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Abstract

Data type and amount in human society is growing in amazing speed which is caused by

emerging new services such as cloud computing, internet of things and social network, the era of big
data has come. Data has been fundamental resource from simple dealing object, and how to manage
and utilize big data better has attracted much attention. Evolution or revolution on database research
for big data is a problem. This paper discusses the concept of big data., and surveys its state of the
art. The framework of big data is described and key techniques are studied. Finally some new

challenges in the future are summarized.
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Table 1 Four Science Paradigms

1 BERIH4HEX

Science Paradigms Time

Methodology

Empirical Thousand years ago

Theoretical Last few hundred years

Computational Last few decades

Data Exploration
} Today
(eScience)

Describing natural phenomena
Using models, generalizations

Simulating complex phenomena

Data captured by instruments or generated by simulator; Processed by software;

Information stored in computer; Scientist analyzes database
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Table 2 Comparison between Typical Big Data Applications
F2 ABKEENANLEER

Applications Examples Number of Users Response Time  Data Scale Reliability Accuracy
Scientific Computing Bioinformatics Small Slow TB Moderate Very High
Finance High-frequency trading Large Very Fast GB Very High  Very High
Social network Facebook Very Large Fast PB High High
Mobile Data Mobile phone Very Large Fast TB High High
Internet of Things Sensor network Large Fast TB High High
Web Data News website Very Large Fast PB High High
Multimedia Video site Very Large Fast PB High Moderate
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Fig. 1 Basic data stream model.
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Fig. 2 Execution overview of MapReduce.
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Fig. 3 Basic framework of big data processing.
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FR T8 SC A SCTE R, 25 A B s A J A 75 5K L FRATT T
Google W H AR BALIEAT T8 HE, G FE 4 iR -

@ F 0 191 It 2 2 W7 A 45 18 BOHs 8 A2 I AR 55 mE 45 8 REAZ A A BRAO 258 . MR A L SeRR[ 27 ].
@ LT ) 7 G0 4 K 43 B B 2 A 8 SCA A R BB, 4R Colossus Ml Caffeine 7 48 I B A7 8 SCA HF - AR S 0] LB & FAEAE. B 4 R
S5t I 18] 4 6 5 550 o )+ 49 SR 38 SR RN ) R R AR FLAE Google A1 A TE 3038 285 L I i)
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Fig. 4 Technology evolution in Google.
4 Google 4% A 1L

.11 XMFARS

MR G A BRI B L. 7E Google Z
Fll o 15 A A WA 2 W) T X ek 4 ik 22 Y i AR ROt
X T Google T 75 I %A 58 4 U £E6f T 22 7T LA
BRI . Google W\ 3 Gt 4 4 2R U2 — w25 M
RS, BT EME Google HfF X F AT
Google L & 48 GFSPY (Google file system). GFS
SN EAE K B IR 5 2% 2 L — AT R Y 43 A
KRG, GFS F B A X e K, Hikim K F
R 35 . R TN (Master-Slave) 5 44 5 1
Hds 4 P GBI B Cappend-only) 45 07 RS2 BL T i
TR Y R A . B B L HERS L GFS (1 22 4 3%
T 4 T 3 IV i oK. Google XF GFS #4717
Bt % R GEE N 4 FR R Colosuss , BAR S IE i
KATFAHEM ACM X GFS [ BAAZ 0 T 75 I 1 15
BRUYAL LT i e — e 0 . R GFS A9 B
HCRE (PR A — A F 1 s 5 R R GRS 16
/NSO ) A7 i 55 1) 7E Colosuss H 473 3] 1
fif .
B T Google, Ak 2 4l 1 2% 25 A AN [] T T %
T 2 B A i 5 oK 0 SO R R AT TR B
2. WA B AT &2 CosmosPH S 25 Hg & ) 4
2\l 5. HDFS™ #1 CloudStore® #B J& £ {5 GFS
AT IR S B, GFS JE 09 30 28 48 3 202 4 X 5K 3C
PEBETE Y I TE B A7t 55 0 S 5 SCHFE R G 2
A /NSO I GRS 253017 2 45 (K o A 2635
QT G 1 v P ¥ G N S 2 DG - L - IR/
Facebook #f i T & '] &1 X ifg & /N ST 1 S0 R 42
Haystack™" , i iz 24~ 1% 5 SC {4t 22 7] — A 4 B 3¢
5 IE I GEAF 2 A oy e B in 2 B0 N A7 45 A AL

i e T Facebook ¥ & & R A 0] Al v T4 T
R 24 TFSY (Tao file system) , i i ¥
INSCAE G IF R S S 24 B8 & 98 o e BUHE 45 T
2SI T N SO 7 A A FastDESE™ £ X
NS ARSI T TES.,
3.1.2 BIEEZRS

Ji b 0 R A TE SO Rz AH R T
1530 Tk IR P 2R G K A7 ST TR Dy 3K R 25 5 i AL
JIE 2 AR, HLO5 A8 48 . B R I OC R ALY
3 A 2B P2 I A BB & 1 R A AR A E s A i
FEHN

1) FRAS 0N, ety 2k 18 s g . R 50 i A% E 3
G I8 A BRI UT BB A 4 1 BRAE S PRI O AR
o3 A AFAE R 7 =0 X R G B AR Y
PEAH AR5 2R S B R s R 2 —. R R g
B P77 i X T PERE AT ST ] T scale-up (L
)48 1Y 7 =2 Tk A 0y 206k M i A 1 i i S
I T 22 A FECHE B 1 KR L BV RB AR THAEAE |
PR3 R E s p) BOPE E RGN AR R4y
scale-out (] [ 4 J&&) e Jy , i ixX Ap Pk ge 9™ & 7 X 1d
T S R e e T N A 1Y) BV R M RE A 4 10 JF
A7 B P 7 i L scale-out BE 7 L AHX AT FR.

