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�àçíûå íàçâàíèÿ òî ëè îäíîé áîëüøîé íàóêè, òî ëè å¼ ÷àñòåé

Ñòàòèñòè÷åñêèé àíàëèç äàííûõ (Statistial Data Analysis)

Èñêóññòâåííûé èíòåëëåêò (Arti�ial Intelligene) � 1955

�àñïîçíàâàíèå îáðàçîâ (Pattern Reognition)

Ìàøèííîå îáó÷åíèå (Mahine Learning) � 1959

Ñòàòèñòè÷åñêîå îáó÷åíèå (Statistial Learning)

Èíòåëëåêòóàëüíûé àíàëèç äàííûõ (Data Mining) � 1989

Knowledge Disovery in Databases � 1989

Íàóêè î äàííûõ (Data Siene) � 1997

Áèçíåñ-àíàëèòèêà (Business Intelligene, Business Analytis)

Ïðåäñêàçàòåëüíàÿ àíàëèòèêà (Preditive Analytis) � 2007

Áîëüøèå äàííûå (Big Data) � 2008

Àíàëèòèêà áîëüøèõ äàííûõ (Big Data Analytis)
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Ïðåäïîñûëêè Data Siene

http://www.kdnuggets.om/2015/02/history-data-siene-infographi.html
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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.¿

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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Âîññòàíîâëåíèå çàâèñèìîñòåé ïî ýìïèðè÷åñêèì äàííûì

Äàíî:

îáúåêòû xi =
(

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

è îòâåòû yi = y(xi ), i = 1, . . . , ℓ
fj(x) � ïðèçíàêè îáúåêòà x , j = 1, . . . , n

Íàéòè:

�óíêöèþ a(x ,w), âîññòàíàâëèâàþùóþ çàâèñèìîñòü y(x)

Êðèòåðèé: ìèíèìóì ýìïèðè÷åñêîãî ðèñêà

ℓ
∑

i=1

L (a(xi ,w), yi ) → min
w
,

ãäå L (a, y) � �óíêöèÿ ïîòåðü îò îøèáêè a ïðè îòâåòå y .

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

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

êëàññè�èêàöèÿ: yi ∈ {0, 1}, L (a, y) = [a 6= y ]
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Ìåòîä íàèìåíüøèõ êâàäðàòîâ (�àóññ, 1795)

Ëèíåéíàÿ ìîäåëü ðåãðåññèè:

a(x ,w) =
n

∑

j=1

wj fj(x), w ∈ R
n.

Ôóíêöèîíàë êâàäðàòà îøèáêè:

ℓ
∑

i=1

(

a(xi ,w)− yi
)2

= ‖Fw − y‖2 → min
w
.

�åøåíèå ñèñòåìû: w∗ = (F òF )−1F òy .

Êàðë Ôðèäðèõ

�àóññ (1777�1855)

F
ℓ×n

=





f1(x1) . . . fn(x1)
. . . . . . . . .

f1(xℓ) . . . fn(xℓ)



 , y
ℓ×1

=





y1
. . .

yℓ



 , w
n×1

=





w1

. . .

wn



 .

¾Our priniple, whih we have made use of sine 1795, has lately been published by Legendre...¿

C.F.Gauss. Theory of the motion of the heavenly bodies moving about the Sun in oni setions. 1809.
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Îòêóäà ïîøëî íàçâàíèå 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 mediority � âîçâðàùåíèå ê ïîñðåäñòâåííîñòè
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Ñêðûòûé ñìûñë: ¾ðåãðåññèÿ¿ � ñíà÷àëà äàííûå, ïîòîì ìîäåëü

Galton F. Regression towards mediority in hereditary stature. 1886.
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Ëèíåéíûé äèñêðèìèíàíòíûé àíàëèç (�.Ôèøåð, 1936)

Ëèíåéíàÿ ìîäåëü êëàññè�èêàöèè:

a(x ,w) = sign

( n
∑

j=1

wj fj(x)− w0

)

Â ïðîåêöèè íà íàïðàâëÿþùèé âåêòîð w

ðàçäåëÿþùåé ãèïåðïëîñêîñòè

âåðîÿòíîñòü îøèáêè ìèíèìàëüíà:

�îíàëüä Ôèøåð

(1890�1962)

Fisher R. A. The use of multiple measurements in taxonomi problems. 1936.
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Íåðâíàÿ êëåòêà � åñòåñòâåííûé íåéðîí
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Ìîäåëü ÌàêÊàëëîêà�Ïèòòñà � èñêóññòâåííûé íåéðîí

Ëèíåéíàÿ ìîäåëü íåéðîíà (1943):

a(x ,w) = σ

( n
∑

j=1

wjx
j − w0

)

,

ãäå σ(z) � �óíêöèÿ àêòèâàöèè,

íàïðèìåð, sign(z) èëè arcth(z)

GFED@ABCx1

GFED@ABCx2

· · ·

GFED@ABCxn

∑

σ ?>=<89:;a

w1

❖❖
❖❖

❖

''❖
❖❖

❖

w2
❩❩❩❩

--❩❩❩❩

...

wn♦♦♦♦♦

77♦♦♦♦

//

GFED@ABC−1

w0

NN

Óîððåí ÌàêÊàëëîê

(1898�1969)

Âàëüòåð Ïèòòñ

(1923�1969)

Ê.Â. Âîðîíöîâ (voron�foresys.ru) Èñòîðèÿ ìàøèííîãî îáó÷åíèÿ 12 / 49



Ïðåäïîñûëêè. Äîêîìïüþòåðíàÿ ýïîõà

Îñíîâíûå âåõè è êðóïíûå ïðîðûâû

Ñîâðåìåííûå çàäà÷è è íàïðàâëåíèÿ èññëåäîâàíèé

Íåéðîííûå ñåòè è êîìïîçèöèè ìîäåëåé

Àëãîðèòìû ïîèñêà çàêîíîìåðíîñòåé â äàííûõ

Òåîðèÿ ñòàòèñòè÷åñêîãî îáó÷åíèÿ è ðåãóëÿðèçàöèÿ

Ïåðñåïòðîí �îçåíáëàòòà (1957) è òåîðåìà Íîâèêîâà (1960)

