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Abstract—Radio maps play a crucial role in optimizing wireless
network performance and configuration, providing insights into
the spatial distribution of radio frequency signal power. Existing
solutions often face challenges in generalizing and adapting across
various environments, frequency bands, and vertical dimensions.
To overcome these limitations, we propose UniRM, a universal
large model designed for constructing multiband 3D radio maps.
UniRM leverages large-scale pre-training and prompt learning
techniques to accurately generate radio maps across diverse envi-
ronments, altitudes, and frequency bands. Specifically, UniRM
employs a UNet-based encoder-decoder architecture during pre-
training to extract universal latent representations that capture
shared features across different environmental conditions. A
prompt learning module further enhances this by transforming
auxiliary inputs, such as environmental descriptions, frequency
bands, and altitudes, into discriminative embeddings, thereby
enabling effective cross-domain generalization and ensuring
robustness in unseen scenarios. Extensive experiments using a
large, diverse dataset covering numerous scenarios demonstrate
that UniRM outperforms state-of-the-art baselines by over 10%
in key metrics, including mean squared error, normalized mean
squared error, root mean squared error, and peak signal-to-noise
ratio. Notably, zero-shot evaluations highlight UniRM’s strong
ability to generalize to new environments without retraining.
The code for UniRM is available at:https://github.com/Shirleyue/
UniRM

Index Terms—Large model, radio map, multiband, prompt
learning.
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I. INTRODUCTION

THE rapid advancement of wireless networks has intro-
duced a remarkable era of connectivity [1], facilitating a

wide range of applications, including the Internet of Things
(IoT) [2], vehicular networks [3], low-altitude autonomous
aerial vehicle (UAV) networks [4], and evolving cellular
systems [5]. To effectively enable these innovative services,
thoughtful wireless resource management is essential to opti-
mize spectrum use and promote user experience [6], [7], [8],
[9]. Accurate path loss measurements are vital for effective
resource management, as they directly influence signal quality
and network performance. Unlike traditional methods that rely
on costly and time-consuming field surveys, radio map (RM)
technology provides a groundbreaking solution by estimating
path loss using only location information [10], [11]. This
innovation streamlines the utilization of spectrum resources
and enhances the adaptability of wireless networks in diverse
and dynamic environments. As wireless networks continue to
evolve, radio maps are poised to play a pivotal role in unlock-
ing the full potential of next-generation wireless systems,
fostering seamless connectivity and enabling more efficient,
adaptive, and radio context-aware network management [12],
[13], [14].

A radio map is a spatial visualization that captures the
distribution of received signal strength or other radio frequency
metrics across a given geographical area [15], [16], [17], such
as power spectral density, signal-to-noise ratio, or channel
characteristics. As shown in Fig. 1, these maps provide a
comprehensive understanding of signal propagation behavior,
facilitating the design, deployment, and optimization of vari-
ous wireless networks. Notably, with the rapid proliferation of
wireless devices and the increasing demand for heterogeneous
services operating across a wide range of frequency bands,
there is a growing need for constructing multi-band radio
maps [18], [19]. Such maps enable the simultaneous analysis
of signal behavior across different frequency bands, which
is crucial for enhancing spectrum utilization and facilitating
intelligent spectrum management. Moreover, space-air-ground
integrated networks have introduced new spatial dimensions
to wireless communications, necessitating the development of
three-dimensional (3D) radio maps [20], [21], [22]. Unlike
traditional two-dimensional representations, 3D radio maps
offer a volumetric view of signal propagation, capturing vari-
ations in signal characteristics across horizontal and vertical
dimensions. This three-dimensional perspective is especially
critical for emerging applications such as UAV communica-
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Fig. 1. An illustration of radio maps. 3D radio maps depict the distribution
of received signal strength across various heights, offering a comprehensive
view of signal propagation behavior. This facilitates the design, deployment,
and optimization of cellular, vehicular, and UAV networks.

tions and the strategic deployment of aerial or satellite-based
base stations. Therefore, constructing multi-band and 3D radio
maps across diverse scenarios has become a key research
problem.

With the rapid advancement of deep learning and data-
driven techniques, several studies have explored the appli-
cation of artificial intelligence (AI) models to address the
challenge of constructing radio maps. Typically, these methods
involve training neural networks that take as input a combina-
tion of building layouts, sparse signal strength measurements,
and, in some cases, wireless transmitter configurations and
output a predicted radio map for a given region. For example,
Levie et al. [23] and Jiang et al. [24] proposed UNet-based
architectures designed for radio map estimation in urban
environments. Similarly, Zhang et al. [25] utilized a gener-
ative adversarial network (GAN) to infer radio maps from
sparse observations in complex city landscapes. More recently,
Wang et al. [26] employed a generative diffusion model,
leveraging the strengths of advanced generative modeling
for improved accuracy in radio map construction. Despite
the promising results achieved by these approaches, existing
solutions still face notable limitations in generalizability and
adaptability. First, their performance is often constrained
to specific environments, particularly urban settings. Their
limited ability to generalize across diverse scenarios, such
as rural, indoor, or mixed terrains, stems from the absence
of universal mechanisms for scenario alignment and feature
adaptation. Second, these models typically focus on a single
frequency band and a fixed altitude, overlooking the sig-
nificant variations in propagation across different frequency
bands and vertical dimensions. As a result, current AI-
based approaches fall short of enabling universal 3D radio
map construction across diverse environments and the full
radio frequency spectrum. Addressing these limitations is
crucial for developing robust, scalable solutions that support
future wireless networks, including space-air-ground inte-
grated systems and multi-band, multi-layer communication
architectures.

In this paper, we aim to develop a universal model for
constructing 3D radio maps across diverse scenarios and

frequency bands. In practice, developing such a model poses
two fundamental technical challenges. The first challenge is
designing a general neural network framework capable of
handling highly diverse data distributions. Radio propagation
patterns vary significantly depending on the environment, such
as urban, rural, or indoor settings, as well as the operating
frequency band. These variations make it difficult for a small
model to generalize effectively across all conditions. The
second challenge lies in efficiently utilizing and aligning
various environmental and metadata information. While aux-
iliary inputs, such as building layouts, frequency bands, and
altitudes, are typically available, they are abstract and non-
trivial to integrate in a way that provides meaningful guidance
for accurate radio map construction.

