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4 Abstract

44 The brain embeds learning algorithms within its physical architecture, enabling on-site learning
processes withiremarkable advantages such as energy efficiency, learning autonomy and continual

47 learning capabilities. Current memristive neuromorphic implementations, despite being inspired by
49 the brain, are predominantly trained via offline, software-based methods. Consequently, this

51 paradigm restricets their potential to realize on-chip learning. To address this limitation, we implement
a simple memristive-based electronic circuit with an op-amp that emulates a neuron with biologically
54 inspired learning rules, characterized by recent electrophysiological observations. To demonstrate its

56 potential as a fundamental computational primitive, we integrate it into a network with one hidden
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layer capable of learning all fundamental binary operations. As a proof-of-concept, we build a
physical circuit that successfully learns and performs XOR, AND, and OR logic operations. To
validate the scalability of our approach beyond simple logic, we also perform SPICE simulations on a
compressed MNIST classification task. Therefore, the proposed circuit could‘be leveraged.tobuild

memristive neuromorphic systems capable of doing on-chip learning.

1  Introduction

The proliferation of Artificial Intelligence (AI) has marked a transformative'era, with deep learning
models achieving state-of-the-art performance across numerotis,xdomains. As Artificial Neural
Networks (ANNs) grow to tackle arbitrary tasks of larger ¢omplexity, the demand for computational

resources leads to an unsustainable surge in energy consumption, a major bottleneck for future

progress [1]. ¥

In the quest for a more efficient computational paradigm, the scientific community is increasingly
turning to the human brain for inspiration. The btrain petforms complex cognitive tasks with
remarkable energy efficiency, operating ordersiof magnitude more efficiently than any existing
computer [2]. This is primarily attributed to the.co-location of memory and computation with
algorithmic sparsity and decentralizedyasynchronous and adaptive processing. Beyond energy
efficiency, the integration of learning mechanisms within the hardware architecture enables
significant functional advantages, Bcluding continual learning and intrinsic adaptation to changing

environments.

This disparity between"ANNSs and the brain has catalyzed the field of neuromorphic computing,
which aims to emulate the brain's structure and principles in hardware [3—5]. While traditional
CMOS-based technologies have been used for initial neuromorphic implementations, their inherent
limitations in density and power consumption have spurred research into novel nanodevices [6,7].
Among these, memristors have emerged as leading candidates for building artificial synapses [8—10].
This interestiis driven by their ability to dynamically modulate resistance in response to electrical

stimuli and their non-volatile nature, reducing their static power consumption to zero.

However, current research predominantly focuses on utilizing memristive neuromorphic systems to

exclusively execute inference tasks. Thereby, the network is trained offline on energy-hungry,
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external conventional computers, and the resulting synaptic weights are subsequently programmed
onto the memristive elements. Consequently, the development of effective on-chip learning schemes
with memristors remains a major unresolved challenge, due to the inability of analog hardware to

meet the stringent requirements of current optimization algorithms [11].

In this work, we propose an on-chip learning scheme exploiting the nonvolatile and dynamic
characteristics of memristors to emulate a brain-inspired learning rule. We first explain the current
state of memristive neuromorphic hardware which provides the background and context for this
research. Next, we introduce the recent theory of biological learning'and how it influences synaptic
adaptation. Thereafter, we compare memristors and biological synapses and@exploit those similarities
to build individual neurons that emulate biological learning. We demonstrate that our neurons can
learn linear input-output associations and, by combining thfee of those neurons, we build a proof-of-
concept of a reconfigurable network capable of dealing with nonlinear problems. To evaluate the
scalability of this architecture on more complex datasets, we fugther present SPICE simulations of a
compressed MNIST classification task. Finally, we discuss the implications of our work and our

concluding remarks.

1.1 On-chip learning in memristive neuromorphic hardware

The realization of robust, on-chip learning in memristive neuromorphic hardware remains a central
challenge in the field. While Backpropagation (BP) is the workhorse algorithm for training deep
neural networks, its direct implementation is fundamentally incompatible with the physical
constraints of analog hardware [11]. The key challenge resides in the dependency of the backward
pass on the exact weights and activities of neurons during the feedforward pass. This requirement
implicitly assumes conductance stability, ignoring any weight drift that might occur within the
physical elements leading to.wrong error correction calculations. Furthermore, the inherent non-
idealities of memristors, like device-to-device variability and asymmetric, history-dependent weight

updates, exacerbates the complexity of its integration [12,13].

