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Abstract

Developing comprehensive explicit world models is crucial
for understanding and simulating real-world scenarios. Re-
cently, Procedural Controllable Generation (PCG) has gained
significant attention in large-scale scene generation by en-
abling the creation of scalable, high-quality assets. However,
PCG faces challenges such as limited modular diversity, high
expertise requirements, and challenges in managing the di-
verse elements and structures in complex scenes. In this pa-
per, we introduce a large-scale scene generation framework,
SceneX, which can automatically produce high-quality pro-
cedural models according to designers’ textual descriptions.
Specifically, the proposed method comprises two compo-
nents, PCGHub and PCGPlanner. The former encompasses
an extensive collection of accessible procedural assets and
thousands of hand-craft API documents to perform as a stan-
dard protocol for PCG controller. The latter aims to generate
executable actions for Blender to produce controllable and
precise 3D assets guided by the user’s instructions. Exten-
sive experiments demonstrated the capability of our method
in controllable large-scale scene generation, including nature
scenes and unbounded cities, as well as scene editing such as
asset placement and season translation.

Code — https://zhouzql.github.io/SceneX/
Extended version — https://arxiv.org/abs/2403.15698

Introduction

In the realm of Artificial General Intelligence (AGI), de-
veloping comprehensive world models is crucial for un-
derstanding and simulating real-world scenarios. Recent
advancements, such as those demonstrated by the Sora
model (Brooks et al. 2024), show progress in capturing
physical laws and generating realistic simulations. How-
ever, Sora’s outputs often lack detailed geometry and struc-
tured information, limiting their editability and interactiv-
ity. To address these limitations, explicit world models pro-
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vide a more robust solution. By constructing worlds with
detailed mesh assets and evolving them according to pre-
defined physical rules, these models leverage Physically
Based Rendering (PBR) to ensure high geometric consis-
tency and detailed visualization. Procedural modeling meth-
ods, such as those outlined by Lindenmayer et al. (Linden-
mayer 1968), show great promise in generating realistic and
intricate world models through adjustable parameters and
rule-based systems using tools like Blender. For example,
Infinigen (Raistrick et al. 2023) proposes a procedural gen-
erator to generate large-scale natural scenes encompassing
terrain, weather, vegetation, and wildlife. (Lipp et al. 2011)
and (Talton et al. 2011) use procedural modeling to gener-
ate city-level street or layout. Although these procedural ap-
proaches generate high-quality 3D assets, they are beginner-
unfriendly and time-consuming due to the comprehensive
grasp of generation rules, algorithmic frameworks, and in-
dividual parameters of procedural modeling. For instance,
generating a city, as shown in Fig. 1, requires the effort of a
professional PCG engineer working for over two weeks.

To address the above problems, existing works such as
3D-GPT (Sun et al. 2023) and SceneCraft (Hu et al. 2024)
introduce an instruction-driven 3D modeling method by in-
tegrating an LLM agent with procedural generation soft-
ware. Despite the successful collaboration with human de-
signers to establish a procedural generation framework,
these methods still exhibit significant limitations. Firstly, the
restricted editing capabilities of fixed 3D resources prevent
SceneCraft from attaining the same degree of precision in
3D resource editing as is achievable through procedural gen-
eration. Secondly, 3D-GPT is based on the procedural gen-
eration model Infinigen, which restricts its capacity to fully
utilise existing PCG resources. This is exemplified by the
inability to generate extensive terrain and limitless cities.
Finally, the task of generating a large-scale scene is often
composed of multiple related subtasks, such as the planning
of the scene layout, the generation and placement of assets,
and the adjustment of environmental details. However, there
is currently no effective way to manage the execution order
and dependencies of these tasks.

