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Abstract This chapter provides a comprehensive overview of current research on
nanoscale memory devices suitable to implement some aspect of synaptic plasticity.
Without being exhaustive on the different forms of plasticity that could be realized,
we propose an overall classification and analysis of few of them, which can be the
basis for going into the field of neuromorphic computing. More precisely, we present
how nanoscale memory devices, implemented in a spike-based context, can be used
for synaptic plasticity functions such as spike rate-dependent plasticity, spike timing-
dependent plasticity, short-term plasticity, and long-term plasticity.

1 Introduction

There is nowadays an increasing interest in neuromorphic computing as a promis-
ing candidate to provide enhanced performances and new functionalities to efficient
and low-power biomimetic hardware systems. On the one hand, seminal works in
the 1950s with the concept of perceptron have been evolving continuously via soft-
ware approaches. Starting from the simplest circuit structure (the perceptron), which
corresponds to some formal neural networks representation, the Artificial Neural
Networks (ANNs) have seen the emergence of very complex systems with impres-
sive performances in recognition tasks, for example. Along these lines, the deep
neural networks (DNNs) are today the most promising candidates for new comput-
ing systems. Even if the concepts of neurons and synapses are largely used in this
field, a direct equivalence with their biological counterparts is not straightforward
and sometimes impossible (or not biorealistic). On the other hand, recent progresses
in neurosciences and biology have highlighted some basic mechanisms present in
biological neural networks (BNNs). If the global understanding of the computing
principle of such networks is out of reach, lots of key elements for computing have
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been evidenced. For example, spike timing-dependent plasticity (STDP), initially
observed in BNNs, has attracted strong attention from computer science commu-
nity since it opens the way to unsupervised learning systems which are expected
to provide another breakthrough in the future of computing. In between these two
main directions, i.e., ANNs and BNNs, neuromorphic computing and engineering
emerge as an intermediate solution: The objective is still oriented toward the devel-
opment of computing systems but with stronger analogy with biology with respect
to ANNSs. This classification should be carefully handled since the frontier between
these different fields is far from being clear.

This chapter focuses on a crucial aspect addressed by neuromorphic computing:
the synaptic plasticity. More precisely, starting from biological evidences, we will
present some aspects of the synaptic plasticity that can be efficiently implemented
with various emerging nanoscale memories for future biomimetic hardware systems.

2 Neuromorphic Systems: Basic Processing and Data
Representation

By analogy with biological systems, information in neuromorphic systems is carried
by spikes of voltage with a typical duration in the range of milliseconds. Starting
from this simple observation, a first statement would be to consider neuromorphic
networks as digital systems (spike being an all or nothing event). This direction
was explored with the concept of neuron as logical unit performing logic opera-
tions in a digital way [32]. This short cut is of course hiding very important features
observed in biological systems that present many analog properties of fundamental
importance for computing. The first footprint of analog characteristics of biological
systems can be simply emphasized by considering the analog nature of the synaptic
connections bridging neurons. Analog synapses can be described in a first approx-
imation as a tunable linear conductance, defining the synaptic weight between two
neurons (this description is largely used in ANNs). Meanwhile, a more biorealistic
description should consider the analog synapse as a complex device-transmitting
signal in a nonlinear manner (i.e., frequency dependent). The second footprint of
analog property is somehow embedded in the time-coding strategy used in BNNs:
As the neuron is performing time integration of the digital spikes, the signal used for
computing (the integrated value of the overall spiking activity) becomes an analog
value regulating the spiking activity of the neuron. This second aspect is of par-
ticular relevance if we consider dynamical computing (i.e., natural data processing
such as vision or sound that present a strong dynamical component). The temporal
organization of spikes (or their time occurrence with respect to other spikes in the
network) is carrying some analog component of the signal in biological networks.
Now combining analog synapses with integrating neurons, the level of nonlinearity
used by the network for computing the analog signal can be strongly modify. Simple
linear filters can be realized with linear synaptic conductance associated with simple
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integrate-and-fire (I & F') neurons or strongly nonlinear systems can be built, based
on nonlinear synaptic conductance with complex integration at the neuron level such
as leaky integrate-and-fire (L/F’) or sigmoid neurons.

2.1 Data Encoding in Neuromorphic Systems

Starting from the statement that neuromorphic systems are analog systems, we have to
define the appropriate data representation that will match the function to be realized.
It should be stressed that data representation in biological systems is still under debate
and a detail understanding is still a major challenge that should open new avenues
from both a basic understanding and practical computing point of views.

Based on these general considerations, we can now try to present a simplified
vision of data coding in biological systems that could be the basic ingredient for
neuromorphic computing (i.e., hardware system implementation).

2.1.1 Rate-Coding Scheme

The simplest data representation corresponds to a rate-coding scheme, i.e., the analog
value of the signal carrying information (or strength of stimuli) is associated with the
average frequency of the train of pulse. The neuron can then transmit some analog
signals through its mean firing rate. Rate-coding data representation is often used
for static input stimuli representation but appears to be less popular for time-varying
stimuli. Indeed, the sampling time interval Agqpiing used for estimating the mean
firing rate imply that events with fast temporal variation (typically variation on a
timescale smaller than A, piin,) cannot be described accurately. For example, the
brain’s time response to visual stimuli is around 100 ms and it cannot be accurately
described in rate-coding systems that are typically in the range of frequencies from
1 to 100 Hz. A simple example of static data representation is to consider the repre-
sentation of a static image from a N x M pixel array of black and white pixels into
aN x M vector X = (xy,...,X;...,x,) where x; can be either O or 1 (i.e., min and
max frequencies). Then, this concept can be simply extended to analog data (such as
pictures with different level of grays) by choosing properly the average firing rate.

