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Learn Deep Learning with Python without Difficulty

— Usage of Python Library of Deep Learning—

Takayuki HIRATA"

(Received September 28, 2020)

Deep learning is one of the key concepts of neural networks in machine learning. Powerful

libraries of Python are available for deep learning programming. In the field of pattern recognition,

Python is a standard programming language.

User-friendly tools are provided by many user groups.

Here, I will show some useful software development tools for the beginners who are not familiar to

both Python and deep learning. Furthermore, I will introduce the deep learning tool that enable

users to construct Al applications without programming.
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