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Chapter 2

Background

Most semi-supervised learning methods are extensions of existing supervised and
unsupervised learning algorithms. Therefore, before introducing the develop-
ments in the semi-supervised learning literature, we briefly review relevant su-
pervised learning methods. The focus of this thesis is on extensions of ensemble
classifiers, as addressed within the Section 2.1. We therefore first introduce the
ensemble methods for supervised learning. Next, we proceed to discuss semi-
supervised learning methods and the underlying assumptions. Finally, we discuss
multiclass semi-supervised boosting approaches.

2.1 Supervised Ensemble Learning

Ensemble classifiers combine multiple component classifiers (called base classi-
fiers, ensemble members, or weak learners because of their simplicity) to build a
meta-classifier with the aim that they will perform better than any of their com-
ponent classifiers. For this combination to be successful, the ensemble classifiers
must be diverse. In other words, if all of them are the same functions, then the
combination will not help in improving the classification performance. Therefore,
the ensemble methods differ in how they generate their weak classifiers as well as
how they combine the base classifiers regarding their weights.

Formally, assume C = {f1(x), f2(x), ..., fK(x)} is a set of classifiers in an
ensemble. An ensemble method then generates a weighted combination of these
classifiers as its final output by:

F (x) =
K∑
i=1

wifi(x) (2.1)

where F (x) is the final classification model and wi is either the weight of
the i-th component base learner or the weighted voting for the i-th component
classifier for the final decision F (x).
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10 Chapter 2. Background

The required training sets for an ensemble classifier are normally generated
based on multiple subsamples from the training data, as addressed in Sections
2.1.1 and 2.1.2, or from subsets of the features, as mentioned in Section 3.5.2. A
typical ensemble method for classification problem includes the following compo-
nents:

• Training set: A training set is labeled examples that are used for training.

• Base Learner: A Base Learner is a learning algorithm that is used to learn
from training set.

• Diversity Generator: This component is responsible for generating the di-
verse classifiers.

• Combiner: is used for combining the classification models.

where the task of diversity generator in the ensemble classifier is to use the clas-
sifiers that differ from each other as much as possible. Kuncheva and Whitaker
[54] introduce several methods to measure the diversity in an ensemble classifier.
The task of the combiner is to produce the final classification model by combining
the generated classification models.
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Figure 2.1: General view of the independent ensemble methods

There are mainly two kinds of ensemble frameworks for building the ensembles:
dependent (sequential) and independent (parallel) [77]. In a dependent framework
the output of a classifier is used in the generation of the next classifier. Thus it
is possible to take advantage of the knowledge generated in previous iterations to
guide learning in the next iterations. An example of this approach is the boosting.
In the second framework, called independent, each classifier is built independently,
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and their outputs are then combined by voting methods, as addressed in Section
4.3.2. A well-known example of this framework is bagging. Figure 2.1 shows
an overview of the independent ensemble methods. These two frameworks are
further described below.

2.1.1 Bagging

Bootstrap aggregating (bagging) [13] is an ensemble method that generates hy-
potheses for its ensemble independently from each other, using random subsets of
the training set. For each classifier a training set is generated by randomly draw-
ing, with replacement of N examples, where N is the size of the original training
set. In the resampling process many of the original examples may be repeated in
the resulting training set. Each independent classifier in the ensemble is generated
with a different random sample from the training set. Since bagging resamples
the training set with replacement, each instance can be sampled multiple times.
Examples that are not sampled are kept as test set, called Out-Of-Bag (OOB),
and are used to evaluate the generated classification model.

Breiman [13] showed that bagging is effective for “unstable” learning algo-
rithms where small changes in the training set result in large changes in predic-
tions. Breiman claimed that neural networks and decision trees are examples
of unstable learning algorithms. A more detailed discussion about bagging in
relation to our approach is presented in Chapter 3.

