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Abstract— Accurate radio map (RM) construction is essential
to enabling environment-aware and adaptive wireless commu-
nication. However, in future 6G scenarios characterized by
high-speed network entities and fast-changing environments,
it is very challenging to meet real-time requirements. Although
generative diffusion models (DMs) can achieve state-of-the-art
accuracy with second-level delay, their iterative nature leads to
prohibitive inference latency in delay-sensitive scenarios. In this
paper, by uncovering a key structural property of diffusion
processes: the latent midpoints remain highly consistent across
semantically similar scenes, we propose RadioDiff-Flux, a novel
two-stage latent diffusion framework that decouples static envi-
ronmental modeling from dynamic refinement, enabling the
reuse of precomputed midpoints to bypass redundant denoising.
In particular, the first stage generates a coarse latent represen-
tation using only static scene features, which can be cached and
shared across similar scenarios. The second stage adapts this
representation to dynamic conditions and transmitter locations
using a pre-trained model, thereby avoiding repeated early-stage
computation. The proposed RadioDiff-Flux significantly reduces
inference time while preserving fidelity. Experiment results show
that RadioDiff-Flux can achieve up to 50× acceleration with less
than 0.15% accuracy loss, demonstrating its practical utility for
fast, scalable RM generation in future 6G networks.

Index Terms— Radio map, generative artificial intelligence,
diffusion model, midpoint reuse.

I. INTRODUCTION

THE increasing demand for efficient and adaptive channel
estimation methods in 6G networks has shifted the focus

from traditional pilot signal-based measurements to computa-
tional approaches [1], [2], [3]. This is primarily driven by the
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need to estimate channel characteristics in large-dimensional
environments, which are common in 6G, as well as the
integration of passive devices such as Intelligent Reflective
Surfaces (IRS) [4], [5], [6]. Additionally, the pre-planning of
movement paths for mobile wireless access nodes, such as
drones and satellites, introduces further complexity in channel
estimation, as these nodes must account for their dynamic
positions before reaching target areas [7], [8]. In response
to these challenges, Radio Maps (RMs) [9] and Channel
Knowledge Maps (CKMs) [10] have emerged as important
tools for visually representing the spatial distribution of wire-
less channel features via pre-computation. Although these
methods are effective in capturing the accuracy of spatial
distributions, they often fail to address the growing need
for efficient construction and real-time adaptability, especially
when environmental factors or wireless transmitter parameters
change dynamically [10], [11]. In 6G networks, rapid shifts in
user distribution, environmental conditions, and personalized
service demands create significant temporal-spatial variations
in service requirements [12]. This necessitates the ability for
network managers to rapidly adapt service strategies in real-
time, in order to maintain service quality and efficiency [13].
Traditional pre-computed RMs and CKMs, however, struggle
to offer timely updates or support on-demand services in
such dynamic environments, as they are often limited by their
inability to respond quickly to evolving conditions [10]. This
research highlights the critical need for rapid RM inference,
proposing an innovative solution where RMs can be quickly
reconstructed following environmental or base station (BS)
location changes, leveraging pre-calculated RMs or their inter-
mediate variables. This capability aligns with the requirements
of 6G networks, offering the agility and dynamism necessary
to meet the challenges of next-generation wireless systems.

Existing technologies can be divided into two paradigms:
physical-driven [14], [15] and data-driven methods [9], [16],
[17]. However, both of them face fundamental limitations
in dynamic scenarios. Physical-driven methods, such as ray
tracing, simulate the propagation of electromagnetic waves by
solving Maxwell’s equations [18]. Although they can achieve
RM modeling with centimeter-level accuracy, their computa-
tional complexity is exponentially related to the size of the
scene. Building a 100-meter resolution RM often requires tens
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Fig. 1. The illustration of the similarity of latent variables for RMs.

of minutes of server-level computing power, and any slight
environmental changes, such as vehicle movement, can cause
global changes in the path of electromagnetic waves, forcing a
complete recalculation [19]. The rigid computing architecture
of such methods obviously cannot adapt to the second-level
RM update requirements in 6G scenarios. Data-driven meth-
ods attempt to break through the efficiency bottleneck by
learning environmental feature mappings through neural net-
works. However, traditional discriminative models are good at
regressing channel parameters from local features, they have
difficulty in generating spatially coherent global RMs [9], [20].
Although generative adversarial networks (GANs) have the
ability to generate data, their reliability in actual deployment
is insufficient due to mode collapse and training instabil-
ity [16]. In recent years, diffusion models (DMs) have made
significant progress in the task of RM construction with their
progressive generation mechanism. The accuracy of DM-based
methods can rival that of ray tracing [17], [21]. However,
the iterative denoising process of DM requires thousands of
neural network inferences, resulting in a generation delay
of several seconds for a single RM, which still makes it
difficult to support the real-time requirements of high-dynamic
scenes [22]. Moreover, the “zero memory” generation mode
of traditional DM completely ignores the temporal and spatial
correlation in the continuous evolution of scenes. For example,
when a drone moves along a trajectory, DM needs to perform
a complete denoising process from scratch for each new
location, while the similarity of the propagation laws implicitly
existing between RMs of adjacent locations is not effectively
utilized. This redundant calculation is not only inefficient, but
also likely to introduce inter-frame jitter due to random noise
initialization, which can destroy temporal consistency - this is
particularly fatal for applications that require continuous RM
sequences.

