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Professor Dieter Fox

Computer Science and Engineering

Perception lies at the core of the ability of a robot to function in the
real world. As robots become more ubiquitously deployed in unstructured
environments such as homes and offices, it is inevitable that robots will en-
counter objects that they have not observed before. Thus, in order to interact
effectively with such environments, building a robust object recognition
module of unseen objects is valuable. Additionally, it can facilitate down-
stream tasks including grasping, re-arrangement, and sorting of unseen
objects. This is a challenging perception task since the robot needs to learn
the concept of “objects” and generalize it to unseen objects.

In this thesis, we propose different methods for learning such perception
systems by exploiting different visual cues and learning data without man-
ual annotations. First, we investigate the use of motion cues for this problem.

We develop a novel neural network architecture, PT-RNN, that leverages



optical flow by casting the problem as object discovery via foreground mo-
tion clustering from videos. This network learns to produce pixel-trajectory
embeddings such that clustering them results in segmenting the unseen
objects into different instance masks. Next, we introduce UOIS-Net, which
separately leverages RGB and depth for unseen object instance segmenta-
tion. UOIS-Net is able to learn from synthetic RGB-D data where the RGB
is non-photorealistic, and provides state-of-the-art unseen object instance
segmentation results in tabletop environments, which are common to robot
manipulation. Lastly, we investigate the use of relational inductive biases in
the form of graph neural networks in order to better segment unseen object
instances. We introduce a novel framework, RICE, that refines a provided
instance segmentation by utilizing a graph-based representation.

We conclude with a discussion of the proposed work and future direc-
tions, which includes a vision of future research that leverages the proposed
work to bootstrap a lifelong learning mechanism that renders unseen objects

as no longer unseen.
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Chapter 1

Introduction

A future where robots are ubiquitously deployed around the world is not too
far off. The International Federation of Robotics World Robotics Report in
2020 reports that a record high of 2.7 million robots are currently operating
in factories around the world. In the United States alone, industrial robots
grew fourfold between 1993 and 2007 [1]. This concept was predicted as far
back as 1930, when John Maynard Keynes famously predicted that the rapid
spread of technology will result in “technological unemployment” [80].

Robots have been ourishing in factory environments. The automotive
industry employs 38% of existing robots, followed by the electronics in-
dustry (15%), plastics and chemicals (10%), and metal products (7%) [1].
These environments are typically very well structured, where objects to be
manipulated (e.g. product parts such as a car door for a car assembly robot)
are exactly where they are expected to be.

Robot automation in homes and of ces can provide a number of advan-
tages for the world. They can signi cantly ease the burden of performing
mundane tasks such as making coffee, or cleaning rooms. They can pro-
vide safety by largely reducing human error in driving by replacing human
drivers with autonomous vehicles. Robots can additionally be bene cial in
caring for the elderly, and providing services at hospitals such as transport-
ing medications from oor to oor or providing surgeons with enhanced
control and vision, such as Intuitive Surgical's da Vinci robot. This then begs
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the question: why aren't we seeing more robots operating in unstructured spaces
such as homes and/or of ces?

Let's consider a task in a home such as cleaning up a room full of toys
(putting them back where they belong). What skills does a robot need
in order to successfully perform this task? One may correctly identify
that manipulation skills are required to solve this task. While this is true,
the precursor to manipulation involves perceiving and reasoning spatially
about the objects of interest (toys on the oor). We argue that the basic
robot perception technologies that are required to perform this task are still
lacking.

A natural thought is to apply solutions researched in the computer vision
domain for this problem. While computer vision originally was meant to
be a stepping stone to endow robots with visual capabilities, the current
research questions they focus on today typically do not address the specic
problems that arise when attempting to deploy robots in unstructured en-
vironments [ 154]. One such problem is the recognition of unseen objects.
Most object detection algorithms in the computer vision domain tend to
focus on detecting objects of known classes (e.g. pedestrians, cars, and
bikers). However, in the above example task of cleaning a room full of toys,
it is likely that the robot may run into types of toys it has never encountered
before, either in a training phase or a previous interaction. A failure to recog-
nize the toy can lead to it being left on the oor, which could be a potential
danger when kids are running around the room. In fact, it is inevitable
that robots will encounter unseen objects as they continue to be deployed
in unstructured environments. Thus, robots will need perceptual systems
that can safely reason about such objects in order to facilitate environmental
interactions in unstructured spaces such as homes and of ces. We focus our
work onto this speci ¢ problem, which is to say that we attempt to answer
the question: “How can we imbue robots with perception systems that
can reason about unseen objects?”

This thesis starts off by laying out the challenges that emerge when
building systems that can perceive and reason about unseen objects. First,
we further detail current computer vision technologies and why they cannot
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be directly applied. We then discuss how we can leverage the ever growing
amount of repositories of 3D data to generate datasets of which we can use to
learn our algorithms. It will then develop potential solutions to this problem
by exploiting different visual cues and clever designs to take advantage of
synthetic data.

1.1 Computer Visionvs. Robot Vision in Today's World

In the 1960s, computer vision was originally meant to be a stepping stone
to endow robots with visual competence [ ]. Marvin Minsky famously
asked his undergraduate student Gerald Sussman to “spend the summer
linking a camera to a computer and getting the computer to describe what
it saw”. However, the problem was in nitely harder than imagined and has
been the center of much research effort to this day.

Current computer vision research touches upon many sub elds includ-
ing object detection, tracking, and 3D reconstruction. The research questions
typically addressed in these areas are mainly concerned with “in-the-wild”
images, a term that encapsulates the distribution of images found on the in-
ternet. For example, social networking sites such as Facebook or Instagram
possess large amounts of photos captured by humans, and it is very much of
interest to be able to detect people in order to build interesting products that
better serve their customers (e.g. automated tagging of individuals). Thus a
desirable quality of an object detection algorithm is to be able to adequately
perform in such “in-the-wild” settings.

Because “in-the-wild” images are typically captured by humans, there is
a bias to certain object categories that are frequently present in such images
such as other humans, or pets such as dogs. To build computer vision
systems that perform reliably in such settings, large amounts of “in-the-
wild” training data is collected and labeled by humans. This leads to further
bias as the classes chosen for manual labeling are typically a small subset
of the objects present in the images. These labels include objects that are of
interest to humans, e.g. other humans, animals, and vehicles such as cars or
trucks. In fact, many of the large-scale datasets that are used for evaluation
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Figure 1.1: Applying a state-of-the-art pretrained object detector (Mask R-
CNN [ 63]) to an image with objects not belonging to a pre-de ned set of
categories results in missed detections. The objects on the table are of interest
for the robot to manipulate, yet the lego block, R2D2 can, and the tupperware
are among many objects that are not detected. This demonstrates the clear
need to develop solutions to recognize such unseen objects

such as ImageNet (image recognition) [43] and COCO (object detection) [99]
report results on a nite number of categories to detect. This leads a lot of
computer vision research to focus only on these categories, and popular
methods for solving these problems (e.g. Mask RCNN [ , 63]) tend to
contain speci ¢ solutions for dealing with nite categories. Objects that
do not belong to this pre-de ned set of categories are typically ignored as
shown in Figure 1.1. Neglecting the ignored categories is generally ne in
many computer vision applications such as image tagging or image content
manipulation (think automatic Adobe photoshop).
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Robot vision, on the other hand, tends to come across a different set of
challenges that are not typically addressed by the computer vision commu-
nity [ 154, especially when compared to the “in-the-wild” settings. Robots
do not just perceive their surroundings, but also take actions to either move
through the environment or induce changes to it through manipulation.
Thus, visual perception is only one part of the complex, embodied system
that robots encompass [L54]. This leads to problems including visual naviga-
tion [ 18], simultaneous localization and mapping (SLAM), and (inter)active
perception [17], each of which has its own research communities.

In unstructured, ever-changing environments, robots will inevitably
encounter instances of object classes that were not seen in a training phase
nor via a previous interaction. For example, imagine a robot navigating
through a home. During its navigation trajectory, it may roam through
rooms full of toys, underneath tables, and potentially through hard-to-reach
places. In each of these locations it may observe objects such as scattered
toys, outlets, and objects lost for long periods of time (e.g. that TV remote
you couldn't nd for years) that do not register as objects from a known
set of classes (e.g. prior information distilled form a dataset). Such “open-
set” conditions [ 11, ], where objects of unknown class are regularly
encountered, should be expected as robots are deployed in these variable
environments.

Because the ultimate goal of robot perception is to inform a choice of
action in a real-world environment, it is important that unseen objects are
detected and recognized, not just objects of known classes. If robots operate
as if these objects are not present, unfortunate consequences can occur. Toys
may be left unattended which can be dangerous for kids running around, or
a manipulation trajectory may collide with the ignored objects. Even worse,
self-driving cars can crash into rare or unusual-looking animals/objects that
are not identi ed as any instance of a pre-de ned set of object classes.

Additionally, some notion of uncertainty in these detections would also
serve useful in a robot selecting its actions. Uncertainty can be used in
fusing information together over time (e.g. Kalman lters [ 1), or allow a
framework such as active learning [ 143 or information gain [ ] to select
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actions that minimize the uncertainty. Thus, the question of how to obtain
uncertainty estimates of unseen objects and resolve these uncertainties
through interaction is an important problem to consider in getting a fully
autonomous robot to function in unstructured environments.

1.2 Leveraging Large-Scale Data without Manual An-
notation

The recent boom in deep learning [88] has demonstrated that training deep
networks with large amounts of data can lead to very accurate prediction
models. Deep networks now dominate the majority of computer vision sub-
tasks including image recognition [ 8€], object detection/segmentation [ 63,

], and 3D reconstruction [ 107]. We build off of such advances and also
learn deep networks in order to solve our problem of detecting and seg-
menting unseen objects.

