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¾Íå ñëåäóåò ïîëàãàòüñÿ íà ñ�îðìóëèðîâàííûå

àêñèîìû è �îðìàëüíûå áàçîâûå ïîíÿòèÿ,

êàêèìè áû ïðèâëåêàòåëüíûìè è ñïðàâåäëèâûìè

îíè íå êàçàëèñü. Çàêîíû ïðèðîäû íóæíî

¾ðàñøè�ðîâûâàòü¿ èç �àêòîâ îïûòà.

Ñëåäóåò èñêàòü ïðàâèëüíûé ìåòîä àíàëèçà

è îáîáùåíèÿ îïûòíûõ äàííûõ;

çäåñü ëîãèêà Àðèñòîòåëÿ íå ïîäõîäèò â ñèëó

å¼ àáñòðàêòíîñòè, îòîðâàííîñòè îò ðåàëüíûõ

ïðîöåññîâ è ÿâëåíèé.¿

Ôðýíñèñ Áýêîí

(1561�1626)

Òàáëèöû îòêðûòèÿ: ìíîæåñòâî ñëó÷àåâ x , êîãäà

ñâîéñòâî y ïðèñóòñòâîâàëî y(x) = 1

ñâîéñòâî y îòñóòñòâîâàëî y(x) = 0

íàáëþäàëîñü èçìåíåíèå ñòåïåíè ñâîéñòâà y(x)

Ôðýíñèñ Áýêîí. Íîâûé îðãàíîí. 1620.
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Ìåòîä íàèìåíüøèõ êâàäðàòîâ (�àóññ, 1795)

Ëèíåéíàÿ ìîäåëü ðåãðåññèè:

a(x ,w) =
n
∑

j=1

wj fj(x), w ∈ R
n.

Ìåòîä íàèìåíüøèõ êâàäðàòîâ:

Q(w) =
ℓ
∑

i=1

(

a(xi ,w)− yi
)2

→ min
w

.
Êàðë Ôðèäðèõ

�àóññ (1777�1855)

¾Our prin
iple, whi
h we have made

use of sin
e 1795, has lately been

published by Legendre...¿

C.F.Gauss. Theory of the motion of

the heavenly bodies moving about the

Sun in 
oni
 se
tions. 1809.
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Èñòîðèÿ òåðìèíà ¾ðåãðåññèÿ¿ (�àëüòîí, 1886)

Èññëåäîâàíèå íàñëåäñòâåííîñòè ðîñòà.

îòêëîíåíèå ðîñòà îò ñðåäíåãî â ïîïóëÿöèè:

∆xi � îòêëîíåíèå ðîñòà îòöà

∆yi � îòêëîíåíèå ðîñòà âçðîñëîãî ñûíà
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Ôðýíñèñ �àëüòîí

(1822�1911)

Regression to medio
rity � âîçâðàùåíèå ê ïîñðåäñòâåííîñòè
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Èñòîðèÿ òåðìèíà ¾ðåãðåññèÿ¿ (�àëüòîí, 1886)

¾�åãðåññèÿ ê ïîñðåäñòâåííîñòè¿ � óãîë íàêëîíà ìåíüøå 1

Ñêðûòûé ñìûñë: îáðàòíûé õîä èññëåäîâàíèÿ îò äàííûõ ê ìîäåëè

Galton F. Regression towards medio
rity in hereditary stature. 1886.
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Îáùàÿ îïòèìèçàöèîííàÿ çàäà÷à ìàøèííîãî îáó÷åíèÿ

Äàíî: îáó÷àþùàÿ âûáîðêà îáúåêòîâ {xi}
ℓ
i=1

Íàéòè: âåêòîð ïàðàìåòðîâ w ïðåäñêàçàòåëüíîé ìîäåëè a(x ,w)

Êðèòåðèé: ìèíèìóì ýìïèðè÷åñêîãî ðèñêà

ℓ
∑

i=1

Li (w) → min
w

ãäå Li (w) � �óíêöèÿ ïîòåðü ìîäåëè a(x ,w) íà îáúåêòå xi

Îáîáùåíèå: ìèíèìóì ðåãóëÿðèçîâàííîãî ýìïèðè÷åñêîãî ðèñêà

ℓ
∑

i=1

Li (w) +

r
∑

j=1

τjRj(w) → min
w

ãäå Rj � ðåãóëÿðèçàòîðû, τj � êîý��èöèåíòû ðåãóëÿðèçàöèè
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Îïòèìèçàöèîííàÿ çàäà÷à îáó÷åíèÿ ìîäåëè ðåãðåññèè

Äàíî: îáó÷àþùàÿ âûáîðêà (xi , yi )
ℓ
i=1, yi ∈ R

Íàéòè: âåêòîð ïàðàìåòðîâ w ìîäåëè ðåãðåññèè a(x ,w)

Êðèòåðèé: ìèíèìèçàöèÿ ýìïèðè÷åñêîãî ðèñêà

ℓ
∑

i=1

L
(

a(xi ,w)− yi
)

→ min
w

Óíèìîäàëüíûå �óíêöèè ïîòåðü L (ε) îò íåâÿçêè ε = a(x ,w)− y :
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Îïòèìèçàöèîííàÿ çàäà÷à îáó÷åíèÿ ìîäåëè êëàññè�èêàöèè

Äàíî: îáó÷àþùàÿ âûáîðêà (xi , yi )
ℓ
i=1, yi ∈ {−1,+1}

Íàéòè: âåêòîð w ìîäåëè êëàññè�èêàöèè a(x ,w) = sign g(x ,w)

