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Figure 1: (A) Traditional scene synthesis methods are fast and high-quality but lack user-system interactivity. (B) LLM-based
methods are interactive but slow and low-quality. (C) We present DGDiff for immersive 3d scene synthesis, which consists of two
stages: Stage | employs a dialog-graph synthesis approach with Chain-of-Thought (CoT) reasoning to generate structured scene
graphs from user descriptions, while Stage Il employs a multi-modal diffusion model to create immersive, high-quality scenes.
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ABSTRACT

Immersive 3D indoor scene synthesis is essential for applications
such as AR/VR and 3D content creation. However, existing ap-
proaches fail to meet the immersive AR/VR requirements for fi-
delity, user—system interaction, and production speed simultane-
ously. Traditional scene synthesis methods are overly rigid, limit-
ing user interactivity, whereas large language model (LLM)-based
approaches suffer from slow response times and imprecise spatial
structuring. To address these issues, we propose DGDiff, a novel
dialog-graph conditioned diffusion framework for immersive, con-
trollable, continuous synthesis and editing of 3D indoor scenes.
This framework combines a conversational module powered by
LLMs with a multimodal diffusion model. The conversational mod-
ule translates user dialogue into structured semantic graphs, while
the diffusion model integrates textual and graph-based conditions
to synthesize realistic, editable indoor scenes. Experimental results
demonstrate that DGDiff outperforms single-modality baselines,
achieving an improvement of over 10% in FID and a reduction of
approximately 30% in response time for dynamic scene interactive
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editing, offering an immersive and user-friendly synthesis experi-
ence. Project page: https://gitee.com/VR_NAVE/dgdiff.git

Index Terms: 3D Indoor Scene Synthesis, Dialog-graph, Multi-
modal Diffusion Model

1 INTRODUCTION

In the rapidly advancing domain of 3D content creation [21, 46,
18, 17, 49, 9, 40], scene synthesis serves as a fundamental capa-
bility supporting a variety of critical applications, including aug-
mented and virtual reality (AR/VR), digital generation, and inte-
rior design [4, 54, 22, 3, 20, 27, 25]. These applications demand
immersive 3D scene synthesis technology, which require not only
high-quality and controllable scene synthesis but also efficient edit-
ing capabilities to meet diverse user demands. However, achieving
high-fidelity and semantically aligned scene synthesis while main-
taining interactive usability remains a significant challenge. Two
predominant methods have been proposed, each addressing parts of
this challenge: (a) the traditional scene synthesis method based on
a semantic graph, which focuses on high-fidelity and semantically
aligned scene synthesis, and (b) the large language models (LLMs)
guided scene synthesis model, which emphasizes maintaining in-
teractive usability.

Traditional scene synthesis methods [41, 34, 45] typically rely
on textual descriptions or semantic graphs as inputs. While these
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approaches generally meet basic speed requirements, they often in-
volve complex and unintuitive input formats, limiting user interac-
tivity and editing flexibility. As shown in Fig. 1-A, these methods
lack interactive capabilities and frequently generate unrealistic re-
sults, including physically implausible layouts and object overlaps,
thereby compromising both generation quality and user experience.

Recent methods [11, 13, 50] leverage large language models
(LLMs) to directly generate complete indoor scenes from high-level
prompts. While these approaches enhance interactivity by enabling
natural language control, they often involve a series of complex and
cumbersome steps, resulting in slow inference speeds. Moreover,
due to limited spatial and structural precision, the generated scenes
may satisfy semantic requirements but fail to align with real-world
plausibility. As illustrated in Fig. 1-B, LLMs can lead to implausi-
ble combinations such as a nightstand being paired with a double
bed in an inconsistent layout.

To improve interactivity and editing flexibility, we propose
DGDift, which enables high-quality, controllable, interactive, and
fast immersive scene generation. To tackle the challenge of con-
trollable and interpretable indoor scene synthesis, we introduce Se-
mantic Graph Refinement via Dynamic Prompting, guided by a
cross-modal semantic decomposition strategy inspired by Chain-
of-Thought (CoT) reasoning [48, 44]. This model is a text-driven,
progressive scene topology synthesis pipeline comprising three key
stages: (1) Object Extraction and Scene Completion, (2) Functional
Group Formation, and (3) Group Layout Optimization. This step-
wise design facilitates the transformation of sparse textual descrip-
tions into high-fidelity semantic scene graphs. By explicitly mod-
eling functional groupings and spatial constraints, our method sig-
nificantly enhances the logical consistency and physical plausibility
of complex indoor environments, enabling more controllable, struc-
tured, and semantically coherent scene synthesis.