In order to ensure the generalization capability of a deep network to
recognize unseen objects, we need to learn from data that contains large
amounts of various objects in the environments of interest (e.g. tabletop
environments). However, large-scale datasets with this property currently
do not exist. We could follow the paradigm of computer vision research
and collect a large real-world dataset with manual annotations such as
ImageNet [43] and COCO [99]. Unfortunately, this requires a substantial
amount of time and money in order to collect the images and pay humans
to annotate the collected images. Additionally, robots are intended to en-
counter many different environments (e.g. homes, of ces, disaster recovery,
just to name a few) which would require separately collected large-scale
real-world datasets for each of them. Clearly, this approach will not scale
with the amount of environments robots encounter.

Thus, it is appealing to utilize synthetic data for training, such as using
the ShapeNet repository which contains thousands of 3D objects [24]. While
collecting 3D models for ShapeNet took a lot of effort, using it to generate
a large-scale synthetic dataset allows us to sidestep the image collection
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Figure 1.2: Mask R-CNN [63] trained on a synthetic dataset of tabletop
objects (introduced in Chapter 3) evaluated on a real-world image (left) of
tabletop objects [157. The detections not only miss the single object of inter-
est (keyboard), but they also mis re on table textures. This demonstrates
the “Sim-to-Real” gap. The ground truth segmentation masks (right) show
only one object of interest on the table, a keyboard.

and manual annotation steps, which reduces the time and cost to next to
nothing. We obtain detection and segmentation annotations for free, which
are expensive to label with humans. Additionally, we have full control over
the object poses, which affords us more control than over the traditional
image collection process in “in-the-wild” settings. However, there exists a
domain gap between synthetic data and real-world data as many simulators
do not provide realistic-looking images. Training directly on such synthetic
data only usually does not work well in the real world [ ]. In Figure 1.2,
we trained Mask R-CNN on a synthetic dataset of tabletop objects (intro-
duced in Chapter 3) and evaluated it on a real-world tabletop image where
it fails to detect the single object on the table. Additionally, synthesizing
photo-realistic images with physics-based rendering can be computationally
expensive [64], making large photorealistic synthetic datasets impractical to
obtain.

Consequently, recent efforts in robot perception have been devoted to
the problem of Sim-to-Reaglwhere the goal is to transfer capabilities learned
in simulation to real-world settings. For instance, some works have used
domain adaptation techniques to bridge the gap when unlabeled real data is
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available [163 19). Domain randomization [ ] was proposed to diversify
the rendering of synthetic data for training. While these techniques attempt
to x the discrepancy between synthetic and real-world RGB, models trained
with synthetic depth have been shown to generalize reasonably well for
simple settings such as bin-picking [ 103 37]. However, in more complex
settings, noisy depth sensors can limit the application of such methods.

The above solutions can be described as augmenting the training process
of deep networks to handle the irregularities of synthetic data with respect
to real-world data (i.e. in order to handle the sim-to-real gap). Domain
randomization assumes control over the data generation during training,
and domain adaptation introduces extra network architectural components
along with real-world data to the training pipeline. Instead, an interesting
question to explore is whether we can leverage standard training pipelines of
deep networks (e.g. stochastic gradient descent with standard loss functions
such as binary cross entropy) while designing the network structure to better
handle synthetic data. This would allow for a more transparent approach:
simply choose the network architecture design and train it with standard
loss functions and only the synthetic data. The requirements of control over
the data generation or access to real-world data would be relieved. We
pose this question here as an interesting thought that serves as additional
motivation for the work in this thesis.

1.3 Dissertation Overview

This dissertation explores multiple directions of research of solutions to the
problem of detecting and segmenting unseen objects for robot perception.
In particular, we explore methods that rely heavily on the nuances of robot
environments and/or large-scale synthetic data.

We begin with Chapter 2, where we investigate the use of motion cues
extracted from video as the primary source of information. We formulate
the problem as foreground motion clustering, where the goal is to cluster
foreground pixels in videos into different objects. We propose a network
architecture, PT-RNN, that is able to segment the objects consistently in time
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by design, and demonstrate its ability to discover novel unseen objects from
videos. We leverage a large-scale synthetic dataset of ying chairs in order
to pre-train PT-RNN.

We then introduce UOIS-Net in Chapter 3, a solution that utilizes geom-
etry cues from a single image to segment unseen object instances. UOIS-Net
is designed to leverage the strengths of depth and RGB separately in order to
perform the segmentation. This two-stage network extracts initial instance
segmentation masks from depth alone which generalizes quite well from
synthetic to real-world settings, and then utilizes RGB to sharpen the initial
masks. The clever design of UOIS-Net allows for it to be trained purely on
a non-photorealistic synthetic dataset that we generated, yet generalize to
the real-world quite well without any ne-tuning. This work has enabled
further downstream robotics tasks of unseen objects such as grasping and
re-arrangement.

In Chapter 4, we propose RICE, a method for re ning a set of input
instance segmentation masks by utilizing a relational neural network archi-
tecture. We introduce a new graph-based representation of instance segmen-
tation masks. RICE uses this representation to sample perturbations to the
original set of masks, and uses a graph neural network to evaluate whether
the perturbations are better. We show improved results when combined
with previous works that directly predict instance masks. Additionally, we
show that RICE can generate uncertainty at the instance segmentation level
and use it to demonstrate an ef cient scene understanding application.

Finally, we conclude this thesis with a conclusion and discussion of
future directions of this research in Chapter 5.
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Chapter 2

Object Discovery in Videos as
Foreground Motion Clustering

This chapter discusses work originally published in Xie et al. [174].

Discovering objects from videos is an important capability that an intelligent
system needs to have. Imagine deploying a robot to a new environment. If
the robot can discover and recognize unseen objects in the environment by
observing, it would enable the robot to better understand its work space. In
the interactive perception setting [ 17], the robot can even interact with the
environment to discover objects by touching or pushing objects. To de ne
an “object”, in this chapter we consider an entity that can move or be moved
to be an object, which includes various rigid, deformable and articulated
objects. We utilize motion and appearance cues to discover objects in videos.
Motion-based video understanding has been studied in computer vision
for decades. In low-level vision, different methods have been proposed to
nd correspondences between pixels across video frames, which is known
as optical ow estimation [ 65, 8]. Both camera motion and object motion
can result in optical ow. Since the correspondences are estimated at a pixel
level, these methods are not aware of the objects in the scene, in the sense
that they do not know which pixels belong to which objects. In high-level
vision, object detection and object tracking in videos has been well-studied
[5, 74, 61, 13, ]. These methods train models for speci c object
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Figure 2.1: Overview of PT-RNN. RGB images and optical ow are fed into a
recurrent neural network, which computes embeddings of pixel trajectories.
These embeddings are clustered into different foreground objects.

categories using annotated data. As a result, they are not able to detect nor
track unseen objects that have not been seen in the training data. In other
words, these methods cannot discover new objects from videos. In contrast,
motion segmentation methods [ 20, 78, 14, 11§ aim at segmenting moving
objects in videos, which can be utilized to discover unseen objects based on
their motion.

In this chapter, we formulate the unseen object instance segmentation
problem as foreground motion clustering, where the goal is to cluster pixels
in a video into different objects based on their motion. There are two main
challenges in tackling this problem. First, how can foreground objects be
differentiated from background? Based on the assumption that moving
foreground objects have different motion as the background, we design a
novel encoder-decoder network that takes video frames and optical ow as
inputs and learns a feature embedding for each pixel, where these feature
embeddings are used in the network to classify pixels into foreground or
background. Compared to traditional foreground/background segmenta-
tion methods [ 33, 68], our network automatically learns a powerful feature
representation that combines appearance and motion cues from images.

Secondly, how can we consistently segment foreground objects across
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video frames? We would like to segment individual objects in each video
frame and establish correspondences of the same object across video frames.
Inspired by [ 2(] that clusters pixel trajectories across video frames for object
segmentation, we propose to learn feature embeddings of pixel trajectories
with a novel Recurrent Neural Network (RNN), and then cluster these pixel
trajectories with the learned feature embeddings. Since the pixel trajectories
are linked in time, our method automatically establishes the object corre-
spondences across video frames by clustering the trajectories. Different
from [ 20] that employs hand-crafted features to cluster pixel trajectories,
our method automatically learns a feature representation of the trajectories,
where the RNN controls how to combine pixel features along a trajectory to
obtain the trajectory features. Figure 2.1 illustrates our framework for object
motion clustering.

Since our problem formulation aims to discover objects based on mo-
tion, we conduct experiments on ve motion segmentation datasets to
evaluate our method: Flying Things 3D [ ], DAVIS [ 120, 129, Freiburg-
Berkeley motion segmentation [ 115, ComplexBackground [ 111] and Cam-
ou agedAnimal [ 15]. We show that our method is able to segment poten-
tially unseen foreground objects in the test videos and consistently across
video frames. Comparison with the state-of-the-art motion segmentation
methods demonstrates the effectiveness of our learned trajectory embed-
dings for object discovery. In summary, this chapter has the following key
contributions:

* We introduce a novel encoder-decoder network to learn feature em-
beddings of pixels in videos that combines appearance and motion
cues.

* We introduce a novel recurrent neural network to learn feature em-
beddings of pixel trajectories in videos.

* We use foreground masks as an attention mechanism to focus on
clustering of relevant pixel trajectories for object discovery.

