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Osnova prednasky

= Netflix prize

m Teoretické aspekty kombinovani modeld
= Skupina model(
m R{znorodost model{
m Dekompozice chyb (rozptyl dat/systematicka chyba modelu)
= Jaké modely kombinovat?

m Popularni ensemble metody
= Bagging
m Boosting
m Stacking

m Algoritmus, co vyhral milion $
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X Prize

= Vyrobte mi klasifikator, ktery je o 10% lepsi
nez to co mam, a dostanete milion dolard!

m http://www.netflixprize.com/

m Uceni s ucCitelem

m Trénovaci data jsou mnoziny respondentt a jejich
hodnoceni (1,2,3,4,5 hvézdicek), které udéelili
jednotlivym filmtm.

= Vytvor klasifikator, ktery dostane na vstup

identifikaci uzivatele a jim jesté nehodnoceny film
a vyprodukuje pocet hvezdicek.
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A kdo tedy vyhral?

Netflix'Prize

Home

Rules Leaderboard

Register Update Submit

Download
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Leaderboard

Displaytop 20 leaders.

Rank

1

Team Name
The Ensemhle 0.8553
Bellkor's Pragmatic Chaos 0.8554

Grand Prize - RMSE <= 0.8563

13
14
15

Grand Prize Team

0.8571

Qpera Solutions and Yandelay United 0.8a73

Yandelay Industries |

PragmaticTheary
Bellkorin BinChaos

Dace
Cpera Solutions
Bellkor

HinChans
Feeds2

< Prize SOne

riangliang
Giravity

Zes

0.8474
0.8582
0.8590
0.8603
0.8611
0.8612
0.8613
0.8613

0.8633
0.9634
0.9642

Best Score % Improvement
1010
10.09

9.91
9.89
9.83
9.80
9.71
9.58
9.49
9.43
9.47
9.47

9.26
0.25
8917

Last Submit Time

2009-07-2618:38:22
2009-07-2618:18:28

2009-07-24132:07:49
2008-07-25 20:05:52
2009-07-26 02:49:53
2008-07-1215:09:53
2009-07-2612:587:24
2008-07-2417:183:43
2009-07-2612:02:08
2008-07-26 17:19:11
2009-06-23 23:06:52
2008-07-24 20:06:46

2009-07-21 02:04:40
2009-07-26 15:59:34
2009-07-2517:42:38
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The Ensemble

= And lo, as if powered by gravity, Grand Prize Team and
Vandelay Industries ! began to draw in more and more
members. And Vandelay went on to join forces with
Opera Solutions, and then Vandelay and Opera united
with Grand Prize Team, and then ... and then ... well,
things got so complex we decided just to call ourselves
The Ensemble.

m http://www.the-ensemble.com/content/meet-
team

m Ale i druhy vitéz BellKor’s Pragmatic Chaos je
vlastné ensemble!
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Takhle to vypadalo v kvetnu 2009

INTELLIGENCE
GROUP

(' . COMPUTATIONAL

Rank

Grand Prize - RMSE <= 0.8563

Mo D b =

L= T I =7

11
12
13
14
14
16
17
18
19
20
21
22
23

24

Team Mame

Mo Grand Prize candidates yet

Bellkarin BigChaos

PragmaticTheory
Grand Prize Team

Diace
BigChaos

Bellkor
Gravity

Dpera Solutions
Ces

majiaz
BruceDengDaoCivTiouy
Feeds?

Justa guyin g garage

pendpendzhou
MewhetilixTeam

J Dennis Su
Yandelay Industries |
acrnehill
MonteCarlo

IDEAZ

Mewman, George, and Peterman |

¥iangliang

Team ESP

mly Brain and His Chain
ulvector

Best Score U Improvement Last Submit Time

0.8590
0.8595
0.8597
0.8604
0.8613

0.8621
089634
08642
08642
08642
08642
0.86449
0.8651
0.8654
0.8657
0.8658
0.8658
0.86549
0.8661
0.8661
0.8665
0.8665
0.366A
0.8663
0.89662

8.7
9.66
0.64
9.56
047

9.39
0.25
917
17
917
17
9.09
q.07
9.04
4.M
9.00
§.00
8.99
8.a7
8.4a7
8.92
8.92
8.9
8.89
8.89

2008-05-13 08:14:09
2008-05-1913:2312
2008-05-0814:10:33
2008-04-22 05:57:03
2008-05-09 21:06:09

2008-05-10 09:39:48
2009-04-2218:31:32
2008-05-18 05:53:54
2008-05-14 021341
2008-05-18 09:29:55
2008-05-18 09:59:1
2008-05-17 10:47:21
2008-05-1918:13:80
2008-05-0518:18:03
2008-05-13 01:01:36
2008-03-11 09:41:54
2008-05-11 00:43:14
2009-04-16 06:29:35
2008-03-25145:00:05
2008-03-25145:37:54
2008-05-07 05:04:09
2008-05-1914:19:10
2008-05-1914:33:15
2008-08-30 02:19:47
2008-05-1907:33:38
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Vyvoj souteze

