Grounded Latents for Entity-Centric 4D Scene Generation
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Figure 1. Entity-centric 4D scene generation with grounded 3D latents. We present LatentWorld, which introduces a grounded latent
representation for controllable, interpretable 3D and 4D scene generation. On the left, we show a generated 3D latent layout in which each
actor is a single editable latent with position and BEV orientation, together with generated future waypoints that define motion. On the
right, we decode the same latents to semantic Gaussians and splat to voxels across future timesteps, producing coherent 4D scenes with
precise foreground movement and stable background structure. Zoom in for detail.

Abstract

Although recent work has explored generative modeling
of 3D or 4D driving scenes, most approaches operate on
dense voxel-based representations, which are computation-
ally expensive and struggle to maintain temporal or struc-
tural consistency. These methods often produce blurred or
merged entities (i.e., cars, trucks, pedestrians) and lack fine-
grained control over individual scene elements. We pro-
pose LatentWorld, a framework for generative modeling in
a compact, entity-centric latent space, where each grounded
3D latent represents a semantically meaningful local region
of the scene. This formulation enables precise, consistent
control of both foreground and background elements while
preserving geometric detail. We further extend this repre-
sentation to 4D by learning a motion diffusion model for
both ego and dynamic actors, conditioned on the generated
3D scene, and by propagating the grounded latents through

time. Our framework produces physically consistent and
temporally coherent 4D scenes, supporting controllable and
realistic generation.

1. Introduction

Recent advances in generative 3D/4D scene modeling syn-
thesize scenes by denoising in dense voxel/grid represen-
tations, producing realistic scene-level generations across
driving scenarios [2, 18, 21, 33, 42]. While effective at
scene-level generation, representing a scene as a dense,
discretized volume provides no explicit modeling of fore-
ground actors or background elements. For instance, a vehi-
cle is a contiguous cluster of voxels without clear separation
from its neighbors.

In such a dense voxel formulation, all content is gener-
ated jointly within a single discretized volume rather than



via explicit entities; foreground actors (vehicles, pedestri-
ans) are not independently parameterized. As such, place-
ment or manipulation of foreground actors rely on condi-
tioning the generative model with coarse control signals,
rather than direct and reliable, actor-specific adjustments.
Extended to dynamic scenes, this lack of explicit entity
modeling manifests as merging, flickering, splitting of en-
tities in generated sequences.

In this work, we introduce LatentWorld, which factor-
izes generation around a compact, entity-centric latent rep-
resentation. We express a scene as a sparse set of grounded
3D latents, each with (X,Y, Z) coordinates and a seman-
tic class. Foreground actors (e.g., vehicles, pedestrians) are
each assigned a single latent for precise control, while mul-
tiple background elements (e.g., road, buildings, vegetation)
utilize a variable number of latents to capture fine-grained
structure and larger spatial extent. Generation proceeds in
three stages within a single pipeline: (i) a layout diffusion
stage generates the latent set (X, Y, Z) and classes), estab-
lishing an interpretable, controllable 3D layout; (ii) a fea-
ture diffusion stage predicts a per-latent feature that en-
codes local geometry; and (iii) a motion diffusion stage
evolves the same latents through time. Each latent is de-
coded into a small set of semantic Gaussians [14, 15], which
we splat to a voxel grid for occupancy training and evalu-
ation. Because latents are explicitly grounded at (X,Y, Z)
locations, modeling global motion is straightforward: gen-
erated ego movement is applied as a rigid transform to the
entire latent set’s (X, Y, Z) locations, and dynamic actors’
latents follow trajectories produced by the motion diffusion
model. This contrasts with dense voxel generators, which
model ego motion indirectly through scene-wide changes
and cannot reliably induce motion by directly transforming
independently controllable actors.

