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Abstract—To support extremely high data rates in 6G wireless
networks, acquiring accurate channel state information (CSI)
is critical, yet pilot-based channel estimation incurs massive
overhead. Parametric channel estimation (PCE), in which a
deep neural network is trained to estimate a small set of
geometric channel parameters from received pilots, has emerged
as a promising solution to reduce this overhead. However, the
pretrained PCE network suffers from a significant performance
drop when deployed in an environment whose channel parameter
distribution differs from that of the training set. In this paper, we
propose a test time adaptation scheme that adapts a pretrained
PCE network to the target domain using only unlabeled received
signals. The key idea is to model the domain shift as a covariate
shift, where only the input distribution changes while the
mapping from the input to the channel parameters remains
unchanged across domains. Under this view, we adapt the
network using a consistency loss against additive perturbations
of the received signal, together with auxiliary terms that prevent
ordering confusion among the paths and drift from the source
weights. Simulation results demonstrate that the proposed scheme
substantially mitigates the degraded performance of the unadapted
network on the target scenario.

Index Terms—channel estimation, test time adaptation, domain
shift, deep learning.

I. INTRODUCTION

To support extremely high data rates in 6G wireless commu-
nications, the use of high-frequency bands (e.g., mmWave and
sub-THz) along with massive multiple-input multiple-output
(MIMO) antenna arrays has received a great amount of attention
in recent years [1]. To exploit such resources, accurate channel
state information (CSI) at the base station (BS) is essential.
However, the conventional pilot-based channel estimation
incurs a heavy overhead that scales with the bandwidth and
the antenna dimension, making the accurate CSI acquisition a
major challenge in practice [2].

Over the years, deep learning (DL) has emerged as a
powerful tool to address this challenge and has been applied to
channel estimation [3]. Among DL-based channel estimation
methods, parametric channel estimation (PCE) reduces pilot
overhead by estimating a small set of geometric parameters,
i.e., path gains, AoAs, and delays, from pilot measurements
and reconstructing the full channel response from them [4].
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One crucial drawback of DL-based PCE is that the pretrained
network may suffer from a significant performance degradation
due to domain shift. Specifically, the PCE network is a
regression model whose output is closely tied to the surround-
ing propagation environment, so the distribution of channel
parameters varies substantially across deployment scenarios.
As a result, a network trained on a given channel distribution,
referred to as the source domain, may not generalize well to
a different distribution, the target domain, where the changes
in environment geometry, SNR level, user mobility, or carrier
frequency severely affect the estimation accuracy.

To handle this issue, various adaptation approaches have
been studied for DL-based wireless modules. In [5], a domain
adaptation scheme bridging the gap between a simulated (quasi-
static) channel model and a map-based (ray-traced) channel
model has been proposed. In [6], a meta-learning approach has
been proposed to enable fast beamforming adaptation to new
wireless environments from only a limited amount of labeled
target data. While effective, these schemes require perfect
channels as ground-truth, which are typically unavailable
during operation since the underlying channel is not directly
observable. On the other hand, test time adaptation (TTA)
techniques that adapt the pretrained model online using only
unlabeled target data have been developed in the machine
learning community [7], [8]. However, since these methods
are mostly designed for classification tasks (e.g., entropy
minimization [8] or feature distribution alignment [9]), they
are not directly applicable to regression problems such as PCE.

An aim of this paper is to propose a TTA scheme that
can be applied to DL-based PCE. Our key observation is
that environmental variations primarily affect the statistical
distribution of the received signal rather than the underlying
mapping from the input to the channel parameters, since the
channel is generated from the same few parameters regardless
of the domain. We therefore model the domain shift as a
covariate shift, where the marginal input distribution changes
while the conditional relation between input and output is
preserved. Under this view, the pretrained network already
encodes the correct mapping and only needs to be adjusted to
the new input distribution. To this end, we adopt a consistency
loss, which has been widely used in semi-supervised learning
and TTA to align a model with the target input distribution
while preserving the mapping learned in the source domain
[10]. The proposed scheme employs an additive consistency
term that forces the network to produce consistent predictions
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under perturbations of the received signal, augmented by a
physical consistency term that enforces a valid ordering of the
estimated delays and a regularization term that anchors the
network to the source weights. From the simulation result, we
demonstrate that the proposed scheme substantially improves
the degraded performance of the network.

II. SYSTEM MODEL AND PROBLEM FORMULATION

We consider an uplink single-input multiple-output (SIMO)
OFDM system in which the BS equipped with a uniform linear
array (ULA) of Ny antennas serves a single-antenna user
equipment (UE). The system employs N, subcarriers with
subcarrier spacing A f. The uplink channel vector at subcarrier
s is expressed as

L
h, = Zal e 2™ fsmia(), s=1,...,N,, (1)
=1
where «; € C, 7, and 6; denote the complex gain, delay, and
AoA of the [-th path, respectively, and f, = f.+(s— Y5 )Af
is the frequency of the s-th subcarrier with carrier frequency
fe. The array steering vector a(f;) € CV&= of the ULA is
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where d is the antenna spacing and A is the signal wavelength.

