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Multi-core processors have recently been available on most personal
computers, laptop computers, and also smart phones. To get the maximum benefit of
computational power from the multi-core architecture, we need a new design on
existing algorithms. In this paper, we propose the parallelization of Rough K-Medoids
clustering algorithm. In the Rough K-Medoids clustering, each cluster has been
formed regarding the two approximations, a lower (data points have been assigned to
a specific cluster) and an upper (data points can be assigned to several clusters)
approximation. To make Rough K-Medoids clustering be better parallelized, we
employ Erlang as a language for concurrent programming with functional paradigm.
The experimental results demonstrate considerable speedup rate of the proposed
parallel Rough K-Medoids clustering method, compared to the serial Rough K-

Medoids approach.
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Mammals

Fish and amphibians

platypus

reindeer seal porpoise sealion

dolphin seasnake pitviper toad

gorrilla mongoose cheetah vole mole lynx tuatora frog newt

hare goat racoon aardvark buffalo polecat seahorse bass haddock

stingray herring pike
tuna catfish piranha carp

squirrel wolf boar lion elephant leopard

sole
Invertebrates

dove flamingo gull
scorpion starfish crab crayfish clam .
sparrow crow wren kiwi
gnat honeybee seawasp octopus
hawk duck vulture lark
moth termite housefly flea ) ) )
chicken penguin ostrich

Birds
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seasnake

mongoose chetah vole

eindeer gorrilla

seahorse base
mole lynx hare goat

porpaise tuatora haddock stingray
racoon aardvark buffalo

Fish
sealion frog herring pike tuna
polecat squirrel wolf

Aquatic mammals newt catfish piranha
boar lion elephant

Amphibians carp sole
leopard

Land-living mammals Nonbreathing

dove flamingo gull
invertebrates

sparrow crow wren Kiwi

moth gnat honeybee

Starfish crab hawk duck vulture lark
crayfish clam chicken penguin ostrich

termite housefly flea seawasp octopus

Breathing invertebrates

Birds

5101 2.2 naaamauisngudafeoniilu 10 ngu (Myatt and Johnson, 2009:69)

Mammals .~ Fish and amphibians

seasnake

eindeer gorrilla

mongoose chetah vole

seahorse base
mole lynx hare goat

porpoise tuatora

haddock stingray
racoon aardvark buffalo

sealion frog

herring pike tuna
polecat squirrel wolf

newt

Aquatic mammals catfish piranha

boar lion elephant

Amphibians carp sole
leopard

Land-living mammals onbreathing

dove flamingo gull
invertebrates -
sparrow crow wren kiwi

Starfish crab hawk duck vulture lark

maoth gnat honeybee crayfish clam

chicken penguin ostrich

termite housefly flea seawasp octopus

Breathing invertebrates

Invertebrates
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qﬁj‘]J“I/] 2.3 uﬁmclwmu’mma:ﬂqutﬂuﬂquﬂﬂﬂmm 4 NQULLIN (Myatt and Johnson, 2009:70)
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p=@,p, ....p,) Q%
9=, 95 -5 q,)
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5TOZHNTZHINGA p 1AT q ND

d(p, q) = 3\/'10_30‘3+‘20_40|3 =25.198

2.3 9ane3Ny K-Means Clustering

o a =R . I o a R A o 1 9 AN Yo a
0NDINN K-Means Clustering Lﬂu@aﬂ'f)i‘VllILW'E']ﬂ15%ﬂﬂquﬂl@ﬂaﬂhlﬂiﬂﬂ3'lﬂuﬂﬂ

U

] v
NWﬂLL‘U‘U‘I’Tﬁ\? Tne K-Means Clustering uufﬂﬁﬂﬁ]ﬂuﬂﬂ?iﬂﬂﬂﬁjhﬁ’)&lﬂ?iuﬂﬁ{l}@yjﬁ ‘H%E]

.. . A awv £ a [ a R dy A Y Y v 9 I
partitioning (naaAne Lﬂﬂﬂigfffw, 2552) E]aﬂ’e‘)imJu%3Li.mmumﬂmﬂmwayjaaamﬂuK

[ @

1 3‘, o 1 é 1 1 1 d‘ 9J I T 9 a o
NN IMNUUATHIUATNINANWNVDILAASNQY (A1 mean) o l#11un191999d8115UN1579

'
1A

9 '
52UTHINTENINToYaUAaADUNQUNI K ngu Joyaszgniadiegnquilndnga

Q

o A o 9 g‘/ = d‘ L= 1 o ] Y o
ﬂi%‘U’Juﬂ1i%$ﬂﬂuuulﬂ%uﬂi%‘l/l\?eljf]lqjlﬁﬂ\i‘ﬂllﬂklilllﬂ1ilﬂﬁEluﬂ'(,jllf]ﬂﬁf]llﬂ Llﬁﬂ\‘i@]’)ﬂﬁﬂ\‘iulﬂﬂ\‘i

=

g‘ﬂﬁ 2.4 agtedd pseudo code (Oyelade, Oladipup, and Obagbuwa, 2010) 1anasli 2.5

U
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Step 1 Accept the number of clusters to group data into and the
dataset to cluster as input values

Step 2: Initialize the first K clusters
- Take first k instances or
- Take Random sampling of k elements

Step 3:  Calculate the arithmetic means of each cluster formed in
the dataset.

Step4:  K-means assigns each record in the dataset to only one of
the initial clusters
- Each record is assigned to the nearest cluster using a
measure of distance (e.g Euclidean distance).
Step 5:  K-means re-assigns cach record in the dataset to the most
similar cluster and re-calculates the arithmetic mean of all
the clusters in the dataset.