2.1.2 Temporal-Coding Scheme

A second coding scheme is known as temporal coding in which each individual
pulse of voltage is carrying a logical +1 and a time signature. This time stamp,
associated with a given spike, can carry some analog value if we now consider its
timing with respect to the other spikes emitted in the network [26]. The difficulty in
this coding scheme is to precisely define the origin of time for a given spiking event
that should depend on the event to be computed. A simple example is to consider a
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Fig. 1 Schematic illustration of data encoding schemes. A natural stimulus (such as a visual or
auditory cue) is encoded through an input neuron population that sends and encodes the information
on time in a time-coding scheme and in b rate-coding scheme

white point passing with a given speed in front of a detector with a black background
and producing a pulse of voltage in each pixel of the detector when it is in front of
it. By tracking both position of the activated pixel and time stamp attached to it, the
dynamic of the event can be encoded.

Figure 1 shows how the rate- and time-coding schemes can be used to encode an
analog signal x;.
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2.2 Spike Computing for Neuromorphic Systems

In this chapter, we will use only these two simplified data encoding concepts, but it
should be stressed that other strategies such as stochastic-coding (i.e., the analog value
of the signal is associated with the probability of a spike) are potential directions that
deserve attention. We should also be aware that both rate coding and temporal cod-
ing have been evidenced to coexist in biological systems and both coding strategies
can be used for powerful computing implementation. In fact, spike computing has
attracted a large attention since the low-power performances of biological systems
seem to be strongly linked to the spike coding used in such networks. But it should be
emphasized and we should be aware of that translating conventional representation
(i.e., digital sequences as in video) into spiking signal would most probably miss
the roots of low-power computing in the biological system. Discretization of time
and utilization of synchronous clock is in opposition with continuous time and asyn-
chronous character of biological networks. Spike computing needs to be consider
globally, i.e., by considering the full functional network and data encoding principle,
from sensors to high-level computing elements. In this sense, recent development of
bioinspired sensors such as artificial cochlea (sound detection) or artificial retinas
(visual detection) with event-based representation opens many potentialities for fully
spike-based computing where the dynamical aspect of spikes is naturally reproduced.

3 Synaptic Plasticity for Information Computing

By remaining in a computational spike-based context, we now focus on how a bioin-
spired network, composed in a first approximation of neurons and synapses, can
process information (other functional units have to be considered if we want to
describe precisely a biological networks such as proteins, glial cells, and ...). We
can roughly categorized spike processing into (i) how spikes are transmitted between
neurons, (ii) how spikes propagate along neurons, and (iii) how spikes are generated.
These two last points can be attributed to ‘neuron processing’ and more precisely to
the response of a biological membrane (the neuron membrane) to electrical or chem-
ical signals. Many associated features such as signal integration, signal restoration,
or spike generation are of first importance for spike computing, but these aspects
are beyond the purposes of this chapter. The signal transmission will be the focus of
this chapter, and different processes involved at the synaptic connection between two
neurons will be described. We will concentrate on the dynamical responses observed
in chemical synapses that are of interest for spike processing. Such synaptic mech-
anisms are broadly described as synaptic plasticity: the modification of the synaptic
conductance as a function of the neurons activity. The specific synaptic weight val-
ues stored in the network are a key ingredient for neuromorphic computing. Such
synaptic weight distribution is reached through synaptic learning and adaptation and
can be described by the different plasticity rules present in the network. Furthermore,
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it should be noted that all the processes observed in biological synapses and their
consequences on information processing are still an ongoing activity and final con-
clusions are still out of reach. Most probably, the efficiency of biological computing
systems lies in a combination of many different features (restricted to the synapse
level in this chapter) and our aim is to expose few of them that have been successfully
implemented and to discuss their potential interest for computing.

In biology, synaptic plasticity can be attributed to various mechanisms involved
in the transmission of the signal between pre- and post-synaptic neurons, such as
neurotransmitter release modification, neurotransmitter recovery in the pre-synaptic
connection, receptors sensitivity modification, or even structural modification of the
synaptic connection (see [6]) for a description of the different mechanisms involved
in synaptic plasticity).

It seems important at this stage to make a comprehensive distinction between
different approaches used to describe the synaptic plasticity. The first approach, used
to describe the synaptic plasticity, can be identified as a ‘causal description’ based
on the origin of the synaptic conductance modification. A second one is based on a
‘phenomenological description, in which the temporal evolution (i.e., the dynamics)
of the synaptic changes is the key element.

3.1 Causal Approach: Synaptic Learning Versus Synaptic
Adaptation

By following the seminal idea of Hebb [19], a first form of plasticity is the so-called
synaptic learning (Hebbian-type learning) and can be simply defined as an increase
of the synaptic weight when the activity of its pre- and post-neuron increases. Many
learning rules have been adapted following this simple idea of ‘who fire together, wire
together.” Hebbian-type plasticity implies that the synaptic weight evolution dw;; /dt
depends on the product of the activity of the pre-neuron (a;) and post-neuron (a;) as
follows:

— xa;-a; (1)

This type of plasticity is defined in biology as homosynaptic plasticity [37]. Depend-
ing on the signal representation, i.e., rate coding or temporal coding, refinement
(or particular cases) of Hebb’s rule can be formulated such as spike rate-dependent
plasticity (SRDP) or spike timing-dependent plasticity (STDP) with neuron activity
defined as the mean firing rate or the spike timing, respectively.

A second form of synaptic plasticity can be referred to Synaptic Adaptation (where
adaptation is in opposition with the notion of learning). In this case, synaptic weight
modification depends on the activity of the pre- or post-neuron activity only or on
the accumulation of both but in an additive process:
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In particular, if the synaptic plasticity depends only on post-activity, such mechanism

is defined as heterosynaptic plasticity otherwise, if it is only pre-neuron activity

dependent, it is named transmitter-induced plasticity.

