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Abstract In order to map the computing architecture and intelligent f  unctions of the human brain on hard-
ware, we need electronic devices that can emulate biologica | synapses and even neurons, preferably at the
physical level. Beginning with the history of neuromorphic ~ computation, in this article, we will brie y review
the architecture of the brain and the learning mechanisms re sponsible for its plasticity. We will also introduce
several memristive devices that have been used to implement electronic synapses, presenting some important
milestones in this area of research and discussing their adv antages, disadvantages, and future prospects.
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1 Introduction

Alan Turing, widely considered the father of theoretical computer science and arti cial intelligence,
published a seminal paper titled "On computable numbers' in 1936 [1]. fie paper presented a formal
proof that any mathematical computation that is representable as an algorithm can be performed by a
machine. Such a machine, known as “Turing machine', is the basis for ttay's digital computers. Modern
computers are based on the von Neumann architecture, propodeby John von Neumann in 1945 |2],
and although remarkably successful in handling many problems, thge machines have a very complex
instruction-processing unit that sequentially and frequently accesses a memory bank to perform a set of
instructions, therefore su ering from the so-called von Neumannbottleneck.

Interestingly, Turing also anticipated for the rst time a computing system inspired by neural systems.
In 1948, he described a machine that consisted of arti cial neuroa connected together in an arbitrary
pattern with modi er devices between them |3]. Such neural netwoks consist of simple processing units,
and due to their intrinsic analog capabilities and massive parallel connetions, can potentially solve many
problems that are computationally intensive for von Neumann systens. Examples of such problems are
adaptive behaviour, learning by association, pattern recognition,fuzzy logic, etc. Solving these problems
becomes more and more important in the so-called big-data era. Caequently, neural network machine
architectures, many of which are inspired by biological systems suras the human brain, are currently
under intensive investigation world-wide. One of the major goal beind these e orts is to build a \thinking
machine" based on neurophysiological models [4].
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Figure 1 (Color online) Structure of the neuron and the synapse. (a) N erve cells have four main regions (dendrite,
cell body, axon, and synapse) and ve main functions (humber ed). Reprinted with permission from [5]. Copyright 2008,
Academic Press. (b) lllustration of the synapse junction be tween the pre-synaptic neuron and the post-synaptic neuron
and its schematic structure. Reprinted with permission fro m [8]. Copyright 2011, Frontiers in Neuroscience.

2 Architecture of the brain

The human brain is likely the most e cient computing system so far, which is not surprising considering
that the brain has evolved for millions of years, while the history of canputers is still far below a century.
The brain consists of many di erent types of cells, but the primary functional unit is a cell called neuron.
The signals generated by neurons are responsible for emotions, meries, movements, thinking, and
feelings. A human brain has approximately 18! neurons. As shown in Figure 1(a), each neuron consists
of a cell body called soma, an axon, and multiple dendrites [5]. Axon caies information from soma to
a junction, where it is picked-up by dendrites of other neurons. The junction is called synapse (Greek,
syn: union, association) and the strength of the synapse (syndjz weight) decides the bonding between
two neurons, which can be altered by neural activities. This proces is known as synaptic plasticity, and
is believed to be the reason behind learning and memorization capabilitee of the brain. The synaptic
inputs picked up by the dendrites of other neurons are then integated by their own cells, encoded in the
form of action potentials, and distributed to even more neurons fom their axon terminals. Typically,
each neuron is connected with about 5000{10000 other neuronsgsulting in a large number (about 10°)
of biological synapses in the human brain. The operating frequencyf our brain is in the range of 1{10
Hz and it consumes around 10{100 W of power for its functioning |3]yielding an energy consumption of
approximately 1{10 fJ per synaptic event.

In order to understand how a neuron works, it is necessary to ke how the di erent parts of the neuron
interact. Each neuron carries out ve basic functions as describé in Figure 1(a): (1) Generate intrinsic
membrane activity in the neuron; (2) Receive synaptic inputs in dendites; (3) Combine synaptic inputs
with the intrinsic membrane activity; (4) Generate outputs in the fo rm of action potentials; (5) Distribute
the outputs from axon terminals.

There are two types of synaptic transmissions identi ed between he neurons, namely, electrical and
chemical. At electrical synapses, the cytoplasm of adjacent cellsra directly connected by clusters of
intercellular channels called gap junctions 17]. These gap junctions alle passive current ow between
cell membranes. The chemical synapse between two neurons is illuated in Figure 1(b) [8]. At these
synapses, information transfer from one neuron to another oagas through the release of neurotransmitter
by one neuron (pre-synaptic neuron) and detection of the neurtsansmitter by an adjacent neuron (post-
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synaptic neuron) [S]. Electrical synapses generally maintain a stabldéunctional structure and strength,
whereas chemical synapses have the ability to exhibit plasticity [10]. e synaptic plasticity shown
by chemical synapses is one of the most important neurochemicabfindations of learning and memory
in the brain. Chemical synapses can be of two types: excitatory ofinhibitory. Whether a synapse
is excitatory or inhibitory depends entirely on the receptors on the postsynaptic membrane. In the
brain, the receptors for glutamate neurotransmitter are typically excitatory, whereas the receptors for
GABA (Gamma-Aminobutyric acid) neurotransmitter are typically inh ibitory. An excitatory receptor
results in an Excitatory Postsynaptic Potential (EPSP) and drives the postsynaptic neuron closer to the
depolarization threshold which makes the cell \ re" an action potential. An inhibitory receptor results

in an Inhibitory Postsynaptic Potential (IPSP) and drives the post synaptic neuron further from the
depolarization threshold. Axon terminals from many neurons can canect to a given neuron and release
a variety of neurotransmitters which impinge on excitatory and inhibitory receptors to produce EPSPs
and IPSPs. The postsynaptic neuron behaves like a tiny computersumming the EPSPs and IPSPs
which determine whether or not it will \ re". When a neuron res, th e resulting action potential travels
towards the synaptic cleft through its axon. Arrival of the action potential at the axon terminal results in
the merging of neurotransmitter vesicles with the presynaptic menbrane and a subsequent release of the
neurotransmitters into the synaptic cleft. The neurotransmitte r di uses through the synaptic cleft, binds
to and activates a receptor in the postsynaptic membrane, modifing the plasticity of the connection,
i.e., the synaptic weight. Hereon the chemical synapse will be simply ferred to as a synapse, unless
otherwise stated.

3 Emulating the brain using hardware: neuromorphic systems

Supercomputers can store more information than the human brairand can compute equations faster, but
even the biggest and fastest supercomputers in the world cannahatch the overall processing power of the
human brain in performing many tasks, such as pattern recognition perception, motor control, exibility
in changing environments, learning, and ultimately, intelligent cognition. Still, they are almost a million
times larger and consume a million times more power than a human brainFigure 2 [11] illustrates the
basic di erences in the architecture of the brain and a conventionhcomputer.

Due to the amazing capabilities of the brain, it is very attractive to study its structure and working
mechanisms in order to mimic it using electronic circuits. The study of the brain and its inspiration in
developing computing systems has led to a new form of computer ani¢ecture, known as neuromorphic
architecture. This eld combines knowledge from di erent disciplines such as biology, physics, mathe-
matics, computer science, and engineering in order to design artiial neural systems |122]. The physical
architecture and design principles of these arti cial systems are bhsed on those of biological nervous
systems.