Top contenders for Progress Prize 2007

10
9
A
8
f
z"'"r_;
? -1
el
o I | A~
E L
m
S 51—t
o il
=l
2 = NL{@T oronto
s Hoyw lowr 2N he go?
3 .
wxyzCensulting
: Graviy
e Bia| K01
: wennnnne (Grand prize
0
w0 ow ow = e o= e e e e o= = =
(=] [} [} (=] (=] [} [am ] [am ] (=] (=] [} (=] (=]
& & & & & & & & & & & & &
o o o ] o o o o o o o o o

L\, COMPUTATIONAL
| 7= INTELLGENCE
| 7/ GrOUP

Y336VD Vytézovani dat

Progress Prize - RMSE == 0.8625

1

= B I R L % ]

8

10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29

Ho Progress Prize candidates yet

Bellkar

KarBell

When Gravity and Dinosaurs Unite

Dinosaur Planet
ML@UToranto A
Arek Paterek

MNIPS Reject
Justaguyin a garage
Ensemble Experns

mathematical capital
HowLowCanHeGo2
The Thought Gang

Feel Ingenuity
strudeltamale
MNIP3 Submission
Three Blind Mice
TrainOnTest
Geoff Dean

Rookies!

Paul Harrison
ATTEAM
wiyzoonsulting.com

ICMLsubmission
Efratko

Kitty
SecondaryResults
Birgit Kraft

0.8705

087z
08717
0.8743
0.8746
0.8753
0.8va7
0.878a9
0.8808
08834
0.8841
08844
0.8847
0.8849
0.8855
0.8859
0.8861
0.8869
0.8869
0.8869
08872
0.8ayz2
0.8873
08874
0.8875
08877
0.8881
08884
0.8885

8.50

8.43
8.38
8.10
8.07
8.00
7.64
7.62
742
715
.07
7.04
7.01
6.99
6.93
6.88
6.86
6.78
6.73
6.78
6.75
6.75
6.74
6.73
6.72
6.70
6.65
6.62
6.61
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- Ho Progress Prize candidates yet - -
Progress Prize - RMSE == 0.8625
1 BellKor 08705 8.50

Progress Prize 2007 - RMSE = 0.8712 - Winning Team: KorBell

Rookies

2 KorBell 0.av1z 843

3 When Gravity and Dinosaurs Unite 08717 8.38

4 Gravity 0.8743 8.10

" . . 5 basho 0.8746 8.07
Thanks to Paul Harrison's : Dinosaur Planet 0.8753 2.00
collaboration, a simple mix of our 7 ML@UToronto A 08787 7.64
. . a Arek Paterek 0.8789 762
solutions improved our result from g IPS Relect 08808 742
6.31to 6.75” 10 Just a guyin a garage 0.8834 715
11 Ensemble Experns 0.8841 T.07

12 mathematical capital 08844 7.04

13 HowlLowCanHeGo2 0.8847 7.01

14 The Thought Gang 0.88449 G.99

15 Feel Ingenuity 0.8855 6.93

16 strudeltamale 0.8859 G.88

17 MIPS Submission 0.8861 6.86

18 Three Blind Mice 0.8869 6.78

19 TrainOnTest 0.8869 6.78

20 Geoff Dean [ 3864 G678

21 ' : 0887z 6.75

22 Paul Harrison 0.8872 6.75

23 ATTEAM 08873 6.74

24 wiyzoonsulting.com 08874 6.73

25 ICMLsubmission 0.8875 6.72

26 Efratko 0.8877 6.70

27 Kitty 0.8881 6.65

28 SecondaryResults 0.a884 G.62

29 Birgit Kraft 0.8885 6.61

Y336VD Vytézovani dat i et
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Arek Paterek

“My approach is to combine the
results of many methods (also
two-way interactions between
them) using linear regression on

the test set. The best method in my
ensemble is regularized SVD with
biases, post processed with kernel

ridge regression”

http://rainbow.mimuw.edu.pl/~ap/ap_kdd.pdf

COMPUTATIONAL
INTELLIGENCE
GROUP

Ho Progress Prize candidates yet

Progress Prize - RMSE == 0.8625

1 BellKor 0.8708 8.50
2 KorBell 08712 8.43
3 When Gravity and Dinosaurs Unite 08717 8.38
4 Gravity 0.8743 g.10
5 basho 08746 8.07
] Dinosaur Planet 0.8753 2.00
7 ML@UToronto A 0.87ar 7.64
a Arek Faterak (.8739 762
g MIPS Reject 0.ea0a 742
10 Justaguyin a garage 08834 7.15
11 Ensemble Experns 0.8841 707
12 mathematical capital 08844 7.04
13 HowlLowCanHeGo2 0.8847 7.01
14 The Thought Gang 0.88449 G.99
15 Feel Ingenuity 0.8855 6.93
16 strudeltamale 0.8859 G.88
17 MIPS Submission 0.8861 G.86
18 Three Blind Mice 0.8264 6.78
19 TrainOnTest 0.8869 6.78
20 Geoff Dean 0.8264 6.78
21 Rookies! 0.8872 6.75
22 Paul Harrison 0.8872 6.75
23 ATTEAM 08873 6.74
24 wiyzoonsulting.com 08874 6.73
25 ICMLsubmission 0.8875 6.72
26 Efratko 0.8877 6.70
27 Kitty 0.8aa1 6.65
23 SecondaryResults 0.a884 G.62
29 Birgit Kraft 0.83a85 6.61
Y336VD Vytézovani dat wic
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Ho Progress Prize candidates yet

