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Abstract: Scene design—spanning interior arrangement, virtual environment creation, and simulated asset generation for
robotics—requires semantic understanding, physical plausibility, and aesthetic judgement. While traditional approaches rely on
expert rules or optimization, Large Language Models (LLMs) promise more flexible, language-grounded reasoning and multi-
modal grounding. This survey provides a focused definition and task framework for layout agents and proposes a hierarchical
categorization based on LLM layout agents’ output representation. At the highest level, we distinguish Direct Methods, which
predict asset poses (one-stage vs. multi-stage), from Indirect Methods, which emit intermediate representations (constraint-
based or programmatic) that are converted to layouts via post-processing. Furthermore, we categorize the evaluation of layout
agents into four dimensions: physical plausibility, prompt fidelity, semantic coherence, and aesthetics and realism, and summa-
rize the commonly used evaluation methods. Finally, we review the current challenges faced by layout agents, including the lack
of spatial reasoning ability, instability, poor generalization, and low efficiency. By organizing recent progress and identifying
gaps, this survey aims to guide future research toward more capable, generalizable LLM layout agents.
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1 Introduction
3D scene design has broad applications across various do-
mains, including interior and furniture layout design [1, 2],
virtual environment [3] and game scene creation [4], and
the construction of simulated assets for robotic training [5].
Designing a coherent and functional scene is an inherently
complex process that involves multiple stages—selecting ap-
propriate assets from a library, arranging them spatially
within the environment, ensuring geometric and semantic
consistency, and maintaining aesthetic and functional bal-
ance. A well-designed scene requires a combination of se-
mantic coherence, physical plausibility, visual aesthetics, and
functional usability. In the past, layout design has relied
heavily on expert knowledge [6], manual adjustment [7], or
handcrafted procedural rules and complex optimization-based
algorithms [8]. These traditional approaches, while precise,
are often labor-intensive, computationally expensive, and lack
generalization across diverse scene types and styles [9].

The advent of sophisticated Artificial Intelligence is
rapidly transforming this landscape [10]. An ideal AI layout
designer should be capable of independently accomplishing

every stage of the scene design process—from understand-
ing abstract textual requirements [11], selecting appropriate
assets [12], and arranging them spatially with semantic and
physical consistency [13], to ensuring overall functional bal-
ance and aesthetic harmony within the scene. At present,
several approaches can handle certain sub-tasks within this
pipeline [14]. For example, rule-based methods [8] can po-
sition predefined objects according to manually specified
constraints or heuristics, while generative model-based ap-
proaches [15] reformulate scene design as a generation prob-
lem, transforming natural language descriptions into 3D rep-
resentations [16], rendered images [17], or even videos [18]
that depict the intended environment. Despite the remarkable
progress made by these AI-based scene design methods, they
still face substantial limitations [14]. Most existing systems
lack the holistic understanding and cross-stage reasoning abil-
ity required for coherent end-to-end design [19]. Furthermore,
they often struggle to balance semantic accuracy, spatial re-
alism, and asset-level constraints, especially when tasked
with arranging fixed, real-world assets rather than generating
objects freely [20].
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The emergence of Large Language Models (LLMs) [21,
22] and Vision Language Models (VLMs) [23] has opened up
new possibilities for developing a truly universal AI layout
designer. LLMs, such as GPT [24] and LLaMA [25] families,
are trained on massive text corpora and exhibit remarkable
abilities in semantic understanding, reasoning, and instruction
following. They can interpret complex design requirements
expressed in natural language, maintain contextual coherence,
and generate structured, human-like responses—capabilities
that are essential for high-level scene planning [26]. Building
upon this foundation, VLMs extend these abilities to visual
understanding and reasoning [27]. By jointly modeling tex-
tual and visual modalities, these models can analyze images,
ground language in spatial layouts, and generate or mod-
ify visual content in accordance with linguistic instructions
[28]. This multimodal reasoning capability makes them par-
ticularly promising for scene design, where tasks inherently
involve interpreting spatial relationships, object affordances,
and aesthetic composition. Therefore, the rise of LLMs and
VLMs provides a powerful foundation for constructing an
all-around “layout agent” [29–31]—one that can seamlessly
connect linguistic intent with spatial imagination, and ulti-
mately translate human instructions into coherent, physically
realistic, and functionally meaningful 3D scenes.

In the past two years, research on LLM layout agents has
grown rapidly. A review of publications from 2023 to 2025
shows a sharp upward trend in the number of papers related
to “large language models,” “3D scene layout,” “object place-
ment,” and “LLM agent.”, as is depicted in Figure 1. However,
despite this rapid progress, a comprehensive survey dedicated
to LLM-based layout agents remains absent. Most existing
reviews [14, 19, 32] only briefly mention the emerging role
of language models and lack a systematic comparison of the
tasks, designs, and evaluations of LLMs’ layout agents.
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Figure 1: The number of papers on Google Scholar published
between 2023 and 2025 that contain the keywords “large lan-
guage models,” “3D scene layout,” “object placement,” and
“LLM agent”, as of November 5, 2025.

Accordingly, this survey provides a focused and sys-
tematic review of recent progress in LLM layout agents,
consolidating these fragmented studies, summarizing recent
advances, and identifying open challenges in this evolving re-
search direction. Our study is, to the best of our knowledge,
the first to comprehensively analyze layout agents driven
by LLMs and VLMs. We not only summarize the key re-
search efforts in this emerging field but also propose a unified
framework for understanding, categorizing, and evaluating

these agents. We first provide a framework to define the
tasks of layout agents. Then, based on the different forms
of outputs, existing methods are distinguished between Di-
rect Methods and Indirect Methods at the highest level:
Direct methods generate asset layouts by directly predicting
the positions and orientations of assets. These can be fur-
ther divided into One-stage Approaches, which output all
object poses in a single pass, and Multi-Stage Approaches,
which iteratively refine placements through multiple rea-
soning steps or dialogues. Indirect methods, in contrast, do
not directly output coordinates. Instead, they first gener-
ate intermediate representations—such as constraint sets or
domain-specific programs—which are later translated into
spatial layouts through post-optimization or external solvers.
Based on this distinction, we further divide indirect methods
into Constraint-based and Programmetic categories. This
categorization provides a comprehensive and unified organi-
zational framework for current LLM layout agent research.
Besides the above categorization, we also systematically re-
view the evaluation criteria used in existing works, summariz-
ing how researchers assess the quality of generated layouts.
Finally, we analyze the key limitations and open challenges
that persist in this field, including 3D reasoning reliability,
stability, efficiency, and generalization. By consolidating cur-
rent knowledge and identifying these gaps, our survey aims
to provide both a structured overview and a forward-looking
roadmap for future research on LLM Layout Agents.