A potential solution to these problems is the co-design of hardware-specific algorithms that directly
confront memristive non-idealities. For example, algorithms like “AGAD” and "Tiki-Taka" [14,15]
are BP-based algorithms designed to compensate for asymmetric device updates by first performing a

calibration step to find a device's "symmetry point". However, this comes with the cost of increasing
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peripheral circuitry, leading to higher complexity, area and power consumption. A second approach
focuses on three-factor learning rules. In this supervised paradigm, the third factor is a non-local
"error" signal broadcast to the synapses to approximate BP [16]. Similarly to the previous approach,
it re-introduces non-locality, necessitating complex peripheral overhead for efror calculation.and
routing. A broader perspective of current developments of memristive neuromorphic systems c¢apable

of doing on-chip learning is included in Supplementary Table 2.

In this work, we focus on investigating learning algorithms in the brain, which must account for
asymmetries, non-idealities, and noise, where learning algorithms may differ from the principles of

BP [17].

1.2 Learning algorithms in the brain

%
The question of which algorithms train biological deep networks has been investigated in depth for

decades and recently resulted in two Nobel prizes.for proponents of BP and the so-called energy

models.

Although early studies argued for backpropagation of error [18], the biological implausibility of it
was evident early on [19]. Subsequent groups have relaxed the assumptions of backpropagation to
make it more compatible with the brain. Preposed solutions include incorporating random backward
passes, which degrade performance J20], or adding dedicated circuitry, which decreases efficiency
[21,22].

In contrast, energy models followed a distinct evolutionary path. While originally employed to
explain simple associations [17], they were soon adapted to develop predictive coding circuits [18].
These circuits have:sinee been widely utilized for more complex operations like predictions, control
problems, image processing and classification problems. [23]. Originally, they relied on weight
symmetrysbut modern control-based methods have eliminated this constraint. This shift has yielded
robust results in recurrent architectures like FORCE [24] and FOLLOW [25]. Notably, these models
now/match the performance of backpropagation in simple tasks while retaining the advantage of

requiring no.a priori knowledge of weights and activations [26].
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Conceptually, the principle of the energy model is straightforward. Rather than measuring the
activity during the feed-forward pass and computing the corresponding modification, energy models
first ensure that the network solves the desired task through an external forcing signal. The system
then changes the network parameters to minimize the forcing signal [27,28]. Importantly;the‘signal
used for forcing does not need to have precise information about the network activations to enforce
the activities and achieve backpropagation-like performances [26,29]. Finally, técent studies have
found experimental evidence of such forced activations during learning [28]. In the field of
computational neuroscience, the modern, generalized version of energy modils is known as Target
Learning (TL) or Prospective Configuration [26,29,30]. The mathemati¢al background for Target
Learning is provided in the Supplementary Section 1.4, Appendix D.

TL has previously shown promise in non-memristive neuromotphic hardware [33,34], suggesting
that it can alleviate the problems of analog hardware. Héte, we push this idea to novel materials that

naturally capture intrinsic properties of biological synapses:mepmristors.

2 Filamentary Memristors: A Key Candidate as Electronic

Synapse

To build a memristive circuit based’on TL, we first determine the extent to which memristive

responses align with that of biologi\cal synapses.

Biological synapses are connections between neurons that can naturally be understood as resistor
devices: When a synapse presents a large weight, it transmits the signal from the sending neuron to
the receiving neuron‘with small losses, inducing a strong effect on the latter. In contrast, when the
synaptic weight is small, the influence on the receiving neurons is proportionally weaker [31]. In
electronics, resistors conduet current in proportion to their conductance. Therefore, the internal

strength of bielogical synapses can be understood as the conductance of electronic resistors.

