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Experimental demonstration of associative memory
with memristive neural networks

Yuriy V. Pershin and Massimiliano Di Ventra

Abstract—Synapses are essential elements for computation anddifficult. The reason is that an electronic circuit that siates
information storage in both real and artificial neural systems. An 3 neural network capable of associative memory needs two
artificial synapse needs to remember its past dynamical histy, important components: neurons and synapses, namely con-

store a continuous set of states, and be "plastic” accordintp the fi betw ideallv. both ts should
pre-synaptic and post-synaptic neuronal activity. Here weshow nections between neurons. ldeally, both components shou

that all this can be accomplished by a memory-resistorrgemristor b€ of nanoscale dimensions and dissipate little energyato th
for short). In particular, by using simple and inexpensive df- a scale-up of such circuit to the number density of a typical
the-shelf components we have built a memristor emulator with  human brain (consisting of about Y0synapses/cf) could
realizes all required synaptic properties. Most importanty, we  yq feasiple. While one could envision an electronic versibn
have demonstrated experimentally the formation of assoctae . . . . .
memory in a simple neural network consisting of three electnic the first component relatively easily, an electronlc SyRass
neurons connected by two memristor-emulator synapses. Thi not so Stra|ghtf0rward to make. The reason Is that the |atter
experimental demonstration opens up new possibilities inhe  needs to be flexible ("plastic”) according to the type of sign
understanding of neural processes using memory devices, anijt receives, its strength has to depend on the dynamicairiyist
important step forward to reproduce complex leaming, adafive  of the system, and it needs to store a continuous set of values
and spontaneous behavior with electronic neural networks. (analog element).
Index Terms—Memory, Resistance, Neural network hardware,  |n the past, several approaches with different levels of ab-
Neural networks. straction were used in order to implement electronic ansdeg
of synapses |7]. For instance, one of the first ideas involved
I. INTRODUCTION the use of three-terminal electrochemical elements cbeatro
_ by electroplatingl[8]. While some of these approaches do not
W HEN someone mentions the name of a known persgiysive synaptic plasticity at al[[9][[10][T11](T12], thlatter
we immediately recall her face and possibly many generally implemented using a digital (or a combination
other traits. This is because we possess the so-called a%f0analog and digital) hardwaré [13], [14], [15]. [16]. 117]
ciative memory - the ability to correlate different memarie [18]. The common feature of syﬁaptic-pIaSt-iciti/ realizatio
the same fact or evenitl[1]. This fundamental property is N the involvement of many different circuit elements (sash
just limited to humans but it is shared by many species in “ﬁ%nsistors) and, therefore, occupation of a significanum
animal kin_gdom. Arguably the most famous example of this space on a VLSI chip. Thus, the amount of electronic
are experiments conducted on dogs by Pavidv [2] whereBynanses in present VLSI implementations is much lower than

salivation of the dog’s mouth is first set by the sight of foodne amount of synapses relevant to actual biological system
Then, if the sight of food is accompanied by a sound (€.9., tR@yel, radically different approaches to resolve this éssu
tone of a bell) over a certain period of time, the dog learns {g,,1d be thus desirable.

associate the sound to the food, and salivation can be t8dge A recently demonstrated resistor with memory (memristor
by the sound alone, without the intervention of vision.

