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Survey of Graph Partitioning Techniques for Distributed Graph Computing
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Abstract The graph data structure, which is adept at encapsulating intricate relationships among entities, has been
widely used in a vast array of application scenarios. With the incessant progression of Internet applications and the
concomitant surge in data scales, distributed graph computing systems have demonstrated superior performance
compared with traditional single-machine systems in various aspects, including computational efficiency and resource
scheduling. In recent years, the increasing demand for distributed graph computing systems designed for handling
large-scale graph data has brought graph partitioning technology to the forefront of academic research. Based on a
comprehensive analysis of graph partitioning techniques for distributed graph computing, we explain the technological
backdrop of graph partitioning in these systems. We provide definitions for key concepts related to graph partitioning
in modern distributed graph computing systems and present a classification scheme for existing computational models,
offering insights into the current status of distributed graph computing paradigms. Subsequent sections delve into the
complexities of different graph partitioning methodologies, conducting a thorough analysis to determine their
respective strengths and weaknesses within the context of various distributed graph computing frameworks. Finally,
we discuss the current challenges and future research directions of graph partitioning technology in distributed graph
computing systems.

Key words  graph partitioning; graph data analysis and management; graph computing; distributed graph system;
hypergraph partitioning
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M Aok B o 00 22 B A B Sy, PR eT DL AT A
R o i B, 2 IR o 2R

Stanton %5 A 1 54 6 Kl 43 ) A 7R 4 )
RIS, T LDG (linear deterministic greedy) &
. LDG S 753 433 B v R 7 Dy s A5 8% T A
HEAT A3 T BART R, X T A 43 X L K TH A v
B JEFN RN, TS v TE 9 53 X Py LR B bR oRi
QAR RN

P;
ari%[rl?{?x<|PiﬂN(v)|<l—|C|)), (D

Hrr, |Pn NIRRT TE B 53 XSRS A%, ©
FR AT X Fe R A o, R OB T e HAE =S ()
BAT B ACE B, LDG B2 T v K1) 43 21 H 248 =
I 22 19 43 X, I 48 5 00 2800 R) Y 23 DX T 8 3] o /s
b3 F R G B 0y H Y. AR L T RE ALY 43, LDG &
2R DOARAS A AR oy B A, i TR IX
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B C, USSR e T 3, I LDG 5k
AT A A TR RS BRI 3 55
[i] s} 399 452 HH Y Fennel 583529 SR FH T 2580 A 53 45
T AT I X 43 . Fennel 512244 7E 2 % 43 1) H b g 481
B BE (modularity ) £ KAk 1) 8 - [R] B 2% i e /N b
1 EVE DL B KA 17 487 2 AL H A5 Fennel 55
R0 SEARTE T AT 68 MoK 468 J 102 e Kl 43 21 ] —
43 DX IR B 4R i 100 K] 43 BAS 7] 43 X T00 A v T #E 7Y
43 X P(v) F 28 N IR A R BO T AR
arg max (IP,-ﬂN(v)I—ozyIP,-Iy") , 2

ie[1,k]

o, iy 2 i £ 27 5 1 R 2 8. 28 (2) i 2
IG5 9 %8 AN [/ B G A H BR. Ji& [P, NI H S TE
T /MMEYTIEL, J5 3 ay PP~ R Ry 1 5 6 28
fiif. 5 LDG 258, Fennel 7€ %] 431 F2 v [W] 5 4k 7 25 4
43 B Dy S A5 2 LA B &l 43

R T i — 0 AR B R 43 9 34 1 4, Nishimura 55
NEVH] ) 4y 5 W i — 2B X LDG il Fennel £ %]
e R AT AL I $E T re-LDG F1 re-Fennel 5. 7% .
LDG #il Fennel 38 i 1153 |P; 0 N(v)| 15 21 24 1ij I 2] T 5
VIE B3 DX I AR JE AN B, 3X R TE R 43 TF IR I
Z RS \P NN R 0, T 78 422 30 R 43 45 1 iR
BF, 1P, NN A RSB T0 8 7E B A3 IX e A 9 4B J 8
ait, DR SRR A DL Ak RE D0 A B . B R 43 SR M R 4R
Rl 53 e g R AR 7R FE R R i B b, [P N )|
0SSk A — RO Dy LR, X R K
43 AT LAFFH S 61 i R B A TS A B AR R R
A R 0 TR W IS BB PR TIE 25 SR p Ui S, B R &
Z K BRI 53 )5, re-LDG Hl re-Fennel 532 1] LA LA 5
METIS 5575 U5 U£L 22 B 4 7Y 18 Rl 73 45

WA, R ER 43 7 2 it K] 43 B3 vk Al v T A B L4
B2 R A5 B LA Y J7 3432 A 5L J 43 Leopard™
1 TOGP™ {8 15 &1 J2: A i1 BT AR R A 0. X 8
25 1Y T SRR AR S G Y R R A TV SR R
By Ak B, T B R AR A Y TR I R TSR X
Leopard fil IOGP #F [7] # ) H Fennel #1151k H 5 pR %X
(= (2)) XA R A 4 X AT 4T 43, IF 44 T 3 43 i
FNAF 53 F R Y 43 DX T 7R BRI 43 B 12 3R BT A
AR EE R, XRE IR o F R E,
BRI R FH T ANz
23 N £

ST, B LR A SR M AR AR RE A8 1 B S A Y
R 5325 3L, B[R] s 2 37 DR 350 R 1 9 R 48 5 5 kb ) i
TEL A 3 5 W FE 08 T 4 b s FH T KA (81 %) 434 55,

TR — 7 73 DX 5Tk 9 15 0 T A b 3l 5 7 PR 1XC
E55. 4 1 AR /R 550 73 SR T 19455k T g
HARPE RS A U4l B bs SR I 10 AL S s

Table 1 Graph Partitioning Techniques Under Vertex-
Partitioning Strategy
F1 AXPRETHESEAR

Jrik Hk Pl URiAEL Y Ptk gens
KL™ Kisr2iE PIBULS TR e 4
FM®™” SREEsR PZIBUESS ez 2]
METIS" CSR UL G T S e Dy
BZ&Asr  HMETIS®! CSR Py Bkl
Kahypar®” CSR LIBUL USRS e i
SHP™ CSR MR Jazk= itk
HYPE™ CSR RZIBUE kA
LDG™! SRIEBIE PIBULS Y &inid
Fennel™  4[$31 % 7S JZY-&nid
re-LDG™!  &8§EHI# PZIBUESS 25
TEZERISY  re-Fennel™ — 4Bf313 RZIBUE ZHekR
Leopard™” SNAP IBUEAS Ja &k
10GP™ SNAP Iib%k i kAl
Min-Max®™ 4513 Y%k JEZY & nia

