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Abstract—With the growing number of antennas in massive
multiple-input multiple-output (MIMO) systems, robust and fast
channel estimation becomes increasingly critical yet remains
highly challenging. In this work, we propose a lightweight zero-
shot self-supervised (ZS-SS) learning framework. It leverages
non-local self-similarity in wireless channels to construct a
channel-coefficient bank and generate training pairs via ran-
domized and non-contiguous spatial permutations to decorrelate
noise. These pairs then train a compact convolutional neural
network (CNN) with a specially designed composite loss for
robust channel estimation. To further improve adaptability and
efficiency, we incorporate a meta-learning approach for fast
inference time to dynamic channel environments. Simulations
under Gaussian and representative non-Gaussian scenarios show
that our method achieves up to 90% gains over traditional
estimators and consistent improvements over state-of-the-art
baselines, while running nearly 100 times faster. This demon-
strates its practicality and suitability for real-time deployment
in resource-limited massive MIMO systems.

Index Terms—Channel Estimation, Massive MIMO, Meta-
SGD, Non-Gaussian Noise, Zero-Shot Self-Supervised Learning.

I. INTRODUCTION

Massive multiple-input multiple-output (MIMO) technol-
ogy has emerged as a cornerstone of modern wireless com-
munication systems, providing substantial enhancements in
spectral efficiency, network throughput, and reliability through
spatial multiplexing and spatial diversity [2]-[5]. The effec-
tiveness of massive MIMO systems critically depends on the
acquisition of accurate channel state information (CSI), which
forms the basis for essential downstream tasks including
precoding, beamforming, resource allocation, and signal de-
tection [6]—[8]. Despite its importance, channel estimation in
massive MIMO remains challenging due to high-dimensional
channel matrices, significant pilot overhead, severe compu-
tational complexity, and susceptibility to various noise and
interference sources encountered in practical communication
environments [9]-[11]. Traditional methods, such as least
squares (LS) and minimum mean squared error (MMSE),
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are widely adopted due to their simplicity and solid theo-
retical foundations but suffer from critical limitations [12].
Nonetheless, these traditional estimators fundamentally rely
on prior knowledge or assumptions about channel statistics
or environmental characteristics. For instance, LS estima-
tors, while computationally efficient, often yield inaccurate
estimates under low signal-to-noise ratio (SNR) and severe
interference conditions, negatively impacting estimation per-
formance [13]. MMSE estimators offer theoretically optimal
linear solutions but demand precise knowledge of channel cor-
relation statistics, typically requiring extensive sampling and
frequent updates [14]. Such stringent requirements severely
constrain their practicality, especially in dynamically changing
propagation environments under real-world massive MIMO
deployments.

Unlike traditional estimation techniques, deep learning
(DL)-based methods inherently leverage patterns extracted
from training samples rather than explicit prior statistical
knowledge of the channel [15]-[17]. Rather than relying
on explicit statistical modeling of the channel, DL-based
approaches automatically learn the complex mapping from
received signals to channel coefficients directly from data,
without requiring prior knowledge of the underlying distri-
bution [18]. Consequently, DL methods exhibit better adapt-
ability to non-Gaussian, time-varying, or otherwise unknown
channel conditions, where traditional estimators often fail due
to the theoretical model mismatch [19]-[21]. This adaptability
makes DL especially well-suited for the dynamic and complex
environments, such as massive MIMO communications. These
strengths motivate further exploration of advanced DL-based
channel estimation methods tailored to practical deployment.

A. Related Work and Motivation

Recently, DL-based methods have attracted significant at-
tention in tackling channel estimation tasks [20]-[23]. For in-
stance, the ChannelNet [24] utilizes a denoising convolutional
neural network (DnCNN) structure. It models the channel’s
time-frequency responses as a two-dimensional image, and
reconstructs the complete CSI from sparse pilot measure-
ments via image super-resolution and restoration techniques.
Similarly, the NDR-Net [25] also incorporated a DnCNN
structure for channel estimation tasks under unknown noise
conditions. Despite promising accuracy, these approaches
predominantly rely on supervised learning frameworks. They
require large labeled datasets, extensive training times, and
substantial computational resources. Collecting a large set of
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labeled data is costly in realistic wireless systems. Moreover,
their practicality remains limited under dynamically varying
channel conditions. Frequent offline retraining under new
environments further increases overhead and latency, compli-
cating practical deployment.

To mitigate these limitations, recent efforts have explored
self-supervised methods for channel estimation. Balevi et
al. [14] introduced a deep image prior (DIP)-inspired neural
network estimator. It first denoises the received signals and
subsequently applies a conventional LS estimator, optimizing
network parameters dynamically per channel realization with-
out labeled data. Kim et al. [12] integrated a DIP denoising
step into channel prediction. This approach cleans the training
data and notably boosting accuracy at low SNR. Their pre-
dictor benefits primarily from this DIP-based pre-processing
rather than heavy supervised retraining. More recently, Kang
et al. [26] proposed a Self2Self solution, which generates self-
supervised training labels via Bernoulli sampling. It further
employs blind-spot strategies and dropout techniques, re-
portedly outperforming DIP-based approaches. Despite recent
advancements, critical challenges remain unresolved. Exist-
ing approaches typically require large-scale neural networks,
incurring substantial computational costs and prolonged run
times, limiting real-time deployment in resource-constrained,
dynamic wireless scenarios. Thus, developing lightweight
models with reduced computational complexity and enhanced
generalization and adaptability to varying channel conditions
remains essential. This underscores the need for efficient
and practical solutions tailored for realistic massive MIMO
systems.

In addition to the algorithm design, the real-time estima-
tion solution needs to adapt to the practical environment,
especially for practical noise. Most existing solutions are
designed based on additive white Gaussian noise (AWGN),
which limits their adaptivity [27]-[30]. In reality, wireless
communication signals are contaminated by not only Gaussian
but also non-Gaussian noise, such as impulsive noise (IN).
This complicates the design of optimal estimation algorithms
due to uncertainties in the noise prior and inevitable parameter
estimation errors [31], [32]. For non-Gaussian with IN, tradi-
tional solutions based on AWGN have degraded performance
as they commonly have weaker denoising ability for uneven
noise [33]. A few recent works have made efforts in this
regard. For instance, Zhao et al. [34] proposed an end-to-end
transceiver for Middleton/a-stable channels, using an im-
pulsive generative adversarial network (GAN) and wavelet-
based decoder to improve bit error rate (BER) under strong
impulses. Sadeghi et al. [35] tackled similar issues in power
line communications (PLC) with a three-stage deep neural
network (DNN) combining denoising and cascaded estima-
tion. However, both approaches rely on heavyweight, task-
specific neural architectures. More specifically, the authors
in [34] merge estimation, equalization, and detection into a
single pipeline without providing stand-alone CSI. The model
in [35] was tailored for PLC noise, which is different from
that in massive MIMO systems.

Therefore, there is a pressing need for developing a
lightweight, adaptive channel estimation framework that

achieves consistently high performance across both Gaussian
and diverse non-Gaussian noise scenarios. Such a framework
should not rely on large labeled datasets and explicit prior
knowledge of the noise distribution, enabling practical, real-
time deployment in dynamically changing massive MIMO
environments.

