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

Ñòàòèñòè÷åñêèé àíàëèç äàííûõ (Statisti
al Data Analysis)

Èñêóññòâåííûé èíòåëëåêò (Arti�
ial Intelligen
e) � 1955

�àñïîçíàâàíèå îáðàçîâ (Pattern Re
ognition)

Ìàøèííîå îáó÷åíèå (Ma
hine Learning) � 1959

Ñòàòèñòè÷åñêîå îáó÷åíèå (Statisti
al Learning)

Èíòåëëåêòóàëüíûé àíàëèç äàííûõ (Data Mining) � 1989

Knowledge Dis
overy in Databases � 1989

Íàóêè î äàííûõ (Data S
ien
e) � 1997

Áèçíåñ-àíàëèòèêà (Business Intelligen
e, Business Analyti
s)

Ïðåäñêàçàòåëüíàÿ àíàëèòèêà (Predi
tive Analyti
s) � 2007

Áîëüøèå äàííûå (Big Data) � 2008

Àíàëèòèêà áîëüøèõ äàííûõ (Big Data Analyti
s)
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Ïðåäïîñûëêè Data S
ien
e

http://www.kdnuggets.
om/2015/02/history-data-s
ien
e-infographi
.html
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Ìåñòî ìàøèííîãî îáó÷åíèÿ ñðåäè ñìåæíûõ îáëàñòåé

Êîå-÷òî ñïîðíî íà ýòîé äèàãðàììå.

Áîëåå ñåðü¼çíûé àíàëèç çäåñü:

http://insideanalysis.
om/2012/04/data-mining-and-beyond
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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(x), 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)

Ìàòðè÷íûå îáîçíà÷åíèÿ:

F
ℓ×n

=





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

f1(xℓ) . . . fn(xℓ)



 , y
ℓ×1

=





y1
. . .

yℓ



 , w
n×1

=





w1

. . .

wn



 .
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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 medio
rity � âîçâðàùåíèå ê ïîñðåäñòâåííîñòè
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Ñêðûòûé ñìûñë: ¾ðåãðåññèÿ¿ � ñíà÷àëà äàííûå, ïîòîì ìîäåëü

Galton F. Regression Towards Medio
rity in Hereditary Stature. 1886.

Ê.Â. Âîðîíöîâ (voron�fore
sys.ru) Èñòîðèÿ ìàøèííîãî îáó÷åíèÿ 10 / 43



Ïðåäïîñûëêè. Äîêîìïüþòåðíàÿ ýïîõà

Îñíîâíûå âåõè è êðóïíûå ïðîðûâû

Ñîâðåìåííûå çàäà÷è è íàïðàâëåíèÿ èññëåäîâàíèé

Î êàêîé íàóêå ìû ãîâîðèì

Ýìïèðè÷åñêàÿ èíäóêöèÿ è ñòàòèñòè÷åñêèå ìåòîäû

Èñêóññòâåííûé íåéðîí

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)
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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)
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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 
onvergen
e proofs on per
eptrons. 1962.
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Îñíîâíûå âåõè ðàçâèòèÿ òåîðèè íåéðîííûõ ñåòåé

�àçâèòèå íåéðîííûõ ñåòåé çàòîðìîçèëîñü íà äåñÿòèëåòèå

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

Ba
kProp � ìåòîä îáðàòíîãî ðàñïðîñòðàíåíèÿ îøèáîê

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

Werbos P. J. Beyond regression: new tools for predi
tion and analysis in the behavioral s
ien
es. 1974.

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.

Rummelhart D., Hinton G., Williams R. Learning Internal Representations by Error Propagation. 1986.

Ñåòè ðàäèàëüíûõ áàçèñíûõ �óíêöèé

Bashkirov O. A., Braverman E.M., Mu
hnik I. B. Potential fun
tion algorithms for pattern

re
ognition learning ma
hines. 1964.

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

systems. 1988.

Ñàìîîðãàíèçóþùèåñÿ ñåòè Êîõîíåíà

Kohonen T. Self-organized formation of topologi
ally 
orre
t feature maps. 1982.

�åêóððåíòíûå ñåòè Õîï�èëäà

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

Ñâ¼ðòî÷íûå ñåòè

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

�ëóáîêèå ñåòè (ñåòè ñ áîëüøèì ÷èñëîì ñëî¼â)

Ivakhnenko A.G., Lapa V.G. Cyberneti
 Predi
ting Devi
es. 1965.

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

Hinton G.E. Learning multiple layers of representation. 2007.
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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

â 70-80-å ãã.

