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Ïðèíöèï ýìïèðè÷åñêîé èíäóêöèè

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.¿

Òàáëèöà îòêðûòèÿ: ìíîæåñòâî îáúåêòîâ {xi : i = 1, . . . , ℓ}

f (xi) � èçìåðÿåìîå çíà÷åíèå ïðèçíàêà îáúåêòà xi

yi ∈ R � èçìåðÿåìîå çíà÷åíèå öåëåâîãî ñâîéñòâà xi , ëèáî

yi ∈ {0, 1} � îòñóòñòâèå èëè íàëè÷èå öåëåâîãî ñâîéñòâà

Ôðýíñèñ Áýêîí

(1561�1626)

Ôðýíñèñ Áýêîí. Íîâûé îðãàíîí. 1620.
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Çàäà÷à âîññòàíîâëåíèÿ çàâèñèìîñòåé ïî ýìïèðè÷åñêèì äàííûì

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

fj(x) � ïðèçíàêè îáúåêòà x , j = 1, . . . , n
yi = y(xi ) � îòâåòû (çíà÷åíèÿ öåëåâîãî ñâîéñòâà y), i = 1, . . . , ℓ

Íàéòè: ïàðàìåòðû w ìîäåëè a(x ,w), ïðèáëèæàþùåé çàâèñèìîñòü y(x)

Êðèòåðèé: ìèíèìóì ýìïèðè÷åñêîãî ðèñêà

Q(w) =
ℓ∑

i=1
L (a(xi ,w), yi ) + R(w) → min

w
,

L (a, y) � �óíêöèÿ ïîòåðü (îòëè÷èå a îò ïðàâèëüíîãî îòâåòà y)

R(w) � ðåãóëÿðèçàòîð, äîïîëíèòåëüíûå òðåáîâàíèÿ ê ìîäåëè

Îñíîâíûå òèïû çàäà÷ îáó÷åíèÿ ñ ó÷èòåëåì:

ðåãðåññèÿ: yi ∈ R, L (a, y) = (a − y)2

êëàññè�èêàöèÿ: yi ∈ {−1,+1}, L (a, y) = [sign a 6= y ] = [ay < 0] 6 L(ay)
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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 sign z , th z , 1
1+e−z , . . .

f1(x)

f2(x)

· · ·

fn(x)

∑
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Óîððåí Âàëüòåð

ÌàêÊàëëîê Ïèòòñ

(1898�1969) (1923�1969)
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Ïåðñåïòðîí �îçåíáëàòòà (1957) è òåîðåìà Íîâèêîâà (1960)

Mark-1 � ïåðâûé íåéðîêîìïüþòåð (1960)

Îáó÷åíèå � ìåòîä êîððåêöèè îøèáêè

Àðõèòåêòóðà � äâóõñëîéíàÿ íåéðîííàÿ ñåòü

Ôðýíê �îçåíáëàòò

(1928�1971)

�îçåíáëàòò Ô. Ïðèíöèïû íåéðîäèíàìèêè. Ïåðöåïòðîíû è òåîðèÿ ìåõàíèçìîâ ìîçãà. 1965 (1962).

Noviko� A. B. J. On 
onvergen
e proofs on per
eptrons. 1962.
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Îñíîâíûå âåõè ðàçâèòèÿ íåéðîííûõ ñåòåé
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Äæå��ðè Õèíòîí è îñíîâíûå âåõè ðàçâèòèÿ òåîðèè íåéðîííûõ ñåòåé

ðåêóððåíòíûå ñåòè

Hop�eld J. Neural networks and physi
al systems with emergent 
olle
tive 
omputational abilities. 1982.

A
kley D.H., Hinton G., Sejnowski T.J. A learning algorithm for Boltzmann ma
hines. 1985.

Ho
hreiter S., S
hmidhuber J. Long short-term memory. 1997.

ìåòîä Ba
kProp

�àëóøêèí Àëåêñàíäð Èâàíîâè÷. Ñèíòåç ìíîãîñëîéíûõ ñèñòåì ðàñïîçíàâàíèÿ îáðàçîâ. 1974.

Rummelhart D., Hinton G., Williams R. Learning internal representations by error propagation. 1985.

LeCun Y. Une pro
edure d'aprentissage pour reseau a seuil assymetrique. 1985.

Parker D. B. Learning-logi
: Casting the 
ortex of the human brain in sili
on. 1985.

ãëóáîêèå ñåòè

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

Rina De
hter. Learning while sear
hing in 
onstraint-satisfa
tion problems. 1986.

Hinton G. Learning multiple layers of representation. 2007.

ñâ¼ðòî÷íûå ñåòè

LeCun, Bottou, Bengio, Ha�ner. Gradient-based learning applied to do
ument re
ognition. 1998.

Krizhevsky, Sutskever, Hinton G. ImageNet 
lassi�
ation with deep 
onvolutional neural networks. 2012.

