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Abstract  Large graph datasets are becoming increasingly popular nowadays. For example,
graphs like Web Graphs, Biological Networks, and Social Networks, are often at the scale of
hundreds of billions or even a trillion edges, and they are continuously growing. How to mine
and calculate these large-scale graph data efficiently is the primary task of studying complex
network. Parallel computing technology is one of the most mature, widely used and feasible
computing acceleration technologies. Graph partitioning is an effective way to improve the
performance of parallel computing. The increasing popularity and ubiquity of various large graph
datasets have caused renewed interest for graph partitioning. Existing graph partitioners either
scale poorly against large graphs or disregard the impact of the underlying hardware topology. A
few solutions have shown that the nonuniform network communication costs may affect the
performance greatly. Since the cost of partitioning the entire graph is strictly prohibitive, there
are some recent tentative works towards streaming graph partitioning which run faster, are easily
parallelized, and can be incrementally updated. Most of the existing works on streaming partitioning

assume that worker nodes within a cluster are homogeneous in nature. Unfortunately, this
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assumption does not always hold. Experiments show that these homogeneous algorithms suffer a
significant performance degradation when running at heterogeneous environment. The research of
graph partitioning is driven by the demand of practical application. Aiming at the distributed
cluster in heterogeneous computing environment, we propose a streaming graph partitioning
algorithm based on heterogeneous aware. The method not only considers the difference of
network bandwidth and node compute ability in the cluster, but also considers the competition for
shared resources between cores in high-speed network environment represented by InfiniBand.
Taking BFS, SSSP and PageRank as examples, compared with the streaming algorithm without
considering the heterogeneous environment, the efficiency of graph computing is improved by
38%, 45.7% and 61. 8%, respectively. At the same time, in the process of streaming graph
partitioning, aiming at the low efficiency of searching neighbor vertices in the cache, we design a
cache searching algorithm with adjacent edge structure, which improves the efficiency of graph
partitioning by 13. 4% on average under the same conditions. Extensive experiments are conducted
on a moderate sized computing cluster with real-world web and social network graphs. The

results demonstrate that the proposed approach achieves significant improvement compared with

2021 4

the state-of-the-art solutions.
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AR5 B P 28 38 05 A 9 R TE SRR T L e N AE
TR RIS H IELEN.
ind = arg max ! X

i€[1.k] we) Xc(S;,S;)

e=(u,») €E and u € S; and i)
w(S;)

Cb,
i VI

>0,
x=1

Hrr,w(e) FR/RBALE. X T IAE ML wle) S,
5 S, Z BBy S F . TAENE ML, wle)h S
5 S, Z a1 i AL EE . Hor = (7)) Fir2f & 40 it A
MEA B RS - X (S)H 5 HE X
(S)) Z [a) e 38 15 1 B 5. J5 21384 M AR eR 4k, 7%
P Z 0+ IX. 455 XD W ETfE 5 B
% R B R AE B s ¢ A B Dy Y T TS T
531X

FE 3.4 5 IRATR 43 X Z [BIR3EAF AR ¢ (S; S))
AT T, Hrh e [0,1].8€[0,1]. XM 4% 177
Vi AR 1 5 BB A 2= B0 38 4 ] LA 2SN T
X R ) g3 A X T B M AR Y 32 SR T A
RE I 5 A2 BB E A5 e ) TR M IR B T S 8
a=0,p=0, E R4 09 ik B 50 &6 w4
JUOTTC 3 [) — 3 H BT b s 2 P2 AR L T
K RDMA $oR 45 g8 Z [ 38 15 A W =N
A7 1Y 52 S48 A 52 e o A ST S RE ) = 2
FRETAENITAER ) SREE S SHEKE He
(0,17],8€ (0, 1. 5 J& 30 5% I 4 1 R0 A5 S5 44 1 1)
5] SR e BE AR T 1 R e FIRE 4 1), P i A
SEBRIE R B e B AR AR R AT 2AK 3 Hr . DA
1 2 S HCBUE BRSO, ZEAR S .o 5 B A AR
WHE N 1.
4.2 {BirsEN

i 2R G 2ok AR v ) &8 S G A R A A A T A
R0 T A R (A A 4R Y W T 2 43 TE 56 B 4

D)

&F

Jii 5 R 4P Ja ST TE 1 F XA B0 SR AR, ARy
BT T 481 28 17 45 46 o 5 1 A R BOR.

