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Learning human activities and environments is important for robot perception.
Human activities and environments comprise many aspects, including a wide
variety of human actions and various objects that interact with humans, which
make their modeling very challenging. We observe that these aspects are re-
lated to each other spatially, temporally and semantically. They form sequen-
tial, hierarchical or graph structures. Understanding these structures is key to
the learning algorithms and systems of robot perception.

Therefore, this thesis focuses on structured modeling of these complex hu-
man activities and environments using unsupervised learning. Our unsupervised
learning approaches can detect hidden structures from the data itself, without
the need for human annotations. In this way, we enable more useful applica-
tions, such as forgotten action detection and object co-segmentation.

While structured models in supervised settings have been well-studied and
widely used in various domains, discovering latent structures is still a chal-
lenging problem in unsupervised learning. In this work, we propose unsuper-
vised structured learning models, including causal topic models and fully con-
nected Conditional Random Field (CRF) auto-encoders, which have the ability
to model more complex relations with less independence. We also design effi-
cient learning and inference optimizations that maintain the tractability of com-

putations. As a result, we produce more flexible and accurate robot perceptions



in more interesting applications.

We first note that modeling the hierarchical semantic relations of objects and
objects” interactions with humans is very important for developing flexible and
reliable robotic perception. We therefore propose a hierarchical semantic labeling
algorithm to produce scene labels at different levels of abstraction for specific
robot tasks. We also propose unsupervised learning algorithms to leverage the
interactions between humans and objects, so that the machine can automatically
discover the useful common object regions from a set of images.

Second, we note that it is important for a robot to be able to detect not only
what a human is currently doing, but also more complex relations, such as ac-
tion temporal and human-object relations. Thus, the robot is able to achieve bet-
ter perception performance and more flexible tasks. Thus, we propose a causal
topic model to incorporate both short-term and long-term temporal relations
between human actions, as well as human-object relations, and we develop a
new robotic system that watches not only what a human is currently doing, but
also what he has forgotten to do, and reminds the person of the latter where
necessary.

In the domain of human activities and environments, we show how to
build models that can learn the semantic, spatial and temporal structures in
the unsupervised setting. We show that these approaches are useful in mul-
tiple domains, including robotics, object recognition, human activity model-
ing, image/video data mining and visual summarization. Since our tech-
niques are unsupervised and structured modeled, they are easily extended
and scaled to other areas, such as natural language processing, robotic plan-

ning/manipulation, multimedia analysis, etc.
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CHAPTER 1
INTRODUCTION

Learning human activities and environments is important for robot percep-
tion. This problem is challenging, as human activities and environments com-
prise many aspects, including a wide variety of human actions and various ob-
jects that interact with humans. We observe that these aspects are related to
each other spatially, temporally and semantically. They form sequential, hierar-
chical or graph structures. Therefore, correctly understanding and discovering
these structures would be key to many applications, such as assistive robots,

self-driving cars, healthcare monitoring systems, etc.

Most approaches to the modeling of human activities and environments are
supervised learning, which involve huge cost in terms of manually labeling the
data. However, there is much unlabeled image and video data available on the
Internet and collected by researchers that could be used for the machine learn-
ing of human activities and environments. Moreover, learned knowledge and
applications have been limited to annotations, e.g., solely concerned with the
identification of individual objects or human actions. Thus, many other inter-
esting structures, such as temporal orderings between human actions, human-
object interactions and object semantic hierarchies, are often missing in the ex-

isting research, especially in unsupervised settings.

This thesis focuses on structured modeling of human activities and environ-
ments using unsupervised learning. We develop algorithms and systems for
learning structures based on composite human activities and their environ-
ments, rather than individual human actions or objects. Perception performance

is improved as a result, since the recognition of one object/action is used to rec-



ognize others. Furthermore, our unsupervised learning approaches can detect
and model hidden structures in the data itself, without the need for human an-
notations. In this way, we can uncover richer information in the data, which
enables more useful applications, such as forgotten action detection and object

co-segmentation.

Structured modeling in supervised settings, such as a Conditional Random
Field (CRF), have been well-studied and widely used in various domains, in-
cluding computer vision, robotics, natural language processing and computa-
tional biology. These approaches incorporate rich features to capture varieties
of relations for specific tasks. However, discovering latent structures by incor-
porating such rich observation features has been addressed to a much lesser
extent in unsupervised learning. Most existing works require strong indepen-
dence assumptions that limits the modeling ability and their applications, e.g.,
the first-order Markov assumptions in the hidden Markov model (HMM) [16]
and topic independence assumptions in Latent Dirichlet allocation (LDA) [20].
In this work, we propose unsupervised structured learning models, which have
the ability to model complex relations with less independence, including hi-
erarchical semantic and spatial relations between different objects, as well as
short-range and long-range temporal relations between human actions. In this
way, we achieve more flexible and accurate robotic perceptions, more useful
applications and richer discovered and mined information. Despite the com-

plexities introduced in our models, we design efficient learning and inference



optimizations that render the computations tractable.

1.1 Human Environments Learning

In many applications, such as robotic assistance and healthcare monitoring, it
is important to model the semantic relations between objects, as well as the
interaction between objects and humans. These semantic and spatial structures

help robots to provide more reliable and convenient services.

First, we observe that, in different robotic tasks, the robot requires semantic
labels at various levels of abstraction. For example, say we want a robot to fetch
a Coke from the fridge. In order to navigate to the fridge door as a first step, it
will be easier for the robot to recognize the high-level object of a fridge or fridge-
door class, rather than the detailed fridge-handle class. Yet once the robot gets
close enough for manipulation, producing a more detailed fridge-handle class
is necessary to open the fridge door. In the final step, if the robot does not detect
a Coke in the fridge, it is better that it fetches another soda instead of coming

back empty-handed. It must therefore understand that Coke is a type of soda.

Therefore, we build a semantic hierarchy graph to represent these is part
of” and ’is type of’ relationships and propose a hierarchical semantic labeling al-
gorithm to let the robot hedge its bets in different tasks. We propose a novel
approach which uses mixed integer programming to optimize a model isomor-
phic to a CRFE. Our model encodes relations both between color/depth features
and labels, and between neighboring segments, as well as constraints that arise
due to the hierarchical nature of labels. We demonstrate that our algorithm im-

proves on the scene labeling performance in the offline experiments and that



the PR-2 robot using our hierarchical semantic labeling achieves a high success

rate in real-world robotic scenarios.

Second, as a person interacts with an object in the scene, he/she provides
an implicit cue that allows for the identification of the object’s spatial extent
(i.e., its segmentation mask), as well as the functional or affordances properties
of the object (i.e., the object regions that a human touches in order to use it).
We propose unsupervised learning algorithms to leverage the interactions be-
tween humans and objects in automatically discovering the common interesting
object regions from a set of images, called image co-segmentation. These object
regions are useful information for robot navigation, manipulation or web image

organization and retrieval.

In order to discover the rich internal structure of these human-object interac-
tions and objects’ visual similarities, we leverage the power and flexibility of the
fully connected CRF in an unsupervised setting and propose a fully connected
CRF auto-encoder. This model is able to incorporate different types of features
from the whole data set, which are easily generalized to different structured
modeling applications, such as image segmentation, human activity temporal
segmentation and language parsing. We show that modeling the object and
human spatial structure using our model improves the image co-segmentation

considerably as compared to previous approaches.

1.2 Human Activities Learning

It is important for a robot to be able to detect not only what a human is currently

doing, but also more complex relations, such as actions’” temporal relations and



human-object relations. The robot is able to thus execute more interesting tasks,

such as action anticipation and forgotten action detection.

A human activity is composite, i.e., it is composed of several basic level ac-
tions. For example, a composite activity warming milk contains a sequence of
actions: fetch-milk-from-fridge, microwave-milk, put-milk-back-to-fridge, fetch-milk-

from-microwave and leave.

Modeling such activities poses several challenges. First, some actions often
co-occur in a composite activity but some may not. Second, co-occurring actions
can vary in their temporal orderings, e.g., people can first put-milk-back-to-fridge
then microwave-milk instead of the inverse order in the above example, while the
ordering is more relevant to the action fetch-milk-from-fridge. Moreover, these
ordering relations can exist in both the short- and long-range, e.g., pouring is
followed by drink while sometimes fetch-book is related to put-back-book with a
long read between the two. Third, the objects the human interacts with are also
important to modeling actions and their relations, as some actions can involve

common objects.

We consider the video as a sequence of short-term action clips that contain
human-words and object-words. An activity concerns a set of action-topics and
object-topics that indicate which actions are present and which objects are inter-
acted with. We then propose a causal topic model that relates the words and the
topics. This allows us to model long-range action relations that commonly ex-
ist in the composite activities, which has posed a challenge for previous works.
We demonstrate flexibilities in terms of different structures using our model,
and show that modeling the long-term temporal relations and co-occurrence of

actions offers the best results. We also contribute a new challenging RGB-D ac-



tivity video data set, recorded by the Kinect v2, which contains several human
daily activities as compositions of multiple actions interacting with different ob-

jects.

Furthermore, we develop a robotic system using our unsupervised struc-
tured learning algorithms. The robot watches what a human is currently doing,
detects what he has forgotten to do while performing an activity and, if nec-
essary, reminds the person of the latter, using a laser pointer to indicate the
relevant object. This simple setup can be easily deployed on any assistive robot.

We then outline the promising results of these robotic experiments.

In the domain of human activities and environments, we show how to
build models that can learn the semantic, spatial and temporal structures of
unsupervised settings. We demonstrate that these approaches are useful in
multiple domains, including robotics, object recognition, human activity mod-
eling, image/video data mining and visual summarization. Since our tech-
niques are unsupervised and structured modeled, they are easily extended
and scaled to other areas, such as natural language processing, robotic plan-

ning /manipulation or multimedia analysis.

The remainder of this thesis is organized as follows. Chapter 2 presents
a hierarchical semantic scene labeling algorithm and its robotic applications.
Chapter 3 introduces a human-centered co-segmentation method that lever-
ages human-object interactions to improve co-segmenting common objects from

given images. Chapter 4 presents an algorithm that models composite human



activities in a completely unsupervised setting. Chapter 5 describes a robotic
system using our human activity and environment modeling. The thesis con-

cludes in Chapter 6 with a discussion of future works.

1.3 First Published Appearances of Described Contributions

Most contributions or their initial versions described in this thesis have first

appeared as various publications:

Chapter 2: Wu, Lenz, Saxena [134]

Chapter 3: Wu, Zhang, Saxena, Savarese [136]

Chapter 4: Wu, Zhang, Savarese, Saxena [135, 133]

Chapter 5: Wu, Zhang, Sener, Selman, Savarese, Saxena, Ashutosh [137,
133, 115]



CHAPTER 2
HIERARCHICAL SEMANTIC LABELING FOR TASK-RELEVANT RGB-D
PERCEPTION

2.1 Introduction

In human environments learning, semantic scene labeling is crucial to many
robotic tasks, allowing a robot to precisely localize objects, build maps, perform
mobile manipulation tasks, and achieve many other goals. In recent work, many
algorithms have been developed to produce such a labeling for RGB-D images
(e.g., [104, 72, 9, 47]). However, these approaches produce only a flat labeling
of a scene, ignoring important relationships between the label classes. In this
work, we present an algorithm whose output is a hierarchical labeling of the

scene.

These hierarchical labels are very important for a wide range of robotic ap-
plications. Segmenting object parts, such as handles, knobs, and buttons, sepa-
rately from the body of the object is critical to properly afford most household
objects. Understanding hierarchical object classes can also enable a robot to
make rational substitutions between objects. Consider, for example, the task
of fetching a Coke from a fridge (Fig. 2.1). To open the fridge, the robot must
detect and grasp the fridge handle separately from its door. Then, if a Coke is
not present in the fridge, it is much more desirable for the robot to return with

another soda, such as a Pepsi, than empty-handed.

Using a semantic label hierarchy as shown in Fig. 2.2 enables these behav-

iors, which could not be realized using flat labels. When labeling with this hier-
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Step 3: pick up the Coke.

PR2: No Coke,
try Sprite?

Figure 2.1: Hierarchical Labels are produced by our algorithm as required for a robotic
task. In the above environment, a robot is asked to fetch a Coke. It needs to perform
three sub-tasks: navigate to the fridge, open the fridge door, and pick up the Coke
(shown in three rows). For navigation, the robot needs to produce a higher-level fridge-
door label so that it can approximately navigate close to it. Once it gets closer, producing
a more detailed fridge-handle label is necessary. In the last step, the robot cannot detect
Coke, so it fetches another soda instead. Such a label hierarchy lets a robot hedge its bets.

archy, each pixel belongs to a series of increasingly-general labels - for example,
a pixel of class fridge-handle would also be of classes fridge-door, fridge and elec-
tronics. This also allows us to represent uncertainty, using a more general class

when the algorithm is not sure which low-level class a pixel should belong to.

Conventional flat labeling approaches [104, 47] might simply be applied by
flattening all the classes in the semantic hierarchy, but this sacrifices important
information. Meanwhile, image classification approaches using semantic hier-
archies [33, 99], which predict only one label for each image, cannot be applied

to most robotic tasks that require pixel-level labeling of the entire scene. Prop-



erly integrating a semantic hierarchy into the labeling problem is a major chal-

lenge, and the main focus of this work.

To this end, we propose a novel approach which uses mixed integer pro-
gramming to optimize a model isomorphic to a Conditional Random Field
(CRF). Our model encodes relations both from color/depth features to labels
and between neighboring segments, as well as constraints arising due to the
hierarchical nature of labels. It directly integrates hierarchical information, al-
lowing it to represent ambiguities in perception by giving more general labels.
In fact, our algorithm allows a desired specificity of the produced labels, al-
lowing for more specific ones for tasks which need them, and more general
ones for those that do not. Our approach also combines multiple segmentation
trees generated using different metrics to yield more robust labeling results. We
demonstrate that all the necessary terms and constraints for our approach can
be combined into a model which remains parsimonious and solvable in under
1.5 seconds per image despite incorporating more information than considered

in other labeling algorithms.

We validate the performance of our algorithm in an extensive series of ex-
periments, both offline on the NYUD?2 dataset [118] and online in a series of
robotic experiments using our PR2 robot equipped with a Microsoft Kinect.
Our algorithm produces significantly improved results on hierarchical label-
ing over the state-of-the-art, increasing performance by up to 15%. In robotic
experiments, we demonstrate the usefulness of hierarchical as opposed to flat
labeling and show that our algorithm can be applied to real-world robotic
scenarios, achieving an average success rate of 81% over several challenging

tasks. Video of some of these is available at http://pr.cs.cornell.edu/
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sceneunderstanding/.

In summary, the main contributions of this chapter are:

* We consider a hierarchy of semantic labels when labeling RGB-D scenes,

which allows the robot to predict task-relevant labels.

* We design an inference model that incorporates, over a CRF, relations between
segment-features and labels, relations between neighboring segments, as well
as constraints arising because of the hierarchical nature of the labels. We show
that it still remains tractable and is solved by constrained mixed integer pro-
gramming.

* Our model allows a robot to choose varying levels of specificity in the labels

produced.

* We perform extensive evaluation on the NYUD?2 dataset as well as on several

different robotic tasks.

2.2 Related Work

Scene understanding. Scene understanding from 2D images has been widely
explored [111, 113, 45, 27]. Due to the availability of affordable RGB-D
sensors, significant effort has been put into RGB-D scene understanding re-
cently [118, 104, 72, 86, 9, 56, 55, 49, 76]. Ren et al. [104] developed Kernel
Descriptors, highly useful RGB-D feature, and used the segmentation tree to
get contextual information. Gupta et al. [47] generalized 2D gPb-ucm contour
detection to 3D, giving more effective segmentation. Koppula et al. [72] and

Anand et al. [9] used rich contextual information for semantic labeling of 3D
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point clouds. Jia et al. [55] interpreted objects in a scene by reasoning about
blocks, support, and stability. All these works predict flat labels, which are not
applicable to many robotic tasks. Instead, our approach outputs a hierarchical
labeling, which aids navigation, object finding and rational target substitution

in robotic applications.

Visual recognition using semantic hierarchies. Our work is also related to
visual recognition using semantic hierarchies [32, 108]. One similar work [33]
classified large scale images by optimizing accuracy-specificity trade-offs. Or-
donez et al. [99] considered predicting labels that people actually use to name
an object. Both of these works targeted web image classification, and so predict
a single label for each image denoting the most salient object. For many robotic
tasks, we must consider pixel level labeling of multiple objects in a complex

scene using a semantic hierarchy.

Robotic tasks using vision. There is also a huge body of works using vision al-
gorithms to help perform different robotic tasks [46, 106, 50, 83], such as object
grasping [112, 39, 79], navigation [12, 73], trajectory control [116], and activity
anticipation [70]. Many works focused on improving SLAM techniques to better
depict an environment for planning and navigation [95, 78], such as incremen-
tal smoothing and mapping using the Bayes Tree [62], real-time visual SLAM
over large-scale environments [132], and object level SLAM [110]. Milford [92],
He and Upcroft [48] proposed a place recognition algorithm for mobile robots.
Katz and Brock [64] developed interactive segmentation for observing object
motion during manipulation. Pangercic et al. [100] built semantic object maps
for manipulation tasks for an autonomous service robot. Hinkle and Edwin [51]

proposed a technique for functionally classifying objects using features obtained

12
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Figure 2.2: Semantic hierarchy graph. Each node denotes a class and each directed edge
denotes a ‘belong to’ relation.

through physical simulations.

2.3 Overview

The input to our algorithm is a co-registered RGB and Depth image pair / €
R™m3 D e R™", where m,n are the image height and width. Our goal is to
predict the label of each pixel and output the label matrix L € C"™", where C is
the set of possible hierarchical semantic labels. We achieve this by mapping a
semantic hierarchy graph to the segmentation tree built on the input image. We
will first introduce the semantic hierarchy graph and the segmentation tree in

this section.

