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Abstract

Top-rank learning aims to learn a real-valued ranking function to maximize the num-
ber of absolute top samples. These samples are the most reliable positive samples that
are ranked higher than the top-ranked negative sample. Therefore, top-rank learning
is beneficial for real applications that require reliable decisions. In addition, it also
inherits the merits of bipartite ranking that not only provides the appropriate ranking
for samples but also theoretically guarantees its robustness to data imbalance prob-
lems. In this thesis, we first propose to apply a bipartite ranking method (RankSVM)
for solving the data imbalance problem in the signature verification task as prelimi-
nary research of top-rank learning. The experimental results demonstrate the effec-
tiveness and superiority of RankSVM on various signature verification datasets, and
they also present the effect of feature space for RankSVM statistically. Then, we
improve top-rank learning and apply them to real applications. Specifically, we try
to remove the following two limitations of conventional top-rank learning: (1) Most
tasks have been formulated as linear or kernel-based problems and are thus limited in
coping with complicated tasks; (2) It is sensitive to outliers of the negative samples.
To tackle the first limitation, we propose a novel deep learning model-Top-rank Con-
volutional Neural Networks (TopRank CNN) that combines top-rank learning with
representation learning. Since the original objective function of top-rank learning
suffers from overfitting, we employ the p-norm relaxation of the initial loss function
in the proposed method. We prove the usefulness of TopRank CNN experimentally
with medical diagnosis tasks that require reliable decisions and robustness to the un-
balanced condition. For the second limitation, we propose a robust top-rank learning
algorithm with an unsupervised outlier estimation technique called the local outlier
factor (LOF). Introduction of LOF can help weaken the effect of the negative outliers
and thus increase the stability of the learned ranking function. Moreover, we com-
bine robust top-rank learning with representation learning by a deep neural network
(DNN). Experiments on artificial datasets and a medical image dataset demonstrate
the robustness of the proposed method to outliers.
Thesis Supervisor: Seiichi Uchida
Title: Professor
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Chapter 1

Introduction

1.1 Background

Learning to rank refers to machine learning techniques used for training ranking
models [2], and it aims to organize the objects in a particular order according to their
preference, relevance, or other ranking criterion. In the past several decades, learning
to rank has attracted the focus of many machine learning researchers because of its
growing application in the areas like information retrieval (IR) and recommendation
systems [2, 3, [4, [5].

Fig. (a) describes the general conception of the bipartite ranking [6], which
is one of the most popular ranking methods. If it is possible to separate samples
into positive and negative classes, the bipartite ranking methods aim to optimize the
ranking function to assign higher ranks to positive samples than all negative samples.
As outlined in Fig. (a), it depicts a linear ranking function and the samples on a
dotted line have the same rank value, such as r3. The bipartite ranking approaches
have interesting characteristics that are favorable for various applications, such as
document retrieval, recommendation systems, and medical image analysis [0}, [7, 8,
9], and one important characteristic is that the optimization of bipartite ranking is

equivalent to the Area Under the Curve (AUC) maximization [10, 11, 12], which is

21



22 CHAPTER 1. INTRODUCTION
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Figure 1-1: Overview of (a) bipartite ranking, (b) top-rank learning, and (c¢) TopRank
CNN (the proposed method). The green dots denote the positive samples and the
orange dots denote the negative samples.

very useful for improving the ranking accuracy.

Top-rank learning is a version of the bipartite ranking problem. It emphasizes the
ranking accuracy at the top-ranked instances of the rank list, owing to the users who
are interested only in those instances [13], 14, 5] 16, 17, 18]. Fig. (b) illustrates
the concept of top-rank learning. The main difference from bipartite ranking is that
top-rank learning attempts to maximize the number of absolute top samples instead of
maximizing the AUC. Absolute top refers to the positive samples ranked higher than
the top-ranked (highest-ranked) negative samples. Therefore, absolute top samples
are highly reliable positive samples because they are clearly different from the negative
samples. Pos@Top is the ratio of the absolute top samples to all the positive samples.
The property of maximizing Pos@Top will enable the top-rank learning method to

be very useful for tasks that require reliable decisions.
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1.2 Motivation

1.2.1 Usefulness of Bipartite Ranking

In bipartite ranking problems, samples are labeled positive or negative, and the goal
is to learn a ranking function that gives a higher rank value for a positive instance
than a negative instance. The bipartite ranking problems have been widely studied
in recent years [3, I3, 19, 20]. The bipartite ranking approach has several useful
characteristics for improving the unbalanced learning tasks. First, bipartite ranking
provides optimal performance for detecting positive samples among all samples by
pushing positive samples with higher ranking scores by maximizing AUC. Second,
the bipartite ranking function is robust to unbalanced data [21]. As it is generally
optimized via consideration of all pairs of positive and negative samples, the differ-
ence between the numbers of positive and negative samples becomes insignificant.
This property implies that the traditional bipartite ranking methods are very useful
for solving the data imbalance problem in various applications, such as information
retrieval, signature verification, medical image analysis tasks etc [22] 23] 24] 25]. For
example, Rakotomamonjy [26] has proved that RankSVM [3] is robust to class im-
balance (because of its ability to maximize AUC). Cruz et al. [27] experimentally
confirmed this merit. Therefore, as the preliminary research, exploring the properties
of the bipartite ranking approach (RankSVM) through the signature verification task

becomes one of motivation of this thesis.

1.2.2 Properties of Top-Rank Learning

The objective of top-rank learning is to maximize the Pos@QTop, instead of AUC.
Considering that the receiver operating characteristic (ROC) of a ranking task is
drawn by changing the rank value as the threshold, Pos@Top is observed as the
length of the initial (i.e., leftmost) vertical part of the ROC, as shown in Fig. (a).

The maximization of Pos@QTop is often favorable compared with the maximiza-
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Figure 1-2: Relationship between the rankings and their ROC.

tion of AUC, especially for medical image diagnosis that sometimes relies on medical
experts to obtain diagnosis results by manually inspect medical images. Assume that
positive and negative samples are images of cancerous and healthy tissues, respec-
tively. The top-rank learning method could learn a model that obtains more absolute
tops in the training phrase by optimizing the Pos@Top. If a test image becomes one
of absolute top samples (that is, its rank value is larger than the top-ranked negative
sample), medical experts can skip the manual inspection of the test image; this is
because it (clearly) depicts cancerous tissue E| In other words, the top-rank learning
method could be used as a computer-aided diagnosis technique to provide the most
reliable cancerous / clearly normal results automatically, and the medical experts will
ignore them in future manual diagnoses. Therefore, if a larger Pos@Top (i.e., more
absolute top samples) is obtained, manual inspection efforts of medical experts can
be reduced drastically. Note that top-rank learning inherits the robustness for unbal-
anced data. Accordingly, this property provides another merit related to the use of

top-rank learning for medical diagnosis.

LConversely, it is possible to assume that positive and negative samples denote images of normal
and cancerous tissues, respectively. In that case, a test image becomes the absolute top is “clearly
normal” and the medical experts can also ignore it.
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Figure 1-3: (a) Top-rank learning, and (b) its weakness to the negative outlier in
the training set. In (b), the negative outlier becomes the top-ranked negative and,
consequently, Pos@Top becomes much less than (a). Moreover, the ranking function
becomes very different from (a) just by the single outlier. (c) The proposed method
can weaken the effect of the outlier and get a more suitable ranking function like
(a). Note that this figure does not focus on representation learning (i.e., feature
extraction), although the proposed method does it along with top-rank learning in
an end-to-end manner.

1.2.3 Limitations in the Conventional Top-Rank Learning

As is discussed in Section[I.2.2] top-rank learning is very useful in various applications
that require reliable decisions, but it still has two limitations toward its practical
application. Conventional top-rank learning tasks have been formulated in the forms
of linear or kernel-based problems that can be solved by various algorithms, such as the
support vector machine (SVM)-based algorithm called TopPush [18]. Unfortunately,
this formulation cannot fully utilize the favorable properties of top-rank learning.
When positive and negative samples cannot be easily separated, it will be difficult to
have a large Pos@Top. Although using a kernel function will increase the separability,
it is still hard to find an appropriate kernel function for individual tasks. Therefore,
how to deal with this limitation of top-rank learning becomes a topic that deserves

further researches.

Another serious limitation of top rank learning is the sensitivity to outliers. An
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outlier of the negative class will drastically degrade Pos@Top. To observe this, we
can compare Fig. (a) with (b). Fig. (a) presents the top-ranking learning
without the effect of outliers. In contrast, (b), contains an outlier of the negative
class lies in the “very positive” area, As the result, Pos@QTop samples become much
less than (a). Moreover, just by this single negative outlier, the ranking function
in (b) becomes totally different from (a). In short, the ranking function is totally
affected by just the single outlier. Unfortunately, in some real applications, especially
for medical image analysis tasks, the training set often contains such outliers due to
measurement error or labeling error. It becomes necessary to propose a method to
weaken the effect of outliers for top-rank learning. A simple solution is to remove
outliers from the negative class directly. However, finding an appropriate threshold
for outliers is very tough, and removing samples may lose valuable information for
the training model. Therefore, one of the motivations of this thesis is to propose a

more robust method to weaken the negative effect of outliers.

1.3 Thesis Objectives and Solutions

1.3.1 A Preliminary Research of Top-Rank Learning

Before discussing the top-rank learning, the first objective of this thesis is to explore
and verify the characteristics of the learning to rank method, called RankSVM |[3],
through signature verification tasks. Signature verification systems are formulated as
a classification task and suffer from the typical imbalanced problem, where much more
negative samples (forgeries) than positive samples (genuine signatures) are available
during the training process. Therefore, the signature verification systems impose
strict requirements on classifiers. Note that the classifier is optimized to discriminate
the genuine signatures and forgery signatures in signature verification systems [28],
29, 130].

RankSVM is one of the learning to rank methods and has been used successfully
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to solve the imbalanced learning problems for information retrieval tasks [22] 23], 24].
RankSVM also has several favorable properties for signature verification systems.
First, the AUC maximization ability of RankSVM helps to improve the recognition
precision for the signature verification system because the optimality of the result is
guaranteed. Second, RankSVM provides the rank for each sample. Thereby, positive
samples with higher reliability achieve higher ranks. For the signature verification
task, this property is very useful because RankSVM assigns ranks to genuine sig-
natures higher based on their reliability. Third, it can handle imbalanced problems
without additional parameters. As previously noted, traditional signature verification
systems typically encounter imbalanced learning problems.

Considering these favorable properties RankSVM, I applied RankSVM to signa-
ture verification tasks. To my best knowledge, RankSVM has not been used for the

signature verification task in spite of its usefulness to the task.

