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We introduce a novel approach for designing 3D scene layouts, focusing on a reason-driven generation from text
to conceptual design. Our Iterated Design System (IDS) offers a hierarchical structure that incorporates both
geometric and semantic information in the scene, reflecting the intricate process of human design reasoning.
We leverage Large Language Models (LLMs) to break down the complex task of conceptual design into more
manageable components, mirroring human cognitive methods. Additionally, we propose an LLM-in-the-loop
optimization strategy to resolve conflicting constraint challenges which often emerge in traditional geometric

layout optimization. Once the traditional algorithm detects and suggests solutions for conflicts, the LLM
interprets the semantics of these solutions within the design context to make the best decision. Experimental
findings highlight our framework’s capability to create satisfactory and complex scene layouts across various

scene categories.

1. Introduction

The design of scene layout has drawn significant research in indoor
design [1], urban planning [2,3], and game development [4]. Several
techniques for generating scene layouts, including data-driven meth-
ods [5,6] and procedural modeling [7], have been explored to expedite
the design process.

Existing methods predominantly focus on generating scene layouts
based on user-defined plans, such as bubble graphs [8], which entail
determining the exact placement and dimension of each element within
the scene. This stage is referred to as detail design (Fig. 2, c). However,
in practice, designing these bubble graphs is as critical as the detailed
design itself. Creating these bubble graphs requires designers to analyze
customer requirements and integrate them with their own insights.
Designers must determine which structures need to be included in
the scene and define their spatial arrangement. This process of trans-
lating textual ideas into design concepts is referred to as conceptual
design [9,10] (Fig. 2, b). Traditionally, conceptual design is conducted
manually, requiring a significant amount of time. To address this, this
work focuses on developing a computational method to automate the
conceptual design process.

To realize this creative process, the challenges are two-fold: Firstly,
in the conceptual design phase, it is essential to rely on professional
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design expertise, comprehensive research, and practical experience for
analyzing requirements and making informed decisions. For example,
when arranging a specific bedroom scene, the designer needs to draw
on common knowledge and experience of bedrooms to know the essen-
tial objects and their placement scales, while also conducting sufficient
research (or making informed assumptions) about the user of the bed-
room. The user’s interests and living habits can significantly influence
the selection and arrangement of objects in the scene. Secondly, the
process of conceptual design involves intricate reasoning. For instance,
the designer must synthesize various requirements, reason about which
objects should be placed, further infer the relationships between those
objects, and ultimately decide their final positions. Such reasoning can
be supported by specific methodologies, factoring in considerations like
functionality and aesthetics [9].

We utilize Large Language Models (LLMs) to address these chal-
lenges. This approach is founded on the observation that LLMs are
endowed with vast human knowledge [11] and possess some level
of reasoning capabilities [12,13]. Their application in domains like
automatic programming and robotics demonstrates their potential for
executing complex tasks [14-16]. Current methodologies [14-16] high-
light that the effective application of LLMs to complex tasks lies in
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Fig. 1. A coarse-to-fine scene layout designed by our framework with a simple textual input: A library with areas for studying and reading. The scene is generated
by gradually expanding the requirements associated with geometric substructures: (a) The library is decomposed into a main study area in the middle, book
shelves on the right, a children’s section at the corner, a computer station at the back... for different functional purposes. (b) Each substructure is considered
separately and expanded into more requirements: the main study area should be equipped with rich zones for individual study, and the placement of the bookshelf
should maximize space utilization while leaving enough walking space, etc. Such requirements lead to more detailed decompositions of substructures. (¢) This
design process is performed iteratively on each substructure until the detail is considered enough. (d) Once the scene layout is crafted, various tools are available
to elaborate on the details of each item within the scene; for instance, structures can be substituted with assets.
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Fig. 2. The design process of designers usually begins with ideas (a) and
can be broken down into two distinct phases: conceptual design [10] and
detail design. During the conceptual design phase, designers examine the
initial user ideas from various perspectives, broaden the requirements, and
develop a design proposal that includes a layout of scene structures and their
interconnections (b), such as a bubble graph [8]. The next phase focuses
on implementing the design proposal in detail. This includes tasks such as
arranging items according to the bubble diagram and designing appropriate
geometric details for the structure (c).

strategically decomposing the task and designing a structured work-
flow that allows LLMs to systematically address each stage. Given
the existence of established conceptual design theories that provide
practical methodologies for scene design workflows [9,10], an effec-
tive and expert-level LLM workflow can be developed using these
theories as a foundation. Contrasting with current methods employing
LLMs for scene layout design [17,18], our conceptual design workflow
more logically interprets user concepts by adhering to human design
principles.

