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_ , , , , Spiking neural networks, considered as the third generation of neural networks, are characterized by
Real-time processing Low-power consumption Resource constrained devices neurons communicating via binary signals called spikes. This property makes them well-suited for
edge devices, as it reduces computational complexity and enhances energy efficiency.
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/ The accelerator used in this work is a modified version of the open-source accelerator  [u] config.mk
presented in [1], called SYNtzulu, which can be downloaded using the provided QR code. ‘
It includes an encoding module for converting continuous signals into spikes and an SNN

\ processor that execututes dense LIF neuron layers using two parallel cores. - . [ Broader accessibility J LReduced development cost} [ Legacy Tecnolgy node J
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Use case: Real time decoding of intracortical neural activity
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RELATED WORKS COMPARISON
Work  Decoder Platform Parameters Vc(c
This SNN 22.3k 0.84
/Neural signals are recorded using\ /We extract multi-unit activity (MUA} /We process the MUA using a four-layer dense spiking neural network \ 2] LSTM 341k 0.84
a microelectrode array from the neural signal using the trained to decode two variables representing the hand's velocity 2] QRNN 327k 0.85
implanted in the motor cortex.. spike detection module. along the x-axis and y-axis
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