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Objectives
2]

o An introductive tutorial on multiple classifier
combination

-1 Motivation and basic concepts
7 Main methods for creating multiple classifiers
- Main methods for fusing multiple classifiers

-1 Applications, achievement, open issues and
conclusion
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Traditional approach to pattern classification
-4y

o Unfortunately, no dominant classifier exists for all
the data distributions, and the data distribution of
the task at hand is usually unknown

= Not one classifier can be discriminative well enough
if the number of classes are huge

-1 For applications where the objects/classes of
content are numerous, unlimited, unpredictable,
one specific classifier/detector cannot solve the
problem.
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Combine individual classifiers
...,

o Fusion of multiple classifiers can improve the
performance of the best individual classifiers

o This is possible if individual classifiers make different
errors

o1 For linear combiners, Turner and Ghosh (1996)
showed that averaging outputs of individual
classifiers with unbiased and uncorrelated errors can
improve the performance of the best individual
classifier
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Definitions
I

o A “classifier” is any mapping from the space of
features(measurements) to a space of class labels
(names, tags, distances, probabilities)

o A classifier is a hypothesis about the real relation
between features and class labels

o A “learning algorithm” is a method to construct
hypotheses

-1 A learning algorithm applied to a set of samples
(training set) outputs a classifier
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Definitions
S22
o A multiple classifier system (MCS) is a structured

way to combine (exploit) the outputs of individual
classifiers

-1 MCS can be thought as:
0 Multiple expert systems
0 Committees of experts
0 Mixtures of experts
0 Classifier ensembles
0 Composite classifier systems
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Basic concepts
8]

o1 Multiple Classifier Systems (MCS) can be
characterized by:
0 The Architecture

0 Fixed/Trained Combination strategy
1 Others
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MCS Architecture/Topology
-9 y

o Serial
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MCS Architecture/Topology

- Parallel

Expert 1 Expert 2 s Expert N

| I

Combining strategy

ll
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MCS Architecture/Topology
124

- Hybrid
Expertl —>
Combinerl >
Expert2 ——>
P Combiner2 —
Expert N | —
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Multiple Classifiers Sources?

o Different feature spaces: face, voice fingerprint;

Several Classifiers in Different Feature Spaces

o * ..0 Class A
P ® 8
T Class B 8 e
X~ 0% ° ® ! -
(eolor 2 o :.0 o Class A
. L
(colorl)  x) ——m (perimeter) x| ——m

Neural Networks - Shahrood University - H. Khosravi



Multiple Classifiers Sources?

Same feature space, three classifiers demonstrate different performance
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Combination based on different feature spaces
3 1

@—- Classifier 1

@ — | Classifier 2

Different feature sets

@ —n| Classifier 3

@ —»| Classifier 4

‘level-27 features

Combining
Classifier
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Combining based on a single space but different classifiers

5y

Classifier 1

“level-2" features

Classifier 2

Combining
Classifier

Classifier 3

Classifier 4

Single feature set, different classifiers
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Architecture of multiple classifier combination
64

Base classifiers
Same / different models
Same / different training sets

Fixed / tramed rules

Same / different
feature spaces
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Remarks on fixed and trained combination strategies
7y

o Fixed rules
2 Simplicity
0 Low memory and time requirements

0 Well-suited for ensembles of classifiers with
independent/low correlated errors and similar
performances

o Trained rules
0 Flexibility: potentially better performances than fixed rules

2 Trained rules are claimed to be more suitable than fixed
ones for classifiers correlated or exhibiting different
performances

2 High memory and time requirements
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Bagging ( Bootstrap Aggregation)
S

0 Training set D={(X4,Y1),---,(Xx,Yn)}

1 Sample S sets of N elements from D (with
replacement): D,, D,, ...,Dq¢

o Train on each D,, s=1,..,S and obtain a sequence of
S outputs f,(X),..,fs(X)

-1 The final classifier is:

f(X) = zf (X) Sagsster
f(X) =0(Xsign(f (X)) Classificatior
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AdaBoost.M1
-

Input: sequence of 1 examples (21, y1),.... (T, ¥y )) withlabelsy; € ¥V = {1.....k}
weak learning algorithm WeakLearn
integer 1" specifying number of iterations

Initialize D(¢) = 1/m for all 1.
Dofort =12, .. F

1. Call WeakLearn, providing it with the distribution ;.

2. Get back a hypothesis i, : X — Y.

3. Calculate the error of /;: ¢, = Z Dy(7). If ¢, > 1/2, thenset T = t — 1 and abort loop
vhe(zi )F# v

4. Set B; = ¢;/(1 — ¢).

D ;j 1 ] ‘.‘2. — ;
5. Update distribution D;: D;y1(¢) = ((?) w4 P ifhi(z;) =y

Zy 1  otherwise
where 7, is a normalization constant (chosen so that D, 1 will be a distribution).
1
Qutput the final hypothesis: /4, () = arg max > log R
' ' yeY ¢
Lhi(z)=y :
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Results
-
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AdaBoost M2
-

Input: sequence of 1 examples ((z1,y1), ..., (¢, yn)) withlabelsy; € ¥ = {1,...,k}

weak learning algorithm WeakLearn
integer 1" specifying number of iterations

Let B = {(4,9) 1 € {1, sus i }sdt 2 9}
Initialize D (2, y) = 1/|B| for (i, y) € B.
Dofori= 1,2, .csil

]
2
3

Call WeakLearn, providing it with mislabel distribution D;.

