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Dissimilarity based Multiple Instance Learning Using Dictionary Ensembles

SUMMARY

Multiple Instance Learning (MIL) is one of important topics in the pattern recognition
research field. It differs from many traditional machine learning problems in terms
of real-world object representations. In MIL problems, samples are represented by
multi-sets which are commonly named as bags where each bag include a set of feature
vectors called instances. Many real world problems such as image, text or document
classification, drug activity prediction and etc., can be formalized as MIL problem:s.
Mostly, MIL problem, deals with supervised learning paradigm, which aims to learn
models from the on hand samples and use it to solve regression or classification
problems. Most of the cases, MIL problem is referred to binary classification where
each bag has to be classified into one of the two categories; “positive” or “negative”.
Many MIL algorithms are developed considering the assumption that a bag is positive
if at least it has one positive instance. Although this assumption has good results in
some domains such as drug activity predictions, it may be restrictive for other domains
of MIL problems such as computer vision MIL problems can be solved using instance
based, bag based or embedded space algorithms. In this thesis, embedded-based
strategy has been applied which converts the MIL problem to a standard supervised
learning. In this approach, instead of using the mentioned assumption which relates
the instance labels to the bags’ labels, the dissimilarity of bags to the selected training
instances which are called prototypes are taken into consideration. This mapping
makes the bags be represented by standard fixed sized feature vectors. Most of the time,
this feature mapping may include lots of redundant and irrelevant features. In this work
we use Dictionary Learning as a classifier, which generates the sparse representation
of each signal and classify them simultaneously. Using dictionaries would result in
more efficient, fewer noises, simple and sparse manner, which make signals have more
global look. As a third Approach, Ensemble Learning technique is implemented.
This algorithm, apply two mentioned methods in its strategy and combine their
strength where leads to higher and more reliable classification performances. Random
Subspace and Bagging are two strategy implemented as Ensemble Learning approach.
The proposed algorithm is evaluated on 11 different MIL datasets and compared with
a recently proposed dissimilarity based ensemble MIL algorithm that uses Support
Vector Machines (SVM). Experimental results show that the proposed algorithm
outperforms the counterpart algorithm that uses SVM.
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Sozliik Topluluklar1 Kullamlarak Farkhlik Tabanh Coklu Ornek Ogrenme

OZET

Coklu Ornek Ogrenme, oriintii tamma problemleri icerisinde karsilagilan 6nemli
problemlerden birisidir. Geleneksel makine 6grenmesi algoritmalarindan ayrilan en
onemli yanlarindan birisi, geleneksel yontemlerin Oznitelik vektorii gosteriminden
farkli bir gosterime sahip olmasidir. Geleneksel makine 6grenmesi yontemlerinde
simiflandirilacak veya demetlenecek nesnelere karsi bir Oznitelik vektorii hesa-
planmakta ve bu vektorler kullanilarak modeller olusturulmaktadir. Bu modeller
kullanilarak yeni veriler siniflandirilmakta veya demetleme gerceklestirilmektedir.
Buna karsilik Coklu Ornek Ogrenme problemlerinde her bir veri birden fazla 6rnek
iceren bir torba ile gosterilmektedir. Problemi zorlagtiran durumlardan birisi de
her bir torba ic¢indeki Orneklerin sayisinin farkli olabilmesidir. Bu tiir makine
ogrenmesi problemleri teknolojinin gelisimi ile birlikte metin siniflandirma, molekiil
aktivitelerinin belirlenmesi, goriintii kategorizasyonu, ses ve miizik tiirii siniflandir-
mast gibi bir¢ok alanda karsimiza ¢ikmaktadir. Fakat bu alanlarin bazilarinda verilerin
gosterimi Coklu Ornek Ogrenme problemine karsilik gelebilmektedir. Ornegin,
goriintii siniflandirma probleminde bir goriintii birden fazla 6rnek icerebilmektedir.
Coklu Ornek Ogrenme, ilk olarak molekiil aktivitelerinin yapisim 6grenmek
icin Onerilmis ve metin smiflandirma, proteinlerin baglanma bdlgelerinin tahmini
gibi diger farkli makine Ogrenmesi problemlerinde de kullanilmaya baglanmustir.
Coklu Ornek smiflandirma problemlerinde cogunlukla torbalarin etiket bilgisi
elimizde olabilmekte, buna karsi Ornekelerin etiket bilgisi bulunmayabilmektedir.
Torbalarin smiflandirilmas1 6rnekler ile iligkilendirilmistir.  Bir torbanin pozitif
olarak smiflandirilabilmesi i¢in i¢inde en az bir pozitif Ornek olmasi yeterlidir.
Diger yandan torbanin negatif olarak smiflandirilabilmesi icin torba igindeki tiim
orneklerin negatif olmasi gerekmektedir. Simdiye kadar Coklu Ornek Ogrenme
icin Onerilen algoritmalar genel olarak torba ve Ornek uzayinda ayri ayr calisacak
sekilde tasarlanmiglardir.  Birinci tipteki simiflandiricilar 6rnek uzayinda calisan
siniflandiricilar olup torbalarin sadece Orneklerini gbz oniinde bulundurmaktadirlar.
Bu sayede simiflandirici, pozitif etiketli 6rnekleri ve negatif etiketli 6rnekleri kullanarak
model olusturmaktadir. Yeni gelecek verilerin ornekleri dikkate alinip, yeni verilerin
torbalarinin etiket bilgisi belirlenmektedir. Bu yOntemin en 6nemli dezavantaji
torbalar icerisindeki tiim drneklerin etiket bilgisini gerektirmesidir. Ote yandan bu
yontemde torbay1 bir biitiin olarak kullanip 6grenme yapilmadigi i¢in torbanin genel
yapist Ogrenilemez. Bu nedenle, torba uzayinda siniflandirict 6grenen yontemler
Onerilmistir. Bu yontem, oOrnekleri teker teker degerlendirilmek yerine, torbayi
orneklerle birlikte bir biitiin olarak degerlendirmektedir. Bu yontemde, torbalar
ornekler kullanilarak tek bir Oznitelik vektorii ile gosterilmekte veya yine Ornekler
kullanilarak torbalar arasi benzerlik degerleri hesaplanabilmektedir. Bu yOntemde
torbalar ikili olarak birbirleriyle karsilastirilmakta ve sonug olarak bir benzerlik degeri
hesaplanabilmektedir.
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Bu calismada 6rnek ve torba uzayini birlikte g6z oniinde bulunduran, sézliikk 6grenme
yontemlerini de kullanan farklilik tabanli bir algoritma Onerilmistir. Bu yOntem,
modeli olusturulacak verilerin torbalarim1 ve torbalarin i¢inde olan tim Ornekleri
dikkate almaktadir. Yontemde Oncelikli olarak tiim egitim kiimesindeki torbalardan
rastgele ornekler secilmektedir. Bu secilen Ornekler prototip 6rnek olarak kabul
edilmektedir. Bu prototip ornekler ile torbalarin i¢indeki 6rnekler karsilagtirilmakta ve
farklilik degerleri hesaplanmaktadir. Her bir prototip icin en diisiik farklilik o torbanin
ilgili prototipe kars1 diisen vektor degeri olarak yazilmaktadir. Bu sayede torbalar icin
sabit uzunluklu birer 6znitelik vektorii ¢ikarilabilmektedir. Boylece, ¢alismanin ilk
asamasinda Coklu Ornek Ogrenme problemi, egiticili makine dgrenmesi problemine
doniistiiriilmiigtiir.

