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Figure 1. A vast city generated by Yo’City. It incorporates key elements of a modern metropolis while also featuring more personalized
designs, such as a Harry Potter–themed park and a minimalist shopping mall. The zoomed-in views of them are provided on the right.

Abstract

Realistic 3D city generation is fundamental to a wide range
of applications, including virtual reality and digital twins.
However, most existing methods rely on training a single
diffusion model, which limits their ability to generate per-
sonalized and boundless city-scale scenes. In this paper,
we present Yo’City, a novel agentic framework that enables
user-customized and infinitely expandable 3D city genera-
tion by leveraging the reasoning and compositional capa-
bilities of off-the-shelf large models. Specifically, Yo’City
first conceptualizes the city through a top-down planning
strategy that defines a hierarchical “City–District–Grid”
structure. The Global Planner determines the overall lay-
out and potential functional districts, while the Local De-
signer further refines each district with detailed grid-level
descriptions. Subsequently, the grid-level 3D generation
is achieved through a “produce–refine–evaluate” isometric
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image synthesis loop, followed by image-to-3D generation.
To simulate continuous city evolution, Yo’City further in-
troduces a user-interactive, relationship-guided expansion
mechanism, which performs scene graph–based distance-
and semantics-aware layout optimization, ensuring spa-
tially coherent city growth. To comprehensively evaluate
our method, we construct a diverse benchmark dataset and
design six multi-dimensional metrics that assess genera-
tion quality from the perspectives of semantics, geometry,
texture, and layout. Extensive experiments demonstrate
that Yo’City consistently outperforms existing state-of-the-
art methods across all evaluation aspects.

1. Introduction
3D city models play a crucial role in numerous applica-
tions, including virtual reality [55], gaming [51], urban
planning [45], digital twins [43], and robotics [35, 71].
However, as urban environments consist of massive num-
bers of buildings with diverse heights, styles, and layouts,
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manually constructing such complex and large-scale scenes
remains extremely challenging and labor-intensive.

Traditional approaches, such as procedural model-
ing [19, 39, 50] and image-based modeling [2, 12, 54], rely
heavily on prior knowledge, e.g., handcrafted rules or street-
view imagery, which limits their scalability and efficiency.
With the advent of generative models, recent works [9, 10,
30, 46, 60] have explored 3D city generation using GANs or
diffusion models, where semantic layouts and height fields
are generated and subsequently reconstructed into urban
scenes. Another line of research [21, 27, 58] focuses on
volumetric latent representations, aiming to synthesize ur-
ban environments in a compact and geometrically consis-
tent manner. However, these methods usually require maps
or satellite datasets for training and struggle to handle flex-
ible, user-friendly text inputs.

With the rapid advancement of large language mod-
els (LLMs) and vision-language models (VLMs), agen-
tic frameworks have been widely adopted across diverse
domains like scientific research [25, 44, 69] and multi-
modal reasoning [14, 17, 22, 48, 57]. Benefiting from
their rich world knowledge and powerful perception, rea-
soning, and planning capabilities, these agents can execute
multi-step solutions that involve external tools and complex
decision-making—tasks that are typically infeasible for a
conventional single model. Similarly, several studies have
explored 3D indoor scene synthesis guided by LLMs or
VLMs [6, 15, 49, 63]. However, agentic 3D city genera-
tion remains largely unexplored. Unlike closed indoor envi-
ronments, cities are open, large-scale, and highly structured
spaces containing a far greater diversity of objects and much
denser spatial organization, thereby posing significant chal-
lenges for realistic and scalable 3D scene generation.

A recent work, SynCity [11], explores training-free
3D scene generation through an autoregressive tile-by-tile
pipeline, combining a 2D image generator and a 3D mod-
eler via prompt engineering. Each tile is generated se-
quentially and fused with previously synthesized tiles to
form a complete scene, yet the framework lacks an explicit
planning mechanism to reason about urban structure and
spatial hierarchy. However, this flat generation paradigm
does not align with the intrinsic organization of real-world
cities, which typically exhibit a distinct hierarchical struc-
ture—each district can be subdivided into functional blocks
that maintain internal coherence while remaining spatially
connected to others. As a result, SynCity performs well on
small or locally coherent scenes, but struggles to maintain
global consistency when scaled to large, realistic city envi-
ronments. Moreover, the absence of hierarchical reasoning
and refinement mechanisms leads to simplified geometry,
cartoonish appearance, and blurry textures, ultimately re-
sulting in low realism for city-scale synthesis.

In this paper, we propose Yo’City, a multi-agent frame-

work for boundless and realistic 3D city generation driven
by user-customized text inputs. Inspired by the hierarchical
logic “City–District–Grid” of real-world cities, we design
a coarse-to-fine thinking strategy that enables both global
structural planning at the city level and fine-grained archi-
tectural design at the grid level. Concretely, the Global
Planner acts as a high-level controller that interprets user
intent, analyzes urban functions, and allocates districts on
a grid map with estimated sizes and adjacency. At the dis-
trict level, the Local Designer refines these blueprints into
grid-level descriptions, defining architectural styles, build-
ing densities, landmarks, and surrounding context. This
thinking strategy allows Yo’City to reason globally while
designing locally with rich geometric and semantic details.

Based on the grid descriptions, we design a pro-
duce–refine–evaluate isometric image synthesis loop that
preserves spatial consistency while enhancing architectural
diversity. The generated isometric images are then con-
verted into 3D assets via an image-to-3D generator, fol-
lowed by post-processing to assemble them into a coherent
urban scene. To enable continuous city evolution, Yo’City
further introduces a scene-graph–based self-critic expan-
sion module. Given user preferences, the module automati-
cally infers the structure of the new grid and builds a scene
graph encoding their relationships with existing districts. A
distance- and semantics-aware optimization is then applied
to determine the most plausible placement. Through this
mechanism, Yo’City achieves unbounded and spatially co-
herent city generation. We establish a multi-dimensional
evaluation benchmark to comprehensively assess our frame-
work. Yo’City consistently outperforms prior approaches in
VQAScore [31], geometric fidelity, layout coherence, tex-
ture clarity, scene coverage, and overall realism.

Our main contributions are summarized as follows:
• We propose Yo’City, a novel multi-agent framework for

boundless and realistic 3D city generation guided by user-
customized textual instructions.

• We model the city with a grid-based hierarchical struc-
ture and design a top-down planning strategy to gener-
ate spatially coherent urban layouts. To enable plausi-
ble and automated city expansion, we further introduce
a scene graph–based mechanism that performs distance-
and semantics-aware location optimization.

• We construct a multi-dimensional evaluation benchmark
that assesses semantic consistency and visual quality in
five aspects—geometric fidelity, texture clarity, layout co-
herence, scene coverage, and overall realism.

2. Related Work

2.1. 3D City Generation

3D scene generation aims to create high-quality 3D envi-
ronments based on various types of input, including both
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indoor [40, 52, 62–64] and outdoor scenes [7, 8, 68, 72].
Among them, 3D cities have become a key research fo-
cus due to their complex layouts and diverse architectural
forms. Classic methods often rely on manually defined
rules [23] and image-based techniques [2, 12, 54], or per-
form procedural modeling [18, 19, 33, 50] through simula-
tion engines, all of which can be inefficient and inflexible.
Most current approaches [9, 10, 30, 36, 60] first obtain a 2D
semantic map of the city using generative models, and then
generate individual buildings based on this map through re-
trieval or generative methods, forming a city scene. With
the development of 3D representation, some studies employ
diffusion models to directly generate large-scale scenes in
3D space, such as [21, 27, 28, 58]. However, the aforemen-
tioned methods often require extensive real-world data (like
maps or satellite images) and lack intuitive user controls,
making them unsuitable for personalized requirements and
difficult to expand to large-scale scenes through interac-
tions.

