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Abstract

The systematic evaluation and understanding of com-
puter vision models under varying conditions require large
amounts of data with comprehensive and customized labels,
which real-world vision datasets rarely satisfy. While cur-
rent synthetic data generators offer a promising alternative,
particularly for embodied Al tasks, they often fall short for
computer vision tasks due to low asset and rendering qual-
ity, limited diversity, and unrealistic physical properties. We
introduce the BEHAVIOR Vision Suite (BVS), a set of tools
and assets to generate fully customized synthetic data for
systematic evaluation of computer vision models, based on
the newly developed embodied Al benchmark, BEHAVIOR-
IK. BVS supports a large number of adjustable parame-
ters at the scene level (e.g., lighting, object placement),
the object level (e.g., joint configuration, attributes such as
“filled” and “folded”), and the camera level (e.g., field of
view, focal length). Researchers can arbitrarily vary these
parameters during data generation to perform controlled
experiments. We showcase three example application sce-
narios: systematically evaluating the robustness of mod-
els across different continuous axes of domain shift, eval-
uating scene understanding models on the same set of im-
ages, and training and evaluating simulation-to-real trans-
fer for a novel vision task: unary and binary state predic-
tion. Project website: https://behavior-vision-
suite.github.io/

1. Introduction

Large-scale datasets and benchmarks have fueled computer
vision research in the past decade [2, 9, 11, 20, 22, 23, 25,
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35, 43, 47, 57, 67]. Driven by these datasets and bench-
marks, thousands of models and algorithms tackling differ-
ent perception challenges are being proposed every year, on
the topics of object detection [75], segmentation [33], ac-
tion recognition [62], video understanding [4 1] and beyond.
Despite their success, real-world datasets face inherent lim-
itations. First, the ground-truth object/pixel-level labels are
either prohibitively expensive to acquire (e.g., segmentation
masks) [42] or suffering from inaccuracies (e.g., depth sens-
ing) [50]. Consequently, each real dataset often only offers
limited labels, hindering the development and evaluation of
computer vision models that perform a wide range of per-
ception tasks on the same input. Even when annotations are
affordable and accurate, real-world datasets are limited by
the availability of source images. For example, images of
rare events, such as traffic accidents or low-light conditions,
might be difficult to acquire from the Internet or real-world
sensors. Finally, once collected, these real-world datasets
have a fixed data distribution and cannot be easily changed.
This makes it challenging for researchers to conduct cus-
tomized experiments, often leading to models that overfit
the datasets and eventually rendering the entire benchmarks
obsolete [27, 28, 37, 56].

To avoid this limitation, researchers and practitioners
have devised various methods to generate synthetic datasets
that complement the real ones [18]. In the realm of indoor
scene understanding, 3D reconstruction datasets [4, 53, 66]
provide a promising avenue to generate source images
from arbitrary viewpoints and free (geometric) annotations.
However, due to the imperfect nature of 3D reconstruc-
tion techniques, the rendered images are not very realis-
tic. Since each entire scene is a static mesh, these datasets
offer very limited customizability beyond camera trajecto-
ries. Recent synthetic indoor datasets (often designed by
3D artists) [13, 39, 40, 55] not only offer free geometric and
semantic annotations, but also support object layout recon-
figuration as objects are usually independent CAD models.
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Figure 1. Overview of BEHAVIOR Vision Suite (BVS), our proposed toolkit for computer vision research. BVS builds upon the extended
object assets and scene instances from BEHAVIOR-1K [37], and provides a customizable data generator that allows users to generate
photorealistic, physically plausible labeled data in a controlled manner. We demonstrate BVS with three representative applications.

However, these datasets do not guarantee physical plausi-
bility, as object penetration and levitation occur frequently,
and offer no customization capability beyond changing ob-
ject poses. 3D simulators [7, 14, 34, 36, 56, 60], on the
other hand, guarantee physical plausibility with their under-
lying physics engines. They allow users to customize the
joint configuration of articulated objects and even more ad-
vanced object states such as “cooked” or “sliced” [34, 36].
Yet these 3D simulators generally cater to embodied Al and
robotics researchers, and as a result, they lack photorealism
compared to the synthetic datasets mentioned before (often
due to speed constraints), and do not offer ready-made tools
to generate customized image/video datasets for computer
vision researchers.

To overcome the aforementioned challenges, we pro-
pose BEHAVIOR Vision Suite (BVS), a customizable data
generation tool that enables systematic evaluation and un-
derstanding of computer vision models (see Fig. 1 for an
overview). To do so, we expand the 3D asset library in
BEHAVIOR-1K [37], focusing on enhancing both object
diversity and scene variety, as well as adding features to in-
crease the value of the assets for vision tasks. We also intro-
duce a customizable dataset generator, which uses the sim-
ulator from the BEHAVIOR-1K benchmark [37, 59] to gen-
erate custom vision datasets. We build a versatile and cus-
tomizable toolbox to generate high-quality synthetic data
for systematic model evaluation and understanding.

In summary, BEHAVIOR Vision Suite possesses the fol-
lowing unique combination of desirable features:

* BVS offers image/object/pixel-level labels (scene graph,
point cloud, depth, segmentation, etc.);

* BVS covers a wide variety of indoor scenes and objects
(8K+ objects, 1K scene instances, fluid, soft bodies);

* BVS provides physical plausibility and photorealism;

* BVS supports customization in terms of object models,
poses, joint configurations, semantic states, lighting, tex-
ture, material, camera setting, etc.;

* BVS includes easy-to-use tooling to generate customized
data for new use cases.

To demonstrate the usefulness of BVS, we show three
example applications: 1) parametrically evaluating model
robustness across different conditions such as lighting and
occlusion, 2) evaluating different types of representative
computer vision models on the same set of images, and 3)
training and evaluating sim2real transfer for object state and
relation prediction. We hope that BVS can unlock more
possibilities for the computer vision community.

