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Abstract—A near-field wideband beamforming scheme is in-
vestigated for reconfigurable intelligent surface (RIS) assisted
multiple-input multiple-output (MIMO) systems, in which a
deep learning-based end-to-end (E2E) optimization framework
is proposed to maximize the system spectral efficiency. To deal
with the near-field double beam split effect, the base station
is equipped with frequency-dependent hybrid precoding archi-
tecture by introducing sub-connected true time delay (TTD)
units, while two specific RIS architectures, namely true time
delay-based RIS (TTD-RIS) and virtual subarray-based RIS
(SA-RIS), are exploited to realize the frequency-dependent pas-
sive beamforming at the RIS. Furthermore, the efficient E2E
beamforming models without explicit channel state information
are proposed, which jointly exploits the uplink channel training
module and the downlink wideband beamforming module. In the
proposed network architecture of the E2E models, the classical
communication signal processing methods, i.e., polarized filtering
and sparsity transform, are leveraged to develop a signal-guided
beamforming network. Numerical results show that the proposed
E2E models have superior beamforming performance and robust-
ness to conventional beamforming benchmarks. Furthermore,
the tradeoff between the beamforming gain and the hardware
complexity is investigated for different frequency-dependent RIS
architectures, in which the TTD-RIS can achieve better spectral
efficiency than the SA-RIS while requiring additional energy
consumption and hardware cost.

Index Terms—Deep learning, near-field communications, re-
configurable intelligent surface, wideband beamforming.

I. INTRODUCTION

THE sixth-generation (6G) wireless networks aim to fur-
ther deliver high throughput, achieve massive connectiv-

ity, and enhance energy efficiency. In order to accomplish these
promising objectives, extremely large scale antenna arrays
(ELAAs) and tremendously high frequencies form a pair of
prospective technological solutions. In particular, as a new type
of metamaterial antenna, reconfigurable intelligent surface
(RIS) technology has been regarded as one of the highly
anticipated candidate ELAA solution to construct a smart
radio environment [1]. In this case, the near-field boundary
in 6G communications will be significantly extended due to
the increase of Rayleigh distance that is positively correlated
with the array aperture and the communication frequency [2].
Considering a large number of available bandwidth in high
frequencies, e.g., millimeter wave (mmWave) and Terahertz
(THz), the near-field wideband RIS communications is becom-
ing an up-and-coming communication paradigm in 6G era [3].

In near-field wideband RIS systems, new electromagnetic
(EM) characteristics need to be considered compared to the
classic far-field narrowband systems. Firstly, in contrast to the
planar wavefront assumption in the far-field channel modeling,

the near-field channel involves both angle and distance dimen-
sions due to the spherical wavefront in the near-field radiation,
which results in the near-field beamfocusing effect instead
of the far-field beamsteering [4], [5]. Secondly, the near-
field wideband channels can be strongly frequency-dependent
due to the large bandwidth between different subcarriers.
However, for the popular hybrid beamforming architecture in
ELAA systems, the typical analog beamformer is frequency-
independent. Consequently, the beams generated in different
frequencies may be focused at different locations, which
is termed as the beam split effect [6]. Especially, in RIS
enabled wideband communications, since reflection units at
the RIS only carry out the passive phase-shifting operation, the
impinging and reflected beams at the RIS will be also split into
different physical directions for different frequencies. In this
case, the specific property of the frequency-independent analog
precoding at the base station (BS) and phase-shifting at the RIS
cause the unique double beam split effect [7]. Consequently,
efficient frequency-dependent beamforming architectures and
optimization schemes are urgently expected to investigate for
near-field wideband RIS systems.

A. Prior works

1) Wideband RIS Communications: To deal with the beam
split effect in RIS-aided mmWave/THz systems, distributed
RISs and delay adjustable RISs are two feasible solutions. In
[8], the distributed RIS deployment strategy was proposed to
relieve the beam split effect, which required the high deploy-
ment cost and still relied on the frequency-independent phase-
shifting architecture [9]. In order to completely break through
this limitation of the analog phase-shifting circuit at the RIS,
the proposed true time delay (TTD) module in the wideband
hybrid precoder architecture was extended to the classic RIS
architecture. Specifically, in [10], the RIS element can realize
the frequency-selective operation by introducing TTD units,
in which a sub-surface architecture of RIS was provided to
balance the power gain and the hardware cost. Furthermore,
the authors of [7] proposed a sub-connected phase-delay-phase
RIS architecture to provide an energy-efficient implementation
for the frequency-dependent wideband phase-shifting scheme.
Moreover, the emerging simultaneously transmitting and re-
flecting RIS (STAR-RIS) architecture has been explored in
THz wideband communications [11], [12].

2) Near-Field Wideband RIS Communications: In near-
field wideband communications, the near-field beamfocusing
and wideband beam split will be deeply coupled, which
further increases the optimization difficulty for the efficient
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beamforming scheme. For RIS enabled near-field wideband
systems, the design of beamforming optimization schemes
is still at a preliminary stage. In [13], the delay adjustable
metasurface technique in [14] that can adjust the delays of
signals reflected by different RIS elements was applied to
alleviate the beam split effect. However, the fully-connected
TTD module in [13] will lead to excessive hardware cost
and power consumption, which requires the number of delay
units has to be equal to the number of massive RIS elements.
Considering the uplink achievable rate optimization in THz
RIS systems, the authors of [15] divided the RIS into multiple
virtual subarrays, in which the phase shift of each subarray was
optimized according to the corresponding subcarrier channel.
In this way, the RIS was endowed with the ability to carry
out the frequency-dependent passive beamforming at different
sub-bandwidths. However, the effective aperture of RIS will
be shrink for the virtual subarray architecture, which results
in the significant energy loss of received signals at the RIS
and hence restricts the system performance.

B. Motivations and Contributions

While a few of research efforts have been devoted to
investigate the near-field wideband RIS systems, the necessary
prior assumptions, such as the known array manifold [13]
and line-of-sight (LOS)-dominant channel [15], were required
for the RIS phase-shifting derivation. In addition, in the
aforementioned works, the authors only focus on the phase-
shifting design at the RIS, while the BS was assumed to
be equipped with single-antenna or the predetermined fully
digital precoder. Consequently, the comprehensive solution
need to be further investigated for the joint passive and active
beamforming optimization, which involves the coupled non-
convex optimization in the wideband hybrid beamforming at
the BS and phase-shifting at the RIS. Moreover, when the
RIS and the BS are equipped with large-scale antenna arrays,
the required high-dimensional channel acquisition is also an
intractable challenge for the beamforming optimization.

Against the above background, in this work, we investigate
the near-field wideband beamforming design for RIS-aided
multiple-input multiple-output orthogonal frequency division
multiplexing (MIMO-OFDM) systems. Our main contributions
are summarized as follows.

• We investigate frequency-dependent hybrid precoding and
phase-shifting architecture for near-field wideband RIS
systems, aiming for alleviating the beamforming perfor-
mance loss caused by the near-field double beam split
effect. Specifically, the BS is equipped with frequency-
dependent hybrid precoding architecture by introducing
sub-connected TTD units, to deal with the near-field
beam split effect at the BS. Furthermore, considering
the wideband beam split effect at the RIS, two specific
RIS architectures, namely true time delay-based RIS
(TTD-RIS) and virtual subarray-based RIS (SA-RIS),
are exploited to realize the frequency-dependent passive
beamforming at the RIS.

• We propose a deep learning-based end-to-end (E2E)
beamforming optimization framework to maximize the

effective spectral efficiency in RIS-aided MIMO-OFDM
systems. The proposed E2E model is composed of the up-
link channel training (UL-CT) module and the downlink
beamforming (DL-BF) module, in which the learnable
combining matrix at the BS and phase-shifting at the
RIS are designed to realize the joint optimization of
beamforming and channel estimation with limited pilot
overhead. In contrast to the pre-defined combining matrix
and reflection pattern in traditional channel estimators, the
combining matrix and phase-shifting in the proposed UL-
CT module can be adaptively tuned according to dynamic
wireless environments.

• We exploit an efficient signal-guided beamforming net-
work architecture based on the proposed E2E optimiza-
tion framework, which integrates advanced neural net-
work architectures and classical communication signal
processing methods. Specifically, in the proposed UL-
CT module, we design a polar attention architecture to
imitate the typical communication signal filtering in the
frequency domain and time-spatial domain, which can
finely learn effective latent channel semantic information
from the received pilots. Motivated by the natural channel
sparsity for high-frequency ELAA systems, a learnable
discrete Fourier transform (DFT) is introduced into the
proposed DL-BF module, which guides and accelerates
the convergence of the beamforming network.

• Our numerical results reveal that a superior beamform-
ing performance can be achieved by the proposed E2E
models over the conventional beamforming benchmarks.
Specifically, compared with the conventional hybrid pre-
coding and the classic RIS architecture, the proposed
TTD-RIS and SA-RIS can effectively mitigate the near-
field double beam split effect. Furthermore, the proposed
E2E models can jointly optimize the active and passive
beamforming with the implicit CSI, which reduces the
required training overhead and improves the effective
spectral efficiency. Moreover, the robustness and general-
ization of the proposed E2E models are evaluated under
various system setups.

