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Review of Big Data Processing Based on Granular Computing
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Abstract In big data age, people from IT industry, academia and government are taking effort
to find out the value behind the data resources. Using cloud computing platform to store and
process big data distributed has been a common sense and been put into practice extensively.
However, this is far from solving the problems completely caused by the 3V-features (volume,
variety and velocity) of big data. The problems require joint efforts of researchers from the fields
of storage technology, Internet2, processors, and computing paradigm, etc. Granular computing
(GrC) is a label of the family of any theories, methodologies, techniques, and tools that make
use of information granules in problem solving. especially when the problem is with uncertainty,
of hierarchical structure and can be approximately solved. This paper surveys the researches on
big data processing and analyzes the limitation in current big data processing researches, summa-
rizes three basic modes of GrC according to the ways in which GrC is used to solve problems and
reviews the related works of each mode. The feasibility and advantages of applying GrC to
process big data are discussed subsequently, and the related key problems rising in GrC-based big

data processing framework are discussed at last.

Keywords granular computing; big data; cloud computing; deep learning
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bigdata/
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data-Big-Data
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@ fa] B BRI AL 7 55 40 06 R 5 5 1 KRR
SRS o AT DX 43 T8 B A R A A A 2R AT
DIEEZ— R X T I & 758 . B REA
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@ http://people. seas. harvard. edu/~ valiant/researchintere-
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Ry 4k B e ol PR T B AT B T A A A 8 T E
SCPARE 2Z 8] AR 25 P e T SR [56 ] v 2 1) 1%
AT s BIVAT 52 30 D s B4 1 TR 4 [ 1 3 T LA HE
I Mg 75 AN 0 5 1) 2

T FAORL 5307 1 4 3 K BSR4 4R 77 i &
2 T —S g8 R, 40 Yang %8 AN B X A 45 4
KX =B R OB AT 46 )5 1 LR
9 5l 14 7 AT 5 IR A R AR N B AR B
BRI T ARAT T B Y IR 2803 A B IR R
Hob ) 5 48 R E 2R T K I7 . Ruan 55
MO PSR A5 S8R Ak 7 12 516 X B ] 51 R A R
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I AT AT L BT O BRI 8] R 81 43 B B R AR
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@ http://www. cs. tau. ac. il/ ~wolf/papers/deepface_11_01_
2013. pdf
@  http://cra. org/ccc/docs/init/bigdatawhitepaper. pdf
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(2) ) [n) 0, foff FEDRE ST 38 RS 1 HL A A
TR FA A S5 B A Ak A BE R/ 3 R R AR
LA EI Iy R B e N VAEE TR A e TR = M E R L8

(3) FE HAB AL & 27 > Ty B W8 B . X5 B
PEAT B8 12 4 5 AL A% o7

() K T2 9 5 2 e oy o3 A A TR R B
52T B RRAR LG R KA A B B i 1 5K

(5) TEAL BROR B A vh R EE 19 B i DD 4 L 5 5
& ZASRLEEJZ IR ERL ) 43 il 5 6 OF 38 A A N i 1
PR 5 Xof i A S [R) RL [] I 2 R 2 AR
JE YR A5 JEL o (58 P A J3E AL ot S e [ i

(6) PAEEAS 4 B 5k A% v, mT DL 3D 4 A 2
T H A B IS BRLE L O I T R A R A0 e R i
AR 1Y 7 R AR AR IR

() 18 R % > (Deep Learning) A8, ¥ ¢
R 114 A L PR R R Sy 2 R R L BAR S R (kL Y
R/NFIREL 2 RO 127 1 A3 2 Ak - AT e Ak e 26
2] g5 R

P 5 7 B AE 255 B Ak R A RO 3R —
I/ e — B/ R — o B /R — i ) Z ] A
I 6T N OG FR . AT T AR A Sk RGN DR R AR R
SEBR bR AR T — B B 9 43 A B R B8 e
CR AR ™ 2B RS B B2 R RE 46 Al ) 8 L X 7 T
CRAR AR AR B RO IR B B A R
T/ W e s TH ) 3k kL AR X N T B Y
“EERL/F R O B ORI By kA B & A AL
w2 BORYRN A by B AR AR N R IR AT A/ 1
FORLZE 14 TEHT 5 [n) SR A 7% 1 43 B /A 5 e
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FORI 3 A FEIA . R T AR R BT oy
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40301 BOHE YR e A 5 0 B A

DB Ak B 1) B — A PR s S DA WP L6 K 4 %o
T[] fifp R W] B2 AT 5 Bl WP 5 RIS G Y.
BN R O KBAR AT 3 A kIR — .