To address these challenges, we proposed UniRM, a uni-
versal large model for multiband 3D radio map construction,
which explores the power of large-scale pre-training and
prompt learning to generate accurate radio maps across a wide
range of scenarios, altitudes, and frequency bands. We lever-
age a comprehensive, large-scale dataset encompassing tens
of environmental scenarios, frequency bands, and altitudes.
Such rich diversity helps the model learn generalized features
robust to changes in spatial and spectral domains. Specifically,
we adopt a pre-training and prompt learning framework to
enhance the scalability and adaptability of UniRM to solve
the first challenge. A general UNet-based encoder-decoder
architecture is employed during pre-training to extract uni-
versal latent representations, capturing commonalities across
disparate environments. Moreover, we design an innovative
prompt learning module that transforms abstract inputs, such
as environmental descriptions, frequency bands, and height
information, into discriminative prompt embeddings to solve
the second challenge. This module identifies and aligns under-
lying shared patterns across domains, dynamically adapting
to different distributions and enabling more effective cross-
domain generalization. UniRM functions as a universal model
capable of reconstructing 3D radio maps across a broad
frequency band through these designs. Our approach enables
the construction of scalable, accurate, and flexible radio maps
in next-generation wireless networks.

Our contributions can be summarized as follows:
• We propose UniRM, a universal large-scale model for

constructing multiband 3D radio maps. UniRM harnesses
the power of large-scale pre-training and prompt learning
to generate accurate radio maps across various environ-
ments, altitudes, and frequency bands. To the best of our
knowledge, UniRM is the first large model to integrate
pre-training and prompt learning within a unified frame-
work designed explicitly for multiband 3D radio map
generation.

• UniRM adopts a pre-training and prompt learning frame-
work to enhance scalability and adaptability. During
the pre-training phase, a general UNet-based encoder-
decoder architecture is employed to learn universal latent
representations that capture shared features across various
environments. A prompt learning module is designed
to incorporate abstract auxiliary information. This mod-
ule transforms auxiliary information inputs, such as
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environmental descriptions, frequency bands, and alti-
tude, into discriminative prompt embeddings. By identify-
ing shared patterns across different domains, the module
enables more effective cross-domain generalization, mak-
ing UniRM robust to diverse and unseen scenarios.

• We conduct extensive experiments to evaluate the gen-
eralizability and adaptability of UniRM. To this end,
we utilize a comprehensive, large-scale radio map
dataset comprising tens of environmental scenarios, fre-
quency bands, and altitudes, including dense urban,
ordinary urban, rural, suburban, mountainous, forest,
desert, grassland, island, ocean, and lake environments.
The experimental results demonstrate that UniRM out-
performs state-of-the-art baselines by over 10% in terms
of mean squared error (MSE), normalized mean squared
error (NMSE), root mean squared error (RMSE), and
peak signal-to-noise ratio (PSNR). Furthermore, zero-
shot experiments reveal UniRM’s remarkable ability to
generalize to unseen environments without additional
training.

The remainder of this paper is organized as follows. In
Section II, we present the related work and preliminaries,
in which Section II-C presents the problem formulation. Fol-
lowing that, we elaborate on the methodology in Section III.
Section IV provides the evaluation and result discussion.
Finally, Section V concludes the paper.

II. RELATED WORK AND PRELIMINARIES

In this section, we will provide an overview of existing radio
map construction methods, alongside a discussion of large-
scale models and prompt learning techniques. Additionally,
we present a mathematical formulation of the problem.

A. Radio Map Construction

Traditional radio map construction methods can be broadly
classified into physical model-based and interpolation meth-
ods. Physical model-based methods rely on predefined signal
propagation or channel models [27], [28], [29]. For instance,
Lee et al. [30] proposed a log-distance path loss model for Wi-
Fi radio map generation. Alternatively, interpolation methods
predict unknown values based on the spatial correlation of
sparse measurement points without assuming a specific prop-
agation model. A common interpolation technique is the radial
basis function (RBF) method [31], which constructs radio
maps by fitting observed data using a combination of radially
symmetric basis functions, such as Gaussian, multiquadric,
or spline functions. Another interpolation approach is inverse
distance weighted (IDW) interpolation [32], which relies on
spatial distance weights for constructing radio maps. The
ordinary Kriging method [33] is also widely used, estimating
radio maps by minimizing the variance of the estimation
error. Some studies combine physical model assumptions with
interpolation techniques to construct radio maps. For exam-
ple, Bazerque et al. [34] developed an interpolation method
grounded in a propagation model to generate radio maps.

The recent success of AI models in wireless networks
has sparked a growing interest in AI-based radio map con-
struction [35]. AI-based models are data-driven, automatically

learning patterns of signal propagation, which overcome the
limitations of fixed-model paradigms in physical model-based
approaches. For instance, Li et al. [35] introduced a sparsely
self-supervised generative adversarial network (SS-GAN) that
generates radio frequency maps from irregularly distributed
measurement samples. Similarly, in [23], [24], and [36], UNet-
based models were used to construct 2D radio maps in
urban environments. Hu et al. [37] proposed Loc-SwinUNet, a
deep learning model combining UNet and Swin Transformer
architectures, to generate radio maps in urban areas. Liu et al.
[38] presented WiFi-Diffusion for achieving fine-grained WiFi
radio map estimation using diffusion models. Despite the
promising results of AI-based radio map construction methods,
they face several critical limitations. First, most models are
trained on specific scenarios and struggle to generalize to
other scenarios with different propagation characteristics. Sec-
ond, existing solutions often target isolated frequency ranges,
typically sub-6 GHz, neglecting other frequency-dependent
propagation physics. Finally, with the advent of 6G wireless
networks, 3D coverage is increasingly vital for integrated
space-air-ground communications. Motivated by these limita-
tions, we propose leveraging a universal large model to address
the complexities of constructing multi-band 3D radio maps.

