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Figure 1: Overview of the key components of a 3D scene generation method. Given an input condition (Sec. 3.1), and prior knowledge
about how objects are arranged (Sec. 3.3), compositional systems typically first generate a coarse layout of the scene (Sec. 3.4), determine
and refine object placements (Sec. 3.5), obtain corresponding objects (Sec. 3.6), and combine them with architectural elements (Sec. 3.7) to
produce the output 3D scene. As part of this process, an important design choice is the scene representation (Sec. 3.2).

Abstract

Compositional 3D indoor scene generation is a long-standing problem and a rapidly evolving area of research spanning com-
puter graphics, 3D computer vision, and machine learning. The goal is to model the complex relationships among objects and
their spatial and functional arrangements within a scene, enabling the creation of rich, diverse, and useful 3D environments for
a wide range of applications. This survey offers a comprehensive overview of the state of the art, formulating a unifying frame-
work for analyzing scene generation systems and systematically categorizing existing methods according to their approaches
to key components. We review recent progress, analyze the strengths and limitations of different paradigms, and highlight both
major advances and open challenges. Our survey aims to serve as a resource for researchers and practitioners, offering insights
into the current landscape and inspiring new ideas for future work in this area.

1 Introduction

3D scenes play a central role in various domains such as video
games, virtual and augmented reality, robotic simulation, and dig-
ital content creation. Among them, compositional 3D scenes—
where each object is represented as individual geometry that can
be positioned, oriented, and manipulated—enable rich interactions
ith objects, forming the basis for dynamic environments across a
wide range of applications. Manual creation of such scenes is labor-
intensive, time-consuming, and requires specialized expertise in 3D
modeling. Generation of compositional 3D scenes therefore repre-
sents an important research direction for enabling efficient, acces-
sible, and interactive scene construction.

However, compositional 3D scene generation remains highly
challenging. A generation method must satisfy several often com-
peting requirements. First, generated scenes must be physically
plausible, with object placements that are consistent with basic
physical laws. Second, the scenes should be functional and coher-
ent, with objects arranged to support intended uses and reflect com-
mon real-world patterns. Third, generation methods need to cap-
ture user intent, expressed through text, sketches, images, or other
modalities. Finally, the scenes should be diverse and varied, encom-
passing a wide range of configurations within the requirements.

This survey provides a comprehensive overview of composi-
tional 3D scene generation. We introduce a general blueprint for
scene generation methods, outlining the core components and their
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interactions. Following this framework, we systematically review
existing approaches from rule-based and supervised learning meth-
ods to those leveraging large language models (LLMs) and vision-
language models (VLMs), analyzing their strengths and limitations.
We highlight key challenges, and point to promising directions for
future work. Our goal is to provide researchers and practitioners
with a clear map of the current landscape and to inspire new ad-
vances in compositional 3D scene generation.

Scope. Our survey focuses on generation of compositional 3D in-
door scenes. We thus largely exclude from consideration methods
for non-indoor scene generation, as they involve fundamentally dif-
ferent semantics and design principles compared to indoor scenes,
and non-compositional (i.e., “monolithic”) 3D scene generation.
We additionally do not focus on general 3D object generation meth-
ods except where integral to the overall scene generation method.

Related surveys. The surveys by Patil et al. [PPL*24] and Ma et
al. [MBS*24] cover 3D tasks other than scene generation, includ-
ing scene understanding and reconstruction. Patil et al. [PPL*24]
only include works up to 2023, notably excluding the recent use
of LLMs in scene generation, while Ma et al. [MBS*24] focuses
on the use of LLMs for 3D and includes just a few works applying
LLMs to scene-scale generation. Fime et al. [FMD*25] surveys pri-
marily generation methods but focuses especially on 2D image gen-
eration and covers only older works in 3D generation. The recent
surveys by Liu et al. [LXN*25] and Wen et al. [WXC*25] tackle
3D scene generation more directly. However, Liu et al. [LXN*25]
focuses predominantly on floorplan and layout generation, and Wen
et al. [WXC*25] is more focused on 3D representation choices and
does not specifically cover methods for compositional 3D scene
generation which is our goal. In contrast, we survey compositional
3D scene generation and provide a framework for understanding
the key components of recent methods.

Survey organization. We first provide useful background knowl-
edge (Sec. 2). Then we overview the high-level components of
compositional scene generation systems (Sec. 3) and systemati-
cally categorize prior work (Sec. 4). We summarize how generated
scenes are currently evaluated (Sec. 5). Finally, we discuss current
challenges and future directions for scene generation (Sec. 6).

2 Background

We begin by defining key terms and concepts used throughout this
survey. We also briefly describe statistical and deep learning tech-
niques commonly used in compositional 3D scene generation.

2.1 Definition of Compositional 3D Scenes

Given this survey’s focus on compositional 3D scene generation, a
definition of what constitutes “composition” is critical. A composi-
tional scene provides a structured representation describing distinct
objects across spatial scales. For example, furniture items such as
coffee tables and couches are placed in living rooms, utensils and
plates are placed on dining tables, and living rooms and kitchens
are connected in ways that facilitate common human activities such
as preparing and having dinner. These examples illustrate compo-
sition at three different spatial scales: furniture in a room, tabletop
items on a furniture piece, and rooms in a house.

We refer to a scene S = {O,L,A} as the set of objects O in
the scene, the layout L describing how all the objects are posi-
tioned, and the architectural elements A delineating the architec-
ture of all rooms. There are several choices in picking a representa-
tion for each of the elements O, L, and A, each with computational
tradeoffs. Some common choices for representing each object in
O are polygonal meshes, occupancy grids, signed distance func-
tions, and neural radiance fields. Common choices for the layout
L are a flat list of transformations applied to each of the objects,
or scene graphs defining a transformation hierarchy with objects at
the nodes. The architectural elements in A are similar in terms of
composition to the objects in O but are usually separated due to the
conceptual differences between placement of objects and construc-
tion of architecture. Often, these elements are represented by planar
primitives defining each wall, floor, and ceiling surface, with addi-
tional parameters specifying openings such as doors and windows.

The above compositional scene definition has three desirable
properties. First, the discrete nature of objects in O, correspond-
ing placement parameters in L, and architectural elements in A al-
lows for direct and localized control of each aspect of the scene.
Second, localized control enables easier human-driven editing op-
erations that change specific objects, their placements, and other
properties of the scene. Third, this structured scene representation
allows for easy definition and compact storage of animation se-
quences that modify object state or properties, making it easier to
model animated or interactive 3D scenes. These three fundamental
advantages explain the increasing popularity for generation meth-
ods that produce 3D scenes compositionally.

Despite many advantages, compositional representation of 3D
scenes also brings challenges. First, each of the components (O, L,
and A) admits several options for representation, making the over-
all representation space much more complex relative to monolithic
representations. Second, the heterogeneity of the components and
unordered set nature of elements make it more challenging to ap-
ply neural architectures. Third, there is a limited amount of data
available to the research community in such structured formats.
The last challenge stems from the difficulty of parsing real-world
scene data (i.e., 3D reconstruction into structured representations)
as well as the wide spectrum of detail levels and conventions in
human-authored 3D scenes, making it hard to combine datasets.

2.2 Learning Paradigms

We briefly describe learning paradigms and tools that provide foun-
dations for modeling and inference in compositional 3D scene gen-
eration. These include probabilistic models, sampling and opti-
mization methods, neural architectures, and generative models.

Probabilistic modeling tools. A variety of approaches have been
used to model the probability distributions characterizing 3D scene
arrangements. These include Bayesian networks, Gaussian mix-
ture models (GMMs), Dirichlet process mixture models (DPMMs),
Boltzmann distributions, topic models, kernel density estimation,
and factor graphs. The fundamentals of these techniques are de-
scribed in more detail by Koller and Friedman [KF09]. These ap-
proaches have been used in 3D scene generation to capture prob-
ability distributions describing the existence and spatial relation-
ships of particular objects in a scene.
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Figure 2: Blueprint illustrating components of compositional 3D scene generation systems, and implementation choices made by prior work
for each component. Parentheses show which section discusses design choices for each component.

Sampling and optimization tools. Exact inference in the above
models is often infeasible, so a range of sampling and optimiza-
tion techniques are used, including Markov Chain Monte Carlo
(MCMC) sampling, Metropolis-Hastings (MH), Gibbs sampling,
Simulated annealing (SA), Iterated local search (ILS) and hill
climbing, gradient descent, position-based dynamics (PBD), and
K-means clustering. Gelman et al. [GCSR95] provide a thorough
description of the fundamentals of such sampling strategies. These
techniques enable efficient sampling and inference for the fairly
complex probabilistic models learned from compositional 3D scene
data. A key challenge is the typically transdimensional nature of the
probability distributions of realistic indoor scenes, where there is a
highly variable number of objects and potential object placements.

Neural architectures. Increasingly, a variety of neural network ar-
chitectures have been used to learn from data, often replacing tra-
ditional probabilistic models. this has been enabled by advances in
efficient optimization through backpropagation [RHW86], larger-
scale datasets, and hardware enabling faster compute. Popular ar-
chitectures include multilayer perceptrons (MLPs), convolutional
neural networks (CNNs), recurrent neural networks (RNNs) and
their gated variants LSTMs and GRUs, and most recently trans-
formers [VSP*17; DBK*21]. Goodfellow et al. [GBC16] provide
a more comprehensive overview from fundamentals.

Generative models. Generative models used for 3D scene gen-
eration are neural networks designed to learn a data distribution
so that they can generate new samples resembling the data. Pop-
ular examples include variational autoencoders (VAEs) [KW13],
generative adversarial networks (GANs) [GPM*14], autoregres-
sive models [VKK16; VKE*16], and most recently diffusion mod-

els [SWMG15; HJA20]. These approaches yield exceptional fi-
delity and diversity for generation of images, and have since been
extended to other modalities including text, audio, and 3D data.

3 A System Blueprint for Scene Generation

In this section, we outline a common set of components that are
present in most systems for compositional 3D scene generation.
This blueprint serves as a framework for positioning and under-
standing the design choices made by different scene generation
methods, which we will discuss in Sec. 4.

Fig. 1 depicts our proposed blueprint for a compositional 3D
scene generation system. The entire process can be conditioned on
different user input, such as text, images, or scene graphs (Sec. 3.1).
Given the input specifications, a scene generation system models
the scene using an internal representation, such as structured lan-
guage or images (Sec. 3.2), leveraging prior knowledge about valid
object arrangements (Sec. 3.3) to sample a layout for the scene as
captured in the representation (Sec. 3.4). This layout can be re-
fined to improve physical plausibility, functionality, or other fac-
tors (Sec. 3.5). Finally, 3D object assets are retrieved or generated
based on the predicted parameters, such as the object class and size,
(Sec. 3.6) and rendered in the layout to populate the scene.

Fig. 2 summarizes the different design choices for each com-
ponent of the blueprint. We use icons throughout Sec. 4 to indi-
cate specific choices made by different methods within the overall
blueprint. In the following sections, we describe each component in
more detail, discussing the various options and trade-offs involved
in their design and implementation.
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Figure 3: Examples of different input conditions (Sec. 3.1) and cor-
responding generated scenes.

3.1 Conditioning

While scenes can be generated without any conditioning, it is of-
ten useful to provide guidance so that the output matches specific
requirements. Conditioning can take many forms (see Fig. 3), rang-
ing from minimal signals (e.g., room type) to highly detailed inputs
(e.g., partial layouts or images of scenes). An effective generation
system should respect the conditioning faithfully, while completing
the remaining aspects of the scene in a plausible manner.

Room information. The simplest conditioning is specifying the
desired room type, such as “bedroom” or “kitchen.” This constrains
the set of relevant objects and their typical arrangements. It can
also enable the use of models specialized for different room cate-
gories [WLW#*19; TNM#*24]. More detailed room-level inputs in-
clude floorplans [PKS*21; HAD*24; CHS*24], which define the
spatial boundaries for placing objects. A floorplan can be repre-
sented as a 2D mask or a polygonal outline. Additional architectural
elements, such as door and window locations [WYN21; SGC25],
provide further constraints: they must remain unobstructed and of-
ten influence functional placements (e.g., an umbrella stand near
the door or a sofa facing a window).

Partial scene. Another common form of conditioning is a partially
specified scene in which some objects are already placed [SLLGO3;
FCW*17; MPF*18; BA25]. This provides context for the genera-
tion process, which can then add missing objects, refine layouts, or
complete the scene. Partial inputs can range from a rough arrange-
ment of a few key items to a nearly finished scene that requires
modification. Such conditioning is especially useful for scene com-
pletion, editing, and interactive design scenarios.

Text. Natural language conditioning offers a flexible and intuitive
way to describe the desired scene [CS01; CMS*15]. Prompts can
range from short phrases (e.g., “a modern office”) [ZHX*24] to
detailed descriptions specifying room type, required objects, spa-
tial relationships, and stylistic attributes [YSW*24; PTW#*25]. Text
can also express negative constraints by excluding objects or fea-
tures. However, language is inherently ambiguous, and phrases like
“a cozy living room” may be interpreted differently depending on
context and cultural bias, posing challenges for generation.

Image. Images can serve as visual cues for guiding scene genera-
tion. A single RGB perspective image is the most common form,
providing a direct reference for objects and layout that the gener-
ated scene should reproduce [ZWWZ25; HZB*25]. However, a sin-
gle view captures only part of the scene, making it difficult to fully
constrain 3D structure. Panoramic images mitigate this limitation
by covering a 360° view, offering more complete information on
the layout and visible objects [ZCC*21; DFB*24].

Video or multi-view images. Video sequences or multi-view
images provide richer conditioning signals than a single im-
age [CCPS25; MPNF22]. They help resolve scale-depth ambigu-
ities and place objects into a global 3D coordinate frame. At the
same time, the multi-view setting introduces challenges such as oc-
clusion, objects entering or leaving the field of view, and tracking
errors that may fragment or confuse object identities, all of which
can harm the quality of the generated scene.

