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Network Big Data: Present and Future
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Abstract Network big data refer to the massive data generated by interaction and fusion of the ternary
human-machine-thing universe in the Cyberspace and available on the Internet. The increase of their scale and
complexity exceeds that of the capacity of hardware characterized by the Moore law, which brings grand challenges to
the architecture and the processing and computing capacity of the contemporary IT systems, meanwhile presents
unprecedented opportunities on deeply mining and taking full advantage of the big value of network big data.
Therefore, it is pressing to investigate the disciplinary issues and discover the common laws of network big data, and
further study the fundamental theory and basic approach to qualitatively or quantitatively dealing with network big
data. This paper analyzes the challenges caused by the complexity, uncertainty and emergence of network big data, and
summarizes major issues and research status of the awareness, representation, storage, management, mining, and
social computing of network big data, as well as network data platforms and applications. It also looks ahead to the
development trends of big data science, new modes and paradigm of data computing, new IT infrastructures, and data
security and privacy, etc.
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Google &R 518 R 5 — K% OHEAK. Ib)5, Apache
AL S T JF NS Hadoop A1 HBase &4t
SEILT MapReduce gAY 23 A0 XS R GRSy
i XA EE R PE . Hadoop R4(E Yahoo!. IBM.
S Facebook 4523 w1531 T & v AR IS &
J&o ABVER—ABEARE R, oA A a3
FEAAE SRR RTS8 455 5 4 31 Fe W FH 45 K 2504
TR N T SR E R Z AL .

f747% (Row-Store) F%I{74#% (Column-Store)
A2 P P LR () B PR AT Aoty SR o AT A7 7 AU
ARG, EARHIA PRI R Rkl PGS S
HEEAE: FHE T NEERI D S RE, LA H
fr 17 4 %4l . 20 17 fi ik B A H ¥ & 4
(Compression). ZEHI)Ht (Late Materialization) .
PE3R (Block lteration) 2&451E[42]. w1485
AR S AEAEAUL A7 Be, DI A7 it 7 XL
W o B O BT AT 55 A R N v B R
DRI VF 22 R G0 48 T0 vk 58 A SE I A A7 i 19 T A3 s
PE, e DS THIMS, O
BigTable. HBase%[43]. Ciik[44)#e it TATHIRA
EARAEAE LK) (RCFile) LU vkt B Do in
By i AR Y I RD R A A TR v AOR FH A ) S
Can 277D . RCFile@i & T AT 47 MBI A7l AN
s SEEAT ARG EAREE BT, i v s
JEGi R At A I R 2. s Y i) 2 1
KA B 23 B & GiHive FPig#4) 85 1 T RCFile
FER . RCFile 28 1A 73 A1 20 S 254l 73 i R 4t

M A7 il SR 1R bR

RCFile

Relation

Row Group

16 Bytes Metadata
Sync Headsr

104 114 124 134 101,102, 103, 104, 105

HDFS .
101 111 121 13 Block [ | —"
102 112 122 132
103 113 123 133 Row Group 1
105 115 105 135

111, 112, 113, 114, 115

,,,,,,,,,,,,, 121,122,123, 124 125

...... 131,132, 133, 134,135

B 2 RCFile3ERE 7ML H[44]

o3 A 2O AT A X 285 R N ) — N
BT o AR H AT TAEIA A — 28 R B (DD
B R I o A A i R Ak BT T W 1 0 A R K
FIRE . Ak S0 S gy N B 2 TR S I 22 A A
B, ML SCRFR AT IRFEACEE PB UL L
O3 AR RBIEATEHELE, (2) 5 B3 N B A R oA
(ARG A R 1 DAFRE oy D0 288 K B8 A A Ak
PR, BCRGREBNA, MMSEBER. o]
FH 1 9 85 DR 35030 A XA A
42 BRESHERSI