Mark-1 � ïåðâûé íåéðîêîìïüþòåð (1960)

Îáó÷åíèå � ìåòîä êîððåêöèè îøèáêè

Àðõèòåêòóðà � äâóõñëîéíàÿ ñåòü

Ôðýíê �îçåíáëàòò

(1928�1971)

�îçåíáëàòò Ô. Ïðèíöèïû íåéðîäèíàìèêè. Ïåðöåïòðîíû è òåîðèÿ

ìåõàíèçìîâ ìîçãà. 1965 (1962).

Noviko� A. B. J. On onvergene proofs on pereptrons. 1962.
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Îñíîâíûå âåõè ðàçâèòèÿ òåîðèè íåéðîííûõ ñåòåé

�àçâèòèå íåéðîííûõ ñåòåé çàòîðìîçèëîñü íà äåñÿòèëåòèå

Ìèíñêèé Ì., Ïàéïåðò Ñ. Ïåðñåïðîíû. 1971 (1969).

BakProp � ìåòîä îáðàòíîãî ðàñïðîñòðàíåíèÿ îøèáîê

�àëóøêèí À. È. Ñèíòåç ìíîãîñëîéíûõ ñèñòåì ðàñïîçíàâàíèÿ îáðàçîâ. 1974.

Werbos P. J. Beyond regression: new tools for predition and analysis in the behavioral sienes. 1974.

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

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

Rummelhart D., Hinton G., Williams R. Learning internal representations by error propagation. 1986.

Ñåòè ðàäèàëüíûõ áàçèñíûõ �óíêöèé

Áàøêèðîâ Î. À., Áðàâåðìàí Ý.Ì., Ìó÷íèê È. Á. Àëãîðèòìû îáó÷åíèÿ ìàøèí ðàñïîçíàâàíèþ

çðèòåëüíûõ îáðàçîâ, îñíîâàííûå íà èñïîëüçîâàíèè ïîòåíöèàëüíûõ �óíêöèé. 1964.

Broomhead D. S., Lowe. D. Multivariable funtional interpolation and adaptive networks omplex

systems. 1988.

Ñàìîîðãàíèçóþùèåñÿ ñåòè Êîõîíåíà

Kohonen T. Self-organized formation of topologially orret feature maps. 1982.

�åêóððåíòíûå ñåòè Õîï�èëäà

Hop�eld. Neural networks and physial systems with emergent olletive omputational abilities. 1982.

Ñâ¼ðòî÷íûå ñåòè

LeCun, Bottou, Bengio, Ha�ner. Gradient-based learning applied to doument reognition. 1998.

�ëóáîêèå ñåòè (ñåòè ñ áîëüøèì ÷èñëîì ñëî¼â)

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

Rina Dehter. Learning while searhing in onstraint-satisfation problems. 1986.

Hinton G.E. Learning multiple layers of representation. 2007.
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�ëóáîêèå íåéðîííûå ñåòè äëÿ îáðàáîòêè èçîáðàæåíèé

Öåëü � èçâëå÷åíèå ïðèçíàêîâ èç ñûðûõ äàííûõ.

Ñâ¼ðòî÷íûé íåéðîí êîìáèíèðóåò ïðèçíàêè ñîñåäíèõ ïèêñåëåé.

×åì äàëüøå ñëîé, òåì áîëåå êðóïíûå è ñëîæíûå ýëåìåíòû

èçîáðàæåíèé îí ñïîñîáåí ðàñïîçíàâàòü.
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�àçíîîáðàçèå ïðèëîæåíèé ãëóáîêîãî îáó÷åíèÿ
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Íàó÷íàÿ øêîëà À. �. Èâàõíåíêî

Ìåòîä ãðóïïîâîãî ó÷¼òà àðãóìåíòîâ,

Ì�ÓÀ (GMDH)

1

Ñàìîîðãàíèçàöèÿ ìîäåëåé � ïîäáîð

îïòèìàëüíîé ñòðóêòóðû ìîäåëè

èç îãðîìíîãî ÷èñëà âàðèàíòîâ

2

Êà÷åñòâî ìîäåëåé îöåíèâàåòñÿ â ïðîöåññå

ïåðåáîðà ïî ñîâîêóïíîñòè ðàçíîîáðàçíûõ

âíåøíèõ êðèòåðèåâ

3

Ñîòíè ïðèìåíåíèé, îêîëî 300 äèññåðòàöèé

Àëåêñåé

�ðèãîðüåâè÷

Èâ�àõíåíêî

(1913�2007)

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

1965.

Èâàõíåíêî À. �., Çàé÷åíêî Þ. Ï., Äèìèòðîâ Â.Ä. Ïðèíÿòèå ðåøåíèé

íà îñíîâå ñàìîîðãàíèçàöèè. 1976.

Èâàõíåíêî À. �. Èíäóêòèâíûé ìåòîä ñàìîîðãàíèçàöèè ìîäåëåé ñëîæíûõ

ñèñòåì. 1982.
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Êîìïîçèöèè îáó÷àåìûõ ìîäåëåé

Ïðîñòîå è âçâåøåííîå ãîëîñîâàíèå

Ìàçóðîâ Â.Ä. Êîìèòåòû ñèñòåìû íåðàâåíñòâ è çàäà÷à ðàñïîçíàâàíèÿ. 1971.

Æóðàâë¼â Þ.È. Êîððåêòíûå àëãåáðû íàä ìíîæåñòâàìè íåêîððåêòíûõ (ýâðèñòè÷åñêèõ)

àëãîðèòìîâ. 1977.

