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Performance Benchmarking

In order to benchmark the SNN implementation for the IPU we evaluate the throughput of multiple SNN models using the N-MNIST dataset [3] and compare to dense implementation on a GPU (NVIDIA GeForce RTX 3090). We
demonstrate behavior for fully-connected multi-layer SNN architectures. The results on this poster are, however, not generated with the latest IPU generation. For the newest version performance gains of up to 40% can be expected.
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depicts a local computation phase, blue a communication and exchange phase, and yellow a synchronization phase.
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