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Abstract

Recent advances in deep learning-based 3D representation
have achieved remarkable success, particularly in modeling
static high-fidelity geometries. However, the extension of
these techniques to dynamic 3D scenes introduces a criti-
cal challenge of effectively representing spatio-temporal de-
pendencies, i.e., jointly modeling detailed spatial structures
within frames and temporal dynamics across frames. To ad-
dress this challenge, this paper proposes that the tempo-
ral evolution observed in dynamic 3D scenes is fundamen-
tally attributable to the deformation of underlying spatial
structures. To capture this relationship, we introduce a uni-
fied continuous 4D latent space representation incorporating
a structure-equivalence prior, named SEP-4D. The core of
SEP-4D is an efficient 4D tensor decomposition-fusion ap-
proach. This method fuses decomposed learnable 2D fea-
ture planes via a plane-wise spatio-temporal fusion mecha-
nism of planar distributions, explicitly enforcing the princi-
ple that temporal evolution originates from geometric defor-
mations of the 3D structure. To mitigate the associated com-
putational demands, we sample the 3D probability volumes
generated by VAE-based fusion into a spatio-temporally con-
sistent 4D latent representation. The efficacy of our approach
is validated through experiments on the fundamental task of
4D occupancy reconstruction. Extensive results demonstrate
that, by leveraging the inherent equivalence of temporal dy-
namics and structural deformation, our method achieves high-
quality reconstruction across various sequence lengths. No-
tably, for 4-frame scenes, we attain an impressive 91.68%
mIoU, significantly outperforming state-of-the-art baselines
on standard benchmarks.

Code — https://github.com/BUCT-IUSRC/SEP-4D

Introduction
Understanding and representing dynamic 3D scenes is a fun-
damental challenge in computer vision, with profound im-
plications for autonomous driving (Wang et al. 2024; Bian
et al. 2024), robotics (Mittal et al. 2023), medicine (Lai et al.
2025), and AR/VR applications (Engel et al. 2023). While
neural fields (Mildenhall et al. 2021; Yariv et al. 2021) and
discrete representations (Choy et al. 2016; Groueix et al.
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Figure 1: Comparison between (a) conventional tokenizer
and (b) our proposed SEP-guided 4D representation tok-
enizer (SEP-4D). In (a), an encoder transforms the input
dynamic 3D scene into latent embedding zt, which are di-
rectly quantized into discrete tokens. In (b), SEP-4D em-
ploys a planar encoder to fuses learnable feature planes Pk

via a plane-wise spatio-temporal fusion mechanism. By SEP
guided, SEP-4D represents dynamic 3D scene into a unified
continuous 4D latent space representation, which enforcing
that temporal evolution originates from geometric deforma-
tions of the 3D structure.

2018; Achlioptas et al. 2018; Fan, Su, and Guibas 2017)
have advanced static 3D reconstruction, extending these to
dynamic scenes introduces prohibitive computational costs
and unstructured optimization challenges (Cao and John-
son 2023). Critically, dynamic 3D scenes demand rigorous
spatio-temporal consistency, where physical plausibility re-
quires continuous geometric deformation rather than dis-
crete frame-by-frame approximations.

Recent approaches have extensively investigated solu-
tions to achieve spatio-temporal consistency. As shown in
Figure 1 (a), exploiting the natural autoregressive property
of videos, some methods (Zheng et al. 2024; Zhu et al.
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2025; Zhuo et al. 2025; Pumarola et al. 2021) leverage vec-
tor quantization with learnable codebooks (Van Den Oord,
Vinyals et al. 2017) to discretize 3D representations into
tokens. These approaches recursively derive current token
representations from previous ones. Although achieving im-
pressive results, their recursive pipelines incur unpredictable
computational overhead and inference latency when gen-
erating fine-grained 4D representations, along with severe
error accumulation in long-sequence reconstruction (Liao
et al. 2025). More critically, the autoregressive paradigm ne-
glects a fundamental constraint of dynamic 3D reconstruc-
tion: spatial structures evolve under stricter temporal conti-
nuity than sequential video data.

