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Urban Architect: Steerable 3D Driving Scene
Generation with Layout Prior

Fan Lu, Kwan-Yee Lin, Yan Xu, Hongsheng Li, Guang Chen, Changjun Jiang

Abstract—Text-to-3D generation has achieved remarkable success via large-scale text-to-image diffusion models. Nevertheless,
scaling this methodology to large-scale driving scenes is underexplored. Driving scenes, characterized by numerous elements, intricate
arrangement relationships, and vast scale, present a formidable barrier to the interpretability of ambiguous textual descriptions for
effective model optimization. In this work, we surmount the limitations by introducing a compositional 3D layout representation into
text-to-3D paradigm, serving as an additional prior. It comprises a set of semantic primitives with simple geometric structures and
explicit arrangement relationships, complementing textual descriptions and enabling steerable generation. Specifically, we represent
the scene via 2D Gaussian splatting and develop two innovative optimization strategies: (1) Layout-Guided Variational Score
Distillation, which addresses model optimization inadequacies by conditioning the score distillation sampling process with geometric
and semantic constraints of 3D layouts; (2) Semantic-Depth Score Distillation Sampling, which ensures alignment of semantics,
geometry, and appearance by matching the rendered semantic and depth maps with 3D layouts. Extensive experiments substantiate
the capability of our framework to scale text-to-3D generation to large-scale driving scenes that cover over 1000m driving distance for
the first time. We also present various scene editing demonstrations, showing the powers of steerable urban scene generation.
Website: https://urbanarchitect.github.io.

Index Terms—3D generation, diffusion model, driving scene, text-to-3D, editing
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1 INTRODUCTION

A Steerable paradigm to create large-scale 3D driving
scenes with realism and flexibility hosts utmost signifi-

cance to various applications (e.g., autonomous driving sim-
ulation, virtual reality, games, and etc.). In previous research,
tasks related to 3D driving scene creation, such as 3D-aware
image synthesis [1], [2], [3], [4] and 3D scene reconstruc-
tion [5], [6], have made strides with different methodologies
and specializations. Despite these advancements, they are
all stuck in the dilemma of trading-off among scene scale,
quality, flexibility, and geometric consistency. This prompts
a pivotal inquiry: What methodology could facilitate the realiza-
tion of steerable 3D driving scene creation?

Text-to-3D generation offers a promising direction.
Rooted in the flexible and versatile textual condition, it
enjoys the excellence of both remarkable quality from text-
to-image diffusion models, and the geometric consistency
from 3D representations. Notable examples include, among
many others, DreamFusion [7], Magic3D [8] and Prolific-
Dreamer [9], etc. At the heart of these advances is the
idea of Score Distillation Sampling (SDS) [7]. It brings the
best of two worlds together by optimizing a 3D model via
aligning the distribution of rendered images with the target
distribution derived from the diffusion model. Nevertheless,
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the ascendancy faces a formidable challenge when directly
extending the paradigm to large-scale driving scenes.

Driving scenes, characterized by their high semantic and
geometric complexity, pose challenges for existing text-to-
3D paradigms to create high-quality 3D content. Firstly, ex-
isting paradigms rely on textual descriptions for 3D model
optimization; however, text prompts are inherently ambigu-
ous and struggle to deliver fine-grained conditional signals.
This granularity gap between text and real-world driving
scenes triggers the insufficient optimization predicament
of SDS-based methodology. SDS (and its variant VSD [9])
would fail to capture the complex multimodal distribution
of driving scenes, given only the ambiguous textual con-
dition. Secondly, previous methods typically optimize 3D
models by aligning the distribution of rendered perceptual
images, tending to optimize scene appearance to satisfy
constraints. However, driving scenes consist of numerous
objects with intricate spatial relationships and significant
occlusions, and the sampled camera views in street envi-
ronments are often limited. Consequently, relying solely on
perceptual-based optimization can easily lead to suboptimal
solutions by focusing only on appearance tuning, while the
underlying semantics and geometry are misaligned.

In this work, we present Urban Architect, a lightweight
solution that utilizes the power of a compositional 3D layout
representation to overcome the above dilemmas and ex-
tend the current text-to-3D paradigm to large-scale driving
scenes. The 3D layout representation is an in-hand specific
prior, which could complement the ambiguities of text
prompts in a breeze. As shown in Fig. 1, the 3D layout
comprises a set of semantic primitives, where instances of
a driving scene are depicted using these simple geometric
structures (e.g., cuboids for buildings and cars, ellipsoids

https://urbanarchitect.github.io/
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Fig. 1: Urban Architect for steerable 3D driving scene generation. We present Urban Architect, a method to generate
steerable 3D driving scenes by introducing 3D layout as an additional prior to complement textual descriptions. The
framework enjoys three key properties: (1) Large-scale driving scene creation. The scale goes beyond 1000m driving
distance in our experiments. (2) High quality. The generated scene enables photo-realistic rendering quality (upper row)
and obeys geometric consistency (We display the depth map of the first camera and the normal map of the third camera).
(3) Steerable creation process. It supports various scene editing effects by fine-tuning the generated scene in a breeze (e.g.,
style editing (lower row)).

for vegetation, and planes for roads), making it effective for
guiding model optimization and easy for users to assemble.
Centered on the representation, we provide two modifica-
tions to the current text-to-3D paradigm.