B. Large Model and Prompt Learning

Large AI models, known as foundation models, have
demonstrated exceptional performance across diverse domains,
primarily due to their powerful representation learning capabil-
ities and strong generalization capabilities. Foundation models
such as GPT [39], BERT [40], and Vision Transformers (ViT)
[41] leverage large-scale pre-training to serve as universal
feature extractors, enabling effective adaptation to various
downstream tasks with minimal fine-tuning. In the field of
wireless communications, several large AI models have also
been developed to enhance system intelligence and efficiency.
For instance, Zhang et al. [42] proposed an integrated air-
ground edge-cloud framework that utilizes large models as
edge nodes for distributed data processing and small model
computation. Similarly, Jiang et al. [43] introduced LAM-
SC, a LAM-based semantic communication framework that
splits the original image into different semantic segments using
universal semantic knowledge. These developments, along
with other notable works [44], [45], underscore the growing
trend of utilizing large AI models to enhance communication
technologies.

Prompt learning has emerged as an effective and efficient
approach for leveraging large pre-trained models without
requiring full model retraining. This approach has achieved
superior performance in large models [46], [47], [48], [49],
[50], [51]. Instead of updating the entire model, prompt
learning introduces task-specific guidance to steer the universal
model toward solving targeted tasks [49], [52], [53], [54].
Our work employs a pre-training and prompting framework
to equip the model with general-purpose capabilities, ensuring
it is adaptable to diverse scenarios, frequency bands, and
heights. This design facilitates transfer learning across various
scenarios, enhancing the scalability of multi-band and 3D radio
map construction.
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Fig. 2. The overview of the architecture of UniRM, which consists of two stages: (i) Large-scale pre-training. (ii) Prompt learning.

C. Problem Formulation

The radio map construction aims to estimate the fine-
resolution radio map from sparse observations. We consider
a geographical region uniformly discretized into W ×
L grids, with Nt transmitters deployed within the area.
Here, W × L refers to the number of discretized grids.
The region is attributed with geographic map with build-
ing information, depicted as B3D ∈ RW×L×H , where
b(xi, yi, hi) = 1,∀b(xi, yi, hi) ∈ B3D indicates the exis-
tence of a building at grid location (xi, yi) and height
hi. Instead of knowing the fine-resolution radio map of
the whole area, each region only observes a set of K =
{P (x1, y1, h1) , P (x2, y2, h2) , · · · , P (xK , yK , hK)} sparse
samples collected from sensors. Each sample P (xk, yk, hk)
represents the average large-scale receive signal strength
within the corresponding grid cell at grid location (xk, yk, hk).
This formulation focuses on reconstructing grid-level propa-
gation characteristics from limited measurements.

The objective of multi-band 3D radio map construction
is to train a model D with parameters θ to estimate fine-
resolution radio maps at various frequency bands and heights,
based on sparse measurements and scenario information. The
model D is trained by minimizing the difference between the
reconstructed radio map P̂f,h ∈ RW×L and the ground truth
Pf,h ∈ RW×L. The problem of multi-band 3D radio map
construction can be formulated as

min
θ

L(P̂f,h,Pf,h),

s.t. P̂f,h = Dθ(K,B3D, f, h), (1)

where h, f are the height and frequency of interests. P̂f,h
is the estimated radio map at height h with frequency f .
B3D ∈ RH×W×L is the 3D building information incorpo-
rating building projections at different heights.

III. METHODOLOGY

In this section, we will provide a detailed explanation of
the proposed UniRM. First, we will present an overview of

pre-training and the prompt learning framework. After that,
we will describe the architectural design of the base model
used for large-scale pre-training. Finally, we will explain in
the prompt learning stage, including the design and integration
with domain-specific knowledge.

A. Pre-Training and Prompt Learning Framework

We aim to propose a universal large model to handle radio
map construction across diverse scenarios, frequency bands,
and heights, which requires addressing significant deviations
of various data distributions. To achieve this, UniRM leverages
a pre-training and prompt learning framework, resulting in
a universal radio map construction model, UniRM. Fig. 2
illustrates the overview of the UniRM, which consists of two
stages as follows.

1) Large-Scale Pre-Training: UniRM is first pre-trained
on a large corpus of radio map data encompassing various
scenarios, frequency bands, and heights, enabling the model
to learn generalizable propagation patterns and transferable
feature representations to unseen cases.

2) Prompt Learning: UniRM leverages a prompt network
for exploiting the underlying patterns. Prompts are generated
based on high-level auxiliary knowledge such as building
height, signal frequency, and 3D structural information. These
prompts guide the network to adapt its inference process,
enabling rapid and efficient adaptation while preserving its
generalization capabilities.

B. Base Model

The base model of UniRM is built upon a UNet-style
encoder-decoder architecture, enhanced with residual blocks
and integrated with a self-attention mechanism to capture both
local and global dependencies in radio signal propagation.

1) Encoder-Decoder Structure: As depicted in Fig. 2,
the base model consists of three components: (i) a shallow
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Fig. 3. Detailed structure of the base model in UniRM. The model takes sparse
measurements and building layout as input and outputs a fine-resolution radio
map. It is built upon a U-Net architecture with residual and attention blocks
to enhance spatial feature extraction and long-range dependencies.

Encoder for input projection, (ii) a deep UNet Encoder-
Decoder backbone for hierarchical feature processing, and
(iii) a shallow Output Decoder for output construction.

The UNet Encoder-Decoder architecture is depicted in
Fig. 3. This symmetric structure captures features at multiple
scales while preserving spatial details through skip connec-
tions. The encoder progressively reduces spatial resolution to
extract hierarchical features, while the decoder reconstructs
high-resolution representations through upsampling and the
integration of these features. To strengthen representational
capacity and support intense networks, we employ resid-
ual convolutional blocks [55]. Each residual block contains
stacked convolutional layers, followed by Group Normaliza-
tion [56] and SiLU activation [57], with skip connections to
improve gradient flow and training stability.

The Encoder, situated before the UNet backbone, comprises
a series of standard convolutional layers that transform raw
inputs, i.e., sparse measurements and building layouts, into
an embedded feature representation. Similarly, the output
decoder, positioned after the UNet, utilizes convolutional
layers to transform high-level features into the final dense
radio map prediction. This overall design promotes enhanced
model expressivity, stable gradient propagation, and improved
handling of complex input-to-output mappings.

