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Abstract—In frequency-division duplex (FDD) massive MIMO,
the base station must constantly estimate the downlink (DL)
channel from limited observations or rely on DL pilots and
CSI feedback, both of which become increasingly costly as
array sizes and bandwidths grow. Deep learning has recently
shown that uplink-to-downlink predictors can be accurate when
UL and DL bands are close in frequency, exploiting partial
reciprocity between neighboring subbands. However, as the UL-
DL gap widens, classical extrapolation and most existing neural
predictors quickly deteriorate: small modeling errors in the
frequency dependence of path gains and phases are amplified,
while the underlying scene geometry remains largely unused.
This paper considers an FDD setting with a 700 MHz UL-
DL separation where UL and DL share the same propagation
paths but exhibit significantly different complex gains. Chan-
nels are generated using the Sionna RT ray tracer, which
provides per-path attributes, including interaction primitives
with scene objects. Building on this, we propose a geometry-
and path-type-aware DL predictor (GPA-DL) that constructs a
scene graph whose edges carry rich ray-tracing features and
explicit face/edge/corner labels, and processes it with a graph
attention network to obtain a global geometry embedding. A
transformer encodes the UL CFR, and UL tokens attend to the
geometry embedding to predict the DL. CFR without any DL
pilots. We compare GPA-DL against a state-of-the-art CNN-based
DL predictor within a 5G transceiver chain, evaluating bit
error rate, block error rate, spectral efficiency, inference time,
and power consumption. Numerical results on Sionna-based
channels show that GPA-DL substantially improves reliability
and spectral efficiency while reducing inference latency by more
than an order of magnitude and slightly lowering power, pointing
towards practical, pilot-free, environment-aware FDD cellular
communication.
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I. INTRODUCTION

Cellular networks such as 5G/6G and next-generation net-
works use frequency-division duplex (FDD) to support a large
number of devices. Characteristics like high data rate, low
latency, and high throughput are fundamental characteristics
needed in cellular networks to support recent technologies.
To achieve this, constant channel estimation is needed. The
performance of FDD massive multiple-input multiple-output
(MIMO) systems critically depends on accurate downlink (DL)
channel state information (CSI) at the base station (BS). Unlike
time-division duplex (TDD) systems, where uplink (UL) and
DL share the same band and channels are same, preserving
the reciprocity that can be directly exploited. Thus TDD
can directly reuse either UL or DL channel estimation for
other. But both uplink and downlink channel estimation are

done separately in FDD, and they require reference signals
or pilot signals explicitly in both directions. DL channel
estimation relies on DL pilots and UL feedback, resulting in
substantial overhead that scales with the number of antennas
and bandwidth [1]. This overhead becomes particularly severe
in emerging 5G and 6G scenarios with large antenna arrays
and rapidly varying environments [2], [3]. Recent work has
shown that deep neural networks can infer DL CSI from UL
CSI by learning the underlying mapping between neighboring
UL and DL subbands in FDD systems [4], [5]. The key ob-
servation is that despite the frequency separation, UL and DL
channels share common propagation paths, such as delays and
angles of arrival/departure, while path gains exhibit frequency-
dependent behavior. By exploiting this partial reciprocity,
deep networks can perform DL extrapolation and significantly
reduce or even remove [6] DL pilot and feedback overhead.
Moreover, owing to reduced correlation, the extrapolation
becomes complex when the difference in frequencies of UL
and DL is large. However, most existing approaches assume
relatively small UL-DL separations (e.g., within a few hundred
megahertz), use abstract stochastic channel models, and limit
their robustness when the frequency gap is large, or the
environment exhibits strong geometric structure.

A. Pilot- and Feedback-Heavy FDD CSI Acquisition

In FDD massive MIMO, obtaining accurate DL CSI at
the BS traditionally relies on explicit DL pilots and uplink
feedback, and the required overhead grows at least linearly
with the number of BS antennas. As antenna arrays scale up in
5G and beyond-5G systems, the number of DL pilot symbols
needed for conventional least-squares estimation becomes un-
affordable, consuming a significant fraction of time, frequency
resources, and transmit energy [7]. Moreover, each user must
estimate its DL subchannels and feed them back to the BS,
so the feedback payload is proportional to the CSI dimension
and thus explodes with large arrays and wideband channels.
A large body of work has focused on compressive sensing,
optimized pilot design, and CSI feedback compression to
mitigate this burden [8], [9], but these schemes still require
non-negligible DL training and uplink signalling, and their
performance degrades as the number of paths grows.