Progress Prize - RMSE == 0.8625

1 Bellkar 0.8705 3.50

U Of TO ronto 2 KorBell 08712 8.43

3 When Gravity and Dinosaurs Unite 08717 8.38

4 Gravity 0.8743 3.10

5 basho 0.8746 3.07

A Dinosaur Planet 08753 2.00

“When the predictions of multiple 7 ML@UToronto A 0.8787 7.64

RBM models and multiple SVD | - 0.8789 162

4 MIPS Reject 0.8808 T4z

models are linearly combined, we 10 Justa guyin a garage 0.8834 745

achieve an error rate that is well " Ensemble Experts 0.8841 707

12 mathematical capital 08844 7.04

over 6% better than the score of 13 HowLowCanHeGo2 08847 - 01

NetflixX’s own system." 14 The Thought Gang 0.8849 £.09

15 Feel Ingenuity 0.8855 6.93

http://www.cs.toronto.edu/~rsalakhu/papers/rbmcf.pdf 16 strudeltamale 0.8859 6.83

17 MIPS Submission 0.8861 G.86

18 Three Blind Mice 0.88649 6.78

19 TrainOnTest 0.8869 6.78

20 Geoff Dean 0.88649 6.78

21 Rookies! 0.8872 6.75

22 Paul Harrison 0.8872 6.75

23 ATTEAM 0.8873 6.74

24 wiyzoonsulting.com 08874 6.73

25 ICMLsubmission 0.8875 B.72

26 Efratko 0.8877 6.70

27 Kitty 0.8881 6.65

23 SecondaryResults 0.a884 G.62

COMPUTATIONAL 29 Elirgit Kraft 0.8885 6.61
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- Ho Progress Prize candidates yet - -

1 4 v v t?
A co ,tahoun” celé souteze” Progress Prize - RMSE <= 0.8625
1 Helikor 08705 8.50
2 KorBell 08712 8.43
Bel I KO r / Ko rBeI I 3 When Gravity and Dinosaurs Unite 0.8717 8.38
4 Gravity 0.8743 8.10
5 basho 0.8746 8.07
] Dinosaur Planet 0.8753 2.00
7 ML@UToronto A 0.8787 7.64
a Arek Paterek 0.8789 7.62
(] . - g MNIPS Reject 0.8808 7.42
Our flnal SOIUtIon 10 Justaguyin a garage 08834 7.15
— H 11 Ensemble Experns 0.8841 707
(RMSE_O'8712) ConSIStS Of 12 mathematical capital 08844 7.04
H H HYH 13 HowLowCanHeGo2 0.8847 7.0
blendlng 107 Indl‘"dual 14 The Thought Gang 0.88449 G.99
rESUItS. “ 15 Reel Ingenuity 0.8855 6.93
16 strudeltamale 0.8859 G.88
17 MIPS Submission 0.8861 6.86
18 Three Blind Mice 0.8869 6.78
19 TrainOnTest 0.8869 6.78
. “« ve 20 GenﬁDean 0.8869 6.78
”blend|ngem rozu mej 21 Rookies: 0.8872 6.75
. , ° 22 Paul Harrison 0.8872 6.75
komblnovanl mOdEIU 23 ATTEAM 0.8873 6.74
24 wiyzoonsulting.com 08874 6.73
25 ICMLsubmission 0.8875 6.72
26 Efratko 0.8877 6.70
27 Kitty 0.8881 6.65
23 SecondaryResults 0.a884 G.62
L\, COMPUTATIONAL 28 Birgit Kraft 0.8885 6.61
\ bg%ggmm Y336VD Vyt&zovani dat o e 7
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Chyba klesa s poctem modeld

BellKor in BigChaos Effect of ensemble size

0.881

0.879 W
0.877 \

0875

E k
o

- 0.873

e \
w 0871

0.869 \"\"“‘..’.__‘
0.867 :

0865 T T T T T T T T T T T T
1 8 15 22 29 36 43 a0 57
#Predictors

= Jak a jaké modely kombinovat?
-

_ COMPUTATIONAL I ﬁ A
=) INTELLIGENCE v g
j GROUP Y3 3 6VD Vytezovanl dat Intelligent Data Analysis



Princip kombinovani modeld

m Skupina modell (napr. rozhodovacich strom{) se
nauci na stejny (podobny) ukol.