This formulation preserves foreground integrity and en-
ables precise control: translating or rotating a single actor
is handled by a direct edit to its latent, and background de-
tail is expressed via the density of background latents rather
than higher grid resolution. With persistent latents, tra-
jectories remain coherent and editable, and failure modes
common to voxel generation such as merging, flickering,
and splitting of entities are substantially reduced. Further-
more, because complexity scales with the number of latents
rather than grid size, computation naturally concentrates on
occupied regions, compared to grid-based methods which
misuse compute on free space. Compared to dense grid
methods, our generations exhibit more reliable foreground
handling and improved temporal stability, which leads to
state-of-the-art results on the CarlaSC [8, 45] and Waymo
[38, 39] datasets.

Our main contributions are as follows:

* We introduce LatentWorld, a novel entity-centric gen-
erative framework that represents a scene with sparse

grounded 3D latents.

* We factorize 4D scene generation into layout diffusion
(XYZ positions and semantic classes), per-latent geome-
try diffusion (local features), and motion diffusion over a
persistent latent set.

* We enable precise, interpretable control of foreground ac-
tors and fine-grained background structure, substantially
reducing merging, flickering, and splitting artifacts and
yielding temporally coherent trajectories.

* Our framework achieves state-of-the-art generation qual-
ity on CarlaSC [8, 45] and Waymo [38, 39].

2. Related Work
2.1. 3D Object Generation

3D generation has been extensively explored for single ob-
jects [4]. Early approaches used GANs [9] and VAEs [17],
while recent work leverages diffusion [12] and flow match-
ing [20]. These pipelines span diverse 3D representations,
including sparse point clouds [24, 28, 53, 54], flexible query
sets [55], explicit voxel grids [25, 26, 47, 48], and factor-
ized triplanes [37, 43]. Although these methods produce
high-fidelity 3D assets, they are largely object-centric rather
than scene-centric [33, 49], limiting their applicability to
autonomous driving. We instead target realistic, dynamic
scenes and represent them with sparse, grounded 3D latents
that capture multi-entity structure and relationships.

2.2. 3D Scene Generation

Beyond single objects, autonomous driving works have re-
cently adopted semantic occupancy [39, 40] as the central
3D state, as it captures scene geometry and semantics for
high-fidelity perception [39, 40] and integrates naturally
with planning [40, 56]. While LiDAR sequence synthesis
is an active line of work [13, 27, 30, 32, 50, 57], we focus
on semantic occupancy because it models unseen extents
and fine semantics. Recent static 3D scene generators op-
erate directly on semantic occupancy grids, often training
a VAE or VQ-VAE [17, 41] and denoising in the learned
latent space [25, 34]. SemCity [18] uses triplane diffu-
sion for efficient 3D modeling, XCube [33] and PDD [21]
adopt coarse-to-fine generation, and InfiniCube [23] and
Control-3D-Scene [35] introduce diverse controls. These
approaches excel at layout and static geometry but rely on
grid-aligned intermediates without explicit entity factoriza-
tion. We instead develop a grounded 3D latent representa-
tion designed for downstream 4D motion.

2.3. 4D Scene Generation

Extending from 3D to 4D, the goal is to synthesize scene
evolution over time. One line of work addresses 4D oc-
cupancy forecasting [56], typically conditioned on current
observations and planned trajectories [10, 36, 42, 44, 56].
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Figure 2. Method Overview. Semantic Voxels to Grounded 3D Latents: A VAE encodes semantic voxels into a sparse, editable latent
point set Z = {(x, ¢, 6,f)}, and the decoder maps latents to semantic Gaussians for voxel splatting. Controllable 3D Scene Generation:
A layout diffusion transformer (G7, generates the latent layout (positions, classes, orientations), then a feature diffusion transformer Gr
predicts per-latent features to capture fine geometry; decoding yields a realistic 3D scene. 4D Motion Generation: A motion diffusion
transformer G as produces future ego and actor trajectories; we move the corresponding latents and unroll the decoder across timesteps to

obtain coherent 4D semantic occupancy.

