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Abstract

Millimeter-wave radar offers a promising sensing modality
for autonomous systems thanks to its robustness in adverse
conditions and low cost. However, its utility is significantly
limited by the sparsity and low resolution of radar point
clouds, which poses challenges for tasks requiring dense
and accurate 3D perception. Despite that recent efforts have
shown great potential by exploring generative approaches to
address this issue, they often rely on dense voxel represen-
tations that are inefficient and struggle to preserve structural
detail. To fill this gap, we make the key observation that latent
diffusion models (LDMs), though successful in other modal-
ities, have not been effectively leveraged for radar-based 3D
generation due to a lack of compatible representations and
conditioning strategies. We introduce RaLD, a framework
that bridges this gap by integrating scene-level frustum-based
LiDAR autoencoding, order-invariant latent representations,
and direct radar spectrum conditioning. These insights lead
to a more compact and expressive generation process. Ex-
periments show that RaLD produces dense and accurate 3D
point clouds from raw radar spectrums, offering a promising
solution for robust perception in challenging environments.

Introduction
Millimeter-wave radar has attracted growing interest in a
range of applications, including perception, localization, and
mapping, owing to its affordability, strong penetration capa-
bility, and robustness under adverse weather and unillumi-
nated conditions (Lu et al. 2020; Gao et al. 2022; Fan et al.
2024b). These advantages make radar an indispensable sens-
ing modality for autonomous systems operating in complex
real-world environments.

However, the utility of radar remains limited by the inher-
ent sparsity and low resolution of its point cloud outputs,
which stem from fundamental hardware constraints. This
poses significant challenges for downstream tasks that re-
quire dense and accurate spatial information. To address this
issue, there is a pressing need for effective methods that can
enhance or reconstruct high-quality point clouds from raw
radar measurements, enabling more reliable and precise en-
vironmental understanding.
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Figure 1: RaLD uses latent diffusion with sparse vectors, en-
abling high-fidelity 3D radar point cloud generation beyond
dense-grid methods.

Diffusion models have recently shown remarkable suc-
cess in cross-modal generation tasks, such as text-to-image
synthesis (Rombach et al. 2022; Peebles and Xie 2023),
inspiring their application in radar-based 3D scene under-
standing. In the context of 3D radar point cloud genera-
tion, they offer a promising path to generate high-resolution,
LiDAR-like point clouds from sparse and noisy radar mea-
surements.

Despite their success in image domains, conventional
diffusion models struggle to scale effectively to 3D point
clouds, where dense representations incur significant com-
putational and resolution limitations. While prior work
such as SDDiff (Wang et al. 2025) adopts a dense voxel-
based representation for radar-conditioned diffusion, it suf-
fers from high computational cost and memory consump-
tion, which further compromises the achievable resolution.
For example, SDDiff predicts occupancies over a dense
128×128×64 voxel grid, yet the actual number of generated
points remains on the order of 1‰—leading to substantial
inefficiency and loss of fine-grained structural details.

In contrast, we observe that latent diffusion models
(LDMs) (Rombach et al. 2022) offer a more efficient and
flexible alternative. By operating in a compact latent space
learned via a dedicated autoencoder, LDMs alleviate the bur-
den of modeling sparse and unordered 3D point clouds di-
rectly in data space. This two-stage framework not only en-
ables higher-resolution generation with reduced resource de-
mands but also better preserves structural details, making it
well-suited for the challenges of radar-based 3D point cloud
super-resolution.



While latent diffusion offers a promising direction, apply-
ing it to radar-conditioned 3D point cloud generation poses
several technical challenges. First, a key requirement is a ro-
bust autoencoder that can compress high-resolution, scene-
level LiDAR point clouds into informative latent codes.
Most existing point cloud autoencoders are designed for
object-level shapes (Zhang et al. 2023) and fall short in
handling the sparse, large-scale, and geometrically complex
nature of LiDAR data. Second, raw radar spectrums are
extremely noisy and lack strong semantic cues, especially
compared to LiDAR. These spectrums are affected by mul-
tipath effects, specularity, resulting in ambiguous or aliased
observations. Conditioning generation on such data is non-
trivial, as naive approaches (e.g., radar point-based inputs)
often fail to provide sufficient guidance for high-quality re-
construction.

