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Compositional Generative Model of
Unbounded 4D Cities

Haozhe Xie, Zhaoxi Chen, Fangzhou Hong, and Ziwei Liu

Abstract—3D scene generation has garnered growing attention
in recent years and has made significant progress. Generating 4D
cities is more challenging than 3D scenes due to the presence of
structurally complex, visually diverse objects like buildings and
vehicles, and heightened human sensitivity to distortions in urban
environments. To tackle these issues, we propose CityDreamer4D,
a compositional generative model specifically tailored for gener-
ating unbounded 4D cities. Our main insights are 1) 4D city
generation should separate dynamic objects (e.g., vehicles) from
static scenes (e.g., buildings and roads), and 2) all objects in the
4D scene should be composed of different types of neural fields for
buildings, vehicles, and background stuff. Specifically, we propose
Traffic Scenario Generator and Unbounded Layout Generator
to produce dynamic traffic scenarios and static city layouts
using a highly compact BEV representation. Objects in 4D cities
are generated by combining stuff-oriented and instance-oriented
neural fields for background stuff, buildings, and vehicles. To suit
the distinct characteristics of background stuff and instances,
the neural fields employ customized generative hash grids and
periodic positional embeddings as scene parameterizations. Fur-
thermore, we offer a comprehensive suite of datasets for city
generation, including OSM, GoogleEarth, and CityTopia. The
OSM dataset provides a variety of real-world city layouts, while
the Google Earth and CityTopia datasets deliver large-scale,
high-quality city imagery complete with 3D instance annotations.
Leveraging its compositional design, CityDreamer4D supports a
range of downstream applications, such as instance editing, city
stylization, and urban simulation, while delivering state-of-the-
art performance in generating realistic 4D cities.

Index Terms—City Generation, 4D Generation, Generative
Models, NeRF

I. INTRODUCTION

MID the rise of the metaverse, 3D and 4D asset genera-

tion has garnered significant attention. Notable progress
has been made in generating 3D objects [1]-[3], avatars [4]-
[6], and scenes [7]-[9], as well as 4D objects [10], [11] and
avatars [12]-[14]. Cities, as one of the most essential assets,
are widely used in diverse applications such as urban plan-
ning, environmental simulations, and game asset development.
Therefore, the challenge of making 3D/4D city development
accessible to a wider audience, including artists, researchers,
and players, becomes both significant and impactful.
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In recent years, notable advancements have been made in
scene generation. Video-based methods [15]-[17] generate 3D
scenes by producing videos conditioned on input images,
but they cannot guarantee temporal consistency. Outpainting-
based methods [18]-[20] generate 3D scenes through con-
tinuous outpainting on RGB and depth images, but they
lack a compact scene representation, resulting in scenes that
are typically small in scale. PCG-based methods [21]-[23]
create unbounded cities by integrating large language models
(LLMs) with procedural content generation (PCG), but the
diversity of the generated cities is constrained by the 3D as-
sets employed. 3D-aware-GAN-based methods, represented by
GANCeraft [24] and SceneDreamer [7], use volumetric neural
rendering to generate images within a 3D scene, leveraging
3D coordinates and corresponding semantic labels. These
methods show promising results in generating 3D natural
scenes by leveraging pseudo-ground-truth images generated
by SPADE [25]. InfiniCity [26] follows a similar pipeline for
3D city generation but it is more complex than 3D natural
scenes due to the greater appearance variation in buildings and
vehicles, unlike the relatively consistent appearance of objects
with the same semantic label in natural scenes. This variation
reduces the quality of generated buildings and vehicles when
all instances within their respective classes are assigned the
same semantic label. Generating 4D scenes poses greater
challenges than 3D scenes, as existing methods [27]-[30]
either fail to ensure temporal consistency or are confined to
tiny scales.

To address these problems, we propose CityDreamer4D,
a compositional generative model designed for unbounded
4D cities. As shown in Fig. 1, the unbounded 4D city
generation framework separates dynamic objects from static
scenes. Static scenes are defined by the city layout from
Unbounded Layout Generator, arranging elements like roads,
highways, vegetation, and buildings, with the capability to
extrapolate to unbounded areas. Dynamic objects, such as
vehicles, are defined by traffic scenarios generated by Traffic
Scenario Generator, which determines their spatial position-
ing on high-definition (HD) maps derived from city layouts.
Unlike existing methods that use a single module for all ob-
jects, CityDreamer4D divides the generation process into three
distinct modules: Building Instance Generator for buildings,
Vehicle Instance Generator for vehicles, and City Background
Generator for background stuff. These generators leverage a
highly compact bird’s-eye-view (BEV) scene representation to
ensure efficiency and scalability. The scene parameterization is
designed to address the unique characteristics of background
stuff and instances: background stuff often features similar
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appearances with irregular textures, while buildings and vehi-
cles display diverse appearances with regular periodic patterns.
To handle these variations, we use generative hash grids for
the background and apply periodic positional encodings to
each instance. We also place buildings in an object-centric
coordinate space and vehicles in an object-canonical coor-
dinate space, using specialized methods designed to capture
their compact shapes. Compositor combines the rendered
background stuff with the building and vehicle instances to
create a unified image.

To improve the realism of our generated cities, we construct
a suite of datasets, including OSM, GoogleEarth, and City-
Topia. The OSM dataset, sourced from OpenStreetMap [31],
includes semantic maps and height fields for 80 cities world-
wide, covering over 6,000 km?2. The semantic maps indicate
the locations of roads, buildings, urban greenery, and water
bodies, while the height fields primarily represent building
heights. The GoogleEarth dataset is a real-world dataset col-
lected using Google Earth Studio [32], featuring 400 drone-
view orbit trajectories over New York City. It includes 24,000
real-world city images, with 3D semantic annotations for
all classes and 3D instance annotations for buildings. The
CityTopia dataset is a high-quality synthetic dataset spanning
11 cities generated with 3D assets from the Unreal Engine 5
City Sample project [33]. It offers 37,500 high-fidelity street-
view and drone-view images, featuring precise 2D and 3D
semantic annotations for all classes, along with 3D instance
annotations for buildings and vehicles.

The contributions are summarized as follows:

e We propose CityDreamer4D, the first generative model
for unbounded 4D cities that disentangles dynamic ob-
jects from static scenes and enables instance editing, city
stylization, and urban simulation.

o We introduce stuff-oriented and instance-oriented neural
fields to generate background stuff and instances (build-
ings and vehicles) in 4D scenes, effectively capturing
their diversity.

o We create comprehensive datasets for city generation,
using OSM for realistic layouts and Google Earth and
CityTopia for detailed city visuals with 3D semantic and
instance annotations.

o The proposed CityDreamer4D demonstrates superior ca-
pability in generating unbounded, diverse 4D cities and
enables instance-level editing within them.