To address the limitations of existing RM construction
methods in dynamic environments, our study reveals a key
empirical finding, as shown in Fig. 1, the intermediate latent
variables in the diffusion process exhibit strong similarity
across scenarios with comparable environmental characteris-
tics. For instance, when base station locations are slightly

adjusted within the same building layout, the diffusion tra-
jectories show highly consistent latent representations in the
middle stages of denoising, even though the final RMs differ
significantly. This observation indicates that the intermedi-
ate states primarily encode stable, scene-invariant features
such as architectural structure and material properties, while
later stages are responsible for refining scene-specific details
like antenna radiation patterns and dynamic obstacles. This
insight leads us to propose RadioDiff-Flux, a two-stage
implicit diffusion framework designed to reuse the interme-
diate states, referred to as midpoints, within the generative
process. By decoupling the modeling of static environmental
features from the refinement of dynamic or transmitter-specific
elements, our approach significantly enhances inference effi-
ciency while preserving spatial and temporal consistency. The
resulting framework enables scalable and low-latency RM
generation, particularly well-suited for dynamic 6G scenarios.
The main contributions of this paper are summarized as
follows.

1) We conduct a detailed analysis of the latent diffusion
process and uncover that RMs generated from different
base station positions or dynamic variations within the
same static environment share highly similar diffusion
midpoints. These midpoints capture stable environmen-
tal semantics, enabling their reuse to significantly reduce
redundant inference in dynamic scenarios.

2) To support this observation, we provide a theoretical
analysis based on KL divergence, showing that RMs
with similar structures exhibit closely aligned denoising
trajectories. This offers a rigorous foundation for the
feasibility and effectiveness of midpoint reuse.

3) Leveraging these insights, we propose two implemen-
tations: vanilla midpoint reuse, which enables zero-cost
adaptation using cached midpoints from a pre-trained
model; and RadioDiff-Flux, a two-stage framework that
decouples static and dynamic inference for improved
accuracy and efficiency. Both designs facilitate rapid RM
updates while preserving generative fidelity.

4) Extensive experimental results demonstrate the effec-
tiveness of our approach. In dynamic scenarios, the
proposed midpoint reuse strategies achieve over 50×
acceleration in inference speed, with less than 0.12%
degradation in RM construction accuracy, significantly
advancing the practicality of diffusion-based RM gener-
ation for real-time and mobility-aware wireless systems.

II. PRELIMINARY

DMs particularly denoising diffusion probabilistic models
(DDPM) [23], [24], have emerged as a powerful class of
generative models for various data synthesis tasks, including
image generation [25], denoising [22], and even in the con-
text of wireless channel estimation [17], [26]. These models
operate by progressively adding noise to data in a forward
process and then learning to reverse the noise in a reverse
denoising process. The main advantage of diffusion models
lies in their ability to produce high-quality data through a
gradual refinement process, making them well-suited for tasks
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requiring precise generation of complex data distributions,
such as radio map construction [27], [28].

The forward process in DDPM involves a Markov chain of
length T, where at each step, Gaussian noise is progressively
to the original data. The transition from the clean data x0 to
the noisy data xT is defined by a series of conditional
distributions, where at each step t, the data is perturbed by
adding noise with variance controlled by a schedule. Formally,
the forward process is modeled as follows [23].

q(xt|xt−1) = N (xt;
√

1− βt · xt−1, βt · I), (1)

where βt is a variance schedule that controls the amount of
noise at each step, N (·) represents a Gaussian distribution,
and I is the identity matrix. The variable xt denotes the noisy
version of the data at time step t, and the process continues
until t = T , where the data xT is essentially pure noise.
To simplify, the total forward process can be represented as
follows.

q(xT |x0) = N (xT ;
√

ᾱT · x0, (1− ᾱT ) · I), (2)

where αt = 1 − βt, and ᾱT =
∏T

t=1 αt. This cumulative
process effectively maps the original data x0 to a noisy sample
xT .

Once the data has been diffused to noise, the reverse process
is learned, aiming to recover the original data from the noisy
version. The reverse process is essentially the denoising step,
where each noisy image xt is mapped back to the cleaner
version xt−1. The reverse dynamics are governed by the
distribution as follows.

pθ(xt−1|xt) = N (xt−1; µθ(xt, t), σ2
t I), (3)

where µθ(xt, t) is the mean of the distribution, predicted by
a neural network, and σ2

t is the variance at step t. The model
is trained to learn the denoising function µθ(xt, t) through the
following objective.

L = Eq

[
∥ϵ− ϵθ(xt, t)∥2

]
, (4)

where ϵ is the noise in the forward process, and ϵθ(xt, t) is
the model’s predicted noise. The network learns to predict the
noise that was at each step of the diffusion, and the loss is
minimized by comparing the predicted noise to the true noise.
By reversing this process iteratively, starting from the noise
xT , the model progressively recovers the original data, x0.

According to [29], the diffusion process of latent variables
in the generative model can be equivalently expressed by a
stochastic differential equation (SDE) as follows [30].

dzt = ftzt dt + gt dϵt, (5)

ft =
d log γt

dt
, (6)

g2
t =

dδ2
t

dt
− 2 ftδ

2
t , (7)

where zt is the noisy latent representation at time t, ϵt is
standard Brownian noise, and ft and gt denote the drift and
diffusion coefficients, respectively. The reverse process, which
recovers z0 from zt, follows:

dzt =
[
ftzt − g2

t∇x log q(zt)
]
dt + gtdϵt, (8)

where ϵt is a Gaussian noise term from the time-reversed
diffusion.

