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Abstract

The big data processing system would be one of the major infrastructures of future society. The characteristics and
requirements of government governance applications, including multi-domain, multi-entity, etc., bring new challenges to
big processing platform, and new design is desirable. Based on the requirements of applications, the challenges in big data
processing for government governance scenarios were analyzed, and key techniques in distributed parallel processing
for public governance were discussed, including data storage, computing platform, and key algorithms. The state-of-art
techniques were investigated and reviewed, and a candidate framework for government governance data process system
was proposed, the pros and cons of different technical methodologies were also discussed. Finally, the open problems and

future directions were also discussed.
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A TSN R P R kg T TS
&, ML T AEA R AR IR S (B anGPU
ECHE T RS ) 2R R R, L
LB FRHZ %% (convolutional neural
network, CNN) 75 F5 £ =R 51 i)l Zx
8 LR A B S
=27 R R A A, (& B TrAL
HEZRSCIUANIE , FHM20094ENg A YEEA 9
HUOE HGPUR JC B A ST A E &
M%% (deep belief network, DBN) DL
HiZwfih (sparse coding) 2/ HEAT0
H I, JETZ A SR A X LA R A
GPUIATHE -G, N20074FTF A, 1EH
K AL HEEE (general—-purpose computing
on graphics processing units, GPGPU)
)% R AR R AL B %% (many—core
coprocessor) i A FFATAE A — A R
B T Az P AL B A B AT 5 R I
frabsee sy, HILRHCPU+GPUR
CPU+MICHI S ZRA, 1ECPUMATT E A
W FE Y, tEGPUBKMICHAT AT
e S DR R IE B, AR AR A Tl A
PR T RG], 20144F, TinfE A B IRERE
FIntel Xeon Phiiz H T RHARTR EEAZER
22y, Seie 45 3R Intel Xeon Phigh
AL HLILGPURL M Intel Xeon CPUB4F()
FATHAR ; Andre Viebke™ 1| HIntel
Xeon PhilZ i T4 ACHAOSHIF A THESE R
FEAL AR AR AT LA SIMD A TR B,
HGPUMILL, ZHES R FlHogWild )y K
Toh FE R FRAE R AR AN M, T worker B 4>

SRR ES L, RINTHZEIAE S, LA
3R 98 A5 RN 228 N 4% B — e I )| 2R )
(], MATIE BN I H o BT A R4t 2R
i, AT — L] P AR A s 2 R ],
Xiaf%E N POE20164F 41 HY —Fh 1| F BH AR 77
fi 2% (resistive random access memory,
RRAM) LLFZRRAM crossbaril|Zx&
LML T, FIFARRAMP 2R, B
CNNHEEEZ [HR SR RS RN
1 bit, HAEA— M NG 5T 23 8] S AR
Al Bojnordigg A\WIHBA IR R AMs/ D AT
PRI T AR RS He, SEIIVR AT
HE R 222 A S .

(2) F S B Ty TR 5

TER A AT AL LS R, S5O
A% P Ak B — N e FEA AT
PREETT, dfr] o B Th G S s SR R A T
WA E A TN

Wi S 22 (breadth first search,
BFS) BRI A mE B,
BB R Gl Rif Graph 500 A O B
WEBE BF SELEIIFATIC AR U7 A
FEUN T AE A . I H Z G I T
R BB s a3,

Pichiorri€E A\ B9 AL & 1) s 45 14
TR FIER R visitEiM, R Tvisiti)E
AR, AT VTR EL . Beamer & A1)
FEI P Hibottom—up AU # 2 Uy =,
e G T 2 B RRAT I PR AE, R o &
4 top—downSbottom—upiFE— D
ZR Ik R e D I AL, JRINT T AT A
Yasuifg A Y N GRE AR IR E
A EL A, FEXAE 55 BEAT R 43, (15 %
LREIATIIT IN S R A4 R IS gD
K E RN AFTT R, DL NS AT 85 o

T2 RBESE UL, HRHNTT
SRR EUEAS 48 . Yoo & A9IFE
IBM BlueGene/L_FSZBLTAL732 7684
WA H 4 ABF SEEAY, I I i 43I E
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RAG GRS, BB E T8 Mizell5#
N BISZEL T 128N BESE | 256/ 40 RS A
S12/-AL BRER T 9 J 2 LRI ATBF S
1, IR FH A (A 22 26 A8 B R SR B2 e 17 A7 4E
iR, BERERERE. Uenof ASFIFGPU
22 ZERR 2 AR RN 4R BE [F] ML N BF S5
W TINE, FHRHSIMD VLQZwAL 7 %)
IBEEAR TR, —P et Bk,
Convey AE]OSR HIE AL BEZS S FPGAME
BEZRARZE B IEE 1, FeorFI A M B A0
#ffgather/scatterfB /], FELEAL FRAATT
[ SRS E, A PR SR R A
SV, A AT m i i T 1, %
WIS TR R RE
FuentesSE A\ WGBSR Graph500
HEFT 7408, E R R A HET T R AN 43
BT, B8 T B RE A0 2K i S PR O 42 HY 2
777 %% » Eisenman NI NAFFFR 58 T
VERET THIA, IR 458 BrAHL

I P P R R A1 o T R SR T AR
B T5 R T, & SEEE TR
BEFEOR, mZSEMT R,

6 HRBMEEXSRHEERE
BiEx

6.1 ETFREVTHEENMEEER

FEREL SR BRI 25 A8 L SRR
AiE, 2R 8 BUREYE BE N BN B A7 L %K
PRI LR B A B A 2 AR Aok,
55 R AR AL PRAEZE, W1 7R I HEDR
FEA TR REIRN A AR 2E/
(L5 EH BRHEZLfIMapReducefESE,
AN B R AR S B R B o

T [ BT IR BRACE I A7 i
SRS KA AR ERAE BE A R 2 —,

AL A 45
Eih A
:
| |
R BB
AL H sHbIA ’ e ol MapReducefE%  ( Yarn |
3 Spark
HRARE ‘ (GraphX) ’ Hadoop
[ MPI-Caffe ][ B Bk ] [ BigDL ][ TensorFlow ]
—— poid SR
- Y Vilrl AR
s f —
R e — I ¥ o
AR [ e ] SORBCRPE | TR
— MangoDB)J_{ (Neo4))
A % i SRR G (HDFS)
BT : e ~
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iz 1 oA B SR B TT 6, DA 2 KR
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LAE DI A D Y A s e
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T Empy v EAESE, 7T LR T e B
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o LT ZRMESHELE, [ AR HEAT
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LR GEAETRA | 4% S5 5 T A R A ke
WAL FEAELE | b HE R TR T, B
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5217 %4 MixOperator,

MixOperator [l TR A 2L FE T BT
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A, A, T I G 558 & D
HeAr—il . —/MEIE P BRI
25T 55T LLIE I MixOperator JiHEsE ik .
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THEBAF] . W78 . SRR S,
B2 R o AN R B IR T BT
54 A B R TR B RN [R5 S A
FIFR SRR R, X8 TS Sl Al 1
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TR B AR A AT 55 G HE e SRR
FERITRE, AT DO TR B AT HE 55 MUE
ST BN 805, B TEAR TR
B BT SR AT DA 2 1 LRSS T
SBAF, A 5 OIS AT S
EEC I PIBAAN R, BRI TAH R 55 5
I S R T 2 4 T A N\ RN R SO A
E— LA R G, XA DAL
IEFAF I R G 2 (R R L =

FETR A 20T 5545 RN LA o, G
of A JE I ) A R, MR R AT 55 RN AL
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