R T U b DA 9 B T R I A S A A
FRATT AR M A T B A 9 5 3 R Ry ) L A 4 B T4
N PR ER a2 K’ 5 Rl E GV, ED
K148 K 3 AT IK(S, S, Sy ). 81 4 & b (1 To
A5 BT 8 BA B AR Al T00 et 1) S S R R AT 40 L. 4
i 45— IOt o % I A Bk B ) 40 IX A L (v € SH R AT
FERAE. TR R WSR2 FioR. 78 T i %055 i 58
ID Jy 1 (T TS o 43 FL B 7 XS, L B S 78 2%
17 RAE A5 o B R 4 KA 8 Su. fE T+ 1 i %
T ID R 3 BT S Co) W T I8 7 X, B S B AE R AT
A R 4800 T S8 A I A A8 A B o) B A1
MHA v AL BT DL R BRI A o TR T IX
R vy FEARHE 4B A4 X AF B (v € SO
YR T U i X, e )R ) R D 43 L S S
0, T 30 o T A ) R 4 T 58 B B T R

1 2 3 45 6

S T O
N e

B 5 REIEGRISR 3AFIX

x2 M TERZTHS E G #HITRIISTRFR
NEECEEHHBREEZUBIEN

W2 XN ZIE MR TR ID A2 )G B AR N
T 1 01— S
T+1 3 u1—>S1, v3—>S1
T+2 2 v1—>S1, v3—>S1, 12> S
T+3 5 v1—>S1, v3>S1, V2> S,
vs—> S3
T - v1—>S1, v3>S1, 12> S
T 7 v5—> Sz, v;—> Sy
T+5 1 01> S, 3> S, V2> Sy

vs—> S35 v5—> Sz, vi—>S3

i A A S R A A T UK B A
2 DA AT 4 [ 1 JE SR A7 2 T 4B i A A Y
DR 0 T 25 A TR L ol T DA AR A 1 b L RE A
P I 18 0 i s T 3 A BT H AR 2 9 s A 2 0 i
S B AEAE S A A7 S 4K i B M S 3 25
AT WA LRI 28 20 E 58 B <08 J . Fis 0t » 3
TR A7 Bl (14 45 44 e #5408 s 9 3. 0 T 24 i 9
T, B A PR i o B R 7 % 3 o A AR E
{EL - EDGF L 3 IHE A3 EL 2 23 E 58 S T A5 48 A 20 DX A
ST E AT LR AR TR i X R
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FEANZE 3 Fin e T W ZIAb 3 1D 2 1 A T (o) s
IIBE S8 LG B G A 23 XAR AR A, 4B S
B (o : Sy v SO ADIZEA . T+H1 B
ZV AR v B TTESN B AT E LRI T A
vs AR 543 XA I Coy = S0 & BT LIAR 38 015 8 B 23
A U AR R 1 43 DX A B[R] )RR 4 P S 2 Y
TR B2 B A R TO st 0 TG 56 B B3 15 25

x3 MBI TERZTHS XE G HITHIITESD
NEEFRHHBIEEL GBAER)

Bz XA A T A 1D AR S B AR AR

T 1 { v3:S15v3:51}
T+1 3 { v5:S15v2:S1)
T+2 2 { v5:S15v5:So5vs:Sz}
T+3 6 { v5:52,S55v4:52,S3}
T+4 5 { 01:S2,S5,S2}
T+5 4 NULL

FET UL B A, 2400 B AT A T 1 IX
W B TR MR Bk HEELZRERACE
A3 WE 58 B A 48 T S T EE T AR i A o R B
W B TR RO, R 5.4 L
AT P S 300 B T & 320 45 F AR X T 4 4 AL R A
4.3 FEHEIE

SRR IAT o AR b 0 T 3l A & AE b B,
HaSGP Sug 4 fit 17 P Fh A, 23 5002 B8 4 4 2 i
R,

IINEEVE appenddate(N(v), P(v)) : FER & v
SrBCSe B BRI RSB s A N CoOfE B o 1Y
43 DXAF B P Co) V8 DA 2% H TR AR A7 7E 22
e, MR NEZA PO LS v R — 485
v B 2% H U B TE HE G N A o 4 IXfE
BP Co) ARAAAE M 26 H item (o))

M EAE deletedate Citem (v)) s B IR S v 43 it
LB LU s B 2 H B AR TR B
0 0 B UMM B . Bl anfE % 3 v T+ 1 w21, b 23
56 ID 2 3 BT Z )5 - S AR B A7 o LA A R BE Y 2%
H Cos : SR T 5 22 TS A 35 2 Te A0 8, B LURE 3
T o 222 T 5 T A A ) R R