A preliminary version of this work, named CityDreamer,
has been published in CVPR 2024 [34]. We make several
extensions in this work compared to the preliminary version.
1) We evolve CityDreamer into CityDreamer4D, enabling
4D city generation through Traffic Scenario Generator and
Vehicle Instance Generator, effectively separating dynamic
objects from static scenes. 2) We enhance the highly compact
BEV representation by incorporating an additional bottom-up
height map, enabling the representation of hollow structures
in cities, such as highways. 3) We propose Traffic Scenario
Generator, which creates HD maps from city layouts to
produce realistic traffic scenarios with vehicles in unbounded
cities. 4) We introduce Vehicle Instance Generator, designed
to generate vehicle instances within cities using a novel scene

parameterization method grounded on the canonical feature
space. 5) We build the CityTopia dataset, offering nearly 40k
high-quality street-view and drone-view images with both 2D
and 3D semantic and instance annotations.

II. RELATED WORKS

A. 3D-aware GANs

Building on the recent success of 2D GANs [35], [36],
various approaches have been introduced to generate 3D
content using GANs as well. The core idea is to represent
the generated scenes using a 3D representation and apply ren-
dering techniques to produce images from various viewpoints,
enabling image-level adversarial learning [37]. Early methods
use explicit shapes like voxels [38]-[40], meshes [41], and 3D
primitives [42] to render images from different viewpoints.
However, their limited expressiveness and efficiency hinder
the synthesis of complex scenes and photorealistic details.
NeRF [43], known for producing high-fidelity novel view syn-
thesis, are introduced to 3D-aware generative models. Yet, the
high computational cost of NeRF-based GANs restricts earlier
attempts [44]-[47] from generating high-quality images. To
address this, many follow-up works [48]-[52] avoid rendering
NeRFs at high resolution by applying 2D super-resolution on
low-resolution feature maps, though this compromises 3D con-
sistency. To maintain strict 3D consistency, newer approaches
shift to sparser 3D representations, like sparse voxels [53],
radiance manifolds [54], and multi-plane images [55], enabling
direct high-resolution rendering. Nevertheless, most of these
methods are trained on curated datasets for bounded scenes,
such as human faces [56], [57], human bodies [58], [59], and
objects [60], [61].

B. 3D Scene Generation

Unlike advanced 2D generative models that mainly focus
on individual categories or familiar objects, generating scene-
level content is more challenging due to the vast diversity
and complexity of scenes [62]. Earlier methods [15], [16]
generate scenes by synthesizing videos, but they lack 3D
awareness and fail to ensure 3D consistency. Semantic image
synthesis approaches [24], [63] have shown promising results
in generating scene-level content by conditioning on pixel-
wise dense correspondences, like semantic segmentation or
depth maps. Several techniques [18]-[20] generate 3D scenes
by performing inpainting and outpainting on RGB images or
feature maps, though most can only interpolate or extrapo-
late a limited distance from the input views and lack true
generative capabilities. Significant research has investigated
procedural content generation (PCG) for creating natural [21],
[64], indoor [65]-[67], and urban scenes [23], [68]-[70],
but the diversity of the generated scenes is limited by the
3D assets used. Recent methods [7], [9], [26] achieve 3D-
consistent scenes at an infinite scale through unbounded layout
extrapolation. Other approaches [71]-[73] focus on indoor
scene synthesis, relying on costly 3D datasets [74], [75] or
CAD object retrieval [76]-[78].
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Fig. 1.

Overview of CityDreamer4D. 4D city generation comprises static and dynamic scenes, conditioned on city layout L and time-varying traffic scenario

T, generated by the Unbounded Layout and Traffic Scenario Generators, respectively. City Background Generator uses L to create background images I for
stuff like roads, vegetation, and the sky, while Building Instance Generator renders the buildings {Ip, } within the city. Using T, Vehicle Instance Generator
generates vehicles {I&} at time step t. Finally, Compositor combines the rendered background, buildings, and vehicles into a unified and coherent image

itc. “Gen.”, “Mod.“, “Cond.”, “BG.”, “BLDG.”, and “VEH.” denote “Generation”, “Modulation”, “Condition”, “Background”, “Building”,

respectively.

C. 4D Scene Generation

In recent years, representations like D-NeRF [79] and De-
formable 3D Gaussians [80] have been proposed for 4D object
and human generation. However, 4D scene generation remains
in its early stages, as existing representations are not designed
for large-scale scene generation. Mainstream approaches typ-
ically formulate it as 4D occupancy generation [81], [82] and
distillation from video diffusion [27]-[30]. However, these
methods lack compact representations, restricting the scale of
the generated scenes.

III. METHOD

As illustrated in Figure 1, CityDreamer4D decouples un-
bounded 4D city generation into static scene generation and
dynamic object generation. For static scene generation, Un-
bounded Layout Generator (Section III-A) creates an arbi-
trarily large city layout L. City Background Generator (Sec-
tion III-C) then produces the background image is along with

and “Vehicle”,

its corresponding mask M. Following this, Building Instance
Generator (Section III-D) generates images for building in-
stances {I55,}7® and their respective masks {Mp, }"®, where
ng is the number of building instances. For dynamic object
generation, the traffic generator (Section III-B) first creates the
traffic scenario T for time step t. Then, Vehicle Instance Gen-
erator (Section III-E) produces images for vehicle instances
{I{, 1Y, and their corresponding masks {MY }7¥, based
on T;, where ny denotes the number of Vehlcles. Fmally,
Compositor (Section III-F) merges the rendered background,
building instances, and vehicle instances into a cohesive image
I, for time step .

A. Unbounded Layout Generator

City Layout Representation. The city layout defines the
locations of static 3D objects within the city, which are
grouped into categories such as roads, highways, buildings,
vegetation, water areas, and others. Additionally, a null class
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is included to represent empty spaces in the 3D volume. The
city layout in CityDreamer4D, represented as a 3D volume L,
is constructed by extruding pixels from the semantic map Sy,
according to their corresponding values in the height field Hy,
= {H%Y H]P}, where H?Y and H]® represent the bottom-
up heights and the top-down heights, respectively. Specifically,
the value of L at (7, j, k) is defined as

Sp(i,j) it H3Y(i,j) <k <HP(i,j)
0 otherwise

L(i,j, k) = { ey
where 0 denotes empty spaces in the 3D volumes.

City Layout Generation. Obtaining unbounded city layouts
is translated into generating extendable semantic maps and
height fields. To achieve this, we design Unbounded Layout
Generator based on MaskGIT [83], which naturally supports
inpainting and extrapolation. Specifically, we leverage VQ-
VAE [84] to tokenize patches of semantic maps and height
fields, encoding them into a discrete latent space with a
codebook C = {ck | e € RdC}Z;. During inference, the
layout tokens are generated autoregressively, and the VQVAE
decoder reconstructs a pair of semantic map Sy and height
field Hy. Since VQVAE produces fixed-size outputs, we
perform image extrapolation to create arbitrarily large layouts.
This involves using a sliding window with a 25% overlap to
iteratively predict local layout tokens at each step.

Loss Functions. The VQVAE handles the generation of the
height field and semantic map as separate tasks, optimized
with L1 Loss and Cross-Entropy Loss &£, respectively. To
enhance the sharpness of the height field near building edges,
we incorporate an additional Smoothness Loss S [85]

tvg = Ar|HE — HY |+ AsS(HL, HY) + AgE(SE,S7) (2)

where H? and S? denote the generated height field and
semantic map patches, respectively. H? and S are the corre-
sponding ground truth. MaskGIT’s autoregressive transformer
is optimized with a reweighted ELBO loss [86].

