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iv

This thesis investigates the challenge of memory consolidation and learning in artificial
synapses. The adoption and evolution of artificial intelligence (AI) also byproducts a
frequently overlooked exponentially increasing need for information processing and
data storage. This issue is either met with the physical expansion of storage facilities
or with the inevitable forgetting of old information in favour of new; both of which
seriously hinder the performance of embedded AI systems. This work presents a novel
approach in emulating the complex biochemical mechanisms which allow neuronal
synapses to store multiple memories on top of the other and at different timescales,
like a palimpsest, and which give rise to the incredible learning capacity of biological
intelligence.

This work mainly focused on exploiting the intrinsic time dependent volatility in emerg-
ing memristive nanotechnologies to showcase palimpsest consolidation. Memristive
volatility was studied using a data-driven approach and device-agnostic characterisa-
tion and mathematical modelling methods were developed to uncover the main prop-
erties of the mechanism. It was found that volatility can exist bidirectionally in TiO2

memristors and that its time constants can be manipulated via the invasiveness and/or
frequency of device stimulation. Importantly, within a given observation time win-
dow, volatility was shown to operate at two timescales; a fast decay of large magni-
tude followed by a saturating steady state and a small non-volatile residue. By op-
erating memristive devices as binary synapses, spiking plasticity events were able to
store long-term memories in the non-volatile residue, while expressing the opposing
state in the short-term. Palimpsest consolidation was examined in simulated mem-
ory networks which were able to protect long-term memories while expressing up to
hundreds of uncorrelated short-term memories. It was also found that these networks
bear close resemblance to the visual working memory of mammalian brains. The same
plasticity dynamics were finally extended towards the context of neuronal activity de-
tection, where memristive sensors were able to ’learn’ during high spiking frequencies
and ’forget’ during less active timeframes.

The results presented in this thesis verify the candidacy of volatile memristors as natu-
ral facilitators of learning in AI. The ability to learn continuously without catastrophi-
cally forgetting old memories, can create new possibilities in the way AI can be used to
undertake more generalised tasks. Moreover, the same artificial synapses have shown
immense potential in neural interfacing. This can potentially reshape the ways AI is
currently interpreted and lead to novel research which aims to integrate both biologi-
cal and artificial intelligence.

University of Southampton

Abstract
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Chapter 1

Introduction

1.1 Motivation

Progressive deciphering of the human brain and its constituent processing methods has
inspired phenomenal advances in Artificial Intelligence (AI) in recent years [1]–[3]. The
capabilities of deep learning algorithms and artificial neural networks (ANNs) have
already transformed modern societies. ANNs employ finely tuned neuronal layers
which perform statistical learning over input data for a given state space. This process
yields great generalisation performance over single or highly correlated learning tasks
such as image classification, speech recognition and natural language processing [4],
[5]. Owing to this, AI is set to be further adopted in executable tasks [6] with strong
attention on embedding it on edge-systems [7], [8].

Yet, it is evident that current deep learning algorithms bring strong inefficiencies to-
wards realising artificial general intelligence (AGI) even in a centralised (cloud-based)
environment. For context, using a comparable number of trainable synapses (the bio-
logical learning unit), approximately 1013-1014, biological neural networks in the cere-
bral cortex facilitate general cognition [9], [10], a capacity much larger than their engi-
neered counterparts. ANNs cannot achieve this capacity by learning sequentially since
incoming synaptic modifications impose destructive interference on the networks’ state,
known as catastrophic forgetting [11]. In other words, ANNs must forget old memories
in favour of new ones. The adoption of AI in more learning tasks of increasing com-
plexity thus arrives at the cost of ever-increasing computational and memory resources
[7], [12], [13]. Artificial memory is further challenged by the limits of Moore’s law [14]
prohibiting the scaling of ANNs in form factors small enough for AGI on the edge.

To address this challenge, strong focus has been put on loading AI’s operations on com-
plementary processing methods. Graphics processing units (GPUs), tensor processing
units (TPUs), field-programmable gate arrays (FPGAs) and other specialised CMOS-
based circuitry [15]–[18] allow more efficient, accelerated training and deployment of
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FIGURE 1.1: Motivation of this thesis. A solution to the discrepancy of learning capac-
ity between biological and artificial synapses and catastrophic forgetting by emulating

biological consolidation in volatile memristors.

software-based ANNs. Concurrently, more specified neuromorphic technologies aim
to directly emulate brain and learning functions in hardware, completely bypassing
the need for software implementations of ANNs [19]–[22]. The appeal of neuromor-
phic systems first rises from attributes such as learning speed and energy efficiency
[23]. To date though, neither implementation has demonstrated a solution to catas-
trophic forgetting. Since ANNs need to increase exponentially in size to yield linearly
higher accuracy [24], it is natural to look for different approaches in increasing learning
capacity.

One such approach seeks to increase the re-usability of ANNs allowing the same synapses
to be used for multiple and uncorrelated tasks; a property naturally observed. Bio-
logical synapses are able to consolidate multiple memories which can be revealed at
different timescales - much like a palimpsest [25]. Synapses can remember long-term
plasticity events, namely potentiation (LTP) and depression (LTD) while expressing al-
tered states in the short-term [26]. This temporal partition enables the brain to use the
same resources for multiple computation processes and offers a practical partition to
the issue of catastrophic forgetting.

Palimpsest storage is realised biologically via the bidirectional interaction of hidden
biochemical processes affecting the manifestation of synaptic efficacy at different timescales
[25], after each memory modification. These processes are characterised by their own
degrees of plasticity (i.e. learning rates) and lifetimes (i.e. ‘forgetting time constants’).
These properties make memristive devices natural candidates for hardware palimpsest
consolidation, which have already showcased their potential in synaptic emulation
[20], [21], [27]–[29]. In particular, frequently overlooked volatile resistive RAM (RRAM)
families are also governed by hidden electrochemical processes affecting their analogue
state, much akin to biological synapses. Thus, the primary motivation of this thesis
has been the harnessing of RRAM’s intrinsic volatile properties to consolidate mul-
tiple uncorrelated memories at different timescales and at palimpsest fashion (see
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Figure 1.1 for a high-level description). If appropriately tuned bidirectionally, the re-
laxation dynamics of RRAM can replicate the hidden biochemical states that protect
memories from synaptic modifications. Such memristive synapses can address catas-
trophic forgetting and pave the way for AI hardware that can learn on the Edge.

1.2 Research Objectives

The research objectives of this project are as follows:

1. Assess the candidacy of volatile RRAM technologies for emulating synaptic mem-
ory consolidation.

2. Characterise the intrinsic time-dependent signatures of RRAM volatility.

3. Accurately model the intrinsic time-dependent signatures of RRAM volatility.

4. Demonstrate in hardware how palimpsest memory consolidation can naturally
arise via volatile RRAM.

5. Extend the technology’s principal operations towards further neuromorphic ap-
plications.

To achieve the objectives of this project a number of key steps have been taken (see
Figure 1.2 for an objective outline and the subsequent thesis organisation). Firstly,
a thorough review has been conducted to verify the suitability of TiOx-based RRAM
technologies for palimpsest memory consolidation. This review has covered relevant
neuroscience theories of synaptic operations and memory consolidation, a background
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foundation of memristive devices as synaptic emulators as well as key hardware and
software learning implementations. RRAM can efficiently replicate plasticity events
either in the form of LTP or LTD and plasticity rates can explicitly be modulated via
appropriate stimulation tuning. Moreover, it has been concluded that RRAM volatil-
ity could provide a reference to the hidden relaxation properties of biological synapses.
However, no volatility framework that could be utilised to express the necessary timescales
bidirectionally has been found to exist.

Thus, secondly, this project has set to develop a complete framework for both char-
acterising and modelling RRAM volatility bidirectionally. This framework aims to
decipher the relationship between relaxation timescales and plasticity stimulation to
support appropriate interfacing with memristive synapses. This study has shown that
RRAM volatility is governed by two distinct timescales; a fast volatile regime and a
slow non-volatile residue after stimulation. Thirdly, necessary ’bridging’ algorithms
have been designed to manipulate memristive volatility both in hardware and in simu-
lations and replicate basic synaptic functions. The volatile and non-volatile timescales
have been exploited to realise a fast learning, plastic short-term memory and a slower
but more rigid long-term compartment in a single device.

Fourthly, experiments have been designed to demonstrate automatic palimpsest con-
solidation in volatile RRAM synapses using this dual memory capacity, accompanied
by explanatory data analysis. These experiments have practically demonstrated that
volatile synapses can consolidate memories in the long-term capacity and automati-
cally protect them against multiple short-term memory modifications. This proof of
concept in hardware has satisfied the main motivation of this thesis. Finally, owing to
the ubiquity of intrinsic time referencing in biology, this project has aimed at applying
volatile learning properties in further neuromorphic applications. This has been car-
ried through in the general context of brain-computer interfacing (BCI). There, single
devices have shown great potential in encoding high neuronal spiking activity without
a need for pre-processing spiking data.

1.3 Thesis Organisation

This thesis is organised as follows. Chapter 2 surveys the literature to give an overview
of memory and learning in biology and in computational models, as well as of recent
engineered implementations. This includes a description of biological synapses, their
main plasticity mechanisms and mathematical descriptions of memory consolidation
to form the theoretical foundation of this work. Moreover, an introduction of RRAM
technologies and their core properties is made, followed by a review of memristive
technologies’ involvement in artificial synaptic learning and in neuronal interfacing.
Chapter 3 presents novel methodologies for characterising and modelling memristive
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volatility under various ranges of operating conditions. The experimental results pre-
sented in this chapter link to the theory behind memory consolidation to form the
foundation of the main application designed in this thesis. In Chapter 4, memristive
volatility parameters are translated into synaptic stimulation protocols to demonstrate
palimpsest memory consolidation in hardware. The results are both experimental and
simulated and provide a thorough analysis of volatile memristor suitability for learn-
ing applications. Chapter 5 presents a brief proof of concept study on how the same
learning properties of volatile memristors can be utilised to perform unsupervised tem-
poral integration of neuronal spikes for high activity detection. Finally, Chapter 6 sum-
marises this thesis and provides the author’s recommendations on future extensions of
this work.
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Chapter 2

Memory and Learning: Biology and
Engineering

2.1 Introduction

The ability to learn, recall and consolidate memories is a fundamental aspect of biolog-
ical and artificial intelligence. Memory consolidation and learning occur biologically
via the synapse, an ’adjustable connection’ between neurons which regulates the trans-
mission of signals in the brain. Naturally, this has drawn extensive scientific attention
both towards understanding synaptic mechanisms as well as engineering them. This
chapter introduces the synaptic mechanisms required for learning, both biologically
and computationally, and gives an overview of how these mechanisms can be reverse-
engineered for artificial intelligence and further neuromorphic applications.

Research Objectives & Thesis Organisation

Memory Consolidation

Review of biological & hardware 
synapses, consolidation models,
artificial memories - components

Literature review: Chapter 2

FIGURE 2.1: Chapter’s outline and objectives.
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FIGURE 2.2: Mechanisms of memory consolidation. Information is initially stored
in a fast and labile short-term memory. Reinforcement of memory enables it to be
consolidated into a slower but stable long-term memory. A cleanup mechanism is

required to ensure forgetting of information deemed unimportant to the system.

2.2 Memory Consolidation Conceptually

Efficient handling of information in any learning system requires both mechanisms
for retaining important memories and equally importantly, forgetting less significant
ones. The human brain deals with this challenge by storing memories in distinct short
and long-term time phases [30] [31]. While the information in the short-term memory
is easily recorded, it is also easily forgotten. Contrarily, information in the long-term
memory is recorded with more difficulty but is also more stable [30]. This mismatch
of stability can act as a cleanup filter in any learning system, whereby information that
has not been forgotten in the short-term can progressively be stored more securely. The
process of transferring information from the labile short-term phase to the more stable
long-term memory is referred to as memory consolidation [32].

At a higher level, consolidation of memory can be perceived as a controlled process. For
it to function, the system needs the two types of mentioned memory systems and four
mechanisms; signal transfer, positive reinforcement, a threshold metric and cleanup. A
heuristic approach is the following. Consolidation occurs via the transfer mechanism
which moves information to the system’s long-term memory. The transfer may only be
triggered if a threshold condition has been met. In turn, memories can meet this condi-
tion if they are reinforced in the short-term. All memories that fail to reach the transfer
threshold are discarded by the cleanup mechanism. Crucially, both the memory stages
and the mechanisms are orthogonal modules of the consolidation model and in theory,
they can be implemented in numerous ways both in vivo and in silico. A higher level
depiction of the model is shown in Fig. 2.2.

Importantly, consolidation can occur both at a systems level and at a memory-unit level.
That is, the distinction between short and long-term memory can either be spatial or
structural within the storage system respectively. The spatial consolidation paradigm
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FIGURE 2.3: Neurotransmitter release during synaptic operation [37]. The electrical
signal from the presynaptic neuron is converted into chemical information through

neurotransmitters and back to electrical form in the postsynaptic neuron.

is employed in conventional computing where fast but volatile RAM devices consoli-
date data to slower but stable hard drives. Evidence for systems consolidation in the
brain involves the transfer of information from the hippocampus (short) to the neocor-
tex (long) [33] [32]. At the unit level, consolidation can occur through changes in protein
concentrations in the synapse [30] [34].

2.3 The Synapse: An Overview

Information processing occurs in the human brain via signal transfer between individ-
ual neurons. This signal has the form of short spikes of electrical current (Fig. 2.3 (1))
propagating from the outward end of a transmitting neuron (axon) to the inward end
of a receiving neuron (dendrite) [9] [35]. The junction between these two elements is
termed synapse and it is widely considered the principal unit of memory and compu-
tation within the brain [9] [36]. In reality, this form of neural communication is not the
only one that has been observed [9]. This work, however, only considers the synapse as
a connection between a transmitting (presynaptic) and a receiving (postsynaptic) neuron.

Conceptually, it is very important to understand a reduced model of how a synapse
operates, to appreciate how it can function both as the memory and the computational
unit of the brain. Generally, synapses can be categorised into two major types; ex-
citatory and inhibitory. Excitatory synapses activate the postsynaptic neuron when
triggered and inhibitory ones stop the electrical signal flow [9]. While information is
both transmitted and received by neurons in electrical form, the synapse operates with
slower, biochemical processes and makes use of concentrations of specialised molecules
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called neurotransmitters [9] [38]. Such molecules are contained and released within
synaptic vesicles, ”packets” of quantised amounts of molecules.

The electrical potential induced by a presynaptic neuron triggers a change in potential
difference within the synapse. This in turn releases quantised amounts of neurotrans-
mitters (Fig. 2.3 (3,4)) which carry the signal to the postsynaptic neuron (Fig. 2.3 (5,6)).
This signal can either be of excitatory (e.g. in the case of Glutamate-mediated synapses)
or inhibitory (e.g. GABA) nature [39] [9]. Specifically, the effect of either excitatory or
inhibitory events is determined by the number of vesicles released. The more exci-
tatory neurotransmitters are released, the more likely the postsynaptic neuron to fire.
Conversely, the more inhibitory neurotransmitters are released, the less likely is for the
neuron to fire. The release of synaptic vesicles depends on the level of presynaptic ac-
tivity. However, the number of (available) vesicles formed within the synapse can be
variable and their synthesis depends on the history of synaptic activity [9]. The de-
gree of likelihood that a synapse releases a specific amount of neurotransmitters and
thus excites or inhibits the postsynaptic neuron is called synaptic efficacy. Efficacy is the
equivalent of the weight of a connection in an artificial neural network (ANN). In turn,
the mechanism by which efficacy changes is called synaptic plasticity and its two sides
are potentiation, i.e. increase in efficacy and depression, i.e. decrease in efficacy.

2.3.1 Plasticity Mechanisms

Synaptic plasticity refers to mechanisms by which synaptic efficacy is modulated. It is
explicitly activity-dependent, meaning that it is reactive to signalling neuronal inputs
and is widely regarded as a primary facilitator of biological memory [40]. Plasticity
can be categorised using various metrics. Most notably, it can be distinguished by the
lifetime of the efficacy changes it induces (short- and long-term plasticity), as well as
by the underlying mechanisms facilitating it. Additionally, higher levels of plasticity
can be identified and in fact, are considered to be key mechanisms of memory consoli-
dation. This section will give a conceptual overview of these characteristics since they
will be a recurring topic in the next chapters of this thesis.

First, synaptic efficacy is known to be modulated for short-lived timeframes by what
is termed short-term plasticity. The mechanism has been recorded in numerous organ-
isms of varying complexity and is believed to have lasting ranges from milliseconds to
minutes [41]. Typically, short-term plasticity is expressed relative to paired-pulse stim-
ulations, whereby an input pulse can affect a synapse’s response to a closely spaced
subsequent pulse. Short-term plasticity can facilitate both an increase (facilitation) and
a decrease (depression) in efficacy. The plasticity direction is normally determined by
the temporal interval between pulse sequences, with small interpulse periods (< 20ms)
typically (but not always) leading to short-term depression and larger (20-500ms) to
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FIGURE 2.4: Schematic illustration of LTP and LTD, shown as the increase and de-
crease of the field excitatory postsynaptic potential (fESP) in the hippocampus over

the timeframe of 1 hour [40].

short-term facilitation [41], [42]. Short-term plasticity is believed to provide biologi-
cal brains with filtering capabilities. Specifically, since high-frequency stimulation can
cause short-term depression, high-efficacy synapses can respond to sparse signals with
high accuracy but may dampen denser input signals; effectively acting as a low-pass
filter. Equivalent but opposite relationships can turn low-efficacy synapses into high-
pass filters [43].

While short-term plasticity and its associated filtering capabilities can provide some
interesting properties in neural networks, experiences perceived by the brain can also
induce long-term changes in synaptic efficacy. These changes occur concurrently at
ensembles of synaptic circuits and have been reported to persist for hours to days in
mammalian brains [44], [45]. Such actions result in the permanent or semi-permanent
rewiring of biological neural networks, which is the foundation of all learning. Long-
term plasticity takes form both via potentiation (LTP) and depression (LTD), which
are umbrella terms for various mechanisms governing efficacy modulation in multiple
brain regions and for multiple purposes [40]. An illustration of both mechanisms is
shown in Fig. 2.4. Particularly, the co-existence of both LTP and LTD within individual
synapses and the corresponding bidirectional nature of efficacy [46], is a key justifi-
cation for perceiving synaptic memory as an analogue weighted value - a perception
which is a pillar of modern deep learning algorithms [1].

One of the most widely studied mechanisms for inducing long-term plasticity is spike-
timing-dependent plasticity (STDP). This mechanism is of great interest since it is also
the main learning rule of neuromorphic applications [23]. STDP is aligned with the
long-standing Hebbian learning rule, which proposes the existence of a mechanism
for increasing the signal transmission efficiency between neurons that tend to com-
municate frequently [47]. This is commonly summarised by the popular heuristic ’neu-
rons that fire together, wire together’, which effectively suggests that synaptic plasticity
must act as a mechanism for learning in neural networks.
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FIGURE 2.5: Types of STDP in biological neurons. The x-axis measures the temporal
difference between the presynaptic and postsynaptic firing tpre - tpost in milliseconds

(ms). LTP and LTD are colour-coded in blue and red respectively.

In its basis, STDP between a presynaptic and a postsynaptic neuron is determined by
the temporal relationship of their activity. STDP is determined by the magnitude of the
time difference between spiking events occurring at two neurons, tpre - tpost, as well as
the sign of this value. Most pronounced plasticity changes occur at time differences
of 25-50ms, although many different directions have been observed (see Fig. 2.5 for
common examples as described in [48], [49]). Most neuromorphic applications follow
the learning rule shown in Fig. 2.5a [23], [29]. If the firing of a postsynaptic neuron
succeeds that of the presynaptic neuron then the corresponding synapse undergoes
LTP; conversely, if the postsynaptic firing precedes the presynaptic then the synapse
undergoes LTD.

Strong association between LTP/LTD and memory can also be drawn due to their sim-
ilar underpinning properties [50]. First, plasticity can be reinforced via repetition. Sec-
ond, the change in a synapse’s efficacy is correlated to the strength of an input signal.
Moreover, the mechanisms by which plasticity is facilitated are mostly intrinsic to indi-
vidual synapses, meaning that they do not affect their neighbours and give rise to the
incredible degree of freedom found in learning brains.

