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AR, BIEUR U BRG] Reak 2R TSRO 2 132, HRAEA WY
Bk, BB R S A RE & HRTIORAR K, 00051 st K SR A BT & He
MapReduce. Spark tH H L 2 R AL 152 5 A K 185 IEFE NS . AT R AR 1) @il . 78
SBRREFE A, SRR K R AR, 27 A0 e SR P S R A
LG T B ZEM a0 MapReduce 55 O JGiE 2 BB 2 Fr 18 /5 K.

XTI S , PEREMCAS . AR AL LS AT 90 Ak A1 AR B2 . An Rk RE T LA
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AL EHA TB ALY, ALK A B AT RENT . LA Sogou M TURE T it
NG, W TUREREEOE R 137TB, X RIR AL A Spark HEATTHE.
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2.1 BEE&X

SR R R I R S RS B R — R R S T m . A A A 45 e is
R2 5 I B 0 T BB, w5 R He S el S0 () I 510 PageRank.
BT B ORI Fe/ MR AR Bifd BL K Bayesian Belief Propagation 4
(1 85 /IN A FOR 78 AR T v 8 ARG R AR 1 B AR B /N AR, 8 Priim BV Kruskal 54725
ORI BREAE i B A A o LA Sk . T THI AT B U e Skt AT
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P Py 3 7 1 NPT o ARAE — T e 4 A, 0 B o 8 B A T 7 i — AR L R D7 1) — 1. B
i 4R A A P ) — P A A, PR VE 2 B VR AR A S A 3l P R (N 2Rt 2 b TPy
ZIEFIRARAERN, FCAERE G R 2, FERIETUATrm: (D fEREH
F, A AHERNELS R, BPER AT ER RN — s I 4 =, B AER A
Héim. () fEEEdElET, N—AMTimdik, Reeusvne e &l s & R T
m B, EREEEIAERC MRS, DR E R EREEE R (3 RS
H, FTREA Bl B AEAE, A8 A— AT e i) 2 Ji5, A T REd [l % S [ml B2 10, 75 1) Z Al
i A aE RS DA . (4 R, — AT DR e 24 TR E,
LRXFERITH R T R I, A7 AE QTS BT — A 8] R T 4 1

PRI, 23 G I, D9 ORAIE B b 5 T s A2 3t U A R b 7 1) BN — IR, RN TR
Bot— AU RARID, BE N, AT e B RN TR AT [ B TR 4N 0,
TR TR EIRG T s BTG ger e, KA AR SR P ME RN 1, DRz
T &y i

® X &H (Community Detection)

A DR B R DL 48 o (L X S5 4, ] DA R — R SRR A . AR
AT ORISR AL S M 2% vh = AR A B (B3, T RA Hr R LE [ 7 FE AR A, SRR TR




%, FRETEAR S R AR EREL . N — DA 7 Bl e LU ), =M
%, UIWIMBAIAEAO R . B RV AER  2, & Facebook. Twitter <5
AEAZ Mk, B RS o R R A R A

® PageRank

PageRank & Sergey Brin 5 Larry Page T 1998 S k1, F SR Ad vtz 7 Hr v X 1T
HEA B L. PageRank FITHE 78 0 A TP/ R: B R AIBT R4 R . PageRank i [
HWRGIE, CRMR T H R E R ER0E, TR W R . B an AT T7E P 5T 5
R weibo, SHRIFFELZHE weibo KEFHIM I, AIHEAH LT LT MHRMIT, 1M
PageRank 7] DUAREIX L6 [0 U1 (R HE P SE A HAlR e, o — eI P Sl 0 TOEAT I S o
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AR TSR R BHAR T R B AR . BB R B IE kO
FSNRIRY e, BRI RINZ RUNIE. RS B, A — NSRRI,
FORIRAEAT— AP AE N B PR BRI AAS S T o A A B Sk i —Ff, 72
THERH] EAR® W
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P S AR R Pl e A VR o SRy h v SE B T S, — RN T TR R G
o SEGTHERTUALL, BITHEARR R R R LR R (D) BT RS A
SRS B SR FEAS TR KRR R (20 BRI s R AT A5 2 A T SRR i)
Al (3) B R S5 h A5 I A XE LLSEBL A AN 53 (100 B B I FAT VB 19 AL

NPT HE ARG AT S RSB IRE ST, BTHER G0 B X B A AT T S
R BT RS BUSC R IR AR . 4URL AT TH ARG/ e i SR, BTt
SRR, F RO, R TSR AT Lo O R R T SR L D R L i
frf O T AR RN T B O T SRR DU . oAy R SRR R I TRl R, HAZ AT
HARG G, Bk A2 o FAR 55 R T kit — D o R T SRR L b i SRR AR &
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R BTSSR SR B 1, R0 20 B R GE A K] MapReduce 244, 2R 1 MapReduce
HEZRTCIE R I VHSL IR 73R, ToiA M o BB (RS Gk i A F& T B PR s A QA 2
R s R A BSCH Sl 7y A L SRR AT SR ATV S PR A 1AL . i vk DA )
Google £ 2010 £E 56341 BSP AU 145 s b DovH SRR, RV SR AR BE R 50 T
B A LSRR O TR AR AR R 2 R v R Wl Yol s B, H
FITAT (R4 s ST AT PAT THEERAT, Bl (B RIOR R O AE T PSRRI D 2 18] 35
T SRR g o 1 BT SR e SRR R R A ME AR, AR SR RO TS
R BTSRRI BL, A TSR G0 BT X AN R (v 5555 SRR Y R SR R
il [F0 AN A Ty ANk AT ot

> [FRRB A R  RAEY

0

1D R SR T SRR IEZE L 49 RS RN AT IR ZE R RIS R e,
P S i i — AR e g B s — N5 R BT — kD (superstep) J85E. — IRl 185
AFEZAPHR: (D BCHRT S HTA NL _ER4RJE Cin-neighbor) 7E_F—ANEE Kk Hi )
FRG () MRS S B RS AT s, RIBATRE T 52 E % L) compute BRI
(3) A4 R ST 44T JE Cout-neighbors) IR EE TN R . [FIE AHERRY Br g 3 5
MO BHGFEPER Y RER, ZFEH#ENT - EPEH.

AT BRI F T R LRSS ARREA R, B R B HATH A RIS AT A
BHEP, FrCAERE RN SRR (active) FIANEER Cinactive) BAMIRAS. 2475



MBI NAALE (Ginneighbor) JIEMIME BR, HASAIRERAS; M ARBICE] HEHE B
T AT EEF AT AR, RAONAETOIRES . B T = SR A SRR OF
FIEYIMEI Z]) , BE R G BAEE D ARSI, BT ERIEAR .

Al T mi O SRR Atk T MapReduce 3 A1 sUHEZR TG IEA ROCHRHIE A B S &)
BRAE, NIRAT RIS RGBSt 1R R, AT R IR S Y S I v e T
Ub, R TR B SRR S AN BT R R R ARG, W Giraph, GPS. Mizan,
XDGP Al LogGP. J&1M1, 4 & [R5 15 s O v AR AL BOR A3 OB Ja S 76 S5 5 2 SR iR ()20
AR SETH AR 2 e T B R, T BRIERI I R A Al — 2P

> P R R

2010 4F, = P 5k R KB 2 T RO I RS AR 1 T S50 T & 4t GraphLab,
FAE 2012 4F KA T ki 24 distributed GraphLab, SZHEL T A R0 BITHERAL, 5Bt
SRR A TR AR BE TR E), U5 BSP =B fERERY, (HRAE B b — 4 bit 5
RV ST, AN pR AT S AR B SR A, T F v T OR A R 5 Sk B
BEHCARE T A R e — IR IE EESE =0 EE: (D REBCY AT AR R ORBR
ABARETT D 5 () $ATH e SGHRRME;  (3) TR S S v 540E (Rl
BARJE T AD IS B b AU R B R BRI T & R AR F P, B R R
b E kB AR R T RS R, e LSRR, TR SO AT N b
o S B PAT THEARAE IS fO0T e R I AR [R5 R Bl = AR S B I R4, BRIk ORIE 4
—EE, P RO T RO AR R A AT S A EURI T T PR S R AT S R
TR =M —BE TR AR—8E —8E, WA B A B R,
MAXRES A R, SORBOBAIIER, MR RA0E T MG R EL BT E
H, AT DO SR SRR BT R SR, E SR JE T A RS B R BRI AN R AE B
fEAfR—8ME DT d, AT L B SRS AN AR 8 A A A TN S R A

S RO T TR A R, B R ORI 0, o SR A i
Fo B AU OB [EI SN T 4R ECE — SO RO A, SR S R S E e, B
PGP ISR R o DRI 43 BT B 2R G0k 438 [ R S0 I 20 A0 S50 AT B

<~ GAS (gather. apply. scatter) =i fi 0ot SRR

[ A5 R 25 T AR AL A s A E AT L, KBNS BAR IR A, DRI, Iy
SRR R THB B 7 52 BB A s AN A A RS RUPR . Gonzalez £8 AR H T GAS i sl
THEARR, g TR A )



GAS TR [F) 255 M b SR R D S, I Hodid &) o3 R BT AAE
AR A SEIIFAT I . B IREGEPIEE S N= P8R (D (FEYUE (gather)
ANEE (sum) , BRSCEETHE A AT s R EIE R, BUATH T A SO R R B AR
P RBICE B =TT A, (2) N Capply) FISEHr Cupdate) , BIH 335 SAT H P E € X
MITHRARAE, RIS A T E TR HTE: (3D 40k (scatter) , |y 377 i A
BT R BEHTE EAER 45 % A SRR S JE 5 il . GAS THERS A A ) 73745 sl v LA
RGP s SR B E T RS s TSR ATV . GAS THRUE LI R ST sl 7> N2
ANMTEIRTT, BI—ANET SR ZABURAT A AT A KB i L — b s H R o
NEAHE BT ERIHT IR, BN RS B2 R th 2 AT RO TIT, A
W — UGB AP 18 S P S T A FRAR O &AL T 2 TR R R AT e o

GAS THREBARLE LR 73 1 s SEL T 5 RN AT TS, T SROIHAT YRR S 28 7 s
TG 200 Mk B8 0 BRI by s ) AR 2 22 5 I, GAS BB R SRS
WE NS . Kk, GAS tHEABAIYE ZANETHE R 40R A & odidt, i BiGraph. PowerLyras
SR, GAS THEGAY R SR EL 57 5 35 ki rp AR NI [R5 75 fl bR B &3 .

