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Abstract: Data type and amount in human society is growing in amazing speed which caused by
emerging new service 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 BEER IR AE R

Science Paradigms Time Methodology
Empirical Thousand years ago Describing natural phenomena
Theoretical Last few hundred years Using models, generalizations
Computational Last few decades Simulating complex phenomena
Data Exploration Today Data captured by instruments or generated by simulator; Processed by software;

(eScience) Information stored in computer; Scientist analyzes database
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Table 2 Comparison between Typical Big Data Applications
2 JURIHRE A I b

Applications Examples Number of Users Response Time Data Scale  Reliability =~ Accuracy
Scientific Bioinformatics Small Slow TB Moderate Very High
Computing

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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fifH T Facebook i E: B P A74% il . Sk 1 20U SOk 5245 TFSP®N(Tao File System),
IR NSO IR ST SO 44 B 0 oo it 55 07 QS 1 g /N ST 1) v 51 A
FastDFSP 1t N SRR AL T TFS.

2. _BHIFTAI RGBS LA WA RIS, BAR Colossus Ml Caffeine H 4 W
NTF, AT LA E HAFAE . I BT R A Je ke AR Y, 290 SOR RIS ], FEAREILAE Google M 8
) TE X 2 AN P B[]



4.1.2 Bila i 24

JR UG R EARAF A S R G, HR - S BHEE Ed FE RGERAF DO . PRI A
23 B it 2 A0, BT A P . FLRER F Ok SR AT 1) A Qs 22 AN e i B K2
P AR B A7 1%, EEEDN:

D)FRAAR R F s SR K A0 o KB I AR s Bz sl S LB e s i Bl i, ALk
IR 3 A AR 7 e R R RG B A IR HT RIE, (HIX 1616 2 SR E 1 55
B —o BONARG A 2 most T YERE Y e B R] T+ Scale-Up(Zh 19 )R 7 20, 1K
T 77 2O 1 B FR 3 I ek B e IG5 ZE AL PR A s g I B, B REIRTHEAE BFR . & NK
B B i R G0N B R AP Scale-Out(1 M4 f&)BE /7, WX Mtk Red™ ke 77 sUe 46 A%
GERE T AS B i) o RIS M R SR I 1 AT 250808 7 it e Scale-Out 8 7 AR AT PR

IR R Z R AL SRR T LS & S5 B R A7 i, (B3R 2R
REHEI A BB FEZ — . XM BMRERR | S EdE, AR Ss 1 2l th
g 2 R P A ) L BB S TR A 8 7 o AT v R0 Ak B 2 A e R 28 K B s I AR 4
PEH AR THI I i B Pk 2 —

)W EEE ISR . O R B 2218 3K 112 “One size fits all” (1) H bR, A5 5K P ANE IR
HHE B P A AR H oK, 7 TR AN T3] (1% i 2 I AN 75 22 E 2% FE A A B e, AT AT UK E G
e ) FLAh FRY R 2 o AELAE R B3 I ACAS (] 1R 8 FH SRR AE B 2R 8 | 5 Ak 38 077 5 DA R s Ak 2
IS E] PR SR A R OK I 22 57 o AR SR PR AL 3 J L AN AT B —Fh 4 — I B A7 07 sURE RS
XA 5. EEannt-T-iga Web s 1 A0 BERIAN AT B8R R SC G B0 SR B [E) R 1) Ak 24 7 =X
TEIXFREFI T, 1R 2 A F IR 2238 M “One size fits one” A1“One size fits domain” [ 15 11 & H
KRB FH B E I, I T — RYHEEARE MR TR,

A)EHE PR S5 o AT 0 % SR s 12 h 55 I IE I PR AT L A0 2 ACID R, BIVJE
T (Atomicity). —F % (Consistency). [ 25 ¥ (Isolation) F1FF A Y (Durability) . % T 24 9%
— B ) A R AT AR AR 2 KB b JeiE N XML R I 1B BASE R,
R H LK /£ Basically Available(ZEANR] ), Soft state(FEPHARZA)FI Eventually consistent(#:
250, WO RAUEE 4 1 CAP B 1 FE R, ACID dEsk—3ME C, 1fii BASE
FOMOGERT T Ao IERAEFFZ SRR NTT ACID Rtk Bk 2K, 15 5¢ R A5 s 5
AT R AR LA R

T X LBk, L Google MARK M —HbE AR AT L4 HEH T H IR YT % - Bigtable"”
72 Google F- I KB E RS, BN 2AEMRIFE, BHATMPIAER, FME0EH
TCHA — AN TR, TR = 4ES5 o AS R I TA] ] [E]— AN 23 B8 e I 22 N4V E T i i) 25k 1)
ZANMERA 2 18] I A BR X 43« [ T Bigtable, Amazon f¥) Dynamo 1 Yahoo ) PNUTS™!
AR R AEH BAMRERNEN RS Dynamo £ & T 1 MEAFA . G 73 A1 205 Ay R (DHT)
F] 2l (Vector Clock) S HAR LI | — el oMbl H &%t PNUTS
s — Ao A B e, BT EAT 58 — Bkl 2wyl R B AR, EZA RS X 52
FHRINIE SR, FEIAE 26 1 K & BN D sl /MG FEHE RS M 5 U5 A o A& 17 i
KICHE. A%, Bigtable. Dynamo. PNUTS Z5 1) IR AATTFF U % 5 2 Bt J3 14047
SO, A T HORCR R R P H A 2, X7 RIMAER S — HIFR N NoSQL(Not
Only SQL). NoSQL Fi¥&A —MEFIE 3, H—IAN NoSQL ¥ P2 3 =4 HAT LU T s
FEMH, #55  Hi(schema-free). 731 5) %43 (easy replication support) i & S FH A2 542 11
(simple APT). e ¢ — Itk (2 U6 324 BASE ¢t , A S8 ACID). SCH 5 £ 4 (Huge amount
of data). NoSQL A1 & R cHe 128 (1 fif B LLE AN K 3 Froms :

VE3 : CAP #HRteH: — M0 RARFA I GE RN 2 —BUPE(Consistency)  1J 14 (Availability) F 43 [X 2%
8 4% (Partition Tolerance). T % H 8 [RIEH 2 AR A,



