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YTo Takoe MallnHHOEe 0byvyeHne
(machine learning)?

Npes obyyarowmxcsa malwmH (learning machines) npuHagnexxunt A. THOPUHTY

[A. Turing Computing Machinery and Intelligence // Mind. 1950. V. 59. P. 433-460;
nepeneyataHo: Can the Machine Think? // World of Mathematics. Simon and
Schuster, N.Y. 1956. V. 4. P. 2099-2123; pyc. nepeB.: A. M. TbtopuHr MoXXeT nu
MaLlMHa MbicnnTb? // M.: duamaTtnut, 1960]
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MatumHHoe 06y4eHme — NpoLecc, B pesysibTaTe KOTOPOro MallvHa (KoMnbtoTep)
CrocobHa NokasbiBaTb NoOBEAEHNE, KOTOPOE B HEe He 6bl1f10 SBHO 3aJI0XKEHO
(3anporpamMmMmupoBaHo). [A.L. Samuel, 1959]

[OBOPAT, YTO KOMMNbIOTEPHAA NporpamMma obyvyaeTcs Ha OCHoBe onbiTa E no
OTHOLLIEHMIO K HEKOTOPOMY KNaccy 3ajay T 1 Mepbl KayecTBa P, ecnu KayecTBo
pelleHuns 3agaud n3 T, UaMepeHHoe Ha OCHOBe P, yNyyllaeTcs ¢ NpuobpeTeHnem
onbiTa E. [T.M.Mitchell, 1997]




Arthur Lee Samuel (1901-1990)
NcecnepoBaHusa No MawMHHOMY 0BydeHno — NpuMepHo ¢ 1949 r.



Hight-move opening whillzing genesalization
learning. |See Appendix B, Game G-43.)

A L Samuel

Some Studies in Machine Learning
Using the Game of Checkers

Two chine-learnis di have been Investigated in some detail wsing the game of

chackers, Enough work has been done fo verify the fudt that ¢ computer can be progrommed so thot it will
learn to play o better game of checkers than con be played by the person who wrole the program. Further-
mare, i con leam to do this in & remarkably short period of lime (8 or 10 howrs of machine-playing timal
when given only the rules of the gome, o sense of direction, and o redundant and lete list of
parameters which are thought to have something to do with the game, but whose corract signs ond relative

waights are and unspecified, The principl

of machine learning verified by these expediments

are, of course, to many other

Introduction

The studies reparted bere have been concerned with the

ing of a digital P to behave in a way
which. if doae by humaa beings or animak, woukl be
described as involving the process of learning. While
this i 501 the place to dwell on the impoetance of ma-
chine-learning procedares, of o discourse on the phiko.
saphical wspects,’ there is obviously & very large amount
af wark, now done by people, which is quite trivial @ its
demands on the intellect but doss, nevertheless. involve
soene learnimg. We have at our commaand computers with
adequate data-handling abiliey and with sufficicnt com-
putationsl speed 10 make use of machine-learning tech.
niques, but our knowledge of the basic principles of these
techaiques is still rudimentary. Lacking such knowhedge,
it uneeuurylowlly methods of problem solution in
minute and exact detnL a timeo-consuming and costly
%0 learn from ex-
penenm should eventually climinate the need for much
of this detalled programming effort,

* General methods of approvch

At the outset it might be well to datinguish sharply be-
tween two general approaches 1o the problkem of machise
Jearniag. One method, which might be called the Newral-
Net Approoch, deals with the possibility of inducing
Farned buhavior mio @ randomly connected switching
net for its simulation on & digitul computer) is & result
of a reward-and-punishment routine. A secoed, and
much mare efficient approach, is 10 produce the oquiva-
lent of @ highly orgasized network which his been de-
signed to Jearn omly certain specific things. The firg

metlsod should lead to the dovelopment of peneral-pur-
pose larning machines. A comparison between the size
of the switching nets that can be reasonably constructed
or simulased at the present time and the size of the neural
nets used by animak, suggeses thar we Rave a loag way
10 g0 before we obtain practical devices® The second
procedure roguires repeogramming foe cach mew applica-
thom, bt it is capable of realization st the peesent lime
The experiments 10 be described here were Based on this.
second approsch.

