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Abstract

We propose a novel approach for reconstructing 3D in-
door scenes from a single image. Our method addresses the
challenges of physical plausibility and limited input views
by leveraging a database of 3D CAD models and introduc-
ing a contact-aware refinement step. We first apply Set-of-
Mark (SoM) prompting to partition the input image into se-
mantically meaningful regions, which are then used to guide
a large language model (LLM) in generating a structured
scene description. By parsing this description, we extract
spatial relationships between objects and use this informa-
tion to retrieve and align corresponding 3D CAD models.
Finally, our contact-aware refinement step adjusts the posi-
tions and orientations of the aligned models based on their
spatial relationships, ensuring physically plausible object-
to-object and object-to-layout interactions. We evaluate our
approach on the challenging ScanNet dataset and demon-
strate significant improvements over state-of-the-art meth-
ods in terms of reconstruction accuracy and perceptual re-
alism. Our results showcase the effectiveness of combining
LLMs with contact-aware refinement for single-image 3D
indoor scene reconstruction. The code can be found in this
link.

1. Introduction

Reconstructing 3D indoor environments from a single
image is a challenging problem due to complex layouts, ob-
ject clutter, and occlusions (13). Existing methods often
rely on multi-view inputs or produce reconstructions that

deviate from the actual scene geometry (I 1; 19). Single-
image 3D reconstruction has numerous applications, in-
cluding virtual reality, augmented reality, robotics, and
scene understanding. However, the limited information
available in a single image makes it difficult to recover ac-
curate 3D geometry and spatial relationships between ob-
jects. To address these challenges, we propose a novel ap-
proach for single-image indoor scene reconstruction using
a database of 3D CAD models. Our method leverages the
rich geometric information available in CAD models to gen-
erate physically plausible and visually coherent 3D scenes.
By combining CAD model retrieval, object alignment, and
contact-aware refinement, our approach achieves significant
improvements over state-of-the-art methods in terms of re-
construction accuracy and perceptual realism. Our method
consists of three main stages. First, we employ a state-of-
the-art CAD model retrieval technique (7) to identify the
most similar CAD models for each object in the input im-
age. Second, we align the retrieved CAD models to the
image using a robust pose estimation algorithm (20). Fi-
nally, we introduce a novel contact-aware refinement step
that adjusts the positions and orientations of the aligned
models based on their spatial relationships, ensuring phys-
ically plausible interactions between objects and the scene
layout. The main contributions of our work are:

* A framework for single-image indoor scene recon-
struction that integrates CAD model retrieval, object
alignment, and contact-aware refinement.

* A novel contact-aware post-processing method that
improves the physical plausibility of the reconstructed
scene by considering object-to-object and object-to-



layout interactions.

* Extensive experiments on the challenging ScanNet
dataset (6), demonstrating improved reconstruction ac-
curacy and perceptual realism compared to state-of-
the-art methods.

The paper is organized as follows. Section 2 reviews re-
lated work, Section 3 describes our methodology, Section 4
presents experimental results, and Section 5 discusses limi-
tations and future work.

2. Related Work
2.1. Single-Image 3D Scene Reconstruction

Single-image indoor scene reconstruction has been an
active research area in recent years. Early methods relied
on hand-crafted features and geometric constraints to recon-
struct 3D scenes from a single image (10; 22). These meth-
ods often made strong assumptions about the scene geome-
try and struggled to handle complex scenes with occlusions
and clutter.

With the advent of deep learning, several approaches
have been proposed to leverage the power of neural net-
works for single-image 3D scene reconstruction. One line
of research focuses on end-to-end learning of 3D scene
representations from a single image. (19) introduced an
unsupervised approach using differentiable rendering and
learned shape priors, while (1 1) proposed a coarse-to-fine
method utilizing depth estimation, surface normal predic-
tion, and semantic segmentation. These methods have
shown promising results in reconstructing 3D scenes from
a single image but often struggle with complex scenes and
heavily occluded objects.

Another line of research investigates the use of 3D CAD
models for single-image scene reconstruction. (7) intro-
duced ROCA, a robust CAD model retrieval and alignment
method that leverages dense correspondences and a joint
embedding space. (15) proposed Mask2CAD for retriev-
ing and aligning CAD models to objects in an RGB im-
age. These methods have demonstrated impressive perfor-
mance in reconstructing 3D scenes using CAD models but
do not explicitly consider the physical plausibility of the re-
constructed scene.