B. Contributions

Motivated by the aforementioned challenges, this paper
proposes a lightweight zero-shot self-supervised (ZS-SS)
learning framework that integrates a meta-learning approach
with stochastic gradient descent (Meta-SGD) for massive
MIMO channel estimation. The main contributions are:

e« We propose a ZS-SS learning framework for massive
MIMO channel estimation without any labeled data,
applicable to both Gaussian and non-Gaussian noise.
Motivated by the challenge of generating self-supervised
pairs from only a single noisy observation, we exploit
intrinsic non-local self-similarity and spatially repeated
patterns in large antenna arrays. Specifically, we con-
struct a channel-coefficient bank from LS pre-estimate,
and generate pseudo-training pairs via randomized, non-
contiguous spatial permutations, effectively decorrelating
noise.

e We employ a compact four-layer CNN as the estima-
tion model, significantly reducing computational com-
plexity compared to large-scale architectures like U-
Net [26], [36], requiring only about one-tenth the trained
parameters. To further accelerate convergence and en-
hance generalization, we design a novel composite loss
function combining cross-reconstruction and sampling-
consistency terms. Unlike existing self-supervised ap-
proaches, our method effectively prevents overfitting and
improves robustness across various noise distributions.

o« We further integrate Meta-SGD, a meta-learning ap-
proach enabling element-wise adaptive learning rates,
significantly reducing online adaptation time and alle-
viating overfitting. Compared with conventional opti-
mization strategies, Meta-SGD inherently supports on-
line adaptation, enabling continuous tracking of evolving
channel conditions during real-time deployments.

o Simulations under Gaussian and representative non-
Gaussian scenarios demonstrate superior robustness, with
performance gains up to 90% over the LS estimators and
consistent improvement of 15% — 35% over state-of-the-
art deep learning methods. In addition, our framework is
extremely lightweight (225 k), requires minimal runtime
memory (130 MB), and achieves nearly 100 times faster
run time than existing methods on both CPU and GPU
settings.

C. Organization

The paper is organized as follows. Section II presents the
system model and problem formulation. Section III describes
the proposed ZS-SS channel estimation method. Section IV
details the Meta-SGD algorithm. Section V provides sim-
ulation results and performance comparisons. Section VI
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provides further discussions and directions for future work.
Finally, Section VII concludes the paper.

II. SYSTEM MODEL AND PROBLEM FORMULATION

In this section, we first introduce the employed noise
models, then formulate the pilot-aided channel estimation
problem in massive MIMO system. Lastly, we provide the
framework for our ZS-SS learning approach as shown in
Fig. 1.

A. Noise Model

In practical wireless communication systems, the additive
interference at the receiver often consists of multiple simul-
taneous noise processes, typically comprising both Gaussian
and non-Gaussian components [27], [30]. Specifically, ther-
mal background noise is conventionally modeled as AWGN,
characterized by its simplicity and well-understood statistical
properties. In contrast, non-Gaussian disturbances, arising
from factors such as electromagnetic interference, impulse
phenomena, or heavy-tailed processes [37]-[39], pose ad-
ditional challenges due to their unpredictable and complex
statistical characteristics [31], [32]. To reflect this realistic
scenario, we conceptually model the received noise as a
general additive combination:

n =ang + bnyg, N

where ng ~ CN(0,02I) represents the Gaussian noise
component, nyg denotes an arbitrary non-Gaussian noise
term, and coefficients a, b > 0 reflect the relative strength of
these noise sources. Here, o2 denotes the noise power and I is
the identity matrix of appropriate dimension. The distribution
of n is denoted by f,(a,b).

It is worth emphasizing that our proposed estimation
method is explicitly designed without reliance on specific
assumptions or prior knowledge about the noise parameters or
distributions. Thus, it inherently maintains generality and ro-
bustness across diverse interference environments. Therefore,
it could effectively address scenarios involving both purely
Gaussian conditions (b = 0), purely non-Gaussian conditions
(a = 0), or their combinations. In our experimental evalu-
ations, we specifically consider representative non-Gaussian
noise models, including Laplacian and Bernoulli-Gaussian
impulsive noise (BGIN), to rigorously assess the robustness
and generalization performance of our approach. Detailed
descriptions of these noise cases and their experimental setups
are provided in Section V.

B. Signal Model

We consider a narrowband single-user massive MIMO
system operating in time-division duplexing (TDD). The base
station (BS) and the user equipment (UE) employ 7, and n
antennas, respectively. The UE sends orthogonal pilot signals

represented by
UecCcmwxv, UU? =4I, , )

where u is the length of the pilot sequence. We consider
scenarios where pilots are perfectly orthogonal, including

typical single-cell multi-user systems or multi-cell multi-user
environments where pilots are designed to be orthogonal.
Assuming perfect reciprocity and block fading, the received
pilot signal is

S =.,/phU +n, 3)

where p is the average transmit power, h € C"»*™x ig the
channel to be estimated, and n ~ f,(a,b) represents the
general noise distribution as described in Section II-A. Each
element of h can be written as h;; = +/L;j gi;, where Lj;
captures the large-scale fading and g;; ~ CN(0,1) is the
small-scale component. Spatial correlation is captured by the
Kronecker model [40],

h = RY?huRY?,

txX

hjiq ~ CN (0,1), “4)

where R;x and R denote the spatial correlation matri-
ces at the receiver and transmitter sides, respectively. They
model the antenna spatial correlation structures due to limited
antenna spacing and propagation conditions. The channel
estimator aims to minimize the normalized mean squared
error (NMSE) between the estimated channel h and the true
channel h. The estimator e(-) considers the received pilot
signal S and the pilot matrix U as inputs and outputs the
estimated channel as:

h = ¢(S,U). (5)

If the noise term in (3) is neglected, the channel is retrieved
by a right pseudoinverse of the pilot matrix, which forms the
traditional LS estimator:

-~ 1
hs = —sU', U'=u"(Uuu’), (6)
VP

where UT represents the Moore—Penrose pseudoinverse,
which reduces to a simpler form due to the orthogonality
condition imposed on the pilot matrix. This requires U to
have at least as many columns as rows (u > ny) and be full
row rank. The LS estimator is unbiased and requires no prior
channel statistics. However, under general noise conditions, its
error covariance may significantly deviate from the idealized
AWGN assumption and escalate rapidly under severe noise
or impulsive disturbances.

In this proposed framework, the LS estimator is employed
as a pre-estimating step, producing the noisy channel estimate
hrs. Subsequently, we utilize the proposed ZS-SS learning
method to further improve the estimation accuracy of hyg.

C. ZS-SS Learning Estimating Framework

Our proposed ZS-SS learning framework addresses the
practical challenge that, in real-world deployments, only the
pilot sequence is known. The ground-truth channel responses
and prior knowledge of the noise distribution are unknown.
Unlike traditional supervised or model-based approaches, our
method leverages the intrinsic structure and redundancy of the
observed data itself to guide network training. As a result, it
does not require any label information or explicit knowledge
of the noise model. Once trained in this manner, the ZS-SS
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Fig. 1. The overall framework of the proposed ZS-SS learning method for channel estimation in massive MIMO systems.

learning estimator f(-;@) can be applied directly to his to
produce a refined channel estimate:

6" = argmin MSE ( F(his: 0), h), )

then R R
hpina = f(hLs; 07), 3
where 0™ denotes the parameters learned from the

self-supervised pairs. Furthermore, we employ Meta-SGD to
pre-train the estimator, enabling online adaptation to new
channel conditions as illustrated in Fig. 1. The meta-learning
process is performed offline using historical channel data,
while adaptation occurs online when a new channel realization
is observed.

III. THE PROPOSED ZS-SS CHANNEL ESTIMATION
METHOD

In this section we first present the construction of a
channel-coefficient bank that generates self-supervision pairs
from a single noisy observation. We then detail the lightweight
neural network architecture used to exploit this bank and
conclude with the tailored loss functions design.

A. Construct Channel-Coefficient Bank and Pseudo Samples

The cornerstone of ZS-SS learning is to generate multiple
training pairs from a single noisy observation. For the consid-
ered channel estimation task, Athe only measurement available
online is the LS pre-estimate hy,g obtained from (6). The typi-
cal approach for generating self-supervised training pairs is to
use a downsampler, such as the diagonal downsampler [41]—
[44]. However, this approach reduces data resolution and

distorts noise characteristics, especially under non-Gaussian
noise, leading to limited denoising performance. The main
reason is that such downsampling alters the noise distribution
and structure encountered during training.

