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Abstract—Channel estimation in reconfigurable intelligent sur-
face (RIS) assisted communications requires high pilot overhead
due to numerous RIS elements incapable of signal processing.
Recently, research on sensing RIS has provided a dimension-
independent channel estimation scheme with merely three pilots.
Nevertheless, it assumes that the BS-RIS channel is perfectly
known to the RIS and remains invariant over a prolonged
period, while inducing high hardware and power consumption.
To address these issues, this paper introduces a generalized
approximate message passing (GAMP) based channel estima-
tion framework to achieve dimension-independent estimation of
separate channels, without the assumption of known BS-RIS
channel. Specifically, we first formulate the channel estimation
problem in RIS assisted communications as a compressive phase
retrieval problem. Based on the phaseless power observations,
we leverage the GAMP algorithm to retrieve original sparse
signals, which inherently supports the sparse-sampling sensing
RIS architecture. Furthermore, by exploiting the intrinsic map-
ping between the sparse representations of the channels and
the power observations in the angular domain, we propose a
learned GAMP network to enhance the convergence stability
and estimation accuracy. Finally, simulation results demonstrate
that the proposed approach can efficiently estimate both the BS-
RIS and UE-RIS channels with four pilots, while eliminating
the requirement for prior knowledge of the BS-RIS channel and
significantly reducing hardware and power consumption.

Index Terms—Reconfigurable intelligent surface (RIS), channel
estimation, generalized approximate message passing (GAMP),
deep learning.

I. INTRODUCTION

ECONFIGURABLE intelligent surface (RIS) has been
envisioned as a promising technology due to its capa-
bility to reconfigure wireless channels [1], [2]. By properly
manipulating the phase-shifts of RIS elements, the reflection
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signals can be reconfigured to desired directions with high
beamforming gain [3]. Fully exploiting this high beamform-
ing gain requires accurate channel state information (CSI),
making channel estimation a critical procedure in RIS-aided
communication systems [4]. Nevertheless, traditional RIS with
no radio frequency (RF) chains can only reflect the incident
signals passively. Therefore, the BS-RIS and RIS-UE channels
cannot be separately acquired and only the cascaded UE-RIS-
BS or BS-RIS-UE channel can be estimated at the BS or the
UE side [5], [6]. The corresponding dimension of the cascaded
channel, given by the product of the number of BS antennas
M and the number of RIS elements N in practice, is [NV times
that of the BS-UE channel. To achieve high beamforming gain,
RIS is generally fabricated with extremely numerous elements,
and the dimension of the cascaded channel increases sharply,
resulting in high pilot overhead for channel estimation [7], [8].

A. Prior Works

To tackle the above challenge, numerous studies have
exploited the structure properties of the cascaded channel and
developed various channel estimation approaches with reduced
pilot overhead. Generally, these approaches can be classified
into three categories.

The first category leverages the spatial correlation among
adjacent RIS elements. For example, the authors in [9] divided
RIS elements into several groups, where each group con-
sisted of adjacent elements and was configured with common
reflection coefficients. Based on this method, the cascaded
channel of each group was estimated sequentially with reduced
pilot overhead by switching off the other groups. Further, an
analytical framework for the optimal group size was presented
in [10], [11] to maximize the achievable rate of the commu-
nications.

The second solution to reducing pilot overhead is to uti-
lize the sparsity of channels in the transform domain. For
example, researchers in [12] and [13] exploited the sparsity
in the angular domain, and formulated the cascaded channel
estimation problem as a compressive sensing (CS) problem,
which could be solved by the orthogonal matching pur-
suit (OMP) algorithm [14]. Meanwhile, approximate message
passing (AMP) approaches were utilized in [15], [16], [17],
and [18] by iteratively performing inference on the factor
graph. To avoid grid mismatch in the above schemes and

1536-1276 © 2026 IEEE. All rights reserved, including rights for text and data mining, and training of artificial intelligence and
similar technologies. Personal use is permitted, but republication/redistribution requires IEEE permission.
See https://www.ieee.org/publications/rights/index.html for more information.

Authorized licensed use limited to: Tsinghua University. Downloaded on July 04,2026 at 08:38:24 UTC from |IEEE Xplore. Restrictions apply.


https://orcid.org/0009-0003-2816-9457
https://orcid.org/0000-0002-5557-8868
https://orcid.org/0000-0003-0105-8194
https://orcid.org/0000-0002-4250-7315

JIANG et al.: DIMENSION-INDEPENDENT CHANNEL ESTIMATION FOR RIS-ASSISTED COMMUNICATIONS

pursuit super-resolution estimation, [19] divided the cascaded
channel estimation problem into two CS sub-problems and
applied atomic norm minimization (ANM) [20] to sequentially
estimate continuous channel parameters. Moreover, several
other off-grid channel estimation algorithms were proposed
to improve estimation accuracy through optimized OMP [21],
deep learning [22], and sparse Bayesian learning [23], [24].

The third category exploits the explicit structure properties
that the BS-RIS channel is shared among all users. Based on
this multi-user correlation, several ingenious channel estima-
tion schemes have been proposed with low pilot overhead.
Specifically, [25], [26], [27] first estimated the cascaded chan-
nel of a typical user, and then the cascaded channels of the
other users are estimated with low pilot overhead based on
their strong correlation with that of the typical user. Moreover,
the authors in [28] revealed that the angular representations
of the cascaded channels exhibit entirely common non-zero
rows and partially common non-zero columns among all users,
which could be leveraged to further reduce the pilot overhead.
In [29], the shared column-block sparsity of the cascaded
channels among different users was exploited to estimate the
multi-user channels in an iterative manner.

B. Motivations

Despite substantial research on low-overhead RIS channel
estimation schemes, all the above approaches are designed to
accurately estimate the cascaded channel, and the correspond-
ing pilot overhead is inevitably proportional to the number of
RIS elements. Considering that the number of RIS elements
in practical systems is generally extremely large (e.g. 1100
elements [30], 2304 elements [31], and 10240 elements [32]),
the aforementioned schemes with dimension-dependent pilot
overhead remain high.

To further reduce pilot overhead in RIS assisted wireless
communications, we have previously conceived a dimension-
independent channel estimation approach based on interfer-
ence random field (IRF) [33]. Specifically, inspired by optical
interference where phase information can be converted to
power information, the signals from the BS and UE are
required to be simultaneously transmitted to the RIS. Conse-
quently, a similar interference phenomenon named IRF occurs,
the power information of which can be exploited to retrieve
channel phase information. To capture this power information,
a novel hardware architecture named sensing RIS is designed,
where each RIS element additionally integrates a low-cost
power detector. Based on the received power observations,
we further proposed a channel estimation framework with
dimension-independent pilot overhead [33].

However, the channel estimation approach in [33] assumes
that the perfect CSI of the BS-RIS channel is known to RIS
and remains invariant over a prolonged period. Although this
assumption is reasonable in static scenarios, it may not be valid
in highly dynamic propagation environments. For example,
when moving scatterers such as vehicles, autonomous aerial
vehicles (AAVs), or pedestrians exist between the BS and
the RIS, the CSI of the BS—RIS channel changes rapidly
and becomes unknown to the RIS, thus rendering the above
channel estimation scheme inapplicable. Meanwhile, sensing
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RIS achieves reduced pilot overhead at the cost of integrating
additional power detectors. In the existing hardware architec-
ture, each sensing RIS element necessitates a dedicated power
detector to calculate optimal phase shifts, thereby incurring
high power consumption and hardware overhead.