2.2. 3D Object Pose Estimation

Estimating the 3D poses of objects from a single image
is a crucial component of indoor scene reconstruction. Tra-
ditional methods relied on feature matching and geometric
constraints to estimate object poses (3; 18). However, these
methods often struggled with occlusions, symmetries, and
intra-class variations.

Recent works have explored the use of deep learning for
3D object pose estimation. (24) proposed PoseCNN, a con-

volutional neural network (CNN) architecture for estimat-
ing the 6D poses of known objects from a single image.
(16) introduced DeepIM, an iterative refinement framework
for 6D pose estimation using deep neural networks. These
methods have shown significant improvements over tradi-
tional approaches but require a large amount of labeled
training data.

Few-shot learning and neural rendering have also been
explored for 3D object pose estimation. (23) proposed
Neural View Synthesis and Matching (NVSM) for semi-
supervised few-shot learning of 3D object pose, demon-
strating impressive data efficiency and robustness to occlu-
sion. However, this method focuses on individual objects
and does not consider the overall scene context.

2.3. CAD Model Alignment and Pose Refinement

Aligning 3D CAD models to objects in an image is an
essential step in single-image indoor scene reconstruction.
Early methods relied on hand-crafted features and iterative
closest point (ICP) algorithms to align CAD models to 3D
point clouds (4; 21). However, these methods often required
good initial alignments and struggled with partial observa-
tions and occlusions.

Recent works have leveraged deep learning to improve
the robustness and accuracy of CAD model alignment.
(20) introduced CORENets for predicting object correspon-
dences and 6D poses, while (5) proposed a category-level
6D pose estimation method handling intra-class shape vari-
ations. These methods have shown promising results in
aligning CAD models to objects in an image but do not ex-
plicitly model the physical interactions between objects in
the scene.

2.4. Physical Reasoning and Contact-Aware Recon-
struction

Incorporating physical reasoning and contact-aware con-
straints into 3D scene reconstruction is crucial for generat-
ing realistic and physically plausible results. Early methods
relied on hand-crafted rules and optimization techniques to
ensure the stability and plausibility of reconstructed scenes
(8; 12). However, these methods often made strong as-
sumptions about the scene geometry and struggled to handle
complex object interactions.

Recent works have explored the use of deep learning and
physics simulation for contact-aware 3D scene reconstruc-
tion. (25) proposed a structured neural network architec-
ture for learning object-centric representations and physical
interactions from 3D scene graphs. These methods have
shown promising results in generating realistic and physi-
cally plausible 3D scenes but require extensive annotations
and simulation data.

Our proposed method builds upon the strengths
of ROCA (7) by incorporating a contact-aware post-



processing step to ensure the physical plausibility of the re-
constructed scene. We leverage the power of large language
models (LLMs) to generate structured scene descriptions
and extract spatial relationships between objects. By com-
bining CAD model retrieval, object alignment, and contact-
aware refinement, our approach aims to generate realistic
and physically plausible 3D indoor scenes from a single im-
age.

3. Technical Approach

In our proposed method, we first leverage the pre-trained
ROCA model (7) for pose estimation and 3D CAD model
retrieval. Next, we utilize the GPT-4V (1) language model
to generate structured scene descriptions. Finally, we apply
a contact-aware post-processing step to ensure physically
plausible scene reconstruction. Additionally, we extend our
method to generate 3D scenes directly from textual descrip-
tions, enhancing its versatility and applicability.

3.1. Pose Estimation: ROCA

We utilize ROCA (7) to retrieve and align 3D CAD mod-
els from a shape database to a single input image. The
ROCA model has been trained on the ScanNet dataset (6),
which contains 1,513 scans of 707 unique indoor environ-
ments, along with CAD model alignments. The method
begins by detecting and segmenting objects in an RGB
image using a Mask-RCNN (9) backbone and estimating
depths with a multi-scale FPN (17). It then aligns these ob-
jects by calculating their 9-DoF alignment using estimated
depths, 2D features, and instance masks. ROCA employs a
weighted Procrustes optimization to refine object rotation
and translation, ensuring robust alignment. The method
extends to retrieving geometrically similar CAD models
for each detected object, leveraging geometry-aware joint
embeddings and a nearest-neighbor lookup from a CAD
database for real-time inference.

The model is trained in an end-to-end manner, with the
total loss defined as follows:

Lalign = wrmLmt +Ltrans +Lscale +Wnoc Lnoc +Ltmns_inilial ( 1 )

Here, wo and wyo. are weights for the rotational and NOC-
correspondence components of the loss, respectively. Ly,
Lizans, and L, denote losses for rotation, translation, and
scaling errors, aiming to align the 3D model to observed
2D features accurately. Lians_initial accounts for errors in the
initial translation estimation.

