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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
recent 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 geometry,
allowing for causal novel view synthesis with object permanence
and explicit 3D geometry estimation. The proposed 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 geometry and high-fidelity texture
and structure that can be conditioned on map layouts – producing
realistic and geometrically consistent 3D generations of complex
driving scenes.

Index Terms—3D Generation, Scene Generation, Diffusion,
Distillation, Autonomous Driving

I. INTRODUCTION

Large-scale public datasets have driven significant advance-
ments in robot learning over the last decade. For autonomous
driving, large volumes of data [1]–[6] have unlocked new
capabilities for perception and planning. Initially limited to
a few sparsely labeled scenes [1], existing datasets now offer
thousands of multi-modal, fully annotated scenes from cities
around the world [3], [6] – unlocking broader capabilities for
robot learning. However, achieving generalized robot auton-
omy demands even greater scales of both diverse and complete
data, to capture the long tail of driving scene distributions –
a challenge given the high costs of capturing and annotating
real data. Research in various layers of the robotics stack has
demonstrated that training models on large quantities of data
and in simulated environments [7]–[12] can result in robust
and more generalized autonomy.

Recent work in neural scene reconstruction promises to
bridge this gap by reconstructing previously simulated driving
environments directly from sensor data [13]–[16]. Such scenes

* Indicates equal contribution.

can be replayed in real time, synthesize novel views, and allow
for unseen actor variations in closed-loop testing [14], [17],
[18]. However, neural reconstruction methods are fundamen-
tally 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. Pretrained on internet-scale datasets
and subsequently fine-tuned on autonomous driving data they
generate videos which mimic driving datasets and multi-view
camera setups [19]–[22]. 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, on the order of seconds
per generated multi-view frame, restrict real-time replay and
scalability for closed-loop simulation tasks. Furthermore, they
lack explicit spatial modeling, which prevents causality, object
permanence, and 3D consistency. The latter also prohibits
them from replaying novel trajectories within a pregenerated
environment [23]. As such, video diffusion models struggle as
data-driven simulators, especially for safe robot learning.

Explicit 3D scene models guarantee causality and 3D
consistency. Directly generating explicit 3D scenes, however,
poses a challenge: both geometry and texture have to be
generated consistently and with high quality. Some approaches
use LiDAR point clouds to produce pure geometry without
detailed texture [24]–[27] – which cannot be used to train
image-based autonomous driving models – while more re-
cent approaches adopt coarse 3D geometry as a conditioning
mechanism for video synthesis [20], [28]. As such, these
methods inherit video diffusion limitations, such as a lack
of causality. Distillation methods [29] instead address the
3D data gap by transferring priors from 2D image models
into 3D representations via inverse rendering techniques [30]–
[32]. However, existing techniques are limited to object-centric
generation [29], [33], [34] and lack realism [35] –– and
so, they are not suitable for the complexity [36] or spatial
scale [37] of large-scale driving scenes. Only recent work
has explored distillation approaches for scene extrapolation
from sparse real data captures [38]–[41], 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 aforemen-

tioned limitations of existing generative methods for large-
scale driving scenes. Our method generates explicit 3D models
of entirely novel environments – with both geometry 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 structural details and high-
fidelity textures via image space distillation with a high-
quality image generation model. Specifically, we introduce
geometry-grounded distillation sampling (GGDS), an image
space sampling approach, that incorporates explicit geometry
control and exact noise sampling by DDIM inversion in a
single method. We find that the combination of geometry
guidance and consistent noise sampling through inversion can
deliver successful and 3D consistent scene generation via
distillation. The method produces diverse, realistic, and large-
scale 3D scene models for autonomous driving. Generated
scenes guarantee causality and can produce unlimited novel
trajectories in real-time – enabling scalability – while main-
taining 3D consistency and appearance fidelity. Furthermore,
precise prompt control over weather, season, time-of-day, and
location, 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 [3],
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, out-
performs state-of-the-art existing generative methods in image
synthesis of unseen camera angles by 18% in FVD and
maintains prompt adherence on the level of pure video-based
approaches.

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

distillation approach to directly generate and optimize
explicit 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
rendered into physically-grounded videos controlled by
trajectories through the scene, enabling the creation of
unlimited, completely unseen environments, controlled by
scene descriptions, traffic map layouts, or text prompts.