® Uit RS

TR AR R B R T TSR S B T SR AT B RE T, (B AR SE B B AR TS T
2L i (1) RS m REAL YT 7] Q8 e IR RE, BT AR Ge— fioks s B B A 2
ANAAE, BE U S R Bt A ORI, 38 AR A R G P SRS O a SRR, B Se
ARG A IRERE () M EEdE IO H s KT i H i, RGBS
5 5 SRR 23 A AR A R TR T AR 2 R 709 vk B 1R, SR O BT SR 32 T, R
T e B SRR N L

PR R e B U 52 RORTIZ A0 328 K19 A0 I P P i o A U S T, 9% SRIBCA
TEABEAE 2013 SR4R g oA, RN ] TSR S8 XStream, 4 O SRR AL
B Sty i o e B A A 3 B A GE AT 5, B JOSAM S T 5 HE AR T =
AR (1 BBULSIERG, FERUH 8 CRITHRERAE, it EHE BB H B gk
(2) SRR H A s SR E AR (shuffle) SVBEHAEM: (3D BElCERE B RN 5
HIF, TR RUE. =B — OSSP AT -

A RO TSRS RS B R DL B3R A% OB S5 M T e I AR, R GE AT
FERAEEOR H 75 M52 (Uout) , HACSRAEIL IR B RTHE B A2 X R 25 1A 1 H R
RGBT R B Ao 30RO R R I SR A AT A O R R I SR BT R
A7, G 1 REALE S R T A SRR v R, TR R 175 s Lo T SRR i s 1 B 52
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BR AR A B PR o 32 rvo SRS AR PR A T SRy i A 512 2R B e Rt
ST LA BRSCEIL, PP 5 v A7 A AR A 4 B Bt AR T Bl A o SRR A A B K,
BV Ar 2 B b SR A P 54 ) o B Ak e e b, 3O SRR A GRATH B AR
(0 H AT R SEETE B AT R, PRAT T A S I HE I ST S, USRI B
ARTA R, KK T E R R I Kk, 2200k SRRRH 2 7 1E R RS
BT SR R AU B T R R

o BfRrpO IR

R T AR AT m O T SRR 3 S R P SRR B 4 R A T R A AT RIEAR
TR, ARLRI A BT S AT PR PR A 1 3 s A R IR B o R T P SRR A P A B2y
RLENA TR A TS, G, SRR RS T S BOR 5 R Gt g = S R i
AR AT B ——— e O R, PR LR T BT R 4t PathGraph.

AR O THERAL DU AR 9T ST, RIAATETS R B B 17 sy . sl
TH RS RO 20 23 9 RT 1) 12138 J7 B4 (Forward-edge traversal tree ) A1 7] 37134 J77 B4 Creverse-
edge traversal tree) , MM ETHERBOAER EREIEAGTE . BT OTH RS R LT 5 W)
i Fr AR )3 B B R AGB B3 W8 (1D W E 40K (Scatter) , RIS sliF Al )
120388 AR ST AR R (2) [FEWER (Gather) , BINAQTY s i [l s it D i Wi gk
THRBRAUEE.

AR Th L TSR MBS 5 4 R PR SR T SRR ) RE S A, Ve i e 30 i g A
Ja 3203 e, T T T SR R U7 1) NI 4R AT I 4R Y A kA . PRI, AR
OTHERRL, BT SRR | A R R AE AZ R DL BB 4R B BFS.
PageRank. IBGE 7 ESFESHE, e L SRR TSR R SR 1 1 ~ 2 . ER R
Pa PGB R 1T SIAT IR, FRP AR SR KRBT, B0 SRR R,

o TR

B A O TSRS AR BU LYY B2 A Dy v B (YRS 2R B 00 PRl 45 4 b g BRAR T SR
A, ARM BTSRRI E AR (D A A RAH HCERASERER, Bk
3 1) ST SRR BEYHL—JZ, RIS s 2 H 7 s — O 2 7 2 OB
ARETER, M EER R SR TR BT A, (2) W R EGL T A KR RIEETT
B, B AT TR R S B P A N S, RGeS R A RS, KRR
SR T AR i (R 2D (S AR B i — B T

ARG LA 18, 1IBM FR] R 2580 50 FR O 2013 SE7E A & 4L Giraph++HR 3 T
HUO TR, g se R g T E O 2 AT IR L RE P IEHE . PR ERR
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RSERER e, E2NTE EIHMTHATERETE, — OB HAT P AT
TRIFFATIAT P 8 SO SR AE, IR i 545

AP PAT.

)

(2) BB ARTRT /R0 1 I BE 49
. W (2) WA TEEPE (L BAESRE RD AT, BB RFFEE —BUERT

T E TR RLE T B Tk, R BRSOy 2 AT R RAAGTHE, BRI
AT VRN AR AE TR A AR E . R, B BT R R S R T, 2
NEHERGER M T3 B O TR, R 1 R 2 (1 )

* 2 ETEAREINEE

BB | S5 RE BRI FTHE | REEH e SRR
AL I L) TR 1T | S A 2 Wl TR s SR
W | RB/RE | WEEAITE | @ | ANl | BOMTER, TR SR | R RS
. BT SRR (TR — SR
F TSI B PR T R
‘ N \ TEk. YIS BRI, | TR R,
L RP/RE | AFR i3 A SR IR AT, 53 TAE0 8 | PBE R s A, FLS PG L
gt
I VO R T P o B
By oo Pt b | e/ ﬁfﬁﬁg};‘“ggiﬁwﬂ i SUMESTI A A RUS LA
PR : e, HEURAE A 2
I LI 2T TR
FEbL | @5/RE T | smstswp | EPRHZEEERGA 3 5y R SR P T 5
o2 B AR Ut e T,

2.3 BlitE RS
KAV EENBEE RS, NE TR, B R BN E— T B %

TEZ AR EERAE AL B, SC RERIEAL [ 20 tH40 80 EARat AL T-Suin Az, i HL 3K
TAMESL, i Oracle. MySQL, ‘BT AR R EEH RS (RDBMS) . 4RI,
B G R A P VS FE AN TR, R R — S AR 2 ORI R, Hrp i R
B AT 1 — SR R e B, DL R KB R 2 R 55 A 2 AT KT A ) B

Rlt, JEHEREEAE T Neodj. InfiniteGraph 54T B g5 WAk A7t 5 20 1h 1) PR 22
SAEGE 5 R AUEE PEAR B, BB 3 T Ab B 2 B 2400 LB 2 A8 UR 8,
R ATE fey 1A G AVBUE R, PERE 20 E A5 LA ST, R i & T AR A 2% L ST HERE
BATAZ DI . S RMES R 5580

BTS2 T R M T BROR 5 R ABRBLEE A K, BT R RGO H hBE
SERBARI R G, IR IZRE BB BEAT S0 PEACAR I e RO B A% 48 1 V0 R B2 S )
L WF P T ) B0 B 2% B LA R IS RS 1 B Bk I i £ 249 BT PR K 0 A U, 75 22
AL BRI AT AL s B DAL, JF BB S B2 248, KSEIEME DIEAL GEit 5T
RGP AT R, B, F R SRR, RS R G AR IR .
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R R T 55 2 G 1A T 32 5 DL ST 1 G B AN TR, BRATTRE 2 S L A A7
KITFH RS, BHUOMEBITE RS, oA A7 TR R G A s M BT R R S

ngra

%ﬁ@gf *{: ([Cmatine )

Polymer
{ | GraphChi || TurboGraph |
AR | X-Stream || FlashGraph |

. GridGraph
Kt 5 R 45

[ Pregel ] [ GraphX ]
ﬁgﬁgﬁ | Giraph | [ Gemini |
B AR
o
Ui A O
SATRIME -
e | [ o |
E 4 HERGIERTE

BN AF B AL PR Gt 2 B AL P RIS ATAE SRR, JF FURK B e 3 g2 vh 3 N 17
Lrh, PHLAMERIAC B R Gt R R A RS AT AE LIS, I HLdE i vk S0 B A it
55 AR B AT A L B S . o A N A R G2 B B R G AT (R o A VA
W8, I H A MBS R A A T A SRR R G SRHLAME R4 (Single-
machine out-of-core systems) #fif@ NEERE, HEME AL E RN trillion 1.

I THDO 5 2 LR (1 BT B R G ] A
o HHLNMFEILIE RS

IR ETHE RGNS AT, o] B B e s B N A AT (A AL T R
FTIFNAE AR A R, 8O e BN B B e, LR A AR RS 2013
TERAGH Ligra 1 Galois, LA % 2015 4F & Af i) GraphMat #1 Polymer .

o Ligra $2H 7 AR B R A5 00 B B D) o S8, JRR AL | — e T il g,
TO0 A st DA R 01 SR ) AT g A2 5925 . Galois {8 DSLs (domain-specific languages) 5
HH BT A R PR RE SE L A0 BT AR, IR R I 2 i N L T B X 4 B LA O AR 1 FE I

PG MNEERHIVEREIR T, FEDA M =F & DSLs Jath EHeft 7R B K API, fifL 1K
SESEI . GraphMat /2 55— xf 2 4% CPU B#EAT AL B LATR R g fs Hh O R B R B3
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MELE, R P FIOF R E IR T K UFH94 0. Polymer U2 £ RHEE NUMA HPE i+ 5L 454
LB T BRI, 1EE RBUICE & BN A 123 e P 500 #1238 K AR 4 40 s 1)
AHL R FEAT M, TCR 2 intra-node 752 inter-node, I F 17 AEES E BEN LT AE AT SE E i £

o FHHLAMF AL R 5t

PR B R G RHLBAT, (ERR A2 K H RAM 1 & B S EAF ff 45 1 SSD Flash.,
SAS. HDD 4§, fdiHpragsbs i) BIREIE K. (H2 R T AL A A SME AR i RS
P A s 98 IR, 22K R G TCVEAE A2 A5 I T AL BB AR ) [ 08« S TR fg LA
FEITFE RS A GraphChi. TurboGraph. X-Stream. PathGraph. GridGraph 1 FlashGraph.
XU R G I KA PP 325 L e 3 AN () S 2D SR sQAE Dy i i 1 R R
TurboGraph #1 FlashGraph 3= %258 43 5177 200 #1 BERAR 15 N A7 B E R 22 3 fE

< GraphChi

GraphChi RH] ARG AT RO L e 8, THERREUNEE S GAS. B T4
79 shard (K157 ECHE SR AFAEIZL, ORI ) 2 2 AMESE I X TA], $R Y T — Fhdk T IF4T
HEhE 0 (PSW) ALK BN Al A _E ) B Bt s R I 1525 PERE . (B2 shard
e T B TR T S HE e, IXAEARD KR I TAC B 8], PSW X TS S R i) Sk A
Hlo FAMERIEE T IR DUR R RENL VT A7 ILER, SR 1 55T B A A 38 2 T s R
GBIl 4 )

GraphChi 7ETHEHI B Se 20 BRIBEE AT TAb 58, KA ARGy 2 A shard, B4
shard HAFAER BB IO FTA NI, JF HoR NI RS A0 1D B#EATHER , Rl 20 I 75 2 0R
UEAEA shard oIl SR R EOHIF], AN shard RAEDS Nt N 77 . GraphChi 4 DA A H
OB ERER, 4TI % O (parallel sliding window) SINEEHE HEATHE . MK