Freund Y., Shapire R. E. A deision-theoreti generalization of on-line learning and an

appliation to boosting. 1995.

Friedman G. Greedy Funtion Approximation: A Gradient Boosting Mahine. 1999.

Ñëó÷àéíûé ëåñ

Breiman L. Random Forests. 2001.

Âîññòàíîâëåíèå ñìåñåé ðàñïðåäåëåíèé, EM-àëãîðèòì

Øëåçèíãåð Ì.È. Î ñàìîïðîèçâîëüíîì ðàçëè÷åíèè îáðàçîâ. 1965.

Dempster A. P., Laird N.M., Rubin D. B. Maximum likelihood from inomplete data via the

EM-algorithm. 1977.

Ñìåñè êëàññè�èêàòîðîâ ñ îáëàñòÿìè êîìïåòåíòíîñòè

�àñòðèãèí Ë. À., Ýðåíøòåéí �. Õ. Êîëëåêòèâíûå ïðàâèëà ðàñïîçíàâàíèÿ. 1981.

Jaobs R. A., Jordan M. I., Nowlan S. J., Hinton G. E. Adaptive mixtures of loal experts. 1991.

�ðàäèåíòíûé áóñòèíã è ñëó÷àéíûé ëåñ � óíèâåðñàëüíûå

è íàèáîëåå óñïåøíûå ìåòîäû êëàññè�èêàöèè.

ßíäåêñ.MatrixNet � ïàðàëëåëüíàÿ ðàñïðåäåë¼ííàÿ ðåàëèçàöèÿ

Gradient Boosting íàä ODT (Oblivious Deision Tree).
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Òåîðèÿ ñòàòèñòè÷åñêîãî îáó÷åíèÿ è ðåãóëÿðèçàöèÿ

Íàó÷íàÿ øêîëà Ì. Ì. Áîíãàðäà

1

1958: Ïðîãðàììà ¾Îòêðîé çàêîí¿

âîññòàíàâëèâàëà çàâèñèìîñòü ïîëíûì

ïåðåáîðîì �îðìóë

2

1959: Ïðîãðàììà ¾Àðè�ìåòèêà¿

äëÿ ñîêðàùåíèÿ ïåðåáîðà èñïîëüçîâàëà

îöåíêè èí�îðìàòèâíîñòè

3

1961: Ïðîãðàììà ¾Êî�à¿ ïåðåáèðàëà

èí�îðìàòèâíûå òðîéêè ïðèçíàêîâ

Ìèõàèë Ìîèñååâè÷

Áîíãàðä

(1924�1971)

¾Êî�à-3¿: ïåðâîå ïðèìåíåíèå ðàñïîçíàâàíèÿ íåçðèòåëüíûõ

îáðàçîâ äëÿ ðàñïîçíàâàíèÿ â ñêâàæèíå ãðàíèöû íå�òü-âîäà.

Âïåðâûå ïðèìåíåíî ãîëîñîâàíèå è ñêîëüçÿùèé êîíòðîëü,

ââåäåíî ïîíÿòèå ïðåäðàññóäêà (ïåðåîáó÷åíèÿ).

Áîíãàðä, Âàéíöâàéã, �óáåðìàí, Èçâåêîâà, Ñìèðíîâ. Èñïîëüçîâàíèå

îáó÷àþùåéñÿ ïðîãðàììû äëÿ âûÿâëåíèÿ íå�òåíîñíûõ ïëàñòîâ. 1966.
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Òåîðèÿ ñòàòèñòè÷åñêîãî îáó÷åíèÿ è ðåãóëÿðèçàöèÿ

Òåñòû Ì. Ì. Áîíãàðäà [Ïðîáëåìà óçíàâàíèÿ, 1967℄

Îáó÷àþùàÿ âûáîðêà: ïî 6 îáúåêòîâ êàæäîãî èç äâóõ êëàññîâ.

Òðåáóåòñÿ íàéòè ïðàâèëî êëàññè�èêàöèè.
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Òåñòû Ì. Ì. Áîíãàðäà [Ïðîáëåìà óçíàâàíèÿ, 1967℄

×òî äà¼ò íàì óâåðåííîñòü, ÷òî ìû íàøëè âåðíîå ïðàâèëî?

1. Áåçîøèáî÷íîå ïîêðûòèå ñâîèõ è íå-ïîêðûòèå ÷óæèõ.
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×òî äà¼ò íàì óâåðåííîñòü, ÷òî ìû íàøëè âåðíîå ïðàâèëî?

2. Ïðîñòîòà è îïðåäåë¼ííîå ¾èçÿùåñòâî¿ íàéäåííîãî ïðàâèëà.
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Ìû ðåøàåì ýòè çàäà÷è ïî÷òè ìãíîâåííî. ×åì ìû ïîëüçóåìñÿ?

Ïî÷åìó äëÿ êîìïüþòåðà îíè ñòîëü ñëîæíû?
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Íóæíî ëè çàêëàäûâàòü çíàíèÿ ãåîìåòðèè â ÿâíîì âèäå?

Èëè âîçìîæíî âûó÷èòü ãåîìåòðè÷åñêèå ïîíÿòèÿ íà ïðèìåðàõ?
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Êàê âû÷èñëÿòü ïîëåçíûå ïðèçíàêè ïî ñëîæíûì ñûðûì äàííûì?

Âîçìîæíî ëè ïîðó÷èòü ïåðåáîð ïðèçíàêîâ è ìîäåëåé ìàøèíå?
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Êàêîâ ðèñê âûáðàòü ïî äàííûì íåâåðíîå ïðàâèëî, ïðåäðàññóäîê?

