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Abstract—We introduce Motion2VecSets, a 4D diffusion model for dynamic surface mesh generation from various ambiguous
observations, including a sequence of RGB images, sparse and partial point clouds, and low-resolution voxel grids. While recent
methods using neural field representations have shown success in modeling non-rigid objects, conventional feed-forward architectures
struggle with noisy, partial, or sparse observations due to their deterministic nature. To address the inherent one-to-many mapping
problem, we introduce a diffusion model that explicitly learns the shape and motion distribution of non-rigid objects through an iterative
denoising process of compressed latent representations. The diffusion-based priors provide more plausible and diverse
reconstructions under ambiguous conditions. Instead of relying on global latent codes, we represent 4D dynamics using latent sets.
This novel 4D representation captures local shape and deformation patterns, leading to more accurate non-linear motion capture and
significantly improving generalization capacity to unseen motions and identities. For temporally coherent tracking, we jointly denoise
latent sets across frames and enable cross-frame information exchange. To reduce computational cost, we design an interleaved
spatial-temporal attention block that alternately aggregates deformation latents along spatial and temporal dimensions. Extensive
experiments on datasets of humans, animals, and articulated objects demonstrate that Motion2VecSets outperforms prior methods in
reconstructing and tracking non-rigid deformations from various imperfect observations. Our implementation is available at

https://vveicao.github.io/projects/Motion2VecSets/.

Index Terms—Diffusion Models, Non-Rigid Object Reconstruction and Tracking, 3D and 4D Surface Generation, Mesh Deformation.

1 INTRODUCTION

ECONSTRUCTING dynamic object surfaces and motions
from diverse observations, such as point clouds, voxel
grids, and images, is a core research area of computer
vision and computer graphics. It plays a vital role in
practical applications like virtual and augmented reality,
computer games, movie effects, and robotic manipulation.
Classic methods for 3D mesh reconstruction and generation
trace back to foundational techniques such as Marching
Cubes [1], Poisson Surface Reconstruction [2], KinectFu-
sion [3], and Multi-view Stereo [4]. For non-rigid object
reconstruction and tracking, approaches like DynamicFu-
sion [5], VolumeDeform [6], and DoubleFusion [7] jointly
perform surface fusion and motion tracking by leverag-
ing handcrafted deformation priors, such as As-Rigid-As-
Possible (ARAP) [8] and Embedded Deformation [9]. While
these methods are effective for capturing short-term mo-
tions, they often struggle to handle complex or highly non-
linear deformations commonly encountered in real-world
scenarios.
Recently, there have been notable advances in learning-
based 3D and 4D object modeling. Early efforts employed
parametric models [10], [11], [12], [13], [14] tailored to spe-
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cific object categories. However, their reliance on a fixed
mesh topology limits their ability to capture the com-
plex 4D dynamics of general non-rigid objects. Model-free
methods [15], [16], [17] overcome this constraint by using
coordinate-based MLPs [18] to model deformations with an
arbitrary topology and an unstructured geometry, showing
promising results for large non-rigid motions. Despite these
advances, current methods still face challenges under am-
biguous input conditions, such as noisy, sparse, or partial
observations, where the reconstruction problem becomes ill-
posed due to multiple plausible solutions. Moreover, they
represent dynamics as a sequence of single latent codes and
thus struggle to capture shape and motion priors accurately.
These issues become even more severe with unseen identi-
ties, due to the limited generalization capacity of the global
latent representation.

To address the aforementioned challenges, we propose
Motion2VecSets, a 4D diffusion model designed for dynamic
surface mesh reconstruction from various ambiguous ob-
servations, including sparse, noisy, or partial point clouds,
RGB images, and coarse voxel grids. It explicitly learns a
probabilistic distribution of non-rigid surface geometry and
temporal dynamics via an iterative denoising process, en-
abling more realistic and diverse reconstructions, especially
in the presence of uncertain inputs. Learning such a 4D
diffusion requires a compact yet expressive representation
to encode the underlying shape and motion. Inspired by
the observation that objects with diverse topologies often
exhibit similar local geometry and deformation patterns,
we represent dynamic surfaces as a sequence of latent sets:
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Fig. 1: We present Motion2VecSets, a 4D diffusion model capable of reconstructing dynamic surface meshes with complex
geometries and robust motion tracking from ambiguous 4D observations, including sequences of sparse and partial point

clouds, coarse voxel grids, and RGB images.

one for capturing the geometry of the initial frame and
the others for modeling its temporal evolution. This design
not only preserves local shape and motion details but also
improves the generalization capacity to unseen identities
and motions. We employ a shape latent set diffusion model
to reconstruct the 3D surface mesh at the initial frame.
For non-rigid deformation tracking, we introduce a syn-
chronized deformation latent set diffusion, which jointly
denoises deformation latent sets across all time frames. This
enforces spatio-temporal consistency and enables coherent
surface tracking throughout the sequence. To address the
high memory cost associated with simultaneous deforma-
tion diffusion across time, we propose an interleaved space-
time attention block as the core unit of the denoiser. This
module alternates between aggregating latent features along
the spatial and temporal dimensions, achieving efficient
yet expressive modeling. As illustrated in Fig. 1, our Mo-
tion2VecSets can reconstruct plausible, high-fidelity non-
rigid surfaces with complex structures and exhibits robust
motion tracking performance under a variety of ambiguous
input settings.

TABLE 1: Comparison of different 3D and 4D reconstruction
methods.

Method #Latents N;Orisl_ R:c]in. L Prco)lzil;‘llltsshc
Points Images Voxels

SMPL [10] - x v - - - -
MANO [12] - X v - - - -
DeepSDF [19] Single v X v X X X
OccNet [20] Single v X v v v v
ConvOccNet [21] Multiple v X v X v v
3DShape2VecSet [22] | Multiple v X v v X 4
Oflow [15] Single v v v v X v
LPDC [16] Single v v v X X X
CaDex [17] Single v v v X X X
DNF [23] Single v v X X X X
Ours | Multiple v v v v v v

A preliminary version of this work was presented at
CVPR 2024, where we introduced Motion2VecSets [24] for
dynamic shape reconstruction from point cloud sequences.
In this extended version, we expand both the method and
experimental scope. Motion2VecSets now supports 4D mesh
reconstruction from a wide range of imperfect 4D observa-
tions, including noisy, sparse, or partial point clouds, coarse
voxel grids, and RGB images. A comparison of 3D and
4D reconstruction methods under different input settings

is provided in Table 1. We expand our experiments to show
that our Motion2VecSets can handle a broader range of non-
rigid objects, including humanoids, animals, and articulated
objects. We further broaden our evaluation to demonstrate
the generality of our framework across diverse non-rigid ob-
ject categories, including humans, animals, and articulated
objects. Additionally, we show that Motion2VecSets can syn-
thesize natural surface motions when conditioned on sparse
3D handle trajectories. Finally, we conduct robustness exper-
iments under varying levels of noise and sparsity in point
cloud inputs, demonstrating that our method consistently
outperforms state-of-the-art approaches. Our contributions
can be summarized as follows:

e We propose a novel 4D latent diffusion model for
dynamic surface mesh generation, enabling realistic
and consistent shape deformation over time.

e We introduce a novel 4D neural representation
based on latent sets, coupled with transformer archi-
tectures. This representation improves the capacity to
model complex geometry and motion, and enhances
generalization to unseen identities and dynamics.

e We design an Interleaved Spatio-Temporal Atten-
tion mechanism to denoise multi-frame bundled de-
formation latent sets. This ensures coherent spatio-
temporal structure across frames while maintaining
high computational efficiency.

o We demonstrate the effectiveness of our method in
non-rigid shape reconstruction and tracking from
diverse and imperfect 4D observations, including a
sequence of sparse and partial point clouds, RGB
images, and low-resolution voxel grids.

