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Abstract

Large-scale scene data is essential for training and testing in
robot learning. Neural reconstruction methods have promised
the capability of reconstructing large physically-grounded
outdoor scenes from captured sensor data. However, these
methods have baked-in static environments and only allow for
limited scene control – they are functionally constrained in
scene and trajectory diversity by the captures from which they
are reconstructed. In contrast, generating driving data with re-
cent image or video diffusion models offers control, however,
at the cost of geometry grounding and causality. In this work,
we aim to bridge this gap and present a method that directly
generates large-scale 3D driving scenes with accurate geom-
etry, allowing for causal novel view synthesis with object
permanence and explicit 3D geometry estimation. The pro-
posed method combines the generation of a proxy geometry
and environment representation with score distillation from
learned 2D image priors. We find that this approach allows
for high controllability, enabling the prompt-guided geome-
try and high-fidelity texture and structure that can be condi-
tioned on map layouts – producing realistic and geometrically
consistent 3D generations of complex driving scenes.

Project Webpage — https://light.princeton.edu/lsd-3d

1 Introduction
Large-scale public datasets have driven significant advance-
ments in robot learning over the last decade. For autonomous
driving, large volumes of data (Geiger, Lenz, and Urtasun
2012; Sun et al. 2020; Caesar et al. 2020) have unlocked new
capabilities for perception and planning. Initially limited to a
few labeled scenes (Geiger, Lenz, and Urtasun 2012), exist-
ing datasets now offer thousands of multi-modal, fully anno-
tated scenes around the world (Caesar et al. 2020; Sun et al.
2020) – unlocking broader capabilities for robot learning.
However, achieving generalized robot autonomy demands
even greater scales of both diverse and complete data, to
capture the long tail of driving scene distributions – a chal-
lenge given the high costs of capturing and annotating data.
Research in various layers of the robotics stack has demon-
strated that training models on large quantities of data and
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in simulated environments (Talwar et al. 2020; Gulino et al.
2023) can result in robust and more generalized autonomy.

Recent work in neural scene reconstruction promises to
bridge this gap by reconstructing previously simulated driv-
ing environments directly from sensor data (Ost et al. 2021;
Tonderski et al. 2023; Yang et al. 2023b). Such scenes can be
replayed in real time, synthesize novel views, and allow for
unseen actor variations in closed-loop testing (Ljungbergh
et al. 2024; Dauner et al. 2024). However, neural reconstruc-
tion methods are fundamentally limited in that they cannot
produce novel content beyond recorded scenes – they do not
offer data-driven simulation with great scene diversity.

Video diffusion models have been proposed to increase
data volumes and diversity by subsequently fine-tuning on
autonmous driving data to mimic driving datasets and multi-
view camera setups (Gao et al. 2023). While these methods
can generate a large corpus of novel driving data, outside
of their training data, and provide feature control, they also
come with inherent limitations: High computational costs
restrict real-time replay and scalability for closed-loop sim-
ulation tasks. Furthermore, they lack explicit spatial model-
ing, which prevents causality, object permanence, and 3D
consistency. As such, video diffusion models struggle as
simulators, especially for safe robot learning.

Explicit 3D scene models guarantee causality and 3D
consistency. Directly generating explicit 3D scenes, how-
ever, poses a challenge: both geometry and texture have to
be generated consistently and with high quality. Some ap-
proaches use LiDAR point clouds to produce pure geometry
without detailed texture (Lee et al. 2024) – which cannot
be used to train image-based autonomous driving models
– while more recent approaches adopt coarse 3D geome-
try as a conditioning mechanism for video synthesis (Lu
et al. 2024a,b). As such, these methods inherit video dif-
fusion limitations, such as a lack of causality. Distillation
methods (Poole et al. 2022) instead address the 3D data gap
by transferring priors from 2D image models into 3D repre-
sentations via inverse rendering techniques (Yi et al. 2024).
However, existing techniques are limited to object-centric
generation (Poole et al. 2022; Xiang et al. 2024) and lack
realism (Li et al. 2024) –– and so, they are not suitable for
the complexity (Zhang et al. 2024b) or spatial scale (Shriram
et al. 2024) of large-scale driving scenes. Only recent work
has explored distillation approaches for scene extrapolation
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from sparse real data captures (Wu et al. 2025; Liu, Zhou,
and Huang 2024; Fischer et al. 2025), achieving improved
reconstruction quality from few images and hinting at the
potential for complete outdoor scene generation.