Our contribution can be summarized as follows:

• We present the first comprehensive survey dedicated to the
field of LLM Layout Agents. We systematically review the
recent progress in this emerging research area and pro-
vide a clear definition of the layout agent task, outlining its
objectives and key components.

• We categorize existing layout agents according to the form
of their output representations. This classification frame-
work distinguishes between direct and indirect methods,
further dividing them into subtypes, and offers a unified
perspective that helps to better understand and compare
current approaches.

• We conduct a comprehensive analysis of the evaluation
metrics used in LLM layout agent research, highlight-
ing the diversity and limitations of existing evaluation
paradigms.

• We identify and discuss the key challenges and open prob-
lems that remain in this field, including a lack of spatial
reasoning ability, stability, efficiency, and generalization.
Our analysis provides insights and guidance for future
work, aiming to promote the development of more capable
and generalizable LLM layout agents.

The remainder of this paper is organized as follows. In
Section 2, we present the preliminary background, introduc-
ing the foundations of AI-based layout generation, as well
as key concepts related to LLMs, VLMs, and LLM Agents.
Section 3 defines the layout generation problem, where we
propose a general task framework and clarify the major sub-
tasks involved in layout design. In Section 4, we provide a
comprehensive categorization of current LLM layout agents
based on their output forms and reasoning strategies. Then,
Section 5 reviews and compares the evaluation methods used
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Figure 2: The logical framework of this survey

to assess layout agents. Section 6 discusses the existing lim-
itations and open challenges faced by current approaches,
offering insights into potential directions for future research,
followed by our conclusion Section 7. An outline of our
research is presented in Figure 2.

2 Preliminary
In this section, we introduce the background knowledge re-
quired for this survey, including layout generation, large
language models, vision language models, and LLM agents.

2.1 Layout Generation

Layout generation refers to the task of automatically produc-
ing a spatial arrangement of objects or assets within a scene
[14]. Given an input—such as a textual description, a rough
sketch, or a set of constraints—a layout generation system
must identify or synthesize scene elements and determine
their poses (positions, orientations) and scales [12] so that the
final configuration fulfills the design intent while respecting
spatial and physical constraints (e.g., non-collision, support
relationships, and functional adjacencies) [33].

Following [14], scene generation approaches can be
grouped into four broad paradigms, distinguished primarily
by their internal representations and generative procedures.
Procedural Generation [8] constructs layouts by applying
explicit, rule-based algorithms or stochastic grammars that
encode domain knowledge and spatial priors. Procedural
systems generate layouts via deterministic or parameterized
pipelines [9] that enforce constraints and produce repeatable
structure. These methods are highly controllable but typi-
cally require manual rule design and may not capture the full
variability of natural scenes [14]. The remaining paradigms
rely on learned generative models [13, 34] operating over
different data modalities. Neural 3D-based Generation rep-
resents scenes as neural 3D representations, e.g., NeRF [16]
and 3DGS [35]. Methods in this category offer richer spatial

fidelity [36] but generally demand substantial 3D supervi-
sion and heavier computation [37]. Besides neural 3D-based
generation, Image-based methods frame layout as a problem
in the two-dimensional visual domain, producing images or
top-views that encode object presence and spatial relation-
ships [38]; these 2D outputs can then be interpreted or lifted
into 3D [39]. This paradigm leverages powerful 2D visual
priors and excels in visual plausibility [17], though its im-
plicit treatment of depth and 3D structure can complicate
accurate spatial grounding [11]. Finally, as an extension to
images, video-based generation models [18, 40] scenes as
dynamic sequences, emphasizing temporal and multi-view
coherence by generating frame sequences or view-consistent
representations over time [41]. Such approaches are well
suited to tasks requiring motion or changing viewpoints, but
they introduce additional challenges in maintaining both spa-
tial consistency across views and temporal continuity, often at
increased representational and computational cost [42].

2.2 LLMs and VLMs

Large Language Models (LLMs) [24, 25, 43, 44] are neu-
ral networks pretrained on very large text corpora to model
conditional text generation and high-level linguistic reason-
ing. The modern LLM paradigm is built on the Transformer
architecture [21], which uses self-attention to produce scal-
able, parallelizable sequence representations; scaling model
size and pretraining compute has been a dominant driver of
capability gains (e.g., in-context learning and few-shot trans-
fer [22]). The mainstream training pipeline typically involves
large-scale unsupervised pretraining [45] followed by various
forms of alignment or task specialization, including reinforce-
ment learning and supervised fine-tuning [46] to improve
utility and safety.

As an extension to LLM, Vision-Language Models
(VLMs) [28, 47] connects visual encoders to language mod-
els so the system can accept images or video alongside text.
Architecturally, common design patterns include (1) a frozen
or finetuned visual encoder that extracts visual tokens or
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features [48], (2) a lightweight cross-modal adapter, like a
Q-former [49] or projection module [28] that maps visual
features into the LLM token space, and (3) instruction or
multimodal finetuning that teaches the combined model to
follow visual-language prompts [28]. Other approaches train
a unified multimodal transformer end-to-end [24, 50]. These
pathways trade off compute, parameter efficiency, and the
ability to leverage pretrained unimodal models.

