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Descriptions for 3D Generation
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"global_description":

"shape_and_size"

"relative_positions":

"summary": "Various small

"room_type": "The room is a dining area.",

"style": "The room has a modern style.",

"The room is rectangular.”,

"local_density": "The area around the dining table is densely populated with chairs."”,

"symmetry": "The room has a symmetrical arrangement with an equal number of chairs on each side of the table.",
"functional_zones": "The room comprises a central dining zone with surrounding storage and display units.",

"large_objects_description”:
"summary": "The room contains a large central dining table, a shelving unit, a console table, and cabinets.",
"absolute_arrangement”: "The dining table is located centrally in the room. The shelving unit is positioned
against the wall opposite the entry door. The console table is placed against the right wall. The cabinets are

located against the left wall.",
"The dining table is surrounded by chairs on all sides. The console table is adjacent to

the shelving unit on the same wall."

"small_objects_description”:

"on_surfaces": "The dining table has dishes and decorative pieces on its surface. The console table has vases
and decorative items. The cabinets feature bowls and small containers.",

"on_shelves": "The shelving unit contains boxes and books.",

"distribution_and_pattern": "The small objects are distributed evenly along the surfaces of the furniture.

Decorative items are symmetrically placed on either side of the console table."

Structured text descriptions with fine-grained semantic

decorative and functional items are present in the room.",
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Figure 1. The M3DLayout dataset — A multi-source benchmark for text-to-3D indoor scene generation. Top: An example from our
dataset showing a detailed 3D indoor layout with richly annotated bounding boxes and its corresponding structured textual description.
Bottom-left: Word cloud visualization demonstrating the diversity of room types, furniture, and objects in the dataset. Bottom-right:
Overview of the large-scale collection containing 21,367 diverse 3D layout scenes with various styles.

Abstract

In text-driven 3D scene generation, object layout serves as a
crucial intermediate representation that bridges high-level
language instructions with detailed geometric output. It

*Equal contribution
fCorresponding author

not only provides a structural blueprint for ensuring phys-
ical plausibility but also supports semantic controllability
and interactive editing. However, the learning capabil-
ities of current 3D indoor layout generation models are
constrained by the limited scale, diversity, and annotation
quality of existing datasets. To address this, we introduce
M3DLayout, a large-scale, multi-source dataset for 3D in-
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door layout generation. M3DLayout comprises 21,367 lay-
outs and over 433k object instances, integrating three dis-
tinct sources: real-world scans, professional CAD designs,
and procedurally generated scenes. Each layout is paired
with detailed structured text describing global scene sum-
maries, relational placements of large furniture, and fine-
grained arrangements of smaller items. This diverse and
richly annotated resource enables models to learn complex
spatial and semantic patterns across a wide variety of in-
door environments. To assess the potential of M3DLayout,
we establish a benchmark using both a text-conditioned dif-
fusion model and a text-conditioned autoregressive model.
Experimental results demonstrate that our dataset provides
a solid foundation for training layout generation models.
Its multi-source composition enhances diversity, notably
through the Inf3DLayout subset which provides rich small-
object information, enabling the generation of more com-
plex and detailed scenes. We hope that M3DLayout can
serve as a valuable resource for advancing research in text-
driven 3D scene synthesis. All dataset and code will be
made public upon acceptance.

1. Introduction

Recent advances in 3D generative modeling have enabled
remarkable progress in synthesizing 3D objects and scenes
from various modalities, such as text or images. These de-
velopments have great potential for downstream applica-
tions in areas such as content creation, robotics, and vir-
tual reality [14, 25, 35, 36]. In particular, text-to-3D gen-
eration has attracted increasing attention due to its intuitive
and flexible interface for controlling complex scene content.
For example, LucidDreamer [5] and Text2Immersion [20]
adopt point-based or Gaussian-splatting representations to
generate detailed scene geometry directly from text or
other modalities. Other approaches, such as ATISS [21],
SceneFormer [30], EchoScene [39], and MIDI [16], per-
form joint layout-object generation by autoregressively pre-
dicting room structures and furnishing objects in a uni-
fied framework. LayoutGPT [8], HoloDeck [36], and In-
structScene [18] employ LLMs to plan scene layouts from
free-form descriptions, showcasing a promising direction in
LLM-driven compositional layout generation.

While these methods demonstrate strong capabilities,
they also reveal key limitations. Some of them gener-
ate scenes as inseparable volumetric representations, which
limits modularity and downstream controllability. Layout-
aware models such as CommonScenes [38] and Dif-
fuScene [29] tend to produce relatively simple scenes with
few object types and limited diversity. Meanwhile, LLM-
based planners show promise in parsing natural language
but often struggle with spatial consistency and accurate
physical arrangements.

To overcome this bottleneck, we draw inspiration from
AutoPartGen [4], which decomposes a scene into distinct
parts and thus establishes a bridge between part-level object
generation and scene generation. However, AutoPartGen is
restricted to small and relatively simple scenes since they
simply operate under masked-image conditioning, making
it difficult to scale to complex 3D scene environments. In
contrast, mainstream object-level part generation methods
such as OmniPart [37], X-Part [34], and CoPart [26] rely
heavily on 3D bounding boxes as context to control the lo-
cations and numbers of parts, highlighting the crucial role
of 3D bounding boxes as an intermediate representation.
When these 3D bounding boxes are further enriched with
semantic labels, rotation information and text descriptions,
they form a full 3D layout that not only defines the struc-
tural backbone of the scene, but also provides powerful con-
ditional guidance and reflects the functional intent of the
environment. Building on this insight, we integrate such
layout representations into the scene generation pipeline to
produce high-quality, controllable 3D scenes with coherent
spatial structure and realistic functionality and further unify
object generation and scene generation.

