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Figure 1. Our native spatio-temporal 4D VAE achieves high-quality reconstruction for both partial and complete 4D content.

Abstract
Dynamic 3D content representation is crucial for
generating moving 3D objects and scene. Existing
4D variational autoencoders (VAEs) are mainly
based on projected 2D pointmaps, which are only
incomplete and view-dependent observations that
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do not model the native 4D positional relations
between points. This often leads to projection-
induced distortions and irreversible token disloca-
tion. In this paper, we introduce a novel 4D VAE
that operates directly in native 4D space, that is dy-
namic colored voxel space, without 2D projection.
This preserves explicit spatio-temporal coordi-
nates throughout the learned encoder and decoder,
enabling both partial and complete 4D content
encoding. To support a flexible temporal compres-
sion ratio, we also design a novel spatio-temporal
window attention module that performs attention
within local 4D windows. Additionally, we pro-
pose a differentiable voxel rendering loss based on
sparse voxel rasterization to improve the geometry
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and color reconstruction quality. On 4D recon-
struction tasks, our approach improves reconstruc-
tion fidelity over pointmap VAEs and flow-based
VAEs while learning a more structurally consis-
tent latent space. We further demonstrate the gen-
erative potential of our method by training a video-
conditioned 4D diffusion model. Project website:
https://native4d.github.io/.

1. Introduction
Dynamic 3D content generation and compression have be-
come pivotal for emerging applications in virtual/augmented
reality, autonomous driving, robotics, and digital twins.
For both tasks, a powerful 4D latent presentation is crit-
ical, and these latents are learned through 4D variational
autoencoders (VAEs). Existing 4D VAE mainly rely on
pointmap-based architectures (Wang et al., 2024; Xu et al.,
2025; Chen et al., 2025b; Jiang et al., 2025b), which shows
a promising result in modeling partial observations (e.g.,
single-viewpoint scans). These works adapt the video diffu-
sion model to the pixel-aligned pointmap latent for monocu-
lar partial 4D reconstruction.

However, these 2D pointmap-based VAEs suffer some crit-
ical issues when applying to complete and high-quality
4D content compression or reconstruction. First, 2D
pointmap-based VAEs can only encode incomplete and
view-dependent observations (2D projection of a 3D scene),
and cannot model a full 4D scene geometry and appearance,
like the moving arm showing Fig. 1(c). To extend them to
full 4D, they either aggregate from arbitrary viewpoints or
extracted from dynamic meshes, making them difficult for
downstream training. Second, by projecting 3D points onto
image planes with 3D coordinates as pixel values, these
methods eliminate native 4D positional relationships be-
tween points. As results, they often introduce two types
of artifacts: (i) projection-induced distortions (e.g., motion
blur, stretching, and temporal flickering) due to the loss of
continuous spatiotemporal coherence, and (ii) irreversible
token dislocation, as 2D positional encoding fails to pre-
serve 4D coordinates. Another line of work decomposes 4D
space into static geometry and scene flow (Wu et al., 2025).
While modeling motion in 4D, this representation fails to
handle general dynamic scenes involving object appearance
and disappearance.

To overcome these constraints, we propose a novel 4D VAE
in native 4D space that preserves explicit spatiotemporal
coordinates while compressing complete 4D content. We
adopt dynamic color voxels as a unified representation to
capture both 4D appearance and motion. This choice en-
ables generalization across arbitrary dynamic scenes, includ-
ing scene content changing, and can naturally represent both

complete (Figure 1 (c), (d)) and partial (Figure 1 (a), (b))
4D. Crucially, every latent token in our framework retains
a 4D coordinate in native 4D space, eliminating projection
artifacts and enabling direct spatial-temporal manipulation.

One challenge of building a native 4D VAE is designing
a suitable network for native 4D data processing. Modern
convolutional operators (Paszke et al., 2019) do not natively
support 4D convolution for voxel encoding, unlike in video
VAEs (Wan et al., 2025). A naive workaround is to de-
compose a 4D convolution into separate 3D spatial and 1D
temporal convolutions. However, this approach processes
spatial and temporal information in isolated stages, result-
ing in indirect spatio-temporal modeling. To enable more
natural interaction between spatial and temporal features,
we propose a transformer-based spatio-temporal module
(STD/STU) that divides the voxel sequence into local 4D
windows and performs attention-based encoding and decod-
ing. This design also allows our VAE to support flexible
temporal compression ratios, enabling joint training across
sequences with varying frame counts.

Another challenge of training native 4D presentations is
suitable training loss for 4D data. Supervision based solely
on common losses such as BCE (Goodfellow et al., 2016),
DICE (Milletari et al., 2016), or MSE (Ruppert, 2004) often
leads to overly smooth reconstructions. To mitigate this,
we introduce a novel voxel rendering loss that significantly
improves both geometric and color reconstruction quality.