Having established the equivalence between synapse and resistance, the next question is how to adapt
them. In biology, synaptic plasticity refers to the modification of synapses in response to inputs.
More speeifically, an increase of synaptic strength can be induced by the combination of a strong,
long=lasting voltage drop across the cell membrane together with an input signal [17,32,33]. Figure

I{(a) shows this relationship using the data extracted from [17], which demonstrates that the synapse
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strength increases if sufficient accumulated voltage is reached [34,35]. Similarly, memristors undergo
conductance change when the accumulated voltage exceeds a threshold, after which it increases in.an
analog manner until saturation, see Figure 1(b). In section 5, we provide more information about the

memristors used in this work.
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Figure 1 Comparison of synaptic response in a bielogical cell with memrsitive device characteristics. (a)
Experimental evidence of an electrophysiological correlationibetween change of synaptic strength and accumulated
voltage across the cell membrane over time (data extracted from [17]). (b) Memristive conductance evolution as a
function of the accumulated voltage over time. The inset shows the pulse scheme applied to switch the device. Following
each incremental potentiating pulse, the application of @negative pulse restores the device to its baseline state.

The results in Figure 1 go beyond.the common analogy between biological synapses and memristors,
which typically focuses on their shared ability to modulate their strength (synapses) or conductance
(memristor). In fact, both memristors and synapses show a similar non-linear dependency on the
integral of the voltage over time. C}ucially, this indicates that the biophysical processes that build
learning algorithms in the,brain‘are naturally present in filamentary memristors. In Supplementary
Section 1.5 (Appendix D), we mathematically demonstrate how our PN memristive model meets the
Target Learning conditions. In the next section, we leverage those dynamical processes to build

electronic neurons:

3 Results

3.1 Associative learning

To/create a neuron circuit capable of inducing a controlled conductance change in the memristive

synapse, we take inspiration from Pyramidal Neurons (PNs).
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PNs are the fundamental computational unit and the center piece of learning algorithmsan cortex
[36,37]. We illustrate how PNs work in Figure 2(a). PNs receive inputs S; through basal synapses
with weight w; and learning signals S; arriving through a special receiving compartment referred to
as apical synapses. The input terminals of the neuron are called dendrites andlead the signals'to the
core of the cell, the soma. The latter integrates the signal over time and sends out a response through
the axon to neighboring neurons. Inducing plasticity at basal synapses w; requires,minimum signal
strength achieved through the synchronous arrival of inputs S; and an instructional control or learning
signals Sy, thereby changing the synaptic weight (i.e. creating associations) between them [17]. The

equivalent perceptron model is represented in Figure 2(b).

We build an electronic circuit mimicking a PN capable of implementing TL, see Figure 2(c). The
circuit comprises Ta>Os-based memristors in parallel and an operational amplifier (op-amp) (see
Section 5 for more in-depth details of the individual components). First, the memristors emulate
parallel electronic synapses that receive the signals §;. Subsequently, the resulting currents are
summed and directed to the inverting terminal of the op-amp. Additionally, the learning signal S; can
be supplied through the non-inverting terminal of the op-amp, which serves as a common third
terminal for all memristive synapses. The op-amp.now plays a critical role in the learning process. It
creates a virtual short between the non-inverting (+) and the inverting (-) inputs. l.e. a voltage

S; applied to the non-inverting input will be mapped to the inverting input. As a consequence, when
an input signal S; arrives at (-) simultaneously as the learning signal S; at (+), the total voltage over

each device corresponds to S; —Sz. The combined effect of S; and S; builds up a voltage that is large

~N
enough to induce a synaptic conductance change of those memristors with a signal S;. The non-
volatile memristors thémkeep the.new conductance (weight). Thereafter, even without a learning
signal Sz, an input signal.S; applied to a memristor with a low conductance would be transmitted
through the memristor and generate a similar output signal as seen when S; was present. Sour is then

fed to a non-linéar activation function that suppresses noise and enhances salient signal components.

This concludes the PN circuit.

The design of our glectronic neuron circuit has two critical conditions to work: first, the learning
signal S; must not be affected by memristive changes. Second, changes in the output voltage Soyr
induced by subsequent circuitry must not propagate backwards. An op-amp satisfies both conditions

