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Motivations

1. Spiking Neural Networks (SNNs) offer a biologically plausible and energy-efficient computing paradigm characterized
by sparse, event-driven signaling and intrinsic temporal processing capabilities.

2. Synaptic heterogeneity, which is widely observed across brain regions and cell types, has been largely overlooked in the
design of SNNs, and its computational potential remains underexplored.
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Neural Dynamics

Methods

Model Structure

( . \ 10 - TR S Synapse
. Vanilla LIF I | Fnoron pPeg Firing [
| | 84 | [ oo Ul o,
I dV V — Vi 5 . : " TR T —
2 . i) _ 9. — 6 TN |
L T +ijz 6( ) " Zé(t 8) : g T TR I =

" s4 010 e
: Vt . Vt—l t J t—1 t ¢ : | I I
I =P +Zwi'zi_ & ?=H(V"'-9) | 2 L0l o
, ; I SO O N [ GO N I | .1 i
N e e e e e e e e e e e e e e e e e e e e o e e e e o e e e e o - ! ' ' _—— ) ' tempo::l

Equipped with HetSyn
Generalization
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, PRREINORATR, Experiments

We demonstrate that HetSynLIF not only improves the performance of SNNs across a variety of tasks, but also exhibits
strong robustness to noise, enhanced working memory performance, and efficiency under limited neuron resources.

Performance on Pattern Generation Task Performance on Delayed Match-to-Sample Task
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Performance on Speech Recognition Accuracy Comparison on Four Datasets
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