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Enhancing Channel Estimation in RIS-aided
Systems via Observation Matrix Design

Zijian Zhang and Mingyao Cui

Abstract—Reconfigurable intelligent surfaces (RISs) have
emerged as a promising technology for enhancing wireless
communications through dense antenna arrays. Accurate channel
estimation is critical to unlocking their full performance poten-
tial. To enhance RIS channel estimators, this paper proposes a
novel observation matrix design scheme. Bayesian optimization
framework is adopted to generate observation matrices that max-
imize the mutual information between received pilot signals and
RIS channels. To solve the formulated problem efficiently, we de-
velop an alternating Riemannian manifold optimization (ARMO)
algorithm to alternately update the receiver combiners and RIS
phase-shift matrices. An adaptive kernel training strategy is
further introduced to iteratively refine the channel covariance
matrix without requiring additional pilot resources. Simulation
results demonstrate that the proposed ARMO-enhanced estima-
tor achieves substantial gains in estimation accuracy over state-
of-the-art methods.

Index Terms—Observation matrix design, channel estimation,
dense array systems (DAS), densifying MIMO, reconfigurable
intelligent surface (RIS).

I. INTRODUCTION

Dense array systems (DASs) integrate massive sub-
wavelength antennas within a compact aperture to enhance
communication performance. Prominent examples include
holographic multi-input multi-output (MIMO) [1], continuous-
aperture MIMO [2], super-directive antenna arrays [3], and
fluid antenna systems [4]. Recent studies have investigated
the impact of practical factors such as phase noise, ampli-
tude errors, and electromagnetic coupling in DASs [S]-[7].
As a representative DAS, reconfigurable intelligent surfaces
(RISs) comprise a large number of passive reflecting elements,
enabling dynamic manipulation of the wireless environment
within a limited aperture. Accurate channel estimation is
crucial to support this manipulation [8]. Since RISs typically
operate as passive reflectors, channel estimation must re-
cover the high-dimensional transmitter-RIS-receiver cascaded
channels. This high dimensionality leads to prohibitive pilot
overhead for channel estimation [8].

To reduce this overhead, numerous channel estimation
methods have been proposed that exploit inherent channel
structures, such as angular-domain sparsity [9], quasi-static
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channel conditions [10], or common scatterers in multi-user
channels [11]. Recently, the learning-based estimator has also
been investigated, where an exploration—exploitation strategy
is adopted to handle unknown environments [12]. Particularly,
to diversify the pilot symbols during channel estimation,
existing schemes often employ random phase-shift codebooks
[10], [11] or discrete Fourier transform (DFT) codebooks
[13] at the receivers and/or RISs to build pilot observation
matrices. While feasible, these matrices cannot fully exploit
the underlying channel properties of RIS channels, resulting in
a suboptimal performance compared to the optimal estimators.

Specifically, as a typical dense array structure, RIS exhibits
highly correlated channels due to the closely spaced elements,
where the inter-element spacing is often comparable to or
smaller than the wavelength. This results in strong spatial
correlation among channel coefficients, which has been widely
observed in DASs [14], [15]. Exploiting these correlations
presents a promising pathway to reduce pilot overhead without
compromising estimation accuracy, thereby enhancing existing
RIS channel estimators. Such an estimation-enhancing prin-
ciple has been adopted in other DASs, including densifying
MIMO [16] and FASs [17]. For instance, the “ice-filling”
technique proposed in [16] demonstrates that aligning the
observation matrix with the dominant eigendirections of corre-
lated channels can effectively improve estimation accuracy. In
[17], by optimizing the antenna locations for pilot reception,
a Bayesian channel estimator is proposed for FASs. However,
such methods are designed for point-to-point transceiver links,
which are usually not applicable to RIS-aided systems.