3 BRI KEE

%0 53 5 K LRI A B2 A | OF BB
B BB (I8 . 76 Bt A v, T00 A5 1Y)
JE RO AAFAE A TR A, e RO TS 25 7 A
7R PR A AT BT R, PRI R 0 A A A R R Y
R B RBUANAE. MR, VLR 5l 43 ) AR By ]
VLT G b AR I 0 A8 A, AT v 4 A =R Y
R XA TE R 43 R g B BE S T AR R A SR AEAE
KL/FM %3k 25 oL % Jmy % 48 & 5574 LS-G Fll LS-F 4%,
FJ2 3 400 43 i BAF 5 v T TET 1) P B A TR P R ) 28
o T A JT TN B, 7R R A R G TE TR
A3 B R, XTI AE ny B 2k ah R) ar Bk
NEP L K [ i %1 43 B ¥ Greedy", DBH™, HDRF"",
Grid™ %, F iK% — AT 4.

31 B&usay

Zhang %5 NP 5 T [ 14 A0 42 VR R AE 2 1 T 4R
P & (neighborhood expansion, NE) % ¥, & H g f# H
e R A S 2 1 R 4 B NE Bk E i pie Y ik
FRAE BB B9 30 73 45 2R p = |PI. AR5 i AU 7
NE 532 356 3 181 o i oK 43 BC 09 30 A ) pyrr, B3 4
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X H i AN BGR B 5 IX 45 1 |[E(P)| > am/ p, FHor m Al
por TR BB H A X ECH , ok i R AR
NE 5095 3R FH A P 1) 3 e 30 i 310 25 i 43 DX v
HLARSR U, NE Bk 0 & 2 5508 R HER G Dt 8
FIA S5 T0 6 I A S8 3 5 /N A, R IZ I V(P)),
FJEHZ AW BT A SN A B EP,); 2) Gn 2 i/ 2 4 Ti
M ETEVEP) T, % AT Doin A B S 1 3 XE(P;)
rh O R AR AR RE AN AR L AE SR R &M R R Y AR
UETF, NE 8309 B 77 A 43 X R A% O B3 61 1% Jd 35 1 e
Ak, DATT A= B R BT 9 L A X 6 TR A T il
FH NE 835 #E47  R0) 43 7T A4S 31 50 IR Y Bl A 5. A
SR NE & — Fh B 44 o 5 ik, HAT AR TE 1 min P 40 3
T O B R 43 Tn) R S X6 B R R ASE ] 7 K] 4[]
0, Hanai 28 AP7 B85 5280 NE 532 1993 A U A
Distributed NE 5. 2% , 3 o8 73 A 2 42 0 % 43 X i A7 97
Ji&, W] LASZHE 10 429500 10 A5 0 1l ) 43 )

% KL/FM 5535 1 Jm) 3 48 2 S8 A8, Guo 55 ™
PRt T3 T o 0 R R R Bk LS-G Al LS-F. LS-
G FIl LS-F K& T HAth 0] 43 330 045 200 4 1 X0 43 45 28
I3 A 0 43 DX e %) B 26 0 AT B ok 3k — 20 4 T
PR 43 1) o k. El T DR RS R 30 R 1 RS AT 1
TE R T AUHE B RS, 01170 53 SR W 7 A B 4 R A [ Gl
AR AT W48 F s [ 1B, Guo 48 A 4R
T 0] % 3l 71 (adjustable edges) 15k (blocks) A% HE % X
TARAT 153 X P il e = (u,v), Q0RAETE T — 10
DX PG # )T 2 (u,v) € V(P)), MIFR e & — 25 P3P
AT Bl . XF T 5 XN BT A AT A 3l A e A
{E;,G(E)—E;}, R 4r X N AL 7] 8% 3l 30 44 18 1
T, Hrh i — 4008 s i g A E S, X TR — 4
PR PRI 81, I P8 3B A 23 B2 B R 43 1Y
R ASHIG SR X T — e, T TS AT B 7E A 43
DXAETE RIAS, o B FL 3l 31 3k 28 55 IXR] DLy 2D Bl A< 5,
AT R T P ) 4 B4 B . LS-G BRI SR FH 2 AR 1 R
e B Je KM 2 1Y 43 XX B 47 #% 5. LS-F ISR H
i KA (max flow) $8 21 7t 37 (%) e 4 51 [7] B X6 =
HATRE . BT LS-F B9k 78 X 43 IX #E 47 18 22 A5 [m]
FIRZ AT K9, M T LS-G Hk, LS-F 5k
AT LLBIIA T 22 (48 2R 25 [a] O 15 2 S 47 A A 45
32 ‘&S

KA T K 43, A %) 53 v Al I A oK AN
PEAT R 43 2 fe 17 B0 10 76 28 R 43 5K W% . PowerGraph'™ 41
T Greedy 5592, 38 i 6 A £ B il 5 7E 43 X B Y 43
A 1 AT R 43 AR U 1) 2 A i 5 7E S AT
g3 B L, P8 S 32 53 TE B 4 A A /)N 1Y i R

JITAE 53 X5 2) 45 73 XY JF 4 O 23 08 A0 14 3
C B A BC, K 32 43 T B 43 X AE 4 b B e /N 1 431X
3) 4 i e B R Bl IE, B B e/ B 23 XN i
F1 400 53 SR m A% 0 SRR AR B D SR A R 03 1R B I
AMETIUR B AS 3R, [ I f5 R AL 7 804 4. Greedy 5312
AT DL AR G (0 R G 4 SR, AR T H T R R A
TR B 3l &5 28, e o A SUBR N BT B Y Tl A
TS, PR 70 8RR T . R B) Greedy B8 7 # HL AR A
LR NRE , 7630 73 v 25 St B i 155 100

6 ) A e A AR T A A
AR L DX 4 A, ) A s B R T A e 1 X A XA A
DEAL R 7 v B T A 301, DA PR B AR 0 T A
05 W N 3 4 I T I R = B i S IS 5 i
DBH"™(degree based hashing) 42 H — Fh %t £ 55 1 19 2
AT AR O/ IS Y T R R AT I A, DA T A5 38 30 P A
) 53 DX B 7 . ELAROR U, XT3l e = (u, v) FIG Ay pREX
h(-), 45 degree(u) < degree(v), i1 e 2= X 43 ) 43 X h(u),
5 ) 371 e 23 Bl 4] 53 B 43 X h(v). DBH 58278 i1 % 43
IF PR B0 R B T A JR I R AR, A BT P T
B AEATURE N BAT R AR 53 TR

HDRF®" 330 3 S 53 — B R JH 121 f) 138 H50RS A o [
X5y 5% . M DBH 5% 26 8), HDRF 553 1) 1 28 AL
Je BTN g B H IO 4 o3 E AT 0 AR I £ P AR 32 R Tt
FURY Ry ERPE R AE. #h T X i AT O s Y o A
H 0T A5, A B B0 1, HDRF ) 0005 A9 Ja) 30 B 4K
(partial degree, BN T0 5 B 87 & A A9 4B 50 #E47 R4k
O3 AEPSE M e = (u,v) ITTE R 23 DX, S it A9 J32 4500

degree(u)

) = 1= 00 = o+ degree?)