Scan. 3D scans offer direct structural conditioning. They capture
room geometry and existing objects explicitly, typically as volu-
metric grids [ADD*19] or point clouds [FSL*15; LYS*20]. Gener-
ation models can then align CAD objects [ADD*19] or add missing
elements to complete the scene [KPZ*20]. The challenge lies in ef-
fectively interpreting noisy or incomplete scan data and integrating
it with learned priors to produce coherent, high-quality scenes.

Human pose. Beyond conditioning directly specifying scene struc-
ture or appearance, some works incorporate human-centric sig-
nals [YWL*22; YHT*23; NDHN22]. A sequence of human poses
captures how people interact with the scene, providing cues about
free space, object placements, and functional arrangements. Such
conditioning emphasizes affordances and usability, guiding gener-
ation toward scenes supporting human activities.

3.2 Representation

Indoor scene synthesis relies fundamentally on how the underly-
ing representation structures the generation process. A variety of
different representations are used to model the scene during the
process of generation (see Fig. 4). This section reviews the prin-
cipal paradigms of scene representation, outlining their modeling
strategies, advantages, and limitations.

Object sequences. An object sequence representation (Fig. 4 (a))
encodes an indoor scene as a sequence of objects, each represented
by a feature vector capturing essential attributes. In early work, the
object sequence only contains basic information such as position
(xi,yis2i), size (wi,1;, h;), and orientation 0; of the object [WYN21;
ZYM*20; PKS*21; LGWM22]. More recently, an object shape
feature f; is introduced to better control retrieval or generation of
each object [HAD*24; YJZH24; SYW*25]. Formally, a scene S
with N objects is represented by S = {01, ...,0y}, where:

0; = [x;, ¥, 2, Wi, iy hi, 05, ¢4, fi]

This representation is simple and compact, allowing for easy in-
tegration with sequential generative models such as Transformers.
However, it inherently lacks explicit spatial relationships, making
interactions between objects indirectly modeled.
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Figure 4: Scene representations (Sec. 3.2). During scene generation, the scene can be represented as a set or sequence of objects with
attributes (e.g., object category, position, size, orientation), a graph including objects and relationships between the objects, or structured
language or programs. For better encoding of appearance and spatial relationships between objects, it is possible to represent the scene as
images or 3D representations. Monolithic 3D representations such as meshes and point clouds that do not break the scene into objects, need
extra steps to extract the objects. In contrast, semantic-aware 3D representations can allow for easier extraction of objects.
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Figure 5: Example of imperative vs declarative programs. Declar-
ative programs often require an optimization module to preserve
constraints. Figure reproduced from Gumin et al. [GHY*25].

Scene graphs. Scene graph-based representations (Fig. 4 (b)) en-
code indoor scenes as graphs capturing objects and their rela-
tionships. The structure can take various forms, including parse
trees [PZR20], directed graphs [LZWT20; WLW*19; LM24;
YCC#*24], or hierarchies [QZH*18; LPX*19]. Objects are repre-
sented as nodes, and edges capture spatial or semantic relationships
such as support or adjacency. In hierarchical or tree-based variants,
groups of objects are recursively nested to reflect multi-level spa-
tial organization. This explicit modeling of relationships—whether
flat or hierarchical—enables complex spatial reasoning and sup-
ports structured scene manipulation. However, scene graph repre-
sentations require careful design of the structure and relation types,
introduce computational challenges to determine the relationship
between objects, and often face challenges with collision manage-
ment due to implicit geometric constraints.

Structured language and programs. Structured language repre-
sentations (Fig. 4 (c)) describe scenes using text or programs, spec-
ifying objects and their attributes in a human-readable way. Ap-
proaches vary from language encoded data-structures (e.g., CSS-
like descriptors listing object types and placements) [FZF*23]
to declarative programs that provide constraints of how the ob-
jects should be placed relative to each other [SLG*25] to impera-
tive programs that explicitly construct or manipulate scenes step-
by-step [TPW*25b; PTW*25] (Fig. 5). The choice of language

ranges from custom domain-specific languages (DSLs) tailored for
scene description to widely used scripting interfaces such as the
Blender Python API [HIJ*24] or general Python-based libraries.
This allows leveraging the expressive power and compositionality
of programming languages for scene synthesis. While such rep-
resentations benefit from intuitive control and leverage LLMs for
open-vocabulary or procedural generation, they heavily depend on
parsing and execution accuracy, and often lack explicit geometric
grounding, which can lead to unrealistic scene layouts.

Images and videos. Scenes can also be represented as images
(Fig. 4 (d)), with different choices for the viewpoint and encod-
ing (Fig. 6). Common viewpoints include top-down (or bird’s-eye
view) which captures well the dominant objects in a room, per-
spective which offers a more natural view commonly found in pho-
tographs, and more recently isometric and panoramic views which
offer a wider field of view. Top-down views can take the form of
single-channel semantic maps [SFH*25], RGB images [ZYM*20],
or multi-channel maps where each channel encodes a different
attribute such as object category, orientation, or size [WSCRI1S;
RWLI19]. This format provides explicit pixel-level spatial infor-
mation in the horizontal plane and allows flexible encoding of
scene attributes. However, top-down images lack vertical detail,
can miss small objects due to resolution limits, and often require
post-processing to recover object instances. Perspective [WQL*24]
and isometric [DYY*25; GCL*25] views provide richer visual de-
tail but demand more complex reconstruction pipelines. Recent
works extend these approaches by generating short video clips of
scenes [HZB*25], leveraging video generation models to capture
richer priors about object layouts. Overall, image-based scene rep-
resentations align naturally with image generation models such as
GAN:Ss and diffusion models, while video-based representations fur-
ther benefit from recent progress in generative video modeling.

3D representation. Monolithic 3D representations (Fig. 4 (e))
model the entire scene in a single unstructured representation, with-
out decomposing into individual objects or parts. Common ap-
proaches include implicit neural functions [LDL*23], dense fea-
ture volumes [JSM*20], and neural fields [MST*21], each encod-
ing spatial occupancy [LLJ*24; LRY*24], geometry [MLND25],
or appearance [ESL*25] in a unified latent space. These methods
capture both global spatial structure and local geometric detail in
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Figure 6: Different ways to use images to represent the scene including: (a) top-down, (b) perspective, (c) isometric, and (d) panoramic.
Each option can encode different information (e), or have separate masked images for each object (f). Images contain rich information
about object appearance and relationship to other objects. However, images are a partial specification of the scene (e.g., RGB images do not
specify object instances, and a single perspective image can only capture part of the scene). Image representations are often augmented with
additional information and metadata to form hybrid representations [WLW*19; ZYM*20]. Overall, images can serve as a source of both

input conditioning and knowledge.

one representation. This is a straightforward way to support gener-
ation of high-fidelity, coherent scenes, but also results in high mem-
ory and computational requirements. Moreover, the lack of explicit
object decomposition limits controllability for editing or seman-
tic manipulation tasks. Some methods include semantic features
through semantic-aware 3D representations such as semantic voxel
grids [YGZT21] or 3D heatmaps encoding functionality [FSL*15].
Depending on the 3D representation used, there may be high com-
putational or memory costs. For instance, dense voxel grids can en-
code detailed 3D information, allowing for direct operations such
as voxel overlap for collisions but requiring tradeoffs between res-
olution and compute.

3.3 Knowledge

In creating real-world scenes, interior designers incorporate princi-
ples about the arrangements of furniture or objects based on prac-
tical considerations, geometrical principles, social norms, and cul-
tural practices. For instance, most scenes involve symmetries in ar-
rangements and place objects in alignment with other objects or ar-
chitecture, such as a bed parallel to the wall. To acquire this knowl-
edge, research in scene generation typically follows one of three
approaches (see Fig. 7): 1) procedural generation of scenes based
on heuristics (encoding human knowledge of where objects go into
procedural rules) [DVH*22; RMK*24]; 2) 3D scene generation by
learning priors from data [FRS*12; WSCR18; PKS*21; TNM*24];
and 3) leveraging LLMs to extract world knowledge [FWLS24;
YSW*24; AGH*24]. Recently, there has been increasing focus on
the third line of work (using LLMs for world knowledge) in or-
der to handle more diverse types of scenes, as it is challenging to
scale heuristics (limited by human coding effort) and learning pri-
ors from 3D data (limited by available data). For instance, most
prior work on 3D scene generation is trained with a single, fairly
limited dataset: 3D-FRONT [FCG*21], which has sparsely pop-
ulated bedrooms, living rooms, and dining rooms. Enticingly, the
large amount of common sense and world knowledge encoded in
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Figure 7: Sources of knowledge (Sec. 3.3): human provided, im-
ages, 3D scenes, or large models pretrained on datasets of text /
images / videos. Human-provided constraints work well for small
numbers of scene and object types, but are hard to scale up. De-
pending on the source, the knowledge is high-level semantic pri-
ors (e.g., from language) or explicit 3D priors on object placement
(e.g., from 3D scenes). While there is an abundance of text and im-
age data, there is much less publicly available 3D scene data.

LLMs would allow for handling arbitrary scene types with arbi-
trary types of objects populating the scene.

Human-authored heuristics. Procedural generation methods of-
ten rely on humans to encode knowledge about design princi-
ples, such as from interior design and intuitive human preferences,
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into explicit procedures or algorithms for generating scenes or as-
sets [ZLJ*21; DVH*22; RMK*24; MET]. While these methods
benefit from interpretability and more guaranteed enforcement of
human design principles, they are hard to generalize due to the
manual work required to incorporate new knowledge, and limited
by the need to balance different design principles.

2D images. Some methods leverage 2D image data to learn
priors for 3D generation, especially due to the limited quan-
tity of 3D scene data and larger quantity of images of in-
door scenes. [PJBM22; YDH*25; YDH*24; WQL*24; LLL*25;
NLL*25; FWLS24; DYY*25]. While 2D images lack depth in-
formation for accurate 3D localization, they naturally capture the
distribution of real scenes and implicit scene design knowledge.
However, 2D views capture a limited and biased view of the scene,
suffering from occlusions, a restricted field-of-view, and other lim-
itations that make it challenging to translate from 2D to 3D.

3D scenes. Methods trained on 3D scene datasets attempt to lever-
age existing 3D scene data to extract design principles [PKS*21;
TNM*24; YJZH24; ZOW*23; LM24]. These scene datasets are
typically authored by humans with relevant expertise [KMH*17;
GSA*20; FCG*21; KMJ*24]. Compared to 2D images, major ad-
vantages of this type of 3D scene data include its compositional
nature and more explicitly representation of the 3D space and rela-
tionships between objects. However, 3D scene datasets are limited
in size as they require significant effort to create, subsequently re-
sulting in limited diversity and complexity in existing datasets. Fur-
thermore, differences in the conventions and geometry of 3D assets
as well as intellectual property issues can make it challenging to
easily compose new scenes based on existing datasets, despite their
prevalent use across various applications.

LLMs and VLMs. LLM- and VLM-based approaches extract de-
sign principles encoded in text and visual data in order to apply
that knowledge to scene generation [FZF*23; FWLS24; YSW*24;
CHS*24; SLG*25; HIJ*24; PTW*25]. Explicit sources of knowl-
edge include descriptions of scenes as well as descriptions of de-
sign principles found in books or other documentation sources. In
addition, VLMs can leverage 2D image data of scenes to learn from
the visual representations of said scenes and correspond them more
directly to textual descriptions. Thus, pretrained LLMs and VLMs
lend themselves to serving as knowledge bases, augmented further
by an ability to retrieve information from the web and other data
sources. While benefiting from the vast amount of documentation
of design principles in text and image data, VLMs have difficulty
translating textual representations of this knowledge to 3D space to
produce consistent and plausible scenes [TPW*25a].

3.4 Layout Generation

Scene generation models leverage the knowledge base and input
conditioning to predict 1) what objects should be present in the
scene; and 2) how should the objects be arranged (i.e., the scene
layout). The layout should satisfy both the explicit relative spatial
constraints between objects in the input as well as implicit human
design principles. To accommodate these, it is useful to break down
arrangement of the objects into several phases: a) a high-level spec-
ification of the semantic relationship between objects; b) a coarse
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Figure 8: During layout (Sec. 3.4), object categories (or embed-
dings) are sampled and a coarse layout placement is determined.

layout of the objects (or subset of the objects); and c) exact place-
ment of the objects based on object geometry and ensuring phys-
ical plausibility (i.e., no collisions, proper support). Depending on
the input specification and scene generation method, some of these
phases are potentially skipped. For instance, deep-learning based
models trained on 3D data typically go directly from the input con-
ditions to output layout specification without necessarily explicitly
modeling the three phases. In this section we will focus on phase a)
and b) and defer discussion of ¢) to Sec. 3.5.

In Fig. 8, we show broad strategies for how layout is achieved:
direct prediction, layout via semantic constraints, and hierarchical
layout. In direct prediction, a model generates the layout directly
from the input as is common for many deep learning models trained
on 3D data. Some works such as LayoutGPT [FZF*23] prompt
an LLM to generate the layout directly. An alternative approach
is to first obtain a set of constraints that specifies the relationships
between objects, and then either give the constraints to a learned
model to generate the coarse layout, or to solve a constraint opti-
mization problem. It is also possible to perform the layout problem
in a hierarchical manner, where objects are arranged at different
scales (small objects arranged on a table, furniture arranged in a
room, etc.) [SLL*25; PTW*25]. Here, we discuss in more detail
how different approaches tackle layout generation.

Human-in-the-loop. Some methods rely on humans-in-the-loop to
layout the scene, with some asking users to specify all of the re-
quired objects [MSL*11; ZLJ*21], and others coordinating with
human artists to spatially arrange the objects [MSL*11; HKAG23]
using a graphical interface. This primarily allows methods to au-
tomate and improve other aspects of scene generation and most
directly incorporates human design principles into generating good
scenes, at the cost of manual effort to generate complete scenes.

