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Domain wall logic
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Domain wall logic
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By sampling many times (or have many parallel devices) we go from binary to analogue



Magnetic synapse

L ab: resemble the same device K times

Stochastic perceptron

£ 1
O O
k

Y \9@0
N
W “%,

OL j
MNIST Subsampled 1

Input "
One perceptron for each y. (i.e. numbers 0-9)



Magnetic synapse

Stochastic perceptron
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Magnetic synapse
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Magnetic synapse
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An algorithm that learns from the variance
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Physical reservoir computing
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Nanomagnetic (Spinice) reservoirs
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Overparametrisation in physical systems
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Overparametrisation in physical systems
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Digital twins via Al techniques
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NanoRing arrays

Domain walls Magnetic field

Negoita, Hayward, Allwood, APL (2012)



NanoRIng array device
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_earning the device noise
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‘he importance of noise in transterapility
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Summary

- Variability and scalability are key challengers for neuromorphic computing.
- Noise-aware models and optimisation methods can help with these challenges.

- Results demonstrate the double descent phenomenon as a property of over-parameterised
models that can be exhibited by physical systems.
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