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ABSTRACT Intelligent reflecting surfaces (IRS) have emerged as a promising technology to enhance signal
propagation in sixth-generation (6G) wireless communication systems. However, acquiring accurate channel
state information (CSI) in IRS-assisted networks remains a significant challenge due to high pilot overhead
and the passive nature of IRS elements. This paper presents a novel deep learning framework, termed U-
BiTRCE (U-Net, bidirectional long short-term memory, and transformer-based cascaded estimator), which
combines U-Net-based spatial encoding, bidirectional long short-term memory (BiLSTM) for temporal
modeling, and a Transformer block for contextual refinement. The model predicts cascaded IRS channels
using partially observed least squares (LS) estimates of known element groups, thereby minimizing
training overhead while achieving high estimation accuracy. A key novelty of this work lies in the unified
integration of spatial, sequential, and attention-driven feature learning within a single architecture for IRS
channel estimation. In contrast to conventional methods such as LS, Linear Minimum Mean Squared Error
(LMMSE), and orthogonal matching pursuit (OMP), the proposed scheme does not require graph modeling
or sparsity assumptions. To support real-time feasibility, a detailed computational complexity analysis is
presented, demonstrating the model’s scalability and low inference latency. Experimental results show
that U-BiTRCE consistently outperforms baseline methods including convolutional deep residual network
(CDRN) and graph transformer IRS channel estimator (G-TIRC), achieving up to 152.4% improvement in
normalizedmean squared error (NMSE) over LS. Additionally, the model exhibits robust convergence across
varying signal-to-noise ratio (SNR) levels, IRS sizes, batch sizes, and multi-user configurations. U-BiTRCE
maintains an average inference time below 18 milliseconds per frame, validating its practicality for real-time
deployment in large-scale IRS-assisted 6G systems.

INDEX TERMS IRS, channel estimation, BiLSTM, deep learning, 6G wireless networks.

I. INTRODUCTION
The evolution of wireless communication systems is rapidly
progressing toward realizing high-capacity, low-latency, and
energy-efficient networks for beyond-5G and 6G applica-
tions. Among the emerging technologies that promise to ful-
fill these ambitious objectives, Intelligent Reflecting Surfaces
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(IRS) have gained substantial attention due to their capability
to reconfigure the wireless propagation environment in a
low-cost and passive manner [1]. An IRS consists of a large
array of passive reflecting elements, each capable of adjusting
the phase of incident electromagnetic waves to intelligently
control signal reflections [2]. This ability to manipulate
the wireless channel opens new opportunities for boosting
signal strength, enhancing coverage in blind spots, and
improving system-level metrics such as spectral efficiency
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(SE) and energy efficiency (EE), all while requiring minimal
hardware complexity and power consumption [3]. However,
the deployment of IRS introduces a unique set of challenges,
particularly in the domain of channel state information (CSI)
acquisition. The accurate estimation of cascaded channel,
encompassing the paths from base station (BS) to the IRS
and from the IRS to the user, is critical to unlock the full
benefits of IRS-enabled systems. Conventional techniques
like least-squares (LS) and linearminimummean square error
(LMMSE) estimation are often employed, but they typically
require long pilot sequences whose length scales with the
number of IRS elements. This imposes a substantial pilot
overhead, especially when the IRS comprises hundreds of
elements [4]. Additionally, assumptions of channel sparsity
in compressed sensing-based methods may not hold in
realistic environments with dense multipath or non-line-
of-sight (NLoS) propagation, thereby degrading estimation
accuracy [5].
In IRS-assisted systems, conventional CE methods such

as LS, LMMSE, and OMP have been explored, but each
faces notable drawbacks. LS is noise-sensitive and needs
longer pilot sequences for larger IRS; LMMSE demands
heavy computation and accurate channel statistics; and OMP
relies on sparsity assumptions that fail in dense or non-sparse
environments. Collectively, these approaches scale poorly,
incur high pilot and computation costs, and cannot capture
spatial–temporal correlations in grouped IRS elements. Such
limitations motivate deep learning solutions that learn from
limited pilots and adapt effectively to diverse channel
conditions.

To mitigate these limitations, recent works have explored
advanced learning-based approaches, including convolu-
tional neural networks (CNNs), residual learning, and more
recently, transformer architectures that leverage attention
mechanisms. These methods have demonstrated significant
improvements in estimation accuracy and pilot reduction [6],
[7]. Nonetheless, they either lack the ability to model
fine-grained spatial structures or fail to effectively capture
temporal dependencies across IRS groups, leading to sub-
optimal generalization in dynamic scenarios [8]. In this
paper, we propose a novel deep learning-based framework
that synergistically combines the architectural strengths
of the U-Net and bi-directional long short-term memory
(BiLSTM) networks to address the intricate challenges of IRS
channel estimation (CE) [9]. The proposed model, referred
to as U-BiTRCE (U-Net and bi-directional transformer-
based channel estimation), is specifically designed to exploit
the spatial coherence across neighboring IRS elements and
the temporal evolution in channel response patterns across
grouped pilot observations. U-Net serves as a powerful
encoder-decoder backbone for multi-scale spatial feature
extraction, preserving both local and global information
crucial for channel reconstruction [10]. Meanwhile, BiLSTM
layers are employed to model the bidirectional dependen-
cies and sequential relationships across grouped channel
estimates, thereby enhancing the contextual understanding

of the network and enabling more accurate estimation of
unobserved groups. Distinct from prior transformer-based
methods, our architecture operates efficiently with reduced
computational overhead and avoids the complexity of graph-
based pre-processing. We also incorporate position-aware
encoding to preserve structural information and improve
generalization to unseen IRS configurations. The proposed
U-BiTRCE model is evaluated extensively against conven-
tional and state-of-the-art learning-based baselines under
various simulation conditions, including changes in SNR,
pilot count, and Rician factors [11].

