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KnbepHeTtuka
N nepBbleé HEUPOHHbLIE CeTU

SNARC - Marvin Lee Minsky




KnbepHetuka
N nepBbleé HEUPOHHbLIE CeTU

* Yepenaxa (koHcTpykTOp Grey Walter,
1949
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[lepBble uUMppoBbLIE KOMMNbLIOTEPbI -
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1956r. apTMyTCKMN CEMUHAP

 Llenbio KoHepeHUMn ObINO
PacCMOTPEHME BOMNPOCaA: MOXHO NN
MOOENMPOoBaTb PacCYyXOEHUS, UHTENNEKT
N TBOPYECKNE MPOLIECCHI C MOMOLLbIO
BbIYNCIUTESbHbLIX MaLUWH

o YTBEpaUna nosiBrieHne HoBou obnacTu
Hayku 1 gana en HasBaHue —
«Artificial Intelligence»




1974-1980 — 3nma ons
MCKyCCTBEHHOIro UHTENMeKTa

e HamBHbIN ONTUMUN3M:

- 1954 yepe3 3 — 5 neT 3agavya MalLIMHHOIO
nepesoda OyaeT NOMMHOCTbIO pPeLleHa

- 1958 yepes 10 net KOMMbIOTEP CTAHET
4eMMNMOHOM MMpPa MO LaxmaTaMm; JoKaXeT
BaXXHY0 MaTeMaTUYECKYO TEOPEMY

- 1970 yepe3 3 — 8 neT OyneTt co3aaH
NCKYCCTBEHHbIN UHTENNEKT obLiero
Ha3Ha4YeHUsA, CpaBHUMbIN C UHTENNEKTOM
cpeaHecTaTUCTUYECKOro YernoBeka

* napagokc MopaBeka
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» KonnyecTBo akcnepTHbix cnctem B CCCP
NcuncnaeTca coTHaMu (0030p B |
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banecoBckue cetu goBepua

-
x|
1

3HAHNAX 3KCNEPTOB, a HA CTATUNCTUYECKUX

- Pewwenue 3agay MM ocHoBbIBaeTcs He Ha ﬁ'— 8

OaHHbIX ol

 [Ixyna Nepn co3gaeT annapart

banecoBCKMX ceTen OoBepUA Ang 3aaad

knaccudpumkauum (1988 r.)

BO3pacT H netu | ::o6pa3OBaH|/|e;P>: noxop
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pa3mep KpeauTa H BEPHET KpeauT?
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e [pynna 100 naymeHTOB C NOAO3PEHNEM HaA

MEHWUHINT (BEPOATHOCTb AnarHo3sa: 0.3)
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MPU3HAKH Ll
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roJIoBHasi 0OJNb| TEMIEpaTypa| TOLIHOTA CUMIITOM Imis
Kepnura |
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% NALUEHTOB ¢ JaHHBIM IIPU3HAKOM, 30 15 5 2 1
OOJICFOIMX MEHUHTUTOM e 1)
% TMaMEeHTOB C JaHHBIM MPU3HAKOM, HO 70 35 5 0
0e3 MEHMHTHUTA
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e Monck Hannmy4Lwnx 3aKOHOMEPHOCTEN Er .

» Mpynna 100 NALUMEHTOB C NOAO3PEHNEM Ha £

MEHWUHINT (BEPOATHOCTb AnarHo3sa: 0.3)

MPH3HAKH [imsy
rojioBHas 00JIb| Temreparypa TOIIHOTA CUMITTOM B
Kepuura i
L
% IMalMEHTOB C JaHHBIM IIPU3HAKOM, 30 15 5 2 e 1)
OOJIEIONMX MEHUHTUTOM =
% ManneHTOB C TaHHBIM PU3HAKOM, HO 70 35 5 0
0€3 MEHUHTUTA
BEPOSTHOCTh TAKOTO PACIPEACTICHHUS 1 0.1725 0.0996 0.4879

MMAaIUECHTOB IIPU YCIIOBUH HC3aBUCUMOCTH
IIPU3HAKA U INAarHo3a
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» Jleo bpenmaH n Agenb Katnep nyonukyot
onucaHue anropuTtMa, 3aknyarLlerocsd B

MCMOSb30BaHNMM aHCaMbrisa peLuatoLmx o
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Pa3BuTne HeMPOHHbLIX ceTen

* 1957 — PoseHbOnaT co3gaeTt npocTyto
MoOenb nepuenTpoHa

« 1986 — meTo 0bpaTHOro pacrnpocTpaHeHus
OLLMNOKM

1998 — MeTOO CTOXACTUYECKOrO rpaaneHTa

e 2000 — Uropb AnseHbepr npuayman TepMUH
«deep learning»

» 2009 — 3anyck bl nsobpaxeHun ImageNet

2011 — cBepTto4vHaga ceTb AlexNet oT Alex
Krizhevsky nobexxgaeTt Bo BCeEX KOHKypcax

e 2014 — n3obpeTeHne reHepaTUBHbIX CETEN
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NLP — obpaboTKka

eCTEeCTBEHHOrO A3blKa =an

CUHTE3 peyn =n

pacno3HaBaHne peyn N

pacno3HaBaHMe TeKkcTa (neyYaTHoro u HL 1]

PYKOMUCHOTO) gims

MaLUMHHBLIN NepeBoa
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MHJOPMALIMOHHbLIW MOUCK

OTBETbl Ha BOIPOCHI




NLP

1988 — naTteHTHbIM ceMaHTU4eckun aHanuns (LSA)

2000 — naTteHTHOe pasmelleHune Oupuxne (LDA)

2000 - BEpOATHOCTHbIN NAaTEHTHO-CEMAHTNYECKNI
aHanus (PLSA)

PR i e e =2 s m

2013 — n3obpeteHne word2vec n Ha4yano

LLIMPOKOTO NMPUMEHEHUsS1 HEMPOHHbIX ceTen B NLP &7

2014 — npumeHeHne ceTen-TpaHcOopMepoB Angd
nepesoaa

T ——

2016 — ucnonb3oBaHue ceTen Ha ocHose attentionf—
Onsa nepesoa (YacTHbIM criyvan ceTeEN ¢ NaMATbIO)

t| T

2018 — ncnonb3oBaHue NpenodbyyYeHHbIX
HEWPOHHbIX CEeTEN




KomMmnbloTepHble WwaxmaTbl

* Deep Blue
* Deep Fritz
* PentnHr CCRL

- Stockfish
- Komodo
— Houdini
- Fire

- Rybka

- Strelka
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NOMCK JOKYMEHTOB MO 3arnpocy Er H
(paspelueHne nekcmnyeckou '
MHOI0O3Ha4YHOCTWN, MOPOSIOrM4YECKNN

aHanus) e

Knaccudukauunsa JOKYMEHTOB

dounnbTpauma JOKYMEHTOB 1D

aHHOTMpPOBaHUE U pedepupoBaHmne
OOKYMEHTOB

findex Google




PekomeHaaTenbHbIe CUCTEMbI

* Netflix prise

» KonnabopaTtneHas
douneTpayms

e FastXML

NETELIX
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AHanu3 TOHaNbHOCTU TEeKCTa
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e TOHanbHOCTb — NO3MNLUMA aBTOpPA,

e *

OTHOCUTEJIbHO TEMBDI COO6LLI,eH NA

« ConpsixxeHHas 3agada; onpegeneHme

TEMbI

 [MpunoxeHus: )

— MNOJINTOJ10TnNA S

— MapPKETUHI (MHEHUA Noaden o ToBapax,
KOHTEKCTHas peknama)
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33 HEQENHD

pHE, 2015

2015

AHanus BPEMEHHbLIX PAOOB

3@ MECAL 33 kBapran

wian, 2015

AHE, 2016

33 rog

wian, 2016

33 BCE BpEMA

ame, 2017

2017

ian, 2017

# [Mokynka

Oxtabpe 2018

Az, 2018 wian, 2018

2018

65,9942 [

3anocnennue 10 gHei
Dara Kypc HameHenue
19.10.18 655825 -0,2375 |
18.10.18 65,8200 0.3225
17.10.18 65,4975 0.1900
16.10.18 653075 -0342% |
15.10.18 656500 -04675 |
12.10.18 861175  -0152%5 |
11.10.18 66,2700  -06300 |
10,1018 66,5000 0.6500
09.10.18 66,2500 -03075 |
08.10.18 Bo557% -0,0400 |
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CopeBHOBaHuA ©

* kaggle.com

(o] [Lgan]

dunnthumby

Algorithmic Trading Challenge
Develop new models to acourataly predict
the market esponse iolarge rades

Don't Get Kicked!

Predict if 3 car puchased at awrbon 5.2
lefruom

Give Me Some Credit

imiproe on the state of the ant incredn
stonmg by predicting the probabiity that
zomabody will expenience financal distress
i the rest twic yeas

Photo Quality Prediction

Gren anomymirad information on
thousands of photo atbums, predio wihsthar
a human eva lpator would mark them as
Eood.

Semi-Supervised Feature

Learning

There"s been a ot of recent work done in
wrsspenvised fagmre. leamng for
dassication and there are a ton of older
methods that ateo work well, The purpose of
this competition 5 10 find oot which of these
methods work bast on relateely large-scale
high dimersional leaming @sks

Claim Prediction Challenge
[Allstate}

A ey pan of insurance is tharging sach
Custoimes the appropraie poce-forthe sk
they represent. Risk vanes widahy from
Customer to customer, and a deep
understanding of Gifferem sk factors helps
predict the likeihood 2nd cost of insuranoe
ciadms: The poal of thiscompetition is to
better predict Bodiy irguny- Liabiity Insaance
claim paymants based oo the chammdenstes
of the suned Customeds veihide.

dunnhumby's Shopper
Challenge

Gomg groceny shopping. we all have todo
SOATie ENEn ETjoy it, Dut can you predics ni?
cunmitremibsy s dooking to buid 3 mode] to
batier predhict when supamarket shoppars
will et visat the store-and how' much they

Wikipedia's Participation
Challengs

This compatition chalienges data-mining
expests to buld 3 predictive mode! that
predicts the numiber of adits am ednor will
make free months froom the end date of the
raining catasel

Mapping Dark Matter

by MASA and the Royal
Astronomacal Society. A cosmaological image
analyss compat 1T ure the smail
distortion mgalaxy images caused by dark
matter. The prise & an expenses paid visit to
the MASSA Jat Propatsaon Laborstorg (JPLL

510,000

$10,000

$5.000

$5,000

5500

£10,000

510,000

10,000

$3.000

113 20 moanths
agn
571
g0
S
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https://kaggle.com/

Penoauntopun UCI

e Ccblfnka

UC

Welcome to the UC Irvine Machine Learning Repository!

We currently maintain 481 data sets as a service to the machine learning community. You may view all data sets through our searchable interface. For a general overview of the Repository, please visit our
About page. For information about citing data sets in publications, please read our citation policy. If you wish to donate a data set, please consult our donation policy. For any other guestions, feel free to
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Latest News:

MNewest Data Sets:

Most Popular Data Sets (hits since 2007):

09-24-2018: Welcome to the new Repository admins Dheeru
Dua and Efi Karra Taniskidou!

Welcome to the new Repository admins Kevin
Bache and Moshe Lichman!

Mote from donor regarding Netflix data
Two new data sets have been added.
Several data sets have been added.
New data sets have been added!

Two new data sets have been added: UJI Pen
Characters, MAGIC Gamma Telescope

04-04-2013:

03-01-2010:
10-16-2009:
09-14-20089:
03-24-2008:
06-25-2007:

07-30-2019:

07-24-2019:

07-22-2019:

07-14-2019:

Featured Data Set: Abalone

Task: Classification
Data Type: Multivariate
# Attributes: 8

# Instances: 4177

06-30-2019:

06-22-2019:

UC| ppc-paLia

Divorce Predictors data set

||| Alcohol QCM Sensor Dataset

| 71| Incident management process enriched
=/ | event log

5ll| Wave Energy Converters

Query Analytics Workloads Dataset

2808763: Iris
1568695: Adult
1217307: ] Wine

1028814: | Car Evaluation

1009132: [& Wine Quality

998034 @ Heart Disease
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http://archive.ics.uci.edu/ml/datasets.php?format=&task=&att=&area=&numAtt=&numIns=&type=&sort=dateDown&view=table

%’ Sberbank

“>  Artificial Intelligence

Sberbank

Data Science Journey

ExxerogHoe nyTelecTBMe B MUP MalUMHHOIo 0by4eHus,
aHanusa gaHHbix 1 Al gna Data Science cneunanncTos.

ceHTabpb'19 CTapT cOpeBHOBaHMUSA

T
oKTAGPL'19 T
®

HOs6pb'19 (DuHan copeBHOBaHUA W HarpaxeHue nobeguTtenei

KoHdepeHuusa no aHanuay AaHHbIX U MalUMHHOMY 06yYeHuio



https://sdsj.sberbank.ai/ru/

ArperaTtop copeBHOBaHUM

TpeHunpoBkn ML

TpeHupoBkM 1 pazbop COpeBRHOBaHWIA MO aHanuay AaHHbIX

fwWD 43

COOBUWTE © COPEBHOBAHWIA

XO4y BEICTYTINTE

SapeplieHs Bece Mouck Q

fastMRI! Challenge

5 cenTAbpA 2019 — 19 centabpa 2019
Octanocs 1 Hepeng

Zindi: Farm Pin Crop Detection Challenge

4 mapta 2019 — 15 cenTAbpA 2019
QOcranoce 3 gHA, 15 4acos
The winners of the challenges will be granted reserved registration slots to the
NeurlPS 2019 conference. To participate in the fastMRI challenge, you must run your
model on the challenge dataset and submit the reconstructions along with a 1-page
abstract describing your model! to the fastMRI website. 1 page abstract you submit
needs to follow the requirements of the Medical Imaging Workshop meets NeurlPS
workshop guidelines.

The objective of this competition is to create a machine
learning model to classify fields by crop type using Sentinel-2
satellite imagery. The fields in this training set are along the
Orange River, a major agricultural region in South Africa that
has been stricken by drought in recent years.

CrowdANALYTIX: Quality Farecasting in
Cement Manufacturing

15 aBrycra 2019 — 22 centabpa 2019
Ocrtanoce 1 Hegens, 3 gHA

Topcoder: PINS Master: Extracting Ol lonogram Parameters

24 wonsa 2019 — 20 cenTabps 2019
Qctanock 1 Hegena, 1 AeHb

The objective of this contest is as follows: Task 1/ Task 2:
Develop a robust model to predict Free Lime. Task 3: Identify
significant parameters which influence the target variable.
Variable to be predicted (Free Lime): Output Parameter
Outcome: The successful solvers will have created the most
accurate and robust model to predict Free Lime on the data
provided.

The goal of the Master Challenge is to derive specification of the HF sky-wave
environment (the bottom-side ionosphere) across a longer circuit. This will be
accomplished through passive reception of active sounders from an Oblique
Incidence (Ol). This process will require modification of the solver algorithms

developed in the Explorer Challenge fo determine ionospheric characteristics derived
from more difficult Ol datasets.
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http://mltrainings.ru/

MawunHHoOe oby4yeHue
Nlekuuna 2. OCHOBHbIE NOHATUSA
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CopepxaHue neKkumm g

3apava obyyeHus =a 3

MaTpuua 06beKkTOB-NMPU3HaKOB ‘NElE

Mopenb anroputMoB U MeTof obyyeHna  EL

®yYHKUMOHAN KaYecTBa iEiann

BepoaTHOCTHaA nNocTaHOBKa 3agayu TR
00y4eHus

[Tpobnema nepeobyyeHuns
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 http://www.machinelearning.ru
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http://www.machinelearning.ru/
http://www.machinelearning.ru/wiki/index.php?title=%D0%9C%D0%B0%D1%88%D0%B8%D0%BD%D0%BD%D0%BE%D0%B5_%D0%BE%D0%B1%D1%83%D1%87%D0%B5%D0%BD%D0%B8%D0%B5_%28%D0%BA%D1%83%D1%80%D1%81_%D0%BB%D0%B5%D0%BA%D1%86%D0%B8%D0%B9%2C_%D0%9A.%D0%92.%D0%92%D0%BE%D1%80%D0%BE%D0%BD%D1%86%D0%BE%D0%B2%29
https://www.kaggle.com/

3apgaya o6yyeHuUs

X — MHOXEeCTBO O0OBbLEKTOB
Y — MHOXECTBO OTBETOB =T
y : X —> Y — HeunsBecTHas 3aBUCUMOCTb ol
(target function) |

OaHo: B
{X,, ..., X% } € X— obyyarowas soiGopka diN
(training sample) fi
y.=y(x),i=1,...,1—n3BecTHble oTBETHI [




3aga4vya oobyvyeHus
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3apada oby4yeHus

Hantu:

a:.X— Y —anroputm, peLluarLlyro ,
dyHKumto (decision function), g

NpMONMXatoLLyo y Ha BCEM MHOXeCTBE X

15 - - et
= data L
L
10+ —order 1 ImIE
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Tunbl 3agav

3apaum Kknaccudmkaumum (classification):
Y ={-1, +1} — knaccuukayma Ha 2 Krnacca

Y={1,..., M} —Ha M HenepeceKkarLINXCca Knaccos
(multi-class classification)

Y ={0, 1M — na M knaccoB, KOTopble MOryT
nepecekatbca (multi-label classification).

3apgaym BOCCTaHOBMEHUSA perpeccuu (regression):
Y=RwunnmnY =R"
3apauu paHxupoBaHusa (ranking):

Y — KOHeYHoe ynopago4eHHoe MHOXeCTBO

Y]
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 KoMnNbOTEP BCeErga MMeET AeNOo C
NPU3HAKOBbLIM ONMMCAaHNEM ODOBLEKTOB.
Hanpumep: nauneHTa MOXHO onucaTtb i
npu3HaKkamu: UMs, BO3pacT, HOMep rnonuca, & |
XanoObl, JaBneHue, Temnepartypa,

[Tpu3Haku

pe3yJibTaTbl aHAIIN30B

fio X

— Df

* Tnnbl NPU3HaAKOB:

OUHapPHbIN
HOMWHAarbHbIN
NnopsaaKOBbIN
KOJIN4YEeCTBEHHbIN

MaTtpuua o6 bEeKTOB-NPU3HAKOB: |

fi(z1)
)( l. (! ¢ )

i |
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NMpumMmep. 3agavya knaccudukauumn

5 6 7

Iris-setosa o

20 25 30 35 4.0

Iris-versicolor o

1 2 38 4 5 6

Iis-virginica

05 1.0 15 20 25

BuaoB npuca (Puwep 1936) =
ONvHa YalenucTika WWpWHa YawenucTuka ANWHa NenecTra WKWpWHa nenecTka 3 -H ==
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Moaenb n anroputm odby4vyeHus

e Moaenb — 3TO CEMEUCTBO ‘TUnoTes”
A={g(x,0) |0 € 6}
odHa 13 KOTOpbIX (Kak Mbl Hageemcs)
XOPOLLO NnpubnmxaeT uenesyo PyHKLUMIO

 Anroputm oby4yeHus
n: (X xY)¥—= A
HaxoauT rmnoTesy B MOAENN, KoTopas
Hanny4dwnm odbpasom nNpunonmxaet
LieneBylo PYHKUMIO, UCNONb3Ys U3BECTHbIE
3HayeHus (oby4atoLLyo BbIDOPKY)

rl
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[Tpumep - KNnaccudpukaums

e KpeOUTHbIN CKOPWUHT

 Pa3peneHue
KIMUeHToB Ha low-risk
n high-risk no nx
3apnnate u
cbepexeHnsam

A

Savings

6 —|—

High-Risk

Low-Risk

-

Income

IF income > 0, AND savings > 6,
THEN low-risk ELSE high-risk

/

Mopenb
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[Tpumep - perpeccusn

y - LLeHa aBToMoouns

X — npober

¥ price
T

y=60:x+6, - mogenb

6, 6; - NapamMeTpesl

A —

x: milage
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[lpumep — ABe TOYKU 3PEHUA

1. X —oauH npusHak, 6. x°+6,x+0; 1 6 x+0,sin(x)+0; -

nse moaenu

2. {x?,x}, {x,sin(x)} — oBa Habopa pa3sHbIX NPN3HAKOB,

mMoAernb — oaHa (nuHenHas O.f +6,f,+0,)

Linear ragression

12
+  sample data
— 2
10 F EII'r1'|=.=4g:|E:r|ta5J|_ E|1 # +E|EH+E|3
Y= P H B sin )+ 8,
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Ea(g

OOy4yeHne Ha oCHOBe MUMHMMU3ALUK i -

3MMUPUYECKOro pucka SRR

» OYHKUMA NOTEPb Z(a,x) - BENMYMHA ===
OLLUMOKM rnnoTe3bl a Ha 00bEKTE X. i ’
[Tpumepsil: SEll

s 6MHapHaﬂ (roe ncnonb3ayeTtca?)

- Z(a,z) = |a(x) — y*(x)] g

_ Z(a,x) = (a(z) — y*(x))*

:— l-’l: I: L"-_.-Ir L' -

» DMnUpuYeckuin puck: Q@ X') = - an a, ;)

e CambIi NONynNsApHbIA anropuTm o6yqu|/|$-| —
MUHUMU3ALMSA 3MIUPUYECKOTO pUCKa:

(X5 = are minQ(a; X°)

ac A




[MpoOnembl peanbHbIX 3aaau

= O,ELI/IHaKOBbIe NPM3HaKoBbIE ONMNCaHNA
MOIyT COOTBETCTBOBATb PA3HbIM obbeKkTam

* OObBLEKTbI C MOXOXNUMM (Oaxe
OOWHAKOBbIMUW) 3HAYEHNAMMN MPU3HAKOB
MOryT UMeTb pasnunyHble 3Ha4YeHus
LlerneBson oyHKUUn

o |




i o |

BepoATHOCTHaA nocTaHOBKa

R | L1z |
e 5 e o D

3agaun

p(X,y) — HEeM3BecTHas ToYHas NIOTHOCTb gr o
pacnpegeneHnsa Ha XXY :

X' - BbIOOpKa 13 cnyyanHblX,

HE3aBNCUMbBLIX N OOUNHAKOBO

pacrpegerieHHblX npeueHaeHTon

p(X) = p((x1,91),- -5 (e, 90)) = plxr,y1) X -+ X p(2e,ye)  Fy1o

p(r,y,.0) - mogenb

[MpunHUMN Ma|<c:|/||v|y|v|a npasgonogoous:

L{g, X%

| |

]._‘[kfj Tis Ui — Mmax




Decision function

 [1peanonoXmm, YTO Mbl HaLLNW
BepoATHOCTb P(Y|X)=p(X,y)/p(x). Kakoe
3HayYeHune y HYXXHO npeackasaTtb Ons
3aaHHOro X ?

 MnHMMmn3auunsa cpeaHero pucka.
a(r) = argmin F,.Z(s,y)

* YNpaxXHeHue:
Yy 2 3 4 5
p(y|x) 0.1 0.2 0.3 04
NpuMNTE NpaBUNbHbIE peLleHnsa a(x) ang
KaXOou yHKUUM noTepb co crnanaa 14

| s s £




HecuMmMeTpUUYHbIE NoTepwU

* [lpumep: HY>XKHO NpeackasaTtb, CKONLKO dupma
noTPaTUT Ha peknamy
(m - mano 50 1.p, B - mHoro 200 T1.p.)

e [(a=m, y=B) =?7?7?

e [(a=B, y=m) = ??7?

.~
..........
5,




HecuMmMeTpUYHbIE NoTepwU

* [lpumep: HY>XKHO NpeackasaTtb, CKONLKO dupma
NoTpaTUT Ha peknamy
(m - mano 50 1.p, B - mHoro 200 T1.p.)

e [(a=m, y=B) — He caenaem nogapoyHyt0 CKUOKY
M OT HAC MOTyT OTKa3aTbCSA U HE 3aKa3aTb MHOIO
peknambl

L(m, B) = 20071.p.* 0.8 (Bep-Tb 0TKa3a)

e [(a=B, y=m) — caenaem 0onbLUYO CKNOKY, a
3aKaXkyT mMarsio pekriambl N0 HU3KOU LieHe
L£(B, m) = 50T1.p.*0.3 (cknaka)

« [lonyctum, 4yto metog MO npeackasarn
p(m[x)=0.9 p(B|x)=0.1
Cknaky nenatb?

| s s £




CteneHun oby4yeHHOCTU Moaenwn

 Hepooby4veHHas moaernsb

- Mogenb, CNULWKOM CUIbHO yrnpoLlatoLlas
3aKOHOMEPHOCTb X = Y .

* [lepeobyyeHHada moaernb

- Mopgenb, cnUWKOM CUIbHO HaCcTpOeHHas
Ha 0CODeHHOCTM 0by4atloLlen BbIOOPKK
(Ha Wym B HAOnOeHMAX), a He Ha
pearbHY 3aKOHOMEPHOCTb X = Y .

o |




[lepeoby4eHune
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Korga Hy)XHO 3aKaHYMBaTb
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Validation set
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stopping iterations
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e [1Na oueHkn obobLuarLen cnocodbHOCTH

T
KoHTponb nepeoby4vyeHus % I
anroputma oby4eHns u UCnonb3ytoT:

— OMMUPUYECKNU PUCK HA TECTOBbIX AaHHbIX (hold- =
out): SR

HO (1, X, X*) = Q(u(X*), X*) — min _

- CKONb34aLmnn KOHTpOJ‘Ib (leave-one-out), L=I+1: [

LOO(e, X 1) Z L(WXN\{x}), x) — min J)

= KpOCC-rIpOBepKa (CrOSS Vall(]aUOn)'
CV(p, X5 |N|ZQ;L ) — min

nc N

- OueHKa BEpPOSATHOCTU nepeo6yqu|/|s'-|:

Q.(1, XL) = % S QX XE) = Qu(X2). X0) > €] — min




MawunHHoe oby4yeHune
Nekuunsa 3. MetTpuuyeckue anropuTmbli

ylim

xlim

https://yandexdataschool.ru/edu-process/courses/machine-learning

1




CopepxaHue nekummn

OBOO06LEHHbIN anropuUTm
[TpMmepbl YaCTHLIX anNroOPUTMOB:

- MeToa bnuxanwunx cocenen
- MeToA okHa [lap3eHa

[ToHATWE BbICTyNa 00ObEKTa
Anropntm oTbOpa 3TanoHOB
[1lpoknaTMe pazmepHoCTHU
Bbibop meTpukun

1




nnortesbl

* 3agaym Knaccmdukaumm n perpeccun:

R o e | i i N |
I |

-
= e
| y L
.,
I Wi =
i §
=in
=

- X — 00beKTbl, Y — OTBETbI;

- X, = (X, y;) — obyyatoLias BbIOOPKa; ﬁ -
* [MnoTes3a KOMMakTHOCTU (AN Knaccudpmkaumn): Eh
- bnuskne obbekTbl, Nexat B 04HOM Kracce. Eb‘
* [nnoTtes3a HenpepbIBHOCTU (ONA perpeccun): :?f """ :

— Bbnnskum obbekTamMm COOTBETCTBYHOT OITIN3KNE OTBETHI.

Fai

o ®dopmanusauns NOHATUA «brIN30CTUY:

- 3agaHa pyHKUmMA pacctoaHmnsa p - X x X — [0, «).

* [1pnmep. EBKNMOOBO paccTosiHMe n ero odbobLeHmeE:

n

A\ /2 1/p
o) = (S0 ) ot (Zw ) B

j=1




OOOOLEeHHbIN anropuTMm

* [lna 3agaHHOro X € X OoTCOpPTUPYEM

OOBEKTBI X, , ..., X, !
p(x, xM) < p(x, xP)) < < p(x, x19),
- XU — j-TbI ONMXanwunm cocea obbekTa X

 MeTpunyecknn anroputm Knaccumpukaumm:

a(x) = argmax ', () = arg max Z w(%, )

yey yeY e

* W (I, X) — Bec (cTeneHb BaXXHOCTK) | -To
coceala o0bekKkTa X, > (), N MO |

» [, (X) — BnusocTb 0bbEKTa X K Knaccy y

1




Lazy learning

e JTO TaK Ha3bIBAaeMOE NeHMBOE o0by4eHue,
B KOTOPOM HET 3Tana TPEHNPOBKU
napameTpoB mogenun. Cpasy npoucxoauT
aTan npeackasaHus.

