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Abstract: Tt is the key to improve the performance of graph calculation by improving the efficiency of the graph par-
titioning algorithm and reducing the communication edge scale between the subgraphs. Due to the limited memory capacity
of single computing node, it is difficult to meet the partitioning requirements of large-scale graphs in terms of partitioning
efficiency and partitioning quality. In this paper, a distributed graph partitioning algorithm based on hierarchical affinity
clustering for massive scale graphs is designed, called DisHAP. It uses the Boruvka minimum spanning tree algorithm to
balance cluster the graph under the constraint condition of the input graph according to the vertex similarity, and partitions
the graph into k subgraph (partitions) with equal size. In order to optimize the fractiom of edges cut between these large sub-
graphs, we map the initial partition results to the vertex sequence and cut into a large number of subsections, randomly se-
lect the sub slice pairs in the neighbor subgraph sequence, and migrate the vertices according to the mutual exchange and
the single vertex positive profit. Thus, the optimization problem of large data volume is converted to a large number of
small problems to solve. The algorithm is applied to the MapReduce framework to effectively improve the efficiency of the
algorithm. Finally, we use various actual and theoretical graph data to compare with existing graph partitioning algorithms
to verify the effectiveness of the DisHAP algorithm. Taking the graph Twitter as an example, it is partitioned into 2,4,8,16,
32 partitions. Compared to LDG, BLP, Spinner, Fennel, ParMetis and PSA-MIR algorithms, the fraction of edges cut is re-
duced by 30.2%, 29.4%, 10.2%, 7.8%, 1.7%, and 3.3% respectively.

Key words: distributed large-scale graph partitioning ; hierarchical clustering; local optimization; distributed graph
computation ; balanced partitioning
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Spinner{IOJ  Fennel'® _PSA-MIR"®  ParMetis' ") 7 % 31
7 THABOT E A AT, T B 6 A T ) 4 ) A A s @4
BT DisHAp B394 19 %] 43 Bk i) . S2gerh 2 H ) 2 1~ 48
b, ANV R B e SR iR

:#?Clzﬁﬁi%jcﬁﬁﬁz :#§U‘ﬂ;§§& (8)
PEHRE ] #Ribs

6.1 SKIGIREE

AR LAV A TR 5 520, A a2 78 Hadoop
T LIS 5 B IRSS Al s SERE R P A T, B 1A
master Fl14 7> slaver. 5 5 L EU0F : Intel CPU, 16GB 1)
INAE,500GB FREE: , 154 T7E CentOS 74 Linux IR 5% |
6.2 HEE

S G N T 0000 45 A0 B S BOis A e B vk b AT T
PRI, B s A RN BANER 1 s . B BR AR IR T

x1 MEHIESE
Name Number of Number of Type
vertices edges
hugebubble-10 18.3M 27.5M Mesh
channel 4. 8M 42. 6M Mesh
nlpkkt240 27.9M 373M Mesh
uk-2002 18. 5M 262M Social
del26 67. 1M 201M Mesh
rge26 67. IM 575M Mesh
arabic-2005 22.7M 553M Social
Friendster 66M 1. 8B Social
Twitter 40M 1.5B Social
LiveJournal 4.8M 1.3B Social
world-roads 5.6M 1.1B road
PLG18 630K 35M synthetic
PLG20 2.8M 135M synthetic
PLG22 9. 1M 518M synthetic
PLG24 29.7M 1.9B synthetic
PLG26 115M 7.9B synthetic
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7T HH 48 K25 B 2 JF 0 HE 4E (hitp : //snap. stanford. edu/).
H P word-roads S 3 B 25 B0 HE |, Friendster , Twitter £l
LiveJournal 241 22 P25 ¥4k . 4 1 B 1B ZF D10 i 1
WLED AR EEAER R S L A FEE
JER R, A R TE W EE 2 ATF. Hrh PLG
J2 i H] Python A 1. Web &l 2E 1 #% (http : //pywebgraph.
sourceforge. net/) Y| R 55 1) FLIS T A BE AL AL, 7
PRE 5 5 18,2022 .24 . 26.
6.3 Wtaklsy

