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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.

Keywords: Clustering; Key Identification; Large Scale

N garma i oo sl ges S oyl [23] V5L
Slganiin ;0 a5 Cewl OY pasts I condie pz> o j0 wline
355 o 518 ooliil 3,50 a3l slaailabis b o Jpazme
[4]
kosls 1y ol o2l okl sanabe>
S wdlbee ©pn sbeesls g by Jold Joens)sboas
Sl [9] asl USie Wigie Wil i 5 lulis
by gauadys @law ul Jo sl ol slos S,
slocals L alols (go5)s Glyear o col Ll
Jol ol bl g a8 oo 28l 0 1) (slosls Llis (o godgo
oS Alols a5 Lleols 45 Cenl sud (53uym oo
IS adex o o Jgemeygbar wijls (oL call)
PRCTETER N [ IS PRI S
© 1y Solie sbhaiss a5 cwl [10] V' ol jedlade
SU A o a5 W oo Su glalols alise Zolaus
Sty 3l 5N (Ko vpdiee ools 5l el Sg 000 tales
blozul a5 caol [6] "7 Ssly jLacs] o Bg pme (gaimaigs
plrl Laosls (e goags o bl g9, 2 1) Mol Lo

7 Market research

8 Product recommendation

° Retrieval systems

19 Connectivity-based clustering
I Hierarchical clustering

12 Dendrogram

13 Affinity propagation

14 Message-passing inference

doddo —)
SIS ganats egan Sign glaali 5l g ke 5
534S Gl a8 (ol .l Lol Baijle yolic
Taigs a5) Jslite slreg,S 4 laools 5l glacgama o
Sezge slrosls aS g gbay taigd o 51,8l (g oo 0duels
aS Wyl STsl slcgogar b b Sy ,9 05,5 G 0
DSl 0gzae ey, S o glaosls o sl e
Iy osls ;o 09290 18 LSle cansl oo amaiss
SO ogd Wosls 1 gye S a4 e U ass pluls
5 05 Dl A Cond Wl osF gauadss b,
So a8 obeools (Lo oy sail pglie T sladds g0
sl el KaSG L oS dlols ol w3l aalb
ool 5 (gd gaiseg,S pliv sladdss (o ax5)o
L ool alols Wl iyl ala golie slhail o o5
S8 Sl gleadss o cplpls g ansl asly S0
&b o aexjl ool slas )5 sanaldss

! Clustering

2 Cluster

3 Intra- and inter-class variations
4 Image segmentation

3 Pattern discovery

¢ Document analysis

Yf ol folabivas Jlo

&


http://dx.doi.org/10.29252/jsdp.14.4.31
http://jsdp.rcisp.ac.ir/article-1-529-en.html

[ Downloaded from jsdp.rcisp.ac.ir on 2025-11-04 |

- 10.29252/jsdp.14.4.31 ]

=

Sl (plwlivh A3b 9 oIS (sIdsdubgd

(g sy 0 il 18 o allde aalel sl

o 09500 (Byre ool sanabs> s, DL

alaly 5o SIS 5 4il,] anadss Liales] iz lesie gl

Fr sty b ol anadss o )sSl anlia b

Obsy 5o jglcess w@lia (nl bl 5 digh e S 252
5 o0 Ol soleriny saualsS

o9y Y

Jbele 969959 -Y-)

aegorme o 5999 Oy loiiay sanads> v 5N
a5 @8gi Jlae S g 0gd (guuddgr Cuwl 3 AT ools
Q5L B e byd S olSye 1) sanadys bl
Gl Gl gl WS e cdl e wms e desls
Aol v S L g adgs oglhae ol Jold iy L
9y Tey 50 Solw cpr el cals | alols gl
orsllas Sl CiBg5 JLins 45 35 s b8 Allie oyl el o
Wlg oo 5 BB Slasline 00 Wiz pa il aadss |
Crarger b basss Csllas sl «emy ol g oslic
(Gandds> gz bodls dcgemme 0gd oo 0ol isled
S8 aS aie oldl Boae aS Conl beols I w8
Sl S5z 2B Sy a5 (5 5l tigd (GaadyS wanl
Ohaled e Cep S b Jlzms Sygons |, T g &5
oS dewlme 1) Ll o Aol il aS gemdiay sols
03ls degasne 10 39290 (glaosly dlass ¢ ey il pien
L oloin gomdiss ni,s8l e oo sl N L )
& Cad N XN alols s le o o5 Dypiginar <l
Sgb oo 5] il sal awle lools dsgaze (ly
S wodls M5l jod sl alols Lo (5 S jp0
lge 45,5ty ool XM (i 5 i o
J 5 elT sloosls b Aols « Sl pl] gt 5 gl 1l
el e 8 gl