To be more specific, the importance of 3D layouts can
be summarized in three key points: (7) 3D layout data de-
fine the position, orientation, and scale of objects within a
scene, forming the foundation of its structure and spatial
coherence. This ensures objects are placed logically and
functionally, greatly enhancing the generated scene’s real-
ism and credibility while preventing chaotic or illogical vi-
sual outcomes. (i7) As powerful conditional information,
3D layout data guides and constrains the 3D scene gener-
ation process. It significantly reduces the model’s degrees
of freedom and ambiguity, allowing for more efficient and
accurate detail filling. This also enables users to precisely
control the scene’s layout, meeting personalized and diverse
generation demands. (iii) Real-world 3D scenes typically
serve specific functions, and 3D layout data directly reflect
this functionality. Through logical arrangements, generated
scenes can better fulfill practical application needs (e.g., in-
terior design, game levels) and provide interactive spaces
that align with human habits, thereby significantly improv-
ing the end-user experience.

We argue that a major constraint limiting further
progress in controllable and high-quality scene genera-
tion is the lack of large-scale, richly annotated 3D layout
datasets that provide structured, semantic-level supervision.
Existing datasets either focus on scene geometry from real-
world scans (e.g., ScanNet [6], Matterport3D [3]) or of-
fer object-level annotations based on professional designs
(e.g., 3D-FRONT [9], Structured3D [41]). However, none
of them offer comprehensive layout annotations—covering
large furniture, small objects, and decorative items—paired
with structured descriptions of global scene organization



and fine-grained spatial relations, and scene feasibility is-

sues, such as overlapping, displacement, and semantic vi-

olations, are rarely verified, leaving substantial noise that

ultimately limits text-to-layout generation and scene gener-
ation.

To address this gap, we introduce M3DLayout, a multi-
source dataset for 3D indoor layout generation from struc-
tured language. M3DLayout contains 21,367 layouts and
over 433k object instances, collected from three comple-
mentary sources: real-world scans, professional CAD de-
signs, and procedurally generated scenes. We pair each
layout with structured text descriptions that capture global
scene organization, relational placements of large furni-
ture, and fine-grained arrangements of smaller items. These
high-quality annotations were constructed using a combina-
tion of rule-based extraction, GPT-assisted generation, and
rigorous human verification.

To demonstrate the utility of M3DLayout, we establish a
benchmark using both a text-conditioned diffusion model
and a text-conditioned autoregressive model as baselines
for layout generation. Experimental results show that our
dataset provides a solid foundation for training layout gen-
eration models. Its multi-source composition enhances di-
versity, notably through the Inf3DLayout subset which pro-
vides rich small-object information, enabling the generation
of more complex and detailed scenes.

We summarize our main contributions as follows:

* We introduce M3DLayout, a large-scale, richly annotated
dataset of 3D indoor layouts with structured text descrip-
tions, compiled from diverse complementary sources.

* We dedicate efforts to creating the Inf3DLayout subset,
which fills a gap in high-quality data for common scene
types and substantially increases the level of detail and
diversity within the dataset.

* We establish two baselines for text-to-layout generation
using both diffusion-based and autoregressive baselines.
Results show that M3DLayout enhances the diversity and
detail of generated scenes, and also enables explicit con-
trol over the fineness and density of the generated 3D lay-
out via textual prompts.

2. Related Work

2.1. Datasets for Indoor Scenes

Large-scale datasets play a crucial role in learning-based
3D indoor layout generation and scene synthesis. Early
efforts to capture real-world environments using 3D scans
led to the creation of datasets such as ScanNet [6], Mat-
terport3D [3], and SceneNN [15]. These datasets provide
high-fidelity mesh reconstructions, reflect real-world object
distributions and spatial constraints. However, they often
suffer from noisy geometry, incomplete object coverage,
and a lack of fine-grained annotations suitable for genera-

tive tasks, as well as limited layout variability due to con-
strained capture environments.

To address these limitations, synthetic datasets such as
SUNCG [27], 3D-FRONT [9], and Structured3D [41] were
introduced, offering structured 3D layouts with complete
object metadata and annotations from professional CAD de-
signs. However, these professional designs typically lack
object variety and fine-grained detail.

Recent hybrid datasets attempt to bridge this gap. Fur-
niScene [40] enriches layout realism with more diverse fur-
niture arrangements. OpenRooms [17] provides photoreal-
istic rendering with physical material properties. However,
a key limitation persists across nearly all prior datasets: the
lack of scene-level textual annotations, which limits their
use for conditional or multimodal generation tasks.

In this context, we introduce M3DLayout, a multi-source
dataset that combines real-world scans, professional de-
signs, and procedurally generated layouts. We further en-
rich these sources with structured textual annotations, cre-
ating a foundational resource aimed at propelling research
in controllable, text-driven 3D scene synthesis.

2.2. Indoor Scene Synthesis

The evolution of indoor scene synthesis methods highlights
the need for richer, more descriptive layout data. Procedural
approaches generate indoor scenes using predefined rules,
templates, or simulation engines. Systems such as Proc-
THOR [7] and Infinigen [23, 24] rely on large-scale proce-
dural scene grammars and asset libraries to create diverse,
physically realistic environments. These methods offer high
controllability and scalability, especially for generating syn-
thetic training data for embodied agents. However, they are
ultimately constrained by their handcrafted rules.

In parallel, a large body of work uses learning-based
generative models trained on indoor scene datasets to learn
object layouts and spatial relationships in a data-driven
fashion. Early methods relied on auto-encoding archi-
tectures (e.g., SG-VAE [22], SceneHGN [10], Common-
Scenes [38]) and autoregressive models (e.g., ATISS [21],
SceneFormer [30]). More recently, diffusion-based models
such as DiffuScene [29] and EchoScene [39] have shown
superior performance in capturing complex spatial depen-
dencies. SemlayoutDiff [28]optimized the Diffuscene [29]
by using semantic-mediated 2D distribution maps to finally
generate 3D layouts, and is capable of generating different
room types with the same model. However, precise control
of small object generation cannot be achieved through func-
tional zoning alone. These methods improve the plausibility
and diversity of generated layouts but often face challenges
in optimization, attribute disentanglement, and generaliza-
tion to out-of-distribution scenes.