Since associative memory can be induced in animals and
we, humans, use it extensively in our daily lives, the nekwor
of neurons in our brains must execute it very easily. It is
then natural to think that such behavior can be reproduce “sight of food”
in artificial neural networks as well - a first important step
in obtaining artificial intelligence. The idea is indeed not
novel and models of neural networks have been suggestt
over the years that could theoretically perform such fuorcti
[B1, [4], [B], [6]. However, their experimental realizatip
especially in the electronic domain, has remained somewh
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for short [19], [20]) based on Tigxthin films [21], [22] offers a i
promising realization of a synapse whose size can be as small
as 30<30x2 nm?. Memristors belong to the larger class of
memory-circuit elements (which includes also memcapezito
and meminductors) [23],_[24], namely circuit elements whos
response depends on the whole dynamical history of the
system. Memristors can be realized in many ways, ranging
from oxide thin films [21], [22], [[25] to spin memristive
systemsl[[26]. However, all these realizations are limitethe
specific material or physical property responsible for mgmo
and as such they do not easily allow for tuning of the .
parameters necessary to implement the different funditesa 51 b §
of electronic neural networks. ]
In the present paper, we describe a flexible platform al- ] ]
lowing for simulation of different types of memristors, and 3 Vom .
experimentally show that a memristor could indeed funcéisn ’; ]
a synapse. We have developed electronic versions of NEUrONS=" = L. R
and synapses whose behavior can be easily tuned to the func-%o 1+
tions found in biological neural cells. Of equal importance % o:
the electronic neurons and synapses were fabricated using> = |
inexpensive off-the-shelf electronic components resgltin -1 in
few dollars cost for each element, and therefore can bezezhli
in any electronic laboratory. Clearly, we do not expect that ]
with such elements one can scale up the resulting electronic  _3 -
neural networks to the actual brain density. However, due to 0.0 0.5 1.0 _ 15 2.0 2.5 3.0
their simplicity reasonably complex neural networks can be Time (s)
constructed from the two elemental blocks developed hede an

we thus expect several functionalities could be realized r:lﬁig. 2. Electronic neurona, Main components of the electronic neuron
proposed here are an analog-to-digital converter (ADC)andcrocontroller.

studied. NC means not connected. If the voltage valug, on the input terminal
For the purpose of this paper we have built the neurdl exceeds a threshold voltage Vth (in our experimehits = 1.5V), the

; ; jcrocontroller connects the input pin to -2.5V and outpint (D) to 2.5V
network shown in FIng' We have then shown that Suéﬁr 10ms, thus sending forward and backward pulses. Aftat, ihwaits for

circuit is capable of associative memory. In this networl, certain amount of timét¢ and everything repeats again. ¥,, < Vi,
two input neurons are connected with an output neuron l;h}en the microcontroller just continuously samplgs,. The waiting time
means of synapses. As an example of the functionality t4tS selected aét =7 — v - (Vin = Vin) + A (n — 0.5), wherer = 60ms,

. . ] . v, = 50ms/V, A = 10ms andn is a random number between 0 and 1. In
this network can provide, we can think about the animal experimental realization, we used microcontroller IG8PF2011 from
memory we have described aboVvé [2] in which the first inpiyticrochip with internal 12bits ADC and a possibility of pinuttiplexing, so

neuron (presumably located in the visual cortex) activatggt the only a_ddltlonal elements were two 10k reS|§tor$ualdne§surements
were done using 5V voltage span, with further assignmertt@ftiddle level

under a specific visual event, such as "sight of food”, ang zero.b, Response of the electronic neuron on input voltages oérefit
the second input neuron (presumably located in the auditanggnitude, the red dashed line is the threshold voltage sy a guide
cortex) activates under an external auditory event, suca al e eye. WhenVi,, < Vi, no firing occurs. WhenVi, > Vi, the
. . . . €lectronic neuron sends pulses, with the average pulseasigpadecreasing
particular "sound”. Depending on previous training, ea¢h ith increasingVi,.. Vou: is shifted for clarity.
these events can trigger "salivation” (firing of the thirdtmut
neuron). If, at a certain moment of time, only the "sight of
food” leads to "salivation,” and subsequently the circwt idetermined by the stimulus strength. When a receptor patent
subjected to both input events, then, after a sufficient rmtexceeding a threshold value reaches a neuron, the lattés sta
of simultaneous input events the circuit starts assogatie emitting action potential pulses, whose amplitude is camtst
"sound” with the "sight of food”, and eventually begins tdbut their frequency depends on the stimulus strength. The
"salivate” upon the activation of the "sound” only. This pess action potentials are mainly generated along axons in the
of learning is a realization of the famous Hebbian rule stati forward direction. However, there is also a back-propaggti
in a simplified form, that "neurons that fire together, wirgart of the signal [[27],[[28] which is now believed to be
together”. responsible for synaptic modifications (or learnirig)l [728].
We have implemented the above behaviour in our electronic
Il. RESULTS AND DISCUSSION scheme as shown in Fif] 2a using an analog-to-digital con-
verter and a microcontroller. The input voltage is condyant
monitored and once it exceeds a threshold voltage, both
Biological neurons deal with two types of electrical signal forward and backward pulses are generated whose amplitude
receptor (or synaptic) potentials and action potentialstidu- is constant (we set it here for convenience at 2.5V), but
lus to a receptor causes receptor potentials whose amplisudpulse separation varies according to the amplitude of thetin
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signal. In Fig[2b we show the response of the electronic neu-
ron when three resistors of different values are subselyjuent
connected between the input of the neuron and 2.5V. When
the resulting voltage (determined by the external resiatat
internal resistor connected to the ground in Elgy. 2a) iswelo
the threshold voltage (< 1s in Fig[2b), no "firing” occurs (no
change in the output voltage). When the input voltage exxeed
the threshold#> 1s in Fig.[2b), the electronic neuron sends
forward- and back-propagating pulses. The pulse separatio
decreases with increase of the input voltage amplitude ias it
evident in Fig[Pb.