2.1.2 Boosting

Dependent ensemble frameworks work by assigning weights to training examples
in order to produce a set of diverse weak classifiers. These frameworks, like boost-
ing [34], are generic ensemble learning frameworks, which sequentially construct a
linear combination of base classifiers. Boosting is a general method for improving
the performance of weak classifiers, such as classification rules or decision trees.
The method works by repeatedly running a weak learner, on weighted training
examples. The generated classifiers are then combined into a final composite
classifier, which often achieves a better performance than a single weak classi-
fier. One of the first boosting algorithms, AdaBoost (Adaptive Boosting), was
introduced by Freund and Schapire [34]. The main idea behind the boosting al-
gorithm is to give more weight to examples that are misclassified by hypotheses
that were constructed so far. At each iteration weights of the data are updated
on the basis of classification errors. Examples that are misclassified by previous
classifiers are overweighted relative to examples that were correctly classified. As
a result, the weak learner focuses on the hard examples in later iterations. Finally
the weighted combination of the weak classifiers becomes the final classification
model. Many boosting algorithms were proposed beside AdaBoost [34], for ex-
ample Arcing [14], LogitBoost and GentleBoost [37]. They mainly differ in the
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modification of the weights of examples and classifiers. We propose an extension
of the boosting approach for semi-supervised learning in Chapter 5.

A different form of boosting is based on Support Vector Machines (SVMs). An
example of this approach is LPBoost [25], where at each iteration of boosting, a
linear programming problem is solved in order to achieve the best weights for the
examples. Then according to these weights LPBoost tends to find the best weak
learner. Theoretically, it has been shown that LPBoost and regularized versions
of it, such as SoftBoost [102] and Entropy Regularized LPBoost [101], can handle
the classification tasks in smaller boosting iterations and experimentally are often
superior to other boosting methods [82].

Generally, ensemble methods are considered to be one of the most successful
types of machine learning techniques. They have been shown to be superior to
many other algorithms on various large-scale and very high dimensional problems,
see [28] and [3].

Friedman et al. [37] showed that the AdaBoost algorithm can be interpreted as
stage-wise estimation procedures for fitting an additive logistic regression model.
AdaBoost optimizes an exponential loss function which is equivalent to the bino-
mial log-likelihood. An exponential loss function is defined as follows:

`(F ) = E[e−yF (x)] (2.2)

where y ∈ {−1, 1}. The goal here is to find the F that minimizes the loss
function. Friedman et al. showed that the function F (x) that minimizes `(F ) is
equivalent to the symmetric logistic transform of P (y = 1|x). Besides Friedman
et al. [37], Breiman [14], and Schapire and Singer [84] also made some connections
between the original binary class AdaBoost algorithm and the exponential loss
function.

2.1.3 Multiclass Boosting

Multiclass classification is the task of classifying examples into more than two
classes. Supervised multiclass classification algorithms aim at assigning a class
label for each input example. Most boosting algorithms are originally designed to
solve binary classification problems. To solve the multiclass classification problem
two main approaches have been proposed. The first is to use generic techniques
to apply binary methods to multiclass problems. These techniques often work
by decomposing the original multiclass classification problem into several binary
sub-problems and then apply the binary learning algorithm to each of them.
Examples of this approach include one-vs-all, one-vs-one, and error-correcting
output code [30]. The second approach is to develop a multiclass boosting algo-
rithm directly. A number of methods have been proposed for multiclass boosting,
such as SAMME [110], Adaboost-Cost [69], and GD-Boost [79]. In Chapter 5, we
extend the SAMME method in order to deal with the multiclass semi-supervised
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classification problem.
Other methods, like GentleBoost [37], AdaBoost.MH [85] and CD-Boost [79]

still decompose the multiclass problem into several binary sub-problems with
different strategies, which in general works better than methods like on-vs-all
[79].

2.2 Semi-Supervised Learning and Ensemble Meth-

ods

Supervised learning methods are effective when there are sufficient labeled in-
stances. In many applications, such as object detection, document and web-page
categorization, labeled instances however are difficult, expensive, or time con-
suming to obtain because they require empirical research or experienced human
annotators. Semi-supervised learning algorithms use not only the labeled data but
also the unlabeled data to build a classifier. The goal of semi-supervised learning
such as the approach introduced in this thesis is to use unlabeled instances and
combine the information in the unlabeled examples with the explicit classification
information of labeled examples for improving the classification performance.

