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Ñâ¼ðòî÷íûå íåéðîííûå ñåòè

Ñâ¼ðòêè è ïóëèíãè äëÿ îáðàáîòêè èçîáðàæåíèé

Ïðèëîæåíèÿ: èçîáðàæåíèÿ, òåêñòû, ðå÷ü, èãðû

Îáîáùåíèå: äàííûå ñ ëîêàëüíûìè ñòðóêòóðàìè
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Íåéðîííûå ñåòè äëÿ îáðàáîòêè ïîñëåäîâàòåëüíîñòåé

Ñåòè äîëãîé êðàòêîâðåìåííîé ïàìÿòè LSTM, GRU

Âåêòîðíûå ïðåäñòàâëåíèÿ äèñêðåòíûõ îáúåêòîâ
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Íåêëàññè÷åñêèå ìîäåëè îáó÷åíèÿ

Ïåðåíîñ îáó÷åíèÿ (transfer learning)

Ñàìîîáó÷åíèå (self-supervised learning)

�åíåðàòèâíûå ñîñòÿçàòåëüíûå ñåòè (GAN)
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Êëàññè�èêàöèÿ èçîáðàæåíèé

Êëàññè÷åñêèé ïîäõîä ê ðàñïîçíàâàíèþ èçîáðàæåíèé:

Ñîâðåìåííûé ïîäõîä � end-to-end deep learning:
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Ñâ¼ðòî÷íûé ñëîé íåéðîíîâ (onvolution layer)

x [i , j] � èñõîäíûå ïðèçíàêè, ïèêñåëè n×m-èçîáðàæåíèÿ

wab � ÿäðî ñâ¼ðòêè, a = −A, . . . ,+A, b = −B , . . . ,+B

Íåïîëíîñâÿçíûé ñâ¼ðòî÷íûé íåéðîí ñ (2A+ 1)(2B + 1) âåñàìè:

(x ∗ w)[i , j] =

A
∑

a=−A

B
∑

b=−B

wab x [i + a, j + b]

x [i , j]

wab

(x ∗ w)[i , j]
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Îáúåäèíÿþùèé ñëîé íåéðîíîâ (pooling layer)

Îáúåäèíÿþùèé íåéðîí � ýòî íåîáó÷àåìàÿ ñâ¼ðòêà ñ øàãîì

h > 1, àãðåãèðóþùàÿ äàííûå ïðÿìîóãîëüíîé îáëàñòè h×h:

y [i , j] = F
(

x [hi , hj], . . . , x [hi + h− 1, hj + h − 1]
)

,

ãäå F � àãðåãèðóþùàÿ �óíêöèÿ: max, average è ò.ï.

max-pooling ïîçâîëÿåò îáíàðóæèòü ýëåìåíò â ëþáîé èç ÿ÷ååê
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Ñòàíäàðòíàÿ ñõåìà ñâåðòî÷íîé ñåòè (Convolutional NN)
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Ñâ¼ðòî÷íàÿ ñåòü îáó÷àåòñÿ èçâëå÷åíèþ ïðèçíàêîâ

×åì âûøå ñëîé, òåì áîëåå êðóïíûå è ñëîæíûå ýëåìåíòû

èçîáðàæåíèé îí ñïîñîáåí ðàñïîçíàâàòü

Krizhevsky A., Sutskever I., Hinton G. ImageNet Classi�ation with Deep

Convolutional Neural Networks. 2012.
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ImageNet � áîëüøàÿ âûáîðêà ðàçìå÷åííûõ èçîáðàæåíèé

Li Fei-Fei et al. ImageNet: A large-sale hierarhial image database. 2009.

