Impact of time discretization on the efficiency of continuous time Spiking Neural Networks -ifU Delft

The effects of the time step size on the accuracy, sparsity and latency of the SNN.
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alternative to Deep Neural Networks by mimicking ‘the brain's The time discretization function is non-derivable with respect to the Figure 1 : Visualisation of the the Spiking Neural Network. On the
natural processing using events called spikes. Although SNNs may spike timing. Therefore we apply a naive method to be able to time discretization other hand, setting a suitable

lag 1n accuracy compared to deep neural networks, they excel in backpropagate effectively in the SNN. More specifically we approximate timestep can have beneficial
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digital neuromorphic chips such as Intel Loihi and IBM TrueNorth. Average of Accuracy per Epach during training for Different OT Values However, our analysis is still

These chips are designed to handle the unique processing needs of limited by errors introduced from

SNNs Llike sparse and event-driven computations [3]. 7 .Experiments and Environment f’ the backpropagation approach.

Future work could include an
2.Challenges The main datasets used will be the MNIST, EMNIST

. . | analysis of the errors introduced
« A lot of the state-of-the-art performance of SNNs in recent research and Fashion MNIST.datasets. We run experiments to by changing the backpropagation
has been achieved through supervised learning models that leverage measure the sparsity and prediction latency of the

methods.
intricate error backpropagation techniques in continuous time. model after adapting it to discrete time using Another recommendation for future
« This imposes a new challenge when converting these mechanisms on a different time step sizes. -2 work could be using a surrogate
neuromorphic chip. Because time is discrete on digital hardware * Sparsity will be measureq .based on the spike gradient approach to better
numerical errors can be introduced as we can not calculate the count of neurons after training. approximate the derivative of the

infinitely precise value of variables depending on time. + Latency will be measured using the time (ms) to discrete spike times.
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Figure 2 : Average Accuracy% on MNIST dataset during training
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« In BATS [2] a CUBA (Current-Based) LIF (Leaky-Integrate-and-Fire)
neuron is used with a soft reset of the membrane potential. Soft
reset implies that when the membrane potential of the neuron passes a
threshold value it is decreased by a leak value and effects are
propagated to neurons in the next layers.

4.Accuracy, Sparsity and Latency

e The main reason spiking neural networks excel in efficiency is their
sparsity. Even if networks can have many neurons computations happen
only when the neurons are activated.
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prediction Tlatency. Being able to obtain the same amount of Figure 3 : Accuracy % on the test set for EMNIST _ . _ _ using lessons from deep learning,”
information with earlier spikes increases the idle time of the dataset over the inverse of the average total(hidden Figure 4 : Prediction confidence over time for . !
P and output layers) spike count. The red line crosses different At on the Fashion MNIST dataset Proceedings of the IEEE, vol. 111,

network. the points on the Pareto Frontier. no. 9, pp. 1016-1054, 2023.

ACCUTALY (%)
Predection Confidence

Alexandru Gabriel Cojocaru | Supervised by: Nergis Témen, Aurora Micheli




