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Data Clustering Based On Key Identification
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Abstract

Clustering has been one of the main building blocks in the fields of machine learning and computer vision.
Given a pair-wise distance measure, it is challenging to find a proper way to identify a subset of
representative exemplars and its associated cluster structures. Recent trend on big data analysis poses a
more demanding requirement on new clustering algorithm to be both scalable and accurate. A recent
advance in graph-based clustering extends its ability to millions of data points by massive utility of
engineering endeavor and parallel optimization. However, most other existing clustering algorithms, though
promising in theory, are limited in the scalability issue.

In this paper, a novel clustering method is proposed that is both accurate and scalable. Based on a
simple criteria, ”key” items that are representative of the whole data set are iteratively selected and thus
form associated cluster structures. Taking input of pairwise distance measure between data instances, the
proposed method searches centers of clusters by identifying data items far away from selected keys, but
representative of unselected data items. Inspired by hierarchical clustering, small clusters are iteratively
merged until a desired number of clusters are obtained. To solve the scalability problem, a novel tracking
table technique is designed to reduce the time complexity which is capable of clustering millions of data
points within a few minutes.
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To assess the performance of the proposed method, several experiments are conducted. The first
experiment tests the ability of our algorithm on different manifold structures and various number of
clusters. It is observed that our clustering algorithm outperforms existing alternatives in capturing different
shapes of data distributions. In the second experiment, the scalability of our algorithm to large scale data
points is assessed by clustering up to one million data points with dimensions of up to 100. It is shown that,
even with one million data points, the proposed method only takes a few minutes to perform clustering. The
third experiment is conducted on the ORL database, which consists of 400 face images of 40 individuals. The
proposed clustering method outperforms the compared alternatives in this experiment as well. In the final
experiment, shape clustering is performed on the MPEG-7 dataset, which contains 1400 silhouette images
from 70 classes, 20 different shapes for each class. The goal here is to cluster the data items (here the binary
shapes) into 70 clusters, so that each cluster only includes shapes that belong to one class. The proposed
method outperforms other alternative clustering algorithms on this dataset as well.

Extensive empirical experiments demonstrate the superiority of the proposed method over existing
alternatives, in terms of both effectiveness and efficiency. Furthermore, our algorithm is capable of large-
scale data clustering where millions of data points can be clustered in a few seconds.
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(Figure-1): (A) is the flowchart of the process of key item selection; (B) shows the full flowchart of our clustering method.

\.\.05.....; o).».>~> Scurrent 4.99.@.700 o U= 9 G’LAJLA-UJ )oL& ul?b.:‘ p.».a)jij‘ Z‘SAJJS’ ).ﬁéb.ﬂ ‘;’.de (‘ ‘blf
rais B iGoaded s p Fluyigya (¥ pl8

. old o yilo (53, » (W capogs Y=Y iy 0 45) (salS
'@w e az) S onis LUl (allS paie (lgisa &S S92 g0

Lg"\"‘ls )“’a"‘c Ccm’i‘ent sl ] G 39“"6“’ JL"":‘ Dcm’rent

¥f ol foylabivas Jle



)‘Jﬁ.n )f‘ ‘-\49-‘*’@ ‘):’" ‘09"5‘." )‘)5)" Ccurrent S Ctarget
)LQ’ "\"-'1)3 “')"""‘L“' Ctarger L‘ )'.“j'.' )ljs" U")}] 0 Ccurrenr
Ccurrent: target QQ“))‘)é L‘ )i.'.é )L.‘ ‘—{-‘ 6‘)-.‘ Yb 6“\1"}"’

YU olie gaigadsys Y
033 dnwgi goliiy anade: Ny (A onl o
099y 50 050 30 5 1YL ol b sleoslo b 0gd oo
yolie Oll isn (Lol olfels dx) @ U oalicaiogs
oS Gl yaie N Joolgd 30,5 0 o] &o3¥ ol gaulS
Sleslaiul 5,8 L) o)l 5Ls Loy O(NIog N) 4y oS cess
o9y o8 Lz Salrolil (silocd e w2 e
IS a3 Nebee LSS O(log N) - ganale>
ol wibis O(CN* logN) b ply Sloj (Soums
O(CN’logN log N) L plp o )80l JS Sloy (Souzmn
i, o8] Jlosl el pgo az o 5l as Slawlre L ol
ol b S e dgame | cole baygudie (59, 5 soleii
lin 5 solgity w8 o ol 3,5 85 bl
).ol...c )JL...J 9 o..\...uul:’p.“ ‘_g..\.JS ).ol...c alols ) deS
|)N J}Jo O Jso.? S5 4..\.15‘54 G |) PRATEN Sk
rolie b aeS polie yaie o glpas ols LS lei oo
Sloy L S 6,58 05 o) IS sl b sl
G2 Gl pate a5 o)l Sluyse,a 5 ooz
S rolie 4 ogaze i (Slayjgs (nl g wil oad Sl
aeS polio 5l oz oS jaie pl b Ll alols as” el
SrS bz jb aiype (na bl 28 OSS ol 5l S
(SolS polie SLl 25 5 OWN) 1) Sloj (Somm
4 i)l (IS (Slej (Sozm culpli ol mals Gl o
slrosls (gadlss gl p S Wl o rals O(CNloggN)

