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Memristor

L. O. Chua, “memristor — the missing circuit element” IEEE Trans. Circuit Theory (1971)
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Hewlett-Packard Memristor

TiO N 2 : : I
T% < 30x30 nm migration of oxygen vacancies
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- non-volatile digital memories

(Rore/Ron>1000)

- logic functions (no transistors) ) §|7 Q7
Kuekes et al., JAP 2005 Veono | Veer
Borghetti et al., Nature 2010 /p/ o A
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- Reconfigurable Architectures
(Field Programmable Gate Arrays) [ IEIF 15 ~|

Snider et al., Nanotechnology 2007
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Memristors : artificial synapses

biological synapse : synaptic plasticity

change in strength in response to either use or
disuse of transmission

Memristors directly implement the synaptic plasticity
v =M(Q)I e SUb-pm size

key to the development of hardware Artificial Neural Networks

Bio-inspired computing architectures

® % * W;; : synaptic weights . _huge N
= = - network memory ~interconnectivity
= © - efficiency to transmit information

synapse - adjustable = plasticity = learning

neuron W




2%  Von Neumann vs. Neuromorphic computing

e Human brain

parallel architecture analog
10! neurons 10 Hz
101> synapses 20 W

e Simulations of mouse cortex on Blue Gene L

Von-Neumann architecture  digital
8.10% neurons 1 GHz
5.1019 synapses 40 kW

super-computers slower than mouse (x10)

« Advantages of parallel, analog architecture
speed, low energy consumption, defect tolerance



Convergence of trends
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 Hardware ANNSs accelerators
(heterogenous multi-core,
embedded applications)

 Large scale hardware simulations of the
human brain ?




Memristors : artificial synapses

 Memristors directly store the synaptic weights (w = conductance)

Non-volative multi-valued resistances  No need for space consuming SRAM banks

stimulus

8



 Memristors are small (< 50 x 50 nm?)

Interconnection issue : about 10 synapses per neuron in the brain

ex : CMQOS “neurons” + memristive “synapses’

@ 0.1 Fepos
==2 Z t—— ™
LZEE==S T Ty = 1006 CMOS |
Nanowire A * o v T )
layer 2 = 2 £ =——= & e e . & |
« » N . - o ’ o e - ;f__"‘ ]
hole b crosspoint /:. : ‘/ Z e
Switching memory / v
layer z/_ P 4
N . / J .- oy , 7
lanowire bt e
layer 1 / & ) @ @ @ &
S CMOS ié:a‘.l :J’:‘:" iy Nk 0 ;i'
“pin” ( logic [Ty o Y % ;“a
CMOS layer J 9 L ﬁ;"?‘e _ @ —

Xia et al., Nalnoletters (2010)
memristor crossbar arrays

No demonstration yet of operational mixed memristor/CMQOS cognitive chip

to be solved : cross-talk, sneak paths, lithography
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Memristors : artificial synapses

« Memristors directly implement the synaptic plasticity

change in strength in response to either use or
disuse of transmission

ev=M(Q) I

. =

causal
output

; '\Eb -CIE:@
M?
£ Trow reset B TEIES Nj;l;”_ %31 —ET
column reset V,

pre-synaptic spike post-synaptic spike

see left side

Schemmel et al., IJCNN 2006 10



Hebbian learning

e L_earning rule :

« Neurons that fire together wire together »

» Spike timing dependent plasticity :

A

Hebb, 1949

i
presynaptic I/ postsynaptic

heuron syhapse

- causality is important:

transmission enhanced if post-neuron fires after pre-neuron
- timing is important :

—AT small, large transmission changes

neuron

11



Spike timing dependent plasticity

Jﬁ > conductance <—JWI\
presynaptic |>

Vpre . post pos‘rsynaphc
heuron neuron

V = Vot Vor

e change of conductance vs. applied voltage :

dW A /71:9/7 v
general shape for memristors — rapid
dt change
low v
4 L negligible
change v
- ! >
enables learning e Y,
threshold
Snider et al., Nanotechnology 2007 12




Spike timing dependent plasticity

Memristor change of conductance (synapse weight) A0W
l»v

Linarres-Barranco et al., frontiers in Neuroscience, 2011

time

conductance increase

potentiation

L Ipre

" time

-—r~=AT<0

‘ »~ Lpos
L __f__-.---—---"“‘"____ time

conductance decrease

depression 13



STDP curve vs action potential shape

.\.pjkc A2 S(AT) Ei \']_‘IRL‘ E2 (AT
(L F [l
o p
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c 2 G2,y
li
D D2 H2

possibility to implement different kinds of STDP with a single device

STDP allows unsupervised learning (image recognition etc.)