B. Al-Based DL Channel Estimation

To alleviate feedback overhead, deep learning-based DL
channel prediction has emerged as a promising alternative for



FDD massive MIMO. Authors in [1] showed that a neural net-
work can extrapolate DL CSI from UL CSI in adjacent bands
with no extra DL pilot or reporting overhead beyond TDD-
like uplink training, achieving performance close to systems
with perfect CSI on both simulated channels and real massive
MIMO measurements. Others further leveraged convolutional
and generative models to transfer environment information
from UL to DL, again assuming relatively small frequency
separations where UL and DL remain strongly correlated [10],
[11]. Deep transfer learning-based methods also attempt to
reuse trained models across scenarios and carrier frequencies
but typically still operate on grid-like CSI tensors and are
validated for moderate gaps around a few hundred megahertz
[12]. Despite removing explicit DL pilots or feedback, these
data-driven UL to DL schemes still have several limitations for
next-generation systems. First, most works consider modest
UL and DL separations and report significant degradation as
the frequency gap increases, since purely data-driven models
struggle to learn the highly non-linear frequency dependence
of path gains without a stronger structure. Second, they treat
the channel as an abstract matrix and seldom exploit explicit
geometric information or high-fidelity ray-tracing models; the
shared propagation environment is implicit in the CSI, not
modelled as a structured object. Third, they do not distinguish
between different signal-to-obstacle interaction mechanisms
(e.g., diffuse reflection on faces, edge diffraction, and corner
scattering), even though these mechanisms can respond very
differently to large frequency offsets and strongly affect the
UL-DL correlation structure.

C. Al-Based & Ray-Tracing-Modelled Channel Estimation

To improve model accuracy in real-world deployments, ray
tracers are used to simulate channels and perform channel
estimation. Parallel to DL prediction, there is a rich literature
on Al-assisted channel estimation and CSI compression using
learned encoders/decoders for CSI feedback [13]. A variety
of site-specific ray-tracing tools—such as Wireless InSite,
WinProp, and QuaDRiGa [14] have been widely adopted to
simulate realistic multipath channels for 5G/6G network plan-
ning, coverage analysis, and system-level evaluation. Some ray
tracing-based datasets, such as DeepMIMO [15] and newer
digital twin platforms [16], integrate realistic 3D geometry,
materials, and protocols to create physically grounded testbeds
for wireless learning. These environment-aware approaches
use complex and computation heavy image analysis. More-
over, signals react differently to various interaction; they
reflect from obstacle faces, diffract from edges, and scatter
from corners [17], [18]. Existing UL-aided DL prediction
methods do not process environment scenes to extract material
information and interaction types to obtain DL CFR. Based on
our studies, we observed gaps in current research,

e Dependence on DL pilots and feedback: Conventional
channel estimation and Al-based CSI compression still
require dedicated DL pilots and CSI feedback, whose
overhead and energy consumption grow with antenna
count and bandwidth.

e Small UL-DL frequency gap: Existing Al-based UL to
DL prediction methods usually target modest offsets (tens
to a few hundred megahertz), and their performance
degrades as the frequency separation increases, limiting
applicability to widely separated FDD bands in the future.

o Environment geometry processing: Many works operate
directly on grid-like CSI tensors and ignore explicit 3D
geometry, scatterer locations, or path interactions when
such information is available from ray tracing models.

e Signal-obstacle interaction: Prior neural predictors do not
distinguish between diffuse reflections on surfaces, edge
diffraction, and corner scattering, despite these mecha-
nisms having different frequency dependence and impact
on UL-DL correlation.

Based on these issues, we propose DL prediction such that,

e Zero-pilot DL CFR prediction: We propose a completely
pilot-free DL CFR prediction framework that uses only
UL pilots and scene information, eliminating DL pilot
transmission overhead.

e Large UL-DL frequency gap (700 MHz): We explicitly
study an FDD scenario with a 700 MHz separation, where
UL and DL share propagation paths but exhibit signifi-
cantly different gains and phases, pushing DL prediction
into a more realistic and challenging regime.

o Environment geometry processing: Using Sionna RT, we
build a scene graph with BS, UE, and obstacles as nodes
and multi-hop paths as edges, where each edge carries
rich per-path features (delay, Doppler, angles, gains).
A graph attention network ingests this path-type-aware
graph, learning attention patterns. Using scene informa-
tion introduces knowledge about attenuation factors with
the degree of attenuation due to each object.

o Signal-obstacle interaction: We process the signal paths
in the dataset to identify a face, edge, or corner and add
an interaction type feature while training.