B. Traffic Scenario Generator

Traffic Scenario Representation. The city layout L defines
the static elements of the unbounded city, while the dynamic
aspects are captured by the traffic scenario, represented as 7 =
{Tt}?:Tl, where np represents the number of frames. Similar
to the city layout L, T is likewise derived from the semantic
map Sz, and the height field Hy, = {HBY, H]P}, where the
semantic map specifies the positions of dynamic objects, and
the height field defines their elevations. Specifically, the value
of Ty at (i,4,k) is

St,(i,5) if HY(i,j) <k < HP(i, )

0 otherwise

Tt(ivjak) = { 3)
where 0 denotes empty spaces in the 3D volumes.

Traffic Scenario Generation. The generation of traffic sce-
nario 7 is conceptualized as theTframe—by—frame production
of semantic maps Sy = {Sr,};_, and height fields Hy =
{Hr, }?:Tl To guarantee realistic and continuous placement of
dynamic objects, a high-definition (HD) map is derived from

the city layout L. Unlike the city layout, which only specifies
the positions of roads and highways, the HD map includes
details about lanes, intersections, and traffic signals. Using
the generated HD map, an off-the-shelf model [87] determines
the per-frame bounding boxes of dynamic objects. The corre-
sponding semantic map and height field are generated based
on the bounding boxes.

HD Map Generation. In HD maps, we adopt the entity def-
initions from the Waymo Motion dataset [88], which include
road edges, road lanes, road lines, stop signs, and traffic lights.
Road Edges, representing the boundaries of roads, are gen-
erated by applying Canny edge detection [89] to S; and
converting the continuous edges into a graph structure using
vectorization, which involves detecting corner points and con-
necting them sequentially.

Road Lanes, representing the centerlines of lanes where ve-
hicles can travel, are derived by skeletonizing [90] Sy to
extract road structures and identifying intersections where
multiple edges connect. The image is then converted into road
centerline graphs using graph-based traversal. The number and
positions of the lanes are determined based on road width, and
lanes at intersections are connected using Bézier curves.
Road Lines, such as solid single white or solid double yellow,
are generated according to the positions and attributes of the
road lanes.

Stop Signs and Traffic Lights are positioned at the intersections,
where multiple road lanes converge.

C. City Background Generator

Scene Representation. Following SceneDreamer [7], we
adopt a bird’s-eye-view (BEV) representation for its efficiency
and expressiveness, particularly suited for unbounded scenes.
Unlike GANCraft [24] and InfiniCity [26], which parameterize
features at voxel corners, our BEV representation uses a
feature-free 3D volume constructed from a height field and
a semantic map, as described in Equation 1. Specifically, we
extract a local window of resolution NZ x N x N£ from
the city layout L. This local window L is generated using
the corresponding height field HY and semantic map S¢.

Scene Parameterization. To achieve generalizable 3D rep-
resentation learning across various scenes and align content
with 3D semantics, it is necessary to parameterize the scene
representation into a latent space, making adversarial learning
easier. For background stuff, we adopt the generative neural
hash grid [7] to learn generalizable features across scenes by
modeling the hyperspace beyond 3D space. Specifically, we
first encode the local scene (H$, S¢) using the global encoder
Eg to produce the compact scene-level feature fg € R%c.

fo = Eg(HY,S¥) 4)

Using a learnable neural hash function 7, the indexed feature
£¥ at the 3D position p € R? is derived by mapping p and
f into a hyperspace, specifically R3+dc — RNG

da 3
8 =Hp.fe) = (P fer' Pr'e') mod Np  (5)
i=1 j=1
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where @ represents the bitwise XOR operation, while 7¢ and
mJ are distinct large prime numbers. To capture multi-scale
features, we construct N 1% levels of multi-resolution hash
grids. Each level contains up to N entries, with [V, g denoting
the number of channels in each feature vector.

Volumetric Rendering. In the perspective camera model,
every pixel in the image is associated with a camera ray
r(t) = o + tv, which originates at the projection center o
and extends along the direction v. The pixel value C(r) is
then computed as an integral along this ray.

Cr) = / T AW 1O ED)d (©)

where A(t) = exp (f fg O’(fé(s)), ds) represents the accumu-
lated transmittance. [(p) denotes the semantic label at the 3D
position p. The symbols ¢ and o correspond to the color and
volume density, respectively.

Loss Function. City Background Generator is optimized
with a hybrid objective that combines reconstruction loss and
adversarial loss. In particular, it uses an L1 loss, a perceptual
loss P [91], and a GAN loss G [92] as part of this objective.

te = Mg Il — Iell + \eP(1a,1e) + AéG(16. Sa) (D)

where I represents the ground truth background image,
while S corresponds to the perspective-view semantic map
obtained by accumulating semantic labels sampled from L%
along each ray. The weights for the three losses are denoted
by AL, AL, and )\8. Note that /¢ is only applied to pixels
whose semantic labels are classified as background stuff.

D. Building Instance Generator

Scene Representation. Building Instance Generator also em-
ploys the BEV scene representation. It extracts a local window
L5 from the city layout L with dimensions N x N}V x NZ.
This window is centered around the 2D coordinates (57, ¢J*)
of the building instance B;. The height field and semantic
map used to construct LP" are represented as HLB and
Sf ¢, respectively. Since all buildings share the same semantic
label in Sy, we perform building instantiation by detecting
connected components. Notably, real-world building facades
and roofs exhibit distinct visual distributions. To capture this,
we assign different semantic labels to the facade and roof of
each building instance B; in L5:, with the roof assigned to the
top-most voxel layer. All other building instances are excluded
from L? by assigning them a value of 0.

Scene Parameterization. Unlike City Background Generator,
Building Instance Generator employs a distinct scene param-
eterization, encoding the local scene (HP?,SP") with Ep to
produce pixel-level features fp, of resolution N2 x N%W x N§.

fp, = Eg(HT, ST (8)

For a 3D position p = (ps, py, p-), the corresponding feature
ff is obtained as

ff = O(Concat(fp, (pz, py), p-)) 9)

where Concat(-) denotes the concatenation operation.
f5, (P2, py) € RY 5 represents the feature vector correspond-
ing to the coordinates (pg,py,). O(-) refers to the positional
encoding function adopted in the standard NeRF [43].

NE-1

O(x) = {sin(2'mx), cos(2'7x)};; (10)

Note that O(-) is applied separately to each element of the
feature x, with the values normalized to the range [—1, 1].
Volumetric Rendering. Unlike the volumetric rendering ap-
proach used in City Background Generator, Building Instance
Generator incorporates a style code z to capture the variability
in building appearances. The pixel value C(r) is computed
through an integration process.

C(r) = /O h A)e(Ep? 2, 1(r(1))o (£t

(1)

where r(t) = o + tv — [cFi, cfi,O]T, which is employed to
center the buildings within their local coordinate system.
Loss Function. The training of Building Instance Generator

relies solely on the GAN loss G, formulated as
(g =G(p,,SB,)

where Sp, represents the semantic map of the building in-
stance B; in perspective view, generated similarly to Sg.
Note that {5 is only applied to pixels with semantic labels
corresponding to the building instance.