B. Electronic synapse

As electronic synapse we have builtreemristor emulatqr
namely an electronic scheme which simulates the behaviour
of any memory-resistor. In fact, our memristor emulator can
reproduce the behaviour of any voltage- or current-colerol 2
memristive system. The latter is described by the following é
relations ~

0.0 1

0.1+ -
y(t)=g(z,y,t)u(t), 1)
&= f(x,u,t), )
-0.2
where y(t) and w(t) are input and output variables, such -1.0

as voltage and curreng(z,u,t) is a generalized response
(memresistancé&, or memductancé’), z is a n-dimensional
vector describing the internal state of the device, ﬁhﬂ u, t) Fig. 3. Electronic synaps@, Schematic of the main units of the memristor
. . . . . emulator. The memristor emulator consists of a digital pideneter, ADC
IS a Contlnuoys n-dimensional YECtor function [?0]’ [24]' and microcontroller. The digital potentiometer unit reymets an element
As Fig.[2a illustrates schematically, our memristor emarlatwhose resistance is defined by a digital code written in ito Tierminals
consists of the following units: a digital potentiometen a0f this unit (A and W) are the external connection termindlthe memristor
. . emulator. The differential ADC converts the voltage betwe® and W
analoQ"_[o'dlg'tal Conve_rter and a m'(_:rocomro”?r' The &k ( terminals of the digital potentiometer into a digital valdde microcontroller
B) terminal and the Wiper of the digital potentiometer servigeads the digital code from ADC and generates (and writespde dor
as the external connections of the memristor emulator. Tt}il(e digit)a' pgtentiomEte)f aChCOTding to predefined f?“‘ﬂi@&@xvuv?) a”dl
. . . . . z,u,t) and Eqgs.[{{R). These operations are performed continyolrs
reS.'Star_lce (_)f the dlg't_al potentiometer is deter.mlned bgldEC our circuit, we used a 256 positions XQkdigital potentiometer AD5206
written into it by the microcontroller. The code is calc@ldty from Analog Device and microcontroller dsPIC30F2011 fronicidchip
the microcontroller according to qu] (1) and (2) The agraIOWith internal 12bits ADCb, Measurements of memristor emulator response
- - when V (t) = Vpcos(2rwt) with Vy ~ 2V amplitude is applied to the
to-digital (_:onverter provides the value of _V(_)Itage applted circuit shown in the inset withRy = 10k2. The following parameters
the memristor emulator needed for the digital potentiometgetermining the memristor emulator response (see EdS)) (@dre used:
code calculation. The applied voltage can be later conderte =8 = 14?k9/c(iV£S)'R1 _??_759’ Rt2 = 10kQ. The signals were recorded
to the current since the microcontroller knows the valuehef t US"9 & custom data acquisition system.
digital potentiometer resistance.

In our experiments, we implemented a threshold mode| .
of voltage-controlled memristor previously suggested im o different rates - below and above the threshold voltages Thi

earlier paper[[30] and also discussed in R&f. [24]. In thRCtivation-type model was inspired by recent experimental

model, the following equations (which are a particular Caggsults on thin-film memrist(_)rs_; [22] and as we discuss below
of Eqs. [A[2)) were used: it reproduces synapse plasticity.