The rest of the paper describes the network and highlights the
issues in DL and what we aim to solve in section II. Further,
we discuss our proposed solution and model architecture
in section III. We shortly discuss the simulation setup and
implementation details in section IV, followed by an in-depth
analysis of performance evaluation in section V. We conclude
our paper in section VI with a highlight on future work.

II. PROBLEM STATEMENT

We consider a single-cell FDD massive MIMO system with
a base station (BS) equipped with M antennas and a user
equipment (UE) with N antennas, operating over an OFDM
waveform with K subcarriers. Let fyr, and fpr = fur +Af
denote the center frequencies of the uplink (UL) and downlink
(DL) bands, respectively, with Af = 700 MHz in our setup.
The complex UL channel frequency response (CFR) between
BS antenna m and UE antenna n at subcarrier k is denoted by
Hg’i") [k], and correpsonding DL CFR HJ"™ [k]. Stacking
all antenna pairs yields the UL and DL CFR tensors,

HUL E(CIMXNXK,HDL e(cMXNXK (1)
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Fig. 1: Uplink and downlink transmission between base station
and mobile device with signals facing attenuation and fading
after deflections such as diffraction and reflection due to the
face, edge, and corners of obstacles.

In FDD systems the physical propagation environment (scat-

terers, paths) is shared between UL and DL (as shown in
Fig. 1), but the complex path gains generally differ due to
frequency-dependent material responses and array responses,
leading to only partial reciprocity between Hyr and Hpy.
We assume that standard UL pilots are transmitted, so that
the BS has access to (an estimate of) Hy;, while no DL
pilots nor DL CSI feedback are used for acquiring Hpy.
Moreover, we also assume that the angles of arrival and
departure are the same at all array elements due to small
antenna size. The goal is to infer Hp, directly from UL and
scene information, thereby removing DL pilot and feedback
overhead. We specifically deal with in-band communication
with shared paths of uplink and downlink, which may make
limited delay resolution inefficient for multipath resolution,
but our scope is to extrapolate paths with maximum gain, so
that the received signal is easily and correctly demodulated.

A. Ray-Tracing-Based Shared Paths Channel Representation

To model the propagation environment, we use a
site-specific ray-tracing engine (Sionna RT) that simulates
radio propagation in a 3D scene S, composed of BS, UE, and a
set of obstacles with frequency-dependent material properties.
For a given BS-UE pair, Sionna RT provides a set of propa-
gation paths P = {p;,ps...pp} that are common to UL and
DL, each path being characterized by frequency-independent
geometric parameters and frequency-dependent complex gains.

For path p, let 7, denote delay, ¢, A04,®p Aop the az-
imuth/elevation angles of arrival and departure, and g,(f)
the complex path gain at frequency f, Under a standard
ray-tracing model, the UL and DL CFR’s are [3],

P
Hyp =Y g,(fur)d(t— ), )
=1
! P
Hpr =Y gp(fpr)d(t — 1) 3)
p=1

Thus UL and DL share the same set of paths
{7ps p,(404/40p)} » but differ in the complex gains
gp(fur) and g¢,(fpr) [19]. Crucially, we also consider
per-interaction primitives describing how each ray interacts
with obstacles, including specular reflection on faces,
diffraction around edges, and scattering or diffraction at
corners. We encode each path p with a discrete interaction
type, t, € {face,edge,corner}, plus its 3D interaction
points and normals extracted from the ray-tracing output.
These labels capture dominant physical mechanisms that
exhibit distinct frequency dependence and hence influence
how strongly UL and DL CFRs correlate for each path.

B. Geometry-Aware Zero-Pilot DL CFR Prediction Problem

Let G denote a structured representation of the scene ge-
ometry and paths for a given BS-UE pair, such as a scene
graph whose nodes correspond to BS, UE, and obstacles, and
whose edges correspond to multi-hop propagation segments
annotated with per-path features (delay, Doppler, angles, gains)
and interaction type ¢,. In deployment, we assume that:

e The BS has access to UL CFR Hy;;, estimated from UL

pilot signals.

o The 3D scene geometry S and associated graph repre-
sentation G are available (e.g., from a digital twin or
precomputed ray-traced model). We assume that the scene
is static, the BS is located in a predefined location, and
the UE takes multiple locations.

