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Figure 1. (Left) shows 3D scenes generated by INTERIORAGENT with prompts “a dining room” (top) and “a beauty parlour” (bottom).
(Middle) shows scenes where INTERIORAGENT deploys new tools, namely, an ASCII generator with the prompt “forest made to look like
INTERIORAGENT 3DV 2026 VANCOUVER” (top) and human model placement with the prompt “a living room scene where friends have
gathered to watch TV” (bottom). (Right) shows an editing application with the prompt “add a larger window and additional decor items”.

Abstract

Creating interior layout designs has numerous applica-
tions, including virtual reality, architectural visualization
and real estate planning. Generating realistic and func-
tional indoor scenes requires a nuanced understanding of
spatial configurations and human-centered design princi-
ples. We propose INTERIORAGENT , an LLM-agent-driven
framework for text-to-3D indoor scene generation that pro-
duces scenes with visual quality and functional utility that
significantly surpass prior works. We achieve this through
several key advantages of INTERIORAGENT : (1) encoding
of interior design principles with a novel scene description
language, (2) aesthetics and functionality through synthesis
tools that satisfy design principles, (3) realism and prompt

adherence with optimization tools that ensure ergonomics
and iterative constraint satisfaction, (4) extensibility with a
framework that allows incorporating even mature, complex
tools like diffusion models, LLMs and 3D generation reposi-
tories. We evaluate INTERIORAGENT through a user study,
where participants strongly favor its generated scenes over
prior state-of-the-art methods. Additionally, we demonstrate
novel applications uniquely enabled by INTERIORAGENT ,
including language-based scene editing and seamless tool
integration for new tasks. Code and data will be publicly
released.

1. Introduction
Creating realistic and visually appealing 3D indoor envi-
ronments has long been a goal in computer vision. Today,



Figure 2.Toy example illustrating design-aware placement and
optimization. (Top) Comparison of asset placement across meth-
ods for a dining setup. Holodeck [41] and SceneCraft [12] rely
on coarse proximity constraints and struggle to arrange chairs con-
sistently around the table, whereasINTERIORAGENT leverages
interior design–aware synthesis tools to produce a coherent and
ergonomic layout.(Bottom) Given an initial scene with overlap-
ping furniture, SceneCraft's VLM-based optimization fails to fully
resolve collisions. In contrast,INTERIORAGENT employs precise,
design-informed gradient-based optimization to produce a collision-
free and functionally valid arrangement.

design tools such as Planner5D, TargetHomePlanner, and
RoomSketcher [24, 27, 35] are widely used, including by
retailers like IKEA [10]. While prior approaches have lever-
aged LLMs to integrate natural language inputs into these
tools for 3D scene generation, they still fall short in terms of
visual quality and functional utility. We argue that an effec-
tive system is one that is systematically grounded in interior
design principles, ensuring superior scene quality in both aes-
thetics and functionality. Such a system not only enhances
realism but also makes interior design tasks more accessi-
ble, even for users without specialized expertise. Inspired
by established work in interior design [21, 42], we present
INTERIORAGENT , a framework for generating structured,
visually compelling 3D indoor scenes from natural language
prompts. INTERIORAGENT comprises three key compo-
nents: (1) a program synthesizer that translates prompts into
Python-likesceneprograms while integrating specialized
tools; (2) an Interior Design–aware Scene Description Lan-
guage (IDSDL) for authoring these programs; and (3) a suite
of design-informed tools that drive both synthesis and opti-
mization, improving ergonomics, realism, and aesthetics.

Scenes generated byINTERIORAGENT are both aesthet-
ically pleasing and functionally sound (Figure 1). Prior
LLM-based methods, including Holodeck [41], I-Design,
SceneCraft [12], and LayoutVLM [32], struggle to synthe-
size and optimize interior design layouts. Consider the toy
example in Figure 2 of placing six chairs around a rectan-
gular table (top): Holodeck and SceneCraft rely on simple
proximity rules, limiting their ability to capture interior de-
sign–oriented inter-object relations.