To test that our emulator does indeed behave as a memristor,
we have used the circuit shown in the inset of Kify. 3b, in

G = o4 (3) which an ac voltage is applied to the memristor emulator,
& = (BVm+05(a—p)[[Vu+Vr|—|Vu = Vrl]) R, connected in series with a resist® which was used
x0(x — R1)0(Rs — ), 4) to determine the current. The obtained current-voltage (I-

V) curves, presented in Fifl 2b, demonstrate typical festur
wheref(-) is the step functionq and 3 characterize the rate of memristive systems. For instance, all curves are pinched
of memristance change Aty/| < Vr and|Vy,| > Vr, respec- hysteresis loops passing through (0,0) demonstrating eggn
tively, Vi, is a voltage drop on memristovy is a threshold storage property of memristive systems|[20],|[23], [24].r&to0
voltage andR; and R» are limiting values of memristance. Inover, the frequency dependence of the curve is also typacal f
simple words, the memristance changes between - and witlemristive systems: the hysteresis shrinks at low fregaesnc
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Fig. 4. Development of associative memoay.Using electronic neurons and electronic synapses (memesnulators), we have built an electronic circuit
corresponding to the neural network shown in [Elh. 1. We haeduhe following parameters defining the operation of memriemulatorsV;;, = 4V,

a = 0, 8 = 15kQ/(V-s). At the initial moment of time, the resistance $f was selected equal &8, = 67502 (lowest resistance state of memristor) and
the resistance af; was selected equal tB2 = 10kQ2 (highest resistance state of memristor). Correspondiniglthe first probing phase, when Input 1 and
Input 2 signals are applied without overlapping, the outgighal develops only when Input 1 signal is applied. In trerdeng phase (see aldofor more
detailed picture), Input 1 and Input 2 signals are appliecutaneously. According to Hebbian rule, simultaneousdimf input neurons leads to development
of a connection, which, in our case, is a transition of theosdcsynapseSs from high- to low-resistance state. This transition is die@een as a growth
of certain pulses in the signas ;,, (voltage at the input of third neuron) in the time intervadrfr 10.25s to 11s it. In the subsequent probing phase, we
observe that firing of any input neuron results in the firingoofput neuron, and thus an associative memory realizatienbleen achieved. The curvesan
andb were displaced for clarity.

when the system has enough time to adjust its state to varyimguron firing when a stimulus signal is applied to the "sight o
voltage, and at higher frequencies, when the characteridtbod” neuron, but not firing when a stimulus signal is applied
timescale of system variables change is longer than thegerto the "sound” neuron. Electronically, it occurs becausks¢si
of voltage oscillations. generated by the "sight of food” neuron exceed the threshold
voltage of the "salivation” neuron (due to a low resistance
of the first memristor synapse) while the voltage on the
"salivation” neuron input due to the "sound” neuron pulses
Using the electronic neurons and electronic synapses @g-below the threshold voltage of the “salivation” neuron.
scribed above, we have built an electronic scheme correspom this phase there is no memristor state change since the
ing to the neural network depicted in Fig. 1. In this scheme, wirst memristor is already in its limiting state (with miniina
directly connect the memristor terminals to the third neuraesistance allowed) and its resistance cannot decreaberfur
input, although different connection schemes, e.g., usingand voltage drop on the second memristor is below its voltage
capacitor, are possible. Fig] 4 demonstrates the ass@ciathreshold.
memory development in such a network. Our experiment
consists in application of stimulus signals to the first gfgi In the "learning phase” (9s ¢ <12s, Fig.[%), stimulus
of food”) and second ("sound”) neurons, and monitoring ofoltages are applied simultaneously to both input neurtis,
the output signal on the third ("salivation”) neuron. Werstagenerating trains of pulses. The pulses from different owesir
from a state when the first synaptic connection is strong (laave uncorrelated, but sometimes they do overlap, owing to a
resistance state of the first memristor) and second synaptiadom component in the pulse separation (see[Fig. 2 caption
connection is weak (high resistance state of the second meor- details). During this phase, in some moments of time,
ristor). back-propagating pulses from the "salivation” neuron (due
In the first "probing phase”t( < 9s, Fig.[4) we apply to excitation from the "sight of food” neuron) overlap with
separate non-overlapping stimulus signals to the "sight fafrward propagating pulses from the "sound” neuron causing
food” and "sound” neurons. This results in the "salivationa high voltage across the second memristor synapse. As this

C. Associative memory
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