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[ OBOPSAT, 4TO KOMIIBIOTEPHAS IIpOrpaMma oOyuaemcs Ha OCHOBE OmbITa F 110
OTHOILIEHUIO K HEKOTOPOMY KJIacCy 3a7iad 1’ u Mephl KayecTBa P, €Clii Ka4eCTBO

pelieHus 3a1a4d u3 1', '3BMEpEeHHOE Ha OCHOBE P, yiaydlliaeTcs ¢ NpuoOpeTeHUEM
oneiTa F .

1I'M. Mitchell Machine Learning. McGraw-Hill, 1997.



Alan Mathison Turing (1912-1954)

MSS. and other Communications for the Editor should be addressed to
Prof. G. RYLE, Magdalen College, Oxford.

VOL. LIX. No. 236. OCTOBER, 1950

MIND

A QUARTERLY REVIEW
OF |

PSYCHOLOGY :AND PHILOS@ORLEY 3

EDITED BY

Pror. GILBERE RYLE

Wita tHE Co-oPERATION OF PrOF. Sir F. C. BARTLETT axp Pror. C. D. BROAD ';
: §
CONTENTS. i
R PAGE 3
I.—Computing Machinery and Intelligence sy = M |
TURING 5 : : = 9433
II.—Subject and Predicate : P. T, GEac . i AOL
. III.—Frege's Sinn und Bedeutung : P. D. WIENPAHL v 483 !
IV.—The Theory of Soverelgnty Restated : W. J. REES . 495 |
V.—A Note on Verification : F. C. COPLESTON A 522
Notes . . . < . - 3 5 <%1520
VI —Dx:cussmns —
Ostensive Definition and Empirical Certamty %
A. Pap 5 . 530
Pragmatic Pwradoxes P ALE‘( L\NDER : . 536
The Causal Theory of Perception: J. WATLING . 539
““ Fallacies in Moral Philosophy.” A Reply to Mr.
Baier : S. HAMPSHIRE . 541
The Existence of God : T. \ICPHERSO]\ { . 545
Berkeley’s Philosophical Commentaries : A. A. LUCE 551
A Note on Aristotle. Categories 6a 15: M. WAR-
NOCK . ; A i 3 B 2 S50
VII.—Critical Notice :— .
Moral Obligation : Essays and Lectures by H: A 1
Pnchard C. D. BroAD B 555 !
VIII —New Books . - : g X 3 . 507 %
PUBLISHED FOR THE MIND ASSOCIATION BY g‘
THOMAS /N EDLSON &S O NS BabD 1
PARKSIDE WORKS, EDINBURGH, 9 d
NEW YORK: THOMAS NELSON & SONS }

Price Four Shillings and Sixpence. All Righis Reserved.
Yearly Subscribers will receive MIND post free from the Publishers
on pavment (in advance) of Sixteen Shillings.

Entered as Second Class Matter, October 1st, 1948, at the Post Office at New York, N.Y.
under the Act of March 3rd, 1933, and July 2nd, 1946.

Printed in Great Britain |




Arthur Lee Samuel (1901-1990)

HccnenoBanus o MalllMHHOMY OOYYE€HUIO — MpuMepHO ¢ 1949 1.




Eight-move opening utilizing g

A. L. Samuel

Some Studies in Machine Learning
Using the Game of Checkers

Abstract: Two machine-learning procedures have been investigated in some detail using the game of

checkers. Enough work has been done to verify the fact that a F can be proy { so that it will

learn to play a better game of checkers than can be played by the person who wrote the program. Further-
more, it can learn to do this in a remarkably short period of time {8 or 10 hours of machine-playing timel

when given only the rules of the game, a sense of direction, and a redund and ir plete list of
parameters which are thought to have something to do with the game, but whose correct signs and relative
weights are unknown and unspecified. The principles of machine learning verified by these experiments

learning. (See Appendix B, Game G-43.)

are, of course, applicable to many other situations.

Introduction

The studies reported here have been concerned with the
programming of a digital computer to behave in a way
which, if done by human beings or animals, would be
described as involving the process of learning. While
this is not the place to dwell on the importance of ma-
chine-learning procedures, or to discourse on the philo-
sophical aspects,! there is obviously a very large amount
of work, now done by people, which is quite trivial in its
demands on the intellect but does, nevertheless, involve
some learning. We have at our command computers with
adequate data-handling ability and with sufficient com-
putational speed to make use of machine-learning tech-
niques, but our knowledge of the basic principles of these
techniques is still rudimentary. Lacking such knowledge,
it is necessary to specify methods of problem solution in
minute and exact detail, a time-consuming and costly
procedure. Programming computers to learn from ex-
perience should eventually eliminate the need for much
of this detailed programming effort.