The last challenge of 4D VAE is data format unification.
Since our VAE operates directly in native 4D voxel space,
all 4D data can be represented as dynamic voxels for train-
ing. However, directly converting raw 4D data, such as
depth videos, into sequences of dynamic voxels often re-
sults in spatial discontinuities that can hinder network con-
vergence. To address this, we propose a new preprocess-
ing pipeline that first converts input data into a depth-based
mesh sequence, from which continuous and consistent voxel
sequences are generated.

Experiments on 4D VAE reconstruction tasks show that
our proposed VAE outperforms existing point map-based
VAEs and flow-based VAEs (Wu et al., 2025) in reconstruc-
tion quality and temporal stability. Our model not only
reduces artifacts but also learns a more direct and struc-
turally consistent latent space for 4D content. Furthermore,
we demonstrate the generative potential of our representa-
tion by training video-conditioned 4D diffusion models on
Hot3D (Banerjee et al., 2025) dataset. These results con-
firm that our 4D VAE can serve as an efficient backbone for
high-fidelity 4D generative modeling.

2. Related Work
Recent progress in dynamic scene reconstruction (Wang
et al., 2025a) and 4D generation increasingly leverages

2

https://native4d.github.io/


Native Spatio-temporal 4D Variational AutoEncoder

strong image/video priors to predict geometry in the
form of 2D-aligned maps or point-based representations.
Geo4D (Jiang et al., 2025b) and GeometryCrafter (Xu et al.,
2025) repurpose large video generators to infer dynamic
geometry by predicting multiple complementary geomet-
ric maps (e.g., point/disparity/ray-maps) from monocular
videos, demonstrating strong generalization from synthetic
training to real data. In parallel, feed-forward 4D genera-
tion frameworks such as 4DNeX generate dynamic point
clouds from a single image by adapting pretrained video
diffusion models and modeling spatiotemporal RGB/XYZ
trajectories (Chen et al., 2025b). While effective for view-
conditioned or partially observed settings, these paradigms
naturally inherit view dependence and typically compress
4D structure into 2D-arranged tokens, which makes them
less suitable as a holistic 4D compression backbone when
native spatiotemporal coordinates must be preserved. More
discussion of related work can be found in the appendix.

3. Methodology
Our 4D VAE is designed as follow. Given a raw 4D input
(e.g., depth video or inherent 4D content), the first stage is to
convert it into a sequence of dynamic colored voxels: V =
fvi 2 RN�CgMi=1; where C = 6 denotes voxel attributes (3
coordinates and 3 color channels), N is the voxel count of
each frame, and M is the total number of frames. Details of
this stage will be described in Sec. 3.1.

The next stage is the actual latent feature learning using
VAE. The encoder part E is trained to perform spatio-
temporal compression, yielding latent tokens L = fli 2
RN 0�C0gM 0

i=1; where N 0 � N is the token count and
M 0 < M is the compressed number of frames (typically
M 0 = M=4, following video VAE settings). A decoder
D then reconstructs high-resolution voxel sequences from
these latents L. To support native 4D space VAE, we de-
sign a novel network structured, described in Sec. 3.2 and
Sec. 3.3. Also, we design a novel loss function to enhance
visual quality, described in Sec. 3.4 and Sec. 3.4.2. We now
describe each component in detail.

3.1. Preprocessing

To accommodate heterogeneous 4D data sources—such
as single-view RGB-D video, multi-view aggregated point
cloud sequences, or dynamic mesh sequences—we unify
them into a common representation: dynamic colored voxel
sequences.

A straightforward pipeline is to extract 4D point clouds from
raw data and voxelize them. For example, depth videos
can be back-projected into 3D point clouds using camera
intrinsics and extrinsics, followed by voxelization. How-
ever, these back-projected point clouds often exhibit spatial
discontinuities (e.g., gaps between adjacent points), which
persist after voxelization, as shown in Figure 3 (a). Since

our method explicitly models spatio-temporal coherence,
such inconsistencies hinder accurate occupancy inference
in continuous 4D volumes.

To address this, we introduce an additional preprocessing
step that first converts raw data into 4D mesh sequences
Figure 3 (b). Specifically, we adopt the Depth-to-Mesh (Hu
et al.) method, which connects neighboring back-projected
points into mesh faces and applies filtering to produce clean
mesh sequences. These mesh sequences are then voxelized,
with color values blended within each voxel, resulting in a
consistent and high-quality dynamic voxel representation.

3.2. Native Spatio-Temporal Window Attention Module

One way to encode dynamic 3D data is to mimic the process
used by video VAEs for handling video sequences. Standard
video VAEs rely heavily on 3D convolution operators for
encoding h�w�t patches. However, the naive extension to
4D convolution over (x; y; z; t) is not supported in common
frameworks (e.g., PyTorch (Paszke et al., 2019)). Instead
of adopting the naive solution to decouple 4D convolution
into cascaded blocks of 3D convolution and 1D convolution,
we leverage transformers to encode tokens directly in native
4D space. The use of attention for 4D modeling enables
efficient information aggregation in 4D and supports flexible
temporal compression ratio. Specifically, we propose a
Spatio-Temporal Downsampling (STD) Block to compress
tokens and use a Spatio-Temporal Upsampling (STU) Block
to decode tokens in both spatial and temporal dimensions.

