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Abstract 

Contemporary computers can operate very fast, so they can calculate 

more than about 109 times in a second. This computability is used in several 

fields like mathematics, science, engineering and so on mightily importantly. 

But, information that computers should process becomes complicated and 

heavy. Analyzing images, nature language process, and controlling 2 pair of 

walking robots are the examples. Contemporary computers cannot handle 

these problems. To solve this, a neuromorphic whose aim is generating 

machine whose operating principles are similar with an organic’s brain has 

been studied. Its goal is to generate a hardware which processes huge 

information by copying neuron and synapse that constituting the organic’s 

brain. Among them. The synapse has an important property called synaptic 

plasticity. It is known as one of important mechanisms forming memory and 

learning phenomenon. And nowadays, researches whose aim is to copy the 

synaptic plasticity using memristor have increased. Memristor is a material 

whose resistance is changeable depending on quantities of passing electric 

charge. It is paid attention as non-volatile memory device using this property.  

This paper is made up properties of spike-timing dependent 

plasticity(STDP) that is one of the synaptic plasticities and conditions of the 

memristor device for copying this phenomenon. A process of change of a 

neural network applied STDP using computer simulation is studied in this 
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paper. Also, the memristor that is already reported is divided into 5 types 

depending on traits of resistance variation and differences generated when 

each memristor is applied are observed.  

At first, latency decrease effectiveness by STDP was studied. It was 

known that the STDP decreased latency through learning and made 

predicting an order of continuing input possible by existing researches. A 

computer simulation program was generated to study latency decrease 

phenomenon by STDP in a point of a nerve network. A neuron was 

simulated using Leaky Integrated-and-Fire(LIF) model, and the STDP is 

simulated using Triplet of spike model. Phenomenon of cooperation and 

competition by STDP were observed by a small-scaled nerve network using 

three neurons. It tended to happen the cooperation phenomenon when the 

less a time difference between signals was, and happen the competition 

phenomenon when the bigger a time difference between signals was, when 

more than two signals of neuron were input as a neuron. Paths were inclined 

to be converged to the shortest path by STDP’s competition phenomenon in 

general-scaled nerve networks. This result of the convergence was similar 

with a result of Dijkstra’s algorithm that investigated the shortest paths. 

After learning by STDP, a time spending for propagation in a nerve network 

grew shorter than before learning according to potentiation of synapse 

corresponding to the shortest path. 
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Next, research about circuits and materials for copying synapse using 

memristor is progressed. At first, issues in the integration, and material 

properties of the three-dimensional cross bar array synapses are dealt with in 

a quantitative manner. Two important quantitative guidelines for the 

memristive synapses integration are provided with respect to the required 

numbers of signal wires and sneak current paths. The merit of 3D cross bar 

arrays over 2D cross bar arrays (i.e., the decrease in effect memory cell size) 

can be realized only under certain limited conditions due to the increased 

area and layout complexity of the periphery circuits. The problem is 

quantitatively dealt with using the generalized equation for the overall 

resistance of the parasitic current paths. Next, The exist memristor was 

divided into 5 types : binary, linear, log, hard reset, hard set type. Then, 

STDP modified for each property of resistance variation was applied to them. 

A resistance value was controlled to show as a form of normal distribution 

using a normal distribution random number generator to replicate resistance 

variation phenomenon of actual device. Each result was compared with a 

result using ideal STDP model. As a result, in the case of the binary type, a 

degree of consistency decreased in proportion to variation value, and the 

variation value had less of an effect on the linear type. It declined greatly 

when the variation value was over 0.3 in the case of the log type. When it 

comes to the hard reset type, a degree of consistency was the highest among 

5 types of memristor, and it was less influenced by variation. On the contrary, 

in the case of the hard set type, a degree of consistency was the lowest. 
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Finally, atomic layer deposition was discussed in detail as the most feasible 

fabrication process of 3D CBA because it can provides the device with the 

necessary conformality and atomic-level accuracy in thickness control. 

In its final analysis, the STDP reinforced synapses that propagated 

signals most rapidly. It means that a nerve network is optimized to make 

propagation of signals fast by STDP. In addition, it was concluded that the 

hard reset type was most suitable for latency decrease effectiveness by STDP 

among other memristors that had diverse properties. It showed that when it 

comes to a change of weakening phenomenon of synapse, the bigger is the 

better, and when it comes to a change of strengthening phenomenon of 

synapse, the smaller is the better. 

 

Keywords: neuromorphic, neural network, artificial neuron, artificial 

synapse, synaptic plasticity, spike-timing dependent plasticity, 

STDP, memristor, neuromemristive system. 