Hui FERA Ry [ HAIELL Google A ]
BigTable 483 (151#%C NoSQL %4t /% . BigTable
PEH T M TR AR Key-Value X572 [d]
FF BE R . Ordered Table. Ordered Table #i7%!
PP TR A FEAAEAER . T A
Herw w2 i A7« FURII R 7R . BigTable
K[ Scheme AEW RiE, W LATEIBATHME K.
Ordered Table A7 w] DAL T~ =5 1) X 7] 2 2 £t
A ISR, XTI R AT B 0 2 4 X h) 25
WEEERH R GIBR, X5 T Ve e .

ko K EEREALEL, o — PP R A R IR R
g1, RPEI LR 5 6P A6k A 5 . W PRE 2 A
MG IR I TERE, THER ARG FIRE,
IR F BT G K . RAME TG A S vt
5 RGBT BT PRk . I R B e A Ab P 52
MEFE AP, BRI R IG5 Bk
HAAErARm, el il s, Bl
L7 B A S 2 IR A RN T S U B B

faray
ST o

SCHR[45]4 Hh K HAN AR % % 5] (CClndex),
A2 A R BEASR 51 9145 G0 — 9K B 4 78 1Y
RIER TR, AR G5 L0 8] 2 2 X b 2R
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FRZR TR M ESAAR (A&l 3 ). fiftk T NoSQL
Bl e (0 R 5 BOR BRJC i AR 47 ik
AL BRI R e [, 455 g AR,
SOk, Dbt aitvt-l. a2 )2 A7 ik
ARG EIAH L LR S 5 | NN REITY, IR
P B PO R L. H AT, CClndex 5%
AR CL N A i =5 R Bl JE 5

< N s CCIT2, key2<idx2+id+idx2 Length
Complemental Clustering Index Table (CCITO)

id [idxi[idx2| info keyz [idxl| info
001 | cpu | nl infol n100102 | cpu infol
002 | mem | nl info? 1 nl00202 | mem info2
003 | net | n3 info3s | n200402 | cpu infod
004 | cpu | n2 infod | | n300302 | net info3
. ™ hq'_l_--'dx-li
N v [
!
COIT1, keyI=idx ] +id+idx | Lengih |
keyl idx2]| info CCT2
o r} replicated
cpul0103 | nl infol
| cpul0403 | n2 infod
mem00203 | nl infoz
net00303 | n3 info3
o \us::" L R T

Bl 3 EANMRERTIR[45]

4.3 HFEHRER

$AEt- & (Data Provenance) [46]fU% T 1
AN R B 5 1 7 K i J5i e e A R A ) 5 i 9058 P 350
s A A . Bl R — B R IEATT I,
AR B T A TR R 71 A R A e
S5 77 A 4 A T R Z5ORH L AFDGS I ) 5 ] BR 2
7 5 % B - v ] B8 AN AR AR A 2 18] ) ) i
PREL, I I AR R . A A TR
D7V B S RS B e a2 ey T AR AR 1 T

H i T 2R WA ) 22 B 2 2 A 4 OC R AL A
P XMLECHE FUASH 2 2 45 . H 201209047 4R LA
K, EE A R B SR R Ik e [47, 48], JF
HNHE T 24080 e T P2 8, Bl
HRE BRI TAETR OQE LT LA T [49]: (D)
&40 ()4 A PR i tE R I I H IR 2 1
TARE A, Hor 25 S8 i B Y s A i Ry
AR (2) 7RIS IREE N AN & 1 2L
WA, JFHEAZR 2R ITEA.
(R A Tt 5 ] it A B s AN v PR sAL, W]
DL H 548 B T 28 368 R s AN e P 14 R R 5
it (3 anrT Ay e byt AR HE () Rl )
R A I 4306 15 5 22 (10 Ji A W] e A R 25 1
P, AT R FH A R AR R ) B T R A5 RS

