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Figure 1: UrbanWorld2.0 is a solution to challenges regarding quality, fidelity, scalability and compatibility in 3D urban world

generation.

Abstract

The automated generation of high-fidelity, city-scale 3D environ-
ments remains a formidable challenge with profound academic
and industrial implications. However, existing methods struggle to
achieve the necessary quality, fidelity, and scalability. To address
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this, we propose UrbanWorld2.0, a reality-aligned intelligent mul-
timodal synthesis engine that creates detailed, city-scale 3D worlds
of high fidelity. We introduce an agentic framework that leverages
diverse multimodal foundation tools to acquire real-world knowl-
edge, maintain robust intermediate representations, and construct
complex 3D scenes. This agentic design, featuring dynamic data
processing, iterative self-reflection and refinement, and the invo-
cation of advanced multimodal tools, minimizes cumulative errors
and enhances overall performance. Extensive quantitative experi-
ments and qualitative analyzes validate the superior performance of
UrbanWorld2.0 in real-world alignment, shape precision, texture
fidelity, and aesthetics level, achieving awin rate of over 86% against
existing baselines for overall perceptual quality. This combination
of 3D quality, reality alignment, scalability, and seamless compati-
bility with computer graphics pipelines makes UrbanWorld2.0 a
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promising foundation for applications in immersive media, embod-
ied intelligence, and world models.
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1 Introduction

The generation of high-quality 3D worlds represents a critical
research frontier with profound implications for immersive me-
dia [2, 23, 24, 39], large-scale simulation [32, 64], and the devel-
opment of embodied intelligence [4, 31, 44, 48] or world mod-
els [1, 9, 26, 65]. However, the creation of such content, particularly
the creation of complex 3D scenes, remains a predominantly labor-
intensive process [47]. This reliance on manual creation is both
cost-prohibitive and time-consuming, presenting a significant bot-
tleneck to achieving greater scale and quality, and necessitating the
development of automated solutions.

Indoor scenes represent a main category of 3D environments [20,
34, 41], as they are relevant to daily life and relatively easy to capture
from the real world. However, existing 3D indoor scene scenarios
are often limited in scale and complexity, which creates a significant
domain gap for many applications requiring large-scale or highly
heterogeneous data. The generation of 3D urban environments [25,
31] emerges as a key research thrust. As highly complex systems,
cities are characterized by intricate spatial layouts and a high degree
of component heterogeneity, such as diverse architectural forms.
Consequently, the ability to model or reconstruct entire 3D cities is
indispensable for applications with substantial industrial potential,
including urban simulation, autonomous driving, and embodied AI.
A primary objective in this context is the creation of near-realistic or
reality-aligned urban worlds. Such fidelity is crucial for minimizing
the sim-to-real gap and mitigating the costs associated with domain
adaptation.

While existing works [8, 10, 36, 37, 50] have endeavored to ad-
vance 3D world construction, they face several significant and un-
resolved challenges. First, the large scale of urban 3D scenes, often
comprising thousands of individual objects, imposes prohibitive

computational costs for both training and generation. This is
especially problematic for methods reliant on visual- or neural 3D-
based representations. Second, many approaches are constrained
in generation quality by data and input limitations. They of-
ten utilize simplistic environmental information or omit it entirely,
while instructions guiding 3D generation are typically restricted to
text, thus neglecting the richer context available from multimodal
inputs. Compounding this issue is the limited availability and

quality of real-world data, such as imperfect imagery or insuffi-
cient and imbalanced GIS datasets. Finally, accurately representing

the complex layout of a real city remains a major hurdle. The si-
multaneous generation of diverse urban elements (e.g., buildings,
roads, and green spaces) is inherently difficult. Moreover, many
current methods lack capacity for real-world layout retrieval

and object alignment, which are vital for creating reality-aligned
3D worlds.

