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Introduction

When studying mathematical disciplines, it is extremely important to
adhere to strict mathematical definitions and terminology, as incorrect
interpretation can lead to serious errors. Therefore, the glossaries pre-
sented to the reader serve several important functions:

1. Provide clarity. The glossary allows readers to learn the mean-
ings of unfamiliar terms or terms used in the course. This makes it easier
for readers to understand the content of the text.

2. Prevent confusion. If the text uses terms that have different
meanings in different contexts, the glossary provides definitions that
eliminate the possibility of misinterpretation.

3. Ensure terminological consistency for students both during
classroom work and independent study.

This publication was prepared by the Department of Higher and Ap-
plied Mathematics of PSU and is intended for students majoring
in 09.03.01 Informatics and Computer Engineering, who study the disci-
pline “Statistical Fundamentals of Big Data Analysis” in English as
a medium of instruction.



BBeaneHue

[Ipy n3yueHnun MaTeMaTUYECKUX JUCLUIUIMH KpaliHe Ba)KHO MpPH-
NEPKUBATHCS CTPOTUX MATEMATUUYECKUX ONTPEAECIEHUN K TEPMUHOJIOTHH,
MOCKOJIbKY HEINpaBUJIbHAs WHTEPIIPETALNS MOXKET NPUBECTH K CEPhE3-
HBIM OIIHOKaM. B CBS3M ¢ 3TUM MpeICTaBICHHBIE YUTATENIO I10CCAPUN
BBITIOTHSIFOT HECKOJIBKO BaXKHBIX (DYHKITHA:

1. Obecnieuenne sicHocTH. [Joccapuili TO3BOJISIET YWTATEINSIM
y3HAaTh 3HAYEHUS HE3HAKOMBIX TEPMHUHOB WM TEPMHUHOB, HUCMOJIb3yE-
MBIX B Kypce. DTo 00sierdyaeT MOHUMaHHUE COJIEPKAHUS TEKCTa.

2. IlpenoTBpanienne nytaHullbl. Ecau B TEKCTE€ HUCHONB3YIOTCS
TEPMHUHBI, UMEIOIINE PA3HbIE 3HAYEHUS B Pa3HbIX KOHTEKCTAX, riocca-
pUI TPEAOCTABIISET ONPEACIICHUS, UCKITFOYAIOIINE BO3MOKHOCTD HEIpa-
BWJIbHOW MHTEPIIPETALIUH.

3. O0ecnieueHre TEPMUHOJIOTMYECKON COTNIACOBAHHOCTH JJISl CTY-
JIEHTOB KaK BO BpeMs ayJUTOPHBIX 3aHSATUN, TaK U MPU CAMOCTOSITEIb-
HOM padorTe.

JlanHO€ u3/1aHKe MOIrOTOBIICHO Kadeapoii BBICIICH U TPUKIIATHOM
mareMatuku [11'Y u npeaHazHadyeHo s CTyAEHTOB HAIIPABIICHUS MO~
rotoBku 09.03.01 «MMHpopMaTHKa U BEIYMCIUTENbHAS TEXHUKAY, H3yda-
IOIUX TUCIMIUIMHY «CTaTUCTUYECKHE OCHOBBI aHalIM3a OOJIBbIINX JaH-
HBIX» Ha aHTJIMMUCKOM $3bIKE.



SECTION 1

FUNDAMENTALS OF PROBABILITY THEORY
AND STATISTICAL THINKING

1.1. Introduction to Big Data and the Role
of Statistics in Artificial Intelligence

TERM
(ENGLISH) RUSSIAN DEFINITION EXAMPLE

BIG DATA Habops! 1aHHBIX Ype3BbI- CucreMa pacro3HaBaHUS JIUI
qaifHo O0JbIIOr0 00BEMa «be3omacHslii ropoa»
U CIIOHOCTHU, KOTOpBIE Tpe- | 00padaThiBA€T MUIUTUOHBI
OYIOT CHelMagbHbIX METOJIOB | M300paKEHHM C KaMep
00pabOTKHU W aHaIU3a. BHJICOHAOIIOICHUS JIJIs1 00Y-
B xoHTEKCTE HCKYCCTBEH- YEHUSI HEUPOHHOM CETH,
HOT'O MHTEJIJIEKTa OOJIbIINE KOTOpasi aBTOMaTUYECKHU
JaHHBIE TIPEJICTABIISIOT CO- UACHTUPUIUPYET
00l pyHIaMEeHTaNIbHBIN pe- | JII0JeH B IOTOKE BUIECO
cypc aJig 00ydeHus: MoJieneit
MalIMHHOTO 00y4YeHus, M03-
BOJISISL @JITOPUTMAaM BBISIBIISITH
CJIOHBIE TATTEPHBI U 3aBU-
CUMOCTH

VOLUME XapakTepucTHuka, onucbiBa- | J{s oOydeHus Mozenu nepe-
foIast MacIuTad JaHHBIX. Boja Aunnekc [lepeBogumnka
B 3amauax U 00beM 1aH- | HCIIONB3YIOTCS MUJUIHAPIBI
HBIX HaMpsIMYIO BIMSIET Ha nap npeuioKeHU Ha pa3HbIX
KauecTBO MOJIEJEH: YeM A3BIKAX, YTO TpeOyeT mnera-
OoJbIlle pa3MEUYCHHBIX JaH- | 0AWTOB XpaHWIMIIA TAHHBIX
HBIX, TEM TOYHEE AJITOPUTM
MOJKET 00y4aTbcs, OJJTHAKO
3TO TaKXke TpeOyeT OOIbIIUX
BBIYHCIIUTENBHBIX PECYPCOB
U aMsITU

VELOCITY XapakTepucTuka, onucbiBa- | Cuctema peKOMeHIalnii

I0Iasi CKOPOCTh TeHEPAINN
1 00pa0boTKU JaHHBIX. B cu-
CTeMax peaJlbHOTO BPEMEHH,
TaKHUX KaK aBTOHOMHBIE aBTO-
MOOWJIM WJTH aJITOPUTMBbI

Annexc My3bIku aHaIU3H-
pYyeT NEHCTBUS NOJIb30BATENS
(mpocymMBaHusl, MPOIYCKH,
Jafiky) B peajlbHOM BPEMEHH
Y MTHOBEHHO a/IallTUPYET

* o
— UCKYCCTBCHHBLIN MHTCJIJICKT.




TERM

(ENGLISH) RUSSIAN DEFINITION EXAMPLE
BBICOKOYACTOTHOM TOPTOBJIH, | IUICWJIMCT MO TEKYILIHUE
JTAHHBIE JOJDKHBI 00pabaTel- | MPEANOYTEHUS
BaThCS 32 MUJLIUCEKYH/IbI
JUTSE TIPUHSITAS MTHOBEHHBIX
pELLICHHI
VARIETY XapakTepUCTUKA, ONMMUChIBA- | MyJIbTUMOJAIbHASI MOAEb
torast paznuunbie Gopmatel | YandexGPT ananusupyet
Y TUIbl 1aHHBIX. COBpEMEH- | OTHOBPEMEHHO TEKCTOBBIE
Hble cucteMbl I paboTtaroT | 3ampockl, H300pakeHus
C MYJIbTUMOJAJIbHBIMU Y TOJIOCOBBIE KOMaH/IbI 1JIs
JTAHHBIMU: TEKCTOM, U300pa- | MpeAOCTaBICHUS KOMILIEKC-
KEHUSAMH, BUIEO, ayHO0, HBIX OTBETOB I0JIb30BATEIIIO
YUCJIOBBIMH MOKA3aTEISIMU,
reONpPOCTPAHCTBEHHBIMHU
JAHHBIMU U BPEMEHHBIMU
psaIaMu
ARTIFICIAL | O6nacTh KOMIBIOTEPHBIX ['osmocoBoM MOMOITHUK
INTELLI- HayK, 3aHUMAIOIIascs co3/a- | « AJIMca» UCIOJIb3YET UCKYC-
GENCE HHEM CHCTEM, CITOCOOHBIX CTBEHHBIN MHTEIUIEKT JUIA
BBITIOJTHATH 33J1a4M, TPEOYI0- | pacrio3HaBaHUS PEUH, TIOHU-
M€ YEJIOBEUECKOr0 UHTEN- | MaHUS HAMEPEHHI MOJIb30Ba-
JIeKTa: paclo3HaBaHue o0pa- | Tensi, moucka uHpopmauu
30B, IOHUMAaHUE €CTECTBEH- | U BEJEHUSA Uajora
HOTO f3bIKa, TPUHSTHE PEIlIe- | HA €CTECTBEHHOM SI3bIKE
HUM, 00yueHue Ha OIbITe
U PEILIEHUE CIIOAKHBIX
podsem
MACHINE [Toapa3zaen HCKyCCTBEHHOTO | AJITOPUTM MAaIlIMHHOTO 00Y-
LEARNING UHTEJJIEKTa, UCToNb3ytomuil | yeHus: CoepOaHka aHaIU3U-
CTATUCTUUYECKUE METOJBI VISl | pyeT UCTOPUIO KPEIUTHBIX
ABTOMAaTUYECKOTO YJTydIlIe- 3as1BOK M IJIaTEKEU KIMEHTOB
HUS IPOU3BOJIUTENILHOCTH Ha | Ui IPOTHO3UPOBAHUS BEPO-
OCHOBE JJaHHBIX. AJITOPUTMBI | STHOCTH JIe(hoITa HOBOTO
MAIlIMHHOTO O0yYeHHUs 3aeMIIHKA
CTPOSIT MAaTEMaTUYECKUE MO-
JIEJI Ha OCHOBE 00yYaroninx
JAHHBIX JIJI51 BHITTOJTHEHUS
MPOTHO30B WJIM MPUHSITHS Pe-
ieHui 6e3 SBHOTO Iporpam-
MHPOBAHMUS
DATA MexaucuurinHapHas 00- CrnenuanucT N0 JaHHBIM
SCIENCE JacTh, UCTIONB3Yytomas Hayd- | B Wildberries ananusupyer

HBIC MCTOIBI, ITPOLUCCCHI,
AJITOPUTMEI 1 CUCTCMBI JJI1

IOBCACHUC HOKYH&TCHCﬁ, CeC-
30HHOCTB CITPOCAa M BHCITHUC




TERM

(ENGLISH) RUSSIAN DEFINITION EXAMPLE
W3BJICYEHUS 3HAHUW U UHCAl- | PaKTOphI ISl ONTUMHU3ALINH
TOB U3 CTPYKTYPUPOBAHHBIX | CKJIAJCKUX 3alacOB U IIPO-
Y HECTPYKTYPUPOBAHHBIX THO3UPOBAHUS MPOAAXK
maHHbIX. Data Science 00b-
€AUHSET CTATUCTUKY, Ma-
LIIMHHOE 00y4eHHE, aHAIN3
JAHHBIX U MIPEIMETHYIO
AKCIIEPTU3Y
STATISTICAL | HaGop uHCTpyMEHTOB st Metox cTaTUCTUYECKOTO
LEARNING MOJICTUPOBAHUS U IOHUMA- | oOy4yeHus: (JIMHEHHas perpec-
HUS CJIOKHBIX HA0OPOB JIaH- | CHs1) UCIIOJIB3YETCS B CEPBHCE
HBIX C IOMOUIBIO CTATUCTU- | «Lluan» njs mporHo3upoBa-
YECKUX METOJ0B. BKilIoWaeT | HUSI CTOUMOCTH KBapTHUP
METOIbl PETPECCUH, KJIACCU- | HA OCHOBE MX XapaKTepu-
buKkanuu, KiacTepu3anuu CTHK: TUIOLIAIN, ITaXa,
Y CHUYKEHHUSI pa3MEPHOCTH palioHa, roJja HOCTPOMUKHU
JUTS BBISIBIICHUS 3aKOHOMEP-
HOCTEH B JAHHBIX
DATA MINING | IIpornecc oOHapyxeHUs Cetb mara3unoB «lldre-
CKPBITBIX MMATTEPHOB, aHOMa- | pouka» nmpumensier Data Min-
JIUH, KOPPENALUI U 3HaHUK | Ing JIJIs aHAJIM3a YE€KOB MOKY-
B OoNbIINX 00bEMax JaHHBIX | MaTene u 0OHaApYKEeHUS
C UCIOJIb30BAHUEM METOJIOB | ACCOLIMATUBHBIX MPABUII
Ha CTBIKE CTAaTUCTHKHU, («IToxynaTenu, KOTOpbIE
MalIMHHOTO 00y4YeHUs OepyT MHUBO, YaCTO MOKYTAIOT
1 aHayu3a 0a3 TaHHBIX YUIICHI» ), YTO ONTUMH3UPYET
pa3MeleHue TOBAPOB
PREDICTIVE | Ucnonb3oBanue cratuctuue- | [IpeagukTuBHas aHaIUTHKA
ANALYTICS CKHX aJTOPUTMOB U METOJIOB | B aBUAKOMIIAHUU «A3PO-

MaIIMHHOTO O0YYEeHUS st
MIPOTHO3UPOBAHUS Oy TYIIHX
COOBITHI Ha OCHOBE UCTOPH-
YECKUX JIaHHBIX U BBISBICHHUS
BEPOSTHOCTHBIX TEHIACHITHH

(GIJI0T» MPOTHOZUPYET CIPOC
Ha OWJIETHI 110 Pa3HbIM
HaIpaBJICHUSIM, YTO MO3BO-
TSIeT TMHAMUYECKHA U3MEHSTh
IIEHbI U ONITHMHU3UPOBATh
3arpy3Ky percoB




1.2. Probability Theory for Data Science

TERM
(ENGLISH) RUSSIAN DEFINITION EXAMPLE
RANDOM Bennuuna, kotopast B pe3yJib- | KoanuecTBO KIMKOB MOJIb30-
VARIABLE TaTe FKCIepuMeHTa (HaOIro- | BaTeNs Ha peKIaMHBIN OaH-
JICHUS) IPUHUMAET OJTHO U3 HEp 3a JeHb — Clly4yaiiHas Be-
BO3MOJKHBIX 3HAaYEHUM, 3apa- | JUYMHA, UCIIOJIb3yeMasi
HEEe HEM3BECTHOE U 3aBUCSALLIEE | JUIsl ONTUMHU3ALNHT
OT CJIy4allHbIX IPUYUH. B Ma- | pekyilaMHbIX KaMIIaHUI
IIIMHHOM OOYYEHUU CITydam- B SlHaekc Jlupekre
HbIE BEJTUYUHBI MOJICTTUPYIOT
HEONPEIEICHHOCTh JAaHHBIX
Y IPOTHO30B
DISCRETE Crnyuaiinas BenuurHa, cioco0- | KomnuectBo ommbok
RANDOM Has MPUHUMATh KOHEYHOE WK | B KOJE IPOrpaMMBbl IIEpe
VARIABLE CYETHOE MHO>KECTBO 3HAYEHUH. | YCIIEITHOW KOMIWIALMEN —
JIMCKpeTHbIE BETUYMHBI XapakK- | TUCKPETHasl Cly4aiiHasi BEIH-
TEpHBI AJ151 3a/1a4 KJaccu(uKa- | YuHA, KOTOPYIO MOYKHO HC-
LIUH, TIOJICYUETA COOBITUM U Ka- | TIOJIb30BATH JUISl OUEHKU
TErOpUaJIbHBIX TAHHBIX KauyecTBa pa3paboTKu
CONTINUOUS | Cny4aitHasg Benu4yuHa, KOTo- | Bpems oTkinka cepsepa
RANDOM past MOXXET IPUHUMATBD JIIO- (B MIJJTUCEKYH/AAX) —
VARIABLE Oble 3HAUCHUS U3 HEKOTOPOTO | HEeMpEephIBHAS CIydaiiHas
UHTEpBaJia (KOHEYHOTO WK BEJINYMHA, KPUTUYECKHU
O6eckoHeuHoro). HempepsiBHBIE | BasKHAS 111 MOHUTOPUHTA
BEJIMYMHBI TPUMEHSIOTCS JUIsl | MPOU3BOAUTEIBHOCTH
MOJICTHPOBAHUS (PU3HUECKUX | BEO-CEPBUCOB
W3MEPEHUM, BPEMEHH, BEPOSIT-
HOCTEH
PROBABILITY | ®ynkuus win npaBuio, onu- | Pacnpenenenne BpemeHun
DISTRIBUTION | cpiBaroiniee BEpOSTHOCTh MPHU- | JOCTABKH 3aKa30B SHIEKC
HATHS CIIy4YallHOM BEIWYMHOM | Enbl onmmceIBaeTCs TOTHOP-
pa3IUYHbIX BO3MOKHBIX 3Ha- | MaJbHBIM PaclpeeICHUEM:
yeHuil. Pacnipenenenus Bepo- | OOJBIIMHCTBO JOCTABOK
ATHOCTEN ABJISA0TCA PyHOa- 3anumaet 3045 mun,
MEHTOM CTaTUCTUYECKOTO MO- | HO BO3MOXHBI U OoJiee
nenupoBanus B MU JUIATEIbHBIE CPOKU
PROBABILITY | ®ynukuus, 3aaatomas pacnpe- | OyHKUMS BEpOATHOCTH IJIs1
MASS JIEJICHUE BEPOATHOCTEM ISt KOJIMYECTBA OOpaIlleHUA
FUNCTION, JMCKPETHOW CITy4aifiHO# Benu- | B ity Oy moanepxku 3a 1 u:
PMF yunbl. PMF nipucBanBaet P(0)=0,1; P(1)=0,2;

Ka)KJIOMY BO3MOKHOMY 3Haue-
HUIO BEPOSITHOCTD €T0 MOsIBJIE-
HUSl, IPUYEM CyMMa BCEX BEPO-
ATHOCTEH paBHa |

P(2)=0,3; P (3)=0,25;
P(4)=0,15

9




TERM

(ENGLISH) RUSSIAN DEFINITION EXAMPLE
PROBABILITY | ®yHkuus, onuchIBaroIas [1moTHOCTH pacupeneneHus
DENSITY TJIOTHOCTH BEPOSTHOCTH JUIsl | BPEMEHH JKU3HH OaTapeu
FUNCTION, HEIPEPHIBHOM CITy4aiiHOM Be- | cMapT(]oHa OMHUCHIBAET, YTO
PDF mrunHbl. [nomane mox kpu- Han0oJiee BEPOSITHO BpEeMst

Boit PDF na untepBaie [a, b] | pabotsl 8—10 4, a 3HaueHuUs
paBHA BEPOSITHOCTH TOTO, YTO | MeHee 4 v Oosiee 14 1
Cily4yaiiHasi BeJIMYMHA MOMAJAET | MaJIOBEPOSTHBI
B 9TOT MHTEPBAJI
CUMULATIVE | ®ynkuus, onpeaensdionias Be- | @yHKUUS pacrpeaeieHus
DISTRIBUTION | posiTHOCTB TOTO, UTO CIIy4aii- | BpEMEHH 3arpy3KH CTpa-
FUNCTION, Has BEJIMYMHA IIPUMET 3Hadye- | HUIbI OKa3bIBaeT, uto 90 %
CDF HU€, MEHbIIIEE 3aJaHHOTO WM | MOJIb30BaTeNIed BUAAT CTpa-
paBHoe eMy. CDF ucnonb3y- | HUIy OJHOCTBIO 32 2 C UK
€TCs 111 BBIYMCIICHUS MPO- osicTpee (MeTpuka Page
IeHTuIel 1 kBanTuiel B ana- | Load Time)
JIM3€ JIaHHbBIX
EXPECTED Cpennee B3BelLIEHHOE 3Haue- | MaremaTtuyeckoe OKugaHue
VALUE HUE CIy4YailiHOW BEJIMYHUHBI, KOJINYECTBA MPOJAX TOBApA
I7ie BECaMU CIIy>KaT BEPOATHO- | B JIEHb PaBHO 15 equHMUILIaM —
cTi. MareMaTnyeckoe 0Kuaa- | 3T0 3HAUEHUE UCTIOIb3YETCs
HUE XapaKTEepU3yeT UEHTP» | JUIsl ONTUMH3ALMH CKIIAJICKUX
pacrpeenieHusl U UCIONb3y- | 3aIacoB
€TCsl KaK IIPOrHo3 B 33]a4ax
perpeccun
VARIANCE Mepa pazbpoca ciyqaitHOM Jucnepcust 10XOIHOCTU UH-
BEITUYHMHBI BOKPYT €€ MaTeMa- | BECTHUIIMOHHOTO TOpThens
THYECKOT0 OKHUJaHus. [nc- ITOKa3bIBAECT PUCK: 2 TIOPT-
nepcusi MOKa3bIBaET CTENEeHb | (esisl ¢ OAMHAKOBOM 0KHIa-
HEOIPEICIICHHOCTH UJIN eMoi goxoaHoctsio 10 %
pHUCKa: BbICOKasl TUCTIEPCUs MOTYT UMETh Pa3HYIO JIUC-
03HayaeT OOJIBIIYIO BapHa- nepcuto — 2 % (CTaOMIIbHBIN)
TUBHOCTb PE3YJIbTAaTOB win 15 % (pucKoBaHHBIN)
STANDARD KBanparnsiii kopenb u3 auc- | CTaHZapTHOE OTKJIOHEHHUE
DEVIATION MIEPCHUH, U3MEPSIEMBIN B TEX BPEMEHU JOCTABKU €JIbI CO-
XKe €MHULIAX, 4TO U caMa CTaBJISIET 8 MUH: €CJIH Cpea-
ciydvaitHas BenmnuuHa. CTaH- | Hee BpeMs 35 MuH, TO OOJIb-
JTApTHOE OTKJIIOHEHUE UHTEP- | LIMHCTBO JOCTaBOK 3aHU-
NPETUPYETCS KaK TUITUYHOE MaeT ot 27 10 43 MuH
OTKJIOHEHHUE OT CPEHETO U HC-
MOJTB3YETCs [l OLIEHKU TOYHO-
CTH MOJIeJiei
CONDI- Beposarnocts coObITHs IpU BeposiTHOCTB TOTO, YTO NOJIB-
TIONAL YCIIOBUH, YTO JAPYToe COOBITHE | 30BATEINb KyMUT TOBAP (COObI-
PROBABILITY | yxe npou3zouio. YcioBHble | THE 4), IPU YCIOBUM, UTO OH

BCPOATHOCTH JIC)KAT B OCHOBC

JI00aBUJI €0 B KOP3UHY
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TERM

(ENGLISH) RUSSIAN DEFINITION EXAMPLE

OaitecoBCKHUX ceTell, HauBHOTO | (coObiTHE B), paBHa 0,65 —
OaiiecoBCKOro Kiaccuduka- ATO UCIOJIB3YETCS JJIs TIPO-
TOpa U MHOTUX aJITOPUTMOB THO3UPOBAHUS KOHBEPCUU
nn B MHTEPHET-Mara3nuHax

BAYES dyHaaMeHTaJbHas TeopeMa Cuctema 0OHaApPYKEHHUS MO-

THEOREM TEOPUH BEPOSITHOCTEM, KOJIM- | IIEHHUYECKUX TPAH3AKIUI
YECTBEHHO ONpeestonas UCIOJIB3YET TeopeMy baii-
BEPOSITHOCTh COOBITHS Ha OC- | €ca: €CIU TpaH3aKUus Co-
HOBE MPEBAPUTENILHBIX 3Ha- | BeplleHa B HEOOBIYHOM Me-
HUM 00 yCIOBUSX, KOTOPbIE CTE Y Ha KPYITHYIO CYMMY,
MOTYT OBITh CBSI3aHBI C COOBI- | BEPOSTHOCTH MOILIEHHIYE-
tueM. Teopema baiieca siBnsi- | crBa Bo3pactaert ¢ 0,1 %
eTCsl OCHOBOM OaitecoBckoro | (ampuopHasi) 10 78 %
MAIIMHHOTO 00y4YeHUs (amocTepropHasi)
1 GUIbTpaLlUY crlama

INDEPEN- CBoiicTBO coOBbITHH, TpU KO- | Pesynbrarer Opocanus ur-

DENCE TOPOM HACTYIUICHUE OJHOTO pajIbHOM KOCTHU B pa3HbIC
COOBITHS HE BIIMSET HA BEPO- | MOMEHThI BpEMEHHU HE3aBU-
ATHOCTB Apyroro. [Ipennono- | cumMbl — 3TO CBOMCTBO HUC-
KEHHUE O HE3aBUCUMOCTHU M0JIb3Y€ETCS MIPU FeHEepaLUU
YIPOILIAET BHIYUCICHUS CIIy4YaillHbIX YHMCEeJI JIJIsl UHU-
B BEPOSITHOCTHBIX MOJIETISIX, UaIU3aluy BECOB HEHPOH-
HO B PEaIbHBIX JAHHBIX YACTO | HBIX CETeH
HaOJII0AaeTCsl 3aBUCUMOCTD

RANDOM [Ipornecc, pe3ynbTaT KOTOpOro | A/B-TecTupoBaHue 2 BepCcuid

EXPERIMENT | nenmpeacka3yem, HO MHOXKeE- JICHJWHIa — CIIy4aHbIA
CTBO BCEX BO3MOKHBIX AKCIIEPUMEHT, I7/I€ pe3yJIbTaT
pEe3yIbTaTOB U3BECTHO. (KOHBEpCHSI) 3aBUCUT
B mammnaHOM 00yueHuun OT CIIy4aiiHOIo pacupesere-
Clly4yaiiHble SKCIIEPUMEHTBI HUS TI0JIb30BATEIEH MEXTY
MOJEIUPYIOT CTOXACTUYHOCTh | BApHAHTAMMU
JAHHBIX U AJITCOPUTMOB

SAMPLE MHO0XeCTBO BCeX BO3MOXHBIX | [[71s1 3a1aun GuHapHoi Kiac-

SPACE UCXOJIOB CITy4alHOTO JKCIe- | cuuKanuu (crmam/He cram)
pumenTa. [IpoctpancTBo IPOCTPAHCTBO UCXOJIOB CO-
MCXOJOB OTPEETseT 00JacTh | CTOUT U3 2 IIEMEHTOB:
3Ha4YEeHUH, B KOTOPO pado- {cmam, He cram}. Jlyist pac-
TAaeT BEPOSATHOCTHASI MOJIEIIb no3HaBanus nudp MNIST —

{0,1,2,3,4,5,6,7,8,9}
EVENT [ToamuOxkecTBO npocTpancTBa | CoObITHE «I10TH30BATEND

3JI€MEHTAPHBIX UCXOJIOB,
obJtaaronee onpeaeaeHHbIM
cBoiicTBOM. COOBITHS
UCTIOJIb3YIOTCS

COBEPIIIII TIOKYTIKY
BKJIFOYACT CJICAYIOIINE
UCXO/IbI: TIOKYIIKa Ha JH00YI0
CYyMMY, B JIFO00H KaTeropuu
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TERM

(ENGLISH) RUSSIAN DEFINITION EXAMPLE
U1t GOPMYTTUPOBKH THUIIOTE3 | TOBApa, JJFOOBIM CLIOCOOOM
B CTaTUCTHUYECKOM OILIATHI
TECTUPOBAHUU
U A/B-3KcniepuMeHTax
JOINT BeposATtHOCT OHOBpEMEH- CoBMecTHas1 BEpOSITHOCTD
PROBABILITY | Horo HactyruieHus 2 wiu 60- | TOro, 4TO MMOJIb30BATENb OJ1-
nee coObiTuii. COBMECTHBIE HOBPEMEHHO KJIMKHET Ha pe-
pacrpeesieHusl BEpOsITHOCTEN | Klamy M KyInuT TOBap, paBHA
MOJEIUPYIOT B3aUMOCBSI3U 0,03 — 310 ucnonb3yercs AJis
MEXy MpU3HAKaMU B MHOTO- | pacueTra OXHIaeMOoi
MEpHBIX TaHHBIX NpUOBUTH OT PEKIIAMHOM KaM-
MaHUU
MARGINAL BeposatHocTh coObITHS 6€3 BeposTHOCTh MOKYIIKH TO-
PROBABILITY | y4era qpyrux cOOBITHI, MOTy- | Bapa (HE3aBUCUMO OT TOTO,
YeHHasi CYMMUPOBaHUEM (UM | KJIMKaJ JIM MOJIb30BaTelb Ha
WHTETPUPOBAHUEM) COBMECT- | pEKJIaMy WJIM TIPUIIIEN Opra-
HOW BEPOSITHOCTH IO BCEM Hu4decku) paBHa 0,12 — 31o
BO3MOKHBIM 3HAUEHUSIM JIpy- | MapruHajbHas BEPOSATHOCTb
TUX MEPEMEHHBIX KOHBEPCHUH
BERNOULLI JluckpeTHOE pacnpeiesicHue Pesynbprar npenckazanus
DISTRIBUTION | ¢ 2 BO3MO>KHBIMH UCXOJAMHU: MOJICJIMN. KIIMKHET JIU MOJIb-
ycnex (1) ¢ BeposSTHOCTBIO p | 30BaTelb HA PEKIaMy
u Heyaayda (0) ¢ BeposaTHO- (1 ¢ BeposiTHOCTRIO p = 0,25)
ctbio 1 — p. Pactipenenenue wiu HeT (0 ¢ BeposTHO-
bepnynnu monenupyer Ou- cteio 0,75)
HapHbIe COOBITHS B KJIaccu(pu-
Kaluu
BINOMIAL Pacnipenenenune uncina BeposTtHOCTH TOTO, 4TO U3
DISTRIBUTION | ycnexoB B nocienoBarenbHo- | 100 monbp3oBarenei caiita
CTH 1 HE3aBUCUMBIX HCIBITA- | POBHO 15 coBepmart mo-
Hui bepHyM ¢ 0AMHAKOBON | KynKy Ipu KoHBepcuu 12 %,
BEPOSITHOCTHIO ycrexa p. bu- | onuceiBaeTcss GMHOMHUATb-
HOMHAJIbHOE paclpeielieHue | HbIM paclpeeieHueM
ucnosb3yercs st A/B-TecTu-
POBaHHUS U OLIEHKU TOYHOCTH
KJIacCU(UKATOPOB
NORMAL HemnpepriBHoe cummerpuunoe | Poct nonb3oBarenen Mo-
DISTRIBUTION | pacnipesieneHue OTHOCUTENBHO | OMIBHOTO MPUIIOKEHUS TO/I-

CpEIHETO 3HAUCHHMS, XapaKTe-
pU3yIoIIeecs mapameTpaMu

U (cpemHee) u 6% (qucrepcus).
HopwmanbsHoe pacnipenencHue
byHIaMEHTAIBHO IS CTaTH-
CTHUYECKOr0 BHIBOJA M MHOT'HX
JITOPUTMOB MAITMHHOTO
00yUJCHMS

YUHSIETCS HOPMAIEHOMY
pactpeaeneHIIo CO CPEeTHIM
(170 cM) u cranmapTHBIM
(10 cM) OTKJIOHEHUSIMU
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TERM

(ENGLISH) RUSSIAN DEFINITION EXAMPLE
POISSON Pacnpenenenue, onuceiBaro- | KonmmuectBo cOoeB cepBepa
DISTRIBUTION | miee unciio coObITH, TIpouc- | B yac (B cpeaneM 0,5 c6os)

XOJAUINX 32 PUKCUPOBAHHBIN | OMHKCHIBACTCS pacrpesese-
WHTEpBaJl BpEMEHH, IIpH ycio- | HueM Ilyaccona — 3to nc-
BUU, YTO COOBITHSI POUCXO- MOJIb3YETCS JUIsl TUIAHUPOBA-
JAT HE3aBUCHUMO HUs pecypcoB U SLA™
C TIOCTOSAHHOM CpeHen
MHTEHCUBHOCTHIO0. Pacnipene-
nenue [lyaccona mogenupyer
peaKue CoObITHS
UNIFORM Pacnipenenenue, npu koropoMm | IIpu nannmanuzamnum BecoB
DISTRIBUTION | Bce ncxo/bl pABHOBEPOSITHBI. | HEUPOHHOM CETH 3HAYCHUS
PaBHOMepHOE pacnpe/eneHre | BBIOMPAOTCs U3 paBHOMEP-
UCIIONIB3YETCS ISl UHULMAIIM- | HOTO PacIpe/esIeHHs Ha UH-
3alli1 BECOB HEMPOHHBIX teppaie [-0,1; 0,1]
CeTell U reHepanuu ciryyan-
HBIX YHCel
LAW Teopema 0 TOM, 4TO cpegHee | TOYHOCTH MpeCcKa3aHus Mo-
OF LARGE 3HAYCHHUE BHIOOPKH CXOAUTCS | IETU CTAOMIM3UPYETCS TIPU
NUMBERS K MaTEMAaTUYECKOMY OKHJa- | YBEIWYECHUH TECTOBOU BBI-
HUIO TIPU YBEJIUYCHUU Pa3- oopku: Ha 10 mpumepax Tou-
Mepa BbIOOpKH. 3aKOH 00Jib- | HOCTh MOKeT ObITh 70 %,
IIMX Yrcesl 000CHOBHIBAET Ha 1000 npumepax — 84 %,
HE0OXOIUMOCTh OOJBIIINX Ha 10 000 mpumepax —
JAHHBIX 7151 00yueHus moae- | 85,2 % (mpubmmkaercs
nen U K HICTUHHOMY 3HAY€HHUIO)
CENTRAL Teopema 0 TOM, 4TO CymMa CpenHss oLeHKa PUIokKe-
LIMIT OOJIBIIIOTO YKCIIa HE3aBUCH- Husi B App Store (Ha OCHOBE
THEOREM, MBIX CITyYailHBIX BEJIMUMH TBHICSY OT3BIBOB) UMEET HOP-
CLT UMEeT MPUOTM3UTEIBHO HOP- | MAJIbHOE pacIpeieiicHue,

MaJIbHOE paclpe/ieiCHUe
HE3aBUCUMO OT paclipejerne-
HUHN OTJIEIBHBIX CJIaraeéMbIX.
[enTpanpHas npenenpHas
TeopemMa 00OCHOBBIBAET HC-
M0JIb30BaHUE HOPMAJIBHOTO
pacnpeieseHus B CTaTUCTHYe-
CKHX TECTaX U JIOBEPUTEIb-
HBIX MHTEPBAJIAX

JIaXKe €CIIU OTIEIbHbIC
OLICHKH PAaCIpEACIICHbI He-
PaBHOMEPHO, — 9TO MO3BO-
JII€T CTPOUTH TIOBEPUTEIIb-
HbIE UHTEPBAJIBI ISl CPE-
HEro perTHHra

" Service Level Agreement.




SECTION 2

EXPLORATORY DATA ANALYSIS
AND DESCRIPTIVE STATISTICS

2.1. Fundamentals of Data Description

IIMYHOC 3HAYCHUEC

RUSSIAN
TERM (ENGLISH) DEFINITION EXAMPLE
EXPLORATORY [Tonxon x ananuzy B npaxtuke data scientist’a
DATA ANALYSIS, | HaOopoB JaHHBIX IS pa3BEJOYHBIN aHAJIU3 IOMO-
EDA 0000111eHUsI UX OCHOB- | TaeT BBISIBUTH BEIOPOCHI
HBIX XapaKTEPUCTHK, Ya- | 1 aHOMAJIUU Tepes 00yde-
CTO C HUCHOJIb30BAaHUEM | HUEM MOJEJEH: HAallpuMep,
BHU3yaJIbHBIX METOJIOB. MIpU aHAJIU3€ JAHHBIX O TPaH-
EDA 1o3BossieT MOHATh | 3aKIMAX MOXXHO OOHAPYKHUTh
CTPYKTYPY AaHHBIX, BbI- | OIIMOOYHBIC 3HAUCHUSI CYMM
SBUTH AHOMAJIMH, IPO- | MOKYHOK (OTpHUIIATEIbHBIC
BEPUTH MPEANOJIOKEHUS | YUCIIA WA HEPEATUCTUYHO
Y ONPEJENINUTh Ba)KHbIE | OOJBIINE BEJIMYUHBI), KOTO-
MIEPEMEHHBIE NIEPE] MO- | PbIE HYXKHO UCIIPABUTH WU
CTPOCHHEM MOJIeNIE Ma- | yIAJIUTh
IIIMHHOTO 00Yy4YeHUs
DESCRIPTIVE MeTtonbl cymmupoBanus | [Ipu ananuze 6a3bl JaHHBIX
STATISTICS Y OIIMCAHUs OCHOBHBIX | KIMEHTOB MHTEepHET-Mara-
XapaKTepUCTUK HAOOpa | 3WHA OMUcaTeNbHas
JaHHBIX C OMOIIIbIO CTaTHCTHUKA MOKAa3bIBAET
YHUCIIOBBIX MTOKA3aTeNIel | CIEIYIONIEE: CPEIHHUIM YEeK
u rpadukoB. Onucarens- | cocrasiset 2 500 pyo.,
Hasl CTAaTUCTUKA BKIIIO- MeJIMaHHbIN YEK —
YaeT pacyueT Mep LICHT- 1 800 py6., crangapTHOE
panbHOU TEHACHITUN otkioneHue — 1 200 pyo.
(cpennee, menuany, OTO rOBOPUT O 3HAUYUTEIb-
MOIy), Mep pa30dpoca HOM pa3z0poce cymMmm
(mucnepcuro, CTaHAApPT- | MOKYIIOK
HOE OTKJIOHEHHME, pa3-
Max), a TaK)K€ BU3yaJlu-
3allMI0 PacipeeICHHI
MEASURES Craructuky, onuceiBa- | IIpu ananuse 3apmiar co-
OF CENTRAL IOIIME LIEHTpP pacupene- | TpyAHUKOB IT-komnanun
TENDENCY JICHUS NAHHBIX WK TU- | CPEIHsA 3apIuIaTa MOKET

coctaBiaTh 150 000 pyo.,
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RUSSIAN

TERM (ENGLISH) DEFINITION EXAMPLE
B Habope AaHHbIX. Oc- | HO M3-3a BBICOKHX 3apIuiatr
HOBHBIE MEPBI: CPEJIHEE | TON-MEHEIKEPOB MeANaHa
apudmeTrueckoe paBHa 95 000 py0., uto
(mean), menuana JAy4lle OTpaKaeT TUIUYHbII
(median) n mona (mode). | ypoBeHb 10X0/1a OOIBIIMH-
Br160p MepbI 3aBUCHUT OT | CTBA COTPYTHUKOB
TUTIA JAHHBIX W HAJTUIHS
BBIOPOCOB

MEAN Cymma Bcex 3HaueHuid, | Bpems oTkiinka MOOMIBHOTO
MOJICJICHHAS HA UX KOJIM- | MPUJIOKEHHUS 32 JIEHb: €CIn
yectBo. CpennHee apud- | 3aMKCUPOBAHBI 3HAUCHUS
METHUYECKOE YyBCTBU- 120, 130, 125, 140 mc
TEJBHO K BRIOpOCaM u 1 c6oit — 2500 mc, TO cpen-
Y DKCTPEMAJIbHBIM 3HAa- | Hee cocTaBUT 603 Mc, 4TO HE
YEHUSIM, YTO MOXKET HC- | OTPaXKaeT TUIMMYHYIO IIPOU3-
Ka)KaTh MPEACTABICHUE O | BOOUTEIbHOCTh CUCTEMBI
TUMTMYHOM 3HAYCHUH
B JIaHHBIX C aCUMMET-
PUYHBIM pacnpenerne-
HUEM

MEDIAN Cpennee 3nauenue yno- | [Ipu ananuze BpeMeHu ao-
PSAZI0YEHHOM BBIOOPKH: | CTAaBKH €JIbl KypbepaMu
€CJIM KOJIMYeCTBO HA0- | 3a cmeHy: u3 100 moctaBok
JIFOJICHUI HEYETHOE, 95 3ansau ot 20 g0 40 MuH,
MeJuaHa — 3TO IeH- a 5 nmoctaBok — 6osee
TpajIbHOE 3HAYEHUE; 90 MMH H13-3a CITOXKHBIX
€CJIM YETHOE — CPEJHEE | 3aKa30B. MeMaHHO€E BpeMsI
2 UEHTPAJIbHBIX 28 MUH JIy4Ille OTpakaeT
3HaueHuil. Menunana TUIIAYHYIO CKOPOCTh
YCTOWYMBA K BBIOpOCAM | IOCTABKH, UEM CPEJIHEE
Y JTy4Ill€ XapaKTepHU3yeT | 3HaYCHHE 35 MUH
TUMIUYHOE 3HAUYCHUE
B ACHMMETPUYHBIX
pacrpeaeneHus X

MODE Hawnbonee yacto Bctpe- | B morax ommbok BeO-cep-

Yaroleecs: 3HauCHUe
B HaOope TaHHBIX. Mojia
0COOEHHO ITOJIe3Ha I
KaTeropuaabHBIX JaH-
HBIX U JUCKPETHBIX
Benu4HH. B MympTHMO-
JAJIBHBIX pacrpeeie-
HHUSAX MOJKET OBIThH HE-
CKOJIBKO MO/

BHCA 3a HECIIO HanboJee
gacTas ommuoKa (Moaa) —
Timeout database connection
(BcTpeuaetcs 247 pa3), 4To
yKa3bIBaeT Ha MpoOIemMy

C IyJIOM COeMHEHU 0a3bl
JAHHBIX ¥ IIOMOTAET MPUOPH-
TU3HPOBATh UCIIPABIICHUS
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RUSSIAN

TERM (ENGLISH) DEFINITION EXAMPLE
MEASURES CrarucTtuku, onuckiBa- | JIBe KOMaH bl pa3paboTKu
OF DISPERSION I0Il[Me BapHabeNbHOCTh | OKA3bIBAIOT OJIMHAKOBYIO

JAHHBIX, T.€. HACKOJBKO | CPEAHIOI0 CKOPOCThH BBIMOJ-

3HaueHUs pazdpocaHbl | HEHUS 3a1a4 — 8 story points

OTHOCHUTEJIBHO IIeHTpa. | B cipuHT. Ho y 1-if KOMaH b1

OcHOBHBIE MEpBI: pa3- | CTAaHAAPTHOE OTKJIOHEHUE —

Max (range), nucnepcust | 1,5 points (ctabuiibHas pa-

(variance), crannaptHoe | 60T1a), a y 2-it — 4 points (He-

OTKJIOHEHHUE (Standard | mpenckasyemas MpoOU3BOIAH-

deviation), MeXKBap- TENbHOCTH), YTO KPUTUUHO

TUJBHBIN pazMax (/QR) | 1uisl IaHUPOBAHMSI PEIU30B
RANGE Paznocth Mexay Makcu- | Jlnama3oH BpeMEHHM 3arpy3Ku

MAQJIbHBIM U MUHUMAJTb- | CTPAHHUII CaliTa: MUHUMAJTh-

HBIM 3HAYCHUSIMHA Hoe Bpems — 0,8 c,

B HaOOpe JaHHBIX. MakcuMmalbHoe — 45 ¢

Pazmax maer mpocTyro (n3-3a peakux cOoeB).