Inspired by the success of large language models
(LLMs), several works explore text-guided 3D scene gen-
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Figure 2. Pipeline for Constructing the M3DLayout Dataset.
Our framework integrates multi-source data, including the profes-
sional designs dataset 3D-FRONT, real-world scans from Matter-
port3D, and procedurally generated scenes from Infinigen. The
construction process involves: meticulously generating, partition-
ing, and filtering layouts to create the Inf3DLayout subset; per-
forming template-based rules to produce formatted text; and em-
ploying global and local rendering for vision-language models
(VLM) to produce structured descriptions. This pipeline results
in a large-scale, richly-annotated text-3D layout paired dataset.
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Figure 3. Dataset statistics of M3DLayout. (a) Top 15 most fre-
quent object categories. (b) Distribution of the number of objects
per scene. (c) Proportion of scenes contributed by each source.

eration. Architect [31] and HoloDeck [36] leverage world
knowledge to interpret user instructions and generate spa-
tial constraints. Similarly, FlairGPT [19] controls layout
generation through more detailed object descriptions using
LLMs, but the complex conversational process greatly re-
duces the efficiency of generating large amounts of data.
While these methods support flexible and intuitive interac-
tions, they often struggle with precise 3D spatial reasoning,
often producing physically implausible layouts. This core
limitation stems from their lack of grounding in large-scale,
physically plausible 3D scene data. M3DLayout is designed
to address this critical gap, providing the missing link and a
robust foundation to train and benchmark the next genera-
tion of these powerful synthesis models.

3. The M3DLayout Dataset

To advance controllable and generalizable text-to-3D scene
generation, we introduce M3DLayout, a large-scale, multi-
source dataset of 3D indoor layouts. This dataset inte-
grates 21,367 layouts from three complementary types of
sources: real-world scans, professional interior designs, and
procedurally generated scenes. Each layout is annotated

with detailed structured textual descriptions to support fine-
grained, text-conditioned layout generation.

3.1. Data Sources and Curation

M3DLayout is built upon three distinct types of data
sources, each contributing unique characteristics:
Real-world Scans. We incorporate layouts from the Mat-
terport3D dataset [3], which are derived from real environ-
ment scans. These layouts reflect realistic, and often clut-
tered, spatial arrangements found in actual indoor settings.
To ensure data quality, we performed a cleanup of the object
category list by merging and removing low-frequency cat-
egories. Scenes containing fewer than two object instances
were filtered out. This curated subset provides a wide va-
riety of scene types and offers important cues for learning
robust and realistic layout patterns.

Professional Interior Designs. We integrate high-quality
layouts from 3D-FRONT [9], which contains professionally
designed indoor scenes. These layouts are characterized by
well-organized spatial semantics and adhere to tidy, mini-
malist design principles. They typically feature sparser ob-
ject arrangements, providing strong supervision for generat-
ing structurally coherent and aesthetically plausible scenes
with clean layouts. Following prior works [21, 29], we ap-
plied filters to remove layouts with uncommon object con-
figurations or unnatural room proportions, ensuring a focus
on typical and well-structured designs.

Procedurally Generated Scenes. To systematically en-
hance object diversity, particularly for small and decorative
items, we generate the Inf3DLayout subset using the pro-
cedural generator Infinigen [24]. A key part of our cura-
tion involved carefully configuring the generator to produce
plausible layouts for five common room types: bedrooms,
living rooms, dining rooms, kitchens, and bathrooms. The
generated houses were then programmatically partitioned
into individual rooms. Finally, we applied a filtering step to
remove rooms with abnormal layouts or spatial inconsisten-
cies. This curated subset significantly increases the variety
and granularity of object arrangements, covering numerous
long-tail scenarios that are underrepresented in scan-based
or design-based data.

The combination of these sources ensures that
M3DLayout encompasses a wide spectrum of indoor
environments, balancing realism, design integrity, and
compositional diversity.

3.2. Structured Description Annotation

To support fine-grained text-conditioned layout generation,
we annotate each 3D layout in the M3DLayout dataset with
a comprehensive structured description. The annotation
schema is designed to capture spatial and semantic infor-
mation at multiple levels, comprising 3 key components.

Global Scene Description. This part captures the overall



Table 1. Quantitative analysis of three data sources (3D-FRONT,
Matterport3D, Inf3DLayout) in M3DLayout.

Total Avg Objs/  Large Small

Source Scenes Objects  Scene  Furniture Objects Small %
3D-FRONT 5,754 39,494 6.9 39,407 87 0.2%
Matterport3D 1,684 21,212 126 12,859 8353 394%
Inf3DLayout 13,929 373,136 26.8 117,700 255426  68.5%

21,367 433,842 20.3 169,966 263,866 60.8%

Table 2. Comparisons between existing 3D indoor scene
datasets. For the column of Layout Collecton, RS denotes real
scanned and PD denotes professionally designed .For the column
of Variation in Object Sizes, “N/A” denotes “not available”, “L”
and “S” denote Large and Small objects in the scene, respectively.