B S d 2 T Boruvk 5 5 A1 3 F Kruskal 27 1
HBE 584 HE T X HE A9 7S IR 28 (RTAR 4 Haffbl_sin-
gle. Haffbl_complete. Haffbl_average. Kruskal_single .
Kruskal_complete , Kruskal_average ) 5 3% X [/ £ 17 %) 4
X153 R o3 % G R 358 2% 18] World-roads , 1 731 X X
k=4,18,32,46,60. 454 W& 245 K frs , 16 T A 45
1, Haffbl _single 531 7E48 & 1Y T A DXCBCT 200 43 RC#R
B U5 R0 3 0 B 25 ) 2 Kruskal_complete A Haff-
bl_complete 5. 7 X1 43 A X AS & AR £ 2 5 A XT F Haff-
bl_complete .15 Haffbl_average 5.9 . Kruskal_single 5.
b Kruskal_complete Bk Kruskal_average Bk Haff-
bl_single B350 S TH T 0. 38% .0. 22%.0. 2% .0. 2% .
0. 56% 0. 44% ¥ 5.

w1 53 A AEZE R 22 R 1 Hash AR R W) 16 % 53
JIr AFRAT T Haffbl_single J5 ¥ 5 Hash J7 i %0) 4347 1T
P, &1 2 26 R X LU A5 3R . 4] 43 % G R 4k A2 I 2% (5]
Twitter, ¥ 53 F X £k =4,18,32,46,60. Ffi % T X 501
P, W Rh ) b R 4y O s Y F LR ERAE Bt (H 2
Haffbl_single 7 2 34 2Lt Hash J7 5080 /0 45%~53% 1)
R F XN 60 B, Hash %143 1 %1 i1 2R LT 4
T 95%, WARX T IR Ze A iH s ek BUAR
Haffbl_single 75322 M X F Hash 7572 B9 42 24 BE AR X 48K,
{H 2] LAGE o A7 Ak B SRR TR R SR )
Prp kB 1 X — A

Fraction of edges cut
5
Fraction of edges cut

Number of partitions Number of partitions

K2 WItRil o> 2 5 B R AT L

6.4 UWSLsriR

AT FEZEXF DisHAP 512 (1955 2 0 B (T A8 YA
EAL) B W SIS A BT . 18] 3 7R T #E LiveJournal [+
R 4345 R34y IX Bk =2,4,8,32,64. I3 2R
43 54 FH Hash J5 5 A1 Haffbl_single J7 24 45 X1 73 5 =

BRI 4345 3, Haffbl_single 75 35 X1 43 508 B & 4T Hash
D5, V% Hash J7 2R 98070 32, 33% i HI 1% . K13
B8 s 1Y R 1 B AT 4T AR Ak SR X DL Haff-
bl_single J IFAF MW 1530 53 1) 45 R it A1 %) R 04k (k=
2,32). 7 k=2 ], A 4~5 5 HI R g TROE . k=
320, A 5~6 Fo KM Rl TARUE . M T 0 Haff-
bl_single 777543515 43 2 A~F X A 4 A4~F X 907 4 K1) 43+
S5 TS BT U0 AR R 225 > T 15% 5
13%. WA R+ XA PLA kAR A v T LU, Jal 43 [
— P2 ] AR AR 5 5 )N

] 3 4 I s s A B S 3 VA L AL SR W X Haff -
bl_single /5% 5 Hash J7 01 1A 30 7 45 R LRG0 (k=
2). AH¥L T Hash FriE w1630 43 A 25 5 A8 B A4 YAy
A E I ZR AR T R 27 % (H R BRI %, 340
10~15 e %l 4 TR Btk 2 )5 i 45 R A 1
Haffbl_single Jr AR 3 AR 2 FAOUACRICRET. 13X
T S e T Haffbl_single J7iEAE RGO EAE .

