Journal of Computer Applications
HEAHE A, 2018, 38(4):978 - 986, 1006

ISSN 1001-9081
CODEN JYIIDU

2018-04-10
http: //www. joca. cn

W EHS :1001-9081(2018)04-0978-09

DOI:10. 11772/j. issn. 1001-9081. 2017092202

KEFEHUEEREARAMRAR

oAk kA, A AN
(1. 8 PHIMTE 2B 15 A Br, T RS ¥ IH 471934;
2. IREAE B F R4 KB AL 3R 5 43 A B A5 S I 2 (VR BH BTS2 Be) . TR ¥ FH 471934;
3. ISR B LR ITENBNE, W %R 471900)
( # IS YEE B THRFS ma_youzhong@ 163. com)

B EATRANEBPLORBRBEMMUEEES OB RO RRE, LI RBLEBNRLE E4hB
AR ASAE I AR E F AR TR, o R B AR I R R AR R AR DA RAT T RAGRAR A
S BAMAMEERESNGEABERTTNE, RE0HNAEL AT TEHEBE HELE FHFEFARAL
AABAENHINEEBS DA R IERTTEATL, SAKEIRFT S RELE, RE, BB T KHHEH
Pl i & 0 @ e 0 5 TR R R AR R E L,

SEEA : K% fa i £ 42 & 79 ; MapReduce 422 ;K & UL 4R

fE S TP311.13 KR EE A

Research progress in similarity join query of big data

MA Youzhong">", ZHANG Zhihui’, LIN Chunjie"”

(1. School of Information Technology, Luoyang Normal University, Luoyang Henan 471934, China;
2. Henan Key Laboratory for Big Data Processing and Analytics of Electronic Commerce
( Luoyang Normal University) , Luoyang Henan 471934, China;
3. Depariment of Computer, Luoyang Railway Information Engineering 8chook;” Luoyang Henan 471900, China)

Abstract: In order to deeply understand and fully grasp the reseafeh progress of similarity join query technology of big
data and to promote its wide application in image clustering, eatity/resolution, similar document detection, similar trajectory
retrieval, a comprehensive survey was conducted on similérity join query technology of big data. Firstly, the basic concepts of
similarity join query were introduced; then intensigetstudy on the big data similarity join research works for different data
types, such as set, vector, spatial data, qréhabilistic data, string and graph was elaborated, their advantages and

disadvantages were analyzed and summarized. Finally, some challenging research problems and future research priorities in big

data similarity join query were pointed out.
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Tab. 1 Similarity measurment functions
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Tab. 2 Related works on set similarity join query
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ROBESEFR TR, BMEKEE,Brute force BILBA AT
A, TR EAHEFE - E TR NEER
RA AT — R R b, (BT e R A AR B A
AR S L,

2) AU UE

SCHR[ 8] 7F MapReduce HEZR T, 2 ) T —Fp B F AT
U8 ( prefix filtering) B AR F) AL & BB AE UL SR AT 0
%o K8 ] b BEEN R B — i (record) RS,
BAiogi il RAn iR S T B, R &% B
£ 2T (token) MEEG . FIETRE—MIRBR IR,
HEAR B R MREBIEE T A 150 (token ) 32 JiH 1 AR
EHEISHTHT, /#3550 3dEE T HE 14
FEEIRTA] O HATHEY 525 A 1) p- B BEE A A AT
p DI ARE A B R BRI LR, BE Dy «, WA R
JAB) 2t BAABI(L Al =[¢+1 Al [+ 1)-87ZFf B K
(I Bl -[e-1 BI 1+ 1)-BiBREDSEH —NATEHIA (token)
RSN E & BT GHE A AT, X MRS E 2N
AL ARG bR FEA B AR, SCHK[ 8 ] #£ MapReduce ESE T 5L
BT AT B AR, BFRIEES N =AWE, 58 T HE
JF (Token Ordering) FH{L%+ 4= 5% ( RID-Pair Generation ) F5; &
#E B4 jR ( Record Join) , B BE B — 2% £ 4~ MapReduce
Job 5T, WHETH BN EE BN 2B TERIEES W


http://www.joca.cn
http://www.joca.cn

980 SR A

%38 %

HXGIHE B B B A BT IR GRS, By B
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Tab. 3 Related works on vector similarity<join query

