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Supplementary Material

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 = |11, — |3 + Te(E, + 2, — 2(2,.2,)?) (1)

where (p,, 2,) and (ug, X4) 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 — ]Efl:,x’NPg [k(l’, SC/)] + Ey,y/wPr [k(yv y,)]

2
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where P, and P, 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|z) and the
marginal class distribution p(y):

1S = exp (Eump, [Drr(p(ylo)lp®))]) @)

A higher IS indicates that the model generates clear, distinct
objects (low entropy for p(y|z)) 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 NV (u, 02), where p represents the
average skill (score) and o represents the uncertainty.

In our pairwise comparison setting, for a given dimen-
sion (e.g., SVC), let the skill of method A be sg ~
N(pa,0?), and method B be sp ~ N(up,0%). The
performance difference is modeled as d = s4 — sp ~
N(pa — pp, 0% + 0% + 23%), where 3 represents the in-
herent noise in performance.

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

Ha — 1B
“4)
Vo4 + o3 +2ﬂ2>

where @ 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
= 25 and o = 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 p.

P(A>B)=<I><

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.

e 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.

e 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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‘2/ Scene Design prompt

ROLE
You are an expert 3D Asset and Scene Prompt Engineer. Your task is o analyze a user's scene description, infer its single, core visual style/theme,
and then apply that theme consistently to generate ten highly specific sub-prompts for a 3D/game development pipeline.

TASK

Given a short user scene description, produce ten concise sub-prompts: layout, building, tree, altree, lamp, ground, grass, road, water, and sky.
Output English only.

STYLE & THEME INFERENCE

You must first read the <USER_SCENE> and infer its single, dominant visual style, theme, or aesthetic (e.g., "Ghibli anime," "
"medieval fantasy," "photorealistic modern," "

consistency.

spooky Halloween,"
cyberpunk"). This single inferred style must be used o generate all ten sub-prompts to ensure visual

HARD CONSTRAINTS & FORMATTING BY FIELD

You must follow these templates exactly, filling in the content based on your inferred style and the <USER_SCENE> description.
1. Layout

* Task: Infer a top-down, semantic map description based on the user's scene.

+ Content: Describe road networks (e.g., "radial road network (red)"), building clusters and patterns (e.g., "rectangular buildings (yellow)
clustered in linear patterns"), and large zones for vegetation/water (e.g., "large, contiguous vegetation patch (green)... bordering a large water
body (blue)").

2. Building:

+ Task: Generate a prompt to edit a base image into the inferred style.

Format: Must start with Edit the input image only; keep the existing camera angle and composition. Convert the building into a single,
[inferred_style_and_subject, e.g., 'spooky haunted building in a Halloween style'].

Content: Describe 2-3 key materials (e.g., "Spooky materials (dark weathered wood, crumbling stone, wrought iron)") and 3-5 rich textures
(e.g., "Rich textures (spider webs, carved pumpkin faces, creeping vines, eerie fog, bat silhouettes, cracked facades)").

« Suffix: Must end with the exact text: , Pure white background (#FFFFFF), no ground/floor/base, no surrounding objects, uniform bright
lighting, no background shadow. Ultra-clean silhouette, crisp edges, high detail.

3. Tree:

+ Task: Generate an isolated asset prompt for a standard tree.

+ Format: Must start with A ISOMETRIC [inferred_attributes, e.g., ‘autumn tall'] tree designed in the [inferred_style, e.g., 'style of the Ghibli
anime in Japan'].

+ Suffix: Must end with the exact text: , with white background and without ground plane, no ground, no terrain, isolated object

4. Altree:

Task: Generate a contextualized asset prompt for a tree with a base.

Format: Must start with A ISOMETRIC [inferred_attributes, e.g., ‘autumn roadside tall'] tree.

Content: Must include a description of its base or immediate surroundings (e.g., surrounded by a small circular stone border at its base, with
some flowers).

Style: Must include the inferred style (e.g., designed in the Ghibli anime in Japan).

Suffix: Must end with the exact fext: , on a white background.

5. Lamp:

+ Task: Generate an isolated asset prompt for a street lamp.

+ Format: Must start with A ISOMETRIC street lamp designed in the [inferred_style, e.g., 'style of the Ghibli anime in Japan'].

