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Abstract

Object category detection, the task of determining if one or more instances of a
category are present in an image with their corresponding locations, is one of the
fundamental problems of computer vision. The task is very challenging because of
the large variations in imaged object appearance, particularly due to the changes in
viewpoint, illumination and intra-class variance. Although successful solutions exist
for learning object category detectors, they require massive amounts of training
data.

Transfer learning builds upon previously acquired knowledge and thus reduces
training requirements. The objective of this work is to develop and apply novel
transfer learning techniques specific to the object category detection problem.

This thesis proposes methods which not only address the challenges of perform-
ing transfer learning for object category detection such as finding relevant sources
for transfer, handling aspect ratio mismatches and considering the geometric re-
lations between the features; but also enable large scale object category detection
by quickly learning from considerably fewer training samples and immediate eval-
uation of models on web scale data with the help of part-based indexing. Several
novel transfer models are introduced such as: (a) rigid transfer for transferring
knowledge between similar classes, (b) deformable transfer which tolerates small
structural changes by deforming the source detector while performing the transfer,
and (c) part level transfer particularly for the cases where full template transfer
is not possible due to aspect ratio mismatches or not having adequately similar
sources. Building upon the idea of using part-level transfer, instead of performing
an exhaustive sliding window search, part-based indexing is proposed for efficient
evaluation of templates enabling us to obtain immediate detection results in large
scale image collections. Furthermore, easier and more robust optimization meth-
ods are developed with the help of feature maps defined between proposed transfer
learning formulations and the “classical” SVM formulation.
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Chapter 1

Introduction

1.1 Objective, Motivation and Challenges

Tabula rasa, meaning blank slate in Latin, refers to the concept that learning starts
without any prior knowledge, i.e. a blank slate to be filled in by time. However,
learning doesn’t necessarily start from scratch and it can be performed by building
upon previously existing knowledge, i.e. transfer of learning (Haskell, [2001). As
humans, we have an amazing capacity of learning progressively as we grow, and it
is achieved by transferring the already acquired knowledge in order to solve novel
tasks in new conditions we confront in life. Similar learning mechanisms apply
to visual cognition as well. By the time we are 6 years old, we recognize tens of
thousand of categories of objects (Biederman, [1987)), actions, materials, etc. and
we progressively keep learning throughout our life. Finding a way to replicate these

abilities in machines will profoundly improve visual recognition. In machine learning,
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Figure 1.1: Challenges of Object Category Detection. A successful object cat-
egory detector should be invariant to changes in illumination, occlusion, background
clutter, scale, viewpoint, deformation and intra-class variance.

Ji@%

Intra-class variance

utilizing the previously learnt knowledge for solving novel tasks is known as transfer
learning or knowledge transfer. Considering the fact that many visual categories
resemble each other visually (such as animals, cars of different brands, birds, etc.),

transfer learning can be successfully applied to object category recognition.

Object category detection, the task of determining if one or more instances of a

category are present in an image and, if they are, localizing them (Everingham et al.|

, is one of the fundamental challenges in computer vision research. The main
challenge is to be able to tolerate the variations in the appearance of the object of
interest. A robust object detection system should be invariant to changes in illumi-
nation, occlusion, background clutter, scale, viewpoint, deformation and intra-class
variance (see figure . Although all these challenges are hard to address, intra-
class variance poses a more challenging problem as it concerns many other variations
in style, material, texture, colour, etc. and it can gradually change together with the
common sense perception of the category. For instance, the innovative designs of

chairs redefine the boundaries of the common sense perception of a chair. Therefore,
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moving from instances to categories, i.e. generalization, is a very challenging task
to accomplish, yet as humans we are quite talented in identifying similarities and
learning the categories even with very few samples. The goal of transfer learning is
develop similar methodologies for computational learning. In this thesis, we inves-
tigate novel transfer learning models which better address the challenges in object

category detection.

Object category detection has a wide spectrum of applications. Even though there
exist many robust detection applications for certain category of objects (i.e. faces
and pedestrians), the detection quality threshold decreases rapidly when we are
exposed to a wide spectrum of categories (e.g. planes, sofas, chairs, dogs, lions, etc.)
that exist in the world. Yet, even in this current state, we have many influential
applications that found their places in our daily lives. For instance, face detection
technology is actively used in digital cameras for photo enhancement (see figure|1.2)).
Pedestrian, car, bicycle, motorbike, bus and traffic sign detection systems are about
to be released in the new generation of cars. For instance, Volvo already introduced
the S60 model which actively uses object detection systems in order to warn the
driver if a collision is imminent and even makes the decision for activating the
vehicle’s full braking power to avoid an accident (see figure . Following the same
trend, Google’s, and most recently Tesla Motors’, ambitious aim for fully automatic
cars have already gone through substantial tests and they will be a part of our lives
perhaps sooner than we expect. The need for accurate detection of a large variety of
object categories will be more indispensable with the release of automatic cars and
many other automated robots (i.e. unmanned air vehicles (UAVs), household robots,
robot guides, etc. ) that are destined to be a part of our daily lives. Another fertile

area for object category detection is understanding the visual content of images and
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Figure 1.2: The Canon PowerShot G9 implements the face detection technology for
better auto-enhancement for faces in photos. Photo courtesy Canon, USA.
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Figure 1.3: The Volvo S60 uses pedestrian and car detection systems for warning the
driver and even makes full power auto break decision in order to avoid an accident.
Photo courtesy Volvo, Sweden.

videos on the web. Most of the searchable visual content on the web is retrieved
using tags and text annotation which are poor and inadequate, furthermore the vast
amount of unannotated visual content on the web is mostly unreachable. The auto-
annotation of these images and videos through object detection will increase the
quality and coverage of our reach to these contents. Similar technology also applies

to better managing the internal visual archives of companies and broadcast media.

The traditional method for object category detection has two main phases: training

and testing. For the training phase, thousands of annotated image examples of the
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object category need to be annotated in order to compose the positive and negative
training sets. Then visual features (e.g. colour, edge histograms, bag of visual
words) are extracted from the training images and subsequently fed into a machine
learning system (e.g. SVMs) which learns a model for the object category. In the
testing phase, the classifier model is evaluated on images or videos over all positions,
and scales. Even though there are successful methods for developing classifiers
for specific object categories (Dalal and Triggs, 2005| |[Felzenszwalb et al., [2008,
Viola and Jones, 2001), using these approaches for tens of thousands of categories
is implausible due to the need for intensive computation and massive amounts of
annotation work. For each object category, training a model from scratch requires
annotating lots of images which is costly and time consuming, preventing the goal of
recognizing tens of thousands of categories. Furthermore, using the learnt models in
a brute force method for detection is unacceptable considering the massive amount
of images and videos produced per second in the world. This thesis proposes novel
transfer learning solutions for training object category detectors which reduces the
annotation required hence enabling scaling up of the object category detection to
tens of thousands of categories. Furthermore, immediate object category detection is
introduced which potentially enables running category detectors on web scale image

collections in less than a second.

1.2 Outline

This section will draw the outline of the thesis by briefly describing the chapters.

In chapter [2] transfer learning will be introduced from the perspectives of human
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psychology, machine learning and computer vision. The related work on transfer
research in machine learning and computer vision, particularly in object classifica-
tion and detection, will be elaborated upon and necessary grounding for the other

chapters will be established.

In chapter [3] transfer training of discriminatively trained object category detec-
tors will be discussed. Given the source and the target task, this chapter particularly
investigates “how” to perform transfer for object detection. To this end, we propose
and compare three transfer learning formulations where a template learnt previously
for another similar category is used to regularize the training of a new category. All
the formulations result in convex optimization problems. Experiments demonstrate
significant performance gains by transfer learning from one class to another (e.g. mo-
torbike to bicycle), including one-shot learning, specialization from class to a subor-
dinate class (e.g. from quadruped to horse) and transfer using multiple components.
In the case of multiple training samples it is shown that a detection performance
approaching that of the state of the art can be achieved with substantially fewer

training samples.

In chapter (4] we stretch the limits of generalization and investigate how to gen-
eralize from a single sample. Particularly we focus on improving Exemplar SVMs
(E-SVMs, (Malisiewicz et al.,[2011))), a SVM trained with only a single positive sam-
ple. We introduce a method of part based transfer regularization that boosts the
performance of E-SVMs, with a negligible additional cost. This Enhanced E-SVM
(EE-SVM) improves the generalization ability of E-SVMs by softly forcing it to be
constructed from existing classifier parts cropped from previously learnt classifiers.

In content based image retrieval applications, where the aim is to retrieve instances
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of the same object class in a similar pose, the EE-SVM is able to tolerate increased
levels of intra-class variation and deformation over E-SVM, and thereby increases

recall.

In chapter [5], in addition to introducing a convex objective for incorporation of
pairwise co-occurrence statistics into the SVM framework, we relate transfer learn-
ing, optimization and feature maps by casting introduced transfer learning formula-
tions to a “classical” SVM formulation, and subsequently providing easier and more
robust optimization for transfer formulations through the use of expertise developed
throughout the years for solving SVM optimization problems. Constructed feature
maps also have certain implications which relates to two groups of active research

namely transfer regularization and feature augmentation approaches.

In chapter [6] the objective is object category detection in large scale image
datasets, where the object category is specified by a sliding window HOG classifier,
and retrieval should be immediate at run time in the manner of Video Google (Sivic
and Zisserman, [2003)). To this end, we introduce new image and classifier represen-
tations through the use of a vocabulary of discriminative classifier patches which
enables us to obtain immediate (~ 1 second) detection results on large image col-
lections with the help of inverted file indexing. We also further improve the results
with a fast method for spatial reranking of images using the detections which does
not require accessing their HOG descriptors. We evaluate the fast detection method
on the standard PASCAL VOC dataset, together with a 45K image subset of Im-
ageNet, and demonstrate near state of the art detection performance in low ranks
whilst maintaining immediate retrieval speeds. Applications are also demonstrated

using an exemplar SVM for pose matched retrieval.
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Finally, in chapter [7| we conclude with summarizing the proposed methods and
providing potentially promising future directions including the suggestions for an-
swering the “where to transfer from?” question, and transferring knowledge in the

instance level as opposed to the category level.

1.3 Publications

The contributions discussed in section are published in the papers listed below:

e Tabula Rasa: Model Transfer for Object Category Detection, International

Conference on Computer Vision (ICCV), 2011

e Enhancing Exemplar SVMs using Part Level Transfer Regularization, British

Machine Vision Conference (BMVC), 2012

The chapter [6] contains unpublished work which will be submitted to Computer
Vision and Pattern Recognition (CVPR), 2014.



Chapter 2

Literature Review

Transfer of learning, learning by building upon previous experiences and knowledge,
is studied in a variety of fields (Helfenstein), |2005) including Educational Psychol-
ogy, Cognitive Psychology, Linguistics, Human Computer Interaction, and Machine
Learning. Even though across fields there is no unique categorization and conceptu-
alization of transfer research, there is a general consensus about the basic definition.
It can be briefly defined as the ability to apply knowledge and skills learnt in pre-
vious tasks to novel tasks. This section will review the transfer learning literature
from several aspects starting with human psychology and machine learning, and

then discuss the concept particularly for object category detection.



2.1 Transfer of Learning in Psychology 10

2.1 Transfer of Learning in Psychology

Transfer of learning, how individuals would transfer knowledge learnt in one context
to another context that shares similar characteristics, is one of the main research
areas of educational and cognitive psychology. In the history of psychology the con-
cept was originally introduced as transfer of practice by [T'horndike and Woodworth:
(1901). In the International Encyclopedia of Education, Perkins and Salomon| (1992))

defines the notion as below:

Transfer of learning occurs when learning in one context enhances (pos-
itive transfer) or undermines (negative transfer) a related performance
in another context. Transfer includes near transfer (to closely related
contexts and performances) and far transfer (to rather different contexts

and performances).

The realization of transfer relies on the judgement of similarity which indeed
has a very subjective definition depending on the qualities of the learner. Even
though some part of our similarity judgements evolve throughout life, the basic
mechanisms that drive our similarity judgements are defined by our nature and
hard-wired into our brains. For instance, if a rat was taught to respond to the
triangle 77 shown in figure and then later on shown a “different” triangle 75
drawn with dotted lines it will not respond. However, a chimpanzee or a small child
will respond to both of these triangles as being the same object (Haskell, 2001)), and
they will transfer their experiences. The notion of abstraction and generalization
have very strong relations with the concept of similarity. Since transfer is mainly

accomplished through connections created by the similarity judgements, identifying
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Figure 2.1: The similarity judgements. The two triangles above can be perceived
as the same concept by a small child or a chimpanzee, but not by a rat. (Haskell

2001)

Solution

Problem

Observed m

Learning

Horse
Classification

Horse Classifier

Context Daily Life

Images

Figure 2.2: Problem consists of a task and a contert and can only be observed
through data. As a result of a learning process a solution is learnt from data.

these similarity connections is a vital part of the transfer process.

2.2 Transfer Learning in Machine Learning

In the machine learning perspective, problems are abstract concepts and they are
observed through the data which consists of instances and associated labels to learn
from, and the solutions are mainly the computational models (represented with
parameters) that are learnt for solving the problem (see figure . An example

problem from computer vision would be the classification of horses (i.e task) in the
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C ontext

Transfer Connection

Figure 2.3: The key elements of the transfer process: (a) source problems with
solutions, (b) a target problem, and (c) established transfer connections.

daily life scenes (i.e context). Here the data consists of image instances together with
labels corresponding to the existence or absence of horses in the images. Instances
can be named as positive or negative instances based on the labels, and they are
mainly used in the form of extracted features. The solution is a computational
model which can distinguish the positive instances from the negative ones, in other

words, a model can assign a label to a test instance.

The transfer process can be briefly summarized with four main questions: (a) from

where to transfer, (b) what to transfer, (d) how to transfer, and (c¢) when to transfer.

The transfer process starts with (i) a target task to be learnt in a target context,
(ii) a set of solutions to the source tasks already learnt in the source contexts, and
(iii) the transfer (similarity) connections which are decided based on the similarity
or resemblance between the target and the source problems (see figure . Identi-

fication of these assignments answers the “where” question.

Even though there are many studies addressing diverse issues in transfer learning,
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the “where” question is mostly left unanswered. This question mainly refers to the
similarity notion which can be very subjective depending on the point of view as
it is mentioned in the psychological perspective. Mostly the similarity connections
have to be established between the target data and the source data or solutions
(models). For instance, in order to decide if a motorbike detection problem is a
suitable source for a bicycle detection problem, we can evaluate bicycle instances
using the motorbike model together with many other models and decide to transfer
from models which scored above certain threshold. If the target data is not observed
but some meta-data for the target problem exists, then similarity connection can also
be constructed using the meta-data of the source problems and the target problem.
This setting is also known as “zero shot learning” (Aytar et al., 2008, Lampert),
2009, [Rohrbach et al., [2010) and the general forms of the meta-data are class labels
and associated definitions or attributes which can be obtained by both supervised
(Lampert, [2009)) and unsupervised methods (Aytar et al., [2008, Rohrbach et al.,

2010)).

Once the source problems, target problem and transfer connections are decided,
the next step is to decide what to transfer, how, and when. The “what” term
generally defines the type of information transferred from the source to the target
which can be a solution (model parameters) or data (instances). “How” defines the
nature of the transfer, if the transferred knowledge will be transformed or transferred
as it is, and how it will be used while learning the new task. The question “when”
asks in which situations transfer should be performed. It can be seen as a higher
level decision on the amount of transfer from the selected sources as well. This
question is highly related to the concept of negative transfer. If source tasks are not

too similar and/or there is already adequate amount of data for learning the target
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task successfully the transfer may hurt instead of helping the learning process.

2.2.1 Types of Transfer: Domain vs. Task

There are two main aspects that may change between the source problem and the

target problem: the task or the domain (context).

Task Adaptation (inductive transfer of Pan and Yang| (2010)). In this
setting source and target tasks are different and there is no assumption about the
domains. For instance learning a horse detector by transferring from a cow detector

is an example of task adaptation.

Domain Adaptation (transductive transfer of Pan and Yang (2010)). In
this setting the source and the target domains are different, but the tasks are the
same or very similar. The labels in the target domain may or may not exist. For
instance a generic face detectors which learns for general skin colour distributions
might need to adapt itself for a photograph taken in a darker setting. In a similar
setting Jain et al.| (2011) adapted face detectors to a specific photograph for better
handling the new domain conditions. A generic pedestrian detector can also be
adapted to a specific traffic scene. Pedestrian detector can be evaluated on the new
traffic scene, and a new detector can be trained by incorporating the domain specific

pedestrian examples (Wang and Wang, [2011)).

Although the domain and the task is fairly distinguishable while defining the
problem in the conceptual level, it becomes a very challenging job to separate domain
related and task related properties in the observed data and the solution. Therefore

there is a considerable amount of similarity in the proposed solutions for both of the
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problems. For example, the same model based transfer method, Adaptive Support
Vector Machines (Li, 2007, Yang et al., [2007Db)), is used for both task adaptation

(Tommasi and Caputo|, 2009) and domain adaptation (Yang et al., 2007a)).

Pan and Yang| (2010) defines a third setting, unsupervised transfer learning, where
no labels are available and the target problem is an unsupervised problem such as
clustering, dimensionality reduction or density estimation. For instance |Dai et al.
(2008) studied self-taught clustering, an unsupervised transfer learning approach,
which aims at clustering a small set of unlabeled data in the target domain with
the help of a large amount of unlabeled data in the source domain by learning a

common feature space across domains.

2.2.2 Materials and Methods of Transfer: What and How?

This section addresses the “what” and “how” questions of the transfer process men-
tioned in section 2.2 The “what to transfer” question is concerned with the part of
the knowledge from the source that will be harnessed while solving the target prob-
lem. Transferred knowledge can be data (instances) or solutions (the parameters of
the learnt models). Once the material that will be used for transfer is decided, the
next step is to develop the learning methods that take the transferred knowledge into
account while learning the target problem, which answers the “how” question. Here
the methods will be categorized by the type of transferred knowledge and within

each category the methods of transfer will be discussed.