AR B O A RS I 58 2 1 fir s, Horp HaSGP-
algorithm (v, N () J LR MUANEE ST 73 33 e 2K
2 NS HOR i SR TR AL R s (G(VLED)
YERZH B G b i Tt 5 4 BRBE ALY 20 HE 7 ok 4k
SCSD g Sk B I R Sy BB A A S8 S o
At 220 %) 43 IR 2. BRI dycache pool O Z2 78 S 5 G A7

PR RE A G BEE AN W SR SR 5 R R A Bl
QR PO i

ik 1. SHEINR X HaSGPalgorithm (v,
N(v)).

WA E GWV.E) . FIXE &

i RIS POV

1. FOR v IN rs(G(V,E))

2 Sia—>f(SD

3.  appenddate(N(v),P(v))

4 IF item(v) in dycachepool ()

5 deletedate(item(v))
6 ELSE

7. CONTINUE

8 END IF

END FOR

4.4 EREHF

B HETH 5, 0, (9 B N Deg (o) B 76 JE 6 %04y
A5, o, 6] FL 8 280 B 56 BP0 25340 it 5 i A 5
Deg’ (o) FR (Bl 3 of T+1 W%, 74038 1D Ny
3 B TOL AN G A B AR A o) £ AL B SE B L T A
2243 W0 52 BRI 0, B 5 8 N 1, /) Deg’ (v)=1),
Oy XL e SR PR 405 450 205 A 11 30 B 1 40 TR 4 i
TS L 1 SE A 4R T 4 T 58 AR B I AT R A i 0
I 1] 52 28 5 2 Deg Coy) » TR 38 53 26 48 I 15 57 I8 f
Sy IXAE BT RIS WAL R N kX Deg’ (v,)
Sy WS¢ VR T A TR T A N ] 2k R

EDeg('U,)-i—k EDeg/(u) LB 2m+k EDeg/ (v).
=1 i=1 i=1

1A 1 A5 Fa B G 3 7 PE >4 R A TR, U B A
FRL OB 25 H RO SR I A R 1.
MR e 2% B AP A9 1 AT R s o TR 52 TR R BT A

BB R R R R ntk > Deg’ (v), Hrh
i=1

(2m>n) , B} (0] &2 2% B ) S A1

R 30 A X6 SR FH 418 320 45 R 1) i Bk I ) R 2 T
HEAT T BT OF S T AR A R C A R
HEAT T XS LG RS 5. 4 719 23 3l HL A S 50 A R O
I [i].

5 SRIGiRME

S A Y = AR U0 R ) U HE 44 (Page-
Rank) ") | ¥ 5% J6 B 42 (SSSP)Y!™ Hil 5 JiE 1 56 18
% (Breadth First Search, BFS)"*, )R [a] iy S 44 2R
5 (CPU S 44y, W 26 36 5 5 4, 3 2 BT 58 4, &I 3T
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BLAE . ST ER ST A 1A R o ek W T 1759

B0 o0 5k 1A Ak

S T 2 FH A 2 RS SR 0 e A e P A
Y » HLER GV 1 AT A RUBE R A 3, 4o 4 4L 58 R L i
F 51 SO 28 45 3 4 BT AR SORT 3 19 552 56 ]
Bl B A1 P B0 ok B 30 HE A K 2 R 2% A 0
- AR B R S @ A T By 1k E U
BB . A N S A AR k.

* 4 HiE&E
Dataset Vertices Edges Type
Com-orkut 3072627 234370166 Social
Synthetic 5000000 100000000 Synthetic
Twitter 41652230 1468365182 Social
Friendster 65608366 1806067135 Social

5.1 iFfhiE4R

O A W 1 R 4 380 0k #4102 FH %1 32 % (Fraction
of edges cut) R IF M ] 73 45 R 1YL 45 Hi F KR
B 1 X 43 =2 ) A X 2 ) ) G A S S T
O AH. 7E [6) A8 2R 5 v X Rl AR bR 7E — 8 B L e
B W) 3 A RO AH R A S A R BT v, | T 2%
15 1) 5 o 1 530 % JF AN R I OE 3 0 B R PE Y
AE B G, 2% S A A BA BT v |l T ) 2l
A ] Bl 350 3 55 A /b A R 22 1) 3 3 9 A TG
T FE 3R 5 1 1 a5 2 MR] s ST 23 AR I o i P g
W AR SCE R T PAT 43 A 2K R A vp i i
=& (Communication Volume, CV) {E N #5 & & %
S VERE TR bR,

