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Abstract In recent years, with the wide application of computer technology and internet technology in the field of in-
dustrial production and information processing, these applications will continuously produce large amounts of sequence
data evolved over time and constitute time series data stream, such as internet news feed analysis,network intrusion de-
tection system, stock markets analysis and sensor networks data analysis. The real-time clustering analysis of data
stream is a hot issue of the current data stream mining, However, due to the high speed, large-scale data and real-time
analysis,data must often be analyzed on the fly. Although the one-pass-through scanning algorithm is able to meet the
needs, the lack of efficient clustering algorithms to identify and distinguish patterns limits the effectivity and scalability
of this method. In order to solve the above problems, we proposed a novel stream clustering algorithm called
DILCStream, which is based on LSH on cloud environments. It is a distributed data stream clustering approach that uses
the Map-Reduce framework and LSH mechanism to quickly find the clustering pattern in the data stream. Finally, the
theoretical analysis and experiment results illustrate that the DL.CStream algorithm results is significantly more efficient
in efficient parallel processing, scalablity, and quality of the clustering results compared with traditional data stream
clustering framework CluStream algorithm,
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TCBR A T CRIIA IR (8] 1 2 B & Bt [ ) B0 P 31, i L4
EREHER R L% BT AR R — KA RK.
S5EEMHSEUBHEEL BERAR U TR A

DEBRER. $ERE R IR EAR R E ™4, B
WwEEKERTRA, 7EEFFNH PiEd RETEFERN
YO, TAE GEH0E PR P B BUR FE TR, HFE R
B IR SR A R .

DARFAENE . R TP A A 8 B 8] PR B (8] % G i A o
HEMELTE , K= B BT A Z IRy dl, BUR R = A
RATTREE ) RAFTREIEZ I AR, M SR BUEE
ISR B RE T SRR B H RO AN

DRTAEME . BUOHE TR B R T AR AL 30K 5 IR R M St
HAE o AR IR T BO2E  ANBR B 25 A L R S R 4 T
AR E P R EERBTSH, — BN AR Fg e
REWAE,

OHRTRE . BT IR SRR, XTEHE R
FRF R 3H , BIBRIEAF B B X F 5 B 808 Rt 8
—R., MEEBEEMBEH#TRHAFR ETEREAWH, I
EESTAHRL R T IHLE IR TR .

SHIHEM., BENAGEHRESEERMNAL, XX F
BN RFHEEREE. MiGaSdEEE=CEE RIE
ABEFERER FHEE LR, SRFEAF A LEE S
Ab BBy A T R P B S HEEE .

ORI, KEBNEERM LB IHE—EFE
WHNEALR HERERZERWEMUSRNTT. Wik
SRR PR B ST A AR M BCE R b, A s R, A
R RIET .
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2.2.1 BEHEAF L%

LSH Bk ® e Indyk 25 AU SV4R W, FSR MR £ 76K
P IE BAH UL R R IR &, BRI A T BRI » R
KR RE. EHXEREREA LR A R Wi
BE B 60 A PR B 0 s mh R R K, YRR R MR, B
FERBRSREA ¢ mEM A, NTIEL TERITE, Itk T
KRR, ZESCHR(23, 2509, E& 4Rty — A LA 5k g B BE
BAERT AW ESURRH B, HE 2761 28U L
AR EH — 08 B A B AR 8 F P RS B ok PR AT X BR T B
B BN R s, N BR L BE B e W ok — R T A BE A
DOR M B R R A ZetE . A T REBEERREM
&Y, fEscEk( 2410  AEE R T 2 -F P-Stable 3G A B
WA R A, R BT U BRI KR BIRE R, JF MR T
(R,c)-NN [BIJE; B 4b, X B 4R i BB b A SRR T 4%
FifE B 2 e R E —Eat, B E R R e A
X MERRRCESHTRA N, BB AR
FERT LR A E RS

MNF—-TETFESEH Y DANKKER SWHEE
BRHRER S, — MU BEURR A RPEIERE X T .

