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Abstract 
Today, Neural network, a powerful learning model, has archived amazing results. However, the current Von 
Neumann computing system–based implementations of neural networks are suffering from memory wall 
and communication bottleneck problems ascribing to the Complementary Metal Oxide Semiconductor 
(CMOS) technology scaling down and communication gap. Memristor, a two terminal nanosolid state 
nonvolatile resistive switching, can provide energy‐efficient neuromorphic computing with its synaptic 
behavior. Crossbar architecture can be used to perform neural computations because of its high density and 
parallel computation. Thus, neural networks based on memristor crossbar will perform better in real world 
applications.  
Neural networks can be classified into three generations. The initial generation of these structures (the 
perceptron) consists of a single artificial nerve cell that can be educated. It is the output of the perceptron 
system when the neurons cross a specified threshold value (threshold), such as 0 or 1. Second-generation 
neural networks are Artificial Neural Networks (ANN) structures that are still in use today. Third-generation 
neural networks are the Spiking Neural Networks (SNN) structure, which attempts to fully mimic the 
working principles of the human brain and communicate via spikes. The Spiking Neural Network (SNN) can 
be constructed using specific network topologies. It becomes smarter and more energy-efficient. 
In this paper, the design of Spiking neural networks based on memristors is introduced. SNN design,  
architecture, computing circuits, and the training algorithms are presented by instances. The potential 
applications and the prospects of memristor‐based neural network system are discussed. 
DOI Number: 10.48047/nq.2019.17.02.2003                                          NeuroQuantology2019;17(02): 216-231 
 
1. Introduction 
With the growing emphasis on autonomy, 
intelligence and an increased amount of 
information required by businesses, traditional 
processing technology can only cope through 
faster hardware with more complex customized 
software. The traditional computation techniques 
of programming were not capable enough to 
solve “hard” problems like pattern recognition, 
prediction, compression, optimization, 

classification and machine learning. In order to 
solve such problems, an interest towards 
developing intelligent computation systems 
became stronger. To develop such intelligent 
systems, innumerable advances have been made 
by the researchers.  Neural networks are often 
capable of doing things which humans or animals 
do well but which conventional computers often 
do poorly[1]. 
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A neural network is, in essence, an attempt to 
simulate the brain. Neural network theory 
revolves around the idea that certain key 
properties of biological neurons can be extracted 
and applied to simulations, thus creating a 
simulated and very much simplified brain[2]. 
Neural networks are one particular approach to 
machine learning, very loosely inspired by how 
the brain processes information. A neural 
network is composed of a large number of units, 
each of which does very simple com- putations, 
but which produce sophisticated behaviors in 
aggregate[3]. 
Neural networks, composing multiple processing 
layers, have achieved amazing results, such as 
AlphaGo, DNC and WaveNet. However 
conventional neural networks based on Von 

Neumann systems have many challenges [4]. In 
Von Neumann computing system, the computing 
process and external memory are separated by a 
shared bus between data and program memory 
as shown in Figure 1.1, which is so called Von 
Neumann bottleneck. In Von Neumann 
computing system, a single processor has to 
simulate many neurons and the synapses 
between neurons. In addition, the bottleneck 
leads the energy‐hungry data communication 
when updating the neurons states and retrieving 
the synapse states, and when simulates a 
large‐scale neural networks, the massages among 
processors will explode [5]. These defects make 
the Von Neumann computing system based 
neural network power hungrier, low density, and 
slow speed.  

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 1.1 Von Neumann computing system bottleneck. 
 

 
In order to overcome these defects, a novel Nano 
device and computing architecture need 
proposing. Memristor crossbar is considered to 
be the most promising candidate to solve these 
problems[6]. Memristor crossbar is a high 
density, power efficiency computing‐in‐memory 
architecture. Memristor, comparing with 
conventional computing system such as CPU and 
GPU, has many advantages. First, memristor is a 
two‐terminal nonvolatile device, resulting in the 
low power consumption [7]. Second, memristor is 
compatible with the CMOS, and it can be 
integrated with higher density [8]. Third, the size 
of memristor is in nanoscale, such that the 
switching speed fast [9]. These characteristics 
make memristor become a promising candidate 
for neuromorphic computing. In recent years, 

many researchers have performed various 
experiments in neural network with memristor 
for synapse and neurons. 
Thus, this paper presents the design of Spiking 
neural networks (SNNs). In this concern, prior to 
the SNN, it is very important to study about 
Memristor and its charcteristics. Memristor and 
its charcteristics are described in the following 
sections. 
 