2. Related works

In this section, we compare BEHAVIOR Vision Suite with
other real RGB-D datasets, 3D reconstruction datasets, syn-
thetic datasets, and 3D simulators in terms of customizabil-
ity and visual quality (see Tab. 1).

Real Indoor Scene RGB-D Datasets. RGB-D image
datasets of real indoor scenes [1, 5, 50, 58, 70] have driven
advances in 3D perception and holistic scene understand-
ing, with recent additions like ARKitScenes [1] and Scan-
Net++ [70] offering dense semantic and 3D annotations.
Despite having minimum domain gaps with respect to real-
world applications, these real datasets are expensive to an-
notate and inherently static, limiting users’ ability to gener-
ate images from novel camera views, acquire new types of
annotations, or alter scenes. Our work complements these
limitations by offering a fully customizable generator for
photorealistic synthetic data.



Customizabilit .
Dataset Category 4 Visual

Camera Obj. Pose Obj. State Toolkit Quality

Real RGB-D Datasets X X X N/A Real
3D Reconstruction Datasets v X X N/A Medium
Synthetic Datasets v 4 X High
3D Simulators v v v X Low
BEHAVIOR Vision Suite (ours) v v v v High

Table 1. Comparison of real and different types of synthetic
datasets with BEHAVIOR Vision Suite. ‘Camera’ denotes the
ability to render images from any viewing angle. ‘Obj. Pose’ refers
to the modifiability of the object layout. ‘Obj. State’ indicates
whether an object’s physical states (e.g., open/close, folded) and
semantic states (e.g., cooked, soaked) can be modified. “Toolkit’
indicates the availability of utility functions for sampling object
layout and camera poses under specified conditions (e.g., view-
ing half-open kitchen cabinets filled with grocery items). ‘Visual
Quality’ evaluates the photorealism of rendered images.

3D Reconstruction Datasets. 3D reconstruction datasets
such as Gibson, Matterport, and HM3DSem [4, 53, 66, 69]
allow the rendering of novel views. While these datasets
have tremendously benefited the embodied navigation com-
munity, their utility for broader computer vision applica-
tions remains limited. Each scene, being a single 3D mesh,
restricts further customization, such as modifying the ob-
ject layout. Moreover, the visual quality of rendered novel
views depends on the reconstruction’s fidelity, often result-
ing in artifacts. While Taskonomy [71] and Omnidata [10]
have extended mid-level visual cues such as surface normal
for these datasets, semantic label acquisition remains ex-
pensive. In contrast, our work offers the flexibility to gener-
ate images with customized object layouts with consistent
visual quality, while also providing comprehensive labels at
no additional cost.

Synthetic Datasets. Synthetic datasets offer an alterna-
tive approach that eliminates the need for manual seman-
tic labeling by rendering realistic images from interior
scenes composed of independent object models [6, 8]. Ob-
ject layouts are usually created by artists [13, 39, 55] or
parsed from real scans [40], offering semantic realism of
the scenes [19, 64]. Methods like OpenRooms [40] and
Unity Synthetic Homes [61] also allow users to configure
rendering options, such as lighting. However, despite their
photorealism, the rendered images often lack physical plau-
sibility, with common issues like object penetration or slight
levitation. In addition, the object models are mostly fully
rigid and support very limited semantic states. Our gen-
erator not only ensures the physical plausibility of images
created, but also supports broader relationship customiza-
tion (e.g., “cooked” or “filled””) and more granular control
over the sampled state, such as openness level through joint
limit annotations.

3D Simulators. A large number of 3D simulators with

physical realism have been developed recently. Kubric [24]
focuses on generating physically plausible object clusters
without full-scene simulation. iGibson [36, 56] and Habi-
tat 2.0 [60] offer reconfigurable indoor scenes with artic-
ulated assets, the former notably supporting extended ob-
ject states such as wetness level. ThreeDWorld [14] empha-
sizes physical prediction, especially with non-rigid objects.
ProcTHOR [7] automates the large-scale generation of se-
mantically plausible virtual environments. Since these 3D
simulators cater to the embodied Al and robotics commu-
nity, their visual quality is often not prioritized. In con-
trast, we use OmniGibson, a new simulator that surpasses
the photorealism of the aforementioned ones, according to
a user study [37], positioning our work as more suitable for
computer vision research. Moreover, we provide a range
of utility functions in this work, allowing for easy creation
of diverse images tailored to specific needs—a feature most
existing 3D simulators lack.

3. BEHAVIOR Vision Suite

BEHAVIOR Vision Suite contains two main components
(Fig. 1): the extended BEHAVIOR-1K assets and the cus-
tomizable dataset generator. The assets serve as the foun-
dation, while the generator leverages these assets to create
vision datasets tailored to downstream tasks of interest.

3.1. Extended BEHAVIOR-1K Assets

The extended BEHAVIOR-1K assets comprises a diverse
collection of 8,841 object models and 1,000 scene instances,
derived from 51 artist-designed raw scenes. Of these ob-
jects, 2,156 are structural elements like walls, floors, and
ceilings, while the remaining 6,685 nonstructural items
span 1,937 categories, including food, tools, electronics,
clothing, and office supplies, among others. This catego-
rization is detailed in Fig. 2. Predominantly indoor, the 51
raw scenes also incorporate outdoor elements such as gar-
dens and encompass a wide variety of environments: houses
(23), offices (5), restaurants (6), grocery stores (4), hotels
(3), schools (5), and generic halls (4), as well as a simulated
twin of a mock apartment in our research lab. This collec-
tion of assets is the result of a year-long effort to extend the
BEHAVIOR-1K [37] assets to enhance their applicability in
computer vision.

We expanded the object collection from 5,215 to 8,841
by adding more everyday objects, segmenting building
structures into individual objects for more precise 3D
bounding box labels, and procedurally generating sliced
food. In addition, we have developed functionality that en-
ables the generation of diverse scene variations by altering
furniture object models and incorporating additional every-
day objects. We will release 1000 scene instances aug-
mented from the 51 raw scenes.
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Figure 2. Overview of extended BEHAVIOR-1K assets: Covering a wi

de range of object categories and scene types, our 3D assets have

high visual and physical fidelity and rich annotations of semantic properties, allowing us to generate 1,000+ realistic scene configurations.

