ABSTRACT

During the past decade, computer vision research has focused onstructing
image based appearance models of objects and action classegjusie databases
of examples (positive and negative) and machine learning t@mstruct models. Vi-
sual inference however involves not only detecting and recoging objects and ac-
tions but also extracting rich relationships between objectand actions to form
storylines or plots. These relationships are also improve recagon performance of
appearance-based models. Instead of identifying individuabjects and actions in
isolation, such systems improve recognition rates by augmengrappearance based
models with contextual models based on object-object, actieaction and object-
action relationships. In this thesis, we look at the problem of usg contextual
information for recognition from three di®erent perspectiwe (a) Representation of
Contextual Models (b) Role of language in learning semanticontextual models (c)
Learning of contextual models from weakly labeled data.

Our work departs from the traditional view to visual and contetual learn-
ing where individual detectors and relationships are leardeseparately. Our work
focuses on simultaneous learning of visual appearance and eotdial models from
richly annotated, weakly labeled datasets. Speci cally, we stwohow rich annota-
tions can be utilized to constrain the learning of visually gnanded models of nouns,
prepositions and comparative adjectives from weakly labeledata. | will also show
how visually grounded models of prepositions and comparatiajectives can be

utilized as contextual models for scene analysis. We also presstdryline models



for interpretation of videos. Storyline models go beyond pawise contextual models
and represent higher order constraints by allowing only a fewnd nite number of
possible action sequences (stories). Visual inference using storylmodels involve
inferring the \plot" of the video (sequence of actions) and remgnizing individual

activities in the plot.
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Chapter 1

Introduction

The universe is made of stories, not of atoms

Muriel Rukeyser

Traditionally, researchers in computer vision have focused otime problem
of modeling and recognizing object and action classes, whichearepresented in
language by nouns and verbs respectively. These problems aeatcal problems in
the quest to develop automated systems that \understanding scemand videos".
But only detecting and classifying objects and actions falls sit of matching the
way humans \see" and perceive the world around them. For exarg consider the
image shown in gure 1.1(a). An ideal computer vision algorithm wuld certainly
recognize the objects and regions in the image and list the cesponding nouns (See
“gure 1.1(b)). Humans would additionally recognize and undstand object-object,
action-action and object-action relationships to producehe explanation A A person

wearing a green shirt is stealing the sh caught by a person wiegra red shirt".

Our goal is to create representations of the world depicted images and videos
which are based on physical, functional and causal relationskipThese relationships

1
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(a) Original Image (b) Current Approaches
Figure 1.1: Understanding stories hidden in images: Humans tend éextract rela-

tionships among objects and actors to infer stories hidden ifmé images.

can be used to extract rich storylines of images and videos. Sianito humans, we
would ideally like to develop a system which understands the i@ntions of actors
to extract the stories in understanding their world. In this thesis, | address the
problem of learning and representing \concepts" beyond the ndeling of object and
action categories which are useful in representing physicayntctional and causal
relationships in the world. These relationships capture semadatknowledge and
serve as contextual information that can be used to improve obgt and action

recognition.

The main contributions of this dissertation? are:

2 Storyline Model - Representation and Learning . We present an ap-

1These contribution have been reported in the following publications [41, 42, 4543]



proach to modeling and learning visually grounded storyline adels of video
domains. The storyline of a video describes causal relationshipstween ac-
tions. Beyond recognition of individual actions, discoveringausal relation-

ships reveals the semantic meaning of the activities.

2 Language for Learning Contextual Models : We show how other parts
of speech such as prepositions and comparative adjectives canharnessed to
represent the contextual information and how we can use rich aatations to

constrain the learning from weakly labeled data.

2 Functional Relationships for Recognition : We present an approach to
represent functional relationships between objects and aetis by co-occurrence
statistics and we show how using these relationships improves badigtion

recognition and object recognition.

1.1 Understanding Videos, Constructing Plots

People create stories create people; or rather stories cregeople create stories

Chinua Achebe

Analyzing videos of human activities involves not only recagzing actions
(typically based on their appearances), but also determininghe story/plot of the
video. The storyline of a video includes the actions that occun that video and

3



the causal relationships between them. Beyond recognition ofdividual actions,
discovering causal relationships helps to better understanddtsemantic meaning of
the activities. However, storylines of videos di®er across videim a domain. There
is a substantial di®erence in terms of the actions that are part the storyline, agents
that perform those actions and the relationships between thosections. Our goal
is to learn the space of allowable storylines for a given domaamd use a particular
\instance" as a contextual model for action recognition. A mdel that represents the
set of storylines that can occur in a video corpus and the genécausal relationships

amongst actions in the video corpus is referred to as a \storgk model".

A storyline model can be regarded as a (stochastic) grammar, wd®language
(individual storylines) represents potential plausible \exphnations" of new videos
in a domain. For example, in analysing a collection of survailhce videos of a
tratc intersection scene, a plausible (incomplete) storyline-odel is: When a traf-
“c light turns green traxc starts moving. If, while tratc is moving, a pedestrian
walks into an intersection, then the tratc suddenly stops. O#mwise, tratc stops
when the signal turns red. Not only are the actions \turns green”, \moving" and
\walks" observable, but there are causal relationships among ¢hactions: tratc
starts moving because a light turns green, but it stops because agestrian entered
an intersection or the signal turned red. Beyond recognitionfandividual actions,
understanding the causal relationships among them providesfanmation about the
semantic meaning of the activity in video - the entire set of a@ns is greater than

the sum of the individual actions. The causal relationships areften represented in



terms of spatio-temporal relationships between actions. Theselationships provide
semantic/spatio-temporal context useful for inference of thstoryline and recogni-

tion of individual actions in subsequent, unannotated videos.

The inference using a storyline model involves simultaneouslgtenating the
storyline of the video and recognizing all the actions that & part of the story-
line. We formulate an Integer Programming framework for agdn recognition and
storyline extraction using the storyline model and visual groutings learned from

training data.

1.2 Language for Learning Semantic Models

Most of the fundamental ideas of science are essentially pi® and may, as a

rule, be expressed in a language comprehensible to everyone.

Albert Einstein

Our goal is to learn the semantic model and visual groundings efch action.
Traditionally, computer vision approaches have used largesual datasets to learn
contextual models which represents relationships between®dirent actions. Such
approaches, however, require large labeled datasets whicle &xpensive to obtain.
On the other hand, humans are quick to learn relationships witeven few and rare

instances. One way to learn relationships is direct interactiowith the physical

5



world. For example, as a child, when we touch a hot object wealkze that it hurts.
Current computer vision systems lack the ability to use direct iteraction with the
world to learn the rules/physical constraints which are the basi of the semantic
models. However, most of the rules/constraints can be encoded anguage and be

used to learn semantic models.

In this thesis, we propose the use of rich weakly annotated data €& Fig-
ure 1.2) to simultaneously learn semantic models and visual gmding of these
models. Weakly annotated data refers to a large visual datasethere each im-
agel/video is described by text. Current vision systems have eualted the use of
\list of nouns" as description to learn object classi ers. We preserdn approach to
harness the richness in language, such as using parts of speecah \llkepositions"
and \comparative-adjectives" to simultaneously learn objectappearances models
and contextual models for scene understanding. Another advage of using the
rich linguistic descriptions is that it constrains the learnig problem as compared
to the original learning problem using only a list of nouns. Thideads to better

appearance models of nouns as well.

1.3 Functional Recognition - Linking Nouns and Verbs

We also investigated the use of contextual models involving fational rela-
tionships. We studied the problem of understanding images anddgos of human

object interactions. Interpretation of such images/videos wolves understanding



(a) Fully Supervised Learning

- l

above (sky, road)

shove (sky, sand)

beside (sand, road)

feft (sand, road) left (huiiding, tree) beside (building, road)
beside (building, road)

above (zky, water) above (sky, road) left (tres, buiding)
abowve (sky, beach) above (sky, car) on {car, road)
beside (water, beach) on (car, road) left (sidewalk, tree)

(b) Weakly Supervised Learning

Figure 1.2: In fully supervised learning the segmentation of ¢himage and region
labels are provided. In conventional weakly supervised datasgonly the original

image and the list of nouns are provided. No segmentation and cespondence
between segments and labels is provided. We propose the use df,rweakly anno-
tated data in which the original images, list of nouns and somelegionships between

nouns are provided.



scene/event, analyzing human movements, recognizing manigble objects and ob-
serving the e®ect of the human movement on those objects. Whileckaf these
perceptual tasks can be conducted independently, recogoiti rates improve when
interactions between them are considered. Motivated by psyetogical studies of
human perception, we present a Bayesian approach which intaggs various per-
ceptual tasks involved in understanding human object interdions. Our approach
goes beyond these traditional approaches and applies spataid functional con-
straints on each of the perceptual elements for coherent sertianinterpretation.
Such constraints allow us to recognize objects and actions erhthe appearances
are not discriminative enough. We also demonstrate the use of sucbnstraints in

recognition of actions from static images without using any mimn information.

1.4 Organization of Thesis

We rst discuss the role of language in learning contextual model In the
following chapter, we will investigate how richness in the laguage can be har-
nessed to (a) Improve learning from weakly labeled datasets (hparn contextual
relationships between objects. More speci cally we present an@pach to simulta-
neously learn visual groundings of nouns, prepositions and coangtive adjectives
from richly annotated, weakly labeled datasets (shown in guré.3). We also show
how visually grounded models of prepositions and comparatiadjectives can be

used as contextual models for improving recognition (See gul.4).



Input :

Bear near water Bear in water Bear on field

field beside water Mountain behind bear
field behind bear Field greener than bear
Output :
O Q /'/ Al B//
A f Y /
B
Bear Water Field Larger (A, B) on (A, B)

Figure 1.3: In Chapter 2 we focus on how rich linguistic annoti@ns can constrain
the learning problem and how we can learn grounded models afums, prepositions

and comparative adjectives simultaneously.

More
Frequent

above (water , sky)

Less
Frequent

Figure 1.4: Grounded models of prepositions and comparatiealjectives provide
us contextual model for improving recognition. For examplehe two hypothesis of
labeling shown in the image are equally likely based on appeac&s. However, since
we know that the relationship sky above water occurs more frequently; the left

hypothesis becomes more likely.



While Chapter 2 focuses on learning contextual models, basedmair-wise con-
straints, represented by prepositions and comparative adjeeéis, such an approach
is unable to represent high-order causal relationships betweactions in videos. In
Chapter 3, we propose the use of storylines which can represengter order con-
straints between actions. However, there is substantial variath in storylines across
di®erent videos in a domain (in terms of actions and agents p@ming those actions
and relationships between those actions). We present a storylineodel which not
only encodes the contextual relationships between actionsitbalso learns the space
of allowed storylines for videos in a given domain. We presen approach to learn
the storyline model from richly annotated videos (See Figur&.5). Our approach
presented in chapter 2 provides the initialization for an iteative structure search
of a storyline model and rich linguistic annotations provide dditional constraints
on the structure learning. We also present an approach to simultaously estimate

storylines and recognize actions given new unseen videos.

Our approaches in chapter 2 and 3 consider contextual modeladed on noun-
noun and verb-verb relationships respectively. While the pldem of object recog-
nition and action recognition can be solved separately, withagh having its own
contextual model, recognition rates improve considerablyhen functional relation-
ships between objects and actions are also considered. In Chapt, we present
an approach to evaluate the use of functional constraints fomiproving action and
object recognition. We represent functional constraints by siple co-occurrence

relationships and show that such constraints improve both actioand object recog-

10



Input:Videos + Captions

Pitcher pitches the ball and then the After the pitcher pitches the ball, Picher pitches the hall and then
batter hits it. After hitting the ball, batter batter hits it. Batter its the ball and the batter swings the bat but
runs to the base. Simultaneously, the runs towards the base. Meanwhile misses it.

fielder nns to ball, catches it and then the fielder catches the ball and

throws it to the fielder at the base. runs towards the base.

—> OR

Goal:

Visually Grounded Storyline Model
« Structure of Model : 7
+ Visual Grounding of Each Node "5
+ Parameters of Conditional
Distributions

Figure 1.5: In Chapter 3 we present our storyline model for actn recognition. The

storyline model is learned from richly annotated videos as siva

nition considerably. In this chapter, we also present an approh to recognize actions
from static images using functional relationships between odgts and human mo-

tion/pose.
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Chapter 2

Exploiting Richness of Language for Learning Contextual Concep

Language is not only the vehicle of thought, it is a great andlaent instrument in

thinking.

Sir H. Davy

2.1 Weakly Labeled Datasets

One of the long term goals of computer vision has been to represand
recognize objects in natural images. Even young children caame and recognize
thousands of objects, and the problem of object recognition eentral to computer
vision. Itis hard to imagine a truly useful robot companion thacould not recognize

(and interact with) a large repertoire of natural and man maeé objects.

Early research on computer object recognition emphasized noching of three
dimensional object models against images. But progress was tiei both because it
is hard to acquire very accurate 3D information from imagesna, more importantly,
because many of the objects in our world have a large diversity2D structure due to

12



non-rigidity, articulation, and within class variability. So, during the past decade,
research has instead focused on constructing image based appeegamodels of

objects using large image databases and machine learning tmstouct models.

Obtaining large datasets with full labeling requires huge nmual e®ort (See
“gure 2.1). For this reason, there has been recent interest indming visual clas-
si ers of objects from weakly labeled datasets. Weakly labeledi@dsets are image
datasets with associated text and captions, however, there is segmentation and
correspondence given between the text and the regions whichngrate the text.
Learning a visual classi er involves establishing correspondenicetween image re-

gions and semantic object classes named by the nouns in the text.

Weakly Labeled

Onf{car, road)
Left {officer, car)

Unlabeled Images Corel Rich Descriptions

—

Human Effort

Figure 2.1: Human e®ort for di®erent type of annotations

Traditionally, computer vision researchers have used a partitar kind of weakly
labeled datasets - images with lists of nouns (referred to &sgs) associated with

them. These tags are either extracted from the text caption othe dataset is col-

13



lected in manner where users provide tags. There exist signi caambiguities in
correspondence of visual features and object classes. For exampyure 2.2 con-
tains an image which has been annotated with the nouns \car"ral \street". It is
dixcult to determine which regions of the image correspond to kch word unless
additional images are available containing \street" but not\car" (and vice-versa).
A wide range of automatic image annotation approaches use such-occurrence

relationships to address the correspondence problem.

Some words, however, almost always occur together, which limithe utility
of co-occurrence relationships, alone, to reduce ambigugien correspondence. For
example, since cars are typically found on streets, it is dizculto resolve the cor-
respondence using co-occurrence relationships alone. Whilehsaonfusion is not a

serious impediment for image annotation, it is a problem if alization is a goal®.