To address these limitations, we design a more general
and statistically robust approach by explicitly exploiting the
non-local self-similarity inherent in wireless channel matrices.
Non-local self-similarity describes the phenomenon where lo-
cal coefficient patches in the channel matrix often have many
similar non-local counterparts. This property has been exten-
sively studied in image processing [45]-[47], and we observe
that it also emerges in wireless communication channels. This
arises from physical propagation effects such as scattering
clusters, antenna array geometry, and slow spatial variations
in multipath environments. By systematically identifying and
mining these non-local but similar patches, we construct the
channel-coefficient bank and training-pair dataset through the
following two steps detailed below.

a) Channel-Coefficient Searching: To exploit non-local
self-similarity of hrg € C™=*"=_ for every coefficient we
extract a local p X p antenna patch

Pmn = ,Pp(ﬁLS7mu n) € Cpxpv (9)

where P, (-) crops a square neighbourhood centred at (m, n).
Within a larger search window of size W x W surrounding
the same centre we collect the M non-overlapping patches
whose distance to the reference patch is the smallest as shown
in Fig. 2.

Remark 1. An optimal patch size p exists for balancing
noise robustness and matching accuracy. If p is too small, the
extracted patch may fail to capture the true noise or channel
features. Conversely, when p approaches W, it decreases the
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Fig. 2. Overview of constructing channel-coefficient bank and self-supervis

probability of finding genuinely similar patches due to overly
restrictive matching conditions. Empirically, for W = 22,
a range of p from 7 to 13 yields the empirically robust
performance in our experiments.

Let (r,t) indexes antenna coordinates within the search
window W, ,, centered at (m,n) and Z,, ,, be the indices of
the M patches in W, ,, with the smallest distance t0 Py, n:

Ly n = argsort {d(pm)n7 Pp(ﬂLs, r,t)): (rt) € Wm,n} .
(10)
Then,

{ %{n}zl - {P,,(ﬂLS,r, | (rt) e Imm}, (11

where argsort,, returns the indices of the M smallest
elements, that is, argsorty,;(x1,...,2n) = (i1,...,%0:)
such that z;, <--- < x;,, and d(-,-) is the patch similarity
metric of Frobenius norm.
Remark 2. There exists an optimal value for M that balances
sample diversity and similarity. When M is too small, the
pseudo-sample pool is limited, which restricts network gener-
alization. Conversely, as M increases, the similarity between
selected patches and the reference degrades, reducing the
quality of pseudo-training pairs.

From each selected patch, we retain only its center coeffi-
cient as a pseudo-observation:

Ao

m,n (q%),n)Lp/QJ lp/2]’ i=1,..., M, (12)

where |p/2] denotes the center index of the selected p x p
patch. Here, h n 1s the center coefficient of the i-th patch that
is more similar to the reference patch p,, ., but is located at
a distinct antenna position (r;,t;) € Z,, ,, within the window.
In general, most iLq(fz)n come from different positions than
(m,n), ensuring that the pseudo-observations are similar but
not identical, and are corrupted by independent noise. This
procedure ensures that the collected samples {Bﬁ})n} for each
(m,n) are similar in their underlying channel structure, but
distinct in their spatial origin and noise realization, thus
providing multiple pseudo-observations for self-supervised
learning.

Aggregating the M center coefficients collected for every
antenna position (m, n) yields a third-order tensor, termed the
channel-coefficient bank B. Formally,

A g6 (@)
Bons & b = (@nln) oy oo (13
equivalently,
A
B = (Bmanvi)m:L...,nrx;n:l,.“,ntx;i:l,...,M, (14)

W
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where B € Cnex*XnexXM  Here, B stacks, for every antenna
position (m,n), the M center coefficients extracted from the
M most similar, non-overlapping p X p patches within the
W x W window of th Thus {By,.n,i}M, are M pseudo-
observations of the same underlying coefficient h,, , with
approximately decorrelated noise as shown in the Phase I of
Algorithm 1.

b) Channel-Coefficient Sampling: Once the channel-
coefficient bank B has been assembled, training data are
generated through coefficient-wise random sampling. For ev-
ery antenna position (m,n) we draw two distinct indices
k1,ke € {1,..., M} and form the noisy pair

(RSE) hE=2)), Ky # ke, (15)
where fz,(ff)n = Bumnk = hmn + 655)71 and agf)n is the

effective residual terms. Hence
E[h)] = b, E[el)er2)] = 0. (16)

Repeating (15) for all (m,n) yields the training pairs
dataset for self-supervised learning

D= {(h{f) hk2)) | (m,n) € Q, 1 < ky < ke < M}
a7
whose size is [D| = nux nix (]g ) and Q denotes the set of
all antenna positions (m,n) in the matrix. Coefficient-wise
randomisation ensures that
Cov(el) gk2) )=0  for (m,n) # (m/,n’), (18)

) <m’n

effectively suppressing the spatial correlation inherent to
antenna elements. Random pairing thus supplies a quadratic
number of statistically independent training pairs as shown
in Fig. 2, mitigating over-fitting and strengthening robustness
during online adaptation [48], [49]. This serves as implicit
data augmentation [50], as even from a single noisy channel
matrix, the network learns from a wide range of statistically
diverse pseudo instances. With the channel-coefficient bank
and self-supervised dataset effectively constructed, the next
step is to design a compact yet powerful network to leverage
this rich dataset.

B. Neural Network Architecture

To cope with the rapid variations of practical wireless chan-
nels and the tight real-time budget inherent to self-supervised
operation, we design a lightweight four-layer fully convolu-
tional CNN, as shown at the bottom of Fig. 1, that can be
trained from scratch in a few hundred epochs. This four-layer
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Algorithm 1: The Proposed ZS-SS Channel Estima-
tion Method

Input: hs. patch size p, bank size M, window size W/,
number of epochs E, learning rate 7.

Qutput: Final channel estimate thdl

Phase I: Channel-Coefficient Bank Construction

for each antenna position (m,n) do

Extract local patch: ppm,n = ’Pp(th, m,n).

Find top-M similar patches in window W x W by (11).

Retain center coefficients by (12).

Then construct channel-coefficient bank by (13) and
(14).

Y N

7€
8 Phase II: Self-Supervised Network Training
9 for epoch =1 to £ do

10 for each antenna position (m,n) do
11 Randomly select indices
k’l,kg S {17...,M},l€1 ;é ko
12 Form training pairs: (B[m, n, k1], B[m, n, k2]).
13 end
14 Compute cross-reconstruction loss (20).
15 Compute global clean estimate hciean = f(his; ).
16 Construct clean coefficient bank Bejean = Bank(hciean)-
17 Compute sampling-consistency loss (23).
18 Compute total loss (24).
19 end

20 Phase III: Channel Estimation Inference
21 Compute the final estimate: hpina = f(his; 6%).
22 return hgyy // Final channel estimate

structure achieves a balance between expressiveness and effi-
ciency, as deeper networks yield only marginal improvements
but higher latency and overfitting, while shallower ones cannot
capture essential channel correlations.

The real and imaginary parts of the LS pre-estimate are
concatenated along the channel axis and fed to four 3 x 3
convolutions with 64 feature maps, each followed by a
leaky ReLU with negative slope. A final 1 X 1 convolution
maps the features back to the original channel dimension.
Padding 1 is used for all 3 x 3 kernels, so the spatial
resolution ny X ny is preserved. Residual connections, Batch
Normalization (BN) and skip paths are omitted, as they tend
to bias the network towards copying the noisy input and
impede fast convergence. Weights are orthogonally initialised
to stabilise gradients during the short training window.