e General methods of approach

At the outset it might be well to distinguish sharply be-
tween two general approaches to the problem of machine
learning. One method, which might be called the Neural-
Net Approach, deals with the possibility of inducing
learned behavior into a randomly connected switching
net (or its simulation on a digital computer) as a result
of a reward-and-punishment routine. A second, and
much more efficient approach, is to produce the equiva-
lent of a highly organized network which has been de-
signed to learn only certain specific things. The first

method should lead to the development of general-pur-
pose learning machines. A comparison between the size
of the switching nets that can be reasonably constructed
or simulated at the present time and the size of the neural
nets used by animals, suggests that we have a long way
to go before we obtain practical devices.2 The second
procedure requires reprogramming for each new applica-
tion, but it is capable of realization at the present time.
The cxperiments to be described here were based on this
second approach.

e Choice of problem

For some years the writer has devoted his spare time to
the subject of machine learning and has concentrated on
the development of learning procedures as applied to
games.? A game provides a convenient vehicle for such
study as contrasted with a problem taken from life, since
many of the complications of detail are removed.
Checkers, rather than chess,*-7 was chosen because the
simplicity of its rules permits greater emphasis to be
placed on learning techniques. Regardless of the relative
merits of the two games as intellectual pastimes, it is fair
to state that checkers contains all of the basic characteris-
tics of an intellectual activity in which heuristic proce-
dures and learning processes can play a major role and
in which these processes can be evaluated.

Some of these characteristics might well be enumer-
ated. They are:

(1) The activity must not be deterministic in the prac-
tical sense. There exists no known algorithm which will
guarantee a win or a draw in checkers, and the complete
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1.2. Machine Learning vs Data Mining
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[ToaToMy

e B ML MUHMMM3HUPYIOT OIIHUOKY;

e B DM BaxHa MHTEPIIPETUPYEMOCTh PE3YJILTATA.
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EcTh HEMHOTO Apyras To4YkKa 3peHus Ha Bonpoc, yeM ML ornunuaercsa or DM:

Data Mining uMeeT AeJI0 C CoAep KaTeIbHBIMM 3adadaMu, a Machine Learning —
C MAaTeEMaTU4YECKOU TEOPHUEH,

OoTCroga HCMHOI'O CTPAHHbLIC TCPMHUHLbI, HAIIPUMCP, «aAJITOPHUTMbI MAIIIMHHOI'O O6y‘-I€HI/IH B
dAHAJIN3C HaHHBIX»



1.3.
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Pecypcsl

Wiki-nopran http://www.machinelearning.ru

Moii kypc: http://www.uic.unn.ru/ zny/ml (pe3eHTalUM JEKIUH, JJaDOpaTOpHbIE padOTHI,
omnrcaHue cuctembl R, ccbuiku, ML st «4aitHUKOB» M JIp.)

Boponyos K. B. MamnHoe o0ydyeHue (Kypc JICKIIU)
cM. http://www.machinelearning.ru,
BUJICO-JIEKIMH http://shad.yandex.ru/lectures/machine_learning.xml

Ng A. Machine Learning Course (video, lecture notes, presentations, labs)
http://ml-class.org

Hastie T., Tibshirani R., Friedman J. The Elements of Statistical Learning: Data Mining, Inference, and
Prediction. 2nd Edition. Springer, 2009
http://www-stat.stanford.edu/ "tibs/ElemStatLearn/

James G., Witten D., Hastie T., Tibshirani R. An Introduction to Statistical Learning with Applica-tions
in R. Springer, 2013. http://www-bcf.usc.edu/ gareth/ISL Pyc. nep.: [owceiimc I, Yummon /].,
Xacmu T., Tubwupanu P. BBeieHUE B cTaTUCTHYECKOE 00ydeHue ¢ mpuMmepamu Ha si3bike R. [IMK
IIpecc, 2016.

Flach P. Machine Learning: The Art and Science of Algorithms That Make Sense of Data. Campbridge
University Press, 2012. Pyc. nep.: @aax I1. MamaHoe o0ydyenue. Hayka u HCKyCCTBO TTOCTPOEHUS
aJTOPUTMOB, KOTOphIE M3BJIeKatoT 3HaHusa U3 nanHbix. JIMK IIpecc, 2016.


http://www.machinelearning.ru
http://www.uic.unn.ru/~zny/ml
http://www.machinelearning.ru
http://shad.yandex.ru/lectures/machine_learning.xml
http://ml-class.org
http://www-stat.stanford.edu/~tibs/ElemStatLearn/
http://www-bcf.usc.edu/~gareth/ISL

1.4. Software

e Python Scikit-Learn scikit-learn.org u Pandas pandas.pydata.org
e Cucrema Uil CTaTUCTUYECKUX BBIYMCIEHUN R r-project.org

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

e bubOnuoreka mammHHOro 3peHusa OpenCV (CH++, unrepdeiic nua Java, Python)
(pazaen ML) opencv.org

e Intel DAAL: Intel Data Analytics Acceleration Library
software.intel.com/en-us/daal

e buOnmoTeka anropuTMOB IS aHaiu3a daHHbIX Weka (Java)
www.cs.waikato.ac.nz/"ml/weka

e [lakeT mis pelieHus 3aja4 MallTMHHOTO OOy4YeHUsl U aHaiau3a JdaHHbix Orange
orange.biolab.s1

e Cucrema JJid pelIeHus 3a/1ad MAIIMHHOTO OOy4YeHHUs U aHaiu3a JaHHbIX RapidMiner
rapidminer.com


scikit-learn.org
pandas.pydata.org
r-project.org
mathworks.com
opencv.org
software.intel.com/en-us/daal
www.cs.waikato.ac.nz/~ml/weka
orange.biolab.si
rapidminer.com