Practically, this distinction seems very useful to classify the different synaptic
processes that will be implemented and to evaluate their efficiency and contribution
to the computing network performances. One major difficulty is that both synaptic
learning and synaptic adaptation can manifest simultaneously and it becomes much
more complicated in practical cases to make a clear distinction between them. In
fact, learning in its large sense (i.e., how a network can become functional based on
its past experiences) may involve both processes. Also, activity-independent weight
modification can also be included to describe synaptic plasticity (e.g., to describe the
slow conductance decay of inactive synapses, as it will be presented in the following
paragraph).

3.2 Phenomenological Approach: Short-Term Plasticity
Versus Long-Term Plasticity

Another important synaptic plasticity aspect that has to be considered is the timescale
involved in the synaptic weight modification. Thus, by focusing on the synaptic
plasticity dynamics observed in biological systems, synaptic weight modification can
be either permanent (i.e., lasting for months to years) or temporary (i.e., relaxing to
its initial state with a characteristic time constant in the milliseconds to hours range).
This observation leads to the definition of long-term plasticity (LTP) and short-
term plasticity (STP), respectively. We can notice that the boundary classification
into long-term (LT) and short-term (ST) effects is not well defined and should be
consider with respect to the task to be realized. Both STP and LTP can correspond
to an increase or decrease of the synaptic efficiency, thus leading to the definition of
facilitation (or potentiation) and depression, respectively. It is important to notice that
there is no one to one equivalence between the concepts of STP, LTP, and the notion
of short-term memory (STM) and long-term memory (LTM) which corresponds to
a higher abstraction level (i.e., memory is then used in the sense of psychology). In
this latter case, the information can be recalled from the network (i.e., information
that has been memorized) and it cannot be directly associated with a specific set
of synaptic weight with a given lifetime and plasticity rule. In fact, how synaptic
plasticity can be related to the memorization of the information as well as how it is
involved in different timescale of memory (from milliseconds to years) still remains
debated.
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4 Synaptic Plasticity Implementation in Neuromorphic
Nanodevices

Many propositions of synaptic plasticity implementation with nanoscale memory
devices have emerged these past years. By referring to the classification previously
proposed, two main streams can be identified: the causal description and the phe-
nomenological one. The first one relies on the implementation of the origin of the
synaptic plasticity, without necessarily replicating the details of the spike transmis-
sion observed in biology. On the contrary, the second strategy has the aim to repro-
duce accurately the spike transmission properties observed in BNNs, by omitting the
origin of the synaptic response, but rather by highlighting its temporal evolution.

In this section, we will present examples of practical devices implementation by
following these two lines. Of course, a global approach based on a combination of
both descriptions (the causal and the phenomenological one) would be the ideal solu-
tion to describe the synaptic weights distribution in ANNs for the future development
of neuromorphic computing.

4.1 Causal Implementation of Synaptic Plasticity

In this first part, by following the Causal description, we will take into account the
origin of the synaptic plasticity, without necessarily replicating the details of the
spike transmission observed in biology.

4.1.1 Generality: Hebbian Learning

Hebbian learning has been at the basis of most of the learning strategies explored
in neuromorphic computing. Hebbian-type algorithms define how a synaptic weight
evolves during the learning experience and set the final weight distribution after the
learning experience. Starting from its simplest form, i.e., ‘who fire together, wire
together, a first limitation of Hebbian learning can be evidenced. Indeed, if all
synapses of the network are subject to Hebbian learning (Fig.2), all synaptic con-
nections should converge to their maximum conductivity after some time of activity
since only potentiation is included in this rule, thus destroying the functionality of
the network. A first addition to the Hebb’s postulate is then to introduce anti-Hebbian
plasticity that would allow to decrease the synaptic weight conductance (i.e., depres-
sion) when activity of both pre- and post-neurons are present (Fig.2, green curve).
One important consequence of this simple formulation (Hebbian and anti-Hebbian)
is that the final synaptic weight distribution after learning should become bimodal
(or binary), i.e., some weights became saturated to their maximum conductance (i.e.,
fully potentiated) while all the others should saturate to their lowest conductance
state (i.e., fully depressed).
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Fig. 2 Representation of the Hebbian rule (purple) and Hebbian/anti-Hebbian rule (green) for a
constant post-neuron activity when pre-neuron activity is increased (stimulation rate). Addition of
anti-Hebbian learning is a prerequisite in order to prevent all the synaptic weight to reach their
maximal conductance

4.1.2 Time-Based Computing: Spike Timing-Dependent Plasticity

Without reviewing all the different STDP implementation in nanoscale memory
devices propositions, we want to highlight some general ideas that are at the origin
of this plasticity mechanism. The STDP was introduced by [2, 34] as a refinement
of Hebb’s rule. In this plasticity form (Synaptic Learning), the precise timing of pre-
and post-synaptic spikes is taken into account as a key parameter for updating the
synaptic weight. In particular, the pre-synaptic spike is required to shortly precede
the post-synaptic one to induce potentiation, whereas the reverse timing of pre- and
post-synaptic spike elicits depression. To understand how synaptic weights change
according to this learning rule, we can focus on the process of synaptic transmission,
depicted in Fig. 3.