To achieve this, we design an automated framework for generating
scene layouts, following a conceptual design to detail design work-
flow by integrating LLMs with geometric optimization techniques. We
introduce the Iterated Design System (IDS), an adaptive hierarchical
framework designed to break down the design process progressively
from coarse to fine [10]. Each node within this structure can be progres-
sively expanded into child nodes, offering more precise and elaborate
semantics. In every unfolding task, the LLM multi-agent system evalu-
ates the node’s requirements, expands it into a list [9], and determines
its substructures along with constraints on their sizes and positions.
Since it is challenging for LLMs to express precise geometric constraints
in textual form, we enable them to articulate constraints through
the use of our custom-developed domain-specific language (DSL). The
DSL narrows down the undecided outputs of LLMs, thereby imposing
well-defined constraints on the geometric characteristics of the scene.
Subsequently, we develop a geometric optimization based on the mixed
integer optimization [19], which identifies a feasible, non-overlapping
layout solution satisfying the constraints proposed by LLMs.

However, the optimization may become infeasible due to conflicting
constraints introduced by LLMs. To resolve this issue, we employ the

Irreducible Infeasible Subsets (IIS) method [20] to eliminate these
conflicting constraints. From a mathematical perspective, there are
multiple viable solutions to eliminate these contradictions. Each so-
lution may alter the semantic interpretation of the problem, with its
significance depending on the specific context. Ranking these solutions
based on the degree of semantic change is a labor-intensive task for
humans but well-suited for LLMs. Therefore, we propose an LLM-in-the-
loop strategy that leverages LLMs to identify and select the semantically
optimal solution for resolving constraint contradictions.
Our contributions can be summarized as follows.

+ We present a new workflow for scene layout generation based on
conceptual design, gradually refining scene details in alignment
with the principles of design theory.

» We leverage large language models (LLMs) to implement the
conceptual design framework. To this end, we introduce IDS, a
flexible hierarchical model, and develop an LLM agent workflow
to streamline the generation process.

» Geometry optimization is used to refine the outputs of the LLMs.
An LLM-in-the-loop method is introduced to address contradic-
tions while accounting for semantic concerns.

We demonstrate the coarse-to-fine layout conceptual design through
complex tasks, see Fig. 1 for an example.

2. Related work

Conceptual design for scene layout. Conceptual design [10] represents
a preliminary stage in the design process. For scene layout design,
this stage often involves analyzing the requirements and identifying
the components within the scene, along with their identities and
interactions—this is essential for crafting a logical layout design that
adheres to the provided specifications. Many layout generation method-
ologies, like those using bubble graphs [21,22], depend on a compre-
hensive conceptual design by the designer. Numerous theoretical design
frameworks consider conceptual design as the initial step [9,23]. In
particular, [9] introduces a quantized model for conceptual design,
where requirements are described in terms of contexts, and the re-
sulting structure designs are delineated as forms. With the significant
advancements in large language models (LLMs), it is now possible to
transform this into an automated workflow.

Scene layout generation. Recently, the generation of scene layouts from
textual idea has garnered significant attention. Traditional optimization-
based methods derive scene layouts from bubble graphs [21,22], which
should be carefully designed by experts. Meanwhile, data-driven meth-
ods learn the layout [24-28] from specific datasets [29-31]. Such tech-
niques prioritize semantic structural details in specific settings, such as
indoor arrangements [17,32] and commercial environments [33]. Thus,



W. Wu et al.

these approaches lack generality to broader types of scenes. Recently,
LLM-based methods that finetune or use existing large models [34,35]
have drawn significant attention [17,18,36-39]. In these works, scene
layout is represented by code (e.g., Blender code [40]) and written
by LLMs based on human instructions. However, LLMs in these tasks
merely serve as tools for generating outputs in specific code formats,
without engaging in the actual conceptual design process or lever-
aging their world knowledge and reasoning capabilities. As a result,
some of their outputs do not align with intuitive design expectations.
FlairGPT [41] also uses LLMs to analyze multi-level scene nodes for
adding details. However, its design is rigidly limited to three layers,
making it unable to handle further functional subdivision for finer
parts (e.g., on a desktop, it reduces to tertiary object placement). Our
recursive approach, by contrast, flexibly supports detail generation at
multiple scales.

LLM-based multi-agent framework. Recent works [34,35,42] demon-
strate significant progress of LLMs, facilitating their integration into
a wide array of tasks spanning multiple domains, like geometric pro-
cessing [13], robotics [14], and generative projects [15,16]. The Agent
framework, in particular, has seen extensive adoption [12,43]. This
framework skillfully incorporates the capabilities of LLMs into specific
tasks by assigning suitable prompts to the language model [44,45],
developing a fitting toolset for the tasks (DSL) [46], and orchestrating
their processes (SOP) [12] across large task sets. Our framework utilizes
LLMs under the assumption that they have acquired extensive design-
oriented knowledge, enabling them to encode design semantics into
geometric data within the Agent framework. Some findings reveal the
spatial comprehension ability of LLMs [46,47], which serves as our
foundational basis.

Layout optimization and conflict constraints handling. The aim of layout
optimization is to determine the sizes, positions, and orientations of ob-
jects to meet design objectives. [48,49] use a Markov chain Monte Carlo
(MCMCQ)-based method to optimize furniture layouts. [21] proposed
a floor plan synthesis approach using mixed-integer quadratic pro-
gramming (MIQP). Traditional methods handle conflicting constraints
in optimization problems through techniques such as the deletion fil-
ter [50], the additive method [51], or a hybrid strategy [20] to identify
an Irreducible Infeasible Subset (IIS). However, finding an IIS does not
immediately explain the reasons for infeasibility. Recently, [52] devel-
oped OptiChat, an autonomous system leveraging a LLM, to diagnose
infeasible optimization problems. In our study, we utilize LLM agents to
reconcile conflicts in layout design, with LLMs aimed at understanding
the semantics of optimization expressions.