2. Memristor 
2.1 Memristor 
It is universally known that, the elements R, C and 
L play vital role in the electrical circuits and these 
are also known as, three fundamental circuit 
elemeents. Where as, the Resistors connect 
voltage to current by Ohm's law (v = R.i), 
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Capacitors connect charge to voltage (q = C.v), 
and Inductors connect current to flux (φ = L.i). 
Further, the Charge is the integral upon time of 
the current (q = ∫ i(t) dt) and Flux is integral upon 
time of the vtage. (φ=∫v(t) dt) 
For the sake of completeness, In 1971, Prof. Leon 
Chua reasoned, the existence of a fourth 
fundamental circuit element  that connects the 
charge and flux and named the device as 

Memristor, as a short for 'memory resistor'[10, 
11]. The sixth possible relationship is the 
connection between charge and flux,  φ=M.q, 
where M is the Memristance. It is also described 
by Rmem. 
Further, the Memristor’s characteristics can be 
easily studied from the following Figures (2.1.1 & 
2.1.2). 

 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 2.1.1 Relation between Voltage(v), Charge(q), Flux(φ), Current(i) with R,C,L & M. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 2.1.2 (A) Basic theoretical circuit elements, and (B) pinched hysteresis I–V loop of memristor. 
 
Memristor was conceived by Leon Chua according to the symmetry of circuit theory in 1971[8] and funded 
by HP lab in 2008 [12]. Memristor is a nano two‐terminal nonvolatile device, with a Lissajous’ IV curve. In 
mathematical, the model of memristor can be express as (take an example of HP memristor) [13] 
 
 
i(t) = {1/[RONw(t)+ ROFF(1-w(t)]} . v(t) ........(1) 
 
and 
i(t) = G(φ(t)) . v(t)  ........(2) 
 
Here, w(t) stands for the normalized position of 

the conduction front between the O2− 

vacancy‐rich and O2− vacancy‐poor regions. The 

range of w(t) is from 0 to 1. G(φ(t)) is the 
conductance. The conductance of memristor can 
be continuous changing when applied control 
pulse on the memristor. When the negative pulse 
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is applied, the O2− vacancy moves to O2− 
vacancy‐rich region, which cause the 
conductance decrease, and vice versa. This result 
is similar to the phenomenon in biological 
synapse, such that memristor can simulate the 
dynamic of synapse. 
 

2.2 Symbol of Memristor 
The polarity of the Memristor is represented by 
the thick black line. When current flows into the 
device, the resistance of the device increases (the 
upper arrow). When current flows out of the 
device, the resistance of the device decreases 
(the lower arrow). 

 
 
 
 
 
 
 
 
 

Figure 2.2. Symbol of Memristor 
 
3. Analogy between Memristor and biological 

synapse 
3.1 Analogy between Memristor and biological 

synapse 
The successful preparation of artificial brain-like 
chips has always been considered the basis for 
the development of supercomputers because the 
human brain is the best-known computing system 
with superb parallel computing capability. It is 
generally believed that the main computational 
unit of the human brain is the neuron, which 
receives external input signals through dendrites 
and transmits signals to other neurons via 
connections called synapses. A key feature of the 
bio-synapse is that it can scale the signals that 
pass through, and the scale factor is called 
weight. The learning behavior of the human brain 
is considered to be based on the process of 
changing the relevant synapse weight. Neural 
networks can perform a weighted summation of 
all input signals in the process of calculation. 
With continuous performance improvement, 
neural networks are increasingly deployed in 
some practical industrial applications, including 
manufacturing, asset management, mobile phone 
voice assistance, autonomous driving, and so on. 
Therefore, using memristors to simulate synapses 
is considered one of the key steps to building 
artificial neural networks.  
Nowadays, although artificial neural networks 
have been proposed to solve the von Neumann 
bottleneck, the algorithm of artificial neural 
networks is still based on traditional computers, 
which leads to a series of problems, such as 
limited computing power and low energy 

efficiency. With the advent of artificial 
intelligence, the internet of things and machine 
learning, the demand for computing power has 
increased exponentially.  
For example, for the AlphaGo implemented using 
1200 central processing units (CPUs) and 180 
image processors (GPUs), the power consumption 
is as high as hundreds of thousands of Watts. 
During the learning phase, most of the energy 
consumption is dedicated to the programming 
operations of the memory and the reading 
operations of the synaptic devices. Therefore, 
energy per operation is a key factor for estimating 
the energy efficiency of neuron-inspired 
computing chips. A neural network system 