« No DL pilots or DL CSI feedback are used for the current
channel realization.

The learning objective is to find a predictor fy, parameterized
by 6 such that,H = fy(H,G) and Hp, closely approximates
the true DL CFR Hpy. Given a training dataset D =
{(H},,G,H% ;)Y | generated by Sionna RT for multiple
BS-UE positions in the same scene, we formulate the problem
as minimizing an expected loss,

mingBw,, .1y [LHbpr, fo(Hy, G)], )

where L£(.,.) is a suitable complex-valued distortion measure,
e.g., a combination of element-wise /1 /l2 loss and normalized
MSE over antennas and subcarriers. The environment geome-
try obtained from scene information is taken from the operator-
fed scenes and not the images taken over time. Thus, geometry
processing and path extraction is a one-time effort rather than
repeated image processing overhead.

III. PROPOSED SOLUTION

We propose a geometry- and path-type-aware DL predictor
(GPA-DL) neural architecture that predicts the downlink CFR
Hpy, from the uplink CFR Hy 7, and a ray-tracing-based scene
description G, without any DL pilots or DL CSI feedback. The
model explicitly exploits that UL and DL share propagation
paths in an FDD system, while their complex gains differ
due to the large frequency separation. An important point to
highlight is that the ground truth of DL signals using pilots
is used for training, but inference uses only UL information.
This makes sure that when this pretrained model is deployed
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Fig. 2: Proposed geometry- and path-type-aware UL to DL downlink CFR prediction architecture

in a real environment, the DL pilot signals are not used and the
predicted DL channel is purely based on zero-DL-pilot signals.
The overall pipeline, as shown in Fig.2 has 3 components,

A. Path-type-aware geometry encoder

Using Sionna RT, we build a scene graph with nodes for
BS, UE, and obstacles, and edges corresponding to multi-
hop propagation segments enriched with per-path attributes
(delay, Doppler, angles, gain) and a discrete interaction type
label (face, edge, corner). A graph attention network with edge
features encodes this graph into a global geometry embedding
Zgeo,» and we also compute a global histogram of path types
that summarizes the fraction of face/edge/corner paths.

B. UL CFR encoder and UL-geometry fusion

The UL CFR is transformed into the angular domain along
the BS antenna dimension and treated as a sequence of per-
subcarrier tokens, processed by a transformer encoder. A
cross-attention block then lets these UL tokens attend to the
geometry embedding z4¢,, producing fused per-subcarrier fea-
tures that jointly reflect UL observations and scene structure.

C. Three-phase DL CFR decoder

A shared MLP first maps the fused features to a coarse
DL CFR estimate. A lightweight 1D CNN adds a UL-driven
residual that captures local frequency-domain morphology be-
tween UL and DL. Finally, a 2D ResNet refines the DL CFR,
with its feature maps modulated by the global face/edge/corner
histogram via Feature-wise Linear Modulation (FiLM), so that
face-dominated, edge-dominated, and corner-dominated links
are corrected differently under a large UL-DL frequency gap.

IV. IMPLEMENTATION

DL prediction using geometry and path-aware DL (GPA-
DL) CFR predictor is implemented using a ray tracing-based
Sionna-generated dataset using parameters in Table I. This

TABLE I: Simulation parameters

Parameter Value
Scene / environment Sionna-RT Munich 3D urban
BS antennas 1 X 4 planar array (TR 38.901 pattern)
UE antennas 1
UL carrier frequency fur, 28 GHz
DL carrier frequency fpr, 28.7 GHz (~700 MHz gap)
FFT size / subcarriers 128
Subcarrier spacing 30 kHz
OFDM symbols per slot 12
Number of UE positions 10000
PUSCH PRBs 16
Target Eb/NO for SE/BLER 10 dB

dataset is used for training our DL prediction model. Training
uses PyTorch with AdamW and gradient clipping on a single
GPU. We use 90% of the dataset for training and the remaining
for testing and validation. For preprocessing, global UL and
DL mean and std are estimated from a subset of samples and
used for CFR normalization. Each batch contains UL CFR
in the angle domain, DL CFR targets, UL delays, node/edge
tensors for the scene graph, and global features; variable-size
path sets are padded only along the path dimension. A complex
MSE on normalized DL CFR + NMSE on denormalized
CFR + a spectral-shape loss that enforces correlation across
subcarriers. AdamW with a tuned learning rate and weight
decay, and gradient norm clipping are used for optimization.
After training, predicted and true DL CFRs on the valida-
tion set are saved as .npz files, converted to time-domain
CIRs, and wrapped into objects in TensorFlow. These are
plugged into Sionna’s PUSCH chain to run BER, BLER, and
spectral-efficiency simulations with: ground truth DL from
ray-tracing, LMMSE DL from pilots; our predicted DL from
GPA-DL with no DL pilots, and a CNN-based state-of-the-art
model (SOTA-CNN) from [10].

