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O KDDCup'11: 15 place of Track 1 for “A Linear Ensemble ... ”;

%ﬁzﬁz (Ensemb|e Learning) o 2nd place of Track 1 for “Collaborative filtering Ensemble”, 1st
N ."; 2™ place of Track 2 for
AR, e place of Track 2 for "Ensemble ..."; 2" p
*U%% | %E%ﬁﬁilaﬁfm “Linear combination of ..”
Problem O KDDCup'12: 1+ place of Track 1 for "Combining... Additive
Problem . Forest..”; 1s* place of Track 2 for "A Two-stage Ensemble of..."
o > > P T— ——— O KDDCup'13: 1%t place of Track 1 for "Weighted Average
Learner - - Ensemble” ; 2" place of Track 1 for "Gradient Boosting
|L‘Eamer | | Learner ‘ Machine”; 1% place of Track 2 for “Ensemble the Predictions”

O KDDCup'14: 15t place for “ensemble of GBM, ExtraTrees,
Random Forest..” and “the weighted average” ; 274 place for

Efmg{f% qﬂgiﬂ.ﬁmgm’l‘iﬁg “use both R and Python GBMs”; 3 place for "gradient boosting

machines... random forests” and “the weighted average of..”

O KDDCup’15: 1% place for “Three-Stage Ensemble and

O KDDCup’07: 1st place for “... Decision Forests and ..” Feature Engineering for MOOC Dropout Prediction”

O KDDCup’08: 1+ place of Challengel for @ method using [0 KDDCup’16: 1% place for "Gradient Boosting Decision Tree”;
Bagging; 1% place of Challenge2 for “... Using an 2"t place for "Ensemble of Different Models for Final Prediction”
Ensemble Method “

N \ -

O KDDCup’09: 1+ place of Fast Track for "Ensemble ... ”; 2 )&—l_ﬂs KDDCUp ﬁﬂ&%’ l/,{&Netfllx\
place of Fast Track for “... bagging ... boosting tree models ..", Kaggle %%%%ﬂﬁﬁ*ﬁﬁﬁg@ﬁﬂi%,
1st place of Slow Track for "Boosting ... ”; 2" place of Slow
Track for “Stochastic Gradient Boosting” n%z%_@JQI\@ﬁa ?%&#2

O KDDCup’10: 15t place for “... Classifier ensembling”; 2

place for “... Gradient Boosting machines ... ” *E 3% :v.- Em
JAY)) y O
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O 65> (ensemble learning) @I 25 M gekI2FH 4 EE
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O Z“HXRIOA, BRIREDERSHEIREN: P (hi(z) # f(x) =

O RE|AGET T DS, BUFEED LS IEMN DR ETR

O BREAKBMERKIGEIATT, NegHoeffding RS T2
|T/2]
P(H (@) # @)= Y (1 )a-oker
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BN N E, REREBET0
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Boosting - Boosting& %

Input: Sample distribution D;
Base learning algorithm £;
Number of learning rounds 7'.

Process:

1. D;=9D. % Initialize distribution

2. fort=1,....T:

3. hi = £(D¢); % Train a weak learner from distribution D;
4. ¢, = Pyup,(hi(x) # f(x)); % Evaluate the error of h;

5. Di+1 = Adjust_Distribution(Dy, €;)

6. end

Output: H(x) = Combine_Outputs({hi(x),..., hi(x)})

O Boostingix & /ARSI Uk EAdaBoost



Boosting - AdaBoostiES
ESIBOEMES  ww) =3 ah

O SIMLESIRERE 1 (H | D) = B, ple- /@1
O SIEIRERMS/ )\, T ERXEURSE R0, Al

Olexp(H | D)

oH@) ¢ DPU@=1]2)+"OP(f(=) =-1|2)

=12 H(xz)==In —
sign (H (x) ) = sign (%ln P]Z;j;:(v))= _11|| :z)) 2 P(f(z)=-1|=)

z) > P(f(z) = -1|z)
z) < P(f(z) =-1|z)
ylz),

iy
_1’ P(f(w) |

= argmax P(f(z)
ye{-1,1}

sign(H(O))AE] S MRS ek
IHBRE IR L MR A KT S ER0/ LR R — BBV B

_ {1, P(f(a)



Boosting - AdaBoostiES

O SEDESGhETDMDHE, ZEDESEIINE a NIFF
B/ VIS EUR K 2N

Eexp (atht | Dt) = ]EmN’Dt [e—f(w)atht(m)]