To address the challenge of inference speed and synthesis qual-
ity, we propose a multi-modal conditional scene diffusion model
that jointly leverages textual descriptions and semantic graphs to
guide the synthesis process. The textual modality is designed
to encode rich global semantics, including object categories, spa-
tial relationships, and functional intent. In parallel, the semantic
graph component is introduced to capture fine-grained spatial struc-
tures and local dependencies. By integrating these complemen-
tary modalities, the model aims to preserve the semantic coherence
of the input while improving spatial accuracy and controllability.
Our multi-modal conditional architecture not only supports more
precise, semantically aligned, and efficient indoor scene synthesis
but also achieves faster generation through the multi-modal con-
ditional scene diffusion model. Experimental results demonstrate
that DGDiff outperforms a single-modality baseline, achieving an
improvement of over 10% in FID and a reduction of approximately
30% in response time for interactive editing, offering an immersive
and user-friendly synthesis experience.

To summarize, our contributions are listed as follows.

* We propose DGDiff, a novel paradigm for immersive 3D in-
door scene synthesis based on dialog-graph conditioned dif-
fusion. By integrating large language models with diffusion
models, DGDiff introduces a text-driven semantic topology
construction process that enables immersive, controllable,
continuous synthesis and editing of indoor scenes.

e We design a multi-modal conditional diffusion model that
leverages text descriptions for global semantic guidance and
incorporates semantic graphs for fine-grained local spatial
constraints. By bridging high-level user intent and structured
spatial understanding, this multi-modality strategy facilitates
the synthesis of semantically coherent, spatially consistent,
and detail-rich scenes.
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* We conduct comprehensive experiments on the 3D-FRONT
dataset to validate the effectiveness of our method. Results
show that our approach achieves higher generation fidelity
and faster inference in both scene synthesis and editing tasks.

2 RELATED WORK
2.1 Scene Semantic Graph Generation

Early graph-based scene synthesis methods leveraged hierarchical
structures [28, 14] to encode object relationships. With the emer-
gence of scene graphs [55, 33], recent works[30, 52] adopted con-
ditional VAE[23] and graph convolutional network[19] or graph at-
tention network[42] to generate object layouts with relational con-
straints. While these methods achieved fine-grained control over
object arrangements, their graph generation modules [43, 52] oper-
ated without explicit semantic constraints or were restricted to cate-
gorical attributes, such as nodes encoding only object classes. This
resulted in semantically impoverished graphs lacking material spec-
ifications and texture-aware relationships. Our work advances this
paradigm by integrating CLIP-based semantic encoding for com-
prehensive node attributes.

2.2 Text Guided Scene Synthesis

Early text-based approaches [7, 6, 31, 37] used procedural
modeling with handcrafted rules, while transformer-based ap-
proaches [45, 34, 41] aligned text and layouts via cross-attention.
LayoutGPT[11] employs style sheet language to generate interme-
diate 2D / 3D layouts using visual planning in context, excelling
in numerical spatial reasoning. HOLODECK [50] integrated com-
monsense reasoning of GPT-4 with physics-aware optimization,
formalizing spatial constraints (proximity, alignment) via depth-
first search to generate modular 3D scenes. AnyHome[13] pioneers
open-vocabulary text-to-3D conversion by combining LLM-guided
template prompts with score distillation sampling. Although text
guidance allows for interactive input, it often fails to accurately cap-
ture 3D spatial constraints, which can result in physically implausi-
ble layouts, such as overlapping objects. Directly employing large
language models for layout generation typically involves numerous
network requests, leading to slow generation speeds. In contrast,
by introducing semantic graphs to constrain spatial relationships,
our method simultaneously improves visual fidelity and efficiency
in scene synthesis, while preserving user-friendly interaction.

2.3 Graph Guided Scene Synthesis

Scene graphs have been shown to be effective for controllable
3D synthesis, as demonstrated in EchoScene [51] and other SG-
FRONT-based methods [52]. These approaches encoded graphs
through GNNss [24, 42] to predict object poses conditioned on pre-
defined relationships. InstructScene [29] introduced a semantic
graph before translating natural language instructions into struc-
tured scene graphs via a two-stage diffusion process. However,
they required fully specified graphs as input, which constitutes a
significant bottleneck for practical applications. While semantic
graphs provided structured scene representations, current construc-
tion methods required manual template design[51] or task-specific
deep learning models[29], suffering from poor user-friendliness
and high domain adaptation costs. These methods ensured gen-
eration quality and speed to some extent, but failed in user-system
interactivity and scene controllability, unable to support continu-
ous, real-time, and user-friendly editing. Our LLM-based approach
enables semantic scene graph generation through open-vocabulary
language interaction, achieving comparable relationship accuracy.

