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Âîññòàíîâëåíèå çàâèñèìîñòåé ïî ýìïèðè÷åñêèì äàííûì

Äàíî: îáó÷àþùàÿ âûáîðêà îáúåêòîâ

xi =
(
f1(xi ), . . . , fn(xi )

)
, i = 1, . . . , ℓ

fj : X → Dj � ïðèçíàêè, j = 1, . . . , n

Íàéòè: ïàðàìåòðû w ìîäåëè a(x ,w)

Êðèòåðèé: min ýìïèðè÷åñêîãî ðèñêà

ℓ∑

i=1

L (w , xi ) + τR(w) → min
w
,

ãäå L (w , x) � �óíêöèÿ ïîòåðü, R(w) � ðåãóëÿðèçàòîð.

Ïðåîáðàçîâàíèå ïðèçíàêîâ (feature transformation/extra
tion)

ℓ∑

i=1
L

(
w , f (xi ,w

′)
)
+ τR(w) → min

w ,w ′

ãäå ìîäåëü f (x ,w ′) ëèáî çàäà¼òñÿ âðó÷íóþ (feature engineering),

ëèáî îáó÷àåòñÿ ñîâìåñòíî ñ ìîäåëüþ w (feature generation)
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Øêàëû èçìåðåíèÿ

Èçìåðèòåëüíàÿ øêàëà � ìíîæåñòâî D äîïóñòèìûõ çíà÷åíèé,

ïîëó÷àåìûõ â ðåçóëüòàòå èçìåðåíèÿ ïðèçíàêà f (x), f : X → D

Òèï øêàëû îïðåäåëÿåòñÿ ìíîæåñòâàìè

äîïóñòèìûõ áèåêòèâíûõ ïðåîáðàçîâàíèé ψ : D → D ′

äîïóñòèìûõ îïåðàöèé íàä çíà÷åíèÿìè èç øêàëû D

Êëàññè�èêàöèÿ òèïîâ èçìåðèòåëüíûõ øêàë ïî Ñòèâåíñó:

øêàëà D ψ(z) îïåðàöèè

ëîãè÷åñêàÿ (boolean) 0, 1 áèåêòèâíûå ∨∧¬
íîìèíàëüíàÿ (nominal) <∞ áèåêòèâíûå = 6=∈
ïîðÿäêîâàÿ (ordinal) <∞ ìîíîòîííûå = 6=∈<>
èíòåðâàëüíàÿ (interval) R az + b <>+−
îòíîøåíèé (ratio) R az <>+−×÷
àáñîëþòíàÿ (absolute) R z ëþáûå

S.S.Stevens. On the Theory of S
ales of Measurement // S
ien
e, 1946.
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Ïðèìåðû âåëè÷èí, èçìåðÿåìûõ â ðàçëè÷íûõ øêàëàõ

Ëîãè÷åñêàÿ (ìîæíî ïåðåèìåíîâàòü, ïåðåíóìåðîâàòü)

íàëè÷èå/îòñóòñòâèå ñâîéñòâà, èñòèíà/ëîæü, äà/íåò

Íîìèíàëüíàÿ (ìîæíî ïåðåèìåíîâàòü, ïåðåíóìåðîâàòü)

èäåíòè�èêàòîðû êëàññîâ, ëþäåé, ðåãèîíîâ, �èðì, òîâàðîâ

Ïîðÿäêîâàÿ (ïîðÿäîê ÷àñòè÷íûé èëè ëèíåéíûé)

óðîâåíü îáðàçîâàíèÿ, òÿæåñòü áîëåçíè, ñòåïåíü ñîãëàñèÿ

�àíãîâàÿ (÷àñòíûé ñëó÷àé ïîðÿäêîâîé: 1, 2, 3, . . . ,N)
îöåíêà â áàëëàõ, øêàëû �èõòåðà, Áî�îðòà, Ìîîñà, Áåêà

Èíòåðâàëüíàÿ (ìîæíî ñäâèãàòü è ìåíÿòü ìàñøòàá)

âðåìÿ, ãåîãðà�è÷åñêàÿ øèðîòà, òåìïåðàòóðà (

◦
C,

◦
F)