II. RELATED WORK

a) Image and Video Synthesis.: Recent advances in im-
age generation have enabled the synthesis of high-resolution,
photorealistic imagery. These approaches – from genera-
tive adversarial networks (GANs) [50]–[53], likelihood-based

TABLE I
VIDEO AND 3D GENERATION FOR DRIVING SCENES. WE REVIEW THE
RECENT BODY OF VIDEO (TOP) AND 3D GENERATION WORK (BOTTOM).

Please zoom in digital document for details.

Method Unlimited Compos- Causal 3D Real-Time View Control
Viewpoints ability Geometry Rendering Extrapolation Weather Time Map

DriveDreamer [19] ✗ ✗ ✗ ✗ ✗ ✓ ✓ ✗
WonderJourney [42] ✗ ✗ ✗ ✗ ✗ ✓ ✓ ✗
Streetscapes [43] ✗ ✗ ✗ ✗ ✗ ✓ ✓ ✓
Vista [21] ✗ ✗ ✗ ✗ ✗ ✓ ✓ ✗
MagicDriveDiT [44] ✗ ✗ ✗ ✗ ✗ ✓ ✓ ✗
WoVoGen [20] ✗ ✗ ✗ ✗ ✗ ✓ ✓ ✓
WonderWorld [45] ✗ ✗ ✗ ✗ ✗ ✓ ✓ ✗
NF-LDM [46] ✗ ✗ ✗ ✓ ✗ ✓ ✓ ✓
InfiniCity [47] ✗ ✗ ✓ ✓ ✓ ✗ ✗ ✓
MagicDrive3D [21] ✗ ✓ (✓) ✓ ✓ ✓ ✓ ✓
CityDreamer [48] ✗ ✗ ✓ ✓ ✓ ✗ ✗ ✓
InfiniCube [28] ✗ ✓ (✓) ✓ ✓ ✓ ✓ ✓
GEN3C [49] ✗ ✗ (✓) ✗ ✓ ✓ ✓ ✗

LSD -3D (Ours) ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓

methods [54]–[56], to more prominently, diffusion mod-
els [57]–[63] – have been recently extended to video genera-
tion [44], [62], [64]–[72]. Early methods offer control via text
prompt [66], image [65], or camera position [73], [74]. Recent
methods like GEN3C [49], [75] or GeoDrive [76] for driving
scenes incorporate 3D conditioning and point projection to
improve geometric consistency. Specialized models, such as
Vista [21], MagicDrive [44], [77], or DriveDreamer [19], have
been developed on top of foundational video models [64] for
autonomous driving applications – employing bounding box,
HD-map, and dense voxel guidance for feature control. These
methods extend pre-trained video diffusion models to generate
videos which mimic driving sensor setups. However, despite
efficiency improvements [78], [79], video generation models
remain computationally intensive [70], [72], [80] and preclude
the scalability necessary for real-time simulation. Furthermore,
they struggle with coherent novel-view rendering over long
driving trajectories and suffer from a lack of causality. In the
top section of Tab. I, we provide a comparison of relevant
video synthesis methods for large-scale driving scenes.

b) 3D Generation.: To guarantee consistency and causal-
ity, recent approaches separate from 2D image and video
generation and focus on the explicit generation of individual,
object-centric 3D structures. These methods [33], [34], [73],
[81]–[85] generate consistent 3D structure by leveraging well-
defined features and latent spaces, and multi-view observations
– enabling them to directly perform explicit diffusion of 3D
objects. However, to train these 3D generative models, they
rely on high-quality synthetic 3D data [86], [87], and most
works are thus constrained to the generation of individual
objects – generation of large-scale 3D outdoor scenes remains
an open challenge.

c) Scene Reconstruction and Generation.: For large-
scale scene generation [24], [46], [47], [88]–[91], various 3D
representations have been proposed: triplanes [24], [89], [92],
semantic occupancy grids, bounding boxes, and 3D maps [88],
[93]. 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 [47], [48]. More recently,
hierarchical voxel diffusion methods [26], [94], have used
accumulated LiDAR point clouds to supervise the generation
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Fig. 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. III-A. 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. III-C.

of 3D driving scene meshes or directly generate realistic
LiDAR point clouds [27]. However, these methods exclusively
generate geometry, without the texture or appearance needed
for training perception models in simulation – see the bottom
section of Tab. I.