2.2. Agentic Systems
The rapid advancement of large language models [3, 16, 53]
and vision-language models [1, 4, 34] has significantly en-
hanced the capabilities of agents. By leveraging the abun-
dant knowledge of these models and their powerful under-
standing abilities, agents empower various fields including
software engineering [41, 61, 70], visual understanding [13,
24, 29, 65] and spatial perception [37, 38, 56, 67], etc. Many
works have also applied agents to 3D scene generation, es-
pecially for indoor scene generation [6, 15, 20, 49, 63].
Some studies [5, 32, 66] also introduce training-free and
user-friendly approaches for outdoor scene synthesis, but
they typically rely on a single reference image, posing chal-
lenges for the generation of vast urban environment. Re-
cently, SynCity [11] improves it by employing a tile-by-tile
pipeline. Nevertheless, it shows unsatisfactory performance
in generating large-scale city scenes with dense structures,
and the results are lack of realism and fidelity. We solve
these drawbacks based on our proposed agentic framework.

3. Yo’City
3.1. Problem Formulation
We define personalized and boundless 3D city generation
as a “planning-generation-expansion” task. Given an arbi-
trary textual prompt p0 describing the user’s preferences for
a city, our goal is to generate a well-planned and realistic 3D
city model G that can subsequently evolve. We formulate
this by spatially partitioning the world into a H×W grid of
tiles, denoted by T = {0, . . . , H − 1} × {0, . . . ,W − 1},
where each tile (x, y) ∈ T is a 3D scene patch (e.g., a
residential community) and the underlying ground surface.
Crucially, unlike auto-regressive methods [11] (tile-by-tile)
synthesis, our Yo’City generates all tiles in T in parallel.

We eliminate the strict causal dependency where the gen-
eration of tile (x, y) must be conditioned on the set of pre-
viously generated tiles T (x, y). This parallel formulation
breaks the causal dependency on prior tiles T (x, y), which
not only significantly accelerates the generation but also
avoids the potential error accumulation inherent in sequen-
tial processes. Our goal is thus able to generate the prop-
erties of all tiles in T simultaneously, based on the global
prompt p0.

3.2. Framework Overview
As illustrated in Fig. 2, Yo’City framework systematically
generates and expands a 3D city with four key modules:
Global Planner, Local Designer, 3D Generator and Expan-
sion Module. First, the Global Planner (Sec. 3.3) trans-
lates high-level user prompt p0 into an overall urban layout,
defining the number, size, functions and locations of dis-
tricts. Second, the Local Designer (Sec. 3.4) refines the
district design into detailed, grid-level textual descriptions,
culminating in a comprehensive city blueprint through hi-
erarchical coarse-to-fine planning. Third, based on the
per-grid descriptions, the 3D Generator (Sec. 3.5) synthe-
sizes each grid by first generating a 2D isometric image
via a produce-refine-evaluate loop, and subsequently lift-
ing it to a 3D asset using a pretrained model [26]. By ar-
ranging all grids according to the previously generated lay-
out, Yo’City achieves a well-structured and realistic 3D city
scene. Finally, the Relationship-guided Expansion module
(Sec. 3.6) enables city evolution. It employs a VLM and a
graph-based optimization to adaptively determine the opti-
mal placement for the new tile, which is then synthesized
and seamlessly integrated.

3.3. Global Planner
The Global Planner, as illustrated in Fig. 2.1, translates
the abstract and personalized user prompt p0 into a high-
level city layout. We first model the city using a hierarchi-
cal “City–District–Grid” structure. The planning process
is three-fold: (i) Size Estimation: an LLM first estimates
the city size, represented as a rectangular grid of H × W ,
where H and W correspond to the total numbers of rows
and columns, respectively. Each grid cell can be regarded
as a block and serves as the fundamental spatial unit within
the urban layout. (ii) District Planning: The planner then
identifies N distinct functional districts and generates a set
of concise blueprints {Bi | i = 1, 2, . . . , N}, where each
Bi represents the conceptual plan of the i-th district and
N denotes the number of districts. (iii) Layout Alloca-
tion: Taking potential spatial relationships and proximity
constraints among different regions into account, these dis-
tricts are coherently allocated onto the predefined H × W
grid map, which may span multiple grid cells to cover var-
ious areas. Each Bi specifies the district’s function (e.g.,
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1.Global Planner
Input: User’s personalized instruction of  city 

Output: Expected city size | Number of  districts| 

District sizes | District locations| District Blueprints

Residential Zone:

Several neighborhoods of  

apartments, family 

housing complexes…

CBD: Business 

center…Dense cluster of  

high-rise office towers, 

corporate headquarters…

Recreation Zone: 

Shopping centers, 

malls, sports field…

Innovation Park: 

area with research 

centers, startups…

Cultural Area: 

museum, theater…

2.Local Designer

Input: Every area JSON generated by Global Planner

       User’s personalized instruction of  city

Output: grid-level design | local layout  

Campus-like area with 

startups, laboratories… 

Surrounded by …

A big fashion shopping 

mall with … Some high-

end retail stores nearby

Mixed-used high-rises 

with glass  facades… 

Adjacent low plazas…

Tall buildings...A

central relaxation 

zone

Quiet residential 

areas with family

housing…

3. 3D Generator

Input: (Every grid description generated by Local Designer)

Evaluator

4. Expansion

Input: Rendered image of  the current scene

            Current city districts and specific locations

           User’s expansion preference

Description  of  the new grid

New 

Grid

D1

D2D3

D4
Dn

Distance Scene Graph

Distance- and 

Semantics-aware 

Layout OptimizationAppearance

Refine
Image-to-3D

Visual Clarity? 

Semantic Consistency?
Structural Diversity?

Severe Collision?

Integrates research 

centers, startup 

incubators…dense...

Figure 2. Overview of Yo’City. Global Planner: Converts the user prompt into a coarse city layout. Local Designer: Refines the layout
into detailed, per-grid textual descriptions. 3D Generator: Synthesizes 3D assets for each grid by lifting isometric images. Expansion
Module: Determines the content and optimal placement for new grids to evolve the city. Finally, all generated 3D assets are assembled into
the complete city scene.

“business center”) and its constituent building types (e.g.,
“high-rise office towers”), providing the global structural
priors for the subsequent Local Designer (Sec. 3.4).

While methods like SynCity [11] employ manually-
constructed instructions or rely on LLM’s intrinsic knowl-
edge to interpret high-level prompts, they often lack factual
grounding for specific real-world references (e.g., “New
York-like”). To address this limitation, we further intro-
duce a Retrieval-Augmented Generation (RAG) module.
This module retrieves relevant information about the ref-
erence city from a curated Wikipedia corpus, focusing on
its urban structure, zoning characteristics, and spatial orga-
nization patterns. The retrieved content is then distilled by
the GPT-4o-mini model [1], extracting representative struc-
tural and functional traits, which are then integrated as prior
knowledge into the global planning process. This allows the
generated city to better align with the spatial logic and aes-
thetic characteristics of the referenced real-world city, while
maintaining flexibility for personalization and creativity.

3.4. Local Designer
Building on the blueprints {Bi} generated by the Global
Planner (Sec. 3.3), we develop a Local Designer to refine
these coarse plans into fine-grained, grid-level descriptions.