14



STDP : experimental implementation

memristor synapse

Jo et al., Nanoletters 2010

Synapse

-
To pre-neuron

To post-neuron

presynaptic postsynaptic oaf "
heuron ‘ ‘ neuron - ks 't‘
gosf o4
g | P gpF « O
WSO\
> 00_1-_.’" \-ﬁ
V= Vpost'Vpre ook e

40 80 120 160 200
h) Pulse #

(=]
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STDP : experimental implementation

Jo et al., Nanoletters 2010
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Bi & Poo 1998

.t
|~
LIPS ol

8 40 20 0 20

A Spike Timing (ms)




Which memristor ?

After (and even before) Hewlett-Packard TiO, memristor was proposed,
many other very different memristor concepts were identified :

Erokhin et al., Surface and thin films (2007) PANI

A.A. Zakhidov et al., Organic elec. (2009) metal/mixed conductor/metal
F. Alibart et al., Advanced Func. Mater. (2009) Pentacene + gold particles
Ben Jamaa et al., IEEE Nano (2009) Poly-cristalline Si nanowires
Derycke et al., TNT (2009) Carbone nanotubes

Driscol et al., APL (2009) Phase change material

Gergel et al., IEEE EL (2009) flexible TiO2

Jo et al., Nanoletters (2009) Ag/Si

Wang et al., IEEE EL (2009) spintronics

Kim et al., Nanoletters (2009) nanoparticle assemblies

Jeong et al., Nanoletters (2010) graphene

Lee et al., Nature Materials (2011) Ta205

Ohno et al., Nature Materials (2011) atomic switches

Chanthbouala, Grollier et al., Nature Physics (2011) spintronics

Classification : « Organic memristors
 Most Resistive Switching memristors 17



Organic memristors

e Organic memristors : NOMFET (polymer), CNT-FET, PANI....

- additional functionalities
ex : interaction with light

-bottom up approach
ex . self-organization

- high density

* \Very promising

» time scale > 10 years FP7 Bion & Nabab projects

18



Resistive switching memristors

“easy” Implementation in crossbar arrays — top down approach

Phase Thermo- Valency Electro- Electrostatic/

Change chemical Change chemical Electronic Waser et al.,

Mechanism | | Mechanism | | Mechanism | | Metallization || Mechanism Nature Materials
< 2007

—i

e defect-mediated : thermal effects, ionic motion

Ex : HP memristor based on electromigration : reliability / endurance issues
- large local heating - need of a forming step - physics not understood

e the most mature existing technology

- Strukov et al., Nature 2008 (TiO2)
- Jo et al., Nanoletters 2010 (Ag/Si, no forming step) 19



Phase
Change
Mechanism

Thermo-

chemical
Mechanism

Valency

Change
Mechanism

Electro-
chemical
Metallization

L |

—

Electrostatic/

Electronic
Mechanism

Lee et al., Nature Materials 2011 (Ta,O.,/Ta,_)

[T S s
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10-3 3
[ —a— 21% —e— 279% —4&—3%
1074 if
% . \ { \ ' \'\' \l \
S 10°5 IV \‘*”“5, Lt ‘“-_\?';- f8%e '\:l"n '-3'_\"-' AT

106

Filament

AttractiO2= Repel 02

Oxygen ion

Reset
6V, 10 ns

Read

Set
45V, 10ns
| IR P |

10’ 103 10° 107 109 10"

Cycles (number)

good cyclability > 1012, fast (10ns) and reduced power consumption
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Phase
Change
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chemical
Mechanism

Valency

Change
Mechanism

<t Tl

Electro-
chemical
Metallization

-

—il

Electrostatic/
Electronic
Mechanism

0.

Ag
<«— atomic
bridge

STP

Ohno et al., Nature Materials 2011 (Ag,S atomic switch)
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Resistive switching memristors

. r . . . (a) Pre-synaptic neuron
Phase Thermo- Valency Electro- Electrostatic/ Dendrites

Change chemical Change chemical Electronic

Mechanism Mechanism Mechanism Metallization | | Mechanism

Post-synaptic neuron
Axon hillock

V Neural
signal
Neural signal
—_— —
£
Synapse 34/ )\

Myelin sheath

-

« ﬁ Nucleus
Post spike line A
u\

!Potentiated Synapse
! (crystalline state)

3 Ae line

Kuzum et al., Nature Materials 2011 (Phase change)
see also : Wright et al., Advanced Materials 2011

| A depression potentiation 9 ] B
Pre spike, 4 p tentiat (a) 9 120 T
Npra) 5 s ] 2 100 I pre Q I pre
?{‘ I <4 80 ﬁ Depressed Synapse
I o ) —LT— post g _':'_ post (amorphous state) Bottom
1 At=0 2 60t { electrode
N S 4of At<O 8y At>0
I 1ps § 20 cg".ﬂp
I = E = -
I ” ﬂ n n 'ﬁ Il % 0 5'% ~—a 3 ol
Post spike * 10ms 1 10 ms 2 9oL © i
i\ p.,fa - ! 1 o jg &| o Bi&Poo®
—ﬁl=‘—' 8 of = PCM
B i i i A - — T
u‘::-. 100 50 0 50 100