composed of ∼1011 neurons and 1015 synapses 
can process a large amount of information with 
very low power consumption (20 W), and the 
operation consumption per stimulus is only 1–
100 fJ. Nowadays, most resistive random access 
memory (RRAM) devices show programming 
energy of around 100 fJ–10 pJ, while most phase 
change memory (PCM) devices have higher 
programming energy of 10–100 pJ.  
On the other hand, because the memristive 
device has a very high stack density (<2 nm), and 
the switching speed can be very fast (<0.1 ns), it 
only needs a small amount of energy and can be 
manufactured in a smaller size and the memristor 
can serve as the core hardware for both brain-like 
chips and artificial intelligence algorithms.  
In order to effectively implement neural network 
algorithms, more promising hardware needs to 
be developed, and memristors are expected to be 
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a central component of the new hardware. The 
memristor has great advantages compared with 
traditional devices used in the construction of 
neural networks. The resistive switching behavior 
of memristors can be divided into two types 
according to the resistive changes: analog type 
and digital type. Among them, the resistive state 
of the analog-type memristor is continuous, and 
its conductance can be gradually changed via 
electrical pulses, which can be used to simulate 
the continuous change in bio-synaptic weights 
and bio-neuronal membrane potential under 
external stimulation.  
In addition, being a type of two-terminal device, 
the memristor has a similar structure to the 
neural synapse. The size of the memristor can be 
reduced to the nanometer level, and the 
integrated array density can even reach the 
density of the bio-synapses in the brain, which 
gives the memristor a distinct advantage in neural 
network construction.  
In terms of transmission mechanisms, the 

synapse is typically composed of a presynaptic 
neuron, a postsynaptic neuron, and a synaptic 
gap. The synapse enables signaling and 
behavioral changes through the transmission of 

Ca2+ ions and K+ ions. The top electrode, bottom 
electrode and functional layer of the memristive 
device correspond to the bio-synaptic structure. 

Interestingly, the memristor can also regulate 
conductance by varying the migration of ions in 
the functional layer. At present, in most 
memristors, the change in electrical conductivity 
is the result of ion movements, such as the 
migration of metal ions, oxygen vacancies and 
carriers captured at the interface. Therefore, the 
memristor is capable of acting as an electronic 
synapse and can be further applied in the 
construction of artificial neural networks.  
 Figure 3.1 shows the principle of a memristor 
used to simulate a bio-synapse and its analogy 
with the bio-synapse. 

 
 

Figure 3.1 Analogy between memristor-based neural network and the synapse-based nerve net. 
 
3.2 Memristor as synapse 
Human brain can perform complex tasks such as 
unstructured data classification and image 
recognition. In human brain, excitatory and 
inhibitory postsynaptic potentials are delivered 
from presynaptic neuron to postsynaptic neuron 
through chemical and electrical signal at 
synapses, driving the change of synaptic weight, 

as shown in Figure 3.2.1. The synaptic weight is 
precisely adjusted by the ionic flow through the 
neurons. In neural networks, this mechanism can 
be simulated by memristors. There are many 
samples that memristor used as synapse. In this 
section, we use SNN as a sample to explain how 
memristor used as synapse. 
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Figure 3.2.1 Biological neuron and synapse. 
 
As shown in Figure 3.2.2, a memristor acts as a 
synapse between two CMOSs neuron, which acts 
as pre‐/postsynaptic neurons, respectively. The 
input signal of presynaptic neurons reached the 
postsynaptic neurons through the synapse. When 
a presynaptic spike is triggered before a 
postsynaptic spike, equivalently there is a positive 
voltage applied on the memristor, and then the 
synaptic weight is increased and vice versa, which 
is [13] explained as 
 

Δt =   tpre – tpost ...........(3) 
 
where tpre (tpost) is the pule weight the 
presynaptic neuron (postsynaptic neuron) spikes. 
Δt is the difference between neurons spike time. 
That means, when Δt>0, the synapse weight is 
increased, and when Δt<0, the synaptic weight is 
decreased. 

 
 
 
 
           
 
 
 
 
 
 

Figure 3.2.2 A paradigm of memristor based synapse. 
 
