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Rationale

® No Free Lunch Theorem: There is no algorithm that is
always the most accurate

® Generate a group of base-learners which when combined
has higher accuracy

®* The need to generate models that are
complementary/uncorrelated/diverse



w%w to generate com%p en!a ry

learners?

e Algorithms

® Hyperparameters

® Representations/Modalities/Views
® Training sets

® Subproblems



Voting

Linear combination
L
y=2 wgd,
j=1

L
w; >0 and ij — 1
=1

Classification

L
yi =2 wd,
e



, Bayesian perspective:

P(c1x)= Y P(c, 1x,M,)P(M,)

aIImodeIsJ\/lj

[Z d} L, el =l ]
Var(y):Va{;Lde Va{Zdj —1-Varld, )= —Var(dj)

Bias does not change, variance decreases by L

Ifd are ud

If dependent, error increases with positive correlation

Var(y)= Va{Zdj {ZVar(d )+2>"Y cov(d,,d }
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Fixed Combination Rules

Rule Fusion function f(-)

Sum Vi=12-1dji

Weighted sum | y; = > jw;idji,wj = 0,2 Wj =

Median vi = median;d

Minimum yi = min; dji

Maximum Vi = max; dji G |G ]G3

Product vi = [1;dji dy 0.2 105 ]0.3
d> 0.0 | 0.6 0.4
d3 0.4 |04 0.2
Sum 0.2 | 0.5 0.3
Median 0.2 | 0.5 0.4
Minimum | 0.0 | 0.4 0.2
Maximum | 0.4 | 0.6 0.4
Product 0.0 | 0.12 | 0.032




Error-Correcting Output Codes

® K classes; L problems (Dietterich and Bakiri, 1995)
® Code matrix W codes classes in terms of learners

® One per class
[=K

® Pairwise
[=K(K-1)/2

+1 -1 -1 -1
Wo S e

-1 -1 +1 -1

= -1 1 1
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-1 0] 0 |+1 +1 O
O -1 0 -1 0 +1
O 0, -1/0 -1 -1




ull code L=2-1)-1
Bl bl ]
-1 -1 -1 +1 +1 +1 +1
-1 +1 +1 -1 -1 +1 +1
+1 -1 +1 -1 +1 -1 +1

W=

e With reasonable L, find W such that the Hamming
distance btw rows and columns are maximized.

L
v, =2 wd,
j=1

® Subproblems may be more difficult than one-per-K

® \oting scheme
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Bagging
® Use bootstrapping to generate L training sets and train
one base-learner with each (Breiman, 1996)

® Use voting (Average or median with regression)
® Unstable algorithms profit from bagging



AdaBoost

Generate a
sequence of
base-learners
each focusing
on previous
one’s errors

(Freund and
Schapire, 1996)

.‘ n N S Tat b 1 , - N
For all {z',r*};L, € &, initialize p} = 1/N
For all base-learners 7 =1,....L
Randomly draw & from & with probabilities p;
Train d; using A
For each (z*.r?), calculate y_; —d;(x")
Calculate error rate: e; — th;. A(y; # )
If €; > 1/2, then L «— j —1; stop
Bj — /(1 —¢€)

For each (z*,r"), decrease probabilities if correct
If y; = -p;_H — | j-p; Else p3+1 — -p;

Normalize probabilities:
t e nt 7
=2t Pas Py Phya/Zs

Testing:
Given z, calculate d;(z),j =1,...,L
Calculate class outputs, 1 =1...., K:

yi = Zj_l (10.% B; ) dji(z)
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" Mixture of Experts

Voting where weights are input-dependent (gating)

L

y=2 wd,

j=1

(Jacobs et al., 1991)
Experts or gating
can be nonlinear
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Stacking y?