2) F A Z R A% G2 0 s B L RGE A
S AE AL B 1 A7 A E 2 BOHIE 1Y 22 R M 2 DR B H I
FRBY 1 25 FRAE 22— 3 0 2 R R PR T 4 A Bk
T 21 2 A8 A0 RN AR 285 1 1 S R 2 R AR
BRI AR 2 R A G ] i s Ak FE 2 o A B 2K
A2 BRI I A P 1 A T i 1 T Bk Al 2 —

3) BT vl 5. OC R EE B SR 19 2 One
size fits all”f) H AR, A B FH P DN B 4% 09 55040 45
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e figg I R 7 T XS A (] B [ R I AN R &
B A ), DT AT LR RO B 1) A i) 3 4. 1B
TE B B ARAS [R) 4 7 FH 50 3 78 2508 288 A L 44 Ak
P52 LA R Ak B[] ) 225K A iR Y 22 5
TESE PR b 38 b JL-F- AN 0T REAT — Fh 48— R EHE A2 6K
J7 AR WX i A 3 5. L W Tl i Web i 19
Aib BRI AS T RE IR SC I AR EHE SR TR A 0 Ak B 7
X FERXFRE O AR 22 28 | I 4f 221 A “ One size
fits one” fl1“One size fits domain” i) & 313 & H &
KM BT EAEE BT =0 0 AR T — RANAEE A
fRFER TAE.

4) Bl e 55 Rk AR T JE O OCG B Bl PR v =R
%5 1) IE i P AT 2 i e ACID R, B JE - 1
(atomicity) .— B ¥4 (consistency) . # & 14 (isolation)
FRE A (durability) . b F 808 58 — Bodk i) 7™ 4% 2
SRAE HARAR 22 KA HE 5 5 v Jo ik . X R 8 T
HELT B A9 BASE $54E. B H 2R i 2 basically
available (J£ 7 o] Fi ), soft state (Z& ¥R &) A
eventually consistent (F 2% —F). M 4 A7 20 40 4 3
21 CAP BRSPS [ iy Bk A ACID 38R — 5
C. M BASE B SG i o] FI4E A IE 2 7E 3 55 4b Bl
FE ot ACID g P 9 7™ s 22K L i 45 0C R B 8 s
JE AT e P A AT R

T X B8 Bk % . LA Google A% 3 B9 — L AR 2

RIS T A O R f# P 7 £, Bigtable™ J& Google
HINF A MBI ER G B — 2 g m Ty & .
HH AT RIS 2H B B A7 it B TR A — 1> )R] L T B
YRR AN TR (8 IFTE] X [E] — S B R o i) 24
BRAETE UBCHE 19 2 > hRAS 2Z (8] fl B[] Ok X 45
% T Bigtable, Amazon ¥ Dynamo''” 1 Yahoo 19
PNUTS "t # 2 4E % H A R F 19 & 4. Dynamo
ZEO T T B A A i i 20 A R Ay 2 (DHD |
] &= B 8 (vector clock) i RSEH T — 15241
oA Zp AL i T R S8 PNUTS &2 — 453
A1 2 B e AR BT b A 55— SOk Rk ik B ]
FHAE ) B bR s 32209 IR 55 X 5 2 A X /N e SR L
UNAE R () R B A0 SR B /N D s B G i 2 Al
Hiilal. AN A AE R SO I B 1A 45 Bigtable,
Dynamo, PNUTS 2 i s 2y e A ATTIT o X 56 22 %
P FE AT SR Rt AR T — IR R G R BRI
R P ik 2 7 RIAEW S —FR  NoSQL (not only
SQL). NoSQL Jf- A — N 1Eff 1 E AH— AR
NoSQL 4 4 i 24 HA DL M 4eAE 828 A
(schema-free) . 37 £f ] & & i (easy replication
support) . fij B A N #2732 O (simple APD (fg &
— U (B 3SR BASE Rt A SCER ACID) (3¢
il 8dE (huge amount of data). NoSQL 1% %
RUBCHE 22 ) 157 B et 3 R -

Table 3 Comparison between NoSQL Database and RDBMS
3 NoSQL H#E FE fl 5 R # 48 FE Ry 3 bE

Objects of Comparison RDBMS NoSQL Notes
Rationale Perfect Imperfect RDBMS is based on mathematical model; NoSQL has no such model.
Performance of RDBMS will degrade as the data increase, so it’s usually not
Data Scale Large Extremely Large appropriate for extremely large data; NoSQL can increase the volume of
storage by adding more devices.
Schema Fixed Flexible RDBMS must define schema at first; NoSQL is schema-free.
. RDBMS will build index,so it can well support point query and range query;
Simple query . .
Query Fast < offici NoSQL has no index, although the query processing can be accelerated by
is efficient

MapReduce, it is still less efficient.

Consistency Strong consistency ~ Weak consistency RDBMS obey ACID; NoSQL obey BASE.

Scalability Moderate Good RDBMS is difficult to scale; NoSQL can easily scale out by adding new nodes.
Availability of RDBMS is relatively weak when the volume of data is very
Availability Good Very Good large because of its limitation of strong consistency; NoSQL can achieve
better availability by relaxing ACID semantics.
Standard Yes No RDBMS has standard(SQL) ; NoSQL has no such standard.
Technical Support High Low Technical support for RDBMS is high; Technical support for NoSQL is low.
. . . RDBMS should be maintained by DBA; NoSQL is not sophisticated now, so
Maintenance Complex Complex

its maintenance is also difficult.