Procedural rules. To intuitively apply interior design principles
for placing objects, some methods construct a set of rules for step-
by-step generation of scenes [DVH*22; RMK*24; MET]. These
rules can be represented algorithmically as in a decision-based
flow [DVH*22], or as compact procedural programs based on
domain-specific languages [RMK*24; MET]. Furthermore, these
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Figure 9: During object placement and refinement (Sec. 3.5), the
geometry of objects is taken into account to determine physically
plausible placements (properly supported and collision free). To do
this, it is necessary to (a) identify support and attachment regions
for objects; (b) perform optimization and sampling to ensure plau-
sible placements; and (c) assess physical plausibility by checking
whether objects are properly supported, and detecting and scoring
collisions and inter-penetrations. Strategies for plausibility assess-
ment include: ray casting, image-based projections and reasoning
over images, and physics-based simulation.

methods often involve stochasticity in design. These methods are
interpretable due to their explicit encoding of design principles, but
they are hard to generalize either due to the inflexibility of extend-
ing complex rule-based flows or due to the manual work required
to craft additional procedural routines.

Constraints. Rather than constructing procedural algorithms, other
methods convert human design principles into a set of mathematical
constraints or density functions which can subsequently be solved
to generate object arrangements. The constraints can be represented
as a mixture of density functions [MSL*11; JLS12], or in a hier-
archical scene graph format with relative relationships [YYT*11;
CSM14b; QZH*18; ZLJ*21]. To sample scene layouts under the
specified constraints, most methods use a Markov Chain Monte
Carlo (MCMC) sampler [MSL*11; YYT*11; YYW*12; QZH*18;
Z1J*21], and Gibbs sampling where direct sampling is diffi-
cult [JLS12]. This approach allows direct determination of whether
a sampled solution satisfies all of the constraints and thus design
principles and scene description. However, building the set of con-
straints to define a scene cannot easily generalize to new types of
constraints without significant manual effort. Further, solving a set
of constraints can be complex for challenging scene descriptions.

Statistical learning. Statistical models learn from example scenes
to capture which objects tend to co-occur and how they are typically
arranged. Some methods represent this knowledge with probabilis-
tic structures such as Bayesian networks and Gaussian mixture
models [FRS*12], And-Or graphs with Gibbs distributions [DS14;
QZH*18], or scene graphs with priors on object occurrence, sup-
port relations, and relative positions [CSM14b; CMS*15]. Others
model co-occurrence using factor graphs combined with k-means-
based arrangement models [KLTZ16]. Sampling strategies such as
Metropolis-Hastings, simulated annealing, Gibbs sampling, or lo-
cal search are then used to generate layouts consistent with these

learned priors, sometimes in conjunction with explicit constraints.
While these approaches can reproduce common co-occurrence pat-
terns and coarse spatial statistics, they often struggle to enforce ex-
act counts, fine-grained relationships, or adapt to novel constraints,
since they inherit strong biases from the particular statistics they en-
code. At the same time, they alleviate the need for manually hand-
crafting rules or constraints by directly extracting priors from data.

Deep learning. Learned methods include models that have been
specifically trained on 3D scene datasets to sample object types and
placements. Autoregressive methods rely on iteratively generating
and placing each object in the scene, including VAEs [LPX*19]
and transformers [PKS*21]. Diffusion-based methods, on the other
hand, represent the scene layout in matrix form, similar to an im-
age, and leverage a discrete iterative denoising process to map from
sampled noise to an internal scene representation of the object
classes, sizes, and poses [ZOW#23; TNM*24; LM24; YJZH24].
While these methods learn directly from 3D scene datasets, they
are limited by the relatively low volume and diversity of 3D data,
often being limited to only a few common room types.

LLMs and VLMs. LLM- and VLM-based models either lever-
age encoded knowledge or retrieval to propose object classes and
layouts in either a textual or visual representation. LLMs are typ-
ically used to generate lists of objects to place in the scene and
propose placements of objects either in a structured representa-
tion [FWLS24; YSW#24; CHS*24; PTW*25] or code [FZF*23;
SLG*25; HIJ*24; PTW*25]. VLMs can be used to generate image
representations of the scene, which can subsequently be translated
to 3D [WQL*24]. Since LLMs are exposed to significant amounts
of world knowledge, they can easily generate lists of objects that
are semantically relevant for a particular room type or description.
However, language models often lack precision in matching spe-
cific input conditions, such as honoring counts of objects, and fail
to translate scene descriptions into a valid layout due to a lack of
robust 3D spatial understanding.

3.5 Object Placement and Refinement

Object placement and refinement aims to address geometric in-
consistencies that arise after layout generation, especially with 3D
meshes. Many methods, particularly deep learning-based, produce
layouts with mesh collisions, floating objects, and objects placed
out of bounds, mainly because they do not account for physical con-
straints. These conflicts compromise the physical plausibility es-
sential for downstream applications. To ensure the plausible place-
ment of objects, there are two common strategies: 1) iterative place-
ment of single objects into a scene while (mostly) ensuring physical
plausibility; and 2) optimization and sampling of object placements
for plausibility. In both cases, it is also necessary to consider tech-
niques for assessing the plausibility of a placement. This section
discusses strategies for object placement and refinement of object
placements (Fig. 9).

Object placement. While long a subproblem in compositional
scene generation, the placement of objects has recently been stud-
ied on its own [HBT*25; AAW*25]. For the placement of sin-
gle objects, it is important to be able to identify regions or sur-
faces on which other objects can be placed, and to be able to
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determine whether the object is placed free of collision and with
proper support. Support region detection identifies valid surfaces
(e.g., floor, walls, ceilings, furniture) where objects can be stably
placed. Most works treat this as an annotation or pre-processing
step [FRS*12; CSM14b; PTW*25] on individual objects. Several
datasets [KMH*17; YRY*23] provide receptacle annotations of
where other objects can be placed. Other works algorithmically
determine the support surface, either by taking the top-most flat
surface [DVH*22] or using more advanced techniques. Fisher et
al. [FRS*12] segment meshes into planar support surfaces using a
region growing algorithm. HSM [PTW*25] extracts planar regions
by clustering mesh faces, fitting planes and classify them as hori-
zontal or vertical with clearance constraints. Attachment regions.
Parallel to identifying support surfaces, it is also important to iden-
tify the side or point at which the object should be attached. It is
common to annotate what side of an object attaches to other ob-
jects [DVH*22] or for that to be learned from data [CSM14b].

Placement refinement. Optimization and sampling can be used to
refine the placement of objects by incorporating support and col-
lision terms in the objective function [FRS*12]. Collision detec-
tion & resolution. Heuristics can also be used to resolve collisions.
RoboGen [WXC*24] resolves collisions by detecting intersecting
objects and pushing their centers of mass apart along collision nor-
mals. HSM [PTW#*25] applies adaptive horizontal displacements
based on penetration depth, and preserves each object’s support re-
gions (e.g., floor bound, attached on floor, mounted on ceiling).

Placement plausibility assessment. There are several different
strategies for identifying proper support and collision detection.
Ray casting ensures objects are properly supported from their cor-
responding surfaces such as floors, walls, ceilings, or objects sur-
faces. Holodeck [YSW*24] uses ray casting to initialize small
objects on larger surfaces to ensure they are properly supported.
HSM [PTW#*25] refines object placement by ray casting according
to each object’s support region (e.g., floor, wall, ceiling, furniture).
Projection methods [WZC*24] project (or render) the profile of
the object to be placed onto the support surface. Then image-based
techniques can be used to determine whether there are collisions
and sufficient support. Instead of casting many different rays, this
approach leverages faster raster-based rendering, which can work
better than ray-casting for more complex shapes. Physics-based
simulation is an alternative to projection or ray-tracing. For in-
stance, objects can be placed on a support surface by dropping an
object from above, and letting the physics simulation to ensure sup-
port contact is tight and free of collisions [SF95; XSF02]. Another
approach is to integrate a physics-aware optimization module to
enforce stability constraints, which ensures objects rest stably on
their parent surfaces to simulate gravity. One example is Scenethe-
sis [LLL*25] which integrates such constraints with signed dis-
tance fields. Physics-based simulation can be expensive, and often
requires the use of shape approximations such as convex decom-
positions [LAO7; MLP16; WLLS22] for faster computation. Im-
properly initialized placements can cause simulations to explode
(due to initial intersections), and require additional information for
each asset (object masses, which objects are fixed). An advantage
of physics-based simulation is that the resulting scenes are readier
for use in simulation frameworks for embodied Al and robotics.
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Figure 10: Objects can be retrieved from a repository of 3D
shapes, or generated using an object shape generator (Sec. 3.6).
Both retrieval and generation can be done with shape embeddings
extracted from a text description (can be as simple as object cate-
gory) or from an image. It is common to train a specialized VAE for
shape embeddings and use that for retrieval or generation.

3.6 Object Shapes

To turn a scene layout into a complete 3D scene, the layout must be
populated with concrete object shapes. Broadly, there are two ways
to obtain these shapes: retrieving them from an existing dataset or
generating them from scratch (see Fig. 10).

Retrieval. Retrieval-based approaches assume access to a database
of 3D object shapes, from which suitable candidates can be se-
lected to populate a scene [FRS*12; WSCR18; PKS*21]. Several
cues can guide retrieval, including object category, object size, and
similarity in a learned embedding space. Category-based retrieval
requires both the generated layout and the database shapes to be
annotated with object categories, which is common in layout gener-
ation pipelines. Size-based retrieval, typically using bounding box
dimensions, is often combined with category information to fur-
ther narrow down candidate shapes. More recently, embedding-
based retrieval has become popular, using approaches such as
CLIP [RKH*21] and DuoDuoCLIP [LZC25] that align text, im-
ages, and sometimes shapes in a shared space. In this setting,
embeddings of database shapes (from text descriptions, rendered
images, or directly from 3D data) are precomputed, and suitable
objects are retrieved by comparing these to the embedding of
a query, which can be text or image-based. For example, Dio-
rama [WIR*25] adopts a hierarchical retrieval strategy: first nar-
rowing candidates with text embeddings, then ranking them using
image similarity. The retrieved shapes are then placed into the scene
according to the layout specification.

Generation. Object shapes can also be generated di-
rectly [HGA*25]. This eliminates the need for retrieval from
a database of object shapes, and allows for more flexibility
in generating unique shapes that may not exist in a database.
Similar to retrieval, object shapes are typically generated based
on object category, text description, image, or embedding. There
are also procedural generation approaches that represent objects
as visual programs and generate the object shapes by executing
the program [RMK*24]. These approaches typically only work
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Figure 11: Comparison of method families for scene generation. Monolithic methods generate 3D scenes without consideration to individual
objects, while our survey focuses on compositional 3D generation. For completeness, we discuss how monolithic methods (a, Sec. 4.1)
typically do 2D or 3D infilling to generate the scene geometry. Compositional scene generation started with rule-based methods (b, Sec. 4.2)
that use heuristics to map between common spatial relations and geometric placements, and rules for encoding common object arrangements.
Supervised methods (Sec. 4.3) learned distributions of objects and their placements based on 3D scene datasets. Early data-driven methods
used statistical models such as Bayes Nets (c, Sec. 4.3.1) to learn object co-occurrences and distributions over relative placements, and then
iteratively sample and optimize object placements. With the development of larger datasets and neural network architectures, deep learning
models (d, Sec. 4.3.2) used larger amounts of training data to learn the object arrangement distributions and sample from them. More recent
methods leverage pretrained models for open-vocabulary scene generation, by prompting LLMs (e, Sec. 4.4) or using image generation
models to obtain an initial image and then decomposing the image into individual objects (f, Sec. 4.5).

for objects composed of simple geometric primitives, such as
boxes and cylinders, and struggle to model complex shapes. For a
broader review of text-to-shape methods, see Lee et al. [LSC24].

Challenges. Both retrieval and generation face important chal-
lenges. Retrieval relies on databases that are diverse, well-
annotated, and normalized in terms of scale and orientation. Other-
wise, additional modules are required to standardize the retrieved
shapes. Generation methods must ensure that outputs are realistic
and artifact-free, which remains difficult for complex geometries.
Beyond obtaining objects, laying out into a scene poses its own dif-
ficulties. While placing objects on the floor is straightforward, sup-
porting relations (e.g., books on shelves) require reasoning about
3D geometry and identifying spatial regions on supporting objects
that can accommodate placement of the supported object.

3.7 Architecture

Apart from the objects, the architecture of a scene, including ele-
ments such as walls, floors, ceilings, doors, and windows, plays a
crucial role in defining its overall structure and functionality. The
floor establishes the valid region for object placement, while open-
ings such as doors and windows influence the layout by constrain-
ing movement and sight lines. Some methods [SCH*16; ZOW*23]
omit architectural components entirely, focusing solely on arrang-
ing objects within an empty volume.

Fixed template. A simple strategy is to assume a fixed architectural

layout for all scenes. For example, DiffuScene [TNM*24] uses a
6m X 6m square room as a constant boundary, applied post-hoc
to all generated scenes. Another option is to sample from a set of
predefined candidates [ZLJ*21]. This approach simplifies the gen-
eration process but limits the diversity of the resulting scenes.

User input. Many approaches instead rely on architectural in-
formation provided as part of the user input [WYN21; PKS*21;
PGMW23; YHT*23; MSDO24]. This information can take several
forms, such as room dimensions (e.g., length and width) for rect-
angular spaces [FZF*23], or a 2D floor plan that specifies the room
boundaries and shape [PKS*21; YHT*23; GSM*23]. Elements
like doors and windows may also be included to constrain object
placement [SGC25]. This way, the architectural layout serves as a
strong geometric prior that anchors the generation process.

Automatic generation. Architectural elements can also be gener-
ated automatically. The simplest approach is to create a rectangular
room after the objects have been placed, enclosing them within a
fitted floor plan [LM24]. More sophisticated methods generate de-
tailed architectural structures, including walls, doors, and windows,
either using procedural generation techniques [DVH*22], or by
prompting LLMs to design plausible layouts [YSW#*24; FWLS24;
PTW#*25]. There is also a line of work that focuses specifically on
room layout generation [NHC*21; SHF23], producing multi-room
floor plans that can then be used for scene generation.
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4 Scene Generation Methods

Scene generation methods can be broadly categorized based on
how they handle the generation process, the type of knowledge they
leverage, and the representation of the generated scenes (Fig. 11).
In this section, we review the most common approaches to compo-
sitional 3D scene generation. We start with monolithic methods in
Sec. 4.1, which generate a scene as a single fused geometry. While
these methods are by nature not compositional and not the focus
of this survey, we include them here for completeness and to high-
light their limitations. Next, we discuss compositional approaches,
starting with rule-based methods in Sec. 4.2, supervised methods
in Sec. 4.3, and LLM/VLM-based methods in Sec. 4.4. Finally, we
discuss vision-based methods in Sec. 4.5.