Student Number: 2010-20606 
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1. Introduction 
 

Computer’s speed of calculation has been increased fastly since an 

integrated circuit using semiconductor developed. Gordon Earle Moore, one 

of founders of Intel, predicted that the number of transistor in a dense 

integrated circuit has doubled approximately every two years in 1965. True to 

his expectations, the degree of integration of semiconductor has been 

increased, so that the unit of production process of transistor is just 14nm in 

the state of the art. Meantime, the development of semiconductor technique 

has been sustained Moore’s law well. However, the unit is under 10nm, the 

number of silicon atom is only a few scores. Under this condition, the 

transistor cannot work correctly. Moore’s law has been challenged by physical 

limit. 

Computer can calculate fastly beyond compare with human beings. Today, 

even a tiny, simple calculation machine can calculate numbers fastly and 

exactly. By comparison, human beings’ is very slow and makes many 

mistakes. Computer can do the calculation in 1 second which human being 

does in dozens of hours. Computers has been filled in for many roles which 

people did in olden days. Within the framework of that, it seems that the 

ability of human beings’ brain is dreadful compared with computer’s. 

But the truth is different. Computers cannot substitute for all the things of 

people even they have outstanding calculation abilities compared with people. 

For instance, picking up a familiar face in the picture is very simple thing 
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which even a child can do. But making computer appreciate a familiar face is 

so difficult job. This can be conducted in limited conditions lately. Even 

though the calculation ability of computers cannot be compared with child’s, 

they cannot do simple things like recognizing faces. Besides, walking or 

running with two or four legs controling robots is hard to computers. But 

small animals as well as people can do these things unconsciously.  

This way, computers can fast and exact calculation, but cannot do simple 

things easily which people and animals can do unconsciously. This is because 

a structure of computer is made by diametrically principle with human beings’ 

brain. Computers are mapped out that taking one task at a time and repeating 

with very fast speed based on binary. It makes computers fastly do formula 

calculation which is repeating simple stuffs rapidly. However, living 

organism’s brain is operating by diametrically principle. Their brain is 

composed with hundreds of millions neurons instead of transistor. These 

neurons do some acts like exchanging signals and handling information at the 

same time. This kind of principle of organism’s brain has it over computers 

that it can handle plenty of information organically easily.  Nowadays, 

parallel computing which does many jobs simultaneously is being studied. 

But parallel computing cannot process information organically as much as 

brains do because at most dozens or hundreds core in it move independently. 

This way, development of computer science has been enabled computers to 

calculate rapidly. This limit is based on the generating principle. Therefore, to 

overcome this limit, we need new conceptional computer different with 
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existing generating principle. A neuromorphic computer, one of this new 

computer models, is being studied.   
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1.1. Neuromorphic 
 

Neuromorphic is to imitate organic's brain to do things that existing 

computers cannot do, but the brain of human or animals can easily. If a new 

concept computer that is generated after the model of constitution and 

operating principle of organic's brain is made up, we will be able to do things 

that the existing computers cannot do easily. It makes the neuromorphic be 

used to diverse fields such as machine learning, natural language processing, 

big data analysis, and so on.[1-6]  

A 'Facebook' company of America announced face recognition technology 

called 'Deep face' in 2014.[7] It can realize human face in the picture, and 

decide who they are using a multi layer-structured artificial neural network. 

When this technologies apply for social network service, a machine will be 

able to realize personage automatically, needless to input their names one by 

one, Then, for example, searching a picture including a certain person will be 

very simple. This is a typical example of the machine learning using the 

neuromorphic.  

A need of research and development of neuromorphic hardware as well as 

software is demanded. Processing information in parallel at the same time is a 

feature of the neural network unlike the existing computers. Recently, massive 

parallel computing technology using multi core CPU or GPU appeared to 

overcome the existing computer's limitation of sequential processing.[8-10] 

However, these current technologies can handle at most several thousands 
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operations at one go. Development of neuromorphic chip is required for 

copying the neural network which hundreds of millions neurons operate in at 

the same time.  

IBM announced 'Truenorth' that is a neuromorphic chip, in 2014.[11] This 

chip consisted of artificial neuron and synapse using CMOS technology could 

recognize man, motorcycle and car in the video. But there is a limitation for 

the incompletion of studying function that changes synapses. Nevertheless, 

the Truenorth confirmed the chances of neuromorphic chip by realizing the 

hardware of neuron and synapse and assuring their actual operating.  