Although the behaviour and connections between neurons can beaptially simulated on a conventional
computer, such a system will consume excessive power and is notpable of exploiting the architecture of
the brain due to the fundamental di erences between these two gstems. As a result, a race is on to develop
new types of devices and hardware architectures that can betteresemble bio-intelligent systems at the
physical level, and thus more e ciently emulate the brain at the functional level. For instance, the so-
called neuromorphic circuit is built from devices that behave like neuras, transmitting and responding
to information sent in the form of spikes rather than continuously varying voltages. The concept of
neuromorphic engineering was rst developed by Carver Mead in thelate 1980s |13]. Mead described
it as \using VLSI systems containing electronic analog circuits to mimic neurobiological architectures
present in the nervous system".

As the brain consumes very low energy, the rst crucial step in redising these hardware systems is to
achieve a suitable device that can function as a synapse with low poweonsumption and desired plasticity.
Accordingly, researchers have explored a variety of device systes with programmable conductance,
including FET based devices |14], phase change memory (PCM) |15], liefive change random-access
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Figure 2 (Color online) lllustration of the architecture of the brai  n compared to a traditional computer. (a) Computing
architecture of the brain consisting of neurons communicat ing through junctions called synapses which store memory in
the form of connection strength (synaptic weight), and (b) t  raditional computer architecture with a central processin g unit
(CPU) communicating with the main memory unit through a bus. Reprinted with permission from [1L]. Copyright 2010,
IEEE Spectrum.
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memory (RRAM) [16,, and others.

4 Implementing brain-like architecture

Several research e orts have been directed towards developiraychitectures for neuromorphic computing,
the majority of them using established analog and digital technologis with CMOS devices 117,18]. They
are summarized in Figure 3. DARPA funded the SyNAPSE (Systems ofNeuromorphic Adaptive Plastic
Scalable Electronics) program in 2008 119] with a goal of building a sysim matching a mammalian
brain. Under this program, IBM introduced the TrueNorth chip in 20 14 using 5 billion transistors
making up 256 million synapses. It consumes 68 mW power with a 400 240 pixel video input at
30 frames per second 12.0,21]. Manchester University is developinige SpiNNaker (Spiking Neural Network
Architecture), a highly parallel neuromorphic supercomputer, usng more than a million ARM processors.
The machine will simulate the behaviour of 1 million neurons, ten times meoe than the number of neurons
in a mouse 122]. The Blue Brain Project is aimed at simulating sections oftie rat brain using the IBM
BlueGene supercomputer |23]. All these architectures would consuoe signi cantly large power if scaled
up to the same complexity level as the human brain. Reducing the emgy consumption would remain
extremely challenging as long as the conventional CMOS technology igsed. In addition, none of the
implementations truly mimic the biological synapse.

Compared to these digital implementations, the BrainScaleS projetcemploys analog circuits, which are
faster and consume much less energy 124]. Similarly, the Neurogrid-pject at Stanford University utilizes
analog computation to simulate ion-channel activity and digital communication to wire the synaptic
connections. This hybrid approach reduces the power consumptioby ve orders of magnitude compared
to a supercomputer performing the same task 125, 26]. Howeverhese architectures cannot match the
compactness or parallelism of biological systems.

5 Synaptic plasticity mechanism and learning

Neuroplasticity, or brain plasticity, is the capability of the brain to mo dify existing synaptic strengths
or create completely new connections as it needs during the procef learning and memorizing new
information. Sometimes brain annihilates the neural connections tlat are no longer needed and strength-
ens the necessary ones, in order to tune itself to meet new requireents. Over the last several years,
neuroscientists have extensively studied the neural connectiongresent in the brain and recognized many
molecular mechanisms that are responsible for neuroplasticity.

Plasticity in the brain can be rate dependent or timing dependent. Seeral mechanisms have been
proposed to explain the dierent forms of plasticity in the brain. In 1 949 Donald Hebb proposed the
basic mechanism behind synaptic plasticity also known as Hebbian leaing rule [27]: \When an axon of
cell A is near enough to excite celB and repeatedly or persistently takes part in ring it, some growth
process or metabolic changes take place in one or both cells such thA's e ciency as one of the cells
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Figure 3  (Color online) Various techniques to implement brain-insp ired computing. (a) Schematic illustration of the
brain-like architecture used in TrueNorth chip [21]. where = memory, computation, and communication blocks are integra ted
as modules operating in parallel with each other using an eve nt-driven network. Reprinted with permission from [21].
Copyright 2014, The American Association for the Advanceme nt of Science. (b) A die of the SpiNNaker computer with 18
ARM cores, fabricated on a 130 nm CMOS process. Reprinted wit h permission from [:22]. Copyright 2013, IEEE. (c) Analog
implementation of neuron presented in [26]. where spikes on the wire labeled “axon' are integrated by the capacitance of
the wire labeled “dendrite’. The resulting voltage is compa red with a threshold using a comparator and a spike is generat ed
when the voltage exceeds threshold. (d) Digital implementa tion of a neuron consists of a counter which is incremented
every time an incoming spike triggers a 1 out of the bit cell. T he output of the counter is compared with the threshold
and a spike is generated when the count exceeds the threshold , after which the counter is reset. Reprinted with permissio n
from [26 .. Copyright 2014, IEEE.
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Figure 4  The curve corresponding to Hebbian learning rule, showing t he percentage change in synaptic strength as a
function of the time di erence between the pre and post-syna ptic spikes.

ring B, is increased". This mechanism has often been summarized as \cell®dt re together, wire
together". Hebbian learning rule is described in Figure 4. As shown, lie curve is symmetric and the
temporal order of the input and output has no in uence on the change in synaptic strength. However,
this picture is incomplete as observed in many experiments conducteover the last two decades 126{32].
Other rules, such as the BCM rule [33], the covariance rule |=4], etchave been proposed as extensions
or alternatives to the Hebb rule. No single rule has been successfifl explaining all varieties of synaptic
plasticity observed in nature. In the following paragraphs, we will discuss some of the synaptic plasticity
mechanisms that are crucial for realization of nheuromorphic hardware.
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Figure 5  Experimental demonstration of long-term potentiation (LT P) and long-term depression (LTD) in a biological
synapse showing synaptic conductance as a function of time. (a) The solid circle corresponds to the conductance due to hi gh
frequency tectanic stimulation which results in LTP, and th e hollow circle corresponds to the conductance in the absenc e
of tectanic stimulation. Reprinted with permission from [3  6]. Copyright 1970, John Wiley and Sons. (b) Plot showing
the change in synaptic conductance due to low frequency stim ulation, resulting in LTD. The dotted horizontal line shows
the conductance level when there is no stimulation applied.  Reprinted with permission from [37]. Copyright 1993, The
American Association for the Advancement of Science.
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Figure 6  (Color online) The percentage change in the synaptic weight as a function of the time di erence between the pre
and post-synaptic spikes across a biological synapse. If pr e- follows post-spike, the synapse undergoes LTD, converse ly if pre-
precedes post-spike, synapse undergoes LTP. Reprinted wit h permission from [32]. Copyright 1998, Journal of Neurosci ence.

5.1 Long-term plasticity

Long-term plasticity refers to persistent activity-dependent changes in the synaptic strength. Due to its
durability, this form of synaptic plasticity is widely believed to be the re ason for learning and memory 135].
Some patterns of synaptic activity in pre and post-synaptic neurams produce a long-lasting increase in
synaptic strength known as long-term potentiation (LTP), whereas other patterns of activity produce a
long-lasting decrease in synaptic strength, known as long-term dgeession (LTD). In such rate dependent
synapses, LTP occurs due to high frequency stimulations and low &quency stimulations induce LTD, as
demonstrated in Figure 5 136, 37].