To overcome these challenges, we propose a set of com-
plementary designs that enable effective radar-to-LiDAR
point cloud generation within the latent diffusion frame-
work. We first introduce a point-based LiDAR autoencoder
that compresses sparse scene-level point clouds into com-
pact latent vectors and reconstructs them by predicting oc-
cupancy at arbitrary 3D query locations. Instead of using
Cartesian voxel grids, we define occupancy labels based on
volumetric frustums aligned with the LiDAR’s polar sam-
pling geometry. This approach preserves the spatial structure
of LiDAR returns, captures their non-uniform density across
depth, and enables physically grounded interpolation during
decoding. Building on this, we design an order-invariant la-
tent encoding strategy that fuses local and global geometric
features into a hybrid token representation, ensuring the la-
tent codes are both expressive and order-invariant—crucial
properties for stable and generalizable diffusion modeling.
Finally, instead of conditioning on sparse radar point clouds,
we leverage the richer, albeit noisy, radar spectrum. Our
radar spectrum guidance module extracts spatial cues from
the signal, providing strong priors for generation and im-
proving the robustness and efficiency of decoding in sparse
or ambiguous environments.

Through this integrated design, RaLD enables end-to-end
generation of dense 3D structures from raw radar signals, of-
fering a practical and scalable solution for robust 3D percep-
tion in adverse environments. In summary, this paper makes
the following contributions:

• To our knowledge, this is the first study to explore
a sparse, point-based latent diffusion model for radar
spectrum-conditioned 3D point cloud generation, effec-
tively enhancing the fidelity and structural quality of
point clouds generated from raw radar spectrums.

• We develop a set of complementary designs tailored for
radar-conditioned latent diffusion, including a frustum-
based LiDAR autoencoder that preserves the polar ge-
ometry of LiDAR scans, an order-invariant latent encod-
ing strategy that fuses local and global geometric fea-
tures, and a radar spectrum guidance module that ex-
tracts semantic and spatial cues from raw radar signals
to guide generation. Together, these components enable
robust and high-resolution 3D point cloud synthesis from

sparse and ambiguous radar inputs.
• Compressive experiments on ColoRadar dataset demon-

strate that our method significantly outperforms existing
methods in terms of point cloud quality, achieving state-
of-the-art results in radar 3D point cloud generation.

Related Work
Traditional Radar Super-Resolution. Extracting dense
and reliable point clouds from low-resolution radar data has
been a long-standing challenge in the field of radar signal
processing. Traditional methods for radar super-resolution
often rely on signal processing techniques, such as MU-
SIC (1986), and ESPRIT (1990), collaborating with a Const
Fasle Alarm Rate (CFAR) detection strategy (Richards et al.
2005) to generate point clouds from radar spectrums. More
recent approaches (Qian, He, and Zhang 2020; Lai et al.
2024; Geng et al. 2024) have focused on leveraging syn-
thetic aperture radar (SAR) techniques (Soumekh 1999)
to enhance the resolution of radar images. However, SAR-
based methods typically rely on predefined moving trajecto-
ries and precise estimation of the platform’s motion, which
limits their application scenarios.

Radar Super-Resolution with Generative Models.
Early works (Guan et al. 2020; Sun et al. 2021; Cheng
et al. 2022; Fan et al. 2024a) on radar super-resolution
mainly used GANs (Goodfellow et al. 2020) with accu-
mulated radar spectrums to generate high-resolution point
clouds (Guan et al. 2020; Cheng et al. 2022; Prabhakara
et al. 2022). However, GANs suffer from unstable train-
ing (Kurach et al. 2019), limiting their reliability. Recent
success of diffusion models (Ho, Jain, and Abbeel 2020)
has sparked interest in their use for this task. These methods
typically use high-quality LiDAR point clouds as ground
truth and train generative models that map radar data to
LiDAR-like outputs. Zhang et al. (2024b) first introduced
diffusion models for radar super-resolution, proposing an
efficient framework to generate high-resolution point clouds
in edge devices with limited computational resources.
However, it is limited to generating point clouds in 2D,
which leads to a significant loss of information in the 3D
space. Luan et al. (2024) further extended to 3D point
cloud generation model in bird’s-eye view (BEV) space,
though BEV still poorly captures hights geometry. SDDiff
(Wang et al. 2025) proposed a directional diffusion model,
which starts from the radar prior distribution and diffuses
toward the 3D LiDAR point clouds. Although both Luan
et al. (2024) and SDDiff (2025) are capable of generating
3D point clouds, their resolution remains limited. This is
largely due to their reliance on dense representations—such
as BEV images or 3D voxel grids—as the generation
target, which are computationally expensive and restrict
output fidelity. In contrast, our method proposes a latent
diffusion model that operates in a lower-dimensional latent
space, significantly improving computational efficiency and
enabling the generation of high-resolution 3D point clouds.