n of edges cut
o o o

Fractior
°

0.35 4 ¥ 0.55
0.50
030
0.45
025 0.40
035
0.20
030
015 . - . 02
0 o 2 H s H
Ro

3 N[EIRIEG R 43 55 LiveJournal [ 45 XD Ak 175

Round

6.5 EiAZR

AT G 5 B R R A AR AT X LR
i BT A O B R ROR . 3R 2 S AE I Twitter |1
MRS, 05319 F X B ok k=2,4,8,16,32. 5Z
Xt HE B J2 BLP 8351 Spinner 831 [ LDG 8L
Fennel #5752 ParMetis 815" DL K PSA-MIR B3 . 3%
I E AR TAET T T . R2HN/AK
TR RIS SO 25 BLAR BB B T SRR S AT ]
Ry, FEOCENIA ] SLe 45 R . LDG B 5 BLP &
03 3 8 SRR G B 2% |, 5 A Bk ) R o P BB 22 BE
LB . DisHAP 359% , #H# T LDG 536 P34 17
30. 2%, e I T 35% 1) 2 4T BLP B ik,
S T 29. 4% (I FEIL AR, sk T 37% FIR
DisHAP 21 Hl Fennel B3 R AT . PSA-MIR &3k 1%
fRBF R FEAR SCL G v, F X AU Bk £, PSA-MIR
BIEM B AT R | 2SR5 16 4 X, &) 43-Fisf ]
AL T SAS /NS, BT LA SCAR A 81 R 43 45
DisHAP 5.3 , #H# F Spinner 5.3 , P38 T 10. 2%,
B 12% B E) R 5 AT Fennel B35 S0 /0 T
7. 8%, i 7 12% W FEN T %5 FHAL T ParMetis 5327 34
BT 7%, i 5% W EI A i H G Rl LUE
5T OB D R4 SR e A



%10 1 Ml 3 :DisHAP: & F)ZUGE MBI A0 2R Bl 40 vk 2009
£2 AEFHEXE Twitter %I 4B B (2 ih %)

\ LDG BLP Spinner Fennel ParMetis PSA-MIR DisHAP
(e=1.1) (e=1.0) (£=1.05) (£=1.09) (£=1.03) (e=1.0) (£=1.03)

2 0.31 0.34 0.15 0. 07 0.12 0.15 0.10

4 0. 49 0.55 0.31 0.29 0.24 0.21 0.19

8 0. 69 0. 66 0. 49 0. 48 0.35 0. 40 0.38

16 0. 80 0.76 0.61 0.59 0.52 N/A 0.49

32 0. 86 0. 80 0. 69 0. 67 N/A N/A 0.58

6.6 XIoEHE

S o bk [ 2 A MR BB Y — A B bR, PR
AT R B ) 43 B () HEAT 2 5 3 AT . T ParMetis
SRR T A L Bk AR B iR 43 o, i DA
AR ParMetis BT T XF LY . 3 3 7R K43 k=
2858 . J 5 5K, Avg. cut FRon-F- I EIIIEL . Best
cut RzR 5 WH IR AT I — R R E . ¢ KRRl 3 Ip[a], B
ks, B2 3T, S EE /N, DisHAP 2435 BT i #E Y
BF[A] 22 2 T ParMetis 5335, Bl E BB 19K, A SCH

RSB R ik, 2R ParMetis VA TEM
BB B, ok A 1k T R A A R A R 191
A4 3 18] rge26 , Fe 1Y e 4 RIAT SR B 1 40ML. SRS A
e AT, B anF ) KL(Kernighan-Lin) |,
I 18] 52 2% B2 24 O (nlogn). SR J5 A Wity SO AR 2 1) ]
— B8 K O AT AL . IR AR A KK R s T
DAFAE R B [R]AS BT 3G R . 6 AR SO H A 3307, B
U W K, B T AR 1 I ) 20 R 4 m
T TR 2 SRR I AR SO 8 T 4 R