Table 3 Comparison between NoSQL Database and RDBMS
¢ 3 NoSQL Hdfs 156 J HHf i s by

Objects of RDBMS NoSQL Notes
Comparison
Rationale Perfect Imperfect RDBMS is based on mathematical model; NoSQL has no such model
Data Scale Large Extremely Large Performance of RDBMS will degrade as the data increase, so it's usually
not 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
Query Fast Simple query RDBMS will build index, so it can well support point query and range
is efficient query; NoSQL has no index, although the query processing can be
accelerated by 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 Good Very Good Availability of RDBMS is relatively weak when the volume of data is very
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 High Low Technical support for RDBMS is high; Technical support for NoSQL is
Support low
Maintenance Complex Complex RDBMS should be maintained by DBA; NoSQL is not sophisticated now,

so its maintenance is also difficult

JLAY ) NoSQL Hudfe 2 4y st 4™ pon
Table 4 Typical NoSQL Databases
# 4 U NoSQL #udfs &

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

Bigtable (R 1] B, {HRAHEAL G2 1)k R B 2 HSCRR DR R A PR, AN SCRFE ACID
FiPE. PRI Google JF& T Megastore™ R 48,  HAR L 2 Bt 47-4% At Bigtable, {HZ ek

L7254 RDBMS (AR,  [FH2 A3 i i — B 7 22 . Megastore #3R 34T
ANRLIE A3 X, Hds 58T S (ENLS TV HEAT [F) 25 5 ). Spanner™ & CUAIAY Google F BT %L
YalE R4, Google £ OSDI2012 L/AFF T Spanner 558 . Spanner A2 55 —AN] LLSE I 4Bk
ALY J2 (Global Scale)Ff H 32 #¢4h 5 — #1555 (support externally-consistent distributed
transactions) ) &4 22 . 18I GPS Al F-i 4 (atomic clocks)¥ AR, Spanner SEEL | — AN []
APL AR BIZ APL Hfs 0 2 [A] R I 18] [F) 25 BE 5 A5 A 21 10ms AN  Spanner Z5LL T+ Bigtable,



HR T BATZ R ) H SR e LU S AL FE 508 52 1] o o3 vh o Z TR AN RV E 45 23 ) 52
From— Sk esy — 2, HFE 2 M E38E. Spanner I HAr M —H AR —THE
k554, BmEAE KL 10 ACH S —T L7 A3 . F34ME SIGMOD2012 L,
Google AJF T FHTFILS % REHFEIE A= i F1UO, fEy—RR & Z040E % FI @ha e
Bigtable =4 JEME LA K& SQL ol P i vl FHPERI DI REME o 1277 ity ) S JE A7 1E K
Spanner, HARZHFRE, B4R AM. FEEEIEPOEH . AT i EdE R
B HIESE

AL EEATE UL RA Y “ R R EE R O8NV NS R B FEAT NoSQL A /2
7 JE WA SR, T2 AT UAH B AR ) 38 T A RS 755 BOR o 491 4 S B i) LI 2R ¢
HAE#BZ ACID #1 BASE Bifl RETMNLE & . IR, LA Spanner AR A T8 B4
I, AEARAETTR T SQL. NoSQL ZAMAHEME . XFhRE 1 — Btk Al mr A 14 1)
NewSQL B VF £ & AR REHE A7 BT A e 7 17 o
4.13 R5l H5AEWEA

B 1 U B P A B N 2 — o TR T D A R s A ik ) A RO R B
Google HH MM &, RI|KIMEZRBIE RGBT Google H IR T RG22
MapReduce KEHTHT. HRIEEHIMARBEAT E X 73, AR JE DO A 5] ) SE T4
N B TR 9], R Lo fifs IR 3 th 7R EEA B . XM R 5 B 7 R B
bt J5 Google $2H T Percolator®”, X —F¥ BRI FEHds, MREHATHEELIE
IR G HE, SRR S . BRI R E B AR R R 51, (R XA a5
AR AE B EA % . Google 4T IEFE(EFHINIZ 51 RS0 N Caffeine™, JLHEARSIILMA L
fi. {HAER LUHfE Caffeine fE M) (E Spanner 2 F, K] Percolator EH#Z&5]. HeRMH L
—HRI RGN & KB .

% 28 B Tt ) FE R e A e 2R 5| 1 7 s O A e 1 B 2 v ) et AN AT R 5
T3 FATAF K FR B P mT DA R A [E s R . R 51 IS DL S R R 2 FE R 2 1) I 18]
T THT O A 8 B3040 P ) /N B 50 o A i ) R G ey R 0 2 1 (S 0 A L mT DA 32 1, HL 2
IREEAT 2 N ZR B 7 RIEATCIE BN B M 2 1. 3 SRR 22 5] Uy R B HIE
Facebook _I [P REAL Tt

Table 5 Query Index Examples
F 5 HMRGIERG

Algorithms Index Size for Facebook Index Time for Facebook Query Time on Facebook(s)
Ullmann[Ullmann 76] - - >1000
VF2[CordellaFSV04] - - >1000
RDF-3X[NeumannW10] 1T >20 days >48
BitMat[AtreCZH10] 24T >20days >269
Subdue[HolderCD94] - >67 years
SpiderMine[ZhuQLYHY11] - >3 years
R-Join[ChengYDYW08] >175T >10" years >200
Distance-Join[ZouCO09] >175T >10" years >4000
GraphQL[HeS08] >13T(r=2) >600 years >2000
Zhao[ZhaoH10] >12T(1=2) >600 years >600
GADDI[ZhangLY09] >2%10°T(L=4) >4*10° years >400

MR LA AN K AT R A 1R R 51 07 R EFRNH T K% . NoSQL #udfe 4t
X ERE N A AR e, BRIHAT R A e & TR NoSQL #dle = (1 2 (A h itk b #F
Xt NoSQL Hu#hs 2 L & L A Wt 78 3 247 P A S e -



1. KH MapReduce FHATEARMALZAEE W 4FIFH MapReduce F47 £ ) NoSQL %4
JERT, R4S MapTask ACEE—E 50 A WA, @ SEI 2 /N0 2 B AT E kI = 2
EE WA SRS 1 N AT I 75 S AT H0 () a4