To improve physical realism, we refined collision
meshes using V-HACD [45] and CoACD [65], manually
selecting the best parameters to ensure a balance between
physical accuracy, affordance preservation, and simula-
tion efficiency. For more than 2,000 objects, where this
method was insufficient, we manually designed their col-
lision meshes.

We enhanced lighting realism by annotating actual light
source objects, such as lamps and ceiling lights, to mimic
real-world illumination. For more detailed semantic prop-
erties, we annotated appropriate container fillable volumes
(e.g., cups, pots) and fluid source/sink locations (e.g.,
faucets, drains, sprayers), enabling us to spawn fluids in
the scene realistically. Scene objects were annotated if they
cannot be freely moved, e.g., when they physically support
other objects. Cluttered objects were distinctly annotated,
allowing them to be replaced with alternative clutters.

Altogether, we designed the assets to form a strong ba-
sis for custom data generation (discussed in §3.2), with a
functional organization that allows accurate object random-
ization, and the annotations to provide a large number of
modifiable parameters at both the object and scene levels.

3.2. Customizable Dataset Generator

The customizable dataset generator, the software compo-
nent of the BEHAVIOR Vision Suite, is designed to gen-

erate synthetic datasets tailored to particular specifications.
Built on OmniGibson [37], it leverages NVIDIA Omni-
verse’s photorealistic, real-time renderer and OmniGibson’s
procedural sampling functions for object states to gener-
ate custom images and videos that satisfy arbitrary require-
ments. The produced datasets include rich, comprehensive
annotations—segmentation masks, 2D/3D bounding boxes,
depth, surface normals, flows, and point clouds—at no ad-
ditional cost. Crucially, it empowers users with extensive
control over the dataset generation process, allowing them
to specify requirements on scene layouts, object states, cam-
era angles, and lighting conditions, all while ensuring phys-
ical plausibility through the physics engine.

Capabilities. The generator has the following capabilities:

* Scene Object Randomization: It can swap scene ob-
jects with alternative models from the same category,
which are grouped based on visual and functional simi-
larities. This randomization significantly varies scene ap-
pearances while maintaining layouts’ semantic integrity.

Physically Realistic Pose Generation: The generator can
procedurally change the physical states of objects to sat-
isfy certain predicates. This includes 1) placing objects
with respect to other objects in the scene in a certain way
(e.g., inside, on top of, or under), 2) opening or closing
articulated objects, 3) filling containers with fluids, and



4) folding or unfolding pieces of cloth. The generator can
generate multiple valid configurations for the same pred-
icate and ensures physical plausibility.

* Predicate-Based Rich Labeling: Beyond usual labels (se-
mantic & instance segmentation, bounding boxes, surface
normals, depth, etc.), the generator also provides annota-
tions including unary states of an object (e.g., whether
an articulated object is open, or an appliance is toggled
on), binary predicates between two objects (e.g., if one is
touching, on top of, next to another) or between an object
and a substance (e.g., if an object is filled/covered/soaked
with a substance), and continuous labels (e.g., joint open-
ness for articulated objects, filled fraction for containers).

e Camera Pose and Trajectory Sampling: Finding proper
camera pose in a 3D scene is a challenging but crucial
step in the rendering pipeline: the camera shall not be
occluded and points at the subject of interest. The gener-
ator uses occupancy grids and hand-crafted heuristics to
generate both static camera poses and plausible traversal
trajectories that satisfy these constraints to curate image
or scene traversal video datasets.

* Configurable Rendering: Through a user-friendly API,
the generator allows for the customization of rendering
parameters, including lighting and camera specifics such
as aperture and field of view.

Dataset Generation. Images in the BVS dataset can be
generated as follows. First, we select one of the 51 raw
scenes from the user-configured scene category (say, an of-
fice). Scene objects are randomized with instances from the
same category. Depending on the user configuration, we
determine additional objects to add to the scene. We place
the objects using the pose generation capabilities based on
user-specified requirements. This might include cluttering
certain areas (e.g., filling a fridge with perishables) or indi-
vidually manipulating object states (e.g., making a cabinet
open or a table covered with water) for predicate prediction.

We then generate a camera pose (or a sequence of poses
as a camera trajectory), as well as randomize the scene’s
lighting parameters and the camera’s intrinsics based on
the user’s specifications. Finally, we render an image (or
a sequence of images) and record it alongside all relevant
labels requested by the user, including additional modali-
ties (depth/segmentation/etc.), bounding boxes, and predi-
cate and object state values.

4. Applications and Experiments

We present three applications and corresponding experi-
ments to demonstrate the utility of BVS: first, systemati-
cally evaluating model robustness against various continu-
ous domain shifts, such as the lighting condition (§4.1); sec-
ond, assessing various scene understanding models using
a consistent set of images with comprehensive annotations

Axis #scenes  # video clips
Articulation 17 237
Lighting 16 441
Visibility 14 211
Zoom 9 215
Pitch 16 268

Table 2. We generate up to 200-500 short video clips with diverse
scene configurations for parametric evaluation (§4.1). Each video
clip varies along one axis of distribution shift with a single target
object. On average, each video has 300 frames.

(§4.2); and third, training a model for a new vision task, ob-
ject states and relations prediction, on synthesized data and
evaluating its simulation-to-real transfer capability. (§4.3).

4.1. Parametric Model Evaluation

Parametric model evaluation is essential for developing and
understanding perception models, enabling a systematic as-
sessment of performance robustness against various domain
shifts. Previous efforts, such as 3DCC [32], have explored
image corruption generation using 3D information, yet their
scope is constrained by the static nature of input meshes,
limiting the type and extent of possible variations. Lever-
aging the flexibility of the simulator, our generator extends
parametric evaluation to more diverse axes, including scene,
camera, and object state changes.