êàïñóëüíûå ñåòè Sabour S., Frosst N., Hinton G. Dynami
 Routing Between Capsules. 2017.

ãåíåðàòèâíûå ñåòè

Hinton G., Osindero S., Teh Y.W. A fast learning algorithm for deep belief nets. 2006.

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

Goodfellow I. et al. Generative Adversarial Nets. 2014.

Vaswani A. et al. Attention is all you need. 2017.
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Òðè îñíîâíûõ ýòàïà. Ýòàï 1: âåêòîð → ñêàëÿð

Ïðåäñêàçàòåëüíîå ìîäåëèðîâàíèå âåêòîðíûõ äàííûõ

Âõîä: âåêòîðíûå ïðèçíàêîâûå îïèñàíèÿ îáúåêòîâ

Âûõîä: ñêàëÿðíûå îòâåòû (ðåøåíèÿ, êëàññè�èêàöèè, ïðåäñêàçàíèÿ, ïðîãíîçû)

Ïðèëîæåíèÿ: ìåäèöèíñêàÿ äèàãíîñòèêà, ãåîëîãè÷åñêîå ïðîãíîçèðîâàíèå,

êðåäèòíûé ñêîðèíã, ïðîãíîçèðîâàíèå îáú¼ìîâ ïåðåâîçîê, ïðîäàæ,...

Ìîäåëè: kNN, NB, SVM, RBF, LR, MVR, GLM, MLP, ID3, CART, RF, GBM,...
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Òðè îñíîâíûõ ýòàïà. Ýòàï 2: ñòðóêòóðà → âåêòîð → ñêàëÿð

Îáó÷àåìàÿ âåêòîðèçàöèÿ ñëîæíî ñòðóêòóðèðîâàííûõ äàííûõ

Âõîä: ñëîæíî ñòðóêòóðèðîâàííûå ¾ñûðûå¿ äàííûå îáúåêòîâ

Âûõîä: âåêòîðíûå ïðåäñòàâëåíèÿ îáúåêòîâ, çàòåì îòâåòû

Ïðèëîæåíèÿ: êëàññè�èêàöèÿ èçîáðàæåíèé, òåêñòîâ, ñèãíàëîâ, ãîëîñîâûõ êîìàíä,

èí�îðìàöèîííûé ïîèñê è ðåêîìåíäàöèè, áèîìåòðè÷åñêàÿ èäåíòè�èêàöèÿ,...

Ìîäåëè: CNN, AlexNet, ResNet, SNE, tSNE, GNN, word2ve
, FastText, BERT,...
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Òðè îñíîâíûõ ýòàïà. Ýòàï 3: ñòðóêòóðà → âåêòîð → ñòðóêòóðà
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Âûõîä: ñëîæíî ñòðóêòóðèðîâàííûå îòâåòû

Ïðèëîæåíèÿ: ñèíòåç èçîáðàæåíèé è âèäåî, ïåðåíîñ ñòèëÿ, ðàñïîçíàâàíèå ðå÷è,

ìàøèííûé ïåðåâîä, ñóììàðèçàöèÿ òåêñòîâ, ÷àò-áîòû,...

Ìîäåëè: seq2seq, RNN, LSTM, GAN, VAE, DALL-E, GPT, LLM,...
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Ïîíèìàíèå ýâîëþöèè ÈÈ êàê àâòîìàòèçàöèè øàãîâ CRISP-DM

CRISP-DM: CRoss Industry Standard

Pro
ess for Data Mining (1999)

Expert Systems:

æ¼ñòêèå ìîäåëè, îñíîâàííûå íà ïðàâèëàõ

Ma
hine Learning:

ïàðàìåòðè÷åñêèå ìîäåëè, îáó÷àåìûå ïî äàííûì
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Deep Learning:

ìîäåëè ñ îáó÷àåìîé âåêòîðèçàöèåé äàííûõ

AutoML:

àâòîìàòè÷åñêèé âûáîð ìîäåëåé è àðõèòåêòóð
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CRISP-DM: CRoss Industry Standard

Pro
ess for Data Mining (1999)

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 ìîäåëåé â áèçíåñ-ïðîöåññ
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Ìåòîä îáðàòíîãî ðàñïðîñòðàíåíèÿ îøèáîê

Ñåòü Õîï�èëäà: ïîñòàíîâêà çàäà÷è

Äàíî: îáó÷àþùàÿ âûáîðêà îáúåêòîâ X ℓ = {x1, . . . , xℓ} ⊂ {−1,+1}n

Íàéòè: ìîäåëü àññîöèàòèâíîé ïàìÿòè a(x ,w), ñïîñîáíóþ
âûäàâàòü îáúåêò xi èç X ℓ

, áëèæàéøèé ê âõîäíîìó âåêòîðó x

Êðèòåðèé: ìèíèìóì ¾ýíåðãèè¿

E (x) = −
1

2

ℓ∑

i=1

〈xi , x〉
2 = −

1

2
xT

( ℓ∑

i=1

xix
T
i

)

x = −
1

2
xTWx → min

x

÷òî ýêâèâàëåíòíî ïîèñêó íàèáîëåå âåðîÿòíîãî ñîñòîÿíèÿ x

ñ ìèíèìàëüíîé ýíåðãèåé â ìîäåëè Èçèíãà áåç âíåøíåãî ïîëÿ

p(x |W ) =
1

Z (W )
exp

(

−
1

2
xTWx −✟

✟xTa
)