Êðèòåðèé: àïïðîêñèìàöèÿ ýìïèðè÷åñêîãî ðèñêà

ℓ
∑

i=1

[

g(xi ,w)yi < 0
]

6

ℓ
∑

i=1

L
(

g(xi ,w)yi
)

→ min
w

Óáûâàþùèå �óíêöèè ïîòåðü L (µ) îò îòñòóïà µ = g(x ,w)y :

-5 -4 -3 -2 -1 0 1 2 3 4 5

0
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4

���������� ������������� SVM hinge 
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Çàäà÷à ìàêñèìèçàöèè ïðàâäîïîäîáèÿ

Äàíî: îáó÷àþùàÿ âûáîðêà (xi , yi )
ℓ
i=1, yi ∈ Y , |Y | < ∞

Íàéòè: ìîäåëü êëàññè�èêàöèè: a(x ,w) = argmax
y∈Y

g(xi ,wy )

ìîäåëü âåðîÿòíîñòè òîãî, ÷òî îáúåêò x îòíîñèòñÿ ê êëàññó y :

P(y |x ,w) =
exp g(x ,wy )

∑

z∈Y

exp g(x ,wz )
= SoftMax

y∈Y
g(x ,wy ),

ãäå SoftMax: RY → R
Y
� ãëàäêîå ïðåîáðàçîâàíèå ïðîèçâîëüíîãî

âåêòîðà â íîðìèðîâàííûé âåêòîð äèñêðåòíîãî ðàñïðåäåëåíèÿ.

Êðèòåðèé: ìàêñèìóì ïðàâäîïîäîáèÿ (log-loss):

−

ℓ
∑

i=1

lnP(yi |xi ,w) → min
w
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Ïðîáëåìû íåäîîáó÷åíèÿ è ïåðåîáó÷åíèÿ

Íåäîîáó÷åíèå (under�tting):

ìîäåëü ñëèøêîì ïðîñòà,

íåäîñòàòî÷íîå ÷èñëî

ïàðàìåòðîâ n

Ïåðåîáó÷åíèå (over�tting):

ìîäåëü ñëèøêîì ñëîæíà,

èçáûòî÷íîå ÷èñëî

ïàðàìåòðîâ n
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Ïîíÿòèå îáó÷àåìîñòè â SLT, Statisti
al Learning Theory

Ñåìåéñòâî êëàññè�èêàòîðîâ A îáó÷àåìî:

P
{

sup
a∈A

∣

∣P(a)− ν(a,X ℓ)
∣

∣ > ε
}

6 η,

P(a) � âåðîÿòíîñòü îøèáêè êëàññè�èêàòîðà,

ν(a,X ℓ) � ýìïèðè÷åñêèé ðèñê (÷àñòîòà

îøèáêè êëàññè�èêàòîðà a íà âûáîðêå).

Îñíîâíûå ðåçóëüòàòû VC-òåîðèè:

Îáîñíîâàíî îãðàíè÷åíèå ñëîæíîñòè A

Ïîíÿòèå ¼ìêîñòè ñåìåéñòâà, VCdim

Ìåòîä ñòðóêòóðíîé ìèíèìèçàöèè ðèñêà

Âàïíèê Â. Í., ×åðâîíåíêèñ À. ß.

Òåîðèÿ ðàñïîçíàâàíèÿ îáðàçîâ. Ì.: Íàóêà, 1974.

Âëàäèìèð

Íàóìîâè÷ Âàïíèê

Àëåêñåé ßêîâëåâè÷

×åðâîíåíêèñ

(1938�2014)
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Çàäà÷è, íåêîððåêòíî ïîñòàâëåííûå ïî Àäàìàðó

Ïðè÷èíà ïåðåîáó÷åíèÿ � ïîòåðÿ óñòîé÷èâîñòè ìîäåëè

ïî ìåðå ðîñòà ÷èñëà ïàðàìåòðîâ (ñòåïåíåé ñâîáîäû)

Çàäà÷à êîððåêòíî ïîñòàâëåíà,

åñëè å¼ ðåøåíèå:

ñóùåñòâóåò

åäèíñòâåííî

óñòîé÷èâî

Çàäà÷è âîññòàíîâëåíèÿ çàâèñèìîñòåé

ïî ýìïèðè÷åñêèì äàííûì � âñåãäà

íåêîððåêòíî ïîñòàâëåííûå.

Æàê Ñàëîìîí

Àäàìàð

(1865�1963)

�åãóëÿðèçàöèÿ � ýòî ââåäåíèå îãðàíè÷åíèé íà ìîäåëü.

Hadamard J. Sur les probl�emes aux d�eriv�ees partielles et leur signi�
ation physique. 1902.