3. Overview

Problem statement. User can generate a scene by simply writing down
design intentions in natural language. Upon user submission of a textual
concept, our framework systematically examines it and subsequently
generates a hierarchical scene graph, referred to as the Iterated Design
System (IDS, Fig. 3). IDS breaks down the scene in a hierarchical
manner, from coarse to fine, where each node denotes a subdivided
substructure derived from its parent node and is depicted by a bounding
box. At coarser levels, nodes represent functional areas (e.g., “rest
area”, “workspace”); as the recursion proceeds, nodes become finer-
grained until they represent concrete objects (e.g., “bed”, “desk”),
which form the leaf nodes of the hierarchy and can be replaced with 3D
assets. Fig. 4 depicts a practical instance of configuring a node based
on an initial user input.

Design a node. Each node within IDS is characterized by geomet-
ric attributes, specifically the dimension, position, and orientation of
its bounding box. Moreover, for each node, we document seman-
tic attributes that provide comprehensive details about the node. We
start from a single high-level “description” attribute of the node, and
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Fig. 3. An example of IDS. We gradually break down the design task into
a hierarchical structure (a): Starting with the root node ‘Bedroom’, which is
subdivided into the substructures ‘Rest Area’, ‘Exercise Area’, ‘Workspace’, and
‘Storage Area’. Each substructure is further detailed by creating corresponding
child nodes. In this scenario, we focus on the desk, yielding a node tree (c)
and a detailed design result (b) through asset replacement.

progressively generate additional semantic attributes (e.g., “require-
ments”), which are eventually distilled into the “description” attribute
of each child node. These semantic attributes are formalized as textual
information, stored under corresponding keys within the scene node.
Thus, each node ultimately contains both geometric attributes (vectors
and numerical values) and semantic attributes (text strings). In the
following sections, we focus on the task of expanding one node in
IDS to multiple substructures, i.e., conceptual design at one node.
We propose an LLM multi-agent framework to implement conceptual
design (Fig. 4). Taking the basic information in one node, Semantics
Analyzer (Section 4) expands and lists the requirements, and then
conducts the substructure list, which determines how many children
nodes are needed and the descriptions of each child node. Geometry
Analyzer (Section 5) takes the abstract requirements and substructure
descriptions as input, outputs a scene graph where the geometric con-
straints of the substructures are listed using DSLs. After the scene graph
is generated, we adapt a geometric optimization (Section 6) to ensure
the feasibility of the layout plan, which determines the geometric at-
tributes of each sub-nodes. Note that the scene graph provided by LLMs
is not always solvable. We propose an LLM-in-the-loop method to deal
with cases with contradictions, and help select the best contradiction
removal plan.

LLM agents. An LLM agent [53] is a framework that integrates the LLM
with specific customizations, such as memory storage, DSL tools, and
textual prompts. Since multiple agents will be employed to execute the
workflow, their configuration represents a critical aspect that demands
meticulous customization. In Fig. 4 there are multiple LLM agents that
we design for specific tasks. For each agent, the task form (blue text)
serves as its memory, the instructions (green text) are prompts that
define the task and the output format. Usually, we use several examples
to improve the quality of LLM outputs. The tools, defined by several
DSLs in the layout in the middle of Fig. 4, enhance the expressive
capacity of the text model. More detailed descriptions of the prompts
configured for each agent can be found in the supplementary material.

Preprocessor. This is a small step in converting user inputs into the
format of an IDS node, as illustrated at the top of Fig. 4. In particular,
the node’s size must be specified for subsequent procedures. If the user
does not specify the size of the root node, LLM will use a ‘default’ size
based on user input and general knowledge. For instance, a ‘default’
size generated for a teenager’s bedroom is 4 m x 5 m x 2.8 m.
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Preprocessor

User Input: Please Design a bedroom for a teenager.

Semantics Analyzer

Geometry Analyzer
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[Task Form]

-Name: Bedroom

-Description: bedroom for a teenager...
-Size: 4m width, 5m depth, 2.8m height...

LLM-in-the-Loop Optimization

......... FO—
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...(Task Information) : ...(Task Information) ...(Task Information)
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reflects his interests and personality. In the room, he rests, -size, location, orientation and their ) (Plan 2) Remove edge: “on_the_left”
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Fig. 4. We harness LLMs to develop the substructural layout for a node within IDS. For the primary node “bedroom”, the layout plan is produced through
three steps: Semantic Analysis, Geometric Analysis, and LLM-aided Optimization. (a) The Semantic Analyzer extends a list of requirements by examining and
hypothesizing about the character’s profile and narrative context, subsequently providing related substructure details by categorizing the requirements. (b) The
Geometry Analyzer constructs a scene graph using the substructure identities and the requirements list. (c) A layout optimization is employed to convert the graph
into a layout plan. If contradictions arise during optimization, we propose potential conflict resolution strategies and utilize LLMs to interpret their significance

and make decisions.
4. Semantics analyzer

Semantics analyzer consists of three agents: Requirement analyzer,
substructure analyzer and a substructure checker.

