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Abstract

Diffusion models have achieved remarkable success across
generative tasks. Recent advances in 2D diffusion have
shown the strong potential of the Mamba state space model,
owing to its efficiency in modeling long-range dependen-
cies and sequential data. However, integrating state space
models into 3D point cloud generation remains largely unex-
plored. To address this gap, we propose a diffusion frame-
work for point cloud generation that incorporates a dual la-
tent Mamba block (DM-Block) and a time-variant frequency
encoder (TF-Encoder). In the DM-Block, we introduce a 3D
Spiral Serialization (3DSS) strategy that organizes points ac-
cording to point-cloud frequency characteristics for Mamba-
based modeling, while operating in latent space to reduce the
computational cost of direct 3D processing. Meanwhile, the
TF-Encoder exploits the diffusion model’s coarse-to-fine de-
noising behavior by prioritizing key points within the U-Net
architecture, improving the recovery of fine geometric details
in the final stages. Experiments on ShapeNet-v2 and Model-
Net40 show that our method achieves state-of-the-art perfor-
mance (0.14% on 1-NNA-Abs50 EMD and 58.10% on COV
EMD) across several categories and metrics, while reducing
the number of trainable parameters and inference time by up
to 10× and 9×, respectively. The source code is available
at https://github.com/JudgeLJX/TFDM .

1. Introduction

Point clouds are widely used in 3D tasks for their fidelity, ease of
acquisition, and simple structure. Their generation is increasingly
vital in applications such as VR, robotics [22, 23], mesh model-
ing, and scene reconstruction [9, 15, 33, 51]. However, unlike
2D images [16, 40], point clouds are discrete and unordered,
making generative modeling especially challenging.

Early generative methods, including variational autoencoders
(VAE) [25, 27], generative adversarial networks (GAN) [1, 5],
and normalizing flows [20, 49], often suffer from limited sta-
bility or fidelity. Denoising diffusion models [31] (DDMs)
have recently achieved stronger results by progressively cor-
rupting point clouds with Gaussian noise and reversing the
process to generate data. However, their iterative nature incurs
substantial computational overhead and limits scalability.

Figure 1. 1-NNA-Abs50 EMD (left) & COV EMD (right) perfor-
mance (%) vs. parameter size (mil) on ShapeNet-v2 Car category
(Sec. 4). Lower 1-NNA-Abs50 EMD indicates better generation
quality and fidelity. Higher COV EMD means better diversity.

Recent advances in sequence modeling, particularly the
Mamba architecture [13, 29], have demonstrated strong po-
tential for efficient long-range dependency modeling. While
Transformers have achieved impressive results in 3D percep-
tion and diffusion tasks [32, 45, 55], their quadratic complexity
limits scalability for large point sets. In contrast, Mamba-based
architectures [28, 54] model global dependencies with linear
complexity, making them more suitable for large-scale 3D
data. By serializing point clouds into sequences via space-
filling curves (e.g., Z-order or our proposed 3DSS), Mamba
can efficiently capture spatially coherent structures.

We further explore the compatibility between diffusion
modeling and state-space sequence models. The iterative de-
noising process naturally forms a temporal dependency struc-
ture, which can be effectively modeled by Mamba. Building
on this, we integrate Mamba into the diffusion framework
and design a spiral space-filling serialization scheme that
preserves local geometric coherence. This enables the model
to capture global structure and fine-grained details through-
out the denoising process, improving both efficiency and
generation quality.

In addition to temporal consistency, diffusion mod-
els also need to balance local (high-frequency) and global
(low-frequency) structures during denoising. Recent work
has explored frequency analysis in both 2D and 3D do-
mains [19, 34, 41, 48, 50], including integration into diffusion
models [34, 50] and Mamba-based 2D architectures [17]. Sev-
eral studies [12] have further combined frequency analysis
and Mamba in 2D diffusion. However, extending such fre-
quency modeling to 3D point clouds remains challenging:
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unlike 2D data, where Fourier or spectral methods apply nat-
urally, point clouds are irregularly sampled and inherently
discrete, making frequency decomposition within state space
models considerably more difficult.

