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Abstract

Interactive 3D environments are key for training and

evaluation of embodied Al agents, which makes availabil-
ity of realistic large-scale 3D datasets critical for future ad-
vances in the area. However, modern state-of-the-art sim-
ulation databases rarely contain more than a hundred in-
teractive scenes [20][19][[4], because manual scene cre-
ation is time-consuming and expensive. While there have
been efforts to generate simulation scenes procedurally
from scratch [1], the outcomes of training Al agents in these
environments are unsatisfactory [I2|], likely because these
solutions use overly simplistic rules, leading to unrealistic
generations. Meanwhile, 3D reconstruction datasets built
by scanning real environments may contain thousands of
realistic scenes [4][42|][40], while lacking physical object
annotations necessary for interactivity.
In this project we introduce a solution that leverages abun-
dant 3D reconstruction data available online for procedu-
ral scene generation in two stages. First, we use Grounded
SAM [33]], a powerful open-set object detection and seman-
tic segmentation tool to segment and annotate the input 3D
mesh with user-defined object categories. Second, we find
the nearest database object (similar both semantically and
in terms of orientation) for every detected object using CLIP
[28] image representations and class labels predicted at the
previous step. This process may be used to convert any 3D
mesh scene (either reconstructed or generated) into an in-
teractive environment by repopulating it with richly anno-
tated database objects replacing their original mesh coun-
terparts.

1. Introduction

Modern robotics research and engineering benefit from
scale and availability of quality virtual simulation data, such
as indoor/outdoor interactive scenes. Embodied Al agents
can be trained and evaluated in virtual environments for a
range of tasks because it’s a safe, cheap and scalable alter-
native to real-world training. Virtual training is also fast,
parallelizable and allows more control and reproducibil-
ity. However, creating simulation scenes is labor-intensive
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and costly as each scene has to be modeled and annotated
by humans, especially when it comes to interactive scenes
modeling everyday household tasks. If we want an embod-
ied Al agent trained in a simulation to successfully operate
in the real world, realism of the scene layout and physi-
cal properties of the objects it interacts with become criti-
cal. BEHAVIOR-1K [19] is a recently published embodied
Al benchmark that addresses these needs with a database
of 1,000 pre-sampled activities, 50 scenes, and more than
9,000 objects. While enjoying realistic scene layouts and
advanced physical simulation based on the OmniGibson
technology, it’s still far from large scale.

In this project we take on the task of converting a
3D indoor scene representation into an interactive Om-
niGibson scene filled with richly annotated objects from
the BEHAVIOR-1K database. Given the availability of
large 3D scene reconstruction datasets [4]][42]][40] and re-
cent advances in visual-language models that make auto-
matic object detection and semantic segmentation possible
[L3][28]][21], this approach promises a reliable and univer-
sal solution for the training data scarcity challenge. Our
suggested pipeline consists of two stages. First, we take a
3D scene mesh representation together with multiview 2D
scans of the scene and perform semantic segmentation with
Grounding SAM [33] approach, obtaining a segmented 3D
mesh as the result. Second, we isolate objects from the seg-
mented scene and replace them with nearest neighbors from
the BEHAVIOUR-1k object database, using distance be-
tween CLIP embeddings of 2D renders of the objects taken
from the same angle. Each of these stages comes with its
unique set of challenges we need to address.

2. Related Work

3D representations are ways of modeling and storing
three-dimensional objects/scenes in a form that computers
can manipulate and render. The most common 3D repre-
sentations are 1) voxel [15], 2) polygon mesh [37] and 3)
point cloud [[17]]. Voxels in 3D space are the similar concept
as pixels in 2D space while polygon meshes are vertices
with color and face sets of polygon (typically with trian-
gles). The state-of-the-art method apply 3D Gaussian splat-
ting [[L1] with point cloud representation, which renders real



time and high resolution 3D scenes.

Visual-language models or multimodels [24] move one
step forward from pure Large Language Model (LLM) [29]
[2] by taking images as the input. The earlier work of rep-
resentations by unsupervised Contrastive Predictive Cod-
ing in [38] inspires the Contrastive Language-Image Pre-
trainining (CLIP) [28], which is trained by large scale of
datasets consisting of pair of text and images from internet.
Grounding DINO [21] extends the concept of cross atten-
tion between image tokens and text tokens, which achieves
the open set object detection capability. Similar cross atten-
tion mechanism but with point and box prompt embeddings
in SAM [[13] achieves the major breakthrough of image seg-
mentation. In combination of the two methods, Grounding
SAM [33]] was proposed to leverage the Grounding DINO
capabilities to generate the box prompt for SAM to produce
more accurate mask annotations.

