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Can we change the computing paradigm?

Neuromorphic computing with novel devices

Is it feasible? Can it compute?

Wrap up, What’s up



Cliquez pour modifier le style du titre

© CEA. All rights reserved | 3&

Preamble: Information Processing

Operators Memory

Input

Data

Results

Actions

Programming: Algorithms, Heuristics

Learning: With or without supervision

Processing Machine

Stimuli

Energy



Cliquez pour modifier le style du titre

© CEA. All rights reserved | 4&

Preamble: The Information Processing Tryptic

Implementation
Technology

Computing
Architecture

Information 

Coding
Programming

Model

Physical

Implementation

Computing
Paradigm



Cliquez pour modifier le style du titre

© CEA. All rights reserved | 5&

Bit (0,1) and CMOS technology

 Complementary Metal Oxyde Semiconductor

 A pretty good switch (bit)

CMOS inerter (up)

NAND gate (left)

(The function semantics is 

hardcoded into the circuit 

layout)

(source wikipedia)

http://en.wikipedia.org/wiki/Image:CMOS_Inverter.svg
http://en.wikipedia.org/wiki/Image:CMOS_Inverter.svg
http://upload.wikimedia.org/wikipedia/commons/c/cc/N-channel_enhancement-type_MOSFET.JPG
http://upload.wikimedia.org/wikipedia/commons/c/cc/N-channel_enhancement-type_MOSFET.JPG
http://en.wikipedia.org/wiki/Image:CMOS_NAND.svg
http://en.wikipedia.org/wiki/Image:CMOS_NAND.svg
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Von Neumann Architecture

 The Von Neumann architecture is an implementation 
of Turing’s machine

 Together with the idea of program stored in memory, 
the V.N. architecture automates computing tasks

Memory access

VN bootleneck

Logic and 

memory are 

separated

Why did they

name this

after me?

Alan Turing

John Von Neumann



Cliquez pour modifier le style du titre

© CEA. All rights reserved | 7&
7

Microprocesors shrinks
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 The « quasi » perfect fit between binary coding, CMOS 
technology and the VN architecture made for the rapid evolution
of computers.

 Every shrinking step allowed for « free » improvements in 
performances: clock increase, power decrease…

 If this is still true, it’s at the price of clever tricks that have their
share of problems: reducing Vdd, number of cores

The CMOS VN triangle

Intel Sandy Bridge 32 nm

1 Milliard de Transistors

4 coeurs

Computing

ALGO

CMOS

BIT

Gordon Moore
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 With 22nm CMOS

 The cost of switching 1 bit in a  transistor is approximately 10-18 joule

 The cost of moving 1 bit on a wire is approximately 10-12 joule / mm

 Moving a 64 bits word on a 1cm bus @1GHz requires 0.64 W/cm!

 Moving data requires much more energy than computing!

The cost of data movements

Source: Bill Dally, « To ExaScale

and Beyond »

www.nvidia.com/content/PDF/sc_2

010/theater/Dally_SC10.pdf 
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Data Growth

Moore's Law

le gap du "data 
deluge"

 In 2010 (a long time ago) the world generated more than 1.2 zetta bytes 
(1021) of new data

 -> 50% more that all data previously generated, and we’re in 2015!!!

 The amount of data increases faster that the computing power

Data deluge

1 DVD ~ 5 GB

1 ZO = 1 DVD stack
300000 km high
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OK, What can be done then

Could we imagine something
different? another paradigm?
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C. Gamrat

Which Computing Paradigm?

Which Computing 

Paradigms?

Reconfigurable
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 Parallélisme Massif

 Passage à l’échelle (scalability)

 Très faible puissance

 Tolérance à la variabilité

 Idéal pour le traitement des informations naturelles

 D’importants programmes de recherche sont en cours: FET-FlagShip
Human Brain Project

Neuromorphic Computing

C. Gamrat

1.1 x 104 1.5 x 107 6.2 x 109 1.1 x 1010
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Neuromorphic Computing, an old story!

[1] W. S. McCulloch and W. Pitts, “A 

logical calculus of the ideas

immanent in nervous activity,” Bull. 

Math. Biophysics, no. 5, pp. 115-

133, 1943.

Warren McCulloch

Walter Pitts
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Perceptron: first neuromorphic engine

[1] F. Rosenblatt, “The perceptron: a 

probabilistic model for information 

storage and organization in the brain.,” 

Psychological Review, vol. 65, no. 6, pp. 

386-408, 1958.

(Robert Hecht-Nilsen: 

Neurocomputing, Addison-Wesley, 

1990)

Frank Rosenblatt
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[1] M. L. Minsky and S. A. Papert, 

Perceptrons: An Introduction to 

Computational Geometry. The MIT Press, 

1970.

The big depression of the 1970’s

Marvin Minsky & Seymour Papert

• Minsky an Papert’s book on 

Perceptrons is seen by many as the 

cause of the drop in ANN research

(the XOR problem)

• But that’s not fair to their work.

