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1.
2.
End-to-End

In this work, we tackled the following two researches. Frist, we proposed a
deep learning architecture that can decompose and output known physical model component and model
residual component. Then, we verified the accuracy of the proposed method with the task of
estimating the wind velocity in the upper troposphere from the atmospheric conditions in the lower
layer. The validity of the wind vector distribution of the residual component by the proposed method
was justified from the knowledge of meteorology. Second, we proposed an improvement method by
multi-task learning and adversarial exsample generation for the method of obtaining the value of the
solution at an arbitrary position of the partial differential equation, by automatic
gifferSBEiation and deep learning. We confirmed the improvement of estimation accuracy for some
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