+ Suffix: Must end with the exact text: , with white background and without ground plane.

9. ground, grass, road, water:

+ Task: Generate PBR texture prompts.

Format: Must start with A seamless, tileable PBR texture of [inferred_style_and_subject, e.g., ‘medieval stone ground' or ‘old, cracked
asphalt road']:

Content: Provide 3-5 descriptive clauses about its appearance, wear, finish, and roughness (e.g., "large, roughly cut, grey stone bricks...
weathered with age... patches of moss... matte finish, high roughness").

Suffix: Must end with the exact text: ; seamless tileable PBR texture, uniform lighting, no perspective, no seams.

10. Skybox:

Task: Generate a 360-degree skybox prompt.

Format: Must start with A [inferred_style_and_description, e.g., 'realistic, clear expanse of a medieval-era sunset'] sky,.

Content: Describe the atmospheric details, color gradients (horizon-to-zenith), and any features (e.g., "bathed in soft, muted golden hues...
grades smoothly from a faint, clear amber... no clouds are present").

Suffix: Must end with the exact text: — rendered in [inferred_style_tag, e.g., 'photorealistic HDRI']; skybox equirectangular 360° (2:1)
texture.

Input <USER_SCENE>

.

.

.

.

OUTPUT FORMAT
Return ONLY a JSON object (no extra text before or after):
{

"layout": "<Generated layout description>",

"': "<Generated building edit prompt>",
<Generated isolated tree prompt>",
"<Generated contextualized tree prompt>",
<Generated isolated lamp prompt>",
'<Generated ground texture prompt>",
<Generated grass texture prompt>",
‘<Generated road texture prompt>",
'<Generated water texture prompt>",
<Generated skybox prompt>"

Figure 1. The analysis prompt template used in the Scene Design module



"The road network forms a grid pattern
with north-south arteries and
intersecting east-west roads ...
Rectangular are arranged ...
adjacent to roads. Vegetation appears
as rectangular patches ... in the mid-lef+t
and mid-right ... No water bodies ... "

"A road features a main curving artery
traversing from the north-central ...
branching south-east and south-west ...
are mainly rectangular along
these roads ... and the west-central
region ... No Vegetations ... An irregularly
shaped water body, likely a pond ...

"... road network features a main north-
south artery intersecting with a east-
west road in the south ... forming a
partial grid .. Recfangular'

along these roads in the north-central
and eastern regions ... Vegetation is
located in the western sector... No water

n

i
!

"A primary north-south road dissects the
image centrally, ... and curving around a
central green ... form dense
rectangular clusters in the north ...
Extensive vegetation covers the central-
eastern and southern ... irregularly shaped
pond located centrally within it ..."

"The road forms a dense, rotated
orthogonal grid ... Main roads run
diagonally from northwest to southeast
and northeast to southwest ...

are predominantly rectangular ... densely
clustered within roads ... No vegetation
or water is visible ... "

B Road Building [ Ground [l Vegetation [l Water Body

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



Semantic

by

L ) Instance

L ) Instance

Figure 3. Compared with SynCity[8]



[/: Edit ] [ INPUT: Edit Building_1 into a small cube shape, while maintaining the high-tech style of the original building.

-
-

Figure 4. Examples of MajutsuAgent, includes five operations (Edit, Add, Delete, Move, Replace).
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Figure 5. 3D building models generated by Hunyuan3D from MajutsuDataset
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Figure 6. 3D building models generated by Meshy from MajutsuDataset
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Figure 7. 3D building models generated by Hitem3D from MajutsuDataset
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Figure 8. 3D building models generated by Tripo3D from MajutsuDataset
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Caption:

-

Worn asphalt with irregular peeling bands, random layout, ~Im repeat, fine aggregate,
cracks, flaking and dust, dark charcoal with bluish-gray and brown mottling, rough
matte with few specular chips. seamless tileable PBR texture, uniform lighting, no

L perspective, ho seams.

Caption:

Running-bond brick wall, medium-scale repeat of bricks with warm terracotta, red and
beige mottling, mortar staining, chipped edges and soot; matte micro-rough surface
with low specular. seamless tileable PBR texture, uniform lighting, no perspective, no
seams.

normal

Caption:

Running-bond brick wall, medium-scale repeat of bricks with warm terracotta, red and
beige mottling, mortar staining, chipped edges and soot; matte micro-rough surface
with low specular. seamless tileable PBR texture, uniform lighting, no perspective, no

seams.

