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Introduction

Classification SO Clustering
o ©
@O
The labels and the number of classes are known The labels and the number of classes are unknown
Difficulties

- The objects are not labeled, ...

- We need to use a similarity measure (for which variables?)
- Do we need to know a priori the number of classes?

- How to characterize clusters?



Introduction : Clustering
" J
m Grouping together of “similar” objects

m Hard Clustering -- Each object belongs to a single cluster
m Soft Clustering -- Each object is probabilistically assigned to clusters

Dy

In general, the formalization of the Clustering problem is determined by
the following components:

Data representation (categorical, binary, graph...)
The affinity measures (similarity, distance,..)
The objective function

The optimization procedure

Data distribution ...



Introduction - Fusion vs Collaboration

The principle of the Fusion The principle of the Collaboration
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c’ e Use this schema for different datasets or for the

multi-views datasets;



Collaboration : principle




The problem
" J

m The collaborative clustering is an emerging problem

m Some works (fusion & collaboration) :
Pedrycz & Rai 2008 (Collaboration);
Costa da Silva & Klusch, 2006 (Collaboration);
Wemmert & al., 2007 (Collaborative and Fusion);
Cleuziou et al., 2009 (Horizontal Collaboration);
Forestier et al., 2009 (Fusion/Collaboration);
Grozavu et al., 2009 (Fusion, Collaboration);
Strehl & Ghosh, 2002 (Fusion).

m Collaborative Topological Learning uses the principle of the
Collaborative Fuzzy c-means (Pedrycz & Rai, 2002)



Strehl & Ghosh, 2002 (Fusion)

m  Compute the normalized mutual information (NMI) for each dataset ;
m  Compute the mean of the NMI for a set of r classes (labels) - ANMI;

. _IXY)
A 2O \ NMI(X,Y) = T




Costa da Silva & Klusch, 2006 (Collaboration)
"

m Distributed Data Clustering (DDC) :

1 KDEC - Density estimation based Distributed Clustering;

1 Compute the densities for each local DB:

bealsi) = 2k (155)

1 Send these densities to a « helper site » which will build the global clustering and send
these information to other local sites.



Bennani et al., 2009 (Fusion)

m Fusion of several classifications using Relational Analysis
approach (AR)

1st fusion of SOM clustering: RA consensus
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Costa da Silva & Klusch, 2006 (Collaboration)
"

m Distributed Data Clustering (DDC) :

1 KDEC - Density estimation based Distributed Clustering;

1 Compute the densities for each local DB:

bealsi) = 2k (155)

1 Send these densities to a « helper site » which will build the global clustering and send
these information to other local sites.



Pedrycz & Rai 2008 (Collaboration)

m Fuzzy C-Means Clustering (FCM) :

m For each dataset, build granular prototypes using the partitions matrix;

0 iterate 1 iterate 2 phases
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Collaborative Clustering
" JE
Three main types of collaboration :
1. Horizontal

All datasets are described by the same observations but in different spaces

Of description (different variables).

Nxd;, Nxd, Nxd;

2. Vertical

All the datasets have the same variables (same description space),
but have different observations.

3. Hybrid

Nod | || Npro | DENGL] || Noxd

Combination between 1 & 2.



Horizontal collaboration
" A
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Vertical Collaboration

ID

Att 1 Att 2 Att 3 Att 4
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The problem

Horizontal collaboration vs Vertical collaboration
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The problem
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Vertical Collaboration A

m How to improve the local clustering derived out of a set of distant
clustering results without sharing the initial data ?



Collaborative FCM  (Pedrycz, 2002)



Collaborative FCM (Pedrycz, 2002)

le II | % v Clustering
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The distance function between the ith prototype and the kth pattern in the same
subset is denoted by d, *[ii],i=1.2,..c,k=1,2,..N and ii=1,2,...,P

V)




] Collaborative FCM  (pedrycz, 2002)
* e

Each entry of the collaborative matrix describes the intensity of the interaction. In general,
a[ii,kk] assumes nonnegative values.

ULjjl

alii, jj]
Collaboration in the clustering scheme represented by
the matrix of collaboration levels between the

subsets; the partition matrices generated for each data

Ut
[ii] set are shown.

oufii, kk]

Ulkk]



General collaborative clustering scheme  (Pedrycz, 2002)
" JE

Given: subsets of patterns X, X, ..., Xp

Select: distance function, number of clusters (c¢), termination criterion, and
collaboration matrix afii,jj].