To address these gaps, we propose TFDM, a point cloud
diffusion architecture based on the Mamba framework. To
improve the efficiency of long-sequence modeling, we intro-
duce dual latent Mamba blocks (DM-Block) in latent space,
resulting in a compact yet effective alternative to conventional
Mamba-based architectures. Moreover, motivated by observa-
tions in 2D diffusion that coarse structures (low-frequency com-
ponents) are recovered early while fine details (high-frequency
components) emerge later, we extend this principle to point
clouds. The generation process first establishes a coarse global
shape and then progressively refines local contours, where high-
frequency components correspond to edges and corners, and
low-frequency components correspond to flatter regions. Based
on this observation, we emphasize high-frequency regions dur-
ing later diffusion stages. Specifically, within a U-Net archi-
tecture with multiple downsampling layers, we design a time-
variant frequency-based encoder (TF-Encoder) that replaces
conventional farthest point sampling with our frequency-based
strategy to better select keypoints at later timesteps, thereby
improving fine-detail recovery. In parallel, we propose a spi-
ral curve serialization scheme tailored to this frequency-aware
framework. This ordering arranges points progressively from
the center toward the boundary, reflecting a common spatial-
frequency tendency in structured point clouds, where coarse,
low-frequency geometry typically lies in the interior, while
higher-frequency details tend to appear near object boundaries.
As a result, the sequence is organized according to frequency-
related characteristics rather than arbitrary spatial order. This
design establishes an intrinsic connection between the DM-
Block and TF-Encoder, enabling coherent frequency-aware
modeling throughout the diffusion process.

Our contributions are summarized as follows. The source
code is in the supplementary material and will be released.

• We present the first integration of frequency-domain
analysis into diffusion models within the Mamba frame-
work, enabling efficient point cloud diffusion modeling.
In addition, we design a novel 3D Spiral Serialization
(3DSS) strategy that bridges the Mamba structure and the
frequency-aware latent representation.

• We propose an end-to-end architecture (TFDM) that in-
tegrates a Time-variant Frequency-based Encoder (TF-
Encoder) with a Dual latent Mamba Block (DM-Block) to
enhance high-frequency point-cloud details. It adapts to
the diffusion timestep within the Mamba latent space of a
point cloud DDPM, enabling precise detail refinement.

• We conduct extensive experiments on the ShapeNet-v2 [6]
and ModelNet40 [47] benchmark datasets. Our method
achieves state-of-the-art performance (ShapeNet-v2: 0.14%
on 1-NNA-Abs50 EMD and 58.10% on COV EMD) across

multiple categories while reducing the number of parame-
ters by up to 10× and inference time by up to 9×.

2. Related Work
Diffusion Models: Denoising diffusion probabilistic mod-
els [16] generate data by reversing a progressive noising pro-
cess in a Markov chain. They overcome common drawbacks
of earlier generative paradigms in other generative frame-
works [5, 25, 58]. Extensions to 3D point clouds [20, 38]
have demonstrated strong generative potential, yet remain
computationally demanding due to iterative denoising, espe-
cially with large datasets. To mitigate this issue, our approach
performs diffusion in a latent space, substantially reducing
cost while preserving quality.
Point Cloud Generation: Point cloud generation has been
studied using autoregressive models [7, 43, 44], flow-based
approaches [20, 26, 52], and GANs [5]. Recently, diffu-
sion models [32, 38, 53] have emerged, incorporating strate-
gies such as point–voxel fusion [57], hierarchical latent
spaces [53], frequency-aware loss [56], and adapted Trans-
formers [18, 32, 38]. While these models improve fidelity,
they typically incur computational overhead. Our work of-
fers a more efficient alternative that emphasizes fine-grained
geometry while preserving global structural consistency.
State Space Models: State space models [13, 14, 29] employ
linear recurrences to capture long-range dependencies with fewer
parameters. Mamba [13] extends this formulation by enabling
linear-time inference and has demonstrated strong performance
in point cloud classification, segmentation [28, 54], and 2D dif-
fusion tasks [17, 42]. In addition, several studies have explored
alternative space-filling curves [3, 21] to better preserve spatial
coherence. Building on these insights, we identify Mamba’s
untapped potential for 3D point cloud diffusion and incorporate
it as the core sequential modeling component in our framework.
Furthermore, we introduce 3DSS for our frequency-based archi-
tecture, enabling frequency-consistent ordering of points.
Frequency Analysis: Frequency decomposition is effec-
tive in distinguishing high-frequency (edge-like) and low-
frequency (smooth) structures in both point clouds [19, 48]
and images [41, 50]. Recent diffusion models [34, 50]
leverage wavelet or spectral transforms to enhance detail
and reduce redundancy. While Zhou et al. [56] proposed a
frequency-based module for 3D point cloud diffusion, it was
not combined with state space modeling. In contrast, we
integrate frequency-aware sampling into a Mamba-based dif-
fusion framework, improving detail fidelity with efficiency.

3. Methodology
Our framework is motivated by the observation that point
cloud diffusion extends beyond spatial structure to an in-
herently sequential process: as denoising progresses, the
model gradually reconstructs fine-grained geometry from
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Figure 2. Overview of TFDM. Given a point cloud at timestep t, the network predicts the noise in Xt to recover Xt−1. The input is first
processed by a time-variant frequency-based encoder, followed by a latent embedding module that produces the latent point cloud X̂t. This is
fed into dual-stream Mamba blocks with proposed 3DSS methods to extract complementary features. An affine transformation block aligns the
outputs from both streams, and the final latent representation is decoded back to 3D space.