Smooth technical woven textile for upholstery or backpacks with a regular tiny dot-
mesh and faint vertical slub streaks, cobalt-blue base with darker micro-dot mottling,
soft matte finish and slight anisotropic sheen, fine scale. seamless tileable PBR
texture, uniform lighting, no perspective, no seams.

. color @ displacement

Figure 10. Material examples from MajutsuDataset

Caption:
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Caption:

" Medium-scale sci-fi panel for walls/floors, semi-regular tiled circuitry of modules with
vents, perforations and edge wear; cool aqua, white and navy with orange accents,
subtle mottling and low gloss with anisotropic ridges. seamless tileable PBR texture,

L uniform lighting, no perspective, no seams.

displacement normal

Facade material for walls showing a regular grid of recessed windows in reddish-brown
brick with gray mortar; medium-scale (~1m) repeat. Bricks show fine pores, slight edge
wear and matte roughness while glass shows smooth gloss with cool-to-warm tints.
seamless tileable PBR texture, uniform lighting, no perspective, no seams.

Caption:
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Caption:

Banded onyx-like stone for floors or walls with regular wavy horizontal strata at
medium scale, fine mineral veins and subtle pits, warm honey-amber and cream tones,
subtle gloss; seamless tileable PBR texture, uniform lighting, no perspective, no seams.

displacement normal

Regular small square concrete pavers in a tight grid for sidewalks and courtyards,
muted gray and pink tones with granular, microporous surface, scattered tiny pits and
chips, softened edge wear and moss-filled joints, low gloss. seamless tileable PBR
texture, uniform lighting, no perspective, no seams.

Caption:

displacement

Figure 11. Material examples from MajutsuDataset
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Caption:

A wide, low horizon dominated by a continuous dark stratiform cloud bank stretches across the panorama, forming a
nearly unbroken silhouette with a single broad breach at center where an intense sunlit cavity punctures the deck; above
that breach compact, congested cumulus turrets and broken mid-level puffs give way to thin, sheared cirrus and small
convective fragments radiating outward, creating layered cloud morphology with roughly sixty percent low-deck coverage
and scattered higher elements; the color gradient moves from deep ultramarine at the zenith through cobalt and
desaturated sky-blue into a concentrated warm band of ochre, peach and rose around the central glow, while the
undersides of clouds carry violet and magenta inflections over a very dark navy lower hemisphere; lighting is strongly
backlit with the sun obscured by cloud (sun not directly visible), producing hard rim lighting on cloud edges, soft ambient
fill and subtle crepuscular scattering that suggests calm, post-storm clearing and high visibility toward the illuminated
gap, ho night features visible — rendered in [painterly digital matte]; skybox equirectangular 360° (2:1) texture.

Caption:

A nearly flat, mirror-like open-water horizon dominates the panorama with a low diffuse mist line and a thin, broken
stratiform band at the distance that produces a pronounced vertical specular bloom centered on the horizon where the
sun is obscured by cloud; the upper sky is sculpted by a large, luminous cirrostratus/altostratus mass with dense, soft-
edged core and sweeping, high-altitude cirrus filaments and wisps radiating outward, while a few thin low stratiform
fragments ride the horizon; the color grades from a deep cobalt blue at the zenith through saturated cerulean and pale
cyan into a warm, desaturated lemon-ivory glow around the bright center, with visible airlight softening contrast; overall
lighting is diffuse and backlit with subtle rim illumination on cloud edges and a calm specular reflection on the water, sun
not directly visible, no nocturnal features present, overall weather mood calm and post-dawn clear — rendered in
[photorealistic HDRI]; skybox equirectangular 360° (2:1) texture.