2.3.2 Synaptic Metaplasticity

It is evident that synaptic plasticity is a key facilitator of biological memory. Changes in
synaptic efficacy ’rewire’ neural networks and regulate their function, thereby altering
their output to specific inputs and thus enabling learning. Nevertheless, plasticity itself
cannot account for memory consolidation and/or protection. After all, reinforcement
can aid plasticity but it does so bidirectionally. In other words, modifications in efficacy,
caused by ongoing input signals between neurons inevitably cause the degradation of
older memories [25]. Intuitively, this would mean that brains should constantly keep
forgetting memories in favour of new ones.

The mechanism that is regarded to be protecting memory degradation in the synapse is
metaplasticity. Metaplasticity can be thought of as a higher-level attribute of synaptic
plasticity. It describes the mechanism by which a synapse can undergo changes to its
degree of plasticity [51]. Metaplasticity thus does not refer to the absolute changes of
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synaptic efficacy but to the freedom by which efficacy can change. For instance, it has
been observed that synapses in the hippocampus may be subject to stimulation that
can favour LTD and limit LTP in the future [52], [53].

Synaptic metaplasticity can solve the challenge of protecting consolidated memories
in the brain and thus has been a big inspiration for this project. While there are still
many unknowns as to how plasticity is regulated molecularly, biological evidence for
its existence has been observed [33], [54]. Moreover, computational neuroscience has
made significant progress in approximating these effects. The next section will cover
some key computational aspects of memory consolidation and protection, which have
been utilised in the design of artificial synapses throughout this work.

2.4 Computational Models

2.4.1 Defining Memory Capacity

As it is outlined in Chapter 1 and will later be discussed in detail in Chapter 4, the
primary aim of this work is to realise palimpsest memory consolidation in a hardware
implementation. Since this involves the coexistence of multiple memory states within a
system, it is imperative that a clear metric is defined to distinguish between palimpsest
and non-palimpsest memory consolidation. To find such a metric, this work considers
the possible different states that a memory unit can concurrently hold without forgetting
old information. Importantly, the co-storage of multiple states could theoretically occur
both concurrently (being able to read/recall multiple states from a memory unit at the
same time) or could be partitioned in time. The latter would involve overwriting a
memory state for some time while retaining the ability to reverse back to a previous
state after that time has elapsed. Such an ability is believed to be present in biological
synapses, has already been formulated mathematically (see Section 2.4.4 of this chap-
ter) and is the primary inspiration for this work.

Accordingly, this work defines the capacity of a memory system as the total number of
states that can be arranged in a temporal palimpsest fashion. For example, a typical SSD
memory unit can only store 1 state since it cannot be retrieved when overwritten. A the-
oretical system which could store an N-th signal while retaining the ability to recall the
previous N-1 signals would have capacity N. This definition should be distinguished
from conventional definitions of memory capacity in the context of information theory
(i.e. bits as units of signal entropy [55]) which is largely used to evaluate artificial mem-
ories [56], [57]. For example, if a theoretical memory unit can take 4 distinct states with
equal probability but can only do so irreversibly with respect to previous states, then
its capacity within the context of this work will be equal to 1 state and not 2 bits. There-
fore, since no practical demonstration of palimpsest memory consolidation has been
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shown in hardware, we can deduce that all known memory systems have a capacity of
1 state and thus the main aim of this work can be rephrased to simply demonstrate a
memory capacity greater than 1.

2.4.2 Memory Storage

Memories are retained in the brain through changes in the efficacies of relevant synapses.
To better understand this notion certain assumptions should be made. Firstly, every ex-
perience that can be remembered, can also be translated into some input stimulus on
some neural ensemble. Secondly, this input has the form of presynaptic spikes directed
towards some postsynaptic neurons. This activity in turn induces plasticity changes in
the set of synapses connecting the neurons activated while the experience is recorded.
Memory traces of a given experience can then be remembered as long as the efficacies
of those synapses remain close to the values prescribed by the experience [25].

Specifically, traces of a stored memory within an ensemble of synapses lie in the mod-
ifications in their synaptic efficacies. The memory signal is strongest immediately af-
ter modification occurs. The ongoing plasticity events induced in the memory system
add noise to the memory trace which is assumed to decay over time. At any point,
the memory signal can be computed as the ”overlap between the state of the synaptic
ensemble and the pattern of modifications originally imposed by the memory being
remembered” [58] (see Chapter 4).

The brain comprises a finite number of synaptic connections, the efficacy of which is
limited by bounded values. Since memories are retained by ensembles of synapses,
those bounds also limit the possible combinations of efficacies, i.e. memories that can be
stored. Moreover, the efficacy of a given synapse undergoes ongoing plasticity changes
which constantly add noise to the traces of older memories. Yet the human brain ex-
hibits the ability to recall information for years and still keep storing new memories.
Computational metaplasticity models offer a perspective on how this is achievable and
an inspiration for engineering equivalent mechanisms.

2.4.3 Cascade Metaplasticity Model

Using a metaplastic metric, a synapse can vary from being completely rigid (i.e. not
liable to plasticity changes) to plastic (i.e. very prone to plasticity changes). From a
memory consolidation perspective, designing a metaplastic synapse ensures the short
and long-term memory types at a structural level, as mentioned in Section 2.2.

Computationally, metaplasticity can be visualised using the cascade model of a binary
synapse, developed by Fusi et. al. [59]. The synapse can obtain two efficacy states,
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FIGURE 2.6: Cascade model of metaplastic synapse. Binary efficacy values consist of
weak and strong. Each potentiation event induces a plasticity change towards plastic
strong1 state with transition probability qi if a synapse is in weaki state. Importantly,
plasticity transition qi becomes exponentially less likely for higher values of i. Al-
ternatively, it consolidates memories into more rigid strongi metaplastic states with
transition probability p+i , if the synapse is in state strongi−1. Each depression event acts

respectively on the synapse for metaplastic transition probabilities p−i .

potentiated and depressed. Metaplasticity works as a hidden variable, where continu-
ous plasticity events of equal polarity push the synapse deeper into states i with lower
efficacy transition probabilities, qi. The model is illustrated in Fig. 2.6 [59]. Referring
to Section 2.2, the reinforcement mechanism of the system is the repetition of plastic-
ity events and the transfer mechanism is the transition to different metaplastic states.
Information is consolidated by being ”entrenched” into more stable states, while infor-
mation that is not reinforced can easily be overwritten.

The cascade model provides a straightforward explanation of how metaplasticity aids
memory consolidation. However, it is not robust enough to support consolidation in
general forms. This has been recently demonstrated in the case of binarised neural
networks that employ weights with cascade metaplastic properties [60]. There, it is
shown that such networks can only generalise over multiple tasks/memories which
are highly correlated. This can be intuitively understood since cascade synapses can
only hold one binary state which is catastrophically forgotten as soon as it is changed.
Cascade metaplasticity thus favours a form of static consolidation by a binary approach
towards interfering memories: either incoming memories are completely ignored if the
synapse is rigid or are written by permanently overwriting the existing state. While
this paradigm has been proven useful in expanding the storage of correlated memories
which share the same efficacy states [60], it still challenges online AI in real learning
scenarios where the nature of incoming memories is unknown a priori. What is needed
is the flexibility to learn uncorrelated memories fast, and concurrently protect older
consolidated counterparts. Importantly, this should be done automatically and in an
unsupervised manner.



16 Chapter 2. Memory and Learning: Biology and Engineering

FIGURE 2.7: Synaptic model. (a) Chain plasticity model consisting of uk biochemical
processes, where k ∈ [1, m], for m different processes. Each variable interacts with
its neighbours, while u1 is connected to u2 and the input and um communicates with
um−1 and a leak term (equivalent to um+1 = 0). Parameters gk,k+1 are the strengths
of the interactions between two variables. Combined with Ck, they determine the
timescale on which each process operates. (b) Intuitive illustration of hidden variables.
The chain model behaves like an ensemble of communicating beakers. Each variable
uk measures the deviation of each variable from the equilibrium, as shown with u3.
Variables gk,k+1 represent the connection weight between two beakers and Ck reflects

the area/volume of each beaker.

2.4.4 Palimpsest Consolidation Model

An explanation for the brain’s incredible learning capacity would be that a specific
synapse is used for the storage of multiple memories. Memories then, are not stored
statically in a one next to the other fashion but are more likely to be stored in a palimpsest
fashion, i.e. one on top of the other [61]. In such a scenario, however, plasticity events
triggered by multiple memories stored in a given synapse, deviate its efficacy from
values that would suffice for recalling previously stored memories.

The challenge of storing and retaining memories is encompassed by the plasticity / rigid-
ity dilemma [11]. Plastic synapses are good at storing new information but their liability
to further plasticity events makes them forget as easily. Rigid synapses are good at
retaining old information but they fail at storing new memories. As proposed by Fusi
et.al. [25], for consolidation to occur at a synaptic level, metaplasticity has to be multidi-
mensional and a synapse must contain both plastic and rigid components. The authors
argue that memories are retained by multiple biochemical processes, operating at dif-
ferent timescales and interacting with each other bidirectionally. Visualisation of such
interaction is provided in Figure 2.7 [25].

This synaptic model consists of a visible weight w(t) and multiple hidden variables
operating at progressively slower timescales. Computationally, this is described by
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a chain model. The first element of the chain is the synaptic weight and is also the
most plastic component. Its value is very sensitive to plasticity events, resulting in
high initial memory strengths. The remaining chain elements represent the hidden
variables affecting synaptic metaplasticity and equilibrate around the average values
of their neighbours (Fig. 2.7a).

The chain model can be expressed by a chain of communicating liquid beakers (Fig.
2.7b). The yellow beaker represents the synaptic weight and the most plastic compo-
nent. Potentiation events equate to adding liquid to this beaker and depression events
act oppositely. Progressive plasticity events tend to perturb the equilibrium levels of
deeper hidden beakers. Thus, the information of persistent plasticity patterns becomes
”entrenched” within the synapse and can dictate the trend of the synaptic weight for
longer, via the continuous propagation of liquid in between the beakers.

For instance, if many potentiation events occur, slower variables deviate higher than
their equilibrium level. Then, possible depression events can affect the synaptic ef-
ficacy within a fast timescale but such information becomes overwritten by the bidi-
rectional communication in the long run. In such cases, the synapse becomes rigidly
potentiated. The same unit is able to recall a depression event for a short, vulnerable
timescale and a long-term potentiation over a stable long-term period. Over an en-
semble of N synapses, memories are consolidated structurally, in a palimpsest fashion.
Importantly, this configuration allows both the automatic consolidation of memories,
reinforced only by the frequency of storage and the protection of old memories in the
long term. This is a significant advantage which can allow hardware AI to undertake
multiple learning tasks without catastrophically forgetting previously learnt memories.

This work has focused on creating equivalent synaptic models on hardware by engi-
neering the appropriate timescales required for palimpsest consolidation. Such a task
can only be undertaken by utilising emerging nanotechnologies which have equiva-
lently complex memory capabilities. Novel memristive technologies have thus been
considered, and in particular resistive random-access memories or RRAM, the learn-
ing capabilities of which are discussed in the following section.

2.5 RRAM Technologies

2.5.1 An Overview

Since their inception [62] and first realisation [63], memristive devices show great po-
tential in neuromorphic computing [64] [65]. While several types of memristors exist,
this project focuses on Resistive Random Access Memory (RRAM) devices. These are
two terminal (Metal-Oxide-Metal) devices which operate as tunable resistors whose re-
sistive states depend on the history of applied bias. Their activation process usually
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also requires an invasive form of initial biasing called electroforming [66]. RRAM offers
a significant leap in storage per area with memristors being able to store more than 6
bits of information in a single device [67].

Device resolution and history dependence make RRAM a natural integrator element,
a perfect candidate for neural implementations on hardware, for example, the Tem-
potron [68] [69]. Moreover, memristors exhibit a direct resemblance to synaptic efficacy
properties such as long-term potentiation (LTP) and depression (LTD) [21] [70]. Lately,
their tunability has been examined in numerous neuromorphic applications including
the encoding of neuronal spikes [71] [72], unsupervised learning [20] and in-memory
computing [73] [65]. Memristors have also been used to realise metaplastic phenomena
[74] [27], where plasticity effects vary depending on timing conditions. However, no
prior work has associated RRAM technology with consolidation in a palimpsest fashion.

2.5.2 RRAM Switching Mechanisms

The change in a memristor’s resistive state R is induced via the application of appro-
priately invasive biasing voltages V. Assuming some device-specific threshold value
Vth, higher programming amplitudes induce changes in R, while sub-threshold read am-
plitudes can be used to read a device’s state at any time. Thus, by employing sequences
of programming events accordingly, one can manipulate resistive changes ∆R within
some resistive range, as illustrated in Fig. 2.8. There, a chosen RRAM device responds
bidirectionally to programming events of opposite polarities. Specifically, R (shown
in grey data points) increases with positive voltages and decreases when negative am-
plitudes are applied. The apparent accumulation of ∆R with successive programming
events gives rise to the intrinsic integration properties of RRAM. Moreover, the device’s
behaviour shows dependence on the degree of invasiveness by which programming
events are applied; a common pattern that will also be prevalent in this work.

This dependence is represented with more clarity in Fig. 2.9 by [76]. (a) shows how
the relative change in resistance ∆R

R is affected by increasing programming amplitudes
in both polarities. The transition between sub-threshold voltages (boxed in red dashed
lines) to invasive programming amplitudes is shown as ∆R

R deviates from 0. Concur-
rently, (b) shows a characteristic I-V relationship during ∆R which is reflected by the
hysteresis in the I-V curve. This relationship is of significant importance since quan-
tifying the parameters by which RRAM switching can be manipulated is an essential
first step towards the design and implementation of memristor-based neuromorphic
applications.

However, while memristive properties are promising candidates for post von-Neumann
neuromorphic architectures, no unified theory yet exists to encompass their operation,
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FIGURE 2.8: A typical representation of RRAM ∆R, presented in [75]. Consecutive
trains of positive programming pulses (shown in blue in the bottom half) cause R to
progressively increase (grey data points in the top half), while negative programming
pulses decrease R. Importantly, the boundaries of ∆R saturation widen as the absolute
programming amplitude increases. The switching behaviour is accurately modelled,

as illustrated via the overlapping red line and grey data points.

FIGURE 2.9: RRAM switching characterisation as presented in [76]. (a) The depen-
dence of relative ∆R on the programming pulse amplitude. As shown, the data can
be categorised into two distinct regions, the sub-threshold region (boxed in red) and
the invasive bias region, where device R is changing. (b) I-V dependence for the same
RRAM device. The apparent hysteresis loop is an indication of a change in the resis-

tive state due to invasive biasing.
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even though progress has been made [76] [77] [78]. Evidence suggests that RRAM op-
eration may depend upon a variety of factors, such as the oxide film and the electrode
materials [79]. Resistive switching may occur either through electrochemical changes in
their active electrodes [80] [81], via redox reactions which induce conductivity changes
of the Metal-Oxide film of the device [82], or via thermal ionic diffusion due to current
induced changes [81]. Lastly, switching may occur via the alteration of the electrode-
oxide interfacial potential barrier [79].

Concurrently, work has been conducted to model the behaviour of RRAM devices un-
der bias. Results suggest that one can simulate with great accuracy resistive switching
for known biasing regimes [75]. This model describes the rate of change of device re-
sistance as:

dR
dt
= s(υ)× f (R, υ) (2.1)

where s(υ) is the voltage sensitivity function of the device, depending only on the puls-
ing scheme and f (R, υ) is the device window function which imposes soft switching
boundaries as a function of resistance R and voltage υ.

This is also shown in Fig. 2.8 where this model (red line) is used to fit raw switch-
ing data (grey). Nevertheless, this work only assumes ideal non-volatile devices and
cannot be used to simulate metaplastic timescales.

2.5.3 RRAM Volatility

Within the context of this work, RRAM volatility is defined as the overall monotonic drift
of device resistive state, after and not during device programming protocols. Volatility
is thus defined as a strictly transient phenomenon, observed under non-invasive and
sub-switching-threshold reading voltage amplitudes, that is observed only after appro-
priate invasive stimulation protocols. This is to be distinguished by the commonly ob-
served stochastic fluctuations in RRAM resistive state when successive state readings
are performed. Such fluctuations are present both during passive device readings [83]
and during both positive and negative amplitude stimulation protocols [84][77]. Such
fluctuations do not show any dependence on the device state history and in this work
are considered to be and referred to as noise (see Chapter 3 - 4 as well as Appendix C).
On the contrary, RRAM volatility studied in this work follows clear monotonic trends
which tend to average out over multiple continuous noisy fluctuations and over longer
periods of time.

Volatile behaviour has been reported in RRAM studies in the past [85][68][86]. The
passive drift of resistive state over time has been linked with memory consolidation as a
potential cleanup mechanism [27] (see Section 2.2). Work by Cortese et.al. suggests that
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volatility is a result of ionic diffusion occurring after the removal of the applied electric
field [85]. This gradually increases the electrode-oxide interfacial barrier and thus the
device’s resistive state. This is supported by Liu et.al who report similar diffusion
phenomena [87].

It has already become evident that memristive volatility can be designed to a desired
effect [88]–[90]. However, in order to fully realise the potential of the volatile RRAM
families a systematic approach is needed for characterising and modelling volatility.
Existing volatility models suggest that volatile device families can be switched in a
non-volatile way only if a minimum energy level has been input during stimulation,
while they behave in a volatile manner otherwise [68].. This is explained by separating
volatile from non-volatile switching via quantised energy levels needed to induce sta-
ble changes in a device’s interfacial barrier (the proposed mechanism for manipulation
of R). In this scenario, a device’s state is always drawn towards a local R attractor. A
SPICE model has also been described and has served as inspiration for work conducted
in this project. Moreover, routines have been developed to distinguish between volatile
and non-volatile regions of memristive operation [86]. Furthermore, attempts to model
volatility via equivalent circuits have been presented by [91].

Literature on volatile RRAM switching has focused on predicting the phenomenon
within non-volatile technologies. The work that has so far been conducted in this
project offers a novel, data-driven volatility model. This can be used in the develop-
ment of synaptic circuits, with multiple timescale variables, extending the ideas pro-
posed mentioned in [25] and discussed in 2.4.4.

2.6 Hardware Synapses

The advantages in learning that can be brought to AI hardware by direct emulation
of the discussed synaptic properties have already attracted the interest of the field.
This is particularly true within the broader context of memristive technologies, where
multiple studies have demonstrated the technologies’ intrinsic resemblance to synaptic
plasticity.

Memristive synapses have first demonstrated basic plasticity rules in hardware in as
LTP and LTD. Based on the analogue switching regime of non-volatile memristors, mul-
tiple implementations have shown that efficacy changes become more pronounced as
potentiation/depression cycles are applied successively. These studies are also based
on phase change memory (PCM) memristive technologies which undergo changes in
conductance as bidirectional stimulation is applied to them to reflect potentiation and
depression. Emulation of plasticity in this paradigm has been achieved both in stan-
dalone devices [29], [92], [93] or by integrating memristors into more complex systems
[94], [95]. While these are significant milestones towards designing artificial synapses,
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plasticity alone is not sufficient for learning and protecting memories from incoming
interference; a fundamental functionality for autonomous learning systems.

To address this issue, both RRAM and PCM memristor studies have worked towards
emulating synaptic metaplasticity [51], [59] directly via manipulating the learning rate
of the artificial synapses. This has been shown in integrated CMOS-based synapses in
the context of spiking neural networks (SNNs) [95], [96]. Metaplasticity has been a very
popular research target since it can address the protection of consolidated memories
from ongoing interference. Similarly, non-volatile RRAM has also exhibited tunable
switching/learning rate via the direct manipulation of stimulation bias [74], [97]–[100].
While these studies have successfully shown tunable switching rates, they do not con-
sider memory consolidation holistically. First, metaplasticity is manipulated by explicit
changes in external stimulation. This implies that the need for changes in the switching
rates and thus consolidation is known a priori. This is not realistic for autonomous AI
where agents are expected to learn in an online fashion and in unpredictable scenarios.
Moreover, all these studies consider metaplasticity bidirectionally and exclusively on
either LTP or LTD scenarios. For metaplasticity to have full effect, it is essential that
it also addresses catastrophic forgetting bidirectionally, allowing a synapse to protect
consolidated memories from all forms of interference at the same time [59].

