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Figure 1: Dynamic occupancy generation from DynamlcClty. We introduce a new generation
model that generates diverse 4D scenes of large spatial scales (80 x 80 x 6.4 meter®) and long
sequential modeling (up to 128 frames), enabling a diverse set of downstream applications. For more
detailed examples, kindly refer to our Project Page: https://dynamic—city.github.io.

ABSTRACT

Urban scene generation has been developing rapidly recently. However, existing
methods primarily focus on generating static and single-frame scenes, overlooking
the inherently dynamic nature of real-world driving environments. In this work,
we introduce DynamicCity, a novel 4D occupancy generation framework capable
of generating large-scale, high-quality dynamic 4D scenes with semantics. Dynam-
icCity mainly consists of two key models. 1) A VAE model for learning HexPlane
as the compact 4D representation. Instead of using naive averaging operations,
DynamicCity employs a novel Projection Module to effectively compress 4D
features into six 2D feature maps for HexPlane construction, which significantly
enhances HexPlane fitting quality (up to 12.56 mloU gain). Furthermore, we
utilize an Expansion & Squeeze Strategy to reconstruct 3D feature volumes in
parallel, which improves both network training efficiency and reconstruction accu-
racy than naively querying each 3D point (up to 7.05 mloU gain, 2.06x training
speedup, and 70.84% memory reduction). 2) A DiT-based diffusion model for
HexPlane generation. To make HexPlane feasible for DiT generation, a Padded
Rollout Operation is proposed to reorganize all six feature planes of the Hex-
Plane as a squared 2D feature map. In particular, various conditions could be
introduced in the diffusion or sampling process, supporting versatile 4D genera-
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tion applications, such as trajectory- and command-driven generation, inpainting,
and layout-conditioned generation. Extensive experiments on the CarlaSC and
Waymo datasets demonstrate that DynamicCity significantly outperforms existing
state-of-the-art 4D occupancy generation methods across multiple metrics. The
code and models have been released to facilitate future research.

1 INTRODUCTION

Urban scene generation has garnered growing attention recently, which could benefit various related
applications, such as robotics and autonomous driving. Compared to its 3D object generation coun-
terpart, generating urban scenes remains an under-explored field, with many new research challenges
such as the presence of numerous moving objects, large-scale scenes, and long temporal sequences
( , ). For example, in autonomous driving scenarios, a scene typically comprises
multiple objects from various categories, such as vehicles, pedestrians, and vegetation, captured over
a long sequence (e.g., 200 frames) spanning a large area (€.9., 80 x 80 x 6.4 meters®). Although in
its early stage, 4D occupancy generation holds great potential to enhance the understanding of the 3D
world, with wide-reaching and profound implications.

Due to the complexity of occupancy data, many efficient learning frameworks have been introduced
for large-scale 3D scene generation. X3 ( , ) utilizes a hierarchical voxel diffusion
model to generate outdoor 3D scenes based on VDB data structure. PDD ( , )
introduces a pyramid discrete diffusion model to progressively generate high-quality 3D scenes.
SemCity ( , ) resolves outdoor scene generation by leveraging a triplane diffusion model.
Despite achieving impressive occupancy generation, they primarily focus on generating static and
single-frame 3D occupancy, and hence fail to effectively capture the dynamic nature of outdoor

environments. Recently, a few works ( , ) have explored 4D
scene generation. However, generating high-quality long sequence 4D scenes is still a challenging
and open problem ( , ; , ).

In this work, we propose a novel 4D occupancy generation framework, , enabling

generating large-scale, high-quality dynamic occupancy scenes, which mainly consists of two stages:
1) a VAE network for learning compact 4D representations, i.e., HexPlanes ( , ;
, ); 2) a HexPlane Generation model based on DiT ( , ).

VAE for 4D Occupancy. Given a set of 4D occupancy scenes, DynamicCity first encodes the scene
as a 3D feature volume sequence with a 3D backbone. Afterward, we propose a novel Projection
Module based on transformer operations to compress the feature volume sequence into six 2D
feature maps. In particular, the proposed projection module significantly enhances HexPlane fitting
performance, offering an improvement of up to 12.56% mloU compared to conventional averaging
operations. After constructing the HexPlane based on the projected six feature planes, we employ an
Expansion & Squeeze Strategy (ESS) to decode the HexPlane into multiple 3D feature volumes
in parallel. Compared to individually querying each point, ESS further improves HexPlane fitting
quality (with up to 7.05% mloU gain), significantly accelerates training speed (by up to 2.06x), and
substantially reduces memory usage (by up to a relative 70.84% memory reduction).

DiT for HexPlane. Using the encoded HexPlane, we use a DiT-based framework for generating
HexPlane, enabling 4D occupancy generation. Training a DiT with token sequences naively generated
from HexPlane may not achieve optimal quality, as it could overlook spatial and temporal relationships
among tokens. Therefore, we introduce the Padded Rollout Operation (PRO), which reorganizes
the six feature planes into a square feature map, providing an efficient way to model both spatial
and temporal relationships within the token sequence. Leveraging the DiT framework, DynamicCity
seamlessly incorporates various conditions to guide the 4D generation process, enabling a wide
range of applications including hexplane-conditional generation, trajectory-guided generation,
command-driven scene generation, layout-conditioned generation, and dynamic scene inpainting.

Our contributions can be summarized as follows:
* We propose , a high-quality, large-scale 4D occupancy generation framework

consisting of a tailored VAE for HexPlane fitting and a DiT-based network for HexPlane
generation, which supports various downstream applications.



Published as a conference paper at ICLR 2025

« In the VAE architecture, DynamicCity employs a novel Projection Module to bene tin
encoding 4D scenes into compact HexPlanes, signi cantly improving HexPlane tting
quality. Following, an Expansio& Squeeze Strategy is introduced to decode the HexPlanes
for reconstruction, which improves both tting ef ciency and accuracy.

« Building on tted HexPlanes, we design a Padded Rollout Operation to reorganize HexPlane
features into a masked 2D square feature map, enabling compatibility with DIT training.

« Extensive experimental results demonstrate that DynamicCity achieves signi cantly better
4D reconstruction and generation performance than previous SoTA methods a@tross
evaluation metrics, including generation quality, training speed, and memory usage.

