ERAREIR 2015 4E 4525 % 45 8-9 1,793 ~ 801

doi:10.3772/j. issn. 1002-0470. 2015. 08-09. 006

RYBELERGHHARERERE"

I mo

kAT

("HEBFEREEIAEFRER  JLE 100093)

(7B R FR

i =

=7 065201)

BT ABELERARNRF AR AR G, A TETAEERLETHEFLIA

WO AR BREAFHFE LB AL A ABELERRHATT 2 £ 2R BN
AT HAEFRERGFRAR, A0 T @ WAL B A AN F T %E A
GO G AR AE 2R, AR T RAE R T N kR A R SR R R, x ok BOHR B B A R AR
BBHATTRE, HHRWEGT S WHTINE EARD N BT URBRE R T

KARRBARL BB AN R A

YAl A A, MapReduce, Spark, #4715, AHEE IS, 2 A RAEE, K

¥

0 3 =7

I R TR 2 PR S ORI R K AR
P B PR N ®) B9 481, 2011 4Rk A4 i B d
B 1.8ZB(1ZB = 10" B) , #Rilt 3 4F A= E 1Y
FEED A T 2R s R A IBM
4 4~V Bl Volume (FtdE A E K) | Velocity (£54 LA
R R A ) Variety (RSB ZF Z 4% ) 1 Value
CEICHR (B35 FE ARG ), R 3 R 8040 ) 4 i, RHIG
WA AT R B A, Sl S M E R AR, 2
2N H T i e i TR AR R A
I, DAOC 2R BRI P A3 i 1% G i 8 HiL 55 4
A T L G T B8 4 A b G i 8 ) 9 B 4
PEAb B A B 3B W A, 2012 4R, 35 AR T
KRBT R R W R B s Ao S W
TR Z T PR E e, AT C &4 T R B s
R IFA TR AR

Google J& R E 4l B AR W A9 571 90 # . M 2003

PR, Google Fili 8273 FF T H: P 3 5 Al 5% it F4) A% 0>
A, 45 GFS'Y MapReduce'*’  BigTable?'  Chub-
by'*' | Tenzing"”' | Dremel'®’ | FlumeJava'”' | Pregel'®’
MillWheel ®" | I SpannerHH =
HDFS'' F1 Hadoopm] 4y 52 Google 1Y) GFS'
MapReduce ™ £ AR 1 JF I SC 8L, M 2008 4 TT 3,
Hadoop | {Z JiATHEAR , S T KB kb L 052 5
I FH#RG 2R L FE 48 Hadoop FFJ& T K& IS
TAE AT A i K B Hadoop AHOCIUEAR 5 R 58, Bk
W42\ ) % 3k i ] Hadoop A , iX ffi 15 Hadoop i jH
KRN — G IR  JE R AL X RS R 58, XA
WRFEEE A LA, 25 BN 2441 5 R 43 B
B Spark ™ 2G5 W B R Ak B R 5 4 i F b
BN E A ) A S, 3 58 S 1 0 A 2 TR
PR IR 22 07 TR DR, A 458 T 4 5 A AR A o5
PR T B N R TG 2R R BR AL B RS 45 . B
ASET Spark AR B 2875 P9 41 A HLBK A 7
83 Tz i . Hadoop 1 Spark B4k A4 % I
EHL B A7 i RO Ak BN N A U A 2

MegaStore o

O  FEZRHFERFHA (61303060) ,863 714 ( 2012AA01 A401) 1 B2 Bg 55 T 4 1 (XDA06030200 ) % B3t H
@  J3,1980 4FA: L, BYERBFST 61 5 WFFE 5 1)« KB Ab B BX 2R A, E-mail : wangpeng@ iie. ac. cn

(e B 3 .2014-12-03)

— 793 —



FAORIEIR 2015 4E 89 H 5525 %% 45 89 1)

o BP0 BT A BRAR TE A0 B8 1 B, S At —
Wz 1, Feir LRI THAT 55 Re i He e ) L PR i Y
I8 e R RO IR . BHRTHY — DR R
PR e — R GRS B 5 R B R 4, RS SR 2 bk
R ARE SR, L VF AL B SCA TR Web IR 55
S SATHEAL 55 SRR R . Bl fs 5B 3
SRR AT FER LA T 35380 I 55 45 2H A B A vh
1i6i% PB U , LK Anfal 7E PB i 4% F 34t —Fh
KRR, Fev/r R i3 S 8O , 14000 0C R AR
J% I 5 BT, L BigTable"  MegaStore' "’ 1 Span-
ner' " AR BB B B H AR AR, Bd
Ab R RS T AR AE L S g AR S Y
ATERIUBERE IR Y . R RS IL
)BT H ARG SR 1Y K11 4 e 38 B A 25 4 1
FITRT I I R AR e 11 4 . 8 KB I A, 2R BRI
W R T 5 P& RE I d BRAE S, 3 A K™
JE TR FR T 2 A SRS I I B 5 i
5k

| kHARAE R A A

REAEALBER G2, H AT BEA 22 TA
M3 ST5HE o T T W AR BOR Y R R BUIR, A S
AR B8 A FNE I S B WA g B XA MR Y R G
Fror2k, — T BIaG 1 2Rl R GRS HIVE L 5 —J7
TET 1] 76 3] i A AR 1) 2 1 40