Compute: initiate randomly all partition matrices U[1], U[2], ..., U[P]

Phase 1
For each data

repeat

compute prototypes {v;[ii]},i = 1,2,...,c and partition matrices U[ii] for
all subsets of patterns

until a termination criterion has been satisfied
Phase 11

repeat

For the given matrix of collaborative links a[ii,jj], compute prototypes and
partition matrices U[ii] using (7.4) and (7.7)

until a termination criterion has been satisfied



Quantification of the Collaborative Phenomenon of Clustering earycz, 2002)
"

A

oufi, jjl

>

iter
The intensity of collaboration :

0 = ||U[ii] — Ukeslit]ll

U f[ii] to denote the partition matrix produced independently of other sources
re

Consistency measure :
olit, jj1 = U] = ULl

indicates the structural differences between the partition matrices defined over two data sets
(i1 and jj, respectively)



Topological Collaborative Clustering



Prototype based Clustering (SOM)
H
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N : number of observations x, |W| : number of prototypes w
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Horizontal Collaboration

w = argmin{R[”M (W) + R[”l H(x,w)}

Collaboration coefficient

Collaboration term
w

P
2
[ii] _ [ 7] [7i] [Jj] [a]
Rcz H(X’w) Ea[ii] EE(K (Jx(x;) Ké(j,x(xi))) Hxi

Jji=1, jj=ii i=1 j=1

il _ il 2

J

RL[?Z]M (W)= EEK[”J x(x;) ‘x

i=1 j=1

W[ii] 2

J

NIl : the number of observations on the datasets [ii], P : the number of

datasets




Learning Algorithm
"

Algorithm 1: The horizontal collaboration algorithm

Fix the collaboration matrix a;g ZJ
1. Local step: o
For each dataset BD[ii], it = 1to P :

Find the prototypes minimizing the classical SOM objective function:

w”™ = arg min {R;OU(X u)}
2. Collaboration step:
For the horizontal collaboration of the [ii]-th map with the [jj]-th map:

Update the prototypes of the [i7]-th map minimizing the objective function of the
horizontal collaboration:

N P N s Cs 2 ...,
_'Lz‘ _'Lz‘ "_JJ‘ _ZZ‘ _ _JJ- _ZZ‘
2 Ko Tk +jj=lz.y:'j¢z’iz'§la:ii: (Ka(jeX(Iz‘)) KU(jex(Iz’))) Tik
Yik = N f34] P Al [ 34] 1541 2
2 K Gx@n T 2 2 (K&(j,x(ri)) - Kc'r(jlx(xz-)))

i=1 ji=1jj#iii=1




Vertical Collaboration

Collaboration term
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NIl : the number of observations on dataset [ii], P : the number of datasets

sites




Learning algorithm
"

Algorithm 2: Vertical Collaboration algorithm

Fix the collaboration parameter a;g f
1. Local step: o

For each dataset BD[ii], i1 = 1to P :
Find the prototypes minimizing the classical SOM objective function:

'lL’* = arg min [R;Z)\[(X~ ’lL‘):|
w

2. Collaboration step:
For the vertical collaboration of the [ii]-th map with the map [j]:

Update the prototypes of the [i7]-th map minimizing the objective function of the

vertical collaboration:

Nl p nNbET 2 L
«[i] z'; Kot +jj=1.zg:'j¢z’z' = i <K;(15’X(Ii)) B Ki{i:sx(fi))) wii
ik P N e R 2
> 2 an (K&z(lj,x(xi)) - Kéf(Jj',x(x,-»)

z Ka” T; +
= o) ji=1,jj#ii i=1




[lustrative example
"

m Waveform dataset
m 5000 samples

m 40 variables where 19 variables are Gaussian noisy

m 3 classes

0.5

-0.5




Horizontal Collaboration waveform)
"

Données waveform Données waveform




Horizontal Collaboration (waveform)

The prototypes of the 1st dataset before the The prototypes of the 2" dataset before the
collaboration : SOM1 collaboration : SOM2

75.711 % < » 79.61%

-1
100

The prototypes of the 1st dataset after the collaboration
with the SOM2 map : SOM12
76.21%




