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Clustering is a task of grouping data based on similarity. A standard k-means algorithm
groups data by firstly assigning all data points to the closest clusters, then determining the new
cluster mean of each cluster based on the average value of its members. The algorithm repeats these
two steps until it converges; that is until there is no change in cluster means and cluster assignment
among data points. Performance of the algorithm depends on the number of data points, number of
data clusters, and number of iterations. To speed up the clustering process, we develop the density-
biased reservoir sampling algorithm as an efficient data reduction technique. Instead of simply
randomly selecting data for clustering, we evaluate data density and draw samples from the dense
area. The proposed algorithm has been implemented with a functional programming paradigm using
the Erlang language. The declarative style of Erlang facilitates a rapid prototyping. Our
experimental results reveal the effectiveness of drawing samples of high density from the Zipf
distributed data. The shift of cluster means is minimal, whereas the decrease in memory usage is
significant. The proposed density-biased reservoir sampling technique thus shows a great potential
on dealing with large and streaming data. Moreover, the Erlang language itself has an important
feature of concurrent programming on a multi-core architecture that can help speed up the

computation of large and continuously generated data.
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Income Magazine Watch Life Insurance | Credit Card | Sex Age
Range Promotion | Promotion | Promotion Insurance

40-50K Yes No No No Male 45
30-40K Yes Yes Yes No Female 40
40-50K No No No No Male 42
30-40K Yes Yes Yes Yes Male 43
50-60K Yes No Yes No Female 38
20-30K No No No No Female 55
30-40K Yes No Yes Yes Male 35
20-30K No Yes No No Male 27
30-40K Yes No No No Male 43
30-40K Yes Yes Yes No Female 41
40-50K No Yes Yes No Female 43
20-30K No Yes Yes No Male 29
50-60K Yes Yes Yes No Female 39
40-50K No Yes No No Male 55
20-30K No No Yes Yes Female 19




Cluster 1

# Instances: 3
Sex: Male == 3

Female == O
Age: 43.3

Credit Card Insurance: Yes == 0O
No == 3
Life Insurance Promotion: Yes == 0O
No == 3

Cluster 2

# Instances: 5
Sex: Male == 3

Female == 2
Age: 37.0

Credit Card Insurance: Yes == 1
No == 4
Life Insurance Promotion: Yes == 2
No == 3

Cluster 3

# Instances: 7
Sex: Male == 2

Female == 5
Age: 39.9

Credit Card Insurance: Yes == 2
No == 5
Life Insurance Promotion: Yes == 7
No == 0O
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Algorithm 1 Reservoir sampling

Input: a data file of N population,
Output: a random sample of size n, n <N

(1) Initialize the reservoir Xj, ..., X» to be the first n records of the file
(2) W<« exp(og (random() / n)
// initialize Wto be the largest value in a sample of
/I size n from the uniform distribution on the interval (0, 1).

(3) While not eof do

(4) S« | log (random0) / log(1- W) J
/l generate the random variate S to denote
// the number of records to be skipped over before
/I a new record can enter the reservoir

(5) If (not eof)
Then Y« (S+1)t record
/I search for the next potential record to be in the reservoir
Else return X, ..., Xu

(6) X1+L nx random () | €— Y /l update X
@) W« W# exp(log (random()) / n) // update W
(8) End While

p| 1n 2.2 Reservoir-sampling algorithm [Vitter, 1985]

3| <=3.0> <3 1= <3 2= =<3.3= <3 4=
2 | <2.0> <2.1> <2.2> <2.3> <2.4> Data
groups
1| <1.03 11> <1.2> <1.3 <1.4>
0 | <0.03 “0.1> <0.2> <0.3 <0.4>
/’.. » L ] L ] .-1\‘ ase \
1 2 3 4
Reservoirs
<0.0= <0.1= <0, 2=
4 2 3
0 1 2 3 n

aas
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algorithm

> Sampling techniques

Transformed data

(real centroids)

Cluster means |: Simple random
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fumiainauny x=2 uazuny y=7 vsemvoyailuauiia yadoya [11,2,6] wzvuenvoya
@ o <
wilia dsingiidumiaunu x=11 unu y=2 sazunu z=6 Sudy luandsuiieimua
o v 9 ' < o < Aana) Yo =R A aa
sumisdoyauuidazunuiunrsoudy  uasunudad 18w asnilada s duiia
@uaudiacnunsoad e ldgannaoiald  uaiissnndedinamediuniiennusivanves
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iwsesneNnInesdIuyananlFlumsnaaes  wunmmvuadeyaldiswouliagann

VIAUDIHUIgANNIINL lueanenansdszuiana)

ax o g9 Y Yo o an 9 y o o
:J‘ﬁmsmmﬁwmagai]ﬂmﬂ%ﬂmumm’mmmawayﬁ AMUUMTTUATUIU
v 9
nguideIns uazaelunaaznquannsamuuaiuudeyanielungy wiounmveua
1 4 o ' J 1 4 @ 4 g’./ o
EINLLa3"1]’8]‘]JL"'IJG]Uulﬁﬂﬂ"lﬁl!ﬂ%]\ﬂ]ﬂ\iﬂ"ﬁfjilﬂ%ﬁ@E‘T%)"I\i‘{ll’f]ﬂsljaﬁﬂmi131’1 VYUHADUNITNINIU

@ AR o d9Y Yo A
GIJE’Nﬂﬂﬂi’)i‘Vlllﬁﬂmi”lzﬁ"]]ﬂuumlﬁﬂﬂllﬂﬂﬂiﬂ’i/l 2.5

U

Algorithm Data-point generation

Input: number of dimensions (D),
number of data clusters (K),
number of data points in each cluster (N1, ..., Nk),
range of lower (L) and upper (U) bounds on each dimension
Output: a set of all synthesized data points
(1) Start the GUI and read the values of <D, K, Ni, L, H>, i € {1, .., K}, arguments
(2) For each K cluster

(3) For each dimension Di, i € {1, .., D-1} % no range restriction on the last dimension

% to avoid linearly generated data points

(4) Generate random number within the range (H-L)

(5) Freely generate random number of the last dimension

®) Accumulate the random number of each dimension in a list of data points
(7) If number of data points less than Nk, then repeat steps 3-6

(8) Concatenate lists of data points in each cluster into a list L

(9) Return L as a set of all synthesized data points

A~ @ AR o Y
31]1/] 2.5 @aﬂﬂiﬂﬂﬁﬂlﬂi’lgﬁﬂlﬂy’a

mmﬂ%mwuﬂmmawam (D), %TM’JMﬂa‘JJGIJENGUfJiJﬁ (K), NUIUY fJ aclmmaw

[

ﬂZjiJ (N1, ..., Nk) HAZYDVIUAAN (L) uazuu (H) maqwﬁﬂmagaummamﬂuﬁa anes Ny
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A Y 9 Y @ my 1A 9 v v Y 1 a = (%
lWﬂlﬂﬂQNmﬂQ%@EaW1@a@ﬂ@ﬁﬂgqﬂﬂﬂNﬂﬁiguﬁ$@1ﬂm@uﬂﬂﬂuqﬂ Iﬂdhﬂﬂﬂﬂ1§ﬁﬂﬂﬁ3

[ Y a 9 o Aa R ~ I v o @
voanguioya luuuagaau sanesnulugdn 2.5 annsoudasilusiamdalumwuesuas

Tasazln 2.6

U

myGenGroup (K, InitGroup) -> lists:concat (lists:map (
fun (A) -> Seed=random:uniform (40),
myDim (Seed,K,A) end,
InitGroup)) .
myDim(_,_, {_I_I 0})->I[1;
myDim (Rand, K, {L,H,N})->[gen (Rand, {K,L,H}) |[myDim(Rand,K, {L,H,N-1})].
gen (Rand, {1,L,H})->[random:uniform(H-L)+Rand ];
gen (Rand, {K,L,H})->[random:uniform(H-L) +L]|gen (Rand, {K-1,L,H})].

A o v A o Y A o )
gﬂ71213§@ﬂ160ﬂ1yuaauaq(Eﬂang)wm1wu1waqwn1zwmaga

o ¥ o A 2 o A~ ~ Yo & Y 9 o P
%@ﬂWﬁQﬂﬂgﬂVl 2.6 Liﬂﬂ?iﬂ1¢nﬂmﬂﬂﬂ1§ﬁUﬂi%ﬂ1a3ﬁ51ﬂmﬂgaﬁﬁﬁﬁ1gﬂ LBU

AllPoints = myGenGroup(Dimension, InitGroup) Faviuenamsaale Ty A0 myGenGroup @ 19

an 9 9 I'4

9 A o i A o a 9 ¢ . .
ﬂleyjmwamﬂﬂumuﬂi AllPoints Iﬂfmﬂ']'iﬂ?ﬁﬂﬂﬂﬂﬂlﬂﬂﬁﬂ’lﬂ@Wiﬂ’Jluuﬁ Dimension Qg

U
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S 9 kY J
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fﬂ?i'uﬂaﬂ‘k!ﬂ!%ﬂQN%@Eﬁﬂﬁ@\iﬂWﬁﬂ’JﬂﬂWﬁﬂﬁlﬂ}u@ InitGroup Lﬂsu{ﬁmwuﬂ InitGroup 11)u

[£0,3,3}, {5,10,7}, {20,30,5}, {40,45,5}] azfviua Dimension 1ilu 2 13 Idnquieyaaeiia
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o . ' [ { @ 4 ' .
Suanguasgli 2.7 (neme Tdsunsudunszivoyanigy 2.7() adredoyalungui

u G
v
=1

d‘do [ %} v A A I [ = =1
doanlduruInnuae [8,38] wanaauilunmniaezln 2.7(b) ddsingaaiies 19 9a)

9 AaAa o

' ° . . | Y 19 = ' =
H@ﬂWﬂTWHﬂIannmonﬁhJ3%3qﬂﬂgﬂmﬂgﬁﬁWMN@%THQUﬁﬂQNﬂQEﬂT]28

Erlang R13B04 (erts-5.7.5) [smp:2:2] [rq:2] [async-threads:0]
Eshell V5.7.5
1> c(tur5).

2> tutS:myMain().
enter Dimension>2.

(abort with ~G)

40

Points have 2 dimension 30
MainMenu T+
Select Points to be generated

i. r{o,3,3},{5,10,7},{20,30,5},{40,45,5}]

2. r{o,3,30},{5,10,70}, {20,30,100}, {40,45,500}]
3. [{o0,5,100},{7,10,150}, {11,20,10}, {20,40,100}]
enter >1.

10

Generated Points are in points.dat 1 1 1 1 1 1 ] 1

%OutPutFile:points.dat
Generate all Points=[[2,7],[3,6],[1,6],
(9,401, (8,38],1(7,411, [6,40], (7,401, [8,38], (8,401,
[24,18],[26,271,[24,19], [23,18], [29,26],
[42,36],[45,35],[41,35],[41,39],[43,38]]
o

(a) Yoyaluanbue text file (b) doyaluanyme graphic

a

A 9 aad o Y o c{g 1 J T Ay v o w
q?]J‘I/'I 2.7 Gll@ﬂaljﬁﬁ@ﬂﬂ@]ﬂﬂ1ﬁuﬂ1ﬁﬁﬂ!ﬂi’lgﬁﬂ]u 4 naullaasnauuvaya 3,7,5 1z 5 fIN1Ua1n U
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Eshell V5.7.5 (abort with ~G)

1> c(turs).

2> tutS:myMain() .

enter Dimension>3. 45

40

i i i 35

Points have 3 dimension 30

MainMenu %g
Select Points to be generated 15

i. [{o,3,3},{5,10,7},{20,30,5},{40,45,5}] 10
- [10,3,307%,{5,10,70}, {20,30,100}, {40, 45,500} 2

3. [¢o,s,100},{7,10,150}, {11,20,10}, {20,40,100}]

enter >1.

Generated Points are in points.dat
$OutPutFile:points.dat
Generate all Points=[[3,3,19],(3,2,17],(3,2,19],
t7.8,71,09,6,51,19,6,8]1, 10,9, 6], [8,6,7], [10,7,8], [10,
[2s,26,16], [21,22,15], [23,30,21], [24,23,18], [21,26,23),
[42,45,40],[43,43,39],1[41,43,40],141,45,41], [44,44,42)

9 v 9 [ .
(a) mayjaiuaﬂymz text file (b) mauﬂaiuaﬂymg graphic

{ 9 and 9 X g g , Ry {
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usnRvemmuaiy {0,3,3} AavT1UIULIN (AD 0) MIBDIVBLIYAANYBINIATDYA TuIA
azila uazAavdInUNaes (A 3) nedwoulALuvBINnaToya lulaazliaA uAdo

Y
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A v Ao 1 1 Y o dy Y o [ d Y an
NATNVUITHNNABYTEHIN [0..3] Ell’t’JﬂWﬁ"Llﬂu%$sl‘lfﬂ'lJﬂW‘iﬁQLﬂﬁwﬁﬂl’t’Jl‘J’aiuﬂﬂNﬂEJﬂL’J‘L!
q

Q
9 ]
Y A

v 9 Y
ame waganavdaunaw (Ao 3) nuedssaudeyanavualunguil auiulonasn

[

da ¥ & ¥ ' yd qu 7Y A )
9150 MUA TnitGroup NavNAvENUNG IFF R Funszvidoyadnay Inelidoyasanlunn

QU
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o P 1
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U
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ﬂau‘ﬁ%nmiqmmmmwmuuuﬂueﬁlau“aﬂmmiwwﬁu %gﬁ’ﬂﬂﬂﬂi$ﬂ'31.lﬂ'l‘i
v '
ﬁm’gmmmwumuumm@ﬁ’aya Tuandsei ldmatinmsi@eunseunta1e (Window sliding
. P A o o 9 ~ ' Y 9 A
algorithm) Tuunnudeya morusmugadeyanisingluudaznseuniheg deyannu
1 0 v ) > y &
ﬂ‘§$‘]JTL!ﬂ?iuﬂzgﬂllﬂﬁ\‘lgﬂI,I,'U‘ULLﬁzﬁﬂﬁ]'lu’Juﬂ’JEJﬂ1§LLﬁ@\‘]LﬂW'I$"UE]3J"ﬁG]’JLWIu (GLGI)'*Dq@ﬂQﬂﬁ'N
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¥

ATUANUNTUULUY Rj‘l%’ﬂxﬁzummmﬂumuuﬂm@‘iwm%’ayaclmmazﬂﬁauwfﬁmﬂ RN

Y A [ = 4 o g’; 1 as )
ﬂﬁf]‘]JW1!WIWQVlilﬂWﬂ'JWNWHHLHUQQLﬂm“VI%ﬁgﬂHWUlﬂﬁl%)alu‘llu@@uﬂ']ﬁEjiJ ATNITNIHUANTOU

Y v 9 1 Y a Yo o Aa R A
‘Vimmﬂ!,Laixmﬁuumayaﬁlmmazﬂiauwmmd f]'ﬁ‘]_l']ﬂulﬂﬂﬂﬂaﬂﬂﬁﬂllﬁlugﬂﬂ 2.9
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Algorithm Window sliding

Input: a set of data points
Output: a new set of transformed data points annotated with density value

% Initialize windows
(1) Interact with user to obtain dimension value
(2) Generate window grid of size W along dimension axes
% Count density
(3) Sequential move on each window and count number of data points, N, in the window
(4) Record a list of window’s central point and its N value in a file F

(5) Return F as a set of transformed data

[ a

2.9 danesiumstaounsounhamaiemuInANunIILIUYe YA

=h.

