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2. Reproducibility
All code, data, prompts and experimental details will be
publicly released.

Please see the attached constraints.py file in the
folder for reference.

3. Full prompts for Visualizations
MIT Scenes
Bakery := “The bakery’s layout includes refrigerated display
cases along the left and back wall. In the center, a long
wooden table displays freshly baked loaves and pastries.
A few tables and chairs are placed in the front for customers.”

Kitchen := “The kitchen features a large island in the center
of the back wall with a marble countertop. Along one wall,
there is a row of cabinets and there is a coffee table with
two armchairs in the corner.”

Classroom := “The classroom features rows of individual
desks with attached chairs arranged in neat columns. A
large whiteboard spans the front wall, with a teacher’s desk
placed in one corner.”

Gym := “The center of the gym has several stationary bikes
arranged in a grid pattern with a TV mounted on their front
wall. Behind them, a row of treadmills are placed along the
wall.”

Buffet := “A buffet scene with a row of tables placed along
the left, each having a variety of food items placed on top.
In the center, four round tables are placed for seating”

Flower Shop := “The flower shop features a central display
table with flower bouquets on top, and floor lamps illuminat-
ing the arrangements. Along the walls, there are additional
tables with potted plants”

4. MIT Scenes Dataset
Comparison to LayoutVLM[3] and Holodeck[6] Please
see Figs. 1, 2 for more illustrations of scenes generated via
INTERIORAGENT , LayoutVLM[3] and Holodeck[6]. We

note the ability of INTERIORAGENT to more accurately fol-
low descriptive prompts while maintaining better aesthetic
quality. We observe that INTERIORAGENT is able to utilize
tools in its toolkit to generate a diverse set of realistic scenes
that are not only more visually pleasing, but also respect
human-centric factors for better interior design. Further, we
note that INTERIORAGENT is able to effectively use both
3D-FRONT as well as other datasets such as Objaverse to
meet its asset requirements. This is a key advantage over pre-
vious methods which do not have a tool based approach and
therefore, are not easily extensible beyond a fixed dataset.

Comparison to FlairGPT[2] We compare INTERIORA-
GENT with FlairGPT [2], another state-of-the-art method for
indoor scene generation also inspired by interior design prin-
ciples. FlairGPT consists of three stages: a Language Phase,
where an LLM is prompted via chain-of-thought to generate
an initial layout by identifying zones, adding anchor and
secondary assets, and specifying constraints; a Translation
Phase, which converts these natural-language layouts and
constraints into programs; and an Optimization Phase, which
executes the program to produce the final scene.

Despite these apparent similarities, INTERIORAGENT dif-
fers in several key ways. First, it adopts a direct program
synthesis approach to specify layouts and constraints, avoid-
ing the limitations of natural language representations used
in FlairGPT, Holodeck [6], I-Design [1], and LayoutGPT [3].
Prior work shows program synthesis provides stronger plan-
ning capabilities through programming structures and exter-
nal tools [5]. This is reflected in reliability: FlairGPT fails
to translate to an executable program roughly 25% of the
time (tested on 20 MIT Scenes prompts, issue also noted
in official code release), whereas INTERIORAGENT , sup-
ported by code debuggers, achieves a near 99% execution
rate. Runtime also differs substantially: FlairGPT requires
20 minutes per scene versus 3 minutes for INTERIORAGENT
.

Second, while both methods reference functional zones,
INTERIORAGENT formalizes them via dedicated group tem-
plates that support diverse zone types with isolated object
registration, placement, and optimization. This hierarchical
design more faithfully captures functional groupings than
FlairGPT’s chain-of-thought prompting.

Third, IDSDL equips INTERIORAGENT with a richer
suite of placement and optimization tools, including con-
straints unavailable in FlairGPT such as Clearance, Visibility,
and VLM-based constraints (ObjectProportions, RoomPro-
portion, Conversation, Balance). These contribute to more
coherent and functional layouts (Figures 3, 4).
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“The art studio features an easel positioned near a large window, providing ample natural light. A table with 
paintbrushes, palettes, and jars of paint is placed to the side, with a stool positioned in front of the easel.”

“The casino features rows of brightly lit slot machines arranged in long aisles, each with a small stool in 
front. Colorful neon signs hang above.”