Extensive comparisons with state-of-the-art methods show
that Motion2VecSets achieves superior performance in
dynamic surface reconstruction across various object
categories, including humanoids, animals, and articu-
lated shapes. It outperforms prior methods on com-
monly used benchmarks such as Dynamic FAUST [25],
DeformingThings4D-Animals [26], and Shape2Motion [27].

2 RELATED WORKS

In this section, we review these closely related works, in-
cluding 3D shape representation and reconstruction, non-



111}

Shape Latent Set S

(Sec 3.1.1)

Shape Autoencoder

Occupancy Field

Sparse Point Cloud
Sequence

N x3 M x Cy
3
<
3
<1 =}
g g 8
Rl =B S5
< S < -
I g 5 88
s | REEL
g T H 2 A
£
8 e A A
) S
A

Point Cloud Pairo Deformation Latent Set D, O
2XNx3 M x Cy4

=
o =1
~| 3 .
Reference Mesh 25 e 03
(e 15 .
olg 5 v
g|£E 8
————————— R|EE ¢
2|33 ;
21E
3 |£
E
Tl
3|5
Of&
A
]
5
=

Deformed Mesh

Image Sequence

Diffusion

Shape Latent Diffusion

Il

1
: Point Cloud Shape Latent Set S Denoised Code
' Nx3 M x C; M x C;
s | S S e AT e L]
t=2
L +d, | | i b

Encoder

Deformation

B ¢
S
- \ p | IIII '—+6 | || I
8o ;

Point Cloud 3
Deformation Latent Set D

Sequence
(T-1)xNx3 (T-1)xMxCq

Deformation Latent Diffusion
(Sec 3.2.2)
=
Il
=

Denoised Codes
(T—1)x M xCq

Decoder

> e

Flow Fields

Deformation

Meshes

Fig. 2: Overview Pipeline of Motion2VecSets. Our method consists of two stages: 4D latent set representation learning

and 4D latent set diffusion. In the first stage, the
S € RM*Cs The

into a deformation latent set D! € R >4, Stacking all D! across time yields a motion latent tensor D € R

encodes the first reference frame into a shape latent set

encodes each pair of point clouds formed between the first and a subsequent frame

(T-1)xMxCyq

In the second stage, given a sequence of multi-modal observations {I;}]_; (e.g., images, voxels, or point clouds), we use
modality-specific encoders to extract conditioning embeddings C. Conditioning on C;, the Shape Latent Diffusion denoises
a noisy shape latent to reconstruct the occupancy field of the reference frame via the frozen shape decoder. A surface
mesh can be obtained via iso-surface extraction. Conditioning on Cs, ..., Cr, the Synchronized Deformation Latent Diffusion
jointly denoises the deformation latents for all subsequent frames. The denoised latents are then decoded by the frozen

deformation decoder into flow fields, which deform the reference mesh over time.

rigid deformation and tracking, diffusion models, and
3D/4D shape generation.

2.1

Over the past decade, learning-based 3D reconstruction
methods have explored a variety of shape representations,
including voxels [28], [29], [30], [31], point clouds [32],
[33], [34], octrees [35], [36], [37], and meshes [38], [39],
[40], [41], [42], [43]. Meshes are the most natural and com-
pact representation of 3D surfaces and are widely used
in downstream applications such as rendering, simulation,
and animation. However, learning to directly predict high-
quality mesh topology and geometry remains challenging

3D Shape Representation and Reconstruction

due to their irregular structure and sensitivity to discretiza-
tion artifacts. Alongside general-purpose 3D reconstruction
methods, parametric models have proven effective for mod-
eling specific shape categories, such as the human body
(e.g., SMPL [10], STAR [11]), face (e.g., FLAME [13]), hand
(e.g.,, MANO [12]), and animal (e.g., SMAL [14]). These
models offer strong performance for tasks like tracking
and animation within their predefined domains. However,
their reliance on fixed mesh templates limits their ability
to capture large topological variations and complex non-
rigid deformations observed in general object categories. To
address these limitations, recent advances in neural implicit
function fields [18], [44], [45] have gained widespread at-



tention. These approaches represent 3D geometry as con-
tinuous fields using coordinate-based MLPs, such as oc-
cupancy fields [18], signed distance functions (SDFs) [45],
and implicit function decoders [44]. Such representations
provide high flexibility in modeling arbitrary topologies and
fine-grained geometric details, and can reconstruct surfaces
at theoretically infinite resolution. Subsequent works have
extended these ideas with improved network architectures
and training strategies [46], [47], [48], [49], [50], [51], further
pushing the boundaries of high-fidelity 3D reconstruction.

2.2 Non-Rigid Deformation and Tracking

Early methods for non-rigid surface tracking, such as Dy-
namicFusion [5], DoubleFusion [7], and VolumeDeform [6],
jointly perform surface fusion and motion tracking from
RGB-D sequences. These approaches rely on predefined
deformation priors, typically assuming local rigidity to
regularize motion. Common regularization strategies in-
clude As-Rigid-As-Possible (ARAP) [8] and Embedded De-
formation (ED) [9], which enable real-time performance
and smooth deformation tracking under limited motion.
However, such hand-crafted priors struggle to generalize to
complex, large-scale, or non-linear deformations commonly
found in real-world scenarios. To address these limitations,
recent works have explored data-driven approaches. No-
tably, Neural Shape Deformation Priors (NSDP) [52] intro-
duce learned deformation priors from training data, demon-
strating improved capability in capturing highly non-linear
and topology-aware deformations. Recent advancements in
3D shape representation have been effectively extended to
the 4D domain, enabling a more comprehensive modeling of
object dynamics over time, such as OFlow [15], NPMs [53],
LCRODE [54], LPDC [16], CaDeX [17]. Despite their success,
these methods rely on a single global latent code [16], [17],
[53] to encode temporal shape variations, which limits their
ability to capture fine-grained local deformations and gen-
eralize across diverse identities or motion patterns. In con-
trast, we represent recurring local geometric and dynamic
patterns across different objects using a set of latent codes.
Our method captures complex surfaces and motions with
higher accuracy and generalizes well to unseen identities
and motions.

2.3 Diffusion Models

Diffusion models [55], [56] have recently emerged as a
prominent class of generative frameworks based on iterative
denoising processes. They have achieved state-of-the-art
results across diverse domains, including image synthe-
sis [57], [58], [59], [60], [61], video generation [62], [63], [64],
audio generation [65], [66], and text creation [67], [68], [69].
To improve scalability and reduce the computational cost
associated with high-resolution synthesis, Latent Diffusion
Models (LDMs) [60] encode data into compact latent spaces,
enabling efficient high-resolution synthesis. For video gen-
eration, early adaptations like Video Diffusion Models [64]
and Imagen Video [70] apply denoising independently per
frame, often resulting in temporal inconsistency and motion
artifacts, while also incurring high costs for long sequences.
To address this, recent approaches introduce motion-aware
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mechanisms: Stable Video Diffusion [62] incorporates tem-
poral attention in latent space, and AnimateDiff [63] lever-
ages pre-trained motion modules to animate diffusion out-
puts coherently. Our synchronized deformation diffusion
shares a similar motivation with recent video diffusion
models. We introduce an interleaved attention mechanism
that alternates between spatial and temporal dimensions,
substantially reducing computational complexity and mem-
ory consumption while preserving temporal coherence.

2.4 3D and 4D Generation

Recent advancements in generative models have been ex-
tended to 3D and 4D content generation, demonstrating
strong performance across a variety of tasks, including
shape generation [22], [71], [72], [73], scene synthesis [74],
texture and material generation [75], [76], [77], human gen-
eration [78], [79], [80], and human scene interaction [81],
[52], [83], [84].