Dataset Scenes  Objects Layout Layout Variationin  Structured
i ” IS Collection Complexity Object Sizes  Descriptions
SUN3D [33] 254 N/A RS Low N/A X
SceneNN[15] 100 N/A RS Low N/A X
Matterport3D[3] 1,684 N/A RS Medium L-S X
ScanNet [6] 1,506 N/A RS Low L-S X
Scan2CAD [1] 1,506 N/A RS Low N/A X
OpenRooms [17] 1,068 97,607 RS Low N/A X
SceneNet [11] 57 3,699 PD Low N/A X
Structured3D [41] N/A N/A PD Low N/A X
3D-FRONT [9] 5,754 N/A PD Low L X
M3DLayout (Ours) 21,367 433,842 Mixture High L-S v

properties and organization of the scene. Each layout is
labeled with the room type (e.g., dining area), stylistic at-
tributes (e.g., modern style), and geometric features such as
room shape and object density. It also includes high-level
functional zoning (e.g., central dining zone with surround-
ing storage units) and global spatial patterns like symmetry
(e.g., equal number of chairs on both sides of the table).
Large Furniture Description. We describe the presence
and arrangement of major furniture pieces such as dining
tables, shelves, consoles, and cabinets. The annotation in-
cludes both absolute positioning (e.g., “The shelving unit
is placed opposite the entry door”) and relative spatial re-
lations (e.g., “The console table is adjacent to the shelving
unit”). A summary of large furniture composition is also
provided for each room.
Small Object Description. This component focuses on
decorative and functional small items like dishes, bowls,
vases, books, and boxes. These are annotated based on
their placement (e.g., on furniture surfaces or shelves) and
distribution patterns (e.g., evenly distributed or symmetri-
cally placed). Such fine-grained annotations support more
detailed spatial reasoning and realistic scene generation.
The structured descriptions are generated through a
multi-stage pipeline, as illustrated in Figure 2. As outlined
in Section 3.1, we begin by generating the Inf3DLayout
subset using a carefully configured procedural generation
pipeline based on Infinigen. For layouts sourced from Mat-
terport3D and the generated Inf3DLayout subset, we ren-
der top-down and side views, along with close-up images

highlighting the placement of small objects. These multi-
view renders are subsequently processed by the GPT-4o0
model to produce the structured textual descriptions. For
scenes from 3D-FRONT, we adopt a rule-based approach:
after extracting object-level bounding boxes and semantic
labels, we detect relative spatial relationships between ob-
jects and format this structured information into coherent
descriptions using predefined templates. This methodol-
ogy is suitable for 3D-FRONT due to the typically simpler
and more regular spatial arrangements in its professionally
designed scenes, allowing for accurate and comprehensive
coverage via template-based generation. Finally, all auto-
matically generated descriptions undergo a sampling-based
manual review to ensure annotation quality.

3.3. Dataset Statistics and Analysis

M3DLayout encompasses a diverse collection of indoor en-
vironments, covering 26 scene categories. Among them,
five core room types receive the most focus: bedroom, liv-
ing room, dining room, kitchen, and bathroom. These con-
stitute the most common residential spaces. In addition to
these, the dataset includes functional areas such as office,
entryway, closet, toilet, and balcony, as well as specialized
spaces including gym, library, and home theater.

Data Composition and Source Characteristics. As
detailed in Table 1, M3DLayout integrates 21,367 layouts
with 433,842 object instances, averaging 20.3 objects per
scene. The three data sources exhibit complementary char-
acteristics: 3D-FRONT provides professionally designed
layouts with clean structural regularity but limited small
objects (0.2%); Matterport3D offers realistic scanned envi-
ronments with moderate object density (12.6 objects/scene)
and a balanced object distribution (39.4% small objects);
while Inf3DLayout significantly enriches the dataset with
high scene complexity (26.8 objects/scene) and abundant
small objects (68.5%).

Object Distribution and Scene Complexity. Fig-
ure 3(a) shows the top 15 most frequent object categories,
where small decorative items (e.g., Nature Shelf Trin-
kets, Book Stack) dominate the distribution, reflecting the
dataset’s fine-grained annotation richness. The objects-per-
scene distribution in Figure 3(b) reveals that M3DLayout
covers a wide spectrum of scene complexities, from mini-
malistic arrangements to densely populated environments.
This variation enhances the generalization capability of
trained models for real-world scenarios.

Comparative Advantages. As shown in Table 2,
M3DLayout surpasses existing datasets in scale (21,367
scenes, 433k+ objects), layout complexity, and object size
variation. Unlike datasets limited to either large furniture
(L) or simple layouts, M3DLayout provides comprehensive
coverage of both large and small objects (L-S) with struc-
tured textual descriptions, addressing a critical gap in cur-



Table 3. Quantitative comparison. Lower FID/KID (x0.001) and higher Clip Score indicate better synthesis quality. FID and KID are
computed with respect to the real layouts from 3D-FRONT, Matterport, and Inf3DLayout. We train InstructScene following the public
implementation. The optimal result is shown in bold, and the sub-optimal result is shown with an underline.

Method ‘ FID | KID | CLIP-Score 1
‘ 3D-FRONT Matterport Inf3DLayout 3D-FRONT Matterport Inf3DLayout

DiffuScene[29] 29.47 98.03 102.12 10.32 47.92 75.49 0.1982

InstructScene|[ 18] 68.58 100.54 159.27 54.70 49.23 156.62 0.1944

Ours (DIFF-M3DLayout) 57.64 87.89 70.85 36.80 34.62 50.94 0.2001

Ours (AR-M3DLayout) 87.98 107.58 57.90 57.41 53.89 41.04 0.2026

rent data resources for detailed scene generation.

The broad coverage of room types, the detailed struc-
tured descriptions, and the variation in scene complexity
make this dataset a valuable resource for downstream tasks
such as layout prediction, text-conditioned scene synthesis,
and embodied Al simulation.

4. Indoor Scene Generation

4.1. Problem Formulation

We formulate text-conditioned 3D indoor layout generation
as a conditional generative problem. Given a scene-level
natural language description ¢'**', the goal is to generate a
structured 3D layout = = {0;}¥; consisting of IV objects.
Each object o; is defined as a 3D oriented bounding box:

0; = (i, @i, Yi» Zi Wi, iy d;, 05), (1)

where ¢; denotes the semantic class, (x;,y;, z;) is the 3D
object center, (w;, h;,d;) are dimensions, and 6; is the yaw
rotation. The objective is to learn a conditional distribution
po(x | ) that captures plausible spatial and semantic re-
lationships among objects given the textual context.

