Kapitola 10

Suboroveé ucenie



Subory (skupiny): boosting,
silné a slabé ucenie,
AdaBoost

Ensembles: Boosting, Weak and Strong
Learning, AdaBoost



‘ Ensemble learning

= ENSEMBLE

0 subor, skupina

= ENSEMBLE LEARNING

o skupinové ucenie
0o ucenie suboru (klasifikatorov)

= ENSEMBLE BASED SYSTEM

0 systém zalozeny na suboroch
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= R. Polikar: Ensemble Based Systems in Decision Making

0 |EEE Circuits and Systems Magazine, vol.6, no.3, pp. 21-45, 2006
o dalsomdo AlS

Ensemble Based ,S‘gLs_t%nsg
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 in Decision Making &

m http://users.rowan.edu/~polikar/RESEARCH/PUBLICATIONS/csm06.pdf
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‘ Ensembles (slov. subory)

= ,ensemble based systems”

o pred vykonanim konecného rozhodnutia hfadame nazory inych,
zvazime ich (vdhujeme)

o konzultacia s viacerymi expertami

0 iné nazvy:
=  multiple classifier systems
m committee of classifiers
=  mixture of experts
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Princip

Trénovacie data

I Kombinovanie modelov h@edny modE
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Preco pouzit systémy zaloZené na
suboroch

m Statistické dovody

o dobra klasifikacia trénovacich dat neznamena dobré spravanie pre testovacie
data (pozname aj z NS)

0 pomoze kombinacia (priemerovanie) viacerych klasifikatorov

m velké mnoizstva dat

o rozdelenie dat na mensie Casti, trénovanie klasifikatorov, potom kombinacia
ich vystupov

m malé mnozstva dat

o ,resampling” — vytvorenie viacerych nahodne sa prekryvajucich podmnozin
dat, trénovanie klasifikatorov, potom kombinacia ich vystupov
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Obsarvation/Measurament/Feature 2

Preco pouzit systémy zaloZzené na

suboroch

= priliS ndro¢na uloha pre jeden klasifikator

o ,rozdeluj a panuj“—rozdelenie priestoru na mensie (a menej narocné)
Casti, klasifikatory pre tieto jednoduchsie ¢asti, potom ich kombinacia

Training Data Examples

00 for Class 1
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000 Training Data
Complex Decision Examples
Boundary to Be Learnad for Class 2

Observation/Measurement/Feature 1

Observation/Measurement/Feature 2

4

. Decision Boundaries Generated by Individual Classifiers

Observation/Measurement/Feature 1
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Preco pouzit systémy zaloZzené na
suboroch
m fuUzia dat

o niekolko datovych mnozin z r6znych zdrojov (heterogénne data)
o data z kazdej modality do prislusného klasifikatora, potom ich kombinacia
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Generovanie jednotlivych klasifikatorov

Decision Boundaries Generated by Individual Classifiers

= selekcia klasifikatorov
o kazdy klasifikator je expertom pre isty podpriestor

Observation/Measurement/Feature 2

o kombindcia:
m klasifikator najblizsi (na zaklade metriky) k vstupnému vektoru ma najvyssiu
vahu

= niekolkym takymto lokalnym expertom sa umozni hlasovat

m fuzia klasifikatorov
o cely subor klasifikatorov sa uci cely priestor

o kombinacia:

= spojenie jednotlivych (SLABYCH, weak) klasifikatorov vznikne jeden (SILNY,
strong) expert s najlepsSim vykonom

= napr. bagging, boosting, ...
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Diverzita

m roznorodost, rozmanitost

0 stratégia pre systémy zalozené na suboroch:
m  vytvorit vela klasifikatorov, skombinovat ich vystupy
m celkova c¢innost bude lepsia ako pre jeden klasifikator

o jednotlivé klasifikatory musia robit chyby pre rozne priklady (kazdy
klasifikator ma byt unikatny)

m subor diverzitnych klasifikatorov:
o klasifikatory, ktorych rozhodovacie hranice su navzajom rozlicné
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' Ako dostat diverzitné klasifikatory?