Cinterval) T+5&—7 &, BI—A shard Fraf B8 Br A s e, /5 ZF B BOEA fidk
SR GARIR R 5 ) DA S i s SETEH AL shard Hh BTG R il CREFETEHER )
PP EE AT R AT FASE AT DUORAERR IR THEL I 1/O BT 1o X FE, — IR F A E
RNV (EE 276 <S A K2(K7 AP S 6/ &

<> X-Stream

X-Stream W21 7 —Fh LIy R gm AR MY . 7E scatter B B LI T sUAL B4 2k
FP=HEAL SR T ROIRAS SRR, £ gather B BUE LLIAT AR TE AL BRAE— AN B3 I R FH 31008 82 14
s bo HAREIR T i iz KT iA4E, Fr A X-Stream $ET0 £U77 6% 75 = # A7 i ¥ % (Cache
Xt+ RAM, RAM X+ SSD/Disk) Fa&BUNBEHLEES , FE G ST ERAT TR A i B 2%
H R I e KRB 07 1525 . X-Stream i vy 1] 454, L IAtRI 44 E T GraphChi 675
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XT shard PN 3R T HEF ROR 4650 1 TRALER R |], H4%H work-stealing & % Scatter-Gather ‘3
SRR SR A BT 1) . {H 2 X-Stream EHHERE T, AREIEAC AL B BT AR H
PR, Hl T B4, 17 HL 520 SR T (AL AT shuffle #4F; SRZ &£ L],
PET KRBT

< VENUS

M 2013 S, O AR R B 7O AR SZ R T T, St
THRARG. FZIEENE M. AR L, ZI0H Ol TR TRASCR, BUs 7€ MER
M kb, OIS RS T EEN M. Hh, TR ETE RS VENUS &N
A F R R AL S 62—, BERBCHE SRR B EAR IZ8 M . H AT, VENUS
RGHEERNTF IR T 04 10 (CEHA D HERdE, SO% 7 BEN) S HEE ik
JURFEANF LN PR S5

2 TSR LK 2 Pk A L R G B A TR m AL 10 JF BICVEA ROF TR )
WAF: ARG T E A PARME R 2 B R, JF Bt Sl i = AR AR B R 48 14 DL 2
T AR GBI FEIERES, GraphLab L2582 tHILAERE b1 a5 bk AR SR 1] S i 28 K
1E%e AT RXNX LR, VENUS ETHE RGMRAIBT AR5 18 7 —Fri iy A .
YRR YR . R B BES e AMESN R (scale out) BUHRHITEHL T, Jeresr K HA
TET SR (scale up) EITHFERARIGE )1, BERNMBITAER SN RE (scale out)
2 EMFARRKE. DR ER, BRERNEEL.

VENUS #%: [F I8 H 18 A 20 07 2 UG M B TH S AR R . IR R4,
AN 7 4 23 9 v-shard # g-shard #4853 Herfrv-shard Jy—A4N 43 mf (9 T s 25080
iU AR EaWiE: g-shard 7 v P RS RO, Bk EEK A HHE
B VENUS BEIMAEST S 73 fr EONE 7R BT R AME R . RV ST I, &
Gkt 4 g-shard T 5L 10 E434, AW BRI g-shard MERREEA W AE, JF—
FL A 1% s-shard $AT AT A3 —A> v-shard 25720 T WAF. Ab3E g-shard = BT X B Y 5E 5
BRI, A A O 1 T 55 1) T s B 1S L2 7 A7 RO LY v-shard Hf (it B80T ) A7 . 7
B F| g-shard RPN ZITFIENNGZ LS, UARIERE 21 v-shard i a7 LLdER|
WAF. IXHE, VENUS BERSAL PR BT 1) 10 7 98 3 DA B il i 8 (g-shard)
T H R GRS N EE 00 RIS A DL (AT THERE, I 1 R GBEAR (IS 4TI (]

< GridGraph

GridGraph 4 T x5 %) 730 P AT G B AHAE 1 chunk, K537 B AE DL PP IS Hh i
—> block ', JLYETH R FTLER] chunk P € HAE R T AT, JA R B fE Y chunk 2ksg
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FEM % )51 % Cache/RAMIDisk #E4T 1 1 Z MM K173, KH] T Stream vertices and
edges Y EI gAY . SIS R BIE SN E I (Dual Sliding Windows) KK/ 1 1/0 FF
B, FEAREE. DL block N ALEEAT R AE, A R B E X ORAIE 2R AR 22 A 1y U
WIS, JHBR T X-Stream [¥I5E Hi4E AN shuffle (B, Hi2, HATLR=N10i4 block i [ Sk AN
fEik % KALIY Cache/Memory T H 3 .

o AN ERILE R4

PERIETHE R Gk BB A BB i B B AT b i A7 T B, SR B A SR AR A 3
KRHETHEVEREAI A AE A BT A MG R, AL FE I MR Ak 23 K. B4 B PRk £E 407
ARG &, AN EAERE R 2% S ST BR A, P DLREAAC L e AN BT REAL 1 A0 BRI A7 A
—E BRI IXRETHR R G0 1 AL R P TR AL Pregel K HITIRSEHL Piccolo, [RIN
S HRFIAD LR 2D I 2 88 PowerGraph. GraphLab A GraphX. PowerSwitch 1 PowerlLyra I %}
PowerGraph fi 1 t{tidt, Gemini &% T HALNAF RAE RS T DB O BT
Y. LLRXER AT N A BIAL B R Gl — 4 .

< Pregel

N T AR R A ] BTSRRI T RERTTAEIML
FITFHE RS, Pregel /2K H Google )BTRS 1T 1L 2 AE, = EASKH BSP 1T
RN FETE RS, HEHE— R 7 (super-step) ik, 1E— DN IATHY
PATH B R IRZ R EITHR ARG 7 I 0 B, Bl “ DL S v
07 (vertex-centric) G FRREAY, L F FOR TS R Bl GO BEF TS 1 SR T 1T
BAEE (message passing) » DA BSP (AR, T sl 2 (B IFATAEE (IHEANEE) , @
i D (super-step) 2 [8] [ 2% [5 Barrier >R [F)251H5id 72 . Giraph & Pregel i— MRS,
f£ Facebook P ARHEAT 7 R Y82 55 R o

7E Pregel H, JH /AT DA 52 XS H) compute( )R EL, BN A UGRARBATIXAN R B, It
A A BTSSR . BpkHh, 7ER—E (superstep) H, BEANEER AL (active
vertex) AT compute( )ERH, FEXMRREC, % RTERHE AT — OIS AP AR SRR TH
B i IR e B CORTRRES, B E SR PRSI Rk g AR R (AR AR
SAE N BT EIX L B, RFIZESEANERIRE (inactive) o ZANER M A
(inactive vertex) £ T —#ULENH RN, BB TIRRRE . SPrE H R R AT 58
compute( )BRELZ 5, MRTEARLE R, HHIEANBI T —UER. R RS T 1 AL
TAETRE, I HBEAEMHTHEE, BikgH.

< Giraph
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Giraph ##7F Hadoop 2 I, /&%t Google 2~ %] Pregel FIFF 5L . Facebook f# i Giraph
KIBATHAT R REIR 30T N TIRTERGHITERE, 7EJRA Giraph Feafi B3N 7 — 010 r)
Hiifi. Facebook 7t Giraph fyfm#k EI%dE . 5 [ R LAY B BTN T 23R, $8F 7
RGHVREARTERE, SO R TIMIN ], 91N SefE nT U REBE A AL BE 25 8 3RS
B MR INELE .

<~ GraphLab

55 Pregel 1 [EEHEHEX K BSP #RANE], Graphlab i 5745 [ GAS RSk s2 3k
KA R IFAT 5. GraphLab ffi I 3L = 4% (shared memory) 11175 R SEHE PA s A H )
TR, AEXFN TR, A ST DA RO O AR SR {8 . 7 GraphLab
SCEUSRN, F P R B A SRR GAS BB, ERIEHATI, EEA S
TR 7E gather BTG, RENRAT GAS BRBUTITE IR sl AT ORISR RIS, SR S5 A
FX e SR U SRR, X TSR 0 000 R S AN 45 5 . 1E apply P B, 3%
R A JER I IR SE B v A B BB . 76 scatter BYBY, V& BRIV sl oz 8 I 4R 10 X B
48 o fE GraphLab FSEH — A2 R BTG, & AR U8 A% BE 353K U R
FRORBEATTHEL, X SEIEAERE T S A T RE 2 A0 R N R b o B S iy
AT AT LA AN, B2k . I L 4 T {45 GraphLab 7N SCRFSRVEA K 5320 1 B2
PATAIEE AT « ZEFIZEHAT (synchronous execution) i8R K, AN S ElE LA E
WA RS B SRR A TR B, H R TR ARG R, £ T —xis A
RE R SE WM . B FAT Casynchronous execution) 5EEHATAE, B 1241 H
REME o bRl TORMTHSE T IR EI A 2, XSS = RT U743 11 PageRank ) —Se 512
e Shod BE SR, (HAB RN 2 S BCEHE Se 4, A= AR BANTHSROT RS . S34h, FE ARG
SRR 2 AR BN LROAE B, BRI 2 AR BOR MBS P4 . — ok, X5
HAEMKE L (W BP) R, &AM DR,

< PowerGraph

PowerGraph S i) 73 A A A7 IR TT 28, i 8 58 2 ML R i R AL FRL A ]
[FIAiAE . PowerGraph L4 7F GraphLab 2.2 ', J&7F GraphLab FIJEAE X5 & w40 A
(power-law) ] AR ETH B BE I TSG . PowerGraph ()— /N B EE Tk e 2 T T “ Tk
PIE]”  (vertex-cut) BRI BAE, @EEANFEYLES EAETS K2 N EIA (replica) , BA
F— M (master-mirror) &I 5] 1R 2Rk B AL G RITE A 1046 18 B REE R, A R0bR
A DL R R TR S B R A . FERZ o A EH R R G
GraphX. PowerLyra 2375 T PowerGraph (AL FRAR 7Y
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< GraphX

GraphX /& —/~3&F Apache Spark [k AU THEHESS (Apache Spark A& —Ff) 2 i
H3 A BRI R 48D - GraphX 3 £F Pregel Al GraphLab i858, 3 HinfE T Spark
f) RDD (resilient distributed dataset, it nAi¥dEtE) , 5N T RDG (resilient distributed
graph, SRPEDAGIED , XA T CLSCRAVE 2 RIERAE, RIEILA 1R OR 22 B SR AR mT LA H
RGP A ERIESR T (41 join, map A1 group-by) KB, I HSEE+rfis. AT
FIF Spark HIXFRE-FH#4E, GraphX ) T HT1 vertex-cut BRI J71%, ¥ BRI 5 Bk ~F55
DI TR AR SR & . GraphX BUTERE HL B0 F 70 A SRR RAE e 0 — MR, W22 T
GraphLab. GraphX fflt 7 —MREMTAG IS, RUREIAKE AP H I GEEH
DBREARBIR BRI AT RIS T B RGRIMERE T, GraphX KR E I
AT T WS T W< i S LT v S e i B w1 o s W € 8 S i
GraphX B AL HE 7K TARBA KIS HRE /T

