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* Spiking Neural Networks (SNNs) utilize biologically-inspired
spikes for energy-efficient communication and computation, b
making them ideal for on-chip learning.

* Spike Timing Dependent Plasticity (STDP) is a learning rule :
where synaptic strengths are adjusted based on the timing of B
spikes between neurons, mimicking biological learning processes.

 Ensemble Learning trains multiple models in parallel on
lightweight devices and then merges them.

¢ Challenges:

« Distributed datasets create heterogeneity among models.

* Merging models with similar neuron characteristics leads to||.
redundancy. B

e Current methods are not fully STDP-based, limiting efficient
on-chip learning.

* Objective: This research addresses these challenges to enable
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efficient on-chip ensemble learning. b
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processed weights from the To remove redundancy of the neurons and keep the final model

edges, fche Server COF‘dUCtS compact, two compression methods are investigated in this research.
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