Figure 3. Qualitative results of joint training on 10 categories,
presented in the following order: bag, keyboard, mug, pillow, rocket,
earphone, basket, bed, bowl, and cap.

noise. This aligns with the recurrent nature of state space
models, which efficiently capture long-range dependencies.
By serializing point clouds in the latent space, we reinter-
pret them as continuous sequences on manifolds, enabling
effective Mamba-based modeling. Based on this, we design
a diffusion architecture that integrates 3D spiral serialization,
dual-stream Mamba blocks, and a time-varying frequency
encoder. We first formulate the generative diffusion objec-
tive. Building on Mamba’s capability for 3D representation
learning, we propose a diffusion framework for point clouds
(see Fig. 2). Specifically, we introduce a frequency-based
filter (Sec. 3.1) to extract key components in a time-variant
frequency encoder (Sec. 3.2) for keypoint sampling across
diffusion timesteps. Our dual-stream latent Mamba architec-
ture (Sec. 3.3), together with the proposed 3DSS, combines
state space modeling, frequency analysis, and diffusion for
high-fidelity point cloud generation.
Problem Definition: Given a point cloud X ∈ RN×3 con-
sisting of N points, the goal is to generate a high-fidelity
point cloud from Gaussian noise p(xT ) by learning the tran-
sition probability pθ(xt−1|xt). Specifically, we model the
mean of the transition distribution while keeping a prede-
termined variance throughout the reverse diffusion process.
Similar to TIGER [38] and PVD [57], we adopt a U-Net
backbone [39] for µθ(xt, t) and incorporate a newly designed

Mamba layer and frequency-based keypoint selection to en-
hance its capability. To sample the point cloud, we denoise
from p(xT ) over T timesteps by minimizing the MSE loss
Et∼[1,T ] ∥ ϵθ (xt, t) − ϵ0 ∥22 between the predicted noise
ϵθ(xt, t) and the ground-truth noise ϵ0, ensuring accurate de-
noising across timesteps.

3.1. Point Cloud Graph Filter
Unlike the 2D domain, where spectral analysis methods
such as Fourier and wavelet transforms are directly appli-
cable [19, 34, 48], the irregular, non-Euclidean nature of
point clouds [35, 36] demands new approaches for defining
frequency components. The absence of a structured grid
in point cloud data [2, 55] complicates the direct adoption
of traditional spectral techniques, thus motivating a tailored
method to effectively capture and process the inherent fre-
quency characteristics of point cloud geometry.
Graph Construction: To capture geometric structure and local
topology in point clouds, we build a k-nearest neighbors (k-
NN) graph and extract high-frequency points from its signals
without trainable parameters.

Given a point cloud X = {xi, . . . , xN} with correspond-
ing d-dimensional features fi ∈ Rd, i ∈ {1, . . . , N}, we
construct a k-NN graph G = (V, Ãu, Ãw). Each point xi

corresponds to a node vi ∈ V , and Ãu, Ãw ∈ RN×N are the
normalized unweighted and weighted adjacency matrices en-
coding point dependencies in feature space. The unweighted
Ãu

ij and weighted edges Ãw
ij connecting nodes vi and vj are:

Ãu
ij = 1(xj ∈ N (xi)),

Ãw
ij = κ(∥xi − xj∥2) · Ãu

ij , (1)

where κ(·) is a non-negative function, e.g., a Gaussian func-
tion, to ensure that Ãw is a diagonally dominant matrix;
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Figure 4. Qualitative comparisons for three illustrative object categories {airplanes, chairs, cars}: our approach (right) and other leading
contemporary approaches (left/middle). TFDM generates high-quality and diverse point clouds.

N represents the neighborhood; 1(·) represents the indica-
tor function which returns 1 if the specified condition (the
function input) is true and 0 if it is false.
Point Cloud High-pass Filter: Our high-pass graph filter
design is inspired by the 2D case, where high-frequency
components (e.g., edges) produce strong spatial responses.
Following GDA [48], we adopt the Laplacian operator to
construct the graph filter: h(Ãw) = I − Ãw. Given a graph
signal sd ∈ RN for each d ∈ {1, . . . ,D}, the filtered signal
is yd = h(Ãw) · sd ∈ RN . The corresponding frequency
response of h(Ãw) is:

ĥ(Ãw) = diag(1− λ̃1, 1− λ̃2, . . . , 1− λ̃N ), (2)

where diag(·) denotes the diagonal matrix operator. The
eigenvalues λ̃i are ordered in reverse to represent descend-
ing frequencies. Since 1 − λ̃i < 1 − λ̃i+1, low-frequency
components are suppressed, making this a high-pass filter.

We apply the filter h(Ãw) to the point cloud X to obtain
the filtered point h(Ãw)X , with each point computed as:

(h(Ãw)X )i = xi −
N∑
j

(Ãw)i,jxj . (3)

This operation preserves local variation, because the filtered
point in Eq. (3) measures the difference between a point feature
and a linear combination of its neighboring features.