2. KHRGIERMAZEER: R2Z 0070 TAEZ RN 2 482 51 1A BRI iE
NoSQL Hi#fs FE & s . 3R 6 FIl4¢ T O I — L o 7 R AT b

Table 6 Comparison between Multiple Fields Query using Index
F 6 KHRGIMEZEE RN ENE

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

CClndex

Asynchronous views

Multidimensional Index Good scalability Achievement and maintenance of RT-CAN
index are complex QT-Chord

EMINC

A-Tree
Spatial Index High write throughput Consistency maintenance is complex MD-HBase
and low cost of maintenance UQE-Index

ITHbase "°!, IHbase !, CCIndex"**! FlAsynchronous views **Vj& #i78 f{ 5% FH 2 A4~ — 4 —
WA G R ME Z A ARSI T . H I THbase FllHbase A& AN IR ST %,
ITHbase FEICVE T8 — B, FH5M 2 H HE . IHbase 51THbaseZR L, MHBase i
TR RREAT T 8, FFie XASZEL T Server. Client ¥iAbPEi% % . CClndex (Complemental
Clustering Index)& RIS HE H 1) 7 4 —Fh R 51 454, BAERLI M RE AR 10, HAFGidsx
() FCAt 51 ()t DS AE A 980 (R Ik LR AE 2R 5| 2 Hh 38 e TPy =1 10 1 N ) s, R i
DB A . IR L R R I W 2% . CClndex MR 51 HUHM ELAR
L, SRS ELE. ROIGEUE, ARSI MEErL. Asynchronous views LA
FeP AL R 77 ARSI AE ERE R A, 4R T AR DT SR i Al B 2R (Remote View
Tables: RVTs) Al &A1 B Z% (Local View Tables: LVTs).

RT-CANPY SR Z 4R 5 I L M. HRHRIRMR-tree, 2RI T8
%S F 2 4E B ICANTE % M 4% . QT-Chord™ 275 —MXUZ R I 450, EHIRMMESIRA
(1 72 253 F DY XA TMX-CIF quad-tree, 42 /A2 51 K IIChord 78 35 4% . EMINCP %t x4
AN JEERAT S —PMKD-tree, JAJFIEFKD-tree 1IH T SAENE R RG] B— AR RS
R O — N 2 ANEREA U SL TR, ARG E SRR 51 HH HR-tree AR ST TR BT R
5l A-Tree®” $2H T AR 5. FEABEE: 40— NPT AR tree, [N A]
& —"Bloom filter(ffi F i €4 ) o IXAEAEHEAT S E IS, B i 1d Bloom filteridk AT 46 E,
WRAM SAEHLA, WAFHHETR-tree ), HMAkLLHEITR-tree T o

MD-HBase™ #&H —Fh 3 T8 [0 HARHEF R 51 7 o FT2 0 HbsEF R 51 7%
S A AR« 2 M — e M U788 2 AN T IX VG R 4 A R/ MHSE A T, FRea R — 1%
WA — N5, FHIX L5 07 (8] H AR AE il — H A A AR B T Ltk 487
() () SR Bt 1) — Gk (0], DALk ] AR A B e P B R G B A — 4E R 51 R
UQE-Index* 3= B3} i B I W 7 37 5t OIS 25 e v, IR B 4 B 0800308 40 1 24 i Bcdis
AT L E A, X G E B A T s H AR AT AN RIRLEE R G, X AT, R R BRI ]
EHATERGL, AT RSO, FRARR S 4 AR, e RGN EE R
HiE, MEMHEICRINKRT s EE TR GIN, A THREE M, KA



KD Tree# AT 87K 5) o AHRZ MR M EHE &L 75 E 2 KD Trees k2 51 1, 2 RE =
VAR, 2 5 A5 P4 NG E, R, AT DAGS B8 36 AT SRA: , 0 RAE A3 21 () E A FHKD Tree
AT G, TSR A ERRI T % .

MOHETEKRE, E0F NoSQL il & EM SR B RE IEA A, VA 1R 2 st
[P S 7
4.1.4 Bl hrior

B 73 M & Google Feiz 0k 55, B — XTI B 45 i o 1 5 A0 ZEEAT B 2R i 20 A i
T2, Pt Google X H 41 RGEHEAT AW T+ 2 i 2 1« MapReduce #& Google 5 5-2K FH [
PR, & TG, HAANAECE L —TNh . HREIHSHT ZAERNED
(IR AR — Mg A s TB, DRI PRI T B2 — Bl W E RS, T B S S B
FH EEE b AN 5855 LA B AL, i8R MapReduce £5E, 2342 KEA
WE PR FEIIATTEE . IA REHR RS IEAEH T Google N5, it
Google %t 5230 T Pregel B, Pregel'™ J& Google 4k MapReduce 2 Ji 12 H: 1) 3
—MMTEAER, 5 MapReduce HIE&RMAHEBAAF, B TEITE. %R
O JEAEE T35 44 1 BSPIOH A5 Y . Dremel'® 2 Google #2 H 9 — i I T Web 8 2% 1l i)
T HAEE T RS, WG YN Z ZR AR, Dremel #8405 SCIAR KT 8] P 1
W EEE 7. Dremel X Google W —LeE ERSS, LUl Google 2 v NEHE 7
Hr*F& Big Query®!. Google 7£ VLDB 2012 KFMILE [64]THNB T —ANNIBLIEN
PowerDrill (1734t TH, PowerDrill FI#ERH 744, HATH 7 R48 BRI AT HE 2 (14
P2 HE WAF . PowerDrill 5 Dremel ¥4/& Google 1 RE R /38 T H, (B2 HIERINH
AR, TIEARWARKZR . Dremel FEH T2 HIELM M, 1 PowerDrill W 3 %2
N FH T R B A% D R B2 oM, AR AR AN AL T Dremel N A S MMRZ . i
T PowerDrill 52 ¥ it SR AL FE /D B A% 0 BE AL, [RIH X HicHs A P8 P R Ml ey, i DAL 3
P N YR AT RERISE BIE N AR, 10 Dremel BEHE NI FEMLRE T o BRILZ 4F, PowerDrill 5
Dremel 7EEUHEAEAY . Hds 2 X S5 A BRI 200 . MSERRIIHAT % KE, Dremel
A AYEJURD P A EE PB M5 2530, 1 PowerDrill AT LATE 30 & 40 FbEL AL 7820 124
FITHE I EAE, ABLE T Dremel. —FH NI FEAE, 7T UAHEANE .