D yiginailt.j1=dist(i,f) (V)
Slools g0 o alols a5 el b dist (., )don) o
Wosls ol p3Y oplply wails 5 ol 1) Waosls acgases
Jobae 5ygoa alols ] jo a5 aisl olas 4 sl

Slools acgama 10 3470 (glrools 1 .0il ouls oy yeS
splie ool b gy slad SO ol Ojsoa wulen
loisb (0 lalinl (gamgs asan S (59, sloakass wisle)

Yf 2l f o)l \VAP Jlo

)‘ |) ua}Lw 6meo|o ol )01_6 &J‘Jj) U”‘ )
Ay oo o> Ggod g Ol eools degasxas
Jols goamatiss lahy, S S e |) laaliss
[81021] TSl S ale 150wl n slags,
oS bobre Joo aile Tmps al » slbagis,
P b ganalg: anl 0US wl 5 sla bg, [27]18]
witea [1] LelS5 slopzs,sS0) 2 e slass, 5 [24]
I (_g:\.? 5 S V‘VJa.c sleosls Ldzi yo 5l adg,

Oled &5 da3 e 3 anades iz slap )Xl »
BUICHS ERVE S E 0NN VO O S | FRLI- Ry SR VR B0-3
ol ol cuza Vo pulide (ke S sonatss
3y gasd pl wazg (ol b 20]2] wals jlasay
gz sl glalsde BB el gl Sl S
2 by 50 Slojl Sy Nipse g5 Sy S8
45 323 o b S s0ls laygdie 4 ) ] clbls IS 4l
oslinl A glge (giloarte 5l s BB Ol & O 5o
288 Gl b ganadiss sezse sla s, 5l (6l D98 00
Sgaze S pdmmlide Sl 5l wiies iung (5)98
Seiion Wax gadby> By, So dlie cpl o

S bl g Sl 330 0o g pdeliie oa &5 250 o
degarme JS oaules a5 €l yole U5 ,e ool Lo
slasigr Lole Aoy g Wigd oo ol s ool
Gz o o alols il s b S e JS8 LT b sy
A ye 52 )0 ol o sl (53959 Dlgreas Laosls
siglod g il Al e T 1 sais bl glauds 511, alols
L oS oo ot il oo edlonts bl a5 oleesls
b SzsS (slaatips L po o ol pealdes sonaiigs Sl el
Cosddy basgs 5l sllas olaws b wigd o slésl 5305,
o) J3oz 05 S (s iy obeie altens S gl o]
g 9ol oo Sloj (Soazmn il o0 &5 098 o0 Sleidy o
Gebai b3Sl Sloj 85L j0 0ol baygdia LT 595 o2

.J.QJGA

! Centroid-based

2 K-means

3 Distribution-based

4 Guassian Mixture Models (GMM)
5 Graph-based

6 Spectral clustering

7 Big data analysis

8 Parallel optimization

% Tracking table


http://dx.doi.org/10.29252/jsdp.14.4.31
http://jsdp.rcisp.ac.ir/article-1-529-en.html