Instance Transfer. This type of transfer focuses on the transfer of source in-

stances that can be reused while solving the target problem. Although the source
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data may not be used directly as it is, certain parts of it with appropriate re-
weightings can boost the target learning process. The main difference between this
transfer and multi-task learning (MTL) is that although instance transfer uses both
source and target instances it is only learning the target solution whereas MTL is
concerned with solving both problems together. A variety of methods for instance
transfer are introduced in both machine learning and computer vision fields. |[Dai
et al. (2007) proposed a transfer extension to the Adaboost algorithm. The under-
lying motivation is that due to the differences in the data distributions of source
and target problems some of the source instances can be helpful but others may
not help, or even hurt the performance. Thus it suggests an iterative method to re-
weight the used source instances during learning. |Jiang and Zhai (2007) proposed a
heuristic method for minimizing the difference between the conditional probabilities
of source and target domains by removing misleading training instances. |Wu and
Dietterich| (2004) incorporated the source (auxiliary) instances in a Support Vector
Machine (SVM) framework while learning the target task. |Daumé 111 (2009) utilized
instances from both source and target problems by introducing a feature replication
method which is the used for learning a kernel function in a discriminative learn-
ing framework. Duan et al. (2009) proposed the Domain Transfer SVM (DTSVM)
approach for video concept classification task. DTSVM minimizes the structural
risk function of SVM and Maximum Mean Discrepancy, a criterion that identifies
the difference between the distributions of source and target instances, by learning
an optimized kernel function. Wang et al.| (2010) introduced a maximum-margin
visual object classification framework that takes advantage of the assumption that
a good object model should respond more strongly to instances from similar source

categories than to instances from dissimilar source categories. Lim et al.| (2011)
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illustrated a performance improvement by borrowing and re-weighting samples from

different visual object categories while learning a target object detector.

Model (Parameter) Transfer. This type of transfer concentrates on transfer-
ring the model parameters which are the solutions of the source problems. In the
generative learning perspective, |[Fei-Fei et al. (2006) introduced a transfer learning
approach in a Bayesian framework that learns common priors over visual classifier
parameters, and learns the target model by updating the prior model parameters
in the light of one or more examples from the target category. Marx et al.| (2005)
performed Bayesian transfer methods while learning logistic regression classifiers for
the target problem. |Stark et al. (2009) proposed a probabilistic shape based model
that allows knowledge transfer on three different levels: shape and appearance of the
parts, local symmetry between parts, and part topology. Their model performs par-
tial or full knowledge transfer explicitly by transferring the model parameters (see
figure 2.4)). In the discriminative learning perspective, [Zweig and Weinshall| (2007)
investigated a transfer learning approach by combining object classifiers from differ-
ent hierarchical levels into a single classifier using constellation based object category
models. Their main intuition being that the classifiers from different levels capture
different aspects of the object. [Yang et al. (2007b) introduced Adaptive Support
Vector Machines (A-SVM) for adapting classifiers to the new domains. A-SVM
and its variants for transfer learning in maximum-margin frameworks, particularly
SVMs, will be comprehensively articulated in section [2.2.3] Starting with an as-
sumption that good detectors share certain statistical properties, |Gao et al.| (2012)
learnt low-level statistical priors over the source model parameters, and proposed to

enforce these statistics while learning a model for the target problem.
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Figure 2.4: Explicit part based transfer. Each part visualized with means and
variances. |Stark et al. (2009) performs partial or full knowledge transfer explicitly
by transferring the model parameters.

Feature-representation Transfer. This type of transfer can be located some-
where in between instance transfer and model transfer. The aim here is to learn
a better feature representation that would ease the learning procedure of the tar-
get problem, in other words, establishing better building blocks with the help of
the source problem to solve the target. Particularly, when the target problem has
very few instances and the generalization is hard, this type of transfer better guides
the learner by restricting its search space to a semantically meaningful one. It can
also be considered as taking one step from low-level features to mid-level features,
which are semantically more meaningful. For instance, learnt a kernel
based distance metric that emphasizes relevant feature dimensions of related source

problems, then using a single sample of the target problem, he constructed a near-

est neighbour classifier in this metric space. Quattoni et al. (2008)) introduced a

kernel based method for learning a sparse prototype representation from unlabelled
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data and related tasks. |Kulis et al.| (2011), Saenko et al.| (2010)) examine the ef-
fect of a domain shift and introduce a method that adapts object models acquired
in a particular visual domain to new imaging conditions by learning a transforma-
tion that minimizes the domain-induced changes in the feature distribution. Even
though not named as transfer learning, many recent studies show that using mid-
level (i.e. part or attribute) and high-level (i.e. responses of high-level classifiers)
feature representations can improve the performance. Learning over mid-level and
high-level feature representations (as opposed to using low-level features) can be
seen as a generic feature-representation transfer, because they restrict the search
space to a more semantically meaningful one with the help of previously learned
classifiers (e.g. part, attribute or category classifiers). One popular branch is repre-
senting the image by the responses of a set of attribute classifiers which are learnt in
a supervised fashion. This attribute-based representation is successfully employed
for object classification tasks (Farhadi et al, 2009, [Kumar et al., 2009, |Lampert and
Blaschkol 2009, [Yao et al., [2011). In a similar but unsupervised fashion, Torresani
et al.| (2010)) introduced the “classeme” descriptor (Rastegari et al., 2011, Torresani
et al., [2010) which is composed of boolean outputs of a set of non-linear object
classifiers that are learnt from images returned by text-based image search engines.
Building upon the attribute-based representation, Douze et al.| (2011) incorporated
Fisher vectors to the representation and proposed an efficient coding technique for
compressing the descriptor. Another branch is populating the features with the
responses of high-level classifiers (Li et al., 2010alb, |Song et al., 2011, Yao et al.
2011). |Li et al| (2010b) proposed to represent the image as a response map of a
large number of pre-trained generic object detectors, named Object Bank. Similar to

object bank representation, Yao et al.| (2011) used stacked responses of objects and
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human pose classifiers as a high-level feature for an action classification task. Song
et al.| (2011) proposed to improve object classification and detection in an iterative
fashion by harnessing the outputs of one task as high-level features for learning the

other task.

2.2.3 Model Based Transfer Regularization in SVMs

This section will discuss transfer regularization formulations which regularize the
newly learnt models with their distance to the existing source category models.
Initially we will start with the SVM formulation and gradually introduce A-SVM

and its variants.

Support vector machines are very powerful and popular tools for solving binary
classification problems. The main idea is to find the optimum hyperplane that
separates the positive samples from the negative ones by maximizing the margin
in the feature space. In the non-separable case, slack variables are introduced for
accommodating outliers. Let X = {z;}Y, be the training samples in the feature
space 7; € X, Y = {y;}I¥, be the corresponding binary class labels such that
y; € {+1,—1}, and N the number of training samples. Then the linear SVM

objective is as follows:
N
ming,, ||w|*+C Z max (0,1 — y;(w'z; + b)) (2.1)

where w is the normal to the separating hyperplane and the scoring function which

T

predicts the label of the test sample z; is f(z;) = sign(w'z;). The ||w||* term encour-

ages margin maximization and the other term, hinge loss (va max (0,1 — y;(w'z; + b))) :
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determines the location of the separating hyperplane by minimizing the misclassi-
fication error. The hyperparameter C' controls the tradeoff between margin maxi-

mization and hinge loss.

Model based transfer regularization formulations start with A-SVM ([Li, 2007,
Yang et al., 2007b) which was introduced for adapting SVM classifiers for new
domains. The key idea is to learn from the source model w® by regularizing the

distance between the learnt model w and w?®. The formulation is:
N
ming, |Jw—Tw’|]> +C Z max (0,1 — y;(w'z; + b)) (2.2)

where I is a scalar that controls the amount of transfer regularization, and C' controls
the weight of the loss function. Subsequently, Yang et al.| (2007a) used A-SVMs for
cross-domain video concept detection which aims to adapt concept classifiers across
various video domains. Tommasi and Caputo| (2009) applied A-SVM to the Least

Squares SVM framework:
N
Ming, ||w—Tw’|]* +C Z (yi — (W' + b))2 (2.3)

The main difference in this formulation is the use of squared loss instead of hinge loss.
Even though squared loss is more sensitive to outliers, it also provides an analytic
least square solution for the objective. Furthermore, it enables efficient leave-one-
out cross validation which is used for optimization of the hyperparameter I', the

amount of transfer. Later on, Tommasi et al.| (2010)) expanded their formulation for
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transferring from multiple source models:

M N
Mty |Jw — Z aiug||* + C’Z (yi — (w'z; + b))2 (2.4)

st:0< ;<1 o] <1

where u; are the source models, M is the number of available source models, and «
decides the weights of the source models that will be utilized for transfer regular-

ization. Similarly they used leave-one-out cross validation for optimizing a.

Duan et al. (2010)) proposed the Adaptive Multiple Kernel Learning (A-MKL), a
method that combines A-SVMs and DTSVMs, for a visual event recognition task.
In visual classification setting, Luo et al.| (2011) proposed another multiple source
transfer method using the responses of unconstrained prior models on the target
data. They also transferred from one multi-class classification problem to another.
Building upon the multiple source A-SVM model, [Kuzborskij et al.| (2013)
suggested updating the source classifiers as well while learning the target classifier

using a multiple source A-SVM approach.

2.2.4 Benefits of Transfer: Performance Metrics

The aim of transfer learning is to improve the performance of a target solution with
the help of already existing knowledge. It is especially effective when the target
instances are limited. Therefore the performance of a transfer method can be better
analysed when illustrated as a function of number of target instances used in the

learning process. (see Figure (Olivas et al., 2009, Tommasi, 2013)). Transfer
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Figure 2.5: The benefits of transfer learning. The three types of performance
improvement aspirations from transfer learning. The x-axis is the number of training
instances for the target problem. (figure from |Olivas et al.| (2009), Tommasi| (2013))).

learning can provide three types of performance improvements over learning from
the target data alone.

Higher start. Even with very few target instances, transfer approach performs

much better compared to learning from scratch.

Higher slope. The performance of transfer approach grows more quickly when

additional target instances are introduced to the learning process.

Higher asymptote: The final performance of the transfer method is superior to

the learning target problem alone.

These metrics will be taken into consideration while evaluating the performance

of the proposed transfer methods in the forthcoming chapters.

2.2.5 Multi-task Learning

Unlike transfer learning settings, where a transfer is performed from the existing

source knowledge to a target problem, multi-task learning (MTL) suggests to learn
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all the tasks simultaneously (Caruana |1997). Particularly when each task has very
small number of training instances, MTL performs significantly better than learning
each task alone. The underlying intuition behind MTL is to enforce task relatedness
while learning each task. Depending on how the task relatedness is encouraged, MTL

approaches can be divided into two main groups.

In the first group, classifier vectors are encouraged to be close to each other. This
relatedness can either be satisfied by minimizing the Frobenius norms of the classifier
vector differences (Evgeniou and Pontil, [2004} Liu et al., 2009, Parameswaran and
Weinberger, 2010), or by sharing a common prior (Daumé I11, 2009, |Lee et al., 2007,
Yu et al) [2005). One of the primary studies, regularized multi-task learning of

Evgeniou and Pontil (2004)), is given below:

T T N
Mily,w  A1]Jwol]® + Az Z ||w; — wol|* + Z Zmax(O, 1 — ylw/ at) (2.5)
t t i

where ! are the features, y! are the labels, and wy are the classifiers for the ' task;
wo is the shared common vector, T is the number of tasks and NN is the number
of training samples. The hyper parameters A\; and Ay control the trade-off between
regularization and data error as well as the penalization over the shared vector wy.
The proximity between tasks w; is achieved by applying relatively less penalization

on the shared vector wy.

In the second group, the model parameters are generated from a common latent
feature representation (Amit et al., 2007, |Ando and Zhang, 2005| |Argyriou et al.,
2006, 2008, |(Caruanal, 1997, [Harchaoui et al., 2012, Obozinski et al., 2010)). This

common latent representation is mostly induced by trace norm (nuclear norm) reg-
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ularization of the model parameter matrix where each column corresponds to the
parameters of a separate task. The general framework of these approaches is as

below:
T N
miny  A|[W]|. + Z Z maz (0,1 — ylw] 2t (2.6)
t

where W = [wy, ws, ..., wr] is the classifier matrix and ||[W]|, is the trace norm of
W (sum of the singular values of W, or l;-norm of the spectrum). Similar to [
norm inducing sparsity in the vectors, trace norm induces sparsity in the spectrum
of W hence encouraging low rank solutions of W. This induces similarity between
the tasks w; by enforcing them to lie on a smaller subspace spanned by the singular

vectors of W.

In traditional MTL settings, all tasks are equally enforced to be close to each other.
Another recent direction of research in MTL is to decide on relationships between
tasks (Kang et al., [2011, Kumar and Daumé III, 2012} |Zhong and Kwok, 2012) so
that different subgroups of tasks can be encouraged to be close with different weights

and unrelated tasks would not influence each other.

2.2.6 Transfer Learning for Object Category Detection

Although there exist many image classification papers performing transfer learn-
ing (Orabona et al., 2009, [Tommasi and Caputo|, 2009, Tommasi et al., 2010} Yang
et al., 2007b)), object detection papers are rather limited due to additional chal-
lenges that object detection poses such as proper alignment of training images for

detector training, prior to performing the transfer establishing correspondences be-



2.3 Datasets 26

tween source and target models by considering different sizes, aspect ratios and
matching viewpoints of detectors. Omne branch of papers adapts general person
detectors to the specific domains. For instance, Zhang et al. (2008) introduces a
Taylor expansion based adaptation method for person detection. Wang and Wang
(2011)) introduces a framework for adapting pedestrian detectors to traffic scenes,
and subsequently Wang et al| (2012) proposes a non-parametric detector adapta-
tion method for adapting general pedestrian detectors to video domain. |[Sharma and
Nevatia (2013) proposes an efficient adaptation procedure using random ferns. Jain
et al. (2011) adapts pre-trained cascade of face detectors to a specific photograph.
Transfer learning approaches across categories are rather scarce (Gao et al. [2012]
Lim et al.; 2011)). Lim et al. (2011]) borrow instances from the source classes and re-
weight them while learning a target object detector. |Gao et al.| (2012)) transfer local
correlation structures across object categories. |Salakhutdinov et al.| (2011)) learns to

share visual appearance for multi-class object detection in an MTL framework.

2.3 Datasets

2.3.1 PASCAL Visual Object Classification Dataset

PASCAL VOC dataset (Everingham et al., |2010b) consists of realistic daily life
images taken from Flickr (FLICKRYJ). Unlike caltech (Griffin et al., 2007) image clas-
sification dataset, in which the images mostly contain a single well-centred object
occupying the entire image, PASCAL VOC objects are scattered around the image,

may be occluded or truncated, and more than one categories might exist in the im-
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bottle plant train

Figure 2.6: Example images from the PASCAL VOC dataset. Note large
intra-class variation, and changing location and scales of the objects.

age. Intra-class variation is high and objects are viewed from multiple viewpoints.
This dataset is composed of 20 object categories organized in four major groups:
(a) Person: person, (b) Animal: bird, cat, cow, dog, horse, sheep, (c) Vehicle: aero-
plane, bicycle, boat, bus, car, motorbike, train, and (d) Indoor: bottle, chair, dining
table, potted plant, sofa, TV /monitor. Some example images from the dataset are
shown in figure Location and scale annotations are in the form of tight bound-
ing boxes around the object. Objects are also annotated by their pose, occlusion
and truncation properties. Four main poses exist namely left, right, frontal, rear
and each pose accepts up to £20 degrees separation from its canonical view. An
additional pose annotation, “unspecified”, is used for the objects which can not be
reliably assigned to one of the available poses or when the pose does not exist at
all (i.e. potted plant). This dataset is a challenging dataset and mainly used for

evaluation of object category classification/detection systems. Using this dataset,
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Figure 2.7: Example images from the ImageNet dataset. Illustration of two
specific synsets (i.e. husky and trimaran) and their classification in the taxonomy.
The top row is from the mammal sub-tree and the bottom row is from the vehicle
sub-tree of ImageNet (Deng et al., 2009).

object category classification/detection competitions are held annually for evalua-

tion of state-of-the-art systems (Everingham et al., 2010b). The dataset is organized

to training, validation and test data. Except for VOC2007 the test annotations are
not available and the methods are evaluated through an evaluation server. Most
of the experiments in this thesis are performed on PASCAL VOC2007 data which

contains 9,963 images and 24,640 annotated objects.

2.3.2 ImageNet Dataset

ImageNet (Deng et al., 2009) is a large-scale image dataset which built upon the

backbone of WordNet structure. WordNet is a large scale lexical database. It
contains nouns, verbs, adjectives and adverbs which are grouped into sets of distinct
concepts named as synsets. ImageNet focuses on the nouns of WordNet. It consists
of ~ 15M images collected for ~ 22K categories with an average of 500-1000 clean

and full resolution images per category. The objects in the images are mostly well-
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centred and dominated by the category which it is assigned to. Bounding box
annotations are also available for a subset of concepts (300-500 annotations for ~ 1K
concepts). Similar to WordNet the dataset is organized as a semantic hierarchy of
concepts. Some subgroups of the taxonomy is shown in the figure 2.7, This dataset
is used in large scale classification/detection competitions for identifying the state-

of-the-art large scale systems.



Chapter 3

Exploiting Models for Single

Source Transfer

Given a pair of source and target category detection tasks, this chapter focuses on
how to transfer between detector models. There has been considerable progress re-
cently in object category detection. Indeed, for certain types of object categories
and images (e.g. compact objects, typical viewpoints), discriminatively trained tem-
plate part-based detectors perform very well, and source code is freely available for
training and development (Felzenszwalb et al., [2010a). The negative though is that
current methods require training the detector from scratch for each new category —
a costly procedure which requires an adequate supply of positive and negative an-
notated data. For challenges like ImageNet (Deng et al., [2009) and beyond, where
the goal is thousands of categories, this procedure is not scalable for object category

detection.
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Figure 3.1: Transfer learning framework. A target category (i.e bicycle) with a
few samples is learned by building upon the source detector (i.e motorbike). Later
on tested for the target category.

As an alternative solution to tabula rasa (i.e. learning from scratch), that we inves-
tigate in this chapter, is to benefit from category detectors that have previously been

learnt for similar categories by transferring information to a new target category.

In particular, our objective is to apply transfer learning to the SVM discrimi-

native training framework for HOG template models of |[Dalal and Triggs| (2005)

and [Felzenszwalb et al. (2010a). Figure [3.1]illustrates the overall framework of our

transfer learning approach. The key intuition is that the learnt template records the
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Figure 3.2: The benefit of transfer learning. The learnt HOG detector template
for a motorbike (a) is used as the source for learning a bicycle template together
with the samples shown in (b). The resulting learnt bicycle HOG detector template
(c) clearly has the shape of a bicycle. Note, here and in the rest of the paper we
only visualize the positive components of the HOG vector.

spatial layout of positive and negative orientations. Classes that are geometrically
similar (e.g. a horse and a donkey) — those that can be ‘morphed’ into one another by
local deformations — will have correspondingly similar HOG templates. To achieve
this transfer in the target detector training, the previously learnt template is intro-
duced as a regularizer in the cost function. As illustrated in figures and
this enables a detector to be learnt for the target category using substantially fewer

samples than tabula rasa.