1) pomocou rozdielnych trénovacich mnozin
o napr. resampling techniky — bootstrapping, bagging

Classifier 1— Decision Boundary 1

Classifier 2 — Decision Boundary 2 Classifier 3 — Decision Boundary 3

Feature 2
Feature 2
Feature 2

Feature 1

Ensemble Decision Boundary

Featura 2
Feature 2

Feature 1 Feature 1 with

replacement



' Ako dostat diverzitné klasifikatory?

= generovanie rozdielnych trénovacich mnozin

o k-nasobné delenie dat (k-fold data split)
m  kroznych prekryvajucich sa mnozin

Entire Original Training Data

L
-~ T
Block 1 Block 2 Block 3 Block k-1 Block k
k—1 Blocks — Shown in Dark Background — Selected One Block — Shown in Light
for Training Individual Classifiers Background — |s Left Out
N s
~— — A
Classifier 1 Block 1 Block 3 Block k1 Block k

Classifier 2 Block 1 Block &1 Block k
Classifier 3 Block 1 - Block k1 Block k

Classifier k-1 Block 1 Block 2 Block 3 Block k-1 Block k

Classifier k Block 1 Block 2 Block 3

Block k-1 Block k

without
replacement



‘ Ako dostat diverzitné klasifikatory?

2) pomocou rozdielnych trénovacich parametrov pre jednotlivé
klasifikatory

0 napr. mnozina MLP, r6zne inicializacie, r6zne konfiguracie, r6zne pozadované
chyby...
0 moznost riadenia nestability jednotlivych MLP -> diverzita

3) kombinacia uplne rozdielnych typov klasifikatorov
0 napr. MLP + SVM + rozhodovacie stromy + nearest neighbor klasifikatory

4) vyuzitim rozdielnych priznakov
o tzv. random subspace method

= Diverzita sa najcastejSie dosahuje pomocou 1)

SUNS, M.Oravec, UIM FEI STU



Dve sucasti systémov zalozenych na
suboroch

1. stratégia na vytvaranie suboru (klasifikatorov) s
maximalnou diverzitou

= bagging, boosting, AdaBoost, stacked generalization, mixture of
experts, ...

2. stratégia na kombinovanie vystupov klasifikatorov

m spravne rozhodnutia sa zosilnia, nespravne sa zahodia
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1)

STRATEGIA NA VYTVARANIE SUBORU
(KLASIFIKATOROV) S MAXIMALNOU DIVERZITOU

bagging, boosting, AdaBoost, stacked generalization, mixture of experts, ...
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‘ Weak learner, base classifier

= slaby Ziak (weak learner))
O Ziak, uciaci sa

= zakladny klasifikator BC (Base Classifier)

o jednoduchy klasifikator, ktory je schopny klasifikovat fubovolnu
vstupnu vzorku lepsie ako nahodne (pravdepodobnost Uspechu je
vacsia ako 50%).
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° Algorithm: Bagging
Baggl ng Input:
Training data S with correct labels wy;
e Q={w,...c0c} representing C classes
Weak learning algorithm WeakLearn,
Integer T specifylng number of iterations.

u bagglng = bOOtStrap aggregating Percent (or fraction) F to create bootstrapped
4 . 4 / 4 training data
= bootstrappove repliky trénovacich dat | "
m kombinacia VVStU pov — Véééinov»'/m 1. Take a bootstrapped replica S, by random-
s ly drawing F percent of 5.
hIaSOvanlm 2. Call WeakLearn with 5; and receive the
m vhodné pre malé datové mnoziny hypothesis (classifier) fr.
. 3. Add f; to the ensemble, E.
m od 75% do 100% vzoriek do End
jed not“vvch trénovacich podmnoiin Test: Simple Majority Voting - Given unlabeled
, .. . Instance x
m neurdnoveé siete a rozhodovacie 1. Evaluate the ensemble E= {hy.... . h7} on x.
stromy su vhodnymi klasifikatormi ) o [1 W picksclass o .
Al I} otherwise ©)

be the vote given to class w; by classifier fi;.
3. Obtaln total vote received by each class

T .
| :Z!=lﬂrl_j, j=1....C (9)

4. Choose the class that recelves the highest
total vote as the final classification.
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Algorithm: Boosting
Input:

Training data 5 of size N with correct labels ay

€ = {w), an};
Weak learning algorithm WeakLearn.
Training

1.

