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Memristive Circuit Implementation of Biological

Nonassociative Learning Mechanism

and Its Applications
Qinghui Hong , Renao Yan , Chunhua Wang , and Jingru Sun

Abstract—Biological nonassociative learning is one of the sim-
plest forms of unsupervised learning in animals and can be cat-
egorized into habituation and sensitization according to mecha-
nism. This paper proposes a memristive circuit that is based on
nonassociative learning and can adapt to repeated inputs, reduce
power consumption (habituation), and be sensitive to harmful
inputs (sensitization). The circuit includes 1) synapse module,
2) neuron module, 3) feedback module. The first module mainly
consists of memristors representing synapse weights that vary
with corresponding inputs. Memristance is automatically reduced
when a harmful stimulus is input, and climbs at the input interval
according to the feedback input when repeated stimuli are input.
The second module produces spiking voltage when the total input is
above the given threshold. The third module can provide feedback
voltage according to the frequency and quantity of input stimuli.
Simulation results show that the proposed circuit can generate out-
put signals with biological nonassociative learning characteristics,
with varying amplitudes depending on the characteristics of input
signals. When the frequency and quantity of the input stimuli are
high, the degree of habituation and sensitization intensifies. The
proposed circuit has good robustness; can reduce the influence
of noise, circuit parasitics and circuit aging during nonassociative
learning; and simulate the afterimages caused by visual fatigue for
application in automatic exposure compensation.

Index Terms—Biological circuit, habituation, memristor,
nonassociative learning, sensitization.

I. INTRODUCTION

B
RAIN-LIKE computing has received increasing atten-

tion [1]–[3]. Neurological studies showed that the learning

ability of neural cells is an important basis for the completion

of learning and memory tasks by the biological nervous sys-

tem [4]. Biological nonassociative learning is a fundamental
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form of learning. In most animal species including humans,

habituation and sensitization (nonassociative learning) provide

an important central adaptation and gating mechanism for the

selective suppression or amplification of sensory information

that reaches higher centers of the brain or their effector or-

gans [5]. The neurons of human brain are in the order of 1011

and form a complex neural network with 103–104 times as many

synaptic connections [6]–[8]. Synaptic structure is the key part

of information transmission between neurons and the basic unit

of human brain cognitive behavior; hence, developing synaptic

devices is of great importance for neuromorphic engineering [9],

[10]. Owing to the plasticity of synapses in the brain, this

organ can process large amounts of information with low power

consumption [11], [12]. In terms of hardware implementation,

an artificial neural network based on the electronic synapses of

traditional complementary metal oxide semiconductor (CMOS)

requires at least 10 transistors to function as a biological synapse.

Therefore, producing electronic synapses with low power con-

sumption and high integration level and building a neuromorphic

system are the key to achieve brain-like intelligence [13]–[15].

Memristor is a two-terminal nonlinear device with analog gra-

dient memory function [16]–[18] and has the characteristics

of easy integration, low power consumption, small size, and

has a regulation mechanism similar to the weight regulation

of synapses [19]–[22]. This device has gradually become an

excellent choice for constructing artificial synapses, designing

neural network and processing images [23]–[34].

The study of biological neurons has received wide attention.

Scholars have proposed various neuron models from different

perspectives. Ben et al. proposed the energy artificial neural

model by introducing the neuron energy supply mechanism

of glial cells into the neuron model and using the biological

principles of glial cells as a basis to support the growth of biolog-

ical neural networks; the model has good self-organization and

self-growth ability [35]. Qian et al. designed a neural network

development algorithm that simulates the regulation of neuro-

transmitters based on the regulatory effects of dopamine and

serotonin during learning to realize the memory and recognition

of the unstructured environment [36]. Hodgkin and Huxley pro-

posed a spiking neuron model to study the effect of ion channel

conduction on axon spike activity [37]. BI and his team proposed

a learning neuron model based on nonassociative learning mech-

anism (habituation) and applied it to deep convolutional neural
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networks [38]; however, this model is only mathematical and

does not consider sensitization. These scholars have designed

the neuron models from various aspects and combined it with

artificial neural networks but failed to discuss the corresponding

hardware implementation. Hardware circuits must be studied to

apply brain-like learning in practice. The key to hardware imple-

mentation of this brain-like design is the simulation of biological

synapses, where the memristor plays a decisive and transforma-

tive role. Xue Yang et al. proposed a three terminal device con-

sisting of an oxide-based memristor and a NMOS transistor for

the practical implementation of crucial nonassociative learning

based on a single electronic device [39]. Bo Zhao et al. proposed

a ZnO nanowire memristor that exhibits habituation and sensiti-

zation behaviors at the electrical and optical stimuli [40]. In the

present work, the key focus is circuit implementation from the

perspective of biological mechanisms. A neuron model capable

of nonassociative learning is proposed, and the corresponding

hardware circuit combined with memristor characteristics is

completed. The proposed circuit can produce spiking waveforms

when the total input reaches the threshold, simulate the functions

of habituation and sensitization, attenuate the output response

when receiving repeated input stimuli, and augment the output

response when receiving a harmful input stimulus. The degree

of habituation and sensitization is related to the frequency and

quantity of input stimuli, and the learning speed can be adjusted

by resetting the parameters of the memristor in the circuit.

The reminder of this paper consists of the following parts.

Section II introduces the biological mechanism of nonassocia-

tive learning. Section III proposes the corresponding mathemat-

ical model. Section IV expounds the circuit implementation of

nonassociative learning and shows the simulation results and

analysis. Section V applies the circuit to simulate afterimages

caused by visual fatigue and the automatic exposure compen-

sation of camera, explicates simulation results, and gives corre-

sponding explanations. Section VI concludes all the findings.