Based on the filtered signal, we compute its l2 norm
in Eq. (3) and select the top-M points with the largest re-
sponses to capture dominant high-frequency components. This
selection introduces frequency decomposition into the point
cloud domain despite its inherent irregularity, providing a com-
pact yet informative set of frequency-aware keypoints.

3.2. Time-Variant Frequency Point Cloud Encoder
As shown in Fig. 5, we propose TF-Encoder, a timestep-
dependent encoder designed to match the coarse-to-fine re-
construction dynamics of diffusion. Unlike static sampling
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Figure 5. Frequency-based keypoint selection (within the en-
coder) applies different strategies across timesteps to downsample
the point cloud. The resulting points are used to query the latent
volume, producing the latent point cloud.

strategies, TF-Encoder adaptively adjusts the emphasis on
geometric frequency components across diffusion timesteps.
Early diffusion steps mainly reconstruct global geometric
structures, which correspond to low-frequency components,
whereas later steps progressively refine high-frequency local
details. To align with this progression, TF-Encoder gradu-
ally increases the proportion of points sampled from high-
frequency regions during later diffusion stages.
Voxel-Based Feature Extraction: Specifically, we use the
PVCNN [30] backbone, which enables efficient computa-
tion by downsampling the point cloud into a voxel grid. For
a point cloud at time step t, denoted by Xt ∈ RN×3, our
TF-Encoder E transforms it into a latent space X̂t ∈ RM×D,
where M < N denote the numbers of subsampled and origi-
nal points, respectively. To aggregate voxelized features, the
point cloud Xt with normalized coordinates c = (x, y, z) is
voxelized into voxel grids {V m,p,q}, where V ∈ RL×L×L

has resolution L. The latent feature of each grid is computed
as the mean of the point features within it:

V m,p,q =
1

Km,p,q

n∑
i=1

I[floor(xi × r) = m,

floor(yi × r) = p, floor(zi × r) = q]× fi, (4)



where r denotes the voxel resolution and I is an indicator func-
tion that determines whether coordinate ci belongs to the voxel
grid {m,p, q}. Km,p,q represents the number of points falling
within the grid {m,p, q}, and floor(·) is the floor function. Af-
ter voxelization, multiple 3D convolutional layers with Swish
activation [37] and GroupNorm [46] are applied to obtain the
latent volume Ṽ ∈ RL×L×L×D with D channels.
Time-Variant Frequency-Aware Sampling : Unlike stan-
dard farthest point sampling (FPS) pipelines used in PVCNN-
style backbones, we combine a high-pass graph filter
(Sec. 3.1) with FPS in a time-variant manner. This de-
sign ensures that during early timesteps τ ≤ t ≤ T , we
maintain a balanced selection of low-frequency structures
and a subset of high-frequency regions to preserve global
shape coherence. As the process advances to later timesteps
0 < t < τ , our method adaptively biases sampling toward
high-frequency points, enabling a more precise representa-
tion of subtle edges, corners, and complex geometric details.

Formally, at each time step, for M target points, we se-
lect ζM points using the graph-based high-pass filter, while
the remaining (1 − ζ)M points are sampled via FPS. As
diffusion progresses, ζ is switched to a larger value after
timestep τ , allowing the model to emphasize high-frequency
geometric details during later diffusion stages. This adaptive
strategy enables the TF-Encoder to align with the diffusion
trajectory and provide timestep-specific frequency emphasis.
The extracted point cloud is given by:

X ∗
t =

{
ζh(Ãw)Xt + (1− ζ)F (XN−M

t ), t < τ,

F (Xt), τ ≤ t ≤ T,
(5)

whereF(·)denotes farthest point sampling,XN−M
t is the original

point cloud excluding the points selected by the high-pass filter.
Subsequently, we employ trilinear interpolation by query-

ing the latent volume Ṽ with the sampled point cloud X ∗
t to

obtain the latent features X̂t. The coordinates of both X ∗
t and

Xt are preserved to facilitate upsampling and positional em-
bedding. Having obtained frequency-aware keypoints across
timesteps, the next challenge is to model their temporal and spa-
tial dependencies efficiently. To this end, we introduce the Dual
Latent Mamba Block (DM-Block), which integrates state-space
modeling with our frequency-aware latent representation.