3D Latent Diffusion Models. Vision generation has been
revolutionized by diffusion models, which have shown
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Figure 2: Framework of RaLD pipeline.

remarkable performance in generating high-quality im-
ages (Ho, Jain, and Abbeel 2020). Stable Diffusion (Rom-
bach et al. 2022) has further advanced the field by intro-
ducing a latent diffusion model that operates in a lower-
dimensional latent space, significantly improving compu-
tational efficiency and enabling the generation of high-
resolution images. Following the success of 2D latent dif-
fusion models, researchers have explored their application
in 3D content generation. 3DShape2Vectset (Zhang et al.
2023) introduced an effective representation for object-level
3D shapes in the latent space of 1D vectors, which serves
as a foundation 3D variational autoencoder (VAE) for the
folloing 3D latent diffusion models (Zhao et al. 2023;
Zhang et al. 2024a; Li et al. 2024). However, these methods
primarily focus on object-level 3D generation, which lim-
its their applicability in generating scene-level 3D content.
Moreover, these models are designed to generate 3D shapes
on condition of text or images, leaving an unexplored gap
in generating 3D LiDAR-like point clouds conditioned on
radar spectrums.

Methodology
In this section, we first provide a brief overview of latent dif-
fusion models as a preliminary. Then, we present the overall
system architecture of RaLD, followed by design details of
the frustum-based LiDAR autoencoder, the order-invariant
latent encoding, and the radar spectrum guidance.

Preliminary
Diffusion Models Diffusion models are a class of genera-
tive models that learn to generate data by reversing a dif-
fusion process (Ho, Jain, and Abbeel 2020). The process
begins with a simple distribution, such as Gaussian noise,
and gradually transforms it into a complex data distribution
through a series of steps.

The forward diffusion process is defined as a Markov

chain that adds Gaussian noise to the data at each step:

q(xt | xt−1) = N (xt;
√

1− βtxt−1, βtI), t = 1, · · ·T
(1)

where x0 is the original data, xT is the final noisy data, and
βt controls the noise schedule. The reverse process is param-
eterized by a neural network and aims to recover the original
data by removing noise step by step:

pθ(xt−1 | xt, c) = N (xt−1;µθ(xt, t, c),Σθ(xt, t, c)), (2)

where µθ and Σθ are the mean and variance predicted by the
network, and c denotes optional conditioning information,
such as labels, text, or radar signals. The model is trained to
predict the added noise, typically using a mean squared error
loss.

Latent Diffusion Models Latent Diffusion Models
(LDMs) (Rombach et al. 2022) extend diffusion models by
operating in a lower-dimensional latent space instead of
directly in the data space. For example, a pre-trained autoen-
coder (Eφ,Dφ) is used to compress high-dimensional point
cloud data x ∈ RN×3 into a compact latent representation
z ∈ RM×d, where N is the number of points, d is the
dimension of channel, and M is the number of latent points
(typically M ≪ N ).:

z = Eφ(x), x ≈ Dφ(z), (3)

where Eφ and Dφ denote the encoder and decoder, respec-
tively.

The diffusion model is then trained in the latent space by
perturbing z and learning to reverse the corruption:

zt =
√
ᾱtz0 +

√
1− ᾱtϵ, ϵ ∼ N (0, I), (4)

LLDM = Ezt,ϵ,t
[
∥ϵ− ϵθ(zt, t)∥2

]
. (5)

Once denoised, the final latent z0 is decoded to reconstruct
the data x ≈ D(z0).



System Overview

Given an input radar spectrum S, RaLD aims to generate a
dense and accurate 3D point clouds P ∈ RN×3 that recon-
struct the scene with LiDAR-like fidelity. Following prior
works (Zhang et al. 2024b; Wang et al. 2025), we adopt
a conditional diffusion framework that learns to synthesize
point clouds conditioned on radar observations.

To achieve this, RaLD operates in a compact latent space,
where a diffusion model is trained to generate point cloud
embeddings guided by the radar spectrum. The overall
pipeline, as illustrated in Figure 2, begins with an autoen-
coder that compresses LiDAR point clouds into structured
latent codes. A radar-conditioned latent diffusion model then
samples from this space, and a decoder reconstructs the final
3D point clouds guided by radar priors.