Firstly, to address model optimization inadequacies
caused by ambiguous text prompts, we propose Layout-
Guided Variational Score Distillation (LG-VSD). It is a con-
ditional extension of SDS and VSD, which integrates addi-
tional conditions from the 3D layout into the optimization
process. Concretely, we first map the 3D layout constraints
to 2D space by rendering 2D semantic and depth maps at ar-
bitrary camera views, which results in a sequence of 2D con-
ditions with 3D consistency. To preserve the original power
of the pre-trained 2D diffusion model, and meanwhile inject
our explicit constraints, we leverage ControlNet [10] to
integrate conditions from the rendered semantic and depth
maps. Consequently, we could control the score distilling
process with the 2D conditional signals derived from the 3D
layout. As these signals provide explicit prior to semantic
and geometric distribution of the scene, they could enforce
the optimization process to match the 3D layout consistency
and therefore lead to high-fidelity results. Moreover, as LG-
VSD only changes the sampling process, the modification is
seamlessly grafted to the original diffusion model. Thus, we
could harness the inherent refinement ability of the diffusion
model to further improve the rendering quality. To ensure
the semantic and geometric consistency between coarse
and refined stages, we introduce a layout-aware refinement
strategy to fine-tune the generated scene in practice.

Secondly, we develop Semantic-Depth Score Distillation
Sampling (SD-SDS) to ensure aligned semantics and geom-
etry with appearance. Specifically, we present a semantic
2D Gaussian splatting representation (Sem2DGS) to model
3D driving scenes. Built upon 2DGS [11], Sem2DGS further

incorporates fixed semantic labels as additional attributes of
Gaussian points. We train a Semantic-Depth (SD) diffusion
model, which generates fine-grained semantic and depth
maps based on the projected maps from the 3D layout.
Then, we derive a SDS loss using the SD diffusion model as
the base model (i.e., SD-SDS) to constrain the semantic and
depth maps rendered from the Sem2DGS representation.
Since the semantic labels in Sem2DGS are fixed, the SD-SDS
loss focuses solely on optimizing the geometric attributes of
the Gaussian points to match their distribution. By combin-
ing SD-SDS with LG-VSD, the rendered perceptual images,
semantic maps, and depth maps are encouraged to match
the distribution of 3D layouts, ensuring that the geometry
and semantics of the Gaussian points align with appearance.

Extensive experiments substantiate the capacity of the
proposed method to generate complex 3D driving scenes
with high quality, diversity, and layout consistency based on
the provided 3D layouts. The robust constraints from the 3D
layout prior facilitate the generation of large-scale driving
scenes covering over 1000m driving distance. By leverag-
ing the flexible and fine-grained constraints of our layout
representation, along with the text-based style control, our
pipeline supports various scene editing effects, including
instance-level editing (e.g., object manipulation) and style
editing (e.g., transferring city style and weather).

2 RELATED WORKS

2.1 3D Representations for Driving Scene

Various 3D representations have been proposed to model 3D
scenes. Explicit representations, such as point clouds and
meshes, pose challenges for optimization through purely
2D supervisions given their discrete nature, especially in
large-scale scenes due to the high complexity and ill-posed
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optimization process. NeRF [12] adopts implicit neural rep-
resentations to encode densities and colors of the scene and
exploits volumetric rendering for view synthesis, which can
be effectively optimized from 2D multi-view images. Given
its superior performance in view synthesis, NeRF has been
used to model diverse 3D scenes. Numerous works have
enhanced NeRF in terms of rendering quality [13], [14],
[15], [16], efficiency [17], [18], [19], [20], etc. Some works
have also extended NeRF to large-scale scenes [5], [21],
[22], [23], [24], [25], [26]. Recently, 3D Gaussian Splatting
(3DGS) [27] has demonstrated significant success in scene
modeling. 3DGS represents the scene using a set of 3D
Gaussian points, and develops a differentiable rasterizer to
enable optimization based on multi-view images. Due to the
explicit representation, 3DGS achieves efficient training and
real-time rendering. Consequently, various methods have
attempted to improve vanilla 3DGS [11], [28], [29], [30]. For
example, 2DGS [11] achieves higher geometric quality by
using 2D Gaussian points. Several approaches have been
proposed to extend 3DGS to large-scale scenes. For example,
VastGaussian [28] proposes to divide a scene into multiple
cells to enable large scene reconstruction. We use 2DGS
as the scene representation due to its high efficiency and
geometric quality.

2.2 Text-to-3D
Early text-to-3D methods adopted CLIP [31] to guide the
optimization but encountered difficulties in creating high-
quality 3D content [32], [33], [34], [35]. Recently, large-
scale diffusion models [36], [37], [38] have demonstrated
significant success in text-to-image generation, capable of
generating 2D images with high fidelity and diversity. They
further enable fine-grained control and editing by employ-
ing additional conditioning models [10], [39]. For example,
ControlNet [10] incorporates 2D pixel-aligned conditional
signals to control the generation. SDEdit [39] achieves con-
ditional image synthesis and editing using reverse SDE. The
achievements in 2D content creation have propelled text-
to-3D generation [7], [8], [9], [40], [41], [42], [43]. As the
core of most current text-to-3D methods, Score Distillation
Sampling (SDS) [7] optimizes a 3D model by aligning 2D im-
ages rendered at arbitrary viewpoints with the distribution
derived from a text-conditioned diffusion model. However,
SDS suffers from issues such as over-smoothness and over-
saturation. VSD [9] proposes a particle-based variational
framework to enhance the generation quality of SDS. Some
methods also attempt to incorporate 3D information into the
generation process to enhance 3D consistency [40], [41], [44].
For example, AvatarCraft [44] utilizes SMPL [45] mesh for
3D human avatar generation and animation. Nonetheless,
most prior works are tailored for single object-level gener-
ation. Some methods have attempted to achieve scene-level
generation, while the scene scales are quite limited [46],
[47]. When applied to large-scale driving scenes, current
text-to-3D methods face challenges in modeling the intri-
cate distribution from the purely text-conditioned diffusion
model. Alternative methods have explored incrementally
reconstructing and inpainting the scene to create room-
scale [48] or zoom-out [49] scenes. However, this paradigm
is susceptible to cumulative errors and poses challenges in
scalability for larger scenes.