Another line focuses on 4D occupancy generation [2, 42]
for open-ended scene simulation. In this latter setting, Occ-
Sora [42] and UniScene [19] compress scenes into dense
grid-aligned latents for denoising; DrivingSphere [51] gen-
erates static scenes similarly, then populates foreground ac-
tors and dynamics using a traffic simulator. DynamicCity
[2] decomposes scenes into HexPlane features [3], achiev-
ing more efficient, higher-fidelity synthesis than dense vox-
els [42]. In contrast to voxel-centric pipelines, our flexible,
grounded 3D latents support direct, interpretable edits and
couple naturally with our motion diffusion model, enabling
ego- and actor-level control without external heuristic-based
controllers.

3. Method

3.1. Preliminary: Gaussians Occupancy Modeling

We draw from GaussianFormer [14, 15] and model a scene
as semantic 3D Gaussians G = {G;}Z,, where each
G; has center x;, rotation r;, scale s;, opacity a;, and
class probabilities ¢; € RC. The covariance is &; =
R(r;) diag(s;)? R(r;) ". For a voxel center x, occupancy
is the probabil}ijty that at least one Gaussian explains x:

a(x) = 1-[[(1—exp(= 5 (x—x:) "= (x=x3))). (D)
i=1
The voxel semantics is an opacity- and density-weighted
mixture of the semantics of nearby Gaussians,
o) 2iPx ] Gace,
>, p(x | Ga

2

Figure 3. Rotating foreground Gaussians by their latent’s yaw en-
ables interpretable, reliable heading control.

where p(x | G;) o exp( — 3(x — %) Z 7 (x — x;)). We
express the voxel’s distribution empty space and semantic
classes as [1 — a(x); a(x) e(x)] € RO,

3.2. Controllable Grounded Scene Latents

Representation. To support editable 4D scenes with in-
herent, interpretable control over both foreground actors
and background structure, we replace dense grid—aligned
latents with a sparse, grounded latent point set

zZ= {Zn}r]:;lv

where x,, € R3 is the position, ¢, € {1,...,C} is the se-
mantic class, 6,, € R is the BEV yaw (used for foreground
actors), and f, € RP encodes local geometry. We as-
sign exactly one latent to each foreground actor to maintain
identity and enable direct control: multiple latents per ob-
ject tend to split an actor over time, and one latent explain-
ing multiple objects entangles motion and causes merging.
Background regions are covered by multiple latents to cap-

Zn = (Xn; Cns On, fn)a



ture detail and allow localized edits. To derive this represen-
tation, we use a VAE with an encoder £ that maps seman-
tic voxels to Z, and a decoder D that maps Z to semantic
Gaussians as shown in Figure 2 (top).

Encoding to the latent point set. Given a semantic occu-
pancy grid V € {0,..., C}X*Y*Z we compute per-voxel
features F' using a sparse voxel transformer with shifted 3D
windows [22, 48, 52]. To obtain latent positions, we take the
3D center of each foreground instance and apply furthest-
point sampling (FPS) over voxels from background regions.
Each sampled point indexes its voxel feature in F' to obtain
f,,. Latents take the class ¢,, from the corresponding voxels,
and foreground latents also take the instance yaw 6,,.

Decoding to semantic occupancy. Given Z, the decoder
predicts a set of semantic Gaussians per latent, then splats
them to the voxel grid. We encode position x,, and yaw
0, with positional encodings, map class c¢,, and feature f,,
with linear layers, and sum these embeddings as input to
a transformer. The transformer then predicts for each la-
tent z, a set {(Am,, ., Ty k, Sn i, ctmlg)]»kK:"1 of Gaussians
(offsets, orientations, scales, opacities). Each Gaussian is
assigned the class of its latent parent ¢,,. We place Gaus-
sian centers using the predicted offsets relative to the la-
tent. For background latents we apply the offsets directly:
m,, = X, + Am, ;. For foreground latents, we ap-
ply the latent’s yaw 6,, to both offsets and orientations:
m,; = X, + R(6,) Am,, ; and r,, , = R(6,) o T s
This ensures the user-specified yaw is directly reflected in
the generated geometry, and it natively enables orientation
control for downstream motion. In Figure 3, we demon-
strate this rotation control on a vehicle latent. Finally, we
convert the predicted Gaussians to a reconstructed seman-
tic occupancy grid V via Gaussian-to-occupancy splatting
(Sec. 3.1).

