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There is a long standing link between neural networks and
spin systems
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We are at a convergence point for spin-based neural networks

Progress in nanotechnologies Demand<f applications: ultrdow power Al

* Human brain: 20 W

* Training the GPT-3 language model:
190,000 kWh
— 1,000 years of brain operation!
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Neuromorphic chips can reduce the energy consumption of Al
by several orders of magnitude
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The dynamical properties of spintronic devices are an asset for
neuromorphic computing
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Pattern recognition requires separating then grouping data

Input data
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We can use the complex dynamics of a spintronic nano-

oscillator to separate input spoken digits, leading to a
recognition rate > 99.6%
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Coupled oscillators classify inputs
patterns through synchronization
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Challenges for building hardware neural networks are the
number of components and their connectivity

Image recognition: Ineuronsand synapses
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1 ¢ Radiofrequencyspintronic neural networks

2 ¢ Spinbasedneural networklearningalgorithms



Our idea is to build deep neural networks where components
communicate through radio-frequency signals
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Magnetic tunnel junctions multiply input RF signals by a
synaptic weight

Tunable
weight
~—~~ S o~ ~~ L
Tuning weight 3_ 5 %_ %.
by DC current s = "
o 38§
= ; =
200 nm 9 ,a 8
........... O L O
O 1 X A
100 200 300 400 1 2 3 4 5
Frequency (MHz) RF power (uW)

Nathan Leroux, Alice Mizrahi et Blhysical Reviewppliedl5, 034067 (2021)

13



Voltage (uV)

Weighted sum operation on RF signals is achieved
through frequency multiplexing
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Neurons-to-synapses connection
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Fully spintronic hardware neural network
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Comparison with other nanotechnologies



We have built the first multilayer fully-nano neural network

Memristor nanesynapses
connectedby off-the-shelf
neuroncircuits
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Spintronic RF-to-DC and DC-to-RF conversions enable a
nice propagation of signals along the multilayer stack
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Connectivity



Most physical systems are naturally locally connected

Spinicelattice D WavesquidQubits

J. C. Gartside et al, Nature Nano 83,(2018)

8 qubitsconnectedall to allthroughJJs

Eachmagnetis connectecto 4 others 2000 spins in total, butnly ~50 spinsanbe

coupledall to allthroughembedding
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Our concept is a sneak path free alternative to crossbar arrays

RHrequencymultiplexing
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Towards deep RF spintronic neural networks

First experimentaldemonstration ofcommunicationbetweenmultiple layersusingnano-devices
Non-linear classificatiorof two inputs withhigh accuracy

10f¥synapse and 10€Y¥ neuronfor MTJswith 20 nmdiameter. 100fold energygaincomparedto GPUs
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1 — Radiefrequencyspintronicneural networks

2 ¢ Spinbasedneural networklearningalgorithms



Hopfield nets compute by minimizing an Ising energy
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Modern algorithms minimize the error at the network output

Locallearningrules Backpropagatiorof errors

Brainlike , w Costfunction.0 - w O

Hebbianlearningrules(1949):who firestogether
wirestogether

Easyto implementin hardware Hard toimplementin hardware
Lowperformance oncomplextasks High performance orromplextasks 26



Equilibrium propagation minimizes both the energy and the
output error of the system
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Equilibrium propagation directly backpropagates gradients
through neuronal dynamics
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Our recent work: bridging Equilibrium Propagation and
hardware
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The local learning rule of Equilibrium Propagation (EP) leads
to high recognition rates on image benchmark tasks
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We have implemented a full neural network and trained it
to solve MINIST through Equilibrium propagation on the
D’Wave quantum computer

Isingmachine

Work of Jéerémie Laydevamnd DanijeldMa r k ov i ¢C




15t challenge: design a binary version of Equilibrium
propagation compatible with Ising machines

A D-waveisan Isingmachinebasedon 2-statesqubitsi
O -B 0ii B i
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A We havedemonstratedin softwarethat EP train®BinaryNeural
Networks byusingadvancedViachine Learningnethods

A Binarysynapses (CIFAR 10) J. Laydevant, M. Ernoult, D. Querlioz, J. Grollier,

A Binarysynapses andeurons(MNIST) arxiv 2103.08953, published in the Conference
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2"d challenge: mapping a neural network that can classify
handwritten digits from the MNIST database to the chip layout

784 (28x28) inputs

\ 120neurons
ddenlayer
\\\\ 40 neurons

28x28 pixels

»

embedding

e";’g‘a
"%’ PAX
"e 3 o=

Clusters of 4x4oupled

superconductiveubits
5000qubits etc... etc...
1 g u bneurondue td the chigayout \ : ;



3" challenge: hacking the quantum annealing procedure to
reach the two different equilibrium points needed for EP

Energy (Joules)
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Free phase = quantum annealing Nudge phase = reverse quantum annealing
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First end-to-end supervised training of a neural network in an
Ising machine (D-Wave) with software-equivalent accuracy (85%)
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In the future, theaccuracycanbe improvedby increasing

- the numberof presentedimages in thalatabase
- the numberof hardware spins



Spinbasedlearning
algorithmscan solve
standard Atasksand
achieveSOTAaccuracy

Spintronicnanodevices
communicatinghrough RFsignals
canimplementlargescaleandlow
power hardware neural networks
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Learning with high accuracy and low power is the main
challenge of neuromorphic chips

Neuromorphicchipstoday.
Limited toHandwrittendigit
classification

On-chiplearningcircuits aregreedyin energyand area
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Equilibrium propagation replaces gradient computation
by gradient measurement
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Can we train a hardware neural network through it physics,
without additional « artificial circuits », with low power, and with
high accuracy despite component variability, like in the brain ?
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