Horizontal Collaboration (waveform)

The prototypes of the map from the 3rd
dataset before the collaboration : SOM3

47.19%

The prototypes of the 1st map obtained from the
Ist dataset before the collaboration : SOM1

7571% <

The prototypes of the map obtained from the 1st The prototypes of the map obtained from the 3rd
dataset after the collaboration with SOM3 : SOM13 dataset after the collaboration with SOM1 : s()l\y
6247% N\, 54.63%



Collaboration horizontale

Validation de 1" approche collaboratif sur différents bases de données

Collaboration verticale

Dataset DB.. Purity QE Dataset DB.. Purity QE

wdbc SOMI1 | 94.9550 | 1.9993 wdbc SOMI1 | 96.7153 | 90.5413
SOM2 | 97.2777 | 2.0749 SOM2 | 97.8723 | 67.6035
SOM12 t t SOM12 ‘ t.
SOM21 SOM21 ,

isolet 5x5 | SOM1 | 81.2081 | 12.6149 isolet 5x5 | SOM1 | 98.8506 | 8.1904
SOM2 | 95.1220 | 14.4591 SOM2 | 98.4615 | 8.7671
SOMI2 t : soM12 | @ $
SOM21 som21 | @ <

madelon | SOM1 | 60.8879 | 15.5896 madelon | SOM1 | 69.7198 | 612.3251
SOM2 | 62.6402 | 15.5065 SOM2 | 69.8718 | 611.5365
SOM12 t t SOM12 t t |
SOM21 SOM21

spam SOMI1 | 83.8603 | 3.4582 spam SOMI1 | 76.2624 | 61.8324
SOM2 | 85.7205 | 2.5580 SOM2 | 70.4306 | 48.2763
soM12| @ : soM12 | @ t
som21| @ som21 | @




Probabilistic Collaborative Clustering



Probabilistic Clustering
"
Generative Topographic Mapping [Bishop 95]

L ] & © o o
L L ] L3 <@ °
@ L < 3 B
@ L L] 9 o
® & o o oo
Latent Space (L dimension) Data Space (D dimension)

y = y(z, W) = Wo(2)

p(xalz, W, B) = N(y(z, W), B)

EM Algorithm

N K
‘C(Waﬂ) - Zln {,.l(zp(xn|zi7 Waﬂ)} S
n=1 =1




E & M steps
"
E step - Computing posterior probabilites

rin = P(Zi|Xn, Word, Boia)
p(Xn|Zi, Woia, Boia)
S p(Xn|Z!, Word, Boid)

M step - Updating parameters
N K

E[Loomp(W,8)] = Y rinIn{p(xal i, W, B)}

n=1 i=1
o'GoWl, =dTRX
N K

DD rinllXn — Wg(z))|?

n=1 i=1

T 1
Brew ~ ND




Topological Collaborative Clustering
" J
Collaborative Clustering : local step + collaboration step

[zz] (W) RQuantz’z(W) + RCollab(W)
m Prototype based Clustering

P N |w]|
_ [.7.7 [44] zz] [44] )2
RQuantiz (W) = Z Xlig) ZZ’CG(J,X(wz)) —w; |
Ji=1,jj#ii =1 g=1
1 a ] [57] SERTON (N ()
. (47 (22 77 1 12) 112
Ecotiap (W) = Z B ZZ( ey — K a) 127 =]
Ji=1,jj#i i=1 j=1

m Probabilistic Clustering

L£hor(if] = E[ﬁmmp(wl"ﬂ 3l )]
P

) mZZ B i _ iz w2

=1.ll#0 =1 i=1



Collaborative Generative Topographic Mapping

Horizontal approach

ﬁhor[il] = E[L comp( W[il] 5["’])]_
P

S ol Z r[”] U2 x, — Wiilgli(z,y|2
Ui=1,LiN#Li] n=1 i=1

Vertical approach

L[] = E[Lcomp( W, g1)]—
P N[iil K

Z [,,]ZZI',,,_||W[H]¢[H](Z)_ WUJ]¢[£I](Z)H2
Li=1, L[] n=1 i=1




Some experimental results

86,44

GTM1

Waveform

M Purity

87,16

86,52

87,72

GTM1->2 GTM2

GTM2->1

Dataset Map Purity
Waveform GTM; 86.44
GTM- 86.52
GTM,_,, | 87.16
GTMo_,¢ | 87.72