In this paper, we introduce the SceneX framework, con-
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Figure 1: The proposed SceneX can create large-scale 3D natural scenes or unbounded cities automatically according to user
instructions. The generated models are characterized by delicate geometric structures, realistic material textures, and natural
lighting, allowing for seamless deployment in the industrial pipeline.

sisting of PCGHub and PCGPlanner. PCGHub addresses
the limitations of individual PCG modules, which are con-
strained by their inherent algorithms and predefined rules.
By integrating diverse procedural modules and encapsu-
lating them with corresponding APIs, PCGHub offers a
platform for continuously incorporating new PCG capabil-
ities, thus supporting the expansion and diversity of pro-
cedural generation resources. Due to constraints in proce-
dural algorithms and predefined rules, unrestricted com-
bination of all procedural methods is infeasible. Thus,
we develop the PCGPlanner to coordinate PCG methods
within these constraints. PCGPlanner accesses and inte-
grates procedural modules, enabling effective coordination
and seamless integration. Our work improves scene genera-
tion flexibility and diversity, reduces entry barriers for non-
coders, and efficiently uses existing technologies for accessi-
ble, community-friendly procedural generation. Our SceneX
possesses several key properties:

1. Efficiency: Benefiting from the proposed PCGHub and
PCGPlanner, our SceneX can rapidly produces extensive,
high-quality 3D assets, including terrain, city, and forest.
Moreover, we only need a few hours to generate a large-
scale city, whereas it would take a professional designer

over two weeks.

. Controllability: SceneX can generate 3D scenes satisfy-
ing personalized demands. It achieves scene editing ac-
cording to the descriptions, such as adding objects, object
placement, translating the season, and so on.

. Diversity: SceneX overcomes conventional generation
constraints by integrating multiple subtasks, enabling
flexible and diverse scene generation at scale.
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Related Works

Learning Based 3D Generation. In recent years, 3D as-
set generation has witnessed rapid progress, combining the
ideas of computer graphics and computer vision to realise
the free creation of 3D content. Presently, predominant re-
search in 3D asset generation primarily concentrate on cre-
ating individual objects (Poole et al. 2022; Liu et al. 2023;
Lin et al. 2023a), 3D avatars (Zhang et al. 2023a; Kolotouros
et al. 2024; Hong et al. 2022), and 3D scenes (Hollein et al.
2023; Zhang et al. 2024a; Fridman et al. 2024; Zhang et al.
2023c). Among these, ZeroShot123 (Liu et al. 2023) pro-
poses a method based on a diffusion model, which realizes
the 3D model of the target based on a picture. DreamFusion
(Poole et al. 2022) proposes a NeRF-based approach that al-
lows the model to generate a corresponding 3D model based
on the input text. Compared with single object generation,
it is more practical and challenging to generate large-scale
scenes, including the generation of natural landforms (Hao
et al. 2021; Liu et al. 2021; Chen, Wang, and Liu 2023) and
borderless cities (Lin et al. 2023b; Li et al. 2023; Xie et al.
2024). CityDreamer (Xie et al. 2024) builds vast, large-scale
3D cities based on the layout of real cities, enhancing urban
reconstruction accuracy and stability. SceneDreamer (Chen,
Wang, and Liu 2023) proposes a method to generate 3D bor-
derless scenes within 2D plots using BEV representations.

Procedural Based 3D Generation. Researchers have
delved into the procedural generation of natural scenes
(Gasch et al. 2022; Zhang et al. 2019) and urban
scenes (Lipp et al. 2011; Talton et al. 2011; Vanegas et al.
2012; Yang et al. 2013) using Procedural Content Gener-
ation (PCG). For instance, PMC (Parish and Miiller 2001)
proposes a procedural way to generate cities based on 2D
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Figure 2: Tree PCG API documentation, API functions, and
tree generation results.

ocean or city boundaries. It employs mathematical algo-
rithms to generate blocks and streets and utilizes tailgat-
ing technology to generate the geometry of buildings. While
these traditional computer graphic methods can produce
high-quality 3D data, all parameters must be pre-entered into
the procedurally generated process. This significantly con-
strains flexibility and practical usability. Infinigen (Raistrick
et al. 2023; Zhang et al. 2024b) introduces a technique
for procedurally generating realistic 3D natural objects and
scenes. Although Infinigen generates infinitely assets, users
are unable to customize the generated outcomes because of
their specific requirements. In this paper, we propose a more
convenient method to produce procedural assets.