Task Design and Dataset Generation. We focus on five
key parameters difficult to rigorously control in real-world
datasets yet significantly influence model performance: ob-
ject articulation, lighting, object visibility, camera zoom,
and camera pitch. Each parameter varies along a continu-
ous axis for evaluating baseline models. For instance, object
visibility varies from fully occluded to fully visible.

We generate 200 to 500 videos for each axis (Tab. 2), us-
ing our collection of more than 8,000 3D assets. Each video
includes a target object with changes focused on a single pa-
rameter under examination. Fig. 3 shows examples of target
objects with variations along each axis. We maintained con-
sistency in other aspects of the environment, systematically
synthesizing images to isolate the main parameter’s impact.

To validate our findings in real-world conditions and fur-
ther assess the sim2real transfer capability of parametric
evaluation, we collected a smaller-scale real dataset for each
of the 5 axes and replicated the evaluation. For setup details
and additional results, please refer to the appendix.

Baselines and Metrics. We explore two vision tasks: open-
vocabulary detection and open-vocabulary segmentation,
hypothesizing that models for these tasks may be sensitive
to object-centric domain shifts. For baselines, we select
the current state-of-the-art (SOTA) models on real datasets:
GLIP [38], RAM [73], and Grounding DINO [44] for de-
tection, and ODISE [72], OpenSeeD [68], and Grounding
SAM [29] for segmentation.
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Figure 3. Parametric evaluation of object detection models on five
example video clips. Selected frames from these clips are shown
on the left, with the target object highlighted in magenta. Average
Precisions (APs) for our baseline models in §4.2 are plotted on the
right. Since BVS allows for full customization of scene layout and
camera viewpoints, we can systematically evaluate model robust-
ness against variations in object articulation, lighting conditions,
visibility, zoom (object proximity), and pitch (object pose). As il-
lustrated, current SOTA models exhibit limited robustness to these
axes of variation.

Results and Analysis. In Fig. 3 and Fig. 4, we present
example images when varying each parameter as well as
respective detection Average Precision (AP) performance.
AP, calculated exclusively for the target object (highlighted
in magenta), assesses the model’s recognition accuracy. De-
tailed analyses reveal the following:

e Articulation varies the joint angles of the articulated
target object, from fully closed to fully open, including pro-
cesses such as opening/closing drawers or doors, and fold-
ing/unfolding laptops. A notable negative correlation be-
tween the degree of articulation and model performance
suggests that models, typically trained or evaluated on exist-
ing benchmarks featuring mostly closed articulated objects
(e.g., closed washing machines and microwaves), struggle
with recognizing objects in open states.
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Figure 4. Mean performance of open-vocab object detection and
segmentation models across five axes. The larger a model’s col-
ored envelope, the more robust it is. Through BVS, new vision
models can be systematically tested for their robustness along
these five dimensions and beyond: our users can easily add new
axes of domain shift with just a few lines of code.

ment from dark to bright. We observed improving model
performance up to a midpoint brightness level of 0.5, be-
yond which it plateaus. This suggests that, while cur-
rent models suffer from low-light conditions, their perfor-
mance saturates once the brightness level surpasses a cer-
tain threshold.

* Visibility shifts the visibility of the target object from
fully occluded to fully visible, which is computed as the ra-
tio of visible to total pixels of the target object. We observe
a steep decline in model performance as visibility drops be-
low 0.5, which highlights a significant opportunity to en-
hance model robustness to partial occlusions.

e Zoom controls camera zoom from zoomed-in to
zoomed-out. Results show that extremely close views,
where a partial view of the target object occupies the en-
tire image, hinder performance due to a lack of contextual
information. In contrast, too-zoomed-out views make the
object too small for models to detect it effectively. Optimal
performance is achieved at moderate zoom levels.

* Pitch varies camera pitch from looking up to look-
ing down. We find that models perform inconsistently
with seemingly benign changes in camera viewpoint, gener-
ally showing improved performance when the camera looks
down at the target object. One potential explanation is that
objects in large-scale real datasets are often captured from
above, making this perspective more familiar to the models.

To summarize, we observe significant performance dis-
crepancies across three models on all five axes, with our
parallel experiments in real settings (see the appendix) con-
firming that these trends observed in synthetic data mirror
those in real-world scenarios. This underscores the lack of
robustness of the current SOTA models in extreme or out-
of-distribution test environments. By generating large-scale
synthetic datasets with controlled variability, BVS provides
a unique and powerful test bed to evaluate model perfor-
mance. Furthermore, consistent with §4.2, the relative per-
formance remains steady across the five axes, highlighting
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Figure 5. Holistic Scene Understanding Dataset. We generated extensive traversal videos across representative scenes, each with 10+
camera trajectories. For each image, BVS generates various labels (e.g., scene graphs, segmentation masks, depth) as shown on the right.

Open-vocab Det. AP T APgai T APmedium T APage T COCO (AP)

Open-vocab Seg. AP 1T APgnar T APmedium T AP T ADE (AP)

GLIP [38] 41.4 7.0 27.5 61.8 60.8
RAM [73] 413 6.4 27.8 63.9 61.4
Grounding DINO [44] 44.7 119 31.2 66.3 63.0

ODISE [68] 57.1  41.0 532 65.0 13.9
OpenSeeD [72] 573 420 54.1 64.8 15.0
Grounding SAM [29] 59.2 429 544 65.1 14.8

Depth Est. RMS | AbsRel | LoglO0] &1 1 8271 431 NYUV2(51)
DPT[54] 066  0.14 0.05 0.09 0.15 0.20 0.90
NVDS [63] 0.58  0.13 0.04 0.10 0.15 021 0.93
iDisc[51] 049  0.13 0.04 012 0.19 0.22 0.94

Point Cloud Recon. Comp. Ratio? Comp. T Acc. ] Replica (C.R.)