3.2. Scene Description Generation

To generate structured scene descriptions from the input
image, we employ a large language model (LLM), specif-
ically GPT-4V (1). GPT-4V is a powerful language model
that has been trained on a vast amount of text data, enabling

it to understand and generate human-like descriptions. In
our approach, we leverage GPT-4V’s ability to interpret vi-
sual information and generate structured scene descriptions
in a predefined domain-specific language (DSL) format.

The DSL format is designed to capture essential details
about the objects present in the scene, including their at-
tributes, bounding box coordinates, and spatial relationships
with other objects. The DSL consists of a set of predefined
syntax rules and keywords that allow for the efficient rep-
resentation of scene information. For example, each object
in the scene is represented by a unique identifier, followed
by its class label, bounding box coordinates, and any rel-
evant attributes (e.g., color, size, or material). Spatial re-
lationships between objects are captured using predefined
keywords such as ”on,” “’next to,” or "behind,” along with
the corresponding object identifiers.

To generate the structured scene description, we first
apply Set-of-Mark (SoM) prompting to the input image.
SoM prompting utilizes state-of-the-art segmentation mod-
els, such as SEEM (26) and SAM (14), to partition the im-
age into semantically meaningful regions. These regions are
then overlaid with visual marks, including colored masks
and bounding boxes, to provide additional context for the
LLM. The SoM-prompted image serves as input to GPT-4V,
which analyzes the image and generates a structured scene
description in the DSL format.

Using a structured representation in the form of the DSL
offers several benefits. First, it allows for efficient parsing
and extraction of relevant information, such as object at-
tributes and spatial relationships, which are crucial for the
subsequent steps of our approach. Second, the structured
format enables easy integration with other components of
our pipeline, such as the scene description parsing and spa-
tial relationship extraction modules. Third, the DSL pro-
vides a standardized and interpretable representation of the
scene, facilitating debugging, analysis, and evaluation of the
generated descriptions.

Figure 1 illustrates an example of a generated scene de-
scription in the specified DSL format. As shown in the fig-
ure, the description captures objects, their attributes, bound-
ing boxes, and spatial relationships, providing a comprehen-
sive representation of the indoor scene.

3.3. Scene Description Parsing and Spatial Rela-
tionship Extraction

Once the structured scene description is generated in the
DSL format, the next step is to parse it and extract the rele-
vant information, particularly the spatial relationships be-
tween objects. While the scene description may include
various spatial relationships such as “on,” “next to,” and
”behind,” our method primarily focuses on the ”on” rela-
tionship for the subsequent steps of estimating the 3D poses
of objects and refining their positions and orientations. We



Input 1: Original Image

Input 2: SEEM prompt Image

.
User:
You will be provided with two images of an indoor scene:
1. The original, unannotated image.
2. An annotated version of the image with colored object
masks, category names, and bounding box information.
Your task is to generate a structured scene description using | _—
the following DSL format:
Please provide the generated scene description in the specified
DSL format.
A

y- Sample DSL Format =N
[ #Define the scene )

scene {
# Declare objects
objects {
<object_id>: <object_type> [<object_properties>]

}

# Declare relations between objects
relations {
<relation_type>(<object_id>, <object_id>)
[<relation_propertics>]

}
# Declare object orientations (optional)
orientations {

<object_id>: <orientation_value>

=
Gl

Figure 1. Example of a generated scene description in the specified DSL format. The description captures objects, their attributes, bounding

boxes, and spatial relationships.

utilize LLMs to extract these relationships.

The extracted ”on” relationships are then represented us-
ing a directed graph structure, where each node corresponds
to an object instance, and each directed edge represents
an “on” relationship between two objects. The direction
of the edge indicates which object is on top of the other.
This graph-based representation allows for efficient reason-
ing about the vertical stacking of objects in the scene, which
is crucial for the subsequent steps of our approach.

3.4. Contact-Aware Post-Processing

The final stage of our approach focuses on reconstruct-
ing the 3D indoor scene by placing the objects according
to their estimated poses and the extracted spatial relation-
ships. Our goal is to generate a physically plausible and
visually coherent representation of the scene that closely
matches the input image. To achieve this, we introduce a
contact-aware post-processing step that refines the object
positions and orientations based on their spatial relation-
ships and contact constraints.

The contact-aware post-processing step takes as input the
estimated object poses from the ROCA model and the ex-
tracted “on” relationship graph from the scene description
parsing stage. It then applies a series of refinement oper-
ations to ensure that the objects are placed in a physically
plausible manner, taking into account their contact points
and the stability of the overall scene.