To enhance interpretability and modularity, we adopt a
decoupled diffusion formulation that separates the denoising
process into an additive structure:

zt = z0 +
∫ t

0

f t dt +
∫ t

0

dϵt, (9)

z0 +
∫ t

0

f t dt = 0, (10)

where the first integral describes deterministic signal decay,
and the second represents accumulated noise. Assuming the
diffusion process is isotropic, the conditional distribution of
zt given z0 simplifies to:

q(zt|z0) = N
(

z0 +
∫ t

0

f t dt, tI

)
. (11)

From this, we derive the reverse sampling distribution over a
discrete step size ∆t, which is essential for practical inference:

q (zt−∆t | zt, z0) = N

(
zt +

∫ t−∆t

t

f t dt

−∆t√
t
ϵ,

∆t(t−∆t)
t

I

)
. (12)

The above DDM architecture is also used by the SOTA
NN-based RM construction method in [17].

III. SYSTEM MODEL AND PROBLEM FORMULATION

In this work, we consider a RM construction scenario over
a discretized two-dimensional spatial region, represented as
an N × N uniform grid. Each cell in the grid is assumed
to be sufficiently small such that the pathloss within a cell
remains approximately invariant. Consequently, the RM is
defined as a matrix P ∈ RN×N , where each element P (i, j)
denotes the pathloss at location (i, j). A single base station
(BS) equipped with a dipole antenna is deployed as the sole
radiation source in the environment. Its position is denoted
by r = ⟨dx, dy, dz⟩, where (dx, dy) is the horizontal location
and dz is the BS height. The environment contains static
and dynamic obstacles, described by matrices Hs and Hd

respectively. Static obstacles (e.g., buildings) are modeled
as perfect electromagnetic (EM) shields, resulting in infinite
pathloss (P (i, j) = ∞) in their interiors. In contrast, dynamic
obstacles (e.g., vehicles) cause partial attenuation and scat-
tering without fully blocking EM propagation. The entries
Hs(i, j) = 0 and Hd(i, j) = 0 indicate the absence of static
and dynamic obstacles at (i, j), respectively. The goal is to
learn a neural network µθ(·) parameterized by θ to predict the
pathloss distribution P̂ = µθ(Hs, Hd, r) that approximates
the ground truth P . The construction error is measured by
a loss function L(P̂ , P ), typically the mean squared error
(MSE).

However, in time-sensitive applications such as intelligent
vehicular networks or drone-based coverage optimization,
construction delay becomes a critical performance metric
alongside accuracy. This is particularly relevant in the context
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of diffusion-based generative models, which are state-of-the-
art in sampling-free RM construction due to their superior
ability to model high-frequency textures and multi-modal
uncertainty. Nevertheless, diffusion models involve iterative
denoising over T time steps, each requiring a full neural
network evaluation, resulting in considerable computational
delay. Let Cconv and Cattn denote the computational complexity
per forward pass of a convolutional layer and an attention
layer, respectively. These complexities scale as follows.

Cconv = O(K2CinCoutHW ), Cattn = O(HWd2 + H2W 2d),
(13)

where K is the kernel size, Cin, Cout are input/output channels,
H×W is the spatial size, and d is the feature dimension. These
operations dominate the runtime of each neural forward pass.

For a denoising diffusion model, let Cnet represent the
complexity of a single neural network evaluation. The total
computational complexity of the diffusion process is as fol-
lows.

CDM = T · Cnet, (14)

where T is the number of denoising steps, which is typically
from 500 to 1000. Due to the scaling law in deep learning,
reducing Cnet by shrinking the model size typically degrades
performance, motivating the need to minimize CDM by reduc-
ing T or reusing partial computations.

Therefore, we propose a new formulation of the RM
construction task as a bi-objective optimization problem that
jointly minimizes both the construction error and the com-
putational delay. Specifically, let T (θ) denote the expected
time to construct the RM using parameters θ, which can be
approximated as T (θ) = T · τ(θ), where τ(θ) is the time for
a single forward pass. We formulate the RM construction task
as follows.

Problem 1:

min
θ,T

L(P̂ , P ) + λ · T (θ) (15)

s.t. P̂ = µθ(Hs, Hd, r), (15a)

where λ > 0 is a weighting coefficient that balances accuracy
and inference speed. The constraint T ≤ Tmax ensures
tractable inference latency. This formulation emphasizes the
dual objective of accurate and efficient RM construction.
It highlights the critical importance of optimizing not only
the performance of the diffusion model but also the number
of diffusion steps and architectural efficiency. It also provides
a theoretical motivation for investigating the reuse of inter-
mediate latent states or denoising acceleration strategies as
explored in our proposed method. It is important to note that
this formulation primarily serves as a high-level motivation for
our work, framing the inherent trade-off between construction
accuracy and inference latency. The coefficient λ represents
the relative importance of speed versus accuracy. Instead of
directly optimizing this objective via λ, our proposed frame-
work, RadioDiff-Flux, addresses this trade-off architecturally
by reducing the number of effective inference steps. Our
experiments then empirically evaluate this trade-off by varying
the reuse ratio Rreuse.

Our current model considers a single BS for clarity in
formulation and evaluation. However, the framework can be
extended to multi-BS environments. A practical approach is to
generate an individual RM for each BS and then combine them
using signal superposition principles, such as selecting the
strongest signal at each location. In this context, the efficiency
of RadioDiff-Flux becomes even more pronounced, as it
can rapidly generate RMs for multiple BSs within the same
static environment by reusing the pre-computed midpoint,
significantly reducing the overall computation time compared
to generating each map from scratch. A more integrated
approach, which we leave for future work, would involve
architecturally modifying the model to accept multiple BS
locations as a single conditional input to generate a composite
RM directly.