We empirically evaluate the scene generation quality

of INTERIORAGENT through a perceptual study, demon-
strating its superiority over existing text-to-3D baselines,
Holodeck [41], I-Design [2], LayoutVLM [32], and qualita-
tively against SceneCraft [12] across a range of user prompts.
Our analysis shows thatINTERIORAGENT produces scenes
that adhere more closely to physical realism compared to a
state-of-the-art data-driven method, DiffuScene [34]. Fur-
ther, we highlightINTERIORAGENT 's versatility by inte-
grating tools like Stable Diffusion and full 3D generation
repositories like SceneMotifCoder [33] to enhance visual
appeal and capability for interactive dialogue-driven iterative
scene re�nement.

2. Related Works

Classical Methods Early systems like WALKEDIT [1]
utilize constraints based on object associations to ascertain
layouts. Several methods have leaned on principles of inte-
rior design to optimize scene layouts [3, 21, 42]. The INTE-
RIORAGENT SDL incorporates such design principles, but
allows intuitive language-based design, while avoiding the
hand-crafted constraints and stochastic optimization pitfalls
such as local minima faced by classical works [5].

Learning-Based Methods Recent works have used Gaus-
sian mixtures [7, 19], autoregressive transformers [13, 17,
22], recursive autoencoder [14], and graph convolution net-
works [36, 43] to learn indoor scene layouts, as well as
diffusion models [34, 38, 40] for indoor scene synthesis.
But data-driven methods face hurdles due to the scarcity of
high-quality 3D scene datasets with diverse layouts and an-
notations. Importantly, once trained, they are not extensible
to new assets or design features without expensive retraining.

LLMs for indoor scene synthesis LayoutGPT [6] gen-
erates layouts as CSS-style descriptions but struggles with
overlaps and poor arrangements due to direct pose regres-
sion. Holodeck [41] and I-Design [2] improve on this by
prompting GPT-4 to de�ne spatial constraints, resolved with
an external optimizer. However, their JSON-like represen-
tations limit relations to simple proximity. FlairGPT [16]
further incorporates interior design heuristics by prompting
an LLM to reason about functional zones, anchor objects,
and stylistic intent, followed by translation into executable
programs. While effective at capturing high-level design
structure, FlairGPT adopts a language-centric planning and
translation pipeline, in contrast to approaches that synthe-
size executable scene programs directly and provide more
explicit control over geometry, ergonomics, and extensibility.
SceneCraft [12] and LayoutVLM [32] instead rely directly
on Vision-Language Models (VLMs), either for iterative op-
timization or to ascribe proximity-based constraints. Both
approaches lack the depth of interior design reasoning and



suffer from imprecise VLM-based 3D understanding. In
contrast,INTERIORAGENT introduces a dedicated scene
description language with design-informed synthesis and
optimization tools, achieving structured, ergonomic, and
high-quality layouts. While SceneCraft emphasizes tool
learning,INTERIORAGENT focuses on effective tool usage,
making their contributions complementary.

Program Synthesis with LLMs INTERIORAGENT lever-
ages tools usage in a program synthesis framework for 3D
scene generation. Several LLM-based code generators such
as Codex [28], GPT-4 [25], and AlphaCode [15] are used
as coding assistants in software development. Tool usage
to deploy models and APIs such as HuggingGPT [30] and
plug-and-play frameworks such as Chameleon [18] have en-
hanced LLM adaptability to visual reasoning. Works like
Toolformer [29] and Gorilla [23] have explored �ne-tuning
to improve tool usage for LLMs. VisProg [9] leverages a
vision-based API to prompt LLMs to tackle compositional
visual tasks, which has been adapted to other domains, such
as autonomous driving [39] and robotics [31].

Self-Correcting LLMs Several approaches improve LLM
code accuracy: Self-Re�ne [20] iteratively re�nes outputs,
[11] debugs with print statements, and “rubber duck debug-
ging” [4] detects errors from execution results. Inspired by
these,INTERIORAGENT employs a self-correcting mecha-
nism that prompts an LLM to �x syntax errors, API misuse,
and scene violations using feedback from execution trace-
backs and scene constraints.