AR T — N 2818) MapReduce HIEE AL FIRERY, FRZ N Dryad'®!, Dryad #5743 % i
S Mg 8 S FEAT [H] 63 B (Directed Acycline Graph, DAG)ZE M BE 7 (1) 34772 . Cascading!®®
JBE X Hadoop MapReduce API [f1d3, SCRFA [0 TEIA BN . Sector/sphere!” A LA
PN —Mi N #) MapReduce, & H 3RS RSt Sector FIIFATIHHMELE sphere 4%
Nephele/PACTs !l f1 4% PACTs(Parallelization Contracts)Zw TR M FEAT 15 5] % Nephele.
MapReduce #5288 5 A By 14t Ad B 2 N H B AR R AL BEASE AL, AR 22 N H T 46 22 A R H
MapReduce JIiEH H#E b2 .

SIS A AL PR KBRS M B — MR L TR K . AR 2B IT TAE IR 2 Bl SexX — TR
BT 28 T R BE A E R P A S AR S, 1 76 S b B s e 8 b, 2 B — P B o«

1) RGBS . BRI AL AR R IRE & SE I A 3 R 4, (H HL IS FH AU X A PR
AL PR R N H E EAE HRAE SEIN G RG . FELRIRS B 5.

2) RHAHCEA. LR, FIH BRI K& S 22 4t L4 ORI 7T 74 R 9 B
BTIRZ R MWIETFEMAE TR, Google #2H T HE A R4 Percolator™”, i N
1T Nectar™Hl Dryadinc "™, =F¥sSePl 7 A BEHE B &5, (ERIXLE RS
MapReduce F A2, Fit Incoop!” 1F1 IncMR523 T MapReduce HEZE T &5,
Yahoo ) Nova' >l 37 F A IR 19 B et i 54 30 . HOPUI7E MapReduce 4bFE )5 F2Hh 5]
NE 18 (pipeline) FIMEE . 7ERIE Hadoop AESTERIRIHE T, AFEHE 72 & /ME 55 (8] LUEE 1) 7



XZH, WM TSI, e 1A B se i . S E AR KS WAMDM 505G %
£ HOP JELfit FIT &1 COLA R4IE HOP RSEH0IER FIG I T ¥ Rpe. 25 R4t B
FEX A SR, —EfEE LiE s T HOP [SEi . J5n 2B vl DLk ot SCAFEE
TR o3 AT RS54 BB T AY, RORHE S 1 SEm . [76)F1[ 771G AL 23 B ) # FE RO
Oy W SCBLT B KR H & 2 M7 (9 R AL MapReduce(In-situ MapReduce) #1 Continuous
MapReduce. J54 1) MapReduce B! FEAREAR U (1 S FFEARTHE, THEARMR K. Wik
THRE R ETHE . B2 . PS5 ) SR Wi is FAl, Ak TR oo
MapReduce 1% AR 52 1) RSk 42 v FLSE % . HaLoop! ™l i 7E & task tracker X %45
BEAT 247 (cache) M B2 R 5] (index) A7 SR AL 10, JFIRME T —EHMgifedi 0. =
5% HaLoop MIEhEEHIRIILNE, HEA —MNEMME B IIbE. Twister ™ RE0H
Hadoop FJ AR A AE N AFH, K AEHAL 34 I 1 BRI . (R A gk B A
AE R AIE I HELASE A, HHOH R I R EE A G, SRR ARG PR . Twister 754k
TS KB A B iMapReduce®™ M 4A T —Fh3E T MapReduce FIEACHER, (H2 S MEA
VA S RURURLFE 1) task 7T i 2 5 O U50R) ) S (R A1 60 80K 2 . iHadoop!™! 155 31 1
MapReduce (15751548, ERAE task 2 [0 TR KRS, Priter™ & 7F Hadoop [
FERl EIF R, SCREFRE R EAGTE, et BSOS R PRE 8, &5 top-k 23K
MITELL AT . BOHTARAH Priter V4 S RFIE T N TFRIBE T SO RO BE 1748 5 K. Spark™ K¢
) 45 AP TIE AT, SCHRFRBR Map Fil Reduce 2 A2 R /ESRTY . {H )& Spark A& H 7=
AR FE THOIRAS IS, RN AEAS RS 1 7 T A F7#e o Facebook 4G H N 75t
7 SEI) Hadoop £ 4t Y, 3B SZHL T il I NameNode, I 415 A1 SR 4 3 1 g
BEAT TARAK, UdE HBase {38 & FLSE AR SE N AR P BR R

3) ZEWRE . HADHIEN R R A BN B U AT R, R A
F MapReduce RAISEHLMALEE . SCHR[8514 EEARTS 1 MapReduce 1551 )37 FH 213 Ab L IX
FA3 53 BT (one-pass analytics) ) N I 7R 4844 b N i AT ERE B . FERb BT Al b, STk
[861/44 T — 1 F Fl MapReduce SEHL I3 F F- ¥l /) A1) 1T 47 f2*F- 5 . DEDUCE H#4"9
J&T IBM [UTRALFRH A System S, {337 FF MapReduce. C-MR R4™ @it 3 ANJ5 i T
VESZEL T SZRFUACHE Y R4 1 MapReduce( Continuous-MapReduce):  a)¥ 417t AL 2 o 1)
FIE 2 Z IR Y e 2 MapReduce Rt b) A& & 7 E4F CPU. GPU 7EN 2 A A4
WA o XFERIE. S TAERME . MPE Hadoop RZIIEA EHEATY JE, ST
HDFS (R, 52807 — A4 AP ER I B B AL R Gt . StreamMapReduce™ 45 4 F1 443
A (Event Stream Processing)4F & , X MapReduce H 1] Mapper F Reducer #1758 & X,
BT RS ARIEIE B AL PERE T SCER[9 1Ay KB i AU £ e (fast data) () AL BE
MR IR R, anEdER. Ea o TR, EFE VNIRRT MapReduce HE
BEAE A A PR EAE o 25 P s i Rs L, SOt 72881 MapReduce IHESE—
—MapUpdate, FFAEZAEZLIEA ESCIL T — AN E A 548 Muppet. 1 EIRXEE RS HHLEE, SSS
)55 R P k2 7 S FF DR 370 A B (1) (RIS B B S R OB B S B d IO AL B, Bt /2 i3t
FEH AL FEAIHEACFE . [93 ] $2 H % N HLA (Discretized  Streams) 2R 245, FE7E Spark
At ESZHL T — AR R S Spark Streaming
4.2 REEAE TR