Li Fei-Fei et al. Constrution and analysis of a large sale image ontology. 2009.
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�àçâèòèå ñâ¼ðòî÷íûõ ñåòåé (êðàòêàÿ èñòîðèÿ ImageNet)
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AlexNet: ïåðâûé ãëóáîêèé ïðîðûâ íà ImageNet

ReLU + Dropout + ïîïîëíåíèå âûáîðêè

60 ìëí ïàðàìåòðîâ (â îñíîâíîì â ïîëíîñâÿçíûõ ñëîÿõ)

Ïîäáîð ðàçìåðîâ �èëüòðîâ è ïóëèíãà

GPU

Krizhevsky A., Sutskever I., Hinton G. ImageNet Classi�ation with Deep

Convolutional Neural Networks. 2012.
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×àñòî èñïîëüçóåìûå ïðè¼ìû â CNN

�óíêöèè àêòèâàöèè áåç ãîðèçîíòàëüíûõ àñèìïòîò, òèïà ReLU

ïîäáîð ÷èñëà ñëî¼â è èõ ðàçìåðîâ

àäàïòèâíûå ãðàäèåíòíûå ìåòîäû

dropout

bath normalization

dataset augmentation � ïîïîëíåíèå âûáîðêè ñ ïîìîùüþ

ïðåîáðàçîâàíèé, ñîõðàíÿþùèõ êëàññ îáúåêòà
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Ïðèëîæåíèå: ðàñïîçíàâàíèå ðå÷åâûõ ñèãíàëîâ

Ïîñëåäîâàòåëüíûå �ðàãìåíòû ñèãíàëà ïðåäñòàâëÿþòñÿ

âåêòîðàìè ñïåêòðàëüíîãî ðàçëîæåíèÿ

Qirong Mao, Ming Dong, Zhengwei Huang, Yongzhao Zhan. Learning salient

features for speeh emotion reognition using onvolutional neural networks. 2014.
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Ïîñëåäîâàòåëüíûå ñëîâà â òåêñòå ïðåäñòàâëÿþòñÿ âåêòîðàìè

ñ ïîìîùüþ âåêòîðíûõ ïðåäñòàâëåíèé (word2ve è äð.)

Yoon Kim. Convolutional neural networks for sentene lassi�ation. 2014
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Ïðèëîæåíèå: ïðèíÿòèå ðåøåíèé â ëîãè÷åñêèõ èãðàõ

David Silver et al. (DeepMind) Mastering the game of Go without human

knowledge. 2017.
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�ëóáîêàÿ ñâ¼ðòî÷íàÿ ñåòü êàê ñïîñîá âåêòîðèçàöèè èçîáðàæåíèé

Âèçèëüòåð Þ.Â., �îðáàöåâè÷ Â.Ñ. Ñòðóêòóðíî-�óíêöèîíàëüíûé àíàëèç

è ñèíòåç ãëóáîêèõ êîíâîëþöèîííûõ íåéðîííûõ ñåòåé. ÌÌ�Î-2017.

Ê.Â. Âîðîíöîâ (voron�foresys.ru) Èñêóññòâåííûå íåéðîííûå ñåòè 15 / 36



Ñâ¼ðòî÷íûå íåéðîííûå ñåòè

�åêóððåíòíûå íåéðîííûå ñåòè

Íåêëàññè÷åñêèå ìîäåëè îáó÷åíèÿ

Ñâ¼ðòêè è ïóëèíãè äëÿ îáðàáîòêè èçîáðàæåíèé

Ïðèëîæåíèÿ: èçîáðàæåíèÿ, òåêñòû, ðå÷ü, èãðû
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Èäåÿ îáîáùåíèÿ CNN íà ëþáûå ñòðóêòóðèðîâàííûå äàííûå

Äîïóñòèì, êàæäûé îáúåêò èìååò ñòðóêòóðó, çàäàííóþ ãðà�îì

Ñâ¼ðòêà îïðåäåëÿåòñÿ ïî ëîêàëüíîé îêðåñòíîñòè âåðøèíû

Ïóëèíã àãðåãèðóåò âåêòîðû âåðøèí ëîêàëüíîé îêðåñòíîñòè

Òàêàÿ ñåòü îáó÷àåòñÿ íàõîäèòü è êëàññè�èöèðîâàòü ïîäãðà�û
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Çàäà÷è îáðàáîòêè ïîñëåäîâàòåëüíîñòåé

xt � âõîäíîé âåêòîð â ìîìåíò t

ht � âåêòîð ñêðûòîãî ñîñòîÿíèÿ â ìîìåíò t

yt � âûõîäíîé âåêòîð (â íåêîòîðûõ ïðèëîæåíèÿõ yt ≡ ht)

�àçâîðà÷èâàíèå (unfolding) ðåêóððåíòíîé ñåòè

ht = σh(Uxt +Wht−1)

yt = σy (Vht)