IV. DM MIDEPOINT REUSING

A. Motivation and Theoretical Analysis

Recent advances in neural network-based RM generation,
particularly those employing latent diffusion models (LDMs),
have achieved significant improvements in construction fidelity
by denoising within a compressed latent space. Although
the primary motivation for LDMs lies in reducing inference
complexity, insights from semantic communication, especially
deep joint source-channel coding (Deep JSCC), reveal a deeper
implication: the encoder’s latent feature maps inherently
capture high-level semantic representations of environmental
characteristics, such as obstacle layout and structural topol-
ogy [31], [32]. In the context of RM construction, this implies
that RMs generated under varying BS positions, but within
the same static environment, should share substantial semantic
information. This is visually corroborated by Fig. 1 and
Fig. 2(c), which illustrate that RMs with nearby BS positions
yield tightly clustered embeddings in latent space, evidencing
their shared environmental semantics.

To empirically validate this observation, we conduct a
controlled study illustrated in Fig. 2(c) and Fig. 2(b). We con-
sider three types of scenarios: (1) constant environment with
varying BS positions, (2) fixed BS location with dynamic
obstacles (e.g., moving vehicles), and (3) a reference RM.
By introducing identical Gaussian noise—according to the
diffusion forward process—across all three cases, we evaluate
the normalized mean square error (NMSE) between generated
samples at different diffusion steps. The results show that
in cases with only dynamic variations, the NMSE between
samples becomes negligible after approximately t = 600, and
its derivative declines sharply near t = 400. This supports
the hypothesis that the denoising paths of semantically similar
RMs converge significantly in later diffusion stages, indicat-
ing that intermediate noisy representations (i.e., zt) can be
effectively reused across related scenarios, which forms the
foundation for our proposed fast inference strategy.

To further support this insight theoretically, we analyze
the similarity between intermediate latent states using the
Kullback-Leibler (KL) divergence. The following result quan-
tifies how the divergence between two latent vectors, under
the same diffusion noise level t, decreases as their semantic
similarity increases:
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Fig. 2. The illustration of motivation for latent denoise reuse. (a) Visualizes the convergence of diffusion trajectories for semantically similar RMs. (b) and
(c) quantitatively measure the similarity of latent variables over the diffusion process. The x-axis represents the diffusion timestep t, and the y-axis represents
the NMSE between the latent variables of two different scenarios.

Theorem 1: Let zi and zj be two latent vectors extracted
by a variational autoencoder (VAE) from RMs under similar
environmental conditions. After applying t steps of the forward
diffusion process as defined in Eq. (11), their resulting distribu-
tions are p(x) = N ((1−t)zi, tI) and q(x) = N ((1−t)zj , tI),
respectively. Then, the KL divergence between them satisfies:

DKL(p∥q) =
1
2

(1− t)2

t
∥zi − zj∥2.

Proof: Let the means be µi = (1− t)zi and µj = (1−
t)zj . Since both distributions share the same covariance matrix
tI , the KL divergence is:

DKL(p∥q) =
1
2
(µj − µi)

T (tI)−1(µj − µi).

Substituting µj − µi = (1 − t)(zj − zi) and (tI)−1 = 1
t I ,

we obtain:

DKL(p∥q) =
1
2

(1− t)2

t
∥zj − zi∥2.

□

This theoretical result not only justifies our empirical find-
ings but also provides an upper bound on divergence that
decays quadratically with increasing t. It implies that, at suffi-
ciently high diffusion steps, semantically similar latent vectors
become indistinguishable in distribution. Thus, from both
practical and theoretical standpoints, it is viable to reuse
intermediate diffusion states when the underlying semantic
content remains consistent. This forms the core innovation of
our method, enabling accelerated RM construction by bypass-
ing redundant denoising operations, without compromising
estimation quality.

In practice, to decide whether a cached midpoint can
be reused across environments, we measure environment
similarity in the cross-attention space of the pretrained
RadioDiff backbone. The conditioning encoder yields tokens
Hs, Hd, and r. We concatenate them as C = [Hs, Hd, r],
then obtain pre-attention projections K = CW K and
V = CW V using the frozen key and value matrices W K

and W V from RadioDiff [17]. Given two environments
A and B with the same tokenizer and token layout so
that tokens are aligned, we define a normalized Frobenius
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Fig. 3. The illustration of latent midpoint reuse for the RM generation framework.

distance

Denv(A, B) =
√
∥KA −KB∥2F + ∥V A − V B∥2F . (16)

Reuse is triggered when Denv ≤ τ , with τ selected on a
small validation set at the knee of the accuracy versus reuse
curve so that reuse respects a predefined error budget. This
criterion is resolution agnostic since it operates on tokens,
requires no retraining because the attention block is frozen,
and leverages the fact that RadioDiff has learned geometry-
and visibility-aware embeddings. Empirical examples of
Denv and the calibration of τ are reported in the experimental
section.

B. Dual-DM Based Midpoint Reuse for RM Construction
To address the growing demand for low-latency and high-

fidelity RM construction in dynamic wireless environments,
we propose a two-stage conditional latent diffusion framework
that explicitly decouples static environmental semantics from
dynamic variations and transmitter-specific attributes. This
architectural design is grounded in the observation that diffu-
sion trajectories of semantically similar scenes exhibit strong
convergence in intermediate latent space, as demonstrated in
Section III. The proposed method aims to minimize redundant
computation in early diffusion steps by strategically reusing
shared semantic structures across similar scenarios. In the first
stage of our framework, a dedicated latent diffusion model is
trained to model coarse environmental semantics. This model
is conditioned exclusively on static environmental context,
such as the layout of buildings and large-scale terrain, and
generates an intermediate latent state referred to as the diffu-
sion midpoint. This midpoint serves as a high-level semantic
representation of the scene, abstracted away from transient
elements and transmitter configurations. In the second stage,
a separate conditional diffusion model, now additionally condi-
tioned on the dynamic environment, such as moving vehicles,
and BS location, performs the remaining denoising steps to
reconstruct the final RM. Importantly, this second-stage model

initiates the generation process from the precomputed mid-
point, thereby bypassing the computationally intensive early
stages of denoising. This two-stage formulation introduces
two critical advantages. First, in mobility-driven applications,
such as those involving AAVs or mobile BSs, where static
environmental features remain unchanged, the midpoint can
be cached and reused across different BS placements. This
allows the system to quickly adapt to new BS coordinates
with minimal overhead. Second, in scenarios with fixed BS
deployments but evolving dynamic conditions, our framework
enables efficient RM updates by isolating the denoising effort
to dynamic perturbations alone, leveraging the precomputed
static-conditioned latent features. Such capabilities are crucial
for enabling real-time responsiveness in 6G systems charac-
terized by dense user mobility and environment variability.