Òèõîíîâ À. Í., Àðñåíèí Â. ß. Ìåòîäû ðåøåíèÿ íåêîððåêòíûõ çàäà÷. 1974.
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�åãóëÿðèçàöèÿ ëèíåéíûõ ìîäåëåé

�åãóëÿðèçàòîð � àääèòèâíàÿ äîáàâêà ê îñíîâíîìó êðèòåðèþ:

ℓ
∑

i=1

L
(

〈xi ,w〉, yi
)

+ τ øòðà�(w) → min
w

ãäå L (a, y) � �óíêöèÿ ïîòåðü, τ � êîý��èöèåíò ðåãóëÿðèçàöèè

�åãóëÿðèçàòîðû äëÿ ëèíåéíûõ ìîäåëåé:

L2-ðåãóëÿðèçàöèÿ (Ridge, SVM): øòðà�(w) =
n
∑

j=1

w2
j

L1-ðåãóëÿðèçàöèÿ (LASSO): øòðà�(w) =
n
∑

j=1
|wj |

L0-ðåãóëÿðèçàöèÿ (AIC, BIC): øòðà�(w) =
n
∑

j=1

[

wj 6= 0
]
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Ïðèíöèï ýìïèðè÷åñêîé èíäóêöèè

Ïðèíöèï ìèíèìèçàöèè ýìïèðè÷åñêîãî ðèñêà

Ïðèíöèï êîííåêöèîíèçìà

Èñêóññòâåííûé íåéðîí � ëèíåéíàÿ ìîäåëü êëàññè�èêàöèè

Ëèíåéíàÿ ìîäåëü íåéðîíà (1943):

a(x ,w) = σ

(

n
∑

j=1

wj fj(x)− w0

)

fj(x) � ïðèçíàêè îáúåêòà x

wj � âåñà ïðèçíàêîâ

w0 � ïîðîã àêòèâàöèè

σ(z) � �óíêöèÿ àêòèâàöèè

f1(x)

f2(x)

· · ·

fn(x)

∑

σ a(x)

w1
PP

P

((PP
P

w2
❬❬❬ --❬❬❬

...
wn♥♥♥

66♥♥♥

//

−1

w0

PP

Óîððåí Âàëüòåð

ÌàêÊàëëîê Ïèòòñ

(1898�1969) (1923�1969)
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Ïðèíöèï êîííåêöèîíèçìà

Äâóõñëîéíûå ñåòè � àïïðîêñèìàòîðû íåïðåðûâíûõ �óíêöèé

Ôóíêöèÿ σ(z) � ñèãìîèäà, åñëè lim
z→−∞

σ(z) = 0 è lim
z→+∞

σ(z) = 1.

Òåîðåìà Öûáåíêî (1989)

Åñëè σ(z) � íåïðåðûâíàÿ ñèãìîèäà, òî äëÿ ëþáîé íåïðåðûâíîé

íà [0, 1]n �óíêöèè f (x) ñóùåñòâóþò òàêèå çíà÷åíèÿ ïàðàìåòðîâ

H, αh ∈ R, wh ∈ R
n
, w0 ∈ R, ÷òî äâóõñëîéíàÿ ñåòü

a(x) =

H
∑

h=1

αhσ
(

〈x ,wh〉 − w0

)

ðàâíîìåðíî ïðèáëèæàåò f (x) ñ ëþáîé òî÷íîñòüþ ε:
∣

∣a(x)− f (x)
∣

∣ < ε, äëÿ âñåõ x ∈ [0, 1]n.

George Cybenko. Approximation by Superpositions of a Sigmoidal fun
tion.

Mathemati
s of Control, Signals, and Systems. 1989.
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Ïðèíöèï ìèíèìèçàöèè ýìïèðè÷åñêîãî ðèñêà

Ïðèíöèï êîííåêöèîíèçìà

�ëóáîêèå íåéðîííûå ñåòè (Deep Neural Network, DNN)

1965: ïåðâûå ãëóáîêèå íåéðîííûå ñåòè

1997: ðåêóððåíòíàÿ ñåòü LSTM äëÿ àíàëèçà ïîñëåäîâàòåëüíîñòåé

2012: ñâ¼ðòî÷íàÿ ñåòü äëÿ êëàññè�èêàöèè èçîáðàæåíèé AlexNet

Àðõèòåêòóðà ñåòè � ñòðóêòóðà ñëî¼â è ñâÿçåé ìåæäó íèìè,

ïîçâîëÿþùàÿ íàäåëÿòü DNN íóæíûìè ñâîéñòâàìè

DNN ïîçâîëÿþò ïðèíèìàòü íà âõîäå è ãåíåðèðîâàòü

íà âûõîäå ñëîæíî ñòðóêòóðèðîâàííûå äàííûå

Èâ�àõíåíêî À. �., Ëàïà Â. �. Êèáåðíåòè÷åñêèå ïðåäñêàçûâàþùèå óñòðîéñòâà. 1965

Ho
hreiter S., S
hmidhuber J. Neural Computation, 9(8), 1997

Krizhevsky A. et al. ImageNet 
lassi�
ation with deep 
onvolutional neural networks. 2012
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Ïðèíöèï ìèíèìèçàöèè ýìïèðè÷åñêîãî ðèñêà

Ïðèíöèï êîííåêöèîíèçìà

�ëóáèíà âàæíåå øèðèíû

An
LH � ñåìåéñòâî ïîëíîñâÿçíûõ ìíîãîñëîéíûõ ñåòåé a(x ,w):

n ïðèçíàêîâ, L ñëî¼â, H íåéðîíîâ â êàæäîì ñëîå, x ∈ R
n
,

�óíêöèè àêòèâàöèè êóñî÷íî-ëèíåéíûå: ReLU, hard-tanh è ò.ï.

Ìåðà ðàçíîîáðàçèÿ ñåìåéñòâà An
LH � ìàêñèìàëüíîå ÷èñëî

ó÷àñòêîâ ëèíåéíîñòè a(x ,w) � âûïóêëûõ ìíîãîãðàííèêîâ â R
n
.

Ïðèìåð. Ó÷àñòêè ëèíåéíîñòè, n = 2, L = 3, H = 4:

Òåîðåìà. �àçíîîáðàçèå ñåìåéñòâà An
LH ðàñò¼ò êàê O(HnL).