The  neuromorphic chip will be a essential technology to make the 

artificial neural network(ANN) consists of hundresds of millions neurons. The  

neuromorphic chip is made up artificial neuron, artificial synapse, synaptic 

plasticity, neural network architecture and so on. Among them, the synaptic 

plasticity is a core factor for learning process. This paper deals with attributes 

for realizing the neuromorphic chip from the synaptic plasticity and selection 

of proper elements materials. 
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1.2. Neuron 

 

A biological structure of brain is well known. Brain is made up neuron and 

synapse. Additionally, in case of movement, neurons process information 

exchanging electrical signal each other and handle analogue signals using 

frequency different with binary signals of computer. 

Neuron is a cell which has very unique structure and function. The most 

distinguishing feature is that it gets external stimulation and makes electrical 

signal. To do that, neuron has special structure called dendrite and axon. 

Figure 1.1 is a schematic diagram which shows general structure of neuron. 

‘dendrite’ is an organ that gets external stimulation, and ‘axon’ spreads 

electrical signal to other neurons. Once neuron gets external stimulation 

through dendrite, it makes electrical signal. Then the electrical signal is 

spreaded to other neurons by axon. This spread process of electrical signal 

between neurons is the point of movement of brain. 

dendrite is arboriform with neuron cell body as the center. Surrounding 

stretching dendrite takes a role of connecting axon of another neuron and 

sensing stimulation. There are numerous neurotransmitter receptor in a 

dendrite. These receptors react selectively at neurotransmitter which axon 

secretes. neuron can distinguish various stimulus, because each receptor 

respond to their indigenous neurotransmitter molecule. 

axon is sweeping, a tube of tissue different with dendrite. Depending on 

types of neuron, the length of it varies from several micro-meters to several 
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meters. dendrite is an input organ, and axon is an output organ. Electrical 

signal which is made at neuron is propagated through the internal tube of axon. 

At this moment, propagated electrical signal’s intensity becomes weak if the 

length of axon is long. If it is too long, electrical signal will disappear on its’ 

way. To prevent this phenomenon, some neuron have a structure called myelin. 

myelin is a tissue which is composed of fat and cover up axon. myelin is a 

kind of insulator which prevent electrical signal getting through the inside of 

axon from becoming weak. From this way, electrical signal passes through the 

long axon well and is propagated to other neurons.  

As mentioned earlier, neuron has feature of making electrical signal. This is 

the biggest feature distinguishing neuron from other cells, neuron has peculiar 

structure to do it. neuron has cell membrane same with other cells. But in the 

cell membrane of neuron, there are diverse kinds of ion channel different with 

other cells. These ion channels make icons like Na+, Ca2+, K+, Cl- get through 

depending on their types. Via these actions of ion channel, there is a gap of 

ion concentration between inside and outside of neuron. This gap makes 

electrical potential difference between inside and outside of neuron, it briefly 

called membrane potential. The electrical signal of neuron is made by change 

of the membrane potential.  

This is the process that neuron makes electrical signal and it propagates. If 

there is no external stimulus, membrane potential keeps about –70 mV. It is 

called resting potential. Once a neuron gets signal from another neuron 

through dendrite, the membrane potential of the neuron which got signal 
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changes. ion concentration inside cell begins to change by ion channel in the 

cell membrane of the neuron which got stimulus. Once there is an external 

stimulus, the ion channel of Na+ becomes open at first. The membrane 

potential increases if Na+ ion(cation) is inserted. But not all the changes of 

membrane potential through all kinds of stimulus operate as electrical signal. 

The electrical signal is operated if only the membrane potential exceed the 

voltage of certain standard. This benchmark voltage is called threshold 

voltage.  

If the external stimulus is not strong enough, but temporary, the increase of 

membrane potential is a temporary phenomenon like Figure 1.2. Therefore, 

the membrane potential which increased for a space, becomes back to the 

resting potential, –70 mV. However, if the external stimulus is strong enough 

or a high frequency signal, the membrane potential increases greatly. If the 

membrane potential exceeds the threshold voltage, membrane potential shows 

dramatic change. Na+ and K+ ion flow in the cell inside in quantity by 

operating Na+ and K+ ion channel in order. Then, the membrane potential 

increases greatly in very short time. Once the membrane potential is plenty 

big, membrane potential ion starts to flow in the cell inside and K+ ion starts 

to be emitted outside the cell at the same time. Through it, the membrane 

potential decreases rapidly, and gets back to resting potential. The membrane 

potential which increases and decreases quickly before and after 1 ms, makes 

spike-shaped electric signal. This spike is called action potential. The action 
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potential is propagated to other neurons through axon. The process, neuron 

makes action potential by external stimulus and propagates, is called firing. 
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Figure 1.1 A schematic diagram of neuron. The neuron consists of cell 

nucleus, dentrite, axon, myelin and so on. Dendrites are kind of input terminal. 