Semantic hierarchy graph. For many robotic actions, we need semantic labels
at different levels of abstraction rather than a simple object level. Therefore, we

consider two types of relations in a semantic hierarchy:

¢ [s-part-of. For some robotic tasks, we need detailed localization of specific ob-

ject parts. For example, to open a fridge, it is much better to know exactly

13



where the fridge-handle is from the labeling rather than to simply guess based

on a higher-level fridge-door label.

¢ Is-type-of. Understanding which objects belong to the same higher-level se-
mantic class allows a robot to make rational substitutions between such ob-
jects. For example, if the robot is sent to find a Coke but cannot, it could instead

return with any soda such as a Pepsi.

We represent this semantic hierarchy by a directed acyclic graph, called a
semantic hierarchy graph, where the nodes C = {¢;} represent the possible labels
and the edges represent one of aforementioned relations. See Fig. 2.2 for an

example.

Segmentation tree of the RGB-D image. We begin by segmenting the image
into small segments. This gives us a set of candidate segments {s;} to label. If
a segment is too small, visual and/or geometric information might be limited;
if it is too large, it might straddle a class boundary. We therefore build a seg-
mentation tree and label over this tree. In detail, we first obtain leaf node over-
segmentations using a gPb-ucm approach extended for RGB-D images [47]. Sec-
ond, we merge the most similar pairs of nodes step-by-step based on a similarity

measure (the gPb-ucm boundary value)!, forming a tree as shown in Fig. 2.3.

Note that mapping the semantic hierarchy graph to the segmentation tree
is challenging, because both labels and segments are hierarchical rather than
flat as in previous works. For example, for a parent segment with two child

segments, it is possible to label them with parent-child labels such as labeling

! In order to improve the chances of obtaining desirably-sized segments for labeling, we actu-
ally build multiple segmentation trees based on different similarity measures [87]: the gPb-ucm
boundary value (ucm tree), the similarities between the normals of two neighboring segments
(normal tree), and the semantic similarities of any two segments (category tree). These diverse
trees provide rich candidate segments for the labeling stage.

14



Figure 2.3: Illustration of segmentation tree. Pixels are grouped into small segments
which are then merged to form a segmentation tree.

the parent as chair and the children as chair-back and chair-base, or to only label
the children as two unrelated classes such as TV and cabinet. Thus, we need
to take into account appropriate constraints in designing our CRF-based objec-
tive function. For many robotic applications, it is also desirable to be able to
select the degree of specificity of the produced labels in the semantic hierarchy.

Integrating all these desiderata into a parsimonious model is challenging.

2.4 Preliminaries

Our approach is based on a Conditional Random Field (CRF), modeling the
unary terms of, and pair-wise relations between, the segments. We will intro-
duce the unary term and a CRF model to label RGB-D images with flat-labels in

this section. We first define the notations in Table 2.1.
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Table 2.1: Major notations in this chapter.

cx k-th label in the semantic hierarchy graph.

s; i-th segment in the segmentation tree.

vik €10, 1}. If s; is labeled with ¢, yi = 1, o.w. yy = 0.
a; number of pixels in segment s;.

ay number of pixels of class ¢, in segment s;.

wi = ay/a;, fraction of ¢ class pixels in segment s;.

2.4.1 Unary term of a segment

The unary term relates the features of a segment to its label. Kernel descriptors
have been proven to be useful features for RGB-D scene labeling [104], so we
extract six such descriptors from each segment: gradient, color, local binary
pattern, depth gradient, spin, surface normals, and KPCA /self-similarity. The
feature vector of segment s; is denoted as z;. We then use the fraction of ¢ class
pixels in segment : w’, = a;/a; as a confidence score for s; belonging to ¢;. Since
each pixel belongs to several ground-truth classes in the hierarchy such as chair-
back, chair, sittable, furniture, we treat this as a linear regression problem rather
than a classification problem as in previous work [104]. In detail, ridge linear

regression is used to train the linear prediction function Wy = 6] z;.

2.4.2 Labeling RGB-D Images with Flat Labels

Previous work in [9] started by dividing the RGB-D image into small segments,
with the goal of labeling each segment from a flat label set {¢;}. They then used a
CRF to model the unary terms of and pair-wise relations between the segments.

Since each segment is allowed to belong to only one class, we have the constraint
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2. Yic = 1. The objective function is as follows:

FlatSeg-FlatLabel, (W, ®) :

unary terms edge terms

manZYikWik+ Z YieY 5 P(sis 5), 2.1)

SisCk (si,5)EN, ¢k

st Y ye=1 Vs yiel(0.1)

Ck
Here the unary term is Wy, the edge term is ®(s;, s;) = aexp(-B gPb(s;, s;)), in
which gPb(s;, s;) is the gPb-ucm boundary weight between s;,s;, and «,f are
two weighting parameters. The edge term encourages neighboring segments

(si» s;) € N with small boundaries to take the same label.

2.5 Hierarchical Semantic Labeling

In this section, we will describe an improved CRF model with constraints which
allow labeling over semantic trees using hierarchical labels. We first define the
notations in Table 2.2.

Table 2.2: Major notations in hierarchical semantic labeling.

n(v) a function that takes a vertex v in a directed graph
and returns the set of its ancestors, including itself.

71(v) the set of ancestors without v itself: 7(v) — {v}.

i I-th leaf node segment in the segmentation tree.

H,; hierarchical relation graph of the ancestor set 7(s)).

Q t-th maximal independent set of graph H,.
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2,51 Labeling Segmentation Trees with Flat Labels

Now we describe how we label a segmentation tree, where flat segments are
merged to form a tree as in Fig. 2.3. As some segments in the tree overlap,
we first need to select which ones to label, and second predict their labels. We
achieve this by enforcing that, for each leaf node segment, only one of its ances-
tors (including itself) is labeled. This is because a pixel can have only one label
in a flat labeling scheme while these segments are overlapping. So following

constraints are added.

Non-overlapping constraints (NO-CT). We replace the sum-to-one constraint
2 Yik = 1L,Vs;in Eq. 2.1 with 3 ), vk = 1,V$;. Since all leaf nodes are con-
sidered, every pixel is labeled with exactly one label. We also need to ensure
that the area of the child segment vs. the parent segment is accounted for in the
objective function. We therefore weight each w; by the total number of pixels g;

of the segment s;. The objective function then becomes:

TreeSeg-FlatLabely(Ww,a, @) :

unary terms edge terms
max Z YicWika; + Z Vi jk@(si, 55, (2.2)
y SisCk (51,5/)€N,cr )
NO-CT

s.t. Z yie = 1 V3§, yi €{0,1}.

s;en(3)),ck

2.5.2 Labeling Segmentation Trees with Hierarchical Labels

When hierarchical labels are introduced, the following interesting property

emerges: even if a child node is labeled, its ancestors can be labeled with its
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ancestor classes. This complicates the specification of constraints in the model,
so we add following hierarchical relation constraints. We summarize our RGB-

D hierarchical semantic labeling approach in Alg. 1.

Algorithm 1 RGB-D Hierarchical Semantic Labeling.

Input: RGB and Depth image matrix 7, D.
Output: Pixel-level label matrix L.
1. Obtain segment set {s;} by building the segmentation
tree on I, D (Section 2.3);
2. Extract feature z; from each segment s; (Section 2.4.1);
3. Compute terms a;, Wy, 7, ® in
OpTreeSeg-HierLabel, .(W,a,F, ®) Eq. 2.5:
Wix = 0.z, T = 17, O(s;, 57) = aexp(=B gPb(s;, 5;))
(Section 2.4.1,2.4.2,2.5.2);
4. Obtain ancestor-set 7(3;) for each leaf node 3;;
6. Find hierarchical relations for each 7(3)):
Q) = {(s1, 57, ¢k Cle € 7cy), s € A(s),
Vs, s; € m(8)), Ve, ¢}, (Section 2.5.2 (1));
7. Build hierarchical relation graph H, = (V,, E)):
Vi =A{yir, Vi € n(5), Yerd,
E; = {Qit- yj2), Y(8i» Sj, Ciy €2) € L},
(Section 2.5.2 (2));
8. Enumerate maximal independent set Q;, on each H,
(Section 2.5.2 (3));
9. Solve OpTreeSeg-HierLabel, (W, a,t, ®) Eq. 2.5
(Section 2.6);
10. Label each pixel p with the most specific label from
the set {cilp € s; & yy = 1}:
L, = argmax,, ry subjectto p e s; &y = 1.

Hierarchical relation constraints (HR-CT). Now, we allow labeling more than
one segment in 7(§;) with hierarchical labels, such as labeling the parent node as

chair and the child as chair-back. To achieve this, we do the following;:

1. Find hierarchical relations. We first define a tuple (s, s, ¢k, ¢;), called hierarchical
relation if it follows ¢, € (cy),s; € #(s;). This allows the pair of segments

(si, 5;) € m(3)) to be labeled with (¢, ¢;) respectively, as their order is consistent
J z P Y,
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in both the segmentation tree and the semantic hierarchy graph. All such

tuples comprise a set Q; for each 7(3)).

. Build hierarchical relation graph. In order to find all the constraints in each
ancestor-set 7(§;) considering both the non-overlapping and hierarchical la-
beling properties, we build a undirected graph H, = (V,,E)), called hierar-
chical relation graph, of which the vertices are all possible assignments: V, =
{vie, Vs; € n(5), Ve and edges link vertices if they follow the hierarchical rela-

tion: E; = {(yir, yj2), Y(si, 8, €, ¢;) € Q).

. Find constraints on the hierarchical relation graph. Following the hierarchical
relation, if two vertices (yu,y;;) on H; are linked by an edge, they can be
both set to one. Otherwise, at most one can be set to one following the
non-overlapping constraint. To give efficient and sufficient constraints, we
constrain the sum of all y; in each maximal independent set (the set of ver-
tices, no pair of which are adjacent) to be not greater than one. The prob-
lem then becomes to enumerate all maximal independent sets® {Q;, 7 = 1,...}
of H,. In practice, we will introduce a parsimonious model (Sec. 2.6), lead-
ing to a sparse graph H, thus more efficient constraint-finding. After find-
ing these sets, we add the constraints ), cq, i < 1,V¢;,t. To further ensure
that all pixels to be labeled, we add the completeness constraints (CM-CT)

Disieniye Yie = 1, V1 to ensure at least one segment in each 7(5;) to be labeled.

. Overlapping unary correction. To give even weighting for each pixel, we also
modify the unary term for the overlapping pixels when both parent and

child segments are labeled. If y; and y;, are both set to 1, yxy;; = 1, when

2To enumerate maximal independent sets of H;, we first divide H; into a subgraph V,0),
where ¥, are all isolated vertices in H;, 0 is the empty edge set, and another subgraph H; = (V; -
V1, E). Then we enumerate all maximal independent sets {Qu,t=1,---} of H by enumerating
all cliques of its complementary graph, which is a well-studied problem in graph theory [6, 23]
and is solved by the Bron-Kerbosch algorithm [23] in our approach. Finally, Q; = Q UV,
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Figure 2.4: An illustration of the benefit of adding HR-CT. In the example, (a) shows
the ground-truth labels of the segments. (b) gives the highest estimated confidence
score W, its corresponding estimated label and the area a of each node. (c) considers
non-overlapping segments selection leading to two possible selections and (d) further
considers the hierarchical relation leading to one more possible selection. According to
the sum of scores, (c) fails to label the right child node while (d) gives a reasonable label-
ing, because the (chair,chair-back) relation strengthens each other avoiding the possible
error incurred by the poor estimated .

(si»8j,cr,c;) € €, we would rather label their overlapping pixels a; with
the more specific label ¢;. So, the summation of the unary term would be

Wika;+W .(aj—a;). Then, the objective function relating these two terms changes

to yuwaa; + Y Wi — iy j;W - a;.

Note that considering these hierarchical relations and constraints allows the
model to avoid possible errors caused by poor local estimates of W (see an ex-

ample in Fig. 2.4).

Choosing the degree of specificity for hierarchical labels. For many robotic
applications, it is also desirable to be able to decide the degree of specificity
of the produced labels. Here we use the information gain r; to represent the
specificity of each class as in [33]:
i = log, [Cl ~ log, Y I(cy € m(c.)), (2.3)
c;eC
where the first term is the total number of classes and the second term gives

the number of ¢;’s child nodes. We can see r is larger for lower level classes
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and smaller for higher levels in the semantic hierarchy. We weight the unary
term Wy by 7 = r}, where  is the parameter deciding the degree of specificity of

prediction.’

In summary, the final objective function becomes:

TreeSeg-HierLabely(W,a,F, D) :

unary terms overlapping correction terms
max E YicWiFxa; — Z ViKY j W - a;
y %
8isCk 81,(8158 j,ChsC1)ESY
edge terms
24
+ Z yikyjkq)(si’ Sj)7 ( )
(5i,5)EN,cx
NO-CT, HR-CT CM-CT
s.t. Z Vi <1 V$,t, Z yie =21 VS,
Yik€Qit si€n(31),ck
yi €10, 1}.

After solving this, we label each pixel p with the most specific label from the set:

{cklp € i & yu = 1}.

2.6 Efficient Optimization

The quadratic term in the objective function makes optimization difficult. So,
we equivalently formulate it by replacing quadratic term y;y;. with an auxiliary

variable fl’sz leading to a linear objective which can be solved by a mixed integer

3With larger 7, the relative weight for more specific class: (r;/r;)", r; > r; is larger, thus predic-
tion is more specific. The prediction is balanced when 7 = 0.
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programming (MIP) solver [2]:

OpTreeSeg-Hi erLabely,f(\?v, aro):

unary terms overlapping correction terms
z : P z : Kz~
max YViWike@; — ij Wi T d;
y€ .
8iCk 351,858 j,Ck-C2)EQY
edge terms
kk
+ E é:ij D(s, Sj), ’5
(si,57)EN,c ( . )
NO-CT, HR-CT CM-CT
S.1. g Yik < 1 Vs,t, E Vik = 1 Vs,
Yik€Qir si€n(8p),ck

k. k .
fijz < }’ik,‘f,’jz SVinVik T Vi S ‘fijz +1,Vs:, ¢

Yik € {0’ 1}’ é‘:lka € {0’ 1}’

Parsimonious Model. We observe that there is some redundancy in the above

objective, and introduce a parsimonious model to avoid this.

First, we do not need to consider all possible classes for each segment.
Classes with low unary terms Ww;#a; can be omitted for s;. We consider only

the top 7 classes, leaving only 7 possible y; for each s;.

Second, in constraint-finding, some hierarchical relations (s;, s;, cx, ;) € €
are mutually exclusive.? So we also consider W;7a; in each hierarchical relation,
reducing the number of relations by greedily selecting the top ones with no
conflicts. In detail, we first rank all the possible hierarchical relations (s, s, i, c;)
by the sum of unary terms of each pair wy#a; + w;,7;.a;, all of which consist a
candidate relation list. We select the one with the highest score from the list,

link the corresponding edge in graph H,, and remove all its violating relations

4For example, consider (sy, s3,c1,c2) and (s2, S4,¢3,¢1), Where s, € 7(s1),s3 € 7(s2), 54 €
71(s3), c2 € 7(cy),c3 € 7(ca),ca € 7(c3). They are both belong to hierarchical relations according
to the definition. However, they are mutually exclusive because when y; 1=1,y3,=1, y, 3 cannot
be 1 as the segment s, is within segments s, s3 while class c3 is higher than classes ci, c,.
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from the list. We repeat this selection until no relations remain in the list. As
a result, the graph H, becomes sparse with many isolated vertices, since only

most confident relations are considered.

The most time consuming step in Alg. 1 is to enumerate the maximal inde-
pendent sets in step 8. In the worst case it is O(n,3"7/%), where n, is the number of
leaf nodes of and /; is the height of the segmentation tree, and 7 is the number of
top considered classes. Though the worst-case running time is non-polynomial,
the Bron-Kerbosch algorithm runs much faster in practice [7]. In our experi-
ments on the NYUD2 dataset, it only takes an average of 0.84 and 0.49 seconds
per image respectively to find the constraints and optimize the objective using

our parsimonious model.

2.7 Scene Labeling Experiments

Data. We evaluate our approach on a hierarchically-labeled subset of the
NYUD?2 dataset [118], which consists of RGB-D images from a wide variety of
environments. We manually labeled a subset of 500 images using a hierarchy.
We used 20 most common object classes and one background class, and addi-
tionally labeled 12 object-part classes and generalized 10 higher level classes. In
total, we have 43 classes in the semantic hierarchy. We use the standard split of

the NYUD2 dataset, giving 269 training images and 231 test images.

Implementation details. In our experiments, we used six RGB-D kernel de-
scriptors to represent segments for both [104] and our approach. We kept the
same setting as in [104] to run their approach: first, we ran gPb-ucm algo-

rithm [10] on both the RGB and depth images separately and linearly com-
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bine them to get the gPb-ucm values, then built one segmentation tree by us-
ing different values to threshold these values. To make a fair comparison, we
also ran the 3D gPm-ucm [47] algorithm to get the gPb-ucm value for both ap-
proach [104] and ours. So we denote the approach [104] based on original gPb-
ucm as [104] and based on 3D gPb-ucm as [47]+[104].

Evaluation metric. We use three metrics for evaluating scene labeling perfor-
mance: cumulative pixel accuracy, average information gain and average class recall.
We label each scene image at the pixel level and consider it correct to label a pixel
with its ground truth label or any of its ancestors, e.g., a pixel of class chair-back
is also of class chair. If L, is a prediction of a pixel label and L; is its ground truth
leaf node label, the cumulative pixel accuracy over the whole dataset is defined
as: 3,1 (ﬁp € n(L}))/n,, where I(.) is an indicator function and n, is the number
of pixels in the whole dataset, 7(L;) is the set of all possible correct predictions

including L, and all its ancestors in the semantic hierarchy.