To this end, we introduce and compare three models, including a novel cost func-
tion for rigid template transfer and a geometric transfer model where the template
is deformed using local flow. All three models are defined by convex optimization
problems. We also show that the selection of training samples is critical but can be

determined by the source category for best results in the case of one-shot learning.

In the next section we define the problem, and then introduce three model transfer

methods for object detection building on an existing model transfer method of |Li



3.1 Model Transfer Support Vector Machines 33

(2007), [Yang et al.| (2007b)). In the experiments (section we compare transfer
learning models for both one-shot learning and multiple samples in the case of trans-
ferring from one category to another; and also investigate the case of specialization

from a class to a subordinate class.

3.1 Model Transfer Support Vector Machines

Suppose that we wish to detect an object category of interest, which will be referred
as the target category, and assume that we have a well trained detector for a visu-
ally similar source category. Then, the goal is to learn an object detector for the
target category by transferring knowledge from the source category detector with

the guidance of a few available samples of the target category.

We are concerned here with detection using a sliding window classifier in the
manner of Dalal and Triggs (2005). The classifier is linear and is specified by a

Tz, where z is the feature vector. Then

template vector w, with a scoring function w
the task is to learn w for the target category using a few positive training instances

x;, and the source category detector w?.

In the remainder of the section we introduce and motivate model based trans-
fer learning for support vector machines (SVM). Three variants will be defined:
Adaptive Support Vector Machines (A-SVM), a direct application of the classifier
transfer of |Li (2007)), Yang et al. (2007b); Projective Model Transfer SVM (PMT-
SVM) which relaxes the transfer of the A-SVM model; and Deformable Adaptive
SVM (DA-SVM), where the source template w® is geometrically transformed during

the learning.
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Figure 3.3: Visualization of the projection of the vector w onto w?®, and onto the
separating hyperplane orthogonal to w?®.

3.1.1 Adaptive SVM (A-SVM)

As it is already mentioned in the literature review (Li, 2007, |[Yang et al., 2007b),
the idea is to learn from the source model w?® by regularizing the distance between
the learned model w and w®. As usual, x; are the training samples, y; € {—1, 1} the
corresponding labels, and [(x;, y;; w,b) = max (O, 1—yi(wz; + b)) the hinge loss.

The objective function is:

N
_ : o 5|2 e
Ly = rglngw Fw?|| +CZl(xl,yz,w,b) (3.1)

where I' controls the amount of transfer regularization, C' controls the weight of the

loss function, and N the number of samples.

Discussion. We present a brief analysis of A-SVMs to motivate our second model.

Intuitively transfer regularization for an A-SVM is like a spring between ['w® and w,
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and is equivalent to providing training samples from the source class. The transfer
can also be understood by expanding the regularization term. Assume that w® is [,

normalized to 1 then

|w — Tw?®||* = ||w]|* — 2T'||w||cosf + T (3.2)

where ||Jw||* provides the ‘normal’ SVM margin maximization and —2T||w/||cosf in-
duces the transfer by maximizing cosf, i.e. by minimizing the angle # between the
w* and w as shown in figure 3.3} Note, that the transfer term ||w/||cosf is maximized

(and thus the cost minimized) when 6 = 0.

However, the term —2T'||wl|cosf also encourages ||w]| to be larger (as this reduces
the cost) and this prevents margin maximization. Thus I, which should define the
amount of transfer regularization, becomes a tradeoff parameter between margin

maximization and knowledge transfer.

3.1.2 Projective Model Transfer SVM (PMT-SVM)

Rather than transfer by maximizing the transfer term ||w||cosfl, we can instead
minimize the projection of w onto the separating hyperplane orthogonal to w® (and
thereby reduce 6, see again ﬁgure. In this approach, we can increase the amount
of transfer (I') without penalizing margin maximization. The objective function for

Projective Model Transfer SVM (PMT-SVM) is:
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N
Lpyr = milfl |w||® + T|| Pw]||* + C'Z U(xi, yi; w, b)

st oww >0 (3.3)

. . . . S ST
where P is the projection matrix P =1 — Zs‘T"ws, I' controls the amount of transfer
regularization, and C' controls the weight of the hinge loss. ||Pw|* = ||w]||*sin?0 is

the squared norm of the projection of the w onto the source hyperplane. ww?® > 0
constrains w to the positive halfspace defined by w®. As T'" — 0, (3.3) becomes a
‘classical’ SVM objective. Note that the formulation is convex and can be minimized

using quadratic optimization.

3.1.3 Transferring from a deformable source

Transfer regularization can also be performed by using a deformable source template,
where small local deformations are allowed for a better fit of the source template to
the target. For instance, the wheel part of a motorbike template can be increased
in radius and reduced in thickness for a better fit to a bicycle wheel (see figure |3.2)).
These small deformations provide more flexible regularization. Local deformations
are implemented by the flow of weight vectors from one cell to another, as described
in more detail in section The deformation is governed by the following flow

definition:
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M

T(w?); = Z fijwja

J

where 7 denotes the flow transformation, w? is the 4% cell in the source template,
the flow parameters f;; define the amount of transfer from the j cell in the source
template to the i" cell in the transformed template. Note that one source template

cell can contribute to multiple transformed template cells.

To generalize from the rigid A-SVM to deformable transfer formulation, w® in
(3.1)) is replaced with 7(w®) which gives the following Deformable Adaptive SVM
(DA-SVM) objective:

;W

N
Lpa = min [jw—D7(w®)|* + CZ[(XZ', yi; w, b)

+A (Z fhdi; + Z(l - fii)2d> (3.4)

i#£j )

where d;; is the spatial distance between the i*" cell and ;' cell, d is the penalization
for the additional flow from the i source cell to the i** target cell, and \ the weight

of the deformation.

Again, the hyper-parameter I' controls the amount of transfer. The additional

parameter A controls the deformability: high values of A make the model more rigid
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Figure 3.4: Bicycle classifiers learned using a motorbike classifier as the source
and with an increasing number of samples (1,3,6,9,20) from left to right. Note the
transition from a template that looks like a motorbike (left) to one that looks like a
bicycle (right). A-SVM method is used for learning.

so that the solution of (3.4]) approaches that of (3.1)), conversely small values allow

a very flexible source template with less regularization ability.

Discussion. The DA-SVM objective ({3.4) defines a convex optimization problem.
Even though the term |w — I'7(w®)||* may appear to be non-convex (due to the
product of the terms in f;; and wy), a short calculation shows that the Hessian

matrix is positive definite.

3.1.4 Introducing latent variables

In a similar manner to [Felzenszwalb et al. (2010a)), latent variables can be introduced
that specify the position and scale of the detection ROIs relative to the annotation
ROIs. As demonstrated in Felzenszwalb et al. (2010a) the introduction of latent
variables boosts the performance of the detector, because the training is no longer
adversely affected by variations in the annotation and can use each training sample
more fully. The disadvantage is that the complete optimization problem is no longer

convex.

In more detail, the optimization problem becomes Ljysens = min.cz(x) L, where L
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can be any of the model transfer objectives, Z(X) defines all possible bounding box
positions and scales of positive and negative samples, and z selects from these sets.
In brief, for positive samples z defines a better alignment and for negative samples
it defines the boxes that are more confused with positives and harder to classify as
negative. Even though Lj.en: is not convex, it becomes a convex objective function

when z is fixed, as all the transfer model objectives are convex.

3.2 Implementation details

HOG features. The features used are HOG (Dalal and Triggs, 2005) with the
extensions proposed by [Felzenszwalb et al. (2010a)) and using their source code.
Each HOG cell is represented by a 32 dimensional vector. The feature vector x
thus has dimension 80 x 32. As in [Felzenszwalb et al.| (2010a) we use a 8 x 10
arrangement of HOG cells. The transfer experiments are based only on the root
filter of Felzenszwalb et al. (2010a) without parts. Most of the experiments use a

single component, but multiple components are used in section [3.3.1.3|

Flow. The weight vector w corresponds to the grid of M = 80 HOG cells tiled in
a rectangle, with each cell represented by a D = 32 dimensional vector (so w has
dimension M x D). Write h; for the D dimensional part of w corresponding to the
HOG cell j (so that w is a concatenation of M vectors h;, j =1...D). The flow is
restricted to act on the entire vectors h;, as ) ; Jijhy Le. it does not mix components

of the cell vectors. This is a simplification that could be removed if necessary.

Training. We are provided with a training set of annotated images with tight

bounding boxes around each positive instance (see section [3.3)). During training,
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we switch between optimizing latent variables (bounding box positions and scales
of positive and negative samples) and SVM objectives. The SVMs are trained ei-
ther via quadratic programming using the MOSEK (Mosek: Optimization Toolkit],
2010) optimization toolkit, or via stochastic gradient descent using the VLFeat li-
brary (Vedaldi and Fulkerson, [2008)). In other respects (alternating for latent vari-
ables etc) the training follows that of |[Felzenszwalb et al.| (2010al), and in section

we show that we obtain a similar performance to Felzenszwalb et al.| (2010a)).

3.3 Experiments

As it is mentioned in section [2.2.4] transfer learning can provide three types of
performance improvements over learning from the target class alone (see Figure
2.5): (1) higher start, (2) higher slope,(3) higher asymptote. The experiments are

designed to see which of these are achieved by the model transfer methods.

There are two types of experiments: (i) inter-class transfer where the transfer
is from one category to another; and (ii) specialization where the transfer is from
superior class to subordinate (e.g. from a generic quadruped category to a specific

category).

The evaluations are performed on the PASCAL VOC 2007 dataset Everingham
et al.| (2007). The training and validation sets are used to learn the detector, and
the performance is reported as average precision (AP) on the test set using the
standard PASCAL procedure and evaluation software. For efficiency purposes, we
also select a smaller test subset referred as PASCAL-500 which consists of all the

positive samples of the target class and a random selection of other images up to



3.3 Experiments 41

500. The complete test set is referred as PASCAL-COMPLETE.

For most of the experiments we restrict the training to side views of the categories
horse, sheep, cow, motorbike, and bicycle. These are obtained directly from the
VOC data using the pose attributes provided in the annotations. In the training
only side facing objects are used and the obtained filter is always facing left (i.e
right facing samples are mirrored before training). Table gives the number of
side facing positives in the training and test sets for each class. In section we
lift the restriction of side view samples and use all the views for training multiple

component models.

Evaluations are performed using two different procedures: (i) pascal-default, and
(i) pascal-side-only. The pascal-default case is the PASCAL VOC (Everingham
et al 2007) evaluation procedure including all views. In pascal-default evaluations,
while obtaining detections we also use the mirrored version of the side facing detec-
tor. In the pascal-side-only case, only the left side view ground truth of test samples
is used for evaluation and true detections of other poses belonging to the target class

are not counted towards AP computation.

The hyperparameters C', I' and A are learned on the validation set. C'is fixed to

0.002 for all the experiments.

Baseline detectors.

The baseline detectors are SVM classifiers trained directly on positive samples
without any transfer learning. These classifiers provide the source models in the
transfer experiments, and also establish the performance that can be achieved for the
target class if all the positive samples of that class are used for training. Other than

the learning procedure, the baseline is essentially the same as the discriminatively
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Categories #p-os. samples Felzenszwalb et al.| (2010a) | Base. SVM
train | test

horse 45 53 40.1% 44.6%

sheep 45 43 30.7% 37.1%

cow 38 41 24.9% 21.5%

bicycle 62 76 50.1% 59.0%

motorbike 36 57 38.1% 33.8%

Table 3.1: The comparison of the average precision (AP) results obtained from
baseline SVM and Felzenszwalb et. al. [Felzenszwalb et al. (2010a) without parts
for the pascal-side-only object detection task on PASCAL-COMPLETE test set.

trained detector of Felzenszwalb et al.| (2010al) with only the root filter (no parts),
and we compare to this method using the code provided by the authors. As shown
in table [3.1| the baseline has very similar performance to |Felzenszwalb et al. (2010a))

(if not better). This establishes the state of the art performance for this dataset.

3.3.1 Between category transfer

In these experiments we investigate two cases: learning a bicycle classifier by trans-
ferring from the motorbike classifier, and learning a horse classifier by transferring
from the cow classifier. We discuss first one shot learning, i.e. learning from a single

positive sample of the target class, and then multiple shot learning.

3.3.1.1 One Shot Learning

The one shot learning scenario investigates the higher start aspect of transfer learn-
ing benefits (see figure . Given a single positive target class sample, we compare
four learning methods: learning from the given positive sample only (baseline SVM),

rigid transfer using A-SVM and PMT-SVM, deformable transfer using DA-SVM.
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Evaluations are conducted on the PASCAL-500 test set using the pascal-side-only
evaluation procedure. The experiments are performed for each training sample of

the target class separately.

We explore the scenario where many samples of the target class are available,
and we wish to pick the best one in order to gain the maximum performance from
single shot learning. In order to see how these four methods respond to varying the
quality of the samples, the training samples are ranked using the source classifier.
A few examples from high ranked, medium ranked and low ranked bicycle images

are displayed in figure (3.5

The results for one shot learning are presented in tables and 3.3l The APs are
averaged over the samples from each quality group, namely: high ranked, medium
ranked and low ranked. For all the samples, model transfer methods significantly
improve over the baseline SVM which shows that the transfer models enjoy the
high start benefit. For the high ranked samples, model transfer methods improve
approximately 15% over the baseline SVM on both the bicycle and horse detection
tasks. The improvement over baseline SVM is around 20% for medium ranked
samples in both tasks. On the low ranked samples the baseline SVM is increased

from 7% to 21% in horse detection, and 14% to 42% in bicycle detection.

For high ranked samples both PMT-SVM and A-SVM have similar performances.
For medium ranked samples PMT-SVM outperforms A-SVM. In general we expect
PMT-SVM to outperform A-SVM, as argued in section 3.1 Experimentally, clas-
sical SVMs tend to have a very small ||w]|| for one positive sample models. But
we observe that A-SVM models trained with one positive sample have relatively

larger (almost ten times larger) w vectors. This is due to the transfer term which
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doesn’t let w reduce further after a certain value. This problem is rectified in the
PMT-SVM model. Note, that PMT-SVM performs much better using some of the
medium ranked samples than using high ranked samples. The explanation is that
probably these medium ranked samples are closer to the target hyperplane, and
this contributes more to the learning procedure than the high ranked ones. For the
low ranked samples, which are either highly occluded, blurred or distorted, A-SVM
clearly outperforms PMT-SVM. We conclude that PMT-SVM is highly sensitive to
bad (low ranked) samples. DA-SVM performs very similarly to A-SVM for all the

samples.

To our knowledge there is no previous work on how to select or weight samples of
the target class while performing transfer learning. Under the assumption that the
source class is visually similar to the target class, ranking samples with the source
detector provides an idea about the quality of available samples. Note, the ranking
of samples using the source and full target (i.e. trained with all available samples)
classifier has 50% overlap in the top 15 samples, and 66% overlap for the last 15
samples. This source ranking can help during the sample selection or weighting of the
samples for transfer learning. Since bad samples clearly deteriorate the performance
(see table and , low scored samples either should be removed or at least

should be assigned small weights.

3.3.1.2 Multiple shot learning

For the experiments we use a fixed (but random) ordering for four learning meth-
ods: target samples only, transfer from the rigid source template using A-SVM and

PMT-SVM, and transfer from the deformable source template using DA-SVM. Each
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| Ranks | Base. SVM | A-SVM | DA-SVM | PMT-SVM |

01-15 | 40.5 £07.2 | 53.9 £ 04.2 | 53.7 £ 04.3 | 53.5 £ 05.7
16-30 | 33.0 £ 13.5| 52.5 £ 083 | 51.9 £ 08.8 | 54.7 + 05.7
31-45 1264 +£13.3| 471 £07.3 | 471 £ 07.6 | 48.5 + 08.7

46-60 | 14.0 £ 09.3 | 42.4 £ 03.7 | 42.5 £ 04.2 | 27.8 + 11.3

Source: motorbike(44.7%), Target: bicycle(70.1%), Test-set: PASCAL-500,
Test-procedure: pascal-side-only
In all the tables, test configuration information is given similar to the line above, the values for the source and
target are the AP scores of the source(i.e. motorbike) and full target(i.e. bicycle trained with all available samples)
detectors on the target task.