We describe how to reduce ambiguities in correspondence by kxging nat-
ural relationships that exists between objects in an image. Hse relationships
correspond to language constructs such as \prepositions" (e.gbave, below) and
\comparative adjectives" (e.g. brighter, smaller). If moded for such relationships
were known and images were annotated with them, then they wigliconstrain the
correspondence problem and help resolve ambiguities. For exae) in gure 2.2,
consider the binary relationshipon(car; street). Using this relationship, we can

trivially infer that the green region corresponds to \car" ard the magenta region

L1t has also been argued [3] that for accurate retrieval, understanding image seméns (spatial

localization) is critical

14



corresponds to \street".

The size of the vocabulary of binary relationships is very smatlompared to
the vocabulary of nouns/objects. Therefore, human knowledgmuld be tapped to
specify rules which can act as classi ers for such relationshipsr(fexample, a bi-
nary relationship abovés;; p1) ) s::y <pi:y). Alternatively, models can be learned
from annotated images. Learning such binary relationships fmo a weakly-labeled
dataset would be \straight forward" if we had a solution to the corespondence
problem at hand. This leads to a chicken-egg problem, whereoatels for the binary
relationships are needed for solving the correspondence prgh| and the solution of
the correspondence problem is required for acquiring modelsthe binary relation-
ships. We utilize an EM-based approach to simultaneously learnsual classi ers of
objects and \di®erential" models of common prepositions ancdmparative binary

relationships.

Grounded models of prepositions and comparative adjectivean also be used
to represent semantic relationships between objects. These gnded models can
therefore be used as a contextual model for scene analysis angrove recognition
of objects. Figure 2.3 shows an example. In the image shown in thgure, based
on appearances it is hard to classify whether the the region asigded with the sun
or its re°ection is the sun. However, if we can learn a groundingif above(B,A) -
the y-coordinate ofB is more than y-coordinate ofA. Then, based on our linguistic
knowledge of the world that -Sun occurs above Seand the position of the sea, we

can classify the region associated with the sun.
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(" Co-occurence:
M Car/Street M Bear Water
1l Car/Street M Field

Our Approach:

/1

//
4

- A —

2ison1

M Street B Bear [ | Water
W Car W Field

7Bear in water Bear is on the field

Figure 2.2: An example of how our approach can resolve ambigag. In the case of
co-occurrence based approaches, it is hard to correspond thegmata/green regions
to “car'/'street'. 'Bear', ‘water' and " eld' are easy to correpond. However, the
correct correspondences of "bear' and " eld' can be used to acgua model for the
relation “on'. We can then use that model to classify the greeng®n as belonging to
“car' and the magenta one to “street’, since only this assignmesttis es the binary

relationship.

The signi cance of the work described in this chapter is threefir (1) It allows
us to learn classi ers (i.e models) for a vocabulary of prepositie and comparative
adjectives. These classi ers are based on di®erential featuregasted from pairs of
regions in an image. (2) Simultaneous learning of nouns andlationships reduces
correspondence ambiguity and leads to better learning perfoance. (3) Learning
priors on relationships that exist between nouns constrains ¢hannotation problem

and leads to better labeling and localization performancenahe test dataset.

16



Above (B, A) &) OB

‘@
n

Above (Sun, Sea)

Figure 2.3: Language based Contextual Model

2.2 Related Work

Our work is clearly related to prior work on relating text cagions and image
features for automatic image annotation [5, 22, 21]. Manydening approaches have
been used for annotating images which include translation mels [28], statistical
models [5, 8], classi cation approaches [2, 59, 63] and relesatanguage models [58,

50, 31].

Classi cation based approaches build classi ers without solving éhcorrespon-
dence problem. These classi ers are learned on positive and négatxamples gen-
erated from captions. Relevance language models annotateesttimage by nding
similar images in the training dataset and using the annotatiorwords shared by

them.

Statistical approaches model the joint distribution of nounsind image features.

These approaches use co-occurrence counts between nouns arahe features to

17



predict the annotation of a test image [69, 19]. Barnard et. 8] presented a
generative model for image annotation that induces hieraneal structure from the

co-occurrence data. Srikanth et. al [88] proposed an apprbaio use the hierarchy
induced by WordNet for image annotation. Duygulu et. al [28] rodeled the problem
as a standard machine translation problem. The image is assumexllie a collection
of blobs (vocabulary of image features) and the problem beces analogous to
learning a lexicon from aligned bi-text. Other approaches sh as [51] also model
word to word correlations where prediction of one word ind&s a prior on prediction

of other words.

All these approaches use co-occurrence relationships betweewnins and im-
age features; but they cannot, generally, resolve all corresmtence ambiguities.
They do not utilize other constructs from natural language ath speech tagging ap-
proaches [17, 18]. As a trivial example, given the annotatioypink °ower” and a
model of the adjective \pink", one would expect a dramatic rduction in the set
of regions that would be classi ed as a °ower in such an image. Othkmguage
constructs, such as \prepositions” or \comparative adjectives"which express rela-

tionships between two or more objects in the image, can also resambiguities.

Our goal is to learn models, in the form of classi ers, for such langge con-
structs. Ferrari et. al [33] presented an approach to learn visuattributes from a
training dataset of positive and negative images using a gengva model. However,
collecting a dataset for all such visual attributes is cumbersom Ideally we would

like to use the original training dataset with captions to lean the appearance of

18



nouns/adjectives and also understand the meanings of commonepositions and
comparative adjectives. Barnard et. al [10] presented an apgach for learning ad-
jectives and nouns from the same dataset. They treat adjectigesimilarly to nouns
and use a two step process to learn the models. In the rst step, theyr=ider only
adjectives as annotated text and learn models for them usinglaent model. In the
second step, they use the same latent model to learn nouns whe@ted models of
adjectives are used to provide prior probabilities for lab&lg nouns. While such an
approach might be applicable to learning models for adjegts, it cannot be applied
to learning models for higher order(binary) relationships niess the models for the

nouns are given.

Barnard et. al [6] also presented an approach to reduce correadence am-
biguity in weakly labeled data. They separate the problems déarning models of
nouns from resolving correspondence ambiguities. They use adeanodel for de n-
ing atnities between di®erent regions and use the principal ak@usion reasoning to
resolve ambiguities. On the other hand, we propose an approaah gimultaneously
resolve correspondence ambiguities and learn models of noussg other language

constructs which represent higher order relationships

We also present a systematic approach to employing contextualfammation
(second-order) for labeling images. The use of second order eomtial information

is very important during labeling because it can help resolvehé ambiguities due

2The principles of exclusion reasoning are also applicable to our problem. We, howevegriore

them here
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to appearance confusion in many cases. For example, a blue hosrapus region,
B, can be labeled as \water" as well as \sky" due to the similarityin appearance.
However, the relation of the region to other nouns such as the \slican resolve the
ambiguity. If the relation below(B;sun) is more likely than in(sun;B), then the

regionB can be labeled as \water" (and vice-versa). As compared to [6}hich uses
adjacency relations for resolution, our approach provides laroader range of rela-
tions(prepositions and comparative adjectives) that can be dned simultaneously

with the nouns.

2.3 Overview

Each image in a training set is annotated with nouns and relainships be-
tween some subset of pairs of those nouns. We refer to each reladlup instance,
such asabovéA; B), as a predicate. Our goal is to learn classi ers for nouns and-re
lationships (prepositions and comparative adjectives). Sithar to [28], we represent
each image with a set of image regions. Each image region is eganted by a set
of visual features based on appearance and shape (e.g area, RGBje classi ers
for nouns are based on these features. The classi ers for relatioipshare based on
di®erential features extracted from pairs of regions such dsetdi®erence in area of

two regions.

Learning models of both nouns and relationships requires assing image

regions to annotated nouns. As the data is weakly labeled, theers no explicit
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assignment of words to image regions. One could, however, assiggions to nouns
if the models of nouns and relationships were known. This leado a chicken-egg
problem (See Figure 2.4). We treat assignment as the missing datad use an EM-
approach to learn assignment and models simultaneously. In thedfep we evaluate
possible assignments using the parameters obtained at previoterations. Using
the probabilistic distribution of assignment computed in the Estep, we estimate the

maximum likelihood parameters of the classi ers in the M-step.

Learning the Model — Chicken Egg Problem

Assignment Problem Learning Problem

—

; B
Y

Road

On (car, road)

Figure 2.4: Correspondence/assignment of regions to words is dependeon learned
appearance models; however learned appearance models thegtves depend on the corre-

spondence

In the next section, we rst discuss our model of generating predites for a
pair of image regions. This is followed by a discussion on leargithe parameters
of the model, which are the parameters of classi ers for nouns, gmositions and

comparative adjectives.
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Cliff is beside Sea

Figure 2.5: The Graphical Model for Image Annotation

2.4 Our Approach

2.4.1 Generative Model

We next describe the model for language and image generatiar & pair of

objects. Figure 2.5 shows our generative model.

Each image is represented with a set of image regions and eadalioe is associ-
ated with an object which can be classi ed as belonging to a ceiiasemantic object

class. These semantic object classes are represented by nouns invdeabulary?.

3Generally, there will not be a one-one relationship between semantic object classasd nouns.
For example, the word \bar" refers to two di®erent semantic concepts in the sentences:He went to
the bar for a drink" and \There were bars in the window to prevent escape". Similarly, one semantic
object class can be described by two or more words(synonyms). While dealingith synonyms and

word sense disambiguation [9] is an important problem, we simplify the egosition by assuming a
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Assume two regiong and k are associated with objects belonging to semantic
object classesns and n, respectively. Each region is described by a set of visual
featuresl; and I. The likelihood of image featured; and I, would depend on the
nounsns and n, and the parameters of the appearance modeB) of these nouns.

These parameters encode visual appearance of the object classes.

For every pair of image regions, there exist some relationshipstitveen them
based on their locations and appearances. Relationship typese aepresented by
a vocabulary of prepositions and comparative adjectives. Le&tbe a type of rela-
tionship (such as \above", \below") that holds between the obgcts associated with
regionsj and k. The nouns associated with the regions)s and n,, provide priors
on the types of relationships in which they might participate(For example, there is
a high prior for the relationship \above" if the nouns are \sky" and \water", since
in most images \sky" will occur above \water"). Every relationship is described by
di®erential image features;, . The likelihood of the di®erential features depends on

the type of relationshipr and the parameters of the relationship modeCr.

2.4.2 Learning the Model

The training data consists of images annotated with nounsif; n::) and a set
of relationships between these nouns represented by predica®, wherel is the

image number. Learning the model involves maximizing thekkelihood of training

one-one relationship between semantic object classes and the nouns in the annotation.
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images being associated with predicates given in the trainirdata. The maximum
likelihood parameters are the parameters of object and rél@nship classi ers, which
are represented byu = (Cp; Cr). However, evaluating the likelihood is expensive
since it requires summation over all possible assignments of imaggions to nouns.
We instead treat the assignment as missing data and use an EM formiiden to

estimate pM* .

X
Mt = argmax P(PL:P2:jl L 12w =argmax P(PL P2 AjL L 120 )
" TR
W X
= arg max PP'jI": ;AP (Al 1) (2.1)
Moz al

whereA' de nes the assignment of image regions to annotated nouns in igea

|. Therefore,Al = j indicates that nounn! is associated to region in imagel.

The rst term in equation 2.1 represents the joint predicate liklihood given
the assignments, classi er parameters and image regions. A pred&i represented
asr{(ny;n,), wherer{ is a relationship that exists between the nouns associated
with region A'Si and A:Oi. We assume that each predicate is generated independently

of others, given an image and assignment. Therefore, we rewrike likelihood as:

0]

o le oAl _ J? iy loal.
PPt A = P(Pijl'; A% )
i=1
o'l
/ P(ri|j||A|S_A|p_;CR)P(rinnSi;npi)
I:l 1 I
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Table 2.1: Notation

N: Number of images

I: Image under consideration (superscript)
P': Set of Predicates for imagé

(n};nk:): Set of Nouns for imagd

P! = ri(ny;ny,): i predicate

Al = j: Noun n! is associated with region
Ca: Parameters of models of nouns
Cgr:Parameters of models of relationships

I: Relationship represented by™ predicate

-

si: Index of noun which appears as argumentl i' predicate

pi: Index of noun which appears as argument2 i’ predicate

L\!: Image features for region assigned to noun
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J.? |

I Py a irh CRIP(HICRIP(rlins;inp,)
i=1 b

Given the assignments, the probability of associating a prediaiP; to the
image is the probability of associating the relationship! to the di®erential features
associated with the pair of regions assigned to;, and n,. Using Bayes rule, we
transform this into the di®erential feature likelihood giverthe relationship word and
the parameters of the classi er for that relationship word.P(r/jCr) represents the

prior on relationship words and is assumed uniform.

The second term in equation 2.1 evaluates the probability oinaassignment of
image regions to nouns given the image and the classi er pararaet. Using Bayes

rule, we rewrite this as:

PA ) = J@ P(”:]'J\;;CA)

/- P(lyin{;Ca)P(nijCa)

i=1

wherejA'j is the number of annotated nouns in the image? (I },jnj; Ca) is the
image likelihood of the region assigned to the noun, given th@un and the param-
eters of the object modelP (n!jC,) is the prior over nouns given the parameters of

object models.
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2.4.2.1 EM-approach

We use an EM approach to simultaneously solve for the correspondenand

for learning the parameters of classi ers represented lpy

1. E-step: Compute the noun assignment for a given set of parameters from
the previous iteration represented by®®. The probability of assignment in which

nouni correspond to region is given by:

P
| _ ol oldy — o ARA P(AJP'; 1T 1ed)
P(A = jjP, 1" = rkrAOZA!k P(AGPT: 1T o) (2.2)

where A refers to the subset of the set of all possible assignments for an
image in which nouni is assigned to regiofi. The probability of any assignmentA®

for the image can be computed using Bayes rule:

PAIP 1510 1 P(PIAS T PP (A1 ') (2.3)

2. M-step: For the noun assignment computed in the E-step, we nd the new
ML parameters by learning both relationship and object classirs. The ML param-
eters depend on the type of classi er used. For example, for a gaassclassi er we

estimate the mean and variance for each object class and retetship class.

For initialization of the EM approach, we can use any image amtation ap-

proach with localization such as the translation based model seribed in  [28].
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Based on initial assignments, we initialize the parameters of thorelationship and

object classi ers.

We also want to learn the priors on relationship types given tha@ouns rep-
resented byP(rjns;np). After learning the maximum likelihood parameters, we
use the relationship classi er and the assignment to nd possible relahships be-
tween all pairs of words. Using these generated relationship atations we form a

co-occurrence table which is used to compute(rjns; ny).