Êàê ýòîò ðèñê çàâèñèò îò ÷èñëà ïðèìåðîâ è ñëîæíîñòè ïðàâèë?
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Òåñòû Ì. Ì. Áîíãàðäà [Ïðîáëåìà óçíàâàíèÿ, 1967℄

Ýòè âîïðîñû ñîñòàâëÿþò îñíîâó ìàøèííîãî îáó÷åíèÿ ñåãîäíÿ.

Ì.Ì.Áîíãàðä ïîñòàâèë âñå ýòè ïðîáëåìû â ñåðåäèíå 60-õ!
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Ïîèñê àññîöèàòèâíûõ ïðàâèë (Assoiation Rule Indution)

Data Mining � ýòî ïðîöåññ îáíàðóæåíèÿ â ñûðûõ äàííûõ ðàíåå

íåèçâåñòíûõ, íåòðèâèàëüíûõ, ïðàêòè÷åñêè ïîëåçíûõ, äîñòóïíûõ

èíòåðïðåòàöèè çíàíèé, íåîáõîäèìûõ äëÿ ïðèíÿòèÿ ðåøåíèé â ðàçëè÷íûõ

ñ�åðàõ ÷åëîâå÷åñêîé äåÿòåëüíîñòè (�ðèãîðèé Ïÿòåöêèé-Øàïèðî, 1992)
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Òåîðèÿ ñòàòèñòè÷åñêîãî îáó÷åíèÿ è ðåãóëÿðèçàöèÿ

Íàó÷íàÿ øêîëà Ì. À. Àéçåðìàíà

�èïîòåçà êîìïàêòíîñòè: áëèçêèå îáúåêòû,

êàê ïðàâèëî, íàõîäÿòñÿ â îäíîì êëàññå

Èäåÿ ïîòåíöèàëüíûõ �óíêöèé

çàèìñòâîâàíà èç �èçèêè

Ëèíåéíûå ìîäåëè â ïðîñòðàíñòâå

áëèçîñòåé fi(x) = K (x , xi ) îáúåêòà x

äî îáó÷àþùèõ îáúåêòîâ xi
Ìàðê Àðîíîâè÷

Àéçåðìàí

(1913�1992)

Ì. À. Àéçåðìàí, Ý. Ì. Áðàâåðìàí, Ë. È. �îçîíîýð. Òåîðåòè÷åñêèå îñíîâû

ìåòîäà ïîòåíöèàëüíûõ �óíêöèé â çàäà÷å îá îáó÷åíèè àâòîìàòîâ

ðàçäåëåíèþ âõîäíûõ ñèòóàöèé íà êëàññû. 1964.

Ì. À. Àéçåðìàí, Ý. Ì. Áðàâåðìàí, Ë. È. �îçîíîýð. Ìåòîä ïîòåíöèàëüíûõ

�óíêöèé â òåîðèè îáó÷åíèÿ ìàøèí. 1970.

À. �. Àðêàäüåâ, Ý. Ì. Áðàâåðìàí. Îáó÷åíèå ìàøèí ðàñïîçíàâàíèþ

îáðàçîâ. 1964.
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Îñíîâíûå âåõè è êðóïíûå ïðîðûâû

Ñîâðåìåííûå çàäà÷è è íàïðàâëåíèÿ èññëåäîâàíèé

Íåéðîííûå ñåòè è êîìïîçèöèè ìîäåëåé

Àëãîðèòìû ïîèñêà çàêîíîìåðíîñòåé â äàííûõ

Òåîðèÿ ñòàòèñòè÷åñêîãî îáó÷åíèÿ è ðåãóëÿðèçàöèÿ

Ïîíÿòèå îáó÷àåìîñòè â SLT, Statistial 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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Ñîâðåìåííûå çàäà÷è è íàïðàâëåíèÿ èññëåäîâàíèé

Íåéðîííûå ñåòè è êîìïîçèöèè ìîäåëåé

Àëãîðèòìû ïîèñêà çàêîíîìåðíîñòåé â äàííûõ

Òåîðèÿ ñòàòèñòè÷åñêîãî îáó÷åíèÿ è ðåãóëÿðèçàöèÿ

Ìåòîä îïîðíûõ âåêòîðîâ SVM, Support Vetor Mahine

Ìåòîä îáîáù¼ííîãî ïîðòðåòà (1963) → SVM (1992)

Ëèíåéíûé êëàññè�èêàòîð ñ çàçîðîì ìàêñèìàëüíîé øèðèíû

Àïïðîêñèìàöèÿ è ðåãóëÿðèçàöèÿ ýìïèðè÷åñêîãî ðèñêà

ℓ
∑

i=1

(

1− 〈xi ,w〉yi
)

+
+

1

2C
‖w‖2 → min

w

Èçÿùíûé ïåðåõîä â ñïðÿìëÿþùåå ïðîñòðàíñòâî

〈

x , x ′
〉

→ K (x , x ′) =
〈

ψ(x), ψ(x ′)
〉

Â ðåçóëüòàòå � äâóõñëîéíàÿ íåéðîííàÿ ñåòü

ñ âûñîêîé îáîáùàþùåé ñïîñîáíîñòüþ

è àâòîìàòè÷åñêèì âûáîðîì ÷èñëà íåéðîíîâ ñêðûòîãî ñëîÿ

Â. Í. Âàïíèê, À. ß. Ëåðíåð. Óçíàâàíèå îáðàçîâ ïðè ïîìîùè îáîáùåííûõ

ïîðòðåòîâ. 1963.
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Ñîâðåìåííûå çàäà÷è è íàïðàâëåíèÿ èññëåäîâàíèé

Íåéðîííûå ñåòè è êîìïîçèöèè ìîäåëåé

Àëãîðèòìû ïîèñêà çàêîíîìåðíîñòåé â äàííûõ

Òåîðèÿ ñòàòèñòè÷åñêîãî îáó÷åíèÿ è ðåãóëÿðèçàöèÿ

Çàäà÷è, íåêîððåêòíî ïîñòàâëåííûå ïî Àäàìàðó

Êîððåêòíî ïîñòàâëåííàÿ çàäà÷à:

ðåøåíèå ñóùåñòâóåò,

ðåøåíèå åäèíñòâåííî,

ðåøåíèå óñòîé÷èâî

(íåïðåðûâíî çàâèñèò îò äàííûõ

â íåêîòîðîé ðàçóìíîé òîïîëîãèè).