Neural scene reconstruction [30] on the other side has
shown promising results for the production of high-quality,
photorealistic visual data. 3D Gaussians [31] have emerged
as prime scene representations, able to explicitly model ge-
ometry while also allowing for real-time rendering, enabling
scalability. Methods such as OmniRe [95], SplatAD [96],
SCube [94] or STORM [97] are capable of reconstructing 3D
texture and geometry as 3D Gaussians from real-world driving
videos, allowing for the exploration of novel trajectories. Nev-
ertheless, pure reconstruction methods are still fundamentally
limited by the availability of real data to reconstruct from.
A natural extension of these works has been undertaken
by works like WoVoGen [20] and InfiniCube [28], 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 Gaussian Splats,
a first approach in 3D grounding. However, this approach
is still inherently limited to the generated video trajectory.
Furthermore, despite the explicit 3D representation, the lack
of causality in a single original video results in visual artifacts
and inconsistencies being baked into the scene representation.
In contrast, distillation is a paradigm which has recently
emerged in 3D object generation [29], [89], [98], [99] and
sparse reconstruction [38]–[41], [83] that is centered around
the learning of a neural 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 throughout
the optimization, thereby bypassing the problem of limited 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 distillation can
be extended for large-scale driving scene generation, allowing
for the distillation of image priors as part of the 3D generation
– as opposed to explicit supervision.

III. 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 de-
scribe our large-scale scene representation before introducing
the proposed conditional generation process.

A. Scene Representation

a) 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 triangu-
lar face is defined by three vertices F = [Va,Vb,Vc],V ∈ R3.

We model the background texture at infinity with an en-
vironment map [100]. 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 envi-
ronment lighting control. Queried as a spherical environment



map fenv (d, E), it returns a color c for any given viewing
directions d = (φ, η) ∈ R, (0, 2π].

b) Gaussian Structure and Texture.: On a finer level, we
represent detailed foreground geometry and texture as a set of
2D oriented planar Splats introduced by Huang et al. [101].
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.

B. Geometric Layout Generation

To generate the foreground mesh geometry, we first generate
a voxel occupancy V from a hierarchical latent voxel diffusion
model [62], which makes use of a dense, low-resolution
and a sparse, high-resolution 3D UNet [26], [102] 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 generations
are limited to 100m × 100m, we expand the generation size
by introducing chunk-wise outpainting. The initial 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 the aggregated
point-cloud data and maps of the target street scene dataset [3].
From the generated voxel grid, we then predict the enclosing
coarse surface mesh geometry M with neural kernel surface
reconstruction [103], [104].

C. Geometry-Grounded Scene Generation

Given the generated coarse mesh M and a monochro-
matically initialized environment map E , we next generate a
textured scene with causal consistency.

a) Mesh to Gaussian Representation.: We place Gaus-
sians 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 .

b) 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 optimization
method, which we term Geometry-Grounded Distillation Sam-
pling (GGDS). This optimization method is designed to avoid
the artifacts that are typically present in existing latent space
distillation-based models [29], [98], [105] 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 for N steps and
decoded, generating a ground-truth image x̂i = D (ẑ0,i)
for the respective 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 [106]. We choose N = 5
independently of t, which we show allows for higher gen-
eration quality for lower noise level t in the later stages of
the scene optimization. To enforce progressive optimization
from coarse to fine, the respective generation strength from
the image prior is linearly annealed by dropping the lower
sampling bound tmin. Directly optimizing in image space has
significant advantages over score distillation, as our ablation
experiments validate, where latent optimization is unable to
converge on non-overlapping viewpoints.

To further mitigate randomness that leads to diverging
optimization objectives, we enforce consistency between opti-
mization steps at the same viewpoint through DDIM inversion
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 [58] 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
predicted 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 optimize
the Gaussian scene representation through Stochastic Gradient
Langevin Dynamics (SGLD) updates [107] 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. Addition-
ally, to avoid scene geometry drifting from the initial mesh,
we incorporate disparity conditioning [108] on disparity maps
computed from the rendered mesh depth D = gd(M, ψi) to
the denoising process 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.