With hierarchical labels, an algorithm can always predict the top-level parent
classes and get higher performance, e.g., it is easier to label furniture vs table-leg.
Therefore, following [33], we evaluate the degree of specificity for prediction.
Specifically, we compute the information gain (Eq. 2.3) of each predicted class

as defined earlier and compute the average.

Recall for class cis defined as: (3, I(L, € ch(c) & L, € a(L))/(Z, I(c € n(L}))),
where ch(c) represent the class set of all ¢’s children plus c itself in the semantic
hierarchy. So, the numerator is the number of correctly predicted pixels for class

¢, and the denominator is the number of pixels with ¢ as ground truth label.
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Table 2.3: Average class recall of each class level on NYUD?2 dataset.

Recall(%) \ class level0 class levell class level2 class level3
[104] 24.77 30.52 36.02 41.66
[47]+[104] 28.96 34.14 41.69 46.29
Ours(bs+bc) 30.08 36.09 45.96 51.80
Ours(ts+bc) 32.78 41.38 49.26 55.48
Ours(ts+hc) 33.35 44.46 51.79 61.51
c 1 ‘ ©[37] 0.45 o[37]
S 0.9 R *[141+[37] = 04 *[1414[37]
S +Ours(ucm) S +Ours(ucm)
20.8 *Ours(normal) « 0.35 *Ours(normal)
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Figure 2.5: Results on NYUD?2 dataset. For the same degree of specificity for prediction
(i.e., same information gain, left) and recall (right), our algorithm performs better.

2.7.1 Results

We first evaluate the average class recall on four levels of the semantic hierarchy.
Table. 2.3 summarizes the results. Class level0 contains the base classes, the
most specific classes in the tree, e.g. object parts and low-level object classes.
Higher levels are obtained by merging nodes in each previous level, leading to

more general classes. Fig. 2.7 shows all classes for each level.

In this experiment, we train and predict labels on the base classes for flat
labeling approaches [104],[47]+[104]. For our approach, we train and predict
labels using leaf node segments on the base classes (Ours(Is+bc)), the segmenta-
tion tree on the base classes (Ours(ts+bc)) and the segmentation tree on the test
class level and all classes below them in the semantic hierarchy (Ours(ts+hc)),

with 1 = 0 for balanced prediction. These results reveal a number of interesting
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Figure 2.6: Some samples of the results on NYD2 dataset (small areas are not shown
with label names for clarity). In the first row, sofa back is labeled correctly since semantic
hierarchy (sofa,sofa back) is considered. In the second row, our algorithm labeled the
higher level classes desk, basic construction instead of desk surface, wall to avoid possible
mistakes with the help of semantic hierarchy.

Figure 2.7: Multi-level confusion matrix of our final results on NYUD2 dataset. From
left to right, the confusion matrix zooms in to see more specific results in the next level
below. In each confusion matrix, the red border square gives the classes merged in the
next level up.

points as follows:

¢ The proposed approach Ours(ts+hc) shows the best results at each level, even
though predicting more hierarchical labels is harder than the task of the other
compared approaches, which only predict the base classes. This is because
our approach effectively considers the mapping of the semantic hierarchy to

the segmentation tree.

¢ Labeling on segmentation trees, e.g. Ours(ts+bc) and Ours(ts+hc), outperform
methods labeling on flat segmentations. In [104], they considered hierarchical

segmentation by packing all semantic features together in a tree path. How-
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ever, they still label on the flat leaf node segmentations, losing some visual

information.

¢ Prediction becomes easier when classes are more general. Thus, for tasks
where specificity is not strictly required, we can predict more general labels

to achieve higher accuracy.

To further evaluate the labeling performance using our semantic hierarchy,
we plot average information gain vs. accuracy curves (Fig. 2.5-left) and aver-
age class recall vs. accuracy curves (Fig. 2.5-right) by varying the degree of
specificity for prediction parameter . We compare approaches [104], [47]+[104]
and our approaches using single ucm tree (Ours(ucm)), single normal tree
(Ours(normal)), single semantic tree (Ours(category)) and using all three trees
(Ours(full)). For the flat labeling approach [104], [47]+[104], we treat each class
in the hierarchy as an arbitrary class without considering the hierarchy and train
a one-vs-all SVM as in [104]. From these results, we can see that our approaches
outperform the flat labeling approaches by a large margin, since the semantic
hierarchy is considered. For the same degree of specificity, our algorithms give
higher accuracy. Using multiple segmentation trees also improves the perfor-

mance.

We give two visual examples of labeling results in Fig. 2.6. In the first ex-
ample, we can see that our algorithm yields a better labeling because semantic
hierarchical relations such as (sofa,sofa back) are considered. The second example
shows that the hierarchical labeling can use higher level classes to avoid possi-
ble mistakes, such as using desk or basic construction rather than desk surface or

wall.
To further study the labeling results of our algorithm, we illustrate a multi-
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level confusion matrix in Fig. 2.7. We can see that some between-class labeling
errors occur within one general class such as sofa, chair, stood on, most of which
vanish in the next-higher level. However, some classes are hard to discriminate
at any levels, such as door and wall, door and hanging. Our algorithm performed
poorly for the background class others as it contains large variations in visual

appearance.

2.8 Robotic Experiments

We evaluated our approach on three robotic tasks: object search, retrieval, and
placement. We used a PR2 robot equipped with a Microsoft Kinect as our robotic
platform. Table 2.4 shows a summary of the results, listing the perception accu-

racy (‘perc’) and end-to-end execution (‘exec’) separately.

2.8.1 Object Search Experiments

Here the goal for the robot is to locate a particular object in a room by moving
around.> We compare our approach to [104]. For repeatable experiments, we
pre-recorded a search tree at 20 discrete locations, each with a corresponding

RGB-D frame (not in the training set).

We ran four separate trials for each algorithm, with the goal of searching for

>Experimental setup details: The robot moves in discrete steps through the room, effectively
moving through a search tree spanning the room. At each node in the tree, it turns to face each
potential next location to move to, recording and labeling an RGB-D image for each. The robot
will then move to the next location with the highest confidence score for containing the target
object. If there are no unvisited neighboring locations, or this score is below some threshold, the
robot will instead backtrack.
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Figure 2.8: Fetching a drink with our robot. A few snapshots of our algorithm running
on our PR2 robot for the task of fetching a drink. From left to right: the robot starts
some distance from the fridge, navigates to it using our labeling, detects the handle,
and grasps it. It then opens the fridge, and finally retrieves a soda from it.

Figure 2.9: Placing a cushion. No sofa was present, but the robot used our hierarchy to
determine that the chair was another sittable object and thus a reasonable place for the
cushion.

a chair back, fridge handle, mug handle, and baseball. To evaluate performance, the
robot to takes a fixed number of steps, and then reports the location at which it
had the highest confidence of finding the given object. We score the algorithm’s
performance based on the overlap ratio of the reported and ground-truth pixels
of the target class for that frame, i.e. |[psN\p,l/|psUp,l, where py, p, are the detected

object pixels and ground-truth object pixels.

Fig. 2.10 shows that for any fixed number of steps, our algorithm was able
to outperform the approach from [104] for this task. Our algorithm was able to
achieve an average overlap ratio of 0.4 after only 6 steps, while [104] took 15,
showing that our approach does a better job of informing the search. After 20
steps, both algorithms converged, and ours achieves an average overlap ratio

of 0.64 versus the 0.44 ratio from the baseline approach, thus also improving
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Figure 2.10: Robot Object Search results. Figure shows the accuracy vs the number of
movement steps taken by the robot.

Table 2.4: Robotic experiment results. Success rates for perception (“perch’) and actual
robotic execution (‘exec’) of each task.

Search Retrieval Placement Average
@20 steps Soda Bowl Cushion
perc exec || perc exec | perc exec || perc exec || perc exec
Flat 44 44 33 33 38 38 50 50 42 42
Hierar. (ours) 64 64 90 80 80 80 100 100 84 81

long-term accuracy.

2.8.2 Object Retrieval Experiments

In this experiment, the robot has to perform a series of perception and mo-
tion/manipulation steps for retrieving an object—to fetch a drink from a fridge,
and to fetch a bowl from a kitchen counter. The robot first detects and navigates
to a semantically appropriate area to find the object in, then locates the target

object, grasps it, and brings it back.

In some cases, the desired object may not be available, and the robot is then

allowed to retrieve an appropriate substitute. We define this as some other de-
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scendant of a class’s parent in the semantic hierarchy - for example, Pepsi is
a substitute for Coke because both have the parent class soda. A flat labeling
scheme is incapable of determining such substitutes, and will report failure if

the target class is not found.

From Table 2.4, we can see that our algorithm achieves a very high rate of
success for the complex drink-retrieval task shown in Fig. 2.8. Even though
this task requires three separate phases of perception, our perception algorithm
tailed only once in ten trials, failing to find the fridge handle, giving a 90% per-
ception success rate. One more execution failure was due to the fridge door
swinging closed before the robot could hold it open, giving an 80% overall
success rate. Results for the bowl retrieval experiment were similar. Video
of some of these experiments is available at: http://pr.cs.cornell.edu/

sceneunderstanding/.

At long distances, neither ours nor the baseline labeling algorithms were
able to distinguish the handle from the door of the fridge, but our hierarchy
informed the robot that the handle was part of the door. The flat labeling ap-
proach, meanwhile, lacked this information and simply failed if it could not
identify the handle. In fact, the robot was only able to open the fridge 50% of
the times using flat labels. Once opened, it could not identify proper substitutes
if the desired drink was not present, leading to a mere 33% perception success

rate.
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2.8.3 Object Placement Experiments

We also performed a series of experiments in which the robot’s goal was object
placement rather than retrieval. In particular, we considered the task of placing
a cushion on a sofa, or on some other sittable object such as a chair if a sofa is not
present. In every experiment performed, our algorithm was able to successfully
locate the sofa, or a substitute if there was no sofa. One example of the robot
successfully placing a cushion is shown in Fig. 2.9. By contrast, when using
a flat labeling approach, the robot did not understand to place the cushion on
another sittable surface if the sofa was not present, and thus succeeded only in

the 50% of cases.

2.9 Summary

Objects in human environments can be classified into a meaningful hierarchy,
both because these objects are composed of parts (e.g. fridge-fridge door-fridge
handle) and because of different levels of abstraction (e.g. drink-soda-Coke).
Modeling this is very important in enabling a robot to perform many tasks
in these environments. In this chapter, we developed an approach to label-
ing a segmentation tree with such hierarchical semantic labels. We presented
a model based on a CRF which incorporated several constraints to allow la-
beling using this hierarchy. Our model allows for different levels of specificity
in labeling, while still remaining tractable for inference. We showed that our
method outperforms state-of-the-art scene labeling approaches on a standard

dataset (NYUD?2), and demonstrated its use on several robotic tasks.
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CHAPTER 3
HUMAN CENTERED OBJECT CO-SEGMENTATION

3.1 Introduction

In many applications for humans such as robotic assistance, home automation,
it is important to modeling how objects are interacting with humans. Then we

can discover more useful and accurate information to enable robot for humans.

In this chapter, we introduce an unsupervised learning algorithms to lever-
age the interactions between humans and objects in automatically extracting
the common semantic regions, called foregrounds, from a set of images, which
is called image co-segmentation. It provides an unsupervised way to mine and
organize the main object segment from the image, which is useful in many ap-
plications such as object localization for assistive robotics, image data mining,

visual summarization, etc.

The challenge of co-segmentation is that semantic labels are not given and
we only have the visual information from the images. The only assumption
is that the given images share some common semantic regions, i.e., they be-
long to the same semantic category. So far, the dominating approaches are
to co-discover these common regions only relying on their visual similari-
ties [42, 125, 91, 61]. For instance, [53, 126, 14] propose methods for unsuper-
vised pixel-accurate segmentation of “similarly looking objects” in a given set
of images. Vicente et al. [125] then introduce the concept of “objectness”, which
follows the principle that the regions of interest should be “objects” such as bird

or car, rather than “stuff” such as grass or sky. This helps focus the “attention”
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(b) Co-segmentation results (c) Co-segmentation results
using only object appearance using object appearance and
human

Figure 3.1: We propose a human centred object co-segmentation approach by model-
ing both object visual appearance and human-object interactions. As in the example,
human-object interactions help mining of more useful objects (the pots and the sinks)
more accurately in the complex backgrounds, with view changes and occlusions. (Out-
put foregrounds are blue, red circled and human skeletons are green colored.)

of the co-segmenter to discover common objects of interest as opposes to irrele-

vant regions.

However, we argue that in situations where either objects’ appearance
changes due to intra-class variations are severe (the sinks in Fig. 3.1) or when
objects are observed under large view changes or partially occluded by other
objects or humans (the pots in Fig. 3.1) or when multiple salient objects are
present in the image (the door and the counter are also salient in Fig. 3.1), ex-
isting co-segmentation methods will not work well. In this work, we argue
that when images do contain humans that use objects in the scene (e.g., a per-
son opens a fridge, or washes dishes in a sink), which is typical in applications
such as robotics, navigation or surveillance, etc., we can leverage the interac-
tion between humans and objects to help solve the co-segmentation problem.
In essence, as a person interacts with an object in the scene, he/she provides an

implicit cue that allows to identify the object’s spatial extend (e.g., its segmenta-
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tion mask) as well as the functional or affordances properties of the object (i.e.,

the object regions that an human touches in order to use it).

Therefore, in this work, we propose a human centred co-segmentation method
whereby the common objects are those often used by the observed humans in
the scene and sharing the similar human-object interactions such as the pots and
the sinks in Fig. 3.1-(c). We show that leveraging this information improves the

results considerably compared to previous co-segmentation approaches.

The main challenge of a human centred object co-segmentation is to model-
ing the rich relations between objects as well as objects and humans in the image
set. To achieve this, we first generate a set of object proposals as foreground can-
didates from the images. In order to discover the rich internal structure of these
proposals reflecting their human-object interactions and visual similarities, we
then leverage the power and flexibility of the fully connected conditional ran-
dom field (CRF) [74] in a unsupervised setting and propose a fully connected CRF

auto-encoder.

Our model uses the fully connected CRF to encode rich features to detect
similar objects from the whole dataset. The similarity depends not only on ob-
ject visual features but also a novel human-object interaction representation. We
propose an efficient learning and inference algorithm to allow the full connec-
tivity of the CRF with the auto-encoder, that establishes pairwise similarities on
all pairs of the proposals in the dataset. As a result, the model selects the object
proposals which have the most human interactions and are most similar to other
objects in the dataset as the foregrounds. Moreover, the auto-encoder allows to
learn the parameters from the data itself rather than supervised learning [56, 57]

or manually assigned parameters [42, 43, 134] as done in conventional CRFE.
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In the experiments, we show that our human centred object co-segmentation
approach improves on the state-of-the-art co-segmentation algorithms on two
human activity key frame Kinect datasets and a musical instrument RGB image
dataset. To further show the generalization ability of the model, we also show
a very encouraging co-segmentation result on a dataset combining the images
without humans from the challenging Microsoft COCO dataset and the images

with tracked humans.

In summary, the main contributions of this chapter are:

e We are the first to demonstrate that modeling human is useful to min-
ing common objects more accurately in the unsupervised co-segmentation

task.

¢ We propose an unsupervised fully connected CRF auto-encoder, and an
efficient learning and inference approach to modeling rich relations be-

tween objects and humans.

* We show the leading performance of our human centred object co-

segmentation in the extensive experiments on four datasets.

3.2 Related Work

Co-segmentation. Many efforts have been made on co-segmenting multiple im-
ages [24, 60, 88, 13, 85]. The early works used histogram matching [105], scribble
guidance [15], or discriminative clustering [53] based on low-level descriptors
to extract common foreground pixels. A mid-level representation using “ob-

jectness” was considered in [125, 91] to extract similarly looking foreground
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objects rather than just common regions. Recently, Fu et al. [42] proposed an
object-based co-segmentation from RGB-D images using the CRF models with
mutex constraints. Our work also generates the object proposals using “object-
ness” and selects the foregrounds from the candidates. Differently, we are the

tirst one to consider the human interaction to extract the foreground objects.

Early works on co-segmentation only considered two foreground and back-
ground classes. Recently, there are many co-segmentation methods which
are able to handle multiple foreground objects. Kim et al. [67] proposed an
anisotropic diffusion method by maximizing the overall temperature of image
sites associated with a heat diffusion process. Joulin et al. [61] presented an ef-
fective energy-based method that combines a spectral-clustering term with a
discriminative term, and an efficient expectation-minimization algorithm to op-
timize the function. Lopamudra et al. [94] proposed a method by analyzing the
subspace structure of related images. In [28, 43], they presented a video co-
segmentation method that extracts multiple foreground objects in a video set.
Our work is also able to extract multiple foreground objects by formulating a
tully connected CRF auto-encoder, which learns rich information from both ob-

jects and humans to extract the foregrounds.

Human-Object Interactions. Modeling human-object interactions or object af-
fordances play an important role in recognizing both objects and human actions
in previous works. The mutual context of objects and human poses were mod-
eled in [141] to recognize human-object interactions that improve both human
pose estimation and object detection. In [34, 30, 40], human-object interactions
in still images or videos were modeled to improve action recognition. Wei et

al. [131] modeled 4D human-object interactions to improve event and object
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recognition. In [56, 57], hallucinated humans were added into the environments
and human-object relations are modeled using the latent CRF to improve scene
labeling. In this work, we show that human-object interactions provide an im-
portant evidence in the unsupervised mining of common objects from images.

We also present a novel human-object interaction representation .

Learning Models. Our learning and inference model is extended from the work
of CRF auto-encoder [8], which focuses on part-of-speech induction problems
using a linear chain sequential latent structure with first-order Markov proper-
ties. However, the training and inference become impractical when using fully
connected CRF with the auto-encoder. Thus, we introduce an efficient mean
tield approximation to make the computation still feasible. Our work is also
close to the fully connected CRF [74] for the supervised semantic image seg-
mentation, which also uses the mean field approximation to achieve an efficient
inference. In contrast with this approach,, we use the mean field approximation
to fast compute the gradients of two partition functions, which are exponen-
tial growing with object classes without the approximation in the CRF auto-

encoder.