* [logxogunT Anga 3agad, B KOTOPbIX CMOXHO
chopmynmnpoBaTb HAbOP NPU3HAKOB, HO
N1erko cpaBHMBATb O0BLEKTLI (MpUMeEp:
CpaBHUTENbHAs FEHOMUKA)

 HegocTtaTok: MeafleHHbIN NPoLecc
npeackasaHus

TETF T 7§
)

I-T:]::;T i i 2 it e

-
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MeTopg onuxauwero coceaa
* w(i,x)=1,ecnini=1
* w(i,x) = 0, B NpOTUBHOM criy4ae

1




MeTtog k onunxanwimnx coceneu
* W(i,x)=1,ecnni<=K

* w(i,x) = 0, B N(pOTMBHOM CIiy4yae

1




MeTtog k onunxanwimnx cocegeu
e k=60

z 2l
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OnTnummusauus Kk

* OYHKUMOHAN CKONMb3ALLENo KOHTPOMNS
(leave-one-out):

e [1na kaxpgoro x

— COPTUPYEM BCEX €ro cocenen (3a
NCKNIOYEHMEM €ero camoro) rno
BO3pacTaHMIO PacCTOAHMUS

— Aenaem npeickasaHhe anAa x

* Llenb: MMHUMUM3NPOBATb YNCITIO OLLNOOK
¢

LOO(k, Xt) = Z[a(x;;)(f\{x;}:k) £ y;] s min

. k
=1




MeToa k B3BelleHHbIX Onuxanwmnx

coceaen -

[lpobrnema metoga bnvkanwmnx cocegen — bnuskme | |

N ganekme y4mTbIBalOTCS C OQHUM BECOM

w(i,x) = [i < klw;,

roe w; — BeC, 3aBUCALLWNIA TONLKO OT HOMEpa Coceaa; et

IRSTe

Bo3mo>xHble 3BpUCTUKMN: I
k4+1—i

w; = p JINHENHoe y6b|Barou.|,me BeCa,
W; = @' — 3KCMOHEHLUMNaNbHO y6b|Barou.|,me Beca, 0 < g < 1;

i

10




i |

MeToa k B3BelleHHbIX Onuxanwmnx
cocegen

[Tpobrnema metoga bnmxanwmnx cocegen — bnmakue r-_ |

N Oarnekune yvyntbiBakotcd ¢ oaHNM BECOM

w(i,x) = [i < klw;,

roe w; — BeC, 3aBUCALLWNIA TONLKO OT HOMEpa Coceaa;

Bo3moXxHbie IBPUCTUKN.

w; = kﬂ%_' NnHeliHoe ybbiBatoLWMe Beca;

wW; = q‘; — DKCMOHEHLUWMANBHO y6b|Barou.|,me Beca, 0 < g < 1;

L Sl

[lpobnema. [IBe cutyauun:
1) p(x,x)=1; 1.1; 1.2; 1.3

2) p(x,x)=1; 1.1; 50; 51
npuBeayT K OOHUM U TEM Xe Becam 1




MeTopn okHa [lap3eHa

: x.x(7)
w(i,x) = K(p( > )), rae h — wupuHa okHa,

K(r) — appo, He BO3pacTaeT M NoNoXuTtensHo Ha [0, 1]

12




MeTopn okHa [lap3eHa

: x.x(7)
w(i,x) = K(p( > )), rae h — wupuHa okHa,

K(r) — appo, He BO3pacTaeT M NoNoXuTtensHo Ha [0, 1]
[1pn pmMKCMpoBaHHOW LLUMPUHE OKHA KayeCTBO
Knaccudgukatopa CUNbHO 3aBUCUT OT NSIOTHOCTU TOYEK.

Bbixo4: NonoXuTb WMpUHY h paBHOW paccTosHUIO O0 k-
TOro cocena

i |

- ]
1 "y
= ¥

L Sl




YacTto ucnonb3yemblie agpa




1

OTcTyn (BbICTYyN) OOBLEKTAa

» MycTb knaccudukatop a(x) paboraeTtno |
npaBuny:

al(x) = arg max |
(x) = arg maxT, (x)

 OTCcTynom (margin) obbekTa X obyvarowen | -
BbIOOPKU Ha3blBaeTCHA Bernn4ynHa %4

M(z;) =1, (z;) — max I',(x;)

yeY \y;
* OTCTYN NOKa3bIBAET CTEMNEHDb TUMNYHOCTU
obbekTa: Yem bonbLue M(x), Tem «rnyoxe»




Tunbl OOBLEKTOB
B 3aBMCUMOCTM OT BbICTYNAa

O — 3TanoHHble (MOXHO OCTaBUTb TOJIbKO UX);

H — HeunHdopmMaTuBHbLIE (MOXXHO yOaanuTb U3 BbIDOPKN);

[1— norpaHunyHble (MX Knaccudpunkaumnsa Heyctonvmea);

O — owmnboYHbIE (NPUYMHA OLLUNMDKM — nnoxas Moaenb);

LI — wymoBble (NpnynHa OLLUMOKN — NioxXue aaHHbIe).
Margin

0.8 -
0.6 -
0.4

oo o

ﬂ i

02 |
04 -
-0,6

0,2
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OTO0p 3TAnoHoB

* 3agava: BbibpaTb onTumarnbHoe
NOAMHOXEeCTBO 3TanmoHOB 2 13 obyyatoLlen
BblOOpKN. Knaccudukatop oyaet nmeTb BUA;

a(x,€)) = arg max Z w(2, )

Y .
Y= :1:(3)69

Y, =Y

* Anroputm STOLP. Tpun oCHOBHbIX 3Tana:

— UCKIOYNTb BbIOPOCHI 1, BO3MOXXHO, NOrpaHnYHble
OOBbEKThI;

— HaMTX NO OQHOMY 3TanoHy B KaXJOM Knacce;

- 0o0aBnATb 3TANOHbI, MOKa eCTb OTpULLaTENbHbLIE
OTCTYMbI;




Anroputm STOLP

» Vcknioyaem 13 X, Bbiopochl X : M(x)<o

* MlTHMumnanmanpyem MHOXXeCTBO 3TalloOHOB €2,
BblOMpPasa No O4HOMY 3fIEMEHTY U3 KaXAoro
Kracca ¢ MakcmmMarsibHbIM BbICTYNOM

* LInkn: noka npoueHT oLnboK
Knaccugukaumm Benmk 1 aTanoHoB €2 He
CITULLKOM MHOrIO

- nobasnaem B {2 00bEKT C HAMMEHbLLUM
BbICTYIMOM




[TpoknATUE pa3sMepHOCTHU

* [1lpoknaTne pasmMmepHOCTU - ycpeaHeHne
3HA4YEHNN METPUKU NMPn OONbLLIOM
Konun4yecTBe npusHakos. 1oyt oo Bcex
brivbkamwmnx cocegen pacctodHue
OANHAKOBO

* [loyemy 3TO NPOUCXOOUT:

- lWap pagnyca R nmeet obvem V(R)~RP

- Obbem wapa paguyca 0.9 B 20-mepHOM
npocTpaHcTBe cocTaBndaeTt Bcero 12% ot
obbema Lwwapa paguyca 1.

T.e. 88% To4ek nexuT Ha cdepe: 0.9<R<1

V(VR(R)e) _ (RRE)D D0

p i | P ———




L o |
| |

MpoknsThe pa3MepHOCTN Wi

i Bk
T4

Ob6bem BrnmMcaHHOW B KyO 2lhi;
cdepbl B MHOTOMEPHOM | Volame ofyper-ephers -
NPOCTPaAHCTBE BO MHOIO pas
MeHbLLie obbeMa Kyba!

100

80

60

PacctoaHne 0o BepLlunHbl Kyba:
Vn. KonnyecTtso BepLUWH; 2"

% volume of unit hypercube
40

20
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mEyy
[MpoknaTHe pasmMepHOCTH WEi
Mpumep o=
» MpoCTpaHCTBO NpuU3HakoB: R". E s ¥ |
» Knacc +: obnactb X, ,>0 (ocTanbHble | I
KoOopAWHaTbl NPOU3BOJSIbHbI) i

+ X, - PaBHOMEpPHO

pacrpenerieHa




pl+)

MpoknATHe pa3MepHOCTM wE
[Tpumep ==
« Metog 10 bnumxanwunx cocegent. £ = 10000 [

e OTHOCUTENbHAaga YyacToTa Knacca “+” Ha

npamoun: x.=x,, X,=0, x,=0,...

2 . T . 2 r T . 2
1.5t - 1.5} i 1.5}
1t 1t L ]
5 + o05) 1
0.5+ 7 + 0.5} J ==
Brp, B 0 |
] 1 i Il
0.5t .
g T 0,51
_1 L L L
-1 -0.5
_j; g 1 1 1 _1 i 1 1
1 0,5 ] 0.5 1 21 0.5 o 0.5 1
xl %
1
n=2 &
n=>5

BeiBoa: anst 6onbLlimnx pasmepHOCTEN

MEeTPUYECKME ariropnTmMbl CriiaxXmBarT rpaHuL bl obracrten Knaccos




Bbi6op meTpUKn :

B3BelweHHas meTpuka MuHkoBckoro:

p(x; Xi) = (ZH: wi|fi(x) - G(X;)|p) §

Jj=1

rie w; — HeoTpuuaTesbHble Beca npu3sHakos, p > 0.

B wactHocTu, ecim wj =1 n p = 2, TO umMeeM €BKNNJ0BY METPUKY.

Ponb Becos w;:
1) HOpMUpPOBKA MPU3HAKOB;
2) cTeneHb BaXKHOCTW MPU3HAKOB;
3) otbop npusHakos (kakue w; = 07);

24




XXapgHoe nobaBneHue NpPM3HaKkoB

1. A BApPYr OQHOTO NpU3HaKa yXe JOCTaTOYHO!
PaccTosiHne no j-my npusHaky: p;(x, X;) = !xj — x;’!
Bbibepem Haunydwee paccrosinue: LOO(j) — min.

2. lobaBMM K pacCTOSIHMIO p elé OANH NPU3HAK J:
pP(x,xi) == pP(x, xi) + wjp? (x,x;), w; = 0.

Halipém npusHak j u sec wj, npu kotopbix LOO(j, wj) — min
(aBa BNOXEHHBIX UMKNa nepebopa).

3. Mo)xxHO KOppekTMpOBaTb BEC NPU3HaKa k, y>Ke BOLIEeALIEro B p:

pp(X,X;) = pP(x, %) + W;(pi(x,)(;)? W;( = — W.

4. bypem pobasnsaTe npusHaku, noka LOO ymeHbliaeTcs.

(RS

=

=7




[MpMmep HEOOLIYHOU METPUKH

3agava novcka noaxoasimnx no UBeTy BeLlewn

54281 14605

vl

26
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[MpMep HEOOLIYHOU METPUKHN 2

3agada cpaBHEHUSA reHHbIX NocneaoBaTenbHOCTEN

Insertion Deletion
Human: GTGAATATTG TTETTTG—TTATG
SRRl BNl (RN IEEe
Chimpanzee: GTGAATATTG TTTTTTGITTATG
Point

Mutation

27
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MawunHHoe oby4yeHue
Nlekuusn 4. banecoBckuu noaxon

https://yandexdataschool.ru/edu-process/courses/machine-learning
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CopepxxaHue nexkuuu

* banecoBckun KnaccmukaTop

e BoccTaHoBNeHune NnoTHOCTU
pacnpegeneHnd

- HenapameTpuyeckoe
- NapamMmeTpuyeckoe

i

= g N




BepoaATHOCTHaa nocTaHOBKa

3agaun
P(X,y) — Hem3BecTHaa To4Hada NIOTHOCTb

pacnpegeneHnsd Ha XxY 1 ‘

X, - BblOOpKa 13 cny4anHbIX, HE3aBUCUMbIX U

OMHAKOBO pacrnpeaeneHHbIX NpeLeaeHToB

Hantun. aMmnmpuyeckyro oLueHKY NAIOTHOCTHU [P

Knaccmgukatop ¢ MUHUManbHOW

BEPOSTHOCTbLIO OLLNOKN:
a(x) = argmax P(y|x) = arg max P(y)p(x|y)
yey yeY

Knaccudukatop ¢ MUHUMarnbHbIM CpeaHNM

puckom:  a(z) = arg o B Z(s,y)




Mpumep L f“

* Y i =n N
o(ylx) 0.3 0.7 e
» Knaccudukatop ¢ MUHUMAaNbHOMN T |
BEPOATHOCTbLIO OLLINBOKK: a(X) = 0

» Knaccmgukatop ¢ MUHUManNbHbIM CpeaHUM i
puckom (nyctb L(+,0)=3, L(0,+)=1): zmivaulll
a(x) = ?77? [T




Mpumep g,f

° y + @) ‘ﬁ.
p(ylx) 0.3 0.7 e

« Knaccugukatop ¢ MUMHMMarnbHOMU
BEPOATHOCTbLIO OLLINBOKK: a(X) = 0

» KnaccudmkaTtop ¢ MUHUManbHbIM CPeaHUM |
puckom (nyctb L(+,0)=3, L(0,+)=1): mrn il
a(x) =+ [T




|
[Toaxoabl K BOCCTaHOBIEHMUIO Waiis
NNOTHOCTU pacnpeneneHus =4l
» HenapameTpuyeckoe oLeHUBaHne -f}__f
MJTIOTHOCTMW. | '

B(x) = Zf: - (p(Xf;Xf))

=1

e [lapameTpunyeckoe oLieHUBaHNeE
NNOTHOCTMU:

ﬁ(x) — QO(X? 9)




HanBHbLIN DannecoBCKUM

KnaccudpukaTtop
» BoccTtaHoBneHne n 0OAHOMEpPHbIX ﬁ s¥
NIOTHOCTEN — HaMHOro bonee npocrtas Rl
3agada, 4eM ogHOU N-MepPHOMN. S
« [lonyuwieHne (HanBHOE): NPU3HAKK H

ABMNAIOTCA HE3aBUCUMbIMWN CIy4YarHbIMU
BeNMMYMHaMU {RIEAE

 Toraa coBMecTHas NroTHOCTb
pacnpegeneHns npeagcraBMma B Buae
npounsBegeHnsa YacTHbIX NNOTHOCTEMN:
p(xly) = p1(&1ly) - pPa(&nly), x=(&,.--,&n), Yy €Y.




HenapameTtpuyeckoe oueHuBaHue

SO O . S
R o D

» OnpegeneHne NINOTHOCTU BEPOATHOCTY ] |
(OOHOMEPpHbIN criy4an). q
(x) = lim = P[x — h, x + h] = {
PR = o2 & 7 Nil
e DMMUPUYECKaa OLEHKA: J
S
) 11 ¢ &
Pr(x) = == D [lx— x| < h il
=1 |

2h £ *
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2.1. Poziom podstawowy - e
Hhy |
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! il
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[Tlpumep — rucrorpamma Bo3pacToB

M H R

1400000

1120000

240000

(Poccusa 2012r)

Bospact (net)
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B0

gl
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40
30
20
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0

260000 280000 0 0 2a0000 560000
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G40000

1120000
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JlokanbHaa HenapamMmeTpuyeckas |
oueHka lNap3eHa-Po3eHOnaTTa aw i

£ .
f}h :%Z (r L)

K(z) — pyHKUNSA, Ha3biBaeMas S4p0M,
yeTHas U HopMUpoBaHHaA:

[K(z)dz=1

P, cxopnTcs K p Npu h—0, f—, h{—
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Bb16op sappa ~HE
Jl s
n.a% £ .I f“:_ E

0.4 1

B

0.0 1

2.0 -1.5 -1.0 0.5 0.0 0.5 1.0 1D 2.0

E(r) = (1 — rz)[\r\ < 1] — onTumansHoe (EnaHeuHnkosa);

Q(r) = (1 — rz)Q[M < 1| — KBapTU4eckoe;

T(r) — (1 — M)[ r‘ < 1] — TPEYIroJibHOE;

G(r) = (2m)~ Y2 exp(—5r?) — rayccoeckoe;

M(r) = 5|[|r| < 1] — npamoyronbHoe.




Bbi6op saapa

CDyHKLI,I/IOHaJ'I KadeCTBa BOCCTAHOBJIEHNA NMITOTHOCTMW.

- [Ceom-mare R

sapo K(r) cTeneHb rnagkocTu J(K*)/J(K) % e
EnaHeynukosa K*(r) | pj pa3pbiBHa 1.000 ?i il
KeapTun4deckoe p; paspbiBHa 0.995  Siae
TpeyronsHoe p, paspbiBHa 0.989 -
[[ayccoBckoe o0 andppeperympyema | 0.961 i
[1psimoyronbHoe Dp pa3pbliBHa 0.943 :

B Tabnvue npeacrasneHbl acuMNToTU4ECKNe
3Ha4yeHusa oTHoweHusa J(K*)/J(K') npu m — «,

NPUYEM 3TO OTHOLLEHWNE HE 3aBUCUT OT P(X).




|
[TlapamMeTpuyeckoe oueHnBaHue s
NNOTHOCTW == ali
p(x) = ¢(x; 0) S
* [lpnHUMN Makcumyma npasgonogoous:

L(0; X*) = ZE: In p(x;; 0) — max

. 7]
E==l

 Heobxoanmoe ycnosue onTmmyma:

0 ¢ N,
“10:xH) =N ) =

=




|
MHoromepHoe HopMarnbHoe JU T
pacnpegerneHue =

a(x) = arg max P(y|x) = argmax P(y)p(x|y) i |
yeyY yeY ol

0| .
o~ 3 (x—hy) T, (x—py)

p(x|y) =N(x;ipy,XL,) = iSis

V(2m)"det ¥,

.~
..........
5,

roe i, € R" — BekTOp MaToxmuganus (UeHTp) knacca y € Y

>, € R"" — koBapuaumoHHas matpuua knacca y € Y

MpuHUMN MaKCI/IMyMa npaBsgonoaoous:

e e

L. X% = Htp xi, Ui, ) — max
%

PelleHune — I'IO,EI,CTaHOBOLIHbII/I arnropuTM:




MHoromepHoe HopmMarnibHoe
pacnpegeneHue

17
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HepnoctatTkm noaocTtaHOBOYHOIO
anropuTmMa

e PyHKUMM NpaBgonogobus Krnaccos MOryT
CYLLLECTBEHHO OTNNYaTbCHA OT rayCCOBCKUX.

* [lpobnema MynbTUKONNNHEAPHOCTU: Ha NpPaKTUKe
BCTpeyvatoTcsa 3aga4um, B KOTOPbIX NPU3HaKK
«MOYTU NTIMHEVHO 3aBuCUMbI». Torga matpuua 2

ABNSEeTCA nNyoxo odbycnoerieHHoN. OHa MOXET
HenpeackasyemMo 1 CUNbHO U3MEHATLCS Npu
He3HauuTelNbHbIX Bapnaymax UCXOOHbIX OaHHbIX.

* BbIOOpPOYHbIE OLEHKN YYBCTBUTENbHbI K
HapyLleHNAaM HOpMarbHOCTWU pacnpeneneHnn, B
4YaCTHOCTH, K peakum 0orbLumMM Bbibpocam.

rl
|

L . |




MynbTUKonnmHeapHoOCTb
NpuU3HaKoB

Tatal
Households

. There are strong
- correlations
s among these
- = 7 variables, Using

Agqregate
Income:

f mare than one

of these as

explanatory

variables in a
regression model
would introduce

ja | ,f;j -r- - redundancy

Employment
Base

Al LA

Total Population  TotalHouseholds Aggregate Income




MeToAabl ycTpaHeHUs
MYJIbLTUKOJIIIUHEAPHOCTU

* Perynapusauna koBapuaynoHHOMU
MaTpuLbl: obpalleHne 2+t BMECTO 2

e [lnaroHanmsauna koBapmaLunoHHOW
MaTpuLbl - HOpManbHbIX HAUBHbIN
banecoBcKMK KnaccugukaTop:

: _ 1 (€ = J“:v,f)
pj (E‘y) — \/ﬂﬂyj eXp ( 20—% )

py(r) = pyl(&l) " 'pyﬁ"b(g’n)




0.40
.35
0.30 3
0.25 3
0.20 ]
015

210 3

0.05

010 ]

[lpoOnema BbIOpPOCOB

o DOMMUPUNYECKOE CPESHEE ABMNAETCH
OLleHKON MaToXnagaHus, HeyCTONYMBOU K
peakum bonbLunuM BbliDpocaMm.

25 20 -15 -10 ] ] ] 10 15 20 25

345 430 <25 20 15 40 495 0 05 10 15 20 25 30 35

L W

i e




OTceB BbIOpPOCOB

* /lgeq: pewaTtb 3agady ABa pasa

- B nepBbIn — HANTM N UCKNIOYNTb BbIOPOCHI

- Bo BTOpOWM — noctpouTb Bornee To4HoE
peLlleHne no Bbibopke 6e3 BbIDpOCOB

* Kputepum KpyToro cKrnoHa:

(i

0.40 7
035
0.30 3
0.25 3
0.20 3
0.45 ]
010
0.05 3
0.05 3

maxfﬂ't - ﬂ't+1)
t

TN

m—ko

L

o S

F'—l-—-__'

m— ki

123 456 7 8 91011121314 15161718 1920212234252

i o |

N N | L1l
e |

D R s L
 — '




MawunHHoOe oby4yeHue
Ilekuunsa 5. Jlornctmnyeckasn perpeccusi.
Cwmecu pacnpeageneHnm

https://yandexdataschool.ru/edu-process/courses/machine-learning
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CopepxxaHue nexkuuu

Nornctuyeckas perpeccus Fr s 3
BuHapusauma nprusHakos |

CKOPWHT =i

Cmecm pacrnpegerneHmi il

EM-anropntm BoccTaHOBNEHNUA CMECH

"




[lpeanonoxeHue 1
« X=R", Y={+1,-1}, X

» PacnpepneneHune p(x|y) us
3KCMOHEeHUManbHOro ceMeucTBa:

p(xly)=exp( c (6)<6, ,x>+b, (5,8 )+d(x,5) )
eye R" — napameTp casura

O — napameTp pasdbpoca

b .C, ,d — NPON3BONbHbLIE YNCMOBbLIE PYHKLINM

e OKCrMOHeHUManbHOE CEMENCTBO pacnpeaeneHum
LLUIMPOKO: paBHOMEpPHOE, HopManbHoe, Jlannaca,
[lyaccoHa, NapeTto, Oupuxne, buHommansHoe, [ -
pacnpegenexnne, X>-pacnpegenexHue, n ap.

i |
|

_._
of " .

r'l_'l_Tf"""I_' 1




I
S
[lpeanonoxeHue 2
i)
il
* [InoTHOCTU p(X|]y) UMeIOT paBHble 3Ha4YeHUa |
napameTpoB c, d 1 5, HO OTNNYatoTCH )
3Ha4YeHUAMN NapaMeTpa caBura Gy. e

e ]




Teopema

Ecnu BbinonHATCA npeanonoXeHna 1 v 2
N cpeau NpmM3HaKkoB eCTb KOHCTaHTa, TO

e ONTMMalbHbI DaNecoBCKUN
KnaccudukaTop Anga 3agaHHbIX wWwrpados

A, N dBngeTcsa NIMHENHbIM:
a(z) = sign({(w, z) — wy)

* anocTepuopHble BEPOATHOCTU KNaccoB
BbIYNCNAKTCA N0 doopmyne: P(ylx) = o((w, z) y)

roe  o(z) = = - niormctnyeckast oyHKUUS

i |

- l! =TT Lk

| i e ) ; [
.l Iy '\..\. I

e e ¢t e et




[loka3aTenbCTBO

P(+1|z)
=1 P(+1|x _P(—1|x —
a(z) & A P(+Hlz) > A_P(-1jz) < P(—1|z) = Ay B
P 1)P(+1 A P 1)P(+1 A
. P@ltDP() A P@l4DP(H) A
Pl —1P(=1) ~ A, Pzl = 1)P(=1) ~ ", LL
INiEE
iais
noacraeum ciopa p(x| £ 1) = exp (c4(0)(04, x) + b (6,04) + d(x,0)) | 1e=
n D) (5)(0s— 0-),x) + by (5,04) — b(5,0-) + In B
P(_l‘x) \—  — "—v—_/
w=const(x) B=const(x) '

Hobaeum [ k ko3hhULIMEHTY Wj NPU KOHCTAaHTHOM npusHake f; = 1
6




[loKka3aTenbCTBO =S

[Tony4unm:

P(+1|x)

W,X)

— e< B -

P(—1|x)

Mo dopmyne nonnoii BepositHoct P(—1(x) + P(+1|x) =1,/ ]

crnenoBaTenibHO
! W
P(+1|x) = ; P(—1|x) = il
() = PO = B
P(y1x) = e = (W, )y) ik
oL 1 4 e—{wx)y TR il
Pasgenstowasa Knaccbl MOBEPXHOCTb — NMMHENHA:

A_ P(—1|x) = AL P(+1]|x),

A

(w,x) —In— = 0.

X




['ToucKk w

« Makcnmmnsauus norapmdma rnpasgonogobus

oby4yatoLLen BbIOOPKN: -
¢ ﬁ—‘“

1=1

} ==
In Hp(.cr;i,, Y;) = Z Inp(z;,y;) — max & ':I
i=1 =

* [1na normctn4eckoro pacnpeneneHuns:

p(z,y) = plyle)p(z) = o({w,z)y)p(z)  OTCIOAA bl

Z In (1 + g\ Wiy ) + Const(w) — min

e HanommnHaeT MMHUMM3aLUNIO cbyHKLuAOHana

SMMMUPUHECKOrO pucka v, Zﬂf 0.z




CpaBHeHUe ¢ OpyrmMu BMgamm 5
thyHKUMOHana aMmnupuyeckoro puckag | |||
« Onpeaenum BbICTYN 0ObeKTa Kak: :
* B cny4ae nornctnyeckon perpeccui:
Z(M)=In(1+e )
 CpaBHUM:

35
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MeTop nepeoro nopsigka — CTOXaCTUHeCKWA rpagueHT: & -

w(ttD) = w4y yixi (1 — o)), -, |

7 — FPAagWEHTHbIN Lwar, HH

o = o(yiw"x;) = P(yi|x;) — BEposATHOCTbL NpaBMAbLHOIA HL[[

Knaccudmnkaumm x;.

MeToa BToporo nopsinka (HbtoToHa-PadcoHa) npusognT K

IRLS, Iteratively Reweighted Least Squares:

= g N

w1 — (O 4 (FTAF) LTy,

F — Manmu,a 0bBbEKTbI—Npu3HaKM £ X n,

e

Yy =
A\

0i)),

(i
di ag((l —0i)/0i),




buHapu3auua npnsHakoB
(One Hot encoding)

* [1yCcTb X - €AUHCTBEHHbLIN NPU3HaK
(HOMWHanbHbIN, 3akogmpoBaHHbIn: 0,1,2,...K)

 Knaccudpmkatop: a(x) = sign(wx+w,)

* [lpobnema: Bec W Hernb3si nogodbpaTh Tak,
4TOOBI KNaccndukaTop 6bin He
MOHOTOHHBIM.

o [Insa nobbix w n w0 3Ha4vyeHus a(x) > 0
koraa x > w,/w 1 a(x) = 0 B npOTUBHOM

crny4yae




BuHapu3auus NpU3HaKkosB [
(One Hot encoding) =

» BMecTo 0gHOro HoMMHaNBLHOro NpU3Haka =
BBOAUM K BMHapPHBLIX MPU3HAKOB.
[Tpumep (k=5):

x1 X2 X3 x4 X5 _* =i
A30B 0 0 0 0 1 e
Akcali 0 0 0 1 0 i,' |
PocTtoB 0 0 1 0 0 3 gl
HoBouepkacck 0 1 0 0 0 il
TaraHpor 1 0 o) 0 o)
* Bo3amoxxHa buHapusaums u

KOJIMYECTBEHHbIX NMPU3HAKOB NyTEM
npeaBapuTeENbHOW OUCKpeTU3auum




CKOpPUHT

* Ecnn Bce Npu3Haku —
buHapHbIe, TO NMMMHENHBbIN
KrnaccmdukaTop yaoodHo
paccMmaTpuBaTbh Kak
cCyMMunpoBaHue d6annos
(score). Sum += w,, ecnu

X=1
J
* PUCYHOK — (pparmMeHT
CKOPUHIoOBOW KapTbl Ang

BOMpoca O Bblgaye
KpeauTa

Ll

BospacT o 25 5
25 - 40 10
40 - 50 15
a0 n bonbLe 10
CODCTBEHHOCTE | Bnageney 20
COBNanene.| 15
GBEMLLME 10
apyroe 5
Pabota PYKOBOAMTE b 15
MeHeOKep ¢cpeaHero 36eHa 10
CIYHaLW WA 5
apyroe 0
CrasK 1/0e3paboTHEI 0
1.3 5
310 10
10 n bonbLe 15
Pabota_myxa HET/OOMOX03AMKa 0
L pYKOBOOUTEND 10
MEHE[KEp CPEQHErD 3BeHa 5
GIyHaL 1A 1




Cmecu pacnpeaeneHnm
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Cmecu pacnpepneneHnm

3apayva 1: nmes npoctyto Bbibopky X™ ~ p(x) n 3Has k, § g

OLEHNTb BEKTOp napameTpoB © = (wq, ..., wk,01,...,0y).

3apaya 2: oueHuTb ewe un k.

.~
..........
5,

3apaya Makcumusauum norapudma npasgonogobus

©

m m k
L(©) = Ian(x,-) = Zln Z w;p;(xi; 6;) — max
i=1 =1  j=1

e

k
NPy OrPaHNYEHUSAX » wi =1; w; 2 0.

j=1




PeweHue ontTMmmnsaLMoOHHOWU
3anaqu

Try

0) = lan( T lny‘ w;p;(z;) max Zj‘?zl w; =1 |
j=1 '

xS Somer) A(35e

oL =Z i)y =1,k
—- k TR o
8&} i1 25:1 %T-ﬁpﬁ(x""-)

YMHOXMM NEBYIO 1 MPaBY0 4acTu Ha W, , NPOCYMMUPYyeM BCe K 3TVX PaBEHCTB, U
noMeHseM MecTaMu 3Haku CyMMUPOBAHUA MO j U MO i:

k
“IULT)}
= X iy = o
2_}21 .5 lu‘!&-pa(jﬂ.{) ; ’ A — i
- —_ LN ;

=1 =1 16




PeweHue ontTMmmnsaLMoOHHOWU
3agaun

e i = w;p; (i) “IOXOXM” Ha BEPOSITHOCTY TOTO, YTO X
L) k . !
Zs:l WP, (fb"z) nonan B j-Toe CKOMMeHne CMecu:
P()p(xilj) — wipi(xi;60;)  wipi(xi;6;)

gii = P(|xi) =

s=1

k

p(xi)  plx) S weps(xi; 0s) “:_. {

17




PeweHue ontTMmmnsaLMoOHHOWU
3agaun

[TppaBHAEM K HYIO NPOU3BOAHYIO NarpaHXxmaHa no Gj, NOMHS,
YyTo p.(x) = @(X; 9.):

89 5’ 1 WePs ( )89 i1 Zi“ 1“;‘5:95(3;1.) aﬁj

—Zgu 59, P = 57 Zgulnp; j=0 F=lansak

I‘IonyquHoe ycnosue cosnauaeT C HeO6XO,EI,I/IMbIM yCNnoBuem

MaKCMMYMa B 3ala4e MaKCMMn3aunn B3BELLEHHOIO I'IpaB,EI,OI'IOD,O6l/IFIZ

i

b = argm;a,xz i@ 0y J = Lose sk

=1

Mpu YCROBMK, YTO g, HE 3aBUCAT OT g. HYTO, KOHEYHO e, He Tak.