4.1 Monolithic

Monolithic approaches output a fused geometry representation that
does not explicitly separate object instances. We categorize these
methods into two groups: methods that rely on image-based priors
and methods that use explicit 3D supervision or 3D priors.

Image-based outpainting. These methods typically follow two
stages: text-to-image diffusion and monocular depth estimation.
First, an initial image is either generated from text or taken as in-
put. A depth estimation model then predicts depth for the initial
image. Using color from the image and the estimated depth, the
scene is lifted to 3D. The camera then shifts to a new viewpoint,
from which the lifted 3D scene is rendered. To complete missing
regions, the text-to-image model is used to inpaint between existing
regions and outpaint new areas. Depth is estimated for new areas,
with various strategies to align depth to existing geometry for bet-
ter consistency. Finally, the newly predicted color and depth infor-
mation are then fused into the 3D representation. This process re-
peats to continuously expand the 3D scene. Earlier works used ex-
plicit 3D representation like meshes [FAKD24; HCO*23] or point
clouds [YDH*24] for more straightforward back-projection. Re-
cent methods use gaussian splatting-based optimization [CLN*23;
STLR25; YDH*25] for higher quality. A major limitation is the
lack of consistency in long-range generation as well as distortion
or artifacts in the geometry due to inaccuracies in depth predic-
tion. Recent work like WonderFree [NLL*25] attempts to remedy
this by fine-tuning video diffusion models on a combined dataset of
real and synthetic 3D datasets. However, modality gaps between 2D
and 3D still exist. Moreover, the process is computationally expen-
sive, requiring repeated runs of text-to-image and depth estimation
models, as well as potential optimization of the 3D representation.

3D-based outpainting. In contrast to image-based approaches,
3D-based outpainting methods operate directly on a 3D repre-
sentation. They typically encode spatial chunks into a compact
latent space, enabling diffusion models to generate new regions
conditioned on existing geometry and progressively extend large-
scale scenes. Most methods adopt a latent diffusion architec-
ture (LDM) [RBL*22], first learning to compress smaller scene
chunks in representations such as triplanes [LLI*24; WLY*24],
sparse voxels [RHZ*24; LRY*24], or feature grids [MLND25]
into low-dimensional representations. Generation proceeds by re-
sampling and denoising neighboring chunks, analogous to 2D

repainting [LDR*22], allowing continuous expansion of the 3D
scene while maintaining coherence between regions. This frame-
work has been applied to driving scenes [LLJ*24; LRY*24;
LLL*24], city-scale environments [XCHL24; LLM*23; XCHL25;
HICZ25], outdoor scenes [LHC25; ESL*25; ZZG*25], and in-
door scenes [WLY*24; MLND25]. Each method adapts the gen-
eral framework to the characteristics of the target scene type,
using strategies such as repaint-like [LDR*22] resampling, top-
down or overlap conditioning. Of particular interest to us are
methods that generate indoor scenes: BlockFusion [WLY*24] and
LT3SD [MLND25]. The former uses a triplane and the latter
a feature grid representation for LDM compression. Both meth-
ods use repaint-like resampling for scene outpainting with Block-
Fusion training a conditional model based on semantic layout
and some outdoor scenes, and LT3SD incorporating MultiDiffu-
sion [BYLD23] for their multi-level generation.

Limitations and challenges. A major limitation is the monolithic
output representation of the 3D scene, where geometry, seman-
tics, and appearance are fused together. This makes it difficult to
use such scenes in interactive settings where objects need to be
manipulated or articulated. While segmentation could be applied
post-hoc to obtain object instances, how to do this effectively to
obtain high quality output remains an active research problem. In-
finiCube [LRY*24] demonstrates this by segmenting out cars and
reconstructing dynamic driving scenes. However, the geometry is
quite coarse and low quality, and is not suitable for indoor scenar-
ios where fine detail is more important.

4.2 Rule-based

To generate compositional 3D scenes—where each object is an en-
tity that can be arranged independently—it is crucial to capture
the principles that govern plausible arrangements. Just as humans
do not place objects in everyday environments at random but in-
stead follow implicit rules and conventions, rule-based approaches
to scene generation seek to formalize these principles into explicit
rules or constraints. One of the earliest such systems is the De-
sign Problem Solver [Pfe75], which frames object arrangement as
a constraint satisfaction problem with 2D polygons specifying ob-
ject footprints and access regions that must remain unobstructed.
A depth-first search algorithm is employed to find an arrangement
that satisfies the constraints. Subsequent work extended this for-
mulation from 2D to full 3D scene generation, enabling richer spa-
tial reasoning and object interactions. We categorize rule-based ap-
proaches into four main groups, based on how their rules are spec-
ified and applied: interactive interfaces, handcrafted rules, interior
design guidelines, and robotics applications. See Fig. 12 for repre-
sentatives and Tab. 1 for a categorized summary.

Interactive interfaces. Early work on 3D scene generation fo-
cused on developing interactive interfaces that assist users in man-
ually placing objects within a 3D environment. Object Associa-
tions [BS95] assigns rules to objects (e.g., “obey pseudo-gravity”,
“fit against walls”) and uses them to automatically adjust place-
ments as users manipulate them in the scene. Shinya and Forgue
[SF95] extends this idea with collision detection and simple physics
simulation, while Smith et al. [SSS*01] represent constraints in a
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Figure 12: Representative rule-based methods for 3D scene generation (Sec. 4.2). Initial scene generation systems were rule-based and
allowed for interaction using mouse clicks (a,d), or language (b). Objects were placed based on constraints mapping to geometric rules (a-c)
with some systems incorporating interior design rules (d). More recently, rule-based systems have been used to generate scenes for embodied
Al and vision learning (e,f). Figures adapted from those in the original papers.

directed acyclic graph to preserve spatial relationships between ob-
jects during manipulation. These systems constrain the degrees of
freedom in object placement, making it easier for users to construct
plausible scenes, but they still rely heavily on manual input. As
such, they function as design aids rather than fully automated scene
generators, laying the groundwork for later methods that seek to au-
tomate the placement process.

Handcrafted rules. The first attempts to automate scene gen-
eration define constraints for object placement manually, encod-
ing spatial relationships that guide how objects can be arranged.
Put [CW96], Furnlt [Kjg00], and WordsEye [CSO1] are early ex-
amples. Put provides a text-based interactive interface with a pre-
defined set of spatial operators for placing objects in a 3D scene.
For instance, it can move an object to a specified location given in-
put such as “put cup on table”. Furnlt populates scenes using hand-
crafted arrangement templates and resolves conflicts recursively.
WordsEye generates 3D scenes from simple natural language de-
scriptions by semantically analyzing the input text. Objects in its
database are annotated with spatial tags that denote semantically
meaningful regions. The analyzed text is then used to retrieve ob-
jects and arrange them in the scene using the annotations. Subse-
quent work follows a similar vein, with variations in the types of
constraints and optimization strategies [XSF02; CCD03; SLLGO03;
SY06; TBSD09; YYW*12; WLD*18; ZLL*23]. These methods
depend on users to devise the rules, yet specifying what makes a
scene desirable is not a straightforward task. Without expertise, it is
difficult to articulate higher-level principles of scene quality needed
to generate coherent and functional scenes.

Interior design guidelines. An alternative to handcrafted rules is

to derive constraints from established interior design guidelines.
Merrell et al. [MSL*11] first followed this approach, incorporat-
ing functional criteria (e.g., circulation space in a room, seating
proximity for conversation) and visual criteria (e.g., visual balance,
furniture alignment, presence of a focal point) into an optimization
framework. Optimization used a parallelized Metropolis-Hastings
algorithm to search for layouts that satisfy the criteria. Kdn and
Kaufmann [KK17; KK18] similarly adapt interior design guide-
lines as constraints, using a genetic algorithm and greedy cost min-
imization. By grounding constraints on professional design prin-
ciples, these methods cover a broader range of considerations and
better align with human preferences.

Robotics applications. Rule-based methods have recently seen a
resurgence in the robotics community, where there is a need to gen-
erate diverse and plausible 3D scenes at scale for training and eval-
uating embodied Al agents. LUMINOUS [ZLJ*21] takes as input
a user-defined room specification with required objects and rela-
tionships, and augments it with heuristic rules (e.g., “a bed is usu-
ally placed against a wall”). It first samples an architectural lay-
out from predefined templates, and then sequentially places ob-
jects in the order of large furniture, small items, and decorations.
ProcTHOR [DVH*22] adopts a procedural generation approach,
using handcrafted rules and object annotations to iteratively cre-
ate rooms and populate them with objects, demonstrating the abil-
ity to generate 10,000 diverse indoor scenes that yield state-of-
the-art performance on various embodied Al tasks. Wang et al.
[WZJ*23] propose a rearrangement framework that balances hu-
man preference rules with robot preference rules, optimizing lay-
outs for human-robot co-activity using adaptive simulated anneal-
ing. Most recently, Infinigen Indoor [RMK*24] provides a unified
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Table 1: Table comparing rule-based methods for compositional 3D scene generation (see Sec. 4.2). Input denotes the type of conditioning
the method takes. Representation denotes how the methods structure the scene information. Knowledge denotes the data source leveraged
for learning scene priors, while Layout indicates how the layout is specified. Placement indicates the approach used for placing objects in
the scene, and Object indicates how the object shapes are obtained. See legend at bottom for details. Empty cells indicate components that
are not applicable or insufficiently described in the original paper. All methods rely on human knowledge as the source of rules or constraints
that govern layout generation, and many are implemented as interactive systems accepting user input.

procedural generation system that produces both scene layouts and
the objects within them, with a constraint specification API that
allows users to define desirable constraints as Python expressions.

Limitations and challenges. Rule-based methods provide fine-
grained control over generated scenes and allow explicit specifi-
cation of user preferences, but they face several limitations. First,
rules are difficult to specify, since object placements are often
context-dependent and hard to formalize. Second, the reliance on
handcrafted or predefined rules makes it difficult to capture the
diversity of real-world environments. Third, although some ap-
proaches incorporate higher-level design guidelines, most rules
remain focused on low-level spatial relationships, leaving global
scene coherence largely unaddressed. Finally, optimization with
large numbers of objects and complex constraints can be compu-
tationally intensive, limiting scalability.

4.3 Supervised Methods

Supervised methods alleviate the need for manually designing rules
or constraints by directly learning how to generate scenes from
data. Given a collection of example scenes, ranging from small
curated sets to large-scale datasets, these methods aim to synthe-
size new scenes that are similar to the examples while adhering
to input conditions, such as room type or object relationships. The
development of supervised approaches for indoor scene synthesis
progressed in two main stages. Early work used statistical learn-
ing to capture patterns of object co-occurrence and spatial rela-

tionships from the examples, which can then be sampled to gen-
erate new scenes. With the advent of large-scale datasets such
as SUNCG [SYZ*17] and 3D-FRONT [FCG*21], deep learning
methods became feasible, training neural networks to learn com-
plex distributions of objects and their placements. Recent methods
span a wide range of paradigms, including variational autoencoders
(VAEs), generative adversarial networks (GANSs), autoregressive
models, and diffusion models, each offering distinct ways of learn-
ing distributions and synthesizing scenes. The following subsec-
tions review these two categories of supervised methods.

4.3.1 Statistical Learning Methods

Statistical learning methods model indoor scenes by learning priors
from existing layouts and reusing them for synthesis. These priors
describe how objects tend to co-occur, how they are spatially ar-
ranged relative to one another and to the room, and how they in-
teract with human activities. Such methods rely on explicit proba-
bilistic or energy-based formulations, often coupled with sampling
or optimization algorithms such as Gibbs sampling, Metropolis-
Hastings, simulated annealing, or hill climbing. Representative ex-
amples are summarized in Fig. 13 and Tab. 2.

Probabilistic graphical and statistical models. Many approaches
formulate scene generation as inference in probabilistic graphical
models or statistical mixtures, learning distributions from data to
capture object dependencies and spatial arrangements. Bayesian
networks can be used to capture dependencies between object cat-
egories and their spatial attributes [FRS*12; CSM14b; FSL*15;
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Figure 13: Representative statistical methods for 3D scene generation (Sec. 4.3.1). With a small number of example scenes, statistical-based
scene generation was able to learn co-occurrence and support patterns of objects, and probability distributions for object placements. These
methods typically work by starting with an initial placement of objects and then iteratively sampling local updates to arrive at the final
optimized scene. We show representative methods that can generate scenes similar to a given set of inputs (a,b), or by conditioning on sketch
(c) or text (d). As indoor scenes are designed for human use, some works took an human-centric approach (e,f).

CMS*15; YYTI15]. Gaussian mixture models (GMMs) are also
widely used to represent spatial relations such as distances, ori-
entations, and heights among objects [FRS*12; XCF*13; SCA17;
MPF*18]. To incorporate human context, PiGraphs [SCH*16]
models human poses as Gaussian and von Mises distributions and
links them to object placements, while Jiang et al. [JLS12] incor-
porate a Dirichlet process mixture model (DPMM) to jointly model
human poses and object arrangements. Henderson et al. [HSF17]
further show that DPMM can be used to automatically discover
recurring spatial motifs from data, which can then serve as com-
positional units during synthesis. These probabilistic formulations
make it possible to explicitly model object arrangements with un-
certainty, encode interpretable dependencies, and sample new plau-
sible configurations by drawing from the learned distributions.

Energy-based and optimization models. Another formulation re-
lies on energy-based models, where an explicit energy function
is defined over scene configurations and the goal is to find low-
energy (high-probability) arrangements. The energy typically com-
bines learned statistical priors with geometric and physical con-
straints such as accessibility, visibility, or object intersection avoid-
ance. Make it Home [YYT*11] is a classic example that learns
distributions of object distances and orientations relative to walls
and optimizes layouts with simulated annealing using Metropolis-
Hastings proposals. Many other methods follow a similar ap-
proach [FRS*12; HPSC16; LZM19; ZHL*19; ZZX*20; ZZX*21],
optimizing placements with learned statistical priors under various
constraints using techniques such as Metropolis-Hastings, simu-
lated annealing, hill climbing, or position-based dynamics.