“The bookstore features a row of tall wooden shelves filled with books along a wall with round tables 
with seats placed in front of them. “

“The room includes a double bed with two small nightstands on either side, each featuring a decor item. 
Across from the bed is a TV mounted on a low media console, and to one corner of the room lies an 
armchair with a side table.”

“A spacious bar scene includes a large rectangular counter with seating on all sides. Above the counter, 
hanging pendant lights provide a soft glow, while a large TV on the opposite wall streams live sports.”

“The children’s room includes a bunk bed. A small play area is set up with a table and chairs, and a 
colorful rug covers the floor. There are several stuffed animals on the rug.”

Figure 1. Example renders of scenes generated with prompts from six MIT Scenes categories.
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“The walk-in closet has an entire wall covered in mirror panels. The opposite wall features wardrobes. In the 
center, there are two ottomans and an armchair. It also has overhead lighting to illuminate the space.”

“The computer room features a row of computer desks with desktop monitors along one wall. A large 
whiteboard is mounted on the opposite wall, and a large table is placed in the center with stools 
around it.”

“The corridor features a door each along the left and right walls. A runner rug lines the center of the 
floor, several paintings are placed the front which are visible to couches placed in the back.”

“The deli features several refrigerated units along the back wall, with a row of long glass display counter 
filled with fresh sandwiches and salads, positioned at some distance in front of them. A row of bar stools 
lines a counter along the wall with a huge window for casual seating.”

“The dental office features a reception desk, a waiting area with a few chairs in the middle. Along the 
back wall, there are three dental chairs with a tray of instruments placed next to each. There are 
plants, floor lamps placed near the reception desk.”

“The museum hall features a central exhibit showcasing a large dragon on a raised platform. Spotlights 
from the ceiling illuminate the artifact, and benches are positioned along the walls for visitors.”

Figure 2. Example renders of scenes generated with prompts from six MIT Scenes categories.



“The computer room features a row of computer desks with desktop monitors 
along one wall. A large whiteboard is mounted on the opposite wall, and a large 
table is placed in the center with stools around it.”

“A spacious bar scene includes a large rectangular counter with seating on all 
sides. Above the counter, hanging pendant lights provide a soft glow, while a large 
TV on the opposite wall streams live sports.”

“The dental office features a reception desk, a waiting area with a few chairs 
in the middle. Along the back wall, there are three dental chairs with a tray 
of instruments placed next to each. There are plants, floor lamps placed near 
the reception desk.”

InteriorAgent	(Ours) FlairGPTLayoutVLM

Figure 3. Comparison to FlairGPT. MIT Scenes renders for INTERIORAGENT , LayoutVLM [3], and 2D Layouts from FlairGPT [2].
Computer room: FlairGPT fails to place desks in a row with monitors; LayoutVLM produces multiple desks but not aligned. Bar: FlairGPT
inserts a central table but only a single stool, missing seating on all sides. Dental office: FlairGPT adds just one dental chair instead of three,
and omits plants and lamps near the reception desk. In contrast, INTERIORAGENT generates scenes that are prompt-faithful, aesthetically
pleasing, and functionally coherent.

Finally, FlairGPT’s placement and optimization capabili-
ties are fixed, while INTERIORAGENT offers an extensible
framework, allowing designers to easily add new templates
for asset retrieval, placement, and optimization.

For comparison, we use the officially released FlairGPT
code. However, it only produces 2D layouts without ob-
ject orientations, preventing generation of 3D scenes and
direct rendering comparisons. We therefore conduct a quali-
tative comparison on six MIT Scenes prompts (Figures 3, 4).
Across all cases, INTERIORAGENT consistently outperforms

FlairGPT [2] in object retrieval (FlairGPT often omits key
objects specified in the prompt), placement (it frequently
fails to capture explicit inter-object relations), and optimiza-
tion (its scenes are less functional).

5. Placement Groups

See Figure 8



“The	casino	features	rows	of	brightly	lit	slot	machines	arranged	in	long	aisles,	each	with	a	small	stool	in	front.	Colorful	
neon	signs	hang	above.

“The	classroom	features	rows	of	individual	desks	with	attached	chairs	arranged	in	neat	columns.	A	large	whiteboard	
spans	the	front	wall,	with	a	teacher’s	desk	placed	in	one	corner..”