3D semantic segmentation of point cloud defines the pro-
cess of partitioning the 3D representation (e.g. point cloud)
into multiple sets of points, each identifying a different ob-
ject or part of the scene at the point-level. With benefit
from the recent advance in segmentation (SAM [13]), the
authors in [43] proposes to iteratively merge the 2D seg-
mentation masks generated from multiviews of the point
cloud from a given scene. In [41], the idea promotes pro-
jecting located point from 3D input scenes to 2D frames as
the pixel prompts to the SAM [13]], which has better frame
consistency and surpasses human-level annotations. Im-
provement of 3D consistency is achieved in [44] by evaluat-
ing the primitive affinity scores among the 2D posed masks
from SAM and merging progressively. Alternately, authors
in [27] proposed to learn hierarchical semantics using SAM.

3D object bounding boxes could be either the extension
task from 2D object detection with bounding boxes or the
consequential results built on 3D segmentation tasks. 2D
object detection with bounding boxes could be achieved by
either traditional convolution neural network (CNN) based
methods ([9] [8] [32] [30] [31]]) or recent transformer base
methods ([3] [7] [45]). The concept has been extended to
3D with multiple viewpoints (e.g. [23]). For 3D objects in
motion, Multi-Frame Clustering (MFC) has been proposed
in [39].

3D Awareness Merging Algorithms are designed to
merge 2D images into 3D mesh/point clouds with geom-
etry consistency. Structure from Motion (SfM) considers
3D reconstruction from unordered image collections [235].
In [35], COLMAP is proposed, which consists of 1) fea-
ture extraction (e.g. SIFT [22]] for keypoints), 2) matching
and 3) geometric verification in the Correspondence Search
among the images. More recent approaches uses SAM [33]]
to identify the same object masks among images (refer to
SAM3D [43]) and then applies the bidirectional merging to
generate the 3D masks. SAMPro3D [41]] suggested to lever-
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Figure 1: Functional diagram of the two stage pipeline.

age the SAM’s point prompt capability in 2D images with
3D initial points projecting to 2D as point prompt inputs
for SAM, which has better geometry consistency. SAI3D
[44] groups 3D points in the point cloud as 3D primitives
by normal-based graph cut and then projects to 2D images,
segments with SAM, and merges back to 3D with affinity
scores in 2D (cosine similarity) in single view (weighted
sum for multi-view cases). Authors in [1] analyzed the 3D
awareness by 1) encode the 3D structure and 2) consistency
represent the surface across view via the features extracted
from the visual foundation models and show the limitations
of current visual models.

3. Approach

As mentioned in Sec. our pipeline consists of two
main stages (Fig. [T):

* 3D semantic segmentation
* 3D database object identification and replacement

We provide the details of both stages as well as intermediate
steps below.

3.1. 3D semantic segmentation

Our solution for the first stage is based on Grounding
DINO and SAM models that provide powerful capabili-
ties for open-set object detection and prompt-based seg-
mentation, followed by application of a simple yet effective
SAM3D framework.

We start with object categories from the BEHAVIOR-
1K dataset as text prompts and apply Grounding DINO
algorithm to the multiview 2D scans to detect objects in
the given scene that may have suitable counterparts from
the same categories in BEHAVIOR-1K. For simplicity, we
manually filter out object categories that are not present
in the given scene, a task that may be performed using
visual-language models in the future. Grounding DINO
outputs a set of labeled bounding boxes that serves as
prompts for the SAM model that produces a binary seg-
mentation mask per each class per image. We then com-
bine the per class masks, producing a single semantic seg-
mentation mask per image. As the last step we utilize
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Figure 2: Functional diagram of the first stage pipeline.

the SAM3D tool (codes available at https://github.
com/Pointcept/SegmentAnything3D) that uses
original 2D depth data to project the 2D segmentation
masks back to the original 3D scene.

