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Outline

Intro: a brief look back at neuromorphic engineering
Introducing the STDP learning rule

Memristors as a synapse‐like devices
Introducing the device synapticity

Designing synaptic arrays
Impact of memristive technologies on circuits

And now, what do we do?
A glimpse into possible applications, can those things really learn?

Summary
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A brief history of neuro‐engineering
1943 – Mc Culloch & Pitts

The formal neuron
1958 – F. Rosenblatt
The perceptron

1981 – J.J. Hopfield
Physics to the rescue

1970 – Minsky & Pappert
Xor is the problem!



Cliquez pour modifier le style du titre

© CEA. All rights reserved | 4& MemTDAC ‘14 / HiPEAC 2014

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 MIND machine
 Hybrid analog/digital: MIND‐128
 Fully digital: MIND‐1024
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However During the 1990’s 
Progresses in Neuroscience demonstrated the weaknesses of 
the perceptron approach and introduced LTP/LTD and STDP

from Markram et al. “A history of spike-timing-dependent plasticity,” in Frontiers in 
Synaptic neuroscience, Vol 3, August 2011

Time is critical in neural coding (Spikes)
The brain is a dynamical system! 
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Learning from neurosciencex: a STDP Primer
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A brief memri‐story

Introduced by Leon
Chua, 1971

Revisited by Strukov et 
al., 2008

Spotted way back…
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The meeting of Memristors & STDP

First Proposed by Snider(1)
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1. G. Snider, Nanoscale Architectures, 2008
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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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The realm of memristive technologies

Metal Oxide devices (OxRAM)
Bipolar
A wide variety of materials: TiO2, HfO2, VO2, …..

Nanoparticle Organic Memory FET(NOMFET)
Transistor like, Low retention time

Phase Change Memory (PCM)
Unipolar  ‐> cumulative in ‘SET’ direction only 
“High” programming voltage

Conductive Bridge memory(CBRAM)
Binary
Only set with current compliance is Multi‐level

Cu

O2‐
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Memristive Device Properties

Polarity
Bipolar devices: OxRAM
Unipolar devices: PC RAM
Bipolar/binary : CBRAM

Basic properties of synapse‐like candidate
Cumulativity ‐> keeps NV memory of state
Either multi‐level‐ability or stochasticity

Wei Lu
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Crossbar style design
With or without access To
Sneak path issue
Crossbar size issue

Designing for bipolar devices
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Designing for unipolar devices

PCM is typically unipolar due to its physics

It requires a specific 2‐PCM circuits
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Designing for unipolar devices
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CBRAM: a binary device

CBRAM is a typical binary device
Bipolar

+Vset = +1,5 V = SET
 Creation of a filament

‐Vreset = ‐1,5V = RESET
 Destruction of the filament

Binary (w/o I compliance)
Low resistance state  (≈4,5k Ω)
High resistance state (≈10M Ω)

[1] Reyboz, M.; Onkaraiah, S.; Palma, G.; Vianello, E.; Perniola, L., "Compact model of a CBRAM cell in Verilog‐A," Non‐Volatile 
Memory Technology Symposium (NVMTS), 2012

Cu

Synapses are naturally multi‐level,
how can binary devices be used as synapses?
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Possible synaptic implementation

Stochasticity !
By using probabilistic programming, the synapse will reflect the overall 
result on a long term learning process

Analog device

 Intrinsic : Weak programming pulse
A weak pulse has a given probability to switch the device

 Extrinsic: Pseudo-Random number generator
We  control the probability to send a pulse

Binary device
Weight

Time

Max 
Weight

Min 
Weight

LTP

LTD

Weight

Time

Max 
Weight

Min 
Weight

LTP

LTD
For a binary 
device, the 
weight reflects 
the last learning 
operation !

Progressive 
modification of 

the weight

Designing for binary devices
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Stochastic STDP
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A CBRAM test chip

CMOS/CBRAM Co‐integration 
130 nm CMOS process
Industrially mature CBAM technology

Proof of concept circuit
4*4 Crossbar (1CB)
4*4 Matrix (1CB – 1T)

Chip is under test

Crossbar : 4.72 µm * 4.72 µm 
Matrix     : 5.15 µm * 7.1 µm 
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What kind of applications for such circuits?

Can they really learn?

Some interesting results…
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Association is 
made

Food

Bell

Salivation

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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Learning with stochastic STDP on CBRAM

Learning of auditory pattern (3 CBRAM/synapse)

Learning of trajectory (1 CBRAM/synapse) Pattern classification
Recognition rate MNIST database:
72% with 5 CBRAM/synapse

1st lane 2nd lane 3rd lane 4th lane 5th lane 6th lane

AER EAR2 silicon cochlea
Shih‐Chii Liu and Tobi 
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Results : D. Querlioz (IEF)
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Wrap up
Memristive technologies
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Synaptic-like devices

Multi-level Cumulativity

Pulse base 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



Cliquez pour modifier le style du titre

© CEA. All rights reserved | 25& MemTDAC ‘14 / HiPEAC 2014



Cliquez pour modifier le style du titre

© CEA. All rights reserved | 26& MemTDAC ‘14 / HiPEAC 2014

Take away message

For each families of memristive devices there exist
design solutions

Probabilistic equivalent of STDP for binary devices are possible

A new Neuro‐engineering  approach combining
A spike based coding scheme
Unsupervised learning rule based on STDP
An implementation technology based on memristive devices
 Implementing STDP learning right from its physics

Potential
Memristive devices can also be exploited as std NV memories ‐> ideas…
A promising way for low power embedded cognitive functions

Still a lot of work ahead
Architecture and design questions: Xbar vs Matrix?
Which technology will be the right one? 
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Last, but certainly not least….

@ our end
- David Roclin,
- Olivier Bichler
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- Barbara de Salvo,
- Manan Suri
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- Dominique Vuillaume
- Fabien Allibart

@ Université Paris-Sud
- Jacques Olivier Klein
- Damien Querlioz
- Weisheng Zhao

@ CNRS, Toulouse
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- FP7 Framework
- Agence Nationale de la Recherche
- Université Paris-Saclay

Many thanks to those without whom this would not be
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Thank you!
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Power Estimation with PCM Synapstors   
(Car Detection App)

ESynaptic learning = E RESET total + ESET total 

PSystem = ESynaptic learning / Learning time

GST Devices
E reset/spike = 1552 pJ
E set/spike = 121 pJ
P system = 112 µW

PSystem could go as low as 20 nW !! 
 M. Suri et al. “Phase Change Memory as Synapse for Ultra-Dense Neuromorphic

Systems: Application  to Complex visual pattern extraction”, IEDM 2011, Washington, 
December 2011
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Memristive Devices Principle

Important steps
First theoretical study1

First link between a physical
device and the theory2

STDP learning 

1 L. Chua and S. Kang, Proceedings of the IEEE, 1976
2 D. Strukov et al., Nature, 2008
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