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Abstract

lid operation for finding similarities,and similarity join algorithm based on MapReduce has attracted serious concern for

How to find out duplicates/similarities in dataset is a key issue in big data processing. Similarity join is a va-

the advantage of processing big dataset. In this paper, similarity self-join algorithms were researched and some factors
which slow self-join were discovered. To accelerate self-join, an improved similarity self-join algorithm based on Mass-
join was proposed. In filtration stage, new filtration criterion is added to eliminating self-join redundant pairs. In verifica~
tion stage, the techniques of backward-forward pairs and combined id are adopted to eliminate more self-join redundant
candidate pairs,and the dataset is scanned only once in reading original strings. The experimental results demonstrate
that both filtration CPU time and the verification CPU time of new algorithm decrease. As a result, the efficiency of
similarity self-join algorithm is increased by using our revision strategies.
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9. I8 list(sid>#e T BFI S A5 HFHA , list(Tsid) N list(Ssid) 5
10. foreach Ssid€ list(Ssid) do
11. newlist (Isid) = remove (list (Isid) , Ssid); //% &, P& list
(Isid) 4T Ssid #Y Isid
12. output({Ssid, newlist(Isid)>); //4 B AREXT
/72 BIEHEL 1
13. Map(¢sid, list(sid) > /(sid,s>)
14.  if (sid,s) then //BERRFRBE M d-+HHAE
15. emit((sid,s));
16.  if (sid,list(sid)) then //BEMy RIS IRET B H 4R | B E R B
0]
17. for each sidl in list(sid) do
18. emit({sid,sid1>) ; emit((sidl,sid));/ /4 IE R %, T
VLR 2
19. Reduce({sid, list(sid/s) )
20.  ¥F4> list(sid/s) , BRERNIK sid f B I s AT R BB list(sid);
21.  newlist(sid) =remove(list(sid));//EE , B list(sid) PFEZE
HEH sid
22.  output({sid&s,newlist(sid)));
//3. ALK B 2
23. Map((sid&s, list(sid)»)
24. for each id in list(sid) do
25,  emit({sid&id/id&sid,sid®s));//key 7 id F sid K41 A id,
HA BRI MUFER, £ E
26. Reduce({id1&:id2, list(sid&s)))
27. R4 list(sid&s), K78 idl BB A s1 Al id2 BBINE s2;
28, if ED(s1,s2)<(t then //BRUEMEIESS
29.  output({idl&sl1+id2&s2,ED(s1,52))); // BB FEERY
[N Gh oy
MU AT R A AT, R S o[ 1]
Mass]JoinBasic B 3 #H1T % b, Self-Mass]oinBasic H 8 ) £
Bt A



24 it B LA

2017 4F

(D@ HER B E TR AT IR Y B AL 2 &,
W B T R R G T IR AL T R, SRR
PRI AT R R .

() AW BB EBOREL T WG B LR FRF R R
W, MARIEY Bt RRBRUF R B R — WIS S EBUER
X FE A id 75 E LA id FE A RIECYY .

OEBENBRATHA id Wy Rkt — P HBRER
B IE R X, #E— WA T Bk BB UER 18] .

4 X

4,1 SCIIREY

% RS T REE B, A SCFE hadoop W& |+
LB T SCHER11 ] ) Mass]oinBasic ¥k , [F]BF 8B T 4 3C
Xtz B ok #E B B Self-MassJoinBasic, 2~3C fr 32 B #B7E [
— hadoop EF F#HTH . ZBREHPTHABE N 441001
A S 3 ARG R E MR E : CPU i5 4590, N7
16GB, 1 & 1 TB; £ 8 4B B . B2 R 4 Ubuntu 15, 10 64
{7 ,Java 1. 7, Hadoop & i 1. 2. 1; FF R I HE ; eclipse(indi-
g0 8 .