(12)

E. Vehical Instance Generator

Scene Representation. Vehicle Instance Generator, like Build-
ing Instance Generator, leverages the BEV scene representa-
tion. It extracts a local window TY" from the traffic scenario
T,, with dimensions N‘I/{ x IV ‘I//V x N ‘1/? , to generate the vehicle
instances within the scene. This window is centered around
the 2D coordinates (cy?,c,?) of the vehicle instance V;. The
height field and semantic map used to construct Tyf‘ are
represented as H¥t and S%, respectively. Unlike buildings,
vehicle instances are instantiated during the generation of the
traffic scenario. Instances other than V; are removed from T
by assigning them a value of 0.

Scene Parameterization. Compared to building instances,
vehicle instances demonstrate greater structural regularity,
closely tied to their relative positions. For instance, within the
same vehicle, the front, rear, and body exhibit distinct appear-
ances, yet these structural features remain consistent across
different vehicles. Building on this observation, we propose a
scene parameterization method based on the canonical feature
space. Given a 3D position p = (pz, py, P-), the canonicalized
point p% is

pc:R(p— [0¥,c¥705i]T) (13)

where ¢ cg‘//i, cYi represent the center coordinates of the

vehicle V; along the X, Y, and Z axes, respectively. R is
the rotation matrix used to normalize the 3D point into the
canonical feature space.

Vi
T

cos sin 0 0
R = |—sinfcosy cosfcosy sinvy (14)
sinfsiny —cosfsiny cosvy
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6
TABLE I
COMPARISON OF STATISTICS AND PROPERTIES: GOOGLEEARTH, CITYTOPIA, AND PREVIOUS DATASETS. ONLY ANNOTATED IMAGES ARE
COUNTED. “EXT.” STANDS FOR “EXTENDABLE”, INDICATING WHETHER THE DATASET CAN BE EASILY EXPANDED FOLLOWING THE CURRENT DATA
GENERATION PIPELINE. “3DM.”, “SEM.”, AND “INST.” REFER TO “3D MODEL”, “SEMANTIC”, AND “INSTANCE”, RESPECTIVELY.
Dataset #Images #Cities Area Source  Ext. 3DM. Lighting View Type Dense Annotations
(x103) (km?2) Day  Night | Street Aerial | 2D Sem. 2D Inst. 3D Sem. 3D Inst.

KITTI [93] 0.2 1 - Real X X X X X X
Cityscapes [94] 25 50 - Real X X X X X X
AeroScapes [95] 3.2 - - Real X X X X X X X
nuScenes [96] 93 2 - Real X X X X X X
GTA-V [97] 25 - - Synthetic X X X X X X X
SYNTHIA [98] 213 1 - Synthetic X X X X X
VEIS [99] 61 - - Synthetic X X X X X
MatrixCity [100] 519 2 28 Synthetic X X X X X X
HoliCity [101] 6.3 1 20 Real X CAD X X X X
KITTI-360 [102] 78 1 - Real X CAD X X X X
UrbanScene3D [103] | 6.1F - 3t Real X Mesh X X X X X
GoogleEarth 24 1 25 Real Voxel X X
CityTopia | 375 11 36 Synthetic Voxel

T Only the real-world image subset is counted for this dataset.

where 6 € (—180°,180°] denotes the yaw angle, indicating
the vehicle’s heading in the XY-plane relative to the —y-
axis, while v € (—90°,90°) represents the pitch angle, with
positive or negative values indicating upv&éard or downward tilt
relative to the XY-plane. The feature f\(}: 't corresponding to
the vehicle V; at time step ¢ for p© is derived as

f‘(,fc’t) = O(Concat(f‘t/i,pc)) (15)

where f‘t/‘ € R is the features extracted from the local scene
(H% , S%) using the global encoder Ey.

ff, = Bv(H}, S}

Volumetric Rendering. The volumetric rendering mirrors
Building Instance Generator, using a style code z to represent
the variability in vehicle appearances. The pixel value C(r)
is calculated through an integration process as described
in Equation 11. The camera ray r(¢) is normalized to the
canonical feature space following Equation 13.

Loss Function. Vehicle Instance Generator is optimized with a
hybrid objective that integrates reconstruction and adversarial
objectives. Specifically, the training process incorporates an
L, loss, a perceptual loss P, and a GAN loss G to balance
fidelity and realism.

by = AT, — I |+ AV PR, T ) + AT G, st (17)

where Iﬁfi denotes the ground truth image of the vehicle
instance V; at time step ¢, while Sﬁ,i is the corresponding
perspective-view semantic map, generated in a manner similar
to S¢. The weights of the three losses are represented as AL,
AP, and A$. Note that ¢y is applied exclusively to pixels with
semantic labels belonging to the vehicle instance.

(16)

E Compositor

As there are no ground truth images available for the outputs
generated by City Background Generator, Building Instance

Generator, and Vehicle Instance Generator, training neural
networks to combine these images becomes challenging. Con-
sequently, Compositor merges the generated images and their
corresponding masks into one unified image.

np nv
Itc = igMG + ZiBiMBi + ZII‘%M%&

=1 i=1

(18)

IV. DATASETS
A. OSM Dataset

The OSM dataset, collected from OpenStreetMap [31],
includes rasterized semantic maps and height fields for 80
cities across the globe, covering more than 6,000 km?. In
the rasterization step, vector data is transformed into images
by converting longitude and latitude coordinates into the
EPSG:3857 coordinate system at zoom level 18, which gives a
resolution of approximately 0.597 meters per pixel. As shown
in Fig. 2, The segmentation maps use different colors to
indicate various elements: red for roads, yellow for buildings,
green for urban greenery, cyan for construction areas, and blue
for water bodies. The height fields mainly capture building
elevations, based on OpenStreetMap data. The heights for
roads are set to 4, water bodies at 0, and urban greenery is
assigned random heights, generated using Perlin noise [104]
within a range of 8 to 16 meters.

B. GoogleEarth Dataset

CityDreamer4D generates each building instance in the
city separately to handle the diversity of buildings, which
requires dense 3D instance annotations. As shown in Table I,
no existing dataset provides both dense 3D semantic and in-
stance annotations. To address this, we automatically generate
dense 3D semantic and building instance annotations for the
GoogleEarth dataset by geographically aligning Google Earth
and OpenStreetMap using latitude and longitude.
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Fig. 2. Overview of the OSM and GoogleEarth Datasets. (a) Examples
of the 2D and 3D annotations in the GoogleEarth dataset, which can be
automatically generated using the OSM dataset. (b) The automatic annotation
pipeline can be readily adapted for worldwide cities. (c) The dataset statistics
highlight the diverse perspectives in the GoogleEarth dataset.

Image Collection. The GoogleEarth dataset, collected from
Google Earth Studio [32], includes 400 orbit trajectories over
the New York City, totaling 24,000 images at a 960x540
resolution. As shown in Fig. 2c, orbit radii range from 125
to 813 meters, with altitudes from 112 to 884 meters. Google
Earth Studio also provides camera intrinsic and extrinsic
parameters for each image.