[ Downloaded from jsdp.rcisp.ac.ir on 2025-11-04 |

[ DOI: 10.29252/jsdp.14.4.31 ]

o8l Sley (Sazn 9 285 (69, » g Hlake 05d ol
il Wl e Vo 5l 8 5 i S0, 5 0,38 e 4

SolS polie bl —Y—Y
) goleiin unalsS by, Sl e e S
dcgoze ;0 ol olic s olaws Sluld Cye
Slho adgm SO L ool S (goldS ate o Cnl glosls
3P B Az s il Wilg e eols (golass el
pae loags ST b lanlS (sanades 5o slagis,
Sl LD Alold o ple mdls b osiws (glosls degasne
Glools degamme 10 39250 jaic M G904y dlold &S mxm
ol a5 ol jolic Gollas slaad 5 casl 00,5 0,53 1)
a5 e 306 € §f deyama S quen e Gielai €
Olyedy 45wt (g polis (gl il b Hblite o Wigd oo
@5 galS polie Gl (gl wisd oo (olulid oS
Sl (g, ol 5o el el Bas Al wa L SO
S yyods 45 o9 e LT (s paie alolid b gulS pobie
degezme yolic Koo 51 S 5o L) ol (n eSSl
() Bas &b) o4l (losls
;= arg }2}51’}7%2;@11)[1".1'] (v)
LSS Soge 0 G slS polie Dbl
aeS (e &5 Ay csom GlS yaie lp e
&) o ks oo Gl Jl> 4 b oS (g 0lie L) alold
b oo delol (Y Bun
I,=arg [ing;é’ 1,r-neilS],, D[l}.I;] (v)
aln 1S5 jo oS conl (5 polic acgoze S, L) o
30 &S el (g polic dcgozmo K, g Silonls il Jl> 4 U
(§olS polie bl a8 ailoauis Clsasl jei ol n LSS
oy oacisoll oS yole slows a5 Wb oo UL S

YW

Gwdlgs —V-Y
Clarger 33lo 8355 Jlne S (glodls aegoze Sy il |y
robie @lulid sl o2)s5 S5 5 (bades sllas slass)
Ganalss ol sSll cglools dsgazme SO 0 galS
Olyedr glosly acgemme (85 A0 L olein

S o gliS olil Lol aabs pogie o5 g
Gl o wed eoliiul (58 slaolul a5 oo
el Sl S Bl Al

Mg slatyy o St 51 (S ot e Wl o
)0 O¢>ge ).oL.C Ls.oLQ.J (§9od90 dols WLZA ADnrigl'n[ll
o pile o Ll bl dalse Sloyigyds 9 slools acgerms
Slools dcgame Canls 4 Aty .Sl sdwlcwwsas polie b
el o 3 (ilwesly sran T Ko alsols &b g
A8 Doriginar crssls laslys (5,8 Ladl adls s>
(slosls degoamo 07 dile paic o gl aS il pl (gan
d T lbaluar p 5005 5 paie b Jolis Ri(i) acgome
ol Col el SO Lol o b osae gl olulis
dcgozo ;01 paie glp Ri(i) acgomme cplply 0uS [Lasl
aS siwd 1 za glools dcseme I paie kb ocslosls
3 eolatwl b baslues ol il pieS Tl lidlols
a5lgd o Dorigingr s abold o ile ;0 39290 polie
YU jo a5 g laSalis ¢ by pogdle wigh olwlis
3 dil e anlol jo a8 bl g las,laSlas il (Syme
Sl 0ae N 5l s g8 L .ol ssalgs colaiwl allae Jobo 4o
S ledr Sl a0 gl alst ez S ole oS
sl Gl ai oS col glasgs Sl L[] d pare o lp
ol Basmo las oS col 1,8 5 L=[1,2,3,..,N] laol jo .0l
30 Ogzge paie o Gl jo 00 oS A col cids
Ls gyl &S ime adigr SO lgreds | (losls dcgasme
g ysl lhzl b e 0,5 e Sl 0 il jaie K
loaiss b wshign plesl S b 5SS slociys
b & bowap polie 5 s SO ) 6555
sl ol cpl sases WSl b Wgd oo Slw,yjg,d
L Canspgd 10 09290 sloadlio dlaws a5 iz o opl ol
3,84 pamie sladdlie sl Jg wile aolys LN L ol y
a0 g Canl badgs b ol b blis casjpd (o
anlg> (g3gro pf 1,0l lizl Job o lade o .y
W WS oo et &S el SOl gl )l g colys e o
sloadss 505y 4 Fge @Sl Bl 5L 1SS

1 o
Hamming distance
2 Nearest neighbors

Yf ol folabivas Jlo

&


http://dx.doi.org/10.29252/jsdp.14.4.31
http://jsdp.rcisp.ac.ir/article-1-529-en.html