Our experimental results clearly described that proposed
deep hybrid learning framework consistently outperforms
conventional and learning-based channel estimation tech-
niques in terms of normalized mean square error (NMSE),
pilot overhead reduction, and robustness to channel variation
and noise. The approach also ensures inference efficiency
suitable for real-time IRS-assisted wireless deployments.

The major contributions of our work are summarized as
follows:

• We present a hybrid deep learning framework that
integrates U-Net for spatial feature extraction, BiLSTM
for modeling temporal inter-group dependencies, and a
Transformer block for capturing global context in IRS
cascaded channel estimation.

• The proposed architecture effectively learns both local-
ized and long-range patterns from partially observed
LS channel estimates, allowing accurate prediction of
unobserved IRS elements with reduced pilot signaling
requirements.

• Comprehensive simulations across varying signal-to-
noise ratio (SNR) levels, batch sizes, IRS element
counts, and multi-user configurations validate that
the proposed model consistently outperforms classical
methods such as LS, LMMSE, Orthogonal Matching
Pursuit (OMP), as well as recent neural architec-
tures including Convolutional Deep Residual Network
(CDRN) and Graph Transformer IRS Channel Estimator
(G-TIRC).

• The proposed scheme achieves up to 152.4% NMSE
improvement over LS while maintaining a low inference
time of under 18 milliseconds, making it suitable for
low-latency and scalable deployment in IRS-assisted
sixth-generation (6G) communication systems.

Overall, this work presents a step toward developing intel-
ligent, resource-efficient, and scalable channel estimation
solutions tailored for the demands of future large-scale IRS
deployments in 6G and beyond.

The subsequent sections of paper are organized as follows.
Section II illustrates related work for channel estimation
techniques. Section III presents system model and formalizes
the CE problem for IRS-assisted communication systems.
Section IV provides an overview of conventional and deep
learning-based CE techniques, and details the architec-
ture and working principles of the proposed U-BiTRCE
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framework with computational complexity and inference
time analysis, Section V discusses describes the experimental
setup, and presents the simulation results along with a
detailed performance discussion. And, Section VI concludes
the paper and outlines future research directions.

II. RELATED WORK
In recent years, IRS have emerged as a pivotal component
in evolution of 6G and beyond wireless communication
systems. As first explored in works such as Wu and
Zhang [12], IRS was proposed as a passive metasurface to
dynamically control the propagation environment, thereby
enhancing link reliability and system capacity. While these
studies primarily focused on capacity gains and optimization
of passive beamforming, the issue of accurate channel
estimation was acknowledged as a critical bottleneck for
practical implementation.

Several research efforts have addressed the IRS channel
estimation challenge from both analytical and data-driven
perspectives. For instance, He et al. [13] proposed a
cascaded channel estimation framework based on three-
phase LS, which reduced pilot overhead but remained
sensitive to noise. Lin et al. [14] introduced a tensor-based
decomposition method exploiting channel structure for IRS
estimation. Although their model handled high-dimensional
channel matrices effectively, it required prior knowledge of
rank and noise variance, which limits adaptability.

The emergence of deep learning in physical-layer com-
munication has led to multiple innovations in IRS-related
estimation. Huang and Zhang [15] used a DNN model
to predict reflection coefficients from partial observations,
demonstrating that learning-based models can generalize
well to unseen configurations. Likewise, the work of Elbir
and Papazafeiropoulos [16] proposed federated learning for
IRS CSI prediction, enabling distributed learning without full
data exchange, but at the cost of increased communication
overhead among edge devices.

Convolutional architectures have also been employed to
enhance robustness and learning efficiency. The residual
learning-based estimator presented in [17] significantly
improved noise resilience, but lacked temporal modeling.
More recently, transformer-based architectures [18] have
been proposed to capture global dependencies among
IRS element groups. While these models excel in struc-
tured environments, they often require graph construc-
tion and suffer from computational inefficiency in large
deployments.

In contrast to the above works, our proposed U-BiTRCE
framework combines a multi-scale spatial feature extractor
(U-Net) with a temporal sequencemodel (BiLSTM) to jointly
capture both spatial and sequential dependencies in IRS
group responses. Unlike pure CNN or transformer-based
methods, U-BiTRCE avoids graph complexity while achiev-
ing high estimation accuracy under limited pilot constraints.
Furthermore, it is lightweight enough for real-time inference

FIGURE 1. IRS-integrated wireless transmission framework.

and scalable to larger IRS arrays, making it a practical
advancement over prior studies.

A comparative overview of key literature is summarized
in Table 1, highlighting their modeling scope, strengths, and
limitations in the context of IRS-based channel estimation.