Caption:

A clean, uninterrupted flat horizon with a near-perfect mirror reflection below suggests an open, glassy sea or perfecﬂy\
reflective plane with no landforms or skyline visible, the distant horizon punctuated only by a low, thin cloud bank and
the vertical specular streak of a low sun; cloud morphology is a broken deck of mid- and low-level cumulus and
stratocumulus clusters with larger puffy cores interspersed with extensive fine altocumulus/stratocumulus “mackerel
sky" texture and a few high, wispy cirrus flecks, overall coverage roughly half to two-thirds of the dome and layered in
depth; the zenith transitions from deep cobalt-blue through vivid cyan toward a concentrated warm amber and pale
yellow band around the sun, then washes into soft rose and mauve toward the horizon and its mirrored counterpart, with
the lower hemisphere graduating to saturated violet and indigo in the nadir; lighting is a low, near-central sunrise/sunset
producing soft diffuse backlight and gentle rim illumination on cloud undersides with faint crepuscular diffusion and no
visible halo or lens flare; no night features such as stars, Milky Way, aurora, or city domes are present, and the overall
weather mood is calm and tranquil with high atmospheric clarity after or before a calm period — rendered in
[photorealistic HDRI]; skybox equirectangular 360° (2:1) texture.

Figure 12. Skybox examples from MajutsuDataset



'Ra)

v

Caption:

A continuous, featureless low-lying orange aerosol layer forms a perfectly flat horizon across the panorama, obscuring
ground detail and giving the impression of an endless open plain or sea; above that thin haze a broken band of large
cauliflower cumulus and several congestus towers march around the horizon with crisp, sunlit tops and softer, shadowed
bases, punctuated by a few thin high cirrus streaks closer to zenith, overall cloud coverage moderate and concentrated
near the horizon with isolated puffs lofted higher; the sky shifts from a muted teal-green at zenith through cyan into a
bright amber and intense orange at the horizon, showing strong scattering where warm light bleeds upward; the sun
itself is not visible but strong low-angle warm backlighting from near-horizon glows at the lateral edges produces
pronounced rim lighting and high-contrast cloud shadows, suggesting late-afternoon/early-sunset calm with reduced
horizontal visibility in the haze and no night features present — rendered in [photorealistic HDRI CGI]; skybox
equirectangular 360° (2:1) texture.

N\

Caption:

Flat, uninterrupted ocean horizon bisects the panorama in a calm, mirrorlike expanse with a low, centered sun resting on
the rim and a narrow band of specular warmth reflecting across the sea; dominating the sky are large, billowing cumulus
congestus and compact stratocumulus banks that fan outward from the sun into towering vertical columns and flattened
bases, interleaved with thinner high veils and wispy cirrus streaks toward the zenith, creating a broken, multi-layered
cloud deck; the clouds display saturated rim lighting — molten gold and tangerine at sunward faces transitioning to
magenta, violet and deep fuchsia in the shadowed lobes; the sky color grades from a deep indigo-cobalt studded with a
scattering of stars and a faint Milky Way-like band at zenith down through ultramarine and cerulean to a glowing peach
and amber band immediately above the horizon, producing hard rim light on cloud edges, crepuscular rays and a clear,
tranquil sunset-to-twilight mood with no moon visible — rendered in [stylized digital painting]; skybox equirectangular
360° (2:1) texture.

~

Caption:

A wide, open-ocean horizon dominates the panorama, the sea rendered as a flat, mirror-smooth plane with virtually no
surface texture and a harrow, centralized solar glow sitting at low elevation just below the horizon; above it a dramatic,
symmetric arch of large puffy cumulus and congestus-like masses stretches left to right like a crown, many with sharply
rim-lit pink-orange tops and cooler lavender bases, interspersed with elongated cirrus streaks and small detached
cumulus fragments giving roughly 30-40% mid-to-upper cloud coverage, while the sky color grades from deep indigo at
the zenith dotted with faint star points, through cobalt and bright turquoise, into a concentrated amber-coral band at
the horizon; lighting is warm, low-angle backlight that produces soft diffuse illumination and strong colored rim light on
cloud edges, the sun itself not visible, no precipitation or virga evident, overall mood calm and tranquil at twilight-dawn
transition with clear atmospheric visibility — rendered in [stylized digital painting]; skybox equirectangular 360° (2:1)
texture.