→ max
x

Hop�eld J. Neural networks and physi
al systems with emergent 
olle
tive 
omputational abilities. 1982.
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Ìåòîä îáðàòíîãî ðàñïðîñòðàíåíèÿ îøèáîê

Ñåòü Õîï�èëäà: ¾àðõèòåêòóðà ñåòè¿ è ìåòîä îáó÷åíèÿ ñåòè

Ìåòîä âíåøíåãî ïðîèçâåäåíèÿ (Õîï�èëä):

W =
1

ℓ

ℓ∑

i=1
xix

T
i − In

W � n×n-ìàòðèöà, wjk = wkj , wjj = 0

Ìîäåëü àññîöèàòèâíîé ïàìÿòè a : x(0) 7→ x

ðåàëèçóåòñÿ èòåðàöèîííûì ïðîöåññîì

x(t+1) = sign
(
Wx(t)

)
,

ñõîäèòñÿ ê îäíîìó èç îáðàçîâ xi , åñëè ℓ / n
2 ln n

Hop�eld J. Neural networks and physi
al systems with emergent 
olle
tive 
omputational abilities. 1982.
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Îò ìàøèí Áîëüöìàíà ê ãëóáîêèì ñåòÿì äîâåðèÿ

Êðèòåðèé: ìèíèìóì ýíåðãèè (Boltzmann Ma
hine)

E (x) = −
1

2
xTWx − xTa → min

x

ââîäèò â ìîäåëü âíåøíåå ïîëå è ïàðàìåòð òåìïåðàòóðû,

èñïîëüçóåò ìåòîä èìèòàöèè îòæèãà äëÿ óëó÷øåíèÿ ñõîäèìîñòè.

Êðèòåðèé: ìèíèìóì ýíåðãèè (Restri
ted Boltzmann Ma
hine)

E (x) = −
1

2
xTWh − xTa − hTb → min

x ,h

îáîãàùàåò ìîäåëü, ââîäÿ âåêòîð ñêðûòûõ ïåðåìåííûõ h,

ïîçâîëÿåò èñïîëüçîâàòü âåùåñòâåííûå çíà÷åíèÿ.

A
kley D.H., Hinton G.E., Sejnowski T.J. A learning algorithm for Boltzmann ma
hines. 1985.

Hinton G.E., Osindero S., Teh Y.W. A fast learning algorithm for deep belief nets. 2006.

Hinton G.E., Salakhutdinov R. A better way to pretrain deep Boltzmann ma
hines. 2012.
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Ìåòîä îáðàòíîãî ðàñïðîñòðàíåíèÿ îøèáîê

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

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

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

Êðèòåðèé: Ñóïåðïîçèöèÿ x̂ = g(f (x)) äîëæíà âîññòàíàâëèâàòü èñõîäíûå xi :

QAE(α, β) =
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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Ìåòîä îáðàòíîãî ðàñïðîñòðàíåíèÿ îøèáîê

Ñïîñîáû èñïîëüçîâàíèÿ àâòîêîäèðîâùèêîâ

�åíåðàöèÿ ïðèçíàêîâ (feature generation)

Ñíèæåíèå ðàçìåðíîñòè (dimensionality redu
tion)

Ñæàòèå äàííûõ ñ ìèíèìàëüíûìè ïîòåðÿìè òî÷íîñòè

Ïîâûøåíèå èí�îðìàòèâíîñòè ïðèçíàêîâîãî ïðîñòðàíñòâà

ïðè ðåøåíèè çàäà÷ îáó÷åíèÿ ñ ó÷èòåëåì

Îáó÷àåìàÿ âåêòîðèçàöèÿ îáúåêòîâ, âñòðàèâàåìàÿ

â àðõèòåêòóðó ãëóáîêîé íåéðîííîé ñåòè

Ïîñëîéíîå ïðåäîáó÷åíèå ìíîãîñëîéíûõ ñåòåé

�åíåðàöèÿ ñèíòåòè÷åñêèõ îáúåêòîâ, ïîõîæèõ íà ðåàëüíûå

D.Rumelhart, G.Hinton, R.Williams. Learning internal representations by error propagation, 1985.