@O CAP M4 . — D404 R Go A ] G [7) I 6 J2 — ik L vT 2k Cavailability) Fil 43 X 25 4% 1 (partition tolerance) , iz 22 H fE [7] I 3 &
A
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Table 4 Typical NoSQL Databases
&4 7 NoSQL ¥ &

Category Matching Databases Performance  Scalability Flexibility =~ Complexity Advantages Disadvantages
Redis . . . . o Stored data lack
Key-Value . High High High None Query is efficient
Riak structure
. HBase . . . /N Functionality
Column . High High Moderate Low Query is efficient . o
Cassandra is minimal
CouchDB . . . Little limits on Performance of
Document High Variable High Low .
MongoDB data structure query is low
. Neo4] . . . . Graph algorithms Data scale is
Graph . Variable Variable High High o\ .
OrientDB are sophisticated relatively low

Bigtable [y 5% B ] B, {H 52 A 8L 58 19 5C R 5L
i P H SR Y D RE IR A R A S8 ACID FRPE.
It Google ¥ & T Megastore ") R 45 , 5 Sk HJiK 2 5k
P A AR 1 Bigtable, {H 2 & 528 1 25l RDBMS
(R B A AR AR () S it At 5 0 ) o — BOME A o 7 R
Megastore ¥4 B4 17 410RL B (14 43 X, B8 B 7 2%
FEAL 5 18] #F 47 W) 4 & . Spanner-™ J& £ %1 1y
Google M1 09 B8 E & 4t » Google 7£ OSDI2012
/AT Spanner (9 5Z P, Spanner &5 1 A~7] U
SEIR A BR MY R (global scale) 3 H. 3¢ #5418 —
i) ZF 55 (support externally-consistent distributed
transactions) [ £ 4§ FE. 8 & GPS f1JR& T o 4h
(atomic clocks) 3% R, Spanner 5Z #l T — 4> B [4]
APL {5 Bz AP 54 b 2Z 18] 1 B 8] 7] 26 fiE 08
% 10 ms LA Y. Spanner Z5{] F Bigtable, {H & E
BAZ MR B 458 DL 2400k B ) B &2 . %t
B L Z 1B AN R4 2 23 0] AR 9tk — Bk B
— Pk, HRFE 20 A 348 4E. Spanner 19 H Fr 2
FEdfil 100 #1000 5 & Ik 55 8% e 2 A & K2 10
TiA¢ B s A 1000 T3 A5 0 A7 ik 25 ). ) A TE
SIGMOD2012 I+, Google AFF T HFH & R G M
B FE 7 L F1E R Sy —FR A BB FE L Al
A A Bigtable #5971 LA K SQL Kl 1% /9 AT
FHPE 3y fig ME. 7 A YR 2 fE 6 IE 2 SR
Spanner, BLA R £ 3 B4 M, 05 & 5 a0 A XL R &
50 e S TR A e AR RS B R 55 A

AL O B WL RN O R B PR E AL
FATIN K 56 BB EFI NoSQL I A & 8 J& 1Y % ~7
A T 2 AT LAAH B AR 7 Y 8 T AN [0 3 55 0
AL i 4n 52 bR 0 BB R 48 AR AR & ACID Al
BASE WiFfh R G045 4. L 242k . UL Spanner A8
F AT TR R R P Y Ll B 45 B AE A A R T

SQL ., NoSQL Z A1) B . X Fpih & 17 — Bk
Al NewSQL 51 23 42 oK Sk K8 1 A7 i 7 1Y
K JETT ).
3.1.3 Rl H5&EmEAR

B A R R EEN N HZ — RS
I 2 fiff e 54 e 0 ) 0 9 5 %05 %8 3t Google B &
M5 s 51 I 52 38 2 M 55 i O B 38 40
Google fie 7 1) & 5| & 4t /2 F| 1l MapReduce 3 5
4. AR ST A 3R R AT 23 R 43 AN ] J2 R B AN
() P10 BE B A3 R U B i R R 5 B A 2L
PE IR AR o 75 AL PP X AR 5 B 7 SRR
. Bl )5 Google 3 i T Percolator™™ , 3 Jg& — Ff 33 H
ARG B A% B BT 2R T A R 514K
it BRI . IR 2 BT A R B i AR
BRG] B K Rh o 0 AR R A FRAT A
4. Google iy I 78 fii FI i 2 51 & 45 By Calfleine™
HHASEBL I R A AHJE A LAR 52 Caffeine JE 4
@ AF Spanner Z |, % ] Percolator & 5|, sk %
M E—ARREI R G 5 A KIEER .

R FR B T A 2 R X R e A R 5 | Y T A
D b i DR T B A R Y TR R R R 5] R AR
oK F B A TT LA R R R 3 5 i BEOR . R 1 i ar
DL RTS8 s R 9 5 22 Y R [ A TH N A% 48 58
(4 /NS ik B 3K 2 s ) 0 G JT iy A 1 A 1) i R 1 AH
IR D2 0 H R X S B e R 5| T REA T
ENE R IR KL DN € il w SR P O B - Gy
ZE H N FATE Facebook bWy EEAL 1T

M 5 A LUE A KA R A AR 517
RN T R IE. NoSQL B B 4F 5 £ 8y A
TR — PR s DR A DG 1 F 55 4 R AE NoSQL
WOl e i 22 8 A Ak b & X NoSQL & e 1
() 2 LA T S A T b L
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Table 5 Query Index Examples
x5 BTHARSINESG

Algorithms

Index Size for Facebook

Index Time for Facebook

Query Time on Facebook/s

Ullmann —
VF2 —
RDF-3X 1TB
BitMat 2.4TB
Subdue -
SpiderMine —
R-Join >175TB
Distance-Join >175TB
GraphQL >13TB(r=2)
Zhao >12TB(r=2)
GADDI >2X10° TB(L=4)

- =>1000
- =>1000
=>20d =48
>20d =269
=>67 years X
>3 years —
=>10'° years =200
=>10" years =4000
=600 years =>2000
=600 years =600
=>4 X10° years =400

1) 2R H] MapReduce Jf47 £ R A AL 2 18 A5 1) -
4 HH] MapReduce Jf17 4 i) NoSQL 4l J7 1
A~ MapTask &b 38— 73 () A i 452 4E . @ o LB 2 A~
R 73 22 1) B A7 £ 180 R $2 5 2 18 A 1) 1 803, Ly

AR 0 0TS T 505 23017 0 0 4 9.
2) RINETHAR M 2 (845180 4R 2 09 BF 56 T
SRR 2 46231 ) 90 1 K 1 NoSQL $if e
(AR . % 6 FI% T ELAT G —SERRITT R AN L.