Whenever a pre-synaptic spike arrives (,..) at an excitatory synapse, a certain
quantity (r1), for example, glutamate, is released into the synaptic cleft and binds
to glutamate receptors. Such detector variable of pre-synaptic events rj, increases
whenever there is a pre-synaptic spike and decreases back to zero otherwise with a
time constant 7 *. Formally, when ¢ = ¢, this gives the following:

dri _ n@) )

dt T+

We emphasize that r; is an abstract variable (i.e., state variable). Instead of glutamate
binding, it could describe equally well some other quantity that increases after pre-
synaptic spike arrival. If a post-synaptic spike arrives (¢ ;) at the same synapse, and
the temporal difference with respect to the pre-synaptic one is not much larger than
7T, the interaction between these two spikes will induce potentiation (LTP). As a
consequence the synaptic weight w(¢) will be updated as follows:

w(t) =w(t) +r - AS 4)
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Fig. 3 Pair-based STDP learning rules: Long-term potentiation (LTP) is achieved thanks to a
constructive pulses overlap respecting the causality principle (pre-before-post). On the contrary, if
there is no causality correlation between pre- and post-synaptic spikes, long-term depression (LTD)
is induced

If a pre-synaptic spike arrives after the post-synaptic one, another detector variable
will be taken into account, relative to post-synaptic events (o;), as shown in Fig. 3.
Similarly, we can consider that the dynamics of 0; can be described by time constant
7_. Formally, when 7 = 7,,,,, this gives the following:

doy  01(1)
ity ®)

If the temporal difference is not much larger than 7, the spike interaction will induce
depression (LTD). As a consequence the synaptic weight w(¢) will be updated as
follows:

w(t) =w(t) —o - Ay (6)

One of the important aspects of STDP is to present both Hebbian and anti-Hebbian
learning. Replicating the exact biological STDP window (Fig. 4a) is not a mandatory
condition for implementing interesting learning strategies (other shapes have been
reported in biology) while balancing the Hebbian/anti-Hebbian contribution remains
achallenge in order to maintain STDP learning stable. It should be noted that synaptic
weight distribution becomes bimodal after some time of network activity if this
simple STDP window is implemented [40].

The proposition of memristor [38] provides an interesting framework for the
implementation of synaptic weights (i.e., analog property of the memory) and for the
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Fig.4 aBiological STDP window from [4]. In all three cases: b—d, the particular shape of the signal
applied at the input (pre-neuron) and output (post-neuron) of the memory element induces a partic-
ular effective voltage that induces potentiation (increase of conductance) or depression (decrease of
conductance) reproducing the STDP window of (a). b First proposition of STDP implementation in
nanoscale bipolar memory devices where time multiplexing approach was considered. In this case,
the STDP window can be reproduced with high fidelity while the spike signal is far from biorealistic.
¢ Implementation of STDP in unipolar PCM devices. Still the STDP window can be reproduced
precisely while the signal is not biorealistic. d Proposition of STDP implementation with bipolar
memristor. Both the STDP window and pulse shape are mapped to biorealistic observations

implementation of STDP in particular. Nanoscale memories or ‘memristive devices,’
as previously introduced, are electrical resistance switches that can retain a state of
internal resistance based on the history of applied voltage and the associated memris-
tive formalism. Using such nanoscale devices provides a straightforward implemen-
tation of this bioinspired learning rule. In particular, the modulation of the memristive
weight (i.e., the conductance change AG(W, V) is controlled by an internal para-
meter W that depends on the physics involved in the memory effect. In most of the
memory technologies used for such bioinspired computational purpose, the internal
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state variable W (and consequently the conductance) is controlled through the applied
voltage or the current (and implicitly by its duration). Mathematically, this behavior
corresponds to a first-order memristor model:

dW— W, V., t 7
I_f(va) ()

with I =V - G(W, V). Practically, by exploiting memristive devices as synapses,
most of the STDP implementation relies on specific engineering of the spikes’s
shape that convert the time correlation (or anti-correlation) between pre- and post-
spikes into a particular voltage that induces a modification of the memory element
conductance. The time lag induced by pre-synaptic events, as the r; variable in
Fig. 3, determines that the potentiation is converted into a particular voltage across
the memristor in order to induce an increase of conductance when a post-synaptic
spike interact with it. Similarly, time lag induced by post-synaptic events in analogy
with o; variable in Fig. 3 will induce depression in form voltage across the memristor
when interacting with a pre-synaptic spike.

First implementation was proposed by Snider [36] with time multiplexing
approach (Fig.4b), in which, although the spike signal is far from biorealistic, the
STDP window can be reproduced with high fidelity. Figure4c shows another suc-
cessful STDP implementation with non-biorealistic signal in a phase-change mem-
ory device [22]. Depending on the particular memory device considered, different
encoding strategies were proposed with the same principle of input/output voltage
correlation in which the STDP window mapped to biorealistic observations. Recently,
by going deeper in the memristive switching behavior (i.e., by considering a higher-
order memristive model), STDP was proposed through even more biorealistic pulse
shape [21], as it will be explained in the Sect.4.1.4.

4.1.3 Rate-Based Computing: The BCM Learning Rule

While the STDP learning rule has been largely investigated these past years, another
refinement of the Hebb’s rule can be formulated in the case of rate-coding approaches.
Bienenstock et al. [5] proposed in the 1980s the BCM learning rule with the con-
cept of ‘sliding threshold’ that ensures to maintain the weight distribution bounded
and thus avoiding unlimited depression and potentiation resulting from simple Heb-
bian learning implementation. The BCM learning rule can be simply formalized as
follows:
dW,‘ j

el e(aj(t)) -a;(t) — ew;j (8)
where w;; is the synaptic conductance of the synapse bridging the pre-neuron i and
post-neuron, j, a;, and a; are the pre- and post-neuron activities, respectively, ¢ is a
constant related to a slow decaying component of all the synaptic weights (this term
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Fig. 5 BCM learning rule A
representation. The synaptic
weight modification is
represented as a function of
pre-neuron activity for a
fixed post-neuron activity.
The sliding threshold
depends on the mean
post-neuron activity, i.e., 0,
is increased if a; increases
while 6,, is decreased if a;
decreases, thus preventing
unlimited synaptic weight
modification

Synaptic Change

Stimulation Rate

appears to become important in special cases, see [5] but not mandatory) and ¢ a
scalar function parametrized as follows:

p(a;) <0 fora; <6, & ¢(a;j)>0 fora; >0,

where 6,, is a threshold function that depends on the mean activity of the post-neuron.
A first-order analysis can be realized on this simple learning rule. (i) Both Hebbian-
type learning (product between a; and a;) and adaptation (through the small decay
function that is not related to pre- and post-neuron activities) are present in this
rule. (ii) The threshold ensures that both Hebbian and anti-Hebbian plasticity can
be obtained through the scalar function ¢ that can take positive and negative values
(potentiation and depression). (iii) Thus, the ‘sliding threshold effect’ corresponds
to the displacement of the threshold as a function of the post-neuron activity and
is a key ingredient to prevent the synaptic weight distribution to become bimodal.
Indeed, if the mean post-neuron activity is high, any pre-neuron activity should
induce potentiation (most probably). If now 6,, is increased when the mean post-
neuron activity increases, it will increase the probability of depression or at least
reduce the magnitude of potentiation and consequently limit the potentiation of the
weight (Fig.5).