AT IH— Ak, I i H bR ek B 30 H0R 2 oy
1 531X
arg max (g(u,Pi)+g(v,Pj)+/l<l— )) 3
where, g(v, P;) = (1 + (1 -6(v))) X I(P;).

HDRF {8 [] T~ 323 40) 43 3] 3 1 v 2 BUR AR Ay T
RT3 D, PRI BE BT A 345 20 1Y g (v, PO
5. HDRF oAb = (3) rf 9 BE 25015 80 Jm 3 B 4k, B
T2 YR I TR B BE . H T O I R 1 R o
(4 P 25 R A L, Ot B2 /N 1 L v T ) 5 R 4 [
i HDRF 3 i AF-ff 71 R 515, 244 < 1, HDRF
A Y TRy 45 SRR Greedy Bk FE A IS L. SR NG
A> 1, HDRF ¥ 23 B 558 7 (4 3 43 45 21, DL kE fo 7E
FEEIE T 2B Greedy 5815 23K i A i Xl 43 3] [7] —
I3 IX B EE R,

ek
c
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Grid™ Sy I — R 5L T A A 1 R o ik K
F2EENG 43 DX ID WS B — > 2 ZE Y A% b R TR
T 3o 1 A PR R A WS B RS T, 3 H () BT AR B AT
B R B T AT 3 DXAR) T 29 SRR S (). A8 3 i i
e = (u, V) 73 X, 2 A S 1 20 Sl 4 ey A 38000 17 Y 249
WES@HSWHh, HE N e TR S NS (v)
rh B 2 B /N 19 43 X Grid B8k BRI TR AT L A3 e
(453 DX, AT LAGRAIE &1 43 XA T B AS SN i 2 Vi — 1.
B2 Grid ZEORE 3 XHY R H S n? (n AR E A RED.
Grid 31 55 — A6 R & PDS™ 57k . PDS J# it 58 55
7% % (perfect difference sets) 315 15 21 T0 55 19 2 SR 4E
PDS ZRE X BEH A p?+p+1(p MIEEEE.
33 N &

A G T R0 23 51, R 43 mT DATE 23 A R
SR TP IR S ) B B, SRS S SR 2 iR 7R
25 4 3 o A 2 R o Bk B R, R
L ke A5 15 B R 20 B 1 A R o Bk — B
5 LDG DA M Fennel 51, Greedy 34 7% Al HDRF 45 i
BRI LA T &SN, A DBH 33 Al
HDRF 59575 [8 2 1 A P 09 B BOCRHE, E— 20§ 71
TR 0

Table2 Graph Partitioning Techniques Under Edge-

Partitioning Strategy
R2 BUHSRETHEINSEAR

ik Hik LN A ER 7 URiA
NEP SNAP AR Jr & U
BZKS>  Distributed NE¥”  SNAP  AIAHK Y -&w il
LS-G/LS-F*! SNAP A& R R
Greedy"' SNAP  AlAZ J & =g
DBH™ SNAP  RIZAR BT
LI 5 HDRF"" SNAP  RIZAR BT
Gird®™ SNAP A& 2 AN A
PDS" SNAP  RlAR IR

4 REXS

M P ) 53 05 OR T, a5 R 04 A [ T 9 3
373 B [A) — 3 X, DR BT TR B SRy PR PR AR AL, BRI T
A T4 5 10022 30 2344 ] — TH R 9 A ] 320 4 7 2 A
[ 73 IX., B 358 6 3 BB S [ 381 5, B2
T HCE . TR R b 37 AR, B2k dl o A 4
JR A7 JE X PR AT R0 43, AT LA BROAS R X B 4 4 4 43 B
i MTAEL R o SE B 1 X P i Sk Ab B, B B Y

A PR XA () B4 R DA K PR e T A b
S5 R I RE A, SR 45 G AN TA] ) 43 5 i IR & 8 Ak
PP BCH , A AT R 08 5 0 525 A N A S B n) 8, 75 )
SO TS 1% oy 4

Hybird Ginger % ¥ J& Powerlyra™ $ H} (1) — Ff
A R 43 Bk, BT TR %) B R FHAS [R] i 11 4l
SR MRS € B B {EL, Hybrid Ginger 535 4%
H Y T80 A5 0 O e B R TO R A IR BE A T AR
Hybrid f#i i} High Cut Al Low Cut iX 2 Fft /A [] i) 5 &
A3 5300 43 v B S TR A AR VIR BE R 00 A 4 . High Cut J2
— i ids ] 43 Bk, T R G A oR EIORE 3 4 BB AN TR Y
TR s, a5 ) 51 8P A5 9 H AR Low Cut j& — Ff
FR) 20 59, 25T Fennel 557 Y 5 W 97 25 4 16 %
IO 018 43 X 46 100053 #9340 % 43 1) [/] — 43 IX.. TopoX™
P& TR 89502 o) — B 2 T 100 B R 1R & ) 4
B4k, TR 57444 Fission F1 Fusion 5 W& 43 51 %l 43 &
JE 0TI 0 EG BE B T0 . e b Fission 5 B SR A
Hybrid Ginger ' High Cut AH [7] /) 5 W, J& — Fli ) 43
S8 1. Fusion 5 B K 1] v AH &R 09 TS R & L — 4>
R IR R AT PR Y T e RN 301 R 43 B A [R] 43 XL 9
AT FF RS, S — SR A3 B X TR SR TR
[A] %) K1) 435 B, Hybrid Ginger 1 TopoX Y45 & % 43+
Wee AL 300 1 8 R4 5 67 801y 2 A4S EE 2 H AR AT
Tk