C. Our Contributions

To resolve the above problems, we propose generalized
AMP (GAMP) and learned GAMP based channel estimation
frameworks to achieve dimension-independent estimation of
separate channels with sparse-sampling power observations.
Specifically, the contributions of this paper are summarized as
follows.!

e Inspired by the four-step phase-shift technique in holo-
graphic imaging, and with the assumption of channel
sparsity in the angular domain, we formulate the channel
estimation problem in sensing RIS assisted communica-
tions as a compressive phase retrieval problem. Compared
to existing CS-based channel estimation schemes that
require both amplitude and phase information of the
received signals, our proposed approach solely relies on
the phaseless power observations. Moreover, by formulat-
ing the problem with a block-structured sensing matrix,
the BS—RIS and UE-RIS channels contribute to the power
observations in a distinguishable manner, thus enabling
individual estimation of the two separate channels.

e To resolve the formulated compressive phase retrieval
problem, we leverage the GAMP algorithm to develop a
practical channel estimation scheme. This scheme enables
computationally efficient and accurate reconstruction for
the sparse angular-domain representations of the BS—RIS
and the UE-RIS channels. It is worth noting that, this
approach does not require the assumption that the BS-RIS
channel is known, and utilizes phaseless power obser-
vations of only four pilots to achieve accurate channel
estimation.

e To reduce the power consumption of sensing RIS, we
propose two sparse-sampling sensing RIS architectures,
which is equivalent to performing row sampling on the
sensing matrix. In these architectures, only a small por-
tion of RIS elements are equipped with power detectors.
According to whether these RIS elements are uniformly
distributed, we develop the regular architecture and the
irregular architecture as two possible realizations of the
sparse-sampling sensing RIS.

e Furthermore, we propose an enhanced learned GAMP
algorithm that capitalizes on the sparsity properties of
both the channels and the interference random field in
the angular domain. By exploiting the intrinsic mapping
between sparse representations of the channels and the
interference random fields, we develop a simple initial-
value network for parameter initialization and transform
the conventional fixed empirical damping coefficient into
trainable parameters. Such improvement can significantly

!'Simulation codes will be provided to reproduce the results in this paper:
http://oa.ee.tsinghua.edu.cn/dailinglong/publications/publications.html
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enhance the algorithm’s convergence stability and estima-
tion accuracy.

e Simulation results demonstrate that the proposed GAMP
algorithm-based channel estimation approach achieves
separate estimation of both the BS-RIS and the UE-
RIS channels with sparse-sampling power observations.
This approach requires merely four pilots, which is
independent of the number of RIS elements. Moreover,
the developed learned GAMP algorithm significantly
enhances conventional GAMP in convergence stability,
iteration efficiency, and signal recovery precision.

D. Organization and Notation

1) Organization: The rest of this paper is organized as fol-
lows. In Section II, we present the system model, the proposed
hardware architecture of sparse-sampling sensing RIS, and
the formulation of channel estimation problem. Subsequently,
in Section III, GAMP algorithm and our proposed channel
estimation scheme are elaborated, followed by an extension to
multi-antenna transceivers. Then, we point out the limitations
of traditional GAMP algorithm, and further propose a learned
GAMP framework based on deep learning in Section IV.
The computational complexity of the proposed scheme is
also analyzed in this section. Finally, simulation results are
presented in Section V, followed by the conclusion of this
paper in Section VI.

2) Notation: (-)~1, (-)*, ()T, and (-)¥ denote the inverse,
conjugate, transpose, and conjugate transpose operations,
respectively; {L} represents the set of integers {0,1,--- , L —
1} )1 |l2 is the L£o-norm of its argument; CA (p, v) represents
the complex Gaussian distribution with mean p and variance
v; ((n))  Tepresents the integer n modulo N within range
{N}; ® (®) denotes the Kronecker (Hadamard) product.

II. SYSTEM MODEL FOR SENSING RIS

The system model of the sensing RIS assisted commu-
nications will be presented in this section. Subsection II-A
will firstly specify the channel model, while Subsection
II-B will elaborate the signal model for transmission and
channel estimation. Then, we will describe the hardware
architecture of the proposed sparse-sampling sensing RIS in
Subsection II-C. Finally, the corresponding channel estimation
problem will be formulated as a compressive phase retrieval
problem in Subsection II-D.

A. Channel Model

This work considers a RIS-aided wireless communication
system, in which one user equipment (UE) is served by a base
station (BS) with the assistance of RIS. To simplify the design
and analysis of the algorithms in this paper, it is assumed
that the direct BS-UE link is completely blocked and thus
severely attenuated, as shown in Fig. 1. To counteract the
above blockage, a RIS is deployed between the BS and the
UE to enable the establishment of a reflective link. Actually,
the existence of the BS-UE channel has no influence on
the problem formulation and the proposed channel estimation
framework. Moreover, even if the direct BS-UE link is not
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Fig. 1. A schematic diagram of RIS assisted communications.

blocked, it can still be estimated independently using tradi-
tional methods by simply turning off the RIS during a separate
pilot phase [34].

The RIS is equipped with a uniform planar array (UPA)
of N elements, and both the BS and the UE have a single-
antenna.” Let g € CN (f € CV) denote the channel
from the BS (UE) to the RIS, respectively. The multipath
Saleh-Valenzuela channel model, as described in [35], can be
employed to characterize g as’

Ls,—1
/N g
g= f Z agla(egla(bgl)a (1)

9 0,=0
where L, denotes the number of paths between the RIS and
the BS, while o and 07 (¢7 ) denotes the complex path gain
and the azimuth (elevation) angle at the RIS for the ¢;-th path,
respectively. Similarly, the UE-RIS channel f is given by

[N
£f— I > af a(0],¢].), )
52:0

where Ly denotes the number of paths between the RIS and
the UE, and a,ﬁ, 9{2 (qﬁé) denotes the complex path gain,
the azimuth (elevation) angle at the RIS for the /5-th path.
a(f, ») € CV represents the normalized array steering vector
for the RIS. Given a typical UPA with N = N; x N, elements,
a(f, ¢) can be represented as

1

a(e’ d)) — [e—j2‘n’dsin(0) cos(q&)nl/)\}(8 [e—j27rdsin(d>)n2//\] ,
VN

3)

where n; = [0,1,--- , Ny —1]T andnp = [0, 1,--- , No—1]7,

A denotes the carrier wavelength, and d is the antenna spacing
satisfying d = A/2.

Furthermore, since both the BS-RIS channel g and the UE-
RIS channel f are sparse in the angular domain, the spatial

2This configuration is adopted for simplicity of exposition. Our channel
estimation scheme can be easily extended to multi-antenna transceivers, which
will be described in Subsection III-D briefly.