Îáó÷åíèå ðåêóððåíòíîé ñåòè:

T
∑

t=0

Lt(U,V ,W ) → min
U,V ,W

Lt(U,V ,W ) = L
(

yt(U,V ,W )
)

� ïîòåðÿ îò ïðåäñêàçàíèÿ yt
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Ïðèëîæåíèÿ ðåêóððåíòíûõ íåéðîííûõ ñåòåé

Ïðîãíîçèðîâàíèå âðåìåííûõ ðÿäîâ

Óïðàâëåíèå òåõíîëîãè÷åñêèìè ïðîöåññàìè

Êëàññè�èêàöèÿ òåêñòîâ èëè èõ �ðàãìåíòîâ

Àíàëèç òîíàëüíîñòè äîêóìåíòà / ïðåäëîæåíèé / ñëîâ

Ìàøèííûé ïåðåâîä

�àñïîçíàâàíèå ðå÷è

Ñèíòåç ðå÷è

Ñèíòåç îòâåòîâ íà âîïðîñû, ðàçãîâîðíûé èíòåëëåêò

�åíåðàöèÿ ïîäïèñåé ê èçîáðàæåíèÿì

�åíåðàöèÿ ðóêîïèñíîãî òåêñòà

Èíòåðïðåòàöèÿ ãåíîìà è äðóãèå çàäà÷è áèîèí�îðìàòèêè

Andrej Karpathy. The unreasonable e�etiveness of reurrent neural networks. 2015.
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Îáó÷åíèå ðåêóððåíòíûõ ñåòåé

Ñïåöèàëüíûé âàðèàíò îáðàòíîãî ðàñïðîñòðàíåíèÿ îøèáîê,

Bakpropagation Through Time (BPTT)

∂Lt

∂W
=

∂Lt

∂yt

∂yt

∂ht

t
∑

k=0

(

t
∏

i=k+1

∂hi

∂hi−1

)

∂hk

∂W

Äëÿ ïðåäîòâðàùåíèÿ çàòóõàíèÿ è âçðûâà ãðàäèåíòîâ:

∂hi
∂hi−1

→ 1
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Ñåòè äîëãîé êðàòêîâðåìåííîé ïàìÿòè (long short-term memory)

Ìîòèâàöèÿ LSTM: ñåòü äîëæíà äîëãî ïîìíèòü êîíòåêñò,

êàêîé èìåííî � ñåòü äîëæíà âûó÷èòü ñàìà.

Ââîäèòñÿ Ct � âåêòîð ñîñòîÿíèÿ ñåòè â ìîìåíò t.

Hohreiter S., Shmidhuber J. Neural Computation, 9(8), 1997

Gre� K., Shmidhuber J. http://arxiv.org/pdf/1503.04069.pdf, 2015
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Ñåòè äîëãîé êðàòêîâðåìåííîé ïàìÿòè (long short-term memory)

ft = σ
(

Wf · [ht−1, xt ] + bf
)

it = σ
(

Wi · [ht−1, xt ] + bi
)

C̃t = th
(

WC · [ht−1, xt ] + bC
)

Ct = ft ⊙ Ct−1 + it ⊙ C̃t

ot = σ
(

Wo · [ht−1, xt ] + bo
)

ht = ot ⊙ th(Ct)

Ôèëüòð çàáûâàíèÿ (forget gate) ñ ïàðàìåòðàìè Wf , bf ðåøàåò,

êàêèå êîîðäèíàòû âåêòîðà ñîñòîÿíèÿ Ct−1 íàäî çàïîìíèòü.

⊙ � îïåðàöèÿ ïîêîìïîíåíòíîãî ïåðåìíîæåíèÿ âåêòîðîâ.

σ � ñèãìîèäíàÿ �óíêöèÿ.