We next present the key designs that collectively realize
RaLD’s capability: a frustum-based LiDAR autoencoder, an
order-invariant latent representation, and a radar-aware gen-
eration strategy. Together, these components form a cohesive
system that maps radar signals to detailed LiDAR-like point
clouds.

Frustum-Based LiDAR Autoencoder

While latent diffusion enables efficient generation of 3D
point clouds, designing an effective autoencoder remains
challenging due to the extreme sparsity and irregular struc-
ture of scene-level LiDAR data. To address this, we propose
a tailored autoencoder architecture that leverages the geo-
metric characteristics of LiDAR point clouds.

Inspired by prior vector set-based representations for 3D
shapes (Zhang et al.), we compress scene-level LiDAR point
clouds into a set of compact latent vectors, and recon-
struct them by predicting the occupancy of query points in
space. By treating the decoder as a continuous interpola-
tion function for occupancy prediction, this design allows
high-fidelity reconstruction with a flexible number of output
points.

A key challenge lies in defining the occupancy label for
each query point, as required by the decoder. A common ap-
proach, widely adopted in perception tasks such as 3D object
detection (Zhou and Tuzel 2018; Yin, Zhou, and Krahen-
buhl 2021), defines occupancy and extracts features using
voxel grids in Cartesian space, where a query point is con-
sidered occupied if its voxel contains at least one LiDAR
return. However, it fails to capture the sensing characteris-
tics of LiDAR. In particular, LiDAR sensors emit beams at
fixed angular resolutions, resulting in a non-uniform point
distribution-dense in the near field and sparse at greater dis-
tances. Cartesian voxelization ignores this property, impos-
ing a uniform spatial grid that does not align with how the
data is captured.

To better align with LiDAR sensing geometry, we define
occupancy using frustums in polar coordinates as shown in
Figure 3. These grids respect the angular sampling pattern of
the sensor and preserve spatial regularity across depth. For-
mally, a frustum Fi,j,k is defined as a volumetric cell in polar
coordinate space, bounded by range, azimuth, and elevation
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Figure 3: Frustum-based occupancy partitioning aligned
with the capture geometry of LiDAR and radar. Volumetric
cells are defined in polar coordinates—range, azimuth, and
elevation—to match the sensors’ angular sampling patterns.

intervals. Specifically, the frustum is defined as:

Fi,j,k =

(r, θ, ϕ)

∣∣∣∣∣∣
r ∈ [ri, ri+1) ⊆ [rmin, rmax]

θ ∈ [θj , θj+1) ⊆ [θmin, θmax]

ϕ ∈ [ϕk, ϕk+1) ⊆ [ϕmin, ϕmax]

 ,

(6)
where r is the radial distance, θ is the azimuth angle, and ϕ is
the elevation angle. The intervals [rmin, rmax], [θmin, θmax],
and [ϕmin, ϕmax] denote the LiDAR’s range, azimuth, and
elevation field of view, respectively. Each frustum Fi,j,k thus
captures a local volume along a LiDAR ray direction.

We define the occupancy O of a frustum Fi,j,k as a binary
indicator:

Oi,j,k =

{
1, if ∃p ∈ P such that p ∈ Fi,j,k
0, otherwise

, (7)

where P denotes the set of all LiDAR points in the scene.
The occupancy of a query point q is then determined by the
occupancy of the frustum Fi,j,k that contains it:

O(q) = Oi,j,k if q ∈ Fi,j,k. (8)

Critically, frustum-based partitioning also facilitates
learning occlusion relationships, since occupied frustums
tend to be the closest along the same angular ray. This ge-
ometric alignment makes the decoder’s task of occupancy
prediction, which can be viewed as an interpolation over 3D
space, more structured and physically grounded. Besides,
partinioning the space into frustums in polar coordinates
provides a more consitistent representation for radar spec-
trum, which makes it easier to utilize the radar spectrum as
the conditioning information for the diffusion model.

Order-Invariant Latent Encoding
While the frustum-based autoencoder provides a compact la-
tent representation aligned with LiDAR sensing geometry, it
is also essential to ensure that the learned latent space re-
spects the unordered nature of point clouds. To this end, we



introduce an enhanced order-invariant encoding mechanism
that improves the generalization and stability of the latent
diffusion process.