Îòíîøåíèé (ìîæíî ìåíÿòü ìàñøòàá)

ìàññà, ñêîðîñòü, îáú¼ì, ñèëà, äàâëåíèå, çàðÿä, ÿðêîñòü,

◦
K

Àáñîëþòíàÿ

÷èñëî ïðåäìåòîâ, ÷àñòîòà ñîáûòèÿ, îöåíêà âåðîÿòíîñòè
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Îñëàáëåíèå øêàëû

Íîìèíàëüíûé → ìíîãî áèíàðíûõ (one-hot-en
oding):

fv (x) =
[
f (x) = v

]
, äëÿ âñåõ çíà÷åíèé v ïðèçíàêà

fA(x) =
[
f (x) ∈ A

]
, èíäèêàòîðíûé ïðèçíàê ïîäìíîæåñòâà A

×èñëîâîé èëè ïîðÿäêîâûé → áèíàðíûé:

fa,b(x) =
[
a 6 f (x) 6 b

]
äëÿ çàäàííîãî îòðåçêà [a, b]

×èñëîâîé → ðàíãîâûé (data binning, quantization):

fa(x) =
K∑

k=1

[
f (x) > ak

]
, íîìåð èíòåðâàëà ñåòêè a1, . . . , aK

ðàâíîìåðíàÿ ñåòêà êâàíòèëüíàÿ ñåòêà

Îñëàáëåíèå øêàëû âñåãäà âëå÷¼ò ïîòåðþ èí�îðìàöèè
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Óñèëåíèå øêàëû

Íîìèíàëüíûé → ÷èñëîâîé:

êàòåãîðèÿ çàìåíÿåòñÿ ÷àñòîòîé:

f ′(x) =
1

ℓ

ℓ∑

i=1

[
f (xi) = f (x)

]

óñëîâíîå ñðåäíåå ÷èñëîâîãî ïðèçíàêà g(x):

f ′(x) = mean
(
g |f (x)

)
=

∑ℓ
i=1 g(xi )

[
f (xi) = f (x)

]

∑ℓ
i=1

[
f (xi ) = f (x)

] ,

óñëîâíîå ñðåäíåå öåëåâîé âåëè÷èíû y(x):
f ′(x) = mean

(
y |f (x)

)
, âîçìîæíî ïåðåîáó÷åíèå!

Ïîðÿäêîâûé → ÷èñëîâîé (ìîíîòîííîå ïðåîáðàçîâàíèå)

çíà÷åíèå çàìåíÿåòñÿ ÷àñòîòîé:

f ′(x) =
1

ℓ

ℓ∑

i=1

[
f (xi) 6 f (x)

]
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Íîðìàëèçàöèÿ è ñòàíäàðòèçàöèÿ ÷èñëîâûõ øêàë

Ìíîãèå ìåòîäû íàêàïëèâàþò ìåíüøå âû÷èñëèòåëüíûõ

ïîãðåøíîñòåé, åñëè ïðèçíàêè ïðèâåäåíû ê îäíîìó ìàñøòàáó

f ′j (x) =
fj(x)− f min

j

f max
j − f min

j

� íîðìàëèçàöèÿ, ïðèâåäåíèå ê [0, 1]

f ′j (x) =
fj(x)

|fj |max
� ìàñøòàáèðîâàíèå ñ ñîõðàíåíèåì íóëÿ

f ′j (x) =
fj(x)− µj

σj
� ñòàíäàðòèçàöèÿ

f max
j , |fj |

max
, f min

j , µj , σj îïðåäåëÿþòñÿ ïî îáó÷àþùåé âûáîðêå

Äëÿ ïîâûøåíèÿ óñòîé÷èâîñòè ê âûáðîñàì ìîæíî îòáðàñûâàòü

5% íàèìåíüøèõ è íàèáîëüøèõ çíà÷åíèé ïðèçíàêà
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Êîíñòðóèðîâàíèå ïðèçíàêîâ ïî ¾ñûðûì¿ äàííûì (raw data)

Feature Engineering: ïðèçíàêè âû÷èñëÿþòñÿ ïî �îðìóëàì,

êîòîðûå çàâèñÿò îò çàäà÷è, òðåáóþò èçîáðåòàòåëüíîñòè

è çíàíèé ïðåäìåòíîé îáëàñòè. Äîëãî, äîðîãî, íåòî÷íî.

