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Abstract—Ray tracing simulations are widely regarded as
a benchmark approach for high-fidelity propagation modeling,
enabling accurate design and validation of 5G and beyond-6G
networks, yet remain computationally prohibitive for real-time
applications. Sionna RT and similar tools require milliseconds per
link, scaling poorly for large-scale simulations and online channel
state prediction. Neural surrogates have emerged to accelerate
ray tracing by orders of magnitude. Existing approaches assume
high uplink-downlink (UL-DL) path congruence and require
full 3D scene geometry, which is unrealistic for frequency
division duplex (FDD) systems spanning sub-6 GHz uplink to
mmWave/sub-THz DL. This makes predicting DL paths using
UL paths less complex. But the complexity increases when path
congruence degrades in cross bands UL-DL communication.
Using Sionna ray tracing in Munich’s urban environment, with
low path congruence and limited scene geometry, we propose the
AI-based ray tracing surrogate for non-reciprocal FDD. In our
FDD system, we consider large frequency gaps between UL (3.5
GHz) and DL (300 GHz) that generate only 40% of overlapping
paths. Our proposed approach, graph neural network for radio
access path prediction (GNN-RAP) that encodes sub-6 GHz UL
paths and coarse environmental geometry knowledge to predict
mmWave/sub-THz DL multipath components. We compare the
predicted paths with the state-of-the-art OptML [1] model as
well as with true DL paths. GNN-RAP reduces prediction error
by 3-4× versus OptML while scaling in dense urban scenes. By
exploiting environmental structure, it overcomes UL-DL duality
limits, enabling real-time beam management for frequency-
agnostic 5G/6G systems without dense DL pilots.

Index Terms—Path prediction, Graph neural network, Phase,
Large frequency gap, Delay, Jaccard index, Frequency division
duplex.

I. INTRODUCTION

Ray tracing is a site-specific channel modeling framework
in 5G and emerging 6G system design [2]. Tools such as
NYURay and Sionna RT load three-dimensional geographic
information system (GIS) data (e.g., OpenStreetMap building
footprints, heights, and materials); launch rays from transmit-
ters; trace reflections, diffractions, and transmissions through
the environment; and reconstruct multipath channel coeffi-
cients at arbitrary carrier frequencies using electromagnetic
propagation models [2]–[4]. This level of fidelity enables high-
confidence validation of beamforming and link adaptation
schemes, the construction of realistic digital-twin networks
(DTNs) [5].
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However, ray tracing’s accuracy comes at a computational
cost. A typical Sionna RT simulation can take from several
milliseconds to seconds per link on a GPU, depending on
scene complexity, requested number of paths, and frequency
bands [2]. Additionally, these methods depend in channel state
information reference signals (CSI-RS) for channel estimation
and path extraction, which is energy intensive. As 6G research
pushes toward intelligent reflecting surfaces, highly directional
mmWave/sub-THz links, and ultra-dense deployments, there is
a clear need for faster yet still physically grounded, AI-based
propagation models that capture path-level structure [6], [7].

Neural ray tracing represents an emerging paradigm to
address the computational bottleneck of traditional ray tracers
by training deep networks to approximate their input-output
mapping. WiNeRT [8], is among the earliest works, predicts
multipath parameters (angles of arrival/departure, delays, and
gains) from 3D scene representations and transmitter/receiver
positions. A more recent neural ray tracing approach trains
multi-layer perceptrons on datasets generated by Sionna RT
to predict path gains, time of flight, and angles in the Munich
urban scenario [9]. KANNA-NeRF [10] advances this line by
combining Kolmogorov-Arnold networks (KANs) with neural
radiance field (NeRF) techniques for volumetric propagation
modeling, achieving near-perfect overlap between uplink (UL)
and downlink (DL) channel frequency responses in controlled
indoor WiGig scenarios (60 GHz).