Table 3.2: Average Precision (AP) comparison of baseline and transfer
SVMs on the one shot learning task. Models are learned using one sample of
bicycle class and the motorbike classifier as the source. The top row displays the av-
erage AP results using one of the top 15 (high ranked) samples ranked by the source
classifier. Next rows display the next 15 in the ranking. Note the tremendous boost
obtained by the transfer method compared to the base SVM (without transfer).

| Ranks | Base. SVM | A-SVM | DA-SVM | PMT-SVM |

01-15 | 15.0 £ 08.0 | 30.2 £04.0 | 30.3 £ 03.5 | 30.1 £05.4
16-30 | 072 £04.1| 27.0 £04.2 | 27.0 £ 04.3 | 27.7T £ 07.1

31-45 | 07.2 £08.2|24.1 £ 06.0 | 23.8 £05.9 | 11.9 £ 10.3

Source: cow(26.1%), Target: horse(60.2%), Test-set: PASCAL-500,
Test-procedure: pascal-side-only

Table 3.3: AP comparison of baseline and transfer SVMs on the one shot

learning task. Models are learned using one sample of horse class and the cow
classifier as the source.
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|

‘ Base. SVM ‘

A-SVM

|

DA-SVM

| PMT-SVM |

i
1
2
3
4
5

05.2 &£ 05.6
09.0 £ 07.7
18.9 + 10.9
24.7 £ 12.2
28.7 £ 09.5

23.6 £ 02.9
32.3 £ 03.9
34.7 £ 05.5
37.1 £ 04.5
37.7 £ 06.6

24.1 £ 03.2
32.4 + 04.9
35.0 £ 04.7
37.7 £ 04.0
37.9 £ 064

2271 £ 12.1
34.3 £ 07.3
36.0 = 10.5
35.0 £ 05.6
34.8 £ 06.9

Source: cow(26.1%), Target: horse(60.2%), Test-set: PASCAL-500,
Test-procedure: pascal-side-only

(a)

[#[Base. SVM| A-SVM | DA-SVM | PMT-SVM |
1[26.9 = 11.2] 51.3 £ 045 | 49.9 £ 05.1 | 54.9 £ 04.0
2 |48.4 + 05.0|55.5 £ 05.8 | 55.2 = 05.1 | 55.4 £ 06.0
3469 £11.0| 542 £07.1 | 54.1 £ 06.7 |56.4 + 06.9
41482 £ 09.5|56.0 + 08.5 | 55.4 + 07.3 | 54.2 % 06.0
5|52.5+ 09.1] 58.1+06.5 |58.7 + 05.6 | 56.8 £ 06.4

Source: motorbike(44.7%), Target: bicycle(70.1%), Test-set: PASCAL-500,
Test-procedure: pascal-side-only

(b)

|

|Base. SVM | A-SVM | DA-SVM | PMT-SVM |

i
1
2
3
4

5

26.9 £ 11.2
48.4 + 05.0
46.9 £+ 11.0
48.2 + 09.5
52.5 £ 09.1

06.0 £ 09.4
26.4 + 05.0
33.3 £ 12.7
36.3 &+ 14.7
454 £ 13.0

06.2 £ 09.3
27.8 £ 054
33.5 £ 12,5
36.0 + 14.3
45.5 £ 134

27.8 £ 08.1
50.0 = 06.0
51.4 + 12.9
51.1 £ 12.7
56.0 + 09.3

Source: horse(00.9%), Target: bicycle(70.1%), Test-set: PASCAL-500,
Test-procedure: pascal-side-only

(c)

Table 3.4: AP results of baseline SVM and model transfer methods. Trans-
fers are performed (a) from cow to horse, (b) from motorbike to bicycle, and (c)
from horse to bicycle (negative transfer). Leftmost column displays the number of
positive samples used for learning. In this, and all the following tables and figures,
the experiments are performed five times with different randomized orderings of the
positive samples.
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Figure 3.5: Examples of ranked bicycle samples using the motorbike detec-
tor. Top row: examples from the high ranked (top 15) samples which are generally
not occluded, clean and clearly side facing; middle row: the middle ranked (other
than top or last 15) samples which are mainly clear, might have small occlusion and
viewpoint distortions; and bottom row: the low ranked (last 15) samples which are
either highly occluded, blurred or not good representatives of side facing class.

experiment is repeated 5 times with a different random order. The APs are averaged
for each number of samples. The average removes any idiosyncrasies due to partic-
ularly good or bad samples turning up early in the training. These fluctuations in
AP can be seen in the standard deviations of the results given in table [3.4] The

transition of the learned template is illustrated in figure (3.4

As is clear from table transfer from the source class using A-SVM, DA-SVM
and PMT-SVM performs significantly better than the baseline SVM, especially for
a small number of positive samples. Note that the standard deviations of all three
methods are smaller than the baseline SVM, showing that the idiosyncrasies due to

good and bad training samples are better tolerated. As the number of positive sam-



3.3 Experiments 48

ples increases, the improvements from transfer learning methods over the baseline

decreases.
Number of Test-procedure: pascal-side-only Test-procedure: pascal-default

Samples Base. SVM | A-SVM DA-SVM Base. SVM | A-SVM DA-SVM
1 09.3 £+ 08.8 28.4 £ 08.1 28.7 + 08.2 07.0 £ 04.4 14.9 + 02.5 15.3 + 02.5
3 34.2 £ 11.5 40.9 + 06.1 42.1 + 05.7 18.6 £ 05.2 20.1 + 02.7 20.6 + 02.4
5 41.9 £ 05.9 473 £04.4 48.3 + 03.6 22.7 £ 02.1 24.0 £ 01.7 24.5 + 01.6
7 44.0 £ 09.9 48.8 + 08.4 49.1 + 07.6 24.7 + 04.5 25.2 + 03.1 25.5 + 03.4
10 49.9 + 054 52.0 £ 05.9 | 52.0 + 05.2 27.1 + 02.3 27.0 £+ 02.0 27.3 £ 01.7
15 55.9 + 06.8 56.0 4+ 03.8 57.0 + 04.7 29.6 + 01.9 29.9 4+ 01.2 30.2 + 01.0
20 55.2 + 03.5 57.0 + 03.3 58.0 + 01.9 30.1 + 01.2 31.0 £+ 00.9 31.1 + 00.8
30 57.9 &+ 02.0 59.0 £+ 01.6 60.3 + 02.0 30.7 £ 01.4 31.5 £ 01.3 31.5 + 01.3
50 58.9 + 01.3 60.2 + 01.5 | 59.5 + 00.9 31.6 + 00.9 32.3 + 00.5 | 32.2 + 00.7

Source: motorbike(pascal-side-only:16.9%, pascal-default:13.2%), Target: bicycle(pascal-side-only:59.0%,
pascal-default:32.5%), Test-set: PASCAL-COMPLETE

Table 3.5: AP results of baseline SVM and model transfer methods for the bicycle
detection task.

# of Samples 3 5 8 10 13 15
Base. SVM 10.0 + 0.8 13.7 £ 4.9 16.6 + 6.0 16.9 £ 5.7 20.5 + 4.4 23.4 + 6.5
A-SVM 11.9 + 1.8 | 144 + 4.2 | 17.7 + 4.0 | 21.9 £+ 3.0 | 22.2 £+ 3.2 | 25.5 £ 5.0
# of Samples 18 20 23 25 50

Base. SVM 27.8 £ 4.7 | 28.0 4.3 | 284 +31 |29.8+£ 5.0 36.4 + 3.4

A-SVM 26.0 £+ 3.3 28.0 + 3.7 | 29.7 + 2.0 294 £ 2.2 339 +19

Source: motorbike(11.9%), Target: bicycle(46.6%), Test-set: PASCAL-COMPLETE, Test-procedure:
pascal-side-only

Table 3.6: AP results of multiple component baseline SVM and A-SVM for bicycle
detection task. For A-SVM, the transfer is performed from a multiple component
motorbike classifier.

As can be seen from table [3.4, PMT-SVM works better for a small number of
samples (1-2-3). In table[3.4]a), one sample PMT-SVM appears worse than A-SVM.
In fact, this is caused by one of the orderings where a bad sample is introduced.
When we remove that ordering and average the other 4 orderings, for the one sample
case, PMT-SVM clearly outperforms A-SVM, with performance 28.12% to 24.64%,
respectively. This incident also shows that PMT-SVM is good for one shot learning
but it is highly sensitive to sample quality. PMT-SVM also doesn’t perform well

with large number of samples, probably caused by the introduction of bad samples.



3.3 Experiments 49

Gao et al.|(2012) stated that the “good detectors” share certain low-level statistical
properties and these properties can also be transferred while learning the new detec-
tor even though the source is not from a visually similar class (e.g. transferring from
bicycle to horse class). Transfer is performed by enforcing certain covariance struc-
ture in the newly learnt detector. Another way of looking at the same problem is
learning detectors in a decorrelated space, in other words, instead of using the covari-
ance matrix for regularizing the learnt detector we can also use it for transforming
the feature space, i.e. decorrelation, and learn the detector in the new feature space.
In order to see if the transfer is caused by low-level statistics or high level properties
that are shared by the source and target classes we also performed experiments for
transferring from unrelated classes. This setting is named as negative transfer where
we learn a bicycle classifier using a horse classifier as the source. As can be seen from
table [3.4[c) A-SVM and DA-SVM perform worse than the baseline. The deterio-
ration of A-SVM and DA-SVM showed that these methods are not very successful
for transferring low-level statistical properties. However PMT-SVM still manages
to perform some boost over the baseline SVM, which shows that this weaker but
flexible model can transfer some low-level statistics at the coarse (objectness) level.
Even though transferring from an unrelated class resulted in some improvement,

transferring from a visually similar class performed substantially better as opposed

to an unrelated class (see table [3.4)).

As another type of baseline for the transfer experiments, we include the perfor-
mance of the source classifier (without transfer) for detecting the target category.
This measures the confusion between the two categories. As shown in table [3.4
if more than 1 positive sample is used then the transfer methods outperform the

source classifier for the target category detection.
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Figure 3.6: AP comparison between baseline SVM and model transfer methods on
bicycle detection task.

We also evaluated A-SVM and DA-SVM using a larger scale of positive samples
on the PASCAL-COMPLETE test set (see table[3.5 and figure[3.6). In all the cases
A-SVM and DA-SVM perform better that the baseline SVM. DA-SVM is superior

to A-SVM except for the 50 samples case.

In summary, the results show a significant improvement through transfer learning

in terms of higher start and higher slope (refer to figure [2.5).
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3.3.1.3 Multiple shot learning with multiple components

These experiments are conducted on classifiers trained with multiple components
(aspects) (similar to Felzenszwalb et al. (2010a)). We compare two methods: base-
line SVM, a classifier with multiple components for the root filter learned from the
positive samples only; and A-SVM, a multiple component classifier learned by trans-
ferring from a multiple component source classifier. The experimental settings are
as above using the PASCAL-COMPLETE test set, except now, in training, positive
training samples are selected from all poses (not just those of the side views). A
model with two distinct components (corresponding to four components once mir-
rored) is used for the source and the target classifiers. Transfer is performed from

the motorbike class to bicycle class.

In the transfer training, each positive training sample is assigned to one of the com-
ponents of the source classifier, depending on the score of the sample obtained from
the source components. Then training is performed in a similar fashion to |Felzen-
szwalb et al.| (2010a) except we use transfer SVM training instead of classical SVM
training. Similarly to the other transfer experiments, transfer methods achieve a
good performance, improving over the classical SVM training, particularly for a
small number of samples (see table . The boost gradually decreases when we

increase the number of samples.

3.3.2 Specialization: superior to subordinate transfer

These transfer experiments are conducted on the horse, cow and sheep categories of

PASCAL VOC 2007. A ‘quadruped’ category detector is trained from 100 randomly
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Number of Test-procedure: pascal-side-only Test-procedure: pascal-default
Samples Base. SVM | A-SVM DA-SVM Base. SVM | A-SVM DA-SVM

1 03.6 + 03.8 21.2 + 05.5 | 20.9 + 05.6 03.6 + 03.6 11.5 + 04.0 | 11.3 + 04.5
3 14.3 £ 07.6 29.7 + 06.0 | 29.2 + 06.0 10.3 £+ 02.6 14.5 + 03.2 | 14.2 + 03.4
5 20.0 = 09.0 30.9 + 04.3 31.5 £ 03.9 || 10.6 £ 01.8 13.8 + 03.3 | 13.6 = 03.0
7 25.0 + 07.3 32.6 £ 04.7 | 32.1 £ 044 12.7 £ 02.0 15.2 + 03.4 15.3 + 03.0
10 29.9 + 04.3 35.3 £ 03.0 36.6 + 02.8 || 13.8 £ 03.3 16.0 £ 01.8 16.2 + 01.7
15 35.9 + 05.7 37.8 £ 05.6 | 37.2 £ 04.7 14.6 £+ 02.4 16.0 £ 02.8 16.1 + 02.7
20 40.1 £ 02.8 40.4 + 03.3 | 40.3 £ 02.9 16.6 + 01.1 17.6 + 01.0 | 17.6 + 01.0
30 45.8 £ 02.6 43.6 + 03.5 42.9 + 03.1 19.9 + 00.9 19.9 + 01.4 | 19.8 + 01.9
50 47.1 + 02.3 454 + 01.3 44.0 + 01.0 21.1 + 01.5 20.6 + 00.8 20.8 4+ 00.4

Source: quadruped(pascal-side-only:15.4%, pascal-default:07.9%), Target: horse(pascal-side-only:44.6%,

pascal-default:22.3%), Test-set: PASCAL-COMPLETE

Number of Test-procedure: pascal-side-only Test-procedure: pascal-default
Samples Base. SVM | A-SVM DA-SVM Base. SVM | A-SVM DA-SVM

1 03.9 + 05.0 12.1 £+ 03.1 12.6 + 03.3 || 04.9 £+ 04.1 10.6 + 02.3 | 10.6 + 02.5
3 03.5 + 03.9 12.3 + 05.9 | 12.1 + 05.8 07.2 + 03.1 10.4 + 03.5 | 10.3 £+ 03.7
5 07.1 + 05.8 13.2 + 04.2 | 13.1 + 04.0 07.0 + 03.2 09.1 £+ 02.5 | 08.7 £ 02.7
7 08.4 + 06.1 12.7 £ 04.9 12.8 + 05.2 || 06.8 £ 03.4 09.5 + 03.1 09.6 + 03.3
10 10.8 £ 07.0 14.7 + 04.6 | 14.5 + 04.5 08.4 + 02.7 10.0 + 02.2 | 09.7 + 02.5
15 14.0 £+ 03.0 15.0 + 04.5 | 14.7 + 03.6 10.9 £+ 01.2 10.8 £+ 02.1 10.6 £+ 01.8
20 13.6 £ 04.7 16.1 £ 03.2 16.2 + 03.5 || 11.6 + 02.5 11.3 £ 00.9 11.1 £ 01.6
30 17.0 £ 03.4 17.8 + 02.9 | 17.8 + 02.1 || 12.4 + 01.7 11.7 £+ 00.6 11.5 £+ 00.6
50 21.7 + 00.0 18.7 £ 00.0 18.5 £ 00.0 12.6 £ 00.0 11.8 £ 00.0 13.3 + 00.0

Source: quadruped(pascal-side-only:08.1%, pascal-default:07.1%), Target: cow(pascal-side-only:21.5%,
pascal-default:14.9%), Test-set: PASCAL-COMPLETE

Table 3.7: AP results of baseline SVM and specialization using model transfer meth-
ods for the horse and cow detection tasks.

selected examples from the horse, cow and sheep categories. It is then specialized
to one of those categories by transfer learning using the model transfer methods.
We omitted PMT-SVM since it doesn’t perform well for a large number of samples.

The experimental settings and procedures are the same as multiple shot learning

experiments on PASCAL-COMPLETE test set.

Table [3.7] shows that specializing from the quadruped class to a subordinate class
using model transfer again gives a significant performance improvement over the
baseline SVM, especially for a small number of positive samples. Occasionally,
using a large number of samples the baseline SVM can perform better than transfer

methods. In our experiments the transfer parameter I' is fixed, decreasing I' when we

have large number of samples would solve the problem, since our models converges
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to the classical SVM formulation when I' — 0.

Discussion. The benefits of training a superior class (quadruped in this case)
are that the training samples can come from multiple subordinate classes. This
is similar to the case of attribute training. Indeed the superior class need not
involve any training from the target class. However, we are restricted here in using
PASCAL VOC —since there are so few categories it is not possible to train a superior
class without also including all subordinate classes. Nevertheless, the benefit of

specializing by transfer learning is well demonstrated.

3.4 Conclusions and Future Work

Almost all object category detection methods to date learn the classifier from scratch
— tabula rasa. We have proposed a straightforward modification of the learning ob-
jective function which retains the benefits of (i) convexity, (ii) optimization methods
honed to the special structure of an SVM, and also brings the benefit of learning
with fewer training samples. The model transfer methods can act as a ‘power-boost’

plug-in to any SVM training scheme.

There are a number clear extensions to the model: (i) So far the transfer learning
has been applied to the root filter and multiple component scenario of [Felzenszwalb
et al. (2010a), the next step is to extend it to multiple parts. (ii) So far a single
feature type has been used, but the model can also be extended to multiple features,

such as are used in [Vedaldi et al.| (2009).
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3.5 Impact

The work described in this chapter was published in ICCV 2011 with the title
“Tabula rasa: Model transfer for object category detection”, and it is one of the
first published studies on transfer learning applied to object detection. In the past
two years, as of September 2013, it has been cited in 23 articles according to Google
Scholar, a search engine for academic publications. Being inspired from our work,
Gao et al.|(2012) suggested an alternative model transfer method that transfers local
structured priors obtained from HOG templates. The models introduced in this
chapter are also used in image classification. [Kuzborskij et al.| (2013) applied PMT-
SVM to one-versus-all multiclass classification settings where the transfer is applied
from one mutli-class problem to another. |Donahue et al.[(2013)) expanded our PMT-
SVM method by incorporating a manifold regularization method and applied it to

multi-category classification in multi-view data and object detection in videos.



Chapter 4

Multi-Source Part Level Transfer

for Exemplar SVMs

Content based image retrieval (CBIR), the problem of searching digital images in
large databases according to their visual content, is a well established research area in
computer vision. In this work we are particularly interested in retrieving subwindows
of images which are similar to the given query image, i.e. the goal is detection rather
than image level classification. The notion of similarity is defined as being the same
object class but also having similar viewpoint (e.g. frontal, left-facing, rear etc.).
A query image can be a part of an object (e.g. head of a side facing horse), a
complete object (e.g. frontal car image), or a composition of objects (visual phrases
as in [Sadeghi and Farhadi (2011)), e.g. person riding a horse). For instance, given
a query of a horse facing left, the aim is to retrieve any left facing horse (intra-

class variation) which might be walking or running with different feet formations
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(exemplar deformation).

Recently exemplar SVMs (E-SVM) (Malisiewicz et al., 2011), where an SVM is
trained with only a single positive sample, have found applications in the areas of
CBIR (Shrivastava et al., 2011) and object detection (Malisiewicz et al., [2011]).
Since the E-SVM is trained from a single positive sample (together with many
negatives), it is specialized to that given sample. This means that it can be strict
(on viewpoint for example), and the negatives give some background suppression.
However, the single positive is also a limitation: only so much can be learnt about the
foreground of the query (and this can lead to false detections), and more significantly
it can lead to lack of generalization. In our context, generalization refers to intra-
class variation and deformation whilst maintaining the viewpoint. Learning such
generalization from a single positive is challenging given the lack of examples of

allowable deformations and intra-class variation.

In this work we propose a transfer learning approach for boosting the performance
of E-SVMs using part-like patches of previously learned classifiers. The formulation
softly constrains the learned template to be constructed from classifiers that have
been fully trained (i.e. using many positives). For instance, the neck of a horse can
be transferred from the tail of an aeroplane (see figure 1)), or a jumping bike can
borrow part of wheel patches from regular side facing bike or motorbike classifiers
(see figure . The intuitive reason behind borrowing patches from other well
trained classifiers is that these classifier patches bring with them a better sense of
discriminative features and background suppression. The classifier patches also bring
some generalization properties which an E-SVM may lack because it is only trained

on a single positive sample. The result of the transfer learning is an enhancement
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Finding Similar Classifier Patches

exemplar svm . 1

Figure 4.1: Overview of the EE-SVM learning procedure. The box on the
right shows mining classifier patches from existing classifiers by matching subparts
of E-SVM trained from the given query image. Comparing E-SVM and EE-SVM,
better suppression of the background can be seen from the visualized classifiers.
Note, here and in the rest of the chapter we only visualize the positive components
of the HOG classifier.

of background suppression and tolerance to intra-class variation. However, these

enhancements incurs no (significant) additional cost in learning and testing. We

term the boosted E-SVM, Enhanced Exemplar SVM (EE-SVM).