X 1 BHRBA, LSH) W FEEEIEE p.q€
R R85 H={h.S~>U} R A Grisres pry po ) X EE B S
DC)| p—q || YU, W R S A

if v€ B(q,m) then Pru[h(g)=h{(g) = p:
if v& B(q,72) then Pru[h{(q@) =h(p)I<p,

— ML BRI A PR, I R o > F
n<rz,

PBRERAHRGAME 1R, S EMEETMNEH
B AREBINZ)E N TFRER ¢, (R, o)-NN F ] 8EE
FU B [F— 8 CnsE— ) , B F RIS — M RRERE K,
KFR—-NMEEFE po s MH 1+ y ZIMIFTRNA KA
BEELZ BB — V4 BV RO 288 — MR R BERIR D, 2/ N TR
NEME pe o BETR, MR L, VWET 0L B BURmM A ILH .

(R,cR.Pl £ )Sensitive
P =Pr,[5(g) =h(p)] is “high” if p isclose"to ¢
Py=Pr.ih(q)=hk(p) is “low” if p is “far"to q

1 LSH jR#(Locality-sensitive hashing example)

2.2.2 L, RETHRESHF ik

30t MLSH {# R P8 % 3% H 28 T P-Stable
SR, p€ (0,2]. MR H, Fa & 57 (Stable distribu-
tion) X FR M 5 4E R B /R 158 5 23 i (Levy skew alpha-stable
distribution) , R—FELEME N, CRERT - KL/ -
BHE BRI, EREME P, M B HREENE R
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BHir M4, MHE Y=aX, +6X. +c WAL R X,
X, WAEBHEG . ML Y=dX+e, MEXNTFHEW a. b A
cre=0,XFFHHIBS. BEIWPMRLES. BREHAN
BN HRBENA . P-Stable AHELALIT .

EX 2(P-Stable 2+75) HFTE p=0, % FAERE n 3K
oo -w,vsse v, URRMA D SHHMI R HER X,
X2 Xz X, ,Fﬁm&ﬁgvxi 5%m’§§($ |'Ui |P)WX Iﬁl
54, B X B— MR D BIBENLZE R, Wik D AR E
#] P-Stable 4345 ,

X FAERER p€ (0, 2], RS RIFEN FAILE:
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HEFHE M &, A RIEE B S Rl et , Xt B A AE 1 B AT
Mg, e ER , = —A d PN R o FENEER o
PG —BEREIL IS MM P-Stable S0 PP, X F—A4
d HRAFIER R o, MEEX 2 P—&, BT a. v BB S
(X |V X A X 22 P-Stable 2 A BRI B —
BRI BT a. v BB v REE | vl , . BES
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Map-Reducet @—Fp i, B 540 el ™= 4 5 B 3K
WEMLIAHRX. BPEE—A Map B @ EX 4 Map
PREALEE key/value(5E/H)D X, I BLF= 4 — R 5 #) 8] key/
value %, {# f| Reduce ¥R A 3 A W R A HR key HH
) SRAE X P R (EER A . (o R R B RO XL B R SF R LA
BB — A h T E NS AR EKER LI RRIT,
Runrtime REXSBIMABIE NS HAY , BRILBEBEN
B HATIRIEE , A PRHLRS Y R 30, I+ HL B FRALR8 2 (8] Al iR
K, XRAEAANRBERARBTENRLBRES GRS
MR, AT LIAEE KM AN REMBTH . Map-Reduce
REMERABTE- T HEENBARHKRBERE . FHE
HERGHY B — B H Map-Reduce ITH AL HEH
AHEBETEVLEERLHE TB FHBE. FRESHRMN
Map 1 Reduce PR¥AH F N T AHHKAA,

{Map(kl sor ) —>list(kg s w2 )

Reduce(ks » list(vy ) )—=>list(vy)

WREV A KEERNR S WRERRE T AR M.
H— i, A SR e R E R R TR RIAIR .