Grammar- and relation-based compositional models. Indoor
scenes can also be modeled using grammar- or relation-based mod-
els, which represent scenes as hierarchical or relational structures.
Scene graphs encode spatial and semantic dependencies as poten-
tials on nodes and edges, supporting inference through MCMC
or local search. Fisher et al. [FSH11] design graph kernels to
measure scene similarity and guide object suggestion. And-Or
graphs [DS14; QZH*18; JQZ*18] provide a hierarchical represen-
tation that encodes both alternative and mandatory relationships
among objects, while factor-graph formulations [KLTZ16] capture
multi-way dependencies among object groups. These representa-
tions emphasize relational reasoning and enable generation pre-
serving the compositional hierarchy of scenes.

Interactive and data-driven systems. Statistical priors have also
been embedded into interactive scene design tools that assist users
during layout creation or editing. SceneSeer [CESM17], Scene-
Suggest [SCA17], and MageAdd [ZLH*21] integrate learned co-
occurrence and spatial priors to propose plausible objects in re-
sponse to language or context-based queries. Ma et al. [MPF*18]
extend this idea by mapping linguistic relations to spatial con-
straints using Gaussian mixture models, enabling text-guided
augmentation of 3D layouts. Other systems, such as Clutter-
palette [YYT15] and SceneDirector [ZTL*23], use Bayesian or
clustering models to provide interactive object suggestion and
group editing. These systems show how statistical priors can sup-
port practical, data-driven design assistance.

Limitations and challenges. Statistical learning methods were the
first to leverage data for indoor scene synthesis, significantly reduc-
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Henderson et al. [HSF17]  ©)@@@ ®@ DPMM, SP, MC, RIS ® cCrT
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GO Gradient Optimization
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HS Heuristic Search
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MCMC Markov Chain Monte Carlo @ Retrieval

RIS Rejection Sampling CT Category

SP Sampling DM Dimensions
SA Simulated Annealing RS Random Sample
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Table 2: Table comparing statistical learning methods for compositional 3D scene generation (Sec. 4.3.1). These methods learn statisti-
cal priors from 3D scenes or 2D images, and generate new scenes by sampling from these priors. Human-authored constraints are often
incorporated to enforce explicit conditions such as preventing object collisions. Empty cells indicate components that are not applicable or

insufficiently described in the original paper.

ing the manual effort required to design rules and constraints. How-
ever, to model the complex distributions of real-world scenes, these
methods often rely on strong assumptions and simplifications, such
as limiting relationships to pairwise statistics or predefined spatial
relations. The distributions they used to model object placements
are often simple, such as Gaussian or von Mises distributions, or
kernel density estimates, which may not capture the full complexity
of real-world scenes. It is also challenging to learn all necessary pri-
ors from limited data, especially for rare objects or arrangements.
For this reason, many methods add hand-crafted constraints to en-
sure physical plausibility, such as avoiding object intersection or
ensuring accessibility. Exact sampling from these distributions can
be intractable, requiring approximate methods such as MCMC or
greedy search, which in addition requires careful design of score
functions to balance between different objectives.

4.3.2 Deep Learning Methods

With the advent of deep learning, researchers investigated how gen-
erative models with neural networks can be used for 3D indoor
scene generation. One of the first works, Wang et al. [WSCR18]
used an autoregressive approach that iteratively fed a top-down
image-based representation of the scene to a CNN to predict what is
the next object, and where it should be placed. Following this work,
researchers investigated approaches with different types of genera-
tive models and representations (see Fig. 14 and Tab. 3). Here, we
group the works by the generative model used to learn the distribu-
tion of objects and their placements.

Autoregressive methods generate indoor scenes object by object,
with each placement conditioned on the current state of the scene,
making the assumption that the joint distribution of all objects can
be factorized into a product of conditional distributions. Early ap-
proaches used image-based representations ((WSCR18; RWL19]),
predicting each object’s attribute channels (location, category, size,

etc.) sequentially for one object at a time in a top-down layout.
Later, PlanIT [WLW#*19] explored graph representations, adding
new nodes and edges one by one based on the current graph state.
Recent work [WYN21; PKS*21; LGWMZ22] has shifted to us-
ing transformers architectures. Transformers predict the next token
given previous ones. A natural representation that fits this is an ob-
ject sequence, with each object represented as a vector of attributes
(e.g., category, size, position, orientation). ATISS [PKS*21] intro-
duced a training strategy that randomly permutes the order of ob-
jects during training, alleviating the issue of order-dependence in
autoregressive models. By flattening hierarchical structures into se-
quences, autoregressive methods can also handle generation of tree-
structured scenes, a notable example being Forest2Seq [SZZ*24].

VAE-based methods encode scenes as scene graphs [LZWT20],
trees [PZR20], or hierarchical structures [LPX*19], where objects
and their relationships are represented explicitly. The variational
autoencoder framework learns a compact latent space from these
structured scene representations and decodes samples from this
space back into complete layouts. This approach enables interpola-
tion and random sampling of plausible scenes, while the structured
encoding helps maintain spatial relationships and hierarchy. Com-
monScenes [ZOW#23] extends this idea by incorporating shape
features into the latent space and generating both the layout and ge-
ometry simultaneously using two decoders. However, modeling de-
pendencies between objects remains challenging, and fine-grained
spatial details may be lost in the compressed latent representation.

GAN-based methods for indoor scene synthesis train a gen-
erator and a discriminator to produce realistic scenes. Hybird-
GAN [ZYM*20] uses hybrid representations, combining object se-
quences with rendered images to leverage both structural and visual
information during training. SGSDI [YGZT21] adopts voxel-based
representations, generating scenes as volumetric grids to capture
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Figure 14: Representative deep learning-based methods for 3D scene generation (Sec. 4.3.2). Wang et al. [WSCRI18] (a) was the first to
use deep learning for scene generation, adopting a autoregressive approach that predicted objects and their placement on top-down images.
ATISS (b) used transformers and modeled scene generation as an autoregressive token-based sequence generation task, and SGSDI (c) used
GANS to predict semantic voxels. More recently, graph-based representations are popular, with both autoregressive (d) and diffusion-based
(f) variants, and diffusion models operating on unordered sets of objects have also been explored (e). Recent methods also learn to encode
object shapes using a VAE, which can then use embeddings to retrieve (e) or generate the corresponding object shape (f). Figures reproduced
from original papers.
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PlanIT [WLW*19] @ @ AR, VAE, CNN, BT ® CT,DM
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RelTriple [SYW#25] &) S @ DF ® CT,DM
PhyScene [YJZH24] &) S @ DF ® CT,DM,SC
Fang et al. [FYMH25] EO00 @ @ DF ® CT,DM,SC
SemLayoutDiff [SGC25] ® @ DF ® CT,DM
CommonScenes [ZOW*23] @ @ @ DF, VAE @
InstructScene [LM24] @ @ DF VAE ® CT,sC
Pfaff et al. [PDZ*25] @ ) @ DF,RL,MCTS @0 ®
Haisor [SYM*24] ® @ @ RL,MCTS

@) Complete Scene @) Scene Graph () Sequence BT Backtracking VAE Variational Autoencoder DM Dimensions

@ Floor Shape (@) Separate Model 3D Scene CNN Convolutional Neural Network Collision Solving SC Shape Code

@ Free-form Text Window/Door Location @ Human DF Diffusion @ Physics Simulation

@ Human Motion 3D Scene @ LLM/VLM GAN Generative Adversarial Network @ Generation

Partial Scene @ Image @ Learned MCTS Monte Carlo Tree Search @ Retrieval

@ Room Type @ Scene Graph AR Autoregressive RL Reinforcement Learning CT Category

Table 3: Comparison of deep learning-based methods (Sec. 4.3.2). All methods use a collection of 3D scenes as their knowledge base.
Sequence and scene graph representations are most common due to their compatibility with deep learning architectures. Empty cells indicate
components that are not applicable or insufficiently described in the original paper.
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Figure 15: Representative LLM/VLM-based methods for 3D scene
generation (Sec. 4.4). We show examples that use direct generation
(a), constraint-guided and graph-structured intermediates (b), pro-
grams (c), and interactive systems (d).

3D geometry directly. While GANs can produce visually realistic
layouts, training remains challenging and often struggles with di-
versity and stability, especially for complex 3D scenes.

Diffusion-based methods use an iterative denoising process, grad-
ually transforming random noise into structured scene layouts. Dif-
fuScene [TNM#*24] first applied this approach by encoding scenes
as object sets, each object represented by a vector of attributes,
and modeling the scene as a tensor of fixed dimensions, which fits
well with the diffusion process, establishing a foundation for sub-
sequent diffusion-based methods [HAD*24; YJZH24; SYW*25].
InstructScene [LM?24] adopted diffusion with a graph representa-
tion, enabling controllable generation from text instructions. Other
recent work leveraged diffusion models for generating top-down
semantic images of scenes [SFH*25].

Limitations and challenges. Deep learning methods alleviate the
need for manual rule design and statistical assumptions, learning
complex distributions directly from data. In theory, they can model
arbitrarily complex relationships and distributions given sufficient
data and model capacity. However, they often require large-scale
datasets to train effectively — a significant challenge in this do-
main, as 3D indoor scene datasets are still relatively small com-
pared to other domains such as 2D image datasets, and their quality
and diversity can vary widely. Some methods [NDHN23] attempt
to learn from 2D images, but this introduces other challenges such
as accurate object detection and pose estimation to extract 3D in-
formation from 2D images. A lot of works train a separate model
for each room type, which further limits the amount of data avail-
able for training each model. The cost of training can also be high.
Lastly, similar to statistical methods, the scenes they can generate
are limited by what is seen in the training data.

4.4 LLM/VLM-based Scene Generation

Here, we discuss methods that use large language models (LLMs)
and vision language models (VLMs) for compositional 3D scene
generation. These approaches interpret natural language instruc-
tions to produce structured outputs, such as object layouts with
fine-grained instance information. This focus on a structured repre-
sentation extends early rule-based methods. Unlike traditional data-
driven approaches that rely on limited datasets and costly 3D scene
collection, LLMs and VLMs can parse complex user instructions.
They infer 3D layouts from language using common-sense spatial
reasoning about how objects typically relate in indoor spaces. We
categorize these methods based on the role the LLMs/VLMs play:
as generators that directly output layouts, as planners that produce
intermediate structures such as constraints, graphs or programs for
downstream solvers, or as modules for human-in-the-loop systems.
LLMs and VLMs are typically used as modules in larger systems,
with guardrails to post-process and iteratively check and correct
their outputs. When multiple LLM/VLM modules are used, often
the system is called a multi-agent one. See Fig. 15 for representa-
tive methods and Tab. 4 for categorization.

Direct generation. This line of work [FZF*23; OTKG24;
RLX*25; YLZ*24; BA25] explored whether semantic knowl-
edge and common sense reasoning from LLMs is sufficient to
produce complete layouts without additional processing. Layout-
GPT [FZF*23] initiated this direction by generating CSS-like co-
ordinates to position objects for indoor scenes with in-context ex-
amples from 3D-FRONT [FCG*21]. However, scenes often suf-
fered from overlapping objects or furniture placed outside room
boundaries. These methods motivated future approaches that split
responsibilities across different modules, where LLM/VLM mod-
ules provide semantic structure and specialized solvers or optimiz-
ers enforce geometric validity.

Constraint-guided systems such as FlairGPT [LDM25] and Fire-
place [HBT*#25] use an LLM to generate spatial rules or relation-
ships. Holodeck [YSW*#24] leverages LLM common-sense knowl-
edge to decompose input descriptions into object lists and infer
missing elements based on typical room functionality. Then, it pro-
duces spatial relation constraints between objects, which are opti-
mized with a DFS solver into layouts. FirePlace [HBT*25] com-
bines multimodal reasoning with fine-grained 3D geometric con-
straints to propose precise object placements given a scene. Most
systems still rely on some form of constraints, since these are nec-
essary to produce plausible layouts.

Graph structured systems use LLMs to create a scene graph or
hierarchal tree as a blueprint to guide layout generation [FWLS24;
BBC*25; PTW*25; CHS*24; LTT25a; WMV*25; LLL*25;
SLL*25; DQM25; LZZ*]. AnyHome [FWLS24] converts natural
language descriptions into structured scene graphs capturing object
semantics and spatial relationships. Similarly, I-Design [CHS*24]
uses a multi-agent system to generate a relative scene graph, which
a backtracking algorithm uses to solve for the layout.