1.3.2 Proposal of TopRank CNN

The second objective of this thesis is to address the first limitation of top-rank learn-
ing, as discussed in Section [1.2.3] In recent decades, Deep Neural Networks (DNN)
has been widely used in image analysis task with great success [31], 32]. The key ad-
vantage of DNN lies in the ability to mine representative information from raw data as
appropriate feature vectors. For improving the performance of the top-rank learning
on complex medical image analysis tasks, this thesis proposes a novel deep neural net-
work Top-rank convolutional neural network (TopRank CNN) that enables top-rank
learning maximizing Pos@Top with representation learning by DNN. Fig. (c) il-
lustrates the ranking function of TopRank CNN. Its feature space is automatically
derived by the representation learning from positive and negative samples and there-
fore different from Fig. (a) and (b). If the feature space is optimized for top-rank
learning by CNN-based representation learning, we have more reliable absolute top

samples, i.e., a larger Pos@QTop. Fig. (b) also describes the better performance
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of TopRank CNN at the leftmost vertical part of the ROC than the conventional
top-rank learning method. These characteristics of TopRank CNN will enhance the
usefulness of top-rank learning for medical image diagnosis and various applications
that need reliable decisions.

It should be emphasized that combining the ideas of top-rank learning and CNN
is not straightforward owing to the following two points. First, using the original
objective function of the top-rank learning problem for TopRank CNN easily causes
heavy-overfitted results to the training data. This is because the feature representa-
tion by CNN tries to obtain the maximum Pos@QTop of the training data. Therefore,
the p-norm relaxation is introduced into the original objective function to avoid the
overfitting problem. The experimental results will prove that the TopRank CNN
can achieve larger Pos@QTop values under this relaxation with an appropriate hyper-
parameter, p. Second, the organization of each minibatch requires more considera-
tion than ordinary CNN training tasks. Given that the loss function is calculated
by positive-negative pairs (like bipartite ranking), it is essential to ensure that an
appropriate number of positive and negative samples are included in each minibatch

during the training of TopRank CNN.

1.3.3 Proposal of Robust Top-Rank Learning

The third objective of this thesis is to weaken the effect of outliers for top-rank
learning and improve its robustness to outliers. As described in Section [I.2.3] Fig.
(a) presents the general ranking function of top-rank learning on the training set
without negative outliers in negative class, and Fig. (b) shows the weakness of
the top-rank learning when it suffers from negative outliers.

To solve this problem, a robust top-rank learning algorithm with an unsupervised
outlier estimation technique is proposed. The unsupervised outlier estimation tech-
nique can estimate the degree of the anomaly of each sample based on the sample

density around the sample. (Roughly speaking, if there is no other negative sample
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around a negative sample, its degree of anomaly becomes large.) By newly intro-
ducing the degree of anomaly into the objective function of the top-rank learning
problem, the unexpected effect of the outliers on the ranking function can be weak-
ened. In the following, the standard local outlier factor (LOF) [33] is employed as the
outlier estimator, although other (even more elaborated) outlier estimators that fit a
specific application can be used.

Fig. (c) illustrates the expected effect of the proposed method. Although there
is the same negative outlier as Fig. (b), the proposed method will give a similar
ranking function as Fig. (a); it is because the proposed method can weaken the
effect of the negative outliers during training the ranking function.

This thesis further introduces the representation learning mechanism into the
above robust top-rank learning framework, just like TopRank CNN. It can be realized
by training a deep neural network (DNN) with the objective function of robust top-
rank learning. In other words, it can train the ranking function and the feature
extraction function in an end-to-end manner while weakening the effect of outliers.

Experiments are conducted to observe the characteristics of the proposed method
on artificial datasets and its performance on practical ranking tasks of medical images.
As noted above, the medical image analysis task is a very important target of top-
rank learning; however, it often suffers from outliers due to the nature of the labeling
difficulty. Therefore, the application of the original top-rank learning to medical
images encounters drastic performance degradation. It also shows that the proposed
method can weaken the effect of outliers in a medical image set and achieve more

stable and superior performance than several comparative methods.

1.4 Novelty and Contributions
The novelty and contributions of this thesis are summarized as follows.

e This thesis firstly utilizes RankSVM for the signature verification task. RankSVM
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possesses favorable properties, especially for this task. For example, RankSVM
can not only deal with the imbalanced problem without any heuristic rem-
edy but also rank the samples according to their reliability. The effectiveness
of RankSVM is verified for signature verification tasks by conducting several

extensive experiments. The desired results were achieved on the imbalanced

bitmaps of GPDS-150, GPDS-300, GPDS-600, and GPDS-1000 datasets.

This thesis proposes TopRank CNN, which is a combination of top-rank learn-
ing and representation learning for medical image analysis in an end-to-end way.
The introduction of p-norm relaxation of the loss function enables the end-to-
end training framework of top-rank learning and representation learning which
further enhances the usefulness of top-rank learning. Extensive experiments
for the proposed TopRank CNN are conducted on medical image-based diagno-
sis tasks. The results prove the proposed method can achieve more Pos@QTop
than other methods; this means that the proposed TopRankCNN can find more
highly reliable positive samples automatically, and it will reduce the manual

inspection efforts of medical experts.

This thesis attempts to introduce unsupervised outlier estimation into the top-
rank learning algorithm for increasing the robustness to outliers. (In fact, it is
the first time to assert the importance of robustness against outliers in real-world
applications of the top-rank learning algorithm). The usefulness of the robust
top-rank learning method via a medical image diagnosis task is also confirmed
after confirming its ability to avoid the severe degradation by outliers through

experiments with artificial datasets.

1.5 Thesis Structure

This thesis is organized as follows.
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e Chapter 1: This chapter gives the general introduction of this thesis. At first,
it describes the background of the learning to rank methods and introduces
bipartite ranking and top-rank learning. Then, it introduces the motivations,
objectives, and solutions on the real-world applications (offline signature veri-
fications and medical image analysis). Finally, it summarizes the novelty and

contributions of this thesis.

e Chapter 2: This chapter illustrates more details of learning to rank. First,
it introduces the conception of learning to rank. Then, it introduces one of
the bipartite ranking methods, RankSVM, and presents its formulation and
equations. Finally, it describes the definition and formulation of the top-rank

learning methods.

e Chapter 3: This chapter provides detailed information about the utilizing of
RankSVM for signature verification tasks. Firstly, it introduces the purpose
of using RankSVM for signature verification. Then, it illustrates the related
work about different deep learning methods in signature verification tasks and
dealing with the data imbalance problem in signature verification tasks. Then, it
presents detailed information about the implementation of employing RankSVM
for signature verification. Finally, it demonstrates the experimental results of

the RankSVM on the signature verification task.

e Chapter 4: This chapter introduces the Top-rank Convolutional Neural Net-
work (TopRank CNN) and its application to medical image analysis. Firstly, it
introduces the purpose of the proposal of TopRank CNN. Then, it illustrates
the related work of learning to rank with DNN, including the past attempts
on top-rank learning with DNN. Then, it presents the definition of the top-
rank loss and TopRank CNN. Finally, it presents the experimental results of
the TopRank CNN on an unbalanced CIFAR-10 dataset and demonstrates the

superiority of the proposed method on medical image analysis.
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e Chapter 5: This chapter introduces robust top-rank learning. Firstly, it de-
scribes its purpose. Next, it introduces the related work of various outlier detec-
tion methods. Then, it presents the definition of the robust top-rank learning
method and robust top-rank convolutional neural networks (robust TopRank
CNN) and analyzes their advantages. Finally, it shows the experimental results
of the proposed robust TopRank CNN on the artificial dataset and demonstrates
experimental results with quantitative and qualitative results on medical image

analysis.

e Chapter 6: It summarizes the conclusion of this thesis and discusses the future

work in this chapter.



Chapter 2

A General Description of Learning to

Rank

2.1 Learning to Rank

Techniques for learning to rank have been developed and applied to information
retrieval in recent decades [2), B, [4, B, 34]. In general, those methods apply machine
learning techniques to solve the ranking problem [2]. The learning to rank methods
are generally divided into three categories [2, 35]: pointwise, pairwise, and listwise
approaches. The pointwise approach, such as subset regression [36], views every single
instance as the learning sample. The pairwise approach, such as RankSVM [37] and
RankNet [38], treats each pair of instances as the learning sample. The listwise
approach, such as ListNet [35] and ListMLE [39], takes the entire ranked list of
instances as the learning sample. These methods aim to learn a ranking function to
assign rankings to samples by optimizing the corresponding objective function.

This thesis mainly focuses on bipartite ranking [6, [§] which is a special case of
pairwise ranking and has received much attention in recent years for binary ranking

or classification tasks [7, 8, 12| [40] 4T].

In the bipartite ranking problem, samples come from two classes, positive and

33
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negative. The learner is given a positive sample set QT = {x]", ..., x } and a negative
sample set Q~ = {x7,...,x,, }. The goal of bipartite ranking is to learn a ranking
function r(x) that ranks positive samples in Q7 higher than negative ones in Q7 i.e.,
that assign higher scores to positive samples than negative ones.

As discussed in Chapter , Hanley and McNeil [10] have proved the equivalence
between the minimization of the objective of the typical bipartite ranking problem

and the maximization of AUC. The AUC is defined as

1 m n
AUC = — I(r(x") > r(x; 2.1
20 2 T0) > 10, (2.)
where I(+) is the indicator function. Consequently, the objective function to be min-

imized can be defined as follows:

Jvipartite = % Z Z I(r(x]) < r(xj)). (2.2)

2.2 RankSVM

RankSVM [3] is one of the bipartite ranking algorithms when the training data are
separated into positive and negative classes, which has various favorable properties
as discussed in Section for the signature verification task. In contrast to the
standard SVM, RankSVM aims to learn a real-valued ranking function that gives the
positive samples higher values compared to negative samples as much as possible, just
as shown in Fig. With an imbalanced distribution of the positive and negative
classes in Fig. (a), the standard SVM will build a hyperplane to classify the
genuine samples and forgeries. In Fig. (b), the standard SVM does not care
about the rank scores of the features. In the worst case, a forgery sample becomes
the sample with the largest likelihood as the genuine samples.