3.2. Object Identification and Replacement

The next stage of the pipeline after semantic segmen-
tation involves matching the isolated object(s) from the
3d mesh to an object instance and orientation pair in the
BEHAVIOR-1K dataset, and finally replacing the original
object with the interactive one. To do this, we choose a
camera position and angle in the 3d mesh to get a ’snap-
shot’ of the objects in the scene that we can replace. Then,
we first generate two altered meshes using the original
semantically segmented one: (1) a mesh where everything
is filtered out except for the object we want to replace,
and (2) a mesh where the object itself is filtered out and
everything else remains. These meshes can be visualized
in Fig[10] and Fig. with first stage’s 3D segmentation
masks.

We then use mesh (1) to get a 2d image of the object and
compare it to 2d images of the BEHAVIOR-1K objects
that have the same label. The BEHAVIOR-1K objects
are rendered at a variety of orientations but all have the
same camera pose as the original scene. To identify the
correct object and orientation, we first match the 3d mesh
object to one of the object instances in the BEHAVIOR-1K
dataset. For instance, if we know the object’s label is
“straight_chair’, we render one image of each instance of

straight chairs in the BEHAVIOR-1K dataset and match the
3d mesh object to one of the instances. Then, as a second
step, we match the 3d mesh object to one of multiple
orientations of the BEHAVIOR-1K object instance, as
to account for the fact that objects in the 3d mesh may
not always be facing the same direction in relation to the
camera pose.

To do the matching process described above, we leverage
large vision/language models CLIP [28] and GPT-40. With
CLIP, we get an embedding of each of the objects (both
the 3d mesh object and the BEHAVIOR-1K objects) and
compute cosine similarity between the 3d mesh object
and the BEHAVIOR-1K objects to match them. When
matching the 3d mesh object to the correct orientation,
we also use PCA to reduce the dimensionality of the
embeddings of each image. In doing this we aim to distill
the embeddings such that the remaining dimensions reflect
orientation/rotation information, since this is the only thing
varying between the dataset images at this stage in the
pipeline. The original object’s embedding is then projected
onto these dimensions to make the comparison. With
GPT-4o0, rather than comparing image embeddings directly,
we prompt GPT to compare the orientation of the 3d mesh
image to the orientations of each of the BEHAVIOR-1k
images and choose the BEHAVIOR-1k image that matches
it best.

The prompt we use for GPT:

You are an object orientation matcher.
You are given one image of a novel
object (first image) and a few

images of a known object in different
orientations (subsequent images).

Your job is to tell me which of the
images of the known objects is closest
in orientation to the novel object
image. Please complete the task with
You should not
write or use any code, but should
instead simply look at the images.

Also, you should pay attention to which
way (e.g. front, right, front left,

etc) the chair is facing to inform your
decision.

the attached images.

Finally, we use mesh (2) to build a new scene where
the original object is replaced by the BEHAVIOR-1k
object. We use the best instance and angle computed (in
relation to the camera pose) to place the object into the
scene. We also save the adjusted bounding box (center
and extents) as well as orientation to later create a fully
interactive OmniGibson environment.
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Figure 3: The original scene vs the scene with a BEHAVIOR-1K object replacing the original one. The object in question is

highlighted in red.

4. Dataset and Features

As described in Sec. [I] the focus of this project is on
the indoor scenes. Two datasets: 1) ScanNet [4]] and 2)
BEHAVIOR-1K datasets [19] are applied to our experi-
ments. The former is used for indoor scenes segmenta-
tion (one typcial scene demonstrated in Fig. ) while the
latter is to generate interactive 3D object by replacing the
original ScanNet 3D object with objects from BEHAVIOR-
1K datasets (one Omnigibson supported object with states
shown in Fig. [3).

We select ScanNet datasets for our experiments with
instance-level indoor RGB-D data (depth is 16-bit unsigned
short values), which consists of 2.5M views in 1513 scenes.
The datasets contains both 3D meshes with corresponding
2D multi-view images and semantic annotations. In addi-
tion, the ScanNet datasets have been used in many 3D seg-
mentation researches [43]]) [44].