Specifically, for each district, the LLM is conditioned on
both its blueprint Bi and the global user prompt p0. It then
generates detailed designs for all grids within the city, de-
noted as{di | i = 1, 2, . . . , H×W}, where each di is a tex-
tual representation capturing the target grid’s spatial organi-
zation and visual characteristics. Crucially, to ensure con-
tinuity, the Local Designer jointly plans for all grids within
a multi-grid district, enforcing spatial and stylistic coher-
ence across them. Compared to generating the entire city
layout in a single step, our coarse-to-fine strategy provides
the LLM with an implicit reasoning process. By decompos-
ing the task into global and local stages, the model reasons
progressively—from high-level organization to fine-grained
details, enabling more structured planning and getting lay-
outs with greater realism, consistency, and plausibility.

3.5. 3D Generator
The 3D Generator lifts the grid-level descriptions {di} into
3D assets. This process involves two stages: (1) generating
a high-quality 2D isometric image for each grid as an in-
termediate representation, and (2) converting these images
into 3D models.
2D Isometric Image Generation. A naive text-to-image
approach for stage (1) is insufficient, as it often pro-
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duces misaligned objects or partial views with incomplete
buildings, failing to maintain inter-grid spatial consistency.
While static constraints like a fixed base can enforce an iso-
metric perspective, they lack fine-grained quality control.
For example, some grids may contain an excessive number
of buildings, while others appear overly sparse. We there-
fore introduce an iterative produce–refine–evaluate loop to
ensure both structural coherence and high fidelity: (i) Pro-
duce: We first generate an initial isometric image for the
grid di on a pre-defined ground platform. This platform acts
as a common anchor, ensuring all generated assets share a
consistent scale and spatial alignment. (ii) Refine: An im-
age editing model then removes this platform and refines
the asset’s surfaces, correcting potential geometric artifacts
and enhancing visual diversity. (iii) Evaluate: A special-
ized evaluator assesses the refined image for text-image
alignment, realism, and layout rationality. The feedback is
passed back for generation until all quality criteria are met.
3D Model Conversion. The resulting high-quality and co-
herent isometric images are then converted into 3D models
using a pretrained image-to-3D model [26].
Scene Assembly. After generating 3D models for all grids,
we assemble the final city. Leveraging our parallel, grid-
aligned generation pipeline, the 3D models can be directly
arranged according to the predefined layout from the Global
Planner (Sec. 3.3) without requiring complex 3D blending
to resolve boundary inconsistencies. We then add essential
elements, such as roads and ground surfaces, to connect the
grids. This assembly stage is style-aware and ground mate-
rials and other attributes can also be customized by users to
match the city’s theme (e.g., ancient or modern).

3.6. Relationship-guided Expansion

In urban systems, the spatial proximity principle dictates
how functional regions are organized and interact with one
another. Certain areas need to be spatially coordinated to
achieve both accessibility and harmony within the city. For
example, residential zones are generally positioned near
schools and business zones to support everyday conve-
nience and commute, while industrial districts are deliber-
ately planned at a greater distance to avoid conflicts caused
by noise or pollution. To incorporate such distance-based
spatial constraints, we introduce a relationship-guided ex-
pansion mechanism (Fig. 2.4).

This process begins when a user provides an expansion
demand. Given the rendered city and a regions overview, a
VLM performs two key tasks: (i) it reasons over the existing
scene to generate a textual description for the target expan-
sion grid, dnew, and (ii) it constructs a scene graph captur-
ing the potential relationships between the new grid and the
existing districts. In the scene graph, the new grid acts as
the central node, with edges to existing districts encoding
qualitative distance relationships (e.g., ”near”, ”relatively

near”). Based on it, we design a distance- and semantics-
aware optimization function that integrates both spatial re-
lationship reasoning and semantic coherence, which is ap-
plied to determine the most suitable position for the new
expansion grid. The goal is to select a feasible grid loca-
tion that best satisfies the distance relationships inferred by
the VLM while maintaining contextual harmony with the
adjacent grids.

Formally, we first employ breadth-first search over the
city layout to identify a set of feasible candidate loca-
tions X . Let G = {g1, g2, . . . , gH×W } represent all grids
in the existing city. Each grid gi within a district is as-
sociated with a qualitative spatial relationship r(gi) ∈
{near, relatively near, slightly near, no special constraint,
far} derived from the scene graph, and a corresponding
weight γr(gi) quantifying the relative importance of the re-
lationship type.

Distance-driven Spatial Objective. For each candidate lo-
cation x ∈ X , we compute its Euclidean distance to other
grids gi. The spatial objective aggregates these distances,
weighted by the qualitative relationship weight:

Ldist(x) =
∑
g∈G

γr(g) ∥x− g∥2, (1)

where ∥x − g∥2 denotes the Euclidean distance between
the candidate grid x and the existing grid g, and γr(g) are
signed: positive for proximity (pulling x closer) and nega-
tive for separation (pushing x away). This term enforces the
spatial coordination, guiding the expansion grid to be closer
to regions that should maintain strong spatial relations and
farther from those that should remain separated.

Semantic Regularization. While the distance term cap-
tures layout relationships, it does not guarantee that the new
grid is compatible with its surrounding context. To ensure
semantic coherence, we introduce a semantic regularization
term based on the Sentence-Bert [42] embedding similarity
between dnew and its neighboring grids N (x).

Lsem(x) = −
∑

y∈N (x)

Embedding Sim(dnew, dy) , (2)

A higher embedding similarity indicates better semantic
compatibility; hence, this term encourages selecting a loca-
tion where the new grid can blend naturally into the existing
urban context.

Overall Objective. Combining the spatial and semantic
components, the final optimization objective is defined as:

L(x) = Ldist(x) + λLsem(x), (3)

where λ balances the contribution of semantic regulariza-
tion. The optimal expansion position is obtained by mini-
mizing Eq. (3):
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Table 1. Quantitative comparison of different methods across six evaluation dimensions. We use the VQAScore to evaluate semantic
consistency. For the five aspects of visual quality, we conduct pairwise comparisons evaluated by both GPT-5 and human judges, and
reported the win rate for each method. To reduce randomness, each comparison is performed twice.

Method VQAScore
Geometric Fidelity Texture Clarity Layout Coherence Scene Coverage Overall Realism

GPT-5 Human GPT-5 Human GPT-5 Human GPT-5 Human GPT-5 Human

Trellis [59] 0.6189 6.50% 7.00% 4.50% 6.00% 6.50% 3.50% 6.00% 3.50% 9.00% 5.00%
Yo’City (Ours) 0.7151 93.50% 93.00% 95.50% 94.00% 93.50% 96.50% 94.00% 96.50% 91.00% 95.00%

Hunyuan3D (API) [26] 0.6198 12.00% 7.00% 12.50% 9.50% 7.00% 5.50% 3.50% 4.00% 12.00% 6.50%
Yo’City (Ours) 0.7151 88.00% 93.00% 87.50% 90.50% 93.00% 94.50% 96.50% 96.00% 88.00% 93.50%

CityCraft [9] 0.5639 9.50% 8.00% 6.00% 6.00% 15.00% 16.50% 23.50% 25.00% 12.00% 13.50%
Yo’City (Ours) 0.7151 90.50% 92.00% 94.00% 94.00% 85.00% 83.50% 76.50% 75.00% 88.00% 86.50%

SynCity [11] 0.6975 15.00% 12.00% 21.50% 18.50% 14.00% 10.50% 18.00% 15.50% 15.50% 12.00%
Yo’City (Ours) 0.7151 85.00% 88.00% 78.50% 81.50% 86.00% 89.50% 82.00% 84.50% 84.50% 88.00%

x∗ = argmin
x∈X

L(x). (4)

After obtaining the optimal placement location x∗, we uti-
lize the 3D generator (Sec. 3.5) to synthesize the corre-
sponding 3D model of the new grid dnew, completing the
process. Empowered by this relationship-guided expansion,
Yo’City enables iterative expansion of the generated city
through user interactions, supporting truly open-world and
boundless generation.