Compared to the standard SVM, RankSVM can give the best pattern order by
maximizing AUC. For the distribution of Fig. (a), RankSVM will give the result
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Figure 2-1: Overview of RankSVM. (a) Sample distributions of the positive class
(genuine) and the negative class (forgery). The orange dots denote genuinely and the
blue dots denote the forgery. (b) Result of standard SVM for classification. In the
worst case, a forgery sample becomes the sample with the largest likelihood as the
genuine, although it can minimize the classification error. (c) Result of RankSVM,
which can give the best pattern order, or equivalently, maximize the AUC. (d) If
positive and negative classes are linearly separable, standard SVM and RankSVM
give the same result.

like Fig. [2-1] (c¢), where the most positive samples achieve higher ranks. RankSVM
guarantees the generalization performance for imbalanced data because its optimiza-
tion is equivalent to the AUC maximization. Note that if the original data are linearly
separable in some feature spaces, the RankSVM and standard SVM will obtain similar
classification boundaries, as shown in Fig. [2-1] (d). Let us start from the optimiza-
tion problem of the standard SVM. For positive sample set QT = {x],...,x!} and

negative sample set Q= = {x7,...,x,, }, the standard SVM is formulated as follows:

1 S ~
min §||W||2+C (Zﬁf—l—Zﬁj )
i=1 j=1

W7£+7£7
st (WxF4+b>1-&) A (& >0), i€ [l,m]

(—(w'x; +0) > 1=&) A (& >0), j€[l,n], (2.3)

where &' and §; are slack variables corresponding to x; and x; , respectively. The

key idea of RankSVM, which differentiates RankSVM from the standard SVM, is to

consider that w is a ranking function and the rank of a positive sample, i.e., wx;", is

T

better to be larger than that of a negative sample, i.e., w* x;. Namely, the number of
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g X; —) > 0 should be maximized. Consequently, this rank

pairs which satisfy w’(x;
optimization is equivalent to AUC maximization because AUC defined in Eq. can

be rewritten as follows:

AUC— ZZIWX > W xj) (2.4)

=1 j5=1
where /(-) denotes the indicator function. It should be emphasized that AUC is a
common criterion for imbalanced problems (such as information retrieval problems
and target detection problems), and thus RankSVM is robust to the imbalance prob-

lems.

The optimization problem of RankSVM is formulated as

mm—HWH2 + CZZ{U

=1 j=1
s.t. (VVT()dr — j ) Z 1— £2j) A\ (&] Z O),

7

Vie [1,m],Vj € [1,n], (2.5)

where &;; is a slack variable for the pair of x;” and x; . The first inequalities represent

+

the soft margin constraints so that the rank difference between x;” and x;, ie.,

w’ (x;” — xj ), becomes positive.

2.3 Top-Rank Learning

Top-rank learning is a special case of the bipartite ranking approach and widely
used to optimize the accuracy at the top of a rank list. Interestingly, there are
several variations in the formulation of top-rank learning based on the use of different
criteria [13, 14}, 15], [42] [43] 44, [45]. For example, Joachims [I3] proposed a ranking
method that maximizes the precision of the top-K ranked samples, often dubbed

precision@K, which denotes the fraction of positive samples in the top-K ranking.
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Given the positive samples set QT = {x,...,x"} and negative samples set Q= =
{x1,...,x;,}, and the label vector y € {0, 1}™*" the precision@K is defined as:

m4+n

PrecQK = % Z Yol (r(xs) — r(X)(x]), (2.6)

where s is the index of samples in Q7 + Q™ and y, = 1,0 denote the label of positive
sample and negative sample. I(+) is a indictor function, K is a small constant, usually
set to 3, 5, 10. The r(x)x] denotes the ranking score the k-th largest sample among
all samples. The minimization of objective function is equivalent to the maximization

of precision@K. Consequently, the objective function can be written as:

m+n
jPrec@K - Z(l - ys)I(r(Xs) - T(X>[K]) (27)
s=1
In [I5], another formulation Average Precision (AP) that focused on the top-ranked

samples was found. The AP is calculated by the average of precision@QK:

m

1
Tap = — > (Prec@K). (2.8)
K=1
Narasimhan and Agarwal [I4] maximized partial AUC, which evaluates the AUC

between a certain ROC interval. It’s formulation is defined as:

Fowce = ooy O >~ 1) = o) 2.9
where a and (8 denote the specific false positive rates, and 0 < o < < 1. Despite
the theoretical interests of these formulations, they result in non-convex optimization
problems that cannot be solved efficiently.

According to the variations of the formulations, the algorithms for top-rank learn-
ing also exhibit other variations. Specifically, optimizing the Pos@Top became pop-

ular in recent literatures [18], 406, [47), [48].
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As shown in Figs. (a) and (b), Pos@Top is the ratio of absolute top sam-
ples among all m positive samples. The absolute top samples are the “most reliable
positive” (or “very positive”’) samples, so maximizing Pos@QTop is beneficial to many

applications. Formally, Pos@QTop is defined as

Pos@Top = = E I(r(x;") > max r(x;)), (2.10)
m
i=1

1<j<n

where max 7(x; ) denotes the ranking score of top-ranked negative samples. The
<j<n

indicator function I(-) is replaced by a surrogate function /¢(-), which is a convex,

non-decreasing, and differentiable function. Consequently, the loss function to be

minimized is formulated as follows.

1 m
jPos@Top = E Ze <1I?Ja<)%r(xj> - T<Xz+))
i=1 ==
1 «— _
= 121;2%6 (r(x;) —r(x)). (2.11)

The negative sample x; that gives the maximum is the top-ranked negative.

By optimizing the Pos@Top, the top-rank learning method can produce more
reliable results, which is very useful for tasks that require reliable decisions. In later
experiments, top-rank learning will be employed to optimize the neural networks and

apply them for medical image diagnosis tasks.



Chapter 3

RankSVM for Offline Signature

Verification

3.1 Purpose

Signature verification systems aim to verify a person’s identity by recognizing their
handwritten signature, which is crucial for enhancing security and privacy in various
fields, including banks, educational institutes, attendance verification, and official
document verification, where authentication is of utmost importance. Signature veri-
fication systems suffer from imbalanced learning problems when it learns the classifier
to discriminate the genuine and forgeries. The standard classification approaches,
such as SVM, often degrades the performance for imbalanced data or requires addi-
tional parameters for data balancing.

To solve this problem, RankSVM is proposed for signature verification tasks.
RankSVM is a bipartite ranking method, which theoretically guarantees the gen-
eralization performance for imbalanced data. In addition, RankSVM can rank sam-
ples and thereby give the most reliable genuine signatures higher rankings among
all samples. To investigate the ability of RankSVM in signature verification tasks,

extensive experiments is conducted on bitmaps of GPDS-150, GPDS-300, GPDS-600,
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and GPDS-1000 datasets and deep features of the GPDS-960 dataset.
The following first reviews the related work and then discusses the implementation
of RankSVM for signature verification tasks. Finally, it illustrates the experimental

results and summarizes the usefulness of RankSVM.

3.2 Related Work

3.2.1 Deep Learning methods for Signature Verification

Signature verification can be considered a two-class classification problem: to judge
whether two signatures are signed by the same person or to classify whether a sig-
nature is genuine for a specific user. In recent years, many deep learning-based
approaches have been proposed for the signature verification task [30} 49] 50}, 511, 52
53, [54]. According to the degree of simulation, signature forgeries are categorized into

random forgery, simple forgery, and skilled forgery as [55, 56]:

e Random forgery: genuine signature of any writer other than the authentic

writer.
e Simple Forgery: a forger only knows the name of the authentic author.

e Skilled Forgery: the forger has access to authentic signatures and forges after

practicing an unrestricted number of times.

Signature verification is generally divided into two categories: online and offline
signature verification according to the different devices of signature data acquisition.
In offline signature verification, the signature is captured by a scanner or camera
after the writing process is completed and represented as a digital image. Since the
dynamic information of stokes (e.g., pressure, the altitude of the pen) is lost, of-
fline signature verification has become a very challenging problem [57|. The general

offline signature verification system usually consists of three steps of preprocessing,
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feature extraction, and feature verification [54], 56], 58]. The preprocessing operations
mainly include background elimination, noise reduction, signature normalization, and
so on [56] 59]. Feature extraction is one of the important parts of the signature
verification system. To obtain good representations for signatures, many kinds of
literature proposed various deep learning-based methods to learn good representa-
tions for capturing the behaviors of different writers or discriminate genuine against
forgery 30}, [49] [50% [54]. For instance, Hafemann et al. [30] [50] proposed a CNN-based
feature extraction approach, named “Signet," to obtain discriminative features be-
tween genuine signatures and skilled forgeries for different users. Based on this work,
Zheng et al. proposed to capture the discriminant information not only between the
genuine signatures and skilled forgeries but also different users by extracting the micro
deformations in the max-pooling operation, which achieved the better performance
than the state-of-the-art method [54].

Feature verification is the final step of signature verification, which aims to train
a writer dependent [52] [60] or writer independent [61] classifier for discriminating the
genuine or forgery [30]. The most common approach is to design Writer-dependent
classifiers. In this scenario, a training set is constructed for each user of the system,
consisting of genuine signatures as positive examples and random forgeries as negative
samples. A binary classifier is then trained on this dataset, resulting in one model
for each user. Compared to the writer-independent approach that trains one model
for all users, the writer-dependent approach, in general, obtains higher accuracy [30].
This work proposes to train a writer-dependent classifier to distinguish the genuine

and skilled forgery signatures.

3.2.2 Imbalanced Problem in Signature Verification

In the signature verification task, the imbalanced learning problem often occurs in
the training process, making it difficult to build robust verification systems, especially

for training the classifier in feature verification phrases. Hafemann et al. [29] [30} 50]
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used a version of SVM which cares the class-imbalance [62]. However, this SVM
requires additional parameters for different classes, and thus it has to tune with
more computational costs. Note that additional parameters quadratically increase
the computational cost when using grid search. Although there is a simple heuristic
to decide the additional parameters, there is no theoretical justification.

To solve the imbalanced learning problem in traditional SVM, Joachims [3] orig-
inally proposed RankSVM and applied it to web search engines. RankSVM solves
AUC maximization based on the formulation of standard SVM (the details are shown
in Section without any additional parameters to SVM. RankSVM is justified
by the theoretical results in the machine learning field (e.g.,[63]), which says that
RankSVM achieves a high AUC score for test samples (i.e., unseen data) as train-
ing samples. Because of the strong theoretical support, RankSVM has been applied
to various domains such as document retrieval [3, 22, 23] 24] and image classifica-
tion [64] [65]. The theoretical and empirical success of RankSVM motivates us to
apply it to the signature verification task. To the best of our knowledge, RankSVM

has never been used in the signature verification task.

3.3 Utilizing the RankSVM for Offline Signature Ver-

ification

3.3.1 Implementation of RankSVM for Skilled Forgery At-
tacks

RankSVM is applied to the signature verification for skilled forgery attacks, which is
a typical imbalanced problem, and compared the performance of RankSVM to the
standard SVM. Its objective is to learn a model that can distinguish between genuine
signatures and skilled forgeries. In the experiments, a training set for each specific

user was built comprising genuine signatures as positive samples and random forgery
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(registered genuine signatures from third-persons) as negative samples. As the test
samples, skilled forgeries are used, which are signatures for imitating the genuine
signatures by other persons.