Software. Frnybokoe obyyeHue

Windows

No Ilakem/oubnuomexa Hnmepgheiic ocC FC NN | CNN | AE | RBM | REC

1 | TensorFlow Python Linux, Mac OS + + ? + +
X, Windows

2 | Theano Python Cross-platform + + + + +

3 | Keras Python, R Cross-platform + + + + +

4 | Torch Lua, C Linux, Android, + + + + +
Mac OS X,
Windows

5 | Cafte C++, Python, Linux, OS X, + + — — +

Matlab Windows

6 | Matlab Neural Networks Toolbox | Matlab Linux, OS X, + + + ? ?
Windows

7 | Wolfram Mathematica Java, C++ Linux, OS X, + + |+ |+ —




COpeBHOBaHHSI U AaHHbIe ANSA 3KCNepuMEeHTOB

e /lannwvie ons sxcnepumenmos: UCI Machine Learning Repository

archive.ics.uci.edu/ml/
e Kaggle: The Home of Data Science — miardopma miist copeBHOBaHHUH www . kaggle . com

e CopeBHOBaHUA MO aHAIM3Y AaHHBIX OT Mail.ru https://mlbootcamp.ru


archive.ics.uci.edu/ml/
www.kaggle.com
https://mlbootcamp.ru
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1.5. Knaccudpmkaumsa 3agavy MallMHHOro obyyeHms

e OOyuenue ¢ yuureneM (supervised learning):

— KjaccupuKaius

— BOCCTAHOBJICHUE PErPECCHUU
e OOyuenue 0e3 yuurtens (unsupervised learning):

— KJacTepu3aIus

— TIOHWXECHHUE Pa3MEPHOCTHU

e OOyueHue ¢ noakpemieHueM (reinforcement learning)

e AKTHBHOE OOyYEHHE
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MPEACKA3bIBAIOINYIO Yy € Y:

y=[f@)= f(2)



MenuimHacKast ITUarHoCTHUKa
CumoroMbsl — 3a00JIEBaHUE

Punprpanys crnama
[IlucemMo — criam/He criam

PexoMeHaaTebHbIE CUCTEMBI
[Ipormmuible NOKYIIKH — PEKOMEH AU

KoMIbroTepHOE 3pEeHUE
N3o0paxeHne — 4To U300paKeHO

PacniozHaBanue Tekcra
PyKONMCHBINW TEKCT — TEKCT B MAUIMHHOM KOJIE

KoMIbroTepHast TUHIBUCTHKA
IIpennoxxenne Ha PyCCKOM S3bIKe — J[epeBo CMHTaKCHUYECKOIo pazdopa

MatHHBIN TIEPEBO/I
TekCT Ha PyCCKOM SI3BIKE — MEPEBOJ HA AHIVIMUCKUHA

Pacnio3zHaBanue peuun
AynHro3anuch peuyu — TEKCT



2.1. CxeMa oby4yeHHMs C yuutenem

[ unepmiapameTpsl
aaropuTMa

I

OOyuaroras BbIOOpKa AJITOpUTM Pematrorast
(D 4Dy, (@), )y T oOydJeHUS - byakmus f(x)
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e Eciu (); KOHEYHO U VIIOPSAIOUYEHO, TO MIPU3HAK HOPSIOKOEBHII.
] o

Hanpumep, (); = {Beginner, Elementary, Intermediate, Advanced, Proficiency }

e Ecimu (); = R, To npusHak xonuuecmeenubiii.

Buvixoo: y € &

e % =R — 3a0aua soccmaro8eHUs pecpeccul

o W ={1,2,..., K} —3a0aua knaccugpuxayuu. Homep xmnacca k € %



IIpu3HakoBbI€ ONMUCaHUsI OOBEKTOB 00y4Yaroliei BLIOOPKH OOBIYHO 3alMCHIBAIOT B TAOJIMILY:

1 1 1 1
(x(l) xg) :L'g.) .CEEZ) y(l)\

) (@ 2 2
ZC(I) azg) azg) ...azgl) y@
(X | y) _ . .. ..... T R | . .
ZC(IZ) azg) xgz) . azg) y@

N) (N N N
\az(l ) xg )L ZC§ )L azgl)y(N))

7-51 CTPOKA ATON TAOJIMIIBI COOTBETCTBYET 7-My OOBEKTY OOyUaroIlel BEIOOPKU

j-#1 cTondel — j-My IPU3HAKY
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NMpumep 1. MeamMuMHCKas AMarHOCTHMKa

Nmerorcs nadaeie o 114 nuiax ¢ 3a001€eBaHMEM IIIATOBUIHON KEJIE3bI.
Y 61 — noBBIIEHHBIA YPOBEHb CBOOOIHOTO TOpMOHa T4,
y 53 — ypOBEHb TOPMOHA B HOPME.