[F] B B 43 H RS2 32 T4 A 2R R PR RE
PRI, O 1 S 1 X S AL B B8 T 1 1 Rl 0 M g
T PPAlT S AT = B A A M A7 B ] (Job Execution
Time. JET)/E N5 2 0] 73 25 3R 09 P-4k 7 =0 (B 451
B FRATT ol sk T A A AT B R A4 3
& HpNE=ANER
5.2 HEEHNRY

AN SRR T ) e A S R R P
HaSGP 581 %5 35028038 1) 52 Wl S 36 1 ' ) 2% 77
Fa A ) AE ST A A CPU Y BE 45 AN AH TR 3%
MIER =R MG R (T T, Ty W 2 41 $b
T.h2H61.8GHzCPU Ml 2 & 2. 6 GHz {57 5
T R Z 1) B 58 500 Mbps s M 28 #Fh T, |
14 0.8GHz CPU # 3 & 2. 6 GHz 5545 &5 2 i »
TR AT 984 500 Mbps; 2834 Ts i 4 &
1.8GHz CPU 1y #L &% 2 i, 7 &0 22 (8] 19 4 58 A
500 Mbps; Xf HL 37L& R A PR 58 R 19 LDG 8k, 7
A FME BAER 5 o .

x5 HIMER

Topo CPU (Number) Network (Number)
T, 1.8GHz (2), 2. 6GHz (2) 500 Mbps (4)
T, 0.8GHz (1), 2. 6GHz (3) 500 Mbps (4)
T; 1.8GHz (4) 500 Mbps (4)

6 SN T RN AE S BB Synthetic |
AT PageRank Bk R Pris 17 i B[], 1 1
ARES T, Je T 09715 #HSE R A it DL PageRank
A BRI s R 2 s TR TR
2250 ffi F HaSGP %] 4> 2 Ji i B 3T 53 S0 B[] o
WEE LR LDG kA 2 8. 5%, (HAF B 2.
B T MM F T 1WA — &8 SR8 F
T, e+ T AEAEE LDG i & HaSGP,
IS T, s T EGF R A2 F T B
LDG B89 v, B AN 05 91 43 T 19 67 2840 8] Br LA
0. 8 GHz W17 i F5 BLia 17 5 £ (W sk ] A" RE 58 B AT: 55 »
T AT 440 BT 5538 17 I 1] 2 by A 48 60 3 5 T o
E T LAREAG T B TS 8508, 78 T, ARl
FH HaSGP B M%) T LDG $2& 7B R, H
JE ISR AT T, EEER R 0. 8GHz [k
REAH X AR 2 fff | HaSGP B33 i, 3% 19 83 B7 43 il
AR S5 A 0 T B 0 S B 2 AT 55 AR
RE A% [F] i 52 AT 45 HL& A 25 R ) (H B 33
B[R] 34 2 38 im . 1 AE 2% 4R Fh T bl F 4 AT R
TS AR ) BT LB B HaSGP 83k, 5415
SO BE AT 5 B AR Y, X 5 R LDG Bk
J5E B AH ) o BT A 9 oy 32 R o A 45 R — B0 o RO
AR B ) o AR ] i — 25 UL T HaSGP 5k %
R ST R 0 T

[ ]G
2.0k |- I Hascp

é 1.5k -
&
[=]
S
E
§ 1.0k
€3}
2

500.0 |-

0
T, T, T,

Job Execution time in T, T> and T
6 R X S [ 9 D I 4% 1 5 1)
5.3 WMZKRBEEZFHE
AT 2 B R B ) 2% AT IR O B Y
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SN Z R Z B R 35 4D o 38 {5 98 4 B R ROR
()52 M. 52 55 1 AT A 3 ) A W) CRVE AR
[F i CPUD (S 31 5315 50 2 (8] 1 38 5 7 58 45 A AH
[A]. SCg e FH = A W28 M Jr 2 (T, T, Ts) . M 4%
s T 4 & 1. 8GHz CPU M HLA A, 5 &2
6] (45 554 500 Mbps. P2 4H4N T, 4 & 1. 8 GHz
CPU 1y it 55 AL 20 B, o W05 8 22 8] 1Y 47 98
500 Mbps, 73 &b W 15 & Z [ B9 747 58 4 1 Gbpss [ 2%
4N T5th 4 & 1. 8 GHz CPU {3t & HL4L A% . H
P R Z (8] 147 96 100 Mbps, 573 A6 5 35 5 22 [8] 1)
5 300 Mbps; TEAN#FME B AEFR 6 ol .