Training is fully self-supervised, aiming to find the op-
timal parameter 8° in (7). At each optimisation step we
randomly choose a set of antenna indices and, for every
selected position, draw two distinct replicas from the channel-
coefficient bank constructed earlier. One replica serves as the
network input while the other acts as the pseudo target. The
independence of the two noise realisations guarantees that the
corresponding stochastic gradient is an unbiased estimate of
the conditional-mean objective. After a few hundred epochs
the network converges, and a single forward pass applied to
hLS yields the final estimated channel matrix hpmal

C. Loss Function Design

Many self-supervised approaches such as DIP [14] and
Self2Self [26] denoise by simply regressing the network

output onto the same noisy observation,

2
0) = | r(ri:0) - 2| (19)
where Y7 and Y, are two noisy realizations of the same
underlying clean channel. Because the target still contains
noise, this objective tends to overfit and requires delicate early
stopping or additional regularisation, which may be not robust
to complex noise, especially with non-Gaussian ones.

The proposed network is trained from scratch with a
composite objective that contains a cross-reconstruction term
Lcr and a sampling-consistency term Lgc. During each epoch
we first sample, for every antenna position (m,n), two
statistically independent noisy replicas Y *1) and Y (¥2) from
the channel-coefficient bank described in Section III-A.

a) Cross-Reconstruction Loss: The Lcg exploits the
statistical independence of the two replicas. Each replica is
passed through the network and compared with the other
replica, so the error signal can only be reduced by recovering
the clean coefficient that is common to both observations.
Because the loss is symmetric in k; and ks, it provides
balanced gradients for every sample pair and prevents training
bias:

1
S (17 0:0) = Y& 34
1£(r ;) — Y *3).

The symmetric structure of the Lcg in (20) leverages noise
independence between pairs (Y (1), Y'(¥2))_ Thus, minimizing
this loss enforces the network to discard noise components
asﬁl,z, 57(52,3 and recover only their shared underlying clean sig-
nal h,, ,, ensuring unbiased gradients and preventing training
bias.

b) Sampling-Consistency Loss: The Lcg alone assumes
that the noisy bank perfectly matches the corruption process
at inference time. However, repeated cropping and sampling
introduce a slight distributional shift in practice. We compen-
sate for this mismatch by adding a sampling-consistency reg-
ulariser that anchors every per-replica output to the denoised
estimate of the full channel matrix. First, after the network
parameters have been updated for the current mini-batch, we
obtain a provisional clean estimate of the whole LS matrix
hciean = f (th, 6). From hcjean we rebuild a clean version
of channel-coefficient bank,

Lcr(0) = 20)

]§Clean - Bank(hc1ean) c (C"rxXTI/mXM7 (21)

by repeating the non-local search procedure of constructing
the clean channel-coefficient bank. The surrogate clean coef-
ficients paired with the current indices k; and ko are then

)?(kl) = ﬁ’rrl,n,ku 55(162) = ﬁmm,kz' (22)

We encourage the network outputs for Y (¥1) and Y (¥2) to
agree with these surrogates:

S (17 e;0)
IF () 6)

- X003+

- X)),

Lsc(0) = @3)
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The Lgc in (;3) anchors the network outputs to the global
denoised bank Bciean, mitigating the distributional shift intro-
duced by random sampling even when minor discrepancies
arise between training and inference distributions. This loss
can be viewed intuitively as a self-consistency regularization.
It encourages the network’s output for sampled noisy inputs
to remain close to its prediction on the full noisy observation,
thus stabilizing training even when the sampling introduces
minor statistical deviations [41], [51]. The two objectives are
summed with equal weight,

Liotar(0) = Lcr(0) + Lsc(0), (24
so that the network simultaneously learns to cross-predict
between noisy pairs and to remain consistent with its
self-denoised reference as shown in the Phase II of Algorithm
1. See Appendix A for theoretical analysis of this loss design.

IV. ADAPTABILITY ENHANCEMENT VIA META-LEARNING

In this section, we introduce the Meta-SGD algorithm to
equip our proposed ZS-SS estimator with fast inference time
and strong generalisation capabilities across varying channel
scenarios.

A. The Meta-Learning Framework

Although the ZS-SS learning scheme in Section III needs
no labels, it typically requires hundreds of gradient steps
and is sensitive to SNR and propagation conditions. Fixed
learning-rate schedules can be either slow or overfit, and
heuristic early stopping is unreliable across scenarios. To
achieve fast inference time yet stable adaptation we embed
the proposed ZS-SS learning method in the meta-learning
framework Meta-SGD [52] as shown in Fig. 1. We treat
each pre-collected LS-estimated channel dataset, denoted as a
task instance H, as detailed in Section IV-B. These tasks are
sampled from a distribution p(H ). Offline meta-training draws
a diverse task set H = {H;} that covers varying antenna
layouts, SNRs, and channel conditions and splits each H; into
a support set train(H;) and a query set test(H;). The meta-
learner maintains an initial parameter vector W for f(-; W)
and an element-wise step-size vector n € R1™(W) For each
task, the inner loop performs K gradient steps on train(H;)
using 1 and the outer loop updates both W and 7 to reduce
the loss on test(H;) averaged over tasks. Specifically, as
illustrated in Fig. 1, W () denotes the initial meta-parameters,
and W represents the updated parameters after the first opti-
mization. Iterating yields a meta-initialisation (W*, n*) that
encodes broad channel priors and an element-wise learning-
rate schedule suited to our self-supervised objective. In the
online phase, the freshly received LS matrix is regarded as
a new task. Starting from W*, a few gradient steps with n*
produce adapted weights A enabling near-peak accuracy
within a few epochs without retraining from scratch. The
detailed inner/outer updates and the offline/online procedures
are given in Sections IV-C and IV-D.

Algorithm 2: The Offline Meta-Training Process of
the Proposed Method

Input: Meta-training dataset Dmeta = {Hi}fil, number of
meta-training iterations 7,yuter, number of inner-loo
steps K, learning rates a, o, initial neural networ
architecture and hyperparameters.

Output: Meta-learned neural network parameters W* and

element-wise adaptive step-sizes 1*.

Initialize W, n randomly.

for iteration =1 to Touter do // Outer loop

1
2
3 Sample a mini-batch of tasks {H;}2; from Dmeta.
4
5

foreach H; in mini-batch do // Inner loop

Randomly split H; into support set train(H;) and
query set test(H;).
6 Set adapted parameters: WEO) — W.
7 fort =0to K —1 do
8 | Compute inner gradient on support set by (25).
9 end
10 Compute task-specific loss on query set:
Zi — Etcst(Hi) (WEK))
11 end
12 Compute meta-objective over mini-batch:

T(W,n) ¢ 57 500 L.

13 Compute meta-gradients with respect to (W, n) by
back-propagation through inner updates.

14 Update meta-parameters with outer-loop gradient
descent by (28).

15 end
16 return Optimized meta-parameters (W™, n*).

B. The Meta-Learning Dataset

In practical deployments a massive number of LS-estimated
channel matrices can be collected almost for free since every
uplink pilot transmission yields a noisy channel realization
sample, denoted by H. Although the noise level, spatial
correlation and propagation geometry vary from frame to
frame, these matrices also share structural traits such as block
fading and reciprocity. Our goal is to provide the proposed
framework with a well-informed starting point that remains
agnostic to hand-crafted priors, so it can accommodate a wide
range of noise statistics without having to learn from scratch
each time.

With this aim we compile a meta-training set Diyea =
{H;}N |, containing only raw LS outputs gathered under
different SNRs, antenna configurations, Doppler spreads and
LoS/NLoS conditions, with no clean channel labels required.
Because the samples arise naturally during normal operation,
assembling Dy, imposes negligible overhead and keeps
the overall complexity unchanged. For every task H; we
randomly assign a subset of its antenna positions to a support
set and the remainder to a query set. The support set drives
the inner adaptation of Meta-SGD, while the query set eval-
uates how well the adapted parameters generalise to unseen
coefficients within the same channel realisation.