2D and 3D Annotation. The 3D annotations can be generated
by: 1) performing connected components detection on the
OSM semantic map to create the instance map for buildings,
while keeping the labels for background stuff unchanged,
and 2) generating 3D volumes by extruding the pixels in
the instance map based on height values from the OSM
dataset. The dense 3D annotations can be used to create
2D annotations by projecting the 3D volumes onto images,
leveraging the camera parameters from Google Earth Studio.
Fig. 2a shows the 2D and 3D instance annotations in the
GoogleEarth dataset, highlighting the efficiency of automated
data annotation. Fig. 2b shows how the automated annotation
pipeline can be applied to cities worldwide.
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(b) Examples of 2D and 3D Annotations in the CityTopia Dataset
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Fig. 3. Overview of the CityTopia Dataset. (a) The virtual city generation
pipeline. “Pro.Inst.”’, “Sur.Spl”, and “3D Inst. Anno.” denote “Prototype In-
stantiation”, “Surface Sampling”, and “3D Instance Annotation”, respectively.
(b) Examples of 2D and 3D annotations in the CityTopia dataset are shown
from both daytime and nighttime street-view and aerial-view perspectives,
automatically generated during virtual city generation. (c) The dataset statistics
highlight the diverse perspectives in both street and aerial views.

C. CityTopia Dataset

The GoogleEarth dataset provides images with dense 3D
semantic and instance annotations but faces three challenges:
1) it lacks street-view images due to suboptimal 3D recon-
structions near ground level in Google Earth Studio [32]; 2)
its annotations, sourced from OpenStreetMap [31], have some
imprecision due to differing data sources; and 3) elevated
structures like highways remain unannotated due to missing
height data in OpenStreetMap. To address these challenges,
we construct the CityTopia dataset, featuring precise 3D dense
annotations on high-fidelity day and night images from both
street and aerial views. As shown in Table I, it is the largest
dataset to date, offering unparalleled scene diversity and
detailed annotations for urban cities.

Virtual City Generation. To build the CityTopia dataset,
we design 11 virtual cities in Houdini and Unreal Engine,
generating 3D annotations and realistic images with controlled
lighting conditions. As illustrated in Fig. 3a, we use a diverse,
high-quality set of approximately 5,000 3D assets from the
CitySample project [33] to procedurally generate a city pro-
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TABLE II
QUANTITATIVE COMPARISON. THE BEST VALUES ARE HIGHLIGHTED IN BOLD. NOTE THAT INFINICITY IS NOT INCLUDED IN THIS COMPARISON AS IT
IS NOT OPEN-SOURCED.

Methods GoogleEarth CityTopia

FID | KID | VBench 1 DE | CE | FID | KID | VBench 1 DE | CE |
SGAM [105] 277.6 0.358 0.691 0.575 239.2 330.1 0.284 0.690 0.571 233.5
PersistentNature [106] 123.8 0.109 0.706 0.326 86.37 2353 0.215 0.713 0.428 127.3
SceneDreamer [7] 2322 0.204 0.781 0.153 0.186 195.1 0.126 0.708 0.185 0.162
DreamScene4D [107] - - - - - 288.2 0.136 0.715 0.199 0.146

DimensionX [108] 206.9 0.182 0.805 - - 171.4 0.070 0.815 - -
CityDreamer4D (Ours) 96.83 0.096 0.834 0.138 0.060 88.48 0.049 0.825 0.150 0.063

totype in Houdini'. This city prototype stores the 6D poses
of all 3D assets within the city. Through surface sampling,
we can assign each 3D point a semantic and instance label,
and by instantiating the city prototype in Unreal Engine’, we
produce a fully generated virtual city.

Image Collection. Once the virtual city is instantiated in
Unreal Engine, camera trajectories are set to generate 3,000
images for cities with buildings and 7,500 for a vehicle-only
city. Daytime and nighttime scenes are rendered for each
trajectory, with sunlight removed to help the network more
easily learn lighting consistency during the generation process.
To avoid Moiré effects, each image is sampled 8x spatially
and 32x temporally during rendering. As shown in Fig. 3c, the
CityTopia dataset provides a wider range of viewpoints, shown
by its broader elevation angles compared to the GoogleEarth
dataset, as well as more street-level perspectives, evidenced
by the large number of images taken at near-zero altitude.
2D and 3D Annotation. Since the precise 3D annotations
are natively generated from the virtual city pipeline, once the
camera poses are set in Unreal Engine, 2D annotations are
produced by projecting the 3D annotations using the given
camera poses. Fig. 3b highlights the perfect alignment of 2D
and 3D instance annotations with both street-view and aerial-
view images in the CityTopia dataset. The last row features a
vehicle-only scene, enhancing vehicle generation learning. The
accurate vehicle annotations demonstrate the effectiveness of
the pipeline, which can be scaled by adding more 3D assets.

V. EXPERIMENTS
A. Evaluation Protocols

We evaluate our method by generating 1,024 unique city

layouts, each with 20 variations created by randomly sampling
the style code z. For each variation, images are rendered at a
resolution of 960 x 540 pixels using randomized camera tra-
jectories. Frames from these renderings are randomly selected
for evaluation, depending on the specific metrics used. The
evaluation metrics are as follows.
FID and KID. Fréchet Inception Distance (FID) [109] and
Kernel Inception Distance (KID) [110] measure image quality.
FID and KID are calculated between 15,000 generated frames
and 15,000 randomly sampled images from datasets.

Thttps://www.sidefx.com
Zhttps://www.unrealengine.com

VBench. VBench [111] provides a comprehensive evaluation
of video generative models, considering dimensions such as
background consistency, motion smoothness, dynamic degree,
aesthetic quality, and imaging quality. The VBench score is
computed from 150 videos, each consisting of 100 frames
rendered at 16 FPS.

Depth Error (DE). To assess 3D geometry, DE is evaluated
following EG3D [52]. A pretrained model [112] generates
pseudo ground truth depth maps by accumulating density o.
DE is calculated as the L2 distance between the normalized
depth maps, evaluated on 100 frames per method.

Camera Error (CE). CE measures multi-view consistency,
following SceneDreamer [7]. CE is computed on a static 3D
scene by comparing the inferred camera trajectory with the one
estimated by COLMAP [113]. This metric is calculated on 600
frames rendered from an orbit trajectory and is defined as the
scale-invariant normalized L2 distance between the generated
and reconstructed camera poses.

B. Implementation Details

Hyperparameters

Unbounded Layout Generator. The codebook size dx is set
to 512, with each code having a dimension d¢ of 512. Height
field and semantic map patches are cropped to 512x512 and
compressed by a factor of 16. The loss weights are A\g = 10,
As = 10, and A\g = 1.

City Background Generator. For the GoogleEarth dataset, the
local window resolutions are set to Ng = 1536, Ng;v = 1536,
and NF = 640. For the CityTopia dataset, they are set to
N = 3072, NY¥ = 3072, and NZ = 2560. The dimension
of scene-level features dg is 2. For the generative hash grid,
NEL = 16, Np = 2!% and NS = 8. The prime numbers
used in Equation 5 are 7! = 1, 72 = 2654435761, w3 =
805459861, m* = 3674653429, and 7° = 2097192037. The
loss function weights are set to A% = 10, AZ = 10, and
S =0.5.