o Choice of prodlem

For some years the writer has devosed his spare time 10
the subject of machme lesrning and has concentrated on
the of learning a8 applied to
Eames™ A game provides a convenint vehick for such
sudy as conteastid with a problem taken from life, since
maay of the complications of detail are reeoved.
Checkers, euther thun ches, 7 was chosn because m
simplicity of its rwles permilx greater emphasis 10
phiced on karning lechniques. Regardiess of the nium
meries of the two games & intellectual pastimes, it is fair
ta state that checkers contains all of the busic characteris-
tics of an intellectual activity = which heuristic proce-
dures and learning processes can play a majoe role ascd
in which these processes can be evalusted.

Some of these charucteristics might well be encmer-
ated. They are:

(1) The activity must not be deterministic in the prac-
tical seose. There exlsts no knowa aigocithm which will
guaraniee a win or a draw in checkers, amd thy complete

n

183 JOUKNAL * JULY 1959



Frank Rosenblatt (1928-1971)
lMporpammHas peanunsauus nepcentpoHa — 1957 .
[MepBbi HeMpOoHHbIN KoMnbloTep — MARK 1 — 1958 T.




MICKYCCTBEHHbIN UHTENNEKT
(Al — artificial intelligence)

NckyccTBeHHbIN MHTEIIEKT — KOMMbOTEpP/NporpamMma, peLuarouias
NHTEeNNeKTyaNbHble 3aja4u, T.e. BbIMOJIHEHNE KOTOPbIX TPAagULUNOHHO CYNTANOCh
npeporaTtMBoun 4yenoBeka.

CubHbIN NCKYCCTBEHHbIN MHTENNEKT (strong Al) — KoMnbloTep/nporpamma,
cnocobHas pewaTb BCE UHTENNEKTyaslbHble 3afa4u.

Cnabbivi ICKYCCTBEHHbI nHTenekT (weak Al) -
KOMMbOTEp/NporpamMmma, cnocobHas pewatb
KOHKPETHbI KN1aCC UHTENEeKTYyasbHbIX 3a4au.




OueHb KpaTkas uctopus ML (u Al)

<1950-err. CtaTucTtnyeckme metoabl
1950-e rr. Hauyano (watku Camyansi, nepcenTpOHbl, TOrMYECKUI BbIBOA, ...)
1960-err. banecoBckue MeToAbl
1970-err. “3uma” Al
1980-err.  Backpropagation, cBepTOYHbIe CeTU K Ap. - “oTTenens’
1990-err. MawwnHa oNOpPHbIX BEKTOPOB U Ap.

(cMelleHMe OT AeAyKTUBHOIO 06YYEHNS K UHAYKTUBHOMY)
2000-err.  AHcamMb6nu fepeBbeB peLleHnin, “aaepHblie” MeToabl
2010-err.  ['ny6okoe obydeHue (BTopas “BecHa” Al)




MallnHHOEe 0by4YeHme ceroHs

[MpnymnHbl “BTOpOI BeCHbI Al”:

e HoBble anroputmsbl (deep learning - rny6okoe obydeHue)
e MOoLLHble KOMMNbIOTEPDI
e MHoro gaHHbix (Big Data)

JloCcTXXeHuns:

e MalunHHoe oby4yeHune cTano TeXHONornen




ImageNet

[MpopbiB 2012:
ImageNet ILSVRC-2012
(okono 1 MnH.
nsobpaxenumin, 1000
Knaccos).