The BCM learning rule was initially proposed for rate-coding approaches and
was measured in BNNs in the long-term regime of the synaptic plasticity. The BCM
learning rule has been shown to maximize the selectivity of the post-neuron [5]. Only
few works have demonstrated partially the BCM rule in nanoscale memory devices
with some limitations. Lim et al. [25] proposed to describe the weight saturation
in Ti O, electrochemical cells subject to rate-based input. This work demonstrated
the sliding threshold effect describing the saturation of the weight during poten-
tiation and depression but did not reproduce the Hebbian/anti-Hebbian transition.
Ziegler et al. [47] demonstrate the sliding threshold effect in the long-term regime
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but without considering explicitly a rate-coding approach, i.e., neuron activity was
simply associated with the pre- and post-neuron voltages. Kim et al. [21] proposed
an adaptation of the BCM rule in second-order memristor, as it will be presented
in the next section, but in a transmitter-induced plasticity context, thus missing the
Hebbian-type plasticity initially proposed in the BCM framework. Future works are
expected to provide stronger analogy with BCM rule, both from a phenomenological
point of view (i.e., biorealistic rate-coding implementation) and from a causal point
of view (i.e., reproducing all the aspects of the BCM rule).

4.1.4 Reconciliation of BCM with STDP

On the one hand, the importance of individual spikes and their respective timing can
only be described in the context of STDP. The time response in the visual cortex
being in the order of 100 ms, rate-coding approaches are unlikely to offer a con-
venient description of such processes while time coding could. On the other hand,
simple STDP function misses the rate-coding property observed in BNNs and conve-
niently described in the context of the BCM. More precisely, in the case of pair-based
STDP, both potentiation and depression are expected to decrease as the activity mean
frequency of the network is increased while BNNs show opposite trend. Izhikevich
et al. [20] proposed that classical pair-based STDP, implemented with the nearest-
neighbor spike interactions, can be mapped to the BCM rule. However, their model
failed to capture the frequency dependence [35] if pairs of spikes are presented at
different frequencies [14].

From a neurocomputational point of view, Gjorgjieva et al. [18] proposed a triplet
STDP model based on the interactions of three consecutive spikes as generalization
of the BCM theory. This model is able to describe plasticity experiments that the
classical pair-based STDP rule has failed to capture and is sensitive to higher-order
spatio-temporal correlations, which exist in natural stimuli and have been measured
in the brain. As done for the pair-based case, to understand how synaptic weights
change according to this learning rule, we can focus on the process of synaptic
transmission, depicted in Fig. 6.

Instead of having only one process triggered by a pre-synaptic spike, it is possible
to consider several different quantities, which increase in the presence of a pre-
synaptic spike. We can thus consider, r; and r, two different detectors variables of
pre-synaptic events and their dynamics can be described with two time constant 7,
and 7, (7 > 7). Formally, when t = 1,,,, this gives the following:

dri (@) & dry _ () ©)

dt Ty dt Ty

Similarly, we can consider, o; and o, two different detector variables of post-synaptic
events and their dynamics can be described with two time constants 7_ and t,
(ty > 7_). Formally, when t = ¢, this gives the following:
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Fig. 6 Triplet-based STDP learning rules. a Synaptic weight potentiation (LTP) is achieved thanks
to (post-pre-post) spike iterations, as a result the relative time lag of the detector-variable dynamics.
Similarly a synaptic weight depression (LTD) is induced with (pre-post-pre) spike interactions.
b Synaptic weight evolution in function of time correlation of pre- and post- spikes
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do 01(t) dos 02(1)
L & “2 - 10
dt T_ dt Ty (10)

We assume that the weight increases after post-synaptic spike arrival by an amount
that is proportional to the value of the pre-synaptic variable r; but depends also on
the value of the second post-synaptic detector 0,. Hence, post-synaptic spike arrival
at time t,,, triggers a change given by the following:

w(t) = w(t) +ri1(t) - (Ay + AT 02(1)) (11)

Similarly, a pre-synaptic spike at time ¢, triggers a change that depends on the
post-synaptic variable o; and the second pre-synaptic variable r, as follows:

w(t) =w(t) —o1(t) - (A, + A3 (1)) (12)

As done previously, we emphasize that ry, r, 01, and o0, are abstract variables that
not identify with specific biophysical quantities. Biological candidates of detectors
of pre-synaptic events are, for example, the amount of glutamate bound [9] or the
number of NMDA receptors in an activated state [34]. Post-synaptic detectors o}
and o, could represent the influx of calcium concentration through voltage-gated
Ca®* channels and NMDA channels [9] or the number of secondary messengers in
a deactivated state of the NMDA receptor [34].

A possible solution to implement this generalized rule that embraces both BCM
theory and STDP has been proposed by Mayr et al. [31] for the first time in Bi Fe O3
memristive devices. They succeeded in implementing triplet STDP through a more
complex spikes’s shape engineering that encodes the time interaction between more
than two pulses into a particular voltage able to induce a modification of the memory
element conductance. Triplet STDP rule has been also performed by Williamson
et al. [43] in asymmetric 77 O, memristor in hybrid neuron/memristor system.
Subramaniam et al. [39] have used triplet STDP rule in a compact electronic circuit
in which neuron consists of a spiking soma circuit fabricated with nanocrystalline-
silicon thin-film transistors (ns-Si TFTs) with nanoparticle TFT-based short-term
memory device and HfO, memristor as synapse.