3 111 2.5 11@A9 Pseudo code ¥B90AND3NY K-Means Clustering (Oyelade, Oladipupo and

Obagbuwa, 2010)

=<
2.4 9and3Ny K-Medoids Clustering
I Y a ! °
K-Medoids Clustering Lﬂuaaﬂaiﬁuﬁgﬂmmuaiﬂﬂ Kaufmann (Kaufman and
Rousseeuw, 1990) Tagtnuagmuisdniana1eueInguaoA1undovueIngy H3onA1 mean

1 H 9
11 K-Medoids Clustering @umiianaisazunuiidion1vedingose  noglunguiiu dred1a

o

[ 1 { ] o 3
HEAINAIINNITIAN ULV LU K-Medoids @]'lllg‘l]'ﬁ 2.6 Tﬂﬂum%uamuau 10 freenilu 2

U

[ a R

J I 1 1 1 @ 1 {
ngu i el uag c2 HuAinavesuaazngy ReUAUA1 mean N1 1A9INOANDI NN K-Means

. a2 < ' 1
Clustering N k1 t1ag k2 LﬂuﬂWﬂaNﬁUi’NﬂQM

Y A [ [

Yaanan 9 VYDI0aND3 NUUUY K-Medoids Clustering WefFeufeuny K-Means

A

Clustering 119

v 9
D Tuuaaznguazlddoyavesingarladmilslunguiiuunudunianaisuesngy

T Aa

A Y I 1 = d 1 A A a o 19 1 o oA
LL‘I/IH‘I/]%$GI,‘]5L‘]Juﬂ1 mean G]NLiJuﬂWLﬂ’ﬁﬁmmﬂmﬂﬂﬁﬂWH’)m "lﬂwnmummamwm

U

9
Voya
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3)

4)
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. 9 o dAa A A . A o ' ' )
K-Medoids 1#waansnananlunsaidl outliers 1119991nA11119na 199090 uagdang
Indnudeyadiulnajuesngu vz K-Means Clustering 0153 outliers 819929111%
o ] U ] 9 4' ] 9
dunisnanvesngurgaoen lleg Inanndoyadu q lunguld

v v
AoYATUNIUNIOTOYANAN (noise) HUTINANTZNUND K-Medoids Clustering 1108071
K-Means Clustering A10iMARAIASINUALNTAI outliers
° A | . . .. ° Y 2 '
mﬁmwummu"lmﬂmma (objectlve criterion) ﬁmwmmwuﬂ"lﬂwmmmmuagﬂu

Y 9y
ANUARDINTVOIR 11U

doIFenan 91 U3 K-Medoids Clustering Ao

D

2)

3)

<3| Y axdq 9 ° a v . . ! o Y a a '
WuduaeuIsn14n13A11LI12FIN159A (combinatorics) @1 1RlszanTan g
T W . 4 . . Y o o

NN K-Means  Clustering 11199910 K-Medoids Clustering  A93ININITATUINU
=~ [ o ] A o A Y A Y aa 1

nSeuiieununndwniaiemidumiusnldanou luimunediga ua K-Means
. g’/ =~ 1 o 1 d' 1 1

Clustering HuifSeumeuuanuarnae v lutaazsou

o & Y Y 9 a ' o ' ' o Yy 1 oo A

suiludealddoyasia q lunguunudunisnatsvesngy i ld limsenaiGoq

AuANvaId LN lBIs N DAL INa19n TasA1 mean nunludanes iy

K-Means Clustering

A~ A @ 9 Y <] 9 0 Y o '

Welmslasuulaimnsznedivesteyaudimeuaniios sz lddmmuana

yosnguilasu luunu hineiieslasaznsz TannniaguilelUsndagnilalungu

MIMINUYIBANDTNY K-Medoids Clustering  3z@0ain1snendon lvdhvune

I [l 1 .
(objective criterion) L‘}Jummwumuummﬂquﬂ'@ya (Compactness of the Clustering, CPC) ¥

o Y v dy
M laaail

K
crc- 2 CPC(C,)
k=1

Taganuvuinvesteyauaaznquiiuim 1dnn

CPC(C,) = > d (Xn ’ mk)

XnECk
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3)
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o9

c,  fAonguioyak
A o Ay '
K flo TuaunguideIn1sn
X fodoyalunguk
m,_ 70 A1 medoid H3DAINANUBINGY k

2 o [ a R . . I @ dy
TUADUNTHIUYDIOANDI NN K-Medoids Clustering 92111 Taall
o o 1 I 1

MUUATIUIUYRINGN (DU K ngu

Y g o Y 1o 1 . 1 1
quING ellﬂll”ﬁ‘]ﬂﬁﬂllﬂ K e lvidlumidiianany (medoids) VOILADLNQW

o [ 9 ~ =1
MvuAIngUoyaniya ’a‘w”ln”lmﬂummmumgmmﬂmﬂmﬂuamwﬂiu'naﬂﬂﬂam

U @

& A = 9
wuﬂmmaﬂﬂqnﬂ ARUDY ﬁiﬂaﬂ'ﬂ@]nﬂ’iu\iﬂﬁ'l\?ﬁi]i]“]_lu"u@ﬁﬂﬁllll'lﬂﬂﬁﬂ

[

‘H'Iﬂ1ﬂﬁ'l\?ﬂfl’ﬂiﬂ]’ﬁ]\iﬂﬁhﬂ?ﬂsluu@m ﬂawmamaaumﬂanﬂﬂwmﬂum ﬁu‘ﬁ

Tailgardumianans (non-medoids) udSeunsuanNuUILIY (CPC) mmaan

o

Y A . Y q Y1 { o A
qﬁu,ﬁamwmﬁlﬂumﬂmq (medoids) tia2 11 CPC Nehga
<3

BQ

A (= ~ (= 1 9 o 9 1 [
Woarkandeyalulimalasungudnae lUud vznganisviiau d1luezrundu 1y