To tackle the limitation of weak integration of motion and
structure in dynamic 3D space, recent works have explored
structured representations such as K-Plane (Fridovich-Keil
et al. 2023) demonstrates that a d-dimensional scene can
be decomposed into k planar representations, while Hex-
Plane (Cao and Johnson 2023) further validates the ef-
fectiveness of compressing spatio-temporal data into six
2D feature planes aligned with spatial and spatio-temporal
axes. However, simple combinations (e.g., concat, hadamard
product) of 2D planes often fail to capture the intricate in-
terdependencies between spatial and temporal dimensions,
resulting in sub-optimal reconstruction and limited general-
ization to unseen scenarios.

In this context, this work posits that a unified 4D latent
representation can more effectively model structural depen-
dencies than simple combinations of 2D planes. This advan-
tage stems from a strong prior: the temporal evolution in
dynamic 3D scenes fundamentally corresponds to the de-
formation of underlying spatial structures. This insight
naturally raises the question: Can we construct a unified,
continuous 4D latent space that intrinsically encodes such
structured spatio-temporal regularity, enabling efficient dy-
namic 3D reconstruction? Therefore, addressing this core
question, we argue that an effective unified 4D represen-
tation must satisfy the following conditions: 1) maintain
the fine-grained structure of the high-dimensional 4D ten-
sor (3D + temporal 1D); 2) ensure intrinsic temporal coher-
ence through a unified spatio-temporal representation. Un-
fortunately, none have yet achieved all of these objectives
simultaneously.

To this end, this paper proposes a unified, continuous
4D latent space representation for dynamic 3D scene re-
construction, by constraining the inherent spatial regularity
of these scenes within the latent space. As shown in Fig-
ure 1 (b), our core innovation is that the dynamic 3D scene
is encoded into a highly compressed latent 3D probability
space following a unified distribution, which is achieved by
a feature-plane-based representation combined with a VAE-
based compressor. Subsequently, the results sampled from
this 3D probability space are transformed into a unified
structured 4D latent space representation with a plane-wise
spatio-temporal fusion mechanism of planar distributions. In
contrast to simple combinations of 2D planes, which fail to
model complex spatio-temporal dependencies, our approach
enforces the key prior that the temporal evolution of dy-
namic 3D scenes is governed by smooth geometric transfor-

mations rather than arbitrary per-frame changes. Extensive
experiments demonstrate that our method outperforms other
state-of-the-art methods in terms of reconstruction accuracy
and computational efficiency in 4D occupancy reconstruc-
tion, particularly excelling in long-sequence scenarios.

Our main contributions can be summarized as follows:

• A structure-equivalent prior (SEP) is proposed that for-
mally establishes the intrinsic equivalence between tem-
poral dynamics and spatial structural evolution in dy-
namic 3D scenes. This foundational principle addresses
the critical limitation of weak spatio-temporal integration
observed in existing approaches.

• Building on SEP, we develop a continuous 4D la-
tent space representation (SEP-4D) constructed through
probabilistic plane decomposition and plane-wise spatio-
temporal fusion. Our representation uniquely enforces
that temporal transitions originate from smooth geomet-
ric deformations.

• Superior performance is demonstrated through valida-
tion of the intuitive benchmark task of 4D occupancy re-
construction. SOTA alternatives across varying sequence
lengths while requiring only two NVIDIA A6000 GPUs.

Related Work
Dynamic 3D Reconstruction
Dynamic 3D reconstruction aims to recover the evolving 3D
geometry and appearance of a scene or object from mul-
tiview observations captured over time. Early neural ap-
proaches modeling scenes in the 3D domain with time to
address dynamic characteristics. NeRF-T (Wang et al. 2021;
Xian et al. 2021) consider time as an additional input di-
mension to NeRF representation (Shao et al. 2023), while
D-NeRF (Pumarola et al. 2021) maps deformations of non-
rigid scenes at different time instances to a shared, static
canonical space via a deformation network, followed by
standard NeRF-style rendering in this space by a canonical
network. TiNeuVox (Fang et al. 2022) introduces a highly
efficient framework by leveraging time-aware neural vox-
els to overcome the limitations of explicit representations
in modeling temporal dynamics. However, these NeRF vari-
ants (Müller et al. 2022; Sun, Sun, and Chen 2022; Liu et al.
2020) still bear a non-negligible latency in the rendering pro-
cess (Wu et al. 2024).