We propose a novel approach that overcomes the afore-
mentioned limitations of existing generative methods for
large-scale driving scenes. Our method generates explicit
3D models of entirely novel environments – with both ge-
ometry and high-fidelity texture – by fusing the diversity of
image and video generation with the efficiency of explicit
3D representations. We first generate a coarse geometry of
street scenes, optionally controlled by a road map layout.
This proxy is then used to guide the generation of fine struc-
tural details and high-fidelity textures via image space distil-
lation with a high-quality image generation model. Specifi-
cally, we introduce geometry-grounded distillation sampling
(GGDS), an image space sampling approach, that incorpo-
rates explicit geometry control and exact noise sampling by
DDIM inversion in a single method. We find that the combi-
nation of geometry guidance and consistent noise sampling
can deliver 3D consistent scene generation via distillation.
The method produces diverse, realistic, and large-scale 3D
scenes for autonomous driving. Generated scenes guaran-
tee causality and can produce unlimited novel trajectories
in real-time – enabling scalability – while maintaining 3D
consistency and appearance fidelity. Furthermore, precise
prompt control over weather, season, time-of-day, and loca-
tion, in the form of explicit environmental lighting, enables
further fine-grained customization of these virtual scenes.

We validate our method on the Waymo Open Dataset (Sun
et al. 2020), generating novel scenes which not only inherit
the data prior distribution, but leverage the implicit prior of
2D diffusion models to provide enhanced scene diversity.
Our approach, generating complete and coherent large-scale
3D scenes, outperforms state-of-the-art generative methods
in image synthesis of unseen scenes by 18% in FVD and
maintains prompt adherence on the level of video models.

We summarize our specific contributions as follows:
• To our knowledge, our method is the first to utilize a dis-

tillation approach to directly generate and optimize ex-
plicit 3D driving scenes with high-quality geometry and
texture – guaranteeing causal generation.

• We introduce Geometry-Grounded Distillation Sampling
(GGDS), a method combining controlled proxy mesh
generation with a conditional diffusion prior to produce
novel, view-consistent Gaussian splatting scenes, with
real-time rendering and composability with 3D assets.

• We generate diverse large-scale scenes which can be ren-
dered into physically-grounded videos controlled by tra-
jectories through the scene, enabling the creation of un-
limited, completely unseen environments, controlled by
scene descriptions, traffic map layouts, or text prompts.

2 Related Work
Image and Video Synthesis. Recent advances in image
generation have enabled the synthesis of high-resolution,
photorealistic imagery. These approaches – from genera-
tive adversarial networks (GANs) (Goodfellow et al. 2014;

Brock, Donahue, and Simonyan 2018; Karras et al. 2020),
likelihood-based methods (Kingma and Welling 2013;
Razavi, Van den Oord, and Vinyals 2019), to more promi-
nently, diffusion models (Dhariwal and Nichol 2021; Song,
Meng, and Ermon 2020; Ho, Jain, and Abbeel 2020; Rom-
bach et al. 2022) – have been recently extended to video
generation (Blattmann et al. 2023; Ho et al. 2022b; Hong
et al. 2022; Team 2024). Early methods offer control via text
prompt (Singer et al. 2022), image (Zhang et al. 2024c), or
camera position (Sargent et al. 2023; Yang et al. 2024b). Re-
cent methods like GEN3C (Ren et al. 2025b; Team et al.
2025) or GeoDrive (Chen et al. 2025a) for driving scenes
incorporate 3D conditioning and point projection to im-
prove geometric consistency. Specialized models, such as
Vista (Gao et al. 2024), MagicDrive (Gao et al. 2023), or
DriveDreamer (Wang et al. 2023b), have been developed on
top of foundational video models (Blattmann et al. 2023)
for autonomous driving applications – employing bounding
box, HD-map, and dense voxel guidance for feature control.
However, despite efficiency improvements (Song, Sun, and
Yin 2024), video generation models remain computationally
intensive (Yang et al. 2024c; Wan et al. 2025) and preclude
the scalability necessary for real-time simulation. Further-
more, they struggle with coherent novel-view rendering over
long driving trajectories and suffer from a lack of causality.
In the top of Tab. 1, we provide a comparison of relevant
video synthesis methods for driving scenes.

3D Generation. To guarantee consistency and causality,
recent approaches separate from 2D image and video gen-
eration and focus on the explicit generation of individual,
object-centric 3D structures. These methods (Xiang et al.
2024; Li et al. 2025; Gao* et al. 2024; Sargent et al. 2023;
Xie et al. 2024b) generate consistent 3D structure by lever-
aging well-defined features and latent spaces, and multi-
view observations – enabling them to directly perform ex-
plicit diffusion of 3D objects. However, these 3D generative
models rely on high-quality synthetic 3D data (Deitke et al.
2023; Collins et al. 2022), and most works are thus con-
strained to the generation of individual objects – generation
of large-scale 3D outdoor scenes remains an open challenge.