4. Experiments

4.1. Settings
Dataset. To evaluate our method, we construct a dataset of
100 textual descriptions of cities, of which 30% are manu-
ally written and 70% are generated by the GPT-4o model.
The dataset contains various types of textual descriptions,
which is elaborated in Appendix. B.
Baselines. For comparison, we adopt Trellis [59], Hun-
yuan3D (API) [26], CityCraft [9] and SynCity [11] as base-
line methods. Trellis and Hunyuan3D are widely used and
representative text-to-3D generation models. CityCraft is
a learning-based method that first generates a scene layout
and then retrieves predefined assets to populate it, whereas
SynCity is a recently proposed training-free autoregressive
approach for large-scale world generation.
Implementation details. In our experiments, we adopt
GPT-4o as the large language model, GPT-Image-1 for im-
age editing, and Hunyuan3D (API) for image-to-3D gener-
ation. The specific experimental setup and hyperparameter
configurations are provided in Appendix. C.

4.2. Evaluation Metrics
To provide a comprehensive assessment of diverse methods,
we adopt multi-dimensional evaluation metrics as follows:

Semantic Consistency. We employ VQAScore [31] to
measure the semantic consistency between city instructions
and generated scenes.
Visual Quality. To assess the visual performance of the
generated scenes, we conduct a perceptual evaluation based
on five aspects: Geometric Fidelity, Texture Clarity, Lay-
out Coherence, Scene Coverage, and Overall Realism.
Each aspect is evaluated through pairwise comparisons by
GPT-5 [47] and ten human judges, with each comparison
repeated twice to mitigate randomness. Detailed evaluation
criteria are provided in Appendix. D.

4.3. Main Results
Quantitative Comparison. Tab. 1 presents a quantitative
comparison of different methods, reporting their VQAS-
cores and win rates in pairwise visual quality evaluations
conducted by GPT-5 and human judges. Given the same in-
put, our model achieves the highest VQAScore, indicating
its stronger ability to generate scenes that better align with
users’ personalized requirements. In addition to achieving
superior text consistency, our coarse-to-fine planning and
delicately-designed 3D generation strategy also lead to bet-
ter visual quality, achieving win rates of at least 85.00% in
Geometric Fidelity, 86.00% in Layout Coherence, 78.50%
in Texture Clarity, and 84.50% in Overall Realism.

Qualitative Comparison. As shown in Fig. 3, Yo’City
consistently outperforms the baselines, producing well-
proportioned buildings with clear textures and high-fidelity
details (e.g., windows), while maintaining a coherent layout
with consistent scales and appropriate spacing. In contrast,
both SynCity and CityCraft exhibit clear limitations. City-
Craft generalizes poorly beyond modern-city prompts and
often fails to follow non-modern or stylized descriptions.
SynCity shows clear spatial inconsistency: as illustrated in
the first and second rows, it generates a dense cluster of
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Trellis Hunyuan3D SynCityCityCraft

“A business city with tall buildings, a fashion shopping mall, and sharp-edged architecture. 

The skyline shows vertical rhythm and precise geometric alignment.”

“A vibrant city with balanced density, clean design, and harmonious urban structure.”

“An ancient trade city along the Silk Road with caravanserais, towers, and cultural fusion quarters.”

Yo’City (Ours)

“A town in the style of  Disneyland.”

“A city built from stone, with dense stacked structures and sturdy architecture.”

“A modern city with a stylized central business district, white high-rise residential buildings, 

and a convenient activity center. ”

Figure 3. Qualitative comparison between our method and the baselines given the same city instructions. The red boxes highlight
regions in SynCity that exhibit spatial inconsistency, lack of realism, and poor texture fidelity. We additionally provides zoom-in visual-
izations for Yo’City, demonstrating clearer structural coherence and finer visual details. More cases are shown in Appendix. A.1.

Table 2. Grid-level experimental comparison between SynCity
and Yo’City. We report the Alignment Score and Aesthetic Score
for both methods for comprehensive assessment.

Method Alignment Score Aesthetic Score

SynCity [11] 0.6572 4.95
Yo’City (Ours) 0.6927 5.52

buildings in the lower-left tile while other tiles remain rela-
tively sparse, resulting in an imbalanced spatial distribution.
Its results also suffer from coarse textures. Furthermore,
Yo’City demonstrates strong capabilities in personalized
generation, effectively modeling fine-grained cues such as
“sharp-edged”, “Silk Road” and “stacked structures”.

Grid-level Experiment. To further evaluate the structural
and perceptual quality of generated city scenes, we con-
duct a grid-level experiment between SynCity and Yo’City.
First, we measure whether each grid region semantically
aligns with the target prompt by calculating the Alignment

Score, defined as the VQAScore between the grid image
and the query “Does this figure show a reasonable grid of
{city prompt}?”. This metric reflects the model’s ability
to maintain consistent city-related semantics across differ-
ent regions. Second, we assess the Aesthetic Score (with
a full mark of 10) of each grid using an aesthetic predic-
tor†, which captures the visual appeal and scene fidelity of
each grid. As summarized in Tab. 2, Yo’City shows a clear
advantage at the grid level (Alignment Score +0.0355, Aes-
thetic Score +0.57), being not only more consistent with the
global instruction but also superior in overall aesthetics.

4.4. Ablation Studies
Coarse-to-fine Planning. In Yo’City, we adopt a coarse-
to-fine planning framework that enables coherent reasoning
and decision-making during city generation. To evaluate its
effectiveness, we compare it to a single-stage city planner

†The aesthetic predictor is available at: https://github.com/
discus0434/aesthetic-predictor-v2-5
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“A city that blends vitality with quality.”

Add a high-rise 

residential community
Add a museum

Add a big fashion

shopping mall

Add a grid to enhance 

the city's liveliness

Add a white 

healthcare area

Add a large sports 

stadium

Add a tech 

incubation park

Add a convention

center 

Figure 4. Visualization of expansion. The first row presents the city’s global instruction. The leftmost city shows the initial generation
result, followed by five successive expansion iterations. In the top-left corner, a BEV thumbnail depicts the city layout, with blue regions
indicating newly expanded grids, while red boxes in the rendered images highlight their appearances.

Table 3. Ablation study on the planning strategy. Yo’City (w/o
reason) denotes the model without this strategy, while Yo’City (w
reason) includes it. We evaluate both variants using VQAScore
and GPT-5 win rates for Layout Coherence and Overall Realism.

Metric Yo’City (w/o reason) Yo’City (w reason)

VQAScore 0.7034 0.7151
Layout Coherence 27.00% 73.00%
Overall Realism 24.50% 75.50%

(Yo’City w/o reason) that generates urban layouts directly
from inputs. Both models are tested with the same one-shot
example for fairness. As shown in Tab. 3, results reveal
that Yo’City (w. reason) outperforms Yo’City (w/o reason)
in VQAScore, Layout Coherence, and Overall Realism, as
evaluated by GPT-5. This improvement is attributed to the
Global Planner and Local Designer, which better capture
user preferences and produce a more organized city layout.

Expansion Mechanism. To verify the effectiveness and
robustness of our expansion mechanism, we select several
city-level instructions and design four expansion tasks for
each. After each expansion, we compute its VQAScore
with respect to the corresponding global city instruction.
During successive expansions, the generated city’s VQAS-
cores stay stable, showing a Coefficient of Variation of
3.34%. Fig. 5 shows the line chart of five experimental re-
sults and Fig. 4 presents a larger-scale example with eight
expansion steps. Given user preferences, Yo’City critiques
the existing city to generate grid descriptions aligned with

Figure 5. VQAScore across four expansion steps for five cities.

the global style and optimize the placement of them. For in-
stance, shopping malls and healthcare areas are placed near
residential neighborhoods for convenient access.