Coklu Ornek Ogrenme probleminde, veriyi uygun 6znitelik vektorii gosterimine
cevirmeye ek olarak bagarili sonuglar elde edebilmek icin iyi simiflandiricilara da
ihtiya¢ duyulmaktadir. Seyrek kodlama ve sozliik 6grenimi ¢ogunlukla sinyal isleme
ve goriintii isleme alanlarinda kullanilmig ve ayrica siniflandirict olarak da kullanilan
basarili bir yontemdir. Bu yontemde, veriler bir sozliigiin temel elemanlarinin ayrik
dogrusal birlesimi olarak temsil edilmektedir. Bu gosterim, verinin Oriintiisiinii
ortaya cikarip veriyi daha yalin bir sekilde kullanmaktadir. Seyrek kodlama ve
sozliik 6grenimi iki asamada gergeklestirilmektedir. Birinci adimda, seyrek kodlama
gerceklestirilmekte ve ikinci asamada ise sozliikk elemanlar1 giincellenmektedir. Bu
adimlar belirli bir hata degerine kadar iteratif olarak devam etmektedir. Bu agamalarda
seyrek kodlama ve sozliikk matrisi yenilenmektedir ve her tekrarlamada, yeninden
yapilandirma hatasi azaltilmaktadir. Boylece en ¢ok ayrik ve yalin gosteremine neden
olan sozliik matrisi elde edilmektedir.

Bu tez caligmalasinin ikinci asamasi olarak seyrek kodlama kullanilarak sozliik
o0grenimi smiflandirict yontemi olarak kullanilmigtir.  Seyrek kodlama ve sozliik
O0grenimi ayn1 anda verinin iizerinde en bilgilendirici 6znitelikleri secip ¢cikartmaktadir.
Her bir sinif i¢in ayr1 birer sozliilk matrisi olusturulmaktadir. Bu sayede pozitif ve
negatif torbalar i¢in iki ayr1 sozliikk matrisi elde edilmistir. Siniflandirma asamasinda,
etiketlenecek verinin her iki matris kullanilarak ayrik kodlamasi gerceklestirilmekte ve
geri ¢catim hatasi en kiiciik matris sinif etiketini vermektedir.

Bir cok makine O68renmesi uygulamalarininda simiflandirici topluluklart tek
siniflandiricilara gore daha yiiksek basarimli sonuglar iiretebilmektedir. Simiflandiric
topluluklar1 birden fazla model olusturup bu modellerin verdigi kararlar birlestirmeye
yarayan makine 6grenmesi yontemleridir. Bu yontemlere topluluk 68renme algorit-
malar1 da denilmektedir. Topluluk 6grenme algoritmalar1 hem ornek hem de 6znitelik
alt uzaylart lizerinde uygulanabilir. Random subspace ve Bagging algoritmalari
literatiirde sik¢a kullanilan topluluk 68renme yontemlerindendir. Random subspace
algoritmas1 Oznitelik uzayinda ve bagging algoritmalast da ornek uzayinda veri alt
kiimeleri se¢mektedir. Bu tez ¢calismasinin {iclincii asamasi olarak topluluk 6grenme
ozelliklerinden yaralanarak Random subspace ve bagging algoritmalart kullanilmagtir.

Random subspace yontemi, Oznitelik uzayinda calismakta olup smiflandirici
toplulugundaki her bir simiflandiricinin kullanacagi Oznitelik vektorleri rastgele
secilmektedir. Dolayisiyla topluluktaki her smiflandirici icin farkli 6znitelik alt
uzaylar1 kullanilmaktadir. Karar agamasinda ¢ogunlukla ¢ogunluk karar1 veya sonsal
olasilik degeri kullanilabilmektedir.
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Bagging yontemindeyse tiim Oznitelik degerleri kullanilmaktadir. Buna kargin,
topluluk icindeki her bir siniflandiricinin kullanacagi veriler training kiimesinden
rastgele secilen verilerden elde edilmektedir. Siniflandirma asamasinda ise Random
subspace yonteminde oldugu gibi tiim sinmiflandiricilarin verdigi kararlar ¢ogunluk
degerine veya sonsal olasilik degerine gore birlestirilmektedir. Bu tez caligmasi
kapsaminda tiim topluluk yontemlerinde siniflandirict kararlarinin birlestirilmesi i¢in
sonsal olasilik degerleri kullanilmistir. Tez caligmasi kapsaminda Onerilen yontemler
11 farkli Coklu Ornek Ogrenme verileri iizerinde test edilmistir. Verilerin ii¢ii goriintii
kategorizasyonu, ikisi ilag molekiil aktivitelerinin siniflandirilmas1 ve kalan veriler
ise metin siniflandirma problemlerine aittir. Elde edilen sonuglarsa, literatiirde yakin
zamanda 6nerilmis Coklu Ornek Ogrenme Yontemiyle (DRS) karsilastirilmigtir. Bu
yontemin en O6nemli farki siniflandirict olarak literatiirde yiiksek bagarim verdigi
gosterilmis olan Destek Vektor Makinasi algoritmasini kullanmasidir. Elde edilen test
sonuglarina gore tez calismasi kapsaminda Onerilen yontem siniflandirma basarimini
arttirmakta ve DRS yOntemine gore ¢cok daha 1yi sonuclar vermektedir.
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1. INTRODUCTION

As time goes on, technology grows faster, the collected datasets become more complex
and the need for more impressive approaches to analyze these datasets increases. Many
research areas have been arisen to deal with datasets. Machine Learning is a domain
that discovers algorithms which can learn the complicated pattern of the data and make
decisions according to the obtained information. Supervised learning is one of the
classical problems of machine learning. In this area the data samples have class labels
which indicate each sample belongs to a category or a class. These labeled samples
can be used as a training set to learn a model. The label of unseen samples named test

set, could be predicted using the learned model.

Classification problem is applied in many fields such as spam detections,
pattern recognition, speech recognition, bioinformatics, handwriting recognition [1].
Acquiring a good accuracy in label predictions is one of the challenging field for
researchers. Many algorithms have been developed to construct good classifiers like
support vector machines, linear classifiers such as fisher‘s linear discriminant, quadric
classifiers, neural networks, kernel estimation, k-nearest neighbors and many other

algorithms will be developed to solve day-to-day problems of classification.