V. RESULTS

We evaluate our proposed geometry and path-aware DL
(GPA-DL) model and SOTA-CNN [10] baseline in a link-level



simulation based on Sionna RT ray-traced FDD channels with
a 700 MHz UL-DL separation, using the same modulation,
coding, OFDM numerology, and receiver processing for all
methods. The SOTA-CNN has an implementation available
online, which helped us to compare with our results. The True
DL curve corresponds to perfect DL CSI, where the receiver
is given the ground-truth ray-traced downlink CFR. The true
DL refers to the perfectly ideal downlink channel that every
channel estimator seeks to recover. It does not correspond to
any specific model; rather, it is the actual downlink channel
present in the environment that estimators attempt to predict
to obtain a 100% accurate representation of the DL channel.
GPA-DL and SOTA-CNN both operate in a zero-DL-pilot
regime: only UL pilots are used to estimate, which is then
fed to the respective predictor to obtain a DL CFR estimate
that drives NMSE equalization and LDPC decoding. For each
Energy per bit to Noise power spectral density ratio (Eb/NO),
we simulate many independent Sionna RT channel realizations
and noise seeds and report average bit error rate (BER),
block error rate (BLER), and spectral efficiency (SE), as well
as average inference time and power consumption for 10
transmissions measured on the same hardware platform.

A. Reliability: BER and BLER Performance

We show the BER as a function of Eb/NO for True DL,
GPA-DL, and SOTA-CNN in Fig. 3a. Across the entire SNR
range GPA-DL significantly outperforms the CNN baseline:
the GPA-DL curve has a much steeper slope and remains
consistently closer to the True-DL curve, while SOTA-CNN
exhibits a noticeably slower decay and high residual BER even
at high Eb/NO. At moderate SNRs (e.g., around 8-12 dB),
GPA-DL roughly halves the BER compared to SOTA-CNN,
demonstrating that injecting geometry and path-type infor-
mation translates into more reliable symbol decisions in the
large-gap FDD regime. The BLER curves in Fig. 3b provide an
even sharper picture. With perfect DL CSI, the system reaches
very low BLER at moderate SNR; in contrast, SOTA-CNN
remains essentially stuck near BLER =1 across the tested
Eb/NO range, indicating that its DL CFR predictions are too
inaccurate to allow successful LDPC decoding under a 700
MHz separation. GPA-DL behaves markedly better: it still
requires a higher Eb/NO than True DL to reach low BLER,
but it shows a clear waterfall region and eventually achieves
BLER well below 0.1 at the highest SNR point. This confirms
that GPA-DL moves the system from an essentially “always
failing” regime under SOTA-CNN to a practically usable
reliability regime without any DL pilots. Higher BLER and
BER are due to the urban environment with many obstacles.

B. Throughput: Spectral Efficiency

Spectral efficiency (bits/symbol) versus Eb/NO for the three
cases is shown in Fig. 3c. As expected, True DL achieves
the highest SE across all SNRs, serving as an upper bound.
GPA-DL tracks this upper bound much more closely than
SOTA-CNN: the SE gap between GPA-DL and True DL is
moderate and tends to shrink with increasing Eb/NO, while

SOTA-CNN suffers from a substantial throughput loss at all
SNRs. For mid-range SNRs, GPA-DL yields roughly 1-2
bits/symbol higher SE than SOTA-CNN, and at the highest
SNR point, GPA-DL approaches the True-DL curve, whereas
SOTA-CNN still lags significantly behind. These results in-
dicate that more accurate DL CFR prediction from GPA-DL
directly translates into higher spectral efficiency, enabling the
system to harvest a larger fraction of the capacity that would
be achievable with perfect DL CSI.