II. BIOLOGICAL MECHANISM OF NONASSOCIATIVE LEARNING

In the nervous system, a large number of neurons com-

municate with each other through synapses to form neural

circuits. Presynaptic neurons release glutamate and transmit

signals to the postsynaptic neurons through the postsynaptic

glutamate receptors (AMPA and NMDA subtypes). Glutamate

binds to the AMPA receptor to depolarize postsynaptic neurons

and generate impulses. NMDA receptors bind to glutamate to

transform presynaptic electrical signals into Ca2+ signals in

postsynaptic neurons and initiate a series of biochemical cas-

cades that changes the synaptic plasticity. The dendritic spines

of neurons can perform neural calculation and integration of

received signals and respond according to the stimulation type

to ensure that the structure and function of synapses change

correspondingly, that is, the plasticity of synapses is formed.

The nature of synaptic functional plasticity can be classified into

long term potentiation (LTP) and long term depression (LTD).

Both can selectively modify the synapses and their functions,

thus strengthening or weakening the synaptic connections and

storing a large amount of information, which is the neural basis

for learning and memory [41].

Nonassociative learning is an implicit or procedural form of

learning that systematically attenuates (habituates) or augments

(sensitizes) an animal’s sensory percept or behavioral response

to a sensory stimulus upon the repeated or continual presentation

of the stimulus [5]. The process is a simple and an unconditioned

way of learning and can be categorized into habituation and

sensitization. Habituation is a process in which the response to a

harmless and repeated stimulus gradually diminishes. Sensitiza-

tion occurs when a weak stimulus produces a weak response and

a strong painful stimulus is followed by a substantially increased

response [42]. Through their work in the sea hare Aplysia,

Eric Kandel and coworkers revealed the neural correlates of

nonassociative learning in lower animals. The distinct neuronal

pathways mediating the gill and siphon withdrawal reflex in this

invertebrate model enable these scholars to record corresponding

synaptic and neuronal activities in the behaving animal and

directly link synaptic plasticity to behavioral plasticity. This

work led to the discovery of various cellular and molecular

mechanisms underlying homosynaptic depression that medi-

ates short-term and long-term habituation and heterosynaptic

facilitation that causes sensitization. Moreover, these different

mechanisms contribute preferentially at different times after

training; hence, the information processed in the neuronal circuit

for the reflex is distributed in space and time [43].

According to the biological theory, the mechanism underlying

simplified nonassociative learning is as follows: 1) the response

of biological neurons to the stimulus gradually decreases when

subjected to repeated similar weak stimuli; and 2) when biologi-

cal neurons are subjected to harmful strong stimuli, the response

of neurons to subsequent stimulation increases, and the degree

attenuates with time.

III. MATHEMATICAL MODEL OF NONASSOCIATIVE LEARNING

On the basis of synaptic plasticity theory, most of the existing

neural models describe the function of neurons as informa-

tion space integration and fail to consider the nonassociative

learning mechanism of biological neurons. We proposed the

nonassociative learning neuron model that is based on classical

M-P neurons and combined with time-space integration and

simplified nonassociative learning. The nonassociative learning

mechanism allows neurons to attenuate repeated, harmless in-

puts and be sensitive to harmful ones.

The structure of the nonassociative learning neuron is shown

in Fig. 1. In accordance with relevant theories of neurobiology

and M-P neuron model, the parameters of this model with

corresponding interpretations are shown in Table I.

The nonassociative learning neuron model can be described

by the following formula:

yj(t) = f

(

n
∑

i=1

xij(t)ωij(t)− θj

)

(1)

∆ωij(t) = g
(

y
j
(t−∆t)ωgj (∆t) + y

j
(t)

)

(2)
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Fig. 1. Nonassociative learning neuron model.

TABLE I
THE PARAMETERS IN THE MATHEMATICAL NEURON MODEL OF

NONASSOCIATIVE LEARNING

ωgj (∆t) =
δ

1 + (∆t)m
, (δ,m ∈ C) (3)

The nonassociative learning neuron model adds up all the

inputs and compares them with the threshold θj to obtain the

corresponding output. The output signal expression can be de-

scribed as: yj(t) = f(
∑n

i=1 xij(t)ωij(t)− θj). Nonassociative

learning mainly includes pattern matching, frequency memory,

and pattern memory. According to the simplified nonassociative

learning mechanism, the output must change depending on the

input weight ω. The input weight expression of the nonasso-

ciative learning neuron is: ∆ωij(t) = g(y
j
(t−∆t)ωgj(∆t) +

y
j
(t)), where g(·) is a function that iterates continuously and

meets the mechanism that the quantity of similar weak (harmful

strong) stimuli determines the degree of habituation (sensiti-

zation), ωgj(∆t) is the frequency memory that describes the

influence of the previous state on the next, depending on the time

interval between the two states and therefore can be described by:

Fig. 2. (a) Habituation, dishabituation and sensitization behaviour observed
in organisms derives from ref. [42]. (b) Simulation results of output signal of
mathematical nonassociative learning neuron model. x1, x2, and x3 are pulse
inputs, y is output signal, θ is the threshold value of the neuron.

ωgj(∆t) = δ/(1 + (∆t)m), (δ,m ∈ C). When the time interval

is short, the weight is higher.

Fig. 2(a) shows the average gill withdrawal during habit-

uation (HAB), dishabituation (DIS) and sensitization (SEN)

in experiments from ref.[42]. When weak stimulus is applied,

the gill enters habituation, and its withdrawal decreases. When

shock is applied, gill withdrawal gradually restores (desensiti-

zation) and enters sensitization. MATLAB simulation result of

mathematical nonassociative learning neuron model is shown in

Fig. 2(b). When repeated weak stimuli are applied, the output

signal declines due to habituation. When strong stimulus (shock)

is input, the output signal increases due to sensitization. The

mathematical model is consistent with the biological experi-

mental results.