2 REeLATED WORK

3D Object Generationhas been a central focus in machine learning, with diffusion models playing a
signi cantrole in generating realistic 3D structures. Many techniques utilize 2D diffusion mechanisms

to synthesize 3D outputs, covering tasks like text-to-3D object generation ( , ), image-to-
3D transformations ( , ), and 3D editing ( , ). Meanwhile, recent methods
bypass the reliance on 2D intermediaries by generating 3D outputs directly in three-dimensional
space, utilizing explicit ( , ), implicit ( , ), triplane ( ),

and latent representations ( , ). Although these methods demonstrate impressive
3D object generation, they primarily focus on small-scale, isolated objects rather than large-scale,
scene-level generation ( ). This limitation underscores the need for

methods capable of generating complete 3D scenes with complex spatial relationships.

Urban Scene Generatiorextends the scope to larger, more complex envrronments Earlier works
used VQ-VAE ( , ) and GAN-based models (

) to generate LiDAR scenes. However recent advancements have shlfted towards drffu3|on
models ( , ;

; , ) whrch better handle the complexrtres of expanswe outdoor scenes.

For example ( , ) utilize voxel grids to represent large-scale scenes but often face
challenges with empty spaces like skies and elds. While some recent works mcorporate temporal
dynamics to extend single-frame generation to sequences ( ),
they often lack the ability to fully capture the dynamic nature of 4D envrronments Thus, these
methods typically remain limited to short temporal horizons or struggle with realistic dynamic object
modeling, highlighting the gap in generating high- delity 4D scenes.

4D Generationrepresents a leap forward, aiming to capture the temporal evolution of scenes. Prior

works often leverage video diffusion models ( , ) to generate
dynamic sequences ( , ), with some extendrng to multi-view (
, ) and single-image settings ( , ) to enhance 3D con3|stency In the

context of video-conditional generauon approaches such as (

) incorporate image priors for guiding generation processes. Whlle these methods capture
certain dynamic aspects, they lack the ability to generate long-term, high-resolution 4D scenes
with versatile applications. Our method, DynamicCity, lls this gap by introducing a novel 4D
generation framework that ef ciently captures large-scale dynamic environments, supports diverse
generation tasks(g, trajectory- gwded ( ), command-driven generation), and
offers substantial improvements in scene delity and temporal modeling.

3 PRELIMINARIES

HexPlane ( ; , ) is an explicit and structured rep-
resentation designed for ef cient modelmg of dynam|c 3D scenes, Ieveragmg feature planes to
encode spacetime data. A dynamic 3D scene is represented as six 2D feature planes, each
aligned with one of the major planes in the 4D spacetime grid. These planes are represented
asH =[Pyy ; Pxz; Pyz; P ; Py ; Pz ], comprising a Spatial TriPlane ( , ) VAL,

Px. , andPy,, and a Spatial-Time TriPlane witP , Py, , andPy, . To query the HexPlane at a point

p = (t;x;y;z), features are extracted from the corresponding coordinates on each of the six planes
and fused into a comprehensive representation. This fused feature vector is then passed through a
lightweight network to predict scene attributes for
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Figure 2: Pipeline of dynamic scene generationOur framework consists of two
key procedures(a) Encoding HexPlane with an VAE architectud.Sec. 4.1), andb) 4D Scene
Generation with HexPlane Dif. Sec. 4.2).

Diffusion Transformers (DiT) ( , ) are diffusion-based generative models using
transformers to gradually convert Gaussian noise into data samples through denoising steps. The
B)rward dﬂ;‘fusmn adds Gaussian noise over time, with a noised sample at gbegn byx; =

tXo + t N (0;1), where  controls the noise schedule. The reverse diffusion,

using a neural network , aims to denoise&; to recoverxy, expressed asx; 1 = pl—T(xt
1 t (X¢;1)). New samples are generated by repeating this reverse process.

4 OUR APPROACH

DynamicCity strives to generate dynamic 3D occupancy with semantic information, Wh|ch mainly
consists of a VAE for 4D occupancy encoding using HexPlane (

, ) (Sec. 4.1), and a DIiT for HexPlane generation (Sec. 4.2). leen a 4D scene,
i.e., a dynamic 3D occupancy sequer@e2 RT X Y 2 C whereT, X, Y, Z, andC denote
the sequence length, height, width, depth, and channel size, respectively, the VAE rst aims to
encode an ef cient 4D representation, HexPlate= [Pyy ; Px;; Py ; P ; Py ;P ], which is
then decoded for reconstructing 4D scenes with semantics. After obtaining HexPlane embeddings,
DynamicCity leverages a DiT-based framework for 4D occupancy generation. Diverse conditions
could be introduced into the generation process, facilitating a range of downstream applications
(Sec. 4.3). The overview of the proposed DynamicCity pipeline is illustrated in Fig.

4.1 VAEFOR4D OCCUPANCY

Encoding HexPlane.As shown in Fig. 3, the VAE could encode 4D occupaftys a HexPlangl .
It rst utilizes a shared 3D convolutional feature extractof ) to extract and downsample features
from each occupancy frame, resulting in a feature volume sequggee2 RT * Y 2 €.

To encode and compres&yy, into compact 2D feature maps &f, we propose a novel Pro-
jection Module with multiple projection networks( ). To project a high-dimensional feature
input X; 2 RPx Pk D& D7 DY DI C g5 3 |ower-dimensional feature outptg,: 2
RD« DX Di € the projection networks, () rst reshapesX;, into a 3-dimensional feature
X35, 2 R® S © by grouping the dimensions into the two new dimensiases,S the dimension

that will be kept, and; the dimension that will be reduced, whede= D¢ D? Dy, and
S = D! D? D. Afterward,hg, () utilizes atransformer-based operation to project the
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Figure 3:VAE for encoding dynamic scenesWe use HexPlankl as the 4D representatioh. and
g are convolution-based networks with downsampling and upsampling operations, respettiyely.
denotes the projection network based on transformer modules.

reshaped featungd s to X2°2 RS« €, which is then reshaped to the expected lower-dimensional
feature outpuXo. Formally, the projection network is formulated as:

Xéu?& D? Dyg C _ = hs (Xka Di Dpgf Df D? DMg C)

; 1)
where their feature dimensions are added as the upscriptfandX °U, respectively.