(1) AR b33k

BB F B, H TR R GE T AR 7 it
AbR TR AN S B A AR =2 AR AR G
SRIE R G Ak i, 140 Hadoop REGEHE (7 THIL
AbHR PR AT T LA DGR 1 — N F 5T S, 1R
Z N SO TS R I O EOR s , A B RE S TR
FIRE/INASEIR PN 58 B, B ANTELR ) 4 ARSI
AVEBUN AR . H AR AR TR R G AR HE
Ry S4M Twitter [ Storm!™ | Google [ Mill-
Wheel ™ %k ) TimeStream''*’ 13 & i K 2411
SERIGM Y DStream' 7 4, A AT WM HT 3 B
FATF K B BE 1 B3 £ %, BN RS B Hive ™ 5]
Dremel ®’ \Impala[m 1 Shark " 25 | & fil SQL-On-Ha-

— 794 —

doop 5 R IEAT AL FH (massive parallel processing,
MPP) ZGe AR B, 56 T3 05 T A9 BF 9T T AT 2%
ZERSCHR[21 ],

(2) WIS 2k

MBI A B, BT Rt T A
R RS Z M B 4 . 85— dn PR HE AL
FUE A P RS R R, T3 06 45 i () (14T kAR 38 FH o
150, MapReduce ! 1 43 i g0 53% 22 18] 4 00 57 1Y
BB ; Piccolo ™ 1) FH 43 A =X P 77 A7 fikk 2648 Bk
B, BEAS I e 26 AR 55 1942 47 20K s Mad LINQ™ 41
HEHRASE ) B B, AT A — R 2R ML 2% > R
TSI TT 4

K1 X HarA R g E LR A 75025 . MAIA]
AT LA Y FH A BR AT ) BIF 5 e b AT, 36T 45 b
BRITNERA HIR Y R G, 28 0 A H A 32 24T
X G ZR B, X T R PSS 5 i e 1 B 9 A
> BRI THEA Facebook f) Tao'* Sz
B A A A R b T

%E]I?E © MadLINQ
O PowerGraph
;’n\ﬂ &l O Pregel oL
K
g‘g OlImpala
B ® O Piccolo O Hive  Q Dremel
O Shark
O Spark i
N O MillWheel
#£4 Obryad, DryadLINQ O Strom
© MapReduce O pStream
it B THR K
k=i

Bl ABIEAIERA 5K
2 HIRtE

HEAL 3R G FEAE AL P 28 B L (AR 4 S R AE 42
A B A B U1 OC FR R BN AR L R A T
FERELE TR —~ KRR RGEZ LS . KRR
TR A ML AR 20 2 H AT A JE 5 18 BRI 5T
Jrtan, TSR A R B AR AL AR
KU 28 3, 75 227 U TSR 2.2 2.3
AN 43 S A3 TR (4 ST A 5 a0 e



TSR RBR AL B R SR WIS i e B

2.1 ETHEREINREESR

VFZ2 1) Zi R ATE B AR 0T LA UA 285 R B0His A AL,
it &b B (%) MapReduce > | Dryad™’ | Spark'™ |
FlumeJava'"? | #i4b B AP (1 Storm '™ 45 K4 i #
AA SR RS 3 s, 06 T3k 5 Y TAE W] 2% 25
WICHR[26] o a7 HAT 5, A A AL I [ T 3R
& (directed acyclic graph, DAG) Fik— 144, [&

(1) MapReduce“: : MapReduce i3 H T &
PEAE T PRI g AR EE 11, B Map pR%SCFT Reduce
PRER. AT 55 FO B A R 2500 7 18 Key-Value 177
LU HEL 2 A Skt b ) 45 2R TP AH ] Key (EAYIC
FERAETE—#, fE N Reduce BR %K 14 i A {E, Ma-
pReduce HAIEH RN IIL A . B e BA W Er
A RGETE , i DIERCT AL g EIOF R T Ok B AT
FEERTE, RIMEARRE R A TR, — B o0 Tt 23
M A 55 1) XE 8 PRAT 5 = T B, TP U 58
map Al reduce P> pR AT LA 58 IR BUAR SR B 1) I
Frab L, {H MapReduce 1 7 76 — 26 J5y R Pk, L 4n
map FlI reduce {E: 55 i Ji3 Sl I TA] 4, AN 45 X0 A R
FORE BN A5 . MapReduce ¥ BULETE Z2 40 04 5
FHEE TN 25 AL, 0 TR ARHL R 2T N TETE R
BEL[Rl—~ mapreduce {55 [ & 47, X kA ok T K
I RE RS MM AL T4, (s TR AR R AR
MapReduce 345 Map #1 Reduce Pj™Fi B i 1E 5,
Map B B2 (94T 55 #4758 )5 A BEFRAT Reduce BBy
1155, ok RIBAE 55 Z 0] 2 22 i Fh D24, AR T
MapReduce #74 n] LIE A& DAG IR A —FhE1

(2) Dryad' ™' : Dryad 5} T 38 9 DAG 3155
FEAL, BEAS R BT 55 Z R IR IS, th T
BRI O W A AR FNAS R, ok T Y G
FefidH . Dryad 76808 14 5 75 i fe Bt 17 5 2 i bl
i, AL L E PN AE TCP 8738 | i B SO AT A 505
PFZR G55 Tl MapReduce H AL 1l B SO 977 50
{& 51 map Hl reduce [y Bt 22 8] f) PRI 45 51

(3)Spark'"*"; Spark [ 4% 0> JAH J2 fff K 4R
AR (DAG 4519 ) SRk —> 5 & 1 B bl 4k 21
1A, DAG A TH s 37 55 53 A1 AR 3 4R (resili-
ent distributed dataset, RDD ) , i1 3& 7/~ % e $#: 1E.