Scene Reconstruction and Generation. For large-scale
scene generation (Kim et al. 2023; Yang et al. 2023a; Lee
et al. 2024; Wang et al. 2023a; Bahmani et al. 2023), vari-
ous 3D representations have been proposed: triplanes (Shue
et al. 2023; Lee et al. 2024), semantic occupancy grids,
bounding boxes, and 3D maps (Yang et al. 2023a; Xu et al.
2023). However, reliance on generation of explicit priors re-
quires expensive annotation data, and these early methods’
generations lack significantly in photorealism and scale. In
contrast, satellite imagery has been used for the city-scale
3D generation of urban environments (Lin et al. 2023; Xie
et al. 2024a). More recently, hierarchical voxel diffusion
methods (Ren et al. 2024a), have used accumulated LiDAR
point clouds to supervise the generation of 3D driving scenes
or generate realistic LiDAR point clouds (Zyrianov et al.
2024). However, these methods exclusively generate geom-
etry, without the texture or appearance needed for training
perception models – see the bottom of Tab. 1.
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Method Unlimited Compos- Causal 3D Real-Time View Control
Viewpoints ability Geometry Rendering Extrapolation Weather Time Map

DriveDreamer (2023b) ✗ ✗ ✗ ✗ ✗ ✓ ✓ ✗

WonderJourney (2024b) ✗ ✗ ✗ ✗ ✗ ✓ ✓ ✗

Streetscapes (2024) ✗ ✗ ✗ ✗ ✗ ✓ ✓ ✓

Vista (2024) ✗ ✗ ✗ ✗ ✗ ✓ ✓ ✗

MagicDriveDiT (2024b) ✗ ✗ ✗ ✗ ✗ ✓ ✓ ✗

WoVoGen (2024a) ✗ ✗ ✗ ✗ ✗ ✓ ✓ ✓

WonderWorld (2024a) ✗ ✗ ✗ ✗ ✗ ✓ ✓ ✗

NF-LDM (2023) ✗ ✗ ✗ ✓ ✗ ✓ ✓ ✓

InfiniCity (2023) ✗ ✗ ✓ ✓ ✓ ✗ ✗ ✓

MagicDrive3D (2024) ✗ ✓ (✓) ✓ ✓ ✓ ✓ ✓

CityDreamer (2024a) ✗ ✗ ✓ ✓ ✓ ✗ ✗ ✓

InfiniCube (2024b) ✗ ✓ (✓) ✓ ✓ ✓ ✓ ✓

GEN3C (2025b) ✗ ✗ (✓) ✗ ✓ ✓ ✓ ✗

LSD -3D (Ours) ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓

Table 1: Video and 3D Generation for Driving Scenes. We review the recent body of video (top) and 3D generation work
(bottom).

Neural scene reconstruction (Mildenhall et al. 2021) on
the other side has shown promising results for the pro-
duction of photorealistic visual data. 3D Gaussians (Kerbl
et al. 2023) have emerged as prime scene representations,
able to explicitly model geometry while also allowing for
real-time rendering, enabling scalability. Methods such as
OmniRe (Chen et al. 2025b), SplatAD (Hess et al. 2025),
SCube (Ren et al. 2024b) or STORM (Yang et al. 2025)
are capable of reconstructing 3D texture and geometry as
3D Gaussians from real-world driving videos, allowing for
the exploration of novel trajectories. Nevertheless, pure re-
construction methods are still fundamentally limited by the
availability of real data to reconstruct from. A natural ex-
tension of these works has been undertaken by works like
WoVoGen (Lu et al. 2024a) and InfiniCube (Lu et al. 2024b),
which replace the real data required for scene reconstruction
with generated videos conditioned on scene geometry – the
latter then fits these videos onto a set of deformable Gaus-
sian Splats, a first approach in 3D grounding. However, this
approach is still inherently limited to the generated video
trajectory. Furthermore, despite the explicit 3D representa-
tion, the lack of causality in a single original video results in
visual artifacts and inconsistencies being baked into the 3D
representation. In contrast, distillation is a paradigm which
has recently emerged in 3D object generation (Poole et al.
2022; Liang et al. 2024) and sparse reconstruction (Wu et al.
2025, 2024b; ?; Fischer et al. 2025) that is centered around
the learning of a 3D representation guided by pretrained
text-to-image models. This approach makes it possible to
synthesize novel 2D views from arbitrary camera positions,
while ensuring 3D consistency and visual fidelity through-
out the optimization, thereby bypassing the problem of lim-
ited 3D data availability. However, generation by distillation
works for object-centric views but does not naturally scale
to complex textures and large-scale scenes, as is necessary
for driving scene generation. Our work investigates how dis-
tillation can be extended for large-scale scene generation, al-
lowing for the distillation of image priors as part of the 3D

generation – as opposed to explicit supervision.

3 Geometry-Grounded 3D Generation
Our method generates large-scale driving scenes with 3D-
consistent geometry and texture. We provide an overview of
the generative process in Fig. 1. In the following, we first
describe our large-scale scene representation before intro-
ducing the proposed conditional generation process.

3.1 Scene Representation

Geometric Layout and Background Environment. The
coarse geometric layout of the scene encodes road, rough
vegetation, static vehicles, and building facades. The layout
is represented by a mesh M = {F1, ...,FN} where each
triangular face is defined by three vertices [Va,Vb,Vc].

