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Abstract
3D scene synthesis using natural language instructions has become a popular direction in computer graphics, with significant
progress made by data-driven generative models recently. However, previous methods have mainly focused on one-time scene
generation, lacking the interactive capability to generate, update, or correct scenes according to user instructions. To overcome
this limitation, this paper focuses on text-guided interactive scene synthesis. First, we introduce the SceneMod dataset, which
comprises 168k paired scenes with textual descriptions of the modifications. To support the interactive scene synthesis task,
we propose a two-stage diffusion generative model that integrates scene-prior guidance into the denoising process to explicitly
enforce physical constraints and foster more realistic scenes. Experimental results demonstrate that our approach outperforms
baseline methods in text-guided scene synthesis tasks. Our system expands the scope of data-driven scene synthesis tasks
and provides a novel, more flexible tool for users and designers in 3D scene generation. Code and dataset are available at
https://github.com/bshfang/SceneMod.

CCS Concepts
• Computing methodologies → Computer graphics; Natural language processing; • Computer systems organization →
Neural networks;

1. Introduction

3D scene synthesis based on deep learning is an important task
with numerous applications for 3D content generation, from inte-
rior design to video gaming and virtual reality. It demands the gen-
erated scenes to be realistic, high-fidelity, and functionally accu-
rate [PPL∗24]. Integrating instruction to generate scenes that con-
form to users’ instructions and envisioned concepts is also vital.
For example, in a generation system, a user might want to either
increase or decrease the number of table lamps in the bedroom
or wish to reconfigure the overall furniture layout and direction.
Also, users may prefer a sequential, step-by-step object generation
process, initiating with the generation of primary items such as a
double bed for the bedroom or a dining table and chairs for the din-
ing room, subsequently expanding towards a fully realized scene.
Therefore, an ideal scene synthesis system should possess the capa-
bility to interactively update its generated results in alignment with
user commands rather than merely producing a complete scene in
a single effort.

This paper focuses on the interactive, text-guided scene syn-
thesis task. From the user interaction perspective, guidance via
free-form language emerges as the most flexible approach, be-
ing highly semantic, unconstrained, and a very intuitive means
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of conveying ideas. In the domain of 3D scene generation, tex-
tual description guidance has also become increasingly popular,
offering a user-friendly and flexible interface for creation. Many
data-driven generative methods have explored text-guided gener-
ation [WYN21, PKS∗21, TNM∗23, LXJ∗23, LM24]. However, all
these methodologies focus on one-off scene generation, lacking the
capability for interactive updates and modifications to scenes.

To obtain interactive controllability in a generative system, the
first challenge is to link language with possible modifications to
3D scenes. While numerous works have studied text-guided image
editing [MMM∗24], descriptions of possible modifications in 3D
scenes encompass more subtle spatial relationships and patterns.
The textual instruction can not only delineate the position change
of objects within the scene but also contain the relative positioning
and geometrical relationships among elements in the scene. More-
over, no datasets exist that associate pairs of 3D scenes with textual
instructions to update from the source scene to the target scene.
Current 3D indoor scene datasets merely provide independent in-
door scenes without paired scenes that could facilitate the learning
of scene modifications. Consequently, we introduce the SceneMod
dataset, which comprises 168k pairs of scenes with textual modi-
fiers, to support training an interactive scene synthesis system.

Based on the SceneMod dataset, we developed a unified two-
stage graph diffusion model for various interactive scene synthe-
sis tasks. On the one hand, the diffusion model has demonstrated
robust capabilities across various generative tasks [YZS∗23] and
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“Create a bedroom by placing a 

blue double bed with a wooden headboard 

on the right side of a black wardrobe 

with doors.”

“Take the armchair out 

of the room.”

“Reorganize the bedroom so that the double bed 

is positioned on the right side of the room.”

"Add a wooden chair next 

to the table."

"Shift the shelf so it is positioned 

closely to the left of the black 

wardrobe."

Figure 1: We introduce a text-guided interactive scene synthesis system that supports progressive generation and modification during scene
synthesis. The examples in the figures are samples from our proposed dataset.

also excels in the domain of scene synthesis [TNM∗23,LM24]. On
the other hand, the scene graph data structure serves as an effec-
tive and informative data representation, explicitly encapsulating
the structural and geometrical relationships between objects. Espe-
cially for text-guided scene synthesis tasks, scene graphs provide a
clear grounding of objects and actions described in the text, thereby
enhancing the model’s ability to link textual guidance with scene
modifications.

There are still numerous challenges associated with the data-
driven learning of scene synthesis. First, in terms of data, obtaining
reliable training data is a significant hurdle. The data must be man-
ually crafted by professionals, which is both time-consuming and
costly, constraining the scale of the dataset. Some incorrect data
with incorrect penetration or unrealistic placements in the current
training dataset is another issue [LGWM22], leading to the same
errors reproduced in the generative models’ outputs. Second, re-
garding model learning, scene design involves a variety of generic
geometric patterns and constraints, such as ensuring that generated
objects do not overlap or penetrate each other. Neural network mod-
els are not easily trained to learn these patterns and constraints ex-
plicitly. To address these issues, we define a scene-prior loss based
on geometric constraints or those learned from training data and
combine them to construct more reliable training datasets and gen-
erate more feasible results. We propose a scene-prior guidance dif-
fusion model, which guides the random denoising process of graph
diffusion to a more realistic and correct generation.