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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Ñîâðåìåííûå çàäà÷è è íàïðàâëåíèÿ èññëåäîâàíèé

Íåéðîííûå ñåòè è êîìïîçèöèè ìîäåëåé

Àëãîðèòìû ïîèñêà çàêîíîìåðíîñòåé â äàííûõ

Òåîðèÿ ñòàòèñòè÷åñêîãî îáó÷åíèÿ è ðåãóëÿðèçàöèÿ

�åãóëÿðèçàöèÿ ëèíåéíûõ ìîäåëåé

�åãóëÿðèçàòîð � äîáàâêà ê âíóòðåííåìó êðèòåðèþ Q(a,X ℓ),
øòðà� çà ñëîæíîñòü (omplexity penalty) ìîäåëè a ∈ A:

Q
ðåã

(a,X ℓ) = Q(a,X ℓ) +øòðà�(A) → min
a∈A

Ëèíåéíûå ìîäåëè: A =
{

a(x) = sign〈w , x〉
}

� êëàññè�èêàöèÿ,

A =
{

a(x) = 〈w , x〉
}

� ðåãðåññèÿ.

L2-ðåãóëÿðèçàöèÿ (ðèäæ-ðåãðåññèÿ): øòðà�(w) = τ
n
∑

j=1

w2
j

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

j=1

|wj |

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

j=1

[

wj 6= 0
]
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Ñîâðåìåííûå çàäà÷è è íàïðàâëåíèÿ èññëåäîâàíèé

Íåéðîííûå ñåòè è êîìïîçèöèè ìîäåëåé

Àëãîðèòìû ïîèñêà çàêîíîìåðíîñòåé â äàííûõ

Òåîðèÿ ñòàòèñòè÷åñêîãî îáó÷åíèÿ è ðåãóëÿðèçàöèÿ

�åãóëÿðèçàòîðû äëÿ óïðîùåíèÿ ìîäåëè (îòáîðà ïðèçíàêîâ)

Ñòðóêòóðíàÿ ìèíèìèçàöèÿ ðèñêà

Âàïíèê Â. Í., ×åðâîíåíêèñ À. ß. Î ðàâíîìåðíîé ñõîäèìîñòè ÷àñòîò ïîÿâëåíèÿ ñîáûòèé

ê èõ âåðîÿòíîñòÿì. 1971.

Êðèòåðèé Àêàèêå

Akaike H. Information theory and an extension of the maximum likelihood priniple. 1973.

Áàéåñîâñêèé èí�îðìàöèîííûé êðèòåðèé

Shwarz G. E. Estimating the dimension of a model. 1978

LASSO (least absolute shrinkage and seletion operator)

Tibshirani R. Regression Shrinkage and Seletion via the lasso. 1996

LARS (least angle regression)

Efron B., Hastie T., Johnstone I., Tibshirani R. Least Angle Regression. 2004

ElastiNet (ñóììà L0 è L1 ðåãóëÿðèçàòîðîâ)
Hui Zou, Hastie T. Regularization and Variable Seletion via the Elasti Net. 2005

Íåãëàäêèå ðåãóðÿðèçàòîðû äëÿ îòáîðà ïðèçíàêîâ

Tatarhuk A., Mottl V., Eliseyev A., Windridge D. Seletivity supervision in ombining pattern

reognition modalities by feature- and kernel-seletive Support Vetor Mahines. 2008.

Tatarhuk A., Urlov E., Mottl V., Windridge D. A support kernel mahine for supervised

seletive ombining of diverse pattern-reognition modalities. 2010.
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Îñíîâíûå âåõè è êðóïíûå ïðîðûâû

Ñîâðåìåííûå çàäà÷è è íàïðàâëåíèÿ èññëåäîâàíèé

Ñîñòîÿíèå íàóêè ìàøèííîãî îáó÷åíèÿ

Áóì èñêóññòâåííîãî èíòåëëåêòà è ìàøèííîãî îáó÷åíèÿ

Ìåòîäîëîãèÿ ðåøåíèÿ ïðèêëàäíûõ çàäà÷

Îñíîâíûå øêîëû ìàøèííîãî îáó÷åíèÿ

1

ñèìâîëèçì � ïîèñê ëîãè÷åñêèõ çàêîíîìåðíîñòåé

Deision Tree, Rule Indution

2

êîííåêöèîíèçì � îáó÷àåìûå íåéðîííûå ñåòè

BakPropagation, Deep Belief Nets, Deep Learning

3

ýâîëþöèîíèçì � ñàìîðàçâèòèå ñëîæíûõ ìîäåëåé

Geneti Algorithms, Geneti Programming

4

áàéåñèîíèçì � îöåíèâàíèå ðàñïðåäåëåíèé ïàðàìåòðîâ

Naive Bayes, Bayesian Networks, Graphial Models

5

àíàëîãèçì � ¾áëèçêèì îáúåêòàì áëèçêèå îòâåòû¿

kNN, RBF, SVM, Kernel Smoothing

⊕ êîìïîçèöèîíèçì � êîîïåðàöèÿ ìîäåëåé

Weighted Voting, Boosting, Bagging, Staking,

Random Forest, ßíäåêñ.MatrixNet

Äîìèíãîñ Ï. Âåðõîâíûé àëãîðèòì. 2016. 336 ñ.
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Îñíîâíûå âåõè è êðóïíûå ïðîðûâû