Physics-informed neural networks (PINNs) and surrogate
modeling techniques offer additional perspectives on prop-
agation prediction. PINNs for channel estimation combine
model-based priors (e.g., sparsity, low-rank structure) with
deep learning in pilot-limited scenarios. GeNeRT [11] incorpo-
rates physics constraints into neural ray tracing for improved
indoor generalization. While these approaches improve sample
efficiency and generalization, they remain largely single-band
or moderate-diversity, assuming frequency-invariant geometry
or shared propagation paths across bands. They do not address
the explicit path divergence that occurs in large-gap FDD.

A complementary line of research targets cross-band CSI
prediction specifically for Frequency Division Duplexing
(FDD) systems, aiming to leverage UL CSI at one frequency
to inform DL beam selection, channel estimation, or precod-
ing at another frequency. The seminal R2-F2 [12] system
employs convolutional neural networks (CNN) to map sub-



6 GHz beam indices to mmWave beams. OptML [1] takes a
gradient-descent approach, optimizing DL channel estimates
within UL-derived subspaces , typically in moderate frequency
gaps (≤30 MHz). More recently, HORCRUX [13] introduces
frequency-aware CNN fusion for measured sub-6 28/39 GHz
channel pairs. However, they operate primarily in the CFR or
beam domain, regressing entire channel matrices. Moreover,
they provide little insight into performance degradation as
UL-DL frequency separation increases or as path overlap
diminishes, leaving users without guidance on when UL-based
prediction is physically viable.

The literature reveals three critical gaps:

• Large-frequency-gap path divergence: No prior neural
ray tracing or cross-band CSI work systematically eval-
uates path prediction across large frequency gaps, where
NLOS congruence collapses, exposing fundamental phys-
ical limits on UL-based prediction.

• Pilot signal dependence: DL paths estimation from chan-
nel is done using energy-consuming CSI-RS pilot signals.

• Practical deployment constraints: Neural-RT methods
require full 3D scene meshes that are unavailable in real-
time FDD CSI acquisition; cross-band predictors assume
high UL-DL overlap without path-level decomposition or
practical input proxies.

• Independent-path regimes: Existing models do not han-
dle “independent-solve” scenarios (separate UL/DL ray
traces reflecting FDD reality) or quantify the relationship
between measured path overlap and prediction fidelity for
adaptive system design.

This paper fills these gaps with a graph neural network for
radio access path prediction (GNN-RAP), the first AI-based
ray tracing surrogate for non-reciprocal FDD. The novelty of
this paper lies in DL pathfinding in a large UL-DL frequency
gap network with cross-band communication without any pilot
signals. This paper makes the following main contributions to
the emerging area of AI-based ray tracing:

• Quantitative Congruence Benchmark for Large-Gap
FDD (≈295 GHz): We systematically measure and char-
acterize UL to DL path overlap using Sionna RT in the
Munich urban scenario across multiple DL bands. We
report cluster Jaccard indices, angular power spectrum
(APS) correlations, and DL power fractions near UL-
dominant directions, providing the quantitative evidence
of path divergence in large-gap FDD.

• AI-Based Ray Tracing Surrogate Architecture for Non-
Reciprocal FDD: We propose GNN-RAP, a geometry-
aware neural model that encodes observed UL paths and
coarse environment geometry features to generate DL
multipath components. We evaluate frequency-sensitive
path parameters such as phase, delay, and power.

• Computational Speedup with Practical Deployability:
Unlike neural ray tracing methods that require full 3D
scene meshes, our approach uses only UL path ob-
servations (extractable from standard channel sounders)
and basic geometric features (pre-deployed as Open-

Fig. 1: Frequency division duplex network with a large fre-
quency gap causing different UL and DL paths.

StreetMap), enabling deployment in live FDD systems
without GIS mesh dependencies, achieving effective
speedup while maintaining physics-ceiling awareness.

• Path-Space Decomposition and Attribution: Unlike prior
cross-band CSI works that treat DL holistically, we
explicitly decompose DL paths and power into UL-
related and UL-independent components, enabling clear
attribution of which DL energy can be explained by
UL and which must be inferred from geometry alone,
providing physical insight into the limits of reciprocity-
based prediction at large frequency gaps.