We model the background texture at infinity with an en-
vironment map (Greene 1986). For a given time of day,
weather, and seasonal setting, we introduce into our scenes
a corresponding background environment in the form of an
equirectangular map E of size Henv ×Wenv × 3, that offers
explicit environment lighting control. Queried as a spheri-
cal environment map fenv (d, E), it returns a color c for any
given viewing directions d = (φ, η) ∈ R, (0, 2π].

Gaussian Structure and Texture. On a finer level, we
represent detailed geometry and texture as a set of 2D ori-
ented planar Splats introduced by Huang et al.. Each splat θk
is parametrized by its central point pk ∈ R3, two principal
tangential vectors t = (tu, tv) that define their orientation,
and a variance controlling its scale per axis s = (su, sv). Our
complete scene representation Θ is defined as the set of all
K individual Gaussian Θ = [θ0, ..., θK ]. Complex textures
are further modeled by the Gaussian appearance c (stored as
a set of spherical harmonics) and opacity o. The rendered
foreground is alpha-composited with the environment map
rendered at infinity for each pixel’s viewing direction.
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Figure 1: Geometry-Grounded Large-Scale 3D Scene Generation. We generate a large-scale scene as a combination of a coarse
geometric layout, an environment map, and a set of Gaussians for texture details, discussed in Sec. 3.1. The geometric layout
is either generated, conditioned on a map, or predicted from point-cloud data and guides the overall scene structure. We can
further control the setting with a scene prompt, describing time-of-day, season, and weather. Through Geometry-Grounded
Distillation Sampling (GGDS), we then further optimize the Gaussian-based scene representation by leveraging 2D priors from
the conditional latent diffusion model through consistent diffusion sampling and image-space optimization – together with a
set of geometry-grounding regularizers – and generate a causal large-scale scene representation as described in Sec. 3.3.

3.2 Geometric Layout Generation
To generate the foreground mesh geometry, we first gener-
ate a voxel occupancy V from a hierarchical latent voxel
diffusion model (Rombach et al. 2022), which makes use
of a dense, low-resolution and a sparse, high-resolution 3D
UNet (Zhou, Du, and Wu 2021; Ren et al. 2024a) as its
respective backbones (see the Supplementary Material for
details). To enable explicit control of the layout of V , we
condition the diffusion model on a map layout M to model
the conditional probability p (V |M). As single-scene gener-
ations are limited to 100m × 100m, we expand the gener-
ation size by introducing chunk-wise outpainting. The ini-
tial chunk is exclusively conditioned on the locally aligned
map Me, but each subsequent chunk e is also conditioned
on an overlapping zone with the previous chunk e − 1
with p (Ve|Me, Ve−1). This diffusion model is trained from
scratch on aggregated point-clouds and maps of the target
street scene dataset. From the generated voxel grid, we then
predict the enclosing coarse surface mesh geometry M with
neural kernel surface reconstruction (Huang et al. 2023).

3.3 Geometry-Grounded Scene Generation
Given the generated coarse mesh M and a monochromati-
cally initialized environment map E , we next generate a tex-
tured scene with causal consistency.

Mesh to Gaussian Representation. We place Gaussians
Θ at pk, to represent mesh faces F and set orientation, scale,
and tangential axes according to the triangle normal nF , and
area aF , with orientation nF = tu × tv and scale |s| = aF .

Geometry-Grounded Distillation Sampling (GGDS).
We next distill a latent diffusion model (LDM) pϕ,data (z)
on the set of Gaussians Θ through a novel iterative opti-
mization method, which we term Geometry-Grounded Dis-
tillation Sampling (GGDS). This optimization method is de-
signed to avoid the artifacts that are typically present in
existing latent space distillation-based models (Poole et al.
2022; Liang et al. 2024; Hwang et al. 2024) and in ego-
centric scenes (see Fig. 3).

In each distillation step, we first obtain an image xi =
g (Θ, ψi) for viewpoint ψi with the rasterization function g.
We encode the latent z0,i = E (xi) from this image and add
noise ϵ of noise level t to obtain the noisy latent zt. The noise
level t is sampled uniformly between tmax and tmin. The
noisy latent zt is the denoised forN steps and decoded, gen-
erating a ground-truth image x̂i = D (ẑ0,i) for the respec-
tive viewpoint, inducing a loss in image-space. We formulate
the objective as the image reconstruction loss between the
generated image x̂i and the rendered image xi = g (Θ, ψi):

Lgen (Θ) =Eψi,t [ω (t) (∥g (Θ, ψi)− x̂∥
+LLPIPS(g (Θ, ψi) , x̂))]

(1)

where ω (t) is the noise-level dependent weight and
LLPIPS is the perceptual similarity (Zhang et al. 2018). We
choose N = 5 independently of t, which we show allows
for higher generation quality for lower noise level t in the
later stages of the scene optimization. To enforce progres-
sive optimization from coarse to fine, the respective gen-
eration strength from the image prior is linearly annealed
by dropping the lower sampling bound tmin. Directly opti-
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“A city neighborhood in the spring, with flowers in bloom.”

“A residential neighborhood in the winter, with heavy snow.”