Several algorithmic techniques are commonly applied to
improve comprehension and alignment in both LLMs and
VLMs. First, Reinforcement Learning from Human Feedback
(RLHF) [46] is widely used to align model outputs with hu-
man preferences by training a reward model and applying RL
optimization to the language policy. Another frequently used
technique is Chain-of-Thought (CoT) [51], which elicits in-
termediate reasoning steps from LLMs and can substantially
improve performance on compositional tasks. In multimodal
systems, visual instruction tuning, i.e., generating or col-
lecting image-text instruction pairs and finetuning [28] has
become an effective way to teach grounded, instruction-
following behavior.

Finally, by combining image understanding with geomet-
ric or embodied signal modalities, VLMs are increasingly
applied to spatial and 3D reasoning tasks [52–55]. Embod-
ied multimodal models incorporate continuous sensor or pose
inputs to ground language in real-world geometry and ac-
tions, enabling planning and robot control [56]. More recent
efforts explicitly augment VLMs with large-scale 3D spatial
supervision or synthetic 3D-aware VQA data to improve met-
ric spatial reasoning and view-consistent understanding [57],
which is an important step toward layout and scene reasoning
for design and robotics.

2.3 LLM agents

An LLM agent [58–60] is a goal-driven system that embeds
a large language model within an interactive loop to per-
form complex, multi-step tasks. The workflow of an LLM
agent involves perceiving inputs, reasoning about goals, is-
suing action plans or tool calls, executing those actions
through external modules, observing outcomes, and itera-
tively refining behavior. Typical agent architectures combine
an LLM-based planner that decomposes high-level objectives
into subgoals, perception adapters [28] that convert images or
3D data into semantically grounded representations, tool and
executor modules (e.g., search, simulators, geometry solvers,
renderers)[29, 61] that realize concrete operations, and state-
ful memory and verification components [59] that record
progress and check feasibility; a refiner module subsequently
post-processes outputs [62] before finalization. Agents may
operate in one-shot or iterative modes [30], vary in autonomy
and human-in-the-loop interaction, and trade off controllabil-
ity against autonomy depending on task requirements. When
applied to layout design, the agentic paradigm reframes syn-
thesis as planning and tool-assisted optimization—enabling
compositional workflows and precise numeric control but
also raising challenges in spatial grounding, tool integration,
and reliable multi-step evaluation [63]. This survey focuses

on such agentic approaches for layout and scene genera-
tion, emphasizing the interface between language reasoning,
multimodal perception, and geometric tooling.

3 Problem Formulation
Before introducing LLM layout agents, We first provide a
complete formal definition of the layout agent task. A layout
agent can be viewed as a function Agent(·) that recieves the
current scene information Scene, the user requirement U , and
a set of N asset information entries {Ai}N

i=1. It then outputs
n pairs representing the selected assets A j and their spatial
attributes p j := (O j,Pj,S j):

(A j, p j)
n
j=1 = Agent

(
SCENE,U, (Ai)

N
i=1

)
, N ≥ n. (1)

In this formulation Equation 1:

• Each asset information entry Ai may consist of a textual
description, an image, a point cloud or mesh representa-
tion, or a combination of these modalities. Such informa-
tion can be directly provided by the user (e.g., uploading a
photo or describing an asset’s material) or retrieved by an
external retriever.

• Similarly, the current scene information SCENE can be
represented as a textual or visual description, an image,
or a point cloud; the user requirement U may also be
provided as either text or image.

• Ideally, O j, Pj, and S j are 3D vectors corresponding to the
orientation, position, and size of the j-th object.

Figure 3 offers an illustration of Equation 1. Under this
unified definition, many existing layout-agent tasks can be
described within the same framework:

• Asset selection: when n < N, the agent must select the
most appropriate assets for the given scene.

• Placement planning: SCENE denotes an empty scene
(e.g., a room’s top-down view), and U is the design goal
or scene requirement (e.g., “Please design a living room”).

• Asset addition: SCENE represents a partially populated
scene, and user prompt U specifies that A is the single asset
to be inserted into the scene.

• Asset removal: the agent identifies, according to U , which
assets in {Ai}N

i=1 should be removed.

It is worth noting that, in practice, most current layout
agents implement only a subset of this full task. For instance,
many models cannot output complete SE(3) bounding-box
information, providing only partial pose parameters such as
asset position and yaw rotation. Besides, most agents focus on
one task type (e.g., placement planning) without jointly sup-
porting asset addition, deletion, or selection within a unified
framework.

4 LLM Layout Agent
In this section, we introduce the existing LLM layout agent
methods. We first categorize these models into direct and indi-
rect methods according to their different forms of output. The
two types of methods are then divided into categorizations of
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finer grains. In Table 1, we give a summary for existing LLM
layout agents.

4.1 Direct Method

In Equation 1, the core objective of a layout agent lies in
determining the spatial poses p j = (O j,Pj,S j) of target as-
sets within a given scene. The most straightforward approach
to achieving this is to have the language model directly out-
put the pose information of each asset, including its position,
orientation, and size. We refer to such approaches as Direct
Methods. Depending on the granularity of prediction, Direct
Methods can be further divided into two subtypes: One-stage
and Multi-Stage methods.
4.1.1 One-Stage Generation

One-stage methods represent the most straightforward ap-
proach in LLM layout agent design, where the model is
prompted to generate all asset poses in a single inference step.
LayoutGPT [26] demonstrated that LLMs can directly output
spatial layouts for indoor scenes from textual instructions and
enhances consistency in scene generation. Besides, LLplace
[64] extended the approach to 3D indoor scene layout genera-
tion and editing, enabling users to interactively refine layouts
through natural language. The one-stage paradigm has also
been adapted to large-scale environments, such as in City-
Craft [65], which applies direct LLM-based generation to
3D city layouts, showcasing its scalability and flexibility in
complex spatial planning tasks.