2.3 3D Generative Models
Many 3D generative models leverage GAN [50], VAE [51],
and diffusion model [52] to model the distribution of 3D
representations [53], [54], [55], [56]. However, this paradigm
requires a large amount of 3D data and is often limited
to single-object generation. NeuralField-LDM [57] trains
a scene-level 3D diffusion model by preparing abundant
voxel-based neural fields, while the scales are limited to the
pre-defined 3D voxel grid. Another line of work employs
3D-aware GANs to optimize a 3D model from 2D image
collections. Early 3D-aware GANs are mainly designed for
object-level scene generation [58], [59], [60], [61]. Recently,
some methods have extended the pipeline to larger scenes
including indoor scenes [62], [63], landscapes [64], and
driving scenes [1], [2], [3]. For example, GSN [63] proposes a
local latent grid representation for indoor scene generation.
SceneDreamer [64] aims at generating landscapes, which
contain repeated textures and structures. CityDreamer [4]
further enhances SceneDreamer’s foreground generation
quality for city scene generation. More recently, Gaus-
sianCity [65] adopts Gaussian Splatting for efficient un-
bounded 3D city generation, while CityDreamer4D [66]
further extends compositional city generation to dynamic
4D environments by jointly modeling static urban struc-
tures and dynamic traffic objects. These methods demon-
strate impressive large-scale city generation capabilities, but
mainly focus on learning city distributions from training
data, whereas our goal is to generate steerable and explicitly
editable 3D driving scenes conditioned on user-specified 3D
layouts and text prompts. CC3D [1] integrates 2D layout
conditions in the 3D generative model for driving scene gen-
eration. UrbanGIRAFFE [2] and InfiniCity [3] incorporate
3D voxel grids to enhance quality and scalability. Neverthe-
less, owing to inherent constraints such as limited training
data and model capacity, they still suffer from structural dis-
tortions and the lack of details, and often overfit to the train-
ing scenarios. In parallel, diffusion-based methods such as
MagicDrive [67] and DriveDreamer [68] leverage structured
traffic conditions to generate controllable driving images or
videos. While these methods achieve strong visual synthesis
and temporal modeling, their primary outputs are images
or videos rather than persistent and explicitly editable 3D
scene representations.

3 METHOD

We propose Urban Architect for large-scale 3D driving scene
generation. The overall pipeline is illustrated in Fig. 2.
Given the 3D layout of the desired scene, we represent
the scene using Semantic 2D Gaussian Splatting (Sem2DGS)
(Sec. 3.2) and propose two innovative distillation strate-
gies for scene optimization: (1) Layout-Guided Variational
Score Distillation (LG-VSD), which distills a pre-trained
text-to-image diffusion model by complementing textual
descriptions with additional 3D layout constraints (Sec. 3.3);
(2) Semantic-Depth Score Distillation Sampling (SD-SDS),
which optimizes the geometric attributes of Gaussian points
by distilling a Semantic-Depth diffusion model (Sec. 3.4).
Then, the generated scene is refined by a layout-aware
refinement strategy to enhance quality (Sec. 3.5). Finally, we
demonstrate the ability of our pipeline to achieve diverse
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Fig. 2: Overview of Urban Architect. We introduce Urban Architect, a method that generates large-scale 3D driving
scenes with 3D layout instruction and textual descriptions. We represent the scene using Semantic 2D Gaussian Splatting
(Sem2DGS), which augments 2DGS by introducing additional semantic labels. The scene is optimized via two distillation
strategies: (1) Layout-Guided Variational Score Distillation (LG-VSD), which controls the distilling process of VSD via
the 3D layout of the desired scene, rather than relying solely on the text-based guidance; (2) Semantic-Depth Score
Distillation Sampling (SD-SDS), which optimizes the geometric attributes of Gaussian points, ensuring the generated 3D
content exhibits alignment between semantics, geometry, and appearance. We further refine the local details via a Layout-
Aware Refinement strategy. Moreover, we support various Scene Editing effects by fine-tuning the generated scene.

scene editing effects by fine-tuning the generated scene
(Sec. 3.6).