2) Self-Attention Mechanism: While convolutional layers
effectively capture local features, their limited receptive field
can restrict the model’s ability to understand long-range
dependencies, which are crucial for accurately modeling signal
propagation in scenarios. To address this, UniRM incorpo-
rates a scaled dot-product self-attention block within the
encoder-decoder pathway, as illustrated in Fig. 3. The atten-
tion mechanism allows the model to compute feature-level

Fig. 4. Illustration of the prompt generation process. Given the frequency f ,
height h, and building map Xb inputs, UniRM extracts features using three
knowledge extraction networks, namely FPN, HPN, and BDPN, and generates
prompts via their respective memory pools.

dependencies between all spatial locations in the feature map,
enhancing its ability to model global interactions:

Attention(Q,K, V ) = softmax
(
QKT

√
dk

)
V, (2)

where Q,K, V are the query, key and value, which can be
obtained through the linear transformation of the input features
X as follows,

Q = XWQ, (3)
k = XWK , (4)
V = XWV , (5)

where WQ,WK ,WV are the projection weights [58]. The
self-attention mechanism enables context-aware feature aggre-
gation, allowing spatial locations to attend to semantically
relevant regions adaptively. Combining UNet’s spatial hier-
archy and the attention module’s global reasoning ensures
effective representation learning for large-scale radio map
modeling.

The base model is pre-trained on a large-scale radio map
dataset comprising various scenarios, frequency bands, and
heights. The training objective minimizes the mean squared
error (MSE) between the prediction P̂ and ground truth P:

LMSE =
1

N

N∑
i=1

|P̂i −Pi|2. (6)
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C. Prompt Learning

The radio map distributions differ across scenarios, fre-
quency bands, and heights in radio map construction tasks.
The key is identifying and aligning underlying related patterns
to achieve generalization across data distribution deviation.
Prompt learning is a powerful strategy to enhance the gen-
eralization of large models by injecting auxiliary knowledge
or task-specific cues into the learning process. Instead of
retraining the model for each new condition, prompt learning
introduces a small set of learnable or crafted prompts that steer
the model’s behavior under varying inputs or conditions. We
adapt this paradigm to radio map construction. As illustrated
in Fig. 4, the prompt network takes auxiliary information, i.e.,
frequency, receiver height, and 3D building density as inputs,
and generates distribution-aware prompt embeddings through a
memory-based mechanism. These embeddings are fused with
encoder features to provide context-aware guidance for radio
map construction tasks. This design allows UniRM to adapt
to various unseen frequencies, heights, and scenarios.

1) Memory-Based Prompt Generation: The core objective
of our prompt generation module is to produce adaptive
prompts that enable robust generalization across diverse sce-
narios, frequency bands, and heights. Unlike using static and
pre-defined embeddings, our approach dynamically generates
customized prompts tailored to specific input patterns. This
adaptability is achieved through memory networks [59] that
learn and retrieve domain-specific knowledge.

We maintain a memory pool organized in a key-value struc-
ture, where keys K represent prototypical input patterns and
values V store the corresponding knowledge representations
learned during training. Given an input x, we first project it
into the memory space and compute its similarity with all
memory keys. The prompt embedding is then generated as
an attention-weighted combination of the matched memory
values. The memory network can be formulated as follows,

Memory(x) = σ(tanh(Wprojx) ·KT ) · V, (7)

where Wproj is a learnable projection matrix, σ is the softmax
operator for attention-based weighting, and (K,V ) are jointly
optimized memory parameters. This process retrieves the most
relevant knowledge from the memory pool and fuses it with
the original prompt embedding, resulting in a customized,
distribution-aware prompt. Thus, inputs with similar propaga-
tion patterns are encouraged to generate similar prompts, while
distinct inputs obtain specialized prompts tailored to their
characteristics. Compared with static prompts, our memory-
based design enables UniRM to dynamically adapt to new
scenarios, frequency bands, and receiver heights, thereby
improving generalization across various radio environments.

2) 3D Building Environment Extraction: Buildings have a
profound influence on radio propagation by inducing reflec-
tion, diffraction, and shadowing. We define 3D building
density as a primary factor in characterizing environment-
specific propagation complexity. High-density urban areas
typically exhibit rich multipath effects and higher signal atten-
uation, whereas open environments, such as lakes or plains,
display simpler propagation behavior.

We employ a build density prompt network (BDPN) with
multi-scale convolutions to capture building density. Convo-
lutions with different kernel scales enable the perception of
building information of different sizes and dimensions. The
input 3D buildings Xb ∈ RC×W×H of BDPN are building
projections at various heights; each channel of Xb represents
the spatial building information at a specific height. The 3D
building density extraction process is modeled in Eq.(8).

Ebd =

3∑
i=1

Convk=2i+1(Xb), (8)

where Convk=2i+1 denotes a convolutional layer with a kernel
size of 2i + 1, and

∑
represents feature addition. Ebd is the

building density extracted by BDPN. Using multi-scale kernels
enables BDPN to capture fine-grained and coarse-scale struc-
tural variations effectively. The extracted 3D building density
reflects the environment-specific complexity of propagation.

The extracted 3D building density, Ebd, is further refined
via a memory pool to retrieve and assemble effective prompt
embeddings from historical knowledge. The memory pool of
building density is defined as follows,

Mbd = {(kbd,0, vbd,0) , . . . , (kbd,M−1, vbd,M−1)} , (9)

where M is the number of memory slots, all k and v are learn-
able parameters. Subsequently, useful building prompts are
generated based on these optimized memories, which involves
using the representations of building density properties as
queries to extract valuable memory knowledge, i.e., pertinent
embeddings from the memory pool. The overall procedure is
illustrated in Fig. 4 and can be formulated as follows,

Pbd =

M∑
i=1

αbd,i · vbd,i, αbd,i = σ(Ebd · kTbd,i), (10)

where σ is the softmax function for adaptive weights assign-
ment. Ebd represents the extracted building knowledge related
to the scenario. Pbd is the final building prompt embedding.

