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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 SHD [2], N-MNIST [5] and DVSGesture [1] dataset and compare to an equivalent dense implementation on a GPU
(NVIDIA GeForce RTX 3090, NVIDIA V100, NVIDIA A100). We demonstrate behavior for fully-connected multi-layer SNN architectures.

As expected, we observed increasing throughput with increasing When increasing the number of neurons per tile and therefore per IPU The SNN implementation on multiple IPUs in a model parallel fashion
sparsity. Currently, we can achieve at least 5-10x higher throughput for we oberve and at least constant or even textbfincreasing acceleration factor.  demonstrates good scaling behavior, which gives the hope for large scale
realistic training scenarios with the IPU compared to a high-end GPUs. This build a promising basis for future work on SNNs on increasing size. distributed SNN training on large multi-IPU systems.
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