Finally, several studies have focused on memory protection directly, albeit in the con-
text of passive memory lifetime. This has been a feature exclusive to volatile RRAM,
which has shown a transition from short- to long-term memory lifetimes [21], [27],
[101], [102]. The transition is induced by the frequency of stimulation of a particular
memory and can be directly associated with the reinforcement mechanism for consol-
idation that is discussed in 2.2. However, the transition in all those studies is both ir-
reversible and unidirectional. Specifically, long-term memory has only been shown via
LTP, where a binary potentiated state is written for longer time periods due to succes-
sive stimulation. While this solidifies the candidature of volatile RRAM as an efficient
synaptic emulator, these studies fail to consider the protection of long-term memories
under interference caused by opposing synaptic modifications. Thus, the issue of catas-
trophic forgetting remains unaddressed.

All mentioned studies have either focused on expressing synaptic plasticity or emu-
lating metaplasticity in a static way. Long-term memory has been discussed both in
terms of reduced learning rates or longer state lifetimes. A summary of the mentioned
technologies is presented in Table 2.1 in chronological order. Consequently, there still
remains a clear gap in addressing memory consolidation and reversible protection from
catastrophic forgetting in an autonomous way. This niche can be addressed by manip-
ulating multiple consolidation timescales as discussed in 2.4.4. Filling this gap is the
main objective of this work and is thoroughly discussed in the following chapters of
this thesis.
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Example Technology Type Speed Metaplasticity Consolidation LTP/LTD Lifetime Timescales Capacity

Chang et.al. [27] WOx RRAM Single device 1ms No Yes LTP <minute 1 1

Ohno et.al. [102] Ag2S synapse Single device 500ms No Yes LTP ≈ 20s 1 1

Ambrogio et.al. [94] GST PCM Multi device 250ns No No LTP/LTD n/a n/a 1

Berdan et.al. [21] TiOx RRAM Single device > s No Yes LTP 10s 1 1

Tan et.al. [101] WOx RRAM Single device 10µs Explicitly tunable Yes LTP minutes 1 1

Boybat et.al. [29] GST PCM Single device < µs No No LTP/LTD n/a n/a 1

Burr et.al. [93] GST PCM Single device n/a No No LTP/LTD n/a n/a 1

Cheng et.al. [98] YSZ RRAM Single device 0.75-1.5ms History dependent No LTP/LTD n/a n/a 1

La Barbera et.al. [92] GST PCM Single device 5-300ns No No LTP/LTD n/a n/a 1

Lee et.al. [100] KN memristor Single device 100µs Explicitly tunable No LTP n/a n/a 1

Liu et.al. [99] Graphene memristor Single device 100ns Explicitly tunable No LTP/LTD n/a n/a 1

Wu et.al. [97] HfOx RRAM Single device 1µs Explicitly tunable No LTP/LTD n/a n/a 1

Brivio et.al. [96] HfOx RRAM Multi device 10µs No No LTP/LTD n/a n/a 1

Demirag et.al. [95] GST PCM Multi device 100ns No Yes LTP 30s 1 1

TABLE 2.1: Overview of existing demonstrations of artificial synapses and their corre-
sponding learning properties.

2.7 Memristors as Neural Interfaces

The last objective of this work has been to extend the application spectrum of RRAM
technologies beyond strict memory consolidation while maintaining focus on their
learning capabilities. Thus, a last remark should be made regarding the functionality
of memristors in further neuromorphic fields and in brain-computer interfacing (BCI)
specifically.

Deciphering interfacing with the processes of the human brain brings the immense po-
tential to both next-generation medicines [103], [104] and human-AI integration [105],
[106]. Applications harnessing BCI have managed to bridge communication with tetraplegic
patients [107], [108], facilitate the control of neuroprosthetic arms [109] and even de-
code speech directly from recorded brain activity [110]. Neuronal spikes, the messag-
ing signals between neurons, have traditionally been recorded from brain cells using
bespoke probing technologies [111], [112]. However, most implementations have faced
bottlenecks with respect to efficiency, parallelism and real time processing since raw
neuronal data typically suffer from very low signal-to-noise ratios (SNR) [71]. For
brain activity to be deciphered, interfacing systems need to efficiently detect and sort
neuronal spikes from input reading channels, and consequently decode the resulting
spiking data meaningful information.
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FIGURE 2.10: Neuronal spike detection using MIS. (a) A recorded trace of raw neu-
ronal activity. The input signal is modulated such that low SNR spikes exceed the
switching threshold of the RRAM sensor. (b) Corresponding switching history of the
sensor, where resistance changes correlate to the occurrence of spike data. (c) The ac-
tual timeline of detected spikes is obtained via control testing software. Each spike
is illustrated with a black vertical line - a total of 81 spikes are recorded. (d) Green-
shaded regions mark instances where at least one change in R has been recorded by

the MIS. A total of 74 changes have been recorded.

TiOx based RRAM technologies have already provided a solution to the spike detection
and sorting problems. This has been achieved with the concept of the memristive inte-
grating sensor (MIS) platform. MIS exploits RRAM’s intrinsic switching characteristics
(see Fig. 2.8) and the biasing threshold dynamics (see Fig. 2.9) to filter noisy spiking
distinguish low SNR neuronal spikes and encode them into iterative state changes in
resistance [71]. A high level illustration is presented in Fig. 2.10, taken from the orig-
inal publication [71]. Appropriately modulated neuronal signals can produce voltage
spikes that cross the switching threshold of the sensor, while noise levels remain below
the threshold at all times. As such, spiking events can be encoded in analogue resis-
tance changes as read in the sensor, completely bypassing the challenges imposed by
the low SNR of the raw spike data.

MIS addresses encoding neuronal spikes in real-time and at low powers, providing
a significant advantage in the field of BCI. However, spike detection alone does not
carry information about the general state of a biological network. Subsequent analy-
sis of neuronal data is therefore needed to encode the temporal firing characteristics
and distinguish between regions of low and high spiking activity. While this task can
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be carried out via external processing, it would be very beneficial to perform activity
detection using bespoke hardware solutions that could be integrated with MIS. This
frequency filtering bears a strong resemblance to the low/high pass filtering that can
be expressed via short-term plasticity (as discussed in 2.3.1). Since the main objective of
this thesis has been the manipulation of RRAM volatility to emulate plasticity dynam-
ics that support memory consolidation, the work can naturally be extended towards
spike activity detection. This objective has been examined briefly towards the end of
this work and is presented in Chapter 5.

2.8 Summary

Advances in our understanding of synaptic mechanisms and their role in biological
memory and learning in the last century have enabled great progress in AI and BCI.
Concurrently, emerging RRAM technologies have shown the potential into emulating
neuromorphic functions that are unattainable by conventional computing. This thesis
aims to combine the two fields, first by creating a new framework for the previously
overlooked volatile RRAM domain and then by utilising volatility to emulate time-
dependent mechanisms of memory consolidation and neural interfacing.
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Chapter 3

Bidirectional Volatility in TiO2
RRAM

3.1 Introduction

The translation of consolidation timescales to artificial synaptic properties and vice
versa can be achieved by utilising the intrinsic time dynamics of volatile RRAM. To
achieve this, a thorough understanding of RRAM volatility is needed and requires
both the identification of its key characteristics and the factors which affect them. This
knowledge can allow a controllable mapping of plasticity functions and forgetting
timescales to RRAM stimulation and time-dependent state transitions which can then
be manipulated for palimpsest operations. This chapter focuses on addressing these

Research Objectives & Thesis Organisation

Memristors Memristor Characterisation
and Intefacing

Volatile memristors Arc Instruments

Development of methodology 
for (i) characterising and 
(ii) modelling bidirectional 
RRAM volatility and manipula-
tion of relaxation timescales.

Characterisation: Chapter 3 Part I

Modelling: Chapter 3 Part II
Appendices

Python scripts for interfacing 
with memristive devices and
synapses for volatility character-
isation and neuromorphic 
applications. 

FIGURE 3.1: Chapter’s outline and objectives.
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challenges by presenting a thorough, data-driven approach for characterising and mod-
elling RRAM volatility. The approach that has been developed in this thesis is technology-
and application-agnostic and focuses on understanding how volatility unfolds after
stimulation and importantly, how it can be manipulated to desired specifications. Thus,
the results presented in this chapter can be decoupled from the neuromorphic perspec-
tive and although some key points are mentioned, a detailed mapping from volatility
to plasticity functions is discussed in chapter 4.

This chapter is organised as follows. Section 3.2 introduces the scope within which
RRAM volatility is discussed, including definitions of the key operational parameters
that characterise RRAM transient relaxation. Section 3.3 presents a methodology for
characterising volatility bidirectionally and identifies the main stimulation parame-
ters that dictate its characteristics. In section 3.5, this methodology is used to briefly
analyse how these characteristics can be affected by operating device temperature to
identify the optimal conditions for realising the main objectives of this thesis. Then,
section 3.4 uses the characterisation methodology to define a data-driven mathemati-
cal model describing volatility under various stimulation regimes. This model not only
provides further insight into volatility itself but also enables the simulation of relevant
behaviours for more extended application case studies in chapter 4. Finally, section 3.6
summarises this chapter.

3.2 Defining Volatility in RRAM

Within the context of this thesis, volatility will refer to the passive, overall monotonic
transient change in a memristor’s state R, resulting from an explicitly defined stimula-
tion protocol (i.e. a set of programming pulses) and unfolding within a predefined re-
tention time window T. This is to be distinguished by the ubiquitously observed RRAM
noise [77], [83], [84] that is discussed in Chapter 2. Volatility is illustrated in Fig. 3.2
where a device under test (DUT) experiences volatile changes in R following invasive
stimulation. This example is a typical representation of volatility in TiO2 RRAM and
serves as a baseline for defining the key volatility characteristics that will be discussed
and manipulated in this thesis.

A typical cycle of RRAM volatility is shown in Fig. 3.2a. Here, volatile changes are
induced using a set of invasive/stimulation pulses with amplitude VP (a write phase,
shown in red) while DUT’s state R is measured using non-invasive read pulses (a read
phase, shown in blue) with some amplitude VR . For clarity purposes, a pair of consec-
utive write and read phases is defined as a retention cycle. Prior to simulation, DUT is
recorded at some state Rpre . Following a set of N stimulation pulses, passive volatility
is observed (see inset). Starting from state Rstart after stimulation, and within the time
window T, DUT passively converges towards an end state Rend .
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FIGURE 3.2: Experimental retention data showing typical volatile behaviour in TiO2
based memristors in (a), following stimulation shown in (b). Starting from a resistive
state pre-stimulation Rpre , the device is programmed (red) using N pulses at volt-
age VP . Volatility then unfolds over time when the resistive state is read using non-
invasive signals at VR (blue). This behaviour occurs bidirectionally, depending on the
polarity of the programming stimulus. Retention data are shown more analytically in
(c). The device is inspected for a fixed time window T. Starting from a state Rstart at
t=0, it converges to Rend at t=T. This relaxation is characterised by a time constant τ.

Any change in the resistive state ΔR = R(t < T) - Rpre is considered volatile within the
defined window. However, ΔR = Rend - Rpre is considered to be a non-volatile residue
at time T after stimulation. When consecutive retention cycles are considered, the Rend

of one cycle is also the Rpre of the next one. It is very important to note that thus far
in this project, R(t) is only attempted to be understood within T and results are not
extrapolated outside this time window. From an application perspective, this means
that a designed memory system will only be observed within time T from the latest
stimulation event and subsequently, refresh mechanisms can be used to preserve a de-
sired state of a synapse. Alternatively, more work is needed towards understanding
memristive drift in much larger timescales.
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3.3 Bidirectional Volatility: Characterisation

Using the defined quantities above, this thesis has put a strong emphasis on character-
ising RRAM volatility, so that it can be reproduced in a controlled manner within the
context of synaptic plasticity. This includes identifying the key parameters affecting
volatility as well as mapping the relationship between the two counterparts, such that
RRAM stimulation can emulate balanced plasticity events.

3.3.1 Characterisation Methodology

3.3.1.1 Stimulation Parameters and RRAM Relaxation

To identify the factors that may dictate R(t), individual programming phases have been
considered. Each programming phase is comprised of 4 externally controlled parame-
ters: (1) a set of N identical pulses of (2), fixed invasive pulse amplitude VP , (3) fixed
duration width and (4) interpulse time, used to induce changes in R. Assuming that
R(t) is a function of the stimulation that is exerted on DUT as well as its current state,
and by considering conditions parameters (3-4) to be constant, then volatility can be
expressed as:

R(t) = f (N, VP, Rpre) (3.1)

It follows that to decipher volatility characteristics in a data-driven approach, R(t) has
to be sampled under a wide {N, VP, Rpre} state space. While VP and N can inde-
pendently be chosen, controlling Rpre presents a significant challenge since its value
depends on the history retention cycles which produce the unknown phenomena that
are yet to be characterised. To address this challenge, retention cycles have been ap-
plied in a staircase fashion (Fig. 3.3a). Successive sets of cycles form a staircase with a
finite number of steps, each of which employs progressively more invasive program-
ming phases. The end of one staircase is followed by a new one which includes one
additional, more invasive cycle. Thus, the Rpre -VP and Rpre -N can be effectively swept
in order to examine the role of Rpre in R(t). The effective sampled area is shown in Fig.
3.3a.

Through the sampled areas and the resulting dependencies, one can properly under-
stand how to utilise the input programming parameters to tailor memory events for
specific needs. For instance, it is essential to know how can new memory events be
mapped towards write events of minimum to maximum strength. By deciphering the
factors that govern R(t) can be done through appropriate choices of N and VP . Here,
the following key attributes are considered: the retention limit points Rstart and Rend as
well as the relaxation time constant τ.
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FIGURE 3.3: Data sampling methodology for volatility characterisation. (a) Successive
cycles are used to sweep either the number of programming pulses in a cycle (N) or
the amplitude of the programming pulses (VP ) in both polarities, two factors affecting
relaxation dynamics. The invasiveness of each stimulation cycle progresses in a stair-
case fashion. Stemming from the nature of memristive volatility, the application of
multiple retention cycles induces a drift in Rpre . Consequently, this protocol samples

either the Rpre -VP or Rpre -N planes as illustrated in (b).

The latter is extracted by fitting retention data with the stretched exponential function,
which has already been linked to memristive volatility in [27]. Stretched exponential
relaxation is commonly observed in disordered systems due to dispersive transport
arising by large amounts of randomly distributed trapping mechanisms [113]–[115].
Therefore, DUT relaxation is mathematically expressed by:

R(t) = α exp−(
t
τ
)

β +γ (3.2)

Here, R(t) represents the time-dependent change in R over time t. αreflects the relative
change in R at t=0s compared to the projected saturation point of R at t→ ∞. The
relaxation time constant is determined by τ , while β∈ (0,1] is an exponential stretch
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FIGURE 3.4: Volatility repeatability test. The figure illustrates the deviation of Rend
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elapsed before each retention test terminates. The datapoints from cycles which have

failed the t-test are highlighted in red.

factor. At β= 1, R(t) follows a normal exponential decay while as β→ 0, R(t) is temporally
stretched. Finally, γ is equal to the theoretical saturated R value as t →∞.

3.3.1.2 Volatility Proof of Concept

The first step towards evaluating the memristive technology in question has been the
evaluation of the universality of the observed volatile phenomena, intra-DUT as well
as across multiple devices. This is crucial if we want to exploit a technology that can
be reliable in memory applications. To begin with, DUT is put under test in order to
observe whether its volatility characteristics are repeatable.

Starting from the device’s initial state Rinitial, increasingly more invasive retention cy-
cles have been applied in phases and repeatability has been examined with respect to
how effectively, the original state is reinstated after stimulation has been exerted. Re-
tention blocks of 3 identical retention cycles have been employed for every value of
programming pulse invasiveness —VP —, before this increases by 1V. Each program-
ming cycle consists of a single pulse of 100 µs. In all retention tests, T is variable with
each retention terminating either when a t-test between R(t) and Rinitial is satisfied (a
t-value = 2 is chosen) or after a total of T = 1 hr.
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The results of this repeatability test are shown in Fig. 3.4. The figure plots each reten-
tion cycle independently and shows the percentage (%) difference between Rend and
Rinitial against the corresponding VP (positive cycles in circle and negative shown in
square shapes). Each datapoint is colour-coded with respect to the time elapsed before
each cycle is terminated. The cycles where the t-test has failed are also highlighted,
indicating no convergence within 1 hour.

In all positive cycle runs below 7V, the test terminates within the first few retention
minutes, thereby passing the t-test. Indeed, all Rend datapoints are well below a 1% dif-
ference from Rinitial . Programming pulses of 7V have passed the t-test 2/3 times, while
all cycles above 7V fail the test and terminate after 1 hour has passed. In contrast, all
negative retention cycles pass the t-test, and all Rend values lie within a 0.5% deviation
from Rinitial .

The asymmetry that is apparent in opposite programming polarities is a known effect
of RRAM which utilises electrodes of different materials [116]. Based on the results
obtained from the repeatability test, a programming pulse amplitude of 7V has been
chosen to be the reference VP value throughout this characterisation study, since it pro-
vides a more pronounced volatility effect than 6V and a better opportunity to examine
the potential accumulation of non-volatile residues stemming from multiple retention
cycles. This accumulation can be translated in a memory reinforcement mechanism,
whereby stronger and repeated memory events can change the state of the synapse in
a more rigid way.

Concurrently, summary results on cycle-to-cycle and device-to-device variability for
volatility in both directions are shown in Fig. 3.5. The data indicate that relaxation dy-
namics are similar across devices which is an encouraging step towards large-scale
integration of the technology. Of course, such an endeavour requires independent
study which is outside the scope of this thesis. Moreover, the fact that volatility ex-
ists bidirectionally is on its own a significant technological advancement that hasn’t
yet been observed in memristive families. Specifically, clearly defined relaxation trends
can be explicitly directed towards upper or lower resistive states, given opposite dis-
placements in R caused by positive or negative programming amplitudes respectively.
The dependency of volatility on the direction of previous programming events and
its clear overall trend, distinguish this phenomenon from stochastic fluctuations in R
(i.e. noise) that are frequently observed in RRAM families (see also Chapter 2 and Ap-
pendix C). There is therefore an opportunity for exploiting this characteristic from an
application perspective as bidirectional volatility can enable the realisation of plastic
potentiation/depression synaptic changes.
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FIGURE 3.5: Retention tests over multiple devices in order to investigate volatility
variability across them. Each device is subject to 5 consecutive retention cycles em-
ploying N = 500 pulses at ± 7V, as illustrated in (c). (a) DUT is examined in 3 consec-
utive cycles and exhibits identical relaxation characteristics. A downward trend in R
can be explained by the accumulation of non-volatile residues in each retention. (b)
The protocol is applied to 3 devices and all candidates show equivalent responses. Im-
portantly, (a) and (b) both show that our devices exhibit volatile characteristics in both

directions.

3.3.1.3 Characterisation Protocol and Sampling Space

To obtain a clear dataset on RRAM relaxation, a relatively large T value has been cho-
sen. Specifically, volatility has been recorded for a total time T of 2 minutes. This has
been done to investigate whether it is feasible to a) induce strong volatile changes fast
enough and b) retain these changes for a long time period. This decision balances the
assumption that learning systems in online scenarios may be subject to constant stim-
ulation, with the for RRAM synapses to store short-term memories without a need for
frequent reinforcement. Such conditions construct an ideal scenario for addressing the
plasticity-rigidity dilemma mentioned in [25].