3) Frequency Propagation Knowledge Extraction: Radio
frequency directly affects signal propagation loss, diffrac-
tion, and penetration. We transform scalar frequency inputs
into physically meaningful representations, utilizing domain
knowledge to generalize across different frequency bands.
We design a frequency prompt network (FPN) to capture
frequency-related latent patterns. FPN consists of two stages.
i) A scalar frequency is converted into a frequency-space
signal loss matrix with physical significance. ii) A convolu-
tional encoder to extract spatial-frequency patterns from the
estimated propagation loss matrix.

Radio propagation follows path models, such as the Friis
transmission equation [60]. The free space path loss can be
formulated as,

FSPL(f, d) = 20 log10(d) + 20 log10(f) + C, (11)

where f is frequency and d is the propagation distance,
and C is the unit convert constant. According to Eq.(11),
radio propagation loss varies at different frequencies. Due to
propagation loss, the received signal strengths vary at different
frequencies in the same scenario and at the same location.

Authorized licensed use limited to: HUNAN UNIVERSITY. Downloaded on April 30,2026 at 00:19:36 UTC from IEEE Xplore.  Restrictions apply. 



2250 IEEE JOURNAL ON SELECTED AREAS IN COMMUNICATIONS, VOL. 44, 2026

Inspired by the propagation law, we combine single-
frequency values with the propagation model to generate
valuable frequency-based spatial loss prompt information for
constructing radio maps. In this way, the abstract frequency
information is converted into information of actual physical
value. Although the transmitter’s location is unknown, signal
propagation at different frequencies adheres to the inherent
laws of propagation. A rough estimation of the propagation
characteristics suffices for model generalization. Thus, we pro-
pose a method for calculating the frequency-space propagation
loss based on existing sparse samples.

Let P ∈ RW×L denote the received signal strength matrix
in the space, where Pi,j denotes the received signal strength at
position (xi, yj). Given a frequency f and a sparse sample set
K = {(xk, yk) | P (xk, yk)}, we construct a virtual transmitter
set by selecting the top-N maximum power observations:

T =

{(
xtn, y

t
n

)
| Pmax

n = arg
(n)
max
K

P (x, y)

}
. (12)

For each virtual source (xtn, y
t
n), we compute relative distance

matrix

Dn =
[√

(xi − xtn)2 + (yi − ytn)2
]
W×L

. (13)

Next, we model frequency-spatial path loss

L(f,Dn) = 20 log10(Dn) + 20 log10(f) + C, (14)

where C is the unit conversion constant. Thus, we integrate the
frequency propagation characteristics of N virtual transmitters
and generate the frequency-dependent signal strength feature.

P̃ =
1

N

N∑
n=1

(Pn − L(f,Dn)), (15)

where Pn is the observed received signal strength associated
with the n-th virtual transmitter, and P̃ is the frequency-
dependent signal strength feature. Importantly, Eq.(15) is not
intended as a strict propagation equation, but rather as a
frequency-aware feature transformation that encodes relative
attenuation patterns. The feature matrix P̃ is used as prompt
knowledge to enhance UniRM’s frequency adaptability.

The process mentioned above converts a given frequency
value into a frequency-based spatial signal strength matrix.
After that, we adopt a convolution network to capture
frequency-spatial features and encode them as frequency-based
knowledge, depicted as Ef , to guide radio map construction.
The frequency-based knowledge Ef is refined through a mem-
ory pool to retrieve and assemble effective prompt embeddings
from historical knowledge. The memory pool of frequency
propagation knowledge can be defined as follows,

Mf = {(kf,0, vf,0) , (kf,1, vf,1) , . . . , (kf,M−1, vf,M−1)} ,
(16)

where M is the number of memory slots, all k and v are learn-
able parameters. Subsequently, useful frequency prompts are
generated based on these optimized memories. This involves
using the representations of frequency propagation properties

as queries to extract valuable memory knowledge, i.e., perti-
nent embeddings from the memory pool. Fig. 4 illustrates the
process and is formulated as follows,

Pf =

M∑
i=1

αf,i · vf,i, αf,i = σ(Ef · kTf,i), (17)

where Ef represents the extracted knowledge related to fre-
quency. Pf is the final frequency prompt embeddings guiding
the construction model.

4) Height Information Extraction: Propagation loss and
building density vary with different heights. The given height
information is utilized in two aspects. We calculate the propa-
gation loss differences caused by height variations. We define
h0 as the reference height (set to the transmitter altitude).
Based on Eq.(11), the propagation loss variation at height h
relative to the reference height h0 can be expressed as

L(h) = 20 log10

(
h

h0

)
. (18)

Thus, when height information is available as prompt knowl-
edge, we augment Eq.(15) to incorporate 3D height-related
propagation effects, yielding

P̃ =
1

N

N∑
n=1

(Pn − L(f,Dn)− L(h)). (19)

Eq.(19) ensures that variants in propagation loss due to
different receiver heights are captured. While it assumes
line-of-sight (LOS) conditions, the non-line-of-sight (NLOS)
effects caused by building blockage and shadowing are
addressed separately through the building density embedding
in Eq.(8). Therefore, UniRM integrates both height-dependent
and environment-dependent propagation characteristics.

Building information may differ at different heights. We
obtain the building information at a specific height and then
apply multi-scale convolutions to extract the building density.
The height information extraction is formulated as follows:

Eh =

3∑
i=1

Convk=2i+1((Xh), (20)

where Xh is the building information at height h. This height-
aware representation captures both the spatial geometry and
the elevation-induced signal variation. The extracted height
information is further refined via a memory pool to retrieve and
assemble effective prompt embeddings from historical knowl-
edge. The memory pool of height propagation knowledge can
be defined as follows:

Mh = {(kh,0, vh,0) , (kh,1, vh,1) , . . . , (kh,M−1, vh,M−1)} ,
(21)

where M is the number of memory slots, all k and v are
learnable parameters. Subsequently, useful height prompts are
generated based on these optimized memories. This involves
using the representations of height information as queries to
extract valuable memory knowledge, i.e., pertinent embed-
dings from the memory pool. It can be formulated as follows:

Ph =

M∑
i=1

αh,i · vh,i, αh,i = σ(Eh · kTh,i), (22)
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Fig. 5. Building maps and radio maps of the SpectrumNet dataset across different scenarios and frequencies.