2.4.3 Inference

Similar to training, we rst divide the test image into regions. Each region]
is associated with some featurds and nounn;. In this case,l; acts as an observed
variable and we have to estimat@;. Previous approaches estimate nouns for regions
independently of each other. We want to use priors on relatiships between pair of
nouns to constrain the labeling problem. Therefore, the assigrent of labels cannot
be done independently of each other. Searching the space bpalksible assignments

is infeasible.

We use a Bayesian network to represent our labeling problem andeubelief
propagation for inference. For each region, we have two nadeorresponding to the
noun and image features from that region. For all possible paiof regions, we have
another two nodes representing a relationship word and di®eteh features from

that pair of regions. Figure 2.6 shows an example of an image withree regions
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Figure 2.6: An example of a Bayesian network with 3 regions. Thé& represent the
possible words for the relationship between regiongK ). Due to the non-symmetric
nature of relationships we consider bothj(k) and (k;j) pairs (in the gure only

one is shown). The magenta blocks in the image represent di®¢i@rfeatures (| ).

and its associated Bayesian network. The word likelihood is gr by:

Y Y X
P(n1;nazjlq;lailyg; i Ca; CR) / P(lijni; Ca) P(ljkjrjk ;s CrR)P(rjk jnj; nk)
i (k) Tik
(2.4)
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2.5 Experimental Results - Corel5K Dataset

In all the experiments, we use a nearest neighbor based likeliltbomodel for
nouns and decision stump based likelihood model for relationpbi We assume each
relationship model is based on one di®erential feature(for enple, the relationship
\above" is based on di®erence iy locations of 2 regions). The parameter learn-
ing M-step therefore also involves feature selection for relahship classi ers. For
evaluation we use a subset of the Corel5k training and test datasesed in [28].
For training we use 850 images with nouns and hand-labeled tihelationships be-
tween subsets of pairs of those nouns. We use a vocabulary of 173nsoand 19

relationships?.

2.5.1 Learning of Relationship Words

Sixteen relationship words were learned correctly - assignea ¢orrect di®er-
ential feature. For example, words likeaboveand left were assigned to di®erences
in y coordinates andx coordinates respectively. One of the interesting case was the
word behind While our di®erential feature set did not have any features wi¢h cor-
respond to depth values, the word was associated with di®erenceearturedness®.
Three relationship words were associated with the wrong feats; words likein and

on are hard to be captured by color, shape and location featuresn tase of word

4above, behind, below, beside, more textured, brighter, in, greener, larger, left, neafar from,

ontopof, more blue, right, similar, smaller, taller, shorter.
Scloser regions having higher texturedness than farther regions
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taller, most of the tall objects are thin and our segmentation algoiitm tends to

fragment them.

2.5.2 Resolution of Correspondence Ambiguities

We rst evaluate the performance of our approach for the resolian of cor-
respondence ambiguities in the training dataset. To evaluatiée localization per-
formance, we randomly sampled 150 images from the trainingtdaet and compare
it to human labeling. Similar to [7], we evaluate the perforrance in terms of two
measures: \range of semantics identi ed" and \frequency corréc The rst mea-
sure counts the number of words that are labeled properly by ¢halgorithm. In
this case, each word has similar importance regardless of theduency with which
it occurs. In the second case, a word which occurs more frequgnt given higher
importance. For example, suppose there are two algorithms oagwhich only labels
‘car' properly and other which only labels 'sky' properly. Usig the rst measure,
both algorithms have similar performance because they can oectly label one word
each. However, using the second measure the latter algorithm istter as sky is
more common and hence the number of correctly identi ed regis would be higher

for the latter algorithm.

We compare our approach to image annotation algorithms whiccan be used
for localization of nouns as well. These approaches are usedotmotstrap our EM-

algorithm. For our experiments, a co-occurrence based transtan model [19] and
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IBM Model 1 Duygulu et. al (2002) IBM Model 1 Duygulu et. al (2002)

(a) Semantic Range (b) Frequency Correct

Figure 2.7: Comparison of normalized \semantic range" and \&quency correct”
scores for the training dataset. The performance increases subtally by using
prepositions and comparative adjectives in addition to now The green line shows
the performance when relationships are not learned but are ded by a human.
The two red blocks show the performance of our approach wherdationships and
nouns are learned using the EM algorithm and bootstrapped by ¥ Modell or

Duygulu et. al respectively.

translation based model with mixing probabilities [28] form lhe baseline algorithms.
To show the importance of using \prepositions" and \comparativeadjectives" for
resolution of correspondence ambiguities, we use both algoritk to bootstrap EM

and present our results. We also compare our performance with takorithm where
relationships are de ned by a human instead of learning them fnothe dataset itself.
Figure 2.7 compares the performance of all the algorithms thirespect to the two
measures described above. Figure 2.8 shows some examples of moligaity is

removed using prepositions and comparative adjectives.
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2.5.3 Labeling New Images

We also tested our model on labeling new test images. We used a subset
of 500 test images provided in the Corel5k dataset. The subset wetsosen based
on the vocabulary of nouns learned from the training. The inges were selected
randomly from those images which had been annotated with theonds present in
our learned vocabulary. To nd the missed labels we compu&nSy, where$; is the
set of annotations provided from the Corel dataset an8y is the set of annotations
generated by the algorithm. However, to test the correctness tdbels generated
by the algorithm we ask human observers to verify the annotatis. We do not
use the annotations in the Corel dataset since they contain onlg subset of all
possible nouns that describe an image. Using Corel annotations &valuation can
be misleading, for example, if there is \sky" in an image and angorithm generates
an annotation \sky" it may be labeled as incorrect because of thabsence of sky
from the Corel annotations. Figure 2.9 shows the performancé the algorithm on
the test dataset. Using the proposed Bayesian model, the number ofssed labels
decreases by 24% for IBM Model 1 and by 17% for Duygulu et. al [2&lso, using

our approach 63% and 59% of false labels are removed respebtive

Figure 2.11 shows some examples of the labeling on the test sete@xamples
show how Bayesian reasoning leads to better labeling by applgipriors on relation-
ships between nouns. The recall and precision ratios for some ¢oan words in the

vocabulary are shown in Figure 2.10. The recall ratio of a wonegpresents the ratio
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of the number of images correctly annotated with that word usig the algorithm
to the number of images that should have been annotated with &t word. The
precision ratio of a word is the ratio of number of images thatdve been correctly
annotated with that word to the number of images which were amtated with the
word by the algorithm. While recall rates are reported with espect to corel anno-
tations, precision rates are reported with respect to correctéss de ned by human
observers. The results show that using a constrained bayesian motézds to im-
provement in labeling performance of common words in termd both recall and

precision rates.

2.6 Experimental Results - Perfect Segmentations

The results in the previous section show that our approach outpgerms co-
occurrence based approach. However, the results in the presoexperiments are
confounded by bad segmentations. We performed another smalpeximent to study
the e®ect of using prepositions and comparative adjectives whgegmentations are
perfect. In this experiment, we used 75 training images fromeBkeley and MSRC
datasets and we used a vocabulary of 8 nouns and 19 relationshigsgure 2.12
shows the comparative evaluation of our approach on perfectgseentation dataset.
Even in case of perfect segmentations, our approach outperfarthe approach of
Duygulu et. al and the improvement margins are similar as in of Corel-5k

dataset.
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(i) Duygulu et. al (2002) (i) Our Approach

(i) (ii) (i) (ii)
Figure 2.8: Some examples of how correspondence ambiguityr ¢ee reduced us-
ing prepositions and comparative adjectives. Some of the antatons for the im-
ages are: (a) near(birds,sea); below(birds,sun); above(sun, sea); ¢gar(sea,sun);
brighter(sun, sea); below(waves,sunfb) below(coyote, sky); below(bush, sky);
left(bush, coyote); greener(grass, coyote); below(grasys (c) below(building,
sky); below(tree,building); below(tree, skyline); behinligildings,tree) blueish(sky,
35

tree) (d) above(statue,rocks); ontopof(rocks, water); larger(watstatue) (e) be-

low(°owers,horses); ontopof(horses, eld); below(°owerséls)
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IBM Model 1 Duygulu et. al (2002)
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(b) False Labels

Figure 2.9: Labeling performance on set of 100 test images. We wmiat consider
localization errors in this evaluation. Each image has on avage 4 labels in the

Corel dataset.
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Recall Precision
Duygulu et. al Ours Duygulu et. al Ours

Water 0.79 0.90 0.57 0.67
Grass 0.70 1.00 0.84 0.79
Clouds 0.27 0.27 0.76 0.88
Buildings 0.25 0.42 0.68 0.80
Sun 0.57 0.57 0.77 1.00
Sky 0.60 0.93 0.98 1.00
Tree 0.66 0.75 1R 0.75

Precision-Recall

Figure 2.10: Precision-Recall ratios on common words in Co#K dataset.
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(i) Duygulu et. al (2002) (i) Our Approach

Figure 2.11: Some examples of labeling on test dataset. By ayiply priors on
relationships between di®erent nouns, we can improve the laingl performance. For
example, when labels are predicted independently, thererche labeling where region
labeled \water" is above region labeled \clouds" as shown in # rst image. This
is however incongruent with the priors learned from trainig data where \clouds"
are mostly above \water". Bayesian reasoning over such priors @rtikelihoods lead

to better labeling performance.
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Figure 2.12: Performance on dataset with perfect segmentat® The measure used

is the frequency correct measure.
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Chapter 3

Visually Grounded Storyline Model for Video Understanding

In the end all we haveare stories and methods of nding and ugithose stories

Roger C. Shank

Human actions are (typically) de ned by their appearances/mabn character-
istics and the complex and structured causal dependencies thalate them. These
causal dependencies de ne the goals and intentions of the aigerThe storyline of a
video includes the actions that occur in that video and causaelationships [79] be-
tween them. A model that represents the set of storylines that caoccur in a video
corpus and the general causal relationships amongst actionstire video corpus is
referred to as a \storyline model". Storyline models also indate the agents likely
to perform various actions and the visual appearance of actis. A storyline model
can be regarded as a (stochastic) grammar, whose language (Udlial storylines)
represents potential plausible \explanations” of new videosiia domain. Beyond
recognition of individual actions, understanding the causaktationships among them

provides information about the semantic meaning of the actity in video - the entire
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set of actions is greater than the sum of the individual actionsThe causal rela-
tionships are often represented in terms of spatio-temporal letionships between
actions. These relationships provide semantic/spatio-tempdraontext useful for
inference of the storyline and recognition of individual aabns in subsequent, unan-

notated videos.

The representational mechanism of the storyline model is vergnportant; tra-
ditional action recognition has heavily utilized graphicamodels, most commonly
Dynamic Bayesian networks (DBNs). However, the xed structure of sin models
(often encoded by a domain expert) severely limits the storyles that can be rep-
resented by the model. At each time step, only a xed set of actiored agents are
available to model the video, which is not suzcient for situatias in which the num-
bers of agents and actions varies. For example, in sports, seqgces of actions are
governed by the rules of the game and the goals of players/teamThese rules and
goals represent a structure that extends beyond a simple xed strture of recurring
events. The set of possible or probable actions and/or agents amyagiven time
may vary substantially. An important contribution of this work is the introduction
of AND-OR graphs [80, 105] as a representation mechanism for stiomg models.
In addition, unlike approaches where human experts designaghical models, we
learn the structure and parameters of the graph from weakly teeled videos using
linguistic annotations and visual data. Simultaneous learng of storyline models
and appearance models of actions constrains the learning pess and leads to im-

proved visual appearance models. Finally, we show that the stdiye model can be
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used as a contextual model for inference of the storyline andcognition of actions

in new videos.

Our approach to modeling and learning storyline models of dohs from weakly
labeled data is summarized in Figure 3.1. The storyline modetse represented
by AND-OR graphs, where selections are made at OR-nodes to gerieratoryline
variations. For example, in the AND-OR graph shown in the gure, tle “pitching'
OR-node has two children “hit' and "miss' which represent two gsibilities in the
storyline, i.e after pitching either a "hit' or a ‘'miss' can ocau The edges in the
AND-OR graph represent causal relationships and are de ned in tesrof spatio-
temporal constraints. For example, an edge from “catch' to tbw' indicates that
“throw' is causally dependent on “catch'(a ball can be throwanly after it has been
caught). This causal relationship can be de ned in terms of timas teaich <t throw -
The causal relationship has a spatial constraint also - someone iyally throws to

another agent at a di®erent location.

Our goal is to learn the storyline model and the visual groundgs of each
action from the weakly labeled data - videos with captions. Wexploit the fact that
actions have temporal orderings and spatial relationships, drthat many actions
either \causally" in°uence or are \causally" dependent on othe actions. Humans
learn these \causal" relationships between di®erent actions hyilizing sources of
information including language, vision and direct experiere (interaction with the
world). In our approach, we utilize human generated linguigt annotations of videos

to support learning of storyline models.
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After the pitcher pitches the ball,
batter hits it. Batter its the ball and
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Figure 3.1: Visually Grounded Storyline-Model: Given annotated videos we learn the
storyline model and the visual grounding of each action. Theoptimization function for
searching the storyline model has three terms: (1) Simple sticture. (2) Connections
based on simple conditional distributions. (3) Provides exylanations for visual and text
data in the training set. The gure also shows how our AND-OR graph can encode the
variations in storylines (three videos at the top with di®erent storylines (bottom-right)),

not possible with graphical models like DBNSs.
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3.1 Related Work

Existing datasets for learning action appearance models piide samples for a
few classes and in controlled and simpli ed settings. Such datasé&d to generalize
to actions with large intra-class variations and are unsuitde for learning contextual
models due to unnatural settings. On the other hand, using reatic videos would
require signi cant human labeling e®ort, making it infeasiblea create such datasets
for learning contextual models. There has been recent intestein utilizing large
amounts of weakly labeled datasets, such as movies/TV shows in gawrction with
scripts/subtitles. Approaches such as [29, 57] provide assignmeritftames/faces
to actions/names. Such approaches regard assignment and ap@eae learning
as separate process. Therefore, these approaches do not utittee co-occurrence
statistics of visual features and the internal structure of vides for assignment. Nitta
et al. [77] present an approach to annotate sports videos by assting text to images
based on previously speci ed knowledge of the game. In contrast simultaneously
learn a storyline model of the video corpus and match trackedimans in the videos

to action verbs (i.e, solving the segmentation and correspontt problems).