Ïðîãíîçèðîâàíèå âðåìåííûõ ðÿäîâ:

ïðèçíàêè àãðåãèðóþòñÿ ïî ïðåäûñòîðèè ðàçëè÷íîé ãëóáèíû

Ïðåäñêàçàíèå îòòîêà êëèåíòîâ:

ïðèçíàêè ñòðóêòóðû è îáú¼ìà óñëóã, îïëàòû, òàðè�îâ

�àñïîçíàâàíèå ëèö:

ïðèçíàêè ðàçìåðà è �îðìû ÷åðò ëèöà

Êëàññè�èêàöèÿ è ïîèñê òåêñòîâ:

ïðèçíàêè ÷àñòîòû ñëîâ, òåðìèíîâ, íàçâàíèé, ñèíîíèìîâ

�àñïîçíàâàíèå ðå÷è:

ïðèçíàêè ñïåêòðàëüíûå, �îíåòè÷åñêèå, ëèíãâèñòè÷åñêèå

Ê.Â. Âîðîíöîâ (k.v.vorontsov�physte
h.edu) ÂâÌÎ: ýâîëþöèÿ èäåé ìàøèííîãî îáó÷åíèÿ 9 / 35



Âåêòîð → âåêòîð → ñêàëÿð

Ñòðóêòóðà → âåêòîð → ñêàëÿð

Ñòðóêòóðà → âåêòîð → ñòðóêòóðà

Çàäà÷è ñ âåêòîðíûìè îïèñàíèÿìè îáúåêòîâ

Ìåòîäû ïðåîáðàçîâàíèÿ ïðèçíàêîâ

Êîíñòðóèðîâàíèå ïðèçíàêîâ

Ïðèìåð. Çàäà÷à äåòåêòèðîâàíèÿ ïîëîìîê ïî ñèãíàëó äàò÷èêà

(ñîðåâíîâàíèå ¾Ford Classi�
ation Challenge¿, 2008)

Èíîãäà ïðè óäà÷íîì âûáîðå ïðèçíàêîâ çàäà÷à ðåøàåòñÿ áåç ML

Ïðèçíàêè, ãåíåðèðóåìûå ïî èñõîäíûì âðåìåííûì ðÿäàì, ñëàáû:

Ñðåäè ïðèçíàêîâ ðÿäîâ èõ ïðîèçâîäíûõ îêàçûâàåòñÿ èäåàëüíûé:

https://dyakonov.org/2018/06/28/ïðîñòûå-ìåòîäû-àíàëèçà-äàííûõ
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Ïðèìåð. Çàäà÷è áèîìåòðè÷åñêîé èäåíòè�èêàöèè ëè÷íîñòè

Èäåíòè�èêàöèÿ ëè÷íîñòè ïî îòïå÷àòêàì ïàëüöåâ

Èäåíòè�èêàöèÿ ëè÷íîñòè ïî ðàäóæíîé îáîëî÷êå ãëàçà

Îñîáåííîñòè çàäà÷:

íåòðèâèàëüíàÿ ïðåäîáðàáîòêà äëÿ èçâëå÷åíèÿ ïðèçíàêîâ

âûñî÷àéøèå òðåáîâàíèÿ ê òî÷íîñòè

J. Daugman. High 
on�den
e visual re
ognition of persons by a test of statisti
al

independen
e. 1993
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Êîíñòðóèðîâàíèå ïðèçíàêîâ äëÿ ðàñïîçíàâàíèÿ èçîáðàæåíèé

Êëàññè÷åñêèé ïîäõîä ê ðàñïîçíàâàíèþ èçîáðàæåíèé:

Ñîâðåìåííûé ïîäõîä � end-to-end deep learning:

Yann LeCun et al. Learning algorithms for 
lassi�
ation: A 
omparison on handwritten

digit re
ognition. 1995
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Ñâ¼ðòî÷íûå íåéðîííûå ñåòè