IV. CIRCUIT DESIGN OF NONASSOCIATIVE

LEARNING AND SIMULATION RESULTS

A. Memristor Model

This work uses the voltage-controlled threshold memristor

synapse (MS) model proposed by Zhang [44] and based on the
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Fig. 3. Fitting result of memristor model for gradual resistance tuning under
the stimulus of 50 positive pulses and 50 negative pulses.

experimental data of AIST-based memristor. The memristance

decreases (increases) with the presence of potentiation (depres-

sion) pulse, and its rate changes depending on the specific value.

The memristor model with threshold voltage can be described

as:

dw(t)

dt
=

⎧

⎪

⎨

⎪

⎩

µv
RON

D

ioff

i(t)−i0
f(w(t)), v(t) > VTH+ > 0;

0, VTH− ≤ v(t) ≤ VTH+;

µv
RON

D

i(t)
ion

f(w(t)), v(t) < VTH− < 0,

(4)

f(w(t)) = 1−

(

2w(t)

D
− 1

)2p

, (5)

v(t) =

(

Roff −
w(t)

D
∆R

)

· i(t), (6)

where ioff , ion and i0 are fitting parameters that can be adjusted

to describe different memristive devices, w(t) is the width of

doped region, D is the width of whole region, v(t) is the applied

voltage of memristor,µv denotes the average ion mobility,VTH+

and VTH− are positive and negative threshold voltages respec-

tively, f(w(t)) is a window function, p is a positive integer,

∆R = Roff −Ron, Ron denotes the internal low memristance

and Roff denotes the internal high memristance.

Fig. 3 shows the simulation result of gradually con-

ductance using the proposed memristor model with the

following parameters: D = 3 nm, p = 2, ioff = 6.8×
10−5A, ion = 1.2× 10−6A, i0 = 1× 10−6A, µv = 1.74×
10−12m2s−1Ω−1,Ron = 1kΩ,Roff = 10kΩ, VTH+ = 20mV,

VTH− = −40mV. As shown in the figure, the proposed memris-

tor model can describe the resistance change property and thus

was applied in the following simulation.

B. Circuit Design of Nonassociative Learning

On the basis of the proposed mathematical model, a mem-

ristive circuit of nonassociative learning consisting of synapse,

neuron and feedback modules is designed as shown in Fig. 4.

1) Synapse Module: This module is used for programming

synaptic weight and connecting neurons. It multiplies the input

voltage by the weight to obtain the output current, and the weight

is adjusted by the input and feedback voltage. Memristor is

Fig. 4. Circuit design of nonassociative learning. 1) Synapse Module.
2) Neuron Module. 3) Feedback Module.

Fig. 5. Schematic diagram of synapse module in circuit of nonassociative
learning.

used as the input weight of each branch. When the voltage is

higher than its positive threshold, its conductance increases.

Conversely, when the voltage is lower than its negative threshold,

its conductance decreases.

As shown in Fig. 5, with one branch k (k = 1, 2, . . .) of

the entire module, memristance Mk can be programmed by

input voltageuk and feedback voltageuf . Insulated-gate bipolar

transistors ensure that the feedback voltage uf only works when

no input voltage is present. The total current input i sums up all

the current on each branch, flowing into the next module.

i =

n
∑

k=1

ik =

n
∑

k=1

uk

Mk

(7)

Fig. 6 shows that when a weak stimulus (15 mV) is input, the

weight does not change because its voltage is below the positive

threshold of the memristor. When a harmful stimulus (40 mV)

is applied, the memristance Mk decreases and the weight and

the current increases. This finding occurs because the input

voltage is higher than the positive threshold and conforms to

the mechanism of sensitization. Without input, the feedback

works. When feedback voltage is below the negative thresh-

old, the memristance increases, and the weight decreases, thus

conforming to the mechanism of habituation.

2) Neuron Module: This module is used for outputting pulse

voltage corresponding to the input current when the input is

higher than the threshold. When the input falls below the thresh-

old, the neuron will have no output. The schematic diagram of

neuron module is shown in Fig. 7 and the circuit construction of

operational amplifier is shown in Fig. 8.
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Fig. 6. Simulation waveform of synapse module in circuit of nonassociative
learning. The input amplitude of the weak and harmful stimulus pulse is 15 mV
and 40 mV, the duty cycle of the pulse is 20%, and the pulse interval is 5 ms.
The initial value of memristor Mk is set as 4 kΩ.

Fig. 7. Schematic diagram of neuron module in circuit of nonassociative
learning.

Fig. 8. Circuit construction of the operational amplifier.

The frequency response of the operational amplifier is shown

in Fig. 9. It indicates that the bandwidth of the operational

amplifier is approximately 650 kHz.

The system is an integral circuit in which the input current is

fed to the output voltage. When current i is integrated, the output

voltage waveform is closer to biological spiking waveform. If

the capacitor occupying a large area on chip is considered, then

the resistor can be used instead of the capacitor to ensure that

the input voltage can still be amplified. No replacement for the

capacitor is needed because this study focused on the biological

characteristics of the simulation. When the voltage obtained after

integration is higher than the threshold voltage Vs, uo can be

Fig. 9. The frequency response of the operational amplifier.

Fig. 10. Simulation waveform of neuron module in circuit of nonassociative
learning.

output to the next neuron. Hence, the expression for uo is:

uo =

{

−
1
C1

∫
∑n

k=1 ikdt, uo ≥ Vs

0, uo < Vs
(8)

Fig. 10 shows that this circuit can change the output waveform

into spiking waveform, thus improving the robustness.

