
SceneMotifCoder: Example-driven Visual Program Learning
for Generating 3D Object Arrangements

Hou In Ivan Tam1 Hou In Derek Pun1 Austin T. Wang1 Angel X. Chang1,2 Manolis Savva1
1Simon Fraser University 2Alberta Machine Intelligence Institute (Amii)

3dlg-hcvc.github.io/smc

“A grid of four plants / chairs”

“A stack of four bowls / plates”

“A row of two chairs / three vases”

“A stack of seven plates”

create_stack("book", 4, ...)

“A stack of four books”
“A plant / bowl on top of a plate”SceneMotifCoder

def create_stack(label, num_objects, ...):
"""
Create a vertical stack of identical objects, 
uniformly spaced along the y-axis
"""

objs = []
y_position = initial_centroid[1]
for i in range(num_objects):

obj = create(label, half_size)
move(obj, x_coord, y_position, z_coord)
objs.append(obj)
y_position -= decrement_y

return objs
Meta-Program

Figure 1. We present SceneMotifCoder (SMC), an example-driven approach for generating 3D object arrangements. Left: given an
example arrangement and text description, SMC writes a meta-program with arguments that capture the underlying spatial patterns of
the arrangement. Then, to generate a new arrangement, SMC takes a text description as input, retrieves a meta-program, and writes a
function call with appropriate arguments to execute the meta-program. Through mesh retrieval and a geometry optimization step, the final
arrangement is physically plausible and conforms to the text description. Right: Example output 3D object arrangements for various input
descriptions. SMC generates arrangements with programs learned from 1 to 3 examples.

Abstract

Despite advances in text-to-3D generation methods, gen-
eration of multi-object arrangements remains challenging.
Current methods exhibit failures in generating physically
plausible arrangements that respect the provided text de-
scription. We present SceneMotifCoder (SMC), an example-
driven framework for generating 3D object arrangements
through visual program learning. SMC leverages large lan-
guage models (LLMs) and program synthesis to overcome
these challenges by learning visual programs from example
arrangements. These programs are generalized into com-
pact, editable meta-programs. When combined with 3D ob-
ject retrieval and geometry-aware optimization, they can be
used to create object arrangements varying in arrangement
structure and contained objects. Our experiments show
that SMC generates high-quality arrangements using meta-
programs learned from few examples. Evaluation results
demonstrates that object arrangements generated by SMC
better conform to user-specified text descriptions and are
more physically plausible when compared with state-of-the-
art text-to-3D generation and layout methods.

1. Introduction

Digital 3D representations of indoor scenes are essential
for many domains including interior design, game develop-
ment, visual effects, virtual and augmented reality, and em-
bodied AI simulations. However, authoring these scenes is
laborious and requires 3D modeling expertise. Thus, indoor
scene synthesis has been a research focus for more than
a decade [2, 6, 23]. Recent progress enabled conditional
scene generation given a room type [5], floor plan [28], or
graph specifying objects and relations [38].

Despite this progress, existing scene synthesis methods
focus on large furniture objects such as beds, cabinets, ta-
bles, and chairs and typically ignore smaller objects. For
example, generated scene layouts lack plates, cups or deco-
rative objects on dining tables, making the scenes look un-
realistically empty. Such objects are ubiquitous in real life
and are vital to making synthetic scenes more realistic.

Nevertheless, modeling these object arrangements is
challenging. Existing 3D scene datasets rarely cap-
ture small-scale arrangements, making standard genera-
tive model training strategies impractical. Additionally,
the highly compositional and geometrically tight nature of
these arrangements complicates placement of objects. For
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instance, plates in a stack of plates are in contact with plates
above and below without gaps or intersections, requiring
precise placement that is hard to achieve with existing lay-
out generation methods.

In this paper, we present SceneMotifCoder, an example-
driven framework for 3D object arrangement generation
based on visual program learning. We show how the code
generation capabilities of Large Language Models (LLMs)
can be leveraged to create visual programs that capture ab-
stractions of common 3D object arrangements, or motifs,
from few examples. These motif visual programs then allow
generation of new object arrangements exhibiting substan-
tially different content (i.e. different objects) and structure
(i.e. different numbers and positions of objects), from text
descriptions provided by a user.

Our key insight is that object arrangements have underly-
ing motifs that can be extracted from a few examples. These
motifs can be treated as templates for creating new arrange-
ments. To this end, programs are an ideal representation as
the control flow compactly and interpretably captures the
motif structure. By generalizing motif programs into meta-
programs, we further concretize common structures and pa-
rameters within a motif type and allow for easy instantiation
of new arrangements.