In this context, the “diffusion midpoint” does not refer
to a fixed temporal halfway point (i.e., t = T/2), but
rather to any intermediate latent state zt along the denoising
trajectory, determined by the reuse ratio Rreuse. The selection
of this point is flexible, and as our experiments show, the
model’s performance is sensitive to this choice, creating a
direct trade-off between inference speed and reconstruction
fidelity. From a computational standpoint, our design also
brings substantial efficiency gains by reducing the complexity
of the condition embedding module commonly used in con-
ditional diffusion models. This two-stage approach provides a
guaranteed reduction in computational complexity. The feature
extracting network for a figure form data is usually initialized
by a CNN layer. According to (13), by reducing the input
channel depth from three to one for static features at this
critical first step, we achieve a significant and direct decrease
in the total floating point operations (FLOPs) required. As
a result, both the total inference latency and computational
footprint are substantially lowered. In summary, the proposed
two-stage conditional latent diffusion model leverages both
semantic reusability and architectural decoupling to achieve
fast, adaptive, and scalable RM generation. By aligning model
design with the theoretical insights into latent similarity
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Fig. 4. Illustration of the RM. Pure black regions denote buildings or vehicles,
signifying areas impassable to radio signals. The rest of the map is rendered
as a grayscale image, with the grayscale level exhibiting a positive correlation
to the pathloss value; brighter areas indicate higher pathloss.

among semantically related scenes, our method delivers robust
performance across a range of dynamic and mobility-aware
scenarios, thereby advancing the practicality of generative RM
construction for next-generation wireless networks.

V. EXPERIMENTS

A. Datasets and Evaluation Metrics

Our evaluation utilizes the RadioMapSeer dataset [33],
stemming from the pathloss RM construction challenge. This
dataset comprises 700 unique urban maps, each detailing
geographic features like buildings(ranging from 50 to 150 per
map). For training, we selected 500 maps, reserving the
remaining 200 for testing, ensuring no spatial overlap between
the two subsets. Every map includes 80 transmitter locations
and their corresponding ground truth RMs. The map data orig-
inates from OpenStreetMap, covering various cities including
Ankara, Berlin, Glasgow, Ljubljana, London, and Tel Aviv.
Standard physical parameters across the dataset are consistent:
transmitter and receiver heights are 1.5 meters, and building
heights are 25 meters. Each map is rendered as a 256 ×
256 pixel binary morphological image, representing a 1m
resolution grid where ’1’ signifies a building area and ‘0’ non-
building space. Transmitter positions are provided numerically
and marked in the morphological image by setting the corre-
sponding pixel to ’1’. Transmissions occur at 23 dBm power
and 5.9 GHz carrier frequency. Ground truth RMs, crucial
for training, are generated based on Maxwell’s equations,
modeling pathloss from electromagnetic ray reflection and
diffraction. Specifically, the static RM (SRM) ground truth
considers only the impact of fixed buildings. For dynamic
RMs (DRM), the ground truth incorporates effects from both
static buildings and randomly positioned vehicles along roads,
as illustrated by Fig. 4.

To comprehensively evaluate the quality of constructed
RMs, we employ several key metrics. We begin with standard
error measures, Normalized Mean Squared Error (NMSE)
and Root Mean Squared Error (RMSE), as in prior stud-
ies [9]. Recognizing that overall error metrics do not fully
capture crucial structural details and integrity, we complement
these with Structural Similarity Index Measurement (SSIM)
and Peak Signal-to-Noise Ratio (PSNR). SSIM quantifies
structural preservation, while PSNR assesses signal fidelity,
particularly edge accuracy.

1) MSE: Mean Squared Error (MSE) measures the average
squared difference between the ground truth and predicted
RM pixel values. which can be calculated as MSE =

1
NM ΣM−1

m=0

∑N−1
n=0 e(m, n)2, where e(m, n) is the error at

pixel (m, n), and M,N are image dimensions. NMSE scales
MSE to the signal power, and RMSE provides an error
measure in the same units as the data. which can be calculated
as NMSE = ΣM

m=1Σ
N
n=1(Ib(m,n)−I(m,n))2

ΣM
m=1

∑N
n=1 I2(m,n)

, and RMSE =
√

MSE.
2) SSIM: SSIM evaluates image similarity considering

luminance, contrast, and structural information, aligning well
with the need to assess high-frequency details in RMs, which
can be calculated as follows.

l(x, y) =
2µX(x, y)µY (x, y) + C1

µ2
X(x, y) + µ2

Y (x, y) + C1
(17)

c(x, y) =
2σX(x, y)σY (x, y) + C2

σ2
X(x, y) + σ2

Y (x, y) + C2
(18)

s(x, y) =
σXY (x, y) + C3

σX(x, y)σY (x, y) + C3
(19)

where x, y are the images, µ, σ2, and σxy are mean, variance,
and covariance respectively. Constants C1 = (K1L)2, C2 =
(K2L)2, and C3 = C2/2 prevent division by zero, with
L being the data dynamic range. The final SSIM can be
calculated as follows.