- a m w;p;(; 8
35 pila) = 3 )@ 1y () =

-}'l

1
|

.~
.........
5,

kT

T




EM-anroputm B

NtepaunoHubiii anroputm Expectation—Maximization:

© HayanbHOEe NpubanxeHne BekTopa napameTpos ©;

1
2: NOBTOPSAATH

3: G := E-war (©); // oueHnBatotcs ckpbiTbie nepemerHbie G
4

5

© := M-war (©, G);
noka © n G He cTabunusnpyroTcs.




EM-anroputm

Bxoa: X" ={x1,...,Xm}, k, §, HauyanbHoe © = (w_,,-?é’j);-‘:l; -
Beixoa: © = (w;, 9_;)}‘:1 — napaMeTpbl CMeCU pacnpefeneHunii R :
1: NOBTOPATH 1 f
2:  E-war (expectation): i
pnaeeex I=1,....,m, j=1,...,k A
0. . L Mgpj(X;;Qj) 1S
g{;‘ = 8ij 8ij -— ke = 1
D s—1 WsPs(xi; 0s) Y
3:  M-war (maximization): 3
ons Bcex j = 1,. ,k il

Ma

3|~
Il
b

g = argmangyln pi(xi; 0); i

4: moka max lgii — gU| > 5
i

5: BepHYTb (W, 0, J_l;




Cmecu rayccoBCKUX
pacrnpeaeneHnu

p(x|y) :Z WyiPyi (), Pyi(X) = N(X; f1yj, Zy)

J=1

PeweHne M-wara:

1 m:
bl = iy — 1 ,k,
Hi ﬁl’lﬂj;g"‘r /
)= 3 g )= ), G =1,
== ij \ Ly €L 1 3 — 1, ’
J mw; & 9ij [y Fj J

21 B

B 11
1
! '!“‘
T
—i—i, |
]




[Mpumep paboTbl anropmuTmMa

o [1Be rayccoBckne KOMMOHEHTbI k = 2 B R?.

« PacnonoxeHne KOMNOHEHT B 3aBUCUMOCTU OT
HOMepa uTepauun:

o) ¥t
u n =

bk
15
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EM-anroputm c gob6aBneHnem v

vyAalieHNnemM KOMIMNOHEeHT

- Kak BblOMpaTb Ha4yarnbHoOe NpubnmxeHune?
- Kak onpenensaTtb YNCNO KOMIMOHEHT?

£
» [Mpobnembl 6asosoro BapnaHTa EM-anroputma: Er—; =7 C

- Kak yckopuTb CX0OMMOCTb? =i

- [lo6aBsneHue 1 yaoaneHne KOMNoHeHT B EM-anroputmes

- Ecnun cnuwkom mHoro o6bekToB X, UMEKOT CJINLLIKOM

HU3KMe npasaonoaodusa p(x), To cosaaem HoByto k+1-t0

KOMMOHEHTY, M0 3TUM 0ObeKTam CTPOUM €€ HavarnbHoe [/
npunonmxeHue. |

- Ecnu y j-1 KOMNOHEHTBI CIIULLKOM HU3KMIA W, yaansiem

ee.
23




FHI T
MawwnHHOe o6yuyeHue —
Nekuua 6. JInHerHble aITOPUTMbI S
Knaccudpmkaumm
Sun
"I

= I

23 1 0 1 3 3 1 F 5

https://lyandexdataschool.ru/edu-process/courses/machine-learning




CoaepXxaHune nekuuu

O6Lwas hopmyna SIMHERHOTO KnaccmqoMKaTopaF{ s ¥

MeToa CTOXacTUYeCcKoro rpagneHTa
HacTHbIe c/iyyan

O6ocHoBaHne metoga CI

BbiCTyn o6bekTa ans NnH. knaccudukartopa
ROC n AUC

R | L1l
——t 1

=,

L1t &
et




Knaccundowmkauusa nMHenHon
dboyHKLUMEN

Obyuatowas Bbibopka: X' = (x”yf), _i» Xi €R", yie {-1,41} W

@ Mopenb knaccndnkauum — auHeRHas:
a(x, w) = sign(x, w)
Q@ PyHKUMA NoTepb — OMHaApHaA WAKN €€ annpoKCUMaL NS
Z(a,y) = [{(xi,w)y; < 0] < Z({xi;, w)y;)

Q@ MeTtoa obyveHns — MuUHUMU3ALNS IMIUPUYECKOrO PUCKA:
l

4
Q(w) =Y |a(xi, w)y; < 0] < Y Z({x;,w)y;) — min

. 3 w
= I=1]




JTnHeUHbIN KnaccudmkaTop —
MaTemMaTtuyecKkaa moaesib HeMpoHa

t} Oexgputel o MukpoTpyBomKm

. Hedpomegwarop

Pewentop

CUHanNTVYeCKHA
My 3bIpeK

CHHanTHYeCckas
ek
TepMmuHant akcona

MpanynspHan 3MNC
{Tuapoud)

MonupuBocoma MepexpaTtsl Pavese

PuBocoma

Annapart
Conbopsm

MuenuHoeas

ofonodKa
COcHoBaHKWE

aKCOoHa
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MemEpaHa
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JInHenHasa moAaesib HENPOHA
MakKannoka-fnurrca (1943)

a(x.w) = o (w,) = o ( £ w6~ o

(D
@w -G
o J

@

Q




PagneHTHbIN MeToA YNC/IEHHON | |
MUHUMU3ALUW =i

MuHnMmunzayms sMmnnpmny4eckoro pucka:

¢ £
Q(w) = Z Z(g(w,x),yi) = Z Zi(w) = min.

YucneHuas MWUHUMWN3aUnA METOAOM rpaguEeHTHOro CriyCKa.

W(O) .= HA4aJIbHOE I'Ipb"l6ﬂ|#'l?KEHb"l€'

W) = (O _ p v Q(w®), VQ(w) = (a@ w)) -

9] Wi

raoe h — rpaguneHTHbIA LWar, Ha3blBaeMblid TakKXe TeMnoMm oby4HeHus. ||

4
WD = WO S 7z (w®),

=1

Npes yckopeHusi cXoanmMocTu:
bpaTtb (x;, y;) no ogHOMY 1 cpa3y ODHOB/SITb BEKTOP BECOB.




MeTOoA cTOXacTnyeckoro

rpagueHTa -

Bxoa: Bbibopka Xt temn oby4yeHus h, Temn 3abbiBaHuA \ — =

Bbixoa: BekTOp BeCOB w ‘NEIN

caenaTb rpaguneHTHbil war: w = w — hV.Z(w);
oueHnTb pyHKuymoHan: @ = (1 — A\)Q + Agj;
noka 3Havyenne Q u/unm Beca w He coipyTcs;

1: uHuymanusnposaTtb Beca w;, j =0,...,n;

2. NHULMANN3MPOBaTb OLEHKY hyHKLMOHana: Q = %Zle Zi(w), '-'T":I:z'r'*’-:
3: NOBTOPSATb (e
4:  BbIOpaTh 06BEKT x; M3 X¢ cnyyvaiiHbiM obpasom; 2

5. BbIYUCAWUTL noTepto: €; = Zi(w); 3

6: 1

i

8:




[MepecueT pyHKUMOHaNAa =
[MpobOnema: nocne kaxxgoro war w no ogHOMY ObBEKTY X;, "TL_"
He XOTenocb bbl oueHnBaTb ) No BCel BbIDOPKE X1, ..., Xp. o Dt
PeweHune: ncnosib3oBaTbe PeKypPpPEHTHYIO hOpMYyIYy. |
Cpeatee apudmeTtuyeckoe Q,, = % S Er ini

J‘I
IKCMOHEHLNAJIbLHOE CKOJIb3SLLEE CPESAHEE u
Q= Aem+ AL —=Nem1+ A1 =) 2em o2+ A1 - N em3z+...0H

Qm .= (1 — /\)Om—l + Aem.

Hem bonblie A, Tem bbicTpee 3abbiBaeTcsa npeabicTopus psaa.

[lapameTp A Ha3biBaeTcA TeMnom 3abbiBaHUA.




i T |

MepcenTpoH Posen6narTa (1957) [

o

* [pU CUHXPOHHOM BO36YXAEHUN ABYX -

CBA3aHHbIX HEPBHbIX K/IETOK CMHanTuveckas f_- A
CBA3b MeXAay HUMU YCUTMBAETCA. LD

« MaTemaTnyecku (xj — OMHapHbIe Koopa,. X.):

@ a(x;,w) =y; = W MEHSITb HE HY)XHO;

@ alxi,w)=0,y,=1 = wj:=w;+h-x

* a(x;,w):l, y,-:O — Wi ::btg—h-xj

= I

 O6begnHaemMm:

W= w — h(a(x,—, w) — y,-)x;




denbta-npasunno ADALINE

3apaya perpeccuu: x; € R" y, e R

ApanTueHblii nuneiinblii snement ADALINE [Buapoy, Xodd 1960]: 1 -

axw) = (w,x),  Z(w) = ((w,x) — yi)2.

[paguvenTtHblii war SG — gensra-npasuno (delta-rule):

w:=w — h({w, x;) — y,-)x,-,
A;

A; — owwubka anroputma a(x, w) Ha obbekTe X;.

dopmasibHO coBnagaet ¢ npaBu/ioM nepcentpoHa Po3eH6narTal

(RS

e semmic i

10




MpaBuno Xa306a

3apaua knaccudbukaumm: x; € Ry e {—1, +1},

a(xﬂ W) = Sign(wjx% ﬁ(W) = (_<W1X.fl>yf)_+_'
[paguenTHbiil war SG — npasuno Xsbba [1949]:

ecnm (w,x;))y; < 0 10 w = w + hx;y;,

To e camoe gns cny4as y; € {0,1},

a(x,w) = [(W?X> > 0]:. Zi(w) = (a(x,-, w) — y,-)(w?x;),

[paguenTHblii war SG — nepcenTtpoH PoseHbnatra [1957]:

W= w — h(a(x;, w) — y,-)x,-.

11

T
=
L




i T |

MpaBuno Xa06a

Teopema (Hoeukos, 1962) F_' ]
alll
|

NycTb BbIbOpKa X' NuHeiiHo pasgenuma:
dw, 30 > 0: (W, x;)y; >0 phaecex i=1,... /0

Torga Anroputm SG ¢ npasunom Xsbba HaxoAUT BEKTOP BECOB W, | |

@ pasgensouwnii oby4aroulyto BeIDOPKY be3 owwunbok; jms

npwv J'II'O6OM Ha4YaJIbHOM MOJIOXKEHWNI W(O);

npn ntobom Temne obyyenus h > 0; 10

HE3aBUCUMO OT MOpsiiKa NpeabsBAeHNS ODBEKTOB X;;

33 KOHEYHOE YUC/IO UCMNPaBNEHUIA BEKTOpPa Wi

ecim w0 = 0, To YnCcno UCNpaBneHNt tax < ?15 max || x;

e © 6 ¢ ¢

I2.




[ oKa3sarenbCTBO

(W, w')
[[w]

Mpwu t-m ucnpasnenun (x;, w' '

- 3 t ~
PaccmoTtpum cos(, wt) = nocsne t-ro ucnpaeneHus w-, npu ||w||

Yyi < 0. B cuny nuHeiiHol pasgennmocTu

v, w'™ Y + h(w, xi)yi > (W, w'™ ) + hd > (v, w®) + thd.

B cuny orpaHunyeHHoctun BeibOpKY,

xi|| < D:
w2 = [|w " +57[] P +2h(w" T xi)ys < [w' P +h"D* < [|w’|*+th*D”.
MoaCTaBUM 3TU COOTHOLLEHUS B BbIpaXkeHWe ANsl KOCUHYCA:

(W, w®) + thé
V [[WP[]2 + th?D?

——
cos(w, wt) > >

oo nNpun t — 00,

cos < 1, 3HA4YUT npu HEKOTOPOM t He HAMAQETCA HU OOHOIMo X; € X* takoro, yto |||

(W', x;)yi <0, To ecTb BbIbOpKa OKaXkeTCsl nogeneHHol 6e3olwnboyHo.

Vo (D)E_

B < 1 HaxoAUM thax = | —

d

Ecau w® = 0, To u3 ycnosus cos =

Ta]
b
1
Bt
u ¥ 1
e -
‘1.."
ol 145
%
L | Ll
k.
I
T-\.'l
E
'.r-.-.’-'-r--.rf
.
i L7y
|
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[ToHATHe BbiCTyna AnA

nuHeiiHoro knaccudmkaropa b4 ||

» JIMHeHbIN KnaccudmkaTop: |
a(x, w) =sign (x, w) |

* (X, W) = 0 — pasaensowas runepnaiockocTb, L .

e« M(w) = (w, X)y — OTCTyn ob6bekTa X, EIAY




HacTto ncnosibdyemblie
HenpepbiBHbIe (PYHKUNU NOTEPb

V(M) = (1 - M), — Kycou4Ho-nuHeliHas (SVM);
H(M) = (—M), — kyco4Ho-nuHeiiHas (Hebb's rule);
L(M) = log,(1 + e_M) — norapucdmuyeckas (LR);

Q(M) = (1 — M)? — kBagpaTtuyHas (FLD);
S(M)=2(1+¢€")"! — curmomgHas (ANN);

EM)=¢e " — akcnoHeHunansHas (AdaBoost);

M < 0] — noporoBasi (PyHKL S NOTEPS.

15
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HayasibHOe 3HaYeHue w

Q@ w;:=0anascexj=0,...,n;
Q@ Hebonblume cny4vaiiHble 3HAYEHUS:
B _1 1).
wj := random ( o 2”),

9 “— {Jf'af:'}

w; = f; = (f-(;’(-))f — BEKTOpP 3HA4Y€HUI MPU3HaKa
R /1 /) R NI i=1 '

Vrnpa)KHeHune: JokasaTb, Y4TO OLEHKa W OnTUManbHa, ecau
1) cpyHKUMS NOTepb KBaApPaTU4YHA W
2) npu3Haku HekoppenuposaHsbl, (fi, fx) =0, j # k.

Tyi=+1]f(x
wj := In %:{;:J_rdéix,; onst knaccupukauum, Y = {—1, 41}

©

oby4eHune nNo HeDONLLLIOW Cny4aitHOW NoaBbLIOOPKE ODBLEKTOB;

© 0

MYNbTUCTAPT: MHOIOKPATHbIE 3aMYCKU N3 pa3HbIX CAYyYalHbIX
Ha4asbHbIX MNPUOANIKEHU N BbIOOP NYYLLErO PELUEHUS.

‘_r'

RS Zme

5 Je—n. s
F, ¥
j -




[lopsaaok NnpeabABNEHNSA X,

Bo3MOXXHbI BapuaHThbI:

@ neperacoska obwvekTos (shuffling):
nonepemMeHHo bpaTh 0ObEKTbLI U3 pPasHbIX KIACCOB;

@ uaule bpaTbh Te 0OBLEKTHI, HAa KOTOPLIX Obla AoNylleHa
bénbluas owmnbka
(4em meHbwe M;, Tem Bonblue BEPOSTHOCTL B3ATb OOBHEKT)
(4em meHblie |M;

, TeM Donblie BEPOATHOCTL B3ATb 0OBEKT);

© BoobOLLe He DpaTb «xopowmey 0bbekTbl, y KoTopbix M; > .
(Mpm 3TOM HEMHOIO YCKOPSIETCS CXOAUMOCTb);

@ BoObOLLEe He BpaTh 0OBEKTBI-«BLIOPOCHI», Yy KOTOpbIX M; < 1_
(MpY 3TOM MOXET YNy4YWMTLCA KaYeCTBO KJacCuukaLmm);

[lapameTpsbl 1o, [ NPpUAETCS noabupaTsb.

‘_r'

e

5 e
F, *
r




Bbioop wara h

Q@ cxogumocTb rapaHTupyetcs (A5 BbINYKAbIX (PYHKLWA) npu

o Q)
ht—>0, thzoo, Zh%<005.
B 4aCTHOCTN MOXXHO NOAOXuUTb hy = 1/t;

Q wmeToa ckopeviuero rpagMeHTHoOro Cnycka:

Zi(w — hV.Zi(w)) — min,
h
NO3BONSET HAWTW aganTuBHbI war h*;

Vnpa>HeHue: fokasaTb, Y4TO Npu KBaApPaTUHHON PYHKLNY
notepb h* = ||x;||=2.

© npobHble cny4aliHble waru
— ANst «BbIODMBaAHUSI» W3 IOKANIbHBIX MUHUMYMOB;




-

NOCTOMHCTBaA U HeAOCTaTKN o2

docTtounHcTBa:

@ Nnerko peanmsyeTcs;

@ nerko obobujaetcs Ha nwobble g(x, w), .Z(a,y):

© BO3MOXHO AnHaMu4eckoe (NOTOKOBOE) oby4eHme;

@ Ha ceepxbonblNX BbIDOPKAxX MOXXHO NONYYUTH HEMIOXOe 1

pelieHne, faxe He obpaboTas Bce (X, ¥i);

@ Bcé yawe npumensieTcs gnsa Big Data

HepocrtaTtku:

@ BO3MOXHA PacXOAMMOCTb WAN MeAJIEHHAss CXOAUMOCTD;

e 3dCTPEBAHNE B JNIOKAJIbHbIX MUHUMYMaAX,

© noabop Komnnekca 3BPUCTUK SIBJISIETCS UCKYCCTBOM;

@ npobnema nepeobyuyeHus;




[MpoGiema nepeodyyeHUA

Bo3mMoXkHbie NMPpU4YUHBLI ﬂEpEOﬁy'-IEHHH: S

Q cauwKoM Mano obBHLEKTOB; CANLLKOM MHOMO NPU3HAKOB; BT b

Q nuHeliHas 3aBUCUMOCTb (MYNbTUKONNNHEAPHOCTL) MPU3HAKOB: ||

nycTb NOCTPOeH kKnaccudpumkaTop: a(x, w) = sign{w, x);

MyAbLTUKOANMHeapHocTb: Ju € R Vx (u, x) = 0;

torga Vy € R a(x, w) = sign(w + yu, x)

(RS

CumMmnTomaTtuka: Il

@ canwkom bonbluve Beca |wj| pasHbIX 3HAKOB;

iz

-

Q@ HeycroitumsocTb a(x, w);
Q Q(X% <« Q(XK);

Tepanus:

Q@ perynsipuzaums (cokpaieHue Becos, weight decay);

@ paHHuii octaHos (early stopping);




Perynapusauus =
,—ﬁ
LLITpach 3a yBEnMYeHre HOPMbl BEKTOpa BECOB: 2 F _
n Sl
Zi(w) = Zi(w) + 5wl = Zi(w) + 5 > wf = min. B
Jj=1 L
H !
[ pagueHT: N
VY% (w) =V.L(w)+ Tw. B H
Moaudukauuns rpagneHTHOro wara: Hk &
w = w(l — ht) — hV.Z(w). W

21 l




Pa3Hble wWTpadbl 3a OLNOKN

3apgava knaccudpukaumm Ha aBa knacca, y; € {—1,+1}.
Mogenb knaccucpukauumn: a(x; w, wg) = sign (g(x, w) — W{}).
Hem meHble wy, Tem bonbwe x;: a(x;) = +1.

Mycte A\, — wTpad 3a ownbky Ha obbekTe knacca y.
PyHKUNUS NOTEPb Tenepb 3aBUCUT OT LWTPadOB:

Z(a,y) =\, [3(3’(:'; w, wp) # )’f'] = Ay;[(g(xr': w) — wp)yi < 0]-

[Mpobnema
Ha npaktuke wrpadsl {A, } MoryT nepecMatpnsaTbCs

@ HyxeH ynobHblii cnocob Bbibopa wy B 3aBucumMocTu ot {A, |,
He TpebytoLuii NOCTPOEHNSI W 3aHOBO.

@ HyxxHa xapakTepucTtuka kadectsa mogenu g(x, w),
He 3aBMUCALLAA OT WTPadoB {A, } U YNCNEHHOCTN KIACCOB.

|

e i
-l
i

- ]
1 ]

L Sl




ROC-kpuBas I

ROC - recelver operating characteristic

Kavkaaa Touka KprMBOW COOTBETCTBYET I =
O HOMY 3HayeHuo nopora (LieH 3a oWwmnobKKn,

w,) B
[10 ocu X: [__ :
FPR (false positive rate) — npoueHT I

06BEKTOB € y=-1 1 a(x)=+1 cpeaun Bcex y=-1 F s

[To ocn Y: fE—
TPR (true positive rate) — NnpoueHT Oﬁ'bGKTOBL

c y=+1 n a(x)=+1 cpean Bcex y=+1

23




[MMpumep

TPR, true positive rate, %

100 :
90 :
80 -

70
60
50
40
30
20
10

0

lEI]””1IU“”2IEI“ | 3040 -

AUC, nnowaab nog ROC-kpuson

5 60 70 8 90 100
FPR, false positive rate, %
—— Hauxyauwas ROC-kpusas
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Anroputm noctpoeHusa ROC-

KPVBOWA T

Bxoa: Bwibopka X puckpumunanTtHas dbyHkuus g(x, w);

Bbixoa;: {(FPR;,TPR,—)}?ZO, AUC — nnowaas nog ROC-kpusoii. TR

Iy 5= Zle[y,- = y|, ans sBcex y € Y,

2: ynopagouuTh Buibopky X no ybeisanuio 3Hauenuii g(x;, w);

3: NOCTAaBUTL NnEPBYO TOYKY B HA4YaJI0O KOOPAWHAT:

(FPRo, TPRy) := (0,0); AUC := 0;

. 3
4: pna i :=1,...,¢ !
<% ecnun y; = —1 TO CMecTuTbCa Ha OAWH LiAr BApPaBo: :
6: FPR; := FPR;_1 + 7~; TPR; := TPR;_;

AUC := AUC + A TPR;;
t; MHaA4Ye CMECTUTBCA Ha OAWH LAl BBEPX:
8: FPR; := FPR;_1; TPR; := TPR;_1 + 7;




Score

TPR

[MMpumep
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0,9
0.8
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0,6
0,5
0,4
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0,1

0,0

: 4

00 01 02 03 04 05 06 07 08

05 1,0

FPR
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# C Score
2 P 0,58
3 M 0,7
4 P 0,6
5 P 0,55
& P 0,54
7 M 0,53
8 M 052
9 P 0,51
10 M 0,505
11 P 0.4
12 M 0,39
13 P 0,38
14 M 0,37
15 M 0,36
16 M 0,35
17 P 034
15 M 0,33
19 P 0,3
20 M 0,1

TPR

[MMpumep
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0.8
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0,7
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x
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0,2

x

0,1

x

0,0

00 01 02 03 04 05 06 07 08 09 10

FPR
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['pagneHTHaa Mmakcumunsauna AUC

Mogens: a(x;, w, wg) = sign (g(x,-, w) — wo).

AUC — 370 fons npaBuibHO ynopago4veHHbix nap (x;, x;):

¢
AUC(w) = Pi Z[y; = —I]TPR; =
T i=1
¢/

A > 2 i < yillelxi, w) < g(x, w)] — max

i=1 j=1

slBHasi makcumumsauma annpokcummuposarHHoro AUC:

AUC(w) < Q(w) = ) 2 (g(x, w) — g(x;, w)) — min,

rae £ (M) — rnagkas ybbiBatowasi hyHKUMS OTCTyNa,
M;j(w) — HoBOe NoHsTMe OTCTyna ANs nap obbeKToB.

e




ANropuTM CTOXacTu4yeckoro
rpagmneHTa ana AUC

Bo3bMEM a8 npocToThbl NUHENHbIA KnaccudukaTop:

g, w) = (x,w),  My(w) = (x —x,w).

Bxoa: Bbibopka Xt temn oby4eHus h, Temn 3abbiBaHUs A
Bbixoa: BekTop Becoe w

e

@S B e

NHUUWanm3uposaTtb Beca wj, j =0,...,n;

o Y e 3 @ :
MHWLManM3mpoBath oueHky: @ == ——> ;.. Z(M;(w));
NnoBTOPATb

BbIbpaTh napy 0bbekToB (/,)): yi < y;, cnyvaiiHbim obpasom;

BbIYUCANTL noTepto: £ := £ (Mjj(w));

caenaTb rpagueHTHollt war: w = w — h.Z'(Mj;(w))(x; — x;);

oueHnTb dyHKUMoHan: Q = (1-— /\)Q + Agjj;
noka 3Hadenne Q u/unm Beca w He coiiayTcs;




MawunHHoe oby4yeHue
MeToa onopHbIX BekTopoB (SVM)

Support
vectors

Support

vectors

\/

https://yandexdataschool.ru/edu-process/courses/machine-learning




CopepxaHue nekumm

N N | L1l
e |

« Cny4yaun rnMHEWHO pa3genumon v ﬁ —

Hepa3gennmvon BbIDOPOK

e [IBONCTBEHHAS 3aga4a

e Tnbl 06BLEKTOB = s

e HennHenHoe obobLWweHne SVM

 SVM-perpeccus U
. L. perynapusaums




Camas wupokas
pa3gendarlland nomnoca
* PaccMoOTpuUM NUHENHbIU KnaccugukaTtop:
a(x, w) = sign({w, x) — wo)
» [lonyctnm, 4To oby4atollasi BbIbopka
NMMHEWHO pasaenumas:

dw,wo 1 Mi(w,wp) = %’((W,Xf) — Wo) >0, 1= 13.”’5[_""%7_:"

* w1 WO onpegeneHbl ¢ TOYHOCTbIO OO0

in M;(w, = 115
MHOXUTENA = Hopmupyem | min Mi(w,wo) = 15

 lllnpnHa nonocksil:

i o |

N N | L1l
e |




MeTo onopHbLIX BEKTOPOB ANA
FINHEeNHO pa3aeriuMmon BbIOOPKHU

HWH2 — min;
w

Mi(w,wp) >1, i=1...¢

UTto penatb, ecrnn BbIbOpKa
He pa3sfenMma rmnepnsioCKoCTbO?




Cny4yau nNMHEeUHo
Hepa3aeriuMon BbiIOOPKH

L&;}Oj o= T sl
= 1

Takkak &; = 0u¢;

& = (1— M)y
CnepoBaTenbHO, Hala 3a4aya 9KBMBaneHTHa MMHUMMU3auun pyHKLUMOHana
: 1
f i — Pa— . 2
Q(w,wq) = Z(l Mz(w}wg)) 2C||u;|| — 115111[}1{]1

=1




YacTto ucnonb3yemblie
byHKUUU NOTEPb

9 ]

5 -

2 -

2

0

5 4 3 2 1 0 1 2 3 4 5 ,,

V(M) =(1—- M), — Kyco4Ho-nuHelinas (SVM);
H(M) = (—M)4 — kyco4Ho-nuHeiHas (Hebb's rule);
L(M) =log,(1+e ") — norapudpmuyeckas (LR);
Q(M) = (1 — M)? — kBagpaTtuyHas (FLD);
S(M) =2(1+ ") ! — curmomgHas (ANN);
E(M)=eM — akcnoHeHunansHas (AdaBoost);

M < 0] — noporoBasi (PyHKL S NOTEPb.

6




[IH
Ycnosus Kapywa-KyHa-Takkepa [L 1T

3ajaya MaTEMATUHECKOrO NMPOrpaMMUPOBAHNS: L:_

[ f(x) — mx[n; Dt

§ gi(x) <0, i=1,...,m; Tt

hi(x) =0, j=1,...,k NIl

Heobxogumble ycnosusi. Ecnm x — Touka NOKanbHOro MUHUMYMa, "Lﬁ:#:

TO CYWECTBYIOT MHOXMTEAM i, 1 =1,....m, A;, j=1,... k: imil

X z : |
—— =0, L) =1f(x)+ z; nigi(x) + Z; Aihi(x); B
1= = N

.

gi(x) < 0; hj(x) =0; (ucxopHble orpaHnyeHns)

pi = 0; (nBOWCTBEHHbIE OrpaHNYeHNs )

| 1igi(x) = 0; (ycnosue pgononHsitoLel HEXECTKOCTM)




|
MpumeHeHnne ycnosun KKT k Wi
3agave SVM a5 i

®Oyukuus Jarpawxa: Z(w, wy, &\ n) =

---- =

__||W||2 Z)\ (w, wp) Zg, (N +mi — C),

Aj — NEepeMeHHble, ABOMCTBEHHbIE K OorpaHmndenuam M; > 1 — &;;
1); — NepeMeHHble, ABOMCTBEHHbIE K orpaHunyeHusm &; = 0.

(0L 0.% 0%

— =0, —=0, —=0;

ow T Owg NG

(& =0, Ai=20, n =0, i=1,....¢;
Ai=0 nmbo Mi(w,wp)=1—-¢&;, i=1,...,¢

(7 =0 mbo & =0, /i=1,....4




Heobxoaumblie ycnoBua cegnoBou
TOYKU (PYHKUUM JlarpaHxka

®yHkuus Jlarpanxa: Z(w, wp, &\, 1) =

__||W||2 Z)\ (Mi(w, w) — 1) — Zf;)\+?7;—c)

=1 i=1

Heobxogumble ycnoeusi cegnoBoin Toukm dpyHkumm Jlarpatxa:

14
g;'f: w—ZA;y;x,—zO = W:Z)\EYEX;';
i=1 =
14 14
OF __Saw=0 = Yam=o
0L

9%

:—Af_nf‘FCZO =y ?7;—|—/\;:C3 i = Lyaansids




|
Tunbl OOBLEKTOB W'Siis

Tunusaumns obbLEKTOB: oy

LA=0; pi=C &=0; M>1 e
— nepudpepuiiHbie (HEMHPOPMATUBHbIE) ODBEKTBI. AR

2.0< i< C, 0<ni<(C; &=0;, M =1.

.~
..........
5,

— OMOpPHbIE FPaHUYHbIE ODBEKTDI.

.M =C: =0 &>0 M <1 i

— OMOpPHbIE-HAPYLINTENN.

1 5

» OObeKT X, HasbiBaeTcs OnopHbIM, ecnn A # 0.