We show that SceneMotifCoder (SMC) requires only 1
to 3 examples to learn a meta-program. By leveraging these
re-usable meta-programs we can significantly streamline
3D content creation, especially for designers who routinely
create layouts using a 3D object library. Unlike black box
3D generative models, SMC’s human-readable programs al-
low user modification to intuitively adjust generation re-
sults. Furthermore, SMC’s generation capability is easily
extendable. Given new examples, SMC learns new motifs
without resource intensive and time consuming re-training.
Thus, the learned meta-program library can efficiently and
progressively grow into a comprehensive knowledge base
for a wide range of realistic object arrangements.

We evaluate SMC against state-of-the-art layout and
text-to-3D generative models and show that our object ar-
rangements better conform to input descriptions and exhibit
higher physical plausibility, measured both algorithmically
and through human perceptual studies. In summary: 1) we
propose the SMC framework, an example-driven approach
for learning visual programs that represent 3D object ar-
rangements; 2) we use the learned programs to generate
complex and realistic arrangements for diverse objects and
show how our framework admits for interpretable and easily
editable arrangement generation using simple text descrip-
tions; and 3) we systematically evaluate against state-of-
the-art layout and text-to-3D generation methods and show
our approach outperforms prior work in both alignment to
text description and physical plausibility.

2. Related Work
We summarize prior work on various strategies for 3D scene
synthesis: compositional 3D layout generation using object
retrieval, layout generation leveraging LLMs, text-to-3D
generation using differentiable rendering, and visual pro-
gram synthesis methods.
3D layout generation. There is much work on layout gen-
eration, ranging from rule-based [23, 47], to data-driven [6],
to neural network methods [37]. While early work [6] fo-
cused on cluttered object arrangements, more recent work
using deep learning [19, 27, 28, 34, 37, 38, 40, 51] focuses
on larger furniture-sized objects, typically ignoring smaller
objects on tabletops or other surfaces. One reason is that
available 3D scene datasets mostly contain furniture and are
sparsely populated with ‘detail objects’. Our approach is
tailored for generation of such detail object arrangements.
Layout generation with LLMs. A recent trend uses LLMs
for more open-vocabulary layout generation and generation
conditioned on text input. Early work relied on custom
rules [4] or data-driven priors [2, 3] to determine spatial re-
lations and retrieve objects with keyword search. Recent
work [1, 5, 11, 12, 20, 33, 41, 45, 49] leverages LLMs more
flexibly 1) as a source of spatial priors, 2) to retrieve 3D
assets based on vision-language embeddings, or 3) to gen-
erate modeling software API calls that generate 3D scenes.
In contrast, we combine LLMs with visual program synthe-
sis to learn self-contained reusable programs that generate
3D object layouts given a small set of examples. These pro-
grams capture arrangement motifs that give the user more
control and editability compared to relying on API calls di-
rectly generated by LLMs.
Text-to-3D generation. Text-to-3D-shape generation mod-
els have advanced rapidly thanks to recent breakthroughs
in text-to-image diffusion. Various works demonstrated the
use of image diffusion models to generate 3D shapes [24,
30, 36, 46, 50]. While some work attempted to gener-
ate scenes as single unstructured geometry [10], the output
cannot be easily decomposed and manipulated as separate
objects. Thus, recent works generate multiple objects ei-
ther from a prespecified layout [21, 29] or by tackling both
the layout (often using an LLM to determine how objects
should be arranged) and generation together [9, 35, 48]. De-
spite their success, these methods often generate incorrect
numbers of objects, fail to respect spatial relationships, or
suffer from the ‘Janus problem’ (multiple implausible front
sides). Our work does not rely on a text-to-image diffusion
model to obtain spatial relationship priors between objects.
Rather, given an object arrangement as an example we di-
rectly learn the spatial arrangement pattern as a visual pro-
gram and use it to instantiate new object arrangements.
Visual program synthesis. Visual programs are attractive
for 3D shape representation as they are more interpretable
and easily editable than low-level 3D representations. In



addition, they are easier to generate with LLMs due to the
large volume of code in LLM training data. Synthesis of
visual programs has been applied to computer-aided design
(CAD) sketches [8, 26, 31] and CAD models [18, 42, 44].
It has also been used to describe 3D object arrangements
using program abstraction through interactive or in-context
learning [22, 39]. A recent line of work [7, 14–16] applied
visual programs to encode 3D shapes as primitives (e.g., a
chair as a set of cuboids). In particular, ShapeMOD [15]
and ShapeCoder [16] demonstrate programs can extract ab-
stractions of high-level 3D object geometry patterns, facili-
tating downstream editing tasks. Our work is similar to Liu
et al. [22] in that we use visual programs to encode col-
lections of objects. However, we focus on the challenging
task of learning dense 3D spatial arrangements given a text
description and a few examples, rather than inferring pro-
grams from simple shapes (e.g., cuboids), and we general-
ize our inferred programs to create new arrangements.