Ñîâðåìåííûå çàäà÷è è íàïðàâëåíèÿ èññëåäîâàíèé

Ñîñòîÿíèå íàóêè ìàøèííîãî îáó÷åíèÿ

Áóì èñêóññòâåííîãî èíòåëëåêòà è ìàøèííîãî îáó÷åíèÿ

Ìåòîäîëîãèÿ ðåøåíèÿ ïðèêëàäíûõ çàäà÷

Îñíîâíûå òèïû çàäà÷ ìàøèííîãî îáó÷åíèÿ

1

Ïðåäâàðèòåëüíàÿ îáðàáîòêà (data preparation)

èçâëå÷åíèå ïðèçíàêîâ (feature extration)

îòáîð ïðèçíàêîâ (feature seletion)

âîññòàíîâëåíèå ïðîïóñêîâ (missing values)

2

Îáó÷åíèå ñ ó÷èòåëåì (supervised learning)

êëàññè�èêàöèÿ (lassi�ation)

ðåãðåññèÿ (regression)

ðàíæèðîâàíèå (learning to rank)

ïðîãíîçèðîâàíèå (foreasting)

3

Îáó÷åíèå áåç ó÷èòåëÿ (unsupervised learning)

êëàñòåðèçàöèÿ (lustering)

âîññòàíîâëåíèå ïëîòíîñòè (density estimation)

ïîèñê àññîöèàòèâíûõ ïðàâèë (assoiation rule learning)

4

×àñòè÷íîå îáó÷åíèå (semi-supervised learning)

òðàíñäóêòèâíîå îáó÷åíèå (transdutive learning)

îäíîêëàññîâàÿ êëàññè�èêàöèÿ (one-lass lassi�ation)

îáó÷åíèå ñ ïîëîæèòåëüíûìè ïðèìåðàìè (PU-learning)
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Ñîâðåìåííûå çàäà÷è è íàïðàâëåíèÿ èññëåäîâàíèé

Ñîñòîÿíèå íàóêè ìàøèííîãî îáó÷åíèÿ

Áóì èñêóññòâåííîãî èíòåëëåêòà è ìàøèííîãî îáó÷åíèÿ

Ìåòîäîëîãèÿ ðåøåíèÿ ïðèêëàäíûõ çàäà÷

Îñíîâíûå òèïû çàäà÷ ìàøèííîãî îáó÷åíèÿ

5

Îáó÷åíèå ïðåäñòàâëåíèé (representation learning)

îáó÷åíèå ïðèçíàêîâ (feature learning)

îáó÷åíèå ìíîãîîáðàçèé (manifold learning)

àíàëèç ãëàâíûõ êîìïîíåíò (prinipal omponent analysis)

ìàòðè÷íûå ðàçëîæåíèÿ (matrix fatorization)

òåìàòè÷åñêîå ìîäåëèðîâàíèå (topi modeling)

6

�ëóáîêîå îáó÷åíèå (deep learning)

7

Îáó÷åíèå ñòðóêòóðû ìîäåëè (struture learning)

8

Îáó÷åíèå êîìïîçèöèé (ensemble learning)

9

Ïðèâèëåãèðîâàííîå îáó÷åíèå (learning with privileged inform.)

10

Äèíàìè÷åñêîå îáó÷åíèå (online/inremental learning)

11

Àêòèâíîå îáó÷åíèå (ative learning)

12

Îáó÷åíèå ñ ïîäêðåïëåíèåì (reinforement learning)

13

Îáó÷åíèå ñ ïåðåíîñîì îïûòà (transfer learning)

14

Ìåòà-îáó÷åíèå (meta-learning)
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Ñîâðåìåííûå çàäà÷è è íàïðàâëåíèÿ èññëåäîâàíèé

Ñîñòîÿíèå íàóêè ìàøèííîãî îáó÷åíèÿ

Áóì èñêóññòâåííîãî èíòåëëåêòà è ìàøèííîãî îáó÷åíèÿ

Ìåòîäîëîãèÿ ðåøåíèÿ ïðèêëàäíûõ çàäà÷

Ìàøèííîå îáó÷åíèå � íîâûé äâèãàòåëü ïðîãðåññà

¾×åòâ¼ðòàÿ òåõíîëîãè÷åñêàÿ ðåâîëþöèÿ ñòðîèòñÿ

íà âåçäåñóùåì è ìîáèëüíîì Èíòåðíåòå,

èñêóññòâåííîì èíòåëëåêòå è ìàøèííîì îáó÷åíèè¿ (2016)

Êëàóñ Ìàðòèí Øâàá,

ïðåçèäåíò

Âñåìèðíîãî

ýêîíîìè÷åñêîãî

�îðóìà

Ìèð íàêîíåö ïîâåðèë â èñêóññòâåííûé èíòåëëåêò?. . .

Ìàøèííîå îáó÷åíèå èçìåíèò ìèð? Èëè óæå ìåíÿåò?