III. SYSTEM MODEL AND PROBLEM FORMULATION
Consider a wireless communication system enhanced by the
deployment of an IRS, as illustrated in Fig. 1. The IRS is
introduced in scenarios where the direct transmission path
between the BS and the user is either severely obstructed
or entirely unavailable [19]. In such configurations, the IRS
acts as a passive relay medium that reflects and shapes the
incident signals to support reliable communication. The IRS
is composed of I passive reflecting elements, each capable
of independently adjusting its phase shift to facilitate signal
redirection. The BS is equipped with B antennas, while the
user is assumed to be equipped with a single antenna for
simplicity [20].

The wireless propagation is modeled as a two-hop link:
one between user and the IRS, and other between IRS and
BS. Specifically, the channel from user to IRS is denoted
by h ∈ CI×1, and the channel from IRS to BS is denoted
by F ∈ CB×I . To manage the complexity associated with
large-scale IRS arrays, we divide the I reflecting elements
into P non-overlapping groups, such that each group contains
L = I/P elements. These groups are assumed to be spatially
adjacent and aligned column-wise, which preserves local
spatial correlations within each group.

To estimate the cascaded channel for each group, a time
division duplexing (TDD) protocol is employed, leveraging
the channel reciprocity between uplink and downlink [21].
The user transmits pilot symbols xp ∈ C1×τ for the p-th
IRS group, satisfying the normalization condition xpxTp = 1,
where τ ≥ L denotes the pilot length. The received signal at
BS corresponding to p-th group can be expressed as:

Yp = Fp · diag(sp) · hp · xp + Np, (1)

where Fp ∈ CB×L and hp ∈ CL×1 represent IRS-to-BS and
user-to-IRS channels for the p-th group, respectively. The
vector sp ∈ CL×1 contains phase shifts of IRS elements in
the p-th group, and Np denotes additive white Gaussian noise
with zero mean and unit variance.
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TABLE 1. Summary of DL techniques for IRS-assisted systems.

By leveraging the property diag(hp) ·sp = diag(sp) ·hp, the
expression can be simplified to:

Yp = Gp · sp · xp + Np, (2)

where Gp = Fp · diag(hp) is the effective cascaded channel
matrix for the p-th group.

To retrieve the signal at the BS, we compute:

Ŷp = Yp · xTp = Gp · sp + Wp, (3)

whereWp = Np · xTp captures the noise contribution.
An initial estimate of cascaded channel Gp is obtained

using LS method:

G̃LS
p = Ŷp · s−1

p . (4)

A. PROBLEM FORMULATION
Given the substantial number of IRS elements in practical
systems, estimating the cascaded channels for all groups
via pilots becomes prohibitively expensive in terms of pilot
overhead. To address this, we adopt a partial training strategy:
the LS-based estimation is performed for a subset of groups,
say the first P − P′ groups, resulting in a known set of
channel estimates {G̃1, G̃2, . . . , G̃P−P′}. The challenge now
lies in accurately estimating the channels for the remaining
P′ groups: {

GP−P′+1, . . . ,GP
}

using only the knowledge of the previously estimated groups.
To this end, we propose a deep learning-based solution

that leverages both spatial and temporal correlations across
IRS groups [22]. Specifically, our model integrates a U-
Net encoder-decoder structure with Bi-directional LSTM

layers to learn both local spatial dependencies and global
sequential patterns in the channel data. This architecture
enables the prediction of unknown group channels with
high fidelity, even under limited pilot conditions, thus
significantly reducing estimation overhead while maintaining
robust performance.

IV. CHANNEL ESTIMATION TECHNIQUES
Reliable CSI is vital for the successful deployment of
IRS-assisted wireless communication systems. The unique
architecture of IRS, which relies on passive elements without
embedded RF chains, introduces complexity in the estimation
of cascaded channels between BS, IRS, and user. Unlike
traditional relay systems, where the BS can independently
estimate intermediate channels, IRS-based systems can
only estimate the composite or cascaded channel [23].
This necessitates specialized estimation techniques capable
of maintaining accuracy under limited pilot budgets and
constrained hardware conditions.

Over the years, several channel estimation methods
have been proposed to tackle these challenges [24]. These
range from conventional linear estimators to advanced
learning-based frameworks. In this section, we provide a
comprehensive overview of the major estimation approaches,
highlighting their theoretical foundations, strengths, and lim-
itations in the context of IRS-assisted communication [25].

A. LEAST SQUARES (LS) ESTIMATION
The LS method is the most fundamental and straightforward
approach to channel estimation. It aims to minimize squared
difference between received signal and its predicted coun-
terpart based on the transmitted pilots. The LS estimate of
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the cascaded channel matrix Gp for the p-th IRS group is
computed as:

G̃LS
p = Ŷp · s−1

p , (5)

where Ŷp is the signal at the BS after pilot removal, and sp
denotes the phase shift vector for the p-th group.
While LS estimation is computationally efficient and does

not require any prior knowledge of channel distribution,
it is highly sensitive to noise and pilot contamination. Its
performance degrades significantly in low SNR environments
and large IRS deployments, where pilot overhead becomes a
critical bottleneck [26].

B. LINEAR MINIMUM MEAN SQUARED ERROR (LMMSE)
ESTIMATION
LMMSE is a statistical channel estimator that incorporates
prior information about the channel’s second-order statistics
to minimize the mean squared error [27]. Unlike LS, which
treats all observations equally, LMMSE uses the channel’s
autocorrelation and cross-correlation with the received signal
to generate a more robust estimate:

G̃LMMSE
p = RGY · R−1

YY · Ŷp, (6)

where RGY is the cross-covariance between the true channel
and the observed signal, and RYY is the autocovariance of the
received signal.