We explore two complementary approaches for model-
ing this distribution: (1) a diffusion-based model, which
learns to iteratively denoise noisy layout representations to-
ward structured scenes, and (2) an autoregressive model,
which generates scene objects sequentially in a structured
order. Both methods are trained to reconstruct layouts con-
sistent with the conditioning text while maintaining spatial
coherence and physical plausibility.

4.2. Diffusion-based Model Architecture

Our diffusion model follows a denoising diffusion prob-
abilistic framework similar to DiffuScene. The forward
process gradually perturbs layout representations xy with
Gaussian noise following a fixed variance schedule [,
while the reverse process is parameterized by a neural net-
work eg that predicts the noise conditioned on the text input:

teXt) = N(xt71; Ho (xta tv CIBX1)7 ZQ(I.tv t))
(2)

pe(xtfl \ Tt, C

The model is trained with a noise-prediction objective
2
£DM - ]Ezo,c‘e’“,t,e [”6 — €9 (xta t7 CteXt) H2} ) (3)

and extra regularization terms such as an IoU-based colli-
sion penalty to encourage physically valid object arrange-
ments. More details are in the supplementary material.

4.3. Autoregressive Model Architecture

To complement the diffusion paradigm, we further employ
an autoregressive transformer model that generates scene
layouts sequentially. Given the textual condition ¢'**', the
model factorizes the layout likelihood as

N
po(z | ) =[] poloi | 0<i, ), )
=1

where each object o; is predicted conditioned on the previ-
ously generated objects and the text.

The autoregressive model is implemented with a trans-
former encoder architecture. Text tokens and previously
generated object embeddings form a unified input sequence
for context-aware sequential prediction. The training objec-
tive minimizes the negative log-likelihood of object param-
eters under the predicted conditional distribution. Further
details are provided in the supplementary material.

5. Experiments

5.1. Experimental Settings

We evaluate the effectiveness of autoregressive and
diffusion-based methods on the proposed dataset, assessing
the plausibility and controllability of generated 3D layouts.
Detailed train/val splits and implementation details are in
the supplementary material.

Baselines. We compare our method with two state-of-
the-art scene generation approaches: DiffuScene [29] and
InstructScene [18], both of which are text-driven methods
based on diffusion models. More details are provided in the
supplementary material.

Metrics. Following prior works [18, 29], we adopt
Fréchet Inception Distance (FID) [13] and Kernel Inception
Distance (KID) [2], and the CLIP-Score [12] to measure the



Prompt Diffuscene

"The room is a ==
bedroom with a neatly
arranged sleeping area.
The bed is located near
the wall corner, with
matching furniture on
either side. A wardrobe
is positioned against
the wall."

"In the dining room, a
rectangular table sits in
the center surrounded
by six chairs. Several
sideboards are placed
against each wall for
extra storage."

"The room is a living
room featuring a central
seating arrangement. A
large sofa faces a coffee
table with chairs on
either sideanda TV
stand against the wall.
Bookshelf with books
and decorations line
another wall."

Figure 4. Qualitative comparison of different methods on diverse room types. From top to bottom: bedroom, dining room, and living
room generation results. Each row shows the input prompt and generated layouts from Diffuscene, Instructscene, and our method. Trained
on the M3DLayout dataset, our method produces richer layout details from text descriptions.

controllability and fidelity, respectively. We employ a self-
designed object retrieval method to realize instance filling
from layout to scene and rendering. More details are pro-
vided in the supplementary material.

5.2. Main Results

Quantitative Comparison.

The quantitative comparison results are shown in Ta-
ble 3, where “DIFF-M3DLayout” and “AR-M3DLayout”
represent diffusion- and autoregressive-based methods, re-
spectively. In Table 3, the horizontal axis represents
ground-truth renderings (real images) from three different
datasets. The same set of 1,500 prompts is used as condi-
tioning input for all comparative methods to generate lay-
outs, which are then rendered as synthetic images and used
together with real images to compute FID and KID. More
details can be found in the supplementary material.

As demonstrated, for FID and KID, the proposed
DIFF-M3DLayout drastically outperforms the state-of-the-
art, achieving improvements of 10%-32% on the refer-
ence Matterport dataset and Inf3DLayout datasets, and

AR-M3DLayout achieves 34%-44% improvements on
Inf3DLayout dataset, which demonstrates superior gener-
alization compared with DiffuScene and InstructScene. On
3D-FRONT, however, it falls behind DiffuScene on these
metrics. This is primarily because the number of objects per
scene in 3D-FRONT typically ranges from 5 to 12, whereas
our method generates scenes with more than 12 objects in
most cases, causing a mismatch in scene complexity dis-
tribution. As a result, the visual statistics of our generated
layouts deviate more from the ground truth (3D-FRONT),
which negatively impacts FID and KID. Conversely, the
richer object counts and variety in the scenes generated by
our model provide another advantage of our method rela-
tive to the multi-source datasets M3DLayout, which is also
confirmed by the visualizations in Figure 4. Moreover, our
method surpasses the baselines in CLIP-Score, demonstrat-
ing enhanced controllability and a stronger alignment be-
tween the generated scenes and the given prompts.

Qualitative Comparison. The proposed DIFF-
M3DLayout is employed for qualitative comparison with
diverse methods, with the results in the bedroom, din-



Shared Description: In this dining room, a farmhouse-style table takes center stage. Chairs are arranged around it with a side table placed near the entrance.