Combiner f () is

another learner / f \
(Wolpert, 1992)

1.2



' —d
Cascading y=,
yes
Use d; only if
preceding ones are y=d, no
not confident Jes
no d
Cascade learners in i

order of complexity

w —T

13




/\/

| Combining Multiple Sources

® Early integration: Concat all features and train a single
learner

® Late integration: With each feature set, train one learner,
then train a combiner

® Intermediate integration: With each feature set, calculate
a kernel, then use a single SVM with multiple kernels

® Combining features vs decisions vs kernels
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Fine-Tuning an Ensemble

® Given an ensemble of dependent classifiers, do not use it
as is, try to get independence

1. Subset selection: Forward (growing)/Backward
(pruning) approaches to improve
accuracy/diversity/independence

2. Train metaclassifiers: From the output of correlated
classifiers, extract new combinations that are
uncorrelated. Using PCA, we get “eigenlearners.”

e Similar to feature selection vs feature extraction

15



, cremental Construction o

Ensembles

e Ref: A. Ulas, M. Semerci, O. T. Yildiz, E. Alpaydin (2009)
"Incremental Construction of Classifier and Discriminant

Ensembles," Information Sciences, 179, 1298-1318.

® Given an ensemble of dependent classifiers, do not use it
as is, try to get independence by

e Classifier Ensembles by Subset selection: Forward
(growing)/Backward (pruning) approaches to improve
accuracy/diversity/independence

® Discriminant Ensembles by Decision Tree: Learn the final
output from the L k dimensional discriminant values
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cremental Construction by
Forward Search

1 function icon(P)

2 E<— 10

3 fort=0to L —1

y S E® U My<VYM,, € P where M, ¢ E®

5 if 38" such that STV < SVevk £
and SV < O

6 then B0+ SFY ¢ p 41

7 else break |

§ end for

9 return EW
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ACC OPT

(a) .SUM —

BEST
%/QFSS /

P -

. sv2 .'""""\ ALL

! RND
5 10 15
L
(b) .LIN
BEST

ITIM-_*_*_ ..-_--.- _O
mi
: r CORR ALL
sv®  i~DT.LIN RND

.

'

[ ]

5 10 15
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Decision Tree Combiner

c45(1) < 0.62

sv2(3) < 0.97

sv2(2) < 0.43
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enclassifiers for Combining

Classifiers

e Ref: A. Ulas, O. T. Yildiz, E. Alpaydin (2012) “Cost-
Conscious Comparison of Supervised Learning Algorithms

over Multiple Data Sets,” Pattern Recognition, 45(4),
2

® Train metaclassifiers: From the output of correlated
classifiers, extract new combinations that are
uncorrelated. Using PCA, we get “eigenlearners.”
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Correlation due to hyperparameters

knl kn3 kn5 mil ml2 ml3 mi4 ml5 Inp mdt 45 svl sv2 svr
knl 1.00 0.71 0.64 037 0.37 037 038 0.37 0.38 035 0.30 039 0.34 0.44
kn3 0.71 1.00 0.88 051 0.50 051 051 0.51 0.51 045 0.41 053 045 0.58
kn5 0.64 0.88 1.00 057 0.56 0.57 057 0.57 0.55 049 0.45 059 049 0.64
mil 0.37 0.51 0.57 1.00 0.79 0.51 0.81 0.79 0.67 0.59 0.52 0.75 0.53 0.69
mi2 0.37 0.50 0.56 0.79 1.00 0.51 0.79 0.77 0.66 0.62 0.54 0.76 052 0.69
mi3 0.37 0.51 0.57 0.81 0.81 1.00 0.81 0.81 0.67 0.61 0.53 0.75 0.53 0.70
ml4 0.38 0.51 0.57 0.81 0.79 0.51 1.00 0.80 0.67 0.61 0.53 0.75 0.52 0.69
mi5 0.37 0.51 057 0.79 0.77 0.51 0.80 1.00 0.67 0.60 0.52 0.75 053 0.69
Inp 0.38 0.51 0.55 0.67 0.66 0.67 0.67 0.67 1.00 0.57 0.48 0.71 045 0.63
mdt 0.35 0.45 049 059 0.62 0.61 0.61 0.60 0.57 1.00 0.50 0.64 045 0.60
45 0.30 0.41 045 052 0.54 0.53 053 0.52 0.48 050 1.00 054 043 0.54
svl 0.39 0.53 0.59 0.75 0.76 0.75 0.75 0.75 0.71 0.64 0.54 1.00 0.57 0.74
sv2 0.34 0.45 049 053 0.52 0.53 052 0.53 0.45 045 0.43 057 1.00 0.65
svr 0.44 0.58 0.64 0.69 0.69 0.70 0.69 0.69 0.63 0.60 0.54 0.74 0.65 1.00
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Cbrrelation due to data