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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Àëãîðèòìè÷åñêèå êîìïîçèöèè

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., S
hapire R. E. A de
ision-theoreti
 generalization of on-line learning and an

appli
ation to boosting. 1995.

Friedman G. Greedy Fun
tion Approximation: A Gradient Boosting Ma
hine. 1999.

Ñëó÷àéíûé ëåñ

Breiman L. Random Forests. 2001.

Âîññòàíîâëåíèå ñìåñåé ðàñïðåäåëåíèé

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

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

EM-algorithm. 1977.

Ñìåñè êëàññè�èêàòîðîâ ñ îáëàñòÿìè êîìïåòåíòíîñòè

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

Ja
obs R. A., Jordan M. I., Nowlan S. J., Hinton G. E. Adaptive mixtures of lo
al 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 De
ision Tree).

Ê.Â. Âîðîíöîâ (voron�fore
sys.ru) Èñòîðèÿ ìàøèííîãî îáó÷åíèÿ 17 / 43



Ïðåäïîñûëêè. Äîêîìïüþòåðíàÿ ýïîõà

Îñíîâíûå âåõè è êðóïíûå ïðîðûâû

Ñîâðåìåííûå çàäà÷è è íàïðàâëåíèÿ èññëåäîâàíèé

Íåéðîííûå ñåòè è àëãîðèòìè÷åñêèå êîìïîçèöèè

Àëãîðèòìû ïîèñêà çàêîíîìåðíîñòåé â äàííûõ

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.

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

îáó÷àþùåéñÿ ïðîãðàììû äëÿ âûÿâëåíèÿ íå�òåíîñíûõ ïëàñòîâ. 1966.
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Ïîíÿòèå çàêîíîìåðíîñòè

Âîïëîùåíèå ïðèíöèïà ýìïèðè÷åñêîé èíäóêöèè Ô.Áýêîíà:

Ëîãè÷åñêàÿ çàêîíîìåðíîñòü (ïðàâèëî, rule) � ïðåäèêàò R(x),
óäîâëåòâîðÿþùèé äâóì òðåáîâàíèÿì:

1

èí�îðìàòèâíîñòü îòíîñèòåëüíî êëàññà y ∈ Y :

p(R) = #
{

xi : R(xi)=1 è yi=y
}

→ max
n(R) = #

{

xi : R(xi)=1 è yi 6=y
}

→ min
2

èíòåðïðåòèðóåìîñòü:

1) R çàïèñûâàåòñÿ íà åñòåñòâåííîì ÿçûêå

2) R çàâèñèò îò íåáîëüøîãî ÷èñëà ïðèçíàêîâ (1�7)

Åñëè R(x) = 1, òî ãîâîðÿò ¾R âûäåëÿåò x¿ (R 
overs x).
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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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Îïðåäåëåíèå îáó÷àåìîñòè â ñòàòèñòè÷åñêîé òåîðèè

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

Ââåäåíà ìåðà ñëîæíîñòè 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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Îñíîâíûå âåõè è êðóïíûå ïðîðûâû

Ñîâðåìåííûå çàäà÷è è íàïðàâëåíèÿ èññëåäîâàíèé

Íåéðîííûå ñåòè è àëãîðèòìè÷åñêèå êîìïîçèöèè

Àëãîðèòìû ïîèñêà çàêîíîìåðíîñòåé â äàííûõ

Òåîðèÿ ñòàòèñòè÷åñêîãî îáó÷åíèÿ è ðåãóëÿðèçàöèÿ

Ìåòîä îïîðíûõ âåêòîðîâ (Support Ve
tor Ma
hine, SVM)

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
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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 äîïîëíèòåëüíûõ îãðàíè÷åíèé.

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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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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Òåîðèÿ ñòàòèñòè÷åñêîãî îáó÷åíèÿ è ðåãóëÿðèçàöèÿ

�åãóëÿðèçàòîðû äëÿ îòáîðà ïðèçíàêîâ

Êðèòåðèé Àêàèêå

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

Áàéåñîâñêèé èí�îðìàöèîííûé êðèòåðèé

S
hwarz G. E. Estimating the dimension of a model. 1978

Ñòðóêòóðíàÿ ìèíèìèçàöèÿ ðèñêà

Âàïíèê Â. Í., ×åðâîíåíêèñ À. ß. Òåîðèÿ ðàñïîçíàâàíèÿ îáðàçîâ. 1974.