Although LMMSE yields significantly better estimation
accuracy in noisy settings compared to LS, it comes
at cost of high computational complexity. Specifically,
it involves inversion of large covariance matrices, which
becomes impractical for large-scale IRS scenarios without
dimensionality reduction or approximation techniques.

C. ORTHOGONAL MATCHING PURSUIT (OMP)
OMP is a compressive sensing-based algorithm that is
particularly useful when the channel exhibits sparsity in some
known domain (e.g., angle of arrival, delay domain) [28]. The
core idea is to represent the channel vector as a sparse linear
combination of elements from a predefined dictionary 8:

Gp = 8 · xp, (7)

where xp is a sparse vector whose non-zero entries correspond
to dominant paths or components in the channel.

OMP proceeds iteratively, selecting the best-matching
atom from the dictionary that correlates most strongly
with residual signal, and updates estimate accordingly. It is
efficient in scenarios with high angular sparsity but struggles
in environments where the channel has rich scattering or
diffuse multipath components. Furthermore, its performance
is sensitive to the choice of dictionary and noise variance.

D. CONVOLUTIONAL DEEP RESIDUAL NETWORK (CDRN)
With the rise of deep learning, data-driven models have
shown promising results in modeling complex, nonlinear
relationships in high-dimensional channel data [29]. The

CDRN is one such architecture that treats channel estimation
as a denoising problem. It takes the noisy LS estimate as input
and outputs a refined version of the channel using a deep
residual network:

G̃CDRN
= FResNet(G̃LS ), (8)

where FResNet(·) represents a series of convolutional layers
interleaved with batch normalization, activation functions,
and skip connections.

Residual learning enables the network to focus on learning
the perturbation caused by noise rather than relearning the
entire channel mapping. CDRN offers high accuracy and fast
inference once trained. However, its performance depends
on the availability of large labeled datasets and its ability to
generalize to unseen IRS configurations.

E. GRAPH TRANSFORMER-BASED IRS CHANNEL
ESTIMATION (G-TIRC)
G-TIRC introduces a hybrid architecture that synergistically
combines the strengths of Graph Neural Networks (GNNs)
and Transformer-based attention mechanisms for estimating
the cascaded channel in IRS-aided systems. This approach is
built on the insight that IRS element groups, when spatially
organized, exhibit strong local and non-local correlations.
By representing IRS groups as nodes in a graph and
encoding their interactions through attention, the G-TIRC
model is capable of capturing both structural and contextual
relationships in the channel [30].

The first step involves partitioning the IRS into P groups,
where each group corresponds to a node in graph. The edges
represent physical adjacency or statistical similarity based on
spatial proximity. Initial node features are constructed using
the LS estimates of known groups:

G̃LS
p ∈ CB×L

→ e(0)p ∈ R2BL×1, (9)

where the real and imaginary parts are concatenated to form
the initial embedding vector.

A GNN layer updates the embedding of node p using the
following message-passing rule:

e(1)p = σ

W1 · e(0)p +

∑
j∈N (p)

W2 · e(0)j

 , (10)

where N (p) denotes the set of neighboring nodes, W1 and
W2 are learnable weight matrices, and σ (·) is a nonlinear
activation function like ReLU.

Once graph embeddings are generated, the model applies a
Transformer-style attention mechanism to capture long-range
dependencies:

Q = 2q · E, K = 2k · E, V = 2v · E, (11)

A = Softmax
(
Q⊤

· K
√
d

)
, (12)

C = V · A, (13)
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FIGURE 2. Architectural flow of proposed U-BiTRCE framework.

where E ∈ Ru×n is the matrix of n node embeddings, and
2q, 2k , 2v are trainable projection matrices. The output C
contains correlation-aware representations of the IRS groups.

The decoder uses masked attention to avoid leakage from
unknown groups during training. It processes the output
of the encoder and predicts the cascaded channels for the
unobserved groups:

Ĝp = FFN(cp), ∀p ∈ {P− P′
+ 1, . . . ,P}, (14)

where FFN(·) is a feedforward network applied to the
embedding of group p.

G-TIRC excels in scenarios where IRS groups exhibit
structured correlation patterns. It significantly reduces the
need for full pilot-based estimation and improves NMSE
across SNR regimes. However, the model requires a reliable
graph topology and substantial compute power for training,
especially as the number of IRS elements increases.

F. PROPOSED U-NeT, BiLSTM, AND
TRANSFORMER-BASED CHANNEL ESTIMATION
(U-BiTRCE)
The proposed U-BiTRCE framework introduces a three-stage
hybrid learning architecture for accurate and scalable cas-
caded channel estimation in IRS-assisted wireless systems.
The architecture of proposed U-BiTRCE model, shown in
Fig. 2, integrates a U-Net encoder-decoder, BiLSTM layers,
and a Transformer block for spatial, temporal, and contextual
feature learning, respectively. The illustrated layout depicts
how data flows through multiple structured components—
including spatial encoders, sequential transformers, and
temporal BiLSTM layers—culminating in a unified output
prediction.

Let the IRS contain I passive elements, grouped into P
equal-sized blocks. Among them, P−P′ groups are activated
with known LS estimates {G̃1, G̃2, . . . , G̃P−P′} available for
training, while the goal is to predict the remaining P′ group
channels {ĜP−P′+1, . . . , ĜP}. The detailed procedure of all
stages involved is presented in Algorithm 1 and explained as
follows.