GradSLAM [31] 50.0 14.8 29.8 67.9
NICE-SLAM [74] 66.3 12.0 23.5 89.3

Table 3. A comprehensive evaluation of SOTA models on four vision tasks. Our synthetic dataset can be a faithful proxy for real datasets

as the relative performance between different models closely correlates to that of the real datasets .

the predictive value of the datasets generated by BVS.

4.2. Holistic Scene Understanding

One of the major advantages of synthetic datasets, including
BVS, is that they offer various types of labels (segmentation
masks, depth maps, and bounding boxes) for the same sets
of input images. We believe that this feature can fuel the de-
velopment of versatile vision models that can perform mul-
tiple perception tasks at the same time in the future. Since
such models are not currently available, we instead evaluate
the current SOTA methods on a subset of the tasks that BVS
supports (see below). This will also serve as a validation of
the photorealism of our datasets, i.e., models trained on real
datasets should perform reasonably without fine-tuning.

Task Design and Dataset Generation. Equipped with
BVS’s powerful generator (see §3.2), we generated 100+
full scene traversal videos with a total of 266240 frames
with per-frame ground truth annotations in multiple modal-
ities. Fig. 5 shows an overview of the generated dataset.

Baselines and Metrics. In Tab. 3, we assess 11 models in
four tasks. Specifically, we consider Detection and Segmen-
tation tasks, both in the challenging open vocabulary set-
ting [44, 72], as well as Depth Estimation and Point Cloud
Reconstruction, with standard metrics used.

Results and Analysis. We summarize all our evaluation re-
sults in Tab. 3. We observe that the relative performance
of these models on our synthetic dataset has a high corre-
lation with that on real datasets such as MS COCO [42]
or NYUv2 [50], indicating that our generated synthetic
datasets can be a faithful proxy for real datasets.

In summary, we provide a comprehensive benchmark to
score and understand a wide range of existing models for
each of the four tasks on exactly the same images. Al-
though most current vision models focus on a single output
modality, we hope BEHAVIOR Vision Suite could moti-
vate researchers and practitioners to develop versatile mod-
els that concurrently predict multiple modalities in the fu-
ture, where our benchmarking results for single-task SOTA
methods in this section could serve as a useful reference.

4.3. Object States and Relations Prediction

BVS’s capabilities extend beyond model evaluation shown
in §4.1 and §4.2. Users can also leverage BVS to generate
training data with specific object configurations that are dif-
ficult to accumulate or annotate in the real world. This sec-
tion illustrates BVS’s practical application in synthesizing
a dataset that facilitates the training of a vision model ca-
pable of zero-shot transfer to real-world images on the task
of object relationship prediction [3, 15-18, 26]. Additional



Synthetic

Open /
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Figure 6. Sample images of each class from our generated syn-
thetic and collected real datasets.

experiments focusing on unary object states, filled and
folded, are detailed in the appendix.

Task Design and Dataset Generation. Predicting object
relationships, such as open and inside, is a crucial yet
challenging perception task due to the difficulties in col-
lecting such data in the real world, let alone the costly
annotations[35, 46, 48]. We use our generator to synthe-
size 12.5k images with five labels (open, close, ontop,
inside, under), depicting relationships between target
objects. We also collected and labeled 910 real images with
unseen object instances and scenes to test sim2real perfor-
mance. Examples are shown in Fig. 6.

Baselines and Metrics. Adapting from [48], our model
takes an image and target objects’ bounding boxes as input,
and outputs a five-way classification over the five labels.
We specifically define open/close as a binary relation-
ship between the movable link and the unmovable base of
an articulated object, enabling fine-grained articulation state
assessment. For example, the model can be queried for the
open or closed status of individual drawers of a cabinet. De-
tailed model architecture is available in the appendix.

We compare our model with zero-shot CLIP, which is
not trained on our synthetic dataset, in terms of precision,
recall, and F1, on the synthetic evaluation set and the real
test set. Specifically, by harnessing CLIP’s zero-shot ca-
pabilities [52], this baseline outputs a five-way classifica-
tion prediction by comparing the image embeddings with
the five verbalized prompts’ text embeddings.

Results and Analysis. Tab. 4 presents the quantitative re-
sults on the held-out synthetic dataset and the real dataset
for our method. Although there is some performance gap,
our model trained on only synthetic data can transfer to
real images with promising overall accuracy. Additionally,
unary state prediction experiments, detailed in the appendix,
also reveal high accuracy in both domains. These results

Test on Open Close Ontop Inside Under Avg.

Precision 0.962 0.897 0.947 0.989 0.874 0.932

Synthetic
Recall 0.822 0.978 0913 0.995 0.949 0.929

Precision 0.943 0.958 0.545 0.906 0.948 0.863
Recall 0.757 0.915 0913 0.776 0.703 0.817

Real

Table 4. Classification results on held-out synthetic eval set and
real test set for our method adapted from [48].

Method Precision  Recall F1
Zero-shot CLIP 0.293 0.282 0.271
Ours 0.863 0.817 0.839

Table 5. Classification results on the real test set. Task-specific
training on synthetic data boosts performance on real images.

underscore that BVS offers a promising way to obtain re-
alistic synthetic data that researchers can use not only for
evaluation (as shown in §4.1 and §4.2), but also for train-
ing models that can then be transferred to the real world.
In fact, from Tab. 5, we observe that task-specific training
on synthetic data is a very effective method to obtain good
performance on real images.