Training. We train the VAE with cross-entropy (Lcg),
Lovasz (L1,ovasz), and S-weighted KL regularization:

L:(V, V) = »CCE + £Lovasz + ﬁ ‘CKL(f) (3)

This objective yields a compact, controllable latent point set
where translating a latent moves the corresponding struc-
ture, and adjusting a foreground latent’s yaw rotates its pre-
dicted geometry.

3.3. Generating a Controllable 3D Scene

Given our grounded latent representation, we separate 3D
scene generation into two stages as shown in Figure 2 (bot-
tom). In the first stage, we generate the overall layout of
the latent set Z: the positions x, semantic classes ¢, and
orientations #. In the second stage, we condition on this
layout to generate per-latent deep features f which encode
fine-grained structure.

Figure 4. Left: Generated layout and semantic grid. Right: We
manually arrange the layout to simulate a complex traffic scene
and sample two sets of latent features to decode. LatentWorld’s
grounded latent representation enables interpretable, explicit con-
trol of scene elements, with high-fidelity geometric variations cap-
tured by our feature generation model.

We use two stages for several reasons. First, prior work
shows that producing scene structure before local detail im-
proves fidelity [48]. Second, we want the layout to be inter-
pretable and editable: a user can inspect latent placements,
move or rotate elements, and then produce high-fidelity ge-
ometry that follows these edits. Third, keeping coarse lay-
out and fine geometry separate allows the same layout to be
paired with multiple fine-grained generations, giving users
coarse control together with fine-grained diversity.

Layout Generation To generate this layout, we use a lay-
out diffusion transformer G, operating on the latent point
set. For each latent n, we encode its fields for diffusion as

Zn,o = [Xn, Y,, Z,, sin6,,, cosf,, bits(cn)]. )

We normalize (X, Y, Z) to [—1, 1] using dataset bounds and
encode yaw as (sin 6, cos 8). For classes, we follow Bit Dif-
fusion [1] and convert ¢, € {1,...,C} to [log, C7 bits so
classes are modeled within the same continuous diffusion
as the real-valued channels. We do this because unlike PDD
[21] which applies only discrete diffusion on a fixed voxel
grid and DynamicCity [2] which uses only continuous dif-
fusion on a latent feature space without explicit classes, our
layout includes both continuous (XY, Z,sin 6§, cos#) and
discrete (class) components. Converting classes to bits en-
ables a single continuous diffusion schedule. We train G,
with the e-prediction objective following [12, 29]:

»Clayout = Et,e ||6 - gL(Z’ﬂJ57 t)H; ®)

with Z,,; = /& Zn,0 + 1 — &€, and sample layouts
with the reverse process. This yields editable, semantically
grounded layouts that provide a reliable scaffold for the sub-
sequent per-latent geometry and feature generation. Figure



4 illustrates this process: we first generate a layout, edit spe-
cific entities (e.g., translate or rotate actors) as desired, then
generate per-latent features and decode to semantic occu-
pancy. The resulting semantics adhere to the edited layout,
demonstrating precise, interpretable control.

Feature Generation. Given the coarse layout
{(Xn, Cn,00)}N_, from Gr, we generate a deep fea-
ture f,, for each latent to capture local geometry. We
employ a diffusion transformer G that conditions on the
layout: at each timestep it receives the current noisy feature
fn,t together with embeddings of the latent’s position x,,,
orientation 6,,, and class ¢,, from the previous layout stage,
and uses this context to denoise fn,t into f,, while leaving
the layout unchanged. Combining the layout (X, ¢y, 6,)
with the generated features f,, yields the grounded latent
set passed to D for Gaussian decoding and occupancy
splatting.  This simple conditioning cleanly separates
editable layout from fine detail, allowing multiple feature
realizations per layout as shown in Figure 4.

