevation angles departing from BS to RIS,
φin and θin denote the incident azimuth and elevation angles
to the RIS. The components in Gt are given by

G(0) = αBS(ϕ
(0)
BS)α

H
RIS(ϕ

(0)
in ), (2a)

G
(i)
t = a

(i)
t

Di∑
d=1

G
(i,d)
t , (2b)

G
(i,d)
t = eȷε

(i,d)
t αBS(ϕ

(i,d)
BS )αH

RIS(ϕ
(i,d)
in ), (2c)

where G
(i,d)
t indicates the d-th ray in the i-th scattering cluster

for the NLoS link and a(i)t ∈ R denotes the path gain, αBS ∈
CM×1 and αRIS ∈ CN×1 are the steering vectors of BS and
RIS arrays, respectively, and ε denotes the random phase for
different rays.

Similarly, the channel from RIS to the k-th user in the t-th
time block is given by

hr,k,t = h
(0)
r,k,t +

J∑
j=1

h
(j)
r,k,t, (3)

where h
(0)
r,k is the LoS component and h

(j)
r,k,t is the NLoS

component for the j-th scattering cluster of user k. Define
ϕout,k = {φout,k, θout,k} where φout,k and θout,k denote the
reflection azimuth and elevation angles from RIS to the k-th
user. The components in hr,k,t are given by

h
(0)
r,k,t = b

(0)
k,tαRIS(ϕ

(0)
out,k), (4a)

h
(j)
r,k,t = b

(j)
k,t

Di∑
d=1

h
(j,d)
r,k,t , (4b)

h
(j,d)
r,k,t = eȷϵ

(j,d)
k,t αRIS(ϕ

(j,d)
out,k), (4c)

where h
(j,d)
r,k,t is the d-th ray in the j-th scattering cluster of the

NLoS link and b
(j)
k,t ∈ R is the path gain, and ϵ denotes the

random phase response.
Let ν(ϕ(i)in , ϕ

(j)
out; ℓ) denote the response of a single element

in the pixel-based RIS for the i-th incident ray and the j-th
reflected ray, when the element is configured to the ℓ-th state.

1 2 M1 2 M1 2 M

User k

K users

Gt

BS

RIS

Controller

hr,k,t

N elements

Fig. 4. Illustration of the pixel-based-RIS-assisted MU-MISO system.

Let s = [s1, s2, · · · , sN ]T denote the RIS state configuration
vector for all the N elements. The RIS response vector is given
by:

ν(ϕ
(i)
in , ϕ

(j)
out; s) =

[
ν(ϕ

(i)
in , ϕ

(j)
out; ℓ = s1)

· · · , ν(ϕ(i)in , ϕ
(j)
out; ℓ = sN )

]T
. (5)

Finally, the cascaded channel from BS to the k-th user at t-th
time block becomes a function of RIS state st:

hk,t(st) =
∑
i,j

G
(i)
t diag

(
ν(ϕ

(i)
in , ϕ

(j)
out,k; st)

)
h
(j)
r,k,t. (6)

From (6), we see that to predict hk,t(s) for any state vector s,
one needs the angles ϕ(i)in and ϕ(j)out,k for all propagation rays,
as well as the RIS response function ν(ϕ

(i)
in , ϕ

(j)
out; ℓ) for any

states. Note that the RIS response function is determined solely
by the structure of the pixel RIS element and is independent of
the wireless propagation variables G(i)

t , h(j)
r,k,t, ϕ

(i)
in and ϕ(j)out,k.

C. Overall Signal Model for the Pixel-based-RIS-Assisted
MU-MISO System

The overall structure of the multiuser-(MU)-MISO commu-
nication system assisted by a pixel-based RIS is illustrated in
Fig. 4. We assume that the direct link between BS and users
are blocked by obstacles and hence, the signals of direct link
are ignored for simplicity. In the t-th time block, the signal
received by the k-th user is given by

yk,t = hk,t(st)
T

K∑
k=1

wk,txk,t + zk,t, (7)

where wk,t denotes the precoder for the k-th user, xk,t denotes
the signal of the k-the user, and zk,t ∼ CN (0, σ2

z ) denotes
the additive white Gaussian noise (AWGN) at the k-th user’s
receiver.

To simplify the analysis and focus on the passive beam-
forming, we utilize a regular zero-forcing (RZF) precoder.
Letting Wt = [w1,t,w2,t, · · · ,wK,t], and Ht(st) =
[h1,t(st),h2,t(st), · · · ,hK,t(st)]. The precoder is given by

Wt(st) =
√
γ(st)H

⋆
t (st)

(
HT

t (st)H
⋆
t (st) + ςIK

)−1
,

(8)
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Fig. 5. Illustration of the magnitudes of ν, for a single RIS element, for
different φout and θout by setting φin = 0, θin = π

4
for states 2, 11 and

15.

where ς ≥ 0 is a small constant that makes the matrix
inverse possible, and γ(st) is used to satisfy the transmit power
constraint. The achievable rate of user k is given by

Rk,t(st) = log

(
1 +

∣∣hk,t(st)
Twk,t(st)

∣∣2∑
i̸=k |hk,t(st)Twi,t(st)|2 + σ2

z

)
.