OIICHKY BapuadenbHOCTH, | Pasmax 44,2 ¢ co3nmaer

HO KpaifHEe YyBCTBHUTEJICH | JIO’KHOE BIICUATIICHUE

K BBIOpOCAaM U HE YUHTHI- | O HECTaOWJIBHOCTH, TOT/Ia

BaeT pacmpeseneHne 3Ha- | Kak 99 % 3ampocoB 3arpyxa-

YEeHUI BHYTpU auana3oHa | toresi 3a 0,8-2,5 ¢
INTERQUARTILE | Paznocts Mexay 3-M [Ipu ananuze 3apriar junior-
RANGE, IQR (03, 75-1 nepueHTuib) | padpadorunkoB Python:

u 1-m (Q1, 25-i niep- 01 =60 000 py6.,

HEeHTWIb) kBapTuisiMu. | O3 =95 000 py0.,

IQR moxka3siBaet IQR =35 000 py6. 310 03Ha-

pa3bpoc cpennux 50 % | waet, yto cpeanue 50 %

JAHHBIX ¥ YCTOMYUB CHELUATIMCTOB MOTYYat0T

K BBIOpOCaM, 4TO JIeNIaeT | 3apIuiaThl B AUana3oHe

ero mpenanoututeabHoi | 60-95 ThIC. py0., 4TO HaeT

Mepoii pazbpoca peaNucTUYHOE MpeicTaBIe-

JUTSE ACUMMETPUIHBIX HUE O PhIHKE 0€3 BIUSHHUS

pacnpeeneHuit AKCTPEMAIbHO BBICOKUX

Y HU3KUX 3HAUYCHUU

QUANTILES Touku nenenust ynopsi- | 95-il nepueHTHIb BpEMEHU

JIOYCHHOU BBIOOPKH

Ha paBHbIC YacTh. KBaH-
TUJIb YPOBHS p JEJUT
JaHHBIC TaK, YTO

p - 100 % HaGmroaeHui
JIeXKAT HUKE ITOTO
3HaueHus. YacTHbie
CIIy4yau: KBapTUIIH (Jie-
JIeHUE Ha 4 YacTu),
MEPUEHTUIIN (JIeTeHne
Ha 100 gacreit)

otrkiuka API pasen 450 mc:
9TO O3HaAYaeT, 4To 95 % 3a-
MPOCOB 00pabaThIBAIOTCS
osicTpee 450 Mc. DTOT MOKa-
3arelnb ucnoib3yercs B SLA
BMECTO CPETHETO BPEMEHHU
OTKJIMKA, TaK KaK Jy4Ile OT-
paXkaeT OMbBIT OOJIBITUHCTBA
M0JIb30BaTEIIC1
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RUSSIAN

TERM (ENGLISH) DEFINITION EXAMPLE

PERCENTILES Jlenenue ynopsiioueH- 90-i1 nepUEHTWIb BPEMEHHU
HbIX 1aHHBIX Ha 100 paB- | 3arpy3Ku MOOMIBLHOTO MPH-
HBIX YaCTEH. n-i IEPLIEH- | JIOKEHMS COCTaBIseT 2,3 C:
TWIb NTOKa3bIBaeT 3Haue- | 90 % mosb3oBaTenei BUIAT
HUE, HIDKE KOTOPOIO Ma- | MOJHOCTBIO 3arpy>KEHHBIM
naet n % HaOIOACHUIA. uHTepdeiic OpicTpee 3TOro
[lepuieHTHIN IIMPOKO UC- | 3HAYEHUS], @ OCTABIIHECS
noJb3yroTes ast aHammza | 10 % crankuBaroTces ¢ Oolee
MIPOU3BOJUTENILHOCTU CU- | MEJIEHHOM 3arpy3KOu HU3-3a
CTEM U YCTaHOBJICHUS MeuieHHoro HTepHera uimu
MMOPOTOBBIX 3HAYEHUI CTapbIX YCTPOWCTB

QUARTILES Jlenenue ynopsanodeH- | AHaJIu3 OLICHOK CTYJICHTOB
HBIX JIaHHBIX Ha 4 paB- | 32 9K3aMEH MO0 MAIIMHHOMY
HBIC YacTH. 1-i KBap- 00y4YCHHIO:
b (Q1) cooTBer- Q1 = 62 Gamna;
CTBYET 25-My TepIicH- 02 (menuana) = 74 6anna;
TUJTIO, 2-1 KBapTUJIb 03 = 85 Gamios.
(Q2) — menuane AHanu3 moKa3bIBaeT, UTO
(50-i1 meprieHTHIIB), 25 % cryaeHToB Habpamu
3-i1 kBapTiib (Q3) — Menee 62 6amos, 50 % —
75-My IEPLEHTUIIIO. MeHee 74 6amnoB u 75 % —
KBapTunu onuceiBatoT MeHee 85 6aloB.
pacrpeziesieHle JaHHBIX | DTO IOMOTaeT OLEHUTh
Y UCTIONB3YIOTCS JIA CJIOHOCTb 3K3aME€Ha
BBISIBJICHUS] BEIOPOCOB

SKEWNESS Mepa acummetpuu pac- | Pacnpenenenue 10xonoB
MpeesIeHUs JaHHbIX OT- | MOJIb30BaTENEH NpeMUyM-
HOCHUTEJIBHO CPEIHETO MOANUCKH CTPUMHUHTOBOTO
3HaueHus. [lonoxu- CepBHCa UMEET MOJIOKHUTEIb-
TeNbHAsI ACUMMETPUs HYI0 aCUMMETPHIO: 060Tb-
(TIpaBOCTOPOHHSS) yKa- | ITMHCTBO IJIATUT 0a30BYIO
3bIBACT HA JNTMHHBIN neny 299 py0. B mecsIl, HO
MIpaBbIif XBOCT pacnpe- | HeOOJbIIas rpyIina Koprnopa-
neneHus (OOMBIIMHCTBO | TUBHBIX KIIMEHTOB OTJACT
3HAYEHUN CKOHUEHTPU- | AECITKHU ThICAY pyOIIeid,
POBaHO ClieBa), OTPHILIA- | CO37aBasi JUIMHHbBIN TPaBbId
TeJIbHAsA — Ha JIEBOCTO- XBOCT pacipeieeHus
POHHIOIO ACUMMETPHIO

KURTOSIS Mepa ocTpOThI NTHUKa Pacnpenenenune exxenHeBHOM

pacnpeeaeHus
U TSKECTH XBOCTOB

M0 CPABHEHUIO C HOP-
MaJbHBIM pacupesese-
HHUEeM. Bbicokuii sKc-
1ecc (MOJIOKUTETHHBIN)
YKa3bIBA€T Ha TSIKEJIbIe

JIOXOJTHOCTH aKIIMH TEXHO-
JIOTHYECKON KOMIAHHUU
MMEET BBICOKMH DKCIIECC:
OOJIBIIMHCTBO JHEH MOKa3bI-
BalOT HEOOJBIITYIO0 H3MEHYH-
BOCTb (OCTPBIN MUK OKOJIO

0 %), HO epUOANYECKHU
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RUSSIAN

TERM (ENGLISH) DEFINITION EXAMPLE
XBOCTBI M OCTPBIN MUK CIIy4aroTCsl pe3KUe CKayKu
(Gosnblie BEIOPOCOB), ueH Ha 10-15 % (Tsxenbie
HU3KUM SKCIecC (OTPU- | XBOCTHI), YTO KPUTHUHO JISI
LATEeNbHBIN) — HA TUIOC- | OLICHKU PUCKOB
KO€ pacrnpesiesieHne
C JIETKUMHU XBOCTAMHU

OUTLIER HabGmonenue, kotopoe | B cucteme MmoHUTOpUHTA
3HAYUTENBHO OTJINYA- cepBepOB 3aPUKCHPOBaHA
eTcs OT APYrHux HabOIo- | TeMmmeparypa mpoieccopa
neHuii B BeIOOpKe. Boi- | 125 °C npu TUMIWYHBIX 3Ha-
Opochl MOTYT yKa3biBaTh | YeHUAX 45—70 °C. DTOT BHI-
Ha OIIMOKHU B JJAHHBIX, Opoc MOKET yKa3bIBaTh Ha
peaKue COOBITHS UITH cOOM CUCTEMBI OXJIKICHHUSI,
Ba)KHbIE AaHOMaJIHH. OLIMOKY AaTYUKa WU IKCT-
B mMammHHOM 00yuYeHUHN | peMalIbHYIO HArpy3Ky —
BBIOPOCHI MOTYT HCKa- TpeOyeTcs HeMeJICHHas
KaTh MOJICITH U TPe- MIPOBEPKA JISI TIPEIOTBPA-
OyIOT crienuaibHON IICHUS TTOBPEKACHUS
00paboTKu 000pya0BaHUs

BOX PLOT I'paduueckoe npeacras- | [Ipu cpaBHEHUH TPOU3BOAU-
JIEHUE 5-4YHUCIIOBOM TEJIbHOCTH 3 aJirOPUTMOB
CBOJIKH JJAaHHBIX: MUHH- | KJaccu(puKamuu OOKCIUIOTHI
MaJbHOE 3HaUCHUE, MOKa3bIBAIOT CIEAYIOIIEE:
1-# kBapTuns (Q1), aIrOpUTM A UMEET MeUaH-
MenuaHna (02), HYIO TOYHOCTh 87 % C He-
3-ii kBaptuis (Q3) O0BIIIM pazopocom,
1 MakCUMaJIbHOE 3Haue- | anroput™ B — 89 %, Ho
Hue. SIK 0XBaThIBaeT | ¢ OONBIIUM pazdpocom,
MEXXKBapTUIIbHbBIN anroput™ C — 85 %
pasmax (IQR), «ycb» C HECKOJIbKUMU BBIOpOCaMU
MOKAa3bIBAIOT TUATIA30H | BHU3. DTO IOMOTAET
JAHHBIX, & TOYKU BBIOpATh CTAOUIIbHBIN
3a TIPeIeIaMU «YCOB» — | QITOPUTM TSI TPOJAKA
BBIOPOCHI

HISTOGRAM I'paduyeckoe mpeacras- | ['mcrorpamma BpeMeHH

JIEHUE pacipeacIICHUS
YUCJIOBBIX JAHHBIX:
JIMana3oH 3HaYCHUM
JETUTCS HA MHTEPBAJIBI
(OWHBI), ¥ IS KaXKI0T0
MHTEpBaJIa 0TOOpaka-
€TCs YacToTa

CECCHUH I0JIb30BaTeIICH
Ha calTe MOKa3bIBACT
OMMOIaJILHOE
pacnpeneeHue:

-1 nuk Ha 2—-3 MUH
(OBICTpBII MPOCMOTP

Y yXon), 2-i UK

(KOJIMYECTBO) Ha 15-20 muH (BOBIICYCHHBIC
MOTNaJaHuH. MOJI30BATEINN ). ITO TTOMO-
['uctorpamMma raeT CerMEHTUPOBAThH
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RUSSIAN

TERM (ENGLISH) DEFINITION EXAMPLE
BU3YyaNu3upyeT GopMy | ayIMTOPHUIO
pacrpeneneHus, Y ONTUMU3UPOBATH KOHTEHT
MOJAIbHOCTh
Y ACHMMETPHUIO

SCATTER PLOT I'padux nns orobpaxke- | Jlmarpamma paccesiHus 3aBU-
HUS B3aUMOCBSI3U CUMOCTH LIEHBI KBapTUPHI OT
MEXy 2 YUCIOBBIMHU TIJIOIIA/IA MTOKA3bIBAET MOJI0-
MEPEeMEHHBIMU: KXKJasi | KUTEIbHYIO KOPPEISAILHUIO:
TOYKA MPEJCTABISAET C POCTOM IUJIOIIA/IN LIEHA
Ha0JI01eHNe yBenuuuBaetcs. Takxke
C KOOpJIMHATaMH (X, V). | BUIHBI BEIOPOCHI — SJIUTHBIE
[Tomoraet BBISIBUTH KBapTHUPBI C aHOMAJILHO
JIMHEVHEIE WU HEH- BBICOKOU IIEHOU
HEWHBIE 3aBUCUMOCTH, 3a KBaJpaTHbBIA METP
KJIACTEPHI U BBIOPOCHI Y KJIaCTEPhI N0 palloHaM
B JIBYMEPHBIX JIAHHBIX ropojaa

CORRELATION Craructuueckas B3au- | OOHapy’keHa CUIIbHAS TOJIO-
MOCBSI3b MEXKY 2 TIEpe- | KHUTeJIbHas KOppesuus
MEHHBIMH, [TOKA3bIBAI0- | MEXKY KOJIMYECTBOM IIPO-
mas, KaKk U3MEHECHUE CcMOTpOB Bujeo Ha YouTube
OJIHOM TIepEMEHHOU (3ampernieH B Poccun)
CBSI3aHO C U3BMEHEHUEM | M 4uciIoM JaiikoB (» = 0,78).
npyrout. Koppensuus OpnHako 3TO HE 03HAYaeT,
HE MOApa3yMeEBaAECT MPHU- | YTO JIAWKHU BBI3BIBAIOT MPO-
YUHHO-CJIEICTBEHHY IO CMOTpBI: 00a nmoka3aTens 3a-
CBSI3b BUCST OT KaueCTBAa KOHTEHTA

Y MONYJISIPHOCTU aBTOpa

PEARSON Mepa nunerinou koppe- | Koppensiiusa [Tupcona

CORRELATION JSILUAKA MEXY 2 mepe- MEXKYy BPEMEHEM U3YUYCHUS
MEHHBIMH, IPUHUMAIO- | Kypca o data science
as 3Ha4eHusd OoT —1 10 | ¥ UTOrOBOI OLIEHKOM COCTaB-
+1. 3nauenue +1 ykaspl- | asetT 7 = 0,65 (yMepeHHas
BAET HA UJICATIbHYIO MO- | MOJIOKUTEIbHAS KOppes-
JIOXKUTENIbHYIO JIMHEH- 1Us): CTYJEHTHI, IOTPATUB-
HYI0 3aBUCUMOCTh; —1 — | mue OoJibllie 4acoB Ha MaTe-
Ha UJICAIbHYIO OTPUIIA- | PHAJl, KaK MPaBUJIO,
TenpHy0; 0 — Ha OTCYT- | MOJIy4aroT O0siee BHICOKUE
CTBHUE JIMHEHUHOHU CBSI3HU. | OLICHKH
Tpebyer HOpMaTBLHOTO
pacrpeeneHus: JaHHbIX

SPEARMAN Mepa monotonHo# (ve | [Ipu ananuze yJ0BIETBOPEH-

CORRELATION 00s13aTebHO JIMHEHHOM) | HOCTH COTPYIHUKOB (OIEHKH

CBA3U MCKAY IICPECMCH-
HbIMH, OCHOBAaHHAasi Ha

ot 1 10 5) u ux npou3BoOAU-
TEIbHOCTHU (KOJIMYECTBO

19




RUSSIAN

TERM (ENGLISH) DEFINITION EXAMPLE
paHrax 3HayeHUH, a He | BBIIIOJHEHHBIX 33]1a4) KOppe-
Ha CaMUX 3HAUYECHUSIX. nsust Cimpmena (p = 0,42)
Koppemnsiiuss Ciupmena | moka3bIBaeT yMEPEHHYIO T0-
WCIIOJIb3yeTCs JIJIsl He- JIOKUTENIbHYIO CBA3b: OoJiee
HOPMAaJIbHO pacrpenie- | JOBOJIbHbIE COTPYIHUKHU
JICHHBIX JTAHHBIX, T10- CKJIOHHBI pa00TaTh MPOIYK-
PSAIKOBBIX KA U IPU | TUBHEE, AK€ €CIIU 3aBUCHU-
HaJIM4YKU BEIOPOCOB MOCTh HeJIMHEHHa

COVARIANCE Mepa coBmecTHOU KoBapuanus Mexay 1eHou
W3MEHYUBOCTH 2 CIIy- aKIMU KOMIIAHUU U 00HEMOM
YailHBIX BEJIMYMH, IOKA- | TOPTOB MOJIOKHUTEIIbHAS:
3bIBAIOIIIAsl HAIIpaBJIe- KOT'/Ia [IeHa pacTeT, 0OBIYHO
HUE UX JINHENHOU YBEJIWYUBACTCSA U aKTUB-
cBs3u. [lonoxxurensHast | HOCTH ToproB. OgHaKo abco-
KOBapHualus yKa3bIBaeT | JIIOTHOE 3HaUY€HUE KOBapHa-
Ha U3MEHEHHUE MEPEMEH- | IUU TPYAHO UHTEPIPETUPO-
HBIX B OJTHOM HallpaBjie- | BaTh 0€3 HOpMaJIU3aI1u,
HUU, OTpUIIATENIbHA — | IO3TOMY JUJISl CDAaBHEHHSI
B ITPOTHUBOIOJIOKHBIX. CHUJIBI CBSI3U UCTOJB3YIOT
B oTimume ot koppens- | kKodhGUIUESHT KOppemsSIuu
1IUU, KOBapHaIus
3aBUCHT OT Maciurada
JTAHHBIX

DATA I'paduueckoe npencras- | MHTEepakTUBHBIN qambdopa

VISUALIZATION | neHue JaHHBIX B Tableau mokasbIBaeT KJIto-
1 uH(GOPMAIIUHU C UC- 4yeBble MeTpUKU VIHTEpHET-
MOJIb30BAHMEM BU3Yyallb- | Mara3uHa: JUHAMUKY Mpo-
HBIX 3JIEMEHTOB (Tpadu- | gax, reorpaduro 3aKa3os,
KOB, Jarpamm, KapT, KOHBEPCHUIO BOPOHKHU, TOI
namoopoB). Busyanu- | ToBapoB. MeHemkepsl 3a He-
3aI1usi TOMOTAET OBICTPO | CKOJBKO CEKYH] OLIEHUBAIOT
BBISIBJISITH TATTEPHBI, CUTYAIIMIO U IPUHUMAIOT pe-
aHOMAJIUH, TPEHIbI U LIEHUs, BMECTO U3yUEHHUS
B3aMMOCBSI3U, KOTOPBIE | TAOJUI C THICSYaMU CTPOK
TPYAHO OOHAPYKUTH
TP aHATIU3€E ChIPBIX
JTAHHBIX

MISSING DATA OtcyTtcerByromue 3Haye- | B onpoce Kia1eHToB o j10-

HUS B HAOOpe JaHHBIX,
KOTOPBIE MOT'YT BO3HHUK-
HYTb U3-3a OLIHUOOK
cOopa, 0TKa3a MmoJib30-
Bareseil oTBeuaTh Ha
BOIPOCHI, CO0EB 000PY-
JOBaHUSI.

xoze 30 % pecrioHIEHTOB HE
ykazanu cymmy. [Ipocroe
yAaJIeHue 3TUX CTPOK CMe-
CTHUT BBIOOPKY B CTOPOHY 00-
JI€€ OTKPBITHIX KIMEHTOB.
Jly4ire nenonap30BaTh MHO-
KECTBEHHYI0 UMY TALIHIO
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RUSSIAN

TERM (ENGLISH) DEFINITION EXAMPLE
[Tponymennsie nanuvie | (Multiple Imputation) unu
MPUBOJAT K CMEIIICH- Nn00aBUTh UHIUKATOP MPO-
HBIM OIIEHKAaM U CHIKE- | IyCKa KaK OTJEIbHBIN Npu-
HHUIO KaueCTBa MOJICJICH, | 3HAK
eciu He 00paboTaHBbI
KOPPEKTHO

DATA CLEANING | [Ipouecc obnapyxenust | [Ipu moaroroBke qaHHBIX

Y UCTIPaBIICHUS OITHOOK
B JIaHHBIX: 00paboTKa
MPOITYIIICHHBIX 3HAYC-
HUH, yAaJICHUE Ty OJIH-
KaTOB, UCIIPABJICHUE He-
KOPPEKTHBIX ()OPMATOB,
yCTpaHEHHEe BHIOPOCOB,
CTaHAapTU3ALIUS
KaTeropHil.

OuncTKa JaHHBIX 3aHU-
maet 60—-80 % BpeMeHH
B IMpoekTax data science

0 TpaH3akuusax 11 ML-mo-
JIEJI OYMCTKA BKITIOYAET
yAaJIeHue TECTOBBIX TPaH-
3aKkuuii ¢ cymmotit 0 pyo0., uc-
MIpaBJIeHHE AT B HEBEPHOM
dbopmare, oObeguHEHHE Ty O-
JUPYIOLIMXCSA KaTErOpHid
(«MockBa» 1 «MOCKBa»),
3aMeHy BBHIOPOCOB (ITOKYTIKU
Ha 10 muH py0.) Ha MakcH-
MaJIbHOE PEATUCTUYHOE
3HAUCHUE

2.2. Statistical Estimation
and Hypothesis Testing

TERM (ENGLISH)

RUSSIAN

DEFINITION EXAMPLE
STATISTICAL IIponecc ucnonb3zoBanus | Ha ocHoBe ompoca 1500
INFERENCE JTAHHBIX BBEIOOPKH JIJIS TIO- | TOJIb30BaTEIeH MOOUITb-
Jy4YEeHHSI BHIBOJIOB O T€HE- | HOTO MPHIIOKEHUS (BbI-
paibHON COBOKYMHOCTH: | OOpKa) J1eiaeM BbIBOJ
OIICHMBAHMS TTapaMEeTPOB, | O BCel 0aze u3 2 MITH MOJIb-
IIPOBEPKH TMIIOTE3, 10~ 30BaTelnel (reHepaibHast
CTPOEHUS JOBEPUTENb- COBOKYITHOCTB):
HbIX UHTEpBaJIOB. CtaTtu- | 68 + 3 % MOBOJIBHBI
CTUYECKHI BBIBOJ MMO3BO- | HOBBIM UHTEp(deiicom
asieT 06001aTh U pac- C IOBEpUTEIbHOM BEpOSIT-
NPOCTPaHATh pPe3yabTaThl | HOCTBIO 95 %
HKCIIEPUMEHTA HA BCIO
HOIMYJISIUIO C YYETOM He-
ONPEJEIEHHOCTH
POINT Ouenka napamerpa reae- | CpenHee BpeMsi 10CTaBKU
ESTIMATION pPaJbHOM COBOKYITHOCTH | KYPbEpPOB 3a HEJIEIII0 COCTa-
OJIHUM YHCJIOM Ha OCHOBE | BWJIO 32 MUH — OTO
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TERM (ENGLISH)

RUSSIAN

DEFINITION
BBIOOpKH. [Iprmeps To-
YEUHBIX OIICHOK: BHIOO-
pouHoe cpeaHee (OLeHKa
MaTeMaTUIECKOTO OXKH-
JaHus1), BBIOOpOYHAS JTUC-
nepcusi (OIleHKa ucIep-
CUU T€HEPAIbHOU COBO-
KYITHOCTH), BEIOOpOYHAS
107151 (OLIEHKa BEPOSTHO-
CTH COOBITHS)

EXAMPLE

TOYCYHAS OLICHKA CPEIHETO
BPEMEHU JIOCTaBKH IS
BCEW M'eHEPaAJIbHOM COBO-
KyIHOCTH 3aKa3oB. OgHaKo
TOUYEYHAs! OLICHKA HE MOKa-
3bIBAET HEOMPEIECIICHHOCTb:
HMCTUHHOE CPEHEE MOXKET
OTJINYATHCS

INTERVAL Ouenka nmapametpa B Buje | JloBepuTenbHbIid HHTEPBAI
ESTIMATION WHTEpBaJia 3HAYCHUM (10~ | JJI1 KOHBEPCHUU JICHIUHTA:
BEPUTEIILHOTO UHTEP- 12,5 + 1,8 % (mpu noBepu-
Basa), KOTOPBII € 3a1aH- | TEIbHOW BEPOSITHOCTU
HOU BEPOSITHOCTBIO cofiep- | 95 %). DTo o3HauaeT, uTo
JKUT UCTUHHOE 3HAYEHUE | UCTUHHAs KOHBEPCHS TeHe-
napamerpa. iHrepBaiibHast | paJibHOM COBOKYITHOCTH
OIleHKa HH(OPMAaTHBHEE C BEPOSTHOCTHIO 95 %
TOYEYHOM, TaK KaK IOKa- | JIEKUT B IUANAa30HE
3bIBAET HEONPEIECIICH- ot 10,7 no 14,3 %,
HOCTb OLICHKH a He paBHa TouHO 12,5 %
CONFIDENCE WurepBan 3HaueHuil, KoTo- | 95%-ii 1OBEPUTENbHBIM
INTERVAL PBIi C 3aIaHHOU JOBEPU- WHTEPBaJ JAJIsl CPEAHEN
TEJILHOM BEPOSITHOCTHIO 3apmiatel Python-pazpabor-
(confidence level) conep- 4uKOB B MOCKBe:
JKUT UICTUHHOE 3HAYCHHE 145 000 £ 12 000 py6. 1n-
OLIEHMBAEMOI'0 [TapaMeTpa | TEpHpeTalys: €ClIM MHOIO-
TEHEPATbHOM COBOKYIIHO- | KPaTHO IMOBTOPSITH BbI-
ctu. lllupuna untepBana | GOPKY U CTPOUTH UHTEP-
3aBHCHT OT 00BbEMa BbI- BaJbl, TO 95 % TakuX WH-
00pKH, BaprabenbHOCTH TEpBaJIOB OyayT COAEPKaTh
JTAHHBIX U BEIOPAHHOTO VCTUHHOE CpEeHEE 3Have-
YPOBHSI IOBEpHs HUE 3apILIAThI
CONFIDENCE BeposaraocTts TOrO0, 4TO [Tpu A/B-TecTMpoBaHUU HO-
LEVEL JIOBEPUTEJIbHBINA UHTEP- BOM (DYHKIIMU UCTIONB3YyEeM

BaJl COJICP>KUT UCTUHHOE
3Ha4YCHHE MTapaMeTpa.
Pacnpocrpanenssie
ypoBHHU noBepusi: 90, 95,
99 %. boinee BbICOKHIT
YPOBEHb JOBEPHUS JACT
OoJiee MIUPOKUI UHTEP-
BaJj (OOJBIITYIO HEompee-
JICHHOCTB ), HO OOJIBIITYIO
HAJICKHOCTH BBIBO/IA

95%-11 ypoBEHb 1OBEpHUSL:
€CJIM IOBEPUTEIIbHBIN HH-
TepBaJ Pa3HUILIbI KOHBEPCUI
HE BKJIFOYAET HOJIb, JEIAEM
BBIBOJI O CTATUCTUYECKON
3HAYUMOCTH 3P dekTta. Bol-
60p 95 % (a ue 99 %) —
KOMITPOMUCC MEXKy Ha/IexkK-
HOCTBIO U YyBCTBUTEJIBHO-
CTBIO TECTa
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TERM (ENGLISH) RUSSIAN EXAMPLE
DEFINITION

HYPOTHESIS [Ipouenypa nmpoBepku IIpoBepka runoresbl

TESTING YTBEPKJIEHUH 0 mapameT- | 00 3pPEeKTUBHOCTU HOBOTO
pax reHepajgbHOM COBO- aJIrOpUTMa PEKOMEHIALINI:
KYIHOCTU Ha OCHOBE BbI- | HyJieBas rumnotesa Ho —
O60opouHbIX AaHHBIX. [Ipo- | cpenHuil Yek mojap30BaTe-
BEpKa r'UIoTe3 BKIOYAET | el He U3MEHUJICS, albTep-
(GbOopMyIMpPOBKY HYJIEBOM | HaTUBHAs /| — cpeHU
U allbTepHATUBHOM rumno- | yek yBenuuuics. [locne
TE€3, BBIOOP YPOBHS 3Ha- | cOopa JaHHBIX U pacyera
YUMOCTH, pacuer Tecto- | (p-value = 0,023) nemaem
BOW CTaTUCTHUKHU U pPEIIe- | BBIBOJ O CTATUCTHYECKOU
HUE 00 OTKJIOHEHUU WIH | 3HAYUMOCTH YITyUIICHUS
HEMPUHATUH HYJIEBOU T'H-
MOTE3bI

NULL I'unoresa, koropyto npo- | [Ipu cpaBHeHun 2 Moenei

HYPOTHESIS, H) BEPSIOT U MBITAIOTCS OT- | KIAcCU(UKAIIMK HyJIeBas
BepruyTh. HyneBas rumo- | rumnoresa TakoBa: TOYHOCTh
Te3a 0OBIYHO YTBEPKJIAET | HOBOM MOJIENH paBHA TOY-
otcyTcTBUE dPdeKTa, HOCTH TEKYILEH MPOJIaK-
pa3Iu4Mil UM CBS3H meH-mozaenu (pazauua = 0).
MEXy epPEeMEHHBIMHU AnbTepHaTUBHAS TUIIOTE3A:
(«cTatyc-KBOY). HOBas MOJIEJIb TOUHEE.
B mamunanom o6yuenun | Ecnu p-value < 0,05, ot1-
Hyuacrto yTBepkaer, BEpraeM HYJIEBYIO THIIO-
YTO HOBAsi MOJIEJb T€3y U BHEAPSAEM HOBYIO
He Jrydiie 6a30Boit MOJIEJIb

ALTERNATIVE I'mnoresa, mpotuBopeya- | B TecTupoBaHnn HOBOM

HYPOTHESIS, H; 11asi HyJieBOil. AJIbTepHA- | KHOIIKU HA CaliTe aJlbTepHa-
THUBHAsl TUIIOTE3a yTBEP- | TUBHAS FUIIOTE3a TAKOBA!
*aaeT Hanuuue 3 dexTa, | KOHBEpCHsl HOBOM BEPCUU
pa3IM4ui UK CBSI3H. BBIIIIE TEKYIIEH (OHOCTO-
MoskeT ObITh OJIHOCTO- pounwuii Tect). Ecnu nannble
poHHeH (mapametp MOKa3bIBAIOT CTATUCTUYECKU
OOJIbIIIe WU MEHBIIIE) 3HAYMMOE YBEJIMUCHUE
WJIM IBY CTOPOHHEN ¢ p-value = 0,01, npunu-
(mapameTp He paBeH) MaeM H u 3amyckaem

HOBYIO BEPCHIO ISl BCEX
MOJIb30BATEIEH
SIGNIFICANCE BepositHocTh oTBepruyTh | [Ipu 3amycke A/B-tecra
LEVEL, o HYJIEBYIO TUIIOTE3Y, KO- ycranasinuBaeMm a = 0,05.

r7a oHa BepHa (ommoka
I pona). YpoBenb 3Haun-
MOCTH — 9TO TIOPOT JIJIst

Ecmu p-value = 0,03 (< 0,05),
OTBEpraeM HyJICBYIO THIIO-
Te3y 00 OTCYTCTBUHU
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TERM (ENGLISH)

RUSSIAN

DEFINITION
p-value, HI>KE€ KOTOPOTO
pe3yJIbTaT CYUTAETCS CTa-
TUCTUYECKHU 3HAYNMBIM.
CrangapTHbI ypOBEHb
a = 0,05 (5 %) o3navaer
FOTOBHOCTb HNPUHATH 5 %
JIO’KHOTIONIOKUTEITLHBIX
pe3ynbTaToOB

EXAMPLE

pa3HUIIBI U JIe1aeM BBIBO/T
0 3HAYUMOCTH 3P PexTa.
Puck: ¢ BeposiTHOCTBIO 5 %
MBI MOXKEM CJICIIaTh
OLIMO0YHOE 3aKITI0UEHUE
00 s dekTe, koraa ero HeT

P-VALUE

BeposatHOCTh MOMY4YnTH
HabmrojaeMble uiu Oosiee
AKCTPEMAJIbHBIE PE3YJIb-
TaThbl IPU YCIOBUH, YTO
HyJIeBasi TUIIOTE3a BEPHA.
Manoe p-value (MenbLIe
YPOBHS 3HAUUMOCTH 0l)
yYKa3bIBAE€T HA HECOBMeE-
CTUMOCTb JaHHBIX ¢ Ho

Y CTAHOBUTCS OCHOBA-
HUEM JJIs1 €€ OTKJIOHEHHUSI.
p-value HE sBisietcs Be-
POSATHOCTBIO TOTO, 4TO Ho
BEpHA

[Tocne cpaBHenns 2 anro-
PUTMOB MOJTYYUIH

p-value = 0,008. 910 03Ha-
YaeT CIeAyrolIee: eciau Obl
aJIrOpUTMbI ObUTH OJMHA-
KOBO 3 dexTuBHbI (Ho
BEpHA), BEPOSTHOCTD IOJIY-
YUThH HAOII0JaEMYI0 pas-
HUILy B TOYHOCTHU WK 00-
jee extreme cocTaBuia Obl
Bcero 0,8 %. Jlenaem BbI-
BOJI O CTAaTHCTHUYECKON
3HAYUMOCTH Pa3JIAYIUS

TYPE I ERROR

OTKJI0OHEHHE BEPHOMU
HYJIEBOU TUNOTE3HI (false
positive). BepoaTHOCTh
omn6ku I poxa paBHa
YPOBHIO 3HAUUMOCTH 0.
B Gusnece omubka

I pona — aTo BHEOpPEHUE
U3MEHEHHUsI, KOTOpoe Ha
caMoM Jiesie He paboTaer,
4TO BEJIET K HalpacHbIM
3arpaTtam

3amyck HOBOHM (hyHKITMH
IPHUJIOKEHUS MTOKa3all CTa-
TUCTUYECKH 3HAYMMOE yBe-
JMYECHNUE BOBICYCHHOCTH
(p <0,05), u MBI BHEIPUIH
ee JIJIsl BCeX TMOJIb30BaTe-
nen. Yepes mecsl METPUKHU
BEPHYJIUCH K UCXOTHBIM
3HAYCHUSIM: TTePBOHAYAIb-
HBIM 2P deKT okazancs
JI0KHOTIOJIOKUTEITHHBIM
pe3yJsibTaToM (oIHnoKa

I pona), croumocTh
pa3pabOTKH MOTpavyeHa 3psi

TYPE II ERROR

[IpunsiTue (HEOTKIOHE-
HUE) HEBEPHOM HYJIEBOI
THIoTe3sl (false negative).
Omu6ka Il pona o3na-
YaeT MPOMYCK PeaibHOTO
s dekra. BeposaTHOCTH
omn6ku Il pona 0603Ha-

HoBeii1 anroputm nerek-
YA MOIIEHHUYECKUX TPaH-
3aKIUH JENUCTBUTEIHLHO

Ha 15 % TouHee Tekyuiero,
HO M3-32 MaJIO BBIOOPKHU
(Bcero 200 TpaH3aKIIHil)
TECT HE BBISBUJI CTATUCTH-
YECKOW 3HAUMMOCTH
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TERM (ENGLISH)

RUSSIAN
DEFINITION
gaeTcs 3. MoiHoCTh
tecta (Power) =1-J3

EXAMPLE

p =0,12. MpbI oTKa3anuch
OT BHeJIpeHUs 3PPEeKTHB-
HOTO aIrOpUTMa — 3TO
ommoOka Il poma

POWER OF TEST

BeposATtHOCTh NpaBUIIb-
HOT'O OTKJIOHEHHUSI JIOXK-
HOW HYJIEBOW TMIIOTE3bI
1 —B. MomHoCTh TIOKa-

3bIBAC€T CIIOCOOHOCTH Te-
cta oOHapyX UThb A PeKT,
€CJIU OH JIEWCTBUTEIILHO
cyuiectByer. [l Hagex-
HBIX PE3yJIbTaTOB MOIII-
HOCTb JIOJKHA OBITh HE
menee 0,8 (80 %)

[lepen 3amyckom A/B-Tecta
paccuuThIBa€M HEOOXOIU-
MBI pa3Mep BBIOOPKH IS
JmocTkeHus MmomHocTH 0,8
npu oxxkunaemMom 3 dexre
5 % u a=0,05. ITomyyaem
cleqyonee: Hy>KHO MUHH-
myM 2000 nonb3oBareneit

B KaXJI01 Tpyrie. MeHbmas
BBIOOpKA PUCKYET MPOITY-
CTUTh peabHbIN P PeKT
(HM3Kasi MOIITHOCTB)

TEST STATISTIC

CraTtucrtuka, pacCUuThI-
BaeMas 10 BBIOOpPKE /st
MIPOBEPKU TUIIOTE3bI
(t-cTaTUCTHKA, Z-CTATH-
CTHKa, ), F-cratucruka).
TecroBas craTUCTHKA
CpPaBHUBAETCS C KPUTHUYE-
CKHMM 3HAaYE€HHUEM WJIU HC-
MOJIB3YETCSA JJIsl pacueTa
p-value. Pactipenencuue
TECTOBOM CTAaTUCTUKH U3-
BECTHO IIPU BEpHOCTHU Ho

IIpu cpaBHEHUU CpeaHUX
2 rpyIIl paccYuTaIH, YTO
t-cratuctuka = 2,47. Ilo
Ta0IuIEe pacipeaeeHUs
CTplo/IeHTa HAXOIUM KpH-
TUYECKOE 3HAUCHUE IS
a=0,05 u df=58:

t,.. =2,00. Tak xak
12,47| > 2,00, oTBepraem
HYJIEBYIO TUIIOTE3Y

0 PaBEHCTBE CPEIHUX

CRITICAL MHOK€eCTBO 3HAaUEHU [l 1BycTOpOHHETO

REGION TECTOBOM CTaTHCTHKH, z-tecta npu o = 0,05
IIpU KOTOPBIX HyJIEBast KpUTHYECKasi 00J1acTh:
TUIIOTE3a OTBEPraeTCsl. z<-1,96 nmu z > 1,96.
Kputnueckast o01acThb Paccunrannas z-cra-
ONPEIEIISIETCS YPOBHEM THCTHUKA, paBHas 2,31,
3HAYUMOCTH O MONAaJaeT B KPUTUUECKYIO
Y aJbTEpPHATUBHOU rumno- | oomacts (2,31 > 1,96),
Te30M (OJJHOCTOPOHHSS MO3TOMY OTBepraem Ho
WIM JIBYCTOPOHHSIS). Ha YPOBHE 3HAUMMOCTH 5 %
Ecnu tecroBas crartu-
CTHKA IOMNAaJIaeT B KPUTH-
YECKYI0 00J1acCTh, pe3yJib-
TaT CTATUCTUYECKHU 3HAYNM

T-TEST CratucTuueckuii Tect CpaBHuBaeM cpenHee

JUIS. CPAaBHEHHS CPEIHUX
3HAYEHUM, HCIIOJIb3YIO-

Bpems oTkimka API 1o
U TI0CJIE ONTHUMHU3ALIAH:

25




TERM (ENGLISH)

RUSSIAN

DEFINITION
M f-pacipeiesieHue
Creropenra. [Ipumens-
€TCsl, KOTJJa TUCTICPCUsT
re€HepaJIbHON COBOKYITHO-
CTH HEM3BECTHA U OLICHU-
BaeTcs 1o BEIOOpPKE (0CO-
O€HHO Ba)KHO I MaJIbIX
BBIOOPOK 71 < 30)

EXAMPLE

BBIOOpKaA U3 25 U3MepeHui
MoKa3aja f-CTaTUCTHUKY,
paBuyto 3,12, npudf = 24.
p-value = 0,004 < 0,05,
CJIeI0OBATEIIBHO, JeIacM
BBIBOJI O CTATHCTUYCCKU
3HAYUMOM YJTyYIIIEHUU
IIPOU3BOIUTEIIBHOCTH

Z-TEST Tect, OCHOBaHHBIN Tectupyem runoresy
Ha HOPMaJIbHOM pacnpe- | O KOHBEPCHUU JICHIUHTA: U3
neneHuu (z-pacupenene- | 5000 mocerureneit
Hun). [Ipumensercs anga | 625 coBepInin 1eleBoe
OOJIBIINX BEIOOPOK neiicteue (12,5 %). Ipu
(n > 30) unu B ciyyae, M3BECTHOM AUCTIEPCUU
KOT'/Ia U3BECTHA TUCTIEP- | U OOJIBIIIOM 7 UCTIONh3yeM
CHsI TEHEPATIbHOM COBO- Z-TECT. z-cTaTucThKa = 1,89,
kynHoctu. st mporiop- | p-value = 0,059. CnenoBa-
U ¥ CpeIHUX TP OO0JIb- | TENBHO, pa3HUIIA C LIEJIEBOM
WX 7 Z-TECT U {-TECT kouBepcueit 11 % ne3na-
JAIOT CXO0XKHUE pe3yJib- yuMma Ha ypoBHe 5 %
TaThI
CHI-SQUARE Tect mis nposepku He3a- | [IpoBepsieM 3aBUCUMOCTB
TEST BHCUMOCTH 2 KaTE€ropu- MEXKIY ITOJIOM I10JIb30Ba-
AIbHBIX TIEPEMEHHBIX WM | TNl U BBIOOpOM Tapuda
COOTBETCTBHS pacmpese- | (6a3oBelii/mpemMuyMm). Tao-
JICHHS] TEOPETUYECKOMY. | JIMIA COMPSKEHHOCTH 2%2
Y>-TECT CPaBHUBAET JIAeT Cleylolee:
HaOJro1aeMble YacToTel ¢ | x> = 8,73, df =1,
OXHNAaCMbIMHU YaCTOTaAMU p-value = 0,003
TpY BEPHOCTH HYJICBOU OtBepraeM rurnoresy
TAITOTE3bI 0 HE3aBUCUMOCTHU:
MYXYUHBI ¥ )KCHIITUHBI
CTaTUCTUYECKH 3HAUUMO
pasnuyaroTcsi B BEIOOpe
Tapuda
ANOVA Merton cpaBHenus cpea- | CpaBHuBaem 3¢ (HEKTHB-

HUX 3HadeHuii 3 u 0osee
IPYyII OAHOBPEMEHHO.
[IpoBepseT HyIEBYIO TH-
MoTe3y O PaBEHCTBE BCEX
IPYHIOBBIX CPEIHHX.
Ecimn ANOVA nokasbl-
BaeT 3HAYUMOCTb, ITPOBO-
JIATCS ITIOCT-XOK-TECTBI

HOCTb 3 MapKETUHTOBBIX
KaHayioB (e-mail, corcern,
KOHTEKCT) 10 CpeHel CTO-
UMOCTH MPUBJICUCHUS KIIU-
enta. One-way ANOVA:
F(2,87)=5,34, p =0,006.

Kanane! ctatucTuueckun
3HAYMMO Pa3IMYarOTCl.
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TERM (ENGLISH)

RUSSIAN
DEFINITION
(Tukey, Bonferroni) myst
MOTIAPHBIX CPaBHEHUM

EXAMPLE

[TocT-xok-tect Tukey mo-
Ka3bIBaeT CICAYIOIICE:
KOHTEKCT JOpoke e-mail
p =0,004, ocranbHbIC

IMapbl HC PA3JINYarOTCA

F-TEST Tect, nucnonb3yromun B ANOVA nns cpaBHeHUs
F-pacnpenenenue nis 4 Moaenel MallMHHOTO
CpaBHEHHMSI IUCTIEPCHIl oOy4eHus:
2 BBIOOPOK WITH F-cratuctuka = 4,67,
B ANOVA 1151 cpaBHe- df between = 3;
HUS HECKOJIBKUX Cpel- df within = 96; p = 0,005.
HUX. F-cratuctuka — or- | Mojenu cTaTUCTUYECKU
HOILIICHUE 2 TUCTIEPCHI. 3HAYMMO pa3In4aroTCs
[Ipu cpaBHEeHMM nucnep- | Mo TouHocTu. Hanbombiryto
cuit F 01u3Ko K 1 yKa3bl- | CPEIHIOI0 TOUHOCTh IMOKA3bI-
BAET HA UX PAaBEHCTBO BAaeT IPa/IMEHTHBIN OYCTHHT

(92,3 %)
DEGREES Uucno He3aBUCUMBIX 3Ha- | JIJist /~TecTa 2 He3aBUCH-
OF FREEDOM, DF | yeHuii B pacyere cTaTu- MBIX BEIOOPOK pa3mMepoM

CTHUKH, paBHOE 00bEMY
BBIOOPKH, MUHYC YHCIIO
OLIEHEHHBIX MapaMeTPOB.
Crenenu ¢cBoOOIbI BIIU-
10T Ha opMy t-pacripe-
JieJeHus, (>-pacipeaerne-
HUS U F-pacripeeneHusl.
[Tpu 6onbmux df t-pac-

npeaeeHue mpuosKa-
€TCsl K HOPMAJIBHOMY

n, =30 n n, =35 crenenu

CBOOO/IBI

df =n+n,-2=063.
[To Tabnune t-pacnpenene-
HUS 111 df = 63
u o= 0,05 (1BycTOpoHHUI)
HAXOJUM KPUTHYECKOE 3Ha-
yenme . = 1,998

crit

EFFECT SIZE

KonnuectBennas mepa
CHJIBI U3Y4aeMOro SIBJIC-
HUS WM BEJIMYUHBI Pa3-
JINYWI, He3aBUCHUMas OT
o6wema BeibopKu. [lomy-
nsipabie Mepbl: Cohen’s d
(1751 pa3HOCTHU CPENHUX),
N? (eta-squared nns
ANOVA), odds ratio
(1751 OMHAPHBIX UCXO-
noB). Pasmep apdexra
MOKAa3bIBAET MIPAKTHYE-
CKYyI0 3HAaUHMOCTb, a HE
TOJIKO CTATUCTHUECKYIO

CpaBHIIM 2 MOJIESIA: HOBAs
MOJIENTb CTATUCTHYECKH
3HAYUMO TOYHEE
(»=0,001), HO Cohen’s

d = 0,12 (ouenb Manblii -
¢dekT). PazHuia B TOUHOCTH
0,3 % cTaTHCTHYECKH 3HA-
yuMa u3-3a OOJIBIION BbI-
OOpKHU, HO MPAKTUYECKU
HECYIIECTBEHHA JIJIsl OU3-
Heca — HE CTOUT TPaTHUTh
pecypchl Ha 3aMEeHy MO-

pi (52 05
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TERM (ENGLISH)

SAMPLE SIZE

RUSSIAN

DEFINITION
KoanuectBo HabmIOI€-
HUll B BbIOOpKE. bouib-
UK pa3Mep BHIOOPKU
obecrieunBaeT 0osee ToU-
HBIC OIIEHKHU, Y3KHE JIOBE-
pUTEbHBIC UHTEPBAIIBI
Y BBICOKYIO MOIITHOCTh
TecToB. OqHAKO MOCIIE
OTIpEeICJICHHOTO TIpeeia
IPUPOCT TOYHOCTH CTa-
HOBHUTCS HE3HAYUTEIIb-
HBIM (3aKOH yOBIBAIOIICH
OT/Iauu)

EXAMPLE

st oOHapyKeHuUs yBeu-
YeHus1 KOHBepcuu Ha 2 %
(c 10 mo 12 %) npu mouu-
HoctH 0,8 m a = 0,05 ny-
JKEH pa3Mep BBIOOPKH

3 853 HalOmroaeHUs B KaX-
Jlo¥ rpynne. MeHbIas Bbl-
6opka (Hampumep, 500)
HE O0HAPYKUT dPdeKT,
JTa)Ke €CIIM OH pealieH
(HM3Kas MOIIHOCTB)




SECTION 3

STATISTICAL MODELS
FOR SUPERVISED LEARNING

3.1. Regression from a Statistical Point of View

RUSSIAN

TERM (ENGLISH) DEFINITION EXAMPLE

SUPERVISED Tun mammuaHOrO 00yue- | Cucrema KpeIuTHOTO CKO-

LEARNING HUs, TIPU KOTOPOM ajiro- | puHra 6aHka oOydaercs Ha
puTM o0ydaercs Ha pa3- | HCTOPUYECKUX JTAHHBIX
MEUEHHBIX JIaHHBIX, 0 3aeMILKKaX: JJIs1 KaXI0ro
T.€. IJaHHBIX, AJI1 KOTO- KJIMEHTA U3BECTHBI MPU-
PBIX U3BECTHBI 3HAKH (BO3pacCT, AOXO/I,
IPABWIbHBIE OTBETHI (L€~ | KPEAUTHAs UCTOPUS) U Lie-
JIEBbIE TIEPEMEHHEIE). JieBas mepeMeHHasi (BepHyJ1
Mogenb yunuTcs HaxXoauTh | KpeauT win HeT). [Tocie
B3aUMOCBSI3b MEXKY 00y4eHHsI MOJIENb MPECKa-
BXOJHBIMH MPU3HAKAMU U | 3bIBAET BEPOSTHOCTH JIe-
BBIXOJHBIM 3HAYEHUEM, doita A1 HOBBIX 3asiBUTE-
4YTOOBI JIENIaTh MMPOTHO3BI | JIEH HAa KPEIUT
JUIsl HOBBIX, paHee HE BU-
JICHHBIX JIAHHBIX

REGRESSION Meton MoaenupoBaHus Cepsuc «Snaekc
B3aMMOCBSI3U MEXKy 3a- | HeABMKHUMOCTE) UCIIONb-
BHUCHUMOM (11€JIEBOI) TIepe- | 3yeT PErpeccuo s Mpej-
MEHHOW 1 OJHOW WJIM HE- | CKa3aHUsl CTOMMOCTH KBap-
CKOJIbKMMU HE3aBUCHU- THP: Ha OCHOBE ITPU3HAKOB
MBIMH [IEPEMEHHBIMU (omaab, 3Tax, paiioH,
(mpusnakamu). Perpeccu- | roa mocTpoiku) MoaeIb
OHHBIN aHAJIN3 UCIIOJIb3Y- | MPEICKA3bIBAET PHIHOYHYIO
€TCsl IS MPOTHO3UPOBA- | IIEHY B pyOJISIX — HENPEPHIB-
HUS HENIPEPHIBHBIX YHC- HYIO YHCJIOBYIO BEIMUUHY
JIOBBIX 3HAYCHUM, a HE Ka-
TErOpUaAIbHBIX METOK

DEPENDENT [lepemeHHas1, KOTOPYIO B 3amade nporuosupoBa-

VARIABLE MO/JIEJIb TTPEICKA3BIBAET HHUS CIIPOCa Ha TOBApPHI

WIH OOBSICHSIET; TAKXKE
Ha3bIBACTCS I1CJIEBOM Ie-
peMeHHo (farget) unu
OTKJIMKOM (response). 3a-
BHUCHMas IEPEMEHHAs

B marazune Wildberries 3a-
BUCHMOMW NIEPEMEHHOM BBI-
CTYMaeT KOJIMYECTBO MPO-
Jla>k KOHKPETHOTO TOBapa
3a IEHb — UIMEHHO 3TO
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RUSSIAN

TERM (ENGLISH) DEFINITION EXAMPLE
«3aBUCHUT» OT 3HAYCHU 3HAYEHUE MBI XOTUM IIpea-
HE3aBUCHUMBIX IIEPEMEH- | CKa3aTh HA OCHOBE MpPHU3HA-
HBIX (TIPU3HAKOB) KOB (JICHb HEJNIENH, IICHA,
HaJIM4YME aKIUH,
CE30HHOCTbD)
INDEPENDENT [lepemennas, ucnonssye- | [Ipu npeackazanum Bpe-
VARIABLE Masi I IpeACKa3aHus MEHU JIOCTaBKHU €/1bl CEPBU-
3aBUCUMOM NepeMeHHon; | coM «Annekc Exa» HezaBu-
TaK>Ke Ha3bIBACTCA MpPU- CHUMBIMU [IE€PEMEHHBIMU
3HaKOM (feature), IpeIUK- | BEICTYMAIOT PACCTOSTHUE
TOPOM WJIH OOBACHSIONIEH | OT pecTopaHa J0 KJIUEHTa,
nepeMeHHou. He3aBucu- | BpeMs CyTOK, A€Hb HEJENH,
MbI€ IEPEMEHHBIE CUYUTA- | IOT0/a, KOJIMYECTBO 3aKa-
FOTCSI BXOJIHBIMHU JIaH- 30B Y Kypbepa, CpeaHsis
HBIMU MOJEJIH CKOPOCTb JABUKEHUS B paii-
OHE — BCE 3TH MPU3HAKH
BIIMSIOT Ha IIEJIEBYIO TIepe-
MEHHYIO (BpeMsl TOCTaBKH)
FEATURE OtnenbHas u3mepumas B cucreme pacrioznaBanus
XapaKTepUCTUKA HAOMIO- | criama e-mail mpusHaku
JAEMOTO SIBJICHUS; OT- BKJIFOYAIOT KOJINYECTBO
JIEJIbHBIN CTONOCII CJIOB B IUChbME, HAJIUYNE
B HaOope maHHbIX. [Ipu3- | onpeneneHHbIX KIF0UEBhIX
HaKH MOTYT OBITh YHCIIO- | CJIOB («BBIUTPHILID», «Oec-
BBIMU (BO3pacCT, JOXOJ), MJIaTHOY ), KOJTUYECTBO CChI-
KaTeropuaibHbIMU (TIOJ, | JIOK, JIOMEH OTIIPABUTES,
ropoj) Wik OMHAPHBIMU | BpeMsl OTIPABKH, HATUYUE
(HanMMYKMe CKUIKU: 1a/HET) | BIOKEHUM — KK IbIN TIPH-
3HaK [IOMOTaeT MOJIENHU OT-
JUYUTH CIIaM OT JIETUTUM-
HBIX MMHCEM
TARGET [IepemenHas, KOTOPYIO B 3anaue oOHapykeHus
VARIABLE MOJIEJb IIBITAETCS IPEL- MOILIEHHUYECKUX TPAaH3aK-

CKa3aTh; CHAHOHUM 3aBH-
CHMOW MEPEMEHHOM.