The method begins by finding the global vertical direc-

tion. Since all the CAD models are y-up, we determine the
vertical direction of all objects from their estimated poses.
Specifically, for an object ¢ with an estimated rotation R;,
its vertical direction is R;y, where y = [0, 1, 0]. We take the
average of the vertical directions of all objects as the global
vertical direction:

Yalobal = aVE(Ys)- 2

Simultaneously, we take the average of the lowest points of
the meshes of all objects on the ground as the ground height.
Next, we start from the ground and traverse the relation-
ship graph in topological order. If there is an edge from ob-
ject a to object b, it indicates that object b should be placed
above object a, which means the height of object b should
equal to the height of object a plus the height of the center-
of-mass of object b. We calculate the height of object b as

follows:
height, = height, + height,, ., 3)

We repeat this process for all objects, ensuring each object’s
height is adjusted accordingly.

This structured approach ensures that objects are placed
in a physically plausible manner, maintaining stability and
coherence in the reconstructed 3D scene.

3.5. An Extension: Generation from Text

Going beyond generating 3D indoor scenes from a sin-
gle image, we also explore generation from texts. This is



practical because, in many scenarios, it is more convenient
for users to express their layout design thoughts through
text rather than providing an actual image. We explore two
approaches in this regard. First, we utilize a large text-to-
image model to generate an image from the text, and then
use our proposed image-to-scene pipeline to generate the
3D scene. Additionally, as suggested by (2), we ask LLM
to directly generate the DSL description of the scene. We
then utilize a gradient-based optimization scheme to com-
pute the 3D layout based on this description. This approach
bypasses the need for intermediate image generation and
directly interprets textual descriptions into spatial arrange-
ments.

Text-to-Image-to-Scene The first approach begins with
converting textual descriptions into images. Here, the gen-
erated images serve as the basis for our image-to-scene con-
version pipeline.

Text-to-DSL-to-Scene In this innovative approach, we
bypass image generation and directly transform text de-
scriptions into DSL formats that articulate the spatial and
relational attributes of the intended 3D scene. This direct
text-to-DSL method relies heavily on the capabilities of ad-
vanced Language Models (LLMs) to interpret and translate
natural language into structured data that accurately repre-
sents a scene’s layout. We then follow the gradient-based
optimization as proposed in (2) to get the 3D layout.

4. Results
4.1. Dataset

We will use the same dataset as ROCA for consistency
and to take advantage of the pre-trained model’s learned
features and alignments. By utilizing the pre-trained ROCA
model, we can focus in developing our contact-aware post-
processing step and fine-tuning the network parameters to
improve the physical plausibility and accuracy of the recon-
structed scene.

4.2. DSL Generation

To generate a structured scene description in the DSL
format, we used a standardized prompt for LLMs to
generate spatial relationships:

You will be provided with two images:
1. An original indoor scene image.

2. The same image with colored object masks
and their corresponding category names and 3D
bounding box values.

Your task is to analyze the images and generate a
scene description using the following DSL format:

scene {
# Declare objects
objects: [
{
id: <object_id>
category: <category_name>
mask_color: (<r>, <g>, <b>
bounding_box: {
position: (<x>, <y>, <z>)
size: (<width>, <height>, <depth>
orientation: (<rx>, <ry>, <rz>)
}
[attributes: {
<attribute_name>: <attribute_value>

H
b

1

# Declare spatial relationships
spatial_relationships: [
{

type: <relationship_type>

subject_id: <object_id>

object_id: <object_id>

[properties: {

<property_name>: <property_value>

H
I

Guidelines:

Identify the objects in the scene based on the col-
ored masks and their category names.

Extract the 3D bounding box information for
each object.

Determine the spatial relationships between the
objects based on their positions and orientations.

Use the provided DSL format to generate a struc-
tured scene description.

If any additional object attributes can be inferred
from the images, include them in the object defi-
nitions.

Ensure that the generated DSL is valid and well-
formatted.

Please provide the scene description in the speci-
fied DSL format.