To improve the accuracy and plausibility of one-stage
outputs, several works have enhanced the LLM’s spatial
reasoning capabilities. SKE-Layout [66] leverages retrieval-
augmented generation to inject spatial knowledge into the
LLM, allowing it to better predict realistic coordinates and

orientations. OptiScene [67] introduces a large-scale, human-
aligned dataset for training, boosting the quality of generated
layouts through supervised learning. Meanwhile, Cot2Scene
[68] employs CoT prompting to guide the LLM through
step-by-step spatial reasoning, resulting in more coherent and
semantically meaningful scene compositions.

As the most straightforward approach, one-stage methods
face several limitations, such as difficulty in handling com-
plex constraints, limited fine-grained control, and potential
inconsistencies in multi-object arrangements. However, their
clear and interpretable outputs make them highly suitable as
modular components in more sophisticated layout pipelines.
For instance, LayoutGPT [26] can provide a strong initial lay-
out prior and improve the asset count accuracy in diffusion-
based layout image generation. Similarly, Sceneteller [69],
GALA3D [70], and HOLODECK2.0 [39] have adopted one-
stage layout agents as a first-stage planner to enhance the
realism and coherence of their final 3D scene generations,
demonstrating the enduring value of this approach in both
research and practical applications.
4.1.2 Multi-Stage Generation

The core limitation of one-stage methods lies in the insuf-
ficient capability of the LLM backbone to produce compre-
hensive and well-reasoned placement plans for all assets. To
address this issue, multi-stage approaches decompose layout
design into multiple sub-planning problems, solving them ei-
ther through the collaboration of multiple agents or by invok-
ing a single agent multiple times. This hierarchical strategy
enhances the agent’s overall planning capability. We clas-
sify multi-stage approaches into two main paradigms: task
decomposition and self-reflection. Moreover, task decompo-
sition can be further divided into two groups. A comparison
between different paradigms are presented in Figure 4.
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Task Decomposition
The first paradigm, task decomposition, divides the overall
layout problem into smaller, specialized sub-tasks. This can
be performed in several ways:

Decomposition by Asset Group: This approach parti-
tions the set of assets to be placed, assigning different groups
to specialized agents. Following Equation 1, this approach
can be formally represented as a sequence of generation steps
where k agents Agent1,Agent2, · · ·Agentk handle disjoint
subsets of the final assets:

(A j, p j)
n1
j=1 = Agent1

(
SCENE,U,{Ai}N

i=1
)
,

(A j, p j)
n2
j=n1+1 = Agent2

(
SCENE,U,{Ai}N

i=1
)
,

...

(A j, p j)
n
j=nk−1+1 = Agentk

(
SCENE,U,{Ai}N

i=1
)
,

(2)

and n1 < n2 < · · · < nk−1 < n denotes asset subset division.
This method is exemplified by systems like Holodeck [71],
which breaks down the creation of an environment into dis-
tinct modules for floors, doors, windows, and furniture. Each
module is responsible for placing its designated category of
assets, demonstrating a clear division of the task by asset type.
Similarly, Zeng et al. [72] propose a method which operates
on this principle by assigning different agents or processes
to handle distinct components of a home, such as structural
elements versus interior furnishings.

Decomposition by Generation Stage: Alternatively, the
layout design task can be split into distinct functional stages.
In this pipeline, different agents are responsible for differ-
ent phases of the generation process. A typical decomposition
strategy is to have one agent first select the required assets

from the asset library, and then have another agent deter-
mine the poses of those assets. According to the definition in
Equation 1, this approach can be formulated as:

{A′
j}n

j=1 = AssetAgent
(
SCENE,U,{Ai}N

i=1
)
,

(p j)
n
j=1 = PoseAgent

(
SCENE,U,{A′

j}n
j=1

)
.

(3)

In this process, an “Asset Agent” first selects proper n as-
sets {A′

j}n
j=1 out of the given N assets, and a “Pose Agent”

then decides the poses of each asset. Through this pro-
cess, the second agent only needs to determine the poses
of a subset of assets, thereby reducing its overall burden.
It is worth noting that Equation 3 is not the only possi-
ble classification scheme; depending on the specific task,
there exist other decomposition strategies with their own dis-
tinctive characteristics. An example is StageDesigner [73],
which uses a three-stage pipeline for generating theater scenes
from scripts: script analysis, foreground object generation,
and background generation. Each module performs a distinct
function in sequence, with the output of one stage feeding
into the next. DirectLayout [74] also follows this paradigm by
breaking the generation process into three distinct steps, se-
quentially handling different aspects of the layout problem. A
similar staged approach is also adopted by Liu et al. [75], and
the process is broken into phases like initial terrain sculpting,
followed by the procedural placement of features.

Self-Reflection and Iterative Refinement.
The second major paradigm is self-reflection. In this ap-
proach, after an agent generates an initial output, the resulting
scene is fed back into the same agent for evaluation and mod-
ification. This creates a feedback loop, allowing the agent to
iteratively improve its own solution based on the state of the
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scene. Following Equation 1, this process can be formally
expressed as:

(A(1)
j , p(1)j )m1

j=1 = Agent
(
SCENE,U,{Ai}N

i=1
)
,

(A(2)
j , p(2)j )m2

j=1 = Agent
(
SCENE(1),U,{Ai}N

i=1
)
,

...

(A(k)
j , p(k)j )

mk
j=1 = Agent

(
SCENE(k−1),U,{Ai}N

i=1
)
,

(4)

where SCENE(p) represents the scene information after the
p-th iteration. SceneWeaver [76] embodies this concept with
a self-reflective agent that critiques its own placements and
makes revisions to improve quality. Another framework pro-
posed by Liu et al. [30] leverages a VLM to “see” and
reflect upon the generated scene, enabling iterative correc-
tions. Similarly, DisCo-Layout [77] uses a multi-agent frame-
work where semantic and physical refinement agents work
together, critiquing and correcting the layout in a loop until a
satisfactory result is achieved.