Early efforts [71], [72], [85] applied the diffusion process
directly to point cloud denoising of a fixed size. Other
approaches optimize 3D representations, such as NeRF [86]
or 3D Gaussian Splatting [87], by leveraging pre-trained
text-to-image foundation models [62] via Score Distillation
Sampling (SDS) [88] and its variants. To enable feed-forward
mesh generation without costly per-shape optimization,
subsequent methods [22], [73], [89] compress 3D shapes into
latent representations, which are then decoded into neural
fields, where the denoising process is performed in latent
space. LaGeM [90] and Structured 3D Latents [91] further
organize latent codes hierarchically to capture structural
information at multiple semantic levels. Recent large-scale
models such as Direct3D [92] and Hunyuan3D [93], [94]
scale latent diffusion to high-resolution textured asset gen-
eration, using transformer-based architectures and multi-
modal training on massive 3D datasets.

For non-rigid object generation, NAP [95] formulates it
as a graph generation task, including both nodes and edges.
Similarly, methods such as RigAnything [96] and MagicAr-
ticulate [97] enable explicit skeleton and skinning weight
prediction from raw meshes. However, they still primarily
focus on static generation, without modeling temporal con-
sistency across deformations. A separate line of work targets
human motion generation [23], [98], [99], [100]. In contrast,
our focus lies in modeling detailed surface deformations
rather than highly abstracted skeletal motions. Additionally,
our method addresses general non-rigid objects beyond
the human domain. Most relevant to our work, DNF [23]
disentangles geometry and motion using a dictionary-based
shared latent field and learns unconditional 4D object gen-
eration. However, unlike DNF, our approach focuses on
conditional 4D reconstruction and tracking from diverse
and ambiguous inputs such as sparse point clouds, coarse
voxels, and RGB images. Other works, such as L4GM [101],
Diffusion4D [102], and Consistent4D [103], focus on opti-
mizing NeRF or 3D Gaussian Splatting (3DGS) represen-
tations from monocular videos. In contrast, our work em-
phasizes high-quality surface geometry reconstruction and
robust tracking, rather than volumetric radiance modeling
or image-based view synthesis.



3 APPROACH

The objective is to generate surface meshes with dense tem-
poral correspondences from various imperfect inputs, in-
cluding coarse voxel grids, noisy or partial point clouds, and
RGB images. The reconstructed mesh sequence is denoted
as {M'}, = {V', F'}I_ |, where V! and F! represent the
vertices and faces at each time step t. We aim to address this
problem via neural fields. An occupancy field and a series
of flow fields parameterize an object mesh sequence:

Occupancy : R® — R,

F10W1_>2 : RS — Rg,

)

FlOWlHT : ]R3 — ]R3.
The occupancy field describes the implicit surface of the
first frame M! = {V! F'}, which can be easily extracted
using iso-surface extraction algorithms. The flow fields are
densely defined on the surface of the initial frame and out-
put a vector on the target shape. Subsequent mesh frames
can be recovered by querying the flow field. The symbol
Flow;_,; gives the flow field between frame 1 and frame ¢.
They are used to deform V! to {V}1_,. The face connectivity
F!is inherited from F1.

Conventional feed-forward deterministic models often
struggle in this ill-posed setting, especially when the inputs
are sparse, incomplete, or ambiguous, making it difficult to
recover accurate dynamic geometry without strong priors.
To address these challenges, we propose 4D Latent Set
Diffusion, a generative method that explicitly learns the
probabilistic distribution of deformable surface sequences
through both shape and motion diffusion priors. This en-
ables sampling diverse, high-quality object surfaces and
motion tracking with multiple plausible outcomes. For
compact yet expressive 4D representation, we introduce a
latent set-based neural representation equipped with trans-
former architectures. This design preserves rich geometric
details while capturing complex deformations in a low-
dimensional latent space.

Consistent with other latent diffusion models, our train-
ing consists of two distinct stages: autoencoders and dif-
fusion models. We describe the shape and deformation
autoencoders in Sec. 3.1 and Fig. 2 fop. We elaborate the
4D latent set diffusion models in Sec. 3.2 and Fig. 2 bottom.
We also discuss different condition modalities in Sec. 3.3.

3.1 4D Neural Representation with Latent Sets

Previous works often utilize single global codes [15], [16],
[17] to represent 4D sequences, potentially losing significant
surface geometry and temporal evolution details. Instead of
a global latent, we assign local latent codes to individual
local regions, which significantly improves the network’s
capability to accurately model non-linear motions and gen-
eralize to unseen identities and motions. Given that different
non-rigid objects share similar local geometry and deforma-
tion patterns, the latent sets can also improve the general-
ization ability to handle unseen motions and identities. Also
inspired by [22], we apply the “VecSet” representation to
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Fig. 3: Deformation Autoencoder. Given a pair of point
clouds X and Xz from two frames of a dynamic mesh se-
quence, we initially downsample them using farthest point
sampling (FPS). Subsequently, the concatenated points are
fed into transformer encoder to generate the

. For a query point q in the source space, a
cross-attention layer is utilized to retrieve the most relevant
fused feature z. This selected feature is subsequently fed
into the deformation MLP decoder to predict an offset Aq,
which translates it to q' in the target space. To reduce the
feature diversity of D, KL-regularization is employed.

both the shape and deformation field learning. For a mesh
sequence of 1" frames, the 4D latent set is defined as:

]R]\/[XCS XR(T—l)xNIxCd7 (2)
where M is the sizéh%qe the latecllr(f’gogg ,h%rhd Cy and Cy are the
channels of the shape and deformation latent space, respec-
tively. The shape latent set is responsible for reconstructing
the first frame, serving as the reference frame. The flow
fields are decoded by the deformation latent sets, which are
used to predict the dense correspondence between the initial
frame and the subsequent frames.

3.1.1 Shape Latent Set

Following the point query variant of 3DShape2VecSet [22],
we compress the 3D surface of the initial frame into a set of
latent codes. The input of the autoencoder is a surface point
cloud X of size N = 2048. We further downsample the
input to a smaller point cloud of size M = 512. A cross
attention layer is then applied to obtain the compressed
shape latent S € RM*C Oy = 32. The encoder processes
X to obtain S as follows:

index = FPS(X)
Z = PE(X)
Z* = IndexSelect(Z, index)
S = KL(CrossAttn(Z,Z"))

find index
point embed.
subsample point embed.

compress
©)
In the decoder, a cross-attention layer is used to fuse the
latent codes for occupancy prediction of 3D points through
an MLP. To learn the shape latent set, we train the shape
auto-encoder by minimizing the binary cross-entropy (BCE)
loss between the predicted occupancies of query points
randomly sampled in 3D space and actual occupancies :



3.1.2 Deformation Latent Set

To compress temporal shape deformations into compact
latent sets, we design a dedicated deformation autoencoder
that encodes pairwise deformations between the initial and
subsequent frames into downsampled latent sets. To do
so, we design a deformation autoencoder which is illus-
trated in Fig. 3. Unlike Shape Autoencoder that processes
single frame, our deformation autoencoder has two input
frames: the source X, and target point clouds Xy, of size
N = 2048. This pairwise input structure requires a novel
encoder architecture, described as follows:

index = FPS(Xy) find index
Zy. = PE(Xq)
Zy = PE(Xig)
Z}. = IndexSelect(Zgc, index)
Zg, = IndexSelect(Zyg, index)
Z = Concat([Zgrc, Zig], —1)
Z" = Concat([Zg, Zg, —1)

D = KL(CrossAttn(Z, Z*))

source embed

target embed

subsample source embed
subsample target embed
concat along channel
concat along channel

compress

4)
We begin by applying Farthest Point Sampling (FPS) to the
source point cloud to obtain a set of downsampled indices.
These indices are then propagated to the target point cloud
using IndexSelect(:, -), thereby preserving inter-frame cor-
respondences. This operation ensures that features are ex-
tracted from consistent local surface regions across frames.
While one could employ cross-attention layers to align and
fuse features between the source and target through explicit
correspondence search, we adopt this simpler yet effective
strategy to capture deformation patterns accurately. This
design choice not only learns accurate deformation features
but also avoids the computational overhead associated with
attention-based matching. Similar to the shape autoencoder,
we employ a cross-attention mechanism CrossAttn(-,-)
alongside a KL divergence regularizer KL(-) to obtain com-
pressed deformation latents M x Cy4,Cq = 32, effectively
capturing localized surface deformation patterns from the
source to the target frame. In the decoder, we again leverage
cross-attention to reconstruct the flow field, which deforms
the source shape that approximates the target shape. The
reconstruction loss is defined as the /5 distance between the
predicted and ground-truth target point clouds.