Âåêòîðèçàöèÿ ñëîæíî ñòðóêòóðèðîâàííûõ äàííûõ

Ïåðåíîñ îáó÷åíèÿ, ñàìîñòîÿòåëüíîå îáó÷åíèå

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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Âåêòîð → âåêòîð → ñêàëÿð

Ñòðóêòóðà → âåêòîð → ñêàëÿð

Ñòðóêòóðà → âåêòîð → ñòðóêòóðà

Ñâ¼ðòî÷íûå íåéðîííûå ñåòè

Âåêòîðèçàöèÿ ñëîæíî ñòðóêòóðèðîâàííûõ äàííûõ

Ïåðåíîñ îáó÷åíèÿ, ñàìîñòîÿòåëüíîå îáó÷åíèå

Îáúåäèíÿþùèé ñëîé íåéðîíîâ (pooling layer)

Îáúåäèíÿþùèé íåéðîí � 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.

�àçìåð èçîáðàæåíèÿ ñîêðàùàåòñÿ

â h ðàç ïî øèðèíå è ïî âûñîòå

Åñëè íåéðîí ïðåäûäóùåãî ñëîÿ îòâå÷àë

çà äåòåêòèðîâàíèå íåêîòîðîãî ýëåìåíòà,

òî max-pooling ïîçâîëÿåò îáíàðóæèòü

ýòîò ýëåìåíò â ëþáîì ìåñòå

èç h-îêðåñòíîñòè (èíâàðèàíòíîñòü

äåòåêòèðîâàíèÿ îòíîñèòåëüíî ñäâèãîâ)

x [i , j]

y [i , j]
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Âåêòîðèçàöèÿ ñëîæíî ñòðóêòóðèðîâàííûõ äàííûõ

Ïåðåíîñ îáó÷åíèÿ, ñàìîñòîÿòåëüíîå îáó÷åíèå

Ñòàíäàðòíàÿ ñõåìà ñâåðòî÷íîé ñåòè (Convolutional NN)

Yann LeCun et al. Learning algorithms for 
lassi�
ation: A 
omparison on handwritten

digit re
ognition. 1995
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Ïåðåíîñ îáó÷åíèÿ, ñàìîñòîÿòåëüíîå îáó÷åíèå

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 
lassi�
ation with deep 
onvolutional

neural networks. 2012.
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Ïåðåíîñ îáó÷åíèÿ, ñàìîñòîÿòåëüíîå îáó÷åíèå

ImageNet � áîëüøàÿ âûáîðêà ðàçìå÷åííûõ èçîáðàæåíèé

2,5 ãîäà íà ðàçìåòêó

(2008/07�2010/04)

14 197 122

èçîáðàæåíèé

21 841

êëàññîâ îáúåêòîâ

3 ðàçìåòêè

êàæäîãî

èçîáðàæåíèÿ

https://image-net.org

Li Fei-Fei et al. ImageNet: A large-s
ale hierar
hi
al image database. 2009.

Li Fei-Fei et al. Constru
tion and analysis of a large s
ale image ontology. 2009.
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Ïåðåíîñ îáó÷åíèÿ, ñàìîñòîÿòåëüíîå îáó÷åíèå

�ëóáîêèå ñâ¼ðòî÷íûå ñåòè äëÿ êëàññè�èêàöèè èçîáðàæåíèé

Ñòàðò â 2009. ×åëîâå÷åñêèé óðîâåíü îøèáîê 5% ïðîéäåí â 2015

Ñâ¼ðòî÷íàÿ ñåòü AlexNet:

+ ReLU + Dropout

+ 60M ïàðàìåòðîâ

+ ïîïîëíåíèå âûáîðêè

+ ïîäáîð ðàçìåðîâ ñëî¼â

+ GPU

Krizhevsky A. et al. ImageNet 
lassi�
ation with deep 
onvolutional neural networks. 2012.
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Âåêòîðèçàöèÿ ñëîæíî ñòðóêòóðèðîâàííûõ äàííûõ

Ïåðåíîñ îáó÷åíèÿ, ñàìîñòîÿòåëüíîå îáó÷åíèå

×àñòî èñïîëüçóåìûå ïðè¼ìû â CNN

�óíêöèè àêòèâàöèè áåç ãîðèçîíòàëüíûõ àñèìïòîò, òèïà ReLU

àäàïòèâíûå ãðàäèåíòíûå ìåòîäû

dropout

bat
h normalization

ñêâîçíûå ñâÿçè (skip 
onne
tion, Residual NN)