1) U-Net-Based Spatial Encoding:
The input tensor X ∈ RB×L×(P−P′) is constructed by

stacking known LS-estimated channels, where B is number

of BS antennas and L is number of IRS elements per group.
A U-shaped convolutional network with four encoding layers
is used to extract multi-resolution spatial features:

Z = FU-Net(X) ∈ RB′
×L ′

×(P−P′),

where Z represents the encoded feature tensor at the
bottleneck of the U-Net. The encoder captures localized
patterns, while skip connections preserve spatial resolution
during decoding.

2) BiLSTM-Based Sequence Modeling:
The spatial featuresZ are reshaped into a temporal sequence:

S = {z1, z2, . . . , zP−P′}, zp ∈ Rf ,

where each vector zp corresponds to the p-th IRS group. This
sequence is processed through two stacked BiLSTM layers to
capture bidirectional inter-group dependencies:

hp = BiLSTM(zp), p = 1, . . . ,P− P′,

where hp denotes the hidden state capturing both past and
future group context.

3) Transformer-Based Global Attention:
To further enhance model’s ability to extract global
relationships among groups, the BiLSTM output H =

{h1, . . . ,hP−P′} is passed through a Transformer encoder.
The multi-head attention mechanism computes:

Q = HWQ, K = HWK , V = HWV , (15)

A = Softmax
(
QK⊤

√
d

)
, (16)

H̃ = AV, (17)

where WQ, WK , and WV are projection matrices, and d is
the attention dimension. The output H̃ refines the sequential
embeddings with global context awareness.

4) Channel Prediction and Reconstruction:
The refined feature vectors h̃p ∈ H̃ are passed through a fully
connected linear layer:

Ĝp = σ (W · h̃p + b), ∀p ∈ {P− P′
+ 1, . . . ,P},

where W and b are learnable weights and biases, and σ (·)
is a linear activation function. The decoder reconstructs IRS
cascaded channel map using these predictions while reusing
encoder skip connections to preserve structural fidelity.

The proposed U-BiTRCE model thus integrates spatial
localization, temporal evolution, and global feature interac-
tions within a unified architecture. This design enables the
model to deliver highly accurate channel estimation under
reduced pilot signaling and generalizes well across different
SNRs, IRS group sizes, and user configurations. Its inference
time and computational efficiency make it practical for real-
time 6G IRS-assisted wireless systems.

To ensure architectural clarity and reproducibility, the
internal design parameters of U-BiTRCE are described here.
All intermediate convolutional layers in the encoder and
decoder paths of the U-Net adopt the ReLU activation
function to promote non-linear learning, while the final
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regression layer utilizes a linear activation. A consistent
kernel size of 3×3with stride 1 and ‘same’ padding is applied
in all convolutional blocks, ensuring spatial resolution is
preserved throughout encoding and decoding. A dropout
rate of 0.3 is used both after the U-Net bottleneck and
inside the BiLSTM layers to prevent overfitting. The spatial
bottleneck output with shape [H ,W , 1024] is reshaped to
[H ,W × 1024] to serve as the sequential input to BiLSTM
layers, whose output is then reshaped back to a spatial
format for Transformer-based attention refinement. Although
the model does not use explicit positional embeddings,
it preserves structural and positional information implicitly
via skip connections in the U-Net and the ordered grouping
of IRS elements. During training, additive Gaussian noise
(σ = 0.02) is applied to simulate practical perturbations.
Early stopping is not enforced; however, a learning rate
scheduler (ReduceLROnPlateau) dynamically adjusts
the optimizer’s learning rate based on validation loss, facil-
itating better generalization under noisy channel conditions.

The proposed U-BiTRCE model combines spatial feature
extraction (via U-Net), temporal modeling (via BiLSTM),
and contextual refinement (via Transformer) to exploit dif-
ferent aspects of the IRS-assisted channel structure. A purely
model-driven approach often requires strong prior assump-
tions and may fail to generalize under non-ideal or dynamic
conditions. On the other hand, fully data-driven models
tend to demand large training datasets and may struggle to
converge reliably in sparse or noisy regimes. By adopting a
hybrid design, U-BiTRCE balances structure-awareness and
data adaptability leading to better generalization across IRS
group sizes and SNRs, faster convergence during training,
and reduced dependency on data volume. Each module
complements the others: U-Net preserves spatial locality,
BiLSTM captures sequential dependencies, and Transformer
refines long-range context making the overall architecture
robust and scalable for practical 6G applications.

G. ALGORITHMIC DESCRIPTION OF THE PROPOSED
U-BiTRCE MODEL
The U-BiTRCE based IRS channel estimation is presented in
Algorithm.

Algorithm 1 outlines the core pipeline of the proposed
U-BiTRCE framework. The model first extracts spatial
features via U-Net, then captures sequential dependencies
using BiLSTM layers, followed by a Transformer-based
contextual refinement. The refined features are linearly
mapped to predict the cascaded IRS channels with reduced
pilot overhead.