1

A Y o w Y ] o A a J 1 Aq ¥
Lu@ﬂﬂTﬂm@ﬂTﬂﬂ1uﬂTHWuDﬂﬂ?WN%Wm@ﬂﬂiﬂﬂﬂﬂMTWMﬁﬂiﬁ?uuﬂﬂﬁﬂi%ﬂ@ﬁﬂﬂ
Ao dyd Y o o Aaa 9 Y ~ Aana 1 ana o
Tﬂiuﬂiu~ﬂugﬂﬂuﬂﬂqﬂﬂTHuﬂﬂWuﬁuNﬁmﬂﬁ%ﬂyaqﬁq3q@ﬂ 10 Y& VUUAASUNUNANTIHUA
9 A ° Y ' Y o a = A ]

ﬁ!ﬂﬁﬂlﬂyﬁﬂ 0 D9 50 HLAZNMHUANITDUUUINN (AT W) ]’h‘ﬂ 2 9aN9INUNITLEADUNTDUVIUIAN
A ' 9 Yo I v o o Y o
LWﬂﬂWHQNﬂQWMﬂUWMHHﬂBQmGHa1@iUﬂ13Mﬂaﬂﬂ}uﬁﬁﬁﬂ?ﬁﬂiﬂﬂ?ﬂﬂ@@&ﬁﬂuﬁﬂﬂqﬂﬂﬂgﬂ
~ o W ~ a9 I an aa o & A R
n 2.10 @nﬁﬁiﬂgﬂﬂ 2.10 uﬁﬂuaw1$ﬂﬁmmayan}uﬁeﬂmwuaxﬁwuuﬁ FAATTINTNLYT U

a

o [ 9 YR an
awnsohaunudeya ldnsduiiag 18 Tumanuan n)

callWindowSliding (Dimension, AllPoints)->
Stream=myZip (Dimension),
eachWindow (Dimension, AllPoints, Stream).

myZip (2) -> L=myGenL (0), [[X1,X2]]||X1<-L,X2<-L];
myZip (3)-> L=myGenL (0), [[X1,X2,X3]]|X1<-L,X2<-L,X3<-L];

myGenL (50)->[]; % axis scaling is in the range 0 to 50
myGenL (Now) —> [Now |myGenL (Now+WindowStepSize)]. % WindowStepSize=2
eachWindow ( , ,[]1)->[1;

eachWindow (Del, AllPoints, [Now|StreamT])->
Lc = count (Now, Del, AllPoints),
Sum= lists:sum(Lc),
[{Now, Sum} | eachWindow (Del,AllPoints,StreamT)].

v
[

A o A o Y A A Y 1 v o 9
gﬂVLZIOﬁﬂﬂTﬁQﬂTBHGSHGQWWWﬁifwnﬁ@uﬂi@ﬂﬁlﬂ@TQua$UD%1u3um@gﬁ

v
o v

gamdalugn 210  GudushaowilelimsiGenldmds  callWindowSliding

. . . . . o an 9 .
Dimension, AllPoints) 1a8 Dimension WNT&SQ%1H3HN@%@Q%BH§ itag AllPoints NUDI
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uaaludnyaznimlaeaia ldaesdn 2.11(b)
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#Comment: File:sample-points-2d.dz 4 "SRRGS AAR
2 5 +
36 2t .
16 ¥
9 10 10 + + + +
8 12 |
7 id .
"
6 10
6F + +
7 30
8 13 il
8 10
oL
0 1 1 1 1 1 1
0 2 4 6 8 10 12
(a) ToyadoldATINIU 10 /2 (b) Yoyaluanyuzyensmlasiia
A 9 o J @ Aaa
JUN 2.11 gadoyadunnzinazununmludnyuznsvdola
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o o . . . ! I Aaa 1
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I Y 1 4 ] a S Y o ° 9 [
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aznNIeVNINAN demsisenlamda eachWindow(Dimension, AllPoints, Stream) g‘ﬂ‘ﬁ 2.12
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Window 16: Window 29: Window 35:

YouWwA: [0..1.99,6.7.99] | vouwa: [6.7.99,10..11.99] | weuma: [8..9.99, 12..13.99]
doya:  [1,6] doya: [6,10],[7,10],[7.11] | Yoya: [8,12], [8,13]
9 9 9

doyanudawd: (1,71} | Yoyahudawdd: (71113} | doyanuawd: {[9.131,2}

Window 17: Window 30:
YOUIA: [2.3.99, 6..7.99] YoUWA: [8..9.99, 10..11.99]
doya: (271, [3,6] doya:  [8,10],[9.10]

9

doyanudlawda: {3,712} | Yoyatudawud: {9,112}
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Generate back to data points

Window 16: data= {[1,7], 1} ' [1,7]

Window 17: data= { [3,7],2 } . [3,71, [3,7]

Window 29: data= { [7,11],3} [ [7,11], [7,11],[7,11]

Window 30: data= { [9,11],2} ¢ [9,11],[9,11],[9,11]

VYV

Window 35: data= {[9,13],2} I [9,13], [9,13]

[ 1 A = 1 9 A Ao a’é’ @ 9 ~
Nﬁﬂﬁ%ﬂﬂqmu@L‘Lr%EJ‘]JL‘VIEJ‘]J']T%‘H’JN“I;SB]GIJE]JJ‘]ﬁLmJVIﬁQLﬂﬁZWUu NUYATDYANYN

=

o ax A Y Yo
UlaenauNITMIAUNTOUH A Llﬁﬂﬁllﬂﬂﬁﬁﬂﬂ 2.13

RY

Original data set Data set generated back from Window sliding
Cluster 1 Cluster 2 Cluster 1 Cluster 2
[1,6] [6,10], [7,10], [7,11], [1,7] [7,11], [7,11], [7,11],
[2,7] [8,10], [8,12], [8,13] [3,7] [9,11], [9,11], [9,13],
[3,6] [9,10] [3,7] [9,13]
Mean of cluster 1 = [(1+2+3)/3, (6+7+6)/3 | Mean of cluster 1 = [ (1+3+3)/3, (7+7+7)/3 |
=[2.0, 6.33] =[2.33,7.0]
Mean of cluster 2 = [(6+7+7+8+8+8+9)/7, Mean of cluster 2 = [(7+7+7+9+9+9+9)/7,
(10+10+11+10+12+13+10)/7 ] (1+11+11+11+11+13+13)/7 ]
=[7.57, 10.86] =[8.14, 11.57]

Distance of mean shift = /(2.0 — 2.33)? + (6.33 — 7.0)? +./(7.57 — 8.14)% + (10.86 — 11.57)2
= 0.75+0.9

= 1.65

9 ?zlza P~

{ (% 1 [} [ 1 [ 9
31U 2.13 nlfsumeunanssanguinyaveyanuaNLaznansIanguiUTayangnuia
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AAUINBAND3 NY Window sliding
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Density-biased, Reservoir + Rejection sampling i’ayjaﬁﬁmmwumﬂuﬁﬁ
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U

Algorithm Density-biased sampling

Input:

a set of high density data generated back from the Window sliding algorithm

Output: a new set of data samples

(1) Display GUI to obtain a desired sampling technique choice from user

(2) 1If choice = ‘Density-biased, Hashing’

®3)
(4)

Then Hash each data point to store in a hash table T

Return T as an output

(5) If choice = ‘Density-biased, Reservoir+Hashing’

(6)
@)
(®
9

Then Interactive with user to obtain reservoir size

Hash each data point to store in a reservoir R
If collision occurs, the stored data is replaced with a new one

Repeat steps 7-8 until there is no more data point, and return R as output

(10) If choice = ‘Density-biased, Reservoir+Simple Random Sampling’

(11
(12)

(13)

(14) If choice

(15)
(16)
a7
(18)
(19)
(20)

Then Interact with user to obtain bin size

Randomly select data point to store in a reservoir R
% random sampling without replacement
Repeat step 12 until R is full, and return R as an output

= ‘Density-biased, Reservoir+Rejection Sampling’
Then Interact with user to obtain bin size and interval I, I  [0.0..0.5]

Randomly select data point D % sampling without replacement
Generate a uniform random number U from the range [0.0 .. 1.0]
If U is within the range [0.5-1 .. 0.5+I], then store D in R
Otherwise, reject and discard D

Repeat steps 16-19 until R is full, and return R as an output

319 2.14 danei Numsgudeyamuanuruiy

Y
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o©

--- Density-biased sampling

oe

o\

generate back from slidingWindows -> POINTs
input arguments: WindowsList, Den

o\°

\o

°

genWin2P ([1)->[];
genWin2P ([ {P,Den} |T]) >
if Den>=1 -> dup(center (P),Den)++genWin2P (T) ;
true -> genWin2P (T)
end.
% take Bin elements
specificDensBin (Bin, L, Den) -> take (Bin,specificDens (L,Den)).

specificDens ([], )->[1];

specificDens ([{P,D}|T],Den)->
if D>=Den -> [{P,D}|specificDens (T,Den)];
true -> specificDens (T, Den)
end.

%———- Simple Random with density bias
simpleRandom( , ,0)->[];
simpleRandom (WindowL, Dens,Bin) —>
Nth=random:uniform(length (WindowL)),
{P,D}=1lists:nth (Nth, WindowL),
if D>=Dens -> [{P,D}|simpleRandom (WindowL, Dens,Bin-1) ] ;
true-> simpleRandom (WindowL, Dens,Bin)
end.
%$-—— Rejection sampling with density bias
rejectionRandom( , , ,0)->[];
rejectionRandom (Para,WindowL, Dens,Bin) ->
Nth=random:uniform(length (WindowL) ),
Par=random:uniform(),
{P,D}=lists:nth (Nth, WindowL),
if (0.5-Para)=<Par,Par=<(0.5+Para),D>=Dens ->
[{P,D}|rejectionRandom (Para,WindowL, Dens,Bin-1) ] ;
true-> rejectionRandom (Para,Windowl, Dens,Bin)
end.

v
o

11 2.15 gaddanyuesnasiimihiqudeyanuanuruniy

nndoyadiednaenguiuilainduandanesiy Window sliding Hazmvuan
T Yy v v o &
ANuUINTNAIY 1 azilszneudleveya 10 @2 A3l [1,7], [3,7), [3,7], [7,11], [7,11],

[7,11], [9,11], [9,11], [9,13], [9,13] tilpguauanununtiumemaiinaeniu azlawadns
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myguuazmssangudoya agthiluununnidasgli 2.16
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Transformed data: [1,71, 13,71, 13,71, [7,11], [7,11],
[7,11], [9,11], [9,11], [9,13], [9,13]

Sampling phase Clustering phase
Density-biased, Large bin size Clusterl: [1,7], [3,7], [3,7]
Hashing
> [1,7] [3,7] [3,7] [7,11] | [7,11] ‘ Cluster 2: [7,11], [7,11], [7,11],
[7,11] § [9,11] | [9,11] | [9,13] | [9,13] 9,111, 19,111, [9.13], [9,13]
Density—biaseq, Bin size = 5 Clusterl: [7,11]
Reservoir+Hashing :
> (7,111 | (9,111 | (9,11 | (9,13] | [9,13] | TME) | Cluster2: 9,111, [9,11],
Fn = (n mod /
BinSize)+1 (9,131, [9,13]

Density-biased,
Reservoir+Simple :
Random Sampling 13,70 G [7000 (9,111 | [7,11] | [9,11] ‘ Cluster 2: [7,11], [7,11],

[9,11], [9,11]

Bin size =5 Clusterl: [3,7]

Density-biased, Bin size =5 Clusterl: [1,7], [3,7]
Reservoirt+Rejection .
Sampling R ; [9.13] | [1,7] | [3,7] | [9,11] ! [7,11] ; ‘ Cluster 2: [7,11], [9,11], [9,13]

~ =1 ax 1 9 1 ) A A v A
51U9 2.16 LLWLlﬂTWLlFﬁEJ‘]JL‘VIEJ‘]_I3‘ﬁﬂ15f;fllGU’E]lI“E‘]Gnllﬂ’ﬂll‘H‘L!TLLHH@]”JEJLVIﬂuﬂT]G]WQﬂuﬁLLUU

U

1 Y H 9
FoyaNmuTuasumMsguaaNUnUIiuAg 2.16 vzgndeae lduaeu

m3danguyeyaals11)s1nsy k-means clustering (wansyamdeluTsunsuasgla 2.17) o

adoyauaazaudIngy  uazganeazmiuiuganinanguioya  (cluster means, or
. ao dy Y1 & oAy Y 9 A ! ' ~
centroids) Tuamaseiiaz ldmganinarsngui ldandeyaimumsguuaazuuy nSeuion

v
a

AUAIANINANNGUYOIT oY AT NAUNOUNIZI Window sliding tHoWIITUIIUNALANTGN

H Y H
awanunuiviunla Teamssanguilndifesnunguideyanuduinige
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kMeans (PL) —>
{ ,N}=read('enter number of clustering>'),
CL=take (N, sets:to list(sets:from list(PL))), %initial centroid
clustering(1l,CL,PL) .

$ take firts distinct-n element of list
take (0, )->[];

take (N, [H|IT])->[H|take(N-1,T)1].

clustering (N,CL, PL) ->

Ll= lists:map( fun(A) -> nearCentroid(A,CL) end ,PL),

L2 = transform(CL,L1),

NewCentroid = lists:map (fun({_,GL})-> findMeans (GL)end, L2),

Nl= N+1,

if NewCentroid==CL -> NewCentroid; % return new centroid
N>=90 -> NewCentroid; % max iterations=90
true -> clustering(N1l,NewCentroid, PL)

end.

nearCentroid (Point, CentroidL) ->
LenList=lists:zip(
lists:map (fun (A) ->distance (Point,A)end,Centroidl),
CentroidLl),
[{ ,Centroid}| J]=lists:keysort(l,LenlList),
{Point,Centroid}.

$ transform Point-CentroidList to Centroid-PointList
transform([], )->[];
transform([C|TC],PC)->[{C,tl1(C,PC)} |transform(TC,PC)].

t1( ,[1)-—>I[1 -
tl(Cl, [H|T])->{P,C}=H,
if Cl==C -> [P|t1(C1,T)];
Cl=/=C -> t1(C1,T)

end.
% compute Euclidean distance
distance ([],[])-> 0;

distance ([X1]|T1], [X2|T2])->
math:sqgrt ( (X2-X1) * (X2-X1) +distance (T1,T2) ).

% findMeans ([[1,2]1,[3,41]) --> [2.0,3.0]

findMeans (PointL) ->[H| ]=PointL ,Len=length (H),
AllDim=lists:reverse(allDim(Len, PointL)),
lists:map (fun (A)-> mymean (A) end, AllDim ).

mymean (L) ->1lists:sum(L) /length (L) .

allbim (0, )->[];
allDim(D,L)->[eachDimList (D, L) |allDim(D-1,L)].

\%

eachDimList ( , []) ->[1;

eachDimList (N, [H|T]) ->[lists:nth(N,H) |eachDimList (N,T)].