The rest of this paper is organized as follows. Section
II details the system model, ray tracing setup, path extrac-
tion pipeline, and geometry feature construction. Section III
presents the UL-DL path congruence analysis and discusses its
implications. Section IV describes the GNN-RAP architecture
and training objectives. Section V describes dataset generation
and performance metrics followed by path-level evaluation
resultss, and Section VI concludes the paper with future work.

II. SYSTEM MODEL

Consider a FDD wireless system with separate UL and
DL frequency bands. This allows simultaneous UL and DL
transmission on different carriers, enabling symmetric or
asymmetric traffic patterns. The key challenge in cross band
FDD is the lack of instantaneous reciprocity as shown in Fig.
1: the UL channel at frequency fUL does not directly mirror
the DL channel at frequency fDL due to frequency-dependent
propagation phenomena. In this work, we focus on cross band
large frequency gap FDD, where the UL operates at sub-6
GHz (specifically 3.5 GHz, typical for the cellular n78 band)
and the DL operates at mmWave or sub-THz frequencies (28,
40,... 300 GHz). Such large frequency gaps between UL and
DL induce severe non-reciprocity of paths because material
properties, diffraction efficiency, and scattering mechanisms
vary dramatically across this range.

The wideband channel between BS and UE can be modeled
as a sum of multipath propagation components k. At the UL



(a) Path Cluster Jaccard Index (b) Fraction of DL with UL Neighbors (c) LoS vs. NLoS

Fig. 2: Path Congruence comparison for uplink and downlink paths at various frequencies. UL DL 28 denote both UL and
DL operate at same frequency of 28 GHz, all others, DL X, denote UL at 3.5 GHz and DL at X GHz.

frequency fUL, the received signal [14] is,

yUL(t) =

PUL∑
k=1

αUL
k s(t− τUL

k )ej2πfULϕUL
k + w(t), (1)

where αUL
k the complex path gain, τUL

k is the propagation
delay, ϕUL

k is the phase shift, s(t) is the transmitted waveform,
and w(t) the additive noise. Similarly, at the DL frequency
fDL,

yDL(t) =

PDL∑
k=1

αDL
k sk(t− τDL

k )ej2πfDLϕDL
k + w(t). (2)

The UL and DL signals are characterized by the angle of
arrival at the receiver (φr,k, θr,k) in azimuth and elevation and
the angle of departure (AoD) at the transmitter: (φt,k, θt,k) in
azimuth and elevation. The frequency-domain channel [15] can
be expressed using angular-delay representation,

H(f) =

P∑
k=1

αk(f)aR(φr,k, θr,k)a
H
T(φt,k, θt,k) e

−j2πfτk ,

(3)
where aR(·) and aT(·) are receive and transmit array response
vectors, and the complex path gain αk(f) are frequency
dependent due to material absorption, diffraction attenuation,
and penetration losses [6], [16]. Path-dependent parameters, τk
normalized delay, and ϕk is phase shift vary when UL and DL
paths are different. Thus, in our scenario for cross band, the
UL and DL frequencies are very far apart, and both frequency
and path-dependent parameters are different. The larger the
gap, the more is the variation. Due to frequency-dependent
material responses, penetration depths, and scattering cross-
sections, the set of dominant propagation paths at fUL differs
significantly from those at fDL when fDL ≫ fUL [17].

III. PROBLEM STATEMENT

In this paper, we address the problem of predicting DL path
structure purely from UL observations and coarse environment
geometry, without any pilot signals for DL CSI feedback,
in a large frequency gap cross band FDD system. Research
[12] show that the DL channel can be predicted from UL
counterparts, thereby reducing costly DL pilots and feedback.