C. Organizations and Notations

The remainder of this paper is organized as follows. Sec-
tion II introduces the near-field wideband channel modeling
and system model in RIS assisted MIMO-OFDM systems.
In Section III, the deep learning-based near-field wideband
beamforming framework is proposed. Furthermore, the signal-
guided network architecture is presented in Section IV. Section
V provides numerical results of the proposed E2E models. In
Section VI, this paper is comprehensively summarized.

Notations: Lower-case and upper-case boldface letters de-
note a vector and a matrix, respectively; A𝑇 and A𝐻 denote the
transpose and conjugate transpose of matrix 𝐴, respectively; 𝑎∗

denotes the conjugate of complex number 𝑎; diag(a) denotes
the diagonal matrix with the vector a on its diagonal; I𝑎 is a
𝑎 × 𝑎 identity matrix, while 1𝑎 is a 𝑎 × 1 vector, satisfying
1𝑖 = 1,∀𝑖 = {1, . . . , 𝑎}; Symbols |·|, ∥·∥, and ∥·∥𝐹 denote
the ℓ1, ℓ2, and Frobenius norm, respectively; ∝ denotes the
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Fig. 1. Near-field wideband systems assisted by different frequency-dependent RIS architectures. (a) The TTD-RIS architecture; (b) The SA-RIS architecture.

proportionality relation. ⊙ and ⊗ denote the Hadamard product
and Kronecker product, respectively. ℜ(A) and ℑ(A) denote
the real and imaginary components of the complex-value
matrix A. det(A) denote the determinant of the matrix A.
Symbol j denotes the imaginary number.

II. SYSTEM MODEL AND PROBLEM FORMULATION

As shown in Fig. 1, we consider an 𝑁-element RIS assisted
mmWave MIMO-OFDM systems with 𝑀 transmit and 𝑈

receive antennas. Both transmit antennas at the BS and the
receive antennas at the user equipment (UE) are placed in
uniform linear arrays (ULAs), while the reflection elements
at the RIS are placed in uniform plane arrays (UPAs), i.e.,
𝑁 = 𝑁1 × 𝑁2. Considering the high susceptibility in mmWave
communications and practical complex wireless environments,
we assume that the LOS path between the BS and the UE
is completely blocked, while the non-LOS (NLOS) paths
are constructed by limited clustered scatterers. To enhance
mmWave communications, the RIS is introduced to provide
the virtual LOS path between the BS and the UE.

To deal with the double beam split effect caused by the
coupling of wideband beam split at the BS and the RIS, we
introduce the newly fashionable frequency-dependent beam-
forming architecture. Firstly, the sub-connected TTD mod-
ule is introduced to the hybrid beamforming architecture at
the BS, which is composed of 𝐾 TTDs and 𝑀RF ≪ 𝑀

radio frequency (RF) chains. Specifically, each RF chain is
connected to 𝐾 TTDs, and then each TTD is connected to
𝑃 = 𝑀/𝐾 phase-shifters (PSs). By utilizing the TTD module,
the traditional analogy beamforming will evolve into the
frequency-dependent analogy beamforming at the BS. Then,
for the wideband RIS architecture, we provide two feasible
candidate solutions, i.e., sub-connected TTD-RIS in Fig. 1(a)
and virtual SA-RIS architecture in Fig. 1(b), whose detailed
design guidelines are presented in Section II.C.

A. Near-Field Boundary in RIS-Aided MIMO Systems

In the specific communication scenarios, the near-field crite-
rion need to be re-derived due to different EM characteristics.
Specifically, the Rayleigh distance 𝑅 is a widely used criterion
to define the near-field boundary, which is given by [16]

𝑅 =
2𝐷2

𝜆
, (1)

where 𝐷 and 𝜆 denote the antenna aperture and the wave-
length, respectively. In multiple-input single-output (MISO)
systems, the near-field boundary can be defined according to
(1). With the increase of antenna array and communication
frequency, the near-field region will be significantly extended.

In RIS-aided MIMO communications, the near-field cri-
terion is different for the BS→UE direct link and the
BS→RIS→UE cascaded link. For the BS→UE MIMO com-
munications, the near-field boundary is given by [2]

𝑅 =
2(𝐷B + 𝐷U)2

𝜆
, (2)

where 𝐷B and 𝐷U denote the antenna aperture of the BS and
the UE, respectively.

In contrast to MISO/MIMO channels in conventional com-
munication systems, the cascaded BS→RIS→UE reflection
link comprises the BS→RIS and RIS→UE links in RIS
systems. According to the near-field criterion in [2], the near-
field region in RIS systems can be expressed as

𝑟1𝑟2
𝑟1 + 𝑟2

<
2𝐷2

𝜆
, (3)

where 𝑟1 and 𝑟2 denote the BS→RIS and RIS→UE distance,
respectively. We observe that the near-field region in RIS
systems is determined by the harmonic mean of 𝑟1 and 𝑟2.
In other words, as long as any of 𝑟1 and 𝑟2 is shorter than
Rayleigh distance, the near-field communications will occur
in RIS systems due the passive property of the RIS.
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B. Near-Field Wideband Channel Model

Considering the three-dimensional Cartesian coordinate sys-
tem in Fig. 2, we assume that both BS and RIS lie on
the 𝑥𝑧-plane, whose array center coordinate are set to cB =(
𝑥B, 𝑦B, 𝑧B) and cR =

(
𝑥R, 𝑦R, 𝑧R) , respectively. The co-

ordinate of UE cU =
(
𝑥U, 𝑦U, 𝑧U) is randomly distributed

around the RIS. Let Δ𝑚, Δ𝑢 and Δ𝑛 = Δ𝑛1 = Δ𝑛2 denote
the distance between two adjacent antennas (elements) at
the BS, the UE, and the RIS, respectively. Generally, the
antenna spacing is set to 𝑑 = Δ𝑚 = Δ𝑢 = Δ𝑛 = 𝑐

2 𝑓𝑐
in large-scale array communications, where 𝑐 and 𝑓𝑐 de-
note the speed of light and the central carrier frequency,
respectively. Hence, the coordinate of the AP antenna 𝑚 is
cB
𝑚 =

(
𝑥B + (𝑚 − 𝑀+1

2 )𝑑, 𝑦B, 𝑧B
)
. Accordingly, the coordinate

of the UE antenna 𝑢 is cU
𝑢 =

(
𝑥U + (𝑢 − 𝑈+1

2 )𝑑, 𝑦U, 𝑧U
)
. For

the UPA-based RIS, the coordinate of the RIS element (𝑛1, 𝑛2)
is cR

𝑛1 ,𝑛2 =

(
𝑥R + (𝑛1 − 𝑁1+1

2 )𝑑, 𝑦R, 𝑧R + (𝑛2 − 𝑁2+1
2 )𝑑

)
. In this

work, we consider clustered scatterer propagation environ-
ments [17], in which the coordinate of scatterer 𝑠 (1 ≤ 𝑠 ≤ 𝑆𝑐)
in cluster 𝑐 (1 ≤ 𝑐 ≤ 𝐶s) is denoted as cS

𝑐,𝑠 =
(
𝑥S
𝑐,𝑠, 𝑦

S
𝑐,𝑠 , 𝑧

S
𝑐,𝑠

)
.

According to the wideband ray-tracing-based channel model
[18], the BS→UE NLOS channel D[𝜏] ∈ C𝑈×𝑀 at the 𝜏-th
delay can be expressed as

D[𝜏] = 𝛾BU
𝐶s∑︁
𝑐=1

𝑆𝑐∑︁
𝑠=1

𝜍BU
𝑐,𝑠

√︃
𝐺B𝐺U𝐿

BU
𝑐,𝑠uBU

𝑐,𝑠 (aBU
𝑐,𝑠)𝑇𝛿(𝜏𝑇𝑠 − 𝜏BU

𝑐,𝑠 ),

(4)

where 𝛾BU =

√︂
1∑𝐶s

𝑐=1 𝑆𝑐
is a normalization factor, 𝜍BU

𝑐,𝑠 ∼

CN(0, 1) is the complex gain, and 𝐿BU
𝑐,𝑠 is the path loss for

scatterer (𝑐, 𝑠). Parameters 𝐺B and 𝐺U denote the antenna gain
at the transmitter ans receiver, respectively. The function 𝛿(𝜏)
denotes the dirac function for 𝑇𝑠-spaced signaling evaluated
at 𝜏 seconds. aBU

𝑐,𝑠 ∈ C𝑀×1 denotes the transmitting array
response at the BS, and uSU

𝑐,𝑠 ∈ C𝑈×1 represents the receiving
response at the UE. Parameter 𝜏BU

𝑐,𝑠 denotes the path delay of
scatterer (𝑐, 𝑠).