TE 2 R 43 S5 R 22 M T Dy sl (9 3 43 &5 SR ke e
YT A B Y 43 X, (H R T TR SR T 4R B = T
SAE R, S 3 3 B AR B e e 2L R 4.
T g bR A, OSPAM K 1 4 43 S 2 AN AN [R) 4358
a1, 8 Sl B 4] 43 Bk Gn NE Bk Hrh— AR 43
HEAT R 43, A5 B — A BT Ty s Rl 4, B S A 3
FEWE AT I 4. OSPA fif e 1 7 2 0] 43 580 12 %) &1 i 1
TV 45 Ay e % i) R

HEP™ 835 I FH T00 & 0% B BOREAE , i 7 B 50N
AE R HR T0 A5 AR A58 FH AN ] 14 11 ] 3 B8 vk A7 300 %) 43T
X TR BE T, HEP S06 97 ) T NE 553 0 2 10
NE++HL 1, SR T8 2 530 v AR AR AT 88 50 10t ) 1) A 3%
X T e BE BT A, HEP 55325 fifi JH] HDRF 53535 X i ik
FPAEL R 3. 7 1B B BT A 1 1 58 R i i, NE++
SAVEAd ] CSR A A7 A A1 B2 B8 T0 it (] B N33 3%
K 1 P 31 4 B (lazy edge removal ) 1) 3 W& i /0> G [
P ) L) 43 4 . HEP B389 4 25 240 43 380 v X%
JEE BT AT R 4, B AN T 38 45 JF 5 ) s FH AE 4k
SE o) e B AR TS AT R0 A3, B T IR A3 Y N A
JET7.
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5 BETHHIFEINAZE

P13 46 TE1 b ) T 8 30 4 R — ) 3 s 0] 43
FAR 1 53 X, HA e — 2 B i & LAk 1) . A
AN 300 ) B 2 R 4 1) A Ak B b, TR E
T fiff 5 L0l 3 DXV 1 29 R 3 T AL 2 2T 1 1A
3 5 H AT S — AN BB i SR, AH DG A oY A 8
Fl 56 P51 445 P ARSI ) 2 B LA B 1 4 X 118 A% i)

GAP™ & T — i FH A4 30T 0 P 4 DX OR i fE 4,
SRR BE 2 21 D7 i A3 2 o XL BRI, 6 i %l
S IR) A, GAP E LT — AN ] (4400 2Kk eR 8K, 38 2o DIl 25
— A 2 I 2 A LA B /N 100 D I T A 43 DXl
Je ) A 45 R s o I 2% (1% 2 5047 14k GAP I T
% A AR GCN 1 GraphSAGE 2% > I 6 7 [&] 45 4y
A5 HL AT DL A 3 AN [ 25 44 14 [ B0 . [, GAP 1
249 2 A AR AT LI S B b R ] UL B AT A
SR oy, A — 2 Iz AL RE 1. SEERIE R GAP 7E 4%
oy L S A0 B 0 AR R B AR B R I, T
DA 3 A HMETIS JE LAY R 43 B ik, If HAH L HMETIS
HB AT A 10~100 175 B9 PEfEAR TT.

GD"™ B3k =43 R0 4 1) f A8 1l — A P A )
ISR TR BE R W J7 32 6F IR S 47 3R A% . GD 3 1 4
A PR 43 ) R A — A4S 0-1 B R ) A5 3 2
FH B AL BT [ 238 U5 3t %o A 25 1) EA T4k, GD AR A
fift 1) A A5 B I 2 Rl oy 25 L LI SRR ZE AR AR
T AR 2 BEAIL I AR LA SRE B A

ADPY I\ Sy 75 B MR A8 11 5 12 14 R 3B 42 R ] 11
PR 43 5 Wk 6 T SRR A 119 (R85, ADP il i3 IX
REAE CAn T00 8 B2 55055 ), K R A A il — A 2 0
[ 5 17 5, 2 2] 45 38 6 R A AR AN B AR, I3 AR
ABE TR T I ] B A A X R T B O RN A A
FF M AR, ADP 1 J# T 8550 4 58 s A i R 4y R
W% 342 1 T ParE2H I ParV2H 54 1 B 0% AR 48 1 5
R 3 DX P A T 0 () R0 43 % 1R 3 DX —
H AT,

Gatti % A" T —Fh 3 T Ak > 0 B R
BT G2 R S5 T 2 R 43 ) SR, A TR 2243 X
55 B SR 3 U3 2 43 DX SR ek . RS 7R 28 Il o 45 ] fsf
2 IRT 4 XY Al 2 5 U B, DR UE R A8 4E AL
3 v T A 0 3 DX L S UE Y R R A A S LS
BRE FAEMEE 35 METIS i LA %1 40 B &, 075
B HLAR 2 20 76 BRI 43 AT 45 b A0 o7 FH BRIE T3 A JEL B

6 BEXS

FEBR TR DLER A B AR s M G R AT
R, (H R 1 22 B0 S S A ) R R X B = ) T AR 2%
8 G 91 Gk R RS A B B T L R T
- 58 P15 7R T 9 7 33 b 2 2 AN DL R = )i G
F O EE S B e, o A 4k R R DL AT
BECEMTSE. H, SR F o X ZEAR,
7 P AT P T 50 B A 4 A AR O R R A8 B A T AR

P 0] 4 T A2 R ] 4 T ) 4 T, H b 2
7 LA 00 a2 00 3 1) & A EL AR 2B 43 X, DT B/
Py ek 3 v 5 . AR, AT R/ R 3 T
38 Ay S 9% ok A R P IX 7 SE R e EL  IX R
b S B £ s B [ = R R R AN R 285 S B i ]
D5 T B A% TN AR 2, 8 B R4 B AR R T
Z5 T AR A T ARz .

HMETIS™! # 7 — F &1 X6 8 18 1) 22 )2 4] 4 3
2 Bk U, HMETIS 1 4% i 22 6 1k 35 4 X i
P 11 T 55 8 R 0 0 A7 SR L R 1 TR ) LA, 4R
Ji TERASE A /N i) e R 1A T KL/FM 45 ) & U0
BT AN AL Sh. g PR Tr R R AT 4 /N,
T 870 FM 45 55 W 11 it 25 [R] . 38 o 22 %8R Ak - 41 4k
AR, B ZERE N8 DL AR 1Y I 8 AR A5 3 R L 55 14 Jal 4y
gEL.

Schlag % A\ ™" f % HMETIS 19 £ %% % 5 54, 12
T —Fh 44 4 KaHyPar 9 # [K] %) 4 5.7 . KaHyPar [A]
BER 22 2300 43 1 5 s U A, 3 ok e AR A ) TR
Xof 45 B B R W () A Ak, G AE DRI R R 4 o g
fitlh |- 5230 H HMETIS B b At 3 22 .