Recently, Multi Instance Learning (MIL) has been one of the interesting fields in
supervised learning problems. There are a lot of works on MIL that have been
applied in real-world problems such as drug activity prediction [2], content-based
image retrieval, classification [3] and text or document classification [4], mostly. In
an MIL problem, the classifiers are dealing with set of instances which are gathered
in different kinds of bags. MIL is a type of supervised learning but it differs from
general type of mentioned classification problems. In general form, each example to
be learned has fixed length of feature vector where in MIL problem each example is a
bag consisting of multi feature vectors [5]. Most of the time, MIL problem deals with
binary classification problems where each bag is labeled as a positive bag if at least

one of the instances in related bag has positive label. This means that the bag consists



of the type of instances that we are looking for. If the bag doesn’t include any positive
instance, then it will be labeled as a negative bag. Classifiers have to train the model
using bags (bag-based, embedded-based) or instances(instance-based) and their labels

to predict the labels using obtained model for unseen bags [6, 7].

In order to achieve good classification performance, the classifier has to be
well-informed by the data. Most of the time the data have a lot of noises which
mislead classifiers and lead to decreased performance of classifiers. Therefore, feature

representation plays a crucial role in classification performance.

In literature many methods have been proposed such as; wavelet transformation [8],
Fourier transformation [9], kernels [10] and etc., to transform feature vectors into
different dimensional space in order to obtain more informative feature vectors with

lower noise.

In pursuit of these variant methods the sparsity of the wavelet coefficients is observed
to be proper approach in obtaining reasonable models. It has been applied largely in
the past decade and in search of improved versions of these techniques, sparse and
redundant representation modeling has been achieved [11]. The obtained experiment
results in many research areas, regarding this issue, show that sparse and redundant
representations conduce to state-of-the-art results. Accordingly, sparse coding and
dictionary learning has recently attracted researcher‘s interests by representing each
instance as sparse as possible and presenting them as linear combinations of basic
elements which are called atoms and create dictionaries. Many research fields have
been benefited from sparse and dictionary learning techniques such as signal denoising,
image compression, feature extraction [12], texture synthesis [13], supervised learning

[14] and unsupervised clustering [15].

In order to improve the classification performance, ensemble learning also could be
used. In this method, more than one diverse classifiers are created to learn and make
decisions. The final decisions are made by taking the decisions of each classifier into
consideration. The main purpose of applying this approach is to obtain better predictive
performance in comparison to performance which could be obtained from any of the
constituent classifiers alone. Classifier level, feature space, instance space are different

ways of generating ensemble classifiers. Adaboost, bucket of models, bootstrap



aggregating (bagging), random subspace feature selection, random forests are the
frequent applied ensemble learning methods in most research area [16]. Random
subspace feature selection is a feature-based ensemble learning technique. Subspace
are created by using randomly selected features from feature space. Bagging is an
instance-based ensemble learning where each subspace is formed by randomly selected
instances. Each ensemble classifiers uses relative subspace to learn a model and make
a decision. The final decision is a product of combination of all classifier‘s outcomes.
In this study MIL is considered as a classification problem and dictionary learning
classifier is used as a base classifier. To enhance the classifier performance ensemble

methods have been applied.

1.1 Contribution of the Thesis

In this thesis ensemble based dictionary learning algorithms that use dissimilarity

based features are implemented to solve MIL problem.

In order to represent the data, dissimilarity of bags with all the instances are calculated
and used as feature vector for each bag and the dissimilarities between instances are
obtained using eucleadian distance as used in [17]. Therefore, the MIL problem is
converted into supervised learning problem. Random subspace feature selection and
bagging are two selected ensemble learning techniques. Sparse coding and dictionary
learning is used as a base classifier in ensemble learning. Experimental results are
obtained on 11 MIL datasets and the performance of the proposed ensemble dictionary
learning is compared with the results that are obtained on ensemble SVMs on the
same feature sets. The remarkable results of these two ensemble methods can show
how these two approaches could boost the prediction ability of dictionary learning
model. Ensemble SVMs indicate the results of a recently proposed solution to MIL
problem namely “dissimilarity based ensemble for multi instance learning” [17] where
the method outperforms most of the successful MIL solutions. The comparison with
this prominent method shows the importance of selecting appropriate base classifier
and the strength of sparse coding as feature representation and dictionary learning as

classifier.



1.2 Literature Review

To exemplify MI representation in real world problems, drug activity prediction can
be referred [18]. In this problem, each drug is a molecule as a bag consist of its
conformations as instances. The classifiers should decide whether the molecule is
active or not or if it binds to another molecule. In addition to recognizing which
molecules are active, the researchers intend to determine which conformers of the
related molecules are responsible for the activity. The difficulty is that each molecule
can adopt multiple conformations, and only few of them are responsible for desired
observations. As a result, the complete molecule is depicted as a bag of N possible
conformations set, where each conformation instance is represented with a feature

vector and the number of conformations (N) can differ for different molecules.

Image classification is another example for real-world problems. Each image consists
of some regions and the given image should be classified according to its visual
content. In order to determine whether the image include the desired part or not, it
is necessary to extract the regions of the image. At the end of this process, each region
is depicted with a vector of features. As a result, the image is defined as a bag included
N feature vectors which are named instances describing the different regions of the
image. Depending on the methods that are going to be used for extracting different

regions of the image, N might vary for different images.

Document categorization is another field which can be formulated as a multi instance
problem. A document (such as articles and conference paper, product or movie
reviews, news items) consists of several paragraphs which are described by sentences.

Each document can be considered as a bag and each paragraph as an instance.

Information retrieval, audio processing, economic predictions and etc. are other
domains of real-world problems that require MIL formulations for categorization [19].
According to the information existent in the on hand data, classifiers could use the
characteristics of individual instances, without considering the global characteristics
of the whole bag or the learner could apply the global characteristic of the bags

considering that the discriminative information lie at the bag-levels. In all of the



mentioned problems, it is necessary to use appropriate strategy to obtain good

classification accuracies.

In literature according to the used classification strategies, MIL problem research could
be grouped into three categories: bag-based and instance-based space or embeded-
based. In bag-based and embeded-based the bags are directly classified while in

instance-based, instance classifiers are built and combined to classify bags.

In bag-based methods, the classifier is built directly using the bags under the
assumption that the bags of the same classes are similar to each other. In this way the
bags can be categorized implementing distances, kernels or single instance techniques
which are used as a representation for relative bags. Wangs et al, presented an approach
based on Hausdorff distance of bags which are then used to label the bags according

to KNN (K Nearest Neighbor) classification method [6].

Embeded-based method is similar to bag-based method in which each bag is
represented by a fixed sized vector. Chen et al, uses similarity values as a simple vector
to represent each bag. [7] Following this work Cheplygina et al apply dissimilarity

space to represent each bag using prototypes can be instances or bags [17].