because its near-infinite input impedance at both the inverting and non-inverting terminals, coupled
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with its near-zero output impedance, prevents signal interaction.
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Figure 2 Associative Learning: (2) Pyramidal neuron (PN) model showing input signals S; basal synapses w; a learning
signal coming from the apical dendrites S;, and output signal travelling through the axon Syy7. (b) Perceptron equivalent
of the PN model. (c) Our electronic implementation of the PN model consisting of two Ta>Os-based memristors as
synapses and an op-amp), togetherwith few more passive elements. The input voltage S; applied to the memristors in
parallel generates currént which is summed up and directed to the inverting input of the op-amp. S; is applied in the non-
inverting input, shifting the'reference voltage at the inverting terminal of the op-amp. In consequence, S; drops in every
memristor changing the susceptibility of every memristive synapse to switch. The result of the multiplication and
summation can be read in the outputof the op-amp, Syyr. To emulate the function of a full perceptron, an activation
function follows.Syyr- (d) Experimental demonstration of associative learning. During the training phase, only a signal S,
consisting of a sequence of 0.4V pulses is applied to the upper memristor while Sp stays at 0V. Simultaneously, S;, a
plateau potential of -0.4V, shifts the reference voltage of both devices. Effectively, 0.8V drop in the first memristor with
weight wgpwhile 0.4V in the second one with weight w;. In consequence, the first memristor undergoes switching,
whergas the other one does not. This is observable in the test phase (see zoom-in on the right), where Sy, responds to the
pulsing of a signal S, (i.e. the upper memristor is conductive) and there is no response to a signal Si (i.e. the bottom
memristor.is non-conductive). These experimental results are in agreement with our simulations (see supplementary
section 1.5 Appendix E).

We now experimentally verify that our circuit works as expected in Figure 2(d). The input signals S;
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is formed by a series of ms-long pulses representing the neuron inputs and S; emulates thedearning

signal coming from apical dendrites, which consists of long sustained potential pulses.

When the learning signal S; is applied to the non-inverting input, it shifts the potential at the
inverting input by S;. In consequence, the voltage across the memristors becomes Sy — S; . The upper
memristor with weight w, receives a non-zero signal S, during the training phase, resulting in a total
voltage drop of S4, — S;. When the accumulation of S4 — S; exceeds the memristive threshold, the
memristor transitions from the low conductive state (LCS) to the high eenductive state (HCS). The
memristor retains the state due to its non-volatile nature and, therefore, ledrns that correlation.
Conversely, input Sp is a zero signal, and thus, the lower memristor with weight w; does not switch
because Sz — S, = S}, is insufficient to induce a change. Thereféréyfuture inputs in S Will not propagate to
the neuron. Notice that in this experiment, we reset unwanted switching events occurring during the

learning phase through a pruning phase included in the training.

Finally, we verify the proper operation in the test (interference) phase. The output signal in the blue-
shaded area demonstrates that the circuit learnedsuccessfully. When applying an equivalent input

signal to S and Sg, only the upper memristor wgwhich,switched to the LCS leads to a response at

SOUT'

In brief, this basic unit emulates an electronic perceptron, the central component of neural networks

and can be trained by a learning signal enfoercing the desired neuronal activity.

A S

3.2 Showcase: Reconfigurable Circuit

The previously introduced reconfigurable electronic perceptron is a building block for a neural
network capable of performing linear operations. However, [38] demonstrated the need of multiple-
layer networks to Solve nonlinear problems, XOR being their main benchmark. Following the same
logic, in this section, we stack multiple associative units which can be trained to solve nonlinear and
linear problems. For simplicity, we focus on the fundamental logical operations, XOR, AND and OR,

which are the bases of any Turing computable function.

To this end, we build a small population of three neurons, see (a), arranged in a 2-2-1 network. It

consists of a two-variable input layer, a hidden layer formed by two neurons, and a single-neuron
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output layer, see (b). Each neuron consists of our basic associative unit from Figure 2(c): To form a
layer, multiple nodes are placed in parallel, and the sequential arrangement of layers yields a deeper

network, see (c).

(a) S Apical
H dendrites
f /8

_dendrites -

N
N

Sa

Input
layer Hidden layer Output layer

Figure 3 Reconfigurable circuit capable of computing both nonlinear and linear operations: (a) Small population of PNs.
Two inputs S and Sy are applied to two basal dendrites of two different PNs and a learning signal S; is applied through the
apical dendrites. Their outputsiare routed towards a third PN, which outputs Sy at the axon. This creates a neural network
with a 2-2-1 configuration fetmedby 2 inputs, 1 hidden layer with two neurons and 1 output layer with 1 neuron. (b) Sketch of
the respective network. (c) Reconfigurable circuit capable of performing XOR, AND and OR operations. Our reconfigurable
electronic circuit is developed from perceptrons or associative units, see Figure 2(c). The electronic synapses are Ta>Os-based
non-voltatile memristors, whereas the activation functions are Ta>Os-based MIM tunnel junctions. In this circuit S, and Sy are
fed to the positive electronic synapses, while their inverting counterparts S, and Sy are applied to the negative ones. All those
devices are subjectto a common voltage shift generated by S;. The output signal is filtered by an activation function and
routed into the output layer.