Christopher Olah. http://olah.github.io/posts/2015-08-Understanding-LSTMs
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Ñåòè äîëãîé êðàòêîâðåìåííîé ïàìÿòè (long short-term memory)

ft = σ
(

Wf · [ht−1, xt ] + bf
)

it = σ
(

Wi · [ht−1, xt ] + bi
)

C̃t = th
(

WC · [ht−1, xt ] + bC
)

Ct = ft ⊙ Ct−1 + it ⊙ C̃t

ot = σ
(

Wo · [ht−1, xt ] + bo
)

ht = ot ⊙ th(Ct)

Ôèëüòð âõîäíûõ äàííûõ (input gate) ñ ïàðàìåòðàìè Wi , bi
ðåøàåò, êàêèå êîîðäèíàòû âåêòîðà ñîñòîÿíèÿ íàäî îáíîâèòü.

Ìîäåëü íîâîãî ñîñòîÿíèÿ ñ ïàðàìåòðàìè WC , bC �îðìèðóåò

âåêòîð C̃t çíà÷åíèé-êàíäèäàòîâ íîâîãî ñîñòîÿíèÿ.

Christopher Olah. http://olah.github.io/posts/2015-08-Understanding-LSTMs
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Ñåòè äîëãîé êðàòêîâðåìåííîé ïàìÿòè (long short-term memory)

ft = σ
(

Wf · [ht−1, xt ] + bf
)

it = σ
(

Wi · [ht−1, xt ] + bi
)

C̃t = th
(

WC · [ht−1, xt ] + bC
)

Ct = ft ⊙ Ct−1 + it ⊙ C̃t

ot = σ
(

Wo · [ht−1, xt ] + bo
)

ht = ot ⊙ th(Ct)

Íîâîå ñîñòîÿíèå Ct �îðìèðóåòñÿ êàê ñìåñü

ñòàðîãî ñîñòîÿíèÿ Ct−1 ñ �èëüòðîì ft è

âåêòîðà çíà÷åíèé-êàíäèäàòîâ C̃t ñ �èëüòðîì it .

Íàñòðàèâàåìûõ ïàðàìåòðîâ íåò.

Christopher Olah. http://olah.github.io/posts/2015-08-Understanding-LSTMs
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Ñåòè äîëãîé êðàòêîâðåìåííîé ïàìÿòè (long short-term memory)

ft = σ
(

Wf · [ht−1, xt ] + bf
)

it = σ
(

Wi · [ht−1, xt ] + bi
)

C̃t = th
(

WC · [ht−1, xt ] + bC
)

Ct = ft ⊙ Ct−1 + it ⊙ C̃t

ot = σ
(

Wo · [ht−1, xt ] + bo
)

ht = ot ⊙ th(Ct)

Ôèëüòð âûõîäíûõ äàííûõ (output gate) ñ ïàðàìåòðàìè Wo , bo
ðåøàåò, êàêèå êîîðäèíàòû âåêòîðà ñîñòîÿíèÿ Ct íàäî âûäàòü.

Âûõîäíîé ñèãíàë ht �îðìèðóåòñÿ èç âåêòîðà ñîñòîÿíèÿ Ct

ñ ïîìîùüþ íåëèíåéíîãî ïðåîáðàçîâàíèÿ th è �èëüòðà ot .

Christopher Olah. http://olah.github.io/posts/2015-08-Understanding-LSTMs
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Âàðèàíò LSTM ñ ¾çàìî÷íûìè ñêâàæèíàìè¿ (peepholes)

ft = σ
(

Wf · [Ct−1, ht−1, xt ] + bf
)

it = σ
(

Wi · [Ct−1, ht−1, xt ] + bi
)

C̃t = th
(

WC · [ht−1, xt ] + bC
)

Ct = ft ⊙ Ct−1 + it ⊙ C̃t

ot = σ
(

Wo · [Ct , ht−1, xt ] + bo
)

ht = ot ⊙ th(Ct)

Âñå �èëüòðû ¾ïîäãëÿäûâàþò¿ âåêòîð ñîñòîÿíèÿ Ct−1 èëè Ct .

Óâåëè÷èâàåòñÿ ÷èñëî ïàðàìåòðîâ ìîäåëè.

Çàìî÷íóþ ñêâàæèíó ìîæíî èñïîëüçîâàòü íå äëÿ âñåõ �èëüòðîâ.