M.Raghu et al. On the Expressive Power of Deep Neural Networks, 2016.
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Àâòîêîäèðîâùèêè, âåêòîðèçàöèÿ òåêñòîâ è ãðà�îâ

�åíåðàöèÿ ïðèçíàêîâ äëÿ ðàñïîçíàâàíèÿ èçîáðàæåíèé

Êëàññè÷åñêèé ïîäõîä ê ðàñïîçíàâàíèþ èçîáðàæåíèé:

Ñîâðåìåííûé ïîäõîä � end-to-end Deep Learning:

Sanjeev Arora. Toward theoreti
al understanding of deep learning. ICML-2018 Tutorial

https://unsupervised.
s.prin
eton.edu/deeplearningtutorial.html
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�ëóáîêèå ñâ¼ðòî÷íûå ñåòè äëÿ êëàññè�èêàöèè èçîáðàæåíèé

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

Ñâ¼ðòî÷íûå

íåéðîííûå ñåòè

AlexNet (2012)

ResNet (2015)

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

Krizhevsky A. et al. ImageNet 
lassi�
ation with deep 
onvolutional neural networks. 2012

Kaiming He et al. Deep residual learning for image re
ognition. 2015
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Àâòîêîäèðîâùèêè, âåêòîðèçàöèÿ òåêñòîâ è ãðà�îâ

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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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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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, èíîãäà äàæå îäíîãî.

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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Îáó÷àåìàÿ âåêòîðèçàöèÿ äàííûõ: çàäà÷à àâòîêîäèðîâùèêà

Äàíî: îáó÷àþùàÿ âûáîðêà îáúåêòîâ {xi}
ℓ
i=1

Íàéòè: z = f (x , α) � ìîäåëü êîäèðîâùèêà (en
oder)

x̂=g(z , β) � ìîäåëü äåêîäèðîâùèêà (de
oder)

Êðèòåðèé: êà÷åñòâî ðåêîíñòðóêöèè èñõîäíûõ îáúåêòîâ

ℓ
∑

i=1

L
(

g(f (xi , α), β), xi
)

→ min
α,β

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

Äëÿ ëèíåéíîãî àâòîêîäèðîâùèêà f (x ,A) = Ax , g(z ,B) = Bz ,

çàäà÷à ñâîäèòñÿ ê (íèçêîðàíãîâîìó) ìàòðè÷íîìó ðàçëîæåíèþ:

ℓ
∑

i=1

‖BAxi − xi‖
2 → min

A,B
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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

Ôóíêöèè 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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�åíåðàòèâíûå ìîäåëè

Ïðîáëåñêè îáùåãî èñêóññòâåííîãî èíòåëëåêòà

Î ïåðñïåêòèâàõ ðàçâèòèÿ èñêóññòâåííîãî èíòåëëåêòà

�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 et al. 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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�åíåðàòèâíûå ìîäåëè

Ïðîáëåñêè îáùåãî èñêóññòâåííîãî èíòåëëåêòà

Î ïåðñïåêòèâàõ ðàçâèòèÿ èñêóññòâåííîãî èíòåëëåêòà

Ïîñòàíîâêà çàäà÷è GAN

Äàíî: âûáîðêà îáúåêòîâ {xi}
ℓ
i=1

Íàéòè äâå âåðîÿòíîñòíûå ìîäåëè:

ìîäåëü x = G (z , α) ãåíåðàöèè x ∼ p(x |z , α) èç øóìà z

äèñêðèìèíàòèâíàÿ ìîäåëü D(x , β) = p(1|x , β)

Êðèòåðèé: log ïðàâäîïîäîáèÿ äèñêðèìèíàòèâíîé ìîäåëè;

ãåíåðàòîð G (z) ó÷èòñÿ ïîðîæäàòü îáúåêòû x èç øóìà z ,

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

â àíòàãîíèñòè÷åñêîé èãðå ãåíåðàòîðà ïðîòèâ äèñêðèìèíàòîðà:

ℓ
∑

i=1

lnD(xi , β) + ln
(

1− D(G (zi , α), β)
)

→ max
β

min
α

Ian Goodfellow et al. Generative Adversarial Nets. 2014
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�åíåðàòèâíûå ìîäåëè

Ïðîáëåñêè îáùåãî èñêóññòâåííîãî èíòåëëåêòà

Î ïåðñïåêòèâàõ ðàçâèòèÿ èñêóññòâåííîãî èíòåëëåêòà

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.

Caroline Chan, Shiry Ginosar, Tinghui Zhou, Alexei A. Efros. Everybody Dan
e Now.

ICCV-2019.
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�åíåðàòèâíûå ìîäåëè

Ïðîáëåñêè îáùåãî èñêóññòâåííîãî èíòåëëåêòà

Î ïåðñïåêòèâàõ ðàçâèòèÿ èñêóññòâåííîãî èíòåëëåêòà

Ýâîëþöèÿ ïîäõîäîâ ìàøèííîãî îáó÷åíèÿ â àíàëèçå òåêñòîâ

Äåêîìïîçèöèÿ çàäà÷ ïî óðîâíÿì ïèðàìèäû NLP

ìîð�îëîãè÷åñêèé àíàëèç, ëåììàòèçàöèÿ, îïå÷àòêè

ñèíòàêñè÷åñêèé àíàëèç, âûäåëåíèå òåðìèíîâ, NER

ñåìàíòè÷åñêèé àíàëèç, âûäåëåíèå �àêòîâ, òåì

Ìîäåëè âåêòîðíûõ ïðåäñòàâëåíèé (ýìáåäèíãîâ)