Recently, some studies have explored the use of VAE tok-
enizers to represent dynamic 3D scenes for high-quality rep-
resentations in downstream tasks. OccWorld (Zheng et al.
2024) tokenizes 3D occupancy into discrete tokens using
a reconstruction-based scene tokenizer, then employs an
autoregressive transformer to sequentially generate future
scene and ego tokens to decode upcoming occupancy states
and trajectories. I 2-World (Liao et al. 2025) introduces dual
spatio-temporal tokenizers and a controlled encoder-decoder
architecture to autoregressively generate consistent 4D oc-
cupancy forecasts. To avoid the appearance drift introduced
by the autoregressive architecture, AR4D (Zhu et al. 2025)
incorporates a refinement stage based on a global deforma-
tion field and the geometry of the 3D representation of each
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Figure 2: The overall framework of proposed SEP-4D. Encoder: Convolutional network fθ encodes dynamic 3D scenes into
feature planes Pk via planar factorization. Fusion: Unified 4D representation zt is obtained by sampling Pk distributions with
plane-wise spatio-temporal fusion mechanism gθ. Decoder: After expansion in time dimension, zt is decoded through multi-
layer residual networks for scene reconstruction.

frame. Meanwhile, VAT (Zhang, Xiong, and Xu 2024) inves-
tigates the feature collapse problem that arises when extend-
ing 2D tokenizers to 3D representations, where the inher-
ent lack of sequential order in 3D data impedes compression
into fewer tokens while preserving structural details. We ob-
serve that all these recently methods typically leverage VAE-
based tokenizers to quantize 3D representations into discrete
tokens, enabling autoregressive or masked generative mod-
eling within this latent space. However, discrete tokeniza-
tion of continuous 3D geometry inherently compromises the
representation of time-varying fine structural details (Zhang,
Xiong, and Xu 2024). In contrast to these token-based ap-
proaches, our work establishes a continuous latent space for
dynamic 3D scene reconstruction, breaking the limitations
of discrete representations.

Structured 4D Representations
Representing dynamic 3D scene remains a challenging topic
due to the curse of dimensionality. An increasingly pop-
ular direction focuses on factorizing 4D spatio-temporal
representations into structured and learnable components.
This class of methods is motivated by the observation that
dynamic 3D scenes often exhibit strong geometric regu-
larities and smooth temporal evolution, which can be ex-
ploited through lower-dimensional decompositions to im-
prove both efficiency and generalization (Chan et al. 2022).
D-TensoRF (Jang and Kim 2022) considers the radiance
field of a dynamic scene as a 5D tensor and decomposes
the grid into rank one vector components or low-rank ma-

trix components. Tensor4D (Shao et al. 2023) projects a
unified 4D tensor into three temporal-aware volumes, fur-
ther decomposed into nine compact feature planes for dy-
namic scene reconstruction and rendering. HexPlane (Cao
and Johnson 2023) shows that dynamic 3D scenes can be
explicitly represented by six planes of learned features,
which is less redundant compared to Tensor4D. While K-
Plane (Fridovich-Keil et al. 2023) presents the first inter-
pretable model capable of representing radiance fields in
arbitrary dimensions by decomposing any d-dimensional
scene into k planar representations. Inspired by HexPlane,
4DGS (Wu et al. 2024) efficiently decomposes 4D neu-
ral voxels and constructs Gaussian features, followed by
a MLP that predicts Gaussian deformations at new times-
tamps. Despite their effectiveness, these methods mostly
rely on oversimplified fusion mechanisms, such as concate-
nation or element-wise operations, which fail to capture the
complex nonlinear dependencies between space and time,
especially in chaotic motion.

In this paper, we introduce a unified and continuous 4D
latent representation guided by SEP, which extends the ben-
efits of structured decomposition and enforces temporal evo-
lution as a continuous deformation of the underlying spatial
structure.

Method
Preliminaries: VAE Tokenizer for Representation
Recent approaches that employ VAE-based tokenizers to
represent image features have achieved remarkable results.
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Figure 3: Qualitative visualization of reconstruction results on CarlaSC. (a) is the reconstruction scenes from the 1st, 8th, and
16th frames. (b) visualizes detailed reconstructions of the 16th frame. It can be observed that, owing to the structure-equivalent
prior, SEP-4D effectively captures structural features in static and dynamic scenarios, whereas DynamicCity produces inferior
reconstructions.