L iuloyT -F

2 ol st o)l 09955 snl e
a5 ol u’i.pt.u Gawgd slosls bla 1 slacgoze Lej
S il (egd S e 0y Sl (labis gla S
O ygody a5 el [19] ORL 6L L CBg e (slosls acgoases
ShosSe woler bl g ols I3 oies 50 (segee
(P e 5l WSe Vo) el @lize 08 oz sleo gz

yolie I gl ddssx S ax 5 all Slools pae S
ol a5 w4 oS paie o 505 b (il losls
MP LgLﬁwo).u ‘_,’.u‘.w))j)d.\ L\ ‘ﬁLc»)‘ -)9»&@ ﬁLC«-)' ‘o;
Wit oXiglsples] dlig> guiac 45 (6 polic gl L o 35> g0
aile slosls yaie @ sl o388 jobay Dl 0 O jgo
Lli] € s=) ails eabobll abgs & gac a5 |

:‘5)'.’.‘:\156" SHge R) G;L“)}B)‘\'.’ (Scurrent

Llil=arg min D,eulL[i]/] (*)

JE€Scurrent

SISz 0)lgs oalss pgi) Sjge o
{1,2,3,, Ccurrent} acwu )l LgJaaLa.C J.QL«..:L by “\)9""‘(5“
sl
as T 4‘“’9’ Ccurrent o= J‘"‘}s °)"'->° o> ‘Dcurrent
YW 09?54;.61.:_5[0[)4)0 4.._9)4\.\.:;.:)5,@ 6L®,nl&é‘ 3.?;:.').3)&
lasgozme ;5 Lles P 9S8 09— o0 (o=l 59,%
GOLMO5MLAJZM5>9¢:.C)@L&MJAL~45W.J|
(ke a sl Ll K Les

retiabl=nut | o) )
JEDL] =1}

Aol Gyl ol Jopgw g pli Sl Al

») “")9‘44‘ Ccurrentxccurrent “’j‘“\j‘ L' °"\*ZL;;L”)55)4€

1
Dcurren [-, .]: — X
el
Doriginal [a’ b] (A)

a€p,bep,
rolie slass Sl s [P 5 1P L) 5o o5
g 90 o alold Cids> o Ml.,sn P; g P; )5 59250
Syzrge yolie (oolad iy goargd alold (ol b 2l j g i
SO bl slod Ojgo fpas g e 00l JIE P Py yo
alols 5 ,.505lail 1o 5 byl Kslaon o 50055 g Algs
A )s g Ngh e oold ),._,L ladgs 500 b abes ]
Dgr dlg> 5385 a6 T ol Lol
2 68 2! “Courrent 9 Corevious 329U Slw 39,4 (F o5
D0 Syge g5 JSb

Cprevious: Ccurrent’ Ccurrent: I.Ccurrent/ g J (c\)

S by bl opgen Vb o8 Jkz

Yf ol folabivas Jlo

&



w38 i ol dly ok bl 5 oddimesiinl

e alte

b g jlwands —F-)

bl 5 Sislo lools dgame S (53, p St Lioloj]

(Y)J&J)bﬁd‘mb&aMcuPumbb}w
A ad g clods ools ioles

PYLC LRIKRTRVILTTAN

v

ab

o3es glodls asgaze S (59 ilesl T s Crages
i) sl el 4S5 55 s plowl [12] MPEGT b 4 S50
ol 59,05 o0 )18 oolitul 550 (gunalios slagiy ;55
by B elesl e e el 909> S V¥
Ol S Sl ganadiss by, dw b oloidny
e B e
kS dwlie Bas Sglil izes ogb
ol QLSS Lyl o el la iy, Jawgy (gasudlies

Sogeds oileil e 0 jlisyse leadss sl

] -» J
i > ; 2 i .
W g ATl '
& iy o ™ e g "
" gy 4. . *

[ . w = T
. e o & = & ol e &
- 1 i C 3 T . O il i o :
et aols Sl S el e Al s atas eily ezl wolgady Lo,

WS (o0 dumalio 032515 5 9 09290 Sl P9y SO L) oleitin gy s ;o gliie JSB Cdp (59 5 1 (53l A (Y-S
dd dbgS  Jglae dluaad ol Ll by JSCo
(Figure-2): Simulations on seven different shapes. Every row shows the comparison of our algorithm and other existing popular
clustering methods. Different shapes have different number of clusters.
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(Figure-3): Time cost of the proposed method on a large scale simulation dataset. (A) We range the number of data points from 100 to
10 (1 million) and also range the dimension of data from 2 to 100, while fixing the number of clusters to be 20; (B) We range the
number of data points from 100 to 10° (1 million) and also range the number of clusters from 2 to 100, while fixing the number of

dimensions to be 20.
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(Table-1): The result of our proposed clustering method on the ORL dataset, in comparison to other methods
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g q (Figure-4): Results on ORL dataset. (A) is a random subset of the ORL dataset, and (B) is the corresponding clustering results using
0 our algorithm.
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(Table-2): The result of our proposed clustering method on the MPEG?7 dataset, in comparison to other methods. The numbers
represent the quality of clustering based on NMI.
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