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ABSTRACT

Integrated sensing and communication (ISAC) is a key tech-
nology in 5G-Advanced (5G-A) and 6G; however, current
communication systems typically provide limited bandwidth
(<100 MHz), which is unfavorable for sensing applications.
To address this challenge, we propose a deep generative archi-
tecture for wideband channel state information (CSI) extrapo-
lation: given narrowband CSI, it predicts the unknown wide-
band channel state. The key idea is a dual-branch generative
architecture, a CNN branch and a transformer branch, where
a two-stage, bi-directional cross-attention mechanism tightly
couples the CNN’s local features with the Transformer’s
global context modeling. Compared with the State-of-the-
Art (SOTA) baseline, our model demonstrates significant
performance gains across all key metrics, improving SNR
by 4.5dB in the most challenging (dense-urban) scenarios.
Crucially, when applied to a real-world Unmanned Aerial
Vehicle (UAV) channel dataset, the extrapolated wideband
CSI reduces the ranging error from 3.81m (20MHz observed
CSI) to 0.56m (80MHz extrapolated CSI).

Index Terms— ISAC, CSI extrapolation, dual-branch, bi-
directional attention

1. INTRODUCTION

Integrated sensing and communication (ISAC) is a corner-
stone technology for 5G-Advanced (5G-A) and 6G [1]. It is a
well-known fact that sensing resolution scales inversely with
signal bandwidth; yet cellular systems typically offer limited
bandwidths (e.g., 20 MHz in LTE and up to 100 MHz in 5G
NR FR1). Under these constraints, the best achievable dis-
tance resolution is on the order of 3 m at 100 MHz (i.e., speed
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of light/signal bandwidth), which is inadequate for certain ap-
plications, such as UAV tracking and formation [2].

This fundamental limitation motivates our central re-
search question: can we extrapolate a wideband CSI from its
readily available but narrowband counterpart, thereby synthe-
sizing a large bandwidth required for high-resolution sensing?
It falls within the typical channel prediction problem, with
a representative case being the inference of downlink CSI
from uplink CSI in FDD systems [3], where the uplink and
donwlink bandwidth are typically symmetric. Existing ap-
proaches to these problems broadly fall into two categories.
Model-based methods [4, 5] reconstruct the channel from
a sparse set of estimated physical parameters (e.g., path de-
lays and attenuations). The underlying propagation dynamics
are far more complex over a wide bandwidth, causing the
effective path parameters to vary across sub-bands and thus
invalidating a single, fixed model [6]. Data-driven meth-
ods [3, 7, 8, 9, 10] have evolved from CNNs and Transform-
ers to generative VAEs [8] and diffusion models [9]. As VAEs
often over-smooth details and diffusion models incur high la-
tency, hybrid CNN-Transformer architectures [10]appears as
a promising direction, as they combine CNNs’ efficient local
feature extraction with Transformers’ ability to capture long-
range dependencies. However, existing hybrid models rely on
a relatively shallow fusion strategy—for instance, extracting
features through parallel branches and performing a one-off
concatenation or addition at the end.

We argue that this “one-shot” fusion fails to fully exploit
the synergy of the two architectures. CSI exhibits a local-
global duality, where small-scale fading (local) overlaid on
large-scale shadowing (global) structures. Thus, it demands
a deeper, more dynamic interaction mechanism. How to de-
sign an architecture that allows CNN’s local insights to con-
tinuously guide Transformer’s global modeling, while Trans-
former’s global view, in turn, regularizes CNN’s fine-detail
generation, remains unresolved.

In this paper, we present the Bi-directional GAN for CSI
Extrapolation Scheme (BiG-CES), which implements a prin-
ciple of deep synergy to mitigate the inherent weaknesses of
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Fig. 1: The overall architecture of our framework. It consists
of our core BiG encoder, a feature fusion stage, decoder and
a denoise module for final refinement.
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Fig. 2: The detailed architecture of BiG Encoder. The input
consists of the narrowband CSI Xin and mask M. It syner-
gizes a parallel CNN branch (top) and a Transformer branch
(bottom) through a two-stage, bidirectional cross-attention
mechanism (vertical arrows).

each branch by leveraging the strengths of the other. On one
hand, a pure Transformer, lacking fine-grained local details,
can be hard to train on limited data, often failing to distinguish
meaningful global patterns from noise. On the other hand, a
pure CNN is constrained by its limited receptive field, failing
to capture long-range dependencies. Our two-stage bidirec-
tional cross-attention orchestrates a structured “dialogue” to
resolve this. In Stage I, the CNN provides locally-structured
features, forcing the Transformer to anchor its global atten-
tion on physically-grounded patterns. In Stage II, having es-
tablished a reliable global context, the Transformer provides
top-down guidance to regularize the CNN’s detail generation,
ensuring that local features align with the global structure.
It is this structured, iterative refinement that empowers our
model with the robustness to maintain high fidelity across
wide frequency bands.

