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Deep learning: reinstatement of NN
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Al's strong and week pomts
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Common sense in ChatGTP
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« AI(IML)D L2 | Trend of AI(ML)
— ANFEIDOREEZFIF Utilizing human knowledge.

o« AIDIETF - N8F Al's strong and weak points.
— SEUAB RS & FERDIRE Pseud correlation and few common sense.
o ChatGPTICEEDIASEF=O0MNS5TEMNE =TBEmDir=
Weak points of ChatGPT = hallucination

= few common sense.
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