
˴ͦͣͨΈΌ͔͔ͭͪͤͦ ͔͙͔ͪͤ͘ ͙ ͎͔ͯ͋ͦͦ͟͡ 
ͦ͋ͯ;͔͙͔ͤΥ ͊ͭͯ͊͟͡Έͤ·͔ ͔ͪͯ͘͡Έͭ͊ͭ·

͙ ͤ͊ ͍͔͙ͨͪ͊ͤ͡Ύ ͍͙͙ͪ͊ͭ͘Ύ

ˤ͙͙͘͡Έ͔͙͚ͭͪ̑ͪ ˤ͔͙͍͙͊ͤͭͤͦ͡;Σ viz@gosniias.ru

ͤ͊;͊͡Έ͙ͤ͟ ͔͔͙ͨͦ͒ͪ͊͒ͤ͘͡Ύ оллл ̅˥̂˽ ζ˥ͦͫ˹ˮˮˢ˿ηΣ
͒Φͺ-ͣΦΦͤΣ ͨͪͦͺ͔ͫͫͦͪ ˾ˢ˹

˸͍ͦͫ͊͟, ˸ ˸˾-˻2019, 26.11.2019



˿͔͙͔ͦ͒ͪ͗͊ͤΥ
͔͔ͭͤ͒ͤͼ͙͙/͔͔͙͍ͨͪͫͨͭ͟· ͙ ͊ͭͯ͊͟͡Έͤ·͔ ͔ͪͯ͘͡Έͭ͊ͭ· ͍ ˮˮ

Å˴ ͦͣͨΈΌ͔͔ͭͪͤͦ ͔͙͔ͪͤ͘Σ ͎͔ͯ͋ͦͦ͟͡ 
ͦ͋ͯ;͔͙͔ͤ ͙ ͙͍͔ͫͯͫͫͭͤͤ͟·͚ ͙͔͔ͤͭͭ͟͡͡
-͙͚ͪ͊ͭ͟͟ ͚͔͒͊͒͗ͫͭ ͔ͨͪ͒·͒ͯ΅͙ͻ ͍͒ͦ͊͒ͦ͟͡
-;ͭͦ ͣ· ͔͔͒͊ͣ͡ ͒͡Ύ ͍͔͔͙ͤ͒ͪͤΎ ˥˹˿ όнлму-2019)

Å˥ ͙͔ͯ͋ͦ͟͡ ͔͚ͤͪͦͤͤ·͔ ͔͙ͫͭΣ ͎ͯ͋ͦ͊͟͡Ύ  
͙͙ͦͨͭͣ͊͘ͼ͙Ύ͙ ͎͡ ͔ͯ͋ͦͦ͟ ͍͔͙͔ͯͨͪ͊ͤ͡
-ͦͭ ͙͊ͤ͊͊͘͡ ͒͊ͤͤ·ͻ ͟ ͙͙ͦͨͭͣ͊͘ͼ͙͙ ͙ ͍͔͙ͯͨͪ͊ͤ͡Ό
-͎͔ͯ͋ͦͦ͟͡ ͦ͋ͯ;͔͙͔ͤ ͫ ͔͔͙͔ͨͦ͒ͪͨͤͣ͟͡ ͤ͊ ͎ͪ͊ͺ͊ͻ

Ås ͭͯ͊͟͡Έͤ·͔ ͔ͪͯ͘͡Έͭ͊ͭ· ͍ ͦͣͨ͟ΈΌ͔ͭͪͤͦͣ 
͔͙͙ͪͤ͘ ͙ ͎ͯ͋ͦͦͣ͟͡ ͦ͋ͯ;͔͙͙ͤΥ
-͙͊ͭ͊͟ ͙ ͊͘΅͙ͭ·Σ ͍͙͙͔ͤͣ͊ͤΣ ͎ͪ͊ͺ· ͫͼ͔ͤΣ ͙͔ͫͤͭ͘ 
͒͊ͤͤ·ͻΣ ͦ͋ΆΎ͔͙ͫͤͤΎΣ ͦ͋ͯ;͔͙͔ͤ ͔͋͘ ͙͔͍ͨͪͣͪͦΧ 

ˤ͎͘͡Ύ͒-2017:
˾͔͍ͦ͡Όͼ͙Ύ ˮˮ

ˤ͎͘͡Ύ͒-2019:
˾͔͍ͦ͡Όͼ͙Ύ ˥˹˿

ICCV-2019:
˾͔͍ͦ͡Όͼ͙Ύ

͔ͨͪͦ͒ͦ͗͊ͭͫ͡ΎΣ
ͤͦ ͔͊ͣ͒͘͡Ύ͔ͭͫΎΚ

(͔ͯͫͨͻ͙ ͙ ͍·͍ͦ͘·)



˴ͦͣͨΈΌ͔͔ͭͪͤͦ ͔͙͔ͪͤ͘,
͎͔ͯ͋ͦͦ͟͡ ͦ͋ͯ;͔͙͔ͤ

͙ ͙ͫ ͍͔ͯͫͫͭͤͤ͟·͚ ͙͔͔ͤͭͭ͟͡͡



͔́ͻ͎͙͙ͤͦͦ͡ ζ͙͍͔͎ͫͯͫͫͭͤͤͦͦ͟ ͙͔͔ͤͭͭ͊͟͡͡η όˮˮύ 

̅ͯͤ͟ͼ͙ͦͤ͊͡Έͤ·͚ ˮˮ Ґ ˢ˻/˽˻Σ ͫͨͦͫͦ͋ͤ·͔ ͍͙͊ͭͦͣ͊ͭ;͔͙ͫ͟ ͍·ͨͦͤ͡ΎͭΈ 
͔ͨͦͤ͘͡·͔ ͺͯͤ͟ͼ͙͙Σ ͦͭͦͪ͟·͔ ͔͔ͪ͊ͤ ͎͙ͣͦ͡ ͋·ͭΈ ͍·͔ͨͦͤͤ͡· ͭͦ͡Έͦ͟ ;͔͍͔ͦͦͣ͟͡Φ

ˮ -ˮмΥ ͔͙͍͙͔ͣͦ͒ͪͦ͊ͤ͡
;͔͍͔ͦ͡;͔͙ͫ͟ͻ ͔͙͚ͪ͊ͫͫͯ͗͒ͤ

̅ͦͪͣ͊͡Έͤ·͔ ͔͙͙ͭͦͪ
˨͔ͦ͊͊ͭ͘͟͡Έ͍ͫͭͦ ͔͔ͭͦͪͣ
˶͎͙ͦ;͔͔ͫͦ͟ 
͎͙͍͙͔ͨͪͦͪ͊ͣͣͪͦ͊ͤ 
˽͔͍͔͙͔ͪ͒ͫͭ͊ͤ͡ ͙͚ͤ͊ͤ͘: 
ͺ͔͚ͪͣ·Σ 
͔͙ͫͣ͊ͤͭ;͔͙͔ͫ͟ ͔͙ͫͭΧ
˿͙͍ͣͦ͡Έͤ·͔ 
͔͍͙ͨͪͦ͋ͪ͊ͦ͊ͤ͘Ύ 
͍·͔͙͚ͪ͊͗ͤ
͔̏ͫͨͪͭͤ͟·͔ ͙͔ͫͫͭͣ·
˹͔;͔͙͔ͭ͟ ͎͙͙ͦ͟͡Χ

ˮ -ˮнΥ ͙͊ͤ͊͘͡ ͒͊ͤͤ·ͻ
͙ ͣ͊΄͙͔ͤͤͦ ͦ͋ͯ;͔͙͔ͤ

˻͋ͯ;͔͙͔ͤ ͫ ͯ;͙͔͔ͭͣ͡ 
˽͍ͪͦͫͭͪ͊ͤͫͭͦ 
͙͍ͨͪͤ͊ͦ͘͟Φ ˶͙͔͚ͤͤ·͔ 
͔͙͔͙ͪ͊͒ͭ͘͡͡Φ 
ˣ͚͔͍͔͊ͫͦͫͦ͟ ͦ͋ͯ;͔͙͔ͤΦ 
˻΄͙͙͋͟ м ͙ н ͪͦ͒͊Φ 
˻͋ͯ;͔͙͔ͤ ͔͋͘ ͯ;͙͔ͭ͡Ύ 
˴͔͊ͫͭͪͤ͡·͚ ͙͊ͤ͊͘͡Φ
˿͙͔͙͔ͤ͗ͤ ͔͙ͪ͊ͣͪͤͦͫͭ͘ 
˹͔͚ͪͦͤͤ·͔ ͔͙ͫͭ 
˻͔͋ͪ͊ͭͤͦ 
͔͙͔ͪ͊ͫͨͪͦͫͭͪ͊ͤͤΧ



2000
ζ˭͙ͣ͊ ˮˮη
˽͎ͪͦͤͦ͘Υ нлплҌ

ζ˴͙͍ͪ͊Ύ ͻ͚͊ͨ͊η ͒͡Ύ ˮˮ

2011-12

2016-17

-˽ͦΎ͍͔͙͔ͤ͡ ͎͙ͯ͋ͦ͟͡ͻ ͔͚ͤͪͦͤͤ·ͻ ͔͔͚ͫͭ ό˥˹˿ύ
-˾͔΄͔͙͔ͤ ͊͒͊͘; ͦͣͨ͟ΈΌ͔͎ͭͪͤͦͦ ͔͙ͪͤ͘ΎΣ 
͙ͦ͋ͪ͊͋ͦͭ͟ ͙͎͍ͫͤ͊ͦ͡ ͙ ͙͊ͤ͊͊͘͡ ͋ͦ͡Έ΄͙ͻ ͒͊ͤͤ·ͻ  
ͤ͊ ͍͔ͯͪͦͤ ;͔͍͔ͦ͊͟͡ ͙ ͍·΄͔(superhuman)