“A city street, at night.”

“A city street.”

“A residential neighborhood.”

“An urban highway.”

“A city street.” “A residential neighborhood in the desert.”

Map Layout Condition

Map Layout Condition

Point Cloud Condition

Point Cloud Condition

Figure 2: Geometry-Grounded LSD-3D Generations. We visualize 3D scenes generated via our method, alongside the corre-
sponding map of surface normals and selection of novel viewpoints at street level for each of them. In the first two columns,
we provide samples of scenes with diversity in time-of-day, season, location, and scene type. In the third column, we provide
examples of generated scenes with a point cloud condition and map layout condition..

mizing in image space has significant advantages over score
distillation, as our ablation experiments validate, where la-
tent optimization is unable to converge on non-overlapping
viewpoints.

To further mitigate randomness that leads to diverging op-
timization objectives, we enforce consistency between op-
timization steps at the same viewpoint through DDIM in-
version instead of random noise sampling from noise level
t. This ensures a higher level of consistency between the
rendered xi and generated images x̂i even in later steps of
the optimization, which is in contrast to random sampling,
where high noise levels t can lead to extreme disagreement.
We propose a fixed N -step DDIM inversion (Song, Meng,
and Ermon 2020) at any noise-level t and directly predict

zt,i =DDIM−1 (zt−1,i, αt, αt−1)

=

√
αt√

αt − 1

(
zt−1 −

√
1− αt−1ϵΦ(zt−1)

)
+
√
1− αtϵΦ(zt−1).

(2)

where zt and zt−1 represent the noisy latent, ϵΦ the pre-
dicted noise, and {αt}Tt=0 indicate noise level indexing a
monotonically increasing time schedule. This allows the
model to only introduce changes exactly where needed in
each optimization step to satisfy the 2D diffusion prior, also
confirmed in Fig. 3. Given this loss objective, we then op-
timize the Gaussian scene representation through Stochas-
tic Gradient Langevin Dynamics (SGLD) updates (Kherad-
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FID: 326.68 FID: 455.93 FID: 218.91 FID: 175.25 FID: 155.87 

Latent Space Distillation/SOS Random Noise (w/o DDIM Inv.) GGDS (N=1) GGDS w/o Geometry Grounding GGDS (Ours) 

Figure 3: Ablation Experiments. We qualitatively validate the core components of our optimization method. With vanilla SDS,
scenes completely fail to converge, necessitating our Gaussian Optimization approach. The proposed texture regularization
and initialization approach ensures that scenes converge to a reasonable color distribution, while scenes without them fail.
The bottom table reports FID scores without the same components, quantitatively confirming that optimization, geometry-
grounding, and texture regularization prove critical for producing high-quality 3D driving scenes.

mand et al. 2024) with
Θk+1 = Θk + ξ (∇ΘLgen (Θk)) + λnoiseϵ, (3)

where λnoiseϵ is the perturbation of each Gaussian in Θ.
As text conditioning c alone is not a suitable prior to

achieve the style of street scenes, we first finetune a LDM
pϕ,fine−tune (x) on the desired image distribution. Addi-
tionally, to avoid scene geometry drifting from the initial
mesh, we incorporate disparity conditioning (Zhang, Rao,
and Agrawala 2023) on disparity maps computed from the
rendered mesh depth D = gd(M, ψi) to the denoising pro-
cess pϕ,fine−tune (x|ctext, gd(M, ψi)). This step is crucial
for consistency across views and the gradient signal from the
2D diffusion prior on the generated proxy geometry.

3D Geometry Loss. Alongside geometry conditioning in
the 2D diffusion process, we also regularize all θk to re-
tain high-quality, smooth 3D geometry. This is achieved by
penalizing splat orientation of normal maps NΘ,ψi and dis-
parity DΘ,ψi from viewpoint ψi with respect to NM,ψi and
DM,ψi rendered from the normals of the proxy geometry as
Lnorm = ∥NΘ,ψi−NM,ψi∥ and Ldisp = ∥DΘ,ψi−DM,ψi∥.

(4)
Moreover, we apply Gaussian regularization from Huang et.
al (2024). Finally, we employ a total-variation (TV) loss on
the rendered images to encourage noise reduction in our
scenes. We refer to the Supplemental Material for detailed
parameter settings and loss composition.

Deferred Rendering. We propose a deferred rendering
process for novel trajectory videos, inspired by Thies et
al. (2019). After scene generation, we use the Gaussian ras-
terizer to produce an initial frame x0 and encode it into a
slightly noisy latent xt, which is deferred into final output
x
(1)
0 using a fine-tuned T2I model.
This rendering procedure allows us to generate photore-

alistic images with both low- and high-frequency textures in
image space, for instance the road, or a tree, respectively.

4 Assessment
In this section, we validate our approach both quantitatively
and qualitatively. We conduct an ablation study to validate
our design choices and investigate the realism of rendered
scenes alongside competing baseline methods.