B 3agauax knaccuduka-
MU TeJIeBasi IEPEMEHHAS
MPUHUMAET KaTeTOpHalTb-
HbI€ 3HaUYCHHUS (KJIACCHhI),
B 3aJ]a4ax PErpeccuu —
HETPEPHIBHBIC YHCIIOBBIC
3HAYEHUs

nuii CoepOaHKa 1eneBas
nepeMeHHasi IPUHUMAET

2 3HaueHust: 1 (MolEeHHU-
yecTBO) win 0 (merutumHas
oneparusi). Mojens aHau-
3UpYyeT MPU3HAKU TPaH3aK-
Uy (CyMMa, MECTO, BpeMms,
THII OTNIEpaIln) U TIPEACKa-
3bIBAET BEPOSITHOCTD MPH-
HAJJIEKHOCTH K KJ1accy
MOIIICHHUYECTBA
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RUSSIAN

TERM (ENGLISH) DEFINITION EXAMPLE
LINEAR Perpeccuonnsiii ananus, | Mogenb nmpeacka3biBacT
REGRESSION MOJICIUPYIOIIUH IMHEe- | pacxo] OeH3MHA aBTOMO-

HYIO B3aMMOCBSI3b MEXKJTy | OWJIsl HA OCHOBE MPOICH-
3aBHCUMOW MEPEMEHHON | HOTO PACCTOSIHUS: €CIIN aB-
Y OJTHOW WUJIU HECKOJIb- TOMOOWJIb TPATUT 8 11

KUMU He3aBUCUMBIMH T1e- | Ha 100 kM, To TMHEliHas 3a-
peMeHHbIMH. JInHenHast BUCHUMOCTb UMEET BUJ]
perpeccus npeanonaraet, |y = 0,08x, rae x — paccrosi-
YTO U3MEHEHHE 3aBUCH- HUE, KM; ) — pacxo.l

MOU IEPEMEHHOU TOIUIUBA, JI
MPOMOPIIMOHATIEHO U3MeE-

HEHUIO IPEIUKTOPOB

SIMPLE LINEAR Perpeccus ¢ ogHoit He3a- | AHaIU3 3aBUCUMOCTHU

REGRESSION BUCUMOW MEPEMEHHOMN MEK]ly TEMIIEPATypPOil BO3-
(OTHUM MPU3HAKOM). TyXa U MpoAakaMu MOPO-
[Ipocras nuHeliHas pe- YKEHOTO B KHOCKE: MU IO-
TPECCHUsl OMTUCHIBACTCSA BBIIIICHUU TEMIIEPATYyPbI
ypaBHEHUEM Ha 1 °C npogaxu yBeIn4u-
y = B, +Bx+e, BalOTCA B CPEIHEM
rze Bo — cBoGOaHBIH wien | Ha 15 nopuwii. YpaBHeHue
(intercept); P1 — k03Pdu- | PCTPECCUU: POAAKH =
LIMCHT HAKJIOHA, =50+ 15 x temmepatypa,
€ — CnyqaﬁHa;[ OIIMOKa rac 50 — 6azoBbIC IIpOoaaKnu

npu 0 °C

MULTIPLE Perpeccus ¢ Heckomb- [Iporno3upoBanue ctonmo-

LINEAR KUMH HE3aBUCUMBIMHU I1€- | CTH JOCTABKU KypbEpOM

REGRESSION PEMEHHBIMH (HECKOJIb- YYUTBIBAET HECKOJIBKO ITPU-
KHMH TIpU3HaKaMu). MHO- | 3HAKOB: pacCTOSTHUE (KM),
YKECTBEHHAs! perpeccus BEC 3aKasa (Kr), BpeMms Cy-
OTHUCHIBAETCS YPAaBHEHUEM | TOK (4), I€Hb HEJIEIH, T0-
v ="Po+ Px1 + Pax2 + ... TOJIHBbIE YCIIOBHs. Y paBHe-
+ ... + Bux, + & TIO3BOJISISL | HUE PETPECCUU: CTOUMOCTh
YYUTBHIBATH BIUSIHUE =100 + 15 x paccrosHue +
MHOXeCTBa (PaKTOpPOB + 5 X Bec + 20 X HOYHOM Ta-
OHOBPEMEHHO pud + 10 x BbIXOTHOM

REGRESSION [TapameTrprr Mogenu B Monenu npenckazanus

COEFFICIENTS (B1, B2, ---, Pn), onpenens- | 3apruaTel pa3padoTUrKa

IOIIKE BKJIAJ KaXI0U He-
3aBUCHMOU NTIEPEMEHHOU
B IIPEICKa3aHUE 3aBUCH-
Moii mepemeHHoi. Koad-
(UIMEeHT NOKa3bIBAET, HA
CKOJIBKO €/IMHULL U3Me-
HUTCS LIeJIeBast

K03 (ULIMEHTHI perpeccun
MOKAa3bIBAIOT CIEIYIOIEE:
OTBIT paboTHI (JIET) UMEET
ko3 dumuent +15 000
(KaXKIpIil O/ OTbITa J00aB-
asiet 15 000 py0.), 3HaHue
anrnuiickoro gaet +25 000,
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RUSSIAN

TERM (ENGLISH) DEFINITION EXAMPLE
MEepEeMEHHAs B Clly4yae pabota B Mockse +30 000,
W3MEHEHHsI COOTBETCTBY- | yaaneHHas padora—10 000.
IOILIETO IPEAUKTOPA HA bazoBas 3apruiata (intercept)
onHy enuuuny npu ¢puk- | cocrasisieT 40 000 pyo.
CHUPOBAHHBIX OCTaJIbHBIX
MepeMEHHBIX

INTERCEPT 3HayeHue 3aBUCUMOM 11e- | B Mozenu croumocTu
pPEMEHHOM Mpu HYJEBbIX | TaKCH intercept, paBHbBIN
3Ha4YCHUAX BcexX He3aBU- | 150 py0., o3HauaeT Oazo-
CUMBIX IEPEMEHHBIX; BYIO CTOUMOCTb MOJa4H aB-
TOYKa MepecevyeHus pe- TOMOOWJISI, KOTOpasi B3UMa-
IPECCUOHHOU MPAMOU €TCs He3aBUCUMO OT pac-
¢ ocero Y. CBOOOAHBIM CTOSTHUS TToe3aku. Jlaxe
YJIEH MpeCTaBIsAeT 0a30- | eciu paccTosiHue paBHoO 0
BOE 3HAYCHHE, KOT/Ia Bce | KM (Maccaxup He moexadn),
MPEAUKTOPHI PABHBI HYJIIO | MUHUMAJIbHAS TIaTa CO-

craiset 150 pyo.

RESIDUAL Paznuna mexay HaOmo- | Mojnens npeackasana
naemMbIM ((haKTHUECKUM) | BpeMsl IOCTaBKU 35 MUH,
3HAYEHUEM 3aBUCUMOM HO (pakTHYecKasi JOCTaBKa
IIEPEMEHHON 1 3Ha4e- 3aHsuia 42 MuH. OCcTaToK:
HHUEM, TPEACKA3aAHHBIM 42 — 35 =+7 muH (MoJzieIb
MOJIETIBIO: €; = Vi — . HeJooeHWIa Bpems). Jlis
OcTaTKy NOKa3bIBaAIOT, JPYroi JOCTaBKU OCTATOK
HAaCKOJIBKO XOPOILIO MO- COCTaBHJI —3 MUH (MOJIENb
JIeJIb ONUCBIBAET KaXK/I0€ | MEepEeoleHIIa Bpems).
KOHKpeTHoe HabmoneHue; | CpeqHuii 0CTaToK MO BCEM
aHaJIM3 OCTATKOB [TOMO- JIOCTaBKaM JOJKEH ObITh
raeT MPOBEPUTH MPEANO- | OIU30K K HYJIO
JIO’KEHUS MOJIeNIN

SUM OF CymmMa kBazipaToB pa3Ho- | CpaBHeHHE 2 MoJieneit

SQUARED CTell Mex 1y HaOIroae- MpeACKa3aHus LIEH Ha KHU-

ERRORS, SSE MBIMH U MPEACKA3aHHBIMU | Jbe: |- MOJeNlb UMeeT

3HAa4YCHUSAMMU

SSE=>"(y,-7)"

SSE sBiisieTcst mepoii 00-
el OIIMOKH MOJIEIIH;
METO]T HAUMEHBIITHX
kBaaparoB (OLS) Haxo-
JTUT KO3(PPUIIUEHTHI
perpeccuu, MUHUMU3HPY-
IOIIUE ATY CYMMY

SSE =2 500 000,

2-1 SSE =1 800 000.

2-s1 MOZICITb JTyUIIle, TaK KaK
CyMMa KBaJpaToB OIHUOOK
MEHBIIIE — TIPEICKa3aHus
2-i1 MOJIETIU B CpEAHEM
Oommke K GaKTHIECKUM
1eHaM

32




TERM (ENGLISH)

R-SQUARED, R?

RUSSIAN
DEFINITION
Jlona nucniepcuun 3aBucH-
MOi1 mepeMeHHO, 00bsiC-
HEHHAsl MOJIETIBIO; TTOKa-
3aTellb KauyecTBa MOJI-
TOHKHU MOJIEIH.

R? mpuHuMaet 3HaYeHUS
ot 0 1o 1: R? = 0,85 o3Ha-
yaer, 4to 85 % Bapuauuu
L[EJIEBOU IEPEMEHHOMN
OOBSCHSAIOTCSI PU3HA-
KaMH Mojend, a 15 %
OCTarOTCSl HEOOBSICHEH-
HBIMHU (CIy4anHas
omuoKa)

EXAMPLE

Mogaens npenckazanus
pelTuHTa PUIEMOB

Ha KuHomnouncke nmeer
R>=0,72: 72 % paznuuuii
B OIICHKAX IMMOJIb30BaTENICH
OOBSICHAIOTCS TIPU3HAKAMU
(>xaHp, OKOJIKET, pEUTHUHT
pexuccepa, akTephbl),

a 28 % o0ycIloBIEHBI CyOb-
€KTUBHBIMU (haKTOpamHu,
KOTOPBIC MOJIC)Ib HE Y-
THIBACT

ADJUSTED Momudukanus R?, ckop- | IIpu nobanenun
R-SQUARED PEKTUPOBAHHAs HA YHUCJIO | B MOJECIb IIPEACKa3aHUs
NPEIUKTOPOB B MOJENH. | 3apIujiaT MpU3HAKA «JIIO0U-
B oTinuune ot 0ObIYHOrO | MBIH I[BET MPOrPaMMHUCTa»
R?, xoTopsIii Becerga pac- | 06bunbIi R? BeIpoc ¢ 0,78
TeT npu nqobaBneHuu Ho- | 110 0,781 (He3HAUUTENHHO),
BBIX npu3HakoB, Adjusted | Ho Adjusted R? camsuics
R? mrrpadyer 3a no6asne- | ¢ 0,76 no 0,758 — 310 cur-
HUe 0ecrose3HbIX Mpe- HaJl, YTO HOBBII MpU3HAK
JTUKTOPOB, HE YJyulllalo- | HE HECET MoJIe3HON UHOp-
IIUX MOJIENb CyIlle- Malll¥ U TOJBKO yCIOXK-
CTBEHHO HSIET MOJIENb
MEAN SQUARED | Cpennee 3nauenue kBaji- | CpaBHEHUE 2 alrOpUTMOB
ERROR, MSE paToB OIMIMOOK: IIPOrHO3UPOBAHHUS CIIpOCca:
1 , | 1-it umeer MSE = 144,
MSE = (;j 2.(% =)' | 2:4i MSE = 100. 2-it arro-
MSE HHipokolpeTolnsy- PUTM TOYHEE: CPEIHEKBAI-
paTh4YHas omMOKa MEHBIIIE.
eTcs Kak (PYHKIUS OTEPh
; MSE wu3mepsercs
(loss function) B perpec-
. B KBaJ[paTax €JIMHHUII
CHUU; KBaJpaTU4yHas Mpu- . .
LIEJIEBOM NIEPEMEHHON
poaa ycuiauBaeT mrpad
(ecm crpoc B MITyKax,
3a OospLIME OUIMOKU 5
MSE — B mtykax-)
ROOT MEAN KBagpatHslii KOpEHb U3 Mopens npenckazanus
SQUARED MSE: RMSE = VMSE. BPEMEHU TOCTaBKU UMEET
ERROR, RMSE RMSE wusmepsercs RMSE = 8 muH: 310 03Ha-

B TEX )K€ SAMHMIIAX, YTO
¥ LIeJIeBas IepeMeHHasl,
YTO YIPOIIAET
uHTepnperanuo. RMSE
MOKA3bIBACT «TUITUIHYIO)

YaeT, YTO TUIIUYHOE OTKJIO-
HEHHUE MpeJCKa3aHusl OT
(haKTHIECKOTO BpeMEHHU
COCTaBJISET OKOJIO 8 MUH.
Ecnu cpennee Bpems
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RUSSIAN

TERM (ENGLISH) DEFINITION EXAMPLE
BEJIMYMHY OLIMOKU JIOCTaBKU — 35 MUH,
npeacKa3aHus TO OOJIBIIUHCTBO

IIpeACKa3aHui IONagaoT
B IMAIIa30H +8 MUH
OT UCTUHBI
MEAN ABSOLUTE | Cpennee 3Hauenne abco- | 2 MOJIENH MpeACcKa3aHus
ERROR, MAE JIOTHBIX OIIHUOOK: LICH Ha KBapTUPBL: 1-1 ume-
1 R er MAE =350 000 py®6.,
MAE = ;ZM- —Vil MSE = 200 mips py6.;
2-1 MAE =380 000 py®6.,
rae ), — axkruaeckoe MSE = 180 Mpa py6.
(I/ICTI/IHIEOC) 3HAMEHHE 151 MOJIENb B CPETHEM
e omrmdaeTcs MEHbIIIE
¥, — Ipe/ICKa3aHHoe MO- (MAE), Ho 2-51 pese
JAENBI0 3HAYEHHUE, 11 — KO- | nenmaeT KaTacTpopuiecku
JINYECTBO HAOIIOICHUH. OOJIBIIINE OIINOKU (MSE)
MAE meHee 4yBCTBU-
TeJbHA K BEIOpOCaM, yeM
MSE, Tak KaK HE BO3BO-
JUT OIMMUOKHU B KBAJpAaT;
MAE Takxe uzmepsiercs
B UCXOJHBIX €IMHHULIAX
LIEJIEBOM [TIEPEMEHHOM

OVERFITTING Curyanus, korna Moaenb | Moaens pacrio3HaBaHUs
CJIMIIKOM XOpPOIIIO MOA- KOIIIEK ¥ COOaK BhIyUHJia
cTpauBaercs noj odyya- | Bcro 1000 TpeHMPOBOUHBIX
IOIIIME JTaHHbIE, BKIIOYas | ¢oTtorpaduii HAaU3yCTh
UX LIyM U CIy4auHbIe (trounocts 100 %), HO Ha
(baykTyauuu, U TepseT HOBBIX (OoTOrpadusx TOU-
CoCcOOHOCTh 00001aThest | HOCTH ymnana 10 60 %. Mo-
Ha HOBbIE HaHHbIE. [lepe- | menb 3amoMHUIA KOHKPET-
oOy4eHHast MOJICJIb TTOKa- | Hble H300pakKeHMsI, a HE
3BIBACT OTIUYHBIC PE3yJib- | HAYUYMUJIaCh PACllO3HABATh
TaThl HA TPEHUPOBOUHBIX | OOIIME MPU3HAKH KUBOT-
JAHHBIX, HO TIJIOXUE Ha HBIX — 3TO MepeodydeHue
TECTOBBIX

UNDERFITTING Cwurtyanus, Kkorjaa Moaenb | IlombITka onmucaTh CIIOXK-

CJIMIIIKOM TIPOCTa IS
JAHHBIX U HE MOXKET
YJIOBUTH OCHOBHBIE 3aKO-
HoMepHOCTH. Heno00y-
YeHHAs MOJIE/b TOKA3bI-
BaeT TJIOXUE PE3yIIbTaThl
Kak Ha 00y4aromux,

TaK U Ha TECTOBBIX

HbIE CE30HHBIE TTPOJIaXKU
MOPOKEHOTO (ITHUKH JIETOM,
CIajJibl 3MMOM, POCT IO BbI-
XOJIHBIM) TIPSIMOM JTUHUEH
JaeT TOYHOCTh 45 % — MOo-
Jieb CJIMIIKOM IPOCTa U HE
YUYUTBIBAET CE30HHOCTb,
JICHb HEJIeNU, TIOTOY.
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TERM (ENGLISH)

RUSSIAN
DEFINITION
JIAHHBIX; MOJICIIb
UMEET BBICOKOE CMellle-
Hue (bias)

EXAMPLE

HyxHo ncnons3oBaTh
0oJee CIOXKHYI0 MOJIENb
C MOJIMHOMHUATLHBIMHU
pHU3HAKAMH

BIAS-VARIANCE

DyHaaMEHTaIbHbIA KOM-

[Ipocras nuHenHas perpec-

TRADEOFF IIPOMHUCC B MAILIMHHOM CH JUTS NIPEACKAa3aHus LIEH
00y4YEHUHU: YMEHBIIICHUE | HA )KUJIbE UMEET BHICOKOE
cMmeteHus (bias) 0ObIYHO | cMenIeHue (HE yJIaBIUBaeT
YBEIIMYUBAET UCIIEPCUI0 | HEIMHEHHOCTH), HO HU3KYIO
(variance) n Ha0O60POT. naucrepcuto (cTabmibHa Ha
Uneansuas monaens Oa- pasHbIX BeIOOpKax). Crox-
JaHCUPYET MEXKIy HEeJl0- | Has HeUpOCeTbh UMEET HU3-
o0yueHueM (BbICOKOE KO€ CMeIlleHHEe (TOYHO OIuU-
CMEIIIEHUE) U TIepeoldyde- | ChIBaeT TPEHUPOBOYHBIC
HUEM (BBICOKasS JTaHHBIE), HO BBICOKYIO JIUC-
JUCTIEPCHST) nepcuio (pe3yabTaThl

CUJIBHO 3aBUCST OT KOH-
KpeTHOM BbIOOpKH). OnTH-
MaJjibHa MOJENb CPEIHEN
CJIOHOCTHU (Hampumep,
IpaJIMEHTHBIN OyCTHHT)

POLYNOMIAL Perpeccus ¢ moauHoMu- | 3aBUCUMOCTh MEXIY

REGRESSION aJIbHBIMU IIPU3HAKaMU CKOPOCTBIO aBTOMOOMJIS
(cTeneHs MU UCXOTHBIX Y pacxojioM TOILIMBA HEJIH-
NEPEMEHHBIX ), TO3BOJISIIO- | HEMHA: HA HU3KUX CKOPO-
1asi MOACJIMPOBATh HEJIU- | CTAX PACXOJ PacTeT MeJ-
HEHHbIE 3aBUCUMOCTH. JICHHO, Ha CPEAHUX — ONTHU-
[TonmnaOoMManpHas pe- MaJICH, Ha BBICOKHUX — PE3KO
rpeccus ocTaetcs JTuHel- | yBennuuBaetcs. [loarHomu-
HOU 10 mapaMmeTpam, aJlbHas perpeccus 2-i cre-
HO BKJIFOYAET MPU3HAKU NEHHU (C MPU3HAKAMU «CKO-
X*, X 1 T.1. POCTB» U «CKOPOCTB2»)

TOYHO OmHChIBaeT 3Ty U-00-
Pa3Hy10 3aBUCUMOCTb
REGULARIZATION | Meton npenotBpaiienust | [Ipu oOydenun moaenu

nepeoO0yUeHuUs Iy TeM JI0-
OaBneHus TpaGHOro
YJieHa K (yHKIIUH MTOTEPD,
OTPaHUYMBAIOIICTO BEJIU-
YUHY KOA(PPHUIIMEHTOB MO
nenu. Perymsapusanus
YMEHBIIAET CJI0XKHOCTh
MOJIENH, YIy4IIas CIo-
CcOOHOCTB K 0000IIEHHIO

npeIcKa3aHus OTTOKA KITH-
eHTOoB J00aBieHa L2-pery-
nsipuzanyst (Ridge). Koad-
(UIMEHTHI MOJICIIU CTATU
MEHBIIIC IT0 MOAYJIO (OT
0,01 mo 0,5 BmecToO 3HaUe-
HUil oT —5 10 +10 6e3 pery-
JSIPU3ALNH ), TOYHOCTh

Ha TECTOBOM BBIOOPKE BbI-
pocina ¢ 78 no 84 % — mo-
JIeJb JIydiine 00o01maer
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RUSSIAN

TERM (ENGLISH) DEFINITION EXAMPLE
RIDGE Meron perynsipusanuu B 3anmaue npenckasanus
REGRESSION L2, noGapnsromuii peliTuHra prsibMa

K pyskmn moteps mrpad | mo 100 mpuzHakam (GKaHPBHI,

3a CyMMY KBaJ[paToB K03(- | aKTepsl, pexuccep, Oro-

P et u T.1.) Ridge-perpec-
(uimenToB: A - Z B cusl yMEHBIIUNIA BCe KO-
, /= (pULMEHTEI TPOIOPIMO-

Ridge-perpeceus - HaJbHO, HO COXpaHMJIa BCE

MaeT KOI(QOUIHMEHTEI, HO npu3Haku. TOYHOCTH HA Ba-

HE OOHYJISET UX MOJIHO- maamE 82 mpotHB 76 %

CTBIO; BOE MPU3HAKH OCTa- | Go nory nanysar — mepe-

fOTCH B MOZIETH o0y4eHHe yCTpaHEeHO
LASSO Mertopn perynspusanuu IIpu npenckasanuu crou-
REGRESSION L1, noGaBnsromuii MOCTH CTPaXxOBaHUs aBTO-

mTpad 3a cymmy abco-
JIOTHBIX 3HAUYEHUHN KO-

p
(GUIMEeHTOB: A - Z;‘B ; ‘
j =

Lasso MoxxeT 0OHYJIATh
HEKOTOpbIe KO3 dUIm-
€HTBI, BBITIOJHSISI aBTOMa-
TUYECKUH 0TOOp TIpH3HA-
KOB (feature selection)

MoOwmtst 3 50 MprU3HAKOB
Lasso oOnymun 23 koaddu-
[[MeHTa (OCTaBUJI TOJIBKO
3HaYMMBbIE: BO3paCT BOJIU-
TeJsl, CTaX, MapKy aBTo,
MOIIIHOCTb JIBUTATEIsl, pe-
THOH, UICTOPHUIO aBapHil).
Mopens crana 6osiee mpo-
CTOM U UHTEPIPETUPYEMOH,
TOYHOCTh HE YXYAIINJIACh

ELASTIC NET

KomOwuuamms L1-u L2-
peryssipuszaium, oobeu-
HSOIIAs PEUMYIIECTBA
Ridge u Lasso. Elastic
Net ocoOeHHO moJe3eH
MIPU BBICOKOM KOppeEJs-
AW TIPU3HAKOB (MYJIBTH-
KOJIJTMHEAPHOCTH )

U B ClTy4ae, KOrja 4ucio
MIPU3HAKOB MPEBHINIACT
YKUCII0 HaOJI0IeHU I

B renoMHOM aHanu3ze s
npejacKasaHus 3aboseBa-
Hust 1o 20 000 renoB (mpu-
3HakoB) mpu Bcero 500 ma-
nuenrax Elastic Net oto-
Opana 150 3HAYMMBIX TEHOB
(L1-xoMmoHEHT) U cTabu-
JTU3UPOBAT KOAPDUITUEHTHI
(L2-xommoneHT). TouHOCTh
knaccuukam — 89
poTuB 76 % y 4nucToro
Lasso

MULTI-
COLLINEARITY

Bricokas xoppensanys
MEXTy He3aBHCHUMBIMH
nepeMeHHbIMU (TTPU3HA-
KaM#) B MOJICIIA pPerpec-
cun. MynbTUKOUIIMHEAp-
HOCTb 3aTPYAHSIET UHTEP-
IPETaLUI0 OTAEIbHBIX KO-
3¢ GuIueHToB (HEBO3-
MOJKHO OTJICJIHTH

B Monenu npenckazanus
IIEHBbI KBapTUPHI IPU3HAKHU
«IUIOLIAJb B KBAJPATHBIX
MeTpax» U «IUIOLIA/b

B KBQJIPATHBIX (yTax»
uMeroT koppessiiuio 0,99
(monHas MyJIbTUKOJUTHE-
apHocts). KoapdpunmenTst
CTaHOBATCSI
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RUSSIAN

TERM (ENGLISH) DEFINITION EXAMPLE
BIIUSIHUE KOPPEIUPYIO- HEYCTONYMBBIMHU:
HIUX TPU3HAKOB) npu 100aBIIeHUN/y JalIeHUN
U YBEIIMYUBAET JIPYTUX MPU3HAKOB KOA(-
JTUCTIEPCHUIO OLICHOK (GUIUEHTHI MEHSIOT 3HAK.
HyxHo ynanute onux
U3 MPU3HAKOB
HOMO- [TocrostacTBO Acniepcun | Ha rpaduke octaTtkoB
SCEDASTICITY omuOO0K (OCTaTKOB) MO- MOJEJH NPEICKa3aHUs
JIEJIM across BCEX YPOBHEH | 3apIliaT BUJIHO CJEIYIOIIEE:
HE3aBUCUMBIX IIEPEMEH- | pa30poc TOUEK (OCTATKOB)
HBIX; OJIHO U3 KIIIFOYEBBIX | MPUMEPHO OJMHAKOB IS
IIPEATIONO0KEHNUN JINHEN- | BCEX YPOBHEM IPEICKA3aH-
HOl perpeccun. [Ipu ro- | HbIx 3apruiar (ot 40
MOCKEIACTUYHOCTH pa3z- | 10 300 Teic. pyo.) —
OpoC OCTAaTKOB OJMHAKOB | IUCTIEPCHSI OLTUOOK MOCTO-
JUTSL BCEX MPE/ICKa3aHHbIX | STHHA, TPEANOIOKEHUE
3HAYCHU I TOMOCKEAaCTUYHOCTH BbI-
MOJIHSAETCS, CTAaHAaPTHBIE
omun6ku K03 PUIMEHTOB
HAJIC)KHBI
HETERO- HenocrosincTBO nucniep- | Mogens npeackazaHus
SCEDASTICITY CHH OIMOOK: pa3zdopoc pacxoJI0B IOMOXO3SIICTB

OCTaTKOB MEHSIETCS
B 3aBUCHUMOCTHU OT 3Haue-
HUW NPEAUKTOPOB WIH
MpeACKa3aHHbIX 3HAYe-
Huu. [ 'erepockenactuy-
HOCTB TIPUBOAUT K HEA(D-
(heKTUBHBIM OIICHKAM

Y CMEIIEHHBIM CTaHapT-
HBIM OIIIMOKaM, 4TO MCKa-
YKAET MPOBEPKY TUIIOTE3

MOKAa3bIBAET CJIEIYIONIEE:
JUIs1 O€THBIX ceMel (JIOXO0.
30 TeIC. py0.) OCTaTKMN Ma-
JICHbKUE

(£2 TBIC. PYO.), A5 GoTa-
ThIX (70x01 300 ThIC.)
pa3dpoc OrpOMHBII

(£50 ThIC. PYO.). DTO TETE-
POCKEAaCTUIHOCTD: TUCTIeP-
cusi OIMUOOK PacTeT ¢ JOXO-
nom. Hyxna pobactHas
OIICHKA CTaH/IapTHBIX OIIU-
00k wim Tpanchopmarms
JTAHHBIX
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3.2. Probabilistic Classification
and Evaluation of Models

RUSSIAN
TERM (ENGLISH) DEFINITION

EXAMPLE

MPEICKa3bIBAIONIAS] BEPOSIT-
HOCTh MPUHAJICKHOCTH K
MOJIOKUTEJIILHOMY KJIaccy.

CLASSIFICATION | 3agaua npenckasanus kate- | Crucrema 0€30macHOCTH
ropuajbHOM METKH Kjlacca OaHka KIaccuUIMpyeT
JUTSI HOBOTO HAOJIOJIEHUS HA | KXY TPAH3aKIIHIO:
OCHOBE 00yJaromux JgaH- MOIIICHHHYECTBO WJIA JIe-
HbIX. B oTimume ot perpec- | rutumHas. [louToBbIi
cuu (MPOTHO3 YKCIIa), KIac- | CepBUC KIAacCU(DULIUPYET
cu(uKanys OTHOCUT OOBEKT | MUCHhMA: CIIaM WJIU HE
K OJHOMY W3 3apaHee ornpe- | cmam. MeauimHCcKas
JICJICHHBIX KJIaCCOB (KaTero- | CUCTeMa JUarHOCTUPYET:
puii) 310pOoB/00JIeH/TpedyIOTCS
JIOTIOTHUTEIILHBIC aHa-
JIU3BI
BINARY Kmaccudukarnus ¢ 2 kiac- Mogaens onpenenser,
CLASSIFICATION | camu (ITOJIOXKHUTEIIbHBIN KJIMKHET JIM T10JIb30Ba-
Y OTpHIIATENIbHBIN). BuHap- | Tenp Ha peKIaMHbIN OaH-
Hasl KjaccuuKanus — Hep (kiace 1) uam mpo-
HanOoJiee pacIpoCTpaHECH- urHopupyet (kmaacc 0).
HBII THIT 33]1a4: CTIaM/He Ha ocnoBe npusHakoB
criam, 00JIeH/370pOB, (ucTopust KJIMKOB, BpeMst
nedont/miarexecnocoOeH, Ha caiiTe, yCTpONCTBO,
KITUK/HET KITUKa WCTOYHUK Tpaduka) aji-
TOPUTM MPEJCKa3bIBACT
BEPOSITHOCTh KIIUKA U OT-
HOCHT IOJTH30BATEIIS
K OJHOMY M3 2 KJIACCOB
MULTICLASS Knaccudukanus ¢ 3 u 6osnee | Paco3HaBanue pykomnuc-
CLASSIFICATION | xnaccamu. MHorokiaccoBasi | Hbix nudp MNIST: u3006-
Kiaccuukarys Tpedyer paxxenue mudpsr (28x28
CIEIUATIBHBIX aJITOPUTMOB MUKCENel) Kiaccupuiim-
WIH CTpaTeTuil «OJIUH Mpo- | pyeTcs Kak oauH u3 10
THUB Bcex» (one-vs-rest) mm | kiaccoB (0, 1, 2, 3,4, 5,
«OJIMH MPOTUB OJTHOTO) 6,7, 8, 9). Kimaccuduxa-
(one-vs-one) 1IUSI HOBOCTEH 0 TEMaM:
CIIOPT, MOJUTHKA, YKOHO-
MUKa, KyJbTypa, TEXHO-
joruu (5 KJIaccoB)
LOGISTIC Cratuctuueckas Mmofenb i | Mojenb npeacKa3blBaeT
REGRESSION OmHapHOH KiIaccu(uKanuy, | BEPOATHOCTH OJIOOPEHHS

KpPEAUTHOM 3asiBKU: Ha
OCHOBE ITPU3HAKOB (J10-
XOJl, KpeIUTHASI UCTOPHS,
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RUSSIAN

TERM (ENGLISH) DEFINITION EXAMPLE
Jloructuueckasi perpeccus BO3pacT, CyMMa KpeauTa)
UCIIOJIB3YET CUTMOUIHYO JIOTUCTUYECKAs perpec-
GbyHKIMIO U TpeoOpa3oBa- | CUs BBIIAET BEPOATHOCTD
Hus nuHerHou komOunauu | 0,73 (73 %). Eciu mopor
MPU3HAKOB B BEPOSITHOCTh 0,5, 3asiBKa oo0psiercs;
or 0 10 1 ecnu nopor 0,8 — oTkJI0-
HSETCS
SIGMOID S-o0pasnas ¢yHkuus, oto0- | Jloructuueckas perpec-
FUNCTION pakaroiiasi Jitooble BXOJAHBIE | CHsI BBIYMCIINIA, YTO Z =
3HAYEHUS 2,5 (nuHeliHas KOMOUHa-
B quarnasone ot 0 1o 1: 1S IPU3HAKOB).
o(z2)=1/(1+¢). Curmonna | Curmouna o (2,5) =
npeoOpasyeT JTUHEHHYIO = 0,92 — moaens npea-
KOMOMHAIMIO IPU3HAKOB B | CKa3bIBaeT 92%-10
BEPOSITHOCTD, UTO JIEJAET €€ | BEPOSATHOCTD ITOJIOKU-
UJeaJIbHOM JJIs JIOTUCTHYE- | TeNbHOTro Kiacca. Eciau
CKOM perpeccuu z=-1,5,6(-1,5)=0,18,
Y HEUPOHHBIX CETEi BEpOSATHOCTH Bcero 18 %,
00BEKT CKOpEe OTHO-
CUTCS K OTpULIATEIb-
HOMY KJ1accy
DECISION I'panuia B mpocTpaHcTBe B 3agaue knaccuduka-
BOUNDARY MPU3HAKOB, Pa3IeIISIOIIast LMW UPHUCOB 110 2 MpU3Ha-
KJIACCBI; IOBEPXHOCTB, MO KaM (JJIMHA U IIUpUHA
OJIHYy CTOPOHY OT KOTOPOH JIeNIECTKA) JIOTUCTUYE-
MOJIENb NIPEJICKA3bIBAET CKas perpeccusi HocTpo-
OJIMH KJIacc, MO APYTYIo — uia JTUHEHHYIO TPaHUILy:
npyroi kinacc. B noructuue- | ecnu 2 X gnuHa + 3 X
CKOM perpeccuy rpaHuia jJu- | X mupuHa >15, npeacka-
HelHa (TIpsiMast TIMHUS WA 3pIBaeM BU[I Iris
TUIEPILIOCKOCTD ) Virginica, nnaye Iris
Setosa. Touku 1o pazHbie
CTOPOHBI IPSIMON OTHO-
CSITCSL K pPa3HbIM KJlaccam
PROBABILITY [ToporoBoe 3HaueHue Bepo- | Mojenb AMarHOCTUKU
THRESHOLD SATHOCTH JJI1 OTHECEHHSI 00b- | paka MOJIOYHOMU KeJe3bl

€KTa K MOJIOKHUTEILHOMY
kiaccy. [lo ymomganuto no-
por 0ObIYHO yCTaHABIIMBA-
ercs Ha yposHe 0,5, HO MO-
’KET OBITH CMEIIEH B 3aBUCHU-
MOCTH OT CTOMMOCTH OIITH-
OOK pa3HbIX TUIIOB

BBIIA€T BEPOSITHOCTD
0,47. Ilpu crannapTHOM
nopore 0,5 pe3ysbrar
«37I0pOBY», HO TaK Kak
JI0’KHOOTPHULATEIbHBIN
pe3yabTat (IIpoIryck
paka) oraceH, opor CHU-
el 10 0,3. Tenepb
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BeposTHOCTH 0,47 Kiac-
CUPUIHPYETCS KaK «Tpe-
Oyercst JOTOJTHUTEIHLHOE
o0cJe10BaHuEe»
CONFUSION Ta6mmma pazmepom K X K Mopenb THarHoCTUKH
MATRIX (rme K — 9ucio KJ1accoB) sl | THEBMOHHUM 110 PEHTIEHY
OIICHKM KadecTBa kiaccudu- | Ha 100 manueHTax moka-
Kal[uy, OKa3bIBaIOIasl KO- | 3aJ1a CIeqyrouIee:
JUYECTBO UCTUHHO MOJOXKHU- | 45 UCTUHHO OOJILHBIX
TENbHBIX, UCTUHHO oTpula- | (True Positive),
TEJIbHBIX, 40 UCTUHHO 3J0POBBIX
JIOKHOTIOJIOKUTEIIbHBIX (True Negative), 5 m0Xx-
Y JIO)KHOOTPHUIATEIBHBIX HOTMOJIOKHUTEIBHBIX (3/10-
npeacka3zaHui POBBIX Ha3BaJIM OOJIb-
HbIMU — False Positive),
10 noxHOOTpHULIATENB-
HbIX (OOJIbHBIX Ha3BaIU
310poBbIMHU — False
Negative). Matpurnia
OIMOOK TIOMOTaeT pac-
CUMTATh TOYHOCTb, MMOJ-
HOTY, CeIM(UIHOCTh
TRUE POSITIVE, | IlpaBunsHO npenckazanueii | Cuctema oOHapyKeHHS
TP MOJIOKUTEIBHBIN KJIaCC: MO- | MOIIIEHHUYECTBA Ipa-
Jeb IIpe/icKa3alia MoJ0XKHU- | BUWIBHO OIpeAeniia
TEJIbHBIN KJIacC, U OTO 2477 MOIIIEHHHUYECKHUX
COOTBETCTBYET AeHCTBUTENb- | TpaH3akiui u3 300 pe-
HOCTH aneHbIX (TP = 247). D10
XOpOUINE PE3yIbTaThl:
OOJIBIIMHCTBO PEAJIbHBIX
CJIy4aeB MOILIEHHUYECTBA
0o0Hapy>KEeHO
TRUE NEGATIVE, | IlpaBunbHo nipenckazandbii | CiamM-(QuiibTp mpaBHILHO
TN OTpHULATENIbHBIN Kacc: Mo- | mpomyctui 1 850 neru-

Jienb IIpeicKa3alia OTpuLa-
TEJIBHBIN KJIacC, U 3TO
COOTBETCTBYET ACUCTBUTEIb-
HOCTH

TUMHBIX [TMCEM B TATKY
«Bxomsmue

(TN =1 850). Baxxubie
MMChMa HE TIOTEPSHBI,
MOJIb30BATEIN JOBOJIbHBI
paboroii puibTpa

FALSE POSITIVE,
FP

Oun6o4HO TIpecKa3aHHbIN
TIOJIOYKUTEIILHBINA KIIACC
(omubka I pona): momens
Mpe/ICKa3ala MOJI0KHUTEIb-

TecT Ha 6epeMEHHOCTh
TIOKa3aJI MOJIOKUTEIIbHBIH
pe3ynbTar, HO KEHIIMHA
He 6epemenHa (FP).
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HBIM KJIACC, HO HA CaMOM B cnam-dunsTpanuu
nene 00bEKT OTHOCUTCS FP — »T0 KOrma BaxkHoe
K OTPULATEIBLHOMY KJIaccy pabodee MICbMO OBLIO
OIKOO0YHO MOMEUEHO KaK
CIlaM U MOMAaJjo B NaIKy
«Cnam» (mosnib30Batenb
MOKET €ro HE YBUJETh)
FALSE Omm6ouno nipeackazanubiii | Tect Ha COVID-19 mo-

NEGATIVE, FN

OTPHUIIATEIIBHBIN KJIacc
(omm6ka I1 poma): Moaenb
npejicKa3ana OTPHUIATEIIb-
HBIN KJ1acc, HO Ha CaMOM
Jiejie 0ObEKT OTHOCHUTCS

K TTOJIOKHUTEIIEHOMY KJIacCy

Ka3aJl OTpULIATEIbHBIN
pe3yJIbTatT y 3apaxeH-
Horo 4enoBeka (FN =
JIO’KHOOTPHUIATEIbHBIH ).
YestoBek cuuTaeT ce0s
3I0POBBIM, HE U30JIUPY-
€TCs U 3apakaeT IPYyTHUX.
B meaumune FN gacto
onacuee FP

ACCURACY Jlonst npaBWwiIbHBIX IpeAcKa- | Mojenb JMarHoCTUKU
3aHHM cpeay BCeX Mpecka- | pelKoro 3a00eBaHus
3anwmii: Accuracy = (TP + (1 % GonBHBIX) TIPOCTO
+ TN)/(TP + TN + MpEACKa3bIBAET BCEM
+ FP + FN). Accuracy nmpo- | «310pOB» U MOJIy4YaeT
cTa JJis uHTepnperauun, Ho | Accuracy =99 %. Ho sto
MOET BBOJUTH Oecrione3Hast MOJIENb!

B 320y KeHUE TIPU HEcOa- | OHA HE HAXOJUT HU OJI-

JAHCUPOBAHHBIX KJIaccax Horo OonbHOTO! Jl1151 He-
cOaJlaHCUPOBAHHBIX JIaH-
HBIX HY>HBI Precision,
Recall, F'1-Score

PRECISION Jlons ucTHHHO NONOXKUTENb- | CiaM-(uiIbTp HOMETHIT
HBIX Cpely Becex npezckazan- | 120 muceM kak cram, U3
HBIX HOJIOKUTEILHBIX kotopbix 108 nericTBu-
Precision = TP/(TP + FP). tenpHO criaMm (TP = 108),
Precision orBeuaeT Ha BO- a 12 — Ba)xHbIE TUCHEMA
npoc «Cpenu 00bekTOB, KO- | (FP = 12). Precision =
TOpbIe MOJIeNb Ha3Bama mo- | = 108/120 = 0,90 (90 %).
JI0KUTEILHBIMH, Kakas 10 | Beicokas Precision o3Ha-
JEHCTBUTEHHO TTOJIOXKH- YaeT, 4To, Koraa (puisTp
TeJIbHA?» roBoput: «Cram»,

OH 0OBIYHO NpaB

RECALL Houist uctuHHO nojoxutenb- | B 6aze 300 momeHHnye-

HBIX CPCAH BCCX (baKTI/I‘-ICCKI/I
IMOJIOXKUTCIIBHBIX !