Table 6 Comparison between Multiple Fields Query Using Index
F6 RARIMEESEZBMNFT R

Types of indexes Advantages Disadvantages Examples
ITHbase
. . . Achievement and Less efficient multidimensional query IHbase
Multiple one-dimensional Indexes . . o
maintenance are easy and high space redundancy CClndex

Multidimensional Index Good scalability

L High write throughput and
Spatial Index

low cost of maintenance

Asynchronous views

RT-CAN
Achievement and maintenance of QT-Chord
index are complex EMINC
A-Tree
N . . MD-HBase
Consistency maintenance is complex
UQE-Index

ITHbase"™, IHbase", CClndex™ 7l
Asynchronous views"* 2 it 8 ity % JH £ 4> — 4k —
RG22 8 Ak g S BT R Ko
ITHbase #1 IHbase & Wi 4~ JF I A £ B8 7 %,
ITHbase %5 T804 — Bk, 3555 Mot H %
Fpk. IHbase 5 ITHbase 251, A HBase %22 5
PEAT TR T E LI SE I T Server, Client S ib
¥ % %, CClndex (complemental clustering index)
S E R BE AR 1 5y A — R R I A5 BRG]
rh B i 2R 5 1 00 o A7 i i s i He A 3 0 Bl DA
T A 1) B 42 78 7 | 3R v o W 49 4 4% 20 A B
B o R 2 D A ) 5 TR] . 2 AR B R D S AT AR
M 3k B B A 50K CClIndex B9 R 51 B B ACH H 4

LR R G, RSB G AR &
Bnei & . Asynchronous views DL 5 5 80 & 19 77
AR SR T oA A i), $2 T R AL 7 5 2 0 v
K| FE (remote view tabless RV Ts) HlJ& &5 il K] 32
(local view tables, LVTs).
RT-CANP'SR I 24k R 51 sk 2 A . H R
HRGIR Retree, 2 RGP R T REMS X HF 2
YA if) ) CAN 75 35 W 4. QT-Chord™™ J& 55 —Fh XX
BRI E5 1 R R TR 51 SR B 2 SO A Y SORE
IMX-CIF quad-tree, £ JRR 5| % H 1K Chord 7 3% W
2. EMINC™ & X & A J& # 47 5 & 52 — 4~ KD-
tree, R 5 e Ff KD-tree (305077 55 4E R & JR K 5.
TR G MR U — > 2 AR Y
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SEITIR IR IRAE A R R 5 ] R-tree X iX 2657 75 &
PEAT RG] A-Tree" & H T 5 4b—Fh iy . FEAE
R < BT R B — AT RO R-tree, [A) B 22—
A~ Bloom filter (A7 B i 38 &% ). X K 7 MEAT 5 4 i)
I, SeidE it Bloom filter #EA7 B ik . 4 2R £ i) A
TEE MR AT R-tree 2], 75 W) 4k 22 #17 R-
tree A ).

MD-HBase"™" & t —Fi 5 F 45 1] H AR HEF 19 R
175 %, He T a5 6] B AR HE 7 9 R 51 05 v i SR 8 AR
4T R — o ALK BT S A A X R R 3
KNSR T IR — R N B — A2 5, X
b g5 Ry s 8] H s AR i — 2 B AR S BT
FSL TR R AE =S (8] 1Y) 52 1A e S 3] — 4 2 ] L P
AT LUR) B30 B PR A8 PR g b R ) — 4R
FlHA. UQE-Index"" 2 B4 X it 12 4 B 9 1 FH 3
S IR 25 R M TR I TR 48 BE b FE RS > A A
g s A S X6 > AR ARE R D sk R AT A TR R
S P O s 11 7 4 o 1 W | R el 1 v v ¢
Sl T8 A 51 B /Y R B AR R 5] 4 7 iR
B B R G000 ko 6 Py s AR At T e
SKGONM RG] RN T RIR G Sy T #8088
IrAT Y] R A KD Tree #4723 2550 3. {H 2 2R
TR B BE AT B 2433 KD Tree R R 5|t &4k
e B AAT o 23 52 M BCHE 1 A AR 2 BRG] DA X 4
P AT RAE R R AEAS B 9 %4 FI U KD Tree 47
EGIRNITECEI R N b i

SO A T BT X NoSQL B4 & | i)
PR A AR AR IE A B A7) A AR 22 0 B 1 ) 730 i 1
fiff .

3.1.4 Bl HT LR

Bl o3 B2 Google FedZ 0ol 55 - B — IR i L 1Y
W 2 5 T S B AT B A 0y o0 A R Bl
Google %I H 43 # & 48 #1474 Wi 1) F+ kit =z .
MapReduce J& Google fiz R I 09 35 462 1Y L 35 ]
Tt H AR AT B0 4. B B A
RPTTZAFE R Y Z B R R — A SRR T
B, DRI 0k P 0 3t B3 — i DL A = T 1
S22 V6 B AR [ BCHE b 00 AN Wi BT DL R K 1 1 7
BAL , i R ] MapReduce 2528, & 75 4 K
AN ELW A B AT 8. A B B &R
Gt It Al H T Google Hy R 3 5 . A it Google %
HIFSCI T Pregel BB A, Pregel®™ & Google
gk MapReduce Z J5#2 B X — it B AL, 5
MapReduce B LAt AL BEAL AR, & B FE

