M3aAYIIATEYANIBINHIDA MUK WENIVANGNTOYaVINA | HiEY

v Qd =2 a d
HWEIBIFNANA IHEITULIIAYU

a W A

a a i : [y A
InentinusiiduaiuntiaveamsnmmundngasiSayaiainssumansumiug
a2 2 a d
MUIBIAINTINABNNUNDS
umIngnagnaluladgsins
Umsfinu 2548

ISBN 974-533-521-5



A DENSITY-BASED DATA REDUCTION FOR

CLUSTERING ON LARGE DATA SETS

Thammasak Thianniwet

A Thesis Submitted in Partial Fulfillment of the Requirements for the
Degree of Master of Engineering in Computer Engineering
Suranaree University of Technology
Academic Year 2005

ISBN 974-533-521-5



mIanvinaveyamehvina MmN sdanguleyavinalug)

-

= o sy LYY - o L= x <
wInendoma luladqsuns  oyl@ Imivineninusatuildudmmilwensfing

munangaTlSyguviude

o - 4
AUTNTINNTITDUINGTIUNUTS

—

s, A

(wet. a3 7 Tovis urmsASe)

UseFMmnTIUMS

s s

¢ =
(Wel. A5.0nAFNA NaUszan)

St 1 - = &,
NITUNIT (‘EJ'IﬁJ']'ifJ‘V'I']J‘Sﬂ‘H']’J‘V]U'IHWHﬁ)

Ron

(561 A5.4ae7 Hadszan)

NITUNT

(Wit #3.923 3gyiai)

NITUNT

;iuué (-

=t ar A ¢ o0 -
(a1, m.mnmﬁ FAUNWTU) (591, 1.9, A7.39WIU UINA)

L

= i = o = =3 4
iﬂﬂﬂ‘ﬁﬂ']i‘ljﬂ?hﬂ?‘lﬂﬂ'l'i ﬂmuaﬁ"luﬂ']‘]ﬂ'lﬁ'lﬂiiuﬂ'lﬁﬁi

]



4 = sy :‘ at T 4 ar 1
s39und Bosiinml | mserswadoyadisthminanununiuienisiangy
Joyavnng (A DENSITY-BASED DATA REDUCTION FOR CLUSTERING ON
LARGE DATA SETS) 9101560150 y1 : wet. ag.Anfising inadszaw, 120 #ii.

ISBN 974-533-521-5

B.

arzuumsiangudayada TudAungadeyafilvnalvainng - dunszusumsi

]
=

¥ 9/ g P v o ﬂ [ ¥ ﬂ 4
doslfnawazdun/fesmiheanuduiiudwne  avaavnadeyaluuyinaviiehos
' v ¢ s N vy w am ¥ w
oAyl auiteiifajaiezinumdunh  asessuiruiimsaavinadeyadie
maiinmsgudoyadlinmuniudedeyasuniu diwfununsiangudoyavinalnghll
amsnsenonun iU vazmanseafregadeyaduuuudeiios ldmolunssudeyafias

= L4 o 3 [ A ) i
soURB? NANTAIATIEHMEnMzIAUvesdanetududoya RVS, DBS, uay DBRVS finy

¥
3 A

=0 (Y =y o ar = A v ]
hindsevinuwausld wuhdanesiu DS Wudanesfuniniuiuasege nsgudoya
3/
4

af

o =) ¥ o o v g o - 3 -
Judaneiiu DBS s 2% awioldnadnivesnguieya linsumidudeyavivnus 8n
¥ ] ]
Wadmansoaanarlumssanaudeyalduinni 95% uaiedeyaildiidoyasunmziy

1 L] @ o o T o 3 ar ] LTS |
od gumwyosmsgudeyavesdoneity DBS ndvaaneunulddn Fauaaeldinud
dano3tu DBS Hanwoeu wamedeyasuniugusuiu

= s dyaﬂ 9 at = 1 b1 A ar 3 A'l. A ar

Nt ldinedansitugudoyn DBSPACE Faiannuuiaiudnsnmlums

1 =y 1 1 A = 1 1
numudsdoyasuniu Teemsinsanmanuiudnuiuvestoys dauSnafiiinnuee

{ 1 =t = H s 4 ' 3
HurzdunguidoyaiaulesisnnuiuilnudusesdoyageninuTonuninmniedu

]
=1

[ ¥
Naziluveyasuniu

1
oA T

NNANTITITENL I SaneStu DBSPACE eusaldwadnsaaouvidudanasty

1

pBs lupsiiideyadsmmndoyasumu  wazausolinwadnifand  lunsdifideyad

dayasuniulztueg
= = = o - 4} a2 -
131N ssunoun e aedoreiindnm
4 Ll
Un1sdnn 2548 aeilor0e1915815 Ny

% el ]
aedor113 Nl Ny M A



THAMMASAK THIANNIWET : A DENSITY-BASED DATA
REDUCTION FOR CLUSTERING ON LARGE DATA SETS. THESIS
ADVISOR : ASST. PROF. KITTISAK KERDPRASOP, Ph.D., 120 PP.

ISBN 974-533-521-5

DATA MINING/DATA REDUCTION/SAMPLING/CLUSTERING/

DENSITY-BIASED/COMPACTNESS

Determining clusters in large data sets takes a very long time and consumes
many resources. Data reduction is an important step to increase the efficiency of
determining clusters in large data sets. Our work is intended to examine and develop
the appropriate sampling technique as a data reduction scheme for clustering that
requires only a single data set scan. From the experimental results performed on three
sampling algorithms (RVS, DBS, and DBRVS), we found that DBS is the most
accurate sampling algorithm. A 2% DBS sample of the original data set can produce
the same result as the whole original data set and also help reduce time to find the
clusters by over 95%. However, it shows sensitivity on a noisy data set.

Our research is intended to propose the DBSPACE algorithm which is
developed to gain the potential of noise tolerance by considering the compactness
within the region of data. The region with more compactness will be a good area from

which representative sample should be drawn.



