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Abstract Data quality issues will result in lethal effects of big data applications, so it is need to clean the big data
with the problem of data quality. MapReduce programming framework can take advantage of parallel technology
to achieve high scalability for large data cleaning. However, due to the lack of effective design, redundant
computation exists in the cleaning process based on MapReduce, resulting in decreased performance. Therefore,
the purpose of this paper is to optimize the parallel data cleaning process to improve efficiency. Through research,
we found that some data cleaning tasks are often run on the same input file or using the same calculation results.
Based on the discovery this paper presents a new optimization techniques -- optimization techniques based task
combination. By merging redundant computation and several simple calculations for the same input file, we can
reduce the number of rounds of MapReduce system thereby reducing the running time, and ultimately achieve
system optimization. In this paper, some complex modules of data cleaning process has been optimized,

respectively entity recognition module, inconsistent data recovery module, and the module of missing values
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filling. The experimental results show that the proposed strategy in this paper can effectively improve the

efficiency of data cleaning

Keywords: multi-task optimization; massive data; data cleaning; Hadoop; MapReduce

1 515

KT EENEI G s R IBEHIEE
ARG AT EEZ B AWk s
sEF
11 HAIREERHEEX

LA Al (0 R T R4 22 1325, R R AR T
HHE A ) b . T 3RAR SRS R
AN AR S FE NI B FIURE RSB AN it . 1R
ZRAFEIHEE T A RES o, BN IEE
YHHEAE S TR, REsMNE,

(ERSS R Sl 73R % - WA K FNE | PO A €123 R (i)
ST SRR A, AR AT e AR REPE ) J5
B GitEM, EEMA 1%~30%1) B 7 7E %
AR R, BT HOR P 13.6%~81%01) B
MR A2 BRI, AR YETTI5HT AR Gartner
(A, BRI E 1000 582 AT 25% 0 4L
PEAIE A ERR . Bl 57 & el A4 f i T L Y
S HTRIT 7T 22 TE 8 SCH IR & A R AR 5
153 B i T2 a2 5| S ) =97 S5 R8T 98000
2Pl RS 2 W RO R B R R AE T
FEE TR OTVATHR, BEEIETE RGNS AE .

TE B H 0 Ab F 4T, MapReduce ZwFEHELL/E
R T EBRAT AT A2 T R AEZE 4% Google.
Amazon. Yahoo!. Facebook LA [E Py HE T, Bif
HEEBFEREERMARZANEE . # Hadoop H
TilgEHIR GO BT LMESE: GHAM. &
Ay R, mEdEt. PR AEEET
MapReduce [P & 5 FEIE VeI B AR =42 1

TS HE b B B A AR A R AR = B
TR A RO TB) A, Xt 51 1 AT IR AL S
SIHTHINER . 4HT S G A NI IR 7 R s E
MEIRE RS, AN BN RS R TR
[6-8], -t A H rp (R ACHE — Bt [9-11],  SEAR IR
UN[12-15]5% il EHEATRIEFE ) o SR ILAEIL AT AR
5T MapReduce FIEHEEYE RGBT T -
WAEJLF B A ) BHE o b AR 55 # T DL A
MapReduce ZmFEHESE RSN, (H 2RI AR
FE4 74 TU A ) MapReduce, 3£ T MapReduce (175
HHIE T RGMAG I AR IR TS A

FH R T A IR T R 48 TUAR 1) MapReduce, M
20T ANIRURE A 48N T T St o
12 BERRILRR

I EHEE R G NE 1 PR, EAE Hadoop
B S, PA— A RIS SR AL B RIS
He o B n L, AR SR P S o AR e A
B MEHRORACEE, i RV TR AR e o
HS5H TR BRI . RS 103 B SR
NN AR FORBIN 5 2255 U 1 S0 BLUR IR P AL
PERIVER o 4 R R B SR 7  080e 1) T S 2
LB IRl AN e Ja (0 s (1o LU O o SRR
AR R BB T 70, Herp ek BlE e [
— LSS S SR R RS, AR R PR SRAE
R FHHAHAE . A BuUa MRS R B HiE
S AT A 78 73 I B2 ST K 12 2 204 5 R
WU FRIR S o B SH 78 78 2 A 0 5008 e 2 7 2 I 3R
FEo FH AT AR 53 AR HOR AL B BT A8 21 ) K3
o B )

iy THHRER

A H B

B 1 EEREEFRFEERREME

1.3 A EREMEMAIL G E

R ERGHETHESGIFNIAATE, K5
X} HE T Hadoop 7 & 1)ifg S5 KRGt AT AL .