SSIM(x, y) =
(2µxµy + C1)(σxy + C2)

(µ2
x + µ2

y + C1)(σ2
x + σ2

y + C2)
(20)

3) PSNR: PSNR, expressed in dB, measures the ratio of
maximum signal power to noise power, indicating reconstruc-
tion fidelity. A higher PSNR typically suggests better quality.
For RMs, PSNR is particularly valuable for assessing the
quality of reconstructed signal edges, which can be calculated
as follows.

PSNR = 10 log10

(
r2

MSE

)
(21)

where r is the maximum possible pixel value in the image
data.

To quantify the caching footprint, we store midpoints in the
latent space of a standard VAE. Each latent has size 64×64×4
in float32, which corresponds to 65,536 bytes, about 64 KB
per cached midpoint. The cache size is independent of input
resolution because it is maintained in latent space. In our
deployments with fixed base-station layouts or mobile access
points operating within a fixed region of interest, one cached
midpoint that captures the static building layout is sufficient,
about 64 KB in total. For city-scale service, we cap the
cache at at most 100 midpoints, leading to about 6.25 MB in
float32, and this can be reduced by half with float16 storage
while preserving model behavior. For extracting features from
the condition C, we employ a Swin Transformer-B [34],
an architecture renowned for its powerful hierarchical fea-
ture representation. Our proposed two-stage method directly
reduces the computational complexity of this feature extractor.
The savings are realized at the transformer’s initial patch
embedding layer, which is implemented as a 3×3 convolution.
By processing static conditions with a single-channel input

Authorized licensed use limited to: University of Waterloo. Downloaded on March 27,2026 at 14:14:52 UTC from IEEE Xplore.  Restrictions apply. 



WANG et al.: RadioDiff-Flux: EFFICIENT RM CONSTRUCTION VIA GENERATIVE DENOISE DM 4889

instead of a three-channel one, we significantly cut down
on the required operations. Specifically, for a typical input
resolution of 256× 256 and an embedding dimension of 128,
this modification reduces the computational load by over 300
MFLOPs, making the entire pipeline more efficient before the
feature maps are even passed to the subsequent self-attention
blocks.

B. Experimental Methodology

The training pipeline of RadioDiff-Flux is fully aligned
with that of RadioDiff [17], ensuring a consistent optimization
framework. Specifically, the second-stage module, responsible
for generating the complete RM conditioned on both environ-
mental context and BS location, directly adopts the pre-trained
weights from RadioDiff without any additional fine-tuning
or retraining. Only the first-stage network, which infers the
diffusion midpoint based solely on static environmental fea-
tures, is retrained from scratch. This retraining process follows
the same training strategy and loss configuration as used in
RadioDiff, ensuring architectural and procedural consistency
across both stages. To evaluate the efficacy of our proposed
RadioDiff-Flux framework, particularly the midpoint reuse
strategy, we first established baseline diffusion models and
then conducted a series of experiments across diverse envi-
ronmental change scenarios.

1) Baseline Models: To evaluate the effectiveness of our
proposed method, we compare it against four representative
baseline models that span both discriminative and generative
paradigms for sampling-free RM construction as follows.
• RadioUNet [9] serves as a foundational CNN-based

benchmark for RM reconstruction. Leveraging the U-Net
architecture, it is trained in a fully supervised manner
to directly regress RMs from environmental features. Its
simplicity and reliability have made it a standard refer-
ence in the field, particularly for evaluating discriminative
methods.

• UVM-Net [35] builds on the same training protocol
and input format as RadioUNet but replaces the con-
volutional backbone with a state space model, which
enhances the architecture. Designed to handle long-range
dependencies, SSMs project sequences into hidden state
dynamics, allowing UVM-Net to better capture both
localized textures and broader structural patterns. This
modification makes it a compelling baseline for assess-
ing how sequence modeling techniques improve spatial
inference in complex environments.

• RME-GAN [16] introduces a generative adversarial
framework that originally combines environmental con-
text with sparse pathloss measurements for conditional
generation. For fair comparison under a sampling-free
setup, we disable SPM input and use only environmen-
tal data. While RME-GAN showcases the potential of
adversarial learning in wireless modeling, its reliance on
sampled measurements in its canonical form limits its
generalizability.

• RadioDiff [17] currently represents the SOTA in RM
generation, which formulates the task as a conditional

generative process using a DM in latent space. By inte-
grating a VAE for encoding and a UNet-based denoiser
for reverse-time generation, RadioDiff captures both
fine-grained spatial details and macro-scale pathloss
structure. Its performance in terms of both accuracy and
perceptual quality sets a strong baseline for advanced
generative methods.

• Vanilla Midpoint Reuse (Ours) implements a straight-
forward strategy for accelerating inference by directly
reusing the cached midpoint of the diffusion trajectory.
When either the base station location or the environmental
configuration changes, the denoising process is initialized
from this previously computed midpoint. The condition-
ing input of the diffusion model is then updated to reflect
the new scenario, enabling reuse without requiring any
fine-tuning or additional training. This approach leverages
the pre-trained RadioDiff model in its entirety.

• RadioDiff-Flux (Ours) introduces a more structured
two-stage framework. The first stage involves training
a diffusion model conditioned solely on the static envi-
ronment, enabling efficient generation of a semantically
meaningful midpoint that captures large-scale spatial
structures. The second stage then uses the pre-trained
RadioDiff model to complete the denoising process,
conditioned on both dynamic environmental features and
base station location. This design allows for modular
reuse of static information while maintaining high recon-
struction fidelity in dynamically varying conditions.