Suppose system bandwidth 𝑊 is divided into 𝐵 orthogonal
subcarriers in OFDM systems, the communication frequency
at subcarrier 𝑏 can be expressed as 𝑓𝑏 = 𝑓𝑐 + 𝑊 (2𝑏−1−𝐵)

2𝐵 , (1 ≤
𝑏 ≤ 𝐵). In this work, we adopt the uniform spherical wave
model to characterize the near-field wideband array response
vector [4]. The ULA array response a at subcarrier frequency
𝑓𝑏 for scatterer (𝑐, 𝑠) is given by

a( 𝑓𝑏, 𝜙BU
𝑐,𝑠, 𝑟

BU
𝑐,𝑠) = 𝑒

− 𝑗 2𝜋 𝑓𝑏
𝑐

(
−𝑚𝑑 cos 𝜙BU

𝑐,𝑠+
𝑚2𝑑2 (sin 𝜙BU

𝑐,𝑠 )2

2𝑟BU
𝑐,𝑠

)
, (5)

where 𝜙BU
𝑐,𝑠 denotes the azimuth angle of departure (AOD) for

scatterer (𝑐, 𝑠) at the BS, and 𝑟BU
𝑐,𝑠 =

cB − cS
𝑐,𝑠

 is the distance
between the BS and scatterer (𝑐, 𝑠) in the BS→UE link.

Since the number of antennas of the UE is generally limited,
the far-field radiation with the planner wavefront can be
directly adopted for the channel modeling between scatterer
(𝑐, 𝑠) and the UE in the BS→UE link. In this case, the ULA

Fig. 2. System layout for the near-filed channel modeling in BS→RIS link.

array response u for scatterer (𝑐, 𝑠) is given by

u( 𝑓𝑏, 𝜗BU
𝑐,𝑠 ) =

[
1, 𝑒− 𝑗

2𝜋 𝑓𝑏
𝑐
𝑑 sin 𝜗BU

𝑐,𝑠 , . . . , 𝑒− 𝑗
2𝜋 𝑓𝑏

𝑐
(𝑈−1)𝑑 sin 𝜗BU

𝑐,𝑠

]𝑇
,

(6)

where 𝜗BU
𝑐,𝑠 denotes the angle of arrival (AOA) for scatterer

(𝑐, 𝑠) at the UE.
In OFDM systems, the time-domain signal is transformed

into the frequency domain by utilizing the DFT. Correspond-
ingly, the frequency-domain BS→UE NLOS channel D[𝑏] ∈
C𝑈×𝑀 at subcarrier 𝑏 is given by [18]

D[𝑏] = 𝛾BU
𝐶s∑︁
𝑐=1

𝑆𝑐∑︁
𝑠=1

𝜍BU
𝑐,𝑠

√︃
𝐺B𝐺U𝐿

BU
𝑐,𝑠uBU

𝑐,𝑠 (aBU
𝑐,𝑠)𝑇𝑒

− 𝑗2𝜋𝑏𝑊𝜏BU
𝑐,𝑠

𝐵 .

(7)

The BS→RIS channel G[𝜏] = GNLOS [𝜏] + GLOS [𝜏] ∈
C𝑁×𝑀 is composed of a stable LOS path and clustered NLOS
paths. In Fig. 2, the specific near-field BS→RIS channel
modeling is presented. The LOS channel GLOS [𝜏] between
the BS and the RIS at the 𝜏-th delay can be expressed as

GLOS [𝜏] =𝜍BR
LOSbBR

LOS (a
BR
LOS)𝑇 ⊙

(
G𝑥
𝑐 ⊗ G𝑧

𝑐

)
𝛿(𝜏𝑇𝑠 − 𝜏BR

LOS),
(8)

where parameter 𝜍BR
LOS =

√︃
𝐺B𝐺R𝐿

BR
LOS is composed of trans-

mitting antenna gain, RIS element gain, and path loss. 𝜏BR
LOS

denotes the path delay of the LOS channel. aBR
LOS ∈ C𝑀×1 and

bBR
LOS ∈ C𝑁×1 denote the transmitting array response at the BS

and the receiving response at the RIS for the BS→RIS LOS
path, respectively. Due to the space limitation, the specific
definition of aBR

LOS at the BS can refer to (5). The near-field
UPA array response bBR

LOS at the RIS is given by

bBR
LOS = b𝑥 ( 𝑓𝑏, 𝜙R

LOS, 𝜑
R
LOS, 𝑟

BR) ⊗ b𝑧 ( 𝑓𝑏, 𝜑R
LOS, 𝑟

BR), (9a)

[b𝑥]𝑛1 = 𝑒
− 𝑗 2𝜋 𝑓𝑏

𝑐

(
−�̄�1𝑑𝜁

R
LOS+

�̄�2
1𝑑

2 (1−(𝜁R
LOS )

2)
2𝑟BR
𝑐,𝑠

)
, (9b)

[b𝑧]𝑛2 = 𝑒
− 𝑗 2𝜋 𝑓𝑏

𝑐

(
−�̄�2𝑑 cos 𝜑R

𝑐,𝑠+
�̄�2

2𝑑
2 sin2 𝜑R

𝑐,𝑠

2𝑟BR
𝑐,𝑠

)
, (9c)

where 𝜙R
LOS and 𝜑R

LOS denote the azimuth and elevation angle
of AOA of LOS path at the RIS, respectively. Parameters �̄�1 =

𝑛1 − 𝑁1+1
2 , �̄�2 = 𝑛2 − 𝑁2+1

2 , 𝜁R
LOS = cos 𝜙R

LOS sin 𝜑R
LOS, and

𝑟BR =
cB − cR

 denotes the distance between the BS and
the RIS. Note that the near-field LOS BS→RIS channel in
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(8) includes an additional coupled component, i.e., G𝑥
𝑐 ⊗ G𝑧

𝑐,
which can be expressed as[

G𝑥
𝑐

]
𝑛2

= 𝑒
− 𝑗 2𝜋 𝑓𝑏

𝑐𝑟BR �̄�2𝑑
2 (1−𝜁 2

LOS) , (10a)[
G𝑧
𝑐

]
𝑛1 ,𝑚

= 𝑒
− 𝑗 2𝜋 𝑓𝑏

𝑐𝑟BR �̄�1𝑚𝑑
2 sin2 𝜑BR

LOS . (10b)

Due to the presence of the above coupled component, near-
field LOS MIMO channels exhibit higher degree of freedoms
(DoFs) than far-field LOS MIMO channels. Hence, the higher
near-field DoFs can be exploited by constructing the virtual
LOS path in RIS systems.

The NLOS channel GNLOS [𝜏] between the BS and the RIS
at the 𝜏-th delay can be expressed as

GNLOS [𝜏] = 𝛾BR
𝐶s∑︁
𝑐=1

𝑆𝑐∑︁
𝑠=1
𝜍BR
𝑐,𝑠bBR

𝑐,𝑠 (aBR
𝑐,𝑠)𝑇𝛿(𝜏𝑇𝑠 − 𝜏BR

𝑐,𝑠 ), (11)

where 𝛾BR is a normalization factor for scatterer paths, and

parameter 𝜍BR
𝑐,𝑠 = 𝜍

BR
𝑐,𝑠

√︃
𝐺B𝐺R𝐿

BR
𝑐,𝑠 is composed of the complex

gain, the array gain and the path loss for scatterer (𝑐, 𝑠) in the
BS→RIS link. aBR

𝑐,𝑠 ∈ C𝑀×1 denotes the transmitting array
response at the BS for the BS→RIS NLOS path, and bBR

𝑐,𝑠 =

b𝑥 ( 𝑓𝑏, 𝜙R
𝑐,𝑠, 𝜑

R
c,s, 𝑟

R
𝑐,𝑠) ⊗ b𝑧 ( 𝑓𝑏, 𝜑R

𝑐,𝑠, 𝑟
R
𝑐,𝑠) ∈ C𝑁×1 denotes the

receiving response at the RIS. Parameters 𝜙R
𝑐,𝑠 and 𝜑R

𝑐,𝑠 denote
the azimuth and elevation angle of AOA for scatterer (𝑐, 𝑠) at
the RIS, respectively. 𝑟R

𝑐,𝑠 =
cR − cS

𝑐,𝑠

 and 𝜏BR
𝑐,𝑠 denotes the

path delay of scatterer (𝑐, 𝑠) in the BS→RIS link.
By utilizing the DFT, the frequency-domain channel G[𝑏]

at the 𝑏-th subcarrier is given by

G[𝑏]= 𝜍BR
LOSbBR

LOS (a
BR
LOS)

𝑇 ⊙
(
G𝑥
𝑐 ⊗ G𝑧

𝑐

)
𝑒

− 𝑗2𝜋𝑏𝑊𝜏BR
LOS

𝐵︸                                                     ︷︷                                                     ︸
GLOS [𝑏]

+ 𝛾BR
𝐶s∑︁
𝑐=1

𝑆𝑐∑︁
𝑠=1

𝜍BR
𝑐,𝑠𝜍

BR
𝑐,𝑠bBR

𝑐,𝑠 (aBR
𝑐,𝑠)𝑇𝑒

− 𝑗2𝜋𝑏𝑊𝜏BR
𝑐,𝑠

𝐵︸                                                  ︷︷                                                  ︸
GNLOS [𝑏]