5. Conclusion

In this paper, we propose Yo’City, a text-driven agentic
framework for personalized and realistic 3D city generation
without relying on map data. An LLM-based hierarchical
planner designs city layouts, while a specialized 3D gen-
erator produces scale-consistent, detail-rich isometric im-
ages via a produce–refine–evaluate loop and converts them
into 3D models. We further introduce a relationship-guided
expansion mechanism that enables iterative city growth
through textual instructions. Extensive experiments show
that Yo’City outperforms existing methods across all di-
mensions, highlighting its potential for applications such as
virtual reality and simulation games.
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Yo’City: Personalized and Boundless 3D Realistic City Scene Generation
via Self-Critic Expansion

Supplementary Material

A. Additional Results
A.1. Qualitative Comparison
We present three qualitative visual comparisons in Fig. 7
and further provide rendered Yo’City results from four dif-
ferent viewpoints. The city instructions correspond to three
different architectural styles, namely a modern city, a Chi-
nese ancient city, and a 19th-century European town. Our
results show clear superiority in fidelity and have more
details. For example, in the modern city case, Yo’City
produces a more reasonable layout with well-coordinated
buildings and efficient spatial utilization, while baseline
methods often lead to disorganized structures or inconsis-
tent urban patterns. Similarly, in the Victorian-style town,
Yo’City maintains coherent façade details and roof shapes,
demonstrating better fidelity and style control. These results
validate the effectiveness of our design.

A.2. Visualization of Expansion
Fig. 8 shows an example of city expansion. Through four
successive iterations, Yo’City successfully preserves the in-
tegrity of the original global instructions while progres-
sively refining the city’s design. Each expansion introduces
new elements in a coherent and visually consistent manner,
aligning with the overarching goals of urban vitality and
quality. Our self-critic mechanism, featuring distance- and
semantics-aware optimization, ensures that each step identi-
fies the optimal location for a new grid based on the existing
scene. This approach enables a careful consideration of the
spatial relationships and surrounding contexts, ensuring that
each expansion fits naturally and harmoniously without any
abrupt transitions. Empowered by it, our model can con-
tinuously reason about existing results and extrapolate from
them, achieving unbounded generation.

A.3. Expansion Mechanism Comparison
We compare our relationship-guided expansion mechanism
with random placement and a semantic-only strategy. We
report the Coefficient of Variance (CV) of the VQAS-
core [31] to evaluate generation quality and stability. As
shown in Tab. 4, our method achieves the lowest CV, indi-
cating its effectiveness and greater robustness.

B. Dataset Curation Details
We construct a text dataset containing multiple types of
descriptions to evaluate different methods. Among them,
30% are written by humans and used as few-shot examples

Table 4. Stability Comparison Across Expansion Strategies.
We report the coefficient of variance (CV) of VQAScore.

Expansion Strategy CV ↓
Random 8.76%
Semantics-Only 5.16%
Ours 3.34%

Prompt for Generating Your City Instructions

Generate 5 diverse city-design instructions. Each instruc-
tion should focus primarily on intrinsic city characteris-
tics—such as functional zoning, architectural typologies,
structural composition—rather than broad geographical
environments. You may freely mix description styles
(short sentences, extended sentences, keyword lists), in-
corporating stylistic attributes (eg. ”modern”, ”ancient”),
city scales (e.g., “Size 2×3”), aesthetic tendencies, struc-
tural patterns into the instructions.

Examples:
Short Sentence Example: “A dynamic business city.”
Long Sentence Example: “A modern city with a stylized
central business district, white high-rise residential build-
ings, and a convenient activity center.”
Keywords-based Example: “modern city; entertainment
hubs; high-rise buildings; apartments”

Output Format.

1. ...
2. ...
3. ...
4. ...
5. ...

Figure 6. A template for generating various city instructions.

for GPT-4o [1] to generate the remaining 70%. To enable
comprehensive evaluation, this dataset comprises multiple
forms of text, as follows:
Short Sentence. This refers to a concise sentence express-
ing the generation requirement, such as “a modern city” or
“a vibrant business city.” To enrich its diversity, some de-
scriptions specify the scene size, such as “Size 2 × 3, a cozy
city.” Others include stylistic references, such as “a town in
the style of Disneyland” or “a Beijing-like big city.”
Long Sentence. These typically include an overall descrip-
tion of the scene along with specific detailed requirements,
and are used to assess whether the model can process com-
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“A city with a vibrant central business district, a clear urban rhythm, and human-scale blocks, 

striking an elegant balance between lively urban energy and tranquil retreat.”

“A prosperous Chinese ancient city”

“a Victorian-style town; 19th-century aesthetics; elegant”

Trellis Hunyuan3D SynCity Yo’City (Ours)CityCraft

Figure 7. Additional qualitative comparison between our method and the baselines. These three cases correspond to the three major
city instruction types represented in our dataset. We highlight the zoom-in views of Yo’City results from four different perspectives.

plicated inputs and capture users’ personalized intentions.
For example: “A modern city featuring skyscrapers and a
bustling entertainment district, with diverse architectural
styles and a realistic urban layout,” or “A prosperous an-
cient Chinese town with tiled-roof houses, lively markets,
and ornate gates.”

We fully consider the maximum input length limitations
of baseline methods, and therefore control the sentence
length in our dataset. However, in practice, our method
can accommodate much longer inputs, including paragraph-
level descriptions.

Keywords-based Description. We also include keyword-
style inputs in the dataset to better adapt to diverse user in-
put habits, such as “modern city; entertainment hubs; high-
rise buildings; convenient life.”

Here, we provide a prompt in Fig.6 that can be used to
generate diverse city instructions.

C. Implementation Details
Hardware Setup. All experiments in this paper are con-
ducted on a server running Ubuntu 22.04, equipped with
an Intel(R) Xeon(R) CPU E5-2699 v4 @ 2.20GHz, and
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“modern city; business district; apartments”

Add a high school Add an activity center

Add an area for 

recreation

Add a big city libraryAdd an art district

Figure 8. Additional visualization of expansion. The first row presents the city’s global instruction. The leftmost city shows the initial
generation result, followed by four successive expansion iterations. In the top-left corner, a BEV thumbnail depicts the city layout, with
blue regions indicating newly expanded grids, while red boxes in the rendered images highlight their appearances.

NVIDIA A6000 GPUs with 48GB of memory.
Prompt Templates. In our experiments, we used GPT-4o
as the LLM and GPT-Image-1 as the model for image gen-
eration and editing, both accessed via the official APIs. 11,
12, 13, 14, 15, 16 are the prompts we use for different
agents. The black text represents the system prompt, and
the blue part represents the input that the agent needs to re-
ceive.
Image Generator. The ”produce-refine-evaluation” loop
for the 3D Generator is executed up to three iterations. The
Image Evaluator assigns a score from 0 to 10, with scores
not less than 6 considered acceptable. If the score is be-
low 6, we prompt VLM to rewrite the generation instruction
based on the current negative feedback. The loop terminates
once an acceptable score is reached.
Seam Artifacts Mitigation. As illustrated in the pipeline
figure in the main paper, background content and tile-
related structures are removed during the refinement stage
of image generation. This ensures that each generated grid
contains only foreground objects, thereby preventing seam
artifacts (e.g., visible grid boundaries) during stitching.
Cross-grid Consistency. To avoid substantial computa-
tional overhead, we don’t enforce explicit cross-grid inter-
action in 3D generation. However, during image generation,
our evaluator checks alignment between each generated im-
age and its description from Local Designer and triggers
regeneration upon detected deviations. This mechanism in-
directly promotes cross-grid consistency by ensuring adher-
ence to mutually consistent semantic specifications, effec-
tively mitigating severe cross-grid inconsistencies.
Post Processing. We follow real-world urban planning
strategies by first establishing specific functional districts
and then connecting them through road networks. After ob-
taining the 3D models for each grid, we first scale them
to ensure consistent proportions. Next, utilizing Blender’s