ñëîâ íà îñíîâå ìàòðè÷íûõ ðàçëîæåíèé

ìîäåëè äèñòðèáóòèâíîé ñåìàíòèêè:

word2ve
 [Mikolov, 2013℄, FastText [Bojanowski, 2016℄

òåìàòè÷åñêèå ìîäåëè LDA [Blei, 2003℄, ARTM [2014℄

Íåéðîñåòåâûå ìîäåëè ëîêàëüíûõ êîíòåêñòîâ

ðåêóððåíòíûå íåéðîííûå ñåòè

ìîäåëè âíèìàíèÿ è òðàíñ�îðìåðû:

BERT [2018℄, GPT-3 [2020℄, GPT-4 [2023℄

Ê.Â. Âîðîíöîâ (voron�mlsa-iai.ru) Èñêóññòâåííûé èíòåëëåêò: ýâîëþöèÿ èäåé 29 / 43



Âåêòîð → ñêàëÿð

Ñòðóêòóðà → âåêòîð → ñêàëÿð
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�åíåðàòèâíûå ìîäåëè

Ïðîáëåñêè îáùåãî èñêóññòâåííîãî èíòåëëåêòà

Î ïåðñïåêòèâàõ ðàçâèòèÿ èñêóññòâåííîãî èíòåëëåêòà

Ìîäåëè âíèìàíèÿ äëÿ ìàøèííîãî ïåðåâîäà

Âõîä: {xi} � ïîñëåäîâàòåëüíîñòü ñëîâ âõîäíîãî ÿçûêà

Âûõîä: {yt} � ïîñëåäîâàòåëüíîñòü ñëîâ âûõîäíîãî ÿçûêà

Èíòåðïðåòàöèÿ: ìàòðèöà ait ïîêàçûâàåò, íà êàêèå ñëîâà xi
ìîäåëü îáðàùàåò âíèìàíèå, ãåíåðèðóÿ ñëîâî ïåðåâîäà yt

Bahdanau et al. Neural ma
hine translation by jointly learning to align and translate. 2015.
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�åíåðàòèâíûå ìîäåëè

Ïðîáëåñêè îáùåãî èñêóññòâåííîãî èíòåëëåêòà

Î ïåðñïåêòèâàõ ðàçâèòèÿ èñêóññòâåííîãî èíòåëëåêòà

Ìîäåëè âíèìàíèÿ äëÿ àííîòèðîâàíèÿ èçîáðàæåíèé

Ïîäñâå÷åíû îáëàñòè, íà êîòîðûå ìîäåëü îáðàùàåò âíèìàíèå,

êîãäà ãåíåðèðóåò ïîä÷¼ðêíóòîå ñëîâî â àííîòàöèè èçîáðàæåíèÿ

Kelvin Xu et al. Show, attend and tell: neural image 
aption generation with visual

attention. 2016
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Ïðîáëåñêè îáùåãî èñêóññòâåííîãî èíòåëëåêòà

Î ïåðñïåêòèâàõ ðàçâèòèÿ èñêóññòâåííîãî èíòåëëåêòà

Òðàñ�îðìåð äëÿ ìàøèííîãî ïåðåâîäà

Òðàñ�îðìåð (transformer) � ýòî íåéðîñåòåâàÿ àðõèòåêòóðà

íà îñíîâå ìîäåëåé âíèìàíèÿ è ïîëíîñâÿçíûõ ñëî¼â

Ñõåìà ïðåîáðàçîâàíèé äàííûõ â ìàøèííîì ïåðåâîäå:

S = (w1, . . . ,wn) � ñëîâà ïðåäëîæåíèÿ íà âõîäíîì ÿçûêå

↓ îáó÷àåìàÿ èëè ïðåä-îáó÷åííàÿ âåêòîðèçàöèÿ ñëîâ

X = (x1, . . . , xn) � âåêòîðû ñëîâ âõîäíîãî ïðåäëîæåíèÿ

↓ òðàíñ�îðìåð-êîäèðîâùèê

Z = (z1, . . . , zn) � êîíòåêñòíûå âåêòîðû ñëîâ

↓ òðàíñ�îðìåð-äåêîäèðîâùèê, ïîõîæ íà êîäèðîâùèêà

Y = (y1, . . . , ym) � âåêòîðû ñëîâ âûõîäíîãî ïðåäëîæåíèÿ

↓ ãåíåðàöèÿ ñëîâ èç ïîñòðîåííîé ÿçûêîâîé ìîäåëè

S̃ = (w̃1, . . . , w̃m) � ñëîâà ïðåäëîæåíèÿ íà âûõîäíîì ÿçûêå

Vaswani et al. (Google) Attention is all you need. 2017.
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Ñòðóêòóðà → âåêòîð → ñêàëÿð