Such a geometric multipath representation is widely adopted in
high-frequency systems, where the propagation is dominated
by a small number of specular paths [11].

With this channel, the received pilot signal at subcarrier s
is given by
3)

where x is the known pilot symbol transmitted by the UE
and ng ~ CN(0,0°I) is the additive white Gaussian noise
(AWGN). Stacking the received signals over all N, subcarriers,
the received signal matrix is given by

YS:th+nS7

€ CNrxx e, )

The channel in (1) is represented by the parameter set p =
{ay, 0,7}, and the goal of PCE is to recover the estimate
p from Y and to reconstruct the channel fls through (1). To
this end, we employ a DL network f(-;®) that learns the
nonlinear mapping from the received signal to the channel
parameters,

Y = [Y17YQ7---7YNS]

p = f(Y;0). (5)

Since the geometric parameters are estimated rather than the
per-subcarrier coefficients, the channel response over the entire
band can be reconstructed from p, which substantially reduces
the pilot overhead.

III. PROPOSED TEST TIME ADAPTATION

The main goal of the proposed scheme is to adapt a pretrained
PCE network to the target domain using only unlabeled target
signals. We view the domain shift as a covariate shift, where the
input distribution changes across domains while the mapping
from the input to the channel parameters is preserved. Under
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Fig. 1. Overall framework of the proposed test time adaptation scheme.

this view, the adaptation is reduced to aligning the network with
the target input distribution while maintaining the mapping
learned in the source domain, which we realize through a
consistency loss against additive perturbations of the received
signal. To prevent the unsupervised objective from drifting to
invalid configurations or away from the mapping learned in
the source domain, we further introduce a physical consistency
term that enforces a valid ordering of the estimated delays and
a regularization term that anchors the network to the source
weights.

A. Adaptation Setup

During source training, the network parameters ® =
{O®., Oy}, consisting of the feature extractor parameters O,
and the MLP head parameters ®y, are learned by super-
vision on labeled source data, yielding the source weights
Oy = {O;., Oy, }. During target adaptation, we freeze the
MLP head, ®y, = Oy 1, and adapt only the feature extractor to
the target input distribution. The adaptation therefore minimizes
LTt over ©, alone, i.e.,

O, O, —nVe, LrTa, (6)

where 7 is the learning rate.

B. Network Architecture

We design the PCE network f(-;®) as a Transformer-
based architecture [12] consisting of a feature extractor and
a multi-layer perceptron (MLP) head. This is motivated by
the effectiveness of self-attention in capturing the structure
of high-dimensional channel measurements for parameter
acquisition [13]. As an input, the received pilot signal Y is first
projected through an input embedding layer and combined with
positional encodings to preserve the resource grid structure
of the input. The embedded sequence is then passed through
a stack of Np Transformer encoder blocks, each consisting
of the multi-head self-attention layer and the feed-forward
layer. By the self-attention mechanism, the network captures
the correlations across the antenna and subcarrier dimensions.
The extracted features are then passed through the MLP head
to produce the estimated channel parameters p.
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Fig. 2. Network Architecture.

Fig. 1 illustrates the overall framework of the proposed
scheme. The same network architecture shown in Fig. 2 is
used in both the source training and the target adaptation phases,
while the training objective changes from a supervised loss in
the source training to the proposed unsupervised Lpra in the
target adaptation. By doing so, the proposed scheme preserves
the architectural backbone learned in the source domain while
adapting the network to the target distribution.

C. Adaptation Loss

The proposed objective is a weighted sum of three comple-
mentary terms,

LTTA = )\conﬁcon + )\phys[:phys + /\reg‘crega (7)

where Acon, Aphys. and Aree are the weighting factors balancing
the three contributions, and are tuned empirically.

1) Noise Consistency. At each iteration, random perturba-
tions are added to the received signal and the network is forced
to produce the same prediction on the original and perturbed
inputs. This encourages the network output to be stable under
input variation, and thus to remain consistent across the gap
between the source and target distributions. The objective is
expressed as

M
STIF(Y:8) — F(Y +En; @), (®

m=1

1

ECOH - M

where E,,, is the m-th random perturbation matrix and M is
the number of perturbations.

2) Physical Consistency. The estimated channel parameters
must remain physically admissible after the adaptation. Since
the propagation paths are indexed in ascending order of delay,
the estimated delays should satisfy 77 < 75 < --- < 7. We
penalize any violation of this ordering through

L—-1

Ephys = Z maX(O7 7A—l - %H-l)a
=1

©))

Algorithm 1 Proposed Test Time Adaptation

Require: Source weights @3 = {©; ., O, 1, }; unlabeled target
batches {Y(b)}{f:l; weights Acon, Aphys, Areg learning rate
7); perturbation count M and variance ag.