2.

Select Ny <N patterns without replacement
from 5 to create data subset 5.

Call WeakLearn and train with 5) to create
classifier Cy.

Create dataset 5o as the most informative
dataset, given £, such that half of 55 is cor-
rectly classified by Cy, and the other half is

misclassified. To do so:

d.

Flip a fair coin. If Head, select samples from
S, and present them to C; until the first
instance is misclassified. Add this instance
to S;.

If Tail, select samples from 5, and present
them to €| until the first one is correctly
classified. Add this instance to S2.

. Continue flipping coins until no more pat-

termns can be added to 5.

Train the second classifier C» with 55.
Create 5S¢ by selecting those instances for
which €} and 2 disagree. Train the third
classifier Cs with Si.

Boosting

= boosting - 3 slabé
klasifikatory:
o C,—trénovanie na nahodnej
podmnozine

o C,—trénovacia mnoZina: %
dobre klasifikovanych prikladov z
C, a % zle klasifikovanych

o C;—trénovanie na prikladoch,
pre ktoré si C, a C, odporuju

= C, C,, C; saskombinuju
vacsinovym hlasovanim do
silného klasifikatora

Test — Given a test instance x
1. Classify x by €} and C5. If they agree on the
class, this class is the final classification.
2. It they disagree, choose the class predicted
by Cs as the final classification.

SUNS, M.Oravec, UIM FEI STU



‘ Adaboost.M1

= AdaBoost - viacero verzii
0 AdaBoost.M1 (multiclass)
0 AdaBoost.R (regression)

= trénovanie slabého klasifikatora na prikladoch vybratych
z iterativne aktualizovanych rozdeleni trénovacich dat

o aktualizacia zaruci, ze priklady, ktoré predchadzajuci klasifikator
klasifikoval nespravne, su zahrnuté do trénovacich dat nového
klasifikatora s vacSou pravdepodobnostou

= kombinacia vahovanym vacsinovym hlasovanim
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Algorithm AdaBoost.M1

mpSEumcentNemmpBS: [(x;, )] i=1,--- N Ad a bOOSt. M 1

withlabels y; € 2,02 = {w,...,&¢ch
Weak learning algorithm WeakLearn;
Integer T specifying number of iterations.

1 rozdelenie vah D,(i) pre trénovacie priklady
Initialize Dy () = .. 1= 1.--- N x,i=1,..., N zktorych sa postupne
vyberaju datové podmnoiziny S, pre

Dofort=1.2,....T: klasifikator (hypotézu) h,

1. Select a training data subset 5;, drawn from
the distribution [};.

2. Train WeakLearn with ;, recelve hypothe- pri inicializacii je rozdelenie rovnomerné,

sis hy. vSetky priklady maju rovnaku Sancu dostat
3. Calculate the error of sa do prvej trénovacej mnoziny

h‘r: £ = E fof}. {12}

thex)#Yi

If &t =15, abort.

4. Set B = e/(1 — ). (13) Test — Weighted Majority Voting: Given an unla-
beled Instance x,
5. Update distribution 1. Obtaln total vote recelved by each class
_ _Deidy [ B 0 X)) =y L ;
De: Diy (0 = T { 1. otherwise (14) = 2 log 7/=1... .C. (15)
.f"..ﬁ.-[:?i}l::ﬂ_‘:

where Z; = % ; D; (i) 1s a normalization con-
stant chosen so that ;| becomes a proper
distribution function. o]

— 2. Choose the class that recelves the highest
total vote as the final classification.