Point clouds are unordered sets, meaning any permuta-
tion of points in P should represent the same geometry.
However, neural encoders may inadvertently produce order-
sensitive representations, which become problematic in dif-
fusion training. During training, diffusion models are opti-
mized to predict the noise added to latent variables at each
timestep. If the encoded latent tokens change under differ-
ent point orderings, then the target noise also varies incon-
sistently—even when the underlying geometry remains the
same. This mismatch alters the optimization trajectory for
the same training sample, impairing the model’s ability to
learn a stable and generalizable denoising function. We vi-
sualize this issue in Figure 4, which highlights how different
input orderings lead to inconsistent noise prediction targets.

To address this, we design a token encoding scheme that
ensures consistent latent representations regardless of input
point order. The key idea is to control the tokens fed into the
cross-attention-based encoder. Rather than adopting either
randomly sampled or fixed learned queries, as done in prior
work (Zhang et al. 2023), we employ a hybrid strategy that
integrates both static and dynamic queries.

Concretely, a fixed set of learned tokens serves as stable
anchors, ensuring consistent token ordering across different
samples. In parallel, dynamic queries are derived from P
via a learnable projection, allowing the encoder to capture
geometry-specific features through cross-attention. The fu-
sion of static and dynamic components forms the final set of
query tokens for encoding.

Formally, we denote Qs ∈ RM×d as a fixed set of learn-
able query tokens that provide consistent ordering across
samples. In parallel, dynamic queries Qd are computed from
P to capture input-specific geometric features. The final en-
coder queries Qenc are obtained by applying cross-attention
between the dynamic queries and the input, followed by
combining the result with the static queries:

Qenc = Proj(Qs + CrossAttn(Qd,P)). (9)

This hybrid design maintains order invariance through
fixed query structure, while enriching the latent space with
geometry-aware features. It thus enables more effective dif-
fusion modeling on unordered point clouds.

Radar Spectrum Guidance
Diffusion Conditioned on Radar Spectrum To incorpo-
rate radar observations into the generation process, we pro-
pose a radar-guided conditioning strategy that injects seman-
tic and geometric cues from the radar spectrum into the la-
tent diffusion model. Radar measurements are represented as
a 3D tensor in polar coordinates (range, azimuth, elevation),
where high-intensity values correspond to strong surface re-
flections. However, the radar signal is inherently noisy and
exhibits anisotropic uncertainty—range measurements tend
to be more reliable than angular ones due to beam character-
istics (Kramer et al. 2022).

To handle this, we upsample the radar spectrum along the
azimuth and elevation axes and apply a convolutional en-
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coder Cψ to extract robust high-level features. This design
enlarges the receptive field, suppressing angular noise while
emphasizing more reliable range information. The resulting
feature map serves as a compact and noise-aware represen-
tation of the radar input.

Since the latent space is formulated as 1D vectors, we
adopt the transformer-based DiT architecture (Peebles and
Xie 2023) as our diffusion model. The radar features are
enriched with 3D positional embeddings to preserve spa-
tial structure, then flattened to match the latent vector shape.
This enables the diffusion model to capture spatially-aware
relationships between the latent tokens and the radar signal.

Decoding with Radar-Guided Query Initialization Af-
ter sampling from the latent diffusion model, we decode
the resulting latent representations into point clouds. Due
to the extreme sparsity of scene-level point clouds, this de-
coding process is computationally challenging. Although
our autoencoder is trained with high-resolution frustums
(centimeter-level in range and sub-degree in angle), it is
infeasible to densely query the entire 3D space during de-
coding, as this would require evaluating tens of millions of
points.

To improve efficiency, we introduce a radar-guided query
initialization strategy. Specifically, we apply a low-threshold
CFAR algorithm to the radar spectrum to identify candidate
object regions. These CFAR detections guide the selection
of query points for decoding. While imperfect, they provide
a strong prior for object locations and reduce unnecessary
queries in empty space. To maintain completeness, we ad-
ditionally include a set of randomly sampled query points
across the 3D space, allowing the decoder to capture unde-
tected or low-reflectivity structures.

Experiments
Experiment Settings
Dataset We evaluate our method on ColoRadar (Kramer
et al. 2022) dataset, which provides radar spectrum data
paired with LiDAR point clouds. The dataset is collected
in various scenarios, including laboratories, hallways, and



other environments. Each environment contains multiple se-
quences. We use the earlier sequences for training and re-
serve the last two sequences in each scene for validation and
testing. To align radar and LiDAR data, we remove non-
overlapping frames, transform LiDAR point clouds using
the provided calibration parameters, and crop them to match
the radar’s field of view and finally convert them to polar
coordinates.