517 2.17 T1/50n5% k-means clustering Tugtunuvesn1y oA
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callWindowSliding (Dim,Al11P) -> % initialization
Stream=myZip (Dim) ,

Q

% window sliding -- running time computation

{TT,L}=timer:tc (dbs,eachWindow, [Dim,AllP, Stream]),
T11=TT/1000000, % time is returned in second

format ("~nTime for window sliding of dimension ~w is ~w
second ~n", [Dim,T11]),

L . $ and return Windows List

v
o

=~ o Aq Yo
EﬂﬂiilﬂTﬁQ1“ﬂwyn@@ua3ﬂ1%3@0a1ﬂ15ﬂigMjawa

mymain (Dim,Al1P,WindowList,RealCentroid)->
format ("~nMenu (all choices use the same set of points)~n"),
format ("0. Generate a new set of points~n"),
format ("1. K-means~n"),
format ("2. K-means of Window sliding~n"), % .. more choices
format ("11. Exit~n"),
{ ,Menu}=read('enter >'"),
case Menu of

0-> callMenu() ;

1-> format ("~nRealCentroid with K-means=~w~n", [RealCentroid]),

Mem=erts debug:size (Al1lP),
MemByte = Mem*4,

format ("~n_ Memory Usage=~w Bytes~n", [MemByte]),

mymain (Dim,Al1P,WindowList,RealCentroid) ;

'
(2

d' o d' 9 o dy d' 1 o
319 3.2 delunestasinleiaiiennissaun
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ansaldldsunsy GNUPLOT taelumsadunmnsinla dieg199e01m GNUPLOT uay
msdaaaIns v 3 U@ uaedagli 3.4 (desmsuaainsil 2 §a Idnlasunnmsldmda
splot 111 plot) tagmmdeyavUIAA IR W 8 ganl¥lumsnadeou lilsunsuguuazinngu
Y v
doyanuAnuiuIiuYed Insamssetiudasldnsgln - 3.5 wseeiioilFlunsnaden
1 <3
Tdsunsuihuaiosneniiunes Tiayn 19uiiaelszurana Mobile Intel 4 J1 U4100 A21013 2

1.30 GHz HU28ANMUSIHEN 2.0 GB a13aaan 250 GB

- e - -
% Erlang - R - =5,

File Edit Options View Help
v BBA?

Erlang R13B04 (erts-5.7.5) [smp:2:2] [rq:2] [async-threads:0]

Eshell US5.7.5 (abort with "G)
1> c(dbs).

{{ok,dbs}

112> dbs:myMain().

enter Dimension (max=10)>3.
enter Window Sliding Density>2.

Points have 3 dimensions

MainMenu

| Select points to be generated

Uniform (600pt):[{0,3,130},(5,10,170},{20,30,150}, (40,45,150}]

i .
2.2ipf (600pt):[{0,3,10},(5,10,10},(20,30,80}, (40,45,500}]
3.Uniform (14000pt):[{0,5,4000},(7,12,3000},(15,19,4600},(26,25,3000}]
llu.zipf (14000pt):[{6,5,100},(7,10,200},(11,20,4200},(20,40,9500) ]
5.
6.
7.

Uniform (600pt):[{0,3,60},(5,7,70},{10,15,100},{17,22,80},{24,28,60},{30,35,90},{35,40,70}, {40,45,70}]

2ipf (600pt):[{06,3,30},{5,7,50},{10,15,20},{17,22,200}, {24,28,30},(30,35,50},(35,40,10}, {40,45,210}]

Uniform (14000pt):[{06,4,1500},(5,9,1600},(10,15,1200},{19,22,2000}, {24,28,1600}, {30,35,1400},{35,40,1700}, {40,45,1
8.Z1pr(1ueeept):[{0,3,500},(5,?,800),(10,15,100},(1?,22,2000),(18,28,10000),(30,35,100),(35,40,300},(40,45,400)]
enter

1

319 3.3 anvazuay mmu%ﬂmamiumammmﬁww 8 wﬂﬁumimaauiﬂmmmu

uazi'i’ﬂﬂqmayammmmwumuu

- — PR,

Esgnuplot — A ‘M

File Plot Expressions Fumtlons General Axes ChaxT Styles 3D Help
lRepIot H Open M Save H ChDir “ Print H PrtSc “ Prev H Next !

| »

GNUPLOT

Version 4.4 patchlevel 0
last modified March 2010
System: MS-Windows 32 bit

Copyright (C) 1986-1993, 1998, 2004, 2007-2010 I

Thomas Williams, Colin Kelley and many others f
gnuplot home: http://www.gnuplot.info
faa, bugs, etc: type "help seeking-assistance”

immediate help: type help
plot window: it

|

Terminal type set to ‘wxt

Ignuplot) cd 'D: \3 Research Grants\NRCT\Project-Clustering\Program’
gnuplot> splot ’points.dat’

<« [ »

(3

11 3.4 Aree19m 3 19 T)sunsy GNUPLOT veuaasnndoyaludnbaznsiv 3 4a

QN
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Aaa o

A [ v 9
A1TNN 3.1 AANITIANQUUDYAD 2 WA T

WIUNGN 4 NGN ToyATIN 200 A2

matiamstAngy Foyansznenuuainaue Foyayaii 1 ||| Toyanszneuuudd [@oyagaii 2)
nagmmsiimes nal nieANNA | AuAaIa nal nieANa | ANuAIa
Gui) (lud) ey Gui) (lud) ey
K-means 0.016 4,800 -- 0.016 4,800 --
K-means, sliding window 0.094 2,048 5.798 0.079 3,024 16.466
K-means, DBS&Hashing
Density=2 || 0.016 2,000 5.829 0.016 2,232 6.139
Density=3 || 0.016 1,904 5.860 0.000 1,496 15.402
K-means, DBS&Reservoir
Density=2 , Bin=15 0.016 1,280 5.461 0.000 592 21.023
Density=2 , Bin=20 0.015 1,552 6.926 0.016 848 19.654
Density=3 , Bin=15 0.000 1,376 3.700 0.000 704 19.960
Density=3 , Bin=20 ||  0.016 1,696 6.072 0.015 928 20.874
K-means, DBS&SRS
Density=2 , Bin=15 0.030 1,123 6.384 0.014 603 15.552
Density=2 , Bin=20 0.032 1,552 5.408 0.016 798 13.162
Density=3 , Bin=15 0.030 1,249 6.364 0.030 677 13.796
Density=3 , Bin=20 ||  0.046 1,645 6.113 0.016 924 17.914
K-means, DBS&Rejection
Range=0.2,Dens=2,Bin=15 ||  0.046 1,157 5.923 0.030 596 15.088
Range=0.2,Dens=2,Bin=20 0.061 1,574 7.051 0.031 784 12.653
Range=0.2,Dens=3,Bin=15 0.045 1,343 6.581 0.031 672 13.979
Range=0.2,Dens=3,Bin=20 ||  0.061 1,635 5.226 0.062 900 14.400
Range=0.4,Dens=2,Bin=15 || 0.015 1,190 6.251 0.031 601 14.550
Range=0.4,Dens=2,Bin=20 ||  0.046 1,560 4.978 0.031 805 13.025
Range=0.4,Dens=3,Bin=15 0.031 1,248 6.346 0.030 702 14.387
Range=0.4,Dens=3,Bin=20 0.046 1,650 5.879 0.016 910 14916
K-means, random
Bin=15|| 0.000 350 4.531 0.000 345 14.556
Bin=20]| 0.015 456 4.573 0.015 462 12.784
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Aaa o

A [ v 9
A1TNN 3.2 AANITIANQUUDYAD 2 UA 3

WIUNGN 8 NGN ToYATIN 200 A2

mAlAMIIANGY foyansznonuuminaue Foyayaii 5) ||| Foyanszrwnuudil (oyayad 6)
narmmsiines nal nieANNA | AuAaIa nal nieANa | ANuAIa
Gui) (lud) ey Gui) (lud) ey
K-means 0.032 4,800 -- 0.031 4,800 --
K-means, sliding window 0.110 2,480 14.028 0.109 2,512 20.081
K-means, DBS&Hashing
Density=2 || 0.031 2,120 14.971 0.062 2,272 21.910
Density=3 || 0.016 1,832 15.953 0.032 1,856 6.800
K-means, DBS&Reservoir
Density=2 , Bin=15 0.016 912 11.175 0.015 752 33.708
Density=2 , Bin=20 0.032 1,128 10.178 0.015 976 23.544
Density=3 , Bin=15 0.016 952 12.061 0.031 792 30.880
Density=3 , Bin=20 ||  0.016 1,200 9.545 0.015 1,096 23.425
K-means, DBS&SRS
Density=2 , Bin=15 0.030 805 15.882 0.014 724 25.125
Density=2 , Bin=20 0.016 1,079 13.254 0.031 940 23.998
Density=3 , Bin=15 0.030 877 13.130 0.030 818 23.227
Density=3 , Bin=20 ||  0.031 1,145 16.379 0.030 1,083 22.406
K-means, DBS&Rejection
Range=0.2,Dens=2,Bin=15 ||  0.046 767 14.339 0.030 757 23.015
Range=0.2,Dens=2,Bin=20 0.062 992 14.921 0.046 997 25.493
Range=0.2,Dens=3,Bin=15 0.062 884 13.230 0.030 809 23.398
Range=0.2,Dens=3,Bin=20 ||  0.061 1,159 13.656 0.046 1,089 22.631
Range=0.4,Dens=2,Bin=15 ||  0.030 765 14.264 0.030 717 23.648
Range=0.4,Dens=2,Bin=20 ||  0.030 1,064 13.753 0.016 966 24.574
Range=0.4,Dens=3,Bin=15 0.030 910 16.398 0.016 817 21.336
Range=0.4,Dens=3,Bin=20 0.030 1,186 16.948 0.031 1,098 22.708
K-means, random
Bin=15|| 0.000 352 13.734 0.016 352 26.949
Bin=20|| 0.016 470 14.126 0.014 465 22.459
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M15199 3.3 wamsvangudoya 3 UA TIIUNGN 4 NaN ToyATIN 200 A2

matiamstAngy Foyansznenuuainaue Foyayaii 1 ||| Toyanszneuuudd [@oyagaii 2)
narmmsiines nal nieANNA | AuAaIa nal nieANa | ANuAIa
Gui) (lud) ey Gui) (lud) ey
K-means 0.015 6,400 - 0.078 6,400 --
K-means, sliding window 2.667 6,768 0.841 3.166 14,832 9.096
K-means, DBS&Hashing
Density=2 0.046 6,672 0.870 0.046 7,248 10.931
Density=3 0.078 6,232 0.962 0.016 2,848 11.184
K-means, DBS&Reservoir
Density=2 , Bin=15 0.016 1,296 7.996 0.000 824 46.442
Density=2 , Bin=20 0.015 1,744 8.257 0.016 1,032 45.152
Density=3 , Bin=15 0.015 1,320 8.097 0.016 928 31.441
Density=3 , Bin=20 0.032 1,936 7.779 0.031 1,184 14.016
K-means, DBS&SRS
Density=2 , Bin=15 2.246 1,174 8.566 1.559 661 17.255
Density=2 , Bin=20 2.963 1,520 8.414 1.621 909 18.736
Density=3 , Bin=15 2.136 1,248 9.898 2.339 844 14.660
Density=3 , Bin=20 4.135 1,728 11.040 5.554 1,074 14.630
K-means, DBS&Rejection
Range=0.2,Dens=2,Bin=15 6.130 1,180 8.285 3.540 664 18.608
Range=0.2,Dens=2,Bin=20 7.190 1,639 13.020 6.067 911 18.498
Range=0.2,Dens=3,Bin=15 4.835 1,225 13.929 8.439 822 20.056
Range=0.2,Dens=3,Bin=20 10.935 1,706 8.690 9.686 1,092 15.188
Range=0.4,Dens=2,Bin=15 2.932 1,258 11.857 1.310 668 17.329
Range=0.4,Dens=2,Bin=20 4320 1,525 10.071 2.588 916 17.466
Range=0.4,Dens=3,Bin=15 3.665 1,233 10.622 3.416 808 16.926
Range=0.4,Dens=3,Bin=20 4.710 1,660 9.311 6.535 1,101 16.134
K-means, random
Bin=15 0.014 470 11.071 0.000 470 17.980
Bin=20 0.015 620 6.347 0.000 618 17.198
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M15199 3.4 mamsvangudoya 3 UA IUNGN 8 NAN ToYATIN 200 A2

mAlAMIIANGY foyansznonuuminaue Foyayaii 5) ||| Foyanszrwnuudil (oyayad 6)
narmmsiines nal nieANNA | AuAaIa nal NN | Anuaaia
Gui) (lud) ey Gui) (lud) ey
K-means 0.031 6,400 -- 0.078 6,400 --
K-means, sliding window 2.574 10,408 26.312 2.653 10,960 19.526
K-means, DBS&Hashing
Density=2 0.140 8,392 41.403 0.202 8,240 29.658
Density=3 0.125 6,752 42.984 0.062 5,360 50.073
K-means, DBS&Reservoir
Density=2 , Bin=15 0.031 1,568 60.941 0.031 936 107.052
Density=2 , Bin=20 0.016 1,912 50.879 0.031 1,152 94.188
Density=3 , Bin=15 0.032 1,568 60.941 0.015 984 89.251
Density=3 , Bin=20 0.032 1,920 50.795 0.032 1,272 70.949
K-means, DBS&SRS
Density=2 , Bin=15 2.245 960 25.958 1.258 740 41.569
Density=2 , Bin=20 2.605 1,230 25.691 1.216 992 27.188
Density=3 , Bin=15 1.621 1,004 25.550 2917 884 36.116
Density=3 , Bin=20 3.322 1,358 27.006 2.823 1,164 29.266
K-means, DBS&Rejection
Range=0.2,Dens=2,Bin=15 2916 919 26.643 3.667 748 35.960
Range=0.2,Dens=2,Bin=20 5.568 1,232 25.011 4.195 1,006 34.826
Range=0.2,Dens=3,Bin=15 3.728 1,024 24.290 3.603 867 31.341
Range=0.2,Dens=3,Bin=20 7.581 1,401 24.721 7.425 1,147 35.210
Range=0.4,Dens=2,Bin=15 1.933 918 23.081 1.450 730 33.940
Range=0.4,Dens=2,Bin=20 3.478 1,174 23.069 2.386 1,005 33.874
Range=0.4,Dens=3,Bin=15 1.169 1,053 26.291 2.230 879 34.781
Range=0.4,Dens=3,Bin=20 2.526 1,403 27.463 2.605 1,112 36.709
K-means, random
Bin=15 0.015 465 30.099 0.000 470 38.123
Bin=20 0.015 613 33.859 0.016 616 30.044
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M135190 3.5 wamsdangudoya 2 Ha S1IUNGN 4 NaN ToyasIN 5,000 A2