3 ParMetis ¥ DisHAP 773533 7 B B % 43 B9 45 SR (B0 1A 20 A0 %1 43 B 1))

ParMetis DisHAP
Graph
Avg. cut Best cut t/s Avg. cut Best cut t/s

hugebubble-10 1922 1854 4. 66 1910 1857 8.20
channel 48798 47776 1.55 56912 55959 2.71
del26 18086 17609 23.74 17002 16703 31.02
rgg26 44747 42739 23.37 38371 37676 19.91
nlpkkt240 1178988 1152935 32.97 1241950 1228086 25.06
uk-2002 787391 697767 128.71 439227 390182 96. 62
arabic-2005 1078415 968871 1245.57 561778 481141 1092. 45

4 72 M DisHAP 2 3 5% 18] Friendster . Twitter 1
LiveJournal B4 73 455, 3 73 19 X k=2, 10, 100. LA
X 3 24 DX I R] S BE v R 5 — 4k 0] o3 sk fa] R
R 4 H At 5~ DR I 1] 55800 43 2 A DRSO T] Y e
B, a5 R E 44 B s . BARF X8R R T8 B E
B, B X T B ] 3 R TS e A A R AR R, 7R
AN 2, B 5 XECH 100, A XS T2 4 X
R 53 I A] Fe 22l 2 22 1 20T 219% B[] . DA
X T E — A B R g3 7 OB 22 AR A Y I ) A2 g
R .

0.7

Fraction of edges cut
Normalized running time

T T T T
10 100 Friendster Twitter LiveJournal
Number of partitions Name

Vel 4 A = 0 2% Pl 1440 23 50 i 2R B — Az A i 1]

T
2

W] 4 A5 ]2 6 [A] — > B0 43 A [ - DX 55 B[]
HEAT 20 A1, N2 2 vt v] DU T A RIS L S
T K143 W BEE] i F Friendster 5 55 B9 AR &% K,
DL VR JH FE RO B 8] £% £, LiveJournal 5% A9 # AR £
JIN T AR B T) A 2 B A ()L TR R AN [R] AR ) %
14 3] 43 BF Tea] 26 47 EL A 1 S 56 43 BT, S 2 AE B A
FEEAT . LRI B PLG1S B B TR) Ay 5 v o BE L 19
— AL LAt X AR A B[R] . S5 SR AN ER 4 TR Bl
28 AR AR 4 O, R 43 kT 5 A 3 g G, T
I A TR R A D) 4% AR A5 Y B ) A7 g5 R, U T
DisHAP 55125 X5 R RIUARE 190 465 1 A7 80P . vk 3/ B ASE
W 2%, DisHAP 5375 1 0 3 25 32 W B AIC, [w) BF A SC
P& 11 19 DisHAP 3375 51 X5 i 02 T8 1a) AL, i % T A
] A7 AL B, e S0 &8 & 2 8] A AR BLEE B 5 R0 R A Y
Dot AT R . P oy i AR AR S A AR R T
A A RE PRI 7R 0 R S Ak b T R
AP B bR, DL/ b X2 83 i S A A
& H F5 .
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Graph IVI IEI max degree | running time
PLG18 630K 35M 67K 100%
PLG20 2.8M 135M 178K 112%
PLG22 9. 1M 518M 402K 131%
PLG24 29.7M 1.9B 1. 1M 156%
PLG26 115M 7.9B 2.5M 392%

7 HERIE

AW T — AT R R R R R o34 R
03 (DisHAP) |, 5% H Boruvka fie /A iR 38 AR I
U0 5 AEARL B X6t g A PRI 24T 2 AR 25 R 1) 1 i Tl 3R 2k
4 B3 3 SRR A5 1) kA IR (51X SR 5 B 45 R
SRS EA . B o S R A X
TS T 5 53 Fr B A 22 10 -1 11, 8 R8s 2 i 10
A TR U] Ay 5B AR 22 14 /N [B) LR A 7 i 2, BEBIL s %
ANTR] 3 DX HR ) 1 11 4 R A 48 R PR S IR 3 5 RS
TS, E— A FI % 50 F #E MapReduce fiE
b RO S T EIE BT ROR . e, AR SO
o LS K RS VB, 5 B B R S A L B
BT, BAIE T DisHAP 3355 (0 A 4501k .
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