To ensure that deformation latents consistently represent
the same local surfaces or object parts across time, we reuse
the FPS downsampling indices from the initial frame for
all subsequent frames. This design enables direct stacking
of deformation latents along the temporal dimension. Ben-
efiting from the correspondence-preserving property of our
deformation autoencoder, we can apply attention operations
across frames to exchange deformation information, thereby
enhancing temporal coherence. This temporal alignment is
also crucial for the efficiency of our denoising network, as
discussed later in Sec. 3.2. With a mild notational simplifi-
cation, we denote the resulting motion latent for a sequence
as D € RI—UxMxCa ohtained by stacking the per-frame
deformation latents.
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Fig. 4: Synchronized Deformation Set Diffusion. Given
noised deformation vector sets {ﬁt}fZQ (top) from a se-
quence, each set denoted as D, = {d!,...,dM} of timestep
t € [2,T], we use repeated Interleaved Spatio-Temporal
Attention Blocks (ISTA) as our denoising network. In each
ISTA block, we first pass them to the space self-attention
layer (Space Attention) to aggregate latent features Dt across
different spatial locations within each frame to explore
spatial contexts. Next, we inject conditional information ex-
tracted from imperfect inputs via cross-attention (

) between conditional codes C; and noised defor-
mation codes D, at each frame. The inputs could be sparse
or partial point clouds, images, or voxel grids. Here we use
point clouds as an example. Lastly, to enhance temporal
coherence, a time self-attention layer (Time Attention) is
used to aggregate latent codes from the same position but
from different frames, i.e. {d¢}7_,. Repeat this ISTA block
and we finally get denoised deformation latent sets {D; }7_,
(bottom). Within each layer, different colored latents repre-
sent the dynamics of distinct local regions, while the same
colored latents represent the dynamics of a local region at
different time steps.

3.2 4D Latent Set Diffusion

3.2.1 Shape Diffusion

Following the diffusion paradigm in EDM by Karras et al.
[104], we aim to minimize the expected ¢2-denoising error.
This is achieved by adding the noise ¢ sampled from the
Gaussian distribution to the shape latent set S, and then
feeding the noise-added code S = S + ¢ to the denoiser (to
avoid confusing, we also use S to represent its matrix form
RV ). The whole process is denoted as:

. 2
Ecnr(0,021) HShapeDenoiser (8, o, C) — SH2 (5)
Here, o represents the noise level. C is the conditioning
latents extracted from the first input frame I; which can
be a voxel grid, a point cloud, or an image (see Sec. 3.3).



3.2.2 Synchronized Deformation Diffusion

To adapt these 3D models [11], [12], [13], [14] directly to
4D, the most straightforward approach is frame-by-frame
processing, which may lead to discontinuities in temporal
and spatial correspondence. Another approach is to aggre-
gate all spatial-temporal latents, which would significantly
increase the time complexity to O(T?M?) for a sequence
of T frames and M deformation latents. However, our
4D latent set representation allows us to bypass the need
for full attention across spatial and temporal domains. As
discussed in Sec. 3.1, the deformation latents at the same
indices across different frames correspond to the deforma-
tion behaviors of the same local surface region. Leveraging
this property, we implement an alternating way for latent
feature aggregation, systematically switching between the
spatial and temporal domains. This method not only pre-
serves the spatio-temporal consistency, but also reduces the
computational complexity to O(T'M?) in the spatial domain
and O(MT?) in the temporal domain. The details of syn-
chronized deformation diffusion are described as follows.
Given a sequence of input observations Z = {It}thl, we
pair subsequent frames with the first frame , i.e., {I1,I; } 7 ,.
These pairs are encoded into a series of conditional latents
C: = {c; € RY}E, C = 32 via conditioning networks
which will be described in Sec. 3.3. Then these conditional
latents, together with the diffused shape latent set S in
Sec. 3.2.1, are injected into the denoising network as the
condition providing guidance for the network to handle
ambiguous inputs, like partial point clouds.

Interleaved Spatio-Temporal Attention. Fig. 4 depicts the
denoiser network of our proposed synchronized deforma-
tion latent set diffusion. The basic unit is the designed
Interleaved Spatio-temporal Attention Block (ISTA). We first
linearly project the shape latents (with channel dimension
C,) and deformation latents (with channel dimension Cj)
into a shared embedding space of dimension C'. This results
in the following inputs to the denoising network: noisy mo-
tion latents of shape [B,T — 1, M, C], shape latents of shape
[B, M, C], and conditioning latents of shape [B,T—1, L, C],
where B is the batch size. Each Interleaved Spatio-Temporal
Attention (ISTA) block consists of three attention layers:

e Space Self-Attention Layer: performs self-attention
along the spatial dimension (). To enable this, the
input tensor is reshaped to [B x (T — 1),M,C],
allowing the network to model spatial dependencies
within each frame independently.

o Conditional Cross-Attention Layer: This layer injects
conditioning signals into the denoising network via
cross-attention. Prior to the attention computation,
both the input deformation latents and conditioning
latents are reshaped to [B x (T'—1), L, C]. In addition
to the primary conditioning, we further incorporate
shape latents S by applying cross-attention between
S and the deformation features of each temporal
frame. It enables the network to modulate the motion
dynamics based on the underlying static geometry.

o Time Self-Attention Layer: This layer performs self-
attention along the temporal axis (1'—1), allowing the
network to aggregate motion features over time. To
enable this, the input is reshaped to [B x M,T—1,C]|

7

before applying the attention operation. By attending
across frames for each spatial location, this layer
effectively captures temporal dependencies and con-
solidates deformation features of corresponding local
regions throughout the sequence.

In the denoising phase, we regard the entire sequence of
deformation codes as a motion latent set and jointly denoise
them together to learn temporal motion priors. We add a
Gaussian noise € to the motion latent set D to obtain its
noise-corrupted version D. The denoising objective is thus
formulated as:

. 2
Ecnr(0,021) HMotionDenoiser (D, U,S,C) — DH2 (6)

Here, C is the conditioning latents {Cs,Cs, ...,Cr}.

3.3 Conditioning Network

In this section, we describe how we extract conditioning
embeddings C from ambiguous inputs Z, such as point
clouds, voxel grids, images, and sparse handle movements.
Given raw conditioning signal Z of T" frames

{éla s 7éT} = EnC(Ilv e 7IT)7
Cl = C~17
Cy = Concat([C1,Cs], —1),

per frame embeds

merge with ref

Cr = Concat([Cy,Cr], —1), merge with ref.