Hadoop & Map-Reduce #2428 ) Java L. ¥ Y
SEAEFEFES. BNFESULUEERMERT S LR
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3 DLCStream &%

3.1 HSENUHA

DLCStream 8 3, Bl = 3738 T 2 T LSH #4345 X $ il
RRAKEE ZEENST AN A BROBRER LR L.
B SO BRI BURAE 5 B AL B A
LSH B E#4TRE. R 15t 30+ DLCStream B3 ¥ K
HEFSMEXL.

£1 XTPERNEEASHEL

d BIENEBENHEE
pi BiNBEEE p=(x X X1 X)) BERETH o

REKEANREHRABE K HH dAVHE, x HHER

b ISHA RE&2T

ISHEETENEXER T ERBT ISH RS KWL H A
it fetyd ISH & S %

AKX FHHEEHREERSON X MNEREESRERE
#% Can

Cean FrRRAERKE

Ceen REZLAC

BEHEEME R do =0T A A FHE Fote H YA B
B, ta #0185 2 2% o

dg FANBEBRABENR p BRERERAN CnWEEHH

d, B B B FE R B BE R d = d X doo

dumin FEABRBEAREAE p BIREERC Can W HA do

din BESHRXBROKERRE

3.2 DLCStream # %R 182

XEMHE BB E, i 2 Bisk. DLCStream 8 3%
e PMERHEM—ERAN, Y DMFHEEE APk
B, FER AL PAT. B AAMERBRE F.. () R IKEL
d BEBE AR E M & o, FIF LSH B ¥ p BB BB
B FEFRMAR P RERE X, MBREE. X ik
BHESEEEERZNI X TREFEVBEEREE, WH
LR LA— 2 WBH R 11 PR R B R AT . A X -mediany
ERBREERL Co SINTEF PINBER BT R & p
B X IR 2 18] B BE B8 FE 5, AR BB/ FE B VI o WO TR
B duin s s IWHF i V31 d e X L ST, 75 W R ST B
PR, BRAME T A Map-Reduce HEZR LI X
HE, BEABRMFEDITRAEE LB TIHER A, 5
Bl FEERARIE AR RN TY BE.

Get feature vectors by | l
Using synopses algorithm
Project feature vectors to
[ cluster LSH J Ehu
[ Return candidate clusters ] T
Compute cluster centroids by l
using X-median algorithm
™
Compute the distance between

feature vectors and centroids

. Is the
Associate the feature l€ Y—<Minimum distance below>—N»{Create new cluster|
vectors with the cluster hreshold!
| T

B 2 DLCStream B2
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3.2.1 ALa4

ELAMEE I TEULE 2).

D ARE SR B B A s @ ek [18]h4R
H AW B DRI SRR T oA . A B AR R UL B
FRITHOEBGERERRE, . E5SM8Z . — DK
BWABIERHEY ¢, 2 N SFTEELA A EBEF, FHER
BHMRER d. =A% RBEHBIE AR ELHE,

2)LSH BRSTBYEL 364 L DR g (p ) = (h; (i) 5o
e (p:)) > NOREHE H o AR SE ,— BREALE SR %42 £
A e, 1 <KD AR 5 08 P X 0 R 000 25008 R AT
BE. BREMEEASPE—IEEL p R g, (00
LG BN BERS A RS W, S TR ST
KA AT RN TR A AEE AR TT BEAAR , R PRS0, Bt
BB A LSH mest (—3% /X e A LSH |#0, AT LLEE] L 4
k HEBURHE

DR ABE, X &k ERIRSHE AT WA 15 B —
HRTME. “RHAR A MDs Fvk, — 778 AT LUHE—MER
Y SR RS RS B — AR B R T R S — |
MD5 55k 1 M S8R 7T LAMRAESE — B B P A B A R
k BEBSHETMARERA B AR RIE L, BNRIERR—
K BARE B po B9 HIDFS 3t $8 8 2R . FE B —
A EHER.