RDD 25Xk A58 Sz 52 felt T B¢y v ] 50 40 4 ) —
4, Fm— REd s HU 4 & . RDD g
JEH BN REIE I, E AT LA RDD 64745 F i 6 45
YE, 55 RDD AN 28 285 e 5 2 i 13T RDD,
Spark 2x4E4* RDD Z [A] AR OC & , B} 4y 1L 58 ( Lin-
eage) o IXPPHEAEAEAL AL TN HARR PO IT A2,
17 ELA L e S AR A 5 1 An SRS RDD &
A TR AR, T LARR A i S8 15 B NEUHE IR
A H TR A AR A R FORT 2R % RDD ., S22 2R 3%
W1, Spark fPERE L Hadoop B 1 ~2 A Ei 4%, &=
BRI T AR IR B ANk 5 1 PRAT R B
AT KL MBEAF . Spark # RDD 7} J5 ( partition)
B ZELas b, 8 I PO THDRLEE I 5% i e, RIEE
47 —FibFHEA Spark BT 55 5 & 4 1 24
BBRVE i, R K £R o Spark 42 {1ERDD. Cache ()
fO L] R P 4 R 4 1 CAPT) , R R R Iy 6L — 4
RDD i =l N2 5 B 7E A, 3XRE T AR R
PGSR BRI RS, 0 T kAT R AR A R, B
A BOR A Y, B T N AT 2 BORBUSCh R &5
BT B —Rhik e, HAT, Spark BSR4
HEXT 58 HE R A o J7 52, DAL AL B Spark
Ll L FAEE T T RS DStream A3
FEARGE GraphX ™ RIHLES 3 ) PP MLIL ™ 4
(4) I PR 518 5 B4 Hadoop 19T 12 B
M, B4R MapReduce 2 I i T A R AP RE
LT mR R, AR & R 2 Hadoop £f
RN T RN PATHIEE, 78 BR R G S LT iy
B I v 9% 2R D 1w U Y 2 A2 1 ( domain
specific language , DSL) 45, i #4271 55 % 55 5 2%
B & F 3l B O KRS Hadoop 10k, 1 4,
Pig ! & — 0 12 2% (19 B4 97 78 5, R MapReduce
TER AT, Dryad LINQ ™2 H4 £ 7E Dryad 2
FRRMIET, WL T B RBIFIT R, Flume]a-
Vam%#/l\ Java I, HoAS i 2 7F MapReduce £:7if |
i DAG R4¢, BEUE 45 21> MapReduce 12 )5 LA —5E
T SR B DAG AL 55, AT 5€ BB &2 2 B A 55
Hive' ") Sz {45 44 145 1 75 (structured query lan-
guage, SQL) ,>K M MapReduce 154 047515, i
MapReduce [{13Ei56E /714 BE , Stinger 35 H "' 2 Hive
— 795 —



FAORIEIR 2015 4E 89 H 5525 %% 45 89 1)

A RRAS , LR 2P T R JE T DAG fA Ry
Tez 457,

A6 K2 AT A ST AT BT X MapReduce
B PRA T HLR AT TIRARFSE S 4 T —Fhes
A5 PR 1 Hi S BE AT 55 15U 7 ik, X Hadoop £ 03 4T
B PAT RS AT T, NI 46 T R 7 s 1T
F] o B R Ak 5 85U 55 B B I A A B S
JEEFR 42 14 3 B 2 —  LIBRAP 4R L T —Fh
(B X 7 ¥, ARIE reduce 1T 55 11 1 28 2 1 , 36
FF— RN HIEXT Hadoop FEFFORFFIERT]

2.2 EitE

RIS BRI o AT e S B b oA T2 15
Ko AN B B I BT 2 () R R T — AN R A
TS BN BN T2 9%, 251 Bl T RO ) 5 7
ABese U E RV B i 54288 . B BAT SRR
M2 e, S BUR E AR U7 ) ) Jm i 22 . AR Z2 I St
S i EAF G R AT, RO T ) A A AR AN 5
e/ (A T 500 o A 119 30 5 H A R o T A R A R
X, 1 A BIERARMEY) 433550, i R HLAR T
AN A RT R St %) 0 2 368 15 TH 4, 3 23 ™ E 52 1) [
RGN EIRIBITRCR,

KEE - FEE R IR Rz —, B
I, IR U] 43 F2 22 P AP 7 ik DI D) s, an
B2 Bios . Yk pyir 2 R pei oo Wi, K 2
Zevi YT R os ¥ T U140 81 2 S ALAE 1, 8
VIO AT H A B UR AE HIL A% =2 18] 1Y I 28 38 15 5 1)
SR U EIZ H e o T 2 rp A e Y U0
Db TSV IHEIRL 2 7, WA TSV [
HIAE2 B LA b, ALAS 2 8] B ) 2% 38 15 12 B b Ok