Ba g Y| RETAE £ 4 REEH FEHEA
OSFR/TSFR!!"] [ = T DAA [Re4E, BT DAA WIFTHR L
MR-DSJ(®] i 2 FT IR 1
PHiDJ (1] fiKE 2 FT IR 1
MRSimJoin!20 -2!] =3 £ T PR BR R ik
— MRSJ_IDS[%] =% £ BRI
FACET!®) [ 2 T T R G A B 1 g
SAX-Based HDSJ[?] =i 2 ETHFS BRI R (SAX) i s AR
MP-V-8JQL%] =% £ HT L PAA i TEBAR
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HR[28 | B B x5 T MapReduce HESE Y KNN 3% 4 4Ar ify i) R
3 THR5E, R T 0 LB B, B AR I e A AR, SCHR[ 28 ]

IR T AR T A MIE R LR B AR B E L KNN E A
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NS R BRI IR — 4TS E T
A—4 730 53 SR 53 n A4, )5 B RHEEE K RS B AH
R Ry 7L, I H R AR R A  fE BRI T —Fh
FREBARMRGFZE BT UE, T R HE
—#H R, , A S 4R AT RN 2 KNN & 2R IES S (TTRE
BE SPETUMNEDR) BB R, A S, PRy EIET R
BIFT45%] KNN (94 #4558 . {H2 H-2KNNJ th7rfE— 2R 2
Z4b R EIR A 45 3R AN BB S A B R 4 1 1)
2%

Bk [28 1R ML 6L (7 KNN E#E M 45 R AR, Uk
[29] 4RI T — MO B) KNN EREFN AR, BT R EE
FET YL E (Voronoi Diagram ) X 8 # i# 17 R 43, HeA< B bk
X TFAENMNEES RAS, R MAEREILES
R R kA EARZR TR, R, - R ARIGEX R iy
B NTER B —ENIE, NES S hHB—RR
FENS o BB TER: Vr € R,,KNN(r,8) C5,,SH)
HRFRZE IR ES LR R AR, EERTPH
H—NFER ATESMM M FE S, 7 R, XA L
KRR R 2 A, WHHR R 2 AL E R B, -
R RWIE A P — R AR EA R #EATRI 43 02 Q]
A R KB —AFE R, FERMN S, AR HEFEEMES R
FEATRI IO, o0 S F K (pivot) BOEHE, FEH 73 IR T R
PLiEFE (random selection ) . F% 76 1 & ( farthest selection) Fil k-
means 1% (k-means selection) = FA /] AU FE 7 &, 320 41
AT T SRR EIE . SR AR, B AT LR )
BB R, (R TR B B S 4 )

SCER[30 1 i BRI AR 2R I BE Rl |, 4> B3R L T4
i KNN ( Distributed Sketched Grid based KNN Join using
MapReduce , DSGMP-J ) i #5213 {8, KNN( Voronoi Diagram
based KNN Join using MapReduce, VDMP-J ) & # & &, &
DSGMP-J &k, 1 45% F DSG( Distributed Sketched Grid) %if
73 [ HEAT R 43, SR UG 5T 3B — > BTG ARG P 0 B s S — AR
HE S|, XHEHL AT LRI A 44t 59 DSG 513k 5K R #B KNN
450 . DSGMP-J J7 52 BAR SL IR R LB 17 58, (H B AE AT 4K
PR o3, B 2 ERR M B S R I, RAERA T 8m
WRRI R AT P — R, 15 5 R R 4 X B hE
HEATRI Gy, FE SRR b, BB T — R LAY KNN 221 5 &
VDMP-J,