WEITEE 2)F 3), LSH Fik MR EmBE S RET —
ARG G KB E R LIBL 4. X FHHMEM R p,, LSH 77
Fil S 75 23R A BN IR B AR, RS RBERRE
B RERAE R & (0 , R 283 300 ) LA 38 785 A0 3 AH 1L BRI 4R AE 8]
BES. LSHEE A ENBERER X, X SREERE
F LSH EZHHEASE A FME LSH WS, AR
FHRRAAL A, N X, ik 3 R [ B R Z I ET Xom
MREBEMENBEEBHIE Con Co B FH Topk Bk,
B ek E RS R EHE Can
3.2.2 BE4AH

BREMAR A Map-Reduce fERHT A A RE, G &
P BRI 2).

DEBARAHERHIRER HESBEEMTL.
BT k BEF TR B R SR, Wi B LSH Fk{ULE
P — e BEER AR BT AR R i, B it , — B TR AR
B F 41 ) R BT BB A1 Bl 203 8 23 A, k WE IR T iR

EEYE=3 % |p—m | EMBAT R W, AR
i Xemedian B RR ARSI RIS % A T

RESMEFEH LR RRARELE. HROER
SEKE) G HBA IR REX SRS, 2143 07 %48

SRR 247 (Absolute-error criterion, AEC), E= 33 P
=1 pEC,

—o; | A E RAFEMBES T HENRNBIHRE Z M,
p RRREBEC, PH—NAEXR, 0 FHEC, PRATIIER,

)T EH B BYAFAE 1) 7 2 50 1 BE B AR T LAGE R ER
BHEBAR. Bl S —4 n FHFMEE B AN 0; (215224

o5 TR an (oo 30 L RREE RS L=



2B X (S = |7 TR cos(®) = S mun/

N Exia) Eot %, BRAR d =d, Xd, HHREEH E R

HIBE B T SRR/ 4 B don=min(d,) . F duin<dw»

857 B B FFAE 15 B V3 0% SR O BT FE ISR, B MK Z AR 1 I B

HTFTRIE.

3.3 #F Map-Reduce ] LSH €2 Fn 3R & %
UBHERAREREER, HERE R R . EP R

B LSH OB MBRBMEENFRE M ABBRERE, &
EARTT. A CF A Hadoop F & 2 {4t B Map-Reduce it
BHESE O LSH 5 81 A B KL B4 7L, A
ENGEESE . SEBENRLEFER, T DLCStream &
BEHERAGEWIE 3 fiR. DLCStream Bk £ E
A FEEAMN, 5 5 0 EF Map-Reduce ) LSH 25+ 8]
@3 3 MRLSH-Create 1 3t F Map-Reduce ) B 25 & &
MRClu,

l x Fopn(X) LAMLSH& SOk B st
e
o 42 os o w WERIEZ A KEMAEEF | —— - | KERER P
NS ' 'E:
3 o k. | k i Tash Tabic Hash Table Hash Table
:; ’ L1 K values| 1 value| |k values]1 value k_values] 1 _value
0 ‘“ T [ I ]
o k values| 1 vaiue | (k_values]1 value k_valuesj 1_value
o8 ; P " i3 +
g NI ﬁf Yiash Table T Y T
" ﬁ T values] "TOR SR BY —KBRL,
o0 1 HDFS (k%)
i ) ¥[1_values| IDR
K7 v
K3 UZR MuwsiE
B A (d%E) My
o5 bz o4 08 08 10 EELl ——mmm e B &L
Thaea types of detasets
BRE EHAE BLAE

B3 ETF DLCStream HiEHIRIE RGN

3.3.1 A F Map-Reduce # LSH & #4) & ¥ %

LB A T E AR, FiE B E BB KR, 7T F|F Map-
Reduce #2224+ A 8] 58 LSH 4. T @ # MRLSHCreate
Bk A Map {£5 KT E I EIAERT T Map 893 36 E] K
BAK, BT Map-Reduce if) LSH %544 £ 2 % ¥ MRLSH-
Create 1B 2 1 iR,

it 1 MRLSHCreate B %:

A BB Ish, conf, B4% WA ] - Bt A& DS, L% S job-

Conf;