(9)
The primary objective of this paper is to configure an appro-
priate RIS state st to maximize the sum rate:

P(A) s∗t = argmax
st

K∑
K=1

Rk,t(st)

s.t. sn,t ∈ {1, 2, · · · , L}, ∀n, (10a)
1

K

∑
k

||wk,t(st)||22 ≤ PT. (10b)

III. APPROXIMATION FOR THE PIXEL-BASED RIS
RESPONSE FUNCTION

The pixel RIS prototype in [4] operates at a center frequency
of 2.4 GHz, offering a consistent response over about 100 MHz
of bandwidth (see [4, Table II]), and its response function
is independent of the wireless propagation parameters. In
this section, we describe the design of approximate functions
for the pixel RIS response (ν(ϕin, ϕout; ℓ)) for a single RIS
element configured in the ℓ-th state. We first propose an
approximation by creating a kernel from the product of Leg-
endre functions, followed by a DNN solution that has lower
computational complexity but higher approximation accuracy.

A. Product-Legendre-Kernel-Based Approximation

The magnitudes of ν(ϕin, ϕout; ℓ) for a single RIS element
are illustrated in Fig. 5 by setting φin = 0 and θin = π

4 for
ℓ = 1 states 2, 11 and 15. It is seen that the response function is

smooth, suggesting that it can be approximated by a weighted
sum of a group of kernel functions.

While the approximation of the 4-D RIS response has not
been explored, some studies have investigated the approxima-
tion of a 2-D antenna radiation pattern using Legendre-based
kernel functions [33], [34], demonstrating good performance.
In this paper, we generalize the 2-D Legendre-based kernel to
a 4-D product-Legendre-based kernel for approximating the
RIS response. The approximate function, denoted by νℓ, is
defined as follows:

νℓ(ϕin, ϕout;ωℓ) =
∑
ci,co

ωℓ,ci,cofL,ci(ϕin)fL,co(ϕout),

(11)
where ωℓ = {ωℓ,ci,co ,∀ci, co} is the parameter set to be
trained, and the proposed kernel fL,ci(ψin)fL,co(ψout) are the
product of two Legendre-based kernel functions. This product
structure arises from the idea that the RIS response can be
viewed as a product of the incident and reflection responses.
Specifically, the Legendre-based kernel fL,c(ϕ) is given by

fL,c(ϕ) = Y r
b (φ, θ)

=


(−1)r

√
2κrb cos(rφ)f

r
Leg,b(cos(θ)), 0 < r ≤ b,

(−1)r
√
2κrb cos(rφ)f

−r
Leg,b(cos(θ)), −b ≤ r < 0,

κ0bf
r
Leg,c(cos(θ)), r = 0,

(12)
where c = b2 + b + r + 1, 0 ≤ b ≤ B, κrb =

√
2b+1
4π

(b−|r|)!
(b+|r|)! ,

and frLeg,b represents the Legendre function of degree b and
order r.

B. DNN-Based Approximation

The proposed product-Legendre-kernel-based approxima-
tion requires a relatively large B to achieve high accuracy.
However, the number of kernels increases with the square
of B, leading to higher computational complexity. In this
subsection, we introduce a DNN-based approximation that
relies solely on linear matrix operations and simple activation
functions.

1) Data Pre-Processing: Inspired by the Legendre-based
kernel in (12), we introduce new variables ψin ∈ R3 and
ψout ∈ R3 defined as follows:

ψin = [cos(φin), sin(φin), cos(θin)], (13)
ψout = [cos(φout), sin(φout), cos(θout)]. (14)

These variables better capture the periodic nature of the
azimuth angles, particularly for the responses of states 11 and
15 shown in Fig. 5.

Same as (11), we denote the approximate function by νℓ,
which becomes after replacing {ϕin, ϕout} by {ψin, ψout}:

νℓ(ϕin, ϕout;ωℓ) = νℓ(ψin, ψout;ωℓ), (15)

where ωℓ denotes the DNN parameters to be trained. The
remaining task is to design the structure of the DNN function.
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Fig. 6. Architecture of the proposed DNN. Note that “FC 4×2” means a fully-connected layer with 4 input channel and 2 output channel, “CFC 4×2” means
a complex fully-connected layer,, “CTanh” means a complex activation layer using Tanh(·) function, “MatMul” means matrix multiplication, “(·)T” means
transpose a matrix, and “Vec(·)” means vectorization.

TABLE I
NMSE OF THE RIS RESPONSE FUNCTION APPROXIMATIONS.