To achieve the goals of interactive 3D indoor envi-
ronments, as introduced in [T, BEHAVIOR-1K datasets is
adopted since it contains more than 9,000 annotated ob-
jects with physical (e.g., friction, mass, articulation) and
semantic (e.g., category) properties. Particularly, Omnigib-
son provides, beyond [18], necessary functionalities to sup-
port more realistic interactive 1000 activities (continuous

Figure 4: One typical indoor scene from ScanNet [4].

extended states such as thermal effect, deformables, trans-
parency and so forth).

Here is detail of applying the ScaNet and BEHAVIOR-
1K datasets to our experiments:

* For the first stage of the pipeline, we start with ScanNet
dataset [4]], that provides 3D reconstructions of indoor
scenes, annotated with camera poses and semantic seg-



Figure 5: One Omnigibson supported object with states
from BEHAVIOR-1K [19]: (left) draped and (right) folded.

mentation.

* For the second stage of the pipeline, the images of the
filtered 3D object/mesh (by SAM3D masks) will be
compared to the images of objects in the OmniGibson
BEHAVIOR-1K datasets.

5. Experiment Results and Discussion
5.1. 3D Semantic Segmentation Results

We ran our pipeline described in Sec [3.1] for individual
ScanNet scenes in two modes: binary segmentation, using
a single class label as text prompt for Grounding DINO and
multi-class segmentation, running the algorithm for several
classes and combining the resulting masks together. We as-
sessed the performance of the chosen approach qualitatively
by rendering the resulting labeled 3D meshes and compar-
ing them with the ground truth annotations(Fig. [6). An ex-
ample of single class segmentation is shown at Fig. [§] and
Fig 7] demonstrates a result of running multi-class segmen-
tation using a list of objects presented in the original scene
as text prompts. Looking at these renders, we can make a
couple of important observations:

* Single-class segmentation results are visibly better,
while not perfect. Multi-class segmentation results in
a spotty mask that can only approximately differenti-
ate very different areas (such as chairs vs. refrigera-
tor), but is very inconsistent in more similar parts of
the scene (refrigerator vs. cabinets)

* Single-class segmentation works better, but the result-
ing mask is still spotty, sometimes covering the unex-
pected areas, for example, the lower part of the refrig-
erator in a suspiciously straight line. These artifacts
may be caused by inconsistencies in depth data that is
used by SAM3D algorithm to lift the 2D segmentation
masks back to 3D mesh (See Fig. [9]for an example)

Figure 6: Ground truth segmentation mask.

Figure 7: Multi-class segmentation result. Text prompts:
[’refrigerator’, ’cabinet’, ’doors’, ’chair’, ’sink’, ’kitchen
cabinets’, ’tv’, armchair’, ’trash can’, ’table’]

Figure 8: Binary segmentation result. Text prompt: ’chair’

5.2. Object Identification And Replacement Results

Fig. [3| shows an example end-to-end result of replac-
ing a 3d mesh object with a BEHAVIOR-1k object. Gener-
ally, CLIP does very well in matching the 3d mesh object



(a) RGB frame

(b) SAM segmentation mask

(c) Depth scan

Figure 9: Depth artifacts. Figure (a) is the original RGB
frame, showing the placement of a chair and a fridge. SAM
segmentation mask on figure (b) demonstrates that SAM
was able to properly distinguish chairs from the refrigera-
tor. However, on the depth scan (c) similar depths values
are erroneously assigned to the chairs and parts of the re-
frigerator.

to a similar BEHAVIOR-1k instance in its respective cat-
egory (see example in Fig. [I3). It also does reasonably
well in matching the object to its respective orientation (see
example in Fig. [I6) when we apply PCA to the embed-
dings. Table [I] shows the accuracy of CLIP alone, CLIP
with PCA, and GPT-40 in matching orientations on a small
subset (5 instances) of straight chairs from the BEHAVIOR-
1k dataset. As shown, CLIP seems to rely on PCA to fo-
cus the embeddings on orientation information, and GPT-
40 doesn’t perform very well. It should be noted, however,
that most of CLIP’s errors were off by only one rotation (45

degrees in this case), indicating this deficiency could po-
tentially be ameliorated by higher quality meshes/images or
other variations of dimensionality reduction, etc. See the
discussion section for more details on failure cases.