Volatility dependencies on VP and N have been examined independently. When VP

is swept, N is kept constant value of 10 pulses per cycle and vice versa, ∣VP ∣ = 7V,
when N is variable. Detailed descriptions of the distinct Voltage Dependence and Pulse
Dependence protocols are presented in Alg. 1. The characterisation parameters used
throughout this work are summarised in Table 3.1.
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Algorithm 1: Characterisation Protocol

Voltage dependence: Sweep VP , N = 10;
V = [1; 0.5; 9V];
for i ← 0 to size of V do

for VP ← V[0] to V[i] do
Apply N pulses with VP , pw, Δt parameters;
while t ≤ T do

Read with VR ;
Pulse dependence : Sweep N, ∣VP ∣ = 7V;
N = [1]∪ [10; 10; 100]∪ [200; 100; 1000];
for i ← 0 to size of N do

for N← N[0] to N[i] do
Apply N pulses with VP , pw, Δt parameters while t ≤ T do

Read with VR ;

TABLE 3.1: Volatility characterisation protocol: model parameters.

Parameter Description Value Unit

VR Reading voltage 0.2 V

VP Sweep

VR Programming voltage 1 - 9 V

Vstep Parametric step in V 0.5 V

N Pulses per retention cycle 10 N/A

N Sweep

VP Programming voltage 7 V

N Pulses per retention cycle 1 - 1000 N/A

Nstep Step in N ∈ [10, 100) 10 N/A

Nstep Step in N ∈ [100, 1000] 100 N/A

pw Programming pulse width 100 µs

Δt Program interpulse time 1 ms

T Retention time window 2 minutes
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FIGURE 3.6: The effect of VP amplitude on DUT switching, expressed through the rel-
ative change DeltaRstart ≡

Rstart−Rpre
Rpre

×100% (shown in the z-axis), on the Rpre - VP plane
(x- and y-axes respectively). The results are shown separately for positive stimulation
in (a) and negative in (b). The projections on the x-y plane reflect the effective sampled
area. Datapoints are colour-coded with respect to their z-axis values. As shown via
the x-z and y-z projections,ΔRstart depends mostly on the value of VP and not on Rpre.

The meanΔRstart values for each VP are shown in red.

3.3.2 Effects of Stimulation Regime on Volatile Characteristics

3.3.2.1 Programming Pulse Amplitude

Results have been extracted from the Voltage Dependence characterisation protocol
and are presented in Fig. 3.6. The aim of this part of the experiment is to identify
whether the strength of incoming memory events can be normalised in between some
minimum and maximum switching values when written on a synapse by appropriately
regulating VP .

The relative difference between Rstart and Rpre for each retention cycle, i.e. ΔRstart ≡
Rstart−Rpre

Rpre
×100%, is shown separately for positive and negative ∣VP ∣ ∈ [1, 9V] in Fig. 3.6a-

b respectively. Each retention programming phase employs N = 10 identical pulses.
The datapoints are presented against VP and Rpre in a 3D fashion. ΔRstart increases
monotonically in magnitude with increasing biasing amplitudes, although switching is
opposite, according to the polarity, as expected from the results presented in Fig. 3.5.

Importantly, ΔRstart only seems to be affected by the magnitude of VP and no direct
relationship with Rpre is apparent. Positive retention cycles begin to have a significant
impact on ΔRstart for VP > 3V where its value increases linearly with voltage until it
saturates close to VP = 8V. These results are in line with previous works suggesting
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the dependence of RRAM switching on pulsing amplitude [75], although the exponen-
tial relationship between switching sensitivity and VP is not shown here. Similar be-
haviours are observed for negative values of VP although the effect is less pronounced
here (a maximum value of ∼ 5.5% is noted for positive VP and a value of ∼ 3% for
negative).

The asymmetry that is apparent in opposite programming polarities is a known effect
of RRAM which utilises electrodes of different materials [116]. This is an indication that
if a consolidation application requires symmetrical potentiation and depression events
then the technology will need to be operated at different voltages.

3.3.2.2 Programming Pulse Number

By now, one can draw a straightforward analogy to link biasing voltage VP and the
strength of the presynaptic potential that is exerted on biological synapses during neu-
ral memory consolidation. Intuitively, this can be loosely framed as a time-invariant
strength by which information is written in a memory system, much like the discrep-
ancy between normalised input values in an ANN. The term time-invariant is used be-
cause sole manipulation of VP can encode the weight of input information but it does
not necessarily reflect on the timeframe during which such information is being writ-
ten for in a real-world scenario. This gap is extremely important as one would expect
that information which is present to a learning agent for a longer time would be further
consolidated than the information available only for a brief period, should the writing
strength, i.e. VP, remain constant. The inclusion of spatiotemporal degrees of artifi-
cial memories could effectively be modulated by the number of programming pulses
used to change synaptic efficacies. To that extent, it is imperative that the relationship
between N and RRAM volatility is further understood.

The second part of the characterisation protocol relates the switching and relaxation
characteristics of DUT to Rpre and N. Experimental data referring to positive biasing
are shown in Fig. 3.7a-c while opposite polarity induced data are shown in Fig. 3.7d-f.

Initially, ΔRstart has been plotted in a similar fashion to Fig. 3.6. In both polarity sce-
narios, change in R shows a clear dependence on the value of N. For positive biasing,
the mean values ofΔRstart for every value of N (shown in red on the y-z projection) ap-
pear to initially decay exponentially with the number of pulses (especially for N ≤ 100)
where it increases in magnitude from −1% to −8%. This value tends towards saturation
at a value close to 12% for larger numbers N ≥ 500.

On the other hand, DUT switching shows little dependence on the value of Rpre as
reflected by the scattering of the Rpre - ΔRstart axis projection. However, it could be
speculated that the saturation inΔRstart is a combination of both the diminishing effects
of N and the fact that DUT approaches its resistive boundary. In such a case, it is
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FIGURE 3.7: The effect of N on DUT switching for both polarities. ΔRstart is repre-
sented similarly to Fig. 3.6 but in this case is plotted on top of the Rpre - N plane.
Positive stimulation: As per (a), the mean values of ΔRstart (shown in red) expo-
nentially decay with increasing numbers of pulses. No clear dependence is shown
betweenΔRstart and Rpre . The final retention cycle (N = 1000) is illustrated in (b). The
stretched exponential model fits excellently the raw retention data. Moreover, the (%)
non-volatile residue, i.e. ΔRend is plotted against N in (c). The red points indicate the
mean values for each number of pulses. ΔRend initially increases with N but saturates
quickly for larger numbers of pulses. Negative stimulation: DUT shows a similar but
opposite behaviour. ΔRstart datapoints for each retention cycle are shown in (d). The
retention data for N = 1000 have been fitted in (e). Non-volatile relative residues are

shown in (f).

more accurate to say that Rpre doesn’t affect ΔRstart only as long as the device remains
sufficiently far from that boundary.

By comparing Fig. 3.6a to 3.7a it is clear that within the chosen VP - N state space, it
is more effective to induce pronounced changes in R by employing larger values of
N (the largest value in 3.6a is about 50% smaller than in 3.7a). Hence, at this point,
it is easier to illustrate clear volatile behaviour in DUT, as shown in Fig. 3.7b, where
raw retention data from the last retention cycle (N = 1000) have been fitted using Eq.
3.2. The data reveal that DUT volatility operates in two timescales; a rapid change in
R which is prevalent for t < 10s, followed by a slower transient relaxation until t = T.
Interestingly, the rate of change in R(t) seems to have decreased significantly within the
chosen retention window, although no signs of absolute saturation have been observed.

The (%) non-volatile residueΔRend is plotted against N in Fig. 3.7c, with the mean value
for each N value shown in red. The data show discrepancies between Rend and Rpre are
less than 1%. Judging from such a figure alone, one could assume that a window of 2
minutes is appropriate for fully volatile operations. Nevertheless, as reflected by the
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drift in Rpre in 3.7a, even this small percentage difference can accumulate to produce
significant changes in R when consecutive programming cycles are applied on DUT.
This accumulated drift in R can be harnessed as an intrinsic consolidation mechanism
within RRAM-based synapses.

Similar but opposite results have been obtained via the negative stimulation charac-
terisation protocol. The obtained ΔRstart surface is plotted in Fig. 3.7d and depicts the
same saturating pattern with the increase of N. The mean values (in red) show an ex-
ponential decay for N ≤ 100 followed by a saturating increase which reaches close to
7.5%. This is explained by the lower switching sensitivity of DUT at negative values of
VP .

The retention data obtained for N = 1000 are again plotted against time in Fig. 3.7e. The
fitted model (shown in orange) still shows an initial exponential change in R but now
signals a slower change over time than that compared in 3.7b. Again, asymmetries
are observed between DUT operations at opposite polarities, which will have to be
accounted for in future memory applications. The non-volatile residues are presented
in 3.7f.

3.3.2.3 Relaxation Time Constant

It has already been shown that the volatile behaviour observed in the device technol-
ogy under test not only unfolds in multiple timescales (remember the rapid change in
R followed by a slower transient trajectory in Fig. 3.7b,e) but is also related to relax-
ation direction (remember the slower recovery shown for negative polarity in the same
figures). Further understanding the dependencies of the relaxation time constant τ can
introduce additional flexibility in the operation of RRAM-based synapses, as varying
τ could be used to emulate the multiple consolidation timescales that are discussed in
2.4.4.

Extracted τ values for each retention fit have been plotted against Rstart and N in Fig.
3.8a,c, in order to examine whether DUT relaxation depends a) on the device’s state
when stimulation ends and/or b) on the level of invasiveness employed in each pro-
gramming phase. As shown by the Rstart - τ and N - τ projections, volatility time con-
stants seem to only depend on N. In the case of positive polarity, a linear relationship
between the two values is observed, with τ ranging from a few milliseconds (ms) to 3s.

Not all retention cycles have been fitted successfully due to the lesser switching effects
induced by lower values of N; specifically, only 35% of retention cycles using N = 1
have been fitted successfully, while all other cycles were unsuccessful. An example of
a failed retention fit for N = 1 is shown in 3.8b. Due to the low input Etotal, the initial
switching of DUT is not sufficient to produce clear relaxation phenomena. The raw
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FIGURE 3.8: Dependence of relaxation time constants τ on Rstart and N as determined
by stretched exponential fits on retention data for positive (a) and negative (c) stimulus
polarities. The datapoints are plotted in a similar fashion to the 3D plots in Fig. 3.6 -
3.7 and are positioned independently to achieve the greatest visibility. Rstart is plotted
in the x-axes of (a) and (c), while N is plotted on the y-axes. The mean values of τ
for each value of N are shown in red on the x-z projections. Positive stimulation: An
example of a failed retention fit for N = 1 is shown in (b). Negative stimulation: An
example of a failed retention fit for N = 1 is shown in (d) The stretched exponential

model fits failure rate for N ≤ 100 is shown in (e).

data (purple points) depict an almost instant saturation of R after Rstart . Thus the fitted
model (green) fails to encapsulate the stretched exponential characteristics of volatility.

Stemming from the reduced switching sensitivity of DUT to negative programming
cycles, the resulting retention data are less pronounced, something which has propa-
gated down to the extracted τ values. Specifically, a significant portion of the retention
cycles that employ small N values has been fitted unsuccessfully because the resulting
volatility is either non-existent or unfolds in faster timescales than those that could be
captured. All τ values larger than 120s (maximum retention window) have been omit-
ted. The relaxation constant τ appears to be at least 1 order of magnitude larger than the
results obtained in 3.8a. It is yet unclear why this is observed, but one possible expla-
nation could be that the natural tendency of DUT to reach its high resistive boundary
allows for more rapid relaxation in that direction, i.e. following positive stimulation.
Again, an example of an unclear retention dataset is shown in Fig. 3.8d while the suc-
cess rates for all retention cycles with N ≤ 100 is shown in 3.8e.
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3.3.3 Characterisation Discussion

The introduction and application of this volatility characterisation protocol have al-
lowed for the identification of the key factors that dictate DUT relaxation over time.
Importantly, the findings that have thus far been presented can be linked to the princi-
pal goals of this project, i.e. consolidation in multiple timescales.

To begin with, it has been shown for the first time that RRAM volatility can unfold bidi-
rectionally (see Fig. 3.5). Effectively, an artificial synapse can deviate away from a more
stable state, i.e. Rpre in either direction. In memory terminology, one can think of Rpre

as a more rigid consolidated state and volatileΔRstart a plastic change in efficacy which
stores new information only in the short term. Moreover, it has been suggested that VP

can be manipulated to modulate the strength of a new memory event. The number of
pulses N further dictates both the switching and relaxation behaviours of DUT and it
is a possible option for encoding time-related memory events (for instance, higher N
values if the information is available for longer time periods to the learning agent). It is
interesting to note that within the chosen retention window T = 2 minutes, a small but
effective accumulation of non-volatile residues has been observed to push DUT away
from its Rinitial. With reference to the consolidation mechanisms that are discussed in
2.2, successive programming cycles can be utilised as a memory reinforcement mech-
anism, while the gradual drift away from Rinitial can act as a transfer mechanism from
short-term to long-term memory. The next steps in this project lie in identifying how
the mentioned long-term change in a synapse’s state can coexist with additional volatile
changes that effectively store information in a time-dependent palimpsest fashion.

Data from Fig. 3.8 already indicate that the timescales of plastic memory storage can
be altered by the level of invasiveness by which a new memory event is stored in
the synapse. However, there is still a lack of a systematic approach towards mod-
elling the dependencies of RRAM volatility within a wide state space. Indeed, the next
steps in designing the desired technology lie in accurately simulating RRAM volatil-
ity within a device’s operating resistive range as well as a range of biasing conditions.
This is essential since the identification of mathematical dependencies can firstly en-
able a component analysis on these devices and hence, secondly lay the groundwork
for new application-oriented experimental work. Thus, the next section of this report
deals with modelling volatility within a predefined range of the R(t) parameters that
are defined in Eq. 3.1.
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3.4 Bidirectional Volatility: Modelling

3.4.1 Modelling State Space and Methodology

The volatility characterisation protocol that has been introduced in 3.3 has been re-
employed in order to gather sufficient data for modelling RRAM relaxation character-
istics. Specifically, the complete range of programming pulses used is N ∈ [1, 1000]
and absolute programming amplitudes VP = {3, 5, 6, 7, 9}V are used for both polarities.
The device under test (DUT) that has been characterised in 3.3 has also been used in
this section along with two new, randomly chosen devices; for simplicity, these will be
referred to as DUT1, DUT2 and DUT3.

The only difference in this modelling work is the chosen value for T which will be equal
to 60s instead of 120s. This choice has been made for two reasons. Firstly, it allows
for a 50% reduction in the experimental run-time which as is, has still required more
than 40 hours of consecutive measurements for all 3 devices. Moreover, as it has been
observed in 3.3, volatility unfolds in a combination of exponential and fast changes
along with slower and saturating transient phenomena. Hence, by T = 1 min most of
the characteristic change in R has already occurred. At the same time, this T value may
also result in a higher accumulation of non-volatile residues which would be crucial to
quantify.

Retention data have been modelled using Eq. 3.2, which is shown once more below:

R(t) = α exp−(
t
τ
)

β +γ

The dependencies of each parameter of R(t) are analysed separately. For simplicity, only
results from positive programming cycles are presented, although the corresponding
dependencies hold true in both polarities and the effectiveness of our model for bidi-
rectional volatility is shown at the end of this section. For illustrative purposes, only
device 1, DUT1 is analysed explicitly and will be referred to as DUT. This work con-
siders individual fittings unsuccessful either if the resulting relaxation time constant is
greater than T or if the corresponding R2 value is less than 0.1.

3.4.2 Effects of Stimulation Regime on Modelling Parameters

3.4.2.1 Switching Component

The maximum volatile switching that is observed immediately after a device has been
stimulated, as it has been expressed byΔRstart in 3.3 can be indirectly reflected from the
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with increasing VP which is depicted in (d-f).

α(N, VP) parameters of the stretched exponential function, since from Eq. 3.2, R(t=0) =
α. The extracted α values from the successful retention fits can be examined in Fig. 3.9.

Specifically, Fig. 3.9a sees the parameters unfold at different areas of the Rpre - N plane
for several VP values. As has been the case with ΔRstart , it is vague whether Rpre

directly affects switching, as shown in 3.9a. The projections on the N - α plane are
plotted in Fig. 3.9b. The effect of increasing VP is apparent, especially for larger N
values, where it leads to larger switching that may reach up to 1 order of magnitude in
difference (3V vs. 9V).

For each unique programming amplitude, α appears to follow a steep linear path for
N ≤ 100, followed by a more saturated linear change for larger pulse numbers. The
relationship resembles that of exponential decay, as it was also seen in Fig. 3.7, but it
is more effectively described as a combination of two linear components. Eq. 3.3 fits α
using the same number of parameters and also boasts a low mean error, especially in
low N values. This error is shown in Fig. 3.9c.
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α(N) =
αα ⋅N ⋅ (αβ ⋅N + αγ)
αα ⋅N + (αβ ⋅N + αγ)

(3.3)

An increased error spread for smaller N can be explained by the fact that the corre-
sponding programming cycles are not invasive enough to produce clear relaxation phe-
nomena. In fact, retention cycles induced either via smaller N or VP values are expected
to present the greatest challenge when it comes to modelling volatility signatures.

After modelling α(N) using Eq. 3.3, each individual parameter αα,β,γ is plotted against
VP in subfigures 3.9d-f for all 3 devices under test. It is shown that all subjects follow the
same patterns. The negative value of αa decreases linearly with VP , indicating that the
effect of smaller N values becomes steeper at higher voltages. Contrarily, αβ increases
with VP which reflects the decrease in the steepness of Eq. 3.3 when larger numbers
of pulses are employed. This could occur because more invasive programming cycles
push the DUT closer to its resistive boundary and limit its capacity to switch further.
Lastly, αγ decreases with increasing voltage which accounts for an overall vertical offset
between each curve in 3.9b.

Every parameter αx, x ∈ [α, β, γ] of Eq. 3.3 can be modelled for VP as follows:

αx(V) = αx0 ⋅V + αx1 (3.4)

The results suggest that switching is mostly a function of N and VP. However, VP

related discrepancies are only clear given sufficiently large N values, i.e. at least a
few tens of pulses. This suggests that the devices’ switching depends heavily on the
time for which stimulation is present. The main effect of VP is then the fact that it
amplifies switching and allows DUT to be pushed to further resistive states, as it has
been observed in non-volatile cases [75].

3.4.2.2 Relaxation Time Constant

When the devices are left to relax post-stimulation, the relaxation time constant τ is a
direct indicator of dR

dt . As it has been seen in Fig. 3.8, the more invasive the stimulation,
the longer it takes for DUT to come close to its corresponding Rpre. From a memory con-
solidation perspective, stronger memory events should induce efficacy changes that are
preserved for longer timeframes. The data presented in Fig. 3.10 show this variability
can be quantified in the technology under test.

The time constant of the stretched exponential function is plotted against N in Fig.
3.10a, for all VP sets. Contrary to intuition, τ does not appear to change monotonically
with N. Indeed, datapoints that correspond to the smallest N values accumulate at the
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FIGURE 3.10: A linear dependence between the relaxation time constant τ and N is
observed for N > 100 in (a) for positive VP values. The anomalies in τ values for N
≤ 100 are considered to be the results of unsuccessful fittings of Eq. 3.2. Individual
parameters of τ(N) are subsequently plotted against VP where an increase with pro-

gramming amplitude is also observed.

largest τ values (around 3s) and decrease until N ≈ 100. At that point, τ exhibits a lin-
ear overall increase with the number of pulses. Moreover, as VP increases an overall
upward shift is shown in this trend which is accompanied by a minor increase in the
linear slope. It is assumed that τ values for small N are artefacts of unsuccessful fittings
on the stretched exponential, caused by insufficient DUT stimulation as discussed ex-
tensively in 3.3. The linear relationship that is observed between τ and N > 100 can be
modelled using Eq. 3.5.

τ(N) = τα ⋅N + τβ (3.5)

Subfigures 3.10b-c show how the linear components of τ(N) change with VP for all
DUTs. The slope component τα increases with VP however the values themselves are
very small (×10−2). The upward shift in the τ(N) function is reflected from the linear
increase of τβ with VP. Again, the results are consistent across all 3 devices. It can be
concluded that more invasive programming stimuli induce volatile changes that last
longer. This effect holds both when it is only manifested through N, and when VP is
increased since the latter amplifies the effect of the former.