LLM Agents. Benefiting from knowledge hidden in the
large-language model (LLMs) (Raffel et al. 2020; Achiam
et al. 2023a; Chowdhery et al. 2023), researchers explore
LLMs to address intricate tasks beyond canonical language
processing domains. These tasks encompass areas such as
mathematical reasoning (Imani, Du, and Shrivastava 2023;
Wei et al. 2022), medicine (Yang et al. 2023; Jeblick et al.
2023), and planning (Zhang et al. 2023b; Gong et al. 2023;
Huang et al. 2023). Thanks to powerful reasoning and gen-
eralization capabilities, LLMs act as practiced planners for
different tasks. For example, (Huang et al. 2022) utilizes the
expansive domain knowledge of LLMs on the internet and
their emerging zero-shot planning capabilities to execute in-
tricate task planning and reasoning. (Gong et al. 2023) in-
vestigates the application of LLMs in scenarios involving
multi-agent coordination, covering a range of diverse task
objectives. (Zeng et al. 2022) presents a modular framework
that employs structured dialogue through prompts among
multiple models. Moreover, specialized LLMs for particu-
lar applications have been explored, such as HuggingGPT
(Shen et al. 2024) for vision perception tasks, VisualChat-
GPT (Wu et al. 2023) for multi-modality understanding,
Voyager (Wang et al. 2023) and (Zhu et al. 2023), Sheet-
Copilot (Li et al. 2024) for office software, and Codex (Chen
et al. 2021a) for Python code generation. Inspired by exist-
ing works, we explore the LLM agent to PCG software, e.g.,
Blender, to provide automatic 3D assets generation.

SceneX: All-in-One PCG Solution

We present the SceneX framework for versatile scene gener-
ation, which includes PCGHub and PCGPlanner. PCGHub
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Capability | Num.PCG | Capability | Num.PCG
Terrain 12 Water 4
Weather 15 Snow 3
Vegetation 65 Assets placement 13
Buildings 37 Materials 361
Blocks 17 Dynamic People 4
Cities 12 Dynamic Vegetation 23
People 6 Dynamic Vehicles 3

Table 1: Overview of PCGHub capabilities.

Figure 3: Visualization of scatter layout results, showcasing
diverse ground cover effects generated using various vegeta-
tion assets.

integrates a vast array of procedural modules and 3D as-
sets, offering extensive procedural capabilities, while PCG-
Planner coordinates these procedural modules within a well-
defined algorithmic structure. The framework seamlessly in-
corporates user-provided PCG and assets into the workflow.
Leveraging user text input, the framework enables the effi-
cient and precise generation of diverse, high-quality scenes.

PCGHub

For scene generation tasks, the diversity of scenes is intrin-
sically linked to the diversity of assets. Therefore, we in-
troduce PCGHub, a platform that integrates a wide range
of PCG modules and 3D assets. It provides detailed doc-
umentation and APIs for swift integration of varied PCG
techniques, addressing the limitations of traditional methods
and improving content realism. A summary of the extensive
PCG modules available in PCGHub is provided in Table 1.
Procedural Assets. To develop PCGHub, we assemble a
comprehensive collection of 172 procedural assets, catego-
rized into natural environments, architecture, biology, en-
vironmental impacts, and science fiction elements. These
assets are generated using Blender node graphs, which al-
low the creation of a virtually infinite range of variations
through adjustments to geometry and shader parameters.
From the original 2,362 parameters, we extract 263 human-
interpretable parameters and encapsulate them into APIs.
Each API is comprehensively documented, including func-
tional descriptions, parameter specifications, and types, to
facilitate their utilization via language models. Fig. 2 illus-
trates an example of API documentation, the corresponding
APIs, and the resulting trees generated through these APIs.
To further address the issue of limited PCG asset variety, we
also collect 11,284 high-quality 3D static assets, enhancing
the overall diversity and richness of the available assets.
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Figure 4: SceneX framework converting user text input into diverse 3D scenes through four stages: scene decomposition stage,
terrain generation stage, objects generation & retrieval stage and assets placement stage.

Procedural Layout Generators. Complex arrangements
exist in various environments. To replicate these patterns,
we predefine five types of layouts: scatter layout, which
distributes assets randomly within a given area; grid lay-
out, which arranges objects in a uniform grid pattern; linear
layout, which arranges objects sequentially along a defined
path, such as roads, rivers, or railways; nested layout, which
organizes objects within a larger structure, such as build-
ings in a small neighborhood or attractions within a park;
and area filling layout, which places objects according to
specific rules to fill an entire designated area. For each lay-
out type, we provide one or more corresponding procedural
layout generators. By utilizing various objects for each lay-
out type, we can generate a diverse range of scenes. Fig. 3
demonstrates the scatter layout’s effectiveness.