The results of this research showed that, DBSPACE sample can produce the
result as accurate as DBS sample drawn from clean data sets. It can produce the better

result while the original data set is surrounded by many noises.
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Algorithm:  k-means. The k-means algorithm for partitioning based on the mean
value of the object in the cluster.
Input: The number of cluster k£ and a database containing n objects.
Output: A set of k clusters that minimizes the squared-error criterion.
Method:
(1) arbitrarily choose k objects as the initial cluster center;
(2) repeat
(3) (re)assign each object to the cluster to which the object is the most
similar, based on the mean value of the objects in the cluster;
(4) update the cluster means, i.e., calculate the mean value of the objects for
each cluster;
(5) until no change;

Y]

3 19 2.1 6an®3TU k-means (Han and Kamber, 2001, p.349)
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Algorithm:  k-medoids. A typecal k-medoids algorithm for partitioning based on
medoid or central objects.
Input: The number of cluster k and a database containing » objects.
Output: A set of k clusters that minimizes the sum of the dissimilarities of all
the objects to their nearest medoid.
Method:
(1) arbitrarily choose & objects as the initial medoids;
(2) repeat
(3) assign each remaining object to the cluster with the nearest medoid;
(4) randomly select a nonmedoid object, o

random 5
(5) compute the total cost, S, of swapping o; with o
(6)  if S<O then swap o, with o

(7) until no change;

random >

to form the new set of £ medoids;

random
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CLARANS (Clustering Large Application based upon RANdomized Search)
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Data

(=

<Phase 1: Load into memory by building a CF tree

Initial CF tree

(=

<Phase 2 (optional): Condense into desirable range by building a smaller CF tree

Smaller CF tree @ %
<Phase 3: Global Clustering
Good Clusters 4; I

NN N

<Phase 4 (optional and offline): Cluster Refining

Better Clusters 4; [ ]

9
%

517 2.4 JunouTasaj1lv090ane3 54 BIRCH (Zhang et al., 1996)

CURE (Clustering Using REpresentatives) Tag Guha, Rastogi and Shim (1998)
I [ AR o [ o w QBJJ A o Aa =& wa 1 A
Lﬂu@aﬂ@i'ﬁllﬂﬂﬂ@ﬂ‘u@yjallﬂﬂa’]ﬂﬂﬂlu@ﬂﬂaﬂ'ﬂﬁ’ﬁllﬁuﬂ ﬂmﬁuumﬂumm CURE A9&1013D
9 @ PR [ A o 9 1 9 A 9 [ A o W o
ﬂuﬁWﬂﬁﬁl@]ﬂ31’]1]?11J§']\11/I°5U"]5@u1/|111ﬂﬁWQm@HﬁﬂMl@’Wﬂﬁl@ﬂﬁﬂ waﬂﬂ1§ﬂﬁ1ﬂiy‘l]@ﬂﬂﬁﬂ

ak A Y v J 9 1 q VY qﬂzl v 9 <
2ITUAD NMITIAUNINAAADIIINYAVDYATY (]'IJJGI,GU‘]J@?;IJ@VNWNQ) Tﬂﬂmmmﬂlayjaﬂamﬂu

Aa o A o o

o 1 Y o Y [ o 1 [ 9 4
WITNBUYDYS) LLAININITAUNINATIADTYDYS) ”lmmazW15m%uuazmﬁ]mmﬂammmﬂ”l‘ﬂ

9
v KX o

@ 4 o ' @ R v Ia o 4 I
ﬁnﬂLlLlﬁN'VnﬂTiﬁuW"lﬂﬁﬁm’ﬂi’ﬂTﬂ@nl,!,‘ﬂusll@\‘llma%ﬂﬁﬁmﬂiﬂﬂﬂiulmﬁ&W"ﬁﬂ%’uLﬁﬂlﬂuﬂ"ﬁ
9 o P P 3 dy ) [ S A Ja o 9
ﬁi?ﬂﬂﬁﬁl@@iﬂﬁuuim@ﬂﬂﬁu\i Iﬂﬂiuﬂluﬁﬂuuﬂ%ﬂTﬂTii?Mﬂﬁﬁmﬂiﬂﬂﬂ’ﬂiﬂﬂa%ﬂﬂuﬂﬂ
Yy o A o o a9 £ o X ' Ao q Yo
AYNU Lla3LﬁE]1!G]'JLL‘I/]uGU'O\1ﬂaﬁmﬂi!ﬂi\lﬁﬂﬂ'ﬁ!ﬂﬂﬂﬂa%ﬁlﬂﬂﬂaﬁmﬁ]ﬁiﬂlﬂﬂﬂ‘ﬂEN‘I"]W]'JLL‘VIH

o da o Y w o YRT 9o o ¢ o
‘U'O\?ﬂaﬁ'm'ﬁ]imi\lL!‘Lll,‘]Juﬁﬁllﬂumﬂﬂﬂﬁﬁlﬁﬂiiﬂﬂﬂﬂﬂ (1%@311%Hma@ﬂaﬁmm NaAYAUNU

9 4 1% Jd A = Y a o J o Y Y
miGlﬁ]ﬁ;@1g{uaﬂawGumﬂaﬁmaimmammm) @I’J‘(’JmﬂuﬂﬂﬂﬂﬁTJﬂﬂ‘H CURE @U199AUYIN

=

[ S A 1 1 9 A 9 A 4?} a =& o
ampesniglsalunnudien 14 meanudhlagauamnsonnsanaingli 2.5 Fuaad?

o Aumadmaes szt unoy Tﬂﬂgﬂﬁ 2.5(a) ueragavoyaguila 317 2.5(b)
Foyagruriuazdumadanestosluudazmsisu Taed <+ uaasdumuvesndmansdos
U 2.50) ﬂﬁﬁlﬁagéa&gﬂﬁ1u1%ﬂﬂ’eju§ﬂﬂ§q TasdumuAnvedfa: AdanesdooIzgn
e mgananasvesndmnes lnidaem shrinking factor () uazduiivlugd 2.5()

Llﬁﬂiﬂlﬂﬂlﬂlﬁﬂlﬁﬂﬂﬁ’ﬁlﬁﬂgﬁﬁﬂJ‘IQJ"iﬂi’



14
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2.1.3 Density-Based Methods
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24.1 mﬂﬁﬂm‘sq'wﬂ'aymmuﬁzﬁu (Random Sampling with a Reservoir: RVS)
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Skipping record
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Random

317 2.17 muwdraeeanszuiums guuuDas au

U

{Make the first n records candidates for the sample}
forj:=0ton-1do READ NEXT RECORD(C[M)]);

t:=n; {t is the number of records processed so far}
while not eof do

begin {Process the rest of the records}

Generate an independent random variate ®n, t);

SKIP_RECORDS(®); {Skip over the next Precords}

if not eof then

begin {Make the next record a candidate, replacing one at random}

M= TRUNC (n * RANDOM( )); M is uniform in the range 0 < M <n— 1}
READ _NEXT RECORD(C[M])
end
t=t+e+1;
end;

517 2.18 DaneiSuguuUVAz AN (Vitter, 1985)




29

Y
MNANMINUFIUVO reservoir algorithm Ao NsZUIUMIAONTOYATIUIU 1 A7
9 QSJ} @ A A 9 % 1] Y . 09;' =2 9
nndoyanaina N ¢ Tasisuainmsdondoya n awsnld 131y reservoir 11n1UT90 1490

yaoa lawday Tagdane3suazimsguaimaudoyanaznsz Taadw luivery
3 o o ' 9y ' 3 A £ g9 [y o Ao w ' <
anuisrdmsumsodoyaluudazase (Ui 2.17) dedeyailsgiiuididsgnevazgniny

