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Characterization of Graph500 Benchmark
Based on Suitability for Cache of Sparse Matrices
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Graph500 is a benchmark suite for big data analysis and sparse matrix processing which receives attention in these years. The
spatial locality of sparse matrices used for Graph500 and their variations which are controlled in adoption of randomization and
vertex sorting which is a technique of preceding work are investigated. We show the spatial locality of sparse matrices used for
Graph500 is very low and there is about 1 or a little more valid data on a cache line for the memory accesses issued by sparse
matrix-vector multiplications (SpMV) in average. The tendency is increased by randomization. The effect of vertex sorting does
not have big effects on spatial locality. Effect of vertex sorting on L1 hit rate of GPU on processing SpMV for the above matrices
is small and is degraded when the size of graph (i.e. SCALE) becomes larger. It is very difficult to solve the problem by just
software approach because of the huge size of sparse matrices and the randomness of their accesses to degrade the optimization
against their cache awareness. Especially problems caused by low spatial locality are frontiers of improvement, now. Therefore,
hardwired gather functions at memory side is promising for taking advantage in the Graph500 lists, which improve the
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processing speed due to reduction of memory traffic in an order of magnitude.
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Figure 1

Problems caused by indirect accesses on

conventional systems.
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Figure 2 Solution for problems caused by indirect accesses

using Hybrid Memory Cube with hardwired gather.
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Table 1 Evaluation environment.

CPU Intel®Xeon®"CPU X5670 @ 2.93GHz
GPU Nvidia Tesla C2050 (=744 448)
T INAAAEY AEYSURNIE 144GB/s,3GB
RANI/F PCI express x16 Gen.2
(e R/ R 8GB/s)
OS RedHat Enterprise Linux Client releaseb.5
CUDA Cuda 3.2
Octave GNU  Octave, version 3.2.4
Matlab Matlab version R2011b
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Table 2  Experimented matrices
SCALE f& FFFREFHE ¥
11 45,536 2,048
12 97,010 4,095
13 203,826 8,192
14 426,578 16,384
15 883,126 32,768
16 1,818,824 65,536
17 3,730,586 131,072
20 31,398,208 1,048,576
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NCHFBAD L, Toy 7 7 A(SCALE=26)D 1/64 TH 5
SCALE=20 IZBWTT b, T4 LV NOEZT —ZITFY
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BT
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Figure 4  Spatial locality of the sequence of column index of

sparse matrix for Graph500.
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Figure 6  Effect of permutation on spatial locality of the

sequence of column index of sparse matrix for Graph500.
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Figure 7 Mapping of non-0 elements of sparse matrix for
Graph500 which is removed all permutation. (SCALE=11)
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Figure 8  Effect of vertex sorting on spatial locality of the

sequence of column index of sparse matrix for Graph500.
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