“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

Fig. 2. Geometry-Grounded LSD -3D Generations. We visualize 3D scenes generated via our method, alongside the corresponding 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.
We confirm the method generates diverse, explicit, and causal 3D scenes.

c) 3D Geometry Loss.: Alongside geometry conditioning
in the 2D diffusion process, we also regularize all θk to
retain high-quality, smooth 3D geometry. This is achieved
by penalizing splat orientation of normal maps NΘ,ψi

and
disparity 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 [101]. 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.

d) Deferred Rendering.: We propose a deferred render-
ing process for novel trajectory videos, inspired by Thies
et al. [109]. After scene generation, we use the Gaussian
rasterizer 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 photoreal-

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

IV. ASSESSMENT

In this section, we validate our approach both quantitatively
and qualitatively. We conduct an ablation study to validate our



Fig. 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.

TABLE II
QUANTITATIVE EVALUATION OF GENERATION QUALITY FOR 3D SCENE GENERATION. WE COMPARE OUR PROPOSED METHOD AGAINST 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 [110] FOR ALL MODELS, AND THE SAME 2DGS [101] PIPELINE FOR OPTIMIZATION, TO PROVIDE FAIR COMPARISONS. SIGNIFICANTLY LOWER

FVD AND FID SCORES ON NOVEL VIEWS CONFIRM TEMPORAL AND GEOMETRIC CONSISTENCY IS ACHIEVED BY OUR METHOD THROUGH
GEOMETRICALLY GROUNDED GENERATIONS.

Method Training / Finetuning Seen Novel CLIP

FID ↓ FDDINOv2 ↓ FVD ↓ FID ↓ FDDINOv2 ↓ FVD ↓ [111] ↑
WonderWorld [45] + 2DGS [101] WOD [3] 130.17 1333.88 1315.53 220.61 1489.51 1424.56 28.88

Vista [21] + 2DGS OpenDV [112]/WOD 111.93 1510.25 1023.4 242.03 1805.96 1190.76 26.51

MagicDrive3D [23]1 NuScenes [6]/WOD2 139.11/178.712 1950.67/1965.312 2285.5/1585.482 163.73/186.362 2004.21 1665.30 21.03

GEN3C [49] with Cosmos [113] Proprietary/WOD 97.71 1331.16 962.02 273.27 2237.03 1617.62 26.57

LSD -3D Layout + 2DGS Dist. (Ours) WOD 119.38 1247.19 989.94 119.18 1227.62 974.36 26.03

OursVistaWonderWorld MagicDrive3DGEN3C

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

On-Trajectory Off-Trajectory (0.75m Shift) On-Trajectory Off-Trajectory (0.75m Shift) On-Trajectory Off-Trajectory (0.75m Shift) On-Trajectory Off-Trajectory (0.75m Shift)On-Trajectory Off-Trajectory (0.75m Shift)

Fig. 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 viewpoints. In contrast, existing baselines WonderWorld [45], Vista [21]
combined with Gaussian Splatting [31], [101], GEN3C [49] and MagicDrive3D [23], 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 into PDF version for details).

design choices and investigate the realism of rendered scenes
alongside competing baseline methods.

A. Ablation Study

We validate the effects of key components of our scene opti-
mization method and visualize the results in Fig 3. Specifically,
we analyze the effect of incorporating our improved geometry-
grounded distillation sampling (GGDS) approach with SDS,
image-space sampling without DDIM inversion, the effec-
tiveness of multi-step denoising and geometry-conditioned
diffusion guidance. Without the proposed 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 generation 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, resulting in inaccurate and flat 3D geometry and
poor novel trajectory results. We confirm the visual trend
quantitatively in Fig. 3 bottom, which validates that our
method (with all proposed components) produces the best
visual quality.

B. Experiments

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

a) Baselines.: We ran two image-to-video generation
methods: (a) Vista [21], a full driving video model trained
on internet-scale driving videos, and (b) WonderWorld [45],
in combination with our fine-tuned image model [110] on the



target dataset [3] for fair comparison. For both methods, we
fit 2D Gaussian Splats [101] to assess geometric causality and
novel view synthesis quality.