Instance-based method classifier uses instances to label bags. The assumption is that
the label of the bag is positive if and only if it has at least one positive instance,
otherwise the bag will be labeled as negative bag. Multiple-instance learning problem
was proposed by Dietterich et al. originally [20]. In this method, the instance-based
classifier used axis-parallel hyper-rectangle (APR) method to find a region which has
at least one instance from positive bags but there is not any instance from negative bag.
Hence, the algorithm begins the optimization by selecting an initial positive instance.
Then the greedy process extend the APR using greedy steps, where in each step, it
finds the positive instance of a not yet covered positive bag where by adding it to the
APR, make the least increasing in APR size. By this way, the APR is then expanded
adding that positive instance. These steps are proceeded until APR include at least one
positive instance of each bag. Similarly Andrews et al. also used the instance labels
to construct classifiers [21]. In this work instance labels are initialized hypothetically,
and the classifier is built using these labels, then by considering the bag labels and the

constraint they put on the instance labels, the labels are updated. Thereby, the classifier



is also updated iteratively. SVM is used as a supervised classifier. Similarly, in this
way, Zhang et al. apply boosting method [22] and Leistner et al. uses Random forest
technique as a supervised classifier [23]. Besides Ramon and De Raedt used neural
networks [24] and Blockeel et al. implemented decision trees [25] and Raykar et al.

applied bayesian aprroachs to obtain the instance labels to predict bag labels [26].

Analogously, a lot of interest has been grown in dictionary learning and sparse coding
field recently. Dealing with high dimensional signals, brings us necessity to reduce
their dimension while their main properties remain intacked. Hence we can efficiently,
use them in process or store them. Image compression is a good example for this
concept. Bryt and Elad used dictionary learning and sparse coding as a dimensionality

reduction method in image compression field [27].

Tosic and Frossard used dictionary learning and sparse coding for Audio and visual
data not only for representing the data in reduced dimensions which are adaptive to the
basic structure underlying the signals, but also used this technique in face recognition
application to show the discriminative power of sparse representation in supervised
problems [28]. In addition to classification, Sprechmann et al. implemented dictionary
learning and sparse coding technique as a clustering approach [29]. In this approach,
a set of dictionaries one for each cluster are constructed. Each signal is associated to a
cluster in which the signal has minimum reconstruction error using relative dictionary.
By this way, the signals that use the same dictionaries for their sparse representations,
belong to the same clusters. According to the results obtained using the extended
standard datasets and texture images, dictionary learning not only has remarkable
performance in classification and discriminative aspects but also it is suitable approach

to manage large datasets.

Recently, Ensemble methods have been applied in many classification problems.
Making decisions according to more than one classifiers, result in more reliable
decisions and increase the classification accuracy. Hence, using ensembles instead
of using one classifier, reduce the risk of making mistakes in prediction and many
researches have been presented in this field [16]. Additionally, classifier ensembles
give ability to manage large amount of data. In problems with complex decision
boundaries, this method, helps to apply divide and conquer strategy easier. A

detailed description about ensemble based techniques such as bagging, Adaboost,
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stack generalization, and general combination rules such as voting based techniques,

decision templates, algebraic combination of outputs and etc. is given in [16].

Random Subspace Method (RSM) is an ensemble learning method which tries to
produce divers classifiers and reduce correlations between classifiers trained with
randomly selected features instead of whole features [16]. Ho used the RSM to prevent
overfitting while decision trees as classifiers attempt to learn the model and preserve
the maximum accuracy simultaneously [30]. RSM has been applied in different
areas such as Chawla et al. applied in 2-D face recognition task [31], Kuncheva et
al. applied it for classification of brain images [32] and Xia et al. used RSM for
hyperspectral image classifications [33]. RSM has also different variations. Lai et
al. proposed a new ensemble method by integrating the informativeness of features
as a qualification for selection in each subspace with RSM. In this approach, random
subspace method, initially, select features from the entire features randomly and then,
Liknon or Recursive Feature Elimination as multivariate search methods, is used to
extract the informative features to obtain the reduced feature space. This strategy

proceeds iteratively to cover large amount of entire features [34].

Bagging is another ensemble learning technique. In this method, instead of selecting
features, in order to construct subspaces, instances are selected randomly. In literature
there is a vast amount of researches that apply bagging algorithm. For example, Zhang
used bagging for inferential estimation of polymer quality [35], Dettling and Marcel for
tumor classification using gene expression data [36], West et al. for financial decision

applications [37] and Hsieh et al. for credit scoring [38].

Recently Ensemble dictionary learning model is implemented to extract the
outstanding region namely saliency region of an image [39]. In this approach, each
subspace, is consisting of image samples which are selected randomly and dictionaries
are trained on these generated subspaces. Therefore, for each image patch, multiple
sparse representations are attained. In addition, reconstruction residual based model
for reducing atoms of learned dictionaries applied to increase the distinctness of salient
patches from background. As a result, multiple probabilistic saliency acquired for each
patch. The final decision is made by combining these multiple probabilistic results
and calculating posterior probabilities to predict the performance of each patch as a

saliency region. In this thesis, a dictionary based ensemble method for MIL problem is
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proposed by using dissimilarity values. The proposed algorithm not only can be used

for image classification but also can be applied to any MIL problem.

1.3 Thesis Structure

The remaining chapters of the thesis are organized as follows. In Chapter 2, we cover
the methods and techniques that are used in this thesis. In first phase, Dissimilarity
based Multi Instance learning is explained, then the combination of this method with
Ensemble based Random Subspace technique is described. Dictionary learning and
sparse coding is clarified as a next step and in last phase Random Subspace and
Bagging Ensemble methods are discussed in details. In Chapter 3, the proposed
method “Dissimilarity Based Multi Instance using dictionary Ensembles * is explained
in detail. In Chapter 4, The experiment results are illustrated, And in Chapter 5, we

will conclude the thesis by emphasizing on the important results achieved.



2. METHODOLOGY

2.1 Dissimilarity Based Multi Instance Learning

In multi instance learning, a bag is a set B = {x;|i = 1,2,...,N}, where the x; € R are
instances called feature vectors. NV is the number of instances in a bag and it can vary
from bag to bag. All the instances belong to the d dimensional feature space called
instance space. The aim of this learning method is to learn a model which can predict
targets of unseen bags where the training set 7 = {B;,y;|i = 1,2,...,N} including

positive bags y; = +1 and negative bags y; = —1.

