Studying Hadronization by Machine Learning Techniques
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Introduction

Hadronization is a non-perturbative process, which theoretical description can not be deduced from first principles. Modeling hadron formation requires
several assumptions and various phenomenological approaches. Utilizing state-of-the-art Computer Vision and Deep Learning algorithms, it is eventually
possible to train neural networks to learn non-linear and non-perturbative features of the physical processes.

Hadronization Results
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