To construct the spatial feature plarigg , P, , andPy,, the Projection Module rst generates the
XYZ Feature VolumeX,y, = h{(Xwy, ). Rather than directly access the heavy feature volume
sequenc&yy, , hz(), hy(), andh, () are applied toX,y, for reducing the spatial dimensions
of Xy, along the z-axis, y-axis, and x-axis, respectively. The temporal feature fang2, ;
andPy, are directly obtained froriXyy, by simultaneously removing two spatial dimensions with
hzy();hx (), andhyy (), respectively. Consequently, we could construct the HexRtabased on

the encoded six feature planes, includifyg ; Px; ; Pyz; Pix ; Py ; andPy; .

Decoding HexPlane.Based on the HexPlart¢ = [P,y ; Py, ; Pyz; Pix ; Py ; Piz ], we employ an
Expansion &SqueezeStrategy (ESS), which could ef ciently recover the feature volume sequence
by decoding the feature planes in parallel for 4D occupancy reconstruction. ESS rst duplicates and
expands each feature plaReto match the shape oy, , resulting in the list of six feature volume

sequenceﬁ“xt X Xgr s X0 s Xeo s Xk, g Afterward, ESS squeezes the corresponding
six expanded ﬁ/aature volumes wit Hadamard Product:

Y
0 - Pxy P Pyz P Py Pt
thyz - X txyz !th;zz -thyz !thyxz 'thyz ’ xyzz g: (2)

Hadamard

Subsequently, the convolutional netwayk( ) is employed to upsample the volumes for generating
dense semantic predictioqx>

Q°= g (Concat (Xgy, ; PE(Pos(Xgy, ) ; (3)
whereConcat () andPE( ) denote the concatenation and sinusoidal positional encoding, respec-
tively. Pos( ) returns the 4D positiop of each voxel within the 4D feature volurmg?(yZ .

Optimization. The VAE is trained with a combined loss/ag, including a cross-entropy loss, a
Lovész-softmax loss ( , ), and a Kullback-Leibler (KL) divergence loss:

Lvae = Lce(Q;Q9+ Lio(Q;Q9+ Likc(H;N(0;1)); (4)
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Figure 4: Padded Rollout Figure 5: Condition Injection for DiT

whereL cg is the cross-entropy loss between the inQuand predictionQ®, L4y, is the Lovasz-
softmax loss, antl . represents the KL divergence between the latent representataond the
prior Gaussian distributioN (0O; 1). Note that the KL divergence is computed for each feature plane
of H individually, and the ternh ¢ refers to the combined divergence over all six planes.

4.2 DIFFUSION TRANSFORMER FORHEXPLANE

After training the VAE, 4D semantic scenes can be embedded as HexMane=

[Pyy s Pxz s Pyz; P s Py s Pz ]. Building uponH, we aim to leverage a DiT (

modelD to generate novel HexPlane, which could be further decoded as novel 4D scenes (see
Fig. 2(b)). However, training a DiT using token sequences naively generated from each feature plane
of HexPlane could not guarantee high generation quality, mainly due to the absence of modeling
spatial and temporal relations among the tokens.

Padded Rollout Operation. Given that the feature planes of HexPlane may share spatial or temporal
dimensions, we employ tHeaddedRollout Operation (PRO) to systematically arrange all six planes
into a uni ed square feature map, incorporating zero paddings in the uncovered corner areas. As
shown in Fig. 4, the dimension of the 2D square feature mggHis+ £ + g-), which minimizes

the area for padding, whetk , dz , anddr represent the downsampling rates along the X, Z, and T
axes, respectively. Subsequently, we foIIow DiT to rst “patchify” the constructed 2D feature map,
converting it into a sequence bf = (( % dz + T ) p)? tokens, wherg is the patch size, chosen

so each token holds information from one feature plane. Following patchi cation, we apply the
frequency-based positional embeddings to all tokens similar to DiT. Note that tokens corresponding
to padding areas are excluded from the diffusion process. Consequently, the proposed PRO offers an
ef cient method for modeling spatial and temporal relationships within the token sequence.

Conditional Generation. DiT enables conditional generation through the use of Classi er-Free
Guidance (CFG) ( , ). To incorporate conditions into the generation process,
we designed two branches for condition insertion (see Fig. 5). For any condjtiee use the
adalLN-Zero technique from DiT, generating scale and shift parameterscfamh injecting them
before and after the attention and feed-forward layers. To handle the complexity of image-based
conditions, we add a cross-attention block to better integrate the image condition into the DiT block.

4.3 DOWNSTREAMAPPLICATIONS

Beyond unconditional 4D scene generation, we explore novel applications of DynamicCity through
conditional generation and HexPlane manipulation.
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Table 1:Comparisons of 4D Scene ReconstructionVe report the mloU scores of OccSora (

, ) and our framework on theCarlaSG Occ3D-WaympandOcc3D-nuScenes
datasets, respectively, under different resolutions and sequence lengths. %ytabotes score
reported in the OccSora paper. Other scores are reproduced using the of cial code.

Dataset #Classes| Resolution | #Frames ( OccSora ( Ours )
10 128 128 8 4 41.01% 79.61% ( )
CarlaSC 10 128 128 8 8 39.91% 76.18% ( )
) ) 10 128 128 8 16 33.40% 74.22% ( )
10 128 128 8 32 28.91% 59.31% ( )
(OCC3D'Waym°) 9 200 200 16| 16 36.38% 68.18% ( )
11 200 200 16 16 13.70% 56.93% ( )
Occ3D-nuScenes 11 200 200 16 32 13.51% 42.60% ( )
( ) ) 17 200 200 16 32 13.41% 40.79% ( )
17 200 200 16 32 27.40% 40.79% ( )

Table 2: Comparisons of 4D Scene GenerationWe report the Inception Score (IS), Fréchet
Inception Distance (FID), Kernel Inception Distance (KID), and the Precision (P) and Recall (R) rates
of OccSora ( , ) and awy framework on theCarlaSCandOcc3D-Waymo
datasets, respectively, in both the and3D spaces.