3. Method
In our problem setting, a user provides examples of an ob-
ject arrangement A paired with text T describing the ar-
rangement. The object arrangement consists of a set of
labeled 3D assets with appropriate transformations. Our
method then takes these input examples consisting of a few
(T,A) pairs and produces a program P that can generate
new variations of arrangements (with different types of ob-
jects) for that motif type. The learned program is stored
in a library, to be retrieved at inference (i.e. generation)
time, and used to generate new arrangements. Our visual
programs use a simple Domain Specific Language (DSL)
based on Python (Sec. 3.1).

Our approach, SceneMotifCoder (SMC), consists of two
phases (see Fig. 2): the learning phase (Sec. 3.2) where we
extract visual programs from a few (1-3) examples, and the
inference phase (Sec. 3.3) where the program is retrieved
and applied to a new text description. In the learning phase,
we first represent the arrangement as a naı̈ve program that
specifies the exact objects to be instantiated with their la-
bel, position, and orientation. Then, we use an LLM to do
a series of transformations that go from the list-based naı̈ve
program to a more structured motif program that specifies
the given arrangement but uses higher-level constructs such
as loops, to a final meta-program (i.e. function with argu-
ments) that we store in the meta-program library. During in-
ference, we retrieve the appropriate meta-program and use
an LLM to determine appropriate call arguments. Based
on the arrangement, we retrieve 3D objects and perform a
geometry-aware optimization before outputting the final ar-
rangement. This strategy leverages the strong code gener-
ation capabilities of LLMs to produce the meta-programs,
while still relying on the concrete mesh retrieval and geo-
metric optimization to create the final arrangement.

3.1. Domain Specific Language

We use Python as the basis for our DSL for its readabil-
ity and high-level constructs. In addition to built-in Python
functions, the numpy1 library and the following three con-
structs are available to describe motifs using programs:
1. create(label,size) : Instantiate object of type

label with dimensions size ∈ R3 at scene origin.
2. move(object,x,y,z) : Position object at loca-

tion (x, y, z) ∈ R3 in scene coordinates.
3. rotate(object,axis,angle) : Orient object

through rotation by angle around axis in object local
coordinates.

We avoid higher-level constructs such as relative position
and relative rotation between objects, as we want to investi-
gate whether an LLM can capture such relationships in the
program structure and using arithmetic operations.

3.2. Learning Phase

SceneMotifCoder (SMC) learns to write meta-programs to
capture the underlying motifs of object arrangements that
can be used to generate new arrangements in the learning
phase. To do so, we generate and refine the program in three
stages: 1) we first generate a naı̈ve program P0 for each
example arrangement based on the specific positioning and
rotation observed in the arrangement; 2) we then prompt the
LLM to make observations about patterns in the program to
guide the LLM to rewrite the program to a more structured
motif program Pmotif; and 3) finally, given a small set of mo-
tif programs (of the same type), we ask the LLM to create
a meta-program P that captures commonalities across the
motif programs, and extracts important axes of variation as
parameters. The top half of Fig. 2 illustrates this phase.
For (2) and (3), as the LLM may make errors, we adopt
an observe-generate-validate approach, in which we ask the
LLM to make observations about the input, and after the
LLM generates an initial program, we validate whether the
generated program is executable and preserves the required
functionality. We iteratively prompt the LLM to refine the
generated program until the validation is passed (typically
within three iterations). We also use chain-of-thought style
prompting to encourage the LLM to reflect and reason about
the program it is generating. Figure 3 shows a conceptual
outline of these steps, which we describe in detail below.
Naı̈ve-program extraction. Given a text description and
the corresponding object arrangement in individual meshes,
SMC first extracts each object’s label, bounding box cen-
troid, and local coordinate axes from the input arrange-
ment. These attributes indicate the objects that exist in the
arrangement, as well as their positions and local rotations.
Using these attributes, SMC writes a naı̈ve program P0 for
the arrangement by creating and posing each object one by

1https://numpy.org
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Inference
def stack(num, obj_type): 
for i in range(num):

create(obj_typei)
move(0, y, 0)
y += height

return objs

“A stack of four books” stack(4, book) 

Function Call

Geometry-Aware 
Optimization

Execution
+

Mesh Retrieval

“A stack of seven plates”

Learning

plate1 = create(…)
plate2 = create(…)
plate3 = create(…)
...