We also test two conceptually different 3D generation
baselines: (c) MagicDrive3D [23], which proposes a driving
scene-specific multi-view video diffusion and Gaussian recon-
struction pipeline, and (d) GEN3C [49], which fuses geometry
prediction from a single image with the Cosmos-Predict [113]
video diffusion model. Due to the unavailability of public
code and models of any candidate [23], [28] at the time of
submission, we rely on our own implementation (Layout +
Geometry Controlled Video Generation) with MagicDrive3D
built on top of the latest diffusion transformer version of
MagicDriveDiT [44]. See the Supplementary Material for
details.

b) Computational Requirements.: Each scene is gen-
erated with 6000 steps, corresponding to an average time
of 2 hours on a single NVIDIA H100 GPU. Comparable
methods [98] that generate single objects, i.e., dramatically
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 capabilities. Scenes are
initialized with 1.8 to 2.2 million Gaussians, and the maximum
is set to 4 million Gaussians.

c) Evaluation Metrics.: For all methods, we quanti-
tatively assess the diversity and quality of our results by
computing the Fréchet Inception Distance (FID) and the
recently established DINOv2 [114] based Fréchet Distance
FDDINOv2 [115]. For temporal quality, we use the Fréchet
Video Distance (FVD), with a subset of the respective training
dataset [3], [6] as reference distribution. Following [23], we
evaluate FID and FDDINOv2 score on generated results from
views seen during the Gaussian Splatting optimization (FID
seen) as well as from novel views sampled at randomly se-
lected distances from the training ones (FID novel). Addition-
ally, we evaluate prompt adherence using the CLIP score [111]
with the implementation from [116] on 10 common weather,
time-of-day, and localization prompts with 3 samples each.

d) 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. II,
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 cannot
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 confirm
prompt adherence at par with video models, validating that
3D grounding enables fine-grained text control comparable to

Fig. 5. Composability with Dynamic Actors. We simulate driving trajecto-
ries in a residential street scenes for a Waymo-representative [3] sensor stack.
From bottome to top, we show a third-person view of the ego capture vehicle
followed by a set of rendered front cameras. Both columns correspond to a
different timestamp of the same traffic configurations + fully generated scene
& asset models. The second vehicle is hidden behind the corner in the first
frame.

generalist models [42].
e) Qualitative Results.: We also find significant qualita-

tive differences between baselines and our method and base-
lines in Fig. 4. Baseline image-to-video models produce scene
renderings of variable quality. In fact, as views deviate further
from the input image, the rendering quality and 3D consis-
tency deteriorate, yielding a Gaussian representation which is
inconsistent beyond the original trajectory. This difference is
more pronounced when departing from the generated video
trajectory - even 2.5D methods fail to produce consistent
novel views for unlimited viewpoints. In contrast, our method
generates plausible rendering throughout the entire scene, from
any realistic viewpoint - without any loss of appearance or
geometric quality.

C. Composability with Dynamic Actors

Being able to place dynamic actors in the generated scene
is crucial for downstream applications, including real-time
closed-loop simulation. Our representation directly allows for
plug-and-play usage with other components of the simulation
stack. We illustrate the integration with actor assets, traf-
fic generation, and sensor stack rendering in Fig. 5. Using
either generated 3D objects, reconstructed objects, or even
synthetic objects, the environment map can be used to relight
added assets. In addition, map conditioning directly supports
the use of standard traffic generation [7], [117]–[119] and
planning modules, providing realistic asset placement and
integration in driving scenes, as seen with cars from image-
to-3D pipelines [34] placed in our generated scenes. At
each timestamp, we sample object poses from the generated
trajectories to place agents within the scene. These agents are
then relit according to the environment map, and the scene is
rendered through the ego vehicle’s sensor stack.

1No code publicly available (or from authors). Reimplemented with Mag-
icDriveDiT [44] and 2DGS [101].

2We compare scores on the Waymo [3] distributions and released video
generations. NuScenes [6] results are reported first for completeness of the
evaluation.



V. CONCLUSION

We introduce, to our knowledge, the first distillation ap-
proach to directly generate large-scale explicit 3D driving
scenes. To accomplish this, we propose Geometry-Grounded
Distillation Sampling (GGDS), which combines controlled
proxy mesh generation with a conditional diffusion prior, pro-
ducing novel and view-consistent Gaussian splatting scenes.
Our approach generates completely unseen driving environ-
ments controlled by scene descriptions or traffic map lay-
outs. 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 diffusion approaches –
that struggle with view-consistent rendering and causality,
and are fundamentally limited to individual trajectories. As
a geometry-grounded approach, we hope to integrate the
method with driving simulators and extend the domain beyond
autonomous driving – ultimately building towards the goal of
fully data-driven simulators.
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