Recently, the increasing power of multimodal generative founda-
tion models has enabled the development of sophisticated agentic
frameworks [15] for 3Dworld generation. Agentic core components,
such as planning, execution with tools, and iterative self-reflection,
provide a novel mechanism for addressing the complexity and scale
of this task. This offers a path to overcome the scalability and fidelity
constraints of the field.

In response to these fundamental limitations, we propose Ur-
banWorld2.0, a multimodal agentic framework designed to au-
tomatically create high-fidelity, scalable, and reality-aligned 3D
worlds from real-world environmental information. First, we intro-
duce an agent-based, training-free methodology that fully leverages
multimodal tools, thereby eliminating prohibitive training costs.
The automatic generation process is intentionally modular, a de-
sign choice that significantly enhances controllability and paral-
lelism. The mesh-based 3D representation and UrbanWorld2.0
architecture are not only compatible with established computer
graphics (CG) pipelines but are also demonstrably scalable. Sec-
ond, to enhance the fidelity and quality of the generated 3D world,
UrbanWorld2.0 implements a sophisticated process for the auto-
matic selection and curation of real-world data. This multi-stage
process, in conjunction with the tool utilization by multimodal
foundation models, elevates the quality and usability of the raw
data, thereby establishing a robust foundation for high-quality
3D world generation. Third, the element-by-element procedure,
coupled with layout control guided by real-world geospatial infor-
mation, serves to mitigate the risk of misalignment. Furthermore,
the integrated reflection-refinement mechanism contributes to the
improved quality and accuracy of the generated 3D objects. Urban-
World2.0 consequently achieves superior reality-alignment in
comparison to contemporary methods. This overall approach also
integrates fine-grained modeling of environmental details, such as
urban elements and traffic patterns, which further enhances the
realism, fidelity, and utility of the generated 3D worlds. In summary,
our main contributions are as follows:

• We propose UrbanWorld2.0, a novel multimodal agen-
tic framework for generating city-scale, reality-aligned 3D
worlds. Its agentic design overcomes fundamental challenges
in quality, fidelity, robustness, and scalability, providing a
solid and reality-aligned foundation for important down-
stream applications.

• Through comprehensive evaluation, we show that Urban-
World2.0 achieves SOTA performance in urban 3D world
generation, excelling in key metrics including shape pre-
cision, texture fidelity, reality alignment, consistency, and
compatibility with standard CG pipelines.

• The source codes and all generated 3D urban world assets
are open-sourced for the community, enabling continuous
optimization and broader application.

https://doi.org/10.1145/3767308.3836009
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Figure 2: UrbanWorld2.0 is a multimodal agentic framework for generating high-quality, reality-aligned 3D urban worlds at

city-scale.

Table 1: The UrbanWorld2.0 toolbox, detailing each component’s Role, Task, Backbone, and Modality ( T Text, I Image,

3D 3D, TG Geospatial Information in Text).

Role Task Modality Backbone

Z Preparation Geospatial Info. Retrieval TG 3D OSM API
Street View Curation TG I OSM API, Google/Baidu Maps API

4 Perception
Object Detection I owlvit-base-patch32
Env. Info. Retrieval T I Qwen2.5-VL-72B-Instruct
Quality Evaluation T I gpt-5-mini

# Imagination Image Generation, Image Editing T I gemini-2.5-flash-image

® Reflection Visual Question Answering T I gpt-5-mini

ò 3D Generation Shape Generation 3D I Hunyuan3D-DiT
Texture Paint 3D I Hunyuan3D-Paint

� Scene Design
Real-world Alignment TG 3D Blender, OSM API
Fine-grained Object Placement 3D Blender
Road Network Modeling 3D Blender, MOSS

2 Methods

2.1 Overview

As illustrated in Figure 2, UrbanWorld2.0 orchestrates the en-
tire pipeline across six stages. The first stage is Planning, which
includes task decomposition and decision control. Subsequently,
the Perception stage queries, reviews, selects, and processes visual
and geographic source data, establishing a robust foundation for
the reality and fidelity of generation. Next, the Imagination stage
refines the intermediate representations, addressing and rectifying
imperfections from the initial perception results. This is followed by
the Reflection stage, where the agent conducts iterative self-critique
and self-refinement for quality control. The 3D Gen stage includes
the actions of calling 3D generative tools to create high-quality 3D
assets. Finally, the Scene Design stage assembles the complete 3D

world. This involves executing real-world alignment for all 3D ele-
ments and simulating fine-grained urban details, including object
placement, road network generation, and traffic modeling. A suite
of multimodal tools is utilized throughout this process, as detailed
in Table 1.