[ Downloaded from jsdp.rcisp.ac.ir on 2025-11-04 |

- 10.29252/jsdp.14.4.31 ]

[D

=

Sl (plwlivh A3b 9 oIS (sIdsdubgd

! Jsb o 1, cleb gladgs oy dlols Dy calols
adgl (mo)lMie p Sjped 5 WS SINSS )Nl

:“39‘:’&5‘
1

- (k+1)*

X

Dcm‘r'ent [ZJ]

D, ivina [0,b
a € (BURKD). b € HURG) it 4] ()

5 Gyas k sloacsaze & Ri(j) 5 Ri(i) =l yo
Oz 50 a8 Ayl o,lil jgi yeolie gladslues (p 3 SG0 3
55 o alold e YU alal) Clinis o W 3 yme V<Y
ol O 9dg alols (Sl b pl 1) g d Al alss
Lzl Jsb joaesee )18 J 51 Goleas 5S35 k
Cowrrent > Crarger &S Sloj b <Sye 5 sbopls oy )55l

Wb sa 5SS el 15 5

ol paie S L ol G 2 a5 alisS Nl lacseze
0OSpesl b ) Sjpot 0,68l ogbse kel
elol 15555 slaales adsi o SuSy b e sS slaaldss
el il e GlisT S o) bapliol ol il o
B30 )5 0250 O 50 plésl Al o (paim Conl (Ses
o Gioled Corevious 1,55, 50 iles (3L algs Crpges
30s5 Coprenm 5 ol LS5 1 9,0 50 laadgs olows
o] Cawnds LS5 T 5Ll 5 o5 el loadisd ogllae
2l0ke ) Dgeds ST s o polde ol Ll
Wb oo 4l

Cpr’evious:]v’ Ccurr‘ent: lN/ gJ (f)

O ygods adss o dlold po g ades dlasd

o rle SO Ak o nd ool syl (b o atwgn

{0,1,2,...,N-1} degama 1,k sue

s 4ty cple ol g (glasls uaze N 56083 LRKP) P s o sl o8 D32
oo iy fons 53 (Cget? Ay aloen i Suayi K acgara by
o e LAY

e s g > 1 eylisae

Ayt St oy 4 e 0
e 55 Sy o

Y T

S99
sl b D aleli o ile

€ apllas gla atys slas

] (a0 by a5y )

Carrn - W

Deserenlii] Doviginai 041

a € Uk, b e [Julty()

1
(k+1)

o (g pate s pate ol gt o bzl g galS s pulgl
ol jeolie 8o 1 alold 5 Bila o 2a8 oF

1
5=arg lln‘n"\‘mz Dlij)
i1

l

Sl b g o llids

Disrrent Courrent 153833

Seurreut ‘237

Sl ol g el

Stuat s%35>

| l

ar3l apo slaades ¥ 31 B L oF Soiasts |y ez
03¢ )8 o Scupren 15 51 yaze 2 5l
Llij=arg min DLl
[=arg min Depren LU

Ky={1....mN\{}
S=th
n=1

l >

il s sleatss Sl gl LB oS Sl bees
03¢ 13 e S 52 95 1 paie 8 sl
Liil=arg min Dyl L]

J & St

Aol ata 12y 4 o (g e s sihar (S0elS punic
9500 sgzpe saulf polie L,

1,. = arg max min D[J, J,
we BTG K oA 1)1

l

ety e oty Jealyd Yol o5 Dosprem

sy alali L

o apedma by ol satade? o3l

1
DonenlliF === Z Diiginalla.b]
wellel, &, ™

I

Coreviows ™~ Current

Cearren ™ |Ceurren’8)

(<)

ik st e %, L

l

Ky = Ky \ Uy}
Sue1 =8, U thn}
n=n+1

(all)

Sealigs (g JalS (slainig)y (@) a0 g0 yLi 1) ualS ol il iy 58 (sladuigy () :(V- JS)

B3 o LiS 1) golesuiay
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(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
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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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U’ q (Figure-4): Results on ORL dataset. (A) is a random subset of the ORL dataset, and (B) is the corresponding clustering results using
L 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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