—ANSEPRI) RFAEAE TR EIR 25 MapReduce
SRSEHL. MRHE MapReduce w2 7 SRR s, EET
TR — A A O R R 2 W BRSBTS
FH—% MapReduce 23], HRTERZHIEN T, X
iR R ER, R ZAEITLRM
MapReduce. # 7] L& IS AT EIF, IFEA
U TR 2R G R % B 5 AT & E MRS R AR
IR T LAk J5 R Se ) MapReduce 58 50R1 10 Vil
e A BRAGE) H B

552 SR 58 07 10 A ) ) A S s B AR AR 7



1 MRS FE RS SR KRB B s Ped Rt 3

15 MRShare[16]F1[17],J5 & & 7E B & LAt Kk
TR TTVEF S AR 2, A RcRiR
FHA AR B 2 - MRShare % 2 A>3 A0 F ) map %
N B AR5 G R —MESS, DR
U, MIME BRI H . B9 53R 5 T4 1)
BRI map i tH 1 sort AR i 16 FF 2 FiT i 24
SERTEUINET map i AR, A A AR AL
R
ARICHE I TAE S & A E AR B 5T
AVE SRR [F 4 N SO ] S SR T A
XA AT AR/ MapReduce 56 B T
D RGBT ] B XEEA R A HELE S5 A
BHATRA LT, AR B R ROR .
1.4 ACH9 STk
R EETTIRE -
® R —FhIET MapReduce HIRFHZRGHITLAL
Jiiks
o I EHIBELRG T IHHEB AR RN =1
MEHRFEAT H R 4 AR A T &
® I U E U R G A A B ELR AL T S B
177 RERXT s
1.5 ZACHIZEH
A 1 FAAY R EENEMAR LN, 5
2. 3. 4 TR i Tk S SRR, B 5 TR
HSLIe g WA, BJGAESE 6 A AR

2 MARISEEIR A

SRR, TR H R — SR AN R R I
o AE PR RIS F— 3 R RREAEEA
EAFMER, I HAEEARE A8 AL b ARy
SR AT R R E R, BRI T A SR A
EESS N5
2.1 ERIRFERN R

B 2 & SR U AR AR

B2 SFARRER
1) WALH. RGEEANEELE I AT
AEHE, R TTAn E— M S

—— SR ID, J7fHE S A

2) PP BHCHAL PR B S

A F R YR T WP B, AR R IR T

®;

3) SR XF ST, X E R

R R I S TSR AL S BB REAT

OB, KT BRAE AR ARG bt BSAE ALUR £ 5

(G

4) ARGy ARIEARAU SR SO A A

I o0 P ARl o R A S AR A R

DA bR S R R R ] A 2,
Z#[18].
22 RS

BRI TR AT D S PN SR R,
XA PREE REEH T N K (N 9 ab B &
FoAAEBIENED, T H S SR SRR ) A
Pt R AE B — @ Itk EACH . n R AL B A R A
SEARVUNREIEAE — AR (R GESEPRR I ot
FERFERDD, A FE R AL S 2R,
I H A BRI S N B T i — ., R GEx A KL
PRI 2RI MK . IbAh R G IR 3 BOAT 55 #0875 22 7H
FERAMI B . AT EORE 70 T AL B AN 1k 4
A BESRANSLAR R & FF i — IR RE Ak B P A Jg 1k gk
M R B A7 — R st e Ak B 2% Ju 4L T A e 2 B e ok
WIE

N I AR STt S0 S A TR ) A B B H ) 0 S AR
re: FERID RIS IRAC BT JE 1, RO
AIEMHEREIER IR X R kA 8 1
T A0 B FRUAL BT SRR T 5 I AR .

g BRI T AN

1) VBB RIETFHE, map B BEAS R AU H 28
i ANEIEE, TR R E A . (HRN T
X #12 BRFER G R—— B IER G RES T
HISEAR 1D fEsk BEANFEIRYJE L, RGUAE map fii 2L
P f) key A7 —se@h, R key BTN E T —A
HUEE, i “ Bt B “ Rt S SE It E”. BN
MapReduce »&1% [ key #4770 351, Bl AHE—
Jeg 1 B B A (] S A P SE AR A it N TR — s ik
25132, reduce BBORJE IR SAE SR ID BT
ZEANAESEAR 1D o BN RARAL A FIHTD RS
B 1 WD RRAEE
BaN: KEE
fth: RIERSIR
Map<LongWritable, Text, Text, Text>

VEAEA 21



4 it Bl IR

207?24F

input: key=SLf£ 1D, value=Jt41
1.  FOR each <key,value>D0
2. FOR each J&7% DO
3. outkey:=J& % ID+"$ +)EAH, outvalue:==Z44k ID
Reduce< Text, Text, NullWritable, Text >
1. FOR each value in valuelist DO
2. S ID:=J@ 1 ID+7$7+ 554K ID
outkey:=null, outvalue:=all the 52{& ID in valuelist

Horp ik 1D REANTTAR T, EFEHEY
BONE— Al (478D BoEE— Ak 1D,
J&TE 1D 2 & AR TT A B .