9

, v . Ay a . A S v
W11 reservoir Tasmsguiaentoyadanly reservoir azunuNndoyauiuaIsvoy

Y U

Y o ~ 2 , \ o v
Tny doyananuangmin131u reservoir & vaizlas) ansounugadoyadu a vaziiug 14

A oy s 2 g A . < v . D, .
LLﬁzLﬂJﬁJﬂﬁ@Mﬂl@ﬂgﬂLﬁi%ﬁH m@yjaﬂ@gju reservoir ﬂglﬂu%ﬂm@yjaqﬂq@ﬂﬁlmaﬁ reservoir
. = (% a Y v A
algorlthm ﬁ']ﬂaglaﬂﬂellﬂ\iﬂaﬂ@i‘ﬁlll!ﬁﬂ\clhlﬂ@\jgﬂ[ﬂ 2.18

. . Y o A = . ] 0 v
reservoir algorithm "l@gﬂﬂiuﬂiqmaﬂmwm algorithm Z Faansonranuld

N & = 3 1 dy
Meluna O(n(l+log—j] F951002100AU04 algorithm Z lauaas 13dae Tl
n

{(Make the first n records candidates for the sample}

forj:=0ton-1do READ NEXT RECORD(C[/]);

t:=n; { t is the number of records processed so far}
{Process records using the method of Algorithm X until t is large enough}

thresh := T * n;

num := 0; {num is equal tot —n}
while not eof and (t < thresh) do
begin
7= RANDOM( ); {Generate 7/}
P:=0;

t:=t+1; num:=nun+1;
quot :=num / t;
while quot > ¥/do {Find min @
begin
P.=P+1;
t:=t+1;, num:=num+ 1;
quot := (quot * num) / t

end;
SKIP_RECORDS(P); {Skip over the next Precords}
if not eof then

begin {Make the next record a candidate, replacing one at random}

M = TRUNC(n * RANDOM()); {M is uniform in the range 0 < M <n— 1}
READ NEXT RECORD(C[% ]);

end
end;

{Process the rest of the records using the rejection technique}
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W := EXP(- LOG(RANDOM( )) / n); {Generate M)
term:=t-n+1; {term is always equal tot-n+ 1}
while not eof do
begin
loop

{Generate Uand X }
U= RANDOM( );
X=t*(W-1.0);
®:= TRUNC(X); {®P1is tentatively set to LX J }
{Testif U < h(®P) /cg(X)}
lhs := EXP(LOG(((U (((t + 1)/term) T?)) * (term + @)/(t + X)) / n);
rhs = (((t + X)/(term + P)) * term)/t;
if Ihs < rhs then
begin 7/:= rhs/lhs; break loop end;
{Testif U< f(P)/ cg(X)}
Y= (((U* (t+D)term) * (t + P+ 1))/(t + X);
if n<®then begin denom :=t; numer lim :=term + 50 end
else begin denom:=t-n+ @& numer lim:=t+1 end;
for numer :=t + @ downto numer lim do
begin y :=(y * numer)/denom; denom :=denom-1 end,

W= EXP(- LOG(RANDOM( ))/n); {Generate 7/ in advance}
if EXP(LOG(y)/n) < (t+ X)/t then break loop
end loop;
SKIP_RECORDS(®P); {Skip over the next Precords}
if not eof then
begin {Make the next record a candidate, replacing one at random}

M:= TRUNC (n * RANDOM()); { M is uniform in the range 0 <M < n—1}
READ NEXT RECORD(C[M])
end;

t=t+®P+1;

term ;= term + P+ 1

end;
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ap = 0

FOR each input point z DO
IF n[h(z)] # 0 THEN ap = ap — n[h(z)]!~ *)
n[h(z)] = n[h(z)] + 1
ap = ap +nlh(z)]' " *)

WITH prob. P = min{M/(ap *n[h(z)]¢),1} DO
IF the output buffer is full THEN reduce()
add < P,z > to the output buffer
reduce()
FOR each output buffer entry < F;,z; > DO output < 1/F;,z; >

reduce() is
FOR each output buffer entry < P;,xz; > DO
Let P/ = min{M/(ap *n[h(z)]),1}
WITH prob. P!/P; replace this entry with < P/, z; >
OTHERWISE remove this entry

‘]Jﬁ 2.20 aaﬂm‘ﬁmmaummummmumummwmuuu (Palmer and Faloutsos, 2000)
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2.4.3 matAMsguTRYAULUITYIVUMNANNHMHUIDDEZEN (Density Biased
Reservoir Sampling: DBRVS)
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Algorithm:  Density-biased reservoir sampling

Input: a data set of V objects
Output: a density-biased sample of size n (n<N)
Steps:

(1) Partition data into g groups (with group-id 7,2, ..., g). | g>n

(2) Initialize the reservoir X}, ..., X, to be the first n <group-id, density>-pair of
the data groups

(3) Set W « exp(log(random())/ n) // initialize W that will be used in the

(4) Set S « Llog(random() /log(1— W)J // generation step of random variate S

(5) While S<g do

(6) Read data group gS and gS+1  //read two consecutive data group

(7)  If (|density(gs)-density(gs+;)] >J6) OR (|density(gs)+density(gs+;)| >¢)
Then /' and ¢ are predefined density threshold values

// randomize the reservoir area to be updated

(8) X\ wtrandomy | € <group-id, density> of maximum density { gs, gs+/}

) W « W *exp(log(random())/ n) update W for the skipping process

(10) S« Uog(random() /log(1— W)J // generate the ramdom variate S to denote
(11) End While // the number of groups to be skipped over

(12) Return X4, ..., X

317 2.24 SaneFTUGUUUDITBUVUANANNH UV DALY (Kerdprasop et al., 2005)
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(1.4) h(5.2)

] J o o
517 3.3 msuangudeyauuulszumaeflendu hash (Palmer and Faloutsos, 2000)

hash(<v,,...,v, >) =
FORi=1TOdDO h=h* 65599+ v,
RETURN 42 MOD H

gﬂﬁ 34 Waﬁsﬁu hash (Aho, Sethi and Ulman, quoted in Palmer and Faloutsos, 2000)
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a,=0
FOR each input point x DO
i = hash(Xx)
IF n[i] <> 0 THEN @), = a,, —(n[i]™* - discordancy(Isd[i],n[i]) ) (*)
nli]=nli] +1
IF n[i]=1 THEN £ =%
IFT=T THEN Isd[i]=Isd[i]+(n[i]-1)-d (@, %)
ELSE Isd[i]=Isd[i]+d(a,X)
IsX =IsX + X
I =1sx/n[i]
I" = discordancy(Ilsd[i], n[i])

a,=a, +(n[i]1’e -F"s) (**)
WITH prob. P =min {M/ [, nliY ~r5],1} DO

IF the output buffer is full THEN reduce()