Kunihiko Fukushima

[1] K. Fukushima, “Neocognitron: A self-

organizing neural network model for a 

mechanism of pattern recognition 

unaffected by shift in position,” 

Biological Cybernetics, vol. 36, no. 4, 

pp. 193-202, 1980.
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1981, Let’s Roll again

[1] J. J. Hopfield, “Neural Networks and 

Physical Systems with Emergent Collective 

Computational Abilities,” PNAS, vol. 79, no. 8, 

pp. 2554-2558, Apr. 1982.

John J. Hopfield

• The Hopfield net, a recurrent

architecture

• Analogy to physics (Ising)

• Potential Applications 
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1980’s Neurocomputers Galore!...

 Siemens : MA-16 Chips (SYNAPSE-1 Machine)
 Synapse-1, neurocomputer with 8xM-A16 chips
 Synapse3-PC, PCI board with 2xMA-16 (1.28 Gpcs)

 Adaptive Solutions : CNAPS
 SIMD // machine based on a  64 PE chip.

 IBM : ZISC 
 Vector classifier engine

 Philips : L-Neuro
 1st Gen 16PEs 26 MCps
 2nd Gen 12 PEs 720 MCps

 + Intel (ETANN), AT&T (Anna), Hitachi (WSI), NEC, Thomson 
(now THALES), etc…

 CEA’s MIND machine
 Hybrid analog/digital: MIND-128
 Fully digital: MIND-1024
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Implementing formal Neurons

 F Y
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Non linear function
Bias

Synaptic Weight

MACs
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An example : Siemens SYNAPSE

A matrix multiplying device (MA-16)
Peak performance 640 MCps

Synapse-1, neurocomputer with 8xM-A16

Synapse3-PC, PCI board with 2xMA-16 (1.28 Gpcs)
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Intel ETANN chip
Intel 80170NX ETANN Chip

Synpase circuit



Cliquez pour modifier le style du titre

© CEA. All rights reserved | 23&

Intel ETANN
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Les Progrès en neurosciences des années 90

Montrent les limitations de l’approche du perceptron et 
introduisent LTP/LTD and STDP

from Markram et al. “A history of spike-timing-dependent plasticity,” in Frontiers in 

Synaptic neuroscience, Vol 3, August 2011

La variable Temps est critique

Le Réseau de neurone est dynamique!
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Memory Technology Opportunities
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Investigating potential synapstor technologies

OG-CNTFET NOMFET ZnO NW

VO2 

NW

PCM
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Artificial synapses: the NOMFET example

Collaboration. Dominique Vuillaume group, 

IEMN, CNRS, Lille, France
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Learning from neuroscience: a STDP Primer

post-synaptic 
Neuron 

pre-synaptic 
Neuron

Neuron

Axon
Dendrite

Electrical 
signal

Synapse
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STDP = correlation 
detector

 Possible learning 
model of the mind

tpre tpost<tpretpost <

Causality

Potentiation (LTP)

Anti-Causality

Depression (LTD)
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STDP experimental demonstration

U. Michigan, Lu group demonstration

Demonstration on PC memory by Wong group, Stanford

Demonstrated on NOMFET devices

1 Jo, S.H. et al. Nanoscale Memristor Device as Synapse in Neuromorphic Systems. Nano Letters (2010). 

D. Kuzum et al, “Nanoelectronic Programmable Synapses Based on Phase Change Materials 

for Brain-Inspired Computing,” Nano Letters, 2011

F. Alibart et al. “A Memristive Nanoparticle/Organic Hybrid Synapstor for Neuroinspired

Computing,” 

Advanced Functional Materials, vol. 22, no. 3, pp. 609–616, 2012.
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Then came memristors: a brief memri-story

Introduced by Leon Chua, 
1971

Revisited by Strukov et al., 
2008

Spotted way back…
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Principle of STDP on Crossbars of Memristors

First Proposed by Snider(1)
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1. G. Snider, Nanoscale Architectures, 2008

2. B. Linares-Barranco et al, Nature Precedings, 2009
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CAN WE BUILD REAL NEUROMORPHIC SYSTEMS?

CAN THEY LEARN, COMPUTE?
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CNT circuit with function learning capabilities 
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(a) 8 OG-CNTFETs sharing the same gate 

and output electrodes. 

(b) Id(Vgs) transfer characteristics 

showing large variability in the ON-

state but still leading to efficient 

learning of functions. 

Collaboration with Paris-Sud University, 

J.O. Klein’s group
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Exemple of learning of a 2-input 

boolean function 

Nanotube devices  based  crossbar  architecture:  

toward  neuromorphic computing,  W.  Zhao et al. 

Nanotechnology  21,  175202 (2010). 
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Association is 

made

Food

Bell

Salivation

Can it learn? A dog with 2 synapses!

1 O. Bichler, W. Zhao, F. Alibart, S. Pleutin, S. Lenfant, D. Vuillaume, C. 

Gamrat, “Pavlov's Dog Associative Learning Demonstrated on Synaptic-

like Organic Transistors”, Neural Computation, 2012
2 Pershin, Y.V. & Di Ventra, M. “Experimental demonstration of associative 

memory with memristive neural networks.” Arxiv 0905.2935 (2009). 

