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Overview

Due to the strict page limit of the main submission, we pro-
vide additional implementation details and extensive qual-
itative results in this supplementary material to support the
findings presented in the paper. The content is organized as
follows:

• Section 1: Related Work. We present an extended re-
view and discussion of the relevant literature, specifically
focusing on Layout Generation, Image-to-3D Generation,
and City Scene Generation. This section highlights key
technical inspirations that inform the design of our frame-
work.

• Section 2: Evaluation Metrics. We provide detailed def-
initions and evaluation protocols for all metrics used in
our experiments, including an additional explanation of
the Layout Generation metrics and a comprehensive de-
scription of our proposed VLM-based assessment (AQS
and RDR).

• Section 3: Additional Qualitative Results. This section
presents extensive visual results to demonstrate the ver-
satility of our framework, including (1) prompt templates
used in the Scene Design module, (2) examples of text-
aligned layout generation, (3) diverse city generation re-
sults across different aesthetic styles, (4) galleries of 3D
assets, seamless materials, and skyboxes from Majutsu-
Dataset, (5) comparisons of seamless materials generated
by Qwen-Image and our fine-tuned Qwen-Image variant,
(6) prompt templates used for the VLM-based evaluation,
and (7) the user interface employed for evaluating gener-
ated city scenarios.

• Section 4: Limitations and Future Work. We dis-
cuss the potential limitations of the current MajutsuCity
framework and outline several promising future research
directions.

1. Related Work

1.1. Layout Generation

Compared to general scene layouts [9, 16], urban lay-
outs exhibit significantly higher complexity due to the
richer semantic categories and irregular geometric topolo-
gies present in real-world cities. While vector-based layout
generation methods such as BlockPlanner [28] and Glob-
alMapper [10] provide a structured formulation, they often
suffer from limited semantic representation and struggle to
model complex, fine-grained spatial patterns.

In contrast, recent mask-based generation methods [4, 5,
19, 27] offer better scalability and geometric fidelity, captur-
ing detailed spatial boundaries while maintaining efficient
inference. However, these methods typically lack intuitive
user control, specifically in expressing high-level design in-
tent through natural language.

To address this limitation, we train a language-guided ur-
ban layout generation model that aligns fine-grained spatial
mask synthesis with user-provided textual descriptions, ef-
fectively bridging the gap between high-fidelity mask gen-
eration and user-intent controllability.

1.2. Image-to-3D Generation
Recent advances in image generation have provided a new
direction for 3D content creation, fundamentally reshaping
the synthesis of high-quality 3D assets. Early methods were
often limited by low-fidelity geometry and low-resolution
textures [15, 20, 21, 23], but current 3D generation frame-
works increasingly leverage powerful 2D visual priors to
improve the consistency of geometry and textures. In par-
ticular, many state-of-the-art works employ visual founda-
tion model embeddings such as DINOv2 [22] to extract rich
semantic and textural representations, coupled with Vision
Transformer (ViT) [6] architectures to guide and regularize
3D geometry generation.

The rapid evolution of a series of SOTA and open-source
models (e.g., Trellis [26], Step1X-3D [18], and Hunyuan3D
2.0 / 2.1 [14, 31], as well as commercial tools (e.g., Tripo,
Rodin [25], Meshy, Hunyuan3D 2.5 [17], and Hitem3D)
have demonstrated that photorealistic and high-detail 3D as-
sets are now not only feasible but increasingly reliable.

Motivated by these advances, this work explores a princi-
pled integration of advanced 3D asset generation models as
core components into a city-scale pipeline, enabling large-
scale, controllable, and aesthetic-adaptive 3D city genera-
tion within a unified, reproducible framework.

1.3. City Scene Generation
In urban scene generation, existing methods such as InfiniC-
ity [19], CityDreamer [27], and Persistent Nature [2] have
demonstrated the ability to generate large-scale 3D scenes.
However, they often rely on implicit or neural representa-
tions, resulting in two critical bottlenecks: (1) geometric
artifacts and multi-view inconsistency, which stem from the
inherent ambiguity of implicit fields, and (2) the absence of
explicit, editable object-level structures, making them un-
suitable for downstream applications that require precise in-



teraction, editing, and simulation compatibility.
On the other hand, Procedural Content Generation

(PCG)-based techniques can produce highly structured
cities [7, 30, 32], but they follow a fundamentally Retrieve-
and-Place paradigm. As a result, the diversity and expres-
siveness of the generated scenes are strictly limited by the
scale, style coverage, and quality of the predefined asset
libraries, restricting their ability to generalize to novel or
stylistically distinctive demands.

