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Abstract

Uncertainty is a separate measure of accuracy, and may have implications for
stability or reliability. If uncertainty can be regulated, it has the potential to be a
new metric for evaluating a performance of Deep learning models. Deep learning
models for measuring uncertainty are Bayesian neural networks, which can be
implemented by applying a drop—out scheme to each layer of existing deep learning
models. This paper confirms that uncertainty can be an indicator of performance
evaluation in deep learning models. We used Bayesian LSTM as a Bayesian neural
network model to measure uncertainty, and measured uncertainty, which is
compared to performance metrics from existing models.
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2. Byesian LSTM
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