3For analytical simplicity, the angular spread of each scatterer is assumed
to be infinitesimal. In practical scenarios with non-negligible angular spreads,
the proposed channel estimation approach remains effective.
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domain channels g and f can be represented in the angular
domain as

“4)
(&)

where g € CV and f € CV are sparse angular-domain repre-
sentations of the BS-RIS and UE-RIS channels, respectively.
Besides, the codebook U € CN*V s defined to be
U= [5(§17$1) e 75(§17¢§Nz)7 Tty
5(9N1a¢1)"' aé(eNlaquz)] ) (6)

where the spatial angles of azimuth and elevation are rep-

g =Ug,
f = Uf,

- Ny +1
resented as Q"ZF n—% ,n=1,2--- N; and
1
- 2 No+1
b= — (n—2210) 1 2. N, Similar to 3),
Ny 2

the codebook atoms a(f, ¢) can be presented by

a0, ) = \/—lﬁ [e—ﬂ"f‘)“l] ® [e‘j“d’“?} . %
With the assumption of infinitesimal angular spread, according
to the multipath channel model (1) and (2), the sparse vectors
g and f have no more than Ly and Ly non-zero elements,
respectively. However, when the angular spread of each scat-
terer is non-negligible, the sizes of the support sets of g and
f can be larger than L, and Lf [36].

Moreover, it should be noted that the mutual coupling
effect is ignored for analysis simplification, as commonly
done in most existing literature on RIS channel estimation.
Actually, for rectangular arrays with d = \/2 antenna spacing,
the antenna spacing along the diagonal directions is A/ V2,
which may render the mutual coupling effect non-negligible
[37], [38]. With the mutual coupling matrix C, € CN*N
considered, the equivalent channels can be represented as
g’ = C,g and f' = C,f, which still exhibit sparsity under the
equivalent codebook U’ = C,. U. In this context, the proposed
channel estimation framework remains applicable.

B. Signal Model

Given the channel model, the received signal of the UE can
be represented as

yuE = \/ Pest? ¥gs + v, (8)

where Ppg is the transmitting power of the BS; s denotes
the normalized BS transmitting symbol satisfying E[|s|?] = 1;
U = diag(y) = diag ([¢1,- - ,¥n]") is the RIS phase-shift
matrix with ¢, € C, |¢,| = 1 representing the phase-shift
of the n-th RIS element (n € {N}); v ~ CN(0,v) is the
received thermal noise introduced at the UE. If the channels g
and f are known, then we can easily obtain the RIS phase-shift
matrix ¥ as

Ukt = exp (—jarg(gnfy)), ¥n € {N}. ©)

However, due to the rapid changing of the wireless environ-
ment, these channel vectors require frequent re-estimation,
causing unaffordable pilot overhead in traditional RIS assisted
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Fig. 2. Comparison of different hardware architectures.

(a) regular architecture.

(b) irregular architecture.

Fig. 3. Proposed sparse-sampling sensing RIS architecture.

communications. Intuitively speaking, due to the single-
antenna BS and passively reflecting RIS elements, only one
complex number can be obtained during each uplink channel
estimation time slot. This severe lack of information* causes
the inefficiency of the traditional uplink channel estimation.

To address this problem, we replace the conventional passive
RIS in Fig. 1 with a sensing RIS [33]. Compared with
traditional RIS structure as a phase-shift circuit shown in
Fig. 2(a), sensing RIS elements additionally integrate power
detectors for capturing the power information of the IRF
signal, which is exhibited in Fig. 2(b). The detected IRF signal
p € RY, can be represented as

2
p= ‘\/ Pgsgs + / Puefs’ + W’ ;

where w ~ CN(0,v*Iy) represents the noise introduced in
the power detectors, Pyg denotes the transmitting power of
the UE, and s’ denotes the normalized UE transmitting symbol
satisfying E[|s'|?] = 1.

(10)

C. Sparse Sampling Sensing RIS Architecture

As discussed in Subsection I-A, one of the main challenges
for the sensing RIS-aided communications lies in the high
hardware and power consumption. To overcome this chal-
lenge and facilitate the practical operation of sensing RIS,
we propose a new architecture based on sparse-distributed

4It is worth noting that, deploying a multi-antenna BS with M antennas
cannot mitigate this shortage of data, since the dimension of the BS-RIS
channel scales linearly with M.
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power detectors. Compared with the existing sensing RIS
architecture, in which each RIS element integrates a dedicated
power detector to capture the power of IRF, in the proposed
sparse sensing RIS, only a limited subset of the RIS elements
is equipped with power detectors. Depending on whether
these RIS elements are uniformly distributed, we develop the
regular architecture and the irregular architecture, as illus-
trated in Fig. 3, respectively. In this manner, the quantity
of power detectors decreases greatly for low hardware and
power consumption, at the price of a limited number of power
observations.

Suppose that the sparse-sampling sensing RIS employs N
power detectors scattered among all the N reflecting elements.
The positions of these detectors are indexed by a selection
matrix H € {0, 1}M1*N2_ which is defined as

1
Hie = ’
-

Then, the detected IRF signal p in (10) can be rewritten as

2
p= ‘\/PBSgs + /Pygfs’ +W‘ ® vec(H).

Given our exclusive focus on the N, non-zero entries of the
IRF signal, the vector p is compressed into py € Rg‘g, where
the non-zero entries are gathered together.

power detector present at (k,£) (11

otherwise.

12)

D. Problem Formulation

The objective of this paper is to estimate the separate
channels of BS-RIS and UE-RIS from the power observations
p defined in (12). The separate channels in the angular domain
is denoted as x € C2V,

x= [V, VPuct]

To achieve this, we necessitate fully exploiting both the
sparse prior knowledge and the physical properties of the
interference process. As delineated in the preceding channel
model II-A, the sparsity assumption lies in the angular domain,
thereby requiring a codebook A to represent the non-sparse
observations Ax by the underlying sparse vector x. Moreover,
due to the phaseless characteristic of the interference process,
the actual observed signal is |Ax|, which is the magnitude of
the complex signal Ax.

Inspired by the four-step phase-shift methodology in holo-
graphic imaging [39], which can extract phase information
from (Q = 4 exposures implemented by imposing different

13)

phase-shifts to one optical path, the codebook A € C*Ne*2N
can be defined as
Ux  On,xn
_ ONS XN Uq-[
A= UH ]UH ) (14)
Ux Uy

where Oy, x v denotes the all-zero matrix of size Ny x N, and
Uy characterizes the row-wise selection mechanism deter-
mined by the non-zero entries of vec(H).
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Since the estimated sparse signal x needs to simultaneously
satisfy the IRF observation equation y = ,/p and the sparsity
prior, an optimization problem can be formulated as

. 1
min £(x) =5 |ly - A5 + Al - (15)

where A > 0 denotes the regularization factor balancing prior
knowledge on sparsity and error of solution, and the received
magnitude signal vector y € R‘ggs can be expressed as

T
T T T T
¥ = [ VPl 3 VP VPa g VPige| - (16)

If the noncoherent sparse recovery problem (15) can be solved
efficiently, then the separate channels f and g can be acquired
accordingly. Unfortunately, due to the absolute term |Ax|, the
problem is highly non-convex.