Spike-timing-dependent plasticity (STDP) is an asymmetric form of Hebbian learning which depends
on the temporal correlations between pre and post-synaptic spis |138]. The relative timing between the
pre and post-synaptic spikes determines the direction and the magtude of changes in synaptic weights.
Post-synaptic spiking that occurs repetitively within a time window af ter presynaptic activation results in
LTP, whereas post-synaptic spiking within a time window before presynaptic activation leads to LTD, as
shown in Figure 6. STDP can be divided into two types: additive STDP ard multiplicative STDP. If the
learning function depends only on the time interval ( T) between pre and post-neuron spikes, but not
on the actual weight (w), this type of weight-independent STDP learning rule is usually called \additive
STDP". Additive STDP requires the weight values to be bounded to an interval because weights will
stabilize at one of their boundary values. On the other hand, in \multiplicative STDP" the learning
function is also a function of the actual weight valuef (w; T) [39{41]. In multiplicative STDP weights
can stabilize to intermediate values inside the boundary de nitions. Thus, it is often not even necessary
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Figure 7 (Color online) lllustration of short-term plasticity at th e neu- Figure 8  (Color online) Four basic electri-

romuscular synapse. Presynaptic motor nerve was stimulate d by train of cal circuit elements: Relationships between
electrical pulses. In the beginning facilitation of the EPP  occurs and is the four circuit variables and four fundamen-
followed by depression of the EPP. After the removal of stimu lation EPP tal two-terminal circuit elements: resistor,
goes back to resting state. Reprinted with permission from [ 42]. Copyright capacitor, inductor and memristor. Reprint-
2001, Sunderland Sinauer Assc. ed with permission from [49]. Copyright

2008, Nature Publishing Group.

to enforce boundary conditions for the weight values 141]. STDP ha®een widely used by computational
neuroscientist because of its simplicity, biological plausibility, and conputational power.

5.2 Short-term plasticity

Short-term plasticity acts on a shorter time scale, typically in the order of tens of milliseconds to a few
minutes. The modi cation in synaptic strength due to short-term p lasticity is temporary, such that in the
absence of continued presynaptic activity, synaptic strength quckly returns to its initial level, as shown in
Figure 7 |4Z2]. Compared to long-term plasticity, which is an experiencelependent modi cation, in case
of short-term plasticity the response of post synaptic neuron reects the history of pre-synaptic activity.
Two types of short-term plasticity, with opposite e ects on synaptic strength, have been observed in
biological synapses: short-term depression and short-term féitation.

Short-term facilitation is a transient increase in synaptic strength (Figure 7) that occurs when two
or more action potentials arrive at presynaptic terminal very closein time, due to which calcium builds
up in presynaptic side. As a result, more neurotransmitters are reased by a subsequent presynaptic
action potential. A high-frequency train of presynaptic rings (re ferred to as tetanus) can cause an even
more sustained rise of presynaptic calcium levels which results in anber form of synaptic plasticity
called post-tetanic potentiation. Repeated presynaptic activities can also cause continuous depletion of
the synaptic vesicles available for release into the synaptic cleft, wibh results in decrease of synaptic
strength or depression. Synaptic strength decreases until th@ool of neurotransmitters replenished via
the process involved in recycling of synaptic vesicles.

6 Realization of synaptic devices

The recent progress in experimental realization of nanoscale merstive devices 143{49] has opened pos-
sibilities for implementing true brain architectures based on hardwae with plastic synaptic connections.
A memristor is any passive electronic circuit element that displays a pithed hysteresis loop in itsl -V
characteristics |50]. The device was rst proposed by Leon Chua in @71. He observed that there should
be six di erent relationships between the four circuit variables: chage, current, voltage, and magnetic
ux. While two relationships were covered by basic physical laws and hree were given by the de nitions
of the then known circuit elements (resistor, capacitor, and indudor), one relation was left unaccount-
ed for (see Figure 8). This led him to postulate the fourth fundamenal passive circuit element, called
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Figure 9  (Color online) Properties of resistance switches without e lectrochemically reactive metal. (a) Schematic of the
metal-insulator-metal (MIM) structure for metal{oxide RR AM, and schematic of the device |-V characteristics, showing
two modes of operation: (b) unipolar and (c) bipolar. Reprin  ted with permission from [56]. Copyright 2012, IEEE.

the memristor. The memristance (M) describes the remaining relation between charge and ux ',
d = Mdq.

Although Chua demonstrated that the memristor has many intereding and valuable circuit proper-
ties, and pinched hysteresis loops had been observed in theV characteristics of oxide based resistance
switches around the same time 15.,52], the link between the memrist theory and experimental demon-
stration was not established until 2008 [49]. Memristors have attrated signi cant attention since then
due to a number of promising applications, including non-volatile randan access memory (NVRAM) and
neuromorphic computing. The concept of memristors has also beegeneralized to cover devices beyond
the resistance switches (often called RRAM or ReRAM for memory aplications), including phase change
memory devices, spintronic devices, Spin Torque Transfer (STT) NRAM, ferroelectric devices 53], etc.

Many of these device technologies have been explored as electrosiynapses with programmable con-
ductance. As expected, dierent types of devices have di erentcharacteristics. To mimic the ability
of the brain to perform fuzzy, fault-tolerant, and stochastic computation, without sacri cing either its
space or power e ciency, these devices should have incrementabf analog) conductance change, under
short pulses (e.g., 100 ns) with low voltages (e.g., 0.5 V) and low currés (e.g., 100 nA). Neuromorphic
systems based on such emerging nanoscale devices can potentiallypiove density and power consump-
tion by at least a factor of 10, as compared with the conventional ®10S implementations |54]. In the
following sections we will review the research e orts on synaptic deices, categorizing them according to
their dominant switching mechanisms.

6.1 Resistance switches without electrochemically active metals

Resistance switches are made using a conductor/insulator/condetor structure. Depending on whether
an electrochemically active metal (e.g., Cu or Ag) layer is used as theanductor layer or not, the switching
mechanism can be fairly di erent. Without such active metal layer, t he devices switch via valence change
mechanism (or electron trapping/de-trapping in some cases)whiclwill be discussed in this section. These
devices are often called RRAM or ReRAM devices. With an active metalthe switching mechanism is
typically electrochemical metallization. These devices, also called RRM, are more frequently referred
to as Programmable Metallization Cell (PMCs), which will be discussed sparately in the next section.
The resistance switches are one of the leading candidates for natlatile memory (NVM) technology due
to their good scalability, performance, and low-power consumption They do not su er from the scaling
limits of the dynamic random access memory (DRAM) and Flash memory|43]. However, they are still
susceptible to some of the problems associated with scaling nanodegs, such as high defect rates, high
device variability, and device aging 155.53]. These issues are of gteaconcern in memory applications
than in neuromorphic computing applications.

A schematic of the valence change memory (VCM) device is shown in Fige 9. The exact switching
and electron transport mechanism varies signi cantly with materials used, but it is generally true in all
types of devices that electric eld and/or Joule heating causes ioniamotion and local structural changes
in the switching layer, resulting in a measurable change in the device mistance. Information can be
stored as the resistance states of the device.
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Figure 10 (Color online) lllustration of lament growth dynamics con trolled by kinetic parameters. Filament growth (a)
when both m and r are high, (b) both m and r are low, (c) m is low but r is high, and (d) m is high but r is low. Reprinted
with permission from [E8]. Copyright 2014, Nature Publishi ng Group.