Another generalized description, in which both time- and rate-coding approaches
are taken into account at the same time and implemented in an amorphous InGaZnO
memristor, has been proposed by Wang et al. [42]. In addition to the conventional ion
migration induced by the application of pulse of voltage, another physical mechanism
of the device operation occurs: the gradient of the ions concentration, leading to the
appearance of ion diffusion, resulting in an additional state variable. Kim et al. [21]
recently proposed a second-order memristor that offers an interesting solution toward
this goal of reconciliation of various learning mechanisms in a single memory device.

Mathematically, in analogy to the previous definition, a second-order memristor
model can be described as follows:
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dw dWw.
d—t‘ = AW, Wa V. 1) & d—f = AWy, W), V. 1) (13)

withl =V - G(W;, W,, V, t) and implemented with a simple nonoverlapping pulses
protocol for the synaptic weight modulation.

The interest behind this higher-order memristor description is to provide additional
parameters that will ensure some other higher-order interaction between pulses (i.e.,
more than two), while the pair-based interaction is preserved. More precisely, as
shown in Fig. 7a, the temperature has been proposed as second-order state variable
that exhibits short-term dynamics and naturally encodes information on this relative
timing of synapse activity. By exploiting these two state variables (i.e., the conduc-
tance and the temperature), STDP has been implemented, as it is shown in Fig. 7a.
Specifically, the first ‘heating’ spike elicits an increase in the device temperature by
Joule effect regardless of the pulses polarity, which then tends naturally to relax after
the removal of the stimulation, then temporal summation of the thermal effect can
occur and can induce an additional increment in the temperature of the device if the
second ‘programming’ spike is applied before T has decayed to its resting value.

Longer time interval will induce a small conductance change because of the heat
dissipation responsible to a lower residual T when the second spike is applied. Thus,
the amount of the conductance change (long-term dynamics) can be tuned by the
relative timing of the pulses encoded in the short-term dynamics of second state
variable (i.e., the temperature T).

Du et al. [17] have proposed another second-order memristor model. Also in this
case, two state variables are used to describe an oxide-based memristor. The first
one, as in the previous example, directly determines the device conductance (i.e.,
the synaptic weight). Specifically, this first state variable represents the area of the
conducting channel region in the oxide memristor, thus directly affecting the device
conductance. The second state variable represents the oxygen vacancy mobility in
the film which directly affects the dynamics of the first state variable (conductance)
but only indirectly modulates the device conductance (Fig.7a). Equivalently to T,
the w is increased by application of a pulse and then tends to relax to an initial value
and affects the first state variable by increasing the amount of conductance change
in a short timescale. By exploiting this second-order memristor model, Du et al.
[17] have demonstrated that STDP can be implemented in oxide-based memristor
by simple nonoverlapping pre- and post-synaptic spike pairs, rather than through the
engineering of the pulse’s shape (Fig. 7b).

In neurobiology, the timing information is intrinsically embedded in the internal
synaptic mechanisms. Malenka and Bear [27] have demonstrated that together with
the neurotransmitter dynamics in the presynaptic connection, secondary internal state
variables, such as the natural decay of the post-synaptic calcium ion (Ca>*) concen-
tration, are involved in the synaptic weight modulation and the synaptic plasticity
that can be achieved by simple nonoverlapping spikes and tuned by synaptic activity
(i.e., rate- and timing-dependent spikes) which brings an interesting analogy between
biological processes and material implementation described above [18].
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Fig. 7 Second-order memristor model. a On the right: the modulated second-order state variable
exhibits short-term dynamics and naturally encodes information on the relative timing and synapse
activity. On the left STDP implementation: memristor conductance change as a function of only two
spikes (i.e., each spike consists of a programming pulse and a heating pulse) [21]. b On the right
Simulation results illustrating how the short-term behavior affected long-term weight change. The
difference in long-term weight is caused by the different values of residue of the second state variable
at the moment when the second pulse is applied. The first and the second state variables under two
conditions (interval between two pulses At = 20, 90ms) are shown. On the left memristor weight
change as a function of the relative timing between the pre- and post-synaptic pulses without pulses
overlapping (STDP implementation) [17]

The hypothesis that several synaptic functions manifest simultaneously and are
interrelated at synaptic level seems accepted by different scientific communities.
Recent biological studies indicate that multiple plasticity mechanisms contribute
to cerebellum-dependent learning [8]. Multiple plasticity mechanisms may pro-
vide the flexibility required to store memories over different timescales encoding
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the dynamics involved. From a computational point of view, Zenke et al. [46]
have recently proposed the idea to use multiple plasticity mechanisms at different
timescales. Instead of focusing on particular and local learning schemes, their strategy
aims to create memory and learning functions through interplay of multiple plasticity
mechanisms. By following this trend of multi-scale plasticity mechanisms, Mayr

et al. [30] have realized a VLSI implementation in which short-term, long-term, and
meta-plasticity interact each other at different timescales to tune the overall synapse
weights distribution.

4.2 Phenomenological Implementation of Synaptic Plasticity

In this section, we will follow the second synaptic description approach: the phe-
nomenological one. The spike transmission properties observed in BNNs will be
presented as a function of the temporal evolution of the synaptic weight.