@)
For reference shape generation in Sec. 3.2.1, we condition
the network on C;. For motion generation in Sec. 3.2.2, we
condition on C;, which represents the relative deformation
features of frame ¢ with respect to the first reference frame.
Point clouds. The input point clouds (L = 300 or 512 points)
may be sparse, partial, or noisy. We encode them into feature
embeddings using a transformer encoder, which can obtain
L latents.
Voxel grids. A voxel grid represents 3D shapes using binary
occupancy values. We process voxel grids at a resolution of
323 using a series of 3D convolutional layers to extract vol-
umetric features of resolution 83, which are then flattened
across spatial dimensions into a sequence of L = 512 latents.
RGB images. We use RGB images of resolution 224 x 224 x 3
as inputs. Each image is processed using a pretrained DINO-
v2 ViT-B/14 backbone [105], which encodes it into a feature
map of size 16 x 16 x 768. This feature map is then flattened
into a sequence of L = 257 latents, comprising 256 patch
embeddings and one global embedding.

4 EXPERIMENTS

Datasets: We conducted experiments on three 4D datasets.
The first, the Dynamic FAUST (D-FAUST) [25], focuses
on human body dynamics, including 10 subjects and 129
sequences. It is split into training (70%), validation (10%),
and test (20%) subsets, following [15]. The second, the
DeformingThings4D-Animals (DT4D-A) [26], includes 38
identities with a total of 1227 animations, divided into
training (75%), validation (7.5%), and test (17.5%) subsets
following [17]. The training and validation sets use motion
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TABLE 2: Quantitative comparisons of 4D shape reconstruc- TABLE 3: Quantitative comparisons of 4D shape completion

tion from sparse and noisy point cloud sequences on the from monocular noisy depth scans on the DT4D-A [26], D-
DT4D-A [26], D-FAUST [25], and S2M [106] datasets. FAUST [25], and S2M [106] datasets.
Dataset Method Unseen Motion \ Unseen Individual Dataset Method Unseen Motion \ Unseen Individual
IoUt CDJ| Corr| | IoUt CDJ Corr/ IoUt CD| Corrl | IoUt CDJ] Corrl
OFlow [15] | 70.6% 0104 0204 | 57.3% 0.175 0.285 OFlow [15] | 642% 0305 0423 | 55.1% 0408  0.538
DT4D-A  LPDC[16] | 724% 0085 0162 | 59.4% 0.149 0262 DT4D-A  LPDC[l6] | 622% 0339 0427 | 51.6% 0.467 0488
[26] CaDex [17] | 80.3% 0.061 0.133 | 647% 0127  0.239 CaDex [17] | 70.8% 0254 0499 | 592% 0379  0.498
Ours 88.9% 0.050 0.061 | 83.7% 0.058  0.074 Ours 733% 0177 0404 | 66.3% 0193  0.438
OFlow [15] | 815% 0065 0.094 | 72.3% 0084 0117 OFlow [15] | 769% 0084 0165 | 66.4% 0.109  0.194
D-FAUST  LPDC[16] | 849% 0055 0080 | 762% 0.071 0098 D-FAUST LPDC[16] | 683% 0.138 0.167 | 59.6% 0.156  0.204
[25] CaDex[17] | 89.1% 0.039 0070 | 80.7% 0.055  0.087 [25] CaDex [17] | 80.7% 0.074 0123 | 704% 0.09  0.157
Ours 90.7% 0.033  0.047 | 83.7% 0.045 0.064 Ours 83.8% 0.054 0111 | 744% 0075  0.140
OFlow [15] / / / 532% 0223  0.204 OFlow [15] / / / 53.6% 0232  0.228
soMpoe]  LPPC L] / / / 567% 0173 0163 gy\pppe  LPDCLIO] / / / 545% 0217  0.196
CaDeX [17] / / / 58.9% 0.118  0.160 CaDeX [17] / / / 56.3% 0.145  0.186
Ours / / / 75.9% 0.070  0.095 Ours / / / 63.6% 0128  0.175

sequences of seen individuals. The test set is divided into
two parts: unseen motions and unseen individuals. The last
dataset, the Shape2Motion (52M) [106], consists of articu-
lated objects across 8 diverse categories, including laptops,
doors, staplers, eyeglasses, washing machines, refrigerators,
and ovens. Each object category includes one or more articu-
lation controls. For this dataset, we follow the experimental
setup proposed by CaDeX [17] and A-SDF [27], where the
articulation is rotated to generate 30 frames per object.
Among all generated sequences within a given category,
80% are selected as training objects, while the remaining
sequences are allocated to the test split.

Baselines: We compare against state-of-the-art methods
in 4D reconstruction, including OFlow [15], LPDC [16],
CaDex [17]. OFlow assigns each 4D point both an oc-
cupancy value and a motion velocity vector, utilizing a
Neural-ODE framework [107] for learning deformations.
LPDC employs an MLP to parallelly learn correspondences
among occupancy fields across different time steps via ex-
plicitly learning continuous displacement vector fields from
spatio-temporal shape representation. CaDeX introduces a
canonical map factorization and utilizes invertible defor-
mation networks to maintain homeomorphisms. For fair
comparisons, we follow their original training paradigms.
Evaluation Metrics: The Intersection over Union (IoU) eval-
uates the volume overlap between predicted and ground
truth meshes. The Chamfer Distance (CD) calculates the
average nearest-neighbor distance between two point sets.
{5-distance measures the Euclidean distance between corre-
sponding points on the predicted and ground truth meshes.
Implementations: Our training pipeline consists of two
stages. In the first stage, we train the shape and deforma-
tion auto-encoders. For the shape auto-encoder, we use a
learning rate of 10~* and a KL-divergence loss weight of
1073. For the deformation auto-encoder, the learning rate is
also 10~%, with a KL-divergence loss weight of 10~5. Both
models are trained for 100 epochs with a batch size of 24. In
the second stage, we train the diffusion models. The learning
rate is set to 10~* for both the shape and deformation dif-
fusion networks. We train the shape diffusion model for 50
epochs with a batch size of 8, and the deformation diffusion
model with a batch size of 4. Both the shape and deforma-
tion diffusion models follow the noise scheduling strategy
of EDM [104]. During training, the noise level o is sampled
from a log-normal distribution N(u = —1.2,0 = 1.2).

TABLE 4: Quantitative comparisons of 4D shape super-
resolution from voxel grid sequences with resolution 323

on the DT4D-A [26] dataset.
Input Method Unseen Motion |  Unseen Individual
IoUt CDJ| Corr| | oUt CD| Corr/
OFlow [15] 68.4%  0.237 0.385 58.6%  0.311 0.412
4D Voxel LPDC [16] 69.3%  0.231 0.311 59.2%  0.321 0.343
of DTAD-A  CaDeX[17] | 77.1%  0.152 0.269 65.8%  0.228 0.331
Ours 84.3% 0.066 0.126 75.6% 0.088 0.187

TABLE 5: Quantitative comparisons of 4D shape reconstruc-
tion from RGB image sequences on the D-FAUST [25]
dataset.

Unseen Motion |  Unseen Individual

Input Method
IoUt CD| Corrl | IoUt CDJ] Corrl
Image OFlow [15] | 515% 0284 0319 | 31.0% 0431 0442
commde, LPDC[16] | 523% 0255 0282 | 352% 0371 0397
ofDFAUST CaDeX[17] | 53.8% 0229 0284 | 387% 0288 0352
Ours 69.9% 0119 0206 | 516% 0189  0.299
During inference, we use 18 denoising steps with noise

levels linearly scheduled from omax = 80 t0 omin = 0.002.
Note that the shape and deformation auto-encoders can
be trained in parallel, as can the shape and deformation
diffusion models. The shape and deformation autoencoders
are individually trained for approximately 10 hours, while
the shape and deformation diffusion models require around
20 and 30 hours, respectively. All models are trained on two
NVIDIA H200 GPUs.