10




[1IBoCTBEHHas 3a4ayva

( / ¢ {
1 .
—.,2‘9()\) = — Z; Aj+ 5 Z;Zl )\;)\jy;yj(xh)g) — m}:n,
= e, e
<0'-<~./\:*~{Ca 1 =1, » &;
14
> Xy = 0.
{i=1

PelueHue npsiMoil 3aga4mn BbIpaXkaeTCsl YEpe3 pPeLleHne ABOMNCTBEHHOIA:
(

14
w = > AiyiX;;
< =1
| wo = (w,x;) —yi, ans nwoboro i: \; >0, M; = 1.

Jlnnelinbin knaccudukaTop:
4
a(x) = Sign( i Vik X %) — W[]).

=1

e -
mal028
e
"H' .

i
L 1 AW
=1 - ! T
i L

el | —
|
T

==
1 _l-"'
i
a1 S

e
| N
s
:}, >
s -

-4 -




O6y4yeHue SVM

1. Find a! as the initial feasible solution. Set k = 1.
2. If & is an optimal solution of (1), stop. Otherwise, find a two-element working set
B ={i,j} c {1,...,1}. Define N = {1,...,I}\B and o and af to be sub-vectors

of a® corresponding to B and N, respectively.

3. Solve the following sub-problem with the variable ap:

1
e AN LN bt  vd BR8]

min
N

1

—= 5&%@33{13 + (—EB + QBNO:?V)T(IB + constant
1 D Qz‘j:| [ﬂ’i] kAT sz':|

et [gp s + (—eB + @BNOX + constant
2 [ ] [Qz‘j QRjj] Loy ( 2 Q;

subject to 0 < oy, a; < C, (2)
T
Yiti + Y5 = —YNON;

where [8}3? 8}8& ] is a permutation of the matrix ().

4. Set a%’"l to be the optimal solution of and ai}"l = ak;. Set k — k+ 1 and goto
Step 2]
R.-E. Fan, P.-H. Chen, and C.-J. Lin. Working set selection using second order

information for training SVM. Journal of Machine Learning Research 6, 1889-1918,
2005

_— ._ -_..-..I......-.._\:
| LA
F —_—
|
ol
o 14
L1
Tl
as
| -
= el T
.
| . Y
|
I.‘I\I\.I
-,
< d = 1




BrnnaHue KoHcTaHTbl C Ha
peweHne SVM

SVM — annpokcumaumsi u perynsipusauusi SMnMpuyeckoro prcka: |

2
1 5 _
Z}(l — Mi(w, Mﬂ:}))Jr + %IIWH - VTE
bonbwoin C ssrial ©

cnabasi perynspusayns

CUJIbHAs peryasipusaumns




HenunHenHoe o6o6weHne SVM
PacwupeHue npocTpaHCTBA

Input Space

Feature Space

14
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[lonMHoOMManbHbIE AQpa

U1 (v, w) = (3, U3, V2uiup)

K(x,x") = ((x), (X)) H

K(u: V) — (u? V>2 — ((ulz UQ):' (Vla V2)>2 —

= (u1v1 -+ U2V2)2 = U3

B obuwem cnyvae:

2

vl + u2v2 + 2U1Vi UV =

((U%, U%, \/§U1U2), (Vl p VQ ’ \/_V1V2)>‘

K(x,x") = ((x,x’

) + 1)

16




[Mpumepbl KNnaccudukaumm c
pa3fiMYHbIMU AQpaMu

nuHeliHoe NOJIMHOMUAJIbHOE rayccosckoe (RBF)

(x, x") ((x,x') + l)d, d=3 exp(—ﬁ“x - R ||2)

17




SVM-perpeccus

*3ajaua:

2

min % I

*OrpaHuycHUSA
¥, —wx, Wy <0

Wx, + Wy—y, <O

18 1

... -
..-.g.\l |
| L
al
-1.l'
4 —
1 Pl




L
JKBMBareHTHas iz
NocTaHOBKa 3aJayu T
: )
RTINS T SETSN £

CpaBHeHve ¢ 06bluHom perpeccueit (MHK) & ||

2

®yukuymus notepb: (<) = (|e| — 5)+ B CpaBHeHUMN ¢ .Z(c) = e,

i e

N

3agayva pelaeTcs NyTEM 3aMeHbl MEPEMEHHbIX U
CBE[EeHUs K 3aJa4e KBagpaTU4YHOro nporpamMmmpoBaHmns 19




PeweHue 3agaum ontumMmmsauumm
3amMeHa NepeMeHHbIX:

£:+ = ((W?Xa") — Wo — Vi — 6)+;
& = (—(w,xi) +wo+yi —9), ;

14
éuwuﬂc;(eﬂsfw min

W:W0:€+5£_

& 20, 20 i=l..bk

OT10 3agava KBagpaTUYHOrO MPOrpamMMuUpoBaHUS C
JIMHENHbIMU OrpaHUYEeHUAMU-HEPaABEHCTBAMM,

peLlaeTcq Takke cBegeHNneM K A4BOUCTBEHHOW 3adave.

yi—0—& <{w,xy—wo <y +d+&", i=1,...

i

e £ N S




CpaBHeHue ok

L k| (7
7
-

» CpaBHeHne SVM-perpeccuu ¢ raycCCoBCKUM

(RBF) 1poM, MUHENHO 1 NMONMHOMUANBLHON |

'
PETP ' | il
3 Support Vector Regression L
—  RBF model
— Linear model )
2 . —  Polynomial model |7 T
see data Imis
=
T =,
@ _'..-'
o 0 ol
. &
=1+
s 3 2 L]
23 0 1 2 3 4 5 6




i o |

1-norm SVM (LASSO SVM)

N N | L1l
e |

Annpokcumalms amnmpuyeckoro pucka c L,

e *

-perynapusaumven:

£

Z(l—M(w wo)) —|—;LZ|M{;| — min

W, wg e .

=1 ==

OTOOp NpM3HaAKoOB C NapamMmeTpom
CENEKTUBHOCTM U YeM DonbLue Y, TEM
MEHbLLE NPU3HAKOB OCTaHETCS




CpaBHeHue L, n L, perynsapusaumm

1
3aBMCUMOCTb BECOB W OT Ko3hchnLmeHTa m

Perynsipnu3aTop: [ ZJ- %_2 L1 perynsipusatop: /i Zj | wj|

06

04
I

0.2

0.0

0.2
i

lcavol

leavol

n4

2
=

02
I

0.0

0.2

3apaya us UCI: prostate cancer (gmarHoctuka paka) 2




Doubly Regularized SVM |

(Elastic Net SVM) s (il

: :
C E (1 — Mi(w, wp)) Lt E \wj| + = E W — min
w,wWo Hie
=1 _;—1 ! |
S
Elastic Net meHee xEcTko O0TOMpaeT npu3Haku.
1. Ll L
3aBMCMMOCTU BECOB W, OT KoadduumenTa log it INiiE
25 | | 1
20| g '
P =
15+ § :_‘i‘ s
10 /'f :k;‘
st// 1
/ I
P e .
& gy e
— Lasso
~1Or -~ Elastic-Net 24 4
0] Zlﬂ 4I0 5IC| SIU




]
MalwunHHoe oby4yeHue 0
MeToabl BocCTaHOBNEeHUs perpeccun |
7t 75‘/ |
- g i
A o

al ;;,;-// 3’

¢ sy l
3t i:_!_.,,,r *
ﬁ.;-; - 3.5 10 15 7.0

https://yandexdataschool.ru/edu-process/courses/machine-learning




CopepxaHue nekuumn

MeToa HauMeHbLUNX KBagpaToB
[ eoMeTpUYECKUN CMbICTT
Perynapunsaums

CUHrynapHoe pasnoxeHune
HenapameTpuyeckaqa perpeccud

S 12 g N




: 1
s S
MeToa HauMeHbLUUX KBagpaToB [+
X=R"Y=R Seum
Mogenb: a(x) = f(x, @) ﬁi il
MeTtoq HanmeHbLunx keagpatoB (MHK): | I
¢ 5 gl
Q(O@Xf) = Z W;(f(X;?Oa) — y,-) — mcin ; |
i=1 N
W. — B€C, CTEMNEeHb BaXXHOCTU I-ro 0ObeKTa




MHoromepHas nuHeuHas perpeccus [

e £ (X), ..., T (X)— 4nCroBble NPUHAKY;

* Mopenb:

F(x, o) = Z ajfi(x), a € R"
j=1

 MaTtpuyHas dpopma:

fi(x1) ... fu(x1) %1 o\ KL

F=l o o oy =] e =
n nx .

" filxe) .. falxe) oL\ e an) e

14

Qla, X) =Y (F(xi,) = i)™ = |[Fa — y||* = min

=1

4




HopmanbHaa cuctema ypaBHeHUN i -

g e ] ]

* Heobxoanmoe ycrnosme MMHUMYMa

9Q N

%(a) =2F (Fa—y)=0 ns

FTFa=F'y

e roe F'F — koBapuauuoHHas maTpvua nxn |
Habopa npusHakoB f , . . ., f P

* PeleHune cuctembl: o = (FTF) FTy = Ffy i

» 3HaueHue yHkunoHana: Q(a*) = [|Pry — y|?

roe P_ - npoekumMoHHasa maTpuua

Pr = FFt = F(FTF)~1FT =




[eomeTpUYECKMUN CMbICH

» Jltobon BekTOop BUAa y = Fo - InHenHas E H

KOMOMHaUMA NPU3HAKOB

i T
. I

|Fao— y[|I* = min Eift

* Fo* - annpokcmmMauunsa BeKTopa y C

HauMeHbLWNM KBagpaToOM Torga v ToJIbKO e

Torna, Korga

Fo* - npoekunsa y Ha S
NOAMPOCTPAHCTBO
MPV3HaKOB

" N

Fa*




BepoAaTHOCTHLIN noaxon,

* Mogenb AaHHbIX C HEKOPPENNPOBAHHbLIM
rayCCOBCKUM LLYMOM:

y(xi) = f(xi, ) +€i, & NN(O,U?), i=1,....¢

* [lpnHUMN MakcumMmyma npaBoonoaoodus:

=1

f |
1 1
L(eq,..., &) = H = exp ( 2025?> — max umivA

14

1 1

—InL(e1,...,e¢la) = const(a) + —Z — (F(xi, ) — y;)2 s minf |

2

05
f=1 "1

* B utore npuwinu kK MHK

WL I N |




[Mpumep — npudnunxeHne
MHOro4YsieHamMmu

[aHHble: sin(X) + cnyYanHbin LWyMm

0 1

ylr,w :w0+w1x+w2x2+...+wM:cM: w,x?
J

il |




MHorouneH ctreneuum 0

\
S b
L-:H‘n
i
)




MHorou4yneH crenexuu 3

10 |

\
S b
L-:H‘n
i
)




MHorou4yneH crenexuum 9

11 5

—A—
—_..n._-...._‘l |
'
i
is 1. —ll - | —
- 1‘.
(A, =
!; 1l
1)




KoadhdbnumeHTbl MHOro4sieHoOB

M=0"M=1 | |M=3 M=9
Wy 0.19 0.82 0.31 0.35
wi -1.27 7.99 232.37
wh -25.43 -5321.83
wh 17.37 48568.31
wy -231639.30
Wi 640042.26
wy -1061800.52
Wy 1042400.18
wg -557682.99
wi 125201.43

B nepeoby4yeHHOM crnydae HabnogarTca aHoManbHO bonbLume

KoadhdnuUNEHTbl MHOrouyneHa. Beixog - perynspusauug

i i W
-

el
T

i




[[peOHeBan perpeccus -
» LLitpad 3a yBenuueHne HopMbl BEKTOpa 58 |
BecoB ||al| : *

Q-(a) =[Fa—y|*+ 2> 7=1F10

- MoaudmumposaHHoe MHK-peLueHune Wi

(vl — «rpebeHb»): NI
af =(FTF+7l,)  Fy




MHorouneH creneHu 9
C perynsapusauuen

14 T




[[peOHeBasn perpeccus

Training
Test




i i W
|

CUHrynsapHoe pasnoXxeHue Wi

el
T

[lponsBonbHasa £X n-maTtpuua npegcraBuMa B BUje

cuHrynsipHoro pasnoxenus (singular value decomposition, SVD):i

Ty et
|

F = ¥DU,

OcHoBHbIe CBOWCTBA CUHIYNSAPHOIrO Pa3/IOXKEHUS:

o ¢ x n-mMmaTtpunua V = (Vla o & by Vn) OPTOroHaJibHa, VTV = I”’ - ' ; i

cTonbubl Vi — cODCTBEHHbIE BEKTOPbI MaTpuubl FFT;

Q@ nxn-matpuua U = (uy, ..., u,) optoroHansHa, UTU = I,
cTonbubl uj — cobcTBeHHble BeKTOpbI MaTpuubl FTF;

@ nxn-matpuuya D amaroHanvHa, D = diag(\/)\l, e «.//\n),
Aj = 0 — cobcTeeHHble 3Ha4veHna matpuy FTF n FFT.

:_. - I:'L--_)r |I"" |-




PeweHue MHK 4vepes
CUHTYNAPHOEe pa3noXeHue

of =(FTF)1Fy = FTy

1
Ft = (UDVTVDU")'UDV™ = UD™'V™ =
~ 1
o =FTy=UD"1VTy = Z ui(v;y)
i VA

Fo* = Pry = (VDUNUD 'VTy = W™y = Z vi(viy)i

j=1
* — T - 1 T
la*|? = ID7IVTy [P = (v y)?
J

j=1

17
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""TJ:

[lpobnema il

MYJNbTUKONJIMHEAPHOCTI Q{“”

* Yucno obycnoBrneHHOCTU NxXN-MaTpuLibl 2:: F b

Tﬂflniuﬂ \ I

Y) = [IZ|IE L = 2 _ Amax
p(Z) = [IZ[III=7 min |Zo  Amn B
u: J|ul|=1 aiiE

* [Tpn yMHOXeHNK obpaTHOM MaTpuULbl Ha

BEKTOP, z = 27" U, OTHOCUTENbHas i |
NOrPeLLHOCTb YCUMNNBAETCH B J(Z) pas: 15
|oz]| | dul|
< p(X)
z|| - ul




[lpobOnema
MY bTUKOJININHEAPHOCTMH

* Ecnn matpuua 2 = F'F nnoxo obycrnoBnexa, To:

— peLleHne CTaHOBUTCA HEYCTONYMBBLIM U
HEeNnHTepnpeTupyembiM, ||a<|| Benuko;

— BO3HMKAET nepeody4veHune:
Ha obyyeHun Q(a*, X*) = ||Fa* —y||* wmano
Ha KoHTpone Q(a*, Xk) = ||F'a* — y'||> BENuKo

* CtpaTterum yctpaHeHus f:

MYIbTUKOMNIMHEAPHOCTU N NepeobyyeHns:

— perynsapusaums

- oTOOp NPM3HaKoOB

— npeobpa3oBaHme NPu3Hakos




Perynapusauusa ¢ TOYKU 3peHus T
SVD-pa3noxeHus s=dil

n /X I |
= U(D? +7l)'DVTy =y ——u(v]y) i
j s

— )\j—l—’?‘

be3 perynapusauum:

o =Fty=UD1VTy Z

\/—UJ(V _)/)

20




1 i

OTO0p NpusHakoB

* LASSO — Least Absolute Shrinkage and ] ;";: ._ |

Selection Operator F
Q(a) = |[Fa — y||* — min;
n i T
> gl < il
j:1 :
e YeM MeHbLLe 57, TeEM DOrblLLEe HYNEeBbIX a




T IIIJI
e

MeToAa rmaBHbiX KOMNOoHeHT (PCA)

A Nl || L1l
w5 e - N

o f.(x), ..., f(X)— uncxoaHble YNCnoBble NPU3HAKY; F: S ='a

¢ g,(X), - . ., g_(X) — HOBble YMCIIOBbIE MPU3HAKM, M<nj

* TpeboBaHuMe: cTapble NPU3HaKu JOJTKHbI

NMMHENHO BOCCTAHABNMBATLCA MO HOBbLIM:

i) =3 es(Jus, j=1,....n VxeX Rl

KaK MOXHO TOYHee Ha oByJaroLLeit BoIGopKe: [+

14 n
SN T (Fxi) - fi(x)? = min

i=1 j=1 {gE(Xf)}:{“js}




[NlocTaHoBKa 3agauun PCA B i
MaTpu4vHoun popme ==dll

Hantun: n HoBble npusHakn G , u
npeobpasoBaHue U:

o i
> (Bi) = £6a)* = || 6UT = F|* = min {1
i=1 j=1 .

23




Teopema i
1

Ecan m < rk F, To Munnmym HGUT FH2 fnocTuraercs, korga o
ctonbuysl U — 370 c.B. matpuusl FTF, cooTBeTcTByrOLME =
m MakCUMasbHbIM C.3. A1,...,A\m, a matpuya G = FU. F :
[lpn 3TOM: !,f

Q@ wmatpuya U oproHopmuposana: UTU = I, : il

@ wmarpuya G oproroHanbHa: GTG = N =diag(A1,...,A\m); J

Q@ UN=F"FU; GA = FF"G; i

Q ||GU™ - FH =||F||I? —trA = Z A
Jj=m+1




MpumeHeHue SVD Kk cxaTuio I
n3oodpaxxeHun W siss
= e A mang iyt S EEERE G

i & ik

L
[T

J | I
100 | | .




[ naBHbIe KOMMOHEHTHLI AaTaceTa
Olivetti faces

[MokasbiBatoT OpTOroHarsibHbl€ HamnpasJieHNA, BOOJIb KOTOPbIX J1MLUa gaTtaceTa
MEHAKTCA CUIIbHEE BCETO

uz U3




04 3
03 3
0.2
0.1

01 1

CKONBbKO rnmaBHbIX KOMMNOHEHT
opaTtb?

* Kputepum “KpyToro CKroHa’:

m-1 m m+1

||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||||

12 3 4 5 6 7 8 9 10 N1 12 13 14 15 16 17 18 19 20

A
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HenapameTpu4yeckas perpeccus
 ObblyHaga 3agavya MHK:

— Z W;(f(x;j ) — y,-)2 — min
i=1

[TpnbnumxeHmne koHcTaHTon f (X, ) = a B
OKPEeCTHOCTU X € X

£
Q((_IXE :vaF ae——yjF > 5 min
1 acR
| —

wi(x) = K (p(x';){;)) - Beca 06bEKTOB X,

OTHOCUTEJIbHO X,

i




Popmyna aaepHOro crnaxmBaHus
Hapapas—BaTcoHa
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25 3
20 -
15
i £
05

05 -
1.0
15 1
20 3

-

Bbi60p LWMPUHBLI OKHaA U aapa

-
JohJ

* h € {0.1, 1.0, 3.0}, rayccoBckoe si4po = STV

(RS

P T

50 -45 40 -35 30 25 -20 15 10 -05 0 05 1.0 15 20 25 30 35 40 45 50
30




25
20 -
15
1.0 -

05 1

05 :
10
15 :
20 :

Bbi6op WWMPUHBLI OKHA U aapa

* h € {0.1, 1.0, 3.0}, npamoyronbHoe A4p0

RS Zme

50 -45 -40 -35 -30 25 -20 -15 1.0 -05 0 05 1.0 15 20 25 30 35 40 45 50
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[lpobGrnema BbLIOPOCOB

1 =100, h = 1.0, rayccosckoe aapo K(r)= exp(-2r3) [ |

e

e J1Be TOYKU - BbIOpoOChkl ¢ opanHaTtamm 40 n —-40 .:"'? |

e CuHSA KpnuBasd — BbIOPOCOB HET

4.0 -
3.5 -
3.0 1
2.5
2.0 1
1.5 4
1.0 +—&
0.5

0 -
05 -
1.0 -
A5 -
20 -
25




P

EETTEL

JlokanbHO B3BeLWeHHoe i

crnaxmnBaHume %

-Jl ]

=,

B

|
| |

s
!
A

e OcHoBHas MELles'-l: yeM OonbLUe BeNnnYMHa OnoKN &
Ej = |ah (X.r'; X \{X;}) — Yi| TeMm bornblle nNpeueaeHT -
(X,y,) MOX0X Ha BbIOPOC, TEM MEHbLLE AOIMKEH |

ObITb ero Bec w(X).

« OBPUCTUKA: IOMHOXUTb BEca W (X) Ha =

KOAMPDULMEHTbI ; = R(g,-) “ -

i

rne K — elle oaHo aapo ]

* PekomeHpaumsa: ksaptTnyeckoe agpo

K(E) — KQ (6 mez{s,-]_»)
roe med{c} — MeanaHa BapuaLlnoHHOro psaa

OLLUMOOK.




Anroputm LOWESS (LOcally
WEighted Scatter plot Smoothing) |

e

Bxoa: X! — obyuatowasi BbI6OpKa;
Bbixoa: koadpbuumentsl v;, i =1,....7;

1: uHMumanuzauusa: v; =1, i=1,....¢;
2: MOBTOPSATH
3:  pnsa Bcex obvekToB i =1,...,/0

4: BbIYUCINTb OLEHKN CKOJIb3ALLErO KOHTPONSA:
14
12_# YK (p()&,xjr))
I
gz — ah(x,-;Xg\{x;}) ™ '

E H

e ((Pxisx)
Zj %K (5et)
5: A Bcex obbekToB i = 1,...,¢

6: Vi 1= K(|a, |),
7: NokKa Koacbd:mu,meHTbl v; HE CTabunu3anpyoTcs:;




4.0
3.5
3.0
2.5
2.0
1.5
1.0
0.5

-0.5
-1.0
15
-2.0

[Mpumep pabotbl LOWESS
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MawunHHOe oby4yeHune
Jlornyeckmne metoabl Knaccudpukaumm

O OZZ@H
A ' ::C;DE
| Sl |2

https://yandexdataschool.ru/edu-process/courses/machine-learning
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CopepxaHue nekumm

N N | L1l
e |

[ToHATWEe 3aKOHOMEPHOCTU

e *

Kputepum kadyectBa 3aKOHOMEPHOCTEN

[lonck 3aKOHOMEpPHOCTEN

ANropnTtMbl Knaccudoukaunm Ha OCHoBe

Norn4yeckmnx 3aKOHOMepPHOCTEN




[ToHATe 3aKOHOMEPHOCTW

= | :
A |

! i o = - -

— T N F % R ¥ -

* MNpeaukat R: X — {0,1} — 3aKoHOMEPHOCTb,

ecnu oH BblaenseT (R(x)=1) goctatoyHo

MHOTO 06BEKTOB 0AHOTO Krnacca C 1 NElNi
MPaKTUYECKN He BblaenaeT 06beKToB

APYIrnMx KriiaccoB

pe(R) = #{x: R(x)=1wn yi=c} — max; ||
ne(R) = #{x;: R(x;)=1 n y;#c} — min; v




[Tpumepbli

 Ecnun «Bo3pacT > 60» U «nauneHT paHee
nepeHec MHdapKT», TO onepauuio He
aenaTtb, PUCK oTpuuaTenbHOro ucxoga
60%.

 Ecnun «B aHKeTe yka3aH goMallHUN
TenedoH» n «3apnnata > $2000» n
«cymma kpeauta < $5000» To kpeaguT
MOXHO BblaaTb, puck aedoonta 5%.

i |
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i Sl ; i
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Tectbl M.M.BboHrapaa
M
O o2 G

AN I | 2=

#| 2|9

OTOT TWMN TOSIOBOSIOMKN M300PEN BbIAKOLWUNCA PYCCKUAN KNOEPHETUK,
OCHOBOIMOSIOXKHUK Teopun pacro3HaBaHnsa obpasoB Mwuxamn MounceeBud
BoHrapa: B 1967-m rogy oH BnepBble onydnukoBasn O4HY M3 HUX B CBOEW
KHure "lNpobrnema y3HaBaHnS"
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Tectbl M.M.BoHrappa
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o =
R el e ——1
[ ] e -

Kak cpaBHUBaThb
3aKOHOMepHOCTU? -
R) — max =, --4
P(R) _ =ty [(p,n) — max LT
n(R) — min A
I(p,n) = > f_ ~ — max (precision); v:*f
I(p,n) =p—n— max (accuracy); T
I(p,n) = p— Cn— max (linear cost accuracy); vyl
P n : il
I(p,n) = PN — max  (relative accuracy);

P, = #{x;: y,-:c} — YUC/I0 «CBOUX» BO BCEN BbIOOPKE;
N, = #{x;: y;;éc} — YUNCNO KYYXKNX» BO BCeli BbIDOPKE.

8




Kak cpaBHuBaTb [ )
F ) 1|

3aKOHOMepPHOCTU? :

npu P = 200, N = 100 i pasnuuHbixpmun |

p n p/(p+n) p-n p-5n  p/P-nIN 0| | :I

10 0 1 10 10 0,05 o

200 10 0,95 190 150 0,9 i

10 0 1 10 10 0.05 -

60 50 0,55 10 -190 0,2 SRR

200 40 0,83 160 0 0,6 |

5 1 0,83 4 0 0,02

10 0 1 10 10 0,05

200 95 0,68 105 -275 0,05




BepoATHOCTHLIN noaxoA

* PaccMoTpuM onbIT — OTOOP NpeankaTom
00BLEKTOB 00y4atoLLeEN BbIDOPKU

* [IpeaukaT — 3aKOHOMEPHOCTb TTTK
COoObITUA: “"O0BEKT OTOOPAH NpeankaTom” u
"00BbEKT UMEET Knacc ¢’ 3aBUCUMBI

» KayecTBO 3aKOHOMEPHOCTUN = Mepa
3aBUCUMOCTU Cly4YanHbIX cObbITUN




i o |

TOoYHbIN TecT Pullepa

N N | L1l
e |

 MpeanonoXunm, 4YTo cobbITUSA “0BBLEKT Er B |
OTOOpaH npeankaTomMm” N “00bEKT NMeeT -’
Knacc ¢’ He3aBUCUMbI

* Toraa BepOSATHOCTb OTOBpaTh p OOBLEKTOB

Krnacca € U n — Apyrnx Knaccos:




TOYHbIN TecT Pullepa

* [1peanonoXxum, 4To cobbITUA “ODBEKT
OTOOpaH npeankaTomMm” N “00bEeKT nMeeT
KIacc ¢’ He3aBUCUMbI

* Tornga BEPOSATHOCTb OTOOPAaTh p OOBLEKTOB

Krnacca ¢ 1 n — apyrux knaccos:  chcy

p+n
CP+N

e OTO Npasaonogobue rmnoTessl
HEe3aBUCUMOCTU cODbITUN. HeM MeHbLue
[NaHHAas BEPOSATHOCTb, TEM bornee
3aBUCUMbI CODbITUS

chcy
C’;,ﬂ" > max

P+N

IStat(p, n) = — 1 log,

i |
|

r'l_'l_Tf"""I_' 1

_._
of " .




10

200

10

60

200

10
200

TOoYHbIN TecT PuLlepa

n

10

50

40

95

p/(p+n)

1

0,95

0,55

0,83

0,83

0,68

p-n
10
190
10

10

160

10
105

pP-5n
10

150
10

-190

0

0
10
-275

0,05
0,9
0,05

-0,2

0,6

0,02
0,05
0,05

p/P-nIN BeposiTHOCTb

0,016
8,80E-66
0,016

3,50E-04

1,50E-36

0,26
0,016
0,0038

o |

bl |

. ]
1 L




L i 0
S L ol el
' [

b

i

|

ToYHbIN TecT PuLlepa

p n p/(p+n) p-n p-5n p/P-nIN BepoATHOCTb [1/1IOTHOCTHL E
10 0 1 10 10 0,05 0,016 016 L[ |
200 10 095 190 150 0,9 8,80E-66  1,848E-063 | =
B
10 0 1 10 10 0,05 0,016 0,16 Al
60 50 0,55 10 -190 -0,2 3,50E-04 0,0385 E -
| S -
200 40 0,83 160 0 0,6 1,50E-36 3,6E-034 T_I__
5 1 0,83 4 0 0,02 0,26 156 BIUC
il
10 0 1 10 10 0,05 0,016 0,16 1
200 95 0,68 105 -275 0,05 0,0038 1,121 3
[N OUCKPETHbIX pacnpeaeneHnm Mmogernm ¢ MeHbLMM YNCIIOM 3Ha4YeHUn W
crnyYanHoun BenuumnHbl 6onee npaBgonogodHbl, YemM ¢ 6BonbLWKMM. ITO —
nepeoby4yeHmne. Jlyylie nepexoauTb K NPUBAMKEHUIO OANCKPETHOW MNOTHOCTU 4 —
HernpepbIBHOW (PyHKUMEN, Hanpumep, KyCOYHO-NOCTOAHHOW T.e. YMHOXaTb .
BEPOSATHOCTb TecTa duwepa Ha (p+n) — KONIMYECTBO Pa3fINYHbIX 3HAYEHUI 4 Y |

CIyYanHOW BENUYUHDI.




Jlornyeckue v ctaTucTnyeckKue
3aKOHOMEPHOCTH

i p
Jlornyeckune 3aKOHOMEPHOCTMN: S < 0.1, zFx = 0.05.

CraTuctuyeckue 3akoHomepHoctu: IStat(p, n) > 3.

i
100 1

P =200 L1011
N = 100 BT

90 1

80 1

70 4

60 1

50 ]
40
3[];
EUé

10 ]

D:

0 10 20 30 40 &0 60 70 8 90 100 110 120 130 140 150 160 170 180 190 p

B IOMMHECKWE 3AKOHOMEPHOCTH HU3KOM MHAOPMATMBHOCTM CTaTUCTMHECKME 3aKOHOMEPHOCTH
B [OMMHECKWE 3AKOHOMEPHOCTH BLICOKOM MHGDOPMATMBHOCT B MMHUMY M MHAOPMATMBHOCTH

151




100

g0

=

70

=

a0

40

20

20

10

JluHun ypoBHA TecTta Puilepa
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JluHun ypoBHA TecTta Puilepa
Manbie p u n

3
et T4l
A5
=
mv |
- 4= 1
=




JInHUM ypoBHSA NNOTHOCTU
BepoATHOCTU. Manble p n n

3
et T4l
A5
=
mv |
- 4= 1
=




SHTPOMUNHbLIN KPpUTEPUMN
NMHPOPMaATUBHOCTN

[lycTb wp, w1 — ABa ncxopa € BeposiTHOCTAMUM g n 1 — q.
Konn4dectso nHepopmayum: ly = —log, q, h = — log,(1 — q).
IHTpONUs — MaTeEMaTUYECKOE OXUNJaHNEe KoamdecTea nHhpopmaymn:

h(q) = —qlog, g — (1 — q)log,(1 — q).