=Eo~p, [e7*1(f () = h¢ (@) + e*1(f () # he ()]
=e " Ppup, (f (¢) = by (x)) + €™ Ponp, (f (2) # e (2))
= e X (1 — Et) + Batet €t — Pm,\,pt (ht(a:) §£ f(ﬂ)'))

O SBEIRKREBS2090, Bl

(%exp(atht |Dt) _ Ozt:%ln(l—ﬁt)

e_a‘(l — Gt) -+ eo‘tet

Hat



Boosting - AdaBoostiES

O RS H, 1 ZEEERD M TR, 15 N —BHNESgsh,
REZYIEH, BV —1E8R, BB AR EEH R

loxp(Hi—1 + hy | D) = Egple™/ @ Hi-1(@)+he(@))]

— B, ple~/@H1(@) g~ f@he(@)

O RVETHILI

bexp(Hi—1 + ht | D) = Egnp oI @ @ (1 — f(z)hi(z) + f2(w)2h? (-”3))]

~ Eaup [ @@ (1 f@hu(a) + 5 )




Boosting - AdaBoostiES

O BN ES M85
hi(x) = argmin feyp (Hi—1 + h | D)

= argmin E,p [e‘f(‘”)H‘—l(“’) (1 — f(x)h(x) + 1)]
h

= arg max Ezp -e_f(‘”)H‘—l(m)f(w)h(m)]
h L

. e—f(@)Hi—1()
= arg }Ilnax x~D Egple—f@Hi1(@)]

f (-’B)h(w)] :

0 53528 Epuple f@Hi1(2)] 2 — sy D, HR—NH:
D(w)e—f(w)Ht—l(m)
]E:BND [e_f(w)Ht—l(w)]

Dy(z) =



Boosting - AdaBoostiES

O RIEMZHE, XFMNT:

e—f(@)Hi—1(x)

hy(x) :arg;naXEmN’D [ E,. D[ —f(@)H, 1 a:)] (w)h’(m)]

= argmax Eqp, [f(x)h(x)] .
h

O 87 (), h(x) € (-1, +1}5
f(@)h(z) = 1-21(f(2) # h(a)
O BRHNESIEE
hi(x) = arg min Equp, [I(f(x) # h(x))]

h



Boosting - AdaBoostiES

O SAENEADMEFH AT

D () e (@) H:i()
Egp [e—f(m)Ht(w)]
D (z) e [@)Hi-1(®) o= f(@)orhe ()
— E, [e_f(m)H‘(m)]

Diy1 () =

E e_f(m)Ht—l(w)]
_ .~ F@)achi(w) B~ |
=Di(z)-e B, p [o /@L@)]



Boosting - AdaBoost&:

WA: WL D = {(z1,91), (2, ¥2),- - - s (B, Ym) };
A ) L
MNGRET.

U -8

1: Dy(z) =1/m.

2 fort=12....T ido

3: ht — S(D’Dt);

€ = P:zw'Dt (ht(w) 7/: f(:z:)),

if ¢, > 0.5 then break

ap = %ln (le;:t)’
. __ Dy(x) exp(—ay), if hi(x) = f(x)
{ Dt+1(m) - DZ—L o exp(at),t if hZ(m) 76 f(m)

_ Dt(m)exp(—Zatf(m)hz(m))

8: end for

Wit H(w) = sign (L., achi())

O HIFEDMNS >
o SHEMNE. EXRMA

O &35, B#RlIGIEIRELL




Boosting - AdaBoost3L%
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Bagging SEEHLARM

A NZEE D= {(z1, 1), (®2,92), .-, (®m>Ym)}s

O MRS MBAEHE 32 S E Y O
h % WS T,
BRI T .
L Iderd =12 wido
O FTHER 2:  hy = £(D, Dys)
o 3: end for
O BEIXREA #Wt: H(x)=argmax Zle I(hi(x) =y)
yey

O a2 xER
¢ REEFISHITESRENO(M), XESKE/PIIIENERE
NO(s), NbaggingE &E XENT(0(M)+0(s))
® BFO(S)RNETE—TAABEE
® RAgr—TbaggingRk SERISHES MENEREDMN

O JEAREIMETT



Bagging SEEYLZMNR - IMATT

O HO ()RR xBIBINTON, B E FEARLEARAE AN lIZk
HES Mgsftx YT

H(x) = argmaxZH (he(x) =y) - 1I(x & Dy)
yey =1

O Bagging:Z{iRENBIMEITN

Z I Hoob )