H 2500 R 1) s AL TR R AR B T S
3 LA X B Y 9 =R 43 SR . Allistarh S5 N R T
—Fh 44 A Min-Max 119 3 =X B 5 43 389% . Min-Max 5
B WS T U — A T D R MR i A
FEAF I TR 43 BE 43 X B SR T Min, Max 3X 2 A~ 25 3R 58
LA DX BN A W B 2 S K A XY R T 4 XY B2k
B0, D AR /N T 97 2 BRI A 43 X, B S A 7 S
(o3 v, R B0 2 OB MR B S i T
15 B A K 43 X, B T A7 400 45

Mayer %5 A AR 4 75 5 38 AT 2 A NE B
2, b TR R R I 5 6 1E AT BT R T HYPE 5.
i HYPE 536 U % H 9 A B B AH 5 NE Bk AR ], &
ARG IO AR A8 S A5 B 4 B DG K 2% U Y 4 X
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SEBIE B, 7R B R EOR 1 1% 0 T, HYPE BB 2 %%
e st 58 B4 X AT 55, HLEE Min-Max 4§ i 4 X Bk A
AR F5 10 43 X 45

SHP"™ $ 1 T — Fh 3 1 0 5 11 530 110 8 181 0 4 o
. 2% R W% g R P A i, R R, o LA e A T X
S A A2 7 S I ) A v 3 R A0 A S B i ) L 320K W
BWAE T — AN 5 i T3 =2, L fil 8 42 i
Ak B br R 3 B 05 B0 A R Ak 0 T 8.
SIEHUE B, 7 T 6T R AR RS A AT 55 I, %
125 BE W8 T S 11 I ] P 5 IO 1) Joi 2 3 X

7 HfbAFiE

T R — R B R A3 SR e R
16 77 0K T R0 43 B AR [ B 431X % B A1k H
P A2 B /MR 43 DX ) R 30 A, A5 A ) 4 X PN 34 AR
ATRE . JEF 3 R 40 (%) L Bl o Bk S — 2% NP e ] A
T BRI R 22 B2, Spielman % AP 3 1o 1T 5154
Dot B s R B Rk A R R T
O(E|/¥*)(y € (0,1)). #E it Z -, Orecchia %5 AP 3% F 5
3 0 8 21 o F R SR A 1 SR 2 Im] L, R T R A ) R
JE AR 2 O(E|/y).

T R 2, AR 2L 48— Fh g i
FIr vk, Ak B b s KAk R — i N A R
I I /N I # T] A A R A 2 AL 4 A 2 A LR 432
LA AL B br, B A — e i 58 3 00 3t AR 1%
5 10 55 W Xof PR AT R 43 PulLP 5w O i P bR 45 4% %
5 B 53 R AN ) B A DX, RS A X A T 2R A
[X. XTRAPULP % 1 J& PuLP %12 i) — Fft 43 A 2 5
B MLP 3535 P (i ) 22 YR b 25 1% 6 o i 328 1R b Yo 4
A HEATRLAR, I 87 JH il 1 ) 43 B8 5% 81 4 DX i
AT M AL A= A T g 14 P 4 X

34, o TR A 2R R R, Sl T AR e R
OY R, — B2 BRI T 4y A 2ORIE AT BRI 43 O
2, WA SCA A0t 1) METIS™ (19347 it A ParMETIS™
DL F XTRAPULP™ 45 5 I [R] Bf, GPU J&— 2837 (4 A
TF4H, e CPU AT B Z 133 8 0e, mT LUK R R4
TFa) S 4R A O 4 ) 3 Pk Y, R A R A RE R GPU
T AL 3R RASE P B30 EF 1) I 34, B A% 6 1T AT 5
S BCE 0 5 R BRI Z A8, GPU FEH Rz B I
Fit gt 3 0 B4 [ A BB 0% ok R3S AT 45 1A g, 4]
TE PEAT 1R 1 6 4 52 B i, GPU 18 78 g % B A b 32 7
TR, Kim % AP 5850 F FH GPU 2 #.0 B 5
SCEL T — PP A% B R 43 1 Thanos.

8 REMRAFEMIMEER

S 2R R FUR Tl B AE 1B 0] 43 G U T i £
ST AR, A0 F EUECHE B 09 52 44 1, B T A7 A
IZEZ TR

1) 30 25 B 3l 43 Tl . > i K 22 0 F e 43 A 2
FITH3 3R e v i 1400 43 T 1 32 02 Ak 3 S 1 TR B
i, SR T B S S P B A 1 LA R A A 1 Ry
P, X i A T 1 SR I 1 b B 48 T 7 PR RS AR HE
E L ST RSP SR SR | 5 S SS R S Ay 0
i 1) R 5 | B JF A 1 P 1 S BRUA 5 v, e ik D LA
P TO0 A5 7 B T ot BE BT — LR A S A b 38 7
2. B A 1 2 i 2 R0 43 5800 00 58 e £ X B
P AT 400 43, T ) A DR R R A 3 2 R Al # A
PRI ST8, ok T HC Ja 43 o Sk 7 AT R 488 v el X I )
PR BT A R0 T ) o 15 18, 0 2 o) 1] 0 X
Trdedr, xt A X EH A R 5 A w2 R E L.

2) 8 P Rl 4 T JE O TR A Sl — o 1) TR 45 4
AILARB LM A G A 20 X &, W@ m,
2. A H B T, 2R DL R R
T Dl AR Sy R T A B, G e G P MK 8 4 4 R
R 30 AN TR] £ P, %A T — A 2 i g R R 4 )
B AE T A 0 22 U5 O R DL SRR RS 1 AN
P&, Ty = 5 Rl A e R AR IR, DA B v i )
PR IFAT B T B TR AT 2 — 1 3 24 A A 58

3) T HLAR 2 2 SR WG 1 9 i 55 AT g R n) .
THLAS 2 2> 10 B G5 AT S — A 3% BR A B 5% S . HR
T 1 235 A6 AR B 1) 2 T, R T ML 2 T B SR e ik
Zr—A~ F AR RLE T B R A0 A A B it
Z A, BT R 0 M A AR A R AR R, X IR L
i o 2] W i S B R A3, XL B AR A R LA
I FH 37 5 v e DL 35 VR M. 7B RLES B LR o ST R
S I R0 3 SR W AR I 5 ) B

4) B BITE ST T B ) A In) B BE 5 GPU 4§
B A7 5 28 T S BT BT A AR, Y 4 A U R AT
A B A SRR . BRI 5T ) An SCHER [S6]
Wt T3 T GPU 4 1 4] 43 5w, {ELATh 5 = 5 80F)
FH 5 1 R B3R 1 9 B 5. R ) R AR R AR A3 A U
AERL L S0 R A7 B AT 4 R 0 BT AT K 2 — S PR,
8 BN 7E L = N AEAL B, SRR AT Y R A
AR PRIE. st A, T PRI X A9 2 ¥ e 2 i B 0 i [T A &2
ZePERUA LI M 5 GPU B SIMD 45 4 iy Rl AH— 2.