Simple: Do not include small decorative items.
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Figure 5. Density controllability in layout generation with different input texts. The first row presents input prompts for our layout
generation model, showcasing variations in objects density from low to high, with minor changes in the last sentence. The second row
illustrates the corresponding output results generated by our model, which adapt based on the prompt density.

ing room, and living room shown in Figure 4. Across
all settings, the proposed DIFF-M3DLayout demonstrates
improved semantic controllability and visual fidelity com-
pared to Diffuscene and Instructscene. Specifically, Dif-
fuScene can generate scenes that appear visually neat at first
glance but struggles to produce small objects and exhibits
limited prompt controllability, as illustrated by the living
room case. InstructScene, on the other hand, fails to ac-
curately model spatial relationships among instances, lead-
ing to disorderly object placement, as shown in the dining
room case. By contrast, the proposed DIFF-M3DLayout
generates precise and diverse objects in accordance with the
prompt semantics—such as the small items on the shelf and
six chairs in the dining room case—while effectively cap-
turing 3D spatial arrangements, exemplified by “The bed is
located near the wall corner” in the bedroom case.

We perform the ablation experiments using the diffusion-
based method to validate the effectiveness of a single train-
ing dataset. More details and results are provided in the
supplementary material.

5.3. Density Controllability

We verify the controllability of object density in our layout
generation model using different input prompts. As shown
in Figure 5, the first row displays the different types of in-
put prompts, which only differ in the final sentence. These
prompts adjust the density of objects within the layout, from
a minimal setup to one with richer details. This highlights
the model’s ability to control scene density based on the
granularity of the input description, thus offering flexibility
in layout customization for various applications.

5.4. User Case Study

We conducted a perceptual study to evaluate the qual-
ity of our generated layouts against DiffuScene and In-
structScene. We recruited 42 participants to rate 15 scenes
across three room types (dining room, bedroom, and living
room). For each scene, participants were shown a text de-
scription, a top-down rendering, and the generated layout
for each of the three methods, rating them on a 1-to-5 scale

Dining Room Bedroom

L |
s e

MT VQ SR LC-PLC-O OP MT VQ SR LC-PLC-O OP MT VQ SR LC-PLC-O OP
DiffuScene InstructScene Ours

Living Room

E N W osoa
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Figure 6. User case study results. The charts compare
our method against DiffuScene and InstructScene across diverse
rooms. Bars represent the average user score for six metrics:
Match with Text (MT), Visual Quality (VQ), Scene Richness (SR),
Layout Coherence (Position) (LC-P), Layout Coherence (Orienta-
tion) (LC-0), and Overall Preference (OP).

across six metrics. All participants were volunteers without
compensation. The overall results are summarized in Fig-
ure 6. As shown, our method outperformed both baselines
in the vast majority of metrics and room categories. The
most significant advantage was observed in the Scene Rich-
ness metric. The performance gap was less pronounced in
living rooms, likely because key layouts are harder to as-
sess from the top-down view used compared to the iconic
beds or dining sets in other rooms. These results confirm
that users perceive our generated layouts as more detailed,
coherent, and of higher quality.

6. Conclusion

We introduced M3DLayout, a large-scale, multi-source
dataset for 3D indoor layout generation from structured text
descriptions. It integrates real-world scans, professional de-
signs, and procedurally generated scenes. Each layout is
paired with structured descriptions that cover global scene
summaries, relational placements of large furniture, and
fine-grained arrangements of small objects. This multi-
source, richly annotated structure enables the learning of
diverse spatial and semantic patterns across a wide vari-
ety of indoor environments. We established a benchmark
using both a text-conditioned diffusion model and a text-
conditioned autoregressive model, and experimental results
validate that training on our dataset enhances the diversity
and detail of generated layouts, with the Inf3DLayout sub-



set in particular enabling more complex and richly anno-
tated scenes. Despite these advances, our dataset has cer-
tain limitations. The structured descriptions, while compre-
hensive, are partly generated via language models and may
contain noise. We hope M3DLayout serves as a valuable re-
source for advancing research in text-driven 3D scene syn-
thesis.
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7. Supplementary Material Overview

This supplementary document provides additional technical
details and visualization results to support the main paper.
The supplementary is organized into four sections:

Sec. 8 Implementation Details. We provide detailed ex-
planations of the dataset splitting strategy in 8.1, both diffu-
sion and autoregressive based model details in 8.2, training
details in 8.3, compared baselines details in 8.4 and metric
details in 8.5.

Sec. 9 More Visualization Results. We provide addi-
tional examples that further demonstrate the quality of our
dataset, the fidelity of our generative model, and its coher-
ence with textual inputs.

Sec. 10 Ablation. We conduct some ablation studies to
show that models trained on a single dataset overfit to its
distribution and generalize poorly, whereas training on the
multi-source M3DLayout dataset yields consistently bal-
anced, realistic, and controllable layouts across diverse data

types.

Sec. 11 Object Retrieval. We present a scalable and self-
developed layout-to-scene object retrieval pipeline that ac-
curately maps generated layouts to 3D assets, facilitating
reliable metric evaluation and high-fidelity visualizations.

8. Implementation Details

8.1. Dataset Split

Our experiments are conducted on a subset of the
M3DLayout dataset containing 15,080 scenes. This sub-
set is randomly divided into 12,062 layouts for training and
3,018 layouts for validation. For the ablation studies in
Table 5, models are additionally trained on three indepen-
dent datasets with the following splits (training/validation):
4,603/1,151 for 3D-FRONT, 1,347/337 for Matterport3D,
and 6,112/1,530 for Inf3DLayout. For all evaluations, and
to ensure a fair comparison with prior work, we do not use
the scene description texts provided in M3DLayout. In-
stead, we generate 500 scene descriptions each for bedroom,
dining room, and living room using GPT-40, resulting in a
total of 1,500 test descriptions. This unified test set is used
across all experiments for fairness.

8.2. Model Details

Diffusion-based Model. Our diffusion-based model repre-
sents a scene as a sequence of NV objects, where the max-
imum number of objects IV is fixed at 120. Padding ob-
jects with a PAD category label is applied to maintain a
consistent sequence length. The sequence is ordered by the
(x, z,y) coordinates of the bounding box centers, following
recent best practices in the 3D part-level generation com-
munity for layout generation. Each object is parameterized
by a concatenated vector [l;, s;, cos 6;,sin 0;, ¢;], which in-
cludes its location (I; € R?), size (s; € R?), orientation
(6; € R, encoded using cos 6; and sin 6;), and category la-
bel (¢; € RY).

