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A. Supplementary Overview

This supplementary provides additional implementation de-
tails, ablations, and qualitative analysis, together with a sup-
plementary video.

Section B briefly describes the content of the video. Sec-
tions C—H then provide the technical details and extended
results:
 Section C gives precise details on evaluation models and

metrics.

* Section D outlines implementation details of the proposed
model.

» Section E presents in-depth ablations on the feature di-
mension of the grounded latent space, the proposed push
weight for outpainting, and conditioning signals for mo-
tion generation.

 Section F provides additional results: 4D occupancy fore-
casting and motion prediction metrics, vehicle geometry
diversity analysis, and pedestrian generation examples.

* Section G provides qualitative visualizations of generated
3D scenes on the CarlaSC [4, 18] dataset.

» Section H extensively visualizes our grounded latents and
reconstruction results on the Waymo [14, 15] dataset.

B. Supplementary Videos

The supplementary material includes two videos: one
showing generations from DynamicCity and another show-
ing generations from our 4D scene generation method. Our
framework synthesizes more realistic 4D scenes:

* Foreground coherence. DynamicCity frequently fails to
preserve vehicle and pedestrian identity, with actors flick-
ering or merging across frames, while our actors remain
consistent over time.

* Ego motion and background stability. Since Dynamic-
City encodes ego motion only through global changes, it
struggles to separate ego and actor motion during turns,
causing merges and unstable background geometry.

* Grounded latent formulation. Our method uses one
grounded latent per foreground object, explicitly mod-
els ego transforms, and generates actor motion directly,
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yielding precise trajectories and more consistent fore-
ground and background geometry.

C. Details on Evaluation Metrics

We evaluate generation quality by comparing feature dis-
tributions of real and generated scenes using pretrained 3D
autoencoders [2], following prior work [1, 10, 11, 17]. Each
scene is passed through the autoencoder’s encoder, and we
use its bottleneck features for evaluation. The network has
four 2x downsampling stages in x,y,z. A Waymo grid
of 200x200x16 with downsampling rate d = 16 pro-
duces a BEV bottleneck of 12x 12 with channel dimension
C = 256; the decoder then upsamples back to the origi-
nal voxel grid. We evaluate using these 12x12x256 BEV
feature grids.

We use three autoencoders with the same architecture but
different inputs/outputs and training objectives so that the
bottleneck concentrates on different aspects of scene qual-
ity. autoencoder: the input is a sparse occupancy
grid and the objective is to reconstruct occupancy. Because
dense BEV features must drive the decoder to reconstruct a
sparse 3D structure, the bottleneck has to retain shape cues
that support recovering surfaces and topology independent
of semantic classes. autoencoder: the input is a
sparse voxel grid with semantic class labels and the objec-
tive is to reconstruct those labels after decoding back to the
voxel grid. During decoding, the sparse occupancy layout is
provided at each stage, so the model does not need to carry
fine geometric detail in the bottleneck and instead captures
which classes appear and where. This configuration is com-
mon in prior work [1, 10, 11, 17].
autoencoder: the input is a sparse voxel grid with seman-
tic class labels, the same as the Semantics autoencoder, but
the objective is now to reconstruct both, yielding a holistic
descriptor that balances geometry and semantics.

To assess fidelity of individual categories, we evaluate
per class. For each class ¢, we assemble two sets of feature
vectors taken from the BEV bottleneck: one set extracted
from real testing scenes and one set from generated scenes.



A BEV cell contributes a feature to class c if the 3D region
covered by that cell includes that class; a cell may contribute
to multiple classes when several categories occur in that re-
gion. In addition, we form an All set by treating everything
as a single class, taking feature vectors from every BEV
cell, providing an overall scene measure that complements
the class-balanced metric.

We compare sets with squared Maximum Mean Discrep-
ancy (MMD, also known as KID) [5, 8, 10, 11, 17]. With
kernel k and feature sets X = {z;}", from real scenes and
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using the kernel k(z,y) = exp( — [z — y||*/(20?)). We

use MMD/KID because it is more reliable than FID when

feature embeddings are non-Gaussian as is the case for deep

features [8]. We report All (MMD on the “all voxels” sets),

Per-class (the mean of class-wise MMDs), and Avg = 0.5 x
All 4+ 0.5 x Per-class, which is the primary metric.