Q¢ O
N5
.. ) ..
Mas1 Hlas2 Blgs 1 PlE2

2 BEHENTISFEE

— 796 —

A AH T S A A v AN T BT I T
MR, AP TR VBB — BOMEAT 2l ok — 5 1Y 3d
(EPARRE S € T DRI e o e Y TS Y
I B B E A S 5 B B A R DL LA
TR A, O ELIR 2508 {5 /o IS B
AR P A 30 A B S R 0 AT, BRI 5 B 1Y
CUERH 6 Ty X —RRAE A B , D) A eI
AT RRCRE U

I T P Ak 0 0 14 A DG R 8 T &) 0 S P26 A
LA T I PR B 2 R e LRI 3 i R 8 Face-
book ) Tao'™" J2 [ i £ 2 1 Ay A HLASS Pl i Hls 2 A
ARG, B LR IE ST 2 SEAL 4% Pregel ™ | Giraph™ |
GraphLab ™" FI PowerGraph ™' 4 , 38 4 fif e K B
PR 924 55 20 BT 28 BT, 530 9 DY PageR-
ank fRL 5 PN T 22 8] 9 i R R AR 55 o

Pregel ™ 41y T LA ATy o0 9 2 BRI
SRR I3 I3 28 GE AR e FH 306 o s RS AU Bl 5
AR, HEZRERAE T — AN B0 B TS Y g R 11, A
P 519 5 A0 TR A8 1550 ek B, AN AT L7 18] O B
B0 5 SRR T ELk AT L 5o 38 hn sl 55 i
HAE B AN . BT T A 2k
AR UGEAE R IS 2 BB A7 I R &8 23 ]
P R SCA TR BRI ok, 122 R K2 S8 T K il
AR, AR BTA BB s RS AR T — R kb A
AR SV, RO [R5 AT AR Fe ., 2R
G HRASTEA R 25 A 72 b HAb TS n] L
PR 5 b AT R, Pregel SR B[R] 25 I 47 (bulk
synchronous parallel, BSP) #5 5§ | #& 4~ 4280ty 25+ )i
FP AT BB 2H A, DA 28 1 O AT T iy 1
SRR, BITE— S AR ST 58 T A IS ARG 53 R
Bom A T 5P A eV I E— 4 AR
HPRAE . Giraph ™) J2 Pregel ) FFISIBL .

GraphLab """ Xt Pregel HEAT T 2 77 Ifi (14 24k , 45
I — LA R BILAR 7 > JEN T, A BEALES T
RSN B R B R BENL Y 45 . GraphLab 4 58 % 1)
T3 ek B — 20 40 23 S = AN R SE R 1Ak B Y
BX : Gather , Apply F1 Scatter, fij X GAS #E#, K~F
B B T LA R B b O e b AR AT, DA i 2 b bR R
G TRCR . Ik, GraphLab SR H T 525 047K



TSR RBR AL B R SR WIS i e B

PR RGEHIF RERE , B T AT B AR B 4,
(RO AE AR R v AT o8, o 750 1k ) i B0k
FEAR R, 75 ik AT AR s TR 07 2
SeALARATULAE AT L B0 A5, 320 AR M ) 0
A 22 R ) TE 0 5 R R, 2 )RR
PowerGraph ™ J& GraphLab (13— 53k | 41 %) 5
Sy ARV B T YD A ke 3 R L S o o ]
R T R A7 e A i

FEPE R4, [ P (RS A AL B AS T — %
FIBIRIFEIE I o S 0 A R O 4 S R BT 5
BN X A 25— ARk 7 ) R 45 e W T s i 1
55 R G —Polymer' ™ | 32 B 1o 4 Fh T BRI
FOF PR RE - (1) MR I Bl F) U7 I 4 5, , 7 40 A
Rl SR 3 TR 7 R 5 (2) o5 — 4 B AL 9 R
[F) 2 48 Ay G 1) 2 #2305 1), PowerSwiteh ™) $5 H T
— Bl R R BB PR B W IR 4y
BREATI PR, A 3 YIS [R5 k545 B AT A
2, T4 ST AL 7 T2 AT IR . 5 46 k2 W S 40t
SRS A A X 4% 4 (out-of-core ) 11437 5% 42
THT 4RI 0 B A 07 2, BF 2 i B LI
ZY CridGraph™ [v HLA K315 22 4k B AT 412 v
2 ~34%,

2.3 SHANBEIRE

TEREHRI L, 15 55 19 S LR 2827 >0 3 1
S BB AN FESZ BRI, TG b P R , 3 A =
DLEEE 3] R 45 32 e 1 I BF ST 400, T3, HLEE %
9 i P AR A 2 s ] PR e 1
i, FCTH A R O AR LS 2 ST Aok T T AR
EERIAEL, T ILII T -

(1) BOpLRRL 25 0 50 1 3o 2 52 Py 7 1 77 L
R BHRAE MG IRE T T B 4 o A A
JRBE B LN IRAR 2, I sl (5 ok ki %
P DSE i, R A BB ) BB AR B
KEE