Our approach is motivated by work in image annotation whichytpically model
the joint distribution of images and keywords to learn keywat appearance mod-
els [5]. Similar models have been applied to video retrieyathere annotation words
are actions instead of object names [34]. While such models lexithe co-occurrence

of image features and keywords, they fail to exploit the oveltastructure in the video.
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In previous chapter, we presented an approach to simultaneoydearn models of
both nouns and prepositions from weakly labeled data. Visuallgrounded models
of prepositions are used to learn a contextual model for imprimg labeling per-
formance. However, spatial reasoning is performed indepentgrior each image.
Some spatial reasoning annotations in the images are not inemal and can be
shared across most images in the dataset (For example, for all thmages in the
dataset sun is above water). In addition, the contextual modddased on priors over
possible relationship words restricts the clique size of the Bagran network used for
inference. Also, it requires a fully connected network, whicban lead to intractable
inference. In contrast, our approach learns a computatiorigl tractable storyline

model based on causal relationships that generally hold in thévgn video domain.

There has been signi cant research in using contextual models &xtion recog-
nition [41, 94, 39, 14, 74]. Much of this work has focused on thuse of graphical
models such as Hidden Markov Models (HMMs) [99], Dynamic Bayesi&etworks
(DBNSs) [39] to model contextual relationships among actions. Ardwback of these
approaches is their xed structure, de ned by human experts. Theet of probable
actions and/or agents at any given time may vary greatly, so a &d set of successor
actions is insuxcient. Our AND-OR graph storyline model can modeboth contex-
tual relationships (like graphical models) while simultanealy modeling variation
in structure (like grammars [14]). For example, in sports, sequees of actions are
governed in part by the rules of the game. These rules representtructure that

extends beyond a simple xed structure of recurring events. The tsef possible
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or probable actions and/or agents at any given time may depénon events that
occurred well in the past, so a xed set of possible successor actionsi@itcient.
Our AND-OR graph storyline model can model both contextual rel@onships (like
graphical models) while simultaneously modeling variation istructure (like gram-

mars).

In computer vision, AND-OR graphs have been used to represent coog
tional patterns [105, 24]. Zhu and Mumford [105] used AND-OR gpd to represent
a stochastic grammar of images. Zhu et. al [103] present an appebato learn
AND-OR graphs for representing an object shape directly from wkly supervised
data. Lin et. al [61] also used an AND-OR graph representation for edeling activ-
ity in an outdoor surveillance setting. While their approach asumes hand-labeled
annotations of spatio-temporal relationships and AND-OR struatre is provided,
our approach learns the AND-OR graph structure and its paramets using text
based captions. Furthermore, [61] assumes one-one corresponddretween nodes

and tracks as compared to one-many correspondence used in oopraach.

Our work is similar in spirit to structure learning of Bayesian névorks in
[36], which proposed a structural-EM algorithm for combininghe standard EM-
algorithm for optimizing parameters with search over the Bagsian network struc-
ture. We also employ an iterative approach to search for pararees and structure.
The structure search in [36] was over the space of possible edgesmia xed set
of nodes. However, in our case, both the nodes and edges are umkno This is

because a node can occur more than once in a network, dependipgn the context
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in which it occurs (See gure 3.2). Therefore, the search spacemuch larger than

the one considered in [36].

3.2 Storyline Model

We model the storyline of a collection of videos as an AND-OR grapG =
(Vand; Vor; E). The graph has two types of nodes - OR-node¥,, and AND-nodes
Vana- Each OR-nodev 2 V,, represents an action which is described by its type
and agent. Each action-type has a visual appearance model watiprovides visual
grounding for OR-nodes. Each OR-node is connected to other @®des either di-
rectly or via an AND-node. For example, in Fig 3.1, middle, the @-node \Pitch"
has two OR-children which represents two possibilities after pitch (i.e either the
batter hits the ball (\Hit-Batter") or misses it (\Miss-Batter") . A path from an
OR-nodev; to an OR-nodey; (directly or via an AND-node) represents the causal
dependence of actiorv; upon actionv;. Here, AND-nodes are dummy nodes and
only used when an activity can causally in°uence two or more sintaheous activi-
ties. The causal relationships between two OR-nodes are de neglépatio-temporal
constraints. For example, the causal relationship that "hittig' depends on "pitching'
the ball can be de ned temporally aspiicn <t (hitting occurs after pitching) and
spatially as the pitcher must be some distance® from the batter d(pitch; hit) ¥4 d®
Figure 3.1 shows several examples (top) of videos whose actians represented by

AND-OR graphs. Note that the AND-OR graph can simultaneously capturdoth
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Figure 3.2: An Overview of our approach; our storyline modelQ; £) is initialized
using videos and captions, and we propose an iterative proceduto improve its

parameters £ and the structureG.

long and short duration storylines in a single structure (bottorrright).

3.3 Learning the Storyline Model

Our goal is to learn a visually grounded storyline model from vedly labeled
data. Video annotations include names of actions in the videand some subset of
the temporal and spatial relationships between those actions. h&se relationships
are provided by both spatial and temporal prepositions such adpgfore”, \left" and
\above". Each temporal preposition is further modeled in tems of the relationships

described in Allen's Interval Logic. As part of bottom-up procesing, we assume
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that each video has a set of human-tracks, some of which corresgdaio actions
of interest. The feature vector that describes each track is bad on appearance
histograms of Spatio-Temporal Interest Points (STIPs) [56, q6xtracted from the

videos.

Establishing causal relationships between actions and leargigroundings of
actions involves solving a matching problem. We need to knowhveh human-tracks
in the training videos match to di®erent action-verbs of the stryline to learn their
appearance models and the storyline-model of videos. Howevm@gtching of tracks
to action-verbs and storyline extraction of a particular viseo depends on the struc-
ture of the storyline-model, the appearances of actions andusal relationships
between them. This leads to yet another chicken-and-egg jmem, and we employ
a structural EM-like iterative approach to simultaneously lean the storyline-model
and appearance models of actions from collections of anniaieh videos. Formally, we
want to learn the structure G and parameters of the storyline model £ = (1; A) (-
Conditional Distributions, A-Appearance models), given the set of video¥:V,)

and their associated annotationsl(;::L):

(G:£) = arg rg%\;éop(e%‘]vl::vn; Li:ln)

Y X o
/' argmax P(Vi;LijG®£%M';SHP(G2£9
! i Mi;Si

2 S : Storyline for videoi.

2 M'" : Matchings of tracks to actions for vided.
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We treat both S and M as missing data and formulate an EM-approach.
The prior, P(G;£), is based on simple structure R(G)) and simple conditional
distributions terms (D(G; £)) and the likelihood terms are based on how well the
storyline model generates storylines which can explain bothhe videos and their

linguistic annotations(C(G; £)).

Figure 3.2 summarizes our approach for learning visually groded storyline-
models of training videos. Given an AND-OR graph structure at théeginning
of an iteration, we X the structure and iterate between learmg parameters/visual
grounding of the AND-OR graph and the matching of tracks to actin nodes(Sec. 3.3.1).
In the hard-E step, we estimate storyline and matchings for alr&ining videos using
the current G;£. In the M step, we update £ using the estimated storylines and
matchings for all videos. After convergence or a few iteratisn we generate new
graph proposals by local modi cations to the original graph (&. 3.3.2) and select
the modi cation that best represents the set of storylines for theideos(Sec. 3.3.3).
This new storyline model is then used for re-initializing theterative approach, which
iterates between appearances and matchings. The new storglimodel, which is a
better model of the variations in storylines across the traimg videos, allows better
interpretation. For example, in the gure, the \run- elder" a ction after the \catch”
was labeled as \throw" since the initial storyline-model did ot allow \run" after
\catch". Subsequently, an updated storyline model allows fokrun" after \catch-

ing", and the assignments improve because of the new expandedrglioe.

We begin by explaining our model, and parsing procedure we use dnalyze
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a video using our model, inferring the storyline of the video ahmatching of video
segments to the actions in the storyline. Afterwards, we explaiaur procedure for

learning a model from weakly-labeled video.

3.3.1 Parsing Videos

We now describe how, an AND-OR storyline model is used to analyze; o
parse, videos and obtain their storylines and matchings of huan tracks to storyline
actions. We provide a one-many matching formulation, where &eral human tracks
can be matched to a single action. Matching of tracks to acti@nalso requires
making a selection at each OR-nodes to select one storyline ofitlee set of possible
storylines. While there have been several heuristic inferencigarithms for AND-
OR graphs, we formulate an integer programming approach to tn the storyline
and matchings, and solve a relaxed version of the problem in therin of a linear

program.

Given an AND-OR graphG, a valid instantiation, S(representing a storyline),
of the AND-OR graph is a functionS : i 2 Vaq [ Vor ! T 0;1g that obeys the
following constraints: (1) At each OR-nodev; there is an associated variabl&,
which represents whether the or-node has been selected for atipalar storyline of
not. For example, in g 3.3, "hit' is a part of the storyline, theeforeS; = 1, and miss
is not a part of the storyline soS, = 0. (2) Since OR-children represent alternate
possible storyline extensions, exactly one child can be selectddeach OR-node.
(3) An OR-node, i, can be instantiated (i.eS; = 1) only when all the OR-nodes in
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the unique path from the root to nodei have been instantiated. For example, since
the path from “pitching' to “catching' includes "hitting', "catching' can be part of a

storyline if and only if "hitting' is part of the storyline.

Given T human tracks in a video, a matching of tracks and nodes is a m@ipg
M :i2 Vo) 2f1:;T+1g!f 0;1g. M = 1indicates that the action at the OR-
nodei is matched with trackj. Since some of the actions might not be visible due to
occlusion and camera-view, we add a dummy track which can be agsted with any
action with some penalty. Depending on the constraints imposeash M, di®erent
matchings between actions and tracks can be allowed: many-tnany, many-to-one,
one-to-many, or one-to-one. We consider those mappings thadsaciate one action
to many tracks, which is represented by the constraint @M ™ = 1. Furthermore,
no tracks should be matched to an OR node that is not instantiate 8i 2 V,,,

Finally, to incorporate pairwise constraints (such as tempotaordering and
spatial relationships) between matches of two nodesand k, M; and My, we
introduce variablesX : xj 2 f 0;19; Xju = 1 Iindicates that the action
at node i and track j are matched, and the action at node  k and track
| are matched. Instead of enforcing a computationally ditcult hard constrair
Xj = Mj @My, we marginalize both sides ovelr and represent the constraint as:

P
8K, | Xju = Mj.

In parsing, we search for a \best" valid instantiationS (representing a storyline

52



Parsing cost: Cv(S, ﬂ-"f, X) = S(M) + A(S, ﬂ/f) + T(X)

Pitch-Pitche 4| |Pitch-Pitche

Explanation o
rayEVal . .
- .
Appearance A(S. M Good: correct matching
. ' of actions, tracks
Matching: ( ’ ) Pitch-Pitcher I

Spatio-

Good; actions in
Temporal T (X ) Start § correct order, correct
Constraints:

Pntch-Pntcher spatial relationships

Figure 3.3: Given the upper left video, we show two possible parses and sts for each
parsing cost function component. The left parse is worse site it explains fewer tracks
(Explanation E(M)), matches actions to tracks with di®erent appearance (Apparance
A(S;M)), and violates spatial and temporal constraints (the pitch-pitcher action should
be matched to a track which occurs before the miss-batter trak, and the two tracks should
appear in the usual pitcher-batter con guration) (Spatio -Temporal T (X)). The correct

parse on the right scores well according to all three cost fuction components.
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from the storyline model) and a matchingM of tracks and actions (representing
visual grounding of nodes). The optimization function for setgion is based on
three terms: (1) Select a storyline consisting of nodes for whigpod matching
tracks can be found. (2) Select a storyline which can explairs anany human tracks
as possible. (3) The matching of nodes to tracks should not vitdaspatio-temporal

constraints de ned by the storyline model (See Figure 3.3). Ththree terms that

form the basis of the objective to be minimized, subject to thelave constraints on

S, M and X, are:

Appearance Matching:  The cost of a matching is based on the similarity
of the appearances of instantiated nodes and correspondingdks. This cost can
be written as:

A(S;M) = X. J'J(% M)t i SiAijj (3.1)
[ j

wheret; represents the appearance histogram of tragkand A; represents the
appearance histogram model of the action at node In many to one matching,
multiple tracks combine to match to a single action node. Thefore, the rst
term,(Pj M tj), sums the appearance histograms of human tracks that match to
nodei. This is then compared to the appearance model at nodeby measuring
the L1-norm. Figure 3.3 shows an example of parsing with higleft parse) and
low matching costs(right parse). The left parse has high matchincost since the
track of a batter running is assigned to the pitching node whiclare not similar in

appearance.
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Explanation Reward: Using only appearance matching would cause the
optimization algorithm to prefer small storylines, since they equire less matching.
To remove this bias, we introduce a rewardg, for explaining as many of the STIPs

as possible. We comput& as:

X X o
EM)=1i  min(  Mj;1)jtj (3.2)
j i
This term computes the number of tracks/STIPs that have beenssigned to a node

in the AND-OR graph and therefore explained by the storyline moel.

Spatio-Temporal Constraints: We also penalize matchings which violate
spatio-temporal constraints imposed by causal relationships. Hj, encodes the
violation cost of having an incompatible pair of matches (nagli to track j and node
k to track I), the term for spatio-temporal violation cost is representedsa T (X ) =
P ikl Piki Xijk . This term prefers matchings that do not violate the spatio¢mporal
constraints imposed by the learned AND-OR graph. For example, éhleft parse in
Figure 3.3 matches the “pitching' and "miss' actions to incagct tracks, resulting in
“pitching’ starting after "batting' in the video, which is physically impossible. The
tracks are also not in the typical pitcher-batter spatial con giration. Therefore, this

matching has a high cost as compared to the matching shown in tight parse.

The above objective and the constraints result in an Integer Bgram which
is a NP-Hard problem. We approximate the solution by relaxing ta variablessS,

M and X to lie in [0;1]. The result is a linear program, which can be solved very
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quickly. For the learning procedure, we have the annotatedst of actions that occur
in the video. We utilize these annotations to obtain a valid istantiation/storyline
S and then optimize the function overM; X only. For inference, given a new video

with no annotations, we simultaneously optimize the objectivever S; M; X .

3.3.2 Generating new Storyline Model Proposals

After every few inner iterations of the algorithm, we search foa better story-
line model to explain the matchings and causal-relationshigsetween actions. To do
this, we generate new graph proposals based on local modi cataio the AND-OR

graph structure from the previous iteration.

The local modi cations are: (1) Deletion of an edge and adding new edge
(2) Adding a new edge (3) Adding a new node. The selection of eddeslelete and
add is random and based on the importance sampling procedurehave deletion of
important edges are avoided and addition of an important edgis preferred. The
importance is de ned on the basis of the likelihood that the hehand tail of the

edge are related by a causal relationship.