˾͙͚͊ͤͤ ͔͙ͨͪͦ͒ ͍͙͙ͪ͊ͭ͘Ύ ˮˮΥ ͫͦ͒͊ͤ͘· ͍ͦͫͤͦͤ·͔ ͔ͣͭͦ͒· ͙ ͨͦ͒ͻͦ͒·Χ

ΧнлммҌΥ ͍͔͒ ͍ͦͤ͡· ͔ͭͻ͎͙ͤͦͦ͡;͔͚ͫͦ͟ ͔͍ͪͦ͡Όͼ͙͙Σ ζͫ͊͋͡·͚η ˮˮ ͍ нлнл

-˥͙͔ͯ͋ͦ͟͡ ͔͍ͫͦͪͤͯΌ΅͙͔ͫΎ ͔͙ͫͭ 
-˥˻ ͫ ͔͔͙͔ͨͦ͒ͪͨͤͣ͟͡
-˥˻ ͫ ͙ͫͨͦ͡Έ͍͙͔ͦ͊ͤͣ͘ ͔͔͚ͣͦ͒͡Σ
͋͊͘ ͙͚ͤ͊ͤ͘ ͙ ͎͙ͦ͡;͔͎ͫͦͦ͟ ͍·͍ͦ͒͊
-ˢ͍͙ͭͦͣ͊ͭ;͔͔ͫͦ͟ ͦ͋ͯ;͔͙͔ͤ ˥˹˿

˽͔͍ͪ͊Ύ ͍ͦͤ͊͡
͔͍ͪͦ͡Όͼ͙͙ ˥˹˿

ˤͭͦͪ͊Ύ ͍ͦͤ͊͡
͔͍ͪͦ͡Όͼ͙͙ ˥˹˿

˽͎ͪͦͤͦ͘Υ нлнлҌ

̅ͯͤ͟ͼ͙ͦͤ͊͡Έͤ·͚
όζͫ͊͋͡·͚ηύ ˮˮ 

˴͊͟ ͍͙͍͙ͪ͊͊ͫ͘͡Έ ͔ͭͻ͎͙͙ͤͦͦ͡ ζˮˮηΣ ;͔͎ͦ ͙͎͙͒ͦͫͭ͡Σ ;͔͎ͦ ͗͒͊ͭΈΚ(ˤ͎͘͡Ύ͒-2017)

ˢ͎͙ͦͪͭͣ͡· ˮˮ ͙ͫ͡Έͤͦ 
͙͎ͨͪͦͪ·͍͊Όͭ ͡Ό͒Ύͣ

˾͍͙͔͊ͫͨͦͤ͊͊ͤ͘ ό˹ˮ˾->˻ ˴˾ύ

ˤ͔ͫ ͊͒͊͘;͙ ˮˮ
ό˹ˮ˾ύ

http://images.amazon.com/images/P/B00005ASUM.01._SCLZZZZZZZ_.jpg


͍͔̇ͭͦͣ ͯ͊͊ͤ͘͟· ͊ͫͫ͟͡· ͦ͋Ά͔͍ͭͦ͟Υ ͔͗ͭ͡·͚ ς
͔͔͋ͪͦͤͭͻ͙ͤ͊͟Σ ͪ͊ͫͤ͟·͚ ςͫ ͔͊ͣͦͭ͡·Σ ͎͚ͦͯ͋ͦ͡ ς
͎͍͙͙ͪͯͦ͘͟Σ ͙͙͚ͫͤ ς͊ ͍ͭͦͣ͊΄͙ͤ·Σ ͔͔ͤ͘͡·͚ -͡Ό͙͒

2016:˻͔͙͔͋ͤ͊ͪͯ͗ͤ ͙ ͍͙͔ͪ͊ͫͨͦͤ͊͊ͤ͘ ͦ͋Ά͔͍ͭͦ͟
͍ ͔ͪ͊͡Έͤͦͣ ͍͔͔͙ͪͣͤ ό˥ͦͫ˹ˮˮˢ˿)

˥͔͒ ͔ͦͭ;͔͍͔ͫͭͤͤ·͔ ͨͪͦͼ͔ͫͫͦͪ·Κ

˥͔͒ ͔ͦͭ;͔͍͔͔ͫͭͤͤͦ ˽˻ ͒͡Ύ ͦ͋ͯ;͔͙ͤΎΚ



2018-19:˥˹˿ ͤ͊ ͔ͦͭ;͔͍͔ͫͭͤͤ·ͻ ͨͪͦͼ͔ͫͫͦͪ͊ͻ

ˢͪͻ͙͔ͭͭͯͪ͊͟ ͨͪͦͼ͔ͫͫͦͪ͊Σ
͔͔ͦ͋ͫͨ;͙͍͊Ό΅͊Ύ ͍·ͫͦͯ͟Ό 
͙͍͙͔ͨͪͦͦ͒ͭ͘͡ΈͤͦͫͭΈ ˥˹˿ 

нлмуΥ ˽͙ͪͦͭͦͭͨ ͙͔ͫͫͭͣ· ͍͙͊ͭͦͣ͊ͭ;͔͎ͫͦͦ͟ 
͔͙ͦ͋ͤ͊ͪͯ͗ͤΎ ͙ ͍͙ͪ͊ͫͨͦͤ͊͊ͤ͘Ύ ͼ͔͔͚͡ ͤ͊ ͍͔ͦͫͤͦ 
͎͙ͯ͋ͦ͟͡ͻ ͍͔ͫͪͭͦ;ͤ·ͻ͔͚ͤͪͦͤͤ·ͻ ͔͔͚ͫͭΦ ˿͙͔ͫͭͣ͊ 
ͤ͊ ͔͋͊͘ ͨ͊ͭ͡· ˸˿мнмΦлм ͙͍͍ͨͪͦͦ͒ͫͭ͊͘ ˹́̇ 
ζ˸ͦ͒ͯ͡Έη ͫ ͨͪͦͼ͔ͫͫͦͪͦͣ baсплт όр ͍͊͒ͪͦ͟/͔ͫ͟ύΦ
нлмфΥ ˤ ͤ͊ͫͭͦΎ΅͔͔ ͍͔ͪͣΎ ͍͔͊ͪ͘΄͔͊ͭͫΎ ͪ͊ͪ͊͋ͦͭ͊͘͟ 
͔ͪ΄͔͙ͤΎ ͒͡Ύ ATR ͫ  ˥˹˿ ͤ͊ ͔͋͊͘ NM6408, 
ͪ͊͋ͦͭ͊Ό΅͔͎ͦ ͍ он ͪ͊͊͘ ͋·͔͔ͫͭͪ όͫͦͪͦͫͭ͟Έ 
͙ͦ͋ͪ͊͋ͦͭ͟ -сл ͍͊͒ͪͦ͟/͔ͫ͟ ͙ ͍·΄͔). 
˽͔͔͙͍ͪͫͨͭ͊͟-2020+: ˽ ͔ͪͦͭ͟ ̅˽ˮ ζ˸͔͙ͣͪͫͭͦͪη
ό˸̅́ˮΣ ˹́̇ ζ˸ͦ͒ͯ͡Έηύ

˿͔ͭͤ͒ ˥ͦͫ˹ˮˮˢ˿
ͤ͊ ͍·͍͔ͫͭ͊͟ 

ζˢ˾˸ˮ̒-нлмуη

˥ͯ͋ͦ͊͟͡Ύ
˴͍ͦͤͦ͡Όͼ͙ͦͤͤ͊Ύ
˹͔͚ͪͦͤͤ͊Ύ
˿͔ͭΈ ό˥˹˿ύ  

˻͔ͭ;͔͍͔ͫͭͤͤ·͚
͔͚ͤͪͦͨͪͦͼ͔ͫͫͦͪ

нлмфΥ ͔ͦͭ;͔͍͔ͫͭͤͤ·͔ 
ͨͪͦͼ͔ͫͫͦͪ· ͔ͯ͗ ͔ͫͭΈ



˻˴˾ ζ˽͊ͭ͡ͺͦͪͣ͊-˥˹˿η όнлму-2020)

˽͔ͪͦ͋ͣ͊͡Υ ͙ͫͨͦ͡Έͯ͘ΌͭͫΎ ͔͊ͪͯ͋͗ͤ͘·͔ ͔͍ͫͪ͒ͫͭ͊ ͦ͋ͯ;͔͙ͤΎ ˥˹˿ 
ό͙͔ͫͫͭͣ· Caffe, Caffe2, Pytorch, TensorFlow, Theano ͙ ͒ͪΦύΥ
Å˹͔͍ͦͣͦ͗ͤ͊͘ ͔͙ͫͪͭͺ͙͊͟ͼ͙Ύ ͤ͊ ˹˨ˤ
Å˹͔ͭ ͔͙ͨͦ͒͒ͪ͗͟ ͔ͦͭ;͔͍͔ͫͭͤͤ·ͻ ͒͊ͭ;͙͍ͦ͟ ͙ ͍·;͙͙͔͔͚ͫͭ͡͡
Å˹͔͍͔͙ͫͦͣͫͭͣͦͫͭΈ ͙ͪ͊͘͡;ͤ·ͻ ͔͍ͫͪ͒ͫͭ ͙ ͙͔ͫͫͭͣ ͙ͪ͊ͪ͊͋ͦͭ͘͟
˾͔΄͔͙͔ͤΥ͙͔ͫͦ͒͊ͤ͘ ͔ͦͭ;͔͍͔͚ͫͭͤͤͦ ͎͚ͨͪͦͪ͊ͣͣͤͦ ˽͊ͭ͡ͺͦͪͣ· 
͒͡Ύ ͦ͋ͯ;͔͙ͤΎ ͙ ͍͚͋ͦͪͭͦͦ ͔͙ͪ͊͊͘͡ͼ͙͙ ˥˹˿

˻͋ͯ;͔͙͔ͤ ˥˹˿

˽͔͍͙͔ͪͦ͋ͪ͊ͦ͊ͤ͘
˥˹˿

ˢͨͨ͊ͪ͊ͭͤ͊Ύ 
͔͙ͪ͊͊͘͡ͼ͙Ύ ˥˹˿

˩͙͒ͤ͊Ύ ͙͔͎͙͍ͤͭͪͪͦ͊ͤͤ͊Ύ ͔ͫͪ͒͊ 

Å ˿͔͙ͪͭͺ͙ͼ͙͍ͪͦ͊ͤͤ·͚ ͤ͊ ˹˨ˤ ͙ͫͻΦ ͦ͒͟
Å ˮͣͨͦͪͭ/Ήͫͨͦͪͭ͟ ͙͘ ͍ͦͫͤͦͤ·ͻ 
ͺ͔͚͍͍͙ͪͣͦͪͦ͟ onnx