III. CHANNEL ESTIMATION VIA GAMP ALGORITHM

This section will introduce a GAMP algorithm based chan-
nel estimation scheme to solve the problem formulated in (15).
Specifically, in Subsection III-A, a brief introduction to the
GAMP algorithm will be presented. Then, we will utilize the
GAMP algorithm to recover full channels from sampled IRF
signals in Subsection III-B. After that, we will investigate
inherent ambiguity in the GAMP based channel estimation
scheme and discuss how to eliminate it in Subsection III-C.
Finally, in Subsection III-D, the proposed channel estimation
scheme’s extension to multi-antenna transceivers will be illus-
trated briefly.

A. Preliminaries of GAMP Algorithm

Various methods can be applied to resolve the noncoher-
ent sparse recovery problem formulated in Subsection II-D.
The aforementioned type of problem is typically categorized
as a sparse phase retrieval problem, characterized by the
reconstruction of the underlying sparse signal vector x exclu-
sively from phaseless observations y. Among these methods,
GAMP algorithm [40] has emerged as a prominent solution,
demonstrating remarkable efficiency and robustness in both
theoretical analysis and practical implementation scenarios.

GAMP is an iterative Bayesian inference algorithm designed
to well-resolve high-dimensional linear inverse problems. As
an extension of the standard AMP framework [41], GAMP
algorithm can incorporate arbitrary input and output distri-
butions, and is applicable to linear as well as nonlinear
observation models. Moreover, GAMP algorithm exhibits
superior computational efficiency, owing to each iteration
exclusively involving scalar operations rather than complicated
matrix manipulations.

Focusing on problem (15), if the posterior distribution
p(x]y) can be available, we can implement maximum a
posteriori (MAP), as well as minimum mean square error
(MMSE) estimation, which can be obtained as

(X)pap = argmax p(x|y), (17
(X)mmse = argmax E [”X - f‘”%b’]
= E[x]y]. (18)
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Algorithm 1 Sum-Product GAMP Algorithm
C4Ns x2N

Input: Sparse sensing matrix A € , observed ampli-
tude signal y € R>0 , precision tolerance €, maximum
number of iterations Tpax.

Output: Estimated sparse signal x € C2V.

1: B =abs(A)?
2t 1
3: repeat
4 vP(t)=pPBro(t)+ (1 - 8wt —1)
50 at) = mean(vP(t))
6  Dp(t) = Ax(t) — ab) vP(t) st —1)
TS0 = Bl B0 17(0) + (1= ()
s w0 = (1= Bt~ 1) — fa(t)ghs(y, B, »7(1)
o v(t) = (BTri(t))
"(t) © (AT(1))

10 () =x(t)+v
1. x(t) =
12: vr(t+
13: x(t+1) = gin
14: t—t+1

15: until £ > Ty or [|X(E+1) —%(1)]]° < e

However, the true posterior distribution p(x|y) is analyti-
cally intractable and computationally prohibitive. To address
this problem, the GAMP algorithm performs loopy belief
propagation (BP) on a factor graph. Specifically, assuming
that the components of the unknown vector x are statistically
independent, we can factorize the posterior distribution as

p(x]y) x p(y|x)p(x)

= [[pmlzm) [ p(n),

19)

where z £ Ax denotes a linear transform. Then the factors of

p(x]y) are represented as factor nodes and each x,, constitutes
variable nodes in the factor graph. Through message passing
between these nodes, the estimation of the variable x is
iteratively updated until all nodes converge towards a consen-
sus. Moreover, by employing the central limit theorem (CLT)
in conjunction with quadratic approximations, the message
passing between the variable nodes and the factor nodes can
be significantly simplified.

It is worth noting that the GAMP algorithm provides
computationally efficient approximations of both max-sum
and sum-product loopy BP. The former corresponds to MAP
estimation, while the latter is the implementation of MMSE
estimation. In this paper, we concentrate exclusively on the
sum-product form of the GAMP algorithm, for the MMSE
estimation of the sparse signal x.

B. Recover Full Channels From Sampled IRF

This subsection will present how to leverage the sum-
product GAMP algorithm to recover sparse signal x from
phaseless observations y, as summarized in Algorithm 1.
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The output nonlinear functions gout(-) and ¢, (-) in
lines 7 and 8 of Algorithm 1 are defined as

ot P, ) = PVl P
m
. Var (Zm|Yms Pm, vh,| — VE,
Gout (Ym: P, V) = ———— Cpig——= @D

Since y = |z + w|, the distribution of y,,, conditioned on
zm follows a Rician distribution

2Ym y2 —+ |Zm|2 2ymlzm|
plumlen) = 2 exp (P ) o (el ).

(22)
where Iy(-) is the zeroth-order modified Bessel function of the
first kind. Moreover, by utilizing the CLT, GAMP algorithm
approximates z,, following a Gaussian distribution with mean
Dm and variance v2, . Then the marginal posterior distribution
P(Zm|Ym; Pm, VE,) can be approximated as

P |2m)CN (2m; P, V5,

J 2 |2m)CN (zm; P,y vin ) dzm

(23)
Thus, the conditional mean and variance of z,,|y,, are readily
available, as derived in [42]

p(1m|ym§ﬁm7 Vﬁl) =

E [Zm|ym§]§m7 Vﬁq]
|ﬁm| Pm
Lt v /v ) ]’

Ym
=|——%R m 24
(Tt Rolen) + @49
Var [Zom|Ym; Pm, Vi,

|ﬁm|2 1+ QmRO(Qm)

(4w ub)? (b vw)2 T 1 uw 4+ 1/ub,
— |E [z |Yoms B VBN (25)
where
I (Qm) A 2Z/m |ﬁm |
Ro(om) = and o, = ———-. 26

As mentioned above, the GAMP algorithm approximates
Zm following the Gaussian distribution CN (2 P, V5, ). With
the iterations proceeding, the variance v2,, also representing
the uncertainty of the estimation of z,,, gradually decreases.
Therefore, under high SNR conditions, o, becomes large and
the complicated computation of Rg(oy,) in (24) and (25) can

be approximated by [43]

8,Qm -3

80 + 1

In contrast, under low SNR conditions, g,, is generally small
and Ry (o) can also be simplified as

RO(Qm) ~ Q?ma
Consequently, the computational complexity can be signifi-
cantly mitigated per iteration without compromising accuracy.

To derive the specific expressions of the input nonlinear
functions gin(-) and g{, (), we assume that x is known to
exhibit k-sparsity but lacks prior information on its support.
Then, the Bernoulli-Gaussian (BG) model is conventionally

adopted

Ro(om) ~ om > 10 27)

0<om<02 (28)

— (1 _ H)(S(l'n) + HCN(In; 070—.37)7

p(zn) (29)
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where x = k/N denotes the sparsity rate and o2 is the
variance. For this BG prior, as available in [42] and [44], the
input nonlinear functions can be represented as

Gin(Pn, vy) = E [20]P0; vy

_ gn
T T F e Gl 0
G (Prs vyy) = var [x,|7n; vy
TEn(1 ~ 12
= VD) g )P, D
1 =+ ’r]ne_Cn|7n| n
where
2
A Um
n=———>, 32
S (32)
1— r 2
K vy
2
(o & T (34)

(v +03)
It is worth illustrating that, to enhance the convergence of
the considered GAMP algorithm, a damping factor 5 € (0, 1]
is incorporated to regulate the iterative variables updates, lead-
ing to a trade-off between guaranteed convergence and reduced
convergence speed. Note that through numerous experiments,
[ is typically configured to be 0.25 and exhibits superior
performances for phase retrieval [42].