3.1 Preliminaries

Score Distillation Sampling (SDS). SDS achieves text-to-3D
generation by distilling a pre-trained text-to-image diffusion
model ϵp to optimize a differentiable 3D representation
parameterized by θ. SDS encourages the image xp

0 = g(θ,T)
rendered at an arbitrary camera view T to match the distri-
bution p0(x

p
0|y) derived from the diffusion model condi-

tioned on the text prompt y. In practice, SDS optimizes the
3D model by adding random noise ϵ ∼ N (0, I) to xp

0 and
calculating the difference between the predicted noise from
the diffusion model ϵp and the added noise ϵ. The gradient
of SDS loss can be formulated as:

∇θLSDS(θ) ≜ Et,ϵ,T

[
ω(t)(ϵp(x

p
t , t, y)− ϵ)

∂g(θ,T)

∂θ

]
, (1)

where t ∼ U(0.02, 0.98), ω(t) weights the loss given the
time step t, and xp

t is the randomly perturbed rendered
image. Although SDS can produce reasonable 3D content
aligned with the text prompt, it exhibits issues such as over-
saturation, over-smoothing, and low diversity.
Variational Score Distillation (VSD). To address the limi-
tations of SDS, instead of optimizing a single sample point,

VSD proposes to optimize a distribution qµ0 (x
p
0|y) of pos-

sible 3D representations with µ(θ|y) corresponding to the
text prompt y. VSD adopts a set of 3D parameters {θ}ni=1 as
particles to represent the scene distribution and optimizes
the 3D model by matching the score of noisy real images and
that of noisy rendered images at each time step t. In practice,
the score function of noisy rendered images is estimated by
optimizing a low-rank adaptation (LoRA) model ϵϕ [69] of
the pre-trained diffusion model ϵp. The gradient of VSD loss
can be formulated as:

∇θLVSD(θ) ≜ Et,ϵ,T

[
ω(t)(ϵp(x

p
t , t, y)− ϵϕ(x

p
t , t,T, y))

∂g(θ,T)

∂θ

]
.

(2)

VSD proves to be effective in alleviating issues of SDS such
as over-saturation and over-smoothing, and successfully
generates high-fidelity and diverse 3D content.

3.2 Semantic 2D Gaussian Splatting

Sem2DGS is an extension of vanilla 2DGS. Each Gaussian
point in 2DGS is parameterized via its location p, 2D covari-
ance matrix Σ, opacity α and view-dependent appearance
c. We introduce two additional attributes, i.e., semantic label
s and instance label i, which are fixed during the training
process. The semantic labels facilitate the distillation process
in SD-SDS (Sec. 3.4), while the instance labels enable scene
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editing and subdivision, as discussed below. To initialize
Sem2DGS, we uniformly sample points on the surface of
the 3D layout, with semantic and instance labels trivially
assigned. The sky is represented by sampling Gaussian
points on a large sphere.

As previously discussed, our objective is to generate
large-scale driving scenes, which necessitate a substantial
number of Gaussian points for accurate representation.
Consequently, this demands significant GPU memory to
optimize these points simultaneously. Inspired by Vast-
Gaussian [28], we introduce a simple scene subdivision
strategy to reduce memory consumption. Specifically, our
layout-based representation inherently facilitates instance-
level scene division. During optimization, we render an
instance map from the 3D layout and retain only Gaussian
points with matching instance labels for rendering and
refinement. Additionally, to alleviate frequent GPU memory
queries, we generate Nc nearby camera poses in a sub-
training process and maintain a consistent pool of Gaussian
points throughout this process.

3.3 Layout-Guided Variational Score Distillation
VSD relies on text prompts to guide model optimization.
However, given the inherent ambiguity of text prompts y,
it is challenging for VSD to estimate the distribution of a
complex driving scene from a diverse target distribution
p0(x

p
0|y). Therefore, introducing additional constraints to

obtain a more compact distribution is crucial for high-
quality 3D driving scene generation. A straightforward
approach is to simply fine-tune the diffusion model to
constrain the distribution to the desired driving scene. How-
ever, this operation can only provide style constraints and
VSD still struggles to capture the intricate geometric and
semantic distribution of driving scenes, leading to unsatis-
factory results.

Given the above observations, we introduce 3D layout L
as a prior to provide additional constraints to the target dis-
tribution with a formula shift (i.e., p0(x

p
0|y) → p0(x

p
0|y, L)).

Nonetheless, the direct integration of the 3D information
into the 2D framework poses a challenge. We observe that
the projected semantic and depth maps provide a compre-
hensive description of the 3D layout in 2D space. They offer
both semantic and geometric constraints of the scene, and
inherently exhibit multi-view consistency. Thus, we propose
to condition the distilling process via the 2D semantic and
depth maps rendered at the given camera pose T. Specif-
ically, we first train a ControlNet [10] F by utilizing the
2D semantic and depth maps rendered from 3D layouts
as conditions, along with the corresponding 2D images as
ground truths.

At each training step of VSD, we render the 2D signals
from the conditional 3D layout L at a randomly sampled
camera view T. Subsequently, the features produced by F
are integrated into both the diffusion model ϵp and the
LoRA model ϵϕ, leading to a compact, scene-specific target
distribution p0(x

p
0|y,F(L(T))). Formally, the gradient of

our layout-guided VSD (LG-VSD) loss can be written as:

∇θLLG-VSD(θ) ≜ Et,ϵ,T

[
ω(t)(ϵp(x

p
t , t, y,F(L(T))−

ϵϕ(x
p
t , t,T, y,F(L(T))))

∂g(θ,T)

∂θ

]
.

(3)

By maximizing the likelihood of the rendered 2D images
in the layout-conditioned diffusion model at arbitrary cam-
era views, LG-VSD gradually optimizes the 3D representa-
tion θ to align with the semantic and geometric distribution
of the desired scene layout.