. (12)

Similarly, the frequency-domain RIS→UE channel H[𝑏] ∈
C𝑈×𝑁 can be expressed as

H[𝑏] =
√︃
𝐺R𝐺U𝐿

RU
LOSuRU

LOS (b
RU
LOS)

𝑇 ⊙
(
H𝑥
𝑐 ⊗ H𝑧

𝑐

)
𝑒

− 𝑗2𝜋𝑏𝑊𝜏RU
LOS

𝐵︸                                                                 ︷︷                                                                 ︸
HLOS [𝑏]

+ 𝛾RU
𝐶s∑︁
𝑐=1

𝑆𝑐∑︁
𝑠=1

𝜍RU
𝑐,𝑠

√︃
𝐺R𝐺U𝐿

RU
𝑐,𝑠uRU

𝑐,𝑠 (bRU
𝑐,𝑠)𝑇𝑒

− 𝑗2𝜋𝑏𝑊𝜏RU
𝑐,𝑠

𝐵︸                                                               ︷︷                                                               ︸
HNLOS [𝑏]

,

(13)

where 𝛾RU, 𝜍RU
𝑐,𝑠 and 𝐿RU

𝑐,𝑠 are the normalization factor, the
complex gain and the path loss for scatterer (𝑐, 𝑠) in the
RIS→UE link, respectively. uRU

LOS ∈ C𝑈×1 is the near-field
ULA array response for the LOS path, while uRU

𝑐,𝑠 ∈ C𝑈×1

denotes the far-field array response for scatterer (𝑐, 𝑠). bRU
𝑐,𝑠 =

b𝑥 ( 𝑓𝑏, 𝜙RU
𝑐,𝑠, 𝜑

RU
c,s , 𝑟

RU
𝑐,𝑠) ⊗ b𝑧 ( 𝑓𝑏, 𝜑RU

𝑐,𝑠 , 𝑟
RU
𝑐,𝑠) ∈ C𝑁×1 denotes the

receiving response at the RIS. Parameters 𝜙RU
𝑐,𝑠 (𝜙RU

LOS) and 𝜑RU
𝑐,𝑠

(𝜑RU
LOS) denote the azimuth and elevation of AOD of scatterer

path (𝑐, 𝑠) (LOS path) at the RIS, respectively.

C. Wideband Beamforming Architecture in RIS Systems

1) TTD-Based Hybrid Beamforming at the BS: To exhibit
the frequency-dependent hybrid beamforming at the BS, the
TTD-based hybrid beamforming architecture is adopted [6].
Let FPS = blkdiag

(
FPS,1, . . . ,FPS,𝑀RF

)
∈ C𝑀×𝐾𝑀RF denote

the analog beamformer achieved by PSs, where FPS,𝑛 =

blkdiag
(
f𝑚RF ,1, . . . , f𝑚RF ,𝐾

)
∈ C𝑀×𝐾 (1 ≤ 𝑚RF ≤ 𝑀RF)

denotes the PS-based analog beamformer for the subarray con-
nected to the 𝑚RF-th RF chain, and f𝑚RF ,𝑘 ∈ C𝑃×1 (1 ≤ 𝑘 ≤ 𝐾)
denotes the analog beamformer connected to the 𝑘-th TTD of
this chain. FBB,𝑏 ∈ C𝑁RF×𝑁s denotes the digital beamformer at
subcarrier 𝑏, where 𝑁s denotes the number of transmitting data
stream. According to [6], the TTD-based analog beamformer
at subcarrier 𝑏 is given by

T𝑏 = blkdiag
(
𝑒− 𝑗2𝜋 𝑓𝑏t1 , . . . , 𝑒− 𝑗2𝜋 𝑓𝑏t𝑀RF

)
, (14)

where t𝑚RF = [𝑡𝑚RF ,1, . . . , 𝑡𝑚RF ,𝐾 ] ∈ R𝐾×1 denotes the time-
delay vector realized by the TTDs connected to the 𝑚RF-th
RF chain. The time delay of each TTD needs to satisfy the
maximum delay constraint, i.e., 𝑡𝑚RF ,𝑘 ∈ [0, 𝑡max],∀𝑚RF =

1, . . . , 𝑀RF,∀𝑘 = 1, . . . , 𝐾 .
Hence, the transmitted signal x𝑏 ∈ C𝑀×1 at the BS at

subcarrier 𝑏 is given by

x𝑏 = FPST𝑏FBB,𝑏s𝑏, (15)

where s𝑏 ∈ C𝑁s×1 denotes the information symbols at subcar-
rier 𝑏, satisfying E[s𝑏s𝐻

𝑏
] = 1

𝑁s
I𝑁s .

2) TTD-Based Phase-Shifting at the RIS: For the classic
RIS architecture, the refection coefficients can be expressed
as θ = [𝛽1𝑒

𝑗 𝜃1 , 𝛽2𝑒
𝑗 𝜃2 , . . . , 𝛽𝑁 𝑒

𝑗 𝜃𝑁 ]𝑇 ∈ C𝑁×1, where 𝜃𝑖 (𝑖 =
1, . . . , 𝑁) and 𝛽𝑖 ∈ {0, 1} denote the phase shift and the
ON/OFF state of the 𝑖-th RIS element, respectively. Similar to
the analog beamformer in the hybrid beamforming architecture
at the BS, the generated beams at different subcarrier frequen-
cies by the conventional frequency-independent phase-shifting
circuit at the RIS would point to different physical directions.
Motivated by the wideband precoding in [7], we introduce the
sub-connected TTD units into the RIS architecture to realize
the frequency-dependent phase-shifting, which is termed as
a TTD-RIS architecture in Fig. 1(a). Specifically, the TTD-
RIS is divided into 𝑆 = 𝑆1 × 𝑆2 subarrays, where each
subarray consists of 𝑆 = 𝑆1 × 𝑆2 elements, i.e., 𝑆1 =

𝑁1
𝑆1

and
𝑆2 =

𝑁2
𝑆2

. To deal with the beam split effect at the RIS, each
element of the subarray is equipped with double PS layers
and is connected to a common TTD module. The received
signal at each RIS element first passes through the first-layer
PS with reflection coefficients θ1 ∈ C𝑁×1, which aims to
create the constructive received signal superposition at the
subarray. Then, the impinging signal at the 𝑠-th RIS subarray
(1 ≤ 𝑠 ≤ 𝑆) is adjusted by the common TTD module with the
time delay 𝜈𝑠 ∈ [0, 𝑡max] to realize the frequency-dependent
phase-shifting. Finally, the signal passes through the second-
layer PS with reflection coefficients θ2 ∈ C𝑁×1 to accomplish
the passive beamforming at the RIS. Hence, the equivalent
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refection phase-shifting matrix at subcarrier 𝑏 for the TTD-
RIS can be expressed as

�̄�𝑏 = 𝚯1𝚲𝑏𝚯2, (16)

where 𝚯1 = diag(θ1), 𝚯2 = diag(θ2), and 𝚲𝑏 =

diag(𝚲𝑏,1, . . . ,𝚲𝑏,𝑆). The time delay vector 𝚲𝑏,𝑠 ∈ C�̄�×1 at
the 𝑠-th subarray is given by 𝚲𝑏,𝑠 = 1�̄� ⊗ 𝑒− 𝑗2𝜋 𝑓𝑏𝜈𝑠 .

3) Virtual Subarray-Based Phase-Shifting at the RIS: In
the above TTD-RIS architecture, the additional TTD units
and double-layer phase-shifting circuit are required, which
increases the hardware cost and energy consumption in RIS
systems. In Fig. 1(b), we present an SA-RIS architecture
by dividing the RIS into 𝐵 virtual subarrays, in which the
reflection coefficients θ̃𝑏 ∈ C 𝑁

𝐵
×1 at subarray 𝑏 is optimized

according to the channels D[𝑏],G[𝑏] and H[𝑏] at subcarrier
𝑏. In this case, the refection phase-shifting matrix at the SA-
RIS is given by �̃� = diag(θ̃1, . . . , θ̃𝐵).

Remark 1: On the one hand, compared to the TTD-RIS
architecture, the SA-RIS architecture does not require the
additional hardware cost, while the beamforming gain will
be reduced due to the RIS aperture shrinkage at the specific
subcarrier. On other hand, for the specific design of opti-
mization algorithms, the frequency-dependent phase-shifting
composed of 𝚯1, 𝚯2 and 𝚲𝑏 at the TTD-RIS architecture is
more complex, while the dimension of phase-shifting at the
SA-RIS architecture is similar to the classic RIS architecture.