PR B S« THT 18] 2041 2R Y R R B R £ i

101

FE3 A e P R TR 1 E 7, R PR o SR e R ok
fIF 5T A B 5 [ 22—

9 HFRIE

ARSCE Je A T oA KT R G L LB ) o)
TR BT 5, IFA AT Y Ao A U R 4
TS R L R A PR Y SGHR r RAAR R Bl
NS b N R R N A S U LN
TURBE 7 > (R HEms | P K o SR K Al K o SR
W8 BE A, il g 1 AR A SN R g
AR MR Tr 1%, JF B 1 S () SR I A T X A [R] B4
Yt GRS A R B A SR THE T
A QRT3 48 v 3l 23 BRI I 19 96 £ 5 Rk
(9 & &7 ). oA SN R P E R B E
A TEONFEE ISR R SR Z I A% . A
B >4 AR MU ) AN T 4R T, T AL R B R AR K
A5 SR 1) T K e 04 47 i 5 i I R SR A S, DL R T
Bl = A BERLAG AIF 5 AN BT IR A, SRR A 3 2 18T
A58 AR B A B SCRE S Y B AH OC AT AF 52
N G AB R 2 i AT S 2 5k S BUIR, S Kot S
SRPAC A P K)  BF 5 B e S D B SR, BRI
BT T 1w

EERBAR: HRR KKT 5 R R T
XL ERAREGIES Fo kB TR 3T L F 09 % M Ae
A BRI T T

2 % x #

[1] Malewicz G, Austern M H, Bik A J C, et al. Pregel: A system for large-
scale graph processing[C]//Proc of the 36th ACM SIGMOD Int Conf
on Management of Data. New York: ACM, 2010: 135-146

[2] Low Y, Gonzalez J, Kyrola A, et al. Distributed GraphLab: A
framework for machine learning in the cloud[J]. Proceedings of the
VLDB Endowment, 2012, 5(8): 716—727

[3] Gonzalez] E, Low Y, Gu Haijie, et al. PowerGraph: Distributed graph-
parallel computation on natural graphs[C]//Proc of the 10th Symp on
Operating Systems Design and Implementation. Berkeley, CA:
USENIX Association, 2012: 17-30

[4] Gonzalez J E, Xin R S, Dave A, et al. GraphX: Graph processing in a
distributed dataflow framework[C]// Proc of the 11th Symp on
Operating Systems Design and Implementation. Berkeley, CA:
USENIX Association, 2014: 599-613

[5] Karypis G, Kumar V. A fast and high quality multilevel scheme for

SIAM Journal

partitioning irregular graphs[J]. on Scientific

[6]

7]

[8]

(9l

L10]

1]

[12]

[13]

[14]

[15]

L16]

[17]

[18]

[19]

[20]

Computing, 1998, 20(1): 359-392

Ching A, Edunov S, Kabiljo M, et al. One trillion edges: Graph
processing at Facebook-scale[J]. of the VLDB
Endowment, 2015, 8(12): 1804—1815

Proceedings

Tian Yuanyuan, Balmin A, Corsten S A, et al. From “think like a
vertex” to “think like a graph”[J]. Proceedings of the VLDB
Endowment, 2013, 7(3): 193-204

Yan Da, Cheng J, Lu Yi, et al. Blogel: A block-centric framework for
distributed computation on real-world graphs[J]. Proceedings of the
VLDB Endowment, 2014, 7(14): 1981-1992

Khayyat Z, Awara K, Alonazi A, et al. Mizan: A system for dynamic
load balancing in large-scale graph processing[C]// Proc of the 8th
ACM European Conf on Computer Systems. New York: ACM, 2013:
169-182

Yan Da, Huang Yuzhen, Liu Miao, et al. GraphD: Distributed vertex-
centric graph processing beyond the memory limit[J]. IEEE
Transactions on Parallel and Distributed Systems, 2017, 29(1):
99-114

Kyrola A, Blelloch G, Guestrin C. GraphChi: Large-scale graph
computation on just a PC[CJ// Proc of the 10th Symp on Operating
Systems Design and Implementation. Berkeley, CA: USENIX
Association, 2012: 31-46

Li Jinji, Zhang Yanfeng, Gong Shufeng, et al. Streamlined
asynchronous graph processing framework[J]. Journal of Software,
2018, 29(3): 528—544(in Chinese)

(B3, sl I, JURRL, 55, Ak BAY 520 R A BIAE SR (1] Bft
27412, 2018, 29(3): 528-544)

Roy A, Mihailovic I, Zwaenepoel W. X-Stream: Edge-centric graph
processing using streaming partitions[C]//Proc of the 24th ACM
Symp on Operating Systems Principles. New York: ACM, 2013:
472-488

Cheng Jiefeng, Liu Qin, Li Zhengou, et al. VENUS: Vertex-centric
streamlined graph computation on a single PC[C]// Proc of the 31st
Int Conf on Data Engineering. Piscataway, NJ: IEEE, 2015:
1131-1142

Roy A, Bindschaedler L, Malicevic J, et al. Chaos: Scale-out graph
processing from secondary storage[C]//Proc of the 25th Symp on
Operating Systems Principles. New York: ACM, 2015: 410—424

Gao Pin, Zhang Mingxing, Chen Kang, et al. High performance graph
processing with locality oriented design[J]. IEEE Transactions on
Computers, 2017, 66(7): 1261-1267

Bouhenni S, Yahiaoui S, Nouali-Taboudjemat N, et al. Efficient
parallel edge-centric approach for relaxed graph pattern matching [J].
Journal of Supercomputing, 2022, 78(2): 1642—-1671

Kang S, Hastings C, Eaton J, et al. cuGraph C++ primitives:
Vertex/edge-centric building blocks for parallel graph computing
[Cl//Proc of the 37th IEEE Int Parallel and Distributed Processing
Symp Workshops (IPDPSW). Piscataway, NJ: IEEE, 2023: 226—229
Kernighan B W, Lin Shen. An efficient heuristic procedure for
partitioning graphs[J]. The Bell System Technical Journal, 1970,
49(2): 291-307

Fiduccia C M, Mattheyses R M. A linear-time heuristic for improving

network partitions [CJ//Proc of the 19th Design Automation Conf.