2.2 Task Planning

The Planning phase is structured around two principal components:
task decomposition and decision control. To address the overarch-
ing objective of generating a 3D urban world from geographical
coordinates, UrbanWorld2.0 initially subdivides this complex un-
dertaking into five distinct stages: Perception, Imagination, Reflec-
tion, 3D Gen, and Scene Design. Such a modular operational archi-
tecture significantly enhances both flexibility and controllability
by effectively disentangling the heterogeneous sub-tasks inherent
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in the generation of complex 3D worlds. During the execution of
the Perception and Reflection stages, the planning module generates
control signals in response to feedback received from integrated
tools. For instance, within the Perception stage, object detection
models are utilized for the analysis of the input image, a process
that yields object candidates and their corresponding confidence
scores. These scores subsequently serve as a quantitative basis for
decision-making concerning the input images. Analogously, in the
Reflection stage, the determination of whether an imagined image
is qualified for subsequent procedures is contingent upon an assess-
ment by a quality evaluator. The intricate mechanisms governing
each of these stages are elaborated upon in the following sections.

2.3 Elements Perception

Creating 3D worlds aligned with reality depends on reliable and
scalable real-world data. Our approach leverages two key sources:
structured geospatial data from OpenStreetMap (OSM) [30] and
panoramic street view imagery. The process begins by obtaining
geographic details of buildings and other urban elements from OSM
for a target location. The agent then acquires corresponding street
view panoramas using an Online Map API. However, these images
are often cluttered with extraneous elements such as irrelevant veg-
etation, construction, and vehicles, which can hinder the generation
process. To address this, the agent first removes the obstacles and
segments the raw images for buildings using an object detection
model [27]. It then decides on most suitable image for subsequent
steps based on model’s judgment.

2.4 Imagination and Reflection

2.4.1 Imaging Target Building. Street-view images are a valuable
source of information for describing building facades and the sur-
rounding urban environment. However, this data source presents
non-negligible limitations. Primarily, the constrained viewpoints
fail to capture the entirety of a building’s features, particularly its
three-dimensional spatial and volumetric characteristics. Addition-
ally, the presence of transient obstacles (e.g. vehicles, vegetation,
and construction sites) during image acquisition frequently results
in occlusions, which obscure parts of the building and pose a sig-
nificant challenge to the construction of accurate 3D models.

To overcome these challenges, we propose a novel approach
inspired by the human cognitive ability to form a complete mental
image from incomplete sensory data [22, 38]. This method intro-
duces a computational process of “imagining" the target building,
which serves to create amore holistic representation of the structure
and inform the 3D generation function. Visualized representation
contains rich spatial, structural, and textural information, which
becomes an informative and effect representation of mental im-
age. The successful reconstruction of an entire building from such
limited visual instruction necessitates a foundation of extensive
world knowledge and sophisticated reasoning capabilities. Urban-
World2.0 provides the agent with a tool interface to gemini-2.5-
flash-image [16], a large pretrained multimodal foundation model,
which the agent uses to analyze, imagine, repair, and reconstruct
the building in the visual space.

Introducing other information sources like its overall geometry
structure and geographical volume is another promising approach

to enhance the accurate imagination of a building with extra clues
about the target. Following successful practice of a prior work [36],
we develop a geographical information retrieval pipeline based
on OSM, the high-quality and updating open-source geography
service. The spatial spanning and rough geometry of a building are
extracted and processed. Then, these different kinds of multi-modal
information are taken as inputs by the agent along with street-view
images.