= Vystupy naucenych modelt se kombinuiji.

Vstupni proménné

Model 1 Model 2 Model 3 Model N
‘Vystupni ‘ ‘ Vystupni ‘
proménna proménna

\_ Kombinace -/

Skupinovy (ensemble) vystup
L%\, COMPUTATIONAL
( (rlNTELUGENCE Y336VD Vyt&Zovani dat IQA
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RUznorodost ensemble modeld

m Co se stane, kdyz budou vsechny modely
totozné? |
=> Degradace na jeden model.

m Jak zajistime, aby byly modely riznorodé?

= RUzné mnoziny trénovacich dat (pocatecni
podminky)

= RUzné metody konstrukce modeld

m Jak se da mérit rznorodost model(?

= Odchylky vystupi na jednotlivych testovacich
datech.

| m Strukturalni odlisnosti
(b @%ﬁéﬁﬁé&w Y336VD Vytézovani dat :IHUDSA




Funguje to vibec?

m Chceme zjistit, za jakych predpokladill se
vyplati modely kombinovat.

m Zajima nas proC ensembling funguje.

m Potrebujeme k tomu analyzovat, Cim je
chyba modell zplisobena

OOOOOOOOOOOOO

INTELLIGENCE Y336VD Vytézovani dat

Intelligent Dota Analysis



Priklad — vyska lidi
Cil: odhadnout vysku dospeléeho muze.
Presnéji:
= Najit odhad 7 ktery minimalizuje stredni
hodnotu chyby E {(y-y)’} pfes celou populaci.

I p) hustota pravdépodobnosti

|

180 Y

L COMPUTATIONAL
(b e Y336VD Vytézovani dat I QA
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Co to je ta stredni hodnota?

Jednoduché metody vypoctu:
Prumér: je aritmeticky primér: 2, 3, 3,5, 7a 10 je 30 déleno 6, coZ je 5.
Median: je prostfedni Cislo ve skupiné Cisel, kdy ma polovina ¢isel hodnotu
vy$$i nez median a polovina Cisel hodnotu nizsi nez median.

Median ¢isel 2, 3, 3,5, 7a 10 je 4.

(=}
-

Animace:

generujeme nahodna

¢isla <-0.5,0.5>

a poCitame prumér — ten se
limitné blizi k nule S

0.5

Stredni hodnota
0.0
I

-1.0

I T I ] I ]
0 2000 4000 BO00 2000 10000

Opakovani
L COMPUTATIONAL | QA
((Bsseas Y336VD Vytezovani dat 4L
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Jak by na to Sel pan Bayes?

= Zmeéril by vsechny dospélé muze v celé
populaci, vypocetl stredni hodnotu E,{y} a
prohlasil ji za optimalni odhad.

m Potlesk, uUloha vyresena, .
vysledek je: E {y}=2 ply)y

=00

= Ale v realu je p(y) neznama, jeji odhad je
treba zkonstruovat pomoci skupiny muzu
LS={V\,Vo,.-s Wi}, JEJiChZ vySku jsme zmeérili.

( { _‘COMP(I;TAI(I:ONAL E ﬁ A
= INTELLIGENCE S7ovani
“ j BELG Y336VD VytéZovani dat B R 2



Vystup nejakého naseho modelu

m Protoze skupina LS je nahodné zvolena,
odhad y bude také nahodna veliCina.

I Prs(Y)

A

y

= Dobry ucici algoritmus by mel fungovat dobre
na libovolné zvolené skupine LS, tedy
poskytnout minimalni chybu v prliméru pro
rizné LS: E=E,; {E {(y-9)’}}

OOOOOOOOOOOOO IDA
INTELLIGENCE Y336VD Vytézovani dat
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Dekompozice bias/variance )

var,{y) ‘

EAy} y

E= EA(y- EAVI)?} + ELEAN)

v

= residualni chyba = minimalni dosazitelna chyba
= var, {y}
(¢ b NIELUIGENCE Y336VD Vytézovani dat E QA
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Dekompozice bias/variance )

bias?

oA

EAvr Eisiy} y

E=var{yt + (EAyy-E;s))* + ...
E, {F} = prumérny model (pres vsechny LS)

bias2 = chyba prlimérného modelu oproti modelu
pana Bayese (optimalnimu)
Nas algoritmus uceni IDA

Y336VD Vytézovani dat

Intelligent Data Analysis



Dekompozice bias/variance @)

var, s{y}

n

E, sy} y

E = var{)y} + bias? + E;{(y-E,{})*}
var, {#} = variance nasich modeld pro
rizné LS = disledek preuceni

Y336VD Vytézovani dat

Intelligent Dota Analysis



Dekompozice bias/variance )

bias?

var {y} ‘ ‘ var, ¢{y}

ELy} E sV} y

E = var {y} + bias’ + var, {y}

Y336VD Vytézovani dat

Intelligent Dota Analysis



Dekompozice bias/variance )

£, E,,A(r-5(X)) "2} }=Noise(x)+Bias*(x)+Variance(x)

= Sum(x) = £,{(-h4X)%
Kvantifikuje odchylku vystupu y od optimalniho
modelu LX) = £, 4y}

= Bias?(x) = (14,45 (0})?:
Chyba priimérného modelu vzhledem k
optimalnimu.