We describe the relation with the prior work in section [4.1} then introduce the
enhanced E-SVM in sections and [£.3] and give a quantitative and qualitative
evaluation in section .5l Although it might be feared that judging the quality
of retrieval results will be very subjective, we show that available annotation and

measures from PASCAL VOC (Everingham et al.; 2010b) can be used for this task.
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4.1 Relation to Prior Work

Certainly, a possible solution for improving the E-SVM generalization would be
transfer learn on the complete classifier (i.e. use the entire template, see chapter [3)).
However this requires a visually similar classifier trained with the same object class,
pose, scale and aspect ratio to transfer from. With the help of part level transfer,
these constraints become less problematic due to the facts that (i) parts can be
relocated, (ii) the possibility of finding a good match for transfer increases when
we look at smaller classifier patches. Deformable transfer (described in chapter 3))
of the complete classifier level would be another alternative solution, however we
observed little significant boost over simpler rigid transfer. EE-SVM approach can

also be viewed as a deformable transfer considering that parts are being relocated.

Another line of work, that utilizes shared parts across different classes, builds upon
the observation that the classes share some common visually coherent substructures,
such as wheels, feet, heads, etc. [Torralba et al.| (2004) introduced a method for
sharing small patch oriented templates in a boosting framework, and Opelt et al.
(2006)) extended this approach to shared boundary fragments. [Fidler et al. (2009)
explored the shareability of features among object classes in a generative hierarchical
framework. |Stark et al.| (2009) proposed a method for transferring part-like shape
features through explicit migration of model parameters for each part, however
this transfer is manual at the moment. Ott and Everingham! (2011) introduced
part sharing across classes for object detection in the framework of discriminatively
trained part-based models (Felzenszwalb et al. 2010a). In a slightly different way,
our work uses the notion of parts as patches of classifier templates. These patches

are mined from a set of previously learned classifiers depending on the quality of
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match with the subparts of a E-SVM template.

The proposed approach is mainly described from the transfer learning perspective,
however it has very strong relations to the line of work that focuses on enriching the
image descriptors with the responses of mid-level and high-level classifiers (Farhadi
et al.l 2009, Kumar et al., 2009, [Lampert and Blaschko, 2009} |Li et al., 2010a}b,
Song et al. 2011} [Yao et al 2011). All these approaches either replace or augment
the original low-level descriptor with the outputs of higher level classifiers. The
proposed method also employs a similar augmentation scheme, however we augment
the feature vector with the responses of previously learned classifier patches which
are selected and relocated based on the quality of match with an E-SVM template

learned from the query image.

Combining these two views of the proposed method constructs an equivalence
between transfer regularization and feature augmentation. We explicitly prove this

equivalence and discuss its implications in chapter [5

4.2 Enhanced Exemplar SVM

This section discusses the E-SVM formulation and introduces the enhanced E-SVM

objective. The formulation of the E-SVM (Malisiewicz et al. 2011)) is:

N
ming, A|w]* + Z max (0,1 — y;(w'z; + b)) (4.1)
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query image

Figure 4.2: Two limits of EE-SVM from reconstruction(y = 0.01) to E-
SVM(~ = 10). Learned EE-SVM templates with varying - values are displayed. A
is fixed to 1.

where A controls the weight of regularization term, w is the classifier vector, b is the
bias term, x; and y; are the training samples and their labels, respectively. Note
that there is only one positive sample in the training set and its error is weighted
more (50 times in Malisiewicz et al. (2011)) than the negative samples. In order to
simplify the formulation, different weightings of positive and negative samples are

not explicitly shown.

In enhanced E-SVM, part based transfer regularization is incorporated to the E-

SVM formulation. The objective is:

M M N
MiNype  A||w — Z o ||* + ’yz ol + Zmax (0,1 —ys(wTa; +b))  (4.2)

st:a; >0, Vi

where A\ and v controls the balance between the two regularization terms as well
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as the tradeoff between error term and regularization terms. wu;’s are the classifier
patches cropped from source classifiers and relocated on a w sized template padded
with zeros other than the classifier patch (see Figure , and «;’s are transfer
weights. As «;’s are the reconstruction weights on u;’s and negative use of a part
is not possible, non-negativity constraints are imposed on «;’s. Note that given a

fixed set of u;’s the formulation is convex.

The two limits of this formulation are E-SVM and reconstruction from the classifier
patches. As v — oo, since «;’s will be forced to be zero due to infinite penalization,
wa a;u; will be a zero vector and converges to the E-SVM formulation .
As A — oo, w will be forced to be equal to ZZM a;u; and thus it will be forced to be
constructed as a weighted combination of u;’s. Therefore by tweaking A\ and ~ we
can obtain a midway solution between E-SVM and reconstruction from the other
classifiers. Figure [4.2] shows the smooth transition from reconstruction to E-SVM

by changing v with a fixed .

Discussion. Transfer regularization is introduced with Adaptive SVM (A-SVM)
Li (2007), Yang et al. (2007b) which transfers information from a single auxiliary
classifier. Subsequently A-SVMs are extended to transfer from multiple classes [Yang
et al. (2007a). The proposed formulation is also a transfer regularization objective
which transfers from the parts of previously learned classifiers. The main difference
is that we control the weight of transfer with an additional regularization term
(v 2Ma?) where v — oo indicates no transfer and v — 0 indicates maximum
transfer. The equivalence of this formulation to a “classical” SVM formulation and

advantages will be elaborated in the next chapter. Note that this formulation is not

specific to E-SVM and this transfer regularization can also be applied to “classical”
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SVM formulations.

4.3 Incorporating Part Correlations to EE-SVM

Parts generally occur with certain correlations. The existence of a part would tell
a hint about the existence or absence of some other parts. For instance occurrence
of a wheel-like part might increase the occurrence probability of another wheel-like
part and decrease the existence probability of a cat-face-like part. Consequently,
in addition to transferring parts from the well trained source classifiers, we can
also transfer statistical correlations between parts. This section will elaborate on
incorporation of such pairwise statistical correlations to EE-SVM objective. The

new version of EE-SVM will be referred as EE-SVM-COR and the formulation is:

M M N
MMy pa  A||w — Z o ||? + WZ o? + Zmax (0, 1 —yi(w'z; + b))

M,M M, M
+0 (Z Chllai = as|* = Y Cijllew +aj||2> (4.3)
1,7

4,J
st:a; >0, Vi

where 6 is the hyperparameter that controls the weight of enforcing statistical cor-

relations. Cj; is the correlation matrix between parts.

C’;;- are the positive entires of the correlation matrix €, and C;; are the negative

entires of C'. This captures certain statistical correlations which reflects the semantic

relations between the parts. Intuitively the first term Z%M Cifllai — aj||* causes a;



4.3 Incorporating Part Correlations to EE-SVM 63

and o; to have similar values if C’;;- is a high positive value and doesn’t effect much
otherwise. As a consequence, this term encourages them to either be used with

similar values or to be both zero. Conversely the second term E%

MOl + ag
enforces o; and «; to be far away from each other if they have a high negative
correlation. Due to the regularization term wa a7, whichever of «; and a; have
stronger support from the data term suppresses the other one. Finer details about

enforcing statistical correlations and optimization of this objective will be elaborated

in the next chapter.

The entries of the correlation matrix C;; are estimated using the sample correlation
coefficient p; ; which is computed based on the joint occurrence of parts 7 and j on the
source filters (i.e. source filters are the samples). The computation of the correlation
coefficient is given as below:

cov(t, g El(e—p)(g —
Pij = Gg) _ Elli= )G~ ) (4.4)

0,035 005

where cov is the sample covariance, o; is the standard deviation of occurrence of
part ¢ computed over samples (1 states occurrence and 0 states absence of part i in
the given sample), y; is the mean occurrence of part i across all the samples, and F

is the expectation.

Discussion. Another way of enforcing part correlations is to use covariance matrix
regularization, i.e. a"Y ', assuming that ¥ is a valid covariance matrix computed
based on the occurrences of parts on source filters. However, the estimated > may
not be positive definite. (Gao et al| (2012)) thought of ¥ as an affinity matrix (i.e.

stronger correlation means higher affinity). They directly used it for constructing the
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precision matrix of a Gaussian and used it in the regularization as o™ (I —\Y)a where
A is a hyperparameter that ensures the positive definiteness. Similarly we treated
the correlation matrix Cj; as the affinity matrix and enforced part correlations in a

similar manner. The detailed derivations of the formulations are given in chapter

4.4 Implementation

In this section the details of the implementation will be discussed. Initially training
source classifiers and E-SVM will be described. Afterwards, the EE-SVM training
procedure will be explained in two phases: (a) mining regularization parts from

source classifiers and (b) optimizing the EE-SVM objective.

The classifiers are linear SVM classifiers (templates) over HOG (Dalal and Triggs|
2005, Felzenszwalb et al., 2010a) features. The source classifiers are trained using
Imagenet (Deng et al., 2009)) training set using three components for each class
without parts, similar to the procedure in Felzenszwalb et al.| (2010a)) . In total 329
models out of 1000 are selected which perform over 30% AP on a small validation set
of 1000 images (50 positive images per class). Together with the mirrored versions
of these templates it adds up to 329x3x2 = 1974 source classifiers. To build the
vocabulary of classifier patches, all patches with sizes of 5 x 5 are extracted from
the components of the trained DPMs, then a k-means clustering is performed with

k = 10K centers.

Each E-SVM is composed of 100 or slightly less HOG cells where the aspect ratio
is chosen according to the query image. The E-SVM is trained with the given query

image as the positive sample and randomly selected 2000 negative images from the
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PASCAL’07 training set. The training is performed iteratively in a similar fashion
to Malisiewicz et al. (2011) where mined hard negatives are incorporated to the

learning after each iteration.

The training procedure of EE-SVM, which is briefly visualized in figure [4.1], starts
with training an E-SVM classifier from the given query image. After obtaining the
E-SVM, for each 5 x 5 cell classifier patch a good match is searched for within the
vocabulary. This search can be efficiently done using fast nearest neighbour meth-
ods. However we performed it as a linear search since we have a limited number
of vocabulary items. Even though we use 5 x 5 cell classifier patches for experi-
mental validation, any other varying size and aspect ratio can also be applied. A
good match is defined by thresholding the cosine similarity (normalized dot prod-
uct) between E-SVM patch (a 5 x 5 x 32 dimensional vector) and vocabulary items.
This threshold value is fixed to 0.2. After determining where to transfer from, each
patch is relocated on a w sized HOG template padded with zeros other than the
transferred classifier patch. Finally learning of EE-SVM is performed using the
same set of training samples used for training E-SVM and no new hard negatives
are collected. Correlations of classifier patch occurrences are computed from the
1974 source classifiers. The optimization of the EE-SVM and EE-SVM-COR objec-
tives are performed using the LIBSVM (Chang and Lin, |2011)) package through the
equivalent feature augmentation formulations which will be introduced and further
analysed in chapter 5] The only additional cost of EE-SVM and EE-SVM-COR over
E-SVM is the transformation of training samples, and training another SVM, which
constitutes less than 1% of the training time (i.e. mining hard negatives is costly).
The test time complexity of EE-SVM and EE-SVM-COR is exactly the same as
that of E-SVM.
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4.5 Experiments

In this section the experimental results will be described. Initially we’ll give the
experimental settings, evaluation metrics and the defaults for the hyperparameters.
In the next two sections, we’ll discuss two sets of experiments performed on PASCAL
VOC 2007 (Everingham et al., 2010b|) dataset and ImageNet (Deng et al., 2009).
Average precision (AP), and precision at top K (PR@5, PR@10, PR@50, PR@100)
retrievals are used for evaluating the quality of retrieval results. A correct retrieval
is defined as the same object class with the same pose as the query image and the
retrieved subwindow should have at least 50% overlap with the true bounding box
around the object class. The definition of the pose is inherited from the PASCAL
VOC metrics (Everingham et al.l 2010b) where four main poses exist namely left,
right, frontal, rear (the pose “unspecified” is omitted). In all the experiments the
proposed approach is compared with E-SVM method. Both A and v parameters are
fixed to 1 and @ is fixed to 10 in all the experiments unless otherwise stated. The
matching similarity threshold, which determines the good classifier patch matches

based on the normalized dot product of two vectors, is fixed to 0.2.

4.5.1 PASCAL VOC Experiments

The retrievals of PASCAL’07 classes with four main poses are evaluated. The query
images are selected as all non-truncated images of the 17 classes (bottle, dining table
and potted plant are omitted since they don’t have poses) with 4 main poses from
the training set. For each query image, an E-SVM and an EE-SVM are trained and

run on the test set. Ground truth is identified as the same object class with same
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pose label. The detections of the same object class other than the target pose is
omitted and not counted towards AP computation. For instance if we are searching
for a bicycle facing left, we ignore (i.e neither counts as positive nor negative) the
detections of front, rear, left or unspecified poses of bicycle. In total 1659 queries
from 17 classes are evaluated, and the pose distribution is: 452 left, 439 right, 561

frontal, and 207 rear.

For some query images, due to being unusual examples of the pose (e.g. left facing
bicycle with front wheel up as in figure [£.2)), the AP results can be very low. Con-
versely for some others, which are canonical examples of the pose, the AP results
are much higher. In order to have a better insight on the results and see the boost
in different quality of samples, we grouped the queries as being above some AP
threshold. The query belongs to the quality group AP > threshold, if either AP
of E-SVM, EE-SVM or EE-SVM-COR is above the defined threshold (for instance
group AP > 0 means all the queries). In all the tables improvement in AP is shown

as the relative improvement.

Table shows the overall results and the AP improvement of EE-SVM and EE-
SVM-COR over E-SVM. In all the quality groups EE-SVM significantly improves
over E-SVM, and EE-SVM-COR improves over EE-SVM. Even though the actual
AP improvements are changing across the quality groups of samples, the relative
boost of EE-SVM and EE-SVM-COR are consistently similar in different quality
groups. In table the AP results and improvements are shown for individual
classes for the quality level (AP > 0.05). For statistical significance only the classes
which have more then 5 queries are shown. For all the classes EE-SVM and EE-
SVM-COR significantly outperforms E-SVM.
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AP > 0.00 | 0.01 | 0.05 | 0.10 | 0.15 | 0.20 | 0.30 | 0.50
# of queries 1659 | 650 | 346 | 241 169 121 70 14
E-SVM 3.3 8.2 14.0 | 179 | 21.6 | 25.3 | 30.0 | 44.2
EE-SVM 4.2 10.6 | 179 | 22.8 | 27.6 | 32.4 | 39.1 | 55.2
EE-SVM-COR 4.3 10.8 | 18.3 | 23.4 | 28.5 | 33.4 | 404 | 57.3
Rel. Imp. of EE-SVM 28.3 | 284 | 279 | 276 | 28.1 | 279 | 30.1 | 24.9
Rel. Imp. of EE-SVM-COR | 30.9 | 31.1 | 30.9 | 31.0 | 32.3 | 32.0 | 34.7 | 29.7

Table 4.1: Relative MAP (Mean Average Precision) improvements of EE-
SVM and EE-SVM-COR over E-SVM with changing quality groups. For
instance AP > 0.01 means the queries which achieved AP = 0.01 or above. Queries
are the images of 17 classes with four major poses (i.e. left, right, frontal, rear) from
PASCAL’07 training set. EE-SVM-COR constantly outperforms EE-SVM which
significantly improves over E-SVM.

[ class [ plane [ bicycle [ bus [ car [ cow [ dog [ horse [ m.bike [ sheep [ tvmonitor
# of queries 5 59 15 129 13 6 33 28 16 32
E-SVM 5.3 23.3 8.5 16.0 4.9 5.6 9.3 11.3 8.6 10.2
EE-SVM 7.9 30.7 9.0 | 20.7 7.7 8.9 11.4 13.0 11.9 11.3
EE-SVM-COR 7.1 32.1 8.8 | 21.0 8.5 10.2 11.6 12.9 12.3 11.3
Rel.Imp. 34.3 38.0 3.4 | 31.0 | 74.2 | 828 25.4 13.9 44.3 10.2

Table 4.2: M AP results and relative improvements of EE-SVM-COR over
E-SVM for individual classes for the quality group (AP > 0.05). Only
classes which have more than 5 queries are shown.

A few qualitative results can be seen in figure where the top three positives and
negatives are shown with their ranks in the ordered list of retrieved subwindows. In
EE-SVM retrievals the ranks of the top three negatives are much later, this shows

that EE-SVM better suppresses the negatives and thus increases the recall.

The effect of parameter selections. There are few parameters of the system
that can be adjusted for different purposes. For instance, in order to handle the
occlusions we need a more aggressive transfer (i.e. small ), and large patches to
transfer from (i.e. 5 x 5 or 6 x 6). If the query sample is not a common pose of a

common class we can prefer small patches (i.e. 3 x 3) to increase the chance of a
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lion deer tandem bulldozer ambulance MEAN
e-svm [ ee-svm e-svm [ ee-svm e-svm [ ee-svm e-svm [ ee-svm e-svm [ ee-svm e-svm [ ee-svm
PR@5 047 | 0.60 | 0.60 | 0.73 | 1.00 100 | 093 | 0093 1.00 100 | 0.80 | 0.85
PR@10 | 040 | 040 | 050 | 0.0 1.00 100 | 090 | 0.90 1.00 1.00 | 0.76 | 0.76
PR@50 | 0.19 | 0.21 | 030 | 0.32 | 098 | 0.99 | 062 | 0.67 | 085 | 0.87 | 059 | 0.61
PR@I00 | 0.13 | 0.14 | 022 | 0.28 | 093 | 0.97 | 042 | 0.49 | 0.76 | 0.80 | 049 | 0.54
Table 4.3: Precision at top K comparison of ImageNet Queries. Three

queries with varying poses are evaluated for each class from ImageNet and the
mean precisions are presented. Retrieval is performed on the collection composed
of PASCAL’07 test images and corresponding ImageNet category.

possible match and perhaps decrease the patch similarity threshold.

Handling occlusion and truncation via EE-SVM. It is quite common to came
across truncated and occluded query images. With the help of partial classifier
patch matchings we can complete the truncated parts or remove the effect of partial
occlusion. A partial match is defined as, given a partial match ratio 3 as a threshold,
two classifier patches are matching if any 8% subselection of the two patches match
with the confidence above the similarity threshold. Figure shows two examples
of handling occlusion and completing the truncated parts. In these examples 5 x 5
patches are used and the partial match ratio 8 is 70%. When we increase the size
of the patches even though the chance of finding a good match decreases, if there

is one it improves the result drastically (see precision recall curves in figure [4.5)). ~,

which defines the strength of transfer, is set to 1 for these experiments.