H. COMPUTATIONAL COMPLEXITY AND EFFECTIVE
INFERENCE TIME ANALYSIS OF THE PROPOSED U-BiTRCE
MODEL
As shown in Table 2, proposed U-BiTRCE model achieves
a favorable balance between computational complexity
and inference time compared to conventional and state-
of-the-art estimators. The total computational complexity

of the U-BiTRCE model is composed of three key parts:
the convolutional layers in the U-Net encoder-decoder,
the BiLSTM module, and the multi-head Transformer block.

The U-Net module applies layered convolutions with
complexity:

O(H ×W × C × k2 × C ′)

where H and W are spatial dimensions, C and C ′ are
input/output channels, and k is kernel size. Due to downsam-
pling, the overall cost grows approximately linearly with the
input size.

1:

Algorithm 1 U-BiTRCE-Based IRS Channel Estimation

Partially observed LS estimates {G̃1, G̃2, . . . , G̃P−P′}; known
group indices Estimated channels {ĜP−P′+1, . . . , ĜP}
1. Spatial Feature Extraction via U-Net:
Input tensor X ∈ RB×L×(P−P′)

Apply encoder-decoder convolutional blocks:

Z = FU-Net(X ) ∈ RB′
×L ′

×(P−P′)

2. Temporal Modeling via BiLSTM:
Reshape Z into a sequence: S = {z1, z2, . . . , zP−P′}, with zp ∈

Rf

Pass through stacked BiLSTM layers:

hp = BiLSTM(zp)

3. Contextual Refinement via Transformer:
Input sequence H = {h1, . . . , hP−P′} to multi-head attention
block:

h̃p = Transformer(hp), ∀p

4. Channel Prediction:
Apply linear mapping with learnable weights:

Ĝp = W · h̃p + b, ∀p ∈ {P− P′
+ 1, . . . ,P}

return Estimated channels {ĜP−P′+1, . . . , ĜP}

The BiLSTM layer operates over a sequence of P − P′

known IRS groups with embedding size f , leading to:

O((P− P′) × f 2)

The Transformer block with n tokens and d embedding
dimension (and h heads) has attention complexity:

O(n2d + nd2)

This adds a moderate quadratic overhead, which is still lower
than full Transformer models due to the use of compact
group-wise embeddings.

The overall complexity becomes:

O(HWCk2C ′) +O((P− P′)f 2) +O(n2d + nd2)

The proposed U-BiTRCE model achieves an inference
time between 10 to 18 milliseconds per IRS sample.
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TABLE 2. Computational complexity and inference time comparison.

Compared to G-TIRC (25–40 ms), this reflects a 30–50%
runtime reduction with enhanced accuracy. The peakmemory
consumption remains below 100 MB during deployment,
validating its efficiency for real-time use.

V. RESULTS AND DISCUSSION
A. SIMULATION SETUP
To ensure fair benchmarking against state-of-the-art estima-
tors, the simulation environment was adapted from recent
IRS-assisted communication frameworks. The system under
study comprises a BS equipped with B = 8 antennas and an
IRS comprising I = 32 passive reflecting elements. These
elements are partitioned into P = 8 non-overlapping groups,
each consisting of L = 4 elements. The communication
operates at a mmWave carrier frequency of 28 GHz over a
50 MHz bandwidth.

Both user-to-IRS and IRS-to-BS links are modeled
using Rician fading channels, incorporating line-of-sight
(LoS) and non-line-of-sight (NLoS) components to reflect
real-world propagation scenarios. To emulate spatial depen-
dencies across adjacent IRS elements, a spatial correlation
model based on exponential decay with correlation factor
λ = 0.8 is applied. The array response of the IRS
is synthesized using azimuth and elevation-based steering
vectors.

A total of 10,000 IRS cascaded channel realizations were
generated. Of these, 70% were allocated for training, 20%
for validation, and 10% for testing. These synthetic channel
realizations are generated using Rician fading and random-
ized angle configurations to reflect diverse and realistic IRS
deployment scenarios. Each sample is constructed by stack-
ing LS-estimated channels from P − P′ known IRS groups,
yielding an input tensor of dimensions 20 × 8 × 1. Gaussian
noise with standard deviation σ = 0.02 is added during train-
ing to simulate channel perturbations. The U-BiTRCE model
is trained using the Adam optimizer with an initial learning
rate of 0.001, batch size of 32, and a training horizon of
50 epochs.

The hybrid architecture includes a U-Net encoder-decoder
block for hierarchical spatial representation, a BiLSTM
module for capturing temporal dependencies across group
sequences, and a multi-head attention Transformer for
enhancing global contextual correlations. Skip connections
between encoding and decoding layers preserve fine-grained
spatial information throughout the reconstruction process.

To validate generalization, the model was evaluated over a
wide SNR range from −10 dB to 25 dB, capturing varying
levels of channel degradation and noise uncertainty. All
simulations were implemented using Python 3.10 with the
PyTorch 2.1 deep learning framework, and executed on an
NVIDIA RTX 3090 GPU with CUDA support to ensure
efficient model training and inference.

The proposed simulation environment aligns well with
practical 6G IRS deployment trends. The use of a mmWave
carrier at 28 GHz with a 50 MHz bandwidth reflects
the spectrum targeted for 6G applications. The IRS con-
figuration with 32 passive elements, grouped for reduced
pilot overhead, captures key design constraints seen in
energy-efficient IRS systems. Rician fading is used to
model both LoS and NLoS conditions, which are com-
mon in urban and indoor environments. Spatial correla-
tion among IRS elements is realistically modeled via an
exponential decay function, while the wide SNR testing
range ensures robustness under diverse channel conditions.
Together, these elements make the simulation setup both
relevant and representative of future IRS-assisted wireless
systems.