“The	computer	room	features	a	row	of	computer	desks	with	desktop	monitors	along	one	wall.	A	large	whiteboard	is	
mounted	on	the	opposite	wall,	and	a	large	table	is	placed	in	the	center	with	stools	around	it..”

“The	children’s	room	includes	a	bunk	bed.	A	small	play	area	is	set	up	with	a	table	and	chairs,	and	a	colorful	rug	covers	
the	floor.	There	are	several	stuffed	animals	on	the	rug..”

“The	walk-in	closet	has	an	entire	wall	covered	in	mirror	panels.	The	opposite	wall	features	wardrobes.	In	the	center,	there	
are	two	ottomans	and	an	armchair.	It	also	has	overhead	lighting	to	illuminate	the	space.”

“The	corridor	features	a	door	each	along	the	left	and	right	walls.	A	runner	rug	lines	the	center	of	the	floor,	several	
paintings	are	placed	the	front	which	are	visible	to	couches	placed	in	the	back.

SceneProg Holodeck SceneProg Holodeck

“The classroom features rows of individual desks with attached chairs arranged in neat 
columns. A large whiteboard spans the front wall, with a teacher’s desk placed in one 
corner.”

“The corridor features a door each along the left and right walls. A runner rug lines the 
center of the floor, several paintings are placed the front which are visible to couches 
placed in the back.”

“The room includes a double bed with two small nightstands on either side, each 
featuring a decor item. Across from the bed is a TV mounted on a low media console, 
and to one corner of the room lies an armchair with a side table.”

InteriorAgent	(Ours) FlairGPTLayoutVLM

Figure 4. Comparison to FlairGPT. MIT Scenes renders for INTERIORAGENT , LayoutVLM [3], and 2D layouts from FlairGPT [2].
Classroom: FlairGPT places only a single desk–chair despite the prompt asking for a row of desks with attached chairs, and omits the
teacher’s desk–chair. Bedroom: Nightstands and a side table for the armchair are missing. Corridor: Entry–exit doors are misplaced, breaking
the layout’s intent of having seating in between. In contrast, INTERIORAGENT produces scenes that are prompt-faithful, aesthetically
coherent, and functionally sound.

6. Tool Usage

INTERIORAGENT is highly extensible and as such its ca-
pabilities can be easily enhanced by providing additional
tools. Here we show one example each for object retrieval,
placement and optimization.

Object retrieval SceneMotifCoder [4] generates 3D ob-
ject arrangements through visual program learning. A key
feature of SceneMotifCoder is its ability to create stacks
or grid-like arrangements of objects. Since objects like “a

stack of 7 books” aren’t readily available in popular datasets,
we enable this functionality in INTERIORAGENT by adding
SceneMotifCoder as one of our retrieval tools. To achieve
this we write a template as shown in Figure 9, that gives
relevant information to INTERIORAGENT about using this
tool. Additionally, we follow the official documentation
to correctly use SceneMotifCoder and use that to write the
call () function that implements the functionality. Fig-

ure 10 shows that with such a minimal input, INTERIORA-
GENT is able to easily leverage the SceneMotifCoder tool
to generate stacked objects for its larger scene synthesis



Figure 5. Template for defining an asset retriever in IDSDL, with
an example 3DFront retriever implementation.

Figure 6. Template for defining groups in IDSDL, with an example
place on left() method in RelativeGroup().

objective. See Figure 5 for object registration template.

Object placement The teaser figure shows a large scale
scene consisting of a cherry blossom tree forest. Usually,
such scenes are extremely challenging for an LLM to cre-
ate given the limited 3D understanding capacity of LLMs.
However, when the task is subdivided at a word and later at
alphabet level, we note that LLMs can be reliably prompted
to achieve desired results. Therefore, we use a prompt engi-
neered LLM (GPT-4o) to serve as a tool for creating their
own ascii art. Figure 11 shows the entire code used for this
implementation. See Figure 6 for object placement template.