4.2.1 STP in a Single Memristive Nanodevices

As previously mentioned, the transmitter-induced plasticity is a particular form of
synaptic adaptation that depends only on pre-neuron activity. From a phenomeno-
logical point of view, such plasticity is most often observed on short timescale, thus
belonging to the class of STP. As shown in Fig.8b, this STP regime is frequency
dependent and can be used to modulate the synaptic weights distribution as a func-
tion of network activity. From a biological view point, a phenomenological model
of frequency-dependent synaptic transmission was used to describe such synaptic
response in STP regime [28]. The primary synaptic parameters are the absolute
synaptic efficacy (A), the utilization of synaptic efficacy (U ), recovery from depres-
sion (7,.c), and the recovery from facilitation (7 s4c;) (Fig. 8a). In this model, synaptic
response is then dependent on the finite amount of neurotransmitter resources in the
pre-synaptic neuron and their respective dynamics (utilization and recovery) and
on the absolute efficacy of the synaptic connection which could depends on post-
synaptic neuron receptors sensitivity or synaptic connection, for example. The most
likely biophysical mechanisms underlying changes in the value of these synaptic
parameters were considered [28].

If we consider a temporal-coding approach in which pulses are considered as
discrete events, STP can be evidenced through the notion of paired pulse facilitation
(PPF) corresponding to the enhancement of a pulse transmission when this latter
closely follows a prior impulse. The countereffect (i.e., corresponding to depres-
sion) is referred to as paired pulse depression (PPD). If we now focus on rate-
coding approaches, facilitation and depression can be simply described as a high-pass
and low-pass filters. Depending on the mean firing rate of the synapse, signal can
be enhanced or depressed when pre-neuron frequency is increased. A simple mater-
ial implementation of such mechanism can be realized through passive RC circuits.
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Fig.8 Phenomenological model of frequency-dependent synaptic transmission. a Each AP utilizes
U a fraction of the available/recovered synaptic efficacy R. When an AP arrives, U is increased by
an amplitude of u and becomes a variable, U1. b Phenomenology of changing absolute synaptic
efficacy parameter A. On the left synaptic responses of depressing synapses when A is increased
1.7-fold. On the right synaptic responses of facilitating synapses when A is increased 1.7-fold.
Adapted from [29]

It turns out that RC circuits with time constants in the milliseconds to seconds range
leads to very high capacity with large area (even at low current operation) that
are a severe limitation for hardware implementation of STP. Different alternative
approaches can realize more efficiently such dynamical effects by taking advantage
of physical mechanisms present in nanoscale memory devices.

The first proposition of STP with nanodevices was realized in a nanoparti-
cles/organic memory transistor (NOMFET) [3]. The basic principle of this device
is equivalent to a floating gate transistor. Charges, stored in the nanoparticles, mod-
ify the channel conductivity via coulomb repulsion between the carriers (holes) and
the charged nanoparticles. The particularity of this device relies on the leaky mem-
ory behavior: Charges stored in the nanoparticles tend to relax with a characteristic
time constant in the 100-200 ms range [16]. When the NOMFET is connected in a
diode-like configuration (Fig.7a), each input spike (with a negative voltage value)
charges the nanoparticles and decreases the NOMFET conductivity. Between pulses,
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Fig. 9 STP implementation in a NOMFET. a Schematic representation of the NOMFET and
pseudo-two-terminal connections of the device. b Comparison between the frequency-dependent
post-synaptic potential response of a depressing synapse (/ines) and the iterative model of Varela et
al. (dots), adapted from [41], as a function of frequency of the pre-synaptic input signal. ¢ Response
(drain current) of NOMFET with L/ W ratio of 12 wm/113 pm and NP size of 5nm to sequences
of spikes at different frequencies (pulse voltage Vp = —30V)

]

charges escape from the nanoparticles and the conductivity relaxes toward its resting
value. By analogy with biology, this device mimics the STP observed in depress-
ing synapses (Fig.9) and described by [1]. As a matter of comparison, this synaptic
functionality is realized with a single memory transistor while its implementation in
Si-based technologies (i.e., CMOS) required 7 transistors [7].

STP has been also demonstrated in two-terminal devices that would ensure higher
devices density when integrated into complex systems. Equivalently, STP in two-
terminal devices is implemented by taking advantage of the volatility of the different
memory technologies (i.e., low retention of the state that is often a drawback in
pure memory applications). Redox systems based on electrochemical memory cell
(ECM) [33] or valence change memory (VCM) [12, 44] have demonstrated STP
with a facilitating behavior. In such devices, short-term plasticity is ensured by the
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low stability of the conducting filaments that tends to dissolve, thus relaxing the
device toward the insulating state. 7i0, VCM cells have been reported with both
facilitating and depressing behavior [25] with relaxation related to oxydo-reduction
counter-reaction. Protonic devices have demonstrated STP with depressing function-
ality due to proton recovery latency from atmosphere required to restore the proton
concentration and conductivity [15].

In terms of functionality, [1] has demonstrated that depressing synapses with STP
act as a gain control device (at high frequency, i.e., high synaptic activity, the synaptic
weight is decreased, thus leading to a lowering of the signal when activity becomes
too important). More generally, STP (both depressing and facilitating) provides a very
important frequency coding property (as depicted in Fig. 7 that could play a major role
in the processing of spike rate-coded information). Indeed, if a simple integrate-and-
fire neuron (/ & F) is associated with static weight (with no dependence with spike
frequency), the computing node (i.e., neuron and synapses) is only a linear filter
(linear combination of the different input) while STP turns the node to nonlinear.
This property (i.e., locally induced nonlinearity in spike signal transmission) has been
used to implement reservoir-computing approaches as proposed by Buonomano and
Maass [10] with the liquid-state machine and could be an important property of
biological systems for computing.