So far, it has been demonstrated that both DUT switching and volatility time constants
can be altered by appropriately manipulating the biasing parameters used for stim-
ulation. Importantly, the fact that relaxation characteristics can be - to some extent -
engineered to desire by VP or N independently allows more flexibility in the design
and optimisation of RRAM-based synapses.
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to the noise produced by less pronounced volatility retention cycles (see inset). The
parameters of β(N) are plotted against VP in subfigures (b-d). While the datapoints
mostly agree on a trend for VP 3V, the results are less clear for the lowest amplitude,
which again could be explained by the unreliable volatile results in programming cy-

cles of low invasiveness.

3.4.2.3 Stretch Factor

One of the advantages of the stretched exponential function when it comes to modelling
R(t) is that its factor β ∈ (0, 1] allows relaxation to be stretched over the time domain.
Once again, β is evaluated in the same way as in previous sections, and it is plotted
against N in Fig. 3.11a.

Here, it can be observed that programming phases which employ the smallest N values
result in less stretched decays, or even fully exponential (β = 1), irrespective of VP, as
this is apparent both for 3V and 9V. However, the stretch factor decays rapidly as N
increases until it saturates around N ≈ 200 for all amplitudes. Moreover, the trend for β
is almost identical for all amplitudes except for VP = 3V, where the saturation point is
higher. This decaying relationship has been modelled using Eq. 3.6.

β(N) = βα ⋅ e−
N
βτ + βγ (3.6)

The inset in Fig. 3.11a shows the fitting error of the Eq. 3.6 which, for the same reasons
as with the other stretch exponential parameters is higher in the lesser invasive reten-
tion cycles. Individual parameters from the fitting function have been plotted again
against VP for all DUTs in Fig. 3.11b-d. They can be expressed mathematically in terms
of VP as a 1st order polynomial (Eq. 3.4). The decrease of βα indicates that higher am-
plitudes result in more stretched relaxations even for lower N values. Furthermore,
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relationship for all devices under test.

βτ remains constant for all amplitudes close to N = 50, signalling a very fast satura-
tion, which is also evident in subfigure a. Note that there is increased variation in the
case of VP = 3V between different devices. However, while discrepancy exists, all cases
have values below N = 200 which are in line with the saturation observed in subfigure
a. Finally, the decrease in βγ0 describes how more invasive amplitudes lead to more
stretched versions of R(t).

3.4.2.4 Saturation Offset

This modelling approach does not guarantee any extrapolation of R(t) outside the time
window T that retention has been observed. However, the approximation of Rend

largely depends on the projected saturation point of the stretched exponential func-
tion, γ (note that R(t → ∞) →γ ). Interestingly, when initially observed, γ seemed to
depend solely on the value of Rpre, with the former changing linearly with the latter
and varying within a ± error margin. However, it has later been shown that the sign
of the difference between Rpre and γ plays a significant part in the evolution of R(t) in
each retention cycle. Specifically, whether the projected offset = γ - Rpre , is positive or
negative determines the evolution of R(t) and the accumulation of non-volatile residues
in successive retention cycles.



48 Chapter 3. Bidirectional Volatility in TiO2 RRAM

It has been found that the offset only loosely depends on the cycle index within each
experiment as shown in Fig. 3.12a. Whether DUT is projected to saturate with a non-
volatile residue or reach or even surpass its original value seems to depend on the his-
tory of previous stimulations. Generally, within a set of consecutive retention cycles,
early stimulation events drive DUT away from its initial state and a non-volatile residue
is left within T. However, as progressive stimulations push DUT further towards its re-
sistive boundary, DUT exhibits increasingly strong tendencies to return to its original
initial state. This implies that the sign of γ - Rpre may change as the simulation pro-
gresses. This phenomenon requires further, dedicated study. Effectively, this suggests
that the accumulation of the non-volatile component ”lags” the accumulated change in
successive Rpre values. In other words, as we continue to apply successive stimulation
blocks the final state of the retention state increasingly tends to move towards an Rend

value that is higher than the Rpre of the corresponding run.

The actual factors that form this dependency are not yet fully understood. Moreover,
the only strong indications that this trend exists are most prevalent for VP = 9V. There,
the observed Rend in early cycles is up to 8 kOhms less than the corresponding Rpre.
However, this offset rapidly decays to 0 and later increases with a decreasing rate as
cycles progress. This relationship has been modelled using a logarithmic function as
shown in Eq. 3.7 and is shown in Fig. 3.12a. The logarithmic relationship has been
chosen because it encapsulates both the early offset convergence to 0 as well as its
slowing increase when larger than 0 in later stages.

o f f set = γ − Rpre = γα ⋅ ln (cycle)+γβ (3.7)

The fitting parameters of the logarithmic function are plotted against VP for DUT1-3 in
Fig. 3.12b-c. The fact that γα increases exponentially with VP verifies that the relation-
ship is mostly present in invasive voltage amplitudes. Parameter γα has been modelled
using Eq. 3.8. The fact that larger VP values can cause the accumulation of larger non-
volatile residues can be reflected from the linear decrease of γβ as VP increases. The
parameter has been modelled using Eq. 3.4.

γα(V) = γα0 ⋅ eV +γα1 (3.8)

While the logarithmic function models the observed behaviour to an extent, it should
be noted that there is still more ground to cover in truly understanding volatility sat-
uration. Specifically, the observed interplay between the offset and retention cycles
could be a contaminated reflection of a hidden global relaxation. If that would be the
case then the offset would not depend on the retention cycle number per-se, but rather
on a timing metric that deals with how long the device has been left to relax. And if that
is true, then similar logarithmic relationships between offset and cycle numbers could



3.4. Bidirectional Volatility: Modelling 49

900

800

700

VP

0 1 2 3 0 1 2 3
VP

1000

950

900R
es

is
ta

nc
e 

(k
Ω

)
Am

pl
itu

de
 (V

)

pulse no. (x1000) pulse no. (x1000)

(a) (c)

(b) (d)

FIGURE 3.13: The performance of the model is verified via simulation for both positive
and negative programming cycles. Raw data from successive retention cycles that
employ increasing values of N are shown for different amplitudes. In both positive
(a-b) and negative (c-d) polarity cases, the retention data are fitted adequately by the

model which is shown in black.

occur from different initial resistive states. This however is a speculation that requires
further independent studying.

3.4.2.5 Model Simulation

Thus far, results have only been shown for modelling the positive bias induced volatil-
ity. However, volatility in the opposite polarity can be studied using the same proce-
dure. All the necessary parameters used to model volatility in DUT1 are included in
Appendix A.

The extracted model parameters have been used to simulate DUT1 volatility bidirec-
tionally and at different voltage amplitudes. Raw data from consecutive retention cy-
cles employing N = 400, 500, 600, 700 pulses at VP = ± 3, 7, 9V are shown in Fig.
3.13a-b/c-d for positive and negative polarities respectively. Relatively large values
of N have been chosen to ensure that the relaxation presented unfolds clearly enough.
Moreover, the two limit values of VP have been chosen along with an intermediate 7V
that is optimum for visibility purposes. The simulated retention curves sit on top of the
retention data and can be seen in bold black lines.

In the case of VP = 3V, an increase in N results in more pronounced switching but the
time constants for all cycles remain fast and limited by the small programming ampli-
tude, as expected from Fig. 3.10. Contrarily, the simulated R(t) for VP = 9V reflects both
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more prevalent volatile switching as well as relaxation over larger time constants. In
addition, an inspection of simulations for negative stimuli reveals both a lower sensi-
tivity of RRAM to increasing programming amplitude as well as significantly slower
transient responses, characteristics in line with the volatility characterisation results
presented in 3.3.

3.4.3 Modelling Discussion

The results that have been obtained in this modelling study allow for better quantifica-
tion of the key factors dictating the devices’ relaxation characteristics. This is a signifi-
cant step towards understanding volatile RRAM families alone, but it also adds further
insight into the development of metaplastic synaptic circuits.

Due to the quantification of DUT bipolar switching, biasing parameters can now be
adjusted to manipulate potentiation and depression events so that they produce sym-
metric changes in synaptic efficacy. At the same time, the asymmetric relaxation time
constants that occur for the two polarities pose a significant challenge in engineering
identical behaviour for both types of write events. Specifically, in order to produce
equal plasticity changes in both directions a tradeoff has to be paid in much longer
volatility timescales after depression events. Vice versa, should the application focus
on identical timescales, then switching will need to be unbalanced. This tradeoff has
to be examined thoroughly in order to understand what is best for the purposes of
consolidation. Lastly, unexpected mechanisms have been revealed concerning the non-
volatile residues that result from consecutive retention cycles. The logarithmic rela-
tionship between DUT’s saturation offset and the sequencing of unipolar programming
phases could be utilised in order to emulate plasticity changes that are induced in a pro-
gressively harder way, much like the saturating boundary approach of computational
synaptic models [25].

Nevertheless, the capabilities of this modelling method are crucially limited by certain
factors that should not be overlooked. Firstly, there is no guarantee for the extrapola-
tion performance of the stretched exponential function, either in the time domain or
in the state-input space. Indeed, reliable extrapolation outside the observed retention
window is still unknown. Moreover, if the volatile operation needs to be optimised for
minimised energy consumption, then observation of the relaxation dynamics, caused
by less invasive stimuli, alone remains a major challenge that has to be overcome.
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3.5 Thermal Effects on RRAM Volatility

The importance of developing the described characterisation methodology is evident as
the routine enables a deeper understanding of volatile operations. Since the methodol-
ogy is agnostic to operational parameters, volatility dependencies under an expanded
range of input conditions can be examined. As such, this project has also been able to
consider how environmental factors may affect RRAM volatility and specifically, how
initial volatile responses depend on a device’s operating temperature.

This brief case study focuses on the same data-driven approach that is described in 3.3
and aims to explain how the relative magnitude of the initial volatile change ΔRstart

and the relaxation time constant τ are affected by temperature. It is important to note
that all the application demonstrations presented in this thesis are based on normal
room-temperature environments. However, understanding the discrepancies induced
by temperature is an essential future-proofing step since modern integrated electronic
systems are inevitably subject to operational heat cycles.

3.5.1 Thermal Volatility State Space and Methodology

The experimental variables have been altered from 3.3 to focus more on temperature
rather than stimulation intensity. However, volatility has again been characterised un-
der different stimulation amplitudes since it has already been since that increasing VP

can induce significant shifts in the baseline behaviour of volatile RRAM. The resulting
experimental methodology is as follows.

Consecutive retention cycles have again been employed to uncover volatility under
continuous stimulation. Here, each programming phase employs N = 500 identical
pulses of 100µs width, evenly spaced 1ms apart. This choice for N has been made since
it allows for sufficient volatile switching without being necessarily making N itself the
primary effect driver (see Fig. 3.7). Each cycle uses progressively more invasive pro-
gramming amplitudes in the range VP = ± [1.5, 5.0]V, while volatility is observed for
a total window T = 1 minute. Each read phase uses non-invasive pulses at 0.2V. This
experiment has been repeated at 4 different operating temperatures {22, 40, 55, 75}°C
on 3 different on-wafer devices (Au/TiO2/Pt with 20nm active oxide thickness). Tem-
perature levels have been controlled using a thermal chuck in full contact with the test
wafer, while all other experimental parameters have been kept constant. Temperature
levels have been swept randomly and between each configuration, each DUT has been
allowed to return to room temperature (≈22°C) to minimise potential history biases.

The experiment has been conducted for a minimum of 3 times on each DUT. As men-
tioned, relative volatile changes are considered with respect to Rpre for each retention
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FIGURE 3.14: (a) 3D surface showing the effects of operating temperature and pro-
gramming amplitude on the relative volatile switching % ΔRstart for positive stimu-
lation. The two parameters are isolated in projections for (b) switching-temperature
relationship and (c) switching-amplitude relationship. Respective results for negative
stimulation are shown in (d-f). Resistance changes are normalised with respect to Rpre.

cycle. This ensures normalisation across different temperatures which induce base-
line changes in R irrespective of any further stimulation. Hence, this study considers
∆Rstart(%) = ∆Rstart−Rpre

Rpre
× 100%. Additionally, Eq. 3.2 has again been utilised to extract

τ values for each cycle. The mean result values across all experiments are presented in
the following sections.

3.5.2 Thermal Volatility Results and Discussion

By observing the surface plot at Fig. 3.14a and its projections against VP (c), the relative
volatile change induced increases linearly with VP , which is consistent with the results
at Fig. 3.6. Interestingly, temperature (see subplot b) affects switching more subtly, by
tuning its variance across increasing VP. More specifically, increasing temperatures
limit the range of relative switching by increasing the effect of lower amplitudes and
decreasing the effect of larger ones.

The pattern is similar for the relationship between VP andΔRstart (%) for negative stim-
ulation but opposite with respect to temperature (see Fig. 3.14d-f). Here, temperature
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enhances switching at more invasive VP values but interestingly, it seems to play little
part for lower absolute amplitudes.

The extracted τ values have been extracted from all retention cycles and are presented
in a similar manner in Fig. 3.15. The results in positive stimulation polarity agree in
principle with how volatility has already been characterised with respect to VP . Specif-
ically, more invasive stimulation leads to relatively longer time constants, stemming
from more pronounced volatile responses. The results in (b) show little evidence to
support a relationship between τ and temperature although there is some hint of sim-
ilarity to the observed effects on ΔRstart (%), with increasing temperature effectively
limiting the range of τ at more invasive stimulation.

However, these relationships are less clear in the case of negative stimulation (Fig.
3.15d-f). There, a saturating increase in τ is observed as ∣VP∣ increases, which is how-
ever highly affected by the operating temperature of the DUT. As temperature rises,
the dependence of τ on VP becomes minimised but also drops significantly in absolute
values. This is counterintuitive when considering the inverse effect of ΔRstart (%) and
temperature that is seen in Fig. 3.14.
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By assessing the results from Fig. 3.14 and Fig. 3.15, a clear difference is noted for ther-
mal effects on volatility towards opposite directions. This is first evident by noticing
how temperature affects ΔRstart (%) differently in positive and negative stimulations.
At positive bias, lower temperature enhances volatile switching while at negative it
clearly inhibits volatility. Conversely, higher temperature seems to limit ΔRstart (%)
at positive regimes and enhance it at negative programming cycles. This discrepancy
suggests again the possible existence of two distinct mechanisms that govern volatil-
ity in each stimulation polarity, something that can also be argued by inspecting the
differences in switching sensitivity shown in Fig. 3.6. Nonetheless, the value ranges
for ΔRstart (%) in both polarities remain similar which would allow for consistency
in volatile switching application across RRAM heat cycles with the appropriate fine-
tuning of other stimulation parameters such as VP and/or N.

The eventuality is further suggested by the complete dissimilarity in how volatility’s
time constant and temperature are interconnected across positive and negative stimula-
tion. τ cannot be equilibrated across polarities via temperature, with values at positive
stimulation being one order lower than in negative. In general, temperature-induced
effects also appear to be enhanced at more invasive biasing regimes. Contrarily, at
lower voltages, see ±2V, the results show little variability stemming from less pro-
nounced volatile responses in the first place. Given that this thesis will later consider
translating biasing regimes of variable intensity into synaptic plasticity protocols, it
has been concluded that temperature will not be utilised as a volatility manipulator
to achieve more stable results. Thus, all application-oriented experiments and results
shown in this thesis will assume room operating temperature ≈ 22°C.

3.6 Summary

Memristive volatility has traditionally been perceived as a drawback or an obstacle,
rather than a feature. Consequently, while it has been studied before, its true potential
has been overlooked. This chapter has presented an extensive data-driven study, de-
signed to uncover the governing characteristics of RRAM volatility, which importantly,
has been demonstrated bidirectionally for the first time. The results shown here set a
framework for characterising and modelling volatility, under various stimulation con-
ditions, observation timeframes and operating temperatures. Naturally, this methodol-
ogy is application-agnostic and can be useful for any technology design with the need
for intrinsic time referencing.

In the context of this thesis, bidirectional volatility has shown great potential in emulat-
ing time-dependent plasticity dynamics in a twofold way. With regard to the palimpsest
memory consolidation, the identification of two volatile timescales is a promising path-
way towards the emulation of plastic and rigid memories in a single artificial synapse.
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Plasticity characteristics such as volatile switching and forgetting rate can be fine-tuned
with stimulation parameters so that we have balanced LTP and LTD. The non-volatile
residue can be indirectly changed in the long term with progressive stimulation to-
wards any direction. Moreover, volatility can be used to emulate the high- and low-
pass frequency filters that are associated with short-term plasticity. These mechanisms
show strong potential in the domain of neuronal activity detection since volatile RRAM
could be fine-tuned to filter low or high spiking frequencies.

It should be noted that all the work that is presented in the next chapters of this the-
sis has been conducted at operating room temperatures, stemming from the complex
relationship between volatility and temperature.
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Chapter 4

Palimpsest Memory Consolidation

4.1 Introduction

This chapter presents a proof of concept demonstration of palimpsest memory consol-
idation in hardware synapses. The rapid growth of AI and particularly deep learn-
ing, have increasingly demanding needs for computational resources, without how-
ever providing the same learning capacity that is met in biological systems [9], [10].
Palimpsest operation allows multiple memories to be written sequentially at different
timescales and without causing catastrophic deterioration of previously stored coun-
terparts [25]. This translates into more generalised learning and therefore provides
a solution to the mentioned capacity discrepancy. Here, it is shown how emerging
volatile RRAM technologies can emulate the processes that drive biological palimpsest
consolidation under a variety of learning scenarios. It is found that this technology
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FIGURE 4.1: Chapter’s outline and objectives.
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RRAM Synapse Memory
Resistance (R) Weight (wi) Memory state

Stimulation (±VP) Plasticity Memory write
Switching (ΔRstart) Plastic Δwi Plastic consolidation timescale

Non-volatile residue (ΔRend) Rigid Δwi Rigid consolidation timescale
Volatility time constants (τ) Weight decay Memory degradation

TABLE 4.1: Translation from device to synapse to system level. The pillar concepts
of RRAM operation are presented with their corresponding representations in the

synapse which in turn dictate the overall performance of the memory system.

aids significantly the learning flexibility of memory networks which showcases how
RRAM synapses can expand the capabilities of AI hardware towards more generalised
applications.

This chapter is organised as follows: Section 4.2 details a framework for mapping the
volatile properties of single RRAM devices onto synaptic plasticity operations. Sec-
tion 4.3 presents the fundamental demonstration of palimpsest consolidation in hard-
ware. Section 4.4 extends the scale of a memory network comprised of RRAM synapses
and evaluates its performance under continuous learning of random and uncorrelated
memory signals. Section 4.5 adapts the functionality of the studied memory networks
in the context of a visual working memory for binary images. Section 4.6 analyses the
key findings of this work and section 4.7 summarises and concludes this chapter.

4.2 System Framework

The first step towards a practical demonstration of how memristive synapses can facil-
itate memory consolidation has been the layout of an appropriate operational frame-
work. Specifically, the thus-far agnostic volatile RRAM properties need to be mapped
to equivalent neuromorphic functions to allow the devices to emulate biological synapses.
This mapping is outlined in Table 4.1.

As thoroughly discussed in Chapter 3, the technology studied in this project is char-
acterised by 4 key controllable parameters. First, the visible state R of the memristive
synapses can be recorded at any time. This state equates to the weight/efficacy wi of
a synapse i, which in turn reflects the state of memory at a system level. By appro-
priate stimulation of invasive positive or negative programming pulses, the synapse
can undergo plasticity changes of potentiation and depression respectively. Plasticity
is thus the main facilitator of memory writing in the studied system. The main nov-
elty of this approach is the exploitation of all volatile parameters after stimulation. The
initial volatile switching ΔRstart can effectively be used as a plastic mechanism for fast
writing of a memory state which however decays over time. Concurrently, the state of
ΔRend reflects a rigid accumulation of Δwi which cannot easily be overwritten. While
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the plastic component can flexibly be used to overwrite an existing memory state with-
out a serious penalty over time, it is the progressive shift in the rigid component that
results in memory consolidation. This is perfectly analogous to biology where memo-
ries are only protected in the long term given sufficient stimulation. Finally, since the
volatile time constant τ dictates how quickly R transitions closer to Rend, it also dictates
how quickly temporary memory overwrites decay in the memory system. Using this
framework, one can finally obtain a true outline for palimpsest consolidation in RRAM.