In large amount of work on MI learning, make the standard assumption which is about
the relationship between the instances within a bag and the class label of the bag and
state that the bag is positive if it contains at least one positive instance. In this work,
instead of representing a bag by its instances, it is represented by relative dissimilarities
to reference objects called prototypes. Let d() be any dissimilarity function where
d(0i,0;) €R, x; € R and r = {ry,r2...,..,r;} be the set of prototype objects. Each
object o; is represented as a simple vector of dissimilarities v; = [d(0;,r1), ...,d(0i,1;)]
which has z dimension and the j-th feature is related to the dissimilarity of the object to
j-th prototype. Hence, the bags classification can be considered as a simple supervised
learning. In this work, Euclidean distance is used as a dissimilarity function d()

(equation 2.1 and equation 2.2 ).

d(x,-,xj): Hx,-—xsz (21)

i = x|, = \/(xz' —x;j) - (xi —x;)" (2.2)
Dissimilarity based multi instance learning method is initilized by Cheplygina et al.
[17]. In this approach two type of prototypes are selected: bags or instaces. Firstly,
bags can be selected as reference prototypes. In this way, each bag is represented using
the dissimilarity values to prototypes. Suppose that we have z number of bags as a

prototypes. Therefore, we get: vpq(bag,r) = [d(bag,r1) d(bag,r;) ... d(bag,r;)]



where dissimilarity of a bag using prototype set is:

N;j
Voag (bagi,bag;) = 1/N; Y ming(xit,xjc) (2.3)

c=1
The equation 2.3 average out the minimum dissimilarity value of the instances of bag;
to each instance of bag;. The result is a scalar and if we determine z prototype bags
dpag (bag,r) gives us z dimensional vector. Under the condition when the instances
of the bag are informative we expect a good performance but if a few instances of
the bags are informative, dp,, average out the dissimilarities where it leads to lower

performance. Secondly, Instances of bags can be chosen as prototypes. In this case

r = bagj = {le,sz, -~-xjN}-

Vinstance (bagi7 r) = [dinstance (bag7 ry ) ) dinstance (bag, 1’2), sy
(2.4)

dinstance(bag, )]
As a result, distance will have Z;:Zl N; dimension where N is the number of instances
in j-th prototype bag. In contradiction to dj,, which average out the dissimilarities,
dinstance preserve all the dissimilarities but it could suffer from high dimensionality
and a lot of redundant and uninformative dissimilarities which makes the classifiers
have troubles to select relevant dissimilarities [17]. Following this approach, as a next
step these two methods combined with ensemble learning technique and proposed
two separated methods. DBS (Dissimilarity Bag Subspace) and DRS (Dissimilarity

Random subspace).

In DBS, each subspace is created by selecting one of the training bags as a prototype.
Then, the dissimilarity of remaining training bags to the instances of the prototype
bag are used to represent each training bag in prototype space. Therefore, the
dimensionality of subspace varies according to the number of instance in selected

prototype bag.

In DRS, prototype bags are created from all available instances in the training set. As
a result, we would have M prototype bags where each of them consist of S number of
instances. Similar to the DRS method, in DBS method, the subspaces are generated
using training bags, where at each subspace one of the training bags is selected as

prototype and the dissimilarity vector of training bags is calculated using the instance
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of the prototype bag. One can choose any value for M and S, but according to the work
in [17], if there is no idea about the number of redundant features in data, it is better to

choose M, relatively small and S relatively large.

The classifier can be built using these dissimilarity vectors as a feature vector for
training bags and predict labels for unseen samples. Note that the test set would be
represented in dissimilarity space using the same prototype set applied in training set.
Cheplygina et al. used linear SVM as a classifier in the ensembles [17]. According to
the results, DRS has better performance in comparison to DBS. One reason might
be because of the subspace dimensionality. In DBS, the subspaces have different
and small dimensionality size whereas in DRS the subspaces have large size and
supply more informative instances as prototypes which yield better performance for
classifiers. Another reason could be that the classifiers generated by DRS are more

diverse than the classifiers created by DBS.

DRS as a better approach is compared to other prominent algorithms in multi instance
problem field such as MILES [7], minimax-SVM [40], MILBoost [22], MI-SVM [21],
EM-DD [41]. It is indicated that in most cases DRS brings higher accuracy compared
to the other mentioned methods. In pursuit of this approach, we tried to implement
DRS with another classifier and compare the results with another Ensemble method

called Bagging. We illustrate these algorithms in more details in the next chapter.

2.2 Dictionary Learning and Sparse Coding

In this section we will give details about general dictionary learning and sparse coding
methods. Consider X& R” as an input instance. The dictionary is a matrix, consisting
of normalized, basis vectors d; where d,-.diT = 1. We symbolize dictionary with D =
[dy,da,...,d;] where D € Rk Most of the times, the number of instances are greater
than the number of atoms(n > k) in this case the dictionary is called an over complete
dictionary. o € R is called sparse code, which is the coefficient vector. Using the
dictionary, the input signal can be represented as linear combination of atoms. It can
be formulated as:

min||c|lo st X =Da (2.5)

11



||alo is the Ly norm of the coefficient vector & which indicate the number of non-zero
elements of a. In order to represent the signal as sparse as possible, we try to
find the minimum number of non-zero elements. In the case that the dictionary is
an over complete dictionary, finding the sparsest representation would be difficult.
Because the computational problem would arise which needs combinatorial search
which encounters us with NP-Hard problems. To find best solution, instead of using
Ly, L norm can be used which make the non-convex problem to the convex problem,
and ensures the existence of a unique global minimum result for the mentioned

formulation. As a result, sparse representation will be formulated as:

min||||y st X =Da (2.6)

considering the noises: X=Da + € Therefore, in general form the sparse representation

is formulated as:

o =argming|la||; st ||Do—X|y<e (2.7)

Dictionary learning, is a learning method by constructing dictionary from the input
signals directly. To address this purpose, dictionaries could be attained by solving this

minimization problem:

N
v 211X = Dag[5 4 Al ol (2.3)
=1

mlnD7{ai:1

Where X; is representative of input signals, N is the number of signals, ||X; — Doy ||3

is data fitting term which defines reconstruction error, || ¢y is the regularization term
which specifies the decomposition sparsity and A is penalty parameter that hold the
trade-off between the data fitting and regularization term in balance. Considering
D and X as variables of the mentioned problem, make this optimization problem
as non-convex problem. To address this issue, the solution is considering one of
the variable fixed, so that the minimization function turns into convex optimization
problem concerning to the other variable. As a result, to solve this objective function,
two optimization steps related to these two variables are needed. In order to achieve

a predetermined convergence, it is required to apply these two steps iteratively until

achieving the desired convergence.
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e Sparse Approximation step: in this way, Dictionary D is considered as a fixed
variable, then coefficients o of signal X using the dictionary D are calculated by
minimizing the objective function. (Note that at the first step the dictionary is

initialized randomly)

e Dictionary Update step: New dictionaries are computed and become updated using
the calculated sparse coding matrix X. Updating dictionaries leads to reducing the

approximation error.