Owing to the internal structural factors, the operational am-

plifier has a parasitic capacitance, that worsens the stability of

the operational amplifier. In general, the parasitic capacitance

is between a few pF and tens of pF. In this work, the parasitic

capacitance values of 1, 5, 10, 50, 100, 500 and 1000 pF are

simulated, and the error caused by the parasitic capacitance is

statistically measured. The results are shown in Fig. 11. The

error due to parasitic capacitance is between 1% and 2%.

3) Feedback Module: This module transmits the correspond-

ing feedback signal to the input terminal (synapse module) under

specific circumstances and then adjusts the input weight. In

normal organisms, the conduction potential caused by weak

stimulation is within a certain range. In this paper, the potential

caused by weak stimulus is set at 10–30 mV. A stimulus that

produces an electric potential higher than 30 mV is regarded

as harmful. Distinguish the harmful and weak stimuli in this

module is conducted. The schematic diagram of the module is

shown in Fig. 12 and the circuit construction of current source

is shown in Fig. 13.
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Fig. 11. Statistical results of peak errors caused by parasitic capacitance.

Fig. 12. Schematic diagram of feedback module in circuit of nonassociative
learning.

Fig. 13. Circuit construction of current source IS .

Harmful and weak stimuli are distinguished by setting the

threshold value of the CMOS transmission gate switch (S1, S2).

If the stimulus is weak, then switchS1 is off, switchS2 is on, and

the output of the positive voltage V2 is fed into the next circuit.

If the stimulus is harmful, then both switches are on, and the

output of the negative voltageV1 is in series with the output of the

positive voltageV2. The absolute value of the negative voltageV1

is larger than that of V2 because the change in the memristance is

controlled by the polarity and amplitude of the applied voltage.

Hence, the resulting voltage in series has the opposite polarity

to the voltage V2 activated by the weak stimulus. This part of

the circuit in feedback module aims to distinguish the strong

or weak stimulus and output the voltage of different polarities

accordingly.

In habituation, several repeated weak stimuli are needed by

a neuron to enter habituation. Considering that this process is

cumulative and memorized, memristor is perfectly fitted. If the

stimulus is weak, then positive voltage flows into the memristor

Mf and the memristance declines gradually. If the stimulus

is strong, then negative voltage flows into the memristor Mf

and the memristance increases. When voltages V1 and V2 and

memristor parameters are controlled, the memristance declines

slowly under weak stimulus and increases steeply under strong

stimulus. Setting the parameters of the memristor allows the

Fig. 14. Simulation waveform of feedback module in circuit of nonassociative
learning. The input amplitude of the weak and harmful spiking signals uo are
15 mV and 55 mV respectively, the duty cycle of the pulse is 20%, and the pulse
interval is 5 ms. The initial value of memristor Mf is set as 9 kΩ. The threshold
value of memristance required to enter habituation is set as 3.5 kΩ.

memristance to be pushed to the minimum by three weak stimuli

and maximized by one strong stimulus as shown in Fig. 14.

The above circuit works in the presence of an input. The circuit

in the following part adjusts in the input interval. During input

interval, no voltage source input can be found in Mf . Hence, the

current source works. The memristance and the current state of

the neuron can be determined by measuring the voltage at the

negative terminal of the memristor. The feedback voltage to the

input can be adjusted using the CMOS transmission gate switch.

If the memristance Mf is near its minimum (1 kΩ–3.5 kΩ),

namely, the voltage applied to Mf is between 80 and 280 mV,

then the CMOS transmission gate switches S3 and S4 are on,

and the voltage V3 is connected in series with voltage V4 and

enters the input in the form of a feedback voltage. This process

modulates the memristor on each branch of the synapse module.

When the memristanceMk is increased during the input interval,

the output response of the next weak stimulus of the same kind is

reduced with the weight. VoltageV4 gradually adjusts the weight

of the input during the input interval, regardless of whether the

circuit is in habituation mode. This phenomenon occurs because

the weight of the synapses increases due to sensitization and

slowly decreases over time.

Considering that the three weak stimuli must be continuous,

the time interval∆t2 between the weak stimuli can be calculated

according to the memristor model formula:

∫ w1

w0

w(t)

1− ( 2w(t)
D

− 1)2p
dw(t)

=

∫ t+∆t1

t

µv

RON

D

ioff
i(τ)− i0

dτ (9)

∫ w2

w1

w(t)

1− ( 2w(t)
D

− 1)2p
dw(t)

=

∫ t+∆t1+∆t2

t+∆t1

µv

RON

D

i(τ)

ion
dτ (10)
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Fig. 15. Maximum time interval Tmax of the input stimulus at different
amplitudes of input pulse voltage V1 and current source Is.

where w0 is the initial width of doped region, ∆t1 is the pulse

width of the weak stimulus, w1 is the width of doped region

after ∆t1, ∆t2 is the time interval between the weak stimuli,

and w2 is the width of doped region after ∆t2. The parameters

of memristor remain constant, the factors that affect ∆t2 are

the amplitude and width of the input pulse voltage V1 and the

amplitude of the current source Is. The maximum time interval

Tmax between two input stimuli is obtained by using V1 and Is
with different amplitudes for simulation as shown in Fig. 15.

The input time interval must be less than Tmax to ensure that the

system accurately enters habituation.

As shown in Fig. 15, Tmax is proportional to the amplitude

of V1 and inversely proportional to the amplitude of Is. When

V1 increases from 1 V to 2 V or even 3 V, Tmax increases by

approximately 25%–40%. However, the gain of Tmax will de-

crease slowly when 1 V continuously increases due to the limited

doped region of memristor. Similarly, when Is increases from

60 µA to 80, 100, 120 µA, Tmax decreases by approximately

19%–35%. The length of Tmax can be changed in the same order

of magnitude by adjusting the external circuit of the memristor.