SHTponus Beibopku X©, ecnn ncxopbl — 3TO KNacchl y=c, y#c:

0= (2).

uTtponus Beibopku X nocne nonyyenus nncdbopmauun R(Xx; le:
p+nh( p )+€—p—nh( P—p )
/ p+n / {—p—n
[Tpnpoct nugpopmaymm (Information gain, 1Gain):
IGain(p, n) = H(y) — H(y|R).

H(y|R) =

C o —p— - —— 1
[ ] e -

ofimm o -

o s g




JHTpONUA AnA pa3nnU4yHbIX g

1.0

0.8 5

0.6

0.4

0.2

|
0.2

T
0.4

|
0.8

|
.8

1.0
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ma
CooTHOLIEHMe cTaTUcTMyeckoron |l |+
3HTPONMUUHOIO KpUTEepmen =
OHTpOoNUIAHLIN kKpuTepui |Gain o | |
dCMMNTOTUHYECKN SKBUBAJIEHTEH B

cTraTuctnyeckomy |Stat:

IStat(p, ﬂ) — IGain(p? n) npu £ — oc J'

[lokaszaTtenbCTBO: NPUMEHUTb DOPMYny
CTtupnuHra K kputeputio |Stat.




JInHKN YPOBHA IHTPOMNMUNHOIO
Kputepusa. Manbie p nn




[TlocTpoeHue 3aKOHOMEPHOCTEMN
(rule induction)

1. MNMoporoeoe ycnosune (pewatowunii neHs, decision stump):

b

il

R(x) = [fi(x) < aj| nam |a; < fi(x)

I\

2. KOHBHOHKLYMS NOPOroBbIX YCNOBUIA:
R(x) = A\ [a < fi(x) < by].
jed
3. CuHgpom — BbINONHEHUE He MeHee d ycnoBuin us J,
(npn d = |J| 370 kOHBIOHKUMSA, Npy d = 1 — AN3BIOHKLUUSA):

R(x) = [Z[a_,- < fi(x)

jel

A\

bj| > d|,

[Mapametpbl J, a;. b;, d HacTpansatoTca no oby4arouleii Boibopke

NyTéM ONTUMWU3ALNN KPUTEPUS MHEPOPMATUBHOCTM.
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[TlocTpoeHue 3aKOHOMEPHOCTEMN

(rule induction) !

4. [NonynaockocTe — nNuHeliHast NOPOroBasi OYHKLUMA: E

jeJ

R(x) = | S wifi(x) > wo). 11

5. Lllap — noporoBasi byHKUUss bansocTu:

R(x) = [r(x. %) < wo). b

ABO — anroputmbl BoiyucneHus ouyerok [HO. U. XKypasnée, 1971]:

r(x, xg) = max w; |f — f;(xo)|.
jeJ

SCM — mawwunHbl NOKPbIBAOLUX MHOXECTB [M Marchand, 2001]:

r(x,x0) = L wj|fi(x) - fi(x)| .

Jjed

i i

[apametpbl J, wj, wy. Xg HacTpamBatoTca no obydatoLleii Boibopke

7

NyTEM ONTUMWU3ALNN KPUTEPUS NHGPOPMATUBHOCTH.
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[Touck nHpopMaTUBHbIX U
3aKOHOMEepHOCTEeNn b

Bxop: Bbibopka X*:

Bbixog: MHOXeCTBO 3aKOHOMepHOCTel Z;

Tyt
|

1: Ha4YanbHOE MHOXECTBO npasun Z; A
2: NMOBTOPATb :

3: 7' := mHoxecTBO mogudukauuin npaeun R € Z; biiE!
4:  ypanuTb CMLIKOM noxoxxume npasuia us Z U Z’; il
5:  OLEHUTb MHgOopMaTUBHOCTL BCex npasun R € Z; v

6: Z := Haubonee nHcpopmaTuBHble npasuna nsz Z U Z'; B

7: MOKa npaBuia NpPOAOJIXKAKT yAy4LIaTbCs .

8: BepPHYTb Z.

HacTHble cnyyan:

— CTOXaCTUYeCcKnii nokanbHblii nomck (SLS)
— reHeTn4yeckne (3BOMIOLMOHHBIE) aNropuTMbl

— METOA BETBEW M rpaHuy




OTOOp 3aKOHOMEPHOCTEN

no [lapeTto
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el &

Anroputmbl Knaccumdpukauumn.
Pewarowmm cnmcok

x —= Ry(x) P --

¢1

C1

: AN BEeR T —=l,.wus
ecnn Ri(x) =1 10
BEPHYTb Ci;

RT_(X) L,_ Co
il
cT

BEPHYTb Cy — OTKa3 OT KJaccuukaumm obbekTa x |
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XXagHbIM anropmnTMm NOCTPOEHUSA i
peLlaroLlero cnmucka =dll

- U:i=X,; t:i=1

* [loBTOPATH:

- Bbibop knacca =: ¢,

- Bbibop npeaukata R: I(R,U)—>max
- U ={xeU|R(x)=0}

e Moka:1>1 ; [U]>£,




ol .

(:

Pewatollee gepeBo

vV 1= v,
noka v € Viuyrp
ecnm B,(x) =1 T0 7
nepexof Brpago: v
v = Ry; 0 1
nHave V . b
v

nepexo/, BEBO:

¥ = Ly e

BEPHYTb C, .




PewatloLlee gepeBo — e

- L
NOKpbIBaOLWKUN HAboOp i
] 1
\ >4 - Ny
KOHBHOHKLUNU .
onuxHa nenecmka, PL '_ 1 '
7.0 4
b _ i :' %
Z (o] !
o . °l &, ;:’ .::8' 0 ‘
; ° :
40 9 &F ° WL 1
85 3 ¢ ° —— —-
30 - o ' virginica
2.0% o o, )
15 3 ‘m" e versicolor virginica
EE

0 02 04 06 08 10 12 14 16 18 20 22 24 26

wupurna nenecmka, PW

setosa rl(x — :PL < 2.5}

= |PL > 5| A [PW < 1.68]

virginica r3 (X

30

)

virginica | ro(x) = [PL > 2.5] A [PW > 1.68]
)
)

= |PL > 25| A [PL<5] A [PW < 1.68]

versicolor r4(x




XXagHbIM anropuTMm NOCTPOEeHUA

pellalollero gepeBa

o OYHKUUA:
 Tree buildTree(U) {

- Bbibop npeaukaTa B : I(B ,U) — max
- U, ={xeU|B (x)=0}
-U ={xelU|B(x)=1}

- Ecrm U |<€, vnu |U.|<£ BepHyTb nucT
- NHave:

L :=buildTree(U,)

« R, ;= buildTree(U,)

.~
..........
5,




[lpumep: TpeyronbHUKU U KBagpaThl

# Attribute Shape
Color Outline Dot

1 green dashed no friange
2 green dashed yes friange
3 yellow dashed ho square
4 red dashed no square
5 red solid ho square
6 red solid yes friange
7 green solid ho square
8 green dashed nho friange
9 yellow solid yes square
10 red solid no square
5 green solid yes square
12 yellow dashed yes square
13 yellow solid ho square
14 red dashed yes friange

ObyuaroLas BbI6OpKa

L W

| e |
Rt

i R
. I

-

s




JHTpONUA j
© 5 TpeyroslbHUKOB o |
- 9 kBagpatos '

* BeposaTtHoCTU Knaccos

p( ) — ﬂ | ‘*
5 i
A) = — il
p(A) v m
3HTpPONMUS

9 9 D 9

I = log, — — —log, — = 0.940 bits

14 14 14 14




3. 3 2 2 ST
I(red) = —zlogy = — =log, = = 0.971 bits |

Color? LA
YMeHbLUueHune IEa
Oecnopsgka, Ui
pasgeneHmem 1D
MHOXeCcTBa Nno l :
]
it I(green) = —31{}g2 g — glﬂg2 2 = 0.971 bits
3] ) ) )

4 4
I(yellow) = —ilﬂg2 i~ L—[miln:}g2 g = (.0 bits 34




HIL
- I(red) = 0971 bits  |[| |-
- |
o A _A y
= L e
o ] = SAN
oI 3
™ }
© H-f
Q |
@
5 U
& 5
O [t
= o
m =
S T
C I(green) = 0.971 bits |~ “——
O I‘..Eg 1=
Q. | VT
T ( ) H

I(yellow) = 0.0 bits

m

5 4 .
I,.5(Color) = Zp v) I (v) —4[].9?1—1- ﬁﬂ.QTl—i- ﬁ[].[] = 0.694 bits ——

—




[(yellow) = 0.0 bits

I-"'* T
B,

= I(red) = 0.971 bits

> ——

= aw

© Ly
E 5

2 L
3
L I

S 2,

— U
o Il 4 bk -
o IS
Q. B
< L/

Q oS T
- I(green) = 0.971 bits |~ “——

Gain(Color) = I — I,.4(Color) = 0.940 — 0.694 = 0.246 bits

F




i

[MpnpocT nHopmMauun = 'J

ONA KaXaoro npusHaka

* [1pn3Haku i

— Gain(Color) = 0.246
- Gain(Outline) = 0.151

- Gain(Dot) = 0.048 EUIL

* Jlyywe Bcero pasbuearb il

MHO>XECTBO MO NMPM3HaKy,

BHOCSLLLEMY HanbOombLLMI NOPSAOOK




Color?

yellow

red

green
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ABSTRACT

The objective in extreme multi-label classification is to learn
a classifier that can automatically tag a data point with the
most relevant subset of labels from a large label set. Extreme
multi-label classification is an important research problem
since not only does it enable the tackling of applications with
many labels but it also allows the reformulation of ranking
problems with certain advantages over existing formulations.

Our objective, in this paper, is to develop an extreme
multi-label classifier that is faster to train and more accu-
rate at prediction than the state-of-the-art Multi-label Ran-
dom Forest (MLRF) algorithm 2] and the Label Partition-
ing for Sub-linear Ranking (LPSR) algorithm [35]. MLRF
and LPSR learn a hierarchy to deal with the large num-
ber of labels but optimize task independent measures, such
as the Gini index or clustering error, in order to learn the
hierarchy. Our proposed FastXML algorithm achieves sig-
nificantly higher accuracies by directly optimizing an nDCG
based ranking loss function. We also develop an alternating
minimization algorithm for efficiently optimizing the pro-
posed formulation. Experiments reveal that FastXML can
be trained on problems with more than a million labels on
a standard desktop in eight hours using a single core and in
an hour using multiple cores.

Categories and Subject Descriptors
1.2.6 [Artificial Intelligence]: Learning

General Terms

Algorithms, Performance, Machine Learning, Optimization

Keywords

Multi-label Learning; Ranking; Extreme Classification

1. INTRODUCTION

The objective in extreme multi-label classification is to
learn a classifier that can automatically tag a data point
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with the most relevant subset of labels from a large label
set. For instance, there are more than a million categories
on Wikipedia and one might wish to build a classifier that
annotates a novel web page with the subset of most relevant
Wikipedia categories. It should be emphasized that multi-
label learning is distinct from multi-class classification which
aims to predict a single mutually exclusive label.

Extreme classification is an important research problem
not just because modern day applications have many cat-
egories but also because it allows the reformulation of core
learning problems such as recommendation and ranking. For
instance, [2] treated search engine queries as labels and built
an extreme classifier which, given a novel web page, returned
a ranking of queries in decreasing order of relevance. Sim-
ilarly, [35] treated YouTube videos as distinct labels in an
extreme classifier so as to recommend a ranked list of videos
to users. Both methods provided a fresh way of thinking
about ranking and recommendation problems that led to
significant improvements over the state-of-the-art.

Extreme classification is also a challenging research prob-
lem as one needs to simultaneously deal with a large num-
ber of labels, dimensions and training points. An obvious
baseline is provided by the 1-vs-All technique where an inde-
pendent classifier is learnt per label. Such a baseline has at
least two major limitations. First, training millions of high
dimensional classifiers might be computationally expensive.
Second, the cost of prediction might be high since all the
classifiers would need to be evaluated every time a predic-
tion needed to be made. These problems could be amelio-
rated if a label hierarchy was provided. Unfortunately, such
a hierarchy is unavailable in many applications [2}/35].

State-of-the-art methods therefore learn a hierarchy from
training data as follows: The root node is initialized to con-
tain the entire label set. A node partitioning formulation
is then optimized to determine which labels should be as-
signed to the left child and which to the right. Nodes are
recursively partitioned till each leaf contains only a small
number of labels. During prediction, a novel data point is
passed down the tree until it reaches a leaf node. A base
multi-label classifier of choice can then be applied to the
data point focusing exclusively on the leaf node label distri-
bution. This leads to prediction costs that are sub-linear or
even logarithmic if the tree is balanced.

Tree based methods can often outperform the 1-vs-All
baseline in terms of prediction accuracy at a fraction of
the prediction cost. However, such methods can also be
expensive to train. In particular, the Label Partitioning
by Sublinear Ranking (LPSR) algorithm of [35] can have



even higher training costs than the 1-vs-All baseline since it
needs to learn the hierarchy in addition to the base classifier.
Similarly, the Multi-label Random Forest (MLRF) approach
of [2] required a cluster of a thousand nodes as random for-
est training was found to be expensive in high dimensional
spaces. Such expensive approaches not only increase the
cost of deploying extreme classification models and the cost
of daily experimentation but also put such models beyond
the reach of most practitioners.

Our objective, in this paper, is to tackle this problem and
build a tree based extreme multi-label classifier, referred to
as FastXML, that is faster to train as well as more accurate
than the state-of-the-art MLRF and LPSR. Our key techni-
cal contributions are a novel node partitioning formulation
and an algorithm for its efficient optimization. In terms
of training time, FastXML can be significantly faster than
MLRF since the proposed node partitioning formulation can
be optimized more efficiently than the entropy or Gini in-
dex based formulations in random forests. At the same time,
Fast XML can be faster to train than LPSR which has to first
learn computationally expensive base classifiers for accurate
prediction. In terms of prediction accuracy, almost all ex-
treme classification applications deal with scenarios where
the number of relevant positive labels for a data point is
orders of magnitude smaller than the number of irrelevant
negative ones. Prediction accuracy is therefore not measured
using traditional multi-label metrics, such as the Hamming
loss, which give equal weightage to all labels whether posi-
tive or negative. Instead, most applications prefer employ-
ing ranking based measures such as precision at k which
focuses exclusively on the positive labels by counting the
number of correct predictions in the top k positive predic-
tions. FastXML’s proposed node partitioning formulation
therefore directly optimizes a rank sensitive loss function
which can lead to more accurate predictions over MLRF’s
Gini index or LPSR’s clustering error.

Experiments indicated that Fast XML could be significantly
more accurate at prediction (by as much as 5% in some
cases) on benchmark data sets with thousands of labels where
accurate models for MLRF, LPSR and the 1-vs-All baseline
could be learnt. Furthermore, FastXML could efficiently
scale to problems involving a million labels where accurate
training of MLRF, LPSR and 1-vs-ALL models would re-
quire a very large cluster. For instance, using a single core on
a standard desktop, a single Fast XML tree could be trained
in under 10 minutes on a data set with about 4 M training
points, 160 K features and 1 M labels. The entire ensem-
ble could be trained in 8 hours using a single core and in 1
hour using multiple cores. MLRF and 1-vs-All could not be
trained on such extreme multi-label data sets on a standard
desktop. LPSR training could be made tractable by replac-
ing the computationally expensive 1-vs-All base classifier by
the cheaper Naive Bayes but then its classification accuracy
was found to lag behind by more than 20% on data sets such
as Wikipedia.

Our contributions are: (a) We formulate a novel node par-
titioning objective which directly optimizes an nDCG based
ranking loss and which implicitly learns balanced partitions;
(b) We propose an efficient optimization algorithm for the
novel formulation; and (¢) we combine these in a tree al-
gorithm which can train on problems with a million labels
on a standard desktop while increasing prediction accuracy.
Code for FastXML can be downloaded by clicking here.

2. RELATED WORK

There has been much recent progress in extreme multi-
label classification [2}4}8|[1012l/15}/1920122/29//34-36))38] and
most approaches are either based on trees or on embeddings.

To clarify the discussion, it is assumed that the training
set can be represented as {(x;,y:)~1} with D dimensional
real-valued feature vectors x; € RP with sparsity O(D),
and L dimensional binary label vectors y; € {0, 1} with
yi = 1 if label [ is relevant for point ¢ and 0 otherwise. If
one further assumes that the cost of training a linear binary
classifier is O(N D), then the training cost of the linear 1-vs-
All baseline is O(LND) and the prediction cost is O(LD).
This is infeasible when L and N are in the range 10° —
10°. One can mitigate the training cost by sub-sampling
the negative class for each binary classifier but the prediction
cost would still be high.

Embedding methods [4}8101,12}/15L/19}20L22}[29}34}/36},38]
exploit label correlations and sparsity to compress the num-
ber of labels from L to L. A low-dimensional embedding of
the label space is found typically through a linear projection
y = Py where P is a LxL projection matrix. The 1-vs-All
strategy can now be applied and the cost of training and
prediction in the compressed space reduces to O(ﬁND) and
O(LD) respectively. The compressed label predictions also
need to be uncompressed at an additional cost of O(LL)
or higher. Methods mainly differ in the choice of com-
pression and decompression techniques such as compressed
sensing [19/22], Bloom filters [12], SVD [29|, landmark la-
bels [4L|8], output codes [38], etc. An interesting variant
can be obtained by compressing the features x = Rx to the
same L dimensional space as the labels [34]. Predictions can
then be efficiently made in the embedding space via nearest
neighbour techniques and no decompression is required.

Embedding methods have many advantages including sim-
plicity, ease of implementation, strong theoretical founda-
tions, the ability to handle label correlations, the ability to
adapt to online and incremental scenarios, etc. Unfortu-
nately, embedding methods can also pay a heavy price in
terms of prediction accuracy due to the loss of information
during the compression phase. For instance, none of the
embedding methods developed so far have been able to con-
sistently outperform the 1-vs-All baseline when L = log(L).

Tree methods that learn a hierarchy enjoy many of the
same advantages as the embedding methods. In addition,
they can outperform the 1-vs-All baseline even when the
prediction costs are O(Dlog L). Our primary comparison is
therefore with tree-based methods.

The Label Partitioning by Sub-linear Ranking (LPSR)
method of [35] focussed on reducing the prediction time by
learning a hierarchy over a base classifier or ranker. First, a
base multi-label classifier was learnt for the entire label set.
This step governs the overall training complexity and pre-
diction accuracy. Generative classifiers such as Naive Bayes
are quick to train but have low accuracy whereas discrimina-
tive classifiers such as 1-vs-All with linear SVMs [18], deep
nets or Wsabie [34] are expensive to train but have higher
accuracy. Next, a hierarchy was learnt in terms of a single
binary tree. Nodes in the tree were grown by partitioning
the node’s data points into 2 clusters, corresponding to the
left and the right child, using a variant of k-means over the
feature vectors. The tree was grown until each leaf node had
a small number of data points and corresponding labels. Fi-
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nally, a relaxed integer program was optimized at each leaf
node via gradient descent to activate a subset of the labels
present at the node. During prediction, a novel point was
passed down the tree until it reached a leaf node. Predic-
tions were then made using the base classifier restricted to
the set of active leaf node labels.

The Multi-label Random Forest (MLRF) approach of [2]
did not need to learn a base classifier. Instead, an ensemble
of randomized trees was learnt. Nodes were partitioned into
a left and a right child by brute force optimization of a multi-
label variant of the Gini index defined over the set of positive
labels in the node. Trees were grown until each leaf node
had only a few labels present. During testing, a novel point
was passed down each tree and predictions were made by
aggregating all the leaf node label distributions.

Both LPSR and MLRF have high training costs. LPSR
needs to train an accurate base multi-label classifier, perform
hierarchical k-means clustering and solve a label assignment
problem at each leaf node. MLRF needs to learn an ensem-
ble of trees where the cost of growing each node is high. In
particular, while training in high dimensional spaces, ran-
dom forests need to sample a large number of features at
each node in order to achieve a good quality, balanced split
(extremely random trees [17] and other variants do not work
in extreme classification scenarios as they learn imbalanced
splits). Furthermore, brute force optimization of the Gini
index or entropy over each feature is expensive when there
are a large number of training points and labels. All in all,
accurate LPSR and MLRF training can require large clus-
ters — with up to a thousand nodes in the case of MLRF.

Finally, care should be taken to note that our objective
of learning a multi-label hierarchy is very different from the
objective of learning a multi-class hierarchy [5/11}/13/16] or
exploiting a pre-existing multi-label hierarchy |7},9[27].

3. FASTXML

Our primary objective, in developing FastXML, is to en-
able training on a single desktop or a small cluster. At the
same time, we aim to achieve greater prediction accuracy
by optimizing a more suitable rank sensitive loss function
as compared to MLRF’s Gini index and LPSR’s clustering
error. We start this Section by presenting an overview of the
FastXML algorithm, then go into the details of optimizing
a loss function to learn a node partition and finally analyze
FastXML’s cost of prediction.

3.1 FastXML overview

FastXML learns a hierarchy, not over the label space as
is traditionally done in the multi-class setting [5}/13}[16], but
rather over the feature space. The intuition is similar to
LPSR and MLRF’s and comes from the observation that
only a small number of labels are present, or active, in each
region of feature space. Efficient prediction can therefore
be carried out by determining the region in which a novel
point lies by traversing the learnt feature space hierarchy
and then focusing exclusively on the set of labels active in
the region. Like MLRF, and unlike LPSR, FastXML de-
fines the set of labels active in a region to be the union of
the labels of all training points present in that region. This
speeds up training as FastXML does not need to solve the
label assignment integer program in each region. Further-
more, like MLRF, and unlike LPSR, FastXML learns an en-
semble of trees and does not need to rely on base classifiers.

Algorithm 1 FastXML({x;,y:}},,T)

parallel-for i = 1,..,7 do
n"°° < new node
n % Id + {1, .y N} # Root contains all instances
GROW-NODE-RECURSIVE(n"?%")
Ti < new tree
T;.root « n"°%
end parallel-for
return 71,.., 71

procedure GROW-NODE-RECURSIVE(n)
if |n.Id| < MaxLeaf then # Make n a leaf
n.P <PROCESS-LEAF({x;,yi}iz1, M)
else # Split node and grow child nodes recursively
{n.w, n.left_child, n.right_child}
< SPLIT-NODE({X;,¥y:}
GROW-NODE-RECURSIVE(n.left_child)
GROW-NODE-RECURSIVE(n.right_child)
end if
end procedure

N
i=1>

7{\;15 n)

procedure PROCESS-LEAF({x;, y:}/L 1,

P + top-k (721"5”’}27 yi)

n)

return P
end procedure

# Return scores for top k labels

Predictions are made by returning the ranked list of most
frequently occurring active labels in all the leaf nodes in the
ensemble containing the novel point. Algorithms [I] and [3]
present pseudo-code for FastXML training and prediction
respectively.

3.2 Learning to partition a node

Training FastXML consists of recursively partitioning a
parent’s feature space between its children. Such a node
partition should ideally be learnt by optimizing a global mea-
sure of performance such as the ranking predictions induced
by the leaf nodes, Unfortunately, optimizing global measures
can be expensive as all nodes in the tree would need to be
learnt jointly [21]. Existing approaches therefore optimize
local measures of performance which depend solely on pre-
dictions made by the current node being partitioned. This
allows the hierarchy to be learnt node by node starting from
the root and going down to the leaves and is more efficient
than learning all the nodes jointly.

MLRF and LPSR optimize the Gini index and clustering
error as their local measure of performance. Unfortunately,
neither measure is particularly well suited for ranking or
extreme multi-label applications where correctly predicting
the few positive relevant labels is much more important than
predicting the vast number of irrelevant ones.

FastXML therefore proposes to learn the hierarchy by
directly optimizing a ranking loss function. In particular,
it optimizes the normalized Discounted Cumulative Gain
(nDCG) [33]. This results in learning superior partitions
due to two main reasons. First, nDCG is a measure which
is sensitive to both ranking and relevance and therefore en-
sures that the relevant positive labels are predicted with
ranks that are as high as possible. This cannot be guaran-
teed by rank insensitive measures such as the Gini index or
the clustering error. Second, by being rank sensitive, nDCG



Algorithm 2 SPLIT-NODE({x;,y:}N,,n)

Algorithm 3 PREDICT({T:,..Tr},x)

Id <+ n.Id
8;[0] ~ {-1,1},Vi € Id
w[0] - 0,t < 0,tw < 0, W5 < 0

# Random coin tosses

# Various counters

repeat
r[t + 1] + ranky, ( > s+ 5i[t])IL(yi)yi)
icld
for i € Id do

vE  Cs(£1) log(1 + TV " xi)

L Y
!
~Celn(y) 3 ( ey )

# Refer to
if vT = v~ then

0t + 1] = 4;t]
else
8i[t + 1] =sign(v™ —ov™)
end if
end for

if 6[t —+ 1] = 5[t] then # Update w
W(t+1]+argmin ||w]||1+Cs(8;[t]) 3 log(14ediltlwTxi)
w i€ld

Wtw+1 —t+1
tw «— tw+1
else
wt + 1] + wit]
end if
t—t+4+1
until §WV,,,] = 6[Wry, —1]
nT < new node,n” < new node
nt.Id« {ie€ld:wlt]"x; >0}
n~dd+« {i€ld:w[t] x; <0}
return wit],nt, n”

# Store time step of the update

# We made one more update to w

# Convergence

can be optimized across all L labels at the current node
thereby ensuring that the local optimization is not myopic.

We stick to the notation introduced in the previous Sec-
tion. it is assumed that the training set can be represented as
{(x,y:)IL,} with D dimensional real-valued feature vectors
x; € RP and L dimensional binary label vectors y; € {0, l}L
with y;; = 1 if label [ is relevant for point ¢ and 0 otherwise.
Permutation indices i3, ...,i9°¢ that sort a real-valued
vector y € RY in descending order are defined such that if
j > k then Yidese 2 Yidesc- The ranky(y) operator, which

returns the 1ndlces of the k largest elements of y ranked in
descending order (with ties broken randomly), can then be
defined as

ranky (y) = [i1°°°, ..., i) " (1)

Let II(1, L) denote the set of all permutations of {1,2,..., L}.

The Discounted Cumulative Gain (DCG) at k of a ranking
r € II(1, L) given a ground truth label vector y with binary
levels of relevance is

k
Yr
EDCGarTY) = 2 jop i 2

Note that the log(1 + [) term ensures that it is beneficial
to predict the positive labels with high ranks. Thus, unlike
precision (which would have been obtained had the log(1+1)
term been absent), DCG is sensitive to both the ranking
and the relevance of predictions. The normalized DCG, or

fori=1,..,T do
n < T;.root
while n is not a leaf do
W n.w
if w'x >0 then
n < n.left_child
else
n <— n.right_child
end if
end while
Pliea‘f(x) —nP
end for

r(x) = ranky (% ST P,lieaf(x))

return r(x)

nDCG, is then defined as

Yr,
LhDCGer(tY) = Ik(y) Z m )
I=1
1
where I (y) = min(k,1Ty) 1 @
Zl:l log(1+1)

where Iy (y) is the inverse of the DCG@k of the ideal ranking
for y obtained by predicting the ranks of all of y’s positive
labels to be higher than any of its negative ones. This nor-
malizes £,DCGay tO lie between 0 and 1 with larger values
being better and ensures that nDCG can be used to com-
pare rankings across label vectors with different numbers of
positive labels.

FastXML partitions the current node’s feature space by
learning a linear separator w such that

min \|w||1+ZC5
—CTZ%(H—&-)E
Yo Z (1-

wrt. weRP e {-1,+1}" rT r” elI(1,L)

S;w ' x;
)log(1l 4+ e "% )

+
nDCGar (" Yi)

HDCG@L( T, ye)

where ¢ indexes all the training points present at the node
being partitioned, §; € {—1,+1} indicates whether point &
was assigned to the negative or positive partition and r™ and
r~ represent the predicted label rankings for the positive and
negative partition respectively. Cs and C, are user defined
parameters which determine the relative importance of the
three terms.

The first term in is an ¢; regularizer on w which en-
sures that a sparse linear separator is used to define the
partition. Given a novel point x, the FastXML trees can
therefore be traversed efficiently during prediction depend-
ing on the sign of w ' x at each node. The second term is the
log loss of 6;w " x;. This term couples § and w as the op-
timal solution of this term alone is §; = sign(w* " x;). This
makes it likely that points assigned to the positive (nega-
tive) partition, i.e. points for which §; = +1 (6; = —1), will
have positive (negative) values of w'x;. Cj is relaxed to
be a function of d; so as to allow different misclassification
penalties for the positive and negative points. The third and
fourth term in maximize the nDCGQL of the rankings



predicted for the positive and negative partitions, r™ and

r~ respectively, given the ground truth label vectors y; as-
signed to these partitions. These terms couple rt to § and
thus to w. As discussed, maximizing nDCG makes it likely
that the relevant positive labels for each point are predicted
with ranks as high as possible. As a result, points within
a partition are likely to have similar labels whereas points
across partitions are likely to have different labels.

Furthermore, it is beneficial to maximize nDCGQL at
each node even though the ultimate leaf node rankings will
be evaluated at k < L. This leads to non-myopic decisions
at the root and internal nodes. For example, optimizing
nDCG at k = 5 at the root node of the Wikipedia data
set would be equivalent to finding a separator such that all
the hundreds of thousands of Wikipedia articles assigned to
the positive partition could be accurately labeled with just
the five most frequently occurring Wikipedia categories in
the positive partition and similarly for the negative parti-
tion. Clearly this will not lead to good results at the root
node and superior partitions can be learnt by considering
all the Wikipedia categories rather than just the top five.
Of course, as already pointed out, rank insensitive measures
such as precision cannot be optimized at k = L as they be-
come more and more uninformative with increasing k and
Eprecision@L (r*,y:) = 0 for all points irrespective of the
partitioning.