mAlAMIIANGY foyansznonuuminaue Foyayaii 3) ||| Foyanszrwnuudil (oyayadi 4)
narmmsiines nal nieANNA | AuAaIa nal nieANa | ANuAIa
Gui) (lud) ey Gui) (lud) ey
K-means 0.265 120,000 -- 0.749 120,000 --
K-means, sliding window 1.716 40,528 2.709 1.763 42,512 36.181
K-means, DBS&Hashing
Density=5 || 0.296 40,528 2.709 0.265 42,488 36.186
Density=20 ||  0.186 40,528 2.709 0.203 36,760 12.184
K-means, DBS&Reservoir
Density=5 , Bin=20 0.062 23,408 4212 0.015 8,880 59.450
Density=5 , Bin=30 0.266 35,752 2.902 0.031 16,016 60.691
Density=20 , Bin=20 0.063 23,408 4212 0.031 13,440 17.263
Density=20 , Bin=30 ||  0.265 35,752 2.902 0.031 18,416 14.150
K-means, DBS&SRS
Density=5 , Bin=20 0.062 24,632 8.384 0.045 5,592 26.471
Density=5 , Bin=30 0.093 38,235 4416 0.031 8,947 17.383
Density=20 , Bin=20 0.092 24,907 7.198 0.031 6,576 17.531
Density=20 , Bin=30|| 0.125 36,638 6.403 0.047 10,534 11.858
K-means, DBS&Rejection
Range=0.2,Dens=5,Bin=20 ||  0.124 24,276 6.776 0.014 5,065 17.966
Range=0.2,Dens=5,Bin=30 0.139 38,454 7.963 0.077 8,614 19.657
Range=0.2,Dens=20,Bin=20 0.124 23,686 8.723 0.030 6,827 12.324
Range=0.2,Dens=20,Bin=30 || 0.110 35,003 5.546 0.093 10,169 10.965
Range=0.4,Dens=5,Bin=20 || 0.155 23,744 7.560 0.030 6,222 13.543
Range=0.4,Dens=5,Bin=30 ||  0.141 38,102 4.928 0.046 8,929 16.068
Range=0.4,Dens=20,Bin=20 0.094 34,496 7.777 0.015 6,281 16.283
Range=0.4,Dens=20,Bin=30 0.141 37,497 5.128 0.092 9,878 13.381
K-means, random
Bin=20|| 0.015 476 13.261 0.015 480 18.357
Bin=30|| 0.016 713 13.780 0.014 716 20.700
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M135190 3.6 wamsdangudeya 2 HA S1IUNGN 8 NAN ToyATIN 5,000 A2

mAlaMIIANgY foyansznouuuminaue @oyayaii 7) ||| Foyanszrwnnudil (oyayad 8)
narmmsiines nal nieANNA | AuAaIa nal NN | Anuaaia
Gui) (lud) ey Gui) (lud) ey
K-means 0.452 120,000 -- 0.825 96,000 --
K-means, sliding window 1.669 40,896 12.452 1.623 34,240 8.839
K-means, DBS&Hashing
Density=5 0.249 40,896 12.452 0.468 34,192 8.804
Density=20 0.250 40,736 12.438 0.265 25,576 17.299
K-means, DBS&Reservoir
Density=5 , Bin=20 0.109 17,376 10.270 0.047 2,584 57.139
Density=5 , Bin=30 0.156 25,232 20.170 0.047 4,152 48.285
Density=20 , Bin=20 0.109 17,376 10.270 0.031 5,744 31.854
Density=20 , Bin=30 0.172 25,232 20.170 0.124 9,144 43.889
K-means, DBS&SRS
Density=5 , Bin=20 0.156 14,948 11.311 0.047 4,707 35.687
Density=5 , Bin=30 0.141 21,934 13.047 0.061 8,640 28.100
Density=20 , Bin=20 0.077 15,488 16.544 0.031 6,867 35.829
Density=20 , Bin=30 0.296 22,555 13.982 0.139 11,404 31.506
K-means, DBS&Rejection
Range=0.2,Dens=5,Bin=20 0.077 14,652 15.392 0.030 4921 33.935
Range=0.2,Dens=5,Bin=30 0.233 22,577 13.676 0.078 8,188 27.322
Range=0.2,Dens=20,Bin=20 0.124 15,113 16.562 0.046 6,832 32.852
Range=0.2,Dens=20,Bin=30 0.171 22,289 16.076 0.092 11,528 31.525
Range=0.4,Dens=5,Bin=20 0.077 14,152 16.422 0.046 4,876 32.040
Range=0.4,Dens=5,Bin=30 0.093 21,657 15.257 0.046 7,249 30.607
Range=0.4,Dens=20,Bin=20 0.124 14,950 16.110 0.031 7,136 29.422
Range=0.4,Dens=20,Bin=30 0.265 25,360 13.588 0.093 11,563 27.084
K-means, random
Bin=20 0.015 480 16.401 0.015 476 39.209
Bin=30 0.016 720 14.492 0.015 720 31.832
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M135190 3.7 wamsdangudoya 3 4a S1IUNGN 4 NaN ToyasIN 5,000 f2

mAlAMIIANGY foyansznonuuminaue Foyayaii 3) ||| Foyanszrwnuudil (oyayadi 4)
narmmsiines nal nieANNA | AuAaIa nal nieANa | ANuAIa
Gui) (lud) ey Gui) (lud) ey
K-means 0.234 160,000 -- 0.671 160,000 --
K-means, sliding window 49.92 142,160 7.172 49.687 180,824 1.719
K-means, DBS&Hashing
Density=5 1.232 142,160 7.172 1.622 162,408 1.561
Density=50 1.077 126,000 6.786 0.187 44,024 8.063
K-means, DBS&Reservoir
Density=5 , Bin=60 0.358 41,904 4.473 0.093 12,024 48.865
Density=5 , Bin=100 0.515 76,824 8.218 0.218 23,496 37.614
Density=50 , Bin=30 0.109 27,048 6.818 0.218 18,928 18.627
Density=50 , Bin=50 0.250 59,552 4.671 0.219 37,096 16.821
K-means, DBS&SRS
Density=5 , Bin=60 4.556 52,260 18.747 0.513 7,952 14.218
Density=5 , Bin=100 6.303 92,902 12.809 0.873 13,397 12.131
Density=50 , Bin=30 2.714 36,782 13.915 2.777 18,661 11.433
Density=50 , Bin=50 4.710 56,700 25.807 5.693 36,972 9.056
K-means, DBS&Rejection
Range=0.2,Dens=5,Bin=60 8.768 57,715 12.924 1.184 8,160 15.261
Range=0.2,Dens=5,Bin=100 16.614 93,699 11.839 1.918 13,195 13.828
Range=0.2,Dens=50,Bin=30 7.346 39,560 10.871 11.248 18,883 12.389
Range=0.2,Dens=50,Bin=50 11.685 57,016 15.308 19.999 37,255 10.585
Range=0.4,Dens=5,Bin=60 4.071 57,316 10.453 0.576 8,412 14.134
Range=0.4,Dens=5,Bin=100 7.628 87,054 21.281 1.013 13,843 14.640
Range=0.4,Dens=50,Bin=30 4.275 34,241 27.860 4.960 18,743 10.914
Range=0.4,Dens=50,Bin=60 6.022 60,742 18.905 8.891 36,743 12.282
K-means, random
Bin=30 0.015 960 33.375 0.030 957 16.895
Bin=50 0.030 1,595 36.196 0.031 1,592 15.884
Bin=60 0.030 1,905 46.326 0.030 1,912 13.821
Bin=100 0.046 3,180 29.615 0.045 3,171 11.413
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M135190 3.8 wamsdangudoeya 3 HA S1IUNGN 8 NAN ToyATIN 5,000 F2

mAlAMIIANGY foyansznouuuminaue @oyayaii 7) ||| Foyanszrwnnudil (oyayad 8)
narmmsiines nal nieANNA | AuAaIa nal nieANa | ANuAIa
Gui) (lud) ey Gui) (lud) ey
K-means 0.656 160,000 -- 3.635 128,000 --
K-means, sliding window 49.343 135,688 17.505 37.331 139,136 13.952
K-means, DBS&Hashing
Density=5 4.009 135,688 17.505 3.947 118,904 15.091
Density=50 2.090 107,736 29.897 0312 39,448 21.388
K-means, DBS&Reservoir
Density=5 , Bin=60 0.515 38,704 58.061 0.110 6,216 53.317
Density=5 , Bin=100 0.639 63,800 40.372 0.108 5,984 42.314
Density=50 , Bin=30 0.234 27,952 52.241 0.188 21,544 40.378
Density=50 , Bin=50 0.218 41,362 45231 0.281 35,848 22.198
K-means, DBS&SRS
Density=5 , Bin=60 2.856 33,294 31.115 0.810 8,386 35.767
Density=5 , Bin=100 4.618 58,164 27.877 1.216 13,184 32.996
Density=50 , Bin=30 2.308 25,734 22.132 4.945 20,540 20.552
Density=50 , Bin=50 4352 39,438 36.335 8.471 34,148 21.516
K-means, DBS&Rejection
Range=0.2,Dens=5,Bin=60 6.895 32,595 34.854 1.778 7,935 32.762
Range=0.2,Dens=5,Bin=100 9.407 57,548 27.560 2.401 14,007 37.905
Range=0.2,Dens=50,Bin=30 5.897 25,905 33.680 14.743 21,642 20.130
Range=0.2,Dens=50,Bin=50 10.406 43,680 25.803 18.267 35,542 19.416
Range=0.4,Dens=5,Bin=60 3.478 32,078 30.156 0.686 8,849 34.977
Range=0.4,Dens=5,Bin=100 5.539 57,688 29.205 1.591 12,598 36.491
Range=0.4,Dens=50,Bin=30 2.136 25,670 36.854 6.942 20,830 22.909
Range=0.4,Dens=50,Bin=60 5.383 40,673 34.443 12.168 34,266 22.890
K-means, random
Bin=30 0.014 960 20.928 0.030 960 40.565
Bin=50 0.030 1,595 24.263 0.030 1,592 31.856
Bin=60 0.030 1,910 16.973 0.030 1,912 31.747
Bin=100 0.032 3,176 19.109 0.046 3,173 25.751
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Program: Density-biased sampling and K-means clustering

By: Kittisak Kerdprasop
School of Computer Engineering,
Suranaree University of Technology, Thailand

Date: May 5, 2010

Comments: This is an open source program, freely distributed as is.
The code is in Erlang format (R13B04).

Usage:

(1) Install Erlang

(downloadable from www.erlang.orq).

(2) Set path to the directory that contains Erlang code.

(This step can be done through the properties of Erlang icon.)
(3) Start the Erlang shell.
(4) Compile a program with the command:

>c (dbs) .

(5) Run a program with the command (
>dbs:callMenu () .

dbs = density-biased sampling):

——————————— view points in visual mode uses gnuplot
gnuplot> plot 'points.dat'

2 dimensions:
3 dimensions:

gnuplot>

splot 'points.dat'

-module (dbs) .
-export ([myMain/0, clustering/3,eachWindow/3, specificDens/2,
rejectionRandom/4, simpleRandom/3, simpleRandoml/2,

specificDensBin/3

1.

-import (io, [format/1, format/2, format/3,read/1, fwrite/3]).

A° 00 A 0 0 A A° A° A A A A A A A° A A A A o° o° o°

o

generate data points in each cluster

User specifies number of dimensions:
let's say 3

Example of data point specification format:
({0,3,7},{5,10,3},{20,30,5}]

This is a format to generate data of 4 clusters

cluster 1:

cluster 2:

cluster 3:

Note that this
0 to

number
range
range
range

number
range
range
range

number
range
range
range

of
in
in
in

of
in
in
in

of
in
in
in

data points
the x-axis
the y-axis
the z-axis,

data points
the x-axis
the y-axis
the z-axis,

data points
the x-axis
the y-axis
the z-axis,

=7

is between 0-3

is between 0-3

which is the last dimension,
is unrestricted

=3

is between 5-10

is between 5-10

which is the last dimension,
is unrestricted

=5

is between 20-30

is between 20-30

which is the last dimension,
is unrestricted

program sets scale on each axis to range from
50, and maximum dimension is 10.
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gen (Rand, {1,L,H})->[random:uniform (H-L)+Rand ];
gen (Rand, {K,L,H}) ->[random:uniform (H-L)+L|gen (Rand, {K-1,L,H})].

% K=Dimension --Seed for last dimension
myDim(_I_l {_I_I O})_>[] 7
myDim (Rand, K, {L,H,N})->[gen (Rand, {K,L,H}) |[myDim(Rand, K, {L,H,N-1}) 1.

myGenGroup (K, InitGroup) ->
lists:concat (
lists:map (
fun (A) ->Seed=random:uniform(40),
format ("~nSeed~w", [Seed]),
myDim (Seed,K,A) end,

InitGroup)
) .
F——————— k-means clustering
% nearCentroid([1],[[2],[3],[45],([11]1). —-==> [[1],[1]]

nearCentroid (Point, CentroidL) ->
LenList=lists:zip(
lists:map
(fun (A) ->distance (Point,A)
end,
CentroidL
), Centroidl),
[{ _,Centroid}| ]=lists:keysort(l,LenList),
{Point,Centroid}.

% take firts distinct-n element of list
take (0, )->[];

take (N, [H|T])->[H|take (N-1,T)].
% for K-means clustering
kMeans (PL) —>
{_,N}=read('enter number of clustering>'),
CL=take (N, sets:to_list(sets:from list(PL))), %initial Centroid
format ("~nAllPoints=~w ~nInitial Centroid=~w~n", [PL,CL]),
{TT,L}=timer:tc(dbs,clustering, [1,CL,PL]),T11=TT/1000000,

Q

$ return time in second.

format ("~n~n_ Time for k-means is ~w second ,~n
calculated Centroid=~w~n~n", [T11l,L]), S%Swrite to screen
L. Sreturn cluster

clustering (N,CL, PL) ->
Ll=lists:map( fun(A) -> nearCentroid(A,CL) end ,PL),
L2 = transform(CL,L1),
NewCentroid=lists:map (fun({_,GL})->findMeans (GL) end,L2),
N1=N+1,
if NewCentroid==CL -> format ("No cluster changes,
From Loopl->stop at Loop~w,
Centroid=~w", [N,NewCentroid]),
NewCentroid;
N>=90 -> format ("Force to stop at Loop~w,
Centroid=~w", [N, NewCentroid]),
NewCentroid; % Max iterations=90
true -> p("NLoop",N),p ("NewCentroid",NewCentroid),
clustering (N1, NewCentroid, PL)
end.
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p(D,V)->format ("~n~s=~w~n", [D,V]). % for printing wvalues

% transform Point-CentroidList to Centroid-PointList

5 transform([[11], [{[2],([11},{(31,(21}]). —=>[{[1],0[2],[3]11} 1
transform([], )->[1;

transform([C|TC],PC)->[{C,tl(C,PC)} |transform(TC,PC)].

t1( ,[1)->I[1 -

tl(Cl, [H|T])->{P,C}=H,
if Cl==C -> [P|tl(C1,T)];
Cl=/=C -> tl1(C1,T)
end.

distance ([],[])-> 0;
distance ([X1]|T1], [X2|T2])->
math:sqgrt ( (X2-X1) * (X2-X1) +distance (T1,T2) ).

% findMeans ([[1,2]1,([3,4]]). --> [2.0,3.0]
findMeans (PointL) ->
[H| ]=PointL ,

Len=length (H),
AllDim=lists:reverse(allDim(Len, PointL)),
lists:map (fun (A) -> mymean (A) end, AllDim ).

eachDimList ( , []) ->[1;

eachDimList (N, [H|T]) ->[lists:nth(N,H) |eachDimList (N, T)].

allbim (0, )->[];
allDim(D,L)->[eachDimList (D, L) |allDim(D-1,L)].

mymean (L) ->1lists:sum(L) /length (L) .