FdoRTuaoUT 3

9 ! 9
wmwumaumsmmﬁau”lm%ﬂmma (object criterion) U¥DI K-Medoids HULUINDDNANKIN

3’/ A ) Y [ = Ao 1 A Y I A
AMNUVUABDUBDUA Vlﬂ‘er”lfJGI@milﬂaﬂuﬁﬁﬁﬂﬂWN’e)unlalJ!,‘}JWmJ”IEJLﬂuLmU@uﬂ]
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8 + T - T T
N
7F P + R
o=
&
5t Kkl /
5 b
at B
X el -~

3 -
2 1 1 L

2 3 4 S

A oAy Y i @ a KR . . v a KR
gﬂ‘ﬂ 2.6 uf’fﬂ\iﬂqu‘ﬂhlﬂmﬂmiullﬂﬂﬂﬁ]aﬂ’E]i‘ﬂiJ K-Medoids Clustering 161 9aN0INU
K-Means Clustering 992 141141119 medoids 11NOANBT NN K-Medoids
Clustering ADAINUA ¢l 1AL ¢2 FIUALHUI means 1I1NBANDI MY K-Means

Clustering ADALKUI k1 1AL k2
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=

2.5 TIE]H@]?W\IWGI (Rough Set Theory)
a d' U Lﬂ' g}J o dy E’;’/ . 1 =
LUUINIUAANYINVLTDN i'W‘ILGIWI uummuamummaniﬂﬂ Zdzislaw Pawlak 611!‘“'5'3\‘]‘]J

I a 1A o ] ]
1982 (Kerdprasop and Kerdprasop, 2007) uJuumﬂﬂclwmﬁmﬂmwuazmm"lmmuaumm
a 1 { 1 ] g}/ 1o & o
AUIFNVDILA LUANHINIIN fuzzy set mqﬁmm'lmmuaumm ﬁ']“l"l!}’lf@] uu"lmuﬂuﬁ’mmﬁﬂ
1 < A 1 1 I o o A 1 9 A Aa

ﬂ’JHJ“LJ'I‘l]%HJ“LJ ﬁﬁ@ﬂ'ﬁl@\‘]ﬂ'ﬂwuvﬂglﬂuii‘!fnﬁﬂﬂﬂ'lﬁﬂ‘ﬂﬂ’)'mﬂt]lllﬂaﬂ L!ﬂ'ﬂﬁlalﬂluﬁﬂﬂﬂlﬁﬂ‘ﬂ
1180119415520 1A (approximation) YBULYAGN (lower) AT YOUWADY (upper) FIYN

9 w

a &l a ~ ° ’q Y v (% 1
uﬂm"lﬁhlugﬂuuuwugmmawm HUINATTIAYUD PRV ETE VlunJTlJigEJf‘lﬂGlGD'ﬂ‘Uﬂﬁﬁ]ﬂﬂijil

Y A &1 A . . R A &l [ Ao & [ dy
Yoyane wun lagdszum (approximation space) muuﬂmwugmmmmuﬂumu (Pawlak,

2002) tazgiluaaaiuaangves livaaagali 2.7

'
[ =

- szuudeyav1rens (information System): ADRSUALINUARIY S = (U, A) ¥4 U uny
FAVDUBNANTUNNT (universe) VDIUTAUDITAY LAY A ADIFAVDINUANHUY
(attributes) YDIINY waeusailumasisa

- gnanBnves A unudie  ae A nasgia vV, unmaavesmindull1dves

o

AUANHAE a
v J

Y I 1 o Y A 1Y) v 7 o
- ﬂlﬁ B ilugadaguey A llagﬂ']ﬁuﬂch’i I(B) ADLEAUDIANUAUNUTUUDNAWTUWND

J o o gay o o L - . = V1
U 58071 anuduiusi hiaunsouenainnu (indiscernibility relation) Hew' 13N

1(B) ={(x.y) € I(B) | a(x) = a(y), Va e B}

a(x) AOAINUANLIA a YOIIAY x 1A a(y) APAAUANIA a ¥0IIAY y
a I I v o J 1w Y
- 1B) 5equdrndu ANuduWuSNTINY (equivalence relation) )19 5ZAUAIIN
Y v o J v <3| oA
IMNU (equivalence class) MUANNUTNNWUTUDI [(B) 3LLUI U aamﬂuwmﬂﬂqmm&m
oA A "y v o Y A = A Y1 a3
uNUNgUNYEY U Ngnuieaisnnuduus 1(B) de U/(B) 13e U/B uisen lainilu
B-elementary
- SZAUANMIMINUYEY I(B) Wiengudoya U/B Nlidag x eglunguaz@ouunudie
B(x)
Y dy @ o Y4 9 1 [ Y
- 1 (x y) Taquunuanudunius 18) uda x uaz y 9 luansonenanuuanaie1a
lunquamanyme B (B-indiscernible) Wufo x wazy Naumnunuadmivgn
Auanyuzly B
Y

- $imvuald approximation space 19 (Pawlak, 1982)
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approximation space = (U,R)

{ [ v o [ 4 1w 1
Tagn U ﬁﬂl@ﬂﬂWﬁﬁJWﬂ‘ﬁﬂl@ﬁ'}@lQ iuag R ﬁ@ﬂ')']i]ﬁﬂWU‘ﬁﬂWﬁLﬂ']ﬂUL%u I(B)

3 < 1 v o d I 1 @
5}1mwuﬂ X 1 UIsag08U0 U0 nANTUNNS Uuag B LﬂUL“B@ﬂﬂﬂﬂlﬂ\?L“B@ﬂmaﬂng A

15192181 B-lower 1@ B-upper approximation UM approximation space (U, I(B)) &

[T

N

=le

Blower = XLJU{B(X) . B(X) c X}

Bupper: qu{B(X) : B(X) N X # @}

@ U

B-lower  A9M133INAUUYDIND 9 ngudoyaNuLIal185zaUANMNIN U TaY

A

v o A %
ANUANNUD I(B) NU x N Uuguisaves X

=

[ 1 9 { ] 9 [ J v
B-upper ﬁﬁ]ﬂ'lii’]ﬂﬂum@inﬂ 9 ﬂQ3J6U®3Jﬁﬂllﬂﬁﬂﬁﬂﬁgﬂﬂﬂ]'lﬂl‘ﬂ'lﬂuiﬂﬂ