Top-k MU PE AW LA [31] PRETETF
MapReduce HEZ2 1) Top-k MAMIMEEEA M TR, FEE KR
BT WA EAITE L, 4552 divide-and-conquer & & Fl
branch-and-bound B % ; Sk 5 AR H T BIFh £ T MapReduce #E
WRHATRES , 53R ST 23R 4E P (All pair Partitioning
Algorithm, TopK-P-MR ) #01 3¢ 48 Xt R)] 47 2 % ( Essential Pair
Partitioning Algorithm, TopK-F-MR) , TopK-P-MR & -3 5 F
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B EMRRERES, FE AW BR LM, 5kl
JRERR) Top-k 557, SRIE B E /K Top-k &5 8. EHER
6 Top-k B, W] LAFI R B AV EI$2 & MO BB fT (b vk, (AR
REAtREHER 0(n”), WERW A HEZ R#HFETE
—ITEAM TR, A TR — R EELRIET
TopK-F-MR 535, R B E ol R ik RIS k&
/NEIEEES I LURIEBSME R Top-k Z5 R EVIER LA, AR5 1R 48
S EEEH AT IR 43, R TT Ll AR AR
W LB, KRR B T IRCR,

Bx R R4t ) &, SCER[32] PRI T —F BT
MapReduce fE 22 ) 3 47 Top-k % ¥ & ] B ¥ SAX-Top-k,
SAX-Top-k B E R T — M T REH AR Top-k H{H
I M GRS FRUL I (SAX) 1 T Ak
FR, BG4 H MapReduce HEZRIR L T 2T SAX (193747 Top-
EEEEIAEE,

SCER[33] 4 X S SRR T E T R MR 4
(Locality-Sensitive Hashing, LSH) B ES , 3% £F 1LSH AYliE
B S A RUR A A P R AU B bR T 2T
Spark ] Top-k AHRIMEEEA M 4. S5ET Hadoop K1 R
AL, CER 33 ] F TR RE RN, BAE T R,

3 REHKEAANEEEEY

BRI E RS ER NS MR ES R
S, R A R A MR BR M a IEEX . Hdr, i
PEAT LR s (6, I — 3R 5 F . — R Al . — R . — A~
NZEUEAE) (R (BB (BB (/N (B2 R a4
) H A ERART DURRICER M2 (ERE) %, BRIEAH
SRR, AT LA 43 Ry A 32 % 42, Top-k & He  KNINGERE T
=R REEES

SCER[34 1942 T —Fh B T MapReduce FE 28 1) 23 [H) 31
HE & FEE Pk SIMR ( Spatial Join with MapReduce) , ZE P
—~ MapReduce Job 52 AL , 7€ Map BBt ,fEE R T —12
TR0 43 R, 4 3 TRD K R R 43 BN R W) F X3, B —F I,
FRIEHRH — 1 Reduce {5 FTAEE, T HH{R RIS
¥ EERE TE TS RER MR 2%, # Reduce
MrEz, R S e -1 IEAE 2R TAL B, ZE ST UR B B, O T 3RS
TSR AEF R T Plane Sweeping £ , AT AT LA g Bt ik
MHEE . TS MR R SRR 3 B A R R F X,
1, BT LUTE Reduce i v BB H R Z WA MY LW, fEE 1R
T—METSEANFE, AR — X Mg R L R
A —IK .

XER[3S]H4r xRS MEE RET —MHETF
MapReduce FEZE /Y Top-k =5 [A] % 3% £ if) B 3% ( Top-k Spatial
Join Algorithm using MapReduce , TKSJMR) ,iZE R H k
M HHAbZS HBEEARAZEHNN SR .. FERE =N
BREH, B— BBl —1 MapReduce Job KL, HF—
BB hyEs R B, B B AR T A AR 0 A ) B R
B AR E RS R B, AR GRS BN RS
HAX R AR S E s 5 =AW B Top-k 25 FARIUMBL,
FEEMN E—HBERHSEITHE R PR AR R B AR
Ro N T H— TR MG T ik, 1028 T
DAELNY LA, 72 R B MR SR A T E T M R
B R TBARER R, R TETSE AWk, RN