Algorithm AdaBoost.M1

mpSEumcentNemmpBS: [(x;, )] i=1,--- N Ad a bOOSt. M 1

withlabels y; € 2,02 = {w,...,&¢ch
Weak learning algorithm WeakLearn;
Integer T specifying number of iterations.

chyba ¢, klasifikatora h, sa tiez vahuje
Initialize Dy () = gy i=1,-+ , N L tymto rozdelenim

Dofort=1,2,....T:
1. Select a training data subset 5;, drawn from
the distribution [};.
2. Train WeakLearn with S;, receive hypothe- vypocet normalizovanej chyby 6, ,

chyba &, musi byt men3ia ako %

sls fy. pre0<eg <%
3. Calculate the error of mame 0< 6, < 1.

h‘r: £ = E fof}.

ihe(x;) 7y

If &t =15, abort.

4. Set B = e/(1 — ). (13) Test — Weighted Majority Voting: Given an unla-
beled Instance x,
5. Update distribution 1. Obtaln total vote recelved by each class
.‘L'l'r:JS'H_li.'t'}:‘D:,;,—t;Er X {ff tf;;:;:ﬂ,;eﬁ (14) I»f:m (% ]ngﬁ;,f:l,... L. (15)
#h A=l

where Z; = % ; D; (i) 1s a normalization con-
stant chosen so that ;| becomes a proper
distribution function. o]

— 2. Choose the class that recelves the highest
total vote as the final classification.



Algorithm AdaBoost.M1

mpSEumcentNemmpBS: [(x;, )] i=1,--- N Ad a bOOSt. M 1

withlabels y; € 2,02 = {w,...,&¢ch
Weak learning algorithm WeakLearn;
Integer T specifying number of iterations.

Initialize Dy (i) = §.,i=1,--- . N (11)

Dofort=1,2,....T:
1. Select a training data subset 5;, drawn from
the distribution [};.
2. Traln WeakLearn with S;, receive hypothe-

sis hy. . g .
3 Calculate the error of pravidlo upravy rozdelenia:
h‘r: £ = E fof}. {12}
the(X)#y; vahy dobre klasifikovanych prikladov
If &y =15, abort. aktualnou hypotézou sa zniZia Cinitefom 6,

4. Set ﬁf = Er}'l'lfl = E,r}.

(13)

vahy zle klasifikovanych prikladov sa
5. Update distribution .

nezmenia
Dyii) if he(X;) =
D;:D;_H{f}:é—x{’fr ;J- % L . ,

t p UL po normalizacii sa teda vahy zle
where Z; = Y; D; (i) Is a normalization con- klasifikovanych prikladov zvysia
stant chosen so that ;| becomes a proper
distribution function.



Algorithm AdaBoost.M1

mpSEumcentNemmpBS: [(x;, )] i=1,--- N Ad a bOOSt. M 1

withlabels y; € 2,02 = {w,...,&¢ch
Weak learning algorithm WeakLearn;
Integer T specifying number of iterations.

hlasovanie vahovanou vacsinou (rozdiel
od baggingu a boostingu)
Initialize Dy (i) = §.,i=1,--- . N (11)
dobre klasifikujuce klasifikatory maju
Dofort=1,2,....T: vacéiu vahu
1. Select a training data subset 5;, drawn from
the distribution [};.
2. Traln WeakLearn with S;, receive hypothe-

1/8, je meradlom spravania sa, pre
malu chybu je velké — niekedy az prilis,

sis f1;.
3. Calculate the error of pre mozné problémy so stabilitou sa
h‘r: Ep = E fof}. {12} pOUiiva |Og
e (X;)#£ ¥
If &t =15, abort.
4. Set Br = er/(1 — &). (13) Test — Weighted Majority Voting: Given an unla-
beled Instance x,
5. Update distribution 1. Obtaln total vote recelved by each class
_ De(ty [ Be if he(x;) = i -
Dr'ﬂ”lsz,x{l, ome;'wise! (14) I{F:m (Z}: ]ngﬁ;,;:l,... .. (15)
el X )=

where Z; = % ; D; (i) 1s a normalization con-
stant chosen so that ;| becomes a proper
distribution function. o]

— 2. Choose the class that recelves the highest
total vote as the final classification.