Occ3D-Waymo

( , )| Ours 1.010 36.73 0.001 0.705 0.013.206 1806 77.71 0.494 0.026

Dataset Method #Frames‘ Metric ‘ Metric
\IS " FID"# KID*°# p-"" R"\IS " FID°"# KID""# p*"" R
CarlaSC OccSor 1.030 28.55 0.008 0.224 0.01@.257 1559 52.72 0.380 0.151
Ours 1.040 12.94 0.002 0.307 0.012.331 354.2 19.10 0.460 0.170
OccSora‘ ‘1005 42.53 0.049 0.654 0.0143.129 3140 12.20 0.384 0.001

First, we showcase versatile uses of image conditions in the conditional generation pifgline:
HexPlane By autoregressively generating the HexPlane, we extend scene duration beyond temporal
constraints2) Layout: We control vehicle placement and dynamics in 4D scenes using conditions
learned from bird's-eye view sketches.

To manage ego vehicle motion, we introduce two numerical conditioning metBp@ammand
Controls general ego vehicle motion via instructiofisTrajectory : Enables ne-grained control
through speci c trajectory inputs.

Inspired by SemCity ( , ), we also manipulate the HexPlane during samplig to:
Inpaint: Edit 4D scenes by masking HexPlane regions and guiding sampling with the masked areas.
For more applications and implementation details, kindly refer to Sec. in the Appendix.

5 EXPERIMENTS

5.1 EXPERIMENTAL DETAILS

Datasets.We train the proposed model on thecc3D-Wayme?Occ3D-nuSceneand3CarlaSC
datasets. The former two fro@cc3D( , ) are derived frofaymo(

andnuScene$ , ), where LIiDAR point clouds have been completed and voxelized to
form occupancy data. Each occupancy scene has a resolutd®®®of200 16, covering a region
centered on the ego vehicle, extend#@meters in all directions anét4 meters vertically. The
CarlaSCdataset ( , ) is a synthetic occupancy dataset, with a scene resolution of
128 128 8§, covering a regior25:6 meters around the ego vehicle, with a heighBofeters.

Implementation Details. Our experiments are conducted using eight NVIDIA A100-80G GPUs.
The global batch size used for training the VABjswhile the global batch size for training the DiT

is 128 Our latent HexPlankl is compressed to half the size of the inquin each dimension, with
the latent channel8 = 16. The weight for the Lovasz-softmax and KL terms are set amd0:005,
respectively. The learning rate for the VAEL® 3, while the learning rate for the DiT &0 4.
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Figure 6:Dynamic Scene Generation Resulta/Ve provide unconditional generation scenes from
the1st, 8th, and16th frames orOcc3D-WaymdL eft) andCarlaSC( ), respectively. Kindly
refer to the Appendix for complete sequential scenes and longer temporal modeling examples.

Evaluation Metrics. The mean intersection over union (mloU) metric is used to evaluate the
reconstruction results of VAE. For DiT, Incept|on Score, FID, KID, PreC|5|on and Recall are
calculated for evaluation. SpeC| cally, we follow prior work ( , ) by
rendering 3D scenes into 2D images and utilizing conventional 2D evaluat|on pipelines for assessment.
Additionally, we train the 3D Encoder to directly extract features from the 3D data and calculate the
metrics. For more details, kindly refer to Sec. in the Appendix.

5.2 4D SENERECONSTRUCTION& GENERATION

Reconstruction. To evaluate the effectiveness of the proposed VAE in encoding the 4D occupancy
sequence, we compare it with OccSora ( , ) using the CarlaSC, Occ3D-Waymo, and
Occ3D-nuScenes datasets. As shown in Tab. 1, DynamicCity outperforms OccSora on these datasets,
achieving mloU improvements of 38.6%, 31.8%, and 43.2% respectively, when the input number of
frames is 16. These results highlight the superior performance of the proposed VAE.

Generation. To demonstrate the effectiveness of DynamicCity in 4D scene generation, we compare
the generation results with OccSora ( , ) on the Occ3D-Waymo and CarlaSC datasets.
As shown in Tab. 2, the proposed method outperforms OccSora in terms of perceptual metrics in both
2D and 3D spaces. These results show that our model excels in both generation quality and diversity.
Fig. 6 and Fig. 16 show the 4D scene generation results, demonstrating that our model is capable
of generating large dynamic scenes in both real-world and synthetic datasets. Our model not only
exhibits the ability to generate moving scenes with static semantics shifting as a whole, but it is also
capable of generating dynamic elements such as vehicles and pedestrians.

Applications. Fig. 7 presents the results of our downstream applications. In tasks that involve
inserting conditions into the DiT, such as command-conditional generation, trajectory-conditional
generation, and layout-conditional generation, our model demonstrates the ability to generate reason-
able scenes and dynamic elements while following the prompt to a certain extent. Additionally, the
inpainting method proves that our HexPlane has explicit spatial meaning, enabling direct modi ca-
tions within the scene by editing the HexPlane during inference.
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Figure 7:Dynamic Scene Generation ApplicationsWe demonstrate the capability of our model on
a diverse set of downstream tasks. We showlsieB8th, and16th frames for simplicity. Kindly refer
to the Appendix for complete sequential scenes and longer temporal modeling examples.

5.3 ABLATION STUDIES

We conduct ablation studies to demonstrate the effectiveness of the components of DynamicCity.

VAE. The effectiveness of the VAE is driven by two key innovations: Projection Module and Expan-
sion & Squeeze Strategy (ESS). As shown in Tab. 3, the proposed Projection Module substantially
improves HexPlane tting performance, delivering up to a 12.56% increase in mloU compared
to traditional averaging operations. Additionally, compared to querying each point individually,
ESS enhances HexPlane tting quality with up to a 7.05% mloU improvement, signi cantly boosts
training speed by up to 2.06x, and reduces memory usage by a substantial 70.84%.