Object arrangement Another interesting use case can
be enabled by allowing rendering based losses to work in
tandem with gradient and VLM based losses which is made
possible because IDSDL seamlessly unifies all the various
constraint and types. We show an application where wall
art needs to be arrangement by comparing them to a target

Figure 7. Template for defining constraints in IDSDL, with an ex-
ample gradient based OverlapConstraint() (top) and VLM
based ObjectProportionsConstraint() (bottom)

wall at arrangement specified by the user. Figure 12 shows
the constraint template being filled with relevant context for
LLM to use as well as a logic for computing pseudo gradients
to allow movement of the assets such that they match the
target as best as possible. Figure 13 shows the scene program
generated and the obtained results. See Figure 7 for object
arrangement optimization template.

7. Scene Editing Application
Figure 14 shows the visualization of scene editing appli-
cation discussed in the main paper. INTERIORAGENT ’s
chat-like interface allows users to generate and iteratively
edit scenes, accommodating complex requirements beyond
a single prompt.

8. Failure Cases
While INTERIORAGENT significantly outperforms prior
work with its program synthesis approach, challenges re-
main to be addressed in future works. Most importantly, we
note that INTERIORAGENT may suffer when the underlying
tool malfunctions or doesn’t show expected behavior. Figure
15 shows a few such examples. In the leftmost example,
the retrieval tool incorrectly retrieves a bundle of t-shirts
when asked to retrieve a ‘packing station’ to be placed in the
warehouse. In the middle two examples, while ergonomics
constraints account for visibility and clearance, it is possi-
ble that the LLM simply misses out on applying relevant
constraints when it should, resulting in scenes not being op-
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with scene.RelativeGroup() as seating_area:

    sofa = scene.AddAsset("A comfortable sofa")

    seating_area.set_anchor(sofa)

    with scene.RelativeGroup() as end_table_unit:

        end_table = scene.AddAsset("A stylish end table")

        end_table_unit.set_anchor(end_table)

        table_lamp = scene.AddAsset("A decorative table lamp")

        end_table_unit.place_on_top(table_lamp)

    

    end_tables = 2*end_table_unit

    seating_area.place_on_back_left(end_tables[0])

    seating_area.place_on_back_right(end_tables[1])

    table = scene.AddAsset("A coffee table")

    seating_area.place_on_front(table)
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with scene.RelativeGroup() as reception_area:

    desk = scene.AddAsset("A reception desk")

    reception_area.set_anchor(desk)

    chair = scene.AddAsset("An office chair")

    reception_area.place_on_back(chair)

    plant = scene.AddAsset("A large potted plant")

    reception_area.place_on_front_left(plant)

    

    display_cabinet = scene.AddAsset("A large display cabinet")

    reception_area.place_on_back_further(display_cabinet)
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with scene.AroundGroup() as dining_area:

    dining_table = scene.AddAsset("A rectangular dining table")

    dining_area.set_anchor(dining_table)

    chair = scene.AddAsset("A wooden chair")

    dining_area.place_rectilinear(

        longer_side1=3*chair,

        longer_side2=3*chair,

    )
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with scene.AroundGroup(sparsity=0.5) as sculpture_area:

    sculpture = scene.AddAsset("A modern sculpture")

    sculpture_area.set_anchor(sculpture)

    chair = scene.AddAsset("A stylish chair")

    sculpture_area.place_arc(objects=4*chair, dist=2.0)
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with scene.GridGroup(sparsity=0.5, randomness=0.2) as gym_area:

    treadmills = scene.AddAsset("A treadmill")

    gym_area.place_row(4*treadmills)
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with scene.GridGroup(sparsity=0.5) as classroom_area:

    with scene.RelativeGroup() as table_area:

        table = scene.AddAsset("A wooden table")

        table_area.set_anchor(table)

        chair = scene.AddAsset("A wooden chair")

        table_area.place_on_back(chair)

    classroom_area.place_grid(12*table_area, cols=4)
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with scene.RoomGroup() as room:

    with scene.RelativeGroup() as sleeping_area:

        bed = scene.AddAsset("A modern bed")

        sleeping_area.set_anchor(bed)

        nightstand = scene.AddAsset("A wooden nightstand")

        sleeping_area.place_on_back_left(1*nightstand)

        sleeping_area.place_on_back_right(1*nightstand)

    room.place_on_back_wall_left(sleeping_area)
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with scene.RoomGroup() as room:

    with scene.RelativeGroup() as table_area:

        table = scene.AddAsset("A wooden table")

        table_area.set_anchor(table)

        potted_plant = scene.AddAsset("A small decorative potted plant")

        table_area.place_on_top(3*potted_plant)

    tables = 4*table_area

    room.place_on_front_right(tables[0])

    room.place_on_front_left(tables[1])

    room.place_on_back_right(tables[2])

    room.place_on_back_left(tables[3])

    plant = scene.AddAsset("A large indoor plant")

    room.place_on_center(1*plant)