4.2 Indirect Method

While direct methods offer a straightforward approach by
generating assets’ numerical coordinates, they are often
fraught with challenges. LLMs, at the core of layout agents,
are text processors; tasking them with producing long vec-
tors of precise floating-point numbers can lead to issues such
as format violations, numerical instability, and hallucinated
values that do not respect geometric or physical realities.
To address these limitations, Indirect Methods propose a
paradigm shift. Instead of requiring the LLM to function
as a calculator that outputs final pose coordinates, indirect
approach generate an intermediate, symbolic representation
of the scene, which is then translated into a final layout
by a separate, deterministic execution engine. This interme-
diate representation abstracts away the need for low-level
numerical precision, allowing the LLM to focus on logic,
relationships, and composition.

Broadly speaking, indirect methods can be broadly classi-
fied into two main categories, Constraint-Based Methods and
Programming Language-Based Methods, based on the nature
of the intermediate representation they produce. The compar-
ison between two methods is presented in Figure 5. We next
discuss these two kinds of methods in detail.
4.2.1 Constraint-Based Methods

In this paradigm, the LLM generates a logical, relational, or
physical intermediate representation that abstracts the prob-
lem away from low-level coordinates. For instance, instead of
outputting exact coordinates, the LLM might produce a set of
symbolic rules such as: “chair1 should face desk1,” “ book1
must be placed on top of desk1,” and “the distance between
chair1 and desk1 should be less than 1 meter.” These relation-
ship constitutes a scene graph, which is then consumed by a
deterministic backend to compute the final geometric layout.
A classic approach is to formulate the task as an optimiza-
tion problem to find the set of all object poses P := {p j}n

j=1
that minimizes a total energy function E(P) [33, 78]. Com-
monly, the energy function is a weighted sum of individual

loss terms, where each term L j corresponds to a specific
constraint:

P∗ = argmin
P

E(P) where E(P) = ∑
j

w jL j(P). (5)

For example, a distance constraint (e.g., “chair near
desk”) can be encoded as a hinge loss Ldist =
max(0,dist(pchair, pdesk) − dmax), which penalizes distance
only when it exceeds a threshold. Similarly, a support con-
straint Lsupport penalizes misalignment of contact surfaces,
and a collision loss Lcollision penalizes volumetric intersec-
tion. A numerical optimizer then adjusts the object poses to
minimize this total energy.

By decoupling LLM’s reasoning from calculation, indi-
rect methods offer several key advantages. First, it allows the
LLM to operate in its native symbolic domain of language
and logic, where it excels, while offloading the complex,
continuous-space geometric optimization to specialized and
reliable algorithms. Furthermore, the intermediate constraints
are human-readable, making the agent’s “thought process”
transparent. This allows for easier debugging, user editing of
the plan before execution, and more predictable control over
the final output. Furthermore, based on the procedural role
this representation plays, the constraint-based methods can be
further categorized into three approaches:

Constraint-driven Optimization: In this primary ap-
proach, the LLM’s role is to produce a set of explicit rules or
conditions that the final scene must satisfy. A separate opti-
mization module then works to find a geometric configuration
that minimizes the violation of these constraints. A prominent
example is LayoutVLM [33], which translates user input into
a set of differentiable constraints, allowing object poses to
be directly optimized via gradient-based methods. Similarly,
FlairGPT [79], methods by Sun et al. [80], and I-Design [81]
all leverage an LLM to produce textual constraints or relations
that a subsequent module interprets to place objects. This
paradigm extends powerfully to physics, where physical laws
act as implicit constraints. LayoutDreamer [62] pioneers this
by regularizing the LLM’s output with a physics engine to en-
sure stability, while RoomCraft [82] also relies on constraints
to achieve complete, collision-free scenes.

Structured Blueprint Generation: Here, the LLM’s pri-
mary task is to generate a comprehensive and structured
data format—most commonly a scene graph—that serves
as a holistic blueprint for the scene. In this formalism, ob-
jects are nodes and their relationships are edges. AnyHome
[83] exemplifies this by first using an LLM to generate rela-
tional constraints which are then compiled into a structured
scene graph. Graph Canvas [84] and GraphDreamer [85]
place the graph at the center of their compositional synthesis
pipeline. Other systems build sophisticated processes around
this blueprint. Planner3D [86] uses the LLM-generated graph
as a prior to regularize a numerical optimization process.
DIScene [87] specializes in this by focusing on decoupling
objects and modeling their interactions, which is the essence
of constructing a detailed graph. Finally, Visual Harmony
[88] and SceneLLM [89] demonstrate the versatility of this
approach by generating dynamic scene graphs from varied
inputs like images or text.
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Constraint-Based

Layout Agent

Programmatic

Layout Agent

1. TV should be in front of the 

sofa

2. Cupboard should be against

the wall

3. Rug is under the table

4. Table is in front of the sofa

5. Sofa is in front of the window

table sofa

rug

cupboard

TV

Generate relations
Scene Graph

Solve and Render

# floor rendering

Floor_Rendering(floor_bbox, floor_texture_dir)

#asset placement

for asset in asset_list:

place(floor, asset) # place all asets in the list

#set_camera

#...

Run the code and render

Generate Code

Figure 5: A comparison between the Constraint-Based Methods and Programming Language-Based Methods.

Agentic Planning and Search: In this most advanced
paradigm, the LLM acts as an autonomous agent that ac-
tively uses constraints to guide a dynamic, multi-step process.
The constraints are not just a static specification but a tool
for reasoning and decision-making. For instance, Deng et al.
[90] employs an LLM to generate spatial constraints that
are then used to prune a tree search algorithm, allowing the
agent to find valid placements efficiently and even backtrack
to resolve conflicts. AutoLayout [91] establishes a “slow-fast
collaborative reasoning” loop, where relational constraints are
proposed and then iteratively refined by a separate process. At
the highest level of abstraction, frameworks like Scenethesis
[92] and WorldCraft [93] feature LLM agents that orchestrate
a combination of tools—using constraints, generating proce-
dural code, and executing multi-step reasoning—to construct
vast and complex 3D worlds, showcasing how constraint-
based reasoning becomes one of many skills in an agent’s
repertoire.
4.2.2 Programming Language-Based Methods.