 
3.3 Memristor as neuron 
In biology, the membrane separates the inter‐cell 
ions and enter‐cell ions. Based on the 

electrochemical mechanism, the potential on the 
sides of membrane is balanced. When the 
excitatory and inhibitory postsynaptic potentials 
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are arrived, the signals through the dendrites of 
the neurons and the balance will be destroyed. 
When the potential surpasses a threshold, the 
neuron is fired. Emulating these neuronal 
mechanism, including maintaining the balance of 
potential, the instantaneous mechanism, and the 
process of neurotransmission, is the key to 
implement biological plausible neuromorphic 
computing system [14]. 
When a memristor is used to act as a neuron in 
neural networks, it is not essential that the 
conductance of memristor implement continuous 
change, instead to achieve accumulative 
behavior. When competent pulses applied, the 

neuron is fired. These pulses can change the 
conductance state of memristor. 
3.4 Memristor crossbar 
Memristor crossbar consists of two perpendicular 
nanowire layers, which act as top electrode and 
bottom electrode, respectively. The memristive 
material is laid between two nanowire layers; as a 
result, memristor is formed at each crosspoint 
[15]. The schematic diagram of memristor 
crossbar is shown in Figure 3.4. 

 
 
 
 
 
 
 
 
 
 
 

 
 
 

Figure 3.4 Memristor crossbar. 
 
Memristor crossbar is suitable for large‐scale 
neural networks implementations. First, it is high 
density, since crossbar can be vertical stack, and 
each crosspoint is a memristor. In addition, 
memristor is nonvolatile, nanoscale and 
multistate. Second, it is low power consumption, 
since the crossbar allow memory and 
computation integrating [16], and memristor is 
nonvolatile device with a low operation voltage. 
These advantage of memristor crossbar such that 
this architecture applied in a wide range of neural 
networks.In neural networks, memristor crossbar 
has three operations such as read, write, and 
training. In this section, we use a sample to 

illustrate how the memristor crossbar read, write 
and training. 
 
3.5 Read operation 
In memristor crossbar, the conductance of a 
single memristor can be read individually. As 
shown in Figure 3.5, we assume that we will read 
the mij memristor, which is the crosspoint of ith 
top wires and jth bottom wires. The voltage is 
applied on the ith top wire, and other top wires 
and bottom wires are grounded. In this situation, 
only the mij memristor is applied the bias, the 
current i can be collected on the jth bottom wire. 
According to Ohm’s law, the conductance of mij 
memristor M is caculated by    M= V/i [15]. 
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Figure 3.5 Memristor crossbar readout. 

 
3.6 Write operation 
Similar to reading operation, the conductance of 
mij memristor can be written individually. We 
assume that we will write the mij memristor. 
Different amplitude and duration of writing 
pulses will be directly applied on the target 
memristor. The ith top wire is applied voltage V, 
and the jth bottom wire is grounded. Other top 
wires and bottom wires are applied voltage V/2, 
then, only the mij memristor is applied the full 
voltage V, which is above the threshold and can 
change the conductance of target memristor. The 
conductance of other memristors is not changed 
because the voltage applied on them is 0 [17]. 
3.7 Training operation 
Based on the read and write operation, the 
memristor neural networks are trained to 
implement practical neural networks. We use a 
single‐layer neural network to explain the training 
process of neural network. As shown in Figure 
3.7, the relationship between input vectors and 
output vectors can be illustrated as [17]: 

 
Yn = Wnxm x Um ............(4) 
Here, the weight matrix Wnxm represents the 
synaptic strengths between the two‐neuron 
groups, which are represented by the 
conductance of corresponding memristors. When 
we train a memristor crossbar, we first assume 
we have a set of data. We input the training data, 
the synaptic weight matrix is updated repeatedly 
until the difference between the output and the 
target output y* become minimum. In each 
repetition, is adjusted across the gradient of the 
output error |y‐y*| as [17] 
 
 

Δwij = μ(d(y-y*)2 / dwij ) ............(5) 
 
Here, wij is the synaptic weight in the W 
connecting the neuron i, j and Δwij is the change 
of wij during per update. μis the training rate. 