It is also worth noting that allows a label to be as-
signed to both partitions if some of the points containing
the label are assigned to the positive partition and some to
the negative. This makes the FastXML trees somewhat ro-
bust as the child nodes can potentially recover from mistakes
made by the parents |2}|13}|16}[35].

Finally, note that § and r™ were deliberately chosen to be
independent variables for efficient optimization rather than
functions dependent on w. In particular, could have been
formulated as an optimization problem in just w by discard-
ing the log loss term and defining d;(w) = sign(w ' x;) and
r*(w) = rank, (>, 2(1 £ 6:(w))IL(yi)y:). Such a formu-
lation would also have been natural but intractable at scale.
Direct optimization via efficient techniques such as stochas-
tic sub-gradient descent would not be possible due to the
sharp discontinuities in §(w) and r*(w). Furthermore, up-
dates to w would necessitate expensive updates to § and

*_ We therefore decouple & and r from w by treating them
as variables for efficient optimization but then couple their
optimal values through the objective function. We develop
the optimization algorithm for in Section

3.3 Prediction

The objective function defined in can be optimized
efficiently and can lead to accurate predictions. A good
objective function should, in addition, also lead to balanced
partitions in order to ensure efficient prediction.

Given a novel point x € R”, FastXML’s top ranked k
predictions are given by

r(x) = ranky ( ZPleaf ) (6)

where T is the number of trees in the FastXML ensemble
and Pleaf(x) x Zvesleaf( ) Yi and S;°%(x) are the label
1 + X

distribution and set of points respectively of the leaf node
containing x in tree ¢. The average cost of prediction is up-

per bounded by O(TDH + TL + Llog f/) where H is the
average length of the path traversed by x in order to reach
the leaf nodes in the T trees and L is the number of non-
zero elements in the vector 3, P (x). The cost is dom-
inated by O(TDH) as L < DH. If the FastXML trees are
balanced then H = log N =~ log L and the overall cost of
prediction becomes O(T'D log L) which is logarithmic in the
total number of labels.

One might therefore be tempted to add a balancing term
to so as to get H as close to log N as possible. How-
ever, this comes at the cost of reduced prediction accuracy
as the objective function trades-off accuracy for balance. As
it empirically turns out, our proposed nDCG based objec-
tive function learns highly balanced trees and a balancing
term does not need to be added to . Thus, FastXML’s
predictions can be made accurately in logarithmic time.

4. OPTIMIZING FASTXML

It is well recognized in the learning to rank literature that
nDCG is a difficult function to optimize [2526|31}{32] since it
is sharply discontinuous with respect to w and hence stan-
dard stochastic sub-gradient descent techniques cannot be
applied. FastXML therefore employs an alternate strategy
and optimizes using an iterative alternating minimiza-
tion algorithm. The algorithm is initialized by setting w = 0
and d; to be —1 or +1 uniformly at random. Each iteration,
then, consists of taking three steps. First, r™ and r™ are op-
timized while keeping w and § fixed. This step determines
the ranked list of labels that will be predicted by the positive
and negative partitions respectively. Second, § is optimized
while keeping w and r* fixed. This step assigns training
points in the node to the positive or negative partition. The
third step of optimizing w while keeping § and rt fixed is
taken only if the first two steps did not lead to a decrease
in the objective function. This is done to speed up training
since optimizing with respect to 8 and r* takes only seconds
while optimizing with respect to w can take minutes. This
is the primary reason why was formulated as a function
of w, & and r* rather than just w. The algorithm termi-
nates when r*, § and w do not change from one iteration to
the next. We prove that the objective decreases strictly in
each iteration and that the proposed algorithm terminates
in a finite number of iterations. In practice, it was observed
on all data sets that the algorithm made rapid progress and
yielded state-of-the-art results as soon as a single update to
w had been made. We now detail the steps in each iteration.

4.1 Optimizing with respect to r*

Given w and 4§, the first step in each iteration is to find
the optimal rankings r* and r~ that will be predicted by
the positive and negative partition respectively. Fixing w
and § simplifies (5] to

1 .
,ig;%};ﬁzﬂ”w
+C- Z

which can be compactly expressed as two independent opti-
mization problems

nDCG@L(r+’ vi)

JLnDCGar(r ™ yi)  (7)

o Y
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L) > Iy Z g(1+1) (8)

1:0;==+1 =1



IL YZ yzl
9
o 3 = ©)

I=1 i:8,—+1 og(1
.

Y. Llydyi| af (10)

:6;,==+1

= max
rteri(1,L)

where d* is an L-vector such that df = 1/log(1 + ).
Since r™ and r~ are permutations of 1,2,...,L it is clear
that will be maximized if rli is chosen as the index of

the I largest value in the vector > is,=+1 1o (yi)yi. Thus

rt = ranky,

Z I (y:)yi | - (11)

:0;,==+1
Note that the optimal values of E‘i can be computed effi-
ciently in time O(nlog L + Llog L) where n is the number
of training points present in the node being partitioned, L

is the sparsity of the vector ) . Ir(y:)y: and it is assumed
that y; is log L-sparse.

4.2 Optimizing with respect to o

The next step in an iteration is to optimize with re-
spect to § while keeping w and r* fixed. This reduces to

S5t
fcrza(uai)c
—C, Z

which decomposes over 7. Thus, each §; can be optimized
independently by seeing whether is optimized by ¢; =
+1 or —1. This yields
87 =sign(v; —v) where (13)
L Yk

CIL Yz ZTZ)

-wai
se(on, +1}L Jlog(1+ 7" )

nDCCar(T¥i)  (12)

JLnDCGer (Tt ¥i)

=Cs(£1)log(l +e Fw iy —

The time complexity of obtaining 8 is O(nD + nlog L) as-
suming that the feature vectors are ﬁ—sparse and the label
vectors are log L-sparse. This reduces to O(nlogL) since
w = 0 in the first iteration and w ' x; can be cached for all
points in subsequent updates of w.

4.3 Optimizing with respect to w

The final step of optimizing with respect to w while
keeping & and rt fixed is carried out only if the first two
steps did not make any progress in decreasing the objective
function. This can be efficiently determined in time O(n)
by checking that d has remained unchanged. Optimizing (5]
with respect to w while keeping & and r* fixed is equiva-
lent to solving the standard ¢; regularized logistic regression
problem with the labels given by &

. §inxi
min, - lwl+ 32 a0 log(1 + ) a4

This problem has been extensively studied in the litera-
ture [31/24,37]. FastXML optimizes using the newGLM-
NET algorithm [37] as implemented in the Liblinear pack-
age [14]. No tuning of the learning rate parameter is re-
quired since is optimized in the dual. The algorithm

is terminated after 10 passes over the training set in case it
hasn’t converged already. The overall time complexity of the
method is O(nf)) where n is the number of training points
in the node being partitioned and D is the average number
of non-zero entries in a feature vector. This is the most time
consuming of the three steps.

4.4 Finite termination

The formulation in is non-convex, non-smooth and
has a mix of discrete and continuous variables. Further-
more, even the sub-problems obtained by optimizing with
respect to only one block of variables might not be convex or
smooth. It is well recognized that alternating minimization
based techniques can fail to converge for such hard problems
in general [6]. However, in our case, it is straightforward to
show that FastXML’s alternating minimization algorithm
for optimizing will not oscillate and will converge in a
finite number of iterations.

THEOREM 1. Suppose Algorithm[g has not yet terminated
and let W = Wi, Wa,...,W;,...) be the sequence of iter-
ations at which w is updated. Let W; = W — W, be the
sequence obtained by removing W; from W. Furthermore,
let Wi <t < Witp1. Then (a) §[Wi] & {8W;]IW; € Wi};
and (5) 61t] ¢ {8[jIIW; < j # 1 < Wit }.

PROOF. Let the objective value in (5)), after iteration i, be
Oli]. The individual sub-problems (LOJ12][14)), that comprise
a single iteration of are all minimization problems, which
minimize w.r.t a single block of variables, and hence can
never increase the objective value. In addition, algorithm
also ensures that any change in § is accompanied by a
non-zero decrease in the objective.

(a) Let W; be the iteration at which w is updated for
the i*® time. The algorlthm ensures that, when & = §[W],
w[W;] is the minimizer of (T4)), and r[W,] is the minimizer
of (10| .7 which together 1mp1y that O[Wi] is the unique min-
imum value of () when optimized over w,r®, while fixing
d = o[Wi].

Hence, for a given W; and a W; € W;

(6[Wi] = 6[Wj]) = (O[Wi] = O[W;]) (15)

Without loss of generality, let W; < Wj;. Since by as-
sumption, the algorithm has not yet terminated, §[W;] #
d[W(it+1)]. But, since there has been an update to 8, O[W;] >
OWit1y] = O[Wj]. This, combined with gives us
S[Wi] # 6Wj].

(b) Let u € {j : Wi < j # t < Wit1}. Without loss
of generality, assume ¢ < u. Since we are between two w
updates, w[t] = wlu]. If §[t] = 8[u], then using w[t] = w[u],
we essentially solve the same optimization w.r.t r* and &
in steps t + 1 and uw+ 1. Hence, O[t + 1] = O[u + 1]. But,
absence of w updates imply that 8[t + 1] # [t + 2], which
further implies O[t + 1] > O[t + 2] > O[u + 1], contradict-
ing the earlier equality. Hence, [t] # §[u]. O

Theorem [1| (b) states that § cannot repeat between two
consecutive updates to w (in iterations W; and W;11). Since
d can only take a finite number of values, this implies the
number of iterations between W; and W1 is bounded. Sim-
ilarly, Theorem [I[a) states that 8[W;] can never repeat for
values W; € W. By a similar argument as above and The-
orem b), we conclude that W; is bounded for all ¢. Thus,
the proposed alternating minimization algorithm cannot os-
cillate and terminates in a finite number of iterations.



Table 1: Data set statistics

Data set Train Features Labels  Test Avg. labels Avg. pts

N D L M per pt.  per label
BibTeX 4880 1836 159 2515 2.40 111.71
Delicious 12920 500 983 3185 19.02  311.61
MediaMill 30993 120 101 12914 4.38 1902.16
RCV1-X 781265 47236 2456 23149 4.61 1510.13
WikiLSHTC 1892600 1617899 325056 472835 3.26 23.74
Ads-430K 1118084 87890 434594 502926 2.10 7.86
Ads-1M 3917928 164592 1082898 1563137 1.96 7.07

Table 2: Results on small and medium data sets. FastXML
was run with default hyper-parameter settings on all data
sets. FastXML-T presents results when the parameters were
tuned.

(a) BibTeX N = 4.8K,D = 1.8K, L = 159

Algorithm P1 (%) P3 (%) P5 (%)
FastXML-T 64.53 +0.72 40.17 + 0.63 29.27 £ 0.53

FastXML 63.26 £0.84 39.19+0.66 28.72+0.48
MLRF 62.81 £0.84 38.74+0.69 28.45+0.43
LPSR 62.95+0.70 39.16 +£0.64 28.75+0.45
1-vs-All 63.39 £0.64 39.55+0.65 29.13+0.45

(b) Delicious N = 13K, D = 500K, L = 983

Algorithm  P1 (%) P3 (%) P5 (%)
FastXML 69.65 + 0.82 63.93 + 0.50 59.36 + 0.57

MLRF 67.86 £0.70 62.02£0.55 57.59+0.43
LPSR 65.55 £0.99 59.39£0.48 53.99+£0.31
1-vs-All  65.42+£1.05 59.34 £0.56 53.72 £ 0.50

(¢) MediaMill N = 30K, D =120, L = 101

Algorithm  P1 (%) P3 (%) P5 (%)
FastXML 87.35+0.27 72.14 + 0.20 58.15 + 0.15

MLRF 86.83 £0.18 71.18 £0.19 57.09+0.16
LPSR 82.33£2.15 66.37£0.35 50.00£0.20
1-vs-All 82.31+£2.19 66.17£0.43 50.32+0.56

(d) RCV1-X N = 781K, D = 47K, L = 2.5K

Algorithm  P1 (%) P3 (%) P5 (%)
FastXML 91.23 £0.22 73.51 +0.25 53.31 £ 0.65

MLRF 87.66 £0.46 69.89£0.43 50.36+£0.74
LPSR 90.04£0.19 72.27+£0.20 52.34+£0.61
1-vs-All 90.18 £0.18 72.55£0.16 52.68 £0.57

S. EXPERIMENTS

This Section compares the performance of FastXML to

MLRF, LPSR and the 1-vs-All baseline on some of the largest

multi-label classification data sets.

Data sets: Experiments were carried out on data sets
with label set sizes ranging from a hundred to a million to
benchmark the performance of FastXML in various regimes.
The data sets include two small scale data sets with hun-
dreds of labels, BibTeX [23] and MediaMill [28], two medium
scale data sets with thousands of labels, Delicious [30] and
RCV1-X, and three large scale data sets with up to a million
labels, WikiLSHTC |[1], Ads430K and Ads1M. Table [1] lists
the statistics of these data sets.

Table 3: Results on large data sets comparing the perfor-
mance of FastXML to LPSR trained with Naive Bayes as
the base classifier.

(a) WIkiLSHTC N = 1.78 M, D = 1.62M, L = 325K

Algorithm P1 (%) P3 (%) P5 (%) “‘“(‘;Sime Tejfnii)me

FastXML 49.78 33.06 24.40 9.14 5.10
LPSR-NB 27.91 16.04 11.57 1.59 3.52

(b) Ads-430K N = 1.12M, D = 88K, L = 0.43M

Algorithm P1 (%) P3 (%) P5 (%) “ai&f)ime T(;Tn)m

FastXML 27.24 16.28 11.91 1.81 1.68
LPSR-NB 19.69 12.71 9.70 0.84 3.95

(c) Ads-1M N = 3.91M, D = 165K, L = 1.08M

Train Time Test Time

Algorithm P1 (%) P3 (%) P5 <%) (hr) (min)

FastXML 23.45 14.21 1041 8.09 6.26
LPSR-NB 17.08 11.38 8.83 3.78 19.32

Table 4: FastXML’s wall clock training time (in hours) vs
the number of cores used on a single machine.

Cores WIikiLSHTC (hr) Ads-430K (hr) Ads-1M (hr)
1 16.80 (1.00x)  2.46 (1.00x) 12.34 (1.00x)

2 8.62 (1.94x)  1.24 (1.98x) 7.09 (1.74x)
4 4.53 (3.71x)  0.62 (3.97x) 3.93 (3.13x)
8 2.21 (7.60x)  0.33 (7.45%) 2.09 (5.90%)

16 1.27(13.22x)  0.19 (12.95x) 1.02 (12.10x)

Table 5: The variation in FastXML’s performance with the
number of training iterations. W; denotes the iteration at
which w is updated for the " time at the root node on the
Ads-430K data set. Precision values and training times are
reported for the full ensemble.

P W Objective Train time P1 P3 P5
‘" value (hr) (%) (%) (%)
1 15 403419.87 1.88 27.21 16.28 11.89
2 21 237151.20 3.79 27.01 16.39 12.09
3 24 183542.04 5.60 26.95 16.37 12.10
4 26 163416.65 7.33 26.98 16.38 12.11
5 29 153592.21 8.99 26.93 16.38 12.11

Features and labels are publically available for all the data
sets, apart from the two proprietary Ads data sets, and were
used in the experiments. WikiLSHTC is a challenge data set
for which the test set has not been released and we therefore
partitioned the data provided into 75% for training and 25%
for testing. The RCV1-X data set has the same features
as the original RCV1 data set but its label set has been
expanded by forming new labels from pairs of original labels.
The two proprietary Ads data sets comprise of bag of words
TF-IDF features extracted from expansions of queries from
the Bing query logs. Other queries similar to a given query
are used as labels for that query.



Table 6: FastXML learns more stable and balanced trees
than MLRF and LPSR leading to both faster training as
well as faster prediction. Tree balance is measured as
H/log(N/MaxLeaf), where H is the average length of the
path traversed by a point in that tree and log(/N/MaxLeaf)
is the average length of a path traversed in a perfectly bal-
anced tree with at most MaxLeaf points at each leaf node.

Smaller values of tree balance are better with a balance of

1 indicating a perfectly balanced tree.

Tree Balance: Avg. labels per

__H
log(N/MazLeaf)

Data set
FastXML MLRF LPSR leaf for FastXML

BibTeX 1.02+£0.01 3.45+0.01 1.56+0.11 6.15
Delicious 1.03 +0.01 4.95+0.01 3.144+0.71 69.12
MediaMill 1.01 +0.01 1.59 +£0.01 1.06 £ 0.01 10.26
RCV1-X 1.02+0.01 5.62+0.15 1.32+0.02 18.73
WikiLSHTC 1.01 +0.01 - 3.69£0.01 13.36
Ads-430K 1.00 £ 0.01 - 94.71 +0.01 10.97
Ads-1M 1.00 £0.01 - 105.83 £ 0.01 11.03
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Figure 1: The variation in FastXML’s precision at 5 with the
number of trees selected according to random order; and
highest individual prediction accuracy on the training
set. The training time can be halved on most data sets with
a minimal decrease in prediction accuracy by training only
25 trees in random order.

(a) Random order

Results are reported by averaging over ten random train
and test splits for the small and medium data sets apart
from RCV1-X for which only 3 splits were used. A single
split was used for the large data sets.

Baseline algorithms: FastXML was compared to state-
of-the-art tree based extreme multi-label methods such as
MLRF and LPSR (see Section [2| for details) as well as the
1-vs-All baseline as implemented in M3L . The 1-vs-
All strategy was also used to learn the base classifier for
LPSR on the small and medium data sets as it offered better
performance as compared to other base classifiers such as
Wsabie . Unfortunately, M3L and Wsabie cannot be
trained on the large data sets on a single desktop in a day.
Naive Bayes was therefore used as a base classifier for LPSR
on these data sets.

Finally, note that we do not compare explicitly to embed-
ding methods since
none of these have been shown to consistently outperform
the 1-vs-All base classifier.

Parameters: The following hyper-parameters settings
were used for FastXML across all data sets: (a) Co-efficient
of logistic-loss: Cs = 1.0; (b) Co-efficient of negative-nDCG
loss: Cy = 1.0; (¢) Number of trees: T' = 50; (d) Maximum
number of instances allowed in a leaf node: MaxLeaf = 10;
(e) Number of labels in a leaf node whose probability scores
are retained: k = 20; (f) Bias multiplier for Liblinear: 1.0;
(g) Number of training iterations in Algorithm 1; and

Table 7: Results obtained by replacing the nDCGQL
loss function in FastXML with others such as nDCG@5
(FastXML-nDCGS5) or precision at 5 (FastXML-P5) and
by replacing the Gini index in MLRF with the proposed
nDCGQL loss function.

(a) BibTeX N =4.8K,D =1.8K,L =159

Algorithm P1 (%) P3 (%) P5 (%)
Fast XML 63.26 £ 0.84 39.19 +£ 0.66 28.72 + 0.48
FastXML-P5 39.954+1.09 23.01+0.46 17.42+0.36

FastXML-nDCG5 51.75+1.28 30.87 £0.63 22.70 4 0.42
MLRF-nDCG 58.41 +£1.20 36.45+0.65 26.9540.49

(b) Delicious N = 13K, D = 500K, L = 983

Algorithm P1 (%) P3 (%) P5 (%)
FastXML 69.65 + 0.82 63.93 £0.50 59.36 = 0.57
FastXML-P5 60.11 £ 0.91 53.97£0.53 49.81 +0.58

FastXML-nDCG5 64.96 +0.83 59.28 £0.69 54.70 & 0.56
MLRF-nDCG 66.70 £ 0.75 61.08+0.44 56.724+0.44

(¢) MediaMill N = 30K, D = 120, L = 101

Algorithm P1 (%) P3 (%) P5 (%)
FastXML 87.35 +£0.27 72.14 +£0.20 58.15+0.15
FastXML-P5 80.73+£0.29 67.48+0.22 54.114+0.20

FastXML-nDCG5 86.66 +0.27 70.81 £0.21 56.51 4 0.20
MLRF-nDCG 86.67+0.26 71.13+0.22 57.244+0.21

(d) RCV1-X N =T781K,D = 47K,L = 2.5K

Algorithm P1 (%) P3 (%) P5 (%)
Fast XML 91.23 +£0.22 73.51 £ 0.25 53.31 £ 0.65
FastXML-P5 66.62 +0.23 56.41 +0.40 40.83 £0.14

FastXML-nDCG5 75.60+0.39 60.85£0.43 43.98 +0.16
MLRF-nDCG 87.19+0.41 69.69+0.46 50.25 =+ 0.56

(e) WikiLSHTC N = 1.78M,D = 1.62M, L = 325K

Algorithm P1 (%) P3 (%) P5 (%)
Fast XML 49.78 33.06 24.40
FastXML-P5 18.74 12.33 8.71
FastXML-nDCG5 20.50 12.51 8.80

(f) Ads-430K N = 1.12M, D = 88K, L = 0.43M

Algorithm PI (%) P3 (%) P5 (%)
FastXML 27.24 16.28 11.91
FastXML-P5 25.06 14.36 10.27
FastXML-nDCG5H 24.93 14.34 10.29

(g) Ads-1M N = 3.91M, D = 165K, L = 1.08 M

Algorithm P1 (%) P3 (%) D5 (%)
FastXML 23.45 14.21 10.41
FastXML-P5 21.09 12.32 8.87
FastXML-nDCG5 21.25 12.47 9.01

(h) Maximum number of (outer,inner) iterations of Liblinear
before termination: (10, 10). Using these default settings, it
was observed that FastXML could outperform LPSR, MLRF
and the 1-vs-All M3L. Tuning the hyper-parameters for each
data set would lead to even superior prediction accuracies.
The hyper-parameters for MLRF, LPSR and M3L were set



using fine grained validation on each data set so as to achieve
the highest possible prediction accuracy for each method.

Evaluation Metrics: Extreme multi-label classification
data sets exhibit positive label sparsity in that each data
point has only a few positive labels associated with it. It
therefore becomes important to focus on the accurate pre-
diction of the few positive labels per data point than on the
vast number of negative ones. As such, most papers |2}/19,
22,|34136] evaluate prediction accuracy using precision at k
which counts the number of correct predictions in the top
k positive predictions. More formally, the precision at k for
a prediction ¥ € RY given the ground truth label vector
y € {0,1}* is defined as

Pk(yy):% > oy (16)

i€ranky (¥)

All experiments were carried out on a single core of an
Intel Core 2 Duo machine running at 3.3 GHz with 8 Gb
of RAM. Training times were measured using the clock
function available in C++. Parallelization experiments in
Table [] were carried out on multiple cores of Intel Xeon
processors running at 2.1 GHz.

Results on small and medium data sets: Table
benchmarks the performance of FastXML on the small and
medium data sets where accurate MLRF, LPSR and 1-vs-All
models could be learnt. The focus is on prediction accuracy
as neither training nor prediction present any challenge on
these data sets — even the expensive MLRF, LPSR and 1-
vs-All can be trained in seconds on BibTeX and Delicious,
in minutes on MediaMill and in two hours on RCV1-X.

As compared to LPSR and 1-vs-All, FastXML could be
up to 5% more accurate in terms of precision at 1 and up
to 8% in terms of precision at 5. Large improvements were
obtained on both Delicious and MediaMill. The smallest im-
provements were obtained on BibTeX which had less than
five thousand training points. FastXML with default param-
eter settings gave more or less the same P1 as LPSR and
1-vs-All on BibTeX. A marginal improvement of 1% over
the other methods could be obtained by tuning FastXML’s
hyper-parameters (referred to as FastXML-T in Table [2).
FastXML’s gains over MLRF were smaller as compared to
the gains over LPSR and 1-vs-All but could still go up to
3% in terms of both precision at 1 and at 5 (on RCV1-
X). All in all, these results indicate that FastXML could be
significantly more accurate at prediction than highly tuned
MLRF, LPSR and 1-vs-All classifiers.

Results on large data sets: Extreme classification is
most concerned with large scale data sets having hundreds
of thousands or even millions of labels. Training MLRF
and 1-vs-All on such data sets was found to be infeasible
without using a large cluster. LPSR training could be made
tractable on a single core by replacing the 1-vs-All base clas-
sifier with Naive Bayes. Table [3| compares the performance
of FastXML to LPSR-NB. FastXML’s improvements over
LPSR-NB in terms of P1 ranged from 5% on Ads-1M to al-
most 22% on WikiLSHTC and in terms of P5 ranged from
approximately 1.5% on Ads-1M to almost 13% on WikiL-
SHTC. FastXML could train in 1.81 hours on Ads-430K
using a single core and in 8 to 9 hours on Ads-1M and Wik-
iLSHTC with individual trees being grown in about 10 min-
utes. This opens up the possibility of practitioners training
accurate extreme classification models on commodity hard-
ware. Finally, Fast XML could be almost 1.5 to 3 times faster

at prediction than LPSR-NB which could be a critical factor
in certain applications.

Validating FastXML’s hyper-parameter settings and
design choices: Table [ lists the reduction in wall clock
training time obtained by growing FastXML’s trees in paral-
lel across multiple cores on a single machine. Training could
be speeded up 12 to 13 times by utilizing 16 cores demon-
strating that FastXML is trivially parallelizable. The entire
ensemble could be trained in approximately an hour on Ads-
1M and WikiLSHTC and in 12 minutes on Ads-430K.

All the FastXML results presented so far were obtained
by terminating the proposed optimization algorithm after a
single update to w. Table [5| shows the effects of allowing
multiple updates to w while training on the Ads-430K data
set. High precisions were reached after the first update to
w which occurred after 15 updates to d and r. Subsequent
updates to w, § and r yielded a significant drop in the value
of the objective function but little change in prediction ac-
curacy. As such, it would appear that training time could
be significantly reduced without much loss in precision by
early termination.

Table[freports the effects of replacing the proposed nDCGQL

loss function in FastXML with others such as precision at
5 (FastXML-P5) and nDCG@5 (FastXML-nDCG5). As is
evident, both these loss functions were inferior to nDCGQL
even when performance was measured using precision at 5.
This demonstrates that rank sensitive loss functions such as
nDCG are better suited to extreme multi-label classification
as compared to rank insensitive ones such as precision. Fur-
thermore, nDCG should be computed non-myopically over
all labels rather than just the top few.

Finally, the key difference in FastXML’s formulation as
compared to MLRF’s was the use of the nDCG based loss
function and the use of a linear separator to partition each
node. Table m demonstrates that both these ingredients
were necessary as simply replacing the Gini index or en-
tropy in MLRF with the nDCG based loss function (MLRF-
nDCG) yielded significantly poorer results as compared to
FastXML.

6. CONCLUSIONS

This paper developed the FastXML algorithm for multi-
label learning with a large number of labels. FastXML learnt
an ensemble of trees with prediction costs that were loga-
rithmic in the number of labels. The key technical contribu-
tion in FastXML was a novel node partitioning formulation
which optimized an nDCG based ranking loss over all the
labels. Such a loss was found to be more suitable for ex-
treme multi-label learning than the Gini index optimized by
MLRF or the clustering error optimized by LPSR. nDCG is
known to be a hard loss to optimize using gradient descent
based techniques. FastXML therefore developed an efficient
alternating minimization algorithm for its optimization. It
was proved that the proposed alternating minimization al-
gorithm would not oscillate and would converge in a finite
number of iterations. Experiments revealed that FastXML
could be significantly more accurate than MLRF and LPSR
while efficiently scaling to problems with more than a mil-
lion labels. The FastXML code is publically available and
should enable practitioners to train accurate extreme multi-
label models without needing large clusters.
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CopepxaHue nekummn 5
NocTaHOBKa 3a4au4u F‘_ b
[puMepbl NPUMEHEHNS S|
OueHKN Ka4vecTBa i
MNoaxonbl K peLleHnto 3agaym iz

— MOTOYEYHbIU

" N

— NnonapHbIn

— CMUCOYHbIN

— MHOro3Ha4Hasi Knaccmdukaumg




BT
ey
[locTaHOBKa 3agaun bt
1 |
X — MHOXeCTBO ODBEKTOB iy
Xt = {x1,...,x} — obyyatouias ebibopka == mmin
i < j — npaBunbHbIA nopsigok Ha napax (i,j) € {1,...,¢}? =
) -
3apava: 1]
nocTpouTh paHxupyrouwyto dpyHkuuto a: X — R Takyro, 4To F‘ NIl
eI
i<j = a(x) < a(x) ' |

JluHeitHas mopenb paH>XMPOBAHUSA:

a(x; w) = <x, W>

rae x — (fi(x),...,f(x)) € R" — BekTop npusHakoB obbekTa X

YacTo Ha npakTuke obbekThbl pasgenatTcda Ha rpynnbl (list, cnuckun), n nx Hy>KHO

paHXupoBaTb B MNnpeaesiax ogHomn rpynnol. I'IpM ATOM HYMCIO rpynmn BEJIUKO.




[MTpumep 1. PaHXXunpoBaHue
pe3ynbTaToB MOUCKOBOU BblAauu

D — konnekuusi TeKCTOBbIX AOKYyMeHTOB (documents)

() — MHOXeCTBO 3anpocoB (queries)

Dy € D — MHOXeCTBO [OKYMEHTOB, HalifleHHbIX N0 3anpocy ¢

X = Q X D — obbekTamun ABASIIOTCA Mapbl «3anpoc, AOKYMEHT»:

x=(q,d), g€ Q, d € D,

Y — ynopsigo4eHHOe MHOXECTBO PeiTUHIOB
y: X — Y — OUeHKN penieBaHTHOCTM, NOCTaB/IEHHbIE aCECCOPAMU:
4em Bbile oueHka y(qg, d), TeM peneBaHTHee JOKYMeHT d 3anpocy q

[lpaBunbHbIG MOPsAOK ONPEeAENEH TONBKO MeXAY AOKYMEHTaAMMU,
HalileHHbIMK MO OAHOMY U TOMY >Ke 3amnpocy q:

(9.d) < (q,d") & y(q,d)<y(q,d)
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[Mpumep 2. .fﬁf

L
T4

PekomMeHaaTenbHble CUCTEMbI |/ |

U — nonb3oBaTenu, users E

| — npegmeTsl, items (puabMbl, KHUMK, 1 T.N.) __
X = U x | — obbekTaMun ABNAOTCA nNapbl «user, itemy ﬁ H

Ty et
|

i

|
u
o . LI L) ‘
[IpaBuAbHBIG NOPsiAOK ONPEAENEH MexXAay NpeaMeTamMu, KOTOpbIE qhizE

BbIOMpPan wan pelTUHIoBaN OAWH U TOT XKE MOJIb30BaTENb!