2.4.2 Reflecting and Refining. To address the challenge of cumula-
tive error propagation and improve the fidelity of the final output,
we augment our generative agent with a reflection and refinement
mechanism. This mechanism is implemented as a module driven
by a vision-language model (VLM), which serves as an automated
quality critic. Upon generating an initial building representation,
the VLM-powered agent performs a preliminary quality assessment
using a set of overall quality evaluation guidelines. Images scoring
below a predetermined threshold are designated as candidates for
an iterative refinement process. During this process, each candi-
date is subjected to a deeper evaluation, focusing on its semantic

plausibility, structural integrity, and aesthetic appearance.
Weakness reports and improvement guidance are also generated by
the agent to instruct the next-step regeneration. The image is then
regenerated and re-assessed in a loop, which terminates when gen-
erated image achieves the required quality score or the maximum
attempts is exhausted.

2.5 3D Building Assets Generation

The generated and refined 2D building images from the preceding
stage contain rich structural and appearance information, serving
as high-quality visual prompts for 3D generation. To execute this
stage, the agent is equipped with a specialized toolset derived from
the Hunyuan-3D suite [21] for its high-fidelity, visual-conditioned
generation and open-source availability. First, the agent employs
Hunyuan-3D-Dit-v2.1 [21] to generate an untextured 3D mesh
from corresponding visual representations. Upon receiving the
base shape, Hunyuan3D-Paint-v2.1 [21] is leveraged to synthesize a
high-quality texture map. While these 3D generation tools are pow-
erful, their raw outputs may contain topological errors that could
interfere with subsequent procedures. A post-processing pipeline
is thus executed to refine the 3D object. This process involves
detecting and removing extraneous artifacts, such as unwanted
ground planes and geometrically outlying fragments. Having suc-
cessfully generated and refined the asset, the agent now holds a
clean, high-fidelity, and textured 3D asset. It then concludes this
stage by passing this object to the final Scene Design stage for world
integration.

2.6 3D Scene Design

2.6.1 Real-world Aligning. Beyond the fidelity of individual 3D
assets, a significant challenge in large-scale world generation lies
in the coherent spatial arrangement of these objects. For creating
reality-aligned 3D scenes, the precise placement of each compo-
nent is a critical determinant of overall quality and suitability for
downstream applications. To address this, we introduce a frame-
work that utilizes map data to systematically position high-quality,
pre-generated building models.
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Our method begins by extracting geospatial metadata from OSM,
including the locations and attributes of diverse urban elements
such as roads, building footprints, vegetation, and water bodies.
This information is used to render a low-fidelity, schematic 3D scene
that serves as a foundational scaffold for the final composition. Sub-
sequently, each high-quality 3D object is integrated into this scaffold
by aligning its key attributes: its position is directly inherited from
the corresponding entity in the reference scene; its scale is uni-
formly adjusted according to the volume ratio between the target
object and its reference counterpart; and its orientation is set by
rotating the model to the angle that maximizes the ground-plane
footprint overlap with the reference building footprint. Apart from
the buildings, other urban elements including roads, vegetation,
water bodies are introduced into the world and placed according
to their location information from metadata. Ground and sky are
rendered with existing assets.

2.6.2 Fine-Grained Object Placement. Beyond the generation of
building structures, our system also reconstructs a variety of fine-
grained urban elements to enrich the realism of the city scene.
These include road-side objects such as street lamps, traffic signs,
utility poles, benches, trash bins, and vegetation elements like trees
or bushes. Since these objects are typically repetitive and exhibit
limited geometric variation, we employ a retrieval-based strategy in-
stead of a fully generative one. This allows the system to efficiently
populate the environment while preserving visual and semantic
consistency with real cities.