TABLE I
PROPERTIES OF THE SPECTRUMNET DATASET

where Eh represents the extracted knowledge related to height.
Ph is the final height prompt embeddings guiding the construc-
tion model.

The final set of prompts Pbd, Pf , Ph is injected into the
encoder-decoder architecture (Recall Fig. 2) to provide adap-
tive guidance for radio map construction. The design of
independent prompt pathways allows the model to flexibly
recombine scenarios, frequency, and height cues to suit dif-
ferent deployment scenarios and conditions.

IV. PERFORMANCE EVALUATIONS

A. Datasets

We evaluate the performance of the proposed large model
UniRM in the SpectrumNet dataset [19]. The SpectrumNet
dataset has 94458 radio maps of various scenarios, frequency
bands, and heights. As presented in Table I, SpectrumNet
comprises 15300 distinct geographical areas, encompassing
eleven scenarios: grassland, island, ocean, lake, suburban,
dense urban, rural, ordinary urban, desert, mountainous, and
forest. The size of each area is 1.28km×1.28km, with a spatial
resolution of 10m, resulting in radio map images of size
128 × 128. The radio maps are provided at three different

heights for each area: 1.5m, 30m, and 200m above ground
level, reflecting the radio maps for ground nodes, nodes at
building heights, and aerial nodes, respectively. Additionally,
SpectrumNet encompasses five different bands, ranging from
150 MHz to 22 GHz, which cover most of the working
frequencies of wireless networks. In SpectrumNet, the received
power values are normalized to the range [0, 1] through linear
transformation, where -120 dBm maps to 0 and 60 dBm
maps to 1. This normalization facilitates stable training of
neural networks. For metric computation and visualization, the
values are inverse-normalized back to dBm to ensure that the
evaluation is based on physical received signal strength data
rather than color representations.

Fig. 5 illustrates examples of two scenarios at different fre-
quencies in the SpectrumNet. As depicted in Fig. 5, different
building layouts result in distinct propagation effects in various
scenarios. We can observe that the radio map differs between
the frequency bands of 150 MHz and 22 GHz.

B. Baselines and Metrics

1) Baselines: We compare UniRM with a broad collection
of state-of-the-art models for radio map construction. To
ensure a comprehensive comparison, we investigate the pro-
posed UniRM’s performance in conjunction with interpolation
and deep learning methods.
• GT [61]. For radio map construction, we consider

the state-of-the-art interpolation-based method, Graph-
Interpolation (GT). GT leverages graph signal interpo-
lation techniques to estimate unmeasured radio signal
values based on spatial correlations.

• RadioUNet [23]. RadioUNet employs a symmetric
encoder-decoder architecture that effectively captures
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contextual information, making it a representative and
widely adopted deep learning-based solution.

• PMNet [36]. PMNet is a scalable and generalizable
framework for path loss prediction, which adopts an
encoder-decoder architecture with atrous (dilated) convo-
lutions to handle scale variations and capture the broader
spatial context in radio map data.

• PEFNet [24]. PEFNet is a UNet-based method for radio
map construction that jointly leverages expert knowledge
and data-driven learning.

• UNetDCN [62]. UNetDCN is also a framework that
employs UNet as its backbone. Based on the standard
UNet, UNetDCN replaces some convolutional layers with
detachable convolutional layers. This layer calculates the
offset of sampling points through learnable parameters
to flexibly expand the receptive field, facilitating the
propagation of information in any direction.

• AE [63]. AE is a radio map construction method based
on deep autoencoders, which uses a fully convolutional
deep completion autoencoder architecture to exploit the
underlying manifold structure of radio maps.

• RME-GAN [25]. RME-GAN employs a conditional gen-
erative adversarial network (cGAN) to generate radio
maps by learning the distribution of radio signals con-
ditioned on known measurements.

2) Metrics: We employ four metrics to evaluate the quality
of radio map construction: the mean squared error (MSE), root
mean squared error (RMSE), normalized mean squared error
(NMSE), and peak signal-to-noise ratio (PSNR).

MSE measures the average of the squares of the errors, i.e.,
the average squared difference between the estimated values
ŷi and the ground truth yi. A lower MSE indicates that the
predictions are closer to the reference values.

MSE =
1

N

N∑
i=0

(yi − ŷi)2, (23)

where N is the number of data points, yi is the ground truth
value, and ŷi is the predicted value.

RMSE is the square root of MSE, providing an error metric
in the same units as the original measurements. It reflects
the magnitude of the prediction error and is widely used to
evaluate model accuracy.

RMSE =

√√√√ 1

N

N∑
i=0

(yi − ŷi)2. (24)

NMSE normalizes the squared error by the signal power of
the ground truth. It provides a relative error metric that is inde-
pendent of the absolute scale of the measurements, facilitating
fair comparison across different datasets or scenarios.

NMSE =

∑N
i=0(yi − ŷi)2∑N

i=0 y
2
i

. (25)

PSNR is defined as the ratio between the maximum possible
power of a signal and the power of interfering noise that affects
the fidelity of its representation. PSNR is typically expressed

TABLE II
PERFORMANCE COMPARISON OF RADIO MAP CONSTRUCTION. METRICS

MARKED WITH ↓ INDICATE BETTER PERFORMANCE WITH LOWER
VALUES, WHILE THOSE MARKED WITH ↑ INDICATE BETTER PER-

FORMANCE WITH HIGHER VALUES. BOLD DENOTES THE BEST
RESULTS, AND UNDERLINE DENOTES THE

SECOND-BEST RESULTS

in decibels (dB) and provides an approximate measure of the
perceived quality of construction.

PSNR = 10 log10

(
r2

MSE

)
, (26)

where r is the maximal possible signal value in the radio map.
3) Implementation Details: Sparse observations are sam-

pled uniformly at random from each radio map for training
and testing. We randomly select 163 sampling points from
a radio map of size 128 × 128, resulting in a sampling rate
of 1%. The dataset is divided into training, validation, and
testing sets in a 7:1:2 ratio. The training process consists of
two phases, both utilizing an AdamW optimizer [64] with a
cosine decaying [65] learning rate, starting from 5 × 10−5

and reducing to 1 × 10−6. In the pre-training stage, we train
the backbone network of UniRM without any input of prompt
information. In the prompt training stage, we introduce the
prompt network and prompt information to guide the model
in adapting to various data distributions.