4.5.2 ImageNet Experiments

These experiments are conducted on ImageNet and the transfer is from detec-
tors learnt on PASCAL VOC. For quantitative experiments five ImageNet classes

(synsets) are selected: lion, deer, tandem, bulldozer, and ambulance. For each of
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these classes three queries (from one of the main canonical poses) are selected from
web images and evaluated on the corresponding ImageNet class images. PASCAL’07
test set is also added to the evaluated samples in order introduce noise in the image
database. The evaluations are compared using precision at the the top K retrievals.
From the results, displayed in table [£.3] we can conclude that the recall of EE-
SVM is much better than the recall of E-SVM, particularly for top 50 and top 100

retrievals.

In addition to canonical poses, the method is also qualitatively demonstrated for
unusual poses. With the help of part based transfer, since parts can be relocated
and migrated across classes, even for quite unusual poses we can obtain significant
improvements. The left facing bicycle with the front wheel up (see figure and
figure is a nice example where the wheel patches are transferred from motorbike
and bicycle classifiers with regular poses. Another example, displayed in figure [4.4
is a sitting lion where the ranks of positives clearly show EE-SVM’s ability for better

recall.

For visual phrases our method successfully reconstructs the classifier template from

the patches of existing source classifiers. A visual phrase example (i.e. person riding

horse) is also displayed in figure [£.4]

4.6 Conclusion

As has been shown, part level transfer regularization can be used not only for en-
hancing classifiers, but also for going beyond the spatial extent of the query by

completing occlusions and truncations via partial part matchings.
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Figure 4.3: Retrieval results of PASCAL’07 queries. Top 3 positives and
negatives are being displayed. Orders in the ranked list is shown left bottom corner
of each image.
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guery image query image query image

Figure 4.4: Retrieval of unusual poses on ImageNet. A visual phrase retrieval is also
shown on the rightmost column.
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Truncation Example Occlusion Example
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Figure 4.5: Occlusion and truncation handling via EE-SVM. It is better visualized
with zooming into the document.



Chapter 5

Relating Feature Maps, Transfer

Learning and Optimization

Objects and parts don’t occur in isolation to each other. They appear with certain
correlations in nature. For example, we don’t expect to see a zebra in a city scene
with road and cars, or a bicycle next to a sailing boat in the middle of the sea.
Stemming from these observations, co-occurrence statistics are utilized in the com-
puter vision problems such as object detection (Desai et al., [2011)), and semantic
segmentation and labelling of objects (Ladicky et al., 2010, Rabinovich et al., [2007)
in the scenes. In chapter |4, we also applied co-occurrence statistics for enforcing
the correlation between classifier parts used for softly reconstructing a HOG tem-
plate. Together with some theoretical elaborations, in this chapter we’ll discuss how
that convex pairwise potential function, which can be conveniently incorporated to

regularized risk minimization frameworks, is constructed.
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The outstanding performance of SVMs resulted in widespread popularity of SVM
frameworks which became the major tool for many machine learning solutions in
a variety of domains, such as computer vision, natural language processing, speech
recognition, etc. Due to this popularity many robust tools for linear (e.g. LIBLIN-
EAR (Fan et al.,[2008)) and non-linear (e.g. LIB-SVM (Chang and Lin} 2001))) SVM
optimization are already developed and tested throughout many applications over
the past years. One common approach for minimizing more complex energy func-
tions (e.g. non-linear SVMs, max-margin multi-class classification objectives) is to
map them to a linear SVM objective (through a feature map), and solve them more

robustly and efficiently with the help of existing tools.

Utilization of feature maps is in the core of the large margin classification frame-
works. The very idea behind the non-linear SVMs is implicitly mapping the features
into higher (potentially infinite) dimensional feature spaces where a linear separation
in this space corresponds to a non-linear decision boundary in the original feature
space. This method is also known as the “kernel trick” (Joachims, 1999). Feature
mapping can also be performed explicitly so that the non-linear SVM problem can
be solved more efficiently as a linear classification problem in the high dimensional
feature space directly (Vedaldi and Zisserman) 2010, 2011). Another well known
feature mapping approach is commonly used in multi-class classification problems.
Tsochantaridis et al. (2005) replicated the input features for all the class labels and
transformed the multi-class classification problem into a linear binary classification
problem. In the transfer learning field, |Daumé III (2009) introduced a feature map-
ping approach where the features of source and target instances are augmented via

appropriate replication.
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In this chapter, initially we will investigate transforming transfer learning formu-
lations to a “classical” SVM formulation, which comes with the benefit of using
easy and robust optimization for transfer learning approaches and makes it poten-
tially possible to use for practical purposes without the need of expert knowledge
in transfer learning. Several equivalence relations between transfer regularization
and feature mapping will be investigated, and their corresponding implications will
be discussed. Afterwards, the incorporation of co-occurrence statistics to transfer
regularization will be articulated, and appropriate feature maps specific to robust

optimization of this new objective will be constructed.

5.1 Transfer Regularization by Feature Mapping

Transfer regularization (Yang et al., 2007b) is applied for many transfer learning ap-
proaches in object classification and detection. The general form of the formulation
used by Tommasi et al| (2010)) for transferring from multiple sources was already
given in in the literature review. Due to the robustness of the hinge loss over

the squared loss, we substitute the squared loss term with the hinge loss and obtain:

M N
MiNgwp  A|w — Z o) |2 + Zmax (O, 1 —yi(w'z; + b)) (5.1)
7 7

st lal] <1

where u;’s are the source classifiers and «;’s are the corresponding weights of transfer

for each source classifier. After a slight modification to the transfer regularization
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formulation (i.e. from to by bringing the constraint into the objective),
we’ll transform the problem to a “classical” SVM formulation through a feature
augmentation approach. The derivation below steps through the rearrangements
for mapping transfer regularization objective to an equivalent “classical” SVM for-
mulation where the feature vector is augmented with the responses of source classifier

models. Let w = w + wa o;u;, then the derivation is:

M M N
AlJw — ZaiuiHQ + 720‘? + Zmax (0, 1—y;(w'z; + b)) (5.2)

M N M T
= A||w||2+’yZa%+ZmaX 0,1 —y; | w0 a; + (Z%’W) xi+0b (5.3)

N
— ol + Y max (0,1 —yi(TDTi”i—}—b)) (5.4)
%
where
W= [VA;A5A2; - AaM],
Bio= [Gwsdulmi ey uy ),

w is the transformed classifier and z; is the augmented feature vector with the
responses of u’s on x;. The classifier w, the solution to the original problem ,
can easily be computed from w since w = w+ wa a;u;. As it is clear from , the
transformed problem is a “classical” SVM formulation with feature augmentation,

and it can be optimized efficiently using existing powerful SVM solvers. Note that
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this derivation is applicable to both EE-SVM objective and previously used transfer

regularization formulations.

Discussion. The major implication of this derivation is that transfer regulariza-
tion can also be stated as a classical SVM minimization problem where the feature
vector is augmented with the responses of source classifiers. This equivalence con-

structs a bridge between papers implementing feature augmentation or populating

the features with the responses of high-level classifiers Douze et al. (2011), Farhadi

et al|(2009), Kumar et al. (2009)), Lampert and Blaschko| (2009)), |[Luo et al.| (2011)),

‘Torresani et al.| (2010)), [Yao et al.| (2011) and papers performing transfer regular-

ization [Tommasi and Caputo| (2009), [Tommasi et al| (2010, [Yang et al.| (2007alb)).

Another direct implication is that transfer regularization approaches [Tommasi and

(Caputo| (2009), [Tommasi et al|(2010), Yang et al| (2007alb), which requires special-

ized optimization, can be reformulated to be efficiently optimized with the state-of-

the-art SVM solvers.

Discussion. Another way of converting (5.2)) to a normal SVM formulation would
be solving « analytically and substituting it in the original equation. Let the reg-
ularization part of (5.2) be R = A||w — Ua||* + v||a||* then the derivation is as

follows:

% 0 o a= AT+ N U Tw (5.5)
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By substituting a in R we obtain:

M =VAI =AU+ XUTU) U + A\ I+ AUTU) T (5.7)

R=||Muw|*=w"M"Mw (5.8)

Similar to the derivation in this regularization can also be implemented as a fea-
ture transformation (i.e. w = Mw, Z; = (M") 'x;) and solved using a normal SVM

formulation.

5.2 Enforcing Co-occurrence Statistics by Feature
Mapping

In this section, initially incorporating co-occurrence statistics in the regularized risk min-
imization frameworks, particularly SVMS, will be investigated. Afterwards, robust and
efficient optimization of the proposed energy through the use of feature maps will be

elaborated.

5.2.1 Co-occurrence Statistics for SVMs

One common approach of enforcing pairwise statistics is performed through pairwise po-
tential functions using Markov Random Fields (MRF) or Conditional Random Fields

(CRF) frameworks (Bishop, |2006). These potential functions are mostly non-convex and
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defined over discrete random variables, however, they can be efficiently optimized using
graph-cuts or linear programming relaxations. Unfortunately they are not directly appli-
cable for the SVM framework. Here we introduce a pairwise potential function that is
convex and can be conveniently applied to convex regularized risk minimization frame-
works, particularly SVMs. We are particularly interested in enforcing pairwise statistics
in the transfer regularization formulations (i.e. Eq. where the correlation is enforced
to the activation of classifier parts w;’s in order to construct the classifier w. Assuming
that a positive value of a; represents the activation of the part u; and a; = 0 indicates
that u; is not activated, then the pairwise statistics can be captured through correlations

between «;, oj pairs. The energy function to enforce this statistics can be defined as:

ming  ¢(a) =Y Cyjlloi — o (5.9)
ij

where Cj; is the correlation between the variables o; and ;. Then, the complete transfer

objective is:

M M N
MMy po  Allw — Z g |* + 72 o? + Z max (0, 1—yi(w'z; + b))
MM
+0 > Cijlles —al*  st:ei >0, Vi (5.10)
ihj
Intuitively a positive Cj; will enforce the values of a; and «; to be as close as possible,

therefore if one activated the other will be activated as well, especially when Cj; is a very

high positive value. Conversely, a negative C;; will force them to be as different as possible.
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However this objective is not necessarily convex, particularly when Cj; contains negative
values. In order to obtain a convex energy function, we introduce a slight addition to the

pairwise potential and define ¢ as:

dla) = Y Cylloi —aj|* =4 Dja? (5.11)
%] 7

= > Clllai = ayl)> =D Ciillei + oy (5.12)
i i

where C is decomposed into its positive and negative components as C = CT+C~, D" is a
diagonal matrix with entries D;; =3 ; CZT; ,and D~ is a diagonal matrix with entries D,; =
> ; C;;- Intuitively by introducing some more penalization (i.e. =43, D;;a?) over highly
negatively correlated a;’s, which is sensible since these a;’s have smaller probabilities to be
activated, we can obtain a convex pairwise potential . Finally by plugging ¢(a) into

(5.10) as the pairwise potential, we obtain a convex minimization objective that combines

transfer regularization and co-occurrence statistics of the parts:

M M N
MMy pa  A|w — Z oiuil|? + Z o? + Z max (O, 1—yi(wTa + b)) (5.13)
M,M M,M
40 | Y Clllas — aj]P = > Ciillai + oy st:o; >0, Vi
i,j 4,J

5.2.2 Optimization by Feature Mapping

This section will discuss how to map the objective (5.13) to a “classical” SVM formulation

by defining appropriate feature maps. Initially the formulation will be converted to a spec-
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tral form, then by incorporation of some new variables, a few pseudo-training samples and

appropriate rearrangements the objective will be transformed to a linear SVM objective.

Assuming that Cj; are the weights on a graph, ¢(a) in (5.9) can be re-written in the

spectral form as:

dla) = > Cillas — o> =20 La (5.14)
4.
where L =D —C, Dy = Zcij’
J

where L is the graph laplacian. Similarly we can rewrite ¢(a) in (5.11) as:

bla) = Z Cijllai — aj||* —4a"D"a = 20" La (5.15)
1,J
L=D-C, Dii:Z\c,»j\ =Dt — D™

J

Let U = [uy,ug, ..,up] and w = + Zf\/[ a;u; = W + Ua, rewriting 1' with appro-

priate substitutions:

N
Mingpa AT+ o’ (v +20L)a + Z max (0, 1 -y +a Uz + b)) (5.16)

7

st:a; >0, Vi

Considering both L and I are positive-semi definite, we can decompose the term I +26L
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using Cholesky decomposition as RR' then introduce 8 = RTa and rewrite:

a'(yI +60L)a=a"RRTa =378 (5.17)

ol =pTR! (5.18)

Plugging in (5.17)) and (5.18)) to (5.16) we obtain:

N
MM b8 o+ BT+ Z max (0, 1—y (0 e +B8TR U Tz + b))

st : [(R*l)Tﬁ} >0, Vi

i

N
= mingy |[@]’+ Y max (0,1 —yi(wTii—Fb)) st [(R*I)Tﬁ] >0, Vi

where w=[Vaw; f], = [%SL‘@R_IUTI‘Z‘], (5.19)

Other than the linear constraints [(Rfl)Tﬂ] > 0, the objective becomes a linear SVM

i

objective.

5.2.3 Enforcing linear constraints in SVMs

For any classical SVM formulation:

N
ming, |Jw]]® + Z max (O, 1—yi(wTa + b)) (5.20)

1
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we can implement a linear constraint a"w > 0 by introducing an additional sample x4 =
[co X a] with the label yny4+1 = +1. Here co x a is the multiplication of the vector a with
the infinity which is approximated with a very high numeric value (i.e. 106). Similarly for
implementing the linear constraints in (5.19) we add M additional samples to our training

set:

Znek =000 x (RTHL], ynsn=+1, 1<k<M (5.21)

After handling the constraints as well, the transformation of the original objective ([5.13)
to a classical SVM formulation is completed. Therefore we can optimize ([5.13) using

available robust SVM optimization tools.

5.3 Conclusion

In this chapter we introduced a convex potential function for incorporating the pairwise
co-occurrence relations into convex max-margin learning frameworks. We also showed that
by defining appropriate feature maps, many transfer learning formulations are transformed
to a classical SVM formulation, and subsequently solved by much easier and more robust

optimization tools developed throughout the past years.



Chapter 6

Fast and Scalabe Object Detection

for Large Image Collections

Over the last decade there has been considerable progress on large scale object instance
retrieval where the goal is to retrieve all images containing a specific object in a large scale
image dataset, given a query image of that object (Jégou et al., 2008, 2010, Nister and
Stewenius, 2006, Philbin et al., 2007, Sivic and Zisserman, |2003)). These methods are now
appearing in web and mobile applications such as Google Goggles, Kooaba, and Amazon’s
SnapTell. Similarly, large scale image classification, where the goal is to retrieve images
containing an object category, has also seen improvements in both accuracy (Deng et al.,
2012) and descriptors (Chatfield et al., |2011} [Perronnin et al., 2010). With the advent
of more efficient descriptor compression methods such as Product Quantization (Jégou

et al., 2011)) or binary codes (Raginsky and Lazebnik, 2009, Torralba et al., [2008] [Weiss
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2008) large scale image search can proceed quickly in memory without requiring
(slow) disk access, for example by using efficient approximate nearest neighbor matching

or binary operations respectively.

However, object category detection, where the goal is to determine if one or more in-
stances of a category are present in an image with their corresponding locations, has not
seen a similar development of immediate large scale retrieval. The complexity of detecting
an object category is still linear in the number of images in the dataset. Despite methods

of greatly speeding up sliding window search (over all possible scales and positions) on a

per image basis (Dean et al. 2013| |Dubout and Fleuret, 2012, Felzenszwalb et al., |2010b,

|Girshick et al., [2013, [Kokkinos|, 2011}, |[Pedersoli et al., [2011} [Song et al., 2012, Vedaldi and|

|Zisserman), |2012)), the cost of applying these methods at large scale is still extremely high.

The objective of this chapter is to fill this gap by building upon the part-level transfer

(i.e. classifier reconstruction) idea introduced in chapter

One might consider image representations developed for object instance retrieval meth-

ods using the sparse BoW encoding. This encoding is often quite high dimensional (100K —

1M) but sparse, and this allows the use of an inverted index (Nister and Stewenius| [2006]

[Sivic and Zisserman, 2003) for immediate retrieval, and subsequent localization of the ob-

ject in each image. This has the advantages of being invariant to scale, illumination and
viewpoint changes particularly for non-deformable objects with strong textures, but they
can’t tolerate deformation and intra-class generalization well. Therefore these representa-
tions are adequate for retrieving specific objects, however, they do not generalize well over

deformation and intra-class variation. For example, consider searching for a cow with such
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methods; instances of the same cow as the query image may be returned but instances
of other cows in a similar viewpoint are not in general, because the visual words (and
underlying SIFT descriptors) differ between instances. On the other hand, object cate-
gory detection methods (Felzenszwalb et all 2010al [Vedaldi et al.| [2009) using a classifier

template (trained on multiple instances) can perform generalization and localization.

To this end, given a HOG template classifier, we describe an approach that can imme-
diately retrieve detections throughout a large scale dataset. Note, the goal is detection
rather than image level classification and consequently we operate in a very large space of
subwindow candidates. We are agnostic about the source of this template; it could be the
component of a linear SVM based object category detection (Felzenszwalb et al., 2010b),
or from an exemplar SVM (E-SVM) (Malisiewicz et al., [2011}, |[Shrivastava et al., 2011)),
with the latter more suited to detecting object categories in a similar pose. We can also
benefit from recent fast methods of training such classifier templates, such as LDA (Linear

Discriminant Analysis) models (Hariharan et al., [2012).

Two main questions are investigated : (A) can an image representation be designed
to enable fast and accurate large scale object category detection? and (B) can spatial
reranking methods, similar to those used in object instance retrieval (Jégou et al.l 2008,

Philbin et al., |2007)), be used to improve precision of the high ranked images?
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6.1 Architecture Overview

We first briefly overview the architecture of the approach, and then describe the stages
in more detail in the following sections. The method follows the framework established
for the bag-of-visual-words (BoW) instance retrieval systems (Nister and Stewenius, 2006,
Philbin et al., 2007} Sivic and Zisserman, 2003|) with an offline processing stage (that can
be computationally expensive), followed by an online search stage using an inverted index
and posting-lists that is fast at run time and scalable. The online search involves two
steps: an initial ranking of the images using BoW vectors alone; followed by reranking of

a short list using spatial information.

