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Abstract

Graph neural network (GNN) has achieved breakthroughs in processing graph-structured data. However, re-

searches on GNN accelerator design lack a clear design objective and unified evaluation methods. The Benchmark

for graph neural network ( BenchGNN) is proposed for evaluating the performance of GNN accelerators. BenchGNN

consists of macro-benchmark and micro-benchmark. Macro-benchmark consists of algorithms of three task types of

GNN and datasets from five application fields of GNN. Micro-benchmark consists of two basic micro-operation of

GNN and four graph datasets of different scale characteristics. An experimental evaluation of BenchGNN is conduc-

ted on modern centrol processing unit (CPU) , graphic processing unit (GPU), and a GNN accelerator. The ex-

perimental results show that the CPU cannot process GNN efficiently due to the lack of parallel processing units.

The specifically designed accelerator achieves better performance and lower energy consumption than GPU, due to

the fact that the design of the accelerator optimizes the random memory access of GNN workloads. The results in-

spire researchers of GNN accelerators that the design of GNN accelerators should take into account both the high

parallelism of processors and the ability of performing random memory access.

Key words: graph neural network (GNN) , accelerator, Benchmark
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