We evaluate our system on the 3D-FRONT [FCG∗21] dataset
and our proposed SceneMod dataset. Experimental results show
that our approach can generate realistic, high-fidelity indoor scenes
interactively according to user guidance. Our method outperforms
baseline approaches both qualitatively and quantitatively and sur-
passes baselines in a perceptual study. The design of the two-
stage graph diffusion model and scene-prior guidance are validated
through the ablation studies.

In summary, our contributions are:

• We introduce the text-guided interactive scene synthesis system,
enabling progressive generation and update of indoor 3D scenes.

• We introduce the SceneMod dataset that associates textual de-
scription with modification on 3D scenes that supports the train-
ing of the text-guided interactive scene synthesis system.

• We propose a two-stage graph diffusion model with scene-prior
guidance that supports various scene synthesis tasks.

2. Related Work

2.1. Indoor 3D Scene Synthesis

Early works in scene synthesis primarily addressed the optimiza-
tion problems based on prior knowledge, either from hand-crafted
rules and constraints [MSL∗11,YYW∗12] or from hand-craft mod-
eling of structural patterns in indoor scenes [YYT∗11, FRS∗12,
KCKK12, LCK∗14, CLW∗14]. These methods are good at en-
suring constraints and capturing low-order patterns but cannot
generate novel and diverse results. More recent data-driven ap-
proaches directly learn indoor scene arrangements from large-
scale datasets, utilizing various machine learning techniques, in-
cluding convolutional networks [RWL19, WSCR18], Variational
Auto-Encoders (VAEs) [PZR20,YZY∗21], Generative Adversarial
Networks (GANs) [ZYM∗20, YGZT21], transformers [WYN21,
PKS∗21, LGWM22], and diffusion methods [TNM∗23, WDP∗23,
LM24]. Additionally, scene graphs are commonly used to repre-
sent indoor scenes in scene synthesis due to their ability to provide
rich structural and geometrical information [LPX∗19, WLW∗19,
ZWK19, HHT∗20, WDNT20, DMNT21, ZÖW∗24, LM24].

Given that indoor scene design often conforms to specific con-
straints or priors, some data-driven methods have been developed
to integrate these scene priors into the model’s training or infer-
ence. [YZY∗21] employs an optimization stage to refine object
arrangements generated by a variation auto-encoder model based
on learned relative attribute priors. [LGWM22] incorporates an er-
gonomic loss, crafted by experts, into the training of a transformer-
based model. Different from those methods, we use a diffusion
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model to generate the scene graph of indoor scenes and guide the
sampling process with scene priors to satisfy various priors inher-
ent in indoor scene design explicitly.

2.2. Interactive 3D Scene Synthesis

In 3D indoor scene synthesis, allowing users to interactively par-
ticipate in the generation process enhances the �exibility and con-
trol of the output, thereby aligning more closely with user expecta-
tions. There are various kinds of methods for integrating user feed-
back into the synthesis process. [MSL� 11] generates a series of
scenes based on interior design guidelines and lets users choose
from them. Tools like SceneSuggest [SCA17] and SceneDirec-
tor [ZTL� 23] provide interactive interfaces where users can select
objects to generate or modify through mouse clicks. Based on user-
selected query point location, [YYT15,ZWK19] suggest appropri-
ate object categories and models to detail the scene. Meanwhile,
[LZWT20,DMNT21,ZÖW� 24] employ a scene graph as the scene
representation, enabling users to modify the scene through explicit
manipulation of the scene graph. [CESM17] and [MPF� 18] utilize
natural language descriptions to guide scene generation and edit-
ing, offering a more �exible and user-friendly guidance method.
In this paper, we aim to introduce a general text-guided interactive
system capable of generating and modifying 3D scenes based on
free-form natural language instructions in an end-to-end manner.

2.3. Language-driven 3D Scene Synthesis

Traditional approaches [CSM14,CMS� 15,CESM17,MPF� 18] ex-
tract information about object categories and spatial relationships
from language descriptions through sentence parsing and then ap-
ply optimization techniques to arrange objects within a scene.
More recently, methods use cross-attention mechanisms [VSP� 17]
to integrate text descriptions as conditions for models, enhanc-
ing the pro�ciency of text-guided generation through data-driven
training. To obtain training data with text descriptions, [WYN21,
PKS� 21,TNM� 23,LM24] automatically generates textual descrip-
tions based on the object categories and spatial relationships
present in scenes. Additionally, [LXJ� 23,LM24] extract visual fea-
tures of 3D objects and incorporate visual information into de-
scriptions, enabling text to control scene style and object appear-
ance. With the advent of large language models (LLMs), some
LLM-based methods have been designed for text-guided scene
synthesis [FZF� 24, WLSF23, YSW� 24, AKGH� 24]. These meth-
ods exploit the textual generative capabilities of LLMs to produce
scene layouts in CSS-like formats [FZF� 24] or domain-speci�c
languages [YSW� 24,AKGH� 24]. Their advantage is the ability to
generate open-universe scenes without the need for additional train-
ing. However, they are constrained by LLMs' limited understand-
ing of high-order semantics [YBL� 23, CXK� 24], such as spatial
relationships in 3D scenes, which hampers their potential to exe-
cute subtle instructions. Despite recent advances, text-guided scene
synthesis has mainly focused on one-time scene generation, lacking
interactive editing and progressive generation capabilities.