RelativeGroup

AroundGroup

GridGroup
RoomGroup

Figure 8. Placement programs involving various group types demoed in method section. Note as few as 10 lines of code are sufficient
to represent a wide variety of scenes including living room, reception area (RelativeGroup), dining area, a art museum viewing area
(AroundGroup), gym, classroom (GridGroup), bedroom and floweriest shop. (RoomGroup)

timized for those constraints. In the rightmost example, a
large number of objects coupled with their constraints pose
a significant optimization challenge, which can lead to is-
sues such as out of bound problems, as is the case for the
example of a densely packed warehouse. We believe that
these problems can be mitigated in the future by using more
advanced tools and by fine-tuning the LLM for improved
tool-awareness. Additionally, INTERIORAGENT ’s approach
to use task-specific tools for scene synthesis raises important
considerations on optimal and robust utilization of multiple
tools.

9. Ablation
9.1. Debugging Scene Programs

The Debugger performs a key role in program synthe-
sis which is to ensure that programs synthesized by PRO-
GRAMSYNTHESIZER are executable and free from syntax
issues. In order to achieve this, it leverages a combination
of CodeRefine and TraceRefine in an iterative loop.
Upon generating 100 scene programs using the PROGRAM-
SYNTHESIZER , we observe that CodeRefine was used
135 times while TraceRefine was called 35 times. Note
that CodeRefine is invoked every time post PROGRAM-
SYNTHESIZER to remove potential errors.

9.2. In-Context Examples

A few in context examples are visualized in Fig 16.
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class SceneMotifCoderObject(SceneProgAssetRetrieverBase):

    def __init__(self):

        super().__init__()

        self.name = "SceneMotifCoderObject"

        self.description = f"""

This tool returns 'stacked' objects based on an input description which can be used like any other objects in the scene program

"""

        self.examples = """

Following are a few examples of this tool in action:

Example 1:

scene.SceneMotifCoderObject('A table with a chair in front of it')

## Adds a new object to the scene where a chair is placed in front of a table

Example 2:

scene.SceneMotifCoderObject('A stack of 5 cups')

## Adds a new object to the scene where 5 cups are stacked on top of each other

Example 3:

scene.SceneMotifCoderObject('A grid of 5x5 chairs')

## Adds a new object to the scene where 25 chairs are arranged in a 5x5 grid

"""

    def __call__(self, query):

        code = f"""

#!/bin/bash

# Path to the Python executable

PYTHON_EXECUTABLE="/opt/miniconda3/envs/smc/bin/python"

# Path to the inference script

SCRIPT_PATH="/<path to smc>/smc/inference.py"

# Arguments for the script

DESC="{query}"

OUT_DIR="/<path to sceneprog>/sceneprog/tmp/"

cd /<path to smc>/smc

# Execute the Python script with the arguments

$PYTHON_EXECUTABLE $SCRIPT_PATH --desc "$DESC" --out_dir "$OUT_DIR"

# Wait for the program to complete and check exit status

if [ $? -eq 0 ]; then

    echo "Inference completed successfully."

else

    echo "Inference failed with exit code $?."

    exit 1

fi

"""

        with open("tmp/smc_run.sh", "w") as f:

            f.write(code)

        import os

        os.system(f"bash tmp/smc_run.sh")

        import trimesh

        mesh = trimesh.load("tmp/stacked.glb", process=False, force='mesh')

        scale = mesh.bounds[1,0] - mesh.bounds[0,0]

        return "tmp/stacked.glb", scale

Figure 9. Adding SceneMotifCoder[4] to INTERIORAGENT amounts to filling out the tool template which requires a tool name,
description of its role, its input/output as well as a few examples of its demonstration. The core logic of tool is implemented under the
call () method which follows the official documentation on correctly using the tool.