(2) KEBIIE R AT 5 i T4 Fh R (InpLEs f
Al R B ) £ B BT R R g —,
Pt 45 T B AR AT 55 AT 52 , 7 R R 3 i 25
AT 55 R PR 52 AR, Q] i A 5548 " R AL
TR [

(3) YR A MLAS & A SO 5, R 48 0 2
TR Y RIS A4 BT IE

IR JUAR , OR8¢ > 7 52 B 1oy FH v 3
19T E R B, R 500 2 7 1 U RN AR 1 25
RIS T 2 MetELE R . 2012 4 Google Brain Jji H
i AL 75 16000 4~ CPU #% 931473151 & Il Zh
1 10 AP TCITR BB 2 2% % R el 4 BT
YouTube |- ¥ AWM , R G W 1 7 =Xl 2
JERZ W 4%, Re ER A R, TERGE DA
“cat” J5 , BRI TEWA AP AT AT A shilsl b
SR . Google (1) DistBelief ) 32 177F CPU £E7E
FWREEE) RS M A CPU BRIk £k 10
ACBHL TR FE il 2 I 45 AR, DistBelief [ A1) 32
B AT Downpour SGD I L-BFGS, 3 5 (1) H b5 i
A EE IR 2.1 T2 H BB 525 . Google 1)
COTS HPC'™' R4 3% F FEIE Ab B3 C ( GPU ) RS8R
BREE2: >, GPU 45 2% Z 8] ffi ] Infiniband 3% 4%, Jf:
R B A% b 4% 1 (MPT) 755 {5 . COTS i [ 3
£ GPU IR 55 4R AR ZE R N 78 U 10 /2 S50 IR
JE M2 I 2

TR 22 > (1 FF A J2 ) A 22 190 245 R BB 2 A i
H AR, Qi 3 B, R)Z P2 4t — A
2 ZABRE R4 Z AU, Wi R R A Y
i, BRI Z R AT R R RRAE
R RHIE B R AT S Bs. Lambld%215
Bl F R E&A — 2 RE T A (I 3R ) &L
Boosting 45 ) 5 # W AT B2 15 45 (1 Logistic Regres-
sion) , AT LA B2 1 2 A Y, 78 TR )23 11 i 28 I 4%
T BEEA R A 20T, AT — A O pR AR (A
Sigmoid PREL) , #1128 70 2 [R] (1) — S5 3 LR X B — A~ 3%
BB B2 ORI B 2 4 1T Y p5
2 V) ) B UL Ao 2 AT L 2 ) ) B, PSR A
i R AN ZRFEAS SIS AL 1) 2 800mT 25 4 0 2
ARG B AR U R B R B A 2 SR
K I KRERE &N, 8004 — 5
IR RIS, 40 ] 3 1 R R By SR A M i 11 4, 32
B THEAR AL R 1 IF &, 28 KL #R 2 )
WK T HOERABLIE . MIFAT IR f B IR 2= )
F G0 H R BRI AT A RO TR A R I

— 797 —



FAORIEIR 2015 4E 89 H 5525 %% 45 89 1)

PRI ) i e o BRI A TR N B o 22
A0 A (Partition) | BRI EHEA — MBS HEA T
Gx, PR 2B RS 7 AR A R IR T O AR
FAT RS HAT TR, B AL TR
— RIS B I Zx , 24 R A B T3 [R) X — 133
BT SR, 7218 3 o, — N R B2 K
AT B) 4 AL LIBCE S8, B B HLAR 1 5T
Hoh— BB R SR I 2o e, 5 B A =2 [A] 4
LA IR X SR 2l i W 2% AT

B3 REMEMESERIT

RSB BEL ) 22 57, H AT A AHLAS 7 ) &R
Genl LI or o =2 . 3T Hadoop (& T Spark FIZ4K
e 55 fe 28R

Mahout'** J2 7 Hadoop A4 #E I HL 227 ) 53K
P BRAL T DL SRS R FERNHMERE AR TE  th TR
JEHLHI 3 FRF MapReduce 2 3LHY TR 0, 535 10
SLE R I —2 b, BB R SRR B
AR b e AT R 2O S B S
E AR, SRR

MLIib ** JE 7 Spark [ HJEEMHLER T R G, N
BT R RGARPL R S R, RGN LS &
RIESHI A G BRI B B shib ik,
AR T Lo D FL A T A, i T Spark H
Hadoop 1247 2 £ PRILH4% £ 2 i 4, g MLLb
MBI TRCR B 2

SHUIRSs 7 R E RG> R S RGN
STULER N 4 P . SRR A HE R IF &
PATHYE P i F 22 6 280 55 2 4L S 8UIR 55 4%

— 798 —

SERE AR RGERA TG IR S5, (HAE BARSE B
AR WS EUR, SRS 60T LR AR
A AL AT HY Key-Value £74, F T 476k % ) v
ISR, SEURS #5327 2 8ok 8o
O3B RS R — o A R S AR S
SR e Zhad R b, % i ] DL BCGSCE B 42/ 2
B, AR R Y 42 R 2 00T LU O S 801 55 4% 1)
AR . AESH b, SHUIR S5 d L ki R
FUESEY Master-slave 544, Hoh — 5 S8R 5548 78
R A, 5 TTROE % b LR TR AN R A IR
55 o Z AT R o0 A5 T AR