Our analysis in Fig. 2, however, shows that this assumption
fails in FDD systems with large frequency gaps, over 28 GHz.
At large frequency gaps such as in cross band communication,
the UL-DL covariance is very high, thus prediction DL from
UL becomes very complex. We measured path overlap as a
measure of cluster Jaccard index in joint delay angle space
in Fig. 2(a). In the first measurement, both UL and DL
frequencies are 28 GHz; then we clipped UL to 3.5 GHz and
changed DL from 28 GHz to 300 GHz. We observe that when
UL and DL operate in the same frequency, the Jaccard index
(JI) is near to 1.0, indicating high path congruence, but it
collapses sharply once UL and DL frequencies diverge, and
JI reaches close to zero. This was exact matching of angles
and delays. We further relaxed the matching such as to allow
angular separation of ±10° in Fig. 2(b). The results indicate,
matching is 1.0 for same band communication, but dropping
below 45% when frequencies diverge. Further, we investigated
paths that change path direction in Fig. 2(c). It shows that, for
the same frequency, both LoS and NLoS path directions are
the same, but as the frequency gap widens, the majority of
the DL NLoS structure is effectively independent of the UL.
Consequently, any method that attempts to reconstruct the full
DL channel directly from UL, it can at best recover the small
fraction of DL power that is UL-related, while the bulk of DL
energy arises from frequency-specific NLoS paths that cannot
be inferred deterministically from UL alone.

IV. PROPOSED SOLUTION

Our proposed solution, graph neural network for radio
access path (GNN-RAP) for DL path prediction as a condi-
tional generative problem in which a neural network learns to
synthesize a set of dominant DL multipath components from
observed UL paths and coarse scene information as shown in
Fig. 3, without requiring any DL pilots or full 3D meshes.
Since Ray tracing frameworks use the predicted paths for
channel estimation, we predict path parameters rather than
entire paths: phase, path power, and delays [18], [19].

For each link we collect the top-K UL paths pUL
k as a

matrix, XUL ∈ RK×5, where pUL
k = {φr,k, θr,k, τk, αk, ϕk},

and a scene graph descriptor is G built from the transmitter,
receiver, and scatterer objects encoded as node features and



Fig. 3: Graph neural network for radio access path prediction (GNN-RAP): uplink and geometry encoded, downlink decoder.

edges. We implement a dual head model to predict DL paths.
In the first part, we predict paths related to UL using fθ,

fθ = (XUL,G, z) 7→ Ŷ DL ∈ RK×dpath , (4)

where z ∼ N (0, I) is a low-dimensional noise vector
and each row of Ŷ DL is a predicted DL path p̂DL

k =
(φ̂r,k, θ̂r,k, τ̂k, ρ̂k, ϕ̂k), comprising azimuth, elevation, normal-
ized delay, log power fraction (ρ̂k = |α̂k|), and phase, thus
dpath = 5. The second part predicts paths not related to UL
signals. The architecture consists of three main components: a
UL path encoder, a scene graph encoder, and a shared decoder
to finally predict DL paths with two heads explained above.

The UL path encoder applies a small multilayer perceptron
(MLP) with shared weights across paths, then pools over the
K paths to obtain a fixed-length embedding

EUL = Pool
(
σ
(
W2 σ

(
W1X

UL + b1
)
+ b2

))
∈ RdUL , (5)

where σ(·) is a nonlinearity (e.g., GELU/ReLU), W1,W2 and
b1, b2 are trainable weights, and Pool(·) is a permutation-
invariant operation such as mean or max over the paths.

In parallel, the scene graph encoder using graph neural
network (GNN) learns how the receiver’s position relative to
TX and scatterers influences the DL paths, enabling context-
aware path predictions. It represents the environment as node
features V ∈ RN×dgeom (TX, RX, and obstacles) and an
edge index E ⊂ {1, . . . , N}2, where dgeom = 9 is geometric
dimensions, and performs graph message passing to obtain
edges given by,

E(l+1)
i = σ

W (l)E(l)
i +

∑
j:(j,i)∈E

Φ(l)
(
E(l)
j ,E(l)

i

) , (6)

starting from E(0)
i = Vi and stacking several layers l =

0, . . . , L − 1. A global pooling over nodes then yields a
geometry embedding

Egeom = Pooli

(
E(L)
i

)
∈ Rdgeom . (7)

The joint latent representation is obtained by concatenating
the UL, geometry, and noise vectors,