* We achieve state-of-the-art performance on commonly used motion
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segmentation datasets.

2.1 Related Work

Video Foreground Segmentation. Video foreground segmentation is the
task of classifying every pixel in a video as foreground or background.
This has been well-studied in the context of video object segmentation
[15, ) , , 70], especially with the introduction of unsupervised
challenge of the DAVIS dataset [12(]. [15] uses a probabilistic model that
acts upon optical ow to estimate moving objects. | ] predicts video
foreground by iteratively re ning motion boundaries while encouraging
spatio-temporal smoothness. [161, , 70] adopt a learning-based approach
and train Convolutional Neural Networks (CNN) that utilize RGB and
optical ow as inputs to produce foreground segmentations. Our approach
builds on these ideas and uses the foreground segmentation as an attention
mechanism for pixel trajectory clustering.

Instance Segmentation. Instance segmentation algorithms segment individ-
ual object instances inimages. Many instance segmentation approaches have
adopted the general idea of combining segmentation with object proposals
[63, 123. While these approaches only work for objects that have been seen
in a training set, we make no such assumption as our intent is to discover
objects. Recently, a few works have investigated the instance segmentation
problem as a pixel-wise labeling problem by learning pixel embeddings
[42, , 85, 49). [114] predicts pixel-wise features using translation-variant
semi-convolutional operators. [ 49] learns pixel embeddings with seediness
scores that are used to compose instance masks.42] designs a contrastive
loss and [385] unrolls mean shift clustering as a neural network to learn pixel
embeddings. We leverage these ideas to design our approach of learning
embeddings of pixel trajectories.

Motion Segmentation. Pixel trajectories for motion analysis were rst intro-
duced by [153. [20] used them in a spectral clustering method to produce
motion segments. [115 provided a variational minimization to produce
pixel-wise motion segmentations from trajectories. Other works that build
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Figure 2.2: Overview of PT-RNN architecture. First, feature maps of each
frame are extracted from the Y-Net. Next, foreground masks are computed,
shown in . The PT-RNN uses these foreground masks to compute
trajectory embeddings (example foreground trajectory from frame 1to T
shown in purple), which are normalized to produce unit vectors. Backpropa-
gation passes through the blue solid arrows, but not through the red dashed
arrows.

off this idea include formulating trajectory clustering as a multi-cut problem
[77, 78, 79 or as a density peaks clustering [166], and detecting disconti-
nuities in the trajectory spectral embedding [ 53]. More recent approaches
include using occlusion relations to produce layered segmentations [ 157],
combining piecewise rigid motions with pre-trained CNNs to merge the
rigid motions into objects [ 16], and jointly estimating scene ow and motion
segmentations [144]. We use pixel trajectories in a recurrent neural network
to learn trajectory embeddings for motion clustering.

2.2 Method

Our approach takes video frames and optical ow between pairs of frames
as inputs, which are fed through an encoder-decoder network, resulting in
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(a) U-Net architecture (b) Y-Net architecture

Figure 2.3: We show U-Net [ 136 and our proposed Y-Net to visually demon-
strate the difference. Y-Net has two encoding branches (shown in ) for
each input modality, which is fused (shown in purple) and passed to the

decoder (shown in ). Skip connections are visualized as blue arrows.

pixel-wise features. These features are used to predict foreground masks
of moving objects. In addition, a recurrent neural network is designed to
learn feature embeddings of pixel trajectories inside the foreground masks.
Lastly, the trajectory embeddings are clustered into different objects, giving
a consistent segmentation mask for each discovered object. The network
architecture is visualized in Figure 2.2.

2.2.1 Encoder-Decoder: Y-Net

Letl; 2 R" W 3:F, 2 R" W 2 pe an RGB image and forward optical
ow image at time t, respectively. Our network receives these images
from a video as inputs and feeds them into an encoder-decoder network
separately at each time step, where the encoder-decoder network extracts
dense features for each video frame. Our encoder-decoder network is an
extension of the U-Net architecture [ 136 (Figure 2.3a) to two different input
types, i.e., RGB images and optical ow images, by adding an extra input
branch. We denote this mid-level fusion of low-resolution features as Y-Net.
We illustrate the Y-Net architecture in Figure 2.3b.

In detail, our network has two parallel encoder branches for the RGB
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and optical ow inputs. Each encoder branch consists of four blocks of two
3 3convolutions (each of which is succeeded by a GroupNorm layer [ ]
and ReLU activation) followed by a 2 2 max pooling layer. The encodings
of the RGB and optical ow branches are then concatenated and input to a
decoder network, which consists of a similar architecture to [ ] with skip
connections from both encoder branches to the decoder.

We argue that this mid-level fusion performs better than early fusion
and late fusion (using completely separate branches for RGB and optical
ow, similar to two-stream networks [ , 50, ]) of encoder-decoder
networks while utilizing less parameters, and show this empirically in
Section 2.3.1. The output of Y-Net, (I¢;F) 2 R" W C_is a pixel-dense
feature representation of the scene. We will refer to this as pixel embeddings
of the video.

2.2.2 Foreground Prediction

The Y-Net extracts a dense feature map for each video frame that combines
appearance and motion information of the objects. Using these features, our
network predicts a foreground mask for each video frame by simply apply-
ing another convolution on top of the Y-Net outputs to compute foreground
logits. These logits are passed through a sigmoid layer and thresholded at
0.5. For the rest of the paper, we will denote m; to be the binary foreground
mask at time t.

The foreground masks are used as an attention mechanism to focus on
the clustering of the trajectory embeddings. This results in more stable
performance, as seen in Section 2.3.1. Note that while we focus on moving
objects in our work, the foreground can be speci ed depending on the
problem. For example, if we specify that certain objects such as cars should
be foreground, then we would learn a network that learns to discover and
segment car instances in videos.
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Figure 2.4: We illustrate pixel linking in foreground pixel trajectories. The
foreground mask is shown in , forward ow is denoted by the blue
dashed arrow, and backward ow is denoted by the red dashed arrow. The
gure shows a trajectory that links pixels in frames t 1;t;t +1. Two failure
cases that can cause a trajectory to end are shown between frames + 1 and
t+2:1)Eqg. (2.1) is not satis ed, and 2) one of the pixels is not classi ed as
foreground.

2.2.3 Trajectory Embeddings

In order to consistently discover and segment objects across video frames,
we propose to learn deep representations of foreground pixel trajectoriesf
the video. Speci cally, we consider dense pixel trajectories throughout the
videos, where trajectories are de ned asin | , 20]. Given the outputs of
Y-Net, we compute the trajectory embedding as a weighted sum of the pixel
embeddings along the trajectory.

Linking Foreground Trajectories

We rst describe the method to calculate pixel trajectories according to [ ].
Denote Fy 1 2 R? W 210 be the forward optical ow eldattime t 1and
Fi 2 R" W 219 be the backward optical ow eld attime t. As de nedin

[157, we say the optical ow for two pixels (i;j) attimet Zl1and (i%j9 at
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time t is consistent if

0 2
j©

Fi + B° 001 Fi, “+ R 4o (2.1)
where Fti;j ;1 denotes thei;j -th element of Fy 1. Essentially, this condition
requires that the backward ow points in the inverse direction of the forward
ow, up to a tolerance interval that is linear in the magnitude of the ow.
Pixels (i;j ) and (i%] 9 are linked in a pixel trajectory if Eqg. (2.1) holds.

To de ne foreground pixel trajectoriesve augment the above de nition
and say pixels (i;j ) and (i%] 9 are linked if Eq. (2.1) holds and both pixels
are classi ed as foreground. Using this, we de ne a foreground-consistent
warping function g:RH W1 RH W that warps a set of pixels v 2 RH W
forward in time along their foreground trajectories:

vl i (i), (1% 9 linked

v i°;j 0 —
9(v) 0 otherwise.

This can be achieved by warping v with F; with bilinear interpolation and
multiplying by a binary consistency mask. This mask can be obtained by
warping the foreground mask m; 1 with F; using Eq. (2.1) and intersecting
itwith my, resulting in a mask thatis 1if (i} 9 is linked to a foreground pixel
attimet 1. Figure 2.4 demonstrates the linking of pixels in a foreground
pixel trajectory.

Pixel Trajectory RNN

After linking foreground pixels into trajectories, we describe our proposed
Recurrent Neural Network (RNN) to learn feature embedings of these trajec-
tories. Denotef (it;j)giz; to be the pixel locations of a foreground trajectory,
fxjlt 2 RCgk, to be the pixel embeddings of the foreground trajectory
(Y-Net outputs, i.e. x; = (l¢;Fy)), and L as the length of the trajectory. We
de ne the foreground trajectory embeddings to be a weighted sum of the
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standard conv_ . convGRU
L T T T

Rt

io_ B, i - 1 -
¢’ = ReLlU W W, X¢ ¢t = ReLU W WL Xt Zi = W, hw‘ - Xti
wil = w,cl we= (Wy cp) re= W h—\;‘l‘ Loxe
t 1 |
6 = ReLU Wy rq vﬁ# Xt
t 1

he= B 1+t we X
W= W 1+ w

Table 2.1: PT-RNN variants. For standard we show the equations for pixel
(i;] ), while for the others we show equations in terms oftheentire H W C
feature map. Note that for standard W, 2 R* 2¢;W,, 2 Rt €, while for conv
and convGRU W¢; Wy, ; W,; W, ;We are3 3 convolution kernels.  denotes
convolution and is the sigmoid nonlinearity.

pixel embeddings along the foreground trajectory. Speci cally, we have

_— Py Wit:jt Xit;it
It3)t — t5 t .
fxilgm = — = ; (2.2)
t=1 Wt

where denotes element-wise multiplication, the division sign denotes
element-wise division, and w{“jt 2 [0;1]°.