Ñòðóêòóðà → âåêòîð → ñòðóêòóðà

�åíåðàòèâíûå ìîäåëè

Ïðîáëåñêè îáùåãî èñêóññòâåííîãî èíòåëëåêòà

Î ïåðñïåêòèâàõ ðàçâèòèÿ èñêóññòâåííîãî èíòåëëåêòà

Ìîäåëü âíèìàíèÿ Query�Key�Value

q � âåêòîð-çàïðîñ äëÿ òðàíñ�îðìàöèè â âåêòîð-êîíòåêñò c

K = (k1, . . . , kn) � âåêòîðû-êëþ÷è, ñðàâíèâàåìûå ñ çàïðîñîì

V = (vi , . . . , vn) � âåêòîðû-çíà÷åíèÿ, îáðàçóþùèå êîíòåêñò

Ìîäåëü âíèìàíèÿ � òð¼õñëîéíàÿ ñåòü, âû÷èñëÿþùàÿ c êàê

âûïóêëóþ êîìáèíàöèþ âåêòîðîâ vi , ðåëåâàíòíûõ çàïðîñó q:

c = Attn(q,K ,V ) =
∑

i

vi SoftMaxi a(ki , q),

ãäå a(k , q) � îöåíêà ðåëåâàíòíîñòè êëþ÷à k çàïðîñó q,

íàïðèìåð a(k , q) = kòq èëè kòWq ñ ìàòðèöåé ïàðàìåòðîâ W

Ìîäåëü âíóòðåííåãî âíèìàíèÿ (ñàìîâíèìàíèÿ, self-attention):

ci = Attn(Wqxi ,WkX ,WvX )

òðàíñ�îðìèðóåò âõîäíóþ ïîñëåäîâàòåëüíîñòü X = (x1, . . . , xn)
â âûõîäíóþ ïîñëåäîâàòåëüíîñòü âåêòîðîâ êîíòåêñòà (c1, . . . , cn)
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Ñòðóêòóðà → âåêòîð → ñêàëÿð

Ñòðóêòóðà → âåêòîð → ñòðóêòóðà

�åíåðàòèâíûå ìîäåëè

Ïðîáëåñêè îáùåãî èñêóññòâåííîãî èíòåëëåêòà

Î ïåðñïåêòèâàõ ðàçâèòèÿ èñêóññòâåííîãî èíòåëëåêòà

Àðõèòåêòóðà òðàíñ�îðìåðà-êîäèðîâùèêà

1. Äîáàâëÿþòñÿ ïîçèöèîííûå âåêòîðû pi :

hi = xi + pi , H = (h1, . . . , hn) d = dim xi , pi , hi = 512
dimH = 512×n

2. Ìíîãîìåðíîå ñàìîâíèìàíèå: j = 1, . . . , J = 8

h
j
i = Attn(W j

qhi ,W
j
kH,W

j
vH) dim h

j
i
= 64

dimW j
q,W

j
k
,W j

v = 64×512

3. Êîíêàòåíàöèÿ:

h′i = MHj(h
j
i ) ≡

[

h1i · · · h
J
i

]

dim h′i = 512

4. Ñêâîçíàÿ ñâÿçü + íîðìèðîâêà óðîâíÿ:

h′′i = LN(h′i + hi ;µ1, σ1) dim h′′i , µ1, σ1 = 512

5. Ïîëíîñâÿçíàÿ 2õ-ñëîéíàÿ ñåòü FFN:

h′′′i = W2 ReLU(W1h
′′
i + b1) + b2 dimW1 = 2048×512

dimW2 = 512×2048

6. Ñêâîçíàÿ ñâÿçü + íîðìèðîâêà óðîâíÿ:

zi = LN(h′′′i + h′′i ;µ2, σ2) dim zi , µ2, σ2 = 512
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Ñòðóêòóðà → âåêòîð → ñêàëÿð

Ñòðóêòóðà → âåêòîð → ñòðóêòóðà

�åíåðàòèâíûå ìîäåëè

Ïðîáëåñêè îáùåãî èñêóññòâåííîãî èíòåëëåêòà

Î ïåðñïåêòèâàõ ðàçâèòèÿ èñêóññòâåííîãî èíòåëëåêòà

Àðõèòåêòóðà òðàíñ�îðìåðà äåêîäèðîâùèêà

Àâòîðåãðåññèîííûé ñèíòåç ïîñëåäîâàòåëüíîñòè:

y0 = 〈BOS〉 � ýìáåäèíã ñèìâîëà íà÷àëà;

äëÿ âñåõ t = 1, 2, . . . :

1. Ìàñêèðîâàíèå ¾äàííûõ èç áóäóùåãî¿:

ht = yt−1 + pt ; Ht = (h1, . . . , ht)

2. Ìíîãîìåðíîå ñàìîâíèìàíèå:

h′t = LN ◦MHj ◦ Attn(W
j
qht ,W

j
kHt ,W

j
vHt)

3. Ìíîãîìåðíîå âíèìàíèå íà êîäèðîâêó Z :

h′′t = LN ◦MHj ◦ Attn(W̃
j
qh

′

t , W̃
j
kZ , W̃

j
vZ )

4. Äâóõñëîéíàÿ ïîëíîñâÿçíàÿ ñåòü:

yt = LN ◦ FFN(h′′t )

5. Ëèíåéíûé ïðåäñêàçûâàþùèé ñëîé:

p(w̃ |t) = SoftMaxw̃ (Wyyt + by )

ãåíåðàöèÿ w̃t = argmax
w̃

p(w̃ |t) ïîêà w̃t 6= 〈EOS〉

Vaswani et al. (Google) Attention is all you need. 2017.
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Ñòðóêòóðà → âåêòîð → ñêàëÿð

Ñòðóêòóðà → âåêòîð → ñòðóêòóðà

�åíåðàòèâíûå ìîäåëè

Ïðîáëåñêè îáùåãî èñêóññòâåííîãî èíòåëëåêòà

Î ïåðñïåêòèâàõ ðàçâèòèÿ èñêóññòâåííîãî èíòåëëåêòà

BERT (Bidire
tional En
oder Representations from Transformers)