U

Y] Y4 Aa 4 (% Y [ Y 1
ANUFUNUDS I(B) NOURDILEAND X LLa'J]ljJLT]1ﬂ1JLGIf@'J1\1

boundary region ﬁ@ﬁauﬁ@gj”lu upper u@i‘laj@fﬂu lower

]
[ 1

9 9
positive region ﬁamuw’og“lu lower MUMNTIUU
negative region ﬁad’guﬁaéuaﬂ upper
Y . < 1 ' s < A o . o
£1 boundary region Wisanawaasn X dwdusansanu (crisp) VUIGARUANHUL
B

9 . 13 J 1 I @
1 boundary region luilumanaaasn X i svlea vuwanadnuue B
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\ .. Lower approximation
~ . (Positive region)

Il ——

Negative region

g‘ﬂﬁ 2.7 UEAAIANY UL YD upper Q¢ lower approximation

=<
2.6 0andINY Rough K-Means Clustering
% a R . I o A =R ' 19 1 J
2aNBINY Rough K-Means Clustering Lﬂu’l’)aﬂ’f)ﬁ“l/lﬂJLL‘UQﬂQNﬂl@HaIﬂﬂiuLW]ﬁZﬂ'@‘Nﬁ]%
] I 1 1 <
um%’aga@@mﬂu 2 ﬂ@uﬂ@ﬂiﬂﬂﬂi%uimuuﬁ@ lower approximation L& upper approximation
1 I 1
(Zhou, Zhang, Yuan, Lu, 2007) Tuaauved lower approximation wilungosves upper

. . a . [ <3| a ' ' ' ' o {
approximation N1¥NVYDI lower approximation fﬂ$Lﬂuﬁui%ﬂﬂlﬂﬂﬂﬁ]u@ﬂﬁlmuﬂu mumqﬁ

o A

¢ 1udIU upper approximation ©199z0g lunguuadalinu luutueu Tashiagludiu

a

. 1 9 Y < a 1 1 =< a o ] 9 Yo
boundary region pg 19t Bsg0UTUAFNVRINAN IANaUHI TumsAadrana1a v lvny
1 o a 2 [N 1 a 14 1 1 %1 @
NQNAI88ano3 711 Rough K-Means Clustering YU0gnUAIMNITINNAOS 3 A1AD w, ADANIININ
1 ' Sol o ! .
VDI IU lower approximation , w, AeANIIMIINURIA I boundary region laig & threshold Ao

ANNUANITLHZHNTEH 1IN0 1UaIU boundary region NUAINANYBINAUTYIIY A

H
1 [ U

52021 193211197A)N0g 1UdIU boundary region AUNGUDUY TitAUAT & threshold 900

Q

[

A a 4 U
mguuu,ﬂuﬁm%ﬂmmﬂquﬁuiumu boundary region A
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1u3Fnsve9 Lingras (P. Lingras, C. West, 2002) SGURERLY Rough K-Means Clustering

o 1 1 9 o 1 dy
ﬁ"lﬂJ'lﬁﬂﬂWu’JmﬂWﬂaNsUfNﬂ'qllllﬂﬂ\‘]ﬁllﬂﬁﬂﬂllﬂu

- -
X X

w. D —”‘+wb. > —B”‘ forC} = @
mo=] weel = e

X .
—otherwise

w. Ck‘

-y
Xne‘Ck‘

A 1 é 1 1 ]
m, A1 AINANNgUA1 TN

Q

‘Ck‘ Aot uuvesingdeyanedludiuues lower approximation

9

‘Cf‘ = ‘Ck —Ck‘ Avs UV IngTeyaiogludiu boundary region

2.6.1

D
2)

3)
4)

5)

Q

TUADUUD IO aNd3NH Rough K-Means Clustering 1 ua il

o 1 a A 9 9 1 o 1 1
Mruam e s GuAu 1Aun w, w,, $1UIUUINGY K 1aza threshold &
quarvesingliegluainves lower approximation voIngulanguuile (¥
ATieNIZNUIINYD010¢ 11 upper approximation 26)
MuIUAININANNguA111iA2875 999 Rough K-Means Clustering

lunaagziagmineglndnuaininatsnguuesngu lnuuiniiga fvuald

9 v 1
Tagedlunguiiu tagdszezvinavesiagnunguilnanga uag szozv19Ues

Tagnungudu q annuliinue threshold & Nfvua zMmuan1ingun

A

1 . . 1 1 d‘ 1 dys} 9 =
11 ud21v09 upper approximation vosuAaznguirIuSou lulide 6111l

D.

J 1 A dy Y Y 1 1 . . U
ﬂqu"lwumumeu"lmu %ﬂmagaag“lumu lower approximation UDINGUN
] 9
Indngamniu
A g V9 1 a 1A ' Y o Y '
memwaua%uﬂmﬂaﬂuﬂ@mﬂm‘lﬂum CHIANTITNINIU f1'lsivzau