This label-free, diversity-driven design endows the
meta-learner with rich prior knowledge of realistic noise
patterns and channel structures, ensuring that the subsequent
online adaptation phase benefits from a broad and representa-
tive foundation. This dataset feeds the meta-training process
detailed next.
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C. Offline Meta-Training Process

Meta-training operates on the label-free collection Dyera =
{H;}Y | introduced in Section IV-B. Each H; is turned into
a task by randomly partitioning its antenna positions into a
support set train(H;) and a query set test(H;).

a) Inner update: Starting from the shared parameters
W and the element-wise step-size vector 7}, the estimator
performs K gradient steps on train(H;):

WO =w,
(t+1) (t) (t) 25)
w =W —no vW(t)ﬁtrain(Hi) (W )
for t = 0,1,..., K — 1, where o denotes element-wise

multiplication. The resulting adapted parameters WZ(K) are
task-specific and obtained entirely from noisy inputs, without
requiring any clean channel labels. Here, the training loss used
in the inner loop shares the self-supervised composite form
defined earlier in Section III-C. The test 10sS Licge(rr,)(W)
employed in the outer loop has the same formulation but is
evaluated exclusively on the query set.

b) Outer update: The meta-objective evaluates how well
the adapted weights generalise to the query coefficients:

J(W.n) = ]EHin(H) |:L:test(H1;) (WZ(K))] .

In practice, we approximate this expectation by averaging
over a mini-batch of M tasks randomly sampled from H:

(26)

M
1
j(Wﬂ?) ~ M Z‘Ctest(Hi) (WZ(K))

i=1

27

Back-propagation through the K unrolled inner steps yields
the gradients of J with respect to both W and 7, which are
used by a standard optimiser to update the meta-parameters
as follows:

W W —aVwI(W,n), n<n-—ayVaJ(W,n),
(28)
where o and «, denote the learning rates of the outer
optimizer.
Remark 3. For non-Gaussian or time-varying noise, a small
K with a large T, is preferable, enabling the model to learn
a robust initialisation from diverse tasks rather than over-
refining on individual tasks. A small inner-loop step K yields
fast memory-efficient updates and promotes better cross-task
generalisation. In contrast, a large K improves per-task fitting
but increases the risk of over-fitting support-set noise.
Repeating the inner-outer cycle over a large, SNR-diverse
mini-batch of tasks for Ty iterations produces the
meta-initialisation (W™*, n*) as shown in Algorithm 2 and
the corresponding part in Fig. 1, which is then passed to the
online adaptation stage in Section IV-D.

D. Online Meta-Adaption Process

In online deployment, the estimator must adapt to each
newly received LS-estimated channel realization. Given the
offline-trained meta-initialisation (W™, n*), the online adap-
tation is both algorithmically fast at inference and straight-
forward: upon observing a new noisy channel matrix hpg,

Algorithm 3: The Online Meta-Adaptation Process of
the Proposed Method

Input: Offline-trained meta-parameters (W*, ), incoming
LS-estimated channel realizations {h{"% }\_,
observed sequentially. .
Output: Final channel estimates {h;’;ﬁm}ﬁzl corresponding
to each incoming noisy channel realization.
1 Online Adaptation and Inference Loop:
2 Set W)« W~
3 forn=1to N do

4 Observe new online channel realization hgé).
// Perform online adaptation:
for t =0 to Kopiine — 1 do
| Compute online gradient step by (29).
end
Set adapted parameters: W W Fonine)
// Inference using adapted parameters:
9 Compute final channel estimate:

0 | b, < SR W)
// Continuous tracking:
n | WO wh
12 end
(n) N

13 return Final denoised channel estimates {hp;;  }n=1

® N wm

the model performs only a few gradient-based adaptation
steps starting from W™, using the pre-calibrated learning rates
n*. Specifically, we first construct the channel-coefficient
bank from the observed channel realization as described in
Section III-A. Each online adaptation step then minimizes the
self-supervised loss function, computed exclusively from ran-
domly selected pairs of noisy coefficient samples drawn from
the channel-coefficient bank. Given the meta-initialisation, the
parameters are updated rapidly as follows:

WD = WO — 5" 6 Vv Lontine (WD) (29)

for t = 0,1,..., Konline — 1, wWhere typically Kopjine < K.
After these few gradient steps, we directly obtain the adapted
estimator parameters W+, Inference then proceeds imme-
diately by applying the adapted estimator to the full noisy
channel: R N /
hrina = f(hLS; A )

Moreover, the online meta-adaptation supports continuous
parameter refinement when processing a sequence of multiple
incoming channel matrices. Consider a sequence of LS-
estimated channel matrices hgs?,hgs), .. .,thg), the model
can continuously adapt its parameters to dynamically track
the evolving channel distribution. Concretely, starting from
the meta-initialisation parameters W*, the adaptation param-
eters after processing each channel realization are recursively
updated:

(30)

w0 = wr,
W = WD — %6 Vatamn) Lonting W3 h(Y),
(31
n = 1,...,N, where each channel realization hgé) has

its own constructed channel-coefficient bank for computing
the self-supervised loss. Subsequently, inference for the n-th
channel is conducted with:

b | = f(hly; W), (32)
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Fig. 3. The NMSE versus the SNR in Gaussian noise (a = 1,b = 0).
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Fig. 4. The NMSE versus the SNR in Laplacian noise (¢ = 0,b = 1).

This online adaptation mechanism leverages Meta-SGD, al-
lowing model parameters to quickly track dynamically chang-
ing channel conditions and improve adaptability, as detailed
in Algorithm 3. Such capability is particularly advantageous
in wireless systems with evolving channel statistics caused
by mobility or environmental changes. The entire adaptation-
inference loop is lightweight and enables rapid estimation,
thus avoiding the excessive overhead and latency of repeated
conventional retraining in dynamic scenarios.

V. SIMULATION RESULTS

In this section, we numerically validate the effectiveness of
the proposed algorithm by evaluating its NMSE performance,
defined explicitly as:

B inal — h 7
NMSE — E | e —hllE | 33)
[[hll%
where E[] denotes the expectation and | - || represents

the Frobenius norm. Unless otherwise stated, the simulation
results are presented in dB scale.

A. Experimental Details

All channel realizations employed in the simulations are
generated following the 3GPP channel model within the
QuaDRiGa simulation framework [53], executed in the MAT-
LAB. Unless otherwise stated, the scenario is set to the 3GPP
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Fig. 5. The NMSE versus the SNR in BGIN (¢ = 0,b = 1).

—©—LS - Lap

—A—Self2Self - Lap
Proposed - Lap

-©-LS -BGIN

- A-Self2Self - BGIN

Proposed - BGIN

NMSE (dB)

0 2 4 6 8 10 12 14 16 18
SNR (dB)

Fig. 6. The NMSE versus the SNR in noise mixture scenario (a = 0.5,b =
0.5).

38.901 Urban Micro (UMi) LoS model, and the default system
parameters are configured as follows: the number of receive
antennas n,x = 64, the number of transmit antennas n, = 32,
and the pilot sequence length is set to 36. Our deep learning-
based channel estimation method is implemented using Py-
Torch 2.0.1 with CUDA 11.7, and executed on a computa-
tional platform equipped with an NVIDIA RTX 3090 GPU
with 24 GB memory, alongside a 20-core AMD EPYC 7642
CPU.

We summarize the experimental parameters and hyperpa-
rameters settings as follows. For channel-coefficient bank con-
struction, we set the patch size for local coefficient extraction
as p = 9, non-local similarity search window W = 22,
M = 10 nearest neighbors for constructing the channel-
coefficient bank, and sample 5 slices per training batch. To
mitigate excessive GPU memory consumption, the block size
for partial matrix processing is configured as 16. Model
training runs with an initial learning rate of 1 x 10~%. In
Meta-SGD, the outer-loop learning rate is 1 x 102 over 400
iterations, each with 10 inner-loop steps, and tasks are split
with a support ratio of 0.8.