Requirements analyzer agent. We are broadening our input by introduc-
ing the requirement analysis instruction found in [9]. The requirement
agent is tasked with creating a requirement list by taking into account
at least the following factors, similar to those considered by humans as
depicted in Fig. 2:

1. Functional requirements. What structure should be contained in
the node to fulfill its functionality?

2. Aesthetic requirements. Is there any requirements for layout
style? For example, the scene could be cozy, simple.

3. Manufacturing requirements. What issues should be considered
to determine the geometric attributes and realize the scene? For
example, the height of building should be suitable for normal
height of human, the layout on a table should be adapted to the
user’s dominant hand.

The result is a list of clear and concise requirements, following the
theoretical instructions [9].

From the comprehensive input, an extensive requirement list should
be formulated. Subsequently, the agent is tasked with drafting a nar-
rative about the scene initially. As illustrated in Fig. 4, the agent is
expected to initially make logical and thorough assumptions concerning
the primary characters within the scene, followed by composing a nar-
rative that explains how the characters engage with the scene. The story
should also allude to the inherent functionality and interconnections
present. Since the input provided by users is often unprofessional or
incomplete, the requirement analysis in conceptual design necessarily

involves making reasonable and essential assumptions and inferences,
such as hypothesizing additional information about the characters in
the scene or the activities they might perform, in order to derive more
complete and actionable information about the substructures.

Substructure analyzer agent. Substructures can be inferred from the
requirement list, following the way of requirements grouping [9]. An-
other LLM agent is employed to analyze this issue. This agent leverages
the remarkable ability of LLMs to summarize and extract key infor-
mation from a long context. Importantly, the agent decides whether
to decompose the current node into finer sub-regions (e.g., “‘storage
area”) or into concrete objects (e.g., “wardrobe”, “shelf”), based on
the current scale and semantic context of the node. As demonstrated
in Fig. 5, we categorize the associated requirements into groups: (1) a
rest area for sleeping; (2) a space for studying, using a computer, and
nighttime reading; (3) a necessity for an exercise area equipped with a
treadmill... The configurations on the right in Fig. 5 illustrate the shapes
of the respective contexts. To reduce the mistakes made by this agent,
we introduce a substructure checker agent (Fig. 4) that evaluates the
semantic validity of the substructure list generated by the substructure
analyzer. Its primary function is to detect semantic redundancies. For
example, if both “workstation” and “workplace” appear, it is evident
that “workstation” should be considered part of “workplace”, and thus
eliminated. The checker operates by taking the substructure list and the
original requirement text as input, identifying overlapping meanings,
and returning the redundant substructure names as textual feedback to
the substructure analyzer, which then re-runs the substructure analyzer.
This correction process can be repeated iteratively; once the maxi-
mum iteration count is reached, the checker resolves any remaining
redundancy by retaining only one of the overlapping substructures and
discarding the others (suggested by the agent), yielding the final refined
substructure list.
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(1) Comfortable sleeping \!
(2) Focused study and computer work

(3) Late night reading

(4) Doing exercises everyday

(5) Bought a treadmill

#&fﬁ ’

Fig. 5. The substructure agent examines the requirements list (Blue triangles)
and categorizes related terms. Each cluster of requirements (Purple triangles)
is assigned a substructure. For instance, a resting area for a bed is necessary
for comfortable sleep. Similarly, a study area is essential for effective studying
and reading.

f (a2) g (b2)
x ' , (b1)
\ @3) %)
b (b4)
(a4

Fig. 6. Illustrations of operators under our DSL for the layout of
structures. (al) at_the_cormer, (a2) hang_on_upper_surface,
(a3) align_along_the_right_side, (a4) on_the_ground. (bl)
in_front_of, (b2) on_top_of, (b3) around, (b4) on_the_left_side.

5. Geometry analyzer

The second phase focuses on the identification of geometric at-
tributes in each substructure. Directly handling 3D mathematical cal-
culations is challenging for LLMs. Therefore, a general approach is to
develop a set of tools for geometric operations, which LLMs can call
upon. We detail these tools using a domain specific language we have
defined.

Design DSL for LLMs. We design a series of operators under a DSL
in scene layout problem for LLMs. Our core objective is to minimize
the dimensions of the problem, that is, to reduce the number of
parameters that need to be input. For example, placing a box in
the scene usually has three freedoms. We introduce operators like
“on_the_ground(x, y)”, “align_along_the_front_side
(x, height)” which reduce the freedom to 2 and make it easier for
LLMs. In addition to the operator that sets the size of a structure, our
operator can be categorized into two types: one that describes the rela-
tionship between substructures and parent structures and another that
describes the relationships between substructures. The two categories
of operators can be visualized in Fig. 6. Each DSL is equipped with a
tiny document which describes its usage for LLMs.