3.3.3 Selecting the New Storyline Model

Each iteration selects the AND-OR graph from the set of modi catins which

best represents the storylines of the training videos. The crii@ for selection is
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based on four di®erent terms:

Track Matching Likelihood: The rst criteria measures how well a proposal
explains the matchings obtained in the previous parsing stefi.he matching of tracks
to actions from the previous step is used to obtain a likelihooaf an AND-OR graph
generating such a matching. The likelihood of thg™" graph proposal,GP generating
the pairwise matchingsx " ! (at iteration rj 1) is given byzlexp(iT cp (X" 1). This
likelihood is based on the third term from the parsing cost, but &re the penalty

terms are computed with respect to the individual graph propsals.

Annotation Likelihood: The AND-OR graph representing the storyline
model should not only explain the matching of tracks to actios, but also the lin-
guistic annotations associated with each video. The underlygndea is that the same
storyline model is used to generate the visual data and linguisteannotations. The
cost function measures how likely an instantiation of the AND-OR m@ph storyline
model accounts for the video's actions annotations and howelthe constraints spec-
i ed by linguistic prepositions in annotations are satis ed by theAND-OR graph
constraints. For example, if the annotation for a training vigto includes pitching
before hitting’, a good AND-OR graph would not only generate a styline includ-
ing “pitching' and "hitting' but also have the conditional dstribution for the edge

pitching ! hitting, such that P(th: i tpien > OjH) is high.

Structure Complexity If we only consider likelihoods based on linguistic

and visual data, more complex graphs which represent large nbers of possibilities
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will always be preferred over simple graphs. Therefore, an irogant criteria for
selection of an AND-OR graph is that it should be simple. This prodes a prior
over the space of possible structures. We use a simplicity prior sianilto [37], which

prefers linear chains over non-linear structures.

Distribution Complexity The complexity of an AND-OR graph depends
not only on its graph structure, but also the conditional distrbutions of children
actions given parent actions. For an action (OR-node) in an AND-OR graph, we
form a distribution over all possible successors, or sets of actioat could appear
immediately after actioni in a storyline. The individual spatio-temporal conditional
distributions betweeni and its successors are combined into a single distribution over
successors, and we compute the entropy of this combined distribart. The entropies
of the successor distributions for all OR-nodes in the graph are@exaged, providing
a measure of the complexity of the conditional distributionsantained in the AND-
OR graph. Our cost prefers higher entropy distributions; empically, we have found
that this results in better ranking of structures. We can also dra& intuition from
work on maximum entropy Markov models [65], where higher empy distributions

are preferred in learning conditional distributions to preent over tting.

3.3.4 Initializing the Search

For initialization, we need some plausible AND-OR causal graph teepresent

the storyline model and appearance models of actions. Establistp a causal se-
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Figure 3.4: Quantitative evaluation of training performance and how the storyline model
changes with iterations. Within each colored block, the stayline model remains xed
and the algorithm iterates between parsing and parameter gimation. At the end of each
colored block, the structure of the AND-OR graph is modi ed and a new structure is

learned. The structural changes for the three iterations ae shown.

guence of actions from passive visual data is a dixcult problem. e one can
establish a statistical association between two variables and Y, inferring causal-
ity - whether X ! Y orY ! X-isditcult. For initialization, we use the linguistic
annotations of the videos. Based on psychological studies of sallearning, we use
‘time' as a cue to generate the initial storyline model [55].f n action A immedi-
ately precedes actiorB, then A is more likely to be the cause and is more likely

to be the e®ect.

We initialize the AND-OR graph with the minimum number of nodesrequired

to represent all the actions in the annotations of the trainig videos. Some actions
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(a) Assignment
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due to better
“storyline”

Iteration 1
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Process - Run-Fielder

Figure 3.5: (a) Improvement in assignments with iterations: In the rst i teration, the
true storyline for the video pitching ! hit ! catching, is not a valid instantiation of the
AND-OR graph. The closest plausible storyline involves actvities like run which have to
be hallucinated in order to obtain assignments. However, ashe storyline model improves
in iteration 2, the true storyline now becomes a valid storyine and is used for obtaining
the assignments. (b) Another example of the assignments olined in training. The
assignments are shown by color-coding, each track is assotdd to the node which has

similar color in the instantiated AND-OR graph.

60



might have more than one node due to their multiple occurrees in the same video
and due to di®erent contexts under which the action occur. Faxample, "catch-
“elder' can occur in a video under two di®erent contexts. The aicn ‘catching' in
the out eld and 'catching' at a base are di®erent and require di®mt nodes in the
AND-OR graph. Using Allen's interval temporal logic, we obtain tle weight of all
possible edges in the graph, which are then selected in a greedgnmer such that
there is no cycle in the graph. Dummy AND-nodes are then insertda predicting

the likelihood of two activities occurring simultaneously ina video.

For initialization of appearance models, we use the approachgposed in the
previous chapter. Using the spatio-temporal reasoning based olnet prepositions
and the co-occurrence of visual features, we obtain a one-onatahming of tracks to

actions which is used to learn the initial appearance models.

3.4 Experimental Evaluation

For our dataset, we manually chose video clips of a wide varietf individual
plays from a set of baseball DVDs for the 2007 World Series and passed them
as follows: We rst detect humans using the human detector[25]. Afied to each
frame with a low detection threshold, the output of the deteatr is a set of de-
tection windows which potentially contain humans. To creatdracks, we perform
agglomerative clustering of these detection windows over tencomparing windows

in nearby frames according to the distance between their ceatds, and similarity of
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color histograms as measured by the Chi-square distance. The ésg tracks can
be improved by extending each track forwards and backwardse time using color
histogram matching. STIPs that fall within the detection window of a track in a

frame contribute to the track's appearance histogram.

Training: We trained the storyline model on 39 videos (individual basebia
plays), consisting of approximately 8000 frames. The trainingideos contained
both very short and very long plays. We evaluate the performaecof our training
algorithm in terms of number of actions correctly matched tdracks. Figure 3.4
shows how this accuracy changed over the training process. Theurg is divided
into three colored blocks. Within each colored block, the staiure of the storyline
model remains the same and the approach iterates between pagsand parameter
update. At the end of each colored block, we update our storgke model and select a
new storyline model which is then used to parse videos and estiraggarameters. We
can see that the accuracy rises signi cantly over the course of ining, well above
the initial baselines, validating our iterative approach to taining. The percentage
improvement over the \Beyond Nouns" approach explained in pk@ous chapter is

as much as 10%.

Figure 3.5 a) shows an example of how a parse for a video improweith
iterations. Figure 3.5 b) shows an additional example of a videwith its inferred
storyline and matchings of actions to tracks; we can see that dut the run- elder

action are correctly matched.
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Pitcher pc es the ball and then Batter hits. Fielder

hrov] simultaneously Batter runs to base and Fielder runs towards the ball. catches the ball after Batter hits.

Fielder catches the ball after Fielder runs towards the ball. Fielder

Pitcher pitches the ball before Batter hits. Batter hits and then simultaneously Batter runs
to base and Fielder runs towards the ball. Fielder runs towards the ball and then Fielder
catches the ball. Fielder throws to the base after Fielder catches the ball. Fielder throws to
the base and then Fielder at Base catches the ball at base .

Pitcher pitches the ball and then
Batter does not swing.

Figure 3.7: Storyline Extraction for New Videos: We show the instantiation of AND-OR
graph obtained for each training video and the story generagd in text by our algorithm.

The assignments of tracks to action nodes are shown by coloroding.
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Storyline Extraction for New Videos: Our test set includes 42 videos from
the same baseball corpus. Again, they ranged from very short and gla to longer
and more complicated. We rst evaluated the performance in taers of storyline
extraction. Fig.3.7 shows some qualitative examples of the sytine extraction in
terms of the instantiation of AND-OR graphs, assignment of tracksa actions and
the text that is generated from the storyline model. We use retfaand precision
values of action labeling to measure the performance of stang extraction. We
compare the performance of our approach to the baseline mettsoof Gupta et.al [42]
and IBM Model 1[19]. Figure 3.6 shows two bar plots, one for rdtéleft) and the
other for precision (right). For the baseline methods, we show ¢haverage precision
and recall values and compare against our method's perforn@n(block of blue, red
and green bars). Our method nearly doubles the precision of tihaseline methods
(.8 vs. .4), and has a much higher recall (.85 vs. 0.5 for [42] a@dl for [19]).
It performs well over most of the actions, with the exception ofthe action Swing-
Miss (low recall). We also evaluated the number of correct mdimgs obtained for
the actions in the predicted storylines. Quantitatively, we btained 70% correct

assignments of tracks to actions.

We attribute the success of our approach to three reasons: (1) An portant
reason for improvement in training compared to the previoushapter is that we did
not feedback the contextual models learned at the end of thiesingle iterative loop
of training to relearning models of object appearances. (2)ubing inference, the

coupling of actions via the AND-OR graph model provides a morersictured model
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than simple context from co-occurrence statistics and binaryefationship words
can provide. (3) The one-many (action to track matching) frenework used here is
more powerful than the one-one framework in the previous cpier and handles the

problem of fragmented segmentation.
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Chapter 4

Function Recognition - Linking Nouns and Verbs

In chapters 2 and 3, we presented contextual models which araded on
noun-noun spatial relationships and verb-verb causal relatiships (characterized by
spatio-temporal distributions). In this chapter, we investigée how noun-verb rela-
tionships can be used in contextual models for constraining tliecognition problem.
Speci cally, we present a Bayesian approach for interpretatioof human-object in-
teractions, that integrates information from perceptual ta&ks such as scene analysis,
human motion/pose estimation?!, manipulable object detection and \object reac-
tion" determination 2. While each of these tasks can be conducted independently,
recognition rates improve when we integrate information ém di®erent perceptual

analysis and also consider spatial and functional constraints.

Integrating information from di®erent perceptual analysesmables us to form

a coherent semantic interpretation of human object interagdns. Such an interpre-

1Recognition of action in static images is based on \implied" motion. \Implied" motion refers
to the dynamic information implicit in the static image [52]. The inference of action from static
images depends on implied motion, which itself depends on the phase of the action [525]. This

indicates that human pose provides important cues for action recognition in satic images
20Object reaction is the e®ect of manipulation of an object by human actor
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tation not only supports recognizing the interactions, but ao the objects involved

in those interactions and the e®ect of those interactions on tb® objects.

Interactions between di®erent perceptual analyses allows tasrecognize ac-
tions and objects when appearances are not discriminative argh. Consider two
objects, such as the spray bottle and a drinking bottle shown in Gure 4.1. These
objects are similar in appearance and shape, but have di®eramdtionality. Due to
their functional dissimilarity, people's interaction with these objects provides con-
text for their recognition. Similarly, two similar human movements/poses can serve
di®erent purposes depending on the context in which they occufor example, the
poses of the humans shown in Figure 4.2 are similar, but due to tldg®erence in

context, the rst action is inferred to be running and the secondction to be kicking.

Another important element in the interpretation of human obgct interactions
is the e®ect of manipulation on objects. When interaction moreents are too sub-
tle to observe using computer vision, the e®ects of these movensenan provide
information on functional properties of the object. For exmple, when lighting a
°ashlight, recognizing the pressing of a button might be very ditalt. However, the

resulting illumination change can be used to infer the manipation.

We present two computational models for interpretation of hmnan object in-
teractions in videos and static images, respectively. Our appeich combines action
recognition and object recognition in an integrated frameork, and allows us to

apply spatial and functional constraints for recognition. Tk signi cance of our
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Similar Trajectory
Shapes

Similar Appearance

v

Spraying Drinking Phone
Contextual cues from human interactions aids in Contextual cues from object aids in
object recognition action recognition

Figure 4.1: Importance of interaction context in recognition of object and vice-versa.
While the objects might be dixcult to recognize using shape fatures alone, when interac-
tion context is applied the object is easy to recognize. Sinharly, two actions might have
similar dynamics and trajectories. It is ditcult to di®erenti ate between two actions based
on shape of trajectories. However, when cues from object anesed in conjunction with

cues from human dynamics it is easy to di®erentiate between twactions.

approach is threefold: (a)Human actions and object reactisnare used to locate
and recognize objects which might be ditcult to locate or regmize otherwise. (b)
Object context and object reactions are used to recognize auts which might oth-
erwise be too similar to distinguish or too di+cult to observe. In som cases, such
as in recognition of actions from static images, there is no dgmic information;
however contextual information can be used in such cases foragoition. (c) We

provide an approach for recognition of actions from \static'images. The extraction
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@

(a)Running (b)Kicking

Figure 4.2: Action recognition from static images requires atextual information.

Same poses can have di®erent meanings based on the context.

of \dynamic information" from static images has been well stugd in the elds of
psychology and neuroscience, but has not been investigated lnetcomputer vision

community.

4.1 Related Work

4.1.1 Psychological Studies

Milner and Goodale [66] proposed psychological theories ofrhan informa-
tion processing where action execution and object percepti@re considered two
separate processes with their own pathways in the human brain. Wever, with the
discovery of mirror neurons in monkeys, there has been a renevieterest in study-
ing the relationships between object recognition, action wterstanding and action
execution [75, 38, 40]. With the same neurons involved in exgion and perception,
a link between object recognition and action understandingas been established [75]

in humans. Gallese et. al [38] showed that movement analysis inrhans depends
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on the presence of objects. The cortical responses for goal deecactions are dif-
ferent from the responses evoked when the same action is exeduiat without the
presence of the object. In another study, Frey et. al [48] show#tht human inferior
frontal cortex responds to static pictures of human object irgractions. The response
was only observed in the presence of congruent poses and objesigjgesting that
human poses are evaluated in the context of objects. On the othigand, the impor-
tance of action in perceiving and recognizing objects (espedty manipulable objects

like tools) has been shown [23].

Recent studies in experimental psychology have also con rmedethole of
object recognition in action understanding and vice-versa. Hag et. al [46] show the
role of action priming in object recognition and how recogtion rates improve with
action-priming. Recognition rates of target objects wereigher when the priming
object was used in a similar action as the target object. In anbér study, Bub et.
al [20] investigated the role of object priming in static gestw recognition. While
passive viewing of an object did not lead to priming e®ects, pring was observed
when humans were rst asked to recognize the object and then rggize the image
of a related hand gesture. In a recent study, Bach et. al [4] shadvhat when actions
involving objects are perceived, spatial and functional rations provide context in
which these actions are judged. These studies suggest that humaesceive implied

motion from static poses under object and scene context.

While most of this work suggests interactions between object draction per-

ception in humans, they have not examined the nature of the iataction between
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action and object recognition. Vaina et. al [96] address thithrough the study of
pantomimes. They ranked the properties of objects that can bestimated robustly
by perception of pantomimes of human-object interaction. fiey discovered that the
weight of an object is most robustly estimated, while size and shemre harder to

estimate.