(u, i) < (u,i") & y(u,i) <y(u,i)

PekomeHgaumnsa nonb3oBaTeNto U — 3TO CMUCOK NPegMETOB |/, L
YNOPSILOYEHHbIV C MOMOLLBIO (PYHKLUW paHxupoBaHus a(u, i

T

B ponu npnsHakoB obbekTa x = (u, i) MOryT BbICTYnaThb
y(u', i) — peliTuHrn, noctaeneHHole gpyrMun nons3osatensmm u’

5




AUC

OueHKM KayecTBa

To4HoCTb (precision)

precision =

|{relevant documents} N {retrieved documents}|

|{retrieved documents}|

[TonHoTa (recall, TPR)

recall =

|{relevant documents} N {retrieved documents}|

|{relevant documents}|

BoinageHue (fall-out, FPR) - BepoAaTHOCTb
HaxoXXOeHNs HeperneBaHTHOroO pecypca

fall-out =

| {non-relevant documents} N {retrieved documents}|

|{non-relevant documents}|

i i W

= g N




Precision

PR-KkKpuBas

4

Fewer false positives

Bl scored dataset

. Scored dataset to compare

Fewer false negatives

Recall

CpeaHsisa TodHocTb (AveP) — nnowanb nog PR-kpmBow.

Kak BbIrnsgguT rpadpuk gnsa criydanHoro nopsagka?

NN ,hjl;_

|
|
W




Mpumep pacuyeta PR-kpnBO# B S

3agaye onpepnernieHnda caMmoneToB | T

— i - 4 !
7 = ———
e i
o T I

Pe3ynbtaT paHxmupoBaHus

ﬂ [Mopor Precision Recall ! B r:|1|_
H Topl 100% 20% * | | '
Top2 100% 40%
E Top3  66% 40%
Top4 75% 60%
© Top5 60% 60%
Top6 66% 80%
= Top7 57% 80%
=< Top8 50% 80%
Top9 44% 80% s
— Top 10 50% 100% |
| |
. : 8 :




OueHKM KayecTBa

F-mepa (F-measure, mepa BaH PnsbepreHa)
2 - precision - recall

B =

(precision + recall)

CG (Cumulative gain)

DCG (Discounted cumulative gain)

p

DCG,, = Z:; e

HopmuposaHHein DCG (NDCG)

nDCG, =

0Gp = ) rel;

23*5!,‘ |

Dea,
IDCG,

p

=1

k-

t

£

jxn =,
| s

|
}-- l|i :F“
i
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1 |

—| |

S 12 g N




relevancy = 0

@ 1 http://lemonde.fr

o 2 http:/ffigaro.fr
° 3 http://leparisien.fr

o
e
[0 o

ﬁﬁj 3
5 4 http://ouestfrance.fr

° 5 http://liberation.fr

NOT TOO BAD

relevancy = 1

[Mpumep BbiuncneHusa nDCG

relevancy = 2

o 2 http://figaro.fr

1 http://lemonde.fr

EEEEEEEEEN

22) 4 http://ouestfrance.fr
o 3 http://leparisien.fr

° 5 http://liberation.fr

PERFECT

10




[Mpumep BbiuncneHusa nDCG

relevancy = 0 relevancy = 1 relevancy = 2

. "
. '

n .
= .
= | |
. :
= .
el L
. :

5- 1 http://flemonde.fr o 2 http://figaro.fr

o 2 http://ffigaro.fr
o 3 http://leparisien.fr @ 4 http://ouestfrance.fr

4 http://ouestfrance.fr ° 3 http://leparisien.fr

e 5 http://liberation.fr 0 5 http://liberation.fr

@ 1 http://lemonde.fr

NOT TOO BAD PERFECT

DCG = 1/log(2) + 3/log(3) + 0 + 1/log(5) + 0
IDCG = 3/log(2) + 1/log(3) + 1/log(4) + 0 + 0
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[looxoAabl K pelleHno 3agadun
paHXXNpPOoBaHUSA

* Point-wise — noTo4YeYHbIN:
npegckasbiBaeTcHa paHr obbekTta

* Pair-wise — nonapHbIi: MOOeNNpyeTCcs
doyHKUMA, paHXupytoLlasa napbl OOLEKTOB

e List-wise — cnnco4HbIN: OOBEKT —
YyrnopsaaovYeHHbIN Habop; ONTUMN3UPYIOTCH
napamMeTpbl PpaHXUPYOLLEN CMUCKU
OYHKUMM ONa MakcumMm3aunm HEKOTOPOU
Mepbl NopsaaKa

i




 [lpegnonoxeHune: onsa obyyatoLlen BbIOOPKN N3BECTHbI [+ -/

Point-wise

abCcontoTHbIE 3HAYEHUSA paHra

 CBenem 3ajavy paHXUpoBaHUA K 3ada4ye NnpencKkadaHmnA -

paHra (knaccmdoukaumm unn perpeccumn)

* [lpnmep: ObbeKT — (q,d); ABa Krnacca: OOKYMeHT d ni
perieBaHTeH 3anpocy q unu Het. ObyYaroLLyo BbIDOPKY F
OOMKHbI TOTOBUTbL crieunarnbHO 00y4YeHHbIE aceccopbl. |

Q

+ [+ |+

1

—
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HepocTtaTkmy noto4ye4yHoro

noaxoznda 8
* [Mpobnema: anroputMm paccMmaTpuBaeT AOKYMEHTbI U3
pa3HbIX 3arMpocoB BMECTE, CpaBHMBAas Mexay cobow

Ecnu oanH 4yenosek NpeanovymnTaeT Knaccuky, a
OPpYron — pok. 3a4em onpeaensaTb CUny ux
npegnovTeHna?

* JTtobown (NpaBuUsibHbIN U HEMPAaBUIbHbLIW) NOPSAO0K
0OBLEKTOB BHYTPW OOHOrO Crncka ¢ NnpuornmxeHHo | y
paBHbIMM paHramm wTpadpyerca PyHKLUNOHANOM ™
KayecTBa O4NHaKOBO:

................. ; (91,d1); (g91,d2); (91,d3);..cc............
Ecnn nap o4yeHb MHOrO, TO OT NopsAAKa yKka3aHHbIX
Mepa NoYTU He 3aBUCUT T.K. OHU UAYyT PSOOM B
MraHTCKOM Crnuncke




Pair-wise

Prye—y

e OObEKT — Mapa paHXMpyemMbliX dNeMeHToB |

(X,,X,). TpebyeTcs npeackasarb nopsaok:  f

X1>X2 NI X1<X2.

* OOyyaroLllasa BbIbDOpKa: MHOXECTBO

\IEBiii=

N3BECTHbLIX OTPAHXNPOBaAHHDbIX MNMap

S i TS SN | S S .
o Jeaed
i A

- w
a © ¢
o ©

= g N




sl
Pair-wise W
» MeToa 0byyeHuns yuuTcs Ha napax. =

Hanpumep, SVM: F
Q(a) = %HWH2 - CZE(a(xj) —a(x;)) — main, N
i<
Margin(i,j) 5
rae a(x) = (w, x) — PyHKUMSI paHKMPOBaHMs, INi§:
Z(M) = (1 - M)y — dyHKLMs NoTEPD, 18

M = Margin(i,j) = (w, x; — x;) — oTcTyn,

" N

(3wl + €D g5 — min
=<

(uede =X =2 L=Eg I
\§U,>,O, I < J.




Pair-wise

* [lpumep 2: MeToa CTOXacTUYECKOro =y
rpagueHTa ang normctuyeckon perpeccum |1
(RankNet) T

Q(a) = Zf(a(xj) —a(x;)) — min

1</
a(x) = (w, x) Z(M) = log(1+ &) i
Ha kaxgoun ntepauunn bepem crnyydyanHo

rpynny n napy I<j:
Ww:=w-+1-

o
1+ exp(o(xj — xi, w))

(X% — )




HepocTtaTKku nonapHoOro nogxoaa

—— | -
Ll |

! o o H E ]

— L N ¥ & L N -

* OnTuMmnsnpyembin dyHLUMOHAN KayecTBa
OLIEHMBAET rnodbanbHbIN MOPAOOK, a HE

nopsaok ans ogHon rpynnel (list) i

* He yunTbIBAIOTCS 3aBUCUMOCTU MEXAY 1l

CpaBHMBaAEMbIMU Napamu B obwen rpynne




MpuMep nposiBNeHusi HegocTaTka || |-

B mara3smHe 3 ToBapa: a,b,c. [locetutenn L

canTa marasmHa PaHXNPYOT TOBapbl MO t H _

yObIBaHMIO NpeanoyYTeHnin (odbyyvatoLLas E
BblOOpKa). Eo il
* Pair-wise nogxop nocymtan BEpOATHOCTU: ? =

P(a>b) = 0.6; P(a>c)=0.3; P(b>c)=0.7 |

* BbluMcnmm BEpOATHOCTHU
BCEX BO3MOXKHbIX
NopsiAKOB a 0.6 0.3

b 04 0.7

P(>) a b c

C 0.7 0.3




[Tpumep nposaBneHUA HegocTaTKa

0126 | .

P(a>b>c) = P(a>b)*P(a>c)*P(b>c) =
P(a>c>b) = 0.3*0.670.3 = 0.054
P(b>a>c) = 0.4*0.770.3 = 0.084
P(b>c>a) =0.70.4*0.7 = 0.196
P(c>a>b) =0.7*0.3*0.6 = 0.126

P(c>b>a) = 0.3*0.7°0.4 = 0.084
Bce npaBunbHO?

06 03

0.4 0.7

0.7 0.3

m
20 _




[Tpumep nposaBneHUA HegocTaTKa

P(a>b>c) = P(a>b)*
P(a>c>b) =

P(b>a>c) = 0.4*0.770.3 = 0.084
P(b>c>a) =

P(c>a>b) =

0.770.470.7 = 0.196
0.770.370.6 = 0.126

P(c>b>a) = 0.3*0.7°0.4 = 0.084

Cymma Bcex BepoaTHocTen = 0.67
[Tapagokc KoHpopce'. Metog LWWynbue?

P(a>b, b>c, c>a) =

0.294

P(a>c)*P(b>c) =
0.3*0.6"0.3 = 0.054

P(>)

0.126

a

i R Ik L '_'l'.-"ll
= [f ’
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[Tpumep nposaBneHUA HegocTaTKa

P(a>b>c) = P(a>b)*P(a>c)*P(b>c) = 0.126
P(a>c>b) = 0.370.6"0.3=0.054 pe) a b
P(b>a>c) = 0.4*0.770.3 = 0.084 a 0.6 0.3
P(b>c>a) =0.770.4*0.7 = 0.196 b 04
P(c>a>b) =0.7*0.3*0.6 = 0.126 e

P(c>b>a) = 0.3*0.7°0.4 = 0.084

* A Ha camoMm gene B oby4arLlen BoIDOpKe BCce

nonb30BaTeNnu canTa Aenunucb Ha TpU rpynnbl;
30% ronocoBarno 3a nopsgok a>b>c, 30% - 3a c>a>b,
40% - 3a b>c>a

22
[pyrux BapnaHToB nosib3oBaTtenu He npegnaranu!
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: . |
List-wise 1o

ObbekT — rpynna (list), BHyTpn KOTOPOU

HY>XHO MNMPpOn3BECTN PaHXUpPOBaHWE

OnTnMmmnanpyemoln yHKLMOHAnM
OLIEHMBAET KA4eCTBO Kaxkaou rpynrol

=
—
bbino B MeTOAE CTOXacTU4YeCKoro =S

roagneHTa gnga Pair-wise:

A ;
(% = xi)

Ww:=w-+1-

1+ exp(o(x; — xj, w)) (
Moagudpunumpyem:

g
= - . |ANDCG;| - (x; — x;
WS W T e (o — W) i1+ b5 =)




i T |

Extreme Multilabel Classification

 Tpaktyem rpynny (list) B KayecTBe Knacca F‘_ ! |

* OOUH 0OBLEKT MOXET BXOAUTb B HECKOMbKO | || |
rpynn => MHOro3Ha4Hasi knaccudukaums

* Vlepapxus Knaccos:
KOPEHb N
Samsung HTC i
CMapTpoH  MNnaHwWeT  HoyTOyK CMapTOH  nNMaHWeT  HoyTOyK




MawuHHOe oby4yeHune
TemaTnyeckoe mogenupoBaHue

p(tld) L}DE?QEDDDDDDDDDDDDDDD
Ul o

p(wlt):

0.023 gHe 0.014 baanc (0.018 pacnoaHaBaHue
0.016 reHom 0.009 cnexrp 0.013 cxoactBO
0.009 HykneoTug 0.006 opToroHansHbIA 0.011 narrepH

W]_' s w"d:

Paspaborad cnekTpaiibHO-aHanUTUYECKUA NOAXOA K BhIAB/IEHMIO PA3MbITbIX NPOTAXEHHbBIX TOBTOPOB
B FeHOMHbIX nocriefoBaTenbHOCTAX. MeTod OCHOBaH Ha, pasHoMaclwTabHOM OUEHUBaHUK CXOACTBA
HYKNEeOoTUAHbIX NocNeAoBaTelbHOCTEN B NPOCTPaHCTBe KO3 DUUMEHTOB pasnoXXeHus (pparMeHToB
KpuBbix GC- n GA-coaepXaHua No KlacCMYeCcKMM OpTOroHanbHbIM 6asncam. HavaeHbl ycnoBus
ONTUManLHOM annpokcumauumn, obecnevynsarllmMe asToMaTUYeCcKoe pacno3HasaHue NoBTOPOB
pPa3NMyYHbIX BUAOB (NPAMbIX U MHBEPTUPOBAHHLIX, @ TakXe TaHAEMHbIX) Ha CNeKTpalbHOW MaTpuue
cxoacrea. MeToa oaMHaKoBO XOpolwo paboTaeT Ha pa3HbiX MacwTabax gaHHbiX. OH no3sBonser
BbISIBNATbL CNeAbl CErMEHTHbIX AYNAMKAaLUMA U MeracaTennTHble YY4acTKn B FreHOMe, paioHbl CUHTEHUN
Nnpu CpaBHEHWM Napbl reHoMoB. Ero MoXXHO MCNonb30BaTh ANA AETaNbHOro U3ydyeHns dparMeHToB
XpoMocoM (NOUCKa pa3MbITbiX YYACTKOB C YMEPEHHOM A/IMHOW NOBTOPSAOLWErocs narrepHa).

https://yandexdataschool.ru/edu-process/courses/machine-learning
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CopepxaHue nekummn

A Nl || L1l
o 5 s e | e S B

» [TocTaHOBKa 3a4auu F‘_ H, |

» MpepnbicTopUs sl

* JlaTeHTHbIN cemaHTudeckun aHanua (LSA) 00T

» BeposaTHocTHbIN LSA (PLSA) .

* JlaTteHTHOE pasmelleHne Oupuxne (LDA)

* YyeT KOHTEeKCcTa




[MTpenobicTOpPUSA

BeKTOpHaFI MoaeJib AJOKYMEHTOB. i

dj = (W“, Wy, ..y W

W, — BEC I-TOro CrioBa B |-TOM JOKYMEHTEe

MeToab!l B3BeELLMBAHNA TEPMOB:

— bynesckuit Bec (0,1)

— Tf - term frequency (dyHkuUWs OT
KOJiIM4eCTBa BXO)K,EI,eHI/II7I CcJioBa B ,EI,OKyMeHT)

- Tf-idf = TF*IDF

BnnsocTtb Mexay AOKYyMeHTamMu (Unu 3anpocom U
OOKYMEHTOM) Bbl4MCNANACh NPOo npasuny

KOCUHyca:

similarity = cos(fl) =

E :13' > Bt'

i=1

ABTI
LTI Bl




TF-IDF

* Mepa BaXXHOCTU CINOB B KOHTEKCTE L|,0|<y|v|eHTaf -

TF-IDF = F*IDF

| D|
TF = IDF = log
Z;. mn s I(d; D t;)]
— N. — YNCNO BXOXOEHUN I-TOrO TEPMUHA B
OOKYMEHT

- |D] - kKonn4yecTBO 4OKYMEHTOB

A Nl || L1l
o 5 s e | e S B

ham = =,
B

- [d.ot| - yncno nokymeHTOB C TEPMUHOM t




HepgocTtaTKn BEKTOPHOU Mo4enu

* [1pobnembl ¢ 6OMBLUMMKY JOKYMEHTaAMM
(OHM garoT NPUONUKEHHO paBHbIE
ManeHbK1Ue ckanspHble Npon3BeaeHunst) —
9TO "NMPOKNATNE pa3MEPHOCTN”

* [TonckoBasi cuctema HaxoauUT JOKYMEHTHI
TONbKO CO CrioBamMu 13 3anpoca.
[1OKyMEHTbI Ha Ty Xe TeMy, HO APYrMMMU
CINoOBaMUu — HEe HaxoaATCS

1




TemaTnyeckoe mogenmpoBaHue

* [1ns1 aHanuns3a TeKkCcToB ya00HO onucbiBaTb
nx HebornbLLMM HAbOPOM TEM
(MaTeMaTnyecKkn: NOHN3NTb Pa3MeEPHOCTDb)

e O3TO NO3BONUT NErko:

— NpoBOAUTb KaTeropn3aunio JOKyYMEHTOB
— dHHOTUPOBATb TEKCTbI
— BbIMUCMATbL 6BNN30CTb AJOKYMEHTOB

* Cpepbl NpUMeEHEHNUSA . MHPOPMALMOHHbIV
NOWUCK, KaTeropusaumns, Nonck
PELIEH3EHTOB/3KCMEPTOB,
pekoMeHaaTernbHblE CUCTEMBI,
aHHOTUpPOBaHME N300paxeHun,...




NlaTeHTHLIN ceMaHTUu4YeCKun aHanus

* KnoyeBas nages: nobon TEKCT ABNAeTCcd CMecbio |
HebOombLLIOro Kornmn4ecTBa CKpbIThIX (latent)

COCTaBHbIX 3J/IEMEHTOB (TeEM)

Documents

Observed

MoAenMpoBaHus

3Ha4nT, oHa ¢ 6onbLLUOW BEPOATHOCTbLIO JOMKHA

coaepxKatb CrioBa.

J1A: BEKTOp, CKansapHoe npounsseaeHne, opToroHanbHbIN,
SVD-pasnoxeHue,...
TB: BepoATHOCTbL, baunec, npu ycnosun, pacnpenenexHue,...

Topics

Latent

M: Mmoaenb, COOTBETCTBME, MPOBEPKA,...

Words

[Tpumep: Halwa nekuna cerogHs COCTouT U3
NMIMHENHON anrebpbl, TeEOpUn BEPOSITHOCTEWN,

1

e

Observed & ' )
/ Al
| |




NlaTeHTHbLIN ceMaHTU4YeCKuu

dHAJ1IN3
e [Deerwester n gp. ‘90]:

 CyMTaeT 4YacToTbl BCTPEYAEMOCTHU CJI0OB B
KaXXOOM OOKYMEHTE

» 3anucbiBaeT nx B term-document matpuuy

* [ToHxaeT pa3mepHocTb no metoay PCA:
SVD-pasnoxeHue + cokpalleHne Ymcna
KOMMOHEHT

* TeMbl — HeBONbLLOW HAboP
OPTOroHarbHbIX BEKTOPOB, Ny4LLUUM
obpa3om npubnuxarLmum NCXoOHYHO
NTMHENHYIO 0DOSTI0YKY JOKYMEHTOB




[Mpumep
d;
|
i1 -+ Tin
ti — L
_xml Tm.n
D1 D2 D3 D4 WLk
linux 3 4 1 0 (=il
modem 4 3 0 1 e =|
the 3 4 4 3 Il
clutch 0 1 4 3 ~ .
steering 2 0 3 3
petrol 0 1 3 4 , =
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DOCUMENTS

m=20m=—

Yucna B guaroHanbHOU MaTpuLe MMEKT CMbICHT
“BaXXKHOCTEN” TEM B HaLLEN KOMSEKUUN JOKYMEHTOB

DOCUMENTS

SVD-pa3noxeHue
&4 | TOPICS
T TOP ] 0
E 0 0 0
- R
M 0 mpPo [ 0
- 0 0 RTAN

WO~ 1ovOo -




Te1

Te2

Ted

Ted

Tes

Teb

[Tpumep

Tol To2 To3 Tod
-0.33 -0.53 037 -0.14
-0.32  -0.54 -049 0.35
-pe2 -010 0286 -0.14
-0.38 042 030 -0.24
-D.36 025 -0.68 -047
-0.37 042 002 075

Topic Importance

14

232

1.28

Tol

To2

Tod

Tod

a
-
=

i © el §
B
| |
T
"_—;-I
r,_1—
| | I
D1 D2 D3 D4
042 -048 057 -0.51
056 -052 045 048 |°
065 062 028 -035
030 034 063 063
11 l
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OcTaBUNY TONbLKO rMaBHbIe T
KOMMOHEHTbI =

ﬁﬁﬁ_

Word assignment to topics

Topic distribution acr

linux Topic Importance documents

modem | gas

D1

2 D3 D4

L

the

—
3 —

clutch

steering

petrol




[Mpumep paboThI
MaTtpuua: cnoBa-TemMbl

brnoku — Temsbl. [lpeacraBneHbl crnoea C
MaKCcUManbHbIMW KOOpAUHaTaMy B TeMax.

music book art ame show
band life museum nicks film
songs novel show nets television
roc story exhibition points movie
album books artist team series
jazz man artists season sa'ys
pop stories paintings play life
son love painting games man
smq_' r children century night character
night family works coach know
theater clinton stock restaurant budget
play bush market sauce tax
production campaign percent menu governor
show gore ~ fund food county
stage political investors dishes mayor
street republican funds, street billion
broadway dole companies dining taxes
director presidential _ stocks dinner plan
musical senator investment chicken legislature
directed house trading served iscal

13




[MTpumep paboTbI 2

Busyanusauua 4OKYMeEHTOB

European Community
Interbank Markets Monetary/Economic

*

Disasters and
Accidents

Leading Ecnomic .~
Indicators '

&+
il
.
.,Fl-
ke % Tl
.+ * ts :.:‘ g +| ‘1-
;r/ﬁ "_:"":! & b il l:

2 ,-".: % i
3 c%E . .
o g, Government

Accounts/ . i Borrowings

Earnings ‘g
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BeposaTHOCTHbLIN noaxon K LSA
(PLSA)

* BMecTO coKkpalleHUsa pasmepHOCTU
OOKYMEHTOB MPeanosioXKnMm, 4YTo
OOKYMEHTbI — Clly4YanHbl N NOPOXAEHbI
COBMECTHbIMN BEPOATHOCTHLIMU
pacnpegeneHnemu:.

(cnoBa, TeMbl) W (TeMbl, JOKYMEHTbI)

* Hangem napameTpbl 3TOro
pacnpeneneHus

* MaTtemaTnyecku nosyvdaeTcs Ta xe
doopmyna, yto n B SVD. Ho SVD Haxoaut
TEMbl ONTUMU3UPYS EBKINOO0BO
paccTodgHue, a PLSA - npaBaoonoaoobue




CnyvaunHbIv npouecc nopoxaeHusa |[[ | i

OOKYMEHTOB B moaenu PLSA |
p(w|d) = > p(wlt) p(t|d)

te’l

L D [] ¥ -
p(w|t): [ 0.023 gk 1 0.014 Baavc 0.018 pacnoaxasave
0.016 reHom 0.009 cnekTp 0.013 cxonctBO
0.009 Hyrneotug 0.006 opToroHanbHbI 0.011 narrepH

= — —

wl] waay Wnd‘. - -~ ~ H'l.'_.a"'" /

Paapaﬁgjaﬂ"éhempaﬂ’:;Ho—aHanmw-lecmﬁ MoAX04 K BbIAB/IEHMIO Pa3MbITbIX MPOTAMXEHHbLIX, MOBTOPOB
B FeHOMHBbIX n}geﬁ’é.qosaTeanocmx. MeTon OCHOBaH Ha, pasHoMacluTabHOM OLEeHWBaHUKM CXOACTBa
HYKNEOTUAHbIX MOC/EeA0BaTENBHOCTEN B MPOCTPAHCTBE KO3 IULUMEHTOB pasnoxeHns dparMeHToB
KpuBbix GC- 1 GA-coaepaHua no KNacCMYeckMM OpTOroHanbHbiM 6asucam. HaingeHol ycnosus
ONTMMarnbHOM annpokcumauum, obecneynsarllMe asToMaTUYeCcKoe pacno3HasaHue NoBTOPOB
pasnnYHbIX BUAOB (NPAMbIX U MHBEPTUPOBAHHbLIX, @ TaKXKe TaHAEMHbIX) Ha CNEKTpansHOW MaTpuue
cxoacTea. Meton oAMHaKkoBO xopowo paboTaeT Ha pa3Hbix MacwTabax gaHHbix. OH no3Bonser
BbISIB/IATb C/iefbl CErMEHTHbIX AYMNMKALUWA U MeracateNIMTHbIE YY4acTKMU B reHOMe, paoHbl CUHTEHUK
Npu CpaBHEHWW Napbl reHoMoB. Ero MOXHO MCNONb30BaTh AN AETaNbHOro U3yyeHns dpparMeHToB
XPOMOCOM (NOMCKA PasMbIThiX YUACTKOB C YMEPEHHOI ANMHOI NOBTOPSAIOLWErocs narrepHa).




BoccTaHoBIneHUe NOTHOCTU
p(w|t) n p(t|d)

» [laHO: N, — KONUYECTBO BXOXAEHWIA CroBa F |

W B JOKYMEHT d, n, — pa3mep JOKyMeHTa
s p(w|d)

Ng

* HanTtun: BEpOATHOCTU TEPMUHOB B TEMAX,
BEPOATHOCTU TEM B AOKYMEHTAX

dwt = p(w|t)
0td=p(t|d)

TakK, YTOObI BbINOMHANIOCH PaBEHCTBO:

p(W‘d) — Z Qﬁwtgtd

tec

A SN L1l
o 5 s e | e S B

=,




[MpuHUMN Makcumyma
npasgononoous

* [1paBoononobue KonnekumMm JOKYMEHTOB:

[ [ p(diwi) = 1] 1] p(d; w)™

deD wed
* Makcumunsauua norapudpma npasaonosobus

Z Z Ngw In p(w|d)p(d) — max

$.6
deD wed

IKBMMBAJIEHTHA MaAaKCUMWN3aunu (*)yHKLI,I/IOHaJ'IaZ

Z($,0) = L L Ny 1N Zaﬁwté’td — max

deD wed

. oo im s e,
" F ) Ty
1
] _-.
fan —
i
T T =
\
alll
.
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EM-anroputm

* E-wiar 1:
OueHnBaeM 4YMCIIO CroB B AOKYMEHTe d,
nopoxaeHHbIix Temou t. ['lo dpopmyne bauneca:

p(w,tld)  p(w|t)p(t|ld)  Puwibid

p(tid,w) =
( | ) p(W|d) p(W|d) Zs QﬁWSQSd ":-,.i.,_:.,,
oTCroAa.
watgtd
Nid — Z n’tUdz gbws <d
e M-wwar 1:

OUEeHKa BEPOATHOCTU TEMbI B IOKYMEHTE

0,0 = p(t|d) = 24

nd




i T |

EM-anroputm T
e E-war 2: ; ;..‘
OueHnBaeM KOfmM4ecTBO BXOXOEHUIN CroBa F = w1
W B Temy t il
il
n n @wté}td SaiE
wt — E wd 2 |
d ZS Cb’w.ﬁgsd -':i"‘;‘ =
* M-war 2: i8id
oLeHKa BEPOATHOCTU BXOXOEHUA clioBa B =

Temy

but = plwl|t) = —2

Ty




HeeAWHCTBEHHOCTb pelleHus

« Ecnu 3agava paspelunma, To peLleHui i |
6eckoOHEeYHO MHOrO: IR -
(”“’—W) ~ ¢.0 =(¢S)(S'e)= ¢ .© Ff;

Nd WxT TxD WxT TxD BN
WxD s
S — NPOM3BONbHAas HEBLIPOXOEHHAS Bl
MaTpuua zmiva i




Hepnoctatkm PLSA

[Tlepeoby4yeHne

HekoTopble AOKYMEHTbI UMEIOT napy
BbIPaXKEHHbIX TEM, a AJI3 MHOTUX — NOYTH
BCE TEMbI MO YYyTb-YyTb NPUCYTCTBYIOT

Ecnn ymeHbLWwaTb YACNO TEM — NONYYUTCH
nnoxasa moaenb, eCnn yBenuimBaTh —
MHOI0O JOKYMEHTOB C TeMaTU4eCKOoU
HeonpeaeneHHOCTbIO

Kak coenatb TeM MHOIO U peLllnTb 3agady
C YCNOBUEM: B KaXXOOM OOKYMEHTE He
bonee 3-5 Tem?

MmeHHO onsa atoro cnyxut LDA.

TETF T 7§
)
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-

isamws AN S A=

I 'll.




1

PacnpepneneHue Odupuxne

* [lycTb oTpe3ok AnuHbl 1 paspesaH Ha K 4acTten.
PaccmMoTpnmMm 3KCnepnuMeHT ¢ PUKCMpOoBaHHbLIM UCXOO0M: R
Clly4anHo (paBHOMEPHO) BPOCUIIN HECKOSIBKO TOYEK Ha el
OTPE30K M B KaXX0W 4YacTh okasanocb poBHO o.-1 LUTYK.

Kaknmun MoryT ObITb OSIMHbI YacTen?

