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Abstract

The new era in Artificial Intelligence has seen lots of advances in machine learning algorithms, its
many applications in widespread domains, and still has more capabilities to emerge. The
performance of these machine learning algorithms is very sensitive and typically dependent on the
choice of parameters that accomplishes the assigned task. Human engineers are very prominent in
doing this task of selecting parameters with satisfactory performance. They are the key role
contributors to the success of many machine learning algorithms. This may also lead to the
overhead of the good or bad design of any algorithm. The process of identifying a perfect set of
parameters for satisfactory performance is difficult for non-Machine Learning experts and even
most of the time for experts also. This problem has a solution which is to automate the process of
parameter selection and it is the objective of Automated Machine Learning (AutoML). AutoML
makes the machine learning algorithms convenient to use for everyone by automatically
determining appropriate parameters selected from large search space with all possible parameters
outperforming the performance of human experts. Our work is inspired by the fast evolving field
of AutoML and one of the most important population based metaheuristic methods of Particle
Swarm Optimization (PSO) which will explore and exploit the optimal solution for the betterment
of the design of an algorithm. This thesis presents insight on state-of-the-art methods already
popular in AutoML. It has also been observed that random search, meta-heuristic and Bayesian
optimization methods have eminent contribution in designing automated pipeline of machine
learning. We have proposed optimal architectures which will use PSO for the selection of features
and create optimal weighted decision trees for a Random Forest Classifier (RFC). Literature on
machine learning further guided us towards the most demanding architecture design of the neural
networks in deep learning which outperforms many machine learning algorithms. Deep learning
architectures are very popular but emerge with very high computational costs. The main challenge
in deep learning is the optimal design of neural network architecture and its hyperparameter

optimization. It is difficult to work with every suggested path in its design comprising of different



combinations of its architecture and hyperparameters. Thus it has motivated us to look for a
metaheuristic algorithm that optimizes the search in a large space of possible configurations and
drive the solution towards the global optimum. The proposed PSO optimized architecture of
Convolutional Neural Network (CNN) is optimal as confirmed through results but a very
expensive learning model generated after many numbers of steps of evolution. This Swarm
optimized pre-trained CNN model is thus subsequently deployed to work for other applications.
We used transfer learning to extend the contribution of the PSO optimized CNN model in various
other applications without putting in much effort. Our swarm optimized models are robust and
have shown significant improvement in results in the most popular standard datasets for
classification. The results have also been compared with many approaches suggested in most

eminent and recent researches in the relevant fields.
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