Our computational model for recognition from static image isnotivated from
psychological studies of extraction of dynamic informationrém static images. The
human visual system is highly tuned to perceive motion and prode dynamic in-
formation. Psychophysical studies have shown that humans not lgntend to infer
motion from static images, but they also store pose representat®ras if the ob-
ject/agent was indeed moving [35]. Neuro-psychological stwdi of monkeys have
shown that cortical cell responses to static posture were relatdd the implied
action rather than the static posture per se [49]. The responses tbie cells are
di®erent for implied human motions as compared to observatiasf non-biological
entities (e.g., °owing water) with implied motion. In the caseof implied human
motion, TMS studies have shown the speci ¢ motor activation of nscles involved

in the execution of the very same action [95].

4.1.2 Computational Approaches

There has been a very large body of work carried out in both, @t recog-

nition and action recognition. Most approaches, however, adess one or both of
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these problems, independent of the other.

Computational approaches for object recognition typicall use local static fea-
tures, based on shape and textural appearance [25, 70]. Berg at.[11] proposed
the 'geometric blur' feature that is robust under atne distortions. Bosch et. al [16]
proposed the Pyramidal Histogram of Oriented Gradients (PHOG)dature and the
Pyramidal Histogram of Visual Words (PHOW) feature to represent loal image
shape and its spatial layout. Wu et.al [100] proposed a set of sillette oriented
features, called edgelet features, which were learned in a bbiog framework to
detect humans. Such approaches work well for detecting anilated/rigid objects,
but encounter ditculties in recognizing manipulable objed due to the lack of dis-
criminative power in these features. Todorovic et. al [92] mad object categories
as characteristic con gurations of parts that are themselvesrapler subcategories,
allowing them to cope better with non-rigid objects. Howeverlike all appearance
based approaches, they still cannot deal with the many real-wdrobjects that are
similar in appearance but dissimilar in functionality. Functonal properties of ob-
jects have also been used for object recognition. Functionapabilities of objects
are derived from shape [85, 89], physics and motion [27]. Thegmpwaches are
limited by the lack of generic models that can map static shapetfunction. There
has been recent interest in using contextual information fortgect recognition. The
performance of local recognition based approaches can be ioyed by modeling
object-object [71, 42] and object-scene relationships [9®].7 Torralba et. al used

low level image cues [93] for providing context based on depdind viewpoint cues.
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Hoiem et. al [47] presented a uni ed approach for simultaneous &sation of ob-
ject locations and scene geometry. Rabinovich et. al [83] pased incorporating
semantic object context as a post-processing step to any objectagory recognition

system using a conditional random eld (CRF) framework.

There are a wide range of approaches to human action recogmit [86, 67].
Analysing human dynamics from image sequences of actions is anowon theme
to many of these approaches [15, 102, 84, 91]. While human dgmes provides
important clues for action recognition, they are not suzcientfor recognition of ac-
tivities which involve action on objects. Many human actionsnvolve similar move-
ments/dynamics, but due to their context sensitive nature have i®erent meanings.
Vaina et. al [96] suggested that action comprehension requiraaderstanding the
goal of an action. The properties necessary for achieving theaj were called Ac-
tion Requirements and are related to the compatibility of anobject with human

movements such as grasps.

Compared to the large body of work carried out in human actiomecognition
from video sequences, there has been little work on recognitiom single images.
Wang et. al [98] presented an approach for discovery of actiofasses from static
images using the shape of humans described by shape context hisogs. Jia-
Li et. al [60] tackled a di®erent, but related, problem of evérrecognition from
static images. They presented an approach to combine scene categation and
object recognition for performing event classi cation such asadminton and tennis.

The problem of action recognition from static images is oneuel lower in the action
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hierarchy and corresponds to \verb" recognition in the hierechy suggested by Nagel

et. al [73].

Attempts have been made before to model the contextual reflanship between
object and action recognition. Wilson et. al [99] introducegarametric Hidden
Markov Model (PHMM) for human action recognition. They indirectly model the
e®ect of object properties on human actions. Davis et. al [2G6gented an approach
to estimate the weight of a bag carried by a person using cues frdire dynamics
of a walking person. Moore et. al [68] conduct action recogih based on scene
context derived from other objects in the scene. The scene cert is also used to
facilitate object recognition of new objects introduced irthe scene. Kuniyoshi et.
al [54] describe a neural network for recognition of \true" a&wns. The requirements
for a \true" action included spatial and temporal relationshps between object and
movement patterns. Peursum et. al [81] studied the problem of @@zt recognition
based on interactions. Regions in an image were classi ed as begiog to a partic-
ular object based on the relative position of the region to theuman skeleton and
the class of action being performed. All of the above work modebnly one of the
possible interactions between two perceptual elements. Eithéhey try to model
the dependence of object recognition on human actions or giwersa. This assumes
that one of the problems can be solved independent of the othemd the information

from one can be used to aid in recognition of the other.
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4.2 Video Interpretation Framework

We rst describe a computational model for interpretation of hman-object
interaction videos. We identify three classes of human moventsnnvolved in in-
teractions with manipulable objects. These movements are (deaching for an
object of interest. (b) Grasping the object and (c) Manipulatng the object. These
movements are ordered in time. The reach movement is follagvby grasping which
precedes manipulation. In our model, we ignore the graspingotion since the hand
movements are too subtle to be perceived at the resolution ofpigal video cameras

when the whole body and context are imaged.

4.2.1 Overview

We present a graphical model for modeling human object intetdons. The
nodes in the model correspond to the perceptual analyses capgending to the recog-
nition of objects, reach motions, manipulation motions, objeaeactions. The edges
in the graphical model represent the interactions/dependeies between di®erent

nodes.

Reach movements enable object localization since there is ighhprobability
of an object being present at the endpoint of a reach motion. 8ilarly, object
recognition disables false positives in reach motion deteatiosince there should be

an object present at the endpoint of a reach motion (See Figuse3). Reach motions

75



also help to identify the possible segments of video corresponglito manipulation of
the object, since manipulation motion is preceded by reach mon. Manipulation
movements provide contextual information about the type obbject being acted
on and object class provides contextual information on poss#linteractions with
them, depending on a®ordances and function. Therefore, anpestimation of the
two perceptual elements provides better estimates as compdrto the case when

the two are estimated independently(See Figure 4.4).

The object reaction to a human action, such as pouring liquiddm a carafe into
a cup or pressing a button that activates a device, provides cxtual information
about the object class and the manipulation motion. Our appr@ch combines all
these types of evidence into a single video interpretation freework. In the next
section, we present a probabilistic model for describing the etionship between

di®erent elements in human object interactions.

4.2.2 Our Bayesian Model

Our goal is to simultaneously estimate object type, location, ovement seg-
ments corresponding to reach movements, manipulation moventg, type of manip-
ulation movement and their e®ects on objects by taking advaage of the contextual
information provided by each element to the others. We do thigsing the graphical

model shown in Figure 4.5.

In the graphical model, objects are denoted by, reach motions byM .,
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(a) Original detector (b) Likelihood P (Ojeo)

(c) ReachP (M jer) (d) P(O;M (jeo;er)

Figure 4.3: Importance of contextual information involved in reach motions and object
perception. (a) Object Detectors tend to miss some objects @ampletely (b) Lowering the
detection threshold can lead to false positives in detectin. The likelihood of a pixel being
the center of the cup is shown by intensity of red. (c) Reach Mtion Segmentation also
su®ers from false positives. The trajectories are shown in gen and blue with possible
end points of reach motion shown in red. (d) Joint probability distribution reduces the

false positives in reach motion and false negatives in objedetection.

manipulation motions by M , and object reactions byO,. The video evidence is
represented bye = feg;er;enm;eo g Whereeg represents object evidences, and
enm represent reach and manipulation motion evidence ane,, represents object
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(a) Likelihood P (Ojeop) (b) Interaction Motion

(c) Segmented Motion (d) Belief: Bel (O)

Figure 4.4: Importance of contextual information from interaction mot ion in object class
resolution. In this experiment, object detectors for cups ad spray were used. (a) The
likelihood value of a pixel being the center of cup and spray bttle is shown by intensity of
red and green respectively. (b) Hand trajectory for interadion motion (includes reach and
manipulation). (c) The segmentation obtained. The green track shows the reach while
the red track shows the manipulation.(d) Likelihood values after belief propagation. By
using context from interaction with the object, it was infer red that since the object was

subjected to a wave like motion, it is more likely a spray bottle.
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Figure 4.5: Underlying Graphical Model for Human Object Inteaction. The ob-

served and hidden nodes are shown in gray and white respectively

reaction evidence. Using Bayes rule and conditional indepestite relations, the

joint probability distribution can be decomposed a%

P(O;M ;M mn;0Orje) / P(Ojeo)P (MjO)P (M jer):::

P (MmjM;O)P (M mjem)P (OrjO;M m )P (Orjeqr )

We use loopy belief propagation algorithm for inference ovehe graphical
model. In next few subsections we discuss how to compute each oégé terms.
Section 4.2.3 discusses how to compute the object likelihooBgOjeoy). In sec-
tion 4.2.4.1 we explain the computation of reach motion likinood, P (M ;je,), and
the contextual term P (M ,jO). This is followed by a discussion on computation of

manipulation motion likelihood, P (M , jen ),and the term P (M ,jM ,; O) in sec-

3All the variables are assumed to be uniformly distributed and henceP (0), P (M), P (M 1),

P(O;),P(eo),P(er), P(em) and P (eqr ) are constant
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tion 4.2.4.2. In section 4.2.5, we discuss the object reactiakdlihood P (O, je, )

and the prior term, P (O,jO; M ).

4.2.3 Object Perception

The object node in the graphical model represents the randonanable O.
We want to estimate the likelihood of the type of object and thdocation of the
object. While our approach is independent of the likelihoodnodel, we employ a
variant of the histogram of oriented gradient(HOG) approachrbm [25, 104}*. Our
implementation uses a cascade of adaboost classi ers in which theak classi ers
are Fischer Linear Discriminants. This is a window based deteatowindows are
rejected at each cascade level and a window which passes allllei®classi ed as a

possible object location.

Based on the sum of votes from the weak classi ers, for each cascadellé, we
compute the probability P;(w) of a window,w, containing the object. If a window
were evaluated at all cascade levels, the probability of it ctaining an object would
be QiL:1 P;(w). However, for computational exciency many windows are rejeet
at each stage of the cascade The probability of such a window containing an

object is computed based on the assumption that such windows wdylst exceed

4We use linear gradient voting with 9 orientation bins in 0-180; 12x12 pixelblocks of four 6x6

pixel cells.
SOur experiments indicate that in many cases locations rejected by a classi er in the cscade

are true object locations and selected by our framework
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the detection threshold of the remaining stages of the cascadéherefore, we also
compute a threshold probability t;) for each cascade level This is the probability

of that window containing an object whose adaboost score was diet rejection
threshold. If a detector consists of. levels, but only the rst |,, levels classify a

window w as containing an object, then the overall likelihood is appximated by:

Yo N2
P(O = fobj;w gjeo) ¥  Pi(w) (Pt;) (4.1)
i=1 j=lw+l

4.2.4 Motion Analysis

We need to estimate the likelihoods of reach motion and manifation motion.
Our likelihood model is based on hand trajectories and the@k requires estimation
of endpoints(hands in case of upperbody pose estimation) in eathme. While
one can use independent models for tracking the two hands, thisuld lead to
identity exchange and lost tracks during occlusions. Instead wgose the problem
as upperbody pose estimation. We implemented a variant of [3@r estimating
the 2D pose of the upper body. In our implementation, we use an gal [44] and
silhouette based likelihood representation for body parts. Welsp use detection
results of hands based on shape and appearance features and aptaal tracking
framework where smoothness constraints are employed to pro¥idriors. Figure 4.6

shows the results of the algorithm on few poses.
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Figure 4.6: Results of Upper Body Pose Estimation Algorithm.

4.2.4.1 Reach Motion

The reach motion is described by three parameters: the start tient?), the end
time (t}) and the 2D image location being reached fot,(). We want to estimate the
likelihood of reach motion M, = (t{;tg;1,)) given the hand trajectories. An ap-
proach for detecting reach motion was presented in [82]. It ssed on psychological
studies which indicate that the hand movements correspondintg ballistic motion
such as reach/strike have distinct 'bell' shaped velocity pro Ie [64, 87](See Fig-
ure 4.7). There is an initial impulse accelerating the handéfot towards the target,
followed by a decelerating impulse to stop the movement. Thers no mid-course
correction. Using features such as time to accelerate, peakoaty and magnitude of

acceleration and deceleration, the likelihoods of reach wements can be computed

from hand trajectories.

However, there are many false positives because of errors in memguhand
trajectories. These false positives are removed using contextuiaformation from
object location. In the case of point mass objects, the distancestiveen object

location and the location being reached for should be zero. rFa rigid body, the
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Figure 4.7: Plot on the left shows velocity pro les of some mass-&py motions and
the gure on the right shows some ballistic hand movements. The ity remains
low and constant during mass-spring movements. It reduces to zesoly at the end
of the movement. On the other hand, hand movements correspand to ballistic

motion such as reach/strike have distinct 'bell' shapes.

83



distance from the center of the object depends on the grasp Itica. We represent
P (M (jO) using a normal function,N (jl,l,j;*; % ), where! and %are the average
distance and variance of the distances in a training databasetibeen grasp locations

and object centers.

4.2.4.2 Manipulation Motion

Manipulation motions also involve three parameters: start tina (t7'), end time
(tT") and the type of manipulation motion/action (T, ) (such as answering a phone,
drinking etc). We need to computeP (M ,jen ), the likelihood of a manipulation
given the evidence from hand trajectories. While one can useyagesture recognition
approaches based on hand trajectories to estimate the likatibd, we use a simple

discrete HMM based approach to estimate it.

We need to rst compute a discrete representation of the manipuian motion.
Towards this end, we obtain a temporal segmentation of the tyactory based on a
limb propulsion model. An approach for such a segmentation wasgsented in [82].
There are two models for limb propulsion in human movements: bistic and mass-
spring models [87]. Ballistic movements, discussed previouslyvalve impulsive
propulsion of the limbs (acceleration towards the target fdwed by deceleration
to stop the movement). In the mass-spring model, the limb is modsd as a mass

connected to a springs. Therefore, the force is applied over arpd of time.

To obtain the temporal segmentation of a velocity pro Ie, it isobserved that
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the endpoints of each ballistic segment corresponding to a ldcainima in the veloc-
ity pro le. However, due to noise all local minimas are not the edpoints of atomic
segments. Therefore, the segmentation problem is treated asathof classifying the
points of local minima as being segmentation boundaries ormarhe classi cation
is based on features such as accelerating impulse and its duvati Given con -
dence values for each time instant to be a starting, ending or gigible movement,
we compute the most likely segmentation of the velocity pro le sing Maximum

Likelihood(See Figure 4.8).