3.3. Dual Latent Mamba Blocks
Although time-variant frequency emphasis helps refine point
selection, directly applying a state space model to raw
points at each timestep is computationally expensive because
of the high dimensionality and unordered nature of point
clouds [2, 35, 36]. To address this, we propose Dual La-
tent Mamba Blocks (DM-Block), which operate in a latent
space and serialize the downsampled point set into a 1D se-
quence suitable for Mamba modeling. This design preserves
local neighborhood relationships through diverse space-filling

curves while exploiting Mamba’s ability to model long-range
dependencies efficiently. Building on this motivation, we fur-
ther introduce a spiral-based serialization strategy to enhance
spatial-frequency coherence in the Mamba modeling process.
3D Spiral Space-Filling Curve Serialization For Fre-
quency: To enhance the sequential modeling capability
of the DM-Block, we reorder latent points using a space-
filling curve. Unlike conventional Hilbert and Z-order
curves, we propose 3DSS, a spiral curve that traverses points
from the center outward ( Fig. 2). Formally, we define
π(k) : {0, . . . , L3 − 1} → {0, . . . , L− 1}3 as

π(k) =
(
Spiral2

(
uk; rk − |zk − cz|

)
, zk

)
, (6)

where rk denotes the current radius layer, cz is the z-
coordinate of the grid center, zk indexes the current slice, uk

is the traversal index of the 2D spiral on the (x, y) plane at
slice zk, and Spiral2(uk; r) maps the traversal index uk to
a 2D location in the spiral of radius r on the corresponding
(x, y) slice. Intuitively, the proposed 3D spiral serializa-
tion converts 3D coordinates into a 1D sequence by expand-
ing from the center in cubic shells and enumerating points
within each shell using a slice-wise 2D spiral ordering. This
construction yields a smooth center-to-boundary traversal
that preserves spatial locality between consecutive elements,
which is beneficial for sequence-based models.

This ordering also aligns with a spatial-frequency ten-
dency in point clouds: smooth planar regions usually corre-
spond to low-frequency components, whereas edges, corners,
and fine geometric structures correspond to higher frequen-
cies [8]. Consistent with this observation, we find that in
many ShapeNet-v2 and ModelNet40 objects [6, 47], inte-
rior regions tend to capture coarse, low-frequency geometry,
while peripheral or transitional regions (e.g., boundaries
and edges) contain richer high-frequency details (Fig. 6).
The proposed 3DSS therefore places points with similar fre-
quency characteristics close to each other in the sequence,
promoting both spatial and frequency coherence.

We further evaluate multiple ordering schemes, including
Hilbert, Z-order, and our 3DSS, along with their transposed
variants (Trans-Hilbert, Trans-Z, and Trans-Spiral). This
reordering strategy preserves spatial locality within the se-
rialized representation, enabling the DM-Block to better
capture local correlations as neighboring points remain close
in sequence. Although the proposed 3D spiral serialization
may not be optimal for highly irregular or hollow structures,
it is well suited for the object categories considered in this
work, where the geometric distribution roughly follows a
center-to-boundary organization.

Formally, a space-filling curve is defined as a bijective
mapping ϕ : Z → Z3 that traverses every point in a discrete
3D space while maintaining spatial continuity. Given a space-
filling curve C, the latent point cloud X̂t is reordered according
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Figure 6. Illustration of the frequency distribution in different
categories. Red and blue denote high- and low-frequency regions.

Table 1. Comparison results (%) jointly trained on 10 categories,
demonstrating strong cross-category generalization.
Method CD ↓ EMD ↓ CD ↑ EMD ↑

(1-NNA-Abs50) (1-NNA-Abs50) (COV) (COV)
DPM 9.71 21.54 43.65 38.94
PVD 7.52 17.43 44.12 44.32
Tiger 0.88 0.98 56.25 57.64
Ours 0.85 0.43 56.41 60.68
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to C, producing the serialized latent representation:

X̂ c
t = C(X ∗

t )X̂t, where X̂ c
t ∈ RM×D. (7)

Bidirectional Latent Mamba: To capture forward and back-
ward dependencies efficiently along the serialized latent se-
quence X̂ c

t , we employ a bidirectional variant of Mamba. Each
Mamba block (Fig. 7) consists of layer normalization [4],
causal one-dimensional convolution, SiLU activation [11], and
residual connections. The serialized latent point cloud se-
quence X̂ c

t is processed through stack Mamba blocks. Given
input Zl−1, each block performs the transformation:

Zl
l−1 = LN(Zl−1), Z

′
= s(Linear(Zl

l−1)),

Zd
l = SSMd(Conv1D(Linear(Zl

l−1))), d ∈ {f, b},
Zl = Linear(Z

′
⊙ (Zf

l + Zb
l )) + Zl−1,

(8)

where s denotes the SiLU activation function,Zf
l andZb

l denote
the forward and backward SSM branches, respectively, andZl is
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Figure 8. Decoder overview. The final prediction Xt−1 is obtained
by querying the latent volume Vout with the coordinates.

the output of the l-th block. The Mamba output X̂out ∈ RM×D

is obtained after passing through a stack of such blocks.
Two Streams Affine Fusion: To further enhance represen-
tational power, we run two parallel streams with distinct
space-filling orders (e.g., Z vs. Transposed-Z), each captur-
ing complementary structural cues. We fuse their outputs
using a learnable affine transformation followed by a projec-
tion network, producing an aggregated representation that
retains global shape coherence and local detail sensitivity.
Specifically, for the features from the two streams, X̂ c1

out and
X̂ c2

out, we perform the affine fusion:

X̂m
out = Proj((X̂ c1

out ⊙ γc1 + δc1)⊕ (X̂ c2
out ⊙ γc2 + δc2)), (9)

where γc1, γc2 ∈ RD and δc1, δc2 ∈ RD are scale and shift
factors, respectively. The operator ⊙ denotes element-wise
multiplication, and ⊕ denotes concatenation. Proj(·) denotes a
projection network that maps the concatenated features from
RM×2D to RM×D. The final output feature X̂m

out ∈ RM×D

therefore aggregates both global and local information.
Point Cloud Decoder: Finally, a point cloud decoder up-
samples the latent point cloud to predict the noise ϵθ. As
shown in Fig. 8, we employ trilinear interpolation to map
the latent point cloud X̂m

out ∈ RM×D, together with its coor-
dinates, back to 3D space Xt ∈ RN×3. Similar to Sec. 3.2,
we voxelize X̂m

out into a volume ˜V out ∈ RL×L×L×D and
process it with a 3D convolutional network that preserves
overall geometric fidelity. We then query using Xt to obtain
the final noise prediction ϵθ. By adopting the TF-Encoder
and DM-Block, we overcome the computational bottleneck
of raw 3D data processing while retaining high-frequency
details at the appropriate diffusion stage. This design in-
tegrates time-variant frequency emphasis with state space
modeling in a simple yet effective manner.

4. Experiments
ShapeNet-v2 Benchmark Dataset: For a fair comparison
on ShapeNet-v2 [6], we follow common practice and focus
on three key categories: chair, car, and airplane. From each
shape, we sample 2048 points from the 5000 points avail-
able in the training and test sets, with normalization applied
across the entire dataset. We follow the preprocessing steps
and data split strategy of PointFlow [49].
ModelNet40 Dataset. ModelNet40 [47] is a widely used
3D benchmark originally designed for object recognition,
consisting of 12,308 CAD models from 40 categories. The



Table 2. Comparison results (%) on ShapeNet-v2 with shape metrics: Absolute 50-Shifted 1-Nearest Neighbor Accuracy (1-NNA-Abs50)
and Coverage (COV), Chamfer Distance (CD) and Earth Mover’s Distance (EMD), where CD is multiplied by 103 and EMD is multiplied
by 102; – denotes unavailable result from original authors; Best/2nd best highlighted.

Method
Chair Airplane Car

1-NNA-Abs50 (↓) COV (↑) 1-NNA-Abs50 (↓) COV (↑) 1-NNA-Abs50 (↓) COV (↑)
CD EMD CD EMD CD EMD CD EMD CD EMD CD EMD

PointFlow [49] 12.84 10.40 46.84 47.35 25.68 20.74 47.04 40.52 8.10 6.52 35.40 44.60
SoftFlow [24] 9.21 10.55 41.39 47.43 26.05 15.80 46.24 40.25 18.58 15.98 36.34 45.25
SetVAE [25] 8.84 10.57 46.83 44.36 24.80 15.65 48.10 40.35 13.04 15.53 40.99 46.59

DPM [31] 10.05 24.77 44.86 35.50 26.42 36.91 48.64 33.83 18.89 29.97 44.03 34.94
PVD [57] 7.89 23.68 40.66 42.71 16.44 26.26 47.34 42.15 4.55 3.83 41.19 50.56

LION [53] 3.70 2.34 48.94 52.11 17.41 11.23 47.16 49.63 3.41 1.14 50.00 56.53
DiT-3D [32] 0.89 0.73 52.45 54.32 12.35 8.67 53.16 54.39 1.76 0.65 50.00 56.38
TIGER [38] 4.61 2.71 - - 21.85 5.82 - - 4.31 2.24 - -

FrePolad [56] 3.53 3.23 50.28 50.93 15.25 12.10 45.16 47.80 1.89 0.26 50.14 55.23
NSO [20] 5.51 7.63 - - 18.63 11.85 - - 9.66 3.55 - -

ConTiCom-3D [10] 6.11 3.09 - - 24.22 18.54 - - 5.43 4.22 - -
TFDM (ours) 3.25 1.68 49.84 54.98 18.31 8.88 51.38 52.25 3.89 0.14 50.56 58.10

Table 3. Comparison results (%) on ModelNet40.