To enable fair comparison with RankSVM, this thesis uses an implementation of
SVM that cares the class-imbalance by weighting different costs for the misclassifica-
tion of different classes [62]. In this implementation, the standard SVM of Eq.

is modified as follows:

1 & N
min S|wl>+CT) & +CT) ¢
st (WIXT+b>1—-H A >0), i€[l,m]

(—(w'x; +b) >1—&)A (& >0), jel[l,n] (3.1)

Hyper-parameters are set as C* = 2(C~ and C~ = 1 according to the state-of-the-art

signature verification methods |29, [30] 50]. For RankSVM, it simply sets C' = 1.

3.3.2 Implementation of RankSVM for Signature Retrieval

The behavior of the RankSVM (Eq. and standard SVM (Eq. are also observed
through a signature retrieval task, where the largely-imbalanced data is needed to be
solved. T used the same training set as in the verification task and built a new testing
set consisting of 12 genuine signatures from the user as positive samples and 12
random forgeries as negative samples. Additionally, I used the same hyperparameter
settings of the RankSVM and standard SVM as the verification task in the later

experiments.

3.4 Experiments for Skilled Forgery Attacks

The experiments were conducted by using the offline signature dataset called “GPDS

synthetic online offline signature database” [66]. It contains data from 10,000 syn-
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Figure 3-1: Signature examples from GPDS dataset.

thetic individuals: 24 genuine signatures for each individual and 30 skilled forgeries
for their signatures. Fig. [3-I]shows the samples of genuine signatures and their corre-
sponding skilled forgeries. In the experiments, 64 x 64 pixels of bitmaps were used as
inputs while the pixel values were normalized to |0,1]. Aside from this normalization

step, no other preprocessing was applied.

3.4.1 Evaluation Metrics

In signature verification, False Rejection Rate (FRR), False Acceptance Rate (FAR),
Equal Error Rate (EER) and Detection Error Tradeoff (DET) curve are used to
evaluate the performance of RankSVM and the standard SVM. FRR is the fraction
of genuine signatures rejected as forgeries, FAR is the fraction of forgeries accepted
as genuine signatures, EER is the error when FRR=FAR, and the DET curve is a
graphical plot of the error rates for binary classification tasks, which plots FRR versus

FAR. A lower EER implies a better performance for the algorithm.
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Figure 3-2: (a) The DET curve of RankSVM and the standard SVM with bitmap on
GPDS-150 dataset. (b) The DET curve of RankSVM and the standard SVM with
deep features on GPDS-960 dataset.

3.4.2 Experimental Result with Bitmap

In this experiment, for each user, I built a training set, which consisting of 12 genuine
signatures from the user as positive samples and 12 random forgeries (genuine signa-
tures from other users) as negative samples and a testing set consisting of 10 randomly
selected genuine signatures from an user as positive samples and 10 randomly selected
skilled forgeries from other users as negative samples with respect to GPDS-150. 1
created 10 random partitions for training set and testing set and repeated the same

experiments for statistical evaluation.

The average EER and standard deviation obtained by RankSVM and the standard
SVM were 19.56 + 0.8620 and 30.14 + 0.8142, respectively. The DET curve for a
random partition of users is shown in Fig.|3-2| (a). From this curve, it easy to see that
the RankSVM performs significantly better than the standard SVM on signature
verification task, and the EER of RankSVM is obviously lower than that of the
standard SVM.



46 CHAPTER 3. RANKSVM FOR OFFLINE SIGNATURE VERIFICATION

3.4.3 Experimental Results with Deep Feature

The experiment is also conducted that used the Convolutional Neural Network (CNN)
based deep features with the RankSVM and the standard SVM [30]. The deep features
on GPDS-960 [30] were directly used to train and test the RankSVM and standard
SVM models. The training and testing processes are same as in [30]. For first 300
users of GPDS-960, RankSVM obtained a nearly similar performance with standard
SVM with an EER of 4.1% for RankSVM and 3.9% for standard SVM. The DET
curve are shown in Fig. (b). It needs to consider the reason that a significant
difference between RankSVM and the standard SVM is not found when using deep
features. A possible reason is that our RankSVM obtained highly similar hyperplane
as the standard SVM as shown in the case of Fig. (d). In other words, if the
hyperplanes of RankSVM and SVM are highly similar, the deep feature space is

possibly linearly separable.

To ensure the above reason, the cosine similarity was calculated!] between the
hyperplanes by RankSVM and the standard SVM on the bitmap space (for GPDS-
150 dataset), and also calculated the cosine similarity between the hyperplanes by
RankSVM and the standard SVM on the deep feature space (for GPDS-960 dataset).
It could see the significant difference between the former average cosine similarity
(= 0.776) and the latter (= 0.866). This result implies that the deep feature space
gives similar hyperplanes for RankSVM and the standard SVM and thus is much

more easily linear-separable than the bitmap space.

Consequently, the suggestion by these observations is as follows: RankSVM is
more suitable for tough tasks where the distributions of the positive and the negative
samples are heavily overlapping, rather than for easier tasks where these samples are

already almost separable by a simple classifier like the standard SVM.

!The cosine similarity is used because the bias of the hyperplane of SVM can be ignored in
ranking tasks.
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Table 3.1: The mean AUC of RankSVM and Standard SVM on different datasets

Dataset RankSVM standard SVM

GPDS-150 0.970 0.930
GPDS-300 0.965 0.911
GPDS-600 0.955 0.895
GPDS-1000 0.952 0.886

3.5 Experiments in Signature Retrieval

3.5.1 Quantitative Evaluation and Qualitative Evaluation

The performance of RankSVM and the standard SVM is quantitatively and quali-
tatively evaluated on the signature retrieval task by using AUC and observing the
retrieval results. The experiments were conducted by using the datasets of GPDS-
150, GPDS-300, GPDS-600, and GPDS-1000 consisting of the first 150, 300, 600 and
1,000 users, so that the imbalance between the positive and the negative samples
is increased with the number. The signature retrieval experiments with RankSVM
and the standard SVM were performed multiple times by using randomly selected

different training and test datasets to obtain statistical performance.

Quantitative Evaluation:

The mean AUC of each dataset for 10 random partitions are presented in Table [3.1]
and Fig. shows the average ROC curves created for users among these datasets.
Table|3.1]and Fig. indicate that RankSVM significantly outperforms the standard
SVM in the retrieval task. Although the dataset becomes more imbalanced with
the increasing number of users, the performance degradation of RankSVM is much
less than the standard SVM. This is because the standard SVM is not stable on
imbalanced data, whereas RankSVM keeps high AUC performance even for highly

imbalanced datasets.
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Figure 3-3: The ROC curve of RankSVM and standard SVM on GPDS-150, GPDS-
300, GPDS-600, GPDS-1000 datasets.

Qualitative Evaluation

Fig. B-4) shows the top-5 retrieval results on GPDS-150 dataset. From this figure, the

following facts can be confirmed:

1. RankSVM could get genuine samples as the top-ranked samples whereas the

standard SVM often fails to get them.

2. Especially, it should be emphasized that the top-ranked samples are very similar
to the query sample. This indicates that RankSVM could give the most reliable

genuine samples among all genuine samples.

3. It also should be emphasized that the standard SVM ranks a very different
signature at the top. This is caused by the situation of Fig. (b). In contrast,

RankSVM gives more similar signatures to the input.

3.6 Summary

The signature verification task is a typical imbalanced problem, and thus classifiers
for the task are better to be data imbalance. The past trials with the standard
classification approaches, such as SVM, often employ a simple and heuristic remedy

to balance the problem by using weight parameters. In this thesis, RankSVM was
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Figure 3-4: Top-5 signatures for RankSVM and Standard SVM on GPDS-150 dataset.
Each two rows denote one user’s ranked signatures; the top and bottom rows show the
top-5 results of RankSVM and the standard SVM, respectively. Images in the black
box and the red box denote the correct genuine signatures and the wrong signatures,
respectively.

applied in the signature verification task. RankSVM has several good properties for
the task. Especially, it theoretically guarantees the robustness to the imbalanced task
without any parameters.

The extensive experiments on signature verification and retrieval tasks confirmed
that RankSVM could achieve significantly higher performance than the standard SVM
for both signature retrieval and signature verification tasks, especially in a tough

situation where the positive and the negative classes are heavily overlapping.
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Chapter 4

TopRank CNN for Medical Image
Analysis

4.1 Purpose

Top-rank learning aims to maximize the number of absolute top samples, which are
“doubtlessly positive” samples and beneficial for real applications that require reliable
positive samples, such as medical image analysis. However, the conventional top-
rank learning tasks are limited in dealing with complicated tasks due to the lack
of a powerful representation ability. To solve this limitation of top-rank learning,
this chapter proposes a Top-rank convolutional neural network (TopRank CNN) to
realize top-rank learning with representation learning for complicated tasks. TopRank
CNN inherits the advantages of top-rank learning and representation learning that
avoids data imbalance problems and learns a feature space for providing more reliable
positive samples.

First, I summarize the related work of learning to rank with deep neural networks
and top-rank learning with deep neural networks. Then, I present the detailed expla-
nations for the proposed TopRank CNN. Since the overfitting problem in the original

objective function of top-rank learning, the p-norm relaxation is employed to the

51
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original loss function in TopRank CNN. Finally, I prove the usefulness of TopRank
CNN experimentally with medical diagnosis tasks that require reliable decisions and

robustness to the unbalanced learning problem.

4.2 Related Work

4.2.1 Learning to Rank with Deep Neural Networks

With the development of deep learning, recent studies have applied the idea of learning
to rank to a variety of applications, such as information retrieval [67, [68, [69], face
recognition [70l [71], and person re-identification [72] [73]. The typical motivation
related to combing deep learning and learning to rank is to realize a metric learning
method, whereby the similarity is evaluated by a ranking function. For example,
Huang et al. [67] proposed the deep structure semantic model (DSSM), and Shen
et al. [74] proposed the convolutional deep structured semantic Model (CDSSM) to
directly apply deep neural networks to obtain the semantic representations of queries
and documents. The ranking score was produced by computing their cosine similarity
and achieved good performance for web searching. More recently, Pang et al. [75]
proposed DeepRank capture important semantic features for information retrieval.
The relevance scores of DeepRank are obtained by using the pairwise ranking loss.
DeepRank achieved higher state-of-the-art results compared with traditional learning
to rank methods used for information retrieval. In [73]|, Chen et al. also proposed
an effective deep ranking framework combining learning to rank algorithm with deep
CNN for solving person re-identification tasks. They aimed to obtain a similarity
metric in which the top-k closest candidate images to the query are matched with the
query. To obtain accurate results at the top, they applied learning-to-rank techniques
with metric learning and CNN.

In recent years, some studies also propose to combine deep learning with learning

to rank methods for medical image analysis tasks [76, [77]. For example, Lyu et al. [77]
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proposed combining the RankNet with convolutional neural networks for dealing with
the ultrasound image selection task, which was first regarded as the ranking problem
and achieved better performance than the experience of a human expert.