Scene	Program	using	SceneMotifCoder Generated	3D	Scene

## Initialize scene with dimensions suitable for a study room

scene = Scene(dims=(5, 5, 3))  # Width, Depth, Height in meters

## Add walls with a calming blue shade

scene.add_walls(wall_color='calming blue', floor_texture='wooden', ceiling_texture='plain')

## Add windows and doors

scene.place_window(name='window1', wall='left_wall', type='standard', position='middle', place_curtain=True)

scene.place_door(name='door1', wall='back_wall', position='right')

## Add furniture

scene.add(name='desk', desc='A large wooden desk with a smooth finish')

scene.add(name='chair', desc='A comfortable ergonomic chair')

# Place the desk centrally in the room

scene.desk.place_global(x='center', y='floor', z='center', face_towards='front_wall')

# Place the chair in front of the desk

scene.PlaceSeatsAroundTable(scene.desk, [scene.chair], desc="Place the chair in front of the desk")

## Add lighting

scene.add(name='desk_lamp', desc='A stylish desk lamp with a warm glow')

scene.PlaceObjectsOnTop([scene.desk_lamp], scene.desk)

scene.add(name='chandelier', desc='A modern chandelier')

scene.chandelier.place_global(x='center', y='ceiling', z='center')

## Add decor and books

scene.SceneMotifCoderObject(name='stacked_books1', description='A stack of 5 books of varying sizes and colors')

scene.SceneMotifCoderObject(name='stacked_books2', description='A stack of 3 books of varying sizes and colors')

scene.SceneMotifCoderObject(name='stacked_books3', description='A stack of 4 books of varying sizes and colors')

scene.PlaceObjectsOnTop([scene.get_object('stacked_books1'), scene.get_object('stacked_books2'), scene.get_object('stacked_books3')], scene.desk)

scene.add(name='plant', desc='A small indoor plant')

scene.PlaceObjectsOnTop([scene.plant], scene.desk)

scene.add(name='painting1', desc='A motivational poster')

scene.painting1.place_on_wall(wall='front_wall', horizontal_position='middle', vertical_position='top')

scene.add(name='shelf', desc='A bookshelf filled with more books and personal items')

scene.shelf.place_global(x='right_wall', y='floor', z='center', face_towards='left_wall')

scene.add(name='rug', desc='A cozy area rug in a neutral color')

scene.rug.place_global(x='center', y='floor', z='center')

Scene	Program	using	SceneMotifCoder Scene	Generated	by	executing	the	program
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with scene.RelativeGroup() as desk_area:

    desk = scene.AddAsset("A large wooden desk with a wooden finish")

    desk_area.set_anchor(desk)

    chair = scene.AddAsset("A comfortable ergonomic chair")

    desk_area.place_on_back(chair)

    table_lamp = scene.AddAsset("A stylish desk lamp with a modern glow")

    stacked_books1 = scene.AddAsset("A stack of 5 books of varying sizes and colors")

    stacked_books2 = scene.AddAsset("A stack of 3 books of varying sizes and colors")

    stacked_books3 = scene.AddAsset("A stack of 4 books of varying sizes and colors")

    indoor_plant = scene.AddAsset("A small indoor plant")

    desk_area.place_on_top([indoor_plant, stacked_books1, stacked_books2, stacked_books3, table_lamp])

    desk_area.place_rug("A cozy area rug in neutral color", size=0.3)

    desk_area.add_lighting("A modern chandilier", 0.0)

with scene.RoomGroup() as room:

    room.place_walls("floor_texture=wooden", ceiling_texture="plain", wall_texture="calming blue")

    room.place_window_standard("left_wall", position="middle", curtain=True)

    room.place_door("back_wall", position="right")

    painting = scene.AddAsset("A motivational poster")

    room.place_on_wall_front_center(painting)

    shelf = scene.AddAsset("A bookshelf filled with books and personal items")

    room.place_on_right_wall_center(shelf)

    room.place_on_center(desk_area)

Figure 10. INTERIORAGENT can effectively use novel tools. Here, we show INTERIORAGENT writings programs using the SceneMo-
tifCoder tool for the caption “Create a study room scene with a desk with 3 heaps of stacked books”.
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class SentenceASCIIGenerator(SceneProgObject):

    def __init__(self, scene):

        self.name = "SentenceASCIIGenerator"

        self.description = f"""

Places assets in an ASCII art representation of a sentence.

Inputs:

- obj: An object to place in the scene.