https://doi.org/10.14778/2212351.2212354
https://doi.org/10.14778/2212351.2212354
https://doi.org/10.1137/S1064827595287997
https://doi.org/10.1137/S1064827595287997
https://doi.org/10.14778/2824032.2824077
https://doi.org/10.14778/2824032.2824077
https://doi.org/10.14778/2732232.2732238
https://doi.org/10.14778/2732232.2732238
https://doi.org/10.14778/2733085.2733103
https://doi.org/10.14778/2733085.2733103
https://doi.org/10.1109/TC.2017.2652465
https://doi.org/10.1109/TC.2017.2652465
https://doi.org/10.1007/s11227-021-03938-7
https://doi.org/10.1002/j.1538-7305.1970.tb01770.x

102 HEHTE S L& 2025, 62(1)
Piscataway, NJ: IEEE, 1982: 175-181 [35] Dai Dong, Zhang Wei, Chen Yong. IOGP: An incremental online
[21] Karypis G, Kumar V. Multilevel k-way hypergraph partitioning graph partitioning algorithm for distributed graph databases[C]// Proc
[C]//Proc of the 36th Annual ACM/IEEE Design Automation Conf. of the 26th Int Symp on High-Performance Parallel and Distributed
New York: ACM, 1999: 343-348 Computing. New York: ACM, 2017: 219-230
[22] Shao Bin, Wang Haixun, Li Yaotao. Trinity: A distributed graph [36] Zhang Chenzi, Wei Fan, Liu Qin, et al. Graph edge partitioning via
engine on a memory cloud [CJ// Proc of the 39th ACM SIGMOD Int neighborhood heuristic[C]//Proc of the 23rd ACM SIGKDD Int Conf
Conf on Management of Data. New York: ACM, 2013: 505-516 on Knowledge Discovery and Data Mining. New York: ACM, 2017:
[23] Stanton I, Kliot G. Streaming graph partitioning for large distributed 605-614
graphs[C]//Proc of the 18th ACM SIGKDD Int Conf on Knowledge [37] Hanai M, Suzumura T, Tan W J, et al. Distributed edge partitioning
Discovery and Data Mining. New York: ACM, 2012: 1222-1230 for trillion-edge graphs[J]. arXiv preprint, arXiv: 1908.05855, 2019
[24] Tsourakakis C, Gkantsidis C, Radunovic B, et al. Fennel: Streaming [38] Zhang Yiming, Wang Haonan, Jia M, et al. TopoX: Topology
graph partitioning for massive scale graphs[CJ// Proc of the 7th ACM refactorization for minimizing network communication in  graph
Int Conf on Web Search and Data Mining. New York: ACM, 2014: computations[J]. IEEE/ACM Transactions on Networking, 2020,
_ 28(6): 2768—2782
333-342
[25] Nishimura J, Ugander J. Restreaming graph partitioning: Simple [39] Chen Rong, Shi Jiaxin, Chen Yanchen, et al. Powerlyra: Differentiated
versatile algorithms for advanced balancing[C]// Proc of the 19th graph computation and partitioning on skewed graphs[J]. ACM
. .. Transactions on Parallel Computing, 2019, 5(3): 1-39
ACM SIGKDD Int Conf on Knowledge Discovery and Data Mining.
New York: ACM. 2013: 11061114 [40] Fan Wenfei, Jin Ruochun, Liu Muyang, et al. Application driven graph
[26] Jain N, Liao Guangdeng, Willke T L. Graphbuilder: Scalable graph partitioning[C//' Proc of the 46th ACM SIGMOD Int Conf on
Management of Data. New York: ACM, 2020: 1765-1779
ETL framework[C]//Proc of the 1st Int Workshop on Graph Data ’
Management Experiences and Systems. New York: ACM, 2013: [41] Nazi A, Hang W, Goldie A, et al. GAP: Generalizable approximate
19-24 graph partitioning framework [J]. arXiv preprint, arXiv: 1903.00614,
2019
[27] Schlag S, Henne V, Heuer T, et al. K-way hypergraph partitioning via
level X bisection[C]/P £ the 18th Worksh [42] Avdiukhin D, Pupyrev S, Yaroslavtsev G. Multi-dimensional balanced
n-level recursive bisection roc o e orkshop on
. . . . . . graph partitioning via projected gradient descent[J]. Proceedings of
Algorithm Engineering and Experiments (ALENEX). Philadelphia,
the VLDB Endowment, 2019, 12(8): 906-919
PA: SIAM, 2016: 53—67
[28] Wang Lu, Xiao Yanghua, Shao Bi LH i will [43] Guo Zhenyu, Xiao Mingyu, Zhou Yi, et al. Enhancing balanced graph
ang Lu, X1ao Yanghua, Shao Bin, et al. How to partition a billion-
edge partition with effective local search[C] //Proc of the 35th AAAI
node graph[C]// Proc of the 30th Int Conf on Data Engineering.
Conf on Artificial Intelligence. Palo Alto, CA: AAAI, 2021: 12336—
Piscataway, NJ: IEEE, 2014: 568—579
12343
[29] Alistarh D, Iglesias J, Vojnovic M. Streaming Min-Max hypergraph . . .
[44] Mayer R, Jacobsen H A. Hybrid edge partitioner: Partitioning large
partitioning[C]//Proc of the 28th Int Conf on Neural Information .
power-law graphs under memory constraints [C]//Proc of the 47th Int
Processing Systems-Volume 2. Cambridge, MA: MIT, 2015: 1900—
Conf on Management of Data. New York: ACM, 2021: 1289-1302
1908
[45] Ayall T, Duan Hanchong, Liu Changhong, et al. Taking heuristic
[30] Huang Jiewen, Abadi D J. Leopard: Lightweight edge-oriented . .
based graph edge partitioning one step ahead via OffStream
rtitioni d replication for d i hs[J]. P; dings of th
partitioning and replication for dynamic graphs[J]. Proceedings of the partitioning approach[C]//Proc of the 37th IEEE Int Conf on Data
VLDB End t, 2016, 9(7): 540-551
ndowment, 2016, 5(7) Engineering (ICDE). Piscataway, NJ: IEEE, 2021: 2081-2086
31 P i F i L, Daudjee K 1. HDRF: - . .. . e
[31] Petroni F, Querzoni L, Daudjee K, et a Stream-based [46] Gatti A, Hu Zhixiong, Smidt T, et al. Graph partitioning and sparse
partitioning for power-law graphs[C] //Proc of the 24th ACM Int on matrix ordering using reinforcement learning and graph neural
Conf on Information and Knowledge Management. New York: ACM, networks [J]. Journal of Machine Learning Research, 2022, 23(1):
2015: 243-252 13675-13702
[32] Xie Cong, Yan Ling, Li Wujun, et al. Distributed power-law graph [47] Bui T N, Jones C. A heuristic for reducing fill-in in sparse matrix
computing: Theoretical and empirical analysis [C]//Proc of the 27th factorization [R]. Philadelphia, PA: Society for Industrial and Applied
Int Conf on Neural Information Processing Systems-Volume 1. Mathematics (STAM), 1993
Cambridge, MA: MIT, 2014: 16731681 [48] Cheng CK, Wei Y C A. An improved two-way partitioning algorithm
[33] Mayer C, Mayer R, Bhowmik S, et al. HYPE: Massive hypergraph with stable performance[J]. IEEE Transactions on Computer-Aided
partitioning with neighborhood expansion[C]//Proc of the 6th IEEE Design of Integrated Circuits and Systems, 1991, 10(12): 1502-1511
Int Conf on Big Data (Big Data). Piscataway, NJ: IEEE, 2018: [49] Shi Jianbo, Malik J. Normalized cuts and image segmentation[J].
458-467 IEEE Transactions on Pattern Analysis and Machine Intelligence,
[34] Kabiljo I, Karrer B, Pundir M, et al. Social Hash partitioner: A 2000, 22(8): 888-905
scalable distributed hypergraph partitioner[J]. Proceedings of the [50] Spielman D A, Teng Shanghua. Nearly-linear time algorithms for