David Charte et al. A pra
ti
al tutorial on autoen
oders for nonlinear feature fusion: taxonomy, models, software

and guidelines. 2018.
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Ìåòîä îáðàòíîãî ðàñïðîñòðàíåíèÿ îøèáîê

Âåêòîðèçàöèÿ îáúåêòîâ ïî äàííûì î ðàññòîÿíèÿõ (Multidimensional S
aling)

Äàíî: îáúåêòû � âåðøèíû ãðà�à, (i , j) ∈ E � âûáîðêà ð¼áåð ãðà�à 〈V ,E 〉
Rij � ðàññòîÿíèÿ ìåæäó âåðøèíàìè ðåáðà (i , j)

Íàéòè: âåêòîðíûå ïðåäñòàâëåíèÿ âåðøèí zi ∈ R
d
çàäàííîé ðàçìåðíîñòè d

Êðèòåðèé: áëèçêèå (ïî ãðà�ó) âåðøèíû äîëæíû èìåòü áëèçêèå âåêòîðû

Q(Z ) =
∑

(i ,j)∈E

(
‖zi − zj‖ − Rij

)2
→ min

Z

Ýòî çàäà÷à ìíîãîìåðíîãî øêàëèðîâàíèÿ,

ñïîñîá âèçóàëèçàöèè êëàñòåðíûõ ñòðóêòóð (ïðè d = 2)

Íåäîñòàòîê: ïðè ïðîåöèðîâàíèè íåèçáåæíû èñêàæåíèÿ,

îñîáåííî ïðè ëîêàëüíûõ ïåðåïàäàõ ïëîòíîñòè òî÷åê

G.E.Hinton, S.T.Roweis. Sto
hasti
 Neighbor Embedding. 2002.

Laurens van der Maaten, Geo�rey Hinton. Visualizing data using t-SNE. 2008
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Ìåòîä îáðàòíîãî ðàñïðîñòðàíåíèÿ îøèáîê

Âåêòîðèçàöèÿ ïî îòíîøåíèþ ñîñåäñòâà (Sto
hasti
 Neighbor Embedding, t-SNE)

Äàíî: îáúåêòû � âåðøèíû ãðà�à, (i , j) ∈ E � âûáîðêà ð¼áåð ãðà�à 〈V ,E 〉
Rij � ðàññòîÿíèÿ ìåæäó âåðøèíàìè ðåáðà (i , j)

Íàéòè: âåêòîðíûå ïðåäñòàâëåíèÿ âåðøèí zi ∈ R
d
çàäàííîé ðàçìåðíîñòè d

Êðèòåðèé: ðàñïðåäåëåíèÿ P(j ÿâëÿåòñÿ ñîñåäîì i) äîëæíû áûòü áëèçêè:

Q(z) =
∑

j ,i

p(j , i) ln q(j , i) → max
Z

â èñõîäíîì ïðîñòðàíñòâå:

p(j , i) ∝ exp
(
− 1

2σ2
i

R2
ij

)

â ïðîñòðàíñòâå ïðîåêöèè:

q(j , i) ∝ exp
(
−‖zi − zj‖

2
)

G.E.Hinton, S.T.Roweis. Sto
hasti
 Neighbor Embedding. 2002.

Laurens van der Maaten, Geo�rey Hinton. Visualizing data using t-SNE. 2008
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Ìåòîä îáðàòíîãî ðàñïðîñòðàíåíèÿ îøèáîê

Âàðèàöèîííûé àâòîêîäèðîâùèê (Variational AE) äëÿ ãåíåðàöèè îáúåêòîâ

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

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

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

Êðèòåðèé: Ìàêñèìèçàöèÿ íèæíåé îöåíêè log-ïðàâäîïîäîáèÿ:

QVAE(α, β) =
ℓ∑

i=1

log p(xi) =
ℓ∑

i=1

log

∫

qα(z |xi)
pβ(xi |z)p(z)

qα(z |xi )
dz >

>
ℓ∑

i=1

∫

qα(z |xi) log
pβ(xi |z)p(z)

qα(z |xi )
dz =

=
ℓ∑

i=1

∫

qα(z |xi) log 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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Âàðèàöèîííûé àâòîêîäèðîâùèê (Variational AE) äëÿ ãåíåðàöèè îáúåêòîâ

Îïòèìèçàöèîííàÿ çàäà÷à äëÿ âàðèàöèîííîãî àâòîêîäèðîâùèêà:

QVAE(α, β) =
ℓ∑

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

≈ log 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)

α := α+ h∇α

[
log pβ

(
xi |f (xi , α, ε)

)
− KL

(
qα(z |xi )‖p(z)

)]

β := β + h∇β

[
log pβ(xi |z)

]

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

)
, ε ∼ N (0, I )
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�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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Ìåòîä îáðàòíîãî ðàñïðîñòðàíåíèÿ îøèáîê

Ïîñòàíîâêà çàäà÷è GAN

Äàíî: âûáîðêà îáúåêòîâ {xi}
ℓ
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: ìîäåëè èãðàþò äðóã ñ äðóãîì â àíòàãîíèñòè÷åñêóþ èãðó

Îáó÷åíèå äèñêðèìèíàòèâíîé ìîäåëè D ïî ìàêñèìóìó ïðàâäîïîäîáèÿ:

ℓ∑

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:

ℓ∑

i=1

ln
(
1− D(G (zi , α), β)

)
→ min

α

Ian Goodfellow et al. Generative Adversarial Nets. 2014
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Ïðèìåðû GAN äëÿ ñèíòåçà èçîáðàæåíèé è âèäåî

Chuan Li, M.Wand. Pre
omputed real-time texture synthesis with Markovian generative adversarial networks. 2016.