 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 3.7 A single layer neural network [17]. 
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4. Spiking neural networks (SNNs) 
4.1 SNN concept 
The SNN adds randomness to the network 
neurons, as shown in Figure 4.1, and requires 
advanced statistical methods and efficient 
training algorithms. In addition, the SNN is more 
similar to bio-neural networks. Currently, SNN can 
be used in neuroscience research as it transmits 
information through discrete spike trains, and the 
information is further encoded in time series. In 
an SNN, neurons continuously output signals, and 
both neurons and synapses contain internal 
states. Generally, the state change inside the 
neuron is represented by a differential equation. 
The impulses input to the neurons can make the 
membrane potential rise or fall, thereby 
simulating the excitation and inhibition of 
synapses. Different from the DNN, the 
information encoding of SNN is diverse, mainly 
including pulse frequency encoding, pulse 
interval encoding and pulse amplitude encoding. 
Model training is one of the core problems of 
SNN, wherein unsupervised learning is the 
ultimate goal of neural network learning. In the 
process of unsupervised learning, the pulse 
sequence is first input into the SNN, and then the 
weight matrix in the neural network is adjusted 
so that the pulses generated via the SNN 
gradually approach the corresponding target 
pulses, thereby achieving the purpose of machine 
learning. The SNN can also accomplish the 
simulation of analog and digital circuits. In the 
process of analog circuit implementation, the 
SNN can directly simulate the dynamics of the 

brain, which is beneficial to obtain a better 
response time, and then integrate with more 
neurons and synapses. During digital circuit 
implementation, the SNN can be reprogrammed 
and reconfigured online to further achieve high 
accuracy and strong noise immunity. Nowadays, 
in situ computing and synaptic learning are 
employed as effective approaches to solve the 
large computation-intensive and many internal 
states. In particular, the crossbar array of 
memristors can realize synaptic training, and its 
crossbar structure can provide sufficient 
interconnectivity.  
 
In Spiking neural network (SNN), neurons 
interchange information using spikes [18], and it 
is a is neural network based on individual spikes 
[19]. SNN is a brain‐like architecture. The signal in 
SNNs uses pulse coding rather than rate coding, 
and allows multiplexing of information as 
frequency and amplitude. In some electronic 
SNNs, spikes have the similar waveform shape 
than biological spikes, but normally in electronic 
systems spikes are much simpler being 
represented by a square digital pulse [18]. In SNN, 
the presence and timing of individual spikes are 
considered as the means of communication and 
neural computation. The basic idea on biology is 
that the more intensive the input, the earlier the 
spike transmission. Hence, a network of spiking 
neurons can be designed with input neurons Ni 
whose firing times are determined through some 
external mechanism [19]. 

 
 

 

 

 

 

 

 
 

Figure 4.1 Spiking Neuron Network(SNN) 
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5. Methods 
5.1 SNN structure 
In this section, we use a three‐layer neural 
network to illustrate the structure of SNN. In this 
structure, as shown in Figure 5.1, the multilayer 
SNNs are fully connected feedforward networks; 
all neurons between two adjacent layers are 
connected. All the input neurons and output 
neurons are multiple spikes, i.e., spikes trains. 
In this structure, neurons have a model. Spike 
response model describes the response of both 
the sending and receiving neuron to a spike. In 
this model, the spikes of sending neuron 
transmitted from presynaptic neurons via 

synapses to postsynaptic neurons. When all 
spikes arrive, a postsynaptic potential is 
accumulated in receiving neuron. The internal 
state of neuron is defined as the sum of 
postsynaptic potential induced by all the spikes 
and affected by the weights for synapses that 
transmit these input spikes. 
Suppose an input neuron has N input synapses. 
The ith synapse transmits Gi spikes. The arrival 
time of each spike is denoted as ℊ i = ti

1 , ti
2, ....ti

g. 
The time of the most recent output spike of the 
neuron prior to the current time (t>0) is tfr. Then 
the internal state of the postsynaptic neuron is 
expressed as 

 
u(t) = Σ Σ wi  ε(t-ti

(g)) + η (t-t(fr)) ......(6) 
 
where wi is the weight for the ith synapse. The postsynaptic potential induced by one spike is determined by 
the spike response function ε(t), expressed as 
 
 

ε(t) = { (t/τ) e(1-(t/τ))    for t>0},  or   ={0   for t<=0}...........(7) 
 
In additional to the model of postsynaptic neuron, SNN has a model, too. For convenience, we assume that 
the layers are numbered backwards starting from the output layer numbered as layer 1 to the input layer. 
Every two neurons in adjacent layers connected by K synapses with different transmit delays and weights. 

The delay of the th synapse is denoted as dk. 
 