E =
[
EUL ∥Egeom ∥ z

]
∈ RdE , (8)

and expanding it through a shared decoder trunk to produce
K path embeddings

Epath = ResMLP(h) ∈ RK×dpath , (9)

where ResMLP denotes a stack of fully connected layers with
residual connections, reshaping RdE into RK×dpath . A final
linear layer maps each path embedding Epath

k to raw outputs
of DL paths represented as,

ỹk = WoutEpath
k + bout ∈ R5, (10)

which are interpreted as unconstrained azimuth, elevation,
delay log-coordinate, power logits, and phase. To enforce
geometric validity and power conservation, these raw outputs
are passed through deterministic bounding transforms before
being used as paths. The azimuth and elevation are via,
φ̂r,k = tanh(ỹk,1), θ̂r,k = tanh(ỹk,2), ensuring they lie in
the normalized range [−1, 1] that maps back to [−π, π] and
[−π/2, π/2], respectively. The normalized delay coordinate is
similarly constrained to [0, 1] by clipping the values accord-
ingly as,

d̂k = clip(ỹk,3, 0, 1), (11)

and later denormalized per sample using stored delay minima
and ranges to recover absolute delays through a log-scale
inverse mapping. Power is parameterized via a log-softmax
over the K paths,

ℓ̂k = log
exp(ỹk,4)∑K
j=1 exp(ỹj,4)

, (12)

so that exp(ℓ̂k) are power fractions that sum to one across
k and can be scaled by the total DL power to obtain per-
path powers in linear or logarithmic domain. Finally, the phase
output is treated as an angle on the complex unit circle, ϕ̂k =
∠(exp(jỹk,5)) , which wraps the unconstrained real value back
into [−π, π]. Overall, the network implements the mapping,

(XUL, G, z) 7→
{
(φ̂r,k, θ̂r,k, d̂k, ℓ̂k, ϕ̂k)

}K

k=1
, (13)

where the UL encoder learns which UL angles and powers
are predictive of DL structure, the graph encoder captures
how BS-UE distance and scatterer layout constrain feasible
propagation paths, and the decoder fuses these embeddings
with noise into a valid set of DL paths whose geometry, delay,
power allocation, and phase can be used to synthesize DL.



TABLE I: Simulation parameters

Parameter Value
Scene / environment Sionna-RT Munich 3D urban

BS antennas 1 × 4 planar array (TR 38.901 pattern)
UE antennas 1

UL carrier frequency fUL 3.5 GHz
DL carrier frequency fDL 28, 40, 60, 100, 150, 200, 250, 300 GHz

FFT size / subcarriers 128
Subcarrier spacing 30 kHz

OFDM symbols per slot 12
Number of UE positions 1000

Maximum dominant paths 8

The training objective incorporates a carefully designed
loss function that balances multiple complementary aspects
of path parameter prediction. The total loss is computed as
a weighted sum of distinct loss components, each targeting
a specific aspect of the multipath prediction problem. The
reconstruction loss measures the Kullback-Leibler divergence
between the predicted power fractions and the ground truth
power distributions. The geometric loss computes the mean
squared error between predicted and true angles as well as the
normalized delay parameters. A novel component introduced
in this work is the PHI-specific loss, which targets the azimuth
angle prediction accuracy. The phase loss measures the circular
phase error between predicted and true phase values. The Hun-
garian matching loss addresses the combinatorial challenge of
establishing correspondence between predicted and true paths
and evaluating the parameters.

V. RESULTS AND DISCUSSION

We implement an intelligent model for DL path prediction
based on UL paths and environment geometry. The dataset
is generated using Sionna ray tracing in the Munich scenario
with 1000 independent BS-UE links, where UL and DL is
at different frequencies using frequency-dependent material
properties (brick, concrete, glass) with ray tracing parameters.
OpenStreetMap data are used to generate the environment
geometry consisting of various obstacles, TX/RX coordinates,
material, material characteristics, etc. Simulation parameters
used in our scene are summarized in Table I. To assess the
prediction quality, multiple metrics were computed comparing
the model predictions against ground truth values and the
existing state-of-the-art solution, OptML [1].