Gers F. A., Shmidhuber J. Reurrent Nets that Time and Count. 2000.
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Óïðîùåíèå LSTM: Gated Reurrent Unit (GRU)

zt = σ
(

Wz · [ht−1, xt ]
)

rt = σ
(

Wr · [ht−1, xt ]
)

h̃t = th
(

Wh · [rt ⊙ ht−1, xt ]
)

ht = (1− zt)⊙ ht−1 + zt ⊙ h̃t

Èñïîëüçóåòñÿ òîëüêî ñîñòîÿíèå ht , âåêòîð Ct íå ââîäèòñÿ.

Ôèëüòð îáíîâëåíèÿ (update gate) âìåñòî âõîäíîãî è çàáûâàþùåãî.

Ôèëüòð ïåðåçàãðóçêè (reset gate) ðåøàåò, êàêóþ ÷àñòü ïàìÿòè

íóæíî ïåðåíåñòè äàëüøå ñ ïðîøëîãî øàãà.

Cho K. On the properties of neural mahine translation: enoder-deoder approahes. 2014.
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Çàäà÷à ñåìàíòè÷åñêîãî âåêòîðíîãî ïðåäñòàâëåíèÿ ñëîâ

Íàéòè äëÿ êàæäîãî ñëîâà w âåêòîð xw ∈ R
T
, ÷òîáû

áëèçêèå ïî ñìûñëó ñëîâà èìåëè áëèçêèå âåêòîðû.

Äèñòðèáóòèâíàÿ ãèïîòåçà

Words that our in the same ontexts tend to have similar

meanings [Harris, 1954℄.

You shall know a word by the ompany it keeps [Firth, 1957℄.
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Ôîðìàëèçàöèÿ äèñòðèáóòèâíîé ãèïîòåçû â ïðîãðàììå word2ve

Äàíî: nuw � ñîâñòðå÷àåìîñòü ñëîâ u,w â îêíå ±h ñëîâ

Íàéòè: ñåìàíòè÷åñêèå âåêòîðíûå ïðåäñòàâëåíèÿ ñëîâ xw
Ìîäåëü: ÷åì áëèæå âåêòîðû xu è xw , òåì áîëüøå

âåðîÿòíîñòü ñëîâà w â êîíòåêñòå ñëîâà u:

p(w |u) = SoftMax
w∈W

〈xw , xu〉 =
exp〈xw , xu〉
∑

v exp〈xv , xu〉

Êðèòåðèé ìàêñèìóìà log-ïðàâäîïîäîáèÿ è åãî àïïðîêñèìàöèÿ:

∑

w ,u∈W

nwu ln p(w |u) → max
{xw}

∑

w ,u∈W

nwu

(

lnσ〈xw , xu〉+
k
∑

i=1

lnσ(−〈xvi , xu〉)
)

→ max
{xw}

ãäå v1, . . . , vk � ñëó÷àéíûå k ñëîâ íå èç êîíòåêñòà u.

T.Mikolov et al. E�ient estimation of word representations in vetor spae, 2013.
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Ìîäåëè âåêòîðíûõ ïðåäñòàâëåíèé òåêñòîâ è ãðà�îâ

word2ve: âåêòîðíûõ ïðåäñòàâëåíèé (ýìáåääèíãè) ñëîâ

T.Mikolov et al. E�ient estimation of word representations in vetor spae. 2013.

paragraph2ve: ýìáåääèíãè òåêñòîâûõ �ðàãìåíòîâ

Q.Le, T.Mikolov. Distributed representations of sentenes and douments. 2014.

sent2ve: ýìáåääèíãè ïðåäëîæåíèé

M.Pagliardini et al. Unsupervised learning of sentene embeddings using ompositional n-gram features. 2017.

FastText: ýìáåääèíãè ñèìâîëüíûõ n-ãðàìì
https://github.om/faebookresearh/fastText

node2ve: ýìáåääèíãè óçëîâ ãðà�îâ

A.Grover, J.Leskove. Node2ve: salable feature learning for networks. 2016.

graph2ve: áîëåå îáùèå ýìáåääèíãè ãðà�îâ

A.Narayanan et al. Graph2ve: learning distributed representations of graphs. 2017.

StarSpae: ýìáåääèíãè ÷åãî óãîäíî îò Faebook AI Researh

L.Wu, A.Fish, S.Chopra, K.Adams, A.B.J.Weston. StarSpae: embed all the things! 2018.