Programmatic systems build on constraint-based and graph-based
approaches [TPW#*25b; NLNN25; PTW*25; SLG*25; AGH*24;
WXC*24; HIJ*24; XZL*24; LTT25b; LLIJ25; ZWWZ25;
KPKK?25; WZC*24]. Program-based methods offer a more
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Input Representation Knowledge Layout Placement Object

Scenethesis [LLL*25] @) dD® @® ® CT, SC, DM

AnyHome [FWLS24] OE® @ @ ) ® SC, DC

Holodeck [YSW#24] @) @ ®O) ) () ® CT, SC, DM

Aguina-Kang et al. [AGH*24] (D@ &) (m®) ) ® CT, SC, DM

SceneCraft [HIJ*24] @) D ®O) ) SC, DC

FlairGPT [LDM25] OO @) ) ®0) ) ® CT, DC

SceneLCM [LLJ25] ) @) (im) (im) ) @

LayoutGPT [FZF*23] O3 ®) (tm) ® CT, DM

OptiScene [YLD*25] Oe® ®) (um) CT, DM

Chat2Layout [WZC*24] OE® ) (m) @D @

RoboGen [WXC*24] @) @) (® (um) SC, DC, VLM

EchoLadder [HTL*25] O®D® ®O) (tm) ® CT, SC, DC

SceneMotifCoder [TPW#25b]  (T) $) (im) @Y ® CT, DM

ReSpace [BA25] OE® ®) (um) OE) DM, DC, EB

FreeScene [BBC*25] O®® @ () ® CT, SC

I-Design [CHS*24] O0O) @ (im) ©6) ® SC, DM, DC

FirePlace [HBT*25] OED @) @® ©6)

LayoutVLM [SLG*25] O3O) &) ®O) ©6) CT, SC

HSM [PTW25] e OB o) ©®  CT.5C.DM.DC
@ Complete Scene ® Sketch @ Structured Language Learned @ Projection CT Category
@ Floor Shape User Interaction 3D Scene @ LLM/VLM @ Ray Casting DC Description
@ Free-form Text Window/Door Location @ Human @ Reconstruction Score Distillation Sampling DM Dimensions
@ Image @ Image @ Image Generation Model @ Collision Solving @ Support Region Extraction EB Embeddings
@ Object Information @ Scene Graph @ LLM/VLM Image Correspondence @ Generation SC Shape Code
@ Partial Scene @ Sequence @ Constraint @ Physics Simulation @ Retrieval VLM Vision-Language Model

Table 4: Table comparing LLM/VLM-based methods for compositional 3D scene generation (Sec. 4.4). All methods rely on an LLM or VLM
as a central component and knowledge base, accepting free-form text as input and typically representing scenes using structured language
or scene graphs. Empty cells indicate components that are not applicable or insufficiently described in the original paper.

systematic alternative by leveraging the code generation ability of
LLMs. These methods synthesize domain-specific programs that
encode spatial relationships or object arrangements as executable
code. In this sense, they resemble constraint-guided systems,
which rely on constraint solvers or optimizers to generate layouts.
LayoutVLM [SLG*25] combines a VLM and differentiable opti-
mization to produce 3D object layouts from textual descriptions.
SceneMotifCoder [TPW#*25b] introduced a framework that uses
examples to learn object arrangements (motifs) as reusable visual
programs using a LLM. Recently, HSM [PTW*25] extended this
idea to the scene level using a VLM and extracted support regions
from meshes to ensure physically plausible object placements.

Human-in-the-loop systems focus on an iterative and collabo-
rative process, rather than a single, one-shot input [FWLS24;
WZC*24; HTL#*25; LTT25a; YLZ*24; KPKK25; BAZ2S;
ZWWZ25; LZZ*; YLD*25]. These methods usually priori-
tize user control by allowing dynamic scene modification and
refinement of scenes through natural language. For example,
Chat2Layout [WZC*24] uses multiple LLM agents with visual
context and instructions to allow the user to create, rearrange, and
refine an indoor scene.

Limitations and challenges. Although LLM/VLM-based methods
allow open vocabulary generation, these systems typically retrieve
object meshes from an asset database. This significantly limits the
diversity and controllability of the assets. SceneLCM [LLJ25] has
attempted end-to-end generation of both layouts and meshes, but
the resulting meshes exhibit noticeable artifacts or collisions be-
tween objects. The open-ended nature of LLM/VLM-based meth-
ods is also a challenge in evaluation, as there are no standardized
benchmarks, leaving the definition of a “good” scene ambiguous.

Another concern is speed, as iterative LLM calls lead to longer gen-
eration time than learning-based or rule-based methods.

4.5 Vision-based Scene Generation

Here, we discuss methods that leverage images and videos for com-
positional 3D scene generation (see Fig. 16 and Tab. 5). In this set-
ting, the visual observation dictates the spatial arrangement of ob-
jects, and the focus shifts to recovering the underlying 3D scene—
estimating object geometries, appearances, and placements consis-
tent with the depicted view. The following subsections outline the
typical pipeline of this approach, covering how visual inputs serve
as layout cues, how objects are detected and reconstructed, how
their appearances are modeled, and how the resulting objects are
finally positioned to form a coherent 3D scene.

Visual as layout cue. Visuals provide information about the spatial
arrangement of a 3D scene—what objects are present, where they
are located, and how they appear. This stands in contrast to text-
based descriptions, which are sparse and ambiguous. Visual inputs
can take various forms, including single images, panoramic images,
multi-view images, or videos. They may come from user-provided
sources, where users supply photographs or videos of environments
they wish to recreate in 3D, or be model-generated during the scene
synthesis process. In the latter case, an auxiliary modality such as
text is first used to condition an image or video generation model
(e.g., SDXL [PEL*24], Cosmos [AAB*25]). In both cases, the vi-
sual cue serves as a pseudo-ground truth for the 3D scene to be
reconstructed, defining a layout that guides subsequent geometry,
appearance, and placement estimation.

Visual input understanding. The first step in using visual inputs
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Figure 16: Representative vision-based methods for 3D scene generation (Sec. 4.5). Visuals provide rich information about objects in the
scene and how they are arranged. Early work (a) illustrated the key components that go into a vision-based scene generation system with
models to detect and identify objects, estimate their poses, and placement of objects in the room and optimization of the object placements.
More recent work leverage advances in LLMs and VLMs, enabling the generation of images from text (b) as well as the use of VLM to judge
the generated scene. It is also possible to iteratively populate a scene by using inpainting to imagine what other objects are in the scene (c),
but the key steps of identifying objects in the image and placing them remain. More recent methods also consider generating a video from a
text or image condition, and construct a scene based on the video (d). For vision-based scene generation, there is a choice between selecting
/ reconstructing objects that faithfully match the original or just taking the visual appearance as an inspiration (e.g., allowing for different
looking objects that semantically match). Figures reproduced from original papers.

Input Representation ~ Knowledge Layout Placement Object

VIPScene [HZB*25] ) ® 6) ® CT, DM, SC

Gen3DSR [DOE25] ® ® ® ® @)

DeepPriorAssembly [ZLH24] @ @ @ @ @

ACDC [DWJ*24] ® ® © EB, CT

Diorama [WIR*25] ® ®D ® VD ® EB, CT, DC

ArtiScene [GCL*25] ® G ® Ny @

Chabal et al. [CCPS25] ® ® ® EB, CT

FastCAD [LID*24] @@ ® EB

Mask2CAD [KALD20] ® ® @) ® EB

LiteReality [HWZ#25] ®D 6 O EB, CT, DM

CAST [YZY*25] ® ®D ®Bn® EO@ @

Vid2CAD [MPNF22] ) ® C) ® EB

SceneGen [MWZX25] @ )

Architect [WQL*24] ® OE0) DM, DC, SC
@ Floor Shape @ Image 3D Object @ Video Generation Model @ Collision Solving CT Category
@ Free-form Text Point Cloud 3D Scene @ Constraint @ Physics Simulation DC Description
@ Image @ Scene Graph @ Human @ Image Generation Model @ Ray Casting DM Dimensions
Partial Scene @ Sequence @ Image Generation Model Learned @ Support Region Extraction EB Embeddings
Scan @ Video @ LLM/VLM @ LLM/VLM @ Generation SC Shape Code
@ Video @ 2D Image @ Video @ Reconstruction @ Retrieval

Table 5: Comparison of vision-based compositional scene generation methods (see Sec. 4.5). These methods reconstruct scenes directly
from visual information—such as images or videos provided as input, or outputs from image or video generation models—and employ
predominantly visual representations (e.g., images, videos, or point clouds). Empty cells indicate components that are not applicable or
insufficiently described in the original paper.
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for 3D scene generation is to detect and extract the constituent
objects depicted in the visual. This involves identifying the ob-
jects present in the scene, their locations, and their extents. Many
works build upon advances in 2D perception networks, using oft-
the-shelf or fine-tuned architectures for object detection and depth
estimation [ISS17; NHG*20; ZCZ*21; LZC*22; ZCC*21]. The
detected objects are then cropped from the visual to serve as input
for subsequent stages of the pipeline. Earlier approaches typically
classified detected objects into a fixed set of categories, limiting
their ability to generalize beyond the set of categories. More recent
works [ZLH24; DWJ*24; WIR*25] have expanded this step to an
open-vocabulary setting by incorporating vision-language founda-
tion models such as GPT-40 [HLG*24], enabling recognition of
novel object categories beyond the training data.

Object-centric geometry modeling. With the objects detected, the
next task is to model the geometry of each object. Early works
on single-view scene reconstruction generate compositional 3D
scenes from perspective or panoramic images by applying object-
level reconstruction to each detected instance [NHG*20; ZCZ*21;
LZC*22; CNJ*24; ZCC*21; DFB*24]. Due to the limited avail-
ability of real-world data, these methods are typically trained on
synthetic 3D assets in an end-to-end manner, leading to limitations
such as over-smoothed and incomplete meshes, loss of fine-grained
scene structure, and real to synthetic domain gaps.

Another line of works [ISS17; KALD20; KALD21; GDN22;
GRLD24; DWJ*24; WIR*25; HWZ*25; HZB*25] formulates ge-
ometry modeling as a retrieval problem, selecting suitable CAD
assets from a curated 3D library based on visual similarity. Com-
pared to reconstruction-based approaches, retrieval-based methods
yield complete and compact 3D object representations that are in-
teraction friendly and directly editable in modern graphics pipeline
software. Early efforts typically require curated data of image-CAD
pair annotations to train the model in an end-to-end manner, lim-
iting generalization. Recently, several zero-shot methods [ZSS*25;
DWI*24; WIR*25] mitigate the problem of scene data scarcity by
leveraging LLMs and VLMs. For example, ACDC [DWJ*24] ranks
3D object candidates using DinoV2 [ODM#*23] features on multi-
view renderings and asks GPT-4o to pick the top-K best matching
ones, while Diorama [WIR*25] proposes a hierarchical retrieval
strategy where both text and visual modalities are used for better
retrieval results using DuoDuoCLIP [LZC25].

A key limitation of retrieval-based methods is their limited con-
trol over the geometry for the matched objects. Using a vision-
conditioned generative model allows the object geometry to be
generated, without requiring 3D training supervision. A represen-
tative line of work generates each object individually in a normal-
ized space and aligned to the view space using the scene layout
guides from the depth map [DOE25; ZLH24; WQL*24; YZY*25;
GCL#*25; MWZX25]. In particular, these methods usually incorpo-
rate a diffusion-based image generation model for inpainting oc-
cluded parts of objects. Beyond off-the-shelf 3D object generative
models, CAST [YZY*25] designs a latent diffusion-based genera-
tive model to produce high-fidelity object meshes conditioned on
partial image segments and optional point clouds.

Appearance recovery. Most research has focused on geometric re-
construction, and few works address the complementary problem

of modeling surface appearance. IM2CAD [ISS17] simply finds
the median value of each color channel separately, and assigns the
closest color appearing within the mask to the retrieved object.
SSR [CNJ*24] reconstructs both shape and texture from single-
view images by employing neural implicit functions and radiance
fields. PSDR-Room [YLH*23] instead chooses either a homoge-
neous material or a procedural node graph from a database for each
material part, and uses differentiable rendering to jointly optimize
the materials and lighting. Following the trend of using generative
models for geometry modeling, CAST [YZY*25] leverages a tex-
ture generation model to predict UV mappings for each object.

Object placement. After individual objects are reconstructed or re-
trieved, they must be positioned in the scene according to the spatial
relationships depicted in the visual input. A common approach is
to fit each object into its predicted 3D bounding box [ADD*19;
NHG*20; ZCZ*21; LZC*22; ZCC*21; DFB*24] or to estimate
its pose [KALD20; KALD21; GDN22; GRLD24]. These learning-
based pose estimation methods are usually category-specific, limit-
ing their generalization to unseen objects. To overcome such limita-
tions, recent works have introduced more flexible and data-efficient
strategies. ACDC [DWJ*24] queries VLMs about the orientation of
objects using rendered views. DPA [ZLLH24] proposes an iterative
method to optimize the location, orientation and size for each 3D
object by matching it with the estimated segmentation mask and the
estimated depth. Diorama [WIR*25] instead builds open-world 2D-
3D correspondence between observed objects and CAD renderings
using foundation models (DINOv2 [ODM*23]). CAST [YZY*25]
uses an alignment generative model that produces a transformed
partial point cloud, aligning with the complete geometry implicitly
represented in the latent space.

Limitations and challenges. A key challenge for vision-based
scene generation lies in achieving robustness and consistency under
unconstrained real-world settings. Most existing methods are de-
signed for monocular inputs, leading to scale ambiguity and view
inconsistency when applied to videos or sparse multi-view data.
Videos bring more challenges such as objects moving in and out of
view, occlusions, motion blur, and in the case of video generation
models the need to select camera trajectories that provide sufficient
scene coverage. Some approaches reformulate video-based recon-
struction as a single-view or scan-based problem, but these conver-
sions are typically inefficient and error-prone. At the same time,
current 3D localization and pose estimation techniques, whether
based on object detection or CAD-conditioned fitting, have lim-
ited generalization to novel object categories not seen during train-
ing. Both issues stem from data scarcity and the difficulty of cap-
turing diverse real-world configurations, demanding research into
developing more generalizable models that can reconstruct view-
consistent scenes from multi-view or video inputs, while remaining
robust to occlusions, clutter, and noise through the combined use of
real and synthetic data during training.