The design of our electronic neural network has three critical considerations: first, synaptic weights

must be able to adopt negative values but memristive conductance is inherently positive. Second, to

10
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1

2 realize non-linear operations, we require elements with a non-linear response. Third, thexdissipation

3

4 of the signal when being transmitted through resistive elements requires an active gain to.avoid

5 .

6 signal loss.

7

g To realize positive and negative synaptic weights, each synapse is implemented as a pair of hon-

10 negative conductance memristors of opposite polarity, one driven by the input.and one by its inverted
11 . . . 2 >

12 copy. Because both currents are summed at the inverting terminal, the efféctive weight seen by the

:i neuron is the difference of the two conductances, which can take either.sign while each individual

15 conductance remains strictly positive. This results in two perceptrons with'inputs S,, Sz and Sy, S,
16

17 respectively. Second, to implement non-linearities, we include a MIM tunnel junction at the output of
18 . . . . . e .

19 the op-amp, which filters the signal. Third, to compensate forthe signal dissipation, we take

;? advantage of the gain determined by the feedback resistor of the op-amp.

22

23 A schematic of the reconfigurable circuit is displayeddfni(c). In a similar manner as realized in Figure
24 'S

25 2, the input signals S, and Sg consists of a train of pulses while' S; consists of long sustained potential
26 : .. .

57 pulses. As before, currents through each memristor of an associative unit are summed up and fed to
;g the inverting terminal of the op-amps. Subsequently, after propagating through the MIM activation
30 functions, the two signals are added and transmitted through an op-amp to reach the output signal

31

32 Sour- During training, S; is applied to the non=inverting terminal. For more details about the

33 . . . . .- .

34 electronic components employed for the experimental realization of the circuit in (c), see Section 5.
35

g? Figure 4 illustrates the experimentalresults of training the circuit to implement XOR, AND and OR
38 operations. Each experiment is divided in training and test phase. We define a high pulse as a binary
39

40 'l' and a low or absent pulse asabinary '0'. Holding the input S, and Sp (yellow) identical, Spyr

j; (brown) changes duringthe test phase in response to a different S; present during the training phase.
ji More specifically,a weak S; leads to AND operation and a strong S; to OR. For the non-linear

45 example XOR e requir€ a positive and a negative S; to induce learning in memristors with both

46

47 polarities.

48

gg To further clean up the signals and eliminate the small spikes at the output one could add a

g; comparator downstream of Sy, which digitizes the signal by mapping values above and below a

53 specifie,threshold voltage to high (1) and low (0) logic states, respectively (see Supplementary Figure
54

55 1).

56

57

58

59 11
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Figure 4 Experimental Result of Reconfigurable Circuit: During the training phase, two inputs consisting of alternating
pulsing sequences of approximately 100 pulses 0.4ms long are applied, see S, and Sp sequences (yellow). Training is
initiated by applying any of the three possible learning sequences S; anp»S1. or Sixor (green). In the inference or test phase
(see the brown section in the zoom-in), the result of the learning process is revealed. While keeping the inputs S, and Sg
identical, the output signal Sy (brown) during the test phase/depends upon’the learning sequence. Particularly, applying
alternative bias, in turn, causes the network to output XOR, a non-linear operation. Furthermore, mild negative bias induces
an AND operation response, while strong negative bias leads to an OR-0Operation. The table in the right side shows the truth
table to facilitate the mapping to the operations during the test; indicated with indexes over the pulses.

3.3 Showcase: Compressed MNIST Classification

Based on the mathematical derivations of Target Learning, our memristive PNs can learn any
function (see Supplementary, Sectial 1.4, Appendix D). To demonstrate scalability beyond
fundamental computational primitives, we elevate the task complexity by evaluating our PN circuit
architecture on a compressed version of the MNIST dataset. This benchmark is executed using a
physics-based SPICE hardware simulation to capture realistic circuit dynamics. Unlike conventional
software-based machine learning frameworks that rely on idealized mathematical abstractions, our

SPICE simulation models the analog transient behavior and device-level dynamics of the circuit.