To comprehensively assess the performance of our pro-
posed method, we consider a range of baseline algorithms
spanning both traditional methods and state-of-the-art deep
learning-based approaches, including supervised and self-
supervised paradigms.
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Fig. 7. The NMSE versus the SNR in NLoS.

For traditional benchmarks, we employ the traditional LS
and LMMSE estimators. For the supervised deep learning
baseline, we utilize DnCNN [24], [25], a popular model
that requires extensive labeled datasets and prolonged offline
training. Following the original methodology in [24], we train
two distinct DnCNN models separately at low and high SNRs
(specifically at 6 dB and 12 dB, respectively) and subsequently
apply the trained models across their corresponding SNR
regimes, as training and maintaining a dedicated model for ev-
ery single SNR level is impractical for real-world deployment.
We train the model for most 500 iterations, utilizing a batch
size of 128 and an initial learning rate of 10~3. The training,
testing and validation sets consist of 32000, 4000 and 4000
channel samples, respectively. In the self-supervised category,
we select DIP [14] and the recently proposed Self2Self [26]
algorithm. Notably, Self2Self currently represents the state-
of-the-art self-supervised approach for this task, although
it necessitates a large-scale neural network structure and
significant computational time during inference. Consistent
with the implementation in [26], [36], we employ a 5-level U-
Net with partial convolutions and optimize the network for a
fixed budget of 5000 iterations per instance (without heuristic
early-stopping) with a learning rate of 10™%.

We evaluate performance under both Gaussian and non-
Gaussian noise to comprehensively assess the robustness and
generalization capability of our proposed method. The non-
Gaussian cases follow widely used models in the literature.
The complex Laplacian noise is generated as in [30], by
combining independent real and imaginary components from
a Laplace distribution, with scale parameter b = /o2 /2 to
match the variance of the Gaussian baseline. The BGIN model
follows [37], where the received noise is ngg = ny, + Gn;,
with 8 € {0,1} an i.i.d. Bernoulli switch of probability 0.01.
Thermal noise variance is 03} = E¢nix/SNR and impulsive
noise variance is 07 = Ko?2 with K = 18dB. The Laplacian
noise scenario serves as the default baseline throughout our
experiments. All noise processes are i.i.d. across channel
coefficients, and the non-Gaussian scenarios are configured to
have identical average noise power as the Gaussian baseline
for fair comparison.
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B. Numerical Results

Fig. 3 presents NMSE versus SNR under Gaussian noise
(@ = 1,b = 0) for all compared methods. Our approach
consistently yields the lowest estimation error, substantially
outperforming traditional LS and LMMSE estimators across
the SNR range, with error reductions exceeding 90% at
low-SNR regime. The supervised DnCNN method achieves
strong results at 6 and 12dB due to SNR-specific training,
but elsewhere performs similarly to the self-supervised DIP
method. Self2Self surpasses other baselines, yet our method
retains a clear advantage, particularly at moderate and high
SNRs, confirming its robustness and overall effectiveness.

Fig. 4 shows the NMSE performance under Laplacian noise
(@ =0,b=1). All baselines suffer noticeable degradation in
non-Gaussian conditions, with LS and LMMSE experienc-
ing significant declines. Despite this, our method maintains
robust superiority, outperforming all other approaches by a
considerable margin. At low SNR, our algorithm improves
estimation accuracy by over five times relative to both the su-
pervised DnCNN and the self-supervised DIP methods. Even
the advanced Self2Self baseline is notably challenged in the
presence of non-Gaussian noise, while our method achieves
substantial gains, underscoring its enhanced robustness and
adaptability to diverse noise environments.

Fig. 5 presents the NMSE results under BGIN (a = 0,b =
1). The presence of significant impulsive noise degrades the
performance of all methods noticeably, including ours. Tradi-
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tional estimators are particularly impacted, further widening
the gap with deep learning-based approaches. DnCNN and
DIP remain comparably effective despite the impulsive inter-
ference. Notably, our proposed method consistently outper-
forms Self2Self and other baselines, demonstrating significant
robustness and superior capability for mitigating the detri-
mental impact of impulsive interference in realistic wireless
communication environments.

Fig. 6 presents the NMSE results under the mixed-noise
setting (a = 0.5, b = 0.5), where the non-Gaussian component
is either Laplacian or BGIN. The composite interference
elevates error for all estimators, with the BGIN mixture
proving more detrimental than the Laplacian mixture. While
Self2Self improves upon LS across SNRs, our proposed
method consistently achieves the lowest NMSE for both
mixtures, with particularly clear margins at low—to—moderate
SNR. These results confirm the distribution-agnostic design
of our estimator and its robustness when Gaussian and non-
Gaussian disturbances coexist.

Fig. 7 presents the channel estimation performance evalu-
ated in terms of NMSE under a NLoS scenario. Compared
to LoS conditions, the performance differences among the
various algorithms become noticeably more compact across
the entire SNR range. This phenomenon can be attributed to
the inherent complexity and randomness of NLoS channels,
characterized by severe multipath fading and lack of domi-
nant direct paths, which collectively pose greater challenges
for accurate channel estimation. Nevertheless, our proposed
method consistently achieves the best or near-best estimation
performance, notably outperforming traditional approaches
such as LS by more than an order of magnitude at low SNR
regimes. These results further demonstrate the efficacy and
robustness of our approach in challenging NLoS propagation
environments.

Figs. 8 - 9 show the NMSE performance as the number
of transmit and receive antennas increases from 16 to 72.
With more antennas, the number of coefficients grows and
the per-antenna pilot allocation decreases, making estimation
increasingly difficult and resulting in higher errors for all
methods. Despite this, our proposed algorithm consistently
achieves the lowest NMSE across the varying antenna con-
figurations. Notably, our method with 64 transmit antennas
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Fig. 11. The NMSE versus the epoch.

achieves comparable performance with the traditional LS
baseline at 16 antennas, and with 72 receive antennas rivals
DnCNN at 16, clearly outperforming traditional approaches.

Fig. 10 depicts the impact of varying the number of pilot
symbols on the channel estimation performance for different
methods. It is clear that our proposed approach consistently
achieves the lowest NMSE across the entire range of pilot
numbers. Notably, even under severely limited pilot resources,
such as with only 36 pilots, our method attains superior
estimation accuracy, outperforming traditional approaches that
employ 60 pilots. These results highlight the outstanding data
efficiency and robustness of our approach in scenarios with
scarce pilot resources.

C. Complexity & Convergence Analysis

Table I compares the computational resources of all meth-
ods, including run-time, model size, and memory usage. Our
approach achieves excellent efficiency, with GPU and CPU
run-times only 1.48% and 0.26% of Self2Self, respectively,
thanks to its lightweight network and meta-learning strategy
that significantly accelerates convergence during inference. It
is worth noting that these results are based on unoptimized
FP32 implementation. In practical deployment, further ac-
celeration can be achieved via dedicated inference engines
(e.g., TensorRT) and model quantization (e.g., INT8/INT4) on
NPUs or FPGAs, which typically offer multi-fold speedups
[54]. Because DnCNN is trained offline with significant
amounts of labeled data, its inference time at deployment
is almost negligible. Each forward pass requires just 230
M FLOPs, much less than Self2Self (990 M) and DnCNN
(1366 M), and meta-learning adds no extra FLOPs during in-
ference. The total proposed model size is only 225k including
meta-parameters, about ten times smaller than DIP and much
less than other deep learning baselines. Memory usage is also
modest at 130 MB, nearly ten times less than self-supervised
competitors. These characteristics make our method highly
suitable for low-latency and resource-constrained wireless
communication applications, without compromising estima-
tion performance.

