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Theory-guided Learning of Neural Network
— Prediction for Wind in the upper troposphere —

JUNYA TANAKAL®)  ToMmiHIKO ToMmITA3 MASAYUKI NUMAO? KENICH FUKUI?

Abstract: In recent years, machine learning which obtains patterns from observation data and predicts and
classifies unknown data has been successful in many commercial fields. However, in the field of natural
sciences, even if high precision is obtained in prediction and classification, it can not be said that a useful
model could be acquired without a model being descriptive. We focused on technique which combined with
physical model used in natural science field and machine learning model to improve the explanation of the
model while maintaining high accuracy. In this paper, we used an example to predict winds in the upper
troposphere from temperature wind equations. We investigated whether the problem of machine learning can
be solved by adding to the loss function of the neural network as constraints the temperature wind equation
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consisting of the horizontal components.
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