= Variance(x) = £, {((X)-£,:(x)*} :
Jak moc se predikce 5(x) lisi pro rtizné ucici

mnoziny LS.
INTELLIGENCE Y336VD Vyt&zovani dat IQA



Priklad (1)

= Najdéte algoritmus produkujici co nejlepsi
modely pro nasledujici data:

y A
O

0. ©

o O
® o o ©°

O o ©
O O
0%e oo © © ©
O

X
L COMPUTATIONAL
(b INTELUGENCE Y336VD Vytézovéni dat I QA
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Priklad 2

= Optimalni model:

m Vstup x, nahodna proménna rovhomerneé rozlozena v
intervalu [0,1]

m =M x)+¢, kde e~N(0,1) je Bayesovsky model y a Sum
hx)=E, 1y}

A

y

, COMPUTATIONAL

[b i Y336VD Vytézovani dat X E QA
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Priklad — algoritmus linearni regrese

= Modely maji maly rozptyl (variance), ale
velke zaujeti (bias) = nedouceni

L COMPUTATIONAL
(b e Y336VD Vytézovani dat I QA
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Priklad — algoritmus RBFN s
poctem neurond = mohutnost LS

= Nizké zaujeti (bias), velky rozptyl
(variance) modell = preuceni

E, s{y(x)}

L COMPUTATIONAL
(b e Y336VD Vytézovani dat I QA
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Zpét ke kombinovani modell

m Co se stane, kdyz naucim 2 jednoduché
modely na rliznych podmnozinach LS?

vy y=f1(x) y-12(x)

X
L COMPUTATIONAL
Kb e Y336VD Vytézovani dat I QA
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Ensembling snizuje varianci

Trénovaci data pro model 1

ensemble model

Trénovaci data pro model 2

, COMPUTATIONAL

(b i Y336VD Vytézovani dat E QA
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Ensembling snizuje bias

model 1

model 2

ensemble model

( L\ COMPUTATIONAL o E ﬁ A
| j e Y336VD Vytézovani dat
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Tedy:

High Bias Low Bias
Low Variance High Variance

ﬁh

Test Samp

<

Prediction Error

Training Sample

Low High

(¢ (r NTELUGENCE Y336VD Vyt&zovani dat IDA
74 GROUP

N Intelligent Data Analysis
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Podobné pro klasifikaci?

model 1 model 2 model 3

ensemble model

:/// —
trida 1

N

trida 1

trida 2 trida 2

hranice trid o : :
Snizuje se bias nebo variance?

Obrazky z TCD AI Course, 2005

[ L\, COMPUTATIONAL

(4 [B) i Y336VD Vyt&zovéni dat Iﬁf)‘
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Jaké modely kombinovat?

m Co se stane, kdyz zkombinuji optimalné
nauceneé modely?

ensemble model .

= Vyhodné se daji kombinovat jednoduché

modely (tzv., W,eakolearners:). odukajome bias
= Modely musi byt ruznorode! ijusey
vykazovat rtizné chyby na jednotlivych
trénovacich vzorech.




Popularni ensemble metody

m Bagging (Bootstrap Aggregating)

= Modely naucim nezavisle a jednoduse
zkombinuiji jejich vystup

m Boosting

mModely se uci sekvencng, trénovaci data
jsou zavisla na chybach predchozich modell

m Stacking

mModely se uci nezavisle, kombinuji
naucenim specialniho modelu

OOOOOOOOOOOOO IDA
e Y336VD Vytézovani dat oo b 4™ W
ntelligent Dota Analysis



Bagging q)

E, L Erm(X)} =E, (V-1 X)) 3+ (ML X)-E, () 1)+ £, L (H(X)-£,500(X))%}

= Myslenka: priiméerny model £ {y(x)} ma
stejny bias jako plvodni metoda, ale
nulovou varianci

= Bagging (Bootstrap AGGregatING) :

= K vypocteni £, {y (X)}, potrebujeme
nekonecne mnoho skupin LS (velikosti N)

= Mame vsak jen jednu skupinu LS, musime si
sami nejak pomoc ...

/ L\, COMPUTATIONAL v sy 1 ﬁ A
=) INTELLIGENCE Y336VD Vytézovani dat
) ,/ G UpP Intelligent Dota Analysis



Bootstrapping: trocha historie

* Rudolf Raspe, Baron

Munchausen’s e,

Narrative of his Marvellous Travels | &

and Campaings in Russia, 1785

He hauls himself and his horse out

of the mud by lifting himself by his
own hair.