Îáçîð íåéðîñåòåâûõ ìîäåëåé âåêòîðíûõ ïðåäñòàâëåíèé ãðà�îâ

Zonghan Wu et.al. A Comprehensive Survey on Graph Neural Networks. 2019.
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�åêóððåíòíûå íåéðîííûå ñåòè

Íåêëàññè÷åñêèå ìîäåëè îáó÷åíèÿ

Ïåðåíîñ îáó÷åíèÿ (transfer learning)

Ñàìîîáó÷åíèå (self-supervised learning)

�åíåðàòèâíûå ñîñòÿçàòåëüíûå ñåòè (GAN)

Ïåðåäà÷à îáó÷åíèÿ (transfer learning)

f (xi , α) � ÷àñòü ìîäåëè, óíèâåðñàëüíàÿ äëÿ âñåõ çàäà÷

g(xi , β) � ÷àñòü ìîäåëè, ñïåöè�è÷íàÿ äëÿ êàæäîé çàäà÷è

Áàçîâàÿ çàäà÷à íà âûáîðêå {xi}
ℓ
i=1

ñ �óíêöèåé ïîòåðü Li :

ℓ
∑

i=1

Li

(

f (xi , α), g(xi , β)
)

→ max
α,β

Öåëåâàÿ çàäà÷à íà äðóãîé âûáîðêå {x ′i }
m
i=1

, ñ äðóãèìè L ′
i , g

′
:

m
∑

i=1

L
′
i

(

f (x ′i , α), g
′(x ′i , β

′)
)

→ max
β′

ïðè m ≪ ℓ ýòî ìîæåò áûòü íàìíîãî ëó÷øå, ÷åì

m
∑

i=1

L
′
i

(

f (x ′i , α), g
′(x ′i , β

′)
)

→ max
α,β′

Sinno Jialin Pan, Qiang Yang. A Survey on Transfer Learning. 2009
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Ñâ¼ðòî÷íûå íåéðîííûå ñåòè

�åêóððåíòíûå íåéðîííûå ñåòè

Íåêëàññè÷åñêèå ìîäåëè îáó÷åíèÿ

Ïåðåíîñ îáó÷åíèÿ (transfer learning)

Ñàìîîáó÷åíèå (self-supervised learning)

�åíåðàòèâíûå ñîñòÿçàòåëüíûå ñåòè (GAN)

Ïðåä-îáó÷åííûå (pre-trained) íåéðîííûå ñåòè

Ñâ¼ðòî÷íàÿ ñåòü äëÿ îáðàáîòêè èçîáðàæåíèé:

f (x , α) � ñâ¼ðòî÷íûå ñëîè äëÿ âåêòîðèçàöèè îáúåêòîâ

g(x , β) � ïîëíîñâÿçíûå ñëîè ïîä êîíêðåòíóþ çàäà÷ó

Jason Yosinski, Je� Clune, Yoshua Bengio, Hod Lipson. How transferable are

features in deep neural networks? 2014.
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�åêóððåíòíûå íåéðîííûå ñåòè

Íåêëàññè÷åñêèå ìîäåëè îáó÷åíèÿ

Ïåðåíîñ îáó÷åíèÿ (transfer learning)

Ñàìîîáó÷åíèå (self-supervised learning)

�åíåðàòèâíûå ñîñòÿçàòåëüíûå ñåòè (GAN)

Ñàìîîáó÷åíèå (self-supervised learning)

Â êîìïüþòåðíîì çðåíèè ñåòü ó÷èòñÿ ïðåäñêàçûâàòü âçàèìíîå

ðàñïîëîæåíèå äâóõ �ðàãìåíòîâ íà îäíîì èçîáðàæåíèè

Ïðåèìóùåñòâî: ñåòü âûó÷èâàåò âåêòîðíûå ïðåäñòàâëåíèÿ

îáúåêòîâ áåç ðàçìå÷åííîé îáó÷àþùåé âûáîðêè.