// start drawing when group contains more than 1 object

IF n[i] > 1 THEN add < P, X > to the output buffer
reduce()

FOR each output buffer entry < P, X, > DO output <1/P,X, >

reduce() IS
FOR each output buffer entry < P,x, > DO

Let P'=min {M/[aD -n[i] -F‘FJ , 1}

WITH prob. P’ / P, replace this entry with < P, %, >
OTHERWISE remove this entry

discordancy(lsd, n) 1S
IF n<=1 THEN n=2
IF I'=T THEN
disc = Isd/((n*(n-1))/2)
ELSE
disc = Isd/(n-1)
RETURN disc
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yadesdufediuesinedeyanazdiuiiiiudeya asdaedielugili 3.8 (dmsumsiveiiaz

14 WEKA 3-4-7 lumsnaaod)

(@relation DS1

@attribute ATTR1 numeric

@attribute ATTR2 numeric

@attribute CLSID {0,1,2,3,4,5,6,7,8,9}
(@data

0.205456, 0.286055, 6
0.209253, 0.313145, 5
0.274268, 0.567863, 9

[

719 3.8 dedreadeyalugiuuy ARFF
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| usage: inputFile.dat dim %noise np outputFile.arff
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< Y A o J
CLSCTR fludanessundiseianniuivelfigasunsossoinyadoya

[ SR [ 4 o Y 9 o a 9 v Ja g
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| usage: inFile.dat dim k Ncfile.nc

a A

o3| @ Yo o dg’ A Y= 9 Y [ J
Weka2 NC Lﬂuﬂaﬂﬁ]i‘ﬁlﬁﬂlﬂjfﬂEJWGJJH'IGUHLWE]GI,{’HQ\‘WJ@H@Waﬂ'ﬁﬂuw'lﬂaﬁl@'ﬂi
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VONTEUY WEKA Tﬂfﬁ]xlﬁi’)ﬂﬁlW13ﬁj“ﬂﬁTﬂ\iT”ﬂTﬂl@ﬁﬂﬂl%uﬂiﬂflﬂwnuu Llazﬂﬂlﬂﬂllaiu

TWlantiuwana *nc

\ usage: WekaFile.txt

2

. I % AR AYaw o dg’ A Y (A = 4

NCmetric 1uganaisungIveianvie 1sfSoumeugasunsosavodn
@ o { [ 4 [ 4 v o Y o { [ Y 4
AAADS NNUNLYALTUNTOIAVDIATAADIAUUUY  UAZ U IUIUAA DS NATINUA-1ADS
Y Y I < o [ < Y A A A
auuuy 1 {c,c,....c, | IIUFAYDIRABUNTOIAVBIATNADTAULLY LAY (8,0, ... Cp |
I < 4 o P 9 A 1 = A~ A A
TEn U099 UNTOIAYDINAAADS N 1AIN k-means VDO ¢, YANLNABINDINDIY ¢, W
o ~ o a . o s s
Ml d(c,é,)<& Tagdane3su NCmetric dzfimsifiouiovuyamu-niosaain lwani

@ ¢ 1 { o [

AN *.nc uavez Inadnsitum v (number of cluster found) FIMWIIUIUVRIAT A

MO AULLUNNL (Palmer and Faloutsos, 2000)

| usage: oNCfile.nc nNCfile.nc dim k xi
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3.4.2 TUNDUNMINANDY
o o aw dy T | 1 A a a
dmsumInaaedlumsivetiszuiiteoniudesdiune  Minadevlszand
o a 4 a J o 1 J v a y
ANY090aN035U RVS, DBS, 118z DBRVS 0 IAT12HMIANHUZIAUUDILAAZ0aN03 5H 11D
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i
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pgluguuy ARFF (DS* oriarff) d15uldluszuy WEKA i ld laemsmudiunldlu

a 1 Qs}l @ J 33
msosuedeyaas i ludrunugevesdoya vimivdeiudin Tvdiiv Ds*_ori.arff

@relation DS1

@attribute ATTR1 numeric
@attribute ATTR2 numeric € ARFF Header
@attribute CLSID {0,1,2,3,4,5,6,7,8,9}

(@data

0.205456, 0.286055,
0.209253, 0.313145,
0.274268, 0.567863,
0.19724, 0.414573,

— O L O\

719 3.9 wamsmsulasdoyalioglugiuun ARFF

19

2) wilasdoyaldlimiminzandmsudaneisuduioya  Taeldlsunsy
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]
=

WEKA Wadoyaildninde 1 ududen filer “Normalize” Taoaaniiifu Choose ududon

E]

Dg

weka\filters\unsupervisedattribute\Normalize uaznatly Apply tiehmsvsumvesdoyals
06114 [0.0,1.0] (931 3.10)

(1) nAlw Save Lﬁaﬁuﬁﬂﬂﬁ’uﬂ;a%’agam“lu"lvdﬁgﬁu (DS* ori.arff)

() é’fﬂua'ww?ﬁaﬁﬁizuwmmamﬂé’ﬁma{ﬁﬂﬂ (CLSID) udanaily Save

etiufindoyaaslulwdlwidedn DS*.arff (319 3.11)
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< Weka Explorer L&

Preprocess l Classify || Cluster ” Azzociste || Select attributes || Yisualize |

[ Open file... ] [ Open URL .. ] [ Open DE. .. ] Lo [ Edit... ] [ Save.. ]
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AddCluster MitiirLitn 0
AddExpression vert Maximurn il
AddMoize - Mesn 0.464
ChangelateFormat StolDew 0158
ClusterMembership
Copry
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FirstQrder
Makelndicetor Class: CLSID (Notr) ||| visuslizs &
MergeTwo'alues
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~Selected attribute

NumericTQinary
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Chfuscate
PHIDizcretize
RandomProjection
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RemoveType [
L

IEEEE EE R R EEE R R R R R R R

~Status

ok Log ‘W. x0

= as .9 Y
317 3.10 1EAIITNT Normalize Toyad 1811511051 WEKA

—attributes
[ All ] l Mane ] ’ It
Mo, Mame
1 JaTTR1

Remove k l

[Remove selected attributes. ||

U 3.11 naaemsdauenn3tng CLSID Nszynmaavadamos e T1sunsy WEKA
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o < a 4 @ a 1
3) wilasdoyanadulihiflugduuy DAT milowdn 1esnndane3sugudoya
1983 lisessudoyalugiiuy ARFF Taons

9 1 H

(1) A9 arff header TuyAY0YA DS* ori.arff NaTluazunu comma() 714
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Impact of Noise on 2% Sample
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True Clusters on 5% Sampled of Data Set
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2 True Clusters on 5% Sampled of 10% noisy Data Set
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True Clusters on Sampled Data Set
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Abstract: Determining clusters in large data sets takes a very long time and consumes
many resources. Data reduction is an important step to increase the efficiency of
determining clusters in large data sets. Our work is intended to examine the appropriate
sampling techniques as a data reduction scheme for clustering which require only a single
data set scan. A good sample of the data set shall be a good substitute for the original data
set while also keeping as much important cluster information as possible. Our
experiments show that 2% of density-biased sampling (DBS) of the original data set can
group clusters as well as clustering on the whole original data set and also help reduce
time to cluster by over 95%. And the sampled data sets with density-biased reservoir
sampling (DBRVS) technique report a noise tolerance property while the original data set
is surrounded by many noises.