In these approaches, CNN-based representation learning played an important role
in enhancing the effectiveness of traditional learning to rank methods. Furthermore,
it offered a feature space wherein the positive samples were pushed to be ranked

before any negative samples by maximizing the AUC.

4.2.2 Top-Rank Learning with Deep Neural Networks

Considering the effectiveness of the top-rank learning method on optimizing the accu-
racy at the top, some studies combined the idea of top-rank learning (by optimizing
different criteria, e.g., the precision at the top, the number of absolute tops) with
deep learning models |78, [79].

In 78|, Song et al. employed top-rank learning to solve the binary coding problem
for image data. The target of this work was to learn coding functions that the data
in the same group were close to each other in the coding space (Hamming space),
which focused on the closeness of the top position (i.e., representative data in the
same group) in the Hamming space, and optimized the precision of the top position.

To learn non-linear representation for ranking, Geng et al. used the concept of
Pos@Top to obtain discriminative local features in data [79], which achieved better
performance on Pos@QTop. However, this method just used the Pos@Top-based loss to
learn CNN-based representation, not for the classifier. More importantly, this method
was designed to solve the multiple-instance problem and hard to solve vectorized data
that cannot be split into a set of instances.

This study broke through the limitations of [79] and proposed TopRank CNN to
integrate top-rank learning and representation learning using p-norm relaxation by
an end-to-end framework. TopRank CNN supported the mapping of samples to the

rankable deep feature space and maximized the number of positive samples ranked
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before the top-ranked negative samples. In this work, the application of TopRank
CNN on medical image diagnosis produced a better performance than the comparative

methods.

4.3 Top-Rank Convolutional Neural Networks

This section demonstrates the problem of the combination of top-rank learning and
convolutional neural networks and introduces p-norm into the objective function of
top-rank learning. After that, the detailed information for the implementation of

TopRank CNN is presented.

4.3.1 p-norm Relaxation

Since the objective of the TopRank CNN is to maximize Pos@QTop, Eq. can be
used for the loss function of CNN. However, there is a large risk of overfitting to the
training data. CNN has a powerful representation learning ability so as to minimize
the loss function [31], 32]. In an extreme case with Eq. , all the positive samples
become the absolute top samples (by making them very different from the negative
samples) and thus achieves Pos@Top—100%. Considering the presence of outliers in
the training samples, this “perfect” situation does not often work in the case of the
test samples.

Therefore, this study introduces the p-norm relaxation of the max operation in

Eq. (2.11). Specifically, the following loss function is used, called TopRank loss,

1
1 m n - » P
JTopRankCNN = - Z (Z (L(r(xh) = r(x7))) ) : (4.1)
i=1 \j=1
If the hyper-parameter p — 00, J1opRankCNN — JposaTop- 1 P is set at a smaller value,
say 16 or 32, our loss function Jroprankenn has a milder effect on the maximization

of Pos@Top, and can avoid the overfitting issue. This effect will be proved in a
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Figure 4-1: The architecture of TopRank CNN.

subsequent experiment. In the later experiments, ¢(z) = log (1 + e¢~#) is used as the
surrogate function. It should be emphasized again that the minimization of Eq.
does not maximize AUC but Pos@Top. Therefore, the ranking function by Eq.
may give a smaller AUC than Eq. .

4.3.2 TopRank CNN

Fig. shows the network architecture of the proposed TopRank CNN that is de-
signed to integrate top-rank learning and representation learning using an end-to-end
framework with the TopRank loss (Eq. . Based on this architecture, it will has
an appropriate feature representation for higher Pos@Top (i.e., more absolute tops),
as shown in Fig. [I-1{(c).

Given that the TopRank loss function needs positive and negative pairs, Siamese
architecture was used [80], which consists of two identical CNNs with the same
weights, and used two sample inputs. It should be noted that our TopRank CNN is
still very different from typical Siamese networks given its purpose to derive the rank-
ing function r(x) with the TopRank loss (Eq. for the maximization of Pos@Top.

One technical topic that is unique to TopRank CNN is the organization of samples
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in each minibatch. For each minibatch, the TopRank loss (Eq. is calculated by
using all the pairs of positive and negative samples. Thus, each minibatch needs to
contain the samples from both classes (if a minibatch is comprised of the samples
from a single class, it is impossible to calculate the loss). More importantly, (Eq.
is the p-norm relaxation of (Eq. , and thus its minimization will push the pos-
itive samples to have higher ranks than the top-ranked negative samples within the
minibatch. This means that it is implicitly expected that each minibatch includes a
negative sample that is close to the top-ranked negative samples. Consequently, each
minibatch is better organized by using more negative samples than positive samples
to satisty the expectation as much as possible.

The value of the hyper-parameter p will be set by using a validation set. In
general, a very large p should be avoided, although it makes (Eq. similar to
its original form (Eq. . This is because large p values easily cause numerical
overflows (scaling techniques for normalizing the input data by dividing its maximum
value may avoid overflows with larger p values, but it may result in underflow). Thus,
in practice, the validation steps are sometimes needed to be stopped before a larger

p value causes an overflow.

4.4 Experiment on an Unbalanced CIFAR-10 Dataset

In the experiments, the comparative models and the proposed TopRank CNN model
were implemented using the platform of TensorFlow and the Python 3.5.2 packages.
The training and test model was based on the GPU environment of two NVIDIA
GeForce GTX 1080 Ti GPU with 10GB RAM.

4.4.1 Dataset

To investigate the basic performance of TopRank CNN for solving unbalanced prob-

lems, it is first applied to an unbalanced version of the CIFAR-10 dataset [81]. In the
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Figure 4-2: Examples of positive and negative classes from the unbalanced CIFAR-10
dataset.

unbalanced CIFAR-10, the class “horses" was selected as the positive class, and the
other nine classes were negative class, as shown in Fig. (note that the selection
of “horses” was random). From the training set of CIFAR-10, 1000 positive and 9000
negative samples are randomly selected to build the validation set. Thus, the train-
ing, validation, and testing sets contain 4000, 1000, and 1000 positive samples and
36000, 9000, and 9000 negative samples, respectively. Each sample corresponds to a

32 x 32 x 3 color image.

4.4.2 Comparative Methods

The following experiments were conducted with five comparative methods.

e TopPushony: The original TopPush algorithm [I8] used the feature extracted
from the previous fully connected layer before the final layer of the following

CNNgoft -

e RankSVMcnn: The RankSVM algorithm [3] also used the feature extracted
from the previous fully connected layer before the final layer of the following

CNNgoft -

e CNNgo: CNN trained with the standard softmax loss for binary classification

(positive and negative classes).
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e CNNpgyea: CNN was trained with a focal loss [82] and is one of the most exten-
sively known solutions used to cope with the data-imbalance binary classifica-

tion problem.

e CNN,osatop: CNN trained with Jposamop 0f Eq. (2.11)), instead of its p-norm

relaxation.

Note that the same architecture are used for all the CNN-based methods except for
the final loss layer. Among all comparison methods, RankSVMcnny and TopPushony
used the fixed feature representation given by CNNg., which aims to compare the
performance of the learning to rank method and top-rank learning method on AUC
and Pos@Top. By the way, RankNet [4], as another conventional learning to rank
method, needs an appropriate feature extraction as its input; in other words, its
performance will largely depend on the feature extraction method. To make the com-
parison as fair and clear as possible, I do not employ RankNet in the comparative
study. The comparison between RankSVMcnn and the proposed method will estab-
lish the superiority of TopPush loss of Eq.( over the standard learning to rank
loss of Eq.( employed in RankNet.

4.4.3 TopRank CNN Architecture and Hyper-parameters

As shown in Fig. , TopRank CNN is composed of two identical CNNs (for a
positive-negative samples pair of input) that share the same weights. Each CNN
consists of three convolutional layers and two fully connected layers, namely, the rec-
tified linear unit (ReLU) activation function and the max-pooling layers that followed
each convolutional layer. The learning rate decay method was employed to adjust the
learning rate during the training, with an initial learning rate of 0.01, and was updated
with a decay factor of 0.90 after every epoch. Each minibatch contained 5 positive

and 450 negative samples — this unbalance minibatch is mandatory owing to the

reason outlined in Section The stochastic gradient descent (SGD) algorithm
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Table 4.1: Pos@Top and AUC on the test set of the unbalanced CIFAR-10.

Method Feature Algorithm Loss Hyper- AUC Pos@QTo
param. Test Train est

TopPushcnn CNNgott TopPush Eq. li A=10 0.7186 | 0.0383  0.0270
RankSVMcnn CNNyf,  RankSVM  Eq.22) C =001 | 0.8912 | 0.0475  0.0210
CNNgorft end-to-end CNN Softmax - 0.8804 | 0.0410  0.0260
CNNsoeal end-to-end CNN Focal - 0.9124 | 0.0318  0.0590
CNNpos@top end-to-end CNN Eq. - 0.8894 | 0.4635  0.0990
TopRank CNN (ours)  end-to-end CNN Eq.(4.1) p=16 0.9465 | 0.4910 0.1950

was used to optimize the network.

99

The validation set was used to determine the hyper-parameter of p € {2,4,8,
16, 32,64} for TopRank CNN, X € {1072,1071,1,10%,10%} for TopPushcny, and C' €
{1072,107",1,10', 10%} for RankSVMcnn. Note that a larger p causes numerical

overflow. Thus, p cannot be larger than 64. The hyper-parameter of class weight

¢ = m/n was also utilized to balance the positive and negative classes for the training

of conventional CNN.

4.4.4 Results on the Unbalanced CIFAR-10 Dataset

Table [4.1] shows the AUC and Pos@Top of the proposed method and the five compar-

ative methods. In the cases of the classification methods, such as CNNg.g, CNNgocal,

their soft-max values were used to calculate AUC and Pos@QTop. This table indicates

the following facts:

1) Among all the methods, the proposed TopRank CNN achieved the best perfor-

mance on Pos@Top, as expected

2) TopPushcny achieved higher Pos@Top, but lower AUC than RankSVMeny on

the test set, which verifies that the motivation of the top-rank learning method

is to maximize the Pos@Top, not AUC

3) TopRank CNN obtained a higher Pos@Top than the TopPushcyy that used a

fixed feature representation given by CNNg.¢. This revealed the superiority of

TopRank CNN on the maximization of Pos@QTop by end-to-end learning
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4) TopRank CNN also achieved the best AUC, although its main objective was not
to maximize AUC but Pos@Top. In fact, TopRank CNN achieves higher AUC
values than RankSVMeny (which just tries to maximize AUC). This suggests
that the feature representation in the training process that boosts Pos@Top

may give a positive effect to maximize AUC on the test phrase

5) Comparing TopRank CNN to CNNpesatop, p-norm relaxation by Eq. (4.1)) is
effective in reducing the overfitting to the training samples. In fact, TopRank
CNN achieves a similar Pos@Top (0.0960) on the test samples when p is in-

creased to 64

6) CNNyoca achieves a better performance than CNNg,g and thus shows its strength
in the unbalanced task; however, its AUC, as well as Pos@QTop does not exceed

TopRank CNN

To observe the ability of TopRank CNN to maximize Pos@QTop, the t-distributed
stochastic neighbor embedding (t-SNE) [83] was applied to visualize the deep features
and present the related representation space. The t-SNE results of each method (with
the optimal hyper-parameter) on the CIFAR-10 dataset are shown in Fig. . The
red dots depict the absolute top samples given by each method, whereas the green

dots depict positive samples that are not selected as the absolute top.

