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𝜇𝜃(𝑥)

𝜎𝜃
2 𝑥
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𝜇𝜃𝑀(𝑥)

𝜎𝜃𝑀
2 𝑥

𝜇𝜃2(𝑥)

𝜎𝜃2
2 𝑥
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𝜎𝜃1
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෍
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𝐿𝐸𝑛𝑠𝑒𝑚𝑏𝑙𝑒 𝜃 =
1

𝐶
෍

𝑐=1

𝐶

𝛿𝑐=𝑦 − 𝑝𝜃 𝑦 = 𝑐 𝑥
2

𝐿𝐸𝑛𝑠𝑒𝑚𝑏𝑙𝑒 𝜃 =
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𝑥𝑡𝑟𝑎𝑖𝑛, 𝑦𝑡𝑟𝑎𝑖𝑛

𝑥𝑡𝑒𝑠𝑡 1

Ƹ𝑦𝑡𝑒𝑠𝑡 1

http://mlg.eng.cam.ac.uk/yarin/blog_3d801aa532c1ce.html


80

𝑤

Ƹ𝑦𝑡𝑒𝑠𝑡

𝑥𝑡𝑒𝑠𝑡

𝑥𝑡𝑟𝑎𝑖𝑛, 𝑦𝑡𝑟𝑎𝑖𝑛

𝑥𝑡𝑒𝑠𝑡 1

Ƹ𝑦𝑡𝑒𝑠𝑡 1

http://mlg.eng.cam.ac.uk/yarin/blog_3d801aa532c1ce.html
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