Implementation Details For the autoencoder, the occu-
pancy granularity is set to a frustum with 0.05 m, 0.25°, and
0.5° resolution for the range, azimuth, and elevation, respec-
tively. Input point cloud coordinates are normalized to [-1,1].
During training, point clouds are downsampled to 10,000
points, with an equal number of decoder query points. To
address sparsity, 6.25% of queries are positives; the rest are
randomly sampled negatives. Points are encoded and com-
pressed into 512 latent tokens, each with 32 dimensions. The
autoencoder is trained for 150 epochs with a batch size of 28.

The diffusion model is trained for 100 epochs with a batch
size of 16 using the EDM sampler (Karras et al. 2022). At in-
ference, 500k query points are sampled from free space and
700k from CFAR regions to guide generation. All models
are implemented in PyTorch and trained on two NVIDIA
RTX 4090 GPUs. Training takes 28 hours for the autoen-
coder and 60 hours for the diffusion model.

Metrics and Baselines We evaluate Chamfer distance
(CD) and Earth Mover’s Distance (EMD) to measure the
similarity between the generated point cloud and the ground
truth, both for autoencoder and diffusion model outputs. CD
measures the average distance between points in the gener-
ated and ground truth point clouds, while EMD quantifies
the minimum cost of transforming one point cloud into an-
other, considering the distribution of points. Lower values
indicate better performance. We compare our method with
the traditional method OS-CFAR (Richards et al. 2005), as
well as the GAN-based method RPDNet (Cheng et al. 2022)
and diffusion-based method SDDiff (Wang et al. 2025).

Results
Main Results We first present the main results of the pro-
posed autoencoder in Table 1. We compare the performance
of different autoencoders across three scenes: Aspen Lab,
Hallways, and ARPG Lab. To validate the effectiveness of

Scene
Encoder
Query Hybrid Sample Static Hybrid

Occupancy Voxel Frustum Frustum Frustum

Aspen Lab CD↓ 0.133 0.082 0.090 0.088
EMD↓ 0.132 0.083 0.089 0.087

Hallways CD↓ 0.166 0.094 0.118 0.112
EMD↓ 0.162 0.095 0.118 0.112

ARPG Lab CD↓ 0.160 0.082 0.104 0.081
EMD↓ 0.155 0.083 0.104 0.080

Table 1: Performance comparison of different autoencoders.

Model Aspen Lab Hallways ARPG Lab

CD↓ EMD↓ CD↓ EMD↓ CD↓ EMD↓

OS-CFAR 1.175 1.342 1.098 1.387 1.076 1.163
RPDNet 0.874 0.587 0.793 0.664 0.823 0.512
SDDiff 0.385 0.386 0.581 0.603 0.497 0.505
RaLD 0.339 0.356 0.576 0.515 0.488 0.450

Table 2: End-to-end radar point cloud generation results.

the method of occupancy partitioning, we compare the per-
formance of the hybrid query with the voxel-based and the
frustum-based partitioning. And we also compare the perfor-
mance of the hybrid query with the static query and down-
sampled point query in the frustum-based partitioning. All
the results are obtained using 500k randomly sampled points
from the free space, with the voxel size in the voxel-based
query set to [0.05, 0.05, 0.05] meters along the x, y, and z
axes for fair comparison.

The results show that the frustum-based occupancy par-
titioning strategy outperforms the voxel-based counterpart
with a significant margin, which provides a maximum de-
crease of 49.6% in CD and 48.3% in EMD. Within the
frustum-based setting, the hybrid query consistently outper-
forms the static query across all scenes and achieves per-
formance comparable to the downsampled point query. The
results indicate the hybrid query in the frustum-based parti-
tioning can provide a higher upper bound of the downstream
latent diffusion task, while preserving the characteristics of
order-invariant encoding.

Variant Radar
Enc.

CFAR
Init

Aspen Lab Hallways ARPG Lab

CD↓ EMD↓ CD↓ EMD↓ CD↓ EMD↓

(a) w/o w/ 0.596 0.638 0.723 0.647 0.659 0.628
(b) w/ w/o 0.348 0.381 0.586 0.545 0.535 0.547
(c) w/ w/ 0.339 0.356 0.576 0.515 0.488 0.450

Table 3: Ablation study on radar encoder conditioning and
decoder query initialization. “w/” and “w/o” indicate the
presence and absence of each component, respectively. Vari-
ants (a)–(c) correspond to different combinations of these
modules.