Naïve Program

y = 0
for i in range(7):

create(platei)
move(0, y, 0)
y += 0.08

Motif Program def stack(num, obj_type): 
for i in range(num):

create(obj_typei)
move(0, y, 0)
y += height

return objs

Meta-Program

Program
Library

Meta-Program
Library

LLM

Motif Program
Generation

Meta-Program
Generation

Meta-Program
Retrieval

Function Call
Construction

Figure 2. The SceneMotifCoder (SMC) framework operates in two phases. Top: In the learning phase, given an object arrangement and its
text description, SMC extracts a naı̈ve program which is refined into a more structured motif program. The spatial patterns in the motif are
then abstracted into a meta-program with reusable arguments to enable editing and generalization. Bottom: In the inference phase, given a
text description as input, SMC selects a meta-program from the program library. Then, a new object arrangement is generated by writing a
function call that executes the meta-program with appropriate arguments. Mesh retrieval and geometry-aware optimization then produces
the final output which is a new object arrangement conforming to the input description.

Validation checks
(1) no syntax error 
(2) same number of objects
(3) relative directions between object-pairs match

y = 0
for i in range(7):

create(platei)
move(0, y, 0)
y += 0.08

y = 0
for i in range(7):

create(platei)
move(0, y, 0)
y += 0.08

Program Library

y = 0
for i in range(7):

create(platei)
move(0, y, 0)
y += 0.08

Motif Programs

Given this 
program 
<program>
write some 
different 
versions

Observe: Consider the 
commonalities and differences 
between the programs.

Reason: Reason about why these 
programs are all classified under 
the same motif type despite their 
differences.

Act: Based on the provided 
programs, generate a function 
and extract user-input as 
arguments.  Make sure to write a 
docstring and use comments to 
explain your thinking process.

Validation (for each motif-
program)
Use the function <meta-program> 
to emulate this program <motif-
program> by calling the function 
with appropriate arguments.

def stack(num, obj_type): 
for i in range(num):

create(obj_typei)
move(0, y, 0)
y += height

return objs

Meta-Program

stack(7,plate) Meta-Program
Library

Rewrite the given 
program using 
arithmetic operations, 
loops, conditional, 
while keeping the 
object positions 
unchanged.

plate1 = create(…)
plate2 = create(…)
plate3 = create(…)
...

Naïve Program

y = 0
for i in range(7):

create(platei)
move(0, y, 0)
y += 0.08

Final Motif Program

y = 0
for i in range(6):

create(platei)
move(0, y, 0, 0)
y += 0.08

Intermediate Motif Program

Validation checks
(1) no syntax error 
(2) no hard-coded list of object attributes 
(3) same number of objects per label 
(4) objects placed at the same locations
(5) objects are scaled and oriented the same

Figure 3. SceneMotifCoder learning phase overview. Left: A naı̈ve program converted to a motif program and added to the program
library. Right: The motif program is generalized through iterative refinement to a meta-program and added to the meta-program library.

one in a flat list of statements. This program serves as the
foundation for subsequent reasoning tasks.
Motif-program generation. Using the naı̈ve program P0,
SMC then prompts an LLM to make four high-level ob-
servations about Pmotif. These include: 1) the number of
objects and their labels; 2) the relative displacements be-
tween objects; 3) whether there are any commonsense pat-
terns (e.g., symmetry, repetition); and 4) whether there are
any significant patterns in the x, y, and z coordinates. These
observations guide the LLM to look at useful patterns for
extracting the underlying motif. With these observations
made, SMC then asks the LLM to divide the objects into
groups, disentangling the overall motif into smaller spatial
patterns that are easier to express as code. Finally, SMC
prompts the LLM to classify the arrangement into one of
the motif types. See the supplement for the LLM prompts.

The next step rewrites P0 into a more structured mo-
tif program Pmotif to better capture the motif’s spatial pat-
terns. This more structured program makes it easier to rea-
son about high-level patterns across different Pmotif for gen-
erating a final meta-program that can handle variations. We

instruct the LLM to rewrite P0 using arithmetic operations
and programming constructs such as loops and conditions,
while keeping object placements unchanged.