Notably, NAR (He et al. 2025) investigates how the inher-
ent spatial and temporal locality of tokens and their neigh-
bors influences 2D image and 3D video representations, ex-
plicitly modeling the Manhattan distance between tokens.
This naturally raises the question of whether such a tempo-
ral–structure prior could similarly enhance 4D representa-
tions. Furthermore, VAT (Zhang, Xiong, and Xu 2024) ex-
amines the issue of feature collapse that arises when extend-
ing discrete VAE tokenizers from 2D representation to 3D.
These observations motivated us to propose the structure-
equivalent prior (SEP). By embedding SEP directly into the
4D latent space representation, we aim to better support
downstream tasks.

SEP-guided 4D Latent Space Represtentation
Dynamic 3D scenes inherently couple temporal evolution
with spatial structural changes—a fundamental physical
prior overlooked by existing 4D representations. Formally,
let a dynamic 3D scene be represented as a time-varying
function S(x, t) : R3 × R+ 7→ Rn, where x ∈ R3 de-
notes spatial coordinates and t ∈ R+ time. Therefore, this
physical prior can be formulated as:

∂S
∂t

≡ f (∇xS) (1)

while ∂S
∂t represents the temporal rate of change of the scene,

∇xS denotes the spatial gradient, f is an unknown deforma-
tion functional governing how spatial gradients drive tempo-
ral changes. This axiom implies that infinitesimal temporal
evolution ∆T must derive from smooth spatial deformations
∆X .

Conventional approaches such as HexPlane (Cao and
Johnson 2023) and K-Plane (Fridovich-Keil et al. 2023) de-
couple temporal and spatial factors through simple composi-

tions (e.g., concatenation or Hadamard products), which can
be formulated as:

z(plane)
t =

6⊕
k=1

P(k) (2)

while P(k) ∈ R2 are 2D feature planes, ⊕ denotes sim-
ple composition, zt represents a d-dimensional latent vec-
tor. However, this formulation violates the SEP because it
fails to enforce the intrinsic relationship between the tempo-
ral derivative ∂

∂t and the spatial gradient ∇x in Equation (3),
making it impossible to ensure spatio-temporal continuity
and physical plausibility.

However, Equation (2) violates the core prior proposed
in this paper, SEP. This is because, after simply combining
multiple 2D feature planes, there is no inherent relationship
between the temporal derivative ∂

∂t and the spatial gradient
∇x in Equation (3), making it impossible to ensure spatio-
temporal continuity and physical plausibility, leading to re-
construction artifacts and poor generalization. As shown in
Figure 3, the encoder inherited from HexPlane in Dynamic-
City (Bian et al. 2024) exhibits significant detail distortion.

∂

∂t

(
P(xy) ⊕ P(tx)

)
̸∝ ∇x

(
P(xy) ⊕ P(tx)

)
(3)

As shown in Figure 1, to bridge this gap, we introduce
a VAE encoder E that projects dynamic 3D scenes into a
unified 4D latent space:

zt = gθ(E(S(·, t))); zt ∈ Rd (4)

while gθ is a learnable fusion network that represents our fu-
sion mechanism. Therefore, this design ensures the SEP in
Equation (5). The operator h represents the spatio-temporal
Jacobian transformation intrinsically defined by the fusion
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Dataset Resolution Frames Classes OccSora DynamicCity SEP-4D (ours)

mIoU mIoU Training Time mIoU Training Time

CarlaSC

128×128×8 4 10 41.01%† 76.25% 1912 s 91.68% (+15.43%) 1474 s
128×128×8 8 10 39.91%† 70.61% 2509 s 85.33% (+14.72%) 2712 s
128×128×8 16 10 33.40%† 66.07% 2037 s 76.41% (+10.34%) 2585 s
128×128×8 32 10 28.91%† 59.31%† 5891 s 68.47% (+9.16%) 6639 s
128×128×8 64 10 - 47.17% 11156 s 56.80% (+9.63%) 13208 s

Table 1: We compare the 4D scene reconstruction performance between OccSora, DynamicCity and our SEP-4D framework
across the CarlaSC datasets. Results are reported under varying voxel resolutions and sequence lengths. Scores marked with †
are taken directly from the DynamicCity paper, other results are reproduced using the official codebase.

mechanism gθ, which establishes a differentiable correspon-
dence between spatial structural deformations ∇xzt and
temporal evolution rates ∂zt

∂t .

