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SNNs Are Promising for Efficient Edge Al
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Spiking Neural Networks, SNNs:
e Third Generation of Neural Network
e Use binary spikes, 0/1, to mimic brain-inspired computation

e Event-driven and sparse computation



. Commodity Hardware Cannot Fully Exploit Spike Sparsity

« Heavy Computational Burden
« High Energy Consumption

Neuron Resource-wasting
Feature Map

Gs it possible to make SNNs edge-friendly and tame the computations mostly on active "1" spikes?>
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. Three Key Designs to Achieve Real Efficiency for SNNs

The Detailed Process of Spik4lite

e SOPs-guided Energy-aware Gating
e Differentiable Gating via Hard Gumbel-Softmax

e Physical Channel Removal for Real Efficiency
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Better Accuracy-efficiency Trade-off on Commodity Edge Device

. Batch Top-1 Latency Peak Mem. Param. SOPs Energy

. Dataset Architecture Size T Acc.(%) (s) (MiB) (M) (M) (J)

Experiment Setup: Spikformer-4-384 128 4 9524 097 2614 933 82264 534

+ Spikdlite 128 4 9415 055 1613 285 32149 3.8

e Training: NVIDIA RTX4090 CIFARI0  SD-Transformer-2-512 128 4 9541 0.92 2654 1028 75262  5.34

+ Spikdlite 128 4 9478 065 2243 534 47447 364

. ) Spikingformer-4-384 128 4 9507  0.95 2643 932 44285 542

e Evaluation: NVIDIA Jetson Orin Nano 8G + Spikdlite 128 4 9443 061 1817 286 28040 342

Spikformer-4-384 128 4 780 1.04 2615 936 103824 572

. + Spikdlite 128 4 7419 056 1840 254 36680 3.8
Results: b

CIFARIO0  SD-Transformer-2-512 128 4 7897  0.88 2655 1028 83588  5.11

+ Spikdlite 128 4 7625 079 2526 606 60178  4.43

0 Lower parameters & memo ry Spikingformer-4-384 128 4 79.07 1.68 2644 932 53371  9.74

+ Spikdlite 128 4 7707 072 1893 505 37866  3.96

: : Spikformer-4-384 6 16 799 0.54 2725 259 85078 34

@ Lower Synaptic Operations (SOPs) + Spikdlite 6 16 764 0.51 2702 173 49826 281

CDVS  SD-Transformer2-512 16 16 79.3 0.94 2623 257 230239 5.08

@ Lower latency + Spikdlite 6 16 781 0.71 1970 144 90602 391

Spikingformer-4-384 6 16 807 0.55 2725 257 74547 352

® Lower ener + Spikdlite 6 16 771 0.53 2703 179 52905  3.34

gy Spikformer-4-384 16 16 9688 071 2725 259 55483 433

+ Spikdlite 16 16 941 0.66 2699 0.65 20771  4.09

@ Competitive accuracy e oS SD-Transformer-2-512 14 16 9756 165 2997 257 255185 9.4

+ Spikdlite 14 16 941 0.46 2390 0.63 17021 285

Spikingformer-4-384 16 16 9826  0.63 2725 257 53578 384

+ Spik4lite 16 16 94.79 0.59 2701 1.11 438.85 3.54
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Real Energy Saving on Commodity Edge Device
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. Conclusion

Spik4lite: Unleash the capability of SNNs on commodity edge devices without relying on specific hardware

* Bridging the hardware gap. Spik4lite bridge the critical hardware gap to fundamentally improve the
accuracy-and-efficiency trade-off of SNNs on non-neuromorphic chips, extending their practical usage
boundary.

* Real computation reduction. Spik4lite directly translates theoretical SOPs reductions into practical
computation reduction, thereby guaranteeing optimal energy efficiency for edge deployment.

e Efficient plug-and-play implementation. Spik4lite is compatible with existing SNN-Transformers, it can
serve as a plug-and-play module to upgrade current SNN-Transformer models.
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