To compute the trajectory embeddings, we encode () as a hovel RNN
architecture which we denote Pixel Trajectory RNN (PT-RNN). In its hidden
state, PT-RNN stores

(.,. Xt L X‘_.)
hytlt = wh xE L w = w' (2.3)
=1 =1

which allows it to keep track of the running sum and total weight through-
out the foreground trajectory. While Eq. (2.3) describes the hidden state
at each pixel location and time step, we can ef ciently implement the PT-
RNN for all pixels by doing the following: at time step t, PT-RNN rst
applies the foreground consistent warping function to compute R; ;1 :=
g(ht 1) 1= g(W¢ 1). Next, we compute w;. We design three variants
of PT-RNN to compute w¢, named standard(based on simple RNNSs), conv
(based on convRNNSs), and convGRU(based on [7]), shown in detail in Table
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2.1. Forstandard we show the equations for a single pixel trajectory. It com-
putes weights based on the pixel embeddings along that trajectory without
knowledge of any other trajectories. For cony, it uses a3 3 convolution
kernel instead of the standard matrix multiply to include information from
neighboring trajectories. Lastly, for convGRU we design this architecture
based on the convGRU architecture [7] which has an explicit memory state
to capture longer-term dependencies. For all three variants, the hidden state
is fh¢; W (0. However, in the RNN we propagate \f/?/itt’ which is the interme-
diate weighted sum at time t. This allows the network to use knowledge of
the previous weights and pixel embeddings to calculate wi+; .

When a trajectory is nished, i.e., pixel (i;j ) does not link to any pixel in
the next frame, PT-RNN outputs h/ =w ' which is equivalent to Eq. (2.2).
This results in a C-dimensional embedding for every foreground pixel
trajectory, regardless of its length, when it starts, or when it ends. Note
that these trajectory embeddings are pixel-dense, removing the need for a
variational minimization step [ ). The embeddings are normalized so that
they lie on the unit sphere.

A bene t to labeling the trajectories is that we are enforcing consistency
in time, since consistent forward and backward optical ow usually means
that the pixels are truely linked [ ]. However, issues can arise around the
motion and object boundaries, which can lead to trajectories erroneously
drifting and representing motion of two different objects or an object and
background [ 153. In this case, the foreground masks are bene cial and
able to sever the trajectory before it drifts. We also note the similarity to the
DA-RNN architecture [ ] that uses data association in a RNN for semantic
labeling.

Spatial Coordinate Module

The foreground trajectory embeddings incorporate information from the
RGB and optical ow images. However, they do not encode information
about the location of the trajectory in the image. Thus, we introduce a
spatial coordinate module which computes location information for each
foreground trajectory. Speci cally, we compute a 4-dimensional vector
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consisting of the average x;y pixel location and displacement for each tra-
jectory and pass it through two fully connected (FC) layers to in ate it to

a C-dimensional vector, which we add to the output of () (before the
normalization of the foreground trajectory embeddings).

2.2.4 Loss Function

To train our proposed network, we use a loss function that is comprised of
three terms

L= fgfgt+ intra inta t inter inter ;

where we set g = inra = inter = 1 in OUr experiments. "4 is a pixel-wise
binary cross-entropy loss that is commonly used in foreground prediction.
We apply this on the predicted foreground logits. “inyra @and “iner Operate
on the foreground trajectory embeddings. Inspired by [ 47], its goal is to en-
courage trajectory embeddings of the same object to be close while pushing
trajectories that are different objects apart. For simplicity of notation, let us
overload notation andde ne  xK ;k=1;:::;K; i =1;:::;N to be alist
of trajectory embeddings of dimension C where k indexes the object andi
indexes the embedding. Since all the feature embeddings are normalized to
have unit length, we use the cosine distance function d(x;y) = 1 (1 xly)
to measure the distance between two feature embeddings x and y.

=]

Proposition 1. Letfy;igl, be a set of unit vectors such that_, y; 6 0. De ne
thespherical mean of this set of unit vectors to be the unit vector that minimizes
the cosine distance

1 X
= argmin — d(w;yi) (2.4)
kwko=1 M4

n .
Then = pidi_

K 5. yik
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Proof. We note the the following:

1 X 1 X
argmin — d(w;y;) = argmin on @ wlyy

kwho=1 N, kwke=1 2N "
. 1 X
=argmin 1 - wly;
ka2:1 i=1
X
=argmax  wly;
ka2=1 i=1
X
=argmax w! y;

kw k2=1 i=1

Note that the unit vector that maximizes the inner product with a given
vector v is simply the normalized version of v (if v 6 0). Thus, the solution

to the above problem is pm Vi O
k i=1 yik2

The goal of the intra-object loss iy iS to encourage these learned tra-
jectory embeddings of an object to be close to their spherical mean. This
results in

: 1 X R d( ) 0 d?( xk)

intra = 7~ P :
K et iz i 1 d( xf) 0

where  is the spherical mean of trajectories xk IN:kl for object k, and 1
denotes the indicator function. Note that | is a function of the embeddings.
The indicator function acts as a hard negative mining that focuses the loss
on embeddings that are further than margin ~ from the spherical mean. In
practice, we do not let the denominator get too small as it could result in
unstable gradients, so we allow it to reach a minimum of 50.

Lastly, the inter-object loss “iner is designed to push trajectories of differ-
ent objects apart. We desire the clusters to be pushed apart by some margin

, giving
2

Cinter = m

;o LodC W12
k<k ©
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where [x]+ = max(x; 0). This loss function encourages the spherical means
of different objects to be at least away from each other. Since our em-
beddings lie on the unit sphere and our distance function measures cosine
distance, does not need to depend on the feature dimension C. In our
experiments, we set = 0:5which encourages the clusters to be at least 90
degrees apart.

2.2.5 Trajectory Clustering

At inference time, we cluster the foreground trajectory embeddings with
the von Mises-Fisher mean shift (vMF-MS) algorithm [ 84]. This gives us the
clusters as well as the number of clusters, which is the estimated number of
objects in a video. vVMF-MS nds the modes of the kernel density estimate
using the von Mises-Fisher distribution. The density can be described as
p(y:m; )= C( )exp( mly)forunitvector y where is a scalar parameter,
kmk,; =1, and C( ) is anormalization constant.  should be set to re ect the
choice of . If the training loss is perfect and d( y;x¥) < ; 8i =1;:::;Ny,
then all of the x}‘ lie within a ball with angular radius cos Y(1 2 )of . In
our experiments, we set = 0:02, giving cos 1(1 2 ) 16degrees. Thus,
we set =10, resulting in almost 50% of the density being concentrated in
a ball with radius 16 degrees around m (by eyeing Figure 2.12 of [151]).
Running the full YMF-MS clustering is inef cient due to our trajectory
representation being pixel-dense. Instead, we run the algorithm on a few
randomly chosen seeds that are far apart in cosine distance. If the network
learns to correctly predict clustered trajectory embeddings, then this random
initialization should provide little variance in the results. Furthermore, we
use a PyTorch-GPU implementation of the vMF-MS clustering for ef ciency.

2.3 Experiments

Datasets. We evaluate our method on video foreground segmentation
and multi-object motion segmentation on ve datasets: Flying Things 3d
(FT3D) [104, DAVIS2016 [12(, Freibug-Berkeley motion segmentation [ 115,
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Complex Background [ 111], and Camou aged Animal [ 15]. For FT3D, we
combine object segmentation masks with foreground labels provided by
[16]] to produce motion segmentation masks. For DAVIS2016, we use the
J -measure and F -measure for evaluation. For FBMS, Complex Background,
and Camou aged Animal, we use precision, recall, and F-score, and  Obj
metrics for evaluation as de ned in [115, 16].

It is well-understood that the original FBMS labels are ambiguous [ 14].
Some labels exhibit multiple segmentations for one aggregate motion, or
segment the (static) background into multiple regions. Thus, [ 14] provides
corrected labels which we use for evaluation.

Implementation Details. We train our networks using stochastic gradient
descent with a xed learning rate of 1e-2. We use backpropagation through
time with sequences of length 5 to train the PT-RNN. Each image is resized
to 224 400 before processing. During training (except for FT3D), we
perform data augmentation, which includes translation, rotation, cropping,
horizontal ipping, and color warping. We set C = 32; = 0:02 =
0:5; =10. We extract optical ow via [69].

Labels for each foreground trajectory are given by the frame-level label
of the last pixel in the trajectory. Due to sparse labeling in the FBMS training
dataset, we warp the labels using Eq. (2.1) so that each frame has labels.
Lastly, due to the small size of FBMS (29 videos for training), we leverage
the DAVIS2017 dataset [L25 and hand select 42 videos from the 90 videos
that roughly satisfy the rubric of [ 14] to augment the FBMS training set. We
denote this as DAVIS-m.

When evaluating the full model on long videos, we suffer from GPU
memory constraints. Thus, we devise a sliding window scheme to handle
this. First, we cluster all foreground trajectories within a window. We
match the clusters of this window with the clusters of the previous window
using the Hungarian algorithm. We use distance between cluster centers
as our matching cost, and further require that matched clusters must have
d( k; k9 < 0:2. When a cluster is not matched to any of the previous
clusters, we declare it a new object. We use a 5-frame window and adopt
this scheme for the FBMS and Camou aged Animal datasets.
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FT3D | DAVIS | FBMS

Y-Net 0.905| 0.701 | 0.631
Early Fusion | 0.883 | 0.636 | 0.568
Late Fusion | 0.897 | 0.631 | 0.570

Table 2.2: Fusion ablation. Performance is measured in loU.