Figure 4.8: Segmentation Procedure: The rst graph shows thedal minima of
velocity prole. These local minima are classi ed into possible epoints of each
segment. This is followed by a maximum likelihood approach tobtain the segmen-

tation of the velocity pro le.
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Each segment is then replaced by a discrete alphabet de ned asethross-
product of type of propulsion(ballistic/mass-spring) and the had locations at the
end of the motion segments, represented with respect to the fac®y using al-
phabets for atomic segments we transform a continuous obseriat into a discrete
symbol sequence. This is used as input to obtain the likelihoods$ di®erent types

of manipulation motion from their corresponding HMM's.

In addition to computing the likelihood, we need to computetie termP (M ,,jM ; O).
Manipulation motion is de ned as a 3-tuple M , = (t7;t2;Tn). The starting
and ending times,t? andt_', depend onM ; but are independent ofO. Similarly,
the type of manipulation motion, T,,, depends onO but is independent ofM | °.

Hence, we decompose the prior term as:

P(MnjM;0) = P(t;n;treanr)P(ijo) 4.2)

Assuming grasping takes negligible time, the time di®erence beswn the end-
ing time of a reach motion and the starting time of a manipulatbn motion should be
zero. We modelP (t7';t7 jM ;) as a normal distribution N (t" j t7;0; %) where
¥4 is the observed variance in the training datasetP (T,, = mtype jO = obj)

is computed based on the number of occurrences of manipulatimtype on object

obj in our training dataset.

6Type of manipulation also depends upon the direction of reach motion. This factois, however,

ignored in this paper
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4.2.5 Object Reactions

Object reaction is de ned as the e®ect of manipulation on the @zt. In many
cases, manipulation movements might be too subtle to observe ugicomputer vision
approaches. For example, in the case of a °ashlight, the maniptian involved is
pressing a button. While the manipulation motion is hard to detct, the e®ect
of such manipulation (the lighting of the °ashlight) is easy to deect. Similarly,
the observation of object reaction can provide context on ob¢t properties. For
example, the observation of the e®ect of pouring can help magithe decision of

whether a cup was empty or not.

The parameters involved in object reaction are the time of extion (treact )
and the type of reaction T, ). However, measuring object reaction type is ditcult.
Mann et. al [62] presented an approach for understanding obsatins of interacting
objects using Newtonian mechanics. This approach can only be dge explain rigid
body motions. Apart from rigid body interactions, the interacions which lead to
changes in appearances using other forces such as electricalaso of interest to

us.

We use the di®erences of appearance histograms (8 bins each irBRpace)
around the hand location as a simple representation for reacti type classi cation.
Such a representation is useful in recognizing reactions in ieh the appearance of
the object at the time of reaction,t,.,t , Would be di®erent than appearance at the

start or the end of the interaction. Therefore, the two appeance histograms are
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Figure 4.9: Using appearance histograms around hand to estim&®g O, jey ). In
the case above, illumination change due to °ashlight causes thleamge in intensity

histogram.

subtracted and compared with the di®erence histograms in theaining database to

infer the likelihood of the type of reaction{y, ).

In addition, we need to compute the priors (O,jM ,; O). Object reaction
is de ned by a 2-tuple, O, = ( Ty ;treact ). Using the independence of the two

variables:
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P(OriM n;0)= P(Tor [Mm; O)P (treact M m;0) (4.3)

The rst term can be computed by counting the occurrences of, when
the manipulation motion is of type mtype and the object is of typeobj. For
modeling the second term, we observed that the reaction timetra, r, = %
is generally constant for a combination of object and manipation. Hence, we model

the prior by a normal function N (r,;* ;% ) over the reaction-time ratio, where

1 and ¥ are the mean and variance of reaction-time ratios in the traing dataset.

4.3 Recognizing Interactions from Static Images

While action recognition requires motion information, in he case of static
images, contextual information can be used in conjunction withuman pose to infer
action. Figures 4.10 (a) and (b) show examples of reasoning ahved in inference
of actions from a static image. In both cases, pose alone does naiide suzxcient
information for identifying the action. However, when considred in the context of
the scene and the objects being manipulated, the pose becomfimative of the

goals and the action.

Relevant objects in the scene generally bear both a semanitiand spatial

"By semantic relationships we refer to those relationships that are captured by c@ccurrence

statistics
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(a)Tennis Forehand (b)Baseball Pitching

Figure 4.10: Examples depicting the reasoning process in actinference from static
images. The labels in red are the result of a scene categorizatiprocess, cyan
labels and blue labels represent scene and manipulable obgeatespectively, and
the magenta label is the result of a pose estimation algorithm.oF understanding
actions from static images, information is combined from all@nponents. While the
pose is similar in both scenes, the presence of the racket and tenball, along with
the tennis court environment suggests that the rst picture is atennis-forehand'
while the second is baseball pitching due to the presence of thiching area and

the baseball eld.

relationship with humans and their poses. For example, in a defeive stance of
a cricket batsman, the bat is facing down and is generally beloor level with the
person's centroid. Similarly, the location of the cricket bk is also constrained
by the person's location and pose(See Figure 4.11). We describ@v to apply
spatial constraints on locations of objects in the action regmition framework. By
combining action recognition from poses with object detecn and scene analysis

we also improve the performance of standard object detectiotgarithms.
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(a)Without Spatial Constraints (b)With Spatial Constraints

Figure 4.11: Detection of manipulable objects can be impred using spatial con-
straints from human action. The ball detector detects two posBie cricket balls.
In the case of defensive batting, the probability of possible latons of the ball is
shown by the shaded regions. Hence the region below the centroihere the ball
is more likely to be present, is brighter. The ball denoted indx 4 lies in a darker
region, indicating it is less likely to be a cricket ball due tats location with respect
to the human. For objects such as bats, another important spati@onstraint is con-
nectedness. A segment of the bat should be connected to a segmerthefhuman,;

therefore false positives, such as object 1, can be rejected.

We rst present an overview of the approach in section 4.3.1. Sém 4.3.2
describes our Bayesian model for recognition of actions andjetis in static images.
This is followed by a description of individual likelihood mdels and interactions

between di®erent perceptual elements in subsequent sections.
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4.3.1 Overview

Studies on human object perception suggest that people dividdjects into
two broad categories: scene and manipulable objects. These altgedi®er in the
way inferences are made about them. Chao et. al [23] showedttghen humans
see manipulable objects, there is cortical activity in the ragn that corresponds to
action execution. Such responses are absent when scene objectd) a8 grass and
house, are observed. Motivated by such studies, we treat the twasbes di®erently
in terms of the role they play in inferring human location andpose and represent

them by two di®erent types of nodes in the Bayesian model.

Our Bayesian model consists of four types of nodes, correspondingcene/event,
scene objects, manipulable objects and human. The scene nodeesponds to the
place where the action is being performed, such as a crickebgnd or a tennis court.
The scene object nodes correspond to objects which do not haeeisal dependency
on the human actor and are mostly xed in the scene, such as the netthe tennis
court. Manipulable objects correspond to the instruments ofite game such as a

ball or a racket.

The interactions between these nodes are based on semantic anditisp con-
straints. The type of objects that occur in an image depends omé scene in which
the action takes place. For example, it is more likely for a fuh to occur in a cricket
ground than a tennis court. Therefore, there exist semantic lagionships between

scene and scene objects.
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The type of action corresponding to a pose depends on the typesalene and
the scene objects present. The type of action also depends on theation of the
human with respect to the scene objects. For example, a pose witheohand up in
a tennis court can either be a serve or a smash. However, if the huma located at
the baseline it will more likely be a serve; otherwise, if he is aethe net it will more
likely be a smash. While considering such spatial relationshipsimmportant, in this
paper we consider only the semantic relationships between agts and the scene
and scene objects. Since we are not modeling spatial relationshbetween scene
objects and human actions, we only consider the presence/absemt scene objects.
Therefore, each scene object node (representing a class suchraget-stumps) is
characterized by a binary variable indicating the presencabsence of that scene

object class.

For manipulable objects, there exists both spatial and semanticonstraints
between people and the objects. The type of manipulable objsdn the image
depends on the type of action being performed. Also, the locati of the manipulable
objects is constrained by the location of the human, the typef@ction and the types
of manipulable objects. For example, the location of a tennisall is constrained by
the type of action (in the case of a forehand the ball is located the side of a person
while in the case of a serve it appears above). Spatial constrgralso depend on
the type of object; objects such as a tennis racket should be cmtted to the person
while objects such as a ball generally have no such connectvielationships. We

describe an approach to represent such relationships in our Bajgn network.
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Figure 4.12: Graphical Model. The observed and hidden nodeseahown in gray

and white respectively.

4.3.2 Our Bayesian Model

The graphical model used for the scene interpretation framewois shown
in gure 4.12. We simultaneously estimate the scene type, scene ettp, hu-
man action and manipulable object probabilities. LetS represent the scene vari-
able, SO;:::SO\ represent theN type of scene objectsH represent the hu-
man and MO ;::MO \, represent theM possible manipulable objects. le =
fes;eso,'€s0, ;€H;€EMo ;€m0 y O represents the evidential variables, our goal

is to estimateP (S; H; SO ;::SOy ;MO ;1::MO y je). This can be decomposed as:

QJ- P(MOjH)P (MO jjemo ;)P (H|S;SO1:SON )P (H jeq) :::

-, P(S0ijS)P (SOijeso, )P (Sjes) (4.4)

We use loopy belief propagation algorithm for inference ovehe graphical
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model.

4.3.3 Scene Perception

A scene is mainly characterized as a place in which we can mov8][ In
this paper, the scene corresponds to the place where an actisnbeing performed
such as tennis court and croquet eld. Each image is associatediwa probability
of belonging to one of the scene classes. Several experimentatlist have shown
that when humans view a scene, they extract functional and cagjorical information
from the scene; whereas they tend to ignore information reghng speci ¢ objects
and their locations. In accordance, Oliva et. al [78] bypass ¢hsegmentation and
processing of individual objects in their scene classi cation freework. Rather than
looking at a scene as a con guration of objects, they propose tonsider a scene
like an individual object, with a unitary shape. They show thatscenes belonging to
the same category share a similar and stable spatial structure thatn be extracted
at once, without segmenting the image. A set of holistic spatialrpperties of the
scene, together referred to as a Spatial Envelope, are usedjalhnclude naturalness,
openness, roughness, ruggedness and expansion. We use their apprimacompute
the concatenated feature vector for every image in the datasdJsing the training
feature vectors we train a Support Vector Machine (SVM) for tk classi cation task.
For a test image, the SVM returns a scor@s which represents the distance of the
test point from the separating hyperplane. Based on this distae¢ we estimate the

probability P (Sjes) as:
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P (SjeS) = exp (i ®Scene dS) (4-5)

Scene

where®seene IS the scaling parameter and e IS the normalization factor.

4.3.4 Scene Objects

Each scene object node corresponds to a class of scene objectsigamdp-
resented by the probability of presence of that object class ags the image. We
uniformly sample points across the image and extract a patch @und each point
(For experiments, grid points are sampled a5 pixels each in x,y direction and
the patch size of50 £ 50 is used). We classify each patch as belonging to one of
the N scene object classes, using an adaboost based classi er [97] based andea
such as histogram of oriented gradients (HOG), histograms of dacolor channel(8
bins each in color channel), and histograms of edge distancepnalues within the
neighborhood. We computd® (SO;jS) based on the conditional probability tables

learned using the co-occurrence relationships in the trairgndataset.

4.3.5 Human in Action

Every detected person in the image is characterized by the am (A) he is
performing, and location given by a bounding boxI{'). For action classi cation,

we detect humans and employ the pose information. A similar appach has been
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proposed in a recent paper [32]. In our experiments, we deteatrhans using an
approach similar to [101]. Since the observed image shape of alam changes signif-
icantly with articulation, viewpoint and illumination, it is infeasible to train a single
human detector for all shapes. Instead, we rst cluster the observezhapes from
our training data, and train multiple human detectors, one fo each shape cluster.
Our human detectors closely match those proposed by [25]. Givarbounding box
around a detected human, we segment the human usigyabCut [12], an excient
tool for foreground segmentation. Once we have a possible humsegmentation,
we extract shape context features (5 radial bins and 12 orieatton bins) from the
silhouette of the human. We then cluster shape context featurg$] from the train-
ing database to build a dictionary of \shape context words". A d&cted human in
an image is then characterized by the histogram of shape contexords. The num-
ber of words/clusters determines the dimensionality of our podeature vector. We
then use the K-Nearest Neighbor approach for classi cation, provitg P (H jey ).
Given a test sample, we determine the K nearest neighbors in theaining data.
Each of the K neighbors votes for the class it belongs to with aeight based on its
distance from the test sample. The nal scores obtained for eachask determine
the likelihoods for each pose categorf? (H jey ). For the experiments used in the

paper we use&K =5.

We also need to computd® (H |S; SO;::SOy ). Assuming conditional inde-

pendence between scene object categories given human agtea rewrite as:

W
P(H|S;S0O1::S0Oy\) = P(H |S;S0O;j) (4.6)
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Each of these can be computed using co-occurrence statistics afnlan action-

scene-scene object combinations, independently for every ssebject class.

4.3.6 Manipulable Objects

Each detected manipulable object in the image has the follavg attributes:
an associated class idc{" ) and location parameters given by a bounding box {')
around the object. We use the object detector described in semti 4.2.3. Using
this approach, however, we are unable to distinguish betweeltbjects that have
the same shape but a di®erent dominant color; for example a cetkoall (often
red or white in color) as opposed to a tennis ball (often yellown color). Thus,
we build appearance models of manipulable objects using nparametric Kernel
Density Estimation (KDE) to also perform an appearance based dai cation. We
sample pixels from training images of the manipulable objextind build a 3D model

in the RGB space.

X
Ko (ri ri)Ky(gi gi)Kxu(bi b) (4.7)
i=1

1
Pmodel (r;Q;b) = N

Given a test image, we rst use the shape based classi er to detect pdiah
object candidates. Within each candidate window, we samplexgls and build a den-
sity estimate using (KDE). This test density is compared to the calr model of every

object category using the Kullback-Leibler distance. This mvides the nal manip-
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ulable object detection probabilities based on appearanciavgn by P (MO ;jeirs ).