Notably, since RadioDiff-Flux directly inherits the architecture
and pre-trained weights of RadioDiff for its core conditional
generative stage, RadioDiff serves a dual role in our evalu-
ation: it is not only the state-of-the-art benchmark but also
the definitive ablation baseline for our framework operating
without the midpoint reuse strategy.

2) Evaluation of Reuse Strategy Under Environmental
Changes: With the trained models, we designed three experi-
mental scenarios to assess the impact of varying the reuse ratio,
Rreuse, on RM generation. The process begins by denoising
from a Gaussian noise sample for a total of T = 100 diffusion
steps. Our reuse strategy involves changing the environmental
conditioning information partway through this process, at a
step determined by Rreuse.

Scenario 1: Changing Base Station Position. This scenario
investigates reusing initial denoising steps when only the BS
position changes within the same static environment. The
process starts by running the static model, for a fraction of
the total steps (Rreuse · T ) using an initial BS position. Then,
for the remaining steps, the conditioning is switched to a new,
target BS position. The final generated RM is then compared
against the ground truth for this new position. This reuse
approach aims to save computational resources compared to
generating two RMs independently from scratch. We evaluated
Rreuse values of [0.1, 0.4, 0.7, 0.9, 0.95, 0.98]. The results are
presented in Fig. 5.

Scenario 2: Transitioning from Static to Dynamic Envi-
ronment. This scenario simulates the introduction of dynamic
elements, such as vehicles, into a previously static environ-
ment. The building layout and BS position remain fixed. The
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Fig. 5. Visual comparison of RM generation under Scenario 1 (Base Station Position Change). Each row presents a distinct test case. The first column
displays Ground Truth RMs. Subsequent columns illustrate generated RMs for varying trajectory reuse ratios (Rreuse).

process begins by running the static model, for the initial
fraction of steps. Then, we switch to the dynamic model,
for the remaining steps, providing it with the new vehicle
information. The final RM is evaluated against the ground truth
that includes these vehicles. The results for different reuse
ratios are shown in Fig. 6.

Scenario 3: Directly Modifying the Static Environment.
This scenario assesses the reuse strategy when the static
environment itself changes, involving alterations in both the
building layout and the BS position. The static model is used
throughout. For the initial fraction of steps, the model is
conditioned on an initial static layout and BS position. For the
remaining steps, it is conditioned on a new building layout and
BS position. The final RM is evaluated against the ground truth
for this new environment. The results are detailed in Fig. 7.

C. Implementation Details

For robust statistical evaluation, 3000 independent trials
were conducted using the test set for each configuration.
In each trial, after setting initial and subsequent conditions,
the final RM was generated and its performance evaluated
against the ground truth of the second phase. The final results
are reported as average metric scores over these trials. All
experiments were performed on a server equipped with an
NVIDIA A40 GPU (48GB VRAM), running PyTorch version
2.2.0 with CUDA 11.8, with the diffusion sampling process
employing T = 100 steps. Comprehensive test results are
presented in Tables I, III, and IV.

Regarding the training cost, RadioDiff-Flux demonstrates
significant computational efficiency due to its strategic reuse of
pre-trained models. The entire second stage of our framework,

which is responsible for the final radio map generation,
is effectively training-free as it directly employs the identical
architecture and pre-trained weights of the original RadioDiff
model. Similarly, the VAE component in the first stage is also
directly reused without modification. The only new training
required is for the first-stage conditional diffusion model.
Instead of training from scratch, we initialize this model with
the weights from RadioDiff and fine-tune it for approximately
10 epochs. This fine-tuning process takes about 12 hours
on our hardware, representing a dramatic reduction from the
roughly 480 hours required to train the standard RadioDiff [17]
model from the ground up. This approach makes our method
not only effective but also highly practical in terms of com-
putational resources.

D. Result Analysis

This section provides a detailed analysis of the experimental
results, evaluating the performance of our framework by exam-
ining the quantitative metrics and qualitative visual outcomes.
The core of the analysis focuses on the impact of the reuse
ratio, Rreuse, on RM construction accuracy and inference speed
across the three defined scenarios.

1) Scenario 1: When only the BS position changes, the
midpoint reuse strategy demonstrates remarkable efficacy at
low to moderate reuse ratios. As shown in Table I, increasing
Rreuse up to 0.7 results in only a marginal increase in NMSE,
accompanied by substantial gains in inference speed (e.g., a
3.47× speedup at Rreuse = 0.7). Fig. 5 confirms that for
Rreuse up to 0.8, the generated RMs maintain high visual
similarity to the ground truth. At very high reuse ratios
(Rreuse ≥ 0.9), accuracy degrades more noticeably, though
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Fig. 6. Visual comparison of RM generation under Scenario 2 (Transition from Static to Dynamic Environment). Each row presents a distinct test case.
Ground Truth RMs are shown in the first column. Subsequent columns illustrate RMs generated using varying trajectory reuse ratios (Rreuse).

Fig. 7. Visual comparison of RM generation under Scenario 3 (Static Environment Modification). Each row presents a distinct test case. The first column
displays Ground Truth RMs. Subsequent columns illustrate RMs generated with varying trajectory reuse ratios (Rreuse).

speedups are significant. This indicates that an insufficient
number of denoising steps remain for the model to adapt
the latent representation to the new BS position. For this
scenario, an Rreuse between 0.7 and 0.8 offers an optimal
balance between speed and accuracy.