N T2 B S SRR R0 B
% 1 s . Map BBl BT oAl s v 0 Ja
fvdt, SR 2 Pros. BIEEAH R SRS N
[ —A> reduce, Jf4mitt UBMER 513, % 3 For.

Ak Ja )0 A, map Bir Bt BE S 2%
£ O(n(x+x?)), Horh x ARHEASL, SEhrRA
X N ME/NE B, SRR R O(n) .
reduce i Bk 1 7E DN A0 B U P Fr 5 AN AR AR
g, HItHSEREN O(n) « 4F REEANYIRERE
B SR 2R 9 O(n) «

F 1 O EAE

JE BESAE 55 I MapReduce F1IC4 .
BN SRR (R R i sl B A
FLRE BT IR B 2 FE AT R FE O(n).
*=3 BMRSIFE

1$1
2$1,2$3
3%$1,3%2
1$2
2%$2
1$3
383

54 NI) 2 Fy e
1 ismar 2003 michael wagner
2 presence 2004 michael wagner
3 icde 2003 ajay gupta
R 2 ¥SRA map HiH
JEYE 1D+$7+ @ M S 1D
1$ismar 1
2$2003 1
3% michael wagner 1
1$presence 2
2$2004 2
3% michael wagner 2
1$icde 3
2$2003 3
3%ajay gupta 3

2) SRR TR, KB SEAR U AR
XSHI RS S SRR TR AT, AP
FAE I BN ORI T 1R — & 1 1) B AH 8] 118
sEfg 1D RELR—ANEERTI LS, Friax—
B FEA T ZB 0. B 7 ESH =1 MapReduce
{7 reduce B Bt PRS2k ID RS HIRTSR SN, A
FEATSE G XA B 12 18 R — SR i AR R

HF A RXt 24 Hadoop Ligf7#B k474
TEALER, Pt DO SEAR I B & . fER (R
FPETTH, M BN SRR T R A
A /INTTHI T ) — B4 AL 7 b BE TR R
FIERTLUE H, ARG S S AR DL S &%
AN BB %> MapReduce frH52 24 . 4k
AT MapReduce 32 %04: 1+N (1+4) =5N+1, fifb
2 JG 1 MapReduce %%y 1+1+4=6, HHiELL A
(BN+1)/6. IEF LU T N KT 1, FrAim# b K+ 1,
HH N B IE SRR . 10 A i JE AT
SN+1 KA 6 IR, 10 IREU D (E1F KRG T 10 11
IsF A2 . 53 40 H T MapReduce HISSHURY, R4
FA AT 55 B (R s TR R 55 905t AH R ks>

gi b, WHLS Lo, E AR gttty
FAEFE A B AL R
3

MU —HHIEREZE

TE SE B R B B 22 Gt SO 26 N o el 1 R
Jo R e v A 5 (R B i S R T E LI e BEPE LR
Pt CAFAE KB A —BE . A R GA Bt o
WA R BRI B, e SRR AI R, R
TR RIAT A — BB R
31 A—HBIREEERNA

A— BB SO R EAN AT .

1) RGEARHER A SCAFA ofds 5L
PEIFREAT FALEE, KBl sUE SUSAT & RELEOR
(KoA% I xF cfds BEATHIBARI, 5 )5 S b B

2) W AR B S5 R i Bt S AT AR S
B, [JAYIKIEELS

3) MHIKEE S RBATRIN, HWrEE TR
RRINTHRIA B EHIINTHBA—BUER
[ ER 1), BWBEADYR 3). ZIRN T G RGRE



1 MRS FE RS SR KRB B s Ped Rt 5

NFEHE, RGN SR MR ERE T4k
PR

4) MHEREIRIATE AL, RelEis U
PRAE R aaRE 3, B R 45 R AE IR H PO R
il

PA_E SRS SEAR U BRI T A 4, VR 4]
W22 CHR[19]
32 RGEothSML

A —HHHEBEE 7 RGN ERE —
ANMEYLH) CFD — U A W 7 485 B 41 5 2 £E
MapReduce i FEHESE B SCHL, FEASCHIRT TG
e

AEHH — A EEG S RERA KR
MapReduce Zite “ 735G IF 7 HFSRER AR
F—A~ Map 5# —#& MapReduce 1] 5 % (11155
Pror 582 5 MapReduce, H AT RGRCE T
B o NLFRATEA S RG VLR IR B 261 Tk
RS I,

1) PALBERRE

T Ak PSR P JE K90 FIAL BE 7 AR B T REAR ]
B RS NS LR, SR A
LR 5 A F, AT LB —A> map s sk
Mo HIEMWT:
Bk 2. TALBIER
e RSO
Bl PsLEELE R
Map<Object, Text, NullWritable, Text>
Input: key=offset  value=tuple
1 FOR each<key,value> DO
2 outkey:=null, outvalue:= key +value;

RSN, ARREFIEE R E T O(n).