We start by downsampling the standard images to a low-resolution 8x8 pixel format. This helps to
reducethe high.eomputational demands inherent to component-level transient simulation, see Figure
5(a). To encode the signal, we map pixel intensity to electrical pulses: white and gray pixels receive a
voltage amplitude proportional to their grayscale value (scaling continuously between 0 V and a
maximum pulse voltage), while black pixels yield no electrical input, see Figure 5(b). In a next step,

see Fig. 5(c), we flatten the two-dimensional pixel array into a one-dimensional vector, yielding an

12
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51 Figure 5 MNIST classification via target learning. (a) Representative downsampled 8x8 pixel MNIST images. (b)

52 [llustration of a'training example (T1), where black pixels translate to zero voltages and grayscale pixels translate to the
53 applied pulses.{c) The 64 pixels of an image are first mapped to a training vector (e.g. T1). Subsequently, up to 100

54 training samples from within a digit class are lined up and used for training e.g. Lable “1”. The testing is then performed
55 with:30.testing samples per digit. (d) Circuit implementation, featuring a complete pyramidal neuron (PN) circuit for each
56 digit class with dedicated potentiating and inhibiting units driven by positive and negative pulses, respectively. The

57 output could be implemented by appending another PN neuron as indicated inside the blue dashed line. Here, it is not
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included in the simulation. (e¢) Confusion matrix for a 5-digit classification task (digits “0”—“4""). Showing,antaverage of
68.7% accuracy.

input layer dimensionality of 64. We apply a localized learning signal, S;, concurrently with the
corresponding training class, targeting it exclusively to the neuron representing the cortect class
(digits). For the training protocol, we concatenate the input image vectors of the same classes
sequentially. The practical implementation of this learning process is depictediin Figure'§ (d). A
dedicated electronic neuron, configured with a complementary potentiating and inhibiting column,
detects each distinct digit class. The potentiating column processes thenon=-inverted input vector,
whereas the inhibiting column receives the inverted signal. Both pathways adhere to the circuit
topology of the associative pyramidal neuron detailed in (c) of the'main text, where we route the
learning signal to the non-inverting input. Upon spatial summation of the weighted inputs, a MIM
tunnel junction applies a non-linear transformation to resolve the resultant output signal, Sour, see
Figure 6(b). While the output calibration was done in software, it could be realized with another

small PN neuron at the output, indicated by blue dashed lines. This will be realized in future work.

We evaluate this architecture on a 5-class subset (digits "0" to "4") (see Figure 5(d—e)), utilizing 100
training samples per digit and 30 testing samples per digit. Our physical PN model (based on
experimental data) achieves an accuracy of 68.7%: This simple setup yields already 69% accuracy,
despite being a hardware-constrained proof-of-concept: the classifier consists of a single-layer
network, the training set is restricted tova small sample of compressed MNIST images, and the
learning signal is a simple binary vector. Qur primary objective was to demonstrate hardware
viability rather than maximize classification benchmarks. Future work will focus on scaling the
physical network to multi-layer‘architectures and refining the learning signals to improve

classification accuracy on high-resolution datasets.

4 Conclusion

This work introduces a proof-of-concept circuit supporting on-chip training, opening new pathways
towartds fully independent neuromorphic systems. Inspired by a biologically validated learning
process, learning signals enforce the desired neuronal activity and the optimization occurs while
minimizing the enforcing signal. The proposed bio-inspired circuit aims to provide a device-agnostic

solution, tolerant to device non-idealities (see Figure 3-5).
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; We have selected filamentary memristors to function as the electronic synapses, as theindynamic

431 responses closely resemble those of biological synapses. Together with an operational amplifier and
Z other passive elements, our simple circuit is capable of deploying associations. We utilize this

; building block to create a network with a hidden layer capable of realizing more complex:nonlinear
9 operations like XOR, and to reconfigure it to perform other logical operations like AND and OR.

:(1) Furthermore, we demonstrate the scalability of our framework by applying it to a hand-written digit
g classification task using a compressed MNIST dataset.