ïîäáîð ÷èñëà ñëî¼â è èõ ðàçìåðîâ

dataset augmentation � ïîïîëíåíèå âûáîðêè ñ ïîìîùüþ

ïðåîáðàçîâàíèé, ñîõðàíÿþùèõ êëàññ îáúåêòà
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Âåêòîðèçàöèÿ ñëîæíî ñòðóêòóðèðîâàííûõ äàííûõ

Ïåðåíîñ îáó÷åíèÿ, ñàìîñòîÿòåëüíîå îáó÷åíèå

Ïðèëîæåíèå: ðàñïîçíàâàíèå ðå÷åâûõ ñèãíàëîâ

Ïîñëåäîâàòåëüíûå �ðàãìåíòû ñèãíàëà ïðåäñòàâëÿþòñÿ

âåêòîðàìè ñïåêòðàëüíîãî ðàçëîæåíèÿ

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

for spee
h emotion re
ognition using 
onvolutional neural networks. 2014.
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Âåêòîðèçàöèÿ ñëîæíî ñòðóêòóðèðîâàííûõ äàííûõ

Ïåðåíîñ îáó÷åíèÿ, ñàìîñòîÿòåëüíîå îáó÷åíèå

Ïðèëîæåíèå: êëàññè�èêàöèÿ ïðåäëîæåíèé â òåêñòå

Ïîñëåäîâàòåëüíûå ñëîâà â òåêñòå ïðåäñòàâëÿþòñÿ âåêòîðàìè

ñ ïîìîùüþ âåêòîðíûõ ïðåäñòàâëåíèé (word2ve
 è äð.)

Yoon Kim. Convolutional neural networks for senten
e 
lassi�
ation. 2014
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Ïåðåíîñ îáó÷åíèÿ, ñàìîñòîÿòåëüíîå îáó÷åíèå

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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Âåêòîðèçàöèÿ ñëîæíî ñòðóêòóðèðîâàííûõ äàííûõ

Ïåðåíîñ îáó÷åíèÿ, ñàìîñòîÿòåëüíîå îáó÷åíèå

Ïðåäîáó÷åíèå (pre-training), ïåðåíîñ îáó÷åíèÿ (transfer learning)

Îáó÷åíèå ìîäåëè âåêòîðèçàöèè z = f (x , α) íà âûáîðêå {xi}
ℓ
i=1:

ℓ∑

i=1

Li

(
g(f (xi , α), β)

)
→ min

α,β

Îáó÷åíèå öåëåâîé ìîäåëè y = g(z , β) íà ìàëûõ äàííûõ:

m∑

i=1

L
′
i

(
g ′(f (x ′i , α), β

′)
)

→ min
β′

Sinno Jialin Pan, Qiang Yang. A Survey on Transfer Learning. 2009

J.Yosinski et al. How transferable are features in deep neural networks? 2014.
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Âåêòîðèçàöèÿ ñëîæíî ñòðóêòóðèðîâàííûõ äàííûõ

Ïåðåíîñ îáó÷åíèÿ, ñàìîñòîÿòåëüíîå îáó÷åíèå

Ñàìîñòîÿòåëüíîå îáó÷åíèå (self-supervised learning)

Ìîäåëü âåêòîðèçàöèè z = f (x , α) îáó÷àåòñÿ ïðåäñêàçûâàòü

âçàèìíîå ðàñïîëîæåíèå ïàð �ðàãìåíòîâ îäíîãî èçîáðàæåíèÿ

Ïðåèìóùåñòâî: ñåòü âûó÷èâàåò âåêòîðíûå ïðåäñòàâëåíèÿ

îáúåêòîâ áåç ðàçìå÷åííîé îáó÷àþùåé âûáîðêè (áåç ImageNet).
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Ñòðóêòóðà → âåêòîð → ñêàëÿð