PCGPlanner

PCGPlanner utilizes the resources provided by PCGHub for
efficient scene generation. As illustrated in Fig. 4, the fully
automated scene generation process comprises the follow-
ing stages:(1) Scene Decomposition: Analyzes the scene re-
quirements to identify the necessary assets; (2) Terrain Gen-
eration: Constructs the foundational terrain and applies the
appropriate materials; (3) Objects Generation & Retrieval:
Involves generating or importing the assets required for the
scene; (4) Asset Placement: Utilizes diverse layout types
and procedural generators to arrange assets within the scene.
Systematic Template. To endow the LLMs with the capa-
bility for modeling scenes, We introduce a systematic tem-
plate to prompt LLMs in a scene modeling task. For each
agent, the prompt P has a similar structure defined as P,
(R;, T;, Dy, F;, F;), where i corresponds to different subtasks
. The constituents of the prompt are defined as follows:
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e Role Each agent is given a specific role R which de-
scribes its responsibility in the scene generation process.

e Task T gives a detailed explanation of the goals for
the agent. In the meanwhile, the constraints are also ex-
pounded executing these tasks.

e Document At each step, the agent is prompted by a
knowledge document according to their task. We denote
D as the collection that contains all the knowledge docu-
mentation pre-defined in PCGHub.

e Format F denotes the output format for each agent.
To precisely and concisely convey information between
agents, the output format of each agent is strictly defined.

o Examples Examples are provided as reference to help
agents follow the format strictly.

The systematic template guides LLMs to produce accurate
outputs, enhancing the success rate and executability rate.
Scene Decomposition Stage. As illustrated in Fig. 4, this
stage converts user textual descriptions into a rough list of
objects for the target scene. The detailed object requirements
and their corresponding procedural modules are outlined in
the knowledge documentation Dgecomposition- The process
can be formulated as follows:

{01, cee 70n} — LLMdecomposition (Qa Pdecomposition)

where ¢ is the user input, and o; represents an object
with its associated modules and descriptions structured as
{{module: description}, ... {module: description}}.
Additionally, recognizing that user may omit essential de-
tails, we incorporate an Assets Clarity Assessment to iden-
tify and resolve ambiguities by actively querying users to
obtain missing details for a complete preliminary plan.



Hyperparameter Generator. The Hyperparameter Gener-
ator (HyperparamGen) performs as an executor, which con-
verts textual descriptions into PCG parameters and applies
these parameters to APIs. Within PCGHub, each API is de-
fined as a Python function with multiple predefined param-
eters. For each API, a corresponding knowledge document
D, € D is provided to the Hyperparameter Generator. This
document contains essential details required to generate the
appropriate hyperparameters for executing the API. The hy-
perparameter generation process is formulated as follows:

ey

where « represents the initial hyperparameters and o* de-
notes the optimized parameters. In cases where the descrip-
tion may include incomplete parameter information, the Hy-
perparameter Generator is instructed to automatically se-
lect feasible parameters from available options based on the
other parameters. The inferred parameters are utilized to ex-
ecute the corresponding APIs in the Blender Python envi-
ronment, completing all tasks efficiently.

Terrain Generation Stage. This stage is responsible for ter-
rain generation within the scene. Unlike other assets, terrain
lacks distinct characteristics that can be effectively identified
using CLIP (Radford et al. 2021). Thus, a specialized terrain
generation PCG is employed to ensure accurate and detailed
control. As shown in the second panel of Fig. 4, the PCG
provides extensive control over terrain attributes, including
geometry and material properties. It enables precise adjust-
ments to terrain slope, elevation, and features such as val-
leys, ensuring that the generated terrain meets specific scene
requirements with both flexibility and accuracy.