Workflow. Fig. 4 illustrates that the geometry analyzer is responsible
for determining DSLs associated with size, location, orientation, and
interconnections of substructures. We utilize three LLM agents—size
analyzer, connection analyzer, and layout analyzer, which operate in
a sequential manner. Initially, the DSL “set_size(width, depth,
height)” specifies the dimension of each box, where the depth di-
rection is defined as front to back. Once the size is established, it is
promptly recorded in memory, allowing the connection analyzer to
select the connection DSL tools that impose constraints among the
substructures. The layout analyzer then determines the relationship of
the substructure with its parent, including the orientation of boxes,
considering only axial directions. The resulting list of DSL tools creates
a scene graph, with layout constraints indicated on vertices and edges.
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6. LLM-in-the-loop layout optimization

Formulation. The output of the previous group of agents forms a set
of DSL tools. In order to translate the textual representation into
geometry, we adapt an optimization, maximizing the space usage while
ensuring that no overlapping occurs. We use N, to represent the i—th
node. The variable in the optimization is n vectors (w;,d;, h;, x;, y;, z;) €
RS where w;, d;, h; are the size of N, and (x;,y;, z;) denote the coordi-
nates of its center point. We fix the orientation of each structure in the
optimization. So it is sufficient to assume that w; is along the x axis, d;
is along the y axis, and 4; is along the z axis. The first objective is the
use of space in the parent structure can be represented by the dominant
area of all substructures projected to the ground.

area — IL/{I}/I_‘IJ,;’ (€8}

N; on the ground

where we denote the size of the parent structure as (W, D, H). For each
selected DSL f € Tp g, , we can define an objective E, that ensures that
the result of f is satisfied as much as possible. For example, the size
DSL “set_size(N;, w*,d*, h*)” can be written in the optimization as

wy—w\*  (di—di\  (h—h\?
s~ () < (557) + (557

the “on_the_left_side(N;, N;,d,;)” can be written as

X, —w, /2 —x; —w; /2 —d;; \ 2
J J ]> . (3)

EOnTheLeftSide,i,j = ( W
The objective definition for other DSL tools is in supplementary.
Constraints are derived to ensure nonoverlapping. On the one hand,

structure boxes should not exceed the parent boundary. For example,
in x direction we should make sure

[x;] < Width(N) — w;, /2. (©)]

On the other hand, structure boxes should not overlap with each other.
In x direction, there is

w; w;

x[—xj2j+7—M(l—aL), 5)
w; - w;

xj—x,-27+7—M(1—0'R), 6)

where M and binaries o;,0p are auxiliary variables identifying the
separation of N; and N; on the x direction. Here, we adopt the
standard big-M formulation, where M is a sufficiently large con-
stant that relaxes one inequality depending on the binary decision
variable, and o;,0p € {0,1} encode whether N; lies to the left or
right of N;. Other constraints are derived from DSL. For example,
“on_the_left_side(N,-,Nj,d,-j)” needs that the distance along x
direction should be sufficiently large:

wj w;
xj—x,-27+7. (7)
To this end, taking 4, as weights, the overall objective is
E=Eyea+ , ArEf ®
fedsI(N)

Challenge. The introduction of binary variables in the nonoverlapping
constraints and quadratic objectives makes the overall optimization an
MIQP problem [21]. Nonetheless, it encounters issues when conflicting
constraints are present, particularly when constraints are provided
unreliably by LLMs. For instance, consider two boxes N;, N;: if N; is
positioned to the left of N; and N; to the left of N;, a contradiction
arises. Consequently, some constraints must be altered or removed to
create a solvable system. Conventional algorithms can identify various
modification strategies, but ultimately leave the selection to users or
heuristic methods. Unfortunately, in many cases, users or heuristics fail
to choose the “optimal” modification strategy.
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-Many plans for modification
(Plan 1) Remove (a)
(Plan 2) Remove (b)

-Decision making:

-(Plan 1) More space, balance
-(Plan 2) Corner usage, simplicity
-Consider: the user of the room
prefer flexible and dynamic space
for activities

-Decision: (Plan 2)

" (b)on_the_right

Fig. 7. Contradictory constraints and candidate plans to resolve them. The
candidate plans are generated by ComputellS, each representing a specific
constraint modification (e.g., removing a constraint or adjusting a parameter).
The LLM acts as a decision-maker, evaluating the semantic implications of each
plan and selecting the most reasonable one based on design context..