Next, we report the end-to-end generation results of the
proposed RaLD model in Table 2, with qualitative examples
shown in Figure 5. RaLD consistently outperforms baseline
methods across all scenes, achieving up to 11.9% and 14.6%
improvements in CD and EMD, respectively, compared to
the second-best method, SDDiff, in the Aspen Lab and Hall-
ways scenes.

As shown in Figure 5, RaLD produces sharper and more
detailed 3D radar point clouds, better preserving high-
frequency structures, while baseline method SDDiff tends to
generate overly smooth outputs. For example, in the Aspen
Lab and Hallways scenes, RaLD successfully captures fine-
grained structures such as pillars and wall edges, whereas
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Figure 5: Visualization of 3D radar point cloud generation result.

SDDiff produces smoother outputs that omit these details.
While SDDiff generates point clouds with a more continu-
ous surface, it often lacks the key structural features present
in the space, which can be crucial for downstream tasks like
localization and mapping. In contrast, RaLD effectively cap-
tures these features, demonstrating its ability to leverage the
learned latent space of the autoencoder to generate high-
fidelity 3D radar point clouds.

Ablation Studies and Additional Results We conduct
ablation studies to evaluate the impact of two key compo-
nents in the RaLD model: radar encoder conditioning and
decoder query initialization. The results are summarized in
Table 3. We compare three model variants: (a) without radar
encoder conditioning only, (b) with radar encoder condition-
ing only, and (c) with both components enabled. In variant
(a), the raw radar spectrum is flattened and embedded with
positional encodings to serve as the conditioning input to the
diffusion model. For variants that do not use CFAR points
for decoder query initialization, we randomly initialize the
same number of points as used in the CFAR-based setup.

The results demonstrate that variant (c), which combines
both radar encoder conditioning and decoder query initial-
ization consistently achieves the best performance across all
scenes. The comparison between variants (a) and (c) shows
that the radar encoder conditioning significantly improves
performance, indicating that the learned representation ef-
fectively captures radar signal characteristics and mitigates
noise in the raw radar spectrum. Meanwhile, the compari-
son between variants (b) and (c) reveals that decoder query
initialization further enhances performance, suggesting that
initializing decoder queries with CFAR points provides a
strong spatial prior for generating high-quality point clouds.

We further investigate how autoencoder design impacts
RaLD performance. Specifically, we compare four types
of encoder query strategies under different coordinate sys-
tems, as summarized in Table 4. Across all scenes, the dif-
fusion model using the hybrid query in the frustum-based
occupancy partitioning consistently achieves the best per-

formance in terms of EMD. For the CD metric, this con-
figuration achieves the best result in the Aspen Lab scene
and performs comparably to the downsampled point query
in the other scenes. These results suggest that the hybrid
query strategy within a frustum-aligned latent space is more
effective at capturing the underlying 3D structure, lead-
ing to higher-quality point cloud generation. This also val-
idates our design of order-invariant latent encoding, where
combining static and dynamic queries enables stable su-
pervision and better generalization for diffusion-based gen-
eration. While our method does not consistently produce
the lowest CD—often sensitive to density and outliers (Wu
et al. 2021)—it consistently improves EMD, reflecting bet-
ter overall structure.

Scene
Encoder
Query Hybrid Sample Static Hybrid

Occupancy Voxel Frustum Frustum Frustum

Aspen Lab CD↓ 0.397 0.366 0.390 0.339
EMD↓ 0.519 0.422 0.412 0.356

Hallways CD↓ 0.695 0.562 0.633 0.576
EMD↓ 0.770 0.566 0.540 0.515

ARPG Lab CD↓ 0.609 0.475 0.564 0.488
EMD↓ 0.766 0.511 0.513 0.450

Table 4: Performance comparison of different autoencoder
queries under different coordinate systems.

Conclusion
We propose a latent diffusion framework that generates
high-resolution 3D point clouds from noisy radar spectrum.
By combining a frustum-based autoencoder, order-invariant
encoding, and radar spectrum guidance, our method ef-
fectively reconstructs detailed scene geometry, advancing
radar-based 3D perception in challenging environments.
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