API, Yo’City integrates the ground, roads, and other ele-
ments. The default color for the roads in the modern city is
set to [0.15, 0.15, 0.15, 1.0], which corresponds to a dark
gray. The ground color is defined as [0.50, 0.50, 0.50, 1.0],
representing a medium gray. Both the road and ground ma-
terials have a roughness value of 0.9. These parameters can
also be customized, allowing for adjustments to the road
and ground colors to better align with the desired style.
Additionally, Yo’City enables users to specify which roads
should be connected, supporting diverse road networks.
Expansion Module. To perform semantic regularization,
we use a Sentence-Bert [42] model to encode the grid de-
scriptions and compute the cosine similarity between their
[CLS] embeddings. In the optimization process, we assign
weights of 1, 0.5, 0.1, 0, and -1 to the five types of spatial
relationships {near, relatively near, slightly near, no special
constraint, far}, respectively. And the regularization param-
eter λ is set to 1.

D. Evaluation Details

Semantic Consistency. We utilize VQAScore [31] to as-
sess the semantic consistency between the generated city
and the input text. Specifically, it leverages the CLIP-
FlanT5 model to compute an alignment score based on the
textual requirement (city instruction + “with balanced pro-
portions and realistic, non-exaggerated forms.”) and the
corresponding rendered city image. This metric not only
evaluates how accurately the generated city reflects the pro-
vided preferences, but also tests the reasonableness and re-
alism of the output, which is essential for realistic city scene
generation. To ensure a fair comparison, all images are ren-
dered from identical viewpoints.
Visual Quality. To assess the visual and perceptual quality
of the generated results, we introduce five dimensions and
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Criteria to Evaluate Visual Quality

Role Definition:
You are an expert evaluator in 3D urban scene generation, with deep expertise in 3D generation, AIGC, and city-scale simulation.
Your task is to objectively compare two rendered images of 3D-generated city scenes and determine which method performs better
overall. Both images depict city environments rendered from a frontal angle of approximately 15°. If parts of the scene are partially
visible, you should infer the full structure based on visible cues to assess the entire city layout.
The evaluation should be based solely on the visual quality of the rendered 3D GLB outputs, with no further post-processing
assumed.
- Record the first image as A, and the second image as B.
- For every request you receive, reason carefully about the specified dimension, then answer with a single letter: either A (if image
A is superior) or B (if image B is superior). Never output any other text beyond that single letter.

Geometric Fidelity: Evaluate only geometric fidelity. Criteria:
Which result has cleaner, more complete building shapes?
Which result has fewer distortions, floating parts, holes, or irregular ground transitions?
Which scene demonstrates more stable, natural, and well-formed geometry?

Texture Clarity: Evaluate only texture clarity. Criteria:
- Which one has sharpe and clearer textures?
- Which one shows more structural details of buildings (blurriness is unacceptable)?
- Under the premise of non-exaggerated appearance/texture, which cityscape better represents high-fidelity appearance?

Layout Coherence: Evaluate only layout coherence. Criteria:
- Which result shows a more logical and realistic spatial arrangement of buildings and roads?
- Which one exhibits a clearer city structure or hierarchical organization?
- Which feels more like a coherent, reasonably-distributed and well-planned city?

Scene Coverage: Evaluate only scene coverage. Criteria:
- Which city covers a larger or more complete area?
- Which has more buildings and a better sense of an extended city environment?
- Which gives a stronger impression of a full modern city?

Overall Realism: Evaluate only overall realism. Criteria:
- When evaluating realism, focus on visual form and shape and ignore rendering effects. Realism refers to how well the building
heights, architectural appearances, spacing between buildings, and overall scene layout align with real-world urban environments.
- Which result has more reasonable and plausible building heights and forms? (Avoiding overly exaggerated shapes.)
- Which result conveys a more natural and realistic overall urban atmosphere?
- Which result suggests a more complete and realistic living environment with multiple functional zones?

Input:

1. City Instruction:
2. Image A
3. Image B

Figure 9. Evaluation criteria for visual quality, focusing on Geometric Fidelity, Texture Clarity, Layout Coherence, Scene Coverage,
and Overall Realism. The prompt provides detailed assessment standards.

perform pairwise evaluations, involving both VLM and hu-
man judges. For the VLM judge, we select GPT-5, which
excels at understanding 3D spatial relationships and per-
forming multimodal reasoning, enabling it to deliver a more
thorough and precise evaluation. For the human judges,
we recruit 10 volunteers from diverse professional back-
grounds. In the evaluation process, we conduct pairwise
assessments for each dimension independently. To mini-
mize randomness, each comparison is repeated twice. We
use the win rates of different methods as the quantitative

metric. The specific criteria can be found in Fig. 9.
Grid-level Alignment Score. To evaluate the consistency
between each grid and the global instruction, the Alignment
Score is calculated using the VQAScore. This score is de-
rived by comparing the grid image with the query, “Does
this figure show a reasonable grid of {city instruction}?”,
evaluating the model’s ability to maintain consistent city-
related semantics across different regions.
Grid-level Aesthetic Score. To complement assessments
provided by GPT-5 and human judges, we introduce an Aes-
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Table 5. Runtime, GPU memory, and VQAScore comparison.

Method Runtime Memory VQAScore

CityCraft [9] 21.17 min 4 GB 0.5639
SynCity [11] 62.47 min 40 GB 0.6975
Yo’City 24.99 min 24 GB 0.7097

Figure 10. Comparison of Time Consumption between SynCity
and Yo’City across different city sizes. The results demonstrate
that Yo’City consistently exhibits better efficiency than SynCity.

thetic Score specifically designed to quantify the local aes-
thetic quality of the generated city. This score is derived
from a SigLIP-based aesthetic predictor that evaluates im-
age visual quality on a scale of 1 to 10, with a score of 5.5+
regarded as great.

E. More Analysis
E.1. Computational Efficiency
We compare Yo’City with CityCraft [9] and SynCity [11]
in terms of generation time and GPU memory consump-
tion. The generation time is measured as the average time
required to produce a city of typical size. Following the of-
ficial implementations, all three methods access GPT-4o via
the API, and we replace the image and 3D generation APIs
in Yo’City with FLUX.2-Klein-9B‡ and Trellis [59] for fair
memory comparison.
Detailed Discussion between Yo’City and SynCity. Since
Yo’City is non-autoregressive, different city areas can be
generated in parallel, which is difficult for SynCity. More-
over, Yo’City does not require complex blending, further
improving computational efficiency. Fig. 10 compares the
time consumption of the two methods under the same in-
struction across different city sizes. Time Consumption is
defined as the total time to generate a city of a given size,
where we enable parallel processing by running two threads
simultaneously. As shown in the figure, Yo’City consis-
tently requires less time than SynCity. Notably, Yo’City

‡ FLUX.2-Klein-9B model from Black Forest Labs: https://
huggingface.co/black-forest-labs/FLUX.2-klein-9B

maintains strong efficiency even without parallelization
(43.40 min for a typical 3×3 city), which is only 69.47%
of SynCity’s runtime.