In Section 2.3.2, we use theconvPT-RNN variant of Figure 2.2, trained
for 150k iterations on FT3D, then ne-tuned on FBMS+DAVIS-m for 100k
iterations.

Our implementation is in PyTorch, and all experiments run on a single
NVIDIA TitanXP GPU. Given optical ow, our algorithm runs at approx-
imately 15 FPS. Note that we do not use a CRF post-processing step for
motion segmentation.

2.3.1 Ablation Studies

Fusion ablation. We show the choice of mid-level fusion with Y-Net is
empirically a better choice than early fusion and late fusion of encoder-
decoder networks. For early fusion, we concatenate RGB and optical ow
and pass it through a single U-Net. For late fusion, there are two U-Nets:
one for RGB and one for optical ow, with a conv layer at the end to fuse
the outputs. Note that Y-Net has more parameters than early fusion but less
parameters than late fusion. Table 2.2 shows that Y-Net outperforms the
others in terms of foreground loU. Note that the performance gap is more
prominent on the real-world datasets.

Architecture ablation. We evaluate the contribution of each part of the
model and show results in both the multi-object setting and the binary
setting (foreground segmentation) on the FBMS testset. All models are
pre-trained on FT3D for 150k iterations and trained on FBMS+DAVIS-m for
100k iterations. Experiments with the different PT-RNN variants shows that
convPT-RNN performs the best empirically in terms of F-score, thus we use
this in our comparison with state-of-the-art methods. Standardperforms
similarly, while convGRUperforms worse perhaps due to over tting to the
small dataset. Next, we remove the PT-RNN architecture (per-frame embed-
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Multi-object Foreground
R F Obj R F

convPT-RNN 75.9 66.6 67.3 49 |90.3 87.6 87.7
standardPT-RNN 72.2 66.6 66.0 4.27|88.1 89.3 875
convGRUPT-RNN 73.6 63.8 64.8 4.07/89.6 858 86.3
per-frame embedding | 79.9 56.7 59.7 11.2|92.1 854 87.4

no FG mask 63.5 60.3 59.6 _1.97 825 857 821

no SCM 704 655 63.2 3.70 89.3 89.1 88.1
no pre-FT3D 70.2 63.6 63.1 3.66/ 87.6 88.2 86.3
no DAVIS-m 66.9 63.6 62.1 2.07/ 87.1 86.9 852

Table 2.3: Architecture and Dataset ablation on FBMS testset.

ding) and cluster the foreground pixels at each frame. The F-score drops
signi cantly and  Obj is much worse, which is likely due to this version
not labeling clusters consistently in time. Because the foreground prediction
is not affected, these numbers are still reasonable. Next, we remove fore-
ground masks (no FG mask) and cluster all foreground and background
trajectories. The clustering is more sensitive; if the background trajectories
are not clustered adequately in the embedding space, the performance will
suffer. Lastly, we removed the spatial coordinate module (no SCM) and ob-
served lower performance. Similar to the per-frame embedding experiment,
foreground prediction is not affected.

Dataset ablation. We also study the effects of the training schedule and
training dataset choices. In particular, we rst explore the effect of not
pre-training on FT3D, shown in the bottom portion of Table 2.3. Secondly,
we explore the effect of training the model only on FBMS (without DAVIS-
m). Both experiments show a noticeable drop in performance in both the
multi-object and foreground/background settings, showing that these ideas
are crucial to our performance.

2.3.2 Comparison to State-of-the-Art Methods

Video Foreground Segmentation. For FBMS, ComplexBackground and
Camou agedAnimal, we follow the protocol in [ ] which converts the

41



Video Foreground Segmentation Multi-object Motion Segmentation
PCM[15] FST[116] NLC[47] MPNet[161] LVO[160] CCG[16] | Ours | CVOS[15/] CUT[/8] CCG [16]] Ours
79.9 83.9 86.2 87.3 92.4 85.5 | 90.3 72.7 74.6 74.2 75.9
g R 80.8 80.0 76.3 72.2 85.1 83.1 | 87.6 54.4 62.0 63.1 66.6
E F 77.3 79.6 77.3 74.8 87.0 81.9 | 87.7 56.3 63.6 65.0 67.3
Obj - - - - - - - 11.7 7.7 4.0 4.9
84.3 87.6 79.9 86.8 74.6 87.7 | 83.1 60.8 67.6 64.9 57.7
m R 91.7 85.0 69.3 77.5 77.0 93.1 | 89.7 44.7 58.3 67.3 61.9
F 86.6 80.6 73.7 78.2 70.5 90.1 | 835 45.8 60.3 65.6 58.3
Obj - - - - - - - 3.4 3.4 3.4 3.2
81.9 73.3 82.3 77.8 77.6 80.4 | 785 84.7 77.8 83.8 77.2
< R 74.6 56.7 68.5 62.0 51.1 75.2 | 79.7 59.4 68.1 70.0 77.2
O F 76.3 60.4 725 64.8 50.8 76.0 | 77.1 61.5 70.0 72.2 75.3
Obj - - - - - - - 22.2 5.7 5.0 5.4
80.8 82.1 84.7 85.3 87.4 84.7 | 87.1 73.8 745 75.1 74.1
- R 80.7 75.8 73.9 70.7 77.2 82.7 | 86.2 54.3 62.8 65.0 68.2
< F 78.2 75.8 75.9 73.1 7.7 81.5| 85.1 56.2 64.5 66.5 67.9
Obj - - - - - - - 12.9 6.8 4.1 4.8

Table 2.4: Results for FBMS, ComplexBackground (CB), Camou agedAni-
mal (CA), and averaged over all videos in these datasets (ALL). Best results
are highlighted in red with second best in blue.

motion segmentation labels into a single foreground mask and use the
metricsde nedin | ] and report results averaged over those three datasets.
We compare our method to state-of-the-art methods including PCM [ 15], FST
[116, NLC[47], MPNet [ 161], LVO [ 160, and CCG [16]. We report results
in Table 2.4. In terms of F-score, our model outperforms all other models on
FBMS and Camou agedAnimal, but falls just short on ComplexBackground
behind PCM and CCG. Looking at all videos, we show a relative gain of
4.4% on F-score compared to the second best method CCG, due to our high
recall.

Additionally, we report results of our model on FT3D and the validation
set of DAVIS2016. We compare our model to state-of-the-art methods:
including LVO [ ], FSEG [7(], MPNet [ 161], and FST [L14 in Table 2.5. For
this experiment only, we train a Y-Net with C = 64 channels on FT3D for
100k iterations, resulting in outperforming MPNet by a relative gain of 5.6%.
We then ne-tune for 50Kk iterations on the training set of DAVIS2016 and
use a CRF B6] post-processing step. We outperform all methods in terms of
F -measure and all methods but LVO on J -measure. Note that unlike LVO,
we do not utilize an RNN for video foreground segmentation, yet we still
achieve performance comparable to the state-of-the-art. Also, LVO [16(]
reports a J -measure of 70.1 without using a CRF, while our method attains
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| FST[116] FSEG[70] MPNet[161] LVO[160]| Ours

J 55.8 70.7 70.0 759 | 742
PAVIS ¢ 51.1 65.3 65.9 721 | 739
FT3D loU | - - 85.9 - ] 907

Table 2.5: Results on Video Foreground Segmentation for DAVIS2016 and
FT3D. Best results are highlighted in red.

aJ -measure of 71.4 without using a CRF. This demonstrates the ef cacy of
the Y-Net architecture.

Multi-object Motion Segmentation.  We compare our method with state-
of-the-art methods CCG [16], CUT [78], and CVOS [157]. We report our
results in Table 2.4. We outperform all models on F-score on the FBMS
and Camou agedAnimal datasets. On FBMS, we dominate on precision,
recall, and F-score with a relative gain of 3.5% on F-score compared to
the second best method CCG. Our performance on Obj is comparable
to the other methods. On Camou agedAnimal, we show higher recall
with lower precision, leading to a 4.4% relative gain in F-score. Again,
our result on  Obj is comparable. However, our method places third on
the ComplexBackground dataset. This small 5-sequence dataset exhibits
backgrounds with varying depths, which is hard for our network to correctly
segment. However, we still outperform all other methods on F-score when
looking at all videos. Similarly to the binary case, this is due to our high
recall.

To illustrate our method, we show qualitative results in Figure 2.5. We
plot RGB, optical ow [ 69], groundtruth, results from the state-of-the-art
CCG [1€], and our results on 4 sequences goats0] horses02and cars10
from FBMS, and forestfrom ComplexBackground). On goatsOlour results
illustrate that due to our predicted foreground mask, our method is able
to correctly segment objects that do not have instantaneous ow. CCG
struggles in this setting. On horses02we show a similar story, while CCG
struggles to estimate rigid motions for the objects. Note that our method
provides accurate segmentations without the use of a CRF post-processing
step. We show two failure modes for our algorithm: 1) if the foreground
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Figure 2.5: Qualitative results for motion segmentation. The videos are:
goats0] horses0O2and cars10from FBMS, and forestfrom ComplexBack-
ground.

mask is poor, the performance suffers as shown on cars10and forest and 2)
cluster collapse can cause multiple objects to be segmented as a single object
as shown in cars10

2.4 Discussion

In this chapter, we proposed a novel deep network architecture, PT-RNN,
for solving the problem of discovering unseen object instances using object
motion cues. We formulated the problem as foreground motion clustering,
and introduced an encoder-decoder network that learns representations of
video frames and optical ow along with a novel recurrent neural network
that learns feature embeddings of pixel trajectories inside foreground masks.
By clustering these embeddings, we are able to discover and segment po-
tentially unseen objects in videos. We demonstrated the ef cacy of our
approach on several motion segmentation datasets for object discovery.