K FR B R EAE AR (I () B oA 0 i B i R 3, (HRAE BRI, e B
I TR T SR ZAAAE1S 0 REIE EAE IR 2 1 AN R FH o AR 0500 L4 32 0 A R 300Hs Ak 3
T REAT A S G AE &

Hadoop #& H Rl & NAT R EHE 46227 & . Hadoop x5 /2& Doug Cutting ##1/i GFS.
MapReduce SEHLH — N tHH TG, J501#R%S Apache. Hadoop TL48 & & A BLEE SUAF



A4 (HDFS). %(¥# %2 (HBase. Cassandra). #4f54b# (MapReduce)s Ih REARLELTE N 1 S B A4
B ARG (Ecosystem). - FIFEEE AT LA Hadoop BV A 1 KE i A BE T 351 E bRt

X} Hadoop B -4 W 125 Pl 5 i R B s A 28 L2 N BRI Fe i it o E AT
Fo R RSP LER Hadoop V& PERE ISP w2 25 i kb B S 101 22 5]y g A0 i
OIS 28 Hadoop 2 FHIE¥dE & 1%, Hadoop AR % 2 Gl M| Hdats
SEIIZS] g 2 g6 18]

K% 7 Hadoop, A IRZENNT REHEAE T H, X T HFLEERALEY5, F
LR L T TP R B REAE BN . 3R 7 Hgha g TS — SR s e /M LA,
KPS M TR CEBNAFEATH, s8R ITERA: . £ LA, 4
KEBIr . RZAE Hadoop £:fii EREATDIREY R, B4t 5 Hadoop HIH#EH: M .

Table 7 List of Big Data Tools
* 7 KEAETHFIR

Category Examples
Platform Local Hadoop. MapR. Cloudera. Hortonworks. InfoSphere Biglnsights. ASTERIX
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
Data Processing Batch MapReduce. Dryad
Stream Storm. S4. Kafka
Query Language HiveQL. Pig Latin. DryadLINQ. MRQL. SCOPE

Statistic and Machine Learning Mahout. Weka. R

Log Processing Splunk. Loggly

5. REHE AT e 8T Bk ik

gr bk, KA REGR AR W T ILME R ZER 02 i K,
S B e A,

IR IX L 55 4% G i B AR A RIS A, (845 K Bt e AR ot e 2 T i 25 8 Pk
N2 P 3 B AT PR
5.1 KREIEERL

Kl 1) ZAFAE A A B BRI (R T AN RSB e B AR g, O T T AT 5
38 3 7 BEHEAT B K S A o B B R ORI AN — BT 1A L, LR RS I A K
A TR R, Pt &5 kb

Lo TR . A% GE A S R A 2 T K A (0 D, (B A R I AR
PR VE L TR AR . EEARIIAE: 1) BE SRR UGBy B ARt o
gkt EEM=F MG . 2 Bl AT I 2 R R BRI . ARG T
K AT AR S5 A% B R N UK, X g (o B 8] 5 o B A Bl 2 i R BROER
FHL PACB . GPS & A A B RO E UGG, AR S 1 A R B (i 4
Rtk 3) HEAA# 7 MBS ARG EE L B AE R R B, (BB 2 R B T
GG R BT B A7k 7 2R B B AR A, EE A4 /£ Hadoop ) HDFS 1. 3Kl b SR K
FESE R RE PP AT Bt e e, T XM e e (I R AR W AR AHE LU B

2. Bl SR ERA—ERARE R RS BURMME RGO, AR 2 g sk



G BB ANZ . — HTHARMER A RA RIS N N MR FEIE R s 24 57—
73 T 0 SRAE £ RSP a R R ASAS 87 B ()4 T St SR B AE — RS T AU T A e, (R
% WG FH A TP )5 B2 RS o Wit F2 o s B AR 00 250 Vi e o R o 2B i 1, R AH
XTSI A P B VR A AR B K s B rp o SRS RIS VRN B I 4, 1R 2R 5 kA FH I B
PR JEVERLEE IR, oA BIFLERTE B RCR, ISR S 2 A 7 B AT A A 5
AR .

5.2 KEFESHT (Analytics)

&40 3 S ERIBAE 73 BT (analysis) 1 ZET X MBI R IT, HOATER T —BE8IT2H
R AT 2 o 1 26 F R R AT A5 A AR, FE LIRS B G, AR 7
B ST TR TN 0T AL B (OLAP, Online Analytical Processing), ] PL#EAT 2 ANk 1)
T (Drill-down) = _E A (Roll-up) A o T B s 3 MR B IR 2 I AR () 75 SR AR T R 42
PEEARM =, FEREH T RIE RIS — RIVELER AT AR 7k X— BB
TRFETE AL AR 0 (R S R A B B A A = 88 AER BB R BRI AR 25k, g5 D EE
gEr R B IR, SRS T EOR R T BRI APk, 3 ZEARILAE

1. HE A2 (1 S P (Timeliness)o B S TR]FRIACHE SO0 BT 28 2 A AR E AR AR P
TEI, DRIHAR 22 A5Usont T8 1) S A B oK . B KERIHARIIBIR, T2 N A R
B 73 B I 28 (offline) #4 7] 1 7E 26 (online), FF4A HILSER AL EEFE K, ELAnKDD 20125 4
WSC[ITFTHRT ISR )35 SE A il /o KA B A 00 5000 I B A BT I A — S48 Bk K
T EARELLE B A PR S e B e it o 7RSI AR EE (R Rk R, BB SRS IR
AEAE A HEACHEAE A DL R H RS . MR RRURE B DA H NN . BROS
(AR TR 22, AER AT ARA — AN AR B Sy A B 4 . M R SISz b B 7
TEAN—, SCHFIR R BLEAE A R, 31X 5 B S m B A A AR AR 75 ZEARE B 55 7 SR AR
F 375 A 13X S AR T B3 4T HoE A Re i i 2R .