C. Eliminate Inherent Ambiguity

Considering phase retrieval problems in holographic imag-
ing, computational imaging, and signal processing, the
phaseless measurements are typically obtained via the Discrete
Fourier Transform (DFT). Due to the loss of phase information
and the properties of DFT, these problems are inherently
ill-posed and admit three unavoidable phase ambiguities. In
this Subsection, we will introduce three different categories
of phase ambiguities, their impacts on the problem, and the
corresponding solutions.

1) Global Phase Ambiguity: If the vector x constitutes a
solution, then x’ = xe/¥ also satisfies the solution require-
ments for any global phase-shift ¢ € R. Fortunately, according
to (9), the global phase ambiguity present in the estimated
channels é and f has no impact on RIS’s phase-shift configura-
tion, thus eliminating the need for explicit ambiguity removal.

2) Conjugate Reflection Ambiguity: Regarding the conju-
gate reflection of x (i.e., x}, = tn_p—_1,Vn € {N}), the DFT
of x’ is represented as

{DFT(x')}; = ’>™*/N{DFT(x)}}. (35)

Given merely magnitude information, we cannot distinguish
between the DFT of x and that of x’. However, in our phase
retrieval problem, the vector x defined in (13) composed of
two concatenated signals f and g. Noticing the measurement
matrix A given in (14), different phase-shifts are imposed
on the DFTs of the two signals, resulting in |Ax| # |AX/|.
Therefore, the phase retrieval problem in this paper does not
exhibit the conjugate reflection ambiguity.
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3) Circular Shift Ambiguity: The circular shift version of
x is defined as z;, = Z((n—ng))n,> V70 € Z,n € {N}. Then
the DFT of x’ can be given by

{DFT(x)}), = e 727k /N{DFT(x)}. (36)

It is straightforward to observe that the phaseless observation
|Ax]| is equal to |Ax’|. Thus, we need to precisely estimate the
circular shift ng in order to eliminate this inherent ambiguity.

It is worth noting that, in RIS assisted wireless commu-
nication system, the BS and the RIS are typically deployed
at fixed locations with an unobstructed line-of-sight (LoS)
channel between them. Hence, the maximum-value index of
the sparse angular-domain representations for the BS-RIS
channel g, remains unchanged and can be predetermined as a
priori. Comparing the maximum-value index with that of the
reconstructed signal g, we can easily acquire the circular shift
no and eliminate the ambiguity.

D. Extension to Multi-Antenna Transceivers

As described previously, this paper merely considers single-
antenna transceiver communication systems for expository
simplicity. Here we will briefly demonstrate that the afore-
mentioned channel estimation scheme remains applicable to
multi-antenna transceivers.

Assume that an M -antenna BS serves a single-antenna UE
with the assistance of an N-element sensing RIS. In order to
acquire CSI, the BS and the UE should transmit known pilot
symbols to the BS over 7T instants. In the ¢-th instant, the
detected IRF signal can be represented as

pt = |Guwys, + fwls, + wy|”, (37)

where w; € CM denotes the precoding vector at the BS, with
power constraint ||w;||3< Pgs, while |w'|*> < Pyg is the UE
precoding scalar introduced for the sake of formula symmetry.
Letting s; = s, = 1 and combining the received IRF signals
of Ty instants, under the channel sparsity assumption, the

concatenated signal P = [py, pa,- -+ ,pr,| is written as
~ - 2
P = [UyGUYQ + UNfQ + W | (38)
where Uy denotes the N x N DFT matrix, and
Q = [(—U1,OJ27' o awTs]: Q/ = [wllawéa e 7w’/1"5]9 W =
[w1,Wa,- -+, wr,] are concatenated matrices consistent with
P. Vectorize P and then (38) can be rewritten as
p = vec(P) = [(Q7U%,) ® Uy vee(G)
—_— —
Ay
+ Q7@ Uy f+vec(W)2 (39
A
2

Intuitively, the channel estimation problem can also be
formulated as a sparse signal phase retrieval problem, which
remains addressable via the aforementioned GAMP algorithm.
Compared with single-antenna transceiver system, the multi-
antenna extension principally involves modifications to the
measurement matrix A, and introduces pilot overhead pro-
portional to the number of transceiving antennas.
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IV. PROPOSED LEARNED GAMP NETWORK FOR
CHANNEL ESTIMATION

In this section, we will firstly identify the inherent limita-
tions of the traditional GAMP algorithm in Subsection IV-A.
Then, we will perform spectrum analysis for the IRF signal
and investigate its sparsity characteristic in the angular domain
in Subsection IV-B. Subsequently, based on the spectrum
analysis result, a deep learning enabled GAMP network will
be proposed in Subsection I'V-C. Finally, we will provide the
computational complexity comparison in Subsection IV-D.

A. Challenges of GAMP Algorithm

GAMP algorithm achieves remarkable efficiency and
robustness in addressing high-dimensional sparse signal phase
retrieval problems, making it particularly attractive for sig-
nal processing across various fields. However, its practical
applications face inherent limitations, particularly severe in
our considered channel estimation for sensing RIS assisted
system. Two principal drawbacks concerning convergence and
iteration speed will be systematically described as follows.

On the one hand, as well investigated in [45], [46], sparse
signal phase retrieval problems are inherently plagued by
spurious local minima. GAMP algorithm is susceptible to con-
vergence at suboptimal local solutions, leading to intolerable
reconstruction errors, especially when the sensing matrix is
ill-conditioned or the sparsity of the signal to be retrieved
is not guaranteed strictly. To avoid bad local minima, the
most typically adopted solution is implementing multiple
random initializations, restarting the algorithm repeatedly, and
selecting the reconstructed result with a minimum error as
the final output [42]. Although this method can enhance con-
vergence and reduce errors of the channel estimator through
increasing repeated experiments, the resultant time complexity
is fundamentally incompatible with low-latency requirements
and prohibitive for practical applications in future wireless
communication system.

The other critical drawback is the configuration of the
damping factor 3. Specifically, the theoretical determination
of an optimal damping factor is challenging in existing algo-
rithm architecture. An excessive 8 compromises convergence
stability, whereas an insufficient value substantially decelerates
convergence speed. Therefore, the damping factor is conven-
tionally configured at an empirical value 0.25, rather than
an optimized setting for the specific problem to be resolved.
Additionally, the uniform configuration of identical damping
factor across all variable updates in Algorithm 1 constitutes
a significant methodological limitation, which disregards the
heterogeneous convergence dynamics of different variables.