4.1 Ablation Study
We validate the effects of key components of our scene
optimization method and visualize the results in Fig 3.
Specifically, we analyze the effect of incorporating our im-
proved geometry-grounded distillation sampling (GGDS)
approach with SDS, image-space sampling without DDIM
inversion, the effectiveness of multi-step denoising and
geometry-conditioned diffusion guidance. Without the pro-
posed GGDS, especially in the case of SDS and random
noise sampling results, the method experiences catastrophic
failure. This highlights the need for two major design
choices, which both result in more consistent optimization
and distillation of the underlying 3D scene representation.
Further multi-step diffusion results in reduced scene gener-
ation quality of dark scenes. Without geometry-grounding
diffusion guidance, objects in the scene (such as houses or
cars) do not follow the conditioning proxy geometry, result-
ing in inaccurate and flat 3D geometry and poor novel tra-
jectory results. We confirm the visual trend quantitatively in
Fig. 3 bottom, which validates that our method (with all pro-
posed components) produces the best visual quality.

4.2 Experiments
We validate our method by comparing it against four distinct
approaches for 3D scene and video generation.

Baselines. We ran two image-to-video generation meth-
ods: (a) Vista (Gao et al. 2024), a full driving video model
trained on internet-scale driving videos, and (b) Wonder-
World (Yu et al. 2024a), in combination with our fine-tuned
image model (Podell et al. 2023) on the target dataset (Sun
et al. 2020) for fair comparison. For both methods, we fit
2D Gaussian Splats (Huang et al. 2024) to assess geometric
causality and novel view synthesis quality.

We also test two conceptually different 3D generation
baselines: (c) MagicDrive3D (Gao et al. 2024a), which pro-
poses a driving scene-specific multi-view video diffusion
and Gaussian reconstruction pipeline, and (d) GEN3C (Ren
et al. 2025b), which fuses geometry prediction from a single
image with the Cosmos-Predict (NVIDIA et al. 2025) video
diffusion model. Due to the unavailability of public code and
models of any candidate (Gao et al. 2024a; Lu et al. 2024b)
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OursVistaWonderWorld MagicDrive3DGEN3C

3D Geometry 3D Geometry 3D Geometry 3D Geometry 3D Geometry

0.75m ShiftOn-Trajectory On-Trajectory On-TrajectoryOn-Trajectory On-Trajectory On-Trajectory0.75m Shift 0.75m Shift 0.75m Shift 0.75m Shift

Figure 4: Qualitative Comparisons to Video and Scene Generation Methods. Our approach generates an accurate and 3D-
consistent scene representation, enabling high-quality novel view synthesis and the generation of unlimited off-trajectory view-
points. In contrast, existing baselines WonderWorld (2024a), Vista (2024) combined with Gaussian Splatting (2024; 2023),
GEN3C (2025b) and MagicDrive3D (2024a), which generate driving videos and thus lack implicit spatial modeling, fail to
generate a consistent and 3D-plausible scene, precluding the production of novel driving trajectories (please zoom for details).

Method Training / Finetuning Seen Novel CLIP

FID ↓ FDDINOv2 ↓ FVD ↓ FID ↓ FDDINOv2 ↓ FVD ↓ (2021) ↑
WonderWorld (2024a) + 2DGS WOD (2020) 130.17 1333.88 1315.53 220.61 1489.51 1424.56 28.88

Vista (2024) + 2DGS OpenDV (2024a)/WOD 111.93 1510.25 1023.4 242.03 1805.96 1190.76 26.51

MagicDrive3D (2024) 1 NuScenes (2020) 139.11 1950.67 2285.5 163.73 2004.21 1665.30 21.03

MagicDrive3D (2024) 1 - WOD WOD2 178.71 1965.31 1585.48 186.36 2004.21 1665.30 21.03

GEN3C (2025b) with Cosmos Proprietary/WOD 97.71 1331.16 962.02 273.27 2237.03 1617.62 26.57

LSD-3D (Ours) WOD 119.38 1247.19 989.94 119.18 1227.62 974.36 26.03

Table 2: Quantitative Evaluation of Generation Quality for 3D Scene Generation with our proposed method and existing
approaches. Best results in each visual quality category are in bold and the second best underlined. We report CLIP scores on
the right, confirming that our generations adhere to prompts on par with existing methods. We apply the same pre-trained T2I
model (2023) for all models, and the same 2DGS (2024) pipeline for optimization, to provide fair comparisons. Significantly
lower FVD and FID score on novel views confirm temporal and geometric consistency is achieved by our method through
geometrically grounded generations.

at the time of submission, we rely on our own implemen-
tation (Layout + Geometry Controlled Video Generation)
with MagicDrive3D built on top of the latest diffusion trans-
former version of MagicDriveDiT (Gao et al. 2024b). See
the Supplementary Material for details.