J1J1s1 KaXK10ro nanueHTa U3BECTHBI CIECAYIOIIME MOKA3aATENN:
e 1| = heart — yacTtora CEpACYHbIX COKpalleHUN (ITyJIbC),
® 75 = SDNN — crtaHgapTHOE OTKJIIOHEHUE JUITUTEIbHOCTH UHTEPBAJIOB MEXIY

CUHYCOBBIMHU COKpaiieHusamMu RR.

MOKHO JIM HAyUYHUThCSl IPEACKA3bIBATh (J0IyCKasi HEOOIBIINE OIIMOKH) YPOBEHb CBOOOIHOTO
T4 mo heart u SDNN?
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16 - 1g SDNN — heart +50 =0

Omrbka Ha oOyyaronie Beioopke — 23 %. MoXHO 11 €€ clieiaTh MEHbIIIE?
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Ommnbka Ha oOyyaronier Beioopke — 0 %.



Manas omnOka Ha obyuarowel 6b100pKe HE 03HAYAET, YTO MBI XOPOIIO KJIACCU(PUIIUPYEM
HOBble OOBEKTHI.

Utak, manas owubka Ha OAHHbIX, HO KOMOPbIM NOCMPOEHO peulaiouiee npasuiio, He
2apanmupyem, Ymo omubKa Ha HOBbIX 00bEKmMax maxxice 6yoem Majiou.
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Utak, manas owubka Ha OAHHbIX, HO KOMOPbIM NOCMPOEHO peulaiouiee npasuiio, He
2apanmupyem, Ymo omubKa Ha HOBbIX 00bEKmMax maxxice 6yoem Majiou.

Obobwarowas cnocoonocms (Kauecmeo) peuilaroue2o npasuia — 3TO0 CIOCOOHOCTh
peIIaroIero mpaBuiia MPaBUIbLHO MPEACKa3bIBaTh BBIXOJ Il HOBBIX OOBEKTOB, HE
BOLLEAIINX B 00y4YaroIyr0 BbIOOPKY.

llepeobyuenue — pemaroliee MpaBUIo XOPOIIO pelIaeT 3agady Ha oOydaromiei BbIOOpKE, HO
MMEET IJIOXYH 0000IaIIyI0 ClIOCOOHOCTb.
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KOJIMYECTBO KOMHAT, BpeMs IIOCTPOMKH, yIAJIEHHOCTh 10 OCHOBHBIX MAarucTpasiei, HaJIu4due
MHPPACTPYKTYPHI, IKOJIOTMYECKasi OOCTAaHOBKA B paliOHE M T.II.

TpeOyercst HayYUThCSA OLIEHUTH LIEHY 10 OCTaJIbHOM MH(OPMAIIUHU.
OOBeKTamMu SABISIOTCS JI0Ma, BXOJIaMHA — HX XapaKTEPHUCTUKH, a BBIXOJIOM — II€HA J0Ma.

ITO 3aj71a4a BOCCTAHOBJICHUSI PETPECCHUH.



Boston Housing Data http://archive.ics.uci.edu/ml/datasets/Housing

MubopMalys arperupoBaHa; TEppUTOPHS IOJIeJICHA Ha YYACTKHU U JIOMa, CTOSIIME Ha OJHOM
y4acTke, coOpaHbl B rpynmnbl. Hy)kKHO OIIEHUTh CpEeHION0 LIEHY AoMa. TakuM o0paszom,
00BbEKTaMM SIBJISIIOTCS caMu ATH rpy1mnbl. X obmee konmumdectBo — 506.

[Ipu3Haku

[—
.

CRIM — ypOBEHB IPECTYNHOCTH HA IYIIy HACEIICHUS,

ZN — MpOLEHT 3eMJIH, 3aCTPOCHHOM KUJIBIMH JOMaMH (TOJBKO JJI y9acTKOB Tuiomaapio cBhime 25000 kB. (hyToB),
INDUS — mpOILIEHT AET0BOU 3aCTPOMKHU,

CHAS — 1, ecnu y4acTOK rpaHUYMT ¢ pekoi; 0 B MpOTUBHOM ciiyuae (OMHapHBIA MPU3HAK),

NOX — KOHILIEHTpalMs OKCUJA a30Ta, JCJICHHAsl Ha 107,

RM — cpeaHee yuciao KOMHAT (10 BCEM JOMaM PacCMaTpUBAEMOI0 Yy4acTKa),

AGE — npoueHT A10MOB, NOCTPOEHHBIX 10 1940 T. 1 3aHMMaeMbIX BIIaJICIbIIAMU,

DIS — B3BELIEHHOE PACCTOSHHE 10 5 NENIOBBIX HEHTPOB bocToHa,

A S ST N e

RAD — MHJIEKC YIAJCHHOCTHU 0 PAAUAIBLHBIX MarucTpaleu,

—
S

TAX — BenmuuHa Hasora B $10000,

[—
[—

. PTRATIO — KOJMYECTBO y4YaIIMXCs, MPUXOIAANIIAXCS HA OAHOTO yUuTess (110 Topoay),

—
>

B = 1000(AA — 0.63)?, rne AA — nons ahpo-aMepUKAHIIEB,

f—
98]