<> Gemini

Gemini 2 7E PN E I THE R G et AN 2 A s A7 B H S R G A 4 1 2 18] 4.3
Z 5, TR K — A AT SO 2 O H AR 7 A s TR R e H 3R AU
T A8, — 5 TS AT Rt G o A 20l SR TT8Y, 53— J7 TR A AL R Ge i B R Sl
R TS . Gemini BT B 254 R Mg OB 1 DL T 5 Ligra A R (¥ H & B HESh /A 50
Cpush/pull) 77 TS, H54Ez) (push) BEAIRIZ) (pull) XU THE 51 22 A AL
IS ENARY R 10 An SR, TR 70 A1 sUR GRS AT Rh I ik . B4, B
T AL A AR I T, Gemini 7E T 5 Pt Rk 4Rk E i B R4 5 A A A B (work stealing)
75, AR M AU T RE M. EPEREDTTH, Gemini AT REHLR /D T o0 A AT
B, AT T AU B R B B A TR AN R S, HILA C oA
XEHE RGP RER IR = T 55

o A IMEEILE RS

R R 2 406 Single-machine out-of-core systems 1 & NEERE, REASAEFRILEE SN
trillion U/, HHIA 2015 4E & A ) Chaos. Chaos f&%} X-Stream R MR, 2 H¥%it T
WHETREMEME T RA CREETTRER I : 5N B ZHIMAAF S5 1) Bl
FARGE: KA F7 %, RIS RS KA A B 5, el A T R4
5 B AMELEAE BB SO LS ;8 ] work-stealing HLAI SEELEN A fi#k 1977 . {H 2 Chaos FI{E
BERR, BESERERY K, MER 2 SOat: & 5 AR IAL R X-Stream,
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WERMRMRE K GHEHAN L TS BTN 7 RS R s VAN A 36 G 38
B4 T RGN T BRI ZICRRIT 5 1802 BT R B

® [EHLE I AR RS

TuX? fEoy— A2 i oA s UEI 518, B0 Tl E BT SRR Al sULER 22 2 RS Tux?
WA TSGR ARG RS FE T R, SRR AT, 2 R e B
I 10 AR BEBE 77 IR T 0 AT AMLAS 4 ST AT 1 KRS AN AL, BASCRE R
JRYE SER R IEAT . TuxX? ESEEL T — RIVAEAAREER AL a2 I 5k, Was 7
BRI 23], B AR ERPEREIES

* 3 EtERGHK

FEon EX gRIERI | B e il A% 7 3K
2009 PEGASUS N/A D N/A DF Synch DB
2010 Pregel \ D BSP MP Synch DB
2010 Signal/Collect \Y S Signal/Collect MP Both DB
2010 Surfur Vv D Transfer- MP Synch DB
combine
2010 JPregel \ D BSP MP Synch DB
2010 GraphLab \ S N/A SM Asynch DB
2010 Piccolo Da D Three Phases DF Synch DB
2011 GoldenOrd \ D BSP SM Synch DB
2011 GBase E D N/A DF Synch DB
2011 HipG \ D BSP SM Both DB
2012 Giraph \Y D BSP MP Synch DB
Distributed
2012 GraphLab \% D GAS SM Both DB
2012 KineoGraph \ D Push/pull MP Synch MB
2012 PowerGraph E D GAS SM Both DB
2012 Sedge \ D BSP MP Synch DB
2012 GraphChi \ S PSW SM Asynch DB
2013 TOTEM \ H BSP MP&SM Asynch MB
2013 Mizan \ D BSP MP Synch DB
2013 Trinity \ D TSL SM Asynch MB
2013 Grace \ S Three phases MP Asynch DB
2013 GPS V D BSP MP Synch DB
2013 Giraph++ C D BSP MP&SM Both DB
2013 Naiad \ D Timely dataflow SM Both MB
2013 PAGE \ D Partition-aware MP Synch DB
2013 Stratospher \ D Push/pull DF Synch DB
2013 TurboGraph \ S Pin-and-slide SM Asynch DB
2013 xDGP Vv D BSP MP Synch DB
2013 X-Stream E S Scatter-gather MP Synch DB
2013 GiraphX \ D BSP SM Asynch DB
2013 GraphX E D GAS DF Synch MB
2013 Galois V S ADP SM Asynch DB
2013 GRE V D Scatter-combine MP Synch DB
2013 Ligra C S Push-pull SM Asynch MB
2013 LFGreaph V D N/A SM Synch MB
2013 PowerSwitch \ D Hybrid SM Both DB
2013 Presto \ D N/A DF Synch DB
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2013 Medusa \ H EMV MP Synch MB
2014 RASP \ S Scatter-gather SM Asynch DB
2014 GoFFish C D IterativeBSP MP&SM Synch MB
2014 GasCL \ H GAS MP Synch MB
2014 CuSHa \ H GAS SM Asynch MB
2014 BPP \ S BSP SM Asynch DB
2014 Imitator \ D BSP MP Synch DB
2014 GraphHP \ D BSP MP Synch DB
2014 PathGraph P S Scatter-gather SM Asynch DB
2014 Seraph \ D GES MP Synch DB
2014 GraphGen \ H N/A SM Synch MB
2014 Blogel B D N/A MP Synch MB
2015 Pregelix Vv D Join-operator MP Synch DB
based
2015 FlashGraph \ S BSP MP&SM Asynch DB
2015 GraSP \ D N/A MP Synch MB
2015 Chaos E D GAS MP Synch DB
2015 GraphMap \ D BSP MP Synch DB
2015 GridGraph E S Streaming-Apply SM Asynch DB
2015 | GraphTwist E s Slice/Cut M Asynch DB
pruning
2015 GraphQ \Y S Check/Refine SM Asynch DB
2016 Gunrock Da H BSP SM Synch MB
2016 Graphln \ D 1-GAS MP Synch MB
2016 LCC-Graph Vv D LLC-BSP MP Synch MB
2016 DUALSIM \ S N/A SM Asynch DB
2016 iGiraph \ D BSP MP Synch DB
2017 GraphMP \ S VSW SM Asynch DB
2017 GraphGen \Y S N/A SM Asynch MB
2017 Mosaic VI/E S PRA MP Synch DB

~RIEREA: pUmsaAsil (V) , LUagRTul (B) , UEERHD () , UBERERFD (P) , UEIE
Jrily (Da) , BB (B)

-2 o (D) , B (S) , F8 (H)

-EEER: TRARASKFERAIFARNZIR

-BERE: HEMEE (MP) , FESEEZE (S, HIEAR (0F)

-fE: [E% (Synch) , FF (Asynch) , ‘EEVHE (Both)

-FEAN: ETHE 0B , EFAE (MB)

-N/A TRIREBHERN BRI E X

2.4 EVHEPRXERA

AT A RS SR LB R P RO R
o SMIHTH

FE ST ERGEN, AEEAT SRRV SER SRR 0V ST i, GPU. LA L
CPU RN B LFIFT IR, RBTERHIRSEN, CPU LAt eai 2R H S
GPU SKIAT . ZERIL S, HIK I T RACMIF R K. TOTEM ZAHERT 05
St CPU BT, TIARIEMGH] A 2cth GPU AT, T 734b 24 R %, 11 MapGraph 70

CuSha %5, Z¥4HEAEERAZ 4y GPU KHAT. Br T GPU #l CPU WM EITRSE &2 4h, —
LR N SR B, solid-state drive (SSD) % 51444; hard diskdrive  (HDD) AS[A] IV A7 45
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P, —EEHE RS (4 TurboGraph 1 FlashGraph) %1%t SSD x5 R 4iidk4T 744k, i
AR5 SDD L HHEREMTHEERE . H Al ST & R A R 5 E 2 Al
FIAHE R 5

o mfEH
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F1 PowerGraph) 1, i T MBI P AE R SEELAS TR 55 2 [ B B[R 2D . X s
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PN I ShH iy HLARRIGEARIN BT AT i v SEOOHD b BRIk, 2L s AT H
Foh, B RAIEZE, ST RAESET 110 AT T ERIIIT .

2.6 AR

Open Academic Graph (OAG) i i 4% Microsoft Academic Grapg (MAG) F1 AMIner
PN KB 2EAR R A . Chttps://www.aminer.cn/0ag2019) FATH OGA2019 [H14t i £k
BEIUNFHE =K, S Venue Collection. Paper Collection A1 Author Collection =34

Venue Collection

Table 1: statistics of OAG venue data

Data set #Pairs/Venues Date

Linking relations 129,841 2018.12
IAMiner venues 69,397 2018.07
MAG venues 52,678 2018.11

5 Venue Colletion of OAG

Paper Collection

Table 2: statistics of OAG paper data

Data set #Pairs/Papers Date

Linking relations 91,137,597 12018.12
IAMiner papers 172,209,563 12019.01
MAG papers 208,915,369 [2018.11

6 Paper Collection of OAG

Author Collection

Table 3: statistics of OAG author data

Data set #Pairs/Authors Date

Linking relations 1,717,680 12019.01
WMiner authors 113,171,945 2018.07
MAG authors 253,144,301 2018.11

7 Author Collection of OAG

24



https://www.aminer.cn/oag2019

2.7 &3
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Pregel: a system for large-scale graph processing

Grzegorz Malewicz, Matthew H. Austem, Aart J. C. Bik, James C. Dehnert, llan Hom, Naty Leiser, Grzegorz
Czajkowski

SIGMOD Conference,, pp. 135-146, (2010)

Distributed GraphLab: a framework for machine learning and data mining in the cloud
Yucheng Low, Danny Bickson, Joseph Gonzalez, Carlos Guestrin, Aapo Kyrola, Joseph M. Hellerstein
Proceedings of the VVLLDB Endowment, no. 8 (2012): 716-727

PowerGraph: distributed graph-parallel computation on natural graphs
Joseph E. Gonzalez, Y ucheng Low, Haijie Gu, Danny Bickson, Carlos Guestrin
OSDl,, pp. 17-30, (2012)

GraphLab: A New Framework For Parallel Machine Learning.
Yucheng Low, Joseph Gonzalez, Aapo Kyrola, Danny Bickson, Carlos Guestrin, Joseph M.
Hellerstein

Clinical Orthopaedics and Related Research, (2014)

GraphChi: large-scale graph computation on just a PC
Aapo Kyrola, Guy Blelloch, and Carlos Guestrin. GraphChi: large-scale graph computation on

justa PC. OSDlI, 2012.