JohnNEVILLE
{'maTHURMAN
EriclDLE

I «This term was also used to refer
~ to doing something on your own,
without the use of external help
since 1860s

,,,,EEII‘!‘L}EM - Since 1950s it refers to the ;
~ procedure of getting a computer to i
v start (to boot, to reboot) :

.,:gm%ﬁ —
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Co je Bootstrap?

X=(3.12, 0, 1.57,
19.67, 0.22, 2.20)

Mean=4.46

e

Bootstrap distribution

Median

Median

Y336VD Vytézovani dat

X1=(1.57,0.22,19.67,
0,0,2.2,3.12)

Mean=4.13

.| X2=(0, 2.20, 2.20,

2.20,19.67, 1.57)
Mean=4.64

X3=(0.22, 3.12,1.57,
3.12, 2.20, 0.22)

Mean=1.74

statistika:
— odhad intervalu spolehlivosti

Intelligent Dota Analysis



Priklad bootstrap (opitz, 1999)
Trénovaci vzory 112 |34 |5 |6 8
vzorek 1 2 |7 |8 |3 |7 |6 1
vzorek 2 /7 18 |5 16 (4 |2 1
vzorek M 4 |5 (1 |4 |6 |4 8
Y336VD Vytézovani dat EQA
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Bagging )

LS
X —
) ) )
Y4(X) Yo(X) y{X)

Proregresi:  J(x) = 1/k * (73 (X)+7,(X)*...+7+(x))
Pro klasifikaci: y(x) = majoritni tfida z {y(x),...,yAX)}

| , COMPUTATIONAL 1 QA
qj T Y336VD Vyt&zovani dat
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Bagging (Bootstrap agregating)

Vybérem s opakovanim utvorte M trénovacich soubor( o rn vzorech

(misto jednoho puvodniho souboru o n vzorech).

m Postavte model pro kazdy trénovaci soubor.
m  Zkombinujte modely.

A 4

vybér s | vzorek 1 trénovaci
opakovanim algoritmus
I 4
AR
ci |
Trénova- » vzorek 2 trenovaci
ci data algoritmus
O I
vzorek M @

I 4

trénovaci
algoritmus
( (’ . COMPUTATIONAL
[ (] 7= INTELLIGENCE

| ) eroup Y336VD Vytézovani dat

Bootstrap samples!

prumérovani nebo
hlasovani

Ensemble vystup

model

vynalezce:
Breiman (1996)




Bagging — pr. rozhodovaci stromy

= Obvykle bagging podstatne snizi varianci a
zachova zaujeti modeld.

m Podivejme se na priklad s rozhodovacimi stromy:

Metoda E Bias Variance
3 Test regr. Tree 14.8 11.1 3.7
Bagged (T=25) 11.7 10.7 1.0
Full regr. Tree 10.2 3.5 6.7
Bagged (T=25) 5.3 3.8 1.5

= V tomto pfipadé jsou pro uceni rozhodovacich stromu
pouzity vSechny vstupni atributy a diverzita je zpusobena
promeénnou ucici mnozinou
Y336VD Vytezovin dat 1DA
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Nahodné (rozhodovaci) lesy —
random forests

= K baggingu se jesté prida to, ze nahodné
vybirdme podmnozinu vstupnich atributl
m Tedy:
m Postav rozhodovaci strom z bootstrap vzorku

= Najdi ,,best split" mezi nahodnou podmnozinou
k atributli, ne mezi vsemi jako normalné

(= bagging, kdyz k je rovno poctu attribut)
m Odhadnete vliv k?
= Mensi k redukuje varianci a zvysuje bias

N conrumion IDA
F o g Y336VD Vytézovani dat oo b 4™ W
— Sl S



Boosting

m Iterativni procedura adaptivné meénici
rozlozeni ucicich dat zvyraznujice Spatné
klasifikované vzory

m Pouziva se zejména ke kombinaci slabych
modell (weak learners), které maji velké
zaujeti

= Vyrazné redukuje bias — nachylnost k
preuceni

P - IDA
) INTELLIGENCE Y336VD Vytézovani dat
S uP Intelligent Data Analysis



Boosting )

LS
}
LIS1 7 sz 7 LfT
X —
R R R
Y1(X) Y2(X) y(X)

Proregresi:  y(x) = B,"V1(X)+ By Vo(X) ...+ B yHX))

Pro klasifikaci: y(x) = majorita trid z {y,(X),...,y+X)}
s pouzitim vah {f,,5.,...,07}

! ,‘COMP(I;TAI(I:ONAL E ﬁ A
| INTELLIGENCE 5 An g
v ) Group Y336VD Vytézovani dat
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Boosting )

= Na pocatku maji vSechny vzory stejnou vahu

= Po nauceni modelu zvysime vahu Spatné
lasifikovanym vzortim a snizime ji dobre
klasifikovanym

= Priklad: vzor 4 je spatneé klasifikovatelny

m Postupné se zvysuje jeho vaha a tedy |
pravdepodobnost zarazeni do ucici mnoziny