Introduction: Clustering in data mining is the process of discovering the clusters in a set
of data, by maximizing the intra-cluster similarity and minimizing the inter-cluster
similarity between clusters ([1], [3]). An efficient clustering method needs many difficult
and complicated techniques to find the correct clusters from a very large data set.
Clustering on large data sets is time and resource consuming ([3]). Many researchers have
proposed sampling techniques to efficiently reduce the size of the data set, while keeping
all important cluster information as much as possible. In this paper, we study three
sampling techniques which can draw the samples by only a single scan over the data.
Random Sampling with a Reservoir (called RVS) ([1]) is the sampling technique
which selects a random sample of size n from a data set of size N in a single data set pass
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within O(n(1+log N / n)) expected time, where the size of the data set is unknown

prior to sampling. The process is started by initializing first » objects to the reservoir
output buffer of size n. And then, randomly select a number of objects, &, to be skipped in
the main data set to select a new sample object. When the object is selected, it becomes a
candidate and randomly replaces one object in the reservoir buffer. This step is repeated
until the end of file has been reached. Finally, all objects in the reservoir buffer of size n
become a final sampled data set.

Density Biased Sampling (called DBS) ([2]) is the sampling technique that is
proposed to take into account the sampling over a data set which follows the Zipf’s
distribution. The sampling process is started by partitioning data into groups using a
hashing function. And the biasing process is to draw an object by considering the reverse
density of its group. It probabilistically over-samples sparse regions and under-samples
dense regions. With this biased sampling, small clusters will not be missed.

Density Biased Reservoir Sampling (called DBRVS) ([3]) is the adapted sampling
technique which combines the density biased scheme together with the reservoir scheme.
The sampling process is started by partitioning the data space into a finite number of
equiwidth bins in the quantized space. Then apply random sampling with a reservoir
scheme to the series of binning groups. The biased reservoir sampling draws a group by
the consideration of two consecutive binning groups. The denser group is a candidate to
be included in the sample if the density difference of two groups is above some threshold
o or the sum of the density on both groups is above the threshold .

Methodology: In our experiments, we studied both efficiency and effectiveness of each
sampling technique with some synthetic data sets. We monitored sampling time and
memory usage on various sizes of samples. Then we determined the clusters for the
sampled data sets using k-means (the partitioning clustering algorithm) and monitor time
to discover clusters. After finishing the clustering process, we compare all found clusters
with the original clusters and calculate the value of Number of Clusters found (NC),
which is defined in [2].

Results, Discussion and Conclusion: From the experimental results, we found that DBS
is the most accurate sampling technique. It shows that a 2% DBS sample of the original
data set can produce the same result as the whole original data set as show in Figure 3,
and also help reduce time to find the clusters by over 95%. On the other hand, it requires
more memory and takes longer time of sampling process than the others (Figures 1 and 2).
RVS is the most resource saving technique. It consumes a small amount of memory and
runs faster than the others, but its NC tends to decrease after the sample size has reached
some value (Figure 3).

Memory Usage Running Time of Sampling phase
500.0 1.0
———DBS ———DBS

450.0 +...;--- DBRVS / 09 1...m.-- DBRVS

400.0 4 —-A—=-RVS 0.8 +— A= -RvS

350.0 // B 07
2 300.0 e S 0.6 e ——
< &
_§ 250.0 @ 0.5 -

3 A ey — s w
T 2000 | / F oo g e g
150.0 §0.3
100.0 / g2

50.0 H----H----B----H--0---F--F---F---&---2 0.1

[ R X CE RN 0.0 . . . . . . . . .

1 2 3 4 5 6 7 8 9 10 12 3 4 5 6 7 8 9 10
Sample Size (%) Sample Size (%)

Figure 1: Memory usage (kb) for each sampling technique. Figure 2: Running time of sampling phase.
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Figure 3: Number of clusters found on sampled data sets. Figure 4: Running time of clustering phase.

Impact of Noise on 2% Sample
20
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Number of Clusters found (NC)
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o 1 2 3 4 5 6 7 8 9 10 15 20 25 30
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Figure 5: The Impact of noise on 2% samples.

Figure 5 show that DBRVS has a noise tolerance property. It has the least impact when
many noises occurred although its NC is less than satisfactory, while DBS is very
sensitive to noises. Our future research is to extend our study and to design such a
sampling technique that computes densities accurately and efficiently and also is less
sensitive to noise.
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// DBSPACE.cpp : Defines the entry point for the console application.
//
/********************************************************************
This source code is (c) Copyright 2006 by Thammasak Thainniwet.
It may be freely redistributed and included in other packages
provided this copyright notice is included.

A Density-Biased Sampling using Partial Approximate Compactness
Estimator: DBSPACE v1.0
This is the algorithm to draw the sample from any data sets
which is biasing by
number of object, weighted discordancy(dl) or non-weighted
discordancy(d2).

********************************************************************/

// #include "'stdafx.h"

#include <stdio.h>
#include <stdlib.h>
#include <string.h>
#include <conio.h>
#include <math.h>
#include <assert.h>
#include <limits.h>
#include <time.h>
#include <sys/timeb.h>
#include <dos.h>

#define BUFFER_FACTOR 1.1 // How many points do we want to keep

#define Dimension 50 // Maximum dimension allowed
#define ALPHA 65599

#define PRINT_GROUPS 0

#define USE_RANDOM 1

typedef struct hashS {

int *V;

int n;

struct hashS *next;
} tab t;

typedef double DOT;
typedef struct {

DOT *Is; // Linear Sum of object vectors
// [on all attribute]

double Isd; // D1: Linear Sum of weighted distance
// between object and centroid of other
// objects

// D2: Linear Sum of distance between
// object and centroid of other objects
unsigned long n; // Number of object in the cell
} CLS;
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TYtab_t ** tab;
int tabsize = 0;
int ntab = 0;

typedef unsigned long hash_t;

int d;
int quanta;