The parameters of the memristor must be redesigned to change

the order of magnitude of Tmax.

The current source Is is set to 80 µA to allow the voltage

applied on the memristor to exceed its threshold and the memris-

tance to slowly increase during the input interval. Memristance

oscillation occurs when continuous weak stimulus is input.

When the input interval is smaller than Tmax, the memristance

Mf oscillates below the standard line (3.5 kΩ) as shown in

Fig. 14, indicating that the system enters habituation.

C. Simulation Results

Nonassociative learning is categorized into habituation and

sensitization according to its mechanism.

1) Habituation: Fig. 16 shows the simulation results of the

habituation mechanism in the circuit of nonassociative learning.

When the weak stimulus is input, the resistance of Mk does not

change. The resistance ofMf decreases during the input of weak

stimulus and slowly rises during the input interval. After 18 ms,

the memristance of Mf is lower than 3.5 kΩ when more than

three successive weak stimuli are input, and the system enters

the habituation mode. Moreover, the memristance increase in the

Fig. 16. Simulation results of habituation mechanism in the circuit of nonasso-
ciative learning. When the weak stimuli are input, Mf decreases continuously.
When Mf drops below the given threshold (3.5 kΩ), the circuit enters the
habituation. Because of the feedback signal during the input interval, Mk in
the synapse module keeps rising, thus reducing the output response. When the
harmful stimulus is input, Mf increases significantly beyond 3.5 kΩ, and the
circuit enters dishabituation, and no longer provides feedback signal.

stimulus interval is of the same magnitude as the memristance

decrease caused by the next weak stimulus. In this way, the

system can be stabilized in the habituation mode by oscillating

the memristance around the minimum value.

Dishabituation requires the input of a strong stimulus. At

28 ms, when a strong stimulus is input, the memristance Mk

decreases, enhancing its input current and then its output voltage

uo. In addition, the memristanceMf in the feedback module also

increases rapidly and exits habituation mode due to the strong

stimulus signal. At the next weak stimulus input, the output is

normal because the memristance Mk has been restored. After

47 ms, the memristance Mf is constantly being called back due

to no input.

The degree of habituation is influenced by the frequency and

quantity of weak stimuli. In Fig. 17, the weak stimuli with lower

frequency (1/1.4∆T ) result in lower habituation degree because

there is more memristance Mf callback in the input gaps, which

makes it more difficult for Mf to decline to the minimum value.

Within a certain range, the greater the quantity of weak stimuli,

the higher value of Mk, the lower output voltage uo, the deeper

the degree of habituation.

2) Sensitization: Fig. 18 illustrates the sensitization process

of the circuit simulation. At 20 ms, the harmful stimulus input

causes the memristance in the synapse module to decrease, the

input weight increases, and the circuit enters into sensitization.

Therefore, the output uo stimulated by the next weak stimu-

lus is higher than that before sensitization. And the degree of

sensitization can be cumulative. After 30 ms, two consecutive

harmful stimuli cause Mk to continuously decrease, the weight

of the input continues to increase, and the sensitization becomes

deeper, so the output response increases accordingly. The degree

of sensitization will gradually decrease with time. After 40 ms,
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Fig. 17. Simulation results of different frequency and quantity inputs on
habituation. With the repeated weak stimuli input, the memristance keeps rising
and the degree of habituation deepens. After increasing the input interval, the
speed at which the circuit enters the habituation decreases.

Fig. 18. Simulation results of sensitization mechanism in the circuit of
nonassociative learning. When the harmful stimulus is input, the circuit enters
sensitization, Mk decreases and the output uo augments. With the increase of
the quantity of harmful stimuli, the sensitization of the circuit is deepened. The
degree of sensitization will gradually restore over time.

when the input interval between weak stimuli is long enough,

the memristance Mf in the feedback module oscillates above

the given threshold (3.5 kΩ), then the circuit will not enter

habituation, and the input weight drop is not attributed by

habituation mechanism. At this time, the rise of Mk is caused by

the voltage V4. The output response gradually restores with time

Fig. 19. Simulation results of different frequency and quantity inputs on
sensitization. The larger quantity of harmful stimuli input, the lower resistance
ofMk , the higher output amplitude and the deeper degree of sensitization. When
the time interval between input stimuli increases, the resistance ofMf gradually
rises with time, the amplitude of output decreases and the degree of sensitization
weakens.

and the speed can be programmed by adjusting the amplitude

of V4.

Analogously, the degree of sensitization is influenced by

the frequency and quantity of harmful stimuli. In Fig. 19, the

harmful stimuli with lower frequency (1/1.5∆T ) result in lower

sensitization degree because of more memristance Mk callback

in the input gaps. Within a certain range, the greater the quantity

of harmful stimuli, the lower value of Mk, the higher output

voltage uo, the deeper the degree of sensitization.

D. Circuit Analysis

In the actual process, the signal transmission will have noise

interference and the circuit also has aging problems. In this

subsection, the circuit with different levels of random noise and

aging degree is simulated.

We simulate noise inputs with SNR = 31.5 dB, 17.5 dB and

9.5 dB, which is shown in Fig. 20– Fig. 22.

Fig. 20–Fig. 22 reveal the input and output time domain

waveforms under different SNR. Since the output is the voltage

after integration, and there is a certain output threshold in the

neuron module, the impact of noise is reduced.