5 eachWindow (2, [[0,1],(1,0]],1(0,01,100,2]1).
5 —-==> [{[OIO]IZ}I{[OIZ]IO}]

eachWindow( , ,[]1)->[1;

eachWindow (Del,AllPoint, [Now|StreamT]) ->
Lc = count (Now,Del,AllPoint),
Sum= lists:sum(Lc),

[{Now, Sum} | eachWindow (Del,AllPoint, StreamT)].

o

gen back slidingWindows -> POINTs

% + WindowsList, +Den
genWin2P ([])->[1;

genWin2P ([{P,Den} |T])->
if Den>=1 -> dup(center (P),Den)++genWin2P (T) ;
true -> genWin2P (T)
end.

center ([1)->1[];
center ([H|T])->[H+1|center(T)].

dup( ,0)->[1];

dup (L, N) ->[L|dup (L, N-1) ]
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Gm——mm————————— sum of euclidean distanct
dis(P,C) -> ZipPC= lists:zip(P,C),

math:sgrt (lists:sum ([ (X-X1)* (X-X1) ||{X,X1l} <- ZipPCl)).
minDistance (P,CL)-> lists:min([dis(P,Y) || Y<-CL]).

sumDistance (PL,CL) ->1lists:sum([minDistance (X,CL) | | X<-PL]) .

count (_, _,[1)->[]7
count (L,Del, [H|T]) ->In=in(H,L, [X+Del]| |X<-L]),
if In ->[1]|count(L,Del,T)];

true->[0|count (L,Del, T)]

end.
% in([2,31,10,0]1,[2,2]) —--> true
j-n( [] I_I_) -> true;
in([X|T], [LITL], [UITU]) ->

if L =< X,X <U -> in(T,TL,TU) ;
true ->false
end.
% print Points to text file for gnuplot
printFile (OutF, Dim, [H|T]) ->
case Dim of
2-> fwrite (OutfF, "~n~w ~w",H),printFile (OutF,Dim,T);
3-> fwrite (OutF,"~n~w ~w ~w",H),printFile (OutF,Dim,T);
-> fwrite (OutF, "~n%No output file/Error Dimension ~w > 3", [Dim]),

true
end ;
printFile( OutF, Dim, [])->true.
% —--—-- Generate data points
myGenL (50)->[]; % 50 = Upper bound on axis scaling, lower bound = 0
myGenL (Now) —=> [Now |myGenL (Now+2)]. % 2 = window step size

% number of dimensions is bounded at 10
myZip (1) -> L=myGenL (0), [[X1]]]|X1<-L];
myZip (2) -> L=myGenL (0), [[X1,X2]]||X1<-L,X2<-L];
myZip (3)-> L=myGenL (0),
[[X1,X2,X3]|X1<-L,X2<-L,X3<-L];
myZip (4)-> L=myGenL(0),
[[X1,X2,X3,X4] | |X1<-1L,X2<-1,X3<-1L,X4<-1];
myZip (5) -> L=myGenL (0),
[[X1,X2,X3,X4,%X5] | |X1<-L,X2<-L,X3<-L,X4<-L,X5<-L];
myZip (6) -> L=myGenL (0),
[[X1,X2,X3,X4,X5,X6] | |X1<-L,X2<-L,X3<-L,X4<-1L,X5<-L,X6<-L];
myZip (7) -> L=myGenL (0),
[[X1,X2,X3,X4,%X5,X6,X7]||X1<-L,X2<-L,X3<-L,X4<-L,X5<-L, X6<-L, X7<-L];
myZip (8)-> L=myGenL (0),
[[X1,X2,X3,X4,%X5,X6,X7,%X8] | |X1l<-L,X2<-L,X3<-L,X4<-L, X5<-L, X6<-L,X7<~-
L,X8<-L];
myZip (9) -> L=myGenL (0),
[[X1,X2,X3,X4,X5,X6,X7,X8,X9] | |X1<-L,X2<-L,X3<-L, X4<-L, X5<-L, X6<~
L,X7<-L,X8<-L,X9<-L];
myZip (10)-> L=myGenL(0),
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[[X1,X2,X3,X4,X5,X6,X7,%X8,%X9,X10] | |X1<-L,X2<-L,X3<-L, X4<-L, X5<-L, X6<~-
L,X7<-L,X8<-L,X9<-L,X10<-L] .

specificDens ([], )->[];
specificDens ([{P,D}|T],Den)->
if D>=Den -> [{P,D}|specificDens (T,Den)];
true -> specificDens (T, Den)
end.
% take Bin elements
specificDensBin (Bin,L,Den) -> take(Bin,specificDens (L,Den)) .

%--- Simple Random with density bias (no parameter SAMPLING)
simpleRandom( , ,0)->[];
simpleRandom (WindowL, Dens,Bin) ->

Nth=random:uniform(length (WindowL)),

{P,D}=lists:nth (Nth,Windowl),

if D>=Dens -> [{P,D}|simpleRandom (WindowL, Dens,Bin-1) ] ;

true-> simpleRandom (WindowL, Dens,Bin)
end.

simpleRandoml ( ,0)->[];

simpleRandoml (A11P,Bin) —>
Nth=random:uniform(length (A11P)),
P=1lists:nth(Nth,AllP),

[P | simpleRandoml (A11P,Bin-1)].

rejectionRandom( , , ,0)->[];
rejectionRandom (Para,WindowL, Dens,Bin) ->
Nth=random:uniform(length (WindowL)),
Par=random:uniform(),
{P,D}=lists:nth (Nth,WindowLl),
if (0.5-Para)=<Par,Par=<(0.5+Para),D>=Dens ->
[{P,D}|rejectionRandom (Para,WindowL, Dens,Bin-1) ] ;
true-> rejectionRandom (Para,WindowLlL,Dens,Bin)
end.

callWindowSliding (Dim,Al11P)-> % initialization
Stream=myZip (Dim),
% window sliding -- running time computation
{TT,L}=timer:tc (dbs,eachWindow, [Dim,Al1l1P,Stream]), T11=TT/1000000,

% return in second.
format ("~nTime for window sliding of dimension ~w is

~w second ~n", [Dim,T11]), % write to screen
L . % and return Windows List

callDensity (WindowList,Dens)-> % menu 3
{T,Ld}=timer:tc (dbs, specificDens, [WindowList, Dens]), Len=length (Ld),
T1=T/1000000, % time returns in second.
format ("~nFrom MENU3 has time ~w seconds,
Length (MAX BIN)=~w~n", [T1l,Len]),
Ld

callDensityRes (WindowList,Dens)-> % menu 4
{ ,Bin}=read('enter number of Bin>"'),
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{T,Ld}=timer:tc (dbs, specificDensBin, [Bin,WindowList, Dens]),
T1=T/1000000, % return in second.
format ("~nFrom DensityReservoir (MENU4) has time ~w
seconds, Length=~w~n", [T1, length(Ld) ]),
Ld.

callSimpleRandl (A11P) -> % menu 7
{ ,Bin}=read('enter number of Bin>'),
{T,RandList}=timer:tc (dbs,simpleRandoml, [A11P,Bin]),
T1=T/1000000, % return in second.
format ("~nFrom MENU7 simpleRandom has time ~w seconds,
length=~w~n", [T1l, length (RandList)]),
RandList.

callSimpleRand (WindowList,Dens) -> % menu 5
{ ,Bin}=read('enter number of Bin>"'),
WindowL=sets:to list(sets:from list (WindowList)), % to distinct List
{T,RandList}=timer:tc (dbs, simpleRandom, [WindowL, Dens,Bin]),
T1=T/1000000, % return in second.
format ("~nFrom MENU5 simpleRandom has time ~w seconds, length=~w~n",
[T1l,length (RandList)]),
RandList.
callReservoir (WindowList,Dens)-> % menu 6
{_,Bin}=read('enter number of Bin>"'),
WindowL=sets:to list(sets:from list (WindowList)), % to distinct List
{_,Para}=read('enter rejection Parameter(0.5+->'"),
{T,RandList}=timer:tc (dbs,rejectionRandom, [Para,WindowL, Dens,Bin]),
T1=T/1000000, % return in second.
format ("~nTime from MENU6 Reservoir with density ~w =
~w seconds ~n", [Dens,T1]),
RandList.

callMenu () ->
{_,Dim}=read('enter Dimension (max=10)>"),
format ("~nPoints have ~w dimensions", [Dim]),
format ("~nMainMenu ~n Select points to be generated~n"),
% generate four clusters
("l1.Uniform (200pt):[{0,3,30},{5,9,70},
{10,15,50},{20,25,50}1~n"),
format ("2.Zipf (200pt):[{0,3,10},{5,8,10},
{10,20,80},{20,35,100}] ~n"),
format ("3.Uniform (5000pt):[{0,5,1000},{7,12,1500},
{15,19,1000}, {20,25,1500}]~n"),
format ("4.Zipf (5000pt):[{0,5,100},{7,10,200},
{11,20,2000},{20,40,2700}]~n"),
% generate eight clusters
("5.Uniform (200pt):[{0,3,25},{5,7,25},{10,15,22},{17,22,28},
{24,28,20},{30,35,20},{35,40,30},{40,45,30}1~n"),
format ("6.Zipf (200pt):[{0,2,10},{5,7,10},{10,15,12},{17,20,8},
{20,30,100},{30,35,40},{35,39,10},{40,43,10}1~n"),
format ("7.Uniform (5000pt):[{0,4,600},{5,9,700},{10,15,550},
{19,22,600},{24,28,600},{30,35,650},
{35,40,700},{40,45,600}]1~n"),
format ("8.Zipf (5000pt):[{0,3,50},{5,7,60},{10,25,1000},
{17,20,200},{18,35,1200},{22,25,100},
{35,40,790}, {40,45,600}]~n"),

format
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{ ,MENU}=read('enter >'),
InitGroup= lists:nth (MENU, [

4

4

4

4

4

4

14

({0,3,30},{5,9,70},{10,15,50}, {20,25,50}]
({0,3,10},{5,8,10},{10,20,80},{20,35,100}]
({0,5,1000},{(7,12,1500},{15,19,1000}, {20,25,1500}]
({0,5,100},{7,10,200},{11,20,2000}, {20,40,2700}]
({0,3,25},{5,7,25},{10,15,22},{17,22,28},
{24,28,20},{30,35,20}, {35,40,30}, {40,45,301}]
({0,2,10},{5,7,10},{10,15,12}, {17,20,8},
{20,30,100}, {30,35,40},{35,39,10}, {40,43,10}]
[{0,4,600},{5,9,700},{10,15,550},{19,22,600},
{24,28,600}, {30,35,650}, {35,40,700}, {40,45,6001}]
[{0,3,50},{5,7,60},{10,25,1000},{17,20,200},
{18,35,1200},{22,25,100},{35,40,790}, {40,45,6001}]
1),

AllP=myGenGroup (Dim, InitGroup),
format ("~nGenerated Points are in points.dat"),
{_,OutF}=file:open("points.dat", [write]),

io:fwrite (OutF, "#Comment:

File:points.dat /
Generate all ~wPoints=", [length (A11lP)1]),

printFile (Out¥,Dim,AllP),
format ("~n%OutPutFile:points.dat~n

Generate all Points=~w", [Al1lP]),

file:close (OutF),p(closeFile,exit),
WindowList=callWindowSliding (Dim,Al11lP),
RealCentroid=kMeans (A11P),

format ("~nRealCentroid with K-means=~w~n", [RealCentroid]),
mymain (Dim,Al1P,WindowList,RealCentroid) .

mymain (Dim,Al11P,WindowList,RealCentroid) ->
format ("~n~nPoints have ~w dimensions", [Dim]),

format ("~nMenu (all choices use the same set of points)~n"),
format ("0O. Generate a new set of points~n"),

format ("1. K-means~n"),

format ("2. K-means of Window sliding~n"),

format ("3. Density biased , Hashing~n"),

format ("4. Density biased , Reservoir+Hashing~n"),

format ("5. Density biased , Reservoir+Simple Random~n"),
format ("6. Density biased , Reservoir+Rejection Sampling~n"),
format ("7. K-means , Random~n"),

format ("11.

Exit~n"),

{ ,Menu}=read('enter >'),

0-> callMenu() ;

case
1 >
2 =>

Menu of

%

generate data points

o

5 K-means

Mem=erts debug:size (AllP),MemByte =Mem*4,

format ("~nRealCentroid with K-means=~w~n", [RealCentroid]),
format ("~n_ Memory Usage=~w Bytes~n", [MemByte]),
mymain (Dim,Al11P,WindowList,RealCentroid) ;

% K-means of sliding window

Genl=genWin2P (WindowList),
EstimateCentroid=kMeans (GenL),

Sum=sumDistance (EstimateCentroid, RealCentroid),
Mem=erts debug:size (GenlL),MemByte =Mem*4,

format ("~n_ Memory Usage=~w Bytes~n", [MemByte]),
p (distance To RealCentroid, Sum),

mymain (Dim,Al11P,WindowList,RealCentroid) ;
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3 -> % Window sliding + Hashing + K-means
{ ,Den}=read('enter Window Sliding Density>'"),
Genl=genWin2P (callDensity (WindowList,Den)), % gen back to Points
EstimateCentroid=kMeans (Genl),
Sum=sumDistance (EstimateCentroid, RealCentroid),
Mem=erts debug:size (GenlL),MemByte =Mem*4,
format ("~n_ Memory Usage=~w Bytes~n", [MemByte]),
p (distance To RealCentroid, Sum),
mymain (Dim,Al11P,WindowList,RealCentroid) ;
4-> % Window sliding + Reservoir&Hashing + K-means
{ ,Den}=read('enter Window Sliding Density>'"),
GenlL=genWin2P (callDensityRes (WindowList, Den)),
EstimateCentroid=kMeans (Genl) ,
Sum=sumDistance (EstimateCentroid, RealCentroid),
Mem=erts debug:size (GenlL),MemByte =Mem*4,
format ("~n__ Memory Usage=~w Bytes~n", [MemByte]),
p (distance To RealCentroid, Sum),
mymain (Dim,Al11P,WindowList,RealCentroid);
5-> % Window sliding + Reservoir&SimpleRandomSampling + K-means
{_,Den}=read('enter Window Sliding Density>'"),
Genl=genWin2P (callSimpleRand (WindowList,Den)),
EstimateCentroid=kMeans (Genl) ,
Sum=sumDistance (EstimateCentroid, RealCentroid),
Mem=erts debug:size (GenL),MemByte =Mem*4,
format ("~n_ Memory Usage=~w Bytes~n", [MemByte]),
p (distance To RealCentroid, Sum),
mymain (Dim,Al1P,WindowList,RealCentroid) ;
6-> % Window sliding + Reservoir&RejectionSampling + K-means
{_,Den}=read('enter Window Sliding Density>'"),
Genl=genWin2P (callReservoir (WindowList,Den)),
EstimateCentroid=kMeans (GenL),
Sum=sumDistance (EstimateCentroid, RealCentroid),
Mem=erts debug:size (GenlL),MemByte =Mem*4,
format ("~n_ Memory Usage=~w Bytes~n", [MemByte]),
p (distance To RealCentroid, Sum),
mymain (Dim,Al1P,WindowList,RealCentroid) ;
7-> % Random + K-means
GenlL=callSimpleRandl (Al11lP),
EstimateCentroid=kMeans (GenlL),
Sum=sumDistance (EstimateCentroid, RealCentroid),
Mem=erts debug:size (GenlL),MemByte =Mem*4,
format ("~n_ Memory Usage=~w Bytes~n", [MemByte]),

p (distance To RealCentroid, Sum),
mymain (Dim,Al11P,WindowList,RealCentroid) ;
11-> true ;

_other -> format ("Please choose 1-7~n"),
mymain (Dim,Al11P,WindowList,RealCentroid)

end.

myMain()-> = file:delete("points.dat"),callMenu() .