3.4. Generating Dynamic Scenes

Motion Generation. In driving scenarios, scene dynam-
ics primarily come from two sources: the ego vehicle’s
motion and the motion of dynamic actors. We generate
trajectories for both with a diffusion transformer G,;. In
grid-based methods, ego motion is implicit in synthesized
frames and actor motion is baked into voxels; steering re-
quires conditioning on control trajectories that the genera-
tor may not reliably respect because there are no explicit,
controllable entities. In our representation, motion is ex-
plicit edits to latents. Applying an ego transform moves the
entire scene consistently, and updating a single foreground
latent places that actor exactly at the desired waypoint and
heading. Users may edit latents directly, or G, can learn to
generate realistic trajectories from data.

We now formalize our model G, as shown in Figure 2
(right). We identify dynamic foreground classes (e.g., ve-
hicles, pedestrians, cyclists) and include the ego vehicle as
an agent. The model generates T'=20 future steps at 10Hz.
For each agent a, it outputs future waypoints and headings
in the current ego frame,

{(pa,t7 ¢a,t)}?:17

where p, ¢ is an (X,Y, Z) waypoint and ¢, is a BEV
heading angle. We form a sequence of agent-timestep to-
kens where each token’s input feature is the sum of 1)
an embedding of the noised (pg,; ¢a,:) to be denoised,
2) a time-step embedding for ¢, and 3) the agent identity
from its latent (X, 0, Cq, ). The denoiser cross-attends
to all current-time latents (foreground and background) for
scene context. For autoregressive generation, each agent is
AdaL.N-conditioned [31] on an encoding of its past 10 steps

Pa,t € R37 (baﬂf € R) (6)

(10Hz), dropped 10% of the time for unconditional sam-
pling. Gy uses the same e-prediction objective and sched-
ule as in other models.

Driving Latents with Motion. To generate 4D se-
quences, we update actors first, then advance the full scene
by the ego transform. At each future step ¢, dynamic actors
move to their predicted waypoints and headings (in the cur-
rent ego frame), background latents remain in place, and the
ego transform is applied uniformly to all latents:

(REDn: + tins dns + AOE)
i gt if latent n is dynamic,

n? n) =
(REGxL + 488, 0171 + AOL)

otherwise.

(x

)

where REQ, = Rot(AHéé?,). With latents {(x/},c,, 0%, f.)},
we decode via D to semantic Gaussians and splat to occu-
pancy at time ¢. Because our actor motion is not baked into
voxels, such control is straightforward; Figure 1 demon-
strates this operation.

Outpainting for Unbounded Generation. As the ego
vehicle advances, the scene must extend beyond the ini-
tially generated window. Grid-based methods can hold a
BEV crop fixed and denoise only the unknown area. With
points, however, naively denoising new latents lets them
appear anywhere, risking interference with content already
generated and yielding sparse, underpopulated new regions.
To address this challenge, we freeze existing latents and de-
noise only new latents to populate the new forward half of
the BEV window while using the rear half as context. Dur-
ing denoising we (i) clip new latents to the forward half and
(ii) apply a quadratic mean shift away from the frontier, in-
spired by guided diffusion [7]. Let  denote a new latent’s
x coordinate (the ego vehicle faces +x). During diffusion,
we adjust the model mean for the forward coordinate by

MI =5+ A (1 — Clip(ff,o, 1)2>7 ¥

where p is the denoiser’s predicted mean at the current
denoising step, 1 follows the diffusion variance schedule,
and A is a push weight. This in-loop mean-shift guidance
concentrates new latents in the forward half while leaving
the context half unchanged, enabling automatic, stable out-
painting as the ego vehicle moves forward. Additional anal-
ysis is in the ablations and the supplement.