Spatio-Temporal Downsampling (STD) Block. Given
a voxel token sequence S = f si 2 RN�C gMi=1; where
each si carries per-voxel 4D coordinates pi 2 RN�4 and
M is the number of frames, our goal is to compress S both
temporally and spatially into S0 = f s0j 2 RN 0�C gbM=�c

j=1 ;
with temporal ratio � 2 N and spatial ratio 
 > 1 (so that
N 0 � N=
3 for uniform grids).

Spatial downsampling. We first obtain spatially downsam-
pled tokens via sparse convolution:

ŝi = SparseConv
�
si; factor = 


�
2 RN

0�C ; (1)

where i = 1; : : : ;M:

4D positional encoding. We add frequency-based 4D po-
sitional encodings (extended from the 3D variant in (Wan
et al., 2025)) to both resolutions:

si  si+PosEnc(pi); ŝi  ŝi+PosEnc
�

x̂i; 
ŷi; 
ẑi; t̂i

�
;

(2)
where pi = (xi; yi; zi; ti) 2 RN 0�4 are the coordinates
associated with ŝi and the spatial scaling 
 aligns the coarse
tokens with the �-frame groups defined below.

Windowing and cross-scale attention. To avoid the pro-
hibitive cost of global 4D attention, we partition the
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Figure 2. Overall framework of our native spatio-temporal 4D VAE.

(x; y; z; t) domain into local 4D windows. LetW! (�) select
tokens that fall into spatial window !. For the j-th group

Gj = f i j i 2 [�(j � 1) + 1; �j] g; (3)

we aggregate information by querying from the coarse to-
kens and attending to the union of �ne and coarse tokens
within each window:

Qj;!| {z }
queries

= W !

�
f ŝ i gi2G j

�
;

K j;! ; Vj;!| {z }
keys/values

= W !

�
f s i gi2G j [ f ŝ i gi2G j

�
;

(4)

~s0
j;! = MHA

�
Qj;! ; K j;! ; Vj;!

�
+ FFN

�
Qj;!

�
; (5)

and we collect window outputs, average tokens within the
same spatial position but different temporal index to form

s0
j = Merge

�
f~s0

j;! g
�

2 RN 0�C : (6)

Intuitively, Eq. (4) lets each coarse token̂si (queries) ab-
sorb temporally local and spatially neighboring information
from both resolutions, yielding compressed tokensS0 that
preserve native 4D structure.

Spatio-Temporal Upsampling (STU) Block. GivenS =
f ŝ i 2 RN�C gM

i=1 , STU symmetrically upsamples tokens
to S0 = f s 0

j 2 RN 0�C g�M
j=1 ; with the same temporal factor

� and a spatial upsampling ratio 
.

Temporal expansion with 4D PE. Eachŝi is expanded to�
�ner time steps. Let̂pi = (x̂ i ; ŷi ; ẑi ; t̂ i ) be its coordinates;
we generate
�

ŝ(k)
i

� ��1
k=0 =

�
ŝi + PosEnc

�
x̂ i ; ŷi ; ẑi ; � t̂ i + k

� � ��1
k=0 :

(7)

Windowed fusion by attention. For each target �ne frame
index j and window! , we build queries from the tempo-
rally expanded tokens and keys/values from the union of
expanded tokens:

Qj;! = W !
�
fŝ (k)

i g(i;k)7!j
�
;

K j;! ; Vj;! = W !
�
fŝ (k)

i g(i;k)7!j [ fs i g
�
;

(8)

where(i; k) 7! j denotes the mapping from the coarse index
i and sub-framek to the �ne framej = i� + k . Windowed
attention and merging give

ŝj = Merge
� �

MHA(Q j;! ; K j;! ; Vj;! )+FFN(Q j;! )
	

!

�

(9)

Spatial upsampling. We then spatially lift tokens by sparse
up-convolution:

s0
j = SparseUpConv

�
ŝj ; factor = 


�
2 RN 0�C : (10)

3.3. Architecture

We instantiate the VAE with the above STD/STU blocks.
For the encoder, given a dynamic colored voxel sequence
V = fv i 2 RN�C gM

i=1 , we �rst concatenate camera
Plücker embeddings per voxel:

vi  
�

vi ; Plucker(vi � o i ; oi )
�
; (11)

whereoi is the camera origin of thei -th frame. Camera
information is injected only in the encoder. We then apply
several spatial-only sparse 3D convolution downsampling
blocks to obtain

si = SparseConv(vi ) 2 R
~N�D : (12)

4