// Procedures and Functions

//
int quant(double d, int n)
{
int g = 0;
if (d<0)d=0;
it (d>1)d-=1;
n=n/2;
while (n) {
if (d < .5) d = 2*d;
else {
q += n;
d=( - .5) * 2;
}
n = n/2;
}
return q;
}
int ahash(int *v, int H)
L
int i;
unsigned long h = 0;
for (i =0; i <d; i++) {
h = ((unsigned long) v[i]) + h*((unsigned long) ALPHA);
return h%H;
}
int newhash(int *v, int H)
{

int i, j;
tab_t **tt = &tab[ahash(v, H)];
for (i = 0; *tt; i++, tt = &C*tt)->next) {

for G =05 j <d; j++)
if (Cto)->v[j] '= v@D
break;
if @ >=d)
break
¥
if (I *to) {

#iT PRINT_GROUPS > 1
printf( "'ng %d", ntab);
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for (j = 0; j < d; j++)
printf( " v[%d]=%d", j, v[il);
printf( '"\n");

#endif

*tt = (tab_t ®malloc(sizeof(**tt));

t)->v = (int ®malloc(sizeofF((*tt)->v)*d);

for g =0; jJ <d; j++)
cto->vlil = vlil:

(*tt)->n = ntab;

(*tt)->next = NULL;

ntab++;

iT (ntab >= H) {
printf( "ERROR: Hash table is too smallI\n');
exit(l);

}

}

assert ((*tt)->n < ntab);

return (*tt)->n;

}
int quanthash(double *v, int *res, int H)
{

int i;

int vv[Dimension];

for (i =0; 1 <d; i++) {

w[i] = quant(v[i], 1<<res[i]);

}

return newhash(vv, H);
}

static int flipl(int M, double sn, unsigned long n, double e, double
dist, double delta)

double P;

P = ((double) M) /7 (sn * pow(n, e€) * pow((dist==0?1:dist),delta));
#iT USE_RANDOM
if (rand()/(1.0+RAND_MAX) <= P) return 1;
#else
if (drand48() <= P) return 1;
#endiF
return O;
}

static int flip2(int M, double snO, double sn, unsigned long nj,
unsigned long n0, double e, double distO, double distj, double delta)

{
double P, Pp, PP;

P = ((double) M)/ ( snO*pow(n0,e)*pow((dist0==0?1:dist0),delta) );
Pp= ((double) M)/ ( sn*pow(nj,e)*pow((distj==0?1:distj),delta) );

if (P>1)P=1;
if (Pp >= 1) return 1;
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/* P = (snO0*pow(n0, e))/(sn*pow(nj, e)); */

#if USE_RANDOM
PP = rand()/(1.0+RAND_MAX);
#else
PP = drand48(Q);
#endif
return (PP <= Pp 7/ P);
}

static int
trim(int M, int *res, int H, double sn, hash _t *n, double *bv,
unsigned long *bn, double *bs, int nb, double e, double *bd, double
dist, double delta)
{

int j, k, I;

hash_t n_now;

#if VERBOSE
printf( "trim %d buffer slots™, nb);
#endif

for g =k =0; j <nb; j++) {
n_now = n[quanthash(&bv[j*d], res, H)];

if (Flip2(M,bs[j],sn,n_now,bn[j],e,bd[j],dist,delta)) {
for (1 = 0; 1 <d; I++)
bv[k*d+1] = bv[j*d+I1];

bn[k] = n_now;
bs[k] = sn;
bd[k] = dist;
k++;

}
#if VERBOSE

printf( " left with %d\n", k);
#endif

return Kk;
3

double getDistance(double Is, unsigned long n, int dm)

{
double dist;

if(dm==1)

dist = ( Is /7 (n<=1?1:n*(n-1)/2) );
else // if(dm==2)

dist = ( Is /7 (n<=1?1:n-1) );
return dist;

}
double euclidist(DOT *v1, DOT *v2, int dim)
{ _ _

int i;

double SS=0; // Sum Square

for(i=0;i<dim;i++)
SS += pow(vi[i]-v2[i].2);
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return sqrt(SS) + 1; // +1 to garantee that the power of the
// distance is an increasing function

}

void getCentroid(DOT *v, unsigned long n, int dim, DOT *centroid)
{

int i;

for(i=0;i<dim;i++)
centroid[i] = v[i1l/(n==071:n);

return;

}

char *Filetype_cv(char *oldfile, char *type)
{
int i;
char *newfile = (char *)malloc(100);
strcpy(newfile,oldfile);
for(i=strlen(newfile)-1;i>=0;--1){
itf(newfile[i]=="_"){
newfile[i] = NULL;
break;

}
if(newfile[i]=="\\")
break;
}
strcat(newfile, type);
return newfile;

}

// Main
//

void main(int argc, char **argv)

{

int quanthash(double *v, iInt *res, int H);

int H; /* size of the hash table */

int M; /* number of points that we want to output */

int nb; /* number of buffer entries */

int nib; /* number in buffer */

double *bv; /* buffer of object being output */

unsigned long *bn; /* buffer of n[i] when entered into buffer */

double *bs; /* buffer of sn */

double *bd; /* buffer of distance */

int *res; /* number of cuts to apply */

double resp;

hash_t *n; // array of hash tables counting # in bucket
#iF PRINT_GROUPS

int *no; // array of hash tables counting # output by bucket

double *wo; // array of weighted sum of points output by bucket
#endif

double sn; /* sum niN(l-e)*dist™(-delta) */

double *v; /* vector for each input point */

int i, J, k;

unsigned long N; /* number of points read so far */
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int weighted = 0;
int binary = 0;
int warned = O;
int mem;
double e 1;
double delta = 1;
int savelog=0; // savelog=1 to save log file to *.log
int nLoop=0; // Number of loop to do multiple
// sampling.
char outType[] = ".arff";

unsigned long

// Plus Variable

DOT
CLS

CLS

int

double

//

// Additional

//

struct _timeb startTime,

*centroid;
**clsinfo;

**clsCur;
dm;

dist;

Variables

char *timeline;

clock_t startc, endc;
char *inFile, *outFile;
FILE *inset, *outset;

#iT USE_RANDOM

srand(time(NULL));

#else

srand48(time(NULL));

#endi

printf( "\n\\>DBSPACE

for(i=0;i<argc;i++)

printf( "%s

printf( '"\n");

inFile
outFile

argv[1l];
argv[1i];

while (argc > 1) {
if(strcmp(argv[1l].,”-binary')==0] |strcmp(argv[1l]."-b*")== 0)
{

} else if (strcmp(argv[1l], "-weighted'™)
Il strcmp(argv[1l], "-w') ==

binary++;
argc--;
argv++;

weighted++;
argc--;
argv++;

byteBuff, byteHash;

// Store cluster info list, Linear Sum
// and Number of data points.

// Store current cluster info, Linear

// Sum and Number of data points.

// Distance Measure Type (1l:weighted,

// 2:non-weighted).