Among all the methods, TopRank CNN has more absolute top samples around
the edge of the distribution owing to the allocation of larger rank scores to positive
samples. The other methods also yield a reasonable separation between positive and
negative samples. However, most of them (except for CNN,osatop), cannot have more

absolute top samples.
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(€) CNNjocq) (f) CNNpos@top

Figure 4-3: t-SNE visualizations of the training, validation, and test sets of the
unbalanced CIFAR-10 dataset. For each method, the upper row shows positive (green
and red; red denotes the absolute top) and negative (orange) sample distribution and
the lower shows their ranking scores (darker color is higher). For the classification
methods, such as CNNgy, their soft-max values are used as the ranking scores. (For
interpretation of the references to colour in this figure legend, the reader is referred
to the web version of this article.)

4.5 Experiment on a Medical Image Diagnosis Task

As noted in Section [1.2.2] more absolute top samples are crucial for medical image
diagnosis for more reliable decisions. In this section, the proposed method is applied
to a mammogram image diagnosis task to observe the practical performance of the

proposed method. The experimental results show that the proposed method TopRank



62 CHAPTER 4. TOPRANK CNN FOR MEDICAL IMAGE ANALYSIS

n . w.:ﬂ -.

positive

negative

Figure 4-4: Examples from the DDSM Mammography dataset. The upper row shows
the masses or calcification images (positive) and the bottom row shows the normal
images (negative).

CNN can have a higher Pos@Top and is also very robust to this unbalanced diagnosis

task.

4.5.1 Dataset

The DDSM mammography open-source dataset E| was used to evaluate the perfor-
mance of the proposed method in practical medical-image-based diagnosis tasks.
Fig. shows several samples from this dataset. The DDSM mammography dataset
is a large-scale unbalanced binary mammogram image dataset that consists of neg-
ative samples (normal images) from the DDSM dataset [84] and positive samples
(abnormal images) from the CBIS-DDSM dataset [85]. The sample images are pre-
processed and converted to 299 x 299 pixels by extracting the regions-of-Interest
(ROIs). It contains 55,885 training samples, of which 14% are positive samples, and
the remaining 86% are negative samples. Accordingly, the ratio of the positive and
negative samples on the training set is 1 : 7. The test set consists of 15,364 images,
which are constructed by 2,004 masses or calcification images (positive) and 13,360

normal images (negative).

Thttps: //www.kaggle.com/skooch /ddsm-mammography
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Table 4.2: Pos@Top and AUC of TopRank CNN (ours) and comparative methods on
the DDSM Mammography dataset.

(a) Result on the original DDSM Mammography test set (the ratio of positive and
negative samples is 1: 7).

Method Feature Algorithm Loss Hyper-param. AUC Pos@Top
TopPushcnn CNNyoft TopPush Eq.(2.11) A=0.1 0.9317 0.1362
RankSVMenn CNNgott RankSVM Eq C=10 0.9799 0.1626
CNNyoft end-to-end CNN Softmax Epoch=100 0.9780 0.1043
CNNgoeal end-to-end CNN Focal Epoch=100 0.9713 0.1290
TopRank CNN  end-to-end CNN Eq.(4.1) p =32 0.9791 0.3183
(ours) Epoch=30

(b) Result when the extremely unbalanced DDSM Mammography training samples
(whose the ratio of positive and negative samples is 1 : 97) are used.

Method Feature Algorithm Loss Hyper-param. AUC Pos@Top
TopPushcnn CNNgoft TopPush Eq. A=0.1 0.8544 0.0115
RankSVMenn CNNyoft RankSVM  Eq.(2.2) C =0.01 0.9014 0.0050
CNNgoft end-to-end CNN Softmax Epoch=100 0.9319 0.0000
CNNgocal end-to-end CNN Focal Epoch=100 0.8315 0.0000
F(I(‘)o&)rl;{)ank CNN  end-to-end CNN Eq. . ;?ochsz’m 0.9523 | 0.1023

4.5.2 Comparative Methods

TopRank CNN is evaluated against four comparative methods, including CNNgg,
RankSVMenn, TopPushenn, and CNNgyea. In this experiment, the backbone ar-
chitecture of CNN is the fully convolutional network (FCN) applied to recognize
abnormalities from the DDSM mammography dataset E| that comprised 10 convolu-
tional layers. As proved in the case of the unbalanced CIFAR-10 dataset, the loss
function of Eq. with larger p approaches to the TopRank loss (Eq. may
lead to overfitting problems. Thus, the comparative experiment is not conducted with
CNNposatop 11 this part.

Five-fold cross-validation was used for model validation based on the use of the
same settings of hyper-parameters as reported in the reference literature |18 [3]. Ac-
cording to the validation, A was selected from {1072 107 1,10%,10?} and C was se-
lected from {1072,107%,1,10!,10?}. In consideration of the numerical overflow prob-
lem about the p-norm with larger p values, in these experiments, p was selected from

the set of {2,4, 8,16, 32}.

Zhttps:/ /www.kaggle.com /skooch /fcn-for-detecting-abnormalities-in-mammograms
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Figure 4-5: (a) ROC of TopRank CNN (ours) and comparative methods on the test
set of the DDSM mammography dataset. (b) The leftmost vertical part of (a).

4.5.3 Results on the Medical Image Diagnosis Task

The quantitative evaluation results are shown in Table . For Pos@Top, TopRank
CNN largely outperforms CNNgy, TopPusheny, RankSVMeny, and CNNioea, as
expected. Additionally, the AUC of the TopRank CNN was almost the same as
RankSVMenn (which was designed to maximize AUC). Fig. shows the ROC
of each method. As explained (Fig. , the leftmost vertical part of the ROC
was Pos@Top. This is very important, especially for medical diagnosis, as Pos@QTop
presents the ratio of absolute top samples (which are very reliable positive samples).
These ROC plots also support the fact that the proposed method can find more
absolute top samples than the other methods.

Fig [4-6| shows the top-10-ranked medical image samples among the test set. Note
that all of them are positive samples (according to their ground-truth images) and
belong to the absolute top.

Fig. [4-7] shows the t-SNE visualization of the sample distributions in the feature
spaces of individual methods. Just like the unbalanced CIFAR-10 dataset, it is con-
firmed that TopRank CNN could form a larger area for absolute top samples than
the other methods.

Finally, the effects of p-norm relaxation on the maximization of Pos@QTop was
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Figure 4-6: Top-10 ranked samples in the test set by the TopRank CNN (ours). All
of these samples are abnormal (positive) images according to their ground-truth.

observed. Fig. shows Pos@Top for the validation set with different p values. Given
that a larger p will mimic the original loss function (Eq. to maximize Pos@QTop,
Pos@Top becomes larger along with p. However, Pos@QTop is almost saturated after
p = 16. This fact is very favorable for the proposed TopRank CNN because its p-norm
relation loss (Eq. suffers from numerical overflows at larger p values.

4.5.4 Results on Extremely Unbalanced Data

The experiments described have proved the superiority of TopRank CNN for solving
medical image diagnosis tasks. Specifically, the minorities (the positive samples)
are not ignored but rather emphasized based on its training process. Finally, larger
absolute top samples could be obtained. A new question arises: what will happen if
the minorities are more minor? In other words, is it worthy to observe the performance
of TopRank CNN on extremely unbalanced data?

For this observation, an extremely unbalanced dataset was created from the origi-
nal DDSM mammography dataset. Specifically, randomly picked 500 positive images

and all the negative images from the training set are used to build the new training
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Figure 4-7: t-SNE visualization of the training, validation, and test sets of the DDSM
Mammography dataset. For each method, the upper row shows positive (green and
red; red denotes the absolute top) and negative (orange) sample distribution and the
lower shows their ranking scores (darker color is higher).(For interpretation of the
references to colour in this figure legend, the reader is referred to the web version of
this article.)

set. This dataset was composed of 1.02% positive samples and 98.98% negative sam-
ples. The ratio of positive and negative samples of training data was changed from
1:7to1:97. The original test set was then used to test the performance of each
method. Except for the training data and class weight hyper-parameter, the same ex-
perimental settings with the previous experiment was applied, including comparative
methods and evaluation metrics, as well as the CNN architecture.

Table [4.2(b)[shows the test results of Pos@Top and AUC, and it confirms that the
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Figure 4-8: Pos@QTop of TopRank CNN (ours) with different p on the validation set
of the DDSM Mammography dataset.
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Figure 4-9: (a) ROC of TopRank CNN (ours) and comparative methods on the test
set when the extremely unbalanced DDSM mammography data is used for training.
(b) The leftmost part of (a).

TopRank CNN still outperforms the other methods based on its Pos@QTop and AUC
values. Although the Pos@QTop of TopRank CNN becomes smaller than the original
dataset owing to this extremely unbalanced condition, its Pos@Top is far larger than

the other methods.

This superiority is also confirmed by the ROC shown in Fig. [4-9 The lower
ROC outcomes of the comparative methods indicates their difficulties to identify the

reliable, positive samples (i.e., absolute top samples).
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Figure 4-10: (a)The training loss curve of the proposed TopRank CNN with p=8
when the extremely unbalanced DDSM Mammography training samples (whose the
ratio of positive and negative samples is 1 : 97) are used. (b) The corresponding
Pos@Top curve on validation data at different steps.

For CNNjqca1, different hyperparameters were tried for experiments, but significant
improvements were not obtained. The corresponding results shown in the paper were
achieved by setting the gamma and alpha to 2 and 0.25 due to the best performance
of Focal loss in the literature [82]. (Note that although a further hyperparameter
search was conducted, the best hyperparameter values were found as alpha=0.99
and gamma=0; this means that the focal loss is reduced to the softmax loss for this
dataset. AUC and Pos@QTop for the case were 0.8823 and 0.002, respectively.)

To ensure the convergence of TopRank loss in such an extreme unbalanced situ-
ation, the training loss curve and validation performance of the proposed TopRank
CNN were presented in Fig. [4-10] When steps reached 4k, the training loss value be-
came stable and the Pos@Top on validation data also reached the peak and stabilized

in a small fluctuation range.