CKHX TpaH3aKIUH, MO-
niens oOHapyxwia 247
(TP = 247), nponyctuna
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Recall = TP/(TP + FN). 53 (FN =53). Recall =
Recall otBeuaer na Boripoc: | =247/300 = 0,82 (82 %).
«Kakyro oo peanbHbix no- | Moaens Haiwia 82 % pe-
JOXHUTETHHBIX 00BEKTOB ATFHOTO MOIIICHHIYECTBA.
HaIIIa MOJENb?» Bricoknii Recall
KPUTHYEH, KOT/Ia MPOITYCK
MOJIOKUTENTBHOTO CITyYast
ofaceH (JIuarHoCTUKa
paka)
SENSITIVITY Cunonum Recall (monnotsr); | Tect na BUY umeer
JI0JISI HCTUHHO MOJIOXKHUTENb- | Sensitivity = 0,995
HBIX cpeau Bcex haktuuecku | (99,5 %): u3 1000 3apa-
MOJIOKUTENBHBIX. Sensitivity | )KEHHBIX TECT MPaBUIHHO
HU3MEpPSieT CIOCOOHOCTh oOHapyxuT 995 yenosex,
MOJiel OOHAPYKUBATh Y TOJIBKO 5 TIOJTy4aT
MOJIOKUTENBHBIE CITydan JIO’)KHOOTPHUIIATETbHBII
pe3yinbrar. Beicokast
YyBCTBUTEJIILHOCTh
KpUTWUYHA JIJIs1 CKpUHUH-
T'OBBIX TECTOB
SPECIFICITY Jons uctuHHO oTpuniaTenb- | TecT Ha alIepruo UMeeT
HBIX cpean Beex (axTuuecku | Specificity = 0,92 (92
OTPULATEIIbHBIX: %): u3 100 310poBBIX
A TN JIFOJIEN TECT MPABUIIBHO
Specificity = ————.
TN + FP onpenenur 92 Kak He
Specificity usmepser cro- MMEIOIUX AJIEPTuH, a 8
COGHOCTb MOJIENIH TIpa- HOJTyYaT JIO’KHOTIOJIOXKHU-
BHJIBHO MAeHTH(uIMpoBars | TEBHBIA pe3ynbTat. Bor-
OTpHLATENbHbIE CIIyYau COKast CeIUpUIHOCTD
BayKHA, KOTJ[a JIOXKHAS
TpeBOTa BEJET K IOPOTO-
CTOSILIIM JIOTIOJIHUTEIIb-
HBIM 00CJIETOBAHUAM
F1-SCORE I"apmonunueckoe cpennee Mopnens A4:

TouHocTH (Precision)
u noHoTHI (Recall):

B 2-TP

2-TP+FP+FN’

F1-Score mmone3eH, koraa
HYXEH OajlaHC MEeXITy
Precision u Recall, ocooenno
MpY HecOaTaHCUPOBAHHBIX
KJ1accax

Precision = 0,95;

Recall = 0,60; F1 =0,74.
Monens B:

Precision = 0,80;

Recall = 0,85; F1 =0,82.
Xots y Mmojienid A BbIIIe
Precision, monens B
ayuire o F'1 — oHa obec-
[I€YMBACT JIyYIIHI
OaslaHC MEXTy
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HAXO0XACHUEM IOJI0KH-
TEIbHBIX CIIy4aeB ¥ MH-
HUMH3AIUEN JTOKHBIX
cpabaTpIBaHMI
ROC CURVE I'paduk 3aBucumoctu True | IIpu mopore 0,9:
Positive Rate (Recall) TPR = 0,50; FPR = 0,05.
ot False Positive Rate nipu [Tpu mopore 0,7:
pasznuuHbiX moporosbix 3Ha- | TPR =0,75; FPR =0,15.
yenusix. ROC-kpuBas Busya- | [Ipu nopore 0,5:
JU3UPYET KOMIIPOMHUCC TPR = 0,90; FPR = 0,30.
MeX1y ooHapyxenuem no- | [Ipu mopore 0,3:
JIOKUTEIIbHBIX CIIy4YacB TPR = 0,98; FPR = 0,60.
Y JIO)KHBIMU TPEBOTaMU ROC-kpuBas coenuHsier
9TU TOYKH, YeM OJIHKE
KpHUBasi K BEpXHEMY
JIEBOMY YTIIy, TEM JIy4lle
MO/IEITh
AUC (AREA IInomane mox ROC-kpuBoit; | Moaens A nmeer
UNDER uHTerpasibHas merpuka ka- | AUC = 0,92 — otnuyHoe
ROC CURVE) YyecTBa KiraccuuKaTopa. Ka4yecTBO: B 92 % ciy-

AUC npuHUMaeT 3HaYCHUs
ot 0,5 o 1,0: AUC =0,5
O3HAYaeT CIIyYailHOE yraJibl-
Banue, AUC = 1,0 — uneainn-
Hyto kinaccudukanuo. AUC
UHTEPIPETUPYETCS KaK Be-
POSITHOCTH TOTO, YTO MOJIEIb
OILICHHUT CITy4yailHO BHIOpaH-
HBIW MOJIOKUTEIbHBIN MPH-
MEp BBIIIIE, YEM CIIyYAHO
BBIOpAHHBIN
OTPHUIATEIbHBIN

YaeB MOJIEIb IIPaBUILHO
PaHXUPYET MOJOKHUTEb-
HBIW IPUMEDP BBIIIE OTPHU-
[IaTEIBHOTO.

Mogens B: AUC = 0,68 —
cirabast MOJIeNb, JINIIb He-
MHOTO JIy4lll€ CITy4aun-
HOTO yTaJIbIBaHHMS.
Mogens C: AUC = 0,50 —
Oecrroie3Hast MOJICITb
(cimygaitablil knaccudu-
KaTop)

TRUE POSITIVE

Jons npaBuiIbHO TIpeCKa-

M3 200 nmanueHToB ¢ qua-

RATE, TPR 3aHHBIX MMOJOKHUTEIbHBIX THO30M «ITHEBMOHUSI)
CIIy4yaeB Cpelid BceX (pakTh- | MOJENb MPABUIBHO OIpe-
YECKH MOJ0KHUTEIIbHBIX: nemwna 176 (TP = 176),
TPR =TP/(TP + FN). TPR | mpomyctuna 24 (FN =
coBnajaer ¢ Recall 24). TPR = 176/200 =
u Sensitivity = 0,88 (88 %). Monenb
obOHapyxwuia 88 %
peanbHbIX CITy4YaeB ITHEB-
MOHHH
FALSE POSITIVE | lons omuO04YHO MpecKa- N3 1000 310p0oBBIX JHOEH
RATE, FPR 3aHHBIX HOJ0XKUTEIbHBIX tect jgan 80 J0KHOIIOI0-

ciy4aeB cpequ Bcex (pakTu-
YECKU OTPULIATEIbHBIX:

JKHUTCIIbHBIX PE3YJIbTATOB
(FP = 80), 920 —
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FPR = FP/(FP + TN). FPR MIPABWJILHBIX OTPUIIATEN b~
MOKa3bIBaeT, kak yacto Mo- | HeIX (TN = 920). FPR =
JIENb «JI0YKHO TPEBOKHUTCS 80/1000 = 0,08 (8 %).
Tect ommb0OYHO THUATHO-
CTHpYET 3a00JIeBaHIE
y 8 % 310pOBBIX JIIOJICH
CROSS- Merton onieHKH 0000111aK0- BwmecTo onHoro pazoue-
VALIDATION el cnocoOHOCTH MOAEIH ausa 80/20 maHHbIE
MMyTE€M MHOTOKPATHOTO pa3- | AEIATCS Ha 5 YacTei.
OWeHUs JaHHBIX Ha o0y4Jaro- | Mojenb oOydaercs 5 pas:
Y0 ¥ BaJIMJAIIMOHHYIO BbI- | KaXJBIM pa3 oJHa U3 Ya-
o6opku. Kpocc-panmnanms CTEeH HCIOIb3yeTCs Kak
naeT 0oJiee HaJEKHYIO TeCTOBas, OCTaJIbHbIC 4 —
OIICHKY Ka4ecTBa, YeM OJHO- | Kak oOyuaromue. [Tomy-
KpaTHOE pa3OueHue yaeM 5 OLIEHOK TOYHO-
Ha train/test cru: 0,82; 0,79; 0,84;
0,81; 0,83. Cpenuss
ToyHOCTh 0,82 £ 0,02 —
HaJIe)KHas OIlEHKa
KadyecTBa
K-FOLD CROSS- Kpocc-Banunamms Hab6op nannpix u3 5000
VALIDATION C pa3ieicHUEM JaHHBIX Ha k | 3amuceil AenuTcs

paBHBIX yacTeil. Haubomnee
pacnpocTpaHeHa

10-kpaTHas kpocc-Banaa-
st (k =10), obecreunsato-

1ast XOpouuii 6ananc
MEX]Ty BBIYMCIUTEILHON
CTOUMOCTBIO U HaJICKHO-
CTBIO OLICHKHU

Ha 10 ¢onmor mo 500 3a-
nuceii. Mopenp o0y4a-
ercs 10 pa3: nepBblid pa3
donn 1 — tecr,

donnbl 2 —10 — TpeHU-
POBKa; BTOPOM pa3

donn 2 — tecr,
OCTaJIbHbIE — TPEHU-
poBKa, u T.1. Torosas
METpHKa — Cpe/IHee

o 10 3amyckam

LEAVE-ONE-OUT,
LOO

Kpocc-Banunanus, rae Kax-
JIBIN O0BEKT MOOYEPETHO
CTaHOBUTCS TECTOBBIM, a BCE
OCTaJIbHBIE — 00YyYaIOIUMHU
(qactHbIi cny4ait k-fold, roe
k = n, ancity 0ObEeKTOB).
LOO ucnonp3yer MakCUMyM
JAHHBIX JJ1s1 00y4eHHUs,

HO BBIYUCIIMTEIBHO JI0pOra

Ha6op u3 100 nanuen-
TOB: MOJIEIb 00yJaeTcs
100 pas3. I1epBbiii pa3:
nmamueHT 1 — tect, manu-
eHTbl 2—100 — TpeHu-
poBka. Bropoii pas:
MaIyeHT 2 — TECT, Ialu-
entsl 1, 3—100 — Tpenu-
poBka. 1 tak 100 pas.
LOO paer HanmeHee
CMEIICHHYIO OLIEHKY,
HOo Tpebyet 100 oOyue-
HUU MOOEIN
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DEFINITION
HaGop nannHbIx
1151 oOydeHust (TMTOATOHKH)
MOJIENIN; JaHHbIE, HAa KOTO-
PBIX QITOPUTM «YUUTCS,
noaoupas mapameTpsl (Beca,
k03 unrentsr). OObIYHO
cocrasisgeT 60—80 % Bcex
JTAHHBIX

EXAMPLE

N3 10 000 pazmedeHHBIX
M300pakeHUM KOIIeK

u cobak 8 000 (80 %)
BBIJIEJIEHbI B TPEHUPO-
BOUHBIN Habop. Ha atux
8 000 u3ob6paxeHmit
HeipoceTb o0ydaeTcs
50 310X, KOPPEKTUPYS
Beca JIJIsl MUHUMU3AIAN
(GYHKIIMU TTOTEPh

VALIDATION SET | Ha6op naHHBIX 175t N3 10 000 uzobpaxenuit
HaCTPOWKH TUIIepIIapaMeT- 8 000 — TpeHupoBKa,
poB u BbIOOpa myuiel koH- | 1 000 — Banupanus,
burypanuu Moaenu; 1aH- 1 000 — tect. B npouecce
HBIE, UCTIOJIb3yEMbIE IS o0y4eHHUsl ocie Kaxaou
MPOMEKYTOYHOM OIIEHKH B | BIIOXH IMPOBEPSIEM TOYU-
nporecce o0ydeHus. Banu- | HOCTh Ha BaJIMJAIHH.
JAIMOHHAsI BIOOpKA MoMoO- | Eciii TOUHOCTh Ha TpeHHU-
raeT npeAoTBPaTUTh TIepe- POBKE pacTeT, a Ha BaJH-
oOyueHue JaIAA MAJaeT, Ha4auoch
nepeoOydeHue, Hy>KHO
OCTaHOBUTH OOyYEHHE
(early stopping)
TEST SET Ha6op nannbix aisa punans- | [locie 3aBepiienus o0y-
HOW OIIEHKU MOJIEIIN; JaH- YEeHHs] U1 HACTPOUKH THU-
HbIE, KOTOPbIE HE UCTONb3Yy- | MEpIapaMeTpoB Ha Tpe-
I0TCS HU I OOYUYCHUS, HI | HUPOBKE U BaJTUIAIIVH,
JUISl HACTPOMKM Turepnapa- | ¢uHaibHasi MOJENb Olle-
MeTpoB. TecToBast BRIOOpKa | HUBAE€TCsl HA TECTOBOM
JTIOJDKHA UCTIOJTh30BATHCS BeI0OpKE (1 000 m306pa-
TOJIKO OJIMH pa3 [UIsl OLIEHKU | )KEHH, KOTOPbIE MOJIENb
(buHAIBbHON TPOU3BOJIUTENb- | «HE BUENa»). TOYHOCTh
HOCTH MOJIEIN Ha tecte 87 % — 37O pea-
JUCTUYHAS OIICHKA TOTO,
KaK Mojesb OyneT pado-
TaTh HA HOBBIX JIAHHBIX
HYPER- [Tapametpsl, HacTpanBaembie | [ pagreHTHBINA OyCTHHT
PARAMETERS 710 OOyYEeHHST MOJCIIH MMeeT TAneprapamMerpsl:

(B OTJIMYKE OT MMapaMeTpoOB
MOJIETIH, KOTOphIe 00y4Ja-
I0TCA Ha AaHHbIX). [Ipu-
MepBI: CKOPOCTh O0yYECHHS
(learning rate), aucno nepe-
BBEB B CIIy4allHOM JIECE,

learning . = 0,1;

nestimators = 100’
max, . =5;
min = 10. Ot

samplesg, i

3HAYCHUA 3aJA0TCA
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CTEIEeHb MOJIMHOMA, KO3(- 10 o0yuenus. [Togbop
(ULMEHT perysapu3aluu rurneprapamMeTpoB Hallel
Jy4ITUe 3HAYCHMS:
learning . = 0,05;
nestimators = 200’
max ., = 7 — TOYHOCTH
BbIpocia ¢ 82 1o 87 %
GRID SEARCH Merton monbopa runepmnapa- | Jns SVM 3amaem ceTky:
MeTpoB ToJIHBIM TiepebopoM: | C =[0,1; 1; 10], gamma =
cucremaruueckas nposepka | =[0,001; 0,01; 0,1],
BCEeX KOMOMHauii 3ananHbIX | kernel = [ linear, rbf ].
3HaYCHMH MUNEepIapaMeTpoB | Beero 3-3-2 = 18 koMOu-
C MCMOJIb30BaHUEM KpOCC- Hanmit. Kasknas koMou-
BAJIMJALNM JUIS OLIEHKH KaXK- | garus oleHUBAETCS
J10ii KOMOMHALMH 5-KpaTHO# Kpocc-BaJu-
narmeit (90 oOydyennii
Mozenu). Jlydias Kom-
ounarus: C = 10,
gamma = 0,01; kernel =
=rbf c touHocThIO 91 %
BAYESIAN Knaccudukamus Ha ocHOBe | AnpuOpHAst BEPOSITHOCTD
CLASSIFICATION | Teopems! baiieca, o0HOBNsI- | 3a00neBanust 1 %
o1ast anpuopHeie yoexae- | (P (6onesnsp) = 0,01).
HUS ¢ yueToM HaOmogaemMbix | TecT man moioxuTeNb-
naHHBIX (evidence). batie- HBIH pe3ynbTart. [1o Teo-
COBCKHE METOJBI TAI0T BEPO- | peme baiteca BeuncisieMm
STHOCTHYIO MHTEPIIPETALIMIO | allOCTEPUOPHYIO BEPOSAT-
npeJicKa3aHui HOCTB: P (06071€e3Hb|11010-
XKUTENbHbIN_TecT) = 0,32
(32 %). HecmoTps Ha mo-
JIO’KUTEJIBHBINA TECT, Be-
POATHOCTH OOJIE3HU BCETO
32 % wn3-3a JI0KHOIIOJIO-
KUTEJIbHBIX PE3yJIbTATOB
TecTa
NAIVE BAYES Knaccuduxatop Cnam-puibTp aHaIu3m-

C IPEAIOJI0KEHUEM O HE3a-
BHCHMOCTH NPU3HAKOB IIPH
yCJIOBUH KJlacca (yCIoBHas
He3aBucuMocTs). Hecmotps
Ha «HAMBHOE» MPEJIITOJIONKE-
Hue, Naive Bayes yauBu-
TeNbHO 3 PeKTHBeH IS

pyeT email: mpu3HaKu —
HAJIMYUE CJIOB «BBIUT-
pHBILD (BEPOSTHOCTD

B cname 0,4, B HE crlame
0,01), «6ecrimaTHO»

(0,3 vs 0,02), «cpouHo»
(0,25 vs 0,03). Naive
Bayes nepemHoxxaer
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TEKCTOBOM KJIaCCU(UKAUNA | BEPOATHOCTH (IIPEaIoia-
U criamM-(QuIbTpanuu rasi He3aBUCUMOCTb CJIOB)
Y TIOJTyYaeT CIEAYIOIIee:
P (cnam|ciioBa) = 0,89;
P (ue cnam|ciioa) = 0,11.
[Tucemo knaccupunupy-
€TCs KaK cIam
PRIOR BeposiTHOCTh runoTesbl B 3agaue nuarHoctuku
PROBABILITY (k1acca) 10 ydeTa JaHHBIX; | PEIKOro 3a00JeBaHUS
HayaJlbHas CTENEHb YBEPEH- | allpHOpHAsi BEPOATHOCTH P
HOCTH B THIIOTE3¢E, (6omen) = 0,01
OCHOBAHHAas Ha MPEIbIAY- (1 % nacenenus Ooseer),
X 3HAHUSX WU 9acTOTE P (3nopo) = 0,99. Jlaxe
KJIACCOB B JIaHHBIX IPU MOJOKUTEIHHOM Te-
cTe (KOTOPhIN UMEET TOY-
HOCTh 95 %) amocrepu-
OpHasi BEpOSITHOCTh 00-
JIE3HU OCTAETCsl HU3KOU
13-32 MaJIOW aipuoOpPHOMN
BEPOSITHOCTH
POSTERIOR BeposTHOCTB rIIOTE3BI AnpuopHasi BEpOSITHOCTh
PROBABILITY (kacca) mocie y4eTa J1aH- crama P (cnam) = 0,30
HBIX; 0OHOBNeHHas Bepoat- | (30 % mucem — ciam).
HOCTb, BBIYHMCIICHHAS 110 T€O- | [[MChMO COIEPKUT CIIOBO
peme baiieca Ha ocHOBe «BBIUTPHIID), KOTOPOE
anpuopHOU BeposiTHOCTU U | BcTpeuaercs B 40 %
NPaBAOINOA00MS TaHHbBIX crama u 1 % He cnama.
Ilo baiiecy
P (criam|«BBIMTpBITIDY ) =
=0,95. [locne yuera HaJuU-
YHs CJIOBA allOCTEPHOpPHAs
BEPOSITHOCTH CTIaMa BbI-
pocna ¢ 30 10 95 %
LIKELIHOOD BeposTHOCTh JaHHBIX I'unotesa H: MmoHeTa

MIpY 3aJJaHHOW TUIIOTE3€E; Be-
POSITHOCTH HAOJIFOATh UME-
IOIIUECS JTAHHBIE, €CITU THITO-
Te3a BepHa.

B Teopeme batieca:

P (nannsie|runoresa)

yectHas (P (open) = 0,5).
Hannbie D: 8 opiioB

u3 10 6pockos. [IpaBao-
nono6ue P (D|H) =
=(C(10,8)-0,5%-0,5%=
=0,044 (4,4 %). Huzkoe
PaBAOIIOA00ME YKa3bI-
BaeT Ha TO, YTO JIaHHbIE
MaJIOBEPOSITHBI

IIPY TUIIOTE3€ O YECTHOM
MOHETE — BO3MOYKHO, MO-
HETa HEeYeCTHas




SECTION 4

ADVANCED TOPICS: UNSUPERVISED
TECHNIQUES, SCALABILITY,

AND AI INTEGRATION

4.1. Statistical Approaches

to Unsupervised Learning

TERM
(ENGLISH) RUSSIAN DEFINITION EXAMPLE
UNSUPERVISED | Tun mammHHOro o0y4yeHus, AHanu3 noBeacHUs
LEARNING IIPU KOTOPOM aJIITOPUTM pabo- | Moab30BaTeIet MOOUIIb-
TaeT ¢ HEPa3MEUEHHBIMU JIaH- | HOTO MPHUIIOKEHUS 0e3
HbIMU (06€3 N3BECTHBIX Ipa- 3apaHee U3BECTHBIX Ka-
BUJIbHBIX OTBETOB). Llenb — TErOPUI: AIITOPUTM Ca-
O0OHaApPY>XKUTh CKPBITHIC TAT- MOCTOSITEITEHO OOHApY-
TEPHBI, CTPYKTYPbI WM B3aU- | )KUBAET, UTO €CTh IPYIIIIbI
MOCBSI3M B JIaHHBIX CAMOCTOS- | [IOJIb30BATENEN «yTPEH-
TEJbHO, 0€3 BHEIIHETO PYKO- | HHE aKTUBHBIE, «BEUYEp-
BOJICTBA HUE [1aCCUBHBIEY, «BbI-
XOJTHOTO JIHSD», «IIOCTO-
SIHHBIE», XOTSI Mbl 3apaHee
HE 3HAJIU O CYLIECTBOBA-
HUM TaKUX CETMEHTOB
CLUSTERING ['pynnupoBka 00BHEKTOB CermeHTanus KIMEHTOB

10 CXOJICTBY MX XapaKTepH-
CTHK; 3aJ1a4a pa30ueHus
HaOOpa JaHHBIX HA TPYIIIBI
(kmacTepsl) TaKUM 00pa3oM,
9TOOBI 0OBEKTHI BHYTPH OJI-
HOTO KJIacTepa ObLIN TIOXO0XKHU
APYT Ha JIpyTa, a 00bEKTHI

U3 Pa3HBIX KJIACTEPOB
OTIIMYATHChH

HNurtepHer-marasuna
0 MOKYNaTEeIbCKOMY
IIOBE/ICHHUIO:

kiacrep | — «aactoie
NOKYTMAaTeNu C HU3KUM
CPEIHUM YEKOMY;
KJIACTEp 2 — «PEIKHE I10-
KyIaTelIH C BHICOKUM
YEKOM»; KJIacTep 3 —
«CE30HHBIE NIOKYTIa-
TEIN»; Kiactep 4 —
«YXOJSALIUE KIUEHTBI.
st kaxaoro kinacrepa
pa3palaTbIBaeTCs CBOS
MapKETUHIOBas
cTparterus
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TERM

(ENGLISH) RUSSIAN DEFINITION EXAMPLE
K-MEANS WreparuBHblii MeTO KitacTe- | Kimacrepusanus
CLUSTERING pU3aMn, KOTOPBIX JICJIUT 10 000 cTaTeit HOBOCT-

JaHHbIE Ha K KJIacTepoB ITy- HOI'O caiTa Ha 5 TeMaTu-
T€M MUHUMU3ALUN BHYTPHU- YECKUX IPYII: AJITOPUTM
KJIACTEPHOM AUCIIEPCUHN K-means aHanusupyer
(CyMMBI KBaJIpaTOB paccTosl- | BEKTOPHBIE MTpe/icTaBie-
HUW OT TOYEK /10 HeHTpouaoB | Hus TekctoB (TF-IDF
UX KJIACTEPOB). AJITOPUTM: nuiu word2vec)
1) cinyyailHO MHULMATU3UPO- | U ABTOMATHUYECKH IPYyII-
BaTh K IEHTPOUOB; IUPYET CTaThU B KJIa-
2) Ha3HAYUThH TOYKU ONDKal- | CTEphI: MOJUTHKA,
IIUM [EHTPOUIAM; CIIOPT, 5KOHOMHKA,
3) mepecunTaTh UEHTPOUIBL, | KyJIbTypa, TEXHOJIOTHH —
4) noBTOpATH WIaru 2, 3 0e3 3apaHee U3BECTHBIX
JI0 CXOJIMMOCTH METOK KaTeropum
HIERARCHICAL | Merop kiacrepusanuu, ctpo- | Mepapxuueckas kinacre-
CLUSTERING SIIUN epapxXudeckyto apeBo- | pusamus 100 BugoB
BUJIHYIO CTPYKTYPY (II€HIPO- | ’KUBOTHBIX [0 T€HETHYE-
rpaMMy) BJIOEHHBIX KJIacTe- | CKUM MpU3HAKAM:
poB. briBaeT arnoMepaTuBHas | I€HAPOrpaMMa MOKa3bl-
(cHM3Y BBEpX: KaXK/IbIi 00b- BaeT HBOJIIOLIMOHHOE
€KT — OTAEJIbHBIN KJacTep, 3a- | POJICTBO — HA BEPXHEM
TEM KJIacTepbl O0BEAUHSI- YPOBHE pa3AEISOTCA
I0TCS) U IUBU3MBHAS (CBEPXY | MIIEKOMUTAIONIHE,
BHHU3: BCE OOBEKTHI B OJJHOM NTULBI, PENTUIINY;
KJIacTepPE, 3aTEM pazJieisi- BHYTPH MJIEKOIIUTAIO-
10TCSA) IIUX — XUIIHUKHA, TPaBO-
SITHBIE, BCESIAHBIC;
BHYTPH XHUIIIHUKOB —
KOIIAYbH, IICOBBIE U T./I.
DENDROGRAM | IpeBoBuaHas quarpamma, Bu- | JleHaporpamma Kiacre-

3yalM3UpYIOIIasi pe3yJbTaThl
HEepapXUUYECKOH KJIacTepu3a-
uu. IToka3pIiBaeT mocneaoBa-
TEJIHLHOCTh 00bEIUHEHUS WIIH
pazzaeseHust KJIacTepoB U pac-
CTOSIHUSI (CXOJICTBO) MEKIY
HUMH. BricoTa BeTBeM JIeH -
porpaMMbl OTPAXKAET CTETICHB
pasiinuusg MEeX1y KilacTepaMu

puzanuu 50 KoMnaHui
1o (MHAHCOBBIM MMOKa3a-
TEJISIM JIEMOHCTPUPYET
clelyIoLIee:

Ha BeicoTe 10 enuHUIL
BCE KOMITAHUHU B OJTHOM
KJIacTepe; Ha BbICOTE 5 —
pazzeneHue Ha 3 Kpy1-
HBIX KJIacTepa (TeXHOJIO-
TMYECKHUE, TPOMBIILIICH-
HbIe, PUHAHCOBBIE);

Ha BBICOTE 2 — BHYTpHU
TEXHOJIOTUYECKUX BbIJIE-
JSIFOTCS] COTBEPHBIE U
anmnaparHble KOMIaHUU
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TERM

(ENGLISH) RUSSIAN DEFINITION EXAMPLE
DBSCAN AJTOpUTM KIIacTepU3aluu OO0HapyXeHHEe aHOMa-
(DENSITY- Ha OCHOBE IIJIOTHOCTH, KOTO- | TUHM B T€OJOKAIIIH:
BASED pbiit HaxoauT kiaactepsl npo- | DBSCAN ananusupyer
SPATIAL W3BOJILHON ()OPMBI M BBISIB- KOOPIMHATHI TPaH3aK-
CLUSTERING JsieT BBIOPOCHI (1IyM). uui kieHTa. OCHOBHas
OF APPLICA- DBSCAN rpynmnupyer BMe- Macca To4eK 06pa?yeT

CTE TOYKH, HAXOSIIHECS TUIOTHBIN KJacTep (AoM —
;g)II;E‘;VITH OJIM3KO JIPYT K Apyry (B mpe- | paboTa — Mara3uHsl),
JieNiax pajguyca €), 1 IOMEYaeT | HO HECKOJIBKO TpaH3aK-
M30JIMPOBAHHBIE TOYKU KaK Ui B APyTroM ropoje/
mym. [lapameTpsl: € (paguyc | cTpaHe OKa3bIBAIOTCA
OKPECTHOCTH) U minPts (Mu- | U30JIMPOBAHHBIMH TOY-
HUMAaJIbHOE YUCIIO TOUYEK) KamH (IIIyM) — 3TO aHO-
MaJiui, BO3MOXKHOE MO-
HICHHUYECTBO
CENTROID LenTp kmacrepa; Touka, nmpea- | [locne kimacrepuzanuu
CTaBJISAOIIAS CPEHEE MOJI0- | KIIMEHTOB Ha 4 TPYIIIbI
KEHHUE BCEX TOYEK, MPUHAAJIE- | IEHTPOUIbI KIIaCTEPOB
xKalmx kiaactepy. B K-means | moka3pIBalOT TUIIMYHBIE
[EHTPOU/] BBIUUCIISETCS KaK XapaKTEPUCTUKH: IICHT-
cpenHee apuMeTHIeCcKoe KO- | pou kiacrtepa 1 — Bo3-
OpIMHAT BCEX TOUEK KJIacTepa | pact 25 JeT, 10X0/
MO KaXKI0MY MPU3HAKY 40 ThIC., TOKYTIKA
2 paza B MecH1l;
LHEHTPOU]I Kjactepa 2 —
BO3pact 45 JeT, 10X0.
120 ThIC., MOKYNIKK
8 pa3 B MecsiIl
SILHOUETTE Mepa kauecTBa Ki1actepusa- CpaBHeHue Kilactepusa-
SCORE U1, TOKa3bIBAIOIAs, i ¢ K =3 u K=5: npu

HACKOJIBKO XOPOIIO 0OBEKTHI
pasziesieHbl Ha KJIaCcTephl.
JIns Kaxxiou TOUKu
BBIYUCIISCTCS:
a — cpeqHee pacCTosTHUE
JI0 TOYEK CBOETO KJlacTepa;
b — cpennee paccrosiHuE 10
TOYEK OJMKaKIIero coce-
HEro KjacTepa:

Silhoustte =—2=%

max(a, b)

3Hauenus ot —1 o +1: uem
BBIIIIE, TEM JIy4Ille KJIaCTEePH-
3arus

K =3 cpeannii
Silhouette Score = 0,65
(xoporiee pa3aeneHue),
npu K = 5 Silhouette
Score = 0,42 (kmactepsl
MEPEKPHIBAIOTCS).
BriBoa: 3 kiacrepa
onTUMAanbHEe, YeM S5
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(ENGLISH) RUSSIAN DEFINITION EXAMPLE
ELBOW OBpHUCTHYECKUN MeToJ omipe- | ['paduk inertia oT
METHOD JIEJICHUS ONITUMAJILHOTO K =1 no K= 10 nmokasbI-

yucia kiaactepoB K BAET PE3KOE CHUKEHUE
B K-means. Ctpourcs rpadux | 1o K = 4 (inertia mamaer
3aBucuMocTU BHyTpuKiactep- | ¢ 1000 mo 300), 3aTem
HOM nucrniepcud (inertia) ot [JIABHOE CHUKEHUE
yucia kiaactepos. Ontumans- | (K =15: 280, K = 6: 265).
Hoe K HaXOoAMUTCS B TOUKE Touka uznoma
«u3nomay (elbow), rae no6as- | Ha K = 4 — onTuManbHOE
JIEHWE HOBBIX KJIACTEPOB Me- | YUCJIO KJIACTEPOB ISl
pecTaer CylieCTBEHHO YMEHb- | JaHHBIX
11aTh AUCIEPCUIO
DIMENSIONALITY | IIponiecc ymeHbliieHust yucia | MicxoaHble TaHHBIE CO-
REDUCTION MIPU3HAKOB (TIEPEMEHHBIX ) nepxat 100 mpuzHakoB
B JJAHHBIX MPU COXPAHEHUHU 0 KJIMEHTax (JieMorpa-
BaKHOU MH(OpMAIUU U ¢usi, noBeneHue, mpe-
CTpyKTypbl. CHUXKEHUE pa3- nourenus). [locne PCA
MepHOCTH Ttomoraet Busyaiu- | (Principal Component
3UpOBaTh MHOTOMEPHBIE 1aH- | Analysis) JaHHBIE TTPO-
HbIC, YMEHBIIIUTH BHIYUCIIH- eLUUpYyIOTCA Ha 3 TJIaB-
TEJBHBIC 3aTPAThl U N30€KaTh | HbIC KOMIIOHEHTHI, CO-
MPOKJISITUS Pa3MEPHOCTH xpanstomue 85 % nuc-
nepcuu. Teneps naHHbIE
MOHO BU3YaJIU3UPO-
Bath B 3D u ObicTpee
00y4yaTh MOJCIH
PRINCIPAL Mertoj cHUKEHUS pa3MEpPHO- | AHalU3 aHTPOIIOMETPH-
COMPONENT CTH, KOTOPBIH TIpeoOpasyer YEeCKHX JIaHHBIX (POCT,

ANALYSIS, PCA

HCXO/IHbIE KOPPEIUPOBAHHbIE
MPU3HAKU B HOBBI HAOOP He-
KOPPEIUPOBAHHBIX TPU3HAKOB
(TTIaBHBIX KOMITOHEHT), YIIO-
PSAI0YEHHBIX IO KOJIUYECTBY
OOBSICHSIEMOH TUCIIEPCUH.
[TepBast kommoHeHTa 00BsIC-
HSIET HauOOJIBILIYIO AUCTIEP-
CHIO, BTOpAsi — CJICAYIOIILYIO MO
BEJIMYMHE U T.1I.

BeC, 00BEM TPY/IH, TAITUH,
Oenep, [UMHA PyK

Y HOT — 15 npu3HaKoB).
PCA moxka3sIBaeT, 4To
niepBas TJIaBHasE KOMIIO-
HeHTa (00muid pazmep
tena) oobsacuset 60 %
JUCTIEPCUH, BTOpast
(mponopiun) — 20 %,
tpethbs — 10 %. Jocra-
TOYHO MEPBBIX 3 KOMIIO-
HEHT BMecTO 15 ucxo-
HBIX MPU3HAKOB

T-SNE Meton Buzyam3anuu MHOro- | Busyanuzanus
MEpHBIX JaHHBIX, Ipoeuupy- | 10 000 uzobpaxkenuit
IoluMi faHHble B 2D- PYKOIUCHBIX P
i 3D-npocTpaHcTBO MNIST (xaxzgoe
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TERM

(ENGLISH) RUSSIAN DEFINITION EXAMPLE
C COXpaHEHHUEM JIOKAIbHOU n300pakeHue —
CTPYKTYpbI (OJTU3KHE TOYKU 784 npusHaka).
B MCXOJTHOM IIPOCTPAHCTBE t-SNE npoernupyet gaH-
OCTAIOTCSl OTU3KUMH). HbIe B 2D: Ha rpaduke
t-SNE ocobeHHO X0opont AJis yeTKO BUAHBI 10 oTAeib-
BHU3yaJIM3allu1 KJIACTEPOB HBIX KJIaCTEPOB, COOT-
BETCTBYIOIIUX ITUppam
0-9, XOTg UCXOIHEIC
JIaHHbIE OBLIN
784-MepHBIMU
UMAP MeTtoa CHUKEHUS pa3MEpPHO- | AHAIU3 TEHETUYECKUX
(UNIFORM CTH, COXPAHAIOLINMI KakK JIO- nmanabIx 50 000 genoBek
MANIFOLD KallbHY10, TaK U rnobansHyo | (20 000 reno). UMAP
APPROXIMA- CTpYKTYypy AaHHbIX. UMAP [IPOCLIUPYET JaHHBIE
TION AND osicTpee -SNE u nmyumie mac- | B 2D 3a 10 muH (--SNE
PROJECTION) mrabupyercs Ha OOJIbIINE moTpedoBasIOCh ObI HEe-
HaOOPBI JAHHBIX, TIPA ATOM CKOJIbKO yacoB). Ha
4acTo coXpaHsisi O0JbIIe KapTe BUAHBI KJIACTEPbI
TJI00aIbHOM CTPYKTYPHI 10 3THUYECKOMY MPOUC-
XO0KJIEHHIO (€BPOMEHIbI,
a3uaThl, appUKaHIIbI)
Y TPaJIMEHTHI BHYTPH
rpyII
EIGENVALUE XapakTepucTuieckoe uucio | Marpuia koBapuanuu
Matpuilel koBapuanuu B PCA, | 15 npusHakoB uMeeT
MOKa3bIBAIOIIIEE KOJIMYECTBO | COOCTBEHHBIC 3HAYCHUSI:
JTUCTIEPCUN JAHHBIX, 3aXBa- M=28.5;h=3,2;
YEHHOE COOTBETCTBYIOIIEH Am=1,8A=009..
rJ1aBHOM KoMIoHeHTor. Uem | IlepBas riiaBHast koMmo-
Oosble cOOCTBEHHOE 3Haue- | HeHTa (A1 = 8,5) o0bsic-
HUE, TeM OoJibie HHpOpMa- usiet 8,5/15 =57 % 06-
1y (BapuaTUBHOCTH) COXpa- | IIEH AMCTIEPCHUH, TIEPBBIC
HSET KOMIIOHEHTA 3 KOMIIOHEHTHI
BMecre: (8,5 +3,2 +
+ 1,8)/15=90 %
EIGENVECTOR | Bekrop, onpeaenstomui [TepBrIit cOOCTBEHHBIN

HaIIpaBJICHHUE ITIaBHOM KOMIIO-
HEHTHI B IIPOCTPAHCTBE MPH-
3HakoB. Iloka3pIBaeT, Kak mc-
XOJTHBIEC PU3HAKN KOMOWHHU-
pyroTcs st GOPMHUPOBAHUS
HOBOI KOoMHIOHEHThI. CoOCT-
BEHHBI BEKTOP HOPMaJIU30-
BaH (€AMHUYHOM JIITUHBI)

BekTop PCA aHnTporo-
METPUYECKHUX JAHHBIX:
[0,35; 0,36; 0,34; 0,35;
0,33; ...] — Bce k02 pPpu-
IIUEHTHI TTOJIOKHUTETHHBIC
Y IPUMEPHO paBHBIE,
3HAYUT, IepBast KOMIIO-
HEHTA — DTO «OOILIUH
pasMmep Temay
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(ENGLISH) RUSSIAN DEFINITION EXAMPLE
(ycpenHeHue Bcex u3Me-
penuit). Bropoii BexTop:
[0,1;-0,5;0,2; —0,6;
0,3; ...] — yepenoBanue
3HAKOB IMOKA3bIBAET
«mIponopuum» (COOTHO-
LICHUE Pa3HbIX YacTeU
Tesa)

EXPLAINED Honst obuieit nucniepcun nan- | PCA 20 npu3Hakos:
VARIANCE HBIX, COXpaHseMasi KOMIIO- repBasi KOMIIOHEHTA
HEHTOHN WM HA0OpOM KOMITIO- | oOBsicHseT 45 % nuc-
HeHT. [loka3pIBaeT mpoLeHT nepcuu, Bropas — 20 %,
JMCTIEPCHH, O0BSICHEHHBIH TpeThs — 12 %, yeTBep-
Ka)KIIO! TJIaBHOM tasg — 8 %. IlepBbie
KOMIIOHEHTOM 4 KOMITIOHEHTHI BMECTE
00BsICHSIOT 85 % o0meit
BapUATUBHOCTH
JTAHHBIX — MOXHO
OTOPOCHUTDH OCTAIIbHBIE
16 KOMIOHEHT
C IIOTEpPEU BCETO
15 % undopmaryu
ASSOCIATION [IpaBuna, onuceiBatomne B3a- | AHaINU3 YEKOB Cymep-
RULES AMOCBS3U MEXIY [IEPEMEH- MapKeTa BBISABIISAET
HBIMH (3JIEMEHTaMM) B BUJIE CIEAYIOLIEE MPABUIIO:
«ecin X, To Y». AcconmatuB- | {IIMBO, YMUIICHI} —
HbIE TIpaBUJIa UCIIOJIB3YIOTCS | — {apaxuc} ¢ MOJAepK-
JUTsl aHAJIN3a PRIHOYHOM KOp- | Koi 5 %, JOCTOBEpHO-
3UHBI U OOHapyx)eHus yacto | ctbro 70 % u lift 3,2.
COBMECTHO BCTPEYAIOIINXCS D710 03Hayaert, 4to S5 %
3JIEMEHTOB BCEX IOKYIIOK COAEpKaT
BCE 3 TOBapa; U3 MOKYy-
raTesiei, B3sBIINX ITHUBO
u ymricel, 70 % Takxke
OepyT apaxuc; apaxuc
MOKYIAT C TMBOM
¥ yurcamu B 3,2 paza
Yale, YeM CIIy4arnHO
SUPPORT YacToTta nosiBineHus: Habopa B 6a3e 10 000 nokymnok:

AJIEMEHTOB B JJAHHBIX; JOJIS
TpaH3aKIi (HaOII0ACHHUIT),
CoJIeprKaInX TaHHBIN Ha0Op
HJIEMEHTOB.

