HyperSearch: A Parallel Training Approach For Optimizing

Neural Networks Performance
Geraud Nangue Tasse™!, James Connan?

lUniversity of the Witwatersrand, Johannesburg, South Africa
°Rhodes University, Grahamstown, South Africa

We provide a method for adaptively focusing on

promising regions of the parameter and
nyperparameter spaces using the same resources as
random search thereby dramatically speeding up
training of neural networks.
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