3.3 Problem Formulation

Our goal is to segment out common foreground objects from a given set of im-
ages. Similar to most co-segmentation approaches, we first generate a set of ob-
ject proposals X = {x;};=1 .. v as foreground candidates from each image, where
N is the total number of object proposals in the given set of images. Here we use

selective search [123], which merges superpixels to generate proposals based

39



on the hierarchical segmentation. This approach has been broadly used as the

proposal method of choice by many state-of-the-art object detectors.

Let us assume there are K objects in the images. We then formulate the ob-
ject co-segmentation as a probabilistic inference problem. We denote the object
cluster assignment of x; as y; € ¥ =[1,2,--- ,K] and Y = {y}ic10..n € YV. We
want to infer the cluster assignment of a proposal using other proposals with
the probability p(y;|X). We select the object proposals with the highest inference
probabilities as the foregrounds, since they have the most human interactions

and similar objects as determined by our probabilistic model.

3.4 Model Representation

We propose a fully connected CRF auto-encoder to discover the rich internal
structure of the object proposals reflecting their human-object interactions and
visual similarities. Unlike previous works relying mainly on the visual similar-
ities between objects, we also encourage the objects with more human interac-
tions and having more similar interactions with other objects to be segmented
out. We plot a learned CRF graph from a set of images in Fig. 3.2. In the exam-
ple, the fridges in (a) and (b) are visually similar, and the fridges in (b) and (c)
are similar to each other on human-object interactions even though they look
different. These similar objects with more human interactions are more likely
to be segmented out in our approach, since they have higher terms in the CRF

graph.

The fully connected CRF auto-encoder consists of two parts (The graphic

model is shown in Fig. 3.3). The encoding part is modeled as a fully connected
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Figure 3.2: Learned CRF graph from the data. The nodes are unary terms of object pro-
posals encoding object appearance and human-object interaction features. The edges
are pairwise terms encoding similarities on object appearance and human-object inter-
actions. In the example, the fridges in (a) and (b) are visually similar, and the fridges in
(b) and (c) have the similar human-object interactions. These similar objects with more
human interactions are more likely to be segmented out in our approach, since they
have higher unary terms and pairwise terms in the CRF graph. For a good visualiza-
tion, we only plot the terms with respect to the most likely object cluster for each object
proposal and the edges below a threshold are omitted.

CRE, which encodes the observations x; of the object proposal into object cluster
hidden nodes y;. The reconstruction part reconstructs the hidden nodes by gen-
erating a copy of the observation itself X;, which considers that a good hidden

structure should permit reconstruction of the data with high probability [8],
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Figure 3.3: Graphic model of our fully connected CRF auto-encoder.

3.4.1 Fully Connected CRF Encoding

We first introduce how the fully connected CRF encodes the observations of
the object proposals. In CREF, the conditional distribution is given by P,(Y|X) =
%exp{(DA(X, Y)}, where Z = Yy cyv exp{®@,(X, Y")} is a partition function and ®,(.)
is called the energy function defined as follows:

unary terms pairwise terms

DX, Y) = Z A9 x; + Z APy, y)S (xi, X)), (3.1)

i i<j

where 1“(y,)" x; is the unary term that encodes object visual appearance features
and human-object interaction features:

object appearance  human—object interaction

—_—— —_—
900 Txi = A0+ A"Po)Th . (3.2)

Object Appearance Modeling. In Eq. (3.2), A“(y;)T f; encodes the object visual
feature vector f; by the linear weights 1) (k) of each cluster k. It encourages an
object to give larger value 2“” (k)" ; if it belongs to the object cluster k. We use
rich kernel descriptors by kernel principal component analysis [21] on the input

images: gradient, color, local binary pattern for the RGB image, depth gradient
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of depth image and spin, surface normals of point cloud for the Kinect data,

which have been proven to be useful features for scene labeling [103, 134].

Human-Object Interaction Modeling. In Eq. (3.2), A“"(y;)"h; encodes the
human-object interaction feature vector 4, by the linear weights 1“?(k) of each

cluster k.

To capture the interactions between objects and humans, we propose a novel
feature to represent physical human-object interactions such as sitting on the
chair, opening the fridge, using their spatial relationships. This feature helps

detect those objects used by humans in the scene.

We illustrate the feature representation in Fig. 3.4 for RGB-D data. In detail,
we convert the depth image into the real-world 3D point cloud and are also
given the 3D coordinate of each joint of a tracked human. Each human body part
is represented as a vector starting from a joint to its neighboring joint (Fig. 3.4-
(a)(b)). Then we consider a cylinder with the body part as the axis and divide
the cylinder into 15 bins by segmenting the body part vertically into 3 parts and
the circle surrounding the body part into 5 regions evenly’ (Fig. 3.4-(b)). Given
the point cloud in an object proposal region, we calculate the histogram of the
points in these 15 bins and normalize it by the number of the total points in the
object proposal as the final feature h; (Fig. 3.4-(c)). For multiple people in the

scene, we compute the max of the histograms of all humans.

For RGB only data, we assume a 2D bounding box of human is given by a
person detector. We divide the bounding box evenly into 6 x6 bins and compute

the normalized histogram of pixels within the bins.

To avoid the affect of points of the human part, we do not consider the innermost circle.
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Figure 3.4: Our human-object interaction feature for RGB-D data. In (a), we are given
the joints (green dots) of the tracked human, and a object proposal region (green mask).
In (b), we divide the cylinder surrounding each body part vector (red line, spine-base
to spine-mid in the example) into 15 bins by segmenting the body part vertically into 3
parts and the circle surrounding the body part into 5 regions. In (c), we compute the
histogram of the points in these 15 bins and normalize it by the total number of the total
points in the object proposal.

The feature captures the distributions of the object points relative to the hu-
man body. It can represent the relative position, size between the humans and
objects as well as the human poses and object shapes especially in 3D space. For
example in Fig. 3.4-(c), we plot the histogram feature of the body part spine-base
to spine-mid relative to the chair. We can see that the distribution reflects the
shape of the chair in the following way: the points of the chair-back lie in the
distant bins of the upper part (mostly in bin 5 among bin 1-5), and from the
chair-back to the chair-base, points become more evenly distributed from the

middle part (bin 6-10) to the lower part (bin 11-15).

Since our feature vector h; has larger values for more human-object in-
teractions, we constrain the weights of the human-object interaction features

A"M(k) > 0 to encourage more interactions.

Pairwise Similarity Modeling. In Eq. (3.1), A (y;,)S (x;, x;) is the pairwise
term that encodes similarities on object visual appearance and human-object

interactions of each object pair:
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object similarities interaction similarities
/l(p)()’i, Yj)S (xi, xj) = ﬂ(po)(yz" )’j)S (fi, fj) + ﬂ(”h)(yi,y,-)S (hi, hj), (3-3)

=lla=bli3
0

where S (a,b) = exp{ } is the similarity function between features® . Note

that we consider same class to be similar to each other, so we constrain A (k, k) >

0 and A7(k,l) = 0,k # L.

3.4.2 Reconstruction

To independently generate X given y, we define the reconstruction model as a

multivariate normal distribution:
Py(Rly) = N(&6¥ (), (), (3.4)

where 6% (k), 0¥ (k) are the mean and covariance of the normal distributions of

each class k.

3.5 Model Learning and Inference

In this section, we introduce how we learn the parameters in our fully connected

CRF autoencoder from the data and the inference.

Eq. 3.5 gives the parametric model for the observations X:

’In practice, we use the augmented features f/ = [f;, —11,h, = [h;, =11, 5" (x;, x;) = [S (x;, x;), —1]
to also learn the bias of the features. So 1“2 (k) = [w®?, b®)], A¥M(k) = [w™, p¥D], AP (k, k) =
[w?, 5] also add another dimension, where w are the importance weights and b > 0 is the
bias.
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encoding reconstruction

A —_——
PiR1X) = > PyYIX) Py(KIY)
YeyN

exp{® (X, V) . (3.5)
i Y;N S ey expl®@(X, Y1)} l—[ Falbo

_ 2veyy exp{@,(X, Y) + log 3 Pa(fCib’i)}
2yeyn exp{@a(X, Y")}

b

where 4, § are the parameters of the encoding parts P,(Y|X) and the reconstruc-

tion parts Py(X|Y).

3.5.1 Efficient Learning and Inference

We maximize the regularized conditional log likelihood of PM()A( |X) over all the

object proposals to learn the parameters 4, 6:

log L(4,0) = Ri(A) + Ry(6) + log Z P.(YIX)Py(XY), (3.6)
Y

where R;(1), Ry(0) are the regularizers. Note that the space of Y is [1,2,--- ,N]¥,
which is exponential to object cluster number. Maximizing the above function
requires computing gradients, while the summation over Y, Y’ in the space is

intractable.

Mean Field Approximation. In order to make the learning and inference effi-
cient, we use a mean field approximation that has been widely used in the com-
plex graph inference [35, 74]. To use mean field approximation in our model,

we first introduce two probabilities of Y:
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1 A 1
Pie(Y) = — exp{®@a(X, Y) + log Py(X]Y)}, PyY) = — eXpi@a(X, V), (3.7)

where

Z= ) expl®y(X,Y) +log PRIV)), Z' = ) exp(®y(X, )}, (3.8)

Yeyn Yeyn
are the partition functions summing over Y to make two probabilities valid.

Then Eq.(3.6) can be rewritten as:

log L(A,0) = R1(1) + R,(0) +logZ —log Z'. (3.9)

Instead of directly computing P,,(Y), P/(Y), we use the mean field ap-
proximation to compute the distributions Q(Y), Q’(Y) that minimize the KL-
divergence D(QI|P,4), D(Q'||P). Then all distributions Q, Q' can be expressed as
a product of independent marginals, Q(Y) = []; Q:(y), Q'(Y) = []; Q:(yi) [35]. As
a result, the gradients of log Z and log Z’ can be easily computed approximately

(see Eq. (3.11)).

By minimizing the KL-divergence, Q;(Y), Q/(Y) has the following iterative

update equations:

Qi(yi = k) =% exp{d (k)" x; + AP (k, k) Z S (xi, x))Q (k)

J#i
+ log N(£16*(k), 6% (k))}, (3.10)

1
Qi(yi = k) = exp{d" (k)" x; + AP (k, k) Z S (xi, x) (k).
i J#EL

The detailed derivation is in the supplementary material. Following the above
equations, the computation of Q, Q' can be done using an iterative update as

shown in Algorithm 2.
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Algorithm 2 Mean field to compute Q and Q.
Initialize Q and Q’:
0i(k) = 7 exp{Ad“ (k)T x; + log N(&,|6% (k), 0% (k)))},
Q;(k) = 7 exp{A“ (k)T xi),
while not Eonverged do
Qi(k) = APk, k) 3 i S (xis x,) Q1K)
Q,(k) = exp{Ad“ (k)T x; + Qy(k) + log N(&16*(k), 6% (k))},
Q' (k) = APk, k) 3 i S (xis x) Q) (K),

Q/(k) = exp{d“ (k)T x; + 0’ ,(k)},
normalize Q;(k), Q!(k).
end while

In each update, it costs O(N? x K). It also can be used a similar message pass-
ing by the high-dimensional filtering as in [74] to speed up the update, which is
not the focus of the work. The update was mostly converged within 10 rounds

in our experiments (see Fig. 3.7(b)).

Learning. We iteratively learn A and 6 by maximizing the log likelihood with re-
spect to each type of parameters. We update A using the Adagrad approach [38]
which computes the gradients and update 6 using EM [31]. Using the mean
tield approximation described above, we can easily compute the gradients of
log Z,log Z' in Eq.(3.9), leading to a simple approximation of the gradients:

d(logZ —logZ’)
01 (k)
0(logZ —logZ’
0AP)(k, k)

= ) xi(Qitk) - Qj(h)),

i

) Z S (xi, x))(Qi(k) Q (k) — Qi (k) Q'(K)).

i#j

(3.11)

The detailed derivation is in the supplementary material.

Inference. After learning the parameters 4, 6, we can infer the posterior, condi-
tioning on both observations and reconstructions, Y = argmaxy P,o(Y|X, X). This
is proportional to P,(Y) in Eq.(3.7), which can be efficiently computed using

the approximation probability Q(Y) = [, Q:(y:). So the probability of each object
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proposal for each class p,(yilX, X) « Q;(y;), which we use as the confidence score

to extract the foreground objects of each image.

3.6 Experiments

3.6.1 Compared Baselines

We compared our human centred object co-segmentation approach with two
state-of-the-art algorithms: a multi-class image co-segmentation approach by
combining spectral- and discriminative-clustering (Joulin ef al. 2012 [61]) and a
CREF based solution with the manually assigned parameters (Fu et al. 2014 [43]).
Fu et al. 2014 [43] is designed for co-segmenting foregrounds from videos, so we
keep their features for the static frame and remove the temporal features. We
run their source code on the given RGB images with the default settings. We

also evaluate our model using object-only visual features in the experiments.

3.6.2 Evaluations

We use the same evaluation metrics as in multi-class co-segmentation [61]: the
intersection-over-union score defined as max; ﬁ Diel g;ﬁ—ggg, where I is the image
dataset, GT; is the ground-truth region and R/ is the region associated with the
k-th cluster in image i. The evaluation validates that the foreground object is in-
deed rather well represented by one of the object clusters in most test cases,

which may be sufficient to act as a filter in most applications such as [107].

As discussed in multi-class co-segmentation [61], we set K to be more than the
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number of groundtruth foreground object classes plus background class to give
better segmentation results. We set K = 4 for the data with a single foreground
and K = 6 for the data with two foregrounds. We also evaluate how perfor-

mance varies with K in the experiments.

3.6.3 Datasets

Human Activity Key Frame Kinect Dataset We first evaluate on human activ-
ity key frames extracted from the activity videos in two datasets: Cornell Activ-
ity Dataset-120 (CAD-120)° [69] recorded by Microsoft Kinect v1, and Watch-n-
Patch* [135] recorded by the Microsoft Kinect v2. Each frame in the datasets has

a registered RGB and depth image pair as well as tracked human skeletons.

CAD-120 contains activity sequences of ten different high level activities per-
formed by four different subjects. We evaluate the image co-segmentation with
the top four existing foreground objects in CAD-120: microwave, bowl, box,
cup. For each type, we extract the 60 key frames of the activity videos containing
the object. We evaluate the foreground regions using the provided groundtruth

bounding box.

Watch-n-Patch activity dataset contains human daily activity videos per-
formed by 7 subjects in 8 offices and 5 kitchens with complex backgrounds. In
each environment, the activities are recorded in different views. In each video,
one person performed a sequence of actions interacting with different types of

objects. We evaluate three types of scenes in the dataset, each of which has two

Shttp://pr.cs.cornell.edu/humanactivities/data.php
*http://watchnpatch.cs.cornell.edu/
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foreground objects: table and chair, fridge and microwave, pod and sink. For
each scene, we extract the 70 key frames of the relevant activity video containing

the objects. We label the groundtruth foreground pixels for evaluation.

People Playing Musical Instrument Dataset. We also evaluate on a RGB
dataset to see the performance using RGB only features. We use the People
Playing Musical Instrument (PPMI) dataset’, which was used to evaluate rec-
ognizing human-object interactions in [141]. It contains RGB images of people
‘playing’ or ‘with” different types of musical instruments. Some of the images
have multiple people interacting with the instruments. We evaluate three types
of instruments, cello, French horn and violin by randomly selecting 80 images

from each class and label the foreground pixels in the image for evaluation.

MS COCO combining with Watch-n-Patch Dataset Since image data with hu-
mans are not always available, we finally give the co-segmentation results on
the images without humans from the challenging Microsoft COCO (MS COCO)
dataset [80] combining with a small portion of images with tracked humans
from Watch-n-Patch dataset. The images from MS COCO dataset has more
clustered backgrounds from variant sources. We evaluate three classes: chair,
fridge and microwave. For each class, we randomly select 50 images from in-
door scenes in MS COCO dataset and 20 images from Watch-n-Patch dataset,
then combine them as the test set. We use the same RGB features and human

features as described above.

Note that one challenge for image co-segmentation is the scalability, as
the state-of-the-art algorithms rely on heavy computations on relation graphs.

Therefore, most evaluation datasets in previous works [60, 125, 61, 42] have less

Shttp://ai.stanford.edu/~bangpeng/ppmi.html
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Table 3.1: Co-Segmentation results on CAD-120 dataset (%).

class microwave | bowl | box | cup
Joulin et al. 2012 [61] 21.6 225 119.2(17.7
Fu et al. 2014 [43] 47.5 149 [ 40.2| 9.3
Ours (object-only) 45.1 19.7 |32.622.8
Ours 54.3 24.8 {38.2|27.9

Table 3.2: Co-Segmentation results on Watch-n-Patch dataset (%).

class table chair | fridge microwave | pod sink
Joulinetal. 2012 [61] | 347 17.2 | 299 5.5 53 179
Fuetal 2014 [43] | 21.6 15.7 | 254 24.5 21.3 23.6
Ours (object-only) | 419 269 | 33.1 17.5 204 232
Ours 50.0 36.4 | 44.7 20.5 23.7 28.6

than 50 images per class. In our experiments, the test set has more than 50 but

still less than 100 images per class.

3.6.4 Results

We give the results in Table 3.1, 3.2, 3.3, 3.4. We can see that in most cases,
our approach performs better than the state-of-the-art image co-segmentation

methods. We discuss our results in the light of the following questions.

