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Apple D EE:R:# (https://www.louisbouchard.ai/how-apple-photos-
recognizes-people/)

DeepL (https://www.deepl.com/ja/translator?referrer=https%3A%2F%2Fw
ww.google.com%2F)

ChatGPT (https://openai.com/blog/chatgpt)

Alpha Go(https://www.deepmind.com/research/highlighted-
research/alphago)

Gato(https://www.deepmind.com/publications/a-generalist-agent)
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Khanahmadi, et al.
“Time dependent atomic magnetometry
with a recurrent neural network" (2021).
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Nolan, et al.

“A machine learning approach to
Bayesian parameter estimation" (2021).
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Tanaka, et al.

*%*ﬁ?zaz [l 7H\IJZ'_E @1%%0)1@}11 “Automated Vickers hardness measurement

using convolutional neural networks" (2020).
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BWHEE Z AWISHE AR D = 5

B2 EA2HBAVTEAEICHB TR = 2DOFREL X

Epistemic Uncertainty
ETIVDRED S

Aleatoric Uncertainty
FYEZLMRIKTRINDG, MEEREOFREIS

Thompson, et al.
"Uncertainty evaluation for machine learning." (2021).

epistemic : 2R %4 (https://eow.alc.co.jp/search?q=epistemic)

aleatoric : {8#R1C & % (https://eow.alc.co.jp/search?q=aleatory)
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"Uncertainty evaluation for machine learning." (2021).
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Thompson, et al.
"Uncertainty evaluation for machine learning." (2021).
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Thompson, et al.
"Uncertainty evaluation for machine learning." (2021).
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Thompson, et al.
"Uncertainty evaluation for machine learning." (2021).
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"Uncertainty evaluation for machine learning." (2021).
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