Xiaoxing Zeng, Xiaojiang Peng, Yu Qiao. DF2Net: a dense �ne �ner network for detailed 3D fa
e re
onstru
tion. 2019.

Caroline Chan, Shiry Ginosar, Tinghui Zhou, Alexei A. Efros. Everybody dan
e now. ICCV-2019.
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Ìåòîä îáðàòíîãî ðàñïðîñòðàíåíèÿ îøèáîê

Ïîëíîñâÿçíàÿ íåéðîííàÿ ñåòü ñ L ñëîÿìè

Àðõèòåêòóðà ñåòè: H
l

� ÷èñëî íåéðîíîâ â l-ì ñëîå, l = 1, . . . , L

x0 = x =
(
fj(x)

)
n
j=0 � âåêòîð ïðèçíàêîâ íà âõîäå ñåòè, H0 = n

x l =
(
x l

h

)H
l

h=0 � âåêòîð ïðèçíàêîâ íà âûõîäå l-ãî ñëîÿ, x l

0 = −1

xL = a(x) =
(
am(x)

)
M
m=1 � âûõîäíîé âåêòîð ñåòè, HL = M

W l = (w l

kh) � ìàòðèöà âåñîâ l -ãî ñëîÿ, ðàçìåðà (H
l−1 + 1)× H

l
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Ìåòîä îáðàòíîãî ðàñïðîñòðàíåíèÿ îøèáîê

Ìåòîä ñòîõàñòè÷åñêîãî ãðàäèåíòà SG (Sto
hasti
 Gradient)

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

n

Íàéòè: ìàòðèöû âåñîâ âñåõ ñëî¼â ãëóáîêîé ñåòè w = (W 1, . . . ,W L)

Êðèòåðèé: ìèíèìóì ïîòåðü íà âûáîðêå: Q(w) = 1
ℓ

ℓ∑

i=1

Li (w) → min
w

Âõîä: âûáîðêà (xi , yi )
ℓ
i=1; òåìï îáó÷åíèÿ η; ïàðàìåòð λ;

Âûõîä: âåêòîð âåñîâ âñåõ ñëî¼â w = (W 1, . . . ,W L);

èíèöèàëèçèðîâàòü âåñà w è òåêóùóþ îöåíêó Q(w);
ïîâòîðÿòü

âûáðàòü îáúåêò xi èç X ℓ
(íàïðèìåð, ñëó÷àéíî);

ãðàäèåíòíûé øàã: w := w − η∇Li (w);
âû÷èñëèòü ïîòåðþ Li (w);
îöåíèòü �óíêöèîíàë ñêîëüçÿùèì ñðåäíèì: Q := (1− λ)Q + λLi (w);

ïîêà çíà÷åíèå Q è/èëè âåñà w íå ñòàáèëèçèðóþòñÿ;
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Çàäà÷à äè��åðåíöèðîâàíèÿ ñóïåðïîçèöèè �óíêöèé

Âû÷èñëåíèå ñåòè ïî âõîäíîìó âåêòîðó x , ðåêóððåíòíî ïî ñëîÿì:

x l

h = σl

h

(
S l

h

)
, S l

h =

H
l−1∑

k=0

w l

khx
l−1
k , h = 1, . . . ,H

l

, l = 1, . . . , L,

òî æå ñàìîå â ìàòðè÷íîé çàïèñè: x l = σl

(
W lx l−1

)
.

Ôóíêöèÿ ïîòåðü íà îáúåêòå xi (êâàäðàòè÷íàÿ äëÿ ðåãðåññèè ñ m-ìåðíûì âûõîäîì):

Li(w) =
1

2

M∑

m=1

(
am(xi ,w)− yim

)2

Ïî �îðìóëå äè��åðåíöèðîâàíèÿ ñóïåðïîçèöèè �óíêöèé:

∂Li(w)

∂w l

kh

=
∂Li(w)

∂x l

h

∂x l

h

∂w l

kh

, k = 0, . . . ,H
l−1, h = 1, . . . ,H

l

D.Rumelhart, G.Hinton, R.Williams. Learning internal representations by error propagation, 1985.
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�åêóððåíòíîå âû÷èñëåíèå ÷àñòíûõ ïðîèçâîäíûõ

Íàéä¼ì ñíà÷àëà ÷àñòíûå ïðîèçâîäíûå Li(w) ïî xLm ≡ am(xi ,w):

∂Li(w)

∂xLm
= am(xi ,w)− yim ≡ εLim;

äëÿ êâàäðàòè÷íîé �óíêöèè ïîòåðü ýòî îøèáêà íà m-ì íåéðîíå âûõîäíîãî ñëîÿ.