Ownbky yaanocb
NOHU3NTbL ¢ 26% 0o 15%
(cenyac elle MeHbLUE) —
A.Krizhevsky,

|. Sutskever, G. E.Hinton

motor scooter

motor scooter

ladagascar cat

\,

convertible agaric _dalmatian uirrel monkey
grille mushroom grape spider monkey

pickup jelly fungus eiderberry titi

beach wagon gill fungus ire bullterrier Indri
fire engine | dead-man’'s-fingers currant howler monkey




AlphaGo
(Google DeepMind )

EBponbl ®aHb Xyaem

® 0516 odan y -Simih  LEE SEDOL
B 2015 r. - nobepa Hag 4YeMnMOHOM 00:10:29 %o SL0 | 500100

B 2016 r - nobega Hag YeMMNMOHOM
mupa Jln Cegonem

Pas3surtue:

e AlphaGo (ucnonssosanacbk 6a3a 13 10000 naptuun + nrpbl ¢ cobon)
e AlphaGo Zero (6e3 anpnopHbIX 3HaHUI)
e AlphaZero (I'o, Cerun, waxmarsl, ...) 5000 TPU 280 Tdonon kaxabin



Boston Dynamics

BigDog,
CHEETAH,
LittleDog, RiSE,
PETMAN, Atlas,
Handle,
SpotMini, ...




IBM Watson

BOI'IpOCHO-OTBeTHaﬂ CncrtemMa Ha eCtTeCTBeHHOM A3blKe

e 2011 -nobepa
B Jeopardy

e Watson Healph

e KOrHMTUBHbIN
KoMMblOTEP
Anda busHeca

i $300,000

| :
| [EN




andex Anuca

I—m m O v o g2227

im?
Mo aapecy ynuya Nexwnya 42 ecto C uero Hauném
‘Popuna’. Paboraer ¢ 9:30 yrpa a0 23:30
Cenvac oTKpbITO OTKPOR BKOHTaKTE

NOAPOGHEE o o

NO3BOHUTEL OTKPbIB2IO Boibepure Komanay
c OTKPBITL A Toi yuTaews Xabpaxabp?
no MA KAPTE NOMCKATD B AMAEXCE o
Cronexo tyaa uatn? Yemy paseH KocuHyc 36° Yuraio, a uto?
o o MHe Gbl uHBaiT TyAa
Aopora o "‘PoavHa’ no agpecy ynvuua 0.8090169944 o
Nenuta 42 newxomM 3aiMeT 7 MUHYT
NOMCKATL B AMAEXCE ﬂ;aﬂan nNouTY, NPALLNIO
PYT HAKAPTE

| UHBAWT TYA3 Yo Tt




HeKOTOpre rnociieaHne AOCTUM>XeHU4d

BecnunoTHblie aBTOMO6UNN (Google n ap.)
AlphaGo, AlphaGo Zero, AlphaZero

CuHTes peun (Google WaveNet, Tacotron-2, Baidu DeepSpeach3, ...)
BonpocHoO-0TBETHbIE CUCTEMbI Ha ecTecTBeHHOM fA3bike (IBM Watson)
YMHble NepcoHanbHble NOMOLWHKKKU K YaT-60Tbl (Ok Google, Apple Siri,
Yandex Anwuca, ...)

[eHepaTMBHble Mogenu (MepeHoc CTUAS, reHepauns peun, MysblKn, CTUXOB,
MONeKyn, ...)

ABToMaTtunyeckui nepesof (Google Translate, ...)




Machine Learning vs Data Mining

Data Mining (8o6bl4ya AaHHbIX, MHTENNEKTYalIbHbIN aHanu3 AaHHbIX, FYOUHHbIN aHanu3 AaHHbIX) —
COBOKYMHOCTb METOA0B O6HapYXXeHUS B flaHHbIX paHee HEU3BECTHbIX, HETPUBUASIbHbBIX, MPAKTUYECKM
NoNe3HbIX U AOCTYMHbIX MHTEpNpeTaLmm 3HaHNN, HEOH6XOAMMBbIX ANA MPUHATUA PELUeHN B pasfinYHbIX
chepax yenoseyeckon aeatenbHocTu. [I.MaTeuxuit-Lanmpo, 1989]

N1ak, n ML, u DM naenekaroT 3aKOHOMEPHOCTM («3HaHUSI») U3 AAHHbIX, HO (HEMHOIO) C pasHbIMM
LensiMu:

e ML — 4TO6bI 06YYNTb MALLMHY;
DM — 4TO6bl 06y4YNTb YenoBeKa.

