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Abstract

3D indoor scene synthesis research is an important research topic in various industries and applications such as mixed
reality, robot collaboration, and digital twins. This study compares and analyzes the current status of 3D indoor scene
synthesis research in terms of features, advantages/disadvantages, and limitations based on three core research technologies:
interactive editing, optimization algorithms, and deep learning. Interactive editing-based studies support object arrangement
that reflects intentions according to situations and conditions based on user input. However, diverse and natural scene
synthesis results require a lot of time and effort and are affected by the skill of the editor. Optimization algorithm-based
studies implement a high level of automation through mathematical modeling and cost functions. However, generalized
solutions for unnatural scene production due to long processing times and local minimum convergence are ambiguous.
Finally, deep learning-based studies are characterized by high realism and diverse productions by utilizing large-scale
datasets. However, the dependency of learning data and the burden of data construction remain important issues. This study
proposes a hybrid problem-solving direction through an analysis of the current state of research and discusses application
directions in various fields such as quantitative model design, efficient data learning, and user-tailored systems.
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Table 1. Information on 3D indoor scene datasets.
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Figure 6. Example of deep learning—based scene

synthesis results according to various inputs (Layout,
Partial scene) [37].
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Figure 7. Process of performing scene
considering user interaction using ATISS
scene synthesis results as input [32].
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Methods Bedroom Dining room Living room Library
KL| FID| |CAS(%) KL| FID| |CAS(%) KL| FID| |CAS(%) KL| FID| | CAS(%)
FastSyn [35] 6.4 88.1 88.3 |51.8 |[58.9 93,5 176 |66.6 |94.5 |43.1 86.6 |81.5
SceneFormer [36] [5.2 90.6 |97.2 |36.8 |60.1 |71.3 |31.3 |68.1 72.6 |23.2 ]89.1 88.0
LayoutGPT [8] 17.5 |68.1 60.6 - - - 14.0 |76.3 ]94.5 - - -
ATISS [5] 8.6 73.0 |61.1 15.6 |47.6 ]69.1 14.1 43.3 |76.4 10.1 |75.3 |61.7
COFS [28] 5.0 73.2 |61.0 9.3 43.1 |76.1 |8.1 35.9 |78.9 6.7 75.7 166.2
DiffuScene [27] 5.1 69.0 [59.7 |7.9 45.8 170.6 |8.3 38.2 |75.1 - - -
Forest2Seq [37] [4.2 67.9 |58.3 |55 40.2 |65.6 |5.9 35.2 |68.0 |52 69.1 57.3

Table 2. Quantitative comparative experimental results in deep learning—based scene synthesis research [37].

Items Interactive Editing Optimization algorithm Deep—Learning
User input—based, Definition of cost function,
Methodology object recommendation |mathematical model such as Training large datasets

and group editing

global optimization, sampling, etc.

Data dependency

Object model resources

Sample scene,

Large—scale 3D scene dataset

user—defined parameters

Cost of calculation

Complex computational
complexity due to nonlinear
optimization

Real—time interactivity

High cost in learning process,
relatively fast inference process

Degree of user input

Low, initial constraints and

High, user—dependent parameter settings

Usqally, parameter setting
during learning process

Diversity of results

Depends on the design level of
the constraints

Deper}d.s. on user's
capabilities

Depends on the dataset

Intuitive, real—time

Strength editing capabilities Setting explicit constraints Automation, realism, diversity
. High computational volume and |Depends on dataset quality and
Weakness Highly dependent on difficulty in designing cost availability, and has high

user skill

functions

training costs.

Table 3. Comparative analysis of interactive editing, optimization algorithms,

synthesis researches.

[ 3D Indoor Scene Synthesis J
I

and deep learning—based scene

[

Interactive Editing

[ Optimization Algorithm ]

Deep-Learning

User input based
Recommendation algorithm

Mathematical model based
» Cost function optimization

Large-scale dataset based
Learned model based

Cost function
based Optimization

F f;:}'%ﬁﬂ{ ’tﬂﬁﬂ%ﬁ_})‘
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g
2 = Rl ]|
- . O -L%‘a M Bl
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S 5" @

Figure 8. Comparison of scene synthesis processes based on interactive editing [21], optimization algorithms
[2], and deep learning applications [5, 6]
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@ Optimization Algorithms Complex Problem- S°|V|n9 Method ® Deep Learning

Sample Scene
—

+ Atrtificial Bee Colony Algorithm
+ Genetic Algorithm

_[E |
)
i Serch Mot i3l
+ Multi-Objective Particle Swarm' p= - —gﬂ:ﬂ [E I . IH I
Optimization . E { ' .

Datasets Construction

Prosionalt e o

41| Object M+ 1

|—> Create Scenes with Various Situations and Backgrounds

Figure 9. An example of a complex problem—solving method that uses an optimization algorithm based on a hybrid
search method to generate various 3D scene synthesis results and use them as training data for deep
learning—based scene synthesis research [5, 6].

Research Area

Goal

Technologies

Hybrid Method Development

Develpping a scene s.ynthesis m@thodqlogy
combining deep learning and optimization
algorithms

Reinforcement Learning,
Optimization Algorithms

Reducing Data Dependency Using
Transfer Learning

Developing a model that can learn from existing
datasets without requiring new data

Transfer Learning,
Data Augmentation

Interactive Editing Tool Research

Researching interfaces that allow users to
interactively modify scenes

UI/UX, Interaction Design,
Recommendation algorithm

Optimization for Real Time
Application

Enhancing real—time responsiveness in 3D content

Lightweight Algorithms,
Real—time Rendering

User Preference Based Model
Development

Developing a system that learns user feedback to
automatically optimize scene layouts

Reinforcement_ Learning,
Recommendation Systems

Exploring Applications in Various
Fields

Exploring the potential applications of scene
synthesis in VR, AR, and Robotics

Computer Vision,
3D Reconstruction,
System Integration

Table 4. Future Research Directions in 3D Scene Synthesis.
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Learning Parameters [

3D Scene Synthesis using
Reinforcement Learning

Agent

~N

+ Trained via trial and error using rewards

|
|

|

+ Selects actions based on current scene state

\ 4

A

Action

E

nvironment

Rep the current ar of objects
llisi

A 4

Reward Factors

« No collision (penalty if overlap)

« Maintain ideal distance to walls

+ Respect layout
symmetry/functionality

« Match sample scene priors

A

the environment
« Uses Reinforcement learning algorithms

object placement actions
(.

« Learns a placement policy through interaction with

« Observes current scene state and selects optimal

J

Sample Scene

Reward & —

Observation

physical constr

« Eval int(e.g.,

L%

« Simulates the effect of the agent's action in the scene|

« Applies physical and spatial constraints

« Updates the scene state base on object
transformations(position, rotation, scale)

Figure 10. An example of how to generate 3D scene synthesis results based on reinforcement learning methods.
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