5. Conclusion

We have introduced the BEHAVIOR Vision Suite (BVS),
a novel toolkit designed for the systematic evaluation and
comprehensive understanding of computer vision models.
BVS enables researchers to control a wide range of parame-
ters across scene, object, and camera levels, facilitating the
creation of highly customized datasets. Our experiments
highlight BVS’s versatility and efficacy through three key
applications. First, we show its ability to evaluate model
robustness against various domain shifts, underscoring its
value in systematically assessing model performance under
challenging conditions. Second, we present comprehensive
benchmarking of scene understanding models on a unified
dataset, illustrating the potential for developing multi-task
models using a single BVS dataset. Lastly, we investigate
BVS’s role in facilitating sim2real transfer for novel vision
tasks, including object states and relations prediction. BVS
highlights synthetic data’s promise in advancing the field,
offering researchers the means to generate high-quality, di-
verse, and realistic datasets tailored to specific needs.
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BEHAVIOR Vision Suite: Customizable Dataset Generation via Simulation

Supplementary Material

A. Extended BEHAVIOR-1K Assets

Fig. 7 shows more examples of Extended BEHAVIOR-1K
Assets (main paper Sec.3.1): (a-f) examples for different
main categories. (g) examples of improved collision mesh
quality. (h) examples of articulation objects. (i) examples
of different light sources, (j) examples of fillable volumes
for containers.

B. Customizable Dataset Generator

We prepare a video in the supplementary material to show
an example visualization of the Customizable Dataset Gen-
erator: specifically, we show the scene instance augmenta-
tion by scene object (furniture) randomization and inserting
additional everyday objects.

C. Experiments
C.1. Parametric Model Evaluation

Details of Dataset Generation Process. We synthesized

the evaluation videos for each axis (Object articulation,

Lighting, Visibility, Zoom, Pitch) according to the follow-

ing pipeline.

As shown in the main paper Sec. 4.1, each video includes

a target object with changes focused on a single parameter
under examination. First, we sample one of the scene in-
stances and randomly choose a target object in the scene.
For the object articulation axis, we only sample objects with
movable parts, such as cabinets, microwaves, refrigerators,
etc. Next, we sample a random camera angle and distance
with the target object placed in the center. Then, for all ex-
cept pitch, we keep this camera pose and perform an axis-
specific manipulation to generate a video with the desired
variation:

¢ Object articulation: We linearly interpolate the joint an-
gle from being closed to fully open, utilizing the joint
maximum range annotations provided in BVS assets. We
record the image with the joint in each intermediate state.
For objects with multiple movable parts, e.g., a cabinet
with three drawers, we randomly sample a subset of joints
to manipulate and keep the rest closed.

» Lighting: We linearly increase the intensity of all indoor
light sources in the scene simultaneously.

* Visibility: There are three key components in the visibil-
ity (occlusion) setting: camera, target object, and occlud-
ing object. We first set the camera centering on the tar-
get object, then we place an occluding object (relatively
large object, e.g., cabinet) in the line between the camera
and the target object, fully occluding the target in view.

Then, we fix the distance between the camera and the tar-
get object and move the camera around the target object
until the target is fully visible. The visibility score (num-
ber of visible pixels/number of total pixels) of each frame
is calculated by rendering the video again and removing
the occluding cabinet. Although the object orientation in
camera view might slightly change since the camera is not
static, we implemented the following practices to elimi-
nate the effect of this factor. First, we set the camera rela-
tively far from the target but occluding objects close to the
camera, allowing minimal camera pose change needed to
capture the “fully occluded to fully visible” process. In
addition, the initial object pose is randomized, so when
we average evaluation performance, the effect of this fac-
tor shall largely cancel out.

* Zoom: With the camera pose fixed, we change its fo-
cal length to model the zooming effect. We strategically
changed the focal length such that the resulting video il-
lustrates an approximately linear zooming behavior. We
always make the target object at the center of the view,
and it remains mostly unaffected by distortion, even un-
der extreme focal length.

* Pitch: We linearly change the camera pitch angle while
keeping the original camera distance as well as the yaw
angle unmodified.

After each video was collected, we filtered out the videos

where the target object was not properly visible. The de-

tailed statistics for each axis is shown in main Table 2.

Metric Details. Each generated video contains exactly
one target object (main paper Figure 3 magenta). We use
different open-vocabulary object detection and segmenta-
tion models to detect or segment the target object. These
models act as indicators of performance in challenging en-
vironments, such as those with limited lighting or long-
distance zoom. Therefore, we compute the Average Pre-
cision (AP) metric using the target object as the sole ground
truth, considering only predictions that classify the target
object class. However, it is plausible to encounter scenarios
where multiple objects of the same category as the target
object exist. For instance, in a video, there might be several
chairs, and the target object is one of those chairs. Mod-
els might have correctly detected all chairs, but since only
one is the ground truth, all rest will be marked as incorrect.
To counter such an undesired situation, we employ a simple
heuristic to filter predictions for the non-target object: For
non-target objects sharing the same category, we calculate
the IoU with each prediction and exclude those with an IoU
exceeding a predefined threshold of 0.3. This means treat-
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Figure 7. More examples of Extended BEHAVIOR-1K Assets: (a-f) examples for different main categories. (g) examples of improved
collision mesh quality. (h) examples of articulation objects. (i) examples of different light sources, (j) examples of fillable volumes for

containers.



ing these predictions as valid for non-target objects rather
than false positives. This threshold is chosen empirically
based on a few selected cases where objects of the same cat-
egory are densely packed together. We believe this choice
generalizes well to less crowded scenes and ensures the re-
liability of our evaluation process.

Failure Case Analysis on Five Evaluation Parameters.
In Fig. 8, we present failure case examples of Grounding
DINO [44] across five evaluation axes: Object articulation,
Lighting, Visibility, Zoom, and Pitch. Each row in our pre-
sentation represents one axis and comprises four example
groups. In each group, there are two images: the left im-
age illustrates the ground truth, highlighting the target ob-
ject in magenta, while the right image shows the Grounding
DINO’s prediction for the target object, as indicated at the
top of the first image in each group. The example groups are
arranged such that, from left to right, the intensity along the
respective axis increases (e.g., progressing from zoomed in
to zoomed out), the intensity value (0-1) is shown on top
of each prediction. We find and highlight some interest-
ing findings for each parametric evaluation in Fig. 8 and
detailed below. For the full axis, we prepare a video in sup-
plementary to show qualitative examples about running dif-
ferent detection models on the same video.