Consequently, these inherent limitations critically degrade
the performance of GAMP based channel estimation scheme,
particularly convergence stability and estimation errors. To
address the above drawbacks, we develop a learned GAMP
algorithm that capitalizes on the characteristics of IRF below.

B. IRF Spectrum Analysis

In order to retrieve the channel matrix from the IRF power
observations p, we need to exploit the structural properties
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of p. Due to the sparsity of multipath channel in the angular
domain as defined in (4) and (5), the IRF signals also exhibit
sparsity in the angular domain. More importantly, the indices
of non-zero elements of g and f have a relationship with those
of the sparse representation of p.

Here we firstly consider the full-sampling architecture, and
derive the relationship between the power signal p and the
original phased q £ \/Pgsgs + +/Puefs’ + v. We construct
Q € CNvxNz2 P ¢ RYM2 satisfying q = vec(Q), p =
vec(P). Since P = Q ©® Q*, it follows that

. 1 /o =
Prige = N (Q * Q*)
No—1 N;—1
1 A A *
= N nQZ:O nlzzo Qm’an((m—kl))Nl*((”Q_kQ))NQ
1

= v Ra.a)i

k1,k2

= (40)
where P denotes the 2D-DFT of P, x denotes circular convo-
lution operation, and R s B represents the correlation matrix
between A and B. Equation (40) demonstrates that the 2D-
DFT of the non-coherent IRF signal P is the autocorrelation
matrix of the spectrum of the coherent signal q. To simplify
analysis, we consider that both the BS-RIS channel and UE-
RIS channel are single-path channels firstly, and then extend
the analysis to multi-path scenario. By assuming an on-grid
incident angle, the received coherent signal q is given by

q =/ Pesa?fn, ¢, @fn, 0, +V/ PUEOéfle,eg @fn, 0, (41)

where f ¢ denotes the /-th column of the NV x N DFT matrix.
Thus, the spectrum of Q = unvec(q) is given by

Q = /Pesaleq ef, + PUEozfee;e?; £Q1+Q (42
where e, denotes the unit vector with the only non-zero
element in its {-th entry. According to (40), the autocorrelation
matrix of Q is then given by

Raq = Rq.a *Rqq. T Re.q T Rasa

= (PBs|Ozg‘2+PUE T

o’ *)eoeg
+ PBSPUEagaf*e(

(elfz;))Nle (62—13))

+ \/PBSPUEag*afe(w » )) e?(g/
1 %1 Ny -

Therefore, the spectrum of the IRF signal exhibits a triple-
peak pattern, with one peak ege] located at the zero-frequency
origin, and another two conjugate-symmetric peaks located
at the difference-frequency. The zero-frequency peak contains
information about the BS-RIS and UE-RIS path gains, while
the difference-frequency components correspond to the differ-
ence of incident angles of UE-RIS and BS-RIS beams. Thus,
the indices of these two difference-frequency peaks are related
to the indices of non-zero entries in g and f.

When extended to the multi-path scenario, the L, BS-RIS
paths and the L; UE-RIS paths interfere pairwise, and the
angular-domain IRF exhibits (L,+Ly)(Ly,+Ly—1)+1 peaks,
as shown in Fig. 4. Similarly, these peaks also contain the
information of g and f. It is worth noting that, the interference
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(a) Spatial domain.

(b) Angular domain.

Fig. 4. Normalized IRF pattern in the spatial (angular) domain. Notably, the
zero-frequency peak of the angular-domain IRF is intentionally ignored.

among different paths causes the accumulation of the zero-
frequency component from all path pairs. Consequently, the
zero-frequency component is determined jointly by multiple
path gains, which complicates the extraction of individual
path gain information compared with the difference-frequency
components. Moreover, the accumulated zero-frequency peak
is typically much larger than the difference-frequency peaks,
potentially obscuring the informative peaks that contain angu-
lar information. Therefore, the zero-frequency component
is intentionally ignored in the proposed channel estimation
framework.

Then, we consider extending the above spectrum analysis
to the sparse-sampling sensing RIS architecture. As known
to us, sampling a sequence in the observation domain is
equivalent to periodically repeating the spectrum in the trans-
form domain. Consequently, the regular sampling architecture
induces uncertainty of the angular coordinates, resulting in
multiple globally optimal solutions that severely impede
algorithmic convergence. Regarding the irregular sampling
architecture, it preserves globally optimal solution uniqueness
and we can still extract peaks from the spectrum, while at
the cost of deteriorated spectral signal-to-noise ratio (SNR).
Therefore, subsequent simulation experiments will exclusively
concentrate on the irregular sampling architecture.

C. Deep Learning Based Model Design

In the previous Subsection IV-A, it is presented that the
traditional GAMP algorithm exhibits two inherent limitations:
its convergence highly depends on the selection of initial
values, and the damping factor is uniformly fixed and remains
constant throughout iterations.

As discussed in Subsection IV-B, the IRF spectrum pattern
is highly connected to the sparse channel vector x. Thus, we
aim to strategically leverage the insight to well-resolve the
former drawback. Specifically, the IRF signal demonstrates
sparsity in the angular domain, with its non-zero indices
strongly coupled to the support set of x, which can be
represented by

M : supp(P) — supp(x), (44)
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Batch Norm.

Np %

Batch Norm.

.

Fig. 5. Specific network structure of the designed initializer.

where supp(-) denotes the support set of a sparse vector
or matrix. Therefore, it is feasible to exploit the properties
of x and IRF in the angular domain, to provide effective
initialization and enhance convergence for the GAMP algo-
rithm. However, the aforementioned mapping M lacks exact
mathematical characterization in multipath scenarios, partic-
ularly when the number of paths is too large. To overcome
this challenge, deep learning techniques can be leveraged to
extract features and fit the intricate nonlinear mapping through
data-driven approach. Hence, we utilize neural network to
acquire an effective initialization for enhanced algorithmic
convergence, with its specific structure depicted in Fig. 5.

The network of the designed initializer takes as input the
IRF signal y, which is constructed by concatenating @@ = 4
pilot observations and undergoes an initial pre-processing
step labeled as “Split & Stack”. This operation reorganizes
the input into a format suitable for further transformation.
Subsequently, to capture angular domain characteristics and
fit the mapping M, we apply 2D-DFT to transform the
spatial observations into the angular domain. To facilitate
compatibility with conventional real-valued neural network
architectures, the complex-valued output of the 2D-DFT is
decomposed into separate real and imaginary components,
which are regarded as different channels. Further, the resulting
real-valued signal is passed through Np cascaded residual
blocks to extract multi-scale features. Each residual block
adopts the ResNet architecture [47] and comprises two con-
volutional layers, followed by batch normalization and ReLU
activation function, without incurring significant performance
loss while reducing the number of parameters. After the
sequence of residual blocks, the multi-scale feature maps are
processed via a multilayer perceptron (MLP), which serves as
a global feature integrator. The MLP output is subsequently
converted back to the complex domain, and the complex-
valued representation X(0) is regarded as an efficient initial
value of the GAMP algorithm.