Having laid this foundation, this thesis can now introduce the base operations that
entail a memristive synapse. It is important to note that while R can be read in an
analogue way, this demonstration takes a reductionist approach and considers binary
synaptic operation only. This decision can be justified for two reasons. First, it is the
simplest mode of operation and it is imperative to verify that palimpsest consolidation
can be implemented in this fashion before further extending this investigation. Second,
there is sufficient information to suggest diminishing returns in memory performance
if memory resolution is extended beyond binary states (for details see Chapter 2).

To emulate the binary synaptic network, single volatile devices have been used fol-
lowing the mapping in Table 4.1, where R is read in an analogue fashion and binary
states are determined with reference to a predefined threshold state Rthres. Specifically,
plasticity events are implemented using Eq. 4.1 while the binary weight is determined
using Eq. 4.2.

plasticity event =
⎧⎪⎪⎪⎨⎪⎪⎪⎩

potentiation if V > 0

depression otherwise
(4.1)

w =
⎧⎪⎪⎪⎨⎪⎪⎪⎩

1 if R < Rthres

0 otherwise
(4.2)

Moreover, it has been essential for the analysis of the following application case stud-
ies to quantify the noise levels carried from the noise that is inherent in volatile R(t)
over to binarised states. This is especially important for simulations of larger memory
networks. To do so, the transient changes in the analogue synaptic states have again
been modelled using the stretched exponential relationship for volatility, introduced in
Eq. 3.2. Using this model’s fittings on real device data, noise has been calculated as the
percentage (%) difference between the ideal and real data (see Eq. 4.3).

(%)ΔR = noise = Rideal −R
R

× 100% (4.3)

As it will be discussed later on, RRAM noise has been found to follow a Gaussian
(normal) distribution. The distribution’s mean value µand standard deviation σcan
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then be extracted such that noise can be included stochastically in the analysis of the
following experiments using Eq. 4.4.

p(noise) = 1√
2πσ2

e−
(noise−µ)2

2σ2 (4.4)

The rules defined in this section apply to the rest of this chapter. The next sections
present the results obtained from various application studies and assess the capacity of
volatile RRAM synapses to support palimpsest memory consolidation.

4.3 Consolidation Demonstration in Memristive Synapses

4.3.1 Memristive Synapse Set-up

Before conducting consolidation experiments, it has been essential to configure the cor-
responding stimulation and reading parameters, such that the memristive synapses
will perform optimally with respect to case-specific goals. For reference, this thesis has
had access to Pt/TiO2/Au volatile RRAM devices. Pt and Au refer to the 20×20µm2

bottom and top electrodes respectively and the thickness of the active oxide layer is
25nm2. Initially, simple I-V measurements have been made on the device samples to
identify the basic operation regime (see Fig. 4.2). Based on these results it has been
decided that the passive read voltage VR will be set to 0.5V. This is appropriately tuned
so that the synaptic reads are non-invasive but also lie above the measurement noise
threshold.

Next, a simple parametric sweep study has been conducted to examine the dependence
of device volatility on stimulation amplitude VP. Specifically, this study has considered
single pulses with VP values in the range ±[5,8]V and a 100µs pulse width. The results
are shown in Fig. 4.3 and include the analogue device history during stimulation and
the biasing protocols in use. The resistance values caused by stimulation (equivalent
Rstart values from Chapter 3) are shown in red, while the datapoints collected during re-
laxation are shown in blue. A choice of VP = ±7V at 100µs width has been made so that
large enough volatile efficacy changes are induced and thus binary state transitions can
be observed in the short-term from potentiated states to depressed and from depressed
to potentiated. Finally, extensive stimulation experiments have been conducted using
this basing regime to ensure the overall endurance and reliability of this technology.
These results are shown in Appendix B.

These results support TiO2 RRAM as a prime candidate for palimpsest consolidation
due to the devices’ intrinsic controllable and bidirectional volatility. Thus, palimpsest
phenomena can finally be demonstrated in hardware on a single memristive synapse
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read voltage 0.5V

FIGURE 4.2: I-V measurements on a TiO2 memristive synapse. The absolute values of
reading current are shown in a log scale. The read voltage value for this experiment is

chosen at 0.5V.

and are illustrated in Fig. 4.4. In this study, the aim has been to consolidate by repeti-
tion a binary state S1 via long-term potentiation (LTP) and then overwrite it with the
competing state S0 in the short term. The stimulation profile used is this described in
4.3.1, with write events being spread at 30s apart.

The resulting efficacy and stimulation histories are shown in Fig. 4.4b-c. There, 3 unique
consolidation stages are distinguished. These stages are directly relatable to the beaker
theory by [25] and the analogy is illustrated in Fig. 4.4d. Stage 1: Potentiation events
induce volatile changes which drive R below a defined binary threshold Rthres in a
fast decaying manner. S1 is thus expressed in the synapse but only in the short-term.
The non-volatile residue remains above Rthres and thus S0 is reinstated as the synapse’s
long-term memory state. Stage 2: Further reinforcement of S1 occurs via successive po-
tentiation events. This accumulates changes in the hidden non-volatile residue which
now lies below Rthres and hence, S1 is consolidated in the long-term. Stage 3: Depres-
sion plasticity events cause R to increase but rapidly decay. R crosses Rthres in the op-
posite direction which translates to the expression of S0 in the short-term, before S1 is
reinstated again, owing to its previous consolidation.

In this scenario, the memristive synapse can protect a hidden consolidated memory (S1)
while expressing another opposite memory (S0) temporarily atop it. This is an effective
doubling of memory capacity, distributed across the two volatility timescales and also
a first demonstration of palimpsest consolidation in hardware. Some interesting prop-
erties of this technology should be mentioned. First, potentiation events during Stage
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FIGURE 4.3: Examination of induced volatility by single pulse stimulation of vary-
ing under potentiation (a-b) and negative polarity (c-d), with ∣V∣ ∈ [5 − 8]V. The state
recorded following stimulation and the passive relaxation datapoints are shown in red
and blue respectively in the resistance plots. Stimulation levels at ± 7V have been cho-
sen for the hardware demonstration of palimpsest consolidation due to their strong

corresponding volatile phenomena.

2 have diminishing effects in consolidating S1 further. This is expected since RRAM
switching is known to operate within soft resistive bounds [75]. This means that suc-
cessive stimulation eventually fails to induce a stronger consolidation of one state since
the synapse’s analogue state is not entrenched further away from Rthres. This bounded
synaptic efficacy is known to aid the capacity of memory networks since it regulates
asymmetric stimulation [25], and here it is intrinsic at the device level. Moreover, it is
seen in Stage 3 that opposing memory signals inevitably regress the synapse’s analogue
state towards Rthres. The synapse necessarily trades some rigidity in the slow timescale
to benefit from increased plasticity in the short term. Finally, the artificial synapse
shows asymmetric behaviour in potentiation and depression events. However, it has
been used in this study because its high ratio between volatile and non-volatile plastic-
ity changes showcases clearly palimpsest properties.
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FIGURE 4.4: Demonstration of a palimpsest memristive synapse. (a) Real images of
volatile RRAM. (b) Typical operation of a binary volatile synapse. Consecutive plas-
ticity events (potentiation) produce pronounced changes in synaptic efficacy which
are short-lived (fast timescale - short-term memory) and accumulating, smaller and
more stable changes (slow timescale - long-term memory). The applied stimulation
pattern is shown in (c). (d) Schematic association of the three consolidation stages to
the beaker theory. The evolution of the first beaker’s liquid level (synaptic efficacy) is

determined over time by the state of the hidden second beaker.

4.3.2 Consolidation of Fully Destructive Memories

The next logical step in assessing the synapses’ capabilities is to integrate them into a
basic memory network and consolidate competing signals of a larger size. This study
examines the network’s performance in the worst-case scenario of two antipodal, fully
competing memories. Signals M1 (▽ = [101100]) and M2 (▼ = [010011]) have been
presented in memory for 15 and 3 consecutive events respectively. This is is the same
stimulation pattern shown in Fig. 4.4; again, memory signals are distributed 30s apart
from each other. Each bit bn, n ∈ {0,1,...5} of memories M1,2 is written on an individual
synapse wn.

This has been chosen a posteriori to fit best with the history of all synapses’ states.
The raw data from all synapses are shown in Fig. 4.5. As seen, not all device samples
show exhibit identical behaviour. The binary threshold value has been chosen as Rthres

= 10.6MΩ, such that it allows all synapses to overwrite their consolidated states in the
short term. It should be noted that while independent studies on device uniformity
would be essential for future adoptions of this technology, the following demonstration
is successful in providing a conceptual proof of concept and de-risking.
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FIGURE 4.5: Analogue state history of hardware memristive synapses. Each subplot
shows individual bits [0-5] of antipodal vectors M1,2. Each stimulation event is fol-
lowed by a 30s retention period. Real resistance data are plotted along with ideal
fitted data. The binary state threshold (dashed line) is tuned so that all synapses can

overwrite M1 after observation of M2.
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By utilising Eq. 4.3 the noise distributions for the studied synapses can be extracted
(see Fig. 4.6). This will later be used in generalising the network’s behaviour.

It has been essential to demonstrate consolidation in this zero-sum game scenario be-
cause any generalisation beyond this would imply a general increase in performance.
Since M1 is fully destructive to M2 and vice versa, writing one signal requires a com-
plete overwrite of the other. Random and uncorrelated memory signals would be on
average 50% and thus only the other 50% would be subject to interference, leading to
overall less memory degradation. Correlated memories would enjoy higher overlaps
and so on.

The experiment is illustrated more holistically in Fig. 4.7a. Each bn of signals M1,2, is
fed in a synapse with binary weight wn. Potentiated and depressed bits are shown in
green and red respectively. The stimulation timeline of each memory is also shown.
The analogue resistance values (same as in Fig. 4.5) give insight analogous to the con-
solidation stages presented in Fig. 4.4. Specifically, with each time M1 is presented,
individual synapses are entrenched further away from Rthres and consolidate M1 more
stably. Consequently, initial presentation of M2 is unsuccessful in overwriting M1. This
stems due to the observed asymmetry in RRAM switching; synapses w1,4,5 which have
undergone LTD cannot cross Rthres during the first two presentations of M2. However,
the analogue state of all synapses retreats closer to Rthres in all cases of interference.
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of at least x%), where x ∈ {50%, 80%, 100%}).

Eventually, M2 temporarily overwrites M1 in the short-term, before the latter is rein-
stated as the long-term state.

The aggregate state of the network is shown in Fig. 4.7c, where the overlap between its
state and M1 is plotted against time. An x% M1 overlap implies a (100-x)% overlap with
M2. The plot only shows the signal overlap history from the start of the experiment to
before the third presentation of M1 at t = 60s and from the first presentation of M2 at t =
450s until the end of the experiment. The intermediate timeframe carries no significant
information since M1 is deeply consolidated at a constant 100% overlap. The quantised
nature of the result can be attributed to the small network size which reduces the signal
resolution. Progressive interference caused by M2 makes reinstation of M1 slower and
noisier but not impossible. The increased noise in the overlap can be explained due
to the intrinsic RRAM noise which makes a bigger difference as synapses are closer to
Rthres.

Memory degradation is examined further by simulating this stimulation history using
the ideal data fittings from Fig. 4.5 and the noise distribution form Fig. 4.6. A total of
200 simulations have been run, where the ideal analogue synapse state is contaminated
randomly with noise using Eq. 4.4. The results are aggregated in Fig. 4.7c, showing the
probability of recalling M1 either fully, or partially (at least 80% or 50% overlap), fol-
lowing interference caused by M2. Again, the reinstation of M1 becomes progressively
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more difficult. However, partial recall is still easily obtainable (at least 80% overlap
is observed 80% of the time, while 50% is obtained almost ubiquitously). This rela-
tive metric is crucial because it suggests that memory performance can ultimately be
assessed via the application’s target recall accuracy. For instance, where most AI al-
gorithms thrive on retaining aggregated representations of similar input signals [1],
partial memory recall is already an acceptable result.

4.4 Memory System Operation

4.4.1 System Configuration

The previous section of this thesis considers memory consolidation where there is full
competition between individual signals. It has been important to demonstrate this on
hardware as a baseline proof of concept in the worst-case scenario. However, the capa-
bilities of this technology can be generalised into the context of random and uncorre-
lated memories, where destructive interference is less severe and thus degradation of
long-term memories is slower. To obtain a higher resolution in examining the network’s
behaviour, it has been decided to design a virtual network consisting of 100 identical
synapses. Simulating this configuration has been essential in this stage since state of
art RRAM interfacing capabilities are currently prohibiting a large-scale construction
in hardware.

Importantly, while the setup of memristive synapses in the previous section has pri-
oritised large ratios between non-volatile switching and non-volatile residues, an ex-
tended study cannot disregard the asymmetry between different plasticity directions.
Any asymmetry between potentiation and depression could attract the non-volatile
residue in the long run which would prohibit simulating in the range of hundreds of
memories. For this reason, symmetrical responses for LTP and LTD have been sought
after, in favour of symmetrical stimulation, high switching ratios or fast write speeds.
Consequently, the constructed synaptic model used in the following simulations has
been based on a different operation regime, which will now be discussed, and relies
heavily on the methodologies discussed in Chapter 3.

To identify symmetric response along both plasticity directions, volatility has once
again been examined on a device level. The results are shown in Fig. 4.8 where volatil-
ity has been induced bidirectionally on two RRAM devices, with alternate polarity.
Here, each write event consists of 500 identical pulses, each 500µs each and at 10µs
apart. RRAM relaxation is now measured only for 10s. Potentiation occurs at 1.4V and
depression at -2.6V. Resistance has been read at 1.0V. Here, device response is at equi-
librium and the extracted RRAM model can be extrapolated towards more extensive
stimulation histories without suffering from 1 state attraction.
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Positive Stimulation Negative Stimulation
Parameter Value Parameter Value

Model Parameters
αp -2130731.9 αn 1166065.3
τp 0.728 τn 1.241
βp 0.537 βn 0.641
γp -514203.7 γn 512316.6

Noise Parameters
µp 0.003 µn 0.004
σp 0.557 σn 0.646

TABLE 4.2: Extracted operation parameters for simulated memristive synapses.

Ideal retention data and noise levels have been extracted using Eq. 3.2 and Eq. 4.3 re-
spectively on the data from Fig. 4.8. Using these parameters, a network of 100 identical
parameters has been constructed. The binary threshold Rthres has now been chosen at
11MΩ. The parameters used to construct these synapses are shown in Table 4.2. The de-
tailed model parameters and noise distributions can be found in Appendix C. It should
be noted that while the time constant τfor depression events is almost twice the value
of its potentiation counterpart, the difference is negligible with respect to the overall
10s time window between memory events.
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strength levels s. The green line (s = 2) corresponds to the study shown in a-c.

4.4.2 Random Memory Stream

The constructed memory network, consisting of 100 identical synapses is subject to an
ongoing stream of 500 random and uncorrelated memory signals, evenly spaced at 10s
apart. The goal of this study is to long-term memory degradation on a larger scale and
under more persistent interference. First, after 10 random memories have been written
in the network, a long-term memory (LTM) is consolidated with an intensity of s = 2
repetitions. The value of s is low to prevent strong consolidation of LTM in the rigid
timescale. Thereafter, random short-term memories (STMs) are written with s = 1 and
interfere with LTM. The results are shown in Fig. 4.9a, where the overlap between the
network state and LTM is plotted against incoming memories. This is also repeated
for 3 randomly chosen STM1,2,3. Spikes indicate the time when a signal is written in
memory and thus when it is most strongly expressed. The signal overlaps are shown
against the 50% noise floor (a random signal will be on average 50% similar to LTM).
Each time an STM is written in the network, the relative strength of LTM is surpassed
before it is reinstated as the strongest memory
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Owing to the low consolidation intensity and the interference caused by the random
memories prior to LTM, the memory is never expressed perfectly in the network. Stochas-
tic stimulation can cause local entrenchment in parts of the synaptic network which acts
as an obstacle for LTM. Moreover, the overlap of all monitored signals falls over time.
This reflects the overall degradation of all memories when the network is subject to
continuous stimulation. It suggests that in scenarios where strong overlap is required,
repetition will be essential; something that is intuitive to learning. Lastly, all observed
signals retain an overlap above 50% for a long time, even if the time during which
they are dominant in the network is relatively short. Even in one-shot scenarios, this
network shows very high capacity for familiarity recalls and can distinguish between
memories that have been presented to it before or not.

As has been previously discussed, the minimum signal overlaps that can constitute a
successful memory recall are relative with respect to application specifications. Hence,
it is more insightful to focus on the relative strength of LTM compared to the observed
STM signals. For each STMx signal written after LTM, Fig. 4.9b observes which mem-
ory is more dominant (has higher % overlap with the network’s state) during the total
10s prior to a new memory event. Blue and red regions imply that the LTM is stronger
and weaker than STMx respectively. The first 100 STM signals only overwrite LTM tem-
porarily, with the latter being swiftly restored about 2s after interference. However, the
older LTM becomes in terms of the network’s stimulation history the more challeng-
ing its restoration becomes. Indeed, the consolidated pattern degrades, recent signals
become more potent and restoration deteriorates.

To quantify this further, STM lifetime is defined as the total time period when STMx is
stronger than LTM, for a given 10s period. The distribution of STM lifetime is shown
in Fig. 4.9c. Specifically, the histogram of LTM lifetimes is shown on the left y-axis,
while the distribution’s probability (PDF) and cumulative density functions (CDF) are
plotted in the right y-axis (information on calculating these metrics can be found in
Appendix C). Three distinct distribution regions can be identified. First, about 50% of
the signals have a lifetime in the range between 0 and 2 seconds. These are mainly
signals written at the beginning of the experiment where LTM is stored more rigidly.
Then, the region in the [2, 10) seconds range is sparsely populated. This stems from
the fact that after 2s, the volatile component of RRAM switching has relaxed (see τ
values in Table 4.2). This means that there is a smaller probability for a synapse’s state
to cross Rthres. Finally, the last bin at 10s aggregates all instances where LTM fails to be
reinstated altogether. This dynamic is also evident in the PDF curve in blue. Overall,
LTM seems to be reinstated as the dominant signal within 4s of interference in about
80% of the instances (see CDF in red). The system thus exhibits great capacity to protect
LTM, albeit with some inevitable deterioration in strength.

Nevertheless, these results arise by consolidating LTM at the minimum repetition in-
tensity, i.e. s=2. By increasing s, the system is able to retain LTM signals more rigidly,
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even by completely blocking incoming STMs. Fig. 4.9d shows the expected STMx life-
times for a range of consolidation intensities s = {2, 3, 4, 5, 6}. Expected lifetime values
have been calculated by computing the mean lifetime value using a sliding window
on the last 150 occurrences. For datapoints before the 150th STM signal, the complete
history is considered. With increasing s, the short-term plasticity of the network and
the ability to overwrite LTM deteriorate significantly. The lifetimes of the first STM sig-
nals decrease by about 1 order of magnitude as s increases by 1. Interestingly, at s=5,
the first few tenths, and at s=6, the first hundreds of STMs completely fail to surpass
LTM. At these intensities, the synapses’ rigid state (RRAM non-volatile residue) has
shifted away from Rthres at distances greater than the plastic volatile changes induced
by stimulation.

Consequently, this technology can also show metaplastic properties [59] where the plas-
tic efficacy component is completely overruled. Here, the importance of the plasticity-
rigidity dilemma in learning capacity is highlighted. Weak consolidation enables the
synapse to act flexibly in the short term but at the expense of faster LTM deteriora-
tion. The tradeoff for strong consolidation of LTM is rigid metaplasticity, whereby the
synapse is unable to store palimpsest memories altogether.

4.5 Visual Working Memory

Thus far, the memristive synaptic networks have been tested in the context of fully
catastrophic interference (4.3.2) and random, uncorrelated memory streams (4.4.2). In
this section, the simulated synapses that have been introduced in 4.4.2 are used to ex-
amine a network’s learning capacity with statistically correlated signals, which is ex-
pected to enhance performance. This is done in the context of a vision network with
short-term attention complementing its long-term memory. This configuration takes
inspiration from how biological visual working memory is believed to function [117].