This approach leverages the remarkable proficiency of LLMs
as code generators. Instead of producing static coordinates
or constraints, the LLM is tasked with writing an executable
script that procedurally constructs the scene. This script is
then run by an execution engine—often a 3D software envi-
ronment like Blender [7] or a custom interpreter—to render
the final layout. This methodology is powerful because it
transforms the layout problem into a domain where LLMs
excel, and the resulting code is structured, debuggable, and
capable of encoding complex procedural logic such as loops,
conditions, and variables. Zhang et al. [94] pioneered the
creation of a dedicated, declarative Domain-Specific Lan-
guage (DSL) for scenes, revealing the potential that an LLM
could translate ambiguous natural language into a structured,

unambiguous program that a custom interpreter could then
execute to create a deterministic layout, effectively bridg-
ing the gap between human intent and machine execution.
SceneMotifCoder [95] offers an innovative twist on this con-
cept by learning a “visual program” from examples; the LLM
is shown various visual motifs of object arrangements and
synthesizes a programmatic script that can replicate those
same spatial patterns, making it an example-driven approach
to program learning. Meanwhile, Gumin et al. [96] provides a
theoretical analysis of the trade-offs between generating step-
by-step instructions (imperative code, like a Python script)
versus defining the desired end state (declarative code, which
specifies relationships).

Alternatively, many methods bypass custom languages
and instead generate code in a General-Purpose Language
(GPL) like Python, typically leveraging the API of a pow-
erful 3D modeling tool. SceneCraft [29] is functions as an
agent that directly translates a user’s textual description into a
complete Blender-compatible Python script. This script then
procedurally creates, places, and modifies all objects within
the Blender environment, harnessing the full power of a
professional 3D suite. 3D-GPT [97] advances this architec-
ture by using a team of chained agents; one agent parses
the user’s request, another conceptualizes the 3D model,
and a final “coder” agent writes the procedural instructions
for a tool like Blender to execute, showing how the com-
plex task can be decomposed. For applications demanding
high accuracy, SceneGenAgent [31] adapts this principle to
industrial settings, where a dedicated coding agent gener-
ates scripts to place objects with exacting precision, a task
for which programmatic control is uniquely suited. Finally,
these programming-based methods culminate in sophisti-
cated, hybrid agentic frameworks like WorldCraft [93]. This
system employs LLM agents that can dynamically choose
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the best tool for a task, using procedural code generation
for large-scale world-building, defining constraints for fine-
grained relationships, and employing multi-step reasoning to
orchestrate the entire process, demonstrating the maturity of
programming as a core component in a larger creative toolkit.

Notably, although we categorize layout agents into one-
stage, multi-stage, constraint-based, and programmatic meth-
ods, some large-scale or multi-module agents can simulta-
neously incorporate multiple approaches. For example, in
Holodeck, the door and floor agent employs a one-stage direct
generation strategy, whereas the furniture module relies on
constraint-based generation. Table 1 provides a more detailed
categorization of the existing layout agents.

5 Evaluation of Layout Agents
A dedicated discussion on evaluation methodologies is cru-
cial because, unlike traditional machine learning tasks with a
single, clear “ground truth,” 3D scene generation is an inher-
ently ill-posed problem. For a prompt like “a cozy modern
living room,” there is no single correct answer; there exists
a vast distribution of valid and aesthetically pleasing lay-
outs. Consequently, simple metrics like comparing generated
coordinates to a reference scene are insufficient and often mis-
leading. Thus, a robust evaluation framework is necessary to
systematically and reproducibly assess the quality of gener-
ated layouts, enabling fair comparison between models and
guiding future research. In this section, we first introduce the
necessary dimensions of LLM layout agent evaluation before
discussing existing methodologies to quantify these aspects.
A comprehensive comparison across existing models over
performance evaluation is presented in Table 1.

5.1 Dimensions of Evaluation

The evaluation of a generated 3D layout is typically de-
constructed into several key dimensions, each targeting a
different aspect of scene quality.

Physical Plausibility: This is the most fundamental as-
pect of evaluation, assessing whether the scene adheres to
basic physical laws. This dimension is typically broken down
into three main criteria: inter-object intersections [99], which
check if any two objects improperly occupy the same phys-
ical space; gravitational stability, which ensures that objects
would not topple or fall in a real-world setting; and support
hierarchy, which verifies that objects are logically supported
by others (e.g., a laptop is on a table, not floating beside it).
A physically impossible scene is immediately identifiable as
low-quality, regardless of its other merits.

Prompt Fidelity: This is critical for text-to-scene models,
as it measures how faithfully the generated scene reflects the
user’s input prompt. This evaluation encompasses two key ar-
eas: object and attribute presence, which is a direct check to
ensure all requested objects (e.g., “a round table”) and their
properties (e.g., “blue chairs”) are correctly instantiated in
the scene; and relational alignment, which verifies that ex-
plicit spatial constraints mentioned in the prompt (e.g., “the
painting above the sofa”) are accurately fulfilled.

Semantic Coherence: This dimension evaluates the log-
ical and functional consistency of the scene, answering the

question: “Does this layout make sense?” As explored in
benchmarks like SceneEval [100], this is assessed through
two main lenses: object co-occurrence, which measures the
likelihood of certain objects appearing together in a specific
room type (e.g., a sofa and a television in a living room);
and relational plausibility, which evaluates the sensibility of
the spatial relationships between object pairs. For instance, a
chair being next to a table is plausible, whereas a chair on top
of a ceiling fan is not).