Graphx: Graph processing in a distributed dataflow framework
Joseph E. Gonzalez, Reynold S. Xin, Ankur Dave, Daniel Crankshaw, Michael J. Franklin, lon
Stoica

OSDI,, pp. 599-613, (2014)

X-Stream: edge-centric graph processing using streaming partitions

Amitabha Roy, Ivo Mihailovic, Ivo Mihailovic,Willy Zwaenepoel

SOSP,, pp. 472-488, (2013)
https://static.aminer.org/pdf/20170130/pdfs/sosp/ozz12hgruancgbijue8b6pm7siewytf0.pdf

Ligra: a lightweight graph processing framework for shared memory

Julian Shun, Guy E. Blelloch

PPOPP,, pp. 135-146, (2013)
https://static.aminer.org/pdf/20170130/pdfs/ppopp/gxritedsseqljuzxofcanzbnplrhhSkv.pdf

PowerLyra: differentiated graph computation and partitioning on skewed graphs
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https://static.aminer.org/pdf/20170130/pdfs/ppopp/gxrite4sseq1juzxofcanzbnplrhh5kv.pdf

Rong Chen, Jiaxin Shi, Yanzhe Chen, and Haibo Chen. PowerLyra: differentiated graph

computation and partitioning on skewed graphs. EuroSys, 2015.

GridGraph: Large-Scale Graph Processing on a Single Machine Using 2-Level Hierarchical
Partitioning
Xiaowei Zhu, Wentao Han, Wenguang Chen

USENIX Annual Technical Conference,, (2015)
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OSDI (USENIX Symposium on Operating Systems Design and Implementation)
SOSP (Symposium on Operating Systems Principles)

USENIX ATC (USENIX Annual Technical Conference)

VLDB (lInternational Conference on Very Large Data Bases)

SIGMOD (Special Interest Group on Management Of Data)

EuroSys (The European Conference on Computer Systems)

PPoPP (ACM SIGPLAN Annual Symposium Principles and Practice of Parallel Programming )

AT IX L2 10 4F (2009 4FZ 2018 45D IR SCHEATIZHE, ik AR, DG4
T UL R A B K graph. graph computing. graph pattern. graph mining. graph processing 5
B TH RSO A )R 0T, B HAEF AT 2R, BB B A OCTE R 5 1000 A .

31 $HBERBR
AT IR 2R E AT T RS b, MR A BRI MU oA
h-index 7K-F. 450 4.

(==
| T
e
P T 1
ple 3
= b =
L -
0 . ) LT
== E===| X=s aEx S -~ ;
===¢) = ._Q o ey =
exn 3 = =
28 > o
FABS  Wngsun AB/E it =3l
aedn ] nan &5 :
Rweus R
Ens ERT -
eaun cRT
3
Gatriia Jakaues-Sival e uz\s
sazng
= (=
L RRDLIRS e %
aus

o T
TR
@

B 8 £KEHEIEFERFESHE




H1 AMiner £ (1) & BRI T AU R 2 5 T AE s X ) 70 A & (&l 8 fivzn) AT LLE
H, ETHESUREH AL BN T, WK, BRI PE A Z U A A A .

DEZOKRE, REREZIUEAEBOvES, HUGERE, B3 2 A
PR B

K9 R A ETHE AR 2 E AT KL, Bz BT, BN E R A =
BR=AM LA R TR AR X . A JRIORTE, PN L IX R 273 0 A SR AR e X 2 /D, it
Wb X BR = Sy 4z [H S AT i e T X, P it DX 23 ) 2 B S rh A e AR e 3R
EAJE =X, 28 4cE 2 i BACIEHEA> F AR .

R

- nag
----- ﬁ.l'-
b2,
e ! ) (2)
130
ol |
&/l ’@ £
" Sme ZHUES @
Hpe 2 { (s >
T o 70 ) ﬁa
g i
N AN :
4] : ] i
18 - i &° ux %
T ¢ i )
Xin Wang., 42
) 8 p
A . \ e
Akhil Arora @ S (5 Ve
« § R Vs =0 Yongkun'Li’” P~
Y o g Ak 2) @E
N " R
b Ehd w0 2t
)

E 9 hEEEMBERFE S HE

B 7D A, BRATIERS BT S0 IR R AR T . I 10 FTRAE Y, 36
Il 2 T ST N A sl KR, A A i AR P2 e T A B 5, B R A A
ARFTAA G FHEL SE, BEERAA TR DTS, Hid E 5 e EA R
AA RIS . BRICEAM A E AL, HAR 5% BTS2 B A 512 A E B T ) o

N WIPREEFENG S, AL A AR A RE SN, W3l 7 NA BRI R F
et 7 U A BOR R ERNAAN, B ILIEHTE R — A R APEIEA IR

28



:::::

‘‘‘‘‘‘‘

:::::::

10 £BKEHEMIGERFH T HEE

Microsoft 1 55
Facebook 1 26
University of California sy 20
University of lllinois at Urbana Champaign Eeessssssm 17
Google I— 17
The Chinese University of Hong Kong Esssss 17
BV e 16
Carnenie Mellon University D 15
National University of Singapore e 12
University of Science and Technology of China Hss 11
University of Washington s 10
Teradata Aster I 9
Cornell University D 8
Parasol Lab Emmmm 8
Peking University o 8
8
8

Stanford University
University of Waterloo
Hong Kong University of Science and Technology Immm 7
Fudan University Hmmm 6
Nanyang Technological University HImm 6
University of New South Wales HIImm 6
Tsinghua University B 5

0 10 20 30 40 50 60
B 11 £REHE QSRR FENA D

W 1L R, et Rkt LTSRS TR ST, B R 2 4 e
HAT A — WU OB BB it , HLRI BT 2 B %, — e R P B ae S i Y LA
fRHE S5 UETRE 7, EDU M EIE AR 1Z U8 B A SR A S84 /0, DR B AT TR SR I A5 5% e O
HHEAT 7 A EHEA

FERITHEAIR, Microsoft (f) AR ) 2EER%, L5655 N, fLTHH,
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3.2 MAIZEFEN

2545 h-index LA K AT 44 FE S VEEREE, AT HER T B N4 CGEEEE FE o K
AR EA BRI E M — N A, HEEADE. BT ARRENE TN AR E RS,
IEARTR ML 238 33k FZ I T ek EAh, PR TR RIE, RO A & RE—2 5,
HEiE, 1ES AMiner e AR, BUE G5 https://www.aminer.cn/3REUE £ %k}

3.2.1 EAMEE RS

® |on Stoica

lma Research Interests

@ Internet Overlay Network @ Routing Load Balance
@ Distributed System

.‘\_ =

1968 1980 1990 2000 2010 2018

lon Stoica, & EMNMR A e F /3 T HEN LR R 2063%, AMPLab fL[RIGI46 A,
Spark #Z 0 AE -

fibg—fr % B W K E IR AR, BITRAS ARG, ST EAT SR .
fil1F 2000 435453 T R FAMFHE K% (CMU) Hui Zhang Gk #UZId 51 EHL LR
bt f2E A, HAF T E B FE Chord CAiXt ), FZOTEIREAFBAF] (CSFQ) A Internet
[F1) Bz A L it

At ()18 A2 M Hui Zhang #2& P2P BUAE ) 5 2255 0K, 3¢ (End System Multicast) [
FEE % M2 1% BN S1FR %2 —. lon Stoica 7£ Hui Zhang FIJEAE EidE—5 4 P2P
ARtz 2] T B . HAE SIGCOMM'01 231 | % #1168 3C( Chord: A scalable peer-to-peer lookup
service for internet applications) EAZERIL P2P LS HIFF L2 A .

lon Stoica (IR FIGEEFE = THEA . % /- ARGHREHE . MAETHREIR %
AR B S B L F RS T 100 2 R RAT PR IR S,
fillfE 2001 4E3RAF 1 TSN 8303, 2002 4F3R4F PECASE (LRI & 4t 5 1R
W) 32: 2003 ARSI &4 2007 F3115 CONEXT (International Conference
on emerging Networking EXperiments and Technologies) 2%, 2011 43%75 T SIGCOMM
(Special Interest Group on Data Communication & [+ L4 ACM HdEil (s Lk d4l) i
EIMIF7 e
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FEMNININ R 24 5E R A3 RS AR S B 1T, lon Stoica 7E RS BT 2% F¢ (MIT) HAE
1 EHE ARG 2006 4F, fhpkCh Conviva LG BIIE AFREEHAE (CTO) , ZAH
(Conviva) Z Hii#& CMU K] End System Multicast 1 H . 2013 4, flilt4 61527 Databricks,
AR E EHAT R, ELF 2016 £E 1 H 4% Ali Ghodsi BUR G Al 4k A HAT . Bhsbh, flith

& ACM GIHEHLYIZ) Fellows

®  Willy Zwaenepoel

|&a Research Interests

@ Shared Memory Computer Science @ Fault Tolerant
Distributed System @ Distributed Shared Memory

S—

1983 1990 2000 2010 2016

Willy Zwaenepoel, ACM Fellow, IEEE Fellow, [ 2018 4£ 6 H 15 Hi2#fEar AR E K
FIRSEEEARG K.

Willy Zwaenepoel 7£ 1984 F3RAHITHAR K2 8 L2 A E I BRAE A AT U R GE )
FATTH P LAE, BIEHMANZ. B8 TR ERE IR TR . Web IR EETRE. #3)
TR B PE AR . Athds 3 44 (A W2 Treadmarks 7 M RILE N RSA, R4
CARTF IR RV RT, O PR /R OpenMP SEHEF= 5 (1 5Ll ALZEIX 2% 1/O e e A 7 THI
B TAEfE R 1 iMimic Networking 2 =] 62, 2000 4% 2005 4F 23 A A AT «

by T R A 5 DRSS B8 A7 it AR A UKo AR SR T T P AR 1 — K
R T S ENEA =] BugBuster A . BRI B 7SR, iMimic A1 BugBuster T4 L&}
W o

fith T 1998 4= 241k Ay IEEE Fellow, 2000 4F-24i% 7y ACM Fellow. fifiif & 1998 4% 2002
 IEEE JFAT M AT ARG 5 B 29 o A2 2 A2 H 1% . 1996 -H/F: OSDI 13
HFEJE, 2004 4T Mobisys (The International Conference on Mobile Systems, Applications, and
Services) =EJ, 2006 FFH{T Eurosys i H £ &,

2002 4£ 9 A, MM T EPFL (Ecole polytechnique fédérale de Lausanne ¥ 35 IBEF(H T,
FBE) o 2002 42 2011 4, AB4EAE EPFL tHEHL B ERR A2 e . FEMN EPFL Z 7T,
filh MR (Rice University) MU, $HAETHENUELE 5 BRI R TR R 1 Karl F.
Hasselmann #(#%, Jf-{£ 2000 £E3R1F R M K2t U h & Hs S1R 3 K.
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® [Keshav K Pingali

|#a Research Interests

@ Computer Science Technical Report @ Data Structure Algorithms

@ Parallel Processing
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1983 1990 2000 2010 2016

Keshav K Pingali, 2% [EiI#AHLEI%%%, ACM Fellow, IEEE Fellow, 775k sy
VT3 B A 3 A 2t B 1) William Moncrief 325

Keshav K Pingali T+ 1986 3k 53R B T 2% Befil LA 22 fr . AR 3R45 2013 4% 1T
Kanpur 78 AR A2

Keshav K Pingali \F4afeis 5 Mgmikas iR, HTRPEM, RARIETI. fhHar
(OB TP 2 AR 2 A% A B 28 (1 5 V2R TR, T SRR I, A8 09 4 B 7290 S5 4 4
WIS R -

TE B S 37K 2 B T 43 B A& 1 73 A 2T E B William Moncrief 1% 2 A, i

7E 2003 42-2006 FALENERE A /R R 2AT BN R ERE, FRAEE R T 2%Fi4T N. Rama Rao
%, fhisE AAAS CEERIEEH2)  ACM LLK IEEE Fellow.