Hith : LSH Z5#9 70 Top-Xmax MBI KHE Coans
BEGIN
/ /9184 MapReduce {15
InitMapReduce(DS, Ish. conf,jobConf) ;
/7% DS BN EEER A BIG 31— 1 Map f£5% , i & Reduce {5
B0 L. M s
Map(keyl,valuel,key2, value2)
{
//M jobconf RSB IE S E . WIIH1L LSH sh¥Uk ;s
InitLSHFamily (jobConf, LSHFamily[ L[ k1) ;
/BT ERAB A B B valuel , SREURFIE 0 & p; 5
ComputeFsyn(valuel) ;
ReadFromHDFS(keyl,p;);
//F A LSHFamily 3+ &t L S~RK51E;
ComputelndexValue(LSHFamily[ L] k], IndexValue[L]);
/ /% LA (key2, value2) = (IndexTable_i, Indexvalue[ i}
QOutput(key2, value2, IndexTable_i, IndexValue[i]);
}
Reduce(key3, value3, key4, valued)
{
/7% Map #9%; B #c P8 IndexTable_i #4176
(IndexTable_i, List{ IndexValueli]]);

3, B (key3, value3) =

Combine(dist, List(tHDFSAddr) ) ;

/ /¥ List[IndexValue 3Z B AR HY IndexValue HL R IEF
OrganizeHashTable ( List [ IndexValue ], Hashtable ( IndexVa-
lue));

/e R B AT M B RS IndexTable_i #;

}

END
3.3.2 #-F MapReduce 9 R £ H &
ot — KA ] BB A R,  THRE R T BB
R BRRARE 1 B R B R RIRBOR I S MEE R T, iHE &2
ZRpr SR, BRI AT F) B Map-Reduce HL &) )3 3 Map £ % 317
AR B R MR T » 7E Reduce B B AHE a1 B 2 BL A8 I B9
1335 B2 3 v, ) FH B B MY R AR 1) B B R 28 B O NS W BE
B#HITHIE. MRClu BBRBINE L 2 iR,
#HiEx2 MRCwEH
B BB AR & pi, A LSH FP KRB X N REK,
£33 % jobCont;
B o p S ECEIMR MR EETE A REE, EEFAR LK

IR i BT R R 2K
BEGIN
// M jobConf 3K BH0, ¥4k LSHFamily;

InitLSHFamily(jobConf, LSHFamily[ L][k1);

/73 RIE P EANMFE R R p; JR3—1 Map {£55 . i2 B Reduce {F

F B ER Xoaxs

Map(keyl, valuel , key2, value2)
{

//RBURKERIR L, keyl 1 key2 4398 Cluld. p;,Cluld. cen, 3
RIRAHE 1d S Cluld o BHEFAE ) BEFR O AR IR, valuel F1 value2
SRR 15 B R
ReadFromHDFS(keyl, valuel, key2, value2) ;

/ /) e %} % 2 $5 4k (Absolute-error criterion, AEC) R ¥t B B
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HER L
AECFun(keyl, valuel ,key2, value2) ;

/ /% Xinax 7™ (key2, value2) = (Cluld. p,, Evalue)

Qutput(key2, value2,Cluld, p;,Evalue);
}
Reduce(key3, value3, key4, valued)//Reduce {E &K 1;
{

/ /4 Map #5135 B Cluld #4783, 3 F 81 Cluld F1# 8/ E
B X 7 A4 O A B R, BHZ Cluld B9
Combine(Cluld, List(E));

//HEFF IS RIS P B/ IR AL, 3 B AR R Cluld FB AR B L Opti-
malCen;

SortAndOutput(Cluld, OptimalCen) ;
}

[REFHBPRROFHENE p PIRBELCESHESR. H p 133
B/NEES, B R
Distance(p; , OptimalCenSet,d,) ;

Integrate(p; ,Cluld);
UpdateCen(Cluld);
END

4 SCRWIFEMRENH

4.1 KXW

AXELFANEBEBLITMELR BIERIEMS
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