Objects Generation & Retrieval Stage. Based on the de-
tailed object descriptions provided by the Scene Decompo-
sition Stage, we need to search within PCGHub for assets to
directly import or suitable APIs to generate procedural as-
sets. To achieve accurate retrieval, the Objects Generation &
Retrieval Stage manages this process by encoding these de-
scriptions into embeddings for retrieval. A pre-trained CLIP
model is employed: text-to-text retrieval is used for proce-
dural assets APIs, and text-to-image retrieval is used for 3D
static assets. As depicted in the third panel of Fig. 4, each
static asset in PCGHub is represented by a 768-dimensional
vector derived from its rendering image. These vectors are
compared with the input description embedding, and one of
the top five most similar results is randomly selected based
on cosine similarity and imported into the Blender scene.

o « HyperparamGen(«, P, 0;)

@

where Asset; € I" represents the retrieved static asset from
the asset collection I'. For text-to-text retrieval, the most rel-
evant API is also selected by its functional description em-
bedding. If the retrieval result is an asset, it will be directly
imported into the scene project. On the other hand, the re-
trieved API is to be passed to the Hyperparameter Generator.
Assets Placement. In large-scale scene generation tasks, as-
set placement is inherently complex. It involves not only
identifying spatial relationships between objects but also de-
termining how these relationships should be represented. To

Asset; < Retrieval(o,)
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address this, we propose a method based on asset relation-
ships to guide asset placement. As illustrated in the fourth
panel of Fig. 4, the LLM, guided by the predefined layout
types, selects the appropriate layout for each object. Sub-
sequently, the LLM defines the spatial relationships among
assets in the scene. Each asset relationship pair is processed
by the Hyperparameter Generator, which generates the nec-
essary parameters for asset placement. These parameters are
then utilized by the Procedural Layout Generators to arrange
the assets accordingly in Blender.

Experiments

The goals of our experiments are threefold: (i) to ver-
ify the capability of SceneX for generating photorealistic
large-scale scenes, including nature scenes and cities, (ii)
to demonstrate the effectiveness of SceneX for personalized
editing, such as adding or changing,(iii) to compare different
LLMs on the proposed benchmark.

Benchmark Protocol

Dataset. To evaluate the effectiveness of proposed SceneX,
we use GPT-4 to generate high-quality 50 scene descrip-
tions, 50 asset descriptions, and 20 asset editing descrip-
tions. The scene descriptions involve natural scenes and
cities. Then, we feed them to our SceneX to generate cor-
responding models, which are used to perform quantitative
and qualitative comparisons.

Models. When generating and editing the 3D scenes, we
adopt the leading GPT-4 as the large language model with
its public API keys. To ensure the stability of LLM’s output,
we set the decoding temperature as 0.

Metrics. We use Executability Rate (ER@1) and Success
Rate (SR@1) to evaluate LLMs on our SceneX. The former
measures the proportion of proposed actions that can be ex-
ecuted, and the latter is used to evaluate action correctness
(Chen et al. 2021b). Moreover, to quantify aesthetic quality,
we adopt a unified judgment standard as a reference. We di-
vide the aesthetics of generated scenes into five standards:
Poor (1-2 points)/Below Average (3-4 points)/Average (5-6
points)/Good (7-8 points)/Excellent (9-10 points). We en-
listed 35 volunteers to assess the quality of our generation,
including 5 PCG experts. We use the average score (AS) and
average expert score (AES) to evaluate our method.

Main Results

Generation Quality. We begin by showcasing several ex-
amples of our SceneX for generating large-scale nature
scenes and unbounded cities. The results are shown in
Fig. 5. From the results, we can observe that the proposed
SceneX can produce highly realistic scenes in both natural
scenes and cities. Moreover, the generated content is cor-
rectly corresponding to the provided texture descriptions.
These demonstrate the power and effectiveness of our pro-
posed LLM-driven automatic 3D scene generation frame-
work. Fig. 6 shows the qualitative comparison results be-
tween the learning-based methods for city scene reconstruc-
tion work and SceneX. From the results, we can observe that
learning-based methods commonly suffer similar problems:
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Figure 5: Visualization of the generation quality for large-
scale scenes and cities.

Method AS AES
Magic 3D (Lin et al. 2023a) 4.48 3.50
DreamFusion (Poole et al. 2022) 4.55 3.60
Text2Room (Hollein et al. 2023) 5.73 6.10
CityDreamer (Xie et al. 2024) 5.47 6.80
Infinigen (Raistrick et al. 2023) 5.42 6.00
3D-GPT (Sun et al. 2023) 4.94 6.20
WonderJ (Yu et al. 2024) 5.28 6.00
SceneX (Ours) 7.83 7.70

Table 2: Comparative analysis of average score (AS) and av-
erage expert score (AES).