Figure 13. Skybox examples from MajutsuDataset




[{3} Qwen-Image fintuned (seamless texture) ]

Caption: Caption:
A seamless, tileable PBR texture of stylized anime fantasy bricks. Pastel A seamless, tileable PBR texture of stylized anime mud. Simple brown
pink and lavender, soft rounded edges, magical glow. Painterly, diffused patches, soft painterly highlights. Watercolor style, matte. No perspec-
highlights. No perspective, no seams. tive, no seams.

w/o LORA
Caption: Caption:
A seamless, tileable PBR texture of stylized anime magic grass. Glowing A seamless, tileable PBR texture of realistic dark, wet mud. Rich brown
blue and purple blades, painterly particle effects. Fantasy style, soft soil, puddles, tire tracks, glossy reflections. Photorealistic, high
emissive glow. No perspective, no seams. displacement, mixed roughness. No perspective, no seams.

5% w LORA
Caption: Caption:

A seamless, tileable PBR texture of realistic clear shallow water. A seamless, tileable PBR texture of realistic herringbone parquet wood
Tropical, cyan, sandy bottom visible. Photorealistic, transparent, floor. Light ash wood, intricate pattern, satin finish. Photorealistic,
refractive, caustic highlights. No perspective, no seams. medium gloss, clean. No perspective, no seams.
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Caption: Caption:
A seamless, tileable PBR texture of realistic compacted snow. Footprints, A seamless, tileable PBR texture of stylized anime lava rock. Simple dark
tire tracks, slightly icy patches. Photorealistic, mixed roughness, high grey, painterly red glow in cracks. Fantasy style, matte. No perspective,
displacement. No perspective, no seams. ho seams.
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Figure 14. Comparison of the Texture generated models from the original Qwen-Image model and the Qwen-Image model fine-tuned using
MajutsuDataset-Materials.




{; Qwen-Image fintuned (SkyBox)

Caption:

Flat, uninterrupted horizon stretches across the panorama with a narrow luminous rim and no terrain or skyline features, implying a high-altitude, open-
atmosphere vantage; solar flare effect, sky extremely bright and overexposed near the sun, bleaching out colors, blinding light rendered in
[photorealistic HDR]; skybox equirectangular 360° (2:1) texture.

Caption:

Flat, uninterrupted horizon stretches across the panorama with a narrow luminous rim and no terrain or skyline features, implying a high-altitude, open-
atmosphere vantage: alien binary sunset, two suns setting (one red, one yellow), casting strange double shadows, exotic purple sky gradient
rendered in [photorealistic HDR]; skybox equirectangular 360° (2:1) texture.

Caption:

Flat, uninterrupted horizon stretches across the panorama with a narrow luminous rim and no terrain or skyline features, implying a high-altitude, open-
atmosphere vantage; tropical midday, intense turquoise sky with massive towering white cloud castles (cumulus congestus) on the horizon rendered
in [photorealistic HDR]; skybox equirectangular 360° (2:1) texture.

Caption:

Flat, uninterrupted horizon stretches across the panorama with a narrow luminous rim and no terrain or skyline features, implying a high-altitude, open-
atmosphere vantage:; full moon night, bright cool moonlight illuminating thin veil of cirrostratus clouds, creating a lunar halo rendered in
[photorealistic HDR]; skybox equirectangular 360° (2:1) texture.

Caption:

Flat, uninterrupted horizon stretches across the panorama with a narrow luminous rim and no terrain or skyline features, implying a high-altitude, open-
atmosphere vantage: red mars-like atmosph | pink sky due to iron oxide dust, hazier horizon, alien daylight rendered in [photorealistic
HDRY]; skybox equirectangular 360° (2:1) 'rex'rure

*+-

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



[@ GPT-5 AQS prompt ]

-
You are an expert 3D rendering and scene composition analyst. Your task is to evaluate the provided set of
images, which represent different views of the same 3D scene. You must assess the scene's overall quality
based on the four detailed metrics below. Provide a score from 1 (worst) to 10 (best) for each.

METRICS:

1. Structural and View Consistency: Score 1-10. Assesses physical plausibility AND absolute cross-view

consistency.

+ Structural Plausibility: Are geometries complete, closed, and physically sound (e.g., no floating building parts,
unsupported cantilevers, or bizarre object intersections)? Is the perspective and scale (e.g., door-to-building
ratio) correct?

+ Cross-View Consistency: Does the scene represent a single, static 3D space?

+ Geometric Consistency: Does the structure seen from one view (e.g., a building's silhouette, window
placement) perfectly match the same structure seen from another view?

