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e Apply Convld on time dimension: adds o
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Legendre Memory Unit (LMU)! significantly. We evaluated the trained spiking LMUFormer
on the Speech Command V2 test dataset,
gradually increasing the sequence length from O
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e A memory cell that efficiently captures and * Latency analysis:

represent temporal dependencies in 1. To get the 1st output of the 1st Conv layer we
sequential data. need to wait for 3 input samples.
2. To get the 1st output of the patch embedding

* Utilizes the mathematical properties of P B 5(
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t : The time step t & sample index t

reduction in the sequence length!
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