C. Computational Efficiency: Inference Time and Power

In addition to link-level performance, we compare the com-
putational footprint of GPA-DL and SOTA-CNN in terms of
per-sample inference time and power consumption. Figure 4a
reports the corresponding power-consumption measurements.
Both models operate in the same power range, but GPA-DL
exhibits a slightly lower average consumption (about 5.47
x10*mW) compared to SOTA-CNN (about 5.53x10*mW),
together with a somewhat tighter distribution across runs.
The inference-time box plot in Fig. 4b shows a dramatic
difference: GPA-DL has an average latency of only p ~0.037
ms per channel realization, while SOTA-CNN requires about
p ~1.16 ms on the same hardware, i.e., more than an order
of magnitude slower. This large gap reflects the fact that
GPA-DL’s three-phase architecture has been engineered for
efficient tensor shapes and reduced overhead in the refinement
stages, whereas the baseline CNN is relatively heavy in the
channel-dimension convolutions. Combined with the power
results, this shows that GPA-DL is not only more accurate but
also more resource-efficient: it delivers higher BER/BLER/SE
performance with lower inference time and marginally reduced
power draw, making it more suitable for real-time deployment
in next-generation FDD massive-MIMO systems with strict
latency and energy constraints.

Overall, these results confirm that the proposed GPA-DL
architecture substantially improves both reliability and effi-
ciency over a strong UL-to-DL CNN baseline in a challenging
large-gap FDD setting, validating the benefits of explicit geom-
etry and path-type awareness in zero-pilot DL CFR prediction.

VI. CONCLUSION

This paper introduced a geometry- and path-type-aware
neural architecture for zero-pilot downlink CFR prediction
in FDD massive MIMO with large UL-DL frequency gaps,
leveraging Sionna RT to expose shared paths and explicit
face/edge/corner interactions that are ignored by existing UL to
DL predictors. By combining a GAT-based scene encoder, UL-
geometry cross-attention, and a three-phase CFR decoder with
type-aware refinement, the proposed method improves DL
prediction accuracy and reduces pilot and feedback overhead.
After completion of ongoing simulations, we demonstrated
gains in NMSE and spectral efficiency over state-of-the-art
UL to DL prediction schemes in the challenging 700 MHz
separation regime. Future work would extend the frame-
work to multi-user and multi-cell scenarios, validating on
measurement-based channels, and integrating the predicted DL



Bit Error Rate (Bl
S
S 8285882 8 8 .

Block Error Rate (BLER)
&

0.1

—&—True DL
—A—GPA-DL
SOTA-CNN

—6—True DL
0.05 |- —&—GPA-DL
SOTA-CNN

© s~ o o~ o

Spectral Efficiency (bits/symbol)
o

—e—True DL
—A—GPA-DL
SOTA-CNN

0 2 4 12 14 16 18

°

2 4

8 10
Eb/NO (dB)

(a) Bit Error Rate

8 10
Eb/NO (dB)

(b) Block Error Rate

18 o 2 4 12 14 16 18

8 10
Eb/NO (dB)

(c) Spectral Efficiency

Fig. 3: Performance evaluation in the Sionna end-to-end transmission chain using true and predicted CFRs for increasing

energy bit-to-noise ratio.

=]

1:54747.200

Il

1:65263.200

Power Consumption (mW)

GPA-DL SOTA-CNN

(a) Power consumption

p:1.160

Inference Time (ms)

150037

GPA-DL SOTA-CNN

(b) Inference Time

Fig. 4: Performance evaluation of time and power consumption
of AI models for the DL CFR prediction.

CFR into end-to-end link and network optimization tasks such
as intelligent precoding. We plan to improve our models with a
quantized model to improve complexity and energy efficiency.

ACKNOWLEDGMENT

This work was supported by the U.S. National Science
Foundation (I-Corps, Award No. 2449098, 2025), Patuxent
Riverkeeper (2025), the Kennesaw State University Office
of Research (GRNDS8 Grand Challenges, 2025), and Shore
Innovation Center, Kennesaw State University (2025).

REFERENCES

[1] M. Arnold, S. Dorner, S. Cammerer, J. Hoydis, and S. ten Brink,
“Towards practical fdd massive mimo: Csi extrapolation driven by deep
learning and actual channel measurements,” in 2019 53rd Asilomar
Conference on Signals, Systems, and Computers, 2019, pp. 1972-1976.
Y. Liu and O. Simeone, “Hyperrnn: Deep learning-aided downlink csi
acquisition via partial channel reciprocity for fdd massive mimo,” arXiv
preprint arXiv:2104.12274, 2021.