* Articulation. The model may have limited exposure to

open states for articulation objects, which makes it less

likely to predict a microwave with its door open correctly.

Lighting. When the environment is dark, the model per-

formance is negatively affected. However, when the light-

ing exceeds a certain threshold, in this case 0.5, the model
becomes robust to increasing illumination.

Visibility. The model’s detection performance suffers

when most of the target object is occluded. Surprisingly,

a correct prediction can be made with only half of the ob-

ject visible.

e Zoom. When the model is zoomed out, nearby objects
become distorted, leading the model to identify irrelevant
objects as the target mistakenly. This suggests that the
model’s recognition may rely partly on contours rather
than solely on semantic information.

» Pitch. We find that, generally, the model can achieve bet-
ter performance in a look-down angle compared to a look-
up angle.

Segmentation Results on Five Axes. Figure 3 of the
main paper shows the performance of open-vocabulary de-
tection models on five axes. In Fig. 9, we show the per-
formance of open-vocabulary segmentation models instead.
The average performance for each axes corresponds to one
angle in the radar plot (main Figure 4). Observations in
main section 3.1 also apply to segmentation tasks.

Real Experiment Setup and Results In order to evaluate
the sim2real transfer capability of parametric evaluation re-
sults, we curated a set of real images to perform the same
evaluation. In total, we manually collected 430 images of
15 to 22 objects from various categories. For each axis, we
took photo of each target object with 5 levels of the corre-
sponding distribution shift that matches the intensity level
0, 0.25, 0.5, 0.75, 1 in the synthetic data. For example,
when collecting data for a microwave object for the articula-
tion axis, we collect 5 images of the microwave being fully
closed, 25% open, half open, 75% open, and fully open. An
example object from the real dataset (and the comparison to
the most similar counterpart in simulation) is shown in . For
the zoom axis, due to the limited focal length range of our
real cameras, we only covered intensity levels 0 to 0.3.

We evaluated the SOTA detection methods with man-
ually labeled bounding boxes. Fig. 10 shows that under
different types of distribution shift, the performance of the
SOTA methods varies on real data just as it varies in simu-
lation.

C.2. Holistic Scene Understanding (main paper Sec.
4.2)

Details of Generation Process. To generate a scene
traversal video, we adhere to a standard process. Initially,
we sample a scene instance and subsequently define a cam-
era trajectory using the BVS toolkit. Following this, we
render the traversal video, incorporating all required labels.
This section will detail the specifics of the trajectory sam-
pling procedure. In general, we want the sampled video to
provide rich information (good coverage) about the scene,
which can be broken down into two aspects. Firstly, we aim
for the camera to physically cover the room. That means
the sampled camera positions should enable visiting most
open spaces in the scene, rather than just focusing on the
largest open space. This guides our design for camera posi-
tion sampling. Second, we want the actual video to capture
as many objects in the scene as possible while still being
realistic (i.e., facing the direction of movement while mov-
ing). This guides our design for camera orientation sam-
pling. Next, we will establish the detailed steps. We will
open-source all codes and generate a video dataset.

* To sample camera positions within the trajectory, a basic
approach might involve randomly selecting traversable
points within the scene. However, this brings the issue
that points in larger rooms are more likely to be selected
compared to those in smaller rooms. Our objective is to
achieve a more uniform coverage across the entire scene,
avoiding overconcentration in larger open areas. Thus,
we used the farthest point sampling method to sample a
set of key points that sparsely span the scene. Our focus
is on ensuring the trajectory covers the main open spaces,
without the necessity of navigating narrow spaces such as
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(a) Articulation. The model may have limited exposure to open states for articulation objects, which makes it less llkely to recognize a microwave with its

door open correctly.
straight chair

(b) Lighting. When the environment is dark, the model performance is negatlvely affected. However, when the lighting exceeds a certain threshold, in this
case 0.5, the model becomes robust to increasing illumination.

(c) Visibility. The model’s detection performance suffers when most of the target object is occluded. Surprisingly, a correct prediction can be made with

only half of the object visible.
picture 0.08

(d) Zoom. When the model is zoomed out, nearby objects become distorted, leading the model to identify irrelevant objects as the target mistakenly. This

suggests that the model’s recognition may rely partly on contours rather than solely on semantic information.
armchair

(e) Pitch. We find that, generally, the model can achieve better performance in a look- down angle compared to a look-up angle.

Figure 8. Error analysis for Grounding DINO [44]. Similar trends are also observed in other detection models. Each row in our presentation
represents one axis and comprises four example groups. In each group, there are two images: the left image illustrates the ground truth,
highlighting the target object in magenta, while the right image shows the Grounding DINO’s predictions (colored differently) for the target
object, as indicated at the top of the first image in each group. The example groups are arranged such that, from left to right, the intensity
along the respective axis increases (e.g., progressing from zoomed in to zoomed out), and the intensity value (0-1) is shown on top of each
prediction.

the gap between a cabinet and a wall. To achieve this, we
perform the sampling on an eroded version of the traver-
sal map. This technique effectively highlights the larger
open areas in a scene while eliminating smaller gaps and
corners.

Now we have a set of candidate key points sampled in the
scene, but a view from many of them may provide simi-
lar information about the scene (for example, two nearby
points in the same room). We don’t need to visit both

of them in the same trajectory. To ensure efficiency and
avoid redundancy, we need to select a subset of these
key points while still preserving a comprehensive view
of the scene (such as not excluding all points from a spe-
cific room). Our selection process begins by assessing the
unique information each key point provides, specifically
the objects visible from that point. We place a virtual
camera at each key point and rotate it 360 degrees, record-
ing the angle at which the maximum number of objects in
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ing target object only.

the scene are visible. We note both the visible objects and
their corresponding angles for each key point. Next, we
randomize the order of the key points and go over each
point sequentially to select the points that offer additional
information. If a key point reveals an object not visible
from all previously selected points, we retain it. Other-

wise, we discard it. This method results in a smaller, more
efficient subset of key points — referred to as waypoints
in the subsequent step — which still allows a comprehen-
sive observation of most objects in the scene.

