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O KDDCup’12: 1st place of Track 1 for "Combining... Additive Forest..”;

Ensemble Lea rning (%&?E) . 1st place of Track 2 for “A Two-stage Ensemble of..”

Using multiple learners to solve the problem O KDDCup’13: 1st place of Track 1 for “Weighted Average Ensemble” ;
2nd place of Track 1 for “Gradient Boosting Machine”; 1st place of

Track 2 for “"Ensemble the Predictions”

Problem
Problem 1T O KDDCup’14: 1st place for “ensemble of GBM, ExtraTrees, Random
i) :> - Forest...” and “the weighted average” ; 2nd place for “use both R and
/ T e T Python GBMs”; 3rd place for “gradient boosting machines... random

) forests” and “the weighted average of..”
Learner

‘Learner ‘ ‘Learner ‘ o

O KDDCup’l5: 1st place for “Three-Stage Ensemble and Feature
Engineering for MOOC Dropout Prediction”

Demonstrated g reat O KDDCup’16: 1st place for “Gradient Boosting Decision Tree”; 2nd

f . I t_ place for “Ensemble of Different Models for Final Prediction”
errormance in reail practice
p p O KDDCup’1l7: 1st and 2d place of Task 1 for "XGBoost”; 1st place of

Task 2 for "XGBoost”, 2M place of Task 2 for "Weighted Average of
KDDCup’07: 1st place for “... Decision Forests and ..." Multiple Models”

KDDCup’08: 1st place of Challengel for a method using Bagging; O KDDCup18: 1st place for “Gradient Boosting”; 2" place for “Two-
1st place of Challenge2 for “... Using an Ensemble Method ” stage stacking”; 3 place for "Weighted Average of Multiple Models”

KDDCup’09: 1st place of Fast Track for “Ensemble ... ”; 2nd place of Duri h d d | 1
Fast Track for “... bagging ... boosting tree models .., 1st place of uring the paSt ecade, almost

Slow Track for “Boosting ... “; 2d place of Slow Track for “Stochastic Winners Of KDDCup Netflix competition
Gradient Boosting” . ;. = ’
KDDCup'10: 1st place for “... Classifier ensembling”; 2nd place for Kaggle COmDEtItIOHS, etc., utilized

... Gradient Boosting machines ... ” ensemble techniques in their solutions

KDDCup’11: 1st place of Track 1 for “A Linear Ensemble ... ”; 2nd
place of Track 1 for “Collaborative filtering Ensemble”, 1st place of

|
Track 2 for “"Ensemble .."; 2nd place of Track 2 for “Linear = TO WI n ? E n Se m b I e !

combination of ...”
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Some intuitions:

.D. Ground-truth

Learnerl (66.6%)

Learner2 (66.6%) \ Ensemble (100%)

N - H =

learner3 (66.6%) /

‘. Majority voting

Learnerl (66.6%)

Learner2 (66.6%)

learner3 (66.6%)

\ Ensemble (66.6%)

~ [
/

Majority voting

Ensemble really helps

Learnerl (33.3%)

s

Learner2 (33.3%)

learner3 (33.3%)

\ Ensemble (0%)

~ 1
K

Majority voting

SMES IR “BIRD”

Individuals must
be different

Individuals must
be not-bad
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« AdaBoost [Freund & Schapire, JCSS97]
e (GradientBoost [Friedman, AnnStatOl ]
e [PBoost [Demiriz, Bennett, Shawe-Taylor, MLJO06]

" FTHOA
« Bagging [Breiman, MLJ96]
« Random Forest [Breiman, MLJO1]
« Random Subspace [Ho, TPAMI98]




Boosting: A flowchart illustration

training instances that are wrongly predicted
by Learner; will play more important roles in

Original training set / the training of Learner,
Data set |]:> Data set , |]:> cee aes Data set 1

A A

il I
Learner; Learner, w

weighted combination




Boosting — AdaBoostSLL

A A A
+ 4FN + BN + 47N
N 0.6 = N a 0.6 = 3N N 0.6F = A
04F + 04 + £ o4t
- + * + - + * + - *
- |+ +
02 oo 02 R 02t ++
0 02 04 05 o8 > 0 02 03 05 08 > ¢ 02 04 06
i %“Et %
(a) 3INEFIE (b) SANEF]E (c) INkFIE

O BbmE, IXVZHIMEREESSHS s G I RREYE




Bagging

Data set,

)

.

