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Accelerating Monte Carlo Integration using Deep Learning
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Deep learning using massive datasets has been producing groundbreakin

results in many practical applications such as natural image classification and machine translation.
Common to these applications is to predict an unknown model behind those massive amount of data by
observing only those data. For example, image classification models a complex and unknown process of
how human perceives images just based on pairs of images and corresponding classification labels.
In this project, given the success of such data-driven approaches in deep learning, we have
developed a framework that applies the same data-driven concept to model a probability distribution
using deep learning in order to accelerate Monte Carlo integration.
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