The denoiser is a UNet-based architecture built upon 1D
convolutions with skip connections. It independently en-
codes and predicts the distinct attributes of the object. We
use a pre-trained BERT encoder to extract text embeddings
z from the input description. This language guidance is in-
jected into the denoiser network through cross-attention lay-
ers, enabling the network to predict the noise €, conditioned
on the timestep ¢ and the text embedding z.

The training objective consists of the scene loss Lgce,
which minimizes the difference between the actual and pre-
dicted noise, supplemented with an IoU regularization term
L., to penalize object intersections and encourage physi-
cally plausible arrangements.

Autoregressive Model. Our autoregressive model shares
the same scene representation as our diffusion-based model
for consistency. The autoregressive approach does not have
a strict upper limit on the sequence length, but we still uti-
lize data containing up to 120 objects per scene for training.
A scene is represented as a sequence of objects, bookended
by special start-of-sequence (SOS) and end-of-sequence
(EOS) tokens.

The input text description is similarly encoded into text
embeddings using a pre-trained BERT model. At each gen-
eration step, the input sequence to the model consists of
the text token embeddings and the embeddings of all pre-
viously generated objects. A Transformer encoder serves
as the backbone network. The attributes of each previously
generated object are first projected by an MLP into an em-
bedding space. The network then attends to this combined
sequence to predict the parameters of the next object.

The training objective is the scene 10ss Lgce, Which mini-
mizes the negative log-likelihood of the ground-truth object
parameters given the input context.



8.3. Training Details.

Both our diffusion and autoregressive based models are
trained for 30k epochs using the Adam optimizer. For the
diffusion model, we use a learning rate of 2 x 10~ with
a step-wise decay factor of 0.5 every 10k steps and a lin-
ear noise schedule. For the autoregressive model, we use a
learning rate of 1 x 104

(a) Object size distribution by dataset (%) (b) Top 20 object categories

100 Large fumiture
Small objects

Matterport3D
Dataset Type

(c) Top 20 large furniture categories

6K 8K 10K 40K 60K
Number of Objects Number of Objects

Figure 7. Object distribution statistics of the M3DLayout
dataset. (a) Size distribution (large/small) of objects by source.
(b) Overall ranking of the top 20 object categories. (c-d) Rankings
for large and small objects, respectively.

8.4. Compared Baselines

We compare our method with two state-of-the-art scene
generation approaches: (1) DiffuScene [29], a diffusion
model for 3D indoor scene synthesis that denoises un-
ordered object attributes to produce physically plausible
layouts. (2) InstructScene [ 18], a graph diffusion model that
integrates a semantic graph with a layout decoder to synthe-
size 3D indoor scenes from natural language instructions.
Both methods allow for the conditioning on text prompts.
For inference with DiffuScene, we employ the officially re-
leased model weights for the bedroom, dining room, and
living room, and follow the public implementation to train
InstructScene on the same room types.

8.5. Metrics

Following prior works [18, 29], we adopt Fréchet Incep-
tion Distance (FID) [13] and Kernel Inception Distance
(KID) [2] to quantify the fidelity of scenes synthesized from
layouts by measuring the similarity between generated and
ground-truth top-down renderings. Meanwhile, we employ
the CLIP-Score [12] to evaluate the controllability of gen-
erated layouts by computing the cosine similarity between
CLIP-encoded features of the generated renderings and the
given prompts. To this end, we first employ a text2Zmesh
model [32] to generate the required object instances and
then retrieve both the ground-truth and synthesized scenes
conditioned on the layout.

As for the calculation of FID and KID, the real images
are typically taken from the training set; however, since our
method and the baselines are trained on different datasets
with varying data distributions, direct comparison would be
unfair. To address this, we select different datasets as the
source of real images, allowing for both a fair comparison
and an evaluation of fidelity and controllability.

9. More Visualization Results

9.1. Dataset Layout Visualization

We provide diverse types of 3D scene data from our
M3DLayout dataset in Figure 8, which includes scenes
from CAD designs sourced from the 3D-FRONT dataset at
the first row, scenes derived from real-world scans, specifi-
cally from the Matterport3D dataset at the second row and
procedurally generated scenes Inf3DLayout from Infinigen
at the third row. These images demonstrate the flexibility of
the M3DLayout dataset in representing a wide spectrum of
interior environments, from synthetic CAD designs to real-
world captures and generative models.

9.2. Generated Layout Visualization

We visualize more generated layouts by both our diffu-
sion and autoregressive model trained on the M3DLayout
dataset, involving bedroom, living room, and dining room
in Figure 9 and Figure 10 respectively. From the table, it is
evident that our method achieves remarkable performance
in both layout coherence and the richness of objects in the
generated scenes. We also provide more visualization to
indicate strong text coherence of our generated layouts in
Figure 11. These qualitative visualizations further highlight
that our method surpasses prior state-of-the-art approaches
in both fidelity and controllability.

10. Ablation Study

We perform the ablation experiments using the diffusion-
and autoregressive-based methods to validate the effective-
ness of a single training dataset and report the results in Ta-
ble 5. As shown in the table, for the diffusion-based method,
when the training data and ground truth come from the same
dataset, the model trained on a single dataset achieves the
best FID and KID compared with the other two models.
However, its performance drops significantly when evalu-
ated on data from different datasets. This indicates that,
while models trained on a single dataset can effectively fit
the distribution of that dataset, they struggle to general-
ize to varied data. For examplprovided textual guidancee,
a model trained on the professional CAD designs dataset
(3D-FRONT) encounters difficulties in generating scenes
that align with real-world scans (Matterport) or procedu-
rally generation (Inf3DLayout) dataset. Furthermore, the



Table 4. Comparison of generation efficiency with state-of-the-art methods.