500 cogepxat {MOJIOKO,
xye0}, support =
=500/10 000 = 0,05

(5 %). IlpaBuio {mo-
JOKO} — {xJ1e0} umMeet
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(ENGLISH) RUSSIAN DEFINITION EXAMPLE
Support = P(X UY) —Bepo- | mOaAEpxkKy 5 % — 310
SITHOCTH COBMECTHOT'O ITOSIB- OTHOCHUTECJILHO YacTas
JICHHS! DJIEMEHTOB KOMOMHAIMS TOBAPOB
CONFIDENCE VYcnoBHast BeposTHOCTD 1osiB- | M3 1000 moky1mok:
neHus 3neMenTa Y npu Hanu- | 200 cozmepakat MOJIOKO,
yuu snemenTa X. [Tokasbi- 150 comepxat {MOJIOKO,
BaeT, HACKOJIBKO 4acTo Tpa- xye6}. Confidence ({mo-
BHJIO OKa3bIBACTCSl BEPHBIM: JOoKO} — {x51eb}) =
Confidence = P (Y|X) = 150/200 = 0,75 (75 %).
Support(X UY) Oto o3Havaet: 75 % mo-
- Support( X) KynaTeseH, B3sIBIIUX MO-
JIOKO, TaKxKe 6epyT xjed
LIFT Mepa cunel accormatuBHoro | [IpaBuno {oHnmaitH-Kypc
MpaBuIia, MOKa3bIBAIOIIAS, no Python} — {onmaiin-
HACKOJIBKO YaIle dJIEMEHTBI Kypc mo Data Science}
BCTpEUaroTCs BMecTe 1o cpaB- | umeet Lift =4,5. Dto
HEHHUIO CO CIIy4YailHbIM COBIA- | O3HAYAET, YTO CTYJACHTHI,
JICHUEM: 3aMnucaBIIMecs Ha Kypc
Lift = Confidence/P(Y) = no Python, mokymarot
P(Y|X)/P(Y). Lift > 1 yka3el- | kypc mo Data Science
BAET Ha IMOJOKUTEIBHYIO B 4,5 pa3a vaiiie, yeMm
cBs3b; Lift < 1 — Ha oTpuna- Clly4yaiiHbI€ CTYJIEHTHI.
tenbHyto; Lift = 1 — Ha He3a- | CunbHas accouuanus,
BHCUMOCTh HECMOTPS Ha HU3KYIO
noJAepKKy (Bcero 2 %
CTYJICHTOB MOKYTIatOT
00a Kypca)
ANOMALY BrisiBiieHnE HECTaHAAPTHBIX Cucrema MOHUTOpPHUHTA
DETECTION HaOI0IeHmiA (BBIOPOCOB), KO- | OAHKOBCKUX TPaH3aKIIUI:

TOpbIC 3HAYUTEIIBHO OTJINYa-
FOTCST OT OOJIBIIMHCTBA JaH-
HbIX. OOHapy’XeHHe aHOMa-
JIUH UCTIOB3YETCS JIUIS JCTCK-
MU MOIIIEHHUYECTBA, COOEB
o0opyaoBaHusl, KHOepaTak

TUIINYHBIE ONEPaLH
KJIMEHTA — TIOKYTIKH
5005000 py6. B Mockae.
BHezanHo nosiBisieTcs
TPAH3AKIUS «CHSATHE
HayimyHbIX 150 000 pyo®.
B banrkoke». Anroputm
oOHapy>KeHUs aHOMAJIHA
(Isolation Forest) mome-
YaeT ONeparuio Kak mo-
JIO3pUTEINIbHYIO0 (aHOMa-
7vE0), 6aHK OJIOKHPYET
KapTy U CBsI3bIBaeTCA

C KIIMCHTOM
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(ENGLISH)
GAUSSIAN
MIXTURE
MODELS, GMM

RUSSIAN DEFINITION

BepositHocTHas Moaienb Kia-
CTepU3alliy, MPeArnoarao-
11asi, YTO JAHHBIE CTEHEPUPO-
BaHBI CMEChIO HECKOIBKUX
rayCCOBBIX (HOPMaJIbHBIX) pac-
npenaenennii. B otimune

oT K-means (3kecTkasl Kjacte-
puzarus), GMM naet msir-
KYIO KJIaCTepHU3al1Io — BEPO-
STHOCTb TIPUHA]TIC)KHOCTH

K KOKIOMY KJIaCcTepy

EXAMPLE

Kunacrepuzanus ronoco-
BBIX 3amuceit 3 AUKTO-
poB: GMM monenupyet
Ka)XJIbIA TOJIOC KaK MHO-
TOMEPHOE HOPMAJIbHOE
pacnpenenaeHue B IpocCT-
PaHCTBE aKyCTUYECKHUX
npu3HaKkoB. s HoBOM
3aMuCcH MOJIEINb BBIJACT:
BEPOSITHOCTh TIPUHA/I-
JIKHOCTH AUKTOpY 1 =
=0,75; nuxtopy 2 =0,15;
nukropy 3 = 0,10 —
3aIuCh OTHOCUTCS

K [IEPBOMY JUKTOPY

C YBEPEHHOCTHIO 75 %

EXPECTATION-
MAXIMIZATION,
EM

NrepaTuBHBINA anroputM
OIICHKH TapaMEeTPOB MOJEIEN
CO CKPBITBIMU NIEPEMEHHBIMU
(marmpumep, GMM). EM uepe-
nyet 2 mara: E-step (oneHka
BEPOSITHOCTEN MPUHAJICKHO-
CTH K KJIacTepaM MPH TEKy-
LIMX [apaMeTpax)

u M-step (mepecuet napamer-
POB 171 MAKCUMM3AIUU
MIPaBIONIOA00MS)

O6yuenne GMM

¢ 4 KOMIIOHEHTaMU:

Ha E-step BbIUUCISIEM
JUISL KaX0M TOYKH BEPO-
SITHOCTH MPUHAIIIEKHO-
CTHU K 4 KJactepam; Ha
M-step nepecuuThIBaeM
CpeaHue, KOBapualluu
Y BECA KOMIIOHEHT

Ha OCHOBE ITUX BEPOAT-
Hocrel. [loBropsiem

50 urepanuii 10 cXOau-
MOCTH — ITIApaMETPbI
CTaOMIM3UPYIOTCS

4.2, Statistics in Modern
Al Systems and New Trends

TERM
(ENGLISH)
DEEP LEARNING

RUSSIAN
DEFINITION

[Tonpazaen MamimHHOTO
o0y4eHus1, UCIIOJIb3YI0-
UM HEUPOHHBIE CETH

C MHO>KECTBOM CJIOEB
(rmyOokue HEHpOHHBIE
cetn). ['my6okoe o0Oyde-

EXAMPLE

Pacnio3naBanmne 00beK-
TOB Ha U300paKCHUSIX:
CBEpTOYHAsI HEUPOHHAS
cetb (CNN) ¢ 50 cnosmu
o0OydJaercst Ha MUJUTAO-
HaX pa3MeueHHBIX (oTo.
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TERM RUSSIAN EXAMPLE
(ENGLISH) DEFINITION
HUe aBToMarnuecku u3- | [lepBeie ciou yuarcs
BJICKAET UEPAPXUYECKHUE | PACIlO3HABATh Kpas
MPU3HAKU U3 IAHHBIX: U yTJIbl, CPEJIHUE —
OT MPOCTHIX (Kpasl, TEKCTYPBI U MPOCTHIE
TEKCTYPbl) K CIIOKHBIM dbopmbl, rayOoKHe —
(0OBEKTHI, KOHIIEIIITUH) 4acTH 0OBEKTOB (IJ1a3a,
KoJieca), MOCJIeTHUE —
1esnbie 00BEKTHI (JIUIIA,
aBTOMOOWJIN)
NEURAL NETWORK | BeruncnurensHas Knaccuduxarms ToHamb-
CUCTEMa, BJIOXHOBJIEHHAsI | HOCTH OT3bIBOB: BXOJHOM
OMOJIOTUYECKUMU CJIOW MPUHUMAET BEKTOP
HEUPOHHBIMU CETSIMU cioB ot3biBa (1000 npu-
MO3ra; COCTOUT U3 B3au- | 3HAKOB), CKPBITHIN CIION
MOCBSI3aHHBIX y3JI0B u3 128 HeltpoHoB 00pa-
(HEMpOHOB), OpraHU30- OatbiBaeT MH(MOPMAIIHIO,
BaHHBIX B cJIoW. Ka)kaplil | BBIXOIHOMU CJION U3 2 HEH-
HEHUPOH NPUHUMAET POHOB BBIZIAET BEPOSITHO-
BXO/IbI, IPUMEHSIET B3BE- | CTU KIIO3UTUBHBIN/
MICHHYI0 CyMMY U (yHK- | «HEeraTuBHBII». CeTh
IO aKTUBAIlUH, TIEpe- obyuaetcs Ha 10 000
JIAET pe3yJsbTaT Jajbllle | pa3MEeUEHHBIX OT3IBOB
BACKPROPAGATION | Anroputm 00y4eHus ITocne npsimoro nmpoxoxaa
HEHWPOHHBIX CETEU, BbI- yepes ceThb (IpecKasa-
YUCJISIOMIUNA TPATUEHT HUE) BBIYUCISETCS
GbyHKIIMU TOTEPH 10 omubka (loss).
BCEM BecaM ceTH ¢ momo- | Backpropagation uner
HIbIO LIEMTHOTO MpaBuja. | B 00paTHOM HarpasJie-
Backpropagation pacripo- | HUU: BEIYMCISET Ipajn-
CTpaHSIET OIIHOKY €HT ISl BECOB BBIXO/I-
OT BBIXOJHOTO CJIOA HOTO CJIOSI, 3aTEM CKPBI-
K BXOJIHOMY, ITOKa3bIBasi, | TOTO CIIOsI, 3aT€M BXOJI-
KaK U3MEHUTb KaXKJIbIN HOro. [ pagueHTHbIN
BEC JIJISl YMEHBIICHUS CILyCK OOHOBJISIET Beca:
OIMOKHU w_new =w_old — learn-
ing rate X gradient
GRADIENT UrepatuBnsiii MeTo on- | O0yueHue TUHEHHON pe-
DESCENT TUMU3ald, MUHUMHU3H- | TPECCUU: HAYaJIbHAs

PYIOIINI PYHKIUIO TIO-
TEPh IMMyTEM JBHKCHHS

B HAIPaBJICHUU, TPOTH-
BOTIOJIO)KHOM TPAJTUEHTY
(Hamckopeiiero yorBa-
Hus). Ha kaxxnoit urepa-
IIMY TTapaMeTpbl OOHOB-

ommbka MSE = 100.
['pagueHTHBIN CyCK

¢ learning_rate = 0,01
nenaet 1000 maros:
nocie 100 urepamuii
MSE =45, mocie

500 urepamuit MSE = 12,
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TERM RUSSIAN
(ENGLISH) DEFINITION EXAMPLE

msirotest: 0 =0 —a x VJ(0), | mocie 1000 urepanuit
e o — ckopocTh 00yde- | MSE = 8,5 (cxoaumocTs)
Hus; VJ — rpaiuesHT
(GYHKIMH TOTEPh

STOCHASTIC BapuanTt rpaguentaoro | O0yueHue HeilpoceTu

GRADIENT CITyCKa, UCTIONB3YIOMMI | Ha 1 MITH U300paskeHMIA:

DESCENT, SGD

ClTy4yaliHble BEIOOPKH
(MUHH-0AT4YH ) BMECTO
BCEro Habopa JaHHBIX
JUTSI BBIYUCIICHUS TPAJIN-
enta. SGD ObicTpee 00-
HOBJISIET ITapaMeTPhI

¥ MOKET BBIXOIUTH U3
JIOKQJIbHBIX MHHUMYMOB
Onarojaps mymy, HO
TpaeKkToOpus MEHee CTa-
OwmTbHA

MIOJTHBIN TPaAUEHTHBIN
cryck TpeGoBait ObI Ipo-
xoja 1o Bcemy | MIIH
nU300pakeHui 17 Of1-
HOr0 OOHOBJIEHU (OYEHb
MeieHHo). SGD uc-
MOJIb3yeT MUHU-0ATYH 110
32 u3zo0paxeHus: mociue
KaX10r0 32-r0 0OHOB-
JSIeT Beca. 3a OJIHY 310Xy
npoucxoaut 31 250 06-
HOBJICHUH BMECTO

OJTIHOTO
BATCH SIZE Yucno npumMepoB, o0pa- | DKCIIEPUMEHTHI
OaTbIBaeMBIX 32 OJUH C pa3mMepom Oarya s
mar (repes oOHOBIIE- o6yuenus CNN:
HHEM BecoB). Biuser batch size = 32 — o0yue-
Ha TpeOOoBaHUs K MaMsTH, | HUe HecTabmibHOE (loss
CTAOMIILHOCTh OOyUYEHHUsI | CKAa4yeT), HO OBICTPO
U CKOPOCTh CXOJUMOCTH. | HAXOJUT XOpoIlee perie-
Manblit 6atu — miymHsle | Hue; batch size =256 —
OOHOBJICHHSI, HO OBICTpasi | CTaOUJILHOE TIIaBHOE
CXOJUMOCTb; OOJIBIIION CHU)XCHHE MTOTEPH, ONTH-
0ar4 — cTa0WIbHBIC TPa- | MaJIbHASI CKOPOCTH;
JTIMEHTHI, HO OH MeJjIeH- | batch size = 2048 —
Hee U TpeOyeT OoJIbIe OYCHb CTAOMIIBHO, HO
namsTu TpeOyeT MHOTO MaMsITH
U MEJJICHHO CXOJIUTCS
EPOCH O1H NOJIHBIA MPOXOJ] OO6yuenue moenu

0 BCeMy 00ydJaroriemMy
Habopy naHHBIX. Bo
BpEMsI OJTHOM DIIOXH MO-
JIeb BUIUT KaXKIbIN Tpe-
HUPOBOYHBIN ITPUMEP
POBHO OJIMH pa3

(8 SGD — B cocrage pas-
JTUYHBIX OaTyeit). OOyye-
HUE 00BIYHO TpedyeT
MHOXECTBA 30X JJIs
CXOAMMOCTHU

Ha 50 000 m3o00pakeHMIA
¢ batch_size = 100:

1 snoxa = 500 urepaunii
(50 000/100). ITocne

1 3110X¥ TOYHOCTH

Ha Baymaanuu — 45 %;
nociie 10 smox — 78 %j;
rocie 30 smox — 85 %;
nocie 50 smox — 86 %
(HackIlIeHNE, JaTTbHEHIIIEe
00yYeHHEe He YIyIaeT)
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TERM
(ENGLISH)
LEARNING RATE, Lr

RUSSIAN

DEFINITION
[[Tar o6HOBIEHMS TIAapa-
METPOB B I'PaJINEHTHOM
CITyCKe; THIIepIapamerp,
ONPENETAIOIINN,
HACKOJIbKO CHJILHO M3Me-
HAKOTCS BECA HA KAXKJIOU
utepauuy. CIUIIKOM BbI-
cokuii learning rate BbI-
3bIBAET PACXOJAUMOCTh
(oscillation), cnmanikoM
HU3KUU — MEJIJIEHHOE
oOy4eHue Ui 3acTpeBa-
HUE B JIOKAJIbLHOM MUHU-
MyMe

EXAMPLE

TectupoBanue
learning_rate:

Ir =0,1 — loss pacrer,
MOJIEJIb PACXOIUTCS;

Ir =0,01 — ObicTpOE CHU-
»kenue 10ss, CXOIUMOCTh
3a 50 smox; Ir = 0,001 —
OYEHb MCJICHHOE CHH-
)kenue, mocie 100 amox
loss Bce ellie BEICOKUIA;
Ir =0,0001 — oOyuenue
MPAKTUYCCKU HE UJIET.
Onrumansho Ir = 0,01

ACTIVATION ®yHKud, npumensemMas | HelipoH BbIYMCIWI, YTO

FUNCTION K B3BCILIEHHON CyMMe z =2,5 (B3BeLLICHHAS
BXOJIOB HEMPOHA, BBOASI- | cymma BXozoB). [Tpume-
11ast HEJIMHEWHOCTh Hsaercs ReLU: output =
B HEHpoOHHYIO ceTh. bes | =max (0,2,5)=2.5.
HEJIMHEHHBIX (PyHKIUI Jlns npyroro HeMpoHa
aKTHUBAIMH MHOT'OCJIOM- z=-1,2; ReLU: output =
Has ceTh Obuta ObI 3kBU- | = max (0, —-1,2) =0
BaJICHTHA OJTHOMY JIMHEMW- | (HEHpPOH «MEpPTB», HE aK-
HOoMYy ciioro. [Tomysip- TUBHUPYETCS)
Hble pyHkuun: ReLU,
Sigmoid, Tanh, Softmax

RELU (RECTIFIED Jlunetinas ¢pynkius ak- | CBepTOUHAst CETh s

LINEAR UNIT) THUBAIIUU C BBHIIIPSIMIIC- pacro3HaBaHus U300pa-
HueM: f(x) = max (0, x). YKEHUU HUCTIOJb3YET
ReLU Bozspamaer Bxon, | ReLU nocne xkaxnoro
€CJIM OH TOJIOKUTEIb- CBEPTOYHOIO CJIOS: €CIIU
HbI{, 1 0 B IPOTUBHOM HEWPOH BbIAAN —3,2,
cinydae. ReLU — camas ReLU o6nymser (0);
nomyJsspHas QyHKIus eciu BeLai 5,7, ReLU
aKTHBAIIUU B TTTyOOKOM npomyckaer (5,7).
oOydenuu Gnaromaps ReLU yckopsieT 00yue-
IPOCTOTE BHIYUCIICHUS HUeE B 6 pa3 1o cpaBHe-
Y PEIICHUIO MTPOOIEMBI HUIO ¢ sigmoid u tanh
3aTyXarUIero IrpaJIueHTa

SOFTMAX Oynkius aktuBanuu 1yt | HelipoceTs knaccuduiu-

MHOTOKJIACCOBOM KJIaCCH-
bukaiuu, npeodpasyro-
11ast BEKTOP CHIPHIX OIIe-
HOK (logits) B pacnpene-
JICHHE BEPOSTHOCTEM, T1IE

pyeT u3o0pakeHue

Ha 3 kiacca (KoIka, co-
Oaka, iTuia). BeixoaHoM
cioi BeIIan logits:
[2,1;0,5; —0,3]. Softmax
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TERM RUSSIAN
(ENGLISH) DEFINITION EXAMPLE
BCE 3HAYEHUS MOJIOXKHU- npeoOpasyer:
TeJIbHBI U cymmupytores | P (komika) = 0,78;
B 1. Ucnonw3yercs P (cobaka) = 0,16;
B BBIXOJIHOM cJioe 1iis 3a- | P (ntuna) = 0,06.
nad ¢ K > 2 kinaccos CyMMa BeposiTHOCTEH =
= 1,0. IIpexnckazanue:
KOIIIKa (HauBBICIIIAs
BEPOSITHOCTH)
CONVOLUTIONAL Cnenuanu3upoBaHHbIE Pacno3naBanue pyko-
NEURAL HEHPOHHBIE ceTH Tt 00- | mucHBIX 1udp MNIST:

NETWORKS, CNN

paboTKu U300paKEeHUM
U IPYTUX JaHHBIX

C CETOYHOU CTPYKTYPOHU.
CNN ucrnonb3yroT CBEp-
TOYHBIC CIION
(convolution), KoTOpBHIE
MPUMEHSIOT QUIBTPHI
(sapa) K JIOKAJIbHBIM
001acTsM BXOJHBIX JTaH-
HBIX, aBTOMATHYECKH W3-
BJIEKasi MPOCTPAHCTBEH-
HBIC TIPU3HAKH

CNN npuHuMaeT u300-
paxeHue 28x28 nukce-
neu. [lepBeiit cBEpTOU-
HBIN CJIOW ITPUMEHSIET

32 dunbtpa 3%3, u3BIe-
Kasi POCThIE PU3HAKU
(xpast, yriel). Bropoit
cioi — 64 pubTpa,
U3BJIEKaeT 0oJiee CIOXK-
Hble nartepHsl. [locne
pooling u fully connected
CJIOEB CETh Kilaccuduiu-
pyer 1m@py ¢ TOUYHOCTHIO
99,2 %

RECURRENT
NEURAL
NETWORKS, RNN

Heiiponnsie cetu aiis 06-
pabOTKH MMOCIEI0BATENb-
HBIX JaHHBIX (BpEMEH-
HBIE PSIJIbI, TEKCT, PEYb),
TJIe BBIXOJ] Ha MPEbITY-
IIeM IIare nepeaacTcs
KaK BXOJ[ Ha CIIEAYIOIIEeM
mare. RNN nmeror «na-
MSTB» O MIPEAbLIYIINX
AJIEMEHTAaX TOCIIEI0Ba-
TEIbHOCTHU

[Iporno3upoBanue Kypca
akuui: RNN nonyuaer
Ha BXOJ LICHBI 3a TIOCIIe/I-
Hue 30 nuei. Ha mare

t =1 oOpabaTbIBaeT LIEHY
nHs 1, coxpaHseT CKpbI-
TOE COCTOSIHHE /1.

Ha mare ¢ = 2 o6pabatbi-
BaeT IIEHY JHS 2 BMECTE
¢ hi1, mony4aet h», ¥ TaK
nanee 1o aus 30. Ou-
HaJIbHOE CKPBITOE COCTO-
stHUE h30 COAEPIKUT UH-
dbopmanuro 0060 Bcei 1mo-
CJIeI0BaTEIbHOCTHU IS
MPOTrHO3a Ha JIeHb 31

TRANSFORMER

ApXHUTEKTypa HEUPOHHOU
CETH Ha OCHOBE MEXaHHU-
3Ma BHUMaHHUS (attention
mechanism), peBOIIOIHO-
HU3WpOBaBIIas 00-

Moaens MaImuHEHEOTO
nepeBoaa English —
Russian Ha 6a3ze
Transformer (xak B SH-
nekc [lepeBonunke):

59




TERM RUSSIAN EXAMPLE
(ENGLISH) DEFINITION
paboOTKy €CTECTBEHHOTO | BXOJIHOE MPEIIOKCHHE
si3pika. OOpabaTbiBaeT “I love machine learning”
BCIO TIOCTIEI0BATENb- pazOuBaeTcs Ha TOKEHBI,
HOCTb IMapajuieIbHO KaX]IbI TOKEH Ipeodpa-
(B otimmaue oT RNN) u 3yercsi B BekTop. Self-
s dexTuBHO ynaBiuBaeT | attention BEIYHCIISET B3a-
JOJITOCPOYHBIC 3aBUCH- | UIMOCBSI3H MEXKTy BCEMHU
MOCTH CJIOBaMH MapaljIeNIbHO.
Encoder kogupyer
CMBICIT TIPEITIOKEHUS,
Decoder reaepupyer te-
peBog «S mro6ar0 Ma-
IIMHHOE 00Y4YEeHHE» TO-
KEH 32 TOKCHOM
ATTENTION Mexanu3m, n03BOJIAIO- [lepeBon npentoxKeHus
MECHANISM it mogenu pokycupo- | “The cat sat on the mat
BaThCS HA peNIeBaHTHBIX | because it was tired”.
4acTsAX BXOAHBIX AaHHBIX | [Ipu mepeBoje cioBa “it”
npu 00paboTKe KaXJA0ro | MEXaHW3M BHUMaHUS
aneMeHTa. Attention BbI- | Ha3HAYaET BHICOKHE Beca
YUCJISIET Beca BaXKHOCTH | cioBaM “‘cat” (0,7)
JUTSL K&XKJIOTO DJIEMEHTA u “tired” (0,2), HU3KHE —
MOCJIE/IOBATEIbHOCTH, OCTaJIbHBIM. DTO MTOMO-
MIO3BOJISISE MOJIENH «00pa- | TaeT MOJIENN TOHSTh, YTO
1aTh BHUMaHWE» HA “i1t” OTHOCHUTCS K KOTY,
HY’KHBIE CIIOBA/TIPU3HAKH | @ HE K KOBPHKY,
Y IPABWJIBHO TIEPEBECTH
TRANSFER Hcnonws3oBanue npena- | Kmaccudukaius peHtre-
LEARNING pUTENBHO 00YYEHHON HOBCKHMX CHUMKOB Ha

Monenu (pre-trained
model) nis peneHus Ho-
BOM, HO CBSI3aHHOM 3a-
naun. Bmecto oOyuenus
C HyJIs1 OepeTcsi MOJIETb,
0o0yueHHast Ha OOJIBIION
0a3e JaHHBIX (HAIPUMED,
ImageNet), u 1ooOy4a-
ercs (fine-tuning) Ha
MeHbIlIeM Habope JaH-
HBIX KOHKPETHOMW 3371241

MTHEBMOHUIO/HOPMY
(Bcero 5000 cHUMKOB).
Bwmecto o0ydyenus CNN
¢ HyJs OepeTcs npeaody-
yeHHas ResNet-50 (00y-
yeHa Ha ImageNet,

1,2 MutH U300paskeHuit).
[Tocnennue cion 3ameHs-
IOTCSL 1 TOOOYYaroTCs Ha
MEIWIIMHCKUX CHUMKAX.
Tounocts 94 % npoTuB
78 % npu o0yueHuu

C HyJIsI — TpaHCchepHOoe
obyuenue gano +16 %

60




TERM RUSSIAN EXAMPLE
(ENGLISH) DEFINITION
ENSEMBLE KomOunarms HeCcKoJb- [Iporuo3upoBanue ot-
METHODS KHUX Mojiesielt (aHcaMOI1b) | TOKa KJIMEHTOB: OTAEIb-
JUTSI TIOJTYYEHUS JIYUIINX | HOE IEPEBO peIIeHUM
pE3yNbTATOB, YEM y OT- | JAET TOYHOCTh 76 %,
JEbHBIX MOJEJIEN. Clly4aitHbli jec (aH-
AHcaMOJI CHUKAIOT cam0ub u3 100 nepeBbeB,
JIMCIIEPCHUIO, CMEIICHUE Oorrunr) — 84 %, rpaau-
WJIU ¥ TO, U JIPYTOE. EHTHBIN OyCTUHT (aH-
OcCHOBHBIE MOIXObI: caMm01b 13 200 ciradbIx
Oarrunr (bagging), JiepeBbeB, OYCTHHT) —
oycrunr (boosting), 87 %. AHcamOnu 3HaUU-
CTIKUHT (stacking) TEJIbHO IPEBOCXOSAT
OJIMHOYHBIE MOJICTTU
BAGGING Merton ancamb6ms1, 00y4a- | Random Forest (ciyqaii-
IOIIMI MHOKECTBO MOJIE- | HBIH JieC) — KJlacchue-
Jiell mapajuienbHO Ha pa3- | CKHil mpuMep O3rTHHra:
JMYHBIX OyTCTPOII-BhI- oOyuaercst 100 pemraro-
Oopkax (ciaydalHBIX MOJI- | IIUX JiepeBbeB. Kaxkmoe
BBIOOPKax C BO3Bpallie- JepeBo 00yvaeTcs Ha
HUEM) U3 TPEHUPOBOY- cBOEi OyTCTpAM-BBIOOPKE
HBIX aHHbIX. IToroBoe | (ciyuaiinbie 80 % maH-
npejcKa3zaHue — ycpe/- HBIX C TIOBTOPEHUSIMHU).
HeHue (perpeccus) uin [Tpu npenckazanuu Bce
rojocoBanue (k1accudu- | 100 mepeBbeB rojaocyroT,
Karus). Bagging cau- UTOTOBBIN KJIacC — 00JIb-
YKAET AUCTIEPCUIO HIMHCTBO roJI0COB. Tou-
HOCTh 89 % mpotuB 76 %
y 1 nepesa
BOOSTING Mertox ancamOIIs Knaccudukamnus cnama:

C MOCJICJIOBATEIbHBIM
oOydeHHeM, T1Ie KaKaas
cienyromas Mmojaesnb $o-
KyCHpYyEeTCs Ha OIIMOKax
npenpaynmx. Cnadbie
mozenu (weak learners)
00BEINHSIOTCSA B CHJIb-
HYIO (strong learner).
[TomynsipHble anro-
putMbl: AdaBoost,
Gradient Boosting,
XGBoost, LightGBM

HepBOE JIEPEBO Mpa-
BIWJIBHO Kiaccuuumpyer
70 % nmcem. Bropoe ne-
peBo o0yuaercs Ha
omuOKax MepBoOro
(6ombImIe Beca Hempa-
BIWJIBHO KJaccuuuupo-
BaHHBIM ITUCHMaM), TOY-
HOCTb Ha CJIOKHBIX CITy-
yasx 65 %. Tperwe ne-
PEBO UCHPABISAET
OIIMOKH MEPBBIX JBYX.
ITocne 100 nepeBreB aH-
camOJb 1OCTUTAeT TOY-
HOCTH 96 %
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TERM
(ENGLISH)
RANDOM FOREST

RUSSIAN

DEFINITION
AHCamOJIb penarmmnx
JIEPEBbEB, COUCTAIOIIUN
OSTTHHT (CITyYaiiHbIE BbI-
OOpKU JaHHBIX)
U CIIy4aiiHbIN BBIOOD
MPU3HAKOB B KAXKJIOM
y37e nepeBa. Random
Forest camkaet nepeoly-
YeHHE OT/ENbHBIX Jepe-
BbEB U 00€CIIEUNBACT BhI-
COKYIO TOYHOCTb

EXAMPLE

[Ipenckazanue ctouMo-
CTH apeH/Ibl KBapTHP:
Random Forest

u3 200 nepeBbEB YUUTHI-
BaeT 15 mpusHakoB (Tuio-
a/1b, PAaOH, 3TAX,
MeTpo u T.1.). Kaxnoe
JIEPEBO CTPOUTCS HA CIIy-
YalHOI T0IBBIOOPKE
JAHHBIX, B KQXKIOM y3J1€
BEIOMpAeTCs CITyJaiftHOe
MOJIMHOXECTBO MPU3HA-
koB (V15 ~ 4 npu3Haka).
Hrtorosas To4HOCTH
R*=0,87

SCALABILITY CocoOHOCTb CHUCTEMBI Monaens pekoMeHgauum
CIIPABJIATHCS C POCTOM YouTube momxHa obpa-
o0beMa TaHHBIX, YUCIIA OaThiBaTh 1 MuIp[ 3ampo-
MOJIb30BaTeNel WIK BbI- | COB B JIEHb OT 2 MJIP]L
YUCJIUTEITLHOM CIIOKHO- | ToJib3oBareneil. Cucrema
cTu 6€3 CyIIeCTBEHHOM MacmTabupyeTcsi Topu-
NOTEpPU IPOU3BOJIUTENb- | 30HTAIBHO: JOOABIEHUE
HocTH. Macmrabupye- HOBBIX cepBepoB ¢ 10 10
MOCTb KpuTH4HA AJis pa3- | 100 no3Bosisier oOpabda-
BepThiBaHUs ML-Moze- ThIBaTh B 10 pa3 Gomblie
Jieil B MPOMBIIUICHHYO 3aMpoCoOB € JTMHEHHBIM
IKCILUTy aTaIHIO POCTOM TIPOU3BOIUTENb-

HOCTH

DISTRIBUTED O6paboTka TaHHBIX Ha OO0y4eHue Moienn

COMPUTING HECKOJIbKUX y351ax (koM- | Ha 10 Th noroB momnb30-
IBIOTEpaXx, CepBEPax) Ma- | BaTesei: OJUH CepBEp
paiensHo Ju1st yckope- | ¢ 1 Th nucka He cripa-
HUS BBIYMCIIEHUN U 00pa- | BuTcs. PactipeneneHnas
00TKH O0JIBIIINX 00BEMOB | cucTema u3 S0 y310B
JIAaHHBIX, KOTOphIe He Mo- | (kaxapii ¢ 1 Th) pa3ze-
MEMIAI0TCS Ha OJTHOM JISI€T TaHHBIE: KaXIbIN
KOMITBIOTEPE y3eJ1 00padaThIBaET CBOU

200 I'6 mapamienbHo.

OO0y4eHue 3aBepIiaeTcs

3a 4 y BMecto 200 y

Ha OJIHOM CEpBeEpe
HADOOP ®peitMBOpPK 1S pacpe- | AHaW3 JIOTOB BeO-caiiTa

JEJIEHHON 00paboTKU
OOJBIINX JAHHBIX C OT-
KPBITBIM UCXOTHBIM

(50 Tb 3a mecs): n1aH-
Hble xpansaTcs B HDFS
Ha 100 y3nax.
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TERM RUSSIAN EXAMPLE
(ENGLISH) DEFINITION
KoJIoM, ucrnosib3ytomuii | MapReduce-3amaua:
MOJIeNb TPOrpaMMHpOBa- | Map — moJic4eT npocMoT-
Hust MapReduce. Hadoop | poB kax10il cTpaHUIIBI
coctout u3z HDFS (pac- | Ha kaxaoMm y3ie;
npeneneHHas ¢ainosas | Reduce — arperamus pe-
cuctema) u MapReduce | 3yibTaToB O BCEX y3JIOB.
(mapannenbHas 00opa- HToroBsiii 0TYET
00TKa) o 10 000 cTpaHuIl reHe-
pupyercs 3a 30 MuH
SPARK BeICTpBIN IBMKOK 1JIs OO0y4enne Moenu Ma-
00pabOTKH OOJIBIIINX IIMHHOTO 00YUYEHHUs Ha
JaHHBIX, moaaepxkuBato- | 1 Th mannabix: Hadoop
Ui uTepaTuBHBIe ainro- | MapReduce tpebyer
PUTMBI U UHTEpaKkTUBHBIE | 10 uTeparuii, Kaxxaas
3anpochl. XpaHUT YUTAET JJaHHBIE C JUCKa
JlaHHBIE B TTaMsITH (B oT- | 5 4. Apache Spark 3arpy-
mnane oT Hadoop JKAeT IaHHBIE B TIAMSTh
MapReduce, koTopsiii oauH pasz, 10 urepaunii
MUIIET Ha JUCK), 4TO Jie- | paboTaroT C MaMsThIO
naet ero B 10-100 pa3 15 muH. Yckopenue
ObICTpee ISl MHOTHUX B 20 pa3
3aj1a4y
ONLINE LEARNING | O0yueHue MoJenu uH- Mopenp npenckasaHus
KPEMEHTAIBHO IO Mepe | KIIMKOB Ha PEKJIaMy
MOCTYTUICHHS] HOBBIX (CTR): xaxasie 5 MUH
JAHHBIX, 0€3 HEOOXOAN- | MPUXOASIT HOBBIE TAHHbBIE
MOCTHU niepeoOydaTts Ha o 10 000 moxa3zoB
BCEX JAHHBIX 3aHOBO. 1 KJIMKOB. OHNaitH-anro-
Omnunaitn 00yuenue anamn- | putMm (SGD) oOHoBsIET
TUPYETCS K U3MEHEHUSIM | Beca MOJIENIM Ha HOBBIX
B JJaHHBIX (concept drift) | JaHHBIX, AIANITUPYAChH
U paboTaeT ¢ MOTOKO- K U3MEHEHUSIM TIOBejie-
BBIMU JIAHHBIMU HUS TIOJIb30BaTeNeH.
Mopenb Bcerga akry-
ajnbHa 0e3 MOJHOIo
nepeod0yueHust
REINFORCEMENT Tun MmamuHHOTO 00ydYe- | OOydeHHe areHTa urpaTh

LEARNING, RL

HUS, IPA KOTOPOM areHT
oOyuaercs uepes
B3aHMMO/ICHCTBHE

CO CpEIOi: BBITOJHAET
JICUCTBUSL, TIOJTy4aeT
Harpazbl (reward) ninu
mrpadbl U YUUTCS MaK-
CUMHU3HPOBATh

B IIIaXMATHI: areHT Jie-
JaeT XoJ (aecTrue),
cpena (Mrpa) nepexoauT
B HOBOE COCTOsIHUE (TI0-
3UIUS HA JJOCKE), ar€HT
MOJTy4aeT Harpaiy

(+1 3a mobeny;

—1 3a mopakeHwue;
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TERM RUSSIAN
(ENGLISH) DEFINITION EXAMPLE
COBOKYITHYIO Harpamy. 0 3a Huuwto0). [locne mui-
RL ucnonb3yercst B Ur- | JMOHOB UTP areHT
pax, poOOTOTEXHHUKE, aB- | YUUTCS CTPATETUH, I0-
TOHOMHBIX CHCTEMax OexXaaroIe TpoccMeit-
ctepoB (AlphaZero)
GENERATIVE Al UckyccrBennniit uaten- | ChatGPT renepupyer oT-

JIEKT, CIIOCOOHBIH CO3/1a-
BaTh HOBBI KOHTEHT
(TeKCT, U300paKeHus,
MY3bIKY, KOJ), TOXO0XKHUI
Ha CO3JIaHHBIN YeIoBe-
koM. ['eHepaTuBHBIE MO-
nenu (GPT, DALL-E,
Stable Diffusion) o0yu4a-
IOTCSI Ha OOJIBIINX JaH-
HBIX U TEHEPUPYIOT
HOBBIC TTPUMEPHI

U3 BBIYYCHHOTO
pacrpeaeIeHus

BET Ha BOMPOC MOJIb30Ba-
TeJsl: MOJIENb AaHATTU3H-
pyeT KOHTEKCT Juajora,
MPECKA3bIBACT CIEAYIO-
iee cloBO, 3aTeM CJIey-
Jolee, co3/1aBasi CBSI3HBIM
OCMBICJIEHHBIN TEKCT.
Midjourney co3maer
n300pakeHue Mo OInuca-
HUIO «KOCMOHABT BEPXOM
Ha JIOIIA/IA B CTUJIC KH-
OepraHka» — H300paxke-
HUE, KOTOPOTro HE CyIle-
CTBOBAJIO JI0 T€HEPAIUU

LARGE LANGUAGE
MODELS, LLM

Mopenu 115 06paboTKH
€CTECTBEHHOTO SI3bIKa

¢ MHJUIMAp/aMu Tapa-
METPOB, 0OyUYECHHBIEC Ha
OTPOMHBIX TEKCTOBBIX
kopmycax. LLM
(GPT-4, PaLM, LLaMA)
CIOCOOHBI TEHEPUPOBATH
TEKCT, OTBEYaTh Ha BO-
MIPOCHI, IEPEBOIUTD, TTH-
caTh KOJ U BBITIOJHATH
MHO>K€ECTBO 3aJ1a4 0e3
CHEIUATBHOTO
J000yUYeHust

GPT-4 c 1,7 Tpnu napa-
METpOB 00yuyeHa Ha COT-
HAX MWJUIUAPOB CIIOB U3
WNurtepHera, kHUT, CcTa-
Tel. Mozaenb MOXeT
HaIliCcaTh 3CCE O BIIUS-
Huu U1 Ha 3KO0HOMUKY,
peluTh MaTeMaThuye-
CKYI0 33/1auy ¢ OOBsICHE-
HUEM, IIEPEBECTH TEKCT
C KMTalCKOro Ha Ccya-
XWJIH, OTIAAUTh KOJ Ha
Python — Bce 6e3 gomon-
HUTEIHHOTO 00YUYEHUSI

ETHICAL Al

Pa3zpaboTka u ucmosnb30-
BaHUE UCKYCCTBEHHOTO
UHTEJUICKTA C YUETOM
STHUYCCKUX MPUHIIUITOB:
CIPaBEUTUBOCTH
(fairness), mpo3padyHOCTH
(transparency),
MOJIOTYETHOCTH
(accountability),
KOH(UIEHITUATHHOCTH
(privacy), 6€30TTaCHOCTH.

Cucrema KpeIUTHOTO
CKOpPHWHTA MTPOBEPACTCS
Ha 3TUYHOCTh: MOJICIb
HE JIOJDKHA TUCKPUMHHH-
pOBAaTh MO MOy, BO3-
pacty, pace (fairness).
Pemrenns 0ObICHUMBI —
MOJKHO TTOHSITh, TOYEMY
3asiBKa OTKJIOHEHA
(transparency). Ilpu
OImMOKe MOKHO
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TERM RUSSIAN EXAMPLE
(ENGLISH) DEFINITION
Otnuneiii U npenot- OCITOPUTH PEILICHUE
BpalaeT Bpexq (accountability). lannbie
U TUCKPUMHUHAIIIIO KJIMEHTOB 3aIUIICHbI
(privacy)
FAIRNESS OTtcyTcTBHE QUCKPUMHU- | ANTOPUTM HaliMa aHaJIM-
HAIlUU B QJITOPUTMAX; 3UPYET PE3IOME: TECTH-
TpeboBanue, uro0b1 M- | poBaHue MOKa3bIBaET,
CHUCTEMBI HE BOCIIPOM3BO- | YTO MOJI€Th OTKJIOHSIET
JIWTA U HE YCUITUBAJIN KEHIIMH, TPETCHTYIO0-
peaB3sATOCTh (biases) IIMX HA TEXHUYECKUE MO-
MIPOTUB ONPEIETICHHBIX 3WIINY, B 2 pa3a yaiie
rpynn Jirojew (1o moiy, | My>KYdH C aHAJIOTUYHOM
pace, BO3pacTty u T.1.) kBanudukanuen (bias).
[Tociie KOppeKTUPOBKH
(ymaneHue mpu3HaKOB
nosa, rebalancing nau-
HBIX) pa3HHIlA COKpaIia-
ercs 10 5 % — Mozenb
cTaJla ClpaBeJInBee
EXPLAINABILITY B03M0XHOCTB NOHSTH Mopenb oTkazana
Y UHTEPIIPETUPOBATh pe- | B Kpeaute. Cuctema 00b-
IIEHUS MOJIENH; crioco0- | scaumocTu (SHAP) ne-
HOCTh OOBSICHUTB, I10- MOHCTPHUPYET, 4TO
4eMy MOJIEJb IPUHSUIA TO | OCHOBHBIE IPUYUHBI OT-
WM UHOE PEeLlIEHUE. Ka3a — BbICOKas JI0JIroBast
Explainability kputnuna | Harpyska (Bkiazg 45 %),
JUTSL KpUTUYECKHUX TIPUIIO- | KOPOTKasi KpeAUTHAS UC-
keHu# (MenuuuHa, hu- | Topus (Bkiax 30 %),
HAHCBI, FOPUCTIPYICHIUS) | HU3KUHM JT0XO[ (BKIIa]
Y IIOCTPOEHHUS JOBEPUs 25 %). KnueHt noHumaet
k U [IPUYUHBI U MOXKET UC-
NPaBUTh CUTYALIUIO
(YBeIMUUTH JTOXO/I, TIOTa-
CUTBH JIOJITH)
INTERPRETABILITY | CrenneHb NOHUMaHHUS JIunelinas perpeccust

IIPUYHUHHO-CJIEICTBEH-
HBIX CBSI3€M B MOJIEIIH,
T.€. HACKOJIbKO YEJIOBEK
MOJKET MOHSTH JIOTUKY
IIPUHATHS PEIIEHUNA MO-
nensto. MaTEpnipeTnpye-
MbI€ MOJIeNIN (JTMHEHHas
perpeccusi, 1epeBbs pe-
HICHHI) Tpo3payHee

NPECKA3bIBACT LIEHY
KBAapTHPHI: LICHA =

=50 000 x rromaas +

+ 500 000 X (6a130CTh
K MeTpo) — 200 000 x

x staxk. IHTepnperanys
OUYEBUHA: KOKIBINA KBAI-
paTHbBIN MeTp 100aBIseT
50 ThBIC. pyO., 6IM30CTH
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TERM
(ENGLISH)

RUSSIAN
DEFINITION
«YEPHBIX SIIIUKOBY (TITy-
OoKue HelpoceTn)

EXAMPLE

K METpO J00aBIIsSIET
500 ThIC. pyO., KaXKIbIN
3TaX BBIIIE TIEPBOTO
YMEHBIIAET IEHY

Ha 200 TbIC. pyo.