Experimental setup for a Pavlovian associative 

memory based on memristive devices as 

proposed by  Di Ventra et col.2
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A pretty realistic application example

128

128
AER Sensor

16,384 spiking pixels

1st layer

2nd layer

Lateral

inhibition

Lateral

inhibition

……

…

Elementary 
patterns

…

Shapes

…

Objects

Two-layers system

~ 2 million devices with STDP

Hierarchical Architecture 

Proposal

O. Bichler, D. Querlioz, S. J. Thorpe, J.-P. Bourgoin and C. 

Gamrat, “Unsupervised Features Extraction from 

Asynchronous Silicon Retina through Spike-Timing-Dependent 

Plasticity”, International Joint Conference on Neural Networks 

IJCNN August 2011 
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Weights Evolution During Learning

Recorded stimuli Synaptic maps for 4 neurons on the first layer

Lane 2

Lane 1

Lane 4

Lane 5

Output 1 Output 2

Output 3 Output 4
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Hierarchical Architecture 

The architecture can be modularized

Simulation shows that a hierarchy of 16x16 arrays
yields the same results

1st layer
8x8 groups
4 neurons/group

2nd layer
10 neurons

Group lateral
inhibition

Lateral
inhibition

AER Sensor
16,384 spiking pixels

……

……

16

16

Typical feature maps
emerging within devices
when exposed to a video
scene : walking in the  
street.  
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ImageNet classification (authors hired by Google) [1]

1.2 million high res images, 1,000 different classes

Top-5 17% error rate (huge improvement)

Facebook’s ‘DeepFace’ Program (labs head: Y. LeCun) [2]

4 million images, 4,000 identities

97.25% accuracy, vs. 97.53% human performance

Current trend Deep Neural Networks

Learned features 
on first layer



Cliquez pour modifier le style du titre

© CEA. All rights reserved | 39&

DNN, State of the Art in Recognition

Deep Neural Networks all over the place!

Database # Images # Classes Best score

MNSIT
Handwritten digits

60,000 + 
10,000

10 99.79% 
[3]

GTSRB
Traffic sign

~ 50,000 43 99.46% 
[4]

CIFAR-10
airplane, automobile, bird, cat,
deer, dog, frog, horse, ship, truck

50,000 + 
10,000

10 91.2%
[5]

Caltech-101 ~ 50,000 101 86.5%
[6]

ImageNet ~ 1,000,000 1,000 Top-5
83% [1]

DeepFace ~ 4,000,000 4,000 97.25% 
[2]
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Wrap up
Memristive technologies

PCM           RRAM (CBRAM/OXRAM)  (…) ≡
G

vGi .

),( Gvf
dt

dG


v

i

f() non linear

C
o

n
d

u
ct

an
ce

C
o

n
d

u
ct

an
ce

Synaptic-like devices

Multi-level Cumulativity

Spike based coding
(Human visual system)

S.J. Thorpe



Circuit Design
Embedded cognitive functions

Apps : image, audio, natural data sensing

Y. LeCun

Artificial

retina

F. Alibart Wei LuST/LETI ALTIS/LETI
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Take away message

A computing paradigm involes much more than a machine
A way to code information 

A way to manipulate it

An architecture (both concrete and abstract) to implement the whole

There is much more in computing than implementing functions
with new materials

They shall be interconnectable with (std) electronics

Coding is a key element: boolean? Analog? Events?

Neurmorphic is a good candidate (among others)
But lots of « synaptic » devices are required for realistic apps: >>106

It looks like a promising way for low power embedded cognitive functions

Still a lot of work ahead
A more formal approach to event coding -> Works starts with Neurospin

PhD and Post-Docs position available
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Annoucements

PhD and Post-Doc positions available @CEA LIST, Saclay
PhD position and grant on « Spike coding in neuromorphic architectures » 
in collaboration with Neurospin lab, Saclay. 

 A PhD Subject at the interface of Computer Engineering and Neurosciences

 Contact and application: olivier.bichler@cea.fr

Post Doc position available on « Circuit design for dense arrays of synaptic-
like memristive devices » 

 Contact: christian.gamrat@cea.fr

Inaugural Workshop of BioComp GDR
October 4-8, 2015, St Paul de Vence

http://gdr-biocomp.fr/en/

mailto:olivier.bichler@cea.fr
mailto:christian.gamrat@cea.fr
http://gdr-biocomp.fr/en/
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Last, but certainly not least….

@ CEA LIST

- David Roclin,

- Olivier Bichler

- Van Huy Mai

@ CEA LETI

- Barbara de Salvo,

- Manan Suri

- Elisa Vianello

@ Université Paris-Saclay

- Jacques Olivier Klein

- Damien Querlioz

- Chris Bennett

@ CNRS, IEMN, Lille 

- Dominique Vuillaume

- Fabien Allibart

- Stéphane Lenfant

@ CNRS, Toulouse

- Simon Thorpe

@ Chalmers

- Göran Wendin

Our Funding Sources :

Many thanks to those without whom this would not be



Centre de Grenoble
17 rue des Martyrs

38054 Grenoble Cedex

Centre de Saclay
Nano-Innov PC  172

91191 Gif sur Yvette Cedex