Wdbc GTM; 96
GTM> 96.34
GTM,_,» | 96.08
GTMo_,1 | 96.15
Isolet GTM; 87.17
GTM, 86.83
GTM,_,» | 87.29
GTM,_,, | 85.87
SpamBase GTM; 52.05
GTM, 51.68
GTMi_,> | 52.41
GTM,_,{ | 52.17

52,05

GTM1

SpamBase
W Purity

52,41

51,68

52,17

GTM1->2 GTM2

GTM2->1



Collaborative Clustering
Diversity analysis



Diversity : why? /*\
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.o : Algot Algo2 Algo3
Studied in Consensus clustering 2 ° X

Dataset X containing 15 samples \ T /

accuracy
st OROOOEOROO000ONE 10/15 = 0.667
;. EOOBOBO0ONOOOEO ons-oeer 0 COTE! W Wrong
sy BORO00000OMOMEO0 10115 = 0.667



Diversity : why? /*\
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.o : Algot Algo2 Algo3
Studied in Consensus clustering 2 ° X

Dataset X containing 15 samples \ T /

accuracy
Aiger OROOOROROOO0O0ONN 10/15 = 0.667
a2 BOOBROROO0ORO0OO0ONRO 10/15 = 0.667
a3 BOROO0O0000ROREROO0O 10/15 = 0.667

Fusion BO0O00O00O0BROOOROOORO 11/15=0.773 Majority vote rule

[ Correct B Wrong



Diversity : why? /*\
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. . . Algo1 Algo2 Algo3
Studied in Consensus clustering 2 ° X

Dataset X containing 15 samples \ T /

accuracy

st OROOOEOROO000ONE 10/15 = 0.667
;. EOOBOBO0ONOOOEO ons-oeer 0 COTE! W Wrong
sy BORO00000OMOMEO0 10115 = 0.667

Fusion B@OO000RO00O8RO00OR0 11/15=0.773 ~ Majority vote rule

Algol Oaogaoao 10/15 = 0.667
Algo2 oo 10/15 = 0.667
Algo3 oo 10/15 = 0.667




Diversity : why?

Studied in Consensus clustering

Dataset X containing 15 samples

Aigel OROOOROROOOO0ONNE
a2 BOO0ROROOOROOORO
A3 HOROO00O00O00O00OmOEEROO
Fusion BOOOOROOOROOOWO

Aol HOBBRROOO0O0O0000
Aigez HOBBRRBOO0O0000000
Aige3 HOBBREBO0O0O0000000

Fusion HOWMBREBOO000000OO0

N

Algo1

Algo2 Algo3

accuracy

10/15 = 0.667
10/15 = 0.667
10/15 = 0.667

11/15=0.773

10/15 = 0.667
10/15 = 0.667
10/15 = 0.667

10/15 = 0.667

S

O Correct B Wrong

Majority vote rule

Majority vote rule



Diversity : why?

Studied in Consensus clustering

Dataset X containing 15 samples

Aigel OROOOROROOOO0ONNE
a2 BOO0ROROOOROOORO
A3 HOROO00O00O00O00OmOEEROO
Fusion BOOOOROOOROOOWO

Algol
Algo2
Algo3

HOEE
HOEE
HOEE

Fusion HOWMBREBOO000000OO0

BR0O00000000
BRO00000000
BR0O00000000

Aigol HORBOOOROROOO0OO
a2 BOO0ROROO0O0O0ROONRO
Aige3 OOBOOROOOREBOOEO

N

Algo1

Algo2 Algo3

accuracy

10/15 = 0.667
10/15 = 0.667
10/15 = 0.667

11/15=0.773

10/15 = 0.667
10/15 = 0.667
10/15 = 0.667

10/15 = 0.667

10/15 = 0.667
10/15 = 0.667
10/15 = 0.667

S

O Correct B Wrong

Majority vote rule

Majority vote rule



Diversity : why?