Aesthetics & Realism: This is the most subjective but ar-
guably one of the most important dimensions, capturing the
overall visual appeal, composition, and believability of the
scene. This aspect considers factors like whether the layout
is well-balanced and uncluttered (aesthetics) and whether the
generated scene looks like a real-world photograph (realism).

5.2 Evaluation Metrics and Methodologies

To quantify the dimensions outlined above, a combination
of automated geometric metrics, statistical measures, and
human-in-the-loop evaluations are employed.

Metrics for Physical Plausibility: A wide range of
models [33, 67, 69, 81] use geometric calculations to au-
tomatically assess physical violations. For example, Out-of-
Boundary Rate (OOB) measures the percentage of scenes
where one or more objects are placed partially or wholly out-
side the predefined room boundaries. Another common metric
is Object-Overlap Rate [99], which calculates the fraction
of generated scenes that contain at least one pair of inter-
secting objects, where intersection is typically determined by
overlapping 3D bounding boxes.

Metrics for Prompt Fidelity: These metrics assess how
well the generated content aligns with the user’s textual in-
structions. One widely adopted metric is the CLIP Score
[48], which measures the semantic similarity between the text
prompt and rendered images of the generated scene [64, 70]
[71] by encoding both into a shared embedding space and
computing the cosine similarity between their vectors. In in-
teractive settings, researchers often report an Editing Success
Rate [64] to evaluate whether the model correctly executes a
specific edit command (e.g., “make the table larger”) by com-
paring the scene state before and after the command. A further
quantitative check is the Average Number of Proposed Ob-
jects (NObj) [26], which verifies whether the model respects
quantitative constraints. For example, if a prompt requests
“a table and three chairs,” this metric counts the number of
objects generated to see if it matches the request.

Evaluation of Semantic Coherence, Aesthetics, and
Realism: Due to their subjective nature, these dimensions
often require human judgment or sophisticated AI-based
proxies. A commonly used evaluation method is direct scor-
ing, where evaluators, either human rater [69, 71, 82] or a
powerful Vision-Language Model like GPT-4o [33, 81], are
asked to score a generated scene on a predefined scale (e.g.,
0/1 for binary correctness, or a 1-5 Likert scale) across sev-
eral axes, such as “Is this layout functional?” or “Is this scene
aesthetically pleasing?”. To reduce cognitive load and rater
bias, some researchers also use pairwise comparison. this
method presents evaluators with two scenes generated from
the same prompt by the baseline and the proposed model. The
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Table 1: The classification of representative works on LLM-based layout agents and the evaluation perspectives they adopt.

Model
One
Stage

Multi
Stage

Direct
Output

Constraint
-Based

Physical
Plausibility

Prompt
Fidelity

Semantic
Coherence

Aesthetics
& Realism

LayoutGPT [26] ✓ × ✓ × × ✓ — —
IDesign [81] × ✓ × ✓ ✓ ✓ M M
SKE-Layout [66] ✓ × ✓ × × ✓ — —
OptiScene [67] ✓ × ✓ × ✓ ✓ M M
SceneTeller [69] ✓ × ✓ × ✓ ✓ H H
LLplace [64] ✓ × ✓ × ✓ ✓ M M
GALA3D [70] ✓ × ✓ × ✓ ✓ H H
Holodeck [71] × ✓ ✓ ✓ × ✓ H H
StageDesigner [73] × ✓ ✓ × ✓ ✓ H H
DirectLayout [74] × ✓ ✓ × ✓ ✓ H H
Liu et al. [30] × ✓ × ✓ ✓ ✓ H & M H & M
DisCo-Layout [77] × ✓ ✓ ✓ ✓ × M —
SceneWeaver [76] × ✓ ✓ × ✓ ✓ M M
LayoutVLM [33] ✓ × × ✓ ✓ ✓ H & M H & M
AnyHome [83] × ✓ × ✓ ✓ ✓ — —
Deng et al. [90] × ✓ × ✓ × ✓ H H
Liu et al. [84] × ✓ × ✓ × ✓ H H
DIScene [87] ✓ × × ✓ × ✓ H H
RoomCraft [82] × ✓ × ✓ ✓ ✓ H H
LayoutDreamer [62] ✓ × × ✓ ✓ ✓ — —
Scenethesis [92] × ✓ × ✓ ✓ ✓ H & M H & M
FlairGPT [79] ✓ × × ✓ ✓ ✓ H & M H & M
AutoLayout [91] × ✓ × ✓ ✓ ✓ M M
Visual Harmony [88] ✓ × × ✓ × × H H
Planner3D [86] ✓ × × ✓ ✓ ✓ — —
WorldCraft [93] × ✓ × ✓ × ✓ H & M H & M
SceneCraft [29] × ✓ × ✓ × ✓ — —
SceneGenAgent [31] × ✓ × ✓ × ✓ H H
SceneMotifCoder [95] ✓ × ✓ × ✓ ✓ M M
Chat2Layout [98] × ✓ ✓ × ✓ ✓ — —

For the metrics semantic coherence and aesthetics & realism, (1) M denotes evaluation by LLMs or VLMs, (2) H denotes evaluation by human participants, (3) H&M denotes
both human and machine evaluation, (4) -indicates that the metric is not included. It is worth noting that many large-scale LLM agents are composed of multiple sub-agents,
which may span across different paradigms. Therefore, multiple columns in this table can be checked simultaneously (for example, one part of an agent may adopt direct output,
while another part is based on constraints).

evaluator’s task is simply to choose which one they prefer
(“Model A is better,” “Model B is better,” or “They are about
equal”). This comparative judgment is often more reliable and
consistent than assigning absolute scores.

6 Difficulty and Future Challenges
Despite notable advances in automated 3D scene generation,
layout agents built on large language models (LLMs) still face
four recurring challenges that limit their practical robustness
and generality.