Å ˹͙͊͡;͙͔ ͙͍ͭͨͦ·ͻ ͔ͪ΄͔͙͚ͤ ͒͡Ύ 
͍ͦͫͤͦͤ·ͻ ͊͒͊͘;

Å ˽͔ͦ͒͒ͪ͗͊͟ ͔ͦͭ;͔͍͔ͫͭͤͤ·ͻ ͊ͨͨ͊ͪ͊ͭͤ·ͻ 
ͨ͊ͭ͡ͺͦͪͣ ͙ ͔ͦͭ;͔͍͔ͫͭͤͤ·ͻ ˻˿

Å ˴ͦͤͭͪͦ͡Έ ͒ͦͫͭͯͨ͊ ͟ ͒͊ͤͤ·ͣ ͙ ͔ͨͪͦͭ͊ͣ͟
Å ˹͙͙͔͘͟ ͔͍͙ͭͪ͋ͦ͊ͤΎ ͟ ͍͙͊͟͡ͺ͙͊͟ͼ͙͙ ˮ́˾

͙̂ͤͺ͙ͼ͙͍ͪͦ͊ͤͤ͊Ύ ͨ͊ͭ͡ͺͦͪͣ͊

˿͙͔͙͔ͤ͗ͤ ͎ͨͦͪͦ͊ ͍ͻͦ͒͊ => ͔͔ͪͦ͘͟ ͍͔͙ͯ͡;͔͙͔ͤ 
;͙ͫ͊͡ ͪ͊ͪ͊͋ͦͭ͘;͙͍ͦ͟ Ґ>͍͔ͦͣͦ͗ͤ͘ ͨͪͦͪ·͍
͍ ͍ͣ͊ͫͫͦͦͣ ͍͔͔͙͙ͤ͒ͪͤ ˥˹˿ ͍ ͙͔͙͒͘͡Ύ ˤˤ˿́

нлнлΥ ͔͋ͯ͒ͭ  
͔ͦͭ;͔͍͔͔ͫͭͤͤͦ ˽˻

2020+:
͊͒͊͘;͊ 
͍͙ͪ͊ͫͨͦͤ͊͊ͤ͘Ύ 
͍ͦ͋ͪ͊ͦ͘ ͔ͤ 
ͭͦ͡Έͦ͟ 
͎͙͙͊ͦͪͭͣ͡;͔͙ͫ͟ 
͔ͪ΄͔ͤ͊Σ
ͤͦ ͍͔͔͒ͦ͒ͤ͊
͒ͦ ͙͙ͫͭ͊͒ 
͔ͭͻ͎͙ͤͦͦ͡;͔͚ͫͦ͟ 
͎͍͙ͦͭͦͤͦͫͭ
͟ ˻˴˾



˥͙͔ͯ͋ͦ͟͡ ͔͚ͤͪͦͤͤ·͔ ͔͙ͫͭΣ 
͎ͯ͋ͦ͊͟͡Ύ  ͙͙ͦͨͭͣ͊͘ͼ͙Ύ
͙ ͎͡ ͔ͯ͋ͦͦ͟ ͍͔͙͔ͯͨͪ͊ͤ͡



˹͊ ͫ͊ͣͦͣ ͔͔͒͡ ͔ͤͭ ͙͎ͤ͊ͦͦ͟͟ 
ͨͪͦͪ·͍͊ ͍ ͔ͣͭͦ͒͊ͻ ˮˮ -͔ͫͭΈ 
ͨͪͦͪ·͍ ͍ ͔ͣͭͦ͒͊ͻ ͦ͊͟͡͡Έ͚ͤͦ 
͙͙ͦͨͭͣ͊͘ͼ͙͙Σ ͍ͫΎ͊ͤͤ͘·͚ ͫ 
͙ͫͨͦ͡Έ͍͙͔ͦ͊ͤͣ͘ ˥˹˿.

˸· ͙͔͔ͣͣ ͔͒ͦ͡ ͔ͤ ͫ ͍ͤͦ·͙ͣ 
͔͙ͣͭͦ͒͊ͣ ͙ ͨͦ͒ͻ͙ͦ͒͊ͣ ͍ ˮˮΣ
͊ ͫ ͍͚ͤͦͦ ͎͚ͪͯͨͨͦ ͣͦ΅ͤ·ͻ 
͙͔͔ͤ͗ͤͪͤ·ͻ ͔͍ͣͭͦ͒ͦΥ 
ζ͎͙͙ͯ͋ͦͣ͟͡η ͔͙ͣͭͦ͒͊ͣ 
͔͙͍͙ͣͦ͒ͪͦ͊ͤ͡ΎΣ ͍͔͙ͯͨͪ͊ͤ͡Ύ ͙ 
͙͙ͦͨͭͣ͊͘ͼ͙͙.

˶͎͙ͦ͊͟ ͍͙͙ͪ͊ͭ͘Ύ Ή͙ͭͻ ͔͍ͣͭͦ͒ͦ 
͙ ͔ͭͻ͎͙͚ͤͦͦ͡ ͍ ͔͙͔ͨͦͫ͒ͤ͡ ͎ͦ͒· 
͙ͫͦͫͭͦͭ ͍ ͔͔ͨͪͻ͔ͦ͒ ͦͭ ͊͒͊͘; 
͙ͦ͋ͪ͊͋ͦͭ͟ ͙ ͙͊ͤ͊͊͘͡ 
͙ͤͺͦͪͣ͊ͼ͙͙ ͟ ͊͒͊͘;͊ͣ 
͍͔͙ͯͨͪ͊ͤ͡Ύ ͙ ͙͙ͦͨͭͣ͊͘ͼ͙͙Φ

˹͊͋͡Ό͔͙͔͒ͤ ͊͘ 
ͦ͋Ά͔ͭͦͣ͟

(CNN, ͘ ͔͙͔ͪͤΣ ͔ͪ;ΈΣ 
͙͎ͫͤ͊͡·Σ BigData)

˸͔͙͍͙͔ͦ͒ͪͦ͊ͤ͡ όGAN)
͍͔͙͔̂ͨͪ͊ͤ͡ ͦ͋Ά͔ͭͦͣ͟ όDRL)

˻͙͙ͨͭͣ͊͘ͼ͙Ύ ͙ͦ͋͊͟͡ ͦ͋Ά͔ͭ͊͟ όDRL)

˥˹˿ ͎ͣͦͯͭ ͔ͪ΄͊ͭΈ ͡Ό͋·͔ ͊͒͊͘;͙Σ ͦͭͦͪ͟·͔ 
ͺ͙ͦͪͣͯͪͯ͡ΌͭͫΎ ͊͟͟ ͊͒͊͘;͙ ͙͙ͦͨͭͣ͊͘ͼ͙͙Φ

˽͔͔͙͍ͪͫͨͭͤ͟·͔ ͙͔͔ͤͭͭͯ͊͟͡͡͡Έͤ·͔ ͙͔ͫͫͭͣ· 
ͤ͊ ͍͔ͦͫͤͦ ˥˹˿ Ήͭͦ ͔ͯ͗ ͔ͤ ͭͦ͡Έͦ͟ ˿́˭ ͙ ͔͒͊͗ 
͔ͤ ͭͦ͡Έͦ͟ ζ͍͚͋ͦͪͭͦͦ ͙͔͔ͤͭͭ͟͡͡ηΗ ̏ͭͦ ͨͪͦ
͍͔ͫ ͊͒͊͘;͙͙ͫͦ͒͊ͤ͘Ύ ͙ ͙͔͔͙ͨͪͣͤͤΎ όͦͭ 
͙ͦ͋͊͟͡ ͙ ͎͙͍͊ͦͪͭͣͦ͡ ͒ͦ ͙͙ͦͨͭͣ͊͘ͼ͙͙ 
͙͍͍ͨͪͦͦ͒ͫͭ͊͘ ͙ Ήͫͨͯ͊ͭ͊͟͡ͼ͙͙ύ ͙͔͙͚͒͘͡.

˥ͯ͋ͦ͊͟͡Ύ ͙͙ͦͨͭͣ͊͘ͼ͙ΎΥ ͍͎͘͡Ύ͒-2019ͤ͊ ͔͍ͪͦ͡Όͼ͙Ό ˥˹˿ ͙ ͔͔ ͔͔͙͍ͨͪͫͨͭ͟· 

2020+:
͙ͨͪ 
ͨͦͣͦ΅͙ 
˥˹˿ 
͔ͣͦ͗ͭ
͋·ͭΈ
ͫͦ͒͊ͤ͘ 
ζͫ͊͋͡·͚η
͍͚͋ͦͪͭͦͦ
ˮˮΧ
ͤͦ Ήͭͦ ͔ͤ 
͎͍͔͊ͤͦ͡ -
˥˹˿
͎ͣͦͯͭ
͒͊ͭΈ
͔ͤ͊ͯ͟ ͙ 
͔ͭͻ͙͔ͤ͟
͎ͦͪ͊͒ͦ͘ 
͋ͦ͡Έ΄͔Η    



˽͔͔ͪͻͦ͒ ͦͭ ͎͎ͯ͋ͦͦͦ͟͡ ͦ͋ͯ;͔͙ͤΎ ͟ ͎͚ͯ͋ͦͦ͟͡ ͙͙ͦͨͭͣ͊͘ͼ͙͙ 

˽ͦͫͦ͟͡Έͯ͟ ͙͔͔͙͔ͨͪͣͤͤ ˥˹˿ 
͍ ͙͙ͦͨͭͣ͊͘ͼ͙ͦͤͤ·ͻ ͊͒͊͘;͊ͻ 
ͣ͊΄͙͎ͤͤͦͦ ͦ͋ͯ;͔͙ͤΎ 
ͦ͊͊ͦͫ͘͟͡Έ ;͔͍ͪ͘·;͚͊ͤͦ 
Ήͺͺ͔͙͍ͭͤ͟·ͣ,
͙ͻ ͤ͊;͙͊͡ ͙͍͊ͭͤͦ͟ 
͙͔ͨͪͣͤΎͭΈ ͙ ͒͡Ύ ͔ͪ΄͔͙ͤΎ 
͎͙͒ͪͯͻ ͊͒͊͘; ͙͙ͦͨͭͣ͊͘ͼ͙͙Χ