Spike timing At (ms)

Phase change : unipolar switching. STDP = yes, complicated ? ,,



Resistive switching memristors

Phase
Change

Mechanism

Thermo-
chemical
Mechanism

Valency
Change
Mechanism

Electro-
chemical
Metallization

—i

Electrostatic/
Electronic
Mechanism

Waser et al.,
Nature Materials
2007

e defect-mediated : thermal effects, ionic motion

e our work : purely electronic resistive switching

1 example : “spintronic” memristor

WO 2010/ 142762 Al

23




Spintronic memristor

A. Chanthbouala, J. Grollier, R. Matsumoto, V. Cros, A. Anane, A. V. Khvalkovskiy,

A. Fert
Unité Mixte de Physique CNRS/Thales, France

K.A. Zvezdin

A.M. Prokhorov General Physics Institute of RAS, Russia
Istituto P.M. s.r.l., Italy

K. Nishimura, Y. Nagamine, H. Maehara, K. Tsunekawa
Process Development Center, Canon ANELVA Corporation, Japan

A. Fukushima, and S. Yuasa
National Institute of Advanced Industrial Science and Technology (AIST), Japan

3 PARlé-SUbﬁ T H /0\ L E S
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agnetic Random Access Memory (MRAM)

MRAM building block = Magnetic Tunnel Junction
Magnetic metal/Insulator/Magnetic metal

Tunnel MagnetoResistance (TMR)

Anti-parallel state (AP) G TP — 1 Parallel state (P)

s <="]n E NC=2]s
NIl s

oo R, N =, S
P |
R AP -1000 -800 -600 -400 -200 0 200 400 600 800 1000 RP

180.0 F
magnetic field (G)

N
5
o
o

resistance (Q)

160.0 |
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MRAM building block = Magnetic Tunnel Junction
Magnetic metal/Insulator/Magnetic metal

Tunnel MagnetoResistance (TMR)

Anti-parallel state (AP) 001 oo 1 Parallel state (P)
260.0-— RAP E
N T 2400 ]

Y —> EINE S . NIE= s
® 1800 P |

R AP -1000 -800 -600 -400 -200 .o .200 400 600 800 1000 RP
magnetic field (G)

_ Domain Walli .
Domain R,p | ———————r | Domain R,

e Resistance: proportion of parallel and anti-parallel domains 25
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MRAM building block = Magnetic Tunnel Junction
Magnetic metal/Insulator/Magnetic metal

Tunnel MagnetoResistance (TMR)

Anti-parallel state (AP) G TP — 1 Parallel state (P)

s <="]n E NC=2]s
NIl s

oo R, N =, S
P |
R AP -1000 -800 -600 -400 -200 0 200 400 600 800 1000 RP

180.0 F
magnetic field (G)

N
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160.0 |

==

e Resistance variation: Spin Transfer Torque (STT) 25



MRAM building block = Magnetic Tunnel Junction
Magnetic metal/Insulator/Magnetic metal

Tunnel MagnetoResistance (TMR)

Anti-parallel state (AP) S T —

s[ <= ]N
T — E

R AP -1000 -800 -600 -400 -200 O 200 400 600 800 1000
magnetic field (G)

N
5
o
o

220.0 -

200.0 |

resistance (Q)

180.0 -

160.0 |

et

wA s

e Resistance variation: Spin Transfer Torque (STT)

Parallel state (P)

N[=]s
NI S

Rp
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DW displacement by vertical DC current

2 Side view

current density (10° A/cm®
4 2 0 y 2 ) 4 i LY

——

N

0 Side view

B

resistance (Q)

5 5
H'

1 Side view

-10 -5 0 5 10
dc current (mA)

< LYY )

——

» Bidirectionnal DW motion
» Current densities lower than previous DW motion experiments

A. Chanthbouala et al., Nature Phys., 2011 26



Concept of the spintronic memristor

Ax oc JAt oc g

e Resistance: DW position
e DW position: charge injected 1 t

8l —; »

R
e
—>
' t
} >

Positive current pulse: Depression «—

—

5 At2 | : ’ ! »
. Xo  Xq

] | .

Negative current pulse: Potentiation

» Synaptic weight

Wang et al., IEEE, 2009 21



Conclusion on the spintronic memristor

v Advantages
- Understanding of the underlying mechanisms: key to further
improvements and tuning of the synapse transfer function

- Fast: sub-ns write process

- Purely electronic effect: high reliability and endurance

X Perspectives
- ON/OFF (R,,/R,) rationow max=6 3 Theoretical limit 100

- Connectivity: perpendicularly magnetized materials
2D Scalable below 50x100 nm

International Technology Roadmap for Semiconductors identified Spin
Transfer Torque-RAM as one of the two most promising emerging memory
devices: Spintronic memristor will benefit from these developments

28



7 NANO-TEC

Benchmarking memristors ?