Limited spatial reasoning. These agents frequently ex-
hibit gaps in spatial understanding that appear in several
ways: many rely on text- or 2D image–centric visual-
language backbones rather than representations that natively
encode 3D geometry (e.g., point clouds or meshes); they
tend to handle qualitative spatial language (such as “next to
the sofa”) better than quantitative relationships (precise dis-
tances, relative scales, and absolute orientations); and this
shortfall often extends to physical common sense, producing
artifacts such as floating objects, interpenetration, or unstable
arrangements. As a result, downstream systems typically re-
quire ad-hoc post-processing rules or physics simulations to
enforce semantic and physical plausibility.

Generation efficiency. Many state-of-the-art agents
adopt iterative or multi-turn pipelines (for instance, stepwise
optimization or repeated refinement dialogues) to improve
controllability. While effective for steering outputs, these
approaches increase computational cost and inference la-
tency, which can make rapid generation of large-scale or
high-fidelity scenes impractical in real-world settings.

Sensitivity and instability. Model outputs are often
sensitive to prompt formulation and the details of the in-
teraction loop. High-quality results frequently depend on
careful prompt engineering, explicit constraints, or iterative
user feedback. Consequently, modest variations in wording
or dialog strategy can produce substantially different lay-
outs, reducing robustness and making the user experience less
predictable.

Limited generalization. Many models perform well
within narrowly defined domains—particularly indoor home
design, where most training data and benchmarks concen-
trate—but their performance degrades when applied to less
familiar or open-world scenarios (for example, complex out-
door environments, industrial sites, or atypical room types).
Addressing dataset bias and architectural bottlenecks is there-
fore important for moving from specialized “interior design-
ers” toward more general “world builders.”
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I want a large dining room with a
round table in the middle and six
chairs around it. The table has a
white cloth and a vase with flowers
on it. The chairs have a red cushion.
The room is decorated with
paintings and a large mirror on the
wall. The floor is made of wood
and has a rug in the middle.

I want a classroom with a
blackboard, a teacher's desk, and 10
chairs arranged in a row. The room
is well-lit and has a large window.
The walls are painted with a light
blue color. The floor is made of
tiles. The room is quiet and
organized.

I want a large swimming pool and a
deck around it. The pool has a blue
tile floor and a white tile wall. The
deck has a wooden floor and a
wooden railing. The pool has a
large water fountain in the middle
and a small fountain in each corner.
There are two life buoys in the pool
and a large umbrella on the deck.

OK, here is the classroom:… OK, here is the dining room:… OK, here is the swimming pool:…

User: User: User: 

Figure 6: Three examples generated by Holodeck [71]. The inconsistencies between the scenes and the prompts are highlighted
with underlines in the prompts.

In summary, improving spatial reasoning, efficiency, sta-
bility, and generalization is central to advancing LLM-based
layout agents into dependable creative tools. To illustrate
common failure modes, Figure 6 shows three examples gen-
erated by Holodeck [71]. In the classroom scene, the chairs
are not arranged as expected (ten chairs forming a circle)
and are not oriented toward the table. In the restaurant scene,
the round table is not centered as intended and a central
carpet is missing. In a request for a swimming-pool scene,
the system fails to produce a coherent layout. Rather than
reflecting a single deficiency, these failures expose several
structural limitations shared by many current layout agents.
First, most models are not explicitly trained or specialized
for spatial perception tasks that require a global understand-
ing of scene geometry (e.g., placing a table precisely at the
center of a room). As a result, they often struggle with lay-
out instructions that depend on holistic room-level awareness
rather than local relational cues. Second, because most exist-
ing agents do not operate on detailed 3D representations such
as dense point clouds or mesh-level geometry, but instead
rely on coarse asset metadata or text/image-level abstractions,
fine-grained placement details are frequently lost. This limi-
tation manifests in subtle but important errors, such as chairs
failing to face the table correctly or objects being misaligned
despite satisfying high-level relational constraints. More fun-
damentally, the majority of layout agents are built upon a
general-purpose LLM backbone. While effective in common
indoor scenarios seen during training, such backbones gener-
alize poorly to unfamiliar or open-domain environments. In
atypical scenes—such as the swimming-pool example shown
in Figure 6—the model may fail even at the asset retrieval

stage, let alone at arranging appropriate objects in physically
and semantically coherent configurations.

It is worth noticing that, these limitations have direct im-
plications for embodied AI systems. When layout agents are
used to generate environments for embodied navigation or
manipulation, errors in global spatial structure, object ori-
entation, or asset selection can severely hinder downstream
perception, planning, and control. Consequently, the current
shortcomings of LLM-based layout agents not only affect
visual plausibility but also constrain their integration with
embodied agents, highlighting the need for 3D-aware repre-
sentations, domain-specialized training, and tighter coupling
between symbolic reasoning, geometric execution, and phys-
ical interaction.

7 Conclusion
This survey systematically reviews the emerging field of
LLM- and VLM-driven layout agents. We define the layout-
agent task and present a unified framework that distinguishes
direct methods (one-stage and multi-stage) from indirect
methods (constraint-based and programmatic). Building on
this taxonomy, we catalog representative systems, analyze
their output representations and reasoning strategies, and syn-
thesize evaluation protocols used across the literature. We
further provide a structured comparison of evaluation met-
rics, highlighting strengths and gaps in existing benchmarks
and automated measures. Finally, we identify four recurring
challenges—spatial reasoning, generation efficiency, sensitiv-
ity/instability, and limited generalization—and discuss how
these limitations shape current practice. Together, our contri-
butions consolidate dispersed work into a coherent picture,
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offer a practical lens for comparing methods, and supply re-
searchers with an organized reference to guide the design and
assessment of future layout agents.

Looking ahead, future research must focus on enhancing
the 3D grounding and long-horizon planning capabilities of
these agents. The development of more holistic and standard-
ized benchmarks will also be crucial for driving meaningful
progress. Ultimately, the continued advancement of LLM
layout agents promises to democratize 3D content creation,
building a powerful bridge between high-level human imagi-
nation and the automated generation of coherent, functional,
and compelling digital worlds for applications ranging from
robotics to the metaverse.
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