:
;
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Algorithm
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Correlation due to features
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- Multiple Kernel Learning

Fixed kernel combination
ck(x,y)

Ki(%,y)+K5(xy)

Ky K, (X,y)

N

K(X,y)=

Adaptive kernel combination

X ): iﬂiKi(XIY)

L, —Za ——ZZatasrtrSZn, ,(X x)
g(x) = Za Zi:n, ,.(x ,x)
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ocalized Multiple Kernel Learning

Ref: M. Gonen, E. Alpaydin (2008) "Localized Multiple Kernel
Learning,” ICML'08 , Helsinki, Finland, July, 352-359.

RS -
min E ||‘me2+CE &i

w.r.t. wy,. b, & Ny ()

S.T. Vi (Z 'T?m(ini)(wm-.{l}m(xi» T b) >1—-& W

m=1

§& >0 Vi (5)
eXp((Vim, T) + Vmo)

p
Y exp({(vg, ) + vko)
k—1

m(T) =
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(a) MKL with (KL-Kp).

a1



(b) LMKL with (K .-Kp).
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(¢) LMKL with (K-K1-K1).
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SVM

(Kp-Kg) (Kp-Kg)

SVM LMEKL
Ky (Kp-Ki-K1)
Acc. SV Acc. SV

Kp Kg

Data Set Ace. SV Acec. SV

BANANA 56.51 T75.99 83.57 92.67
GERMANNUMERIC 71.80 54.17 68.65 58.44
HEART 72.78 T3.80 T7.67 T7T9.11
[ONOSPHERE 91.54 38.55 9436 61.71
LIVERDISORDER 60.35 69.83 64.26 74.43
Pima 66.95 2426 7191 74.26
RINGNORM 70.66 53.91 985.82 40.68
SONAR 65.29 67.54 7T2.71 73.48
SPAMBASE 84.18 47.92 7T9.80 49.50
Wboec 88.73 27.11 94.44 54.74

59.18  93.99 81.39 54.03
7458 97.09 75.09 57.21
78.33 67.00 77.00 58.44
86.15 36.58 87.86 49.06
64.78 85.65 64.7T8 T8.35
70.04 100.00 73.98 53.09
76.91 T8.68 T892 52.53
73.56 6841 T77.14 60.43
85.98 7T7.43 91.18 34.93
95.08 13.11 9434 21.89

5 x 2 cv Paired F' Test (W-T-L)
Direct Comparison (W-T-L)
Wilcoxon's Signed Rank Test (W /T /L)

SVM
Kp Kga
Data Set Acc. SV Acc. SV

(Kp-Kg) (Kp-Kg)

3-7-0  6-4-0
7-1-2  8-0-2
W T
SVM LMKL
K, (KL-Kp-KL)

Acc. SV Acc. SV

ARABIDOPSIS T4.30 68.08 Tr.41 42.36
VERTEBRATES 75.50 6854 7572 41.64

80.10 89.96 R0.832 65.41

7430 9964 B8B1.29 6B8.66
75.00 9902 78.69 67.41
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Combining Learners

Combining does not always improve accuracy; it always
increases cost

Need to find learners that are complementary/diverse so
that accuracy improves

Best to combine multiple sources of information
(modalities) rather than algorithms, hyperparameters or
data folds

Combining features, algorithms and kernels
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