® Guy E. Blelloch

|#a Research Interests

@ Parallel Algorithm Data Structure @ Algorithms
Parallel Computer @ Programming Language
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1986 1990 1995 2000 2005 2010 2016

Guy E. Blelloch, ACM Fellow, -~WNEMHRERZ=IFENEZRHEE, DI mEMIFT
BN ATUSR AP 9 T 0 44 o

Guy E. Blelloch £ Py B R 22 R DL I A i 5. AT BRERAE,  DAURORATAN
Ity He e 45 R AN SRR AR
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® Carlos Guestrin

I8 Research Interests

@ Sensor Network Wireless Sensor Network @ Graphical Model
Gaussian Process @ Optimization Problem
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Carlos Guestrin, HL2%2>] FLA144 544, Turi (¥ 44 GraphLab 1 Dato, J& 5 444 Turi)
Blas N, 4% Popular Science CRAEFE) &1 A 2008 4E “Brilliant 10”7 (“HE42 10 587D .
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SR — MNIFIRITH , 2 )5 MZEAR I B ONIRAL 23\ o 2 B A G TR A LA 7 2]
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on Neural Information Processing Systems) 2003 #11 2007, VLDB 2004, UAI (Conference on
Uncertainty in Artificial Intelligence )2005, ICML(International Conference on Machine Learning)
2005, IPSN CInternational Conference on Information Processing in Sensor Networks) 2005 #/
2006, KDD (Knowledge Discovery and Data Mining) 2007 A1 2010, JWRPM 2009, AISTATS

(CInternational Conference on Artificial Intelligence and Statistics) 2010, JAIR (Journal of
Artificial Intelligence Research) 2007 1 2012, flif/2 ONR H4EAFFT 12, NSF (National
Science Foundation 3% ¥ [E 52 fi 23 425 ) Bk 32 . Alfred P.Sloan #22: 4>, IBM #3254,
Siebel #2575 AT IHAR 5 4 BUF B A 385 . e 3k43 7 NJCAI Cinternational Joint
Conference on Artificial Intelligence) THEAUAIEARZ DL K B2 5 PECASE (A2 s 45 5.
A

3£ /= DARPA ( Defense Advanced Research Projects Agency 3¢ By v 2t e v Rl =)D
SHEESHAR USAT) &i/IN BRI .
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® Christos Faloutsos

|4 Research Interests

@ Data Mining Social Network @ Large Graph Power Law
@ Range Query

1982 1990 2000 2010 2018

Christos Faloutsos, #%%:ky “¥dlg /% KR~ .

Christos Faloutsos »& 75 [I§ THE LR 5K, A 2162 KA 20, (TR MR R
THENURHE: R o AR TR ARG RN W2 BRI, 2T, ZHARFIEYE B8
e R 5| LR RE

fih T 1989 4F3RAF T [ KR F I G MU A G T 12, 22 MR SRR LA
FUa . 1994 5F LIA AL 8] Fr 51 Hedfs 2 b BRodk 5 Fr 91 DL RS I8 SC3R4S SIGMOD #rfE183C
. 1997 F LU R+BH 18 SCERTF VLDB HEIR K, AN, flid3k45 T ACM (Association
for Computing Machinery) 2010 SIGKDD 3§

Christos Faloutsos &% 1 300 £ i iF1e &, —hm &%, A L H|. {2 SIGKDD
PR HAT R RS i, FETE 2010 SEM{ T A ACM Fellow.

322 ENSFEREIN

o [0t

|#a Research Interests

@ Parallel Process Parallel Computer @ Parallel Program
Message Passing @ Message Passing Interface

2003 2005 2010 2015 2018

BR30t, CCF (FRETFREML A2 mBa i, R AT ENLAR AR, FE SN
BAERG B ROHES 50T

BRICET 2000 FEFRAEHERFH I EHL R 2200, 2007 £4£-2015 FATIEE KT FHL
REIEE. BUEBERZHEN R P ARBZ AR AL, FEFER AT EIR L.

fii2 ACM H[EFHFE|EE, ACM i E#AE &% 74> ChinaSys 1, CACM (Central
American Common Market H 3£ ML[F %) F3Chik 3 7r (Journal of Computer Science and
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Technolog) i+H ML RS 51k R45H8) Leading Editor,  (B{H244R) TTiEmE, WA S 5%
(JAVA ERIPLTEY PR (MPI 5 Open MP JHATREFF#it: C il & AR5 4215 HLE
ML) 5.

flFH1T: ASPLOS (ACM International Conference on Architectural Support for Programming
Languages and Operating Systems) , PLDI (ACM SIGPLAN conference on Programming
Language Design and Implementation) , PPoPP, SC (Supercomputing Conference 4= ERit 4 it
HK%) , CGO (lInternational Symposium on Code Generation and Optimization) , IPDPS
(International Parallel and Distributed Processing Symposium) , APSYS (ACM Asia-Pacific

Workshop on Systems) 5453 N B W F R RS R .

e H AN AARIITIRIEAAR 2 W EIORRB LR, REXBHEFEEREE, KE
FRGHE D R ERAR RN, IR BRI R 13, HESEE LA 1
Wlo A2 EIHEN AN 2 AR U . B, HERBGRIRRER R

BRICE I e PR RE T S MR R AN g 1% R 48, I LARAE DUKTHEE R G AR IO
—AREAE AL B R G 7 AT TR

2014 F4EH IS T — P LB AL 51 % GridGraph, i FhEE T UEAT E 111 802
TRBEM IR 451, RENS e ROR F AN 8B B3, AT S BRAE S AR B2 45 s B 1
K. GridGraph 4 f Lb F Br_I [F) 25 s AL E AL 2E 5] #2 4 X-STREAM F1 GraphChi 14 gE$EmE 1 —
ANEEL, 8 CTE USENIX ATC 15 A%

2016 4, At LW S T 4R CORTF R A TR R G, I B
BT B3 48 L B i PR AU 1Y) 5 R B 45 4 DA S AR BE B 2 1 BT S BOR, R M7 R
P A (il PageRank. ALS 45) _F M4 RE 2 E bR [FI 2R ETHA R4t PowerGraph Al
PowerLyra ()& PL F, & HATHAT IR B R4t Spark PERER 100 fi5 P B, AN
HArz—, HiR3HE OSDI 16 k.

® [RifFi

& Research Interests

@ Boundary Value Problem Fixed-point Theorem Positive Solution
Second Order @ Virtual Machine

1997 2000 2005 2010 2016
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PRI, DT S0l R 2 B #04%, PowerLyra JL[RIfEZ, T EHF RIS ARG
BAF, RGEit 5 RGEML.

b 2009 IR E B RAHHHL ARG L Ll i 2247

WRifg B G AERRE B T2 B 2 5 R E KRGt 7L, I ERIME AR VMWare JIJH &
BN RTE B A ORI FE o At W AR B2y R 221 2011ACM TR R4t 431 (APSys 2011)
(ISR R, FRHEAT 2 AN E BRI AR 258 W1 2012 45 USENIX AR £ (UsenixATC 2012),
2013 FH FrifE RS JR I K4 (SOSP 2013) , 2013 “EFRIM 248 k< (EuroSys 2013) 2]
PRI R 0 HoAH R 70 i R R RAE 1 2 1 B T 22 WOl [ PR/ R 53 K2

(SOSP) , USENIX #fE R4k it 558 k2 (OSDD , EprfA R4 Ke (ISCA) , H
FRIgabFELE R K 4s (MICRO) , EIBREMF TR KRS (ICSE) , [EFRiFA7 Ak #5355 5ok
42> (PPoPP) 4 IEEE Transactions on Software Engineering %5

¥ 2009 FHEVE A EVHENL A S BIEESE 1T Hr8t, 2010 F3K15 IBM X10 P 224
&, MMHE LR (STHE PSS mE A ) K1 2011 F4ERFHE R0 Kk
2009 FEr E i HEMLESMF 8 3, fhifT 2012 43745 NetApp #Bidla 4.

o HUkT

|#a Research Interests

@ Complex Requirements Data Placement Optimization
@ Multi-cloud Storage Systematic Model

2015 2016 2016 2017 2017 2018

UK T, KRBT ENE S SHER R atE st S e Rl i, o B E X N s 178
RO E] F4E, IEEE Cloud Computing 4.

HUK T 2002 FE3RAT HRHBE 2 G B K A, B 75 1R N 9FAT 5 0 A sQAC 2
DS, ARG, FEIFR AT S A CnmRE THE . 15D 07 KR 5T L AE,
W TE o0 Al sCB IR A A BN BEAL . BT R GEHERE R T ik 2T 2% [ v ik
RETHERL A AR 2 A O R G Bt i BEBOR 85 FLAR I TE 05 1A B 4518 AT IR 345
Hi e S RO, SRR, YERET. R S B, ARV S AR

faray
=Fo

g T BT X TR A e PERE TS R G TR TN i, g m Ik RE T R R G BT
AR PSR 2R R G TR R B R PERETH S RGNS AT trace Rl I HIEM
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MBS M, SEATTE 2 I RIEEAT T, RPN S R RIVE LR, T oeE mik g
HERGNAGE . bR Tl m R 5 A8 A SCE AL MRS = 1 57 S 1
REMITTE, G 1 A N 51 R AT R BEIR . 125V FI R B SR, R B 1
i I E RIS AT A, IR S UAR GUT B RN B (1 B Zhi% i &

VERNTF R A, AT 58 ) R T R 2R 48 CGSP S 1 Hh [ 0 RLATE I %

(ChinaGrid) , HHI#GIE HOR IS Hh (a2 22 4t GlobusToolkits K44 . At BT e FIRTE 7520

W 58 BT e K =it BF & “TsinghuaCloud” #%3£E f#) CloudBook 51, M HIZ=1E
fi*F- £ Corsair 3~ 2008 4F 11 H HFIRLETR R N ELBRIZAT o

PUK DR BRI A . 2008 E3RAFE R B D — 453, 2009 4F ScalCom f {13

&5 2011 4F IMIS SRR SCRATH BIEAE A A 2 2014 F-371F FSE ACM SIGSOFT 7 iiig

Ny 2015 FFEIRAFE KR K W] AR, AR XL S A S AR R G 2015 fE3RTE

Tsinghua Science and Technology {8 3.