[3]

[4]

[5]

[6]

[7]

[8]

[9]

[10]

(11]

[12]

[13]

[14]

[15]

[16]

(17]

[18]

[19]

F. Rottenberg, T. Choi, P. Luo, C. J. Zhang, and A. F. Molisch,
“Performance analysis of channel extrapolation in fdd massive mimo
systems,” IEEE Transactions on Wireless Communications, vol. 19,
no. 4, pp. 2728-2741, 2020.

M. Arnold, S. Dorner, S. Cammerer, S. Yan, J. Hoydis, and S. t. Brink,
“Enabling fdd massive mimo through deep learning-based channel
prediction,” arXiv preprint arXiv:1901.03664, 2019.

B. Xiang, D. Hu, and J. Wu, “Deep learning-based downlink channel
estimation for fdd massive mimo systems,” IEEE Wireless Communica-
tions Letters, vol. 12, no. 4, pp. 699-702, 2023.

Y. Yang, F. Gao, G. Y. Li, and M. Jian, “Deep learning-based downlink
channel prediction for fdd massive mimo system,” IEEE Communica-
tions Letters, vol. 23, no. 11, pp. 1994-1998, 2019.

J. Cai, C. Yin, and Y. Ding, “Optimization of resource allocation in fdd
massive mimo systems,” Digital Communications and Networks, vol. 10,
no. 1, pp. 117-125, 2024.

M. J. Azizipour, K. Mohamed-Pour, and A. L. Swindlehurst, “A burst-
form csi estimation approach for fdd massive mimo systems,” Signal
Processing, vol. 162, pp. 106-114, 2019.

Y. Ma, H. He, S. Song, J. Zhang, and K. B. Letaief, “Low-complexity csi
feedback for fdd massive mimo systems via learning to optimize,” IEEE
Transactions on Wireless Communications, vol. 24, no. 4, pp. 3483—
3498, 2025.

M. S. Safari, V. Pourahmadi, and S. Sodagari, “Deep ul2dl: Data-
driven channel knowledge transfer from uplink to downlink,” IEEE Open
Journal of Vehicular Technology, vol. 1, pp. 29-44, 2019.

L. Bai, C.-X. Wang, J. Huang, Q. Xu, Y. Yang, G. Goussetis, J. Sun, and
W. Zhang, “Predicting wireless mmwave massive mimo channel charac-
teristics using machine learning algorithms,” Wireless Communications
and Mobile Computing, vol. 2018, no. 1, p. 9783863, 2018.

Y. Yang, F. Gao, Z. Zhong, B. Ai, and A. Alkhateeb, “Deep transfer
learning-based downlink channel prediction for fdd massive mimo
systems,” IEEE Transactions on Communications, vol. 68, no. 12, pp.
7485-74917, 2020.

H. A. Le, T. Van Chien, T. H. Nguyen, H. Choo, and V. D. Nguyen,
“Machine learning-based 5g-and-beyond channel estimation for mimo-
ofdm communication systems,” Sensors, vol. 21, no. 14, p. 4861, 2021.
M. Liibke, S. Dimce, M. Schettler, F. Lurz, R. Weigel, and F. Dressler,
“Comparing mmwave channel simulators in vehicular environments,” in
2021 IEEE 93rd Vehicular Technology Conference (VIC2021-Spring).
IEEE, 2021, pp. 1-6.

A. Alkhateeb, “Deepmimo: A generic deep learning dataset for
millimeter wave and massive mimo applications,” arXiv preprint
arXiv:1902.06435, 2019.

Z. He, R. He, B. Ai, H. Zhang, and Z. Zhong, “Joint angle-delay
sparse structured compressed sensing for isac channel estimation,” IEEE
Transactions on Vehicular Technology, 2025.

A. U. Geometrical, “Edge in a perfectly conducting surface,” PRO-
CEEDINGS OF THE IEEE, vol. 62, no. 11, 1974.

S. Hussain, “Investigation of corner diffraction for different materials in
vehicular channels at urban street intersection,” Physical Communica-
tion, vol. 48, p. 101445, 2021.

Z. Zhong, L. Fan, and S. Ge, “Fdd massive mimo uplink and downlink
channel reciprocity properties: Full or partial reciprocity?” in GLOBE-
COM 2020-2020 IEEE Global Communications Conference. IEEE,
2020, pp. 1-5.