Recent advanced works in indoor scene generation have
successfully validated a new path: combining the power-
ful priors of 2D vision models with on-demand 3D object
generation to achieve object-level, controllable scene syn-
thesis [3, 13, 29]. Inspired by this, we aim to scale this
object-centric generative paradigm from the indoor level to
the macroscopic urban level, enabling a unified framework
that is not only controllable and editable, but also adaptive
to diverse aesthetic styles, and addressing the core limita-
tions of prior approaches in urban scene generation.

2. Metrics
2.1. Layout Generation Metrics
Fréchet Inception Distance (FID) [12]. Evaluates the dis-
tribution similarity between generated images and real im-
ages in the Inception-v3 feature space. It is calculated as:

FID = ||µr − µg||22 + Tr(Σr +Σg − 2(ΣrΣg)
1/2) (1)

where (µr,Σr) and (µg,Σg) represent the mean and covari-
ance of the real and generated feature distributions, respec-
tively. Lower FID scores indicate higher visual realism and
closer proximity to the real data distribution.
Kernel Inception Distance (KID) [1]. Also measures dis-
tribution similarity in the feature space, but is more robust
to small sample sizes. It computes the squared Maximum
Mean Discrepancy (MMD) between feature representations
using a polynomial kernel k:

KID = Ex,x′∼Pg
[k(x, x′)] + Ey,y′∼Pr

[k(y, y′)]

−2Ex∼Pg,y∼Pr
[k(x, y)]

(2)

where Pg and Pr denote the generated and real distribu-
tions. Unlike FID, KID is an unbiased estimator, making it
particularly suitable for datasets with fewer samples.
Inception Score (IS) [24]. Assesses the quality and diver-
sity of the generated images.It calculates the KL divergence
between the conditional class distribution p(y|x) and the
marginal class distribution p(y):

IS = exp
(
Ex∼Pg [DKL(p(y|x)||p(y))]

)
(3)

A higher IS indicates that the model generates clear, distinct
objects (low entropy for p(y|x)) while maintaining diversity
across all classes (high entropy for p(y)).

2.2. Scene Generation Metrics
To comprehensively and rigorously evaluate the quality of
the generated scenes, we define four core evaluation dimen-
sions:
• Structural and View Consistency (SVC): Evaluates the

geometric soundness and multi-view coherence of the
generated scene.

• Scene Richness and Complexity (SRC): Measures the
diversity, density, and structural complexity of scene ele-
ments.

• Material and Texture Fidelity (MTF): Assesses the re-
alism and detail fidelity of object materials and textures.

• Lighting and Atmosphere (LA): Evaluates the plausi-
bility of lighting, color harmony, and the resulting sense
of immersion.
These dimensions form the basis of our two GPT-

driven evaluation protocols: Absolute Quantitative Scor-
ing (AQS) and Relative Dimension Ranking (RDR). As
shown in Figure 16 and Figure 17, we present the detailed
prompts used for both AQS and RDR, which explicitly out-
line the precise definitions and key assessment criteria for
each of these four core dimensions. To mitigate the sub-
jective bias inherent in absolute scoring, our Relative Di-
mension Ranking (RDR) employs the TrueSkill ranking
system [11]. TrueSkill models the skill of each method as
a Gaussian distribution N (µ, σ2), where µ represents the
average skill (score) and σ represents the uncertainty.

In our pairwise comparison setting, for a given dimen-
sion (e.g., SVC), let the skill of method A be sA ∼
N (µA, σ

2
A), and method B be sB ∼ N (µB , σ

2
B). The

performance difference is modeled as d = sA − sB ∼
N (µA − µB , σ

2
A + σ2

B + 2β2), where β represents the in-
herent noise in performance.

The probability that method A outperforms method B is
given by:

P (A > B) = Φ

(
µA − µB√

σ2
A + σ2

B + 2β2

)
(4)

where Φ is the cumulative distribution function of the stan-
dard normal distribution.

After observing a comparison outcome (e.g., A wins),
the posterior skill distributions for both methods are up-
dated using Bayesian inference to minimize the prediction
error for future comparisons. We initialize all methods with
µ = 25 and σ = 25/3, and iteratively update these parame-
ters based on the pairwise results from both human and GPT
evaluators until convergence. The final reported RDR score
is the converged mean skill µ.

3. Additional Qualitative Results
• Figure 1: Illustration of the analytical prompt template

employed by the Scene Design module. This template



allows the model to interpret user intent and decompose
it into instructional text for subsequent generation stages.

• Figure 2: Qualitative results of text-guided urban lay-
out generation produced by our trained layout generation
model.

• Figure 3: Comparison of text-guided scene generation
quantitative results between Majutsucity and Syncity[8].

• Figure 4: Representative examples demonstrating the
fundamental capabilities and workflow of the MajutsuA-
gent.

• Figures 5-9: Visualizations of 3D model assets within
the MajutsuDataset, generated by five distinct commer-
cial frameworks.