2) A—EEEke I 2 SRR

AN — B R 5 8 B R R R RO
M 548 2 AR @ iE —% MapReduce SZHL, map [ Bt
WITCHEF K T M (M R\ e kAR s
SETRED, RE M SEZBME— A K, % reduce By
B R B LB om0 . B M RIAEAE 2
A EE RS R M, X RGUEEGE IR K
B R AE R GG WU S AE Y R I T
DAL B R, A st b ZR 3k B B R A )
HREMMEE IR T NIA SR A 77 2= 2
MH—A map BESEILE i ORI S5 2R T
.

K Ed S EE THRYUEE — > map K%L

Sl G, GRS RIEENEE B RN R
HRBEEIAT . DI AEHE R SRR, R
IR AR P A Bl N, AP AT
MR EMER . T IR A, AR TR
BiEMEESEEEREESINIRMTR. £IX
M TT R E R REEM T RAERRER
f%5 — % MapReduce i3 , 1EH B i S 45 RAE
Map BR8N S LR N T As R e . SR
BOE 3. A BRI 512555 — % MapReduce
HH Map 5%
BN THALEEZE R
. A I — % MapReduce (1) Map %t
Map<Object, Text, Text, Text>

FOR each CFD a =(R:X—Y,t;) DO

IF tuple[X]=t,[X] and tuple[Y]Ft,[Y] THEN

tuple[Y] =t,[Y]
FOR each CFD a =(R:X—Y,t,) DO

1
2
3
4
5 IF tuple[X]=t,[X] THEN
6 outkey:=(cfdindex Plindex:8trindex 1);
7 outvalue:=(offset,tuple);
8 FOR each tuple that not match CFD with variables DO
9 outkey:=(cfdidex, Plindex:attrindex0);
10 outvalue:=(offset,tuple);

Hrh, offset ATC R 5ME, tuple FIRZFKIT
4, fix_tag MEEFRE, HRXFEBEAEERT
BBE, 0 RpekASRFEBE, 1 TRATHE
1BHE . cfdingex & tuple 3 CFD /75, Plindex
% tuple /i) CFD KRR HIE oA Fr
, attringex PR 1% tuple FIAS—ECEE T & Y
, fixvalue B OY1Z @ PEAENAB R B4R .

% 3 BITHEL AR N O(n).

FERRAR R 3 .

T2 B AR S R SENEAR, B
R 4 firose 9 TAE T B, A AU 1 2% cfd
F—"~t,, 4354 01: ([CC,AC,PN]—[STR,CT,ST])
1 Ty: 01,908,_,_,MH,_. Map B Bokfg— &4\ K
e uH SR t R, T8 EiE e
2, RaidirEEEREE . B—Fulkf K
AR, BHAREBREET, H map fi
HoAE S FEE—1T. B ol kAERELER, &
RS REE AR RS BRI, H map it
NFESPE AT T

do Jo go



6 it Bl IR

207?24F

FrEE T

ARERIEE
5 —%MapReduce

%

E3 EXE3IRiE
x4 FEEHE

offset CC AC PN NM STR CT ZIP

109 01 908 11 Mike Tree Ave MH 07974

Tree Ave

150 01 908 11 Rick NYC 07974
Str.

190 01 908 11 David Tree Ave MH 03333

228 01 908 66 JoJo Tree Ave MH 07974

=5 EK Map IR

key value
0,0, 2, 1 109#01,908,11,Mike, Tree Ave,MH,07974
0,0, 2,1 150401, 908, 11, Rick, Tree Ave Str, MH,07974
0,0, 2,1 190#01,908,11,David, Tree Ave,MH,03333
0,0, 2, 1 228#01,908,66,JoJo, Tree Ave,MH,07974

TEIS A2 BE T T, A TRARBE /N5 FIAS /N1 AR
W7 R LRI R R BT LR, RAGHT S
B oA &SR DL K % A% A
MapReduce FJiT5 2. £ MapReduce #2401
10 KETH, ZR4tH MapReduce %8514k Bl (1)
1+1+2+1+1+1=7 ARG B 1+2+1+1=5. XM\
MapReduce fHURE RGHIINIELL A 7/5. AR
G TAE IS 43 THAL B R 1Y) MapReduce 7%
BT map, XA AHRIRR D> RGPS AT E] . B
# MapReduce fH>, RGH 10 REHHAH N
g, XTSRRI 10 FHRE .