2. AR E R RIIBETE. KRR FE TR B IE A HE R, HEARM
o B R IR A AR 2 R A, BRIIAE L B R 5 F B IR R R R T A RS
REE o KA AR B e A B A HE 2 A WAk il RE 2 Ak T AW ARz, IX A SR
RO RIS R AERE A AUR AR AR A I AR AR () AT R SROE B o T T
7B TE NoSQL ¥ i - My 2R 5 R Mo KRBk ) — 27 €, (ELA R, 1XEe)y
FREEARHA R RN Y 5, HiX e st R BN R 2k AR AR o PERE 5 U T i
BT N BB R 5177 S8 R AR 32 ke —

3. IR AEIRIEZ o AEG T BN S ML R T, X SRR DO RAR AL AT
AFAif 1 R Al B B 7 3K R P 0 O R S S 30 R o B Gn AT 1 s i B2 40 AT PRI R 2 i
JE P, B PR AT SRR BT AR AT BRI U Y 45 o X R R RS AR AT TR R 2 b 2 AT
AN B T R R T R AT, — 7 TR A5 M AN AR 25 A B dE
PIFELE, X EEHAR IR AE ARG M A B 1) 7 S g B IEOC & A — TR 24
5 AT AT QISR AS I P 105k, X 2t 575 TSI A A 20 P40 AR A7 A2 88 PR e ] 25 ST S B it
5.3 KEHE RS AL ] B

BeRA F] R OR A, THEONLIY H A A5 ok 1 22 ) s AT A R R A £ e i o
IR ) A DUAof Kb SN % B P R RO 1, K B A I AR e

1. FevEmBdE e . RZEHEANTAE IR A ST AR R, R EE SRR
P H . B LB, JoH RS B, 15 AT TE AR 5] B4 i 77 A ol i 22 1 %
PR o X P A BRI G, BN S S BT REA S B EE P R AL, (EE
BB INEEFEA NIR 247 9 DR B A7 R A — e, B R A R T RE 2 B8R
BEAA ARG R L RW 2 1, IXPhEa 1 HEE 2 B R A N TSR TR 1) . HE



ARIZTRUE, BT DA EE fh AL Bk S P B FARIZRE . T fE IS sl Frig i “ A
W R 177 LA A e Bl . RS 245 R, XM N A R 1 77 2088 o At 2 A
(Crowdsourcing). KEHHIACHIBRAL LRI TH G A8 BRI 7 2 H W EH 5 .

2. BHEATFSRRFARIF R JE . WERAACY 1 ORS B AL IR T 1 280 41 n LA RS,
B2 EHE I EAR A TCEAR I o B A TR AR E G L2, BUF AT LA T EE ok T
BAERAF 211217, DEEFRE SR s i . M a] LNATFEdE F 7 i
FURIAT N, TR B R = i AR 5%, e R R & AF 9838 0 RT AR A T 0 s
MAE2s . G BRGEAFR WA B REATH IT . RO AR I B RA Y 32 BRI A 52 R
FH P BURAE BB RTER N AT A 2R 2 40, X6 0 TA% S A5 18 22 A U8 N oy S
WEMEZ 2 ENE . Gt 8 R T S BT R BAE A EOR T T I 7T, I ARIE
T RSCR AR S AT P T R . SCHR[ 12019 32 B OR3P B RA R £ B8 #2 98 (privacy  preserving data
mining)iX —MEE, IR 2P EIFIGEO) TR OTH A7t . 28 T 708 B i Bds R A 4
A, SRR AT e D15 R B A5 S8 [R] N B AR RS0 P B o (HR B (5 B2 MR
(B2 JER, BRI IR gtk /0% . Dwork 7E 2006 TR H 15T 2 70 Fa A
(Differential Privacy)!'*'Jridk. 2255 Bafh R HAR AT A2 Mtk K B0HE v B FA R 3 a BB ) — A
JiTal, AR R IR I A B S bR N IR -

3. BHEhANE . REARE I AEEE O PROEARA R 1SR A B B ERE A BEEOR B 2 4,
WESFRFARIF TR T HIBPRAR . LA BEFA ORI R 1 BERE T a Bdle 4 178 I S rh e 4L
TOELHRE P 25 B 20 B E A A AN, o DRI AR I o B 52 R (R PR 5 S B0t 2 2 g 101 R A
Fa AL PRI R 58 APkl
5.4 KEIEReFEE &

TEREVEYT S Fik . Hcdhs O ARG UM R4 OR, e REAE g o 1) 24 K Bt
TR R — A BRI AN BN A S O ST W o P IC REAE 1 1) g, (HL A2 i ok
SR Z M EA, MR FERCRRD . R E B RS, ReRE T 22t o 4
Be: BEAFREREFNERAFRERE, & i UMEFREFE N . BARAET, B KRB EH RS
I REFEN LN RGEA FHZ R . B SEPRIEOIFAME IS ML, R GR HZ N0 A7
SRATRE B RE! . BRI, (2R R EHg FENRE R, RAE (4
ZINHR) R FCE (Power, Pollution and the Internet) ', {7 & RGoogle$#i HH Oy EFE
HI 29300 /5 EL, i FacebookMIFE60 /T FLAE A7 o i NstiF R AEIX e BRI ReREH, N
H 6%-12% 1) Re 54 FH R v FH P B A AT TH S . 48R 75 () FL e FH AR DR iR 25 25 40T
PRVEDIRAS, DAL SR R 1 o 28y B v U, X PSS Y (1) DI kB A v T LA o7 213080 O B R
FEI180%. MO Lot 5T R KRG, AT LAE R LR YA J7 THI SR Beas K 3 RE € i) e«

1. KRUE AT FERELE . ALY () 18 2 b omT URAE 26 K58 5 1R e B AR AR 2 AE
b EEREPRET, RRMERTIRAAIR MR, IF HEEE RGP HRENR, §
WAL 5. BT ARG RAFAE S I, 25 REGR BB RS0 R A . N1E.
PCMEEHT A1t A B (R REAE R . BARBES REFH R IEE, INfE. PCMEHRE
FEA T, (2 H SRR RN I K T Gl .