- sentence: The sentence to represent in ASCII art.

"""

        self.usage = f"""

with scene.SentenceASCIIGenerator() as ascii_gen:

    plant = scene.AddAsset("A large potted plant")

    ascii_gen.place(plant, sentence="World\tPeace\n2045")

"""

        self.word_gen = WordGenerator()

        super().__init__(scene)

    def run(self, sentence):

        points = []

        ch=5

        for line in sentence.split('\n'):

            cw=0

            tmp=[]

            for word in line.split('\t'):

                pt = self.word_gen.run(word)

                h = np.max(pt[:,1])+1

                w = np.max(pt[:,0])+5

                pt[:,1] += ch

                pt[:,0] += cw

                tmp.append(pt)

                cw+=w

            tmp=np.vstack(tmp)

            points.append(tmp)

            ch += h

        return points

    

    @placemethod

    def place(self, obj, sentence):

        points = self.run(sentence)

        total_points = np.vstack(points).shape[0]

        objs = total_points*obj

        height = self.compute_obj_y(obj)

        count = 0

        from tqdm import tqdm

        for line in points:

            for pt in tqdm(line):

                objs[count].set_location(pt[0], height, pt[1])

                self.add_child(objs[count])

                count += 1

        return points

    

    def compile(self):

        if self.operation_order is None:

            self.operation_order = [key for key in self.operations.keys() if self.operations[key] is not None]

        

        for key in self.operation_order:

            if key in self.operations:

                if self.operations[key] is not None:

                    op = self.operations[key]

                    op.execute()
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class AlphabetGenerator:

    def __init__(self):

        self.llm = LLM(

            name="ASCIIArtGroup",

            system_desc=f"""

You are a large language model based assistant, expert at generating ASCII art representations for alphabets and numbers.

Return only python code in Markdown format, e.g.:

```python

....

```

"""

        )

    def sanatize(self, text):

        H = len(text)

        W = len(text[0])

        pos = []

        # Loop through each row of the ASCII representation

        for y, row in enumerate(text):

            # Loop through each character of the row

            for x, char in enumerate(row):

                # If the character is 'G', add the coordinates to the list

                if char == '*':

                    pos.append((x, y))

        

        return np.array(pos), len(text[0])+1

    

    def _sanitize_output(self, text: str):

        _, after = text.split("```python")

        return after.split("```")[0]

    

    def run(self, query):

        prompt = """

User Input: Generate ASCII art for 'G'

Your Response: 

```python   [       "  ****  ",

                    " *      ",

                    "*       ",

                    "*   **  ",

                    "*     * ",

                    " *    * ",

                    "  ****  "

]```    

User Input: Generate ASCII art for 'S'

Your Response:

```python  [    " ****  ",

                "*      ",

                "*      ",

                " ****  ",

                "     * ",

                "     * ",

                " ****  "   

]```  

        """

        prompt += f"""

User Input: Generate ASCII art for '{query}'

Your Response:

"""

        response = self.llm(prompt)

        response = self._sanitize_output(response)

        response = eval(response)

        return self.sanatize(response)
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class WordGenerator:

    def __init__(self):

        self.alpha_gen = AlphabetGenerator()

    

    def run(self, word):

        points = []

        cw=5

        for letter in word:

            pt,w = self.alpha_gen.run(letter)

            pt[:,0] += cw

            points.append(pt)

            cw += w

        return np.vstack(points)
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with scene.SentenceASCIIGenerator() as ascii_gen:

    sentence = "INTERIORAGENT\n3DV\t2026\nVANCOUVER"

    plant = scene.AddAsset("A large cherry blossom tree")

    ascii_gen.place(plant, sentence=sentence)
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Figure 11. INTERIORAGENT tool use example: Using the Group template (1–3), we implement an ASCII art generation tool driven by an
LLM prompt. The teaser illustration was produced from the caption “forest made to look like INTERIORAGENT 3DV 2026 VANCOUVER”.
(4) INTERIORAGENT enables such expressive scenes with minimal code.
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class RenderingConstraint(ConstraintBase):

    def __init__(self, group, wall, paintings, target_image_path):

        from painting_detector import PaintingDetector

        self.name = 'RenderingConstraint'

        self.description = f"""

Helps in optimizing placement of paintings on the wall to match a given image target.