The devices can have multiple resistance levels between two boundaresistance states, i.e., Lower
Resistance State (LRS) and Higher Resistance State (HRS). Therpcess of switching from HRS to LRS
is called “set', and a switch from LRS to HRS is called ‘reset'. Usually an aprepared sample needs a
higher voltage for its initial set process, which is called \electroforming”, with the corresponding voltage
being called the \electroforming voltage" |57]. These devices can beufther categorized as unipolar or
bipolar, based on the voltage polarity used for the switching operaibns. In the unipolar case (Figure 9(b)),
irrespective of voltage polarity, set and reset operations only depnd on the magnitude of applied voltages
or currents. In the case of bipolar switching (Figure 9(c)), the s¢ and reset have to be done with opposite
voltage polarities.

The fundamental physics and mechanism of resistive-switching in RRM devices are surprisingly
divergent and has not yet been completely understood. Based orucrent understanding of the switching
mechanisms, RRAM devices can be loosely divided into two categoriesation-based switchingand anion-
based switching

Cation-based switching systemdorm metallic lament inside dielectric medium. Yang et al. [38]
presented a uni ed framework for the lament growth dynamics in t hese types of memristive devices.
Depending on the kinetic factors (ion mobility m and redox rate r) lament growth dynamics may be
divided into four categories (Figure 10):

(a) High and homogeneous nmand r: In this case ions can reach the inert electrode without reducing
or clustering inside the dielectric layer, so lament growth will begin from the inert electrode. Due to
high r, ion supply is high which will lead to an inverted cone shaped lament (Figure 10(a)). This kind
of lament growth can be found in conventional ECM devices (Subsetion 6.2).

(b) Low and inhomogeneous m and low:rIn this case ions can nucleate inside the dielectric medium
and further lament growth will happen by means of cluster displacement and repeated splitting-merging
process (Figure 10(b)).

(c) Low m and high r: In this case also, ions can nucleate inside the dielectric medium, butwk to high
r, incoming ions from the cathode will reduce at the site of nucleation.This process will continue till the
gap between nucleation site and cathode is lled and the process willapeat again, giving an e ective
lament growth towards inert electrode (Figure 10(c)).

(d) High m and low r: Due to high m, there may not be any nucleation inside the dielectric and hence
ions will reduce at the surface of the inert electrode. Due to limited im supply (low r) reduction occurs
at the edges with high electric eld strengths, resulting in a branched growth of the lament towards the
active electrode (Figure 10(d)).

Based on the above discussion it can be concluded that the nucleaticsites and the direction of lament
growth are controlled by the ion mobility m, while the shape and geometry of lament will depend on
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Figure 11 (Color online) Schematic illustration of the switching pro  cess for anion-based RRAM devices. Reprinted with
permission from ['56]. Copyright 2012, IEEE.

Table 1 Summary of the synaptic properties of RRAM devices presente d in literature

Device structure Size Ov%‘ft';?gtg‘g Prog{mming ConEST.I?T‘;%% on Ron=Ro n?;Vétthrl]?gm Sgﬁgggt
Pt/Al 203/Ni [59] 100 m + 05V - - - Filamentary Yes
PdHx/Na on/PdH y [60] 100 m - 1ms 30 nJd - Non- lamentary -
PYWO 3 /Pt [61] 25 m + 3V - - - Filamentary Yes
PUTIN/PCMO/Pt [62] - +/ 3V 10 ms - - Filamentary Yes
WITIN/Mn:HfO  2/Ru [63] 20 nm + 1V 10 ms 482 fJ - Filamentary Yes
TilPYGd:HfO  »/TiN [64l 10 m + 3V 0.1{1 s 1/100 Filamentary ~ Multi bit
Ta/TaO x/TiO »/Ti [€5] 100 m + 5V Non- lamentary Yes
TIN/HO x/AIO x/Pt[66.671 0:5 m + 3V 10 ns 6 pJ 1/120 Filamentary g hRRg
PUGAO yx+Cu MoOy/Pt[68] 100 nm + 4V . 1/20 Filamentary ~ Analog

(forming free) memory

the rate of reduction.

Anion-based switching systemsperate using the following sequence of events: soft breakdowri the
dielectric and creation of conductive laments consisting of oxygenvacancies, which sets the device. If
the polarity of the applied voltage changes, a recombination of oxygn vacancies with oxygenions takes
place eventually breaking the conducting laments (or changing the composition of the laments) and
resetting the device (Figure 11).

Table 1 |59{68] summarizes the device structure, size, operatingoltage, programming time, energy
consumption, Ron/ Ry ratio, switching mechanism, and gradual set/reset characterisics of some of the
synaptic devices present in the literature. Neuromorphic computirg in general is less demanding on
device performance requirements than memory applications, espilly on device variability and sneak-
path current issues. Most valence change based devices show lamtary type of switching which has the
following limitations:

1. Due to the lament evolving process inside the switching layer, mosdevices exhibit gradual reset
but abrupt set, which limits the synaptic device to behave like an exci@atory and inhibitory synapse at
the same time.

2. Filament formation is a stochastic process and it is facilitated by the defects present in the switching
layer. As the devices are scaled down to smaller dimensions, the defe required for lament formation
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Figure 12 (Color online) Multilevel change in the conductance of devi ces. (a) | -V curves of the Ta/TaOx/TiO2/Ti device.
The upper panel shows SET-controlled multilevel resistanc e switching in which SET voltage was gradually increased. Th e
lower panel shows a RESET-controlled mode in which RESET vol tage was increased gradually. Reprinted with permission
from [55. Copyright 2015, Nature Publishing Group. (b) Cha nge in volatile conductance in the WO 3 x device after
applying seven consecutive pulses of 2.8 V for 0.5 s with an in terval of 50 s. The read voltage was 0.5 V. (c) Non-volatile
conductance and subsequent state retention of the WO 3 y device after application of 2.3 V pulses for 10 s. Current decay
curves after the rst and third pulses are shown in the inset. Reprinted with permission from [6L]. Copyright 2013, IOP
Publishing Limited.

will decrease, increasing the randomness in the number of defecend resulting in large conductance
uctuations, especially in the low conductance regime.

Although the neuromorphic system is more fault-tolerant, a high degree of conductance uctuation may
still adversely a ect computational accuracy of the system. Warg et al. |6%] tried to address this problem
by adopting non- lamentary switches, such as the Ta/TaO/TiO ,/Ti structure and argued that these
devices can change conductance gradually because the resistanthange in the devices was determined
by a homogeneous barrier modulation (HBM) induced by oxygen ion mton. As shown in Figure 12(a),
they observed multilevel set and reset in the device.

Multilevel resistance switching has been demonstrated in numerousypes of valence change based
devices 164, 66{63]. Yang et al. |61] have demonstrated synapticemaviour of WOz , based devices.
As shown in the case of biological synapses discussed in Section 5eyhwere able to realize rate based
synaptic changes in the device. Upon application of low frequency dse, the device displays short-term
facilitation, as shown in Figure 12(b), and it shows long-term poteniation for high frequency pulses (see
Figure 12(c)).

Yu et al. [66] have shown multilevel switching in TiN/HfO «/AIO /Pt based resistive switching cells
by controlling the compliance current and reset stop voltages, ast®wn in Figure 13(a). The property of
gradual resistance change using voltage pulses was exploited tordenstrate the spike-timing-dependent
plasticity (STDP) learning rule, as in Figure 13(b). They were able to achieve low (sub-Pico joule)
energy consumption per operation, which is a critical parameter fo using these devices in large scale
neuromorphic systems.