. LSTAT — mpOUEHT KUTEJIEH C HU3KAM COLMAJIbHBIM CTaTyCOM.


http://archive.ics.uci.edu/ml/datasets/Housing

JlmarpamMmbl pacCestHUSA U1 KaXI0M napsl nepeMennbix MEDV, INDUS, NOX, RM, AGE,
PTRATIO, B. 3naueHue nepeMeHHOM MEDV HY>KHO HAyYHUTBHCS MPEICKA3BIBATH MO 3HAYCHUSM
OCTJILHBIX TTIEpEMEHHBIX. 300paxeHsl ToabKo 1o 100 ciiydailHbIX TOYEK.
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3agady CHHTaKCHYECKOro pa3dopa MOKHO ITOCTaBUTh KakK 3aJ1a4y IMOCTPOSHHS IMPOCKTUBHOTO
JepeBa MUHMMAaJIbHOTO BeCa, IJI€ Beca MoJAOMPaIOTCs HA OCHOBE 0OyU€HHS MO OO0JbIION 0aze
pa3o0paHHBIX (BPYUYHYIO) MPEIIOKCHUM.

Taxxe HE0OX0AUM MOJAPOOHEHIIINM CIOBAPh SA3bIKa C IIEPEUYHEM BCEX CJIIOB BO BCEX popmax
(C yKazaHHEM, Kakasi 3TO YacThb pe€4Yd U B Kakoi hopme).



3. OueHKa KayecTBa pelleHMs

AnroputM oOyueHHs cTapaercs moxodpars Takyro ¢ysknuo f, uro f(z®) ~ y®
(=12 ..N)

Bimsocts f(2) u y') oGbrano onpenensiercs gynryueti nomepy (wmpaga) L ( f(z), y©)

Hampumep, 14 3aaum BOCCTAHOBIIEHUSL PETPECCUM:

L, y) =@ —y)y

Jl1s 3amaun KiaaccupuKaIum:

0, ¥y =y,
L,y 7y

MuHUMU3HMpYEM SMIIUPUYECKUM PUCK (OIMOKY Ha 00ydaromied BhIOOPKE):

L, y) =1 #y) = {

R =~ L (/). 4%)  min
=1

Ho 1enbro sBiageTcst co3manue peuiaromend QyHKIUY, Jea0IIeH XOpouIue MpeacKa3aHus Ha
HOBBIX JJaHHBIX. Upe3aMepHass MUHUMM3AlUs OIIMOKH Ha 00ydaroiieid BbIOOPKE MOXKET
IPHUBECTH K IUIOXHUM pe3yJibTaTaM Ha HOBBIX JIAHHBIX (nepeobyuenue).



3.1. OwmbKa Ha TeCTOBOM BblOOpPKe

Ecau gaHHBIX MHOTO, TO MOXKHO BBIJCIHTH TECTOBYIO BBIOOPKY, HE3aBUCHUMYIO OT
oOyyJaroleil BeIOOPKHU:

1 1 2 2 Ntes Ntes
(x‘ges)tv yt(es)t)a (x‘ges)w yt(es)t oo (x‘gesi t)a yt(es; t))

HecMmemienHas oreHka Ka4ecTBa MOCTPOCHHOM (DYHKIHH f:

R(f) = iL (F@2), vk )

Train Test




Omubka

Test

Bayes Error

Train

CHI0XHOCTH MOJEIN




3.2. NepeKpeCcTHbIM KOHTPONb

Eciu 1aHHBIX Masio, TO MOXKHO HCIIOJB30BaTh NepeKpecmublil, Ui CKOIb3AUUL, KOHTPOJIb
(cross-validation)



Ciy4daitHpIM 00pa3oM pa3o0beM MCXOJHYIO BBIOOPKY Ha N HemepeceKarouxcs MPUMEPHO
PaBHBIX 110 pa3MepPy YacTeu:
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4. HekoTtopble MeToflbl OOyYeHHa C yunTenem

e MeToa HaUMEHBIIIMX KBaJIpaToB

e JIMHEWHBIN ¥ KBAJIpATUYHbIN JUCKPUMHUHAHTHBIA aHAJINU3
e Jlorucruueckas perpeccus

e Meton k OmmKaWIInX COCEIEN

e HaupHrpIi OaliecCOBCKUM Ki1acCU(PUKATOP

e HeiipoHHble ceTu (BKJIHOYas IIyOOKOE€ O0yUEHHUE)

e MaiuHa onopHbIX BEKTOPOB (SVM)

e Jlepebs pemenuit (C4.5, CART u np.)

e AHcaMmOJIM pemaromux QyHKIUA (OyCTHUHT, OArTHHT U T. I1.)