Ñòðóêòóðà → âåêòîð → ñòðóêòóðà

Àâòîêîäèðîâùèêè

Ôóíäàìåíòàëüíûå ìîäåëè

�åíåðàòèâíûå ìîäåëè

Ïîñòðîåíèå àâòîêîäèðîâùèêà � çàäà÷à îáó÷åíèÿ áåç ó÷èòåëÿ

Äàíî: X ℓ = {x1, . . . , xℓ} � îáó÷àþùàÿ âûáîðêà

Íàéòè äâå ìîäåëè îäíîâðåìåííî:

f : X→Z � êîäèðîâùèê (en
oder), êîäîâûé âåêòîð z= f (x , α)
g : Z→X � äåêîäèðîâùèê (de
oder), ðåêîíñòðóêöèÿ x̂=g(z , β)

Êðèòåðèé: êà÷åñòâî ðåêîíñòðóêöèè èñõîäíûõ îáúåêòîâ xi :

ℓ∑

i=1

L
(
g(f (xi , α), β), xi

)
→ min

α,β

Êâàäðàòè÷íàÿ �óíêöèÿ ïîòåðü: L (x̂ , x) = ‖x̂ − x‖2

Ïðèìåð 1. Ëèíåéíûé àâòîêîäèðîâùèê: x ∈ R
n
, z ∈ R

m

f (x ,A) = A
m×n

x , g(z ,B) = B
n×m

z

Ïðèìåð 2. Äâóõñëîéíàÿ ñåòü ñ �óíêöèÿìè àêòèâàöèè σf , σg
f (x ,A) = σf (Ax + a), g(z ,B) = σg (Bz + b)
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Àâòîêîäèðîâùèêè

Ôóíäàìåíòàëüíûå ìîäåëè

�åíåðàòèâíûå ìîäåëè

Ìíîãîñëîéíûé àâòîêîäèðîâùèê (Sta
ked AE)

Ïîñëîéíîå îáó÷åíèå: xh = f h(xh−1, αh), x ≡ x0, z ≡ xH

êàæäàÿ ïàðà f h, gh
îáó÷àåòñÿ ïî âûáîðêå {xh−1

1 , . . . , xh−1
ℓ }

äåêîäèðîâùèê gh
îòáðàñûâàåòñÿ

îäíîñëîéíûå f 1, . . . , f H ñîåäèíÿþòñÿ â H-ñëîéíûé

Òîíêàÿ íàñòðîéêà (�ne tuning): ðåçóëüòàò ïîñëîéíîãî îáó÷åíèÿ

èñïîëüçóåòñÿ êàê íà÷àëüíîå ïðèáëèæåíèå äëÿ Ba
kProp

Y. Bengio et al. Greedy layer-wise training of deep networks. NIPS 2007.
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Ôóíäàìåíòàëüíûå ìîäåëè

�åíåðàòèâíûå ìîäåëè

Àâòîêîäèðîâùèêè äëÿ âåêòîðèçàöèè è îáó÷åíèÿ ñ ó÷èòåëåì

Äàííûå: ðàçìå÷åííûå (xi , yi )
k
i=1, íåðàçìå÷åííûå (xi )

ℓ
i=k+1

Íàéòè:

zi = f (xi , α) � êîäèðîâùèê

x̂i = g(zi , β) � äåêîäèðîâùèê

ŷi = ŷ(zi , γ) � ïðåäèêòîð

Çàäàþòñÿ �óíêöèè ïîòåðü:

L (x̂i , xi ) � ðåêîíñòðóêöèÿ

L̃ (ŷi , yi ) � ïðåäñêàçàíèå

Êðèòåðèé: ñîâìåñòíîå îáó÷åíèå àâòîêîäèðîâùèêà è

ïðåäñêàçàòåëüíîé ìîäåëè (êëàññè�èêàöèè, ðåãðåññèè èëè äð.):

ℓ∑

i=1

L
(
g(f (xi , α), β), xi

)
+ λ

k∑

i=1

L̃ (ŷ(f (xi , α), γ), yi ) → min
α,β,γ

Dor Bank, Noam Koenigstein, Raja Giryes. Autoen
oders. 2020
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Àâòîêîäèðîâùèêè