State 1 State 2 State 3 State 4 State 5 State 6 State 7 State 8
Kernel 5.98e-3 3.92e-3 2.33e-3 4.63e-3 2.62e-3 3.86e-3 3.25e-3 3.12e-3
DNN 2.46e-5 5.91e-5 2.1e-6 5.8e-6 1.33e-5 1.48e-5 6.0e-6 2.1e-6

State 9 State 10 State 11 State 12 State 13 State 14 State 15 State 16
Kernel 3.80e-3 6.15e-3 3.16e-3 1.36e-3 5.13e-3 1.22e-2 3.43e-3 1.45e-2
DNN 3.3e-6 6.3e-6 2.04e-5 1.22e-5 2.3e-6 5.3e-6 3.4e-6 1.13e-5

2) DNN Structure: The overall DNN design is illustrated in
Fig. 6. To reduce complexity, the proposed DNN is designed
as a two-tier parallel-block structure.

The inner tier includes a “Product Feature Generation Mod-
ule” for parallel feature generation and an “Attention Module”
to reduce the dimensionality of the stacked features.

• Product Feature Generation Module: This module
comprises four parallel blocks (b = 1, 2, 3, 4) with identi-
cal DNN structures but different weights. In each block,
the output feature is generated using a product structure
for the two data links, with inputs input ψin and ψout

processed separately. The DNN function is defined by

qd,b,kd,b,vd,b = fPF,d,b(ψin, ψout;ωPF,d,b), (16)

where ωPF,b is the DNN weights, and the overall weights
is ωPF,d = {ωPF,d,b,∀b}.

• Attention Module: This module reduces the dimension
of the stacked feature Vd to a vector ad:

ad = fAT,d(Qd,Kd,Vd;ωAT,d), (17)

where ωAT,d denotes the DNN weights.
The outer tier includes a “Multi-block Feature Generation

Module” for parallel feature generation and a “Fitting Module”
to reduce the dimensionality of the stacked features.

• Multi-block Feature Generation Module: This module
comprises four parallel blocks (b = 1, 2, 3, 4) with iden-
tical DNN structures but different weights. Each block is
designed using to “inner tier” structure introduced above:

ad = fFG,d(ψin, ψout;ωFG,d), (18)

where the weights ωFG,d = {ωPF,d,ωAT,d}, and the
overall weights are denoted by ωFG = {ωFG,d,∀d}.

• Fitting Module: This module is simply designed as the
cascaded of complex fully-connected layers to get the
finally output:

ν = fFG(A;ωFM), (19)

where ωFM summarizes the DNN weights. The overall
DNN weights are ωℓ = {ωFG,ωFM}

Discussion: Both the “Attention Module” and the “Fitting
Module” can reduce feature dimensions; however, the “Atten-
tion Module” typically offers better performance but requires
additional feature-related inputs. In contrast, the “Fitting Mod-
ule” has a simpler structure, though its performance may be
slightly lower. The proposed two-tier parallel-block structure
effectively balances complexity and performance by applying
these two types of modules in separate tiers.

C. Training and Results

For both the product-Legendre-kernel-based solution and
the DNN-based solution, we train the weights ωℓ using the
same loss function to minimize the approximation NMSE:

P(B) min
ωℓ

1

J

J∑
j=1

|ν(ϕ(j)in , ϕ
(j)
out;ωℓ)− ν(j)|2

|ν(j)|2
, (20)

where J is the size of the training dataset. The training dataset
is generated by randomly selecting 107 pairs of incident and
reflection angles for each RIS state. Likewise, the validation
and testing sets consist of 106 samples each. ADAM optimizer
is employed to solve problem P(B) with a learning rate of
10−4. The batch size is defined as 2048, and the maximum
number of training epochs is set to be 1000.
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TABLE II
COMPLEXITY OF THE PROPOSED TWO SOLUTIONS.

Kernel (B=5) DNN
FLOPs 4530 1432

Parameters 625 550
Memory (KB) 4.6 196

We show the complexity of our two proposed solutions in
Table II, detailing the number of DNN parameters, FLOPs,
and memory needed for storage. Both solutions exhibit low
computational and memory complexity. Specifically, the com-
putational complexity of the DNN is significantly lower, while
the Kernel-based solution requires less memory for storage.

We present the approximate NMSE for our proposed solu-
tions in Table I. The product-Legendre-kernel-based solution
achieves an NMSE of around 0.001 in most cases but performs
poorly for states 14 and 16. In contrast, the DNN solution
consistently performs well, reducing the NMSE by about
100 times compared to the product-Legendre-kernel-based
solution.

IV. MODEL-BASED CHANNEL ESTIMATION FOR
PIXEL-BASED-RIS-ASSISTED MU-MISO SYSTEM

A. Transmission Frames for RIS Sounding and Data Trans-
mission

We utilize a transmission frame structure that separately
supports RIS channel sounding and MU-MISO transmission,
as illustrated in Fig. 7. Specifically, each time block is divided
into two transmission phases.