TE— S — AN R ) i
5 MERKEIFEZEMTESHITE

I FH VS H AN 0 28 KB s A T2 0 4, &
MZEE AR, A s AT RS R RiE S,
ST A2 W 286 R H s 1) R 2 A R S IR AL 24T ]
THHE R F BRI LS EARTMIL, FFrEabK
10 FH P 080 A RO R 5 = b A A i 2 i 22
Th, SBULG R AT IR RE A Had
BT ERRST. HeT N A BB AL T
SERAE DAL e 2 H A Y 2 K E A 42 3 R
oA T SIS I T H R
51 ETFRARERHEELSHE

B E RS AR EZENRINEL, AR ZEH
SRR H P RS B R E R A T A
15 TR s 12 0 955 D0 2 8 B R g S AR SR T
W E AT A

FE o SRR TR H IR R BG4S B R A TR
Pk, BFFT RS NAE S5  S B AT . &R 5]
SR TN P B W S B B T HE P I H
%, BETRERRTE. H7s B SR &
INARHIE IR R, DABUR KB B AR, SRR
FRA P H VP IR S iR R A, HE
(1 HE 77 57 > HE v L4y 38 i (Pointwise, 1
McRank[50]) . ZX} (Pairwise, WIRankBoost[51]+
RankNet[52]) F1i& %)) (Listwise, #1ListNet[53].
AdaRank[54]. SVM-MAP[55]) =375k, BIAH
RITEACER ] 7 F5 SRAHOCHE . 2R RN B S AN ]
HARHET A AR . BeAh, #E U R
T (R SOARFAE, ) ] 6 DG B 1] 9 PR R N 3L
fil Ry, AR LS A R R [56] -

iy 44 SEAA L I S AH S o i B Al il R E
A R S S, RS BRI ZE S i
FERIIR, T BRI FON fir 44 S . SRS R INZ 3
S TR il 1 U D0 2 Bt o, SRR AR BOR
2, JIEBCREA, RABKBE . XTI
RIVFEHE, W AR TR TR [STIRIAE TAL
24> [68]1 771k, 2007 4F, Getoor Z54 i Zil K
R RN BOR[S9], S T A A G i
RO TR RIFIZEAL . AR P, T
S R FE AU AN . HAT, SR R A2 3
AT 7 00 % Bt 42 B AU O T IR I S ) R, AT AR 2 i
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AR AT L, A5 SV L ) SR PRt R
G, GRS AR R R B AR, RS
TP AP S48 R 55

52 ETHMERMHSLITE

FEos I JE AL SR I - 7 s, R P T
(K5 B8 N IE TR (K R &% o e RS P P Tl k2 o
RN, WM P2 3T E B B k. B
HRARMIATE St 2 RO LLS R2% 130 &
B =7 e . A g e MR I 208 R K
R AR BT R T IE R R R T, X
05 G 2R B T A1 DK 3 AH 6 B L PR 85 ) 4 Ay A
X oAb [X A i Ao I 28 5 ks LA 1) 25 AR AL
FEDX EERI A LERT T I8 ) i 2R 4Tk
5 DY HEE A B Lo R X S5 R 5T v]
YRR A DX S R A S 5 T [60]

FEIX R IL[61] 5 A1 P H 99 2% [ AT (1) A X 45
Foy, 2 BT e R] PRYIE 1 50 ZR A s R0 B 15 R
Y, AFAST SR I AR, AN 2 ]
HIELARX FR B Girvan FIT Newman #4302
R TT1E[62], &P T ) AR 2 i s
SCHR[63] 48 AR BERE 2, SR FH—Fh bl (e A 4t
X EERI I LA S IR NG, X TN 5 [ R 4%
K53, JE IR B AT I 286 0 23 9 29 v ek T i il o)
AN T NI LA, 4t — i X 5 K )
e [ 510 T S AL X 45 M IFST, Palla 25 [64]
et T MR e T BB AL X ORI,
NHHZEIAEY . FE. HafEmMat; di—2, SOk
[65] 5% SUHT I I 28 BBEBR i, R 2R & 202 IR 2K 1)
T, PR T RERS AN 4R 7R N 2% )2 IR R B A X A5 4
CnfE 5 D) 1A I .