3 OUR APPROACH

We propose DGDiIff, a conversational framework that addresses
key limitations of existing 3D scene synthesis methods by syner-
gizing large language model (LLM)-guided interactions with dual-
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Figure 2: Method overview. We propose DGDiff, which consists of two key components:(1)Semantic Graph Refinement via Dynamic Prompt,
which leverages a chain of thought to convert the input text into a semantically refined scene graph. (2)Multi-modal Conditional Scene Diffusion
Model, which integrates the conditions from text and semantic graphs through a dual-conditioned Transformer mechanism to jointly guide scene

synthesis. During the editing phase, simple text prompts can be used to refine the semantic graph, thereby altering the generated scene.

conditioned diffusion models, as illustrated in Fig. 2. Specifically,
we first briefly revisit the theoretical foundations of diffusion mod-
els and semantic scene graphs in Section 3.1. Building upon these
foundations, DGDiff utilizes a two-phase approach: (a) Semantic
Graph Refinement via Dynamic Prompting (Section 3.2), where
sparse textual inputs are transformed into detailed semantic graphs
through chain-of-thought (CoT) reasoning; and (b) Multi-modal
Conditional Scene Diffusion (Section 3.3), which combines text
embeddings for global semantic guidance with graph embeddings
for precise object-level constraints, enabling coherent multi-modal
fusion for accurate and immersive 3D indoor scene synthesis.

3.1 Preliminary

Diffusion Model (DM) [16] is generative framework based on
Markov chains, which progressively denoise data. The forward
process gradually adds Gaussian noise to data Xo according to a
variance schedule f3:

1
XZZJETXO+ V 1—&;8, af:H(l_ﬁY)7 (1)
s=1

where Xg € R? denotes the original data sample; x, € RY is the
noised data at timestep #; {s} € (0,1)7 is the predefined variance
schedule; and € ~ .47(0,1) is the standard Gaussian noise.

The reverse process learns to recover data by training a noise
predictor £g with the objective:

Lom =Erxpe[ll€ — €0 (x:,1)I[3], @)
where t ~ % (1,T) is the uniformly sampled timestep, £¢ : R? x
N — R? the denoising network parameterized by 6, and | - ||, the
Euclidean norm measuring prediction errors.

Semantic Scene Graph. A scene graph & = (¥, &) formally
represents a 3D scene through nodes ¥ (objects) and directed
edges & (spatial/semantic relationships). In our work, we employ a
triplet-GCN [19, 30, 10] to process the nodes and edges of a scene
graph, incrementally updating their features to capture structured
information within the graph. This process is repeated across mul-
tiple layers, enriching the features of nodes and edges to better rep-
resent complex relationships within the scene graph. In addition,
we follow the approach in [52, 51], using CLIP to encode features
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for edges and nodes, which are proven to bring strong inter-object
information to the scene graph [52]. Thus, each node v; € ¥ con-
tains features h; € R% encoding object attributes (category, size,
position), while an edge ¢;; = (v;,v;,ri;) € & contains relation em-
bedding r;; € R,

3.2 Semantic Graph Refinement via Dynamic Prompt

To convert natural language instructions into structured scene syn-
thesis, we formulate the semantic scene graph construction as a pro-
gressive disambiguation process guided by dynamic prompting. Let
% ={s1,...,sn} denote the tokenized user input, and ¥ = (¥, &)
represent the target semantic scene graph where:

o ¥ ={vilvi = (¢;,8;,pi, 6;) }: Nodes encoding object category
¢; € ¢, where € contains 15 predefined types, spatial parame-
ters (size s; € R3, position p; € R3, orientation 6; € [0,360°))

» & ={ejjleij = (vi,rij,v;)}: Directed edges connecting nodes
v; and v; through spatial relations r;; € %, where & contains
12 predefined types.

The translation process employs a three-stage chain-of-thought
prompting architecture that progressively constructs semantic
graphs through functional composition reasoning. We provide de-
tailed illustrations of the architecture and prompt design in the ap-
pendix for further reference.

Object Extraction & Scene Completion. The initial phase
bridges the gap between sparse user descriptions and comprehen-
sive scene understanding by jointly extracting explicit objects and
inferring implicit structural elements. Real-world indoor spaces
inherently contain foundational components (e.g., floors, ceilings,
lighting) that users often omit in textual inputs. Our dynamic
prompting strategy addresses this through two complementary op-
erations:

0 = LLM(pexp, ) U LLM (Pimp, ), )

Explicit Extraction  Implicit Completion

where pexp is a constrained decoding prompt to parse primary fur-
niture from text for Explicit Object Extraction: pexp = "List all
Surniture in {S} using ONTOLOGY: [bed, sofa, table, cabinet...]”,
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and pjp, is the spatial reasoning rules to supplement necessary ele-
ments for Implicit Scene Completion: pjmp = "Add room structures
for {S}: Floor if indoor scene, Ceiling light if no windows and
etc”. Additionally, at this stage, if the user inputs objects that are
not supported by the system (e.g., non-furniture items), the LLM
utilizes dynamic prompting to substitute them with commonsense
alternatives according to the predefined ontology.