D. Problem Formulation

In the downlink signal transmission at the 𝑞-th slot, the
received signal y𝑞,𝑏 ∈ C𝑈×1 of UE at subcarrier 𝑏 can be
expressed as

y𝑞,𝑏 =
√︁
𝑃𝑡

(
H𝑏𝚯

𝑓

𝑞,𝑏
G𝑏 + D𝑏

)
x𝑞,𝑏 + n𝑞,𝑏, (17)

where 𝑃𝑡 is the transmission power per stream and n𝑞,𝑏 ∼
CN(0, 𝜎2

𝑏
I𝑈) denotes complex Gaussian noise. According to

different RIS architectures, 𝚯 𝑓

𝑞,𝑏
= diag(θ 𝑓

𝑞,𝑏,1, . . . , θ
𝑓

𝑞,𝑏,𝑁
),

∀ 𝑓 ∈ {P,T,V}, denotes the corresponding RIS reflection
coefficients at slot 𝑞, in which the indicator symbol P, T,
and V are associated with the frequency-independent RIS, the
TTD-RIS, and the SA-RIS, respectively.

In this work, we aim to maximize the spectral efficiency
of near-field wideband RIS systems by optimizing the TTD-
based hybrid beamforming at the BS and the frequency-
dependent phase-shifting at the RIS. Considering the widely
used block fading channel assumption in RIS systems [19],
the channels remain constant within each channel coherent
block that consists of 𝑄 symbol durations. The achievable
communication rate of UE at subcarrier 𝑏 within each channel
coherent block is given by

𝑅𝑏 = log2 det
(
I𝑈 + 𝑃𝑡

𝑁s𝛿2 Z𝑏A𝑏A𝐻
𝑏 Z𝐻𝑏

)
, (18)

where Z𝑏 = H𝑏𝚯
𝑓
𝑞G𝑏 + D𝑏 and A𝑏 = FPST𝑏FBB,𝑏.

In the existing near-field wideband beamforming schemes
in RIS systems [13], [15], the CSI is assumed to be perfectly
known when optimizing the involved beamforming variables.
In fact, for near-field wideband RIS systems, the accurate

channel acquisition is challenging due to the extremely large-
scale antenna arrays and the passive characteristic of RIS.
Considering the typical division duplex systems with the
channel reciprocity, the downlink channel can be obtained by
estimating the uplink channel. Hence, the effective spectral
efficiency can be expressed as

𝑅 =
𝑄 −𝑄tr

𝑄(𝐿CP + 𝐵)

𝐵∑︁
𝑏=1

𝑅𝑏, (19)

where 𝑄tr ≤ 𝑄 denotes the number of symbol durations for the
channel training, and 𝐿CP denotes the length of cyclic prefix
in OFDM systems.

Remark 2: In the considered near-field wideband RIS
systems, 𝐵𝑀𝑈 (𝑁+1) unknown entries need to be estimated in
the channel estimation, which requires the high pilot training
overhead 𝑄tr. In spite of the fact that several low-overhead
channel estimation schemes have been investigated for far-
field or narrowband RIS systems [19], e.g., the compressed
sensing approach by exploiting the channel sparsity and the
deep learning-based intelligent channel estimation scheme
[20], the aforementioned channel estimation approaches are
hard to directly extended to near-field wideband RIS systems
due to the specific near-field radiation and beam split effect.
Consequently, the optimization of effective spectral efficiency
not only depends on the beamforming design, but is also
related to the channel estimation scheme.

To sum up, the spectral efficiency maximization problem in
near-field wideband RIS systems can be formulated as follows.

max
FPS ,T𝑏,FBB,𝑏 ,

𝚯 𝑓

𝑏
,𝑄tr

𝑅

(
FPS,T𝑏,FBB,𝑏,𝚯

𝑓

𝑏
, 𝑄tr

)
(20a)

s.t.
FPST𝑏FBB,𝑏

2
𝐹
= 𝜌,∀𝑏, (20b)

|f𝑚RF ,𝑘 | = 1,∀𝑚RF,∀𝑘, (20c)

| [θ 𝑓
𝑏
]𝑖 | = 1, 𝑖 = {1, . . . , 𝑁}, (20d)

T𝑏 ∈ T𝑏,∀𝑏, (20e)

where 𝜌 denotes the transmit power available of the precoder
for each subcarrier at the BS. T𝑏 is a feasible set of the
TTD-based analog beamformers imposed by the structure
in (14) and the maximum time delay constraint. Note that
the frequency-dependent phase-shifting 𝚯T

𝑏
at the TTD-RIS

architecture involves three coupled variables, i.e., 𝚯1, 𝚯2 and
𝚲𝑏, to be optimized, while the optimization of 𝚯V

𝑏
is composed

of 𝐵 independent phase-shifting subarrays for the SA-RIS
architecture.

III. DEEP LEARNING BASED END-TO-END
BEAMFORMING FRAMEWORK

To solve the non-convex and high-dimensional optimization
problem in (20), we develop an E2E beamforming optimiza-
tion framework by leveraging the powerful non-linear mapping
ability of the deep learning model. As illustrated in Fig. 3, the
overall E2E framework can be divided into the UL-CT module
in the uplink pilot transmission stage and the DL-BF module
in the downlink signal transmission.
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Fig. 3. The proposed E2E beamforming framework in near-field wideband RIS systems.

A. Deep Learning-Based Uplink Channel Training

For the design of channel estimation scheme in RIS systems,
the channel estimation performance is related to the joint
design of the channel estimator and the RIS reflection protocol.
For instance, in [21], the DFT-based reflection protocol has
been proven to be optimal for the classic minimum vari-
ance unbiased estimator in narrowband far-field RIS systems.
However, the existing reflection protocol need to be further
developed for near-field wideband RIS systems. Firstly, the
assumption of planar wavefront in far-field communications
is no longer applicable for near-field systems, while the RIS
reflection protocol need to match the spherical wavefront
characteristics instead of the far-field assumption of planar
wavefront. Secondly, in the reflection protocol design for wide-
band RIS systems, the frequency-dependent hybrid beamform-
ing and phase-shifting involve the new time-delay dimension.
Thirdly, the key characteristic of deep learning estimator is
the adaptive learning ability for the latent representation of
the wireless signal, while the advantage of RIS is to operate
the wireless environment as a passive reflector. However,
for the deep learning-based channel estimator, the reflection
protocol design in near-field wideband RIS systems has not
been investigated.

Consequently, in the proposed E2E optimization frame-
work, we develop a learnable UL-CT module to learn high-
dimensional channel semantics, in which the trainable wide-
band phase-shifting at the RIS and the combining matrix at the
BS are designed. In contrast to the pre-defined RIS reflection
pattern in the existing channel estimation works [19], [21],
the phase-shifting and combining matrix in the proposed E2E
model can be adaptively tuned according to dynamic wireless
environments. Suppose 𝑄tr OFDM pilots are used for the
channel training, the received pilot signal Y𝑞,𝑏 ∈ C𝑀RF×1 at
slot 𝑞(1 ≤ 𝑞 ≤ 𝑄tr) in subcarrier 𝑏 of the BS is given by

Y𝑞,𝑏 = W𝑞,𝑏

(
H𝑏𝚯

𝑓

𝑏
G𝑞,𝑏 + D𝑏

)
Xtr
𝑞,𝑏 + ntr

𝑞,𝑏, (21)

where Xtr
𝑞,𝑏

∈ C𝑈×1 denotes the pilot signal sent by the UE at
slot 𝑞 in subcarrier 𝑏, W𝑞,𝑏 ∈ C𝑀RF×𝑀 denotes the uplink
combining matrix in subcarrier 𝑏 at the BS, and complex
Gaussian noise follows ntr

𝑞,𝑏
∼ CN(0, 𝜎2

𝑏
I𝑀RF ). In this work,

the phase-shifting 𝚯 𝑓

𝑞,𝑏
, ∀ 𝑓 ∈ {P,T,V} and the combining

matrix W𝑞,𝑏 are designed the trainable tensors, which are
optimized by utilizing the massive training data.

In near-field wideband RIS systems, 𝚯 𝑓

𝑞,𝑏
and W𝑞,𝑏 need

to be restricted by the specific constraint. Specifically, for the
TTD-RIS architecture as illustrated in (16), the frequency-
dependent phase-shifting 𝚯T𝑞 at slot 𝑞 consists of the learnable
phase-shifting tensor �̂�𝑞,1 ∈ C𝑁×𝑁 , �̂�𝑞,2 ∈ C𝑁×𝑁 , and time
delay tensor �̂�𝑞 ∈ C𝑆×𝐵. The diagonal elements in �̂�𝑞,1 and
�̂�𝑞,2 should satisfy the unit modular constraint. Thus, the
complex exponent function exp(j·) is applied to obtain the
desired uplink �̂�

up
𝑞,1 and �̂�

up
𝑞,2, which is given by

�̂�
up
𝑞,1 = exp

(
j · �̂�𝑞,1

)
,

�̂�
up
𝑞,2 = exp

(
j · �̂�𝑞,2

)
,∀𝑞.