Sclentists 7\ /q}
Physicists =

2 N -
Mathematicians i g

cientific
ammunity

B 5 BREBMLX LR E[65]

DAL M 45 H 5 g S AR EIER
A E I REA AR A E A Ak DA 234 3 2t

FUALIDX B IS A2 R L, I AT 3 B AR 1)
BUEIFNR S, RUHEAE X I s ARy i &9
SRR T4 o AEBh A AL B ) 2% @A 5T
[fii, Barabasi £l Albert $2H T 3 4 1 BA P25 E i
FERI[66], L T 9 L8 BN AL ol 0 2 WA b 45 R s
HEM DRI . SCRR[67]3E T 58 4 T BT AL X K
WITIERE AL DAL, A3 T /A DRSS P ORAIE
FLAFAE AT BRI R AL DX (1) Bl 785 1 A2 A7 A TR At 1)
ghiv. BHAE ST EEE PR SR, DG TR A )

FUk e

6 WMFHFETFERESNA

h T IR D 2% R T R S, SEA IR b A
LA NSAEEAE B (7R Kk, S A - AN [
(2 KEAE-F &, SRR P R 2 R AR K
NI G, BT EARE S 1 i A
AT, DAS I KB 6 (1B F = AN f B2 i
SERHORII N2
6.1 MEABIETA5IEER

Fa S PR 23 R AT 65 B e B AN R T, AN
g, ARSI AT AP S . 51655
PP EAFERE, W REHERE L. 2
HAL PRI BN AN BN A 1R R PR BRI
REHET & W@ 7 2 BRI LA R Bk
Gb, BRI A BTG TRE . BdiEm
BREAL DL A T & 5 IR AE HLHS A 4K
Kl ~1- & I B R TR TPk 2 R8s
V-G A B BRI R 2 M AR . AR B 2R
AN, 2 R EHE - 5 T LAy AR 2R, L
WAMEAE V-G A HEFEEIF & wds
FEL BT S RS, HErX L5
HOSHA T SRR T, i RAH
(fJFreebases, f#K /A 7 [fProbaseo [68], [N #%

(1) SCA B G5 M FE——%0 (Hownet) «%. 7£7
M4, 1BM 2 & 1 Infosphere K £k 43 #71 1

B o, KNET ) Teradatazs —H @355 oL A
WA BTE 2o JTMIBCAHEH I E N BN R =
TAETPFERAE o =B KEIET-6 .

® http://www.freebase.com/

® http://research.microsoft.com/en-us/projects/probase/
@ http:/lwww.keenage.com/
http://www.ibm.com/software/data/infosphere

© http://www.teradata.com.cn/
http://cloud.tmall.com/index.htm
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6.2 MEAHIE TS ImEITED

—AMRF5 R 25A KB H A FEF S AE ]
IR Al g SRS N B AR TSR AR 55, L2 it T
CAIE R BOR IS e R g 3R . o8, RFEREEF
B, BN LU 5 SRR AL 2 TR R SCOC R
M T RRAT VR R, FRBIFEm = bR J 1 0%
MEVERZR, ZBEMRIT S AA . BRI RS
R E . Lk, KRB & DU ARt E
KITEDNEE . BT A AT LA T 2 R 2 FE
WA B, ST i S R, WA TE
AT 4053 H AR W R BOMR AT 3 AT A
PREEVERIR R, RICH EEREIE Y %, 1
I E A B AR HE s 18 R B A S 5%,
I T SR S BN R, AT R A
X PERAIIRS A% . TR, KRERF &k
LIS N H 8 AT R 2R o e K H
ST LI b, RN LT AR R
ARG HArH P, T H P46 B 5 5 i ke
PRI, PRI T . BRIk A, H PR
A DL KEEE P & AR M R AR i A
MR, BT U BT AR kel Ak F2
T ROV R DGR I TRUAS 5 ) SCPE RIS
P, S R AR R OCIBE ATR
6.3 MR