Generation Time

Generation Time  Average BBoxes

Method per Scene (s) per BBox (s) per Scene
Diffuscene 17.4067 1.7674 9.849
InstructScene 1.3438 0.1280 10.502
Ours (DIFF-M3DLayout) 30.18 1.639 18.4
Ours (AR-M3DLayout) 0.2348 0.01587 14.8
= =

tvlstang

Figure 8. Samples from the M3DLayout dataset. The first row shows scenes from CAD designs (3D-FRONT), the second row from
real-world scans (Matterport3D), and the third row from procedurally generated scenes (Infinigen).

autoregressive-based method exhibits the same characteris-
tics. In contrast, these methods trained on the multi-source
M3DLayout dataset achieves balanced performance across
data types, producing more realistic and controllable lay-
outs (see Table 3 in Section 5.2 of the present work for com-
prehensive data).

11. Object Retrieval

To effectively visualize the generated layouts and meet
the evaluation requirements, such as FID (Fréchet Incep-

tion Distance), KID (Kernel Inception Distance), and CLIP
score, we present a simple, effective and scalable pipeline
for layout-to-scene object retrieval.

In Figure 12, we first build our retrieval dataset by con-
structing huge amounts of prompts for 95 object categories
(See details in Table 6), which covers all objects for our
dataset, as input for Text-to-3D generation model (TREL-
LIS [32]). By delicatly designing our prompts, we can ob-
tain 3D assets with different scales, textures and application
scenarios, which can be generalizable to handle with intri-



Table 5. Ablation studys of diffusion-based methods trained on different datasets. Lower FID/KID (x0.001) and higher Clip Score
indicate better synthesis quality. FID and KID are computed with respect to the real layouts from 3D-FRONT, Matterport, and Inf3DLayout.

FID |

KID |

Method CLIP-Score T
‘ 3D-FRONT Matterport Inf3DLayout 3D-FRONT Matterport Inf3DLayout
Ours (3D-FRONT) 27.33 83.88 110.98 10.59 21.80 83.45 0.2083
Diffusion-based Ours (Matterport) 81.31 69.61 114.58 46.82 18.41 94.45 0.1916
Ours (Inf3DLayout) 93.51 115.07 54.36 55.67 55.53 34.95 0.1969
Ours (3D-FRONT) 30.02 85.08 117.39 12.09 24.46 95.11 0.2056
Autoregressive-based  Ours (Matterport) 73.36 61.08 132.54 45.11 12.58 122.21 0.1959
Ours (Inf3DLayout) 105.24 122.19 60.73 70.81 65.21 4321 0.2026

Figure 9. Generated layouts by our model trained on the M3DLayout dataset, visualized for randomly selected bedroom, living room, and

dining room.

cate object retrieval process.

In the Object Selection phase, the retrieved object, such
as a bed, undergoes attribute extraction through the At-
tribute Solver. This solver precomputes attributes like
width, height, and depth ratios for each object in the re-
trieval dataset, and extracts scalar and categorical informa-
tion from bounding box (BBox) of each object in the gener-
ated layout. The BBox, along with additional dataset infor-
mation, is passed to a Shape & Category Similarity Solver

to match the most appropriate object.

Finally, after iterating all objects in the scene, all best
matching objects are chosen and their properties (such as
translations, sizes, and rotation) are determined, culminat-
ing in the retrieval of the desired 3D scene. This multi-step
process ensures accurate retrieval and selection of 3D ob-
jects for following applications.

After retrieving successfully, the visualizations provided
in this Figure 13 aim to assess both the quality of the gen-



Figure 10. Generated layouts by our autoregressive model trained on the M3DLayout dataset, visualized for randomly selected bedroom,
living room, and dining room.

erated object retrievals and the performance of the evalu-
ation metrics. The pure color renderings eliminate the in-
fluence of textures, making it easier to assess the layout’s
alignment and object retrieval accuracy using metrics like
FID and KID. Meanwhile, the textured renderings offer a
visually richer evaluation and applications for users. This
approach allows for a comprehensive understanding of the
model’s effectiveness from both a metric-based and visual
quality perspective.
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Input Output

A cozy dining room with a square table in
the center. Chairs rest on all sides, and a
planter adds greenery to one corner.

A dining room with a circular table has
evenly placed chairs around it. A cabinet
lines the wall, enhancing the dining
experience.

This living room has a cozy corner with a
sectional sofa and a small round

. Atv stand lines the wall opposite
the sofa, and a side table is placed beside

it. T Tl
T e

In this bedroom, the is against the
back wall, with a floor lamp at its foot. A
small desk and table lamp create a work
area.

The room is a bedroom and includes a

pushed into a corner. Across
the room, a cabinet provide a place to
store things.

Figure 11. Our generated layouts exhibit strong adherence to the provided textual guidance.
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Object Retrieval Module

-

bed_01: "wide wooden regular Bunk Bed"

Retrieval Assets Dataset (e.g., bed)

~

3D Generation Model

TRERLIE
1

Object Selection (e.g., bed)

Prompts

\

bed_02: "ornate wooden large square bed"

bed_03: "modern simple king-size rectangular bed*

t )

/

"Index" : 01
"category" : "bed*

¥

5@-

"width_ratio" : *** |

"description" : “*** bed"

—)

"height_ratio": ***
"depth_ratio™: ***

Bed Dataset

Shape & Category

Attribute Solver Similarity Solver

Dataset Info

height

—

-

Best Match

—

Generated BBox

h
BBox Info

. . “Translations"
xn Iterations

“Sizes"

“Rotation"

Scene Info

Retrieved Scene

Figure 12. Retrieval process of layout-to-scene. This flowchart illustrates the process of retrieving and selecting 3D objects based on
generated BBox information.
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Figure 13. Retrieval visualization of generated layouts. The first row displays the retrieved 3D scenes’ renderings with pure color
schemes. The second row shows the retrieved 3D scenes’ renderings with original textures applied.
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