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Abstract With the development of computing technology and the advent of the era of big data, the
distributed computing has became a research hotspot. Iterative computation of big graph becomes the
focus of the research. Reducing the communication data quantity between subgraph after effective
partitioning, it is the key to improve the computational performance, because the existing algorithms
are difficult to meet the requirements on both minimizing fraction of egdes cut and load balancing at
the same time. In this paper, a dynamic-balanced algorithm for graph partitioning named DyBGP is
proposed, and it is used to solve the problem of balanced partition. Based on ensuring the partitioning
of subgraph boundary vertices optimal, the perturbation strategy to jump out of local optimum to
expand the search space is used. Finally, our algorithm is verified the feasibility in the real-world
graph, respectively from the balance coefficient and the scale of edges cut compared with the
traditional algorithms, such as Hash, Chunk and Metis. In the number of edges cut, it is decreased
about 40%, 30%, 5% with our algorithm under specifying perturbation times. In the balance
coefficient, our algorithm is more optimized than Metis. The experimental results show that the

algorithm is effective.

Key words balanced graph partitioning; heuristic strategies; load balancing; distributed computing;

local optimization
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Table 1

Experimental Data Sets

®1 LWBESE

GV,E) V| |E| Graph Type  Source
Gnutella8 6301 20777 P2pP Ref [23]
Gnutella24 26518 65369 pP2p Ref [23]
Gnutella31 62586 147892 P2P Ref [23]

loc-Gowalla 196591 950327 Ii};t;‘f;s Ref [24]
Amazon0302 2621111 1234877 Social Ref [25]
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Fig. 3 Results of initial partitioning on loc-Gowalla
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Table 2 Comparion of Our Approach (DyBGP) with Hash, Chunk and Metis
®2 AXRHEF % (DyBGP) 5 Hash, Chunk, Metis %5 R b 5

The Number of Edges Cut

Equilibrium Coefficient

K Graph

Hash Chunk Metis DyBGP Metis DyBGP

Gnutella8 10425 7282 4272 4198 1.030 1. 006
Gnutella24 33098 20100 14187 14179 1.029 1.019

’ Gnutella31 74270 36729 27267 26124 1.029 1.041
Amazon0302 471191 188 349 13922 13003 1.016 1. 008
Gnutella8 17438 15169 7600 7599 1. 030 1. 003
Gnutella24 54 836 41174 26 314 26313 1.014 1. 005

’ Gnutella31 123740 77102 55471 55431 1.022 1.014
Amazon0302 767164 423537 37058 36102 1. 030 1.011
Gnutella8 18310 16112 8124 8105 1.029 1.051
Gnutella24 57585 44433 28179 28230 1.002 1. 001

’ Gnutella31 129778 85396 60101 59001 1. 003 1.014
Amazon0302 800684 480459 45844 43532 1.030 1. 006
Gnutella8 19596 17598 9780 9232 1.031 1.023
Gnutella24 61655 50732 31498 31067 1.003 1.008

10 Gnutella31 139061 103418 68048 68023 1. 005 1.002
Amazon0302 850269 598602 62709 61051 1.030 1. 003
Gnutella8 20157 18439 11267 10908 1.031 1.028
Gnutella24 63556 54 383 33696 33649 1. 006 1.002

2 Gnutella31 143376 116 837 73628 73562 1.002 1.013
Amazon0302 875065 675381 79105 78006 1. 030 1.016
Gnutella8 20478 18899 12453 12057 1.031 1. 015
Gnutella24 64496 56 660 35171 34046 1.017 1.012

o Gnutella31 145728 126 636 76493 76 285 1.011 1. 009
Amazon0302 887433 724540 99156 98013 1,030 1.031
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