Did modeling human-object interaction help? In most cases, we can see that
our approach to modeling the human-object interaction gives the best result.
This is because more human-object interactions give the higher unary term for
the interesting objects interacting with the humans, and the similar human-
object interactions link the same objects in the CRF graph with larger pairwise
terms even though they may not look similar. As a result, we are able to segment

out the common object accurately even with view, scale changes, occlusions and
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Table 3.3: Co-Segmentation results on PPMI dataset (%).

class cello | frenchhorn | violin
Joulin et al. 2012 [61] | 21.9 20.0 18.1
Fuetal 2014 [43] | 30.1 40.8 26.4
Ours (object-only) | 34.5 41.0 28.3
Ours 36.2 49.2 31.5

Table 3.4: Co-Segmentation results on MS COCO + Watch-n-Patch dataset (%).

class chair | fridge | microwave
Joulin et al. 2012 [61] | 4.2 | 14.1 10.3
Fuetal 2014[43] | 69 | 114 9.2
Ours (object-only) | 7.5 | 10.2 10.5
Ours 125 | 17.5 15.9

in complex backgrounds. We show some example results in Fig. 3.5 and Fig. 3.6.

How successful is our fully connected CRF auto-encoder? From the results,
we can see that our fully connected CRF auto-encoder model using the object
only features also performs better than other algorithms. This is because our
model is able to learn the parameters from the data itself rather than manually
assigning parameters of the typical CRF model in Fu et al. 2014 [43], then the
model is more data dependent and does not require much parameter tuning.
Though Fu et al. 2014 [43] performed well in some cases, the approach is not
stable as the parameters are preset. Also, benefit from our efficient learning and
inference algorithm, we are able to use fully connected hidden nodes to model
the rich relations between all objects and humans in the dataset, so that we have

more information to detect the common foreground objects.

Can human information be generalized to the segments without humans? In
our first three datasets with humans in the image, there are a few images where

humans are not interacting with the foreground objects such as the fridge on the
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(b) fridge-microwave (c) pot-sink

(a) table-chair

Figure 3.5: Visual examples of our co-segmentation results on Watch-n-Patch dataset.

(a) cello (b) French horn (c) violin

Figure 3.6: Visual examples of our co-segmentation results on PPMI dataset.

right in Fig. 3.5(b). In these cases, our approach was still possible to segment
it out correctly, since it was linked to other visually similar objects which are

interacting with humans in the fully connected CRF graph.

From the results in Table 3.4 on the MS COCO + Watch-n-Patch dataset, we
can see that the task is very challenging since images are from different domains
with more clustered backgrounds. Though all compared methods perform not
more than 20 percent in accuracy, modeling humans even in a few images still

improves the performance.

2D bounding box of human vs. 3D human skeleton. From Table 3.3, we can see
that even in 2D images with the bounding box of the detected human, modeling

the human-object interactions improves the co-segmentation performance. Us-
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ing our proposed 3D human-object representation on the more accurate tracked
humans gives more improvements as shown in Table 3.1, 3.2. In the examples
in Fig. 3.5(b), we also found that our 3D human-object representation is useful
to deal with the occlusions and view changes, which is challenging for object

visual appearance only based co-segmentation approaches.
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Figure 3.7: (a). Results of table class on Watch-n-Patch dataset varying with cluster
number K. (b). Learning curve of our approach.

How performance varies with cluster number K? We show the performance
varying with the cluster number K in Fig. 3.7(a). We can see that the accuracy
increase with the class number K as it has higher chance to hit the ground truth
regions and more backgrounds are modeled. Our approach has the best perfor-

mance for each K.

How fast is the learning? We also plot a learning curves of our model in
Fig. 3.7(b). The learning of our approach can be converged mostly within 10

iterations.
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3.7 Summary

In this chapter, we proposed a novel human centered object co-segmentation ap-
proach using a fully connected CRF auto-encoder. We encoded a novel human-
object interaction representation and rich object visual features as well as their
similarities using the powerful fully connected CRF. Then we used the auto-
encoder to learn the parameters from the data itself using an efficient learning
even for this complex structure. As a result, we were able to extract those ob-
jects which have the most human interactions and are most similar to other
objects in the dataset as the foregrounds. In the experiments, we showed that
our approach extracted foreground objects more accurately than the state-of-
the-art algorithms on two human activity Kinect key frame dataset as well as
the musical instruments RGB image dataset. We also showed that our model
was able to use the human information in a small portion of images to improve

the co-segmentation results.

In the future, we consider extending our human centered object co-
segmentation approach into the semi-supervised setting and incorporating tem-

poral information for video data.
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CHAPTER 4
UNSUPERVISED LEARNING OF HUMAN ACTIONS AND RELATIONS

4.1 Introduction

In this chapter, we consider modeling the human composite activity which is
composed of a sequence of actions (see an example in Fig. 5.1), as perceived by
an RGB-D sensor in home and office environments. In the human composite ac-
tivity such as warming milk in the example, there are not only short-range action
relations, e.g., microwaving is often followed by fetch-bowl-from-oven, but there
are also long-range action relations, e.g., fetch-milk-from-fridge is strongly related

to put-milk-back-to-fridge even though several other actions occur between them.

The challenge that we undertake in this work is: Can an algorithm learn
about the aforementioned relations in the activities when just given a com-

pletely unlabeled set of RGB-D videos?

Most previous works focus on action detection in a supervised learning set-
ting. In the training, they are given fully labeled actions in videos [82, 109, 114],
or weakly supervised action labels [37, 22], or locations of human/their interac-
tive objects [77, 122, 97]. Among them, the temporal structure of actions is often
discovered by Markov models such as Hidden Markov Model (HMM) [121]
and semi-Markov [52, 117], or by linear dynamical systems [17], or by hierar-
chical grammars [101, 127, 75, 129, 11], or by other spatio-temporal representa-
tions [65, 98, 68, 71]. Most of these works are based on RGB features and only

model the short-range relations between actions (see Section 5.2 for details).
Different from these approaches, we consider a completely unsupervised
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RGB-D Video fetch-milk-from-fridge

\

microwaving
fetch-bowl-from-oven
) put-milk-back-to-fridge

3 f leave

Ah, don’t forget ‘D put-milk-back-to-fridge!

Figure 4.1: Our goal is to automatically segment RGB-D videos and assign action-
topics to each segment. We propose a completely unsupervised approach to modeling
the human skeleton and RGB-D features to actions, as well as the pairwise action co-
occurrence and temporal relations. We then show that our model can be used to detect
which action people forgot, a new application which we call action patching.

setting. The novelty of our approach is the ability to model the long-range
action relations in the temporal sequence, by considering pairwise action co-
occurrence and temporal relations, e.g., put-milk-back-to-fridge often co-occurs
with and temporally after fetch-milk-from-fridge. We also use the more informa-
tive human skeleton and RGB-D features, which show higher performance over

RGB only features for action recognition [70, 138, 81].

In order to capture the rich structure in the activity, we draw strong parallels
with the work done on document modeling from natural language (e.g., [20]).
We consider an activity video as a document, which consists of a sequence of
short-term action clips as action-words. And an activity is about a set of action-

topics indicating which actions are present in the video, such as fetch-milk-from-
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fridge in the warming milk activity. Action-words are drawn from these action-
topics and has a distribution for each topic. Then we model the following (see

Fig. 4.2):

* Action co-occurrence. Some actions often co-occur in the same activity. We
model the co-occurrence by adding correlated topic priors to the occur-
rence of action-topics, e.g., fetch-milk-from-fridge and put-milk-back-to-fridge
has strong correlations.

* Action temporal relations. Some actions often causally follow each other,
and actions change over time during the activity execution. We model the
relative time distributions between every action-topic pair to capture the

temporal relations.

We first show that our model is able to learn meaningful representations from
the unlabeled activity videos. We use the model to temporally segment videos
to segments assigned with action-topics. We show that these action-topics are
semantically meaningful by mapping them to ground-truth action classes and

evaluating the labeling performance.

We then also show that our model can be used to detect forgotten actions
in the activity, a new application that we call action patching. We show that
the learned co-occurrence and temporal relations are very helpful to infer the

forgotten actions by evaluating the patching accuracy.

We also provide a new challenging RGB-D activity video dataset recorded
by the new Kinect v2 (see examples in Fig. 4.10), in which the human skeletons
and the audio are also recorded. It contains 458 videos of human daily activities

as compositions of multiple actions interacted with different objects, in which
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Figure 4.2: The pipeline of our approach. Training (blue arrows) follows steps (1), (2),
(3), (4). Testing (red arrows) follows steps (1), (3), (5). The steps are: (1) Decompose
the video into a sequence of overlapping fixed-length temporal clips. (2) Learn the
action-dictionary by clustering the clips, where the cluster centers are action-words.
(3) Map the clips to the action-words in the action-dictionary to get the action-word
representation of the video. (4) Learn the model from the action-word representations
of training videos. (5) Assign action-words in the video with action-topics using the
learned model.

people forget actions in 222 videos. They are performed by different subjects in

different environments with complex backgrounds.

In summary, the main contributions of this work are:

* Our model is completely unsupervised and non-parametric, thus being
more useful and scalable.

* Our model considers both the short-range and the long-range action rela-
tions, showing the effectiveness in the action segmentation and recogni-
tion, as well as in a new application action patching.

* We provide a new challenging RGB-D activity dataset recorded by the new
Kinect v2, which contains videos of multiple actions interacted with dif-

ferent objects.
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4.2 Related Work

Most previous works on action recognition are supervised [77, 37, 98, 82, 109,
122, 22, 90]. Among them, the linear models [121, 52, 117, 17] are the most
popular, which focus on modeling the action transitions in the activities. More
complex hierarchical relations [101, 127, 75, 129] or graph relations [11] are con-
sidered in modeling actions in the complex activity. Although they have per-
formed well in different areas, most of them rely on local relations between

adjacent clips or actions that ignore the long-term action relations.

There also exist some unsupervised approaches on action recognition. Yang
et al. [139] develop a meaningful representation by discovering local motion
primitives in an unsupervised way, then a HMM is learned over these primi-
tives. Jones et al. [59] propose an unsupervised dual assignment clustering on

the dataset recorded from two views.

Different from these approaches, we use the richer human skeleton and
RGB-D features rather than the RGB action features [128, 63]. We model the
pairwise action co-occurrence and temporal relations in the whole video, thus
relations are considered globally and completely with the uncertainty. We also
use the learned relations to infer the forgotten actions without any manual an-

notations.

Action recognition using human skeletons and RGB-D camera have shown
the advantages over RGB videos in many works. Skeleton-based approach fo-
cus on proposing good skeletal representations [114, 120, 124, 138, 81]. Besides
of the human skeletons, we also detect the human interactive objects in an un-

supervised way to provide more discriminate features. Object-in-use contextual

61



information has been commonly used for recognizing actions [70, 71, 97, 129].
Most of them depend on correct object tracking or local motion changes. They

lost the high-level action relations which can be captured in our model.

Our work is also related to the topic models. LDA [20] was the first hier-
archical Bayesian topic model and widely used in different applications. The
correlated topic models [18, 66] add the priors over topics to capture topic cor-
relations. A topic model over absolute timestamps of words is proposed in [130]
and has been applied to action recognition [41]. However, the independence as-
sumption of different topics would lead to non smooth temporal segmentations.
Differently, our model considers both correlations and the relative time distri-
butions between topics rather than the absolute time, which captures richer in-

formation of action structures in the complex human activity.

4.3 Overview

We outline our approach in this section (see approach pipline in Fig. 4.2). The
input to our system is RGB-D videos with the 3D joints of human skeletons
from Kinect v2. We first decompose a video into a sequence of overlapping
tixed-length temporal clips (step (1)). We then extract the human skeleton fea-
tures and the human interactive object features from the clips (introduced in
Section. 4.4), which show higher performance over RGB only features for action

recognition [70, 138, 81].

In order to build a compact representation of the action video, we draw par-
allels to document modeling in the natural language [20] to represent a video

as a sequence of words. We use k-means to cluster the clips to form an action-
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dictionary, where we use the cluster centers as action-words (step (2)). Then, the
video can be represented as a sequence of action-word indices by mapping its
clips to the nearest action-words in the dictionary (step (3)). And an activity
video is about a set of action-topics indicating which actions are present in the

video.

We then build an unsupervised learning model (step (4)) that models the
mapping of action-words to the action-topics, as well as the co-occurrence and
the temporal relations between the action-topics. Using the learned model, we
can assign the action-topic to each clip (step (5)), so that we can get the action

segments, the continuous clips with the same assigned topic.

The unsupervised action-topic assignments of action-words are challenging
because there is no annotations during the training stage. Besides extracting rich
visual features, we well consider the relations between action-topics. Different
from previous works, our model can capture long-range relations between ac-
tions e.g., put-milk-back-to-fridge is strongly related to fetch-milk-from-fridge with
pouring and drinking between them. We model all pairwise co-occurrence and
temporal casual relations between occurring action-topics in the video, using a
new probabilistic model (introduced in Section 5.4). Specifically, we use a joint
distribution as the correlated topic priors. They estimate which actions are most
likely to co-occur in a video. And we use a relative time distributions of topics
to capture the temporal causal relations. They estimate the possible temporal

ordering of the occurring actions in the video.
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4.4 Visual Features

We describe how we extract the visual features of a clip in this section.
We extract both human-skeleton-trajectory features and the interacting-object-
trajectory features from the output by the Kinect v2 [1], which has an improved
body tracker and the higher resolution of RGB-D frame than the Kinect v1. The
tracked human skeleton has 25 joints in total. Let X, = (D X2 X9 be the
3D coordinates of 25 joints of a skeleton in the current frame u. We first com-
pute the cosine of the angles between the connected body parts in each frame:
P = (p - pD)/(|pP] - |p'?]), where the vector p» = x@ — x') represents the
body part. The transition between the joint coordinates and angles in different
frames can well capture the human body movements. So we extract the motion
features and off-set features [138] by computing their Euclidean distances D(, )

to previous frame [y and the first frame £, ¥, in the clip:

uu—1°

fity = OGP, X0 B f, = D@, aP) g

uu—1 —

£ = DG, XNELL o = (D@, o)),

u

Then we concatenate all 1 « ", [, as the human features of the clip.

uu—1°Juu—1°Ju,1°

b IR 1

Figure 4.3: Exmples of the human skeletons (red line) and the extracted ‘interactive
objects (green mask, left: fridge, right: book).

We also extract the human interacting-object-trajectory based on the human
hands, image segmentation, motion detection and tracking. To detect the inter-

acting objects, first we segment each frame into super-pixels using a fast edge
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detection approach [36] on both RGB and depth images. The RGB-D edge detec-
tion provides richer candidate super-pixels rather than pixels to further extract
objects. We then apply the moving foreground mask [119] to remove the un-
necessary steady backgrounds and select those super-pixels within a distance
to the human hands in both 3D points and 2D pixels. Finally, we collect the
bounding boxes enclosing these super-pixels as the potential interested objects

(see examples in Fig. 4.3).

We then track the bounding box in the segmented clip using SIFT matching
and RANSAC to get the trajectories. We use the closest trajectory to the hu-
man hands for the clip. Finally, we extract six kernel descriptors [103] from the
bounding box of each frame in the trajectory: gradient, color, local binary pat-
tern, depth gradient, spin, surface normals, and KPCA /self-similarity, which
have been proven to be useful features for RGB-D data [134]. We concatenate
the object features of each frame as the interacting-object-trajectory feature of

the clip.

4.5 Learning Model

In order to incorporate the aforementioned properties of activities for patching,
we present a new generative model (see the graphic model in Fig. 5.4-right and
the notations in Fig. 4.5 and Table 5.1). The novelty of our model is the ability

to infer the probability of forgotten actions in a complex activity video.

Consider a collection of D videos (documents in the topic model). Each

Nqa
n=1

video consists of N, action-words {w,.}, ¢, mapped to the action-dictionary. Con-

sider K latent action-topics, z,4 is the topic assignment of each word, indicating
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Figure 4.4: The graphic model of LDA (left) and our model (right).

which action-topic the action-word w,, belongs to in the video. Then contin-
uous action-words with the same topic in a video consist an action segment,
and the segments assigned with the same topic from different videos consist an

action-topic segment cluster.

The topic model such as LDA [20] has been very common for document
modeling from language (see graphic model in Fig. 5.4-left), which generates a
document using a mixture of topics. To model human actions in the video, our
model introduces co-occurrence and temporal structure of topics instead of the

topic independency assumption in LDA.

Basic generative process. In a document d, the topic assignment z,, is cho-
sen from a multinomial distribution with parameter n.4, 24, ~ Mult(rr.;), where

m.4 is sampled from a prior. And the word w,, is generated by a topic-specific
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Table 4.1: Notations in our model.

Symbols Meaning

D number of videos in the training database;

K number of action-topics;

Ny number of words in a video;

Whd n-th word in d-th document;

Znd topic-word assignment of wy;

tud the normalized timestamp of of w,y;

Lnd = tya — L the relative time between w,,; and w,4;

T4 the probabilities of topics in d-th document;

Ved the priors of r; in d-th document;

o the multinomial distribution of the word from topic k;
j7> the mutivariate normal distribution of v.4;

O the relative time distribution of t,,,,, between topic k, /;

N, Mapped Action Words

[+ s« [ o] 2 .

\ —-/
“/md tmml W,,d
Action Words assigned with Action Topics

Zmd znd

Figure 4.5: Notations in a video.
multinomial distribution ¢, ,, wg, ~ Mult(¢,,), where ¢, ~ Dir(B) is the word

distribution of topic k, sampled from a Dirichlet prior with the hyperparameter

B.