5 Evaluation

Robust evaluation of generated 3D scenes is crucial for advancing
research in scene generation. Without consistent evaluation proto-
cols, it is difficult to compare methods fairly, identify strengths and
weaknesses, or understand where progress is being made. In this
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Eval. Axis Approach Metric Adoption
Match object category *SceneGraphNet [ZWK19], Fang et al. [FYMH25],
Comparison to Match position *Jiang et al. [JLS12], SG-VAE [PZR20], SceneGen [KPZ*20], Fang et al. [FYMH25]
reference scene Match orientation *SG-VAE [PZR20], SceneGen [KPZ*20], Fang et al. [FYMH25]
Match size *SceneGraphNet [ZWK19]
Reali
(Seza;;"l) Distributional Fréchet Inception Distance (FID) [HRU*17] *ATISS [PKS*21], DiffuScene [TNM*24], LayoutGPT [FZF*23], SemLayoutDiff [SGC25]
T distance CLIP-based FID (CLIP-FID) [KKA*23] *CLIP-Layout [LXJ*23], InstructScene [LM24], EchoScene [ZOC*24], FreeScene [BBC*25]
‘ Kernel Inception Distance (KID) [BSAG18] *DiffuScene [TNM*24], CommonScenes [ZOW*23], InstructScene [LM24], MiDiffusion [HAD*24]
Real vs fake Classification Accuracy (SCA) *Qi et al. [QZH*18], Ritchie et al. [RWL19] ATISS [PKS*21], PhyScene [YJZH24]
Human motion Collision with human mesh *Ye et al. [YWL#*22]
alignment Ground free space obstruction *MIME [YHT*23], Hong et al. [HYHC24]
& Contact region alignment *MIME [YHT*23], Hong et al. [HYHC24]
Textimace CLIPScore [HHF*21] *AnyHome [FWLS24], Holodeck [YSW#24], HSM [PTW*25], VIPScene [HZB*25]
Fidelity o mmen“f BLIPScore [LLSH23] #RoboGen [WXC*24], Architect [WQL*24], HSM [PTW*25], Scenethesis [LLL*25]
(Sec.5.2.2) & VQAScore [LPL*24] *Architect [WQL*24], HSM [PTW*25], Scenethesis [LLL*25], VIPScene [HZB*25]
q * _to-. (YW OC*
Scene graph and Scene graph consistency Luo et al. [LZWT?20], Graph-to-3D [DMNT21], CommonScenes [ZOW*23], EchoScene [ZOC*24]

relation-based

iRecall [LM24]
SceneEval [TPW*25a]

*InstructScene [LM24], Fang et al. [FYMH25], FreeScene [BBC*25]
*HSM [PTW*25]

Plausibility

Low-level
measures

Object collision rate
Valid support
Out-of-bound rate (OOB)

*RoomDesigner [ZZL*24], AnyHome [FWLS24], PhyScene [YJZH24], LayoutVLM [SLG*25]
*Scenethesis [LLL*25]
*LayoutGPT [FZF*#23], AnyHome [FWLS24], I-Design [CHS*24], SemLayoutDiff [SGC25]

&
Functionality Scene-level Navigability *HAISOR [SYM*24], PhyScene [YJZH24], Scenethesis [LLL*25], SemLayoutDiff [SGC25]
(Sec. 5.2.3) measures Object accessibility *RoomCraft [ZWWZ25]
T Robotic task success rate *LUMINOUS [ZLJ*21], ProcTHOR [DVH*22], ClutterGen [JC24], HAISOR [SYM*24]
Relative measure ~ CLIP-based relative score *InstructScene [LM24]
Aesthetics R R
(S:Z‘ :‘2’% Predictors LAION aesthetic predictor [SB22] *Zhang et al. [ZHX*24]
T ImageReward [XLW*23] *HiScene [DYY*25]
Generation time Ritchie et al. [RWL19], SceneFormer [WYN21], ATISS [PKS#21], FuncScene [MWZZ24]
Efficienc Resource usage Sanchez et al. [SLLGO3], [SY06], [MSL#*11], SceneFormer [WYN21]
clency Model size ATISS [PKS*21], Yao et al. [YCC*24], DeBaRa [MSDO24], CasaGPT [FZL*25]
System-level Convergence rate Weiss et al. [WLD*18]
Properties Diversit Standard deviation of object pose and dimensions  *Luo et al. [LZWT20], Graph-to-3D [DMNT21], Xu et al. [XHH*23], MiDiffusion [HAD*24]
(Sec. 5.2.5) sty Distance to nearest neighbor *Wang et al. [WSCR18], Ritchie et al. [RWLI19], PlanIT [WLW*19], Yang et al. [YGZT21]
* * k1
Usability NASA TLX [HS88] Chat2Layout [WZC*24], EchoLadder [HTL*25]

Task completion time

Smith et al. [SSS*01], SceneSuggest [SCA17], Zhang et al. [ZHL*19]

Table 6: Summary of commonly used evaluation metrics, organized by evaluation axis and general approach. The * symbol denotes work
that introduced or first adopted the metric for scene generation. Note that the list of works is not intended to be exhaustive.

section, we outline key axes for evaluation of 3D scene generation
(Sec. 5.1). We then review commonly used approaches and metrics

along with their limitations (Sec. 5.2).

The above contribute to the perceived scene realism. In addition,
scenes should faithfully reflect the user’s input conditions.

Fidelity. The generated scene should closely match the user’s spec-
ifications. This includes ensuring the presence of requested objects,

5.1 Axes of Evaluation

Evaluating the quality of generated 3D scenes requires first clarify-
ing what makes a scene “good”. While there is no universal defini-
tion, below we describe several desiderata (also see Fig. 17).

Physical plausibility. Objects in a scene should respect physical
constraints: no interpenetration, and stable static support (e.g., not
floating in mid-air).

Functionality. Objects positioned so they can be used for their in-
tended purposes, with functional sides accessible and the layout
supporting natural movement and interaction. Doors and windows
are unobstructed.

Semantic coherence. Objects should appear in semantically mean-
ingful relationships: chairs typically surround tables, and sofas of-
ten face televisions.

Aesthetics and style consistency. Harmonious object styles, ma-
terials, and color schemes contribute to overall quality, while poor
aesthetics can make a scene feel messy and unappealing.

their specified attributes (e.g., size, color), their spatial relationships
with one another and with architectural elements, or higher-level
constraints such as room type or style.

Beyond scene-level qualities, system-level properties also affect
the practicality of scene generation methods.

Efficiency. The time taken to generate a scene and the computa-
tional resources required are important practical considerations.

Diversity. A system should be able to generate a wide variety of
scenes while still adhering to the desired quality criteria.

Usability. What input modalities are supported (e.g., text, sketches,
example images), how intuitive the interface is, and how much user
effort is required to achieve desired results all impact practicality.

The above scene-level qualities and system-level properties pro-
vide a multifaceted basis for evaluating 3D scene generation meth-
ods. Next, we discuss commonly used evaluation approaches and
metrics along with their limitations.
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Figure 17: Compositional 3D scene generation can be evaluated
along several complementary axes. The examples shows a ‘good’
and ‘bad’ pair to illustrate each axis.

5.2 Evaluation Approaches and Metrics

Various approaches and metrics have been proposed for evaluating
generated 3D scenes. We summarize the approaches, and catego-
rize metrics in the following sections and in Tab. 6.

Demonstration and qualitative comparison. Early works on 3D
scene generation rarely included quantitative evaluation, relying in-
stead on demonstrations and qualitative comparisons to show sys-
tem capabilities [Pfe75; CW96; CS01; SLLG03; CSM14b].

Human as judge. Humans are often treated as the gold standard
for judging physical plausibility, functionality, semantic coherence,
aesthetics, and fidelity to user intent. As such, a large body of
work relies on human judgment to evaluate scene quality [ZHG*16;
WZC*24; TPW*25b; XZL*24; YYT*11; XCF*13; CMS*15;
FSL*15; SCH*16; KLTZ16; WSCR18; LPX*19; WLW#19;
WYN21; PKS*21; ZOW#*23; AGH*24; RMK*24; PTW*25;
SGC25]. The simplest form is manual verification, where authors
or other verifiers visually inspect generated scenes for plausibil-
ity, collisions, or adherence to constraints [ZHG*16; WZC*24;
TPW#*25b; XZ1.*24]. While easy to conduct, this approach is lim-
ited in scope and introduces potential bias. A more systematic
variant is the user study, where participants are recruited to pro-
vide subjective assessments of scene quality. Common designs
include: 1) rating scenes on Likert scales [FRS*12; CMS*15;
FSL*15; LZM19; LDM25]; 2) ranking outputs from different
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methods [GSM*23; SLG*25; SYM*24; BBC*25]; and 3) pairwise
comparisons via two-alternative forced choice (2AFC) [RWL19;
WLW#19; ZOW*23; VVN*24]. Less common approaches in-
volve matching tasks (e.g., aligning scenes to input condi-
tions) [MSSH13] or testing interactive systems, where measures
such as task time [SSS*01; SCA17] or subjective workload (e.g.,
NASA TLX [HS88; WZC*24]) are collected. Some studies also
involve domain experts such as interior designers to provide more
informed assessments [MSL*11; KK18]. Human-in-the-loop eval-
uation provides direct judgments of quality, but it is costly, slow,
and difficult to standardize. Small sample sizes, participant vari-
ation, and limited 3D visualization can bias results, and neither
manual verification nor user studies scale well to large evaluations.
Nonetheless, human judgment is widely used, especially for sub-
jective qualities that are difficult to capture with automated metrics.

LLM/VLM as judge. Recent works have begun using LLMs and
VLMs as automated judges. They can be prompted to describe
a scene, identify inconsistencies, or rate quality along multiple
dimensions. Reported criteria include layout realism [FWLS24;
CHS*24; YLZ*24; LLL*25; GCL*25; NLNN25], functional-
ity [CHS*24; YLZ*24; LTT25b; LTT25a], aesthetics [CHS*24;
YLZ*24; LTT25b], plausibility and attributes of objects [FWLS24;
TPW#25b; HBT*25], color and style consistency [CHS*24;
NLNN25], positional and rotational coherence [SLG*25; LLL*25;
RLX*25], and overall quality scores [FWLS24; WQL*24;
LLL*25; GCL*25]. Compared to human studies, LLM/VLM-
based evaluations are faster, and scale to large numbers of scenes.
In this sense, they serve as an automated analogue of user stud-
ies. However, results are sensitive to the choice of model, prompts,
rendering setup, and evaluation parameters. Models can also hallu-
cinate or misinterpret content, and they remain weak at fine-grained
spatial reasoning or physical plausibility [SMT25; REB*25]. Thus,
while promising and increasingly popular, LLM/VLM judges are
best seen as complementary to human evaluation and other auto-
mated metrics, rather than a replacement.

Below, we review commonly used metrics that aim to auto-
mate evaluation, often complementing or replacing human judg-
ment or LLM/VLM-based evaluation. We categorize them into sev-
eral groups based on their evaluation focus.

5.2.1 Realism

Realism metrics aim to provide a high-level measure of how “real-
istic” or “natural” a generated scene appears, often by comparing it
to a reference dataset of real scenes.

Comparison to reference scenes. Some works introduce met-
rics that compare generated scenes against reference scenes. A
common setup is to remove one or more objects from a scene,
generate replacements, and then measure how closely the gener-
ated objects match the originals in category [ZWK19; FYMH25],
position [JLS12; PZR20; KPZ*20; KRS*21; FYMH25], orien-
tation [PZR20; KPZ*20; FYMH25], or size [ZWKI19]. Early
works reported simple statistics such as the percentage of cor-
rectly predicted object categories or mean position/orientation er-
rors. Later studies adopted metrics like precision, recall, and F1
score [LXJ*23; OTKG24; CWL*25]. For methods that gener-
ate objects from scratch, metrics that measure point cloud dis-



H.I I Tam, H. 1. D. Pun, A. T. Wang, X. Sun, Q. Wu, H. Lee, A. X. Chang & M. Savva / Survey on Compositional 3D Indoor Scene Generation 23 of 32

tance (e.g., Chamfer Distance [ZZL*24; VVN*24; LTT25a], Earth
Mover’s Distance [VVN*24]) are also used to measure geomet-
ric similarity. While these provide objective measures, they depend
heavily on the reference dataset and capture realism only in aggre-
gate, without considering the constituent aspects that make a scene
plausible, functional, or coherent. They also overlook the fact that
multiple valid configurations may exist in indoor environments.

Distributional distance. Distances between distributions of gen-
erated and reference scenes can be used to assess realism. Bor-
rowed from image generation, metrics such as Fréchet Incep-
tion Distance (FID) [HRU*17], its CLIP-based variant (CLIP-
FID) [KKA*23], and Kernel Inception Distance (KID) [BSAG18]
have been adapted for 3D scenes [PKS*21; PGMW23; TNM*24;
FZF*23; ZOW*23; LM24; HAD*24; YIZH24; SZZ*24; YZLP24;
Z0OC#24; PDZ*25; BA25; SGC25]. Other measures include Cat-
egorical Kullback-Leibler (CKL) divergence, which compares the
distribution of object categories, and object co-occurrence statis-
tics, which check whether pairs of objects appear with similar fre-
quencies as in real scenes [LPX*19; RWL19; YGZT21; PKS*21;
PGMW23; YHT*23; TNM*24; FZF*23; HAD*24; SYW*25;
FZL*25; SGC25]. These metrics either operate directly on object-
level distributions (CKL, co-occurrence) or on image features
extracted from renderings with pretrained encoders (e.g., Incep-
tionV3 [SVI*16], CLIP [RKH*21]). They provide a single sum-
mary score for realism, convenient for comparing methods. How-
ever, they have notable limitations: 1) reliance on 2D renderings
makes results sensitive to rendering choices; 2) they miss inher-
ently 3D or functional aspects such as plausibility and usability;
3) they do not capture alignment with user inputs, limiting their
use for conditional generation; and 4) their dependence on a ref-
erence dataset restricts applicability to open-ended scenarios. As
such, while useful, they provide only a partial picture of scene qual-
ity, and are often used in conjunction with other metrics.

‘Real vs fake’ classifiers. Given a set of generated scenes and a
reference dataset, a binary classifier can be trained on scene ren-
derings to distinguish real from generated examples [QZH*18;
RWL19; WLW#*19; PZR20; PKS*21; PGMW23; TNM#*24;
LM24; HAD*24; SZZ*24; YJZH24; SYW*25; PDZ*25; SGC25].
The classifier’s accuracy on a held-out test set is then interpreted as
a measure of realism, with low accuracy indicating that generated
scenes are difficult to distinguish from real ones. This approach
shares many limitations with distributional metrics, including re-
liance on 2D renderings, lack of sensitivity to specific scene qual-
ities, and dependence on a reference dataset. In addition, results
may vary with the choice of classifier, the training setup, and the
rendering style, all of which can affect consistency across studies.

5.2.2 Fidelity

Fidelity metrics assess how well a scene matches user input condi-
tions, which may include text descriptions, sketches, example im-
ages, scene graphs, or human motion data. Overall, they aim to
quantify controllability.