MODEL DRIFT

N3MeHenne npous3Boiu-
TEIBHOCTH MOJIENU CO
BPEMEHEM U3-3a U3MEHE-
HUS CTATUCTHYECKHUX
CBOWCTB JIaHHBIX WJIH LIe-
JIEBOM MEPEMEHHOM.
Model drift TpeOyer
MOHUTOPHUHTA

U TIepeoOyYeHUs
MOZEIIEN

Monenp npenckazanus
crpoca Ha TOBaphl 00Yy-
yeHa Ha JaHHBIX 2019 1.
B 2020 r. navyanace nan-
JeMusl, TIOBEJIEHUE TIOKY-
rnaresyie U3MEHUIIOCH:
CIPOC HA MacKu

Y aHTUCENTHUKHU BBIPOC

B 100 pa3, Ha ogexay
s oduca ynain. Mo-
1eITb, HE TIepeoOydeHHas
Ha HOBBIX JIaHHBIX, JJACT
OTPOMHBIE OIINOKH
MPOTHO3a — MIPOU30IIENT
model drift

MLOPS [IpakTuka pa3BepTsIBa- Komnanus pazsepnyiia
HUA U nojaepxkku mozae- | 50 ML-moneneit
Jiel MalumHHOTO 00yue- | B mpoaakiiene. MLOps-
HUS B TIPOJIAKIIeHe, 00b- | Tuiaropma aBToMaTuye-
€UHSIONIAs MAIIMHHOE | CKU OTCIIEKMBAET Kaye-
obyuenne, DevOps CTBO MOJIeNel (MOHUTO-
u data engineering. puHr drift), nepeodyuaer
MLOps BKJIIOYAET aBTO- | MOJICJIM HA HOBBIX
MaTH3aIHI0 00y4YeHHUs, JAHHBIX KXy HEJEII0
MOHUTOPHUHT MOJIENEH, (aBTOMaTH3AIHA),
BEPCUOHHUPOBAHUE, TECTUPYET HOBbIE BEPCUU
CI/CD pnis ML repes] pa3BepThIBAHUEM
(CI/CD), oTkaThiBaeT
MOJIEJIb IIPU MaJIEHUN
KadecTBa (6€301macHOCTB)
FEATURE IIpouecc co3znanus, WcxonHbple naHHbIe: 1aTa
ENGINEERING otOopa u mpeobpazoBa- TpaH3aKI1U, CyMMa,

HUS IPU3HAKOB (features)
U3 CBIPBIX TAHHBIX IS
yJIy4lIEHHs] TPOU3BOIH-
TEIbHOCTH MOAenel
MAaIIMHHOTO 00Yy4EHHS.
Feature Engineering
4acToO BIIUSIET

marasuH. Feature
Engineering coznaer Ho-
BbI€ TIPU3HAKHU:

JICHb HEJCIU
(monenenbHUK = 0, ...,
BOCKpECEeHbE = 0);
BpEMSI CYyTOK
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TERM
(ENGLISH)

RUSSIAN
DEFINITION
Ha pe3yJbTaT CUiIbHEE,
4YeM BBIOOp anroputma

EXAMPLE

(yTpo/neHn/Beuep/HOYb);
JIeHb Mecsa (HaJao/ce-
pearHa/KoHel); cyMMa
OTHOCHUTEIHHO CPETHETO
YyeKa KJIMeHTa
(aHOMAaJIBHO 0OJIB-
11asi/MaJeHbKas ); Bpems,
MPONIEIIEE C MOCTETHEN
nokynku. Hosele npu-
3HAKHU MOBBIIIAIOT TOY-
HOCTh MOJICITH JETCKITUN
MOIIIEHHUYECTBa ¢ 78

10 91 %

AUTOML

ABTOMaTH3AIMS TIPO-
11ecca MalmHHOTO 00Y-
YEHUS: aBTOMATHYECKHI
BBIOOP MOJIEIH, TOA00D
TUIIEPIIApaMEeTPOB, KOH-
CTPYUPOBAaHME MTPU3HA-
KOB, Bayimganus. AutoML
II03BOJISIET NON-eXperts
co3zaBath 3P(HEeKTUBHbBIC
ML-Mmozaemu 6e3 riry6o-
KUX 3HAHUU

busnec-anammtuk 6e3
onbiTa B ML 3arpyxaer
JAHHBIE O MPOJAXKAX
(100 000 ctpok,

20 nmpu3HaKOB)

B AutoML mnatdopmy
(Google AutoML,
H20.ai). Cucrema aBTO-
MaTUYECKH MPOOyeT

15 anroputrmoB (0T JH-
HEWHOU perpeccuu 10
TpaleHTHOTO Oyc-
TUHTa), TOAOUPAET TUIIep-
napaMmeTpsl i Kaxao0ro,
BBIOMPAET JIYUILYIO MO-
nenb (XGBoost ¢ Touno-
cThi0 92 %), co3maet API
JUIS TIpeJicka3anuii. Bech
IpoLEece 3aHsI 2 4 pyd-
HOT'O BMENIATENIbCTBA




Index of Terms

TERM

ACCURACY

ACTIVATION FUNCTION

ADJUSTED R-SQUARED

ALTERNATIVE
HYPOTHESIS, H;

ANOMALY DETECTION

ANOVA

ARTIFICIAL
INTELLIGENCE

ASSOCIATION RULES

ATTENTION
MECHANISM

AUTOML

AUC

BACKPROPAGATION

BAGGING

BAYESIAN
CLASSIFICATION

BAYES THEOREM

BATCH SIZE

SECTION
COLOUR

SECTION TITLE

Section 3. Statistical models for
supervised learning

Section 4. Advanced topics:
unsupervised techniques, scalability,
and Al integration

Section 3. Statistical models for
supervised learning

Section 2. Exploratory data analysis
and descriptive statistics

Section 4. Advanced topics:
unsupervised techniques, scalability,
and Al integration

Section 2. Exploratory data analysis
and descriptive statistics

Section 1. Fundamentals of proba-
bility theory and statistical thinking

Section 4. Advanced topics:
unsupervised techniques, scalability,
and Al integration

Section 4. Advanced topics:
unsupervised techniques, scalability,
and Al integration

Section 4. Advanced topics:
unsupervised techniques, scalability,
and Al integration

Section 3. Statistical models for
supervised learning

Section 4. Advanced topics: unsu-
pervised techniques, scalability, and
Al integration

Section 4. Advanced topics:
unsupervised techniques, scalability,
and Al integration

Section 3. Statistical models for
supervised learning

Section 1. Fundamentals of proba-
bility theory and statistical thinking

Section 4. Advanced topics:
unsupervised techniques, scalability,
and Al integration




TERM

BERNOULLI
DISTRIBUTION

BIG DATA

BINARY
CLASSIFICATION

BINOMIAL
DISTRIBUTION

BIAS-VARIANCE
TRADEOFF

BOX PLOT

BOOSTING

CENTROID

CHI-SQUARE TEST

CLASSIFICATION

CLUSTERING

CONFIDENCE

CONFIDENCE INTERVAL

CONFIDENCE LEVEL

CENTRAL LIMIT
THEOREM

CONDITIONAL
PROBABILITY

CONFUSION MATRIX

CONTINUOUS RANDOM
VARIABLE

CONVOLUTIONAL
NEURAL NETWORKS,
CNN

SECTION
COLOUR
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SECTION TITLE

Section 1. Fundamentals of proba-
bility theory and statistical thinking

Section 1. Fundamentals of proba-
bility theory and statistical thinking

Section 3. Statistical models for
supervised learning

Section 1. Fundamentals of proba-
bility theory and statistical thinking

Section 3. Statistical models for su-
pervised learning

Section 2. Exploratory data analysis
and descriptive statistics

Section 4. Advanced topics:
unsupervised techniques, scalability,
and Al integration

Section 4. Advanced topics:
unsupervised techniques, scalability,
and Al integration

Section 2. Exploratory data analysis
and descriptive statistics

Section 3. Statistical models for
supervised learning

Section 4. Advanced topics:
unsupervised techniques, scalability,
and Al integration

Section 4. Advanced topics:
unsupervised techniques, scalability,
and Al integration

Section 2. Exploratory data analysis
and descriptive statistics

Section 2. Exploratory data analysis
and descriptive statistics

Section 1. Fundamentals of proba-
bility theory and statistical thinking

Section 1. Fundamentals of proba-
bility theory and statistical thinking

Section 3. Statistical models for su-
pervised learning

Section 1. Fundamentals of proba-
bility theory and statistical thinking

Section 4. Advanced topics:
unsupervised techniques, scalability,
and Al integration




TERM

CORRELATION

COVARIANCE

CRITICAL REGION

CROSS-VALIDATION

CUMULATIVE DISTRI-
BUTION FUNCTION, CDF

DATA CLEANING

DATA MINING

DATA SCIENCE

DATA VISUALIZATION

DBSCAN

DECISION BOUNDARY

DEEP LEARNING

DENDROGRAM

DEPENDENT VARIABLE

DESCRIPTIVE
STATISTICS

DIMENSIONALITY
REDUCTION

DISCRETE RANDOM
VARIABLE

DISTRIBUTED
COMPUTING

EIGENVALUE

SECTION
COLOUR
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SECTION TITLE

Section 2. Exploratory data analysis
and descriptive statistics

Section 2. Exploratory data analysis
and descriptive statistics

Section 2. Exploratory data analysis
and descriptive statistics

Section 3. Statistical models
for supervised learning

Section 1. Fundamentals of proba-
bility theory and statistical thinking

Section 2. Exploratory data analysis
and descriptive statistics

Section 2. Exploratory data analysis
and descriptive statistics

Section 2. Exploratory data analysis
and descriptive statistics

Section 2. Exploratory data analysis
and descriptive statistics

Section 4. Advanced topics:
unsupervised techniques, scalability,
and Al integration

Section 3. Statistical models for su-
pervised learning

Section 4. Advanced topics:
unsupervised techniques, scalability,
and Al integration

Section 4. Advanced topics:
unsupervised techniques, scalability,
and Al integration

Section 3. Statistical models
for supervised learning

Section 2. Exploratory data analysis
and descriptive statistics

Section 4. Advanced topics:
unsupervised techniques, scalability,
and Al integration

Section 1. Fundamentals of proba-
bility theory and statistical thinking

Section 4. Advanced topics:
unsupervised techniques, scalability,
and Al integration

Section 4. Advanced topics:
unsupervised techniques, scalability,
and Al integration




TERM

EIGENVECTOR

ELBOW METHOD

ELASTIC NET

EPOCH

ENSEMBLE METHODS

ETHICAL Al

EVENT

EXPECTATION-
MAXIMIZATION, EM

EXPLAINED VARIANCE

EXPLORATORY DATA
ANALYSIS, EDA

EXPECTED VALUE

EXPLAINABILITY

F-TEST

F1-SCORE

FAIRNESS

FALSE NEGATIVE, FN

FALSE POSITIVE, FP

SECTION
COLOUR
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SECTION TITLE

Section 4. Advanced topics:
unsupervised techniques, scalability,
and Al integration

Section 4. Advanced topics:
unsupervised techniques, scalability,
and Al integration

Section 3. Statistical models
for supervised learning

Section 4. Advanced topics:
unsupervised techniques, scalability,
and Al integration

Section 4. Advanced topics:
unsupervised techniques, scalability,
and Al integration

Section 4. Advanced topics:
unsupervised techniques, scalability,
and Al integration

Section 1. Fundamentals of proba-
bility theory and statistical thinking

Section 4. Advanced topics:
unsupervised techniques, scalability,
and Al integration

Section 4. Advanced topics:
unsupervised techniques, scalability,
and Al integration

Section 2. Exploratory data analysis
and descriptive statistics

Section 1. Fundamentals of probabil-
ity theory and statistical thinking

Section 4. Advanced topics:
unsupervised techniques, scalability,
and Al integration

Section 2. Exploratory data analysis
and descriptive statistics

Section 3. Statistical models
for supervised learning

Section 4. Advanced topics:
unsupervised techniques, scalability,
and Al integration

Section 3. Statistical models
for supervised learning

Section 3. Statistical models
for supervised learning




TERM

FALSE POSITIVE RATE,
FPR

FEATURE

FEATURE ENGINEERING

GAUSSIAN MIXTURE
MODELS, GMM

GENERATIVE Al

GRADIENT DESCENT

GRID SEARCH

HADOOP

HIERARCHICAL
CLUSTERING

HISTOGRAM

HOMOSCEDASTICITY

HETEROSCEDASTICITY

HYPERPARAMETERS

HYPOTHESIS TESTING

INDEPENDENCE

INDEPENDENT
VARIABLE

INTERCEPT

INTERQUARTILE
RANGE, IQR

SECTION
COLOUR
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SECTION TITLE

Section 3. Statistical models
for supervised learning

Section 3. Statistical models
for supervised learning

Section 4. Advanced topics:
unsupervised techniques, scalability,
and Al integration

Section 4. Advanced topics:
unsupervised techniques, scalability,
and Al integration

Section 4. Advanced topics:
unsupervised techniques, scalability,
and Al integration

Section 4. Advanced topics:
unsupervised techniques, scalability,
and Al integration

Section 4. Advanced topics:
unsupervised techniques, scalability,
and Al integration

Section 4. Advanced topics:
unsupervised techniques, scalability,
and Al integration

Section 4. Advanced topics:
unsupervised techniques, scalability,
and Al integration

Section 2. Exploratory data analysis
and descriptive statistics

Section 3. Statistical models
for supervised learning

Section 3. Statistical models
for supervised learning

Section 3. Statistical models
for supervised learning

Section 2. Exploratory data analysis
and descriptive statistics

Section 1. Fundamentals of proba-
bility theory and statistical thinking

Section 3. Statistical models
for supervised learning

Section 3. Statistical models
for supervised learning

Section 2. Exploratory data analysis
and descriptive statistics




TERM

INTERPRETABILITY

INTERVAL ESTIMATION

JOINT PROBABILITY

K-MEANS CLUSTERING

K-FOLD CROSS-
VALIDATION

KURTOSIS

LARGE LANGUAGE
MODELS, LLM

LASSO REGRESSION

LAW OF LARGE
NUMBERS

LEARNING RATE

LEAVE-ONE-OUT, LOO

LIFT

LIKELIHOOD

LINEAR REGRESSION

LOGISTIC REGRESSION

MACHINE LEARNING

MARGINAL
PROBABILITY

MEAN

MEAN ABSOLUTE
ERROR, MAE

SECTION
COLOUR

73

SECTION TITLE

Section 4. Advanced topics:
unsupervised techniques, scalability,
and Al integration

Section 2. Exploratory data analysis
and descriptive statistics

Section 1. Fundamentals of proba-
bility theory and statistical thinking

Section 4. Advanced topics:
unsupervised techniques, scalability,
and Al integration

Section 3. Statistical models
for supervised learning

Section 2. Exploratory data analysis
and descriptive statistics

Section 4. Advanced topics:
unsupervised techniques, scalability,
and Al integration

Section 3. Statistical models
for supervised learning

Section 1. Fundamentals of proba-
bility theory and statistical thinking

Section 4. Advanced topics:
unsupervised techniques, scalability,
and Al integration

Section 3. Statistical models
for supervised learning

Section 4. Advanced topics:
unsupervised techniques, scalability,
and Al integration

Section 3. Statistical models
for supervised learning

Section 3. Statistical models
for supervised learning.

Section 3. Statistical models
for supervised learning

Section 1. Fundamentals of proba-
bility theory and statistical thinking

Section 1. Fundamentals of proba-
bility theory and statistical thinking

Section 2. Exploratory data analysis
and descriptive statistics

Section 3. Statistical models
for supervised learning




SECTION
COLOUR

TERM

MEAN SQUARED
ERROR, MSE

MEASURES
OF CENTRAL
TENDENCY

MEASURES
OF DISPERSION

MEDIAN

MISSING DATA

MLOPS

MODE

MODEL DRIFT

MULTICOLLINEARITY

MULTIPLE LINEAR
REGRESSION

MULTICLASS
CLASSIFICATION

NAIVE BAYES

NEURAL NETWORK

NORMAL DISTRIBUTION

NULL HYPOTHESIS, H,

ONLINE LEARNING

OUTLIER

OVERFITTING

P-VALUE
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SECTION TITLE

Section 3. Statistical models
for supervised learning

Section 2. Exploratory data analysis
and descriptive statistics

Section 2. Exploratory data analysis
and descriptive statistics

Section 2. Exploratory data analysis
and descriptive statistics

Section 2. Exploratory data analysis
and descriptive statistics

Section 4. Advanced topics:
unsupervised techniques, scalability,
and Al integration

Section 2. Exploratory data analysis
and descriptive statistics

Section 4. Advanced topics:
unsupervised techniques, scalability,
and Al integration

Section 3. Statistical models
for supervised learning

Section 3. Statistical models
for supervised learning

Section 3. Statistical models
for supervised learning

Section 3. Statistical models
for supervised learning

Section 4. Advanced topics:
unsupervised techniques, scalability,
and Al integration

Section 1. Fundamentals of proba-
bility theory and statistical thinking

Section 2. Exploratory data analysis
and descriptive statistics

Section 4. Advanced topics:
unsupervised techniques, scalability,
and Al integration

Section 2. Exploratory data analysis
and descriptive statistics

Section 3. Statistical models
for supervised learning

Section 2. Exploratory data analysis
and descriptive statistics




TERM

PEARSON
CORRELATION

PERCENTILES

POINT ESTIMATION
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PASEA 1

OCHOBbBI TEOPHH BEPOSITHOCTEH
H CTATUCTHYECKOI'O MBIIIIAEHHUSA

1.1. BBeaeHnue B OOABIIIMNE AaHHBIE
H POABb CTATHCTHKH

B HCKYCCTBCHHOM HHTCAAECKTE

TEPMUWH 3HAYEHHUE MNPUMEP
BOJIBIIINE Big Data refers to extremely | The Safe City facial
JAHHBIE large and complex datasets recognition system pro-
(BIG DATA) that require specialized meth- | cesses millions of images

ods and technologies for pro- | from surveillance cam-
cessing and analysis. In the eras to train a neural
context of artificial intelli- network that automati-
gence, big data serves as cally identifies people in
a fundamental resource for video streams
training machine learning
models, enabling algorithms
to identify complex patterns
and dependencies
OBBEM Volume is a characteristic To train the Yandex.
JAHHBIX describing the scale of data. | Translate machine trans-
In Al tasks, data volume lation model, billions of
directly impacts model sentence pairs in differ-
quality: the more labeled data | ent languages are used,
available, the more accurately | requiring petabytes of
the algorithm can learn. data storage
However, this also requires
greater computational
resources and memory
CKOPOCTbDb Velocity is a characteristic The Yandex.Music
IF'EHEPALIUU describing the speed of data | recommendation system
JAHHBIX generation and processing. In | analyzes user actions

real-time systems such as au-
tonomous vehicles or high-
frequency trading algorithms,
data must be processed
within milliseconds to enable
instant decision-making

(plays, skips, likes) in
real-time and instantly
adapts the playlist to
current preferences
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using statistical methods. It

TEPMUWH 3HAYEHHUE IMPUMEP
PA3BHOOBPA3UE | Variety is a characteristic The YandexGPT
JAHHBIX describing various formats multimodal model simul-

and types of data. Modern Al | taneously analyzes text
systems work with multi- queries, images, and
modal data: text, images, voice commands
video, audio, numerical to provide comprehen-
indicators, geospatial data, sive answers to users
and time series
NCKYCCTBEH- Artificial Intelligence is a The Alisa voice assistant
HbI UHTEJI- field of computer science uses artificial intelli-
JIEKT focused on creating systems | gence for speech recog-
capable of performing tasks | nition, understanding
requiring human intelligence: | user intent, searching for
pattern recognition, natural information, and con-
language understanding, ducting conversations
decision-making, learning in natural language
from experience, and solving
complex problems
MAILIMHHOE Machine Learning is a subset | Sberbank's machine
OBYYEHHUE of artificial intelligence that | learning algorithm
uses statistical methods analyzes the history of
to automatically improve credit applications and
performance based on data. customer payments
Machine learning algorithms | to predict the probability
build mathematical models of default for new
based on training data borrowers
to make predictions or
decisions without explicit
programming
HAYKA Data Science is an interdisci- | A data scientist at Wild-
O JAHHBIX plinary field using scientific | berries analyzes cus-
methods, processes, algo- tomer behavior, demand
rithms, and systems to extract | seasonality, and external
knowledge and insights from | factors to optimize
structured and unstructured warehouse inventory and
data. Data Science combines | forecast sales
statistics, machine learning,
data analysis, and domain
expertise
CTATUCTH- Statistical Learning is a set of | A statistical learning
YECKOE tools for modeling and under- | method (linear regres-
OBYYEHUE standing complex datasets sion) is used on the Cian

service to predict
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TEPMUH

3HAYEHUE

includes regression,
classification, clustering,
and dimensionality reduction
methods to identify patterns
in data

IHPUMEP

apartment prices based
on their characteristics:
area, floor, district, and
year of construction

and machine learning
methods to forecast future
events based on historical
data and identify probabilistic
trends

MHTEJUIEKTY- Data Mining is the process of | The Pyaterochka chain
AJIbHBIN discovering hidden patterns, | stores apply Data Mining
AHAJIN3 anomalies, correlations, and | to analyze customer re-
JAHHBIX knowledge in large volumes | ceipts and discover asso-
of data using methods at the | ciation rules: “customers
intersection of statistics, ma- | who buy beer often buy
chine learning, and database | chips”, which optimizes
analysis product placement
IPEJJMKTUBHAS | Predictive Analytics is the Predictive analytics at
AHAJINTUKA use of statistical algorithms | Aeroflot airline forecasts

demand for tickets on
different routes, enabling
dynamic price changes
and flight load
optimization

1.2. TeopHsi BepOSITHOCTEH AAA HAYKH

0 JaHHBIX

TEPMUWH 3HAUEHHUE IMPUMEP
CIOYYAMHASA A random variable is The number of user
BEJIMYUHA a quantity that takes one clicks on an advertising

possible value as a result of | banner per day is
an experiment, unknown in | a random variable used
advance and dependent on | to optimize advertising
random causes. In machine | campaigns
learning, random variables | in “Yandex Direct”
model uncertainty in data
and predictions
JUCKPETHAS A discrete random variable | The number of errors in
CIYYAHHAS is a random variable that can | code before successful
BEJIMYUHA take a finite or countable set | compilation is a discrete

of values. Discrete variables
are characteristic of classifi-
cation tasks, event counting,
and categorical data

random variable that can
be used to assess
development quality
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TEPMUH 3HAYEHHUE MNPUMEP
HEIIPEPBIBHAS A continuous random Server response time (in
CIYYAMHASA variable is a random varia- | milliseconds) is a contin-
BEJIMYUHA ble that can take any values | uous random variable

from a certain interval critically important
(finite or infinite). for monitoring
Continuous variables are web-service performance
used to model physical
measurements, time, and
probabilities
PACIIPE- A probability distribution is | The delivery time distri-
AEJIEHUE _ | a function or rule describing | bution for “Yandex Food”
BEPOSITHOCTEU | the probability of a random | orders is described by a
variable taking various pos- | lognormal distribution:
sible values. Probability dis- | most deliveries take
tributions are the foundation | 3045 minutes, but longer
of statistical modeling in Al | times are possible
O YHKHUA Probability Mass Function is | Probability function for
BEPOATHOCTH a function that defines the the number of support
probability distribution for | requests per hour:
a discrete random variable. | P (0)=0,1; P (1) =0,2;
PMF assigns a probability P(2)=03;P3)=0,25;
to each possible value, with | P (4)=0,15
the sum of all probabilities
equal to 1
OYHKIUA Probability Density Func- The battery life density
IVIOTHOCTH tion is a function describing | distribution of a
BEPOSITHOCTH | the probability density for a | smartphone describes
continuous random variable. | that 8—10 hours of opera-
The area under the PDF tion is most likely, while
curve on interval [a, b] values less than 4 or
equals the probability that more than 14 hours are
the random variable falls unlikely
within that interval
OYHKUUA Cumulative Distribution The page load time distri-
PACIIPEJE- Function is a function defin- | bution function shows
JIEHUA ing the probability that a that 90 % of users see the
random variable takes page fully loaded within
a value less than or equal to | 2 seconds or faster (Page
a given value. CDF is used | Load Time metric)
to calculate percentiles and
quantiles in data analysis
MATEMATMU- Expected Value is the The expected value of
YECKOE weighted average value of | product sales per day
OXUNJIAHUE a random variable, where 1S 15 units — this value
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TEPMUWH 3HAUYEHHUE IMPUMEP
weights are probabilities. is used to optimize ware-
Expected value character- house inventory
izes the “center” of the
distribution and is used as
a forecast in regression tasks
JTUCIIEPCUSA Variance 1s a measure of the | The variance of an in-
spread of a random variable | vestment portfolio’s re-
around its expected value. turn shows risk: two port-
Variance shows the degree | folios with the same ex-
of uncertainty or risk: high | pected return of 10 % can
variance means greater vari- | have different variances —
ability of results 2 % (stable) or 15 %
(risky)
CTAHJIAPTHOE The square root of variance, | The model’s prediction
OTKJIOHEHHE measured in the same units | error has a standard
as the random variable deviation of 5 %: if the
itself. Standard deviation is | average accuracy
interpreted as the “typical is 85 %, most predictions
deviation” from the mean fall in the range
and 1s used to assess model | of 80-90 % accuracy.
accuracy. In machine learn- | The standard deviation
ing, standard deviation helps | of food delivery time
evaluate the stability is 8 minutes: if the
of predictions: a low average time
standard deviation indicates | is 35 minutes, most
that data points are deliveries take between
clustered close to the mean | 27 and 43 minutes
(consistent model
performance), while a high
standard deviation
indicates that values are
spread out over a wider
range (high variability
or uncertainty)
YCIIOBHAA Conditional Probability is The probability that a
BEPOSITHOCTD the probability of an event | user will buy a product
given that another event has | (event 4), given that they
already occurred. Condi- added it to the cart
tional probabilities underlie | (event B), is 0,65 — this is
Bayesian networks, naive used to predict conver-
Bayesian classifiers, and sion in online stores
many Al algorithms
TEOPEMA Bayes Theorem is a funda- | A fraud detection system
BAWECA mental theorem of probabil- | uses Bayes Theorem:

ity theory that quantitatively

if a transaction is made
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TEPMUH 3HAYEHHUE MNPUMEP
determines the probability in an unusual location
of an event based on prior and for a large amount,
knowledge of conditions the probability of fraud
that may be related to the increases from 0,1 %
event. Bayes Theorem is the | (prior) to 78 %
basis of Bayesian machine | (posterior)
learning and spam filtering
HE3ABU- Independence is a property | Dice roll results
CUMOCTDb of events where the occur- at different times are
COBBITUH rence of one does not affect | independent — this
the probability of the other. | property is used when
The assumption generating random
of independence simplifies | numbers for initializing
calculations in probabilistic | neural network weights
models, but real data often
shows dependence
CJIYYAHHDBIN A random experiment is A/B testing of two
OKCIIEPUMEHT | a process whose result is un- | landing page versions is
predictable, but the set of all | a random experiment
possible outcomes is known. | where the result (conver-
In machine learning, sion) depends on random
random experiments model | distribution of users
the stochasticity of data and | between variants
algorithms
ITPOCTPAHCTBO | Sample Space is the set of | For a binary classifica-
SJIEMEHTAPHBIX | all possible outcomes of tion task (spam/not
HNCXO/J0B a random experiment. The spam), the outcome space
outcome space defines the consists of two elements:
range of values in which the | {spam, not spam}. For
probabilistic model operates | MNIST digit recognition —
{0,1,2,3,4,5,6,7,8,9}
COBBITHUE An event is a subset of the The event “a user made
sample space with a certain | a purchase” includes out-
property. Events are used to | comes: purchase of any
formulate hypotheses amount, in any product
in statistical testing and 4/B | category, by any payment
experiments method
COBMECTHASA Joint Probability is the The joint probability that
BEPOATHOCTDb probability of two or more a user will both click on

events occurring simultane-
ously. Joint probability
distributions model
relationships between
features in multidimensional
data

an ad AND buy a product
is 0,03 — this is used to
calculate expected profit
from an advertising
campaign
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MAPI'MHAJIBHAS | Marginal Probability is the | The probability of pur-
BEPOSATHOCTD probability of an event chasing a product

without considering other (regardless of whether
events, obtained by the user clicked on an ad
summing (or integrating) or came organically)
the joint probability over all | is 0,12 — this is
possible values of other the marginal conversion
variables probability
PACHPEJAEJIEHUE | Bernoulli Distribution is a The result of a model’s
BEPHYJIUIN discrete distribution with prediction: whether a
two possible outcomes: suc- | user will click on an ad
cess (1) with probability p (1 with probability
and failure (0) with proba- | p =0,25) or not (0 with
bility 1 — p. Bernoulli distri- | probability 0,75)
bution models binary events
in classification
BUHOMMAJIBHOE | Binomial Distribution is the | The probability that
PACHPEJAEJIEHHUE | distribution of the number exactly 15 out of
of successes in a sequence 100 website users will
of an independent Bernoulli | make a purchase with
trials with the same proba- | a 12 % conversion rate
bility of success p. Binomial | is described by the
distribution is used for A/B | binomial distribution
testing and classifier accu-
racy estimation
HOPMAJIBHOE Normal Distribution is a The height of mobile app
PACHPEJAEJIEHHUE | continuous symmetric users follows a normal
distribution about the mean | distribution with a mean
value, characterized by of 170 cm and a standard
parameters 1 (mean) and 6> | deviation of 10 cm
(variance). Normal distribu-
tion is fundamental for sta-
tistical inference and many
machine learning algorithms
PACIIPEJIEJIEHHUE | Poisson Distribution is a The number of server
IIYACCOHA distribution describing the failures per hour

number of events occurring
over a fixed time interval,
assuming events occur
independently with a con-
stant average intensity.
Poisson distribution models
rare events

(averaging 0,5 failures) is
described by the Poisson

distribution — this is used
for resource planning and
SLA
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IHPUMEP

PABHOMEPHOE Uniform Distribution is a When initializing neural
PACIIPEJAEJIEHHUE | distribution where all network weights, values
outcomes are equally likely. | are selected from
Uniform distribution is used | a uniform distribution on
for initializing neural the interval [-0,1; 0,1]
network weights and
generating random numbers
3AKOH BOJIBHIUX | Law of Large Numbers is Model prediction
YUCEJI a theorem stating that accuracy stabilizes as
the sample mean converges | the test sample increases:
to the expected value as the | on 10 examples accuracy
sample size increases. may be 70 %;
The Law of Large Numbers | on 1000 examples — 84 %;
justifies the need for big on 10 000 examples —
data to train Al models 85,2 % (approaching
the true value)
HEHTPAJIBHASA Central Limit Theorem is The average app rating
MPEJAEJIbHAS a theorem stating that in the App Store (based
TEOPEMA the sum of a large number on thousands of reviews)

of independent random
variables has an
approximately normal
distribution, regardless
of the distributions

of individual summands.
CLT justifies the use

of normal distribution

in statistical tests

and confidence intervals

has a normal distribution,
even if individual ratings
are unevenly distributed —
this allows building
confidence intervals

for the average rating




PASIEA 2

PA3BEOYHbBIN AHAAHU3 JAHHBIX
H OITUCATEABHASA CTATHCTHKA

2.1. [IpHHIHUIIBI OMHCAHHSA JAHHBIX

TEPMUWH 3HAUYEHHUE IMPUMEP
PA3BEJIOUYHBIHA An approach to analyzing | In a data scientist's practice,
AHAJIN3 datasets to summarize exploratory analysis helps
JAHHBIX their main characteristics, | identify outliers and anom-

often using visual meth- | alies before training mod-
ods. EDA helps under- els: for example, when ana-
stand data structure, iden- | lyzing transaction data, one
tify anomalies, check as- | can detect erroneous pur-
sumptions, and determine | chase amounts (negative
important variables before | numbers or unrealistically
building machine learning | large values) that need to
models be corrected or removed
OIIMCATEJIBHAS | Methods of summarizing | When analyzing an online
CTATUCTHUKA and describing the main store's customer database,
characteristics of a dataset | descriptive statistics show:
using numerical indicators | average check is 2500
and graphs. Descriptive rubles, median check is
statistics includes 1800 rubles, standard
calculation of measures deviation is 1200 rubles,
of central tendency indicating significant
(mean, median, mode), variation in purchase
measures of spread amounts
(variance, standard
deviation, range),
and visualization
of distributions
MEPBI Statistics describing the When analyzing IT
IEHTPAJIBHOM center of data distribution | company employee sala-
TEHAEHIIUU or typical value in a da- ries, the average salary may

taset. Main measures:
arithmetic mean, median,
and mode. Choice of
measure depends on data

be 150,000 rubles, but due
to high top management
salaries, the median is
95,000 rubles, better

type and presence reflecting the typical
of outliers income level of most
employees
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CPE/THEE The sum of all values Mobile app response time
APUDOMETHYE- divided by their count. The | per day: if values
CKOE arithmetic mean is sensi- of 120, 130, 125, 140 ms

tive to outliers and extreme | and one failure — 2500 ms
values, which can distort are recorded, the mean will
the representation of typi- | be 603ms, which does not
cal value in data with reflect typical system
asymmetric distribution performance
MEJIUAHA The middle value of an When analyzing food cou-
ordered sample: if the rier delivery times per shift:
number of observations is | out of 100 deliveries,
odd, the median is the 95 took 2040 minutes, and
central value; if even — 5 deliveries took over
the average of two central | 90 minutes due to complex
values. The median is ro- | orders. Median time of
bust to outliers and better | 28 minutes better reflects
characterizes typical value | typical delivery speed than
in asymmetric distributions | the mean of 35 minutes
MOJA The most frequently oc- In web service error logs
curring value in a dataset. | for a week, the most com-
Mode is especially useful | mon error (mode) is
for categorical data and “Timeout database connec-
discrete variables. In mul- | tion” (occurs 247 times),
timodal distributions, indicating a database con-
there can be several nection pool problem and
modes helping prioritize fixes
MEPBI PASBPOCA | Statistics describing data | Two development teams
variability, i.e., how show the same average task
values are scattered rela- | completion speed — 8 story
tive to the center. Main points per sprint. But the
measures: range, variance, | first team has standard
standard deviation, deviation 1,5 points (stable
interquartile range (IQR) | work), and the second —
4 points (unpredictable per-
formance), which is critical
for release planning
PABMAX The difference between Website page load time

maximum and minimum
values in a dataset. Range
gives a simple estimate of
variability but is ex-
tremely sensitive to outli-
ers and does not account
for value distribution
within the range

range: minimum time

0,8 seconds, maximum

45 seconds (due to rare
failures). Range of

44,2 seconds creates a false
impression of instability,
while 99 % of requests load
in 0,8-2,5 seconds
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MEXKBAPTUJIb- | The difference between When analyzing Python
HbIN PABMAX the third (O3, 75th per- junior developer salaries:

centile) and first (Q1, 25th | 01 = 60,000 rub.;
percentile) quartiles. IQR | O3 = 95,000 rub.;
shows the spread of the IQR = 35,000 rub. This
middle 50 % of data and | means the middle 50 % of
is robust to outliers, mak- | specialists earn salaries in
ing it a preferred measure | the range of 60-95 thou-
of spread for asymmetric | sand, giving a realistic view
distributions of the market without influ-
ence of extremely high and
low values
KBAHTUJIN Points dividing an ordered | The 95th percentile of API
sample into equal parts. response time is 450 ms:
A quantile of level p di- this means 95 % of requests
vides data so that p - 100 % | are processed faster than
of observations lie below 450 milliseconds. This in-
this value. Special cases: dicator is used in SLA (Ser-
quartiles (division into vice Level Agreement)
4 parts), percentiles instead of average response
(division into 100 parts) time, as it better reflects the
experience of most users
NPOIEHTUJIN Division of ordered data | The 90th percentile of mo-
into 100 equal parts. bile app load time is
The nth percentile shows | 2,3 seconds: 90 % of users
the value below which see the fully loaded inter-
n % of observations fall. face faster than this value,
Percentiles are widely while the remaining 10 %
used for system perfor- face slower loading due to
mance analysis and slow internet or old devices
setting threshold values
KBAPTUJIN Division of ordered data | Analysis of student scores
into 4 equal parts. First on a machine learning
quartile (Q1) corresponds | exam: Q1 = 62 points;
to 25th percentile, second | Q2 (median) = 74 points;
quartile (Q2) — median 03 = 85 points.
(50th percentile), third This shows that 25 % of
quartile (Q3) — 75th per- | students scored less than
centile. Quartiles describe | 62 points, 50 % — less than
data distribution and are 74 points, and 75 % — less
used to identify outliers. than 85 points, helping
assess exam difficulty
ACUMMETPUS A measure of distribution | The income distribution of
PACHPEAEJIEHUSA | asymmetry relative to the | premium subscription users

mean value. Positive

of a streaming service has
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skewness (right-sided) in- | positive skewness: most
dicates a long right tail of | pay the base price
distribution (most values | of 299 rubles per month,
concentrated on the left), | but a small group of corpo-
negative — left-sided rate clients pays tens of
asymmetry thousands of rubles,

creating a long right tail

9KCIHECC A measure of the sharp- The daily stock return dis-
ness of the distribution tribution of a technology
peak and tail heaviness company has high kurtosis:
compared to normal dis- | most days show small vari-
tribution. High kurtosis ability (sharp peak near
(positive) indicates heavy | 0 %), but periodically there
tails and a sharp peak are sharp price jumps of
(more outliers), low kur- | 1015 % (heavy tails),
tosis (negative) a flat dis- | which is critical for risk
tribution with light tails assessment

BbIBPOC An observation that dif- In server monitoring sys-
fers significantly from tems, a processor tempera-
other observations in the | ture of 125 °C was rec-
sample. Outliers may orded with typical values of
indicate data errors, rare | 45-70 °C. This outlier may
events, or important indicate a cooling system
anomalies. In machine failure, sensor error, or ex-
learning, outliers can dis- | treme load — immediate
tort models and require verification is required to
special handling prevent equipment damage

AINIUK A graphical representation | When comparing the per-

C «<YCAMN»

of a five-number sum-
mary of data: minimum
value, first quartile (Q1),
median (Q2), third quar-
tile (03), and maximum
value. The box covers the
interquartile range (IQR),
“whiskers” show the data
range, and points beyond
whiskers are outliers

formance of three classifi-
cation algorithms, boxplots
show: algorithm 4 has me-
dian accuracy 87 % with
small spread, algorithm B —
89 % but with larger
spread, algorithm C — 85 %
with several downward
outliers. This helps choose
a stable algorithm

for production

I'MCTOI'PAMMA

A graphical representation
of numerical data distribu-
tion: the value range is di-
vided into intervals (bins),
and for each interval the
frequency (count) of hits

A histogram of user session
times on a website shows a
bimodal distribution: first
peak at 2—3 minutes (quick
view and leave), second
peak at 15-20 minutes
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is displayed. Histogram (engaged users). This helps
visualizes distribution segment the audience and
shape, modality, and optimize content
asymmetry

JAUATPAMMA A graph for displaying the | A scatter plot of apartment

PACCESIHUA relationship between two | price vs. area dependence
numerical variables: each | shows positive correlation:
point represents an obser- | as area increases, price
vation with coordinates increases. Outliers are also
(x, ¥). Scatter plot helps visible — elite apartments
identify linear or nonlin- | with abnormally high price
ear dependencies, per square meter and
clusters, and outliers in clusters by city districts
two-dimensional data

KOPPEJIALIUSA A statistical relationship | A strong positive correla-
between two variables tion was found between the
showing how change in number of YouTube video
one variable is related to | views and the number of
change in another. Corre- | likes (» =0,78). However,
lation does not imply this does not mean likes
causation (correlation cause views: both indicators
does not imply causation) | depend on content quality

and author popularity

KOPPEJISALIUSA A measure of linear corre- | Pearson correlation be-

IMUPCOHA lation between two varia- | tween time spent studying
bles, taking values a data science course and
from —1 to +1. Value +1 final grade is » = 0,65
indicates perfect positive | (moderate positive
linear dependence; correlation): students who
—1 — perfect negative; spent more hours
0 — no linear connection. | on material tend to receive
Requires normal data higher grades
distribution

KOPPEJIALIUA A measure of monotonic | When analyzing employee

CIIMPMEHA (not necessarily linear) satisfaction (ratings from

relationship between
variables, based on value
ranks rather than values
themselves. Spearman
correlation is used for
non-normally distributed
data, ordinal scales, and in
the presence of outliers

1 to 5) and their productiv-
ity (number of completed
tasks), Spearman
correlation p = 0,42 shows
moderate positive relation-
ship: more satisfied
employees tend to work
more productively, even if
the dependence is nonlinear
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KOBAPHUALIUSA A measure of joint The covariance between
variability of two random | a company’s stock price
variables showing and trading volume is posi-
the direction of their tive: when price rises,
linear relationship. trading activity usually
Positive covariance increases. However,
indicates variables change | the absolute covariance
in the same direction, value is difficult to inter-
negative — in opposite pret without normalization,
directions. Unlike correla- | so correlation coefficient is
tion, covariance depends | used to compare
on data scale relationship strength
BU3YAJIM3AILIUA | Graphical representation | An interactive dashboard in
JAHHBIX of data and information Tableau shows key metrics
using visual elements of an online store: sales
(graphs, diagrams, maps, | dynamics, order geography,
dashboards). Visualiza- funnel conversion, top
tion helps quickly identify | products. Managers assess
patterns, anomalies, the situation and make
trends, and relationships | decisions in seconds
that are difficult to detect | instead of studying tables
when analyzing raw data | with thousands of rows
MNPONIYHIEHHBIE | Missing values in a da- In a customer income
JTAHHBIE taset that may occur due survey, 30 % of respondents
to collection errors, users | did not specify the amount.
refusing to answer Simply deleting these rows
questions, or equipment will bias the sample toward
failures. Missing data more open customers. Better
leads to biased estimates | to use Multiple Imputation
and reduced model quality | or add a missing indicator
if not handled correctly as a separate feature
OUUCTKA The process of detecting | When preparing transaction
JAHHBIX and correcting errors in data for an ML model,

data: handling missing
values, removing dupli-
cates, correcting incorrect
formats, eliminating
outliers, standardizing
categories. Data cleaning
takes 60—80 % of time in
data science projects

cleaning includes: remov-
ing test transactions with
0 ruble amount, correcting
dates in wrong format,
merging duplicate
categories (“Moscow” and
“moscow”’), replacing
outliers (10 million ruble
purchases) with maximum
realistic value
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H IIpPpOBepKa rHimoTe3s
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CTATUCTUYECKMM | The process of using Based on a survey of 1500
BbIBO/I sample data to draw con- | mobile app users (sample),

clusions about the popu- | we conclude about the en-
lation: estimating param- | tire base of 2 million users
eters, testing hypotheses, | (population): 68 + 3 % are
building confidence in- | satisfied with the new inter-
tervals. Statistical infer- | face with 95 % confidence
ence allows generalizing
experiment results to the
entire population consid-
ering uncertainty
TOYEYHOE Estimation of a popula- | The average courier deliv-
OUEHUBAHUE tion parameter by a sin- | ery time for a week was
gle number based on 32 minutes — this is a point
a sample. Examples: estimate of the average
sample mean (estimate delivery time for the entire
of expected value), population of orders.
sample variance (esti- However, point estimate
mate of population vari- | does not show uncertainty
ance), sample proportion
(estimate of event proba-
bility)
MHTEPBAJIbHOE Estimation of a parame- | Confidence interval for
OIIEHMBAHHUE ter as an interval of val- | landing page conversion:
ues (confidence interval) | 12,5 + 1,8 % (at 95 %
that contains the true confidence level). This
parameter value with a means the true conversion
given probability. Inter- | of the population lies
val estimation is more between 10,7 and
informative than point 14,3 %, not exactly 12,5 %
estimation as it shows
estimate uncertainty
JIOBEPUTEJIbHBIN | An interval of values 95 % confidence interval
HMHTEPBAJI that contains the true for average Python devel-

value of the estimated
parameter with a given
confidence probability.
Interval width depends
on sample size, data
variability, and chosen
confidence level

oper salary in Moscow:
145,000 + 12,000 rubles.
Interpretation: if we repeat-
edly take samples and build
intervals, 95 % will contain
the true mean salary

93




TEPMUH 3HAYEHHUE IMMPUMEP
JNOBEPUTEJIbHASL | The probability that In A/B testing a new
BEPOSTHOCTD the confidence interval feature, we use 95 %

contains the true parame- | confidence level: if the
ter value. Common confidence interval of con-
confidence levels: 90, version difference does not
95, 99 %. Higher confi- | include zero, we conclude
dence level gives wider | statistical significance
interval (more uncer- of the effect
tainty) but greater
reliability
ITPOBEPKA A procedure for testing | Testing hypothesis about
CTATUCTH- statements about popula- | new recommendation
YECKUX I'MIIOTE3 | tion parameters based on | algorithm efficiency: null
sample data. Includes hypothesis Ho — average
formulating null and check unchanged,
alternative hypotheses, alternative Hi — average
choosing significance check increased. After
level, calculating test collecting data and calcu-
statistic, and deciding to | lating p-value = 0,023,
reject or not reject null we conclude statistical
hypothesis significance
HYJIEBASI The hypothesis being When comparing two
I'MIIOTE3A, H, tested and that research- | classification models, null
ers try to reject. Null hy- | hypothesis: new model
pothesis usually states no | accuracy equals current
effect, no differences, or | production model accuracy
no relationship between | (difference = 0).
variables (“status quo”). | Alternative: new model
In ML, Hy often states 1S more accurate.
new model is not better | If p-value < 0,05,
than baseline we reject Ho
AJIbTEPHATUB- The hypothesis In testing a new website
HAS I'NIIOTE3A, contradicting the null. button, alternative hypothe-
H, Alternative hypothesis sis: new version conversion

states presence of effect,
differences, or relation-
ship. Can be one-sided
(parameter greater

or less) or two-sided
(parameter not equal)

is higher than current
(one-sided test). If data
shows statistically
significant increase with
p-value = 0,01, we accept
H,

YPOBEHb
3HAYUMOCTHN, a

Probability of rejecting
the null hypothesis when
it is true (Type I error).
Significance level is the
threshold for p-value

When launching A4/B test,
we set o = 0,05.