The key ideas are (i) to build a vocabulary of discriminative classifier patches (CP).
The HOG classifier template is approximated by the CPs. This is inspired by the recent
development of mid-level features for discriminative object (Girshick et al., [2013, [Song
et al.l 2012) and scene category recognition (Pandey and Lazebnik, 2011, [Parizi et al.,
2012, |Singh et al. 2012); and (ii) to represent each image in the dataset by the mazimum
response to each of the CPs, i.e. if there are V' CPs then the vector representing each image
would be of dimension V' if only the maximum response is stored (in fact, the location
and scale of the maximum CP response are also stored). The CP vocabulary building,

maximum response computation and sparsification, and indexing, are performed offline.

At run time, detection for a given HOG classifier template then proceeds in three stages
(see figures [6.1] and [6.2):

1. Representing the HOG classifier template: The classifier is approximated by a
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\
N s

HOG Template Reconstructed Template

Figure 6.1: Query representation. The query HOG template w is approximated
with the reconstructed template w™ = > ;aju; which is used as the intermediate
query represention. Note, the representation w; records both the classifier patch
(CP) d; used and also its position relative to the original HOG template.

set of the CPs.

2. Image retrieval: A ‘posting list’ is obtained for each CP used to represent the tem-
plate, and those images occurring in the posting lists are ranked based on their aggregated

maximum scores.

3. Spatial reranking of a short list: The top k& images of the ranked list are reranked
based on the spatial consistency of the maximum response CPs in that image. Spatial
consistency is measured with respect to the rectangle of the original template. This stage
is inspired by the voting based methods of (Chum and Zisserman) 2007, Marszalek and

Schmid, [2006]).

6.2 Approach

This section describes the scalable detection system. The two main aspects are the query
representation and the image representation for the dataset to be searched. We describe

how to obtain each of these representations and then their joint use for fast detection.
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@ Scoring Images

@ Spatial Reranking

Final Results

Figure 6.2: Detection using a template composed of CPs. Each CP retrieves
a posting list of images, and a score for each image is computed from the weighted
maximum response representation. Images are initially ranked on this score, and the
top k then reranked using the spatial information associated with each maximum
response by aggregating candidate bounding boxes.

6.2.1 Query Representation

The query is specified as a HOG classifier template which can be obtained using various
methods (e.g. DPMs, E-SVMs, LDAs, etc.). The first step of the method is obtaining the
intermediate query representation which is referred as the reconstructed template (RT).
This representation is obtained by approximating the query HOG template as another

HOG template constructed using a sparse weighted combination of CPs. This procedure
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is illustrated in figure[6.1] The CPs are essentially parts of classifiers that have earlier been
trained in a discriminative manner using a DPM on another dataset. The intuition here
is that there are naturally repeating classifier patches that can be shared across objects,
such as parts of wheels, legs, corner-like patterns of doors and windows, etc. The method

of generating the CP vocabulary is described in the implementation details of section [6.3

Given the query HOG template w the learning of the reconstructed template w" can be
performed in two different ways — a dense or sparse tiling. The two methods are illustrated

in figure [6.3

Dense tiling. The first method splits the query template into non-overlapping tiles and
represents each tile with one of the CPs together with a reconstruction weight. The

objective for this formulation is:

mgnZHwi—Zozijde st:]|ogllo=1 Vi (6.1)
i J

w{t = Zaijdj (62)
J

where the w; are the parts of the original template w, the w!* are the parts of the recon-
structed template w™, d; are the CPs, and «; performs the selection and weighting of the
best CP that minimizes the objective. Note that each w!’ is reconstructed using a single
CP from the vocabulary. Since each tile is independent of the other, the optimization

reduces to individually choosing the best CP for each tile.
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Sparse tiling. The second method of reconstruction does not densely tile the original
template w, rather it uses a set of possibly overlapping CPs, so that the template may
be only sparsely approximated. For the representation, each d; is located on a w sized
zero filled templates named u;’s, and the w™ are then reconstructed as a sparse weighted
combination of u;’s (see figure . In other words, u; encodes the d; with a specific
spatial location x; on the w sized template. Then the reconstructed template is learned

as a weighted combinations of u;’s with the objective:

min|[w = 3" aguyl| +lally st:a; 0 (6.3)
J

w' = ZajUj (6.4)
J

where scalar a;; is the combination weight of the relocated classifier patch d;, and «y controls
the sparsity of the reconstruction. Large values of v encourage very sparse reconstructions,
i.e. a small number of CPs are used. The aim is to choose the spatial location of the d;’s
such that it best matches the corresponding location on w. In the implementation, instead
of using all the u;’s in learning, optimization is performed over a smaller subset that is

determined by a similarity thresholding operation.

Note that in both of the reconstruction methods we can write the RT in the form of

w't = Z]- a;u;. In the rest of the paper this form of RT will be used.

Discussion. There are many other reconstruction methods that could be explored — for
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Figure 6.3: Tiling methods for query reconstruction.

example, sparse but non-overlapping, discriminative learning, and we discuss this further

in section [6.5] after the use of this query representation has been explained.

Others have considered reconstruction of HOG templates (Girshick et al., 2013, Song
et al. 2012). However, their main focus has been on fast evaluation of a set of templates
on a given image, rather than on evaluating the given template over a large set of images
as here. |Girshick et al. (2013), |Song et al. (2012) separated each HOG template into
small non-overlapping parts and each part is constructed as a weighted combination of
vocabulary items. [Song et al. (2012)) reconstructs already trained templates and learns the
vocabulary for precise reconstruction rather than discrimination, whereas |Girshick et al.

(2013) learns both the vocabulary and the classifiers in a discriminative framework.
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6.2.2 Image Representation

This section describes the image representation that is used for fast detection. The aim is
to define such a representation that is suitable for obtaining a good upper bound on the
score of w" on a given image. Each image in the dataset is represented as a V-dimensional
vector, 7, which contains the maximum scores of each CP evaluated on the image over all
possible locations and scales. The location and the scale of the CP detection is also stored
so that we can obtain a candidate bounding box as suggested by the specific CP. These

candidates will be used later for the spatial reranking.

In detail, if the maximum response of any classifier ¢ on the image I over all possible
locations and scales is represented as W(c, I), then the image representation vector r is

obtained as r; = ¥(d;,I) Vj.

Note, that 7; is an upper bound on the score of w™ on the image. Since the reconstructed
template is w™ = Z]- ajuj where u;’s are d;’s with spatial relocation, the upper bound

can be written as follows:

> a;U(d;, 1) =a'r = U(w™, 1) (6.5)
J

Discussion. Since the maximum response of each CP can occur at any position and scale,
there is no reason why the CPs should ‘fire’ in the relative positions assigned to them in

the w™ template. This is why r; is an upper bound rather than equal to the maximum
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score of w™ on I, i.e. it ignores the spatial locations of the CPs detected on the image.

There are several generalizations possible for the image representation and we explore
the first of these in the experiments. Instead of scoring only the maximum response of
each CP, the top n responses can be stored. As will be seen, this will enable multiple
instances of the category to be localized and also improves the localization of each. For
example, suppose the image contains two cars, and the CP corresponds to a wheel, then if
only the maximum response is stored then one instance can be recovered, but the location
of the wheel might match the wrong wheel of that instance. In this ideal case at least
two responses are required, one for each car, and four responses guarantees that there is

a candidate BB for each of the true locations.

The second generalization is to introduce a spatial tiling and record the maximum re-
sponses for each tile. Note, the representation has some similarity to the max-pooling
used for a visual BoW vocabulary (Mutch and Lowe, 2006)), e.g. over a spatial pyramid.
The principal difference is that here the vocabulary is composed of discriminative CPs,

rather than SIFTs clustered using k-means.

Implicit shape model (ISM) by |Leibe et al. (2004) also uses a similar representation,
where each image is represented with image patches which are matched to the codebook
entries, for obtaining a category specific segmentation mask for the given image. The main
difference of our representation is that instead of using interest point detectors we use the

responses of CPs.
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6.2.3 Fast Detection

This section will describes how to perform immediate detection using the image and the
query representations described in the previous two sections. Given a HOG template as
the query the fast detection is performed in three stages: (a) query representation, (b)

shortlist retrieval, (c) spatial reranking.

Query representation. As it is already discussed in section the query HOG tem-
plate is represented with the reconstructed template w" = Zj aju; using one of the

described methods.

Shortlist retrieval. At this stage a shortlist of images, potentially matching well with the

k— o Tpk

query, are retrieved. The score of the image I* for the query w" is computed as s
where the reconstruction weights « are obtained from the query representation. As noted
in section this score is indeed an approximation of the maximum response of w’?
evaluated on the image I*. Then the shortlist is compiled as the selection of top M images

sorted by the score s*. This stage is carried out very efficiently for large scale collections

using the inverted file index (see below).

Spatial reranking. After obtaining the shortlist of candidate images, a reranking pro-
cess is performed which aggregates the scores of candidate bounding boxes (BB) coming
from each CP. This aggregation procedure is similar to the standard method of greedy
non-maximal suppression (NMS) used in object detection. More precisely, if the overlap
between two candidate BBs are more than 50% threshold, then the two bounding boxes

are aggregated by taking the maximally scoring BB position and summing up the scores
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coming from the two BBs. Starting with the maximum scoring BB, this procedure is
repeated until there is no couple of overlapping BBs above 50% threshold. Note that if all
the CPs fire with the same relative positioning as they are in the RT, in other words all the
candidate BBs overlap 100%, then this procedure will give us the score of the RT exactly
together with the right bounding box. Also note that specifying the overlap threshold as

50% rather than a larger value allows certain level of spatial deformation for the CPs.

Discussion. Similar to our spatial reranking method, Leibe et al.| (2004) also performed
a voting approach using generalized hough transforms for assigning class confidences to

the pixels in the image, and it is particularly used for category specific segmentation.

6.3 Implementation Details

6.3.1 Construction of Classifier Patch Vocabulary

This vocabulary is composed of CPs obtained from previously trained classifiers. Similar
to the vocabular used in chapter |5 DPM models are trained using 3 components (6 in total
with mirrors) without parts over 1000 classes of the ImageNet 2012 challenge Deng et al.
(2012) using the provided images. The models performing over 30% AP (329 models) are
selected as the source for the CPs — we restrict to these as we wish to use a vocabulary of

well trained discriminative patches.

To build the vocabulary, all patches with sizes of 3 x 3,4 x 4,5 x5, 6 x6, and 7 x 7 are

extracted from the components of the trained DPMs. For each size, a k-means clustering
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is performed with k& = 10K centres. Finally from each cluster the most central patch is
selected and is used for the vocabulary (i.e. we do not use the mean of the cluster as this
tends to average out details). The outcome is five 10K vocabularies, one for each patch

size.

Since the DPMs are trained discriminatively using a large number of training samples,
the vocabulary items have a strong sense of discrimination, and since they are extracted

from semantically meaningful objects, they possess certain semantic properties as well.

6.3.2 The inverted index and offline processing

For each image in the test dataset, the maximum response of each CP together with
the corresponding locations and scale is computed and stored. If there are V' CPs and NV
images, then this is equivalent to a V' x N matrix M where each entry m; is the maximum
response of the jth CP on the ith image. Since the approximated template is composed
from a small number of CPs, the score for each image involves computing a weighted sum
of a small number of rows of M. This is fine for the small scale regime where M easily

fits into memory.

However, for (i) the large scale regime where M does not fit in memory, or (ii) cases
where an image may be represented by the top set of responses (rather than only the
maximum), or (iii) cases where the maximum response is thresholded so that M becomes
sparse (as some images have no response for the thresholded CP); then posting lists for

each CP held in an inverted file are the ideal solution. Each entry in the inverted index is



6.4 Experiments 99

a posting list for the CP containing: the image identifier, responses to the particular CP,

and location and scale of the associated templates.

In order to see the effect of sparsity in the experiments we limit the number of items in
each posting list to either 1000 and 5000 for each CP. In addition to keeping the maximum
response for each CP, we also experiment with the top 3 responses. This increases the
possibility of overlap of BBs in the stage of spatial reranking, and enables the system to

detect multiple instances of an object in a single image.

6.4 Experiments

The experiments are conducted on two image datasets: (1) the test set of the PASCAL
Visual Object Classes 2007 challenge, which will be referred as VOCO07; and (2) the valida-
tion set of the ImageNet Large Scale Visual Recognition Challenge 2012, will be referred
to as ImageNet12. The number of test images in VOCO07 is ~5K, and in ImageNet12 it
is ~45K. The method is assessed on VOCO7 alone, and then on VOC07+ImageNet12 for

large scale detection, where the 45K images of ImageNet12 act essentially as distractors.

We evaluated the methods based on their object detection (find any instances of the
object category in the image and localize them) performance. Here we follow the VOC
practice and software (for example using an overlap threshold of 0.5 between prediction

and ground truth for a true positive detection).

The evaluated methods are (i) sliding window evaluation of the original HOG template
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(Original SW), (ii) sliding window evaluation of the RT (Reconstructed SW), (ii) fast
search (FS) through the use of inverted index files (5000 entry per CP), (iii) sparse fast
search (FS Sparse) where we use the inverted index files with 1000 entries per CP. For the
fast search results, we also include the effect of spatial reranking separately. Note that,
since the first two methods are using sliding window search, they are very slow and not
applicable for fast detection. In all the experiments 5 x 5 CP size is used unless stated

otherwise. In the shortlisting stage, the top 1000 images are retrieved for the fast search.

6.4.1 Evaluation on a single component

Initially we evaluate the framework with a single side-facing bicycle component which is
obtained from a three component DPM model trained using VOCO07 data. The RT is

constructed using 5 x 5 vocabulary with both dense tiling and sparse tiling methods.

The detection results, displayed in table[6.1)and in figure show that (a) the maximum
response representation does indeed enable detection, and (b) spatial reranking improves
precision at low rank. And this performance can be obtained immediately. The FS
methods are approaching the performance of SW methods especially for the precision at
low ranks (PR@10 and PR@50), though the same is not true for the AP. When we decrease
the length of inverted index files from 5K (FS) to 1K (FS sparse), there is no noticeable
decrease in the performance (the inverted index is about 80% sparse in this case). Keeping
the top 3 maximum scores rather than one for each CP indeed improves the performance

for both dense tiling and spatial reranking, since it enables us to detect multiple objects
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Figure 6.4: Detection precision-recall curves.

Evaluation of the side-facing

bicycle component on VOCOT7 test set. Note the high precision in the small recall

values and the performance improvement

after spatial reranking.
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in a single image.

The significant timing difference between exhaustive sliding window search (~ 1.3 hours)
and fast search (< 1 second) is also displayed in table Although sparse tiling performs
better, as it uses more CPs during the construction, it increases the search time as well.
Even though approaches such as cascade detection by [Felzenszwalb et al.| (2010b) (~ 20x
speedup) and application of product quantization by [Vedaldi and Zisserman (2012)) (~ 6x
speedup) also improves the detection speed, they are not comparable to the proposed
method (~ 5000x speedup) and their methods scale linearly with the number of images
as opposed to near constant time performance of the fast search, though in terms of AP

their results are better compared to the proposed method.

The framework in this paper is mainly designed for immediate search (< 1s). However,
if we can spare more time, a possible improvement is reranking the short-list of images
(or BBs) using the original classifier template. This requires the HOG descriptors of the
images (pre-loaded to the memory) and so is slower than the spatial reranking proposed
here. For instance, in the sparse tiling setting, the PRQ50 increases from 64% to 84% and

AP increases from 9.8% to 15% when we rerank top 1000 BBs using the original

6.4.2 Fast Detection using DPM Models

In the previous section the experiments are conducted on a single template. Here we
discuss the evaluation of the fast search using the DPM models with multiple components

(templates). The DPM models are trained over the training and validation set of VOCO07
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Methods PR@10 | PR@50 | PR@100 | AP TIME
Original SW 100.0 98.0 77.0 | 31.1 | ~ 1.3 hrs
Reconstructed SW 90.0 92.0 58.0 | 19.5 | ~ 1.3 hrs
Fast Search (FS) 70.0 34.0 19.0 | 4.2 0.1s
F'S Sparse 70.0 34.0 19.0 4.1 0.1s
FS 4+ Top 3 Max 70.0 40.0 24.0 | 5.2 1.8s
FS + Reranking 70.0 38.0 21.0 | 5.2 0.3 s
FS Sparse + Reranking 70.0 36.0 21.0 4.9 0.3s
FS + Top 3 Max + Reranking 70.0 40.0 24.0 5.6 2.1s
FS + Reranking + Orig. Rescoring 100.0 66.0 41.0 | 11.3 14s

(a) Dense Tiling
Methods PR@10 | PR@50 | PR@100 | AP TIME
Original SW 100.0 98.0 77.0 | 31.1 | ~ 1.3 hrs
Reconstructed SW 90.0 88.0 67.0 | 21.5 | ~ 1.3 hrs
Fast Search (FS) 100.0 60.0 340 | 94 0.6 s
FS Sparse 100.0 58.0 34.0 9.5 0.6s
FS + Top 3 Max 100.0 66.0 41.0 | 11.5 104 s
FS 4+ Reranking 100.0 64.0 32.0 9.8 1.1s
FS Sparse + Reranking 100.0 62.0 32.0 9.6 1.0s
FS 4+ Top 3 Max + Reranking 100.0 70.0 41.0 | 12.7 11.7 s
FS + Reranking + Orig. Rescoring 90.0 84.0 52.0 | 15.0 2.0

(b) Sparse Tiling

Table 6.1: Detection performance comparison of sliding window (SW) and
fast search (FS) methods on VOCO7 test set using the side-facing bicycle

component.
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Original DPM  Reconstructed
Template Template Template Template

Original DPM  Reconstructed

Reconstructed Template

Figure 6.5: Reconstruction picks one of the views from the noisy superpositioned
views in the DPM component.

using 3 components (6 with mirrors) excluding the parts. In total we have 20 x 6 = 120
HOG templates that are evaluated for fast detection and the mean performances for each

class is reported in table

Looking at the mean performances, especially PRQ10 for each class, we observe that FS
with spatial reranking approaches the quality of the exhaustively evaluated DPM models
with the elapsed time roughly 1 second for each class (rather than ~1.3 hours). On average

spatial reranking significantly improves over fast search in all three performance measures.