 OTBET: OHM pacnpeneneHsl No 3akKoHy Anpuxne! ST

 BepoATHOCTb TOro, YTO BEPOATHOCTb Kaxaoro ns K
B3aMOWCKITOMatoLLMX COObITUA paBHa X NMPW YCIoBUK, YTO |~

Kaxkaoe cobbiTe Habnoaanock o.-1 pas

K

— e , _ 1 F _ai—1
T, A, o ir romp MG, B(a')HIi

K

1=1
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HarnagHasa TpakToBKa

F- B
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dpyrasa TpakroBKa:
VPHbI U WWapbi

* PaccMoTpuM ypHY C wapamu K pasnnyHbIX
LiBeTOB. VI3Ha4yanbHO B HEN o, LLapoB

useta 1, a, — uBeTa 2,...

* Bo3zbmMeM cny4vyanHo 13 YPHbI LLap U
NONIOXXUM ero Hasazg, BMecTe C LapoM TOro
Xe uBeTa

* Ecnu noBTOPATb 3TO OECKOHEYHO MHOTO
pa3, TO NponopLUnmn LIBETOB B YpHEe OyayT
nog4vnHeHbl pacnpeaeneHuto dupuxne
Dir(a..,...,a, )

1
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=
%
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PacnpeneneHune OQupuxne

* PacnpeneneHne TemM nNo JOKYMeHTaMm U
C10B N0 TeMaM MOXXHO MoAdennpoBaTbh
pacnpegenennem Oupuxne!

N=3: Bigger than 1 Less than 1

Params = [1, 1, 1] Params = [10, 10, 10] Params =[.1, .1, .1]

26




JlaTeHTHOE pa3melleHue dupuxne

* Upgade PLSA:
NPUONMXEHHO oUueHMM (MNK 3adagnm) cpegHee
4ynucrno TemM B OokymeHTe K 1 cpegHee 4ucno
KIro4YeBbIX CrioB B Teme V

* Cmopgenupyem pacnpeneneHme Tem no
OOKYMEHTaM U CIfloB NO TeMaM pasMelLleHNaMU
[npuxne c napameTpamu:

K-MepHbIN BEKTOP O (YEM MEHbLLE O, TEM MEHbLLUE
Bblpa)XEHHbIX TEM B JJOKYMEHTE)
V-MepHbIN BEKTOP B (YeM MeHbLLE [3, TEM MEHbLLE
CJI0B, XapaKTepU3yloLmx TeMy)

e Ob6bIYHO BCe KOOpAMHAaTbl BEKTOPOB O U 3 bepyT
OANHAaKOBbIMU

rl
|

rmerrnrm™

-




T IIJ!

Cny4yauHbIu npouecc nopoxaeHus

AOKyMeHTOB B mogenu LDA

[1aHo: konn4yecTBo TeM K B IOKYMEHTE U CNOB B
Teme V, napameTpbl a un 3

_ Al
[1ns kakaoro AOKyMeHTa reHepupyem BeposaTHocTn £ | |

TeM U3 pacnpegeneHua dupuxne c napameTpom a

[1na kaXkgou TeMbl reHepUpyemM BEPOATHOCTU CIiOB

13 pacnpeaenenus Qupuxne ¢ napameTpom f3

[1na kaXkxgou no3numm B OOKYMEHTE

- Bblibupaem cnyyanmHo TeMy corfnacHo

creHepmnpoBaHHbIM BEPOATHOCTAM

- Bubupaem crny4yamHo crnoso, CorfnacHo

BEPOATHOCTAM CJ10B B TEME




P

[MpuHUMN Makcumyma B r

g |
anocTepuopHON BEePOATHOCTM %

£

* [MpmMHUMN Makcnmyma npasgonoaoous E_r =

mMogenu f(x|0) Ana CryYyanHom BEMWYMHBI X: [ .

Onr(x) = arg i f(z]6)

» Ecnv napameTp 0 — criyyanHas BenMumMHa ¢ -

N3BECTHbIM arnpuopPHbIM pacnpeneneHnem g,

TO No popmyne baneca MOXHO BbIYUCIIUTDL
anocTepuopHoe pacnpegeneHue 0.

* [lpyHUMN MaKcuMyMa anoCTEPUOPHOU
BEPOATHOCTU:

f(|0) g(0)

Orap(z) = arg max = argmax f(z]6) g(6)

Jo f(x|0) g(8") A"




[MpuHUMN Makcumyma
arnocTepuopHON BEPOATHOCTMU

deD wed tel deD

In H H p(d, w)"aw H Dir(¢¢|3) H Dir(04|a) — max

;: St Ngw In Z gbwtgtd -+

deD wed tel

+Y T In¢5w_1+TTInt; 1—>rgaé< .

teT weW deD teT
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PerynapunsoBaHHbin EM-anroputm

~ Pt i
Z ey IN Z Pwtlid + Z Bw In ¢M+Z arlnbiyg — rg&g I i
d,w t t,w d,t ’ L {

In npasgonogobus £ (®,0)  kputepuii perynapusauvmn R(P,0) 1 -f

Ecnn koadbdumumeHTtol peryndapusaummn >0, Torga yem Oornblue norapndmbl TEM

nyywe. A korga mbl 6epem a un B < 1, TO nonyyaetca 4em 6orblUe HyNeBbIX

BEpPOATHOCTEN, TEM nydLue! TEE

* B PLSA: i i
Nt g, — Mud 1
wt — — td — — !
e na
B LDA:
Nyt + Py 9, — Ntd + O
wt — td —

nt + Bo ng + Qo




KOHTEeKCTHbIe Mmoaenwm

BagOfWords He yunTbIBaeT NnopsaokK Crnos
=> MallMHa HE MOXET MOSTHOCTbIO NMOHATL
CMbICIN NpeanioXXeHunn.

CnoBoco4yeTaHus CUIbHO YBENUYMBAIOT
crioBapb 1 TPeEOYIOT O4EHb DOMbLLOW
BbIOOPKM Anst 00y4YeHus

PasnoXxeHne OOKYMEHTOB U CIOB NO
TemMaM He NO3BOJIAET AOCTAaTOYHO XOPOLLO
NOHATb TEKCT, YTODbLI, HANpumep,
nepeBecTn ero Ha apyron A3blk

Ecnu B npeactaBnenun crosa
3aKOAMpPOBaTb HE TEMbI, @ Ero KOHTEKCT —
MalLnHa 6yaeT nydille ero NnoHMMaThb

T

|.'!ZZE71I . P
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- 1+ {4 - prr=
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FIo = =
- k | .-
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Word2vec E g

“A ysnekatocb NLP u s nmobnio cobak” aElll

CocTaBuM mMaTpuLy BCTpeyaemMoCTu nNap CIioB i ||'
e yenekaoce  NLP " 06110 CoéaK

) 0 1 0 1 1 0
yBreKaroch 1 0 1 0 o )
NLP 0 1 0 . ) ;
" 1 0 1 0 0 5
No6/1t0 1 0 0 0 o .
cobak 0 0 0 0 1 0



Word2vec — noHUXeHne pasMmepHOCTH }

And MmaTpumidbl BCTpe4YaeMOCTU

queen | | Il I

woman = |

girl] |

boy ||
man = §

king 1
queen |

I
water ([ [ | IR EOHE




Word2vec

King — man + woman ~= queen

King

man
woman |
King—man+woman I I
35 =
| |

gueen I




i

MawwnHHoe o6y4yeHue s
Knactepusauus |

https://yandexdataschool.ru/edu-process/courses/machine-learning




CopepkaHue JfieKLunm e
[MocTaHoBKka 3agaun SN
EM-anroputm C

MeTopa k-cpeaHux
DBSCAN




[locTaHOBKa 3agaun

[1aHo:
— MPOCTPAHCTBO 0OBLEKTOB X

— obyyvaroLlaga Bolbopka X*
- MEeTpUKa Mexay obbekTamu

A4

Hautu:

— MHOXeCTBO KnactepoB Y
— anropuTM Knacrtepusauum a : X—Y

Kaxgbln Knactep AOMKeH COCTOATb U3
ONM3KNMX OOBHLEKTOB

OBOBbeKThI pa3HbIX KIacTePOB OOMMKHbI ObITh
CYLLECTBEHHO Pa3nnNYHbI

rl
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Knaccudumkauma n knacrepusauus

Knaccudumkauma

e /I3BECTHOEe KO/InYecTBO
K/1aCCOB

e Knacchbl N3BECTHbI ANS
0OBbEKTOB O0yyatoLLen
BblOOPKM

* /icnonb3yeTca ans
Knaccudpmkaunm
00beKTOoB “B byayLiem”

* Knaccngukaymsa — ato
oby4yeHue C yunTenem

Knactepusauus

e Hem3BeCTHO KO/IMYeCcTBO
K/1aCCOB

 HeT paHHbLIX O K/Jlaccax B
obyyaroLen Bbibopke

e /icnonb3yetca and
nccnenoBaHus
MHOXEeCTBa 00ObEKTOB

 Knactepusayma — ato
oby4yeHune 6e3 yuntens
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Bnn3ocTtb U CBA3aHHOCTL ?

Compactness, e.g., k-means, mixture models

Connectivity, e.g., spectral clustering

Compactness
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Connectivity
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[Mpumep: pesynbTaTbl padboThl
ariropuTMoOB Knactepusauuu

'd

m———,

GaussianMixture

MiniBatchKMeansAffinityPropagation  MeanShift SpectralClustering Ward AgglomerativeClustering DBSCAN Birch




[MpuMep: KNacTepusauus craTeu

no MeguLuunHe
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ARa

Sl

EM-knactepusauus

[MnoTesa: Bbibopka Xt nopoxaeHa CMeCbto rayCCOBCKUX :‘:
clydauHbIX pacnpeneneHun 'F (

p(X) — Z Wypy(x): Z Wy = ]-; 4

yeY yeY

py(x) = (2m) 2 (oy1- - ayn) "t exp (=505 (%, 1)) I

IL___.I'

Hiyr = (g 5. ..,,uyn) LLEHTP KhnacTepa y;
Y, dlag(cryl, . }2,”) — [AMaroHasbHas MaTpuLa KOBapuaLWii; \""
Alxx) = 2 o 160 ~ S |

8%
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EM-knacTtepusauyua

: Ha4YanbHOE NpubnnKeHne Wy, [y, 2, ANA BCcex y € Y,

NOBTOPSATb
E-war (expectation):
_ Wypy(xi) .
g' :PyX: IyEY'[:]_’__.
SR el sweerrr
M-war (maximization):
1 ¢
Wy, :Ezgfy: y € ¥,
i=1
1
Hyj -= g ng_}/_l(x!) er J_]- ,
Wy
j- f Zg:y(f(xr) ,uyj)z,yGY,jzl,...,n
Wy =
yi = arg maxg,y, i=1,...,4
yeyY
NoKa y; He NepPecTaHyT N3MEHSTbCS;




S

MeTton k-cpegHux

HaYanbHOE NpUbAVXKEHNEe LEeHTPOB Ly, ¥y € Y,
NOBTOPATH

aHanor E-wara:

OTHECTW KaXKAbIli X; K Onv>Kailiemy LEHTpY:

yi=argminp(xi,py), i=1,...,¢
yeyY

aHanor M-wara:
BbIYUCAINTb HOBbIE MOJIOXKEHUS LEHTPOB:

S lyi = yIfi(xi)

0 _
.-':1[}/f — Y]
NnoKa y; He NepecTaHyT N3MEHSTbCS;

Hyj =

, yeyY, j=1,....nmi1

.~
..........
5,

T T
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ar?

a3

a4

a3

az

CpaBHeHue

k-cpegHux n EM-knactepusauuun

Original Data

k-Means Clustering

EM Clusterlng

a9 a9 ;
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DBSCAN

» Density-Based Spatial Clustering of
Applications with Noise — cambin
nonynsapHbIN anropuTM Krnacrtepusaymm

e KntoyeBble NoOHATUSA:

— BHYTpeHHAa Touka — nmeet bonee MinPts
cocenen (r<kEps)

— ['paHn4YHaga TouKa — UMEET MeHbLLE
coceneun, HO ABMNAEeTCH cocedHEN K KaKoU-
MO0 BHYTPEHHEN TOYKE

— OcTanbHbl€ TOYKU - LLHYMOBbIE

— [IOCTM>KMMOCTb NO MMOTHOCTU: TOYKA q
OOCTWXKNMMA U3 BHYTPEHHEW TOYKM P, €CIN
CYLLECTBYET NoCcneaoBaTeNnbHOCTb
Eps-coceaHnx BHYTPEHHUX TOYEK OT P K q

12
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Anroputm DBSCAN

BbibpaTb TOYKY p
Ecnun p-BHYTpPEHHAA, TO

- Hantu Bce goctmxmmble no nioTHOCTU
TOYKN U3 P

- ChopmupoBaThb Kracrtep
MHaye — nepenTtun K cnegyroLlen Touke

Pesynbtat He 3aBMCUT OT NopsAaKa
NMPOCMOTPa TOYEK

o |




DBSCAN: BbiIOOp Eps u MinPts

« Knro4deBasi nges: ang BCex To4EK OAHOro Knacrepa ux
K-Tbi cocen (k<pasmepa Krnacrtepa) HaxoanTcd Ha
NpMoNU3nNTENbLHO OAHOM N TOM XK€ PaCCTOSIHUN

» Coceaun LyMoOBbIX TOYMEK — Oarneko

* [[paduK OTCOPTUPOBAHHbLIX PACCTOAHWUN:

50

Iy
o o o
I

o o

= = NN W W b
; O

4th Nearest Neighbor Distance

o

o o

I I i I I
0 500 1000 1500 2000 2500 3000
Points Sorted According to Distance of 4th Nearest Neighbor
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DBSCAN: BbiOOp Eps u MinPts

N N | L1l
e |

» Vickomoe Eps - Hayano kpyToro nogbema Er s 3
Ha rpaduke paccTossHUM OO0 cocea C :
dOUKCMpOBaAHHLIM HOMEPOM

e MinPts — HomMep cocena
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[lpumeHeHMne Knacrepusaumm B

Feature engineering =5 N

« Co3fgaHue MHopMaTMBHOTO NPU3HaKa Er Hh L

(Homep knactepa) no 3agaHHomMy Habopy
OPYrMx Npu3HaKoB

« CokpalleHune pasMmepHOCTN: BONbLLOW

Habop Npu3HakoB CBOAUM K OQHOMY
HOMeEpY Knacrtepa




MawunHHoe oby4yeHune
KomMmnbroTepHoe 3peHue ——




3afavyv KOMMbIOTEPHOro 3peHus

Knaccudmkauums:

pacno3HaBaHue nuy, 00O bLEKTOB, XXeCcToB
pacno3HaBaHUe PYKONUCHOro TeKCTa
NMOUCK Mo U3obpaxeHuro

Perpeccus:

onpeaeneHue NonoxeHnsa oovekTa Ha poTo
onpeaeneHue opmeHTaumMm oobLeKkTa B NPOCTPaHCTBE
CTepeo-pPEeKOHCTPYKLUMUSA

BOCCTaHOBJEHUE 3allyMJIeHHbIX N300paxeHnn

BbiOpochl:

BbifABJIeHUe aHOManuu
pedepupoBaHue Bnaeo

Knactepusauus:

cermMeHTauma n3oopaxeHun
nouck ayonukartoB (poTonoanenku)

o |




Pacno3HaBaHue nuu

Patch Model -HHE

._.e_,.\l |
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Pacno3HaBaHue XecTtoB




CTepeo peKOHCTpYKUUA




CTepeo peKOHCTpYKUUA

T T




i et
-

-I"

CTepeo peKOHCTpYKUUA =g

-
| M

Point clouds

Environment Lightin RGB image NIR image Depth image :
ghting g g P & (3-D reconstruction) —

Greenhouse Sun
shadow

Greenhouse Night

Open field Sunny




BoccTtaHoBneHue 3allyMIeHHbIX
N300paxeHnu

denoised




Original Corrupted Rigid-Joint Fixated Ours Original Corrupted Rigid-Joint Fixated Ours - A J

Image
Inpainting

Pixel
Interpolation

Image
Deblurring

Image
Denoising




A




PedepupoBaHue Bunageo
(video summarization)

ll.l




PedepupoBaHne Bugeo
(video summarization)

(" Extract R-CNN Y
feature for each
\ subshot keyframe J

é Compute co- A
variance mairnx
\ for subshots )

a Ageregate ks
fixation counts
Lfor each subshot J

Input Subshots Data Representation

-

Final Summary
I

1:00PM

2:00PM

3:00PM

4:00PM

5:00PM
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CermeHTauuma n3oopaxeHmnwu
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[Tonck ayonukaroB
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Co3aaHue n obHapyXeHue i
denkoBbIX (hOTO U BUAEO a=dll

Ilﬂﬂllﬂlﬂ1
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[MTpu3HaKn nsobpaxeHnn

e [MobanbHbIE:

— MONHOLUBETHbIE TMCTOrpamMmbl
— KOHTEKCT (pOpMbl
- GIST

e JlokanbHblE:

- HNeTtekTopsbl: LoG, DoG, DoH, MSER,
Hessian Affine, KAZE, FAST

- Deckpuntopsl: SIFT, GLOH, SURF, LIOP,
BRIEF, ORB, FREAK, BRISK, CARD

« CBeEpTKN C agpamMu




:'_-,__lII h‘_“-'l__' . -

[lonHouBeTHada rucrtorpamma -

il dh_.ﬂi

ObblyHaa RGB-ructorpamma [lonHOUBEeTHaA rMcTtorpamma

i J‘L
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BT
GIST (cyTb) % 5

é’,.r;=Zwk(:cf,y)><|1'(x,,y]®hk(xj,y)|2 (O L

® - cBepTKa

I(X,y) — APKOCTb

h,(X,y) — dunbTp ['@bopa (6 opneHTauuu, 4

mMacLuTaba) 3

W (X,y) — OKHO (AenuT nsobpaxeHve Ha 16 T
YyacTeun) ==

NToro: 16x6x4 = 384 npusHaka
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GIST

MERR

Input Image

— —

I: Onentation (Lh;mm:l_i

| Color Channel | | Intensity Channel |

Feature Maps * /\v ‘

0
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e
e
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Gist Feature
Veclors

0
0
\Y)
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=
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_rP{'jm'l(j A Dimension Reduction

__* Gist Features

|

Most Likely Location

. Place Classifier J
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[leTekTpoBaHMe 0COObLIX TOYEK
(Blob detection)




OeTekTupoBaHue OCOOLIX TOYEK [ -/

i ki | i W
T

(Blob detection)

* LoG - Laplacian of Gaussian ==
1 . —|—y2 BT
t t — ] ‘ !
9(@,y,t) = 5—ze G = g(x,y,1) * image(r,y) |

LG = AG =G,y + Gy,

« DoG — Difference of Gaussians

Gz,y,t2) — Glz,y, 1)

G = AL LG~ 2\ f )
to — 1

 DoH - Determinant of Hessian —
MHBApWAHTEH OTHOCUTENbHO aPPUHHBLIX
npeobpasoBaHnNN

det H = G, G, — G2,




local extrema of V2 L
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IeTekTUpoBaHUue yrnoBbiX TOYEK

 MopaBek cpaBHMUBasT OKPECTHOCTb KaXXa0M TOYKU
N300pakeHns, CMEeLLLEHHYIO B pa3HbIX

HanpaBneHUsX.
- Ecnu He oTnnyaeTcs, Toraa 3To BHYTPEHHSASA ToYKa

- Ecnun otnnyaeTtca ToSbKo B O4HOM HanpasnieHuu (v
NPOTUBOMNOSOXXHOM) — 3TO KYCOK MNPSIMOW rpaHuLbl

- Ecnu oTnnyaetca no Bcem HalpaBJiEHNAM — 3TO YIroJi

* O00bLLIEHNE — CTPYKTYPHbLIN TEH30P:
i Ll P8 [ LR
4=y 2w = lany @]

TOYKa yrroBaga TTT, Korga oba C.3. BENKU

M, = M2 — k(A1 + A2)? = det(A) — & trace®(A)




o |

MSER - Maximally stable :

extremal regions =

(b) Detected MSERs

.‘ [ =1 o iED x-:- ; =0
(a) Input Im- (b) Image histogram (c)y MSER

age result




SIFT — Scale Invariant Feature
Transform
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SIFT — Scale Invariant Feature
Transform

[Tonck adpdpnHHOro npeodbpasoBaHUs KOHPUrypaunmm ocobbix TOHEK —
pewaem CJIAY meTogomM HaMMeHbLUMX KBaOpPaTOB:

o1
x| pil0i0—1-0t]iLm2 E
[u]=[m1 m2][m}+[tm] 0 0z y o0 1f[ms| |o
v m3 md]||ly ty Ll =
tx
ty |
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\ input  feature maps  feature maps \ o
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feature extraction classification




[lporHo3npoBaHue
BpeMeHHbIX pAaoB
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CopepxxaHue

[Tpumepbl 3agad

Mopgenb aBToperpeccum

Moaenb cKkonb3dAllero cpegHero
Moaoens ARMA

ARIMA - nHterpuposaHHaga ARMA

[Togbop napamMeTpoB MOoOENN.
ABTOpPErpecCMoHHbIN CNEKTP




[Tlpumepbl 3agay

OuHamuka ueH Ha HedTb Brent (ICE.Brent, USD 3a 6appens)

100
50
o
1999 2001 2003 2005 2007 2009 201 2013 2015
INuHamMmuka Kpocc-kypca eBpo K gonnapy CLA (EUR/USD)
15
125
1
075

2003 2005 2007 2009 2011 213 2015

]
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CKoOpoOCTb ABMXeHNA aBToOMoOOunen

B pa3Hble OHWN Heaenu
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60 40 -20 0 20

-100

ABTOperpeccrMoHHas mogenb

e CrniyyauHbIn npoLecc Ha3blBaeTCA CTaUMOHAPHbLIM, eCNK
cllybyanHoe pacnpefgenieHme 3HadyeHUn PyHKLNM 3aBUCUT
TOSMLKO OT Npeablaywmnx 3Ha4YeHNU U pacCTosaHUA Mo
BPEMEHU OO0 HUX, HO HE OT CaMUX 3HAYEHNIN BPEMEHMU

Stationary Time Series

WA

ADF = -6.128

T T ] I
i} 200 400 G600 800 1000

t

Non-stationary Time Series

MWWW"W 2

ADF = - 2.0251 f
|

0 200 400 600 BO0 1000

p
Xy = C+Zaixt—i 1+ E¢,

=1

.~
..........
5,

S
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ABTOperpeccmoHHas mogenb

N N | L1l
e |

 Peanunsauyuu ctaymoHapHOro crny4yamHoro 5— j* bl

npoLiecca MoryT bbITb Nepnogmny4eckumm
[Tpumep: npouecc X(t)=sin(t+s), roe s —

paBHOMEPHO pacnpegeneHHada Ha [0;2r]

clydanHagqa BennynHa

* X(t) = X(t-2r) il

N\ N\ )
VARV




ABTOperpecrMoHHbIN npoLecc s
nepsoro nopsinka AR(1) s
+ CTaUMOHPHBIVi MPOLIECC — MAPKOBCKWY, €CTA 3HakeHMe |- “‘* _m

3aBUCUT TONbKO OT Brivkaniiero npeablayLero 3Ha4eHus

* [lpumep: cnyyanHoe bnyxgaHue

Xg =C+ T'Xt_l + €4

X(1)

W‘W ‘W W/ M
!




[Tonck KoadhdLuneHToB i
aBToperpeccun a5 gk
« MeToa HaMMeHbLUNX KBa,EI,paTOB' Sgim
.yt+1 Z WiVt—j+1,
(V-1 Y2 Ye-3 oo Yion (e
Yt—2 Yt-3 Yt—4 ... Yt—n-1 Yt—1
EF: , oy =1 ... 188
* Yn  Yn-1 Yn—2 --- Y1 = yn+1}
\_Vn—~1 Yn—2 Yn-3 ... Yo \ Yn | -
t

Qulw, XY = 32 (31(w) ~ )" = |Fw — y | = min !




Moaenb cKonb3siWwero cpeaHero
(Moving Average - MA)

Xi=p+ée+0160-1+ -+ 0,68

MA(1) MA(2)
o =¥
o
o |
o I o
E -
o _ =
“ J
iy o
[ 8]
- T
] ] ] ] ] I ] I I 1 1 ]
0 20 40 60 80 100 0 20 40 60 80 100
Time Time
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Mogen ARMA

(autoregressive moving average)

P q
Xi=c+e + Zaixt—i -+ Zﬁist—i-
1=1 $=1

15 ] I ]

— ARMA(1.1)
, A1)
10F | .
ll
5 : | W -
1 L » i,
F A 1]
0 ] 1 1 ] ] 1 ] 1 1

1960 1965 1970 1.9?5 1980 1985 1880 1985 2000 2005
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ARIMA - uHTerpMpoBaHHasi mofenb FH [
aBTOperpeccuu CKornb3silero cpeaHero

(Box-Jenkins model) T
BpemeHHoOW paa HasbiBaeTca MHTErpupoBaHHbIM nopsaka Kk, e
eCnn pasHoCTW psaa nopsaka k ABnatoTcsa ctaumMoHapHbiMyi - 1 1 7]

p
ﬁdXt =cCc+ Z aiAdXt_i -+ Z bj&'t_j + E¢

; e
=]

i=1 j

- 1 | | I}
A=
r
%
y! .

V& —> AR filter - Integration filter > MA filter - ¢,

(long term) (stochastic trend) (short term) (white noise error)

ARIMA (2,0,1) y, = a;Yy 1+ AyY, + bi€y,

ARIMA (3,0,1) vy, = a,y,,+a,Y,, +a;Y, 3 + b,E, 4

ARIMA (1,1,0) Ay, _a, Ay, , + €, where Ay, =y, -y, ,

ARIMA (2,1,0) Ayt =a, Ay, .+ a,Ay,, + €, where Ayt =yt - yt-1

10 !
7




AUTOSALE/CPI
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Forecasts for AU TOSALECE] from Hovermber "9'1
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OOLwnun nnaH peweHus
3a4auum npepncKkasaHusa

 [loarotoBka noaHHbIX — cBEeOJEeHUE K
cTaunoHapHOMY cly4YanHOMY NpoLeccy

e OnpegeneHne Tuna Moaenu
* OueHKa napamMmeTpoB
* [IpeackasaHue




Mopaenu ¢ TpeHAOM U Ce30HHbIM 3¢ deKToM

flpoimxy

Bpzmse

o |
1

| kil

Apodan

Modens -4

flpoddxa

r / . ApeMa

Afegeqs 7-8
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Modess §-A
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MopoenupoBaHue ¢ NOMOLUbIO

ARIMA(p,d,q)

N N | L1l
e |

» CTauMoHapHOCTb — onpeaeneHune Er ol

NnpaBUJIbHOIO d, ncknovyeHne ce30HHOCTH

* [Togbop p n q, ucnonbsya ACF, PACF u

unit root TecTbl

» [poBepka — pacyeT OLEHKN KayecTBa i

» OueHKa HeBA3KN — ABMSETCS N1 OHa i
oenbiM LWymMom?

* [IpeackasaHue




ABTOpbl BOKC 1 [1)keHKUHC
npeanararT CXemy:

1.Differencing the 3.Estimate the
series to achieve i 2.ldentify the model . parameters of the
stationary :

Diagnostic checking.
No ‘ Is the model
adequate?
4. Use Model for forecasting

18 |




CTaunoHapHOCTb

* [1poLiecc n3 pasHOCTEN KaKoro nopagka
SBNsSIeTCA CTaLMOHaPHbLIM?

* /ICKNtO4YNTb CE30HHOCTb, NCMNOJIb3yA

— Ce30HHble A0DaBKU/MHOXUTENN K
cpegHeMy 3Ha4YeHUto 3a 3TOT CE30H

— ce3oHHy ARIMA(p,d,q)x(P,D,Q)
MoJenb, Hanpumep
ARIMA(0,0,0)x(0,1,0): Y, = Y _, + 1




ABTokoppensauusa (ACF)

» Koppenauua mexay 3Ha4yeHUsamMu
npotecca, ¢ 3adouKCMpoBaAHHbLIM
PACCTOAHNEM MO BPEMEHUN MeXay HUMU

» YacTnyHas aBTokoppensums (PACF) -
“yacTb koppensauumn mexay Y, n'Y,,,

KOTopasi He 0BACHAETCA NPOMEXYTOHYHbIMU
Koppenaunamun”. KoapdpuuneHT B AR-
Moaenu




[Tpu3Haku
AR mopenwu

* [IpoLiecc cTpeMunTcs
BEPHYTbLCA K
HEKOTOPOMY cpedHeEMY
3HAYEeHUIo

 ACF ybbiBaeT nnaBHoO,
PACF - pe3ko

Time Series Plot for AR

13 F —
05 —
b 0l B
03 = -
=10 =, L -
] 1] il 1] B0 100 120
Estimated Autocorrelations for AR
, 05 \ =0
! ~-Pmane
% . :______DDD:":=_D___EDDDDDDDD: E
7 F :
Rl oy =
o b1 25
Estimated Partial Autocorrelations for AR
g _/LI:II:IEI_r:-:I:I = og—Tag—-=—= j
% -




Time Series Plot for MA

[Tpu3Haku
MA mogenwu :

 [loxoxa Ha benbin Wym

 ACF ybbiBaeT pesko,
PACF - nocteneHHo

Estimated Autocorrelations for MA,
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AR nnn MA

e Bce 3aBucuT ot nopsiaka d
andepeHUmMpoBaHna npotiecca

* ilcxoagHbIn npouecc obbIYHO NoxoX Ha AR

* [locne BblMUCNEHNA HECKOMbKUX
Pa3HOCTEWN OH npeBpaulaeTca B MA-
npouecc

* He Hy>XHO andodpepeHunpoBaTh CINLLKOM
MHOIo pa3 — 3To nepeoby4yeHune
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nal series: nonstationary
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1st difference: AR signature

2nd difference: MA signature
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[Mpumep ARIMA(0,2,1)
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1= actual
| — forecast

With two orders of
differencing, MA(1) is
suggested, leading to
ARIMA(0,2,1)
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«Positive autocorrelation

No autocorrelation
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