Validation. We then validate the rewritten program by
executing it and checking against the original arrangement
using the following criteria: (1) no syntax error, (2) no hard-
coded list of object attributes, (3) same number of objects
per label, (4) objects placed at same locations, and (5) ob-
jects scaled and oriented the same. These criteria ensure
that: the program is executable, i.e. there are no Python in-
terpreter errors (1), and the rewritten program is extracting
the underlying motif instead of memorizing object place-
ments (2). We validate (2) by asking the LLM to judge
the rewritten program. Criteria (3) through (5) ensure the
program does not deviate from the original arrangement,
and are validated using simple logic checks and by com-
puting volumetric Intersection-over-Union (IoU)s between
the bounding boxes of the motif from the rewritten program
and the original arrangement. If any criterion fails, we pro-
vide feedback regarding what failed to the LLM (e.g., list-
ing incorrectly placed object coordinates and corresponding



correct coordinates), and try rewriting the program again.
These validations are crucial for the program to represent
the input arrangement’s motif precisely. Once all criteria
pass, SMC stores the rewritten program, a motif program,
in the program library under the classified motif type.
Meta-program generation. To write a meta-program that
captures the essence of the motif type, we need to reason
about what changes and what remains unchanged across
different object arrangement instances of the motif type. To
this end, SMC gathers all motif programs of the same type
from the program library, and provides them as input to the
LLM, asking the LLM to observe commonalities and dif-
ferences between them. If there is only one motif program
in the library, we prompt the LLM to hypothesize differ-
ent versions of the program and make observations based
on them. We further prompt the LLM to reason about why
the programs are classified under the same motif type de-
spite their differences. The goal is to extract the fundamen-
tal spatial patterns of the motif type from the programs and
ignore extraneous elements. This then serves as guidance
for writing the meta-program.

The last step in the learning phase is to write a gener-
alized meta-program for the motif type with arguments that
can be called to create a new motif of this type. More specif-
ically, SMC tasks the LLM to extract user-controllable pa-
rameters (e.g., number of objects) from the programs and
include them as arguments in the meta-program function
signature. This ensures that the meta-program is flexible
and can be used to generate new motifs given varying text
descriptions. In the prompt, we specifically ask the LLM
to write docstrings and comments that explain the code and
serve as guides for using the meta-program.

Validation. As in the program rewrite step, we validate
the meta-program by checking it against all motif programs
it generalizes. We prompt the LLM to write one func-
tion call per program to execute the meta-program multiple
times and check the following three criteria: (1) no syntax
error; (2) same number of objects as in the corresponding
motif program; (3) relative directions between all pairs of
objects match those in the motif program. These valida-
tions ensure the meta-program captures a generalization of
the spatial patterns of the motif type and that it can recre-
ate the original motif programs. Once the meta-program is
validated, SMC stores it in the meta-program library to be
used to generate new motifs.

3.3. Inference Phase

In the inference phase, given a text description as input,
SMC generates a new object arrangement using previously
learned meta-programs. The steps involved are described
below and outlined in Fig. 4.
Retrieval. Using the text description, SMC first retrieves
the meta-program of the same motif type in the library

“A stack of four books”

From the description 
<text>, select the 
best fitting motif type 
from the list below:
… 

stack

def stack(num, obj_type): 
for i in range(num):

create(obj_typei)
move(0, y, 0)
y += height

return objs

Given the function 
<meta-program> and 
description <text>, 
write code to call the 
function

stack(4, book)
Meta-Program

Object 
dataset

Geometry-Aware 
Optimization

Should objects be 
in contact?

Matching 
objects

Execution
+

Mesh 
Retrieval

Figure 4. SceneMotifCoder inference phase overview. From top
left: The input text is used to retrieve an appropriate meta-program
from the library. Arguments are inferred to form a function call.
The arrangement is then instantiated by executing the call, retriev-
ing appropriate objects from a database, and optimizing the layout.