3.4 Semantic-Depth Score Distillation Sampling

Although LG-VSD provides fine-grained conditional signals
for high-quality content generation, it relies on 2D rendered
perceptual images for model optimization. However, in
driving scenes, instances have complex spatial relationships
with severe occlusions. With limited camera viewpoints,
purely perceptual-based optimization can produce subopti-
mal results by tuning the appearance only, while the seman-
tics and geometry are misaligned. For instance, perceptual-
based optimization might generate a flat, planar car image
that appears pasted onto the background.

We introduce SD-SDS to ensure consistent alignment
between semantics, geometry, and appearance in the gener-
ated 3D content. To achieve this, we leverage our 3D layout
representation as a natural bridge. Building on LG-VSD, the
appearance of the 3D content is aligned with the 3D layout.
Similarly, we enforce the semantics and geometry of the
3D content to match the 3D layout. Specifically, we train a
conditional diffusion model ϵsd, where the projected coarse
semantic and depth maps derived from 3D layouts serve as
conditional inputs, and the fine-grained semantic and depth
maps are the generation targets. Based on ϵsd, we derive
SD-SDS:

∇θLSD−SDS(θ) ≜ Et,ϵ,T

[
ω(t)(ϵsd(x

sd
t , t,F(L(T)))− ϵ)

∂g(θ,T)

∂θ

]
,

(4)

where xsd
t is perturbed from the rendered semantic and

depth maps xsd
0 from 2DGS. Since the semantic labels of the

Gaussian points are fixed, SD-SDS optimizes the geometric
attributes of the Gaussian points to match the 3D layout,
ensuring that the geometry and semantics of the 3D content
align with the appearance generated through LG-VSD.

3.5 Layout-Aware Refinement

Inspired by SDEdit [39], we observe that the resampling pro-
cess of diffusion models can effectively refine the rendered
images. Specifically, given a random camera pose, the ren-
dered image Ir is perturbed to Ip with random noise given
the time step t. Then Ip will be denoised to the refined image
If using the diffusion model. When t → 0, the resampling
process tends to refine local details of the image Ir while
maintaining its overall structure. Still and all, the geometric
and semantic consistencies in long-horizon trajectory cannot
be guaranteed, as such a resampling process is agnostic to
contextual 3D structures among frames. To this end, we
further enable layout-aware refinement by conditioning the
denoising steps using the rendered semantic and depth
maps, leading to better consistency. Specifically, we first
render a set of images from the generated scene. These im-
ages are then refined through a process of perturbation and
denoising, as described earlier. Then, we follow the standard
training process in 2DGS [11], using the refined images as
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Fig. 3: Basic primitives. We provide several basic primitives
of common objects in driving scenes (e.g., road and side-
walk, car, building, etc.)

ground truth and updating the scene with the MSE loss
between Ir and If , i.e., LMSE = ||Ir − If ||22. To further
improve the scene geometry, we estimate monocular depth
from each refined image using Depth Anything V2 [70],
align it with the rendered depth to resolve scale and shift
ambiguity, and additionally supervise the rendered depth
and surface normals during refinement.

3.6 Scene Editing
Instance-Level Editing. The compositional 3D layout rep-
resentation naturally supports instance-level scene editing.
For background objects (e.g., buildings, trees, etc), we can
delete or insert instances in the scene layout as well as
the Gaussian points and then fine-tune the generated scene
using our LG-VSD and SD-SDS for possible missing region
completion. For foreground objects (i.e., cars), the manipu-
lation (e.g., rotation, translation, etc) can be applied simul-
taneously on the instance layout and the Gaussian points.
For large transformations, we further apply layout-aware
refinement to improve the consistency of the edited results.
Style Editing. Benefiting from the inherent capacity of the
large-scale diffusion model, we can easily transfer the gener-
ated scene to various styles. Specifically, given the generated
scene, we simply fine-tune it via our LG-VSD and SD-SDS,
while adding a style text prompt in the distilling process
of LG-VSD, e.g., “Cartoon style”, “Night time”, etc. For some
large style changes, we additionally reduce the ControlNet
conditioning strength to increase the flexibility of text-based
appearance control.

3.7 Layout Construction
Our layout representation is particularly suitable for out-
door driving scenes, where large-scale environments can be
described by a relatively sparse set of recurring semantic
elements, such as roads, vehicles, buildings, and vegetation.
The coarse layout mainly captures their spatial organization
and semantic composition, while fine-grained geometry and
appearance are complemented by the pretrained diffusion
prior. 3D layout construction is not the main focus of this
work. In practice, we use in-hand layout data provided by
the KITTI-360 dataset to train the ControlNet. Nonetheless,
there are also several alternatives. For example, users can
easily create the desired layout in 3D modeling software
(e.g., Blender) given the simple geometric structures of basic
primitives. As shown in Fig. 3, we provide several basic
primitives in driving scenes to ease the process.

We further provide an alternative method to generate 3D
scene layout automatically based on SinDDM [71]. SinDDM
learns the intrinsic distribution of the training image via

a multi-scale diffusion process, enabling the generation of
new images with arbitrary scales. Specifically, we first com-
press the example 3D layout to the 2D ground plane and
obtain a 2D representation of the 3D scene. Then, we train
the SinDDM model based on the single 2D example. The
generated layout is then transformed into 3D space by clus-
tering instances and assigning random heights empirically.
As shown in Fig. 4, the trained model can produce diverse
new samples with arbitrary scales and reasonable arrange-
ments. We also generate scenes based on the generated 3D
layouts and the rendered results are provided in the bottom
row of Fig. 4.