We evaluate our proposed GNN-RAP model on the valida-
tion set for the extreme cases of 3.5 to 28 GHz (moderate
gap) and 3.5 to 300 GHz (large gap). Our results show
estimates of the predicted delay, phase, and power distributions
versus Sionna RT ground truth and OptML, demonstrating
that GNN-RAP consistently achieves tighter alignment with
ground truth across both frequency gaps. These visualizations
reveal the models’ ability to capture the marginal statistical
structure of ray-traced DL paths despite operating in a low-
congruence regime where NLOS path overlap is near zero.
Power distributions in Fig. 4 capture the 40 to 60 dB dynamic
range of ray-traced paths. True DL power distribution shows
mean of -103.96 dB for UL-DL frequency gap of 25 GHz and

(a) Uplink: 3.5 GHz, Downlink: 28 GHz

(b) Uplink: 3.5 GHz, Downlink: 300 GHz

Fig. 4: Path power prediction distribution.

-113.96 dB for 295 GHz. GNN-RAP predicted DL paths with
MAE of 12.5 dB and 9.9 dB for frequency gap of 25 GHz and
295 GHz respectively. OptML produces MAE of 78.9 dB for
DL paths at 28 GHz and 92.8 dB at 300 GHz reflecting its UL-
only design’s complete failure to learn frequency-dependent
path loss scaling trained on moderate gaps.

Phase distributions in Fig. 5 shows uniform ground-truth
spreads on [−π, π] due to random scatterer phases and propa-
gation geometry. GNN-RAP achieves the closest match, with
MAE of 0.13 rad and 1.36 rad for DL paths at 28 GHz and 300
GHz respectively, and minimal bias, preserving the uniform
spread essential for accurate CFR synthesis. OptML exhibits
heavier tails and MAE 0.18 rad and 2.23 rad, as UL-only
conditioning struggles to capture geometry-induced phase re-
lationships between UL and DL scatterers. Delay distributions
(Fig. 6) exhibit the characteristic bimodality of urban ray-
traced channels: a sharp peak near zero delay from LOS/direct
paths and a longer multipath tail extending to 500 ns from
reflections and diffractions. GNN-RAP faithfully reproduces
this structure across both gaps, with predicted means within
69 ns (28 GHz) and 95 ns (300 GHz) of ground truth. OptML,
lacking geometry awareness, systematically underestimates the
multipath tail shifting mass toward shorter delays (means 253
ns and 218 ns), as it cannot infer scene-dependent long-range
scattering from UL alone.

The distribution comparisons demonstrate that GNN-RAP
learns realistic marginal path statistics across the full range
of large-gap FDD scenarios, even at 300 GHz, where UL-DL
congruence is minimal, as shown in Fig. 2. These marginal
matches imply strong joint path fidelity: when paths have
realistic angles, delays, phases, and powers individually, they
are likely to form coherent multipath clusters and CFRs.

VI. CONCLUSION

Paper proposes predicting downlink (DL) paths in cross-
band FDD with large frequency gaps up to 295 GHz. In this
scenario, the uplink (UL) to DL correlation is very low, thus it



(a) Uplink: 3.5 GHz, Downlink: 28 GHz

(b) Uplink: 3.5 GHz, Downlink: 300 GHz

Fig. 5: Path phase prediction distribution.

(a) Uplink: 3.5 GHz, Downlink: 28 GHz

(b) Uplink: 3.5 GHz, Downlink: 300 GHz

Fig. 6: Path delay prediction distribution.

becomes complex to predict DL paths without any reference
signals. Our proposed graph neural network for radio access
paths demonstrates the viability and effectiveness of graph
neural networks for predicting DL propagation paths from
UL channel measurements and environment information. We
were able to capture almost 90% of DL power as compared
to true paths, as opposed to OptML having large errors.
Similarly phase and delay distributions also show that GNN-
RAP achieves the closest distributional match with lower MAE
as compared to OptML. Thus, the GNN-RAP produces more
accurate DL paths. Future work would explore scalability to
larger antenna arrays. The methodologies developed and vali-
dated in this work provide a foundation for further exploration
of learning-based channel prediction.
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