ɺʳʭʦʜʳ 

ʩʝʪʠ
ʆʪʚʝʪʳ 

ʫʯʠʪʝʣʷ

ʇʨʦʠʟʚʦʜʥʘʷ ʦʰʠʙʢʠ ʤʝʥʷʝʪ ʚʝʩʘ

ʇʨʠʤʝʨʳ ʆʰʠʙʢʠ

¸

˻͋ͯ;͔͙͔ͤ Ґ ˻͙͙ͨͭͣ͊͘ͼ͙ΎΥ ͙͙͙ͣͤͣ͊͘ͼ͙Ύ ͦ΄͙͋ͦ͟ ͤ͊ ͍·͔͋ͦͪ͟



˥ͯ͋ͦ͊͟͡Ύ ͙͙ͦͨͭͣ͊͘ͼ͙ΎΥ ͊͟͟ ͙ ͨͦ;͔ͣͯ Ήͭͦ ͔ͪ͊͋ͦͭ͊ͭ

˸· ͙ͫͻ͙ͦ͒ͣ ͙͘ ͍͒ͯͻ ͺ͍͊ͭͦ͟Υ
мΦ ˤ͔ͫ ͔͙ͣ͊ͭͣ͊ͭ;͔͙͔ͫ͟ ͔͙ͣͦ͒͡ 
͙ͦͨͫ·͍͊ΌͭͫΎ ͎ͪ͊ͺ͙͊ͣ
нΦ ˤ͔ͫ ͊͒͊͘;͙ ͙͚ͨͪ͊͒ͤͦ͟͡ 
͔͙͙ͣ͊ͭͣ͊ͭ͟ ͔ͪ΄͊ΌͭͫΎ ͊͟͟ ͊͒͊͘;͙ 
͙͙ͦͨͭͣ͊͘ͼ͙͙ ͤ͊ ͎ͪ͊ͺ͊ͻ

˴͔͊ͦ͟ ͦͭͤͦ΄͔͙͔ͤ Ήͭͦ ͙͔͔ͣͭ ͟ 
͔͚͔ͤͪͦͫͭΎͣ?

ˤͦͭ ͔͊ͦ͟͟Υ
мΦ ˥͙͔ͯ͋ͦ͟͡ ˹͔͚͔͙͔͔ͪͦͫͭͭͨͪΈ 
͔ͯͣΌͭ ͦ͋ͪ͊͋͊ͭ·͍͊ͭΈ ͎ͪ͊ͺ·
(DeepGraphEmbedding)
нΦ ˥˹˿ ͤ͊ ͎ͪ͊ͺ͊ͻ ͎ͣͦͯͭ ͨͦͣͦ;Έ 
ͤ͊͘;͙͔ͭ͡Έͤͦ ͯ͡;΄͔ ͔ͪ΄͊ͭΈ ͊͒͊͘;͙ 
͙͙ͦͨͭͣ͊͘ͼ͙͙Φ

˽ͦ;͔ͣͯΚ ˴͊͟ Ήͭͦ ͔ͪ͊͋ͦͭ͊ͭΚ



˥ͯ͋ͦ͊͟͡Ύ ͙͙ͦͨͭͣ͊͘ͼ͙Ύ ͍ ͙͊ͫͫ͟͡;͔͙ͫ͟ͻ ͊͒͊͘;͊ͻ 

˥˹˿ ͎ͣͦͯͭ Ήͺͺ͔͙͍ͭͤͦ͟ ͍·ͯ;͙͍͊ͭΈ Ή͍͙͙͙ͪͫͭ͟ 
ͪ͊͋ͦͭ· ͫ ͎ͪ͊ͺ͙͊ͣ ͍ Ή͙ͭͻ ͊͒͊͘;͊ͻΦ 
˴͊͟ ͍͙ͨͪ͊ͦ͡Σ ͔ͪ͊͡Έͤ·͔ ͊͒͊͘;͙ ͍ ;͊ͫͭͤͦͣ 
ͫͯ͡;͔͊ ͎ͤ͊ͣͤͦͦ ͨͪͦ΅͔Σ ;͔ͣ ͍ ͦ͋΅͔ͣΦ
˥˹˿ ͎ͣͦͯͭ ͍·ͯ;͙ͭΈ ͔ͤΎ͍ͤ·͔ ͔͙ͦͫͦ͋ͤͤͦͫͭ 
͙ͨͪ͊ͭ͟;͔͚ͫͦ͟ ;͚͊ͫͭͤͦ ͊͒͊͘;͙ ό͔͙͍͔͔ͤͫͭͤͦ͘ 
͔͔͔͙͔ͪ͊ͫͨͪ͒ͤ͡ ͫͯ͡;͚͊ͤ·ͻ Ή͔͔͍ͣͤͭͦ͡ύ ͙ 
͍·͙ͪ͊ͭ͘Έ ͙ͻ ͍ Ή͍͙͙ͪͫͭ͊͟ͻ ͔͔ Ήͺͺ͔͙͍͎ͭͤͦͦ͟ 
͔ͪ΄͔͙ͤΎΦ

˭͊͒͊;͊ ͙͍ͦͣͣͦ͟Ύ͖͗ͪ͊

˭͊͒͊;͊ ͦͺ͙ͼ͙͊ͤͭ͊

˿
˶
˻
ˬ
˹
˻
˿
́
̎
 
˭
ˢ
˨
ˢ
̉
ˮ

˾͔͊͡Έͤ͊Ύ
͙ͨͪ͊ͭ͟;͔ͫ͊͟Ύ
͊͒͊͘;͊

NP-ͭͪͯ͒ͤ͊ 
(͔ͪ΄͔͊ͭͫΎ 
ͨͦͤ͡·ͣ 

͔͔ͨͪ͋ͦͪͦͣύ

??????
̏ͺͺ͔͙͍ͭͤ͊͟Ύ 
Ή͍͙͙ͪͫͭ͊͟ 

͔ͤͦ;͔͍͙͒ͤ͊ ͒͡Ύ 
;͔͍͔ͦ͊͟͡Σ ͤͦ 
͔ͣͦ͗ͭ ͋·ͭΈ 
ͪ͊ͫͨͦͤ͊ͤ͊͘ ˥˹˿  

˻;͔-͍͙͒ͤ͊
όΉ͍͙͙ͪͫͭ͊͟ 

͔ͪ΄͔͙ͤΎ ͔͎ͦ͟͡ 
͔ͪ͊ͫͨͦͤ͊ͭͫ͘Ύ 
ͨͦ ͦ͋ͪ͊ͯ͘ 
͊͒͊͘;͙ύ

˽˾ˮ˸˩˾Υ ˸͔͙͊ͭͣ͊ͭ;͔͙ͫ͟ ͒ͦ͊͊ͤͦ͘͟Σ ;ͭͦ ͚͙ͤ͊ͭ 
͙ͦͨͭͣ͊͡Έͤ·͚ όͪ͊ͭ͟;͚͊΄͙͚ύ ͨͯͭΈ ͫ ͍͍ͦͪ͊ͭͦͣ͘Σ 
͔ͨͦͫ΅͊Ύ ͊͗͒͟·͚ ͎ͦͪͦ͒ ͙ͦ͒ͤ ͪ͊͘Σ ͣͦ͗ͤͦ ͭͦ͡Έͦ͟ 
ͨͦͤ͡·ͣ ͔͔ͨͪ͋ͦͪͦͣ (NP-ͭͪͯ͒ͤ͊Ύ ͊͒͊͘;͊ύ



Human-level control through deep reinforcement learning( Minh, et al. Nature, 2015)

Deep Reinforcement LearningΥ ͦ͋ͯ;͔͙͔ͤ ͫ ͔͔͙͔ͨͦ͒ͪͨͤͣ͟͡

ÅState ╢: current screen

ÅReward ╡◄: score you earned at current step

ÅAction value function ╠╢ȟ░: 
your predicted future total rewards

ÅAction ░: move your board left / right

ÅPolicy Ⱬ▼: How to choose your action

ˤ͎͔͙͔ͦͤ͊ͪ͊͗͒ͤ͘ ό͍·͙͎ͪ·΄ ͔ͨͦͫ͡ ͻͦ͒͊ύ

˿ͦͫͭͦΎ͙͔ͤ ό;ͭͦ ͍͙͙͒ͣ ͤ͊ Ή͔ͪ͊ͤ͟ύ

˨͔͚͍͙͔ͫͭ ό;ͭͦ ͔͔͒͊ͣ͡ύ

˿͙ͭͦͣͦͫͭΈ  ό͍·͙͎ͪ·΄ ͍ ͋ͯ͒ͯ΅͔ͣύ

˾͔΄͔͙͔ͤ ό͚͊ͦ͟͟ ͻͦ͒ ͍·͋ͪ͊ͭΈύ

˥͍͊ͤ͡·͚ ͟͡Ό; ͟ 
͔ͪ΄͔͙ͤΌ
͊͒͊͘; ͎͚ͯ͋ͦͦ͟͡ 
͙͙ͦͨͭͣ͊͘ͼ͙͙:
͎͔ͯ͋ͦͦ͟͡ ͦ͋ͯ;͔͙͔ͤ
ͫ ͔͔͙͔ͨͦ͒ͪͨͤͣ͟͡ 
͒͡Ύ ͍·ͯ;͙͍͙͊ͤΎ 
Ή͍͙͙ͪͫͭ͟Η 

̅ͯͤ͟ͼ͙Ύ 
ˣ͔ͣ͊ͤ͊͡͡Η

˿ͻ͔ͣ͊
ͤ͊ͦͣ͊͘͟ ͍͔ͫͣ 
͔ͫͨͼ͙͙͊ͫͭ͊ͣ͡ 
ͨͦ ͔͙͙ͭͦͪ 
͍͔͙ͯͨͪ͊ͤ͡Ύ

˴͙͊ͣ͟ ͫͨͦͫͦ͋ͦͣ ͯ;͙ͭΈ ͙͔ͭ͊͟ ͔͙ͫͭΚ
˿ͨͦͫͦ͋ ͦ͊͊ͫ͘͟͡Ύ ͍͒͊ͤͦ ͙͍͔͔ͫͭͤ͘Σ

͙ ͦͤ ͍ͫΎ͊ͤ͘ ͫ ͊͒͊͘;͙͊ͣ ͍͔͙ͯͨͪ͊ͤ͡ΎΗ



Deep Graph Embedding+ Deep Reinforcement Learning

Learning Heuristics Over Large Graphs Via Deep Reinforcement Learning(Akash Mittal et.al., 2019)