B. EVALUATION METRIC AND CONFIGURATION
SUMMARY
The primary evaluation metric employed to assess the
effectiveness of the proposedU-BiTRCEmodel is theNMSE,
which quantifies discrepancy between estimated and true
cascaded IRS channel matrices. It is defined as:

NMSE = 10 log10

(
∥G − Ĝ∥

2

∥G∥2

)
, (18)

where Ĝ denotes the predicted channel estimate generated by
the U-BiTRCE model, and G represents the corresponding
ground-truth channel. The metric is computed across a wide
SNR range from −10 dB to 25 dB to simulate diverse noise
conditions and assess the model’s generalization capability.
NMSE is evaluated over the entire test set for each SNR
level, ensuring consistent and reliable comparison against
both classical and learning-based baselines. A lower NMSE
value indicates more accurate reconstruction and enhanced
robustness under noisy environments.

Table 3 summarizes the key mathematical configurations
and architectural components utilized in the proposed U-
BiTRCE framework. The input tensor, formed by stacking
LS-estimated channels from observed IRS groups, has a fixed
dimensionality of 20×8×1. The model architecture includes
four convolutional encoding layers for spatial abstraction,
a bottleneck layer with 1024 filters, a two-layer BiLSTM
module for sequence modeling, and a 4-head multi-attention
Transformer encoder for global refinement. Decoder layers
mirror the encoder for structured reconstruction with skip
connections.

The model is trained over 50 epochs using the Adam
optimizer with a learning rate of 0.001 and a batch size of
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TABLE 3. Model and training parameters used in the proposed scheme.

FIGURE 3. Training loss curve of the proposed U-BiTRCE model during
optimization.

32. A 20% validation split is used to prevent overfitting.
Performance metrics include NMSE and spectral efficiency,
both computed under varying SNR conditions to benchmark
the U-BiTRCE model across signal quality regimes.

The convergence behavior of the proposed U-BiTRCE
model was evaluated by tracking the mean squared training
loss over 50 epochs. The learning dynamics, shown in Fig. 3,
highlight model’s ability to extract both spatial and sequential
dependencies from partially observed pilot inputs during
optimization.

In the initial training phase (epochs 0–15), a rapid
decrease in loss is observed, indicating that the U-Net

FIGURE 4. NMSE performance versus SNR for the proposed U-BiTRCE
model compared to G-TIRC, CDRN, LS, MMSE, and OMP across the range
of −10 dB to 25 dB.

FIGURE 5. 3D visualization of NMSE variation for the proposed U-BiTRCE
model across multiple SNR levels and IRS element configurations.

module effectively learns hierarchical spatial features while
the BiLSTM layers quickly adapt to temporal patterns across
IRS groups. This steep loss reduction confirms efficient
early-stage learning and a well-initialized optimization
process.

During the mid-phase (epochs 15–50), the training loss
continues to decline gradually. This stage reflects the model’s
ongoing refinement of feature representations, supported
by both recurrent dependencies and attention-driven global
context alignment via the Transformer encoder. The stable
and smooth descent, without abrupt fluctuations, suggests
balanced learning and appropriate hyperparameter tuning.

By the end of the training schedule, the curve plateaus,
signaling that the model has reached convergence. Minor
oscillations are expected in late-stage training due to
fine-grained parameter updates in a noisy channel environ-
ment. These fluctuations remain controlled, and no signs of
overfitting are evident.

Overall, the training loss trajectory confirms the robust-
ness and learning efficiency of the U-BiTRCE framework.
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FIGURE 6. Comparison of NMSE convergence over epochs using different
batch sizes for the proposed U-BiTRCE model. Performance is evaluated
against LS, MMSE, OMP, CDRN, and G-TIRC baselines.

TABLE 4. Scheme-Wise NMSE Comparison: U-BiTRCE vs. Baseline
estimators.

The model demonstrates strong convergence even under
pilot-limited and noisy conditions, establishing a solid
foundation for the high-fidelity estimation results discussed
in subsequent sections.

FIGURE 7. NMSE performance comparison of the proposed U-BiTRCE
model across different user configurations over 50 training epochs.

Fig. 4 illustrates the NMSE performance of the proposed
U-BiTRCE model compared to existing benchmarks across a
wide range of SNRs. As observed, U-BiTRCE consistently
outperforms traditional and learning-based estimators over
the entire SNR range from −10 dB to 25 dB. At 20 dB, pro-
posed model achieves an NMSE of approximately −25 dB,
compared to −20 dB for G-TIRC and around −15 dB
for CDRN. Classical estimators such as LS and MMSE
plateau at higher NMSE levels, never surpassing −10 dB.
These results confirm the superiority of U-BiTRCE in both
low and high SNR regimes, demonstrating its robustness
and generalization in noisy IRS-assisted channel estimation
scenarios.

Fig. 5 presents a 3D surface plot depicting the NMSE
behavior of the proposed U-BiTRCE model as function of
SNR and number of IRS elements. The plot reveals that
as both SNR and IRS size increase, NMSE consistently
decreases, highlighting the model’s capacity to exploit spatial
diversity under favorable channel conditions. For instance,
at 25 dB SNR with 64 IRS elements, the NMSE drops below
−25 dB, whereas at lower SNR levels (e.g., 0 dB) with only
16 elements, NMSE remains above −15 dB. These trends
demonstrate the scalability and robustness of U-BiTRCE
under both noise-dominant and dense IRS regimes.