MoaTomy

e B ML MWUHUMM3UPYIOT OLLNOKY;
e B DM BaxHa nHTepnpeTnpyeMoCcTb peaynbTara.




Machine Learning vs Data Mining

MeTtonpl

Marematndeckue

IIOCTAaHOBKH 3aJ1a4

COIICP)K&TCJII)HHC

ITIOCTAaHOBKH 3aJa4



Machine Learning vs Data Mining

EcTb HeMHOro gpyrasa Touka 3peHus Ha Bonpoc, yem ML otnnyaetca ot DM:

e Data Mining nmeeT aeno ¢ cogep)xatenbHbiMU 3agadamu, a Machine
Learning —c MateMaTn4yeckKomn Teopuen,

OoTCroga HEMHOIO CTPaHHblE TEPMUHDbI, HAaripnMmep,

® «aJIfTMopnTMbl MallMHHOIO o6yqu|/|$-| B aHaJIn3e AaHHbIX»




Software

Python Scikit-Learn scikit-learn.org u Pandas pandas.pydata.org
Cuctema gna cratucTudeckux BbluncrieHMn R r-project.org

e MATLAB Statistics and Machine Learning Toolbox + Neural Network Toolbox
mathworks.com

e bubnMoTeka anropuTMOB ANs aHanu3a AgaHHbix Weka (Java)
www.cs.waikato.ac.nz/~ml/weka

e [lakeT Ans peweHuns 3agady MalIMHHOIO 06yYeHMs U aHanusa AaHHbIX
Orange orange.biolab.si




OcHoOBHble HanpaBneHna ML

e (O6y4yeHue c yuntenem:

Knaccudukauyms

perpeccus

BOCCTaHOBJ/IEHNE BpeMEHHbIX pAAoB (Hanpumep, seq2seq)
reHepaTMBHbIE MOAENN

o O O O O

e (0O6yyeHune 6e3 yuntens
e (O6y4deHune c nogKpeneHnem




O6y4yeHune C yunTenem

e MHoOXecTBO X — 06BbEKTbI, HAbNOAEHUS, NPUMEPBDI, CUTYaLMn, BXOAbl
(samples) — NnpocTpaHCTBO NPU3HAKOB

e MHOXeCTBO Y — OTBETbI, OTKIINKK, «<METKW», BbIXoAbl (responses)

e lIMeeTcs HEKOTOpas 3aBUCMMOCTb (AeTepMUHUPOBAHHAsA UK
BEPOATHOCTHas), N03BoJIAOWAan No X € X npeackasatby € Y.

e 3aBMCMMOCTb U3BECTHA TOJIbKO Ha 06beKTax U3 obyyaroLlen BbIGOPKMU:

3afadya 06y4YeHUs C yYUTesIeM: BOCCTAHOBUTDL (annpoKCMMUPOBaTh)
3aBMCUMOCTbD, T. €. MOCTPOUTb DYHKLMIO (peLlaroLlee npaBuso)
f:X — Y,no HoBbIM 06bekTaM x € X npeackasbiBatowWwyo y € Y:y = f(x).

Ba)kHO: HY>XHO YMeTb NpeACcKasblBaTb ¥ He TONIbKO A1 06BEKTOB U3 06yYatoLLen
BbI6GOPKK, HO U AJ1S1 HOBbIX OObEKTOB!



MeguunHckas gnarHocTuka

CumnTombl — 3aboneBaHune

dunbTpaumns cnama

[TucbMo — cnam/He cnam

PekomeHgaTerbHbIE CUCTEMDI

[MpoLunible NOKYNKM — pekoMmeHgaums
KomMmnbloTepHoe 3peHune

N3o0b6paxxeHne — 4To N300pakeHo

Pacno3HaBaHue TekcTa

PyKOMUCHbLIN TEKCT — TEKCT B MaLLMHHOM KOAe
KomMnbloTepHast IMHIBUCTUKA

[MpeanoxeHne Ha pycckoMm sA3blke — [epeBo CMHTaKcuyeckoro pasdopa
MalunHHbIN NnepeBoa

TeKCT Ha pyCCKOM fA3blke — MepeBo Ha aHrUNCKUm
PacnosHaBaHue peyn

Ayaunosanucb peym — TeKCT



Kakum 6bliBaeT x?