(22)

Due to the maximum time-delay constraint in the TTD
unit, each learnable time delay element �̂�𝑠,𝑏 in �̂�𝑞 need to
be normalized by the maximum delay 𝑡max, which is given by

�̂�
up
𝑠,𝑏

= 𝑡max
1

1 + 𝑒−�̂�𝑠,𝑏
,∀𝑠, 𝑏. (23)

In the SA-RIS without TTD units, the uplink phase-shifting
�̂�

up,V
𝑞 is directly normalized by utilizing the complex exponent

function. For the learnable uplink combining tensor at the BS,
the uplink Wup

𝑞,𝑏
should satisfy the constant modular constraint,

which is given by [22]

Wup
𝑞,𝑏

=
1

√
𝑀

exp
(
1j · W𝑞,𝑏

)
,∀𝑞, 𝑏. (24)

After 𝑄tr pilots transmission, we can obtain 𝐵×𝑀RF×𝑄tr ob-
servation tensor YP. To facilitate data processing in the neural
network, the complex-to-real operation is used to separate the
real and imaginary parts of YP, and then are stacked along
the antenna dimension to obtain the real-value input tensor
ȲP = {ℜ(YP),ℑ(YP)} ∈ C𝐵×2𝑀RF×𝑄tr . We exploit an implicit
CSI learning network F C (·) to map the latent CSI semantic
𝛀 from the observation tensor ȲP, which is given by

𝛀 = F C (ωC, ȲP), (25)

where ωC denotes the trainable network parameters of the
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implicit CSI learning network. In Section VI-A, the detailed
network architecture of the proposed UL-CT module F C (·)
will be elaborated.

B. Deep Learning-Based Downlink Wideband Beamforming

The proposed DL-BF module F B (·) is composed of a
low-level shared network F B

sh (·) and 𝑃 sub-networks F B
𝑝 (·),

1 ≤ 𝑝 ≤ 𝑃. In the pipeline of information flow, the extracted
CSI semantic 𝛀 in the UL-CT module is delivered to the
shared network at first, which generates the shared features
𝚽 = F B

sh (𝜔
B
sh,𝛀) ∈ C𝑀×𝐵. Then, the downlink frequency-

dependent phase-shifting at the RIS and the hybrid beam-
forming at the BS is obtained from different sub-networks,
respectively, which is given by

�̂�
down, 𝑓

= exp
(
1j · F B

1
(
ωB

1 ,𝚽
) )
,∀ 𝑓 ,

F̂down
PS = exp

(
1j · F B

2
(
ωB

2 ,𝚽
) )
,

T̂down
𝑏

= exp
(
1j · 2𝜋 𝑓𝑏 · F B

3
(
ωB

3 ,𝚽
) )
,∀𝑏,

F̂down
BB,𝑏 =

√
𝑃𝑡 FB

4 (ωB
4 ,𝚽)

∥FPST𝑏FBB,𝑏∥𝐹
,∀𝑏,

(26)

where ωB
sh and ωB

𝑝 (1 ≤ 𝑝 ≤ 4) denote the trainable network
parameters of the shared network and sub-network 𝑠, respec-
tively. Similar to the tensor constraints in the proposed UL-CT
module, the specific constraints need to be satisfied in the out-
put of each sub-network. Firstly, the unit-modulus constraints
are applied to the phase-shifting �̂�

down, 𝑓
at the RIS and PS-

based analog beamformer F̂down
PS at the BS by utilizing the

complex exponent function. Secondly, the time-delay vector in
TTD-based analog beamformer T̂down

𝑏
is normalized referring

to the operation in (23). Finally, the power normalization is
carried out for the digital beamformer F̂down

BB,𝑏.

C. Joint Optimization of E2E Beamforming Framework

To maximize the spectral efficiency in (20), the loss function
L(ω) is designed as the negative spectral efficiency in the
network training, which is minimized by utilizing the gradient
descent methods. The spectral efficiency maximization prob-
lem can be reformulated as

min
ω

L(ω) = −𝑅
(
ω, F̂down

PS , T̂down
𝑏 , F̂down

BB,𝑏, �̂�
down, 𝑓
𝑏 , 𝑄tr

)
(27a)

s.t. (22), (23), (24), (26) (27b)

where ω denotes the overall network trainable parameters
composed of the UL-CT module and the DL-BF module.

In the network training, a computational-efficiency stochas-
tic optimization with first-order gradients is adopted to update
ω [23], which has been proven to be robust and well-suited
to a wide range of non-convex optimization problems. Let
𝑔𝑡 = ∇ωL𝑡 (ω) = 𝜕L(ω𝑡 )

ω𝑡
denote the gradient at timestep 𝑡 in

the network training. The moving averages gradient 𝑚𝑡 and
the squared gradient 𝑣𝑡 of 𝑔𝑡 at timestep 𝑡 are defined as

𝑚𝑡 = 𝛽
𝑡
1 · 𝑚𝑡−1 +

(
1 − 𝛽𝑡1

)
· 𝑔𝑡 , (28)

𝑣𝑡 = 𝛽
𝑡
2 · 𝑣𝑡−1 +

(
1 − 𝛽𝑡2

)
· 𝑔2
𝑡 , (29)

where 𝛽𝑡1 and 𝛽𝑡2 ∈ [0, 1) denote the hyper-parameters that
control the exponential decay rates of 𝑚𝑡 and 𝑣𝑡 , respectively.

Fig. 4. Polarized self-attention mechanism for channel semantic learning in
the UL-CT module.

Furthermore, the update rule of ω at timestep 𝑡 + 1 can be
expressed as

ω𝑡+1 = ω𝑡 − 𝛼𝑡 · 𝑚𝑡/
(√
𝑣𝑡 + 𝜖

)
, (30)

where 𝛼𝑡 = 𝛼 ·
√︃

1 − 𝛽𝑡2/
(
1 − 𝛽𝑡1

)
denotes the adaptive learning

rate at timestep 𝑡 based on the default learning rate 𝛼, and 𝜖
is a regularization term to avoid dividing by zero.

Remark 3: Due to the low computational complexity in the
weight update of network, the above stochastic optimization
principle in the proposed E2E beamforming framework is a
versatile algorithm that scales to large-scale high-dimensional
non-linear mapping problems. In addition, this stochastic opti-
mization can adaptively adjust the learning rate in the network
training process, thereby improving the convergence speed and
generalization ability of the beamforming model for dynamic
wireless environments.

IV. SIGNAL-GUIDED BEAMFORMING NETWORK
ARCHITECTURE IN NEAR-FIELD WIDEBAND RIS SYSTEMS

In this section, we will present the specific beamforming
network components based on the proposed E2E beamforming
framework in Section III, which consists of the polar-attention
network architecture in the UL-CT module and multi-task
network architecture in the DL-BF module.

A. Polarized Self-Attention for Channel Semantic Learning

In the proposed E2E models, the UL-CT module need to
learn the efficient channel semantics from the received pilot
signal, which facilitates the beamforming optimization in the
subsequent DL-BF module. In the popular network archi-
tectures for deep learning enabled MIMO communications,
the classical convolutional neural network (CNN) with spatial
modeling ability is usually used as the basic network backbone
[24]. However, due to the limited receptive field of local con-
volution window, the insufficient ability to extract global in-
formation of CNN has been widely investigated. Accordingly,
the promising self-attention mechanism has drawn enthusiastic
concern. Motivated by the extensive representation learning
ability of the self-attention mechanism, we exploit a dedicated
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polarized self-attention (PSA) mechanism to characterize the
implicit CSI semantics, which leverages the specific physical
knowledge of wireless communications data.

In contrast to the dataset in computer vision or nature
language models, each dimension of input tensor Ȳ𝑃 in the
proposed UL-CT module has the specific physical implica-
tions, which represents time, frequency, and antenna domains,
respectively. In the vanilla self-attention mechanism, the atten-
tion operation is only carried out in the spatial domain of input
tensor, i.e., the dimension 2𝑀RF ×𝑄tr in Ȳ𝑃 . In this work, the
self-attention mechanism is introduced into the frequency and
time-spatial domain of Ȳ𝑃 by designing the dedicated PSA
module [25], respectively. In Fig. 4, we present the detailed
operation of the PSA module, which consists of the feature
extraction branches in the frequency and time-spatial domain.
Specifically, in the frequency feature extraction branch, the
output features XF ∈ R𝐵×1×1 can be expressed as

XF = Sig
(
W𝑧 (Re(W𝑣 (Ȳ𝑃)) × Soft(Re(W𝑞 (Ȳ𝑃)))

)
, (31)

where W𝑖 , 𝑖 = {𝑞, 𝑣, 𝑧} denotes 1 × 1 convolution layer to
reduce or increase the frequency-domain dimension of Ȳ𝑃 ,
and Re(·) represents the tensor reshape operator to adjust
the dimension of different feature tensors. Functions Soft(·)
and Sig(·) denote Softmax and Sigmoid activation function,
respectively, which can be expressed as

Soft(x) = 𝑒x𝑖∑𝐿
𝑖=1 𝑒

x𝑖
, (32)