4.6 Summary

This chapter proposed Top-rank convolutional neural network (TopRank CNN) that
maximized the number of absolute top samples that were very reliable positive sam-
ples. This is the first discussion of a top-rank learning approach with representation

learning in an end-to-end way. Featuring a combination of top-rank learning and
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representation learning with p-norm relaxation, TopRank CNN maximized the num-
ber of absolute top samples while it formed the appropriate feature space. As shown
by the experimental results on medical image-based diagnosis tasks, TopRank CNN
outperformed other top-rank learning methods and conventional deep CNNs based on
the higher ratios of absolute top samples (i.e., Pos@Top) and higher AUC values. The
robustness to unbalanced tasks was also proved experimentally. One point needs to
be observed in future work: there are still positive samples not assigned into Pos@QTop
in TopRank CNN. Top-ranked negative samples determine these positive samples so
that if I can find a more global top-ranked negative may improve the performance of
Pos@Top. That means mini-batch may affect the performance of TopRank CNN on

maximizing Pos@Top. I will observe the impact of the mini-batch in the future.
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Chapter 5

Robust Top-rank learning for Medical

Image Analysis

5.1 Purpose

In this chapter, a robust top-rank learning algorithm is proposed to cope with the
negative effect of outliers for the conventional top-rank learning, with an unsupervised
outlier estimation technique called local outlier factor (LOF). Introduction of LOF
can weaken the effect of the negative outliers and thus increase the stability of the
learned ranking function. Moreover, robust top-rank learning with representation
learning is combined by a deep neural network (DNN). In the later experiments, I
will use two artificial datasets and a medical image dataset to verify the robustness

of the proposed method to outliers.

First, it gives the review for related work about outlier estimation methods. Then,
it discusses the formulation of Robust Top-rank learning and its combination with
representation learning. Finally, it summarizes the experimental results and gives a

conclusion for robust top-rank understanding.

71
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5.2 Related Work about Outlier Estimation

In this section, the related work about outlier estimations is briefly introduced. To
evaluate the degree of outliers, many unsupervised outlier estimation methods (, or
unsupervised anomaly estimation methods,) are extensively studied [86], 87, 88]. In
general, these studies assume that inliers are located in dense areas while outliers are
not. Therefore, the outlier estimation can be characterized by their density estimation
method, such as statistical methods [86, [87), B8], neighbor-based methods [33, RY],
and reconstruction-based methods [90} O1]. Robust model fitting algorithms are also
prevalent in many computer vision applications where the dataset is contaminated
with outliers [92] which aim to learn robust models with consensus maximization by
maximizing the number of inliers and achieve efficient performance. Different from
robust fitting methods, the purpose of this work is to weaken the effect of outliers in

top-rank learning.

In this study, LOF [33] is employed, one of the most common unsupervised outlier
estimation methods, for the proposed method. The strong characteristic of LOF is
that it can evaluate the local anomaly [87], which is often overlooked by other common
methods, such as the kNN-based outlier estimator. Note again that the proposed

method can employ other outlier estimators by virtue of its flexibility.

Recently, outlier estimation methods have been employed in DNN learning tasks.
Specifically, these methods are used for sample selection or sample reweighting for
classification tasks [93, [94] 95]. It should be emphasized that top-rank learning is
further sensitive to outliers than classification tasks, as noted in Section [I.2.3] and
this study is the first attempt to introduce an outlier estimation method to the top-

rank learning task.
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Figure 5-1: The overview of the proposed method, robust top-rank learning.

5.3 Robust Top-Rank Deep Neural Network

5.3.1 Top-Rank Learning Robust to Outlier

Top-rank learning aims to learn a real-valued ranking function that gives the positive
samples higher rank scores than top-ranked negative samples. However, top-rank
learning is drastically degraded just by a single negative outlier in training data as
the Fig. (b) is shown in Section [I.2.3] The degradation appears as not only the
decrease of absolute tops (i.e., “doubtlessly positive” samples) but also the instability
of the ranking function. The latter degradation is more serious, especially for using
the learned ranking function for test samples.

Therefore, this thesis newly introduces the LOF into the objective function for

weakening the effect of outliers on the ranking function by top-rank learning in
Eq. (2.11)). Specifically,

m

1

jRobustTopRank = E — llgjag}; C;'l R4 <T<X;) - T(Xj)) ) (51)

The negative sample x; that gives the maximum in Eq. (5.1) is the top-ranked neg-

ative. The r(-) denotes the ranking function. The function ¢ is chosen as ((z) =
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log (1 + e7*) in later experiments, and c? is the weight given by

d_ 1 '
G~ (maX(LOFk(Xj),1)> ' (5:2)

Here, LOF(x; ) gives LOF value of x;. (The role of the hyperparameters d € N*
and k& € N will be explained later.) A higher degree of anomaly gives a larger LOF
value and thus a smaller c;l. Thus, the effect of outlier samples will be automatically
weakened during the training of r.

There are two points to note. First, in Eq. , the weight c? is imposed only on
the negative samples. As discussed in Fig. [I-3] the purpose is to avoid that a negative
outlier becomes the top-ranked negative. Therefore, this study introduce the weight
so that the effect of negative outliers is weakened. Second, LOF(x;) (or, equiva-
lently, the weight c;-i) is pre-calculated in the original feature space of the training
samples €2 and fixed during the training process. In other words, although introduce
representation learning will be introduced as discussed in Section LOF is not
evaluated in the learned feature space. This is because the proposed method needs
to avoid the unexpected representation learning result where all negative samples
become outliers for minimizing the objective function with smaller c;l.

The hyperparameter d controls the degree of outlier weakening. A larger d will
weaken outliers more strongly. Note that c? € (0,1] for any d. The other hyperpa-
rameter k defines the number of nearest neighbors to calculate LOF. In general, the
hyperparameter k should be determined by watching the data distribution. In the
later experiment with medical image data, k& = 30 is set by observing the training

samples.

5.3.2 Combination with Representation Learning

This study combines the above robust top-rank loss (Eq. with representation
learning, which is realized by a DNN, such as CNN. Eq. (5.1) contains the max
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operation. It prevents us from the end-to-end collaborative training of the ranking
function r and the feature representation. Therefore, the p-norm relaxation technique

is introduced to replace the max operation with a differentiable operation:

JTRelaxed = %Z <Z (cf - e(r(x)) - T(ij_)))p) ) (5.3)

j=

where x denote the feature vector given by DNN. Although p — oo will give a better
approximation of Eq. theoretically, it will cause the overflow problem in practice.
Therefore, p = 32 is set at maximum in the later experiment.

As shown in Fig. the DNN can be trained, which gives the ranking function
r and the representation X in an end-to-end manner. DNN in this figure plays both
roles; its earlier layers extract appropriate features x, and the final layers determine
the rank value r(x). This end-to-end training utilizes its representation ability for
obtaining more absolute tops while increasing the stability of the ranking function by
weakening the effect of negative outliers.

In practice, the loss of Eq. is calculated for each mini-batch, and the mini-
batch should consist of more negative samples than positive samples. It is because the
purpose of top-rank learning is to give higher rank values to positive samples than the
higher-ranked negative samples; therefore, it is better to increase the probability that
the mini-batch contains higher-ranked negatives by increasing the ratio of negative
samples. Note that, different from the classification task, class imbalance does not
matter for the ranking task. This is because positive and negative samples are always

paired in the objective function, and their effect is equivalent.

5.4 Experiment on Artificial Datasets

To show the robustness of the proposed method to outliers, experiments are conducted

with two artificial datasets; one dataset contains 100 one-dimensional train samples,
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and the other has 100 two-dimensional train samples. The data distributions of their
training sets are shown in Figs. (a) and (a), respectively.

In this experiment, the convolutional layers are not used for representation learn-
ing; directly use the original sample in Eq. and use four fully connected layers to
model the ranking function r. Hyper-parameters d = 100 and k = 15 are set (using
the same-sized validation set, which is also used for determining the number of the
training epochs). Different p € {2,4,8,16,32} are examined. For comparison, the
original top-rank learning is realized by setting c;l =1,V.

Fig. 5-2| (b) plots the learned ranking functions by the original top-rank learning
and the proposed method, respectively. It proves that the ranking functions by the
original top-rank learning show a big drop around the negative outlier (at z— = 1). In
contrast, the proposed method does not show such a drop successfully by weakening
the effect of the negative outlielﬂ I also try to observe the performance of the learned
ranking function when the model suffers from outliers of the positive class by this
experiment. In Fig. [5-2] (a), the leftmost (green) point denotes the positive outlier.
For the original Top-rank learning method, the outlier of positive sample has a lower
rank score than these positive samples in the middle position, which may produce a
severe effect for the ranking function or final results of Pos@Top, as Fig. [5-2| (b) is
shown. In contrast, the robust top-rank learning method assigns a similar ranking
score to the positive outlier with these positive samples in the middle position. It
means that the robust top-rank learning may weaken the effect of positive outliers in
the training process.

Fig. [5-3|(b) shows the results of the two-dimensional artificial data. The rank func-
tion is represented as a heatmap between dark-blue (lower rank) and yellow (higher
rank). Like the one-dimensional case, the original top-rank learning suffers from a

significant drop around the negative outlier; in other words, even a single outlier can

!The ranking function 7 only specifies the relative relationship between two samples (such that
r(xT) > r(x7)). Thus, its absolute value is not important. Therefore, the curve shape is more
important when Fig. [5-2| (b) is observed.
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Figure 5-2: (a) One-dimensional artificial dataset. The blue box indicates the outlier.
(b) Results of the original top-rank learning and the robust top-rank learning. The
red vertical red bar in (b) indicates the negative outlier location. A digit on a curve
indicates the value of p.
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Figure 5-3: (a) Two-dimensional artificial dataset. (b) Results of the original top-
rank learning and the robust top-rank learning. In the heatmap representation, purple
indicates a lower ranking score, and yellow indicates a higher ranking score. The blue
box indicates the outlier location.

degrade the ranking function seriously. However, the outlier effect is further weakened

by the proposed method.
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Figure 5-4: Examples from the Messidor dataset. The first and the second row
respectively show the disease images (positive) and the normal images (negative).

Positive

Negative

5.5 Experiment on Medical Image Diagnosis

5.5.1 Dataset

As a practical application of the proposed method, binary diabetes retinopathy (DR)
ranking experiment is conducted on the Messidor dataset [06], which is public on
website | Fig. shows several samples from the Messidor dataset. As noted in
Section the datasets of medical image analysis tasks often contain outliers due
to measurement error or labeling error, and the original top-rank learning will become
unstable by the outliers.

Recently, He et al. [I] proposed a binary DR grade classification method, called
CABNET, and achieved state-of-the-art performance. Therefore, all image samples
are converted into the CABNET features in advance. In this experiment, the same
data division was followed as [I]. Consequently, 501 positive samples and 699 negative
samples are used in our experiments.