Method Class CD ↓ EMD ↓ CD ↑ EMD ↑
(1-NNA-Abs50) (1-NNA-Abs50) (COV) (COV)

PVD 22.43 26.54 46.65 47.80
TIGER stairs 18.88 10.25 49.50 50.55
LION 20.15 8.10 47.42 48.92
Ours 17.50 8.95 51.25 52.34
PVD 8.64 15.49 43.54 45.85

TIGER person 6.64 3.45 51.05 53.52
LION 5.58 2.89 49.85 52.21
Ours 5.50 2.56 54.23 55.16

dataset contains manually cleaned CAD objects without tex-
ture or color information. Following common practice, we
uniformly sample 2,048 points from each mesh surface and
normalize each shape into a unit sphere.
Evaluation Metrics: Following common practice in prior
work [31, 57], we use 1-NNA (and its variant 1-NNA-Abs50)
and COV to evaluate generation quality and diversity, together
with CD and EMD, which quantify discrepancies at the point
and distribution levels. Because 1-NNA can be ambiguous
to interpret, we propose 1-NNA-Abs50 (Absolute 50-Shifted
1-NNA) as a clearer alternative. It transforms 1-NNA x into
|x−50|, making it more sensitive to deviations from the ideal
50%; a lower score indicates a distribution more consistent
with real data. See the supplementary material for details.
Implementation: We set k = 32 and ζ = 0.875 for the
k-NN and high-pass filtering in the frequency-based encoder.
Diffusion is performed over 1,000 timesteps with τ = 50. Each
Mamba stream uses 8 blocks with a latent dimension of 512
and 256 points. Training is conducted for 10,000 epochs using
Adam (lr=2e-4, weight decay=1e-4) on an NVIDIA A100 GPU.

4.1. Comparison with State-of-the-Art
Generalization Across Categories: Previous methods [20,
32, 57] often train category-specific models, which limits
generalization across diverse object classes. To evaluate this,
we conduct joint training without category conditioning on
ten categories from ShapeNet-v2 (cap, keyboard, earphone,
pillow, bag, rocket, basket, bed, mug, bowl) (Fig. 3). Training
on such diverse shapes highlights the model’s generalization
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Figure 9. Chair (pink) - smooth (ours), deformed (other), Car
side-view mirror (yellow) - retained (ours), missing (other).

capability and creates a challenging multimodal setting. As
shown in Tab. 1, our method consistently outperforms all
baseline models under identical settings. We further evaluate
the efficiency and scalability of our proposed architecture.
Performance: We next perform per-class training on three
common categories (chair, airplane, car). In Tab. 2, we
compare TFDM with multiple point cloud generation ap-
proaches. Notably, TIGER (CVPR24), FrePolad (ECCV24),
NSO (ICLR25), and ConTiCom-3D (2025) are all recent
methods. Among these, TIGER, FrePolad, ConTiCom-
3D, and NSO are relatively lightweight, yet we outperform
them on the chair and car categories. For example, TFDM
achieves a 0.25% improvement in 1-NNA-Abs50 CD and a
0.98% improvement in 1-NNA-Abs50 EMD on chairs over
the strongest competing method, as well as a 0.12% gain on
cars. While DiT-3D attains strong results, it requires substan-
tial computation (1700 GPU hours and 711M parameters).
In contrast, TFDM exceeds DiT-3D on three of four metrics
for the car class, including a 0.51% gain in 1-NNA-Abs50
EMD and a 1.72% gain in COV EMD, confirming both the
efficiency and effectiveness of our framework. To evaluate
cross-dataset generalization, we further test our method on
two ModelNet40 [47] categories, namely person and stairs.
As shown in Tab. 3, our method achieves competitive per-
formance on both categories. Notably, the stairs category
exhibits a distinct geometric structure compared with the
object categories in ShapeNet, which further verifies the gen-
eralization capability. The qualitative comparisons in Fig. 4
and Fig. 9 show our method produces smoother surfaces and
preserves fine-grained structures.
Efficiency: As summarized in Tab. 4, our full model



Table 4. Comparison on training and inference time, model size, and
the corresponding evaluation results. Time is measured on the same
device, and averaged over three categories: chair, airplane and car.
‘SS’ indicates our single-stream model.

Method Para (M) Training
Time (h)

Inference
Time (s)

EMD
(1-NNA-Abs50) ↓

TIGER 70.11 164 9.73 2.24
DIT-3D 711.88 1688 100.13 0.65
LION 144.25 550 27.12 1.14
Ours (SS) 48.84 138 8.12 0.85
Ours (Full) 70.25 192 11.41 0.14

achieves the best overall performance while requiring only
marginally more training time than TIGER. Compared with
other top-performing methods, TFDM significantly reduces
both parameter count and training hours. For further effi-
ciency, the single-stream variant achieves the fastest infer-
ence speed and lowest computational cost, with only minor
accuracy trade-offs relative to DiT-3D and our full model.

