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UrbanGen: Urban Generation with
Compositional and Controllable Neural Fields

Yuanbo Yang, Yujun Shen, Yue Wang, Andreas Geiger, Yiyi Liao �

Abstract—Despite the rapid progress in generative radiance fields, most existing methods focus on object-centric applications and are
not able to generate complex urban scenes. In this paper, we propose UrbanGen, a solution for the challenging task of generating
urban radiance fields with photorealistic rendering, accurate geometry, high controllability, and diverse city styles. Our key idea is to
leverage a coarse 3D panoptic prior, represented by a semantic voxel grid for stuff and bounding boxes for countable objects, to
condition a compositional generative radiance field. This panoptic prior simplifies the task of learning complex urban geometry, enables
disentanglement of stuff and objects, and provides versatile control over both. Moreover, by combining semantic and geometry losses
with adversarial training, our method faithfully adheres to the input conditions, allowing for joint rendering of semantic and depth maps
alongside RGB images. In addition, we collect a unified dataset with images and their panoptic priors in the same format from 3 diverse
real-world datasets: KITTI-360, nuScenes, and Waymo, and train a city style-aware model on this data. Our systematic study shows
that UrbanGen outperforms state-of-the-art generative radiance field baselines in terms of image fidelity and geometry accuracy for
urban scene generation. Furthermore, UrbenGen brings a new set of controllability features, including large camera movements, stuff
editing, and city style control.

Index Terms—Urban Scenes, Generative Radiance Fields, 3D GANs, Neural Rendering

✦

1 INTRODUCTION

This paper focuses on advancing generative radiance fields
of urban scenes which will enable many important appli-
cations, e.g., serving as neural simulators for autonomous
driving [12] or generating scenes for the gaming industry.
In addition to rendering photorealistic images, an ideal gen-
erative urban radiance field should be capable of: i) learning
accurate geometry, ii) providing high controllability, and
iii) synthesizing different city styles. Although remarkable
advances have been made in generative radiance fields
using adversarial training [54], existing methods struggle to
fulfill the above requirements. But what makes generative
urban radiance fields so challenging?

Firstly, most existing 3D generative radiance field meth-
ods focus on “alignable” object-centric scenes like Carla
Cars [17] and human faces [27]. This simplifies the task, as
the generative model can learn the underlying alignment in
canonical space, hence minimizing the residual geometry
and appearance variations that need to be captured. Ur-
ban scenes, however, pose a great challenge as they lack
a shared canonical geometry like object-centric scenarios
such as human faces. Secondly, many properties of existing
generative radiance field models, including semantics and
appearance, remain entangled [60], which greatly limits the
controllability of the generated content. To address these
two challenges, GIRAFFE [43] and DiscoScene [67] propose
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to learn foreground cars in a canonical space from urban
scene images using object layouts, learning plausible car
geometry and enabling control over poses of cars. How-
ever, they generate the scene background as a simple 2D
image, resulting in limited control over camera pose and
semantic editing. Lastly, synthesizing different city styles
requires training generative radiance fields on different
urban datasets, which is non-trivial due to the diversity in
scale of existing urban datasets. A dataset of small scale, e.g.,
nuScenes [8] with only 1,000 20-second video clips, may lead
to unstable training and hence unsatisfying results.

In this work, we propose UrbanGen, a generative radi-
ance field of urban scenes aiming to fulfill the requirements
of photorealistic rendering, plausible geometry generation,
high controllability, and diversity in city style. Our key
idea is to leverage a 3D urban panoptic prior, formatted
as a semantic voxel grid for stuff and bounding boxes for
countable objects, to condition generative radiance fields for
compositional and controllable generation. As we demon-
strate in our experiments, the coarse geometry information
captured by this prior eases the task of geometry generation
through 2D supervision. Moreover, it seamlessly enables
versatile control over the stuff and objects by editing the
panoptic prior. We further collect a diverse set of panoptic
priors from various urban datasets and utilize them for joint
training. This allows for utilizing cross-dataset information
and improves the performance compared to training solely
on each individual dataset, thereby enabling synthesizing
diverse city styles and even applying the style of one city to
the layout of another.