CMOS mismatch will also affect the entire circuit. Because

the voltage in the neuron module and the feedback module

can be adjusted, the impact of CMOS mismatch is relatively

small. However, the CMOS mismatch problem in the synapse

module will cause a larger error in the input signal, which has a

greater impact on the circuit. Similarly, the aging of the circuit

will also cause errors in the input signal, and even cause the

lack of input. Since these two problems affect the circuit in a

relatively similar way, we have chosen to simulate the circuit
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Fig. 20. Simulation results of SNR = 31.5 dB. The green curve is the input
voltage and the red on is the output voltage.

Fig. 21. Simulation results of SNR = 17.5 dB.

Fig. 22. Simulation results of SNR = 9.5 dB.

aging problem, which has a greater impact on the circuit, and

the simulation of CMOS mismatch is similar. Considering the

problem of circuit aging, when the memristor in the synapse

module is aging and damaged, the input will have a certain

degree of loss or deviation. We consider the worst case is that this

part of the input is completely lost for simulation. We simulated

the different aging degrees of the circuit, and the simulation

result is shown in Fig. 23.

In Fig. 23, after the first two pulse inputs, the circuit goes

into habituation or sensitization. It can be seen that due to the

nonlinear memristor model, the errors caused by circuit aging are

reduced after the circuit enters the habituation or sensitization.

When 10% of the input is aging, the output accuracy of the circuit

Fig. 23. Statistical results of output errors under different circuit aging con-
ditions.

Fig. 24. Statistical results of output accuracy on different degrees of aging.

Fig. 25. Circuit diagram of synapse module after multi-channel memristors
are connected in parallel.

that enters nonassociative learning can be improved from 87%

to 91%. We made a statistical analysis of output accuracy on

different degrees of aging, which is shown in Fig. 24. It illustrates

that when the circuit is in habituation or sensitization mode, the

error caused by circuit aging can be improved by at least 12%.

If the circuit is aging on a small scale, for an example 5%, the

output accuracy is about 96%.

In order to further reduce the influence of circuit aging on

the circuit, multiple memristors can be used in parallel in each

branch of the synapse module according to the nature of biolog-

ical redundancy, which is shown in Fig. 25.

When the memristor in one branch is aging, other memristors

can still output part of the input signal to the next module. We

did a simulation of the circuit with two and three memristors

in parallel in each input branch when the memristor is aging,

and the simulation results are shown in Fig. 26. When the
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Fig. 26. Statistical results of output accuracy on different degrees of aging by
adding multiple parallel memristors.

TABLE II
AVERAGE POWER CONSUMPTION OF MAJOR COMPONENTS IN THE CIRCUIT

memristor is aging in 10% of the branches, the output accuracy

of two memristors in parallel and three memristors in parallel

is 96.5% and 97.1% respectively; when the memristor is aging

in 40% of the branches, the output accuracy of two memristors

in parallel and three memristors in parallel is 83.0% and 89.8%

respectively. It can be calculated from the statistical results that

the parallel connection of two memristors can improve the output

accuracy by about 60%, while the parallel connection of three

memristors can improve the output accuracy by at least 70%.

The power consumption of the circuit is mainly composed of

components such as resistor, capacitor and CMOS. The average

power consumption of the circuit is obtained according to the

simulation report of PSPICE, which is shown in Table II. It

can be seen that the power consumption of resistors and CMOS

accounts for the majority, and the power consumption of other

components is not of the same order of magnitude. The power

consumption of resistance is mainly related to the voltage pro-

vided, so in the case of ensuring the accuracy of the memristor,

the voltage threshold of the memristor can be appropriately

reduced, the energy consumption of the circuit can be reduced.

V. APPLICATION OF CIRCUITS

A. Visual Fatigue

Visual fatigue is a kind of fatigue syndrome caused by eye

symptoms such as blurred vision and sore eye socket after a

long time of improper use of the eyes. Color asymmetry is a

common phenomenon in stereoscopic display system, which

can cause visual fatigue or visual discomfort [45]. In this paper,

Fig. 27. Process of color vision.

visual fatigue is analyzed and simulated from the principle of

complementary color balance.

There are three kinds of color-sensitive cones on the retina,

which are sensitive to red, green and blue wavelengths. In the

pathway of the optic nerve to the visual center, the reactions

of the vertebral receptors are recombined to form three pairs

of corresponding neural responses, and finally produce various

color senses in the visual center of the cerebral cortex [46]. This

is the process of what we called color vision. The physiological

characteristics of color vision cause some special phenomena of

color vision, such as afterimages [47]. Afterimages are optical

illusions that appear in one’s vision after the exposure to the

original picture has ceased. For example, place a color pattern

on a white background, watch for a minute and then remove

the image. A complementary pattern of the original color will

appear in the background. This is because the retina reacts to

external color stimuli by producing certain opposite color pairs.

Due to visual fatigue, when the stimulus stops, another reaction

of the opposite color becomes active, and complementary colors

of the original color are produced in the vision.

To simulate this phenomenon, we simplify the visual model

first. Provided that the image the eye sees is made up of pixels,

this paper will analyze the image from 3× 3 as is shown in

Fig. 27. According to the above biological principles, the inten-

sity received by the three cones should correspond to the RGB

value of the pixel. The corresponding circuit structure diagram

is shown in Fig. 28.