‘ Adaboost.M1 - blokovy diagram

= algoritmus je sekvencny:

= klasifikator C, sa vytvori pred klasifikdtorom C,,,, Cize B, a Dy su uz k dispozicii

Training Data
Distribution

Training Data

5

hy

Dy

SUNS, M.Oravec, UIM FEI STU

r"/ Ensemble
hr Decision
Cr
log 1/pr L 44 4109 1B
Br
Update MNormalized "
Distribution Error 4 le?g k’:l'am!gms
o B g

By




‘ Adaboost.M1

m chyba trénovania E (ensemble error) je zhora ohrani¢ena

-
E <27 [Ver(T=en
i=1

= £,<1/2 => Eklesa s kazdym dalSim klasifikdtorom

= dobra odolnost voci pretrénovaniu!

= suvisi s margin theory
0 rozmedzie (margin) vzorky x je jej vzdialenost od rozhodovacej hranice

0 rozmedzia sme Studovali pri SVM (maximalizadcia rozmedzia medzi vzorkami a
rozhodovacou hranicou)

SUNS, M.Oravec, UIM FEI STU



‘ Adaboost a SVM

m podporné vektory definuju rozmedzie, ktoré oddeluje triedy

= SVM aj AdaBoost maximalizuju rozmedzie
= AdaBoost zosilnuje (boostuje) aj rozmedzia

Various Potential Decision Boundaries Optimal Decision Boundary

o |

i k] o k]

5 5 &

F: 3

ol I Ll o A

Maximum
Margin
L ¥
Feature 1 Feature 1

s Class 1 Instances & Support Vectors for Class 1
AClass 2 Instances & Supporn Vectors for Class 2
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‘ Dobry material o Adaboost:

m  http://www.comp.leeds.ac.uk/scsjso/adaboost talk.pdf

AdaBoost

Lecturer:
Jan Sochman

Authors:
Jan Sochman, Jiti Matas

Center for Machine Perception
Czech Technical University, Prague
http:/ /cmp.felk.cvut.cz
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‘ Stacked generalization

= kumulovana, zasobnikova generalizacia

TN
- - Classifier 1
Py with
e Parameters
s o 'E'1
(%, B) [ .
C-l - = -
Ci-1 - | - T
NI
Input l P (x, By L _ @
E Ci 7 E% % Final
i
@ E Decision
e | 3 E
hr{x, By}
Cr
First Lewvel Second Level
Basze Classifiers Meta Classifier
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‘ Mixture of Experts

= ,zmes expertov”

m  sUbor—mnozina klasifikatorov =T

Cy oy Gy ——

=  kombinator
o nieje klasifikator, ale jednoduché

Classifier 1
with
Parameters
By

pravidlo (ndhodny vyber, vahovana
vacsina, vahovany vitaz)

= Kklasifikator 2. stupna C;,,

hir{x, &7)

o priraduje vahy pre kombinator

W

o vadsinou je to neurdnova siet -~

= Mixture-of-experts je algoritmus pre
selekciu klasifikatora
o jednotlivé klasifikatory su expertmi pre
Cast skimaného priestoru, kominator
vyberie najlepsi alebo vahuje viacero
dobrych ...