LASSO (least absolute shrinkage and sele
tion operator)

Tibshirani R. Regression Shrinkage and Sele
tion via the lasso. 1996

LARS (least angle regression)

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

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

Íåãëàäêèå ðåãóðÿðèçàòîðû äëÿ îòáîðà ïðèçíàêîâ

Tatar
huk A., Mottl V., Eliseyev A., Windridge D. Sele
tivity supervision in 
ombining pattern

re
ognition modalities by feature- and kernel-sele
tive Support Ve
tor Ma
hines. 2008.

Tatar
huk A., Urlov E., Mottl V., Windridge D. A support kernel ma
hine for supervised

sele
tive 
ombining of diverse pattern-re
ognition modalities. 2010.
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Ñîâðåìåííûå çàäà÷è è íàïðàâëåíèÿ èññëåäîâàíèé

Òèïîëîãèÿ çàäà÷ è ìåòîäîâ

Ìåòîäîëîãèÿ ðåøåíèÿ ïðèêëàäíûõ çàäà÷

Ñïðàâî÷íàÿ èí�îðìàöèÿ

Êàêèå ìåòîäû êëàññè�èêàöèè íàèáîëåå óíèâåðñàëüíû?

Ìåòîäà, ïîäõîäÿùåãî äëÿ ðåøåíèÿ ëþáûõ çàäà÷, íå ñóùåñòâóåò!

Òåì íå ìåíåå, äëÿ ìíîãèõ çàäà÷ îêàçàëèñü óñïåøíûìè:

ãðàäèåíòíûé áóñòèíã äåðåâüåâ ðåøåíèé è ñëó÷àéíûé ëåñ

SVM ñ ÿäðàìè

íåéðîííûå ñåòè ïðè òùàòåëüíîì ïîäáîðå àðõèòåêòóðû
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Ìåòîäîëîãèÿ ðåøåíèÿ ïðèêëàäíûõ çàäà÷

Ñïðàâî÷íàÿ èí�îðìàöèÿ

Îñíîâíûå òèïû ìåòîäîâ ìàøèííîãî îáó÷åíèÿ

ìèíèìèçàöèÿ ýìïèðè÷åñêîãî ðèñêà

MVR, Linear Regression, Logisti
 Regression

ðåãóëÿðèçàöèÿ ýìïèðè÷åñêîãî ðèñêà

SVM, RLR, Elasti
Net, LASSO, Least Angle Regression

ìåòðè÷åñêèå ìåòîäû

kNN, RBF, Kernel Regression, Kernel Density Estimation

ëîãè÷åñêèå ìåòîäû

De
ision Tree, De
ision Forest, Rule Indu
tion

áàéåñîâñêèå ìåòîäû

Naive Bayes, Linear Dis
riminant, Bayesian Networks

íåéðîñåòåâûå ìåòîäû

Ba
kPropagation, Deep Belief Nets, Deep Learning

êîìïîçèöèîííûå ìåòîäû

Boosting, Bagging, Sta
king, ßíäåêñ.MatrixNet
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Ñïðàâî÷íàÿ èí�îðìàöèÿ

Îñíîâíûå òèïû çàäà÷ ìàøèííîãî îáó÷åíèÿ

1

Ïðåäâàðèòåëüíàÿ îáðàáîòêà (data preparation)

èçâëå÷åíèå ïðèçíàêîâ (feature extra
tion)

îòáîð ïðèçíàêîâ (feature sele
tion)

âîññòàíîâëåíèå ïðîïóñêîâ (missing values)

2

Îáó÷åíèå ñ ó÷èòåëåì (supervised learning)

êëàññè�èêàöèÿ (
lassi�
ation)

ðåãðåññèÿ (regression)

ðàíæèðîâàíèå (learning to rank)

ïðîãíîçèðîâàíèå (fore
asting)

îäíîêëàññîâàÿ êëàññè�èêàöèÿ

(one-
lass 
lassi�
ation, outlier/anomaly/novelty dete
tion)

3

Îáó÷åíèå áåç ó÷èòåëÿ (unsupervised learning)

êëàñòåðèçàöèÿ (
lustering)

âîññòàíîâëåíèå ïëîòíîñòè (density estimation)

ïîèñê àññîöèàòèâíûõ ïðàâèë (asso
iation rule learning)
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Ñïðàâî÷íàÿ èí�îðìàöèÿ

Îñíîâíûå òèïû çàäà÷ ìàøèííîãî îáó÷åíèÿ

4

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

òðàíñäóêòèâíîå îáó÷åíèå (transdu
tive learning)

5

Ïðèâèëåãèðîâàííîå îáó÷åíèå (privilege learning)

6

Îáó÷åíèå ïðåäñòàâëåíèé (representation learning)

îáó÷åíèå ïðèçíàêîâ (feature learning)

îáó÷åíèå ìíîãîîáðàçèé (manifold learning)