Human motion alignment measures. When human motion is pro-
vided as input, fidelity requires that the generated scene affords the
intended activities. One approach checks whether the human mesh

intersects any surrounding objects during the motion [YWL*22].
Another approach treats the trajectory as a representation of re-
quired free space on the ground plane and measures how much of it
is blocked by objects in the generated scene [YHT*23; HYHC24].
Other methods evaluate whether the layout supports specific activi-
ties inferred from the motion, such as sitting, lying down, or reach-
ing, by verifying that expected contact regions align with actual
object surfaces [YHT*23; HYHC24].

Text-image alignment measures. To evaluate how closely a
generated scene reflects a text description, metrics adapted
from text-to-image generation are often used, most com-
monly CLIPScore [HHF*21], BLIPScore [LLSH23], and VQAS-
core [LPL*24]. These approaches compare renderings of the gen-
erated scene with the input text using pretrained models. CLIP-
Score measures similarity between CLIP image and text embed-
dings, serving as a proxy for text-image alignment for scene render-
ings [FWLS24; ZHX*24; HIJ*24; YSW*24; WZC*24; WQL*24;
LTT25b; PTW*25; DYY*25; GCL*25; HZB*25; ZWWZ25].
BLIPScore applies the same principle but leverages BLIP’s em-
bedding space instead of CLIP’s [WXC*24; WQL*24; PTW*25;
LLL*25; HZB*25]. VQAScore frames the task as visual question
answering: the input text is reformulated into a yes/no question
about whether the rendered scene contains the described content,
and the probability of a “yes” response is taken as the alignment
score [WQL*24; PTW*25; LLL*25; HZB*25]. These metrics are
straightforward to compute and scale efficiently, but they also have
limitations: they capture alignment only at a coarse semantic level,
miss fine-grained spatial or relational details, provide scores that
are difficult to interpret, and are sensitive to the rendering setup.

Scene graph and relation-based measures. To more explicitly as-
sess spatial and relational fidelity, many methods extract pairwise
relationships between objects in the generated scene using geo-
metric heuristics and compare them to the input specifications. For
methods conditioned on scene graphs, a corresponding graph can
be reconstructed from the generated scene using a trained relation
prediction model and compared against the input graph. This mea-
sure, often termed scene graph consistency [LZWT20; DMNT21;
XHH*23; ZOW*23; ZOC*24; WMV *25], evaluates whether both
the objects and their relationships are faithfully preserved. For
text-conditioned generation, evaluation typically relies on anno-
tated object relationships derived from textual descriptions. A rep-
resentative metric is iRecall, introduced in InstructScene [LM24]
and later adopted by others [FYMH25; BBC*25], which mea-
sures whether pairwise spatial relations are correctly realized in the
generated scene. A key limitation of these approaches is their re-
liance on knowing the target set of relationships for a given input,
which is hard for free-form or loosely specified inputs. Moreover,
inconsistencies in input formats and annotation standards across
studies make direct comparison difficult. To address this, SceneE-
val [TPW#25a] recently introduced a dataset of 500 text descrip-
tions of scenes annotated with expected spatial and relational prop-
erties, along with a suite of metrics for standardized evaluation.

5.2.3 Plausibility and Functionality

Plausibility and functionality metrics assess whether a generated
scene is physically valid and supports natural use of the space. A
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scene can have high fidelity to input conditions yet still be implau-
sible or non-functional if objects intersect, float, or block access to
one another. We categorize these metrics into low-level geometric
measures and higher-level scene-level measures.

Low-level geometric measures. A straightforward way to as-
sess plausibility is to check for geometric violations in the gen-
erated scene. Common metrics include counting the number of
object collisions, using either bounding box intersection tests or
more precise mesh-based methods, and measuring the ratio of
interpenetrating objects [ZZL*24; FWLS24; YJZH24; YLW*24;
SLG*25; FZL*25; LLL*25; PDZ*25; BA25; SGC25]. Another
basic check is whether objects are properly supported by valid
surfaces rather than floating in mid-air [LLL*25]. Similarly, ob-
jects should remain within the boundaries of the room; placing
them partially or entirely outside indicates an implausible lay-
out [FZF*23; FWLS24; CHS*24; YJZH24; WZC*24; SLL*25;
SYW#25; RLX*25; ZWWZ25; BA25; SGC25]. These metrics are
easy to compute automatically and directly capture violations of
physical plausibility. However, they remain low-level: they ensure
that objects do not intersect, float, or extend beyond the room, but
they do not capture whether the scene is functionally usable or se-
mantically meaningful as a whole.

Scene-level measures. Beyond geometric validity, plausibility and
functionality also depend on whether the layout supports natural
use of the space. Navigability metrics assess whether all free space
in a scene is connected and accessible. This is often tested by simu-
lating a virtual agent navigating through the environment or by per-
forming 2D connected component analysis on the object occupancy
map [SYM*24; YJZH24; LLL*25; SGC25]. Object accessibility
measures whether objects can be reached and serve their intended
functions, for example by checking that functional sides are un-
obstructed [ZWWZ25]. A more task-oriented proxy is the success
rate of downstream robotic tasks, where scenes are assessed based
on whether embodied agents can complete activities such as nav-
igation or object interaction [ZLJ*21; DVH*22; JC24; SYM*24].
Together, these measures provide a higher-level view of plausibility
and functionality, complementing low-level geometric checks.

5.2.4 Aesthetics

Aesthetics is an important dimension of scene quality but is also
subjective and difficult to quantify. There are few established au-
tomated metrics for aesthetics in 3D scenes. Some works adapt
CLIP-based approaches, for example by subtracting the similar-
ity of a scene rendering to a description without style information
from the similarity to a style description, thereby providing a rel-
ative measure of style consistency [LM24]. Others use pretrained
aesthetic predictors developed for 2D images, such as the LAION
aesthetic predictor [SB22] or ImageReward [XLW*23], applying
them to renderings of the generated scenes to obtain a score for
overall aesthetics [ZHX*24; DY Y*25]. However, these metrics are
often entangled with general realism and other aspects of the im-
ages, making it difficult to isolate aesthetics specifically.

5.2.5 System-level Properties

In addition to scene-level quality, practical evaluation also consid-
ers system-level properties that affect usability and deployment.
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Efficiency measures the cost of training and inference. It can be
quantified in various ways, for example by measuring generation
time [RWL19; WYN21; PKS*21; MWZZ24; KPKK25], computa-
tional resource usage (e.g., memory), model parameter size, or con-
vergence rate during training. Diversity captures whether a system
can generate varied outputs rather than repeating similar layouts.
This is often quantified by computing the standard deviation of ob-
ject categories, locations, orientations, and dimensions [LZWT20;
DMNT21; XHH*23; HAD*24], or by measuring the distance to
the nearest neighbor in a reference dataset [ZYM*20; WSCR18;
RWL19; WLW*19; YGZT21]. Usability refers to a system’s ease
of use and the effort required from users. It is difficult to quantify,
and few works report on it directly. Reported metrics include sub-
jective workload scores from user studies (e.g., NASA TLX [HS88;
WZC*24; HTL*25]) or the time taken to complete tasks as a proxy
for user effort [SSS*01; SCA17; ZHL*19]. These properties do not
measure scene quality directly, but they are crucial for assessing the
practicality of scene generation systems in real-world applications.

6 Discussion

While previous sections reviewed existing methods and evalua-
tions, the broader question is: where do we go from here? Here,
we identify major challenges that limit current methods (Sec. 6.1),
and sketch out directions for future research (Sec. 6.2).

6.1 Main Challenges

Depending on the application, different attributes of generated
scenes are important: realism, diversity, functionality, or control-
lability. However, current approaches face limitations that prevent
scenes from fully meeting these requirements.

Dense, realistic clutter. Many methods struggle to generate scenes
with dense and realistically distributed small objects. This gap lim-
its applications such as gaming and embodied Al, where clutter is
crucial both for visual realism and for training robust agents that
must navigate and interact in complex environments. Recent work
on small object placement [HBT*25; AAW#*25; PTW*25] has
made progress, but scaling to diverse object categories while main-
taining plausible arrangements remains a significant challenge.

Scenes with articulated objects. Most current methods rely on
static 3D assets. This fails to capture the articulated nature of com-
mon household items such as cabinet doors, drawers, or chairs.
Ignoring articulation limits both realism and functionality, espe-
cially for robotics and embodied Al, where interaction with mov-
able parts is essential. For instance, an agent cannot learn to open
a cabinet if the door is modeled as fixed. Recent efforts such as
PhyScene [YJZH24] take initial steps toward incorporating articu-
lated objects, but progress is constrained by the limited availability
of articulated models and the added complexity of ensuring plau-
sible clearance and interactions. Addressing this challenge is cru-
cial for enabling richer physical interactions and making generated
scenes more faithful to everyday environments.

Functional, physically-based scenes. Beyond articulation, gener-
ated scenes are often not functional. Here, functionality refers to the
ability of environments to support realistic human activities—for
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example, flipping a light switch to turn on a lamp or using a stove
to heat a pot. This is particularly important for immersive applica-
tions and embodied Al, where environments should respond to user
actions in a believable way. Achieving this also requires physically
plausible properties such as weight, friction, and material charac-
teristics. Most current methods ignore these aspects, limiting the
utility of generated scenes for applications that demand dynamic
environments. Closing this gap will be essential for bridging the di-
vide between static scene geometry and interactive virtual worlds.

Evaluation. While generation methods continue to advance, evalu-
ation approaches have lagged behind. As discussed in Sec. 5, exist-
ing metrics often emphasize narrow aspects such as fidelity to in-
put prompts or low-level physical plausibility. Yet, realistic scenes
also depend on higher-level qualities: common-sense arrangements
(e.g., bookshelves typically placed against walls but sometimes
used as room dividers), stylistic consistency (e.g., furniture in a
room matching or complementing in design), and functional re-
quirements (e.g., ensuring sufficient clearance for wheelchair ac-
cessibility). These dimensions are difficult to capture with current
metrics and still require costly human evaluation. Developing com-
prehensive and scalable metrics for such semantic, stylistic, and
functional qualities can enable better assessment of the true perfor-
mance of current methods, but this remains an open challenge.

6.2 Future Outlook

Several promising directions can address the challenges outlined
above and advance the field of compositional 3D scene generation.

Incorporating human knowledge. Current generative models of-
ten lack the common-sense priors that humans use when arranging
objects and designing spaces. Incorporating human knowledge—
whether through curated design rules, constraints learned from
human demonstrations, or integration with large language and
vision-language models—can guide generation toward more se-
mantically plausible and realistic scenes. Interior design princi-
ples such as focal points and balance have been explored in earlier
work [MSL*11], but recent methods have largely overlooked these
insights, relying instead on learning directly from datasets. This
shift highlights an opportunity to revisit and expand knowledge-
driven constraints. Whereas domains such as text and 2D image
generation benefit from massive corpora of training data, the scale
and diversity of 3D datasets remain limited and cannot fully capture
the breadth of human environments. Incorporating explicit human
knowledge offers a promising way to bridge this gap and move to-
ward more functional and human-centered scene generation.

Interactive generation. Most current systems generate entire
scenes in a single forward pass, offering little opportunity for user
control or iterative refinement. In contrast, human artists and de-
signers rarely create a complete scene all at once—they iteratively
sketch, adjust, and refine until the result satisfies aesthetic and func-
tional goals. Similarly, rather than fixing an incorrect scene only af-
ter generation, intermediate user input during the process can guide
layouts, object placements, or stylistic choices as the scene evolves.
Such co-creative systems could make scene generation more practi-
cal for interior design, education, or entertainment, while also pro-
ducing outputs that better reflect human preferences and creativity.

Developing methods that balance automation with interactive steer-
ing remains an open and promising direction.

Dynamic scenes. Most existing methods focus on generating static
scenes, yet real-world environments are inherently dynamic, with
objects and agents constantly moving and interacting. Generating
dynamic scenes that capture temporal changes, object interactions,
and human activities is crucial for applications such as gaming,
virtual reality, and embodied Al. This requires not only model-
ing the geometry, appearance, and articulation of objects but also
their behaviors, affordances, and interactions over time. Physics-
based simulation offers one avenue, enabling scenes where objects
respond realistically to forces and collisions. Knowledge distilled
from video generation models could also inform plausible object
motions and interactions. Another promising direction is generat-
ing scenes populated with virtual agents that interact with objects,
making environments feel alive and enabling embodied agents to
train in socially and physically realistic settings. Pursuing this di-
rection will enable richer and more immersive environments that
better reflect the complexity of the real world.

Efficient generation. Recent methods that incorporate large lan-
guage and vision-language models have shown promise for guid-
ing compositional scene generation, but they also introduce new
efficiency challenges. Unlike trained generative models, which
can produce scenes relatively quickly at inference time, LLM-
or VLM-based pipelines often require repeated model calls, lead-
ing to significant computational cost and latency. This becomes
especially problematic in interactive settings, where users expect
rapid feedback when refining or exploring scene variations. Many
of the models used are prohibitively large and resource-intensive,
making them difficult to run locally. Since these models store
vast amounts of general information, an alternative direction is
to distill them into smaller, more specialized models focused on
scene-related knowledge. In parallel, reducing reliance on repeated
calls—through strategies such as caching, reuse of intermediate
outputs, or retrieval-augmented generation (RAG) that incorporates
external knowledge bases—can further mitigate both time and cost.
Addressing these issues can enable practical, real-time, and cost-
effective scene generation workflows.

7 Conclusion

Compositional 3D scene generation continues to be a vibrant and
rapidly evolving area of research, with different paradigms offering
unique strengths and challenges. This survey presented a system-
atic overview of progress in the field, outlining the key components
of a scene generation system and categorizing existing methods by
their approaches to each. By analyzing design choices, trade-offs,
and paradigm shifts over time, we highlighted both major advances
and persistent open challenges. We also discussed promising di-
rections for future research, emphasizing opportunities to push the
boundaries of what is possible in generating rich, diverse, and func-
tional 3D environments. We hope this survey serves as a valuable
resource for researchers and practitioners, inspiring new ideas to-
ward compositional 3D scene generation that is increasingly realis-
tic, interactive, and impactful across a wide range of applications.
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