4. Experiments

4.1. Experimental Details

Datasets. We evaluate on two datasets. CarlaSC [8, 45]
is a synthetic dataset that provides 10 classes with sparse
semantic occupancy grids of size 128 x 128 x 8, covering a



Table 1.

CarlaSC scene generation. MMD| between generated and real features using geometry, semantics, and joint (geome-

try+semantics) metrics; lower is better. LatentWorld consistently achieves the best performance, with large gains on foreground classes.

Method | Avg | All |Building Barrier Other Pedestrian Pole Road Ground Sidewalk Vegetation Vehicle
SemCity [18] 10.47] 9.07 9.42 27.31 8.18 9.17 4.56 6.06 23.39 4.90 17.38 8.30
PDD [21] 12.36| 8.83 | 10.90 50.94 7.14 10.91 5.88 1898 15.15 6.15 7.35 25.45
DynamicCity [2] 20.45|19.66| 7.01 28.96 13.54 11.38  17.54 30.27 40.52 15.94 22.14 25.09
LatentWorld (Ours)| 6.44 | 3.89 | 4.57 30.13  5.22 6.42 5.38 6.80 11.85 2.99 11.30 5.34
SemCity [18] 15.90{10.81| 31.00 5195 13.71 31.36  12.94 10.58 8.82 11.94 19.07 18.49
PDD [21] 13.17| 8.60 | 29.19 4295 14.56 24.35 9.64 6.18 7.50 11.04 10.59 21.41
DynamicCity [2] 12.74| 696 | 26.42 4491 19.79 26.84 1097 8.78 8.73 9.37 11.39 17.98
LatentWorld (Ours) |11.30| 6.81 | 24.62 43.38 16.40 18.63 958 744 595 8.17 9.12 14.54
SemCity [18] 10.04 3.90 | 13.04 5192 13.96 24.60 820 447 1293 7.73 15.22 9.84
PDD [21] 13.27| 5.89 | 14.48 81.84 12.77 25.26 6.68 6.68 12.38 10.77 12.68 22.98
DynamicCity [2] 998 | 4.13 | 10.61 4444 12.65 14.61 9.07 9.61 17.83 4.93 19.13 15.46
LatentWorld (Ours)| 6.69 | 1.70 | 8.09 48.15 9.52 8.87 541 356 8.77 4.03 14.11 6.35

Table 2. Waymo 4D scene generation.
overall, with clear improvements on foreground categories.

MMD| under geometry, semantics, and joint metrics. LatentWorld outperforms DynamicCity

Method \ Avg \ All \Gen. Obj. Vehicle Pedestrian Sign Cyclist Traff. Light Pole Cons. Cone Bicycle Motorcycle Bldg. Veg. Tree Trunk Road Walk.
DynamicCity [2] 3931201 3.56 3.46 4.77 2.54 16.23 2.96 2.71 34.83 11.44 8.49 0.48 091 4.15 251 091
LatentWorld (Ours)| 1.62 [0.19| 1.98 2.31 0.92 0.26 14.05 1.59 0.51 11.64 3.55 6.66 0.63 0.38 0.55 0.51 0.24
DynamicCity [2] 3.3210.80| 6.55 2.77 6.19 346 9.34 433 4.48 9.26 24.51 10.25 1.27 1.34 1.47 1.21 1.25
LatentWorld (Ours)| 1.50 [0.29| 1.88 1.38 1.91 0.46 10.91 1.07 0.66 3.64 11.28 5.14 0.50 0.38 0.48 0.53 0.48
DynamicCity [2] 2.611.63] 2.09 1.82 2.16 1.50 7.35 1.64 1.62 9.36 9.11 7.77 0.76 1.38 3.32 2.66 131
LatentWorld (Ours)| 0.96 (0.16| 0.81 0.71 0.60 027 7.27 1.00 0.37 2.79 6.17 4.48 0.46 0.29 0.51 0.25 0.22

51.2x51.2x3 m region centered on the ego vehicle. Occ3D-
Waymo [38, 39] is a large-scale, real-world dataset gener-
ated by voxelizing annotated LiDAR point clouds. It pro-
vides 15 semantic classes with grids of 200x 200 x 16 reso-
lution, spanning 80x80x 6.4 m and is a challenging testbed
for 3D/4D generation. Due to computational constraints,
we temporally subsample Waymo to 2Hz to train baselines
and our framework.