Ka)xabin 0ObEKT X OOJDKEH KaK-TO KOAUPOBaATbCA.

CaMblii pacnpocTpaHeHHbI cnocob: Kak BeKTop (Habop) NpM3HAKOoB
(OUKCUpOBaHHOW ANINHbI d

[Mpn3HaK MOXET 6bITb

® HOMMHaJbHbIM (MPUHUMAET KOHEYHOE YMCIIO 3HAYEHUI)
® KOJINYECTBEHHbIM (MPUHMMAET BELLECTBEHHbIE 3HAYEHUS)

MHoraa x cnoXxHo (MM HepasyMHO) 3aJlaTb Kak BEKTOP NPU3HaKoB
(bukcnpoBaHHOM ANNHbLI). Hanpumep, X — 3TO BpeMeHHOW psif, AEPEBO, ...



Kakum 6biBaeT y?

HOMWHaNbHbIN — 3aga4a Knaccupukauumm
KONIM4YyeCcTBEHHbIW — 3aa4a perpeccumu
BpeMeHHOW psag — 3ajadva npefckasaHns BpeMeHHOro paga




[Mpn3HaKoBble onncaHma 06BHEKTOB obyyatolen BbI6OpPKM 06bIYHO 3anuUCbIiBatOT

B Tabnumuy:
B (1 1)
/‘l'(l 1?2) ltj) ”lf{ y(')\
2) @ 2 2
22 D . l‘.j) oz | y®@
(le): ... ..... ........... ........ '.. .
N) (N (N N
\1(1 x5 ) | P ) Ifl ) y(\)J

I-A CTPOKa COOTBETCTBYET i-MYy 06beEKTY B 00y4yatoLLen BbIbOpKe
J-h cTonGew — j-My NpuU3HaKy




[Tpumep 1
NmetoTesa aaHHble o 114 nuuax ¢ 3aboneBaHneM LWUTOBULHOW XKenesbil.

e Y 61 — NoBbIWEHHbIN YPOBEHb CBOOOAHOIO rOpMOHa T4,
e Yy 53 — ypoBeHb ropMOHa B HOpMe.

[na KaXaoro nauneHTa N3BeCTHbI cnepyroLine rokasaTtesnn.

e X1 =heart —yacToTa cepe4HbIx cOKpaLlleHui (nynbe),
e X2 =SDNN — cTtaHgapTHOE OTK/IOHEHWE ANNUTEeNbHOCTU MHTEPBANOB MeXAay
CUHYCOBbIMM COKpaLlleHUaMU cepaLa.

MO>KHO N1 Hay4YUTbCA NpeAcKasbiBaTb YPOBEHb
cBob6oaHoro T4 no heart n SDNN?



heart

70 80 9 100 110 120

60

e Lowlevel T4

¢ High level T4
L ] LN ' -
.. : . L .
‘. B <
& g -
;: %, 'o ’. . °
.. ” ° ....... a3 ‘ L ]
9 ‘ ° @ a ..
L :. ’. .0
® v 2 o ;

1.0

lg SDNN




R High|eve|T4§

T H SHEE o Lowlevel T4 |

110
|

100
]

90

heart
70

60

16 - Ig SDNN - heart + 50 = 0

Owwnbka Ha obyyatoLelt Boibopke 23%. 3

MoXXHO nn ee caenatb MeHbLUEe? 1.0 1.5 20



MeTon bnnxanwero cocena
(c macwtTabuposaHnem)
Owwnbka Ha obyyatowen Bolbopke 0%.

heart

100 110 120

90

70

60

* Lowlevel T4 |
* High level T4|:




[lepeobyyeHune

Manas owmnobka Ha oby4datroLen BblIbOpKe He O3HAYaEeT, YTO Mbl XOPOLLIO
Knaccnduumpyem HoBble 0OBEKTDI.

