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A new way to learn:
Hamiltonian Echo
Backpropagation

Victor Lopez-Pastor & F.M.
Phys. Rev. X 13, 031020 (2023)
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ARTIFICIAL NEURAL NETLWORKS
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Training neuromorphic devices

Physical setup
Man

Simulation
afmodel

Reservoir Parameter shift Hybrid method
computing method Wright,Onodera,...,
McMahon 2022

Physical backprop. for Equilibrium
special systems Propagation , .
: Physical backpropagation
Wagner & Psaltis 1987 Scellier,..., Bengio 2017 e
Hughes,...,Fan 2018 Stern,...,Liu 2021 Physical parameter update

Guo,...,Lvovsky 2021



PHYSICAL SELF-LEARNING MACHINE
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COMPARE ...

PSALTIS ET AL HUGHES, .., FAN
13%F ff) (2018)
NONLIN. OPTICS GENERAL PHYSICAL
SELF-LEARNING BACKPROY
BUT: NEED TO BUT: NO PHYSICAL
ENGINEER PDATE
FORWARD vs
BACKWARD

TRANSMISSION
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Victor Lopez-Pastor & F.M., Phys. Rev. X 13, 031020 (2023)
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NONLINEAR OPTICS

EXAMPLE: INTEGRATED PHOTONICS
WAVEGUIDES & NONLINEAR RESONATORS
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BulLD ON OPTICAL NEURAL NETIJORKS:

WAGNER & PSALTIS (1333 f), SKIMWER €T AL (1235),
SHEN,.., ENGLUND, SOoLJACIC (2013), HUGHES,...,FAN (2018),
GUO,..., LVOVSKY (2019), FELDMAN,.., PERNICE (2019), . ..
REVIEW : WETZSTEIN ET AL (2020)
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Nonlinear
neuromorphic
system from linear
wave scattering

Clara Wanjura & F.M. arXiv 2308.16181



typical optical neuromorphic system

nonlinearity for expressivity
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typical optical neuromorphic system

nonlinearity for expressivity

mm) NONLINEAR - gijrpy
X SYSTEM y

y = f(x)

optical nonlinearities (but: power levels)
optoelectronics (but: delays, power)
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Training

Gradient descent on cost function
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Training

Gradient descent on cost function
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Challenge: obtain gradients efficiently
for a physical system!
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Backpropagation on a model (but: model?)
Hamiltonian Echo Backpropagation (time-reversal)
Equilibrium propagation (relaxation system)



Training
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Simple tight-binding model
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Simple tight-binding model
Training on handwritten digits
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Better accuracy than purely linear neural network



Possible optical implementation
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Fully nonlinear neuromorphic
learning machine based on linear wave
scattering

...Should work in many platforms
simple training, simple inference

C. Wanjura, F. Marquardt arXiv: 2308.16181

similar ideas & free-space experiments:

M. Yildirim, N. U. Dinc, |. Oguz, D. Psaltis,
and C. Moser, arXiv:2307.08533

F. Xia, K. Kim, Y. Eliezer, L. Shaughnessy, S. Gigan,
and H. Cao, arXiv:2307.08558



Physical selt-learning machines as new
tools for machine learning

Hamiltonian Echo Backpropagation
General physical training procedure

/™ Victor Lopez-Pastor & F.M.
i Phys, Rev. X 13, 031020

Nonlinear neuromorphic system
via linear waves

Suitable for any linear platform

Clara Wanjura & F.M. arXiv 2308.16181