Fig. shows the t-SNE visualization of the CABNET features of the train and
test samples. As expected, several negative outliers are found in the positive sample

distribution, probably because of the labeling difficulty.

Zhttps:/ /www.adcis.net /en/third-party /messidor /
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Figure 5-5: t-SNE visualizations of initial feature vectors (by CABNET [1]) of the
training (left) and test (right) samples of the Messidor dataset. The red dots denote
negative samples, and the green dots denote positive samples. The red dots with the
blue box indicates the negative outliers.

5.5.2 Model Setup

A CNN is used as the DNN of Fig. [5-1 Each CNN has three convolutional layers and
two fully connected layers. ReLLU and max-pooling operation and batch-normalization
followed each convolutional layer. Since the CABNET features are used as the input
features, such a shallow CNN is sufficient. In training, the stochastic gradient de-
scent (SGD) optimization algorithm was utilized. As noted in Section a very
unbalanced mini-batch with 5 positive samples and 45 negative samples is used for

training.

5.5.3 Comparative Methods

To measure the performance of the proposed method, comparative experiments are
conducted with CABNET, RankNet[38, 97|, and TopRank CNN[98]. RankNet is a
very famous learning to rank algorithm that combines representation learning. For
a fair comparison, RankNet and TopRank CNN use the same architecture and the
same input (CABNET feature vectors) as the proposed method. In other words, they

are different only at their loss function.



80CHAPTER 5. ROBUST TOP-RANK LEARNING FOR MEDICAL IMAGE ANALYSIS

Table 5.1: Pos@Top on the Messidor dataset. For a fair comparison, the same network
architecture have been used for all the methods.

Method Pos@Top?
Train Test
CABNET [1] 0.4286 0.5379
RankNet[3§] 0.0803 0.2449
TopRank CNN[O8] | 0.3368 0.5896
Ours 0.5433 0.6524
Training set Test set Training set Test set

(b) RankNet

; . ',, y - Y .‘.‘..:. l ke :‘7,'3.'-‘3‘--,3?‘ e
W APEE SAE Y L
A ' g , R ; e
(c) Original Top-rank (d) Weighted Top-rank

Figure 5-6: t-SNE visualizations results of the comparative methods on the Messidor
dataset. Red, green, and purple dots denote negative, positive, absolute top (i.e.,
doubtlessly positive) samples, respectively; yellow dots with a red circle (pointed by
a red arrow) denote the top-ranked negative sample.

The ten-folds cross-validation method is used to tune the hyperparameters. The
partitions of each fold data are followed the CABNET [I]. For the proposed method,
hyperparameters p and d are selected from {2,4,8,16,32} and {1, 10,100}, respec-
tively. TopRank CNN also employs p-norm relaxation for its top-rank loss and thus

has the same hyperparameter p; its p is also optimized in the same way.
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5.5.4 Quantitative Evaluation by Pos@QTop

Table presents the Pos@QTop of the comparison method, which are average among
ten-fold test data. (The soft-max values are used to calculate the Pos@QTop for the
CABNET.) It should be emphasized that the proposed method has no guarantee of
achieving higher Pos@Top for the training set; Fig. (c) depicts the extreme case
where the weakened negative outlier is ranked at the top, and thus there is no absolute
top (Pos@QTop=0). However, it should be more emphasized that the ranking function
of Fig. (c) is more suitable than Fig. (b) because it is similar to Fig. (a),
which shows the ranking function in the absence of the negative outliers. Therefore,
it is expected that the proposed method will give a higher Pos@QTop for the test setE].

As shown in Table 5.1} the proposed method successfully outperforms the compar-
ative methods for the test set. Especially, the comparison with TopRank CNN proves
that the proposed top-rank learning method could weaken the effect of the outliers
and get more stable results. Since the proposed method shows higher Pos@QTop, it
can derive more reliable positive (i.e., doubtlessly positive) samples — this is very
beneficial for medical diagnosis tasks.

The t-SNE visualization of a one-fold dataset distribution on the learned feature
space is shown in Fig. [5-6l The proposed method achieved better performance on
the test set than the comparison method can be confirmed. As noted above, the
proposed method cannot have many absolute tops in the training set due to the
outliers. However, the learned ranking function is still reasonable and thus could

have more absolute tops in the test set.

5.5.5 Quantitative Evaluation of Ranking stability

Another quantitative evaluation of the stability of top-rank learning methods is also

conducted by using the Kendall tau distance and Spearman correlation coefficient.

3If negative outliers can be removed in the evaluation, the ranking function of Fig. (c) will
achieve more Pos@Top than Fig. (b), even for the training set.
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Figure 5-7: (a) Kendall Tau distance and (b) Spearman correlation coefficient. Those
values by TopRank CNN and the proposed method are depicted in vertical axes and
horizontal axes, respectively.

Among the ten-folds (for the cross-validation), some folds contain a certain negative
outlier; and the others do not. If the ranking method is sensitive to the outlier, the
ranking of the samples might change drastically. If not, the ranking will be almost the
same. The Kendall tau distance and Spearman correlation coefficient can evaluate the
dissimilarity and similarity of two ranking results of the same dataset, respectively.
Fig. shows (a) the Kendall tau distance and (b) Spearman correlation coef-
ficient between every two folds for the proposed method and the original TopRank
CNN on the ranking. Since it has 45 (=10C2) fold-pairs, both of (a) and (b) have 45
dots. In (a), the proposed method almost always shows a smaller distance. In (b),
the proposed method almost always shows a larger correlation coefficient. Therefore,
it can be concluded that the proposed method is more stable by weakening the effect

of the outliers.

5.6 Summary

This chapter proposed a novel top-rank learning method that can weaken the effect of
outliers in the training process by using an unsupervised outlier detection technique.
To my best knowledge, it is the first proposal to realize robust top-rank learning.

Moreover, we combine the robust top-rank learning framework with representation
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learning in an end-to-end way. Experiments on artificial datasets and medical image
datasets demonstrate the robustness of the proposed method for outliers. Benefits
from the robustness to outliers, the proposed method obtains more reliable positive
samples (higher Pos@QTop) in the test set than the comparison methods on medical
image diagnosis tasks. Also, the stability of the learned ranking function is confirmed
experimentally. In the future, I will pay more attention to positive outliers and
observe their effect. Further analysis of the characteristic of robust top-rank learning

will be given, and the applications on other datasets will be observed.
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Chapter 6

Conclusion and Future Work

6.1 Conclusion

In this thesis, I introduce the merits and shortcomings of learning to rank, especially
for top-rank learning, which aimed to learn a real-valued ranking function to provide
higher ranking scores to positive samples than negative samples. This property en-
ables learning to rank robust to data imbalance problems. More importantly, top-rank
learning can maximize the number of absolute top samples that were very reliable
positive samples. The main purpose of this thesis is to discuss the combination of top-
rank learning with representation learning (neural networks) in an end-to-end way.
In addition, it is demonstrated the negative effect of outliers on top-rank learning
and proposed robust top-rank learning to weaken the effect of outliers in the training
process.

As preliminary research of top-rank learning, a conventional learning to rank
approach-RankSVM is first introduced, which has several good properties for solving
the data imbalance problem in signature verification tasks. Especially, it theoretically
guarantees the robustness to the imbalanced task without any parameters compared
to standard SVM. Extensive experiments were conducted on signature verification

and retrieval tasks. The results demonstrated that: (1) RankSVM could give the
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most reliable genuine samples as the top-ranked samples among all genuine samples,
but standard SVM often fails to get them. (2) RankSVM could achieve significantly
higher performance than the standard SVM for both signature retrieval and signature
verification tasks, especially in a tough situation where the positive and the negative
classes are heavily overlapping. It also revealed that RankSVM could be affected by

the distributions of the positive and the negative samples.

After that, top-rank learning was employed for medical image analysis tasks. Top-
rank learning aimed to maximize the number of absolute tops that are very reliable
positive samples, which enabled top-rank learning very cater to the medical image
analysis task that required a reliable decision. In this task, I propose the Top-rank
convolutional neural network (TopRank CNN) to combine top-rank learning and rep-
resentation learning. It was the first discussion of a top-rank learning approach with
representation learning in an end-to-end way by p-norm relaxation. TopRank CNN
maximizes the number of absolute top samples and formed the appropriate feature
space. The experimental results demonstrated that TopRank CNN outperformed
other top-rank learning methods and conventional deep CNNs based on the higher
ratios of absolute top samples (i.e., Pos@Top) and higher AUC values on medical
image-based diagnosis tasks. The robustness to unbalanced tasks was also proved

experimentally.

To solve the problem of top-rank learning of the sensitivity to outliers, a robust
top-rank learning method is proposed to weaken the effect of outliers in the training
process by using an unsupervised outlier detection technique-local outlier factor in
this thesis. It is the first proposal to realize robust top-rank learning. Moreover,
the robust top-rank learning framework with representation learning is combined in
an end-to-end way. Experiments results demonstrate the robustness of the robust
top-rank learning algorithms for outliers on the artificial datasets and medical image
datasets. Benefits from the robustness to outliers, the proposed method obtains

more reliable positive samples (higher Pos@Top) in the test set than the comparison
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methods on medical image diagnosis tasks. More importantly, the stability of the

learned ranking function was experimentally proved.

6.2 Future Work

I hope to further analyze top-rank learning with neural networks and improve its
performance on different applications for future work. Several potential research

directions are listed as follows.

e The effect of mini-batch for the training of top-rank learning with neural net-
works should be observed. As discussed in Section [4.3.2 TopRank CNN has
strict requirements for each mini-batch. In future work, the effect of different

sizes within each minibatch to optimize of TopRank CNN will be analyzed.

e Applying top-rank learning with neural networks to multi-class problems can be
considered. In previous researches, the superiority and usefulness of Top-rank
learning with neural networks on binary classes tasks have been proved. How-
ever, this characteristic limits its ability on multi-class applications. Therefore,
applying top-rank learning to multi-class problems by learning different top-

ranked negative samples within different classes will be considered.

e Further analysis of the characteristic of robust top-rank learning will be given.
In previous researches, top-rank learning was very sensitive to the hyperparam-
eters initialization. In the next step, the performance of top-rank learning with
different initial features will be analyzed. In addition, robust top-rank learning

will be utilized in other datasets and its performance will be observed.

e Improving the objective function of top-rank learning for its robustness to out-
liers will be considered. The current robust top-rank learning achieved good
performance on weakening the effect of an outlier. Still, it relies on the ad-

ditional hyperparameter, which increases the time and computational cost for
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their tuning. In the future, this thesis will consider improving the objective
function of top-rank learning by adding some constraints during the optimiza-

tion and maintaining its robustness to outliers.
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