˿͔͎ͦ͒ͤΎ όнлмфύ ͊͒͊͘;͙ ͎͚ͯ͋ͦͦ͟͡ ͙͙ͦͨͭͣ͊͘ͼ͙͙ ͔ͪ΄͊ΌͭͫΎ ͤ͊ 
͎ͪ͊ͺ͊ͻ ͫ ͙͙͙ͣͦͤ͊ͣ͡͡ ͍͔ͪ΄͙ͤΣ ;ͭͦ ͍ͨͦͦ͘͡Ύ͔ͭ ͔ͯ͗ ͔͔ͨͪͻ͙ͦ͒ͭΈ ͟ 
͙ͨͪ͊ͭ͟;͔ͫͦͣͯ͟ ͍͔͔͙ͤ͒ͪͤΌ ͍ ͫ͊ͣ·ͻ ͣ͊ͫ΄ͭ͊͋ͤ·ͻ ͙͔͙ͨͪͦ͗ͤ͡Ύͻ 

˿͔͙ͦ͒ͤΎ͔ͣ ͎͙͔ͯ͋ͦ͟͡ ͔͙ͫͭ ͤ͊ ͎ͪ͊ͺ͊ͻ ͙ ͦ͋ͯ;͔͙͔ͤ ͫ 
͔͔͙͔ͨͦ͒ͪͨͤͣ͟͡Υ ͯ;͙ͣͫΎ ζ͙͎ͪ͊ͭΈη ͍ ͙͊ͫͫ͟͡;͔͙͔ͫ͟ 
͊͒͊͘;͙ ͙͙ͦͨͭͣ͊͘ͼ͙͙Σ ͦͭͦͪ͟·͔ ͙ͭͪ͊͒ͼ͙ͦͤͤͦ 
͙ͫͨͦ͡Έͯ͘ΌͭͫΎ ͍ ͙͔͔͋ͤͫ͘Σ ͎͙͙͔ͦͫͭ͟͡Σ ͔ͭͪ͊ͤͫͨͦͪͭΧ 



Deep Graph Embedding + Deep Reinforcement Learning
͍ ͍͙͊ͭͦͣ͊ͭ;͔ͫͦͣ͟ ͔͒ͦ͊͊ͭ͘͟͡Έ͍͔ͫͭ ͔͔ͭͦͪͣ όнлмт-2019) 

Seen and Thinking, ICCV, 2017

˥ͯ͋ͦ͊͟͡Ύ ͙͙ͦͨͭͣ͊͘ͼ͙Ύ ͙ 
͍͙ͨͦͦ͊͘͡͡ ͦ͋Ά͔͙͙͒ͤͭΈ 
ͦ͋ͯ;͔͊ͣͦͫͭΈ ˮˮ-2
ͫ ͙͔͔ͤͭͭͯ͊͟͡͡͡ΈͤͦͫͭΈΌ ˮˮ-1

¶ Urban, J., Kaliszyk, C., Michalewski, H., and 

hƭǑłƪ, M. (2018). Reinforcement learning 

of theorem proving. In NIPS. 

https://arxiv.org/abs/1805.07563

¶ Automated Theorem Proving in 

Intuitionistic Propositional Logic by Deep 

Reinforcement Learning (2108)

https://arxiv.org/abs/1811.00796

¶ HOList: An Environment for Machine 

Learning of Higher-Order Theorem Proving 

(extended version) (2019) 

https://arxiv.org/abs/1904.03241

¶ https://github.com/tensorflow/deepmath

ˣ͔͔ͦ͡ ͍͔͔ͫͦͪͣͤͤ·͔ ͪ͊͋ͦͭ·Υ

https://arxiv.org/abs/1805.07563
https://arxiv.org/abs/1811.00796
https://arxiv.org/abs/1904.03241
https://github.com/tensorflow/deepmath


˻͋ͯ;͔͙͔ͤ ͫ ͔͔͙͔ͨͦ͒ͪͨͤͣ͟͡. Q-Learning.
32 GPU (˽ ͔ͪ͒·͒ͯ΅͙͚ ͍͙͊ͪ͊ͤͭ улл GPU)

https://arxiv.org/pdf/1708.05552.pdf

Deep Graph Embedding + Deep Reinforcement Learning 
˥͙͔ͯ͋ͦ͟͡ ͔͙ͫͭ ͺ͙ͦͪͣͪͯΌͭ ͙ ͯ;͊ͭ ͎͙͔ͯ͋ͦ͟͡ ͔͙ͫͭ

Practical Network Blocks Design with Q-Learning, CVPR-2017

˥ͯ͋ͦ͊͟͡Ύ ͙͙ͦͨͭͣ͊͘ͼ͙Ύ 
ςͦ ͍ͫͤͦ͊ AutoML

́Φ͔Φ ͔ͪ;Έ ͔ͤ ͙͔͒ͭ ͦ 
͍͔͔͙͙ͤ͒ͪͤ ˮˮ ͍ 
ͦ͋͊ͫͭ͡Έ ͍͔͙ͯͨͪ͊ͤ͡Ύ 
͙ ͙͙ͦͨͭͣ͊͘ͼ͙͙Φ
ˤ˿˩ ˹ˢ˻ˣ˻˾˻́: 
˸͔ͭͦ͒· ͎͎ͯ͋ͦͦͦ͟͡ 
͍͔͙ͯͨͪ͊ͤ͡Ύ ͙ 
͙͙ͦͨͭͣ͊͘ͼ͙͙ 
͍͔ͤ͒ͪΎΌͭͫΎ ͍ 
͙ͦ͋͊ͫͭ͡ ˮˮΗ



ʆʧʝʨʘʪʠʚʥʦ-ʪʘʢʪʠʯʝʩʢʦʝ

ʠ ʛʨʫʧʧʦʚʦʝ ʫʧʨʘʚʣʝʥʠʝ

ʇʦʢʘʟʘʪʝʣʴ ʟʨʝʣʦʩʪʠ:

ʠʛʨʦʚʳʝ ʟʘʜʘʯʠ

ǓǦǨǮǩǦǼǮȅ

ǍǶǫǳǮǫ

ǔǧǹǽǫǳǮǫ

ǙǵǶǦǨǱǫǳǮǫ

ǍǳǦǳǮȅ

ɸʚʪʦʥʦʤʥʦʝ ʫʧʨʘʚʣʝʥʠʝ

ʠ ʦʧʪʠʤʠʟʘʮʠʷ ʦʙʣʠʢʘ ʠʟʜʝʣʠʡ

25 ȅǳǨǦǶȅ 2019 ǩ. ǰǴǲǵǦǳǮȅ 

DeepMind ǴǵǹǧǱǮǰǴǨǦǱǦ ǶǫǱǮǭ 

AlphaStar: Mastering the Real -Time 

Strategy Game StarCraft II

- ǩǱǹǧǴǰǦȅ ǷǫǸȂ AlphaStar ǷǽǫǸǴǲ 

11:1 ǵǴǧǫǪǮǱǦ ǨǫǪǹǿǮǻ 

ǵǶǴǺǫǷǷǮǴǳǦǱȂǳȁǻ ǮǩǶǴǰǴǨ

Ǩ StarCraft II

ǙǬǼǴǵǲǵǪǯȆ 

ǸǵǮǷǬǲǧ, 

ǴǬǵǨǼǵǫǯǳǵ 

Ǹǹǧǩǯǹȃ

ǸǬǷȃǬǮǴȂǬ ǔǏǕǑǗ

StarCraft II - ǸǦǰǸǮǽǫǷǰǮǯ ǷǮǲǹǱȅǸǴǶ

Ƿ ǹǵǶǴǿȆǳǳǴǯ ǲǴǪǫǱȂȄ ǨǫǪǫǳǮȅ ǧǴȅ

˥ͯ͋ͦ͊͟͡Ύ ͙͙ͦͨͭͣ͊͘ͼ͙Ύ ͍ ͙͔͍͙͙ͫͫ͒ͦ͊ͤ͡ ͔ͦͨͪ͊ͼ͙͚ ͙ ͍͔͙͙ͯͨͪ͊ͤ͡ 

2019: ɻʅʉ ʤʦʛʫʪ 

ʨʝʰʘʪʴ ʣʶʙʳʝ 

ʟʘʜʘʯʠ, ʢʦʪʦʨʳʝ 

ʬʦʨʤʫʣʠʨʫʶʪʩʷ ʢʘʢ 

ʟʘʜʘʯʠ ʦʧʪʠʤʠʟʘʮʠʠ

1997 2015-17
ǉǓǗ AlphaGo

ǉǓǗ AlphaZero



ǗǬǿǬǴǯǬ ǮǧǫǧǾǯ ǶǲǧǴǯǷǵǩǧǴǯȆ/ǵǹǷǧǭǬǴǯȆ

ǧǹǧǱǯ ǪǷǺǶǶ ǈǒǇ Ǵǧ ǴǧǮǬǳǴȂǬ ǵǨȁǬǱǹȂ

Ȭɗɏɚɜɔɞɘɧ:
multi -agent RL
Human -level performance in first -person 
multiplayer games with population -based 
deep reinforcement learning . 2017

population based RL
Human -level performance in first -person 
multiplayer games with population -based 

deep reinforcement learning 2018

actor -critic
IMPALA: Scalable Distributed Deep -RL 
with Importance Weighted Actor -Learner 
Architectures. 2018