3. Interior Design aware Scene Generation

INTERIORAGENT generates 3D scenes from natural lan-
guage by synthesizing Python programs in a custom Inte-
rior Design–aware Scene Description Language (IDSDL).
IDSDL embeds design principles and integrates with AI
tools and expert modules via a structured I/O framework.
Unlike typical LLM-based 3D generation that relies on func-
tion calls or tool use,INTERIORAGENT emphasizes design
�delity and extensibility through a robust tools and API stack.
As shown in Figure 3, given a prompt,PROGRAMSYNTHE-
SIZERgenerates a scene program, evaluates embedded VLM-
based constraints, and iteratively re�nes the program until
all constraints are satis�ed.

3.1. Scene Description Language

A procedural language for indoor layout generation must
support core functions such as registering objects, position-
ing them within scene, and optimizing constraints to enhance
functionality and realism. IDSDL excels in all three areas,
achieving higher scene �delity than state-of-the-art meth-
ods by strongly integrating interior design principles with

a structured framework that accommodates advanced tools,
including LLMs, diffusion models, and 3D generation repos-
itories. We now discuss each of these functions in detail.

Object Registration. IDSDL offers a uni�ed API for ob-
ject retrieval from natural language descriptions, returning
appropriately scaled instances suited to indoor settings. Un-
like prior work, it supports diverse sourcing methods, includ-
ing retrieval from multiple 3D asset datasets (e.g., 3DFront,
HSSD, Objaverse), generation via text-to-3D models (e.g.,
Hunyuan3D), and domain-speci�c tools such as Stable Dif-
fusion (for paintings) and SceneMotifCoder (for stacked
objects). Figure 3 lists all retrievers currently implemented
in IDSDL with more details in supplementary.

Each retrieval tool integrates cleanly by implementing a
Python class (Figure 15), which must: (1) de�ne a name,
usage description (e.g., 3DFront provides high-quality fur-
niture, Objaverse offers greater diversity), and examples;
and (2) implement call () to return an object path and
estimated width from a prompt. Beyond retrieving object
primitives, IDSDL provides rich functions for registered ob-
jects such as local coordinate frame, ray intersections, etc
(Figure 4), supporting layout generation and optimization.

Object Placement. Objects are typically placed by �rst
assigning approximate positions via a planner (e.g., a VLM)
to form an initial layout, then re�ning through constraint
optimization to satisfy spatial and functional requirements.
While the toy example in Figure 2 already shows improved
placement and optimization over prior work, a more power-
ful capability stems fromfunctional groups, borrowed from
interior design, which cluster related objects to support spe-
ci�c activities (e.g., seating areas or workspaces).

For instance, the prompt“Place two tables, each with
two chairs, next to each other”requires both chair–table
and table–table constraints (Figure 5). LayoutVLM [32],
which enforces all constraints simultaneously (left), intro-
duces trade-offs between relations. For illustration, we adapt
LayoutVLM into a hierarchical variant that �rst arranges
chairs around each table, then places the two table–chair
groups side by side (middle), yielding a more coherent lay-
out and evidencing the value of group-level optimization.
IDSDL is designed around this principle: by registering,
placing, and optimizing within groups, it enables hierarchi-
cal reasoning that produces layouts faithful to functional
intent (right) while avoiding trade-offs inherent in global
placement.

While prior methods have acknowledged functional
groups or “zones,” they have largely treated them as chain-
of-thought prompts to guide layouts. They neither capture
the diversity of group types nor optimize them in isolation,
thereby missing the advantages of hierarchical reasoning. In
contrast, IDSDL introduces a rich set of group APIs inspired