2.2.1 Basic Definitions

In semi-supervised learning for the labeled pointsXl= (x1, x2, ..., xl) labels {1, ..., K}
are provided, and for the unlabeled points Xu = (xl+1, xl+2, ..., xl+u), the labels
are not known. We assume that the labeled and unlabeled data are drawn in-
dependently from the same data distribution. In applications of semi-supervised
learning normally l� u , where l is the number of labeled data and u is the num-
ber of unlabeled data. The main idea behind of semi-supervised learning is to use
unlabeled data along with labeled data to achieve an accurate decision boundary.
For this, many semi-supervised learning algorithms employ the unlabeled data to
regularize the loss function as follows:

l∑
i=1

`(yi, F (xi)) +
l+u∑
i=l+1

`u(F (xi)) (2.3)

where F (.) is a classifier and `u shows the penalty term for the unlabeled data.
There are many semi-supervised learning methods, which vary in the underlying
assumptions. Two main assumptions for semi-supervised learning are: cluster
and manifold assumptions.

Cluster Assumption

The cluster assumption addresses the fact that the data space consists of a number
of clusters and if points are in the same cluster then they likely belong to the same
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Figure 2.2: The positive and negative signs show labeled examples from two
different classes. The gray regions depict the unlabeled samples. The dashed
line for decision boundary is obtained by only training on labeled examples and
usually crosses the dense regions of the feature space. These decision boundaries
are moved to regions with lower density (solid line) using unlabeled data.

class. The cluster assumption thus says that the decision boundary should lie in
a low-density region [18]. In other words, the cluster assumption emphasizes
that the examples being in very dense regions of the feature space are likely
to share the same class label, see Figure 2.2. Many successful semi-supervised
learning methods are based on this assumption, such as Semi-Supervised SVM
[5], low density separation [18], and Transductive SVM [50]. Our approaches in
this thesis are also based on this assumption. Furthermore, from the decision
boundary point of view one can say that the best decision boundary is situated
at the low density reigns. Such a decision boundary should maximize not only
the margin of labeled data, but also the (pseudo-)margin of unlabeled data.

Manifold Assumption

The manifold assumption is that the (high-dimensional) data lie on a low-dimensional
manifold, see Figure 2.2. Many graph-based semi-supervised methods are based
on this assumption, for example Markov random walks [47], Label propagation
[112], and Laplacian SVMs [4]. In graph-based semi-supervised learning methods
usually the underlying geometry of the data is represented as a graph, where
samples are the vertices and similarity between examples are the edges of graph.
In other words, graph-based methods learn the manifold structure of the fea-
ture space with labeled and unlabeled data and use this information to improve
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the performance of the supervised learning algorithm. Our proposed methods in
Chapter 5 are based on both cluster and manifold assumption.

2.2.2 Semi-Supervised Learning Algorithms

Recently, many methods have been developed for semi-supervised learning. In
this dissertation we are interested in the methods that are extensions of supervised
learning methods. Examples of such algorithms are: iterative methods, margin
based methods, graph based methods, and additive methods, as described below.

Iterative-based Methods

Self-training is one of the earliest paradigms of iterative methods for semi-supervised
learning. In self-training a classifier is first trained with a small set of labeled
data. The classifier is then used to classify the unlabeled data. Next, the most
confidently unlabeled points, together with their predicted labels, are added to
the training set. The classifier is re-trained and the procedure repeated until it
reaches a stopping condition. Then it outputs its latest classifier. In the self-
training algorithm, an issue is that the misclassified examples will propagate to
later iterations and can have a strong effect on the result. Thus, there is a need
to find a metric to select a set of high-confidence predictions at each iteration of
the self-training procedure. Some algorithms try to avoid this by “unlearning”
unlabeled points if the prediction confidence drops below a threshold [105]. Self-
training has been applied to several natural language processing tasks. Yarowsky
[105] uses self-training for word sense disambiguation. Rosenberg et al. [78] pro-
posed a self-training approach to object detection. A self-training algorithm is
used to recognize different nouns in [76]. [64] proposes a self-training algorithm to
classify dialogues as “emotional” or “non-emotional” with a procedure involving
two classifiers. In [100] a semi-supervised self-training approach using a hybrid of
Naive Bayes and decision trees is used to classify sentences as subjective or objec-
tive. The main difficulty in self-training is how to select a set of high-confidence
predictions. In Chapter 3 we discuss such a selection metric.