C. Overall Performance Evaluation

Table II presents the overall performance comparison of
different methods on the dataset. The results show that the
GT performs the worst across most evaluation metrics, sig-
nificantly underperforming compared to all other methods.
Our proposed UniRM achieves the best results across all four
metrics, i.e., MSE, RMSE, NMSE, and PSNR, with significant
improvements over existing methods. Notably, UniRM attains
the highest PSNR, indicating that the generated radio maps
preserve sharper structural edges and more faithful signal dis-
tributions than all baselines. These results validate UniRM as a
universal large model with superior accuracy for constructing
3D radio maps.

To further evaluate the quality of radio map construction,
we provide a visual comparison among RadioUNet, PEFNet,
and our proposed UniRM in a dense urban scenario from the
SpectrumNet dataset, as illustrated in Fig. 6. Compared to
RadioUNet and PEFNet, UniRM exhibits significant visual
improvements, achieving sharper and more precise bound-
ary delineation that accurately reflects the shadowing effects
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Fig. 6. Visualization: Constructed radio maps of the SpectrumNet dataset. (a) ground truth, (b) radio map constructed by RadioUNet, (c) radio map constructed
by PEFNet, (d) radio map constructed by UniRM (Ours).

TABLE III
PERFORMANCE EVALUATION OF RADIO MAP CONSTRUCTION ACROSS VARIOUS SCENARIOS

TABLE IV

PERFORMANCE EVALUATION OF RADIO MAP CONSTRUCTION IN DIFFERENT FREQUENCY BANDS

of urban structures. The estimated radio map generated by
UniRM aligns more closely with the ground truth, successfully
capturing subtle spatial variations in path loss intensity. These
visual results highlight UniRM’s superior capability to extract
fine-grained radio propagation patterns under complex envi-
ronmental conditions, which is consistent with the quantitative
improvements reported in Table II.

D. Radio Map Construction Across Various Scenarios

We evaluate the performance of radio map construction
across various scenarios. For baselines, we train dedicated
models for each scenario, since they are not inherently
designed to generalize across multiple environments, while

UniRM is evaluated across all scenarios. As shown in Table III,
we compare the proposed UniRM with baselines in eight
scenarios. The performance varies significantly across various
scenarios. Radio maps of ocean scenarios achieve the best
performance among the ten scenarios. Scenarios with complex
buildings, such as dense urban and suburban, yield lower
performance. Among all the methods, UniRM outperforms the
others in most cases, highlighting its superiority in universal
capabilities across scenarios.

E. Multi-Band Radio Map Construction

We evaluate radio map construction across four distinct
frequency bands. Each baseline is trained separately for every
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TABLE V

PERFORMANCE EVALUATION OF RADIO MAP CONSTRUCTION IN DIFFERENT HEIGHTS

Fig. 7. Visual comparison of generated radio maps using different UniRM
variants. (a) ground truth, (b) radio map constructed by UniRM w/o prompt,
(c) radio map constructed by UniRM w/prompt.

frequency band, ensuring a fair comparison with UniRM.
Table IV presents the performance results for four distinct fre-
quency bands. The results vary across metrics. While NMSE
tends to be lower at lower frequencies, both RMSE and PSNR
indicate that construction accuracy is actually better at higher
frequencies (e.g., 22 GHz). This discrepancy arises from the
physical nature of propagation: low-frequency signals with
longer wavelengths undergo stronger diffraction and multipath,
which complicates the environment and reduces construction
accuracy. In contrast, high-frequency signals exhibit more line-
of-sight characteristics, leading to clearer propagation patterns.
Despite these variations, UniRM consistently performs best in
all frequency bands.

F. Multi-Height Radio Map Construction

We evaluate radio map construction at different receiver
heights. For a fair comparison, baselines are trained indi-
vidually for each height, while UniRM is evaluated across
all heights. Table V shows the performance of radio map
construction at three distinct heights. The aerial network at
200m achieves the best performance, while the terrestrial
network at 1.5m performs the worst. This disparity is attributed
to the greater reflection, diffraction, and shadowing effects
from buildings on the terrestrial network, making it more
challenging to construct a radio map than the aerial network.
Our proposed UniRM achieves the best performance across
all heights.

G. Ablation Study

Prompts serve as a crucial component in the UniRM model.
We next investigate how the designed prompt network con-
tributes to the overall performance. To specify, we use ‘bd’ to

TABLE VI

ABLATION STUDY ABOUT PROMPT NETWORK. WE USE ‘BD’, ‘F’, AND ‘H’
TO DENOTE BUILDING DENSITY, FREQUENCY, AND HEIGHT PROMPTS,

RESPECTIVELY

denote building density, ‘f’ for frequency, and ‘h’ for height.
Our analysis compares the complete design, featuring the
prompt network with all three properties, against four degraded
versions that individually remove ‘bd’, ‘f’, and ‘h’, and a
version without the entire prompt network. Table VI shows
the overall results; as one can observe, removing any property
decreases performance. By introducing the prompt network,
our proposed UniRM model exhibits a superior performance
in radio map construction. Fig. 7 presents the qualitative results
to illustrate the visual disparity between radio maps generated
with and without the prompt network. The qualitative results
demonstrate that the prompt network enhances the model’s
ability to recover edges of the radio map that are obscured by
environmental obstacles or propagation attenuation.

H. Generalization Ability Analysis

We evaluate the zero-shot generalization capability of
UniRM across diverse scenarios, frequency bands, and heights.
We compare our method with three competitive baselines,
RadioUNet, PEFNet, and RME-GAN, for comparison.

1) Cross-Scenario Generalization: To assess cross-scenario
generalization, we train UniRM on six scenarios from Spec-
trumNet and evaluate them on four unseen environments
(island, lake, ordinary urban, and mountainous). Table VII
presents the generalization performance across various sce-
narios. The proposed UniRM achieves state-of-the-art perfor-
mance across all unseen test scenarios, demonstrating robust
cross-environment generalization.