®6 HIMER

Topo CPU (Number) Network (Number)
Ts 1.8GHz (4) 500 Mbps (4)
T, 1. 8GHz (4) 500 Mbps (2), 1Gbps (2)
Ts 1. 8GHz (4) 100 Mbps (2), 500 Mbps (2)

Bl 7 s T AR L AE G R 2R Twitter |
AT PageRank 503k 35 X+ K iz A7 19 I 8] f1 F
= R A RN 9 2%l SEAT AR A 2 S T ATE X =
Pl 2 #1 #1 |- $4 17 PageRank (i [A] AN [H]. T, 5
T o 5t A M 4% . HaSGP 3803k &l 70 2 Ja 1 I3t
BB AT )P 3 B R LDG Bk 29 6. 206, &
LM N LDG B3k 0 3204k 3 bs o fe /e
IR BEAT 75 B8 B B 245447 5 1) A ) SR L B2 R 2L
He BB AR BEE T 45 98 BRI 1Y 2500k 22 ) X T 8
R W 45 5 » B A5 AR R ) s 2> TR FE B 2
B ]

T;

50,0l [ I L.DG
B HoscP

25.0k |
{I}
g
& 20.0k -
=}
s
Z 150k}
%
[€3)
2 10.0kF

N . .
0
T, T,

Job Execution time in T, T and T

P 7 WS 2 X0 A [ 31 1 19 465 14 2 TR

o1 T HaSGP Bk AE & 73 id B v, I8 3] 1 #
2517 T8 AN [r] S A T A A T R 2 1] A
B0 3 T 5 K5 B 22 B 0 30 23 IE 3117 B A B T R
X Z M) e SRR T TR CR. MR T

A AT 2 ] 1 0 2 AR [R] L BSR4 HaSGP 35
20 BT M2 S8 0 G 5 AU AR R i 5 LDG R 43
ZJa W S ) A R 3 — 2P Ui T HaSGP
TRVE 7 1B IO 2T 5 S R ) TR A

(1] s AT 0 R 25 381 7 A1 3 IR 8% b il {5 1l A % 1]
THRERCR 0 ERPAT AR R AT 55 B2 T, . T,
5 TAAEHBMES, FZEHT T N4 5% H
P Ty B T BRARA 38 8 1 B0 Hs % i 1 42 38 43 ]
PR v £ B A BB A% 4R TR A TR SR I R
504 £ERERESF

AT B AIE = o B 2% IR AT B P, HaSGP 53
BREE A RO D o i AT AL B AN S
[i] f e S B U A, SR DR %% R R 2E TR
O SR BEM 32 AT AL R R D i E R
A it T W 4 3 FN A5 R B A TE B SUE 3 56 Gbps
FDR Infiniband % 2 8| B A~ 22 e b, & 7 B ARHE B
TR .

x7 HIMER

Socket

(2 intel Haswell Sockets) Memory

L3 cache Capacity Bandwidth
25 MB 128 GB 65GB/s

Cores/Socket  Clock speed
10 2.6 GHz

SLE MR T =R 3 & LDG, HaSGP-L
1 HaSGP, H. # HaSGP-L 78 HaSGP A2 &y
N Z R B M B8 5 4, HO% B Sy i e
T 5 ML B T8, B a=0, p=0. = Fp 553 43 5 % &
Bl com-orkut R4y, R 7358 B L 43 S IRAT = Fb 1 5
#: (BFS, SSSP #fl PageRank), 43 #]ic 5% $ 7 BFS
SEVE N 10 AU st e i ) 58 A ] i 75 Y )
] s AT SSSP S 23 AN 10 AU s 31 18] rp 3
BT Y B B BB B BT i3 AT () B[R] $F T PageRank
SR EAR T R T I AR R B R] . [R] A S50 5 2 v 43 i)
VAL i BT 2 RN D 64,128,256,

8 AN T s T I R 4 . B A 1 s B A
BTG OR =R 4y Oy 2o BT ST B B[] R A
W/ s E B TR A T B A e b TIE R
53 % Rl I 98 0 T G2 A 1 2R RO (3R 9). HaSGP 1E
JRAE BT B AE G2k SAT i) E) AR S R b . 5
LDG.,HaSGP-L #f tt , HaSGP J5 k435l ini# T BES
PRAT I ] A 1. 95 4% A 4. 21 A, SSSP /47 I [7] 1)
2. 73 %1 5. 41 5 . PageRank F #0471 (8] f4 3. 01 £
F15. 25 1. HaSGP-L 7E T A 1 00 T R M b 22, il T
HaSGP-L A7 % 315 5 N Z (8] 19 B¢ 558 o T
SNz el T BT s 6 =i i I < Wl 1 S B I i
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BLAE . ST ER ST A 1A R o ek W T