For example, we input the original image and the SEEM
prompt Image in Figure 1 and got the following result:



scene {
# Declare objects

# Declare spatial relationships

spatial_relationships:

{

type: "on"
subject_id: 2
object_id: 1

by

{

type: "on"
subject_id: 3
object_id: 2

by

{

type: "on"
subject_id: 4
object_id: 2

by

{

type: "on"
subject_id: 5
object_id: 2

by

i

type: "next_to"
subject_id: 6
object_id: 2

by

i

type: "behind"
subject_id: 7
object_id: 2

by

{

type: "next_to"
subject_id: 8
object_id: 2

by

{

}

type: "next_to"
subject_id: 9
object_id: 2

[

Then the on-relationship was acquired as follows:

Keyboard

4.3. Comparison

To validate the effectiveness of our method, we selected
ROCA as the baseline and compared with it. We first eval-
uated the physical realism of the 3D scenes generated by
our method by converting these scenes into URDF format
and importing them into a simulation environment. Under
the influence of gravity, the scene will eventually reach a
steady state as in Figure 2. We assessed the realism of our
generated 3D scenes by measuring the offset between the
objects in the generated scenes and their positions in the
final steady state; smaller offsets indicate greater physical
realism. The results, shown in the table below, demonstrate
that our method significantly improves the realism of the
generated 3D scenes.

Method Average Offset
ROCA 0.11m
Our Method 0Om

Table 1. Comparison of Average Offset

Qualitative comparison results are displayed in Figure
3. It is evident that the baseline method exhibits numerous
noticeable issues, such as floating objects or penetration,
whereas our method consistently generates correct contacts
between objects. We also show the results of overlaying the
3D model onto the input image in Figure 4. The high degree
of overlap demonstrates the accuracy of our reconstruction.

5. Conclusion

In this paper, we proposed a novel approach for recon-
structing realistic 3D indoor scenes from a single image.
Our method combines the strengths of large language mod-
els (LLMs) and contact-aware refinement to address the
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(a) Objects floating in the air.

(b) Objects at steady state.

Figure 2. Objects in simulation.

w/o contact-aware
post-processing

w/ contact-aware
post-processing

Figure 3. Comparison of our method and the baseline. The baseline results show noticeable issues such as floating objects or penetration,

while our method generates correct contact.

challenges of physical plausibility and limited input views.
By leveraging Set-of-Mark (SoM) prompting, scene de-
scription generation, and spatial relationship extraction, our
approach enables the retrieval and alignment of 3D CAD
models to the input image. One of the key aspects of our
method is the use of a comprehensive domain-specific lan-
guage (DSL) for representing the structured scene descrip-
tion. Although our current implementation primarily fo-

cuses on the on” relationship for contact-aware refinement,
the DSL is designed to capture a wide range of spatial re-
lationships between objects. This design choice allows for
future extensibility and the potential incorporation of ad-
ditional relationships to further improve the reconstruction
quality.

We evaluated our approach on the challenging Scan-
Net dataset and compared it with the state-of-the-art ROCA



Input image

Overlaying 3D model onto input image

Figure 4. Overlay of the reconstructed 3D model onto the input image.

baseline. The qualitative results showcase the effectiveness
of our contact-aware refinement step in generating physi-
cally plausible object interactions and resolving issues such
as floating objects or interpenetrations. Our method demon-
strates improved physical plausibility in the reconstructed
scenes, as evidenced by the correct contact between objects
in the generated 3D scenes.

To further validate the physical realism of our recon-
structions, we converted the generated 3D scenes into
URDF format and imported them into a simulation envi-
ronment. By measuring the offset between the object posi-
tions in the generated scenes and their positions in the final
steady state under the influence of gravity, we showed that
our method produces more physically realistic scenes com-
pared to the baseline. Although our current evaluation fo-
cuses on qualitative comparisons and physical plausibility,
future work could involve more comprehensive quantitative
evaluations to assess the reconstruction accuracy and per-
ceptual realism of our approach.

However, our method has certain limitations that open
up avenues for future research. One potential direction is
to explore the use of other spatial relationships captured
by the DSL, such as “next to,” "in front of,” or "behind,”

to handle more complex scene layouts and object interac-
tions. Additionally, incorporating these relationships could
help resolve scale ambiguities that may arise when relying
solely on the "on” relationship. Furthermore, extending our
approach to handle multiple input views or leveraging ad-
ditional cues such as depth information could enhance the
robustness and accuracy of the reconstructed scenes. Inte-
grating more advanced physics simulation techniques into
the contact-aware refinement step could also improve the
physical plausibility of the generated scenes. In conclusion,
our work demonstrates the potential of combining LLMs
with contact-aware refinement for single-image 3D indoor
scene reconstruction. By leveraging the power of language
models and spatial reasoning, we can generate realistic and
physically plausible 3D scenes from limited input views.
We believe that our approach lays the foundation for future
research in this direction and has the potential to benefit
a wide range of applications, from augmented reality and
robotics to architectural design and visualization.
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