àíàëèç ãëàâíûõ êîìïîíåíò (prin
ipal 
omponent analysis)

ìàòðè÷íûå ðàçëîæåíèÿ (matrix fa
torization)

êîëëàáîðàòèâíàÿ �èëüòðàöèÿ (
ollaborative �ltering)

òåìàòè÷åñêîå ìîäåëèðîâàíèå (topi
 modeling)

7

Äèíàìè÷åñêîå îáó÷åíèå (online/in
remental learning)

8

Îáó÷åíèå ñ ïîäêðåïëåíèåì (reinfor
ement learning)

9

Àêòèâíîå îáó÷åíèå (a
tive learning)

10

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

Òèïîëîãèÿ çàäà÷ è ìåòîäîâ

Ìåòîäîëîãèÿ ðåøåíèÿ ïðèêëàäíûõ çàäà÷

Ñïðàâî÷íàÿ èí�îðìàöèÿ

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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Òèïîëîãèÿ çàäà÷ è ìåòîäîâ

Ìåòîäîëîãèÿ ðåøåíèÿ ïðèêëàäíûõ çàäà÷

Ñïðàâî÷íàÿ èí�îðìàöèÿ

CRISP-DM: CRoss Industry Standard Pro
ess for Data Mining

CRISP-DM � ìåæîòðàñëåâîé ñòàíäàðò

èíòåëëåêòóàëüíîãî àíàëèçà äàííûõ (1999)

Êîìïàíèè

-èíèöèàòîðû:

SPSS

Teradata

Daimler AG

NCR Corp.

OHRA

Ê.Â. Âîðîíöîâ (voron�fore
sys.ru) Èñòîðèÿ ìàøèííîãî îáó÷åíèÿ 39 / 43



Ïðåäïîñûëêè. Äîêîìïüþòåðíàÿ ýïîõà

Îñíîâíûå âåõè è êðóïíûå ïðîðûâû

Ñîâðåìåííûå çàäà÷è è íàïðàâëåíèÿ èññëåäîâàíèé

Òèïîëîãèÿ çàäà÷ è ìåòîäîâ
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Ñïðàâî÷íàÿ èí�îðìàöèÿ

Ýòàïû ðåøåíèÿ çàäà÷ ìàøèííîãî îáó÷åíèÿ

ïîíèìàíèå çàäà÷è è äàííûõ

ïðåäîáðàáîòêà äàííûõ è èçîáðåòåíèå ïðèçíàêîâ

ïîñòðîåíèå ìîäåëè

ñâåäåíèå îáó÷åíèÿ ê îïòèìèçàöèè

ðåøåíèå ïðîáëåì îïòèìèçàöèè è ïåðåîáó÷åíèÿ

îöåíèâàíèå êà÷åñòâà ðåøåíèÿ

âíåäðåíèå è ýêñïëóàòàöèÿ.
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Ñïðàâî÷íàÿ èí�îðìàöèÿ

Àðñåíàë òåõíîëîãèé

Ýêîñèñòåìû ìàøèííîãî îáó÷åíèÿ:

Python + S
iPy + S
iKit-Learn

Java + Weka

R

Dedu
tor � àíàëèòè÷åñêàÿ ïëàò�îðìà BaseGroup Labs

Èíñòðóìåíòû äëÿ õðàíåíèÿ è îáðàáîòêè áîëüøèõ äàííûõ:

Hadoop � ðàñïðåäåë¼ííîå õðàíåíèå äàííûõ

Spark � ðàñïðåäåë¼ííûå âû÷èñëåíèÿ

Èíñòðóìåíòû äëÿ îáó÷åíèÿ íåéðîííûõ ñåòåé:

TensorFlow

Theano

Tor
h
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Ïîëåçíûå ññûëêè

www.Ma
hineLearning.ru � ðóññêîÿçû÷íàÿ âèêè

www.kdnuggets.
om � ãëàâíûé ñàéò äàòàìàéíåðîâ

www.datas
ien
e
entral.
om � 72 000 äàòàìàéíåðîâ

www.kaggle.
om � êîíêóðñû àíàëèçà äàííûõ

ar
hive.i
s.u
i.edu/ml � UCI ML Repository (349 datasets)

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

ru.
oursera.org/learn/vvedenie-mashinnoe-obu
henie

� êóðñ Âîðîíöîâà îò ÂØÝ è ØÀÄ ßíäåêñ

ru.
oursera.org/spe
ializations/ma
hine-learning-data-analysis

� ñïåöèàëèçàöèÿ îò ÌÔÒÈ è ØÀÄ ßíäåêñ
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