Therefore the probability P (MO ijevo ;) is given by:

P (MO ijewo ;) = P(MO jjeyly )P (MO ijefy (4.8)

where e" refers to shape ande® refers to appearance evidence. We also
need to computeP (MO ;jH ). Human actions and locations provide both semantic
and spatial constraints on manipulable objects. The spatial cgtraints given human
locations are with respect to the type of manipulable objectral type of action being
performed. We model two kinds of spatial constraints: (a) Conm#vity - Certain
manipulable objects like a tennis racket or a cricket bat shdai be connected to
the human in action. (b) Positional and Directional Constrains: These location
constraints are evaluated with respect to the centroid of theuman that is acting
on them. The conditional probability densities are based on thtype of action being
performed. For example, given a tennis serve action it is moti&ely that the ball
is above the player, while if the action is forehand it is morékely to the side of
the player. We model positional relations in terms of the disptement vector of the

object centroid from the centroid of the human body. Thus we laain:

P(MO i =(cIMiH = (A1™)= PN AITTP(cA)  (4.9)
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The rst term refers to the spatial constraints and can be learnetly discretiz-
ing the space around the human as shown in gure 4.13. From the inéng images,
we learn the condition probability tables of the region in with the manipulable
object lies given the type of manipulable object and the typef action. The sec-
ond term is the semantic constraint and is modeled from co-oatence statistics of

human action-manipulable objects combinations from traimg data.

Figure 4.13: Spatial Constraints between locations of manifable objects and hu-
mans for di®erent poses. In an idealized scenario, for a forehgrabe, the ball is
more likely to be seen on the side; for a tennis serve, it is mor&edly to be seen
above the human. We use radial bins and 8 orientation bins to specify position

of manipulable object with respect to the human body.
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4.4 Experimental Evaluation

4.4.1 Video Interpretation

We evaluated our video interpretation framework on test datset 8 of 10 sub-
jects performing 6 possible interactions with 4 di®erent objec The objects in the
test-dataset included cup, spray bottle, phone and °ashlight. Té interactions with
these objects were: drinking from a cup, spraying from a spray thle, answering a

phone call, making a phone call, pouring from a cup and lightg the °ashlight.

Training: We used a fully-supervised approach for training the Bayesian
model for video interpretation. Training of the model requies training of a HOG
based detector for all object classes and HMM models for all class#sinterac-
tions. Training for HOG based object detector was done using imag from training
datasets obtained using Google image search(50 images for edglect, negative im-
ages were used from INRIA and CALTECH datasets). HMM models were ftraed
using a separate training dataset of videos. The object reactisrare learned using
the supervised training scheme. In training videos, the framesrfthe object re-
action were manually segmented and the appearance histograareund the hand
were used to learn the appearance of object reaction. Additialty our model re-
quires co-occurrence statistics of object-interaction-reaon combinations, distance

between grasp location and object center, and reaction timeatios. We used a

8The datasets used in all the experiments are available online and can be downldad from

http://www.umiacs.umd.edu/ » agupta
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training dataset of 30 videos of 5 actors performing di®erenyges of manipula-
tions on the objects. Training was done in fully supervised maen. All the videos
were manually labeled with object locations, hand locatiorsnd the type of objects,

manipulation and object reactions.

Object Classi cation:  Among the objects used, it is hard to discriminate
the spray bottle, °ashlight and cup because all three are cylindral (See Fig-
ures 4.16(a),(b)). Furthermore, the spray bottle detector o red for the handset
of the cordless phone (See Figure 4.16(d)). Our approach wdscaable to detect
and classify objects of interest even in cluttered scenes (Segute 4.16(c)). Fig-
ures 4.14(a) and 4.14(b) shows the likelihood confusion matiiior both the original
object detector and the object detector in the human-objednteraction framework.
Using interaction context, the recognition rate of objects athe end of reach loca-

tions improved from 78:33% to 96:67%°.

Action Recognition:  Of the six activities, it is very hard to discriminate
between pouring and lighting on the basis of hand trajector&See Figure 4.16(a)
and (b)). While di®erentiating drinking from phone answeringhould be easy due to
the di®erences in endpoint locations, there was still substanti@onfusion between
the two due to errors in computation of hand trajectories. Figre 4.15(a) shows
the likelihoods of actions that were obtained for all the vidos using hand-dynamics

alone. Figure 4.15(b) shows the confusion matrix when actioeeognition was con-

9The recognition rate depicts the correct classi cation of localized object into oneof the “ve

classes: background, cup, spray-bottle, phone and °ashlight
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(a) HOG Detector (b) Using Whole Framework

Figure 4.14: Object Likelihood Confusion Matrix: The row depicts the expected
likelihood values wheni® type of object is present. The right table shows the
results of our whole framework, taking into account action, lgect reaction, and

reach motion.

ducted using our framework. The overall recognition rate ineased from76:67%
to 93:34% when action was recognized using the contextual informatidinom ob-
jects and object reactions. While the trajectories might be siilar in many cases,
the context from object provided cues to di®erentiate betwaeconfusing actions.
Similarly in the cases of lighting and pouring, contextual ces from object reaction

helped in di®erentiating between those two actions.

Segmentation Errors:  Apart from errors in classi cation, we also evaluated
our framework with respect to segmentation of reach and manifation motion.

The segmentation error was the di®erence between the actuarfre number and
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(a) HMM based Action Recognition

(b) HMM based recognition in Interaction Context

Figure 4.15: Comparison of Action Likelihoods without and wh contextual infor-
mation. Each Column represents the normalized likelihood itzes for six possible

actions.

the computed frame number for the end of a reach motion. We adihed the ground
truth for the data using manual labellings. Figure 4.17 shows #h histogram of
segmentation errors in the videos of the test dataset. It can beesethat 90% of
detections were within 3 frames of actual end-frames of réamotion. The average

length of the video sequence was approximately 110 frames.
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4.4.2 Image Interpretation

Dataset: We evaluated our approach on a dataset which had 6 possible aciso
\tennis-forehand", \tennis-serve", \volleyball-smash", \cri cket-defensive shot", \cricket-
bowling" and \croquet-shot". The images for the rst 5 classes wer downloaded
from the internet and for the sixth class, we used a publicly avaible dataset [60].

A few images from the dataset are shown in gure 4.19. The classeseavselected
so that they had signi cant confusion due to scene and pose. For expi®, the
poses during \volleyball-smash™ and \tennis-serve" are quite siitar and the scenes

in \tennis-forehand" and \tennis-serve" are exactly the same.

Training: We used a fully-supervised approach for training the Bayesian
model for image interpretation. We have to learn the paramets for individual
likelihood functions and parameters of the conditional pteabilities which model the
interactions between di®erent perceptual analyses. To learanameters of individual
likelihood functions, we trained individual detectors sepately using training images
from Google image search(50 images each for every object a@aithouettes each for
the pose likelihood). Learning parameters corresponding torditional probabilities
requires a separate training dataset of images. Our training teset consisted of 180

images (30 from each class).

Evaluation: We tested the performance of our algorithm on a dataset of 120
test images (20 from each class). We compared the performanceoof algorithm

with the performance of models based on isolated components.géie 4.20 shows
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the confusion matrix obtained using the full model described ithe paper. We also
show some failure cases in the gure. Our approach gave some missi&Zations
when the scene involved is the same but actions are di®erent sushbawling being
classi ed as batting. This occurs whenever the pose classi catiofgarithm gives
a wrong action likelihood (mostly due to faulty segmentation ¥ Grabcut) and the

manipulable object detector fails to nd any discriminating nanipulable object.

Figure 4.21(a) shows the performance of a pose based classi catfgorithm.
We used the pose component of our model to obtain the confusion tmma As
expected, the performance of pose-only model is very low dwedimilar poses being
shared by di®erent actions. For example, there is high confusibetween \tennis-
serve" and \bowling", since both actions share a high arm pose. rfSiiarly we see
confusion between \bowling" and \volleyball". The confusionbetween \volleyball

smash" and \tennis forehand" is mainly due to incorrect segmeations by grabcut.

The comparison between overall performance of our approachdathe indi-
vidual components is shown in gure 4.21(b). The performancef our approach
was 78:86% as compared to57:5% by the pose-only model andb5:83% by the

scene-only model.

Figures 4.22 and 4.23 shows some examples of correct classi caty our
algorithm. In both cases, our approach rejects false positivegdause the belief in
the objects fall below the detection threshold when combinedith other elements

like pose and scene information. For example, in Fig 4.22 thdda positives of bats

106



are rejected as they fail to satisfy spatial constraints. Also, in lib cases detections

related to objects incongruent with scene and action infornti@n are also rejected.

In°uence of Parameters: We evaluated our system with respect to the pa-
rameters of each component of our system. We varied the parame®sq,. Used
to obtain the scene classi cation probabilities(Section 4.3.3Fig 4.24(a) shows that
action recognition accuracy increases with increasif®scene , but °attens out after a
value of 5. The discriminative power of the scene component lexg with decreasing
®scene  and therefore we observe a lower system performance. In our expents,

We use®SCene = 5 .

Oliva et al. [78] use the WDST (Windowed Discriminant Spectralfemplate)
which describes how the spectral components at di®erent spat@tations contribute
to a spatial envelope property, and sample it at regular intells to obtain a discrete
representation. One of the components of their methody scene , determines the
coarseness of this sampling interval. We varied the coarsenesthefsampling where
smaller wseene refers to coarser sampling. Figure 4.24(b) shows our perforntan
accuracy with respect towscene . Our action recognition accuracy reduces for a very
coarse sampling of the WDST, but is stable at ner scales. We u$6scene = 4 for

the experiments.

Our object detection module detects multiple objects in thescene and passes
the top few detections on to the bayesian framework. We evaligal our system

accuracy with regards to the number of manipulable object dections passed to
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the bayesian framework. For lower number of detections, the y@sian framework
has lower performance due to missing true detections. For higheumber of de-
tections, the bayesian framework has lower performance duettoe confusion from
false positives. This e®ect is more pronounced for low®Ene Values where the

scene component has lower discriminativeness (See Figure &p4

Finally, we evaluated our system with respect to the dimensiongl of the
pose feature vector. This dimensionality is determined by theaumber of \shape
context words" formed in the shape dictionary. Figure 4.24(d$hows the accuracy
of our system against the dimensionality of the pose feature vectdAs expected, our
performance reduces when using a very small number of words. ur @xperiments,
we use a dictionary of 100 visual words resulting in a 100 dimens# pose feature

vector.
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Figure 4.16: Results of object detection in the human-object interactionframework. The
likelihoods of the centers of di®erent objects are shown in @ierent colors. The colors red,
green, cyan and magenta show the likelihoods of cup, spray ke, °ashlight and phone
respectively. (a) A °ashlight is often confused as spray botte by the HOG detector.
However, when context from the framewoJrQ?s used there is noanfusion. (b) Similarly
a cup is often confused with a wide spray bottle. (c) Our detetor can nd and classify
objects in clutter. (d) A spray bottle detector often res att he handset of cordless phones

due to the nrecsence of narallel linecs However <tich confiesed can be removed 11<ina otir
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Figure 4.17: Segmentation Error Histogram

Figure 4.18: Object Recognition using contextual cues froneach, manipulation
and object reaction. As before, the colors red, green, cyancamagenta show the
likelihoods of cup, spray bottle, °ashlight and phone respectly. The activities in

the four cases above are: drinking, pouring, lighting, sprayg respectively.
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Figure 4.19: Our Dataset.
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Figure 4.20: Confusion Matrix (Full Model): The gure shows theconfusion matrix
obtained using the full model. We also show some failure cases ire thdjoining
boxes. (i) The scene in these cases are classi ed correctly as ctigkeund however,
due to faulty segmentations the hands of the bowler are misseddathe pose is mis-
classi ed as batting. (ii) The pose is again misclassi ed as that of fehand due
to some extra regions added to human segment. The missed detett{ghown in
dotted blue) of croquet bat also contributes to the miss-classi ¢@n. (iii) In both

the cases the segmentation fails, leading to inclusion of net withe human segment.
(iv) Apart from the error in the pose module, the racket is also nsised and the ball

iS not present in the scene.
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(a) Confusion Matrix (Pose Only)

(b) Comparison

Figure 4.21: (a) Confusion Matrix (Pose Only): The confusion max is only pose
information is used for action classi cation. (b) Comparative prformance of our

approach with individual components.
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Figure 4.22: Some illustrative examples showing the performee of the system. The
left column shows the likelihood of various objects using indendent detectors. The
colors of the rectangles represent the likelihood probaltli (red meaning higher
probability and blue meaning lower probability). The midde column shows the
posterior probabilities after the framework was applied. Té right column shows the
“nal result of our approach. In the rst example, the detector degcts four possible
mallets and three possible croquet balls. After applying the spal constraints,
all the false positives are rejected as they fail to satisfy spati@onstraints (the
other mallets are not connected to a human body and the otherabls are above the
detected human centroid). In the second example, the false pigs of bats are
rejected as they fail to satisfy spatial constraints. Also, in both ases detections
related to objects incongruent with scene and action infornti@n are also rejected.
(Note the abbreviations T-Ball,C-Ball,V-Ball and Cqg-Ball refer to tennis, cricket,

volley and croquet balls respectively).
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Figure 4.23: Some other examples: In the rst case, the tennis kat was detected
with a lower likelihood as compared to other objects. After cobining information

from scene and action the belief in the tennis racket increassiice the action and
the scene are tennis-serve and tennis court respectively. In tBecond case, our
approach rejects false positives of objects such as a mallet dvat. These objects
are rejected as they are not congruent to a volleyball-cougnd a volleyball-smash
action. The false positives in volleyballs are also rejected #isey fail to satisfy

spatial constraints. Same abbreviations as in gure 4.22.
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Figure 4.24: In°uence of parameters on the system performance.
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Chapter 5

Conclusion

In this thesis, | have explored how language can be integrateditiv visual
learning systems to improve reliability of learning object ath action models. This
thesis explores how language beyond nouns and verbs can pieviop-down group-
ing information or contextual information which can be used dring learning from
weakly labeled data. Unlike current approaches, which harnes®-occurrence of
visual features and nouns/verbs to constrain the learning, owapproach uses the in-
ternal structure of images and videos to further constrain théarning. In Chapter
2, | have speci cally shown how prepositions and comparative adjtives can pro-
vide relationship constraints which learned models should saty. | have also shown
how prepositions and comparative adjectives can be used a asteatual model for
scene analysis. In Chapter 3, we go beyond representing contettmodel by priors
on relationship words and learn a storyline model for videos. Thstoryline model
is represented by an AND-OR graph and the edges in AND-OR graph arased
on causal-dependency. AND-OR graphs allow representation ofgher order con-
straints which are necessary for recognition of actions in vids. The storyline model
approach goes beyond traditional paradigm of recognizingtons and in this case

the problem is simultaneous estimation of storyline and recogion of individual
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actions. Finally in Chapter 4, | present two Bayesian models fanterpretation of
human object interactions from videos and static images resgevely. Our approach
combines the processes of scene, object, action and object tieaaecognition. Our
Bayesian model incorporates semantic/functional and spatiabntext for both object
and action recognition. Therefore, by enforcing global cehence between di®erent
perceptual elements, we can improve the recognition perfoamce of each element

substantially.
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