2. SIANATFARGETREYR o H5E O T8 FH ) H A 24 DR 90 0 A AN AT AR 1) e Yt oo
Ao G SR RE RS A REAR A AN AR B b 5] NS IR PH A XURE 2 R AT FRAE BRI, KSAEAR K
FEFE F R ARRRAE I . X7 T A TAEIR D, SCEE1 244K 1 Wifal R FH K PH B AL B — N 4R
A OR B HHRE
5.5 KEHE A2 55841 R

BB A R PR T 4 A R T OREIR I R, (B R IX A — R B T REAN
[F BRI AT IEAF ST o H 28 5% B REAF A 45 X B 8 B R ) 3 Bk AT



1 B S AL P SR R AL B . AR Aoty CBEHED WA RIMLES < 18] 14
Re AP EE R ZR, BRI BN A FE] RS ZSEIOPS. CPUANHH 3 55
PERE T AR K ZE R Xk S 80T W1 PR 1) 5744 7 (Heterogeneous), [T Fh A4 14 2
2H KB R AL B R 2 . — N ML 45 B 2 MapReduce (R 55 R v, HLE B AR BR IR
()R KRR R e T-Mapidh 2 Hh A 3 8] e A 1) 719 o A SRS R () e e 22 e add ok, )
2 FEOREM TR [HVR 9% 75 1 e LU I Mk 55 4 S A ME BRI ZE M IR 55 2 b o XM 0L T Ik 55
MG IFA — g 2R IF R ARG, BN “ARIRAN.” #1407 B8 1
BE o — MR DR 7 22 25 FERE A S M AR BR BT AN [R) TS 3t P PR AT 45 R Re ) A G 4 1 B
RNEI RS %%, (B QX b S A RS HUAS Y 2 S LT i B SRR [ B AR 13 A o 2%

2 HTEARS KEHE AL ROR AR . BT IR RGUHR M BAEAL ST S LR R4
2k, BICPU-WAF-RE# =R 45H) . CPUIMEJE — BIMMEHE B/ e, HHZEM O Z Mg
N 2% RIGTR BRI T A0 o) LE 31 B2 4 R FH CPU 2 4% 0 Z AN FE ML EH L
WA IE PR, JEFREVEN BT8R (Hard Disk Drive, HDD) i 5 # R 4E L 2 )L+
FFEAK, M HARBA K AT ge I ar ) 5e . BT N7 B [ &S A i (Solid State Disk,
SSD)F) H I ANBE 1 |2 N A7 it R G LS AR A T S H5, NI SEHAA R AR I R R R A
RERL B = K 7L, SSDEAMRZIL RErE, FEAFEM ISR, PR,
RTIFE. ARFR/INGE, DRI IEAS 2RO 2 BN o H 2 B2 SSD M. H 2L I 4F B It
RS o SR M R IR IE S T . Sang-Won Lee s A [ 5t 11226 Bl L AR SSDIFIisE S i 2%
FEHDDI60~1501%, T SSDIEHE FE R G & 1IN A AN T T A BI1045 . 38 Z[A)11)
EK 2200 32 B2 tHSSDI) — S s il 1), IXLERp G SSDE A # MRt S 80 s s #
VEARUI AKX FR . SSDAFAifE v IR IR ECE RS o AR T I L AT 4% R X Ee e ME 4 e
i 78 0 R HSSD I RFFM: o« 5 RS B WA ARG FE A A L, [ A A 25 R A7 il 2 s A RHRU IR,
AL B AE E T A . BAS A SR [ AR A A 7 W It RE 2 UK, R A B
et A N B AR R o DA o A Ve R o DRIE BT B ] LAE R e A i HDD
FISSDIIR A A7 RGURMR R REIE  FE I R . M RTIR A A R A S B = Fh S
HDD{E R A AZ T 78 24SSDE 222027, HDDAISSDIRN i — e f7-%* %%, SSDHIEN
FERIY R 78 4 HDDRL B 28 ph 3171, [H4MGoogle. Facebook, [EWNHIFE. WHREAR T
LI URAE SEPRiz E BT T ORI A TR & 7 i RGURIRTHE IR . ERX = &5z,
WAE IR B AL T — AN IR IR B, — BELBCE IR ar M AR Ik . M BT fT— A3 R 4t
HSMBE NN EF RIS KGR, B ALPCM AR FISCMH I, ARAIN
FERA ] Re 2 e B AR W AF AN R SRR 1%, DA BRI FE R TR HAE S 2% . BRARPCMI R
A 0] DOCHUEL & 7= 1= e, (A2 R o HAEs EA, — R 7520124 [H bR
{765 Ha % 23 (ISSCC 2012) |k 2 1 R FH20nm L 2418 ) 258 N8GHIPCM G . — HPCM
REfs RIS NS, NG 25 A 1 R BIE Ab 387 SR — I ARAS 1t () A8 o . B8 G iy T 2 21 )
TA A T AT DAAS B AR R/ NBR I E A SRR b i R ) — A R B RN 2.