To bridge this gap, this paper proposes a novel observation
matrix design scheme to enhance channel estimation in RIS-
aided systems. The main contributions of this paper are
summarized as follows:

o We first formulate a Bayesian observation matrix design
framework. It involves the joint design of the RIS phase-
shift matrices and the receiver combiners to greedily
maximize the mutual information (MI) between the RIS
channels and the received pilots.

e To solve the formulated problem efficiently, we de-
velop an alternating Riemannian manifold optimization
(ARMO) scheme that alternatively optimizes observation
components, which utilizes the information of channel
covariance matrix, i.e., kernel.

« Finally, to facilitate kernel acquisition, an adaptive ker-
nel training scheme is proposed to refine the channel
estimates and update the kernel iteratively. Simulation
results demonstrate that our proposed design can achieve
significant gains in estimation accuracy over state-of-the-
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art methods.

The remainder of this paper is organized as follows. In
Section II, the system model is introduced, and the observation
matrix design problem is formulated. In Section III, the
proposed ARMO scheme and the kernel training scheme are
provided. In Section IV, simulation results are carried out
to verify the effectiveness of the proposed schemes. Finally,
conclusions are drawn in Section V.

Notation: [T, [], [-]*, []!, and []~! represent the trans-
pose, conjugate-transpose, complex conjugate, pseudo-inverse,
and inverse, respectively. The operator || - || stands for the l3-
norm. For a matrix Z, Z(:, 7) indicates its j-th column. Tr(-)
specifies the trace, and diag(-) constructs a diagonal matrix.
The expectation operator is given by E(-), and #(-) extracts the
real part. A complex Gaussian distribution with mean @ and
covariance matrix X is written as CA/(u, X). Ij, designates
the L x L identity matrix, 17 an all-ones vector or matrix of
dimension L, and O, a zero vector of dimension L.

II. SYSTEM MODEL AND PROBLEM FORMULATION

In this section, the system model is first introduced in
Subsection II-A, Then, the problem of observation matrix
design is formulated in Subsection II-B.

A. System Model

This paper considers the uplink channel estimation of an
RIS-aided DAS, which is composed of an M -antenna base
station (BS) with one radio frequency (RF) chain, an N-
element RIS, and a single-antenna user [16]. The antenna
spacing of BS and the element spacing of RIS are both on
the order of sub-wavelength. The user-RIS channel and the
RIS-BS channel are defined as g € CV and FH ¢ CM*V,
respectively. Let () denote the number of pilots transmitted by
the user in a coherence-time frame. The ¢-th received pilot at
the BS can be modeled as

Yqg = waHGQgsq + ng, (D

where vector w, € CM is the combiner at the BS; di-
agonal matrix ©, := diag(e/% ... eIV) € CN*N js
the phase shift matrix at the RIS; s, is the pilot symbol;
and n, ~ CN (0,0?) is the additive white Gaussian noise
(AWGN). Owing to the fully analog architecture, the combiner
and phase shift matrix should satisfy the constant-modulus
constraints: [w,(m)| = 1/v/M for all m € {1,---, M} and
|®,(n,n)| =1 forall n € {1,---, N}, respectively.

Without loss of generality, we assume that s, = 1 for all
g € {1,---,Q}. It can be easily proved that, by using some
matrix techniques, the original model (1) can be rewritten as

yq:(wf®0§)h+nq:x§[h+nq, 2)

where 6, = [e/%,... e%V]T is defined as the phase shift

Vector; Xq 1= Wq ® 0; € CMN g the observation vector at

timeslot ¢; and h is the vectorized equivalent user-RIS-BS
channel, defined as

. . H

h = [nglag(F 1), ,nglag(F (,M))] , 3

which is exactly the cascaded channel to be estimated for
subsequent beamforming design. Since () timeslots are utilized
for channel estimation, the overall received pilots can be
expressed as

y = XH#h +n, 4)

where y == [y{,---, 94", n:= [nf,--- ,nf]", and X =
[x1,- - ,XQ}. This work aims to jointly design combiners
{Wq}qul and precoders {(‘)q}qQ:1 so as to better recover
channel h from the received pilots y.