by classifying the description into one of the motif types
through an LLM prompt that enumerates the motif types
and provides the text of the description.
Execution. To execute the meta-program, we feed it along
with the description to an LLM to construct a function call
with suitable arguments. We check for syntax errors and
execute the call to get a motif for the input text description.
To instantiate the motif into an object arrangement, SMC
retrieves meshes from an object dataset using the label and
the bounding box dimensions of each object. We prompt
the LLM for whether each of the objects can have multi-
ple common orientations in real life scenarios. If yes, we
rotate each candidate mesh around its local axes to deter-
mine the best orientation for matching the object’s bound-
ing box. Otherwise, we do not rotate. For each object, we
rank all available meshes based on the difference in dimen-
sions between the mesh and the object’s bounding box, and
randomly pick one of the top five candidates as the mesh for
the object. Alternatively, we can retrieve meshes by finding
the best match between an object description and render-
ings of the meshes using a pre-trained CLIP model (e.g.,
OpenCLIP [13]). See the supplement for a discussion.
Geometry-aware optimization. Since the retrieved objects
may not match the specified dimensions, and the motif from
executing the meta-program may contain inaccurate object
placements, we optimize the final object placements with an
iterative geometry-aware procedure. We start with the first
two objects in the arrangement and add a new object in each
iteration, until all objects are processed. In each iteration,
we detect intersections between meshes and resolve them
by moving the objects apart in the direction opposite to the
contact points. We then prompt the LLM using the text de-
scription to check whether objects in the described arrange-
ment should be in contact with neighbouring objects. If yes,
we start an iterative ray-casting procedure to move the ob-
jects closer. In each ray-cast iteration, we sample points
on the surface of a newly added object facing the nearest
neighbour, and shoot rays in the direction of the neighbour-



ing object. We use ray-mesh intersection tests to determine
the intersection distances from the ray origins and move the
object towards the ray direction by the minimum of the dis-
tances, dampened by a factor that grows for each iteration.
Finally, once ray-cast iterations are finished, we cast rays
from the object towards the ground plane to determine if
it is supported by other objects. We move the object to the
ground if it is not supported. This procedure repeats until all
objects are optimized. The resulting arrangement conforms
to the text description and is physically plausible.

4. Experimental Setup
We evaluate the SceneMotifCoder (SMC) framework us-
ing 3D assets from the Habitat Synthetic Scenes Dataset
(HSSD-200) [17]. HSSD consists of human-authored 3D
scenes that closely mirror real-life indoor scenes, using a set
of high quality, diverse 3D object assets. The scenes con-
tain a large variety of object arrangements which are ideal
for learning real-world motifs.

To create a comprehensive evaluation of arrangement
generation quality, we compile 181 everyday object
arrangement descriptions belonging to 12 motif types:
stack, pile, row, grid, left of, in front,
on top, surround, rectangular perimeter,
wall column, wall row, and wall grid. We
also include 21 descriptions for letter-shaped decorative
arrangements resembling the letters A, G, H, I, P, R, and
S. In total, our test set includes 202 distinct input text
descriptions. These descriptions mention combinations
of various everyday objects such as bowls, plates, cups,
towels, books, and chairs. There are a total of 50 unique
object categories across all descriptions. The everyday
motifs are represented by between 5 and 27 descriptions,
with a median of 16 descriptions per motif type, while the
letter-shaped layouts each has 3 descriptions.

SMC learns a meta-program for each of the motif types
given 1 to 3 example arrangements. These examples are
extracted directly from the HSSD scenes. We manually an-
notate them with one text description each to serve as input
for SMC’s learning phase. At generation time, we retrieve
3D objects from HSSD (not limited to the objects that were
used in the examples). We use GPT-4-Turbo (gpt-4-turbo-
2024-04-09) [25] as the LLM for synthesizing visual pro-
grams. The average cost for LLM calls per learned motif
meta-program is approximately $0.57.

4.1. Baselines

SMC generates tightly arranged spatial motifs of smaller
objects, so we compare it with prior work that shares sim-
ilar constraints. In particular, we compare with two text-
to-3D generative models: MVDream [32] and Graph-
Dreamer [9]. We choose MVDream as the representative
approach for general text-to-3D generation as it excels at

generating objects that are consistent across views, which
is especially important in the multi-object setting. Graph-
Dreamer is a recent work that claims to excel at generating
multi-object arrangements, making it the closest to our task.
It takes as input a scene graph generated by an LLM from
text that describes the objects and their spatial relationships
and optimizes an SDF for each object iteratively. See sup-
plement for baseline implementation details.

4.2. Metrics

There is not yet a clear consensus on how to evaluate 3D
generative models. GPTEval3D [43] showed that GPT-4V
is capable of evaluating 3D shapes along various criteria.
While GPTEval3D was not originally intended to evaluate
layouts, we empirically observed that recent advances in
LVLMs improved visual content perception and assessment
of object placements. Therefore, we report the text-asset
alignment (Align) and 3D plausibility (Plaus) metrics from
GPTEval3D.We also report the combination of these met-
rics (Overall). The final score for SMC and the baselines
are computed using 120 multi-view RGB images per output
arrangement. For these metric computations with GPTE-
val3D, we use GPT-4o instead of the default GPT-4-Vision-
Preview and GPT-4-Turbo used for result generation, as we
found GPT-4o to perform better at visual perception tasks
which form the core of the evaluation.