N
o MiLIE
g |#a Research Interests
[=N
“’_ ®PrP2p File Sharing @ Storage System Peer-to-peer Computing
fi @ P2p System
1993 1995 2000 2005 2010 2016

RIAE, PUTAL R R2E(E ERF AR S B %, WS4 R G007 H A 72 TAE.

i T 1993 4 G JRVE Tl K 25T SN R IR 12440

AW HEHEZ £ E R AU B TR S 5 5 A X R G P2P 115 b {1t 5 P2P
HERGHRE, SR T it ofith, BiHEST, FrEifaig s L 17 PP
TEf# 540 Amazingstore, SEPRIZAT Z24F, 1R NHIA — @ MBI P EE.

Ui R 4 T ALHE 973 AL, 863 TR, EK AR EAE S . B KR K TR
FAF B 2 TRV, 7 [ Py [ b 3 2 R & BOR RAH S SO R - Wb
FERAE TR TSRS BRI b ]« RO SRAR 2011 AERT v AL T
420 W AE 2014 SESRAFHE SRR D 2R3, 2015 FEIR1F H E B A R ED —
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2016 ©F IBM A A EREAREE (GTO) Hith, FERHMAR CENFIIANIKT
# H S AR A B REAm Rt AR B A AT SR R i) = K7 el 2 — it BT 5 A
LT RN FIEOAR, BARE 4T« EIRHESZYE . FAGIHERL . DL SHLE 2 ST ORI 4 & .
M FH TR 5K R SRR 23 T A 0 R 2 WL B SR LS, AR BT REEOR K B R AR 0 A
B K. SE ATALAL SR AT, 105 AT b S P R 45 5 DU 3 T T B RE D R B e e ¢

RIBLERA 1 5L, ST AT %1, W Facebook. 4k, Twitter. HfE. M. BEZh. &
AR T RN, eI EHURE AR 2 S0, R TR B PR AR BB s
Tt

HEl, EFEENMATET. ¢il A0, B8R EAZE S0, 172 BB
AT LA AR 2 AR N LA RE SR AL A BRI R T BT AR SS . PR ATk A
THE R A5 5 AR AT R .

4.1 BFriTIaY N A

PRS00 LB 05 A B BB T O AT B 30 AT LA 77 75 B 45 A B9
B S5 AR OB BRI, DA 26 OAR S i 25 AP R (R T B A A A2 B0 575
N E BRGSO AT RGTEE— VA 2 A S5 A RS L . (R0 25t
AH I B 2 —— R R AE T5 B It 2 AMEL BHIRPHE R, 4S5 H 5 ATE Y7 1
TR ST IR A BRER DT TR 45 (SR P . R MO e, T SELe s i, 6
BB PRAR 0 O S M P o %7 R 2 ML B 0, A5 02 ) A AT e .
ARG R R AR FRE W) (BAMAS) MER. FrefleE, 42antisni B
RS ERZSAR LA . AE4E00 SQU Bl FEsels AR ol AL bF B RE Y R, PR AL e R4
P PRI R S 75 0 DR P W RO 2, T PRS0 28 G 0 L B R 0 0 RO
T AT RE,

4.2 ER TR A

FEERSERER T, FFEEVFTFS 2 AFRMIRR, DEABHLIE mAd . A2
FARTERS 0, andbdb 2 RGN Z B HISRE R R, A7 SR AW AR 5 548
e, WEKR R R RAREE, REFHERENEHRATE, REGERZ LRI %
EBREE. AT, FATEX AR 537 5 AT 8RR Z IR AE o, 8% #R R A4
gk AN KPS RS RAKE A, EAT MRS MEZ IR RZERAR, RN
MMEZ I RIRIROR R AL LT, e BIEAR 2 R A A AE, ot B TCVRHER A 21
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b 5537 5 BB AT RS H bR 10 B SR T B AN R AT IE SR AR IX S TR RN T ARG
PTERIIA L, FEBIRAT R AR5 A JERB XA A, SRR SR 2 8] I & 5647
RERH KK L

FEE AT, BT LSO RIS B N ol 55 U A el XU R B 4% %
MBI, NI E TS ARSI ST . B, AR AT I v EIE AR U, H
AR Z IGO0, AT X Pl AN T B E AN o Hrid Aag i 2 53 10 207 50k, AU
LT, TR, mMHWMSERRER . Hrr B R RE I, B R
RECRI 72 AN =AJ5H, JFHR RN EE, REHI.

(1) f778 (Placement) : HJUARAF 23 G GRIA RN

(2) 5 (Layering) : KIUIRAS adFe e o —MIB 0, BN G R . ST e
J&. . RIS Pk,

(3) #% (Integration) : ZIEAFRIARIGIG, FHGEE KM &M, NG
(L

TS A (1 52 4% PR M I 20, A < A L) SR R 140 T B R e 2 0 5 8 7€ FX B UL oK 3 A
RERZ S N G 2 SAFAEYE T RE, R =y AT RETEIIAZ 5 X 73 WA 2, 28R okt
AT AL L, LR fo e ) 45 RO S B, A FH IR 150G 5 SCAR R SRR ) o R 14
RIRCRIRE, ARIES 80% LA L, 43 HE B RARKTC L Z I TAF & FrbL, Q4 e X
W82 52 5 YR30 PR RS 2 A B e e AT L 7 AR R i R R B AT B A R AR, AZ 5
KE MK, WELHITHIZZ DL, WERSE 5 RIIE, B ErE, RBNIrETE
B i T AP ERAS ROt SR AT AR PR RN, AT RO B2 BRI AR A

PR ] A L AR AT S T s P45 D PR 17 e B2 [ A28 B AT AORE IR, balk 2 7 S AS
RARETE, v 1R mERAT A B K% T TR 77, A BT S BRI EOR, 2%
Z Ak 22 18] Ak 5 B RN Z IR 20 R GRBHERIK AR, W 45 (7 R XU SR Ik
W2, SEHLRURS B3R B TE AN S8 B 0. 4 SRIBR I 2% Y SE SR Al A AR AR DR AR, ]
IR, IR I 245 e XU, 25 1 B 8 AR, 22 BRAT Iz A543 B EAT 58 SCRBR A, J90M0 JRURS: P
T FERARAY HGEH , 5 BIARAT R R, EIT KU 1% Jeilit, BT KU R S, T 5Tt
RIS 7 B R A S A T R B

4.3 HEEAMITI AN

H BT RHCE AL TN A 7] RN IR R HEfE RGeS b ) k35 Uy T
i ERHAE M 34T+ ORI SE AL A, FEHER 2 4805 T W 7 2R Ea AL Al e
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Hn MEAERE DL IR R i A2 . BTS2 T XSS RR ReR BRI R
75 3K

BTH SRR R KRB A 7], JCHGR T A FRAER AT I — KRR, B RAR 2 5 )
B ELR IR T 1250 300 T UAF S G B8 1 22 FREAL, Bdis 2 0 KW SR T AN 50 i) SRkt e
R R AL BT A R Bt A R R P RO 2L Y, JCHOR AR 2 I MBS 4
(IR IR A AR K R B ik

FITE B0 SR R0 S AR s 2 3, 25 K R AH B AHE H B 5F &, 51140 Google Pregel
Facebook Graph. &R K. £ RNE 51 RS GES 5. £ PR, AR EN AR E RS
TE LR AT ML R FH

® J)H——GES

& 510k % GES (Graph Engine Service) fE5FRFEL “S6 57 R “ Kl Gik%k
W, HATEW . SWTIRS . TN TAE R RN . REEE R I R SR
Wr. R, IRVEFEREAFE RFEEN .

HAE SN R

SRR A R SRR g LAV FE TEAVITRIF

B 14 £BkETE SRR FE MR

® [ F——Hugegraph

18 % 4 PRSI FELSCHR P HugeGraph, 2 178 22 4x [ I\ JE T 22 A R st SR S Bz o
(9l 28 5 SRAT AR H B — K ) A B SCRERt B AR I IR PR R . B Re e 5 K8 T &
TCAEEE R, TRl 2 PR IR A2 Aif . BRI SCI M AT 75 K o &0 T DAAR il & 1) T A (Vertex)
Alif (Edge) , Sz Apache TinkerPop 3 HEZ2, 7§ Gremlin ZiHiE = .
o il—RH

PSR (Star Knowledge Graph, Bl SKG, WHRAHRENE) , & EREdEEM T
FOIER)— R 6 BE R R PO RASCHAE W) AT . B2, ML
A5 S R 51 88 s SCRFTIAC ORI R REARE P AT 2R A FRANRNE s 3248 R O¢ R IR
k%406 . HN A 14 Fis.
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£Ft Tae AR
& 15 BAEENAGR
® [ H x——RAML T

i L9 28 I 28 AT B R i KB I 2 58 R B AT AR e i P 6, 7 b SR SRR
PIgE (3D I g (HBED | BRI, IS EEEDIRE, ERTE T, Gkt
AT Z N T SRR APRRR . SOPEEREE XL 55

o TR

P IR IS R ENL R B LA L0076, & N B b A7 SRt T
R TT R BT R AR o e A BT 6 L BB PR SR T R AR
JIT AR BB B A A R o3 A e, RIS SR AL R 5%, RN Atk I i SEAE AT ML S
Hr= N2 — A&k A3z . 38 58S B 28K 1 LightningGraph 2 B A 584 5 £ AR
PR BT R G, TR R 2R R G A LS.

® W Lhifh——Neptune

Amazon Neptune s&— 58 4L E I IR R SS, AT @A A7 3d T e i EL e 24
B HFET . Amazon Neptune FRIRZ o % [ TR I m VR IEIEGR R 51 4, B AT T LML
DA R R IR AR 3B PR B 22 /020 . Amazon Neptune S L 46 Y
Property Graph 1 W3C RDF J¢ H:OCHEL¥ £ 1175 5 Apache TinkerPop Gremlin #1 SPARQL.
Neptune SCREFIE R 261, g i s . VBRI, AR ERE . 25001 RN 2% 22 4.