B. Problem Formulation

Since the antenna spacing of the BS and the element spacing
of the RIS are small, the cascaded user-RIS-BS channel is
strongly correlated due to the high spatial correlations and
the electromagnetic mutual coupling among antennas and
elements. Let X := E(gg?) € CV*¥ denote the covariance
of channel g and g := E(vec(F)vec(F)") € CMNxMN
denote the covariance of channel F, respectively. Assuming
the mean of h is zero, the covariance of the equivalent channel
h can be derived from (3) as Xy, = E (hhH) =335 0O
(1ar,m @ Xg), which is known as the kernel of channel. The
high spatial correlation and the mutual coupling indicate that
the kernel Xy, is structured and underdetermined, which can
provide prior knowledge for achieving high-accuracy channel
estimation [18], [19]. To realize this potential, we adopt the
idea of Gaussian process regression (GPR) to design the
observation matrix X. Specifically, the channel is modeled
as being sampled from the Gaussian process CN (0pn, Xp).
The joint probability distribution of h and y then satisfies

h ~CN Oy N >h XX
y 0q ’ XHEh XHEhX + 021Q ’
)

Thereby, the posterior mean and the posterior covariance of h
are expressed as

h:= Hnly = 2hX(XHEhX + UQIQ)_IY’ (©)
-1
Ehly =3 — EhX(XHEhX + O'QIQ) XHZh» (7N

which yield the optimal channel estimator h:= Wnjy and the
corresponding estimation error Xy,),,.

Notably, the posterior covariance Xy, depends strongly on
the observation matrix X. Hence, carefully designed combin-
ers and precoders {wq}qQ:1 and {Oq}?zl, ie., {xq}qQ:l, can
significantly reduce the channel estimation error. Motivated by
this, GPR aims to generate observation matrices that extract as
much information about h as possible from the received signal
y. Following this principle, our objective is to find {wq}é@:1
and {Oq}qul that maximize the MI between y and h, which
is formulated as

max

1
I(y;h) =log, det I + 5 X"2X
{Wq}qula{eq}qul g

s.t. |wg| =

1
\/M M qu{ 5 aQ}a
|0(1‘:1Na qu{lan}v (8)
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which resembles a classical water-filling problem in MIMO
precoding. Note that, solving this problem faces two chal-
lenges. First, the coupled combiners {wq}qQ:1 and phase-
shift vectors {Bq}?zl in observation matrix leads to a non-
convex objective function I(y;h). Second, the constant-
modulus constraints make it difficult to adopt conventional
numerical algorithms. Besides, at the early stage of algorithmic
implementations in practice, the knowledge of kernel Xy,
should be determined.

III. PROPOSED OBSERVATION MATRIX DESIGN

To solve the above problem, in this section, we first focus
on the joint design of {wq}qQ:1 and {aq}§:1 for a given
kernel X, in Subsection III-A. Then, the acquisition of 3y, is
addressed in Subsection III-B.

A. Observation Matrix Design Using Greedy Method

Due to the above challenges, obtaining the globally optimal
solution to problem (8) is intractable. To address this issue,
we propose a greedy method that designs X in a column-
by-column manner, i.e., generating {wq}qQ:1 and {Bq}ff:l
sequentially on a pilot-by-pilot basis. Specifically, we define
X = [X1,X2,- -+ ,X¢] as the overall observation matrix for
timeslots from 1 to ¢. Let y; = Xf h + n; denote the corre-
sponding received signal, wherein y; = [y1,v2,- -+, ¢’ and
n, := [ny,---,n)". Given the current combiners {wotizs
and phase-shift vectors {Hq}zzl in the first ¢ timeslots, our
greedy strategy aims to find the combiner wy;; and the
phase-shift matrix 6;,1 in the next timeslot, such that the MI
increment Al;q := I(y¢11;h) — I(y:; h) from timeslot ¢ to
t 4+ 1 is maximized. In specific, the MI increment Al;; can
be calculated from:

1
I(yt41;h) = logy det |Ii41 + ;Xﬁlzhxtﬂ

I, + LXI3 X, XA x00
= log, det o7t ort *
82 %XfHEhXt 1+ %foEhxwl
~ log, det L+ 5XI5n Xy HXPSnxi
2 0 1+ %Xg&EtXH_l
1
= I(y+;h) + log, (1 + ngglztxﬂrl) . )

Thus, the (¢ + 1)-th subproblem can be formulated as

H
max AIt+1 = 10g2 (1 + Xt+12txt+1)
Wit1,0t41

1
st Wi = WlM’ 0111l =1y,  (10)
where x;11 1= W1 ® 07, € CMY is the observation vector
at timeslot ¢. In particular, 3; is the posterior kernel of channel
h, which can be updated by

%) = Zh — SuX (XIERX, 4+ 0°L) T XS,

H
@ 5 B XeXy e
- t—1 XHE 29
; 2—1Xy + O

(1)

where (a) holds according to [16, Appendix A]. However, due
to the coupled combiner w;; and the phase-shift vector 0,

Algorithm 1 ARMO scheme for observation matrix design

Input: Number of pilots @), kernel Xy,.
1: Initialize X = Xy
2. fort=0,---,Q—1do
3:  Randomly generate w;y; and 64
4:  while No convergence of MI increment Al;;; do
5 Update iteration parameters: K <+ M, U «+
(I ® 07,1)Z (I ®0711), p + 1/VM, a +
KA nax(U) /4, B+ 1/(Amax(U) + 2a)
6: while No convergence of f(w;y1) do
7: Update Euclidean gradient V f(wy41) via (17)
8: Update Riemannian gradient dg (wy41) via (18)
9: Wit < exp (j£ (Wig1 + Bds (Wep))) /VM
10: end while
11: Update iteration parameters: K < N, U <«
Zm:l Zm’:l wt-‘rl,mw:—i-l,m’zam,m” p 1’ o<
KA\nax(U) /4, B+ 1/(Anax(U) + 2a)

12: while No convergence of f(6;11) do

13: Update Euclidean gradient V f(0;1) via (17)
14: Update Riemannian gradient dg (6;1) via (18)
15: 0t+1 — exp (]Z (0t+1 + ﬂds (0t+1)))

16: end while

172 end while

18:  Calculate observation vector: X;11 = W1 ® 07,

= HD>
19:  Calculate kernel: X, = X, — g b1 =t

20: end for
Output: Designed combiners {w,}
{Oq}le, and observation matrix X.

xﬁHthH_H»a?

Q

q—1- Phase-shift vectors

as well as the constant-modulus constraint, finding the optimal
solution to problem (10) is challenging. As a suboptimal
strategy, an ARMO scheme is proposed to jointly design
w1 and 641, which is summarized in Algorithm 1. The
algorithmic details are explained as follows.

To achieve alternating optimization, we first reformulate the
original problem (10) as the following two subproblems:

1) Fix 01 and Optimize w1: While fixing the phase-
shift vector 0,1, and removing the unrelated parts, the original
subproblem (10) can be reformulated as

max wiy (I ®671) 2 (I ® 607 ,1) Wi
ot L (12)

(Wip| = ﬁle
where the reformulation is achieved by utilizing equality
W1 ® 07y = (Tnr @ 07y1) Wi

2) Fix wiy1 and Optimize 0.y1: Define the X, ,, v €
CN*N as the (m,m’)-th block of X;. Then, the posterior
kernel can be rewritten as

i XM

XM X MM

By fixing wyy; and removing the irrelevant components,
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subproblem (10) can be rewritten as

M M
H * *
nax 01, E E Wit 1, m Wiy 1 ,me Dt m,me | O
t+1

m=1m’'=1

s.t. |0t+1| = 1]\[7 (14)

where w1, is the m-th entry of w; ;.