HexPlane DimensionsThe dimensions of HexPlane have a direct impact on both training ef ciency
and reconstruction quality. Table 4 provides a comparison of various downsample rates applied to
the original HexPlane dimensions, which are 1828 128 8 for CarlaSC and 16 200

200 16 for Occ3D-Waymo. As the downsampling rates increase, both the compression rate and
training ef ciency improve signi cantly, but the reconstruction quality, measured by mloU, decreases.
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Table 3:Ablation Study on VAE Network Structures. We report the mloU scores, training time
(second-per-iteration), and training-time memory consumption (VRAM) of different Encoder and
Decoder con gurations o€arlaSCand Occ3D-Waymprespectively. Note that “ESS” denotes
“Expansion & Squeeze”. Thieestand second-beshalues are ibold and_underlined

CarlasSC Occ3D-Waymo
Encoder | Decoder | e —fime (sff VRAM (G)#| mioU™  Time (sf VRAM (G)#
Average Pooling Query | 60.97% 0.236 12.46 49.37% 1.563 69.66
Average Poolin ESS 68.02% 0.143 4.27 55.72% 0.758 20.31
Projection Query | 68.73%  0.292 13.59 61.93%  2.128 73.15
Projection ESS 74.22% 0.205 5.92 62.57% 1.316 25.92

Table 4:Ablation Study on HexPlane Downsampling (D.S.) Rates\e report the compression
ratios (C.R.), mloU scores, training speed (seconds per iteration), and training-time memory consump-
tion onCarlaSCandOcc3D-WaymoThebestand second-bestlues are ibold and underlined

D.S. Rates CarlaSC Occ3D-Waymo
dr dx dy dz| CR" mioU" Time (s VRAM (G)#| C.R" mloU" Time (s VRAM (G)#
1 1 1 1| 578% 84.67% 1.149 21.63 Out-of-Memory >80

1 2 2 1]17.96% 76.05% 0.289 8.49 38.42% 63.30%  1.852 32.82
2 2 2 2|2314% 74.22% 0.205 5.92 48.25% 62.37% 0.935 24.9

2 4 4 2|7186% 65.15% 0.199 4.00 153.69% 58.13% 0.877 22.30

Table 5:Ablation Study on Organizing HexPlane as Image TokensWe report the Inception Score
(IS), Fréchet Inception Distance (FID), Kernel Inception Distance (KID), and the Precision (P) and
Recall (R) rates o€arlaSC Thebestvalues are highlighted ibold.

Method ‘IS FID #'\/IlieltlgC # Pt R }IS FID #MEI[BC # P R
Direct Unfold ‘2.496 205.0 0.248 0.000 0.0¢OZ.269 9110 723.7 0.173 0.043
Vertical Concatenation2.476 12.79  0.003 0.191 0.042.305 623.2 26.67 0.424 0.159
Padded Rollout ‘2.498 10.96 0.002 0.238 0.0$€2.331 354.2 19.10 0.460 0.170

To achieve the optimal balance between training ef ciency and reconstruction quality, we select a
downsampling rate adr = dx = dy = dz = 2.

Padded Rollout Operation. We compare the Padded Rollout Operation with different strategies
for obtaining image tokenst) Direct Unfold: directly unfolding the six planes into patches and
concatenating then®) Vertical Concat: vertically concatenating the six planes without aligning
dimensions during the rollout process. As shown in Tab. 5, Padded Rollout Operation (PRO) ef ciently
models spatial and temporal relationships in the token sequence, achieving optimal generation quality.

6 CONCLUSION

We present , a framework for high-quality 4D occupancy generation that captures

the temporal dynamics of real-world environments. Our method introduces HexPlane, a compact
4D representation generated using a VAE with a Projection Module, alongside an Expansion &
Squeeze Strategy to enhance reconstruction ef ciency and accuracy. Additionally, our Masked
Rollout Operation reorganizes HexPlane features for DiT-based diffusion, enabling versatile 4D scene
generation. Extensive experiments demonstrate that DynamicCity surpasses state-of-the-art methods
in both reconstruction and generation, offering signi cant improvements in quality, training speed,
and memory ef ciency. DynamicCity paves the way for future research in dynamic scene generation.

10
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A ADDITIONAL IMPLEMENTATION DETAILS

In this section, we provide additional implementation details to assist in reproducing this work.
Speci cally, we elaborate on the details of the datasets, DiT evaluation metrics, the speci cs of our
generation models, and discussions on the downstream applications.

A.1 DATASETS

Our experiments primarily utilize two datase@cc3D-Waymd , ) an@arlaSC(
, ). Additionally, we also evaluate our VAE@erc3D-nuScengs , ).

The Occ3D-Waymalataset is derived from real-world Waymo Open Dataset ( , ) data,
where occupancy sequences are obtained through multi-frame fusion and voxelization processes.
Similarly, Occ3D-nuScends generated from the real-world nuScenes ( , ) dataset
using the same fusion and voxelization operations. On the other han@atteSC dataset is
generated from simulated scenes and sensor data, yielding occupancy sequences.

Using these different datasets demonstrates the effectiveness of our method on both real-world
and synthetic data. To ensure consistency in the experimental setup, wel daeatmonly used
semantic categories and map the original categories from both datasets tbltbategories. The
detailed semantic label mappings are provided in Tab.

Table 6: Summary of Semantic Label Mappings.We unify the semantic classes betwegar-
[aSC( , )Pcc3D-Waymd , ), an@cc3D-nuScengs : )
datasets for semantic scene generation.

Class | CarlasSC | Occ3D-Waymo | Occ3D-nuScenes
Building | Building | Building | Manmade
Barrier | Barrier, Wall, Guardrail | - | Barrier
Other Other, Sky, Bridge, Ralil General Object General Object

track, Static, Dynamic,

Water
Pedestrian| Pedestrian | Pedestrian | Pedestrian
Pole Pole, Traf c sign, Traf c Sign, Traf c light, Pole, Traf c cone

light Construction Cone
Road | Road, Roadlines | Road | Drivable surface
Ground | Ground, Terrain | - | Other at, Terrain
Sidewalk | Sidewalk | Sidewalk | Sidewalk
Vegetation | Vegetation |  Vegetation, Tree trunk | Vegetation
Vehicle Vehicle Vehicle Bus, Car, Construction

vehicle, Trailer, Truck
‘ Bicyclist, Bicycle, ‘ Bicycle, Motorcycle

Bicycle -
Motorcycle

» Occ3D-Waymo.This dataset containg8training scenes, with each scene lasting approxi-
mately20 seconds and sampled at a frequenc§®Hz. This dataset includes 15 semantic
categories. We use volumes with a resolutio2@ 200 16from this dataset.