Each object category is associated with a curated open-source 3D
asset library that provides high-quality meshes and materials. Their
spatial distribution is determined by two complementary placement
mechanisms. (i) In the rule-based placement, spatial anchors are
extracted from the road network obtained via OSM data. The algo-
rithm detects road geometries and lane types (primary, secondary,
or service) and places objects along road boundaries at regular
intervals, with category-specific spacing, orientation, and offsets to
ensure coherent alignment with the traffic infrastructure. (ii) In the
VLM-assisted placement, VLMs are leveraged to interpret street-
view imagery and textual tags. By analyzing geotagged images, the
model infers both the semantic category and the most probable
spatial location of contextual elements—for instance, determining
where traffic lights or signposts appear relative to intersections
or pedestrian crossings. Through the combination of structured
geographic data and multimodal visual reasoning, our framework
reconstructs not only the main urban geometry but also the rich
layer of fine-grained objects that define the functional and aesthetic
characteristics of real streetscapes.

2.6.3 Road Network and Traffic Modeling. After obtaining the ini-
tial coarse road network data from OSM, we integrate MOSS, a
transportation simulator [56], into our framework. This integration
enables deriving a much finer and semantically richer represen-
tation of the urban road infrastructure and generating city-scale
dynamic traffic, including both human and vehicle activities. The
required assets for people and vehicles are sourced either by re-
trieving them from standard models or by generating them using
Huanyuan-3D models. This refined process yields detailed lane-
level topology and accurate connectivity between road segments,

ensuring a faithful reconstruction of urban traffic structures. Lever-
aging these high-quality assets, our procedural modeling system
then creates visually realistic and geometrically consistent road
layouts that seamlessly integrate with surrounding urban environ-
ments. Crucially, the resulting 3D environment is simultaneously
populated with large-scale dynamic traffic, providing crucial sup-
port for downstream applications, including embodied intelligence
and world modeling.

3 Experiments

Our evaluation is two-fold. First, we evaluate the quality and fidelity
of 3D world generation using quantitative metrics and qualitative
demonstrations. Second, we conduct comparison studies to validate
our agentic design. To ensure fairness and comparability, identical
regions, settings, and evaluation protocols are applied across all
methods. Furthermore, experiments involving incommensurable
paradigms are conducted under consistent sampling distributions
to maintain equitable comparisons, as detailed below. Please also
refer to the Supplementary Material for detailed implementation
configurations and cost estimations.

3.1 Quantitative 3D World Evaluation

Evaluating 3D scene generation is multifaceted, requiring assess-
ment from large-scale layout accuracy to fine-grained visual qual-
ity. We conduct a comprehensive quantitative evaluation from two
complementary perspectives: region-level layout and street-level
quality.

Setting and Metrics. To assess large-scale layout accuracy, we
employ the Learned Perceptual Image Patch Similarity (LPIPS) [58]
and Edge-IoU (E-IoU) to quantify the fidelity of the generated world
layout against ground truth. Beyond layout, we evaluate the fine-
grained, street-level quality of the generated 3D urban scenes. The
LAION-Aesthetics Predictor (LAP) [35] is used to assess the aes-
thetic quality of the generated scenes. To capture human perceptual
preferences, we follow common practice of llm-as-a-judge [17, 61]
and employ GPT-5.4 [29], a leading large vision-language model,
as an evaluator for point-wise evaluation. Additionally, we conduct
expert human evaluations for pairwise comparisons, which serves
as the gold standard for assessing perceptual quality.

As shown in Table 2, our method achieves highly competitive
performance in layout alignment. Notably, while most baselines
(e.g., all except CityCraft [8]) are strictly constrained to OSM geome-
try, our more flexible approach meets or exceeds their performance,
demonstrating high fidelity without rigid geometric priors.

The street-level evaluation results are also presented in Table 2.
In a point-wise assessment evaluating geometric reasonability, tex-
ture quality, inter-object relations, overall visual effect, and fidelity,
our method significantly surpasses all competitors. Furthermore, in
direct pair-wise comparisons, scenes generated by UrbanWorld2.0
achieved a win rate of over 86% against all other methods, highlight-
ing a distinct improvement in 3D urban world generation quality.

Further implementation details and additional analyzes are pro-
vided in the Supplementary Material.
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