 
We assume that there are Nl+1 neurons in layer l+1 and neuron i, belongs to the layer l+1, has emitted a 
spike train composed of Fi spikes, the times of firing are denoted Fi=ti the time of the ti spike which through 

the th synapse arrive at postsynaptic neuron which is in layer is ti=dk . At time , the internal state of the th 
postsynaptic neuron in layer can be expressed by 
 

uj(t) = Σ Σ Σ wij
k
  ε(t-ti

(j)-dk) + η (t-tj
(fr)) ......(8) 

where wij
k is the weight of the kth synapse between presynaptic neuron and postsynaptic neuron ; tj

(fr) is the 
time of the most recent output spike for neuron prior to the current time[20]. 
 

 
 
 
 
 
 
 
 
 
 

 
Figure 5.1 The structure of SNNs. 
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6. Results 
6.1 SNN algorithm 
Spike-Timing Dependent Plasticity (STDP) is the 
synapse strength changing mechanism according 
to the precise timing of individual pre‐ and/or 
postsynaptic spikes. As illustrated in earlier 
sections, the sign of the difference between the 
pre‐/postsynaptic neurons times determines the 
synaptic weight whether increased. STDP learning 
in biology is inherently asynchronous and online 
which means that synaptic incremental update 

occurs while neurons and synapses transmit 
spikes and perform computations. In experiment, 
the synaptic strength is a function of relative 
timing between the arrival time of a presynaptic 
spike and the time of generation of a postsynaptic 
spike as shown in Figure 6.1.1. 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 6.1.1. Experimentally measured STDP function on biological synapses [18]. 
 
Although the data show stochasticity, we can infer an underlying interpolated function as shown in Figure 
6.1.2. 
 

 
 
 
 
 
 
 
 
 
 
 
 

Figure 6.1.2 Ideal STDP update function used in computational models of STDP synaptic learning[18]. 
 
This function can be expressed as, 
�(∆T) = a+ e-Δt/τ    if t>0,   or  -a+ e-Δt/τ    if t<0 ............(9) 
 
6.2 SNN circuits 
Neurons have a soma which contains the nucleus, an axon and a dendritic tree. A single synapse (red circle) 
is formed at the point where the axon of one neuron (black) connects to the dendrite/some/axon of 
another (blue). The biological neuron network with soma and synapse is shown in Figures 6.2.1 & 6.2.2.  
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Figure 6.2.1 Biological neuron network 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 6.2.2 Synapse of biological neuron network 
 
SNN with three layers of neurons and two fully 
connected inter‐layer meshes of memristors is 
shown in Figure 6.2.3. The neuron layers are 
fabricated with CMOS devices, and the inter‐layer 
meshes of memristors are made with nanowires 
on the top of a CMOS substrate[21]. In Figure 

6.2.3, triangles represent the neuron soma, being 
the flat side its input(dendrites) and the sharp 
side the output (axon). Dark rectangles are 
memristors, representing each one synaptic 
junction. Each neuron controls the voltage at its 
input and output nodes. 
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Figure 6.2.3 Memristor crossbar based SNNs paradigm [18]. 
 
In this SNN circuit, the CMOS‐based spiking 
neurons work basically the same as conventional 
integrate‐and‐fire neuron, and use proposed 
spike shape and specific spike back‐propagation. 
The total current of receiving neuron is given by 
Ohm’s Law by conductance, , of connected 
synapses and the voltage drop across the 
synapses. SNN training process needs building 
external circuit. In external circuit, the input 
signals are prepared, and the output signal will be 
measured in the external circuit. 
6.3 SNN instances 
Memristor behavior is more likely to a 
bidirectional exponentially grow with voltage, 
and many mathematical formulations can be used 
to simulate it. Here, we use a voltage‐controlled 
device as a synapse, whose synaptic weight is 
represented by the conductance g of memristor. 
The function of the device is “sinh‐like” in the 
voltage Vmem. The nano device satisfied the 
formulation as expressed follow 

dg/dt = A . sinh(Vmem) .........(10) 
 
A and B are the parameters which depend upon 
the memristor material, thickness, size, and it 
fabrication method. In this section, we verify the 
STDP properties of the memristor‐based 
synapses. Figure 6.3.1 is the proposed spike 
shape, which is similar to the biological spikes. 
Figure 6.3.2 shows the STDP curves produced by 
the proposed spike shape. In Figure 6.3.2, the 
vertical axis shows the average change of 
memristor conductance. The horizontal axis 
represents the difference between pre‐ and 
postsynaptic spike timings Δt. Here, the default 
spike parameters are eV±=0.45V volt, t+

ail = 11ms, 
t-

ail = 0.3ms. The result are provided for 
memristors with Vth± ≈ ±0.5 volt. The value of 
parameters A and B are 2 and 4, respectively [23, 
24, 25]. 
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Figuree 6.3.1 Proposed spike shape used for processing and learning purposed [22]. 
 

