Towards deep neural networks with
spintronic nano-oscillators as neurons
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Training neural networks on computers is
extremely power inefficient
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Orders of magnitude in energy can be saved by
assembling physical synapses and neurons in

neuromorphic chips
Nano

neurons
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Hundred millions of neurons and synapses in a 1 cm? chip
— Each device smaller than 1 um?




Neurons are non-linear and synapses are valves
with memory
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Neurons are non-linear and synapses are valves
with memory
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State-of-the-art neural networks are deep:
they extract features layer by layer
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High performance neural networks are
trained through backpropagation of errors

Forward pass: inference Backward pass
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The challenges of neuromorphic computing today are:

 To fabricate optimized synapses and neurons
* To build deep networks (successive MACs)

* To implement backpropagation



Filamentary switching

Phase-change

Organics Optics

Spintronics neural nets



Spintronics is a toobox for neuromorphic

computing
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Spin-torque nano-oscillators can be used as
radio-frequency neurons

Nanoscale, fast (GHz), non-linear and easily measurable

magnetic tunnel junction
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Deep learning through RF communications?
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Step 1: Single oscillator

Due to its rich dynamics the nano-oscillator recognizes spoken digits with a
success rate > 99.6%

TI-46 database, 5 female speakers, cochlear pre-processing

Voltage ‘One’

- i o

Amplitude

Time Spintronic oscillator

J. Torrejon, M. Riou, F. Abreu Araujo et al, Nature 547, 428 (2017)
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Step 2: single layer neural network

Three nano-oscillators recognize patterns by synchronizing to each other
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Task for the oscillators:
binding temporal events

Neurons 1, 2, 3
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Each oscillator deals with one spike

Neuron spikes

/ N

Is this cheddar ?

J. J. Hopfield et al, PNAS 98, 1282 (2001)

If the oscillators
synchronize, yes,
this is cheddar
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A ramp is generated when a neuron spikes,
mutual synchronization occurs if ramps converge
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We train three spintronic oscillators to
recognize ‘Cheddar’
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Recognition rate (%)

The recognition rate is close to the
perceptron despite the simple

learning rule
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Step 3: RF communication between the

two layers of a spin-torque oscillator
neural network

Inputs: vowels f, VW\/> «\WWW

f

First neural layer:
microwave sources

!

LU

layer: oscillators l Outputs: 320 340 360 380
synchronized states Frequency (MHz)

Spectral power
density (W MHz™)

M. Romera, P. Talatchian et al, Nature 563, 230 (2018)
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85% success rate

Fixed synapses
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Plastic synapses are necessary to separate
data with complicated boundaries

Fixed synapses Plastic synapses
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We need trainable synapses and MAC
operations to build deep networks

Synapses that
convert RFto DC ?

24



Nathan Leroux Danijela Markovic Alice Mizrahi

Ph.D Student, Post-doctoral Researcher,
CNRS researcher, CNRS Thales Company

Nathan Leroux, Danijela Markovic¢, Alice Mizrahi et al, in preparation -



The spin-diode effect converts RF to DC in
magnetic tunnel junctions

Amplitude of resonance
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The spin-diode effect acts like a synapse

Vpe (MV)
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The spin-diode effect acts like a synapse

Vpe (MV)
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We can use for synapses the same junctions as neurons!
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The MAC operation (Multiply and
Accumulate) can be achieved through
frequency multiplexing

Spin diode synapses
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Simulations show that the MAC operation
can be achieved even with non-linearities
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A simulated perceptron with realistic device

parameters recognizes digits through
backpropagation!
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We can cascade junctions as neurons
and synapses

Neuron Synapse Neuron
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RF deep networks can be built with
ultra high density

Neurons  gynapses Neurons  synapses Output neurons

Frequency filtering by input
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In progress: simulations and experiments



The challenges of neuromorphic computing today are:

 To fabricate optimized synapses and neurons
* To build deep networks (successive MACs)
* To implement backpropagation

We have developed solutions to these challenges for

... Can’t wait to be fully back in the lab ;)
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