(m y)ED



BaggingSEEY1#ARM - BaggingLi®

A A A
+ N + 4FN + 4FN
» 06FH - A 5 06 - RN N 06 = 3N
7"/5 + 7}‘}‘% + 7];:& +
£ 04 £ 04} % 04}
_ + - + +
-+ ++ - |+ ++ B *
02 S 02 + = 02 Tt
_ + - _| + - _ + -
0 05 04 06 08 » O 02 0'.4 0608 ¥ 0 oF o5 oz >
(a) 3INAF I B (b) 5/\5&%"73% © UNEAFIE

O MmZE-DZNRE : FHIUOE, TASREIRRM, MRS
DR AZINNS Mas FBREL



Bagging SEEYLARM-BEHLARM

O BEF.ZRM(Random Forest, &#RRF)Zbaggingdi— PN BT

O XA+69kE M4

O FMmEEavbalt

Input: Dataset D = {(x1,41), (€2,42). - - -, (T, Ym) };

Feature subset size K.

Process:

ORNS O O -

10.
11.
12.

N « create a tree node based on D;

if all instances in the same class then return N

F « the set of features that can be split further;

if 7 is empty then return N

F « select K features from F randomly;

N.f « the feature which has the best split point in F;
N.p < the best split point on V. f;

D, + subset of D with values on N.f smaller than N.p;
D,. + subset of D with values on N.f no smaller than N.p;
N, + call the process with parameters (D;, K);

N, « call the process with parameters (D,, K);

return N

Output: A random decision tree



BaggingSHEYLARM - FEYLZRMEKIE
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(a) Aithy R (b) HARE (c) A T8 R

O B8NIA O BV IA

T

T T
H(x) = %th‘(fb)- H(x) = Z’u,.vz-h.i(w) . w; >0 and Zwi =1.
i=1



SERE - EA

O B RV IAR NI 1A BRI

O NBNEA T LR TR 28R
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O NRIDAETNANBERST IR ARNER DR
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Q—t—/\»m-EHQ B ?'LE_EQ

ODOMR

O B2 RA (majority voting)

rejection otherwise .

. < J 1 & k
H(x) = { C; if ,,; h; () > 5 kgl lgl h; ()

O B2 R/A (plurality voting)

H(IB) - Carg max S.7_, h»f ()
J

O N0 =/A (weighted voting)

H(x) =c

‘arg max Y 1, w; h'z ()
J
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L

O Stacking@= XA AI R

Input: Dataset D = {(x1,v1), (2,¥2), ..., (Tm.ym)};

First-level learning algorithms £, ..., £7;
Second-level learning algorithm £.
Process:
1. fort=1,...,7: % Train a first-level learner by applying the
2. ht = £:(D); % first-level learning algorithm £,
3. end
4. D' = % Generate a new data set
5. fori=1,...,m:
6. fort=1,....T
7. Zit = ht(mz))
8. end
9. D'=D"U ((zil ..... ZzT) yz)r
10. end
11. n'=£(D’); % Train the second-level learner 2’ by applying

% the second-level learning algorithm £ to the
% new data set D’.

Output: H(z) = 1 (hy(2). ..., hr(z))
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RE-DIFHE

1RE-DIRDEE (error-ambiguity decomposition):

E=E—-A

/Sl N\

{4 N : ”
Ensemble error Ave. error of Ave._ ar.n.blgwty (“ambiguity” later called
individuals of individuals “diversity”)

The more accurate and diverse the individual learners,
the better the ensemble

However,
« the “"ambiguity” does not have an operable definition

« The error-ambiguity decomposition is derivable only for regression
setting with squared loss
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AR A

O fENS=ig&7A(random subspace)

WA NZIE D = {(z1,91), (F2,92)s 5 (Xms Ym) }5
HEIIHG: &
HZEIIRE T,
75 6] @ E d.
i 2

s dort = 1.2 ... do
2x FHe=—TRS(D:d)

3: -Dt = Map}-t (D)

4. ht . g(Dt)

5: end for

Wi H )=t > =1 I (ke (Mapp, (2)) =)
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AHRTIE) & EESEIE)
AHZRIILE)
O ##5/A(Flipping Output)
® [EHLNZH AFEARIMRIC
O FhEsFLhA(Output Smearing)
o NEH/HANOTmMBTE] DS
0 ECOCSE
® X KFFINEN—ARIMEIES KK

ARt

—

SRS HIN DN
O PUBXIA

® BHERMEBPENBRAANDNSH
O ANEBYZAF B RGN
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Ensemble Methods Z.-H. Zhou.

Foundations and Algorithms Ensemble Methods:

; Foundations and Algorithms,
Boca Raton, FL: Chapman &
Hall/CRC, Jun. 2012.

(ISBN 978-1-439-830031)
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