A ORI A PR B A, Rk 1 BTE.
BiEE DBLPY 2B HLAUR AVE & 80 B — AT B L
FICCRB R BB, TREBEE PR AR RS
F1EH (Author) AR MH (Title) B F4F 5 . GBEST ¥R &N
NCBI GenBank 3235 ¥ 5| #5% (Expressed Sequence Tags,
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FE MR LI 2 FE 3 FR.

CPU time spent/ms

Edit Distance

B 2 DBLP &

CPU time spent/ms

Edit Distance

B3 GBEST%¥ig#&

MassJoinBasic 1 Self-MassJoinBasic 2 ¥ [/ 1% 8 # B £
&—~ map/reduce i #. ENIHRIERBEE AP AELED
map/reduce 31 #8 , MassJoinBasic 43 4T 2 Yk FE IR BN IGF
$RIE, T Self-MassJoinBasic M43 S 347 1 IWE R, £ TTH
MBI, B 2.8 38, S TR EIES, B
T RIES BB 2RI BT3RS A RS,
BREERE M AR BIEE T i et M A R AR 7. X2
EABCEE B e o SR BORSE B B AUR A T s I
BLF R, MR T AEETTAR, B 7 map i B4 5
Ry R R R R BT R A B, . map P HER T —
WHRFERE, WD T 2o B8 A 8] 5 10 76 56 UF B BL , o 2 0k
OB A BRIE R BEEX A G id FHRAmE T A%
BT, HAERBUR S T4 8 9 A B U BSOS — 1k .
R B8 E B (8] AR LA S

EBRHEGEIT T RBERST S NGB RS RELE
P SEH BOR 48 BT 0B B BR S8 A o ) L1 A0 A e
B GiteRanE 2 pisl.,

2 BEHIIEY B AN EEMIE B b (ED=8)

File Input Map output File Output
Format materialized Format
Counters bytes(Reduce Counters(Bytes
(Bytes Read) Shuffle Bytes) Written)
Massloin 05161974 13103938518 4078946038
Basic
DBLP
LSS 99580087 6843056038 1210512629
JoinBasic
Mgzssji:'“ 383090562 14831022854 83920123
GB Self-Ma:
LTSS 191545281 7968094237 5528029
JoinBasic

B B4 A B (File Input Format Counters) 28
ifuRed A HDFS SRR B &, SO B s E U T —
WHHR R RBUERIE, BT LIS A BN R 8 1 — ¥, DI BiR



H5H

MBS , % . —FpET MapReduce KR BUREAM A ERAL 25

PEEAtE) B >, 78T 3B M BE map /% 89 b IR B B (Map
Output Materialized Bytes) J& map ¥y Bt 5 H 45 5, i 58
£3% hadoop K shuffle frBE AT IR B FHEF L BSER re-
duce BrEE RS BB B A/MRE T shuffle BB AT
B, 2 A, AR SR b A L BRI B
TJUARTTAR LAR >, of 38 B B 9 %1 f & (File Output Format
Counters) RE B A M B BRAH Y, RBEEMWES. &
A% R R R, REIEE A /MER R s B
Bt iEEE S . MR 2 MR T A, i B R R T R T
ANy XA B FH SRR B B .

TRBAG T SBEERNMEREESE HRARRES
HEE S CPU B ], YEREXT LL AN 4 #0885 B

e Mass]oinBasic
7l Sl MasloinBusie]

CPU time spent/ms
g,
R ‘
o,

4 6 8
Edit Distance

B 4 DBLP¥iE# EXRFI4HBER TS CPU K EXT

10’ [~ WassTomBavic 75 }
2 v Self-MassJoinBasic) -+ e o] ]
g8
& / .
B b A 2" -
= RS | S v :
E ‘a.fA PR L -t
; / T
-
&
PRS00 SSUUNNS NN ISR NN SO NUURURN SO
o 2 4 6 8 10 12 14 16

Edit Distance
5 GBEST & M ARIZEBEE T8 & CPU RHEX

B P 4. [ 5 AT AN SCIR A B R B R R, U
BEAFRBEE EARGREBERT WA CPU N RIREEE
#HAEFEY . BGEREREL BT BREL RBBERE KK
PCELF&8 id X /NRBIF a8 id MRS A BF REm A T it
AT E] , 22 IR B BB o B BRR AR — IR A BLIE AR ST
4 id /b T IR ia] , FE S T RESE .