For the purpose of neuromorphic computing, resistive change déwes can be divided into two categories:
rst order systems and second order systemslin order to mimic synaptic learning rules, rstorder systems
require engineering the shape of the applied spikes, such that theelative timing of the spikes from the
pre and post-synaptic neurons can be encoded into e ective pragmming pulse amplitude or duration
resulting from the two overlapping spikes 155, 63,.69]. The reason fathis requirement is the fact that
the modulation of the memristor conductance, determined by an inernal state-variable (e.g., conduction
channel sizew), is solely controlled by the input (e.g., the voltage V applied to the device) and the
channel size. However, pulse modulation and precise timing contrakquires additional circuitry, making
the system bulky and complicated.
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(a) (b)

Figure 13  (Color online) Gradual resistance change in an RRAM device a nd demonstration of STDP characteristics
by Yu et al. [66]. (a) |-V characteristics of the HfOX/AIOx synapse device. Continuo us set states were obtained by
consecutive increase in the value of current compliance fro m 1 A to 200 A, and continuous reset states were achieved
using consecutive increase in the reset stop voltages from 1:3Vto 3:3 V. Multiple states were obtained due to continuous
change in resistance. (b) Plot of percentage conductance ch ange of the HfOX/AIOx synapse device as a function of the
spike timing di erence, showing an STDP-like curve. Reprin  ted with permission from [66]. Copyright 2011, IEEE.

(a) (b)

Figure 14 (Color online) Schematic diagram of the mechanism behind r st and second-order memristors. (a) Operation
of a rst-order memristor, and (b) operation of a second-ord er memristor. Reprinted with permission from [71]. Copyrig ht
2015, American Chemical Society.

To avoid this complexity and to emulate the synaptic behavior more directly without the strict require-
ment of overlapping pulses, Kim et al. [70, 71] used the so-called sewd-order memristors (Figure 14),
where the conductance and the associated primary state variablare also regulated by a secondary state-
variable (e.g., temperature of the channelT) in addition to the rst state-variable (e.g., conduction
channel sizew), enabling the device to implement complex and potentially bio-realisticdynamic e ects.
An example of such a second-order memristor is mathematically desbed in [71] as

Z—\:V =f(w;T;V;t:
In this device, the local temperature T near the lament increases due to Joule heating which a ects the
drift and di usion processes of the conducting laments (CF) and determines the growth and dissolution
of the laments. More importantly, the dynamics of T is a function of time and provides an internal
timing mechanism; these internal dynamics in second-order memristrs provide a possible solution to
equip the memristors with timing-based synaptic plasticity e ects, such as STDP.

6.2 Resistance switches based on electrochemical metalliz ation

Resistance switches based on electrochemical metallization are moally called PMC, which is also known
as solid electrolyte memory, nano-ionic resistive memory, electro@mical memory, or conductive bridging
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Figure 15 (Color online) Schematic of the operating principle of a PMC  consisting of silver (Ag) and platinum (Pt)
electrodes. (a) High resistance OFF state of the PMC. (b) Ag d issolves in the solid electrolyte as Ag+ and ions drift
towards the Pt electrode when a high electric eld is applied . (c) Ag+ ions reduce on the surface of the Pt electrode leadin g
to electrodeposition of Ag, decreasing the resistance of th e device. (d) Ag lament is formed and the device turns ON. (e)
When electric eld of opposite polarity is applied, Ag lame  nt dissolves in the electrolyte and resets the device to the O FF
state. ¢ lOP Publishing. Reproduced with permission from [72]. Allr ights reserved.

RAM. It is another promising non-volatile memory device [72], with a number of advantages, including

low operation current and voltage, relatively high-speed switching,multiple resistance levels, high device
yield, and relatively high endurance [73,74]. Some early studies on tlse devices were reported on Ag
doped AgS; Ims by Hirose in 1976 [75]. Much more signi cant progress has been mée in the past

decade, including integration using an industry standard process7o].

Each programmable memory cell has a thin solid state electrolyte layesandwiched between an inert
cathode layer and an electrochemically active anode. Typically, the aode layer is Ag or Cu, and the
electrolyte layer is a doped amorphous material that can conduct ias. When a positive bias is applied on
the anode, redox reactions drive the metal ions from the anode it the electrolyte layer. The metal ions,
drifting through the electrolyte layer, are electrochemically reduced and deposited on the cathode. A
conducting bridge thus forms between the two electrodes, leadintp the low resistance state, i.e., the ON
state. The device can be switched OFF by applying an opposite voltag [77], causing a similar process
where the cations migrate in the opposite direction. The above swithing process is schematically shown
in Figure 15 [72]. In other cases, especially when the dielectric medium &n oxide (e.g., HfQ;) instead
of a traditional electrolyte material (e.g., GeS), the lament growth direction could be opposite to the
schematic shown in Figure 15 [78].

The PMC device shares some similarities with the biological synapse in ida transport at the physical
level. Several materials have been used as electrolytes for switclgimoperation [77] in PMCs, among
which silver based chalcogenides have been the most popular one sar for synapse electronics. In
2011, Ohno et al. [79] demonstrated an AgS inorganic synapse showing a transition from short-term to
long-term potentiation by controlling the repetition time of the input pulses (see Figure 16). For a lower
repetition rate, the device showed a temporary increase in condiance and the conductance then decayed
spontaneously over time, whereas a persistent enhancement washieved with a frequent repetition of the
stimuli. In addition, the device mimicked the multistore model of human memory [80] where information
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Figure 16 (Color online) Demonstration of a PMC as an electronic synap se by Ohno et al. [79]. (a) Schematic diagram
of the cell consisting of a Ag electrode and Ag 2 S electrolyte separated by a nanogap from the intert metal el ectrode. Also
shown is the process of formation of a bridge between electro des when repetitive voltage pulses are applied, leading to
transition from short to long-term potentiation. (b) Block diagram of the multi-store model of human memory, showing
that information is rst stored in the sensory registor and t  hen sent to a short-term memory where frequent rehearsal
stores the information in the long-term store, whereas less frequent or no rehearsal results in forgetting. (c) Experim ental
results showing device conductance when a sequence of low frequency voltage pulses is applied across the device. The
conductance increases with voltage but decreases when the v oltage is removed, demonstrating short-term memory. At hig h
frequency, the conductance increases and stays high at the v alue of 77.5 S which is the conductance of a single lament
channel, demonstrating long-term memory. (d) Plot of memor y retention of the device as a function of time for one to
four rehearsals. More rehearsals result in higher retentio n for the same amount of time elapsed. Reprinted with permiss ion
from [79]. Copyright 2011, Macmillan Publishers Ltd.

is transferred from sensory memory to the short-term memory,and nally some information becomes
long-term through a repetition rehearsal process.

In 2010, Yu et al. [81,82] modelled a CBRAM device showing that the reistance of the PMC can be
tuned by gradually varying the pulse amplitude, and proposed a metlod to implement STDP, as shown
in Figure 17. However, varying pulse amplitude requires additional oerhead in the neuron circuitry
because each neuron must generate pulses with increasing amplited83]. In 2014, Mahalanabis et
al. [84] showed gradual change in PMC resistance by applying positivand negative voltage pulses with
constant magnitude for program and erase (see Figure 17(d)) t@achieve an average resistance change of
3% with each pulse operation, close to the DARPA goal of 1% change imeight by each operation.

Another class of PMC is Ag doped amorphous Si, with which Jo et al. [Bpdemonstrated STDP in
2010. With application of consecutive DC sweeps in this demonstratin, they could gradually change the
resistance for both set and reset process, as shown in Figure B}( They also implemented the synaptic
learning rules LTP, LTD (Figure 18(b)) and STDP (Figure 18(c)) with these devices. LTP and LTD were
demonstrated by applying consecutive potentiating or depressingpulses while STDP was observed upon
application of two programming pulses on the two terminals of the deice. The same device was used as
a synapse in [86]. Neurons were implemented using CMOS circuits.