» CarlaSC. This dataset contain& training scenes, each duplicated into Light, Medium,
and Heavy based on traf ¢ density. Each scene lasts approximbd@lgeconds and is
sampled at a frequency @D Hz. This dataset contair semantic categories, and the
scene resolution i$28 128 8.

* Occ3D-nuScenesThis dataset contairB00scenes, with each scene lasting approximately
20seconds and sampled at a frequencg bfz. Compared to Occ3D-Waymo and CarlaSC,
Occ3D-nuScenes has fewer total frames and more variation between scenes. This dataset
includesl7 semantic categories, with a resolution2®0 200 16.
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A.2 DIT EVALUATION METRICS

Inception Score (1S).This metric evaluates the quality and diversity of generated samples using a
pre-trained Inception model as follows:

IS=exp Eq p, [Dxe (P(YIQ) kp(Y)] ®)
wherepy represents the distribution of generated samplgg Q s the conditional label distribution
given by the Inception model for a generated san@le(y) = p(yjQ)py(Q) dQ is the marginal
distribution over all generated samplé&c_ (p(YjQ) k p(y)) is the Kullback-Leibler divergence,
de ned as follows: .

p(YiiQ) .

X
DL (p(YiQ) k p(y)) = p(yijQ) log )

(6)

Fréchet Inception Distance (FID).This metric measures the distance between the feature distribu-
tions of real and generated samples:

FID=k , Gk*+Tr + 4 2( )% ; 7)

where , and , are the mean and covariance matrix of features from real samplesid  are
the mean and covariance matrix of features from generated sarfipldsnotes the trace of a matrix.

Kernel Inception Distance (KID). This metric uses the squared Maximum Mean Discrepancy
(MMD) with a polynomial kernel as follows:

KID = MMD?( (Q:r); (Qg)) ; ®)
where (Q;) and (Qg) represent the features of real and generated samples extracted from the
Inception model.

MMD with a polynomial kernek(x;y) = ( x>y + ¢)% is calculated as follows:

MMDZ0GY ) = — T ki)t k) 2 keay): (@)
’ - m(m 1)i6j 13\ n(n 1)i6j ylryj mn I] |ny ’
whereX = fQi;:::;QmgandY = fy;;:::;yng are sets of features from real and generated
samples.

Precision. This metric measures the fraction of generated samples that lie within the real data
distribution as follows:
X . 5
Precision= N I (fg i) (fg r) ; (20)
i=1
wherefy is a generated sample in the feature spagaand , are the mean and covariance of the real
data distributionl () is the indicator function. 2 is a threshold based on the chi-squared distribution.

Recall. This metric measures the fraction of real samples that lie within the generated data distribution
as follows:

— 1 XA > 1 2 .
Recall= M I (fr 0 g (fr g) ; (11)
j=1
where: f, is a real sample in the feature spacg, and 4 are the mean and covariance of the
generated data distributioh( ) is the indicator function. 2 is a threshold based on the chi-squared
distribution.

2D Evaluations. We render 3D scenes as 2D images for 2D evaluations. To ensure fair comparisons,
we use the same semantic colormap and camera settings across all experiments. Fig. 8 shows an
example of a rendered 2D semantic colormap. We use an InceptionV3 ( , ) model
to compute the Inception Score (IS), Fréchet Inception Distance (FID), and Kernel Inception Distance
(KID) scores, while Precision and Recall are computed using a VGG-16 ( .

) model. We train both 2D backbones using semantic colormap data.

3D Evaluations. For 3D data, we train a MinkowskiUNet ( , ) as an autoencoder. We
adopt the latest implementation from SPVNAS ( , ), which supports optimized sparse
convolution operations. The features were extracted by applying average pooling to the output of the
nal downsampling block.
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Figure 8:Example of 2D Evaluation Rendering.

A.3 MODEL DETAILS

General Training Details. We implement both the VAE and DiT models using PyTorch (

, ). We utilize PyTorch's mixed precision and replace all attention mechanisms with
FlashAttention ( , ) to accelerate training and reduce memory usage. AdamW is used as
the optimizer for all models.

We train the VAE with a learning rate a0 2, running for20 epochs on Occ3D-Waymo a0
epochs on CarlaSC. The DiT is trained with a learning rateOof*, and the EMA rate for DiT is set
to 0:9999

VAE. Our encoder projects the 4D inpQtinto a HexPlane, where each dimension is a compressed
version of the original 4D input. First, a 3D CNN is applied to each frame for feature extraction
and downsampling, with dimensionality reduction applied only to the spatial dimen3ans,(Z).

Next, the Projection Module projects the 4D features into the HexPlane. Each small transformer
within the Projection Module consists of two layers, and the attention mechanism has two heads.
Each head has a dimensionalityld, with a dropout rate 0®:1. Afterward, we further downsample

theT dimension to half of its original size.

During decoding, we rst use three small transpose CNNs to restor€ thimension, then use an
ESS module to restore the 4D features. Finally, we apply a 3D CNN to recover the spatial dimensions
and generate point-wise predictions.

Diffusion. We set the patch sizeto 2 for our DiT models. The Waymo DIiT model has a hidden size
of 768 18 DiT blocks, andl2 attention heads. The CarlaSC DiT model has a hidden si284f16
DiT blocks, and attention heads.

Discussion on VAE Structure Improvements.Some prior work utilizes sparse 3D structures to
enhance the ef ciency of their backbones. For example, XCube ( , ) employs a fully
sparse 3D encoder, signi cantly improving model ef ciency. Similarly, our VAE could potentially
improve the 3D convolutional feature extracfor( ) by adopting sparse convolution. However, using
sparse convolution offers only limited ef ciency gains, as convolution accounts for only a small
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portion of our VAE. Moreover, like XCube, we cannot apply sparse convolution in our decoder. In
the future, we plan to explore more ef cient operations to further optimize our 3D backbone.