3. Text-guided Scene Modi�cation Dataset

To facilitate the training of our interactive scene modi�cation
model, we introduce the new SceneMod dataset, which comprises

168k samples in the form of (scene A, scene B, text description)
triplet. Scene B is derived from scene A through speci�c manipula-
tions, with the text description providing natural language guidance
on the modi�cations.

We develop an automated sample generation pipeline to produce
feasible pairs of scene modi�cations and human-like natural lan-
guage descriptions. The pipeline overview is illustrated in Figure 2.

3.1. Scene Pairs Generation and Selection

The SceneMod dataset encompasses two types of modi�cation pat-
terns: i) Object-level modi�cation, which pertains to operations on
individual objects. This includes placing an object in a scene, re-
moving an object, or moving an object. ii) Scene-level modi�ca-
tion, which involves alterations to the entire scene. It requires a
rearrangement of the positions of objects within the scene. By inte-
grating these two levels of modi�cations, users can easily re�ne or
adjust the generated scenes in the interactive scene synthesis sys-
tem.

In this section, we denote the 3D-front dataset asf X j
1:n j

gNd
j= 1,

whereNd is the sample number of 3D-front dataset andn j is the
object number of sceneX j . Note thatX j can be viewed as the set
of nodes of the scene graph in Section 4.1, where a node repre-
sentation isx j

i = [ t j
i ;sj

i ;q j
i ;c j

i ; f j
i ]; i = 1; � � � ;n j . For brevity, we will

omit the superscriptj.

Object-level scene modi�cation pairsPairs related to remove
and add operations can be directly sourced from the original
scenes in the 3D-front dataset. From a well-annotated sceneX,
we randomly subsamplek + 1 objects to form the pairs (X1:k,
X1:k+ 1) or (X1:k+ 1, X1:k), where the only change between the two
scenes is the addition or removal of an object. To create scene
pairs demonstrating object movement, we train a generative model
py 1(x̂kjX1:k� 1;ck; fk), which is capable of suggesting possible lo-
cations for a given object model. The scene with a new object place-
ment can be formatted aŝX1:k = [ X1:k� 1; x̂k]. Then, we can form
a pair (X1:k, X̂1:k) or (X̂1:k, X1:k) along with the original scene,
wherein the position of an object changes.

Scene-level scene modi�cation pairsWhile interactive opera-
tions on individual objects are somewhat limited, we also want to
support abstract and high-level commands for whole-scene modi�-
cation. To acquire such data pairs, we train a scene rearrangement
generative modelpy 2(X̃1:kjX1:k) = py 2(X̃1:kjf ci ; f ig1:k), which
can provide complete scene arrangement suggestions with the con-
dition of an object setf ci ; f ig1:k from the origin scene. The newly
generated layout and the original scene together constitute a scene
modi�cation pair (X1:k, X̃1:k).

Splits We employ the same splits for the 3D-front dataset as used
in [PKS� 21], and perform the scene pairs generation and selection
in each split. Additionally, we use half of the data from each split
subset to train the two generative modelspy 1 andpy 2, and the re-
maining half to generate results for constructing scene modi�cation
pairs. More details about the training ofpy 1 andpy 2 and the scene
pairs selection process are provided in the supplementary material.
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Figure 2: The automatic pipeline for scene modi�cation data generation.

Figure 3: Examples in the SceneMod dataset.

3.2. Automatic Description Generation

Spatial variation detection The generation of textual instructions
begins by detecting the low-level spatial variations between pairs
of scenes. These spatial variants describe changes of objects within
the scene. The variation pattern for an object primarily includes
two aspects: 1) changes in its relative relationships with other ob-
jects, which can be considered as changes in the edge attributes in
the corresponding scene graph representations; 2) alterations in its
own position, such as location and orientation. For instance, in Fig-

ure 2, a table is added to scene A to generate scene B. The variation
pattern would include changes in relative relationships, such as(ta-
ble, left of, cabinet), indicating that the 'table is left of the cabinet,'
or patterns of its absolute position alterations, such as(table, left),
where the newly added table is positioned on the left side of the
room and near the left wall. Please refer to the supplementary for
more details.

Description generation and re�nementAfter detecting all spa-
tial variation patterns, we randomly select 0-2 patterns for each pair
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