=3
2EE |
32 E [ Final
o 8 73] Decision

Gating
Meatwaork

)

(Usually Trained
with Expectation
Maximization)
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2)

STRATEGIA NA KOMBINOVANIE VYSTUPOV
KLASIFIKATOROV
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Stratégia na kombinovanie vystupov
klasifikatorov

m 2 taxondmie

(i) trénovatelné alebo netrénovatelné pravidla kombinacie
m  trénovatelné (dynamické)

0 parametre kombinatora (vahy) sa uréia samostatnym trénovacim algoritmom (napr. EM)
= netrénovatelné

O napr. vahované vacsinové hlasovanie

(ii) pravidla kombinacie, ktoré sa aplikuju bud' na znacky tried alebo na spojité
vystupy Specifické triedam
= aplikacia na znacky tried w, j=1,...,C
m aplikacia priamo na spojité vystupy jednotlivych klasifikatorov
O napr. na spojité vystupy MLP alebo RBF siete
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Stratégia na kombinovanie vystupov
klasifikatorov

(ii) pravidla kombinacie, ktoré sa aplikuju na znacky tried alebo na spojité
vystupy Specifické triedam

= kombinovanie znaciek tried
O Majority Voting
0 Weighted Majority Voting
0 Behavior Knowledge Space (BKS)
0 Borda Count

= kombinovanie spojitych vystupov
0  Algebraic combiners

mean rule, weighted average, trimmed mean,
Minimum/Maximum/Median Rule, product rule, Generalized Mean,

0 Decision Templates
0 Dempster-Shafer Based Combination
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Ktoré vytvorenie suborou alebo ktoré
pravidlo kombinacie je najlepsie?

= neexistuje najlepsi klasifikator pre vsetky klasifikacné problémy
0 najlepsi algoritmus zavisi od Struktury dat a apriérnej znalosti

= podobné plati aj pre pravidla kombinacie
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llustracie
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Na grafe su 2 triedy po 100 objektov. Na generovanie dat bol pouzity
banana shaped classes. Na trénovanie bolo pouzitych 40% dat, zvysok

sluzil na testovanie.

m Klasifikdtor bpxnc (back-propagation), klasifikator MLP.

Feature 2

Banana Set
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N
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0 **ﬁ * + * +
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¥ # i
* *
5 s
* bpxnc, 3 neurons
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-10t « ¥ —bpxnc, 3 neurons | 1
2 X e X
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Feature 1

Banana set, pouzité 3 neurdny v skrytej

vrstve

MLP klasifikator, 3 neurdny v skrytej vrstve

Banana Set
—bpxnc, 5 neurons +
4 ++ +
—bpxnc, 15 neurons +
2 —bpxnc, 50 neurons
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Feature 1

Banana set, pouzitych viac neurénov v
skrytej vrstve

MLP klasifikator, 5,15 a 50 neurénov v
skrytej vrstve

N
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m Vysledok suboru klasifikatorov

Banana Set Banana Set
+ : . - +
T g} —— Mean combiner +
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— Voting combiner . "
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LY 1 1 L 1 1
0 5 -10 -5 0 5
Feature 1 Feature 1

Subor klasifikatorov Subor klasifikatorov

mean, voting a maximum kombinator mean, voting a maximum kombinator
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Na grafe su 2 triedy po 100 objektov. Na generovanie dat bol pouzity

spherical shaped classes. Na trénovanie bolo pouzitych 40% dat,
zvysok sluzil na testovanie.

Klasifikator bpxnc (back-propagation), klasifikator MLP.

Spherical Set

Spherical Set

6F 7 -
6r * ——bpxnc, 5 neurons ||
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#| ——
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Feature 1 Feature 1

Spherical set, pouzité 3 neurdny v skryte;j

vrstve

MLP klasifikator, 3 neurdny v skrytej vrstve.

skrytej vrstve

skrytej vrstve.

Spherical set, pouzitych viac neurénov v

MLP klasifikator, 5,15 a 50 neurénov v

N
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= Vysledok suboru klasifikatorov

Feature 2

Banana Set
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Feature 1
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Feature 2
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Feature 1
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mean, voting, maximum a product
kombinator
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Feature 2

= Jednotlivé klasifikatory a vysledok suboru

Banana Set
5t ——Ilinear
——quadratic
——parzen
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Feature 1

klasifikatorov

Jednotlivé klasifikatory

linearny, kvadraticky, parzen a back-
propagation klasifikator.
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Feature 1

Subor klasifikatorov
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