Ôóíäàìåíòàëüíûå ìîäåëè

�åíåðàòèâíûå ìîäåëè

Ìíîãîçàäà÷íîå îáó÷åíèå (multi-task learning)

z = f (x , α) � âåêòîðèçàöèÿ, óíèâåðñàëüíàÿ äëÿ âñåõ ìîäåëåé

gt(z , β) � ñïåöè�è÷íàÿ ÷àñòü ìîäåëè äëÿ çàäà÷è t ∈ T

Îäíîâðåìåííîå îáó÷åíèå ìîäåëè f ïî çàäà÷àì Xt , t ∈ T :

∑

t∈T

∑

i∈Xt

Lti

(
gt(f (xti , α), βt )

)
→ min

α,{βt}

Îáó÷àåìîñòü (learnability): êà÷åñòâî ðåøåíèÿ îòäåëüíîé çàäà÷è

〈Xt ,Lt , gt〉 óëó÷øàåòñÿ ñ ðîñòîì îáú¼ìà âûáîðêè ℓt = |Xt |.

Learning to learn: êà÷åñòâî ðåøåíèÿ êàæäîé èç çàäà÷ t ∈ T

óëó÷øàåòñÿ ñ ðîñòîì êàê ℓt , òàê è îáùåãî ÷èñëà çàäà÷ |T |.

Few-shot learning: äëÿ ðåøåíèÿ íîâîé çàäà÷è t äîñòàòî÷íî

íåáîëüøîãî ÷èñëà ïðèìåðîâ, äàæå îäíîãî (one-shot learning).

M.Crawshaw. Multi-task learning with deep neural networks: a survey. 2020

Y.Wang et al. Generalizing from a few examples: a survey on few-shot learning. 2020
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Âåêòîð → âåêòîð → ñêàëÿð

Ñòðóêòóðà → âåêòîð → ñêàëÿð

Ñòðóêòóðà → âåêòîð → ñòðóêòóðà

Àâòîêîäèðîâùèêè

Ôóíäàìåíòàëüíûå ìîäåëè

�åíåðàòèâíûå ìîäåëè

Îáó÷àåìàÿ âåêòîðèçàöèÿ äàííûõ � ãëîáàëüíûé òðåíä AI/ML

Foundation Models � ãîìîãåíèçàöèÿ âåêòîðíûõ ïðåäñòàâëåíèé

R.Bommasani et al. (Center for Resear
h on Foundation Models, Stanford University)

On the opportunities and risks of foundation models // CoRR, 20 August 2021.
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Ôóíäàìåíòàëüíûå ìîäåëè

�åíåðàòèâíûå ìîäåëè

Âàðèàöèîííûé àâòîêîäèðîâùèê (Variational AE)

Äàíî: âûáîðêà îáúåêòîâ X ℓ = {x1, . . . , xℓ}

Íàéòè: ìîäåëü äëÿ ãåíåðàöèè íîâûõ îáúåêòîâ, ïîõîæèõ íà xi :

qα(z |x) � âåðîÿòíîñòíûé êîäèðîâùèê ñ ïàðàìåòðîì α

pβ(x̂ |z) � âåðîÿòíîñòíûé äåêîäèðîâùèê ñ ïàðàìåòðîì β

Êðèòåðèé: max íèæíåé îöåíêè log-ïðàâäîïîäîáèÿ

ℓ∑

i=1

ln p(xi) =
ℓ∑

i=1

ln

∫

qα(z |xi)
pβ(xi |z)p(z)

qα(z |xi )
dz >

>
ℓ∑

i=1

∫

qα(z |xi) ln
pβ(xi |z)p(z)

qα(z |xi )
dz =

=
ℓ∑

i=1

∫

qα(z |xi) ln pβ(xi |z)dz − KL
(
qα(z |xi)

∥
∥ p(z)

)
→ max

α,β

D.P.Kingma, M.Welling. Auto-en
oding Variational Bayes. 2013.