Ê.Â. Âîðîíöîâ (voron�foresys.ru) Èñêóññòâåííûå íåéðîííûå ñåòè 32 / 36
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�åêóððåíòíûå íåéðîííûå ñåòè

Íåêëàññè÷åñêèå ìîäåëè îáó÷åíèÿ

Ïåðåíîñ îáó÷åíèÿ (transfer learning)

Ñàìîîáó÷åíèå (self-supervised learning)

�åíåðàòèâíûå ñîñòÿçàòåëüíûå ñåòè (GAN)

�åíåðàòèâíàÿ ñîñòÿçàòåëüíàÿ ñåòü (Generative Adversarial Net)

�åíåðàòîð G (z) ó÷èòñÿ ïîðîæäàòü îáúåêòû x èç øóìà z

Äèñêðèìèíàòîð D(x) ó÷èòñÿ îòëè÷àòü èõ îò ðåàëüíûõ îáúåêòîâ

Antonia Creswell et al. Generative Adversarial Networks: an overview. 2017.

Zhengwei Wang, Qi She, Tomas Ward. Generative Adversarial Networks:

a survey and taxonomy. 2019.

Chris Niholson. A Beginner's Guide to Generative Adversarial Networks.

https://pathmind.om/wiki/generative-adversarial-network-gan. 2019.
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�åêóððåíòíûå íåéðîííûå ñåòè

Íåêëàññè÷åñêèå ìîäåëè îáó÷åíèÿ

Ïåðåíîñ îáó÷åíèÿ (transfer learning)

Ñàìîîáó÷åíèå (self-supervised learning)

�åíåðàòèâíûå ñîñòÿçàòåëüíûå ñåòè (GAN)

Ïîñòàíîâêà çàäà÷è GAN

Äàíî: âûáîðêà îáúåêòîâ {xi}
m
i=1

èç X

Íàéòè:

âåðîÿòíîñòíóþ ãåíåðàòèâíóþ ìîäåëü G (z , α): x ∼ p(x |z , α)
âåðîÿòíîñòíóþ äèñêðèìèíàòèâíóþ ìîäåëü D(x , β) = p(1|x , β)

Êðèòåðèé:

îáó÷åíèå äèñêðèìèíàòèâíîé ìîäåëè D:

m
∑

i=1

lnD(xi , β) + ln
(

1− D(G (zi , α), β)
)

→ max
β

îáó÷åíèå ãåíåðàòèâíîé ìîäåëè G :

m
∑

i=1

ln
(

1− D(G (zi , α), β)
)

→ min
α

Ian Goodfellow et al. Generative Adversarial Nets. 2014
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�åêóððåíòíûå íåéðîííûå ñåòè

Íåêëàññè÷åñêèå ìîäåëè îáó÷åíèÿ

Ïåðåíîñ îáó÷åíèÿ (transfer learning)

Ñàìîîáó÷åíèå (self-supervised learning)

�åíåðàòèâíûå ñîñòÿçàòåëüíûå ñåòè (GAN)

Ïðèìåðû GAN äëÿ ñèíòåçà èçîáðàæåíèé è âèäåî

Chuan Li, Mihael Wand. Preomputed Real-Time Texture Synthesis with

Markovian Generative Adversarial Networks. 2016.

Xiaoxing Zeng, Xiaojiang Peng, Yu Qiao. DF2Net: A Dense Fine Finer

Network for Detailed 3D Fae Reonstrution. ICCV-2019.

Caroline Chan, Shiry Ginosar, Tinghui Zhou, Alexei A. Efros. Everybody Dane

Now. ICCV-2019.
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�åçþìå

Ñâ¼ðòî÷íûå ñåòè ïåðåâîäÿò ñëîæíî ñòðóêòóðèðîâàííûå

äàííûå â âåêòîð �èêñèðîâàííîé ðàçìåðíîñòè

�åêóððåíòíûå ñåòè ïîçâîëÿþò îáðàáàòûâàòü

ïîñëåäîâàòåëüíîñòè âåêòîðîâ

Âåêòîðíûå ïðåäñòàâëåíèÿ äèñêðåòíûõ îáúåêòîâ:

word2ve, graph2ve, StarSpae è äðóãèå

Ñîñòÿçàòåëüíûå ñåòè ñïîñîáíû ãåíåðèðîâàòü ñëîæíûå

ðåàëèñòè÷íûå îáúåêòû

Ïîäáîð àðõèòåêòóðû è ïàðàìåòðîâ ñåòè � ýòî èñêóññòâî