VLDB Endowment, 2017, 10(11): 1418—1429

graph partitioning, graph sparsification, and solving linear


https://doi.org/10.14778/2904483.2904486
https://doi.org/10.14778/2904483.2904486
https://doi.org/10.14778/3137628.3137650
https://doi.org/10.14778/3137628.3137650
https://doi.org/10.1109/TNET.2020.3020813
https://doi.org/10.14778/3324301.3324307
https://doi.org/10.14778/3324301.3324307
https://doi.org/10.1109/43.103500
https://doi.org/10.1109/43.103500
https://doi.org/10.1109/43.103500
https://doi.org/10.1109/43.103500
https://doi.org/10.1109/34.868688

i 2 P A6 TR 1) A G TR A Tl o R 2 i

103

[51]

[52]

[53]

[54]

[55]

[56]

[57]

[58]

systems[C]//Proc of the 36th Annual ACM Symp on Theory of
Computing. New York: ACM, 2004: 81-90

Orecchia L, Vishnoi N K. Towards an SDP-based approach to spectral
methods: A nearly-linear-time algorithm for graph partitioning and
decomposition[[C]//Proc of the 22nd Annual ACM-SIAM Symp on
Discrete Algorithms. Philadelphia, PA: SIAM, 2011: 532—545

Slota G M, Madduri K, Rajamanickam S. PuLP: Scalable multi-
objective multi-constraint partitioning for small-world networks
[C//Proc of the 2nd IEEE Int Conf on Big Data (Big Data).
Piscataway, NJ: IEEE, 2014: 481-490

Slota G M, Rajamanickam S, Devine K, et al. Partitioning trillion-edge
graphs in minutes[C]/Proc of the 31st IEEE Int Parallel and
Distributed Processing Symp (IPDPS). Piscataway, NJ: IEEE, 2017:
646-655

Karypis G, Kumar V. A parallel algorithm for multilevel graph
partitioning and sparse matrix ordering[J]. Journal of Parallel and
Distributed Computing, 1998, 48(1): 71-95

Ye Chang, Li Yuchen, He Bingsheng, et al. Large-scale graph label
propagation on GPUs[J/OL]. IEEE Transactions on Knowledge and
Data Engineering, 2023[2023-12-01]. https://ieeexplore.ieee.org/
abstract/document/10330123

Kim D H, Nagi R, Chen Deming. Thanos: High-performance CPU-
GPU based balanced graph partitioning using cross-decomposition
[CJ//Proc of the 25th Asia and South Pacific Design Automation Conf
(ASP-DAC). Piscataway, NJ: IEEE, 2020: 91-96

Massri M, Miklos Z, Raipin P, et al. Clock-G: A temporal graph
management system with space-efficient storage technique[C]//Proc
of the 38th IEEE Int Conf on Data Engineering (ICDE). Piscataway,
NJ: IEEE, 2022: 22632276

Li He, Liu Yanna, Yuan Hang, et al. Research on dynamic graph
partitioning algorithms: A survey[J]. Journal of Software, 2023,
34(2): 539-564 (in Chinese)

(23, NHEG, 2, 2. ShaS RIS EEDIFE LA 1], A4,
2023, 34(2): 539-564)

Shang Junlin, born in 2000. Master candidate.
Student member of CCF. His main research
interests include graph computing, graph data
mining, and database system.

i 12 7%, 2000 4F A= i+ 52 AR CCF 2242 &
B EERER Tr m o R FEURIZ I &
TIERS.

Zhang Zhenyu, born in 1995. PhD candidate. His
main research interests include graph data
processing and large-scale graph data system.
(zyzhang0731@163.com)

IR, 1995 4F 4. LB A EER TS
T Ay P 540 A B R ML 1 K dfe AR e

Qu Wenwen, born in 1995. PhD. His main
research interests include database, graph
computing and distributed graph systems.
(wenwenqu@stu.ecnu.edu.cn)

JRFREE, 1995 R 4. EEHEIE D5 ) b K
W B E B RS

Wang Xiaoling, born in 1975. PhD, professor.
PhD supervisor. Senior member of the CCF. Her
main research interests include knowledge graph,
personalized recommendation and  privacy
protection. (xlwang@cs.ecnu.edu.cn)

FEBEH, 1975 4 A Wi, #Hodr, WA .
CCF {423 51 . BT 5T [l AR B 3 L A
PEALHERE | BRAAR Y.


https://doi.org/10.1006/jpdc.1997.1403
https://doi.org/10.1006/jpdc.1997.1403
mailto:zyzhang0731@163.com
mailto:wenwenqu@stu.ecnu.edu.cn
mailto:xlwang@cs.ecnu.edu.cn

	1 分布式图计算模型
	1.1 以顶点为粒度的计算模型
	1.2 以边为粒度的计算模型
	1.3 小　结

	2 点划分策略
	2.1 离线划分
	2.2 在线划分
	2.3 小　结

	3 边划分策略
	3.1 离线划分
	3.2 在线划分
	3.3 小　结

	4 混合划分
	5 基于机器学习的方法
	6 超图划分
	7 其他方法
	8 未来研究方向和展望
	9 结束语
	参考文献