Ê.Â. Âîðîíöîâ (voron�foresys.ru) Èñòîðèÿ ìàøèííîãî îáó÷åíèÿ 38 / 49



Ïðåäïîñûëêè. Äîêîìïüþòåðíàÿ ýïîõà

Îñíîâíûå âåõè è êðóïíûå ïðîðûâû

Ñîâðåìåííûå çàäà÷è è íàïðàâëåíèÿ èññëåäîâàíèé

Ñîñòîÿíèå íàóêè ìàøèííîãî îáó÷åíèÿ

Áóì èñêóññòâåííîãî èíòåëëåêòà è ìàøèííîãî îáó÷åíèÿ

Ìåòîäîëîãèÿ ðåøåíèÿ ïðèêëàäíûõ çàäà÷

Áóì èñêóññòâåííîãî èíòåëëåêòà è íåéðîííûõ ñåòåé

1997 IBM Deep Blue îáûãðàë ÷åìïèîíà ìèðà ïî øàõìàòàì

2005 Áåñïèëîòíûé àâòîìîáèëü: DARPA Grand Challenge

2006 Google Translate � ñòàòèñòè÷åñêèé ìàøèííûé ïåðåâîä

2011 40 ëåò DARPA CALO ïðèâåëè ê ñîçäàíèþ Apple Siri

2011 IBM Watson ïîáåäèë â ÒÂ-èãðå ¾Jeopardy!¿

2011�2015 ImageNet: 25% → 3.5% îøèáîê ïðîòèâ 5% ó ëþäåé

2012 Google X Lab: ðàñïîçíàâàíèå âèäåîêàäðîâ ñ êîòàìè

2014 Faebook DeepFae ðàñïîçíà¼ò ëèöà ñ òî÷íîñòüþ 97%

2015 Ôîíä OpenAI â $1 ìëðä. Èëîíà Ìàñêà è Ñýìà Àëüòìàíà

2016 DeepMind, OpenAI: äèíàìè÷åñêîå îáó÷åíèå èãðàì Atari

2016 Google DeepMind îáûãðàë ÷åìïèîíà ìèðà ïî èãðå ãî

http://abv24.om/istoriya-mashinnogo-obuheniya
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Òðè ïðåäïîñûëêè ýòîãî áóìà

Òðè ïåðåõîäà êîëè÷åñòâà â êà÷åñòâî â íåéðîííûõ ñåòÿõ:

1

Äîñòèæåíèÿ ìèêðîýëåêòðîíèêè

� ïðîöåññîðû, ïàìÿòü, ãðà�è÷åñêèå êàðòû

� ðîñò âû÷èñëèòåëüíûõ ìîùíîñòåé ïî çàêîíó Ìóðà

� ýêñòðàïîëÿöèÿ: 80 · 109 íåéðîíîâ â 2035�2050 ãã.

2

Ïîâñåìåñòíîñòü è äîñòóïíîñòü IT-òåõíîëîãèé

� íàêîïëåíèå áîëüøèõ âûáîðîê äàííûõ

� êðàóäñîðñèíã

3

�àçâèòèå ìåòîäîâ ìàøèííîãî îáó÷åíèÿ

� reti�ed linear unit, ReLU (V.Nair & G.Hinton, 2010)

� áûñòðûå SGD àëãîðèòìû: AdaDelta (Kingma & Ba 2014)

� dropout (G.Hinton, 2012)

� ðåãóëÿðèçàöèè
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Çàêîí Ìóðà

Ray Kurzweil. The singularity is near: When humans transend biology. 2006.
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Îò÷¼òû Áåëîãî Äîìà ÑØÀ, îêòÿáðü 2016

¾Nations with the strongest presene in AI R&D

will establish leading positions in the automation

of the future¿

Öè�ðîâàÿ è ðàñïðåäåë¼ííàÿ ýêîíîìèêà

Àâòîìàòèçàöèÿ è ñîêðàùåíèå èçäåðæåê

Àâòîíîìíûé òðàíñïîðò è ðîáîòèçàöèÿ

Îïòèìèçàöèÿ ëîãèñòèêè è öåïåé ïîñòàâîê

Îïòèìèçàöèÿ ýíåðãåòè÷åñêèõ ñåòåé

Ìîíèòîðèíã ñåëüñêîãî õîçÿéñòâà

Ïåðñîíàëüíàÿ ìåäèöèíà

Ïåðñîíàëüíûå îáðàçîâàòåëüíûå òðàåêòîðèè

Àâòîíîìíûå ñèñòåìû âîîðóæåíèé

Preparing for the Future of Arti�ial Intelligene. NSTC. 2016.
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Îò÷¼òû Áåëîãî Äîìà ÑØÀ. Íåêîòîðûå èç 23 ðåêîìåíäàöèé

1 �îñóäàðñòâåííûì è êîììåð÷åñêèì îðãàíèçàöèÿì: àêòèâíåå

ðàçâèâàòü ïàðòí¼ðñòâî ñ íàó÷íûìè êîëëåêòèâàìè äëÿ

ý��åêòèâíîãî èñïîëüçîâàíèÿ äàííûõ

2 �àçâèâàòü ñòàíäàðòû îòêðûòûõ äàííûõ äëÿ ïðèâëå÷åíèÿ

íàó÷íîãî ñîîáùåñòâà ê ðåøåíèþ çàäà÷

8 �àçâèâàòü ñèñòåìû óïðàâëåíèÿ áåñïèëîòíûì òðàíñïîðòîì

11 Âåñòè ïîñòîÿííûé ìîíèòîðèíã èññëåäîâàíèé ÈÈ â ìèðå

13 Ïîääåðæèâàòü �óíäàìåíòàëüíûå èññëåäîâàíèÿ ïî ÈÈ

14 �àçâèâàòü îáðàçîâàòåëüíûå ïðîãðàììû ïî ÈÈ

è êóðñû ïîâûøåíèÿ êâàëè�èêàöèè äëÿ ïðèêëàäíèêîâ

20 �àçâèâàòü ìåæäóíàðîäíóþ êîîïåðàöèþ ïî ÈÈ

22 Ó÷èòûâàòü âçàèìîâëèÿíèå ÈÈ è êèáåðáåçîïàñíîñòè

Preparing for the Future of Arti�ial Intelligene. NSTC. 2016.
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Îòêðûòûå äàííûå. Îòêðûòûé êîä. Îòêðûòàÿ íàóêà

Âûãîäû îòêðûòûõ äàííûõ

äëÿ êîìïàíèé: ïîäáîð òåõíîëîãèé è èñïîëíèòåëåé

äëÿ èíäóñòðèè: áåí÷ìàðêèíã çàäà÷, ðåêëàìà îòðàñëè

äëÿ èññëåäîâàòåëåé: ïðîâåðêà òåîðèé è òåõíîëîãèé

äëÿ ñòóäåíòîâ: ïîëó÷åíèå îïûòà, íàïîëíåíèå ïîðò�îëèî

Âûãîäû îòêðûòîãî êîäà

ñíèæåíèå èçäåðæåê, óñêîðåíèå ðàçðàáîòêè è âíåäðåíèÿ

êîîðäèíàöèÿ óñèëèé èññëåäîâàòåëåé è ðàçðàáîò÷èêîâ

ñíèæåíèå òåõíîëîãè÷åñêèõ áàðüåðîâ äëÿ âûõîäà íà ðûíîê

Êîíêóðñû àíàëèçà äàííûõ

www.Net�ixPrize.om � ïåðâûé êðóïíûé êîíêóðñ, $1 ìëí.