Original Data 1 2 3 4 5 6 7 8 9 10
Boosting (Round 1) 7 3 2 8 7 9 4 10 6 3
Boosting (Round 2) 3) 4 9 4 2 5 1 7 4 2
Boosting (Round 3) @__@ 8 10 @ 5 @ 6 3 @

L\ COMPUTATIONAL

(b'NTEL“GENCE Y336VD Vytézovani dat :1.. DSA

4 GROUP



Algoritmus AdaBoost @,
m Klasifikatory: C,, C,, ..., G;

= Jejich chyby: véha vzoru (chyby na zmnoZenych

vzorech boli vice!)
1 N

EiZF;ng(Ci(xj);éyj) j

m DUlezitost klasifikatoru:

1 1—¢&.
=—In !

1

In((1-¢)/¢g)

( (’  COMPUTATIONAL

| j BERLLSENCE Y336VD Vytézovani dat



Algoritmus AdaBoost

= Update vah:

W (+) WZ(J) ) eXp_'Bj lf C] (xl) = yi
i - B, -
Z; | exp it C(x,) # y,

J

kde Z; je normalizaCni konstanta

m Finalni klasifikace:

C*(x)= argmaxiﬂﬁ(Cj(x) = y)

y =1

OOOOOOOOOOOOOO

( b INTELIGENCE Y336VD Vytézovani dat
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Priklad — AdaBoost

PocCatecni inicializace vah Data vybrana do
AL ucici mnoziny
3 /7
o 0.1 0.1 0.1
Original 4+ [+ + [
Data -
B1 Spatné
0.0094 0.0094 0.4623 klasifikovano B1,
Boosting | r\?( ,
|+ | | === | | === vahy rostou.
Round 1 : >
|

_/

( L\, COMPUTATIONAL oL I D A
7K ¥336VD Vytézovéni dat
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Priklad — AdaBoost

0.0094 0.0094 0.4623
Boosting |
Round 1 "'"' HH
|
|
B2
Boosting 0.3037 0.0009 ! 0.0422
Round 2 | 'l 'l 'I - '. - :- >
|
|
B3
0.0276 0.1819 0.0038 |
Boosting L b bk o+ 44
Round 3 I -
|
|
Overall +++ == == = ++ g

( L\, COMPUTATIONAL X~ o ro s I QA
. j INTELLIGENCE Y336VD Vytézovani dat e B
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1.0

0.5
*

Pfi inicializaci jsou vahy vzort stejné,
puntiky maji stejnou velikost.

Vzory se maji klasifikovat do modré
a Cervené tridy.

-0.5
1

Po 1. iteraci AdaBoostu rostou vahy
Spatné klasifikovanych vzord na pomeazi trid

.
2
z.j}.

-1.0 0.5 0.0 0.5 1.0
Po nauceni 20 klasifikatoru jsou vahy
= S R VL S vzorti mimo hranici tfid témér nulové
S -.:o ':" .o" :\7 . 7 7 yd ’ Ve
o e ¢ ‘gon "" ; (nejsou vybirany do trénovaci mnoziny)
L MR el 20 iterace
3. iterace | - },-.u %2 o
g = ...‘_ 2 '“ i . .'. : .. . . ) )
od Eni & Wt o @
g_ ) “... .- _.- k. : . i -.%. . . S-“.. | .
e Y . e |
2] ,,:.T ’ o o | .. . o ‘e
= T T T T T © : B . 'o'..
1.0 -0.5 0.0 0.5 1.0 e
5 ."‘. : : '-..:..
o L .. - -‘. .-..". .

-1.0
whe UH

Intelligent Dota Analysis
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from Elder, John. From Trees to
Forests and Rule Sets - A Unified 136 Sovani d X1
Overview of Ensemble Methods. 2007. Y336VD Vytezovani dat



Stacking

m Pouziva meta model/ pro kombinaci

vystupl  ensemble  modelll  (oproti
jednoduchému primérovani, nebo
hlasovani)

= Vystupy ensemble modell jsou pouzity jako
trénovaci data pro meta model

m Ensemble modely jsou vétSinou nauceny
riznymi algoritmy

m Teoreticka analyza stackingu je obtizng,
jedna se o “black magic”

( AAAAAAAAAAAAA

F— INTELLIGENCE X~ sy I ﬁ A
SlLfe/f%@i?ﬁ"Ensembles of Classifiers by Evgueni Smirnov Y336VD Vytézovani dat TeigensDato Al



Stacking

" BC, —1
instance, —
" BC, |1
' BC, | |BC, BC Class
meta instances ces n
instance, 0 1 1 1

Slide from Ensembles of Classifiers by Evgueni Smirnov

L%\ COMPUTATIONAL E QA
((f/— e Y336VD Vytézovani dat ‘ .



