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The idea of neural networks comes
from the biological brains and neurons
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Current Al's are performant
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Current Al's are performant
But not energy-efficient

AlphaGo: L. Sedol’s brain:

+ | MegaVVatts + 20 Watts
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Current Al's are performant
But not energy-efficient

AlphaGo: L. Sedol’s brain:

+ | MegaVVatts + 20 Watts

Need more energy-efficiency In some applications (e.g. embedded systems)
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Artificial neurons are clock-driven,
Biological neurons are event-driven




Artificial neurons output numbers,

L1 — D.20

zo = 1.35 y = 1.48

L3 — 2.97




Artificial neurons output numbers,
Biological nheurons output events
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with spiking neural networks

* [raining

e Hard to train

e But more and more progress

e Performance

e Comparable to ANNs on simple benchmarks

* | ess performant for more complex ones

* Energy-efficiency
e | essthan | Watt for Loihi 2

* For £ | million neurons and £ |20 million synapses

Data and image: intel.com/content/wwwi/us/en/research/neuromorphic-computing.html
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LIF neurons are used in SNNs
But they do not capture spikes dynamic

¢ Leaky -and-Fire Time

e Simple leaky integrator with a reset

| Input [\
e Spikes manually generated

e Sub-threshold dynamic is purely linear
LIF S~

e Better models to simulate spikes

* [oo complex for machine learning Spikes

Can we find a trade-off ¢
.e., a ssimple model capable of simulating spikes




Spikes can be generated
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Spikes can be generated
by a mixed-feedback system

Membrane
potential
Depolarisation ——— «—— Hyperpolarisation
~ Fast positive feedback ~ Slow negative feedback

Time
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Recurrent neural networks

hlt] = @(x[z], Alt = 1])




Recurrent neural networks
can be seen as dynamical systems

Al } ,

Delay

hlt] = ¢(x[t], h[t — 1]) Small feedback loop
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Controlling feedbacks
leads to a spiking RNIN
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SRC networks can be trained
like usual recurrent networks

e [ested on simple benchmarks (MNIST
and variants)

e Same performance than LIFs |
MNIST Fashion-MNIST

&

Neuromorphic MNIST

* [raining seems to be more stable

e Especially with deeper networks

e Resilient to noise In dynamics

MNIST: LeCun'Y, 1998 - Fashion-MNIST: Xiao H., 2017 - Neuromorphic MNIST: Orchard G, 2015
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