Òðàíñ�îðìåð BERT � ýòî êîäèðîâùèê áåç äåêîäèðîâùèêà,

ïðåäîáó÷àåìûé íà áîëüøîé òåêñòîâîé êîëëåêöèè äëÿ ðåøåíèÿ

øèðîêîãî êëàññà çàäà÷ NLP

Ñõåìà ïðåîáðàçîâàíèÿ äàííûõ â çàäà÷àõ NLP:

S = (w1, . . . ,wn) � òîêåíû ïðåäëîæåíèÿ âõîäíîãî òåêñòà

↓ îáó÷åíèå ýìáåäèíãîâ âìåñòå ñ òðàíñ�îðìåðîì

X = (x1, . . . , xn) � ýìáåäèíãè òîêåíîâ âõîäíîãî ïðåäëîæåíèÿ

↓ òðàíñ�îðìåð êîäèðîâùèêà

Z = (z1, . . . , zn) � òðàíñ�îðìèðîâàííûå ýìáåäèíãè

↓ äîîáó÷åíèå íà êîíêðåòíóþ çàäà÷ó

Y � âûõîäíîé òåêñò / ðàçìåòêà / êëàññè�èêàöèÿ è ò.ï.

Ja
ob Devlin, Ming-Wei Chang, Kenton Lee, Kristina Toutanova (Google AI Language)

BERT: pre-training of deep bidire
tional transformers for language understanding. 2019.
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Î ïåðñïåêòèâàõ ðàçâèòèÿ èñêóññòâåííîãî èíòåëëåêòà

Êðèòåðèè îáó÷åíèÿ òðàíñ�îðìåðîâ

Ìàøèííûé ïåðåâîä: ìàêñèìèçàöèÿ ïðàâäîïîäîáèÿ ñëîâ

ïåðåâîäà w̃t ïî âûáîðêå ïàð ïðåäëîæåíèé ¾S , ïåðåâîä S̃¿:
∑

(S,S̃)

∑

w̃t∈S̃

ln p(w̃t |t,S ,W ) → max
W

BERT MLM (masked language modeling):

ïðåäñêàçàíèå ïðîïóùåííûõ ñëîâ ïî ëîêàëüíîìó êîíòåêñòó

BERT NSP (next senten
e predi
tion):

ïðåäñêàçàíèå, ñëåäóþò ëè äâà ïðåäëîæåíèÿ äðóã çà äðóãîì

Fine-tuning: äîîáó÷åíèå òðàíñ�îðìåðà Z (S ,W ) íà çàäà÷å
ñ ìîäåëüþ f (Z (S ,W ),Wf ), âûáîðêîé {S} è L (S , f ) → max

Multi-task learning: äîîáó÷åíèå íà íàáîðå çàäà÷ {t}
ñ ìîäåëÿìè ft(Z (S ,W ),Wt), âûáîðêàìè {S}t , ïî ñóììå

êðèòåðèåâ

∑

t λt

∑

S Lt(S , ft) → max
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Ñòðóêòóðà → âåêòîð → ñêàëÿð

Ñòðóêòóðà → âåêòîð → ñòðóêòóðà

�åíåðàòèâíûå ìîäåëè

Ïðîáëåñêè îáùåãî èñêóññòâåííîãî èíòåëëåêòà

Î ïåðñïåêòèâàõ ðàçâèòèÿ èñêóññòâåííîãî èíòåëëåêòà

ChatGPT è GPT-4: ïðîáëåñêè îáùåãî èñêóññòâåííîãî èíòåëëåêòà

Íîâûå ñïîñîáíîñòè ìîäåëè, íå çàêëàäûâàâøèåñÿ ïðè îáó÷åíèè:

îáúÿñíÿòü ñâîè îòâåòû, ïåðå�ðàçèðîâàòü

ðå�åðèðîâàòü, ãåíåðèðîâàòü ïëàíû, ñöåíàðèè, øàáëîíû

ïåðåâîäèòü íà äðóãèå ÿçûêè, ñòðîèòü àíàëîãèè,

ìåíÿòü òîíàëüíîñòü, ñòèëü, ãëóáèíó èçëîæåíèÿ

ãåíåðèðîâàòü ïðîãðàììíûé êîä íà ðàçëè÷íûõ ÿçûêàõ

ðåøàòü íåêîòîðûå ìàòåìàòè÷åñêèå çàäà÷è

èñêàòü è èñïðàâëÿòü ñîáñòâåííûå îøèáêè ïî ïîäñêàçêå

Ê.Â. Âîðîíöîâ (voron�mlsa-iai.ru) Èñêóññòâåííûé èíòåëëåêò: ýâîëþöèÿ èäåé 38 / 43



Âåêòîð → ñêàëÿð

Ñòðóêòóðà → âåêòîð → ñêàëÿð

Ñòðóêòóðà → âåêòîð → ñòðóêòóðà

�åíåðàòèâíûå ìîäåëè

Ïðîáëåñêè îáùåãî èñêóññòâåííîãî èíòåëëåêòà

Î ïåðñïåêòèâàõ ðàçâèòèÿ èñêóññòâåííîãî èíòåëëåêòà

Ïîÿâëåíèå ó ìîäåëè êà÷åñòâåííî íîâûõ ñïîñîáíîñòåé

GPT-2: 14/Feb/2019, êîíòåêñò 768 ñëîâ (1,5 ñòðàíèöû)

1,5 ìëðä. ïàðàìåòðîâ, êîðïóñ 10 ìëðä. òîêåíîâ (40Gb)