∂zt
∂t

= h (∇xzt) (5)

The Unified 4D Reconstruction Framework
Planar Factorization Encoder. As shown in Figure 2, given
input dynamic 3D scene S(x, t), we first utilize a shared 3D
convolutional feature extractor fθ(·) to extract and down-
sample features from each occupancy frame, resulting in a
feature sequence Stxyz ∈ RT×C×X×Y×Z .

To maintain the fine-grained structure of the
high-dimensional 4D tensor, we decompose Stxyz into
six orthogonal planes:

P = {Pxy,Pxz,Pyz,Ptx,Pty,Ptz} = PF(Stxyz) (6)

where PF denotes the planar factorization operator. Each
plane is encoded into a probability distribution via VAE in
Equation (7) and then sample from these distributions in
Equation (8).

Nk(µk, σk) = Ek(Pk), k ∈ {xy, xz, yz, tx, ty, tz} (7)

P̃k ∼ Nk(µk, σk) (8)

The sampled planes are fused through a plane-wise
spatio-temporal fusion mechanism of planar distributions:

zt = gθ

(
P̃xy, P̃xz, P̃yz, P̃tx, P̃ty, P̃tz

)
(9)

We employ an MLP within the plane-wise spatio-
temporal fusion mechanism gθ to establish a mapping be-
tween spatial structure and temporal evolution. The fusion
mechanism gθ enforces the SEP through its architectural de-
sign:

gθ(·) = MLP

 ∑
k∈Sspatial

ϕk ⊗ P̃k,
∑

k∈Sspatio-temporal

ψk ⊙ P̃k


(10)

where Sspatial = {xy, xz, yz}, Sspatio-temporal = {tx, ty, tz},
ϕk, ψk represent Geometry-aware attention weights, ⊗ and
⊙ respectively enforce spatial structural consistency and
temporal coherence.

Through this learnable fusion network gθ, we obtain a 4D
latent space representation by sampling from a unified dis-
tribution. The latent vector zt in Equation (9) therefore takes
the form of a 3D tensor, zt ∈ RC×X×Y×ZT .
Multi-layer Residual Decoder. To reconstruct S ′

from the
learned 4D latent space representation zt, we first expand
the channel dimension of z(exp)

t to match the shape of Stxyz

in Equation (6):

z(exp)
t = gθ(E(zt)) ∈ RT×C×X×Y×Z (11)

This expanded latent representation is then processed by a
hierarchical 3D transposed convolutional network that pro-
gressively upsamples the features while maintaining struc-
tural fidelity. To stabilize training and improve the repre-
sentational capacity of the decoder, we adopt residual con-
nections within each convolutional block. Specifically, each
block learns the residual mapping over the input feature, al-
lowing the model to preserve low-level spatial details while
refining high-level semantic representations. This design
helps mitigate feature collapse and oversmoothing in high-
dimensional data reconstruction.

During training, both encoder parameters {Ek, gθ} and
decoder parameters Dθ are jointly optimized, enabling si-
multaneous compression of dynamic 3D scenes into uni-
fied 4D latent representations and SEP-guided reconstruc-
tion that intrinsically couples spatial deformations with tem-
poral evolution.

Experiments
Experimental Setups
Datasets. CarlaSC (Wilson et al. 2022) dataset contains 6
training scenes, each duplicated into Light, Medium, and
Heavy based on traffic density. Each scene lasts approxi-
mately 180 seconds and is sampled at a frequency of 10 Hz.
This dataset contains 22 semantic categories, and the scene
resolution is 128 × 128 × 8, covering a region 25.6 meters
around the ego vehicle, with a height of 3 meters.
Evaluations Metrics. We evaluate the reconstruction qual-
ity of our VAE-based model using standard 3D segmen-
tation metrics. Specifically, we report the overall Intersec-
tion over Union (IoU) across the entire voxel space to as-
sess holistic accuracy, and the mean Intersection over Union
(mIoU) across semantic categories to measure category-wise
fidelity.
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Resolution: 128× 128× 8 Sequence Length: 8†