Generative models also are based on iterative approaches. A generative model
estimates the joint distribution p(x, y) = p(y)p(x|y) where p(x|y) is an identifiable
mixture distribution, such as a mixture of Gaussians. In this approach each
class is estimated by a Gaussian distribution model and the unlabeled examples
are used to estimate parameters of the distribution. The mixture model ideally
should be identifiable. If the mixture model assumption holds, then the unlabeled
data effectively improve the classification performance, otherwise they cannot
be helpful [111]. Nigam et al. [71] apply the EM algorithm with a mixture of
multinomials, using an iterative approach for text classification. They showed
that the resulting classification models work better than those trained only on
labeled data. Recently, Fujino et al. [38] extended generative mixture models by
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including a bias correction term and discriminative training using the maximum
entropy principle.

One of the successful iterative approaches for semi-supervised learning is co-
training [8]. Co-training involves two, preferably independent, views of data both
of which are individually sufficient for training a classifier. In co-training, the
“views” are subsets of the features that describe the data. Each classifier pre-
dicts labels for the unlabeled data and a degree of confidence. Unlabeled instances
that are labeled with high confidence by one classifier are used as training data for
the other. This is repeated until none of classifiers changes. In co-training instead
of different views of data which is rare in many domains, one can use different
learning algorithms. Goldman and Zhou [39] propose a co-training algorithm
using different learning algorithms. This version uses statistical tests to decide
which unlabeled data can be labeled with confidence. As mentioned earlier the
main difficulty in iterative methods is how to select a set of high-confidence pre-
dictions. Co-training uses the agreement between classifiers for selection, which
is not always helpful and some misclassified examples will propagate to later it-
erations. In Chapter 4, we propose an ensemble co-training algorithm that uses
N different learning algorithms to select from unlabeled examples.

Margin-based Methods

Supervised margin based methods are popular and successful methods for classi-
fication tasks. This is a good motivation to extend methods for semi-supervised
learning. Many margin based methods are usually extensions of Support Vec-
tor Machine (SVM) for semi-supervised learning. An SVM uses a function that
minimizes the error on training data as well as cost of margin. To extend this
function for semi-supervised learning, there is a need to define the loss function
for unlabeled examples. Transductive Support Vector Machine (TSVM) [49] is
one of the early efforts to extend standard SVMs to semi-supervised learning. In
a standard SVM, there is only labeled data for training and the goal is to find
a linear decision boundary with maximum margin in the Reproducing Kernel
Hilbert Space. Since, in semi-supervised learning there is a large set of unlabeled
data, a TSVM should enforce the decision boundary to lie in low density region
in feature space by maximizing margin of both labeled and unlabeled data. One
can use the following regularization term for unlabeled data in loss function of
TSVM:

`u(F (x)) = max{0, 1− |1− F (x)|}, x ∈ Xu (2.4)

This regularization term maximizes the margin for the unlabeled data. The
resulting optimization problem can be solved by gradient descent as in [17], named
∇SVM . In [5], a mixed integer programming based approach is used to solve the
resulting optimization problem, named Semi-Supervised SVM (S3VM). None of
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these methods is applicable to large datasets because of their high computational
complexity.

Graph-based Methods

Typically, graph-based semi-supervised learning methods are based on the mani-
fold assumption. These methods define a graph where the nodes are the examples
(labeled and unlabeled) and edges show the similarity between the examples.
These methods usually assume label smoothness over the graph. The goal of
many graph-based methods is to estimate a function on the graph. This function
should minimize the loss on labeled examples and smooth on the whole graph.
For that, a consistency term is defined between the class labels and the similarity
among data.

There are many methods for graph-based semi-supervised learning. Examples
are Markov random walks [47], Label propagation [112], and Laplacian SVMs [4].
The following loss function is used in many graph-based methods:

`u(F (x)) =
∑
x′∈Xu

x 6=x′

S(x, x′)‖F (x)− F (x′)‖22 (2.5)

where S(x, x′) is pairwise similarity and ‖.‖ is the Euclidean norm. We use this
term in our proposed method in different way employing an exponential function
in Chapter 5.