+ Appearance Consistency: Does the material, texture, and color of an object (e.g., a specific wall) remain
identical across all views where it is visible?

2. Scene Richness and Complexity: Score 1-10. Assesses the density, diversity, and thoughtful arrangement of

scene content.

+ Asset Variety: Does the scene contain a wide variety of unique assets (e.g., different building styles, street
furniture like lamps)? Or is it clearly reliant on a few repeated models?

+ Content Density & Detail: Does the scene feel full and lived-in? Are there sufficient "secondary" and
"background" elements to fill the space, or does it feel empty and sparse?

+ Layout & Semantics: Is the scene layout logical and believable (e.g., sidewalks, roads, and green spaces are
arranged sensibly)? Does the composition feel deliberate, or like a random collection of assets?

3. Material and Texture Fidelity: Score 1-10. Assesses the quality, realism, and physical properties of all

surfaces.

+ Resolution & Clarity: Are textures sharp and high-resolution, even at a medium distance? Or are they blurry,
low-resolution, or show compression artifacts?

+ Texture Artifacts: Are there obvious and distracting repeating patterns (tiling), visible seams, or UV
mapping errors (stretching/pinching)?

*+ Realism & Scale: Do materials (e.g., brick, glass, asphalt, foliage) look believable? Is the texture scale (e.g.,
the size of a brick, the grain of wood) correct relative to the object it's on?

+ Physical Properties (PBR): Do materials exhibit correct physical light interaction? (e.g., glass is transparent
and reflective; metal has sharp specular highlights; concrete is rough and diffuse).

4. Lighting and Atmosphere: Score 1-10. Assesses the lighting realism, color harmony, and overall

"immersiveness".

+ Lighting & Shadows: Is there a clear, motivated light source (e.g., the sun)? Are all shadows cast in a
consistent, correct direction? Do shadows have realistic softness (penumbras) and contact shadows?

+ Global Illumination & Rendering: Does the scene feel "flat," or does it show evidence of Global Illumination
(6I)? (e.g., are shaded areas realistically lit by bounced light, or are they pitch black? Is there subtle color
bleeding?).

+ Color & Mood: Is the color palette harmonious, aesthetic, and realistic? Does it successfully establish a
specific mood or time of day (e.g., bright noon, warm sunset)? Or are colors unnatural, oversaturated, or
washed out?

+ Atmosphere & Depth: Is there a sense of depth (e.g., via atmospheric perspective, fog, or depth of field)?
Or do all objects have the same clarity, making the scene feel like a flat cutout?

Answer:

Your response MUST be only the scores in this exact format, with no extra text or explanations:
+ Structural_and_View_Consistency: [score]

+ Scene_Richness_and_Complexity: [score]

* Material_and_Texture_Fidelity: [score]

+ Lighting_and_Atmosphere: [score]

Figure 16. AQS evaluation prompt template



[@ GPT-5 RDR prompt ]

Vs

You are an expert 3D scene analyst performing a blind A/B test. You will be shown two images, "IMAGE A" and
"IMAGE B", which represent two different 3D scenes.
Your task is o compare them ONLY on the following metric: METRIC[i] (i=1,2,3,4)

METRICS:

1. Structural and View Consistency: Assesses physical plausibility AND absolute cross-view consistency.

+ Structural Plausibility: Are geometries complete, closed, and physically sound (e.g., no floating building parts,
unsupported cantilevers, or bizarre object intersections)? Is the perspective and scale (e.g., door-to-building
ratio) correct?

+ Cross-View Consistency: Does the scene represent a single, static 3D space?

+ Geometric Consistency: Does the structure seen from one view (e.g., a building's silhouette, window
placement) perfectly match the same structure seen from another view?

+ Appearance Consistency: Does the material, texture, and color of an object (e.g., a specific wall) remain
identical across all views where it is visible?

2. Scene Richness and Complexity: Assesses the density, diversity, and thoughtful arrangement of scene

content.

+ Asset Variety: Does the scene contain a wide variety of unique assets (e.g., different building styles, street
furniture like lamps)? Or is it clearly reliant on a few repeated models?

+ Content Density & Detail: Does the scene feel full and lived-in? Are there sufficient "secondary" and
"background" elements to fill the space, or does it feel empty and sparse?

