A superconducting nanowire spiking
element for neural networks

Emily Toomey*KenSegall Matteo Castellani, Marco
Colangelo, Nancy Lynch, and Karl K. Berggren

Massachusetts Institute of Technology
Department of Electrical Engineering and Computer Science
Quantum Nanostructures and Nanofabrication Group

*contact info: etoomey@Ips.umd.edu



¢t2RII&@Qa O2 YLzl A

A Demands for computation
power are higher than ever
before vdd

Vin Vout
O—e




2 Y LJdz(l A

@]

¢2RI & Qa

A Demands for computation
power are higher than ever
before

11/12/2020 3



¢t2RII&@Qa O2 YLzl A

A Demands for computatior
power are higher than eve
before

Vin Vout
O—e

11/12/2020 4



¢t2RII&@Qa O2 YLzl A

A Demands for computation
power are higher than ever
before

1976

11/12/2020 5



O2 Y L)z A

Q)¢

¢t2RI &Q

A Demands for computation
power are higher than ever
before

11/12/2020 6



¢t2RII&@Qa O2 YLzl A

A Demands for computation 108 |
. e # transistors
Eo¥ver are higher than ever (thousands)
elore 10° . singlethread
performance
A CMOS performance is - (SPECint x 2
struggling to keep up - frequency
(MH2z)
100 e power
(Watts)
10° ¢ #cores
1970 1980 1990 2000 2010 20720

year

source: S. Roloff et al., Modeling and Simulation of Invasive Applications and
Architectures,Springef(2019)

11/12/2020 7



¢ 2RI

A Demands for computation
power are higher than ever
before

A CMOS performance is
struggling to keep up

11/12/2020

@ Qa 02 Y LJdzi A

energy limit
A
1079
| -
@S
3
‘B 10
Q
>
o
™10
108 >
2010 2020 2030 2040

year

a2 dz2NOSY GwSo6220Ay3 GKS L¢ wS@2tdziazyy
Association and Semiconductor Research Corporation (2015)



¢t2RII&@Qa O2 YLzl A

: iimit
A Demands for computation energy limi

power are higher than ever
before

A

A CMOS performance is
struggling to keep up

Jouleslyear

A Need twoepronged approach:

108
/ \ 2010 2020 2030 2040
1) Alternative computing schemes year

J7

a2 dz2NOSY GwSo6220Ay3 GKS L¢ wS@2tdziazyy
Association and Semiconductor Research Corporation (2015)

2) Low-dissipation materials
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Alternative scheme: spiking neural network

(a) Von Neumann architecture (b) Neurological architecture
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A The brain is poweefficient, highly parallel, and communicates using
spikes

A Memory and processing elements are together in a single cell (neuro
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Alternative scheme: spiking neural network

A Spiking neural networks are a promising platform for-4oower
computing and machine learning

A Hardware approaches in magnetic materfatSMO$% and
memristors struggle withpower consumption

1S. Li et alNanotechnology2017)
2|. Sourikopoulot al.,Front.Neurosci (2017)
SA. Thomas,J. PhysAppl Phys(2013)
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Superconducting nanowires: a kpewer
platform

A Nanowires can drive large voltages while maintaining low power

A No static power dissipation in their interconnects
A Applications: photon detection, amplification, memory
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Superconducting nanowires: a simplified
model

A Superconducting transitioA, resistor in parallel with a switch
A Nanowires haveéntrinsic inductance scales with length

voltage

l. current

superconducting (V = 0)

18

11/12/2020



Superconducting nanowires: a simplified
model

A Superconducting transitioA, resistor in parallel with a switch
A Nanowires haveéntrinsic inductance scales with length

voltage

l. current

superconducting (V = 0)

19

11/12/2020



Generating spiking: nonlinear dynamics

V(t) A

A Nonlinear switching of nanowire coupled with shunt resistor
A Get sustained relaxation oscillations when L/RXhs

Toomey, Eet al.,Phys. Rev. ApR018)



Nonlinear behavior: neuron
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w Voltagegated ion channels control action potential
w Serves as token of information in neural communication
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*E. ToomeyK. Segall, and K. K. Berggterantiers in Neuroscien¢2019)

A Two nanowire oscillators act analogously to the two ¢ébannel$ of a biological
neuron

A Circuit simulations use electrothermal model of nanowiré TrSpice

1P. Crotty, DSchulf and KSegallPhys. Rev. 010)

2BerggrenK. K. et alSUST2018
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The soma: simulating brealistic
characteristics
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Parabolic bursting
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ABursting: alternating between a
firing state and a resting state

Aln neurons, occurs when a slow
variable (C#&) controls its fast
dynamics (Kconductancég

A Parabolic bursting: the
frequency of spiking changes
over the burstingstate

A OtherbehaviorsClasd
responseaxondelayline
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Inductive synapse

inductive synapse

: to target
§—

A Normally, a slow chemical response to a rapid electrical pulse (action poter
A Here we use the charging and discharging of a large inductor to control tarc



Inductive synapse
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A Bias condition of main neuron determines type of control
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