BRIE AXWFERRNFRBEFERPHRBES
FARUE R AR, 41X M 3T B BB E R AR UE T4 8 3R
B EENABEELEEEREHE BT -MET
MapReduce B2 B 1, B Self-MassJoinBasic, 3CH I
RT Self-MassJoinBasic B #1T H EHMF I BHARRE
B, it A A, BOH R B NI e SR AT 1R iR
UERS ] &R Brmis , IR TR e .

B B AR A I B B IR IE B B AR W D T e [A) L (H
MR EAREES BB DA FREEEELR, L
HEYBBEERE RN, XHETEERTEEN B EERE.
T—HRHARBAO IR B AR T B RE M, SUEE B
3 B e Ia] Y TR B AR 20 18 N BRE A 18] Y O 2R AR B 1
BB R

2 XXM

[1] YUW,LISJ,YANG S,et al. Automatically Discovering of In-

(2]

£3]

(4]

(5]

[6]

7]

(8]

(9]

[10]

[11]

[12]

[13]

consistency Among Cross-Source Data Based on Web Big Data

[J). Journal of Computer Research & Development, 2015, 52

(2):295-308. (in Chinese)

K, EZAT B, % Web RKEUEFET WA —BEHEE

EALT. WHHEHBFFR S B R, 2015,52(2) : 295-308.

XU J,WANG G Y, YU H. Review of Big Data Processing Based

on Granular Computing [[J]. Chinese Journal of Computers,

2015,38(8);1497-1517. (in Chinese)

it T EAEL Tk B TR RBRART]. TTHELER,

2015,38(8):1497-1517.

MY Z,MXF,WSY. Parallel similarity joins on massive high-

dimensional data using MapReduce[ J]. Concurrency and Com-

putation; Practice and Experience,2016,28(1):166-83.

SILVA Y N, PEARSON S S,CHON ], et al. Similarity Joins;

Their implementation and interactions with other database opera-

tors[ J]. Information Systems,2015,52(8-9);149-162.

SANTOS L F D,OLMES CARVALHO L,OLIVEIRA W D;,et

al. Diversity in similarity joins[C] // Proceedings of the 8th In-

ternational Conference on Similarity Search and Applications

(SISAP 2015). Glasgow, UK Springer, 2015:42-53.

PANG J, YU G, XU J, et al. Similarity Joins on Massive Data

Based on MapReduce Framework[J]. Computer Science, 2015,

42(1):1-5,27. (in Chinese)

B8, TR, 45, %. T MapReduce HEZE i35 B S 38 M D14

EREBTH R AR, 2015, 42(1) . 1-5,27.

WANG H Y, YANG L H,LIU X Q Optimizing Top-k Similari-

ty Join Algorithm[J]. Journal of Software,2016,27(12):3051-

3066, (in Chinese)

EBW, HFE, PR, Top-k MM EHRERERMRATR

(7], #2638 ,2016,27(12) : 3051-3066.

CHEN Z J,ZHANG ] N,LIU W Y. Region-based Spatial-textual

Similarity Join in MapReduce [J]. Journal of Chinese Computer

Systems, 2015, 36(10) : 2245-2251. (in Chinese)

BR T2, SR8 » X 3L 3. MapReduce HE 48 T 3 T 1 Bl ) 2 A1 3C

AMUERELDT] DR R BN RS, 2015, 36 (10): 2245-

2251,

ZHANG M. An Approach of Near-duplicate Detection of Mass

Data Based on MapReduce[]J]. Research and Exploration In La-

boratory, 2014,33(9) ;132-136. (in Chinese)

Tfg. Mg REAR A MapReduce HUERTIL]. XBREHESH

%,2014,33(9).132-136.