The main contributions of this work are: 1) a novel GAN-
based BiG-CES architecture optimized for real-time wide-
band CSI extrapolation; 2) a two-stage bi-directional cross-
attention mechanism for deep local-global feature synergy;
and 3) a rigorous Sim-to-Real validation demonstrating up to
4dB SNR gain and a reduction of real-world UAV ranging er-
ror from 3.81m to 0.56m (a nearly seven-fold improvement).

2. PROBLEM FORMULATION

Channel Model and Sensing Resolution. In OFDM-based
wireless systems, the frequency-domain CSI precisely de-
scribes the physical channel. For a multipath environment,
the complex channel response H(fi) at the i-th subcarrier

is given by: H(fi) =
∑L

l=1 αle
−j2πfiτl , where αl and

τl are the complex attenuation and delay of the l-th path,
which are frequency-dependent in wideband scenarios [11].
A key performance metric, the range resolution ∆d, is fun-
damentally limited by the signal bandwidth B, following
∆d ≈ c/B [12]. This underscores the necessity of wideband
signals for high-precision sensing applications.
Problem Formulation via CSI Imagization. The core task
of this paper is to extrapolate a full wideband CSI matrix,
Hfull ∈ CNs×Nt , from a known narrowband CSI, Hknown,
where Ns is the number of subcarriers and Nt is the number
of time snapshots. We treat the complex-valued CSI as a two-
channel spectral image, Ximage ∈ RNs×Nt×2, by stacking its
real and imaginary parts [13]. It is important to note that these
CSI images possess unique physical properties, such as high-
frequency oscillatory patterns and strong spatial correlations,
which differ significantly from natural images [14]. This mo-
tivates the need for a bespoke architecture rather than off-the-
shelf vision models.

Under this representation, our goal transforms into learn-
ing a generative mapping G [10] that can produce a complete
and high-fidelity wideband CSI X̂out, conditioned on the in-
put image of the known narrowband, Xin and a binary mask
M (M is 1 for known subcarriers and 0 otherwise):

X̂out = M⊙Xin + (1−M)⊙G(Xin,M), (1)

3. MODEL DESIGN

Our framework is engineered to address a fundamental chal-
lenge in CSI extrapolation: the dual and variable nature of
the input data. CSI exhibits a local-global duality, where
fine-grained local variations are superimposed on long-range
global patterns. Furthermore, the manifestation of these prop-
erties varies dramatically with the physical scenario. A truly
robust model must therefore adaptively handle both this struc-
tural duality and scenic variability. Our generator architecture
is designed to tackle these two challenges.

3.1. Generator Architecture

The generator’s design is a direct response to the intrinsic
complexity of CSI data. BiG-CES, which follows an encoder-
decoder paradigm (as shown in Fig. 1), orchestrates a syner-
gistic process of parallel feature extraction and iterative fusion
to handle local and global structures concurrently.
The Dual-Branch Encoder: At the heart of our generator
lies a parallel dual-branch encoder (Fig. 2), where a CNN
branch and a Transformer branch process the input features
simultaneously. The CNN Branch, acting as an adaptive local
feature expert, is built upon a cascade of Multi-scale Convo-
lutional Blocks. Each block consists of three parallel 3 × 3
convolutional layers with dilation rates of 1, 2, and 4, re-
spectively, each followed by a ReLU activation. The outputs
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are then dynamically merged via a learned gating mechanism.
This multi-scale design is crucial for handling scenic variabil-
ity, as it allows the network to adaptively adjust its recep-
tive field to capture the most salient local correlations. The
Transformer Branch, serving as the global structure expert, is
composed of a series of what we term Axial-Attention Swin-
Transformer Blocks [15]. By factorizing the 2D self-attention
into two sequential 1D operations along the spatial axes [16],
it efficiently models long-range dependencies while remain-
ing computationally tractable.
Bidirectional Cross-Attention: The key to unlocking the