14

15 Our circuit can be extended to contain multiple inputs per neuron and mulfiple hidden layers. Doing
1? so would allow for more complex operations. Moreover, our current,circuit s not restricted to digital
:g operations, as memristive elements can exhibit analogue tuneability, thus enabling analogue

;? computation. Both require finding the appropriate learningsignals, which can be done by an analog
22 circuitry [39]. Combining existing approaches to find target signal together with our memristive

;i circuit will be considered in future work. .

25

;? To our knowledge, this work represents the first. demonstration that implements the recently

;g discovered TL algorithm natively on-chip with memristors. Our neuron models rely on hardware-
30 native local learning rules, which relax the stringent hardware requirements typically associated with
g; BP, making the model suited for physical implementation on analog devices.

33

34

35

36

37 . N

38 5 Materials and methods

39

j? 5.1 Memristor characteristics

42

ji A memristor, or resistive switch, is an electronic device whose internal state changes under an

45 external influence [40,41]. The signature of these devices is a “pinched” hysteresis loop in their

j? voltage-current (V-I) characteristics, which is constrained to pass through the origin, see Figure 6(c).
jg In this study we focus on a specific subclass of non-volatile memristors referred to as filamentary

g? memristors ot resistive random-access memories (RRAM). Those devices exhibit multi-level

52 resistive switching and non-volatile retention, wherein the programmed resistive state is maintained
gi without anrapplied external signal. The switching mechanism of this system is governed by the

gg formation and dissolution of a conducting filament within an insulating layer induced by the

57 application of a voltage to the metal/insulator/metal (MIM) structure [42].
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Depending on the filament condition, the device can switch between High ConductancesState (HCS)
when the filament is formed, and Low Conductance State (LCS), when the filament is ruptured.
Under a sufficiently high voltage input, the device undergoes a SET process, where it transitions
from LCS to HCS. In contrast, a voltage in the opposite polarity switches the‘device backito LLCS
through a RESET process, see Figure 6(d). Notably, these events occur exclusively when the applied
bias reaches the so-called SET and RESET voltage thresholds.

5.2 Device fabrication

In the case of the electronic synapses or non-volatile memristor,we employ a well-known structure
composed of Ta/Ta,Os/Pt with a nominal lateral size of 200 nmy[43,44]. The 10 nm thick Ti adhesion
layer and the 40 nm thick Pt bottom electrode of the Ta/TaxOs/Pt stack were consecutively deposited
on a 300 nm thick SiO> on Si substrate by electron béam evapogation at a base pressure of 10 mbar
at a rate of 0.1 nm/s and 0.05 nm/s respectively. The following 10 nm thick Ta>,Os was deposited by
reactive HiIPIMS Magnetron Sputtering from a Ta target in a plasma formed by a ratio of 45 sccm Ar
and 5 sccm O at a base pressure of 5 mTorr using,150°'W RF power. As an attempt to narrow the top
electrode area, nm-sized holes were patterned and etched in the Ta,Os layer using Electron Beam
Lithography (EBL) and Reactivelon Etching (RIE) below 100 nm, leading to area-dependent depths
ranging from 2.5 to 7.5 nm deep. In the next step, the 40 nm Ta top electrode and 20 nm Pt capping
layer were deposited using HiPIMS\Magnetron Sputtering. The Ta layer was deposited using 130 W
DC Sputtering at a base pressure of 6.mTorr and 45 sccm Ar flow. In contrast, the Pt layer was
sputtered at 100 W RFE¢spuittering at 6 mTorr and 45 sccm Ar flow. To finalize, the contact electrodes
were composed by 10.am thiek Ti and 90 nm thick Au, both deposited consecutively using electron
beam evaporation. This final layer was patterned using standard photolithography whereas the rest of

the layers were patterned.using EBL, see Figure 6 (a).
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(a)
Top and side view of both devices
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Figure 6 Device characteristics. (a) False-colored scanning electron microscopy image of a representative sample with
their respective cross-sections (vertical cut along red ling). Artistic illustration of MIM tunnel junction (left) and
filamentary memristor (right). Both device types share the same layout (top and side view shown in the middle).
Primarily, the difference is the insulating thickness, being ~2 nm for the MIM tunnel junction and ~5 nm for the
Memristor. (b) I-V characteristics of MIM tunnel junction. The yellow trace corresponds to the I-V response from the
tunnel junction simulation model. (¢) I-V characteristics of a Ta,Os-based memristor. The yellow trace shows the I-V
response of our memristor simulationl model.(d).Equivalent conductance response.