Topic correlations. First we consider correlations between topics to model
the probabilities of co-occurrence of actions. Let m;; be the probability of topic
k occurring in document d, where Yt ms = 1. Instead of sampling it from a
fix Dirichlet prior with parameter a in LDA, we construct the probabilities by a

stick-breaking process:

k—1

kg = P (Via) l_[ Y(via), Y(via) =

=1

1
1+ exp(—vkd) ’

where 0 < W(v,) < 1 is a classic logistic function, which satisfies ¥(-v;,) =
1 — ¥Y(viq), and vy, serves as the prior of m,. The vector v,; in a video are drawn

from a mutivariate normal distribution N(u, X), which captures the correlations
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Figure 4.6: The relative time distributions learned by our model on training set (the blue
dashed line) and the ground-truth histogram of the relative time over the whole dataset

(the green solid line).
between topics. In practice, v.; = [Vi4, - -* , Vk-14] is a truncated vector for K — 1
topics, then we can set gy = 1 — Y0 m = [152, W(~via) as the probability of the

tinal topic for a valid distribution of r.,.

Relative time distributions. Second we model the relative time of occurring
actions by taking their time stamps into account. We consider that the relative
time between two words are drawn from a certain distribution according to
their topic assignments. In detail, let 1,4, #,,s € (0, 1) be the absolute time stamp of
n-th word and m-th word, which is normalized by the video length. #,4 = ti—tu
is the relative time of m-th word relative to n-th word (the green line in Fig. 4.5).
Then #,,,4 is drawn from a certain distribution, .. ~ Q(6,,,.,,), Where 6, ,. are

the parameters. Q(6,) are K* pairwise topic-specific relative time distributions

defined as follows:
bk,l . N(tlgli—,l) if +>0,

Q(t|0k,) = 4.1)
1= by - NGO if 1 <0,

Anillustration of the learned relative time distributions are shown in Fig. 4.6.

We can see that the distributions we learned can correctly reflect the order of the
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actions, e.g., put-back-to-fridge is after pouring and can be before/after microwav-
ing, and the shape is mostly similar to the real distributions. Here the Bernoulli
distribution by,;/1 — by, gives the probability of action k after/before the action
I. And two independent normal distributions N(#|6;,)/N (116, ) estimate how long
the action k is after/before the action /!. Then the order and the length of the

actions will be captured by all these pairwise relative time distributions.

4.6 Gibbs Sampling for Learning and Inference

Gibbs sampling is commonly used as a means of statistical inference to approx-
imate the distributions of variables when direct sampling is difficult [19, 66].
Given a video, the word w,; and the relative time t,,,; are observed. In the
training stage, given a set of training videos, we use Gibbs sampling to approx-
imately sample other hidden variables from the posterior distribution of our
model. Since we adopt conjugate prior Dir(8) for the multinomial distributions
®,, we can easily integrate out ®; and need not to sample them. For simplicity
and efficiency, we estimate the standard distributions including the mutivari-
ate normal distribution N(u, X) and the time distribution Q(6,) by the method of
moments, once per iteration of Gibbs sampling. And as in many applications
using the topic model, we use fixed symmetric Dirichlet distributions by setting

B =001

In the Gibbs sampling updates, then we need to sample the topic assign-

ment z,, and the topic prior v,,. We can do a collapsed sampling as in LDA by

Specially, when k = I, If two words are in the same segments, we draw ¢ from a normal
distribution which is centered on zero, and the variance models the length of the action. If
not, it also follows Eq. (4.1) indicating the relative time between two same actions. We also use
functions tan(—n/2 + 71)(0 < ¢t < 1), tan(rr/2 + nt)(—1 < ¢ < 0) to feed ¢ to the normal distribution so
that the probability is valid, that summits to one through the domain of z.
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calculating the posterior distribution of z,4:

P(Zna = kI, Z-nds tha) < Mg (k, Wya) p(tnalz.a, 0),
N+
N + NB’

Pltnalza ) = | | Qa0 0Qtmmal ),

w(k, Wyq) = (42)

where N is the number of unique word types in dictionary, N, denotes the
number of instances of word w,, assigned with topic k, excluding n-th word in
d-th document, and N, denotes the number of total words assigned with topic

k. z_,q denotes the topic assignments for all words except z,4.

Note that, in Eq. (5.1), my, is the topic prior generated by a joint distribution
giving which actions are more likely to co-occur in the video. w(k,w,,) is the
word distribution for topic k giving which topic the word is more likely from.
And p(ty4lz.q4,0) is the time distribution giving which topic-assignment of the

word is more causally consistent to other topic-assignments.

Due to the logistic stick-breaking transformation, the posterior distribution
of v.; does not have a closed form. So we instead use a Metropolis-Hastings in-
dependence sampler [44]. Let the proposals g(v})|v.4, u, ) = N(v} |u, X) be drawn
from the prior. The proposal is accepted with probability min(A(V},,v.4), 1),
where
PO E) T PGaalvi)qWialviy 1 D)

p(v s D) TLY pGalv.)a Oy lvaas o, 2)
1—[ P(Znalvy) ﬁ(ﬂ_,td)zn'vjl euth),
P(ZndlVv-a)

k=1 Tkd

AWy, va) =

which can be easily calculated by counting the number of words assigned with
each topic by z,,. Here the function d(x,y) = 1 if only if x = y, otherwise equal to

0. The time complexity of the sampling per iteration is O(N[%KD).
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Input RGB-D Video Segments assigned with Action Topics

......

turn-off-monitor put-down-items put-back-book

Figure 4.7: Illustration of action patching using our model. Given a test video, we infer
the forgotten topic from all missing topics in each segmentation point (1,7, as above)
using the learned co-occurrence and temporal relations of the topics. Then we select the
top segment from the inferred action-topic’s segment cluster by ranking them using a
frame-wise similarity score.

Given a test video, we fix all parameters learned in the training stage and

only sample the topic assignments z,, and the topic priors v.,.

4.7 Applications

4.7.1 Action Segmentation and Recognition

After we learn the topic-assignment of each action-word, we can easily get the
action segments by merging the continuous clips with the same assigned topic.
Also the assigned topic of the segment indicate which action it is and these

segments with the same assigned topic consist an action-topic segment cluster.
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4.7.2 Action Patching

We also apply our model in a new significant application, called action patching.
It reminds people of forgotten actions by output a segment containing the for-
gotten action from the training set (illustrated in Fig. 5.5). It is more challenging
than conventional similarity search, since the retrieved target is not shown in
the query video. Therefore, learning the action co-occurrence and the temporal

relations is important in this application.

Different from existing models on action relations learning, our model learns
all the pairwise relations rather than only the local and the past-to-future tran-
sitions. This is very useful to patching, since those actions occurred with a rel-
atively large time interval with or actions occurred after the forgotten actions
are also helpful to detect it, e.g., a put-back-book might be forgotten as previously
seen a fetch-book action before a long reading, and seen a leaving action indicates

he really forgot to put-back-book.

Our model infers the forgotten action using the probability inference based
on the dependencies. After assigning the topics to the action-words of a query
video g, we consider adding one additional action-word W into the video in
each segmentation point #,. Then the probabilities of the missing topics &, in
each segmentation point can be compared following the posterior distribution

in Eq. (5.1):
P = kns 1 = tlother) o m,ap(tlz.a, 0) ) | (ks ),
stt. t,€Ty, k,€[1:K]-K,,

where T, is the set of segmentation points (¢, 7, in Fig. 5.5) and K, is the set of

existing topics in the video (fetch-book,etc. in Fig. 5.5). Thus [1 : K] — K, are the
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missing topics in the video (turn-off-monitor,etc. in Fig. 5.5). p(tlz.q, 0), w(ky, w)
can be computed as in Eq. (5.1). Here we marginized w to avoid the effect of a
specific action-word. Note that, m, gives the probability of a missing topic in
the video decided by the correlation we learned in the joint distribution prior,
i.e., the close topics have higher probabilities to occur in this query video. And

p(tslz.4, 0) measures the casual consistency of adding a new topic.

Then we rank the pair (k,, t;) using the above score and select the top ones
(three in the experiments). The segments with the selected topics k,, in the train-
ing set consist a candidate patching segment set. Finally, we select the top one
from the candidates to output by comparing their frame-wise distances. In
detail, we consider that the front and the tail of the patching segment f,;, f,
should be similar to the tail of the adjacent segment in g before ¢, and the front
of the adjacent segment in ¢ after ;: f,, f;s. At the same time, the middle of
the patching segment f,, should be different to f,, f,/, as it is a different action
forgotten in the video.? So we choose the patching segment with the maximum
score: ave(D(fom, fo1)> D(foms for)) —max(D(f,z, fo), D(fors f57)), Where D(, ) is the av-
erage pairwise distances between frames, ave(, ), max(, ) are the average and max
value. If the maximum score is below a threshold or there is no missing topics

(i.e., K, = [1 : K]) in the query video, we claim there is no forgotten actions.

ZHere the middle, front, tail frames are 20%-length of segment centering on the middle frame,
starting from the first frame, and ending at the last frame in the segment respectively.
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4.8 Experiments

4.8.1 Dataset

We collect a new challenging RGB-D activity dataset recorded by the new Kinect
v2 camera. Each video in the dataset contains 2-7 actions interacting with differ-
ent objects (see examples in Fig. 4.10). The new Kinect v2 has higher resolution
of RGB-D frames (RGB: 1920x 1080, depth: 512x424) and improved body track-
ing of human skeletons (25 body joints). We record 458 videos with a total length
of about 230 minutes. We ask 7 subjects to perform human daily activities in 8
offices and 5 kitchens with complex backgrounds. And in each environment
the activities are recorded in different views. It composed of fully annotated 21
types of actions (10 in the office, 11 in the kitchen) interacting with 23 types of

objects. We also record the audio, though it is not used in this work.

In order to get a variation in activities, we ask participants to finish task
with different combinations of actions and ordering. Some actions occur to-
gether often such as fetch-from-fridge and put-back-to-fridge while some are not
always in the same video such as take-item and read. Some actions are in fix or-
dering such as fetch-book and put-back-book while some occur in random order
such as put-back-to-fridge and microwave. Moreover, to evaluate the action patch-
ing performance, 222 videos in the dataset has action forgotten by people and
the forgotten actions are annotated. We give the examples of action classes in

Fig. 4.10.
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4.8.2 Experimental Setting and Compared Baselines

We evaluate in two environments ‘office’ and ‘kitchen’. In each environment,
we split the data into a train set with most full videos (office: 87, kitchen 119)
and a few forgotten videos (office: 10, kitchen 10), and a test set with a few
tull videos (office: 10, kitchen 20) and most forgotten videos (office: 89, kitchen
113). We compare seven unsupervised approaches in our experiments. They
are Hidden Markov Model (HMM), topic model LDA (TM), correlated topic
model (CTM), topic model over absolute time (TM-AT), correlated topic model
over absolute time (CTM-AT), topic model over relative time (TM-RT) and our
causal topic model (CaTM), that is the correlated topic model over relative time.
All these methods use the same human skeleton and RGB-D features introduced
in Section 4.4. We also evaluate HMM and our model CaTM using the popular
features for action recognition, dense trajectories feature (DTF) [128], extracted

only in RGB videos®, named as HMM-DTF and CaTM-DTF.

In the experiments, we set the number of topics (states of HMM) equal to or
more than ground-truth action classes. For correlated topic models, we use the
same topic prior in our model. For models over absolute time, we consider the
absolute time of each word is drawn from a topic-specific normal distribution.
For models over relative time, we use the same relative time distribution as in
our model (Eq. (4.1)). The clip length of the action-words is set to 20 frames,
densely sampled by step one and the size of action dictionary is set to 500. For
patching, the candidate set for different approaches consist of the segments with
the inferred missing topics by transition probabilities for HMM, the topic priors

for TM and CTM, and both the topic priors and the time distributions for TM-

3We train a codebook with the size of 2000 and encode the extracted DTF features in each
clip as the bag of features using the codebook.
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AT, TM-RT, CTM-AT and our CaTM. Then we use the same ranking score as in

Section 5.5 to select the top one patched segments.

4.8.3 Evaluation Metrics

We want to evaluate if the unsupervised learned action-topics (states for HMM)
are semantically meaningful. We first map the assigned topics to the ground-
truth labels for evaluation. This could be done by counting the mapped frames
between topics and ground-truth classes. Let k;,¢; be the assigned topic and

; IR — 2 0(kik)o(cinc)
ground-truth class of frame i. The count of a mapping is: m. = =5-—=5=

, Where
2. 0(k;, k)o(c;, c) is the number of frames assigned with topic k as the ground-
truth class ¢ and normalized by the number of frames as the ground-truth class
c: ),;0(ci, ¢). Then we can solve the following binary linear programming to get
the best mapping:

max E XieeMics
X

k,c

st Vk, Zxkc -1, Ve, Zxkc >1, x.€1{0,1),
c k

where x;. = 1 indicates mapping topic k to class ¢, otherwise x;,, = 0. And
2. Xke = 1 constrain that each topic must be mapped to exact one class, >}, x > 1

constrain that each class must be mapped by at least one topic.

We then measure the performance in two ways. Per frame: we compute
frame-wise accuracy (Frame-Acc), the ratio of correctly labeled frames. Segmenta-
tion: we consider a true positive if the overlap (union/intersection) between the
detected and the ground-truth segments is more than a default threshold 40%
as in [101]. Then we compute segmentation accuracy (Seg-Acc), the ratio of the

ground-truth segments that are correctly detected, and segmentation average pre-
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cision (Seg-AP) by sorting all action segments output by the approach using the
average probability of their words’ topic assignments. All above three metrics

are computed by taking the average of each action class.

We also evaluate the patching accuracy (P-Acc) by the portion of correct
patched video, including correctly output the forgotten action segments or cor-
rectly claiming no forgotten actions. We consider the output action segments by
the algorithm containing over 50% ground-truth forgotten actions as correctly

output the forgotten action segments.

4.8.4 Results

Table 5.2 and Fig. 5.6 show the main results of our experiments. We first per-
form evaluation in the offline setting to see if actions can be well segmented and
clustered in the train set. We then perform testing in an online setting to see if
the new video from the test set can be correctly segmented and the segments
can be correctly assigned to the action cluster. We can see that our approach
performs better than the state-of-the-art in unsupervised action segmentation
and recognition, as well as action patching. We discuss our results in the light

of the following questions.

Did modeling the long-range relations help? We studied whether model-
ing the correlations and the temporal relations between topics was useful. The
approaches considering the temporal relations, HMM, TM-RT, and our CaTM,
outperform other approaches which assume actions are temporal independent.
This demonstrates that understanding temporal structure is critical to recogniz-

ing and patching actions. The approaches, TM-RT and CaTM, which model
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Table 4.2: Results using the same number of topics as the ground-truth action classes.
HMM-DTF, CaTM-DTF use DTF RGB features and others use our human skeleton and
RGB-D features.

‘office’ Seg-Acc Seg-AP Frame-Acc P-Acc
(%) Offline Online Offline Online Offline Online
HMM-DTF 15.2 94 214 20.7 20.2 159 23.6
HMM 18.0 14.0 25.9 24.8 247 21.3 33.3
™ 9.3 9.2 20.9 19.6 20.3 13.0 13.3
CT™M 10.0 5.9 18.1 15.8 20.2 16.4 13.3
TM-AT 8.9 3.7 254 19.0 18.6 13.8 12.0
CTM-AT 9.6 6.8 25.3 19.8 19.6 15.5 10.8
TM-RT 30.8 30.9 29.0 30.2 38.1 36.4 39.5
CaTM-DTF 28.2 27.0 28.3 27.4 374 34.0 33.7
CaTM 30.6 329 33.1 34.6 39.9 38.5 41.5
‘kitchen’ Seg-Acc Seg-AP Frame-Acc P-Acc
(%) Offline Online Offline Online Offline Online
HMM-DTF 49 3.6 18.8 5.6 12.3 9.8 23
HMM 20.3 15.2 20.7 13.8 21.0 18.3 7.4
™ 7.9 4.7 21.5 14.7 20.9 11.5 9.6
CT™M 10.5 9.2 20.5 14.9 18.9 15.7 6.4
TM-AT 8.0 4.8 21.5 21.6 20.9 14.0 7.4
CTM-AT 9.7 10.0 19.1 22.6 20.1 16.7 10.7
TM-RT 32.3 26.9 234 23.0 35.0 31.2 18.3
CaTM-DTF 26.9 23.6 18.4 17.4 33.3 29.9 16.5
CaTM 33.2 29.0 26.4 25.5 37.5 34.0 20.5

both the short-range and the long-range relations perform better than HMM
only modeling local relations. Also, the approaches considering the topic cor-
relations CTM, CTM-AT, and our CaTM perform better than the corresponding
non-correlated topic models TM, TM-AT, and TM-RT. Our CaTM, which con-
siders both the action correlation priors and the temporal relations, shows the

best performance.

How successful was our unsupervised approach in learning meaningful
action-topics? From Table 5.2, we can see that the unsupervised learned action-
topics can be semantically meaningful even though ground-truth semantic la-
bels are not provided in the training. In order to qualitatively estimate the per-
formance, we give a visualization of our learned topics in Fig. 4.9. It shows that

the actions with the same semantic meaning are clustered together though they
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Figure 4.8: Online segmentation Acc/AP varied with the number of topics in “office’
dataset.

are in different views and motions. In addition to the one-to-one correspon-
dence between topics and semantic action classes, we also plot the performance
curves varied with the topic number in Fig. 5.6. It shows that if we set the topics
a bit more than ground-truth classes, the performance increases since a certain
action might be divided into multiple action-topics. But as topics increase, more

variations are also introduced so that performance saturates.

RGB videos vs. RGB-D videos. In order to compare the effect of using
information from RGB-D videos, we also evaluate our model CaTM and HMM
using the popular RGB features for action recognition (CaTM-DTF and HMM-
DTF in Table 5.2). Clearly, the proposed human skeleton and RGB-D features
outperform the DTF features as more accurate human motion and object are

extracted.

How well did our new application of action patching performs? From Ta-
ble 5.2, we find that the approaches learning the action relations mostly give bet-
ter patching performance. This is because the learned co-occurrence and tem-

poral structure strongly help indicate which actions are forgotten. Our model
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Figure 4.9: Visualization of the learned topics using our model. For better illustration,
we decompose the segments with the same topic into different modes (shown two) and
divide a segment into three stages in time. The clips from different segments in the
same stage are merged by scaling to the similar size of human skeletons.

capturing both the short-range and long-range action relations shows the best

results.
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Figure 4.10: Examples of every action class in our dataset. The left is RGB frame and
the right is depth frame with human skeleton (yellow).