synergy between the two branches is Bidirectional Cross-
Attention mechanism, an iterative, bidirectional fusion strat-
egy that unfolds in two stages across the encoder’s depth.
In the initial Stage I, spanning n blocks, the two branches
evolve in parallel, after which a cross-attention module is
employed where the query (Q) comes from the Transformer
branch, while the key (K) and value (V ) come from the CNN
branch. This process injects the stable, scene-adapted local
features from the CNN into the Transformer, providing a ro-
bust anchor for its global modeling. In the subsequent Stage
II, spanning m blocks, the roles are reversed. The query
(Q) now comes from the CNN branch, with the key (K) and
value (V ) supplied by the Transformer branch. This injects
the global context captured by the Transformer back into the
CNN, ensuring that the generated local details adhere to a
globally coherent structure. This two stage, bi-directional
refinement is the essence of the BiG-CES design.
Feature Fusion: Upon exiting the BiG Encoder, the final fea-
ture maps from the CNN branch and the Transformer branch
are synergized through the Feature Fusion module. Specif-
ically, we employ a learnable gating mechanism that adap-
tively combines the two feature streams, allowing the model
to dynamically weigh the importance of local versus global
information.
Decoder with a Denoise Module. To improve reconstruc-
tion quality and robustness, our decoder incorporates a De-
noise Module. The function of this module is to treat a range
of non-ideal factors—such as reconstruction artifacts, sim-to-
real domain gaps, and measurement noise—as a single, gen-
eralized “noise” term that can be filtered out [17]. It allows
the generator to focus on synthesizing the primary channel
structure while this module handles the filtering of various er-
ror sources. Consequently, this design improves the model’s
ability to generalize across different scenarios and SNR con-
ditions.

3.2. Discriminator Architecture

Our discriminator is a standard PatchGAN architecture [18].
with four 4×4, stride-2 convolutional layers. To ensure train-
ing stability, each layer is followed by Spectral Normalization
[19] and a LeakyReLU activation with a negative slope of 0.2.

3.3. Training Objective

Our model is trained via the adversarial objective of WGAN-
GP [20], which formulates a min-max game between the gen-
erator (G) and the discriminator (D). The discriminator’s ob-
jective, LD, aims to distinguish real from generated samples
while being regularized by a gradient penalty. Concurrently,
the generator’s optimization is guided by a composite loss
function, LG, designed to balance adversarial feedback with
reconstruction accuracy:

LG = λ1L1 + λpLperceptual + λsLstyle − λadvE[D(X̂out)] (2)

where the first three terms are reconstruction losses that en-
sure content fidelity and perceptual quality [21], while the fi-
nal adversarial term rewards the generator for fooling the dis-
criminator. The λ terms are weighting factors.

4. EXPERIMENTAL EVALUATION

This section first details the experimental setup, including the
datasets, baselines, and evaluation metrics. We then present a
quantitative comparison of CSI reconstruction performance,
followed by an application-driven validation on a real-world
UAV ranging task and ablation study.

4.1. Experimental Setup

Datasets and Signal Parameters. Our evaluation is con-
ducted on two distinct datasets: a large-scale simulated
dataset and a real-world UAV dataset [22]:
1) Simulated Dataset: Following the methodology in HOR-
CRUX [5], we generated 200,000 channel samples based on
the geometric multipath model. The center frequency is 3.75
GHz and the total bandwidth is 80 MHz, comprising 1280
active subcarriers. The simulation covered four scenarios
with increasing multipath richness as defined by 3GPP TR
38.901: outdoor-open (2-5 paths), urban (5-15 paths), indoor
(10-30 paths), and dense-urban (>30 paths) [11]. The data
was split into 196,000 for training, 2,000 for validation, and
2,000 for testing. For our extrapolation task, the full 80 MHz
CSI served as the ground truth, while a 20 MHz subset (320
subcarriers) was used as the narrowband input.
2) Real-World UAV Dataset: To assess performance in a
practical ISAC scenario, we utilized a dataset captured in
a 16 km2 urban environment [22]. The setup consisted of
a UAV-mounted transmitter and four stationary ground re-
ceivers. Centimeter-level ground truth was provided by a
RTK-GNSS system. This dataset served exclusively as the
test set, where the model is trained on the simulated dataset
and directly tested on this real-world dataset. For the down-
stream ranging application, we compared the ranging per-
formance using the original 20 MHz observed CSI against
the 80 MHz extrapolated CSI (extrapolated from the same
20MHz CSI by BiG-CES) across four scenarios defined by
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Fig. 3: Performance comparison of BiG-CES against the
baseline across four simulated scenarios.

combinations of maximum altitude (15 m and 30 m) and ve-
locity (5 m/s and 11 m/s).
Baselines and Implementation Details. Our primary base-
line is the state-of-the-art HORCRUX model [5], and we
evaluate performance using EVM, SNR, and Complex Cor-
relation (ρC). The BiG-CES framework was implemented
in PyTorch and trained for 1.2 million iterations on a single
NVIDIA A100 GPU. We employed the ADAM optimizer
with a batch size of 2 and learning rates of 5 × 10−5 for
the generator and 1 × 10−4 for the discriminator, which was
updated half as frequently as the generator.