LEVENSHTEIN V. Binary codes capable of correcting dele-

tions, insertions, and reversals [J]. Soviet Physics Doklady,

1966,10(8) :707-710.

DENG D,LI G L,HAO S, et al, Mass]oin: A MapReduce-based

Method for Scalable String Similarity Joins[CJ// Proceedings of

IEEE 30th International Conference on Data Engineering (IC-

DE). New York:IEEE,2014;340-351.

WANG J, LI G,FENG ], Trie-join: Efficient trie-based string simi-

larity joins with edit-distance constraints[J]. PVLDB, 2010, 3

(1):1219-1230, _

BAYARDO R J,MA Y,SRIKANT R. Scaling u}; all pairs simi-

larity search[C]//Proceedings of 16th International World Wide

Web Conference(WWW 2007). Banff, AB: ACM, 2007 131-140.
(F#HF 321



32 it BB F 2017 4F
Communications and Networks, 2011, 3283-3286.
% % X [113 WANG T,LI L G,ZHANGY,et al. Pseudo-spectral method for
[1] Top500. org. Top 500 supercomputer site [ EB/OL]. [2015-12- modeling elastic wave propagation in isotropic medium[C] //

(2]

(3]

(4]

(5]

L6]

7]

(8]

£9]

[10]

097]. http: //www. top500, org.

FRE,RE. 4, % MIC B TR g At M), Jus.
B 7K FIK A AR AL, 2012:15-21.

ZHUKOV V T,KRANSON M M, NOVIKOVA ND;et al. Mul-
tigrid effectiveness on modern computing architectures]]. Pro-
gramming and Computer Software,2015,42(1) ;14-22.
REINDERS J,JEFFERS ]J. High Performance Parallelism Pearls,
Multicore and Many-core Programming [ M]. Waltham, MA,
USA : Morgan Kaufmann, 2014:377-396.

ITU L. M, SUCIU C,MOLDOVEANU F, et al. GPU Optimized
Computation of Stencil Based Algorithms[C] /2011 RoEduNet
International Conference 10th Edition: Networking in Education
and Reasearch. 2011.1-6.

WANG G B, YANG X J,ZHANG Y, et al. Program Optimiza-
tion of Stencil Based Application on the GPU-accelerated System
[C]//2009 IEEE International Symposium on Parallel and Dis-
tributed Processing with Applications. 2009;219-225.
HERNANDEZ M, CEBRIAN J M, CECILIA J M, et al. Evalua-
ting 3-D Stencil codes on Intel Xeon Phi: Limitations and
Tradeoffs[ C]//XXVI Jornadas De Paralelismo. 2015:441-444,
KOMATITSCH D,ERLEBACHER G,GODDEKE C,et al
High-order finite element seismic wave propagation modeling
with MPI on a large GPU cluster[]]. Journal of Computational
physics,2010,229(20) ;7692-7714,

FANG ] B,SIPS H,ZHANG L L,et al. Test- driving Intel Xeon
Phi[C] / 5th ACM/SPEC International Conference on Perfor-
mance Engineering. 2014;137-148,

LIANG X, WANG Z Y, LIU G H,et al. Numerical simulation of
elastic wave based on the staggered grid finite difference method

[C]// 2011 International Conference on Consumer Electronics,

(12]

[13]

[14]

[15]

(16]

[17]

(18]

12th International Conference on Signal Processing. 2014 :58-62.
WOSKOBOYNIKOVA G M. Seismic wave propagation in frac-
tured media[ C]// Third International Forum on Strategic Tech-
nologies, 2008 307-309,

LIU H W, LI B, LIU H, et al. The Algorithm of high order finite
difference pre-stack reverse time migration and GPU implemen-
tation [ J]. Chinese Journal of Geophysics, 2010, 53(7);1725-
1733. (in Chinese)

Xlgifh, 51, Xk, & BB EHRERNARESE LR
GPU ZH[J]. sthIRYH ¥4 , 2010,53(7):1725-1733.
PERAZA J, TIWARI A,LLAURENZANO M, et al. Understan-
ding the performance of stencil computations on Intel's Xeon Phi
[C] / IEEE International Conference on Cluster Computing.
2013;1-5.