There have been reports of the possibility of biological synapses brgy binary [87,88]. Such synapses
can be emulated using cation-based programmable memory cells withharp turn ON/OFF switching
characteristics. Here the switching states are digital in nature, ad therefore the probability of switching
can be used as the weighting parameter [89]. Synapses emulateding such devices are expected to be
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Figure 17  (Color online) Gradual tuning of the resistance of a PMC devi ce, and simulated STDP characteristics. (a)

Simulated change in the o -state resistance of the Ag/Ge (:3Sey:7 device in [81] using varying pulse amplitudes. The pulse

width is denoted by tp. (b) Programming scheme used in [81] to investigate the STDP  properties of an Ag/Ge o:3Se:7
device. The dierence in the timing between the pre and post- spikes is converted to varying pulse amplitudes across the

device. The result is that when pre preceeds post, the device is set, whereas it is reset if post preceeds pre. (c) Simulate d
STDP response of the Ag/Ge o:3Se:7 device using the pulse scheme in (c), and showing LTP and LTD. Reprinted with

permission from [81]. Copyright 2010, IEEE. (d) Programmin g of an Ag-Ge-Se device by Mahalanabis et al. [84] using
multiple 100 s, 1.5 V write pulses and 200 s, 1.5 V erase pulses. The resistance was read using a 100 mV read pulse. The
device shows gradual resistance change of one order of magnitude on applying 30 set and reset pulses. Reprinted with
permission from [84]. Copyright 2014, Elsevier Ltd.
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Figure 18 (Color online) Characteristics of the Ag-doped Si based PMC  device and the demonstration of spike-timing
dependent plasticity (STDP) in [85]. (a) Plot of the measure d (blue lines) and calculated (orange lines) | (V) characteristics.
The conductance of the device increases with the number of po sitive sweeps and decreases with increasing number of
negative sweeps. The inset shows the simulated and extracte d values of the position of the Ag front with increasing
number of positive sweeps. (b) Plot of the device current res ponse to positive (3.2 V, 300 s) and negative ( 2:8 V, 300

s) programming pulses showing incremental increase (poten tiation) and decrease (depression) of device conductance. (c)
STDP demonstration showing normalized change in the synapt ic weight i.e., conductance of the cell vs. the timing ( )
between the pre and post-spikes. Inset shows a scanning electron microscope of the 100 nm 100 nm crossbar device.
Reprinted with permission from [85]. Copyright 2010, Ameri  can Chemical Society.
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Figure 19 (Color online) Structure and properties of the magnetic tun  nel junction (MTJ) device. (a) Schematic diagram

of the basic structure showing di erent layers in the MTJ. Th e arrows in the free and xed layers indicate the direction
of the magnetization. Reprinted with permission from [96]. Copyright 2013, IOP Publishing. (b) 1(V) characteristics of
the device when the magnetizations are parallel (dashed bla ck) and antiparallel (solid blue), and the switching betwee n the
states (solid red). Reprinted with permission from [102]. C opyright 2011, American Institute of Physics. (c) Plot of th e
probability of the switching from one state to another as a fu nction of the pulse duration and voltage amplitude. Higher
voltages result in greater probability of switching for sho rter pulses. Reprinted with permission from [101]. Copyrig ht 2014,
IEEE.

more reliable and resistant to noise compared to electronic synapsenade using analog memristors.

Several other reports have investigated the capability of PMC andits variations for emulating the
synapse [90, 91]. The conducting bridge in the PMC can be as narrowsaa few nanometers, which
indicates a good device scalability and cell density [92]. Programming atents and voltages have been
shown to be as low as 1 A and a few hundred mV [74], respectively. The turn ON time can be adast as
10 ns [93], resulting in a low-energy ( 10 fJ) operation. By controlling the programming current of an
individual cell (if it can be done in a large array as well), the device can le set at di erent resistance states
giving it multivalued conductance characteristics [94]. All these chagcteristics make them a promising
candidate as synapse in neuromorphic circuits.

6.3 Spin transfer torque MRAM

Magnetoresistive Random Access Memory (MRAM) is another emerigmg non-volatile memory that has
relatively high read and write speeds, and essentially unlimited endurace [95, 96].

STT MRAM uses the electron spin to switch the MRAM which consists of a thin insulating layer
(tunnel barrier) sandwiched between a xed magnetic layer and a fee magnetic layer. Passing a current
through the xed layer produces a spin-polarized current which can change the magnetization orientation
of the free layer. When the magnetization orientations of the freeand xed layers are parallel, the device
is in a low resistance state. When antiparallel, the device is in the high reistance state [97,98]. The
switching is however stochastic in nature [99, 100], meaning that th time required for programming the
device is somewhat random, requiring longer write times to ensure stehing. This switching randomness
can be utilized to implement synapse behaviour [101]. If a programmig pulse of a duration t is applied
to the device, the probability of switching is exponential in form,

Here h i is the mean switching time, which can be controlled over several deckes by adjusting the
current. Therefore, both pulse duration and current can be tured to adjust the switching probability, as

shown in Figure 19 [96,101,102], which is similar to other memristors inhis regard and can be employed
for synaptic functions. Symmetry in the voltages used for P! AP and AP ! P transitions means simple
pulse waveforms, an advantage over other devices that are usliya asymmetric. Using these properties
of the STT MRAM, Vincent et al. [101] simulated a spiking neural network to implement unsupervised

learning using the STDP rule to count vehicles in a six-lane freeway. Tk detection rate was 99.0% for
the four inward lanes, whereas it was 76.3% and 54.7% for the two owtard lanes.
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Figure 20 (Color online) Structure and characteristics of phase chan ge memory (PCM) devices. (a) Schematic of the
cross-section of the PCM cell consisting of a phase change material sandwiched between the bottom and top electrodes.
The region in the phase change material near the heater layer is the programmable region, also called the mushroom cell. A
short high voltge reset pulse changes the temperature of the material rapidly to convert the crystalline region to amorp  hous
phase, which RESETs the device. A long low voltage pulse is us ed to crystallize the amorphous phase to SET the device.
Reprinted with permission from [106]. Copyright 2010, IEEE . (b) | (V) characteristics of a typical PCM cell showing the
increase in device current at the threshold voltage due to th e transition from amorphous to crystalline phase. Reprinte d
with permission from [108]. Copyright 2005, Nature Publish ing Group. Cross-sectional transmission electron microsc opy
images of a GST-based PCM cell showing the active region in (c ) the crystalline phase, and (d) amorphous phase. Reprinted
with permission from [109]. Copyright 2007, The Electroche mical Society.

Because the switching pulse can be as short as a few ns and the oant is around tens of A at
voltages< 1V, the energy consumption for each operation can be in the rangef 100 fJ. Although still
higher than PMCs, some new device designs have been recently praged to further reduce the energy
consumption [103]. The devices can be scaled down to a certain degtegiving a high packing density.
However, thermal uctuations can make the magnetization unstable for small sizes. This limitation in
device scaling and the corresponding ultimate packing density is callethe super paramagnetic limit [104].
In addition, the energy required for switching the device does not poportionally scale with the device
area if the resistance is kept constant. Despite these issues, STMIRAMs are interesting candidates
for synaptic electronics due to a few attractive properties, espeally the nearly unlimited endurance.
Experimental realization of STDP using these devices is yet to be depnstrated.