// Data set ; Data set ,
\Learner, Learner,

bootstrap a set of learners

generate many data sets from
the original data set through
bootstrap sampling (random
sampling with replacement), then
train an individual learner per

AN data set
Data set |, \
Learnern// voting for classification
/ the output is the class label
receiving the most number of

votes

averaging for regression

the output is the average output of]
the individual learners




Bagging SBEN LA

O FEH.ZM(Random Forest, f&FRRF)EZbaggingty— N ELid

724 AN I Input: Dataset D = {(x1,v1), (2,92), ..., (®m,ym)};

- 7K¢$ E]}] Bﬁ?lﬂ |‘¢" Feature subse{t size K. }
Process:
1. N « create a tree node based on D;

O %' |‘_¢Lﬁ}§8)ﬂ Bﬁjﬂ)' |\$ 2. if all instances in the same class then return N
3. F « theset of features that can be split further;
4. if F is empty then return N
5. F « select K features from F randomly;
6. N.f « the feature which has the best split point in F;
7. N.p « the best split point on N. f;
8. D; «+ subset of D with values on N.f smaller than N.p;
9. D, + subsetof D with values on N.f no smaller than N.p;

10. N, « call the process with parameters (D;, K);
11. N, « call the process with parameters (D,, K);
12. return N

Output: A random decision tree




Bagging K30

06r

02

A A
+ SN + 4N
/3\0.6- - A /3\0.6- - A .
A + A& + B
F 04 F 04 £
+ +
- + - +
02 — = 02} i -
0 0.2 0.4 0.6 0.8 > 0 0.2 0.4 0.6 0.8 >
il HE
(a) INEAFI S (b) SMNEFIH

+ N
- XA

O MRE-DENBE: BMUOZE, EASIRBIRRN. BEMLS

DRFAZMNF 38 FMRET
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(a) it i R E (b) 5 29 R (¢) Rt R B

B 8.8 F 3 BLETHM AT @ K44 [Dietterich, 2000]
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O EXN2EEREA (majority voting)

T i X I T .
H(z) = {('j if z:l hi () > 5 k; i;l he (x)

rejection otherwise .

O BYIZHIE A (plurality voting)

H(x) =c

— Yargmax Y], h? (:z:)
J

O N0 =/A (weighted voting)

H(il?) = Carg max > 71_, wih'z ()

J
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EERIZ-Z DA

O Stacking@= AR AI R

Input: Dataset D = {(z1,v1), (Z2,92), ..., (Zm, Ym)};

First-level learning algorithms £, ..., £7;
Second-level learning algorithm £.
Process:
1. fort=1,...,7: % Train a first-level learner by applying the
2. h: = £:(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(a:,),
8. end
9. D' =D U ((221 ..... 41T) ll),
10. end
11. h' = £(D"); % Train the second-level learner /2’ by applying

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

Output: H(z) = ' (h1(z), ..., hr(z))
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JE'Z \% (error-ambiguity decomposition):

P

El=E—A

SN

Ensemble error Ave. error of  Ave. “ambiquity” (“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




“HADRE” 7

VeEEME

=R (selective ensemble):

BE—HBMEZT I, MNPUtE—8DRIWESRR, ZFSWE
A TS MR (B/)\BEME/NaTTHE, SRR

Problem
1T YRR RRER MK AL 5 S/ BN
—0 o T— REH “EERSH” BHAG !

Learner

Le%r

7 N\

Learner

RE TN,

EAlE8I (ensemble pruning)
[Margineantu & Dietterich, ICML'97]

TXVRRIIAIE
BUNERRAIE., P AHMERE

AR

EEMEERAN [Zhou, et al, AD) 02] FEHG,
HXYFHITEIEERY, MCBTA (Many could
be better than all)EIE

BV NEERAR. SB5RZ (1R

BRI “SREE” 5 “REIEERN” EARINEXIT
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“

"£” (diversity) REMF MBIKE

) =
RS
—ARBN MO LSBT SR IIERTRE N
K-1%
hi=+1 h; =—1 0.40 :
hj =+1 a & 035!
hj =—1 b d
0.307

NEEE (disagreement measure)
XA (correlation coefficient)

T3k E
=
[§]
N

0.20!
* Q-RITE (Q-statistic) 015/
o K-2RA1TE (x-statistic) 0.10! | . | A

02 0 02 04 06 08
° R

— D ESBFENEPH—TR
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H ¥1R%% Diversity measure

R

(seblelasc)

5, o

a+B+2e

s, asd

a+h+crd
2atd)

5, e
D i P v e

aed

s ==
E—— Sr AR eyl

atlSd
asbeced
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S =

atd

R——
% rawacer w2 +d

s a
m-—n+b'-t-¢l

Dosnne =b%e

Dy = fboc

Do o = Y B <)

:
Desnms = +c)*
Do =b 4

bt+e

Dre saarran =iy

Deprmors =B 4¢

D = 35 )

e*05b+a)+d

“n

)

43)

()

(53)

(335)

7

(5%)

c-¢
e o™
S cosensocm s =P an
Jat+atbee
]
S aanne cosuct asizze 5 'm an

The Incheuion or excimion of segacne matches, J m o
‘binary simslyrity measure: hns besa am cagomg kP,
12,15, 16,17, 18, 26, "nn.w&m L the

S A SR I A S Sk

SEVENTY SIX 1!

