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Objective Convolutional Architecture for event prediction

Develop deep learning methods for event prediction TCNSs architecture for event prediction
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Event sequence data are time-stamped categorical data collected

over time at no particular frequency. Combined loss function
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Time Series data vs Event/Transactional data vs Sequential data
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cecurrent Neural Network ) " : » TCNs improves event prediction compared with RNN SOA approach
ecurrent Neural Networks New RNN Architectures > Time prediction also improves but still error is high compared with baselines
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*  vTraining and evaluation faster
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