g LR, A SRR R, A
BE T RG22 R R

4 PULRVERSK(EIATT

FESEBRIAE =g v, B Bk 2 — A ] sk
TIIIER, JCHR ORI TIE R & B a4
Ko MY — PR AN 2 DU 53 28 (1 Bk R 3H
FEHLH o
4.1 BRKREEFRRNE

B 4 B RAE SE SRR R

g B B% —Niﬁ@i)

4 BRKEBRFERRIEE

1) AL THREEOR] DT 27 24 5 SR
EIHFEEE TR Z IS H, e SaR e S
i A5

2) EEMHEES AT NS, PR
H 5 HR BT ERIZS, (R KA
SR BUER 2l

3) AR B B E I LA SR A T S S R0
HH TSR T

P(cIx)=

P(X|Ci)P(Ci) (3-2)

P(x)

DA bt SEAAR R IR R E A 4, TR 2R
Z#[20], A SO H B HCE Y ()R 2k A8 45 70 %
JEo
42 BREFHEML

B — MR BEILE A AR P 8] 1) 2
PRI R AT - SHAS TR N3k
(AN B, B 5l 2 500 oo AH Sk T SR LUK 1 A )
HAE 2% A1 0 455 3 78 J8 1 1) 4% P DAL 7 S AR M 2
O, FEVHHIE 70 ) 2 A 75 22 21 DA SR s 1
() 4 i HUAE DN 2% A B0 45 45 70 8 1 1 25 AT e AL
MEFMEMEQ, @ZOFH—HFEERE, @O
IR 22 A A G0 S 1 R AL o 10 R 5 ey A o
P e o2 2 AR R R zoc A fs . PRt
FESHULTH I 7R A e [RIRD 7 s e

A0S R 8 & W BOEBR R AT LUK I, £S5
1T map F KN map it HE A o
s, {H=2 reduce fi £t b R AR HEE M.
X AT 2 e 20 i I — AN & s A RE
B QL E R u A M mFe E 4 G il

Eoor B DUASCIR T — P S Bl A
PORBEERIME S G IR TR, EIESHfh
THA PRt B 2R 5 B R 1) o A
A% ORI k. HAEEWT:

Bk 4 ZHhIHEE
N EERIAE PBE SCE SRR T REEUE F SCAF



1 MRS FE RS SR KRB B s Ped Rt 7

By SRR
Input: input.txt. possiblevalue.txt
Map<Object, Text, Text, Text>

Input; key=offset  value=tuple
1  FOR each <key,value>D0
2 IF tuple contain missingvalue THEN
3 FOR each value in possiblevalue.txt DO
4 FOR each attribute in the tuple DO
5 outkey:=possiblevalue, outvalue:="#"offset+
attribute ID+attribute
6 ELSE
7 FOR each attribute in the tuple DO
8 outkey:=Tvalue,outvalue:=offset+ attribute

ID+attribute
Reduce< Text, Text, Text, Text>
1  FOR each value in valuelist DO
IF value contain “#” THEN
append the “attribute ID+attribute” on likelihood
ELSE

g b~ W DN

calculate the conditional probability of each different
“attribute ID+attribute”
6 IF “attribute ID+attribute” in the likelihood THEN
outkey:=offset, outvalue:="#"+the list of “possible value
and the conditional probability”

Reducefii A

P
(

I

A 4

&A% FAlikelihood

REHHET
likelihood

5 kit Reduce RIEE
Hrr Tvalue & &2 ndl e & FHHURERS L

1) J8 14 {8 offset 2 JFIC S 7E i XA W &
conditional probability Jv 451 J& HAE T~ 1 &1,
possiblevalue.txt & £ 25 ik S AE (1) AT fE EUE 1) SCAR ST
£, attribute ID AJEE ID RIEPERI5)5 . H reduce
B B AR o] LT 5.

NI ARAL B M EEAR, R 6 REE
T AE B S RAE T RE N y B n. BT & ocdA
BERRAE, WK AR B IEYR  EEATAlE R
BRAR,  PATTTE R TT BE U 1% BT 8 M IR
43, Map B B th 45 5 W34 7. Reduce By Beks &5
FRNBIRTIG, A5 AL B R )30 N S5 A 1R
RIFEIA HEE AN IHFN likelihood
CHTHEF MR T Emt). BFEEE
PEMEAZEAE T likelihood H I EMERHEATHHE,
a4 R 8.

o6 BBKERE

Offset A B c
0 n y n
120 y n y
178 ? n n
R7 BEAH Map i
Key Value

Tvalue/possiblevalue Prefix+offset+attributel D+attribute

n 01y
n 0,2,n
y 120,1,n
y 120,2,y
n #178,1,n
y #178,1,n
n #178,2,n
y #178,2,n
&8 BH it Reduce Hih
Key Value
#178 #y 05,005

AL JG S8, Map BrBEEE
4 FE N O(n+ ML) n AR S B AE e AL 5
&, M ASEHRERCAEEE, LR
REIUEMEH . —MIEHT M<=n, # O(n+ML)=
O((1+L)n). RA L N—ANE/NT n BIHEL FTbA
Map [ B892 4 4 O(n). Reduce BB 4L
BRI O(n). MUEENSHhTHTF R EIE S
F:% R O(n).