6.4 Phase change memory

Phase change memory (PCM) was developed in the 1960s [105] andshbeen under development over
the last several decades [46]. Among the emerging non-volatile meny technologies, PCM is likely the
most mature one for a large scale product so far. It is non-volatile vth a large ON/OFF ratio and
relatively long endurance [106]. PCM typically uses a chalcogenide thatan be electrically switched from
amorphous (high resistance, reset) phase to crystalline (low redisnce, set) phase and vice versa [107].
The transition to the amorphous phase is achieved by applying a largdut short voltage pulse, whereas
amorphous to crystalline change is achieved using a long but medium leV current pulse to anneal the
material above its crystalline temperature, as shown in Figure 20 [@6, 108, 109]. Typical reset pulse
durations are of the order of ns, whereas set pulse durations an@ the range of s, although recently
sub-ns set switching speeds have been demonstrated [110].
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Figure 21 (Color online) Implementation of STDP using phase change me mory devices. (a) Programming scheme used
in [47] to implement STDP. The pre-spike consists of a sequen ce of pulses of increasing and decreasing amplitudes. The
post-spike consists of a single pulse. At of 20 ms sets the device whereas for t = 40 ms, the device is reset. (b) STDP
characteristics of the synaptic device for di erent prespi ke con gurations (LTP1, LTP2, and LTP3) and di erent post-s pike
con gurations (LTD1, LTD2, LTD3) resulting in varying pote ntiation and depression time constants. (c) Demonstration
of dierent types of STDP learning rules: asymmetric (upper left, positive t potentiation), asymmetric (upper right,
negative t potentiation), symmetric (bottom left, potentiation), an d symmetric (bottom right, depression). Reprinted
with permission from [47]. Copyright 2010, American Chemic al Society.

Several groups have reported experiments using PCM devices faynaptic applications [111]. Using
GST based PCM cells, Kuzum et al. [47] obtained multiple intermediate reistance levels between set
and reset, and achieved an order of magnitude change in the reséice through 100 voltage steps. They
used a pulsing scheme, shown in Figure 21, similar to their gradual skeset experiments in order to
induce the desired STDP characteristics. The response agreed witthe biological data measured in
hippocampal glutamatergic synapses. They achieved control ofite STDP time constant by adjusting the
amplitude and time spacing between individual pulses in the spikes, andimplemented both asymmetric
and symmetric STDP schemes. The reset operation required 50 pJfanergy, while the set operation
required a much higher energy, although using set current data exapolated from device scaling they
predicted a lower energy consumption of 0.675 pJ for smaller devicezes.

Suri et al. [112] utilized the nucleation dominated behaviour in GST to ahieve a gradual increase in
conductance with multiple identical voltage pulses, and compared it vith GeTe which, due to growth
dominated behaviour, shows an abrupt conductance increase. H®y noticed that in contrast to the
conductance increase operations (potentiation) which correspads to the crystallization process of the
PCM, identical pulses did not lead to a gradual decrease in conductace (depression) and varying voltage
pulses are needed for this purpose. To avoid using varying voltageutses, they proposed a 2-PCM synapse
consisting of a rst PCM that is managed to contribute negatively to the output neuron (equivalent to
LTD) through circuit design, and the second PCM that contributes positively to the output (equivalent
to LTP). In this 2-PCM synapse, only crystallization operation is needed to realize either LTD or LTP,
circumventing the abrupt reset characteristic and potentially resulting in a lower energy consumption per
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Figure 22 (Color online) STDP demonstration and energy consumption i  n 40 nm mushroom PCM devices. (a) Pulsing
scheme used for the implementation of STDP. An asymmetric 20 0 ms pulse is applied to the gate terminal (axon) of the
transistor followed by a 60 ns pulse to the PCM terminal (dend rite), 100 ms later. The asymmetry in the gating pulse is
such that for positive  t the conductance of the PCM increases, and it decreases for t< 0. (b) STDP response of the
device from 1000 pulses with random pulse timings. The chang e in conductance ( G) is the ratio of the di erence in nal
and initial conductance to the minimum of the two. The colors correspond to di erent initial conductance values (blue
diamonds: < 0:5 S, green squares: > 0:5 s and < 5 S, red circles: > 5 S). Reprinted with permission from [113].
Copyright 2013, ACM.

synaptic event.

Jackson et al. [113] also implemented STDP using GST PCM cells that wer pore and mushroom
shaped, but used a eld e ect transistor (FET) in series with the PC M cell. In this implementation (shown
in Figure 22), a FET (axon terminal) was gated using a long asymmetricpulse and short pulses were
applied to the PCM (dendrite) to melt-quench and recrystallize the GST for depression and potentiation,
respectively. The timing of the pulses with respect to the gate pulsaesulted in an STDP-like response.
The energy consumed in the depression and facilitation processesaw58 pJ and 18 pJ, respectively. They
also proposed a method using RC delay as the timer that negates theeed of an access device and allows
for more frequent synaptic updates, exceeding 100 KHz. Fast siapses could be valuable for high speed
detection systems. Other recent reports of using PCM based déses [114] focus on implementing grids
and reducing the energy consumption.

6.5 Silicon-based devices

As Moore's law continued its streak [115], CMOS devices have becomeanaller and smaller in size,
consume signi cantly less power compared to a few decades back.

The idea of using CMOS devices for neuromorphic computing develojein the 1980s, when Carver
Mead proposed the use of oating gate memory, resistor network, and ampli ers to implement analog
computing using neuromorphic systems [116]. He used two exampleise., retinal computing with auto-
matic gain control and an adaptive retina, to introduce the principles behind neural systems. Following
this, Mead and others developed nFET and pFET based non-volatile gnapse transistors with simultane-
ous memory reading and writing capability [117]. The synapses competd the product of stored memory
(weight) and the input voltage to implement learning functions, like th e biological synapse. They demon-
strated 2 2 arrays and showed that they can address individual array nodesvith a good selectivity.
Since then, a number of groups have worked on CMOS based netwa for synaptic circuits [118,119].

More recently, Bartolozzi and Indiveri have described analog VL$ synaptic circuits that could be
integrated into large VLSI spike-based neural systems [120]. Thepresented experimental data for a
di -pair integrator (DPI) device showing realistic dynamics and how it could be connected to multiple
modules for implementing other synaptic functions and recent biologcal ndings, such as short and
long-term depression and potentiation.

However, CMOS and transistor based circuits still face scaling limits [21]. Because it was envisioned
that current technology is di cult to extend below 10 nm gate length , Likharev developed the concept
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of CMOL circuits [122{124], a hybrid CMOS/nanowire/MOLecular devic e that would combine a level of
advanced CMOS devices fabricated by lithographic patterning, layes of parallel nanowire arrays, and a
level of self-assembled [125] molecular devices. Once implementedit® full capacity, the device density
in CMOL circuits can be as high as 18 cm 2 and may provide up to 10?° operations per cn? per second
with manageable power consumption [126]. Self-assembly of deviceseistremely challenging due to poor
yield issues, and is still an area of active research.