Å ȸɚɐɑɗɔɜɚɎɌəɔɑ 

Ɏɝɑɡ ɝɚɎɜɑɘɑəəɧɡ 

ɝɜɑɐɝɞɎ-ɛɚɜɌɒɑəɔɫ 

ȻȮȺ ɔ ȮȮȽ 

Å ȸɚɐɑɗɔɜɚɎɌəɔɑ 

ȭȷȬ ɔ ɔɡ əɚɝɔɞɑɗɑɕ

Å ȸɚɐɑɗɔɜɚɎɌəɔɑ 

ɚɝɚɍɑəəɚɝɞɑɕ 

ɜɌɍɚɞɧ ɝɜɑɐɝɞɎ ȼɉȭ

Å ȸɚɐɑɗɔɜɚɎɌəɔɑ 

ɜɑɗɨɑɠɌ ɔ ɜɌɍɚɞɧ 

ȼȷȽ

Å ȸɚɐɑɗɔɜɚɎɌəɔɑ 

ɝɞɜɟɖɞɟɜɧ ȮȽ ɔ 

ɛɚɐɜɌɓɐɑɗɑəɔɕ

Å Ȯɚɓɘɚɒəɚɝɞɨ 

ɎɚɓɎɜɌɞɌ ɔ ɛɚ 

Ɏɜɑɘɑəɔ

ȶɚɘɛɨɪɞɑɜəɌɫ ɘɚɐɑɗɨ 

ȻȮȺ ɔ ȭȷȬ ȯɚɝȹȴȴȬȽ

ˢ͔ͨͪ͡Έ нлмфΥ U.S. Army Research, 
Development and Engineering 
Command (RDECOM) Research 
Laboratory͙ U.S. Army Research 
Laboratory (ARL) ͫͦͦ͋΅͙͙͡ ͦ ͔ͪ΄͔͙͙ͤ 
͍ нлмф ͎Φ ͫͦ͒͊ͭ͘Έ ˢ͔͚͙͚ͪͣͫ͟ 
ˮ͍ͤͤͦ͊ͼ͙ͦͤͤ·͚ ˮ͙ͤͫͭͭͯͭ 
ˮ͍͔͎ͫͯͫͫͭͤͤͦͦ͟ ˮ͔͔ͤͭͭ͊͟͡͡  ό!нLнύ
͒͡Ύ ͙ͦͦͪ͒ͤ͊͟ͼ͙͙ ͙ ͔͙ͯͫͦͪͤ͟Ύ 
ͺ͔ͯͤ͒͊ͣͤͭ͊͡Έͤ·ͻ ͙͔͍͙͚ͫͫ͒ͦ͊ͤ͡ 
͔ͫͨͼ͙ͺ͙;ͤ·ͻ ͒͡Ύ ͙͙͊ͪͣ ͔ͨͪͦ͋ͣ͡ 
͍͙͙ͪ͊ͭ͘Ύ ˮˮ ͍ ͍͔͙͙ͤ͊ͨͪ͊ͤ͡  
͍͎͊ͭͦͤͦͣͤͦͦ ͍͔͙ͯͨͪ͊ͤ͡Ύ 
͔͍͙͍ͣ͗͒ͦ·͙ͣ ͔ͦͨͪ͊ͼ͙Ύ͙ͣ

ǐǱȄǽǫǨǦȅ ǸǫǻǳǴǱǴǩǮȅ:

ǴǧǹǽǫǳǮǫ

Ƿ ǵǴǪǰǶǫǵǱǫǳǮǫǲ

ǳǦ ǩǶǦǺǦǻ



Ȭɗɏɚɜɔɞɘɧ:
multi -agent RL
Human -level performance in first -person multiplayer games 
with population -based deep reinforcement learning . 2017

population based RL
Human -level performance in first -person multiplayer games 
with population -based deep reinforcement learning 2018

actor -critic
IMPALA: Scalable Distributed Deep -RL with 
Importance Weighted Actor -Learner Architectures. 
2018

ȺɝəɚɎəɧɑ ɛɜɚɍɗɑɘɧ:
ȸɑɐɗɑəəɌɫ ɘɌɞ. ɘɚɐɑɗɨ

ǕǨǺǾǬǴǯǬ ǫǩǯǭǬǴǯȅ ǧǴǹǷǵǶǵǳǵǷǻǴǵǪǵ ǷǵǨǵǹǧ

(ǷǴǨǲǫǷǸǳǴ Ƿ ǆǔ òǆǳǪǶǴǮǪǳǦȅǸǫǻǳǮǰǦó)

˥ͯ͋ͦ͊͟͡Ύ 
͙͙ͦͨͭͣ͊͘ͼ͙Ύ
͍ ͙͎͍ͪͦ·ͻ 
͊͒͊͘;͊ͻ
͙ ͊͒͊͘;͊ͻ 
͍͔͙ͯͨͪ͊ͤ͡Ύ



ˢͭͯ͊͟͡Έͤ·͔ ͔ͪͯ͘͡Έͭ͊ͭ·
͍  ͦͣͨ͟ΈΌ͔ͭͪͤͦͣ ͔͙͙ͪͤ͘
͙ ͎͡ ͯ͋ͦͦͣ͟ ͦ͋ͯ;͔͙͙ͤ

ʇʦ ʤʘʪʝʨʠʘʣʘʤ ʢʦʥʬʝʨʝʥʮʠʠ ICCV-2019



˴͡Ό;͔͍·͔ ͔ͭͣ· ICCV-2019

ÅSensors

ÅAdversarial Attack

ÅAutoML, Neural Architecture Search (NAS)

ÅGraph Convolutional Networks (GCN), Attention

ÅDomain Adaptation, Generative Adversarial 
Networks (GAN) 

ÅKnowledge Distilling

ÅFew-ShotLearning / Detection / Segmentation

ÅZero-Shot, Grounding

ÅMemoryNet

ÅScene Graph, VQA

ÅExplanation



Sensors



Asynchronous Single-Photon 3D Imaging
AnantGupt, Atul Ingle, Mohit Gupta

University of Wisconsin-Madison

˾͔͔ͦ͘͟ ͍͔͙ͯ͡;͔͙͔ͤ ͒͊͡Έ͙ͤͦͫͭ ͙ ͊͟;͔͍ͫͭ͊ 3D ͘ ͔͙ͪͤΎ



Learning Single Camera Depth Estimation using Dual-Pixels
Rahul Garg Neal WadhwaSameer Ansari Jonathan T. Barron

Google Research



Person-in-WiFi: Fine-grained Person Perception using WiFi
FeiWang, SanpingZhou, Stanislav Panev, JinsongHan, Dong Huang

The Robotics Institute, Carnegie Mellon University



Making the Invisible Visible: Action Recognition ThroughWallsand Occlusions
TianhongLi, LijieFan, MingminZhao, YingchengLiu, Dina Katabi

MIT CSAIL

Attention!



Adversarial Attack



ˢ͙ͭ͊͟ ͤ͊ ͪ͊ͫͨͦͤ͊͘Ό΅͙͔ ͔͚ͤͪͦͤͤ·͔ ͔͙ͫͭ

Once a MAN: Towards Multi-Target Attack via Learning Multi-Target Adversarial 
Network Once, ICCV-2019, JiangfanHan, XiaoyiDong, RuimaoZhang, Dongdong
Chen, WeimingZhang, NenghaiYu, Ping Luo, XiaogangWang

Sparse and ImperceivableAdversarial Attacks
Francesco Croce, Matthias Hein
University of Tubingen



ˢ͙ͭ͊͟ ͤ͊ ͙͍ͨͦͫͦ͟·͔ ͔͚ͤͪͦͤͤ·͔ ͔͙ͫͭ

Universal Perturbation Attack Against Image Retrieval
Jie Li, Rongrong Ji, Hong Liu, Xiaopeng Hong, Yue Gao, Qi Tian

Distilling!



Attacking Optical Flow, ICCV-2019
Anurag Ranjan, Joel Janai, Andreas Geiger, Michael J. Black

ˢ͙ͭ͊͟ ͤ͊ ͙ͦͨͭ;͔͙͚ͫ͟ ͨͦͭͦ͟ ό͍ ͍͊ͭͦͤͦͣͤͦͣ ͍͔͙͙ͦ͗͒ͤύ



Attacking Optical Flow, ICCV-2019
Anurag Ranjan, Joel Janai, Andreas Geiger, Michael J. Black

ˢ͙ͭ͊͟ ͤ͊ ͙ͦͨͭ;͔͙͚ͫ͟ ͨͦͭͦ͟ ό͍ ͍͊ͭͦͤͦͣͤͦͣ ͍͔͙͙ͦ͗͒ͤύ

˾͔ͯ͘͡Έͭ͊ͭͦͣ ͚ͭ͊ͦ͟ ͙͊ͭ͊͟ ͍ ͔ͪ͊͡Έͤͦͣ ͙͔ͣͪ ͔ͣͦ͗ͭ ͫͭ͊ͭΈ ͍͙͊͊ͪΎ ͫ ;͔͍͔ͦ͡;͔͙͙ͫͣ͟ ͔͍͙͗ͪͭ͊ͣΧ



A Geometry-Inspired Decision-Based Attack
YujiaLiu, Seyed-Mohsen Moosavi-Dezfooli, Pascal Frossard

˥͔͔͙ͦͣͭͪΎ ͊ͭ͊͟ ͙ ͍ͦͫͤͦͤ·͔ ͙͔͙͒ ͊͘΅͙ͭ· ͦͭ ͊ͭ͊͟

Adversarial Learning with Margin-based 
Triplet Embedding Regularization, 
YaoyaoZhong, WeihongDeng

Improving Adversarial Robustness via Guided Complement Entropy, 
Hao-Yun Chen, Jhao-Hong Liang, Shih-Chieh Chang, Jia-Yu Pan, Yu-
Ting Chen,WeiWei,and Da-Cheng Juan



AutoML,
Neural Architecture Search (NAS)