Our model represents the scene as a compositional
neural radiance field consisting of stuff, objects, and back-
ground. We inject our panoptic prior into the generative
model in two ways: the semantic voxel grid is used to con-
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Fig. 1: UrbanGen Overview. In UrbanGen, we introduce a 3D generative model for urban scene synthesis. Specifically, we
first curate a unified urban dataset from multiple driving datasets, which includes RGB images paired with their panoptic
prior, i.e., a combination of scene semantics and 3D bounding box layouts. We then train UrbanGen, a generative neural
radiance field that is conditioned on a latent code, dataset style (such as KITTI, Waymo, or nuScenes), and the panoptic
prior. UrbanGen can synthesize high-fidelity, diverse urban scenes with multiple modalities (RGB, depth, and semantic)
through volume rendering. Finally, thanks to the design of our pipeline, UrbanGen allows for multiple controls over
synthesis results, including control over camera pose, instance editing, stuff semantic editing, global appearance editing,
and dataset style editing.

dition a stuff generator, whereas the bounding boxes place
generated objects into the scene. Specifically, we propose
a semantic voxel-conditioned stuff generator via spatially
adaptive modulation, effectively injecting the semantic and
geometry information provided by the prior. For objects, we
follow existing work [45], [67] to generate objects in canon-
ical space, leveraging the cross-instance alignment enabled
by the bounding box layout. We further model the sky and
far regions using a 3D background generator. With all three
generators, we render a composited feature map via volume
rendering and upsample it to the target image using a neural
renderer. The model is supervised by adversarial losses at
both the image and object levels. Furthermore, we propose a
semantic alignment loss to encourage the semantic meaning
of the rendered image to align with the semantic voxel
grid, thereby enabling semantic editing. A geometric loss
based on monocular depth prediction is further proposed to
improve background geometry not covered by the semantic
voxel grid. By constructing unified panoptic priors on rep-
resentative autonomous driving datasets, including KITTI-
360 [34], Waymo [57], and nuScenes [8], we train a city-
style aware model conditioned on corresponding style label
to synthesize diverse styles across different datasets. Using
our proposed training strategy of firstly training on the
unified dataset and fine-tuning on each individual dataset,
our model achieves high-fidelity synthesis. Training on the
unified dataset further enables style control across datasets,
such as generating a scene with Waymo’s layout in KITTI-
360’s style. We summarize our contributions as follows:

� We study the novel yet challenging task of urban
radiance field generation with rich control in terms
of camera pose, object, stuff, and city style.

� We leverage a coarse 3D panoptic-prior to address
this challenging task and design compositional gen-
erative radiance fields with semantic and geometric
losses to leverage the prior information effectively.
This additionally enables rendering semantic and
depth maps along with RGB images.

� We have collected a unified urban dataset contain-
ing images paired with panoptic priors across mul-
tiple domains, including KITTI-360, nuScenes, and
Waymo. This unification yields higher fidelity than
training solely on individual datasets and addition-
ally enables city style transfer.

� Through extensive qualitative and quantitative ex-
periments, we demonstrate that our method outper-
forms existing state-of-the-art generative methods in
terms of visual quality and controllability.

This journal paper extends our conference paper Ur-
banGIRAFFE [71] published at ICCV 2023 in the following
ways: i) We identify that the reconstruction loss used in
UrbanGIRAFFE harms image fidelity, even though it helps
maintain semantic alignment between rendered images and
the panoptic prior. In UrbanGen, we introduce a semantic
alignment loss to achieve a better trade-off between image
fidelity and semantic alignment, enabling semantic control
without sacrificing rendering quality. ii) We use a more
advanced background generator to learn the geometry and
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appearance jointly, whereas our conference version �xes
the background geometry as an in�nitely far-away dome.
Furthermore, we introduce a monocular depth predictor-
guided geometry loss to enhance geometry prediction. This
improves the synthesis quality of �ne details and far re-
gions. iii) We collect a uni�ed urban dataset with diverse
styles. Paired with the newly proposed, city-style aware de-
sign of UrbanGen and the training strategy, we successfully
extend our method from applying the KITTI-360 dataset to
a variety of popular autonomous driving datasets, which
additionally enables city-style control.