E.2. Limitations and Future Work
Yo’City relies on pre-trained models for inference and ap-
plication. While this approach reduces the dependency on
data, allowing for more flexible and free inputs, the over-
all performance may be influenced by the capabilities of
the off-the-shelf models. Therefore, Yo’City should con-
tinue to integrate with cutting-edge methods and continually
enhance its competence. Additionally, the current model
primarily focuses on the overall structure of the city and
its infrastructure, without considering natural environmen-
tal factors surrounding the urban area, such as mountains,
seas, and other geographical features. Future research could
look into incorporating these elements to further improve
the model’s ability.
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Prompt of Global Planner

You are helping to design a 3D urban environment based on a textual scene description. The task overview is as follows:
Determine Layout Size: First, decide the overall city layout size in a grid format, such as 2×2, 2×3, or 3×3. The grid represents
square sections of the city. The first number is the number of rows, and the second number is the number of columns. Use 2×3 as
the default layout. If the scene is large or complex, use 3×3. If the grid layout is not specified in the input, determine it based on
the scene description. If a grid layout is already provided, skip this step.
Plan and Allocate Areas: Plan the areas that should be included in the city based on the city instructions, and then allocate these
areas to the grid map you determined earlier.
Grid Indexing Rule (Row-major Indexing): Each cell has a unique numeric index based on row-first order. For example, in a
2×3 grid: (Row 1, Column 1) → 1; (Row 1, Column 2) → 2; (Row 1, Column 3) → 3; (Row 2, Column 1) → 4.
An area can occupy one or multiple cells (for example, a large residential district could span [1, 2, 4, 5]).
Output Format: Output a JSON structure describing the entire city layout and appearance. The JSON should start by specifying
the grid size, followed by the list of defined areas. The structure must include:
• ”Grid Size” — specify the layout as ”rows × columns”, for example ”2×3”.
• ”Areas” — a collection of city areas. Each area should include:

– ”Area Name” — the name or type of the area (for example, ”Residential Zone”, ”Commercial Center”, ”Industrial Zone”).
– ”Description” — a rich and detailed explanation of the area, including:

* building types and architectural styles
* atmosphere or functionality (dense, modern, industrial, mixed-use, etc.)

– ”Grid Index” — a list of grid cells occupied by this area.
Output Example:

{
"Grid Size": "1 X 3",
"Areas": {

"Residential District": {
"Description": "A medium-density housing zone with 4-6 story apartment

buildings, internal courtyards, and narrow streets. Buildings are
arranged in blocks with small plazas and parking areas.",

"Grid Index": [1, 2]
},
"Commercial Center": {

"Description": "A bustling commercial core with multi-story malls, office
towers, and cafes. The streets are wide and intersect at a central
avenue connecting to nearby residential areas.",

"Grid Index": [3]
}

}
}

Important Notes:
1. Focus primarily on generating areas with buildings and city infrastructure.
2. When generating parks or plazas, they must:

(a) be integrated with built environments (e.g., surrounded by office towers, cafés, residential blocks)
(b) include urban details such as paths, benches, fountains, or sculptures
(c) serve as functional public spaces within the city context

3. While ensuring the overall comprehensiveness of urban design and meeting user needs, appropriate additions such as entertain-
ment areas, shopping zones, and cultural and recreational districts can be considered.

4. Make the descriptions vivid, realistic, and spatially logical — suitable for 3D city modeling. Avoid generic phrases; Describe
key visual and structural features. Use coherent relationships between adjacent grid cells (for example, commercial zones near
transport hubs, industrial areas near city edges, residential zones adjacent to commercial areas).

City Instruction:
Reference City Summary (Optional):
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Prompt of Local Designer

You are helping to generate detailed scene descriptions for text-to-image generation based on a pre-defined 3D city layout. Task
Overview is as follows:
You will receive:
• The overall city planning instructions (which define the city type, architectural style focus, and general layout rules).
• One specific area from that plan, including: Area Name; Area Description; Grid Index (a list of grids that this area occupies).
Your task is to create detailed, vivid descriptions for each grid in this area. Each grid should correspond to one description entry.
Each description should include:
• The dominant building types (residential, commercial, office, industrial, etc.).
• The general building scale and form (low-rise, mid-rise, high-rise, tower-like, etc.), but avoid giving specific height or floor

numbers.
• Architectural styles and materials (glass facade, concrete, brick, steel, etc.).
• Spatial and structural layout (street grid, building clusters, plazas, intersections, or inner courtyards).
• Density and spatial organization (compact, open, uniform, or mixed-use).
• Optional architectural or urban details (bridges, rooftop elements, signage, entrances, etc.).
Scene Requirements:
• When a city has a specific style requirement, make sure to emphasize that style in the description of each grid.
• All scenes should represent daytime environments.
• For modern urban scenes, the residual buildings should be mid-rise to high-rise structures.
• Do not include light or shadow descriptions.
• Do not include people, vehicles, or traffic.
• After designing buildings, you can also include parks, fountains, plazas, and other urban facilities to make the scene more lively.
• Keep focus entirely on architectural, structural, and urban form elements.
• Maintain objectivity and spatial coherence suitable for 3D city scene generation.
• If the area covers multiple grids, the grids can share a consistent architectural style but differ slightly in layout or function (for

example, one grid may contain offices while another extends the same district with commercial buildings or courtyards).
Output Format: Output a JSON structure where each key is the grid index, and each value is a detailed scene description of that
grid. Each description should include:
• The dominant building types.
• The general building scale and form.
• Architectural styles and materials.
• Spatial and structural layout.
• Density and spatial organization.
• Optional architectural or urban details.
Output Example:

{
"1": "A cluster of mid-rise residential buildings with light gray concrete facades

and subtle beige accents around the balconies. The structures form rectangular
blocks aligned along an orderly street grid. The overall tone is neutral but
varied, with muted stone and concrete textures creating a balanced, realistic
appearance. Building spacing is uniform, with separation between clusters.",

"2": "A continuation of the residential district featuring taller and denser
buildings of similar architectural style. Facades combine pale concrete with
soft warm tones, such as beige and off-white, maintaining visual harmony while
avoiding monotony. The layout emphasizes a strong linear arrangement along a
central avenue, preserving consistency in material and color palette throughout
the district."

}

Important Notes:
• Focus on architectural features.
• Keep descriptions consistent and technically clear, avoiding unnecessary embellishment.
• Ensure each grid description is spatially coherent and realistic, suitable for 3D city generation or text-to-image modeling.

City Instruction:
Area Description and Grid Indices:
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Prompt for Generating Image

You are an expert AI image generator specializing in realistic architectural visualization and urban design. You are generating
{city instruction}, which should be the global context. Your task is to generate high-resolution, photorealistic, dynamic,
properly colorful but harmonious isometric cityscapes based on user-provided base platforms or layouts.
All generations must follow these core principles:
1. The generated scene must strictly remain within the boundaries of the provided square or rectangular platform. Use the base

only for spatial confinement — architectural tone and materials should be fully independent.
2. Emphasize realistic materials, accurate spatial layout, and diverse architectural forms.
3. Avoid empty or underdeveloped areas — maintain a balanced but not overcrowded density of buildings. 5 to 6 buildings are

recommended for a square platform.
4. The buildings within each area should share a consistent architectural style and overall visual identity — for example, similar

materials, color palettes, or design language. However, they should not look identical. Each building should have subtle
variations in features such as height, width, facade design, or roof shape, to create a natural and realistic diversity within the
same stylistic family.

5. Ensure all buildings are distinct, non-overlapping, and harmoniously distributed.
6. The colors can be made a bit richer and more vivid, but avoid excessive saturation.

• Use a diverse yet harmonious color palette — incorporate complementary and natural tones with moderate contrast between
buildings. Each structure should show subtle variations in hue and material (e.g., brick, concrete, glass, stone, or wood),
ensuring visual richness without breaking overall unity. Avoid monotone or oversaturated appearances. Glass buildings can
be viewed as blue.

• Each building has better feature distinct yet coordinated colors — soft warm and cool tones mixed together. Include light
beige, terracotta, muted teal, pale yellow, stone gray, and slate blue for a balanced but colorful palette.