AutoMLΥ ͍͙͊ͭͦͣ͊ͭ;͔͔ͫͦ͟ ͦ͋ͯ;͔͙͔ͤ ͎͙ͯ͋ͦ͟͡ͻ ͔͔͚ͫͭ

¸ ʃʫʯʰʠʝ ʨʝʟʫʣʴʪʘʪʳ ʚ ʟʘʜʘʯʝ 

ʢʣʘʩʩʠʬʠʢʘʮʠʠ ʥʘ CIFAR-

10/ImageNet (ʚʳʰʝ ʧʨʠʜʫʤʘʥʥʳʭ 

ʯʝʣʦʚʝʢʦʤ ʘʨʭʠʪʝʢʪʫʨ)

¸ ɺʳʯʠʩʣʠʪʝʣʴʥʳʝ ʪʨʝʙʦʚʘʥʠʷ:

ʉʦʪʥʠ ʩʝʨʚʝʨʦʚ ʩ GPU/TPU

(~500-800 GPU) 

˽͔͍͔ͪͦ ͔͙͔ͨͦͦͤ͟͡ AutoML(2016-2018) 

*Neural Architecture Search with Reinforcement Learning 
Barret Zophz , Quoc V. Le Google Brain  ICCV 2017
*Learning Transferable Architectures for Scalable Image Recognition
Barret Zoph,VijayVasudevan, Jonathon Shlens, Quoc V. Le CVPR 2018
*Regularized Evolution for Image Classifier Architecture Search
Esteban Real, Alok Aggarwal, YanpingHuang, Quoc V Le 2018

¸ ʃʫʯʰʠʝ ʨʝʟʫʣʴʪʘʪʳ ʜʣʷ ʟʘʜʘʯ 

ʦʙʥʘʨʫʞʝʥʠʷʠ ʨʘʩʧʦʟʥʘʚʘʥʠʷ

¸ ʋʯʝʪ ʩʧʝʮʠʬʠʢʠ ʟʘʜʘʯʠ ʠ ʘʨʭʠʪʝʢʪʫʨʳ 

ʢʦʥʝʯʥʦʛʦ ʚʳʯʠʩʣʠʪʝʣʷ

¸ ɺʳʯʠʩʣʠʪʝʣʴʥʳʝ ʪʨʝʙʦʚʘʥʠʷ:

ʦʪ 200 GPU/ʯʘʩʦʚ ïʩʨʘʚʥʠʤʦ ʩ

ʦʙʳʯʥʳʤ ʦʙʫʯʝʥʠʝʤ

*PROXYLESSNAS: DIRECT NEURAL ARCHITECTURE 
SEARCH ON TARGET TASK AND HARDWARE 
Han Cai, LigengZhu, Song Han arxiv2019
*DARTS: DIFFERENTIABLE ARCHITECTURE SEARCH 
HanxiaoLiu, Karen Simonyan, YimingYang ICLR 2019

ˤ͔ͭͦͪͦ ͔͙͔ͨͦͦͤ͟͡ AutoML(2018-2019) 

2022+:
˽͔͔͙͍ͪͫͨͭ͊͟ ͚ͨͦͤͦ͡ 
͍͙͊ͭͦͣ͊ͭ͊͘ͼ͙͙ 
ͨͪͦͼ͔͍ͫͫͦ ͦ͋ͯ;͔͙ͤΎ

2017: 
ˢ͍͙ͭͦͣ͊ͭ;͔͙ͫ͟
ͫͺ͙͍ͦͪͣͪͦ͊ͤͤ·͔
͎͙͔ͯ͋ͦ͟͡ ͔͙ͫͭ
͍͔͍ͨͪ·͔ ͔͍ͨͪͦ͘΄͙͡
͔͙ͨͦ͊͊ͭ͘͟͡ ͎͙ͯ͋ͦ͟͡ͻ 
͔͔͚ͫͭΣ 
ͫͺ͙͍ͦͪͣͪͦ͊ͤͤ·ͻ
͍ͪͯ;ͤͯΌ

˽ͪͦͼ͔ͫͫ 
͙͙ͦͨͭͣ͊͘ͼ͙͙Υ 

ͨͦ͒͋ͦͪ 
ͺ͙͡Έ͍ͭͪͦΣ 

͍͋ͦͦ͟͡Σ ͔͍ͫͦ͡ 
͙ ͔͍ͨ͊ͪ͊ͣͭͪͦ
͍ ͊͒͊ͤͤͦͣ͘ 
͍͔ͫͦ͊ͪ͡ 



Exploring Randomly Wired Neural Networks for Image Recognition
Saining Xie, Alexander Kirillov, Ross Girshick, Kaiming He

Facebook AI Research (FAIR)

̏ͭ͊ ͪ͊͋ͦͭ͊ ͍ͪ͘·͍͔͊ͭ ͍͔ͫ ͤ͊΄͔ ͙͙͔ͨͦͤͣ͊ͤ NAS!

͙́ͪ ͫͯ͡;͚͊ͤ·͔ ͊ͪͻ͙͔ͭͭͯͪ͟· 
͔͍ͨͪͦ͘΄͙͡ ResNet-50!

мύ ͔ͨͦͪͦ͗͒͊ͣ ͫͯ͡;͚͊ͤ·͚ ͎ͪ͊ͺ
нύ ͔͔ͦͨͪ͒͡Ύ͔ͣ ͍ͻͦ͒ ͙ ͍·ͻͦ͒ 
оύ ͙ͫͭͪͦͣ ͙ ͦ͋ͯ;͔͊ͣ GCN

GCN!

˹͙͎͊ͦͦ͟͟ 
͍ͫͦ͊ͪ͡Ύ ͔ͤͭΗ



Graph Convolutional
Networks (GCN), Attention,

Matching Network,
Relation Network



Deep Graph Embedding: ͎͡ ͙͔ͯ͋ͦ͟ ͔͙ͫͭ ͤ͊ ͎ͪ͊ͺ͊ͻ

͍͔̂ͪͦͤΈ м ͍͔̂ͪͦͤΈ н ͍͔̂ͪͦͤΈ о

˹͊ ͙͔͙ͦ͋ͪ͊͗ͤ͘Ύͻ ͎͙͔ͯ͋ͦ͟͡ ͔͙ͫͭ ζ͙ͫͤͯ͘ ͍͍͔ͪͻη ͍·;͙ͫ͡ΎΌͭ ͫͭͪͯͭͯͪͤ͟·͔ ͙͙ͨͪͤ͊͘͟ 
͔͔͚ͦͪͫͭͤͦͫͭ͟ ͎ͪ͊ͤͦͦ͘ ͣ͊ͫ΄ͭ͊͋͊

˭ͤ͊;͙ͭΣ ͙ ͤ͊ ͎ͪ͊ͺ͊ͻ ͤ͊ͣ ͤͯ͗ͤ͊ ͙͔ͫͫͭͣ͊ ζͦͦ͟΄͔͟η ͎ͪ͊ͤͦͦ͘ ͣ͊ͫ΄ͭ͊͋͊

˻͙ͨ΄͔ͣ ͯͫͦ͟;͙͟ ͎ͪ͊ͺ͊ ͍͔͙ͭͦͪ͊ͣ͟ ͙͍ͨͪͤ͊ͦ͘͟Σ ͨͦͭͦͣ ͔͔ͫͦ͋ͪͣ ͙͘ ͙ͤͻ 
͙͙ͨͪͤ͊͘͟ ͋ͦ͡Έ΄͙ͻ ͯͫͦ͟;͍ͦ͟Σ ͙ ͭ͊͟ ςͨ ͦ͊͟ ͔ͤ ͙ͦͨ΄͔ͣ ͍͔ͭͦͪͦͣ͟ ͍͔ͫΈ ͎ͪ͊ͺ



Deep Graph Embedding: ͎͡ ͙͔ͯ͋ͦ͟ ͔͙ͫͭ ͤ͊ ͎ͪ͊ͺ͊ͻ

A Comprehensive Survey on Graph Neural Networks (Zonghan Wu et.al., 2018)

A Summary of Open-source Implementations

˿͔͎ͦ͒ͤΎ ͔͙ͫͭ ͤ͊ ͎ͪ͊ͺ͊ͻ ͔ͯ͗ ͔ͤ 
Ή͙ͦͭ͊͘͟͟Φ ˮ͔͔ͣͭͫΎ ͔͍ͣͤͦ͗ͫͭͦ 
͒ͦͫͭͯͨͤ·ͻ ͔͙ͪ͊͊͘͡ͼ͙͚Χ 



Deep Graph Embedding: ͎͡ ͙͔ͯ͋ͦ͟ ͔͙ͫͭ ͤ͊ ͎ͪ͊ͺ͊ͻ

Graph Neural Networks: A Review of Methods and Applications (JieZhou et.al., 2019)

Applications of graph neural networks

˿͔͎ͦ͒ͤΎ ͔͙ͫͭ ͤ͊ ͎ͪ͊ͺ͊ͻ ͔ͯ͗ ͔ͤ 
Ή͙ͦͭ͊͘͟͟Φ ˮ͔͔ͣͭͫΎ ͔͍ͣͤͦ͗ͫͭͦ 
͒ͦͫͭͯͨͤ·ͻ ͔͙ͪ͊͊͘͡ͼ͙͚
͙ ͙ͨͪ͊ͭ͟;͔͙ͫ͟ͻ ͙͔͙͚ͨͪͦ͗ͤ͡ 



Deep Graph Embedding: ͎͡ ͙͔ͯ͋ͦ͟ ͔͙ͫͭ ͤ͊ ͎ͪ͊ͺ͊ͻ

Graph Neural Networks: A Review of Methods and Applications (JieZhou et.al., 2019)

Applications of graph neural networks

˿͔͎ͦ͒ͤΎ ͔͙ͫͭ ͤ͊ ͎ͪ͊ͺ͊ͻ ͔ͯ͗ ͔ͤ 
Ή͙ͦͭ͊͘͟͟Φ ˮ͔͔ͣͭͫΎ ͔͍ͣͤͦ͗ͫͭͦ 
͒ͦͫͭͯͨͤ·ͻ ͔͙ͪ͊͊͘͡ͼ͙͚
͙ ͙ͨͪ͊ͭ͟;͔͙ͫ͟ͻ ͙͔͙͚ͨͪͦ͗ͤ͡ 