×àñòíûå ïðîèçâîäíûå ïî x l

h âû÷èñëèì ïî óðîâíÿì ñïðàâà íàëåâî, l = L, . . . , 2:

∂Li(w)

∂x l−1
k

=

H
l∑

h=0

∂Li(w)

∂x l

h

(σl

h)
′(S l

ih)
︸ ︷︷ ︸

z l

ih

w l

kh =

H
l∑

h=0

εl

ihz
l

ihw
l

kh = εl−1
ik

� �îðìàëüíî íàçîâ¼ì ýòî îøèáêîé íà k-ì íåéðîíå (l−1)-ãî ñêðûòîãî ñëîÿ.

Çàìå÷àíèå: �óíêöèÿ àêòèâàöèè σl

h è å¼ ïðîèçâîäíàÿ (σl

h)
′

âû÷èñëÿþòñÿ â îäíîé è òîé æå òî÷êå S l

ih =
∑H

l−1

k=0 w l

khx
l−1
ik
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Áûñòðîå âû÷èñëåíèå ãðàäèåíòà

�åêóððåíòíàÿ �îðìóëà çàïèñàíà òàê, áóäòî ñåòü çàïóñêàåòñÿ ¾çàäîì íàïåð¼ä¿,

÷òîáû âû÷èñëÿòü εl−1
ik ïî εl

ih:

εl−1
ik

∑

εl

i0z
l

i0

εl

ihz
l

ih

εl

iH
l

z l

iH
l

. . .

. . .

oo
ww

wk0♦♦♦

♦♦♦

oo wkhgg

wkH
l

❖❖
❖

❖❖
❖

Èìåÿ ÷àñòíûå ïðîèçâîäíûå Li (w) ïî x l

h, íàõîäèì êîìïîíåíòû ãðàäèåíòà ∇L :

∂Li (w)

∂w l

kh

=
∂Li (w)

∂x l

h

∂x l

h

∂w l

kh

= εl

ihz
l

ihx
l−1
ik
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Ìåòîä îáðàòíîãî ðàñïðîñòðàíåíèÿ îøèáîê

Àëãîðèòì îáðàòíîãî ðàñïðîñòðàíåíèÿ îøèáêè Ba
kProp

Âõîä: âûáîðêà (xi , yi)
ℓ
i=1, àðõèòåêòóðà (H

l

)L
l=1, ïàðàìåòðû η, λ, èíèöèàëèçàöèÿ w := w0;

Âûõîä: âåêòîð âåñîâ âñåõ ñëî¼â w = (W 1, . . . ,W L);
ïîâòîðÿòü

âûáðàòü îáúåêò xi èç X ℓ
(íàïðèìåð, ñëó÷àéíî);

äëÿ âñåõ l = 1, . . . , L, h = 1, . . . ,H
l

ïðÿìîé õîä:

S l

ih :=
∑H

l−1

k=0 w l

khx
l−1
ik ; x l

ih := σl

h

(
S l

ih

)
; z l

ih := (σl

h)
′
(
S l

ih

)
;

äëÿ âñåõ h = 1, . . . ,HL ðàñ÷¼ò îøèáîê:

εLhi :=
∂Li (w)

∂xL
h

;

äëÿ âñåõ l = L, . . . , 2, k = 0, . . . ,H
l−1 îáðàòíûé õîä:

εl−1
ik :=

∑H
l

h=0 ε
l

ihz
l

ihw
l

kh;

äëÿ âñåõ l = 1, . . . , L, k = 0, . . . ,H
l−1, h = 1, . . . ,H

l

ãðàäèåíòíûé øàã:

w l

kh := w l

kh − η εl

ihz
l

ihx
l−1
ik ;

ïîêà çíà÷åíèÿ Q è/èëè âåñà w íå ñòàáèëèçèðóþòñÿ;
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Ìåòîä îáðàòíîãî ðàñïðîñòðàíåíèÿ îøèáîê

Àëãîðèòì Ba
kProp: ïðåèìóùåñòâà è íåäîñòàòêè

Ïðåèìóùåñòâà:

âðåìÿ âû÷èñëåíèÿ ãðàäèåíòà O(dimw) âìåñòî O(dim2w)

îáîáùåíèå íà ëþáûå σ, L , ëþáûå àðõèòåêòóðû

âîçìîæíîñòü äèíàìè÷åñêîãî (ïîòîêîâîãî) îáó÷åíèÿ

âîçìîæíî ñóáëèíåéíîå îáó÷åíèå íà áîëüøèõ âûáîðêàõ

(êîãäà ÷àñòè îáúåêòîâ xi óæå äîñòàòî÷íî äëÿ îáó÷åíèÿ)

âîçìîæíî ðàñïàðàëëåëèâàíèå

Íåäîñòàòêè:

ìåäëåííàÿ ñõîäèìîñòü, çàñòðåâàíèå â ëîêàëüíûõ ýêñòðåìóìàõ

âîçìîæíû ¾çàòóõàíèå¿ è ¾âçðûâû¿ ãðàäèåíòîâ

âîçìîæíî ïåðåîáó÷åíèå

ïîäáîð êîìïëåêñà ýâðèñòèê ÿâëÿåòñÿ èñêóññòâîì

D.Rumelhart, G.Hinton, R.Williams. Learning internal representations by error propagation, 1985.
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Ñâ¼ðòî÷íûå íåéðîííûå ñåòè

Êàïñóëüíûå íåéðîííûå ñåòè

�ëóáîêèå íåéðîííûå ñåòè (Deep Neural Network, DNN)

1965: ïåðâûå ãëóáîêèå íåéðîííûå ñåòè

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

Krizhevsky A., Sutskever I., Hinton G. ImageNet 
lassi�
ation with deep 
onvolutional neural networks. 2012.
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Êàïñóëüíûå íåéðîííûå ñåòè

�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)

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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�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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Ñâ¼ðòî÷íûé ñëîé íåéðîíîâ (
onvolution layer)

xij � 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)ij =

A∑

a=−A

B∑

b=−B

wab xi+a, j+b

xij

wab

(x∗w)ij

Yann LeCun et al. Learning algorithms for 
lassi�
ation: A 
omparison on handwritten digit re
ognition. 1995

Ê.Â. Âîðîíöîâ (k.vorontsov�iai.msu.ru) Íîáåëåâñêàÿ ïðåìèÿ ïî �èçèêå 35 / 46



Ìàøèííîå îáó÷åíèå è íåéðîííûå ñåòè

Àðõèòåêòóðû è ìåòîäû îáó÷åíèÿ
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Îáúåäèíÿþùèé ñëîé íåéðîíîâ (pooling layer)

Îáúåäèíÿþùèé íåéðîí � ýòî íåîáó÷àåìàÿ ñâ¼ðòêà ñ øàãîì h > 1,
àãðåãèðóþùàÿ äàííûå ïðÿìîóãîëüíîé îáëàñòè ðàçìåðà h×h:

yij = F
(
xhi ,hj , . . . , xhi+h−1, hj+h−1

)
,

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

�àçìåð èçîáðàæåíèÿ ïðè ïåðåõîäå y → x

ñîêðàùàåòñÿ â h ðàç ïî øèðèíå è ïî âûñîòå

åñëè íåéðîí ïðåäûäóùåãî ñëîâà îòâå÷àë çà

äåòåêòèðîâàíèå íåêîòîðîãî ýëåìåíòà,

xij
yij

òî max-pooling ïîçâîëÿåò îáíàðóæèòü ýòîò ýëåìåíò â ëþáîì ìåñòå

èç h-îêðåñòíîñòè (èíâàðèàíòíîñòü äåòåêòèðîâàíèÿ îòíîñèòåëüíî ñäâèãîâ)

Yann LeCun et al. Learning algorithms for 
lassi�
ation: A 
omparison on handwritten digit re
ognition. 1995
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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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Ñâ¼ðòî÷íàÿ ñåòü äëÿ ðàñïîçíàâàíèÿ îáúåêòîâ íà èçîáðàæåíèÿõ ImageNet

Êàæäûé ñëîé ðàñïîçíà¼ò âñ¼ áîëåå êðóïíûå è ñëîæíûå ýëåìåíòû èçîáðàæåíèÿ

Krizhevsky A., Sutskever I., Hinton G. ImageNet 
lassi�
ation with deep 
onvolutional neural networks. 2012.
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ImageNet � áîëüøàÿ âûáîðêà ðàçìå÷åííûõ èçîáðàæåíèé

https://image-net.org

2,5 ãîäà íà ðàçìåòêó

(2008/07�2010/04)

14 197 122 èçîáðàæåíèé

21 841 êëàññîâ îáúåêòîâ

3 ðàçìåòêè êàæäîãî

èçîáðàæåíèÿ

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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�ëóáîêèå ñâ¼ðòî÷íûå ñåòè äëÿ êëàññè�èêàöèè èçîáðàæåíèé

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

Ñâ¼ðòî÷íàÿ ñåòü AlexNet:

+ ImageNet + 60M ïàðàìåòðîâ + GPU

+ ReLU + Dropout

+ augmentation (ïîïîëíåíèå) âûáîðêè

+ ïîäáîð ðàçìåðîâ ñëî¼â è ñâ¼ðòîê

Krizhevsky A., Sutskever I., Hinton G. ImageNet 
lassi�
ation with deep 
onvolutional neural networks. 2012.
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Ñåòü ñî ñêâîçíûìè ñâÿçÿìè ResNet (Residual Neural Network)

Ñêâîçíàÿ ñâÿçü (skip 
onne
tion)