Fig. 11 shows that while Self2Self and DIP need about
1500 epochs to converge, our method achieves lower NMSE
in just 350 epochs without meta-learning, and only 150 epochs
with meta-learning enabled. This demonstrates much faster
convergence and higher accuracy, underscoring the efficiency
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TABLE I
COMPARISON OF COMPUTATIONAL RESOURCES AMONG DIFFERENT METHODS.
Method Proposed  Proposed (w/o Meta-SGD) DIP Self2Self DnCNN
GPU Run Time (sec.) 2.82 6.17 5891 190.13 -
Percentage 1.48% 3.23% 30.98% 100% -
CPU Run Time (sec.) 3.34 6.31 107.48 1279.34 -
Percentage 0.26% 0.49% 8.40% 100% -
Model Parameters (k) 224.51 113.13 2230.00 1120.00 669.38
FLOPs (M) 229.11 229.11 580.82 990.25 1365.61
Memory (MB) 131.40 129.80 972.90 4720.41 3912.00
TABLE II
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Fig. 12. CDF of the average patch matching error across diverse propagation
scenarios.

and practical advantages of our meta-learned self-supervised
framework for robust channel estimation.

D. Generalization and Robustness Analysis

1) Robustness of Non-Local Self-Similarity: To further
validate the generalization capability, we analyze the stability
of the core non-local self-similarity assumption across UMi,
Urban Macro (UMa), and Rural Macro (RMa) environments.
As shown in Fig. 12, while LoS scenarios naturally exhibit the
highest similarity, the patch matching error in NLoS condi-
tions remains bounded significantly below that of uncorrelated
patterns, despite severe multipath scattering. These results
demonstrate that the proposed feature extraction mechanism
is statistically robust against diverse propagation scenarios.
Even in the most complex urban environments, the non-local
self-similarity property is preserved sufficiently to distinguish
channel features from noise.

2) Performance under «-Stable Noise: To further assess
the robustness against heavy-tailed interference, we conducted
experiments using the a-Stable noise model. Table II presents
the NMSE performance at 10 dB with varying characteris-
tic exponents «. Traditional estimators and the supervised
baseline exhibit severe performance degradation under impul-
sive conditions. In contrast, the proposed ZS-SS framework
maintains robust performance across varying characteristic
exponents, exhibiting strong resilience to impulsive outliers
while preserving high accuracy in the Gaussian regime.

Method a=14 a=1.6 a=1.8 a = 2.0

LS 16.50 10.82 7.05 5.13

LMMSE 12.09 9.29 3.91 1.56

DnCNN 8.22 2.58 -0.94 -2.81

Self2Self 1.18 -0.60 -2.70 -2.84

Proposed -0.09 -0.80 -4.06 -4.86
TABLE III

ROBUSTNESS AGAINST SPATIALLY COLORED NOISE

Noise Type Correlation (p) NMSE (dB)
Independent (Baseline) 0.0 —8.29
Weak Correlation 0.2 —7.98
Moderate Correlation 0.5 —7.80
Strong Correlation 0.8 —7.42

3) Robustness to Spatially Colored Noise: We further
evaluated the robustness of the proposed ZS-SS framework
under spatially colored noise at SNR = 10 dB, modeled via
an exponential correlation matrix with coefficient p. As shown
in Table III, while NMSE naturally degrades as p increases,
the method remains robust even under strong correlation
(p = 0.8), which is attributed to the decorrelation capability
of non-local search and the global regularization imposed by
the L.

4) Performance of Spectral Efficiency in System-Level:
To validate the practical impact of the improved estimation
accuracy, we evaluated the achievable spectral efficiency in
a downlink MIMO system using zero-forcing precoding. As
shown in Fig. 13, the LS baseline suffers from noise amplifi-
cation, resulting in suboptimal precoding vectors and limited
capacity. In contrast, the proposed method demonstrates sig-
nificant robustness across the SNR range. This confirms that
the proposed estimator effectively prevents precoding distor-
tion, leading to substantial system-level throughput gains.

E. Ablation Study

1) Impact of the Patch Size p and the Non-Overlapping
Patches Size M : Fig. 14 reports NMSE versus the patch size
p and the non-overlapping patches size M. For p, the NMSE
drops quickly from p = 3 to p € [7,9], attains its minimum
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at p = 9, and then slightly increases as p grows toward W.
For M, the NMSE decreases from M = 2 to a minimum at
M = 10. These trends confirm the existence of optimal p and
M, proving Remark 1 and Remark 2.

2) Impact of Inner-Loop Iterations: As illustrated in Fig.
15, the NMSE performance under the BGIN scenario ex-
hibits a “U-shaped” trajectory. The method achieves rapid
convergence, reaching the minimum error at a small number
of steps. Notably, further increasing K leads to performance
degradation, which can be attributed to the model overfitting
the impulsive outliers in the noisy samples. This observation
empirically validates our hypothesis in Remark 3 that a small
K is preferable for robust adaptation.

3) Impact of the Balancing Weight within the Composite
Loss: Fig. 16 presents the sensitivity analysis under Gaussian
and BGIN scenarios by varying the weight assigned to the
Lcg from 0.1 to 0.9 at SNR = 5 dB. Results indicate that
performance degrades at extreme weights in both scenarios.
Notably, low weights cause severe deterioration under both
noise, confirming the necessity of the Lcg. Consequently, a
weight of 0.5 is adopted to ensure robust generalization across
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-
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Fig. 16. Sensitivity analysis of the loss weight parameter under Gaussian
and BGIN scenarios.
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Fig. 17. Trade-off analysis between network depth and NMSE performance.

TABLE IV
IMPACT OF MODEL STRUCTURAL COMPONENTS

Model Variant (SNR = 10 dB) Params (k) NMSE (dB)
With BatchNorm 113.6 —8.19
Kernel 5 X 5 310.8 —8.39
Narrow Width (32ch) 28.4 —7.74
Proposed (64ch, 3 x 3, w/o BN) 113.1 —8.29

diverse environments.

4) Impact of Network Depth: Fig. 17 illustrates the trade-
off between network depth and performance at SNR = 10 dB.
Shallow networks (2 — 3 layers) underperform due to limited
capacity, while extending beyond 4 layers yields negligible
gains despite linear parameter growth. Thus, the proposed 4-
layer architecture strikes the optimal balance between accu-
racy and complexity.

5) Impact of Model Structural Components: Table IV
summarizes the impact of various structural configurations
on NMSE performance. First, incorporating BN degrades the
NMSE from —8.29 dB to —8.19 dB, as normalization layers
tend to restrict the range flexibility required for low-level
signal recovery. Second, while increasing the kernel size to
5 x 5 yields a marginal gain, it nearly triples the parameter
count, confirming that 3x 3 kernels offer the optimal efficiency
trade-off. Third, reducing the feature width to 32 channels
leads to a significant performance drop, justifying the selec-
tion of 64 channels for sufficient representational capacity.
Finally, residual connections are omitted since the shallow
network depth avoids gradient vanishing, making additional
skip connections computationally redundant.
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TABLE V
IMPACT OF ALGORITHM COMPONENTS

Method / Ablation (SNR = 10 dB) NMSE (dB)
(i) Diagonal Downsampling [41], [42] —6.49
(ii) Bernoulli Masking [26], [36] —6.12
(iii) w/o Sampling-Consistency Term Lg¢ —7.68
Proposed —8.29
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Fig. 18. Quantification of patch mismatch with respect to neighbor rank.

6) Impact of Algorithm Components: Table V isolates the
contributions of specific design choices. Replacing the non-
local pixel bank with diagonal downsampling or Bernoulli
masking degrades NMSE to —6.49 dB and —6.12 dB,
respectively. This confirms that structure-agnostic masking
destroys critical pilot information, whereas the proposed non-
local search effectively aggregates correlated features. Fur-
thermore, removing the Lgc reduces performance to —7.68
dB, validating its role in ensuring training stability and robust
generalization alongside the Lck.