4.1

We initially assessed our model’s ability for 4D reconstruc-
tion from sparse and noisy point cloud sequences Following
the setup in OFlow [15], our network processed sequences
of T' = 17 continuous frames.

4D Shape Reconstruction from Point Clouds

4.1.1 Sparse & Noisy Point Cloud Sequences

Each frame represents a sparse point cloud, with L = 300
for D-FAUST [25] and S2M [106] or L = 512 for DT4D-
A [26]. We also simulate noisy observations by adding
Gaussian noise (o = 0.05).

Quantitatively, our model consistently outperforms pre-
vious methods on the D-FAUST [25], DT4D-A [26], and
S2M [106] datasets, as shown in Table 2. The performance
gain is especially notable on the unseen individual split of
DT4D-A, which features diverse topologies across various
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Fig. 5: Qualitative comparisons of 4D shape reconstruction from sparse and noisy point clouds on the D-FAUST [25] (left)
and DT4D-A [26] (right) datasets. We visualize the Chamfer Distance between reconstruction and ground truth as error
maps. Our method reconstructs more accurate surface geometries and motion dynamics.
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Fig. 6: Qualitative comparisons of 4D shape reconstruction from sparse and noisy point clouds on the S2M [106] dataset.
Our method reconstructs more accurate surface geometries and motion dynamics.

animal species. Our method improves IoU by 19% and 17%
over the previous best models on DT4D-A and S2M, respec-
tively. Additionally, it reduces both Chamfer Distance and
{y-correspondence error to less than half of those reported
by existing approaches on D-FAUST and DT4D-A.

Qualitatively, as shown in Fig. 5 and Fig. 6, our model ex-
cels at reconstructing complete shapes with minimal Cham-
fer Distance errors. This advantage is especially clear in chal-
lenging regions such as fast-moving body parts (e.g., human
feet), highly articulated structures (e.g., animal heads), and
fine details (e.g., eyeglass temples).

Our model’s strength lies in the 4D latent set diffusion,
which enables accurate sampling of local geometry and
deformation patterns. While methods like LPDC [16] and
OFlow [15] perform well on human datasets with consistent
topology, they struggle with the diverse shapes and scales
in animal data. Global latent-based approaches also fail to
reliably track fast-moving articulated parts, such as hinges.
In contrast, our method effectively models complex 4D
dynamics across a wide range of non-rigid objects.

4.1.2 Monocular Depth Sequences

To simulate sparse and partial real-world scans, we gener-
ated monocular depth sequences by rendering from a fixed
camera angle. The size of the input point cloud and the
frame length are the same as Sec. 4.1.1.

Quantitative results in Table 3 demonstrate that on the
S2M [106] dataset, our method achieves an IoU of 63.6%,
outperforming the strongest baseline (CaDeX) by 7.3%, and
reducing the Chamfer Distance from 0.145 to 0.128. Similar
improvements are observed on the DT4D-A [26] dataset,
where our method improves IoU by 7.1% over baselines for

unseen individuals. Even on relatively simpler datasets such
as D-FAUST [25], our method consistently improves IoU by
4.0% over CaDeX and further reduces the Chamfer Distance.

Qualitative results in Fig. 7 and Fig. 8 further verify
our quantitative findings. Baseline methods often produce
fragmented surfaces and exhibit inconsistent deformations,
particularly in human feet or animal heads. In contrast, our
method generates more complete and temporally consistent
reconstructions. This advantage is more obvious on the
S2M [106] dataset, where our approach preserves fine-scale
structural details across time for articulated objects.

The comparisons show that our method reconstructs
more complete surfaces with more accurate motion tracking,
highlighting the effectiveness of our 4D latent set diffusion
in handling ambiguous inputs such as partial scans.

4.2 4D Shape Super-resolution from Voxel Grids

We also conduct comparisons on the task of 4D shape super-
resolution from a sequence of coarse voxel grids on the
DT4D-A [26] dataset. This task poses significant challenges
due to spatial quantization and limited geometric details
in the low-resolution volumetric grids. For all baselines,
we re-implement all baselines with global latent codes de-
rived from volumetric features as conditions. Quantitative
results in Table 4 show that our method outperforms all
baselines on the DT4D-A [26] dataset. It achieves an IoU
of 84.3%, surpassing CaDeX [17] by over 7%, and reduces
the Chamfer Distance by nearly 50%. Qualitative results are
shown in Fig. 9, where baseline methods often produce frag-
mented surfaces and suffer from temporal inconsistencies in
complex animal motions. In contrast, our model generates
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Fig. 7: Qualitative comparisons of 4D shape completion from monocular noisy depth scans on the D-FAUST [25] (left) and
DT4D-A [26] (right) datasets. Our method reconstructs more accurate surface geometries and motion dynamics.
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Fig. 8: Qualitative comparisons of 4D shape completlon from monocular noisy depth scans on the S2M [106] dataset. We
visualize the Chamfer Distance between the reconstruction and the ground truth as error maps. Our method exhibits lower
reconstruction errors and achieves more plausible motion tracking.
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Fig. 9: Qualitative comparisons of 4D shape super—resolutlon from voxel grid sequences with resolution 32% on the DT4D-
A [26] dataset. Our method exhibits lower reconstruction errors and achieves more plausible tracking.
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Fig. 10: Qualitative comparisons of 4D shape completion from RGB image sequences on the D-FAUST [25] dataset. Our
method exhibits lower reconstruction errors and achieves more plausible tracking.



smoother temporal evolution and more complete structures.
Remarkably, it can even hallucinate plausible details, such
as continuous antlers or smooth limb connections, which are
absent in the coarse voxel inputs, highlighting the strength
of our diffusion-based 4D surface priors.

4.3 4D Shape Reconstruction from RGB Images

We also evaluate our method on the task of 4D shape re-
construction from RGB image sequences rendered from the
D-FAUST [25] dataset. This setting poses greater challenges
than voxel or point cloud inputs, as it lacks explicit 3D
geometry and relies solely on 2D visual cues. Quantitative
results in Table 5 show that on unseen motions, our method
improves IoU by over 16% compared to the strongest
baseline, CaDex, while also significantly reducing Chamfer
Distance and {3-correspondence errors. As shown in Fig. 10,
existing methods often generate incomplete surfaces and
exhibit temporal instability, especially around articulated
limbs, failing to track motion consistently. However, our
model produces coherent shape sequences with improved
structural integrity and smooth temporal evolution. Overall,
these comparisons demonstrate that our approach enables
accurate and temporally consistent 4D reconstruction di-
rectly from RGB image sequences.

TABLE 6: Quantitative ablation studies of 4D shape com-
pletion from monocular noisy depth scans on the D-
FAUST [25] dataset. M denotes the number of latent codes
and C, represents the number of latent code channels.

Unseen Motion \ Unseen Individual

Method
IoUt CD{ Corrl | IoU} CD] Corr)
W/ o. Diffusion 71.1% 0.097 0.173 64.2%  0.107 0.194
M=1 68.5%  0.120 0.301 57.7%  0.149 0.327
Cyg=8 789%  0.078 0.180 68.0%  0.105 0.225
Cy =16 78.0%  0.080 0.189 66.8%  0.109 0.254
W/o. TimeAttn. 81.2% 0.061 0.127 | 70.8% 0.086 0.158
Full 83.8%  0.054 0.111 74.4%  0.075 0.140

(M =512, Cyq = 32)

4.4 Ablation Study

We conducted ablation studies to validate the effectiveness
of each component (see Table 6, Fig. 11) under the setting
of 4D shape completion from monocular noisy depth scans
on the D-FAUST [25] dataset.