P | wria | | wews |

B4 SHBSHWADLEN
3 IR AGEY

AR KRB AL R 48 2 BURE R T 98 R
FHA THS RGBT T MR (B ZHR Ak
THRRG B, AR BB A AR T =AT5 i
AT R S RS, I X ] P 098 DRl Ak L 28 2 1)
R RTT [ AT TR,

(1) A REEF- & B AT I 25

TR T AR RO SRR R O,
1455 1 KB AL B A Hadoop , By 1 £ 4 b # 4E
B FEANE G ZO BRI TR 2 ] T RS
TR L7 ] RS AG AT SRR R BT A LA &
FG. AR R AT U ZR 2 — A POl ), iy
B aT A ] CPU A1 GPU 20 1 4 S 4 47 B -
BAME RS IRAMTE

(2) RN A SR 4T

RO g R HE ZR B Bt T A vl i) B A 1
FEFF B3 4 55 1 1 A SE BE R B, IR JZ B R G 11 5D
Fr AT F P AR, I 4 A 07 205 2 G2 04 R AT 4
REZHIK o L, 2 FREFP A iy A s A o —A4>



TSR RBR AL B R SR WIS i e B

R, A R R AR D4 B AL e ny B A7 AR
1, SRR AR AR A SRS T T AT
X7 AR Mk TAEALE pydron™* F1 SDGH, —
& 3E I 23 AU B Y AR (annotation ) S 3 B
vt BT RESM A s T2 — D RA WS r)
D7 1) VR R T g — 2 e, L5 DAL i 7 vk |
DX ER AT AR Y Y BR 45

(3)IRE gt

KA AL BRI Z AL T Bl ab
B ARG 5L BRI A R () R ME . i T AN AE 2 hE
A THAAESE , 22 Fh g PR AE 2R 5 X IR) T AR A4 B
52 IR ARG A BRAT: 55 54, B RY A AL g
AT UAZH ZUSBOHE A B R ARSI DI ZRANPPAN 25 T
YR o B8 T Ak BRI RR AIE 4 BB B AT SR ] MapRe-
duce K51, T 2k Hr Bk H] PowerGraph 2 5¢ il
H AT SE I R A 3 i AR 7 2 A ST AR, AR
2 638 1 Hadoop 4371 2030 & 4t ( Hadoop distribu-
ted file system, HDFS) X845, 1 il K& A9 HDFS
FEGIFE I H R AR 3 i 1 988 98 B i I F
B o ARAERTE T H AT Y g B HE SR AR B0 ST, T
Z 18] HBE LUK B 09 75 20 &, far T8 B if i A
MEARZ [B] iy BE 22 R Z AT AREE A 1l ERUhA &
E—E 58 B A 52 2 i Ak B AR 3 A4 ) i@ H i E
BAARGF AP 7 % o Transformer ™ 42 1 7 —FiR
B ERREERSE, BRI R RS —
e, 3 B oA X A AR i bl v ) Eiais 42 1 U5
T8

AR SO TRBE” F0 ) BE” WA J2 TR 2R P R
B A PR AR G R ST 1) o TR A
FEl %2 H i) 2 0 8 S FEAE 42 (40 Hadoop | Spark 1
PowerGraph 45 ) FF B g iF 97 e 55 00 4k 55 5 1l i) T
YE. i, Bl Spark & 2878 KEHE 1 15 2 40 8
13 7T Z W R FH AR, BT Spark 1 43413 2R B
HRRAEE ESRRE NN E, W) M
PE AL G i FEAE SR 32 BEAT X R 1) B R ik
I, BATAEJZ R R A5/ AT R & R 2R
A (i an Az b Bi2s .GPU 1 Amazon EC2 =115
B8 N T I R G TR RE T, W
HHE RGBT E I S AT, A BRI B

FERIPEGT L, 12K TR B T R BFE 28 ]
4 4w

AT SF i A AR ) R U, AR A
ATk FEAATGE T B 78 RS FH AR TR o KB
PR ), SR 5 RE AW,
2004 4F: Google /A FF MapReduce % FHE 2L FF 15, 10
AR R R R A B AR AT — A Z ek iR,
IR HHT Hadoop 5 480 AR Ab BRAR A T — il fige
Y7 %8, 10 MapReduce A5 7 AH X (8 5, J0 1% 3R ik B
22 B BB A RN b B ) 7 3R B 2 TR B AN
JURE LR T 2SR, H TR Hadoop L4801
N ISRk, Toll A R 2 AR RHRAE T — 10
FFER T 58, A PR DR SR IS 4 S A . AT
FROEAR - AF BT K I ] P, 3 37 R F R P i
SN BAERL =R 2L 0 & R Fe ok 23 T fRf . 5
FH T K T 3 P A AR A B R

S 3k

[ 1] Sanjay G., Howard G, Shun-Tak L. The google file sys-
tem. In: Proceedings of the 19th ACM Symposium on
Operating Systems Principles, Lake George, USA, 2003.
2943

[ 2] Jeffrey D, Sanjay G. MapReduce: simplified data pro-
cessing on large clusters. In: Proceedings of the 6th USE-
NIX Conference on Operating Systems Design and Imple-
mentation, San Francisco, USA, 2004. 10-23