LLM-in-the-loop approach. We introduce an LLM-in-the-loop method
to decide when conflicts emerge and to propose several modification
plans. Assume that {Plan(i)} is generated by certain detection algo-
rithms. In our approach, we adapt the ComputeIIS module from
Gurobi [54]. A plan evaluation agent is used to choose the optimal
Plan(i*). It is important to note that the LLM does not directly rea-
son about geometric or spatial relationships mathematically. Instead,
once ComputelIIS identifies conflicting constraints, the algorithm
generates multiple candidate plans, each corresponding to a different
way of relaxing the conflicts (e.g., removing a constraint, adjusting
a parameter, or eliminating a substructure). These plans are then
translated into natural language descriptions that convey their semantic
implications. For example, “Plan 1: remove the structure bookshelf”
versus “Plan 2: modify the size of the bookshelf”. The LLM evaluates
these semantic descriptions based on design context and common-sense
reasoning (e.g., “a bedroom without storage is inconvenient”), rather
than performing spatial computation. Once the LLM selects a plan, the
corresponding constraint modification is applied automatically, and the
optimization is re-executed. While it is challenging for us to provide a
quantitative evaluation of the plans’ quality, the LLM agent can convert
plans into semantic representations related to the scene’s design and
make decisions through reasoning. Refer to Fig. 7 for a small example.
Alg. 1 illustrates the LLM-in-the-loop optimization process. Note that
Alg. 1 is guaranteed to terminate, since the number of constraints is
finite and, within a fixed maximum number of iterations, we force the
agent to select a constraint-removal plan.
ALGORITHM 1: LLM-in-the-loop Optimization
while hasConflicts() do

{Plan(i)} = PlanDetection() // We use ComputelIS() in Gurobi

Plan(i*) = Agent,,qic({Plan(i)}).

Adapt Plan(i*)
end while
return Optimize()

A o

7. Experimental results

In this section, we assess the outcomes of scene layout conceptual
design via our approach. We perform ablation studies tailored to the
LLM-in-the-loop optimization within our framework. Furthermore, we
undertake a comparative analysis focusing on LLM model selection and
parameter adjustment, confirming the effectiveness of the latest LLM
innovations. Our approach is applied to diverse input types to evaluate
the generative capabilities in conceptual design.

7.1. Implementation details

The core of our multi-agent implementation is LLM. Here we adapt
GPT-40 [55] model as the core of our LLM agents. In calling the
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API, temperature is the parameter that influences LLM creativity [56],
which is recommended to be chosen between 0 and 2 [56]. We set
the temperature at 0.8 to strike a balance between creativity and
coherence. At each task of expanding a structure into substructures, it
usually takes about 60k tokens in total, where the token usage in each
agent is listed in Table 1. For more detailed settings in agent prompting,
please refer to the Supplementary material.

7.2. Qualitative results

Fig. 8 shows several results generated by our implementation. With
the implementation of conceptual design, we can generate various
types of scenes with flexible complexity by analyzing, expanding, and
implementing the design requirements.

Fig. 9 illustrates the diversity of our results within the same scene
category. Given a straightforward input: ‘create a bedroom with a stor-
age unit’ (the second row in Fig. 9), our approach infers the character’s
profile, and creates relevant substructures. Fig. 9 showcases indoor and
outdoor renderings of a garden, highlighting our method’s adaptability
to various scene types.

7.3. Evaluations

It is difficult to measure the result of conceptual design in a com-
putational way. However, in [9,10] several experiential metrics are
introduced. In this section, we aim to analyze our results based on
fidelity using various inputs, and contrast our findings with other scene
generation techniques.

Fidelity analysis. We test the fidelity of our method in detecting and
executing input requirements. We have generated 20 groups of inputs
in 5 categories. Each group of inputs contains one simple requirement,
one complex requirement with more semantic instructions, and one
complex requirement with geometric instructions, which has more
instructions in scale, amount of substructures, and layout than the
simple one, and contains a negative requirement, for example:

1. Simple input: A classroom with a podium and some desks.

2. Input with semantic instructions: A classroom for university stu-
dents’ laboratory course teaching.

3. Input with geometric instructions: A classroom. There is a 2-
meter-long podium in the front area of the classroom. There is
a trash can next to the podium. There are 8 desks in the center
area of the classroom. This classroom has no back door.

We compare the results of three inputs in their rate of correctness under
each additional requirement. This “rate of correctness” is quantitatively
measured as the ratio of the number of outputs that meet the input
requirements to the total number of outputs. We asked three users
to assess the 20 groups of results (60 outputs in total) against the
additional instructions provided in the inputs. Using the classroom
example above, participants judged whether each output satisfied the
following aspects:

* Quantity: whether the number of desks matched the requirement
of 8 desks;

» Size: whether the podium conformed to the requirement of being
2 meters long;

+ Position: whether the podium was correctly located in the front
area of the classroom;

» Negative requirement: whether the classroom correctly had no
back door;

+ Semantic requirement: whether the classroom matched the usage
context for university students’ laboratory course teaching.
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Dining Room

Music Studio

Reception Room Study Room Living Room

Playroom

Fig. 8. Indoor scene layout design using our approach. Through conceptual design, scene generation is not constrained by specific complexities or types. For
each scene type illustrated in the figure, a concise textual description serves as the input for our method.