Building Instance Generator. For the GoogleEarth dataset, the
local window resolutions are set to N = 672, N = 672,
and N ,13) = 640. For the CityTopia dataset, these values are
N =768, N}y = 768, and N = 2560. The pixel-level
features have 63 channels (N§ = 63), and the dimension N5
is set to 10.

Vehicle Instance Generator. The dimension of scene-level
features dy is 2. The local window resolutions are set to


https://www.sidefx.com
https://www.unrealengine.com
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DimensionX SceneDreamer InfiniCity Pers.Nature SGAM

CityDreamer4D

Fig. 4. Qualitative Comparison on Google Earth. For SceneDreamer [7] and CityDreamer4D, vehicles are generated using models trained on CityTopia
due to the lack of semantic annotations for vehicles in Google Earth. For DimensionX [108], the initial frame is provided by CityDreamer4D. The visual
results of InfiniCity [26], provided by the authors, have been zoomed in for better viewing. “Pers.Nature” stands for “PersistentNature” [106].

N = 32, Ny = 32, and N = 32. The loss function
weights are assigned as A\ = 10, A}, = 10, and AG = 0.5.
Training Details

Unbounded Layout Generator. The VQVAE model is trained
over 1,250,000 iterations using a batch size of 16, an Adam
optimizer with 8 = (0.5,0.9), and a learning rate of 7.2 X
10~°. The autoregressive transformer is trained for 250,000
iterations with a batch size of 80, an Adam optimizer with
B =(0.9,0.999), and a learning rate of 2 x 10~%.

Stuff and Instance Generators. The City Background Genera-
tor, Building Instance Generator, and Vehicle Instance Gener-
ator are trained with an Adam optimizer, using 8 = (0,0.999)
and a learning rate of 10~%. The discriminators use the same
optimizer settings with a learning rate of 10~5. Training runs
for 298,500 iterations with a batch size of 8, and images are
randomly cropped to 192x192 resolution.

C. Main Results

Comparison Methods. We compare CityDreamer4D against
several state-of-the-art methods, including SGAM [105], Per-
sistentNature [106], SceneDreamer [7], and InfiniCity [26].
Since no method exists for 4D scene generation, we use
DreamScene4D [107] for 4D novel view synthesis and Dimen-
sionX [108] for 4D video generation as competitive baselines.
To ensure a fair comparison, all methods, except for InfiniCity
and DimensionX, are retrained using their released code on
the GoogleEarth and CityTopia datasets. Since SceneDreamer
cannot generate city layouts or traffic scenarios, their inputs
are supplied by Unbounded Layout Generator and Traffic
Scenario Generator. Additionally, because the GoogleEarth
dataset lacks annotations for dynamic objects, vehicles are
generated using models trained on the CityTopia dataset to
support 4D generation.
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Fig. 5. Qualitative Comparison on CityTopia. The initial frame for DimensionX and the input frames for DreamScene4D are chosen from the dataset.
“Pers.Nature” refers to “PersistentNature” [106].

[ Perceptual Quality [14D Realism [ View Consistency Qualitative Comparison. Fig. 4 and 5 present qualitative

5 — comparisons with the baseline methods on the GoogleEarth

4l 0 | and CityTopia datasets, respectively. SGAM faces difficulties

in generating realistic results and maintaining multi-view

3 | consistency due to the inherent challenges of extrapolating

2 - views for complex 4D cities. PersistentNature, which adopts

1k H H HH | a tri-plane representation, also struggles to produce realistic

H renderings. Both InfiniCity and SceneDreamer use BEV maps

0 < 0 0 as their scene representation, but they still experience signif-
N S @ o o o icant structural distortions in instance-level objects, such

O o o O S o & icant structural distortions in instance-level objects, such as

ve W AR o o buildings and vehicles, because all instances are assigned the

same semantic label. DreamScene4D cannot directly generate
Fig. 6. User Study on 4D City Generation. All scores are in the range of 5, 4D scenes but transforms monocular videos into 4D scenes
with 5 indicating the best. “Pers.Nature” refers to “PersistentNature” [106]. by decoupling dynamic objects from the background, yet it
struggles to reconstruct their 3D shapes. During the generation
of orbit 4D videos, DimensionX exhibited severe distortions
and failed to maintain multi-view consistency in the results.
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Fig. 7. Qualitative Comparison of City Layout Generators. The height map values are normalized to a range of [0, 1] by dividing each value by the

maximum value within the map.

TABLE III
QUANTITATIVE COMPARISON OF UNBOUNDED LAYOUT GENERATOR
(ULG). THE BEST VALUES ARE HIGHLIGHTED IN BOLD. THE GENERATED
IMAGES ARE CENTRALLY CROPPED TO A SIZE OF 4096 x4096.

Methods \ FID | KID |
IPSM [114] 321.47 0.502
InfinityGAN [115] 183.14 0.288
ULG (Ours) 124.45 0.123

In comparison, the proposed CityDreamer4D generates more
realistic and diverse results compared to all the baselines’.
Quantitative Comparison. Table II shows the quantitative
metrics, where CityDreamer4D outperforms the baselines in
FID, KID, and VBench, highlighting its motion smoothness,
dynamic degree, and aesthetic quality. Additionally, City-
Dreamer4D achieves the lowest DE and CE errors, demonstrat-
ing accurate 3D geometry, view consistency, and photorealistic
image generation.

User Study. To better evaluate the multi-view consistency and
quality of unbounded 4D city generation, we perform a user
study following CityDreamer’s protocol [34]. In this survey,
25 volunteers rate each generated city on three aspects: 1)
perceptual quality, 2) 4D realism, and 3) view consistency.
Ratings are on a scale of 1 to 5, with 5 being the highest. As
shown in Fig. 6, the proposed CityDreamer4D outperforms the
baselines by a significant margin.

D. Ablation Studies

Effectiveness of Unbounded Layout Generator. Unbounded
Layout Generator (ULG) is essential for producing “un-
bounded” city layouts. To demonstrate the effectiveness of
ULG, we evaluate its performance against InfinityGAN [115],
which is utilized in InfiniCity, alongside the rule-based city
layout generation technique, IPSM [114]. Following InfiniC-
ity [26], we use FID and KID to quantitatively evaluate the

3More results can be found on our project page.

TABLE IV
QUANTITATIVE COMPARISON OF BUILDING INSTANCE GENERATOR
VARIANTS. THE BEST VALUES ARE HIGHLIGHTED IN BOLD. NOTE THAT
“INST.” AND “POS.ENC.” REFER TO “INSTANCE LABELS” AND
“POSITIONAL ENCODING”, WHILE “G” AND “L” DENOTE “GLOBAL
ENCODER” AND “LOCAL ENCODER”, RESPECTIVELY.