Get back a hypothesis iz; : X x Y — [0, 1].

Calculate the pseudo-loss of /i;: ¢, = % Z Di(i,y)(1 — hye(i ) + he(ziy)).
(z.y)eB

Set j/ = ([/(}1 = (f.)'
Di(:y) 4214+ ha(wi i) =he (i)

Update Dy: Dyqi(t, y) = — By
Z

where 7, is a normalization constant (chosen so that 1,1 will be a distribution).

!
1

Output the hypothesis: /i,(x) = arg max (log 7) hi(a,y).
Pt

yey =1
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Results
-
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bl sl bl 53X < AdaBoost.M2
AR AN 44.44A ¥ ¥ OLsl g fljf_,:m,a
XV aA.Q¥ Voo \C 0 3ol Bl S st
« 2Y AAXY 44.7Y ¥ Y oS
AL AA¥O 4.4 ¥ 0 oS
A% AV AL 44.v¥ \K Y DCT81
\.\F AAANA 44.9A \K 0 DCT81
v AV.AA 44.4¥ & Y DCT225
v 9 AANA Yoo F 0 DCT225
+ A0 av.o¥ A4 AP ¥ ) She S ok
IS 4 4. A \ oo g 0-Y w3 3 g 0L S

Neural Networks - Shahrood University - H. Khosravi




A toy example
-

I-I o .-I

ik B Training set: 10 points
-T- (represented by plus or minus)

Original Status: Equal

o e e Weights for all training

samples
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A toy example(cont'd)

Round 1: Three “plus” points are not correctly classified;
They are given higher weights.
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A toy example(cont'd)

Round 2: Three “minus” points are not correctly classified;
They are given higher weights.
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A toy example(cont'd)

Round 3: One “minus” and two “plus” points are not correctly
classified,;
They are given higher weights.
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A toy example(cont'd)

Final Classifier: integrate the three “weak” classifiers and
obtain a final strong classifier.
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Example
N I

Initialization...
Fort=1,....1"

® Find hy = arg min €; = > Dy (i)[y; # hj(x;)]
heH i=1

@® If ¢, = 1/2 then stop

® Set a; = %log(if:i)

® Update

Dy (i)exp(—ayih(x;))
Zy

Dyyq(2) =

Output the final classifier:

T
H(r) = sign (Z cht(m))
t=1
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Example
o

Initialization...
Fort=1,....1"

® Find hy = arg min €; = > Dy (i)[y; # hj(x;)]
heH i=1

@® If ¢, = 1/2 then stop

® Set a; = %log(if:i)

® Update

0.35

Di(i)exp(—ary;he(x;))

Dt_|_]_(3.) — 03

Z

0.25F

Output the final classifier:

021

T
H(r) = sign (Z cht(m))
t=1
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Example
N

Initialization...
Fort=1,....1"

¢ Find hy = arg juin €; = D De(0)[y; # hj(z;)]
i i=1

@® If ¢, = 1/2 then stop

& Set oy = %log(if:z

® Update

Di(i)exp(—ary;he(x;))
Zy

Dyyq(2) =

Output the final classifier:

T
H(r) = sign (Z o:tht(:c))
t=1
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Example
I

Initialization...
Fort=1.....1":

¢ Find hy = arg é’llil;{ €; = > Di(i)|y; # hj(x;)]
i€ i=1

® If ¢, > 1/2 then stop

® Set oy = Llog(+Ft)

2 >\ — 7y
® Update
. D 2 )ea _CE.-IQ.,I}II-. T, 035
Dyiy1(7) = ¢(?) p(Z tyihi(xi)) |a
't 03f
Output the final classifier: il v

T

t=1

a1r

D.0S|-
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Example
I I

Initialization...
Fort=1,....1"

¢ Find hy = arg juin €; = D De(0)[y; # hj(z;)]
i i=1

® If ¢ = 1/2 then stop

® Set a; = %log(if:z

¢ Update

Di(i)exp(—ary;he(x;))

Dyyq(i) = Z

Output the final classifier:

T
H(r) = sign (Z o:tht(:c))
t=1
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Example

Initialization...
Fort=1,....1"

¢ Find hy = arg juin €; = D De(0)[y; # hj(z;)]
i i=1

@® If ¢, = 1/2 then stop

& Set oy = %log(if:z

® Update

Di(i)exp(—ary;he(x;))
Zy

Dyyq(2) =

Output the final classifier:

T
H(r) = sign (Z o:tht(:c))
t=1
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Example
T

Initialization...

Fort=1.....1":

® Find hy = arg min €; = > Dy (i)[y; # hj(x;)]
heH i—1
® If ¢, > 1/2 then stop

¢ Set oy = %log(—}i’;i)

® Update

Dy (i)exp(—ayih(x;))

Diya(2) = Z

Output the final classifier:

T
H(x) = sign (Z r:\:f,ht(;r))

t=1
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