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Problem statement

Spiking networks have a higher computational efficiency than their deep learning coun-
terparts. This is due to information being communicated through a small number of
spikes, which are generally produced by a subset of the neurons [1], [3].
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Results

Combining Spiking Predictions

Comparison between models and ensemble using
a time window of 400ms and combining using probabilities.

Spikes as class probabilities
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Comparison between models and ensemble using a time window
of 1ms and modelling predictions as samples of a Poisson Process.

Fig. 2: Spikes as class probabilities

Comparison between models and ensemble using a time window
of 400ms and modelling predictions as samples of a Poisson Process.
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Future Work
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