NTak, Manas owmnbKa Ha faHHbIX, N0 KOTOPbIM MOCTPOEHO peLlatoLLee npaBuio,
He rapaHTUpYEeT, YTO OWKNOKa Ha HOBbIX O6beKTax TakxXe 6yaeT Masnon.

O6o6Larollasi Crnoco6HOCTh (KayecTBO) peLlaroLLero npaBmaa — 3To
CMOCOBHOCTb peLlaroLLLero NpaBuia NpaBUIbHO NpeacKasbiBaTh BbIX0O4 A
HOBbIX O6BbEKTOB, HE BOLWIEALNX B 06yYatoLLyto BbI6OPKY.

[lepeobyyeHne — peluaroliee NpaBmnIo XOpoLLO peLlaeT 3aaady
Ha obyyatoLLen BbI6GOPKE, HO UMEET MSIOXYH 0606LLaOLLY IO
CNOCO6HOCTb.




heart
80 90 100 110 120

70

60

50

MeTop 15 6nmkanwmx cocenen




[Tpnmep 2

NmetoTca faHHble 0 CTOMMOCTU 72379 kKBapTup

TpebyeTca HayunTbCs NpeacKasbiBaTh LieHY — 3ajla4a BOCCTAaHOBJIEHUSI perpeccum

O 00N hs W~

[laTa

LLinpoTa (uncnosoit)

[onrota (4ncnoBoi)

Bug o6bekTa (HOBOCTPOWKA, BTOPMYKA)
dTaxken B goMe (4MCcnoBon)

Tun goma (KUPNUYHbIA, NaHenbHblR, 6104HbIN, MOHONIUTHbIN, AePEBSHHbIN)
Konnyectso KoMHarT (ctyams, 1,2, .. .)
Mnowaab (4nMcnoBow)

LieHa (uncnosown)
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10° 1 : '
101 . . =
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0 1 2 3 4 5 B

KonuyecTeo KoMHaT




HekoTopble MeToabl ML

MeTo[, HanMeHbLUNX KBagpaToB
JINHENHbIN N KBaApaTUYHbIN AUCKPUMWUHAHTHbIA aHanms
Jloructunyeckasa perpeccus

MeTtopn k 6nmxanumx coceaen

HanBHbIh 6anecoBCKU KnaccudumkaTop

MallunHa onopHbIx BeKTOpoB (SVM)

[epeBbs pelueHuit (C4.5, CART u ap.)

AHcam6nu pewarowmnx GyHKUNR (6YCTUHT, 6arTUHE U T. 1.)
HelpoHHble ceTn (BKOYas rnyboKoe obyveHme)




MeTop, HaMMeHbLIMX KBaApPaTOoB
(nMHenHas perpeccus)

y (I(.-’\"b) . y(;\"))

Y= f(.l’) = [Bo+ Bz

(I(.J\f‘)’ f(‘lf("l\r)))

(l s f(l )) (g:(z), y(z))

W,y V)




2
(Bo+281()—y()) — min

=1

ﬁMa



MeToa HanMeHbLUNX KBaApaToB AJ/1sl 3a4a4u
knaccudukauum (?)

b e e e e e e e e e T e e e i ——— — — —— ——— ———————————— — ———

b |




MeToa HanMeHbLUNX KBaApaToB AJ/1s 3a4a4m
knaccudukaumm (?)

e

Ocm




Jloructmnyeckasa perpeccus

1

1 + e—Bothrz1t..+Bazq)

Pr(Y =1|X=12)= =a(Bo+ B 1),

— norucrtmnyeckas yHKum4
1+e* (anemMeHTapHbIN curmouna Unn NornT-PyHKUNS)

roe o(z)=

.
> alZ)
//
e o O

&2



1 1

- PR =
BotBiay+.. Baxd) oo+ B z), o=

PHY =1|X=2)=——

g o 50"’ 2,8_,1‘1) ~Pr(Y=1|X=12)