(2006-2009)

www.kaggle.om � ñàìàÿ èçâåñòíàÿ ïëàò�îðìà

DataRing.ru � îòå÷åñòâåííàÿ êîíêóðñíàÿ ïëàò�îðìà
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Áóäóùåå ìàøèííîãî îáó÷åíèÿ

Âûòåñíèò ëè ãëóáîêîå îáó÷åíèå âñå îñòàëüíûå ìåòîäû?

Ýòî ¾ãðóáàÿ ñèëà¿ èëè íîâûé ñïîñîá ìîäåëèðîâàíèÿ?

Âîçìîæíî ëè çàìåíèòü ìîäåëèðîâàíèå âû÷èñëåíèÿìè?
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Îñîáåííîñòè äàííûõ è ïîñòàíîâîê ïðèêëàäíûõ çàäà÷

ðàçíîðîäíûå (ïðèçíàêè èçìåðåíû â ðàçíûõ øêàëàõ)

íåïîëíûå (èçìåðåíû íå âñå, èìåþòñÿ ïðîïóñêè)

íåòî÷íûå (èçìåðåíû ñ ïîãðåøíîñòÿìè)

ïðîòèâîðå÷èâûå (îáúåêòû îäèíàêîâûå, îòâåòû ðàçíûå)

èçáûòî÷íûå (ñâåðõáîëüøèå, íå ïîìåùàþòñÿ â ïàìÿòü)

íåäîñòàòî÷íûå (îáúåêòîâ ìåíüøå, ÷åì ïðèçíàêîâ)

íåñòðóêòóðèðîâàííûå (íåò ïðèçíàêîâûõ îïèñàíèé)

çàêàç÷èê íå çíàåò òî÷íî, ÷åãî õî÷åò

êðèòåðèè êà÷åñòâà íåòðèâèàëüíû èëè íåÿñíû

çàêàç÷èê íå çàáîòèòñÿ î êà÷åñòâå ñâîèõ äàííûõ
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Ìåæîòðàñëåâîé ñòàíäàðò èíòåëëåêòóàëüíîãî àíàëèçà äàííûõ

CRISP-DM: CRoss Industry Standard

Proess for Data Mining (1999)

Êîìïàíèè-èíèöèàòîðû:

SPSS

Teradata

Daimler AG

NCR Corp.

OHRA

Øàãè ïðîöåññà:

ïîíèìàíèå áèçíåñà

ïîíèìàíèå äàííûõ

ïðåäîáðàáîòêà äàííûõ

èíæåíåðèÿ ïðèçíàêîâ

ðàçðàáîòêà ìîäåëåé

íàñòðîéêà ïàðàìåòðîâ

îöåíèâàíèå êà÷åñòâà

âíåäðåíèå
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Ïîëåçíûå ññûëêè

www.MahineLearning.ru � ðóññêîÿçû÷íàÿ âèêè

www.kdnuggets.om � ãëàâíûé ñàéò äàòàìàéíåðîâ

www.datasieneentral.om � 72 000 äàòàìàéíåðîâ

www.kaggle.om � êîíêóðñû àíàëèçà äàííûõ

DataRing.ru � îòå÷åñòâåííàÿ êîíêóðñíàÿ ïëàò�îðìà

arhive.is.ui.edu/ml � UCI ML Repository (349 datasets)

ru.oursera.org/learn/mahine-learning � êóðñ Ýíäðþ Ûíà

ru.oursera.org/learn/vvedenie-mashinnoe-obuhenie

� êóðñ Âîðîíöîâà îò ÂØÝ è ØÀÄ ßíäåêñ

ru.oursera.org/speializations/mahine-learning-data-analysis

� ñïåöèàëèçàöèÿ îò ÌÔÒÈ è ØÀÄ ßíäåêñ
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Ëèòåðàòóðà

Äîìèíãîñ Ï. Âåðõîâíûé àëãîðèòì. 2016. 336 ñ.

Hastie T., Tibshirani R., Friedman J. The elements

of statistial learning. Springer, 2014. 739 p.

Bishop C.M. Pattern reognition and mahine learning.

Springer, 2006. 738 p.

Ìåðêîâ À. Á. �àñïîçíàâàíèå îáðàçîâ. Ââåäåíèå â ìåòîäû

ñòàòèñòè÷åñêîãî îáó÷åíèÿ. 2011. 256 ñ.

Ìåðêîâ À. Á. �àñïîçíàâàíèå îáðàçîâ. Ïîñòðîåíèå

è îáó÷åíèå âåðîÿòíîñòíûõ ìîäåëåé. 2014. 238 ñ.

Êîýëüî Ë.Ï., �è÷àðò Â. Ïîñòðîåíèå ñèñòåì ìàøèííîãî

îáó÷åíèÿ íà ÿçûêå Python. 2016. 302 ñ.

Ìàøèííîå îáó÷åíèå (êóðñ ëåêöèé, Ê. Â. Âîðîíöîâ).

www.MahineLearning.ru. 2004�2017.
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