On the basis of the nonassociative learning neuron model,

the cones model mainly uses habituation mechanism and turns

into three channels, which represent red, green and blue. ui(i =
R,G,B) is the power source in the pixel received by the

cones. Ri(i = r, g, b) is the photoresistor which is sensitive to

the corresponding frequency of light. When the frequency of

the input light is the right frequency of the photoresistor, the

resistance value of the photoresistor decreases, and the input

voltage of the system increases. Otherwise, the voltage input into

the system is very small. u′
i(i = R,G,B) represents the result

signal transmitted to the visual center after processing by the

cones. Assuming that the voltage corresponding to the maximum

strength of the input is umax ≡ ui ·Ri/R ≈ ui, (i = R,G,B),
where R is far greater than the minimum resistance of the
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Fig. 28. Circuit design of cones model. ui(i = R,G,B) is the input voltage
representing the intensity of the three primary colors in the pixel received by the
cones.u′

i(i = R,G,B) is the output voltage representing the signal transmitted
to the visual center after processing by the cones.

photoresistor when the light intensity is strong enough, then

the corresponding output voltage is u′
max, which can be divided

into 256 equal regions, each representing one brightness level in

the RGB color system. According to the comparison of output

voltage and maximum output voltage u′
max, the corresponding

image can be obtained by recombining the three channels.

Provided that there is a red object in the middle of a white

background, stare at the red object for a period of time, and then

move the red object away, the background color of the object

will turn into its complementary color. The simulation of this

phenomenon is illustrated in Fig. 29.

Fig. 29 shows the signal from the visual intermediate region

to the visual center of the brain. The first 32 s indicate that the

middle area is red object, and people have visual fatigue to the

red object around 22 s. When the 32 s remove the object, the

green and blue colors are received by the cones because of the

white background. While the intensity of red’s transmission to

the visual centers is diminished. According to the proportion of

the weakening strength, we can find the corresponding comple-

mentary color, which is shown in Fig. 30. All the time span and

the extent of visual fatigue mentioned above can be adjusted by

the memristor parameters in the cones model. If this mechanism

Fig. 29. Simulation results of afterimages on the occasion of staring at the red
object on a white background for a period of time. The amplitude of the input
pulse is 15 mV, the duty cycle of the pulse is 10%, and the pulse interval is 1 s.
The initial value of memristor Mk is set as 4 kΩ. The initial value of memristor
Mf is set as 9 kΩ. As the red cone circuit gets tired of the red input, when white
signal inputs, it will turn to the corresponding complementary color due to the
red weakening.

Fig. 30. Schematic diagram of afterimages. Look at a red object against a
white background after a period of time. Move the red object away and the color
in its original position will become a complementary color to that red object.

is applied to the field of fatigue driving, it can effectively prevent

the visual fatigue caused by staring at the road or other objects

for a long time.

B. Automatic Exposure Compensation

Exposure is an important technical index of photography. It

refers to the process of light receiving by the sensor of digital

camera into visible image [48]. The photometry system of a

camera mainly determines the exposure value by measuring the

reflected light and the intensity of the reflected light of the object

is mainly affected by the brightness of the external surface of the

subject. White or light-colored objects have higher reflectivity,

while black or dark-colored objects have lower reflectivity.
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Fig. 31. Schematic diagram and mechanism of automatic exposure compensation.

However, the photometric system of a camera does not consider

the intensity of the subject itself, but only the intensity of the

reflected light. After converting the sensitivity selected by the

camera and the aperture selected by the photographer to the

exposure time, the subject will be restored to the image with a

medium brightness of 18% reflection rate. In other words, the

photometry system only provides the exposure value according

to the standard of neutral gray brightness reduction [49]. Ex-

posure compensation therefore becomes very important in the

special environments.

Exposure compensation is to compensate the deviation of

exposure and correct the error of exposure. The general practice

of the exposure compensation is: if the picture is too dark, want

to light up some more exposure; On the contrary, if the picture

is too bright, want to be darker, reduce the exposure [48]. On

the camera, the exposure compensation is usually displayed

as a scale, either numerical or with the word EV (exposure

value) or picture logo. By default, the exposure compensation

is 0. The exposure compensation of the camera is expressed as

“–” and “−” for positive and negative, and “–” for increasing

exposure on the basis of measuring the exposure amount. The

“−” represents the reduced exposure, and the corresponding

number is the compensation exposure series (EV). EV is a

quantity that reflects the amount of exposure. It also reflects

the combination of aperture and shutter speed, as well as the

brightness and sensitivity settings of the scene. The exposure

compensation amount of the camera is represented by +2, +1,

0,−1,−2, etc. The exposure compensation range of most digital

cameras is set within EV plus or minus (there are also up to

level 5), but the addition and subtraction are not continuous,

and the interval is a jump with the stage difference of 1/2EV

or 1/3EV. Take the interval of −2 to +2EV as an example,

which is 1/2EV interval, there are compensation values of−2EV,

−1.5EV, −1EV, −0.5EV, 0EV (default value), +0.5EV, +1EV,

+1.5EV, +2EV.

By applying the nonassociative learning model, an automatic

exposure compensation circuit model with the implement of

continuous EV is proposed. The schematic diagram and mech-

anism is shown in Fig. 31. The photodiode in this circuit can be

realized by CMOS integration [50].

Provided that the camera has a pixel of m× n. With the

sensor, we can obtain the measured light intensity of each pixel

and convert it into the corresponding voltage. When the high

voltage generated by the strong light intensity passes through the

memristor, the memristance decreases and the resulting voltage

is greatly increased. When the voltage generated by normal light

intensity passes through the memristor, the memristance stay

constant. By summing up and the then integrating current results

of all the pixels, the system came up with a voltage. Compared

the result voltage with Vs, which represents the standard of

the overall light intensity of the image, then comes out the

corresponding voltage of EV. If the result voltage is higher then

Vs, the camera will be underexposed, so it can be automatically

adjusted to the corresponding exposure compensation according

to the amplitude of uEV . If the result voltage is lower then Vs, it

means the camera is working well and no exposure compensa-

tion is required. As for the standard voltage Vs, it can be set by

studying a large number of pictures. When the shutter is pressed

or the photo is taken, there is no input to the sensor, and the

memristance will restore its initial state through the feedback

voltage. The maximum output voltage can be expressed as:

(uEV )max =
1

C1

∫ t1

t0

u11

M11
+

u12

M12
+ · · ·+

umn

Mmn

dτ (11)

Because the circuit has the ability of sensitization learning, the

memristor M of the high-voltage stimulus branch decreases and

the input weight increases accordingly, so that the corresponding

output voltage component ofuEV can be increased by more than

one order of magnitude. The resulting voltage can largely reflect

the amount of high voltage input, namely the amount of strong

light intensity. This can avoid the darkening of the picture as a

result of individual areas being too bright. The simulation results

of automatic exposure compensation are shown in Fig. 32. When

the background has a certain light intensity, the picture will

be darker overall. At this time, a certain picture quality can

be improved by exposure compensation. The specific exposure

value, which is linear to uEV , can be calculated by the circuit in

real time.

The comparison between the proposed neuron model and

other neuron models is listed in Table III.

Judging from the input signal waveform, the proposed neuron

can only accept pulse input, and the perceptron neuron and

competitive neuron can only accept non-pulse input, while LIF

neuron can be used for both pulse and non-pulse input. Judging
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Fig. 32. Simulation results of automatic exposure compensation.

TABLE III
THE COMPARISON BETWEEN NONASSOCIATIVE LEARNING NEURON MODEL AND OTHER NEURON MODELS

from the output signal waveform, because both the LIF neuron

and the proposed neuron are bionic so that output spikes, while

both the perceptron neuron and the competitive neuron output

non-spike pulses. The four neurons can adjust the amplitude

of the output signal. Besides, the LIF neuron and the proposed

neuron can also adjust the frequency of the output signal. And

LIF neuron uses capacitors to store time information, while

nonassociative learning neuron has memristors, which also con-

tain time information. Due to the different learning algorithms,

both perceptron neuron and competitive neuron belong to super-

vised learning, while LIF neuron and the proposed neuron are

both unsupervised learning. Through nonassociative learning

of the input amplitude, the input weights can be adjusted in

real time, and then the output can be adjusted. The greater

the light intensity, the greater the input amplitude. According

to sensitization learning, a greater amplitude of the output is

obtained, so the final output result can largely reflect the size

of the strong light intensity area. This is also the principle that

this application mainly uses. Because the application is based on

unsupervised learning and perceptron neuron are not suitable.

For the sake of comparison, we compared LIF neuron with the

proposed neuron instead of the competitive neuron for automatic

exposure compensation.

If the nonassociative learning neuron model is replaced with

LIF neuron model, then the maximum output voltage can be

expressed as:

(uEV )max =
u11

R
e−

t1−t0
C +

u12

R
e−

t1−t0
C + · · ·+

umn

R
e−

t1−t0
C

(12)

where R is resistance, C is capacitance, and t1 − t0 is the

sampling time, all of which remain constant. Therefore, when the

circuit is determined, the maximum value of the output voltage
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is only proportional to the light intensity. Due to the lack of

sensitization learning ability, the input weight of the LIF neuron

will not be learned with the amplitude change of the input, so

that the output voltage of the LIF neuron cannot well reflect the

damage of strong light to photos. And a large amount of weak

light input will have a great impact on the output results. Thus

the calculated uEV fails to accurately reflect the exposure that

the photograph needs to compensate for. As can be seen from

Fig. 32, the overall tone of the image processed by LIF neuron

is darker.

Additionally, the proposed circuit also has an automatic expo-

sure compensation mechanism for continuous shooting: when

the object being shot continuously is stationary, since the light

of each picture is close to each other, if the output does not

reachVs continuously, and no exposure compensation is needed,

the camera will enter habituation, and it becomes difficult to

compensate for exposure. In this way, exposure value error

caused by flicker in special cases can be avoided. If the output

continuously reaches Vs and exposure compensation is needed,

then the camera will be more sensitive and the corresponding

exposure compensation will be larger. And there are many other

special scenarios with different exposure mechanisms, which

the circuit can also be used with some adjustments.

VI. CONCLUSION

In this paper, a memristive circuit based on the mechanism

of biological nonassociative learning is proposed, which can

realize the functions of reducing the response to repeated normal

input (habituation) and increasing the response to harmful input

(sensitization). By habituation learning, repetitive inputs can

be filtered and the sensitization learning mechanism allows the

circuit to be sensitive to harmful input stimuli.

Another feature is that the degree of habituation and sen-

sitization is variable with the frequency and quantity of the

input stimuli. Since the memristance has a certain range, the

degree of habituation and sensitization has a certain upper limit.

Within the upper limits, the higher the frequency and greater the

quantity of the input stimuli, the deeper degree of habituation

and sensitization. When the input interval between two adjacent

inputs is too large, the two inputs are not considered to be related

to each other. Similarly, when the input interval between multiple

repetitive inputs is too large, the system does not enter into

habituation because the memristance in the feedback module

oscillates above the standard value. Moreover, the speed of

entering habituation and dishabituation modes can be modified

by adjusting the parameters of the memristor in the feedback

module.

Additionally, the proposed circuit model is accorded with bio-

logical neuron feature. It can output spiking voltage pulse when

the total input signal is higher than the threshold. Square pulse,

triangle pulse and spiking pulse input are all considered. The

simulation results show that the proposed circuit good robustness

and can reduce the influence of noise, circuit parasitics and

circuit aging in the process of nonassociative learning. Besides,

this circuit can be applied in simulation of afterimages caused by

visual fatigue, automatic exposure compensation of camera and

other occasions that are associated with nonassociative learning

mechanism.
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