Observing (12) and (14), one note that these subproblems
share the same form of modules-constant quadratic program-
ming. Thus, these two subproblems can be generalized as:

Huv

max v
A%

st |v] = plk, (15)

where v, U, p, and K can be set to the corresponding
variables in (12) and (14), respectively. Given the spherical
geometric structure of the constraint set, i.e., S := {v € CKE .
|[v|] = plk}, Riemannian manifold optimization perfectly
matches to solve problem (15). Specifically, utilizing the
relation viv = Kp?, the objective function in (15) can be
equivalently replaced by

fv) ="

where a > 0 is a positive constant to ensure the algorithmic
convergence. Given f(v), the Euclidean gradient and the
Riemannian gradient over the tangent space of S can be
respectively written as:

Viv)=(U+alg)v
vORV* OVSf(v
ds (v) = vfv) - TR 2T,
In each iteration, the update over the tangent space can be
written as

(U + alg)v (16)

A7)

(18)

v 4 pexp (jZ (v + fds (v))) (19)

where the retraction operation has been included to satisfy
the constraint S and [ is a constant step length. To ensure
monotonic updates, the selection of o and [ should satisfy
the following principle [20]:

K
o> 7Amax (U), O < ﬂ <

23 (20)

1

Amax (U) + a’
where A\pax () denotes the largest eigenvalue of its argument.
By respectively setting v, U, p, and K to the corresponding
variables in (12) and (14), w;11 and 6, can be alternatingly
optimized until the convergence of Ay, ;. Consequently, we
obtain the whole process of ARMO scheme in Algorithm 1.

Thanks to the Riemannian manifold optimization. With
the step size in (20), the objective function is guaranteed
to be non-decreasing in each iteration. Since the objective
function is bounded due to the finite power constraint and the
feasible set forms a compact manifold, the iterative procedure
is guaranteed to converge to a stationary point. It is worth
noting that, due to the non-convex nature of problem (8), the
proposed greedy strategy does not guarantee global optimality.
Fortunately, the sequential maximization of MI increment in
(9) shares similarities with submodular optimizations, where
greedy methods are known to achieve near-optimal perfor-

mance under diminishing returns properties [21].

As the computational complexity of ARMO mainly depends
on gradient computation, the overall complexity of Algorithm
1is O(QI,(I,M? + IoN?)), where I,,, Iy, and I, are the
required number of iterations for the convergence of w1,
0.1, and Al 1, respectively. This complexity is of the same
order of magnitude as that of most RIS precoding algorithms'.
In practical RIS-aided systems, the channel dimension M N
may be very large. However, the kernel typically exhibits
strong structure and can often be approximated as low-rank.
This property can be exploited to reduce dimensionality. More-
over, the proposed observation matrix design is performed
in a sequential manner, which avoids high-dimensional joint
optimization. In addition, the kernel training and ARMO
updates operate on a slower timescale, as the channel statistics
vary much more slowly than instantaneous channels. These
properties make the proposed method scalable in practice.

B. Acquisition of Channel Kernel

The implementation of ARMO scheme requires the knowl-
edge of the kernel 3y,. In real-world 5G New Radio systems,
to enable minimum mean squared error (MMSE) channel
estimation, Xy, is usually acquired via channel state infor-
mation reference signals (CSI-RSs) [18], [19]. To extend this
process to RIS-aided systems, we introduce an adaptive kernel
training strategy, which smoothly integrates kernel learning
into channel estimations without additional resources.