4 EXPERIMENTS

4.1 Experimental Setup

Dataset. We mainly perform experiments on the KITTI-
360 dataset [72] for quantitative comparisons with baseline
methods. KITTI-360 dataset is captured in urban scenarios
covering a driving distance of around 73.7km and offers 3D
bounding box annotations for various classes (e.g., build-
ing, car, road, vegetation, etc), forming extensive 3D scene
layouts. Each layout instance is modeled using a triangle
mesh, enabling fast rendering of semantic and depth maps.
Implementation Details. We use Stable Diffusion 2.1 [36] as
the text-to-image diffusion model. The overall framework is
implemented using PyTorch [73]. We use diffusers [74] to
implement the diffusion model. For the training of Control-
Net [10], we concatenate the rendered semantic and depth
maps from 3D layouts as the input conditional signal. We
crop and resize the original image (with a resolution of
1408 × 376) in the KITTI-360 dataset [72] to a resolution
of 512 × 512. The training of a single scene is conducted
on an NVIDIA L40 GPU. We train and refine the scene at a
resolution of 512× 512.
Baselines and Settings. We compare the proposed method
with several 3D generative methods applied to driving
scenes, including EG3D [60], CC3D [1], UrbanGIRAFFE [2],
Text2Room [48], SceneDreamer [64], GANCraft [75] and
InfiniCity [3]. We use the officially released code and pre-
trained weights provided by the authors of CC3D for the
evaluation of CC3D and EG3D. Due to the different settings
of UrbanGIRAFFE, we re-train the model using its official
released code. Text2Room is initially designed for room-
scale textured mesh generation. We adapt it to our scenes by
integrating our pre-trained ControlNet into the inpainting
model of Text2Room, enabling the generation of driving
scenes based on our 3D layout information. SceneDreamer
aims to generate 3D landscapes and we apply it to driving
scenes using the projected height and semantic field from
our layout representation as the input. We then re-train both
SceneDreamer and the required SPADE [76] model for driv-
ing scene generation. GANCraft also requires a pre-trained
SPADE model, and we use the re-trained version for scene
generation. For quantitative evaluation, we use Fréchet In-
ception Distance (FID) [77] and Kernel Inception Distance
(KID) [78] as evaluation metrics, which are computed with
5000 randomly sampled images. Quantitative comparisons
with InfiniCity are excluded due to the different settings and
the incomplete released code.
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TABLE 1: Quantitative comparison on the KITTI-360 dataset.

Method Text2Room [48] GANCraft [75] UrbanGIRAFFE [2] SceneDreamer [64] EG3D [60] CC3D [1] Ours

FID↓ 134.3 149.7 118.6 122.4 109.3 79.1 52.1
KID↓ 0.116 0.161 0.143 0.113 0.121 0.082 0.041

generate

generate
Single example

Samples with same scale 

Samples with different scale 

1 2 3 4

2

1

3

4

Fig. 4: Automatic Layout Generation. We present an alter-
native method for automatic 3D layout generation given
a single example of the layout. In the top two rows, we
display generated layouts with different scales and provide
the corresponding 3D layout given the generated 2D sample
in the third row. The rendering results of the generated scene
are displayed in the bottom row.

TABLE 2: Quantitative comparison with CC3D+H.

Method CC3D [1] CC3D+H [1] Ours

FID↓ 79.1 77.8 52.1
KID↓ 0.082 0.077 0.041

Results. According to the quantitative results in Table 1,
the proposed method outperforms previous methods in
terms of both FID and KID by a significant margin. For
example, the FID of our method is about 34% lower than
that of the most competitive baseline method, CC3D. We
further provide visualization results of generated samples in
Fig. 5 for qualitative comparison. According to the results,
Text2Room tends to degrade rapidly under the influence
of cumulative errors, resulting in a failure to produce
valid results. Besides, 3D-aware GAN-based methods (i.e.,
SceneDreamer, UrbanGIRAFFE, EG3D, CC3D, GANCraft
and InfiniCity) suffer from structural distortions and lack
fine-grained details, due to the limited model capacity and

TABLE 3: Camera-motion fidelity evaluation. Camera poses
are estimated from generated image sequences using Pi3X.