B o @ D
B (.ﬂ.::;h‘ L Srnm mm:n-..:.‘-:::::aln-r:)
Dommees =TT @) S
P, 26) ) i T
.‘:""“‘ Swem = TTRTOT TS
Poocmses = Gt 575 o Spmas =290 niad=se)'
ey " L e+Blate
e T (%) s . @
, =
(3 D™ .I.J”;—"ﬂ 29) e _‘_p e ad- b
o0 - K .:unanaula
5 . ! Jeebiasckbedicd)
- S s ¢ = Cont _/ -)
_ n’(na-(a+b)a+c)
S i = (74) =
(a+b)a+c)b+d)c+ad) .
_a
s _(a+ b) _alc+d)
LROTULL T, c(a+b)
(c+d)
(a+b)| |a(c+d)|
SAMPLE i (76)
_c | cla+b) |
(c+ d )
@*b)a®c)
an : v s = e P
Soawnn -m ) ‘:-mb.—m:-; ;:-un Fmucb ).
22) " .m o Cm e+ o b d) s b o= d)

(66)

[C34)

(%)

(C]

pmn:‘lthn'—‘ﬂy "_ i
‘Degative mowhes [1, 6, 10, 26]. Faxk mcinded the
mﬂﬂhdymhlﬁclﬁx*‘bm

ﬂlm&ﬁ'bpmn:hsuop(lﬂ)[ll].
Iz [4]. dxffarant weights for positive and negative matches
ware stadied Waghted smderity messores such as
‘weighted hamming @stance or axoo [4] are not covered
in this paper thomgh

Emﬂyﬂhmmmwmm
bad 3 mexngful
The bamwy umilaity cosiSicenn proposed by Peavs,
Yk, ad Peamen = 1900s conabum: to the svolunen
of the tanouws cormlaon based bimary simlarity
mlhlmﬂldm&_muﬂllmlu
ﬂil-ﬂdymd-hmﬁd&ﬁ.mohg

nmlm-ibyco;y-cw-!mh
Fpms

From [L. Kuncheva, ICPRAM’16 keynote]



However, ...

O [Kuncheva & Whitaker, ML] 2003]: Empirical study shows that
there seems no clear relation between many diversity
measures and the ensemble performance

O [Tang, Suganthan, Yao, ML] 2006]: Exploiting many diversity
measures explicitly is ineffective in constructing consistently
stronger ensembles

There is no well-accepted definition/formulation of diversity

“"What is diversity” remains the holy grail
problem of ensemble learning




DB R R ES

O % 098 sR ™MAS s B S IEBY /T 7A
® ZIEEANILT

® i N[BT ]
® LML

¢ %/i iﬁﬂjﬂﬁb




\

e I EIN i)

O HEEA BESET XA
® Bagging®mHBHIXEA
® AdaboostBIBYIFHAE

HIEFLAMINXY “A iR

EESNR” REN
O NHITF AN IR EST M (MEERES M es)
o RER, WEMEE

O XA I AR ES VS (RBEESES)
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RAEMEID)

O pEYl S =ie& A (random subspace)

m)\: l}ll?fj\ﬁ\ D = {(mls yl)) (mQa y2)a Mt (mm’y'm)}’
IR L
HEIIRH T,
~2% ] JEYEEL 4.
U

s dert = 1.2 ... do
2: . Fr=—TRS(Dyd)

3: Dy = Mapy, (D)

4. ht =S S(Dt)

5: end for

i H(e) =i > =1 I (ke (Mapy, (z)) =)
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O F55A(Flipping Output)

® BN A ABIIRIC

O 385554 (Output Smearing)

Q

® HDER/LINAIFRBSEIDE
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O ECOCA

® KT NHEN—RINMEEFZAHKE
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Chapman & Hall/CRC
Machine Learning & Pattern Recognition Series

Ensemble Methods

Foundations and Algorithms

Z.-H. Zhou.

Ensemble Methods:
Foundations and Algorithms,
Boca Raton, FL: Chapman &
Hall/CRC, 2012. (ISBN 978-
1-439-830031)



http://www.amazon.com/Ensemble-Methods-Foundations-Algorithms-Recognition/dp/1439830037
http://www.amazon.com/Ensemble-Methods-Foundations-Algorithms-Recognition/dp/1439830037
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