% 2\\



Cnyyan K kKnaccos:

d
exp (51,-0 * ; Br;x j)
Y S ... & U = — ~ Pr(k|z)

K d
> exp ([350 + Z ,ng:r.j)
=1 j=1
(k=1,2,...,K)




HeMpOHHble cetu [ g=0 (Bo-i-jé Bj:rj) ~Pr(Y =1|X=12)

Jlornctu4yeckas perpeccus -
9TO y)Xe ABYyC/IoMHaA* HeMpOHHas CceTb

~ Pr(k|x)

d

K
_Zl exp (,,B(o + Zl Be; j)
= j=

=12 .. .. K)




N3 normctnyecknx GyHKLUMA MOXHO COCTaBUTb Cynepnosnumio (pyHKUnS
OT PYHKLUMIA OT DYHKLNI OT ...)

BbIXO/1bI

2-1 «CKpPBITBIID) CIIOH

-1 «CKpPBITBIID CIIOH

BXO/1bI

Takum obpasom, BbIXO4bl N3 KaXOO0ro y3na (HeMpoHa) YyMHOXatoTCsA Ha
COOTBETCTBYHOLLME BECA N CKNAaAbIBaOTCS.
[anee K nony4eHHOMY pe3ynbTaTy Z npumMeHdaeTcs oyHKUMA o(Z2).



NHorga otaenbHO n3obpaxaT CYMMUPYIOLLNE 3NIEMEHTLI U SNTEMEHTHI,
BblMUCNSAOLLNE O

Softmax

1 I P T4 BXO/BI



Kpome curmongansHOn ncnonb3yoT n Ap/ yHKUUK, Hanpumep,
rnoJsioxxumersibHyro cpe3Ky ruHeuHou ¢yHkyuu (linear rectifier):

(180080 = B B s B Bz (z); = max {0, 2}

NN ee CrhaXeHHbIN BapuaHT softplus: g=1In(1+exp(By+ Biz; +...+B,z,))




PeKyppeHTHble ceTu

B peKkyppeHTHbIX CETAX NPUCYTCTBYHOT OPLINKITbI.
PeKkyppeHTHbIe HEMPOHHLIE CETU UCMONb3YHOT, HAaNpPUMep, ANa npeackasaHns

BPEMEHHbIX PSOOB.




KpaTKo 0 rnyboKomM oby4yeHuu
(Yann LeCun, Yoshua Bengio, Geoffrey Hinton u gp.)

[ny6okoe ob6y4yeHme (Deep learning) — noaxof, OCHOBaHHbIM Ha MOAENNPOBaHUK
BbICOKOYPOBHEBbIX abCTPaKLnii (HOBbIX MPU3HAKOB) C MOMOLLbHO
nocnenoBaTesibHbIX HEIMHENHbIX NPeobpasoBaHUN.

Bonee BbICOKME YPOBHM HEMPOHHOW CETU NPeACTaBNAIOT abCcTpakLuio Ha 6a3se
npeablayLmx Cnoes.

HeKOTOpre noaxonabl B Fﬂy6OKOM o6yqu|/|M

e (CBepTOYHbIe HEMPOHHbIE CETHU

e ABTOKOAMPOBLLMKM (autoencoders) n CTEKM aBTOKOANPOBLLNKOB

e OrpaHuyeHHas MalnHa bonbuMaHa u rnybokue cetn noeepus (deep belief
networks)



JluHeUHbIU cbunbmp (ceepmka) | * K ¢ agpom K:

0 1 0

(] * ]\')],)(; 22 ]:*1 l,qtj— l[\u HanpumMmep. K= 1 -4 1
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LeNet-5 [Le Cun et al., 1998]
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Feature extraction Classification

e (CBepTo4Hble crion (convolutional layers)
e «BbIbopoyHble» crnou, unun cnon obbveanHeHus (subsampling/pooling layers)
e [lonHocesasHble crnou (fully connected layers)



Input Layer

Hidden Layer 1 Hidden Layer 2 Hidden Layer 3

combinations of edges