4.1. MeTo L HaMMEHbLUMX KBAAPATOB (NMHEeMHaa perpeccus)
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Cnyuaii K xmaccoB: % ={1,2,..., K}. ®yukius softmax:

d
eXp <5k0 + Zl 5@%‘)
Y1 Y2 . YK U= — ~ Pr(k|x)

> €xp (560 + > 5@%‘)
=1 Jj=1
k=12, . K

3amMeyaHme MoxxHO IpeoOpa3oBaTh U NePeOoOO3HAYUTD:

eProtBia

Pr(Y =k | X =12)=

k=1,2,..., K —1
l—l—zgfil_l eﬁfong ( ’ < ) )7

1

Pr(Y =K | X =) =
"t | 2 1+ 5K ehthie
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Kak 06yuMTb NOrMcTMYeCKylo perpeccuio

Kak naittu (9, 51, 520, B2, - - -, Bro, Br?
Bocrnonb3yeMcsl METOIOM MaKCUMAaJIbHOTO MPAaBIONOL00H.

MaxkcumMu3zanuu nojpepraercs jJorapupmudeckas GyHKIMS IPpaBaoIoa00us
N . .
((B)=" InPr Y =y |X =2, 8} — max,
=1

TIe
B = (B0, B1, 820, B2, - -, Br—10, Bx—-1), Pr(Y = k| X =x,8)=Pr(Y = k\X = T).

J{714 5TOro MCHONIB3YIOTCS YUCICHHBIE METOBI ONITUMM3alNKU (rpaaueHTHBIA cnyck, BFGS n
ap.)
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JlorucTrueckass perpeccusi — 3TO YiKe ABYXCIOMHAS HeI/IpOHHaH CETh.
g=o0 (ﬁ(ﬁ- > ﬁj%) ~Pr(Y =1|X =1x)

7/ z\\

eXp (@co + Zl 5@%’)
Yk = 7 j_d ~ Pr(k|x)

> exp (560 + Y 5@'%‘)
=1 7=1
k=12 . K)




Hetiponnas cemv (MU uCKyccmeeHHasi HEUPOHHAS cemb — OPUEHTUPOBAHHBIN rpad,

BEPIIIMHAM KOTOPOTO COOTBETCTBYIOT DYHKIUU (QhyHKyuu akmusayuu), a KaxJa0d BXOAALICH
B BEPIIUHY Ayre (cunancy) — €€ apryMeEHT.

Bxon HerpoHa — neHIpUT. BbIX0Oa — aKCOH.



Hetiponnas cemv (MU uCKyccmeeHHasi HEUPOHHAS cemb — OPUEHTUPOBAHHBIN rpad,

BEPIIIMHAM KOTOPOTO COOTBETCTBYIOT DYHKIUU (QhyHKyuu akmusayuu), a KaxJa0d BXOAALICH
B BEPIIUHY Ayre (cunancy) — €€ apryMeEHT.

Bxon HerpoHa — neHIpUT. BbIX0Oa — aKCOH.

C MareMaTU4eCcKOM TOUKHU 3pEHUS HEUMPOHHAs CETh rpaUuecKy 3a7aeT CYNEepIO3UIINIO
(YHKIMI aKTUBAIAM.



U1 Y2 . . YK BBIXOJIbI

2-1 «CKPBITBI» CJIIOU

1-" «CKPBITBI» CIIOU

BXOJbI



BbIXO/1bI

1 2-1 «CKPBITBI» CJIIOU
1 1-" «CKPBITBI» CIIOU
1 1 2 R T4 BXOIBI

TakuM 00pazom, BBIXOJBI U3 KAXKJIOT0 y3ja (HEMpOHAa) YMHOKAIOTCSA Ha COOTBETCTBYIOIINE
BECa U CKJIAJIbIBAIOTCA.

Jlasee K TOJIy4E€HHOMY pEe3yJIbTaTy S MPUMEHSAETCS (YHKIHS o (S).



MHoraa oTaeIbHO H300paKatoT CYMMHUPYIOIINUE 3JIEMEHTBI U 3JIEMEHTbI, BRIYUCIISIONINE O

Softmax

P

1 z1 % T4 BXOHIbI



KpoMe curMouiaiibHOM UCIIONB3YIOT U Apyrue (GYHKIHNHU, HATPUMED, HOLOHCUMETLHYIO
cpesky aunetnou @ynkyuu (linear rectifier):

Q(II,ZUQ, R 71'6]) = (6()+51$’1 T +5qxq)+

rie (x)+ = max {0, z}, win ee crmaXeHHbIH BapHaHT sofiplus:

q = 111(1 + exp(ﬁo + 511'1 +... 7+ qub'q))




PeKyppeHTHble CeTH

B cetu MOTYyT IpUCYTCTBOBATh OPIIAKJIBI.
PexyppeHTHBIE HEMPOHHBIE CETH HCIOIB3YIOT, HAIPUMED, I MPEACKAa3aHUs BPEMEHHBIX
PAIOB.

Y1 Y2
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O6yueHne HenpoHHoOM ceTu (backpropagation)
[H.J.Kelley, 1960; A.E.Bryson, 1961; S. Dreyfus, 1962; S. Linnainmaa, 1970; A. U. l'anymxkun, 1974;
P. Werbos, 1974; C. 1. bapues, B. A. Oxonun, 1986; D. E. Rumelhart et. al., 1986]

OOy4deHne HEUPOHHOM CETH — 3TO MOJA00P MapaMeTpoB (BECOB HEHPOHHOM CETH) IS
MIOATOHA CETH IOJI 00yUarolyr BbIOOPKY. MUHUMHU3UPYEM SMIIMPHUUECKUN PHUCK.
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AJITOpUTM 0bpamnoco pacnpocmpanenus ouubku (back propagation) — 310 MeTOA
BBIYUCIICHUS Tpaauenta OR/005.