C.Doers
h. Tutorial on variational autoen
oders. 2016.
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Àâòîêîäèðîâùèêè

Ôóíäàìåíòàëüíûå ìîäåëè

�åíåðàòèâíûå ìîäåëè

Âàðèàöèîííûé àâòîêîäèðîâùèê (Variational AE)

Îïòèìèçàöèîííàÿ çàäà÷à äëÿ âàðèàöèîííîãî àâòîêîäèðîâùèêà:

ℓ∑

i=1
Ez∼qα(z |xi ) ln pβ(xi |z)
︸ ︷︷ ︸
êà÷åñòâî ðåêîíñòðóêöèè

≈ ln pβ(xi |z), z∼qα(z |xi )

−KL
(
qα(z |xi )

∥
∥ p(z)

)

︸ ︷︷ ︸
ðåãóëÿðèçàòîð ïî α

→ max
α,β

ãäå p(z) � àïðèîðíîå ðàñïðåäåëåíèå, îáû÷íî N (0, σ2I )

�åïàðàìåòðèçàöèÿ qα(z |xi): z = f (xi , α, ε), ε ∼ N (0, I )

Ìåòîä ñòîõàñòè÷åñêîãî ãðàäèåíòà:

ñýìïëèðîâàòü xi ∼ X ℓ
, ε ∼ N (0, I ), z = f (xi , α, ε)

ãðàäèåíòíûé øàã:

α := α+ h∇α

[
ln pβ

(
xi |f (xi , α, ε)

)
− KL

(
qα(z |xi )‖p(z)

)]
;

β := β + h∇β

[
ln pβ(xi |z)

]
;

�åíåðàöèÿ ïîõîæèõ îáúåêòîâ: x ∼ pβ
(
x |f (xi , α, ε)

)
, ε ∼ N (0, I )
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Àâòîêîäèðîâùèêè

Ôóíäàìåíòàëüíûå ìîäåëè

�åíåðàòèâíûå ìîäåëè

�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 Ni
holson. A Beginner's Guide to Generative Adversarial Networks.

https://pathmind.
om/wiki/generative-adversarial-network-gan. 2019.
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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:

max log-ïðàâäîïîäîáèÿ äëÿ äèñêðèìèíàòèâíîé ìîäåëè D:

m∑

i=1

lnD(xi , β) + ln
(
1− D(G (zi , α), β)

)
→ max

β

îáó÷åíèå ãåíåðàòèâíîé ìîäåëè G ïî ñëó÷àéíîìó øóìó {zi}
m
i=1:

m∑

i=1

ln
(
1− D(G (zi , α), β)

)
→ min

α

Ian Goodfellow et al. Generative Adversarial Nets. 2014
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Àâòîêîäèðîâùèêè

Ôóíäàìåíòàëüíûå ìîäåëè

�åíåðàòèâíûå ìîäåëè

Ïðèìåðû GAN äëÿ ñèíòåçà èçîáðàæåíèé è âèäåî

Chuan Li, Mi
hael Wand. Pre
omputed 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 Fa
e Re
onstru
tion. ICCV-2019.

C.Chan, S.Ginosar, T.Zhou, A.Efros. Everybody Dan
e Now. ICCV-2019.
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�åçþìå

ÈÈ äî ìàøèííîãî îáó÷åíèÿ:

� ýêñïåðòíûå ñèñòåìû

� ñèñòåìû ïðåäñòàâëåíèÿ çíàíèé

� ñèñòåìû ëîãè÷åñêîãî âûâîäà

Òðè ýòàïà ðàçâèòèÿ ìàøèííîãî îáó÷åíèÿ

âåêòîð → âåêòîð → ñêàëÿð (shallow learning)

êîíñòðóèðîâàíèå áîëåå èí�îðìàòèâíûõ ïðèçíàêîâ

â çàäà÷àõ ïðåäñêàçàòåëüíîãî ìîäåëèðîâàíèÿ

ñòðóêòóðà → âåêòîð → ñêàëÿð (deep learning)

âåêòîðèçàöèÿ ñëîæíî ñòðóêòóðèðîâàííûõ äàííûõ,

îáó÷àåìàÿ ñîâìåñòíî ñ ïðåäñêàçàòåëüíîé ìîäåëüþ

ñòðóêòóðà → âåêòîð → ñòðóêòóðà (deep learning)

ãåíåðàòèâíûå ìîäåëè ñëîæíî ñòðóêòóðèðîâàííûõ äàííûõ
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