=========== END OF PROGRAM
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Abstract. Clustering is a task of grouping data based on similarity. A popular
k-means agorithm groups data by firstly assigning all data points to the closest
clusters, then determining the cluster means. The algorithm repeats these two
steps until it has converged. We propose a variation called weighted k-means to
improve the clustering scalability. To speed up the clustering process, we
develop the reservoir-biased sampling as an efficient data reduction technique
since it performs a single scan over a data set. Our algorithm has been designed to
group data of mixture models. We present an experimental evaluation of the
proposed method.

1 Introduction

Clustering is the automatic grouping of data based on similarity. There exists a large
number of clustering techniques, but the most classical and popular oneis the k-means
algorithm [1]. Given a data set containing n objects, k-means partitions these objects
into k groups. Each group is represented by the centroid of the cluster. Once cluster
representatives are selected, data objects are assigned to the nearest centers. The
algorithm iteratively selects new better representatives and reassigns data objects until
no change is made. At this point the algorithm is said to converge. Even though
k-means is an effective clustering algorithm, it can sometimes converge to a local
optimum. Many methods [2,3,4,5] have been devel oped to extend the k-means with the
common objective of avoiding converging to a bad local optimum. Some methods
[6,7,8] search for the best initialization because k-means is known to be sensitive to
initial point selection. Other research [9] seeks for the global optimum, at the cost of
computation. These researches try to solve the problem of sub-optimal clustering and
estimation the appropriate number of clusters[10,11].

Another difficulty of clustering with k-meansisthat it fails to identify clusters with
large variation in sizes since original large clusters tend to be split. Clustering
algorithms, such as DBSCAN [12] and CURE [13], have been developed to overcome
this kind of difficulty. DBSCAN associates a data point with its density obtained by
counting the number of pointsin aregion of radius . The algorithm discovers clusters

A MinTjoaand J. Trujillo (Eds.): DawaK 2005, LNCS 3589, pp. 488-497, 2005.
© Springer-Verlag Berlin Heidelberg 2005
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by connecting regions with sufficient high density, a MinPts threshold. DBSCAN
workswell in spatial clustering, but it is sensitive to the selection of € and MinPts and it
fails to efficiently discover clusters with highly different densities. CURE algorithm
represents a cluster by a set of points, instead of a single representative. Once the
representative points are chosen, the algorithm then shrinks these points toward the
centroid of the cluster according to a shrinking factor. CURE is an iterative
hierarchical-based clustering that works well with discovering cluster of different sizes,
but it is sensitive to the selection of representatives and shrinking factor. Moreover,
with very large data set, these algorithms degrade considerably.

When clustering massive data set, data reduction is an effective technique to speed
up the algorithm. Sampling [14,15,16] is a powerful data reduction paradigm to remedy
the inherent complexity of clustering. Uniform random sampling in which every data
point has the same probability of being selected has been used extensively in data
mining and databases [17,18,19,20]. In the case of data sets with large variation in
cluster sizes, density biased sampling [21,22,23] tends to be a better scheme. In density
biased sampling, the probability that a data point will be included in the sample is
varied by the density of acluster.

Recent researches [21,22,23] propose several techniques to density biased sampling.
Our work a so follows this path with a step further on extending the k-means algorithm
to work with aweighted sample. We propose an algorithm on density biased sampling
based on the reservoir technique and a weighted k-means algorithm to cluster a data
sample augmented with weights. The proposed algorithms are explained in Sections 2
and 3, respectively. We present the experimental results in Section 4. The conclusion
and our future work are discussed in Section 5.

2 Data Reduction Biased by Density

On scalable popular and successful clustering methods such as k-means to work against
large data sets, many algorithms like BIRCH [24] and CLARANS [14] employ the
sampling technique to minimize data sets. In BIRCH, a CF-tree structure is built after
an initial random sampling step. The CF-tree is used as a summarized data structure
with statistical representations of space regions stored on leaf nodes. After the phase of
CF-tree building, any clustering algorithm can be applied to the leaf nodes. CLARANS
also uses uniform sampling to deriveinitial representative objects for the clusters.

The sampling technique used in these algorithms is uniform random sampling,
which assigns every object the same probability of being included in the sample. But
many data sets in rea life do not follow the uniform distribution scheme. It instead
seems to follow the Zipf’s distribution [25], for instance, income and population
distribution. In these data sets, some areas such as large metropolitan area have much
higher population density than the small cities. If all the populations have egual
opportunity of being selected as a representative, sparse areas may be missed and not be
included in the sample.
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2.1 Density-Biased Sampling

Density biased sampling [21] is a sampling technique that takes into account the
different sizes of the groups. Small groups or sparse regions are assigned higher
probability to be included in the sample than the large groups or dense regions. By
biasing the sampling process, small clusters will not be missed or overlooked as
outliers.

Recent advancement on clustering very large data sets in which summarized data
structure is even too big to fit into main memory, sampling is independently applied to
the data set prior to the subsequent clustering phase. Palmer and Fal outsos [21] develop
a non-uniform sampling method for clusters that differ very much in size and density.
Their method is a generalization of uniform random sampling in that every group of
data sets can be assigned different probability of being drawn. When sampling is biased
by group density, smaller groups are oversampling, whereas larger groups are under-
sampling. Since clusters are not known a priori, Pamer and Faloutsos combine the
phase of density information extraction with the biased sampling phase using the
hash-based approach. They argue that the inherent collision problem of any hash-based
approach will not dramatically degrade the sample.

Nevertheless, their method is significantly affected by noise due to the tendency of
oversampling noisy area. Our approach adopts the reservoir technique to eliminate the
collision problem of hash-based approach and it is independent on the assumption
regarding cluster distribution to avoid the impact of noise.

2.2 Density-Biased Reservoir Sampling

We propose a novel approach of adapting reservoir technique [26,27] to perform a
density biased sampling on large data sets. Our algorithm can obtain a desired sample
through a single data set scan. The proposed method is simpler and requires less
resource than the hash-based method [21].

A reservoir-sampling algorithm [26,27] is a simple, unbiased random sampling
algorithm for drawing a sample of size n without replacement from a population of size
N (N > n). Vitter [26] has devel oped a one-pass reservoir-sampling algorithm when the
population size (N) is unknown and cannot be determined efficiently. The term
“reservoir” defines a storage area j (j > n, but mostly j = n) to store the potential
candidates of the sample. Thej reservoirsisinitialized to store thefirst j records of the
file, that is, all areas of the reservoir pool are initialy filled up. Then the algorithm
starts scanning the remaining part of the file with a randomly skipping step. The
random picked record is evaluated whether to replace the existing one in the reservoir
pool. If it passes the test, the position in the reservoir is also randomly selected. The
process stops when the end of file has been reached and the records in the reservoir
form a simple random sample of the population. The general procedure of
reservoir-sampling algorithm [27,28] isgivenin Figure 1.

The time complexity of the algorithm is shown [26,27] to be O(n (1+ log(N/n)). In
the reservoir-sampling algorithm, each record of the file is assigned a uniform (0,1)
random number. When the reservoir is needed to be updated, each record in the
reservoir has the same chance to be replaced by the new record.
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Algorithm Reservoir sampling
Input:  asequential file of N population
Output: arandom sample of sizen (n < N)

1) Initializethe reservoir Xy, ..., X, to be thefirst n records of thefile

2) Initialize Wto be the largest value in a sample of size n from the uniform
distribution on the interval (0, 1)

3) While not eof do

4)  Generate the random variate Sto denote the number of records to be skipped

over before anew record can enter the reservoir

5) If (not eof) Then Search for the next potential record to be in the reservoir

6) Else return Xy, ..., X,

7 Update X and W

Fig. 1. Reservoir-sampling algorithm

Our sampling algorithm generalizes the reservoir scheme for the case of data with
different density distribution. In our proposed method, the initial step of partitioning
data into groups resembl es that of Palmer and Faloutsos [21]. But our subsequent steps
are not based on hashing scheme in order to avoid the effect of noise and collision
problems.

After theinitial step of dividing the data space into bins of equal size, the informa-
tion of the first n groups are put into the n reservoirs residing in main memory (see
Figure 2a). The collected information includes the number of pointsin each group and
theid of the group.

The algorithm performs a single scan on a data set in arandom manner controlled by
arandom variate Swith the distribution W. The density biasing (step 7 in Figure 3) is
achieved through the consideration of two consecutive data groups. If the density
difference of the two data groups is above some threshold & (i.e., detecting cluster edge)
or the sum of density on both groups is above the threshold value  (i.e., avoiding noisy
cases), then the denser group is a candidate to be included in a sample. This new
candidate is put into a reservoir pool a a random position (the reservoir update is
pictorially shown in Figure 2b). The density-biased sampling proceeds until the
skipping variate Sreaches the end of the data groups.

3[=3.0= =31= <32 3.3 34> 3 33 <34
2| <2.0= <2,1= <22 2.3: 24> Data
groups
1| <10 1.1 <12 1.3 14 2 Data
<2.3= 2.4= groups
0| <00 <0,1= <0,2: 0.3 0.4 1 13- 1
R o] eee
Q 0 1 2 / 3 4 0 203> Ee
/ Reservoirs 3 4
0,0 <0,1= <0,2:
4 b 3 Reservoirs
0.0~ =NE <02-
0 1 2 3 n ‘ 4 ‘ 35 ‘ 3 ‘ ‘
0 1 2 3 n
(&) initiaize the reservoir (b) update reservoir randomly

Fig. 2. Density biasing in areservoir scheme
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Algorithm Density-hiased reservoir sampling

Input: adataset of N objects

Output; a density-hiased sample of size n (n < N) associated with weight w
1) Partition datainto g groups (with group-id 1,2,..., @), g>n

2) Initialize the reservoir Xy, ..., X, to bethefirst n <group-id, density>-pairs of the
data groups

3) Set W« exp(log (random()) / n) /I initialize W that will be used in the
/I generation step of random variate S

4) Set S« | log (random()) / log(1-W) |

5) WhileS<g do

6) Readdatagroupsgs and gsi1 I/ read two consecutive data groups

7)  If (||density(gs) — density(gs:1)|| > & ) OR ((density(gs) + density (Js+1)) > €)
/I & and ¢ are predefined density threshold values

Then X 14| nx random () | <— <group-id, density> of maximum density{ gs, gs:1}
// randomized the reservoir areato be updated
8) W<« W= exp(log (random()) / n) /I update W for the skipping process

9) S« log (random()) / log(1-W) | I/ generate Sto denote the number of
I/ groups to be skipped over
10) Return Xy, ..., Xu

Fig. 3. Density-biased reservoir sampling algorithm

3 Weighted K-Means Algorithm

The classical k-means agorithm [1] is a fast method to perform clustering. The
algorithm consists of a simple re-estimation procedure as outlined in Figure 4.

Algorithm K-means

Input:  aset of ndata points, and the number of clusters (K)
Output; centroids of the K clusters

1) Initialize the K cluster centers
2) Repeat
Assign each data point to its nearest cluster center
3) Recompute the cluster centers using the current cluster memberships

4) Until thereisno further change in the assignment of the data points to new
cluster centers

Fig. 4. K-means algorithm
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The original n data points to be clustered are contained in the dataset X = {xg, ..., Xn} .
The k-means algorithm partitions n data points into K sets. The assignment of a data
point x; to its nearest cluster center ¢; (step 2) is decided on the basis of the membership
function, m(|x). The function returns either one of the { 0,1} values: m(cj|x) =1if j =
argmin|x - cJ|% it is zero, otherwise. In step 3, the new centroids of clusters can be
computed from all data points x; in the cluster. The objective function J of the algorithm

is to minimize the sum of error squared, J = i = 1nminy g9 || % - G |1~

In k-means algorithm, every data point has equal importance in locating the centroid
of the cluster. This property does no longer hold in the case of density-biased sample
clustering, for which each data point represents varied density in the origina data.
Therefore, the clustering algorithm has to consider a weight associated with each data
point in the computation of cluster centers. The proposed extension to the k-means
algorithm is called weighted k-means. Figure 5 outlines the algorithm.

Algorithm Weighted k-means

Input: aset of n data points obtained from the density-biased reservoir sampling,
and the number of clusters (K)
Output: centroids of the K clusters

1) Initializethe K cluster centers

2) Repesat
Assign each data point to its nearest cluster center according to the
membership function,

mglx) = _ |[x-c|™?
Zi=wkllx - G 11”2

3) For each center ¢;, recompute the cluster center ¢; using the current cluster
memberships and weights,

G = Zi=1n M(GIx) W(X) X
Z‘i =1n m(cJ|x.) W( Xi)
wherew(x;) isaweight associated with each data point

4) Until there is no reassignment of data points to new cluster centers

Fig. 5. Weighted k-means algorithm

The membership function in the weighted k-means algorithm resembles that of the
k-harmonic means algorithm [5]. Zhang [5] also introduces the weight function, w( x;),
in his algorithm to accelerate the recomputation of the new centroids in the next
iteration. The weight function in our algorithm, however, is introduced for the different
purpose. It represents the density of the original data points.
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4 Experimentsand Results

We perform two sets of experiments to test the quality of our sampling method, which
is the step prior to clustering, and to measure the quality of the weighted k-means
algorithm.

4.1 Performance of Density-Biased Reservoir Sampling

We evaluate the performance of the proposed reservoir-based density bias sampling
method against the hash-based sampling method [21]. The efficiency regarding
memory usage of our reservoir-based sampling method is obvioudly better than the
hash-based method. In the hashing scheme, some amount of memory is needed to store
the hashing table in addition to the memory required for storing the drawn sample. Thus,
it requires twice the amount of memory comparative to those required by our method.

Effectiveness of the proposed sampling method is examined by measuring the
quality of a sample with respect to the number of correctly found clusters. We run
clustering using the k-means algorithm. We use a synthetic data generator to generate
d-dimensional data sets having k clusters and N data points. We vary d from 2to 5, k
from 2 to 10, and N from 5,000 to 100,000.

The measurement Number of Clusters found (NC) isthe metric defined in [21]. NC
is calculated by comparing the distances of the cluster centers found by the clustering
algorithm with the true cluster centers. We say that the cluster is found if the cal culated
distanceisless than a predefined threshold (e.g., 0.001).

The results in Figure 6 show the NC when run clustering on various sample sizes
with the presence of noise. The reported results are observed from the experiments
using 3-dimensional data set having 7 clusters. One cluster contains 50,000 points and
the other six clusters contain 500 points. The results obtained from other experiments
on data sets with different dimensions, various number of clusters, and varied number
of data points are conformed with the one presented in Figure 6, so we omit them for
brevity. The experimental results reveal the efficiency of the biased reservoir method
especialy in the presence of noise.
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Fig. 6. Finding clusters of 3-dimensional data on various sample sizes, in the presence of noise
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4.2 Performance of Weighted K-Means Algorithm

We evaluate the quality of the weighted k-means algorithm against the k-means
algorithm by using the sguared objective function. Lower value of a squared objective
function reflects a better quality on clustering. The experiments perform on the
syntactic data sets explained in Section 4.1. The initiaization step randomly selects
data points as initial cluster centroids. We aso consider running time of both
algorithms.

