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Tackling Reliability and Scalability via Noise-aware Learning

Challenges in Neuromorphic 
Computing



Neuromorphic Computing

Challenges

• Variability 

• Scalability 

• …
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AI



Variability

Challenges

DALL-E



Domain wall (DW)

Vortex DW holds binary information
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By changing h we can manipulate 
the passing probability

Magnetic 
field h

Domain wall logic



DALL-E



wij = 1 with probability  f (hij)
0 otherwise

Magnetic 
field h

Domain wall logic



Magnetic 
field h

Domain wall logic

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



Magnetic synapse Lab: resemble the same device K times



Magnetic synapse

yi = f(hij, xj)

Adjust the field for each synapse 
to get the “desirable” output

ℒ = g(yi, yd
i )

Δhij ∝ −
∂ℒ
∂hi,j



yi =
1
K ∑

j
∑

k

w(k)
ij xj

ỹi = μi + σiξi, ξi  sample from N(0,1)

μi = ∑
j

f(hij)xj

σ2
i =

1
K ∑

j

f(hij)xj [1 − f(hij)xj]

Magnetic synapse

k=1

k=128

Neuron output value
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yi =
1
K ∑

j
∑

k

w(k)
ij xj

ỹi = μi + σiξi, ξi  sample from N(0,1)

μi = ∑
j

f(hij)xj

σ2
i =

1
K ∑

j

f(hij)xj [1 − f(hij)xj]

Δhij = − η
∂ℒ(ỹ)

∂ỹi

∂ỹi

∂hij

= − η
∂ℒ(ỹ)

∂ỹi ( ∂μi

∂hij
+

∂σi

∂hij
ξi)

mean variance

Magnetic synapse

η:  learning rate



An algorithm that learns from the variance

σ2
i =

1
K ∑

j

f(hij)xj [1 − f(hij)xj]



Transferability to Hardware

Effective due to noise modelling



Scalability

Challenges

DALL-E



Physical reservoir computing

y = WT
outx

F (s(t), s(t − δt), …, t; Win)

Learning only output connections

Exploit high dimensionality and 
non-linearity to achieve  a “rich” 
representation

Spin Ice

Ferromagnetic resonance 
(FMR) spectroscopy

Happ = H0 + Hscale * S(t)

Cannot satisfy their preferred alignment at once



Nanomagnetic  (spin ice) reservoirs

dx(t)
dt

= β
x(t − τ)

1 + x(t − τ)n
− γx(t)

Square macrospin-only (MS);  Width-modified (WM); Disorderded Pinwheel  (PW).



Physical neural network

Shallow learning

Simple connecting criteria

Low memory to high memory reservoir 
Pick one output frequency channel (per node) 
Choose channel by  
• Corr with past inputs or 
• NL=1-R2 of channel 
Rescale channel to next node’s input range

Selection of output channels: uncorrelated



Overparametrisation in physical systems

Overfitting



Overparametrisation in physical systems

~40% lower test MSE to the best single reservoir.



Variability + Scalability

Challenges

DALL-E

2021



Many devices lack 
mathematical models

Devices without dependancies through  
time:  Wright et al Nature 2022

Obstacle for interconnecting devices

DALL-E



Digital twins via AI techniques



NanoRing arrays

Domain walls

H

Magnetic field

Negoita, Hayward, Allwood, APL (2012)



NanoRing array device

Dawidek, Hayward et al. (2021), Advanced Functional Materials. 

Happ = H0 + Hscale * S(t)

Rotating field:

Output:

Magnetisation across device

(Non-linear)



Digital twins via AI techniques

Optimising device interconnectivity via digital twins



x̂(t)

dx
dt

= F (x(t), s(t), t)

̂F (x̂(t), s(t), t)

x̂(t)
Numerical 

Method 

ℒ = ∑
μ

∑
t

∑
i

(x(μ)
i (t + δt) − ̂x(μ)

i (t + δt; W))
2

Backpropagation through time

s(t)

x̂(t + δt)

x̂(0) = x(0)

Neural ODEs Chen X. et al, Nat Comms 2022 
Chen RTQ. et al, NeurIPS 2018



Learning the device noise

Noise Noise

Kidger, P.  PhD 2022
Kidger, P.  ICML 2021

Chen X. et al, Nat Comms 2022 
Chen RTQ. et al, NeurIPS 2018Generative Adversarial Network (GAN) 



Classification Tasks



Easier task Harder task

The importance of noise in transferability



Easier task Harder task

The importance of noise in transferability



Regression is unforgiving

Artificial Spin Vortex Ice Devices + NanoRing Arrays Marquez et al, IEEE TNNLS 2018 
Fahlman & Lebiere, NeurIPS 1989

dx(t)
dt

= β
x(t − τ)

1 + x(t − τ)n
− γx(t)

 Mackey-Glass



Regression Task



• 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.

Summary
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Thank you!