® TigerGraph

TigerGraph S T4, 76 EIGERAT 70 A % o 1% 2 F] R HE AV 0 1 SN R0 2P &
KA BBAR S RN FIRIRZR L R DA T Eedhs 7 JE R 2 (3 /2 PAED RISRER R &
s EL X e E R B A S AL HE . R, TR, SRR AL, Al I,
ML HERE 45 . TigerGraph [ NPG (Native Parallel Graph) ¥it45& 1 R AL B A7 6k Al it
B, SCRESEIN R, UL BT Ak, TigerGraph (AR BN, FEF
IR E R TEVE2 | K/ Y SN[ % M VAR R E 3 RIS
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5 BB

EE REHE . =it EATIR R R, BT AU N2 2I500E, BITHESOR M B &
N2 e T R UEUR FEa S, AMiner T I THRLDT S BT R Bl , X BRI
EZREAT T

5.1 £FENE

AT BT AR A T gevt, i 16 B, 8RR 0 SRR — AN SR B Uk,
HGE RN R N TN, SRR — A0 () AL B 1% UK — I Al i b
BT R A R B R R AT HEF

1992 1996 2000 2004 2008 2012 2016 2017

Recent Globa Sources Graph

data mining

computer vision

graph matching

pattern recognition v

graph theory g v ¥)
computer science 4 :
data structure ;" \ z
computational complexity N N [
shape from shading A s é‘ K*© »
large graph N\ > 4'" - S

hidden markov model

edit distance

B 16 BREENMAAR

WA R FAERE, H 1992 4£5E 4>, data mining. computer vision. graph matching.

pattern recognition <5— EL#E A 7N A 5T 1 EE A

5.2 THAME

T4 R H, large graph. social network. graph theory. data mining. edit distance
NI AR A E N, BRI AT BT

1992 1996 2000 2004 2008 2012 2016 2017

ecent Global Sources Graph

large graph
social network
graph theory
data mining ¥
edit distance - ’ "’:g’
computational complexity N
query processing g Y "
anomaly detection 5 o
graph g @
graph kernel
big data
recommender system
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5.3 XX MRTH

RE 4 R # i S A K, A& graph computing & data mining. graph
computing & machine learning. graph computing & social network %5347 i £ /R 32 X . i@
Ao 0o PR A QA R TR ST T ) B8, PR 7O AR PRI A0 70 - AT T R R AR I 2, FRAT
FEI T 5 BRI A SR AT PR > o ASCE BT 2007 FEAS IR TR
TR AR 3 474 A R R

U AZ XA A SUIFFE R SCHY citation 28504 BT R A, OO, RH
XPANZE SR AE SUFL IR AR 2

AL RSP, KBRS, FAMEF R SO LSRR v DARAS . FAE
JEIRIN AR T 2738 R S50l 4 HE A8 ST 9 S0 B AR SR S FE AR N BRI -

G AR B AT AT N 8 SO, h-index 25t RAR 18 SO i As AR Y
T ST RIS B2 AN 5| S50 R4S .

SR AT R AT TN SRR ER A« A AN RIS SO B R R BRI SRR R B
FEXTEGs T “HAMBSCREmRRT G 2R SCEI F & Ccitation) [RXT L.

5.3.1 Graph Computing & Data Mining

AT E graph computing [ 11 ANHE S ATISAE AR %, BARELEE.

1. graph computing 2. data structures

3. graph mining 4. database

5. graph theory 6. algorithms

7. distributed computing 8. system modeling

9. computational geometry 10. numerical analysis

11. text analysis

FATIEHL data mining UL WAL . AR AR B . AHSRTRR SR 10 MAHSSUAE
W g, HARELEE.

1. data mining 2. clustering

3. text mining 4. classification

5. taxonomy 6. time series analysis
7. association rule 8. big data

9. data management 10. network analysis
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& 18 2007 =4 graph computing 5 data mining g3 X 547

2007 24, ERILA 492166 2L\ T graph computing 1 data mining 4

Mg, HAe A& 5K 169220 A,

Y 34.38%, JEAER XA 223063 B . ¥ h-

index Al citation 2> A 41 -
< 4 2007 £4 graph computing 5 data mining U832 X 534

h-index LR I3AT G E

JNF 10 469379 95.37%
10~20 15822 3.21%
20~40 5253 1.07%

KT 40 1128 0.23%
Mt 492166 100%

+* 52007 £ES

graph computing 5 data mining 32 X533 citation 9%

citation TRNEL I3 b
/NF 10 99119 44.44%
1~10 76533 34.31%
10~100 42654 19.12%
100~200 2946 1.32%
JF 200 1811 0.81%
Bt 223063 100%
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5.3.2 Graph Computing & Machine Learning

AT HL graph computing RTINS, AR AR e, AR TERR GRAT 11 DA S
UEPAITIFIWaE SRR T

1. graph computing 2. data structures

3. supervised learning 4. database

5. algorithms 6. graph theory

7. network analysis 8. distributed computing

9. system modeling 10. numerical analysis

11. text analysis

FATEHL machine learning ST I, AR R R, MHRMERIRM 10 DS
TR 5, BAR A

1. machine learning 2. neural networks

3. unsupervised learning 4. cluster analysis

5. regularization 6. anomaly detection

7. reinforcement learning 8. dynamic programming
9. support vector machines 10. object recognition

Xt 1 A S 20 731 ATSREA T B R KSR AR AN R, A9 H T S A A R BN s -

. 56 18 ] 56 -] 2 2
Graph Computing
i7 5 2 21 3 H i
. - 1052 1003 341 434 1589 265 63 370 578 256
Data Structures
359 384 114 136 568 93 21 160 203 %2
o 7151 3213 2352 266 1208 204 418 104 4195 480
Supenvised Learning
2638 1301 887 81 529 78 199 33 1458 170
st 13694 1100 6501 8895 983 24 1489 12234 3460
Database
3074 4977 398 1477 2528 317 % 529 4202 1220

118324 | 7757 18573 6745 8317 | 58076 J| 11027
Algorithms
10577 Ml 53285 J 2073 6217 | 18632 Jl 2780 4026 5003 4137

1160 1256 47 436 2061 303 144 623 804 691
Graph Theory

460 141 141 a1 108 51 227 276 243
. 832 4098 29 1252 436 316 21 62 301 .
Network Analysis
289 1125 37 337 154 1m7 7 20 86 5
. 460 651 70 66 434 144 74 174 201 50
Distributed Computing
175 255 23 19 148 50 29 70 73 20
M 554 5008 7% 255 992 209 253 4 764 105
eom Modelin
° 184 1838 21 74 354 81 88 139 276 37
. 180 1195 1. m 2213 16 28 324 238 64
Numerical Analysis
445 1) 49 803 5 13 m 7 21
. 2514 1092 398 201 472 34 20 145 2413 222
Text Analysis
926 an 135 76 148 12 6 50 915 74
z < o F z T 2 2
£ A H
d - - z
5 z H 2 o 3 4 g

19 2007 4 graph computing 5 machine learning 4532 X 53
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2007 FE 24, ABRILA 331387 A1 L5 T graph computing 11 machine learning 455
2 X ger, Hofe NG 5K 126793 N, 257 38.26%, 3L/™=/E58 XWtstit 151511 fei.

% h-index 43 #ii fll citation 434t T »
%= 62007 £E4 graph computing 5 machine learning $U# 32 X 535 # h-index 9348

h-index TRNEL SA G B

/N 10 310161 93.59%
10~20 13330 4,02%
20~40 5662 1.71%

KT 40 1344 0.41%
st 331387 100%

&= 7 2007 F£E4 graph computing 5 machine learning $UBRXMIRIL citation 9%

Citation TR ST
/NF 10 65905 43.50%
1~10 53162 35.09%
10~100 28935 19.10%
100~200 2164 1.43%
KT 200 1345 0.89%
Bt 151511 100%
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5.4 FHARTAR

AMiner HR4f &+ AR 4 B 8 ST U BT ERIEOR Z AT 70 Hr, BB
FR R L BT HSRAH SR K 50 R AU FEa 35 8], 1B AE3 T 1 SE ORI R B i 26l b, 56 [
TR R a3 AT R 7T

JEH ] B R 43 1) A : combinatorial algorithms. association scheme ., huffman coding
empirical entropy. suffix tree. hypergraphs. sub-dominant. hypercube. dissimilarity. pathsand
connectivity problems. routing. np-completeness. computational complexity. shortest path. graph

enumeration.

& 20 Bt &AL E
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data type #iE2AK%H

data structures

abstract data type % B 2 A

Bl 45

graph representation PR~

graph grammar &30

formal languages

formal specification &R FZ

AL

canonical form ¥JEE R

51
graph
computing

algorithm design and analysis &.i: Gt 504

np complete problem np5¢ 4= i &

computational modeling A%

polynomial time 2 155X i []

computational complexity 154 4 &

linear time algorithm 2§ s i) 572

upper bound 5t

new algorithm 3 7 &35

algorithms %33

lower bound T4t

time complexity e [F] &2 24 )&

efficient algorithm = &G Ei%

approximation algorithms LI 55

randomized algorithm BE#1 575

string matching 4% £ VLT

linear programming &% 3 %1

combinatorial optimization 41 &1k

vector space [r] %% ]

feature vectorf1ik 7] &

graph embedding
KN

random walk FEALUEE

feature extraction FAFHEEL

feature selection HFfFiEFF

graph mining [
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graph homomorphism & [F)Zs

graph isomorphism P [A]#4

subgraph isomorphism 1 P& [ #)

graph matching KEIJCHL

pattern matching £z UCHL,

pattern recognition x5 )

structural pattern recognition 45 ¥4k 217 51

database ¥4l i

graph database PEI%¥E 1%

relational databases 5% & B4 P2

query processing £ ifj b

xml database xml%i# 2

materialized views J4¢ 40 K

query optimization # 1L 4k,

natural
computing EH 42X
T

dna computing dnait#

membrane computing /& i1 4

genetic algorithm it 4% 535

ant colony optimization W(EEEIEALAL,
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graph theory &
i

planar graph Fi 4]

random graph Fti#L&]

median graph /& &

directed graph 4 [ /&

bipartite graph —4) &

connected graph %3 &

topological index #f 4Mi %

feedback vertex set S i 4

laplacian matrix 3% 4 H B

complete graph 524X

dominating set 3¢ it

bounded-genus graph 4 i1 K5 4%

graph minor &3

claw free graph J&/&]

spanning tree /A B

shortest path #5245

graph transformation /%% #t

graph transformation system &%t A %

graph rewriting K#E 5

network analysis

REZEh

sensor network 4% 225 kX 4%

communication network fE1Z 2%

mobile robot F£EhHLEE A

mobile agents %5 # %

wireless sensor network J& 2 f% 5 25 /X 2%

petri net 4R W

stochastic petri net Bk B X 4%

pagerank TTHES

markov processes /R Al Rid#E

markov chain /R Bl Kk

hidden markov modelf& I /R R} Fe A AU

iteration method £ 7775

distributed
computing 43 i

Xt

graph cut PEI1)E|

fault tolerant 754

local computation J& #5115

message passing M B %%

graph partitioning %1%

distributed system >4 T & 4t

distributed algorithm)fii 2 5%

large graph KK

machine learning
L)

support vector machines 7 £ ] 4L

decision tree 5

clustering algorithms B35 %511%:

cost function 12k &%

energy minimization §& &/ Mb

gaussian mixture model 7= i &A% 7

search space 2 =[]

language model 1% 5 A

system modeling
AU

model transformation 1% 7! 45

linear system £kt R4
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