KRB IR T X — A SR 46 1
P S G Uy, Horr i g A R R T A 1Y
Tk AR iy 24 A ) B0 2 BN — B0, X DA
BTy b BTSSR U 9 R B A R AN A 2 R A
Z A5 AR S 35 BAL A 5 SR 5 FH T B0 ke Xt
Ji b B AT HE R 9 AR RS L A B R
B SRR E B (g 5 G A

X S AL B0 B AL B 7 T Pal e T e 78
s AL B BAL BB B A M 4R B 7 A
Mot | B P2 ik 45 (data condensation) F1 %X 38 & 5
(data wrapping). Pedrycz' ™V £\~ T Xt T 5 44 5 4
T fA] FEAT R 2R 2. A by B 23 B 1) T 5 B B,
P R IR LA AT A . o6 T8 SR U B Y 2 2
U A AT LS B SCER(110-117 ],
4.3.2 AT ] 450k 1 A Ak

A FURL 3155 77 125 00F 58 R 040 [ 8T A 3F RS oK
NS A PINIVE NN S & B R38R & T
AR BRI R AR B RO 2 S i A5 B RN (E Y
B3 T 5 I e AR 4k it

THT [6] 454284 A T IR A R BR800 20 A i SR 4
HH 2T R A0 0 R TROK B B S i D 2 L
=R AR 3 3k #E B (Multi-Granular Information/
Knowledge Representation model, MGrIKR). #4 g
MGrIKR 158 AR Ty — 5 kR B2 ML 40 AN 8] 19 1)
AL 3 1 T 5 A

KA 1 5 T B 5T AR BB RLJZ FRE A RL 45 A
27N L AR B X 3R T ik AT A A

(D {5 B AL R

i ST 25 [ Hp X 90 b 25 8] A R oR . R A
=InAXF B AT R A A Hi ik . B IG= (KVS,
GM,VM).KVS(Key Value pair Set) E/R ik {gE B
KL AR AE - 1) & 0] LARR N (XS B B KVS=
s (key, svalue,) }. value, 78 5
R A R key, B FFAE T ICA(E . i =1,2, -+, n. GM
Feoniz s Bk kL B B (Granularity Measure) , JJI

{(key, svalue, ) , -

BRI ML AN FE . VM 3R 7R 9Z 45 B0k By A0 (8 B &
(Value Measure).

By ki AL M SEZ 4] Cexamples/instances) i 4L il
BEE (features/attributes) B4k A4S J5 ] #E 47, SR 1E
R AL, T2 B R AR 1Y O 2 A2 G AT DU SE LA A
I AZ R BT . S R AR AT DL SR B 47 4 1)
RIS BN e E — A E EORLZ P AL B 4k
B (5] AR DL 8 1 B b o o SRS X 1R S AT 0 fel
Aot [) — A5 JEORE A 0 2% 5080 AR LR JE o R A TR A
SEORE B RAC A 5] AR AL E A /)

KTERRREREE GM YRR . AIZEEA
Ao 8 13 e ik 1 — 2B B . L, Yao Y B HE 1Y
KL i 7 v L B

. X

GM () ;‘U
Hrpoa={X1, Xou - X, ) @ X g U 19— X1
G5 Xodt U W4 SRLEE S 20 I s B A4S R B R
A GMGr) = 05 27 B S ML, BIVRE S92 380 —
VKL, GM Go) = log | U | {5 BEURL Y KL BE B2 A7 B
A () 8 SR A Ao 2 P 545 3 A ORL )2 L BIVRL BE 25 18] Y
Ak.

KFAE B R M (B B VM, F2 2 kL B o
AN PR AU TR 3 AN T R E = D {7 BRI L
JEE R 55 B 0 A SR O IO R B R A 5
bR B S A A A B A (E AR S AR © AT LA
K HE BRI G BRI A GE T2 b 5 22 00 B 7 i g
15 EORL B B (8 B 5 Q) A/ al o S R & K &
6 4 1 A AR RORL B AN (E

(2) KL= H RN

hi )2 (Layer) gy & 58 MRz Ak i W 45 21 (9 B A
R LL R A5 EORE 22 18] 1Y 56 AR A 8. Rz 2 T LU 2K
TR —1 I, Bl Layer = (IGS, Intra-LR).
Horp 1GS R i 2 5 BORE 1G 9 4 45 (Informa-
tion Granule Set,IGS),IGS A £/~ H IGS={1G, ,
1G, ,+++,1Gy} ;Intra-LR(Intra-Layer Relationships,
Intra-LR) 27~ KL JZ H 5 EORL Z 18] AT RE A7 72 1Y & &
WRAE B K 16, 5 1G, A7 K R - B4 - Intra-LR 7]
28N Intra-LR={E| E= (1G,,1G,), 1G,,1G, €
IGS}.