A strong assumption of this chapter is that objects of interest undergo
motion. In our recurring example of a robot being deployed in a new
unstructured environment such as a house or of ce, the objects to be manip-

44



ulated are typically inanimate objects (e.g. toys), which will not experience
motion unless physically manipulated by an external force. This implies
that the robot will have to physically touch each object in order to observe
motion cues for the unseen object before potentially applying a method such
as PT-RNN. As the number of unseen objects may be very large, this clearly
will not scale and we will need some other priors for detecting unseen ob-
jects that do not require motion. In the next chapter, we will investigate a
method that exploits a different visual cue for doing so from static images,
namely geometry cues.
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Chapter 3

Unseen Object Instance
Segmentation for Robotic
Environments

This chapter discusses work originally published in Xie et al. [178].

For a robot to function in an unstructured environment, it must have
the ability to recognize new objects that have not been seen before. Assum-
ing every object in the environment has been modeled is infeasible and
impractical. Recognizing unseen objects is a challenging perception task
since the robot needs to learn the concept of “objects” and generalize it to
unseen objects. Building such a robust object recognition module is valuable
for robots interacting with objects, such as picking up unseen objects or
learning to use new tools [ 109, , 108. A common environment in which
manipulation tasks take place is on tabletops. Thus, we approach this by
focusing on the problem of Unseen Object Instance Segmentation (UOIS),
where the goal is to segment every arbitrary (and potentially unseen) object
instance, in tabletop environments.

In order to ensure the generalization capability of the module to recog-
nize unseen objects, we need to learn from data that contains large amounts
of various objects. However large-scale datasets with this property do not
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exist. Since collecting a large dataset with manual annotations is expensive
and time-consuming, it is appealing to utilize synthetic data for training,
such as using the ShapeNet repository which contains thousands of 3D
objects [24]. However, there exists a domain gap between synthetic data
and real-world data as many simulators do not provide realistic-looking
images. Training directly on such synthetic data only usually does not work
well in the real world [ ], which is also evidenced by Figure 1.1. Addition-
ally, synthesizing photo-realistic images with physics-based rendering can
be computationally expensive [ 64], making large photorealistic synthetic
datasets impractical to obtain.

Consequently, recent efforts in robot perception have been devoted to
the problem of Sim-to-Real, where the goal is to transfer capabilities learned
in simulation to real-world settings. For instance, some works have used
domain adaptation techniques to bridge the gap when unlabeled real data is
available [163 19). Domain randomization [ ] was proposed to diversify
the rendering of synthetic data for training. While these techniques attempt
to x the discrepancy between synthetic and real-world RGB, models trained
with synthetic depth have been shown to generalize reasonably well for
simple settings such as bin-picking [ 103, 37]. However, in more complex
settings, noisy depth sensors can limit the application of such methods and
models trained on RGB have been shown to produce accurate masks [5].
An ideal method should combine the generalization capability of training
on synthetic depth and the ability to produce sharp masks by utilizing RGB.

In this chapter, we investigate how to utilize synthetic RGB-D images for
UOIS in tabletop environments. We show that simply combining synthetic
RGB images and synthetic depth images as inputs does not generalize well
to the real world. To tackle this problem, we propose a two-stage network
architecture called UOIS-Net that separately leverages the strengths of RGB
and depth for UOIS. Our rst stage is a Depth Seeding Network (DSN)
that utilizes only depth to produce object instance center votes, which are
then used to compute rough initial instance masks. We compare multiple
architectures for the DSN that produce center votes in 2D and 3D. Training
the DSN with depth images allows for better generalization to real-world
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Figure 3.1: High level overview of the proposed two-stage framework of
UOIS-Net. The rst stage leverages depth only to produce rough initial
masks. The second stage then leverages RGB to re ne the initial masks to
produce accurate, sharp instance masks.

data. However, the initial masks from the DSN may contain inaccurate
object boundaries due to depth senor noise. In this case, exploiting textures
in RGB images can signi cantly help.

Thus, our second stage is a Region Re nement Network (RRN) that
takes an initial mask from the DSN and an RGB image as input and outputs
a re ned mask. Our surprising result is that, conditioned on initial masks,
our RRN can be trained on non-photorealistic synthetic RGB images without
adopting any of the afore-mentioned Sim-to-Real solutions. We posit that
mask re nement is an easier problem than directly using RGB as input to
produce masks, mainly because the mask re nement uses a local image
patch as input and focuses on a single object. We empirically show robust
generalization across many different objects in cluttered real-world data. In
fact, our RRN works almost as well as if it were trained on real data. Our
framework produces sharp and accurate masks even when the depth images
are noisy. We show that it outperforms state-of-the-art methods including
Mask R-CNN [ 63] and PointGroup [ 77]. Figure 3.1 illustrates our two-stage
framework.

To train our method, we introduce a synthetic dataset of tabletop objects
in home environments, which we name Tabletop Object Dataset (TOD).
Our dataset consists of indoor scenes of random ShapeNet [24] objects on
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random ShapeNet tables. We use the PyBullet physics simulator [36] to
generate the scenes and render depth and non-photorealistic RGB. Training
our proposed method on this dataset results in state-of-the-art results on
multiple real-world datasets for UOIS.

3.1 Related Works

3.1.1 Category-level Object Segmentation

2D semantic segmentation involves assigning pixels in an image to a set
of known classes. Deep learning has emerged as the most popular tool for
solving this problem [ , 28, 6,30, 99]. [147] rstintroduced the concept of
using a fully convolutional architecture (FCN). [ 28] designed an architecture
that utilizes dilated convolutions in order to increase the receptive eld.
[6, 30] further improves performance by introducing decoder architectures
on top of the encoders. [9¢] proposed a multi-path re nement network
with long-range residual connections to enable high-resolution predictions.
These methods have demonstrated strong performance on datasets such as
PASCAL [101] and COCO [99].

Much work has been devoted to solving the semantic segmentation
problem in 3D as well. A common representation of 3D space is voxels;
however operating with voxel grids as input can be expensive both compu-
tationally and memory-wise. Thus, [ 57] introduced a submanifold sparse
convolutional operator to preserve spatial sparsity of the input. [ 34] further
generalized these sparse convolutions to arbitrary kernel shapes, improv-
ing performance. Other 3D methods utilize point clouds. [ ] proposed
PointNet, a permutation-invariant network architecture to handle point
clouds, and [13(] extended this to a hierarchical network that recursively
applies PointNet in order to obtain multi-resolution features, similar to
deep convolutional networks with decreasing resolutions via strides/max
pooling.

The advent of RGB-D sensors such as Kinect allowed the research com-
munity to utilize of both modalities for semantic segmentation, and drove
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the creation of datasets such as [L17]. [134] investigated a combination of
kernel descriptors, support vector machines, and Markov random elds
for indoor scene segmentation. Both [91] and [17(] leverage RGB-D videos,
extracting 2D features from each RGB frame and integrating them with
a reconstructed voxel representation of the scene. Deep learning-based
approaches include [58, \ ]. [58] proposed the HHA encoding of
depth images. The authors used this encoding to design an object detection
system, which they further exploited to improve semantic segmentation
performance. [147] also used the HHA in their pioneering work on FCNs.

[165 proposed a depth-aware convolution and pooling mechanism to in-
corporate geometry into the convolution operators to build a depth-aware
receptive eld. | ] used the output of a 2D segmentation network to
initialize node features of a graph neural network applied on a 3D point
cloud which was backprojected from a depth image. In this chapter, we also
leverage RGB-D images, but focus on segmenting each individual object
with unknown obiject class.

3.1.2 Instance-level Object Segmentation

2D object instance segmentation is the problem of segmenting every object
instance in an image. Many approaches for this problem involve top-down
solutions that combine segmentation with object proposals in the form of
bounding boxes [63, 95, 29, 83], typically produced by a region proposal
network (RPN). FCIS [95] utilizes position-sensitive inside/outside score
maps for fully end-to-end convolutional instance segmentation. Mask R-
CNN [ 63], a prominent work in the eld, predicts a foreground mask for
each object proposal. [29 builds on top of both FCIS and Mask R-CNN
and exploits semantic segmentation and direction predictions to assemble
foreground masks. [83] proposes a module that iteratively re nes segmen-
tation predictions at adaptively selected locations, which can be used in
conjunction with Mask R-CNN.

However, when bounding boxes contain multiple objects (e.g. clut-
tered robot manipulation setups), the true instance mask is ambiguous
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and these methods struggle. Recently, a few methods have investigated
bottom-up methods which assign pixels to object instances [ 42, 113 114, 144.
Other methods examine dense sliding-window instance segmentation on
4D tensors [37], combining top-down and bottom-up methods via blending
modules [27], and alternative mask representations such as contours [119.
Additionally, interactive instance segmentation has shown strong results
with few user inputs [104].

Most of the afore-mentioned algorithms provide instance masks with
category-level semantic labels, which do not generalize to unseen objects in
novel categories. One approach to adapting these techniques to unseen ob-
jects is to employ “class-agnostic” training, which treats all object classes as
one foreground category [ 37]. One family of methods exploits motion cues
with class-agnostic training in order to segment arbitrary moving objects
[174, 40, such as PT-RNN introduced in Chapter 2. Another family of meth-
ods are class-agnostic object proposal algorithms [1L22, , 89). However,
these methods will segment everything and require some post-processing
method to select the masks of interest. [145 jointly estimates instance seg-
mentation masks and rigid scene ow, similar to [21, 22]. We also train our
proposed method in a class-agnostic fashion, but instead focus our notion
of unseen objects in particular environments such as tabletop settings.