WALHT G, SEA PR RS R E—E
52 0(n), AT THHAMMAL . BEAFRAEIH T



8 it Bl IR

207?24F

Bty MapReduce 56 50R1 10 UEA AL HTI 3 48
N2, IEL N 32, RALBUR R .

5 SLIGEER

AR GAE Ubuntu 12.04.1 #4E R i1
Hadoop 1.2.1°F& I, H java ifi 5 scdl, WK
IEEN Eclipse. SEERISATHIARRERA 1M 4
e 12 GALERALE AEMFAEN Intel 17 3770 b2
#x, MY 3.4GHz, W1F 8GB, 1TB fififi 5[,
51 SEFRARAELE

THERF IR EGUIR T, FrA L5
#a/e ok H DBLP [ HESLHHEEE . B0 RGHRR
S AT R, BRI HAT AR FE A (1 )&
PEANEC =N 7 ISR R G HR AL R
5.1.1  HdRES BRI R 1520

PN e 758 1T S NN K R E Ry & i) A R
SEUGR FH HH SR 4E DBLP Hdi 4, kA
title, author and co-author, journal or url =™ gk, %
BN 8 13.2M.32.3M.64.9M.97.1M.128.9M
PIEARAE LB . S8 v & 8 PR AUE 7 3 N
0.9. 0.05. 0.05, sEE&5HRWNE 6 Frax, wWEEH
HHEES W R ROIR A0, SR Bt 7
FH R .

FR s Ar RIS
5 fita

TR REEE

10w 25w 50w 75w 100w

Bl 6 BIREAKNIRILERIFM
5.1.2  EHERIFAT AR R BRI 52
Reduce MECH AL SR ELR

AN
,__—/\_“’

=i
s

BT (5)
- 8 B B & §B 8§ 8

10

7 reduce NMEIMALIREIFNM
g% AR Reduce MO R
Wi, SRA6 R ] SR 48 DBLP Hia e, e

HH 11 title, author and co-author, journal or url =/™J&
P, BB/ 5 128.9M 547 100 000 £&ic (1)
AR AE AL E A . SEI0 & 8 1 I AUE 73 0
0.9. 0.05. 0.05, % & Reduce M~ 2. 4. 6. 8.
10 SEER 4R E 7 Fow, ZEANFIRFEAT AR B A
HRR B &
5.1.3  EdEAE 1B M BOM AR AL BUR B 5
BRI TT R F AR R A DK
T ETAEYE, ot T AR . SERR AU AT
8 AN O AR B . SEge 25 SR 8
Frow, (EARERERE R/ GEgZED Midskir, B
EeRle e kIR )R ERINRE R RERVE P9 0 TN
IR T DUE B M A B ) T B R R R,
ARG R B2, RALHTIZ AT RCR G B
H 2 B J 1t 3G I A R Rk i . AR ST AR
A T AR &) /2 R GEAE AL 22 J& 1t I AN B 78 7 )
R ANEARE, I B a3 b B — AN @ g n 1
MapReduce 5¢%5; {H 2 AP 5 & Mol AR AL 5 1
J7 Zr A EuE B 2 RULET, IF BACE R
GRS, F7 AT ERLIIR .

B SRR R
600
500 /
£ —— A
£ ~ e
£ /

g

g

El8 BHMHxies RN

52 A—HHEHEEES MR

N T IR RGAE S A I I TARIRAS,
SEE6 R SR H B SR 4R Adult fdE R TPC-H
AR EEESE . BET TR Adult £ S i bk
UESEES . fEN THEAE S By R IEAT MR IR
S
52.1 b sLEs

SEHSR FH SR A RO S 3L 2 2% ofd, 3t
H 5 AT, WR¥E ofd KHEBX 4 Nk E
Adult s 5 () o E A T HE N R, TS
Rk BE 2 SRR . SEIR SR A RIS IR 25 Rk 9
Frow, I SRR B R S 7E B SR AR B s ik
RS, Ffratiteds £t o,