BIG Inst Encoder Pos.Enc. Evaluation Metrics

"I'G L |Hash SinCos | FID !l KIDy{ DE| CEJ|
X X - - - - 195.1 0.126 0.185 0.162
v X | x Vv X v 167.8 0.094 0.157 0.087
v v X 4 X 196.8 0.124 0.165 0.159
v v X X v 1979 0.132 0.162 0.152
v R v X 1823 0.111 0.155 0.092
v oL X/ X v 88.48 0.049 0.150 0.063

(a) w/o BIG

(c) Global Enc. + Hash

1l

(b) w/o Instance Labels : (d) Global Enc. + SinCos

(f) Local Enc. + SinCos

Fig. 8. Qualitative Comparison of Building Instance Generator (BIG)
Variants. (a) and (b) illustrate the effects of removing BIG and instance labels,
respectively. (c)—(f) present the results of various scene parameterizations.
Note that “Enc.” is an abbreviation for “Encoder”.

quality of the generated layouts. As illustrated in Table III,
ULG achieves the best results in terms of all metrics compared
to IPSM and InfinityGAN. The qualitative results shown in
Fig. 7 also demonstrate the high quality and diversity of the
proposed method.

Effectiveness of Building Instance Generator. We high-
light the essential role of Building Instance Generator (BIG)
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TABLE V
QUANTITATIVE COMPARISON OF VEHICLE INSTANCE GENERATOR
VARIANTS. ALL METRICS ARE COMPUTED ON THE VEHICLE-ONLY CITY
FROM THE CITYTOPIA DATASET. THE BEST VALUES ARE HIGHLIGHTED IN
BOLD. NOTE THAT “CAN.” AND “P0OS.ENC.” REFER TO
“CANONICALIZATION” AND “POSITIONAL ENCODING”, WHILE “G” AND
“L” DENOTE “GLOBAL ENCODER” AND “LOCAL ENCODER”,

RESPECTIVELY.
VIG  Can. Encoder Pos.Enc. Evaluation Metrics

G L |Hash SinCos |FID] KID] DEJ] CE/|
X X - - - - 4193 0576 0.364 1.276
v X o X X 4 2734 0.530 0.289 0.966
v v A v X 2292 0428 0.259 0.989
v v o X X 4 1423  0.276 0.202 0.824
v v X v v X 2734 0.521 0.265 0.997
v v X v X v 200.5 0403 0.332 1.117

(a) w/o VIG (c) Global Enc. + Hash

(e) Local Enc. + Hash

(d) Global Enc. + SinCos

(b) w/o Canonicalization (f) Local Enc. + SinCos

Fig. 9. Qualitative Comparison of Vehicle Instance Generator (VIG) Vari-
ants. (a) and (b) illustrate the effects of removing VIG and canonicalization,
respectively. (c)—(f) present the results of various scene parameterizations.
Note that “Enc.” is an abbreviation for “Encoder”.

in achieving successful unbounded 4D city generation. To
validate its effectiveness, we perform an ablation study for
BIG. We first compare BIG with two alternative designs: (1)
Removing BIG from CityDreamer4D, effectively reverting the
model to SceneDreamer, and (2) Generating all buildings si-
multaneously using BIG without incorporating instance labels.
As shown in the first two rows of Table IV and Fig. 8a-
b, both alternative designs result in significant degradation
in generation quality, underscoring the importance of BIG
and instance labels. Scene parameterization directly impacts
the quality of 4D city generation. BIG uses vanilla SinCos
positional encoding with pixel-wise features from the local
encoder. To demonstrate the effectiveness of the scene param-
eterization in BIG, we compare BIG with other alternative
scene parameterization designs. Scene parameterization plays
a critical role in the quality of 4D city generation. BIG
leverages vanilla SinCos positional encoding combined with
pixel-wise features from the local encoder. To evaluate the
effectiveness of BIG’s scene parameterization, we compare it
with alternative designs. As shown in the last four rows of
Table IV and Fig. 8c-f, using generative hash grid positional
encoding results in distorted building facades, while Global
Encoders with SinCos encoding introduce repetitive facade
patterns. These comparisons emphasize the significance of
BIG’s well-designed parameterization in achieving realistic
and varied results.

12

(c) Swap the Vehicle Styles (d) Swap the Building Styles

Fig. 10. Localized Editing on the Generated Cities. (a) and (c) show vehicle
editing results, while (b) and (d) present building editing results.
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Fig. 11. Text-driven City Stylization with ControlNet. The multi-view
consistency is preserved in stylized Minecraft and Cyberpunk cities.

Effectiveness of Vehicle Instance Generator. Vehicle In-
stance Generator (VIG) plays a critical role in generating vehi-
cles within 4D cities. To validate its effectiveness, we conduct
an ablation study on VIG. We compare it with two alternative
designs: (1) Removing VIG from CityDreamer4D and treating
vehicles as background stuff, allowing City Background Gen-
erator to handle their generation, and (2) Generating vehicles
without canonicalization, meaning they are not produced in
a canonical feature space. As shown in the first two rows of
Table V and Fig. 9a-b, both alternative designs lead to severe
distortions in the generated results, highlighting the importance
of VIG and canonicalization. Scene parameterization is equally
critical in VIG. To validate this, we compare different scene
parameterization designs within VIG. Currently, VIG uses
vanilla SinCos positional encoding combined with global-level
features from the global encoder. In the canonical feature
space, combining global-level features with 3D coordinates
allows the network to better share features across different
vehicles, facilitating better convergence. As shown in the last
row of Table V and Fig. 9f, using a local encoder with
SinCos positional encoding, as in BIG, makes learning more
challenging, resulting in incomplete vehicle shapes. Similarly,
using generative hash grid in VIG leads to structural distortions
by complicating the network’s ability to associate texture
features with 3D coordinates, as illustrated in Fig. 9c and 9e
as well as the 3rd and 5th rows of Table V.

E. Applications

Urban Simulator. CityDreamer4D can be a powerful urban
simulator, capable of generating realistic 4D urban scenes
with dynamic objects and detailed environments. Unlike tra-
ditional simulators such as CARLA [68], which are limited to
predefined, bounded areas, this method supports unbounded
urban scenes, creating vast, seamless cityscapes. Furthermore,
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TABLE VI
VISUAL LANGUAGE NAVIGATION (VLN) RESULTS IN GENERATED 4D
CITIES. METRICS INCLUDE: PL (PATH LENGTH, SCALED BY 1/10, IN
METERS), SR (SUCCESS RATE, %), SPL (SUCCESS RATE WEIGHTED BY
NORMALIZED INVERSE PATH LENGTH), AND RT (RESET TIMES). NOTE
THAT EACH TRAJECTORY IS EXECUTED FIVE TIMES AND IS CONSIDERED A
FAILURE IF ALL ATTEMPTS RESULT IN RESETS.