2.2.1 Discriminative dictionary learning and sparse coding

Dictionary learning not only is applied for reconstructive purpose but also can be used
for discriminative (classification) purposes. Discriminative dictionaries are appropriate
strategy to classify input data. In pursuit of this aim, class labels of the input data would
get involved in learning dictionaries which result in different signal representation for
separate classes. Hence, both sparse representation and reconstruction are taken into
consideration for categorization purpose. Thereby, for each separate class of the input
data, a unique dictionary is trained using the instances which are involved in their
related class. If we consider an input data with m class labels the base dictionary D
is the result of m sub-dictionaries D = [Dy,D»,...,D,,] where D; € R™k_ To classify
the test set we use D dictionary to encode the signal. This means that the signal used
all sub-dictionaries to be encoded. Which sub-dictionary leads signal to have least
reconstruction error and the sparsest representation, the signal would be assigned to

the class label of considering dictionary. To explain in more details, the steps are:

e obtain the sparse code (o, 0p,...,0,) of the signal X for each sub-dictionary D;

which are trained for each class of input data.

e compare the cost of representation 0 (i) for each sub-dictionary and its related sparse

code.

e Assign the class labels of a dictionary which leads to minimum representation cost:

class " = argminic;,. . m06i(X) (2.9)

where  8(X) = min||X; — D;oy||3 + A o | (2.10)
13



2.3 Ensemble Methods

Ensemble is a strategy using multiple classifiers to train the model and make a decision
by combining the results of all classifiers considering some decision criteria. There is
always possibility that the on hand data, can be full of noise which result in misleading
the classifier. Thereby, single classifiers cannot make a certain accurate decisions or
give reliable accuracies. Among the ensemble methods Random subspace and bagging
has received a lot of attention. These two methods are explained in more details in next

two parts.

2.3.1 Random subspace ensemble learning

Random subspace ensemble learning is one of the popular ensemble learning method
which attempts to generate subspaces from randomly selected features [42]. This
technique can be used in any algorithm and most of the times, increase the performance
of classification methods. Let W be the number of features and S be the number of
features to be selected (S < W). We create K subspace of these features where S
features are selected randomly at each subspace. Each of the subspace classifiers is
trained using the relative selected features, and predict the labels for unseen test data
using the learned model. Since we have K subspaces, therefore we have K separate
classifiers and their predictions on the unseen test data sets. The advantage of this
method is that in high dimensional data, it may reduce the problems that may arise
from curse of dimensionality problem. Pseudocode for Random Subspace Ensemble

Learning is shown in Table 2.1

2.3.2 Bagging ensemble learning

This ensemble learning technique is the most straightforward approach for
manipulating the instances of training set. Contradict with random subspace method
which select the features randomly, in bagging instances are selected randomly (with
replacement) from the entire training set samples. Such a training set has S samples
of entire samples. Each subspace, consists of a bootstrap replicate of the entire

training set. In this way, this method is called bootstrap aggregation which the
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Table 2.1 : Pseudocode for Random Subspace Ensemble Learning.

Algorithm: Random subspace Ensemble learning

Input: : training set 7', number of features in the subspace S, number of ensemble
classifiers K, base classifier P.
Output: a set of ensemble classifiers P = [P}, Ps, ..., P].
Fori=1: K

Create a subspace using sample data; T%5(i),

with S randomly selected instances from 7.

Train the model of subspace TR5(i) with classifierP,.
End for
Return obtained ensemble model P = [P, P, ..., Pk|

bagging term is originated from. Each bootstrap replicate or in other words, each
subspace has the same size (number of samples) as entire samples size of training
set, and approximately, contain 63.2% [43] of instances in the main training set with
several samples which appear multiple times. Bagging instance selection strategy help
creating diverse classifiers which increase the performance of learners for instance

label predictions. Pseudocode for Bagging Ensemble Learning is shown in Table 2.2

Table 2.2 : Pseudocode for Bagging Ensemble Learning.

Algorithm: Bagging Ensemble Learning Learning
Input: training set 7', the number of samples in training set NV, number of ensemble
classifiers K, base classifier P.
Output: a set of ensemble classifiers P = [Py, P, ..., Px].
Fori=1: K
Create a bootstrap sample data ; 725(i), with N randomly selected instances
with replacement from 7". (Omit the repetitive selected samples)
Train the model of 755(i) with classifier P,.
End for
Return obtained ensemble model P = [Py, P, ..., Pk].

15






3. PROPOSED DICTIONARY LEARNING BASED ENSEMBLE MULTIPLE
INSTANCE

In this study, dissimilarity based MIL has been addressed. In this case we have MIL
problem datasets which consist of bags and their associated feature vectors (instances).
To convert the MIL problem into standard supervised learning problem, dissimilarity
of bags to the prototypes is calculated according to the equation 2.4. Thereby, each
bag is represented by the dissimilarity values as features. Increasing the number of
features in dissimilarity vector can result in more complex calculations for learning the
models. Sparse coding can help to decrease the dimension, therefore the classifiers deal
with lower complex problems, so their performance can increase [28]. In this work,
supervised Dictionary Learning and Sparse Coding are proposed as a classifier, which
generate the sparse representation of each signal and classify them simultaneously.
As a third approach, ensemble learning methods Random Subspace and Bagging are
taken into consideration. Random Subspace is applied in dissimilarity feature space
while bagging in sample (bags) set. In Random subspace, some instances from all
training instances are randomly selected as prototypes. You can consider the selected
prototypes as a bag in each subspace. The instance-based dissimilarity is used to
calculate the dissimilarity of each bag to the prototype instances (considered as a
prototype bag). In bagging method, all training instances are selected as prototypes.
Thereby, our feature vector consists of instance-based dissimilarity values of each bag
to all existent instances. Then, each subspace is generating by randomly selected bags.
The pseudocode of proposed methods with Random Subspace ensemble(DRSDL) and
bagging ensemble learning(DBSDL) technique are given in Table 3.1 and Table 3.2
respectively. The framework figures for DRSDL and DBSDL are indicated in Figure
3.1 and 3.2 respectively.
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Table 3.1 : Pseudocode for Dissimilarity based MIL using Random Subspace
Dictionary Learning.

Algorithm: Dissimilarity based Multiple
Instance Learning using Random subspace Dictionary learning
Input: training set 7', the number of samples in training set N, number of ensemble
classifiers K, subspace size S, base classifier D(P < D), number of atoms A, number of samples
in test set , prototypes r = {ry,r2,...,r;}
Output: labels of test set L = [Ly, Ly, ..., L]
Training:
Fori=1: K
Create a subspace using sample data; TR5(i), with S randomly selected instances
as prototypes from T'; r = {x,x2,..,x;}.
Calculate dissimilarity of each bag in T%5(i) to the each instance selected as prototype
inr; dinsmnce(bang)-
Use dissimilarities to represent related bags(equation2.4).
With A atoms, Train two different dictionaries for positive and negative bags (D;1,D;>) in T,
using dissimilarity vectors.(P;; < Dj1,Pp < D; )
End for
Test:
Calculate dissimilarity of test bags to the prototype instance as well.
Fori=1: K
Predict the test bag labels using P, Py.
End for
Output:
Classify using posterior probabilities for each test sample; L

Table 3.2 : Pseudocode for Dissimilarity based MIL using Bagging
Dictionary Learning.