5.6 REIEEHE S FHE(Usability) 8]

NEHRE B2 R BB i, B B a R RE, B R R B 2 AN RBAR R . 2
FHTE R BRAR TR AR IAE AN T T B 2 KRB AR EaE &K, i EE 2%, 1[938IH4 RE
XEMAI LR HEMEE QAT m B AR G REARE . HOR KBAE & 2855
MVERERI S AT, RZATIERFFAEAT T REHE M 10 75 3R o (BRI A7l (1 4 K358 7 A
b A & F AR L oK, EE R REE TR, Ab41 R 29 % i H # (Naive
Users)o 5 %K1 A7 ik F2 A LAEEAZE 1) 3 A 5 SREBR 1) 1 A AT I A KB SRR IR RE o X
P D R 5 8 2 FH 1 s R R s s AR A T R et h B — AN B R BkR - ¢ T K3 2 PR R i
FAIAE T — AN W B NV TH 27 1) £ BE KR 23 A PR IR 5 W.(Easy to discover). % °F(Easy



to learn)f11 5 Fl (Easy to use)o TARAB S HIME, 7B LUR =ANEA JF Y,

1. AL I (Visibility)o AT A4 BER FH P #E L2 7= i il e 5 K B0 T A L0 1 et
T7V% B PP 45 SR L R A 7 AT 1) J L H >R < &1 X MapReduce 1 FH 5 22 15 60, SCHR[139-141]
SCEL T MapReduce FEFHI AN, B% T EASEOL BN, KR 7R
MapReduce FEFFI{4H ., Starfish R4 22524 Hadoop 2 I, 2%ikf# ¥k Hadoop R&Gi1ERE
SR 1) R o A SH G ] S IR BE 22 K ab 2 77 v A0 T 5L (1 181 A A B sh ik 2 — MR K1
Phik o BT IhEEW AT 241, &g B R B 7 AR I T AL ] o T AR AR S e
g5 R T7 Nz —, T W B G R 7 B e B Hh A 28 45 SR H 2 i RS (Y AT
MALENE IS 1 2 Bk, EEAUCL RAoH, MRS EET KEEETRIAL, %
WPE S, Hiks BURRsh. (BRI, Are el IR T s S5 1
KB HEQLLL L TR #he. #X U REBNS Y.

2. VLHCJE U (Mapping). AR Z0 A 2] H BIAG 1256k 25 e i) T R e . B dpn—
REEAE A, 7RI SARRIE A SQL i & RPUT R & . 7B TRMBHEREH R
A RERE AT B 58 5% Rt 25, 20153 T B ARE T A, X2 g i UL L5 ) .
MapReduce 18 B IR R 2 1) KB AL B #2468 Map Fl1 Reduce HIIEFE, (H2& AR
Map 1 Reduce BEN T EH N HOHWE, XX THRH BB wmIEER I - 1S it T
2% o UART K38 ) R B0 A R AR AN AT 28 ST 0 b B R AR AN 7 v R 4T DT B A2 R R K%
5 0 R — AN BRI, . XTI CAf 7Ly et 7t TAE. 4% MapReduce AR
it = 5L SQL ARiEE B 155 A, BTN IR S 2 BE S M RS KA Hadoop
{7 HiveQL!" "I Pig Latin™*, Google ) Sawzall™*, X (¥] SCOPEP?HI Dryad LINQ! 'L
J MRQLMM4 . SQL ##A 1 S ALIIIEFE, i MapReduce JF¥%A . £0HX 5, [148]41
[149]5281 T MapReduce &ML . [150) 8L AR KL RS VO TUA BT A i 2 (B
K (correlations), N [ fiftRixAN A @, YE& 5| T BSP(Batched Stream Processing)f7%!,
FELE DryadLINQ FRSEHL 7 B AL 2R 88 Comet. 84 #8470 2F & 1) TAEEER/EK SQL ES
ZhHEALK MapReduce 1F55. ELEAREVEN RS YSmart!| Tenzing!*?1%% . 45— s Al
(A, bt S4Latin'>I7E S4 [RIFERHE_ESZEL T —ANEr B A FIHE LS, {75 7 AT DAL B
FA AL A 1 77 20 AS 2 w2 1 7 NN BB AL o IXPEAR KRR R it 1 R i Ak 2
V-5 S4 115 k.

3. Wt (Feedback). A St B THERF AATTRERS BEIN B48 B O RHRAEdERE . i
F& 2% e — MR IR 5 5 ) 1 48 A8 7 o KB A 0% T3k 5 TH I AR, Ao S T
YAFTE MapReduce F2FHUTHERRMIMl T 00 (S8 ME TREATI, FE5 B 5
A LS R T AT DO RS R I RR P b AT 38 BN, AR 5 3R B AR AR IR . (H
B RHFENARIRZ TR NS, T8 i 5 X e T BT 2 & (black box),
WA R 4, #b TR . SCRR[157)8 5 T AL MapReduce #2177 7242 (1)K & H &S0,
HEhE LT RS AL . PerfXplain Mt 355281 T MapReduce [fEH{EILIIR RS, N
TR K HE = (Big Data Cloud) 2 5 3 AERM R R, [159]52BL T — Aol Rz &
2% Hadoop 1R M 48 HiTune. 405 AR RENS 7R L I AL 2R ORYE R 5] AANIAZ BHOR,
fFF AR R RN S 5BA IR, SASEE A R, fER KRR Rt
Sy 1

R = AN FEAE I BT RS A B R I S I . WNEERJZTRE, ATl AMLEE
B UL BB AR BORHRRT LA RS T 5 FI I o AR SRR (8 5, o e R 2 B 1 )
T s EERRATTR A VR I — AN ) . JCEE &2 08 T 3R O, 20 2 IR o0 5 DA AR
PEA B 1 — L JE@ KR SE e B SR R R I . AT B AR B AT e 1Sk, RN
EHER I RAE AR Z (A 08 &, BLJG200 B i AT PTG I s o B0 IR BOR B 2 B A
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5.7 tERERIMRZEHE(Benchmark)

KEZHHE B i I B ATF L TPC R A AR RIS HE I = . IERA 1 XLl
TRFEAE, 7 RE S A AN [ e PR RE TR AR AR () I R AT DSk . H AT R
A TSR R RS A DR R o, A T A T 35 v T I ) T Bl g T OO O,

1. 2GR EE. KEIEEERFWRAAER 2, REAFEXE AN AT SR
A S PR o IR L S DR R 5, ARMEF — NG — IR AL BT R B s
7 AT AR

2. AP ZEGIMZ et MRAREAE R 2E L — RPN REBHERH AT, B REHE
IEAR Rz, N A s AR, RMEN PRI B AR P17 8.

3. HUBRRUSPE R . IX2xi R 7T P . 1 S I s 15 2 s S AR A
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DRFER], AR IE R N EEA BRI 4R o R 23X SO e 30 o] {7 AR R B £ e
TSI R D5 G A A 11 T
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5. EHTMEE S A IR AE . a0 SRR AR I MR A ke R & AT
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AL TPC 1 28 A B bR A FEAR K o

6. &t
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