Studied in Consensus clustering

Dataset X containing 15 samples

Aigel OROOOROROOOO0ONNE
a2 BOO0ROROOOROOORO
A3 HOROO00O00O00O00OmOEEROO
Fusion BOOOOROOOROOOWO

Algol
Algo2
Algo3

HOEE
HOEE
HOEE

Fusion HOWMBREBOO000000OO0

BR0O00000000
BRO00000000
BR0O00000000

Algol HONNA
A2 BOOMW
Algo3 OOMO

Fusion BEOBBOROOORROORO

N

Algo1

Algo2 Algo3

accuracy

10/15 = 0.667
10/15 = 0.667
10/15 = 0.667

11/15=0.773

10/15 = 0.667
10/15 = 0.667
10/15 = 0.667

10/15 = 0.667

10/15 = 0.667
10/15 = 0.667
10/15 = 0.667

8/15=0.533

S

O Correct B Wrong

Majority vote rule

Majority vote rule

Majority vote rule



Diversity (2)
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Collaborative clustering

Dataset X1 containing 15 samples
Dataset X2 containing 15 samples
Dataset X3 containing 15 samples

X1
X2
X3

GTM1<-2

GTM2<-1

GTM3<-2

OROROROROROO00E
OO00RORO00000maon
Hinininin] [mininin] | |=im]

OO0OeORO0000R0O8O
OROROEOROROROO0O

OO0O0e0Oe00000we00a0

X1

A
\ 4

X2

A
A 4

X3

[ Correct

accuracy

8/15=0.533
12/15=0.8
11/15=0.733

11/15=0.733
10/15=0.6

12/15=0.8

B Wrong




Diversity measures

index formula
Rand index Rand — ago + a11
apo + aop1 + aio + a1
1 1 ) ann +a11 —n
Adjusted Rand index AdjustedRand — 00 + a1 — N
apo + ap1 + @10 + @11 — Ne
Jaccard index ai
Jaccard =
ap1 +aip +ai
Wallace’s coefficient a1 a1
WpiLp2 = and Wpa,p1 = ————
a11 + aip a11 + ap1
Adjusted Wallace index Wpi-p2 — Wip1p2
AWpi,p2 = [ — Wi
- tp1—->P2
. . n;; N
Normalized Mutual Information N 22 Mialognin;

>_inilogy + 30, njlog R

Variation of Information

n; T; n n~
_ gy Mgy, N Dijogtt - 1y
Z T nin; N gN ZNogN




Diversity measures on waveform datasets
"

(a) dataset dbl

Table 1: Diversity measure on the waveform subsets

2
4
4
6
L uEeT 3
8
5 -10 5 0 5 10 15 2l
1t
/‘\ of
b -
2
3

(b) dataset db6

Subset Relevant datasets | Relevant vs Noisy datasets Noisy datasets
Diversity index db2/db3 | db3/db4 | db2/db8 | db4/db9 db7/db8 | db9/db10
Rand 0.6707 | 0.7042 | 0.5539 | 0.555 0.543 0.5553
Adjusted Rand 0.2625 | 0.3356 | 0.00008 | 0.0002 0.00002 | 0.00004
Jaccard 0.3429 | 0.3869 | 0.2017 | 0.2008 0.2 0.2003
Wallace’s coefficient 0.5079 | 0.5578 | 0.3332 | 0.3342 0.33 0.3334
Adjusted Wallace 0.5135 | 0.5581 | 0.3383 | 0.3347 0.35 0.3411
Normal Mutual Information || 0.262 0.3072 | 0.0002 | 0.0006 0.0003 | 0.0004
Variation of Information 2.334 2.1918 | 3.1577 | 3.1631 3.168 3.1664




Diversity (2)
" J

Collaborative clustering

Dataset X1 containing 15 samples
Dataset X2 containing 15 samples
Dataset X3 containing 15 samples

X1
X2
X3

GTM1<-2

GTM2<-1

GTM3<-2

OROROROROROO0ENE
OO00RORO00000maon
Hinininin] [mininin] | |=im]

OO0OeORO0000R0O8O
OROROEOROROROO0O

OO0O0e0Oe00000we00a0

Need to study the local quality.