Functional Group Formation. Building upon the extracted
objects ¢, this phase establishes semantically meaningful clus-
ters where co-located objects form functional units. Professional
scene design principles emphasize grouping furniture by activity
zones (e.g., sleeping, working), which our method operationalizes
through domain-aware prompting.

F =JF. Fi=LLM(pgp,0), 4)
k

where pgp is a taxonomy-guided prompt to group objects into ac-
tivity zones using categories. ¢ denotes the explicit extraction and
implicit completion results from the previous stage, where .7}, rep-
resents the k-th functional subgraph inferred by the LLM through
domain-specific prompting.

Intra-group spatialization then applies role-specific placement
rules through dynamically composed prompts, thereby construct-
ing functional subgraphs % that encapsulate both objects and their
spatial relations. It is noteworthy that an error-checking mechanism
is also established, which leverages the spatial reasoning capabili-
ties of LLM to detect implausible spatial relations (e.g., “sofa on top
of computer”), flagging and adjusting such inconsistencies during
the functional grouping process.

Group Layout Optimization. The final phase coordinates func-
tional groups {.%; } into a globally coherent layout through context-
aware chain-of-thought prompting, which synergizes few-shot ex-
amples with the LLM’s inherent spatial commonsense. A common-
sense verification step is further incorporated to check for physical
plausibility, such as proper furniture, thereby ensuring the overall
consistency and plausibility of the layout.

Our core methodology integrates three key components:
exemplar-guided initialization, commonsense verification, and con-
textual adaptation. First, we adopt few-shot approach to gener-
ate seed layouts based on prototypical arrangements, establishing
a robust starting point for scene synthesis. Second, commonsense
verification automatically identifies violations of design principles,
such as improper furniture-wall adjacencies, ensuring logical and
functional coherence within the scene. Finally, contextual adap-
tation enables dynamic and context-aware scene edits by making
local adjustments that preserve functional group relations while op-
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timizing spatial flow, thereby maintaining the integrity of the over-
all design. Through this three-stage refinement process, text de-
scriptions are converted into semantic graphs, with both serving as
conditions for the subsequent multi-modal diffusion model. No-
tably, error-checking mechanism is also incorporated at each stage
to handle errors and prevent their further propagation.

3.3 Multi-modal Conditional Scene Diffusion Model

Previous works [41, 52, 51] that rely on denoising architectures
conditioned on single-modal inputs suffer from limited conditional
guidance and inefficient cross-modal alignment, which may com-
promise spatial-semantic consistency. To address this issue, we
design a multi-modal conditional scene diffusion model aiming at
learning the distribution of 3D indoor scenes, which includes se-
mantic classes and placements of multiple objects. We assume a
3D scene .7 is represented as an object set {oi}f\’: 1» Where each
object o; comprises eight geometric degrees-of-freedom (8DoF)
and semantic attributes. These components include Cartesian co-
ordinates (x,y,z) define object position, bounding box dimensions
(I,w,h) specify physical extents, and trigonometric components
(sin @,cos ) encode orientation to circumvent angular discontinu-
ity. Semantic context is captured through a C-dimensional one-
hot class vector ¢;. This explicit parameterization enables differ-
entiable optimization of spatial-semantic relationships. The sinu-
soidal angular representation ensures stable gradient propagation
during pose refinement while maintaining rotation equivariance.

Transformer Architecture for Scene Synthesis. Our denoising
backbone adopts the Diffusion Transformer (DiT) [35], replacing
conventional U-Net with a transformer-based architecture. Unlike
convolutional networks that rely on local receptive fields, the self-
attention mechanism in DiT inherently models global dependen-
cies among all objects in a scene. This is critical for indoor scene
synthesis, where spatial-semantic coherence requires understand-
ing long-range object relations (e.g., nightstands typically flanking
a bed, or a dining table centrally surrounded by chairs). This allows
each object to dynamically attend to others based on their spatial-
semantic compatibility, avoiding implausible arrangements caused
by local-only processing in CNNs. Moreover, DiT’s multi-head at-
tention partitions feature into / subspaces, enabling joint modeling
of diverse relations (e.g., directional proximity, functional group-
ing) within a single layer.

Multi-modal Conditional Scene Diffusion Model. To derive
structured multimodal representations, we employ a two-stage en-
coding process. First, the textual scene description (e.g., “a bed-
room with twin nightstands besides the bed”) is encoded into a
semantic vector Cix; € R% using the pretrained CLIP [38] text
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marked with red boxes.

encoder, which preserves fine-grained object relationships (“be-
sides”). Subsequently, this text embedding is transformed into a
semantic scene graph &4 = (¥, &) through a GCN network, where
nodes ¥ represent objects with CLIP-encoded category features
{h[}f\’: 1» and edges & encode spatial relations (e.g., left/right, be-
hind).