// Distance Measure Value.

endTime;

", argv[i]);

argc--;
argc--;

argv++;
argv++;

0 {

} else if (argc > 2 && strcmp(argv[1l], "-exp'™) == 0) {

e =

atof(argv[2]);
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argc -= 2;
argv += 2;
} else if (argc > 2 && strcmp(argv[l], "-loop™) == 0) {
nLoop = atoi(argv[2]);
argc -= 2;
argv += 2;
} else if (strcmp(argv[1l], "-log™) ==
|l strecmp(argv[1l], "-1"") == 0) {
savelog = 1;
argc--;
argv++;
} else
break;

}

if(argc!=7] | (d=atoi(argv[1]))<=0] | (M=atoi (argv[2]))<=0
| | (mem=atoi(argv[3]))<=0] | (resp=atof(argv[4]))<=0
|1(dm = atoi(argv[5]))<=0) {
printf( "usage: inputFile outputFile [-binary | -weighted
| -exp e | -loop n | -log] d M mem res dmtype
delta\n'");
printf( "\n-——————————————_——C—.C——.—.— . ——, —— \n");
exit(l);
}
delta = atof(argv[6]);

// Take loop

//

char slndex[20];

char *oldOut = outFile;

int Icount = 1;

do{

if(nLoop>0){

printf('>>Sample no.: %d\n",lcount);
sprintf(sindex, " no%02d%s', lIcount,outType);
outFile = Filetype_cv(oldOut,siIndex);

// BEGIN: [Exact] Density Biased Sampling

//

//

// Time stamp (BEGIN: startc)
//

fFlush(stdin);
srand(time(NULL));

_ftime( &startTime );

timeline = ctime( & ( startTime_time ) );

printf( "Process begin:\t\t%.19s.%hu %s", timeline,
startTime.millitm, &timeline[20] );

startc = clock();
//

// BEGIN: DBS algorithm
//
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// Open input file
if(1(inset=Fopen(inFile,"r'"))){
printf("'Cannot read %s',inFile);
getch();
return;

}

tabsize = H = mem;
tab = (tab_t **)malloc(sizeof(*tab)*tabsize);

nb = M*BUFFER_FACTOR;

byteBuff = (unsigned long)nb*(sizeof(*bv)*d + sizeof(*bn)

+ sizeof(*bs) + sizeof(*bd));

(unsigned long)H*(sizeof(*n)+sizeof((*clsCur)->I1s)*d

+ sizeof((*clsCur)->1sd));

printf( "MEMORY: buffer %d entries %lu bytes, hash %d buckets
%lu bytes\n", nb, byteBuff, H, byteHash);

printf( * Total buffer %lu bytes\n", byteBuff +
byteHash) ;

byteHash

// Initialize variables

//

n = (hash_t *)malloc(H*sizeof(*n));
#iT PRINT_GROUPS

no = (int *)malloc(H*sizeof(*no));
wo = (double *)malloc(H*sizeof(*wo0));
#endif
v = (double *)malloc(sizeof(*v)*d);
bv = (double *)malloc(sizeof(*bv)*nb*d);
bn = (unsigned long *)malloc(sizeof(*bn)*nb);
bs = (double *)malloc(sizeof(*bs)*nb);
bd = (double *)malloc(sizeof(*bd)*nb);
res= (int *)malloc(sizeof(*res)*d);

for (i = 0; i < H; i+){

n[i] = O;
tab[i] = NULL;

b

for (i = 0; i < nb; i++)
bn[i] = O;

for (i =0; i <d; i++) {

if (resp >= 1) res[i] = resp;
#iT USE_RANDOM
else if (rand()/(1.0+RAND_MAX) < resp) res[i] = 1;

#else
else if (drand48() < resp) res[i] = 1;
#endift
else res[i] = 0;
}
N = nib = ntab = 0;
sn = 0;

// DB+ variables
centroid= (DOT *)malloc(sizeof(*centroid)*d);
clsinfo = (CLS **)malloc(sizeof(*clsinfo)*H);
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Ffor(i=0;i<H;i++){
clsCur &clsinfo[i];
*clsCur = (CLS *)malloc(sizeof(**clsCur));
(*clsCur)->1s= (DOT *)malloc(sizeof(*(*clsCur)->1s)*d);
for(3=0;j<d;j++)
(*clsCur)->Is[j] = 0;

(*clsCur)->n = 0;
(*clsCur)->I1sd = 0;
b
//
// End Init

// Start read input file
//
for (G:) {
it (binary) {
if (fread(v, sizeof(v[0]), d, stdin) != d)
break;
}
else {
for (i = 0; 1 < d; i++)
it (fscanf(inset, "%If", &v[i]) != 1)

break;
if (i <d)
break;
it (I warned)
for (i =0; 1 <d; i++)
if (v[i] <0 || vli] > 1) {
printf( "WARNING: All inputs must be in unit
hypercube(truncated value:%f)_\n",v[i]);
warned = O;
}
N++;

#if PRINT_GROUPS
if (N%10000 == 0) printf( "[%d %g %d]J\n', N, sn, nib);
#endif

i = quanthash(v, res, H);
clsCur = &clsinfo[(int)i];

it (n[iDD{ 7/ if cell containing some object, delete old value
// Tirst_(and will update later)
sn -= pow(n[i],1-e)*pow(getDistance((*clsCur)->Isd
, (*clsCur)->n,dm),-delta);
}

// DBSPACE zone

// Count an object to be a member of cell
(*clsCur)->n += 1;

nfi]++;

// Calculate Linear Sum of distance between previous centroid



// and current object.
if(dm==1)
(*clsCur)->Isd +

else // if(dm==2)
(*clsCur)->Isd +

((C*clsCur)->n<=1
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((*clsCur)->n<=1?1: ((*clsCur)->n-1)
*euclidist(centroid,v,d));

?1:euclidist(centroid,v,d));

// Update Linear Sum including current object
for(J=0;j<d;j++)
(*clsCur)->Is[j] += v[il:

// Update centroid including current object

getCentroid((*clsCur)->Is, (*clsCur)->n, d, centroid);

// Update sn to current object

dist = getDistance((*clsCur)->Isd, (*clsCur)->n,dm);

sn += pow(n[i], 1-e)*pow(dist, -delta);

if (Flipl(M, sn, n[i], e, dist, delta)) {
if (nib >= nb) {

nib = trim(M, res, H, sn, n, bv, bn, bs, nb, e, bd,

dist, delta);
#i1T PRINT_GROUPS > 2

for (i = 0; 1 < H; i++) {
no[i] = O;
wo[i] = 0;

}

for (i = 0; i < nib; i++) {

no[quanthash(&bv[i*d], res, H)]++;
wo[quanthash(&bv[i*d], res, H)] +=

pow(bd[i1],delta)*pow(bn[i],

}

for (i = 0; 1 < ntab; i++){

e)*sn/M;

printf( "gc %4d %41d %4d %9.4F %6.4T

(%6.4F | %6.4F) %6.4F %6.4F\n", i, n[i], no[i], wo[i],

((double)no[i]DD/n[i], M/(sn*pow(n[i], e)*pow(dist,delta)),

nib/(sn*pow(n[i], e)*pow(dist,delta)), wo[i]/n[i], dist);
}

#endif

3
if (nib >= nb) {
#if VERBOSE

printf( "panic nib >= nb for point %d\n", N);