A.4 CLASSIFIER-FREE GUIDANCE

Classi er-Free Guidance (CFG) ( , ) could improve the performance of conditional
generative models without relying on an external classi er. Speci cally, during training, the model
simultaneously learns both conditional generati¢xjc) and unconditional generatigfgx), and
guidance during sampling is provided by the following equation:

Re=(1+w) &) w &(); (12)

where®;(c) is the result conditioned og R(;) is the unconditioned result, avd is a weight
parameter controlling the strength of the conditional guidance. By adjustiran appropriate
balance between the accuracy and diversity of the generated scenes can be achieved.

A.5 DOWNSTREAMAPPLICATIONS

This section provides a comprehensive explanation of ve tasks to demonstrate the capability of our
4D scene generation model across various scenarios.

HexPlane. Since our model is based on Latent Diffusion Models, it is inherently constrained to
generate results that match the latent space dimensions, limiting the temporal length of unconditionally
generated sequences. We argue that a robust 4D generation model should not be restricted to producing
only short sequences. Instead of increasing latent space size, we leverage CFG to generate sequences
in an auto-regressive manner. By conditioning each new 4D sequence on the previous one, we
sequentially extend the temporal dimension. This iterative process signi cantly extends sequence
length, enabling long-term generation, and allows conditioning on any real-world 4D scene to predict
the next sequence using the DiT model. Theoretically, our HexPlane conditional generation can
model sequence of arbitrary length, but less stable generation may occur when generating very long
seguences.

We condition our DiT by using the HexPlane fromframes earlier. For any condition HexPlane,

we apply patch embedding and positional encoding operations to obtain condition tokens. These
tokens, combined with other conditions, are fed into the adaLN-Zero and Cross-Attention branches
to in uence the main branch.

Layout. To control object placement in the scene, we train a model capable of generating vehicle
dynamics based on a bird's-eye view sketch. We apply semantic Itering to the bird's-eye view of
the input scene, marking regions with vehicled asd regions without vehicles 8sPooling this

binary image provides layout informationa¥a H W tensor from the bird's-eye perspective.

The layout is padded to match the size of the HexPlane, ensuring that the positional encoding of the
bird's-eye layout aligns with th¥Y plane. DiT learns the correspondence between the layout and
vehicle semantics using the same conditional injection method applied to the HexPlane.

Command. While we have developed effective methods to control the HexPlane in both temporal
and spatial dimensions, a critical aspect of 4D autonomous driving scenarios is the motion of the ego
vehicle. To address this, we de ne four comman83ATIC, FORWARDODURN LEFTandTURN

RIGHT, and annotate our training data by analyzing ego vehicle poses. During training, we follow
the traditional DIiT approach of injecting class labels, where the commands are embedded and fed
into the model via adaLN-Zero.

Trajectory. For more ne-grained control of the ego vehicle's motion, we extend the command-
based conditioning into a trajectory condition branch. For any 4D scen,Xheoordinates of the
trajectory traj2 RT 2 are passed through an MLP and injected into the adaLLN-Zero branch.

Inpaint. We demonstrate that our model can handle versatile applications by training a conditional
DiT for the previous tasks. Extending our exploration of downstream applications, and inspired
by ( , ), we leverage the 2D structure of our latent space and the explicit modeling
of each dimension to highlight our model's ability to perform inpainting on 4D scenes. During
DiT sampling, we de ne a 2D mask 2 R* Y on theXY plane, which is extended across all
dimensions to mask speci c regions of the HexPlane.
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At each step of the diffusion process, we apply noise to the iHfuaind update the HexPlane using
the following formula: '

He=m H (+(1 m) H (13)
where denotes the element-wise product. This process inpaints the masked regions while preserving

the unmasked areas of the scene, enabling partial scene modi cation, such as turning an empty street
into one with heavy traf c.

Outpaint. Outpainting extends the spatial dimensions of a given occupancy sequence. We use the
same procedure for outpainting as we do for inpainting. Speci cally, we mask half of the scene, shift
the latent representation, and apply the inpainting process. Consequently, we could obtain a larger
scene with consistent dynamics.

Single frame occupancy.We apply the same procedure for single-frame occupancy conditional
generation as for HexPlane conditional generation. Speci cally, we preprocess the data, encode the
rst frame of each training sequence as a HexPlane, and ne-tune our HexPlane generation model for
single-frame conditional generation.
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B ADDITIONAL QUANTITATIVE RESULTS

In this section, we present additional quantitative results to demonstrate the effectiveness of our VAE
in accurately reconstructing 4D scenes.

B.1 PER-CLASS GENERATION RESULTS

We include the class-wise IoU scores of OccSora ( , ) and our proposed

framework onCarlaSC( , ). As shown in Tab. 7, our results demonstrate higher
loU across all classes, indicating that our VAE reconstruction achieves minimal information loss.
Additionally, our model does not exhibit signi cantly low IoU for any speci c class, proving its
ability to effectively handle class imbalance.

Table 7:Comparisons of Per-Class loU ScorediVe compared the performance of OccSora (
, ), and our framework onCarlaSC( , ) acrosk) semantic
classes. The scene resolutiod#8 128 8. The sequence lengths &8, 16, and32, respectively.

Building
Barrier
Other
Pedestrian
Pole

Road
Ground
Sidewalk
Vegetation
Vehicle

Method | mloU

OccSora| 41.009| 38.861 10.616 6.637 19.191 21.825 93.910 61.357 86.671 15.685 55.340
Ours 79.604| 76.364 31.354 68.898 93.436 87.962 98.617 87.014 95.129 68.700 88.569

Improv. | 38.595| 37.503 20.738 62.261 74.245 66.137 4.707 25.657 8.458 53.015 33.229

OccSora| 39.910| 33.001 3.260 5.659 19.224 19.357 93.038 57.335 85.551 30.899 51.776
Ours 76.181| 70.874 50.025 52.433 87.958 85.866 97.513 83.074 93.944 58.626 81.498

Improv. | 36.271| 37.873 46.765 46.774 68.734 66.509 4.475 25.739 8.393 27.727 29.722

OccSora| 33.404| 19.264 2.205 3.454 11.781 9.165 92.054 50.077 82594 18.078 45.363
Ours 74.223| 66.852 51.901 49.844 79.410 82.369 96.937 84.484 94.082 58.217 78.134