Algorithm: Dissimilarity based Multiple Instance Learning
using Bagging Dictionary Learning
Input:training set T, the number of samples in training set N, number of ensemble
classifiers K, base classifier D(P <— D), the number of atoms A, number of samples in test set 7,
prototypes r = {ry,ra,...,r;}.
Output: labels of test set L= [L;, Lo, ..., L]
Training:
Fori=1: K
Calculate dissimilarity of each bag in T, to all instances in training set;
dinstance(bag, T'). and represent each bag with related dissimilarity vector(equation2.4).
Create a subspace using training bags; 755(i), with randomly selected Bags from T
with replacement.
With A atoms train two different dictionaries for positive and negative bags (D, D;2) in T25(i),
using dissimilarity vectors.(P; <— D;1, Py < D;>2)
End for
Test:
Calculate dissimilarity of test bags to the all training instance as well.
Fori=1: K
Predict the test bag labels using P, Py.
End for
Output:
Classify using posterior probabilities for each test sample; L
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4. EXPERIMENTAL RESULTS

The proposed methods (DRSDL and DBSDL) performances are examined on 11
different MIL datasets [44]. Table 4.1 indicates the number of bags including number
of positive and negative bags and the total number of instances that each dataset

contains. Tiger, Fox, and Elephant dataset are most frequently used benchmarks in

Table 4.1 : MIL Datasets used for experimental results.

dataset total bags | positive | negative | total instances
Tiger 200 100 100 1220
Fox 200 100 100 1320
Elephant 200 100 100 1391
Musk?2 102 63 39 6598
Musk1 92 47 45 476
alt.atheism 100 51 49 5443
comp.graphics 100 52 48 3094
rec.autos 100 51 49 3458
sci.crypt 100 51 49 4284
sci-med 100 51 49 3045
talk.politics.guns 100 51 49 3558

MIL problems related to image categorization fields. The bags are images and the
instances are segments of images. Positive bags are considered the images which
contain the relevant animal and the negatives are considered the ones which don’t
contain the relative animal. Musk1 and Musk2 are about molecule activity prediction
problems. In this problem, the classifiers try to make decisions whether a molecule
has a musky smell or not. As mentioned in previous chapters a molecule can have
different shapes which are fold into conformers. Hence, each bag is considered as a
molecule and each instance is one of its conformers. In this case if at least one of
the conformers can make the molecule smell musky, then the bag would have positive
label. The remaining datasets are from 20Newsgroups dataset. Newsgroups is about a
text categorization problem and generated from 20 different categories. A bag consists
of different posts (as instances) from different categories. The positive bags contain

3% posts from relevant category and 97% from other categories.
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Tenfold cross validation is used to obtain results for all the methods. All the
dissimilarity values for training set and test sets are normalized with zero mean and
unit variance. As the number of features in each dataset is data dependent, in Random
Subspace Ensemble methods (DRS and DRSDL) the number of selected features are
different. Since there is no information about the number of redundant features, the
number of features selected for each subspace is examined for different sizes. In the
experiments 5%, 10%, 20%, 30%, 40% and 50% of training instances are evaluated
and the one which gives the best accuracy among these, are selected for being the
random subspace size. For example, the Elephant dataset has the best accuracy with
5%, whereas Fox has the best accuracy with 50%. By this way, we tried to obtain

better results using fewer than 50% of all instances in training set.

In Bagging Subspace Ensemble methods (DBSDL and DBSSVM) all the training bags
are selected with replacement, Hence, at the end approximately, 63.2% of different
training bags are chosen to generate subspaces. In both of the Ensemble methods,
the number of subspaces is chosen 20. Because there is not any information about
irrelevant bags and instances, we tried to choose the number of classifiers averagely
small, in comparison to the subspaces size. The reason why we use the same
number of subspaces for Bagging and Random subspace methods is that we try to
fix all possible parameters so we have approximately accurate perception about the
performance of each Ensemble method. For example, we tried to compare whether the
instance selection gives us better accuracies or bag selection. On the other hand, the
performance of two different classifiers (SVM and DL) are tried to be analyzed. As a
result, in this study, we did not focus on analyzing the number of subspace or subspace
size. Table 4.2 indicates the number of atoms used for each relevant dictionary based
method and the percentage of selected instances (S) from entire training instances
(Random subspace dimension size). Table 4.3 shows the Accuracy and Standard Error
(SE) results for all data sets. The AUC and SE performance of these methods are
shown in Table 4.4.

As it is clear in these two tables, The DRSDL out-perform not only the DRSSVM
method, which shows the high performance of dictionary learning comparison to
SVM but also it out-performs the Bagging Ensemble method for each DBSDL and
DBSSVM.
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Table 4.2 : Number of atoms and percentage of selected instances.

dataset DDL | DBSDL | DRSDL | percentage
Tiger 100 50 200 20%
Fox 25 50 200 50%
Elephant 150 25 200 5%
Musk?2 25 25 25 10%
Muskl1 50 25 100 30%
alt.atheism 25 25 50 20%
comp.graphics 200 50 50 50%
rec.autos 50 50 150 50%
sci.crypt 25 25 100 30%
sci-med 25 25 200 50%
talk.politics.guns | 100 25 50 50%

Table 4.3 : Accuracy (%) and SE results.

DATA DSVM DDL DBSSVM DBSDL DRSSVM DRSDL
ACC | SE | ACC| SE | ACC | SE | ACC | SE | ACC | SE | ACC | SE

Tiger 83 2.71 80 | 3.16 | 825 | 2.5 | 83.89 | 1.93 81 256 | 87 2
Fox 63 2.81 56 | 2.21 74 | 296 | 735 | 3.17 | 645 | 2.17 | 65.5 | 1.57
Elephant 71.5 | 2.59 80 |[4.08 | 75 2.98 83 3.67 | 835 | 3.08 | 87.5 | 3.27
Musk2 85.09 | 3.1 | 76.45 | 4.16 | 89 | 3.48 | 80.27 | 2.63 89 | 3.48 | 82.27 | 3.28
Musk1 87.8 | 2.61 | 77.44 | 4.15 | 90.02 | 2.51 | 90.28 | 3.11 | 88.94 | 3.32 | 81.66 | 3.48

alt.atheism 69.8 | 3.07 | 73.07 | 3.34 | 68.92 | 2.86 | 81.07 | 2.29 | 69.05 | 1.69 | 90.18 | 2.02
comp.graphics | 54.02 | 1.95 | 51.01 | 0.67 | 55.13 | 2.32 | 76.32 | 3.54 | 54.02 | 1.95 | 81.94 | 2.51

rec.autos 59.23 | 2.87 | 6525 | 3.9 | 60.12 | 3.11 | 73.12 | 4.02 | 61.23 | 243 | 79.36 | 4.43
sci.crypt 68.94 | 3.81 | 73.16 | 4.17 | 69.93 | 2.16 | 78.07 | 2.88 | 70.14 | 2.79 | 90.07 | 2.02
sci-med 64.92 | 3.1 | 70.74 | 3.72 | 68.03 | 2.39 | 79.85 | 2.75 | 71.94 | 3.62 | 83.98 | 3.71

talk.politics.guns | 66.14 | 2.89 | 57.01 | 1.99 | 72.94 | 3.04 | 83.05 | 2.5 | 76.05 | 2.98 | 84.16 | 2.49

Table 4.4 : AUC (%) and SE results.