KopoTko o rnybokom obyuyeHmm

(Yann LeCun, Yoshua Bengio, Geoffrey Hinton u np.)

I 1yboroe obyuenue (Deep learning) — moaxon, OCHOBaHHBIM Ha MOAECIMPOBAHUU
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boJsiee BbICOKHME YPOBHU HEMPOHHOW CETH MPEICTABISECT a0CTPAKIMIO Ha 0a3e MpeAablIyIuX
CJIO€B.
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Mpo6nembl ¢ 60NbLIMMM HEMPOHHBIMM CETAMM

e IlepecoOyueHue

e llcue3aromum rpagueHT
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LeNet-5 [Le Cun et al., 1998]

16 x10x 10 16 x5x%x5
190 Output
84

6x28x28 6 14 % 14 10

Input

Convolution Pooling
Convolution , Fully connected
Pooling
. J & J
Y Y
Feature extraction Classification

e (Csepmounvie ciou (convolutional layers)
e «Buviboopounviey cirou, unu ciou obveournenus (subsampling/pooling layers)

e [lonnocessaszmuwle ciou (fully connected layers)



Jlpyrue npumepsl:

e AlexNet (Alex Krizhevsky, Ilya Sutskever, Geoffrey Hinton, 2012) — nobeaurens
ImageNet-2012 — & cioes

e Playing Atari with Deep Reinforcement Learning (V. Mnih, 2013) — 10 cioes

e AlphaGo (D.Silver et al, Alphabet Inc.’s Google DeepMind, 2015) — 2 HelpOHHBIX
cetu 1o 13 cnoes

e Microsoft ResNet (2015) — 34 cinos

e GoogleNet (2015) — 71 cnou (XOTS KaK CUHATATh)
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5. O6yyeHme 6e3 yuutens: Knacrepmsaumus

NMpumep 1. U3BeprkeHns remsepa

PaccMoTpuM J1aHHBIE O BPEMEHM MEKY M3BEPKEHUSIMHU U JJTUTEIIbHOCTHIO U3BEPIKEHUS
reizepa Old Faithful geyser in Yellowstone National Park, Wyoming, USA (4. Azzalini,
A.W. Bowman A look at some data on the Old Faithful geyser // Applied Statistics. 1990, 39.

P.357--365.)



I[HarpaMMa, IMpCACTaBJIAOMIAA JAHHBIC O BPCMCHU HM3BCPKCHUS U IIPOMCIKYTKAX MCIKIAY

N3BCPKCHUAMU I'CHU3CPA.
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[Tociie 3TOro MOBTOPUM HUTEPALIUIO.
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begin
Ciy4daitHo mHuuupoBars ux (k=1,2,..., K)
repeat
Honoxute C(7) < argmin |29 — p]|>  (@=1,2,...,N)
1<k<K
y 1 i _
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end
end

Wtepamuu B aJropuT™Me MOBTOPSIOTCS J0 TEX MOP, MoKa i, C'(7) IepecTaHyT U3MEHSThCA.

AJITOPUTM MOXKET HE COMTHUCH K II00aTbHOMY MUHUMYMY, HO BCEIJla HAUJIET JIOKAJIbHBIN
MHUHHAMYM.

MoXHO HaYMHATh CO CIIy4alHOro pa3OMeHusi 00bEKTOB Ha K KJIacTEepOB, HAMTHU Y HUX
LEHTPBI TSHKECTU U TIPOJOIKATH UTEPALIHH.



WMiumtoctpanus, K = 2:
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Ha Ououun kpoMe HcclieyeMOro Marepurana IoMEIIaeTCs TaKKe «KOHTPOJIbHBIN
FCHETUYECKUH MaTepual.

[TomoxuTenbHbIe 3HAYCHUS (KPACHBIM IIBET) — YBEIUUYECHHE YPOBHS DKCIPECCHH I10
CPABHECHHIO C KOHTPOJIbHBIM.

OTtpunaresibHble 3HAYEHUS (3€JIEHBIN 1IBET) — YMEHBIIICHHUE.



YcioBHOE n300pakenune omounna. Kaxxaas Touka Ha pUCyHKE COOT-
BETCTBYET ONpe/ieiecHHOMY TeHy. Becero ananusupyercs 132 x 72 =
9504 rena. Brown, V.M., Ossadtchi, A., Khan, A .H., Yee, S., Lacan,
G., Melega, W.P., Cherry, S.R., Leahy, R.M., and Smith, D.J;
Multiplex three dimensional brain gene expression mapping in a
mouse model of Parkinson’s disease; Genome Research 12(6): 868-
884 (2002).