 
 
 
 
 
 
 
 
 
 
 

 

 

Figure 6.3.2 Simulated curve using proposed spike shape [22]. 
 
7.  Applications of Memrisor based SNNs 
Memristor-based Spiking Neural networks (SNNs) 
can be used in wide range of applications in 
Artificial Neural Networks and Machine learning. 
These are,  

 Visual Pattern Recognition  

 Auditory Pattern Recognition  

 Audi-Visual Pattern Recognition  

 Taste Recognition  

 Ecological Modeling  

 Sign Language Recognition  

 Object Movement Recognition  
 
6. Future scope 
With the development in recent years, it has 
been found that memristors can achieve a variety 
of synaptic functions, especially in learning and 
memory. Nevertheless, memristors still have 
some challenges in realizing the perfect bio-
synaptic simulation. The fundamental challenge is 
that it is much more difficult (thus paying more 
energy) to move the ions/defects in solid-state 

devices than the movement of Ca+ ions in a liquid 
environment as in bio-synapses. 
Hardware implementation of deep neural 
networks is accomplished by using 
neuron‐synapse circuits and future devices can 
make deep neural networks (NNs) design and 
fabrication more efficient. The full power of NNs 
has not yet been realized, but the release of 
commercial chips implementing arbitrary neural 
networks, more efficient algorithms will no doubt 
be realized in these domains where neural 
networks can improve the performance 
dramatically.  
The present work concentrates only on SNN. 
With regard to neural network systems, the 
current neural network implementations are not 
sufficient but fortunately, memristor‐based 
systems provide the potential solution. It can be 
developed further in coming days. The 
memristor‐based neural networks like MNNs, 
CNNs, and RNNs, are also possible and efficient 
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and are expected to spur future development of 
A.I.  
 
7. Conclusion 
Nowadays, although artificial neural networks 
have been proposed to solve the von Neumann 
bottleneck, the algorithm of artificial neural 
networks is still based on traditional computers, 
which leads to a series of problems, such as 
limited computing power and low energy 
efficiency. With the advent of artificial 
intelligence, the internet of things and machine 
learning, the demand for computing power has 
increased exponentially.  
In order to effectively implement neural network 
algorithms, more promising hardware needs to 
be developed, and memristors are expected to be 
a central component of the new hardware. The 
memristor has great advantages compared with 
traditional devices used in the construction of 
neural networks. The resistive switching behavior 
of memristors can be divided into two types 
according to the resistive changes: analog type 
and digital type. Among them, the resistive state 
of the analog-type memristor is continuous, and 
its conductance can be gradually changed via 
electrical pulses, which can be used to simulate 
the continuous change in bio-synaptic weights 
and bio-neuronal membrane potential under 
external stimulation.  
In addition, being a type of two-terminal device, 
the memristor has a similar structure to the 
neural synapse. The size of the memristor can be 
reduced to the nanometer level, and the 
integrated array density can even reach the 
density of the bio-synapses in the brain, which 
gives the memristor a distinct advantage in neural 
network construction.  
In the prresent work, the basic concepts of 
memristor‐based implementation, such as 
memristor‐based synapse, memristor‐based 
neuron, and memristor crossbar based 
neuromorphic computing engine, are discussed. 
Spiking neural network design paradigms are 
described and designed. It is expected that 
memristor‐based neural networks will take the 
lead in near future. 
 
