FRANCESCO GLILLO YAHOO RESEARCH, GLLLO®YAHOO-INC.COM

AKM KHALED A. TALUKDER GEORGE MASON UNIV., ATALUKDEGGML.EDL
SEAN LUKE GEORGE MASON LUNIV., SEANGCS.GMU.EDU

CARLOTTA DOMENICONI GEORGE MASON UNIV., CDOMENIC@®GMLI.EDLI

MULTIOBJECTIVE OPTIMIZATTION 0

ANDREA TAGARELL/

€.00-CLUSTERING ENSEMBLES

SUMMARY : WE COMPARE TWO PREFERENCE-BASED MULTIOBJECTIVE
EVOLUTIONARY ALGORITHMS AGAINST TWO EXPECTATION-
MAXIMIZATION (EM) METHODS FOR FINDING OPTIMAL CO—CLUSTERING<

ENSEMBLES.

PREVIOUSLY, AN EM-LIKE ALGORITHM (CB-PCE) WAS DEVELOPED,
ALONG WITH A FASTER APPROXIMATION ALGORITHM (FCB-PCE). THE
NEW MULTIOBJIECTIVE METHOD OPTIMIZES TWO ASPECTS OF CO-
CLUSTERING SOLUTIONS: THE OBJECT-BASED AND FEATLIRE-BASED
REPRESENTATIONS OF THEIR DATA POINTS.

CO-CLLUSTERING: AN UNSUPERVISED MACHINE LEARNING TECHNIQUE
TO IDENTIFY OBJECT GROUPS RELATED BY SIMILAR FEATLURE VALLIES.

CLUSTERING ENSEMBLES: GENERALIZING A CLUSTERING FROM A
SET OF CLUSTERING SOLLTIONS.

solutions? HMMM...
interesting /!
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separately /!

EM looks good.
But What if there are local optimaZz
Do we need to do global
search??

THE PREFERENCE BASED MULTIOBJECTIVE
ALGORITHMS FIND A PARETO-FRONT, THEN
USES THE JOINT HELRISTIC FROM THE CB-
PCE OR FCB-PCE ALGORITHMS TO SELECT A
PARTICLULAR POINT ON THE FRONT.

Moltiobjective methods
can solve this !!
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Blistering barnacles!!

ON SIMPLER DATASETS

Is the algorithm good only | BUT LINDERPERFORMED
. Por small datasets?? ON MORE COMPLEX
RESUI.TS... Algorithm ©y P-value O, P-value O P-value DATASETS.
MOEA-CB-PCE  0.5564 (> 99.8%) 0.0813 0.7348 (> 95.0%)
s CB-PCE  0.2332 0.4702 (> 99.8%) 0.6902 A POSS/BLE REASON:
MOEA-FCB-PCE 0.5444 (> 99.8%) 0.1826 ~ 0.2027 (> 95.0%) THE SEARCH SPACE MAY
FCB-PCE  0.2002 0.2655 ~ 0.1805 NOT HAVE LOCAL OPTIMA
. I o (WE DON'T KNOW YET
MOEA-CB-PCE  0.5945 (> 99.8%) 0.1943 0.7748 (> 99.8%)
Wine CB-PCE  0.1142 0.4119 (> 99.0%) 0.3402 FOR SURE)! AND EM,
MOEA-FCB-PCE  0.6244 (> 99.8%) 0.1001 02381 ~ Eﬁgsué‘élg eVOULD BE
FCB-PCE  0.1463 0.2518 (> 99.8%) 0.2355 ~ 15 there reaﬂy EXPECTED TO PERFORM
MOEA-CB-PCE  0.7464 (> 99.8%) 0.0834 e 0.9048 (> 99.8%) only one global BEST IN THIS SITUATION.
Clacs CB-PCE  0.1302 0.4702 (> 99.8%) 0.1203 opLiMum? We need bo
MOEA-FCB-PCE  0.6244 (> 95.0%) 0.1026 0.2397 ~ investigay /
FCB-PCE  0.4639 0.4525 (> 99.8%) 0.1193 ~
: GEORGE '
MOEA-CB-PCE  -0.003 -0.0013 0.011 - mso <
. CB-PCE 0.0046 (> 99.8%) 0.0894 (>99.8%) 0.0881 (> 99.8%) N {
E. Coli UNIVERSITY >
MOEA-FCB-PCE  -0.003 -0.0009 0.019 .
FCB-PCE 0.0043 (> 99.8%) 0.105  (>99.8%) 0.112 (> 99.8%) UNIVERSITA
MOEA-CB-PCE  -0.00241 -0.0492 -0.0587
- CB-PCE 0.018 (> 99.8%) 0.2347 (> 99.8%) 0.2493 (> 99.8%) CALABRIA
raceData —
MOEA-FCB-PCE  -0.00246 -0.04956 -0.0591 — p
CB-PC . 8%) 0. 99.8%) 0. 99.8%
FCB-PCE 0.0177 (> 99.8%) 0.1854 (> 99.8%) 0.247 (> 99.8%) __' YA.HOO