T 97> MapReduce Job M3 B, /EEIEEEMW A BT T
G

SCER[36 1P 4R T —F 3 T MapReduce HE 8 () B 78 25
[8) B8 48 Y& 4% 27 1] B ¥ MRFM ( Map-Reduce-Filter-Merge ) , 3L
BR[37] & 562 T & T MapReduce HEHE 3£ R-tree K 5|
M, A Rree R HERM LR H T E T MapReduce
B KNN # il Bk, SCBR[ 38 ] b4t Xt 2 B E B2 0] R, #2
T —MHR TS 6 AR, B TR AT I R
5 Z I AL, B A S B T 'S M
B TR IR A (A A ) ) R

SCHER[39 1P 41 %t MapReduce HEZE T (1925 [A] o8 7% B2
R IEAT TS, 2 T E T RTS8 R b E A
HEE G B2 E AR ST IR BB, A AR E BB TW
Ak, W — 25 8T T 2 B G A A I B

4 BEHEAAUEEEET

SCHR[40 ] e MELODY -JOIN' S22 & 56 A RASE A6E 22 51
12,811 T & TF EMD( Earth Mover’s Distance) BEES fIAHLI M %
BEWMEL. REMHREE (WL RS EENEE BER
¥ R 1 RGB B MRS ) # ol LR E 7 B RER,
EMD BEES T LAAR S-4h i B B O B 22 A R A DL P . HUE EMD
B I B AR R B B R B 225, BT LME SR I SR AR
ME R RO ATERR AR 7 B HE R A 1 A DL 1 7 4 A A 1)
B, At o SCHR[ 40 ] FZEFFST T 404 £ MapReduce HEZE T 15
A BTE BME R B B9 Top-k EE AW HE, HZO0BR
S BT EMD BEES S R R AT AT, 1T RO A — RS
PR R , A TR R 46 23 M BESE 5 3 —4h s |, 3%
FEET Xl JFL 0 HE SR 500 1) B (B AT VT3 P DA 4 ol — R4 (2 )
EREEAW, BT FREREE EE T ERETETR
EFEAZER R Top-k MM E WL Top-k BNLI( Top-k
Block Nested Loop Join) , ZE & EESH=1HE, 55—
Bl b RAE I 8545 2] Top-k AHRIEE R EMHE EF B 24
WrBtbd « EE EA SRR ERNY Top-k S8 F =1 B &
ERITIAIH B R EE Top-k 5 b4 i & )7 i) Top-k £5R,
Top-k BNL] H W, B AR B E Hl m R (m EEEHR K
A0 , P MEERAARN R, A T X — M, fEE X
BHT —FE T8RSN Top-k AL EEE N E
Top-k DLPJ( Top-k Data Locality Preserving Join) , Top-k DLPJ
Bl = WrE5e - B — BB T8 R it
B Top-k AR A L 5 LASN, R 30 T B AR 35 AR 2 9
A — s R i AR, T LUK IR R B8 I AR 43 B K
MHFERFHE, B H BRI R E R /AL F I E
R, HE—TE R RE—NHTE, RS R FRT
I — AR EEES R BE « MTEEEREEFET R XHF
B—AFHER RTRESTE R, WA, WA LR KR
TRBAE LR AN R AR IR . BB FE AT AT
B ¥R Top-k G5 R IR 2R Top-k 455

MELODY-JOIN'*"! #E MapReduce HEZE T, £ XF & 77 4%
YRR T — A ET EMD B B (E A O R &
HA U B SR R R I AR R e 4623 EMD BB
BRI T A, AR5 R R B W M AR AR T
REEHFTR G ETRTES MRS E 1 HITE T
EMD BRI T AL, 20 R T RE R T 45 2 0 BIE, Wi
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AT E SRR ITT N B BT 10 s o A7 E 8 4 W gk —
K WE. FE, N T R BAENEE EEFRLTET
Quantile Grid [543 77 %% , AT 45 @ — 1~ BOTHE B & (910
FB R E A%, H 2, MELODY-JOIN® & 2 = 4
MapReduce Job 355 30, 75 2 #& = KX Job J5 38 8] ; 5 41,
MELODY-JOIN'*") #4471 24485 5% W AL AL HR A1 T 28 4471 3R (join
workload) , JG ¥ 7 &% b 2 5% 4 75 [A] 99 1) B 48 100 )R] R
Heads-Join'*V 5@ 33 8] A EMD R &HI [ A% MELODY-JOIN™"
AT T #—24 B, BRI L 4b BEYE Bl 7% # (range join) , L A]
PIAbBE Top-k %3, 744 Heads-Join H#E22 7F MapReudce ., BSP
1 Spark #3243 BT T 6

