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• Information transmission through spikes instead of activation values

• Energy efficiency

– # of spikes = energy consumption

– Sparse spiking events and event-driven computation

– HW support: neuromorphic chips (ex. IBM’s TrueNorth, Intel’s Loihi)

Spiking Neural Networks (SNNs)



• For SNNs, the suitability of architectures 

has been rarely investigated.

• We leverage neural architecture search (NAS)

to find more suitable SNN architectures.
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Q. How do we design NAS pipeline to search for energy-efficient SNNs?
 Contribution 1. Analyze and propose desirable design choice of SNN search space
 Contribution 2. Propose spike-aware evolutionary search algorithm



Architectural Analysis and Search Space Design

Base architectures Spiking building blocks
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Architectural Analysis and Search Space Design

1) A global average pooling (GAP) layer with spiking neurons is not suitable for SNNs.

2) Max pooling layers are best-suited for down-sampling in SNNs.

3) Spiking inverted bottleneck blocks generate large number of spikes.
※ with spike regularization



• Based our findings, we defined our search space based on SNN_1

• When training 100 architectures that are randomly sampled from each search space:

Search Space Quality



One-shot NAS and Spike-aware Evolutionary Search

Using training data Using validation data

𝑁: # of spikes of architecture 𝐴
w.r.t. validation data

𝑁avg: # of averaged spikes of all 

architectures w.r.t training data

𝜆 < 0: to minimize # of spikes

Spike-aware fitness 



Results

Architecture searched by AutoSNN

Frontier performance in the acc-spikes region Transferability to other datasets
(static datasets, neuromorphic datasets)



• Goal: How to facilitate NAS for SNN domain that overlooks architectural importance

• AutoSNN

– Architectural analysis on accuracy and energy-efficiency

• Derive the energy-efficient search space

– Spike-aware evolutionary search

• Super-network training: direct training method for SNNs

• Searching: evolutionary search algorithm with spike-aware fitness design

– Demonstrate the superiority of AutoSNN on various datasets

Summary
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