4.2. Performance Evaluation

CSI Reconstruction Performance: As shown in Fig. 3, BiG-
CES consistently outperforms HORCRUX, with the perfor-
mance gap widening significantly as scenario complexity in-
creases. As the channel environment transitions from sparse
to structurally complex, the baseline struggles to capture fine-
grained channel features, leading to a noticeable performance
degradation. In stark contrast, our model demonstrates excel-
lent robustness, as its SNR and correlation metrics show only
a minor decay across all scenarios. This stable performance
maximizes its advantage in the most challenging dense-urban
scenario, achieving a 4.5 dB SNR improvement and reducing
the EVM from over 12% to around 3.5%.
UAV Ranging on Real-world Dataset: To validate the util-
ity of the extrapolated CSI, we compared the performance of
a complete ranging pipeline when using the 20 MHz CSI (ob-
served) versus our extrapolated 80 MHz CSI. The pipeline
first enhances the target SNR on the Range-Doppler (RD)
map via static clutter suppression and a long coherent pro-
cessing interval (CPI), followed by a 2D Cell-Averaging Con-
stant False Alarm Rate (CA-CFAR) detector for target detec-
tion, and finally a Kalman filter for robust tracking. The re-
sults in Fig 4 show that using the 80 MHz extrapolated CSI
from BiG-CES reduces the mean absolute error (MAE) to
just 0.56 meters, a nearly seven-fold improvement over the
3.81-meter MAE from the observed 20 MHz CSI. The box
plot confirms this substantial gain, showing dramatic reduc-
tions in both median error and variance across all four scenar-
ios. This result validates that our synthesized bandwidth can
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Fig. 4: Ranging performance comparison on the real-world
dataset. The box plot shows the distribution of absolute range
errors for the 20 MHz CSI (observed) versus the 80 MHz CSI
(extrapolated) by BiG-CES across four flight scenarios.

Table 1: Ablation study on the Dense-Urban dataset.

Model Configuration SNR (dB) ↑ EVM (%) ↓ Complex Corr ↑
Full Model (Proposed) 13.75 4.21 0.80
w/o Cross-Attention 11.98 5.82 0.73
CNN Branch Only 10.15 8.54 0.61
Transformer Branch Only 10.87 7.66 0.66
w/o Denoise Module 12.35 5.58 0.75

significantly improve sensing performance.
Ablation Study. To dissect each component’s contribu-
tion to BiG-CES, we conducted the ablation study on the
challenging dense-urban scenario (summarized in Table 1).
Replacing the bidirectional cross-attention mechanism (‘w/o
Cross-Attention’) with a simple feature addition results in a
1.77 dB SNR drop, confirming the necessity of our iterative
fusion strategy. As expected, using only the CNN or Trans-
former branch leads to a catastrophic performance collapse,
validating the dual-branch design. Furthermore, removing
the Denoise Module incurs a significant performance penalty
of 1.4 dB in SNR, highlighting its critical role in enhancing
the final reconstruction quality and robustness. These re-
sults validate that each component is not only effective but
indispensable.

5. CONCLUSION

We propose the BiG-CES framework and validate that it suc-
cessfully extrapolates high-fidelity wideband CSI from nar-
rowband observations. BiG-CES centers on a dual-branch
generator and a two-stage bi-directional cross-attention mech-
anism that adaptively handles the local-global duality of CSI
data across diverse physical scenarios. Experimental results
not only show significant gains over SOTA methods in numer-
ical metrics, but also demonstrate substantial real-world value
by enabling an autonomous UAV ranging system to achieve a
0.56-meter mean absolute error, compared to the 3.81m error
with narrowband CSI. This research provides a viable, data-
driven solution for unlocking high-resolution ISAC sensing
capabilities under the spectral constraints of communication
system, paving the way for 6G evolution.
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