In addition, we conduct manual verification to evaluate
the generation results on three axes: (1) correct number of
objects (# Objs); (2) same layout as in the text description
(Layout); and (3) the objects and their placements are phys-
ically plausible and appear the same as they would in real
life (Plaus). Given pairs of input text prompt and generated
arrangement (each represented by two rendered views), an
annotator evaluated each method’s results under the above
criteria by giving a binary judgment per criterion.

Lastly, we carry out a perceptual evaluation study to
report human preference of the generated object arrange-
ments. The study is conducted using a two-alternative
forced choice setup (A/B test). We randomly pick 20 text
prompts and create 60 questions. Each question shows re-
sults from two of the three methods using the same input
text description. Participants are asked to judge which re-
sult is better along two axes: (1) conformance to the text
description — i.e. how well the arrangement respects the
objects and relations described in the text (Align); and (2)
realism — i.e. physical plausibility of the arrangement
(Realism). We instruct participants to ignore texture and
styling differences and focus solely on the above criteria.
The study was done with 31 participants not involved with
this work. We report the percentage of times each method
was preferred for each description, compared against the
other method. See the supplement for details.
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❌ Implausible shape

Figure 5. Qualitative comparison of generated 3D object ar-
rangements. Each blue box on the left is the text and arrangement
pair used for learning a meta-program capturing the arrangement’s
motif. The text above each row is the input at inference time. The
arrangements generated by SceneMotifCoder better respect the in-
put text in terms of number and type of objects present, and exhibit
more plausible spatial configurations and object appearance.

5. Results
Comparison with prior work. Figure 5 shows arrange-
ments generated using SMC and the baselines. Table 1 sum-
marizes the quantitative evaluation. To verify GPTEval3D’s
ability to evaluate object layouts, we computed the correla-
tion of its pairwise comparisons against manual verification
and user study results and found agreement of 88.5% and
85.2%, demonstrating high alignment with human judg-
ment. We also report the mean generation time.

The results show that SMC better conforms to the input
text description in terms of the number of objects and the
way they are arranged. MVDream sometimes omits an en-
tire object category, and disregards conditions on the num-
ber of objects. It also sometimes generates extra objects
(e.g., the floor in row 6). GraphDreamer performs worse
than MVDream as it almost always disregards the speci-
fied object numbers and layout. Moreover, its outputs suffer

from the Janus problem (e.g., generating bowls in irregular
shapes). Objects are often blended together with indistin-
guishable boundaries in between. MVDream also suffers
from the Janus problem but to a lesser extent. These limita-
tions hinder the practical usefulness of the arrangements in
populating digital scenes.

In contrast, using only 1 to 3 examples SMC excels at
generating results that respect the input text description.
Most generated arrangements have the correct number of
objects, and the objects are arranged according to the de-
scription. Even in cases where the example SMC learned
from is significantly different from the inference input de-
scription in terms of object categories, object count, and
dimensions, SMC successfully generalizes the underlying
motif. See the supplement for more qualitative examples.
Ablations. We compare against three ablated versions of
SceneMotifCoder: 1) direct arrangement generation given
descriptions of the DSL (w/o program); 2) without step-by-
step approach of making high-level observations to rewrite
the program with feedback (w/o observations); and 3) re-
place meta-program with in-context learning using example
arrangements as reference directly (w/o meta-program).

We also report results from LayoutPrompter [20], a re-
cent work on LLM-based 2D graphics layout generation.
LayoutPrompter is similar to the ablated SMC without
meta-program as it also uses in-context learning with a few
examples. We adapt its CSS-based formulation, adding 3D
object pose attributes to generate 3D layouts, and use mesh
retrieval to turn the layouts into object arrangements.

Table 2 shows the quantitative results. Without the gen-
eralization capabilities of the program learning module, the
system has a hard time generating arrangements with struc-
tural variations in the motif (e.g., surround), and gen-
erated programs are often incorrect (less than 40% of pro-
grams are correct, mostly easy motifs such as left of).
Without the step-by-step approach and feedback, generated
meta-programs often fail to recognize patterns in the motif
and exhibit naı̈ve memorization, making them less adapt-
able to new input descriptions. Without meta-programs,
the system is free to change program parameters arbitrar-
ily, making it more likely to write programs with erroneous
parameters. This is especially problematic when the target
arrangement has more objects than the in-context examples,
as there is no explicit constraint on where to put extra ob-
jects. Similarly, LayoutPrompter struggles at placing ob-
jects realistically in 3D. Floating objects and wrong rota-
tions are the most common failure modes (see Fig. 5). Even
with LLMs trained on large corpora of 2D layouts, it is not
straightforward to transfer such knowledge to 3D.
Applications. Each meta-program powerfully captures
general motifs. Figure 6 shows how meta-programs learned
by SceneMotifCoder can be leveraged to efficiently and
realistically populate indoor scenes. Figure 7 shows how