Improv. | 40.819| 47.588 49.696 46.390 67.629 73.204 4.883 34.407 11.488 40.139 32.771

OccSora| 28.911| 16.565 1.413 0.944 6.200 4.150 91466 43.399 78.614 11.007 35.353
Ours 59.308| 52.036 25.521 29.382 56.811 57.876 94.792 78.390 89.955 46.080 62.234

Improv. | 30.397| 35.471 24.108 28.438 50.611 53.726 3.326 34.991 11.341 35.073 26.881

B.2 OccUPANCY FORECASTINGRESULTS

We train our HexPlane conditional generation pipeline on Occ3D-nuScenes ( , )as an
occupancy forecasting model. We 3et 4 to ensure the model receives a HexPlane with a context
length of 2 seconds, aligning with OccWorld ( , ), and generates the next 2 seconds
for evaluation. As shown in Tab. 8, our model outperforms OccWorld on most metrics.

Table 8: 4D Occupancy Forecasting Performance We compare the performance of Occ-
World ( , ) and our proposed framework on Occ3D-nuScenes (

, ).

\ mloU \ loU
| T=0 T=1 T=2|T=0 T=1 T=2
OccWorld-O | 66.38 25.78 15.12 62.29 34.63 25.07

Method

Ours 80.52 26.18 16.94 67.64 34.12 25.82
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B.3 USERSTUDY

We conduct a user study comparing OccSora ( , ) with our prdposed

The study includes 20 samples, with 10 from each method. Participants rate each sample on four
metrics: 1) overall quality, 2) time consistency, 3) background quality, and 4) foreground quality.
Ratings range from 1 to 5, with 5 being the highest. We collect results from 42 volunteers and get 840
valid scores in total, as shown in Tab. 9. Our method receives better user feedback across all metrics.

Table 9:User Study Results.We conduct user study comparing OccSora ( , ) and
. The rating is of scale 1-5, the higher the better.

Method | Overall Quality | Time Consistency| Background Quality | Foreground Quality
OccSora| 2.21 \ 2.05 \ 2.17 \ 211
Ours | 4.03 | 4.02 | 3.95 | 4.04

B.4 MODEL STATS

We compare the training speed, inference speed, training VRAM, and inference VRAM of Occ-
Sora ( , ) andgl . The results are presented in Tab. 10, Tab. 11, Tab. 12,
and Tab. 13. While some of our models may be slightly slower and consume more memory compared
to OccSora, they achieve signi cantly better performance. We also compare the total model size of
OccSora and our model in Tab. 14. Our model is signi cantly smaller than OccSora while achieving
superior performance.

Table 10:VAE Model Statistics on CarlaSC Dataset ( , We compare the training
time, inference time, training VRAM, inference VRAM of OccSora ( , ) and our

Method | Training Time (s)# Inference Time (s} Training VRAM (G) # Inference VRAM (G)#

OccSora| 0.36 0.21 4.86 3.25

Ours | 0.21 0.41 5.92 1.43
Table 11:VAE Model Statistics on Occ3D-Waymo Dataset ( , We compare the
training time, inference time, training VRAM, inference VRAM of OccSora ( , ) and
our

Method | Training Time (s)# Inference Time (s¥ Training VRAM (G) # Inference VRAM (G)#

OccSoral 0.63 0.21 10.05 3.93
Ours 0.94 0.54 24.90 4.62

B.5 COMPARISONS WITHSEMCITY
We compare the generation quality of SemCity ( , ) ano \oux in Tab.

Despite using a more compact latent representation and generating dynamic scenes, our model
outperforms SemCity on most metrics.
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Table 12:DiT Model Statistics on CarlaSC Dataset ( , We compare the training
time, inference time, training VRAM, inference VRAM of OccSora ( , ) and our

Method | Training Time (s)# Inference Time (s¥ Training VRAM (G) # Inference VRAM (G)#
OccSoral 0.19 6.10 1.50 1.15

Ours | 0.19 3.91 10.22 1.28

Table 13:DiT Model Statistics on Occ3D-Waymo Dataset ( , We compare the
training time, inference time, training VRAM, inference VRAM of OccSora (

, ) and
our .
Method | Training Time (s)# Inference Time (s} Training VRAM (G) # Inference VRAM (G)#
OccSoral 0.35 6.09 15.16 1.15
Ours | 0.45 4.41 22.33 1.29

Table 14:Model Size. We compare the total model size of OccSora (

, ) and our
Dataset | Method | Model Size (M)
CarlaSC 8E?§ora‘ 14649'71
Occ3D-Waymo‘ 83;:380ra‘ 1475462

Table 15:Comparisons of 2D and 3D Evaluation Metrics.We report the Inception Score (IS),
Fréchet Inception Distance (FID), Kernel Inception Distance (KID), and the Precision (P) and Recall
(R) rates for SemCity ( , ) and our method in botk fhand3D spaces.

Method \ Metric \ Metric
‘ IS" FID# KID# P" R" ‘ IS" FID# KID# P" R"

SemCity| 1.039 35.40 0.010 0.213.058|2.288 1113 53.948 0.253.787
Ours |1.040 12.94 0.002 0.30/0.018|2.331 427.5 27.869 0.46@.170
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C ADDITIONAL QUALITATIVE RESULTS

In this section, we provide additional qualitative results on@ee3D-Waymd , ) and
CarlaSC( , ) datasets to demonstrate the effectiveness of our approach.

C.1 UNCONDITIONAL DYNAMIC SCENE GENERATION

First, we present full unconditional generation results in Fig. 9 and 10. These results demonstrate that
our generated scenes are of high quality, realistic, and contain signi cant detail, capturing both the
overall scene dynamics and the movement of objects within the scenes.

Figure 9:Unconditional Dynamic Scene Generation Resultd/Ve provide qualitative examples of a
total of 16 consectutive frames generated!by on theOcc3D-Waymd , )
dataset. Best viewed in colors and zoomed-in for additional details.
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Figure 10:Unconditional Dynamic Scene Generation ResultsNe provide qualitative examples of
a total of 16 consectutive frames generated(by on theCarlaSC( , )
dataset. Best viewed in colors and zoomed-in for additional details.
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