Block t Block t+1Block t-1 ……

RIS sounding phase

MU-MISO transmission phase

Fig. 7. Illustration of the transmission blocks in a timeline.

1 2 K… 1 2 K… 1 2 K…… …

RIS configuration:

UE transmit pilots:

Fig. 8. Illustration of the transmission in the sounding phase.

1) RIS Sounding Phase: In this phase, we use a similar
uplink channel sounding protocol for traditional RIS cascaded
channel estimation [17]–[23], as shown in Fig. 8. The BS
receives KB uplink sounding pilots from users, and the
RIS elements are configured into B different states based on
s1, s2, · · · , sB . The users repeatedly transmit an orthogonal
pilot matrix Xp = [xp,1,xp,2, · · · ,xp,K ] a total of B times.
The received signal is given by

Ẏu,t,b =

K∑
k=1

hk,t(sb)x
T
p,k + Żu,t,b

= Ht(sb)X
T
p + Żu,t,b, (21)

where Ht(sb) = [h1,t(sb),h2,t(sb), · · · ,hK,t(sb)] for b =
1, 2, · · · , B, and Żu,t,b represents the received AWGN with
elements following i.i.d. CN (0, σ2

u). Since Xp is an orthogonal
matrix, we can remove it from (21), yielding:

Yu,t,b = Ht(sb) + Zu,t,b, (22)

where Yu,t,b = x⋆
p,kẎu,t,b and Zu,t,b = x⋆

p,kŻu,t,b.
2) MU-MISO Transmission Phase: In this phase, the RIS is

configured to state s∗t by solving P(A) mentioned in Section
II-C. The downlink received signal at user k becomes:

yk,t = hk,t(s
∗
t )

T
K∑

k=1

wk,txk,t + zk,t, (23)

where the precoder wk,t has been defined in (8).

B. Estimating and Predicting Instantaneous Channels with an
Approximate Model for Dominant Rays

Recall the cascaded channel model in (6), reproduced here:

hk,t(s) =
∑
i,j

G
(i)
t diag

(
ν(ϕ

(i)
in , ϕ

(j)
out,k; s)

)
h
(j)
r,k,t. (24)

Exactly predicting hk,t(s) for any s is difficult due to the
non-separable state response and the numerous rays in wire-
less propagation. However, passive beamforming design can
tolerate some prediction errors, allowing for an approximate
model that enables tractable channel estimation.

1) Approximate Model for BS-RIS Channel: The BS-RIS
channel model in Section II-B can be simplified for two
reasons. First, the BS uses a conventional antenna array, and its
response is independent of the RIS configuration. Second, the
wireless propagation rays are clustered around the dominant
scatterers in the environment. Therefore, we can represent
the rays associated with the same scatterer using one or two
dominant rays with a small approximation loss. The proposed
approximate model is given by

Gt =

M∑
m=1

I∑
i=0

at,m,ivmαH
RIS(ϕ

(i)

in ), (25)

where vm is the m-th column of an orthogonal matrix V,
defined as

V = diag(αBS(ϕ
(0)
BS)) (DFT(M1)⊗DFT(M2)) , (26)

for a M1 × M2 UPA, with v1 = αBS(ϕ
(0)
BS). Without loss

of generality, we set at,1,0 = 1 for all t. In addition, since
the LoS BS-RIS link is know, we have ϕ

(0)

in = ϕ
(0)
in , and we

assume ϕ
(i)

in ∈ D for all i, where D is a grid-based angle set.
2) Approximate Model for RIS-UE Channels: Similarly, the

RIS-UE channels can be approximated by dominated rays with
angles on the grid D:

hr,k,t =

J∑
j=0

bk,t,jαRIS(ϕ
(j)

out,k), (27)

where ϕ
(j)

out,k ∈ D for all j and k.
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3) Approximate Cascaded Channels: Combining (25) and
(27), the approximate cascaded channel is expressed as

hk,t(s) =

M∑
m=1

I∑
i=0

J∑
j=0

at,m,idk,t,jvmαH
RIS(ϕ

(i)

in )

diag
(
ν(ϕ

(i)

in , ϕ
(j)

out,k; s)
)
αRIS(ϕ

(j)

out,k). (28)

To reconstruct hk,t(s), we need to estimate the angles ϕ
(i)

in

and ϕ
(j)

out,k for the dominant rays, along with the time-varying
channel responses at,m,i and dk,t,j .

C. Instantaneous Channel Estimation Given Knowledge of
Angles

The cascaded channel in (28) is further written by

hk,t(sb) =

M∑
m=1

I∑
i=0

J∑
j=0

at,m,idk,t,jfb,i,j,kvm, (29)

where the parameters fb,m,i,j is defined as

fb,i,j,k =αH
RIS(ϕ

(i)

in )

diag
(
ν(ϕ

(i)

in , ϕ
(j)

out,k; sb)
)
αRIS(ϕ

(j)

out,k), (30)

We present a three-step method to estimate the instantaneous
channel responses at,m,i and dk,t,j given knowledge of all
fb,i,j,k.

