Incorporating temporal spike stability into the Forward-Forward algorithm

Alexandru-Mihai Radu Supervisors: Stephanie Tan, Yaqi Guo I U D e I f t
A.M.Radu@student.tudelft.ni

1. Introduction 4. Methods & Results

= Spiking Neural Networks (SNNs) are neural networks inspired by biological (1) Direct optimization (3) Candidate scoring
. . . . We test 3 methods of incorporating ISI-CV into the FF’s objective. First 2 modify the goodness function, We test a method where class-specific temporal fingerprints are built from the most stable neurons and are used to create a candidate
neurons and can be described by two main behaviors : while the third adds a new separate objective to loss computation. score for each label.
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Current FF-SNN methods only use aggregate spike-count activity as the goodness
score [3], and ignore the inherent temporal properties of SNNs T
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We investigate whether temporal stability in neuron spiking can provide useful =
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= [Inter-Spike Interval Coefficient of Variation (ISI-CV) is used to measure the
temporal stability.
" [tisusedin both neuroscience [4] and computer science [5]. E
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o ISl is the time gap between two consecutive spikes.

o ISI-CV is the variance between consecutive time gaps. (2) Neuron protection

We test 2 methods of neuron protection mechanisms based on ISI-CV. First one fully freezes a subset of
neurons, while the second one uses an ISI-CV based ranking to apply a soft freezing factor.

= What does this mean ?
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> > Test ISI-CV and alternatives on spike-based datasets, with richer temporal dynamics.
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Evaluate how much ISI-CV plasticity helps in the training process and evaluate it on
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larger SNN architectures and datasets.

3. Research Questions

The main research question is broken into multiple sub-questions that are each
tested in a series of experiments. Can temporal spike stability, measured using
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Evaluate how neuron parameters and input encoding affect temporal stability.
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Develop direct methods that use temporal stability without destabilizing FF training.
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