(3) B 45 B R

MGIKR o i 25 F J H1 A 7 1L o 0 78 51
2 ARLJZE VAN [RDRE 2 rh {5 BORL 22 8] 1 A .56 & A

log| X, |,

@ http://www. mckinsey. com/insights/business_ technology/
making_data_analytics_work
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. B R 18 A R s R TF BORL 1G F
2 Layer, 0] 1G4 B 3 3% 78 R 45 #4 (Granular
Structure,GS) , RJ
GS = (LS,Inter-LR).
Hi,LS={Layer;,, -, Layer,, ;, Layer,, } & /n m
R 2B A (Layer Set, LS), HoHp R 2 Layer; /& %
ZEf5 F i — %7 2. Inter-LR(Inter-Layer Relation-
ships, Inter-LR) /R H W kL JZ Layer, 5 Layer, {5
SR (8] B 7 40 56 2248, Inter-LR W[ RN R
Inter-LR = {+=|r~ (Layer, ,Layer,) } ,
S
Inter-LR =

{(r=1r~A{G ,IGH ,1G € 1GS;,1G* € IGS, }.
XH = RIRKLZ Layer, 5 Layer, H145 8 KL 2 [B] 1
RIRIT KR j k=1, m. Hrf, 7= 0] DL AH 46
PRREL 22 PP (5 UKL 22 8] 19 56 28, AL AT 2 15 )22 1 1 B
ZIE 2R

B 1 RL AL R 2 2 RS ERL L J2 DR 45 1)
B X RoR R EAT4 AT P A TR,
4.3.3  JfA7 Ak /4 i FORLGE AL BT 5 A) K AR

R B 1 S R I SR B 1)
PR SR IR e 17 Bl AR B . BRI BRI E
S IR AT SR A R R, o R AT T R AL A
R A X047 & IR T T 2 8 CPU
ZASE BIC A R Ad A GPU g 47 P [ 31 5 45 3
2 T 0 A S S 2. 3. 2 /N R B Y A& BF AR O
Y R AR 4R b 0 88 03 B s e A AR i fd
g o Y AR 4E B B D MGrIKR DL 8 T BT
MGrIKR [r]) 8 5K i 3] 1 45 54

FE AR B R 43 BT 1 B sl M b DA S8R B T
(18 S B A4 R ] S80S e 1 B B 4 T 1 64T 43 A

() {5 J2ORL 8T (1 S I —— 22 U5 S5 A4 b 45 44
14 ) 25 587

AR — Mtk AL FRATT TR AR AR 1 L T (2
) 5l 25 5N T ) R 45 4 114 2l 2 BT L AR 1 R B TR
FAPTAT . 15X A A U 20 ) S ) IR R 2 A
R ENDVIR R AR IR —E MR EITRS,
LI — A R R 45 1.

B RS RE . E e A R S
B4 GS, = (LS, . Inter LR Fl GS, = (LS, . Inter-
LR). /] LLE L — 2Bz H, M L— o
B f:GSXGS—GS, o GS e~ [ e 3, RIKL

ZER R 3K A T W IR I

f(GS;.GS;) =
(fi(LS;,LS;), f,(Inter-LR;,Inter-LLR;)).
Forp, UG £ S RLES A B R AT R G
T B — > B A TR )2 s TS 8 S R4
PEAT EH B TERL R OB Z A JEORL A 5C R AR
RS R R 5 R A [RDRLJZ 22 18] AR — R R 2
)15 BB # 1) 5C RAE AT R AR KRB IF
) 5% 5 BT

B Tb A RORLES A Y B S T T R4
3l 25 8B A LUJE UMk O - UpdateGS (GS;) =
(Updatel. (LS;), UpdateR (Inter-LR;)). H 1,
Updatel J& ki )z 1 3 25 38 J7 ¥ UpdateR 322
52 A5 Bk F AR 10 3 245 TR O k.

55 =20 A JRRLAS H B 3 BT G D e
R0 B 25 SE B 48 SR BT 42 JR R 45 A8 1Y) R O 2k B
KRR N

Update (global GS) =Update (UpdateGS (GS,) ,
UpdateGS(GS,) .+, UpdateGS (GS,)).

22 15 5 F L 45 4 1) 52 I 2y 2 B R ML 40 8T 6
Fr7s.

(2) [a] R i (9 S i P —— 36 F MGrIKR R fi
8 3 ) et 26 2 3 By

M TRLTT A B B R R 00 7 R 1k BT R e
FEASRE N /2 T A 2 B Y RO b BT SR AT XS A
R ) R R 6 T RE 45 4 ) T AT DA SR A aod 7
PRAIE S B A A 0 24 AR 174 DR 5 41 (1] A0 5t ‘R ]
RLTH 55 AR H 2L Al AT B2 L P 2R R AR
Ry )5 T 22 R 1 [a) AT DA AE S — 2P i WF 5 AR
R

Bl 1. ORLRE A ) S TR AL SR ARG AL BE S i ik
L2 3 5 (1) 8L B A 800 1) 3 SRR R DT 7 d
R T P9 2R Ao A7 R

EX 1. AR D — 4> Zon ok
E X SolutionE f fectiveness= (GM(R),T,). R &
THA R A5 A GMOR) 3% 45 A (R0 B B o, T, & B
BRAG SR R — AR B9 GM<<GM(R) , I H 3K 15 X
A B IS RN T T, X A 1 B A SOk iR o
RS

R Y DT [1] 450488 A8 45 4 v e 4 — A 53 7 Y
BLJZE PEAT I DA AR 55 1) S B i 23 46 2% 5 2R AT
L RE 23 (] 00 ORLBE 25 18] S5O0t & AR RL 4 I ) m =
TR B RE RORL)Z Layer, .

yasC Rl
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