Model Accuracy
CLIP 40%
CLIP with PCA 80%
GPT-40 40%

Table 1: Comparison of models for matching 3d mesh ob-
jects to orientations of the corresponding BEHAVIOR-1k
object instance. This is tested on a small set of 5 different
instances of the straight chair BEHAVIOR-1k object cate-

gory.

5.3. Discussion and limitations

As shown in Fig. [TT] (left), the mesh of the chair is frag-
mented (missing some legs) after we apply the masks gen-
erated by SAM while some parts of the legs’ mesh is left in
the filtered scene as shown in the right of Fig. [TT} This is
not the issue from SAM but the limitation from the original
datasets. As shown in Fig. [I2] in the multiview images, the
legs of the chair are occluded by the table, so SAM could
not segment in the 2D images and hence the 3D mask is
missing these parts. In SAI3D [44], this issue has been ad-
dressed by the affinity scores to some extent.

One other limitation we faced was CLIP/GPT’s perfor-
mance in matching the 3d mesh object to orientations of the
BEHAVIOR-1k objects. While overall we managed to get
satisfactory performance with CLIP and PCA, it is not con-
sistent across all objects/instances. With CLIP, most of the
errors are off by one rotation of 45 degrees, so better per-
formance may certainly be attainable, perhaps with a more
granular set of orientations to both make errors less dras-
tic and to increase the dimensionality of the PCA-reduced
embeddings since there would be more embeddings in the
dataset. GPT’s errors seem mainly related to the model
confusing which image is which or whether it should make
orientation comparisons from the chair or the viewer’s per-
spective. Better prompt engineering may thus yield more
consistent results if CLIP still cannot achieve desirable per-
formance.

6. Conclusion and Future Work

In this project we introduced a general framework for
creating new realistic simulation scenes based on exist-
ing 3D scene representations, leveraging the recent devel-
opments in visual-language representation modeling and
robotic interactive benchmarks. We explored applications
of Grounding SAM to the 3D semantic segmentation tasks
and CLIP embedding capabilities for most similar object



Figure 10: Visualized 3D masks from SAMPro3D: (left) chair 3D mask and (right) the whole scene without chair 3D mask.
Notice that the masks of non-target things are zeroed out by setting the RGB as white color with zero alpha.

Figure 11: Images after SAM masks: (left) the whole scene, except for the chair, is filtered out. (right) the chair is filtered

out.

identification. While both parts of our pipeline may require
further work to achieve end-to-end performance, we can see
the promise of our approach for future applications. One
important takeaway from this work we’d like to emphasize
is the critical importance of the original 3D mesh data that
may remove the dependency on incomplete and potentially
flawed 2D scans.

Another potential direction of future work is text-to-3D
generation. In recent research, efforts are made to extend
the text-to-2D images to text-to-3D scenes [36] [20]
[16]. Our pipeline could be extended further to generate the
whole 3D scenes from text prompts, which enables vastly
diversified robotic simulation in the wild. Particularly, 3D
Gaussian splatting (GS) due to its real-time perfor-
mance and high quality images (refer to Appendix [A] for
some pilot studies). Combining 3D segmentation with lan-
guage grounding with 3D GS [27] could also be interesting
future study.
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A. Appendix
A.1. 3D Scenes from Text Prompts

In recent research, efforts are made to extend the text-to-
2D images to text-to-3D scenes. Examples of 3D meshes
of text2room [10] are shown in Fig. [13]and Fig. [I4] for
the bathroom and living respectively. The corresponding
meshes are demonstrated in Fig. [T7]and Fig. [18] where the
challenge parts are particularly the ceilings, the floors and
the walls with holes and fragments. 3D Gaussian Splatting
(3D GS) for 3D scenes becomes highly interesting topics
due to its real-time performance and high quality images
[11]. We conducted some pilot study from [6] shown in
Fig. |19| with the detailed GPT4-O text description prompt.
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Figure 13: Example of bathroom scene.

Figure 14: Example of living room scene.
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Figure 15: CLIP semantically matches the 3d mesh object to one of the objects in the dataset.
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Figure 16: CLIP (with PCA) matches the 3d mesh object to one of the orientations of the already selected dataset object.



Figure 17: 3D Mesh of the Bathroom Scene.

Figure 18: 3D Mesh of the Living Room Scene.
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Figure 20: 2D segmentation results using SAM

Figure 21: 3D segmentation results using SAMPro3D
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