Once we have determined the set of waypoints, our next
step is to devise a trajectory that connects them in the
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shortest possible path. To achieve this, we frame the task
as a traveling salesman problem, treating the waypoints
as nodes to be visited on the scene traversal graph. In this
step, to ensure the camera maintains a safe distance from
walls and furniture, we slightly erode the scene traversal
graph. This adjustment prevents the camera from getting
too close to these obstacles, ensuring smoother navigation
through the scene.

» After establishing the sequence of positions in the previ-
ous step, we focus on determining the camera’s orienta-
tion at each position. Our goal is to mimic the behavior
of a real agent exploring the scene. Therefore, while in
motion, the camera faces the direction it is moving to-
wards. Additionally, at each waypoint, the camera "'makes
a stop’ and turns to an optimal angle. This angle, pre-
determined in an earlier step, allows the camera to cap-
ture the most objects from that viewpoint. This approach
serves two purposes: firstly, to ensure that the trajectory
includes keyframes or angles for optimal object visibility,
and secondly, to simulate the natural behavior of an agent
pausing to observe the surroundings.

C.3. Object States and Relations Prediction (main
paper Sec. 4.3)

Details of Generation Process. For binary object rela-
tionship prediction, we synthesized 12.5k images, each an-
notated with one or more of the following five labels: open,
close, ontop, inside, under. For instance, an image
might depict a toy inside an open cabinet, thus making both
“inside” and “open” labels applicable.

The image sampling process is as follows: Firstly, we
select a scene and a piece of furniture to serve as the pri-
mary object in the relation (e.g., a table for placing items
on top). Subsequently, we determine a plausible relation-
ship related to this base object, with annotations provided
via BVS. For example, an item might be positioned ont op
or under a table, but not inside it. Following this, we
select a random object to place in the scene. This object is
then integrated into the scene, employing the physical state
sampling function from BVS to ensure its placement aligns
with the predetermined relationship. For instance, we might
sample a cupcake and place it at a random location on top
of the table. Lastly, we sample a random camera pose, en-
suring the placed object is centered in the frame. We then

filter out any instances where the objects of interest are not
adequately visible. This procedure is repeated iteratively to
compile our final dataset.

For unary object state prediction, we generated 500 im-
ages that either consist of a filled or empty (not filled)
container, similarly 500 images for folded. The sampling
process for unary states is simpler — we randomly sample
a scene, then place a random container/cloth object in the
scene, by 50% chance sample a filled or folded state for the
target object, then also sample a random camera pose with
the target object in the center.

Details of Architecture Design and Hyperparameters.
Our model architecture is adapted from [30, 48]. Given an
image input with two (or one) bounding boxes, the model
predicts the binary spatial (or unary) relationship between
objects corresponding to boxes (Fig. 11). First, the model
utilizes a Segment Anything image encoder [33] to extract
hidden features. Subsequently, RolAlign [21] is applied
to the extracted features using the two (or one) bounding
boxes. In the binary case, where the objective is to predict
the spatial relationship between the two objects, RolAlign
effectively captures spatial information from the represen-
tation

Additional features are incorporated into the aligned rep-
resentations to enhance semantic information. Unlike [48],
which relies on word2vec vectors [49] and category names
for the objects (which may not always be readily available
in the world), we opt to use the Segment Anything extracted
feature, from the cropped image encompassing the union of
the two bounding boxes, as the additional feature. This ap-
proach preserves both spatial and semantic information.

The concatenated features are then fed into a trainable
CNN to predict seven-way logits. To prevent overfitting, we
freeze the Segment Anything image encoder, ensuring that
the only learnable parameters are those of the randomly ini-
tialized CNN. Under a 0.3 learning rate with linear schedul-
ing, the model is trained on 13.5k synthetic images only but
can achieve strong performance in the real test set (Table 4
in the main paper).

Lastly, we discuss the details of zero-shot CLIP [52]
baseline, which is used to mimic scenarios where synthetic
datasets are not accessible. In this scenario, we have to rely
on CLIP’s zero-shot capacity. Specifically, akin to our ar-
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Figure 11. Relationship prediction model architecture used in Sec 3.3.

chitecture, the image is cropped to maximize the semantic
information. Then the image embedding of the cropped im-
ages is compared with the label text embeddings from all
verbalized prompts. A verbalized prompt can take the form
of <A> on top of <B> where <A> and <B> are the
placeholder for the actual object category name. Empiri-
cally we find including the category name in the prompt
outperforms using predicate only (e.g., only on top of).
We emphasize that having prior knowledge of category
names in advance renders this task more straightforward
and less fair to our approach where we have no assumption
on access to any category name.

Shown in main Tables 4 and 5, BVS is capable of
generating high-quality synthetic training data by demand
[15, 18]. Models trained on such synthetic training data
are able to capture the essence of predicate prediction and
bridge the sim-to-real gap.

Folded and Filled Prediction BVS also supports nu-
anced unary object predicate such as folded and
filled. Models training on synthesized photo-realistic
images can transfer well to real images. We train two linear
probes on top of the EVA(02 [12] encoded representation to
predict folded and £illed, respectively. We manually
collect 50 real test images for each of the two predicates
and observe that linear probes can achieve 86% and 93%
real test accuracy for folded and £i11ed, respectively.

D. Demo Videos

We have provided video-demo.zip,  which
consists of demo videos of our generated
videos and model prediction. Specifically,

BVS-highlight .mp4 shows all visualization con-
tent. customizable-dataset-generator.mp4
shows scene instance augmentation.
predicate prediction.mp4 consists of predicate
prediction model prediction on our collected real videos
(main Sec. 4.3). compare-detection—{axis}.mp4

consists of three detection model predictions on five
parametric evaluation axes (main Sec. 4.1).
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