1761

i » T LA B AR 1) F s 2 i K A 28 T A5

e 2 — TR SN AR B X R BT A

KO £ 3 s AT IR N AE T R SR AL AR

M & B 25 T 2,4 AL R/ 3 0 s 3R G848 #e i T S IR R
B A, SN T RS L IE >, i L
HaSGP-L il LDG .HaSGP 2 |i] 1% 25 15 1 Wi 45 /)N

xR 8 (ERATESBK/IFFHIT=HEE % (BFS.SSSP #1 PageRank) i) B 8] (HA e s)
Method BFS(10 4N £ SSSP(10 M A PageRank(10 ¥ Z%4L)
tho
¢ 64 128 256 64 128 256 64 128 256
LDG 272. 30 67. 00 21. 00 6011 1051 146. 00 2251. 38 331. 00 103. 00
HaSGP-L 623. 76 83.16 19. 82 9528 2074 306. 80 4179. 00 361. 67 67.09
HaSGP 149. 49 42.74 13.98 3126 412 104. 48 813. 67 143.91 35.73
x99 FEATESAK/DFHIT=EE % (BFS.SSSP #1 PageRank) By LLC & % &
Method BFS(10 M &) SSSP(10 4~ ¥ 45 PageRank (10 %%
t
e 64 128 256 64 128 256 64 128 256
LDG 388 56. 00 45.70 60187 3012 119 9215 143.00 87.12
HaSGP-L 3501 75. 20 46. 07 103548 16346 1171 34731 1526. 00 71. 30
HaSGP 71 56. 95 42.26 17421 319 101 298 95. 54 73.00

S [l AR 1l s T PRAT LA AR I R — R
ff (Last Level Cache, LLC) i) 4 H J7 5088 519 2L 5%
WL W19 9 BT LLC oy P2 592 8 Tt
AR —F LR ATAT LA A58 - (1) HaSGP
FEILT- B A5 00 F 19 LLC A i o 238380 2 fe IR,
HaSGP-L 7E R ZHU 00T HY LLC K i Hh S8 2 i
7o FY o ) ARt U8 B A e 0 2% v 2T A S
BEURTE S 1 A7 A0 B 52 B AR T 1RO SR POAT AR

(2) WA T8 570 2H 78 W 16 O R i v 3G, = Fh K
T35 A B ] 590 A

g T B E B IR A T B 0 i St & T
A5 PN B A 0 D i A L Ay N S T
A~ T AF 1 # (BFS, SSSP., PageRank) $h 17 i} (14
WfEE. I E 8~ & 10. Intra-Socket . Inter-Socket
Hl Inter-Worker 43 5| 3 755 [6] — 4 18 4 38 A% 22 (6] 1)
A LTS A SRR AL T R — 5 A LA

I 12tcra-Socket [l Inter-Socket] | Inter-Worker l

6000} 6000 60001
e 5000 5000 5000
2
2 4000 4000} 4000
=1
2 3000 30001 3000+
g
£ 2000} 2000} 20001
S
10001 1000+ 10001
0 1 1 O 1
LDG HaSGP-L  HaSGP LDG HaSGP-L.  HaSGP LDG HaSGP-L.  HaSGP
64 128 256
Bl 8 AT BES T 45 o i 5 4 it
I 11 tera-Socket [ Inter-Socket[___ | Inter-Worker
20 000 28 000 20 000
24 000
16 000 16 000}
g 20 000}
B
£ 12 000 16 000l 12 000}
5
= L
= 8000 12.000 8000
§ 8000
4000} 4000
4000
O"7IDG  HaSGPL  HaSGP 7"IDG  HaSGP-L _ HaSGP 07"IDG  HaSGPL _ HaSGP
64 128 256
B9 AT SSSP {E 45 i iy 3 A Hi il i