In 3D instance segmentation, researchers have recently been investigat-
ing architectures to apply on point clouds/voxel grids. [ ] introduced
the rst deep learning method to fuse RGB and geometric information
from RGB-D scans. [60] proposed an occupancy term which greatly aids
supervoxel clustering, leading to strong results. A few of these methods
embrace center voting-based techniques PO, 128 , 46, 72]. [90] utilizes
metric learning to learn abstract features, and predicts center votes which
are post-processed by meanshift clustering. [128 uses the center votes with
a simple grouping mechanism to detect 3D bounding boxes of objects from
point clouds only. Their follow up work [ ] incorporates RGB information
by lifting 2D votes and features into 3D. [ 4€] follows a similar architecture
but stacks a graph convolutional network to re ne proposal features. [ 77
also performs clustering on votes and semantic features for targeted perfor-
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mance on certain object classes. Our method takes inspiration from these
voting-based methods, but is targeted to cluttered robot environments.

3.1.3 Sim-to-Real Perception

Training a model on synthetic RGB and directly applying it to real data
typically fails [ ]. Many methods employ some level of rendering ran-
domization [ , ., 96, ) ' ], including lighting conditions and
textures. However, they typically assume speci ¢ object instances and/or
known object models. Another family of methods employ domain adap-
tation to bridge the gap between simulated and real images [ , 19). Al-
gorithms trained on depth have been shown to generalize reasonably well
for simple settings [ 103, 37]. However, noisy depth sensors can limit the
application of such methods. Our proposed method is trained purely on
(non-photorealistic) synthetic RGB-D data and is accurate even when depth
sensors are inaccurate, and can be trained without adapting or randomizing
the synthetic RGB.

3.2 Method

Given a single RGB-D image, the goal of our algorithm is to produce object
instance segmentation masks for all objects on a tabletop, where the object
instances (or even the semantic class) are arbitrary and are not assumed to
have been seen during a training phase. These masks do not have any notion
of class categorization or semantics. These masks can be employed by robots
for interacting with unseen object instances in downstream applications
such as grasping and/or manipulation. We focus the problem in tabletop
environments, which is very common to current robotic manipulation tasks.
Our framework consists of two separate networks that process Depth
and RGB separately to produce instance segmentation masks. First, we de-
sign a Depth Seeding Network (DSN) that takes a depth image as input and
outputs initial object instance segmentation masks. These initial masks can
be quite noisy for a number of reasons, thus we design an Initial Mask Pro-
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Figure 3.2: Overall architecture. The Depth Seeding Network (DSN) is
shown in the red box, the Initial Mask Processor (IVIP) in the green box, and

the Region Re nement Network (RRN) in the blue box. The images come
from a real example taken by an RGB-D camera in our lab. Despite the level
of noise in the depth image (due to re ective table surface), our method is

able to produce sharp and accurate instance masks. Gradients do not ow
backwards through dotted lines.

cessor (IMP) to robustify them with standard image processing technigues.
We further re ne the processed initial masks using our Region Re nement
Network (RRN), which is designed to snap the noisy initial mask edges to
object edges in RGB, providing sharp and accurate nal instance masks. The
full architecture is shown in Figure 3.2.

Because the DSN incorporates non-differentiable techniques in order to
build the initial masks, our DSN and RRN are trained separately as opposed
to end-to-end. Both the DSN and RRN can be trained fully in simulation
with no ne-tuning on real-world data, allowing our framework to capitalize
on large amounts of simulated scenes and objects without resorting to the ex-
pensive process of annotating data. Our framework generalizes remarkably
well to real-world scenarios despite being trained only on non-photorealistic
simulated data, enabling robotic tasks with unseen objects.

3.2.1 Depth Seeding Network

It has been shown that depth generalizes reasonably well for Sim-to-Real
problems [103 37, ]. Inspired by this concept, we focus the rst stage
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of our framework on depth only to produce initial class-agnostic instance
segmentation masks. At a high level, the DSN takes as input a 3-channel
organized point cloud, D 2 RH W 3/ of XYZ coordinates, and outputs
initial instance segmentation masks. Note that D can be computed by
backprojecting a depth map given camera intrinsics.

We examine two methods of structuring the DSN. First, we investigate
building initial masks by predicting centers in 2D pixel space. While this
method provides state-of-the-art results, it has some obvious pitfalls (exam-
ined in Section 3.4) that motivates a novel architecture that builds masks by
predicting centers in 3D space.

Reasoning in 2D

Network Architecture  The organized point cloud D is passed through an
encoder-decoder architecture to produce two outputs: a semantic segmenta-
tion mask F 2 R* W C \where C is the number of semantic classes, and
2D directions to object centersV 2 RH W 2 We useC = 3 for our semantic
classes: background, tabletop, and tabletop objects. Each pixel ofV encodes
a 2-dimensional unit vector pointing to the 2D center of the object. We de ne
the center of the object to be the mean pixel location of the observable mask
(part of mask that is unoccluded). Although we do not explicitly make use of
the tabletop label in Section 3.4, it can be used in conjunction with RANSAC
[57] in order to better estimate the table for downstream applications. For
the encoder-decoder architecture, we use a U-Net [13€] architecture where
each3 3convolutional layer is followed by a GroupNorm layer [ ] and
ReLU. The output of the U-Net is a feature map of shape R W 64, Sitting
on top of this is two parallel branches of convolutional layers that produce
the foreground mask F and center directions V (Figure 3.2). While we use
U-Net for the DSN architecture, our framework is not limited to this and
can replace it with any network architecture.

In order to compute the initial segmentation masks from F and V, we
design a Hough voting layer similar to [ ]. We describe the pseudocode
detailed in Algorithm 1. First, we discretize the space of angles [0;2 ]into
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Algorithm 1 Hough Voting Procedure Pseudocode

Require: F,V, cosine distanced;, number of angle bins A. Robustness pa-

R
N P O

rameters: inlier threshold ;, distance threshold ¢, percentage threshold
pt-
return Initial instance masks S
Initialize H2 R? W A to zeros
for potential center p. 2 do
for p2 F do
if de(Pc  P;Vp) < it AND d(pc;p) < qthen
a=bA dc(pc p;[0; 1])c# discretized angle
Hpa=1
end if
end for

: end for
: Compute local maximums Cof H using NMS and
: Compute S with CV

A equally spaced bins. For every pixel, we compute the percentage of
discretized directions from all other foreground pixels that point to it and
use this as a score for how likely the pixel is an object center (lines 3-10).
We threshold when a foreground pixel points to it with an inlier threshold
and distance threshold. We then threshold the percentages and apply non-
maximum suppression (NMS) to select object centers (line 11). Given these
object centers, each pixel is assigned to the closest center it points to (line
12), which gives the initial masks as shown in the red box of Figure 3.2.
Note that the inlier, distance, and percentage thresholds provide the Hough
voting layer with robustness. For example, if not enough foreground pixels
from all directions point towards a potential object center, that center is not
selected. This robusti es the algorithm by protecting against false positives.
We qualitatively show the ef cacy of these design choices in Section 3.4.5.

Loss Functions To train the DSN, we apply two different loss functions
on the semantic segmentation F and the direction prediction V.
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Foreground Loss For the semantic segmentationF, we use a weighted
cross entropy as this has been shown to work well in getecting object bound-
aries in imbalanced images [1 7. Thelossis'tg = ;Wi ce Fi;Fi where
i ranges over pixels, F;; F; are the predicted and ground truth probabilities
of pixel i, respectively, and " is the cross-entropy loss. The weight w;
is inversely proportional to the number of pixels with labels equal to  F;j,

normalized to sum to 1.

Direction Loss We apply a weighted cosine similarity loss to the di-
rection prediction V. The cosine similarity is focused on the tabletop object
pixels, but we also apply it to the background/tabletop pixels to have them
point in a xed direction to avoid false positives. The loss is given by

"
X X 0

W= 01 Vv 2 1y . (B

H |
i20 BIT] i2B[ T 1

where V;;V,; are the predicted and ground truth unit directions of pixel i,
respectively. B; T ; O are the sets of pixels belonging to background, table,
and object/foreground classes, respectively. Note that B[T [O = ,where

is the set of all pixels. ; is inversely proportional to the number of pixels
with the same instancelabel as pixel i, which gives equal weight to each
instance regardless of size. We set ,; = 0:1. The total loss for our 2D DSN
is given by “tg + “gir -

Reasoning in 3D

Reasoning in 2D has some failure cases that can be mitigated by reasoning
in 3D. For example, if the center of an object is occluded by another object,
the 2D center voting procedure will not detect that object (examples of this
can be found in Section 3.4.5). Thus, we propose a new architecture to
the DSN to better handle these cases and provide stronger results. This
formulation requires more sophisticated loss functions. In particular, we
introduce a novel separation loss that signi cantly improves accuracy in
cluttered scenes.
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Network Architecture ~ The network architecture of this 3D DSN is almost
the same as the 2D DSN. The input is the same, which is the organized point
cloud D of XYZ coordinates. The main difference between the 2D DSN and
the 3D DSN is the output. Our 3D DSN still outputs the semantic segmenta-
tion mask F, but produces 3D offsets to object centersV°2 R" W 3instead
of 2D directions V. Note that elements in V%are not unit vectors, which
is the case with V. SinceVare 3D offsets,D + VYis the predicted object
centers for each pixel, which we will refer to as “center votes”.