low 3D consistency and building structural distortions. For
example, PersistanNature (Chai et al. 2023) and InfiniCity
(Lin et al. 2023b) both appear to have severe deformation
in the whole scene level. SceneDreamer (Chen, Wang, and
Liu 2023) and CityDreamer (Xie et al. 2024) have better
structure consistency, but the building quality is still rela-
tively low. These factors limit their large-scale application
in industry. In comparison, the proposed SceneX generates
highly realistic and well-structured urban scenes without the
issues of structural distortions and layout defects compared
to learning-based methods. These results demonstrate the ef-
fectiveness of SceneX for large-scale city scene generation.
Aesthetic Evaluation. To better evaluate the generation
quality of SceneX, we collect the results of related works in-
volving text-to-3D work and Blender-driven 3D generation.
These results are subjected to aesthetic evaluation by a panel
comprising of 35 voluntary contributors and 5 experts in 3D
modeling, with the scoring criteria outlined in Section 4.1.
As shown in Table 2, our scores for AS and AES surpass the
second-highest scores by 2.10 and 0.9 points, respectively.
Compared to the other works, our project reaches a good
level, indicating the high generation quality of SceneX.

To evaluate the consistency between text inputs and the
generated assets, we calculate the CLIP similarity between
input text and rendered images. To better illustrate the re-
sults, we utilize three different CLIP models for testing,
including ViT-L/14 (V-L/14), ViT-B/16 (V-B/16) and ViT-
B/32 (V-B/32), respectively. The detailed results are dis-
played in Table 3. We compare representative text-to-3D
approaches (e.g. WonderJ (Yu et al. 2024), Text2Room
(Hollein et al. 2023), and DreamFusion (Poole et al. 2022))
and Blender-driven 3D generation works (e.g. BlenderGPT,
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Figure 6: Comparative results on city generation.

V-L/14 V-B/16 V-B/32

Wonder] (Yu et al. 2024) 18.78 25.70 25.45
Text2Room (Hoéllein et al. 2023) 23.51 30.10 29.29
Magic 3D (Lin et al. 2023a) 27.86 31.78 31.94
DreamFusion (Poole et al. 2022) 29.40 35.37 31.60
BlenderGPT 21.23 25.65 26.19
3D-GPT (Sun et al. 2023) 18.67 25.80 25.59
SceneCraft (Hu et al. 2024) 22.04 25.82 25.30
SceneX (Ours) 22.82 27.82 26.89

Table 3: Assessing prompt-rendered result similarity with
various models.

150m x 150m 500m x 500m 2.5km x 2.5km
Scene  City Scene  City Scene  City
Human 1h 40min 3h 4h - >3w
Infinigen 14min - - - - -
SceneX 2min 1.5min 10min 6min - 20h

Table 4: Comparing the time required for natural scene gen-
eration and city generation at different terrain scales.

3D-GPT (Sun et al. 2023), and SceneCraft (Hu et al. 2024)).
Although the similarity scores of text-to-3D methods are
higher, it is reasonable because their training or optimization
includes the text-to-image alignment process. Compared to
the Blender-driven 3D generation works, SceneX achieves
the highest score, indicating its capability to accurately exe-
cute the input prompts and generate results.

Efficiency Evaluation. To illustrate the efficiency of
SceneX, we provide the time required of our method com-
pared with Infinigen (Raistrick et al. 2023) and human craft.
The experiments are performed on a server equipped with
dual Intel Xeon Processors (Skylake architecture), each with
20 cores, totaling 80 CPU cores. Additionally, we consult
3D PCG experts to determine the time needed to construct
the same natural and urban scenes. Table 4 shows SceneX
is 7 times faster than Infinigen in generating 150m x 150m
scenes, and 30 times faster than manual creation of large-
scale cities by 3D PCG experts.



| Task Document Examples Role ER@1 SR@1
1| v 16.00 25.00
2 v 42.00 47.62
3] v v 84.00 71.43
4 v 92.00 7391
5|1 v v 92.00 76.09
6 v v 92.00 76.09
7 v v v 92.00 78.26
8 v v v 9400 78.72
91 v v v v 94.00 80.85

Table 5: Results of different prompt components for tree as-
set generation. Examples, Role, Document and Task repre-
sent four integral components of the prompt template.