4.9 Summary
In this chapter, we presented an algorithm that models the human activities in

a completely unsupervised setting. We showed that it is important to model

the long-range relations between the actions. To achieve this, we considered the
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video as a sequence of action-words, and an activity as a set of action-topics.
Then we modeled the word-topic distributions, the topic correlations and the
topic relative time distributions. We then showed the effectiveness of our model
in the unsupervised action segmentation and recognition, as well as the action
patching. For evaluation, we also contributed a new challenging RGB-D activity

video dataset.
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CHAPTER 5
UNSUPERVISED LEARNING FOR REMINDING HUMANS OF
FORGOTTEN ACTIONS

5.1 Introduction

In robot perception, it is important for a personal robot to be able to detect not
only what a human is currently doing but also what he forgot to do. It turns
out that the average adult forgets three key facts, chores or events every day [3].
For example in Fig. 5.1, someone fetches milk from the fridge, pours the milk to
the cup, takes the cup and leaves without putting back the milk, then the milk
would go bad. In this chapter, we focus on detecting these forgotten actions
in the complex human activities for a robot, which learns from a completely

unlabeled set of RGB-D videos.

There are a large number of works on vision-based human activity recog-
nition for robots. These works infer the semantic label of the overall activ-
ity or localize actions in the complex activity for better human-robot inter-
actions [84, 4, 29], assistive robotics [58, 140]. Given the input RGB/RGB-D
videos [120, 69, 25], or 3D human joint motions [89, 102], or from other iner-
tial /location sensors [26, 93], they train the perception model using fully or
weekly labeled actions [69, 22, 54], or locations of annotated human/their in-
teractive objects [122, 97]. Recently, there are some other works on anticipating
human activities for reactive robotic response [70, 58]. However, to enable a
robot to remind people of forgotten things, it is challenging to directly use these

approaches especially in a completely unsupervised setting.
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Watch

fetch-milk-from-fridge pour-milk leave

Bot Remind:

Figure 5.1: Our Watch-Bot watches what a human is currently doing, and uses our un-
supervised learning model to detect the human’s forgotten actions. Once a forgotten
action detected (put-milk-back-to-fridge in the example), it points out the related object
(milk in the example) by the laser spot in the current scene.

Our goal is to enable a robot, that we call Watch-Bot, to detect humans’ for-
gotten actions as well as localize the related object in the current scene. The
robot consists of a Kinect v2 sensor, a pan/tilt camera (which we call camera for
brevity in this work) mounted with a laser pointer, and a laptop (see Fig. 5.2(a)).
This setup can be easily deployed on any assistive robot. Taking the example in
Fig. 5.1, if our robot sees a person fetch a milk from the fridge, pour the milk,
and leave without putting the milk back to the fridge, it would first detect the

forgotten action and the related object (the milk), given the input RGB-D frames

84



Laser
Pointer

RGB-D Video from Kinect V2
|

forgotten (a) forgotten action  (b) related object

inference

v

| Pan/Tilt
Camera

View Matching Pan/Tilt Camera Moving
E’u (o Y 3 1

Object Pointing

(a) Robot System. (b) System Pipeline.

Figure 5.2: (a). Our Watch-Bot system. It consists of a Kinect v2 sensor that inputs
RGB-D frames of human actions, a laptop that infers the forgotten action and the related
object, a pan/tilt camera that localizes the object, mounted with a fixed laser pointer that
points out the object. (b). The system pipeline. The robot first uses the learned model
to infer the forgotten action and the related object based on the Kinect’s input. Then it
maps the view from the Kinect to the pan/tilt camera so that the bounding box of the
object is mapped in the camera’s view. Finally, the camera pan/tilt until the laser spot
lies in the bounding box of the target object.

and human skeletons from the Kinect; then map the object from the Kinect’s
view to the camera’s view; finally pan/tilt the camera until its mounted laser

pointer pointing to the milk.

In real robotic applications, people perform a very wide variety of actions.
These are hard to learn from existing videos on the Internet and there are few
with annotations of actions or objects. So we propose a probabilistic learning
model in a completely unsupervised setting, which can learn actions and re-
lations directly from the data without any annotations, only given the input

RGB-D frames with tracked skeletons from Kinect v2 sensor.

We model an activity video as a sequence of actions, so that we can under-
stand which actions have been taken, e.g., the example activity contains four

actions: fetch-milk-from-fridge, pour, put-milk-back-to-fridge, and leave.! For detect-

!In the training, we do not know these action semantic labels. Instead we assign the action
cluster index.
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ing the forgotten action and reminding, we model the co-occurrence between
actions and the interactive objects, as well as the temporal relations between
these segmented actions, e.g., action fetch-milk-from-fridge often co-occurs with
and is temporally after action put-milk-back-to-fridge, and object milk occurs in
both actions. Using the learned actions and relations, we infer the forgotten
actions and localize the related objects, e.g., put-milk-back-to-fridge might be for-
gotten as previously seen fetch-milk-from-fridge before pouring, and seen leaving
indicates he really forgot to do, also milk is the object interacted in the forgotten

action.

We evaluate our approach extensively on a large RGB-D human activity
dataset recorded by Kinect v2 [135]. The dataset contains 458 videos of hu-
man daily activities as compositions of multiple actions interacted with differ-
ent objects, in which people forgot actions in 222 videos. We show that our
approach not only improves the action segmentation and action cluster assign-
ment performance, but also obtains promising results of forgotten action de-
tection. Moreover, we show that our Watch-Bot is able to remind humans of

forgotten actions in the real-world robotic experiments.

5.2 Related Work

Most previous works focus on recognizing human actions for both robotics [84,
69, 25] and computer vision [65, 121, 5]. They model different types of infor-
mation, such as the temporal relations between actions [101, 129], the human
and the interactive object appearances and relations [71, 129]. Yang et al. [140]

presented a system that learns manipulation action plans for robot from uncon-
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strained youtube videos. Hu et al. [54] proposed an activity recognition system
trained from soft labeled data for the assistant robot. Chrungoo et al. [29]
introduced a human-like stylized gestures for better human-robot interaction.
Piyathilaka et al. [102] used 3D skeleton features and trained dynamic bayesian
networks for domestic service robots. However, it is challenging to directly use

these approaches for inferring the forgotten actions.

Recently, there are works on anticipating human activities and they per-
formed well for assistant robots [70, 58]. They modeled the object affordances
and object/human trajectories to discriminate different actions in past activities
and anticipate future actions. However, in order to detect forgotten actions, we
also need to consider actions after it such as boiling water indicates filling kettle

before it.

The output laser spot on object is also related to the work ‘a clickable
world” [96], which selects the appropriate behavior to execute for an assistive
object-fetching robot using the 3D location of the click by the laser pointer. Dif-
terently, we keep the laser pointer fixed on top of the camera, and pan/tilt the

camera iteratively to point out the target object using a real-time view matching.

Most of these works rely on supervised learning given fully labeled actions,
or weakly supervised action labels, or locations of human/their interactive ob-
jects. Differently, our robot uses a completely unsupervised learning setting that
trains model only on Kinect’s output RGB-D videos. Our model is based on our
previous work [135], which presents a Casual Topic Model to model action re-
lations in the complex activity. In this work, we further introduce the human
interactive object and its relations to actions, so that the robot can localize the

related object. We then design a robotic system using the model to kindly re-
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mind people.

5.3 Watch-Bot System

We outline our Watch-Bot system in this section (see Fig. 5.2). Our goal is to
detect what people forgot to do given the observation of his poses and interacted
objects. The robot consists of a Kinect v2 sensor, a pan/tilt camera mounted
with a laser pointer, and a laptop. The input to our system is RGB-D human
activity videos with the tracked 3D joints of human skeletons from Kinect v2.
Then we use an unsupervised trained learning model (see Section 5.4) to infer
the forgotten action and localize the related object in the Kinect’s view. After
that, we map the object bounding box from the Kinect’s view to the camera’s
view. Finally, we pan/tilt the camera until the laser spot lies within the target

object in its view (see Section 5.5).

Video Representation. To detect the action structure in the complex activ-
ity video, we propose a video representation that draws parallels to document
modeling in the natural language [20] (illustrated in Fig. 5.3). We first decom-
pose a video into a sequence of overlapping fixed-length temporal clips. We
then extract the human-skeleton-trajectory features and the interactive-object-
trajectory features from the clips. In order to build a compact representa-
tion of the activity video, we represent it as a sequence of words. We use k-
means to cluster the human-skeleton-trajectories/interactive-object-trajectories
from all the clips to form a human-dictionary and an object-dictionary, where we
use the cluster centers as human-words and object-words. Then, the video can

be represented as a sequence of human-word and object-word indices by map-
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Figure 5.3: Video representation in our approach. A video is first decomposed
into a sequence of overlapping fixed-length temporal clips. The human-skeleton-
trajectories/interactive-object-trajectories from all the clips are clustered to form
the human-dictionary/object-dictionary. Then the video is represented as a se-
quence of human-word and object-word indices by mapping its human-skeleton-
trajectories/interactive-object-trajectories to the nearest human-words/object-words in
the dictionary. Also, an activity video is about a set of action-topics/object-topics indi-
cating which actions are present and which object types are interacted.

ping its human-skeleton-trajectories/interactive-object-trajectories to the near-
est human-words/object-words in the dictionary. Also, an activity video is
about a set of action-topics indicating which actions are present in the video,
and a set of object-topics indicating which object types are interacted. We use the

visual features as described in Section 4.4.
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5.4 Learning Model

We present a new unsupervised model for our Watch-Bot. The graphic model
is illustrated in Fig. 5.4 and the notations are in Table 5.1. Our model is able
to infer the probability of forgotten actions using the rich relationships between

actions and objects.

We learn the model from a training set of D unlabeled videos. Each video
as a document d consists of N, continuous clips {cnd}an ,» €ach of which consists
of a human-word w”, mapped to the human-dictionary and an object-word w?,
mapped to the object-dictionary. We assign action-topic to each clip c¢,; from
K latent action-topics, indicating which action-topic they belong to. We assign
object-topic to each object-word w?, from P latent object-topics, indicating which
object-topic is interacted within the clip. The assignments are denoted as z'") and

22). We use superscripts (1), (2) to denote action-topics and object-topics respec-
tively. After assignments, in a video, continuous clips with the same action-

topic compose an action segment. All the segments assigned with the same

action-topic from the training set compose an action cluster.

As shown in Fig. 5.4, the generative process of our model is as follows. In
a document d, we choose z ~ Mult(n(l)) z(z) Mult(:rff[)), where Mult(n) is a
multinomial distribution with parameter . The human-word w”  is drawn from
an action-topic specific multinomial distribution ¢((1), wh o~ Mult(qb((l) , where
¢\” ~ Dir(") is the human-word distribution of action-topic k, sampled from
a Dirichlet prior with the hyperparameter . While the object-word w?, is
drawn from an action-topic and object-topic specific multinomial distribution

¢((112))(2), wo, ~ M ult(cp((llz))(z) , where ¢( 2 ~ Dir(B") is the object-word distribution

Znd “nd Znd “nd
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Figure 5.4: The probabilistic graphic model of our approach.
of action-topic k and object-topic p. Here we consider the same object type like
book can be variant in appearance in different actions such as a close book in fetch-
book and a open book in reading. So we consider the object-word distribution for

different combinations of the action topic and the object topic.

The co-occurrence such as action put-down-items and action take-items, object
book and action reading, is useful to recognizing the co-occurring actions/objects
and gives a strong evidence for detecting forgotten actions. We model the co-

occurrence by drawing their priors from a mixture distribution. In the graphic

(1

model, 7, ;,

nﬁi} decide the probability of action-topic k and object-topic p occur-

ring in a document d, where Y5, n,(cld) =1, Z;): ! nfi} = 1. We construct the prob-
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Table 5.1: Notations in our model.

Symbols Meaning

D number of videos in the training database;

K number of action-topics;

P number of object-topics;

Ny number of human-words/object-words in a video;

Cnd n-th clip in d-th video;

wh, n-th human-word in d-th video;

wo, n-th object-word in d-th video;

Z%; action-topic assignment of c,g;

Z; d) object-topic assignment of w? ;

tod normalized timestamp of of ¢,4;

tnd = tna — L the relative time between c,,; and c¢,4;

77:(;), ﬂ%) the probabilities of action/object-topics in d-th document;
()

v Jrfj) in d-th document;

v..,v.; thepriorsofr/,

¢ multinomial human-word distribution from action-topic ;

‘7’22) multinomial object-word distribution from
action-topic k and object-topic p;
j7) multivariate normal distribution of v.; = [vf(ll) , vfl)] ;
O relative time distribution of #,,,,, between action-topic k, /;

n @
td>Vpd SETVE as the

abilities using a stick-breaking process as in [135], where v
priors. Then we draw the packed vector v,; = [V;(jz)= vfj)] from a multivariate nor-
mal distribution N(u,X), which captures the correlations between action-topics

and object-topics.

The temporal relations between actions are also useful to discriminating the
actions using temporal ordering and inferring the temporal consistent forgotten
actions. So we model the relative time of occurring actions as in [135]. In detail,
let #,4, tna € (0, 1) be the absolute time stamp of n-th clip and m-th clip, which is
normalized by the video length. 1,,,; = f,,s—1,4 is the relative time of m-th clip rel-
ative to n-th clip. Then #,,, is drawn from a certain distribution, #,,,; ~ Q(GZ% vfod))’

where 6,0, o are the parameters. Q(6;,) are K* pairwise action-topic specific rel-
‘md’*nd

ative time distributions defined by a product of a Bernoulli distribution which
gives the probability of action k after /before the action /, and a normal distribu-

tion which estimates how long the action k is after /before the action /.
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5.4.1 Learning and Inference

We use Gibbs sampling [19, 66] to learn the parameters and the infer the hidden
variables from the posterior distribution of our model. The word w" ,w?, and
the relative time #,,,, are observed in each video. We can integrate out o, @;{lpz)
since Dir(B), Dir(8'?) are conjugate priors for the multinomial distributions

1
Q.7

(12) . We also estimate the standard distributions including the mutivariate
normal distribution N(u, X) and the time distribution Q(6,) using the method

€] (2)

of moments, once per iteration of Gibbs sampling. The topic priors v., v

an
be sampled by a Metropolis-Hastings independence sampler [44] as in [135].
Following the convention, we use the fixed symmetric Dirichlet distributions

by setting gV, 812 as 0.01.

Then we introduce how we sample the topic assignment z(ld),zflzd) We do a

collapsed sampling as in Latent Dirichlet Allocation (LDA) [20] by calculating

the posterior distribution of z!), 7

I _ klﬂ.(l) M (2)t )

Pz, d > Z—nd*Znd >

1 h 2 1
o 1wk, wh Dk, 22, W2 ) p(t,alz')), 6),

2 _ 2 2 (1)

p(Z p|7T d >’ Z—nd’ an) & ﬂ(Z)w(an ’ pa nd)9
—nd (1)
+p
ol wly) = ot T
N + N,BD
N—ndo +ﬁ(12)
w(k, p,wyy) = —IZIW—UZ)’
N, “ + Nof
Na
Pl 0) = [ | Qtmal60 JQtunal6 1), (5.1)
m
where N,,,N, is the number of unique word types in dictionary, N, /N,;;fj,,

denotes the number of instances of word w” /w°, assigned with action—topic

k/action-topic k and object-topic p, excluding n-th word in d-th document,
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Algorithm 3 Forgotten Action and Object Detection.

Input: RGB-D video ¢ with tracked human skeletons.
Output: Claim no action forgotten, or output an action segment with the forgotten
action and a bounding box of the related object in the current scene.
1. Assign the action-topics to clips and the object-topics to object-words in g as intro-
duced in Section 5.4.1.
2. Get the action segments by merging the continuous clips with the same assigned
action-topic.
3. If the assigned action-topics K, in g contains all modeled action-topics [1 : K], claim
no action forgotten and return;
4. For each action segmentation point #,, each not assigned action-topic &, € [1 : K] —
K., and each object-topic p,, € [1 : P]:

Compute the probability defined in Eq. 5.2;
5. Select the top tree possible tuples (k, pm. t5), and get the forgotten action segment
candidate set Q which contains segments with topics (ky, pm);
6. Select the top forgotten action segment p from Q with the maximum
forget_score(p);
7. 1f forget_score(p) is smaller than a threshold, claim no action forgotten and return;
8. Segment the current frame to super-pixels using edge detection [36] as in Sec-
tion 5.3;
9. Select the nearest super-pixels to both extracted object bounding box in g and p.
10. Merge the adjacent super-pixels and bound the largest one with a rectangle as the
output bounding box.
11. Return the top forgotten action segment and the object bounding box.

and N,"/N.* denotes the number of total words assigned with action-topic

k/action-topic k and object-topic p. z" /z® denotes the topic assignments for

(2

all words except ') /z%).

In Eq. (6.1), note that the topic assignments are decided by which ac-

tions/objects are more likely to co-occur in the video (the occurrence prob-

()]

abilities 7\)/n)), the visual appearance of the word (the word distribu-

tions w(k, wz > w(k, p,w?)) and the temporal relations (the relative time dis-
tributions p(t,4lz}, ). The time complexity of the sampling per iteration is

O(N,;D(max(N,K, P)).

For inference of a test video, we sample the unknown topic assignments

@O @

(D
an ’ an

and the topic priors v, ,vfl) using the learned parameters in the training

stage.
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5.5 Forgotten Action Detection and Reminding

In this section, we describe how we apply our model in our robot to detect-
ing the forgotten actions and reminding people. It is more challenging than
conventional action recognition, since what to infer is not shown in the query
video. Therefore, unlike the existing models on action relations learning, our
model learns rich relations rather than the only local temporal transitions. As
a result, those actions occurred with a relatively large time interval, occurred
after the forgotten actions, as well as the interactive objects can also be used to
detect forgotten actions, e.g., a put-back-book might be forgotten as previously
seen a fetch-book action before a long reading, and seen a book and a leaving action

indicates he really forgot it.