4.2. Ablation Studies
Different combinations of serialization methods: We
evaluate various serialization combinations within the
two-stream architecture to determine the most effective
information-flow configuration. For the car category, pair-
ing our proposed 3DSS and transposed-3DSS serializations
achieves the best performance among all variants. Com-
paring rows (i) and (h) in Tab. 5, this configuration yields
improvements of 0.64% in 1-NNA-Abs50 CD, 0.21% in 1-
NNA-Abs50 EMD, 0.31% in COV CD, and 1.45% in COV
EMD over other combinations, indicating more effective
cross-stream feature interaction.
Effectiveness of the frequency-based model: We next as-
sess the contribution of the proposed time-variant frequency
mechanism by comparing models with and without this com-
ponent. As shown by rows (d) and (e) in Tab. 5, integrating
frequency decomposition consistently improves performance
across all metrics, achieving gains of 0.09% (1-NNA-Abs50
CD), 0.71% (1-NNA-Abs50 EMD), 0.13% (COV CD), and
1.08% (COV EMD). This demonstrates that frequency-aware
modeling enhances detail recovery in later diffusion stages,
making it well suited for fine-grained geometric refinement
(see supplementary for visual evidence).
Effectiveness of the Mamba block: To examine the ben-
efit of Mamba-based state-space modeling, we replace the
latent Mamba block (row c) with standard 3D convolutional
blocks (row a) and Transformer blocks (row b). As reported
in Tab. 5, Mamba blocks significantly boost both generation
quality and diversity, outperforming the convolutional de-
sign by 3.26% and 4.85% in 1-NNA-Abs50 CD and EMD,
respectively. Compared with the Transformer-based vari-
ant, Mamba improves 0.33% and 0.55% in 1-NNA-Abs50
EMD and COV CD, while using roughly half the parameters,
highlighting its efficiency advantage.
Effectiveness of the two-stream Mamba layer design: We

Table 5. Component-wise ablation of TFDM on ShapeNet-v2
(car category): latent block, serialization strategy, frequency-based
component, and sampling strategy. H-Trans represents Hilbert-
Trans, and NNA represents the 1-NNA-Abs50 metric.

Serialization Freq Latent CD ↓ EMD ↓ CD ↑ EMD ↑
Strategy Decom Block (NNA) (NNA) (COV) (COV)

(a) None Conv 9.24 5.95 45.26 50.43
(b) None Transformer 6.21 1.43 49.65 54.15
(c) Hilbert Mamba 5.98 1.10 49.10 54.21
(d) Hilbert ✓ Mamba 4.76 0.85 49.99 56.10
(e) 3DSS ✓ Mamba 4.43 0.66 50.23 56.34
(f) Z + Z-Trans Mamba 4.53 0.54 50.01 55.52
(g) Hilbert + H-Trans Mamba 4.64 0.64 50.11 55.73
(h) Hilbert + H-Trans ✓ Mamba 4.53 0.35 50.25 56.65
(i) 3DSS + 3DSS-Trans ✓ Mamba 3.89 0.14 50.56 58.10
(k) Hilbert Rand Mamba 6.45 1.68 47.54 53.21

Table 6. Ablations on hyperparameters τ and ζ.
τ ζ CD ↓ EMD ↓ CD ↑ EMD ↑

(1-NNA-Abs50) (1-NNA-Abs50) (COV) (COV)
(a) 25 0.875 3.54 1.99 49.01 53.99
(b) 50 0.875 3.25 1.68 49.84 54.98
(c) 50 0.75 4.15 2.37 48.93 53.46

further assess the impact of using two serialization streams
versus a single stream. As shown in Tab. 5, the two-stream
configuration (row g) consistently outperforms the single-
stream baseline (row c) across all metrics, with gains of
1.34% and 1.09% in 1-NNA-Abs50 CD and EMD, and
1.01% and 1.52% in COV CD and EMD, respectively. This
indicates that complementary traversal orders enable the
model to capture richer geometric cues and improve spa-
tial–frequency consistency.
Effect of Sampling Strategy. To evaluate the effectiveness
of the proposed time-variant frequency sampling, we com-
pare it with a simple random sampling strategy in which
points are uniformly selected regardless of the diffusion
timestep. As shown in Tab. 5 (k), the proposed TF-sampling
consistently improves both generation fidelity and diversity
compared with random sampling. This result indicates that
aligning the sampling strategy with the coarse-to-fine diffu-
sion process benefits geometric reconstruction.
Effectiveness of Hyperparameters: We evaluate the hyper-
parameters τ and ζ on the chair category. As shown in Tab. 6,
τ = 50 and ζ = 0.875 yield the best overall performance,
balancing detail preservation and computational efficiency.

5. Conclusion

We propose a novel point cloud diffusion architecture that lever-
ages state-space modeling and frequency analysis for generation.
Our DM-Block employs latent representations and a newly de-
signed 3DSS to enhance frequency-aware feature propagation
within Mamba blocks, enabling more effective diffusion mod-
eling. To recover fine-grained details in later timesteps, we
introduce TF-Encoder, a time-variant frequency-based point
extractor with minimal overhead. Experiments show that our
method achieves state-of-the-art performance across categories
while remaining highly efficient, with up to 10× fewer parame-
ters and 9× faster inference than competitive approaches.
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