W) 8 KB~ & 78 B s . BRI OGB4y
R HAE TR WSRO THIE RS, B2y AL
AU AT EEII N 2801k, KRBT 5 1
IRAE AR 2R 515 o 1 N A A48 R 5 1 Bt 1
PRI AL B AR e I S5, B8 S o s SR A Y P 1
R P TUAH B CEmEE R, i
R GV FAR R I 2 A N L4 e
fHEEIA . S, WS KT G HE 4 TR
ZimAEFREHEERNERXNLTA (W
Karmasphere Fl Datameer), {5527 51 £ imi
NV 5538 B A R IR - BE S AR, S HE T T R
J7, SV T IR AR FAT A Bt P AR A B R LT
W KEHET 6 IEAE L —F AT BTR A 17 U
FAT N, 0 KRB 6 1S B S 4 i A B A
ATEREUE B IR ST 5w R b BRI

7 ARREE

AL LR JUANTT 1] BORITFE A i A

2 KB R AR IR A, AR BT A
FADII B FEEANK, TN M2 K EdE, LU
JUANJ7 T BRI GO 52 DR A% o

2% KB I B IRPERER W4 KA A AT
e PEVT S IR) RRLIN BRAT T RTPARAT (K KRR, H
[F I 19 8% At S B HR T BT AT (R AR, AN
FANHDN SN IR B 52, FL R s P 56
RAREXZFE, R R I TR RFAT. M
2% KA A AE I S 28 PEAE A Bl . s B
AT AE 2 AN I IRE BRI Bk, 80T 1%
e B EE T ARG NI S YRR B IR
W, ARZALGI R M SIS W R &
R T SCRMR IR AT 25 215 5 0 IR Ak AR H
Rl NATDG 0 46 R e S o v R L T (P e X
e PR, 6 R 2% KK K 20 S B SRR A A
AL, 0 KB 1) S 2 PR S A2 28 PR 1) A A
R AR R Z R BEAF I _Etsfe /> 1 17 40U R R4 Ak
AR, BRI T AATDR KRB e ot S s Y
MUPERI BT RES . AT 0L, T b E SOREL
P LN A U AE S JLAME B AR bR, REMTAIEST
WA 2 B0l S M ) N AE LB A F I 5 [ i

R HREFREA R o AR
2 RMEEA AL S B b Bz £k
YAk BRI 7 ARG o L, T R 2% K
s, T 7 AT Bl A e o S R R A SR
TS, T B AR T SRR DA 5 Tk
SEHEARE . T EER AR, BEA A
St LA A s TE XA AE ARk AL 2,
DRI X 288 K0 (B Rt il . 8 T
] N R L rhae i, B B BALZUR
TR T, RIEOREE R A TECE AR M
e AN R EIREALE, B2 K H o
HATIR s e /s, B s S LR S 2R
VRS 6 PNl A PSRN € T P SY € F N £
SN e L B AL BE R —. F34h, TR
2R B E ETHdia (R e, BATRT e 223
HRSALL “ Hodle M+ T PR AR IR Ll ok
R 1A L

BIELR) IT BEAERM W2 EE N T RS, A
ERATHRGE S MR GOE AT T ARG ML TR
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2B, AT IEEE D OBAIR MW L P 4%
REARI TR . PRk, F52E2% IR 1T kit
AT A VR A o A7 i ) (R BG K A 15
PERBaK, DR e S B A 2 IR AL 4804, AN
Wi /2 scale-up [T 4 ek, 1M HE REE A2 scale-out
KT ENE, TR 1T RGN 4, 15 RER
AR, 1T 2250 w7 B B A [l A A 398 7 50 by Adb PR
REJ) Bl i, Kot HHERL S 5, AN &5
WEHELG I . Bah, W& KA P& (B
P BTG AT &M RHdE AR
FEAC TP I, R e N 4% KA I AL, W7
B AR TR