1 MR 55 He AR5 6 0 B R B Bl s Pead AR DAk 9

F 9 Adult BUEE _ERIMNIRELIEIESLIE

HH Bt
A Adult
AR DR A 45000
cfd # iz 2
tp Bk 5
reduce M 2
HeALRTIE AT 18] 238
Bt S5 B 171 18] 171
Lk 1.39

522 ¥Rk

I UEAR AL TAE 7R A [F) /N () £ 4l 45 1 1R F
BHEMRMRR G T ALR . SSRFAHTH
TPC-H A= %K lineitem. thl 2 = f 714 i 11 A= B L
W4, CFDs HH—%k cfd f7% 2 2% t, MUk, SiRsh
S 9 Frow, nl L BE A EE AR A R R R BCR
LAY, UL T B RUF Y etk

TR EBEIRR LR RALR

600

500

400
2
%gm —— UL
& s
!;ﬂm

100

o

100 200 a00 600

B9 RMSE
5.2.3 JHTIESELR
REHIEFFATRE AR RCR B2, &t A
Se . SEBGRIF T TPC-H AN lineitem.tol 2%
i) FLAN R AR SR 4 CFDs t—%% cfd £1.45
2 %t Mk, TEILE 10,

Reduce 1 3oet (RALSE R AW

|

——{EE
s

FEEATHE ()
e ow o w u
- 8 % & & & 8

10 FATMHIEUESLI
5.3 BRE(EEFEMULEE
N T BSUE RGAE LS PRI ) TARIRES,
AT SRR R R B R Sl £ Adult

(www.archive.ics.uci.edu/ml/datasets.html) 1) i 3z 1
H TPC-H A= sl a4 . 347 17 17E Adult #dE -
(R R XA R SR SE 56 . 78N T8RS -
(37 5K A S AN AT VRS IR S5
5.3.1  GRRFXARCR AR

ot ke 0 (RS SR R

/0——0\’

—— At
s

AR (5
- % &8 8 8 § B B

10

B 11 SRS RN

S A2 FE TS ] RO R e ) Ak 45 R
[RIRZIA, G I SE R AR 3k — e B b (R 2D
B AL L At A R S5 P 75 (1) & P R 2 ) H
ARSCIEHI T 9 AN B HUB SRR B 7 FhEUE,
SRS AR LA 11, SEEG 5 R IE T EA R Bk 2
T ARSTHRBE AR A T VRS RE SR AL AT AR Ak AR
3.
532 ¥ REMHELRIESLE

ASZIG ) F B TPC-H A= 12045 3% lineitem.tbl
LA AN B, 2 BN A (10 % 5 R A%
SEIG T A . B 12 FroRsEIRaE R, fEA
[F BN BIIE LR, A7 ZHA A 24 G r AR
R, ST ZRHIE 5

R A RRAR AT

w
8

|

—— At
s

EATB (5
g &

8

200 300 400 500

B 12 4 RIMWITSII

5.3.3 JFFHATIHERIE S

N T BUE RGAEA AT TR BT BRI AR
o Wb T AR . LRI H TPC-H A
lineitem.tbl £ 3%, H¥akILAH 5@, 3000
000 % 7us . BFEALE SEHERE — 51 5% R (6t
KF B5%), IRIEAFRRIHATHIEE T KA
RO . SEIGAE R LA 13,

TS ERREE b, R ET 5 BT 8CR AT



10 it Bl IR

207?24F

REEHE FAT WAL (S T AL 4T o X5 RO T
SE R/ HCHE 4R 50d B reduce B H 2 AAE Y, —
R AT AR R &8 R G0 R 2 AR 55
SECHITFE . ek, fEAFRRIHT R T
R

Reduce T Hxf tRALERETHm

Pl

E: e AL B
% 150 fita
13 F[E reduce MIXMAKLE RIS
6 g

PR ATl Hadoop FRIBIF 6 A Y A [91T )
JHiG, X MapReduce Zi FEHEZLEAEANGEIRZ], Fr A
A MapReduce Bt iIE P R GERERBCRICN - N
UEASCER T — X% MapReduce ZmfEHESL 1511
ARG, JFEE AR ESIRERE RS L
IS o ASCHR S BODR AL TT 1A 5 0 S5 2R Ak )
A B E R, LA AR 26, 8
id ¥kl MapReduce #6401 10 (R EGE BIARAL I H 1o
PR T T, SERIPE SR ARRE AR E4ER X A
FEAER F 35 2 35T MapReduce () R G, S szis
25 R BEAT ORI 20 A BUR BLA SCHR S A LAt
TIERIAS R AT 52 B 4 B ARAL T i o

2 % x|

[1] Amazon EC2. http://aws.amazon.com/ec2/.
[2] Redman T C. The impact of poor data quality on the typical enterprise.