• Step 1 (Estimating LoS Link): Since the LoS ray is
generally stronger than each NLoS ray, we first estimate
dk,t,0 for all k given at,1,0 = 1 from observations
Yu,t,b in (22) by treating all the NLoS components as
interference:

yu,t,b,k =dk,t,0fb,0,0,kv0 + et,b,k + zu,t,b,k, (31)

where et,b,k summarizes all the NLoS components. Then,
dk,t,0 is estimated by the least squares (LS) method:

dk,t,0 =

∑
b f

⋆
b,0,0,kv

H
0 yu,t,b,k∑

b |fb,0,0,k|2
. (32)

• Step 2 (Estimating All at,m,i): Since V is orthogonal
matrix, we have the observation for the m-th angular
direction at the BS:

yu,t,b,k,m =vH
myu,t,b,k

=

I∑
i=0

at,m,ifb,i,0,k + et,b,k + zu,m,t,b,k, (33)

where et,b,k summarizes all the components containing
the RIS-UE NLoS links, and zu,m,t,b,k = vH

mzu,t,b,k.
Letting yu,t,m = [yu,t,1,1,m, yu,t,1,2,m, · · · , yu,t,B,K,m],
fi,0 = [f1,i,0,1, f1,i,0,2, · · · , fB,i,0,K ], and at,m =
[at,m,0, at,m,1, · · · , at,m,I ], we have estimation:

at,m =
(
F

H

0 F0

)−1

F
H

0 yu,t,m, (34)

where F0 = [f1,0, f2,0, · · · , fI,0].

Algorithm 1 Proposed Three-Step Estimation on the Instan-
taneous Channel

1: Input: Observation set Yu,t,b for all b and the angles;
2: Estimate dk,t,0 by (32) for LoS;
3: Estimate at,m for all m by (34);
4: Estimate dk,t for all k by (37);
5: Output: Predicting hk,t(s) based on (29).

• Step 3 (Estimating All dk,t,j): Since all BS-RIS param-
eters at,m,i have been estimated, we define

ṽk,t,j,b =

M∑
m=1

I∑
i=0

at,m,ifb,i,j,kvm, (35)

and the received pilot observation is written by

yu,t,b,k =

J∑
j=0

ṽk,t,j,bdk,t,j + zu,t,b,k

=Ṽk,t,bdk,t + zu,t,b,k, (36)

where dk,t = [dk,t,0, dk,t,1, · · · , dk,t,J ]T and Ṽk,t,b =
[ṽk,t,0,b, ṽk,t,1,b, · · · , ṽk,t,J,b]. Then, we finally have es-
timation:

dk,t =

(
B∑

b=1

ṼH
k,t,bṼk,t,b

)−1( B∑
b=1

ṼH
k,t,byu,t,b,k

)
.

(37)

We summarize the estimation method in Algorithm 1. The
complexity of Algorithm 1 is O(MI3 +MI2BK +KJ3 +
MBKJ2), which is independent of the angle set size |D|.
Additionally, to ensure the feasibility of the matrix inverse
operations in (34) and (37), we require I < BK and J < BM
for the proposed approximate model in (28).

D. Statistical Knowledge Estimation over T Historical Obser-
vation Blocks

In this subsection, we focus on estimating the angles ϕ
(i)

in

and ϕ
(j)

out,k for the dominant rays using historical observations
Yt = {Yu,t,b, t = 1, 2, · · · , T}. Similar to instantaneous
channel estimation, we accomplish this through a three-step
method:

• Step 1 (Estimating LoS Angles ϕ
(0)

out,k): Since ϕ
(0)

in is
known, we can search the strongest angle in the grid
set D as the estimation of ϕ

(0)

out,k. Specifically, assuming

ϕ
(0)

out,k = ϕ, the LoS link is given by

h
(0)
k,t(sb, ϕ) =dk,t,0(ϕ)v0α

H
RIS(ϕ

(0)

in )

diag
(
ν(ϕ

(0)

in , ϕ; sb)
)
αRIS(ϕ), (38)

and dk,t,0(ϕ) is defined based on (32):

dk,t,0(ϕ) =

∑
b h

(0)
k,t(sb, ϕ)

Hyu,t,b,k∑
b h

(0)
k,t(sb, ϕ)

Hh
(0)
k,t(sb, ϕ)

. (39)
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Then, ϕ
(0)

out,k is estimated by solving:

P(C-1) ϕ
(0)

out,k = argmin
ϕ∈D

∑
t,b

∥yu,t,b,k − h
(0)
k,t(sb, ϕ)∥

2
2.