4.2.2 Coexistence of STP and LTP in the Same Memristive Nanodevice

If the contribution of short-term and long-term processes to computing is not com-
pletely understood in biological systems, both STP and LTP effects in synaptic con-
nections have been evidenced and should play a crucial role. A first approach is to
consider that repetition of short-term effects should lead to long-term modification
in the synaptic connections. This behavior would explain the important hypothesis
of memory consolidation in the sense of psychology [24]. Ohno et al. [33] reported
for the first time the transition from short-term to long-term potentiation in atomic
bridge technology (Fig. 10). Considering again the transmitter-induced plasticity
dependent on the pre-synaptic activity (associated with spike rate in this case), the
synaptic conductivity is increased due to the formation of a silver (Ag) filament across
the insulating gap. While for low frequency, the bridge tends to relax between pulses;
higher frequencies lead to a strong filament that maintains the device in the ON state.
These results suggest a critical size of the bridging filament in order to maintain the
conductive state stable (i.e., providing a LTP of the synaptic connection).

Similar results have been obtained in a variety of memory devices where filamen-
tary switching displayed two regimes of volatility. Wang et al. [42] have shown that
STP-to-LTP transition can occur through repeated ‘stimulation’ training. By stimu-
lating sequentially an oxide-based memristive device with 100 positive pulses, the
synaptic weight gradually increases with the number of pulses. Once the applied
voltage is removed, a spontaneous decay of synaptic weight occurs in the case of no
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Fig. 10 STP and LTP implementation in an ECM cell depending on input pulse repetition time. a
Schematic representation of the Ago S ECM cell and the signal transmission of a biological signal.
Application of input pulses causes the precipitation of Ag atoms from the Ag> S electrode, resulting
in the formation of an Ag atomic bridge between the Ag> S electrode and a countermetal electrode.
When the precipitated Ag atoms do not form a bridge, the ECM cell works in the STP regime. After
an atomic bridge is formed, it works as LTP. b Frequent stimulation (7' = 2s) causes long-term

enhancement in the strength of the synaptic connection while short-term enhancement is induced
at lower frequency (7' = 20s) [33]

external inputs. The synaptic weight does not relax to the initial state, but stabilizes
at a mid-state, which means that the change of synaptic weight consists of two parts:
STP and LTP.

Chang et al. [13] have evidenced a continuous evolution of the volatility as a
function of the conductivity level of the device in WO; oxide cells attributed to
the competition between oxygen vacancies drift (creation of conductive path across
the device) and lateral diffusion (disruption of the conducting filament). Another
description of these two regimes of volatility could be associated with a competition
between surface and volume energies in the conductive filament [45].
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4.2.3 Conflict Between Causal and Phenomenological Description

If this concept of ST-to-LT transition has been well demonstrated in a variety of
nanoscale memory devices, we have to emphasize that they were all reported in the
context of transmitter-induced plasticity (more precisely corresponding to the synap-
tic adaptation, a non-Hebbian plasticity form). In biology, the facilitating processes
observed in short timescale (i.e., transmitter-induced STP) and associated with an
increase of neurotransmitter release probability during a burst of spike (i.e., cor-
responding to an increase of synaptic efficiency at high-frequency spiking rate) is
additive with LTP [6] that could be associated with a Hebbian-type plasticity involv-
ing both pre- and post-neuron activities. In other words, a causal description will
make a clear distinction between the origin of ST- and LT-plasticity while a phe-
nomenological description (Fig. 10) will not. Indeed, during high-frequency burst of
spikes associated with transmitter-induced plasticity, the firing of the post-neuron
is favored and should lead to both pre- and post-activities, thus leading to Hebbian-
type LTP. In the case of the neuromorphic implementation described above, the
transition between STP and LTP is associated with a single parameter (such as the
mean firing rate of the pre-neuron) and both ST and LT regimes cannot be uncor-
related (i.e., ST will lead to LT regime). The device state will move sequentially
from one regime to another one via transmitter-induced plasticity only. It should
be noted that this effect induces some restriction in terms of (i) network configura-
bility, since non-Hebbian and Hebbian-type learning cannot be dissociated, and (ii)
network functionality, since the synaptic connection moves from a nonlinear con-
ductance in its ST regime (i.e., frequency dependent) to a linear conductance in its
LT regime. Alternative approaches are still needed as proposed by Cantley et al. [11]
where short-term processes and long-term processes are realized by two different
devices (leaky floating gate transistor and nonvolatile two-terminal devices) in order
to match the complexity of biological synapses.

Another approach [23] relies on the fact that ECM cells are multi-filamentary
systems providing one additional parameter for device’s conductance modulation:
Either the number of filaments or the size of a single filament can produce an increase
of conductivity, while these two situations will lead to different volatility properties
(Fig. 11). The independent control of these two parameters leading both to potentia-
tion offers the possibility to dissociate different forms of plasticity and to reproduce
synaptic plasticity in a more biorealistic way. In particular, in the case of multi-
filamentary ECM cells, an independent control of the number of filaments and of
the width of each individual filament was proposed in order to reproduce different
potentiation with both ST and LT regimes.
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Fig. 11 STP and LTP implementation in an ECM cell. By using the number of pulses as plasticity
key factor, two examples of LTP (case 1 and 2) and STP (case 3 and 4) are obtained. Both dendritic
branches density and dendrites diameter can be tuned independently to reproduce various STP/LTP
combinations

5 Conclusions

We have presented various plasticity mechanisms that have been implemented in
nanoscale memory devices, promising candidates for future biomimetic hardware
systems. Of course, the different examples described above are far from being
exhaustive but are a tentative classification and formalization of synaptic plastic-
ity in nanoscale devices. Future works should provide more complex device systems
with richer features embedded in nanoscale components that will pave the way to
complex neuromorphic computing systems. Notably, while we have only focused
on the synaptic aspect, important efforts are still needed to implement neurons and
synaptic interconnections that will determine the applicability of the different con-
cepts exposed in this chapter. Indeed, since synaptic elements are required to be
implemented in a high-density architecture, major challenges in terms of practical
operating conditions and interconnections strategies should be taken into account.

Finally, neuromorphic computing being an emerging field evolving in between
ANNs and BNNG, strong interdisciplinary approaches will be valuable for the future
of neuromorphic computing.
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