#endif
#iT USE_RANDOM
J = rand()/(1-0+RAND_MAX)*nb;
#else
J = drand48()*nb;
#endif
} else {

// Add <P,x> into buffer (only if n[i]>1)

//
if(n[i]>1){
j = nib++;
for (k = 0; k < d; k++)
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bv[j*d+k] = v[kl;

bnlil = n[i];
bs[j] = sn;
bd[j]1 = dist;
}
//

}
} 7/ end of file

#i1T PRINT_GROUPS
printf( "sn %g\n', sn);
for (i =0; i <H; i++) {
no[i] 0;
wo[i] 0;

#endiF
nib = trim(M, res, H, sn, n, bv, bn, bs, nib, e, bd, dist, delta);

// BEGIN: Output the sample to output file
//

int outFlag=0;

// Open output file
do{
if(outFlag){
printF("Enter new output Ffile: ');
scanf("'%s" ,outFile);

}
i F(! (outset=fFopen(outFile,"w'"))){
printf(*Cannot save Tile to %s!\n",strstr(outFile,"\\'));
outFlag = 1;
}else
outFlag = O;
Jwhile(outFlag);

// BEGIN: Writing process
//

// Write arff header
if(Istrcmpi(outType, " .arff'")){
fprintf(outset, "@RELATION %s\n\n',
strrchr(outFile, "\\")+1);
Ffor(i=0;i<d;i++)
fprintf(outset, "@ATTRIBUTE ATTR%02d numeric\n', 1);
fprintf(outset, "\n@DATA\nN\n"");

}

for (i = 0; 1 < nib; i++) {
#iFT PRINT_GROUPS
no[quanthash(&bv[i*d], res, H)]++;
wo[quanthash(&bv[i*d], res, H)] +=
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pow(bd[i],delta)*pow(bn[i], e)*sn/M;
#endif
for g =0; jJ <d; j++)
fprintf(outset, "%g ', bv[i*d+j]);
it (weighted)
fprintf(outset, "%g %d", pow(bd[i],delta)*pow(bn[i],
e)*sn/M, quanthash(&bv[i*d], res, H));
fprintf(outset, "\n"");
}

//
// END: Write file

fclose(inset); // Close input file
fclose(outset); // Close output file
//

// END: Output the sample to output file

//

// Time stamp (END: endc)
//

endc = clock();

_ftime( &endTime );

timeline = ctime( & ( endTime.time ) );

printf( "output %d/%d points (%.2f%%) from %d groups\n", nib, N,
(double)nib*100/N, ntab);

printf( "Process finished:\t%.19s.%hu %s', timeline,
endTime.millitm, &timeline[20] );

printF("'Processing time is\thlg seconds\n", (double)(endc-startc)
/CLK_TCK);

printfC*'\np----—-——— o \n"");

//
// END: [Exact] Density Biased Sampling

// BEGIN: Writing log file
//
if(savelog){
char *logFile;
FILE *logset;
logFile = filetype_cv(outFile, ".10g"™);

// Open log file

outFlag=0;

do{

if(outFlag){

printf("Enter new log file: ");
scanf("'%s", logFile);

}
if(1'(logset=fopen(logFile,"w'"))){
printf('Cannot open %s\n",*logFile);
outFlag = 1;

}else
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outFlag = 0;
Iwhile(outFlag);

fprintf(logset, ""\\>DBSPACE v1.0 %02d------—----—-———————-
-—-\n"", lcount);

fprintf(logset, "Input file : %s\n",inFile);

fprintf(logset, "Weighted: %d\n",weighted);

fprintf(logset, "exp e (epsilon): %f\n",e);

fprintf(logset, "Dimension: %d\n",d);

fprintf(logset, "Sampling size: %d\n',M);

fprintf(logset, "Buffer Factor: %g\n"
, (double)BUFFER_FACTOR) ;

fprintf(logset, "Hash size: %d\n",H);

fprintf(logset, ""Hash Resolution: %g\n',resp);

fprintf(logset, "delta: %f\n',delta);

fprintf(logset, '"Dist. type: D%d\n',dm);

fprintf(logset, "Output File: %s\n\n",outFile);

timeline = ctime( & ( startTime.time ) );

fprintf(logset, "Process begin:\t%.19s.%hu %s", timeline,
startTime.millitm, &timeline[20] );

timeline = ctime( & ( endTime.time ) );

fprintf(logset, "Process finished:\t%.19s.%hu %s",
timeline, endTime_millitm, &timeline[20] );

fprintf(logset, "Processing time is\tklg seconds\n\n",
(double) (endc-startc)/CLK_TCK);

fprintf(logset, "output %d/%d points (%.2Ff%%) from %d
groups\n', nib, N, (double)nib*100/N, ntab);

fprintf(logset, "MEMORY: buffer %d entries %lu bytes,
hash %d buckets %lu bytes\n', nb, byteBuff, H,
byteHash) ;

fprintf(logset, " Total buffer %lu bytes\n",
byteBuff + byteHash);

fprintf(logset, "\nOutput file has been saved to
\"%s\" . \nProcess completed.",outFile);

fprintf(logset, "\n--————————— -
----\n");

#iT PRINT_GROUPS
fprintf(logset, *'sn %g\n", sn);
fprintf(logset, "|- %4s %4s %4s %9s %6s (%6s | %6s)
%8s %8s %8s %8s\n'', "[i]", "ni", "no", "wo", "no/ni", "P[M]","P[nib]",
“"wo/ni't, "nite', "dindel™, "dist');
for (i = 0; 1 < ntab; i++){
clsCur = &clsinfo[(int)i];
dist = getDistance((*clsCur)->lsd
, (*clsCur)->n,dm);
fprintf(logset, "'gc %4d %4ld %4d %9.4F %6.4F
(%6.4F | %6.4F) %8.4F %8.4F %8.4F %8.4F\n", 1, n[i], no[i1], wo[i],
((double)no[i]D/n[i], M/(sn*pow(n[i], e)*pow(dist,delta)),
nib/(sn*pow(n[i], e)*pow(dist,delta)), wo[i]/n[i], pow(n[i], e),
pow(dist,delta), dist);

#endi

3
//

// END: Writing log file



Iwhile(lcount++ < nLoop);

//

// Free memory

free(n);

#iT PRINT_GROUPS
free(no);
free(wo);

#endif

free(v);

free(bv);

free(bn);
free(bs);
free(bd);
free(res);
free(centroid);
free(clsinfo);

// Take loop

//
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********************************************************************/

return;
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