Bedroom Living Room

Garden

(@) (b)

Fig. 9. Diversity of our method within the same scene category. Our conceptual-design-based framework is not limited to generating indoor scene layouts. For
instance, given the description “a small, well-organized terrace garden designed to offer a serene space for relaxation and enjoyment”, both indoor (a, b) and

outdoor (c) gardens can be generated.
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Table 1
Token usage in our LLM multi-agent workflow. The substructure analyzer and substructure checker agent performs multiple times in one workflow.
Agents Requirement Substructure Substructure Size Connection Layout Optimization
analyzer analyzer check analyzer analyzer analyzer
Input 3921 8857/9731/9730 1131/1131/1131 3263 5582 6166 5672
Output 342 1034/1033/1025 547/553/383 425 535 822 347
LayoutGPT ATISS DiffuScene HOLODECK FlairGPT Ours

Livingroom

Bedroom

.
"

~od
Mty

b

Fig. 10. Comparison with similar indoor layout generation studies. Our results yield valid layouts ensured through optimization and provide more intricate
details by progressively designing the scene’s substructures. Additionally, our approach effectively prevents objects from exceeding the boundaries.

Table 2

Comparison of rates of correctness among simple input, complex input with
semantic instructions, complex input with geometric instructions, under dif-
ferent types of additional requirements. The results highlight the ability of the
model to meet the needs of complex text input (Compared with the control

group).

Metric Simple input Semantic Geometric
Quantity 5.0% 10.0% 90.0%
Size 0.0% 0% 81.7%
Pos 48.3% 61.7% 85.0%
Negative 35.0% 45.0% 90.0%
Semantic 30.0% 83.3% 31.7%
Rank (1) 1.9 1.85 2.25

The simple input, which did not provide any of these instructions,
served as a control group to verify whether our model would strictly
follow user-provided requirements. In addition, participants were asked
to provide an overall quality ranking of the three inputs (considering
layout and content coherence). To further reduce bias among the
options, we also inserted several distractor outputs in which objects
were randomly removed or their attributes and layouts were modified.
Table 2 shows the comparison.

Compared to the control group which showed significantly weaker
adherence to additional semantic and geometric requirements, we ob-
served that adding textual instructions effectively controlled the out-
puts from semantic features to geometric attributes. This indicates
that more deterministic instructions reduce the assumptions made by
the agents. On the other hand, the overall quality ranking revealed
that the three input types were rated similarly in terms of scene
plausibility. With stricter constraints on number, size, and position,
the overall quality slightly decreased, which may be due to certain
requirements introducing potential inconsistencies, making the results
less harmonious.

In practical applications, users may choose either to provide com-
plex inputs for highly customized results, or to use simpler and more
ambiguous prompts to generate multiple candidate outputs at once,
among which different assumptions are explored by the model and one
can be selected as the most satisfactory design.

Comparisons. We compare the performance in the indoor dataset by
analyzing the results under the same input with previous layout gen-
eration works [17,28,36,37,41]. Fig. 10 shows the result of the com-
parison. To evaluate the results quantitatively (Table 3), we use (1)
GPT-40 [57], (2) CLIP model [58] and (3) User study of 3 human
participants to evaluate the results of all candidates according to how
much the scene layout agree with the textual input. We test 50 results
across 3 types of input: bedroom, living room, dining room, since the
available scene type of [36,37] are limited (Textual inputs are in the
supplementary, note that the work ATISS [37] and LayoutGPT [36]
does not support detailed textual input, we only use types as input in
the two methods). Specifically, we let GPT-40 give a score of 0-10 to
the top-down view of the scene in terms of aesthetics, layout rationality,
and detail richness, and calculate the average. Then we input the top-
down view of the scene and the text “a top-down view of [scene type]”
into the clip model to calculate the average clip score. For human
participants, we let them score the results from the common perspective
views. The results in Table 3 indicate that our method achieves a
clear advantage in terms of detail richness, owing to the IDS’ recursive
nature: at each iteration, it adds sufficient semantic details, in contrast
to the fixed generation pipelines used in previous methods.

7.4. Ablation study

Substructure checker agent. We designed an experiment to assess the
necessity of the substructure checker agent. We examined the outputs
of the substructure analyzer agent on 50 input examples, using an LLM
agent to identify the presence of inclusion substructures and recorded
the inclusion rate. Table 4 presents a comparison of results without
the checker, with one round of checking and correction, and with two
rounds.

LLM-in-the-loop optimization. We apply a layout optimization method
based on MIQP to achieve a valid layout solution. Fig. 11 illustrates
the results with and without this optimization. Using MIQP, we attain
nonoverlapping layouts (Fig. 11, middle and right). Nonetheless, poor
problem settings might lead to a lack of solutions. As shown in Fig.
11(a), when the total size surpasses the box’s capacity during the
decomposition of a substructure within a moving box, even though
individual substructure sizes can be adjusted slightly. In the case of
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Comparison of the CLIP score, GPT-40 and human evaluation between related scene synthesis works. The results indicate that the
scenes generated by our approach achieve the highest CLIP scores, demonstrating the strongest alignment with the input room
types. Furthermore, our scenes rank first or second in aesthetics, layout rationality, and detail richness, which highlights their

overall quality and alignment with user expectations.

