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An emerging Al technology is spreading its capability. The deep learning, which is the most promising Al technique, has
shown a surprising success in image processing. Also, a top Go player has been beaten by AlphaGo. Since then, the Al technologies
have been applied to in industrial fields, and succeed in business. The present article provides a brief overview of Al technologies,
and introduces accountability for Al which is based on high social demands. We apply Al technologies to various fields including
performance prediction and shape generations in IHI. We briefly describe the applications as well in the present article.
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