Computational Requirements. Each scene is generated
with 6000 steps, corresponding to an average time of 2
hours on a single NVIDIA H100 GPU. Comparable meth-
ods (Liang et al. 2024) that generate single objects, i.e., dra-
matically smaller scenes, require similar runtime at 5000
steps. Our method outputs frames at 960p resolution at rates
higher than 60 fps, providing real-time rendering capabili-
ties. Scenes are initialized with 1.8 to 2.2 million Gaussians,
and the maximum is set to 4 million Gaussians.

Evaluation Metrics. For all methods, we quantitatively
assess the diversity and quality of our results by comput-
ing the Fréchet Inception Distance (FID) and the recently
established DINOv2 (Oquab et al. 2023) based Fréchet Dis-
tance FDDINOv2 (Stein et al. 2023). For temporal quality,
we use the Fréchet Video Distance (FVD), with a subset
of the respective training dataset (Sun et al. 2020; Caesar
et al. 2020) as reference distribution. Following (Gao et al.
2024a), we evaluate FID and FDDINOv2 score on generated
results from views seen during the Gaussian Splatting op-
timization (FID seen) as well as from novel views sampled
at randomly selected distances from the training ones (FID
novel). Additionally, we evaluate prompt adherence using

the CLIP score (Radford et al. 2021) with the implementa-
tion from (Zhengwentai 2023) on 10 common weather, time-
of-day, and localization prompts with 3 samples each.

Quantitative Results. We evaluate all methods on a set of
40 generated scenes and across ten different scene attributes
(time of day, season, weather). Exact prompts are provided
in the Supplementary material. As reported in Tab. 2, the
quality of rendered images from our model is on par with
state-of-the-art 2D generative methods and is capable of
generating scenes closely matching in style and content with
the source distribution However, competing methods can-
not generate a 3D-consistent scene, resulting in novel views
with inferior quality – as seen in the resulting high FID and
FVD score for novel views all other methods. We also con-
firm prompt adherence at par with video models, validating
that 3D grounding enables fine-grained text control compa-
rable to generalist models (Yu et al. 2024b).

Qualitative Results. We also find significant qualitative
differences between baselines and our method and baselines
in Fig. 4. Baseline image-to-video models produce scene
renderings of variable quality. In fact, as views deviate fur-
ther from the input image, the rendering quality and 3D

1No code publicly available (or from authors). Reimplemented
with MagicDriveDiT (2024b) and 2DGS (Huang et al. 2024).

2We compare scores on the Waymo (Sun et al. 2020) distribu-
tions and released video generations. NuScenes (Caesar et al. 2020)
results are reported first for completeness of the evaluation.
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consistency deteriorate, yielding a Gaussian representation
which is inconsistent beyond the original trajectory. This dif-
ference is more pronounced when departing from the gener-
ated video trajectory - even 2.5D methods fail to produce
consistent novel views for unlimited viewpoints. In contrast,
our method generates plausible rendering throughout the en-
tire scene, from any realistic viewpoint - without any loss of
appearance or geometric quality.

5 Conclusion
We introduce, to our knowledge, the first distillation ap-
proach to directly generate large-scale explicit 3D driv-
ing scenes. To accomplish this, we propose Geometry-
Grounded Distillation Sampling (GGDS), which combines
controlled proxy mesh generation with a conditional diffu-
sion prior, producing novel and view-consistent Gaussian
splatting scenes. Our approach generates completely un-
seen driving environments controlled by scene descriptions
or traffic map layouts. By the design of our method, every
scene is generated causally and 3D-consistent, and allows
for real-time rendering of physically-grounded videos along
novel trajectories. The approach compares favorably against
the most successful existing methods – primarily video dif-
fusion approaches – that struggle with view-consistent ren-
dering and causality, and are fundamentally limited to indi-
vidual trajectories. As a geometry-grounded approach, we
hope to integrate the method with driving simulators and ex-
tend the domain beyond autonomous driving – ultimately
building towards the goal of fully data-driven simulators.

Acknowledgments
Felix Heide was supported by an NSF CAREER Award
(2047359), a Packard Foundation Fellowship, a Sloan Re-
search Fellowship, a Sony Young Faculty Award, a Project
X Innovation Award, a Amazon Science Research Award,
and a Bosch Research Award.