ñëîÿ ℓ ñ ïðåäøåñòâóþùèì ñëîåì ℓ− d :

xℓ = σ(Wxℓ−1) + xℓ−d

�åãóëÿðèçèðóþùåå âîçäåéñòâèå:

ñëîé ℓ ñòðîèò íå íîâûé âåêòîð xℓ,

à ìàëîå ïðèðàùåíèå xℓ − xℓ−d

Íåòðèâèàëüíûé ðåçóëüòàò:

óïðîùàåòñÿ ëàíäøà�ò îïòèìèçèðóåìîãî êðèòåðèÿ,

óñòðàíÿþòñÿ ëîêàëüíûå ýêñòðåìóìû è ñåäëîâûå òî÷êè

Kaiming He et al. Deep residual learning for image re
ognition. 2015

Hao Li et al. Visualizing the loss lands
ape of neural nets. 2018
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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 äðóãîé âûáîðêå {x ′i }

m
i=1,

êàê ïðàâèëî, ìàëîãî îáú¼ìà:

m∑

i=1
L

′
i

(
g ′(f (x ′i , α), β

′)
)

→ min
β′

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

Jason Yosinski, Je� Clune, Yoshua Bengio, Hod Lipson. 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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Êàïñóëüíàÿ íåéðîííàÿ ñåòü Õèíòîíà

Ìîòèâàöèÿ: ìèêðîêîëîíêè â êîðå ìîçãà ñïîñîáíû

óçíàâàòü îáúåêòû íåçàâèñèìî îò ðàñïîëîæåíèÿ,

îñâåùåíèÿ. Îäíàêî max-pooling íà ýòî íå ñïîñîáåí.

Sabour S., Frosst N., Hinton G.E. Dynami
 Routing Between Capsules. 2017.

Hinton G.E., Sabour S., Frosst N. Matrix 
apsules with EM routing. 2018.
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Ñóõîé îñòàòîê

Òðè ýòàïà ðàçâèòèÿ òåõíîëîãèé ìàøèííîãî îáó÷åíèÿ:

1

âåêòîð → ñêàëÿð

2

ñòðóêòóðà → âåêòîð → ñêàëÿð

3

ñòðóêòóðà → âåêòîð → ñòðóêòóðà

Äîñòèæåíèÿ íîáåëåâñêèõ ëàóðåàòîâ Äæîíà Õîï�èëäà è Äæå��ðè Õèíòîíà,

ñïîñîáñòâîâàëè ïåðåõîäó ê ýòàïàì 2 è 3:

ñåòè àññîöèàòèâíîé ïàìÿòè

ìåòîä îáðàòíîãî ðàñïðîñòðàíåíèÿ îøèáîê

îáó÷àåìàÿ âåêòîðèçàöèÿ äàííûõ, ñåòü AlexNet

ñâ¼ðòî÷íûå è êàïñóëüíûå íåéðîííûå ñåòè

àâòîêîäèðîâùèêè è ãåíåðàòèâíûå ñåòè



Ïîëåçíûå ññûëêè è ëèòåðàòóðà

Êåâèí Ìýð�è. Âåðîÿòíîñòíîå ìàøèííîå îáó÷åíèå. Ââåäåíèå. 2022.

Âèçèëüòåð Þ. Â.

Îò ñëàáîãî ÈÈ ê îáùåìó óíèâåðñàëüíîìó èíòåëëåêòó (îáçîð òåíäåíöèé 2020-2023).

Ñåìèíàð �ÀÈÈ è ÔÈÖ ÈÓ �ÀÍ ¾Ïðîáëåìû èñêóññòâåííîãî èíòåëëåêòà¿ 31-01-2024

https://rutube.ru/video/2aad53e
833f19918
1593398a2a1b88

Íå ïðîïóñòèòå îòêðûòèå òûñÿ÷åëåòèÿ! Vital Math, 13-01-2024,

https://www.youtube.
om/wat
h?v=JZjH0it9Jyg

Report: AI De
rypted: A Guide for Navigating AI Developments in 2024, Íàâèãàòîð ïî

ÈÈ-ëàíäøà�òó îò Dentons Global Advisors, 24-01-2024

https://www.albrightstonebridge.
om/news/report-ai-de
rypted-guide-navigating-ai-developments-2024

Âîðîíöîâ Ê. Â. Ëåêöèè ïî ìàøèííîìó îáó÷åíèþ. ÌÔÒÈ, Ì�Ó.

www.Ma
hineLearning.ru, User:Vokov, 2004�2024. https://bit.ly/ML-Vorontsov

�àðáóê Ñ. Â., �óáèíñêèé À. Ì. Èñêóññòâåííûé èíòåëëåêò â âåäóùèõ ñòðàíàõ ìèðà:

ñòðàòåãèè ðàçâèòèÿ è âîåííîå ïðèìåíåíèå. 2020.

Øóìñêèé Ñ. À. Ìàøèííûé èíòåëëåêò. �ÈÎ� ÈÍÔ�À-Ì, 2020.
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