Sig(x) = 1
1 + 𝑒−x𝑖

, (33)

where x ∈ R𝐿×1 denotes a feature tensor.
Similarly, the output features in the time-spatial feature

extraction branch XT ∈ R1×2𝑀RF×𝑄tr can be expressed as

XF = Sig
(
Re(W𝑣 (Ȳ𝑃)) × Soft(G(W𝑞 (Ȳ𝑃))

)
, (34)

where G(·) denotes the global average pooling operator. For
the feature tensor FT = W𝑞 (Ȳ𝑃) ∈ R𝐵/2×2𝑀RF×𝑄tr obtained by
a convolutional layer with the 1 × 1 kernel, the feature vector
z =

[
𝑧1, · · · , 𝑧𝑏, · · · , 𝑧𝐵/2

]
∈ R𝐵/2×1 after pooling operation

G(FT) is given by

𝑧𝑏 = G(FT) = 1
2𝑀RF ×𝑄tr

2𝑀RF∑︁
𝑚=1

𝑄tr∑︁
𝑞=1

FT
𝑏 (𝑚, 𝑞). (35)

Finally, the frequency and time-spatial features are fused in
the UL-CT module, which can be expressed as

𝛀 = XF ⊙F ȲP + XT ⊙T ȲP, (36)

where ⊙𝑖 , 𝑖 ∈ {F,T} denotes a channel-wise or spatial-wise
multiplication operator, respectively. Note that compared to the
classic self-attention mechanism, the PSA module has lower
computational complexity due to the separable dual branch
attention architecture.

B. Signal-Guided Network for Beamforming Design

The DL-BF network consists of the low-level shared net-
work to extract the shared embedded features and multiple in-

Fig. 5. Signal-guided shared network architecture for beamforming design in
the DL-BF module.

dependent sub-networks to jointly design near-field wideband
beamforming.

1) Signal-Guided Shared Network Architecture: In the
large-scale array communications at high frequencies, wireless
channels present the natural sparsity due to limited scatterer
paths. Considering the severe energy spreading effect, the
sparsity representation in the far-field channel, such as the DFT
transform-based angular domain sparsity [26], may no longer
be applicable to the near-field channel. However, as a classic
digital signal processing tool, the DFT principle is still useful
for guiding the network architecture design [27], especially
for the dedicated network in wireless communications. In the
proposed DL-BF module, we incorporate Fourier transform
to the conventional self-attention mechanism and employ
learnable filters to interchange information globally among the
feature tokens in the Fourier domain, which is termed as a
signal-guided deep learning approach.

As shown in Fig. 5, for the feature 𝛀 obtained by the UL-
CT module in Fig. 4, the two-dimensional DFT is carried out
at first, which can be expressed as

FDFT
𝑏 [𝑢, 𝑣] = F (𝛀𝑏) =

2𝑀RF−1∑︁
𝑚=0

𝑄tr−1∑︁
𝑞=0

𝛀𝑏 [𝑚, 𝑞]𝑒
− 𝑗2𝜋

(
𝑢𝑚

2𝑀RF
+ 𝑣𝑞

𝑄tr

)
.

(37)

Since the DFT of real input tensor 𝛀𝑏 [𝑚, 𝑞] satisfies
the conjugate symmetry property, i.e., FDFT

𝑏
[2𝑀RF − 𝑢, 𝑄tr −

𝑣] =
(
FDFT
𝑏

[𝑢, 𝑣]
)∗, this property implies that the half of

FDFT ∈ R𝐵×2𝑀RF×𝑄tr/2 contains the full information about the
frequency characteristics of 𝛀. In this case, we can take only
the half of the values in FDFT but preserve the full information,
which can reduce the network parameters and computational
cost. As mentioned above, the pure DFT is hard to fully exploit
the near-field channel sparsity, we further employ a learnable
filter 𝚿 ∈ R𝐵×2𝑀RF×𝑄tr/2 in the frequency domain to modulate
the spectrum of FDFT, which can be expressed as

F̄DFT = 𝚿 ⊙ FDFT. (38)

Next, the inverse DFT is used to transform F̄DFT into the
original domain, i.e., FIDFT

𝑏
= F −1 (F̄DFT

𝑏
) ∈ R𝐵×2𝑀RF×𝑄tr ,∀𝑏.

Then, FIDFT is flatten to the feature tensor FM ∈ R𝐵×2𝑀RF𝑄tr

along the time-spatial dimension. A multi-layer perceptron
(MLP) module composed of two linear layers are used to
realize the feature interaction between the frequency domain
of FM, which is given by

Af = GeLU(FMW1) · W2 + FM, (39)

where the first linear layer W1 ∈ R𝐵×𝜐𝐵, (𝜐 ≥ 1) projects
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the feature FM into the high-dimension representation space.
The second linear layer W2 ∈ R𝜐𝐵×𝐵 is used to recover the
desired channel dimension again. Function GeLU(·) denotes
the Gaussian error linear unit activation function to provide the
non-linearity of feature transformation. Finally, Af is converted
into a 𝐵 × 𝑁 feature tensor 𝛀 by a linear layer, which is used
as the input tensor for subsequent beamforming sub-networks.

2) High-Level Sub-Network Architecture: Considering the
network complexity and the convenience of tensor operation
in different sub-networks, the stacked linear layers are used as
the basic component of sub-network architecture [28]. For the
frequency-dependent phase-shifting at the TTD-RIS architec-
ture, three parallel linear layers are used to construct the output
𝚯down

1 , 𝚯down
2 and 𝚲down

𝑏 , and are normalized according to (22)
and (23), respectively. Then, the frequency-dependent phase-
shifting 𝚯T

𝑏
is obtained by aggregating 𝚯down

1 , 𝚯down
2 and T̄down

𝑏

in (16). In the SA-RIS architecture, we utilize a linear layer
with 𝑁 neurons to obtain 𝚯V, in which 𝑁 neurons are divided
into 𝐵 groups and each group consists of 𝑁/𝐵 neurons to map
the phase-shifting of a RIS subarray. Similarly, the frequency-
dependent hybrid precoding matrices at the BS composed of
the analog beamformer Fdown

PS , the time-delay vector Tdown
𝑏

and
the digital beamformer Fdown

BB,𝑏, are obtained by constructing
three sub-networks with the specific constraints in (26).

V. NUMERICAL RESULTS

In this section, we first introduce the simulation setups
of the formulated near-field wideband systems and training
hyper-parameters of the proposed models. Then, we compare
the spectral efficiency of the proposed E2E models with the
existing benchmarks, and further evaluate the beamforming
performance under various system setups.

A. Simulation Setups

In the simulation, we set 𝑀 = 128, 𝑁 = 16 × 32,
𝑈 = 𝑀RF = 𝑁s = 4, 𝐵 = 16 and 𝐿CP = 4. The carrier
frequency is set to 𝑓𝑐 = 73 GHz and the communication
bandwidth is 𝑊 = 7 GHz in OFDM systems. The coordinates
of BS and RIS are set to cB =

(
𝑥B, 𝑦B, 𝑧B) = (0, 0, 5) m and

cR =
(
𝑥R, 𝑦R, 𝑧R) = (0, 20, 5) m, respectively. The coordinate

of UE is randomly sampled in the 1 m height with a horizontal
radius of 5 m centered on RIS. The number of TTD units
connected by each RF chain is 𝐾 = 16 at the BS, in which
the maximum time delay is 𝑡max = 5 nanoseconds for each
TTD unit. In TTD-RIS architecture, the number of subarray
is 𝑆 = 8 × 8, while the number of virtual subarray at the
SA-RIS architecture is fixed as the number of subcarriers 𝐵.
The array gain at the transmit antenna, the receive antenna
and the RIS element are set to 𝐺B = 25 dBi, 𝐺U = 20
dBi [12], and 𝐺R = 5 dBi [17]. In the proposed UL-CT
module, the channel training overhead is set to 𝑄tr = 𝑁𝑈/8.
The received SNR at the uplink pilot transmission stage is

defined as SNRR =

(H𝑏𝚯
𝑓

𝑏
G𝑏+D𝑏

)
W𝑏

2

𝐹

𝜎2
𝑏

for subcarrier 𝑏, while
the transmitted SNR at the downlink beamforming stage is
defined as SNRT =

𝑃𝑡

𝜎2
0

with 𝜎2
0 = 𝜎2

𝑏
,∀𝑏. In each training

iteration of the proposed E2E models, the uplink SNRR in
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Fig. 6. Convergence of E2E models for different RIS architectures.