For a conditional sampling of 3D layout parameters, our model
take multiple modalities into account, including text, scene graphs,
and 3D layout parameters. The diffusion model learns to gradually
denoise the latent scene representation x; € RV*P at timestep ,
conditioned on three complementary modalities: textual scene de-
scriptions, semantic scene graphs, and noisy object parameters X;
itself.

Given the fundamental differences between scene graph and 3D
layout parameters embeddings in terms of modality, we employ two
distinct sets of weights for each modality. As shown in Figure 3,
our approach first involves using two separate transformers for each
type of input, and then merges the sequences from both modalities
during the attention mechanism. This allows each representation to
operate within its own branch while also enabling it to consider the
other’s information.

The workflow of our model begins with three inputs: graph em-
bedding, layout noise, and text embedding. Each input is processed
through separate pathways to preserve modality-specific charac-
teristics. The inputs are converted into vector representations via
embedding layers and passed through adaptive layer normalization
(AdaLN) layers, which dynamically adjust normalization param-
eters based on input distribution. The AdaLN layers generate 12
parameters ( 0, By, ¥, Og, &> ég for the graph modality, and a,
Bs, Vs, Os, &, & for the scene modality ) . These parameters scale
and shift embeddings to prepare them for attention mechanisms.
The adjusted embeddings are processed through multi-head self-
attention to capture intra- and inter-modality relationships. Outputs
pass through gating layers that control information flow based on
relevance, ensuring only pertinent information is propagated. Gated
outputs are combined and refined through a feed-forward network.
After another gating step, modality-specific representations are in-
tegrated into the denoised latent scene representation x,_;. This
structured workflow allows independent processing of modalities
while enabling cross-modal information exchange, leading to accu-
rate 3D layout reconstruction.
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Training Objective. Following the DDPM [16], we optimize
the denoising model €4 to predict the noise added to the scene lay-
out at each diffusion timestep ¢ € {1,...,1000}. Given a scene
X0 ~ ¢(xo) with semantic graph g and text description s, the for-
ward process, which gradually corrupts x( to x;, follows a cosine
schedule [32]. The training objective minimizes the weighted ¢,
distance between predicted and actual noise, conditioned on both g
and s:

ﬁayout:Exoﬁt,E,g,s Hf—se(xtaﬁgﬁ)”% ) (5)
here, g = GCN(¥) encodes the scene graph topology, and s =
CLIPiex((prompt) represents text semantics. The dual condition-
ing allows €y to simultaneously resolve geometric uncertainty via
g and align with linguistic constraints via s. For stable training,
we scale the gradients from g and s pathways by factors Agrapn and
Aeext> respectively.

4 EXPERIMENTS
4.1 Implementation Details.

Datasets. Our experiments are conducted on the SG-FRONT
dataset [52], which integrates the rich 3D scene data from 3D-
FRONT [12] while augmenting it with structured semantic anno-
tations. The base 3D-FRONT contains 6,813 professionally de-
signed indoor scenes with 14,629 high-quality furnished rooms,
covering diverse categories including 4,041 bedrooms, 900 dining
rooms, and 813 living rooms. Each room is populated with 3D-
FUTURE [12] objects annotated with precise geometric attributes
(position, size, orientation) and material properties. Built upon this
foundation, SG-FRONT introduces fine-grained scene graph an-
notations to bridge low-level geometry and high-level semantics.
Specifically, it defines 15 types of spatial-semantic relationships.
Metrics. We adopt Frechet Inception Distance (FID) [15], FID-
CLIP [26], and Kernel Inception Distance (KID x 1000) [5] to holis-
tically evaluate layout fidelity, semantic-textual alignment, and dis-
tribution matching between generated and real scenes. All met-
rics are computed on 256 %256 orthographic projections of scenes,
where objects are rendered with fixed color codes according to their
semantic categories under standardized camera parameters.
Baselines. We introduces an innovative framework for multi-
modal 3D scene synthesis and evaluates its performance against
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eight contemporary techniques. These methods are categorized into
two groups: the first group consists of methods based on variational
auto-encoders [23, 39], including 3D-SLN [30], Progressive [10],
and Graph-to-Box [10]; the second group comprises methods based
on diffusion models, such as CommonScene [52], DiffuScene [41],
InstructScene [29], and EchoScene [51]. For a fair comparison, all
experiments involving bedroom, living room, and dining room sce-
narios adhere to the same experimental setup, including identical
neural architectures and parameter configurations.