OccSora 39.910 33.001 3.260 5.659 19.224 19.357 93.038 57.335 85.551 30.899 51.776
DynmicCity 76.181 70.874 50.025 52.433 87.958 85.866 97.513 83.074 93.944 58.626 81.498
SEP-4D (ours) 85.330 76.858 52.433 81.788 96.255 92.638 98.542 93.703 97.318 71.955 91.810
Improv. +9.149 +5.984 +2.408 +29.355 +8.270 +6.772 +1.029 +10.629 +3.374 +13.329 +10.321

Resolution: 128× 128× 8 Sequence Length: 16†

OccSora 33.404 19.264 2.205 3.454 11.781 9.165 92.054 50.077 82.594 18.078 45.363
DynmicCity 74.223 66.852 51.901 49.844 79.410 82.369 96.937 84.484 94.082 58.217 78.134
SEP-4D (ours) 76.408 68.433 55.092 44.034 80.445 84.691 97.843 85.101 95.020 60.428 92.993
Improv. +2.175 +1.581 +3.182 -5.810 +1.035 +2.322 +0.906 +0.617 +0.938 +2.211 +14.859

Resolution: 128× 128× 8 Sequence Length: 32†

OccSora 28.911 16.565 1.413 0.944 6.200 4.150 91.466 43.399 78.614 11.007 35.353
DynmicCity 59.308 52.036 25.521 29.382 56.811 57.876 94.792 78.390 89.955 46.080 62.234
SEP-4D (ours) 68.473 57.428 33.551 37.587 71.618 68.744 96.104 81.383 97.245 57.472 83.598
Improv. +9.165 +5.392 +8.03 +8.205 +14.807 +10.868 +1.312 +2.993 +7.29 +11.392 +21.364

Resolution: 128× 128× 8 Sequence Length: 64

DynmicCity 47.167 44.869 10.533 10.294 39.476 32.211 86.832 68.131 83.453 42.178 53.693
SEP-4D (ours) 56.798 50.137 13.110 19.186 44.793 43.224 93.782 83.883 89.179 48.252 82.434
Improv. +9.631 +5.268 +2.577 +8.892 +5.317 +11.013 +6.95 +15.752 +5.726 +6.074 +28.7

Table 2: Comparisons of Per-Class IoU Scores. We compared the performance of OccSora (Wang et al. 2024), DynamicC-
ity (Bian et al. 2024) and our SEP-4D framework on CarlaSC (Wilson et al. 2022) across 10 semantic classes. Scores marked
with † are taken directly from the DynamicCity paper; other results are reproduced using the official codebase.

Implementation Details. Our experiments are conducted
using two NVIDIA A6000 GPUs. During the VAE training
stage, the batch size is set to 2 for sequence lengths of 4 and
8, and 1 for sequence lengths of 16, 32, and 64. The loss
weights for Lovász-softmax and cross-entropy are set to 1,
while the weight for the KL term is set to 0.005. The ini-
tial learning rate for VAE is set to 10−3, and we adopt the
MultiStepLR scheduler.

Dynamic 3D Scene Reconstruction
Comprehensive Validation Across Various Sequence
Lengths. To further verify the superiority of our method on
different sequence length occupancy reconstruction tasks,
we conducted comprehensive experiments on the Car-
laSC (Wilson et al. 2022) dataset with varying numbers of
input frames: 4, 8, 16, 32, and 64. As summarized in Table 1,
our method consistently outperforms DynamicCity (Bian
et al. 2024), achieving significant mIoU improvements of
15.43, 14.72, 10.34, 9.16, and 9.63. Whether using short
or long input sequences, SEP-4D demonstrates stronger re-
construction capability, indicating the robustness of our ap-
proach across different temporal scales. Notably, even when
given an ultra-long input sequence of 64 frames, our model
still maintains high mIoU and IoU scores, showcasing strong
robustness and excellent scalability.