Method RPE ATE

Trans. (m)↓ Rot. (◦)↓ RMSE (m)↓

CC3D 0.65 0.53 2.71
Ours w/o LG-VSD 0.22 0.31 1.94

Ours 0.17 0.22 1.01

the complexity of driving scenes. In contrast, our method
is capable of generating high-quality 3D driving scenes
with rich details, demonstrating a notable advancement
over previous methods. To further investigate the effect of
our 3D layout prior, we add height fields of 3D layouts
as an extra condition to CC3D, resulting in an enhanced
version termed CC3D+H. As shown in Table 2 and Fig. 6,
CC3D+H marginally outperforms CC3D, indicating that our
3D layout prior is beneficial for driving scene generation.
However, it remains significantly inferior to our method,
which demonstrates the effectiveness and necessity of our
carefully designed pipeline to fully exploit the potential
of 3D layout priors and large-scale text-to-image diffusion
models. Please refer to our project page for video results.
User Study. We further conduct a user study with 20
volunteers, who rate the rendered videos of each method
along three dimensions: perceptual quality, realism, and 3D
consistency. Perceptual quality evaluates local visual fidelity,
including sharpness, texture quality, and visible artifacts.
Realism measures the overall plausibility of the generated
urban scene, considering scene composition, urban struc-
ture, and object appearance. 3D consistency evaluates the
stability of scene structures and object geometry across
viewpoint changes in the rendered videos. Each criterion
is rated from 1 to 5, with 5 indicating the best quality. The
results in Fig. 7 indicate users’ preference for our results
across all aspects.
Camera-Motion Fidelity. To evaluate multi-view geometric
consistency, we introduce a camera-motion fidelity metric
based on Pi3X [79]. We render image sequences along pre-
defined trajectories, estimate camera poses with Pi3X, align
the recovered trajectories with the inputs using Umeyama
alignment, and report ATE and RPE [80]. As shown in
Table 3, our method achieves the lowest errors, with an RPE
translation error of 0.17 m, rotation error of 0.22◦, and an
ATE RMSE of 1.01 m, outperforming CC3D and the variant
without LG-VSD and indicating better multi-view geometric
consistency.
Large-Scale Generation Capability. Notably, the scales of
scenes generated by most prior 3D-aware GAN-based meth-
ods are limited (typically less than 100m). SceneDreamer
can generate scenes with larger scales, while the resolu-
tion of a local scene window is limited to 2048 × 2048
with 40GB GPU memory, which corresponds to a spatial
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Fig. 5: Qualitative comparison. We display two scenes generated by different methods for comparison. Most of the
results are directly borrowed from the original paper, except for Text2Room, GANCraft and SceneDreamer, which were
adapted and re-trained within our settings. The proposed pipeline significantly outperforms previous baseline methods
and achieves high-quality rendering. Best zoom in for more details.
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CC3D CC3D+H Ours

Fig. 6: Qualitative comparison with CC3D+H. Our method
significantly outperforms CC3D+H, which is an enhanced
version of CC3D.
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Realism
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Fig. 7: User study. The score ranges from 1 to 5, with 5
denoting the best quality.

coverage of ∼ 400 × 400m2 at a voxel resolution of 0.2m.
Besides, the generated results also lack fine-grained details.
In contrast, our method can achieve driving scene genera-
tion with longer driving distances and higher quality by a
large margin. Fig. 8 shows our generation results in two
regions with 40GB GPU memory, each covering an area
of ∼ 600 × 400m2 and spanning a driving distance of
over 1000m. Even in such large-scale scenes, our method
still achieves high-quality rendering results, showcasing the
superior scalability of our pipeline in arbitrary-scale driving
scene generation.
Runtime Analysis. We further evaluate the generation time
under different driving distances. As shown in Fig. 11,
the runtime increases approximately linearly with scene
extent, benefiting from our scene subdivision strategy that
optimizes local regions independently. Nevertheless, our
method remains considerably slower than feed-forward
baselines: generating a scene of approximately 100 m takes
about 2.5 hours on an NVIDIA L40 GPU, while CC3D
requires less than 10 seconds. We regard this efficiency gap
as a limitation of the current optimization-based framework.

4.2 Scene Editing

Instance-Level Editing. As shown in Fig. 9 (a) (b), we
showcase two kinds of instance-level editing: (a) Foreground

TABLE 4: Ablation studies on different strategies.

Method FID↓ KID↓

w/o LG-VSD 113.0 0.126
w/o SD-SDS 60.5 0.049
w/o refinement 57.1 0.048

Ours 52.1 0.041

object manipulation. We achieve object rotation, repeat, and
scaling by simply manipulating the object in the layout. (b)
Background object editing. We can further edit background
elements in the scene (e.g., building removing, tree adding)
by editing the layouts while keeping the other components
unchanged.
Style Editing. We present several style editing samples
corresponding to the same generated scene in Fig. 9 (c). The
results show that we can transfer the style of the generated
scene via style text prompts (e.g., “Foggy”, “Vangogh paint”,
etc), while preserving the overall structure. Notably, we can
also generate driving scenes of various city styles by simply
adding text prompt-based conditions (e.g., “in Kyoto”, “in
Hawaii”, etc).
Transfer to Other Scenes. Although the conditioning model
is initially trained on the KITTI-360 dataset, we can transfer
our method to generate scenes of other driving datasets
by fine-tuning the ControlNet. As shown in Fig. 12, we
generate scenes on the NuScenes [81] dataset and further
transfer them into a different style (i.e., “in winter, with
snow”).