D. Model Implementation Details

In this section, we provide additional model and training de-
tails. Our framework consists of the grounded latent VAE
model and three diffusion models G (layout), G (fea-
ture), and G p; (motion).

Grounded Latent VAE. The grounded latent VAE [9]
takes as input a sparse semantic voxel grid, where each oc-
cupied voxel has a semantic class label. In Waymo, the grid
is 200 x 200 x 16 with 15 foreground classes, and in Car-
1aSC, the grid is 128 x 128 x 8 with 10 foreground classes.
Occupied voxel centers are encoded with Fourier positional
embeddings, and class labels are embedded with a linear
layer. These voxel embeddings are processed by a 6-layer
transformer [16] (hidden size 384, 6 heads, MLP ratio 4)
with 3D sliding window attention [12, 19, 20] and FlashAt-
tention [3] for efficiency.

The embedded sparse voxel features are summarized
into a sparse latent point-cloud representation. Foreground
and background points are obtained separately. Each fore-
ground instance (e.g., Vehicle, Pedestrian, Motorcycle) is
assigned a single latent at its 3D center, which preserves
one-to-one identity and enables accurate motion without
merging or splitting. For background classes, we perform
farthest point sampling per class to ensure even spatial cov-
erage.! Foreground points inherit the orientation of their

'In practice, to avoid running farthest-point sampling sequentially per
background class (which would require preset per-class budgets), we con-
catenate to each voxel’s (z,y, z) a class-indicator vector of length Cg

Table 5. Ablation on the latent feature dimension.

Feature dim | mloU?T J d 4
32 90.94 | 990 11.11 6.96
64 91.86 | 9.67 11.11 6.99
128 92.76 | 9.52 11.23 7.01

instances. We use 768 latent points on CarlaSC and 1024
on Waymo. Given this point set (positions, classes, orien-
tations), we sample the transformer features at the selected
locations to obtain a feature vector for each point, and map
it with a linear layer to the mean and variance of the VAE
bottleneck.

The latent points and their features are passed through a
decoder transformer with the same depth and dimensions (6
layers, hidden size 384, 6 heads, MLP ratio 4). Final point
features are mapped by a linear layer to semantic Gaussian
parameters [6, 7]. Each point predicts 32 Gaussians, each
with an offset from the point, scale, rotation, and opacity.
Each Gaussian inherits the class of its parent latent, and
foreground Gaussians are rotated by the latent orientation as
described in the main paper. We splat these semantic Gaus-
sians to the voxel grid and supervise with cross-entropy and
Lovasz losses (weights 1.0 and 1.0) together with the KL
loss term (weight 0.0015). The model is trained for 20
epochs with a cosine learning rate schedule, global batch
size 8, and learning rate 1 x 104,

Layout Diffusion. As outlined in the main paper, G
generates the grounded latent layout: 3D positions (x, y, 2),
foreground orientations (sin 6, cos #), and class bits. Dur-
ing diffusion, these noised attributes are embedded with a
linear layer and passed through 12 DiT blocks (hidden size
384, 6 heads, MLP ratio 4) with AdaLN timestep condi-
tioning [13]. We use the e-prediction objective with 1000
denoising steps, global batch size 256, and learning rate
1 x 10~*. Following DynamicCity [1], all diffusion mod-
els are trained for 1200 epochs with a constant learning rate
schedule and exponential moving average. On Waymo, we
temporally subsample the data to 2 Hz due to computational
constraints.

Feature Diffusion. Given the generated layout from G,
Gr produces a feature vector for each latent summarizing
local geometry. The noisy feature tokens are added to the
embedded layout attributes and passed through a diffusion
transformer identical to GGy. Training and denoising set-
tings are also the same as G, (e-prediction, 1000 steps,
same optimizer and schedule). After feature generation, the
grounded latents are decoded by the VAE decoder D to se-
mantic Gaussians, which we splat to voxels for 3D scene

whose entry for the voxel’s class is set to a large value and others to zero.
Distances between different classes become effectively infinite, so a single
sampling pass behaves the same as class-wise FPS.
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Figure 7. Qualitative ablation on push weight for outpainting. From left to right: initial generation, forward shift (new region lacks
generation), naive outpainting without clipping or push, clipping only, clipping with A=2.0 (over-pushed, boundary gap), and clipping

with A=1.0 (even coverage and stable prior content).

generation.