UL-CT module is randomly selected from the SNR range
of [0, . . . , 20] dB with the interval of 5 dB to improve the
robustness of the trained E2E models, while the downlink
SNRT in DL-BF module is fixed as 20 dB. In the test stage,
the uplink and downlink SNR are set to SNRR = 10 dB
and SNRT = 20 dB unless other specified, respectively. In
this work, we compare the proposed E2E models with the
following wideband beamforming benchmarks.
•Projected gradient descent-based precoding (PGDP) with

fully digital beamforming architecture at the BS [29]: A
joint optimization framework for the covariance matrix of the
transmitted signal and the phase-shifting of RIS elements.
Based on the typical PGDP method, we construct an ideal
PGDP method to characterize the performance upper bound
in the formulated near-field wideband RIS system, in which the
phase-shifting of RIS elements is assumed to be independently
designed for each subcarrier.
•Alternative delay-phase precoding (ADPP) with TTD-

based hybrid beamforming architecture [6]: A dedicated hy-
brid beamforming architecture to deal with the beam split
effect in conventional wideband MIMO systems.
•Alternative manifold optimization-based precoding

(AMOP) with the classic hybrid beamforming architecture
[30]: A joint beamforming and channel reconfiguration
method for RIS-aided mmWave MIMO-OFDM systems.

In the above beamforming benchmarks, the accurate CSI
is required to achieve the efficient beamforming optimization.
To comprehensively present the performance advantages of the
proposed E2E models, we compare the existing beamforming
benchmarks with the perfect CSI at first, wherein the ideal
spectral efficiency, i.e., omitting training overhead in (19),
is used as the performance metric. Then, we compare the
practical beamforming benchmarks with the estimated CSI,
in which the parallel factor (PARAFAC) decomposition-based
RIS channel estimation method is used to obtain the required
CSI [31], [32]. Due to the full rank condition involving the
LS problem, the required minimum pilot training overhead is
𝑈 (𝑁 + 1) in the PARAFAC-based channel estimation method.

B. Comparison between Different Beamforming Schemes
In Fig. 6, we present the convergence of the proposed E2E
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Fig. 7. Spectral efficiency versus downlink SNRT for different beamforming
schemes, in which the perfect CSI is assumed to be known.

models for the proposed TTD-RIS and SA-RIS architectures,
in which the average loss of validation dataset in each training
epoch is computed according to (27). Compared to the E2E
model with SA-RIS architecture, the optimization of 𝚯 𝑓

𝑏
in

the TTD-RIS architecture is more complex, which increases
the network scale of the DL-BF module in the E2E model.
Due to the simplified network components, the convergence
speed of the SA-RIS architecture is faster than the TTD-RIS
architecture. However, with the increase of training epochs,
the superior convergence performance can be obtained for the
E2E model with TTD-RIS architecture.

In Fig. 7, we present the spectral efficiency of the proposed
E2E models and the ideal beamforming benchmarks with the
perfect CSI. Note that for the proposed E2E models, i.e., the
proposed TTD-RIS and SA-RIS in Fig. 7, the UL-CT module
is exploited to learn the implicit CSI instead of the prior
assumption of the perfect CSI. For the existing beamforming
benchmarks, the near-field double beam split will degrade the
efficient beamforming gain. Specifically, the AMOP method
adopt the conventional hybrid beamformer architecture, which
cannot design the frequency-dependent analog beamformer at
the BS and the phase-shifting at the RIS. In ADPP method,
the BS is equipped with 𝑀RF𝐾 TTD units to construct the
frequency-dependent hybrid-beamforming at the BS, while the
PGDP method adopt the fully digital precoding architecture at
BS to avoid the wideband beam split at the BS. However,
the wideband beam split at the RIS cannot be addressed
pertinently for the ADPP and PGDP methods. Under the
perfect CSI assumption, the ideal PGDP methods can obtain
the performance upper bound, while the ideal RIS architecture
cannot be implemented in practical communication systems. In
the proposed E2E models, by exploiting frequency-dependent
RIS architectures, i.e., the TTD-RIS and the SA-RIS, and
developing deep learning-based beamforming networks, the
beamforming gain of the proposed E2E models is superior
to the conventional beamforming benchmarks. In the SA-RIS
architecture, the effective array aperture will be shrunk due to
the virtual subarray division strategy, and hence the frequency-
dependent beamforming gain will be reduced compared to the
TTD-RIS architecture.
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Fig. 8. Spectral efficiency versus downlink SNRT for different beamforming
schemes, in which the uplink SNR is set to SNRR = 10 dB.
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Fig. 9. Spectral efficiency versus uplink SNRR for different beamforming
schemes, in which the downlink SNR is set to SNRT = 20 dB.

In Fig. 8, we further compare the effective spectral ef-
ficiency of the proposed E2E models with the practical
beamforming benchmarks with the estimated CSI. Since the
channel estimation error and the large pilot overhead, the
effective spectral efficiency will be significantly decreased for
the conventional beamforming schemes. In the proposed E2E
models with less pilot overhead, the available effective spectral
efficiencies of both TTD-RIS and SA-RIS architectures are
superior to the existing beamforming benchmarks.

In Fig. 9, we compare the spectral efficiency of the proposed
E2E models with the existing beamforming benchmarks under
different uplink SNRR. With the increase of SNRR, the beam-
forming gain of all algorithms can be improved due to more
accurate CSI, while the proposed E2E models are superior to
the conventional beamforming benchmarks. Since the specific
latent representation can be learned from the massive com-
munication data, the proposed E2E models is robust for some
disturbances of input data, i.e., the communication noise.

In Fig. 10, we compare the spectral efficiency of the pro-
posed E2E models with the existing beamforming benchmarks
under different communication bandwidths 𝑊 . For the ideal
PGDP algorithm, the BS precoding and RIS phase-shifting can
be independently designed according to the specific subcarrier
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Fig. 10. Spectral efficiency versus bandwidth 𝑊 for different beamforming
schemes.
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Fig. 11. Spectral efficiency versus downlink SNRT for different RIS setups.

channel, and hence the beamforming gain is independent of
bandwidth 𝑊 . However, for conventional hybrid beamforming
architectures, the wideband beam split effect will be aggra-
vated with the increase of 𝑊 , which results in the beam-
forming performance degradation. Compared to the existing
beamforming benchmarks, the proposed TTD-RIS and SA-
RIS architectures have superior generalization for the large
communication bandwidth.

C. Comparison for Different RIS Setups

In Fig. 11 and Fig. 12, we present the spectral efficiency of
the proposed E2E models under different RIS setups versus
downlink and uplink SNR, respectively. With the increase
of the number of TTD units 𝐾 at the BS, the beamforming
performance of both TTD-RIS and SA-RIS architectures has
been enhanced. For the TTD-RIS architecture, the spectral
efficiency can be further upgraded by increasing the number of
TTD units 𝑆 at the RIS, while the number of virtual subarrays
at the SA-RIS architecture is fixed as the number of subcarriers
𝐵. Note that the introduction of TTD units and double-layer
phase-shifting circuits in the TTD-RIS architecture require the
additional energy consumption and hardware cost.

In Fig. 13, we investigate the influence of the uplink SNR
setting in the training stage for the proposed E2E models with
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Fig. 12. Spectral efficiency versus uplink SNRR for different RIS setups.
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Fig. 13. Spectral efficiency of the proposed TTD-RIS architecture versus
downlink SNRT for different training SNR setups.

the TTD-RIS architecture, in which the number of units at the
BS and the RIS are set to 𝐾 = 8 and 𝑆 = 32, respectively.
By utilizing a dynamic training SNR setup, i.e., training
SNRR ∈ [0, . . . , 20] dB in the UL-CT module, the stable
beamforming performance can be obtained in the test stage,
which is more robust against the communication noise than the
model trained by the fixed training SNR. For the trained model
by using the fixed SNR setting, the model has satisfactory
performance for the given SNR in the test stage, while the
trained model lacks the robustness for the dynamic SNR range.
Specifically, for the trained model with training SNRR = 20
dB, the performance degradation of the model will be severe
with the SNR decrease in the test stage. On the contrary, for the
trained model with training SNRR = 0 dB, the beamforming
performance is worse under the high SNR case, in which the
serve noise component in the training data is not conducive to
learn effective features for the E2E model. In the proposed
training strategy, the training sample space is enriched by
introducing different levels of noise components. In essence,
this training strategy resembles the data augmentation method
in the traditional deep learning field, which can be extended
to various deep learning-empowered communication scenarios,
such as mmWave MIMO channel estimation [33], [34].
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VI. CONCLUSIONS

In this paper, a deep learning enabled near-field wideband
beamforming scheme in RIS-aided MIMO systems was pro-
posed, aiming for alleviating the beamforming performance
loss caused by the near-field double beam split effect. Firstly,
two specific RIS architectures, i.e., TTD-RIS and SA-RIS,
were exploited to achieve the frequency-dependent passive
beamforming. Compared to the SA-RIS architecture, the TTD-
RIS architecture can obtain superior beamforming perfor-
mance, while requiring more energy consumption and hard-
ware cost due to the introduction of TTD units. Furthermore,
the E2E beamforming optimization framework was proposed
to jointly design the high-dimensional channel estimation and
the frequency-dependent wideband beamforming. Moreover,
to accelerate the convergence of the proposed E2E model, the
advanced deep learning architectures and the classical commu-
nication signal processing theory were integrated to develop
an efficient beamforming network backbone. Numerical results
showed the proposed E2E models without the explicit CSI
had superior beamforming performance and robustness to the
existing wideband beamforming benchmarks.
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