• Step 2 (Estimating BS-RIS NLoS Angles ϕ
(i)

in ): We
initialize the BS-RIS angle set Ain = {ϕ(0)in }. Given the
RIS-UE LoS angles ϕ

(0)

out,k and the response dk,t,0, we
assume the incident angle of the largest NLoS ray is
ϕ
(i)

in = ϕ, and the cascaded channel for this ray pair can
be expressed as follows

h
(1)
k,t(sb, ϕ) =

M∑
m=1

at,m(ϕ)dk,t,0vmαH
RIS(ϕ)

diag
(
ν(ϕ, ϕ

(0)

out,k; sb)
)
αRIS(ϕ

(0)

out,k)

=

M∑
m=1

at,m(ϕ)vmf b,k(ϕ),

(41)
where f b,k(ϕ) is defined as follows

f b,k,t(ϕ) =dk,t,0α
H
RIS(ϕ)

diag
(
ν(ϕ, ϕ

(0)

out,k; sb)
)
αRIS(ϕ

(0)

out,k). (42)

Then, based on the estimator in (32), (33) and (34),
at,m(ϕ) in (41) can be estimated by

at,m(ϕ) =

∑
b,k f b,k,t(ϕ)

⋆vH
mỹu,t,b,k∑

b,k |f b,k,t|2
, (43)

where ỹu,t,b,k is initialized by

ỹu,t,b,k =yu,t,b,k − h
(1)
k,t(sb, ϕ

(0)

in ). (44)

The strongest incident angle ϕ
(i)

in for ỹu,t,b,k is estimated
by solving:

P(C-2) ϕ
(i)

in = argmin
ϕ∈D

∑
t,b,k

∥ỹu,t,b,k − h
(1)
k,t(sb, ϕ)∥

2
2,

and we update Ain = Ain ∪ {ϕ(i)in }. We next update the
observation by

ỹu,t,b,k =ỹu,t,b,k − h̃
(1)
k,t(sb;Ain), (46)

to search for the strongest incident angle that is not in
Ain, where h̃

(1)
k,t(sb;Ain) is defined by

h̃
(1)
k,t(sb;Ain) =

M∑
m=1

|Ain|−1∑
i=0

at,m,idk,t,0fb,i,0,kvm,

(47)
whose parameters {at,m,i} are calculated by (34).

• Step 3 (Estimating RIS-UE Angles ϕ
(j)

out,k): We estimate

the reflection angle ϕ
(j)

out,k in this step given Ain and
response parameters {at,m,i}. We initialize the RIS-UE
angle set by Aout,k = ∅, and assume the strongest angle

Algorithm 2 Algorithm for Channel Statistical Knowledge
Estimation

1: Input: Observation Yt;
2: Estimate LoS RIS-UE angles ϕ

(0)

out,k by solving P(C-1);

3: Initialize ỹu,t,b,k by (44) and Ain = {ϕ(0)in };
4: while Et,b,k∥ỹu,t,b,k∥22 > Mσ2

u and |Ain| < BK do
5: Search ϕ

(i)

in by solving P(C-2);
6: Update Ain = Ain ∪ {ϕ(i)in };
7: Update ỹu,t,b,k (46);
8: end while
9: Initialize ỹu,t,b,k = yu,t,b,k and Aout,k = ∅;

10: for k = 1 : K do
11: while Et,b,k∥ỹu,t,b∥22 > Mσ2

u and |Aout,k| < BM do
12: Search ϕ

(j)

out,k by solving P(C-3);

13: Update Aout,k = Ain ∪ {ϕ(j)out,k};
14: Update ỹu,t,b,k (52);
15: end while
16: end for
17: Output: The estimated angles sets Ain and Aout,k for the

dominant rays.

is ϕ
(j)

out,k = ϕ. Then, the cascaded channel related to this
angle is given by

h
(2)
k,t(sb, ϕ) =

M∑
m=1

I∑
i=0

at,m,idk,t(ϕ)vmαH
RIS(ϕ

(i)

in )

diag
(
ν(ϕ

(i)

in , ϕ; sb)
)
αRIS(ϕ)

=dk,t(ϕ)f̃t,b, (48)

where f̃t,b is defined by

f̃t,b =

M∑
m=1

I∑
i=0

at,m,ivmαH
RIS(ϕ

(i)

in )

diag
(
ν(ϕ

(i)

in , ϕ; sb)
)
αRIS(ϕ), (49)

and dk,t(ϕ) is given by

dk,t(ϕ) =

∑
b f̃

H
t,bỹu,t,b,k∑
b f̃

H
t,bf̃t,b

, (50)

with ỹu,t,b,k initialized by yu,t,b,k. Then, we solve ϕ
(j)

out,k

by:

P(C-3) ϕ
(j)

out,k = argmin
ϕ∈D

∑
t,b

∥ỹu,t,b,k − h
(2)
k,t(sb, ϕ)∥

2
2,

and we update Aout,k = Aout,k ∪ {ϕ(j)out,k}. We next
update the observation by

ỹu,t,b,k =ỹu,t,b,k − h̃
(2)
k,t(sb;Aout,k), (52)

to search for the strongest reflection angle that is not in
Aout,k, where h̃

(2)
k,t(sb) is defined by

h̃
(2)
k,t(sb;Aout,k) =

∑
m,i

|Aout,k|−1∑
j=0

at,m,idk,t,jfb,i,j,kvm,

(53)
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whose parameters {dk,t,j} are calculated by (37).
We summarize the estimation method in Algorithm 2. The

complexity of Algorithm 2 is O(BKTM |D| + MI3J +
MI2BKJ + IKJ3 +MIBKJ2), which is linear in the size
of the angle set |D|. While a large |D| increases complexity,
the computation time of Algorithm 2 does not contribute to
the processing delay of instantaneous channel estimation and
beamforming design. Therefore, Algorithm 2 can be executed
with low priority when there are no urgent tasks for the CPU.

V. PASSIVE BEAMFORMING ALGORITHM

Recall that the passive beamforming problem formulation
to maximize the summation of achievable rate:

P(A) s∗t = argmax
s

K∑
K=1

Rk,t(s)

s.t. sn ∈ {1, 2, · · · , L}, ∀n, (54a)
1

K

∑
k

||wk,t(s)||22 ≤ PT, (54b)

where the channel and the achievable rate are given by

hk,t(s) =
∑
i,j

G
(i)
t diag

(
ν(ϕ

(i)
in , ϕ

(j)
out,k; s)

)
h
(j)
r,k,t, (55)

Rk,t(s) = log

(
1 +

∣∣hk,t(s)
Twk,t(s)

∣∣2∑
i ̸=k |hk,t(s)Twi,t(s)|2 + σ2

z

)
. (56)

In this section, we propose low-complexity algorithm to ad-
dress the discrete constraint in (54a).

A. Continuous Approximation for Discrete Variables

We propose tractable approximation to address the discrete
constraint on sn in P(A) by a three-step method.

1) Reparameterize sn,t by One-Hot Vectors: We introduce
a one-hot vector sn = [sn,1, sn,2, · · · , sn,L]T for the state of
the n-th RIS element, where sn,ℓ ∈ {0, 1} and

∑
ℓ sn,ℓ = 1.

Then, the RIS response of the n-th element for the i-th incident
ray and j-th reflection ray can be equivalently denoted by a
function of sn:

ν(ϕ
(i)
in , ϕ

(j)
out; sn) =

L∑
ℓ=1

sn,ℓν(ϕ
(i)
in , ϕ

(j)
out; ℓ). (57)

Letting S = [s1, s2, · · · , sN ] and substituting (57) into (55),
the channel hk,t(s) is equivalently represented by hk,t(S).
Consequently, the rate and precoder become Rk,t(S) and
wk,t(S), respectively. Then, P(A) is equivalently written by

P(A-1) max
S

K∑
K=1

Rk,t(S)

s.t.
∑
ℓ

sn,ℓ = 1, ∀n, (58a)

sn,ℓ ∈ {0, 1}, ∀ℓ, n, (58b)
1

K

∑
k

||wk,t(S)||22 ≤ PT. (58c)

2) Continuous Relaxation with Sparse Promoting Con-
straint: However, the binary constraint (58b) is still challeng-
ing. To address this issue, we relax the constraints in (58a)
and (58b) as follows:∑

ℓ

√
sn,ℓ = 1, ∀n, (59a)

0 ≤ sn,ℓ ≤ 1, ∀ℓ, n. (59b)

The key intuition is that we prefer large sn,ℓ to enhance the
RIS response according to (57). However, sn,ℓ ≤

√
sn,ℓ for

0 ≤ sn,ℓ ≤ 1, with equality achieved only when sn,ℓ ∈ {0, 1}.
Therefore, constraint (59a) promotes the sparsity of sn, en-
couraging sn,ℓ to take values close to 0 or 1. Thus we have

P(A-2) max
S

K∑
K=1

Rk,t(S)

s.t. (58c), (59a), (59b).

3) Equivalent Transformation to Unconstrained Problem:
In practice, an unconstrained problem is preferred, as it can
be easily tackled using stochastic gradient descent (SGD)-
based algorithms, which are well-implemented in PyTorch
functions [38]. To this end, we introducing auxiliary variables
S̃ = [̃s1, s̃2, · · · , s̃N ] with s̃n = [s̃n,1, s̃n,2, · · · , s̃n,L]T ∈ RL.
Then, sn is represented by s̃n using softmax function:

sn = (Softmax(s̃n))
2
, (61)

which has incorporated constraints (59a) and (59b) implicitly.
In addition, we set γ(S̃) in (8) as follows for the RZF precoder:

γ(S̃) =
KPT∥∥∥∥H⋆

t (S̃)
(
HT

t (S̃)H
⋆
t (S̃) + ςIK

)−1
∥∥∥∥2
F

, (62)

to incorporate the power constraint in (58c). Finally, we have
an unconstrained optimization problem

P(A-3) max
S̃

K∑
K=1

Rk,t(S̃)

We solve P(A-3) by utilizing Adam optimizer [39] in PyTorch
with learning rate 0.1.