SHAN Y, WU J P, WANG Z H. Hierarchial parallel program-
ming model and parallelization and optimization techniques
based on SMP cluster[]]. Appolication Research of Computers,
2006,23(10) : 254-256, (in Chinese)

BE REV, TEE ET SMP EBUEBEUGHTHRERMY
FHATRACEARLT ] 3 EHLR AIBT S, 2006, 23(10) : 254-256.
SATO M. OpenMP: Parallel Programming API for shared memo-
ry multiprocessors and on~chip multiprocessors[C] / 15th Inter-
national Symposium on System Synthesis, 2002:109-111.
JEFFERS J,REINDERS ]J. Intel Xeon Phi coprocessor high-per-
formance programming [M]. BRE, A, = H%, 1% b5 AR
B &, 1 A4, 2014 : 92-96.

STROUT M M, LUPORINI F,KRIEGER C D, et al. Generali-
zing Run-time Tiling with the Loop Chain Abstraction C] /
IEEE 28th International Parallel and Distributed Processing
Symposium, 2014;1136-1145.

(8% 25 7D

[14]

[15]

(18]

[17]

(18]

XIAO C, WANG W, LIN X, et al. Efficient similarity joins for
near-duplicate detection[ J]. ACM Trans. Database Syst. ,2011,
36(3):1-41.

XIAO C, WANG W, LIN X, Ed-join: an efficient algorithm for
similarity joins with edit distance constraints[]]. Proceedings of
the Vldb Endowment, 2008,1(1):933-944,

WANG W,QIN J,XIAO C,et al. Vchunkjoin: An efficient algo-
rithm for edit similarity joins[J]. IEEE Trans., Knowl, Data
Eng. ,2013,25(8):1916-1929.

ARASU A,GANTI V,KAUSHI K R. Efficient exact set-simi-
larity joins{ C] // Proceedings of the 32nd International Confe-
rence on Very Large Data Bases. Seoul, Korea: VI.DB Endow-
ment, 2006:918-929.

LI G,DONG D, WANG ], et al. PASS-JOIN: A Partition-based
Method for Similarity Joins[J . Proceedings of the V1db Endow-
ment, 2011,5(3) ;:253-264.

(19]

[20]

[21]

[22]

VERNICA R,CAREY M J, LI C, Efficient parallel set-similarity
joins using MapReduce[ C] // Proceedings of the 2010 ACM SIG-
MOD International Conference on Management of Data. Indiana-
polis, IN, USA: ACM, 2010 495-506.

METWALLY A,FALOUTSOS C. V-SMART-Join: A Scalable
MapReduce Framework for All-Pair Similarity Joins of Multi-
sets and Vectors [ ] ]. Proceedings of the Vldb Endowment,
2012,5(8):704-715.

AFRATI F N,SARMA A D,MENESTRINA D,et al. Fuzzy
Joins Using MapReduce[ C] // Proceedings of IEEE 28th Inter-
national Conference on Data Engineering. Washington, DC:
IEEE, 2012 ;498-509.

LIN C,YU H,WENG W,et al. Large-Scale Similarity Join with
Edit-Distance Constraints[ C] // Proceedings of 19th International
Conference on Database Systems for Advanced Applications
(DASFAA 2014). Bali, Indonesia; Springer International Pub-
lishing, 2014 ; 328-342.