References
Anciukevicius, T.; Xu, Z.; Fisher, M.; Henderson, P.; Bilen, H.; Mi-
tra, N. J.; and Guerrero, P. 2022. RenderDiffusion: Image Diffusion
for 3D Reconstruction, Inpainting and Generation. arXiv.
Bahmani, S.; Skorokhodov, I.; Rong, V.; Wetzstein, G.; Guibas, L.;
Wonka, P.; Tulyakov, S.; Park, J. J.; Tagliasacchi, A.; and Lindell,
D. B. 2023. 4d-fy: Text-to-4d generation using hybrid score distil-
lation sampling. arXiv preprint arXiv:2311.17984.
Blattmann, A.; Dockhorn, T.; Kulal, S.; Mendelevitch, D.; Kilian,
M.; Lorenz, D.; Levi, Y.; English, Z.; Voleti, V.; Letts, A.; et al.
2023. Stable video diffusion: Scaling latent video diffusion models
to large datasets. arXiv preprint arXiv:2311.15127.
Borkman, S.; Crespi, A.; Dhakad, S.; Ganguly, S.; Hogins, J.;
Jhang, Y.-C.; Kamalzadeh, M.; Li, B.; Leal, S.; Parisi, P.; et al.
2021. Unity perception: Generate synthetic data for computer vi-
sion. arXiv preprint arXiv:2107.04259.
Brock, A.; Donahue, J.; and Simonyan, K. 2018. Large scale GAN
training for high fidelity natural image synthesis. arXiv preprint
arXiv:1809.11096.
Caesar, H.; Bankiti, V.; Lang, A. H.; Vora, S.; Liong, V. E.; Xu,
Q.; Krishnan, A.; Pan, Y.; Baldan, G.; and Beijbom, O. 2020.
nuScenes: A multimodal dataset for autonomous driving. In CVPR.

Chen, A.; Zheng, W.; Wang, Y.; Zhang, X.; Zhan, K.; Jia, P.;
Keutzer, K.; and Zhang, S. 2025a. GeoDrive: 3D Geometry-
Informed Driving World Model with Precise Action Control.
arXiv:2505.22421.
Chen, Z.; Yang, J.; Huang, J.; de Lutio, R.; Esturo, J. M.; Ivanovic,
B.; Litany, O.; Gojcic, Z.; Fidler, S.; Pavone, M.; Song, L.; and
Wang, Y. 2025b. OmniRe: Omni Urban Scene Reconstruction. In
The Thirteenth International Conference on Learning Representa-
tions.
Collins, J.; Goel, S.; Deng, K.; Luthra, A.; Xu, L.; Gundogdu, E.;
Zhang, X.; Yago Vicente, T. F.; Dideriksen, T.; Arora, H.; Guillau-
min, M.; and Malik, J. 2022. ABO: Dataset and Benchmarks for
Real-World 3D Object Understanding. CVPR.
Cordts, M.; Omran, M.; Ramos, S.; Rehfeld, T.; Enzweiler, M.;
Benenson, R.; Franke, U.; Roth, S.; and Schiele, B. 2016. The
cityscapes dataset for semantic urban scene understanding. In Pro-
ceedings of the IEEE conference on computer vision and pattern
recognition, 3213–3223.
Dauner, D.; Hallgarten, M.; Li, T.; Weng, X.; Huang, Z.; Yang,
Z.; Li, H.; Gilitschenski, I.; Ivanovic, B.; Pavone, M.; Geiger, A.;
and Chitta, K. 2024. NAVSIM: Data-Driven Non-Reactive Au-
tonomous Vehicle Simulation and Benchmarking. In Advances in
Neural Information Processing Systems (NeurIPS).
Deitke, M.; Liu, R.; Wallingford, M.; Ngo, H.; Michel, O.; Kusu-
pati, A.; Fan, A.; Laforte, C.; Voleti, V.; Gadre, S. Y.; VanderBilt,
E.; Kembhavi, A.; Vondrick, C.; Gkioxari, G.; Ehsani, K.; Schmidt,
L.; and Farhadi, A. 2023. Objaverse-XL: A Universe of 10M+ 3D
Objects. arXiv preprint arXiv:2307.05663.
Deng, B.; Tucker, R.; Li, Z.; Guibas, L.; Snavely, N.; and Wet-
zstein, G. 2024. Streetscapes: Large-scale Consistent Street View
Generation Using Autoregressive Video Diffusion. In SIGGRAPH
2024 Conference Papers.
Dhariwal, P.; and Nichol, A. 2021. Diffusion models beat gans
on image synthesis. Advances in neural information processing
systems, 34: 8780–8794.
Dockhorn, T.; Vahdat, A.; and Kreis, K. 2021. Score-based gen-
erative modeling with critically-damped langevin diffusion. arXiv
preprint arXiv:2112.07068.
Dosovitskiy, A.; Ros, G.; Codevilla, F.; Lopez, A.; and Koltun, V.
2017. CARLA: An open urban driving simulator. In Conference
on robot learning, 1–16. PMLR.
Esser, P.; Rombach, R.; and Ommer, B. 2021. Taming transform-
ers for high-resolution image synthesis. In Proceedings of the
IEEE/CVF conference on computer vision and pattern recognition,
12873–12883.
Ettinger, S.; Cheng, S.; Caine, B.; Liu, C.; Zhao, H.; Pradhan, S.;
Chai, Y.; Sapp, B.; Qi, C. R.; Zhou, Y.; Yang, Z.; Chouard, A.;
Sun, P.; Ngiam, J.; Vasudevan, V.; McCauley, A.; Shlens, J.; and
Anguelov, D. 2021. Large Scale Interactive Motion Forecasting
for Autonomous Driving: The Waymo Open Motion Dataset. In
Proceedings of the IEEE/CVF International Conference on Com-
puter Vision (ICCV), 9710–9719.
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