Additive-based Methods

Boosting as an additive method is one of the promising supervised learning
method in many applications [28]. The goal of the boosting is to minimize equa-
tion (2.2), which is the cost of the margin, at each iteration of the boosting
procedure. The expression yF (x) is the classification margin by definition. A
boosting algorithm can be extended to semi-supervised learning by defining the
margin for unlabeled data. Examples of this approach are ASSEMBLE [6] and
Marginboost [23]. They extend the margin definition to unlabeled examples us-
ing “pseudo-margin”. The “pseudo-margin” for unlabeled examples is defined
as |F (x)| in ASSEMBLE and (F (x)2) in MarginBoost. Algorithm 1 shows the
“pseudo-code” of the ASSEMBLE method. At each iteration the boosting algo-
rithm assigns “pseudo-labels” and weights to unlabeled examples. Then, a set
of examples are sampled based on their weights. This set is used to train a new
component classifier. Next the weights and ensemble classifier are updated iter-
atively. The weighted combination of the classifiers forms the final classification
model.

In Chapter 5, we discuss boosting algorithms for semi-supervised learning in
more detail.
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Algorithm 1 ASSEMBLE

Initialize: L, U, S, D0(x), H0(x);
L: Labeled data; U: Unlabeled data; S: sampled examples
D0(x): weight of each example; H0(x) = 0;
yi ← [1, 0,−1]; for i ∈ U// M is the number of iterations
for t=0 to M do

- Train classifier ft+1 based on S and Dt;
if
∑
Dt(i)yift+1(xi) ≤ 0 then

return Ht

end if
- Compute εt+1 ←

∑
DtI(yi 6= ft+1(xi))

- Compute αt+1 as in AdaBoost;
- Ht+1 ← Ht + αt+1ft+1;
- yi ← Ht+1(xi); for i ∈ U
- Dt+1(i)← Dtexp(αt+1I(yi 6=ft+1(xi)))

Zt

where Zt is the normalization factor and I(x) outputs 1 if x is true, and 0 otherwise.
- S ← Sample(L+U,|L|,Dt+1)

end for
return HT ;

Another boosting method for semi-supervised learning is CoBoost [21], which
is an extension of co-training in boosting style. It uses the agreement among weak
classifiers to label the unlabeled examples in co-training style. AgreementBoost
[57], proposes to use of multiple boosting learners within the co-training style.
It works by reducing the variance of the boosting models trained for each view.
More recently, in [66], a boosting algorithm is proposed for semi-supervised learn-
ing, which employs pair-wise similarities and classifier predictions to select from
unlabeled data. RegBoost [20] uses the margin cost and a regularization penalty
on unlabeled data based on the main assumptions in semi-supervised learning.
Experiments show that they outperforms the other methods. They are originally
designed for binary classification problems.

2.2.3 Multiclass Semi-Supervised Boosting

Although methods like SemiBoost and RegBoost perform well in many domains,
they are originally designed for binary classification problems. However, many
practical domains, for example recognition of speech, objects, and text involve
more than two classes. For a multiclass semi-supervised learning problem, the re-
cent algorithms are now those based on “pseudo-margin” [90] or the use of binary
methods, like SemiBoost and Regboost, to handle the multiclass case employing
the one-versus-all or similar meta-algorithm, which is problematic. This approach
can have various problems such as imbalanced class distribution, increased com-
plexity, no guarantee to have an optimal joint classifier or probability estimation,
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and different scales for the outputs of generated binary classifiers which compli-
cates combining them, see [48] and [79]. Recently, in [99] a new boosting method
is used for semi-supervised multiclass learning which uses similarity between pre-
dictions and data. It maps labels to n-dimensional space, but this mapping may
not lead to train a classifier that minimizes the margin cost. SERBoost [80] uses
expectation regularization to maximize the margin of unlabeled data.

The main difficulties of the multiclass classification problem in boosting style
are: (1) how to define the margin, (2) how to design the loss function for margin
cost, and (3) how to find the weighting factor for the data and the classifiers. For
addressing these three challenges, we propose two methods in Chapter 5, called
Multiclass SemiBoost and Multi-SemiAdaBoost. We then evaluate our proposed
methods and compare these methods to the state-of-the-art methods using many
public machine learning datasets.