To better illustrate the model’s temporal modeling ca-
pacity, Figure 3 presents visualizations of predicted frames
at different time steps (t = 1, 8, 16) under the 16-frame
input setting. Figure 5 presents visualizations of SEP-4D
vs. DynamicCity (Bian et al. 2024) across different se-
quence lengths. SEP-4D achieves the best reconstruction ac-
curacy across all sequence lengths under comparable train-
ing time. In summary, our method consistently produces
structurally more accurate and temporally coherent recon-
structions across all time steps, further demonstrating its su-
perior temporal modeling capability and consistent semantic
representation over time.
The mIoU of specific categories. SEP-4D achieves higher
reconstruction accuracy across different semantic cate-
gories, we report the mIoU results for each category, as
shown in Table 2. SEP-4D achieves significant performance
improvements across all semantic categories. This demon-
strates that SEP-4D does not rely on a few high-frequency
categories to boost the overall mIoU, but possesses strong
generalization and modeling capabilities across all cate-
gories, thereby achieving a more balanced and robust recon-
struction performance.
Convergence rate. SEP-4D framework exhibits superior
training convergence efficiency in the occupancy reconstruc-
tion task. As shown in Figure 4, SEP-4D converges signifi-
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Figure 4: Training dynamics of SEP-4D vs. DynamicCity on
CarlaSC. The x-axis is the training steps and the y-axis is the
training loss. SEP-4D converges faster than DynamicCity in
the early training phase and performs better in the long run.

Fusion Method mIoU (%) IoU (%)

Concate 63.71 91.07
Conv Fusion 74.78 91.66
Averaging 75.39 92.31
Dynamic Weighting 75.61 91.98

Ours 76.41 92.32

Table 3: Comparison of fusion mechanisms on CarlaSC.

cantly faster than DynamicCity (Bian et al. 2024) under both
4-frame and 8-frame input settings, requiring fewer training
epochs to reach stable performance and achieving lower fi-
nal errors. This demonstrates that our architectural design
not only improves reconstruction quality but also acceler-
ates the training process, effectively reducing time and re-
source consumption. Such efficiency is particularly valuable
for large-scale scene reconstruction and time-sensitive ap-
plications.

Ablation Study

Fusion Strategy Comparison. The first ablation study in-
vestigates the impact of different fusion strategies on the per-
formance of the model, as shown in Table 3. We compare
four fusion methods: Conv1D fusion, MLP fusion, simple
averaging, and dynamic weighting. The results demonstrate
that our plane-wise spatio-temporal fusion mechanism con-
sistently achieves the best performance across all metrics.
This approach effectively enhances the collaborative model-
ing among the six input planes and maximally preserves the
underlying spatio-temporal dependencies.
Spatio-temporal Modeling Strategy. The second ablation
study focuses on comparing different approaches for cap-
turing spatio-temporal structure. We compared the planar
factorization modeling with a baseline method that directly
applies Conv3D and SE modules on the full voxel input.
Table 4 shows that the planar factorization modeling strat-
egy significantly outperforms the baseline in both mIoU and
IoU, validating its effectiveness in capturing complex spatio-
temporal structures and improving the precision and fidelity
of scene reconstruction.

m
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U
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SEP-4D-64
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Figure 5: The computational efficiency of ours SEP-4D vs.
DynamicCity across different sequence lengths. The num-
ber following each method name in the figure indicates the
number of frames. For the training time, the less the better.

Method mIoU (%) IoU (%)

3D Conv + SEBlock 46.74 84.0
Ours 76.41 92.32

Table 4: Ablation study about encoder. We compare the orig-
inal planar factorization design with a 3D Conv-only variant.

Conclusion
In this paper, we have introduced a novel continuous
4D latent-space representation guided by the structure-
equivalent prior (SEP-4D), which fundamentally bridges
temporal dynamics and spatial structural evolution. By de-
composing dynamic scenes into learnable 2D feature planes
and constraining their fusion via plane-wise spatio-temporal
mechanism to originate, our model encodes structured latent
4D representations of dynamic 3D scenes. This approach
eliminates the suboptimal reconstruction issues inherent in
prior methods that rely on naive compositions or discrete
tokenization. To validate our method’s efficacy, we adopted
4D occupancy reconstruction, an intuitive benchmark task.
Extensive experiments demonstrate that our approach signif-
icantly outperforms state-of-the-art methods like Dynamic-
City and OccSora, achieving up to 15.42% higher mIoU for
4-frame sequences and maintaining superior performance
across varying sequence lengths. Critically, the SEP-guided
latent space guarantees inherent consistency between tem-
poral evolution and spatial structures in dynamic scenes. The
proposed residual-enhanced decoder further mitigates fea-
ture collapse, yielding balanced performance across all se-
mantic categories including challenging sparse objects.
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