• Figures 10-13: Excerpts from the MajutsuDataset featur-
ing seamless texture maps and skybox environments.

• Figure 14-15: Comparative analysis of Qwen-Image
generation results before and after fine-tuning on our
dataset, validating the utility and efficacy of the proposed
data.

• Figures 16-17: The prompt templates utilized for the
AQS (Automated Quality Score) and RDR (Reference
Deviation Rate) evaluation protocols.

• Figures 18-19: The user interface of the evaluation plat-
form employed for conducting the AQS and RDR assess-
ments.

4. Limitations and Futurk Work
Despite the significant advancements that MajutsuCity in-
troduces to controllable urban generation, several limita-
tions remain.
• Dependency on Prompt Logic Consistency: A critical

limitation lies in the sensitivity of our Layout Generation
module to the logical coherence of the input prompts.
Since our pipeline is strictly hierarchical, if the initial
Scene Design stage generates contradictory spatial in-
structions or geometrically impossible layouts, these er-
rors propagate downstream. This can result in implausi-
ble road networks or building placements that negatively
impact the final scene assembly, as the subsequent mod-
ules faithfully follow the flawed structural guidance.

• Complex Geometry Collisions: While our layout-
guided approach significantly reduces object intersection
compared to scatter-based methods, minor collision arti-
facts may still occur in extremely high-density areas. This
is particularly evident when generating assets with highly
irregular footprints or overhanging structures that extend
beyond their 2D semantic masks.

• Inference Latency: Due to the multi-stage nature of our
pipeline—which involves sequential diffusion processes
for layouts, height maps, and individual 3D assets—the
total inference time for a city-scale scene is higher than
end-to-end neural rendering approaches. This currently
limits the framework’s applicability in real-time genera-

tion scenarios without pre-computation.
• Shape Controllability: Although we introduced two

schemes to strengthen the constraints on the building
shape, it is difficult to ensure high fidelity while maintain-
ing geometric rationality when faced with highly complex
or irregular building topologies.

4.1. Future Work

Building upon the current framework, our future research
will focus on the following directions:
• Enhanced Spatial Reasoning: To address the depen-

dency on prompt logic, we plan to integrate a dedi-
cated ”Spatial Reasoning & Verification” module pow-
ered by advanced reasoning models (e.g., Chain-of-
Thought prompting). This module will pre-validate user
instructions and automatically resolve logical conflicts
before layout generation begins, ensuring structural plau-
sibility.

• Multi-view Building Generation: While our current ap-
proach relies on single-view inputs for shape control, we
plan to incorporate multi-view consistency constraints in
future work. This extension aims to better preserve the
global geometric structure while simultaneously enhanc-
ing the fidelity of local details.

• Physics-Aware Assembly: We aim to incorporate a
lightweight physics engine during the Scene Generation
phase. By applying rigid body dynamics and collision de-
tection algorithms, we can automatically adjust the place-
ment and orientation of assets to resolve overlaps, ensur-
ing a physically consistent environment.

• Dynamic Urban Environments: Moving beyond static
scenes, we intend to extend MajutsuCity to support dy-
namic elements. This includes procedural traffic simula-
tion, pedestrian flow modeling, and time-varying weather
systems, transforming the generated static cities into liv-
ing, breathing digital twins suitable for interactive appli-
cations and autonomous driving simulations.
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Figure 1. The analysis prompt template used in the Scene Design module



Figure 2. Example of text-guided city layout generation results



Figure 3. Compared with SynCity[8]



Figure 4. Examples of MajutsuAgent, includes five operations (Edit, Add, Delete, Move, Replace).



Figure 5. 3D building models generated by Hunyuan3D from MajutsuDataset



Figure 6. 3D building models generated by Meshy from MajutsuDataset



Figure 7. 3D building models generated by Hitem3D from MajutsuDataset



Figure 8. 3D building models generated by Tripo3D from MajutsuDataset



Figure 9. 3D building models generated by Hyper3D from MajutsuDataset



Figure 10. Material examples from MajutsuDataset



Figure 11. Material examples from MajutsuDataset



Figure 12. Skybox examples from MajutsuDataset



Figure 13. Skybox examples from MajutsuDataset



Figure 14. Comparison of the Texture generated models from the original Qwen-Image model and the Qwen-Image model fine-tuned using
MajutsuDataset-Materials.



Figure 15. Comparison of the SkyBox generated models from the original Qwen-Image model and the Qwen-Image model fine-tuned
using MajutsuDataset-Materials.



Figure 16. AQS evaluation prompt template



Figure 17. RDR evaluation prompt template



Figure 18. User AQS evaluation platform interface

Figure 19. User RDR evaluation platform interface
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