What is the effect of diffusion model? 4D surface recon-
struction from ambiguous observations of noisy, sparse, or
partial point clouds is an ill-posed problem. Deterministic
models often yield suboptimal results. We compare against a
feedforward baseline that uses the same autoencoder archi-
tecture but without diffusion. Specifically, it takes as input a
sequence of partial point clouds (300 points per frame) and
directly predicts the full surfaces in a single forward pass.
As shown in Fig. 11 and Table 6, the diffusion model adopts
a probabilistic way to deal with highly ambiguous inputs
and generates plausible predictions. Moreover, diffusion
models can handle “one-to-many” problems and generate
diverse and creative outputs as shown in Fig. 16.

What is the effect of 4D latent set representation? Instead of
using a single global latent code, our approach employs 4D
latent sets. Both variants share the same encoder-decoder
backbone to ensure a fair comparison. As indicated in
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Fig. 11: Qualitative ablation studies of 4D shape com-
pletion from monocular noisy depth scans on the D-
FAUST [25] dataset. Without diffusion, reconstructions suf-
fer from incomplete geometry due to the ill-posed nature
of sparse inputs. Using a single global latent (M = 1) or
fewer channels (Cqy = 8/16) limits the ability to capture
local deformations. Removing temporal attention introduces
motion discontinuities. The full model with diffusion, 4D
latent sets (M = 512), and temporal attention achieves the
most coherent and accurate 4D reconstructions.

TABLE 7: Quantitative ablation studies of local latent
codes on the DT4D-A [26] dataset. Given a sequence of
noisy and sparse point clouds, we compare the reconstruc-
tion results between three method variants: (a) global shape
& deformation latents; (b) local shape & global deformation
latents; (c) local shape & deformation latents (Our final).

Unseen Motion | Unseen Individual

Method

IoUt L1} L2] | IoUT L1} L2}
(a) Glo. Sha. & Glo. Def.  66.8% 0.336 0378 | 57.0% 0.395 0.491
(b) Loc. Sha. & Glo. Def.  83.0% 0.116 0228 | 73.1% 0.179  0.397
(c) Loc. Sha. & Loc. Def.  88.9%  0.050 0.061 | 83.7% 0.058 0.074

Table 6, our method significantly outperforms the global
latent codes (with M = 1) and captures more accurate 4D
motions. This advantage becomes more apparent for unseen
identities, demonstrating better generalization ability.
What is the effect of time attention layers? For the synchro-
nized deformation latent set diffusion, we integrated the
time self-attention layer in our interleaved spatio-temporal
attention mechanism. Removing this layer decreased all
metrics, highlighting its effectiveness in maintaining tem-
poral coherence.

What is the effect of the number of channels of latent set?
For the shape latent set, we follow 3DShape2VecSet [22] and
set the number of shape channels to C; = 8. To determine
the optimal number of deformation latent channels Cjy
for learning deformation priors on time-varying surfaces,
we conduct an ablation study while keeping C fixed. As
shown in Table 6, setting Cy = 32 provides more favorable
performance for 4D latent set diffusion.

What is the effect of local latent codes? To highlight
the advantage of local latent codes in our 4D latent set
representation for modeling complex geometries and mo-
tions, we conduct additional comparisons on the DT4D-A
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Fig. 12: Qualitative ablation studies of local latent codes
on the DT4D-A [26] dataset. Given a sequence of noisy
and sparse point clouds, we compare the reconstruction
results between three method variants: (a) global shape &
deformation latents; (b) local shape & global deformation
latents; (c) local shape & deformation latents (Our final).

dataset. We compare (c) our full model (local shape and
deformation latents) against two variants: (a) a global shape
latent with global deformation latents, and (b) local shape
latents with global deformation latents, on the task of 4D
shape reconstruction from noisy and sparse point clouds.
As shown in the first row of Fig. 12, local shape latents
reconstruct complex shapes of unseen individuals even at
the first frame, whereas a single global shape latent fails to
produce plausible shapes. In the 2nd and 3rd rows, local
deformation latents track more accurate non-linear motions
than global deformation latents. These observations are also
supported by the quantitative results in Table 7.

4.5 Cross-Dataset Generalization

To evaluate cross-dataset generalization, we train all
methods on DT4D-Animals and test them on the D-FAUST
human dataset for 4D shape reconstruction from noisy and
sparse point clouds. As shown in Fig. 13, our method
remains stable in both geometry reconstruction and motion
tracking, while the baseline methods fail to generalize across
datasets. As reported in Table 8, our approach outperforms
all baselines across all listed metrics on both test subsets
in the cross-dataset setting.“Test Set 1”7 and “Test Set 2”
correspond to “Unseen Motion” and “Unseen Individual”
respectively in the in-dataset evaluation in the Sec. 4.1. Both
subsets are unseen individuals in the cross-dataset evalua-
tion. Notably, the performance gaps are larger than those ob-
served on D-FAUST in Table 2, which further demonstrates
the superior generalization ability of the proposed 4D latent
set representation compared to existing methods.

4.6 Additional Results
4.6.1 Shape Manipulation from Sparse Handle Movements

We further showcase the applicability of our method to user-
driven shape editing. Given a source mesh, we randomly
select ten sparse vertices as control handles, each assigned
a target position to specify the desired deformation. The
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Fig. 13: Qualitative comparisons of Cross-Dataset Gen-
eralization on the task of 4D shape reconstruction from
noisy and sparse point clouds. All methods are trained on
the DT4D dataset and directly evaluated on the D-FAUST
dataset.

TABLE 8:  Quantitative comparisons of Cross-Dataset
Generalization on the task of 4D shape reconstruction from
noisy and sparse point clouds. All methods are trained on
the DT4D dataset and directly evaluated on the D-FAUST
dataset.

Test Set 1

Method | Test Set 2

Dataset
oUt L1y L2} | IoUT L1} L2}
OFlow [15] | 29.8% 0427 0499 | 245% 0466 0.533
D-FAUST LPDC[16] | 27.1% 0437 0527 | 23.1% 0430 0.509
[25] CaDeX [17] | 37.6% 0312 0405 | 28.8% 0337 0474
Ours 82.0% 0.059 0.078 | 79.9% 0.055 0.073

goal is to propagate these sparse constraints to generate a
sequence of globally coherent deforming meshes.

This task only requires motion diffusion. We first obtain
the shape latent set by encoding the source mesh using
the pre-trained shape auto-encoder. The trajectories of the
control handles are then encoded into conditioning embed-
dings for motion diffusion, following the same architecture
described in Eq. (4). As illustrated in Fig. 15, our model
generates realistic global deformations that faithfully respect
sparse user edits, even on unseen identities. The results
preserve fine geometric details and exhibit coherent surface
displacements, highlighting the effectiveness and potential
of our learned deformation priors for interactive non-rigid
motion synthesis.

4.6.2 Highly Partial Scan Sequences

To assess the robustness of our method to extremely am-
biguous data, we set up a challenging experiment on the
D-FAUST [25] dataset. This involved reconstructing whole
body motions based on partial point clouds of the upper
bodies. This setup creates a highly ambiguous scenario, as
the same upper body motion can correspond to many differ-
ent lower-body motions. We adopt the same configuration
as Sec. 4.1, with a frame length (I = 17) and input point
cloud size (L = 300). As shown in Fig. 16, OFlow [15],
LPDC [16], and CaDex [17] face challenges in reconstructing
the complete shape, often producing distorted shapes such
as broken feet. In contrast, our method excels in reconstruct-
ing more complete geometries while achieving temporally
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Fig. 14: 4D shape reconstruction on 100-frame sequences from D-FAUST [25] and DT4D-A [26] using sparse and noisy
inputs. Although trained only on 17-frame clips, our method can be extended to much longer sequences by performing
17-frame diffusion in an autoregressive manner, maintaining temporal coherence and preserving fine geometric details

over extended motions.