(1B A R A% 0 JEARLR T 35 44 19 BSPY ST AR
RS, Dremel™® & Google 42 i} i) — & ] T Web
BHE GO 1 58 5 BE o3 B R G 45 G S A
22 W A B Dremel B % 52 S S I ] 4 19
Vg s 2 A7 Dremel 5% Google P Y — 88
HENRSS , L Google 1 = v K E I 43 7 °F- & Big
Query™’. Google £ VLDB 2012 % 3 1y 3CHk [ 64 ]
AT — AW A FR N PowerDrill (143 #7 T A,
PowerDrill [[l#£ % i T 5146k, B T 48 5 R
S nl B8 2 19 B % B gk N AF. PowerDrill 5
Dremel #JJ& Google 19 K4 7 b T B, H & H ¢
W 5 s AR, SR A IR K 2% R
Dremel % M T 2 8454 19 73 #r 1l PowerDrill 1
F=HE N T ORB I = 0 A O B AR e i B SR Y
Fi2EAH# T Dremel N H G S PR 2. BT
PowerDrill J& 15 i1 F o &b 38 /b &5 (4% 0 008 4
IH T 5 4 A 3 A R SR e o BT LA B vy 2 S AT
AE BT B 76 N A7 T Dremel 18 5048 W 7% % 76 7% 4%
. Bk 2z 4h . PowerDrill 5 Dremel 7820 8E 45 AY 4%
I8 4 DX 55 75 T AR AT B 00 22 03] DS B 1 SR T R
K&, Dremel 0] DL7E JLED N 40 38 PB 9% 1) 5 45 A
i, 1 PowerDrill W o] PL7E 30 ~40 s HL 4k B 7820
ACA~FTTHE (9 BCHE  Ab 383 B2 T Dremel. — 35 19
N s AN IR AT LA B AR 7.

PR I T — 4> 24 8l MapReduce ) % s b 51
KR, Bk 2 K Dryad™® ,Dryad #5732 22 sk #4857
14 7 L 8 (directed acycline graph, DAG) 25 A
B v 9 17 B ¥, Cascading!®® 3@ 53 % Hadoop
MapReduce APT [y 32 , 2 REA [n) JC B & 2 B (1) L
FHl. Sector/sphere!®™ @[ DL H S — B o9 X wY
MapReduce, & i 5315 2 L4 & 48 Sector #3471+
BHE 48 sphere #H i{. Nephele/PACTs"™ Il f %
PACTs(parallelization contracts) # 2 45 AU F1 3 47
1451 % Nephele. MapReduce 5 8 ZE A iy 1 it
A 32 1 FH B s o Ak SIRASE AU L AR 22 10 ] I R 2% 1K R
F MapReduce il it %5 475 4b 2.

S5 I S A R R B 3 A ) — A A0 T K
R Z A58 AR IE A2 i 58 5% — 75 5K R T 1Y ij 18 A 44
TR EAE b Ry 7 A AR AL T AE S A A B A AR
HXEBEP, FEA 3 FhEK-

D SR A #AE L AR it Ak BB SOR SRS A
S A B R G AF LA FH 400 RE A B A A 3 AR
(R ] FE R TP ARSI eI R GE TESORAS M 55

2) SR It BT, T LA R . A it Ak 2R AR
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RUFF A SERE R G0 2 28 iR i 58 BROSOT LS T AR 2 08
FMHG R 0 A . Google 42 1Y T 3 & 4b
B 2 48 Percolator™™, &k M #2 5 T Nectar™® F
DryadInc ™. =35 3 52 30 1 K AL BCHE 1) 3 &3t
B fHJ2 X 28 R 48 Al MapReduce I R 3 78, 4 g
Incoop ™ I IncMRV* 523 T MapReduce fEZ42 T i
WE A, Yahoo 19 Nova ™ I 57 43 A 4R 25 10 186 &
B E A . HOPY ¥ MapReduce 4b 2 11 i 72
5| A (pipeline) A&, 7E AR 1IE Hadoop %4
PERYRTEE T o (B8 76 25 T 55 0] DL A I8 i J7 52
KRN T AR S 0 I K vk B T A HE b B Y 52 A
PR EANRKRS WAMDM S5 % 78 HOP e fili -
&M COLA R4 £ HOP & 48 i 3L ol b 3
TR RAE B AR AL B AR X S D AR R,
— R AT HOP sk dE. JE A7 53 A n] L
ik RUORE S A v A% a3 43 A IR 55 A b A A R
KRR 7 Sk SCERL76-77 N gz 43 A 14 £ i
W Al S BT BT RO BE B 2 A Y e A
MapReduce ( In-situ MapReduce) 1 Continuous
MapReduce. Jf 11 MapReduce #5531 GE R I b
IAFEAT B I EACN AR KL kA2 B
BB LA o S U UL s L R
D HIESE CAE S o 2 MapReduce #8932 A8 155 19
R0% ok B S k. HaLoopt™ 38 #of 78 45 4 task
tracker Xf B¥E $E 1T 2% 77 (cache) MG ## & 5| (index)
(9 77 2ok Bl A i B 1O, IF 3R I T — 25307 1 o AR
M. {HJE Hal.oop Y8l 5846 Jo ik 7 8y, Bl —
AW A Ik 2R AR e Twister ™ R 4%
Hadoop {44 £ 48 17 75 7E 8 A7 b, SR A 7 A B
1% 36 BT AT 9T S A . E 2 B0l B 7 oA A 1 B A
e LS H] BB R i R B AN, AR
N AL AR A BR. Twister 4754k F 91 25 19 b 5 i B
iMapReduce™®™ /28 T —F £ T MapReduce /L
B 222 I 0 25 9 6 s FVRLBEEE 10 sk 1T
2 BRI R A A0 6 3R 2. iHadoop™! 52 3
T MapReduce {5 5 2% A8, (B R 7E task Z M &
F B8 K Rk, Priter™ 248 Hadoop F) 3 il
NP W A IS & S vt I B v g a AN L 2 STV A
1 R PR S S top-k Z ISR TE LR A ). BT
WA 1) Priter © 28 35 5 T A7 FEE T SO 19 4K
Y A6 7 2. Spark! ™ fg v ) 25 RAF AR N AE L S
F¥B% Map Ml Reduce Z A 2 #4281 (0 &
Spark AN id FH 5 20 40k B BT RS 0 I TR] B AR
AL T A R 4R TT. Facebook 454 H © WY W T %

SR T S Hadoop RS, FE LM T
Al H1# NameNode , % Jf & 132 F1 52 6] 171 4814 fE 17
T A UiE HBase fdf H i A B 52 Y S A 77 PR