As a second-order statistic, the channel covariance Xy,
varies much more slowly than the instantaneous channel h.
Consider a sliding window consisting of consecutive R frames,
where the inter-frame channels h, for all » € {1,--- R}
satisfy distribution CN'(0,X},). Our strategy is iteratively
estimating the channels h, and updating the sample kernel
3., such that the accuracy of estimator h, can be improved
and 3y, converges to the real kernel 3, gradually. Let E(T)
denote the sample kernel in the r-th frame. Such a workmg
flow process can be described as:

22 22) &
2(0) ARMO h ( ) 2(1) ARMO h (_)) 2&2) AR_1\>/[O
frame 1 frame 2

. ARMO p (22 $2(R) ARMO

— hrp = X} = (21)

frame R

where the sample kernel 23) is updated according to the

estimated channel h,.. The following R-length sliding window
is utilized to update the sample kernel in real time:

if r <R,
if r> R,

—1(r—1 11 1
r=isyr=t 4 1h, h,
1 r o WH
R Zr’:rfR hT’ h'r”
where the case when » > R aims to track the time-varying
Eg) in future frames. The sliding window size R introduces

a trade-off between estimation accuracy and adaptability. A
larger R improves the reliability of the covariance estimation

B = (22)

IThrough simulations, we note that both the inner Riemannian optimization
loops and the outer alternating updates in Algorithm 1 converge rapidly with
typical values I, = 3 and I, = Iy = 15.
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by averaging over more samples, whereas a smaller R en-
hances the ability to track time-varying channel statistics.

To trigger the working flow in (21), an initial estimate
of the channel covariance matrix is required. In practical
systems, such an initial kernel can be obtained using existing
kernel acquisition approaches such as [12]. Based on this
initialization, the proposed adaptive kernel training scheme
serves as a refinement mechanism to progressively improve
the covariance estimation over time.

The proposed adaptive kernel learning strategy offers two
main advantages. First, by initializing kernels as identity
matrices, the method eliminates the need for prior knowledge
of the actual kernels, rendering it suitable for a wide range of
practical communication systems. Second, it enables simulta-
neous channel estimation and kernel training within a single
frame by utilizing channels estimated by the ARMO algorithm
for kernel training. This integration removes the need for a
separate time period dedicated to kernel learning, significantly
simplifying the frame structure and protocol in practice.

IV. SIMULATION RESULTS

In this section, simulation results are carried out to verify
the effectiveness of the proposed ARMO scheme.

A. Simulation Setup and Baselines

We consider the uplink channel estimation of an RIS-aided
DAS. Without loss of generality, the uniform linear array
(ULA) is equipped on the BS and the RIS is a uniform planar
array (UPA). The dipole antennas are considered for the BS
and the user, and patch antennas are deployed at the RIS.
The electromagnetic mutual coupling effects among anten-
nas/elements are calculated using Matlab Antenna Toolbox
[22], and the clustered delay line (CDL)-A channel model
defined in 3GPP TR 38.901 is adopted for simulations [23].
Otherwise specifically specified, the number of BS antennas
and that of RIS elements are set as M =4 and N = 8 x 8,
respectively. The antenna/element spacing is set to be /4.
The signal-to-noise ratio (SNR) is defined as SNR = 1/02,
whose default value is set to 10 dB. The evaluation criterion
of estimation accuracy is the normalized mean square error
(NMSE), which is expressed as NMSE = E(||h — h||?/|/h/|?).
The default value of pilot length is set to () = 200.

To verify the effectiveness of the proposed ARMO based
channel estimator, the following schemes are compared:

o LS: The classical least-square (LS) scheme is used for
RIS channel estimation, i.e., BLS = (XfS)TyLS. The
BS combiner and the RIS phase-shift matrix in the
observation matrix Xpg are generated from DFT vectors.

o MMSE: Assume the kernel Xy, is perfectly known. Using
the same setting as the LS estimator, the MMSE estimator
in [13] is adopted to recover RIS channel h via (6).

e OMP: The orthogonal matching pursuit (OMP) method
proposed in [11] is used to recover RIS channel h. To
satisfy the restricted isometry property, the BS combiner
and the RIS phase-shift matrix are randomly generated.

o Ice filling: Assume the kernel Xy, is perfectly known and
the RIS phase-shift matrix is randomly generated. The ice

_5 = 4

g -10 N
= -15 ]
wn
=

20 OMP

LS
251 MMSE

—p— Ice filling
-30 - —e— ARMO (Kernel training)
- a- ARMO (Ideal kernel)

