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Motion2VecSets: Non-Rigid Shape
Reconstruction and Tracking with

4D Latent Set Diffusion
Jiapeng Tang, Wei Cao, Biao Zhang, Chang Luo, Yaoyao Liu, Matthias Nießner

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.
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1 INTRODUCTION

R 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-

• Jiapeng Tang, Chang Luo, and Matthias Nießner are with the Technical
University of Munich, Germany. Jiapeng Tang and Matthias Nießner are
also with the Munich Center for Machine Learning (MCML).

• Biao Zhang is with King Abdullah University of Science and Technology.
• Wei Cao and Yaoyao Liu are with the University of Illinois Urbana-

Champaign.
• The first four authors contributed equally to this work.
• Jiapeng Tang (jiapeng.tang@tum.de) and Wei Cao (weicao3@illinois.edu)

are the corresponding authors.

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:

https://vveicao.github.io/projects/Motion2VecSets/
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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 Model-
Free

4D
Recon.

Inputs Probabilistic
Outputs

Points Images Voxels

SMPL [10] – ✗ ✓ – – – –
MANO [12] – ✗ ✓ – – – –

DeepSDF [19] Single ✓ ✗ ✓ ✗ ✗ ✗

OccNet [20] Single ✓ ✗ ✓ ✓ ✓ ✓

ConvOccNet [21] Multiple ✓ ✗ ✓ ✗ ✓ ✓

3DShape2VecSet [22] Multiple ✓ ✗ ✓ ✓ ✗ ✓

Oflow [15] Single ✓ ✓ ✓ ✓ ✗ ✓

LPDC [16] Single ✓ ✓ ✓ ✗ ✗ ✗

CaDex [17] Single ✓ ✓ ✓ ✗ ✗ ✗

DNF [23] Single ✓ ✓ ✗ ✗ ✗ ✗

Ours Multiple ✓ ✓ ✓ ✓ ✓ ✓

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:

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

� 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.

� 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.

� 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-
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Fig. 2: Overview Pipeline of Motion2VecSets. Our method consists of two stages: 4D latent set representation learning
and 4D latent set diffusion. In the �rst stage, the Shape Autoencoder encodes the �rst reference frame into a shape latent set
S 2 RM�C s The Deformation Autoencoder encodes each pair of point clouds formed between the �rst and a subsequent frame
into a deformation latent set D t 2 RM�C d . Stacking all D t across time yields a motion latent tensor D 2 R (T �1)�M�C d .
In the second stage, given a sequence of multi-modal observations fI t gT

t=1 (e.g., images, voxels, or point clouds), we use
modality-speci�c encoders to extract conditioning embeddings C. Conditioning on C 1, the Shape Latent Diffusion denoises
a noisy shape latent to reconstruct the occupancy �eld of the reference frame via the frozen shape decoder. A surface
mesh can be obtained via iso-surface extraction. Conditioning on C2; : : : ; CT , 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 �ow �elds, which deform the reference mesh over time.

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

2.1 3D Shape Representation and Reconstruction

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

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 speci�c 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 prede�ned domains. However,
their reliance on �xed 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 �elds [18], [44], [45] have gained widespread at-
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