[ 3] Fay C, Jeffrey D, Sanjay G, et al. Bigtable: a distributed
storage system for structured data. In: Proceedings of the
7th USENIX Conference on Operating Systems Design and
Implementation, Seattle, USA, 2006. 10-23

[ 4] Mike B. The chubby lock service for loosely-coupled dis-
tributed systems. In: Proceedings of the 7th symposium
on Operating Systems Design and Implementation, Seat-
tle, USA, 2006. 335-350

[ 5] Biswapesh C, Liang L., Weiran L, et al. Tenzing; a SQL
implementation on the MapReduce framework. In: Pro-
ceedings of the International conference on Very Large
Data Bases, Seattle, USA, 2011. 1318-1327

[ 6] Sergey M, Andrey G, Jing J,et al. Dremel; interactive a-
nalysis of web-scale datasets. In: Proceedings of the In-
ternational conference on Very Large Data Bases, Singa-

pore, 2010. 330-339
— 799 —



(SR & ST

2015489 H %25 % 4589 1Y

[ 7]

[ 8]

[ 9]

(10]

[11]

[12]
[13]

[14]
[15]
[16]

(17]

(18]

[19]
[20]

(21]

Craig C, Ashish R, Frances P, et al. FlumeJava: easy,
efficient data-parallel pipelines. In: Proceedings of the
2010 ACM SIGPLAN conference on Programming lan-
guage Design and Implementation, Toronto , Canada,
2010. 363-375

Grzegorz M, Matthew H, Aart J. Pregel: a system for
large scale graph processing. In: Proceedings of the 2010
ACM SIGMOD International Conference on Management
of Data, Indianapolis, USA, 2010. 135-146

Tyler A, Alex B, Kaya B, et al. MillWheel: fault-toler-
ant stream processing at Internet scale. In: Proceedings
of the International conference on Very Large Data Bases,
Riva del Garda, Trento, 2013. 1033-1044

Jason B, Chris B, James C, et al. Megastore: providing
scalable, highly available storage for interactive services.
In: the 5th Biennial Conference on Innovative Data Sys-
tems Research, Asilomar, USA, 2011. 223-234

James C, Jeffrey D, Michael E, et al. Spanner; google’
s globally-distributed database. In: Proceedings of the
10th USENIX Symposium on Operating Systems Design
and Implementation, Hollywood, USA, 2012. 251-264
Hadoop. http://hadoop. apache. org/, 2015

Matei Z, Mosharaf C, Tathagata D, et al. Resilient Dis-
tributed Datasets: a fault-tolerant abstraction for in-mem-
ory cluster computing. In: Proceedings of the 9th USE-
NIX Symposium on Networked Systems Design and Imple-
mentation, Fairmont San Jose, USA, 2012.2-16

S4. http://incubator. apache. org/s4/, 2015

Storm. https://storm. apache. org/, 2015

Zhengping Q, Yong H, Chunzhi S, et al. TimeStream:
reliable stream computation in the cloud. In: Proceedings
of the 8th ACM European Conference on Computer Sys-
tems, Prague, Czech Republic,2013. 1-14

Matei Z, Tathagata D, Haoyun L, et al. Discretized
streams: fault-tolerant streaming computation at scale.
In: Proceedings of the 24th ACM Symposium on Operat-
ing Systems Principles, Arminton, USA, 2013. 423438
Ashish T, Joydeep S, Namit J, et al. Hive - a petabyte
scale data warehouse using Hadoop. In: the IEEE 26th
International Conference on Data Engineering,
Beach, USA, 2010. 996 - 1005

Impala. http://impala. io/, 2015

Reynold S, Josh R, Matei Z, et al. Shark: SQL and rich
analytics at scale. In: Proceedings of the 2013 ACM SIG-
MOD International Conference on Management of Data,

New York, USA, 2013. 13-24

Long

Christos D, Kjetil N. A survey of large-scale analytical
query processing in MapReduce. Journal on Very Large

— 800 —

[25]

(26 ]

Data Bases, 2014, 23(3) :355-380

Russell P, Jinyang L. Piccolo: building fast, distributed
programs with partitioned tables. In: Proceedings of the
9th USENIX Conference on Operating Systems Design and
Implementation, Vancouver, Canada, 2010. 1-14
Zhengping Q, Xiuwei C, Nanxi K, et al. MadLINQ:
large-scale distributed matrix computation for the cloud.
In: Proceedings of the 7th ACM European Conference on
Computer Systems, Bern, Switzerland, 2012. 197-210
Nathan B, Zach A, George C, et al. TAO; facebook’ s
distributed data store for the social graph. In: Proceed-
ings of the 2013 USENIX conference on Annual Technical
Conference, San Jose, USA, 2013. 49-60

Michael 1, Mihai B, Yuan Y, et al. Dryad. distributed
data-parallel programs from sequential building blocks.
In: Proceedings of the 2nd ACM European Conference on
Computer Systems, Lisbon, Portugal, 2007. 59-72
Wesley M, Paul H, Richard M. Advances in Dataflow
Programming Languages. ACM Computing Surveys, 2004,
36(1):1-34

Joseph E, Reynold S, Ankur D, et al. GraphX: graph
processing in a distributed dataflow framework. In: the
11the USENIX conference on Operating Systems Design
and Implementation, Broomfield, USA, 2014. 599-613
MLLib. https://spark. apache. org/mllib/, 2015