We propose to modify the architecture to use dilated convolutions [ ]
in order to provide the DSN with a higher receptive eld. We replace the
6"; 8", and 10" convolution layers with ESP modules [ 106). An ESP module
is a lightweight module consisting of a reductionoperation, a split/transform
component that applies convolutions with different dilation rates to get a
spatial pyramid, and a mergeprocess that hierarchically fuses the feature
maps of the spatial pyramid [ 106. The ESP module has less parameters than
the convolution layer it replaces, making it more computationally ef cient.
Details of the implementation can be found in the public code release at the
project websitel. We show in Section 3.4.6 that adding this module provides
a boost in performance.

To compute initial masks, we perform mean shift clustering in 3D space
over our center votes D + VC Mean shift clustering is an iterative procedure
to nd the modes of a distribution approximated by a kernel density esimate
(KDE). The number of clusters (objects, in our case) is not determined
beforehand, but instead by the number of modes in the KDE. We use the
Gaussian kernel K (x;y) = exp 5kx yk3 , which results in Gaussian
mean shift (GMS) clustering. > 0 is a hyperparameter which affects
the number of modes (objects) in the KDE. Thus, the choice of is crucial
and depends on the relative distance between objects, which is low in
clutter. A detailed review of mean shift clustering algorithms can be found
in [ 23]. After clustering, each pixel is assigned to the cluster ID of its center
vote to generate the initial masks. The clustering is only applied to the

https:/irse-lab.cs.washington.edu/projects/
unseen-object-instance-segmentation/
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foreground pixels. Note that this method of producing initial masks lacks
the thresholds such as jt; 4; pt from the 2D DSN Hough voting layer that
provide robustness.

Loss Functions  We apply four loss functions on the semantic segmentation
F and center offsets V°to train the 3D-reasoning version of the Depth
Seeding Network.

Foreground Loss We utilize the same foreground loss as in Section 3.2.1
for the 2D DSN, “¢q.

Center Offset Loss We apply a Huber loss  (Smooth L1 loss) to the
center offsetsV %to penalize the distance of the center votes to their corre-
sponding ground truth object centers.

“co = X wi D+ Vio G (3.2)
i2
where ¢ is the 3D coordinate of the ground truth object center for pixel i.
Like “tg, the weight w; is inversely proportional to the number of pixels
with the same instance label y;. For object centers that are out of view of the
camera, we project them to the camera'’s eld of view.

Clustering Loss  We adopt a clustering loss that unrolls GMS for a few
iterations and applies a loss on the clustered points, very similar to [ 85].
GMS iteratively shifts a set of S 3D seed points,Z 2 RS 3, to higher density
regions of the KDE in a gradient ascent-type fashion [ 23]. Let Z() be the
points at the 1" iteration of GMS. Z© s initialized as the center votes
X = D+ V%2 RO 3 of the foreground pixels. One iteration of GMS
amounts to Z(*D = o KX where K 2 RS9 s the kernel matrix s.t.
Kl = K(Z";X;), and D = diag(K 1) with 1 2 Ri% being a vector of
all ones. Note that K depends on . This iteration can be seen as a layer
in the network with no parameters for learning. We apply the following
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loss function to Z() and X , with the corresponding object instance labels
Y 2 RIO:
X X
N |
Q0% )= wi 1y = v 9z ;X))
i=1 j20 (3.3)

+w; 1fy; 6 yio  dz";x;))2

where wj; are inverse proportional weights w.r.t. class size, d(; ) is Eu-
clidean distance, and [ ]+ = max( ;0). This loss function in uences the KDE
modes to be close to its points, and at least away from points not belonging
to the cluster, encouraging the points X = D + V°to be more cluster-like.
Applying Eqg. (3.3) to all points, i.e. S = jOj, results in excessive memory
usage, thus we instead adopt a stochastic version of this loss function. We
randomly sample anindexset | f 1;2;:::;jOjgandsetZ© = X, ,andrun
GMS clustering only on these points. We unroll GMS for L iterations, and

apply ‘SI) at each iteration, giving the full cluster loss "¢ = 8) + i+ (C'I‘)

Separation loss We introduce a novel separation loss that encourages
the center votes to not necessarily be at the center of an object, as long as it is
far away from other object center votes in order to ease the post-processing
GMS clustering phase. To do this, we consider the following tensor:

exp( d(g;Di+ V)9)

3.4
g €Xp  d(go;Di + V9 (34)

where ¢ is the j ™ ground truth object center, i 2 O, and > O0is a hy-
perparameter. This is simply the distance from center vote D; + V,%to all
object centers scaled by , with a softmax applied. We apply a cross entropy
loss “sep(Mjj ) = sz1 1fy; = jglog(Mj ) in order to maximize Mj; when
Yi=1].

Maximizing Mj; for a foreground pixel i and its corresponding GT object
centerj encourages 1) the center voteD; + V,°to be close tog;, and 2) to be
far from f¢ jyi 6 yjg. While the "¢, also enforces property 1, property 2 is
quite desirable in heavy clutter. If two objects are situated in a way such
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that their 3D object centers are very close, post-processing clustering will be
dif cult. This separation loss encourages the network to predict object center
votes that are not close to each other, making the task of post-processing
clustering easier. In Section 3.4.6, we show that this loss is crucial for strong
performance in heavy clutter.

In summary, the total loss used to train the 3D DSN is given by g tg +

cocot cat sep sep-

3.2.2 Initial Mask Processing Module

Computing the initial masks from F and V=VPoften results in noisy masks
(see an example of initial masks computed from the 2D DSN using our
Hough voting layer in Figure 3.2). For example, these instance masks
often exhibit salt/pepper noise and erroneous holes near the object center
(see Section 3.4.5 for examples). As shown in Section 3.4.4, the RRN has
trouble re ning the masks when they are scattered as such. To robustify the
algorithm, we propose to use two simple image processing techniques to
clean the masks before re nement.

For a single instance mask, we rst apply an opening operation, which
consists of mask erosion followed by mask dilation [ ], removing the
salt/pepper noise issues. Next we apply a closing operation, which is
dilation followed by erosion, which closes up small holes in the mask.
Finally, we select the largest connected component and discard all other
components. Note that these operations are applied to each instance mask
separately. These simple image processing technigues are immensely helpful
in robustifying the system.

3.2.3 Region Re nement Network

While depth generalizes reasonably well from Sim-to-Real, the initial masks
(after IMP) are still subject to many errors due to noisy depth sensors. The
RRN is designed to snapthe initial mask edges to the object edges in RGB to
provide accurate and sharp instance masks.
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Network Architecture

Inspired by [ 104], this network takes as input a cropped 4-channel image,
which consists of RGB concatenated with a single initial instance mask. The
RGB image is cropped around the instance mask with some padding for
context, concatenated with the (cropped) mask, then resized to 224 224
This gives an input image | 2 R??* 224 4 The output of the RRN is the
re ned mask probabilities R 2 R??* 224 which we threshold to get the nal
output. We use the same U-Net architecture as in the DSN. To train the RRN,
we apply the loss “tg with two classes (foreground vs. background) instead
of three.

Mask Augmentation

Recall that the DSN and RRN are trained separately. In order to train the
RRN, we need examples of perturbed instance masks. While we could train
the RRN with the outputs of the DSN, we found that they are typically too
clean on our synthetic dataset and we achieved better results by perturbing
the ground truth masks instead. This problem can be seen as a data augmen-
tation task where we augment the mask into something that resembles an
initial mask (after the IMP). We detail the different augmentation techniques
used below:

« Translation/rotation: We translate the mask by sampling a displace-
ment vector proportionally to the mask sizefrom a beta distribution.
Rotation angles are sampled uniformly in [ 10 ;10 ].

« Adding/cutting: For this augmentation, we choose a random part of
the mask near the edge, and either remove it (cut) or copy it outside
of the mask (add). This re ects the setting when the initial mask
egregiously over ows from the object, or is only covering part of it.

« Morphological operations: We randomly choose multiple iterations
of either erosion or dilation of the mask. The erosion/dilation kernel
size is set to be a percentage of the mask size, where the percentage is
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Figure 3.3: Examples from our Tabletop Object Dataset. (Non-photorealistic)
RGB, depth, and instance masks are shown.

sampled from a beta distribution. This re ects inaccurate boundaries
in the initial mask, e.g. due to noisy depth sensors.

« Random ellipses: We sample the number of ellipses to add or remove
in the mask from a Poisson distribution. For each ellipse, we sample
both radii from a gamma distribution and a random rotation angle.
This augmentation requires the RRN to learn to remove irrelevant
blots outside of the object and close up small holes within it.

3.3 Tabletop Object Dataset

Many desired robot environment settings (e.g. kitchens, cabinets) lack
large scale training data to train deep networks. To our knowledge, there
is no large scale dataset for unseen tabletop objects. To remedy this, we
generate our own synthetic dataset which we name the Tabletop Object
Dataset (TOD). This dataset is comprised of 40k synthetic scenes of cluttered
ShapeNet [24] objects on a (ShapeNet) tabletop in SUNCG home environ-
ments [150. We only use ShapeNet tables that have convex tabletops and
Iter the ShapeNet object classes to roughly 25 classes of objects that could
potentially be on a table. Example classes include: jar, mug, helmet, and
pillow.

Each scene in the dataset is of a random room chosen from a random
SUNCG house loaded without any furniture. We sample a ShapeNet table
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