4.3 Ablation Studies
Effectiveness of LG-VSD. To verify the effectiveness of LG-
VSD, we conduct experiments by using the vanilla VSD,
where the noise prediction network of Stable Diffusion is
fine-tuned on the KITTI-360 dataset to constrain the style
distribution. However, in the absence of semantic and geo-
metric constraints from the 3D layout, VSD fails to capture
the complex distribution of driving scenes. As shown in
the top row of Fig. 13, the generated scene appears blurry
and lacks detail in the absence of LG-VSD. Additionally, the
quantitative comparison in Table 4 demonstrates that LG-
VSD significantly outperforms VSD, achieving much lower
FID and KID.
Effectiveness of SD-SDS. As previously discussed, we
introduce SD-SDS to ensure alignment between semantics,
geometry, and appearance. To evaluate its effectiveness,
we remove SD-SDS (i.e., generating the scene using only
LG-VSD and refinement). Visualization comparisons of the
semantic map, depth map, and normal map are presented
in Fig. 14, where the semantic map is rendered based on the
semantic labels of the Gaussian points. The results show
that, although the perceptual image without SD-SDS ap-
pears plausible, the geometry and semantics are misaligned
and disordered. As highlighted in the zoomed-in patch, the
car’s geometry is inaccurate, while the perceptual results
are rendered from the background road and trees rather
than the car itself. In addition to the qualitative compari-
son, we provide quantitative results in Table 4. The results
demonstrate that SD-SDS also enhances perceptual quality,
reducing FID by 14%. This improvement is attributed to
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Fig. 8: Large-scale generation capability. We generate two large-scale 3D driving scenes with high quality, each covering
an area of ∼ 600× 400m2 and spanning a driving distance of over 1000m.

Original Repeat+Rotate (90deg)

Repeat+Rotate (240deg) Repeat+Rotate+Scale

Remove a building

Add a tree

“Night time” “Vangogh paint”

“Foggy” “Cartoon style”
(a) Foreground Object Editing (b) Background Object Editing (c) Style Editing

Fig. 9: Samples of scene editing results. The proposed pipeline achieves instance-level editing (including foreground and
background object editing) and global style editing.

the fact that misaligned geometry and semantics introduce
additional artifacts.
Effectiveness of Layout-Aware Refinement. We perform
experiments to analyze the effectiveness of the layout-aware
refinement strategy. As shown in Fig. 15, layout-aware
refinement effectively reduces high-frequency artifacts and
enhances the realism of the generated results. We also pro-
vide quantitative comparisons in Table 4. The results show
that the introduction of layout-aware refinement improves
both FID and KID, further demonstrating the effectiveness.

4.4 Further Analysis
Large Camera View Shifting. As shown in Fig. 16, we
display the rendering results under three different camera
view shifting settings: (a) rotating the camera right by 30 deg
and 60 deg; (b) translating the camera up by 1m and 2m; (c)
close-range large-angle view shifting while keeping nearby
scene elements visible. Owing to the high 3D consistency,
the generated scene demonstrates strong robustness against
large camera view shifting.

Diversity. To explore the diversity of generated results, we
conduct experiments by employing different random seeds
while maintaining the same layout. As shown in Fig. 17,
given the same scene layout, the proposed pipeline can
generate diverse scenes with elements (e.g., cars, buildings)
that have different appearances.
3D Visualization. To further explore the 3D consistency
of the generated scene, we extract a point cloud from the
generated scene and display the results in Fig. 18. The
3D point cloud reveals the consistent 3D structures of the
generated scene. We also present the rendered normal maps
along with the images to demonstrate 3D consistency.
Generalization to VoxCity. We further evaluate Urban Ar-
chitect on VoxCity [82] to examine its generalization beyond
KITTI-360. We convert the voxelized city representation into
our semantic instance-level layout and construct street-level
trajectories from the road network. As shown in Fig. 19,
our framework can successfully generate 3D scenes from
VoxCity-derived layouts, demonstrating its compatibility
with alternative structured urban representations.
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Fig. 10: Transfer to other cities. The generated driving scene can be transferred to different city styles given the text prompt
by fine-tuning the generated scene.
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Fig. 11: Runtime analysis under different driving dis-
tances. The generation time scales approximately linearly
with the scene extent, benefiting from our scene subdivision
strategy.

NuScenes style “in winter, with snow”

Fig. 12: Transfer to other urban styles. We generate scenes
in NuScenes style and transfer them to a different weather.

5 CONCLUSION

We have presented Urban Architect, a method for steerable
3D driving scene generation. The core of our method lies
in incorporating a 3D layout representation as a robust
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Fig. 13: Effectiveness of LG-VSD. Without our 3D layout
prior, VSD fails to generate high-quality driving scenes due
to the absence of effective guidance.

prior to complement textual descriptions. Based on the
3D layout, we introduce Layout-Guided Variational Score
Distillation (LG-VSD) to integrate the 3D geometric and
semantic constraints into the current text-to-3D paradigm,
which is achieved by conditioning the score distillation
sampling process with 3D layout information. Moreover,
we further design Semantic-Depth Score Distillation Sam-
pling (SD-SDS), which ensures the generated 3D content
exhibits consistent alignment between semantics, geometry,
and appearance. Our framework facilitates high-quality,
steerable 3D driving scene generation, capable of scaling up
to generate large-scale scenes covering a driving distance
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Fig. 15: Ablations on layout-aware refinement. The layout-
aware refinement strategy further enhances the generation
quality, leading to more realistic results.

of over 1000m. Our flexible representation, coupled with
the inherent capability of text-to-image diffusion models,
empowers our pipeline to support diverse scene editing
effects, including instance-level editing and style editing.
Despite these capabilities, the current framework still relies
on computationally expensive scene-specific optimization
and does not provide pixel-level control or high-precision
geometric reconstruction. In addition, while individual ob-
jects can be explicitly manipulated through their layouts,
realistic traffic dynamics would require integration with
dedicated traffic or trajectory-generation models. Extending
the framework toward more efficient optimization, dynamic
driving scenes, and broader scene domains such as indoor
environments constitutes interesting directions for future
work.
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Fig. 19: Generalization to VoxCity. A representative scene
generated by Urban Architect on VoxCity.
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