Stacking

" BC, —1
" BC, 0
instance, —
> —()
BC,
: BC, | | BC, BC, Class
meta instances oo
instance, 0 1 1 1
instance, 1 0 0 0
Slide from Ensembles of Classifiers by Evgueni Smirnov
( ﬂr' @%ﬂ%@’ggm Y336VD Vytézovani dat



Stacking

Meta Classifier

' BC, | |BC, BC Class
meta instances ces n
instance, 0 1 1 1
instance, 1 0 0 0

Slide from Ensembles of Classifiers by Evgueni Smirnov

L%\ COMPUTATIONAL E QA
((f/— e Y336VD Vytézovani dat ‘ .



Stacking

" BC, 0
1
{BC, 1 !
instance [ Meta Classifier
> —1
BC,
. BC, | |BC, BC
meta instance oo n
Instance 0 1 1
Slide from Ensembles of Classifiers by Evgueni Smirnov
( ﬂr' @%ﬂ%@’ggm Y336VD Vytézovani dat



Argumenty proti kombinovani modelt?

= Okamova britva — v jednoduchosti je sila
= Je lepsi mit jednoduchy optimalni model,
nez kombinaci mnoha modell
= ... ale jak najit optimalni model?

= Domingos, P. Occam’s two razors: the sharp
and the blunt. KDD 1998.

= Kombinovanim modell se Casto
kamufluje nedokonalost metod
produkujicich nedoucené nebo preucené
modely

m Kombinovanim dostanu model s horSimi
vysledky na testovacich datech, nez maj
PEzRombinované modeloni e IDA



Argumenty pro kombinovani

m Vétsinou zlepsim vysledky na testovacich
datech

= Algoritmy jsou implicitné nastaveny, je treba
experimentovat s jejich konfiguraci, aby
produkované modely byly optimalni
konkrétnich datech

= Dostanu povedomi o jistoté modelu

m kdyz se pro jeden vstupni vektor jednotlivé
modely hodné lisi, zrejmé jsme mimo oblast
trénovacich dat

= Netflix prize
(B e Y336VD Vyt@rovin dat 1DA



Co presné pouzil vitéz?

= Vicedrovnovy Stacking pomoci MLP

m Gradient Boosting rozhodovacich stromU

= A samozrejme vyborné base-klasifikatory:
= KNN

m SVD
= RBM

Y336VD Vytézovani dat E QA
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Netflix prize a dalsi aplikace

m Podrobny popis vitéznych algoritmU

m http://www.netflixprize.com/assets/GrandPrize
2009 BPC BellKor.pdf

m http://www.netflixprize.com/assets/GrandPrize
2009 BPC BigChaos.pdf

m http://www.netflixprize.com/assets/GrandPrize
2009 BPC PragmaticTheory.pdf

= Jesté neéco zajimavého na ensemblech?

Y336VD Vytézovani dat z BA
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Priklady pouziti ensemble metod
(klimatické modely)

Ensemble je soubor pfedpovédi, které kolektivné
mapuji pravdépodobné budouci stavy, s ohledem na
nejistotu provazejici proces predpovédi.

Predpovédi modelt s drobnymi odliSnostmi v parva’mevtr?ch o Interval vysoké
(v pocateénich podminkach)

4 pravdépodobnosti
: /
=
o
Q.
&
:§ Zdroj: prezentace
2 J.P. Céron 2003
©
< °
DB
T Aktualni éas Horizont predpoveédi

71 5\, COMPUTATIONAL
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Temperature

A

Ensemble modely pro predpovéed’
pocasi

A Ll

D 1-6% [Ez-50% [75-101% mm OPER
O 6.259 MM 20-73% ==

Carilral

D—

-12—

= e ===

e et

[ e———

B

[ I - .

[N

=g ==
!‘-\.f

|
Lundi 0% Mardi 10 @ | Vendredi13 Samedi 14 Dimanche 15 Mardi 17 Mercredi 18

DEE

zdroj: J.P. Céron
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Ensemble modely a globalni oteplovani

5 1 I :
O 4t observations i
2 3f :
£ :
: a
© 1°F |
0 1
O
o 0OF, :

-1 ! L 4

1850 1900 1950 2000 2(

year

Pouze jeden model ignoruje neodmyslitelné
mezery v nasich znalostech a limity
predvidatelnosti vyvoje Zemé.

Potfebujeme celou skupinu (ensemble)

modell, které se liSi sloZitosti, poCatecnimi
podminkami a parametry.

Dr. Thomas Stocker, Climate and Environmental Physics

University of Bern, Switzerland
www.climate.unibe.ch, 2003

F COMPUTATIONAL

model simulations

30
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0

|

B1

2 3 4 5

Knutti et al. (2002)
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Surface warming (°C) by 210

J INTELLIGENCE Y336VD Vytézovani dat

IQA

I ||grn Alg



Otazky

= Jakou novou informaci ziskame pouzitim
skupiny modell oproti pouziti pouze
jednoho modelu?

m MUZe ensemble zpresnit predpovéd’, pro
jaké modely?

= Jake jsou nevyhody ensemble predpovedi?

AAAAAAAAAAAAA I ﬁ A
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