Fig. 15: Shape manipulation by sparse handle movements.
Given a 3D shape as input, we edit the shape by dragging
a few handles for regions of interest. Red spheres indi-
cate displaced handles, while blue spheres represent fixed
constraints. Our model propagates local edits into globally
consistent deformations, producing realistic surface motions
even for unseen shapes.

coherent tracking. Additionally, our approach presents a di-
verse range of plausible full-body reconstructions that align
with the given upper-body scans. The superior performance
is primarily attributed to the 4D latent set diffusion. Our
diffusion-based method is more capable of tackling the ‘one-
to-many’ complexities from extremely partial data.

4.6.3 Long Sequence Reconstruction

Although our method is trained on 4D sequences of fixed
length T' = 17, it can be naturally extended to longer
sequences without retraining. We achieve this by splitting
long videos into overlapping 17-frame clips and applying
our 4D diffusion model autoregressively across time. As
shown in Fig. 14, our method generates temporally con-
sistent and structurally coherent deformations over 100-
frame sequences from the D-FAUST [25] and DT4D-A [26]
datasets, demonstrating strong scalability and robustness
for long-range 4D shape generation.

4.6.4 Real-world Data Generalization

We validate our model on real-world human scans from
the BEHAVE dataset [108], which captures RGB-D data
using four Kinect sensors. To align with our partial scan
setting, we use a single fixed-view RGB-D stream and back-
project the depth map into a partial 3D point cloud as
input. Fig. 18 illustrates our reconstruction results alongside

e "aBie e

t Input OFlow LPDC CaDeX

Fig. 16: Qualitative comparisons of 4D shape reconstruc-
tion from highly partial point cloud sequences, such as
half-body scans obtained from the D-FAUST [25] dataset.
The colors of the meshes encode the correspondence. Our
diffusion-based method produces highly complete human
shapes with more favorable motions, offering multiple pos-
sible outputs that match the input observations.

~a. ~&. ~B,

the corresponding RGB input. Even in the presence of
severe occlusions, such as limbs obscured by objects, our
model successfully infers plausible and complete surface
reconstructions. This robustness stems from the learned
latent distribution and the generative power of the diffusion
model, which enables it to reason about missing geometry.
Remarkably, our approach maintains high-quality results
without any fine-tuning on real data. It also handles sen-
sor noise effectively, demonstrating strong generalization to
real-world, imperfect observations.

To demonstrate the generalization and robustness of
our model on real-world monocular RGB videos, we use
TripoSG [109] to obtain initial reconstructions from each
RGB frame, and then sample dynamic point clouds as
inputs for our model. The results are visualized in Fig. 19.
Our method can still reconstruct plausible geometries and
reliable motions with temporal correspondence for animals
and articulated objects, such as a bear and a laptop.

4.6.5 Failure Cases

While our method shows strong performance for 4D recon-
struction, it still has several limitations. We present failure
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Fig. 17: Robustness analysis of Motion2VecSets and previous methods. Left: Results on the D-FAUST [25] dataset under
varying noise levels. Right: Results on the DT4D-A [26] dataset with different numbers of input points. Colors and marker
shapes denote different methods, while line styles indicate evaluation settings (solid: unseen motions; dashed: unseen

individuals).
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Fig. 18: 4D Shape Completion on the BEHAVE [108] dataset.

cases in Fig. 20. As shown, our method is inferior at recon-
structing geometries of unseen identities that are far from
the training data distribution, such as the butterfly and the
cloth. It also has difficulty recovering realistic surface defor-
mations that depend on physical properties and simulation,
such as the cloth deformations on the right. We expect these
issues to be reduced by training on a larger dataset, using
stronger data augmentation, and incorporating physical at-
tributes as additional inputs in future work.

4.7 Robustness Analysis

We evaluate the robustness of our model on the D-
FAUST [25] and DT4D-A [26] datasets under various input
degradations. For D-FAUST, we inject Gaussian noise with

t  RGB

Fig. 19: Real-world generalization results on the sparse
point clouds estimated by TripoSG [109] from monocular
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Fig. 20: Failure cases. Our method shows limitations when
reconstructing identities that are far from the training data
distribution, such as the butterfly and the cloth. It also has
difficulty recovering realistic cloth deformations that require
physical properties and simulation.

standard deviations of 0.001, 0.005, and 0.01. For DT4D-
A, we vary the number of input points (100, 300, 500).
As shown in Fig. 17, our method consistently outperforms
state-of-the-art baselines and generalizes better to unseen
subjects under various ambiguous observations.

4.8 Runtime and Memory

In Table 9, we report the computational cost of each
method, including inference time, training memory, and the



TABLE 9: Computational efficiency analysis. Top: Compar-
ison with state-of-the-art methods. Bottom: Runtime break-
down of our M2V pipeline.

Method Avg. Time Avg. GPU Params (M)
(s) 4 (GB) | \
OFlow [15] 1.800 0.265 1.2
LPDC [16] 1.769 0.453 8.5
CaDeX [17] 4.357 5.814 2.1
Ours 9.479 4.358 53
Stage (Ours) Time (s) | Percentage (%)
Shape Diffusion 3.595 37.9%
Deformation Diffusion 5.384 56.8%
Mesh Generation 0.352 3.7%
Total 9.479 100.0%

total number of trainable parameters. The runtime eval-
uation is conducted on the D-FAUST [25] dataset with
a sparse setting of L = 300 points per frame. We also
provide a detailed runtime breakdown for each stage of
our pipeline under this configuration. Notably, the inference
time remains consistent across different input modalities
(e.g., point cloud, voxel grid, image), as the conditional
encoders are lightweight relative to the core backbone net-
works. Due to the multiple denoising steps, our method
runs slower than conventional feed-forward methods. The
inference speed can be improved by applying distribution
matching distillation [110].

5 CONCLUSION, FUTURE

WORK

We presented Motion2VecSets, a 4D diffusion model for
dynamic surface reconstruction and generation from vari-
ous imperfect inputs, including sparse point clouds, coarse
voxel grids, and RGB images. To enable high-quality 4D
diffusion, we introduced a 4D latent set representation that
compactly encodes initial geometry and pairwise deforma-
tions using transformer-based encoders and decoders. Our
model captures the probabilistic distribution of non-rigid
shape and motion through iterative denoising, enabling
plausible and diverse outputs. To ensure temporally smooth
motion, we jointly diffuse stacked deformation latent sets
across frames. For computational efficiency, we design an
interleaved space-time attention block that synchronizes
deformation latents over time while significantly reducing
memory usage. Unlike global latent representations, our 4D
latent set offers more accurate modeling of complex non-
linear motions and improves generalization to unseen iden-
tities and motion patterns. Extensive experiments across
multiple datasets, including D-FAUST (humans), DT4D-A
(animals), and S2M (articulated objects), demonstrate the
effectiveness of our approach in reconstructing and tracking
non-rigid objects from ambiguous inputs.

While our method achieves notable progress in 4D
reconstruction, it has several limitations. First, it relies
on direct 4D supervision from dynamic mesh sequences,
which are difficult to collect at large scale. As a result,
more diverse and larger datasets are still needed to learn
more general 4D shape priors. A promising direction is to
explore hybrid supervision combining mesh and video data
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to improve generalization. Second, our current framework
does not incorporate texture reconstruction or generation,
which is important for high-fidelity applications. Third, our
framework focuses on single-object modeling; extending it
to dynamic scenes with multiple interacting objects remains
an open challenge. Finally, our deformation priors are
learned purely from data, without incorporating physical
constraints. Integrating physics-based priors could yield
more realistic and physically plausible motion patterns for
objects such as hair, cloth, and fluids. We leave these chal-
lenges for future work.
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