+ Layout & Semantics: Is the scene layout logical and believable (e.g., sidewalks, roads, and green spaces are
arranged sensibly)? Does the composition feel deliberate, or like a random collection of assets?

3. Material and Texture Fidelity: Assesses the quality, realism, and physical properties of all surfaces.

* Resolution & Clarity: Are textures sharp and high-resolution, even at a medium distance? Or are they blurry,
low-resolution, or show compression artifacts?

+ Texture Artifacts: Are there obvious and distracting repeating patterns (tiling), visible seams, or UV
mapping errors (stretching/pinching)?

+ Realism & Scale: Do materials (e.g., brick, glass, asphalt, foliage) look believable? Is the texture scale (e.g.,
the size of a brick, the grain of wood) correct relative to the object it's on?

+ Physical Properties (PBR): Do materials exhibit correct physical light interaction? (e.g., glass is transparent
and reflective; metal has sharp specular highlights; concrete is rough and diffuse).

4 Lighting and Atmosphere: Assesses the lighting realism, color harmony, and overall "immersiveness".

+ Lighting & Shadows: Is there a clear, motivated light source (e.g., the sun)? Are all shadows cast in a
consistent, correct direction? Do shadows have realistic softness (penumbras) and contact shadows?

+ Global Illumination & Rendering: Does the scene feel "flat," or does it show evidence of Global Illumination
(6I)? (e.g., are shaded areas realistically lit by bounced light, or are they pitch black? Is there subtle color
bleeding?).

+ Color & Mood: Is the color palette harmonious, aesthetic, and realistic? Does it successfully establish a
specific mood or time of day (e.g., bright noon, warm sunset)? Or are colors unnatural, oversaturated, or
washed out?

* Atmosphere & Depth: Is there a sense of depth (e.g., via atmospheric perspective, fog, or depth of field)?
Or do all objects have the same clarity, making the scene feel like a flat cutout?

Answer:

Which image is BETTER according to this single metric? Your response MUST be only a single letter: "A" or "B",
and nothing else. If they are of identical quality, make your best guess. Do not declare a tie.

+ "A": IMAGE A is better.

+ "B": IMAGE B is better.

Figure 17. RDR evaluation prompt template




Render Results Rating | Single auestion viewing mode | - All questions

Render Results Rating

The image shows rendered images from 10 different perspectives of a scene.

Questions

Task: Evaluate Structural and View Consistency. The image shows rendered images of a scene from 10 different viewpoints. Please consider the following two points: - **Plausibilty:** Are the structures of buildings/objects complete and physically sound (e.g, no floating objects, no llogical intersections)? Is the
* perspective accurate? - **Consistency:** **Importantly important* Do geometry, object positions, and textures remain consistent across different views? (e.g., a window in one view must be present in all other relevant views; the material of a brick wall must not change between different views) Based on these
two points, rate the image on a scale of 1 to 10, with higher scores indicating better plausibility and consistency.

 Scene Richness and Complexity (SRC): The images show rendered views of two scenes. Please consider the folowing two points: - Variety: Ave there diverse building types, architectural styles, and ground objects (e, trees, cars, benches, streetights)? - Completeness: Does the scene feel rch and will-
composed, or does it feel empty, repetitive, and sparse? Based on these two points, please evaluate the two images and determine which image performs better in this aspect

Figure 18. User AQS evaluation platform interface

ghting and Atmosphere-Comparison [ Singie auesion viewing mode | All Questions

- **Color & Mood:** Are the colors realistic, beautitul, and harmonious? Or are they flat, unnatural, or taded?
- **Immersion:** Does the overall image feel immersive and vibrant, or artificial, flat, and lifeless?

Based on these three points, please evaluate the two images and determine which image performs better in this aspect.

Says (Y8

B-Image

 The images show rendered views of two scenes. Please consider the following three points: Lighting: Are the shadows and highlights cast correctly and realistically? Do the materials respond correctly to the light? Color & Mood: Are the colors realistc, beautiful, and harmonious, or are
they flat, unnatural, or faded? Immersion: Does the overall image feel immersive and vibrant, or does it feel artificial, bland, and lfeless? Based on these three points, please evaluate the two images and determine which one performs better in each aspect.

Figure 19. User RDR evaluation platform interface
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