7 Realization of the arti cial neuron

We can identify three generations of arti cial neural networks: the rst generation uses the McCulloch-
Pitts neurons, also known as a perceptron or a threshold-gate, sathe basic unit of computation. The
multilayer perceptron, which is a rst generation model, uses binaryor bipolar digital input and output,
and with a single hidden layer can be used to compute any Boolean fution?. The second generation
uses an activation function, such as a sigmoid or the hyperbolic tangnt, as its basis computational unit
(neuron). These neural networks can also compute any Booleamfiction by using a threshold, and can
approximate any continuous analog function with one hidden layer. They also support learning algorithms
based on gradient descent, such as error back-propagation [1R7

The third generation of arti cial neural networks is based on spiking neural networks (SNN), which are
inspired by neurophysiology and use temporal coding to pass inforation between neurons. Like second
generation neurons, they can also approximate continuous fun@ns by using temporally encoded inputs
and outputs [128]. In the following paragraph we will discuss two of tle most widely used spiking neuron
models:

(a) The leaky integrate-and- re (LIF) neuron: This is one of the simplest spiking neuron models, but
it is very popular due to the ease with which it can be analysed and simuleed. The neuron is modelled
as a leaky integrator of its input current | (t):

dv

mgr - v(t) + RI(t):
Here v(t) represents the membrane potential at timet, , is the membrane time-constant andR is the
membrane resistance. This equation describes a simple resistorqacitor (RC) circuit where the leakage
term is due to the resistor and the integration of I (t) is due to the capacitor that is in parallel with the
resistor.

The LIF neuron model, although very simple, is not biologically plausible and cannot explain actual
spike generation. The Hodgkin-Huxley model, proposed by Alan Hodgin and Andrew Huxley in 1952,
has a solid foundation in physiology.

(b) Hodgkin-Huxley Model[129]: The Hodgkin-Huxley model, shown in Figure 23, for neural dynenics
is one of the most successful models in computational neurosciemcBased on voltage-clamp experiments
on the giant squid axon, the model incorporates voltage-sensitivéon channels into the circuit model
of the membrane to describe the generation and propagation of &ion potentials. Mathematically, the

current owing through the membrane (1) can be expressed as
av
lc= Cn _m;

dt
and the current through a given ion channel is the product:

li = g (Vm V),

whereV, is the reversal potential of theith ion channel. For a cell with sodium and potassium channels,
the total current through the membrane is given by

(o)V/
I = Cmd—,;n"' Ok Mm W)+ 0na(Mm Wna)+ a(Vm V),

1) http://www.cs.cornell.edu/courses/cs4700/2011fa/l  ectures/13 _Ann.pdf. 17.
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T8 7 m

Figure 23 Equivalent circuit diagram representation of the Hodgkin-  Huxley model. The model represents the lipid bilayer
membrane between the interior and exterior of the nerve cell . Adapted from [129]. Copyright 1952, The Physiological Soc iety.

where,

| - total membrane current per unit area,

Cm: the membrane capacitance per unit area,

Ok ,» Ovas O © the potassium, sodium and leakage conductance per unit area, spectively,

Vk ,» Wa, Vi: the potassium, sodium and leakage reversal potentials, respeacely.

Electronic neuron implementation using memristors: Neuri stor. Traditionally electronic neu-
rons were implemented either using a computer program [130{132Jraising specialized analogue MOSFET
circuits [133{136]. There was always a need of constructing a physit system that can mimic biological
functionality more directly, with the goal of improving e ciency and s cale. If one wants to realize an
entire neuromorphic system on a single chip, scaling of traditional hedware neurons will prove to be
a bottleneck, even though memristor based synapses will be scal@b In 2013, HP Labs proposed a
scalable neuron built using two memristors [137]. A neuromorphic sygm having both the neurons and
synapses implemented using memristors can help to achieve a massparallel and an extremely compact
computational system.

Figure 24 depicts the neuristor circuit, which closely mimics the Hodgkn and Huxley model, imple-
mented using Mott memristors. A Mott memristor is a type of threshold switching device made with an
insulating-metal transition (IMT) material. Using two identical Mott memristors, each having a parallel
capacitor attached to it (C; and C,), the device is powered by two DC sources with opposite polari-
ties, which represent the sodium and potassium channels of the neon. Similar to Hodgkin & Huxley
neuron model this circuit can be modelled using four state variables.Figure 24(b) shows the bistable
current-voltage characteristics of the memristors used to cortsuct the neuristor.

8 Concluding remarks and future outlook

Although the idea of mimicking the biological brain using electronic circuts has been around for decades,
recent developments in the eld of microelectronics and emerging naoelectronics seem to have brought
this dream closer to reality. The ultimate goal is to conquer the last @mputing frontier, i.e., building a
brain-like computer that consumes low power, has high computatioal density per unit volume, and can
perform complex tasks at high-speed. This is obviously still far fromrealization, primarily due to our
still very limited knowledge of the intelligent biosystems and the immaturity of emerging devices.

It is reasonable to assume that it will take decades or longer for usa signi cantly improve our
knowledge about the human brain. Understanding the working prindple of neurons and synapses is
one of the most important tasks in order to capture some of the factionalities vital to truly mimicking
them on a circuit. However, the development of arti cial intelligent systems does not have to stop or
wait. In contrast, the exploration of arti cial intelligent systems ¢ an bene t the understanding of their
bio-counterparts by providing feedbacks based on the emulatingeasults.



Upadhyay N K , et al. Sci China Inf Sci June 2016 Vol. 59 061404:22

+Vd.c.
+ Chan 2
!
400
&) M,
Output —~
£ 300
Ri Re Rou 2
Input ;5) 200
COUt o
SwitchMy
G My 100 SwitchM,
+! Vac. Neuristor Model
! Chan 1 0
0 0.5 1.0 1.5
Voltage (V)

(@) (b)

Figure 24 (Color online) Electronic implementation of the neuron usi  ng a neuristor device. (a) Circuit diagram of the
neuristor, (b) The |-V curves of the two niobium dioxide crosspoint devices. The gr een and red curves correspond to the
experimental |-V characteristics of devices M1 and M 2, respectively. The black curve represents the quasi-stati ¢ simulation
result obtained using the model. The scanning electron micr oscope image of a typical device is shown in the inset. Reprin ted
with permission from [137]. Copyright 2013, Macmillan Publ ishers Limited.

On the other hand, substantial improvements are still needed in oder to provide building blocks for
the arti cial intelligent systems, including devices and circuits that can emulate synapses and neurons
in the brain with characteristics such as low-energy, scalability, integratability, and dynamics. We have
discussed some of these devices which are suitable for mimicking sys®s, such as resistive change
memory, programmable memory cells, MRAM devices, phase change emory, etc. These emerging
devices have demonstrated signi cant potential in this direction, and can emulate some of the crucial
functionalities of synapses such as LTP, LTD and STDP. However, rost of the demonstrations so far were
realized by engineering voltage pulses at the expense of circuit andheration complexity. For instance,
sparse spikes without overlapping are known to change synaptic vight in a bio-synapse, while majority
of the STDP demonstrations made till date using emerging devices iquire overlapping spikes. This is due
to the lack of appropriate dynamics in those devices, which is extremly important for the bio-system.
Therefore, developing nanodevices with some intrinsic timing mechaam to implement the dynamics of
bio-systems is critical for the future research.

Compared to synaptic devices, research e orts into devices thatan mimic neural functionalities have
lagged behind. Neuristors built with two memristors have shown someneural function in generating
electrical pulses, which is an encouraging step towards implementingn all-memristor neuromorphic
system. In addition, more e orts are needed towards building and esting integrated systems using
emerging devices [138].

Before integrated systems using emerging devices are available foeuromorphic function demonstra-
tions at a system level [139], those purely based on traditional CMOSlevices will prove very useful to
implement and test a variety of algorithms that can later be transferred to the low-energy and high-density
intelligent systems based on emerging devices. In order to realize alu intelligent systems, an interdis-
ciplinary approach is required with e orts from researchers working in diverse areas such as biology,
physics, materials engineering, electrical engineering, and compeit science.

Conict of interest The authors declare that they have no con ict of interest.
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