X1 | . X2 | X3
t )
[ Correct @ Wrong
accuracy diversity
8/15 = 0.533 X1-X2 =0.956
12/15=08 X2-X3 = 0.678
11/15=0.733
11/15=0.733
<
10/15 = 0.6
12/15=0.8




Results : 10 waveform sub-sets

15 T T T T T

10 .

accuracy
gain

_20 1 1 ! ! 1 1 1
0.6 0.65 0.7 0.75 0.8 0.85 0.9 0.95 1

Diversity

The plot of diversity and the accuracy difference after collaboration



Results : 1-1.000 waveform sub-sets
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(a) waveform subset 1
(b) waveform subset 2

Waveform datasets: Collaboration results between a fixed subset and 1000 randomly subsets (axe X
represents the Diversity and axe Y - the Accuracy gain)



Collaboration results (1)
" JE———

Collaboration results between a fixed subset and 1000 randomly subsets

diversity

(a) Waveform dataset (d) Wdbc dataset

axe X represents the Diversity and axe Y - the Accuracy gain



Collaboration results between a fixed subset and 1000 randomly subsets

Collaboration results (2)

P

(b) SpamBase dataset

axe X represents the Diversity and axe Y - the Accuracy gain
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(c) Isolet dataset




Collaborative Clustering and Consensus Clustering

real applications



Images : Strasbourg satellite image (1) Projet COCLICO

The authors would like to thank CESBIO (Danielle Ducrot, ClaireMarais-Sicre, Olivier Hagolle, Mireille Huc and Jordi Inglada) for
providing the land-cover maps and the geometrically and radiometrically corrected Formosat-2 images.




Projet COCLICO

Images : Strasbourg satellite image (2)

After collaboration

Before collaboration




System for searching visual
information



Multimodal information : prediction

Application context:

- A Wikipedia dataset containing a set of 20.000 images from
wikipedia and ttransformed into numerical values by Xerox

research center.

Resulats:

m Reduce the dimensionality of this dataset of size 20.000 x
12.800 into 20.000 x 10

m Patent (THALES, Paris 13 University) N°: 08 06947
Inventors: BENHADDA H., BENNANI Y., LEBBAH M., GROZAVU N.




Recall : topological learning

Voisinage
du neurone i at+1

Référent assoclé
au neurone |

Couche d'entrée



Flag of French
455 x 303 - 3 ko - gif
listegg.com

Nt
LAUREN flag drapeau
383 x 508 - 46 ko - jpg
web-enjoy fr

France's Flag
400 x 268 - 3 ko - gif
atlanticneighbours

France Large Flag
300 x 300 - 40 ko - gif
subsidesports.com

File:Flag of
640 x 427 - 3 ko - png
media.battlestarwiki.org

The national flag of
452 x 302 - 1 ko - png
knowledgerush.com

onventional search engine

Résultats 64 a 84 sur un total d'environ 13 700 000 (0,11 secondes)

i

France National
250 x 167 - 2 ko - gif
the-flag-makers_com

boys of the neighborhood,
494 x 332 - 4 ko - gif
world-peace.over-blog.com

Image:Flag of
800 x 533 - 5 ko - png
de_gentoo-wiki.com

Origine : France
405 x 266 - 14 ko - jpg
passioncompassion1418.com

Flag of France
400 x 282 - 11 ko - jpg
highwaygold.co.uk

LAUREN flag drapeau
336 x 355 - 34 ko - jpg
web-enjoy.fr

French flag _gif - Extra
360 x 240 - 3 ko - gif
33ff.com

Travel Directory
494 x 332 - 3 ko - gif
aprilmjohnson.com

Contréles sécurité gaz
400 x 320 - 13 ko - jpg
eugascertification.com

French League on Saturday
450 x 300 - 5 ko - png
sportige.com

Flag of France
452 x 302 - 3 ko - png
all. 250freecards.com

France Small Drapeau
300 x 300 - 20 ko - gif
footiz.com

drapeau flag France bleu
496 x 656 - 93 ko - jpg
web-enjoy fr

File:Flag of
800 x 533 - 3 ko - png
flu.wikia.com

French people call their
500 x 329 - 4 ko - gif
my_.uen_org

flag france

Example of image search using a traditional search engine
(France flag)

Research time: 0,11s ;

Browsing the collection of images by user : 15 days
( 13.700.000 images / 21 images/pages = 652.380 pages * 2 s = 1.304.760s (362h or 15 days) )



Map of images

Wikipedia (19.000 x 6400) x 2
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Hierarchical SOM (3D view)
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Intelligent system based on the Topological Learning