Technology

memristors

Gain
Signal/Noise ratio
Non-linearity

Speed
Power consumption

Architecture/Integrability

(Inputs/outputs, digital,
multilevel, analog, size etc.)

Other specific properties

Manufacturability

(Fabrication processes needed,
tolerances etc.)

Timeline

(When exploitable or when
foreseen in production)

29



f“ Benchmarking memristors ?
NANO-TEC

Technology memristors

Gain
Signal/Noise ratio
Non-linearity

Speed
Power consumption

_ . 0
Architecture/Integrability [5
(S

(Inputs/outputs, digital,

multilevel, analog, size etc.) C?'O
©/,

Other specific properties

Manufacturability

(Fabrication processes needed, 0/7
tolerances etc.)

Timeline
(When exploitable or when

foreseen in production) 29



e |TRS table 2010

Appendix 3: Performance parameters projected for the folly scaled emerging research memory
technologies considered in this assessment compared with NAND Flash scaled to the 16nm technology
generation
NAND | peer | npass STT- | Redox | PeM | Flestromic | ypcromol | Molecular
FLASH ) MEAM REEAM | EEAM EERAM REAM
REAM
Minmum e | 220m | S00mm | 7-10em | 5-10mm | 5-10mm | 5-10em | S-10mm | 5-10mm
F -Scaling
Call Size 2.5F° E-4F° 6-12F° 20-40 F &/5F? &F* 8/5F* B/SF? SF*

- 3- MLC 4 -
MulhLeveal bits/call NA Yes Thitscell Yes bitieell Yeas NA HA
Write/Erase 0.6/- .

Voltage 18-20W 0.2V L3V = ] BV =5V =3V =3V 1V B0mWV
Fead 0.1- . .
Voltage 0.5V NA W 05V =2V =3IV 0.7V 0TV 03w
Write Er _
come® | Low NA NA =100pA | 04pa | =loopa | NA NA NA
Wnite Erase =50mns
7
Time =10us Mns 0.90s0 3ns =1 00ns <Sns 130ns <20ns <10ns <d4{ins
ReadSpeed | 720 | 20ms | =15ms 1020ns | <10ns | <60ms | <loms <10ns =10ns
Retention | Joyes | ~33ds | 10y 10yrs 1yrs | 10vs | 109 10yrs 10yrs
Endurance 12 2E12@ 1 0ns 16 15 15 16 15
Cycles 10%-10¢ 10 NA IE6@10ms 10 10 10 10 10
Write
Energy per =141 27 0.03£7 =4p] 1T =2pJ =100p] NA 0.2aJ
Bit
10 2-3
Ease of 3-4 Masks Masks -
Infesration Mazks NA MNA BEOL 1T to NA NA HA
BEOL

30



Memristors as artificial synapses

Criteria issue

Endurance / cyclability / low power consumption / OFF-
ON ratio / small : yes

speed, retention time : ?

organic memristors ?

31



Memristors around the world

e US: 2009 DARPA “SyNAPSE™ program
Systems of Neuromorphic Adaptive Plastic Scalable Electronics

define a new path forward for creating
useful, intelligent machines

3 funded projects (~ 5 M$ each for the first phase)

- Hewlett-Packard (memristors) - HRL labs (memristors) - IBM (?)
e Europe :

FP7 Nabab, FP7 Bion (ended)
ERC NanoBrain & ERC Femmes projects, Chist-Era PNEUMA

32



Conclusion & perspectives

e State of the art memristor : exciting potential of memristor
devices as artificial synapse

e spintronic memristor : resistance switching based on purely
electronic effects

—> very promising : endurance, speed, power consumption

e Young topic : no demonstration yet of a cognitive chip based on
memristors

e Dedicated architectures and programmation schemes to be
developed

e Which type of memristor for which application ?
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Volatile

Non-volatile

NAND | Trapping

DRAM | SRAM Flash charge |FERAM| MRAM PCM

Charge Interlock | Charge Charge' Ferrc?el |amorphous
Storage ed state on trapped in | ectric |Magnetiz . :
mechanism on' of logic | floating gate polariz| ation feristalline

capacitor : . phases
gates gate insulator | ation

|Ce|| elements 1T1C 6T 1T 1T 1T1C | 1(2)T1C 1T1R
Feature size
(nm) 90
Cell area 22F* | 45F?
W/E time 50 ns
Retention
Lime
Write cycles 1.00E+09
Write voltage
Read voltage
Write energy 100 f) 30f)




R. Waser, ISIF 2011
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