Communications of ACM, 1998, 41( 2):79-82
[3] Miller D W, Yeast J D, Evans R L. Missing prenatal records at a birth
center: A communication problem quantified. AMIA Annual Symposium,
2005, 2005: 535-539
[4] Nikki S . Gartner warns firms of « dirty data “. Information Management

Journal,2007,41( 3 ) .http://www.allbusiness.com/company-activities-manag

YANG Dong-Hua, born in
1976, Ph.D. , associate professor.
His research interests include
massive data management, query
processing, and cloud computing.

ement/operations-qualiy-control/8901885-1.html

[5] Kohn L T, Corrigan J M, Donaldson M S. To err is hum an, building a
safer health system. Washington, D. C., USA: National Academies Press,
2000

[6] M. Dallachiesa, A. Ebaid, A. Eldawy. NADEEF: A Commodity Data
Cleaning System[J].In ACM, 2013.

[7] C. Batini and M. Scannapieco. Data Quality: Concepts,Methodologies
and Techniques[J]. Springer, 2006

[8] J. M. Hellerstein. Quantitative Data Cleaning for Large Databases[J].In
UNECE, 2008.

[9] G. Beskales, I. F. Ilyas, L. Golab, A. Galiulin.On the Relative Trust
between Inconsistent Data and Inaccurate Constraints[J].In ICDE, 2013.
[10] W. Fan, Jianzhong Li, Shuai Ma, Nan Tang, Wenyuan Yu. Interaction
between Record Matching and Data Repairing[J]. In SIGMOD, 2011.

[11] Wenfei Fan, Floris Geerts, Nan Tang, Wenyuan Yu. Inferring Data
Currency and Consistency for Conflict Resolution[J].ICDE 2013:470-481.
[12] W. Shen, X. Li, and A. Doan. Constraint-based entity matching. [J]. In
AAAL, 2005, pp. 862-867.

[13] S. Chaudhuri, V. Ganti, and R. Kaushik. A primitive operator for
similarity joins in data cleaning[J]. In ICDE, 2006, p. 5.

[14] R. J. Bayardo, Y. Ma, and R. Srikant. Scaling up all pairs similarity
search [J]. In WWW, 2007, pp. 131-140.

[15] W. Shen, P. DeRose, L. Vu, A. Doan, and R. Ramakrishnan,
“Source-aware entity matching: A compositional approach [J]. In ICDE,
2007, pp. 196-205.

[16]T. Nykiel, M. Potamias, C. Mishra, G. Kollios, and N. Koudas.
Mrshare:sharing across multiple queries in mapreduce. In VLDB, 2010.
[17]Guoping Wang and Chee-Yong Chan. Multi-Query Optimization in
MapReduce Framework. In VLDB, 2013.

[18] AR, FF &, K8y, g, @%:. T Map-Reduce I KHUE 5214
WA, 8 A O 2, TR S R (T
2013(S2)

[19] &%, T%F&, #il, @7, FET Map-Reduce FIKEHRER KL
Wbk RN SR, 50(Suppl.): 312-321, 2013.

[20] &%, k%2, TRE, PP, @E K¥ds LT Hadoop
A — SRR 518 K, MR Dl KRR, 2014

L1 Ning-Ning, born in 1991, M. S. . His research interest
is data quality and data management.

WANG Hong-zhi, born in 1978, Ph. D. , associate
professor. His research interests include gXML data
management, data quality, etc.

LI Jian-Zhong, born in 1950, Ph. D. , professor. His



1 MRS FE RS SR KRB B s Ped Rt 11

research interests include big data, database and wireless sensor
network.

Background

In recent years, with the growth of the information, dirty
data such as erroneous, duplicate, uncertain or inconsistent
exists in many database systems. Dirty data greatly reduces the
quality of the data and brings serious losses to the enterprises
and communities. Therefore, new techniques are in demand to
process dirty data to reduce its harm.

Analysis on huge amounts of data often requires a
relatively high hardware and time cost, which draws people’s
attention on the optimization of data analysis. Currently an
increasing number of people began to study the data cleaning
system on big data in the area of data cleaning system,
consistency of data, entity recognition and so on. But, at
present, no one has turned his interest on the optimization of
the data cleaning system which based on the Map-Reduce
framework. Now almost all of the data analysis tasks can use
Map-Reduce programming framework to implement in which a
lot of redundant Map-Reduce appear. There is no exception in
implement of data cleaning system. The optimization method in
this paper based on merging tasks with redundancy
Map-Reduce focus on the details and entirety.
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In the direction of Map-Reduce program optimization,
there has been someone did a good job. But most of these
studies have not been applied to the production system for
some reasons. We believe that it is not only worth the effort but
a crucial endeavor. Our method is simple and easy to use.
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