29] Christopher O, Benjamin R, Utkarsh S, et al. Pig Latin:

a not-so-foreign language for data processing. In: Pro-
ceedings of the 2008 ACM SIGMOD International Confer-
ence on Management of Data, Canada,

2008. 1099-1110
Yuan Y, Michael I, Dennis F, et al. DryadlLINQ: a sys-

Vancouver,

tem for general-purpose distributed data-parallel compu-
ting using a high-level language. In: Proceedings of the
8th USENIX Conference on Operating Systems Design and
Implementation, San Diego, USA, 2008. 1-14

Stinger. http ://hortonworks. com/labs/stinger/, 2015

32] Tez. http://tez. apache. org/, 2015
1 Chen Qi, Liu Cheng, Xiao Zhen. Improving MapReduce

[35]

performance using smart speculative execution strategy.
IEEE Transactions on Computers, 2014, 63(4) 954967
Chen Qi, Yao Jinyu Yao, Xiao Zhen. LIBRA: light-
weight data skew mitigation in MapReduce. IEEE Trans-
actions on Parallel and Disiributed Systems, 2015, 26
(9): 2520-2533

Joseph E, Yucheng L, Haijie G, et al. PowerGraph: dis-
tributed graph-Parallel computation on natural graphs.
In: Proceedings of the 10th USENIX Conference on Oper-

ating Systems Design and Implementation. Holleywood,



TSR RBR AL B R SR WIS i e B

[36]
[37]

[38]

[39]

[40]

[41]

USA, 2012. 17-30

Giraph. http://giraph. apache. org/, 2015

Yucheng L, Joseph G, Aapo K, et al. Distributed gra-
phLab: a framework for machine learning. In: Proceed-
ings of the International Conference on Very Large Data
Bases, Istanbul, Turkey, 2012. 716-727

Zhang Kaiyuan, Chen Rong, Chen Haibo. NUMA-aware
Graph-structured Analytics. In: Proceedings of the 2015
ACM SIGPLAN Symposium on Principles and Practice of
Parallel Programming, Bay Area, USA, 2015. 183-193
Xie C N, Chen R, Guan H B, et al. SYNC or ASYNC:
time to fuse for distributed graph-parallel computation.
In: Proceedings of the 2015 ACM SIGPLAN Symposium
on Principles and Practice of Parallel Programming, Bay
Area, USA, 2015. 194-204

Zhu X W, Han W T, Chen W G. GridGraph: large scale
graph processing on a single machine using 2-level hierar-
chical partitioning. In: Proceedings of the 2015 USENIX
Annual Technical Conference, Santa Clara, California,
USA, 2015. 375-386

Quoc L, MarcAurelio R, Rajat M, et al. Building high-
level features using large scale unsupervised learning. In:
Proceedings of the 29th International Conference on Ma-

chine Learning, Edinburgh, Scotland, UK, 2012. 8595-

[42]

[43]

8598

Jeffrey D, Greg S, Rajat M, et al. Large scale distributed
deep networks. In: Proceeding of the Neural Information
Processing Systems, Lake Tahoe, USA, 2012. 1223-
1231

Adam C, Brody H, Tao W, et al. Deep learning with
COTS HPC systems. In: Proceedings of the 30th Interna-
tional Conference on Machine Learning, Atlanta, Geor-

gia, USA, 2013. 1337-1345

441 Mahout. http://mahout. apache. org/, 2015

[47]

(48]

] Petuum. http://petuum. github. io/, 2015

Stefan C, Gustavo A, Adam A, et al. Pydron: semi-au-
tomatic parallelization for multi-core and the cloud. In:
Proceedings of the 11th USENIX conference on Operating
Systems Design and Implementation, Broomfield, USA,
2014. 645-659

Raul ¢, Matteo M, Evangelia K, et al. Making state ex-
plicit for imperative big data processing. In: Proceedings
of the 2014 USENIX conference on Annual Technical
Conference, Philadelphia, USA, 2014. 49-60

Wang Peng, Jiang Hong, Liu Xu, et al. Towards hybrid
programming in big data. In: Proceedings of the 2015
USENIX Workshop on Hot Topics in Cloud Computing,
Santa Clara, USA, 2015. 12-17

Review and outlook of large scale data processing system for big data

Wang Peng* , Zhang Li ™
( * Institute of Information Engineering, Chinese Academy of Sciences, Beijing 100093)
( ™ Institute of Disaster Prevention, Sanhe 065201)
Abstract

The lated developments in the studies of big data processing are reviewed. Firstly, the existing big data pro-
cessing systems are classified from the angles of workload type and data type. Then, the advances in research on
programming frameworks for batch processing are described in detail, focusing especially on the programming
frameworks for the application fields of large-scale graph computing, distributed machine learning, etc. , with the
characteristics, challenges and design principles being discussed. Finally, the future research on big data process-
ing is forecasted, and the conclusion that parallel training of heterogeneous hardware platform, automatic paralleling
of serial codes and hybrid programming will become the focal points in this field is given.

Key words: big data, MapReduce, Spark, parallel computing, large-scale graph computing, distributed ma-

chine learning, deep learning
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