2) Multi-Band Generalization: For cross-frequency gener-
alization, we train UniRM on three low-frequency bands and
test it on two unseen higher-frequency bands, i.e., 3.5 GHz
and 22 GHz. Table VIII shows that UniRM maintains robust
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TABLE VII

ZERO-SHOT GENERALIZATION PERFORMANCE ACROSS DIFFERENT SCENARIOS

TABLE VIII

ZERO-SHOT GENERALIZATION PERFORMANCE ACROSS DIFFERENT
FREQUENCY BANDS

TABLE IX
ZERO-SHOT GENERALIZATION PERFORMANCE

AT HEIGHT 200 M

performance even on unseen frequency bands, outperforming
existing methods.

3) Height Generalization: To evaluate the generalization
of UniRM across different heights, we train UniRM at low
heights, specifically 1.5m and 30m, and assess its gener-
alization performance at 200m. As depicted in Table IX,
UniRM significantly surpasses baselines in high-altitude radio
map construction, confirming its strong generalization across
varying heights.

The abovementioned experiments validate our knowledge
network’s ability to extract highly generalizable features and
the memory network’s capacity to generate optimal prompts
for varying conditions. The reason behind this is that by
integrating a pre-training and prompt learning framework,
UniRM can address the issue of data distribution deviation
in various scenarios, frequency bands, and heights.

I. Robustness Analysis

To assess the practical applicability of UniRM, we conduct
robustness analyses under various realistic conditions, includ-
ing varying sampling ratios, noisy environments, and different
region sizes. These analyses provide insights into the model’s
scalability and reliability in practical deployment scenarios.

1) Performance at Different Sampling Ratios: Fig. 8 shows
the effect of sampling ratio on performance. As expected,
all methods benefit from more measurements, with RMSE
decreasing as the sampling ratio increases. Notably, UniRM
consistently outperforms all baselines across the entire range.
Even at the lowest ratio of 1%, UniRM achieves significantly

Fig. 8. Performance analysis over different sampling ratios.

Fig. 9. Performance analysis under noisy conditions. ‘std’ denotes standard
deviation.

TABLE X
PERFORMANCE ON REGIONS OF VARYING SIZES WITH UNIRM

TRAINED ON 1.28 KM×1.28 KM RADIO MAPS

better accuracy, demonstrating its ability to exploit sparse
observations effectively. The performance advantage persists at
higher sampling densities, confirming the model’s scalability
and robustness under varying measurement conditions.

2) Performance Under Noise Conditions: To evaluate the
practical robustness of radio map construction models in real-
world scenarios, where measurement data are often corrupted
by noise due to hardware limitations or environmental factors,
we add Gaussian noise with standard deviations of 0.05 and
0.1 to the input measurements. Results in Fig. 9 show that
performance degrades for all methods as noise increases.
However, UniRM maintains the most stable performance,
while baselines such as RadioUNet, PEFNet, and AE exhibit
sharper declines at higher noise levels. These results highlight
UniRM’s superior noise robustness and practical reliability in
real-world environments.
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TABLE XI
PARAMETER COUNT ANALYSIS OF DIFFERENT MODELS. ‘M’

AND ‘B’ DENOTE PARAMETER UNITS IN MILLIONS
AND BILLIONS, RESPECTIVELY

3) Performance on Different Region Sizes: UniRM trained
on SpectrumNet using 1.28 km × 1.28 km radio maps. In
real-world scenarios, requirements may vary depending on the
area size. To assess the robustness of UniRM to varying region
sizes, we evaluate the model, trained on 1.28 km × 1.28 km
radio maps, on smaller regions (1 km × 1 km). We crop the
original radio maps to the new size and pad them to match the
model’s input dimension (128 × 128). As shown in Table X,
although performance decreases on the 1 km × 1 km regions,
UniRM still achieves satisfactory results, demonstrating its
robustness and adaptability to varying region sizes.

J. Parameter Count Analysis
We compare UniRM’s parameter count with existing radio

map baselines as well as representative foundation models
from other domains, i.e., LDM [66] for text-to-image genera-
tion, DiffusionSAT [67] for satellite imagery, and SpectralGPT
[68] for remote sensing applications. We report the parameter
counts in Table XI. UniRM contains 0.69 B parameters, far
exceeding previous radio map models, and is comparable to
these foundation models. A larger model typically indicates
stronger representational capacity and greater ability to capture
subtle and complex data patterns. This substantial capacity
enables UniRM to capture more complex propagation patterns.
Moreover, with pre-training and prompt-learning strategies,
UniRM can adapt to varying data distributions and tasks,
establishing itself as a general foundation model for radio map
construction.

V. CONCLUSION

In this paper, we have developed UniRM, a universal large
model for constructing multi-band 3D radio maps. UniRM
leverages a pre-training and prompt learning framework that
enables modeling to be scalable to various scenarios and
frequency bands. We propose a novel prompt network to
exploit and align underlying properties of various scenarios,
bands, and heights. UniRM achieves STOA performance on
a large radio map dataset, validating its universal ability to
construct an accurate radio map. UniRM not only establishes
a new state-of-the-art in radio map construction but also serves
as a scalable and extensible foundation for future wireless
communication applications.

UniRM still has limitations, particularly in handling small-
scale channel characteristics such as Channel State Informa-
tion (CSI), which involves more complex spatial-temporal
structures and propagation characteristics. The current frame-
work primarily addresses static environments, with limited
capability to capture dynamic changes caused by time-varying
environments. In the future, we will focus on incorporating
spatio-temporal modeling techniques to capture both spatial
correlations and temporal dynamics, as well as integrating
physical knowledge and environmental dynamics into the
learning process. Furthermore, we also plan to expand dataset
diversity and scaling model capacity to empower UniRM
to evolve toward broader wireless communication applica-
tions, including CSI prediction, beamforming optimization,
and network planning. We envision UniRM as a universal
foundational AI model for wireless environments, enabling
efficient and intelligent next-generation communication
systems.
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