Methods #Param (B) PL] SRt SPLT RTJ
Human (5 participants) - 20.73 100.0 85.87 0.00
Gemini 2.5 Pro [117] - 932 1240 443 045
GPT-40 [118] - 8.97 36.00 17.32 0.11
SAIL-VL 1.6 [119] 8.33 1456 2340 7.63 028
Ovis2 [120] 8.94 1396 17.00 501 0.35
Qwen2.5-VL [121] 8.29 501 1500 7.01 037
Ola [122] 8.88 9.15 18.00 830 032
InternVL3 [123] 7.94 9.02 2560 12.66 0.23

it can generate both street-view and aerial-view perspectives,
providing a richer variety of scenarios for applications like
autonomous driving, urban planning, and virtual reality.
Localized Editing. Benefiting from the compositional ar-
chitecture, CityDreamer4D allows for localized editing on
building and vehicle instances. In Fig. 10a and 10c, vehicle
positions and styles can be independently modified without
affecting other scene elements. Similarly, as shown in Fig. 10b
and 10d, building appearances adapt seamlessly to varying
heights while maintaining a consistent style. This capability
facilitates customized scene refinement in post-production.
City Stylization. The generated cities can be seamlessly
restyled by leveraging ControlNet [116], fine-tuning pretrained
models on images created with ControlNet conditioned on
HED edges. Fig. 11 shows examples of city styles such as
Minecraft and Cyberpunk. These results maintain multiview
consistency, enabled by the proposed scene representation and
parameterization in CityDreamer4D.

Visual Language Navigation. To evaluate the practicality of
our generated 4D urban environments, we conduct experiments
on Visual Language Navigation, where an embodied agent
navigates based on natural language instructions. Specifically,
the agent operates within scenes generated by CityDreamer4D,
pretrained on the CityTopia dataset. We manually annotate
a test set of 100 instruction-trajectory pairs, each guiding
the agent to a distinct landmark in the generated scenes.
Following the protocol in GRUtopia [124], the agent receives
its current image observation and a language prompt as input
to a vision-language model (VLM), which selects one of 12
discrete actions: move forward or diagonally (2/4/6 meters),
turn left/right (45°), or stop. This process continues iteratively
until the model outputs “stop”. We additionally collect a hu-
man performance reference from 5 volunteers, who complete
the full test set following the same navigation protocol as
the VLMs. We adopt the zero-shot evaluation setting from
GRUtopia, using pre-trained VLMs without task-specific fine-
tuning. We evaluate the latest state-of-the-art VLMs, including
open-source models such as SAIL-VL 1.6 [119], Ovis2 [120],
Qwen2.5-VL [121], Ola [122], and InternVL3 [123], as well
as closed-source models like Gemini 2.5 Pro [117] and GPT-
40 [118]. Navigation performance is evaluated using four

13

Sparse Recon.

Dense Recon. Reference Image

GoogleEarth

CityTopia

Fig. 12. COLMAP Reconstruction of 600-frame Orbital Videos. The
red ring shows the camera positions, and the clear point clouds demonstrate
CityDreamer4D’s consistent rendering. Note that ”Recon.” stands for "Recon-
struction.”

(b) S.M. Intensity

(a) Lambertian Intensity

Fig. 13. Directional Light Relighting Effect. (a) and (b) show the lighting
intensity. (c) illustrates the relighting effect. Note that ““S.M.” denotes “Shadow
Mapping”.

Fig. 14. Pedestrians in the generated 4D cities. The three consecutive
frames illustrate a group of pedestrians crossing the street.

Fig. 15. Night-view Generation Results. Despite achieving realistic effects,
managing global illumination in the generated scenes remains a challenge.

standard metrics: success rate (SR), path length (PL), success
rate weighted by normalized inverse path length (SPL), and
the number of resets due to occlusions (RT). As shown in
Table VI, VLMs struggle with spatial reasoning in 4D cities,
as indicated by low SR and SPL scores. GPT-40 performs best,
followed by InternVL3. For comparison, the human reference
achieves an SR of 100.0% and an SPL of 85.87%, indicating
a substantial gap between human and model performance.
The average human path length is slightly higher than that
of VLMs, mainly because the latter often stop before actually
reaching the destination. These results, along with recent find-
ings [124], [125], underscore the difficulty of grounding spatial
instructions in complex urban environments and suggest that
generated 4D cities can serve as valuable benchmarks for
evaluating the spatial reasoning and navigation capabilities of
VLMs.
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F. Discussions

View Consistency. To demonstrate CityDreamer4D’s multi-
view consistent renderings, we use COLMAP [113] for
structure-from-motion and dense reconstruction on orbital
videos generated using models trained on the GoogleEarth
and CityTopia datasets. The video sequence comprises 600
frames at a resolution of 960 x 540, captured from a circular
camera trajectory orbiting the scene at a fixed height, with
the camera focused on the center. Reconstruction is performed
solely from the images, without specifying camera parameters.
As illustrated in Fig. 12, the estimated camera poses closely
align with the sampled trajectory, and the resulting point cloud
is both dense and well-defined.

Relighting. In CityDreamer4D, the generation of background
stuff and instances is deliberately decoupled, offering two key
benefits: (1) Simplified learning for building instances, vehicle
instances, and background stuff, and (2) Enabling localized
editing of building and vehicle instances. This approach can
be viewed as an inverse rendering process, where City-
Dreamer4D generates the albedo, normals, and depth of urban
scenes. Lighting and shading effects are then computed based
on the given lighting conditions. As shown in Fig. 13, the
shading effects are divided into two components: Lambertian
shading and shadow mapping. Lambertian shading accounts
for the light direction and surface normal, resulting in uniform
lighting across all directions, as shown in Fig. 13a. Shadow
mapping considers light visibility, enabling the simulation of
shadows and occlusion from other objects in the scene, as
shown in Fig. 13b. The final relighting effects, with the camera
positioned on the left side of the scene, are presented in
Fig. 13c.

Diverse Agents Support. To explore the potential for sup-
porting more diverse agents in CityDreamer4D, we conduct
a preliminary experiment integrating pedestrians into the gen-
erated scenes. We use MoMask [126] to synthesize motion,
retarget it to 3D human avatars, and render the animated
pedestrians into our generated 4D environments. As shown
in Figure 14, the resulting animation demonstrates coherent
pedestrian behavior such as street crossing. This highlights
the feasibility of extending our framework to support richer
multi-agent simulations beyond vehicles.

Limitations. Despite the realistic generation results, City-
Dreamer4D has some limitations. 1) During the inference
process, buildings and vehicles are generated individually,
leading to a slightly higher computational cost. 2) The current
implementation does not account for global illumination and
reflections, which are essential for realistic night scenes. As
illustrated in Fig. 15, the emitted light from buildings and vehi-
cles does not illuminate the surrounding environment, limiting
the realism of the generated cities under such conditions.

VI. CONCLUSION

In this paper, we introduce CityDreamer4D, a generative
model tailored for unbounded 4D city generation. Our method
simplifies the process by decoupling dynamic objects from
static scenes, enabling greater flexibility and realism driven by
dynamic traffic scenarios and static city layouts. Objects in the

4D cities are generated using a composition of stuff-oriented
and instance-oriented neural fields for background stuff, build-
ings, and vehicles. Additionally, we construct a comprehensive
suite of datasets, including OSM, GoogleEarth, and CityTopia,
which provide real-world city layouts and cityscapes with
high-quality 3D annotations. CityDreamer4D achieves state-
of-the-art performance in generating large-scale, realistic 4D
cities with instance-level editing, leveraging its compositional
design to capture urban diversity and unlock new opportunities
for research and practical applications in urban simulation.
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