Figure 3.I NTERIOR AGENT pipeline. From a (1) natural language prompt, (2)PROGRAMSYNTHESIZER generates an executable scene
program in IDSDL (3). The scene is constructed through functional groups: (4) aRelativeGroup de�nes a seating area anchored on the
sofa, enabling (5) placement of lounge chairs, a coffee table, and related assets. Objects are optimized at the group level (6), yielding layouts
that are physically plausible and functionally coherent. (7) ARoomGroup manages walls, windows, and other wall assets, while also
positioning functional groups at candidate locations (8). Room-level constraints (9) enforce non-overlap, adherence to room dimensions, and
functional requirements such as maintaining TV visibility from the seating area—for example, the unicorn is shifted to preserve sightlines
(red box). Execution of the program produces both the scene and (10) VLM feedback, which is passed back toPROGRAMSYNTHESIZER for
re�nement. Program edits (11), such as relocating the wall clock to resolve its overlap with the door (red box), yield the �nal optimized
scene (12). TheINTERIORAGENT framework is enriched by a broad set of IDSDL tools, including asset retrievers, interior design–inspired
placement and optimization routines, as well as AI-enabled modules such as LLMs, diffusion models, and 3D generation repositories.

Figure 4. Functionalities available to both IDSDL objects and
groups for versatile scene generation.

Figure 5. Toy Example (Functional Groups). Illustration of
hierarchical object placement via functional groups.(Left) Directly
placing four chairs around two tables is challenging for VLM-based
methods such as LayoutVLM [32], which struggle to satisfy all
table–chair relations simultaneously.(Middle) Decomposing the
task hierarchically—�rst arranging chairs relative to each table,
then placing the table–chair groups—improves results, highlighting
the value of group-level reasoning.(Right) INTERIORAGENT

natively supports functional groups through its scene description
language, enabling hierarchical placement that yields coherent and
functionally consistent layouts.



Figure 6.Object placement.Groups provide an intuitive mechanism for arranging assets based on interior design patterns. Boxes indicate
candidate positions within a group, while arrows mark object orientations. Distances and orientations are �xed to support ergonomic factors
such as accessibility, visibility, conversation, and circulation. For each group, example scenes generated with IDSDL (left) better align with
the prompt (see supplementary for corresponding scene programs), whereas LayoutVLM (right) struggles due to limited placement capacity.
This underscores the value of interior design–aware placement in improving both visual quality and functional utility.

Figure 7. Visualization of constraints available in IDSDL.

by interior design patterns (Figure 6).RelativeGroup()
arranges objects relative to ananchor object—a focal ele-
ment that sets the tone for the group—across 17 prede�ned
positions based on anchor's local coordinate frame: eight
adjacent (three per side, plus front and back), eight at greater
distances, and one on top. Orientations are �xed to promote
ergonomic layouts, such as conversational seating, while
object-object distances, especially for adjacent placements,
are chosen to ensure functional access.AroundGroup()
places objects around an anchor in rectilinear, circular, or
arc con�gurations, whileGridGroup() supports repeti-
tive patterns in rows, grids, or arcs. At the highest level,
RoomGroup() organizes all groups and manages global
elements such as windows, doors, and wall-mounted objects.

Each group is implemented as a Python class (Figure 16)
that speci�es: (1) a group name; (2) a placement routine,
decorated with@placemethod , which includes a descrip-
tion, example usage, and pose-computation logic; and (3) an
optionalcompile() method for �ne-grained control over
placement and optimization order. Groups can then be in-
voked directly byINTERIORAGENT using their descriptions
and examples.

Scene Optimization. Our framework supports joint use
of gradient-based optimization—effective for continuous
constraints such as overlap minimization—and VLM-based
optimization—suited to qualitative constraints like aesthet-
ics—yielding superior visual appeal and functionality. See
Figure 7 for visualization of various constraints. Gradient-
based constraintsOverlap() andOutOfBound() pre-
vent object–object intersections and placement outside the
room bounds.Clearance() reserves necessary space for

accessibility (e.g., beside beds, in front of cabinets), while
Access() ensures key items such as coffee tables remain
within reach from seating.Visible() maintains clear
sightlines, for example between a TV and seating.

Each constraint provides apseudo-gradientfor its ob-
jects, guiding updates that minimize violations. IDSDL
accumulates these gradients and optimizes at the end of
placement. To balance constraint satisfaction with minimal
displacement, updates are applied selectively, sampled from
a distribution that considers object size and surrounding free
space, thus preserving group structure.