U

v o 1 d' gJ/ d'
ﬂfl’]J"l‘]J‘VlW]i’)VIGIJu@'I?JuVI 3
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2,62  @wvenanazanudsunilasues Rough K-Means Clustering
. Y 1 o 1A 9 a s A A
Mitra (2004) lata@uedn msmnuaasuduvesnisiimes natuGesien
2 v o D) o A= . = v
waziluanummenanlumslganusanein Rough K-Means Clustering (U194 4
1L 4 1 a & § A
UszgnA 1y genetic algorithm 1omAIMIIMimes Niiuz ey Tasldmsasinaeunioe
1 I 4
11 Davies-Bouldin cluster validity FITREIEY
. .. I 4 @ @ " oA g a 1 o
Davies-Bouldin index L‘]Jmﬂmcnmi’mﬂmﬂTwﬂﬁi}ﬂﬂqumﬂuaaizmmmu
VoA a 4 Ig Ty ax [ 1 [ 3‘/ = ) Y I 4
YoInguiazinzvnaz 1NnednuIs lumsutangy aaiuvegnihunlnilunae
1 U [ a y a ¢ A ] 1
lumsufSeuounnuasgninasssanes iuinlglumsinsiziinonsutngu
9
R
o ! . . . ' <3| o 1 '
MIAIUINAIUDY Davies-Bouldin index UV 9 AvIHUATIAIUTENIN
@ 1 1 1 1 <3 1
HOIINYDINITNTZABAIUDIToYa TUNgY 1Az T202H19TEHINNGN VLAUIING
H v
nuInguNAtY MInszatedrlunguazdesiios uaz sTezrNTEHINMARZNGY

1 I [ 1 -
ﬂgé’l}@\iMTﬂ N1311A1UDN Davies-Bouldin index LﬂuﬂﬂﬁuﬂWi@]ﬂ‘lﬂﬁ

SU,)+SU,)
k=l d(Uk,U|)

lK
i« &Mmax

1 I 1 1 1 1

A1 SUY+SU) fluszezvinvesdeyanielunguk  wazngul  dau
I 1 U : ' o ' o & o ' .

d(U,, U) fluszegniesznineganenanangy k nungy 1 aatiunsi1da1ues Davies-

g A o ' ' 4
Bouldin index tanfigavz i In lan1sudenvesnguangea

2.7 oane3na Rough K-Medoids Clustering

Georg Peters and Martin Lampart (2006) &1 naus3smsth sl wilszgnd 140w

£
M3HINGUTBYANUY K-Medoids Clustering TaeHeusamlsasae 117

A 9 A
X, Ao kavesvoya laefin=1,...,N
a ik , : 4
m, A9 AINNNAI (medoid) YoINgHN C, Tas k=1, ..., K
d(X,, m) = [[X, - m || D T2031HNIZHINIAY X, 1Az AINNAN m,
RCPC (Rough Compactness of Clustering) i A1909A1UHUMHUNGUYOYALUTIN

Taen
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2)
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K
RCPC= » RCPC(C,)
k=1

RCPC(C,) = w, Zd(Xn,mk) rw, Zd(xn’mk)

X, eC, X, e(C—Cy)

1 a 4 1 { 1

ATNITIUADT w, LAY w, wlnaneuIANUNVYeY lower approximation @& boundary
region ¥0IngN 1UMIAIUIUAT RCPC

9 P

YUABUITUDY Rough K-Medoids Clustering Haane 111l

U o < 1 1 @ I a
duidendoya K arlmiduar Medoids: m_, k=1, ..., K Tasuaazdrnziiluagusnves

. . ' v Y ~ A A A W Y X A >
lower approximation : M, eCk mummlﬂyamwaaﬂw'lu“l@mmﬂmma X

Tagn m=1, ..., (N-K)

o o 9 = A o ’ J o g 1
mruaingioyaiiae (N-K) 3o v09 X T1u K ngulagvhiau 2 suaoudes Tu
2 Yo 9 ' fi’ A . . oA 1 v
Tuapuusn Inmuuatayasd lUNUNVDI upper approximation YBINGUNBE INANTA

'
v [ =

° 9 1 . . 1A ga
Guaouna lweewiiuateyaingnodlu upper approximation vesnguilndnga

Q

ee

1%0g 11 upper approximation vengudunlndnudie Tasgiitouluniuaisves
LA 1 1 A "9 ] 1 . . 1
5LELNINUBINNAT & threshold H3 o 1] m"lmzag“lu lower approximation Y®3INQU

A gld' 1 gJ/ =) Z}, Z}, ] A o dy
m“lﬂamqﬂmmu F1YALIDYAVDIVINTOIVUADUIDYNUAIU

[
=

< 1 o > o o
G) 1yandoyainglu X 1ndnu Medoid m_ a1 lnuigea

d(X,, m)= min d(X',,m,)

mruadoya X 1%eglu upper approximation voanqu k: X', € C,
(i) Mvuangu C, Neglnany X 1azszezyi1en X, Asd lumu

d(X m)+ & %3 & A threshold NHUANN:

T={h:dX_, m)-dX,, m)< & Ah#k}

m? m?

! H )] 9 R
- T AotyAvoInquYoyangudus N5zezi1auenInInaNnguiuiuing X
Y 9 !

1 1 & 1 d' sld' [ 4 v
aﬂ§$ﬂ$W1QﬂlBQﬂ1ﬂQﬂﬁ”Nﬂ’sjﬂJ‘l/flﬂﬁﬂfjﬂ‘ll@ﬂ’J@]Q X Gluﬂﬁ]ﬁ;uuum HayN"
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WIOIMNUAN & threshold 1 T # @ ud1 X, azodIndnunguous Nogden
oA P v Y ] 9 o o 1 ’ I a
naunlnangalagiudesd 9losnilen Hueanu X asiluausn
J . 1 { Q) a
VB3 upper approximation Tueaiu boundary region UDI1N) ﬂfcjil‘l?lL‘]Juﬁmsb'ﬂ