Evaluation metrics (1) LayoutGPT ATISS HOLODECK DiffuScene FlairGPT Ours
CLIP score 28.8 28.4 29.9 29 29.9 30.3
Aesthetics (by GPT-40) 7.0 6.4 7.0 6.9 7.1 7.3
Layout rationality (by GPT-40) 7.9 6.6 7.1 7.2 7.5 7.7
Richness of details (by GPT-40) 4.6 4.3 5.3 4.8 4.8 5.4
Aesthetics (by human) 6.4 6.0 7.2 6.9 7.5 7.7
Layout rationality (by human) 5.4 5.4 7.5 5.8 7.8 7.8
Richness of details (by human) 4.6 5.0 7.5 6.0 7.5 8.2
w/o optimization Conflict Detection w/o LLM LLM analysis

Structure ‘Toy’ has the most
intersection volume ratio (Fail to
optimize!):

Plan 1: Remove structure ‘Toy’

Plan 2: Modify the orientation of ‘Toy’
Plan 3: Modify the size of ‘Toy’

Plan 4: Modify other DSL settings...

Default: Delete ‘Toy’ (Plan 1)

Structure ‘Storage Area’ has
conflict constraint:

(1)  Onthe right of ‘Rest Area’
(2)  Align along the left side
Plan 1: Remove ‘Storage Area’
Plan 2: Delete Constraint DSL(1)
Plan 3: Delete Constraint DSL(2)

Default: Delete ‘Storage Area’

Plan 1: Reduce the box's
intended purpose or the
user's experience.

Plan 2: A potentially more
flexible solution. Better
space efficiency.

Decision: Plan 2

Plan 1: Frees up space but
affect the functionality, p I
Plan 2: Doesn't create a
conflict with the bed, more
flexibility. |
Plan 3: More balanced use | g |
considering other walls.

Decision: Plan 2(functionality)

(b) Input: medium-sized bedroom intended for a young adult.

Fig. 11. Two cases where the contradiction conflict analyzer is effective: (a) a moving box filled with bedroom items that exceeds the capacity limit. The LLM
choose to adjust the orientation of the ‘toy model’ (right) to try to maximize the usage, instead of remove it (middle); (b) is a bedroom where previous LLM
agents require that the ‘Storage Area’ with shelf should align along the left side of the room as well as be placed to the right of the ‘Rest Area’ with a bed. LLM
detects the mistake in previous agents and remove the ridiculous one (c), instead of simply remove one structure (middle).

Table 4

Comparison of rates of inclusion between w. and w/o. substructure checker
agent. The inclusion is detected by another LLM agent among 50 inputs. If the
output has logical inclusions like containing both “reading desk” and “reading
area”, then it is labeled as a case with inclusion. Then we calculate the rate
of such cases.

w/o. one-round two-round

58.0% 22.0% 8.0%

Rate of Inclusion

the heuristic approach, the ‘toy’ structure is directly removed (Fig.
11(a), middle). The contradiction analyzer agent identifies the need for
spatial efficiency with the moving box, prompting the LLM to modify
its orientation. The optimization then achieves better solution.

In Fig. 11(b), two constraints of the storage area conflict with each
other: “align_along_the_left_side” and “on_the_right_
of (’Rest Area’)”. This occurs when the LLM occasionally con-
founds the orientation between the parent structure ‘Bedroom’ and the
target structure ‘Rest Area’. In the room, the right side of the bed aligns
with the left wall, which is contrary to “on_the_right_of (’Rest
Area’)” in the parent structure’s coordinates. Using the heuristic
approach, we eliminate the shelf structure. However, the Contradiction
Analyzer appreciates the presence of the shelf and the “align_along
_the_left_side” for functionality. Consequently, it discards
“on_the_right”, leading to a more logical outcome.

8. Conclusion

In this paper, we develop an LLM multi-agent workflow to im-
plement conceptual design for scene layout generation. Based on the

theoretical and experiential guidelines, our implementation leverages
the power of LLMs in handling the highly reason-driven process, by
proposing a novel hierarchical representation IDS, and a theoretically
consistent agent workflow. We demonstrate acceptable results under
various kinds of inputs, while testing the potential applications and
properties of this approach. Owing to the inherent randomness of LLMs,
failure cases may arise where LLMs are unable to decompose the scene
design into logical structures or provide contradictory guidance during
optimization. To this end, we propose two LLM agents for validation
and decision making in the workflow, which can reduce failure cases
and make reasonable decisions. We believe that the performance of our
multi-agent framework will be significantly enhanced with the growth
of LLMs.

In the future, we can explore further applications of this concep-
tual design implementation in various design domains and refine the
pipeline. The improvement can also be investigated in two aspects:
Firstly, one can improve the efficiency of the multi-agent workflow. It
is interesting to discuss how to minimize the use of LLM tokens to reach
similar reasoning quality. Additionally, incorporating more geometric
and quantitative guidelines, along with more robust and expressive
DSLs, into the conceptual design can alleviate the burden of causal
inference for LLMs while enhancing the robustness and reliability of the
results. At present, our method mainly treats box-shaped substructure
partitioning; for non-rectangular regions, future work can extend the
framework by introducing forbidden sub-areas or similar mechanisms
to achieve the desired effect.

The empirical findings from our study substantiate that the multi-
agent framework represents a viable approach for conceptual design
of scene layout, as well as numerous reasoning-intensive challenges in
practical applications.
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