3) ZHEMAG . AR DHET N G2k i b B
AL Ak R U B AT Rl A, R K R F
MapReduce #5559 AL R, SCHRL85 13 HARW 1
¥ MapReduce £ #1 i F 2 i 4b B X Fh 28 43 M7
(one-pass analytics) [ F B 78 2244 b 3 24 iE 47 6
FER R BE . AR 3 B LAk L SCRRLS6 A2 T — b Al
F MapReduce 52 B & H] T 538 53 B7 18 o] 97 & 1
5. DEDUCE £ 4" §" J& T IBM #9 3 4b 2 4% 1F
System S, fifi H % ## MapReduce. C-MR % %% i
it 3 A 5 T ) AR SE BT SRR U AL HE Y R 2L A
MapReduce( Continuous-MapReduce) : ¥ 347 i
Ab 3R ) B A S 7 W Y R B MapReduce 5 A
@B S S T aSS CPU Ml GPU 15N £ Fh 57
T B8 11 @ S FF R TG A 0 TAE G A i M
7t Hadoop ZRGEHeAl F 4T i . 58 IF HDFES (1R
il S BT — A A A A B AR AL PR 4R
StreamMapReduce** 45 & 55 {2 3% 4b B (event stream
processing) FJ 5 & , X MapReduce H1 ) Mapper
Reducer #E47 B8 & X, BT 47 22 19 L AR GE 3B 1Y
i ab B J7. SCHR L1 JIA S K # 0 i 4X P 3 %
i (fast data) By 4b B2 — AR BLRY 9 37 5, b
AT R VR S T O (== I Ny ) =l )
MapReduce HEZEANIE G 40 PP K48 . 455 Pk 4L
PR AL SO Bt T — 26 MapReduce (9 HE
o MapUpdate, 7 ZHEZL FEatt [ S T — 4>
JE AL 2 58 Muppet. Fl_F 33X 26 R 454 L, SSSH I
R VYR 1 390 A S AR DR A A 3L 1 () ) B 8 SRR
R AR 5 25 5 A0 P A P A R 2 0 Sl L O Ak 3 R AL
b . SCER 93] 42 44 O B B (discretized
streams) [ 2 F£ B B, IF 7E Spark JEal B SCHL T —
MNE A R 4 Spark Streaming.
3.2 KRYEAETE

O F B0 AR AR A A ek ) B kA 5 A B Y e
FERERE  (H IR TE R E i AR B8 48 B0, 20 A 25 10
KRS O R A FEE R 23 FOR fHd HIL AR
T4 X B A T2 3 B R B A B TR AT — A A Y
U= 4 s 4

Hadoop J& H Aij f Jy Wit A7 19 K E 4l b 327 5.
Hadoop 1% %t J& Doug Cutting # {j GFS,
MapReduce SEH ) — =B FIEF 5, G Bk A
Apache. Hadoop BB & & BB N U3 L & &
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(HDFS) . %t 2 J%£ ( HBase. Cassandra) . #{ §& 4b 78
(MapReduce) %5 Hy B % Je 76 N 1) 58 2 4= 8 R 48
(Ecosystem). JeAfp B 0] LI Hadoop B2 48 R
REAE L F T B 50 F AR .

X Hadoop Bk I8 H i T 74 B 37 5% 1) K8k
i b 3L 28 1A B 0 A0 9 AR L 0 B O R A
HiE Xt Hadoop “F & P fig A9 B a7 | 8 25 1R
b BRSO | Ry EE AL YO #E Hadoop Z I
T B A A L0018 Hadoop FI B i & 45 1 3%

B BRSO R A AR

Kk 1 Hadoop, it A 1R Z £ X K B4 iy b 2 T
Hox s T HAT SRS AL B & A 2% 1]
B R RE 2 1 DR B s Ak 3N

T IHGAG T A L A A& T
H e 5 T HB0R 2 28 A LA, 527
TEERAT . AEC Z B AR A 7= o 48 K8 2
JETE Hadoop H:fili AT gy e, s & 24t 5
Hadoop R %R 4% .

Table 7 List of Big Data Tools
x7T REEIATR

Category Examples
Local Hadoop,MapR, Cloudera, Hortonworks, InfoSphere Biglnsights, ASTERIX
Platform
Cloud AWS, Google Compute Engine, Azure
SQL Greenplum, Aster Data, Vertica
Database NoSQL HBase,Cassandra, MongoDB, Redis
NewSQL Spanner, Megastore, F1

Data Warehouse

Hive, HadoopDB, Hadapt

Batch
Data Processing
Stream

MapReduce, Dryad

Storm, S4 , Kafka

Query Language

HiveQL,Pig Latin, Dryad LINQ, MRQL.SCOPE

Statistic and Machine Learning

Mahout, Weka,R

Log Processing

Splunk, Loggly

4 REHE R A E B9 #T Bk A

25 b BT KB i A BE A7 A R LA
S BRSO AR T S AR e B IR A
B TF S 3 2 5 % 0 B0 4 JHL300 SR AN TR) 1) 4R o5 1l
A5 R BSCH e A 1 3000 A 3 I T A R R

T TR X v (g Sk AT R AN 4 AT
4.1 KREIEER

B ) T2 A A A A B Ok e 2 b A T
AT ) B 45 B R e v, o T T HE AT BOHE 4 B T
BEEAT RS ) B . BHE R U R IR & —
F e R AL R B e A A B3 B L0 A T R I
SR PR s Al THT I 2 5 ) P K

D) Tz i S p . 1% G0 0 B 48 b A 2 T
B S0 1 ) R LR 7E RO I AR X A b M
BT R AR, F BRI - DB 2N DL 1k
A EITpIE S AL EE (R AN oy RN Iy (R e i
B QBHE B S 2 R M R 1 s IR AR Ak 1%
S5 L TR R AR T IR S5 A RS AN

X S AR N [ 5 . BE A B Bl 2 s 1) PR A S
FHL LM il L GPS 45 7= A 1 B0ds o 52 I 4 =X
B HL™ A B B0t A A AR ] A I s R . O %
Pk 77 SR 7S A A% Gt Kods 5 207 A A OC & B 1%
Hh LR 8 22 1) KB O i SR ORI 14 KO8 A7 ik O X
oK IO X8 K 48 1 L NAE A 7E Hadoop 19 HDFS .
X R SR B SR A AR A ak A v AT B B A T X
ol et i) 2o R AR R A A MIME LLUAE BR 1.

