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Introduction - Fusion vs Collaboration

The principle of the Fusion The principle of the Collaboration
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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.



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 ?



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, 2008)

+ self-organization
+ the neighborhood between clusters using SOM (Self Organizing Maps)



Topological Collaborative Clustering



Base model : Kohonen Self-Organizing Map’s (SOM)

Neighborhood
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Probabilistic Clustering
"
Generative Topographic Mapping [Bishop 95]
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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
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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)}
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Topological Collaborative Clustering
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Collaborative Clustering : local step + collaboration step

[zz] (W) RQuantiz(W) + RCollab(W)
m Prototype based Clustering
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m 40 variables where 19 variables are Gaussian noisy

m 5000 samples

Experimental results (1)
m 3 classes

m Waveform dataset
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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%



Experimental results (2)
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Diversity analysis



Diversity : why? /*\
" J

. . . Algo1 Algo2 Algo3
Studied in Consensus clustering 2 ° X

Dataset X containing 15 samples \ T /

accuracy
vt OEOOOBOBOOO0CEE 10150667
we BOONONOOONOOONDO  os-eee D O W Wone
vos BOB000000OMOREO0  1015=0667



Diversity : why? /*\
" JE

. . . Algo1 Algo2 Algo3
Studied in Consensus clustering 2 ° X

Dataset X containing 15 samples \ T /

accuracy
Aol OROOOROROOOO0ONNE 10/15 = 0.667
a2 BOOROROOOROOONRO 10/15 = 0.667
A3 BORO0O00O00O00O00O0mOEEROO 10/15 = 0.667

Fusion BO0O00O00O0BROOOROOORO 11/15=0.773 Majority vote rule

[ Correct B Wrong



Diversity : why? /*\
" JE

. . . Algo1 Algo2 Algo3
Studied in Consensus clustering 2 ° X

Dataset X containing 15 samples \ T /

accuracy

vt OEOOOBOBOOO0CEE 10150667
we BOONONOOONOOONDO  os-eee D O W Wone
vos BOB000000OMOREO0  1015=0667

Fusion BEO00O0RO00OROO0ORO 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?
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Diversity (2)
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Collaborative clustering

Dataset X1 containing 15 samples
Dataset X2 containing 15 samples
Dataset X3 containing 15 samples
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Diversity measures

index formula

Rand index B aoo + a11
Rand
apo + ao1 + ai1o0 + a11

Adjusted Rand index AdjustedRand — ago + @11 — Ne
@oo + ao1 + ai1o + a11 — Ne

Jaccard index a1

Jaccard =
ap1 +aip +a
Wallace’s coefficient a1 a1
Wpi,ps = ——— and Wpoyp1 = ————
a1 + aip ai1 + ao1
Adjusted Wallace index Wpi1-p2 — Wip1—p2
AWpi,p2 = .
1—Wipi5p2
. . ng;; N
Normalized Mutual Information N 22 Mialognin;

Zi nlegN + ZJ nJlog N

Variation of Information

n; Tn; n; n,
I= -2 "Hlog nijlV “log=t - Y “LlogL
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Diversity measures on waveform datasets
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(a) dataset dbl

Table 1: Diversity measure on the waveform subsets

2
4
4
5
P 3r
8 .
15 -10 5 0 5 10 15 Al
s
/\ of
Ak -
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)
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Collaborative clustering

Dataset X1 containing 15 samples
Dataset X2 containing 15 samples
Dataset X3 containing 15 samples
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Results : 10 waveform sub-sets
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Results : 1-1.000 waveform sub-sets
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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)
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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)
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(b) SpamBase dataset

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




Images : Strasbourg satellite image (1) Projet COCLICO
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Images : Strasbourg satellite image (2)
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Conclusions & Future works
" 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



Collaborative Generative Topographic Mapping

Horizontal approach

ﬁhor[il] = E[L comp( W[il] 5["’])]_
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Vertical approach

L[] = E[Lcomp( W, g1)]—
P N[iil K
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