1: Initialize ® < O and freeze the MLP head ©), = Oy ,.
2: for each target batch Y do

33 form=1,....M do

4: Draw E,,, ~CN (0, 021) and evaluate f(Y +E,,; ©).
5:  end for

6:  Compute Lcon, Lphys, Lreg from (8)—(10).

7 CTTA <_)\COH‘CCOI] + )\physﬁphys + )\regﬁreg-

8: @e — @e — UVQS»CTTA~

9: end for

10: return Adapted weights © = {©®,, O, }.

which prevents the adaptation from collapsing into physically
invalid configurations such as out-of-order delays caused by
confusion among the propagation paths.

3) Regularization. Adapting with an unsupervised objective
alone may cause the network to drift away from the mapping
acquired during source training. To preserve it, we anchor the
adapted weights to the source model [14], expressed as

Licg = [|®c — Ocll; (10)

which mitigates catastrophic forgetting and stabilizes the
adaptation process.

The three loss terms serve complementary roles: L., makes
the estimate insensitive to domain-induced variations, Lpnys
prevents confusion in the ordering of the paths, and L,cq
preserves the mapping learned during source training.

D. Adaptation Procedure

Starting from the source-trained weights ®, for each batch
of unlabeled target signals, we draw M random perturbations,
evaluate the three loss components, and update ® by gradient
descent on Lpra. The procedure requires only the unlabeled
target signals and the source weights, and incurs only a small
computational overhead beyond the standard forward pass,
making the proposed scheme suitable for online deployment.

IV. SIMULATIONS AND DISCUSSIONS
A. Simulation Setup

We consider a domain-shift scenario from a synthetic source
domain to a ray-traced target domain. In the source domain,
the channel parameters {ay, 6;, Tl}lL:1 are randomly generated
with L = 3 paths including a dominant line-of-sight (LoS)
component. In the target domain, the channel parameters are
instead obtained from a ray-tracing simulation of an outdoor
environment. The BS is equipped with an Nrx = 16 ULA and
the input is taken over N, = 16 subcarriers, i.e., Y € C16%16,

The PCE network uses a Transformer-based feature extractor
with Ng = 4 encoder blocks, 4 attention heads, and an
embedding dimension of 128, followed by an MLP head. For
source training, we use received pilot signals from 200,000 UEs
at different positions. Training is done with Adam optimizer
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Fig. 3. Channel NMSE as a function of SNR.

at a learning rate of 102 and a batch size of 128 over 50
epochs. For target adaptation, 10,000 unlabeled target signals
are used, the adaptation runs for 1 step per batch at a learning
rate of 10~%, M = 4 perturbations per sample are drawn with
variance 012) corresponding to the operating SNR, and the loss
weights Acon, Aphys, Areg are 0.5, 0.3 and 0.1, respectively.
As the performance metric, we adopt the channel normalized

mean square error (NMSE) defined as

Ih — b3

NMSE = E| 1=~ 202 |
[h]|3

(11

where h is reconstructed from the estimated channel parameters.

We compare the proposed scheme with the following baselines:
1) least squares (LS) estimator, 2) the unadapted pretrained

network, and 3) the network fine-tuned with labeled target data.

B. Simulation Results

In Fig. 3, we plot the channel NMSE as a function of the
received SNR over the range of 0-10dB. We observe that the
proposed scheme consistently achieves a lower NMSE than the
unadapted network across the entire SNR range. For example,
when SNR is 0dB, the proposed scheme achieves an NMSE
reduction of more than 1.2dB over the unadapted network,
confirming that the pretrained network can be effectively
adapted to the target domain without any target labels.

The improvement is most pronounced in the low-SNR
regime, where the source-trained network is most vulnerable to
the domain shift. LS estimator exhibits high NMSE at low SNR
and improves as the SNR increases. Unlike model-based [15] or
DL-based estimators, it relies solely on the noisy pilots without
exploiting any prior knowledge of the channel structure. From
these observations, we can see that the DL-based methods offer
the largest advantage in the low-SNR, where accurate channel
estimation is most challenging, by adapting the pretrained
network through the noise consistency constraint, while the
ordering and regularization terms prevent confusion among the
paths and drift from the source weights. The fine-tuned network,
which exploits labeled target data, serves as a performance

upper bound, and the proposed scheme narrows a large portion
of this gap without using any target labels.

V. CONCLUSION

In this paper, we addressed the performance degradation of
DL-based parametric channel estimation under domain shift.
The key insight is that environmental variations primarily affect
the input distribution while leaving the mapping from the input
to the channel parameters unchanged. We therefore proposed a
test time adaptation scheme that aligns the pretrained network
with the target input distribution through a consistency loss
under additive perturbations of the received signal, together
with a term enforcing a valid ordering of the estimated delays
and a regularization term that anchors the network to the
source weights. The simulation results showed that the proposed
scheme effectively restores the performance without using any
target labels.
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