Manual Verification GPTEval3D [43] Perceptual Study

# Objs ↑ Layout ↑ Plaus ↑ Align ↑ Plaus ↑ Overall ↑ Align ↑ Realism ↑ Time ↓
GraphDreamer [9] 0.18 0.24 0.11 858.87 844.81 866.67 0.21 0.13 95 min
MVDream [32] 0.42 0.64 0.51 1083.57 1127.38 1089.83 0.44 0.54 43 min
SceneMotifCoder (ours) 0.93 0.90 0.76 1162.28 1176.43 1153.67 0.85 0.83 2 min

Table 1. Evaluation with manual verification of generated arrangement quality by a human expert annotator, algorithmic evaluation with
GPTEval3D [43], and a perceptual user study. We also report mean time to generate arrangement. Our approach outperforms the baselines
across all metrics, particularly in alignment to the text description, as measured by the # Objs and Layout metrics.

GPTEval3D

Align ↑ Plaus ↑ Overall ↑
SceneMotifCoder (ours) 1162.28 1176.43 1153.67
— w/o meta-program 1093.56 1119.31 1095.08
— w/o observations 1080.74 1094.83 1076.70
— w/o program 1036.18 1056.30 1035.42
LayoutPrompter [20] 1067.13 1066.16 1057.53

Table 2. We show the impact of key modules in SceneMotifCoder.
LayoutPrompter and the SMC ablations generate arrangements
with lower text-asset alignment, plausibility, and overall quality.

Figure 6. We populate the dining table scene shown with dense, re-
alistic object arrangements by instantiating six learned motif types
(stack, row, grid, left of, in front, and on top).

meta-programs can be edited and adapted. See supplement
for more examples of meta-program generalization.
Limitations. We focused on simple motifs and relied on
a library of curated 3D objects (i.e. pre-aligned, sized, and
categorized). While the motifs we addressed are simple, our
approach easily extends to more complex arrangements and
using CLIP or text-to-3D generation can loosen the curated
3D objects requirement and enable more fine-grained re-
trieval. See the supplement for examples of more complex
arrangements and using CLIP for retrieval. We can also use
LVLMs to determine the size and front orientation of ob-
jects following prior work [45]. Another limitation is that
we do not consider stylistic consistency between objects.

6. Conclusion
We presented SceneMotifCoder (SMC), an example-driven
framework for learning visual programs to generate 3D ob-
ject arrangements. While experts can code re-usable func-

def stack(obj_type, half_size, init_pos, num_objs, incre_y, 
rotate_params=None, extra_type=None, 
extra_half_size=None): 

objs = []
for i in range(num_objs):

x, y, z = init_pos[0], init_pos[1] + i * incre_y, init_pos[2]
obj = create(obj_type)
move(obj, x, y, z)
if rotate_params:

rotate(obj, rotate_params['axis'], rotate_params['angle’])
objs.append(obj)

# ----- Manual Edit -----
# Add extra_type and extra_half_size to signature
if extra_type:

extra_obj = create(extra_type, extra_half_size)
move(extra_obj, x, y + extra_half_size[1], z)
objs.append(extra_obj)

return objs

“A stack of three 
plates and a cup”

Figure 7. Editing a learned stack motif meta-program to add
an object at the top of the stack (manually added code indicated in
code comment). The edited meta-program preserves the generality
of the original while adapting the motif with a user modification.

tions for specific arrangement, we showed that LLMs can
automate this process and create reusable functions for
common object arrangements. Using LLMs can also be
substantially cheaper and less time consuming. We system-
atically evaluated our approach against state-of-the-art text-
to-3D generation baselines, as well as ablations that show
the value of our iterative visual program synthesis. Our re-
sults show that arrangements produced by SMC have higher
physical plausibility and respect the input text description
more closely. Using SMC, we enable users to easily gener-
ate and edit 3D object arrangements, and use them to pop-
ulate indoor scenes. We believe SceneMotifCoder’s ease of
use and efficiency for generating 3D object arrangements
provides a scalable and flexible solution for populating 3D
scenes with realistic object arrangements.
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