1762 it " 2% ik 2021 48
B 1 tera - Socket I Inter-Socket| | Inter-Worker
18 000 18 000 18 000
15 000} 15 000 l 15 000
g 12 000} 12 0001 12 000
=
>; 9000 9000 9000 F
£
S 6000F 6000(- 6000 -
30001 3000 3000 F
oG HaSGP-L  HaSGP "G HaSGP-L  HaSGP "G HaSGP-L  HaSGP
64 128 256
& 10 4447 PageRank T 55 H (1438 {5 £ 45 1k
X 2 [a) {4 30 15 & DA B AR TR) 3 581 A5 = [a] 9 3 £ A % 10 7£ Twitter BUEE F XI5 BE R min)
TEFTA TEOT 047 HaSGP 51k 097 i N 5 i X HaSGP(AVS) HaSGP(AES)
{E R B AR Y T HaSGP-L (1875 85 4 7 4 1) B 8 132 i ;; ig;
SRR . X W ERE BB T HaSGP-L 3 % 4 % 120 5.9 5. 14
JE BT AN A Z [R) R S A S BT A AR 140 ;98 ;2?
60 .90 .
fE M3, 5 HaSGP-L 1 LDG # kb . HaSGP Jy 180 0 37 g =3
H:4h B BFS,SSSP il PageRank i u: 7E 4l 14 7 200 12,18 10. 92

7 A R A A AR T 700 4026 .70 0 Al
50% .70 F1 50 %. JIf f7 X e 25 AR 5 3% 8 Wia 17
IF IR SR 9 1Y 22 A7 2 SO DEC.

ZE LTIl e = N 2 b 2 AT N A A
FEPR G oh 5 N AR Z R 2 3 BRI 5 L S0 )
A R ROR. B AR5 2 FR 5 T 19 B 4
Gy I UK RGN B B IR B R BN
5.5 (BB ERE

TEATT o, 32 LG IR AR 2 45 4 X i R 43 53 vk
PATRCE I SZ . S 1 U0 4B 300 235 14 1) DI R & o 48
LG 55 4B w45 H 43 il A B HaSGP 5k v, %)
Twitter BB 47 200 43 o X LA [7] 45 44 )97 T #E /9
BT T R0 A 0 43 KB A ) B Dl 80,100, 120,
140.160.,180,200.

W% 10 78 . HaSGP (AVS) 2y 3t T 41 5 45+
(193 HaSGP J5 ¥, HaSGP (AES) 3 3t F 4B i1 25
i = HaSGP 7. 1 T HaSGP(AVS) & 4k &
TR R AR A A5 A8 18 28 A7 J7 2 3K Bl 45 40 0 T A 4k
ROCRARTE 5 73 TE 224 i TO0 0 7 22 55 b s 110 4
B R B R R ER 2 R T AR i 25 A Y
X&) 53 HaSGP(AES) i, 4] 43 B[] B (i e A1 o AH 4
F HaSGP(AVS), HaSGP (AES) J7 12 %l 4 b5} ] 3F-
B0 1 134 %. UL T 3 T 4B 30 45 44 1) 5 4 9 X
Rl 3 75 vk W 0P L (B VR 0 B R R T
A ST A e S5 BT 0 0 A2 R T SR A A5 ) 1 S A
WK 4> I 8 B HaSGP(AES) L f&i 5 2 HaSGP.

5.6 BEitHEMRE

DA PR 3 B 125 1 H AR S 5 T 23 A X T Y
RORL AEA T L, SR A [R) B R 23 58 43 ) %
Friendster il Twitter g7 X143 . 2047 & %) 4 Xk 43 A
AT 52 .

STIG T E T 3T InfiBand [ A9 &5 1 BE 4 B IR
SR B 32 A A, Hop 10 #% Haswell CPU
(Intel Xeon E5-2660 v3 2.6 GHz) 12 37 .4 #%
Haswel-EP CPU(Intel Xeon E5-2630 v3 2.4 GHz)
20 1Y L. 0 X B0 B BEE 80,100, 120, 140,
160,180, 200. 43 J| 5 3C#k [45 ] b B9 55 #9550 %
Combined (CB) , Balanced Min-Increased ( BMI) .,
Min-Increased (MD) Pl }; Min-Workload (MW ) & i
HEAT XS L. [R) I S T 0 B A 2R 465 0 X6 P B 1 S
FIFEGIA T LDG 5k UEAT3F He. Her HaSGP L7
S H o F1 B AR E N 1.