Our goal is to detect the forgotten action and then point out the related object
in the forgotten action using our learned model (see Alg. 3). We first use our
model to segment the query video into action segments (step 1,2 in Alg. 3), and
then infer the most possible forgotten action-topic and the related object-topic
(step 4 in Alg. 3). Next we retrieve a top forgotten action segment from the
training database, containing the inferred forgotten action-topic and the object-
topic (step 5,6 in Alg. 3). Using the extracted object in the retrieved segment,
we detect the bounding box of the related forgotten object in the Kinect’s view
of the query video (step 8,9,10 in Alg. 3). After that, we map the bounding box
of the object from the Kinect’s view to the camera’s view. Finally, we pan/tilt

camera until its laser pointer points out the related object in the current scene.

Forgotten Action and Object Inference. We first introduce how we infer the

forgotten action-topic and object-topic using the dependencies in our learned
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Figure 5.5: Illustration of forgotten action and object detection using our model.
Given a query video, we infer the forgotten action-topic and object-topic in each seg-
mentation point (71, ). Then we select the top segment from the inferred action-topic’s
segment cluster with the inferred object-topic with the maximum forget_score.

model. After assigning the action-topics and object-topics to the query video
g, we consider adding one additional clip ¢ consisting of w", % into ¢ in every
action segmentation point ¢, (see Fig 5.5). Then the probabilities of the miss-
ing action-topics k,, with object-topics p,, in each segmentation point 7, can be

computed following the posterior distribution in Eq. (5.1):

1
Z()

»( kins 2 = Pt = tlother)

o Ty o U151l ) D ki W) s W),

wh wo

s.it. t,€Ts, k,€[1:K]-K,, (5.2)

where T is the set of segmentation points (such as t;,#, in Fig. 5.5) and K, is
the set of existing action-topics in the video (fetch-book, etc. in Fig. 5.5). Thus
[1: K] - K, are the missing topics in the video (put-down-items, etc. in Fig. 5.5).
p(ty Iz(l) 0), Wk, W), (K, pms w’) can be computed as in Eq. (5.1). Here we

marginalized w, w° to avoid the effect of a specific human-word or object-word.
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Note that, in Eq. (5.2), the closer topics would have higher probabilities
) ,Jrfd) to co-occur in this query video as they are drawn from the learned
joint distribution. The action-topics which are more consistent with the learned
temporal relations would have higher probability p(z,z.), 6). The marginalized
word-topic distribution Y, .0 @(ky, W (ks p, w?) give the likelihood of the

topic learned from training data.

Forgotten Action and Object Detection. We then introduce how we re-
trieve a top action segment from the training database. We first select the
top three tuples (k,., pn, t;) using the above probability. These action segments
consist a forgotten action candidate segment set Q. We then retrieve the seg-
ment from Q with the maximum forget_score(p) = ave(D(fom, f51), D(fom: far)) —
max(D(f,z, far) D(fpi f3£)), Where D(, ) is the average pairwise distances between
frames, ave(,), max(,) are the average and max value. The front and the tail of
the forgotten action segment f,, f,; need to be similar to the tail of the adjacent
segment in g before ¢, and the front of the adjacent segment in q after ¢,: f,,, f,.
The middle of the forgotten action segment f,,, need to be different to f,,, f,/, as
it is a different action forgotten in the video?®. If the maximum score is below a
threshold or there is no missing topics (i.e., K, = [1 : K]) in the query video, we

claim there is no forgotten actions.

Then we detect the bounding box of the related forgotten object in the cur-
rent scene. We segment the current frame into super-pixels as in Section 5.3, then
search the nearest super-pixels using the extracted object in the top retrieved ac-
tion, finally merge the adjacent super-pixels and bound the largest one with a

bounding box.

ZHere the middle, front, tail frames are 20%-length of segment centering on the middle frame,
starting from the first frame, and ending at the last frame in the segment respectively.
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Real Object Pointing. We describe how we pan/tilt the camera to point
out the real object. We first compute the transformation homography matrix
between the frame of the Kinect and the frame of the pan/tilt camera using
keypoints matching and RANSAC, which can be done very fast within 0.1 sec-
ond. Then we can transform the detected bounding box from the Kinect’s view
to the pan/tilt camera’s view. Since we fix the position of the laser spot in the
pan/tilt camera view, next we only need to pan/tilt the camera till the laser
spot lies within the bounding box of the target object. To avoid the coordinating
error caused by distortion and inconsistency of the camera movement, we use
an iterative search plus small step movement instead of one step movement to
localize the object (illustrated in Fig. 5.2). In each iteration, the camera pan/tilt
a small step towards to the target object according to the relative position be-
tween the laser spot and the bounding box. Then the homography matrix is
recomputed in the new camera view, so that the bounding box is mapped in the
new view. Until the laser spot is close enough to the center of the bounding box,

the camera stops moving.

5.6 Experiments

5.6.1 Dataset

We evaluate our Watch-Bot in a challenging human activity RGB-D dataset [135]
consisting of 458 videos of about 230 minutes in total recorded by the Kinect v2
sensor. Each video in the dataset contains 2-7 actions interacted with different

objects (see examples in Fig. 4.10). We asked 7 subjects to perform human daily
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activities in 8 offices and 5 kitchens with complex backgrounds and recorded
the activities in different views. It is composed of fully annotated 21 types of
actions (10 in the office, 11 in the kitchen) interacted with 23 types of objects. The
participants finish tasks with different combinations of actions and ordering.
Some actions occur together often such as fill-kettle and boil-water, while some
are not always together. Some actions are in a fix order such as turn-on-monitor
and turn-off-monitor while some occur in random order. Also, in the dataset,
people forgot actions in 222 videos. There are 3 types of forgotten actions in

‘office” and 5 types in "kitchen’.

5.6.2 Baselines

We compare four unsupervised approaches. They are Hidden Markov
Model (HMM) [16], LDA topic model [20], our previous work Causal Topic
Model(CaTM) [135] and our Watch-Bot Topic Model (WBTM). We use the same
human skeleton and RGB-D features introduced in Section 5.3. In LDA, ac-
tions and objects are modeled independently as the priors of action/object as-
signments are sampled from a fix Dirichlet prior and there is no relative time
between actions modeled. For HMM, similarly we set action states which gen-
erates both human and object trajectory features of each clip, and object states
which generates object trajectory features. Since there is no object modeled in

CaTM, we only evaluate its activity related performance.

In the experiments, we set the number of action-topics/object-topics and
states for HMM equal to or more than ground-truth action/object classes. For

LDA, CaTM and our WBTM, the clip length is set to 20 frames, densely sampled
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by step one and the size of human/object dictionary is set to 500. The forgot-
ten action candidate set for different approaches consists of the segments with
the inferred missing topics by transition probabilities for HMM, the topic priors
for LDA. After inference, we use the same forgotten action and object detection

method as introduced in Section 5.5.

5.6.3 Evaluation Metrics

We test in two environments ‘office” and ‘kitchen’. In each environment, the
dataset is split into a train set with mostly full videos (office: 87, kitchen 119)
and a few forgotten videos (office: 10, kitchen 10), and a test set with a few full
videos (office: 10, kitchen 20) and mostly forgotten videos (office: 89, kitchen
113). We train the models in the train set and evaluate the following metrics in

the test set.

Action Segmentation and Cluster Assignment. As in evaluation for unsu-
pervised clustering, we map the action cluster in the train set to the ground-
truth action labels by counting the mapped frames between action-topics and
ground-truth action classes as in [135] . Then we can use the mapped action

class label for evaluation.

We measure the performance in two ways. Per frame: we compute frame-
wise accuracy (Frame-Acc), the ratio of correctly labeled frames. Segmentation:
we consider a true positive if the union/intersection of the detected and the
ground-truth segments is greater than 40% as in [101]. We compute segmentation
accuracy (Seg-Acc), the ratio of the ground-truth segments that are correctly de-

tected and segmentation average precision (Seg-AP) by sorting all action segments
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Table 5.2: Action segmentation and cluster assignment results, and forgotten ac-
tion/object detection results.

‘office’(%) | Seg-Acc Seg-AP Frame-Acc FA-Acc FO-Acc
HMM 19.4 23.1 27.3 32.2 20.4
LDA 12.2 19.6 18.4 15.7 10.5
CaTM 329 34.6 38.5 41.5 -
WBTM 35.2 36.0 41.2 46.2 36.4
‘kitchen’(%) | Seg-Acc Seg-AP Frame-Acc FA-Acc FO-Acc
HMM 17.2 18.8 20.3 12.4 5.3
LDA 6.7 17.1 14.4 10.8 5.3
CaTM 29.0 255 34.0 20.5 -
WBTM 30.7 28.5 36.9 24.4 20.6

using the average probability of their words’ topic assignments. All above three

metrics are computed by taking the average of each action class.

Forgotten Action and Object Detection. We measure the forgotten action
detection accuracy (FA-Acc) by the portion of correct detected forgotten action
or correctly claiming no forgotten actions. We consider the output forgotten
action segments by the compared approaches containing over 50% ground-truth
forgotten actions as correct. We measure the forgotten object detection accuracy
(FO-Acc) by the typical object detection metric, that considers a true positive
if the overlap rate (union/intersection) between the detected and the ground-

truth object bounding box is greater than 40%.

5.6.4 Results

Table 5.2, Fig. 5.6 and Fig. 5.7 show the main results of our experiments. We

discuss our results in the light of the following questions.

How well did forgotten action/object detection perform? In Table 5.2, we

can see that our model achieves a promising results for complex activities with
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Figure 5.6: Action segmentation Acc/AP varied with the number of action-topics in
‘office” dataset.

multiple objects in variant environments in the completely unsupervised set-
ting. Our models CaTM and WBTM show better performance than traditional
uncorrelated topic model LDA, since the co-occurrence and temporal structure
are well learned. They outperform HMM, since we consider both the short-
range and long-range action relations while HMM only considers the local
neighboring states transitions. Our WBTM model improves the performance
over CaTM on action clustering and forgotten action detection, also is able to
detect the forgotten object, because action and object topics are factorized and

their relations are well modeled.

How important is it to consider relations between actions and objects?
From the results, we can see that the model which did well in forgotten action
detection also performed well in detecting forgotten object. Since our model
well considers the relations between the action and the object, it shows better
performance in both forgotten action and forgotten object detection than HMM
and LDA which models action and object independently as well as CaTM which

only models the actions.
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Figure 5.7: Forgotten action/object detection accuracy varied with the number of action-
topics in ‘office” dataset.
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Figure 5.8: An example of the robotic experiment. The robot detects the human left the
food in the microwave, then points to the microwave.

How successful was our unsupervised approach in learning meaningful
action-topics? From Table 5.2 and Fig 5.6, we can see that the unsupervised
learned action-topics can be semantic meaningful even though ground-truth
semantic labels are not provided in the training. It can also be seen that, the
better action segmentation and cluster assignment performance often indicates
better forgotten action detection performance, since actions in the complex ac-
tivity should be first well segmented and discriminated for next stage forgotten

action/object detection.

How did the performance change with the number of action-topics? We
plot the performance curves varied with the action-topic number in Fig. 5.6 and
Fig. 5.7. It shows that the performance does not change much with the action-

topics. This is because a certain action might be divided into several action-
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Table 5.3: Robotic experiment results. The higher the better.

\ Succ-Rate(%) Subj-AccScore(1-5) Subj-HelpScore(1-5)
HMM 37.5 2.1 2.3
LDA 29.2 1.8 2.0
WBTM 62.5 3.5 3.9

topics but more variations are also introduced.

5.6.5 Robotic Experiments

In this section, we show how our Watch-Bot reminds people of the forgotten ac-
tions in the real-world scenarios. We test each two forgotten scenarios in ‘office’
and ‘kitchen’ respectively (put-back-book, turn-off-monitor, put-milk-back-to-fridge
and fetch-food-from-microwave). We use a subset of the dataset to train the model
in each activity type separately. In each scenario, we ask 3 subjects to perform
the activity twice. Therefore, we test 24 trials in total. We evaluate three aspects.
One is objective, the success rate (Succ-Rate): the laser spot lying within the ob-
ject as correct. The other two are subjective, the average Subjective Accuracy
Score (Subj-AccScore): we ask the participant if he thinks the pointed object is
correct; and the average Subjective Helpfulness Score (Subj-HelpScore): we ask
the participant if the output of the robot is helpful. Both of them arein 1 -5

scale, the higher the better.

Table 5.3 gives the results of our robotic experiments. We can see that our
robot can achieve over 60% success rate and gives the best performance. In most
cases people think our robot is able to help them understand what is forgotten.
Fig. 5.8 gives an example of our experiment, in which our robot observed what
a human is currently doing, realized he forgot to fetch food from microwave

and then correctly pointed out the microwave in the scene.
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5.7 Summary

In this chapter, we enabled a Watch-Robot to automatically detect people’s for-
gotten actions. We showed that our robot is easy to setup and our model can be
trained with completely unlabeled videos without any annotations. We mod-
eled an activity video as a sequence of action segments, which we can under-
stand as meaningful actions. We modeled the co-occurrence between actions
and the interactive objects as well as the temporal relations between these seg-
mented actions. Using the learned relations, we inferred the forgotten actions
and localized the related objects. We showed that our approach improved the
unsupervised action segmentation and cluster assignment performance, and
was able to detect the forgotten action on a complex human activity RGB-D
video dataset. We showed that our robot was able to remind people of forgot-
ten actions in the real-world robotic experiments by pointing out the related

object using the laser pointer.
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CHAPTER 6
CONCLUSION AND FUTURE WORK

6.1 Conclusion

In this thesis, we presented how to use unsupervised learning to model the
complex spatial, temporal and semantical structures of human environments
and human actions, so as to give a better understanding for robots. We showed
that modeling these structures in perception algorithms is useful in robotics and

how robotic systems use our algorithms to improve the real-world applications.

We first introduced a hierarchical semantic labeling approach to modeling
semantic and spacial relations of objects for robotic perception. Using the se-
mantic hierarchy, robot is able to recognize the environments relevant to the
tasks. We built a semantic hierarchy graph to represent the “is part of” and “is
type of” relationships and proposed a novel CRF based approach which relates
pixel-wise and pair-wise observations to labels. We encoded hierarchical label-
ing constraints into the model while keeping inference tractable. We showed
the labeling performance improvement of our algorithm in off-line experiments

and the high success rate in the real-world robotic scenarios.

We then presented a human centred co-segmentation method to automat-
ically co-segmenting the common semantic regions from a set of images. We
generated a set of object proposals as foreground candidates from the images
and discovered the rich internal structure of these proposals using a proposed
fully connected CRF auto-encoder. We showed that leveraging the interactions

between humans and objects improved the co-segmentation accuracy signifi-
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cantly.

We described an unsupervised causal topic model, which learns high-level
co-occurrence and temporal relations between the actions. We modeled the
video as a sequence of short-term action clips, which contains human-words
and object-words. So an activity is about a set of action-topics and object-topics
indicating which actions are present and which objects are interacted with. We
introduced an unsupervised casual topic model relating the words and the top-
ics. In the experiments, we showed the flexibilities in consideration of differ-
ent structures using our models and modeling the long-term temporal relations
and co-occurrence of actions gives the best results. We also contributed a new
challenging RGB-D activity video dataset which contains several human daily

activities as compositions of multiple actions interacting with different objects.

Finally, we presented a novel robotic system using our unsupervised struc-
tured learning based perception algorithms. The robot was able to detect what
humans forgot to do by watching their activities, and if necessary reminds the
person using a laser pointer to point out the related object. We showed the

promising result in the robotic experiments.

6.2 Future Work

The following are different directions to pursue in the future:
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6.2.1 Deep Structures in Feature Encoding and Decoding

Deep structures have been proved to improve the learning ability significantly
recently. In our work of fully connected CRF auto-encoder, both encoding and
decoding part can be extended to deep structures using convolutional neural
networks, recurrent neural networks or deep mixture models etc. Though the
unsupervised structured learning using deep structures is still an open chal-
lenging problem, the way we leverage the fully connected CRF encoding in the
unsupervised learning is promising to capture the fully structured information

in the final encoding stage when introducing the deep structures.

6.2.2 Extending to Semi-Supervised Learning

Semi-supervised learning is able to leverage a small set of labeled data to guide
the learning and improve the performance. Our casual topic model and fully
connected CRF auto-encoder is not hard to be extended to the semi-supervised
setting and have the potentials to use them to improve the performance. For
the casual topic model, we can fix the sampling using the ground-truth of topic
assignments, so that the relations we learned can be guided to the right direc-
tion without getting stuck in the local minimum. For the fully connected CRF
auto-encoder, the initialization can be done by supervised learning of the en-
coding parameters, which might give a better and faster learning of the next

unsupervised learning stage of the whole model.
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6.2.3 Practical Robotic Applications

Applying perception algorithms in real-world robotic applications are challeng-
ing problems. When developing the perception algorithms, we need to think in
the perspective of applications just like our task relevant hierarchical semantic
labeling. We showed that robot can do a better job on navigation, manipulation,
and reminding using a better perception algorithm. Robots will work better
for people in cars, houses, offices if using unsupervised learning to improve
the perception of robot from large-scale data from different domains in these
applications. In the practical applications such as automatic lighting, tempera-
ture control, home appliance control at smart homes or navigation/planning in
smart car systems, how can the perception algorithms be improved when hu-
mans are in the loop? How can we develop a better planning of the robot to
improve the perception? More practical questions like these, which are out of
the perception algorithm itself but closely related to perception and final appli-

cations, need to be answered.
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