Inputs:

- wall: The wall name (str)

- paintings: List of painting objects (list)

- target_image_path: Path to the target image (str)

"""

        self.examples = f"""

with scene.RoomGroup() as room:

    ...

    painting = scene.AddAsset("A Beautiful Landscape")

    paintings = 3*paintings

    room.place_on_wall_back_left(paintings[0])

    room.place_on_wall_back_center(paintings[1])

    room.place_on_wall_back_right(paintings[2])

    room.RenderingConstraint("back_wall", paintings, "path/to/target/image.jpg")

"""

        self.type = 'GRADIENT'

        self.painting_detector = PaintingDetector()

        self.target_image_path = target_image_path

        self.target_centroids, self.target_bbox = self.painting_detector(self.target_image_path, resize=(1920,1080))

        self.wall = wall

        self.paintings = paintings

        super().__init__(self.name, group)

    def compute_gradients(self):

        ## Render the wall with paintings

        current_image_path = self.group.render_wall(self.wall, self.paintings)

        ## Detect centroids of each painting using Owlv2

        centroids, tmp = self.painting_detector(current_image_path, resize=(1920,1080))

        

        ## Use hungarian method to derieve optimal 1-1 mapping between centroids. 

        perm = self.painting_detector.compute_mapping(centroids, self.target_centroids)

        mapped_centroids = [self.target_centroids[i] for i in perm]

        for i, painting in enumerate(self.paintings):

            grad = mapped_centroids[i] - centroids[i] ## pseudo gradient

            img_grad[0] *= 1/1920

            img_grad[1] *= 1/1080

            painting.grad += np.array([img_grad[0], img_grad[1], 0], dtype=np.float32)

Figure 12. INTERIORAGENT tool use example: Using the Constraints template, we implement an optimization routine for arranging
wall scenery to match a target image. Frames are detected with OWLv2 using prompts such as “painting”, “picture frame”, “wall art”, and
“poster”. The centers of bounding boxes from target and source renderings are extracted, matched via the Hungarian algorithm, and the
scenery is shifted toward their assigned centroids.

Scene	Program	using	RenderingConstraint Generated	3D	Scene
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with scene.RelativeGroup() as seating_area:

    sofa = scene.AddAsset("A comfortable sofa")

    seating_area.set_anchor(sofa)

    coffee_table = scene.AddAsset("A stylish coffee table")

    seating_area.place_on_front(coffee_table)

    floor_plant = scene.AddAsset("A large floor plant")

    seating_area.place_on_right_further(floor_plant)

with scene.RoomGroup() as room:

    room.place_walls("wooden", "plain_white", "plain_white")

    sofa = scene.AddAsset("A comfortable sofa")

    room.place_on_back_wall_center(seating_area)

    painting1 = scene.AddAsset("A painting on Christianity")

    painting2 = scene.AddAsset("A painting on Buddhism")

    painting3 = scene.AddAsset("A painting on Hinduism")

    paintings = [painting1, painting2, painting3]

    room.place_on_wall_back_left(paintings[0])

    room.place_on_wall_back_center(paintings[1])

    room.place_on_wall_back_right(paintings[2])

    room.RenderingConstraint("back_wall", paintings, "target.jpg")

Target	for	optimizing	
painting	arrangements

w/o	rendering	constraint

Figure 13. Using Rendering constraint in code: INTERIORAGENT uses the available context to easily write a program for the caption
“Create a living room with the back wall having three paintings: symbolizing Christianity, Buddhism and Hinduism as per the following
arrangement (pass image path for target)”.



“Create	a	minimal	dining	
scene”

“Switch	one	of	the	chairs	
with	a	yellow	chair”

“Move	dining	area	close	to	
window	and	add	a	sideboard”

“Improve	the	aesthetics	of	the	
scene”

Figure 14. INTERIORAGENT allows user-driven scene customiza-
tion through a chat interface. Starting from a minimal scene, INTE-
RIORAGENT responds to user inputs to change colors, rearrange,
add furniture and improve decor, while maintaining the scene bal-
ance.



Wrong	retrieval Missed	visibility Missed	clearance Optimization	too	difficult
Figure 15. Some failure cases of INTERIORAGENT .

Figure 16. A few in-context examples used in INTERIORAGENT .
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