Consider a groupG, with @odenoting the total gradient
from all constraints on each objecto 2 G. Let FreeSpace:
G � D ! R measure the available space aroundo along
directionsD = [ x̂+ ; x̂� ; ẑ+ ; ẑ� ], de�ned as the distance
to the nearest object or wall. At optimization steps, the
unnormalized action density� s

jGj� 4 = [ � s
i ] is

� s
i;j = max

�
j � @osi

( os

i )
� FreeSpace(os

i ; j ); 0
�

(1)

favoring objects with smaller footprint
( os
i ) and directions

j aligned with@osi that have greater free space, thereby
reducing collision risk. A small subset of updatesUs =
f (i; j ) j (i; j ) � SoftMax(� s)g with jUs j � jGj is then
sampled, and each selected objectoi moves alongj :

os+1
i;j  os

i;j + � � @osi;j ; (2)

where� is the learning rate. The process runs forS steps per
group, yielding one optimization pass per execution.

VLM-based constraints use group renderings and nu-
merical context to suggest edits to the scene program.
ObjectProportion() enforces realistic relative ob-
ject sizes within a group;RoomProportion() en-
sures room dimensions accommodate placed furniture;
Conversation() orients seating to support interaction;
andBalance() promotes even spatial distribution of ob-
jects.

When executed, IDSDL consolidatesVLM feedbackand
passes it toPROGRAMSYNTHESIZER to re�ne the scene



Figure 8.PROGRAMSYNTHESIZER takes an input prompt (or an
optional edit prompt) and generates a valid scene program that,
when executed, produces a 3D scene. This is done by prompt-
ing Programmer with the input descriptions and relevant in-
context examples provided by theRetriever for reference. The
Programmer outputs an initial� scene program, which may
contain syntax errors; these are resolved byDebugger , result-
ing in an executable scene program.Debugger performs this
re�nement through an iterative loop betweenCodeRefine and
TraceRefine , optimizing based on the scene program and any
traceback information from its execution.

program. At iterationt, the program� t and feedback@� t

yield an updated program:

� t +1  PROGRAMSYNTHESIZER (xj� t ; @� t ) (3)

wherex is the input prompt. Constraints are implemented
as Python classes (Figure 17) specifying metadata (name,
usage, examples, type, and optional VLM prompt) and
acompute gradients() method for pseudo-gradients
computation and generating response from VLM.

3.2. Program Synthesizer

Given an input prompt and optional edit instructions,
Programmer produces an initial� scene program, which
may contain syntax errors. To improve accuracy, the
Retriever provides relevant in-context examples that
serve as references forProgrammer . Any remaining
errors in � are resolved by theDebugger , yielding
the re�ned scene program (Figure 8). All LLM-based
modules (Programmer , Retriever , CodeRefine ,
TraceRefine ) use the same backbone VLM (GPT-4o),
differing only in system prompts.

Programming. TheProgrammer is an LLM prompted
to write scene programs. It is provided with IDSDL doc-
umentation along with up toK in-context examples� re-
lated to the input query. Additionally,Programmer can be
used in “edit” mode by providing a previous scene program
� t and@� t , containing edit instructions, as an additional
prompt. Given a prompt composed from these inputs, the
Programmer VLM outputs a scene program� t +1

�

� t +1
� = Programmer (x; � j� t ; @� t ) (4)

We refer to this scene program as a� scene program due to its
tendency to have syntax errors. This program is subsequently
debugged by theDebugger . A program based scene rep-
resentation provides �ne-grained control over object place-
ment and relationships, enables iterative scene re�nement
through program modi�cations, and extends functionality
via modern programming constructs and external libraries.
In contrast, prior methods [2, 6, 8, 41] rely on less expressive
scene representations like JSON and lists. Moreover, our
ability to apply language-domain edits to a scene program
enables language-based scene editing capabilities as shown
in Section 4.