Y A
DI T MY AD
X’m S Ch ,Vh eT

[ Z ’ I a ' {
- Tiwwiunds X sxiluai®nved lower approximation veenguilng

A o 1 g’/ A
ngaifagiiumniu fs

3) fwma RCPC,,  lmidmSudeyamstanguiagiiv

current >

9 o (3 °

4) AAUANINAI m, NUNNIBYAIAY X NNA1 uazauima1 RCPC

QU q m q k<>m

YINTAQY

v
(% v A 9 1 %

ANINANAIN k NUToYAIAYAIN m LdIMNMTATUVR ANINANNUTAYTDYAA7

Q U

lavilvia RCPC osinga 11 RCPC Nloogano

RCPC min RCPC

vk, vm kem

k0<—>m0 =

dgmiunag k=1,..,Kuagm=1, ..., (N-K)
-#1 RCPC, ,,,. <RCPC
Arua RCPC = RCPC

current

current

U&7 9 ad1 Medoid m, naz Jagdoya X, uaz

k) [ g’/ ~ 1 9 (=
Lla'l'luﬂﬁﬂllﬂéllu@ﬂuﬂ 2 AIUNN mauﬁa%“luu

Ko <>mg

A 1T A [ Y o 9 [ o o 1 A 35 ~
msnfasungudnae ludr vznganmsihau dldzaunaulihaeivuaoui 2

2.8 m3Wenldsunsuluuuuvinu (Parallel Programming)
TdsunsuTaena Tdudr9esnaulunnudidy (serial programming) WuUABNING

Uszurananazmdunliianyazmsiaulagni 1iae (B. Bamey, 2011)

14

o ! a d‘ = d’d ~ é ]
- MNIUYIUUADUNIAADILIANTOILAYT NN IeUIedszanana

v
o 1

Y <3| o A o o o o ~ o o
- @ﬂ\?i!@ﬂﬂﬂ]uﬁ1@@ﬂ!ﬂuﬂ16ﬂﬂ@ﬂ NBIAAIAUNITNINIUNAS A

< 3 A

- MFIRRINUABIINATIDU



24

A A o v A v YA o =
- WIWHINMFUAYANMUUNISNINIU U mmﬂmmz‘nm

@ ] o . I Y v A
#I9Y19N1TNIN ULV serial uﬁmtﬂuuwumw”lﬂmgﬂﬂ 2.8 1l 2.9

problem

instructions
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(B. Barney, 2011)

do_payroll()

instructions

[

51/ 2.9 uaasmMsiuvealendi do_payroll() ignihitazmaauu 1 wiae

1szuranana (B. Barney, 2011)
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problem instructions

N 3 2 1
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do_payroll{emp1)

do_payroll(emp2)

do_payroll{emp3)
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do_payroll{fempN)
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L2 =“Hello World\n”
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RMAZREY C =car,
R =red
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main () ->

-module (main) .
—export (main/0) .

io:format (“Hello World~n").
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1= =imain).

{ok, main}

2= main:maini).

Hello World
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Ezhell ¥5.8.4 {akort with *3)
1= A= [1,2,3,4].

[1,2,3,4]

2> [H | T] = A.
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3= H.

1

4= T.

[2,3,4]
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—module{echo) .
—export(main/0).

£% Echo Message

mainfl -
PID = spawn(?MODULE, process loop, []).

PID | {m=g, “hello™},
BPID ! exit.
process_loop() -*
receive
{msg,Msg} —->
io: format (Yew-n®, [Mag] ),
process loopl);

exit —-> ok

end.
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o 52OLHNNY | Sogrdiny | 1ndnu | ANANIZEZHINUed m, uag m,
m,=(1,2) | m,=(27,32)
(30, 40) 47.80 8.54 m, 39.26
(25, 50) 53.67 18.11 m, 35.56
(45, 10) 44.72 28.43 m, 16.29
(10,9) 11.40 28.60 m, 17.20

M15199 3.2 srezresznINAmINenannuiag lusouiaesuesnsinau

! sTognny | szezvinny | 1ndny | A7ueeIzeziiaved m, uag m,
m =(10,9) | m,=(7,32)
(30, 40) 36.89 8.54 m, 28.35
(25, 50) 43.66 18.11 m, 25.5
(45, 10) 30.01 28.43 m, 1.58
(1,2) 11.40 39.70 m, 28.30
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Algorithm: Parallel Rough K-Medoids clustering
/nput : Data in file, K(number of clusters), wi, wy, &, P(humber of processes)
//Output: Set of cluster

1. Select K data objects randomly as medoids: my, k = 1, ..., K. They belong to the
lower approximation of the set they are medoids of: my € C, . The remaining data

objects are denoted as X', m=1, ..., (N - K).

2. Assign the remaining (N — K) data objects X 1, to the K clusters in two step

process. In the first step a data object is assigned to the upper approximation of the
cluster to which it is closest. In the second step the data object is assigned to the
upper approximation of further reasonably close clusters or it is assigned to the
lower approximation of the closest cluster. The detains are as follows:

(i) For a given data object X', determine its closest medoid m:

d(X,‘,,,mk ): ’r_xlﬁnK d(X mf,). Assign X' to the upper approximation of

m?

the cluster k: X' € C,

(i) Determine the clusters Cy, that are also close to X', they are not farther
away from X', than d(X '

T=1{n:d(

m )+ & Where ¢ is a given threshold:

m?

m,,)—d(X,'”,mk)S eEnh+# k}

m?

3. create P processes which each process swap every medoid my with N/P data
object and return data object and RCPC minimum. After all processes finish

ko<—>my

job calculate minimum of all process

4. swap medoid m, and data object X, if convergence STOP else go back to step 2

g‘ﬂ‘ﬁ 3.1 9ane3NY Parallel Rough K-Medoids clustering
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3.3 1pseaNenlylumadvy

inseeion1FumsiannTusunsy Parallel Rough K-Medoids clustering Usznoudiy

1)