-35
-10 -5 0 5 10 15 20

SNR [dB]

Fig. 1. NMSE performance versus SNR for different schemes.

filling scheme in [16] is used to design the BS combiner.
Then, h is estimated via the MMSE estimator (6).

o« ARMO (Ideal kernel): Assume Xy, is perfectly known.
The proposed ARMO scheme in Algorithm 1 is em-
ployed to jointly design X. Based on X and X, the
MMSE estimator in (6) is employed to recover h.

e ARMO (Kernel training): The working flow process
in (21) and (22) is employed to acquire and update
the kernel 3. For kernel tracking, the length of the
sliding window is set to R = 100. The initial kernel
2&0) is generated using the sample covariance of R
independently estimated channels, which are obtained
via LS estimation. Then, ﬁ)h is used as the input of
Algorithm 1. Based on the designed X and ﬁh, the
MMSE estimator in (6) is employed to recover h.

B. Estimation Accuracy versus SNR

Firstly, we plot the NMSE as a function of SNR in Fig. 1.
It can be observed that, compared with the estimators without
utilizing the prior information of kernels (LS and OMP), the
schemes utilizing kernels (MMSE, ice filling, and ARMO)
demonstrate their advantage in estimation accuracy. For exam-
ple, thanks to the carefully designed combiners at the BS, the
ice filling scheme outperforms the MMSE scheme whose BS
combiners are generated from the DFT matrix. Furthermore,
since our proposed ARMO schemes jointly design the BS
combiners and the phase-shift matrix at the RIS, they can
achieve higher performance gains than the ice filling scheme
that only focuses on the BS combiner design. Besides, it is
worth noting that, the ARMO scheme with kernel training
achieves a very similar performance to that with perfect kernel
knowledge. It indicates that, by alternatingly updating the
kernel and channels, the knowledge of the real kernel is no
longer necessary for the implementation of ARMO in practice.
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Fig. 2. NMSE performance versus pilot length @ for different schemes.

C. Estimation Accuracy versus Pilot Length

Then, we plot the NMSE as a function of pilot length
@ in Fig. 2. One can find that, with the assistance of the
kernel, the kernel-related schemes can achieve considerable
performance with a small number of pilots. In particular,
the proposed ARMO schemes have an obvious superiority in
estimation accuracy. For example, to achieve an NMSE of -
10 dB, the required pilot lengths ¢ for OMP, LS, MMSE,
ice filling, ARMO (kernel training), and ARMO (ideal kernel)
are 240, 225, 150, 45, 30, and 30, respectively. Note that, the
OMP estimator does not perform well. It is because the small
antenna spacing leads to the spatial oversampling and mutual
coupling among antennas, thus the channels of DASs no longer
enjoy the angular-domain sparse property. Furthermore, when
the pilot length is sufficiently large (e.g., @ = 256), the kernel-
related schemes converge to a similar estimation accuracy.
This occurs because the observation matrix of the MMSE
estimator becomes a complete DFT matrix, which can fully
characterize all channel patterns of DASs. Under these condi-
tions, the accuracy gain from a carefully designed observation
matrix becomes marginal. It is worth noting that, the number
of RIS elements can be very large in practice, making it
impractical to allocate a large number of pilots due to limited
signaling overhead. Therefore, the most practically relevant
regime for the considered RIS-aided systems corresponds to
the case when Q < M N.

V. CONCLUSIONS

This paper proposed an observation matrix design frame-
work to enhance channel estimation in RIS-aided DASs. By
formulating the design as an MI maximization problem within
a Bayesian framework, we jointly optimized the receiver
combiners and RIS phase-shift matrices using ARMO scheme.
In addition, an adaptive kernel learning strategy was intro-
duced to enable simultaneous channel estimation and kernel
training. Simulation results verified that the proposed method

achieves noticeable performance gains over existing schemes,
particularly in the low-pilot regime.
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