7 gk MELODY-JOIN'™"! £ 75 i) [} 851, SC#ik [43] vh 4R
T B T WS 8 804E R 53 HE B2 EMD-MPJ ( Mapping-based
Partition Join) , & R 752 )~ MapReduce Job BV R] 5¢ i, H %
PRI R EERAE TR YRS HT R BT
SEPR AR BT, EMD-MPJ 331 T % Reduce 3 (1) 7 224 My
B IS AT B S B A

SCER[ 44 198X K AR E SRR L THMET
MapReduce {3497 16 77 ¥ : 25 T Map sy i 38 (0 2 EE fn L T
Reduce sipid A9 82, BT Map it I8 BB KR EER
R ITAERER , £ Map 35 I8 263075 7T B 15 H At A i K
BREGHUNES HERTMEE; BT Reduce Spd IEHEEHE
B R ER A A T REER BN DL BORE R R )3 R Bk S s
FEARRU BRI RSB

5 FRBEMUEEEEN

MER ZFER . EHFEENET AR T W R
el A RIRRAEA T T I ER A BIBTAT, 3542 TR A
Btk g R, ek (51 - 53] EERGT T ET
MapReduce HEZR ) FAF BEAR T3 RAR D M R [
B, O[S ] R B R A TR B M AL EE R, U
trie WEEH R LR, SR T —MFT RG] 451 PeARL, PeARL
Rl — &5 trie R, B8 ie R AR T LAFEATIH
(prefix) F LA FAFP . FEUEATEIEA AT, master 5 5 5 5
MR S FFRE L A wie B, 41X wie B H) & —FF BT
R TR B AT Y SR IR BE R, ISR R T 4R E R R E, i
X ST LU e B AR A, ERLR B T R
(FRERT ) B, A —A map task, DIMSHE, &
— AT REAH LAY F-4F 5B 7 s 5 A R — > map task, 325 LA
TR R B AT B 22 W L bR R R .

SCER[52] FEEXE TR WAL HHHAT T R, A
PIUASCRpEE TG MO (R REMBUE) W B ER.
R TR SCER [ 8 ] AR A B U AR A HE AR B R 5 )
B SCRR[ 52 T it T — R E T RIS 2 0LE, 847
A e B A B R o U T A o3 B, A0SR B AR SR AE A
ENEPEER - MHRERTER. ETZSE, BT URNE
— A B A~ Chey yvalue) X, 3XRE LTI LABRAG #4709 1
R R T HE— > (hey , value ) X R B R, MEE A2
T—FETEIFME L, AT LWL, 3C
HR[ 53 ] %F PassJoin ( Partition-based Method for Similarity Joins )
HECUEATY R, R T R ERNE Y PassloinK, 344
4 MapReduce ES2 , %} PassJoinK B3 1730474k, 20 T 0T
R FRF R AR E A P PassJoinKMRS,

6 HHEEMUELEEENR

SCHER[ 55 ] Hrétxe it B B4R 1 A B e 8 A 1 (el AR, 48
BT AT R A A G B 48, AT LA R B 3 T —
FR B 3 T L U ok BRI B e AR R E T
MapReduce HEZRi 31 T A4 & i B S0 40 UL 1 B
Pio SCHRLS6) FEHISR T E T 4B M5 00 B It # A
WA, RN T — MR B -5E” HL sl R s
MGSJoin( Graph Similarity Joins in MapReduce) , 3% F A5 [t I8
BEARFBDICRITE R E LAY, F R LB EER
WS-SR LR UG UF Y B RO A3 . SCRR[57 ] B T ¥ & RDF
BRI EEA AN, 4% RDF $(4 # SPARQL £ 4:
1S REEERAE , WA LB R, SR LR AT,
RGeSV B TOR T E R RE SR, TR SCHR[ 57 1 i T
#= T MapReduce HE4RHY 4L RDF Bt S 87 R, HEKIR
4R B RDF %4 1% B iR ] ( predicate) #EAT /41, B — 1R
A X B — A~ IR TR SO 4R 5 AR X R R SO B AL B 4R
SPARQL #rifj#%4 i — F 5| 1) MapReduce Job, HH ] G4 &
MEERBRIEEERE T —MHANRIESEHET (al
possible join tree) R A 1 BEMBUAT IR B KIBRMN
BERIR AR AR IR, DA BRAT B bR A Wi o ) 7]

