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Artificial intelligence (AI) ) . .
A robot wrote this entire article. Are you
scared yet, human?
GPT-3

Tue 8 Sep 2020 09.45 BST We asked GPT-3, OpenAl's powerful new language generator, to
~ @ Writeanessay for us fromscratch. The assignment? To
f ¥ O g9g89 1188 convince usrobots comein peace
For more about GPT-3 and how this essay was written and
edited, please read our editor's note below
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