8. References 
1. A Study on Neural Network Architectures, K 
Ishtiyaq Ahmed, 2016, https://core.ac.uk/ 
download/pdf/234645196.pdf 

2. Basics of Artificial Neural Networks, Sakshi 
Kohli, Surbhi Miglani, Rahul Rapariya, 2014, 
https://ijcsmc.com/docs/papers/September2014/
V3I9201465.pdf 
3. Lecture notes, Introduction, 
http://www.cs.toronto.edu/~rgrosse/courses/csc
321_2017/ 
4. Rothenbuhler A. A memristor-based 
neuromorphic computing application 
[Dissertation]. Boise State University; 2013 
5. Merolla PA, Arthur JV, Alvarezicaza R, et al. A 
million spiking-neuron integrated circuitwith a 
scalable communication network and interface. 
Science. 2014;(6197):668-673 
6. Shahsavari M, Falez P, Boulet P. Combining a 
volatile and nonvolatile memristor in artificial 
synapse to improve learning in Spiking Neural 
Networks. In: IEEE/ACM International Symposium 
on Nanoscale Architecture; 2016. pp. 67-72 
7. Ali S, Bae J, Lee CH, et al. Ultra-low power non-
volatile resistive crossbar memory based on pull 
up resistors. Organic Electronics. 2017;:73-78 
8. Chua LO. Memristor–The missing circuit 
element. IEEE Transactions on Circuit Theory. 
1971;(5):507-519 
9. Li Y, Zhong Y, Xu L, et al. Ultrafast synaptic 
events in a chalcogenide memristor. Scientific 
Reports. 2013;:1619 
10. MEMRISTOR: THE 4TH CIRCUIT ELEMENT, 
Abhishek Kumar, ECE Department, LPU, 2012,  
https://bipublication.com/files/IJCMS-V3I1-2012-
01.pdf 
11. Introducing Memristor to Electrical and 
Electronic Engineering Undergraduates, Wang 
Shibing, Yang Yashuai, Wang Jing, 2016, 
file:///home/administrator/Downloads/25850862
.pdf 
12. Strukov DB, Snider GS, Stewart DR, et al. The 
missing memristor found. Nature. 
2008;(7191):80-83 
13. Jo SH, Chang T, Ebong I, et al. Nanoscale 
memristor device as synapse in 
neuromorphicsystems. Nano Letters. 
2010;(4):1297-1301 
14. Wu C, Kim TW, Guo T, et al. Mimicking 
classical conditioning based on a single 
flexiblememristor. Advanced Materials. 
2017;(10):1602890 
15. Indiveri G, Linares-Barranco B, Legenstein R, 
et al. Integration of nanoscale memristor 
synapses inneuromorphic computing 
architectures. Nanotechnology. 2013;(38):384010 

230



NeuroQuantology| February 2019 | Volume 17 | Issue 02 |Page 216-231| doi: 10.48047/nq.2019.17.02.2003 
Meer Tabres Ali et al/ Design of Spiking Neural Networks based on Memristors 
 

      eISSN1303-5150                                                                                                                                          www.neuroquantology.com                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                

 

16. Burr GW, Shelby RM, Sebastian A, et al. 
Neuromorphic computing using non-volatile 
memory. Advances in Physics: X. 2017;(1):89-124 
17. Liu B. Neuromorphic System Design and 
Application. University of Pittsburgh; ProQuest 
Dissertations Publishing, 2016 
18. Liu B. Memristor-based analog neuromorphic 
computing engine design and robust training 
scheme [Dissertation]. University of Pittsburgh; 
2014 
19. Serrano-Gotarredona T, Masquelier T, 
Prodromakis T, et al. STDP and STDP variations 
with memristors for spiking neuromorphic 
learning systems. Frontiers in Neuroscience. 
2013;7:2 
20. Paugam-Moisy H, Bohte S. Computing with 
spiking neuron networks. In: Handbook of Natural 
Computing. Berlin Heidelberg: Springer; 2012. pp. 
335-376 
21. Prezioso M, Bayat FM, Hoskins B, et al. Self-
adaptive spike-time-dependent plasticity of 

metal-oxide memristors. Scientific Reports. 
2016;:21331 
22. Xu Y, Zeng X, Han L, et al. A supervised multi-
spike learning algorithm based on gradient 
descent for spiking neural networks. Neural 
Networks. 2013;:99-113 
23. Linares-Barranco B, Serrano-Gotarredona T. 
Memristance can explain spike-time-dependent-
plasticity inneural synapses. Nature Precedings. 
2009;:2009 
24. Afifi A, Ayatollahi A, Raissi F. Implementation 
of biologically plausible spiking neural network 
models on the memristor cross bar-based 
CMOS/nano circuits. In: 2009 European 
Conference on Circuit Theory and Design 
(ECCTD); 2009. pp. 563-566 
25. Memristor Neural Network Design, Anping 
Huang, Xinjiang Zhang, Runmiao Li, Yu Chi,  Alex 
Pappachen James, 2017 

 
 
 
 
 
 

231