B ZENBRARE HaEamE, G
AT REPA ARSI EE . G EE, SRAEAE
GASRAN NS, BEEE G2, Mg R EE
RS NN o7 W ST AS RS A che s ]
U, ARG B RS Lo e X — 2k . B
B, THDGE 28 K He 1) 2 4 5 AR, K&
Pk TR, BARESE. BdRTH RSB
Bt ag . oA G FEHELL 1) e AT e
B E R AEAT R R e H R B A
PR BRI A 35 AR TR B R A2 4 5 BT
ST (R U ) 92 SRR 22 A0 2200 BV [l 42 11 A &%
ACITE S VR E BB LN R =R

“AN~ Bl 7 =Jottt SR i R 45 22 6] (Cyber
Space) [ 9 45 R Hfe A7 A AE U K ot Ok
PR R Bl RS A S Il . JLMBIA R 2%
PP A T T T A PR R E A IR ML 2 Ak
BRTHELRE ST o A8 KRB R TR oEHLIE, [
WAFFEAE BRI A SO 2 R E s (= 28
AN E PERRELYE = AN Jr T I e, PR A
T IX SRR PR 4 9 48 K B R 23 B R R
ORI ASCHEE T M2 REGRTIR R, N
A 2 20 o) T 5 B e T 2 KB A A B B
R MBI oA T 5, DL 2% KKK
a5 A g8 5 NI PYAS 5 i R T AR 5% 45k )
AR, G T 28 BRI 5 170 A BT i s 1) 396
i, JFREE T AR FEER .. M, LS
WFFCTARAILE, 2% R 7648 A J2= i ) 22 5 AR

W R HETCaf SRR A,
EUR A R, SR T UL R EERE, 3
A1 2 1) R A R o

9 Fig

ARSCIER Gy M SR B T2 L RL A 2 B 424 1k
SEARVT I 2 LR b LA o KB K A
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Background:

Traditionally, massive data are mostly produced in scientific
fields such as astronomy, meteorology, genomics physics,
biology, and environmental research. Due to the rapid
development of IT technology and the consequent decrease of
the cost on collecting and storing data, massive data have been
being generated from almost every industry and sector as well
as governmental department, including retail, finance, banking,
security, audit, electric power, healthcare, to name a few.
Network big data are the massive data generated by interaction
and fusion of the ternary human-machine-thing universe in the
Cyberspace, which includes tons of user generated contents,
log files, deep web data, etc. Network big data have attracted
extensive interests from both academia and industry due to the
potential big social, commercial, and scientific value.

Evidently, network big data have been not only changing the
way in which people live and work, but also reforming the
mode that enterprises run. The famous McKinsey Global
Institute regards big data as ‘the next frontier for innovation,
competition, and productivity’. Nature and Science have
published special issues in 2008 and 2011, respectively, to
discuss the unprecedented opportunities that big data bring to
us. Moreover, the US government announced in 2012 a “Big
Data Research and Development Initiative” aiming to greatly
improve the tools and techniques needed to access, organize,
and glean discoveries from huge volumes of big data. Because
of this background, an academic symposium of the Xiangshan
Science Conferences was organized last year in Beijing to
discuss the issues of the challenges, theoretical foundation, and
ecosystem of network big data. Later on, the China Computer
Federation (CCF) founded the CCF Task Force on Big Data
(CCF TFBD) to investigate and study the core scientific and
technological issues of network big data.

Although

opportunities, they, however, also pose many grand challenges

network big data bring us unparalleled
to us. Particularly, due to the features of big data such as
sea-scale volume and heterogeneous formats, the existing
theory and technology of data processing cannot efficiently and
effectively cope with network big data. As a consequence, it
calls for a specialized discipline to explore the common laws of
network big data, study fundamental theory and essential
approaches to qualitatively or quantitatively handling network
big data, and eventually build solid foundation for developing
new theory, techniques, and methods for big data processing.

This paper summarizes the research issues and present status of
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network big data and looks ahead to the development trends.
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