LLMs. In Section 3.2, we introduce the implementation of
the three-stage CoT architecture using large language models
(LLMs). We experimented with several mainstream LLMs, includ-
ing DeepSeek v3 [8], GPT 4o [1], and Qwen 2 [2]. Our results indi-
cate that semantic graphs can be successfully generated by different
LLMs, and the final outputs show minimal variation across these
models. Based on these findings, we ultimately utilized DeepSeek
v3 for our experiments, based on its superior performance and effi-
ciency.

4.2 Scene Fidelity

In this part, we focus on fidelity, the critical aspect of 3D scene
synthesis. We present our experiments through qualitative results,
quantitative results, and inference speed.

Quantitative results. We present the quantitative evaluations
for 3D scenes systhesis and provide FID / FID-CLIP / KID in
Table 1. As demonstrated, our framework shows superior perfor-
mance against seven comparative approaches across three distinct
scenarios. The experimental results reveal that our method achieves
state-of-the-art (SOTA) metrics in most evaluation criteria, consis-
tently the first place across the majority of benchmarks. FID is a pri-
mary metric for our work, which directly measures visual fidelity.
DGDiff achieves an improvement of more than 10% in FID scores
compared to previous SOTA methods, which demonstrates its supe-
riority in generating realistic visuals. In particular, DGDiff excels in
handling more complex scenes, such as dining rooms, which typ-
ically contain more than a dozen objects, significantly more than
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the average of eight objects in bedrooms. We achieved a significant
improvement by reducing the FID from the SOTA 59.66 to 53.89
in this challenging scenario. In terms of the two secondary metrics,
FID-CLIP and KID, our method consistently ranks the first or sec-
ond among all compared approaches. These results demonstrate
that our approach achieves SOTA performance in both semantic
consistency and detail distribution, which benefits from its superior
visual fidelity. In summary, DGDiff delivers the best overall perfor-
mance. Notably, owing to its excellent interactivity, our method is
able to provide novel scene generation solutions for AR/VR appli-
cations.

Qualitative results. To verify the effectiveness of our method,
we conducted experiments in two aspects. First, we performed
a direct comparison with previous methods. Second, we com-
pared scene synthesis results between two groups: those gener-
ated from semantic graphs constructed by LLMs and those gen-
erated from semantic graphs in the dataset. We used paired text
and semantic graph combinations for our experiments. We selected
two SOTA methods: DiffuScene [41], which is conditioned on text,
and EchoScene [51], which is conditioned on semantic graphs. We
provide a comparison of these methods for different room type in
Fig. 5. DiffuScene exhibited issues in layout rationality, indicating
that text-guided methods may struggle to learn angle and position
information effectively. EchoScene, which uses semantic graphs as
a guide, improved layout accuracy but still encountered problems
such as object overlap. In contrast, our method achieved the best
results overall.

4.3 Zero-shot Application

By harnessing the contextual reasoning power of LLMs, we gener-
ate semantic scene graphs via CoT prompting from user text. The
interactive nature of LLMs further enables intuitive editing through
textual input. Given the refined text and semantic graphs, our model
rapidly synthesizes high-fidelity 3D scenes.

For zero-shot scene synthesis, our method can handle both de-
tailed user designs and rough prompts. It demonstrates excellent
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Figure 6: Immersive wandering in VR. We show the instructions during scene synthesis and editing on the left, and three immersive perspec-

tives on the right. The red box highlights the object deletion result.

instruction-following capability for detailed inputs and reasonable
expansion for rough inputs while maintaining high-quality genera-
tion. As shown in Fig. 4, we tested our method on different room
categories with both ”simple prompts” and “complex prompts”.
Our method can generate reasonable layouts for all cases.

For scene editing, we support operations such as adding, remov-
ing, and changing object positions with simple natural language in-
teractions. The results highlight the strong instruction-following
capability and high-quality generation of our method.

Moreover, our approach facilitates effortlessly generated and in-
teractively edited 3D scenes, enabling rapid and precise generation
for immersive wandering within VR environments. As shown in
Fig. 6, we present a case of immersive 3D scene synthesis and edit-
ing. Thanks to the efficiency of our method, users can experience
immersive exploration of generated or edited scenes in VR within
tens of seconds. We demonstrate a living room scene, showcasing
the immersive wandering from multiple perspectives before and af-
ter editing.

4.4 Ablation study

Our ablation studies are designed in three parts. First, we ablate
7(t) to see the impact of removing temporal information. Second,
we ablate the method of incorporating conditional information by
replacing adaLN-zero with cross-attention. Third, we conduct sep-
arate ablations for each condition: using only semantic graphs and
only text information. We ablate these four parts of the full version
and report the performance in Tab 2.