In order to address the latter limitation, the classical GAMP
algorithm is deep unfolded into a neural network architecture,
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Fig. 6. Overall structure of the proposed learned GAMP network.

enabling a data-driven approach to parameter optimization.
The damping factors, traditionally regarded as empirically
chosen hyperparameters, are redefined as trainable parame-
ters within this framework. This configuration enables the
model to learn optimal damping factors directly from data
during the training process, thereby enhancing adaptability and
convergence performance. In particular, the damping factors
are not uniform across layers, such that each layer maintains
its own distinct set of damping factors. Additionally, within
each unrolled layer, distinct damping factors are assigned
to different variable updates, establishing an update-specific
modulation mechanism. This layer-wise and update-specific
design allows for a more flexible and fine-grained control of
the inference dynamics, leading to improved reconstruction
accuracy and stability compared to the conventional GAMP
algorithm.

To construct a fully learnable GAMP architecture, the
initializer is integrated into the deep unfolded GAMP neural
network, resulting in a unified framework wherein both com-
ponents are jointly optimized, which is shown as Fig. 6. The
loss function is defined in (15), enabling end-to-end training
of all parameters through gradient-based optimization. This
cohesive design allows the model to adaptively learn both the
initial estimates and the iterative refinement process in a data-
driven manner. Consequently, the proposed learnable GAMP
algorithm achieves notable improvements in both convergence
and reconstruction accuracy compared to the conventional
GAMP algorithm that relies on random initializations and
empirical parameter settings.

D. Computational Complexity

Since the training process is conducted offline and does
not affect the online estimation complexity, the focus of
complexity analysis is primarily on the online estimation. Con-
sidering that the trainable damping factors do not contribute
to the algorithmic complexity, the computational complexity
of the deep unfolding part of the proposed learned GAMP
algorithm remains equivalent to that of the traditional GAMP
algorithm, i.e., O(T'NsN), where T denotes the number of
iterations or layers. The computational complexity of the
additional initialization network is mainly attributed to the
fully connected layer in the MLP module used for features
integration, with a complexity of O(N?), and to the 2D-DFT
operation, the complexity of which is reduced to O(N log N)
through the Fast Fourier Transform (FFT). Moreover, the
computational complexity of the Np cascaded ResNet blocks
is dominated by the convolutional layers, and can be given by
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TABLE I
SIMULATION PARAMETERS

Parameter Value
RIS elements N = N7 x Ny 512 =32 x 16
BS transmitted power Pgs 1w
UE transmitted power Pyg 300 mW
number of BS-RIS paths L, 4
number of UE-RIS paths L, 4
carrier frequency f, 3.5 GHz
subcarrier bandwidth BW 180 kHz
power sensor noise factor ), 21 ~ 41 dB
thermal noise level ng —174 dBm/Hz
power sensor noise " 100MHz x ngF},
receiver thermal noise v BWxng

O(NCinCout K2N), where Cj, (Cyyt) denotes the number
of the input (output) channels and K represents the size of
the convolution kernel. Therefore, the overall computational
complexity of the learned GAMP algorithm can be expressed
as O(TNyN)+O(N?)+O(N log N)+O(NgCinCout K2N).

V. SIMULATION RESULTS AND DISCUSSION

In this section, we will present simulation results to eval-
uate the proposed channel estimators. Subsection V-A will
introduce the detailed simulation setups. In Subsection V-B
and Subsection V-C, CSI acquisition accuracy and achievable
spectral efficiency will be shown to prove the feasibility and
effectiveness of GAMP and learned GAMP based channel
estimation schemes. The enhancement of the proposed learned
GAMP in convergence will be exhibited in Subsection V-D.

A. Simulation Setup

In our simulation experiments, the system model described
in Section II is considered, with its primary parameter config-
urations shown in Table I. For the Saleh-Valenzuela channel
model in (1) and (2), the numbers of BS-RIS paths and UE-
RIS paths are configured to L, = Ly = 4. The corresponding
spatial angles of azimuth and elevation are assumed to be
on-grid and randomly sampled from the grids. The complex
channel gains af ~ CN (0,A?/(47Rgs)?) V{1 € {Ly} and
aé; ~ CN (0, )\2/(47TRUE)2) ,Vfg S {Lf}, where RBS(RUE)
represents the distance between the BS (UE) and the RIS,
respectively. In this work, we configure Rgs = 50 m and
Ryg = 100 m. To quantify the signal quality at the RIS
and compare performances of different channel estimation
schemes, we define the interferential SNR as

N PBS)\Q PUE>\2 i
77\ (@nRes)? T (4nRup)? ) v

Additionally, we adopt the irregular sampling architecture,
in which 50 percent of the RIS elements are equipped with
power detectors to balance channel estimation precision and
hardware overhead. Consequently, the energy consumption
(mainly attributed to the power detectors in this work and
proportional to their number) can be significantly reduced.

(45)
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To train and evaluate the learned GAMP network, we
construct a dataset comprising 10,000 training samples and
800 validation samples under the above experimental con-
figuration, respectively. The entire network is trained in an
unsupervised manner to minimize the loss function defined in
(15). To improve training stability and avoid gradient vanishing
in deeper layers, a layer-wise training strategy is employed,
where the initializer is trained first, followed by adding one
unfolded GAMP layer at a time and joint training. The network
parameters are optimized utilizing the Adam optimizer, and the
mini-batch size of per optimization is 256. The learning rate
for the initializer optimization is configured as 10~—*, while
1073 for the trainable damping factor updates. The number
of training epochs is 1000 and we adopt early stopping with
validation-based scheduling. Moreover, the implementation of
the proposed learned GAMP network is based on the PyTorch
library, and all simulations are performed on Geforce RTX
4090 24 GB GPUs.

For performance comparison, three baseline channel esti-
mation schemes are considered:

1) SPARTA (SPARse Truncated Amplitude Flow): An effec-
tive truncated amplitude flow algorithm designed for sparse
phase retrieval [48]. Compared with classical phase retrieval
methods, SPARTA incorporates sparsity-aware initialization
and truncated gradient iterations to improve recovery perfor-
mance. Therefore, it serves as a strong baseline and we adapt
it directly to the problem formulated in this work.

2) Phase-Oracle DnCNN (Denoising Convolutional Neural
Network): A deep learning-based approach for sparse channel
recovery [49]. The phase information of the IRF signals is
assumed to be perfectly known. In this baseline, a DnCNN
network is employed to denoise the angular-domain represen-
tations and identify the support set of the sparse channels.
Subsequently, the least squares (LS) estimator is utilized to
estimate the spatial-domain channels.

3) SuppPh-Oracle LS (Support Set and Phase Oracle): The
support set of the sparse channels and the phase information of
the IRF signals are assumed to be perfectly known. Then the
LS estimation is performed to acquire the channel estimate.

B. Accuracy of Acquired CSI

This subsection will evaluate the CSI acquisition accuracy
of several channel estimation schemes. The normalized mean
square error (NMSE) is utilized to quantify the channel
estimation precision, which is represented as

||B—h||%]

NMSE(h) = E (46)

b3
where h denotes the ground-truth channel (the BS-RIS channel
g or the UE-RIS channel f), and h is the estimated channel,
respectively. Fig. 7 and Fig. 8 exhibit the NMSE performance
curves against the interferential SNR 4. In the simulation of
the proposed GAMP-based method, the number of random
initializations N, is set to 1 and 4.