2)

paneuiIme s mumiann Taofinoazidoadai

® iledszurananaly : Intel® Core™ i3 CPU U380 @1.33GHz
1.33Gz 4 core

®  HUWANNIINGDN : 4.00 GB

® 1i12eANNNIT1T09: 300 GB

o gunsaliadudn q g und udluiud Sudu

szupdfiiamsuas Tdsunsulszgnadmiumanaun Uszneu ldae

® 53UVYUHIAMNT : Ubuntu 10.10, Windows 7 Ultimate 64 bit

o insoafiofldlumsiann : Erlang OTP R14B04 (179 11aa 1da1n

http://www.erlang.org/download release/12)
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AU TZAIANANA WL URAIE RN UNEN (Multi-core processors) fuﬁa:gﬁuﬁl‘n’ﬂuﬁmmﬁ‘mw
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wnwsald Lﬁ'alﬂ'ﬁ’ﬁsﬂn'mig-:qmﬁwmws:mmwammﬁ danasfudansniudasldsunsaanuuy
Tnal luanud it einama miﬂs:aawaLmummuﬁ'}ﬁué”ana?ﬁumﬁmnaﬂ‘mﬁﬁyn'jw W La-faaad
(Rough K-Medoids) f‘fi-:Lﬂué"ana?ﬁuﬁﬂimmmwﬁwwﬁm T sndszgndiunITIanguuLY 1a-3
B %‘ﬁnmfﬁwlﬁmm”@ﬁaga‘lmma:nq‘mmaaamﬁu 2 Luufa LLuuﬁﬁuagﬁungulﬂﬂguwﬁaLﬂﬁﬁfu
(lower approximation) Waz Lmu"?ﬁfuagﬁwmm nas'lé (upper  approximation) Tagihsanasfiad
aanuuusNWaIe3 i Tl sunssn Bl fdudaansn wafuas (Erang) HamMInasasuaaslsfifuin
euiSwadanasfusuninudniy T n-fnoed uadu Wedsuiusanasfavas 3 w-dnoed
sy duddy

AAAL: MIREUTANAN AN ULUNA BN Y MTUSzaRaN ALy DuY nilasdays msuuings

Te-fnasd M LaaTuay

Abstract

Multi-core processors have recently been available on most personal computers, laptop
computers and also smart phones. To get the maximum benefit of computational power from the muilti-
core architecture, we need a new design on existing algorithms. In this paper, we propose the
parallelization of Rough K-Medoids clustering algorithms. In the Rough K-Medoids clustering. each
cluster has been formed regarding the two approximations, a lower and an upper approximation. To
make Rough K-Medoids clustering be better parallelized, we employ Erlang as a language for concurrent
programming with functional paradigm. The experimental results demonstrate considerable speedup rate
of the proposed parallel Rough K-Medoids clustering method, compared to the serial Rough K-Medoids
approach.

Keywords: Multi-Core Processors, Parallel Computing. Data Mining, Clustering Rough K-
Medoids, Erlang
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MANHIN Y

sHaAuRDUvealUsunsy Parallel Rough K-Medoids clustering



-module (parallel rough k medoids).
-compile (export all).

distance (Objectl,Object2) ->
math:sqgrt (
lists:foldl (
fun ({X,Y},S) ->
S + (X-Y)*(X-Y)
end,
0,
lists:zip(
tuple to list (Objectl),
tuple to list (Object2)
)
)
) .

near medoid (Medoids, Object) ->
{NearMedoid, } = lists:foldl(
fun (Medoid, {MinMedoid, DistMin}) ->
Dist = distance (Object, Medoid),
if Dist < DistMin ->
{Medoid, Dist};
true ->
{MinMedoid, DistMin}
end
end,
{null, 999999999.0},
Medoids),
NearMedoid.

objective criteria(Objects, Medoid, OldMedoid) ->
lists:foldl(
fun (Object,Acc) ->
Acc + distance (Medoid,Object) - distance (0OldMedoid,Object)
end,
0,
Objects) .




rough objective criteria(Objects, Medoid, OldMedoid, W1, Wb) ->
lists:foldl (
fun ({Approx,Object}, Acc) ->
if Approx =:= lower ->
Acc + (Wl*(distance (Medoid,Object) -
distance (OldMedoid,Object)));
true ->
Acc + (Wb* (distance (Medoid,Object) -
distance (OldMedoid,Object)))

end
end,
0,
Objects) .

read file(File,Result) ->
case file:read line(File) of
eof ->
Result;
{ok, Line} ->
Data = lists:map (fun(X) ->
case string:to float(X) of
{error,no float} ->
{F, } = string:to_float (X++".0"),
F;
{F, } > F
end
end,
string:tokens (string:strip(Line, right, $\n),",")
) r
read file(File, [list to tuple(Data) | Result])
end.
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getRandomMedoid (K, Data, Acc) —->
InitMedoid = lists:sublist (Data,K),
RestData = Data -- InitMedoid,
{InitMedoid, RestData}.

getInitMedoid (K, Data) ->
{MedoidList,NoneMedoidList} = getRandomMedoid (K, Data, []),
MedoidTable = ets:new(medoids, [bag]),
{MedoidTable,MedoidList,NoneMedoidList}.
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%% cluster member
clustering (MedoidTable,MedoidList, NoneMedoids, Threshold) ->
%% closest medoid belong to upper & lower approximation
lists:foreach (
fun (D) ->
Near = near medoid(MedoidList,D),
ets:insert (MedoidTable, {Near, {lower,D}})
end,
NoneMedoids),

%% check belong to upper approximation of another cluster
lists:foreach
fun (M) ->
UpperApprox = case ets:member (MedoidTable,M) of
true ->
[{lower,M} |
ets:lookup element (MedoidTable,M,2)];
false ->
[{lower,M}]
end,
lists:foreach (
fun(K) ->
{R,Km} = K,
if R == lower ->
T = lists:foldr(
fun (MH, Acc) ->
DH = abs(distance (M,Km) -
distance (MH,Km)),
if DH < Threshold ->

[MH|Acc];
true ->
Acc
end

end,

(1,

MedoidList -- [M]),

if T /=[] —>

ets:delete object (MedoidTable, {M,K}),
ets:insert (MedoidTable, {M, {upper,Km}}),

lists:foreach
fun (Tm) ->

ets:insert (MedoidTable, {Tm, {upper,Km} })
end,

T);

true -> pass

end;
true ->
pass
end
end,
UpperApprox

)
end,
MedoidList),

MedoidTable.
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clusteringAll (MedoidTable,MedoidList,NoneMedoidList,NumOfProcess,Wl, Thre
shold) ->