Feature extraction from images

6.400

colours

6.400

texture

2.485

words



Principle

Pre-processing
Features extraction

h 4

Dimensionality reduction and
smart coding

A 4

1% fusion of the SOM clustering:
AR consensus

A 4

Recoding from the results of the
first fusion by AR

A

2vd fusion of clustering:
AR consensus

Sclection of the best SOM map

using the final consensus

rigure >.0: General Schema of the Fusion Procedure




Relational Analysis (Marcotorchino al. 1980)
" J

1- Pairwise comparison principle
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Linear coding Complete Disjonctive Coding Relational Coding

2-(0,1) Linear programming modelling

We denote F(R, X) - the linear criterion measuring the adequacy between the data R
and the solution X, the mathematical formulation of the problem is:

max F(R, X)
X
Under the linear constraints generated by the properties of X..
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Coding et Fusion

1st fusion of SOM clustering: RA consensus

Coding Type 1 (NxC)

SOM; SOM-> SOM¢
O; : X1 X112 Xic
Os : X21 X22 Xac
On XN XN2 XNC

Coding Type 2 (NxD)

SOM; SOM: SOMp
O; : Xn1 Xi12 Xin
Oz : X21 X22 X2p
()\ : XN XN2 Xxnp
- o e

Coding Type K (NXE)

SOM; SOM- SOM¢
O; : xXn1 X12 Xie
Os : X2 X222 Xoe
On @ xXnN1 XN2 XNE
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Fusion of C SOM clustering results
by RA from Type 1 coding
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Fusion of D SOM clustering results
by RA from Type 2 coding
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Fusion of E SOM clustering results
by RA from Type K coding
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RAx
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On | XNE




Dimensionality reduction

Features
extraction

Pre-processing

A\

Variables Type 1
(Nxm)
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Figure 3.7: Pre-procession of the images dataset

Dimensionality reduction and smart coding
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Coding Type 1 (NxC)

SOM; SOM: ... SOM¢

O 1 Xn X ‘. Xic TSC
O @ Xn X2 Xac
Ox : Xng Xne o
Coding Type 2 (NxD)

SOM; SOM; SOMp
O : Xt X1z . Xip TSD
0 ! X0 X2 . X
Oy @ Xxs X2 Xan

.o

Coding Type K (NXE)

SOM; SOM; SOM; SQF
O : xu X .. XIE bo—
Q; 1 X Xa Xig
Oy @ xXx Xx2 Xg

Figure 3.8: Dimensionality Reduction



New image assignment

x(x,)=arg min( Hxl. — WJ.HZ J
J



Demonstration video
" A

BREVET (THALES, Université Paris 13 ) N°: 08 06947

Fichier Option

Seweur\Tabla Configuration | Variables Preprocessing Wikipedia_All_1

Résumé COL_batch x| COL_distl X |Synthetique X | Voir I'arbre de sous classification x| Cluster 81 X
Nombre de classes: 306

Nombre d'individus: 17812
Nombre de variables: 2

Nombres de modalités: 337

Chemin pour trouver les images fhome/nistorfWIKIPEDIA/IMAGES

Statistiques sur la population totale @
des ité les plus discrimantes pour chaque classe =5
Voir I'arbre de sous classification
Yoir I'arbre de sous classification (radial)
Aller voir la classe: Selectionnez 1 -
Aller voir la variable: Selecti e variable v

Recherche Q

Commentaires:

= RddCap c
E=ETT RO
BENHADDA H., BENNANI Y., LEBBAH M., GROZAVU N. «SYSTEME DE RECHERCHE D'INFORMATION VISUELLE», BREVET 08 06947.

LEBBAH M., BENNANI Y., BENHADDA H., GROZAVU N., (2009), «Relational Analysis for Clustering Consensusy,
Invited Book Chapter, , ISBN 978-953-7619-X-X, IN-TECH Publisher.



Conclusions
" J
m The collaborative clustering allows:

An interaction between different datasets
Reveal underlying structures and patterns within data sets.

m During the collaboration step, where is no need of data, the algorithm
requires only the clustering results of other datasets.

obtain a new classification that is as close as possible to that which would have obtained
if we had centralized datasets and then make a partition.

m The quality of the local clustering algorithm is very important for the

collaboration’s quality improvement regarding the diversity index

Overall, the variability of the collaboration’s quality increase with the diversity

m Create a «helper site» which will build the global clustering and send these
information to other local sites

m  Use the diversity for Selective Collaborative Clustering