From the simulation results in Fig. 7 and Fig. 8, it is well
verified that the proposed GAMP-based framework enables
accurate separate channel estimation with merely 4 pilot sym-
bols, regardless of the quantity of RIS elements, thus achieving

IEEE TRANSACTIONS ON WIRELESS COMMUNICATIONS, VOL. 25, 2026

T

—A— GAMP(N, = 1) —5— SPARTA

—t¢— GAMP(N, = 4) =@ --Phase-Oracle DnCN.
—8— Learned GAMP =@=-SuppPh-Oracle LS

NMSE (dB)

45 1 1 1 1
6 8 10 12 14 16 18 20 22

Interferential SNR 7 (dB)

Fig. 7. NMSE of the BS-RIS channel estimators.

T T T T
—&— GAMP(N; = 1) =57 SPARTA
—#— GAMP(N,; = 4) =@--Phase-Oracle DnCN
—f8— Learned GAMP =@--SuppPh-Oracle LS

-5@

NMSE (dB)

=20

25

30 I I I I
6 8 10 12 14 16 18 20 22

Interferential SNR 7 (dB)

Fig. 8. NMSE of the UE-RIS channel estimators.

dimension-independent separate channel estimation. As mul-
tiple initializations mitigate convergence to local minima, the
GAMP-based channel estimation error exhibits a decreasing
trend with increasing numbers of random initializations. It can
also be observed that the GAMP-based method with N; = 4
random initializations outperforms SPARTA across the entire
interferential SNR range. Furthermore, the proposed learned
GAMP algorithm achieves better performance than both
GAMP and SPARTA over almost all interferential SNR levels.
Compared with the “Phase-Oracle DnCNN” baseline, which
assumes perfectly known phase information of the IRF signals,
the learned GAMP algorithm exhibits only slight performance
degradation, and approaches the “SuppPh-Oracle LS” baseline
at high interferential SNR regions. Benefiting from a deep
learning-based initialization network and learnable damping
factors, the learned GAMP network effectively overcomes
divergency and local minima, demonstrating the advantage of
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Fig. 9. Performance curve of spectral efficiency.

data-driven optimization. It is worth noting that, the NMSE of
the GAMP algorithm does not decrease monotonically with
increasing SNR, primarily because the algorithm exhibits an
oscillatory convergence behavior against interferential SNR.
This can be due to that, in moderate-to-high interferential
SNR regions, the presence of non i.i.d Gaussian measurement
matrix exacerbates the failure of “Onsager correction” term in
GAMP algorithm, leading to frequent divergence [50], [51].

C. Achievable Spectral Efficiency

With the estimated CSI, the RIS phase-shift configuration ¥
can be calculated according to (9). Subsequently, achievable
spectral efficiency is evaluated to quantify the influence of
channel estimation accuracy on communication system per-
formances, which can be represented as

PBs|fH‘I’g2>
vy '

R =log, <1 + (47)

As illustrated in Fig. 9, the spectral efficiency curves exhibit
trends similar to the NMSE performances. At low-to-moderate
interferential SNR regions, the channel estimation quality
significantly impacts the achievable spectral efficiency. The
proposed GAMP-based channel estimation method achieves
an outstanding performance with a large number of random
initializations, while at the cost of computational complex-
ity and latency. Furthermore, the proposed learned GAMP
scheme demonstrates excellent performance across a broad
range of the interferential SNR, and is even close to the
“SuppPh-Oracle LS” and “Known CSI” schemes at high SNR
regions.

D. Convergence Comparison

The convergence of the learned GAMP algorithm is com-
pared with the conventional GAMP using the cumulative
distribution function (CDF) of NMSE, as shown in Fig. 10.
The CDF curves are drawn through 400 independent trials
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Fig. 10. CDF of NMSE. The interferential SNR 4 = 20 dB.
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Fig. 11. NMSE performance of different BS-RIS channel estimation schemes
under the 3GPP CDL-D channel model.

under constant interferential SNR 4 = 20 dB. The learned
GAMP network converges to a NMSE(g) below —30 dB
in nearly 90 percent and a NMSE(f) below —20 dB in
85 percent of the trials, while the traditional GAMP achieves
the same NMSE in only 30 percent of the trials. These results
demonstrate the reliable convergence advantage of the learned
GAMP algorithm. This improvement can be attributed to:
1) The learnable initializer provides an intial value close to
the global optimum based on the intrinsic connection between
sparse representations of the channels and the IRF in the angu-
lar domain; 2) layer-wise trainable damping factors adaptively
regulate message passing and adjust variable update dynamics
to avoid poor local minima. Therefore, the learned GAMP
framework mitigates convergence to poor local minima and
even divergency, making it a practical and scalable solution to
real-time and high-accuracy channel estimation.
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Fig. 12. NMSE performance of different UE-RIS channel estimation schemes
under the 3GPP CDL-E channel model.

E. Other Simulation Results

In this subsection, we provide the channel estimation
performance comparison of different schemes in practical
communication systems. We conduct multi-subcarrier trans-
mission and generate the 3rd Generation Partnership Project
(3GPP) standard clustered delay line (CDL) channels via
the MATLAB 5G Toolbox. The BS-RIS channel is gen-
erated using the 3GPP CDL-D channel model, while the
UE-RIS channel is specified by the 3GPP CDL-E channel
model. As illustrated in Fig. 11 and Fig. 12, the proposed
GAMP-based method with N; = 4 random initializations
consistently outperforms SPARTA over the entire interferential
SNR range. Moreover, the proposed learned GAMP algorithm
still achieves the best performance among all non-oracle
methods, and even approaches the “Phase-Oracle DnCNN”
and “SuppPh-Oracle LS” schemes at high interferential SNR
regions.

VI. CONCLUSION

In this study, the channel estimation problem in RIS assisted
systems has been formulated as a compressive phase retrieval
problem, and a novel channel estimation framework based
on GAMP algorithm has been proposed. Unlike conven-
tional schemes that estimate the high-dimensional cascaded
channel with pilot overhead proportional to the number of
RIS elements, the proposed method achieves dimension-
independent estimation of separate BS-RIS and UE-RIS
channels utilizing only four pilots. Furtherly, by exploiting
the intrinsic connection between the sparse representations of
the channels and the IRF in the angular domain, we have
designed a learned GAMP network, which incorporates a neu-
ral initializer and layer-specific trainable damping factors, to
enhance the conventional algorithm’s convergence and estima-
tion accuracy. Simulation results show that the GAMP-based
channel estimation scheme achieves separate dimension-
independent channel estimation. The learned GAMP algorithm

IEEE TRANSACTIONS ON WIRELESS COMMUNICATIONS, VOL. 25, 2026

significantly enhances conventional GAMP in conver-
gence stability, iteration efficiency, and signal recovery
precision.

Future work will focus on concretely investigating the
impact of hardware impairments, including mutual coupling
effect in rectangular arrays, power amplifier non-linearity and
synchronization errors. Furthermore, it is promising to conduct
prototype validation of the proposed framework based on our
laboratory’s hardware platform described in [52].
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