If p-value = 0,03 (< 0,05),
we reject null hypothesis
about no difference and
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below which result is conclude effect signifi-
considered statistically cance. Risk: 5 % chance we
significant. Standard falsely conclude effect
a=0,05 (5 %) exists

P-3HAYEHUE Probability of obtaining | After comparing two
observed or more algorithms, we got
extreme results assuming | p-value = 0,008. This
the null hypothesis is means: if algorithms were
true. Small p-value (less | equally effective (Ho true),
than significance level a) | probability of observing
indicates data incompati- | such accuracy difference
bility with Ho and is would be only 0,8 %.
grounds for rejection We conclude significant

difference

OIHINBKA Rejection of a true null | Launching a new app

IMEPBOI'O POJA hypothesis (false posi- feature showed statistically
tive). Type I error proba- | significant engagement
bility equals significance | increase (p < 0,05),
level a. In business, we deployed it. A month
Type I error is imple- later metrics returned to
menting a change that baseline: initial effect was
doesn’t actually work, false positive (Type I error)
leading to wasted costs

OIIINBKA Acceptance (failure New fraud detection algo-

BTOPOI'O POIA to reject) of a false null | rithm is really 15 % more
hypothesis (false accurate, but due to small
negative). Type Il error | sample (only 200 transac-
means missing a real tions) test didn’t find
effect. Type Il error significance (p = 0,12).
probability is denoted B. | We rejected effective
Test Power =1 - algorithm — this is Type II

error

MOIIIHOCTb Probability of correctly | Before launching 4/B test,

TECTA rejecting a false null we calculate required sam-
hypothesis (1 — B). ple size for power 0,8 at
Power shows test’s expected effect 5 % and
ability to detect an effect | a = 0,05. We get: need
if it truly exists. For minimum 2000 users per
reliable results, power group. Smaller sample risks
should be at least 0,8 missing real effect
(80 %)

TECTOBASI A statistic calculated When comparing means of

CTATUCTHKA from sample to test two groups, we calculated

hypothesis (z-statistic,
z-statistic, y?, F-statistic).

t-statistic = 2,47. From
Student’s #-distribution
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Test statistic is compared | table for a = 0,05 and
with critical value or df =58, we find critical
used to calculate value t_crit = 2,00. Since
p-value. Distribution is | |2,47| > 2,00, we reject Ho
known when Hy is true

KPUTUYECKAS The set of test statistic For two-sided z-test at

OBJIACTDb values for which the null | a = 0,05, critical region:
hypothesis is rejected. z<-1,96 or z> +1,96.
Critical region is deter- | Calculated z-statistic = 2,31
mined by significance falls in critical region
level a and alternative (2,31 >1,96), so we reject
hypothesis (one-sided or | Hoat 5 % significance level
two-sided)

T-TECT Statistical test for com- | We compare API response
paring means using Stu- | time before and after
dent’s ¢-distribution. Ap- | optimization: sample of
plied when population 25 measurements showed
variance is unknown and | #-statistic = 3,12 at df = 24.
estimated from sample p-value = 0,004 < 0,05, we
(especially important for | conclude statistically
small samples n < 30) significant performance

improvement

Z-TECT Test based on normal We test hypothesis about
distribution (z-distribu- | landing page conversion:
tion). Applied for large | out of 5000 visitors,
samples (n > 30) or 625 completed target action
when population (12,5 %). With known vari-
variance is known. For | ance and large n, we use
proportions and means at | z-test. z-statistic = 1,89;
large n, z-test and ¢-test | p-value = 0,059 — differ-
give similar results ence with target 11 % is not

significant at 5 %

XU-KBAJPAT- Test for checking We check dependence

TECT independence of two between user gender and
categorical variables or | tariff choice (basic/
fit to theoretical distribu- | premium). Contingency
tion. > test compares table 2x2 gives y*> = 8,73,
observed frequencies df=1, p-value = 0,003.
with expected frequen- | We reject independence
cies under null hypothesis: men and
hypothesis women differ significantly

in tariff choice

JIMCIIEPCUOHHBIN | Method for comparing We compare efficiency of

AHAJIU3 means of three or more | three marketing channels

groups simultaneously.
ANOVA tests null

(email, social, context)
by average customer
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hypothesis about equal- | acquisition cost. One-way
ity of all group means. If | ANOVA:

ANOVA shows signifi- | F'(2,87)=5,34; p = 0,006.
cance, post-hoc tests Channels differ signifi-
(Tukey, Bonferroni) are | cantly. Post-hoc Tukey
conducted for pairwise shows: context is more
comparisons expensive than email
F-TECT Test using F-distribution | In ANOVA for comparing
for comparing variances | four ML models:
or in ANOVA for com- | F-statistic =4,67;
paring multiple means. df between = 3;
F-statistic is ratio of two | df within = 96; p = 0,005.
variances. When Models differ significantly
comparing variances, in accuracy. Gradient
F-close to 1 indicates boosting shows highest
equality mean accuracy (92,3 %)
qyucJio Number of independent | For #-test of two independ-
CTEINIEHEN values in statistic calcu- | ent samples size n1 = 30
CBOBO/JIbI lation, equal to sample and no= 35, degrees of
size minus number freedom:
of estimated parameters. | df=ni +n>—2 =63. From
Degrees of freedom t-distribution table for
affect shape of df=63 and a = 0,05
t-distribution, (two-sided), we find critical
y>-distribution, value t_crit = 1,998
and F-distribution
PA3BMEP Quantitative measure of | We compared two models:
IOPEKTA the strength of the stud- | new model is significantly
ied phenomenon, inde- | more accurate (p = 0,001),
pendent of sample size. | but Cohen’s d = 0,12 (very
Popular measures: small effect). Accuracy dif-
Cohen’s d (for mean dif- | ference 0,3 % is significant
ference), n? (eta-squared | due to large sample, but
for ANOVA), odds ratio | practically insignificant for
(for binary outcomes) business
PABMEP Number of observations | To detect 2 % conversion
BBIGOPKHA in a sample. Larger sam- | increase (from 10 %

ple size provides more
accurate estimates, nar-
row confidence intervals,
and high test power.
However, after certain
limit accuracy gain
becomes insignificant

to 12 %) at power 0,8 and
a = 0,05, needed sample
size is 3853 observations
per group. Smaller sample
(e.g., 500) won't detect
effect even if real (low
power)




PASEA 3

CTATHCTHYECKHE MOIAEAH
AASL OBYYEHHS C YHHTEAEM

3.1. PerpeccHsi CO CTaTHCTHYECKOH

TOYKH 3PCHHSA
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OBYUYEHHUE Type of machine learn- | Bank credit scoring sys-
C YUUTEJIEM ing where algorithm tem learns on historical

learns on labeled data, borrower data: for each
1.€., data with known client features are known
correct answers (target | (age, income, credit his-
variables). Model learns | tory) and target variable
to find relationship be- (repaid credit or not).
tween input features and | After training, model
output value to make predicts default probabil-
predictions for new data | ity for new applicants
PEI'PECCUS Method of modeling “Yandex.Real” Estate
relationship between de- | service uses regression
pendent (target) to predict apartment
variable and one or more | prices: based on features
independent (area, floor, district, year
variables (features). built) model predicts
Regression analysis is market price in rubles —
used for predicting a continuous numerical
continuous numerical value
values, not categorical
labels
3ABUCHUMAS The variable that In forecasting demand
INEPEMEHHAS the model predicts for goods in Wildberries
or explains; also called | store, dependent variable
target variable is the number of sales
or response. Dependent | of specific product per
variable “depends” on day — exactly this value
values of independent we want to predict based
variables (features) on features
HE3ABUCHUMAS Variable used for pre- When predicting
INEPEMEHHASI dicting dependent varia- | “Yandex.Food” delivery

ble; also called feature,
predictor, or explanatory
variable.

time, independent varia-
bles are: distance from
restaurant to client, time
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Independent variables of day, day of week,
are considered model weather, number of
input data orders with courier — all
these features affect
target variable
MNPU3HAK A single measurable In email spam recogni-
characteristic of an tion system, features
observed phenomenon; a | include: number of
single column in words in email, presence
a dataset. Features can of certain keywords
be numerical (age, “win”, “free”’), number
income), categorical of links, sender domain,
(gender, city), or binary | sending time, attach-
(discount available: ments — each feature
yes/no) helps model distinguish
spam
HEJIEBASI The variable that the In Sberbank fraud detec-
INEPEMEHHAS model tries to predict; tion task, target variable
synonym of dependent | takes two values:
variable. In classifica- 1 (fraud) or O (legitimate
tion tasks target variable | operation). Model
takes categorical values | analyzes transaction
(classes), in regression | features and predicts
tasks — continuous nu- probability of belonging
merical values to fraud class
JIMHEWHAS Regression analysis Model predicts car fuel
PEI'PECCUSA modeling linear consumption based on
relationship between distance traveled: if car
dependent variable and | consumes 8 liters per
one or more independent | 100 km, linear depend-
variables. Linear ence is y = 0,08x, where
regression assumes x is distance in km, y is
change in dependent fuel consumption
variable is proportional | in liters
to change in predictors
MMPOCTAS Regression with one Analysis of dependence
JMHEUHASA independent variable between air temperature
PEI'PECCUA (one feature). Simple and ice cream sales at a

linear regression

is described by equation
y=P1 + Pix + &, where
Bo is intercept, P is
slope coefficient, € is
random error

kiosk: when temperature
rises by 1 °C, sales
increase by average

15 portions. Regression
equation: sales = 50 +

+ 15 X temperature,
where 50 is baseline
sales at 0 °C
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MHOXECTBEHHAS | Regression with several | Courier delivery cost
JUHENHAS independent variables forecasting considers
PEI'PECCUS (several features). several features: distance

Multiple regression is (km), order weight (kg),
described by equation time of day (hour), day
y=Bo+ Bix; + Paxz +... | of week, weather
+ Bux, + €, allowing to conditions. Equation:
account for influence of | cost=100 + 15 x
multiple factors simulta- | x distance + 5 x weight +
neously + 20 x night tariff
KOO OUIIUEHTDI Model parameters (B1, In developer salary
PEI'PECCHUH B2, ..., Bn) determining prediction model,

contribution of each
independent variable to
dependent variable
prediction. Coefficient
shows by how many
units target variable
changes when corre-
sponding predictor
changes by one unit

regression coefficients
show: work experience
(years) has coefficient
+15 000 (each year adds
15k rubles); English
knowledge gives

+25 000; working in
Moscow +30 000,
remote work —10 000

CBOBO/IHbIN YIEH

Value of dependent
variable at zero values
of all independent
variables; point where
regression line
intersects Y-axis. Inter-
cept represents baseline
value when all
predictors are zero

In taxi cost model inter-
cept = 150 rubles means
base car submission cost
charged regardless of
trip distance. Even

if distance is 0 km
(passenger didn’t go),
minimum payment

is 150 rubles

OCTATOK

Difference between
observed (actual) value
of dependent variable
and value predicted by
model: ¢; =y, — y..
Residuals show how
well model describes
each specific observa-
tion; residual analysis
helps check model
assumptions

Model predicted delivery
time 35 minutes, but ac-
tual delivery took

42 minutes. Residual
equals 42 —35=+7
minutes (model underes-
timated time). For
another delivery residual
was —3 minutes (model
overestimated)

CYMMA KBAZIPATOB
OCTATKOB

Sum of squared
differences between ob-
served and predicted
values: SSE =X (yi — )

When comparing two
housing price prediction
models: first model has
SSE = 2,500,000,
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SSE is a measure second SSE = 1,800,000.
of total model error; Second model is better
Ordinary Least Squares | as sum of squared errors
(OLS) method finds is smaller — predictions
regression coefficients are closer to actual prices
minimizing this sum
KOSPOPUIIUEHT Proportion of dependent | Movie rating prediction
JAETEPMUHAIIUU variable variance ex- model on Kinopoisk has
plained by the model; R*=0,72: 72 %
measure of model fit of differences in user rat-
quality. R? takes values | ings are explained by
from 0 to 1: R = 0,85 features (genre, budget,
means 85 % of target director rating, actors),
variable variation and 28 % are due to
is explained by model subjective factors model
features doesn’t account for
CKOPPEKTUPO- Modification of R? When adding “program-
BAHHBI R? adjusted for number of | mer's favorite color”
predictors in model. feature to salary predic-
Unlike regular R> which | tion model, regular R?
always grows when add- | grew from 0,78 to 0,781
ing new features, Ad- (insignificantly), but
justed R? penalizes add- | Adjusted R? decreased
ing useless from 0,76 to 0,758 —
predictors that don’t signal that new feature
substantially improve carries no useful
model information
CPEJIHE- Mean value Comparison of two
KBAJIPATUYHAS of squared errors: demand forecasting algo-
OIIUBKA 1 . rithms: first has
MSE = (;)E(yl — V) MSE = 144,
MSE is widely used as second MSE = 100.
loss function in regres- | Second algorithm is
sion; quadratic nature more accurate: mean
amplifies penalty for squared error is smaller.
large errors MSE is measured
in squares of target
variable units
CPEJIHE- Square root of MSE: Delivery time prediction
KBAJAPATUYHOE RMSE =VMSE. RMSE | model has RMSE =
OTKJIOHEHHME is measured in same = 8 minutes: this means

units as target variable,
which simplifies inter-
pretation. RMSE shows

typical deviation of pre-
diction from actual time
1s about 8 minutes. If
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“typical” magnitude of | average delivery time is
prediction error 35 minutes, most

predictions fall within
+8 minutes range
CPEAHSASA Mean value of absolute | Two apartment price
ABCOJIIOTHAS erTors: prediction models:
OILIIUBKA 1 . first has MAE =
MAE = (=2 =7l | 350,000 rubles;
MAE is less sensitive to | MSE =200 billion;
outliers than MSE as it | Sécond MAE =
doesn’t square errors; 380,000 rubles; MSE =
MAE is also measured | 180 billion.
in original units First model averages less
of target variable error (MAE), but second
rarely makes catastrophi-
cally large
errors (MSE)
INEPEOBYUYEHHUE Situation when model Cat and dog recognition
fits training data too model memorized all
well, including their 1000 training photos by
noise and random fluctu- | heart (100 % accuracy),
ations, and loses ability | but on new photos accu-
to generalize to new racy dropped to 60 %.
data. Overfitted model | Model memorized
shows excellent results | specific images rather
on training data but poor | than learning general
on test data animal features — this is
overfitting
HEJIOOBYYEHUE Situation when model is | Attempt to describe
too simple for data and | complex seasonal ice
cannot capture main pat- | cream sales (summer
terns. Underfitted model | peaks, winter dips,
shows poor weekend growth) with
results on both training | a straight line gives
and test data; model has | 45 % accuracy — model
high bias 1s too simple and doesn’t
account for seasonality,
day of week, weather
KOMITPOMHUCC Fundamental compro- Simple linear regression
CMELEHUA mise in machine learn- | for housing prices
N JUCIIEPCUHA ing: reducing bias usu- | has high bias (doesn’t

ally increases variance
and vice versa. Ideal
model balances between
underfitting (high bias)

capture nonlinearities)
but low variance (stable
on different samples).
Complex neural network
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and overfitting (high has low bias (accurately
variance) describes training data)
but high variance.
Optimal is medium
complexity model
MNOJIUHOMMUAJIb- Regression with polyno- | Dependence between car
HASI PET'PECCHUA mial features (powers of | speed and fuel consump-
original variables), tion is nonlinear: at low
allowing to model non- | speeds consumption
linear dependencies. grows slowly,
Polynomial regression at medium — optimal,
remains linear in param- | at high — sharply
eters but includes increases. Second-
features x?, x*, etc. degree polynomial
regression (with features
speed and speed?) accu-
rately describes this
U-shaped dependence
PEI'YJIAPU3ALIUSA Method of preventing When training customer
overfitting by adding churn prediction model,
penalty term to loss L2 regularization
function limiting model | (Ridge) was added.
coefficients magnitude. | Model coefficients be-
Regularization reduces | came smaller in magni-
model complexity, im- | tude (from 0,01 to 0,5 in-
proving generalization stead of —5 to +10 with-
ability out regularization), test
accuracy grew from 78
to 84 %
I'PEBHEBAS L2 regularization In movie rating predic-
PET'PECCUS method adding penalty | tion task with 100 fea-

for sum of squared coef-

ficients to loss function:
P

A-> B?. Ridge regres-
j=1

sion shrinks coefficients

but doesn't zero them

completely; all features

remain in model

tures (genres, actors,
director, budget, etc.)
Ridge regression
reduced all coefficients
proportionally but kept
all features. Validation
accuracy 82 vs 76 %
without regularization —
overfitting eliminated

JIACCO-PEI'PECCHUA

L1 regularization
method adding penalty
for sum of absolute
coefficient values:

When predicting car in-
surance cost from

50 features, Lasso
zeroed 23 coefficients
(kept only significant:
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14 driver age, experience,
A ZBj - Lasso can car bran%i, engpine power,
/- , region, accident history).
ZCro Some coefﬁc1egts, Model became simpler
performing automatic and more interpretable
feature selection
IJIACTUYHAS CETb | Combination of L1 and | In genomic analysis for
L2 regularization com- | disease prediction from
bining advantages of 20,000 genes (features)
Ridge and Lasso. with only 500 patients,
Elastic Net is especially | Elastic Net selected
useful with high feature | 150 significant genes
correlation (multicollin- | (L1 component) and
earity) and when stabilized coefficients
number of features (L2 component).
exceeds observations Classification accuracy
89 vs 76 % for pure
Lasso
MYJbTHU- High correlation In apartment price pre-
KOJUIMHEAPHOCTD | between independent diction model, features
variables (features) “area in square meters”’
in regression model. and “area in square feet”
Multicollinearity makes | have correlation 0,99
interpreting individual (complete multicolline-
coefficients difficult arity). Coefficients
(impossible to separate | become unstable: when
influence of correlated adding/removing other
features) and increases | features, coefficients
estimate variance change sign. Need
to remove one feature
I'OMO- Constancy of error In salary prediction
CKEJACTUYHOCTD | (residual) variance model residual plot
across all levels of shows: point spread (re-
independent variables; siduals) is approximately
one of key linear regres- | same for all levels of
sion assumptions. Under | predicted salaries (from
homoscedasticity, 40 to 300k rub.) —
residual spread is same | error variance
for all predicted values | is constant, homoscedas-
ticity assumption holds
I'ETEPO- Non-constancy of error | Household expense pre-
CKEJACTUYHOCTD | variance: residual spread | diction model shows: for

changes depending on
predictor values or pre-
dicted values.

poor families (income
30k rub) residuals are
small (£2k rub), for rich
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3HAYEHHUE
Heteroscedasticity leads
to inefficient estimates
and biased standard
errors, distorting
hypothesis testing

INPUMEP
(income 300k) spread is
huge (+50k rub). This is
heteroscedasticity: error
variance grows with
income

3.2. BeposTHOCTHaaA KAacCHpHKaALHA

H OLLIEHKAa MOAEAEH

TEPMUH 3HAYEHHUE IMPUMEP
KIIACCUDUKALIUSA Task of predicting cate- | Bank security system
gorical class label for classifies each transac-
new observation based | tion: “fraud” or “legiti-
on training data. Unlike | mate”. Email service
regression (number classifies messages:
prediction), classifica- | “spam” or “not spam”.
tion assigns object to Medical system diagno-
one of predefined ses: “healthy” / “sick” /
classes (categories) “needs additional tests”
BUHAPHAS Classification with two | Model determines
KIIACCUDUKALIUA classes (positive and whether user will click
negative). Binary on advertising banner
classification is most (class 1) or ignore
common task type: (class 0). Based
spam/not spam, on features (click
sick/healthy, default/ history, time on site,
solvent, click/no click device, traffic source),
algorithm predicts click
probability
MHOT'OKJIACCOBAS | Classification with MNIST handwritten
KIIACCUDUKALIUA three or more classes. digit recognition: digit
Multiclass classification | image (28%28 pixels) is
requires special classified as one of 10
algorithms or “one-vs- | classes (0, 1, 2, 3,4, 5,
rest” or “one-vs-one” 6,7,8,9). News
strategies classification by topics:
sports, politics,
economy, culture,
technology (5 classes)
JJIOTUCTHYECKASA Statistical model for Model predicts credit
PEI'PECCHUSA binary classification application approval

predicting probability

probability: based

of belonging to positive

on features (income,
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class. Logistic credit history, age, loan
regression uses sigmoid | amount) logistic
function to transform regression outputs
linear combination of probability 0,73 (73 %).
features into probability | If threshold is 0,5,
from 0 to 1 application
is approved
CUI'MOUJIA S-shaped function map- | Logistic regression
ping any input values to | calculated z = 2,5
range from 0 to 1: (linear combination
c()=1/(1+e). of features). Sigmoid
Sigmoid transforms c(2,5)=0,92 — model
linear combination predicts 92 %
of features into probability of positive
probability, making it class.
ideal for logistic Ifz=-1,5,0(-1,5)=
regression and neural =0,18 —only 18 %
networks probability
I'PAHULA TPUHATUSA | Boundary in feature In iris classification task
PEIIEHUS space separating clas- by two features (petal
ses; surface on one side | length and width),
of which model predicts | logistic regression built
one class, on the other — | linear boundary: if
another class. In logistic | 2 x length + 3 x width >
regression boundary is | > 15, we predict Iris
linear (straight line or Virginica, otherwise Iris
hyperplane) Setosa
BEPOSITHOCTHBI Threshold probability Breast cancer diagnosis
noror value for assigning ob- | model outputs probabil-
ject to positive class. By | ity 0,47. At standard
default threshold is usu- | threshold 0,5 result is
ally set at 0,5, but can “healthy”, but since
be shifted depending on | false negative (missing
cost of different error cancer) is dangerous,
types threshold is lowered to
0,3. Now probability
0,47 1s classified as
“needs examination”
MATPHUIA OLIUBOK | K x K table (where K is | Pneumonia diagnosis

number of classes) for
classification quality
evaluation, showing
number of true posi-
tives, true negatives,

model by X-ray on

100 patients showed:
45 true positives (TP),
40 true negatives (TN),
5 false positives (FP),
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false positives, and 10 false negatives (FN).
false negatives Confusion matrix helps
calculate accuracy,
precision, recall
NCTUHHO Correctly predicted Fraud detection system
MOJIOKUTEJIBHBINI positive class: model correctly identified
predicted positive class, | 247 fraudulent transac-
and this matches reality | tions out of 300 real
ones (TP =247). These
are good results: most
real fraud cases
detected
UCTHUHHO Correctly predicted Spam filter correctly
OTPUIIATEJIbHBIN negative class: model passed 1 850 legitimate
predicted negative emails to “Inbox” folder
class, and this matches | (TN =1 850). Important
reality emails are not lost,
users are satisfied with
filter work
JIOZKHOITOJIOKU- Incorrectly predicted Pregnancy test showed
TEJIbHBIN positive class (Type I positive result, but
error): model predicted | woman is not pregnant
positive class, but (FP). In spam filtering,
object actually belongs | FP is when important
to negative class work email is mistak-
enly marked as spam
and went to “Spam”
folder
JIOXKHOOTPULIA- Incorrectly predicted COVID-19 test showed
TEJIbHBIN negative class (Type Il | negative result for
error): model predicted | infected person
negative class, but (FN = false negative).
object actually belongs | Person considers them-
to positive class selves healthy, doesn’t
isolate and infects oth-
ers. In medicine, FN is
often more dangerous
than FP
TOYHOCTb Proportion of correct Rare disease diagnosis

predictions among all
predictions:

model (1 % sick) simply
predicts “healthy” for
everyone and gets Accu-
racy = 99 %. But this is
useless model: it finds
no sick people! For
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Accuracy = imbalanced data need
TP + TN Precision, Recall,
TP+ TN+ FP+EN | F1-Score
Accuracy is simple to
interpret but can be
misleading with
imbalanced classes
MNPENU3NOHHOCTD Proportion of true Spam filter marked
positives among all pre- | 120 emails as spam, of
dicted positives: Preci- | which 108 are really
sion = TP/(TP + FP). spam (TP = 108),
Precision answers: and 12 are important
“Among objects model | emails (FP = 12).
called positive, what Precision = 108/120 =
proportion is actually =0,90 (90 %). High
positive?” Precision means when
filter says “spam”, it’s
usually right
INOJIHOTA Proportion of true In database
positives among all of 300 fraudulent
actual positives: transactions, model
Recall = TP / (TP + FN). | detected 247
Recall answers: “What | (TP =247), missed 53
proportion of real (FN =53). Recall =
positive objects did = 247/300 = 0,82 (82 %).
model find?” Model found 82 % of
real fraud. High Recall
is critical when missing
positive case
is dangerous
YYBCTBUTEJIBHOCTD | Synonym of Recall; HIV test has
proportion of true posi- | Sensitivity =
tives among all actual =0,995 (99,5 %): out of
positives. Sensitivity 1000 infected people,
measures model's abil- | test will correctly detect
ity to detect positive 995, and only 5 will
cases get false negative result.
High sensitivity is
critical for screening
tests
CIIEHU®PUYHOCTD Proportion of true nega- | Allergy test has Speci-

tives among all actual
negatives:
TN

Specificity = ———.
P Y TN + FP

ficity = 0,92 (92 %): out
of 100 healthy people,
test will correctly
identify 92 as not
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Specificity measures having allergy, and
model’s ability to 8 will get false positive
correctly identify result. High specificity
negative cases is important when false

alarm leads to
expensive examinations
F1-MEPA Harmonic mean Model 4: Precision =

of Precision and Recall:
2TP

Fl= .
2TP+FP+FN

F1-Score is useful when
balance between
Precision and Recall 1s
needed, especially with
1mbalanced classes

0,95; Recall = 0,60;
F1=0,74. Model B:
Precision = 0,80;
Recall = 0,85;
F1=0,82. Although
Model A4 has higher
Precision, Model B is
better by F1 —it
provides better balance

ROC-KPUBAS

Graph showing depend-
ence of True Positive
Rate (Recall) on False
Positive Rate at various
threshold settings. ROC
curve visualizes
tradeoff between
detecting positive cases
and false alarms

At threshold 0,9:
TPR = 0,50;
FPR = 0,05.
At threshold 0.7:
TPR =0,75;
FPR =0,15.
At threshold 0.5:
TPR = 0,90;
FPR = 0,30.

ROC curve connects
these points; closer
curve to top-left corner,
better model

IJIOILA Ib
MO ROC-KPUBOM
(AUC)

Area Under ROC
Curve; integral
classifier quality metric.
AUC takes values

from 0,5 to 1,0:

AUC = 0,5 means
random guessing,

AUC = 1,0 means
perfect classification

Model 4 has AUC =
=0,92 — excellent
quality: in 92 % of
cases model correctly
ranks positive example
higher than negative.
Model B:

AUC = 0,68 — weak
model, only slightly
better than random

guessing
N0JA HICTUHHO Proportion of correctly | Out of 200 patients with
MOJIOXKUTEJIbHBIX predicted positive cases | “pneumonia” diagnosis,

among all actual
positives:

model correctly
identified 176
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TPR = TP/(TP + FN). (TP = 176), missed
TPR coincides with 24 (FN=24). TPR =
Recall and Sensitivity =176/200 = 0,88 (88 %).
Model detected 88 %
of real pneumonia cases
NOJISA Proportion of incor- Out of 1000 healthy
JIOKHOITIOJIOXKU- rectly predicted positive | people, test gave
TEJIbHBIX cases among all actual | 80 false positive results

negatives: FPR =
=FP/(FP + TN). FPR
shows how often model
“falsely alarms”

(FP = 80), 920 correct
negatives (TN = 920).
FPR = 80/1000 =
=0,08 (8 %). Test
falsely diagnoses
disease in 8 % of
healthy people

KPOCC-BAJIMJALIUA

Method of evaluating
model generalization
ability by repeatedly
splitting data into train-
ing and validation sets.
Cross-validation gives
more reliable quality
estimate than single
train/test split

Instead of single 80/20
split, data 1s divided
into 5 parts (folds).
Model is trained

5 times: each time one
part is test, other 4 are
training. We get

5 accuracy estimates:
0,82;0,79; 0,84; 0,81;
0,83. Mean accuracy
0,82 + 0,02

K-KPATHASA KPOCC-

Cross-validation with

Dataset of 5000 records

BAJIMJALIUA data split into k£ equal is divided into 10 folds
parts (folds). 10-fold of 500 records each.
cross-validation Model is trained
(k=10) is most com- 10 times: first time fold
mon, providing good 1 is test, folds 2—10 are
balance between com- | training; second time fold
putational cost and 2 1s test, etc. Final metric
evaluation reliability is average of 10 runs

CKOJIb3A1IUN Cross-validation where | Dataset of 100 patients:

KOHTPOJIb each object sequentially | model is trained

becomes test, and all
others are training
(special case of k-fold
where k£ = n, number of
objects). LOO uses
maximum data for
training but i1s computa-
tionally expensive

100 times. First time:
patient 1 is test, patients
2-100 are training.
Second time: patient 2
is test, patients 1,3—-100
are training. LOO gives
least biased estimate but
requires 100 trainings
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OBYYAIOIIASA Dataset for training Out of 10,000 labeled
BbIBOPKA (fitting) model; data on | cat and dog images,

which algorithm 8,000 (80 %) are allo-
“learns”, adjusting cated to training set. On
parameters (weights, these 8,000 images
coefficients). Usually neural network trains
comprises 60—80% of | for 50 epochs, adjusting
all data weights to minimize
loss function
BAJIMJAIIMOHHASA Dataset for hyperpa- Out of 10,000 images:
BbBIGOPKA rameter tuning and 8,000 — training,
selecting best model 1,000 — validation,
configuration; data used | 1,000 — test. During
for intermediate training after each
evaluation during train- | epoch we check valida-
ing. Validation set helps | tion accuracy. If train-
prevent overfitting ing accuracy grows but
validation drops —
overfitting started, need
to stop training (early
stopping)
TECTOBAS BBIBOPKA | Dataset for final model | After completing train-
evaluation; data not ing and hyperparameter
used for either training | tuning on training and
or hyperparameter validation, final model
tuning. Test set should | is evaluated on test set
be used only once to (1,000 images model
evaluate final model “hasn’t seen”). Test
performance accuracy 87 % —
realistic estimate of
how model will work
on new data
I'MINEPITIAPAMETPBI Parameters tuned before | Gradient boosting has

model training (unlike
model parameters
which are learned from
data). Examples: learn-
ing rate, number of
trees in random forest,
polynomial degree, reg-
ularization coefficient

hyperparameters:
learning_rate = 0,1;
n_estimators = 100;
max_depth =5;
min_samples_split = 10.
These values are set
before training. Grid
Search found best
values:

learning_rate = 0,05;
n_estimators = 200 —
accuracy grew from
82 to 87 %
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MOUCK IO CETKE Hyperparameter tuning | For SVM we specity
method by exhaustive grid: C=10,1; 1; 10];
search: systematic gamma = [0,001; 0,01,
checking of all 0,1], kernel = [‘linear’,
combinations ‘tbf’]. Total
of specified hyperpa- 3-3-2 = 18 combina-
rameter values using tions. Each combination
cross-validation to eval- | is evaluated by 5-fold
uate each cross-validation
combination (90 model trainings).
Best combination:
C=10; gamma = 0,01;
kernel = ‘tbf” with 91 %
accuracy
BAUMECOBCKASI Classification based Prior probability of
KIIACCUDOUKALIUS on Bayes theorem, disease is 1 %
updating prior beliefs (P (disease) = 0,01).
with observed evidence. | Test gave positive
Bayesian methods give | result. By Bayes
probabilistic interpreta- | theorem we calculate
tion of predictions posterior probability:
P (disease|positive test) =
=0,32 (32 %). Despite
positive test, disease
probability is only 32 %
due to false positives
HAMBHBIN Classifier with Spam filter analyzes
BAMECOBCKHAI assumption of feature email: features are
KIIACCU®UKATOP independence given presence of words “win”
class (conditional (probability in spam 0,4,
independence). Despite | in not-spam 0,01);
“naive” assumption, “free” (0,3 vs 0,02);
Naive Bayes is surpris- | “urgent” (0,25 vs 0,03).
ingly effective for text | Naive Bayes multiplies
classification and spam | probabilities and gets:
filtering P (spam|words) = 0,89.
Email is classified as
spam
AITIPUOPHAS Probability of hypothe- | In rare disease diagno-
BEPOSATHOCTDb sis (class) before sis task prior probability

considering data; initial
degree of belief

in hypothesis based

on previous knowledge
or class frequency

in data

P (sick) = 0,01 (1 % of
population is sick);

P (healthy) = 0,99.
Even with positive test
(which has 95 %
accuracy) posterior
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probability of disease
remains low due
to small prior
probability

AIIOCTEPUOPHASA Probability Prior spam probability
BEPOSATHOCTDb of hypothesis (class) P (spam) = 0,30 (30 %
after considering data; | of emails are spam).
updated probability Email contains word
calculated by Bayes “win” which occurs in
theorem based on prior | 40 % of spam and 1 %
probability and data of not-spam. By Bayes:
likelithood P (spam|“win”’) = 0,95.
After considering word
presence, posterior
spam probability grew
from 30 to 95 %
MMPABAOINIOAOBUE Probability of data Hypothesis H: coin is
given hypothesis; fair (P (heads) = 0,5).

probability of observing
available data if hypoth-
esis is true. In Bayes
theorem:

P (datajhypothesis)

Data D: 8 heads out of
10 tosses. Likelihood

P (D|H)= C(10,8) x

x 0,5%-0,52=0,044
(4,4 %). Low likelihood
indicates data is un-
likely under fair coin
hypothesis — maybe
coin is biased




PASEA 4

ITIPOABHUHYTBIE TEMBI:
METOABI BE3 YYUTEAS],
MACIHITABHPYEMOCTDb U HHTETPAIIUA
HCKYCCTBEHHOI'O HHTEAAEKTA

4.1. CtraTHCTHYECKHE NMOAXO0AbI
K OOy4eHHIO Oe3 yunTeas

TEPMUWH 3HAYEHHUE INPUMEP
OBYYEHUE Type of machine learning | Analysis of mobile app
BE3 YUUTEJIA where algorithm works user behavior without

with unlabeled data known categories: algo-
(without known correct an- | rithm independently
swers). Goal is to discovers there are user
discover hidden patterns, groups — “morning
structures, or relationships | active”, “evening
in data independently, passive”, “weekend”,
without external guidance | “regular”, though we
didn’t know about such
segments beforehand
KIIACTEPU3 AU Grouping objects by simi- | Online store customer
larity of their characteris- | segmentation by
tics; task of splitting purchasing behavior:
dataset into groups cluster 1 — “frequent
(clusters) so that objects buyers with low average
within one cluster are check”; cluster 2 — ““rare
similar to each other, and | buyers with high
objects from different clus- | check”;
ters differ cluster 3 — “seasonal
buyers”’; cluster 4 —
“churning customers”.
Marketing strategy is
developed for each clus-
ter
K-CPEJJHUX Iterative clustering method | Clustering 10,000 news
KIIACTEPU3ALIUSA that divides data into K site articles into

clusters by minimizing
within-cluster

variance (sum of squared
distances from points to

5 thematic groups:
K-means algorithm
analyzes vector
representations of texts
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their cluster centroids). (TF-IDF or word2vec)
Algorithm: and automatically
1) randomly initialize groups articles into
K centroids; clusters: politics,
2) assign points to nearest | sports, economy,
centroids; culture, technology —
3) recalculate centroids; without known
4) repeat until convergence | category labels
HNEPAPXNYECKAS Clustering method Hierarchical clustering
KIIACTEPU3ALIUS building hierarchical of 100 animal species
tree-like structure by genetic features:
(dendrogram) of nested dendrogram shows
clusters. Can be agglomer- | evolutionary
ative (bottom-up: each relationship — at top
object is separate cluster, level mammals, birds,
then clusters merge) reptiles separate; within
or divisive (top-down: all | mammals — predators,
objects in one cluster, then | herbivores, omnivores;
split) within predators —
felines, canines, etc.
JAEHJIPOI'PAMMA Tree diagram visualizing Dendrogram
hierarchical clustering of 50 companies
results; shows sequence of | clustering by financial
cluster merging indicators shows:
or splitting and distances at height 10 units all
(similarity) between them. | companies in one
Dendrogram branch height | cluster; at height 5 —
reflects degree of differ- split into 3 large
ence between clusters (technology,
clusters industrial, financial); at
height 2 — within
technology,
software and hardware
companies separate
DBSCAN Density-based clustering Geolocation anomaly
(Iu bu Ckan) algorithm that finds clus- | detection: DBSCAN

ters of arbitrary shape and
identifies outliers (noise).
DBSCAN groups together
points close to each other
(within radius €) and
marks isolated points as
noise. Parameters:

€ (neighborhood radius)
and minPts (minimum
points)

analyzes client transac-
tion coordinates. Main
mass of points forms
dense cluster (home-
work-stores), but sev-
eral transactions in an-
other city/country are
isolated points (noise) —
these are anomalies,
possible fraud
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HEHTPOUJ Cluster center; point After clustering cus-
representing mean tomers into 4 groups,
position of all points cluster centroids show
belonging to cluster. typical characteristics:
In K-means centroid is cal- | centroid of cluster 1 —
culated as arithmetic mean | age 25,
of coordinates of all cluster | income 40k, purchases
points for each 2 times/month; centroid
feature of cluster 2 — age 45,

income 120k, pur-
chases 8 times/month

CUJIYITHBIHN Measure of clustering Comparison

KO3®PUIHUEHT quality showing how well | of clustering with
objects are separated into | K=3and K=5:
clusters. For each point at K = 3 mean Silhou-
calculated: @ — mean ette Score = 0,65 (good
distance to points in same | separation), at K =5
cluster, b — mean distance | Score = 0,42 (clusters
to points in nearest overlap).
neighboring cluster. Conclusion: 3 clusters
Silhouette — b—a ‘ are more optimal than 5

max(a, b)

Values from -1 to +1

METO/ JIOKTSA Heuristic method for Graph of inertia from
determining optimal K=1to K= 10 shows
number of clusters K sharp decrease to K = 4
in K-means. Graph of (inertia drops from
within-cluster variance 1000 to 300), then
(inertia) dependence on smooth decrease
number of clusters is built. | (K=5: 280,
Optimal X is at “elbow” K =6:265). Elbow
point where adding new point at K = 4 — optimal
clusters stops substantially | number of clusters for
decreasing variance data

CHU)XEHUE Process of reducing Original data contains

PASMEPHOCTH number of features 100 features about

(variables) in data while
preserving important

information and structure.
Dimensionality reduction

helps visualize high-
dimensional data, reduce
computational costs, and

customers
(demographics,
behavior, preferences).
After PCA (Principal
Component Analysis)
data is projected to

3 principal components
preserving 85 %
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avoid curse
of dimensionality

MINPUMEP
variance. Now data can
be visualized in 3D and
models can be trained
faster

METO/I I'/TIABHBIX | Dimensionality reduction | Analysis
KOMITIOHEHT method that transforms of anthropometric data
original correlated (height, weight, chest,
features into new set of un- | waist, hips, arm and leg
correlated features (princi- | length — 15 features).
pal components), ordered | PCA shows: first
by amount of principal component
explained variance. First (overall body size)
component explains explains 60 % variance,
largest variance, second — | second (proportions) —
next largest, etc. 20 %, third — 10 %.
First 3 components
suffice instead of
15 original features
T-SNE Method for visualizing Visualization of 10,000
high-dimensional data by | MNIST handwritten
projecting it to 2D- digit images (each
or 3D-space while image — 784 features).
preserving local structure | --SNE projects data to
(close points in original 2D: the graph clearly
space remain close). shows 10 separate
-SNE is particularly good | clusters corresponding
for visualizing clusters to digits 09, though
original data was
784-dimensional
UMAP Dimensionality reduction | Analysis of genetic
method preserving both lo- | data of 50,000 people
cal and global data struc- | (20,000 genes). UMAP
ture. UMAP is faster than | projects data to 2D in
-SNE and scales better to | 10 minutes (#~-SNE
large datasets, while often | would take several
preserving more global hours). Map shows
structure clusters by ethnic
origin (Europeans,
Asians, Africans) and
gradients within groups
COBCTBEHHOE Characteristic number of | Covariance matrix of
3HAYEHUE covariance matrix in PCA | 15 features has

showing amount of data
variance captured by
corresponding principal

eigenvalues: A1 = 8,5;
M=32;:=18;
As=0,9... First

117




TEPMUH 3HAYEHHUE IMNPUMEP
component. Larger principal component
eigenvalue means more (M= 8,5) explains
information (variability) 8,5/15 =57 % of total
component preserves variance, first three

components together —
(8,5+3,2+1,8)/15=
=90 %
COBCTBEHHBIN Vector defining direction | First eigenvector
BEKTOP of principal component in | of anthropometric data
feature space; shows how | PCA: [0,35; 0,36; 0,34;
original features combine | 0,35;0,33; ...] —all
to form new component. coefficients positive
Eigenvector is normalized | and approximately
(unit length) equal, so first compo-
nent is “overall body
size”
(averaging all measure-
ments). Second vector:
[0,1;-0,5;0,2;
-0,6; 0,3; ...] -
alternating signs show
“proportions”
OB bACHEHHASA Proportion of total data PCA of 20 features:
JAUCIHEPCHUSI variance preserved by first component ex-
component or set plains
of components. Explained | 45 % variance, second
Variance Ratio shows —20 %, third — 12 %,
percentage of variance fourth — 8 %.
explained by each First 4 components
principal component together explain 85 %
of total data variability —
remaining 16 compo-
nents can be dropped
with only 15 %
information loss
ACCOILUATHUBHBIE | Rules describing relation- | Supermarket receipt
IMPABUJIA ships between variables analysis reveals rule:

(items) in form “if X, then
Y. Association rules are
used for market basket
analysis and discovering
frequently co-occurring
items

{beer, chips} — {pea-
nuts} with support 5 %,
confidence 70 %, and
lift 3,2. This means:

5 % of all purchases
contain all three items;
of buyers who took
beer and chips, 70 %
also take peanuts
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MHOJJAEPKKA Frequency of itemset In database of 10,000
appearance in data; purchases: 500 contain
proportion of transactions | {milk, bread}, support
(observations) containing | =500/10 000 =
given itemset. = 0,05 (5 %). Rule
Support=P (X UY) - {milk} — {bread} has
probability of joint support 5 % — this is
appearance of items relatively frequent
combination of goods
JOCTOBEPHOCTbDb Conditional probability of | Out of 1000 purchases:
item Y appearing given 200 contain milk,
item X is present; shows 150 contain {milk,
how often rule is true. bread}. Confidence
Confidence = P (Y]X) = ({milk} — {bread}) =
Support (X UY) 150/200 = 0,75 (75 %).
- This means: 75 % of
Support (X) buyers who took milk
also take bread
JIUDPT Measure of association Rule {Python online
rule strength showing how | course} — {Data Sci-
often items occur ence online course} has
together compared Lift =4,5. This means:
to random coincidence. buyers, who have cho-
. Confidence sen Pithon online
Lift = W = course, buy Data Sci-
ence course 4,5 times
P(Y|X) more often than ran-
- W dom buyers. Strong as-
. L. .. sociation
Lift > 1indicates positive despi
; . espite low support
relationship, Lift <1— (only 2 % of purchases)
negative, Lift =1—
independence
OBHAPYXEHUE Identification Bank transaction moni-
AHOMAJIUM of non-standard observa- toring system: typical

tions (outliers) that differ
significantly from
majority of data.

Anomaly detection is used
for fraud detection, equip-
ment failures, cyberattacks

client operations — pur-
chases 500-5000 rubles
in Moscow. Suddenly
appears transaction:
cash withdrawal
150,000 rubles

in Bangkok. Anomaly
detection algorithm
(Isolation Forest) marks
operation as suspicious,
bank blocks card, and
contacts their clients
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3HAYEHHUE
Probabilistic clustering
model assuming data is
generated by mixture of
several Gaussian (normal)
distributions. Unlike
K-means (hard clustering),
GMM gives soft
clustering — probability of
belonging to each cluster

IMNPUMEP
Voice recording clus-
tering of 3 speakers:
GMM models each
voice as multivariate
normal
distribution in acoustic
feature space. For new
recording model
outputs: probability
of belonging
to speaker 1 =0,75;
speaker 2 = 0,15;
speaker 3 =0,10

EM-AJI'OPUTM

Iterative algorithm for
estimating parameters of
models with hidden
variables (e.g., GMM).
EM alternates two steps:
E-step (estimate probabili-
ties of cluster membership
at current parameters) and
M-step (recalculate

parameters to maximize
likelihood)

Training GMM with

4 components: at
E-step we calculate for
each point probabilities
of belonging

to 4 clusters; at M-step
we recalculate means,
covariances, and com-
ponent weights based
on these probabilities.
Repeat 50 iterations
until convergence — pa-
rameters are

stabilizing

4.2. CTaTHCTHKAa B COBPEMEHHBIX CHCTEeMax

HCKYCCTBCHHOI'O HHTEAACKTA H HOBBI€C TECHACHIIHH
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I'IYBOKOE Subfield of machine Object recognition in im-
OBYYEHMUE learning using neural | ages: convolutional neural

networks with many
layers (deep neural
networks). Deep
learning automatically
extracts hierarchical
features from data:
from simple (edges,
textures) to complex
(objects, concepts)

network (CNN) with 50 lay-
ers trains on millions

of labeled photos. First
layers learn to recognize
edges and corners, middle —
textures and simple shapes,
deep — object parts (eyes,
wheels), last — whole objects
(faces, cars)

120




TEPMUH 3HAYEHUE IMPUMEP
HEVPOHHASI Computational Review sentiment
CETbH system inspired by classification: input layer
biological neural receives review word vector
networks of brain; (1000 features), hidden layer
consists of intercon- of 128 neurons processes
nected nodes information, output layer of
(neurons) organized 2 neurons outputs probabili-
in layers. Each ties “positive” / “negative”.
neuron receives Network trains on 10,000
inputs, applies labeled reviews
weighted sum and
activation function,
passes result further
OBPATHOE PAC- Algorithm for training | After forward pass through
IMPOCTPAHEHHUE neural networks network (prediction), error
OIINBKHU computing gradient (loss) is calculated. Back-
of loss function with | propagation goes backward:
respect to all computes gradient for output
network weights layer weights, then hidden
using chain rule. layer, then input. Gradient
Backpropagation descent updates weights:
propagates error from | w_new =w_old — learn-
output layer to input, | ing rate x gradient
showing how to
change each weight to
reduce error
T'PAJIMEHTHBIN Iterative Linear regression training:
CITYCK optimization method | initial error MSE = 100.
minimizing loss func- | Gradient descent with
tion by moving in di- | learning_rate = 0,01 makes
rection opposite to 1000 steps:
gradient (steepest de- | after 100 iterations MSE =
scent). At each 45; after 500 iterations
iteration parameters MSE = 12; after 1000 itera-
are updated: tions MSE = 8,5 (conver-
0=0—a xVJ(0), gence)
where a is learning
rate, V.J is loss
gradient
CTOXACTH- Variant of gradient Training neural network on
YECKHUI descent using 1 million images: full gradi-
I'PAJIMEHTHBIN random samples ent descent would require
CIIYCK (mini-batches) pass through all 1M images

instead of entire
dataset to compute

for one update (very slow).
SGD uses mini-batches of 3
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gradient. SGD 2 images: after each 32
updates parameters it updates weights. In one
faster and can epoch 31,250 updates occur
escape local minima instead of one
due to noise, but
trajectory is less
stable

PASMEP BATYA Number of examples | Experiments with batch size
processed in one step | for CNN training:
(before weight batch,, = 32— training
update). Batch Size unstable (loss jumps) but
affects memory quickly finds good solution;
requirements, training | pach_ =256 — stable
stability, and conver- | o th Joss decrease, opti-
gence speed. Small ) .
i mal speed; batch_size =
batchES oISy pAates it 400 very stable but
but fast convergence; requires much memory and
large batch — stable
: converges slowly
gradients but slower
and requires more
memory
IIMMOXA One complete pass Training model
through entire training | on 50,000 images with
dataset. During one batch_size = 100: one epoch
epoch model sees each | = 500 iterations
training example ex- | (50,000/100). After 1 epoch
actly once (in SGD — | validation accuracy 45 %;
as part of different after 10 epochs — 78 %;
batches). Training after 30 epochs — 85 %;
usually requires after 50 epochs — 86 %
multiple epochs for (saturation, further training
convergence doesn't improve)
CKOPOCTDb Parameter update step | Testing learning_rate:
OBYYEHUS in gradient descent; Ir =0,1 — loss grows, model

hyperparameter
determining how
strongly weights
change at each
iteration. Too high
learning rate causes
divergence (oscilla-
tion), too low — slow
training or getting
stuck in local minimum

diverges;Ir = 0,01 — rapid
loss decrease, convergence
in 50 epochs; 1Ir = 0,001 —
very slow decrease, after
100 epochs loss still high;
Ir =0,0001 — training
practically doesn’t proceed.
Optimal Ir=0,01
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OYHKIUA Function applied to Neuron calculated z = 2,5
AKTUBAIIUHU neuron's weighted sum | (weighted sum of inputs).

of inputs, introducing | ReLU is applied:
nonlinearity into output = maX(O, 2, 5) =2.5.
neural network.
Without nonlinear For another neuron
activation functions, z=-12, RelLU:
multi-layer network output = max(O, -1, 2) =0
would be equivalent to | (neuron is “dead”, doesn’t
one linear layer. activate)
Popular functions:
ReLU, Sigmoid, Tanh,
Softmax
RELU (Peaxy) Linear activation func- | Convolutional network for
tion with rectification: | image recognition uses
flx) =max (0, x). ReLU after each convolu-
ReLU returns input if | tional layer:
positive, and 0 other- | if neuron output —3,2; ReLU
wise. ReLU is most zeroes it (0), if output 5,7;
popular activation ReLU passes it (5,7). ReLU
function in deep accelerates training 6 times
learning due to com- | compared to sigmoid and
putation simplicity tanh
and solving vanishing
gradient problem
SOFTMAX Activation function Neural network classifies
for multiclass classifi- | image into 3 classes (cat,
cation, transforming dog, bird). Output layer gave
vector of raw scores logits: [2,1; 0,5; —0,3].
(logits) into probabil- | Softmax transforms:
ity distribution where | P (cat) =0,78;
all values are positive | P (dog) =0,16;
and sum to 1. Softmax | P (bird) = 0,06.
is used in output layer | Sum of probabilities = 1,0.
for tasks with K > 2 Prediction: cat
classes (highest probability)
CBEPTOYHBIE Specialized neural net- | MNIST handwritten digit
HEMPOHHBIE works for processing | recognition: CNN receives
CETHU images and other data | 2828 pixel image. First

with grid structure.
CNN use convolu-
tional layers applying
filters (kernels)

to local areas of input
data, automatically

convolutional layer applies
32 filters 3x3, extracting
simple features (edges,
corners). Second layer —
64 filters, extracts more
complex patterns. After
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extracting spatial pooling and fully connected
features layers, network classifies

digit with 99,2 % accuracy
PEKYPPEHTHBIE Neural networks for Stock price forecasting:
HEVPOHHBIE processing sequential | RNN receives prices for last
CETHN data (time series, text, | 30 days as input. At step
speech) where output | #=1 it processes day 1 price,
at previous step is saves hidden state /. At step
passed as input at next | =2 it processes day 2 price
step. RNN have together with /41, gets /2, and
“memory” of previous | so on to day 30. Final hidden
sequence elements state /130 contains
information about entire se-
quence for day 31 forecast
TRANSFORMER Neural network archi- | English — Russian machine
tecture based on atten- | translation model based on
tion mechanism that Transformer (like in “Yan-
revolutionized natural | dex Translate”): input sen-
language processing. | tence “I love machine learn-
Transformer processes | ing” is split into tokens, each
entire sequence token transformed into
in parallel (unlike vector. Self-attention
RNN) and efficiently | computes relationships
captures long-term between all words
dependencies in parallel. Encoder encodes
sentence meaning, Decoder
generates translation token
by token
MEXAHU3M Mechanism allowing | Translating sentence “The
BHUMAHUA model to focus cat sat on the mat because it
on relevant parts was tired”. When translating
of input data when word “it”, attention mecha-
processing each nism assigns high weights to
element. Attention words “cat” (0,7) and “tired”
computes importance | (0,2), low — to others. This
weights for each helps model understand that
sequence element, “it” refers to cat, not mat,
allowing model to and translate correctly
“pay attention” to
needed words/features
TPAHC®EPHOE Using pre-trained Chest X-ray classification
OBYYEHHUE model for solving new | into pneumonia/normal (only

but related task.
Instead of training
from scratch, model

5000 images). Instead of
training CNN from scratch,
pre-trained ResNet-50 is
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trained on large data- | taken (trained on ImageNet,
base (e.g., ImageNet) | 1,2M images). Last layers
is taken and fine-tuned | are replaced and fine-tuned
on smaller dataset of | on medical images.
specific task Accuracy 94 vs 78 % when
training from scratch —
transfer learning gave +16 %