ñïîñîáíîñòü íàïèñàòü ýññå, êîòîðîå êîíêóðñíîå æþðè

íå ñìîãëî îòëè÷èòü îò íàïèñàííîãî ÷åëîâåêîì
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Ïîÿâëåíèå ó ìîäåëè êà÷åñòâåííî íîâûõ ñïîñîáíîñòåé

GPT-3: 11/Jun/2020, êîíòåêñò 1536 ñëîâ (3 ñòðàíèöû)

175 ìëðä. ïàðàìåòðîâ, êîðïóñ 500 ìëðä. òîêåíîâ

ñïîñîáíîñòü äåëàòü ïåðåâîä íà äðóãèå ÿçûêè,

ðåøàòü ëîãè÷åñêèå è ìàòåìàòè÷åñêèå çàäà÷è,

ãåíåðèðîâàòü ïðîãðàììíûé êîä ïî îïèñàíèþ
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Ïîÿâëåíèå ó ìîäåëè êà÷åñòâåííî íîâûõ ñïîñîáíîñòåé

GPT-4: 14/Mar/2023, êîíòåêñò 24 000 ñëîâ (48 ñòðàíèö)

>1 òðë. ïàðàìåòðîâ, êîðïóñ >1Tb

ñïîñîáíîñòü îïèñûâàòü è àíàëèçèðîâàòü èçîáðàæåíèÿ,

ðåàãèðîâàòü íà ïîäñêàçêè âðîäå ¾Let's think step by step¿,

ðåøàòü êà÷åñòâåííûå �èçè÷åñêèå çàäà÷è ïî êàðòèíêå
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Î ïåðñïåêòèâàõ ðàçâèòèÿ èñêóññòâåííîãî èíòåëëåêòà

Ïîíèìàíèå ýâîëþöèè ÈÈ êàê àâòîìàòèçàöèè øàãîâ CRISP-DM

CRISP-DM: CRoss Industry Standard

Pro
ess for Data Mining (1999)

Ýâîëþöèÿ ÈÈ:

Expert Systems:

æ¼ñòêèå ìîäåëè,

îñíîâàííûå íà ïðàâèëàõ

Ma
hine Learning:

ïàðàìåòðè÷åñêèå ìîäåëè,

îáó÷àåìûå ïî äàííûì
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Ïîíèìàíèå ýâîëþöèè ÈÈ êàê àâòîìàòèçàöèè øàãîâ CRISP-DM

CRISP-DM: CRoss Industry Standard

Pro
ess for Data Mining (1999)

Ýâîëþöèÿ ÈÈ:

Expert Systems:

æ¼ñòêèå ìîäåëè,

îñíîâàííûå íà ïðàâèëàõ

Ma
hine Learning:

ïàðàìåòðè÷åñêèå ìîäåëè,

îáó÷àåìûå ïî äàííûì

Deep Learning:

ìîäåëè ñ îáó÷àåìîé

âåêòîðèçàöèåé äàííûõ
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Ïîíèìàíèå ýâîëþöèè ÈÈ êàê àâòîìàòèçàöèè øàãîâ CRISP-DM

CRISP-DM: CRoss Industry Standard

Pro
ess for Data Mining (1999)

Ýâîëþöèÿ ÈÈ:

Expert Systems:

æ¼ñòêèå ìîäåëè,

îñíîâàííûå íà ïðàâèëàõ

Ma
hine Learning:

ïàðàìåòðè÷åñêèå ìîäåëè,

îáó÷àåìûå ïî äàííûì

Deep Learning:

ìîäåëè ñ îáó÷àåìîé

âåêòîðèçàöèåé äàííûõ

AutoML:

àâòîìàòè÷åñêèé âûáîð

ìîäåëåé è àðõèòåêòóð
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Î ïåðñïåêòèâàõ ðàçâèòèÿ èñêóññòâåííîãî èíòåëëåêòà

Ïîíèìàíèå ýâîëþöèè ÈÈ êàê àâòîìàòèçàöèè øàãîâ CRISP-DM

CRISP-DM: CRoss Industry Standard

Pro
ess for Data Mining (1999)

Ýâîëþöèÿ ÈÈ:

Expert Systems:

æ¼ñòêèå ìîäåëè,

îñíîâàííûå íà ïðàâèëàõ

Ma
hine Learning:

ïàðàìåòðè÷åñêèå ìîäåëè,

îáó÷àåìûå ïî äàííûì

Deep Learning:

ìîäåëè ñ îáó÷àåìîé

âåêòîðèçàöèåé äàííûõ

AutoML:

àâòîìàòè÷åñêèé âûáîð

ìîäåëåé è àðõèòåêòóð

Lifelong Learning:

áåñøîâíàÿ èíòåãðàöèÿ

îáó÷åíèÿ è âûáîðà

ìîäåëåé â áèçíåñ-ïðîöåññ

Ê.Â. Âîðîíöîâ (voron�mlsa-iai.ru) Èñêóññòâåííûé èíòåëëåêò: ýâîëþöèÿ èäåé 42 / 43



Âåêòîð → ñêàëÿð

Ñòðóêòóðà → âåêòîð → ñêàëÿð

Ñòðóêòóðà → âåêòîð → ñòðóêòóðà

�åíåðàòèâíûå ìîäåëè
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Î ïåðñïåêòèâàõ ðàçâèòèÿ èñêóññòâåííîãî èíòåëëåêòà

�îìîãåíèçàöèÿ âåêòîðíûõ ìîäåëåé (Foundation Models)

Îáó÷àåìàÿ âåêòîðèçàöèÿ äàííûõ � ãëîáàëüíûé òðåíä AI/ML

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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