DATA DSVM DDL DBSSVM DBSDL DRSSVM DRSDL
AUC | SE | AUC | SE | AUC | SE | AUC | SE | AUC | SE | AUC | SE
Tiger 83 | 2.71 80 |3.16 | 88.75 |2.66 | 89.2 |2.14 | 84.5 | 2.54 | 92.05 | 2.05
Fox 63 | 281 57 2 85.70 | 2.30 | 84.7 | 2.67 | 68.85 236 | 71.5 |2.16
Elephant 7150 | 259 | 80 | 4.08 | 89.35 |2.62| 91.55 | 2.75|89.95 | 2.19 | 93.8 | 2.21
Musk2 85.65|3.29 | 74.11 | 483 | 96.46 | 2.06 | 92.77 | 2.17 | 90.33 | 3.21 | 79.73 | 4.12
Musk1 88 1232 78. | 394 | 9840 | 1.06 | 96.60 | 2.0 | 95.75 | 1.75 | 90.89 | 3.3
alt.atheism 70 | 298 | 73.17 | 3.39 | 80.42 |2.51 | 91.73 | 227 | 76.70 | 3.76 | 97.60 | 1.36

comp.graphics 52 2.0 50 0 53.25 | 2.24 | 90.23 | 329 | 52 20 | 929 | 245
rec.autos 58.50 | 2.79 | 64.92 | 3.82 | 61.05 | 3.43 | 88.83 | 3.74 | 61.90 | 2.81 | 97.27 | 1.08
sci.crypt 68.67 | 3.81 | 72.92 | 4.11 | 82.60 | 3.3 | 86.87 | 2.84 | 78.28 | 3.36 | 97.87 | 0.95
sci-med 64.92 | 3.10 | 70.92 | 3.63 | 75.27 | 4.16 | 92.38 | 1.27 | 78.05 | 4.46 | 96.27 | 1.75

talk.politics.guns | 65.67 | 2.80 | 58 | 2.13 | 88.30 | 3.23 | 93.65 | 2.3 | 89.30 | 2.83 | 92.23 | 2.44

As it is shown in Figure 4.1, comparing DRSSVM to DBSSVM, these two methods in
most case show approximately similar results but it seems that the DRSSVM slightly
performs better. Comparison to the DBSDL in Figure 4.2, it is clear that in most cases

DBSDL has higher performance. The performance of DL in Random subspace is given
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Figure 4.1 : Comparing the accuracy performance of DRSSVM to DBSSVM.
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Figure 4.2 : Comparing the accuracy performance of DRSSVM to DBSDL.

100 ‘ |
DREDL |:|uasn|.
90—

dalttteelll

Tiger Fox Elephant Musk2 Musk1 alt.atheism comp.graphics rec.autos sci.crypt sci-med talk.politics.guns

Figure 4.3 : Comparing the accuracy performance of DRSDL to DBSDL.

at the pervious paragraph and here we see it in bagging Ensemble method. Note that

the DL increases the classification accuracy of each Ensemble method.

Comparing DRSDL to DBSDL in Figure 4.3, and DRSSVM to DBSSVM in Figure
4.1, it is clear that Random Subspace Ensemble method has better performance
comparison to the Bagging Ensemble method. It means that instance-based analyzing

provides us better information than bag-based.
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Figure 4.4 : Comparing the accuracy performance of DDL to DSVM.
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To illustrate the constructive performance of Ensembles, one can compare the results
of DSVM and DDL methods in Figure 4.4, where only single classifiers are trained on
all the dissimilarity values. It is clear that the performance is decreased significantly.
Comparing DDL and DSVM, it seems that SVM slightly performs better than DL.
Contradict with SVM which has better performance as a single classifier, combining
DL with Ensembles result in high performance classification accuracy. It seems that
DL Ensemble methods generate more diverse classifiers comparison to the SVM. It is
notable that in Ensemble methods what matters is not about using high performance
classifiers as a base classifier, it is about applying methods which generate more diverse

classifiers at each subspace.

The area under curve performance of all methods for each dataset can be seen in Figure
4.5. As it is clear, DRSDL has the best AUC performance in most cases. Following
this method, DBSDL is the second method that has better AUC performance compared
to the remained approaches(DRSSVM, DBSSVM, DSVM, DDL).
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Figure 4.5 : Area under curve results.
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S. CONCLUSION

In this work, Dissimilarity based Dictionary Ensemble Learning methods are imple-
mented for Multi Instance Learning problems. We evaluated the proposed method
on three different Multi Instance Learning problem fields; Image categorization, drug
activity prediction and text classification on 11 datasets. Multi instance datasets are
demonstrated with bags containing vectors of instances. To convert the multi instance
problem data sets into simple vectorial forms, dissimilarity technique is used. In this
case dissimilarity of each bag to the instances are calculated and the calculated values,
are used as a features to represent the bags. As result, each bag is described with
a simple vector of dissimilarity values. As a second contribution, the advantages
of dictionary learning and sparse coding are taken into consideration. In this phase,
two separate dictionaries are constructed for negative and positive bags. Using these
dictionaries, the bags are represented with their relative sparse code as simple as
possible and classified simultaneously. As a third contribution, Random Subspace
and Bagging are combined with these techniques. By this way, two method DRSDL
and DBSDL are proposed. in DRSDL the instances are selected randomly where in
DBSDL the bags are selected randomly. These two methods are compared to one of
the new successful technique DRSSVM in MIL field which outperforms most of the
previously proposed MIL algorithms like MILES, EM-DD, MI-SVM and etc. The
experimental results show that our proposed methods outperform DRS-SVM. To have
an accurate perception of DL role in Ensembles, either DBS-SVM which is bagging
method with SVM classifier, DDL and DSVM which cope with a dataset using a single
classifier, are taken into consideration. Analyzing the results show that single SVM
may slightly perform better than DL. Whereas combining with Ensemble methods, DL
learning gives us higher performances either in Random Subspace or Bagging methods
in most cases. Another information you can get from these results is that, Random
subspace is more powerful than Bagging in dissimilarity based MIL problems which
means that instance selection analysis give more information about the structure of

the dataset and result in higher classification accuracies. The importance of selecting
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appropriate classifier has to be noted. As it is shown in results, the SVM has better
performance compared to DL, but when they are combined with Ensembles, the DL
Ensembles out-perform SVM Ensembles. This can be explained by considering the
diversity of classifiers. One can obtain better classifiers when diverse enough classifiers
are combined. As a future work we will investigate the diversity of classifiers in

ensembles and their effects to overall performance.
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