2% 11~ 13 N 7E K Friendster 435I $447 BFS,
SSSP Lk M PageRank % ¥ B iz 47 By B 8] 3% 14 ~
2¢ 16 N AE K Twitter |4 #1347 BFS.SSSP L) K&
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% 11 7£[& Friendster L #1T BFS E 5 890F 18 (L7 :s)

BFS(5 Source Vertices)

LDG CB BMI MI MW HaSGP

80 161.25 124.90 142.09 153.1 98. 25 79.10
100 71.00  63.01 65.70 69.0  56.40 37.72
120 42.71 38.79 40. 00 38.7 40. 10 19. 16
140 43. 94 44. 80 39. 48 41.0 37.29 23.00
160 32.10  29.00  28.18 26.8  25.60 21. 69
180 26.73  29.31  25.00 29.0 26.74 19. 50
200 21.00  23.80  21.70 20.6  21.03 18. 47

IrIX

% 12 7E[E Friendster E#1T SSSPE A MBI [E] (HAfi:s)
SSSP(5 Source Vertices)
LDG CB BMI MI MW HaSGP
80 3249 3107 3201 2940 2748 1691

100 1817 1591 1507 1395 1207 517
120 891 671 612 793 519 235
140 374 280 317 334 274 167
160 269 231 230 246 240 174
180 217 189 191 208 147 78
200 182 148 149 176 132 119

#& 13 7 & Friendster | $ 1T PageRank & i% Y Bt [6]

(EFL& :S)
PageRank(15 Iterations)
g3 X
LDG CB BMI MI MW HaSGP

80 758 691 672 598 517 362
100 362 307 348 271 209 180
120 250 218 215 223 210 143
140 172 153 150 147 134 84
160 141 110 107 129 107 67
180 83 74 71 71 70 53
200 61 54 54 59 57 50

% 14 7EFE Twitter EHAT BFS EiRBIRE (HA7:s)
BFS(5 Source Vertices)

LDG CB BMI MI MW HaSGP

80 284.66 214.25 208.60 200.90 197.00 101.05
100 126.10 113.08 107.00 109.10 105.70 65.01
120 86.08 76.92 75.80 72.18  60.70 35.69
140 78.10  67.08 65.17  60.90  57.80 21.72
160 38.01  31.00 29.07  28.00  28.07 19. 85
180 25.00  25.07 24.89  23.61  24.00 21.02
200 29. 60 30.91 29.70 27.00 26. 41 20. 00

73X

% 15 7EE Twitter 1T SSSP B L RYRF ] (BAf:s)
SSSP(5 Source Vertices)

IrIX

LDG CB BMI MI MW HaSGP

80 6780 5971 5704 5591 5163 4380
100 3941 3180 3397 3507 2807 1947
120 2397 1983 1901 1678 1593 834
140 957 847 716 708 674 390
160 494 425 418 399 320 163
180 298 217 207 210 209 147
200 287 209 231 189 199 129

% 16 7 [E Twitter _t $1T PageRank 2 5% i Bt 8] (Bfi:s)

PageRank(15 Iterations)

AR LDG CB BMI MI MW HaSGP
80 2309 2187 2109 2007 1907 601
100 677 597 580 559 551 342
120 490 391 407 381 307 237
140 271 217 204 201 208 110
160 188 156 163 139 134 105
180 129 106 102 99 98 59
200 127 113 110 105 109 58
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Background

Graph partitioning is becoming increasingly challenging
as graphs grow in size. The graphs consist of terabytes of
compressed data when stored on disks and are all far too
large for a single commodity type machine to efficiently
perform computations. Currently, the main use of distributed
cluster systems to deal with large graph partitioning, although
distributed computing resources have become more accessible,
but the development of distributed partitioning algorithms
still has challenges, especially for non-experts.

The streaming partitioning has been applied in graph
partitioning in recent years because it is more efficient than
offline partitioning. Because of efficient partition management.
the streaming partition has been developed continuously in
recent years. However, there are two problems in streaming
method; (1) The original method does not consider the
heterogeneity of the cluster computing environment. When
there is heterogeneity in the cluster, the optimized goal of the
existing streaming partition method may lead to the degradation
of parallel computing performance, Therefore, the existing

streaming partition method is not suitable for task allocation
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in heterogeneous cluster environment. (2) The cache data
structure of neighbor vertices in the process of partitioning is
not well for searching, and it is inefficient for searching
(mainly referring to searching the information of allocated
neighbor vertices and their subsets).

In view of the above two problems, we propose that the
streaming partition algorithm in the heterogeneous environment
can adapt to the heterogeneity of the parallel environment.
At the same time, aiming at the problem of the streaming
algorithm (2), we also design the adjacent edge cache structure
to improve the search efficiency. The specific process is
described in detail in the following sections.
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