Generate a tree with the
sprawling branches

Make the tree look
like a dead tree

Make trees more lush

atree in autumn

<

3

. Jlb‘._.__———--—— B

2

X ?
e

Convert snowy
mountains to mud

Generate a winter terrain increase the number
of forest of mountains

lower the height of
the mountains

Figure 7: Visualization of the personalized editing results.

Personalized Editing Results. To demonstrate the capabil-
ity of our method for personalized editing, we conduct ex-
periments on 3D asset generation guided by users’ instruc-
tions. The results are shown in Fig. 7. It is evident that the
changes in the edited text are closely related to the mod-
ifications in 3D assets. SceneX demonstrates a versatile,
highly controllable, and personalized editing ability by ma-
nipulating 3D assets from various perspectives. These re-
sults demonstrate that our method supports user-instruction
editing, significantly reducing the difficulty of 3D asset gen-
eration and accelerating the industrial production process.

Ablation Study

To analyze the impact of various components within the sys-
tematic template, we conduct an ablation study based on
the tree plugin in PCGHub. During the experiment, we uti-
lize the dataset from Section 4.1 for testing, maintaining a
consistent format. We incrementally add or remove different
parts of the systematic template, using ER@1 and SR@1 as
metrics to observe the impact of various components on the
system. The results are shown in Table 5. It is evident from
the results that augmenting the Task, Document, Examples
and Role components contributes to an increase in ER@1
and SR@1. Among these, the inclusion of the Example com-
ponent results in the most significant improvement, resulting
in a maximum increase of 76.00% and 51.09% in ER@1 and
SR@]1 respectively. Conversely, the Role component has the
least impact, with maximum increases of 2.00% and 2.59%
in ER@1 and SR@1 after its addition. These results sug-
gest that the setting of Task significantly impacts the perfor-
mance of LLMs. By clarifying the goals and requirements

10812

Scene Generation  Asset Generation

Model ER@I SR@I ER@I SR@I
Llama2-7B(Touvron et al. 2023)  30.00  53.33 38.00 57.89
Llama2-13B(Touvron et al. 2023) 44.00  59.09 5400  66.66
Mistral(Jiang et al. 2023) 76.00  68.42 94.00  85.11
Gemma-2B(Team et al. 2024) 6.00 3333 2200 4545
Gemma-7B(Team et al. 2024) 3600 55.56 68.00  73.53
GPT-3.5-turbo(Brown et al. 2020) 66.00  60.60 82.00 82.93
GPT-4(Achiam et al. 2023b) 86.00  86.05 96.00  85.42

Table 6: Comparing the performance of different language
models in natural scene generation and city generation.

of the task, the system can better understand the user’s intent
and better meet the needs when generating output. Examples
play an important role in designing proxy prompts. By pro-
viding concrete examples, the system can better understand
the user’s intent and needs and produce high-quality out-
put related to the input text. Documentation provides back-
ground information that can help the system better meet user
expectations when generating output.

Comparing with Different LLMs

To investigate the performance of different variants of large
language models (LLM) in SceneX, we test public LLM
APIs like gpt-3.5-turbo, gpt-4 and several external open-
source LLMs in this subsection. To ensure the stability of
LLM outputs, we set the temperature of LLM to O for all ex-
periments. We conduct experiments on 3D scene and asset
generation based on 50 scenario descriptions and 50 object
descriptions in Sec. 4.1. The results are presented in Table
6. It is evident that gpt-4 delivers the superior performance,
with Mistral closely following as the second-best. Due to
its performance and lower hardware requirements, the open-
source Mistral is a highly appealing option. When compared
to asset generation, the executability and success rates no-
ticeably decline during the generation of large-scale natural
scenes, a trend that can be attributed to the increased task
complexity. In particular, as the number of components in-
volved in the system expands, the LLM may face challenges
in maintaining their accuracy. Nonetheless, our method ex-
hibits consistent performance across different LLMs, main-
taining high levels of executability and success rates.

Conclusion

We present SceneX, a framework for automated large-
scale scene generation from text descriptions. It comprises
PCGHub, a repository of procedural assets and API docu-
ments, and PCGPlanner, which generates Blender actions to
create 3D assets based on user instructions. SceneX can gen-
erate a 2.5 km x 2.5 km city in hours instead of weeks of
professional work. Experiments validate its effectiveness in
scene generation and editing.
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