2) Bl i B B RN — i i AR A R R
B (A Y 18 O, A S AR 2 I R A R
Az W — J7 AR MEA ARG REE AN T A
I7i) 50 s 50 8 A0 014 T RSB 5 O — O i A 2R A R
(1 3zt 8 rp A T B0 3t K BT A K 2R AR AR — R A
VEAT AT B30 5 Uk » 2 il 45 2 2 00 0 RO T 4 s
2 9 B o B 2o R R R I ARG R0 N vk o AR
W UK T ARL S TR S R R 20 R A AR R TR SR T
Ve R R Al A e R AR R O R B AR AR
D KA AR I D8 . 38 PE kLB G M SJE Ik ik
FLIE B9 BEACR R A J5T 45 i 2 (8] 5 2 AT A A
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4.2  KEHE S5 7 (analytics)

1% 40 78 S 1 9 BG40 B 32 B T % 45 ) 1k B0 e
F HELEN T —BETZHMM IR R. 5%
) FERSCHE e K A7 fith 45 R A B0 78 e BE 1 b A
o P AR i A AR T O A R AT IR BIL 43 A Ak
¥ (online analytical processing, OLAP), 0] DL 47
LA 19T A (drill-down) 3 - % (roll-up) $# .
Xof T DA ESCHE v 2 e B R 2 8 R TR o SR A e B
EARE AR I R W TR ORI S — R A
TESE B AT Z A R O s 31X — % Ab 3 R A Ab
TR XoF 58 /0 1) 45 4 A B0 I A v AL (HR B R K
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T B AR G o3 Fr R Ok 1 B R i s F Bk
i BRI

1) B¥E Ak B A 52 B M (timeliness). Bl & B [A]
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AR 22 S5 3l O0T T 850 40 19 S e Ak BR AT T oKL B A R ER
P AR 3k, B 2 W 3 557 00 808 B DA B &
(offline) [ T 1 £k Conline) , JF #f H B 52 i 4k # Y
TR L Hetn KDD 2012 4 SC k[ 119 ]R3 i 52 )

S/ P NS & R AR o s RS T <

— T A Bk R T2 A T B Ak AT Y R K
B A S AR B AR G B b B AT 3 AR D
T A FRARE 2 e A BEASE X DA R — 3 R A SRR ST
BURTE 3. 1A WELAIFEHNA. BARCH R
BRAR 22 AB R AT AR A — A 30 1 KEE 52 s 4k 31
HE SR . 5 b T H S0 SE I A F Y 7 R — SRR
FHERYER AR AR o 3 52 35 52 Bs hi 1] b AR A 75 AR
i B C Bl 55 75 KR 3 500 LA 13X LE R AN
T H AT B0 A R il 2K

2) B ATE RGBT, R E R E
(2% 5 | AR A8 o 3 A 30 2 32, (5 J2 1% 48 1) B 4 B b
B AN R A W e RG] F %
R R GBI TR A I RCR. KB AR 2
I 455 2 B o CHE S 100 O T8 Ak R R 23 Ak TR TR ) AR
ez SR R G S5 A 1 BT ] S R 0 BE S
TERE B 2 A 78 A B AR PR bl A A7 8 R o 3 . AT
A28 T il it £E NoSQL K4 4 1 H # R 51 ok 1
Xof R ER A Pk A — 26y 58 AH R B SR 1 X B SR AR
AHRA i E BN 37 55 . HL X S8 37 557 1 B 15 R
K3 R AR T B A A T A {5 i B T it
B R G o8 2 KB AR EE R —.

3) Fe I MR Bk = . AL 58 3 BT 32 25T X 454 1k
Bt R I X SR A 7 DL OC 2R A AT A i Y [ I

BB T X BB P OC R AR S I L L kAT
TRV Fir S 53 Ay R X6 5 25 A TR 2L & 1 3 i s M FRAT
MORE KRBT i HL T BE 0 HU(E Y R AL 3k e Rl A
BATHEEAE 7 W Z w0k & X8 e A 17— i3
fiff . T AE TR R BSR40 B B — T TR - 45 4 Ak R
S5 A8 AL B B A7 TE 3 S B A AR X DA 2K 0L 25 4 k4K
W A N MIEX LR 5~ HRZE
Bt DLt i 2 U5 5AS T 3 R L Gk 2 T S S0 I 4k
PR H5 4 AR ME A A2 0% 119 BsF ] 2 57 S 50 AL
4.3 KEHREFEFA D) B

Bt A ) A0 ph o A BB S 30 o 7 ok B
22 (05 A)s LB AR 109 I8 207 i 7 v i b s LR I Y
R WIS R84 T 0 25 By 7 AR RA% A B0 B A ) R

D) Bak s 2 55 R 2 B AT IR ks
H T AT A Bk O il B B R AR i H iy 3
SR IR O I G R A A I % 1 o B (S AR AT AE AN TR
1R 5527 A OR B 22 1 B A2 33X R R AT R
R R DGR S BN Htb A B B 7T REAS 2> 2 68 T P
(0 B A AER AR A I K B N AR 247 0 AR
[F) F ik 7 b SR R AE — S B At B B AL SR AR AT fig &
TR A MG B C & 08 2 3 Fh R 4L
I8 7 5 AE A2 N T T R A . R 2 T
KUk AT LA £ 5 i il BOR 2 ROk SE I P BRRA 1Y
AR T AE 305 bl o B i N R R Oy
7 fig S PR | A A B A5 R X A N R R 1 T 5
S22 AR (crowdsourcing) . B I LAY B AL
P47 T i 3 H R AN g T2 T ) WU 7