This time, the network is comprised of 100 × 100 identical synapses and is subject to
a stream of incoming binary images. Specifically, one image is consolidated in the
long-term memory (LTM) with an intensity s=3, followed by a one-shot presentation
of two short-term images ST1,2. In addition to evaluating the network’s capacity to
protect LTM, its ability to consolidate LTM’s statistically significant information is also
examined. This is done by only presenting LTM implicitly, via 3 randomly contami-
nated/noisy variations of NLTM. Memory correlation is thus observed at two levels.
All memory signals are at least 70% similar, while NLTM variations are at least 80%
similar.

The corresponding stimulation timeline and the binary image memories are shown in
Fig. 4.10a-b. Time T=0s is referenced to the instance of ST1’s presentation to the net-
work. Each image pixel corresponds to a binary state written in an individual synapse.
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a randomly chosen NLTM variation. (c) Temporal snapshots of the network’s binary
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ten are noted. This timeline shows the gradual degradation of both STs followed by
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levels. Effective reconstruction of LTM is observed even if the noiseless memory is
never presented in the network, with LTM being stored more accurately than the indi-

vidual NLTM overlaps, even after interference caused by ST1,2.
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The showcased NLTM image has been chosen randomly. Following the described stim-
ulation timeline, temporal snapshots of the network’s state in the scenario where LTM
contamination levels are at 10% are shown in Fig. 4.10c. The first snapshot before T=0s
is the last observation of the network before ST1 is written in memory. At T=0s, ST1

successfully overwrites the network’s state; however, this transition is short-lived and
LTM is reinstated. Subsequent snapshots show the transition back to LTM, which by
T=9s has been recovered; importantly at a higher resolution than before ST1’s presenta-
tion. ST2 is written in the network at T=10s. Its decay visibly occurs in two stages. First,
the pixels that are common in LTM and ST1 are reinstated faster due to a stronger im-
plicit consolidation intensity. However, the overall recovery of LTM is not aided since
the transition towards it is slower. This is also comparable at Fig. 4.10d where LTM
reinstation after ST2 is slower than after ST1; another manifestation of memory degra-
dation due to interference. Eventually, LTM is still recovered at a greater resolution
than prior to ST1,2.

The network’s capacity to detect statistical significance in the NLTM signals without su-
pervision is qualitatively verified by inspecting the first and the last memory snapshots.
The end state is in fact a much cleaner representation of LTM than a given NLTM signal.
This occurs because noise is spontaneous and uncorrelated and thus it is not carried
through successive NLTM write events. Random information which is only presented
sparsely is consolidated weakly, if at all (see Fig. 4.9). However, the core information
of LTM still has a high chance of being observed at a higher intensity. Effectively, the
network has an intrinsic cleanup filter derived from its metaplastic properties.

These unsupervised denoising properties are more thoroughly examined in Fig. 4.10d.
The experiment has been repeated for different NLTM noise levels, namely 0%, 2%, 5%,
10%, 20% and LTM signal overlaps have been plotted against time (the 10% overlap
corresponds to the results discussed above). The overlap shown at the first NLTM
occurrence reflects the corresponding noise level. In all cases, after writing all 3 NLTM
signals, the resulting LTM overlap increases significantly and entirely spontaneously.
In the worst case 20% contamination scenario, the LTM overlap increases by almost
10%. While these levels are subsequently contaminated by ST1,2, the final recordings
still show that LTM resolution has increased without any explicit instructions.

4.6 Discussion

The results presented in this chapter have covered a range of operational scenarios that
demonstrate the concept of palimpsest memory consolidation in artificial synapses.
The proposed synaptic model operates in a binary fashion, by quantising the analogue
RRAM state R with respect to Rthres. Palimpsest capabilities are enabled via the trivial
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Example Technology Type Speed Metaplasticity Consolidation LTP/LTD Lifetime Timescales Capacity

Chang et.al. [27] WOx RRAM Single device 1ms No Yes LTP <minute 1 1

Ohno et.al. [102] Ag2S synapse Single device 500ms No Yes LTP ≈ 20s 1 1

Ambrogio et.al. [94] GST PCM Multi device 250ns No No LTP/LTD n/a n/a 1

Berdan et.al. [21] TiOx RRAM Single device > s No Yes LTP 10s 1 1

Tan et.al. [101] WOx RRAM Single device 10µs Explicitly tunable Yes LTP minutes 1 1

Boybat et.al. [29] GST PCM Single device < µs No No LTP/LTD n/a n/a 1

Burr et.al. [93] GST PCM Single device n/a No No LTP/LTD n/a n/a 1

Cheng et.al. [98] YSZ RRAM Single device 0.75-1.5ms History dependent No LTP/LTD n/a n/a 1

La Barbera et.al. [92] GST PCM Single device 5-300ns No No LTP/LTD n/a n/a 1

Lee et.al. [100] KN memristor Single device 100µs Explicitly tunable No LTP n/a n/a 1

Liu et.al. [99] Graphene memristor Single device 100ns Explicitly tunable No LTP/LTD n/a n/a 1

Wu et.al. [97] HfOx RRAM Single device 1µs Explicitly tunable No LTP/LTD n/a n/a 1

Brivio et.al. [96] HfOx RRAM Multi device 10µs No No LTP/LTD n/a n/a 1

Demirag et.al. [95] GST PCM Multi device 100ns No Yes LTP 30s 1 1

This work TiO2 RRAM Single device 100µs - 250ms Yes (implicit in device) Yes LTP/LTD 10s-30s 2 2

TABLE 4.3: Comparison of RRAM palimpsest synapses and previous implementa-
tions.

manipulation of volatile state changes (a plastic timescale) and the more challenging ac-
cumulation of non-volatile residues (a rigid timescale). This work presents for the first
time how memories can be stored in a palimpsest fashion and in multiple timescales in
hardware. The key differentiator between the results of this thesis and previous hard-
ware implementations of synaptic memory consolidation is the bidirectional nature of
memristive volatility which has been fully exploited for higher capacity and automatic
long-term memory protection. A comparison of these palimpsest RRAM synapses and
other technologies reviewed in Chapter 2 is outlined in Table 4.3.

Binary synaptic models are known to exhibit very good learning capabilities both when
examined in the context of ANNs [60], and when examined more abstractly [118]. The
synaptic resolution could in theory be increased to more distinct states, although it
would require more sophisticated manipulation of the two consolidation timescales,
which has not been covered in this thesis. This manipulation could rise from more
complex stimulation frameworks. For instance, plasticity events of different intensities
could be incorporated within a single learning experiment. However, it is unclear how
the increase in stimulation profiles’ resolution could facilitate an increase in learning
resolution.

As discussed in Chapter 2, volatility has already been utilised for unidirectional tran-
sitions from short- to long-term memory states, which are expressed via longer binary
memory lifetimes [27], [101], [102]. The differentiating factor in the results presented
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here is that consolidated memories are also protected against incoming streams of inter-
fering signals, which hasn’t been examined until now. Crucially, this protection occurs
automatically, without explicit external cues; this flexibility can provide autonomy for
learning agents to infer things worth learning in an unsupervised manner (see clean-up
filter mechanisms discussed in Fig. 4.10). Moreover, RRAM synapses enjoy a doubled
memory capacity, enabled via bidirectional volatility and its two distinct timescales.

In all experiments that have been conducted, memory retrieval occurs on inevitably
contaminated versions of original signals. The aggregation of multiple learnt repre-
sentations into averaged memory signals is ubiquitous in neuro-inspired systems and
hence partial retrieval does not present a significant problem per-se. The difference
in the context of palimpsest consolidation is the additive deterioration of LTM sig-
nals caused by STMs. This though is another manifestation of the plasticity-rigidity
dilemma and in fact, there may not be a decisive answer with respect to memory pro-
tection in absolute terms. There may not be an absolute winner between palimpsest
memories and full metaplastic properties; some applications may benefit from short-
term flexibility and memory overwrites while others may require heavier metaplastic
bias and memory protection. Fortunately, with appropriate tuning (stimulation profile
and device level) both can rise naturally in learning environments and will be dictated
by the importance of the learning stimulus, as expressed by its presentation intensity.

Palimpsest synaptic networks can be evaluated through several prisms. First, the ca-
pacity to recall multiple memories concurrently is tied to the number of consolidation
timescales that are inherent within the synapses. Consequently, these synapses can
only utilise two memory slots, the short- and long-term memories. This means that
non-consolidated STM signals have to constantly compete with each other before in-
terfering with the LTM. That being said, in cases where recall accuracy does not need
to be high, multiple STMs can be remembered above the random noise floor without
affecting the LTM, as shown in Fig. 4.9a. Moreover, palimpsest capabilities thrive in
regimes where random and uncorrelated memories are learnt and can even support
consolidation when fully destructive interference is considered. This is a significant
advantage over more conventionally metaplastic synaptic networks (see cascade meta-
plasticity [59]) which are able to increase learning capacity only for highly correlated
memory signals [60].

An additional advantage of this technology rises from the flexibility palimpsest con-
solidation gives to online memory operations. This is most apparent in Fig. 4.10 and
loosely resembles how neurological real estate is used efficiently in visual working
memory systems [117], [119]–[121]. Judging by the way the simulated network han-
dles multiple image inputs, there are things beyond absolute capacity expansion that
can benefit learning. The advantage comes in the flexibility to utilise short-term mem-
ories without suffering from long-term memory degradation. These networks can thus
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be used for multiple purposes without explicitly requiring a linearly expanding mem-
ory space. This interplay between memories and the inability to recall everything at
once may not be a significant penalty since to some extent, learning tasks are inevitably
performed sequentially.

This technology also shows a very high capacity for familiarity calls. Albeit with low re-
call accuracy, the familiarity filter is able to recognise signals that have been previously
seen in memory and is not limited to a given LTM and STM signal. In fact, as seen
in Fig. 4.9a, more than 50 STM signals can pass the familiarity threshold simultane-
ously. Familiarity can enable short-term attention mechanisms where a learning agent
can infer significance on previously observed signals - a capability that has proven very
advantageous to modern machine learning algorithms [122].

Last but not least, the designed networks are able to perform unsupervised memory
reconstruction for consolidated signals, a property linked with the CA3 area in the
hippocampus [123]. The dual temporal capacity that is prevalent in the technology is
similar to molecular bi-stable switching which has been shown to support biological
plasticity [124]. This switching, expressed by the accumulation of non-volatile residues
during LTP/LTD can be a potential emulator of the calcium/calmodulin-dependent
protein kinase II (CaMKII), which is believed to be a major facilitator of memory in the
molecular scale [125], [126].

Further expanding the capacity for consolidated memories as well as enhancing the
initial signal overlap of all memory signals requires independent research on manipu-
lating volatility timescales at the RRAM level. Crucially, such research should inspect
the candidacy of different material technologies beyond TiO2. The absolute increase in
memory capacity would inevitably require the identification and control of linearly in-
creasing volatility timescales - something that to this date has not been observed in the
literature. Studies at the device level would also play a significant role in engineering
operational parameters such as memory write speeds, volatility time constants, energy
efficiency etc. For instance, Chapter 3 shows an extensive range of volatility data un-
der different stimulation protocols and operating at larger retention windows (up to 2
minutes). This hints that palimpsest operations can be fine-tuned to meet case-specific
needs. To that end, this is a future research path that is of utmost importance for the
development and potential commercialisation of this technology.

4.7 Summary

This chapter presented a) a cohesive framework for translating device-level RRAM
volatility into synaptic plasticity functions, b) experimental results which demonstrate
how palimpsest memory consolidation can be facilitated by memristive synapses and
c) evaluated the technology’s learning capabilities in a range of operational scenarios.
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Plasticity functions and learning rates were emulated by the appropriate tuning of
bipolar DUT stimulation. Consolidation timescales unfolded naturally and related di-
rectly to passive DUT volatility. Memristive synapses were operated at a binary con-
figuration and their intrinsic volatile dynamics emulated two consolidation timescales;
a plastic and a rigid one. This dual memory capacity facilitates the consolidation of
a memory in the rigid/long-term timescale (LTM), expressed via the accumulation of
non-volatile residues in specific binary states, and its temporal overwrite by multiple
signals in the short-term (STM). This overwrite does not however induce loss of LTM
which is essential in expanding the learning capabilities of AI hardware. Palimpsest
capabilities rise automatically in memristive synapses and LTM protection is indepen-
dently inferred by the intensity by which a memory is written in the network. More-
over, by appropriate tuning of the plasticity/stimulation profiles, signals can be written
in or close to a one-shot fashion. Future research towards optimising and precise con-
trol of the consolidation timescales would be most fruitful. Additional properties such
as noise filtering and high-capacity familiarity recall also occur naturally due to the
dynamics of palimpsest operation. These characteristics can provide immense flexibil-
ity in AI agents since learning attention can temporarily be shifted to multiple tasks
without suffering the tradeoff of catastrophic forgetting of previous memories.





79

Chapter 5

Detection of High Neuronal Activity

5.1 Introduction

The underlying operating principles of RRAM volatility (discussed in Chapter 3) and
the corresponding learning timescales (demonstrated in Chapter 4) can be extended to
neuromorphic applications beyond memory consolidation. Such a natural extension
can be directed towards the area of brain-computer interfacing (BCI), where the abil-
ity to automatically distinguish between phases of low and high spiking activity in
recorded brain regions is of great importance [103], [109], [110]. The state of spiking
activity in independent regions can typically carry high-level information on the cog-
nitive functions undertaken by a subject in real-time. High activity can be recorded by
accumulating information (or integrating) regarding the firing history of an input. This
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FIGURE 5.1: Chapter’s outline and objectives.
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FIGURE 5.2: Conceptual schematic of neuronal activity detection experiment. (a)
Schematic representation of real neuronal spikes recorded from a single neuron. The
stimulation timeline can be categorised into two regions of high and low activity. (b)
Translation of neuronal spikes into typical stimulation pulses. The programming his-
tory preserves the temporal characteristics of the raw recordings and can be used di-
rectly to induce accumulating volatile changes in a RRAM sensor. (c) Recorded RRAM
volatility, resulting from the stimulation history in b. A single RRAM sensor is subject
to said stimulation history which results in an accumulation of non-volatile residues
over time. The sensor’s state immediately following a programming pulse is shown
in red. Resistance is red passively in between pulses and is shown in blue. Denser
or sparser stimulation results in larger or lesser accumulation of non-volatile residues
respectively. This discrepancy can act as a clean-up filter which can learn high activity

regions and forget them during low activity timeframes.

can typically be examined on the activity of a single firing neuron (temporal integra-
tion) or cumulatively across multiple neuronal channels (spatiotemporal integration).
Interestingly, unidirectionally induced volatility and the corresponding accumulation
of non-volatile residues in RRAM devices can intrinsically carry information regarding
the frequency of neuronal activity in a given input, using the same learning principles
discussed in 4.5.

This brief chapter presents results from a preliminary study in linking neural activity
detection and RRAM’s integration properties. These results have been supported by
the University of Padova which has provided a real dataset of neural activity recordings
from living animals. It is organised as follows:

5.2 Aim and Methodology

The aim of this study has been to identify whether volatile RRAM devices can encode
the frequency of neuronal spiking activity in their state. Importantly, activity detection
needs to occur with the minimum amount of pre-processing, meaning that spike batch-
ing cannot be allowed. For this proof of concept, activity states have been quantised to
low and high. This approach builds directly on the same application principles derived
for palimpsest consolidation in memristive synapses (Chapter 4) and is thus a natural
extension of this thesis’ main objectives. In particular, the RRAM sensor that is exam-
ined relies entirely on the same technology and operates at a reduced unidirectional
capacity.
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A schematic representation of this study is shown in Fig. 5.2. First, a dataset of neuronal
spiking recordings with accurate time reference is required to dictate the sensor’s stim-
ulation. This dataset has been kindly provided by Prof. Stefano Vassaneli’s research
group at the University of Padova. For the results presented here, recordings from a
single firing neuron are considered. Fig. 5.2a illustrates a schematic of a neuron’s out-
put which can be distinguished into two activity regions: high and low activity shown
in red and blue respectively. The time signatures of individual spikes have then been
translated into programming pulses, exerted on the RRAM sensor (see Fig. 5.2b). These
pulses are unidirectional and have a predefined amplitude and pulse width. The sen-
sor’s state is continuously monitored using non-invasive pulses, as defined in Chapter
3. Here, each spike event has been translated to a single pulse of 100µs and 3V ampli-
tude. Resistance has been measured passively at 1.75V to minimise reading noise. Im-
portantly, the time interval between spiking events/programming pulses is not fixed
as in previous studies of this thesis. Instead, variable time windows between pulses
should reflect the temporal characteristics of the examined firing neuron. These cannot
be known a priori; it is precisely this variability in stimulation frequency which can be
exploited to encode quantised activity states in the RRAM.

A typical sensor’s volatile response is shown in Fig. 5.2c. The device’s state imme-
diately after stimulation is shown in red, while retention data are shown in blue. The
dataset follows the stimulation profile shown in Fig. 5.2b. The difference in the stimula-
tion frequency directly affects the accumulation of non-volatile residues in the sensor’s
analogue sensor. Specifically, denser stimulation inevitably lowers overall resistance
while sparse stimulation allows the device to relax to higher analogue states. It is that
anticipated that by appropriately defining a) the sensor stimulation profile and b) an
activity detection threshold, a single volatile RRAM device can accurately encode the
temporal characteristics of neuronal spikes.

5.3 Results and Discussion

Before examining the RRAM sensor’s capabilities directly, an analysis of the input spik-
ing dataset has first been carried out. The dataset used in the experiment is shown in
Fig. 5.3.

An input history of total of 20 seconds has been chosen (see Fig. 5.3b), particularly
because it contains both regions of relatively high spiking frequency as well as counter-
parts of no spiking activity. This is a good test case for assessing the sensor’s sensitivity.
Corresponding spike firing rates averaged over different bins or observation time win-
dows can then be seen in Fig. 5.3a. These windows are bin = {0.1, 0.15, 0.25}s. The rates
have been calculated as a moving average over the specified bin values; for spikes oc-
curring earlier than the bin size, the thus far total number of spikes has been considered.
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FIGURE 5.3: Temporal analysis of real spiking data. (a-b) The firing rate of a recorded
neuron’s spikes and the equivalent stimulation profile are shown for a total of 20s. The
rate is calculated as a moving average over different bins/observation windows (see
legend). Larger bins reduce the sensitivity or peaks of the firing rate which otherwise
follows the same trends that are observed in b. (c-d) The same stimulation profile has
been stretched in time by a factor of ×20. The chosen observation windows have also

been scaled accordingly.

The results show 4 regions of relatively high activity with peaks above 100kHz for all
t values. It is important to note that all peaks in Fig. 5.3a lag slightly behind the high
activity centres in Fig. 5.3b since by default the activity frequency can only be inferred
after the phenomenon has been observed.

A key limitation in this experiment however has been the mismatch between the spik-
ing frequency and the temporal resolution with which RRAM devices could be stimu-
lated and passively read. Specifically, the mean interpulse time between two spikes is
tmean ≈ 0.4s while the median interpulse is tmedian ≈ 2ms. To make matters worse, the
minimum interpulse between successive spike events is tmin ≈ 0.04ms. For this level
of granularity to be accurately expressed in the RRAM sensor, a) write speeds need to
be negligible with respect to tmin and b) read speeds need to be less than or equal to
tmin. These constraints are essential to bypass the need for batching multiple spikes
and achieve seamless detection.

Unfortunately, they have lied beyond the current capabilities of the available interfac-
ing instrumentation. To mitigate this, the experiment has run on a scaled timeframe
such the resolution of spiking history can be compatible with the available interfacing
capabilities. Fig. 5.3c-d shows the equivalent spike dataset after a scale factor of ×20 has
been applied. The bin sizes and the corresponding firing rates are also proportionally
scaled.