Evaluation Settings. Following prior work [2, 21], we
compare feature distributions of generated vs. real scenes
using a pretrained 3D autoencoder [6]. We make two im-
provements for finer-grained evaluation. First, we compute
metrics per semantic class. The encoder mapsan X XY x Z
scene to a BEV feature map (X/d) x (Y/d) x C. For
each BEV cell, we identify the classes present in its cov-
ered 3D region, gather real and generated features per class,
and then average across classes. More details are in the
supplement. This reduces background bias and preserves
instance-level detail compared to globally pooling the bot-
tleneck. Second, we use multiple encoders to capture dif-

ferent aspects: a geometry-only autoencoder to assess oc-
cupancy/shape fidelity, a semantics-only autoencoder to as-
sess semantic plausibility regardless of exact geometry, and
a joint geometry+semantics autoencoder provides an over-
all holistic metric. Distributional differences are measured
with Maximum Mean Discrepancy (MMD), following prior
work [5, 16] that show FID [11] is unreliable due to non-
Gaussian feature embeddings. We report both averaged and
per-class MMD.

Implementation Details. We closely follow the settings
in prior work [2], training our VAE for 20 epochs and the
DiT for 1200 epochs. We use 768 latents for CarlaSC [46]
and 1024 latents for Occ3D-Waymo [39]. Our VAE has a
hidden size of 384, with 6 blocks in the encoder and de-
coder. Our layout, feature, and motion generators also have
a hidden size of 384 with 12 DiT blocks each. As Car-
1aSC does not provide instance-level tracks, we only evalu-
ate static scene generation on CarlaSC, and we evaluate our
4D generation pipeline on Waymo. Additional details are in
the supplementary.



Figure 5. Factorized generation with grounded latents. Row 1: generated latent layouts with generated actor waypoints, capturing coarse
structure and multi-actor placement. Row 2: feature generation and decoding to semantic Gaussians, splatted to voxels, producing diverse,
realistic 3D scenes faithful to the layout. Row 3: applying the generated motion to the same latents produces coherent 4D sequences with

precise actor movement and stable background. Zoom in for details.

4.2. Quantitative Results

We evaluate 3D scene generation on CarlaSC (Table 1).
Our sparse, grounded latent point model achieves consistent
gains, with large improvements on fine-grained foreground
classes such as Pedestrian and Vehicle. Compared to grid-
based methods, each actor with a single grounded latent
makes multi-actor layout explicit, yielding sharper shapes
and more reliable placement in crowded regions.

For 4D scene generation on Waymo (Table 2), Latent-
World substantially outperforms DynamicCity, especially
on foreground categories such as Vehicle, Pedestrian, and
Motorcycle that require precise localization of small or fast-
moving actors. While DynamicCity performs reasonably on
background classes like Building and Vegetation, its dense
voxel representation lacks explicit actor factorization, caus-
ing spatial drift and blurred actor geometry over time. In
contrast, our grounded latents maintain a one-to-one actor
representation and apply ego motion as an explicit rigid
transform, producing coherent trajectories and stable inter-
actor separation alongside strong background fidelity.

4.3. Qualitative Analysis

Generation Component Visualizations. In Figure 5, we
present our factorized 4D scene generation. The first row
shows synthesized grounded latent layouts, visualized with
generated actor future waypoints; the layout cleanly cap-
tures coarse scene structure and multi-actor placement. We

then run feature generation and decode to semantic Gaus-
sians before splatting to voxels, yielding diverse, realistic
3D scenes that remain faithful to the underlying layout. Fi-
nally, because latents are explicitly grounded and control-
lable, we apply the generated motion to the latent set and de-
code across time, producing coherent, diverse 4D sequences
with precise actor movement and stable background struc-
ture.

