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Deep Neural networks run on unoptimized hardware
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Energy consumption of AI 

E. Strubell et al, https://arxiv.org/abs/1906.02243v1 (2019)
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Current CMOS processors cannot run future AI
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Training neural networks on todays computers is 
extremely power inefficient

5

proces-
sing

memory

Digital computer: 

synapse

neuron neuron
memory

processing

Brain : 20 W

processing

CPUs, GPUs, TPUs, FPGAs
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Natural Language Processor

6 years of brain operation 

D. Marković et al, "Physics for neuromorphic computing", Nature Review Physics 2020



Orders of magnitude in energy can be saved by 
assembling physical synapses and neurons in 
neuromorphic chips
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Hundred millions of neurons and synapses in a 1 cm2 chip 
 Each device smaller than 1 µm2

Nano
neurons

Nano
neuronsNano-synapses



CMOS neurons and synapses are complex circuits 
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• A transistor is nanoscale but it is just a switch

• CMOS does not provide memory (volatile)

10-100 µm

Brainscales 20 wafer machine. 4M neurons, 1B synapses 

CMOS neuron

CMOS synapse 10 µm

Merolla et al, Science 345, 668 (2014)



Transistors alone won’t do the job: they should be
complemented by emerging nanotechnologies
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Zhang et al, Nature Electronics 3, 371 (2020)
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The power of novel nanotechnologies for AI

9



They are multifunctional: they can emulate many
features of neurons and synapses

Phase-change

Optics

Filamentary switching

Ferroelectrics

Organics Spintronics
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Non-volatile memristors emulate synapses
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Filamentary switching Phase change

Chua, IEEE Trans. 

Circuit Theory (1971)

Yang et al., 

Nature Nano. (2013)

Kuzum et al, 

Nanotechnology (2013)

Ferroelectric

Chanthbouala et al, 

Nature Mat. (2012) 



Volatile memristors can be used as neurons

NDRR

V0

VO2, NbOx …

Pickett et al, Nature Mat. 12, 114 (2013)               S. Li et al, APL 106, 212902 (2015) 12
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Spintronic oscillators can be used as radio-frequency neurons
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CoFeB

FeB

MgO

spin  torquemagnetic tunnel junction

compatible with CMOS

10-100 nm
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J. Torrejon et al, Nature 547, 428 (2017) M. Romera et al, Nature 563, 230 (2018)



Deep learning through RF communications?
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Novel nanotechnologies open new ways to interconnect
synapses and neurons

Cortex: 104 synapses / neurones = 104 wires/neurons
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3D interconnections

A. Fernandez- Pacheco et al, Nature Com. 8:15756 (2017)

CMOS Photonics

Spintronics

M.M. Shulaker et al , Nature 547, 74 (2017)

Heterogeneous integration
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Novel nanotechnologies are integrated in major foundry
process : they will become commercially available soon

Intel: MRAM 
integrated into 22nm 
FinFET CMOS

Bocquet, …, Vianello, Portal, Querlioz, 
IEEE IEDM, 2018

RRAM

TE

BE

CEA LETI: 130nm CMOS + HfO2 RRAM 

Memristors
ReRAMs

Spintronics
magnetic tunnel junctions

Phase Change

ST microelectronics
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The downside of novel nanotechnologies for AI
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Nanodevices are by essence noisy, imperfect and highly
variable from device to device

Zhang et al, Nature Electronics 3, 371 (2020)

Panorama of memristor synapse faults

First fully integrated memristor/CMOS chip: only
92% on MNIST due to device variability
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Backward pass

They are hardly compatible with the flagship training 
algorithm of deep neural networks: backpropagation of errors

Yann Lecun, Yoshua Bengio and Geoffrey Hinton, Nature 521, 436 (2015)

Forward pass: inference

∆𝑤 = −𝛼
𝜕𝐸

𝜕𝑤

∆𝑤

𝑤
< 10−5

20



Software

Instruction Set

Architectures

Circuits

Primitives

Information encoding

Physical devices

Effective use of new devices 
requires working across the 
whole computational stack
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Three main approaches

1- implement backpropagation

2- make backpropagation more hardware-compatible (top-down)

3 - find new ways to perform hardware-compatible learning (bottom-up)
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1- Implement backpropagation
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Efforts on hardware side to improve nanodevice properties
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• Complementing memristors
with high accuracy weight

Ambrogio et al, Nature 558, 60 (2018) 

Accuracy
on MNIST 
98%

Li et al, Nature electronics 1, 52–59 (2018)

• Optimizing memristor properties



Efforts on algorithmic side to decrease required precision
though pruning and quantization
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XNOR nets, Rastegari et al, arXiv:1603.05279  binary synapses at inference

However, high precision weights and large networks still required for training 



Three main approaches

1- implement backpropagation

2- make backpropagation more hardware-compatible (top-down)

3 - find new ways to perform hardware-compatible learning (bottom-up)

Geoffrey Hinton
AI pioneer
Turing Prize

Can the brain do 
backpropagation?
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2- make backpropagation more hardware-
compatible (top-down)

27



Use random weights for propagating error backwards

https://arxiv.org/pdf/2006.12878.pdf
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Make backpropagation compatible with spiking neural 
networks

Learning signal Eligibility trace
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3 - find new ways to perform hardware-
compatible learning with high accuracy
(bottom-up)
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Backpropagation requires cumbersome external circuits and 
additional memories to store activations and gradients

Lillicrap et al, "Backpropagation and the brain", Nature Reviews Neuroscience (2020)

There are no 
external circuits, no 
additional memories
in the brain: how are 
gradients computed, 
stored and applied to 
synapses ?
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Backward pass
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Learning through physics: networks that minimize their error
at the same time as they minimize their energy

Cost function

s  neuron state 
ρ neuron rate = neuron output

𝑑𝑤𝑖𝑗

𝑑𝑡
= ሶ𝜌(𝑠𝑖)𝜌(𝑠𝑗) + ሶ𝜌(𝑠𝑗)𝜌(𝑠𝑖)Learning rule:

B. Scellier & 

Y. Bengio, 

Front. Comput. 

Neuroscience

04 May 2017
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Learning through physics: networks that minimize their error
at the same time as they minimize their energy

Cost function

The EP learning rule is equivalent to Backpropagation 
through time

s  neuron state 
ρ neuron rate = neuron output

𝑑𝑤𝑖𝑗

𝑑𝑡
= ሶ𝜌(𝑠𝑖)𝜌(𝑠𝑗) + ሶ𝜌(𝑠𝑗)𝜌(𝑠𝑖)

M Ernoult, J Grollier, D Querlioz, Y Bengio, B Scellier, NeurIPS 2019 

Learning rule:

B. Scellier & 

Y. Bengio, 

Front. Comput. 

Neuroscience

04 May 2017
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Conclusion

34



Future high performance, low power AI requires
emerging nanotechnologies and physics

Software

Instruction Set

Architectures

Circuits

Primitives

Information encoding

Physical devices

Effective use of new devices 
requires working across the 
whole computational stack
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