2 RELATED WORK

3D-Aware Image Synthesis: In this work, we focus on
3D-aware image synthesis learning from 2D supervision.
While early works learn to generate 3D voxel grids [41], [23],
recent methods achieve high-�delity 3D-aware image syn-
thesis leveraging neural radiance �elds as the underlying 3D
representation [52], [10], [11], [53], [15], [68], [21], [49]. Em-
powered by 3D-aware generative models, many promising
applications have been demonstrated, including semantic
editing [56], [55], relighting [58], [31], single-view recon-
struction [9], [40] and articulated human generation [74],
[46], [4], [25]. However, all aforementioned methods focus
on object-centric scenes and assume that the objects can be
aligned to a canonical space. Thus, it is non-trivial to extend
these methods to complex, unaligned urban scenes.

Scene Level 3D Generative Model: One line of methods
purely focuses on scene-level geometry generation [30], [37],
[64], i.e., generating semantic voxel grids or signed distance
�elds without appearance. In contrast, we are interested in
learning scene-level generative radiance �elds capable of
rendering photorealistic images. In this direction, GSN [16]
and GAUDI [3] propose to generate unbounded indoor
scenes. However, both methods ignore the compositional-
ity of the scene, which makes it harder to achieve high
visual �delity and does not support editing of the scene
content. More related to us, a few methods exploit the
compositionality of 3D scenes to generate scenes containing
multiple objects [33], [67], [42], [45], [69]. GIRAFFE [45]
and DiscoScene [67] focus solely on the compositional-
ity of foreground objects, thereby being unable to model
complex background geometry in urban scenes. Despite
achieving promising controllability of foreground objects,
they do not support camera control or editing of urban
scene elements. Another group of works [2], [76], [29]
opts to use bird's-eye view (BEV) semantic images as their
condition. CC3D [2] introduces a conditional generative
model synthesizing complex 3D scenes based on 2D BEV
semantic scene layouts. BerfScene [76] presents an ef�cient
3D representation that integrates an equivariant radiance
�eld guided by a BEV map. The equivariance property
enables it to generate in�nite-scale 3D scenes. However,
they overlook the compositional nature of complex scenes
during modeling, which limits their controllability, such as
translating objects and editing local styles.

Several other impressive works explore diverse aspects
of scene-level 3D generation [22], [35], [48], [13], [65], [66].

GANCraft [22] is capable of generating photorealistic im-
ages of large 3D semantic block worlds. In�niCity [35]
learns to generate large-scale 3D urban scenes relying on 3D
CAD datasets. However, both methods are based on test-
time optimization, which necessitates a lengthy optimiza-
tion period for generating a new scene. SceneDreamer [13],
CityDreamer [65], and CityGaussian [66] can respectively
generate high-�delity in�nite natural and city landscapes
in a feed-forward manner. However, their methods are
primarily tailored to aerial or distant landscape data. Thus,
it is non-trivial to extend them for generating intrinsic 3D
scenes with �ne-grained details, such as urban scenes for
autonomous driving applications.

2D Driving Video Synthesis: Due to the rapid progress of
video generation models like SVD [6] and SORA [7], there
has been a series of research exploring the use of 2D gen-
erative models for urban video synthesis. MagicDrive [19]
and MagicDrive3D [18] propose a method for generating
videos of street scenes using BEV semantic maps and con-
trol. DriveDreamer [63], [77] also uses HD maps and 3D
bounding boxes for controllable driving video generation.

Unlike MagicDrive and DriveDreamer, which focus on
speci�c driving datasets such as nuScenes [8], recent efforts
by GenAD [70] and Vista [20] have utilized the large-scale
1700-hour driving dataset OpenDV [70] from the internet
to create a generalizable driving world model with high
�delity and versatile controllability. However, due to the
lack of 3D representations, video-based methods usually fall
short in 3D consistency, and cannot yet perform tasks like
�ne-grained semantic and geometric editing. Our proposed
method instead gains 3D consistency by design and enables
versatile controllability.