AHCAMBJIEBBIE Combination Customer churn prediction:

METO/bI of several models single decision tree gives
(ensemble) to get 76 % accuracy, random
better results than forest (ensemble of 100 trees,
individual models. bagging) — 84 %, gradient
Ensembles reduce boosting (ensemble of
variance, bias, or both. | 200 weak trees, boosting) —
Main approaches: 87 %. Ensembles signifi-
bagging, boosting, cantly outperform single
stacking models

BOI'TUHT Ensemble method Random Forest is classic
training multiple example of bagging:
models in parallel on | 100 decision trees are
different bootstrap trained. Each tree trains on
samples (random its bootstrap sample (random
subsamples with 80 % of data with repeti-
replacement) from tions). When predicting, all
training data. Final 100 trees vote, final class is
prediction is averaging | majority vote. Accuracy
(regression) or voting | 89 vs 76 % for single tree
(classification). Bag-
ging reduces variance

BYCTHUHTI Ensemble method Spam classification: first tree
with sequential train- | correctly classifies 70 % of
ing where each next emails. Second tree trains on
model focuses on errors of first (more weight
errors of previous to misclassified emails),
ones. Weak learners accuracy on difficult cases
are combined into 65 %. Third tree corrects
strong learner. Popular | errors of first two. After
algorithms: AdaBoost, | 100 trees ensemble achieves
Gradient Boosting, 96 % accuracy
XGBoost, LightGBM

CIYUYAVHBIN Ensemble of decision | Apartment rental price pre-

JIEC

trees combining
bagging (random data
samples) and random
feature selection at

diction: Random Forest of
200 trees considers 15 fea-
tures (area, district, floor,
metro, etc.). Each tree builds
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each node. Random on random data subsample,
Forest reduces at each node random subset
overfitting of features is chosen
of individual trees and | (V15 ~ 4 features). Final
ensures high accuracy | accuracy R> = 0,87
MACIITABU- System's ability to YouTube recommendation
PYEMOCTbD cope with growth model must process
of data volume, num- | 1 billion requests per day
ber of users, from 2 billion users. System
or computational scales horizontally: adding
complexity without new servers from 10
significant perfor- to 100 allows processing
mance loss. Scalability | 10 times more requests with
is critical for deploying | linear performance growth
ML models in
production
PACITPEJE- Data processing on Training model on 10 tera-
JIEHHBIE multiple nodes bytes of user logs: one server
BbIYNCJIEHUSA (computers, servers) with 1 TB disk can’t handle.
in parallel to accele- Distributed system of
rate computations and | 50 nodes (each with 1 TB)
process large data vol- | splits data: each node pro-
umes that don’t fit on | cesses its 200 GB
one computer in parallel. Training com-
pletes in 4 hours instead of
200 hours on one server
HADOOP Open-source frame- Web-site log analysis (50 TB
work for distributed per month): data stored in
big data processing HDFS on 100 nodes.
using MapReduce MapReduce task: Map —
programming model. | count views of each page on
Hadoop consists of each node, Reduce — aggre-
HDFS (distributed gate results from all nodes.
file system) and Final report on 10,000 pages
MapReduce (parallel | generated in 30 minutes
processing)
SPARK Fast engine for big Training ML model on 1 TB

data processing sup-
porting iterative algo-
rithms and interactive
queries. Spark stores
data in memory
(unlike Hadoop
MapReduce which
writes to disk),

data: Hadoop MapReduce
requires 10 iterations, each
reads data from disk —

5 hours. Apache Spark loads
data to memory once,

10 iterations work with
memory — 15 minutes.
Speedup 20 times
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making it 10-100
times faster for many
tasks

OHJIAIH- Incremental model Click-through rate (CTR)

OBYUYEHHUE training as new data prediction model: every
arrives, without need | 5 minutes new data about
to retrain on all data 10,000 impressions and
from scratch. Online | clicks arrives. Online
learning adapts to algorithm (SGD) updates
changes in data model weights on new data,
(concept drift) and adapting to changes in user
works with streaming | behavior. Model is always
data current without full

retraining

OBYUYEHUE Type of machine Training agent to play chess:

C INIOAKPEILJIE- learning where agent | agent makes move (action),

HUEM learns through interac- | environment (game) transi-
tion with environment: | tions to new state (position
performs actions, on board), agent receives
receives rewards or reward (+1 for win, —1 for
penalties, and learns to | loss, 0 for draw). After
maximize cumulative | millions of games agent
reward. RL is used in | learns strategy defeating
games, robotics, grandmasters (AlphaZero)
autonomous systems

TEHEPATUBHBIN Artificial intelligence | ChatGPT generates answer

nn capable of creating to user's question: model
new content (text, analyzes dialogue context,
images, music, code) | predicts next word, then
resembling human- next, creating coherent
created content. meaningful text. Midjourney
Generative models creates image from
(GPT, DALL-E, description “astronaut riding
Stable Diffusion) train | horse in cyberpunk style” —
on large data and image that didn't exist before
generate new generation
examples from learned
distribution

BOJIBIIINE Natural language GPT-4 with 1,7 trillion

A3BIKOBBIE processing models parameters is trained on

MOAEJIN with billions hundreds of billions of

of parameters trained
on huge text corpora.
LLMs (GPT-4, PaLM,
LLaMA) can generate

words from internet, books,
articles. Model can: write
essay about Al impact on
economy, solve math

127




TEPMUWH 3HAYEHUE IMPUMEP
text, answer questions, | problem with explanation,
translate, write code, translate text from Chinese
and perform many to Swahili, debug Python
tasks without special | code — all without additional
fine-tuning training
STUYHBIA NN Development and use | Credit scoring system is
of artificial checked for ethics: model
intelligence should not discriminate by
considering ethical gender, age, race (fairness).
principles: fairness, Decisions are explainable —
transparency, can understand why
accountability, application was rejected
privacy, security. (transparency). In case
Ethical Al prevents of error, decision can be
harm and discrimina- | appealed (accountability).
tion Client data is protected
(privacy)
CITPABEJIJIMBOCTD | Absence of discrimi- | Hiring algorithm analyzes
nation in algorithms; | resumes: testing shows
requirement that Al model rejects women for
systems do not repro- | technical positions 2 times
duce or amplify biases | more often than men with
against certain groups | similar qualifications (bias).
of people (by gender, | After correction (removing
race, age, etc.) gender features, rebalancing
data) difference reduces to
5 % — model became fairer
OBBACHUMOCTD | Ability to understand | Model denied credit.
and interpret model Explainability system
decisions; capability (SHAP) shows: main reasons
to explain why model | for denial — high debt burden
made particular (contribution 45 %), short
decision. Explainabil- | credit history (contribution
ity is critical for 30 %), low income
critical applications (contribution 25 %). Client
(medicine, finance, understands reasons and can
law) and building trust | fix situation (increase
in Al income, pay off debts)
UHTEPIIPETHU- Degree of understand- | Linear regression predicts
PYEMOCTbDb ing cause-effect apartment price: price =

relationships in model;
how much human can
understand logic of
model decision-
making. Interpretable

= 50,000 x area + 500,000 x
X (proximity to metro) —
—200,000 x floor. Interpreta-
tion is obvious: each square
meter adds 50k rubles,
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models (linear regres- | proximity to metro adds
sion, decision trees) 500k, each floor above first
are more transparent | decreases price by 200k
than “black boxes”

(deep neural networks)

JIPEW® MOJIEJIU Change in model Demand prediction model
performance over time | trained on 2019 data. In
due to change 2020 pandemic started,
in statistical properties | buyer behavior changed:
of data or target demand for masks and
variable. Model drift | antiseptics grew 100 times,
requires monitoring for office clothes fell. Model
and retraining models | not retrained on new data

gives huge forecast errors —
concept drift occurred

MLOPS Practice of deploying | Company deployed 50 ML
and maintaining models in production.
machine learning MLOps platform automati-
models in production, | cally: tracks model quality
combining machine (drift monitoring), retrains
learning, DevOps, models on new data every
and data engineering. | week (automation), tests new
MLOps includes: versions before deployment
training automation, (CI/CD), rolls back model if
model monitoring, quality drops (safety)
versioning, CI/CD for
ML

KOHCTPYHUPO- Process of creating, Original data: transaction

BAHUE selecting, and trans- date, amount, store. Feature

ITPU3HAKOB forming features Engineering creates new
(features) from raw features: day of week
data to improve (Monday =0, ..., Sunday = 6),
machine learning time of day (morning/day/
model performance. evening/night), day of month
Feature Engineering (beginning/middle/end),
often impacts result amount relative to client’s av-
more than algorithm erage check (abnormally
choice large/small), time since last

purchase. New features
increase fraud detection
model accuracy from
78 t0 91 %

AUTOML Automation Business analyst without ML
of machine learning experience uploads sales
process: automatic data (100,000 rows,
model selection, 20 features) to AutoML
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3HAYEHUE
hyperparameter
tuning, feature
engineering,
validation. AutoML
allows non-experts to
create effective ML
models without deep
knowledge

IMPUMEP
platform (Google AutoML,
H20.ai). System automati-
cally: tries 15 algorithms
(from linear regression to
gradient boosting), tunes
hyperparameters for each,
selects best model (XGBoost
with 92 % accuracy), creates
API for predictions. Whole
process took 2 hours without
manual intervention
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TEPMHUH PA3- HA3BAHUE PA3JIEJIA

JAEJIA

AITPUOPHAAA Paznen 3. Cratuctuueckue Moielu

BEPOATHOCTD JUIsl OOYYEHUS C YUHUTEIIeM

ACCOLMATHUBHBIE Pa3nen 4. [IpoaBrUHYyThIE TEMBI:

[TPABUJIA METOJIbI 06€3 yUuTesi, MacmTabupye-
MOCTb U UHTETpanusi UCKYCCTBEH-
HOT'O MHTEJIJIEKTa

AITOCTEPUOPHAA Pazgen 3. Craructuueckue MOAEIH

BEPOATHOCTD JUTIs1 OOYYEHUS C YUUTEIIeM

ACUMMETPHUSI Pa3nen 2. Pa3zBenounslii aHain3 qaH-

PACITPEJAEJIEHUA HBIX U ONMCATENIbHAS CTATUCTHKA

AJIbTEPHATHUBHAZ Paznen 2. Pa3BeqouHbIl aHAIN3 JaH-

I'MITIOTE3A HBIX U OMUCATEIbHASl CTATUCTUKA

AHCAMBJIEBBIE METO/IbI Paznen 4. I[IpoaBUHYTHIE TEMBI: Me-
TOJBI 0€3 yuuTess, MaciTabupye-
MOCTb U UHTETpanusi UCKYCCTBEH-
HOT'O MHTEJIJIEKTA

OBYYEHWUE BE3 YUUTEJIA Paznen 4. I[IpoaBUHYTHIE TEMBI:
MeTO/IbI 6€3 yuuTes, MacuTabupye-
MOCTb U UHTETpalus UCKYCCTBEH-
HOT'O MHTEJIJICKTA

OBYYEHUE Pazpnen 4. IIpoiBUHYThIE TEMBI:

C IIOAKPEIUJIEHMEM METO/IbI O6€3 yuuTesi, MacTabupye-
MOCTb Y UHTETpaIus UCKYCCTBEH-
HOT'O MUHTEJIJIEKTA

OBYUYEHUE C YUUTEJIEM Pa3nen 3. Cratuctuueckue MOIEIN
it 00yUEHUS C YUUTEIEM

OBBEM JTAHHBIX Paznen 1. OcHOBBI TEOpUM BEPOAT-
HOCTEW M CTAaTUCTUYECKOTO MBIIIIIE-
HUS

OBPATHOE Paznen 4. IIpoaBUHYTHIE TEMBI:

PACITPOCTPAHEHUE MeTO/IbI O6€3 yuuTes, MacuTabupye-

OLINBKHN MOCTb ¥ UHTErpaLysi UCKYCCTBEH-
HOT'O MHTEJIJIEKTA

OUNCTKA JAHHBIX Paznen 2. Pa3Begounsblii aHaau3
JIAHHBIX W ONHCATEIbHAs CTaTUCTUKA

OCTATOK Paznen 3. Cratuctuueckue Moienu
JUIsl OOYYEHUS C YUIHUTEIIeM

OIIMCATEJIBHA S Pa3nen 2. Pa3zBenouHblil aHan3

CTATUCTHUKA JIAHHBIX W ONUCATEJIbHAsI CTATUCTUKA
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TEPMMH PA3-
JIEJIA

HA3BAHMUE PA3JIEJIA

OHJIAVMH-OBYYEHUE

Pa3nen 4. IIpoaBruHyTHIE TEMBI:
METO/Ibl O€3 YUHUTEIsl, MacIITadupye-
MOCTb Y MHTETpanus NCKYCCTBEH-
HOI'O MHTEJUICKTA

OLIMBKA ITEPBOI'O POJJA

Pa3nen 2. Pa3zBenouHsiii aHanns
JIAHHBIX ¥ ONMCATEIbHAA CTATUCTHKA

OIINBKA BTOPOI'O POJJA

Pa3nen 2. Pa3zBenouyHslii aHainus3 gaH-
HBIX U OIIMcaTelbHas CTaTUCTHUKA

BAMECOBCKAS
KJIACCUDPHKALUS

Pa3nen 3. Cratuctuyeckue MOIEIN
JUTsI OOYUYEHUS C YUUTEIIEM

BOITHUHI

Pa3nen 4. ITpoaBUHYThIE TEMBI:
METOJIBI 06€3 yUuTes, MacmTadbupye-
MOCTb U MHTEIrpalusl UICKYCCTBEH-
HOT'O MHTEJIJICKTa

BMMHOMUAJIbHOE PACIIPE-
JEJIEHUE

Pa3nen 1. OcHOBBI TE€OpUM BEPOSIT-
HOCTEH M CTaTHCTUYECKOTO MBIIILIIE-
HUSI

BOJIBIINE TAHHBIE

Pa3nen 1. OcHOBBI TE€OpUM BEPOSIT-
HOCTEH M CTaTHCTUYECKOTO MBIIILIIE-
HUSI

BYCTHUHI'

Pa3nen 4. IIpoaBUHYyTBIE TEMBI:
METOJIBI 06€3 YyUuTeIs, MacITabupye-
MOCTb U MHTErpallusi UICKYCCTBEH-
HOT'O MHTEJIJICKTa

BMHAPHAS
KITACCUOUKALIMA

Pa3nen 3. Cratuctuyeckue MOIEIN
JUTsI OOYUYEHUS C YUUTEIIEM

BAJIMJALIMOHHAS
BBLIBOPKA

Pa3nen 3. Cratuctuyeckue MOAEIHN
Jutst 0OyYEHUS C YUUTEIEM

BU3YAJIM3ALIA JAHHBIX

Pa3nen 2. Pa3zBenouHbI aHainns
JaHHBIX U OoIIMcaTelbHasl CTATUCTHKA

BbIBPOC

Pasnen 2. PazBenounsiii ananus
JIAHHBIX ¥ OMMCATEIbHAA CTATUCTUKA

I'EHEPATHBHbIN 1

Pa3nen 4. IIpoaBUHYyTBIE TEMBI:
METOJIbI 06€3 yUuTeIs, MacImTadbupye-
MOCTb U MHTEIpalusl UICKYCCTBEH-
HOT'O MHTEJIJICKTa

I'ETEPOCKEAACTUYHOCTD

Pasnen 3. Cratuctuyeckue MOAEIN
JUIsI OOYUYEHUSI C YUUTEIIEM

[MITEPITAPAMETPBI

Pa3nen 3. CraTuctuyeckue MOAEIN
JUTsl OOyUYEHUSI C YUUTENIEM

[TMCTOI'PAMMA

Paznen 2. Pa3zBenoyHbIi aHAIN3
JNAHHBIX U ONKcAaTelbHas CTAaTUCTHUKA
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PEILIEHUA
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J0JIA NICTUHHO
[TOJIOXKHUTEJIBHBIX

JIOJ151 JIOJKHO-
MTOJIOKUTEJBHBIX

JIUCKPETHA S CJTYYAU-
HAA BEJIMUMHA

JTUCITEPCUOHHBIN
AHAJIN3

JUCTIEPCUA

JMNATPAMMA PACCESHUA

JIEHIPOTPAMMA

DBSCAN
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Paszpnen 4. IIpoiBUHYThIE TEMBI:
METO/IbI O6€3 yuuTesi, MacTabupye-
MOCTb ¥ UHTETPALMs UCKYCCTBEH-
HOIr'o MHTEJIJIEKTa

Pa3nen 3. Cratuctuueckue MOEIN
it 00yUEHUSI C YUUTENEM

Pazpnen 4. I[IpoaBUHYThIE TEMBI: Me-
TO/BI O€3 YUuTeNsi, MacTabupye-
MOCTb ¥ UHTETPaLMs UCKYCCTBEH-
HOT'0 MHTEJIJICKTa

Pa3nen 3. Cratuctuueckue MOIEIN
it 00yUEHUS C YUUTEIEM

Paznen 2. Pa3BeiouyHEbII aHAINU3
JTAHHBIX U OIMMUCATENbHAs CTATUCTUKA

Pa3nen 2. Pa3zBenouHblil ananns
JIAHHBIX U OIMUCATEIbHASA CTATUCTUKA

Paznen 4. IIpoiBUHYThIE TEMBI:
METOJIbI 06€3 yuuTes, MacmTabupye-
MOCTb ¥ MHTETpalMs UCKYCCTBEH-
HOT'O MHTEJIJICKTA

Pa3nen 3. Cratuctuueckue MOIEIN
it 00yUEHUS C YUUTEIEM

Pa3nen 3. Cratuctuueckue MOAEIN
it 00yUEHUSI C YUUTEIEM

Paznen 1. OcHOBBI TEOpUM BEPOSIT-
HOCTEHN U CTaTUCTUYECKOTO MBIIILJIE-
HUS

Pa3nen 2. Pa3zBenouHblil ananns
JIAHHBIX U OMUCATEbHAA CTATUCTUKA

Pa3nen 1. OcHOBBI TEOpHUU BEPOSIT-
HOCTEH M CTAaTUCTUYECKOTO MBIIILIE-
HUS

Pa3nen 2. Pa3zBenouHbiii aHann3
JTAHHBIX U OIMCATEIbHASA CTATUCTUKA

Paznen 4. IIpoaBUHYTHIE TEMBI:
METO/IbI 06€3 yuuTes, MacTabupye-
MOCTb Y UHTETpaIus UCKYCCTBEH-
HOT'O MHTEJUJICKTA

Paznen 4. IIpoiBUHYThIE TEMBI:
METO/IbI 06€3 yuuTes, MacITabupye-
MOCTb ¥ MHTETpalMs UCKYCCTBEH-
HOIr'o MHTEJIJIEKTa




LIBET
TEPMMH PA3-
JIEJIA

HA3BAHMUE PA3JIEJIA

EM-AJITOPUTM

Pa3nen 4. IIpoaBruHyTHIE TEMBI:
METO/Ibl O€3 YUHUTEIsl, MacIITadupye-
MOCTb Y MHTETpanus NCKYCCTBEH-
HOI'O MHTEJUICKTA

3AKOH BOJIbIINX YNCEJI

Pa3nen 1. OcHOBBI TEOpUM BEPOSIT-
HOCTEH M CTAaTUCTUYECKOTO MBIIILIE-
HUS

3ABUCHUMAS IIEPEMEH-
HAJ

Pa3nen 3. Cratuctuyeckue MOAEIHN
Jutst 0OyYEHHS C YUUTEIEM

MCKYCCTBEHHBIN
NHTEJUIEKT

Paznen 1. OcHOBBI TEOpUM BEPOSIT-
HOCTEH U CTAaTUCTUYECKOTO MBIIILJIE-
HUS

NCTHUHHO .
OTPULATEJIbHBIN

Paznen 3. CraTuctuyeckue Moaenn
JUIs1 OOYUCHUS C YUHUTEIIeM

NCTUHHO
TTOJIOXUTEJIBHBIN

Pasnen 3. Cratuctuyeckue MOAEIN
JUIsI OOYUYEHUS C YUUTEIIEM

VHTEJUIEKTY AJIbHBIN
AHAJIN3 JAHHBIX

Pazgen 1. OcHOBBI TEOpUU BEPOSAT-
HOCTEHN U CTAaTUCTUYECKOTO MBIIILJIE-
HUs

NMHTEPBAJIBHOE
OLEHMNBAHUE

Pa3nen 2. Pa3zBenouHbIi aHains
JNAaHHBIX U OoIMcaTelbHasl CTATUCTHKA

NMHTEPIIPETUPYEMOCTb

Paznen 4. ITpoaBUHYTHIE TEMBI:
MeTO/IbI 06€3 yuuTes, MaciTabupye-
MOCTb U UHTETpalus UCKYCCTBEH-
HOT'O MHTEJIJICKTA

KBAHTHNJIN

Pa3nen 2. Pa3zBenouHbIi aHains
JAaHHBIX U OoIIMcaTelbHasl CTATUCTHKA

KOBAPUALIMA

Pasnen 2. Pa3zBenoynslii aHaus3 qaH-
HBIX U OINHUCATEIbHAS CTATUCTUKA

KOMITPOMHUCC
CMELLEHUA 1 ANCIIEP-
Cnn

Pa3nen 3. Cratuctruyeckue MOAEIHN
Ut 0OyYeHUs C YIUTEIeM

KOHCTPYUPOBAHUE
[TPU3HAKOB

Pa3nen 4. IIpoaBUHYyTBIE TEMBI:
METOJIbI 06€3 yUuTeIs, MacImTadbupye-
MOCTb U MHTEIpalusl UICKYCCTBEH-
HOT'O MHTEJIJICKTa

KPOCC-BAJIMJALIA

Pasnen 3. Cratuctuyeckue MOAEIN
JUIsI OOYUYEHUSI C YUUTEIIEM

K-KPATHAS KPOCC-
BAJIMJALMS

Pa3nen 3. CraTuctuyeckue MOAEIN
JUTsl OOyUYEHUSI C YUUTENIEM

KPUTUYECKAS OBJIACTD

Paznen 2. Pa3zBenoyHbIi aHAIN3
JNAHHBIX U ONKcAaTelbHas CTAaTUCTHUKA
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LBET

TEPMHUH

KIIACTEPU3AILIA

KITACCUOUKALINA

KODOOULIUEHT
JIETEPMUHALIN

KOSOOUITNEHTEI
PEI'PECCUU

KOPPEJIALNA

KOPPEJALNA ITMPCOHA

KOPPEJIALIA CITMPMEHA

HHEHTPAJIbHAA
[NPEJAEJIBHAS TEOPEMA

JIACCO-PEI'PECCHUA

JINOT

JIMHEHA 51 PETPECCHUSI

JIOXKHOOTPULIATEJIbHBIN

JIOXKHOITOJIOXKUTEJIBHBIN

MAIIMHHOE OBYYEHUE

MAPTMTHAJIbHAA
BEPOATHOCTbD

MATEMATHUYECKOE
OXUJAHUE

MATPHIIA OILIMBOK

135

HA3BAHMUE PA3JIEJIA

Paszpnen 4. IIpoiBUHYThIE TEMBI:
METO/IbI O6€3 yuuTesi, MacTabupye-
MOCTb ¥ UHTETPALMs UCKYCCTBEH-
HOIr'o MHTEJIJIEKTa

Pa3nen 3. Cratuctuueckue MOEIN
it 00yUEHUSI C YUUTENEM

Pa3nen 3. Ctatuctuueckue MOAEIN
it 00yUEHUSI C YUUTEIEM

Pa3nen 3. Cratuctuueckue MOAENN
JUISE OOYUYCHHS C YUUTEIIEM

Pa3nen 2. Pa3zBenouHblil aHan3
JTAHHBIX U OIMCATEIbHASA CTATUCTUKA

Pa3nen 2. Pa3zBenouHbIi aHaian3
JTAaHHBIX U OIMUcaTeIbHas CTATUCTHUKA

Pa3nen 2. Pa3zBenouHblil ananns
JIAHHBIX U OIMMCATEIbHASA CTATUCTUKA

Pa3nen 1. OcHOBBI TEOpUU BEPOSIT-
HOCTEH M CTATUCTUYECKOTO MBIIILIE-
HUS

Pa3nen 3. Cratuctuueckue MOEIN
it 00yUEHUS C YUUTEIEM

Paznen 4. IIpoaBUHYTHIE TEMBI:
MeTO/IbI €3 yuuTes, MacuTabupye-
MOCTb U UHTETpalus UCKYCCTBEH-
HOT'O MHTEJUJICKTA

Pa3nen 3. Ctatuctuueckue MOEIN
it 00yUEHUSI C YUHUTEIEM

Paznen 3. CraTuctuyeckue Moaenu
JUIsl OOYYEHUS C YUUTEIIeM

Pa3nen 3. Cratuctuueckue MOIEIN
it 00yUEHUS C YUUTEIEM

Pazgen 1. OcHOBBI TEOpUM BEPOAT-
HOCTEHN U CTaTUCTUYECKOTO MBIIILJIE-
HUS

Pazgen 1. OcHOBBI TEOpUM BEPOAT-
HOCTEHN U CTAaTUCTUYECKOTO MBIIILIIE-
HUS

Paznen 1. OcHOBBI TEOpUM BEPOSIT-
HOCTEHN U CTaTUCTUYECKOTO MBIIILIIE-
HUS

Paznen 3. Cratuctuyeckue Moaenu
JUIst O0YUYEHHS C YUUTelIeM




LIBET
TEPMMH PA3-
JIEJIA

MEPBI LIEHTPAJIbHOM
TEHJIEHIIUU

MEPLI PA3BPOCA

MEXKBAPTUJIbHBIN
PABMAX

METO/ I''TABHBIX
KOMIIOHEHT

METO/ JIOKTA

MOJIA

HA3BAHMUE PA3JIEJIA

Pa3nen 2. Pa3zBenouHbIi aHainns
JNaHHBIX U OoIIMcaTelbHasl CTATUCTHKA

Paznen 2. Pa3zBenouyHbIi aHAIN3
JNAHHBIX U ONKcAaTelbHas CTAaTUCTHUKA

Pa3nen 2. Pa3zBenouHsiii aHanns
JIAHHBIX ¥ ONMCATEIbHAA CTATUCTHKA

Pasnen 4. IIpoaBuHyTHIE TEMBI:
METO/IbI 6€3 YUHTEsl, MacIITadupye-
MOCTb Y MHTETpanus NCKYCCTBEH-
HOI'O MHTEJJICKTA

Pa3nen 4. ITpoaBUHYThIE TEMBI:
METOJIBI 06€3 yUuTes, MacmTadbupye-
MOCTb U MHTEIrpalusl UICKYCCTBEH-
HOT'O MHTEJIJICKTa

Pasnen 2. PazsBenounsiii ananns
JIAHHBIX ¥ OMMCATEIbHAA CTATUCTUKA

JIPEVI® MOJIEJIN

Pa3nen 4. IIpoaBruHyTHIE TEMBI:
METOJIBI 06€3 yUuTeIs, MacimTadbupye-
MOCTb M HHTEIPallisl HCKYCCTBEH-
HOI'O MHTEJJIEKTA

MHOT'OKJIACCOBA#A
KITACCUOUKALIMA

Pa3nen 3. Cratuctuuyeckue MOAEIHN
Jutst OOYYEHHS C YUUTEIEM

MHOXECTBEHHAS
JIMHEMHAZA PETPECCHUA

Pa3nen 3. CtaTuctuuyeckue MOAEN
JUTsl OOYUYEHUSI C YUUTENIEeM

MOIIHOCTD TECTA

Paznen 2. Pa3zBenoyHbIi aHAIN3
JNAHHBIX U ONKcAaTelbHas CTAaTUCTHKA

MVIJIbTUKOJIJIMHEAP-
HOCTb

Pa3nen 3. Cratuctuyeckue MOAEIHN
Jutst 0OYYEHUS C YUUTEIEeM

HAMNBHBIN BAMECOBCKUMN
KJIACCUDOUKATOP

Pa3pnen 3. CtaTuctnyeckue MOAENN
JUTsl OOYUYEHUSI C YUUTEIEM

HAVKA O JAHHBIX

Pa3znen 1. OcHOBBI TE€OpUU BEPOSIT-
HOCTEH M CTaTUCTUYECKOTO MBIIILIE-
HUS

HE3ABUCHMAA
ITEPEMEHHAA

Pasnen 3. Cratuctuyeckue MOIEIN
JUTsI OOYUYEHUS C YUUTEIIEM

HE3ABHCUMOCTDb
COBBITUN

Pa3nen 1. OcHOBBI TEOpUM BEPOSIT-
HOCTEH M CTAaTUCTUYECKOTO MBIIILIE-
HUS

HEJOOBYUYEHUE

Pa3nen 3. Cratuctuyeckue MOAEIHN
Jutst 0OyYEHUS C YUUTEIEM

HEVMPOHHAS CETh

Paznen 4. ITpoaBUHYTHIE TEMBI:
METOJ1bI 0€3 yUuTes,
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TEPMHUH

HEIIPEPBIBHAS]
CJIVHANHAS BEJIMYNHA

HVJIEBAS TUITIOTE3A

OBBbACHEHHAA
JUCTIEPCUA

OBBACHUMOCTD

P-3HAYEHUNE

[NEPEOBYUEHUE

INEPHEHTHWIIN

TTOJIJIEP)KKA

I[TOJIMHOMMUMAJIbHAA
PEI'PECCHUA

[TOJIHOTA

MIPAB/IOTIOJIOBUE

I[TPEJUKTUBHAA
AHAJINTUKA

I[MPEWU3NOHHOCTD

ITPOCTPAHCTBO
SJIEMEHTAPHBIX MCXO-
JIOB

[MTPOITYIIEHHBIE TAHHBIE

[TPOCTAS JIMHEMHAS
PEIPECCUY

LBET

HA3BAHMUE PA3JIEJIA

MaCIJ_ITa6I/IpyeMOCTB H UHTCTpaluAa
HCKYCCTBCHHOI'O MHTCJIJICKTA

Paznen 1. OcHOBBI TEOpUM BEPOSIT-
HOCTEHN U CTaTUCTUYECKOTO MBIIILJIE-
HUS

Pa3nen 2. Pa3zBenouHblil anaans
JIAHHBIX U OMKCATEIbHAA CTATUCTUKA

Pa3nen 4. [IpoaBruHYyThIE TEMBI:
METOJIbI 06€3 yuuTes, MacmTabupye-
MOCTb U MHTErpalus UCKYCCTBEH-
HOT'O MHTEIJICKTa

Pa3nen 4. [IpoaBrUHYyThIE TEMBI:
METO/IbI 0€3 yUuTessl, MaciTadupye-
MOCTb U MHTErpalusi UCKYCCTBEH-
HOT'O MHTEIJICKTa

Paznen 2. Pa3sBeiouHEbIi aHAINU3
JTAHHBIX U OIMMUCATENbHAs CTATUCTHUKA

Pa3nen 3. Cratuctruueckue MOAEIN
JUISI OOYUCHHS C YUUTEIIEM

Pa3nen 2. Pa3zBenouHbIi aHain3
JTAaHHBIX U OMHUcaTeIbHas CTATUCTHUKA

Paznen 4. IIpoaBUHYTHIE TEMBI:
MeTO/IbI 6€3 yuuTes, MacuTabupye-
MOCTb U UHTETpalus UCKYCCTBEH-
HOT'O MHTEJIJIEKTA

Pa3nen 3. Ctatuctuueckue MOEIN
it 00yUEHUSI C YUUTEIEM

Pa3nen 3. Cratuctuueckue MOAEIU
JUIsl OOYYEHUS C YUUTEIIeM

Pa3nen 3. Cratuctuueckue MOIEIN
it 00yUEHUSI C YUUTEIEM

Pazgen 1. OcHOBBI TEOpUM BEPOAT-
HOCTEHN U CTAaTUCTUYECKOTO MBIIILIIE-
HUS

Paznen 3. CraTuctuyeckue Moaenu
it 00yUEHUSI C YUUTEIEM

Pa3znen 1. OcHOBBI TEOpUU BEPOSIT-
HOCTEH U CTaTHCTUYECKOTO MBIIILIIE-
HUSI

Pa3nen 2. Pa3zBenouHbiil aHanns
JIAHHBIX U OIMMCATEIbHASA CTATUCTUKA

Pa3nen 3. Cratuctuueckue MOAEIN
it 00yUEHUS C YUUTEIEM
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LIBET
TEPMMH PA3-
JIEJIA

I[TPOBEPKA
CTATUCTUYECKUX
['MIIOTE3

PACIIPEJAEJIEHUE
BEPHYJIJIN

PACIIPEAEJIEHUE
BEPOATHOCTEHN

PACIIPEJAEJIEHUE
I[TYACCOHA

PA3BEJIOYHbBII AHAJIN3
JIAHHBIX

PA3ZMAX

PA3MEP BbIBOPKU

PA3MEP D®®EKTA

PA3MEP FATHA

PEI'YJIAPU3ALIAA

PEKYPPEHTHbLIE
HEMPOHHLIE CETU

ROC-KPUBAA

CBOBO/IHbBIN YJIEH

COBBLITHUE

CKOPOCTb 'EHEPALIMU
JIAHHBIX

CKOPPEKTHUPOBAHHBII R

HA3BAHMUE PA3JIEJIA

Pa3nen 2. Pa3zBenouHbIi aHainns
JNaHHBIX U OoIIMcaTelbHasl CTATUCTHKA

Paznien 1. OcHOBBI TEOpHH BEPOATHO-
CTE€H U CTATUCTHUYECKOTO MbIIICHUS

Paznen 1. OcHOBBI TEOpHH BEPOSITHO-
CTEH U CTAaTUCTUYECKOTO MBIIILICHUSI

Paznen 1. OcHOBBI TEOpHH BEPOSITHO-
CTEW M CTATUCTHUYECKOTO MBIIILICHHUS

Pa3nen 2. Pa3zBenouHsiii aHanns
JIAHHBIX ¥ ONMCATEIbHAA CTATUCTUKA

Paznen 2. Pa3zBenouyHbIi aHAIN3
NAHHBIX U ONKcAaTelbHas CTaTUCTHKA

Pa3nen 2. Pa3zBenouHsiii aHanns
JIAHHBIX W OMMCATEIbHAA CTATUCTUKA

Pa3nen 2. Pa3zBenouHbIN aHains
JAaHHBIX U OoIMcaTelbHasl CTATUCTHUKA

Paznen 4. [TpoiBUHYThIE TEMBI:
MeTO/IbI O6€3 yuuTens, MaciTabupye-
MocCTb 1 nHTerpanus M1

Paznen 3. CraTuctuyeckue Moaenn
JUTsl OOyUYEHUS C YUUTEIEeM

Pa3nen 4. IIpoaBUHYyTBIE TEMBI:
MeTO/Ibl 0€3 yuuTesi, MaciTabupye-
MOCTb ¥ MHTETPalUsi UICKYCCTBEH-
HOT'O MHTEJIJIEKTa

Pa3nen 3. CtaTuctuuyeckue MOAEN
Ut OOyYeHUs C YIUTEIeM

Pa3nen 3. Cratuctuuyeckue MOAEIN
JUTsl OOyUYEeHUsI C YUUTEIEeM

Paznen 1. OcHOBBI TEOpHH BEPOSITHO-
CTEH U CTAaTUCTUYECKOTO MBIIIIIEHUS

Paznen 1. OcHOBBI T€OpHH BEPOSITHO-
CTE€H U CTATUCTHUYECKOTO MBIIUICHUS

Pa3nen 3. Cratuctuuyeckue MOIEIN
JUTsl OOyUYEeHUsI C YUUTENIEeM

CJIVUAMHAS BEJIMUMHA

Paznien 1. OcHOBBI TEOpHH BEPOATHO-
CTEH U CTAaTUCTHUUYECKOTO MBIIIICHUS

CJIVUAMHBIN
HKCIIEPUMEHT

Paznen 1. OcHOBBI TEOpHH BEPOSITHO-
CTeH U CTAaTUCTUYECKOTO MbIIIIIEHUS
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LBET

TEPMHUH

HA3BAHMUE PA3JIEJIA

CJIVUAUHBIN JIEC

Paszpnen 4. IIpoiBUHYThIE TEMBI:
METO/IbI O6€3 yuuTesi, MacTabupye-
MOCTb ¥ UHTETPALMs UCKYCCTBEH-
HOIr'o MHTEJIJIEKTa

MOJIEJIb TAYCCOBCKOH
CMECU

Pa3nen 4. [IpoaBrUHYyThIE TEMBI:
MeTO/Ibl O€3 yUuTess, MaclTadupye-
MOCTb ¥ MHTETPaIUs NCKYCCTBEH-
HOTO WHTEIJICKTa

CKOPOCTBH OBYUYEHUA

Pa3nen 4. [IpoaBrUHYyThIE TEMBI:
METO/IbI 0€3 YUuTessl, MaciTabupye-
MOCTb U MHTETpalusl UCKYCCTBEH-
HOT'O MHTEIJIEKTa

CKOJIB31UI KOHTPOJIb

Pa3nen 3. Cratuctuueckue MOAEIN
it 00y4YEHUS C yIUTEIeM

CITPABEIJINBOCTbB

Pa3nen 4. [IpoaBrUHYyThIE TEMBI:
MeTO/Ibl O€3 yUHuTess, MaclTadupye-
MOCTb M UHTETPAIHsl UCKYCCTBEH-
HOTO WHTEIJICKTa

CPEJIHEE
APUOMETUYECKOE

Pa3nen 2. Pa3zBenouHblil aHann3
JTAHHBIX U OIMUCATEIbHASA CTATUCTUK

CPEJHEKBAZIPATUYHAA
OLINBKA

Pa3nen 3. Cratuctuueckue MOIEIN
it 00y4YEHUS C yUUTEIeM

CTAHJAPTHOE
OTKJIOHEHHE

Paznien 1. OcHOBBI TEOPUH BEPOSTHO-
CTel U CTATUCTUYECKOTO MBIIIJICHUS

CPEJHASA ABCOJIXOTHAA
OLINBKA

Pasznen 3. CratucTuueckue MOIeu
ISt OOYYIEHUS C yIUTEIeM

CTATUCTHUYECKOE
OBYUYEHUE

Paznen 1. OcHOBBI TEOpUM BEPOATHO-
CTEH U CTaTUCTUYECKOTO MBILLICHUS

CTATUCTUYECKUU BEI-
BOJI

Pa3nen 2. Pa3zBenouHblil aHan3
JIAHHBIX U OIMMCATEIbHASA CTATUCTUKA

CTOXACTI/I‘-IEQKI/Iﬁ
I'PAIAVMEHTHBIN CITYCK

Paznen 4. IIpoaBUHYTHIE TEMBI:
METO/IbI 06€3 yuuTes, MacTabupye-
MOCTb U UHTETpanusi UCKYCCTBEH-
HOT'O UHTEJIJIEKTA

T-SNE

Pa3nen 4. [IpoaBrUHYyThIE TEMBI:
MeTO/Ibl O€3 yUHuTess, MaclTadupye-
MOCTb M UHTETPaIHsl UCKYCCTBEH-
HOTO WHTEIJICKTa

TECTOBAS CTATUCTUKA

Pa3nen 2. Pa3zBenouHblil aHanin3
JIAHHBIX U OIMMCATEIbHASA CTATUCTUKA
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LIBET
TEPMMH PA3-
JIEJIA

HA3BAHMUE PA3JIEJIA

TOYEYHOE OHEHUBAHUE

Pa3nen 2. Pa3zBenouHsiii aHanns
JIAHHBIX ¥ ONMCATEIbHAA CTATUCTUKA

TOYHOCTD

Paznen 3. CraTuctuyeckue Moaenn
JUTsl OOyUYEHUS C YUUTEIEeM

TOYHOCTb

Pasnen 3. Cratuctuyeckue MOIEIN
JUTsl OOyUYEeHUSsI C YUUTENIEeM

TRANSFORMER

Pa3nen 4. IIpoaBruHyTHIE TEMBI:
METOJIBI 06€3 yUuTeIs, MacImTadbupye-
MOCTb M HHTEIpallysl HCKYCCTBEH-
HOT'O MHTEJIJICKTA

TPAHCOEPHOE ObYYEHUE

Paznen 4. ITpoaBUHYTHIE TEMBI:
METOJIbI O6€3 yuuTes, MaciTabupye-
MOCTb M UHTETpallis UCKYCCTBEH-
HOTO MHTEJIJIEKTa

TEOPEMA BAWECA

Paznien 1. OcHOBBI TEOPHH BEPOATHO-
CTel U CTATUCTUYECKOTO MBIIIJICHUS

YPOBEHb 3HAYNMOCTU

Pa3nen 2. Pa3zBenouHsiii aHanns
JIAHHBIX W ONMCATEIbHAA CTATUCTUKA

UMAP

Paznen 4. ITpoaBUHYTHIE TEMBI:
METO/IbI O6€3 yuuTes, Macirabupye-
MOCTb M UHTETpallis UCKYCCTBEH-
HOTO MHTEJIJIEKTa

OYHKIMA AKTUBALIN

Pa3nen 4. IIpoaBUHYyThIE TEMBI:
METO/Ibl 6€3 yUHUTesl, MaclITadupye-
MOCTb ¥ MHTETPaIisi NICKYCCTBEH-
HOT'O WHTEIIJICKTa

OYHKIMA BEPOATHOCTHU

Paznien 1. OcHOBBI TEOPUH BEPOATHO-
CTEH M CTATUCTUYECKOTO MBIIIJIEHUS

OYHKIMA INIOTHOCTU
BEPOATHOCTU

Paznen 1. OcHOBBI TEOpUM BEPOATHO-
CTE€ U CTaTUCTUYECKOTO MBILUICHUS

OYHKINA
PACIIPEAEJIEHNA

Paznien 1. OcHOBBI TEOPHH BEPOATHO-
CTel U CTATUCTUYECKOTO MBIIIIJICHUS

F1-MEPA

Pa3nen 3. CtaTuctuyeckue MOAENN
Ut OOyYeHUs C YIUTEIeM

XU-KBAIPAT-TECT

Pasnen 2. Pazsenounsiii ananus
AHHBIX U ONHCaTeIbHAsA CTATUCTHKA

HEHTPOM/L

Pa3nen 4. ITpoaBUHYyThIE TEMBI:
MeTO/Ibl 0€3 yuuTesi, MaciTabupye-
MOCTb ¥ MHTETPalusi UICKYCCTBEH-
HOT'O MHTEJIJIEKTa
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LBET

TEPMHUH

UYBCTBUTEJIBHOCTD

YKCJIO CTEIIEHEA
CBOBO/IbI

STUYHBIN UU

OIIOXA

OKCLECC

OJIACTUYHAA CETbH

SAMUK C «YCAMN»

HA3BAHMUE PA3JIEJIA

Pa3nen 3. Cratuctuueckue MOIEIN
JUTSE OOYUCHHS C YUUTEIIEM

Paznen 2. Pa3sBeiouHEbII aHAINU3
JTAHHBIX U OIMCATEIbHAsA CTaTUCTUKA

Pa3nen 4. [IpoaBrUHYyThIE TEMBI:
MeTO/Ibl O€3 yUHuTess, MaclTadupye-
MOCTb ¥ MHTETPaIns UCKYCCTBEH-
HOT'O MHTEJJIEKTa

Pa3nen 4. [IpoaBruHYyThIE TEMBI:
METO/IbI 0€3 YUuTessl, MaciTabupye-
MOCTb U MHTETpalisl UCKYCCTBEH-
HOT'O UHTEJUIEKTa

Pa3nen 2. Pa3zBenouHbIN aHan3
JTAHHBIX U OIMUCaTeNbHas CTaTUCTUKA

Pa3nen 3. Cratuctruueckue MOAEIN
U1t OOYUYEHHS C yUUTelIeM

Pa3nen 2. Pa3zBenouHblil aHann3
JIAHHBIX U OIMMCATEIbHASA CTATUCTUKA
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