Selection of the right Feature is Crucial for reliable prediction



|dentification of Glitches in LIGO data
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Work Done in Collaboration with Rochester University
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Selection of the right Feature is Crucial for reliable prediction

Motor and Sensory Regions of the Cerebral Cortex
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Aniyan, A. K., Philip, N. S., Samar, V. J., Desjardins, J. A., &
Segalowitz, S. J. (2014).,

A wavelet based algorithm for the identification of oscillatory
event-related potential components.



Bispectrum Analysis of EEG of Alcoholics
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Can Machines make logical/magical selection of

features

(anything that leads to right conclusions)

to answer a given query?



What about CNN and Deep Learning?

Works well on image data



CNN can be used for Automated
Feature Creation



CNN can be used for Automated Feature Creation

On the flip side,
Convolutional Nets produce several thousands of features.

This affects the generalisation ability of the classifier



CNN can be used for Automated Feature Creation

Can we design an algorithm to trim down the
number of features without causing
performance degradation ?
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Deep neural networks for time series prediction with
applications in ultra-short-term wind forecasting

Mladen DPalto,
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Abstract—The aim of this paper is to present deep neural network
architectures and algorithms and explore their use in time series pre-
diction. Existing and novel input variable selection algorithms and deep
neural networks are applied for ultra-short-term wind prediction. Since
gradient-based optimization starting from random initialization often
appears to get stuck in poor solutions, recent research effort aimed at
training methods for such deep networks is summarized. Shallow and

deep neural networks coupled with two input variable selection algorithms
are compared on a ultra-short-term wind prediction task. Initial results
show that deep neural networks outperform ‘shallow ones. Depth adds
additional computational cost and input variable selection use reduces it.

Keywords—Deep Neural Networks, Input Variable Selection, ultra-
short-term, wind forecasting




|s this is perhaps the direction we should move on?

Or should we think of something different?....