Fig. 6 presents the NMSE convergence performance of the
proposed U-BiTRCE model across varying batch sizes over
50 training epochs. With a batch size of 16, model achieves a
final NMSE of −24.31 dB. At batch size 32, convergence
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FIGURE 8. Comparison of NMSE convergence across different IRS
configurations (16, 32, and 64 elements) for the proposed U-BiTRCE
model over 50 training epochs.

stabilizes around −24.22 dB, while batch size 64 yields
the best result with an NMSE of −24.970 dB. In each
setting, U-BiTRCE consistently surpasses benchmarkmodels
such as G-TIRC, CDRN, MMSE, and LS, confirming its
robustness and improved convergence behavior as batch size
increases.

Fig. 7 illustrates the NMSE convergence behavior of
the proposed U-BiTRCE model under two-user and four-
user IRS-assisted communication scenarios. For two users,
the model achieves an NMSE of −24.55 dB at the
50th epoch. When the number of users increases to
four, U-BiTRCE maintains competitive accuracy with a
slightly higher NMSE of −24.22 dB. In both settings, the
model consistently surpasses traditional and learning-based

FIGURE 9. NMSE convergence of the proposed U-BiTRCE model for
different base station antenna configurations (2, 4, and 8 antennas) over
50 training epochs.

baselines, confirming its robustness and adaptability in multi-
user environments.

Fig. 8 presents the NMSE convergence performance of the
U-BiTRCE model under varying IRS element sizes. When
using 16 elements, themodel reaches anNMSE of−24.22 dB
after 50 epochs. Increasing the IRS to 32 elements yields
the best result at −24.94 dB, while the NMSE slightly
drops to −24.07 dB at 64 elements. Despite the variation
in array size, U-BiTRCE maintains consistent superiority
over benchmark methods such as G-TIRC, CDRN, MMSE,
and LS, demonstrating its adaptability and reliability across
different IRS configurations.

Fig. 9 illustrates effect of number of BS antennas on
NMSE convergence for the proposed U-BiTRCE model.
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With two antennas, the model achieves its best perfor-
mance, reaching an NMSE of −25.24 dB. As the antenna
count increases to four, the final NMSE slightly rises
to −23.94 dB, and further to −24.22 dB with eight
antennas. Despite these variations, U-BiTRCE consistently
outperforms benchmark models such as G-TIRC, CDRN,
MMSE, and LS, confirming its robustness across different BS
configurations.

As shown in Table 4, the proposedU-BiTRCE significantly
outperforms all existing baselines, achieving a 152.4%
NMSE improvement over LS and over 100% improvement
compared to G-TIRC.

VI. CONCLUSION
This paper proposed U-BiTRCE, a novel deep learning
framework for efficient CE in IRS-assisted wireless com-
munication systems. The architecture integrates U-Net for
spatial encoding, BiLSTM for temporal modeling, and a
Transformer block for global context refinement. Unlike
traditional estimators such as LS, LMMSE, and OMP, the
proposed model requires no prior knowledge of sparsity
or graph structure, making it scalable and adaptable to
real-world 6G scenarios. Comprehensive simulations under
varying system configurations—batch size, IRS element
count, number of users, and base station antennas—
demonstrated the model’s superiority over state-of-the-art
methods such as CDRN and G-TIRC. U-BiTRCE achieved
up to 152.4% improvement in NMSE compared to the
LS baseline, while maintaining an inference time below
18 milliseconds per frame. The complete model comprises
approximately 1.8 million trainable parameters, is trained
in under 30 minutes on an NVIDIA RTX 3090 GPU, and
offers an average inference time of less than 5 milliseconds
per sample—confirming its efficiency and suitability for
real-time deployment in 6G IRS-assisted systems. These
results confirm that U-BiTRCE is not only accurate but
also computationally efficient, offering a practical solution
for real-time IRS-aided channel estimation. Future work
may extend this framework to handle time-varying channels,
incorporate hardware impairments, or explore online learning
strategies to further enhance adaptability in dynamic 6G
environments.

U-BiTRCE shows stable performance across different IRS
sizes and SNR conditions. Its design allows it to generalize
well tomoderate changes in the environment without the need
for fine-tuning. While user mobility is not directly modeled,
the temporal layers offer some robustness to dynamic
conditions. This makes the model deployment-friendly for
practical 6G scenarios.

Given its low inference latency and compact architec-
ture, the proposed U-BiTRCE model is well-suited for
real-time deployment in 6G base stations and edge com-
puting platforms. Its modular design facilitates seamless
integration as a channel estimation unit within end-to-end
intelligent transceiver systems. When incorporated alongside
adaptive beamforming and resource scheduling mechanisms,

U-BiTRCE can contribute to efficient IRS control and
enhanced link reliability in dynamic wireless environments.

Future work may extend this framework to handle
time-varying channels, incorporate hardware impairments,
or explore online learning strategies to further enhance
adaptability in dynamic 6G environments. In future, the
proposed U-BiTRCE model will also be validated through
real-world IRS-assistedmmWavemeasurement campaigns to
substantiate the simulation findings.
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