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Supplementary Information

Temporal spike contribution score (TSCS)

[bookmark: _GoBack]Based on the work from 39, we compute the temporal spike contribution score (TSCS). At time , TSCS reflects the impact of past spikes occurring at an earlier time . TSCS can be calculated by the following equation

         (1)
where  regulates the sharpness or steepness of the exponential kernel function. We compute TSCS for all excitatory neurons and all spike times.
For a single neuron the neuronal contribution score (NCS) is then computed by summing all TSCS values of previous spikes.
                 (2)
where,  is the NCS of neuron  and  is the set of previous firing times of neuron .  A neuron exhibits a high NCS if it frequently spikes within a brief time span.
In our implementation we compute, for each neuron, TSCS () for all spike times. Then, at discrete time steps (time step = 2200ms), we sum all TSCS values a neuron has had so far. Thus, at time t, we calculate TSCS for all the times (t') the neurons had spiked (pi) before t, then sum them all together. We do this for 50 time-steps and then plot the evolution of the NCS values over these time steps.


Joint Triplet STDP and STP training
We conducted a new experiment to compare the performance and computational properties of SNN learning when STP is incorporated during the training phase versus after training over 15 epochs. The results demonstrate that joint Triplet STDP and STP training significantly improve performance over the approach that uses only the Triplet STDP for training (pipeline 0) across all datasets (Table.S1). This improvement, however, comes at the cost of much higher computation times approximately double those of the baseline approach (126-128 minutes). We did not investigate the best-performing k value for the joint Triplet STDP and STP training. The k values utilized are 6, 20, 9, and 8.5 for MNIST, EMNIST, noisy MNIST, and noisy EMNIST datasets, respectively. Training with joint Triplet STDP and STP requires significantly more computational resources compared to the proposed approach. This is because, in each epoch, STP is integrated into the learning process, necessitating updates to the excitatory conductance of synapses at each time step. These updates depend on two variable factors (w and component kwr_s), leading to substantial computational costs during training. In contrast, our method reduces computational overhead by keeping the weight (w) constant after the training phase. To further explore the integration of STP into the training phase, a more thorough investigation is required in future work.

	Models
	Test accuracy(%)
	Time
(minute)

	
	MNIST
	EMNIST
	Noisy MNIST
	Noisy EMNIST
	

	Pipeline 0
	80.5%
	79%
	58%
	73%
	~68-70

	Pipeline 1
	83.5%
	84.5%
	66.5%
	77.5%
	~71-73

	Pipeline 2
	86%
	85%
	75%
	81%
	~102-105

	Joint   training of Triplet STDP and STP 
	81.5%
	83%
	65.5%
	78.5%
	~126-128


Table.S1. The comparison of accuracies and simulation times of the proposed pipelines and joint training of Triplet STDP and STP on the datasets (10 classes) consisting of 1000 randomly selected images with an 80-20 % train and evaluation ratio within 15 epochs. 
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