T HRIERE

ERT S HEFR R T X EM AR BB L (EE5H
PN BB BRI 55 ) 1) R B A L R A Rk
TROGERUE T —L R, (FIR AR AR 229k SR 1 (R A
B — P WARE

1) R S BB AR B M S AT B

“EYE” RREARN — N ETRE, BE T PUDEE .
AR E A R AR AR BIR R B W A R, S A KR
ARG A E IR REARE R — N E R R, S4Em
EH IR R W IR P KPR — Rt s
HEFR. YRELERRE, AR UMIE RS yERE
ST RS EIG GEE RAE” B,  n E 4R T KRR,
R W IB AR R E AL, M2 i — e AR, B 5
BEEEANEER . R S e R E sk, B
) B YEE B ARBIE R, P 1) 8 2 A OUE T B 2
LB B S S EEM N BE S IERANY K, A%
MBI E L R gk, AR ETREBREECLS
TCIAE SO B A A i B A D M S A (R

2) BZBR RN KPR DI A iR .

ER MM EEE AR TEEEEPER RNES
PR AR EUE MM ERIE . AW, R T X =R
Sh B F R G5 N A M BHE 28 2, B B B ) 5
B B EBUE B R XML SO S, R 2 i 1E
AT A2, AU RITTEAMTER, B, hFREAR, C
A AR R BOR IO A Bk L B & A 4L
AL, FH, TR EA WX RS A M A5 AR 4, B
FOR B T B BRI T R

3) HEXRBEEA M EEE R AR,

HRTM K BIE MU E A AHEARKRBEET
MapRedcue fEZ2 , R 1fj , MapRecduce J&— it b HAE 8, 0Bk
BRI A WA B XA 1, BT Spark FH 1T HAE
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R B ARBARA S A A EOR , A — 2 IRABT
Fio

4) BT A A > L L KNN B AR

SRR BURIA A BOR AR UL B R 4E 1 B KNN & A
H— BB BT R H )R UG F AR AR B (L B
S, (E A BEAT SR UE IS A RS AT 0308 =2 Tl E) AR o7
KA, W KNN EEAASRR R, Baasd B 855
TEURIR A BARMEE G, 1d 52 5 1977 R X R AR e 7
PRECHEA T2 > (A2 ) B H) LSH. bR B BEASR C IR 2 M AR 45
A B TS BR Z B AR A B AR . TEUCEER b 45 A
MapReduce HE4E , #F 52 &4 4 [i B 347 35 1 KNN & H
%ALY R A,

5) i 1ig BRAAPR I B R BB DA B A T B R

BRRAPR IR R AR AY — A ERT ST IR, BB R
I8 ZEREAE A2 AR SRS T RN ARG
B AT LERR PR AR LR T HET P AR B RIS, SRR SR PR
FEHBARAP SRR , SOy — R AR AT ST IR . BT, T
li] BURA R 37 B K A (DA P B AR T BOR B 2 T AR 4 Tk
BB, FEAE— S UABTIL, Bl a0, 0T L2 506 2207 e fL 4%
BT I AR 3P BOR B BB EAR U i B

8 45iE

FRMEEREAWE 0 EENRE B RS EIRE
MBS AR D o Rl B LR B A BT 1<
BEXTRBR B AR U B AT R R L TR kAR . ASCEE
XA 25 [FROE LB 5 A TR 28 AL R 48 59 ALY
B BAERASC TAE AT T WRABIF, S AL s s S
TIHMBES, BJE R T RBERAR U A TR ESE T
PR A
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