Motion Diffusion. To lift 3D to 4D, G, predicts future
motion for all dynamic foreground actors (including the
ego agent), outputting 20 future steps at 10 Hz via way-
points and orientations, conditioned on a 10-step history
(=1 s) with a 10% history-drop rate for unconditional gen-
eration. At a future timestep ¢, each agent token is initial-
ized as the sum of its embedded grounded latent, the em-
bedded future timestep, and the initial noised waypoint and
orientation. The architecture mirrors the DiT above, with
two differences. First, DiT conditioning attends to the full
set of grounded latents at the current timestep (foreground
and background) for scene context. Second, AdaLN is ap-
plied to agent tokens using a conditioning vector derived
from both the denoising timestep embedding as well as the
agent’s embedded 10-step history. After denoising, the 3D
latent layout is moved according to the generated motion
while latent features remain unchanged to preserve local ge-
ometry. We decode the moved latents at each timestep with
the VAE decoder D to obtain the generated 4D scene.

E. Additional Ablations and Analysis

Ablation on latent feature dimension. In addition to the
ablation on the number of latents in Table 3 of the main pa-
per, we ablate the per-latent feature dimension in Table 5.
This ablation uses 512 latents in CarlaSC [4, 18]. Overall,
performance is notably less sensitive to the feature dimen-
sion than to the number of grounded latents. As the fea-
ture dimension increases, reconstruction mloU and geomet-

ric generation quality improve. By contrast, the semantics-
only metric remains largely stable, since coarse class layout
is affected mainly by G 1, (layout diffusion) and only weakly
by G (feature diffusion) which emphasizes local geome-
try. Based on the holistic geometry+semantics metric, we
select a feature dimension of 64.

Qualitative ablation on push weight for outpainting.
To supplement the quantitative ablation on the push weight
for outpainting, we present a qualitative analysis of why
clipping and a push term during the diffusion process are
necessary in Figure 7. In the first column, we visualize
the initially generated 3D scene. In the second, we move
the scene forward, revealing a newly uncovered forward re-
gion that is missing 3D generation. In the third, we try a
naive outpainting strategy where latents in the earlier half
are held fixed and only new latents are denoised. Unlike
grid-aligned generators, which can simply shift the window,
freeze the earlier cells, and denoise only the incoming half,
our grounded latents can move freely. As such, first, new
latents drift back and add to previously generated regions,
reducing temporal consistency, and second, the newly ex-
posed area remains under-covered.

To address the first issue, we clip new latents to the for-
ward region during the diffusion process as shown in the
fourth column. This preserves the previously generated half
as intended, but new latents cluster near the boundary and
still fail to fill the forward area. We therefore introduce a
push gradient during diffusion, controlled by a push weight
A, which encourages new latents to occupy the forward re-
gion while leaving the rear unchanged. With A = 2.0 (fifth
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Figure 8. Conditioning signals for motion. Two rollouts per setting. Left: no explicit orientation in foreground latents leads to incorrect
headings. Right: conditioning G 5s only on foreground causes trajectories to leave drivable regions.

column), coverage improves but a visible gap appears at the
boundary because the push is too strong. With A = 1.0 (fi-
nal column), coverage is even and the scene remains visu-
ally homogeneous across the transition without disturbing
earlier content.

Conditioning signals for motion generation. We ana-
lyze two factors that influence motion generation: explicit
orientation in the foreground latents and whether G/ is
conditioned on all latents (foreground and background) or
only foreground. We present two example rollouts for
each setting in Figure 8. Without explicit orientation in
the foreground latents we find that trajectories have unre-
alistic headings. Vehicles drift or rotate incorrectly, fail-
ing to align their yaw properly as they move. When con-
ditioning G5; only on foreground entities, without con-
text from background structure (road, sidewalk, vegetation,
buildings), trajectories frequently stray off drivable surfaces
or cut through non-drivable regions. These examples show
that orientation in the foreground latent representation and

scene-wide context are both necessary for coherent 4D mo-
tion.

F. Additional Results

F.1. 4D Occupancy Forecasting and Motion Predic-
tion

To further evaluate the quality and temporal consistency of
our generated scenes, we evaluate 4D occupancy forecast-
ing on the Waymo validation set. Given 1 second of history,
we predict future semantic occupancy at multiple horizons.