DeepGCNs: Can GCNs Go as Deep as CNNs?
GuohaoLi, Matthias Muller, Ali Thabet, Bernard Ghanem

ˢͪͻ͙͔ͭͭͯͪ͟· CNN ͨ ͔͔͙ͪͤͦͫͣ· ͙ Ήͺͺ͔͙͍ͭͤ͟· ͍ GCN ˾͔͙͒ͯ͊͘͡Έͤ·͔͍ͫΎ͙͘

˨͙͊ͭ͊͡ͼ͙Ύ Ύ͔͒ͪ ͍͔͙ͫͪͭ͟



2D Shape Representation:Fast Interactive Object Annotation with Curve-GCN
HuanLing, Jun Gao, AmlanKar, WenzhengChen, SanjaFidler

GCN-͒͡Ύ ͙͙ͦͨͫ͊ͤΎ 2D ͅ ͦͪͣ
͙͔͒Ύ ζ͙͍͎͊ͭͤͦͦ͟ ͦͤͭͯͪ͊͟η



3D Shape: Learning to Predict 3D Objects with an Interpolation-based Differentiable Renderer
WenzhengChen, Jun Gao, HuanLing, Edward J. Smith, Jaakko Lehtinen, Alec Jacobson, SanjaFidler

͔́ ͔͗ GCN-ζ͙͍͊ͭͤ͟·͔ ͦͤͭͯͪ͟·η ͭͦ͡Έͦ͟ ͍ 3D 
(͔͒ͺͦͪͣ͊ͼ͙Ύ ͔͙ͫͭ͟-ͫͺ͔ͪ· ͍͔ͣͫͭͦ ͙ͦͪͯ͗ͤͦͫͭ͟)



˿͔͙ͭ ͤ͊ ͎ͪ͊ͺ͊ͻ ͒͡Ύ ͙͙ͦͨͫ͊ͤΎ ͔ͭͪͻ͔ͣͪͤ·ͻ ͙͙͒ͤ͊ͣ;͔͙ͫ͟ͻ ͫͼ͔ͤ 

Exploiting Spatial-temporal Relationships for 3D Pose Estimation viaGraph Convolutional Networks
Yujun Cai, Liuhao Ge, Jun Liu, Jianfei Cai, Tat-Jen Cham, Junsong Yuan, Nadia Magnenat Thalmann

CGN ͤ ͊ ͫͭͪͯͭͯͪͤ͟·ͻ 
3DT ͎ ͪ͊ͺ͊ͻ



˿͔͙ͭ ͤ͊ ͎ͪ͊ͺ͊ͻ ͒͡Ύ ͙͙ͦͨͫ͊ͤΎ ͔ͭͪͻ͔ͣͪͤ·ͻ ͙͙͒ͤ͊ͣ;͔͙ͫ͟ͻ ͫͼ͔ͤ 

MeteorNet: Deep Learning on Dynamic 3D Point Cloud Sequences
Xingyu Liu, Mengyuan Yan, Jeannette Bohg

CGN ͤ ͊ ͦ͋͊͊͟͡ͻ
3DT ͭ ͦ;͔͟



Graph Attention Networks 

Attention Is All You Need (Ashish Vaswaniet.al., 2017)

In the area of Natural Language Processing where Transformerstyle models have 
become state of the art on many tasks. Motivation: Learning long-range dependencies is 
a key challenge for conv layers, which is important for symbolic sequences.

An attention function can be described as 
mapping a Query and a set of Key-Valuepairs 
to an output, where the query, keys, values, 
and output are all vectors. 

͍͔͙͔̂ͨͪ͊ͤ͡ 
͍͙͙͔ͤͣ͊ͤͣ 
ό͙͍͊͒͊ͨͭͤ·͔ 
ͨ͊ͪͤ·͔ ͍͔ͫ͊ύ

͍ GCN 
͙ͦ͊͊ͫ͘͟͡Έ 
͟͡Ό;ͦͣ ͟ 
͔ͪ΄͔͙ͤΌ 
ͫ͊ͣ·ͻ 

ͫͦ͗ͤ͡·ͻ 
͊͒͊͘;!



Graph Attention Networks 

Graph Attention Networks (PetarVelickovicet.al., 2018)

͍͔͙͔̂ͨͪ͊ͤ͡ 
͍͙͙͔ͤͣ͊ͤͣΥ 
мΦ ˤ·;͙͔͙͔ͫͤ͡ 
͙͍͊͒͊ͨͭͤ·ͻ 

͍͔͍ͫͦ

нΦ ˽͙͔͔͙͔ͪͣͤͤ 
͙͍͊͒͊ͨͭͤ·ͻ 

͍͔͍ͫͦ



Domain Adaptation, Generative 
Adversarial Networks (GAN),
wŜŀƭƛǎǘƛŎ 5ŀǘŀ {ȅƴǘƘŜǎƛǎΧ 



˥͔͔͙͍ͤͪ͊ͭͤ·͔ ͙ͦͤͯͪͪͯ͟͟Ό΅͙͔ ͔͙ͫͭ

˥͔͔ͤͪ͊ͭͦͪ ͔ͫͦ͒͊ͭ͘ ͍͙ͯ͊͘͡Έͤ·͔ ͦ͋ͪ͊͘·Σ 
ͫͭ͊ͪ͊ΎͫΈ ͦ͋ͣ͊ͤͯͭΈ ˨͙͙͙ͫͪͣͤ͊ͭͦͪ͟Χ

ΧΦ˨͙͙͙ͫͪͣͤ͊ͭͦͪ͟ ͔ͫͭ͊ͪ͊ͭͫΎ ͙ͦͭ͡;͙ͭΈ 
ͺ͙͙͊ͤͭ͊͘ ˥͔͔ͤͪ͊ͭͦͪ͊ ͦͭ ͔ͪ͊͡Έ͙ͤͦͫͭ

˽͔͔ͪͤͦͫ ͦ͋ͯ;͔͙ͤΎ ͍ ͍ͤͦͯΌ 
ͦ͋͊ͫͭ͡Έ ͙͔͔͙ͨͪͣͤͤΎ

(Domain Transfer Learning)

Adaptive Deep Models across Visual Domains, Kate Saenko, ICCV, 2017

ˣͦͪΌ΅͙͔ͫΎ ͙͔͔ͤͭͭͯ͊͟͡͡͡Έͤ·͔ ͎͔͊ͤͭ· ό˥˹˿ύ



GAN ςͫ ͔ͭΈΣ 
ͦ͋͊͒͊͡Ό΅͊Ύ 
͍͔͙͔ͦͦ͋ͪ͊͗ͤͣΗ

Unpaired Image-to-Image Translation using Cycle-Consistent 
Adversarial Networks, Jun-Yan Zhu et al., ICCV, 2017

Generative Adversarial Networks (GANs)



SinGAN: Learning a Generative Model from a Single Natural Image

SinGAN: Learning a Generative Model From a Single Natural Image, ICCV-2019,
Tamar Rott Shaham, TaliDekel, TomerMichaeli

˨͡Ύ ͦ͋ͯ;͔͙ͤΎ ͔͙͙ͪ͊ͫͭ͡;͎ͤͦͦ ͎͔͔ͤͪ͊ͭͦͪ͊ ͙͔͙͚ͦ͋ͪ͊͗ͤ͘ ͋ͦ͡Έ΄͔ ͔ͤ ͤͯ͗ͤ· ͋ͦ͡Έ΄͙͔ ͋͊͘· ͙͔͍ͨͪͣͪͦΗ



SinGAN: Learning a Generative Model from a Single Natural Image

SinGAN: Learning a Generative Model From a Single Natural Image, ICCV-2019,
Tamar Rott Shaham, TaliDekel, TomerMichaeli

˽͙ͪ͊ͭ͟;͔͙ͫ͟ ͔͎͙ͤͦͪ͊ͤ;͔ͤͤ·͔ ͍͙ͦͣͦ͗ͤͦͫͭ͘ ͔͙͙ͪ͊ͫͭ͡;͎ͤͦͦ ͙͙͍͙ͣ͊ͤͨͯͪͦ͊ͤ͡Ύ ͒͊ͤͤ·͙ͣΧ



˨͔ͭ͊͡Έͤ͊Ύ ͎͔͔ͤͪ͊ͼ͙Ύ 3D ͡ ͙ͼ͊ ͨͦ ͦ͒ͤͦͣͯ ͙͔͙ͦ͋ͪ͊͗ͤ͘Ό

DF2Net: A Dense-Fine-Finer Network for Detailed 3D Face Reconstruction, ICCV-2019
Xiaoxing Zeng, XiaojiangPeng, Yu Qiao
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˨͔ͭ͊͡Έͤ͊Ύ ͎͔͔ͤͪ͊ͼ͙Ύ 3D ͣ ͔͙ͦ͒͡ ͔ͭ͊͡ ͙ ͨͦ͘·

Tex2Shape: Detailed Full Human Body Geometry From a Single Image, ICCV-2019
Thiemo Alldieck, Gerard Pons-Moll, Christian Theobalt, Marcus Magnor

˽͙ͪ͊ͭ͟;͔͙ͫ͟ ͔͎͙ͤͦͪ͊ͤ;͔ͤͤ·͔ ͍͙ͦͣͦ͗ͤͦͫͭ͘ ͔͙͙ͪ͊ͫͭ͡;͎ͤͦͦ ͙͙͍͙ͣ͊ͤͨͯͪͦ͊ͤ͡Ύ ͒͊ͤͤ·͙ͣΧ



˽͔͔ͪͤͦͫ ͍͙͔͙͒͗ͤΎΥ EveryBodyDanceNow

Everybody Dance Now, ICCV-2109,
Caroline Chan, ShiryGinosar, TinghuiZhou, Alexei A. Efros
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EveryBodyDanceNow

Everybody Dance Now, ICCV-2109,
Caroline Chan, ShiryGinosar, TinghuiZhou, Alexei A. Efros
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