7) Analysis of Patch Matching Mismatch: We further in-
vestigated the potential mismatch error introduced by the non-
local pixel bank construction. Fig. 18 quantifies the deviation
of matched patch centers from the ground truth across neigh-
bor ranks. While the mismatch naturally increases from Rank
1 to 10, it stabilizes within the selected range (M = 10)
without divergence. This confirms that the neighbors maintain
structural relevance, and aggregating them effectively reduces
estimation variance in low-SNR regimes. Crucially, the pro-
posed L. acts as a regularization term that mitigates these
local matching mismatches by enforcing global consistency.

8) Impact of Optimization Strategy and Sensitivity Anal-
ysis: Table VI compares the proposed Meta-SGD against
standard SGD and AdamW (with cosine schedule), revealing
a significant performance advantage. This confirms that the
learned, per-parameter step size vector 1) provides superior
adaptation capabilities over scalar-adaptive schemes in the
sparse pilot landscape. Furthermore, replacing 7 with fixed
scalars demonstrates high sensitivity. These results validate
the necessity of the Meta-SGD mechanism for ensuring robust
convergence without manual hyperparameter tuning.

VI. DISCUSSION AND FUTURE WORK

While this work focuses on block-fading channels, extend-
ing the ZS-SS framework to fast-fading scenarios represents
a promising direction. The online adaptation capability of
Meta-SGD could potentially be leveraged to track intra-block
variations by incorporating temporal correlations, which we
plan to explore in future research.

TABLE VI
COMPARISON OF OPTIMIZERS AND SENSITIVITY TO LEARNING RATE (7))

Optimization Strategy (SNR = 10 dB) NMSE (dB)
SGD (Baseline) —5.37
AdamW + Cosine Schedule —5.71
Fixed n = 0.0001 —6.80
Fixed n = 0.001 —7.90
Fixed n = 0.01 —5.46
Proposed (Meta-SGD with Learned 7)) —8.29

To address more complex multi-user environments, such
as joint multi-user MIMO (MU-MIMO) estimation and ex-
tremely severe pilot contamination, future work will extend
the proposed framework by incorporating additional physical
priors and leveraging cross-cell cooperation mechanisms.

Future work also aims to bridge the latency gap by de-
ploying our lightweight estimator as a “Teacher” in O-RAN
Non-RT RICs [55]. By distilling knowledge into specially
designed “Student” networks, we can better combine zero-
shot accuracy with real-time inference capabilities.

VII. CONCLUSION

In this paper, we propose a lightweight ZS-SS learning
framework with meta-learning for channel estimation in mas-
sive MIMO. It exploits non-local self-similarity by building
a coefficient bank from LS pre-estimate and sampling coef-
ficients to generate pseudo-training pairs. A compact CNN
with a specially designed composite loss enables fast con-
vergence, strong robustness and low complexity. To improve
adaptability, we adopt Meta-SGD for online adaptation under
dynamic channels. Simulations show significant performance
gains over traditional and deep baselines in both Gaussian and
non-Gaussian noise environments. Additionally, our method
exhibited outstanding computational efficiency and real-time
feasibility, highlighting its suitability for practical resource-
constrained massive MIMO deployments.

APPENDIX A
THEORETICAL ANALYSIS OF LOSS FUNCTION DESIGN

For Gaussian and non-Gaussian noise with zero mean, con-
sider two independent noisy observations, Y (¥1) = p (k1)
and Y(F2) = h 4 c(R2) | where E[e(F1)c(k2)*] = 0 for k; # ky.
Since both terms in (20) have the same expectation, we only
expand the first:

E[[lf0r®) =y ®] = E[||or®) — aff] +
E[[l*))°] -
2Re]E{<f(Y(k1)) —h, g“ﬂz)ﬂ

~ B[l ) —alf] +

E[|ls*),
(34)
where E[*) | h] = 0, the added term E[||5(k2)||2] is
a constant independent of #, hence minimising the Lcg is
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equivalent to minimising the supervised MSE E|| f(Y) — h||2.
This ensures that the optimum is attained at the ground truth h.
The averaging factor % in (20) normalizes the loss and ensures
the estimator is unbiased over both directions. Consequently,
the gradient scale does not depend on the number of pairs,
Lcr(0) = %Z?Ilﬁi, where each ¢; is a loss term for one
direction.

For more general non-Gaussian noise with non-zero mean
E[(%) | h] # 0, each noisy observation can be decomposed
as YY) = h 4y + &) where E[g%) | h] = 0 and
p = E[¢* ) | h] is the bias. Under the Lcg, the minimizer
satisfies f(Y) = h+p, i.e., the estimator recovers the ground
truth up to the mean bias p. The resulting MSE becomes
E||f(Y) — h||?> = ||u||?>. When compared to the error of using
the raw noisy observation Y, E||Y —h/||? = ||u||®> +E||£]|?, we
have E||f(Y) — h||> < E||Y — h||?. That is, the Lcg always
reduces the random error component, even under non-zero-
mean perturbations. The variance from the random noise is
always reduced, which explains the observed improvement in
NMSE in practical scenarios.

Similarly, the Lg¢c in (23) can be equivalently written as

2
Lo =5 [£BL) - BLUM[ 69

where Y; = By, (V) and X*) = B, (f(Y)) as defined
in (14) and (22). This term enforces

fBr, (Y)) = By, (f(Y)), (36)

which means the network output is invariant under the order
of denoising and patch sampling. Unlike the Lcg, Lsc does
not directly penalize the distance to the ground truth h,
but only encourages consistency between different sampling
routes. Therefore, its main role is to regularize the model and
stabilize training, rather than to provide a direct denoising
signal. Here the Lgc is nearly insensitive to p since the bias u
appears identically in both branches, and primarily penalizes
discrepancies caused by the random noise €. This insensitivity
is beneficial since it ensures the regularization effect of
Lsc remains stable even under non-zero-mean perturbations,
preventing bias amplification and focusing on suppressing
structural drift between samples.

APPENDIX B
BIAS QUANTIFICATION AND CONSISTENCY ANALYSIS

While variance reduction is achieved via averaging, esti-
mation accuracy depends on the bias from neighbor aggrega-
tion, particularly under non-zero-mean noise conditions (i.e.,
E[e] # 0). Let h be the target ground truth and Spy = {h; } M,
be the set of M nearest neighbors identified by the network.
The estimator is modeled as i = a7 Zf\il Y;.

To quantify bias explicitly, we decompose the observation
Y; into signal mismatch A; = h; — h and noise components:

€= p+E&;, (37

where 1 = Ele;] # 0 represents the systematic bias and £;
is the zero-mean random fluctuation (E[¢;] = 0). Taking the

expectation E[h] eliminates the random noise, yielding the
bias decomposition:

M
1
Ehl—h=—Y A, . 38
(] Vi Z +  p (38)
i=1 Systematic Bias
—— M
Patch Mismatch

This derivation confirms that when E[e] # 0, the systematic
bias p persists and adds to the search error. Let dp.x =
max; |h; —h| be the maximum structural dissimilarity allowed
by the search. Applying the triangle inequality to (38) yields
the explicit bound:

M
- 1
(B[R] = k| < 57 D 1A+ |l < Smas - . (39)

=1

The total bias is thus bounded by the worst-case mismatch
Omax and the magnitude of the noise bias |u|. In our frame-
work, minimizing Lgc tightens this bound by reducing dx.

Following non-local means theory [56], the estimator
achieves consistency (i.e., h £ h and Var(fl) — 0) under
specific asymptotic conditions. Specifically, as the bank size
N — o0, the probability of finding exact matches approaches
unity, implying that the structural mismatch 6yax — 0. Simul-
taneously, the number of aggregated neighbors M must grow
such that M — oo and M/N — 0, ensuring the variance of
the random noise component scales as ﬁVar(é) — 0. Further-
more, for the case where E[e] # 0, consistency necessitates
explicit bias removal such that the effective systematic bias
|¢) — 0. Under these combined conditions, both the patch
mismatch and noise components vanish, recovering the true
channel h.
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