Experiments show that ablating the time-step information in the
conditioning leads to a performance drop of over 5%, particularly
for KID, which decreases to one-fifth of its original value. For
conditional guidance, we confirm DIT’s findings: injecting con-
ditional information via adaLN-Zero reduces the model’s GFLOPs
compared to cross-attention and improves results by 5%. Finally,
our ablation studies show that removing the graph condition signif-
icantly degrades performance, indicating that text-only guidance is
limited for scene synthesis. In contrast, removing the text modal-
ity has a minor impact, highlighting the strong guidance capability
of graph. This underscores the importance of generating semantic
graphs from text. Using both conditions together yields the best
results.

Additionally, as shown in Table 3, we conduct experiments
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Figure 7: User study. The color bars in the figure indicate the per-
centage of the scores. The X-axis represents the percentage of par-

ticipants.

across three scenarios in the dataset and analyzed the inference
speed under different conditions. We compare our method’s Multi-
modal Diffusion Model module with other diffusion model ap-
proaches [41, 29, 51]. Using the same semantic graph or text as
input, we test the inference time for generating a scene. Thanks to
transformers’ superior computational efficiency in diffusion model
denoising networks, due to their global self-attention mechanisms
and massive parallelism, which enable faster inference speeds, our
method surpasses all current diffusion model-based approaches.
We also compare the inference speed of our method with current
state-of-the-art open-source methods based on LLM [50] for scene
synthesis. Methods based on LLMs need to reason about relation-
ships and assess scene rationality, leading to much longer inference
times than generative model-based methods. Our method, which
only infers semantic graphs and uses pre-trained generative models
for scene synthesis, shows significant speed advantages.

4.5 Semantic-graphs Accuracy

To verify the accuracy of the semantic graphs, we conduct a de-
tailed comparison between DGDiff and InstructScene with the SG-
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Table 1: Quantitative evaluation. We compare methods on FID, FID¢g p, and KID (x0.001) scores at 256> pixels between the top-down
rendering of generated and real scenes, following previous works [51]. We color the best and the second-best results. | indicates that the

values are better if the metric is smaller.

N Bedroom Living Room Dining Room
Methods etwork
Structure FID \L FIDCLIP \L KID \L FID \l, FIDCLIP \L KID \L FID l, FIDCLIP \L KID \L

3D-SLN [30] 57.90 5.45 3.85 77.82 7.02 3.65 69.13 7.99 6.23
Progressive [10] Autoregressive 58.01 5.67 7.36 79.84 7.41 4.24 71.35 8.28 6.21
Graph-to-Box [10] - 54.61 5.26 2.93 78.53 6.88 3.32 67.80 7.75 6.30
CommonScene [52] 52.69 5.22 2.82 76.52 6.58 2.08 65.10 7.55 6.11
DiffuScene [41] 52.02 5.01 2.52 81.61 7.52 2.52 65.90 7.39 0.09
InstructScene [29] Diffusion 45.40 3.87 1.06 75.83 6.98 1.23 61.56 6.49 4.90
EchoScene [51] 46.53 4.24 0.33 75.54 6.35 1.60 59.66 6.24 2.63
DGDiff(Ours) 44.84 3.93 0.04 73.27 6.37 0.96 53.89 4.53 2.23

Table 2: Ablations study. We show FID, FIDg p, KID.

Ablation FID] FIDcrpp 4 KIDJ

Ours w/o 7(t) 47.02 4.07 0.23
Ours with cross-attn 46.46 4.01 1.09
Ours w/o text 45.92 4.46 0.11
Ours w/o graph 51.546 5.22 2.04
Ours 44.84 3.93 0.04

Table 3: Average inference time (in seconds). We show the infer-
ence time of different methods across various scene types, with the
average inference time of 10 scene generations as our result. Note
that DGDIff * represents the DGDIff version with only the diffusion
model, while DGDiff * indicates the DGDiff with semantic graph re-
finement.

Method Bedroom  Livingroom  Diningroom
Diffuscene [41] 55.72 56.81 56.45
Instructscene[29] 21.34 20.15 22.43
Echoscene[51] 15.52 16.38 16.21
DGDiff * 10.62 11.87 11.23
Holodeck[50] 578.67 585.33 583.12
DGDiff * 17.20 18.87 18.23

Table 4: Scene-graph accuracy comparison on Nodeac:, Edgeacc,
GPT-Score. Our DGDiff achieves better results.

Ablation Node,.cT Edgesct  GPT-Scoret
InstructScene [29] 96% 85.2% 4.1
Ours 98 % 91.7 % 4.5

FRONT dataset as a benchmark. We leverage GPT-40 to convert the
semantic graphs from the dataset into textual descriptions, which
serves as a reference standard for our evaluation, as shown in Tab
4.