To mitigate the ‘blurred superposition’ effect at high reuse
ratios, we applied our RadioDiff-Flux method. As shown in
Table II and Fig. 8, this approach significantly improves per-
formance. At Rreuse = 0.98, NMSE is reduced from 0.13098 to
0.02957. This demonstrates that creating a generalized
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TABLE I
QUANTITATIVE PERFORMANCE FOR SCENARIO 1 (CHANGING BASE STATION POSITION). THE RADIODIFF ENTRY ALSO SERVES AS AN ABLATION

BASELINE, REPRESENTING THE PERFORMANCE OF OUR ARCHITECTURE WITHOUT THE PROPOSED MIDPOINT REUSE STRATEGY

TABLE II
QUANTITATIVE PERFORMANCE OF RADIODIFF-FLUX IN SCENARIO 1 AT

HIGH RREUSE VALUES

Fig. 8. Visual comparison for Scenario 1 at Rreuse = 0.98: Ground Truth
(left), original midpoint reuse (middle), and RadioDiff-Flux (right). Images in
the rightmost column are placeholders.

midpoint makes the model less susceptible to the influence
of a single initial condition, offering a valuable refinement for
scenarios requiring rapid updates with better fidelity.

2) Scenario 2: This scenario reveals exceptional robustness,
even at very high reuse ratios. The initial steps, using the static
model, establish a strong foundation, which is then efficiently
updated by the dynamic model. Quantitatively, as seen in
Table III, accuracy remains remarkably high across all reuse
ratios. Even at Rreuse = 0.98, NMSE is a mere 0.00776, with
a significant speedup of 58.07×.

However, the introduction of vehicles adds high-frequency
details. As observed in Fig. 6, these dynamic details dimin-
ish with increasing Rreuse. While NMSE and RMSE signify
excellent global accuracy, the SSIM metric, which is sen-
sitive to structural information, better captures this loss of
fine detail through its consistent, albeit small, decline. This
scenario underscores the framework’s capability for massive
acceleration with minimal global error when adding dynamic
elements, though very high reuse might trade off fine, dynamic
features.

3) Scenario 3: When the static environment itself is modi-
fied, the impact of reuse is more critical. For Rreuse up to 0.7,
the generated RMs still largely reflect the target conditions,
achieving a significant speedup (3.50×) with reasonable accu-
racy (Table IV). However, performance is less robust than in
the other scenarios, as the change in underlying static features
is more substantial.

At high reuse ratios (Rreuse ≥ 0.8), performance deteriorates
sharply, as seen in Fig. 6. The generated RMs often retain
strong, erroneous features from the initial environment. This
highlights a key limitation of the midpoint reuse strategy: when
the fundamental static layout changes significantly, the initial
latent representation creates a strong “inertial bias” that the
model cannot overcome in the few remaining denoising steps.
This clarifies the boundary of our method’s effectiveness,
indicating that for drastic environmental changes, a lower reuse
ratio or a full regeneration from noise is necessary to ensure
accuracy.

4) Overall Discussion and Concluding Remarks: The
experimental results consistently demonstrate a trade-off
between the reuse ratio and RM accuracy, with sensitivity
varying by the nature of the environmental change. Our frame-
work’s midpoint reuse is most effective when the semantic
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TABLE III
QUANTITATIVE PERFORMANCE FOR SCENARIO 2 (TRANSITIONING FROM STATIC TO DYNAMIC ENVIRONMENT). THE RADIODIFF ENTRY ALSO SERVES

AS AN ABLATION BASELINE, REPRESENTING THE PERFORMANCE OF OUR ARCHITECTURE WITHOUT THE PROPOSED
MIDPOINT REUSE STRATEGY

TABLE IV
QUANTITATIVE PERFORMANCE OF VANILLA MIDPOINT REUSE FOR
SCENARIO 3 (DIRECTLY MODIFYING THE STATIC ENVIRONMENT)

similarity is high between the initial and target conditions.
Scenario 2 shows the highest robustness, achieving massive
speedups with excellent global accuracy. Scenario 1 also
performs well, especially with the RadioDiff-Flux refinement
for high reuse ratios. Scenario 3 is the most challenging,
where only moderate reuse offers a good balance. These
findings validate that reusing intermediate diffusion states is
a highly effective strategy for accelerating RM generation.
This suggests adaptive Rreuse strategies: high reuse for minor
perturbations and conservative reuse for substantial reconfig-
urations. Our framework can accelerate RM generation by
3.5× to over 58× while maintaining high fidelity in many
practical cases, showcasing its potential for near real-time RM
updates crucial for dynamic wireless environments. It is worth
noting that while our experiments were conducted on a high-
performance GPU, the significant relative speedup achieved
is a key enabler for deployment on resource-constrained edge
devices. The ability to reduce inference time by an order of
magnitude makes near real-time RM adaptation feasible even
on less powerful hardware, a crucial step toward practical
implementation in mobile 6G systems.

These findings suggest the potential for an adaptive Rreuse
strategy in practical deployments: a high reuse ratio could
be employed for minor perturbations, such as small BS

movements or dynamic obstacle changes, while a more conser-
vative ratio would be appropriate for substantial environmental
reconfigurations. Developing a lightweight mechanism to
quantify the magnitude of change between scenarios to auto-
matically select an optimal Rreuse remains a valuable direction
for future work.

VI. CONCLUSION

In this paper, we have proposed RadioDiff-Flux, a novel
framework for efficient RM construction by innovatively
reusing trajectory midpoints within a generative denoising
diffusion model. Theoretical analysis and experiments confirm
that RadioDiff-Flux can substantially reduce inference latency,
while maintaining high RM fidelity. Therefore, RadioDiff-Flux
should offer a vital step towards real-time, high-accuracy RM
generation, addressing a key bottleneck for adaptive wireless
network management in 6G. For future work, we will explore
adaptive midpoint reuse strategies based on environmental
changes and enhancing temporal consistency for sequential
RM generation.
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