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Abstract
The thesis aims to address some important issues in the area of Machine Learning and Deep
Learning. Achieving speed and accuracy at the same time is a difficult task in any classification
task. The thesis proposes various new methods to enhance the performance of Machine Learning
and Deep Learning techniques where the emphasis is not only on improving the classification

accuracy, but also on reducing the training time.

Neural Network is one of the widely used Machine Learning techniques for pattern classification.
Multilayer Perceptron (MLP) being one of the widely used Neural Network technigues, an attempt
has been made in this thesis to reduce the size of weight matrices which requires high
computational cost. In order to achieve this, the weight matrix is factorized into two smaller
matrices of lower rank. This reduces the training time of MLP drastically. Trigonometric functions
have also been used to restrict the weights in a certain range, which makes the proposed
parameterization inherently max-norm regularized and leads to improved classification accuracy

in comparison to the standard MLP.

Deep MLP requires higher computational cost due to the use of large number of hidden layers.
Hence, the proposed parameterization has been extended to Deep MLP by introducing a speedup
parameter which controls not only the speed of training but also the classification accuracy.
Therefore, it maintains a balance between speedup and classification accuracy. It has been shown
on benchmark datasets that the proposed parameterization provides eight fold reduction in training

time along with significant improvement in the classification accuracy of Deep MLP.

Performance of Deep MLP heavily depends on the choice of appropriate learning rate for

backpropagation. Optimizing the learning rate as a hyper-parameter requires training of several



Deep MLPs, which is computationally expensive. A method has been proposed in the thesis to
compute the learning rate in an adaptive manner during the training itself. The proposed method
uses error gradient and Laplacian score to compute the learning rate during every iteration. This
removes the necessity of optimizing the learning rate as a hyper-parameter and leads to drastic

reduction in the classification error of Deep MLP.

Initializing a Deep MLP by stacking the Denoising Autoencoders has a limitation that the noise
level is kept fixed for the training of Denoising Autoencoder. The thesis introduces an adaptive
noise schedule for training the Denoising Autoencoder where the noise level of individual input
neurons is adapted during every training iteration. The performance of the proposed adaptive noise
schedule is superior on several benchmark datasets as compared to the method with fixed noise

level.

The concept of selecting relevant features aligns with the aim of the thesis to improve the
classification accuracy while reducing the training time. Hence a novel feature selection method
has also been proposed which uses Denoising Autoencoder with correlation based multiplicative
aggregation function to select relevant features in an unsupervised manner. The features selected
by the proposed unsupervised method not only preserve the structure of the dataset, but also
outperform other unsupervised feature selection methods with regard to the classification

accuracy.

Extreme Learning Machine (ELM) is a method in Machine Learning for training the single hidden
layer MLP. ELM is orders of magnitude faster than backpropagation but has a limitation that data
dependent training of input to hidden weights is not performed. In order to improve the

performance of ELM, a method has been proposed to initialize the weights in ELM by using the



weights of trained Denoising Autoencoder. A new method has been proposed for training the
Denoising Autoencoder in parallel for each minibatch which reduces the execution time of the
proposed method drastically. Another ELM has also been proposed in the complex domain which

removes the drawbacks of previously proposed complex-valued ELM in the literature.
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