In quantitative terms, we focus on the accuracy of node and edge
generation. For node extraction, DGDiff achieves a recognition ac-
curacy of 98% for explicit objects mentioned in the text, which is
on par with InstructScene’s 96%. However, DGDift has the ad-
ditional capability of inferring and completing implicit structural
elements such as floors and ceilings. Regarding edge generation,
which captures spatial relationships, DGDiff demonstrates an accu-
racy of 91.7% across 12 predefined relationship types, such as “’to
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the left of” and “facing,” compared to InstructScene’s 85.2%. In
qualitative term, we assess the semantic consistency of the gener-
ated scene graphs with the reference texts and graphs using GPT-
4o0. DGDiff achieves a score of 4.5/5 for layout rationality and
semantic consistency, which is higher than the 4.1/5 achieved by
InstructScene.

It is worth highlighting that the interactivity of DGDiff allows
users to construct and edit semantic graphs in real time through
text instructions. This feature enables users to adjust and refine the
semantic graphs according to their specific requirements, ensuring
that the generated graphs better meet user expectations and scene
demands.

4.6 User Study

To evaluate the practical usability and user experience of DGDIff,
we conduct a user study involving 42 participants. Among them, 30
are students from diverse academic backgrounds, including com-
puter science, software engineering, foreign languages, and law.
The remaining 12 are working professionals, with occupations such
as teachers, public servants, and freelancers. The study aims to as-
sess the quality of generated scenes, interaction fluency, and over-
all satisfaction. Participants are tasked with generating and edit-
ing 3D indoor scenes using DGDiff, DiffuScene, EchoScene, and
HOLODECK. They provide scores for generation quality, speed,
and interaction friendliness on a scale of 1 to 5, where 1 denotes
the poorest performance and 5 the best. The tasks include creating
scenes from natural language descriptions (e.g., “a bedroom with
a double bed and two nightstands”) and editing scenes via instruc-
tions (e.g., “move the nightstand to the other side of the bed”), with
the order of the model randomized across different scenarios to mit-
igate potential bias. Participants also provide qualitative feedback
on their experience with each method. We provide detailed illustra-
tions of the specifics of the user study in the appendix for further
reference. The results demonstrate DGDiff’s superiority in both
generation and editing tasks. In terms of generation quality, DGDiff
receives an average score of 3.6/5, outperforming DiffuScene [41]
(2.6/5), EchoScene [51] (3.5/5), and HOLODECK [50] (3.1/5).
Participants highlight DGDiff’s ability to produce logically consis-
tent and visually appealing scenes, even in complex settings like
dining rooms. For speed, DGDiff completes tasks in an average of
18.4 seconds, significantly faster than DiffuScene (55.7 seconds)
and HOLODECK (578.3 seconds). Notably, when using the same
semantic graph input as EchoScene, DGDiff achieves this in just
11.05 seconds, outperforming EchoScene (16.3 seconds). Users
also rate DGDiff highest for interaction friendliness (3.65/5), prais-
ing its intuitive natural language interface and rapid response times.
However, participants find EchoScene’s semantic graph input con-
fusing and difficult to provide appropriate semantic graphs, often
requiring assistance to complete the input. They also express dis-
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Figure 8: Failure case. Our method replaces the bed with a dining
table since there’s no bed in the object database of the dining room.

satisfaction with HOLODECK’s lengthy output time (up to 600
seconds), which hinders immersive experiences. Overall, 73.3% of
participants prefer DGDiff over other methods, citing its superiority
in quality, speed, and ease of use. These results validate DGDift’s
effectiveness in providing a user-friendly and efficient solution for
3D scene synthesis.

5 LIMITATION

As aretrieval-based scene generation paradigm, we use 3D-FRONT
as the object database. When encountering such unconventional in-
puts, our method resorts to replacing them with semantically similar
objects from the existing collection, which may not fully align with
the user’s intent for highly specialized or unique items, as shown in
Fig. 8. To address this, we are committed to integrating 3D gener-
ation techniques [47, 53, 36] in the future, shifting from a retrieval-
based approach to a generation-based method for complete scene
construction.

6 CONCLUSION

In this paper, we propose DGDiff, a novel multi-modal diffusion
framework, which combines semantic graph refinement with dy-
namic prompting to generate high-quality, meaningful, and interac-
tive 3D indoor scenes. Our approach bridges the gap between high-
level user intent and structured spatial understanding, enabling fast
and controllable scene synthesis through a progressive text-driven
semantic topology construction pipeline. By leveraging comple-
mentary modalities, our method draws on text for global semantics
and semantic graphs for fine-grained spatial constraints. This in-
tegration enables DGDiff to achieve significant improvements in
generation fidelity and speed, as demonstrated on the 3D-FRONT
dataset. Thanks to its interactivity and low-latency generation,
DGDiff is well-suited for immersive VR applications. In future
work, we could explore further optimizations for large-scale col-
laborative VR environments and support more dynamic interactions
within the 3D environment.
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