The fabrication process of the. MIM tunnel junction used as the activation function closely resembles
the nonvolatile memristor's,one. On top of the Ti/Pt bottom electrode, a 2 nm thick layer of Ta205 is
sandwiched by the top 80nm thick Ta electrode capping it finally with 30 nm thick Pt layer. In this
case, no hole etching was performed. To finalize, the contact pads were evaporated using 10 nm thick

Ti adhesion layer and 190 nm thick Au, to ensure good ohmic contacts, see Figure 6 (a).

5.3/ Device custom models

To investigate the correspondence between the electrical behavior of filamentary memristors and

basal synaptic dynamics, we developed a phenomenological model capable of predicting the device's

17



oNOYTULT D WN =

AUTHOR SUBMITTED MANUSCRIPT - NCE-100641.R1 Page 18 of 23

evolution under specified electrical stimuli, Figure 6(c). This approach abstracts the underlying
switching mechanisms but accurately captures the essential dynamics of the memristive state, x, in
response to external voltage inputs. To account for the influence of the system's history on the
evolution of x, we employed a self-consistent dynamical simulation model, adapted by ptrevieus

simulation models such as [45].

The maximum current / and the HCS, G,om ncs are influenced by the value of a series resistor Rs

— ( Vdrive _

and the input voltage Varive, Gem = ; R,)™! . They are determined at any given time stamp

~
dt by the internal state x. x represents the internal evolution of the filament, being 1 when the filament

is fully formed and 0 when the filament is broken. When comparing to.the¢ PN model in [17], the
internal state x could be interpreted as the synaptic strength, where x=1 implies a strong connection,

while x=0 indicates a weak synapse.

Regarding the modeling of the activation function device, the ngn-linear I-V characteristics are
approximated by a superposition of two distinct transport regimes. At low bias, transport is
dominated by Direct Tunneling (DT), described by.a third-order Taylor expansion, I = GyV +

aV? + yV3, which accounts for the junction's zero-bias'conductance, G,, inherent asymmetry of the

MIM stack, a, and primary non-linearity, 3.[46]. At higher bias, the electronic transport transitions to
Fowler-Nordheim (F-N) Tunnelingymodeled as Iy « V2 exp (— g), where B represents constant

values. This composite model, combined with a parasitic series resistance, R, behaves like a
threshold activation function, see Figure 6(b). While the discussed MIM tunnel junctions were
selected for these experiments, other components represent a viable alternative with similar

performance, for instance, two antiparallel diodes with different threshold voltages.

5.4 Transfer Function of PN Model

The transfer function of our PN model depicted in Figure 2(c) may be given by:

N wi(x)
Sour =S+ ) 1(SL —Si( wr )
=

whereV.is the total number of synapses. The term w;(x) denotes the conductance (weight) of the i-th

non-volatile memristor which depends on its internal state x, while wr represents the feedback
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conductance of the system. The internal state variable x evolves dynamically over time based on the

applied voltage drop across the device, governed by:

dx
- f(x, S, =S5,

oNOYTULT D WN =

Here, S; — S; represents the programming voltage drop across the memristor terminals.

15 =

16 5.5 Simulation environment and experimental.setup

19 We developed SPICE simulations of our electronic circuits using the open-source simulator LTSpice.
21 We developed custom models of both the nonvolatile memristorused as electronic synapse and the

MIM tunnel junction representing the activation function.

25 The circuit designs were first prototyped on a breadboard to ser:/e as an initial proof of concept.

27 Additional commercial devices were used, afterwards pinned and wired to the breadboard. To access
the fabricated devices, 40 GHz RF Picoprobes were connected using SMA cables. A National

30 Instruments Data Acquisition Card USB=6361"was used to send the analogue input signals S, and Sp
32 and collect the output signal Sy;7. The learning,signal S; was applied using a Keysight Arbitrary

34 Wave Generator 33500.

The reconfigurable circuit wasimeasured in three equivalent blocks as individual perceptrons and the
38 resulting output was used as the input of the following block. To be more precise, each memristive
40 column containing two devices was measured using the RF Picoprobes and lead into an op-amp. The
42 two individual outputs were used as inputs to the output layer where the two MIM tunnel junctions

were connected using the same RF picoprobes and directed into the final op-amp.
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