The scaled spiking dataset has then been applied to a RRAM sensor. The results of the
experiment are shown in Fig. 5.4, with the resulting stimulation history shown in 5.4c.
The analogue resistive state of the sensor is illustrated in Fig. 5.4a. Datapoints recorded
at stimulation are coloured in red while retention points are coded in blue. The device
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FIGURE 5.4: Neuronal activity detection - RRAM sensor’s stimulation and state his-
tory. (a) Raw data of the RRAM sensor’s analogue state following the stimulation
pattern of the spiking history in Fig. 5.3d. The data obtained after stimulation are
shown in red, while passive retention data are shown in blue. The activity detection
threshold is shown in a dashed black line. (b) The sensor’s averaged state is calculated
from the raw data using the same observation windows used in Fig. 5.3c. Again, the
activity threshold is shown. (c) The actual stimulation regime that is applied on the

sensor.

exhibits typical volatile responses, as those discussed in the previous chapters of this
thesis. Importantly, a very high ratio between the switching datapoints and the relaxed
state at equilibrium is observed (approximately a 50% decrease in R). Moreover, the
sensor naturally reaches an equilibrium close to R = 70MΩ. For this reason, the activity
detection threshold has also been chosen at the same value and is included with a black
dashed line.

However, it is evident that the device’s immediate stimulation (red datapoints) is al-
most identical irrespective of the spiking frequency and thus the detection threshold
is crossed even due to minimal activity. The raw resistive state is thus insufficient for
encoding high neuronal activity. The issue can be addressed by revisiting the averag-
ing method used on the spike timestamp dataset. A moving average on the analogue
resistance is shown in Fig. 5.4b for using the same bin sizes as Fig. 5.3c. The technique
can effectively filter out spurious volatile changes that are caused by sparse neuronal
activity. The dips in the averaged resistive state follow the regions of high activity and
are effectively inverse representations of the firing rate depicted in Fig. 5.3c.

This approach has the advantage of bypassing the need for pre-processing the spik-
ing dataset. It is thus making it compatible with the MIS platform which is capable of
encoding individual spikes [71] (see 2.7), although bespoke linking hardware for trans-
lating detected spikes into programmable pulses is still missing from a fully integrated
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application. This is a significant advantage since it paves the path of activity detec-
tion in real-time; a key requirement for many future interfacing applications. Activity
has not yet been able to be decoded directly on the sensor’s state, which still has to be
averaged over time for binary detection. This indicates an additional memory and post-
processing cost which are not necessarily prohibitively taxing. This has been caused by
the high switching sensitivity of the sensor, whereby all spiking events cause a maxi-
mum displacement in R. However, the sensor could be highly accurate if the aim was
to sense all spiking activity irrespective of frequency, especially by adjusting the de-
tection threshold at around 50MΩ. It would also be equivalent to calculating a moving
average with a bin size comparable to individual pulse widths. Once again, the need
for a thorough study of memristive volatility at the material level can be made. In an
ideal scenario, volatile switching and relaxation time constants can be manipulated in
order to modulate to control the apparent strength of individual programming events,
which equates to the effective timeframe over which the sensor averages spiking events
before detection.

It should also be noted that current device write and read speeds form a significant ob-
stacle towards performing the experiment closer to real-time, i.e. using a stretch factor
×1 on the spiking dataset. Right now, it is highly challenging to bias RRAM devices
at timeframes comparable to tmin. To accommodate this, bespoke hardware is needed
such that stimulation can occur at such frequencies. Also, devices operating at lower
baseline resistances would reduce reading times and overall energy required. Last but
not least, the capabilities of the sensor have only been examined temporally and deal
with a single input neuron channel. In many practices, especially in non-invasive activ-
ity measurements, spiking data are expected to source spatially from multiple neurons.
This added complexity will most probably burden the sensor with a greater need for
temporal resolution. Thus, it is imperative that RRAM volatility is optimised at the
device level before more sophisticated implementations are realised.

5.4 Summary

Brain-computer interfacing is a rapidly developing field with immense potential to-
wards next-generation medicine and integrating biological and artificial intelligence.
However, interpreting complex brain signals is both a computational challenge and a
hazard due to the invasive nature of the specialised neural recording. Thus, whether
this recording is wireless or indeed invasive, signals are typically noisy and unstruc-
tured. This brief chapter has built upon existing methods of denoising low SNR neu-
ronal signals to present a proof of concept for efficiently detecting high neuronal activ-
ity, by filtering the frequency of input spikes.
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Activity detection has been encoded into the state of a volatile RRAM sensor, which em-
ulates short-term plasticity mechanisms of high-pass signal filtering. Volatile changes
that are induced by individual spikes cause the sensor to reach a binary state of high
activity, which is then forgotten during periods of no stimulation. The experiments
have been conducted on a stretched stimulation timeline to mitigate systematic mis-
match between the temporal resolution of the spiking data and the resolution of the
RRAM interfacing apparatus. Nevertheless, the relative frequency signatures of the
spikes have been preserved. Activity detection can be performed accurately by aver-
aging the state history of the sensor. This extra denoising step has been essential since
the sensor has been too sensitive to stimulation. Nevertheless, by appropriately tuning
device volatility, such that resistance changes do not saturate immediately and follow a
cumulative increase (which has been demonstrated both in Chapters 3 and 4), temporal
averaging can become an intrinsic device property. This was not achieved in this work
due to the timing limitations of the project.
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Chapter 6

Conclusions and Future Work

6.1 Conclusion

This thesis has successfully merged the theory behind time-dependent mechanisms
that govern synaptic plasticity and the intrinsic properties of volatile RRAM technolo-
gies, to emulate various learning properties in artificial synapses. It provides evidence
for the first demonstration of palimpsest memory consolidation in hardware, thereby
setting a promising pathway for more dynamic and generalised learning in embedded
AI.

To do so, this thesis has firstly developed a comprehensive data-driven approach for
characterising and modelling volatility in TiO2 RRAM devices. This has been done
with the aim of demonstrating how, if understood properly, previously overlooked
volatile phenomena can be interpreted as key operation mechanisms for novel applica-
tion paradigms. It was thus shown for the first time that volatility can be manipulated
bidirectionally, its characteristics can be controlled by appropriately tuned stimulation
regimes and it manifests itself at various timeframes (here ranging from a few seconds
up to 2 minutes). The presented characterisation protocol was framed with flexibility
in mind, meaning that it can be adjusted to application-specific needs, ranging far from
memory consolidation. Modelling was conducted for each of the main volatility char-
acteristics individually, in order to uncover their underlying relationships with device
stimulation parameters. These steps have been essential in translating the mentioned
plasticity mechanisms into tangible properties of RRAM. However, the protocol was
also naturally extended to investigate the relationships between volatility and operat-
ing temperatures. This was also a manifestation of the protocol’s usability outside the
main scopes of this thesis, further validating its importance in future RRAM-related
research.
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Gaining a new understanding of memristive volatility and being able to induce it bidi-
rectionally in a controllable manner was the missing link between theoretical and prac-
tical implementations of palimpsest memory consolidation. RRAM stimulation was
distinguished at two levels; a very plastic, large change in a resistive state characterised
by a fast decay and a slower, non-volatile residue which falls close to the state be-
fore stimulation, accumulates over time and is more cumbersome to overwrite. These
two variables were translated to two distinct consolidation timescales, a plastic and a
rigid, emulating short- and long-term memory compartments respectively. Operated
in a binary efficacy fashion, the flexibility of the plastic timescale allows for opposing
memory states to be written in the synapses without causing the permanent loss of the
rigid memory state which is attracted via the non-volatile residue. While the address-
ing of catastrophic forgetting amongst highly correlated memories has previously been
demonstrated, palimpsest functionality extends this ability towards memory signals
that are random in nature. It allows for even fully destructive interference to over-
write long-term memories in the short term. This technology was also demonstrated as
a visual working memory where volatility intrinsically emulated short-term plasticity
mechanisms which perform unsupervised denoising during consolidation.

The existence of only two distinct volatility timescales also limited the absolute tem-
poral capacity of the RRAM synapse to an equal number of memory compartments; a
short-term memory followed by the reinstation of long-term memory. Whether this ca-
pacity can be expanded, remains unanswered and requires further investigation into
manipulating volatility at the material level. Nevertheless, memory networks con-
structed with this technology exhibited a very high capacity for familiarity filtering,
with up to hundreds of random signals scoring higher recall overlaps than noise. This
hints that while short-term signals decay easily, they may still have an advantage in
reinstation when compared to previously unseen signals. This is very important since
it could enable memory networks to recall large amounts of information with mini-
mum effort, thus allowing learning agents to shift between learning tasks effortlessly.
Moreover, the binary resolution of the synapses was only imposed artificially; RRAM
synapses practically operate at an analogue resistive regime. Controlling palimpsest
operations in an analogue fashion would be substantially more challenging but could
yield significant improvements in the dynamic range of these memory networks. The
mentioned attributes of this technology are unique to volatile RRAM, owing to the
technology’s rich intrinsic time dynamics. These advantages that have been outlined
thus cannot be implemented with standard CMOS (see Section 4.6 for a thorougher
analysis of said advantages). Nevertheless, due to several practical inefficiencies that
still hinder RRAM, CMOS can still overcome the lack of palimpsest consolidation due
to its seer advantage in metrics such as speed and efficiency. The need for addressing
these RRAM inefficiencies is discussed in the next section of this chapter.
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Lastly, the short-term plasticity mechanisms which gave rise to the denoising proper-
ties of the RRAM synapses were also utilised as a proof of concept for high neuronal
activity detection. A volatile RRAM sensor was used in a binary fashion, to encode the
frequency of prerecorded streams of neuronal spikes. Owing to the sensor’s relaxation
timescales, regions of high stimulation frequency caused the crossing of a predefined
detection threshold, while timeframes of low stimulation led to the state’s forgetting.
Nevertheless, due to the lack of optimisation, the sensor activity was not directly en-
coded in the RRAM state but rather on a moving average of its history. Nevertheless,
other results presented in this thesis suggest that with appropriate tuning activity de-
tection could be directly read from the sensor’s state. This was not able to be conducted
in this thesis due to the time limitations of this project. Moreover, this proof of concept
dealt with spiking data, stretched in the time domain, while preserving the relative
temporal characteristics. This was done to address the mismatch between the average
resolution of individual spikes and the available RRAM interfacing speeds.

To conclude, this thesis has completed an interlinked journey from neuroscience the-
ories of synaptic plasticity, through investigations on RRAM volatility at the device
level and finally to the design and demonstration of applications for palimpsest mem-
ory consolidation for AI hardware and neuronal activity detection for BCI. The author
of this thesis has found the volatile operation regime of TiO2 memristors to bring great
potential in the design and development of neuromorphic applications. The initial
interest in RRAM technologies has been in their aptitude for high-capacity memory
storage but in reality, many neuronal functions are intrinsically time-dependent and
show repeatable characteristics of decaying. Palimpsest consolidation has long been a
goal of neuromorphic engineering due to its elegant solution to catastrophic forgetting.
When developed appropriately, it has the potential to expand the capabilities of online
learning agents, without the need for external computation. It is only natural that the
same principles have proven beneficial in the domain of neural interfacing since both
rely on synaptic plasticity principles.

Still, science often proves to be a multi-headed beast and the results presented here
only point to further investigation to increase the readiness level of this technology. To
that extent, the author recommends the following future investigation areas to extend
this research area.

6.2 Author’s Recommendations for Future Work

1. Process development of volatile RRAM technologies. Bidirectional volatility
has proven to be an igniting feature for many neuromorphic applications. Nev-
ertheless, the development of volatility on the device level is far from a mature
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process. It would be most interesting to investigate how volatility can be en-
gineered and manipulated. A concentrated effort should be made to link re-
peatable volatile characteristics with device parameters such as electrode mate-
rials, active oxide (potentially beyond TiO2) thickness, device area, etc. In the
context of memory consolidation, fine-tuning volatility translates to engineering
the synapses’ sensitivity to consolidation, apparent metaplasticity and forgetting
timescales. With regard to neural activity detection, volatile characteristics dic-
tate the RRAM sensor’s frequency sensitivity, which can eliminate the need for
historical averaging.

Performance metrics against conventional CMOS. As briefly mentioned in the
previous point, this work has effectively de-risked this technology in the neu-
romorphic contexts of memory consolidation and neuronal activity detection.
However, it still falls behind standard CMOS in several key performance metrics
which still makes its commercial adoption challenging. This section is comple-
mentary to the previous point and provides more quantitative goals for the fu-
ture of this work. First, even though it has been established that standard CMOS
(e.g. DRAM, SSDs) cannot support palimpsest consolidation, it has a clear advan-
tage in device/area metrics. Specifically, with transistors sizing a few nanome-
ters (nm) and RRAM ranging at the micrometre (µm) scale, the advantages of
palimpsest capabilities are still outweighed by the density gap between the two
technologies. Therefore, it is imperative that volatile RRAM is scaled down to
CMOS competitive sizes, whilst preserving its intrinsic properties. In a similar
vein, it is essential that RRAM write/read speeds improve by significant margins.
Throughout this study, RRAM programming pulses have been in the microsec-
onds (µm) range with individual pulses being mostly separated by 1 millisecond
(ms). These parameters result in Megahertz (MHz) operating frequencies which
again cannot compete with CMOS at the Gigahertz (GHz) domain. Further exper-
iments need to verify the limit frequencies at which the technology can operate.
Operating speeds can also be increased via the size reduction of individual RRAM
cells, hence this effort is complementary to the previous comment. Last but not
least, while the prospect of palimpsest consolidation promises further flexibility
for autonomous AI agents, this is hampered by the technology’s current power
hunger. This work has interfaced with RRAM devices at voltage amplitudes up to
9V (exerted for long time periods as previously mentioned) in order to induce ad-
equately observable volatile phenomena. The power that is currently required to
exploit the time dynamics of volatile RRAM is simply too much to be sustained in
embedded AI hardware and not competitive against CMOS alternatives. To con-
clude, what RRAM currently lacks in performance metrics against CMOS could
in part be addressed by reducing the technology’s size. That being said, it is
equally important to conduct research in material science for alternative RRAM
configurations which could improve performance in all metrics. This work is an
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absolutely essential step towards commercialising palimpsest memory consoli-
dation, with the capabilities presented in this work. The following suggestions
refer to further improving the conceptual and operational capabilities of volatile
RRAM.

2. Extension of consolidation timescales beyond 2 (plastic and rigid). Potentially
extending volatility timescales beyond the fast and slow relaxation domains are
tightly linked to the previous route of further research. It is currently unknown
whether more than two distinct timescales can be engineered yet doing so would
increase the capacity of the synapses and thus the flexibility of corresponding
memory networks.

3. Design of large-scale palimpsest networks in hardware. The practical demon-
stration of consolidation in memristive synapses has mostly been on the device
level. The largest purely hardware-based network consisted of 6 individual synapses,
while larger networks have been simulated using the volatility modelling meth-
ods developed in this thesis. This has been done due to the development and
interfacing limitations accompanying the studied RRAM technology. The next
logical step in verifying this application would be to develop memristive arrays
of identically operating devices (this is tied to optimising volatile devices process-
ing) as well as bespoke hardware for interfacing them concurrently.

4. Extension of synaptic operation in the analogue domain. The palimpsest synapses
studied in this thesis have operated strictly in a binary fashion, i.e. with two states
arbitrarily quantised from the analogue resistance of the RRAM devices. Binary
synapses have in the past proven to be sufficient for efficient learning in ANNs
but it would still be worth investigating architectures utilising synapses of higher
resolution. The implementation would face its own challenges, mainly due to the
volatile nature of the synapses, which would very easily corrupt ’perfect’ ana-
logue states. A practical solution could be a higher resolution quantisation of
analogue resistance into more than two states. This would also benefit from the
identification of further consolidation timescales, stemming from more complex
volatile relaxations.

5. Investigation on decayed memory reinstation. While short-term memories dur-
ing the random stimulation study of palimpsest consolidation have decayed quickly
following further interference, the networks have shown an incredible capacity
to store hundreds of signals above the noise level. This hints that palimpsest
networks have the ability to express previously stored signals more efficiently,
even if they have practically been forgotten. Assuming that memory in biolog-
ical organisms also has the ability to reach a certain neuronal state, this detail
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may have significant consequences in the design of artificial intelligence. Fur-
ther study should be conducted to verify whether forgotten memories have ad-
vantages in reinstation. If so, limited capacity can be mitigated with improved
reconstructive abilities.

6. Optimisation of RRAM volatility for neuronal activity detection. Due to the
time limitations of this project, the RRAM sensor used for the corresponding
study was not optimised for the experiment. Sensors with tuned switching sen-
sitivity and forgetting time constants need to be used to verify whether activity
detection can be directly stored in the state of the device.

7. Improvement of RRAM interfacing speeds. The study for neuronal activity de-
tection was conducted on an artificially scaled spiking data timeline. The reason
behind this step was the fact that RRAM writes and read times were significantly
larger than the average interpulse between real spike data. Hence, to prevent the
need to spike batching and to allow true real-time detection, the development of
appropriate interfacing equipment is essential.
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Volatility Model Parameters

The following table includes the parameters extracted by fitting volatility data in sec-
tion 3.4 using Eq. 3.2.
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TABLE A.1: Volatility extracted model parameters.

Parameter Positive Negative

alpha

αα0 -248.14 -167.74

αα1 105.37 264.22

αβ0 1.80 -3.48

αβ1 -14.26 -1.36

αγ0 -1.11 ⋅ 104 -4.62 ⋅ 103

αγ1 -1.15 ⋅ 104 1.82 ⋅ 104

time constant

τα0 2.73 ⋅ 10-4 -1.5 ⋅ 103

τα1 4.48 ⋅ 10-6 3.47 ⋅ 10-3

τβ0 2.87 ⋅ 10-2 -0.26

τβ1 0.125 7.98

beta

βα0 -1.14 1.52 ⋅ 10-2

βα1 8.48 0.49

βτ0 0.55 1.57

βτ1 20.88 20.71

βγ0 -0.02 6.24 ⋅ 10-3

βγ1 0.44 0.365

o f f set

γα0 0.104 239.69∗

γα1 0 -390.03∗

γβ0 -647.76 -464.71

γβ1 3.04 ⋅ 103 1238.58

∗γα uses Eq. 3.4 for negative polarity.
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Memristive Synapse Eligibility
Study
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FIGURE B.1: Observation of typical volatile behaviour in TiO2 RRAM using positive
polarity stimulation under a long time period. A device is subject to 2500 consecu-
tive retention cycles. The resistance points measured at stimulation are shown in red,
while the relaxation datapoints are shown in blue. Each retention cycle lasts 2 seconds.
The stimulation parameters are those discussed in 4.3.1. The inset shows individual
retention cycles in higher resolution. This studies shows the technology’s eligibility

for long-term stimulation.
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FIGURE B.2: Observation of bidirectional volatility in TiO2 RRAM under continuous
stimulation. The stimulation parameters are those discussed in 4.3.1 but each cycle
employs a variable number N of identical pulses. N ranges from 1 to 1000 (1, then [5,
95] with a step of 5, then [100, 1000] with a step of 100) with a control retention cycle
using 5 cycles in between each step. The total experiment run time concludes just short
of 8.5 hours. This showcases the reversibility of the device’s state under bidirectional
stimulation, which ensures the overwrite of binary states and allows palimpsest con-

solidation in the memristive synapse.



97

Appendix C

Simulated Memory Network Set-up

C.1 STM Lifetime Statistics

The histogram of STM lifetime occurrences has been derived by quantising the total 10s
observation window using a bin of size 0.1s. Assuming m corresponding bins, the total
number of occurences for each bin are denoted by om and form a resulting occurrence
vector O = {o0, o1, ..., om-1.

The PDF of the distribution can be obtained by dividing O by the total number of STM
signals, as shown below:

PDF = O
#STM signals

× 100%

Moreover, the CDF is the cumulative sum of the PDF for each bin i ∈ [0, m − 1], such
that:

CDFk =
i
∑
k=0

PDFi

C.2 Network Model
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FIGURE C.1: Volatile R(t) parameters for Eq. 3.2. The results refer to the two device
retention study shown in Fig. 4.8. Each subplot shows the average parameter value
across DUT1,2 for each retention cycle. The mean value across all runs is shown in the
subplot legend. (a-d) Parameters for positive stimulation/potentiation. (e-h) Parame-

ters for negative stimulation/depression.
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