Dynamic Scene Generation Comparison. Figure 6
compares generated 4D scenes on Waymo from Dynamic-
City and our method. DynamicCity often fails to maintain
vehicle coherence: actor voxels flicker in and out across
frames in the first sequence and split or merge in the sec-
ond. Furthermore, because grid-based methods represent
ego motion only implicitly via global scene changes, they
struggle to decouple actor motion from scene motion dur-
ing turns, leading to additional merging and frame-to-frame
inconsistencies in background geometry.

In contrast, our grounded latent formulation, with one la-
tent per actor, explicit ego transforms applied to all latents,
and a motion diffusion model over persistent actors, pre-
serves foreground identity even in fast sequences. Notably,
it also yields precise pedestrian trajectories in crowded
scenes and maintains consistent actor and scene geometry
through generated ego-vehicle turns. Qualitatively, this pro-
duces cleaner, more stable 4D generations also aligns with
our stronger metrics on foreground classes in Table 2.



Figure 6. Waymo qualitative comparison. DynamicCity’s generations exhibit foreground flicker, cause frequent vehicle splitting, and
ego turns yield background inconsistencies across frames. LatentWorld’s grounded latents, with one latent per actor and explicit ego
transforms, preserve identity and inter-actor separation, giving stable trajectories and consistent background. Zoom in for details.

Table 3. Ablation on the number of latents in CarlaSC [46].
mloU71: reconstruction; MMDJ: generation.

# Latents | mloUT | Geo] Sem| Geo+Sem |
256 8545 | 1332 10.95 7.33
512 92.90 9.90 11.11 6.97
768 93.63 6.44  11.30 6.69
1024 94.71 638 12.36 7.30
4.4. Ablations

Number of latent points. In Table 3, we ablate the num-
ber of latent points on CarlaSC. Reconstruction mloU im-
proves with more latents (due to a wider bottleneck), and
geometric fidelity in generation also rises as added latents
capture finer detail. However, semantic-only quality wors-
ens at very high counts. Denser background coverage places
multiple latents within small neighborhoods, making class
assignment more difficult. Nearby latents receive mixed
semantic supervision and their predicted classes become
less stable even as geometry becomes more accurate. Bal-
ancing geometric improvements against this semantic in-
stability, we choose 768 latents based on the joint geom-
etry+semantics metric.

Outpainting. In Table 4, we ablate the guidance weight A
used in the outpainting mean shift (Eq. 8). With A = 0 (no
guidance), newly denoised latents may emerge anywhere,
often drifting back into already generated regions. This per-
turbs existing content and leaves the new forward half un-

Table 4. Ablation on outpainting push weight A. MMD/: genera-
tion.

A | Geol Sem] Geo+Sem |
0.0 | 3.98 3.56 2.31
05| 1.81 1.81 1.07
1.0 | 157 1.86 1.04
1.5 | 1.63 1.85 1.09

derpopulated. Introducing guidance steers latents toward
the outpaint region, improving coverage and consistency.
Performance peaks at A = 1.0, which provides sufficient
attraction without over-concentrating points. Larger values
(e.g., A = 1.5) push new latents roo far, leaving the bound-
ary region sparse.

5. Conclusion

We presented LatentWorld, an entity-centric generative
framework for 4D scene synthesis that replaces dense voxel
generation with a sparse set of grounded 3D latents. By fac-
torizing generation into layout diffusion, per-latent geome-
try diffusion, and motion diffusion over a persistent latent
set, our approach produces interpretable, controllable 3D
scenes that naturally lift to realistic 4D motion. Decoding
each latent into semantic Gaussians and splatting to voxels
enables standard training and evaluation while concentrat-
ing computation on occupied regions. This design preserves
the stability of foreground actors, supports direct entity ed-
its, reduces merging, flickering, and splitting artifacts, and
enables 4D occupancy forecasting and motion prediction.
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