Table 6 reports per-class IoUT at Os, 1s, and 2s into the
future. Even at 2s, our model achieves 60.1 mloU, with
strong foreground accuracy (Veh. 60.7 IoU, Ped. 50.6 IoU),
showing that our grounded latent representation produces
accurate and temporally consistent rollouts rather than just
plausible-looking generations. These results validate that
the motion diffusion model generates realistic trajectories
consistent with the generated 3D scene.

We also evaluate actor trajectory quality under the same



Table 6. Waymo occupancy forecasting. Future semantic occupancy mloU? (All) and per-class IoU7 at different horizons.

t | mIoU | IoU | Gen. Vehicle Ped. Sign Cyclist Traff. Pole Constr. Bicycle Motor. Bldg. Veg. Tree Road Walk.
Os| 96.8 | 84.8199.2 80.0 987 994 979 99.1 99.1 989 96.9 953 987 989 974 948 983
Is| 73.1 | 483]91.0 70.5 688 660 568 77.1 69.1 51.3 70.5 533 90.0 929 68.1 883 83.0
2s| 60.1 |34.1|83.7 60.7 506 512 344 72,6 524 328 54.3 336 828 869 50.8 83.1 720

setting, obtaining ADE 1.03m and FDE 2.32m for vehi-
cle motion prediction, confirming that our grounded motion
diffusion model produces accurate future trajectories in ad-
dition to plausible occupancy.

F.2. Foreground Class Diversity

Vehicle geometry diversity. The per-latent features cap-
ture subtle but crucial local geometry. Figure 9 shows
length, width, and height histograms for generated vs. GT
vehicles on Waymo. The distributions closely match across
all three axes, spanning both small cars and large trucks.
This matters in driving because modeling these scale differ-
ences is critical for planning in tight scenes. This is also
consistent with the main paper Figure 4, where two genera-
tions under the same layout latents still vary in vehicle size
and background details such as foliage.

Pedestrians and other foreground classes. Our frame-
work generates and tracks all dynamic foreground classes,
including vehicles, pedestrians, and cyclists. Figure 10
shows a crowded street scene where individual pedestri-
ans (blue) are temporally consistent across frames, avoiding
the merging and splitting artifacts that arise in dense voxel
methods. This is a direct consequence of our entity-centric
design: each pedestrian is assigned a single grounded latent,
so its identity is preserved throughout the rollout.

G. Qualitative Results on CarlaSC

In Figure 11 we visualize sampled 3D scenes generated by
our method trained on the CarlaSC dataset. Our framework
is able to accurately capture the real distribution of scenes,
simulating complex traffic interaction scenarios with vari-
ous foreground actors.

H. Qualitative Results on Waymo Reconstruc-
tion

In Figure 12, we visualize the underlying latent layout,

the VAE reconstruction, and the ground-truth voxels on

the held-out validation set. We do this to test if our VAE
0.8 1.5

T 15

Generated

Gr

Generated Generated

1.0

0.5

2.0 2.5 3.0 0%0

5 1.5 2.0
Width (m)

Height (m)

2.5

4 6
Length (m)
Figure 9. Vehicle sizes in Waymo GT vs our generations.

- LI
L -

Figure 10. Our framework precisely models pedestrians (blue).
can generalize and to verify that our grounded latent rep-
resentation captures fine detail even though it is not grid-
aligned. We observe that the VAE reconstructs challeng-
ing scenes with complex background structure and crowded
foreground actors, indicating that the latent representation
preserves both detailed background regions and per-actor
attributes, which in turn enables high-fidelity generations.

We also note that in many cases the ground truth is sub-
optimal. Ideally, the ground-truth voxels would cover the
full extent of the scene, but real-world LiDAR sparsity and
occlusion can leave portions incomplete (e.g., road or ve-
hicle regions as in row 4). Our generative model inherits
such artifacts by matching the data distribution. A similar
concern exists in the CarlaSC dataset, which simulates Li-
DAR before voxelizing the scene. In future work, we plan to
mitigate this by rendering synthetic data without LiDAR as
an intermediary, then training jointly on real and synthetic
data.
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Figure 11. Example 3D scene generations of our framework on the CarlaSC dataset.
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Figure 12. Reconstruction on validation scenes: latent layout, VAE reconstruction, and ground truth. Our latent VAE reconstructs the entire
scene with high detail.
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