Wb = 1.0 - W1,

%% fill table

ets:delete all objects (MedoidTable),

{Time, } =
timer:tc (?MODULE, clustering, [MedoidTable,MedoidList,NoneMedoidList, Thres
hold]),

io:format ("~p~n", [MedoidList]),

%$%io:format ("~p , Time = ~p ~n", [MedoidList,Time / 10000001]),

%% swap medoids

{Time2, {NewMedoidList,NewNoneMedoidList}} =
timer:tc (?MODULE, calculateNewMinMedoid, [MedoidTable, MedoidList,
NoneMedoidList, NumOfProcess,Wl,Wb]),

io:format ("Time2 = ~p ~n", [Time2 / 1000000]),

if ((NewMedoidList == MedoidList) and (NewNoneMedoidList ==
NoneMedoidList)) ->
%% fill table
ets:delete all objects(MedoidTable),
clustering (MedoidTable,MedoidList, NoneMedoidList, Threshold),
{MedoidTable,MedoidList,NoneMedoidList};
true ->

clusteringAll (MedoidTable, NewMedoidList, NewNoneMedoidList, NumOfProcess, W
1, Threshold)
end.
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calculateNewMinMedoidProcess (Parent, MedoidTable, MedoidList,
NoneMedoidList, Start, End,Wl,Wb) ->
AllDistance = lists:map (fun (Index) ->
NM = lists:nth (Index,NoneMedoidList),
lists:map (fun (MM) ->
Member = case
ets:member (MedoidTable,MM) of
true ->

[{lower, MM} |ets:lookup element (MedoidTable,MM,2)];
false —>

[{lower, MM} ]
end,
DiffNewDistance =
rough objective criteria (Member,NM,MM,Wl,Wb),
{NM, MM, DiffNewDistance}
end,

MedoidList)
end,
lists:seq(Start,End)),
BestMinDistance =
lists:foldl (fun ({NM, MM, NewDistance}, {NM2,MM2, NewDistance2}) ->
if NewDistance < NewDistance2 ->
{NM, MM, NewDistance};
true ->
{NM2,MM2,NewDistance?2}
end
end,
{_11_
1,9999999999}, lists:flatten(Al1lDistance)),

Parent ! BestMinDistance.
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receiveAllDistance (0,Acc) ->
lists:reverse (Acc) ;
receiveAllDistance (Div,Acc) ->

receive
AllDistance ->
receiveAllDistance(Div - 1, [AllDistance|Acc])
end.

calculateNewMinMedoid (MedoidTable, MedoidList, NoneMedoidList,Div,Wl,Wb)
->
LengthNoneMedoidList = length (NoneMedoidList),
{TimeSpawn, } = timer:tc(lists,map, [fun (Index) ->
StartList = 1 +
( (LengthNoneMedoidList div Div) *Index),
EndList = (LengthNoneMedoidList
div Div)* (Index+1),

spawn (?MODULE, calculateNewMinMedoidProcess, [self () ,MedoidTable,
MedoidList, NoneMedoidList,StartList,EndList,Wl,Wb])
end,
lists:seq(0,Div-1)1),

AllDistance2 = receiveAllDistance (Div, []),

BestMinDistance =
lists:foldl (fun ({NM, MM, NewDistance}, {NM2,MM2, NewDistance2}) ->
if NewDistance < NewDistance2 ->
{NM, MM, NewDistance};
true ->
{NM2,MM2, NewDistance?2}
end
end,
{-1,-1,9999999999},AllDistance2),
{NM, MM, BestDistance} = BestMinDistance,

%% swap best non medoid and medoid that best RCPC
if BestDistance < 0 ->
{KeepLeft, [ |KeepRight]} = lists:splitwith(fun(E) -> E =/= NM
end, NoneMedoidList),
{KeepMLeft, [ |KeepMRight]} = lists:splitwith(fun(E) -> E =/=
MM end, MedoidList),
NewNoneMedoidList = KeepLeft ++ [MM | KeepRight],
NewMedoidList = KeepMLeft ++ [NM | KeepMRight],
{NewMedoidList, NewNoneMedoidList};
true ->
{MedoidList,NoneMedoidList}
end.




%% main time check

k medoids timer (K,Data,NumOfProcess,Wl, Threshold) ->
{Time, } =

timer:tc (?MODULE, k medoids, [K,Data,NumOfProcess,Wl, Threshold]),
Time / 1000000.

k medoids file timer (K,FileName,NumOfProcess,Wl, Threshold) ->
{ok,File} = file:open (FileName, read),
DataSet = read file(File, []),
file:close (File),
k medoids timer (K,DataSet,NumOfProcess,Wl, Threshold).

k medoids file (K, FileName,NumOfProcess,Wl, Threshold) ->
{ok,File} = file:open (FileName, read),
DataSet = read file(File, []),
file:close (File),
k medoids (K, DataSet, NumOfProcess,Wl, Threshold) .
%% main
k medoids (K, Data,NumOfProcess,Wl, Threshold) ->
{MedoidTable,MedoidList, NoneMedoidList} = getInitMedoid (K, Data),
{MedoidTable, NewMedoidList, NewNoneMedoidList} =
clusteringAll (MedoidTable,MedoidList,NoneMedoidList,NumOfProcess,Wl, Thre

shold),
lists:foreach
fun (M) ->

io:format ("

——— " )

case ets:member (MedoidTable,M) of
true ->
lists:foreach (fun (MM) ->
io:format ("~w~n", [MM])
end,

[{lower,M} |ets:lookup element (MedoidTable, M, 2) ]
)

false ->
io:format ("~w~n", [ [{lower,M}]])
end
end,
NewMedoidList

)y
ets:delete (MedoidTable),
ok.
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