In-Context Examples. We curate a dataset ofN instruc-
tive scene programs, each demonstrating how to use the
IDSDL for a variety of scene layouts (a few examples are
shown in supplementary). Each example comprises a brief
layout description in plain English,� l ; 0 � l � N , and
the corresponding scene program� l . For each example, a
1D vector encodingel = E(� l ) is generated using a text
embedding modelE. Similar embedding is computed for
a user's inpute = E(x). We then calculate the cosine sim-
ilarities betweene and each embeddingel in the database,
yielding the similarity setC(� ) = f e� e1; e� e2; � � � ; e� eN g.
The set of relevant in-context examples� = f sk g; k 2
arg topK (C) is thus passed to theProgrammer which sig-
ni�cantly enhanced the correctness of generated scene pro-
grams. In-context examples enhance VLM-driven scene gen-
eration by incorporating expert knowledge through Retrieval-
Augmented Generation (RAG), unlike previous VLM-based
3D scene generation methods that rely solely on the VLM,
often producing weaker results.

Debugging. The initial scene program,� t +1
� , is reviewed

by theCodeRefine tool, a VLM prompted to catch syntax
errors and basic issues, producing an error-free version. Any
remaining errors are identi�ed by executing the program
and capturing tracebacks, which are then re�ned by the
TraceRefine tool, another VLM prompted to addresses
errors indicated in the traceback. Through a few iterations,
this process yields a functional scene program,� t +1 :

� t +1 = Debugger (� t +1
� ) (5)

Using CodeRefine upfront for syntax �xes speeds up
debugging, reducing execution cycles. We noteDebugger
is crucial forINTERIORAGENT to write accurate code given
its complex tool-based IDSDL. Notably, prior program-
synthesis-based 3D generation methods, such as [12], lack
this functionality.

4. Experiments

We evaluateINTERIORAGENT by generating scenes from
various inputs and comparing them to four state-of-the-art



Q1 Q2 Q3 Q4 Q5 Q6
Nearest E.g. 41% 42% 43% 65% 77% 76%
I-Design 65% 70% 79% 72% 71% 70%
Holodeck 71% 69% 70% 70% 67% 67%
LayoutVLM 70% 75% 73% 69% 63% 63%

Table 1. User preference forINTERIORAGENT -generated scenes
over Nearest Example, I-Design, Holodeck, and LayoutVLM across
Q1–Q6 (prompt adherence," ).

methods: Holodeck [41], I-Design [2], SceneCraft [12], and
LayoutVLM [32]. For Holodeck, I-Design, and LayoutVLM,
we use publicly available code and conduct a perceptual
study. Since SceneCraft's code was unavailable at submis-
sion, we re-implemented it based on the original paper and
report only qualitative results, incorporating its spatial skill
library without retraining. Ablations are evaluated both qual-
itatively and quantitatively. Implementation details and addi-
tional experiments are provided in the supplementary.

Evaluation Dataset. We construct theMIT Scenesdataset
to evaluate different models, derived from [26]. It covers 53
diverse indoor categories, each with three detailed prompts,
for a total of 159 prompts.

4.1. Perceptual Study

We conduct a perceptual study comparingINTERIORAGENT

with Holodeck, I-Design, and LayoutVLM, involving 50
undergraduate and graduate participants. Each completed a
two-alternative forced-choice test across 50 top-down images
and360� videos of generated scenes. Participants answered:
Q1: “In which scene are the room and objects sized more ap-
propriately?”,Q2: “In which scene are the objects arranged
more naturally?”,Q3: “Overall, which scene is more aes-
thetically pleasing?”,Q4: “Overall, which scene is better?”,
Q5: “In which scene are the objects arranged more in accor-
dance with the caption/prompt?”, andQ6: “In which scene
are the object–object relations more in accordance with the
caption?”. Participants also provided absolute ratings (Ta-
ble 2). Quantitative results are summarized in Table 1, and
qualitative comparisons across scene categories are shown in
Figure 9. Users strongly preferredINTERIORAGENT , con-
sistently rating its scenes as more aesthetically pleasing and
overall superior to those from Holodeck, I-Design, and Lay-
outVLM. For Q1–Q3, nearest-neighbor scenes were often
favored due to being human-curated; however,INTERIORA-
GENT still outperformed all other baselines. For Q5–Q6 and
absolute ratings (Table 2), INTERIORAGENT was judged to
adhere more closely to input prompts and, on Q4, to be the
best overall.