VI. SIMULATION

A. Simulation Setup

We examine an indoor femtocell network operating at 2.4
GHz with a bandwidth of 60 kHz, as shown in Fig. 9. Users
are randomly distributed in a 10 m × 8 m area, served
by one BS and one RIS. Channel coefficients are generated
using the 3GPP ray-tracing model [37, Section 7.5] with
parameters for the Indoor-Office scenario [37, Table 7.5-6],
and the LoS channel condition is set with a K-factor of 3
dB. The RIS is a 8 × 8 uniform planar array with N = 64
elements. Each element experiences an average reflection loss
of approximately 1.5 dB, primarily due to the RF switches.
This performance is 3 dB better than that of a reflective
antenna of the same size, as it also benefits from structural
scattering. To evaluate the advantages of the pixel RIS, we
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Fig. 9. The simulated RIS-aided K-user MISO communication scenario
comprising of one M -antenna BS and one N -element IRS.
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Fig. 10. SNR versus NMSE for different setups.

investigate two setups varying the sizes of the BS array and
the number of users:

• Setup 1: BS uses a 4× 1 ULA to serve K = 2 users for
spatial multiplexing.

• Setup 2: BS uses a 4× 2 UPA to serve K = 4 users for
spatial multiplexing.

For channel estimation, we set T = 20 and B = 16.
We generate 100 snapshots with random locations, and 40
random channel realizations are generated to verify the chan-
nel estimation accuracy and the final achievable rate. We set
PT = σ2

z = σ2
u = 1, and the average signal-to-noise ratio

(SNR) for wireless propagation is defined by:

SNR ≜ Et,k

[
∥Gt∥2F∥hr,k,t∥22

MN2

]
. (64)

To evaluate the effectiveness of the proposed solution, we
consider the following baselines:

• Random: Each element selects a random state. This
baseline does not require channel estimation for RIS
configuration.

• Best Sounding: This scheme selects the best state among
the B = 16 RIS state configurations during channel
sounding.

• Group-Opt [40], [41]: In this scheme, all the elements
select the same state, and the optimal state is selected by
exhaustive search given perfect CSI.

Fig. 11. SNR versus achievable rate for downlink MU-MISO under setup 1
(M = 4, N = 64, and K = 2).
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Fig. 12. SNR versus achievable rate for downlink MU-MISO under setup 2
(M = 8, N = 64, and K = 4).

• Phased Array: This scheme employs traditional RIS with
the same size, with phase shifters optimized to maximize
the sum rate under perfect CSI assumption, while the BS
employs the RZF precoder shown in (8).

B. Simulation Results

We first evaluate the effectiveness of the proposed chan-
nel estimation algorithm in Fig. 10. The estimation NMSE
for each wireless realization is assessed using 100 random
RIS configurations not observed during the channel sounding
phases. The proposed algorithm performs well in both setups,
achieving an NMSE below 0.15, with notably better perfor-
mance in setup 2. This improvement is due to the increased
number of BS antennas M and users K, which enhances the
estimation of dominated rays, as discussed in Section IV-C.

Next, we compare the achievable rates of the proposed so-
lution with baselines in setup 1 (Fig. 11) and setup 2 (Fig. 12).
The phased array performs poorly due to the strong BS-RIS
LoS link and high channel correlation among multiple users,
leading to interference as a key bottleneck. Consequently, the



12

achievable rate shows minimal improvement with increasing
SNR. This is also evidenced by the decrease in achievable rate
with more users for spatial multiplexing, despite a proportional
increase in BS antennas, as shown in the comparison of the
two figures. In contrast, the pixel RIS outperforms the phased
array even with random configurations, as its elements can
reflect an incident ray in two focused directions (as shown in
Fig. 5), which potentially enhances the multiuser channel con-
dition. Furthermore, our proposed solution achieves significant
performance gains in all cases, with an SNR improvement of
8 dB in setup 1 and 6 dB in setup 2 compared to the best
baseline.

VII. CONCLUSION

In this paper, we proposed a passive beamforming and
channel estimation solution for pixel-based RIS with a non-
separable state response. We introduced a DNN to model the
RIS response function while ensuring low computational and
memory requirements. We then presented a tractable channel
estimation algorithm that focuses on the channel responses
of dominated scattering rays, with statistical knowledge esti-
mated from historical observations. Finally, we implemented
a low-complexity passive beamforming algorithm using a
novel continuous approximation to configure the discrete RIS
states. Simulations showed that the proposed solution achieved
significant gains over various baselines.
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