JlanHbIe TS 60 AKCIIEPUMEHTOB C OMOYHUTIOM
http://discover.nci.nih.gov/datasetsNature2000. jsp
CTpokH COOTBETCBYIOT T€HaM, CTOJOIBI — OSKCIEPUMEHTAM.
[TpuBenensr Tonpko nepseie 100 cTpok (M3 obmero yucma 1375).
Crtpoxku, coaepskalire OTCyTCTBYIOLIME 3HAYCHUS, HUCKIIOUCHBI.
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NMpumep 3. Cnmckm Ceogella M TAKCOHOMMS SA3bIKOB

Cnucox Ceooewa (Morris Swadesh, 1909-1967) — cnincok u3 clioB 6a308020 cio8aps —
s0pa fA3bIKa (TEPMHUHBI POJICTBA, YaCTH TeJla, YacThle MPUPOAHBIC SIBICHUS, )KUBOTHBIC U T.1.):

MaThb, OTEIl, Opat, cecTpa, Yel0BEK, pyKa, HOTa, COJIHIIE, JyHa, . . .

DTO camas cTapas JICKCHKd, OHa MCHCC BCCI'O ITOABCPKCHA U3MCHCHUAM U 3daMMCTBOBAHUAM.
OTHU CJIOBA TOXE MOTI'YT 3aMCHATBHCA APYI'UMHU, HO C MEHbIIICH BCPOATHOCTBIO.

IIpumepwi.

OKO — IJ1a3, 4eJio — JI0O, IepCcT — MaJiell, ycTa — POT, rajl — 3Mesl, JUTI — PEOEHOK,
néc — cobaka, mepcu — rpydb

Ectb penakiuu n3 100, 200, 207 nmoHsATHIA.



No | Pycckuit Anrnuiickuii | Hemeuxuit | Utanbsiackuii | @paHity3ckuil | Uemckui
1 | I ich 10 je ja
2 | THI you du tu tu ty
3 |oH he er lui il on
4 | MBI we wir noi nous my
5 | BB you ithr voi vous vy
6 | oHu they sie loro ils oni
7 | aTOT this dieses questo ceci tento
8 | ToT that jenes quello cela tamten
9 |3mech here hier qui ic1 zde
10 | Tam there dort la la tam
11 | xto who wer chi qui kdo
12 | gtO what was che quoi co
13 | rme where WO dove ou kde
14 | xorna when wann quando quand kdy
15 | kak how wie come comment jak
16 | He not nicht non ne. .. pas ne
205 | ecnm if wenn se si jestlize
206 | moTomy 4TO | because weil perché parce que protoze
207 | um name Name nome nom jméno




biIM30CTh ABYX SI3BIKOB MOKHO U3MEPATH 110 KOJWYECTBY POJICTBEHHBIX CJIOB (KO2HAm) —
OJITHOKOPEHHBIX CJIOB, MMEIOIIHUX OO0IIIEe MPOUCXOXKICHUE U OJIM3KOE 3ByUYaHHE.

SIBNSAIOTCS 1M [Ba CIOBa POACTBEHHBIMU — OIPEACIISIOT JIMHIBUCTHI (2 HE (DOMEHKH C
3aJIOPHOBBIMHM ): POJACTBEHHBI JIM CJIOBA

200 U pIK, Y8emoK U K8IimkKa, suoemos U oavumu
WU
Koneco U wheel n %% ?

MokHO pa30ouBaTh S3bIKM HA TPYMILI OJM3KUX JAPYT APYTY S3BIKOB — 3ajiadya KJIaCTEPHOIO
aHaJImn3a.

bosiee Toro, Ha OCHOBE aHanu3a cnrucka CBojena sk ABYX POACTBEHHBIX SI3BIKOB MOYKHO
NpUOIU3UTEILHO YCTAHOBUTh BPEMS MX MOSIBJICHUS U3 €IUHOTO Ipa-s3bIKa.

Cuuraercs, 4to B 100-CIIOBHOM CIIHMCKE COXPAHSETCS 3a ThICSYEIETHE OKOJI0 86% CIIOB, a B
200-cimoBHOM B cpermHeM 81% cioB, COOTBETCTBEHHO. OTCIOIa «IIEPUO TTOJTypacCIiaiar
A3bIKOBOTO «siapa» — aia 100- u 200-C1OBHOrO CIMCKa paBEH COOTBETCTBEHHO 4.6 u 3.3
TBIC. JIET. (3TO OAUH U3 METOAOB 210MMOXPOHON0CULL)



ManI/II_[a CXO0ACTBa MCKAY HCKOTOPBIMU SA3bIKAMH, ITIOCTPOCHHAA HAa OCHOBC CIIMCKOB

CBoxemnia.
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Lithuanian
Latvian
Hungarian
Finnish
Estonian
Euskara
Quenya
Sindarin

"]

an
an
an
an

Latin

Dutch
Esperanto

Swedish
Slovio

[talian
French
Spanish
Polish
Lithuan

Portuguese
Czech

English
German
Danish
Slovene
Eston
Euskara
Quenya
Sindarin



JlepeBo nepapXuuecKou KiiacTepu3auu J1js 23 sS3bIKOB, IIOCTPOCHHOE Ha OCHOBE CIIMCKOB

Csogemna.
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KOHEL],
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