4.2. Ablations

Figure 10 shows that all components ofINTERIORAGENT

are critical to achieving superior results. We quantitatively

Nearest E.g. I-Design Holodeck LayoutVLM InteriorAgent
1.7 2.2 2.4 2.5 3.4

Table 2. Adherence of generated scenes to input prompts on a
5-point scale for different methods (" ).

Categories OB OO Vis. Cler. Acc. Conv.
w/o opt. 9% 22% 10% 27% 9% 7%
w/ opt. 1% 2% 2% 8% 0% 0%

Table 3. Impact of optimization on constraint satisfaction.

evaluate the impact of gradient- and VLM-based optimiza-
tion by generating MIT Scenes prompts with and without
optimization, measuring constraint violations for out-of-
bounds (OB), object overlaps (OO), visibility (Vis.), clear-
ance (Cler.), accessibility (Acc.), and conversation (Conv.).
Gradient-based optimization primarily addresses OB, OO,
Vis., Cler., and Acc., while VLM-based optimization en-
forces Conv. Table 3 reports a substantial reduction in viola-
tions with feedback enabled, underscoring its effectiveness
in resolving these issues.

4.3. Applications

Scene editing. INTERIORAGENT 's chat-like interface al-
lows users to generate and iteratively edit scenes, accom-
modating complex requirements beyond a single prompt.
Figure, in supplementary, shows a dining room scene re�ned
through prompts for object placement and aesthetic adjust-
ments. Unlike Holodeck, LayoutVLM and I-Design, which
generate scenes in a single feedforward pass,INTERIORA-
GENT allows user-speci�ed customization with physical and
aesthetic coherence.

Tool Integration INTERIORAGENT leverages template-
speci�ed context to integrate external tools. We demonstrate
this with (i) human model placement in standing/sleeping
poses, (ii) Stable Diffusion for paintings matching scene
style, and (iii)ASCIIGenerator() for object arrange-
ments forming words (Figure 1, top middle). Such extensi-
bility is uniquely enabled byINTERIORAGENT 's program
synthesis, beyond prior methods. For �gures and additional
tool integration, see supplementary.

5. Conclusion and Future Work

The LLM-based program synthesis approach ofINTERIOR-
AGENT enables features such as tool usage, self-correction,
re�nement and an expressive scene language, leading to re-
alistic, ergonomic, editable and extensible 3D indoor scene
generation. We envision broad use ofINTERIORAGENT 's
capabilities through its intuitive editing and �exible tool in-
tegration for new tasks. Promising directions for future work
include extension to multi-room scenes and optimization of
material and lighting, in addition to 3D layouts and objects.



Figure 9. MIT Scenes: INTERIORAGENT generates scenes that closely follow input prompts. Kitchen: all baselines omit the island.
Classroom: SceneCraft places desks and chairs too sparsely, while LayoutVLM, Holodeck, and I-Design yield chaotic arrangements. Gym:
stationary bikes are not arranged in a grid. Bakery, Buffet, and Flower Shop:INTERIORAGENT produces more natural and coherent layouts.

Figure 10.Ablations : Without the placement mechanisms ofAround (top) andGrid (bottom) groups, VLMs misplace assets due
to limited 3D spatial understanding. Disabling scene optimization (all gradient and VLM constraints off) reduces realism, producing
overlaps (red highlights). Removing ergonomic constraints (access, clearance, visibility, conversation) compromises functionality, leading
to accessibility issues. Providing all in-context examples to the LLM does not improve scene quality but increases token usage by8�
compared to RAG with 5 examples. Despite differing from nearest neighbors,INTERIORAGENT generates diverse, high-quality 3D scenes
with superior prompt adherence.
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