The performance evaluation as shown on top of Figure 7 is obtained from running
k-means and weighted k-means algorithms on 3-dimensional data sets of sizes varied
from 5000, 10000, 20000, 35000, 55000, 75000, to 100000 data points. The number of
clustersis set to be 10. The experiments are performed on the PC computer with CPU
speed 800 MHz, memory 512 MB. Since all data points are used in weighted k-means
algorithm, the weight function is set to be 1. The parameter p in the membership
function is set to be 1.3.

The comparison on clustering quality and running time shown at the bottom of
Figure 7 reveals the efficiency of running weighted k-means on density-biased sample.
The experiments are performed on 10% sample of data with two methods of sampling:
simple random sampling (RS) and density-biased reservoir sampling (DBS). The
weight function of the weighted k-means algorithm is varied according to the density of
the original data.
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5 Conclusions

The k-means is the simplest and most commonly used clustering algorithm. The
simplicity is due to the use of squared error as the stopping criteria, which tends to work
well with isolated and compact clusters. Its time complexity depends on the number of
data points to be clustered and the number of iteration. We propose a variation of the
k-means to better work with alarge data set having much difference in cluster density.
Our intuition ideais that to cope with massive data set, sampling should be the efficient
data reduction method. Since the original datais assumed to be much varied in cluster
sizes, density-biased sampling is an appropriate method to preserve the density.

We propose a density biased sampling technique based on the reservoir method. The
inherent advantage of efficient memory usage in the reservoir scheme is adopted and
extended with the additional capability of dealing with data that are much different in
density distribution. The proposed technique is designed to lessen the effect of noise as
it isthe case in the hash-based approach. The experimental results have shown that the
proposed method is as good as the hash-based method in discovering correct number of
clusters. Our method, moreover, is less sensitive to noisy data even when the
percentage of noise is greater than 20.

We also develop the weighted k-means algorithm to better cluster a sample data
biased by its density. The results demonstrate the efficiency of the algorithm. The
evaluation of the proposed methods on real large databases and the consideration of
outliers are our future work.
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Abstract

Projective or subspace clustering is a clustering
technique for high dimensional data with the inherent
sparsity of data points. To overcome the unreliable
measure of similarity among sparse data points in
high dimensions, all data points are projected to a
lower dimensional subspace. The conventional clus-
tering algorithms can then be applied to the trans-
formed data set. However, the clustering algorithms
do not handle well the situation that different clusters
are formed in different subspaces. We, thus, propose
a metaheuristic method to iteratively compute projec-
tive clusters. The underlying technique of our meta-
heuristic is the principal component analysis. Our
proposed method is embedded in the standard k-
means clustering algorithm.

Key-Words: Projective clustering, Metaheuristic

1. Introduction

Clustering is a widely used technique to discover
homogeneous groups, or clusters, of data according
to a certain similarity measure such that data of one
cluster are similar to each other whereas data of
different clusters are dissimilar. Many algorithms
have been designed [11] to compute a partition on
full-dimensional data set. While these approaches
work successfully on low-dimensional data sets, their
efficiency decreases significantly in higher dimen-
sional space [10, 13]. In high dimensional data, some
dimensions tend to be redundant or irrelevant.
Massive dimensions can confuse the clustering
algorithms. It is also difficult to group similar data
points in very high dimensions because the distance
between any two data points becomes amost the
same [5, 9] due to the increase in sparsity of the data
set as shown in Figure 1. The most difficult problem
on clustering high dimensiona data is that different
clusters may exist in different subspaces of different
dimensions [4], pictorialy shown in Figure 2.

(b) adding one more dimension results in
stretching data points apart and decreasing
the population down to 6 data points in a
lower-left bin

(© withmthréje di‘rs'nen;ionéj there exists only 4
data pointsin alower-left bin
Figure 1. The effect of increasing dimensions on data
grouping
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Figure 2. Three clustersin three different subspaces



A possible solution to these problems is to use
dimensionality reduction or feature selection tech-
nigues. By means of dimensionality reduction, one
first reduces the dimensions of the origina data set
by removing less important dimensions or by trans-
forming the original data set into alower dimensional
space. The conventional clustering algorithms can
then be applied to the new data set. However, an
attempt to reduce dimensions of all data points results
in significant information loss.

Recognizing the need for an efficient algorithm
for clustering high dimensional data, the concept of
subspace clustering or projective clustering has thus
been proposed [1, 2, 3, 4]. The goa of projective
clustering is to find clusters embedded in lower
dimensional subspaces. It can minimize the informa-
tion loss in the process of dimensionality reduction
by projecting those high dimensional data points into
different lower dimensional subspaces for different
clusters.

Statistical methods such as Principal Component
Analysis (PCA) [12] can effectively reduce dimen-
sions of the original data by projecting all points onto
a subspace so that the information loss is minimized.
Then, a standard clustering method can be used in
this subspace. However, PCA does not work well
when different subsets of data points embedded in
different lower-dimensional subspaces. We, thus,
propose the metaheuristic method to iteratively apply
PCA aiming at transforming the original data set into
various lower-dimensional subspaces. The term
metaheuristic [8] refers to a high-level approximate
algorithm that guides an underlying heuristic to
efficiently produce high-quality solution, which in
our specific domain is the most informative lower
dimensional subspace. The subsequent steps of
clustering process then compute a partitioning of data
pointsinto digjoint groups.

We briefly explain the concept of PCA as amajor
approach to dimensionality reduction in Section 2.
The proposed method of applying metaheuristic to
the conventional clustering algorithm is explained in
Section 3. The experimental results shown in Section
4 verify the efficiency of the proposed method.
Conclusion remarks are presented in Section 5.

2. Dimensionality reduction

Dimensionality reduction is an important pre-
processing step for unsupervised clustering,
especiadly on high dimensional data set. There are
two major approaches to dimensionality reduction:
feature selection and feature transformation. Feature
selection is a process of finding a minimum subset of
original features that satisfies some criteria, such as
information measure, and no new feature to be
generated. Feature transformation methods, on the

other hand, transform data from the origina d-
dimensional feature space to a new k-dimensional
feature space (k << d) through some functiona
mapping.

Principal component analysis [12, 14], sometimes
called the Karhunen-Loeve (KL) transformation [4],
is awidely used method for feature transformation to
reduce the number of dimensions of a data set. Figure
3 sketches the idea of PCA to project two dimen-
sional data onto a one dimensional subspace. PCA
finds basis vector for a subspace which maximizes
the variance retained in the projected subspace, i.e.,
the direction or vector defined by x;-X, = 0 as shown
in Figure 3(a).

X

. B -~
Direction: P RN Dllmen.rlun
N defined by

s
X +x,=0 .
e s N, X-%=0
- //’
S\/ Good separation

Poor Separation X,

(a) linear projection of datato alower subspace

(b) the first principal component and the second
principal component in the orthogonal direction

Figure 3. Dimensionality reduction by PCA

Given N data points Xj,...,X, in d-dimensional
space, PCA projects the correlated high dimensional
data onto a lower dimensional space. The transform-
ation process looks for a unit vector u; (as shown in
Figure 3(b)) such that on average the sgquared length
of the data projection along the u; is maximal:

u, = arg mgl( E[(uT x)z}

The next principal component is the one that
maximizes the residual variance;

u, = &g mgl( EKX_ E(U.T X)"i Jz}

The principal components for the data vectors are
given by C; = uxx; u; is caled eigenvector which is the
vector that shows the direction of maximal variance



of the data. To find the eigenvector u;, we first
calculate the covariance matrix:

C = E[xx].

Then find out the eigenvalues A; and eigenvectors uy
from the covariance matrix:

Cuy = A U

Eigenvalue is a measure of the proportion of the
variance explained by the corresponding eigenvector.

3. Projective clustering and metaheuristic

Our approach aims at performing clustering in
low dimensional subspaces, instead of the origina
high dimensional space where clusters are not well-
separated. The intuitive idea is to reduce the
dimensions using PCA. Since the embedded clusters
may lie in different subspaces, the subspace initialy
obtained using PCA does not necessary coincide with
the subspace spanned by the k cluster centers.
Therefore, we propose to iteratively perform PCA
and clustering on the reduced subspace until the
convergence criteria has been reached. The agorithm
can be defined as follows.

Algorithm Clustering with metaheuristic

Input: a set of data vectors X = [Xy, ..., X,] of d
dimensions and the number of cluster (k)

Output: a set of cluster centers C, = [vy, ..., V] and
the relevant attributes

Steps:
1. Initialization: Refinetheinitial pointsfor
clustering (as proposed in [ 7]) on sample data,

and center the data matrix X so that the value of
each variable is subtracted for that variable.

2. Do thefirst dimension reduction using PCA to
obtain the g-dimensional subspace, q << d.

(Metaheuristic is applied here.)
3. While not convergence

3.1 Run clustering algorithm on the g-dimensional
subspace to obtain clusters.

3.2 Use cluster membership to construct the k cluster
centroids in the original space.

3.3 Compute the span of k centroids using singular
value decomposition.

3.4 Apply PCA to obtain anew g-dimensional
subspace. (Metaheuristic is applied here)

4. Return aset of cluster centers associated with
relevant attributes

Figure 4. Projective clustering with metaheuristic

We propose the method for iterative high dimen-
sional clustering on the basis of fuzzy k-means [6]. A
prior probability of the cluster can be computed as:

)
o = — }/.Y.,
i = i

wherey is the degree of membership.

The cluster centers are determined from

VX = 2221(7i,k)m(xk _VVi<Yi,k>)
| P

where the expectation of the latent variablesis

<yi> = MW (% - V),

the gxq matrix M, =o’] +W'W and the fuzzy

weighting component m = 2. The new value of W, can
be computed from

W = FW (o] + M WTRW) ™,
The covariance matrix F; can be computed by
B 22:1(7i,k)m(xk =) (X —ViX)T
i S ()" |

The new valueof o7, is

F

oty = 1tr(Fi -FWMMW).
T q

The fuzzy covariance matrix is
A = oyl +WWT.

The square distance measurement, D? for the
fuzzy k-means is defined as the product of three
terms: prior probability of the cluster, the distance
between the k" data point and the centroid v; of
cluster i, and the distance between the cluster
prototype and the data in the subspace. The objective
function, J, of the clustering is

J =ZC:Z:=1(7i,k)mD2 +Zn‘/1i (Zc:ﬂ’i,k -1).
i1 i

Metaheuristic

In the dimensionality reduction steps (steps 2 and
3.4 in Figure 4), we use a simple and fast method to
determine the number of principal dimensions to be
retained at each level. For component i, the
dimension ¢; to be retained in the corresponding sub-
components in the next level is considered from the



two criteria: the proportion of variance of the first r
components and the size of important variance.

The proportion of variance of the first r
components can be computed from the summation of
the first r variances divided by the sum of al
variances. We set projections accounting for over
85% of the total variance as athreshold, that is,

r
A
%> 0.85.
A
i=17
The size of important variance is a smple
measurement to discard principal components that

have sample variances bel owAa,
- 1 d

A==N 4.

a%"

The intuitive idea is that if 4 <A, then the i"

principal direction islessinteresting than average.

Our method of determining how many principal
components to retain is to consider from the
proportion of variance and the size of importance
variance,

(¥> 0.85) OR (4> 1).
=17

With the proposed criteria, each cluster component
can have potentially different dimensionality.

4. Experimental evaluation

We compare our proposed projective clustering
(PKM) with the fuzzy k-means (FKM) and k-means
(KM) agorithms. The experiments are performed on
the Pentium IV 1.0 GHz machine with 512 MB of
main memory. We generate the synthetic data sets of
50,000 points with varied dimensions up to 100. To
assess the quality of a clustering algorithm we use the
distance metric

n . 2
\/Zi_lmlnll P

je{1.k}

The performance is evaluated on the clustering
quality, the number of iteration toward convergence
criteria, and the running time. The results are shown
in Figure5.

5. Conclusions

We have introduced a new method for clustering
high dimensional data using the concept of projective
clustering. The agorithm is based on the fuzzy
partitioning clustering algorithm. The key to the
effectiveness of finding clusters on different
subspaces is due to the power of PCA. The main

justification of powerful dimension reduction is that
PCA uses singular value decomposition which gives
the best low rank approximation to original data. We
apply a metaheuristic to the PCA process to project
data into different subspaces for the effectiveness of
discovering clusters embedded in different layers.
The experimental results confirm the efficiency of
our proposed method. Running experiments on real
data is an essentia step toward the practicality
improvement of the method.
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A Monte Carlo Method to Data Stream Analysis

Kittisak Kerdprasop, Nittaya K erdprasop, and Pairote Sattayatham

Abstract—Data stream analysis is the process of computing
various summaries and derived values from large amounts of data
which are continuously generated at a rapid rate. The nature of a
stream does not allow a revisit on each data e ement. Furthermore,
data processing must be fast to produce timely analysis results. These
requirements impose constraints on the design of the algorithms to
balance correctness against timely responses. Severa techniques
have been proposed over the past few years to address these
challenges. These techniques can be categorized as either data-
oriented or task-oriented. The data-oriented approach analyzes a
subset of data or a smaller transformed representation, whereas task-
oriented scheme solves the problem directly via approximation
techniques. We propose a hybrid approach to tackle the data stream
analysis problem. The data stream has been both statistically
transformed to a smaller size and computationally approximated its
characterigtics. We adopt a Monte Carlo method in the approxi-
mation step. The data reduction has been performed horizontally and
vertically through our EMR sampling method. The proposed method
is analyzed by a series of experiments. We apply our algorithm on
clustering and classification tasks to evaluate the utility of our
approach.

Keywords—Data Stream, Monte Carlo, Sampling, Density
Estimation.

|. INTRODUCTION

DATA analysis is the process of computing various
summaries and derived values from collected data. Data
mining can be viewed as an intelligent data analysis aiming at
extracting valuable knowledge from large amounts of
information stored in data repositories [1], [3]. The techniques
used in data mining have been adopted from the areas of
machine learning and statistics, but scalable to dea with the
problem of huge repositories of information. The recent
advances in hardware and software have enabled the rapid
generation of continuous stream of information such as custo-
mer click streams, telephone records, retail chain transactions,
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web page visits, and so on. Mining stream data that grow at an
unlimited rate poses a new challenge to researchers and
practitionersin the area of datamining[1], [9].

Data stream is defined as massive amounts of data
continuously generated at a rapid rate, possibly time-varying
and unpredictable [2], [9]. Magor characteristics of data
streams are the continuously online arrival of data elements,
uncontrolled order of such elements upon arrival, variable
sizes, and a one-time processing of an element before it is
discarded or archived due to the massive size of data that far
exceeds the storage capacity. The requirements of timely
analysis and efficient memory usage constrain most data
stream mining algorithms to sacrifice accuracy of the analysis
results for the fast and feasible processing

Development of approximation algorithms [5], [13] is a
direct solution to the problem of data stream mining.
However, the large volumes of data continuoudly arriving in a
stream could eventually make the algorithms inefficient. A
more practical solution is to apply a data reduction technique
aong with the approximation algorithms. Data summarization
techniques, such as wavelet analysis [10] and histogram [2],
have been proposed as synopsis data structures to provide a
summary presentation of data. The issue of dynamic space
alocation as the underlying data distribution changes over
time is a fundamental problem of these approaches. Data
stream analysis by choosing a subset of the incoming stream is
another class of techniques for producing approximate results.
Sampling is a statistical-based technique widely used to scale
up the mining algorithms [7]. Nevertheless, in the context of
data stream in which the data size is unknown, smply apply-
ing a sampling method cannot give reliable approximnation.