2) B AT H BRARA B 7 & A RAUL T
TP B AL 0K B A 00 80 R i DA e e, IS 2 %4l 1
W (A TCVE A . B s A T R TR A 00 BUR
AU FF B B ok T i B A 1 R & At 2 s
1o DAE BTG5 4 T4k 23 932 5 Al AT L2 FF
)R T T A P B9 AT S DT A B X P Y
FIR 55 B RAG LR 25 . 5% 25 U] LRI 28 FF i 4
it s AL 2 (R T ROR S AN [R] 9 A B R EAT A AR
I RSO B A B RA I 8 A B A S 2 8 HH P AUk
5 BT 82 N HEAT A 800 B 12 8 X A 0 TR 4
AT B2 A U TN O T SO R Mk
PE. GETH RO P B 5 b e T e H s B RL 1k 4
ATy B IE S I A Fe 128 W B A AR G 45 R ) AF 5 AR
RLSCHERLT20 ) rb 2 AR 4 B AL 09 B8 408 42 B (privacy
preserving data mining) X — & . R £ 4 & JT 5 3k
J3F 3K 05 T B 9. 35 BEAR v T AR SR B ) B
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ZITE s NS 7w ¢ VA I R 7 B S & 1R D =N DN G N B N
A b I 8 P B A B A AR L 1 B L = ) 2
A T JE B PR R AR 4 i i e I . Dwork
E 2006 432 H T B 2 4 B AL (differential
privacy) "y . 254 BROAL R B L R 1T RE 2 i g K
s v B AL OR A 1] e 1) — A 7 1], A 2 33X T4 R B
SRR i AR 2.

3) Bl sh A M. OB I AR Y P 2B AR BR
TSR A H B A B R R R 22 A A 4 B L AR
PR TR R P A B AL R AP R T TR
ASHHEBE  TAE I S v A A R B Al A I 22
TE KA Ak DRI T 3 o 5 m &2 ) 1Y) A BT S R
Xof 21y 25 H5CHE 1) ) R R RA DR 4o B 5Lk R
4.4 KEIEBEF DA

TEBE PR AN M B L E s rhO AR LR R
R4 K o e REFE T 22 W 1l o ] 24 RS9I PR ki 110
— A . PN AT B AR R b0 B T
I & B IR R FE Ay ) 0 FZ W oKk 5 R R 2 AL
AHIC BT R 3R D AR R B S B R 4D L fig
F2 2L i PR ER A3 2 N BE A REFE AR REAE . 8 2
o S DLRE A REAE R L BRSO KA 4 B
F G BEFE N 2% F R 8 R FH 2R B E L. AR S PR A
BLIF AR BUNE B R G A Ry 0 BT R g i
TRl X3 A o B0, ¢ 401 249 B 9 ) 22 B 48 0k
—AERY R A A R AAE (A A BT R bR R
“Power, pollution and the Internet”"*), JH# B/~
Google F 4 .0 A FEHL 28 300 J7 KL . 1M Facebook
WIFE 60 0 BLZE AT . de A NARCUF I S 78 31X 2 B R Y RE
FErb, AT 600 ~ 12 %6 1 RE = 9 ke w7 P Y A
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AU T AE B Al LA BB o B A REAE Y
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A7 TR B I REAE 1n)
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IDI TR AR QPN €/ UBLID I S 5 e
P e R WA ML Z M G MR RE S A e 5
14 22 551 s RS AN ] 390 0 A B S [] ) R e 55 4%
£ 10PS Hil CPU Ab B 12 25 1 58 75 11 23 A AR KA 22
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T 33K ot S A 1 25 2 ROBR A 19 Ak BT e 1 22 [R) . —
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Ab PRI AR R B2 B B T Map i 72 v 4k 3 ]
e K L G R AR P R O Y P A 22 S L 4
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SEC TR T AN [R) 9 il 55 25 {52 22 3K Fh S5 4 31
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2) R 4 B A BT R 0 AR L T A B R
ARG SEA BRI GR IT BN RS2 FL B
CPU-NAF- 5 =245k, CPU &k JB— H M5 &
JBE R, HHARM O 28 AL 3 A\ 2%, R i 2
TR ZE W] L8 418 58 4 s R B CPU £Z 4% .0 2 [
(R - R AL AR R 1 1 BRI 35 1 R M A T Y
1§ 4% (hard disk drive, HDD) [ 5 ¥ 7€ it 2 JL
K B R 752 o N NPT = I N7 1 £ N N N i
B3 . B T N AF ) [E 2 A 4 (solid state disk,
SSD) 14t BB 11 22 S A7 fift 2 G2 45 1 1 5 0 42 it
T 3K I BHUAE A B R 0 R R R i e ) B
EATR T A RHL. SSD AR Z M Ktk &%
A5 = 25 PR R PR M AR RE AR BUNGE
I TE A5 B MOk 8Tz 0 N . (B2 4 SSD
FNIA WA I — 5 2310 e BT PE R 1) i 42
Tk Lee 8 AW B 5550 B B4R SSD Ay 1325 7 K
s& HDD [y 60~150 i, 2 7 SSD i %54 FE R 4 1
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AR I ) AR T TANE] 10 5. —F Z R E K
FEHE B R SSD 1Y — SRR Y X SRR A
§5 : SSD 5 Fif #82 bk 5 M 5 B0 5 B B AE AR M R X
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3) AR (feedback). A % 5t ) 3% # 15
AR B R 248 [ O 0 #4F oE . i B ARt e —
AN 5 5 S DN 1) 28 A . RO RO T T
T 0 TAER D A 53235 HF 1 & 7E MapReduce 2
P PRAT BERR B A 100 AR AL G 0 SR TR A0 e
T 0 B )8 2 J5 A T A s 9 3 1l TR A DX
TR R Ty AT A2 B 0 I I A R 2 B B DR
HRUE. AR 2 R H s i AU AR 22 T 1 H N R 45 44 52 4% . %
T 3E P X e TR LT B & (black box)
P B A 2 B b somi k. SCER 157 13 5 T Ak
MapReduce 87 7 A4z 1 K& H 35 SCHF i B 5 81
FEFVER 1 . PerfXplaint™ 4533528 T MapReduce
T A W R G2, T 1 R T R B s = (big data
cloud) A% F7 5 2 198 X A ) R, SCRRC 159 152 B T
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