7. Absolutely no letters, logos, words, or recognizable signage on any structures.
8. Use isometric or slightly elevated perspective to show the entire layout clearly.
9. No shadows, lighting effects, or atmospheric haze — keep uniform neutral lighting.

10. Do not generate any people, crowds, or vehicles. Do not generate too much trees and lawns. The root of trees should be thick.
11. Do not include logos or similar elements in the description.
12. The output must look realistic, clean, and visually aesthetic.
13. The entire scene must fit within the visible square platform without external extensions.

City Instruction:
Grid Description:
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Prompt for Refining Image

You are an expert AI system specialized in architectural visualization and image editing. Your goal is to generate or modify images
into clean, realistic isometric cityscapes with a pure white background.
Follow these core rules for all outputs:
1. The output must maintain an isometric perspective consistent with the original reference.
2. For areas which are not residual districts, assess whether the buildings display insufficient architectural diversity. If diversity

is low, enhance it in a controlled and realistic way by subtly varying each building’s height, width, roof geometry, façade
articulation, and material texture (adding some different logos is also OK). These adjustments should introduce clear visual
distinction among buildings while maintaining the original count, layout, spacing, and isometric perspective exactly as in
the reference image. Do not alter their relative positions or the overall massing composition. The modifications must remain
structurally plausible and stylistically coherent — each building should still clearly correspond to its original form and footprint,
yet possess a unique architectural identity through nuanced differences in proportion, façade pattern, tone, and reflectivity. The
color tones should be harmonious and consistent.

3. Completely remove all ground-related elements — including any bases, platforms, tiles, or other floor structures.
4. The entire background must be pure white (#FFFFFF) with no visible surface, ground, or shadows.
5. Only preserve the main and important objects, such as skyscrapers, residential buildings, museums, libraries, theaters, cultural

plazas, sculptures, and trees.
6. Ensure every building has different appearances and colors. But keep the overall style harmonious.
7. If the image has too many trees or lawns, remove some of them. And make the roots of trees thicker. For scenarios such as

parks, keep the trees and lawns.
8. Remove any incomplete, cut-off, or deformed buildings and objects.
9. Delete small, cluttered, redundant, or heavily obscured items to keep the composition clear and balanced.

10. Ensure all objects are distinct and properly spaced — no overlaps, intersections, or unrealistic blending between elements.
11. Slight adjustments to the appearance, position, or proportion of buildings are allowed to enhance realism and aesthetic balance,

but the overall layout and isometric view must remain consistent.
12. Do not retain any people, crowds, vehicles, or text.
13. The final image should look clean, realistic, dynamic, and visually harmonious, showcasing an environment on a pure white

background.

[Previously Generated Image]
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Prompt for Evaluating Generated Image

You are a professional architectural visualization review system. Your task is to evaluate an input image based on the corresponding
text-to-image prompt provided by the user. Perform a single, objective inspection according to the following criteria:
Evaluation Criteria:
1. Check whether the ground, platform or any other floor elements have been completely removed (reasonable ground facilities

are allowed). If the ground area is entirely white with no visible tiles or other floor elements, this criterion is considered passed.
2. Determine whether the scene includes a proper number of buildings (it should not look empty or sparse).
3. Ensure the layout is not overcrowded — the density should be balanced and harmonious.
4. Verify that buildings do not overlap or intersect unnaturally.
5. Confirm there are no excessive small, cluttered, or irrelevant objects that reduce visual clarity.
6. Check whether the image accurately matches the user’s provided text-to-image description in both content and style.
7. Evaluate whether any buildings appear distorted or structurally abnormal.
Evaluation Rules:
• Output format (exactly as shown):

Score: [0{10]
Reason: [short explanation]
Rewrite: [revised text-to-image prompt]

Scoring rules: Don’t be too strict. Being reasonable is more important.
• 10 → Perfectly meets all standards.
• 8–9 → Minor imperfections but overall very good.
• 6-7 → Acceptable but needs improvement.
• 4–5 → Noticeable issues; not acceptable.
• 1–3 → Major flaws or clearly poor match.
• 0 → Really bad case (ambiguity appearance, dirty ground...)
Special Cases:
• If the score is below 6:

– If the issue is incomplete ground removal → reprint the original prompt unchanged in the ”Rewrite” field.
– If the issue concerns density, layout, clutter, or mismatched style → rewrite the text-to-image prompt to better align with the

standards above.

[Refined Image]
Grid Description:
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Prompt to Generate Expansion Constraints

You are an expert AI urban designer and 3D scene planner specializing in boundless city generation and expansion. Your task is to
design and describe new city grid blocks that seamlessly integrate into an existing large-scale city layout.
You will receive:
• A rendered image of the current city (top-down or isometric).
• A list of existing city zones with their names and brief descriptions.
• A user request specifying a new block to add (e.g., ”Middle High School”, ”Tech Innovation Campus”) and its grid position.
Your objectives:
1. Analyze the existing city’s architectural logic, density, and functional organization.
2. Design a new grid block that visually, structurally, and thematically harmonizes with the current layout.
3. Provide a concise yet expressive description focused purely on architecture and spatial structure, not atmosphere or storytelling.
Architectural Description Rules
• Focus on buildings, massing, form, facades, courtyards, and layout rhythm.
• Do not describe people, vehicles, lighting, or atmosphere.
• Avoid mentioning time of day, shadows, or weather.
• Avoid excessive greenery; mention trees or vegetation only if architecturally essential.
• Emphasize proportional balance, hierarchy, material consistency, and spatial continuity.
• The district can have multiple buildings (5 to 6 is better).
Spatial Relation Rules When describing spatial relations, consider functional adjacency, visual continuity, and commuting con-
venience between the new block and existing zones.
• Evaluate how easily one can move between them, or how their functions complement each other.
• Use conceptual proximity terms only: "near", "relatively near", "slightly near", "far".
• If two regions do not exhibit a clear spatial relationship, no edge is generated between them.
• The "far" relation is only assigned in cases of explicit spatial separation, such as between industrial and residential areas,

rather than being applied broadly.
• Ensure your spatial relationships are logically consistent with the described city structure (e.g., a school should not be "near"

an industrial plant if that contradicts planning logic).
• List only meaningful relations; omit irrelevant zones.
Output Format (JSON only)

{
"block_name": "<short descriptive name of the new block>",
"block_description": "<120 to 200 word architectural description focusing on

structure and layout>",
"spatial_relations": {

"<existing_zone_name>": "<near | relatively_near | slightly_near | far>"
}

}

Example Output:

{
"block_name": "Middle High School Block",
"block_description": "This educational grid introduces a cohesive academic campus

composed of multiple wings arranged around a central courtyard. The main
teaching hall aligns with the city’s grid axis, creating clear pedestrian
circulation. Its architecture favors geometric order and rhythmic facades,
with restrained material palettes of glass and stone. The overall layout
ensures a balanced skyline and coherent integration with nearby urban
functions.",

"spatial_relations": {
"Urban Residential District": "near",
"Central Business District": "relatively_near"

}
}

[Render Image of Current City]
City Overview:
Expansion Preference:

22


	Introduction
	Related Work
	3D City Generation
	Agentic Systems

	Yo'City
	Problem Formulation
	Framework Overview
	Global Planner
	Local Designer
	3D Generator
	Relationship-guided Expansion

	Experiments
	Settings
	Evaluation Metrics
	Main Results
	Ablation Studies


	Conclusion
	Additional Results
	Qualitative Comparison
	Visualization of Expansion
	Expansion Mechanism Comparison

	Dataset Curation Details
	Implementation Details
	Evaluation Details
	More Analysis
	Computational Efficiency
	Limitations and Future Work