We, therefore, propose a Monte Carlo method to draw
representatives from data stream. Monte Carlo simulation is a
widely used method to produce a good approximation to the
true value or quantity. Our algorithm has been designed to
produce data elements from which the approximate analysisis
close to the exact one. We perform cluster and classification
analyses on severa data sets to verify the reliability of the
method.

The paper is organized as follows. Section 2 presents the
theoretical background of a general Monte Carlo method.
Section 3 sketches the draft idea of density estimation from a
sample. Our proposed method that is efficiently applicable to
data stream analysis is explained in Section 4. Some of the
experimental results from cluster and classification analyses
over the reduced data stream are shown in Section 5. We
concludein Section 6 with adiscussion for future work.

© 2006 WORLD ENFORMATIKA SOCIETY
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Il. PRINCIPLES OF MONTE CARLO

Monte Carlo method is a class of stochastic agorithm for
simulating the behavior of physical or mathematical systems
[11], [14]. The term stochastic implies that the methods are
non-deterministic in which they are based on the use of
random numbers and probability statistics to investigate
problem. To understand the method of Monte Carlo, it is
useful to think of it as a general technique of numerica
integration. Suppose we need to evaluate the d-dimensional
integral of afunction f over the unit interval

b=

O
O
o

F (X X yeeey X ) A% Xy ... OX = I(O,l)d f(x) dx. )

The integra is a non-random problem, but the Monte Carlo
method represents the integral as an approximation problem by
introducing a random vector U that is uniformly distributed
between 0 and 1. Applying the function f to U, we obtain a
random variablef (U) with expectation

E[fU)]= [gy0 (0909 o @

where ¢ is the probability density function of U. Since the
value of ¢ on the region of integration is 1, equation (2)
becomes

Enwnzhmwu@m ©)

Equations (1) and (3) allow us to represent the integral ® asa
probabilistic expression as follow:

®=E[f()] 4)

To estimate @, we need a mechanism for drawing points
Uy, Uy, ..,Un. Applying function f to each of these n random
points yields n independent and identically distributed (iid)
random variables f (U,), f(Uy), ..., f(Uy), each with expectation
@ and standard deviation o. Averaging the results produces
the Monte Carlo estimator

b=23 1) ©)
i=1

which is an unbiased estimator for ® with the error CfD -®
approximately normally distributed with mean 0 and standard

deviation o//n .

The form of the standard error o/v/n is an important

property of Monte Carlo methods. Firgt, it tells us that if we
increase the number of our samples by a factor of four, we will
half the standard error. Second, standard error does not depend
on the dimensionality of the integral. A Monte Carlo estimator
based on n draws from the domain [0,1]d till have the form
o/~/n for al dimensions d. Most techniques of numerical

integration such as the trapezoidal rule degrade in convergence
rate with increasing dimensions.

We consider a Monte Carlo method to be useful in the
domain of data stream analysis in which the number of datais
overwhelming and the exact data distribution is unknown. The
focus of our study is to generate samples from a stream data
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which is a prior step to data modeling and anaysis. Once the
samples have been successfully drawn, the characteristics of
stream can be estimated. We concentrate on the sampling
problem because it can provide a satisfactory estimation which
will be proven through experimentations on cluster and
classification analyses.

I1l. SAMPLING METHOD AND DENSITY ESTIMATION

Basicaly the Monte Carlo method employs any technique
of statistical sampling to approximate solutions to quantitative
problems. With Monte Carlo method, a large system can be
sampled in a number of random configurations, and that data
can be used to describe the system as a whole. The efficiency
of the method depends largely on the ability to draw samples
effectively. For a particular domain of stream data, we
consider the rejection sampling method. Rejection sampling,
or acceptance-rejection sampling, is a sampling method first
introduce by Von Neumann [16]. This method is used in cases
where a target distribution, f(x), is too complicate for us to
sample from it directly.

Suppose we have a simpler distribution, g(x), which we can
evauate and generate samples from, then the difficult
sampling problem can be avoided by sampling from g(x)
instead. By generating a uniform random variable u from the
interval [0,1], we accept x if the condition u < f(X) / Cg(x)
holds; otherwise reject the value of x and repeat the sampling
step. Posing the restriction Cg(x) > f(x) for some C >1, we say
that Cg envelopes f. The validation of this method is the
envelope principle. When simulating the point (x, v) wherev =
u*Cg(x), we produce a uniform simulation over the subgraph
of Cg(x). Accepting only points such that u < f(x) / Cg(X)
then produces points (x, v) uniformly distributed over the
subgraph of f(x) and thus, marginally, a simul&ion from f(x).

Rejection sampling will work best if g is a good
approximation to f. However, in a high-dimensional problem
the value of C needs to be chosen very large to ensure the
requirement Cg(x) > f(x), for al x. The result is an enormous
rejection rate.

The difficulty of applying rejection sampling method
directly to the problem of data stream analysis is that we do
not know beforehand where the modes of f are located or how
high they are. In other words, we do not know the exact
characteristics of the target density. We thus propose to apply
the EM (Expectation-Maximization) technique [6] to
approximate the density f(x).

We consider multi-dimensional stream data as mixtures of
Gaussian, or normal, probability density functions (pdf).
Gaussian mixtures [8], [12] are combinations of Gaussian
distributions written as

K
90 => pf(xl4) (6)

i=1
A random variable x denotes independent observation in K
mixture components. The p’s are the mixing proportions,

O<p<iforadli=1,..,K andp;+..+pc=1 Thef(x|6;)
denotes the density of a d-dimensional Gaussian distribution
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with mean vector p and covariance matrix %, that is 6 = (u,X),
and the Gaussian pdf is given by [4, [15]

g Pl S (0
(27)/2,/det(Z)

By varying the number of Gaussians K, the mixing
proportions p;, and the parameter ; of each Gaussian density
function, Gaussian mixtures can be used to describe any
complex pdfs (Fig. 1).

905 =

g

Fig. 1 one dimensional Gaussian mixture densities for K = 3
(first row) and K = 30 (second row). The left column shows
the histogram of Gaussian density, the right column gives the
corresponding Gaussian mixture pdf

In stream data a mixture density p; f(x|6;) has been observed
with unknown parameters 6; and p;. To find these parameters
to optimally fit a mixture model for a given set of data, the
EM agorithm [6], [12], [15] can be used. The EM algorithm
is a broadly applicable approach to the iterative computation
of maximum likelihood estimates. For a set of iid samples X =

{ X1, ..., Xy }drawn from a data generation model  f (e2) (%),

thus the resulting density for the samplesis
N
) = 8
g f 500 =L@19. (8)

The likelihood function L(€]|x)is the likelihood of the
parameters given the data. In the maximum likelihood
problem, the goal is to find 6 that maximizes L, that is
argmax, L(@| X). In the Gaussian case, the computation of
the exponential can be avoided by maximizing log (L(6|x) )
instead of L(0]X) .

The EM algorithm is an approach to find the maximum of
likelihood functions in incomplete data problems. Let X be
observed data, Z be unobserved data, and Y = XuZ be full
data set. The probability distribution of Z depends on X and
the unknown parameter 6. Given an initial parameter 6, The
EM algorithm produces a sequence {6©, 6%, 6@, ... } that
converges to a stationary point of the likelihood function.
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IV. EMR SAMPLING

In our particular case of data stream anaysis, we assume
that the observed data have a norma distribution. Given a
specific number of models, the EM algorithm is applied to
estimate the mean of each model. These mean values have
been scaled up to produce an upper bound for the underlying
partially observed target density. The idea of the proposed
method is illustrated in Fig. 2. The target function is
represented as a one-dimensional 3-Gaussian mixtures (the
three solid lines at the bottom of Fig. 2) from which we want
to draw samples. The density E(X) is estimated with the upper
bound requirement that E(x) > f (x) for al x. E'(X) is the

approximation (shown as a thick dash line in Fig. 2) of the
unknown target density. A broad distance of E and E’ (e.g.,
at x = 1) represents arejecting area, whereas a narrow distance
(eg., a x = 6.5) is an acceptance one.

It should be noted that EM requires a pre-specified number
of K components to be incorporated into the mixture models.
According to our proposed method, a suitable number should
be selected by a user. To cope with multi-dimensional
problem, we propose to use a statistical method — principal
component anaysis (PCA) — to reduce the complicated
problem to a simpler two-dimensiona problem. That is, we
take into account only the first and second major components
of the data set. The two-dimensional data are used to train the
EM agorithm to estimate parameters p and X of the Gaussian
mixture models. The estimated Gaussian pdf is a distribution
E (as shown in Fig. 2). To sample from the estimated density
we scale up this distribution to obtain an approximate E’,
which is a simpler distribution that we can evauate and
generate samples from. The outline of our EMR sampling
agorithm is illustrated in Fig. 3. The subroutine
Density Estimator to approximate the density function has
been shownin Fig. 4.

0451

0.4

Fig. 2 EM-based rejection (EMR) sampling

From the estimated density E and the rough approximate E,
we perform regjection sampling with the decision criteria
{E(X) /(«/H* E'(x))} >u, when u is a uniform variable
distributed between 0 and 1, and d is a dimensionality of the
data. The input from stream data has been taken one by one.
The data item that satisfies the criteria will be included in the
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sample until the specified sample size is completely filled up.
Then the sampled data set is a representative of the whole
stream. Any analysis methods can now be performed on this
Set.

Input: - ad-dimensional data set D with N points
- an integer K to specify the number of models, and
-asamplesizeSS
Output: - asample set Sdrawn from the mixture models
/I Data preprocessing steps //
1. If d>0then Apply PCA to obtain 1¥ and 2™ components
2. Transform D to atwo-dimensional data set X
/I Density estimation with EM and getting a rough pdf E'(X) //
3. Set max_iteration = max{ 50, d*K}
4. (E(X), E'(X)) = Density_Estimator (X, K, max_iteration)
5. Setcount=0
6. While count <SS
Sample x from E(X)
Generate u from U(0,1)

If u<E(X)/(Jd*E'(x)
then Accept x, add it to S, and increment count
10. ReturnS

/I Sampling steps //

7.
8.
9.

Fig. 3 EMR sampling algorithm

Density_Estimator (X, K, max_iteration)

1. Initialize parameter 6 = (u, ) for each of K Gaussian models by
running K-means

2. Initialize the prior probabilities P(m, ) of each model mto

UK, k=1,.,K
3. Repeat
4. Compute the probability
p(m((i) 1%, H(i)) _ P(mx(l) |.9(|)).' P(X, |/Jk(l)f2§<l))
> P 109)«p(x, ) 2
5. Update meansy , variances %y , and priors P

(i+) _ > P [x,,00)
C I PMO 1%,,0)
Xn,e(i)) (Xn _,u|£i+1))(xn _,u|£i+l))T

Yo P 1%,60)
) : N . )
P(rq((lJrl) |0(I+l)) :%z P(nl((I) |Xn,6(l))
n=1

6. Until the max_iteration has been reached or the joint
likelihood of all data with respect to all the models
is greater than the lower boundary criterionCL(6)

K N
L(0)>CL(0) = 3. > P(M | %,,6) 10g p(x, |6)

k=1n=1
7. Return 6 =(1,Z,) for k = 1,

N _
i 2P|
(0 _

.., K, and a rough

G =(u",Z") fromr iterations, r < 10

Fig. 4 Density-Estimator algorithm
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V. EXPERIMENTATIONS

A. Evaluation of Density Estimator

The objective of our initial experiments is to empirically
eva uate the closeness of the estimated density to the real one.
The closeness is determined by comparing the Euclidean
distance of the estimated mean vector /£ to the origina mean

vector 4, and comparing the estimated covariance matrix 3 to
the original covariance matrix . We use a synthetic data
generator to produce two-dimensional Gaussian mixtures. The
number of mixture models, number of points in each model,
origina mean vector and covariance matrix are input
parameters.

We vary the number of models from 2 to 20 with 50 to
1,000 data points in each model. To properly initialize the
component means for the 6-parameter learning, we find the
approximate mean points by running max{ 50, d*K} iterations
of k-means algorithm [17]. Component elements and main
diagonal covariance matrix elements are aso initiaized
accordingly, and off-diagonal matrix elements are constrained
to zero. Some of our experimental results on the accuracy of
our density estimator compared with the simple uniform
sampling areillustrated in Table 1. The EMR sampling results
are compared against the uniform sampling which aways
assumes a single Gaussian model. The efficiency of the
sampling methods is evaluated on the basis of the closeness of
the estimated & =(x,%;)to the origind means and

covariance matrices of the generative models. The p-
differences and Z-differences are averaged from K models.
The experimental results confirm the applicability of the EMR
approach toward the problem of 6-parameter approximation.
The estimated means and variances are very close to the
original parameter values.

TABLEI
EXPERIMENTAL RESULTSOF EMR SAMPLING FROM VARIOUS MIXING OF
GAUSSIAN MODELS

Number EMR Sampling Uniform Sampling
of u- z- u- z-
Mixture | difference difference | difference difference
Models
2 0.000113 0.000901 | 0.088772 0.144793
6 0.000425 0.001527 | 0.090213 0.231109
8 0.000961 0.001599 | 0.098055 0.271645
12 0.000987 0.001938 | 0.200137 0.430098
14 0.001017 0.001991 | 0.299873 0.456131
16 0.001025 0.002007 | 0.300159 0.513772
18 0.001328 0.002031 | 0.330011 0.720001
20 0.001414 0.002508 | 0.460101 0.935644
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B. Cluster and Classification Analyses

To verify the utility of the proposed method on the real-
world data we run the k-means clustering algorithm [17] on
various sampled data from the UCI repository [http://www.ics.
uci.edu/~mlearn/ MLRepository.html]. We test our algorithm
on four data sets: Wisconsin diagnostic breast cancer (466
data points, 2 classes), diabetes (512 data points, 2 classes),
DNA (2000 data points, 3 classes), and satellite image (4435
data points, 6 classes). In each data set, we assume that the
class labels are correct clusters to be found by the k-means
algorithm. By assuming prior knowledge about known
clusters, we can evaluate the error rate of the cluster kearning.

On evauation the efficiency of the Monte Carlo approach
we simulate a data stream by generating several samples for
each data set. In our experiments we observe the performance
of cluster learning on increasing samples varied from 1%, 5%,
10%, 15%, ,50%, and the complete data set. The
experimental results are shown in Fig. 5. The clustering
results reveal the efficiency of the proposed method that only
around 10-25% sampling size is sufficient for the accurate
learning of data clusters

The classification task has been performed on the same
experimental setting with the C4.5 agorithm [17]. the results
areshownin Fig. 6.

VI.

In this paper we propose a technique of Monte Carlo
estimation to analyze major characteristics of data stream. At
the sampling phase of the Monte Carlo method we propose the
EMR sampling agorithm to efficiently draw representative
samples from data containing mixture models. We propose to
apply the expectation-maximization technique to estimate the
means and variances of the mixture models. The algorithm
Density_Estimator produces two density functions, E and E'.
The distance of E and E' at each sampling point is a decision
criteria for either sample acceptance or reection. A narrow
distance among the two estimated densities tends to the
acceptance case if the distance ratio is greater than the
generated uniform random variable from the interval [0, 1].

The experimental results verify the utility of the proposed
Density Estimator algorithm and the EMR sampling method.
The clustering and classification experimentations on real-
world data also confirm the efficiency of our method. We plan
to further our study on skewed data in which the distributions
are not uniformly distributed.

CONCLUSION
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