When the intra-class variation is too high, this is especially true of animals, we observe
a superpositioning of different views in the DPM components, since each view can not
find a component to exist separately. We observed that the reconstruction picks one of

the dominant views whichever is represented best with the CPs (see figure [6.5).
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PR@10 Results aero. | bike | bird | boat | bottle | bus car cat | chair | cow | mean
Original SW 55.0 93.3 28.3 28.3 53.3 | 81.7 | 100.0 | 21.7 71.7 | 60.0 59.2
Reconstructed SW 36.7 73.3 23.3 18.3 28.3 | 50.0 88.3 | 13.3 13.3 | 50.6 35.9
FS 25.0 58.3 3.3 10.0 13.3 | 31.7 78.3 3.3 3.3 | 354 24.1
FS+RR 31.7 61.7 8.3 16.7 25.0 | 48.3 90.0 1.7 104 | 50.8 32.7
PR@10 Results table | dog | horse | m.bike | person | plant | sheep | sofa | train tv.
Original SW 25.0 | 10.0 96.7 81.7 88.3 43.3 48.3 | 50.4 75.0 | 71.7
Reconstructed SW 8.3 5.0 48.3 46.7 70.0 15.0 40.0 5.0 36.7 | 46.7
FS 0.0 3.3 30.0 40.0 80.0 3.3 13.9 3.3 23.3 | 23.3
FS+RR 5.0 3.3 51.7 51.7 80.0 8.3 20.2 0.0 43.3 | 45.0
PR@50 Results aero. | bike | bird | boat | bottle | bus car cat | chair | cow | mean
Original SW 32.8 70.3 11.0 16.3 34.0 | 48.7 | 96.3 | 11.0 38.8 | 35.0 39.3
Reconstructed SW 16.7 54.7 9.0 10.7 19.7 | 23.7 | 79.3 7.3 8.7 | 26.3 23.7
FS 8.0 39.0 2.7 4.0 8.7 | 11.3 | 50.0 1.0 3.4 | 14.6 13.1
FS+RR 11.3 47.3 4.3 6.7 12.7 | 22.7 | 65.3 1.0 6.7 | 20.0 17.7
PR@50 Results table | dog | horse | m.bike | person | plant | sheep | sofa | train tv.
Original SW 16.2 6.3 65.3 53.0 82.7 21.7 23.1 23.4 52.0 | 48.3
Reconstructed SW 3.7 6.7 26.3 32.3 61.9 5.0 20.3 3.3 23.0 | 35.3
FS 2.0 0.7 12.4 13.3 66.3 2.0 4.0 0.7 8.0 | 10.5
FS+RR 4.0 1.7 20.3 20.3 64.0 3.0 7.4 0.0 15.7 | 18.8
PR@100 Results aero. | bike | bird | boat | bottle | bus car | cat | chair | cow | mean
Original SW 22.4 51.0 8.0 11.1 24.8 | 31.0 | 88.7 8.2 26.2 | 22.1 29.4
Reconstructed SW 11.7 39.7 6.2 8.3 155 | 16.3 | 67.7 5.3 6.5 | 18.0 18.3
FS 4.7 23.3 1.7 2.5 5.7 6.5 | 33.7 1.0 2.0 9.2 9.1
FS+RR 6.7 31.5 2.2 4.2 8.0 | 12.8 | 46.0 1.0 4.2 | 13.3 12.1
PR@100 Results table | dog | horse | m.bike | person | plant | sheep | sofa | train tv.
Original SW 12.3 6.3 45.1 35.2 78.7 14.5 15.0 17.0 31.3 | 39.5
Reconstructed SW 3.0 6.3 18.5 21.3 58.1 3.8 13.0 2.8 15.3 | 294
FS 1.5 0.8 7.3 8.8 57.8 1.2 2.7 0.3 4.3 6.4
FS+RR 3.2 1.3 11.2 11.8 57.8 1.8 4.7 0.0 9.0 | 11.9

Table 6.2: Performances of the complete DPM models (3 components) on the de-
tection evaluation over VOCO7 test set with the sparse tiling setting. Note that fast
search nearly reaches the performance of sliding window search using reconstructed
template for PR@Q10 results with significantly small search time (~ 1.3 hours vs.
~ 1 second)
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PR@10 Results 3x3 | 4x4 | 5x5 | 6x6 | TxT
Reconstructed SW | 44.8 | 41.7 | 35.9 | 34.6 | 37.2
Fast Search 12.8 | 21.7 | 24.1 | 29.8 | 18.6
FS 4+ Reranking 19.2 | 28.1 | 32.7 | 36.7 | 18.2
PR@50 Results 3x3 | 4x4 | 5x5 | 6x6 | TxT
Reconstructed SW | 27.5 | 26.9 | 23.7 | 23.0 | 23.6
Fast Search 5.7 | 10.8 | 13.1 | 14.4 | 10.9
FS + Reranking 9.1 | 142 | 17.7 | 185 | 11.3
PR@100 Results 3x3 | 4x4 | 5x5 | 6x6 | 77
Reconstructed SW | 20.9 | 20.5 | 18.3 | 17.2 | 18.2
Fast Search 3.7 7.2 9.1 9.5 7.6
FS + Reranking 6.1 9.8 | 12.1 | 12.6 8.1

Table 6.3: Performance as a function of CP size. As CP size increases, the
performance of fast search gradually increases as well reaching the limit at 6 x 6.
Sparse tiling is used for reconstruction.

3x3 4x4 5x5 6x6 X7
Reconstructed SW ~ 1.3 hours | ~ 1.3 hours | ~ 1.3 hours | ~1.3 hours | ~1.3 hours
Fast Search 2.5s 1.2 s 0.8s 0.6s 0.6s
FS + Reranking 5.5s 2.5s 1.5s 1.2 s 1.1s
Avg. number of used CPs 132.2 63.8 414 32.6 29.0

Table 6.4: Average elapsed time for each CP size. As CP size increases, the
number of CPs used for reconstruction decreases, hence the retrieval time decreases
as well. Sparse tiling is used for reconstruction.
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6.4.3 Effect of CP Size

The effect of CP sizes on the performance is also evaluated and reported in figure and
table The reported results are mean detection performances for each component of
all 20 classes of VOC07. While increasing the CP size from 3 x 3 to 7 x 7, expectedly, the
quality of reconstruction decreases and this is reflected on the reconstructed template (SW)
results. However, as CP size increases, the CPs become more semantically meaningful and
definitive, and this improves the fast search results. Hence, while increasing the CP size,
performances of the reconstructed template (SW) and fast search approaches each other
and even meets for the PRQ10 results at the size of 6 x 6. In the limit, this increase in CP
size would reach to the size of the HOG templates, where we may not find a good match
due to becoming too specific. We observe this behaviour at the level of 7 x 7 CPs where

the performance of fast search drastically decreases.

The retrieval timings for each CP size is given in the table As CP size increases, the
speed of fast retrieval increases as well. The reason behind it is that while reconstructing
the template using small CPs (e.g. 3 x 3) we need more items in construction as opposed
to a larger CP size (e.g. 6 x 6). Using more CPs in reconstruction requires reaching a
larger set of posting lists (i.e. one for each used CP) that are used for retrieval and spatial
reranking. Therefore, as CP size increases the number of used CPs decreases which entails

shorter retrieval times.
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PR@10 | PR@50 | PR@100 TIME

VOCo7 FS 70.0 34.0 19.0 123 ms
(5K) FS+RR 70.0 38.0 21.0 | 238 ms
Imagenet12 | F'S 70.0 28.0 15.0 126 ms
+ VOCo07 | FS+RR 60.0 28.0 16.0 | 273 ms
(50K) FS+RR(2.5K) 60.0 34.0 22.0 | 678 ms
FS+RR(5K) 60.0 40.0 23.0 | 1355 ms

Table 6.5: Detection performance of the side-facing bicycle component
evaluated in large-scale (~50K). Neither the timings nor the performances are
affected by the additional ~45K distractors. Dense tiling is used for reconstruction.

6.4.4 Large scale detection

In this experiment we extended the VOCO7 test set by adding distractors from Imagenet12
validation set. In the combined test set we have ~50K images. Since we don’t have reliable

ground truth for the Imagenet12 set, we performed manual evaluation.

We evaluated the side-facing bicycle component on VOCO07 alone and the combined set.
The results are shown in the table [6.5) and in the figure [6.71 We observed that the quality
of the detections at low ranks is not affected by the distractors coming from Imagenet12,
and the timings are similar even though we move from a 5K set to a 50K set, i.e. scaling
up to large databases does not affect the speed or accuracy of the system — our original

objective.

Note that the tandem images (see figure [6.7)), 2 of them ranked in the top 10, and 6 of
them ranked in the top 100, are not counted as bicycles and marked as false retrievals. If

we count them as bicycles as well, the performance would be much higher.
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6.4.5 Fast Detection using E-SVMs

This section discusses the evaluation of the fast search using the E-SVM models. For the
quantitative results, E-SVMs are trained for randomly selected 50 BBs for each of the 20
classes using the training set of VOCO07. The truncated and the difficult BBs are not used
for training since they are not good representatives of the class. Each E-SVM model is

evaluated individually for the category that it belongs to.

Many of the original E-SVMs (using sliding window search) did not return any positive
images in the top 10 retrieval. Therefore, for a more sound evaluation, we used 192 of
the queries where either the original ESVM or the reconstructed one retrieves at least 3
instances of the target class at top 10 using the sliding window search. Table illustrates
the mean performances of the evaluated E-SVM queries where we can observe quite good
performances in the low rank results. Furthermore, a final reranking using the original
E-SVM detector is also investigated. After spatial reranking, the top 1000 detections are
rescored using original E-SVM detectors. Note that for this rescoring method we need to
access the HOG features of the images which are pre-loaded to the memory in advance

for fast access.

As a related baseline, we also compared our method with the Video Google (Sivic and
Zisserman, [2003)) approach with two different vocabulary sizes, 10K and 200K. Video
Google using 10K performed better than 200K since the latter is mostly suitable for
object instance search hence can’t generalize as well as 10K vocabulary. In summary,

fast search methods perform significantly better than Video Google results with similar
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PR@10 | PR@50 | PR@100 TIME
Original SW 46.8 24.9 17.0 | ~ 1.3 hrs
Reconstructed SW 31.7 21.1 15.8 | ~ 1.3 hrs
Fast Search (FS) 15.4 8.7 6.4 0.2s
FS 4+ Top 3 Max 15.4 8.9 6.7 1.7 s
FS 4+ Reranking 15.5 8.7 6.5 0.3 s
FS 4+ Top 3 Max + Reranking 15.5 9.0 6.8 20s
FS + Reranking + E-SVM Rescoring 24.5 13.0 9.0 1.1s
Video Google 10K 8.8 4.5 3.0 0.1s
Video Google 200K 4.0 0.8 0.4 0.1s

Table 6.6: Mean performance comparison of sliding window (SW) and
fast seach (FS) methods on VOCO07 test set using 192 E-SVMs trained
from randomly selected samples from the 20 classes of VOCO07 training
set. Dense tiling is used for reconstruction. Note the tremendous timing difference
between sliding window methods (which employs exhaustive search) and fast search
methods.

timings.

We also present some qualitative search results in figure which are also retrieved

immediately.

6.5 Summary and discussion

Traditionally object category detection is performed in a sliding window fashion, which
is a very costly procedure for large scale datasets. We have presented a fast detection
framework which obtains near state of the art low rank results. It is now possible, by
learning the HOG classifier using an E-SVM or LDA (see figure , to go from specifying
a visual query in an image, to retrieving object category detections over a large scale

dataset in a just a matter of seconds.
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Note, that our method is also applicable in conjunction with methods that first filter the
images using image classification to obtain a short list. These methods can also employ
efficient indexing strategies, e.g. Rastegari et al.| (2011). Our method can then be used to
immediately return object detections on the short list (as has been done in this paper for

a short list generated by the maximum response representation).

This method opens up new research questions in the area of immediate object cate-
gory retrieval. For example, is there a benefit in learning the approximating template
discriminatively as is done in |Girshick et al. (2013))7 Is the sparse template representation
improved by non-overlapping constraints in the learning? Would a maximum response rep-
resentation extended to include a spatial pyramid layout of each image improve precision

of the short list?
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Figure 6.6: Mean Precision results as a function of CP size for detection.
Scores are averaged over all 20 classes of VOCO07. Sparse tiling is used for recon-

struction.
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VOCO07 (5K)

Imagenetl2 +
VOCO07 (50K)

Figure 6.7: Comparison of top 6 detections of the side-facing bicycle component
over 5K and 50K test sets. Dense tiling is used for reconstruction.
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Figure 6.8: Visualization of detection results for a few E-SVM queries.
Note the pose and the type similarity between the query and the retrieved results.
These results are retrieved in less than a second.



Chapter 7

Conclusion

In this chapter we summarize the achievements of the presented thesis and discuss direc-

tions of future research.

7.1 Achievements

The overall achievement of this thesis is to develop and apply transfer learning methodolo-
gies for object category detection. The proposed methods are mainly demonstrated using
HOG templates (Linear SVMs over HOG features (Dalal and Triggs, 2005) or DPMs
(Felzenszwalb et al., 2008)) which are the state of the art models for object category

detection and have been for the last five years. Here we present a list of accomplishments.

Rigid transfer, i.e. using the source detector as it is, is particularly proposed for the cases

where the source and target detection tasks are very similar. For instance, transferring
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from a motorbike detector in order to learn a bicycle detector, or transferring from horse
to donkey. Although it is quite successful, it has a narrow band of applications since it is
hard to find a very similar class to transfer from for many cases. Two main methods are
proposed: the first one is the application of Adaptive SVMs (Yang et al., 2007b)) for object

detection, and the second one is a new objective named as Projective Model Transfer SVM.

Deformable transfer, i.e. transforming the source detector during transfer, is introduced
for the cases where small local transformations will better benefit the source detector. For
example, while transferring from a motorbike detector to a bicycle detector it would be
beneficial to enlarge the motorbike wheels during the transfer to better fit the bicycle
class hence providing a more successful transfer. The proposed formulation, Deformable
Adaptive SVM, has a convex objective and performs a transformation of the source for a

better match with the target during the transfer.

Part level transfer is particularly appealing when transferring from a single class is not
possible, either due to a mismatch in the size or aspect ratio of the classifier templates
or when no similar class exists. For instance, while training a detector for an ambulance
the source repository might not include any similar size vehicle, however, by transferring
parts from trucks, vans and cars, a successful transfer can be accomplished. This type
of transfer can also be visualized as constructing a pseudo-detector template (using the
parts extracted from source detectors) to use as a prior model for regularizing the target
detector. This method lies somewhere between rigid and deformable transfer since parts
are transferred without any local deformation but they can be relocated in the target

detector. Being motivated by the existing semantic relations between the parts (e.g. we
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expect to see a front leg when a tail or a back leg part exist) we also proposed to transfer
some meta-level information such as the co-occurrence statistics between the parts. In
that respect, a convex method for enforcing co-occurrence statistics to the SVM objective

is introduced.

Efficient and robust optimization for transfer learning objectives is introduced. Trans-
fer learning formulations are transformed to a “classical” linear SVM objective in order
to utilize the robust tools developed throughout the years for optimizing SVMs. The se-
mantic implications of the proposed equivalence relations provided a better insight into

transfer regularization and the use of feature augmentation.

One-shot generalization, i.e. improving Exemplar SVMs (Malisiewicz et al.l [2011)),
is better performed with the help of part level transfer learning. It has been shown
that exemplar svms can be improved for better detection and retrieval of the same class
instances in a similar pose. Particularly, part level transfer is very well suited for training

stronger detectors for unusual poses and compositions of objects.

Fast and scalable detection is proposed by building upon the part based transfer
(classifier reconstruction) idea. A part based representation for both the object detectors
and test images is introduced, and through the use of inverted index files immediate (~ 1
second) detection in large image collections is performed. This method is applied to both
running object category detectors and Exemplar SVMs, obtaining very good detection
results in the low recall regions approaching the quality of sliding window evaluations

(exhaustive search) with a considerable decrease in the search time (~ 1.3 hours vs. ~ 1
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second).

7.2 Future Research

In this section we discuss some potentially promising future research directions.

Answering the “where” question. One of the main obstacles preventing us from
developing solutions that address the “where” question, i.e. deciding which materials from
which classes will be transferred, was the lack of evaluation of the methods due to the
small number of classes existing in the current object category detection datasets (e.g.
PASCAL VOC has 20 classes). However, the release of large scale datasets and challenges
for object category detection, such as the ImageNet detection challenge (ILSVRC2013),
makes it possible to search for the answer of the “where” question. Several potential
sources of information can be used for this purpose. For instance, semantic relations, such
as hypernyms-hyponyms(i.e. “is a” and “kind of” relations) and meronyms (i.e. “part of”
relations), can be utilized for finding visually similar classes, particularly within the cat-
egories of vehicles and animals. Biological taxonomies, and perhaps even the genomes of
animals, can be utilized for identifying visual similarity relations. Considering that seman-
tics do not always necessarily coincide with visual similarities, the similarity connections
can be empirically validated through the use of available training data and learned detec-
tor models. Supervised or unsupervised mid-level representations (i.e. representing images
and classes with attributes or common generic parts) can also play a significant role for

establishing similarities and hence determining where to transfer from.
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Instance-based transfer. Most of the methods described in this thesis were focused
on transferring information between categories. However we can also transfer information
between instances. Instance-based transfer is loosely introduced by Malisiewicz et al.
(2011) in the exemplar SVMs work, where the aim is to create similarity connections
between instances using the available visual information and then selectively transfer some
other properties (e.g. segmentation masks, 3D geometry, semantic labels, etc.) that exist
in the source instance but not in the target one. For instance, the scene completion
work by Hays and Efros (2007) can be thought of as instance-based transfer since the
similarity connection is established using the general visual context of the image, and
then the unwanted part of the target image is overwritten by transferring the similar
part from the retrieved image. After establishing similarity connections via semantic
hierarchical relations in ImageNet, |Guillaumin and Ferrari (2012) transferred bounding
box locations from one image to the other. [Tighe and Lazebnik| (2013) also transferred
the segmentation masks from a database of objects in order improve pixel level labelling
of the scenes. Wang et al| (2013 identified the similarity connection by matching 3D
point clouds and transfers the semantic labels. The release of RGB-D datasets, such as
(Lai et al., 2011), and other multi-model datasets, create the opportunity to establish
similarities by using one modality (visual appearance (RGB)) and transfer information for
annotating the instance for the other modality (depth information in the form of 3D point
clouds). Similarly annotations in the form of bounding boxes, finer part-level annotations,
semantic labels can all be interpreted as other modalities. With the introduction of our fast

detection method discussed in chapter [6] well registered similarity connections between a
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target instance and potential source instances can be achieved much faster even using a
large scale image repository. This enables many other potential applications which were
not possible before (e.g. object impainting, data driven object sketching, etc.) due to the

search complexity.
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