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Abstract

The performance of a machine learning model on test data, or its generalization ability,
is formally measured in terms of the probability of its making an erroneous decision,
also termed as the risk. Risk is composed of the empirical risk, which measures how
well the model has learnt from training data, and the structural risk, which measures
the risk due to model selection. The structural risk is a function of the training set
size and the Vapnik-Chervonenkis (VC) dimension, a concept introduced by Vladimir
Vapnik and Alexey Chervonenkis. While there is some work on estimating the VC
dimension of learning models, it is a difficult and not very tractable problem. Most
results, therefore, focus on bounds. The difficulty these present is that they do not
permit model complexity to be optimized in terms of the variables being minimized.
The practitioner is usually looking for the simplest model that can explain the available
data. Bounds on the VC dimension, on the other hand, typically measure the range
of functions that can be represented by a particular kind of model. In a nutshell,
minimizing the structural risk appears to be an ill-posed problem.

Two approaches can be pursued for minimizing the structural risk. These are devel-
oping learning models with a small VC dimension, and methods to increase the number
of samples available for training a model, by augmenting the training dataset.

The recently proposed Minimal Complexity Machine (MCM) has shown that it is
possible to develop a hyperplane classifier that can minimize an approximate bound on
the VC dimension. We initially develop a hybrid model of the MCM within the Extreme
Learning Machine (ELM) framework that offers the benefits of scalability and low model
complexity.

Next, we shift focus to developing a variant of the MCM that minimizes a tighter
bound on the VC dimension. This approach is termed as the Quadratic MCM (QMCM).
In the sequel, we show that the QMCM minimizes a tighter bound on the VC dimension,
in comparison to the MCM. Extensions of the QMCM for learning settings other than
classification, such as regression and feature selection, are also presented. A scalable

version of the QMCM for large datasets via the stochastic sub-gradient minimization
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approach is also described. Another approach for developing classifiers for learning
when few training data are available, by introducing constraints based on computing
the derivative of the discriminant function, is discussed subsequently. This approach is
developed for both the Support Vector Machine (called SVM-Derivative) and the MCM
(MCM-Derivative).

The last part of the thesis focuses on methods for risk minimization by augmenting
the training dataset. We propose EigenSample, a novel method for generating additional
samples for training a classifier. The new samples are added in a lower-dimensional space
spanning the principal components of the original dataset, and a novel inverse projection
problem is formulated and solved. This tends to least perturb the eigenstructure of the
original dataset. FigenSample is evaluated on various datasets using multiple classifiers
and results show improved generalization when the training samples are augmented using
EigenSample, compared to competing methods for augmenting datasets. Extensions of
EigenSample for regression datasets, as well as a non-iterative least-squares variant are

also discussed.
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