3 METHOD

In UrbanGen, our goal is to build compositional generative
radiance �elds of urban scenes with control over camera
pose and scene contents. To address this challenging task,
we decompose the urban scene into three main components,
including stuff, countable objects, and background regions,
see Fig. 2 for an overview. We assume prior distributions
are provided for both stuff and objects to disentangle the
complex urban scenes. In this section, we �rst introduce
the prior distributions of stuff and objects, respectively.
Next, we introduce our compositional generator and dis-
criminator for urban scene generation. Finally, we describe
the loss functions, sampling strategy, training strategy, and
implementation details.

3.1 Panoptic Prior

We assume a prior distribution of the scene layout is given
to form a compositional generative model, which we refer to
as “panoptic prior”. The panoptic prior brie�y describes the
spatial distributions of countable objects and uncountable
stuff within a certain region. Let V ; O � pV;O denote a
stuff layout V and an object layout O sampled from the
joint distribution pV;O . We now elaborate on the layout
representation of O and V , respectively.

Countable Object: Following GIRAFFE, the layout dis-
tribution of countable objects (e.g., cars) is represented
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Fig. 2: Method Overview. We utilize panoptic prior in the form of semantic voxel grids and instance object layouts to
construct a generative urban radiance �eld. Our model accepts as input a global noise vector zwld for the entire scene,
K noise vectors f zk

obj g
K
k=1 for objects, a scene domain classc � pC, and a sampled panoptic prior V ; O � pV;O . We

decompose the scene into background, stuff, and objects. The stuff generator is conditioned on the semantic voxel grid V
to maintain its semantic and geometric information. Objects are generated in the canonical object coordinate system guided
by O . Combined with the background generator, a feature map Î F , depth map Î D , and semantic map Î L are obtained
through volume rendering. We further employ neural rendering to produce the RGB image Î and object patches P̂ k . The
entire model is optimized jointly with adversarial losses L I

adv and L P
adv applied to the full image and object patches,

respectively, as well as a geometry loss L geo for improved underlying geometry, and a semantic loss L seg for alignment
between the rendered appearance and semantic.

in the form of a set of 3D bounding boxes. A sample
O = f o1; o2; ::oK g depicts a joint distribution of K objects
in one scene, whereK may vary for different scenes. Here,
each objecto is represented by a 3D bounding box param-
eterized by its rotation R 2 SO(3), translation t 2 R3, and
size s 2 R3:

ok = f R k ; t k ; sk g

In this work, we leverage bounding boxes released by
publicly available datasets [34], [8], [1] to form the dis-
tribution pO . This distribution can also be obtained from
real-world images, e.g., by applying a 3D object detection
method.

Uncountable Stuff: Unlike countable objects, there are
many indispensable entities that are either uncountable
(e.g., road and terrain) or sometimes too cluttered to be
separated (e.g., trees). To address this problem, we repre-
sent uncountable stuff in the form of semantic voxel grids
V 2 RH v � W v � D v � L , where each voxel stores a one-hot
semantic label of length L .

3.2 Compositional Urban Scene Generator

Our generator represents the urban scene as a compositional
neural radiance �eld, decomposing the scene into objects,
nearby stuff, and far background regions. While similar
ideas have been explored in previous works [45], [67],

a distinctive aspect of our approach is the modeling of
nearby stuff regions through a stuff generator conditioned
on a semantic voxel grid, complemented by a background
generator for modeling sky and distant areas. Both stuff and
background generators are linked by a shared global latent
code zwld 2 N (0; I ) to maintain style coherence throughout
the scene. The individual objects are assigned with unique
latent codes zobj = f zk

obj 2 N (0; I )gK
k=1 to ensure a rich

diversity in their shapes and appearances. In addition, we
also sample a domain label c corresponding to the dataset
domain, such as KITTI-360, Waymo, or nuScenes, and use
it as a condition for the generator to assist the model in
learning diverse style generation and interpolation using a
joint model. We now delve into the details of each part of
the generator.

Domain-Aware Mapping Networks: In UrbanGen, we
follow [27] to use mapping networks for controlling the
generators via latent codes. In addition to taking the random
latent codes zwld or zobj as input, the mapping networks
additionally take the domain label c as input. This allows
for disentangling appearance and dataset domain, thereby
guiding the generators to generate high-�delity images of
the given domain more faithfully.

Speci�cally, the scene mapping network mwld
� takes as

input the global latent code zwld and the domain class label
c, and maps them to wwld which are later used to modulate
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