An axon is a output terminal. Myelins, insulator, prevent to disappear action 

potential. 
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Figure 1.2 The membrane potential which increased temporarily, becomes 

back to the resting potential, –70 mV. However, if the external stimulus is 

strong enough or a high frequency signal, the membrane potential increases 

greatly. If the membrane potential exceeds the threshold voltage, membrane 

potential shows dramatic change. 
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1.3. Synapse 

 

As mentioned earlier, neuron exchanges signal each other through axon and 

dendrite. Even the action potential is an electrical signal, axon and dendrite do 

not pass on signal electrically. A point where axon and dendrite come across 

in neuron is called synapse. The action potential is conveyed through the 

synapse. To convey the action potential directly, axon and dendrite are 

connected. However, they are not, and they are several micro-meters apart. 

Therefore, the action potential, electrical signal, cannot be conveyed from 

axon to dendrite. The action potential is converted to chemical signal at the 

edge of axon instead.   

When the action potential reaches at the edge of axon, a neurotransmitter is 

secreted from there. The secreted neurotransmitter revitalizes a receptor in 

dendrite. It makes ion channels on the dendrite’s surface open, and makes ion 

electric current which flows in the inside of neuron.  

The neurotransmitter has diverse types. There are typical : acetylcholine, 

glutamate, gamma-Aminobutyric acid (GABA), serotonin, dopamine, 

endorphin and so on. They take a role for leading various reactions combining 

each different receptor. Among them, glutamate and GABA are typical 

neurotransmitter of excitatory synapse and inhibitory synapse each.  

Synapse is divided into  excitatory synapse and inhibitory synapse. These 

two kinds of synapse act the other way. The excitatory synapse augments 

membrane potential of post synaptic neuron. When membrane potential of 
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neuron is increased, it reaches at threshold voltage and action potential gets 

firing. This reaction accelerates by stimulus of the excitatory synapse. When 

the neurotransmitter is secreted from the excitatory synapse, receptor in 

dendrite reacts for it, and makes positive current flows through ion channel. It 

is called excitatory post synaptic current(EPSC). Then, membrane potential 

increases by the EPSC. This phenomenon is called excitatory post synaptic 

potential(EPSP).  

On the contrary to this, the inhibitory synapse makes membrane potential of 

post synaptic neuron lower. When membrane potential is lower, reaching at 

threshold voltage becomes difficult. If membrane potential gets lower than 

resting potential, the stronger stimulus than usual is needed to get firing. In 

this way, the inhibitory synapse carries out a role for suppressing neuron 

activities to make firing happen less. Like the case of the excitatory synapse, 

current by stimulus of the inhibitory synapse is called inhibitory post synaptic 

current(IPSC). Then, decreasing membrane potential by IPSC is called 

inhibitory post synaptic potential(IPSP).  

Commonly, dendrite of a neuron has both excitatory synapse and inhibitory 

synapse. Thereby, as Figure 1.3 shows, the change of membrane potential of a 

neuron is a summation of EPSP and IPSP. 
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Figure 1.3 The membrane potential increased by the EPSC and decreased 

by IPSC. The total change of membrane potential of a neuron is a summation 

of EPSP and IPSP. 
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1.4. Synaptic Plasticity 

 

Neuron conveys the information using action potential. The action potential 

is an electrical signal, but it is converted to a chemical signal in synapse, so 

this synapse is called electrochemical synapse. Most of delivery process of 

signal in brain are the process that the action potential generated in pre 

synaptic neuron is conveyed to post synaptic neuron through electrochemical 

synapse. Then, we remember or learn by the change of the delivery process of 

signals.  

The action potential reaches for the synapse and makes EPSC(or IPSC) in 

the post synaptic neuron. At this moment, the size of EPSC which each 

synapse makes is different every synapse. A synapse makes bigger EPSC than 

another’s even they are same action potential. This feature of synapse is called 

synaptic weight. 

The synaptic weight shows that post synaptic neuron is connected with 

which pre synaptic neuron sensitively and which pre synaptic neuron not. If 

the synaptic weight of synapse that gave stimulus is strong, the neuron of it 

will get firing more frequently. On the other hand, If the synaptic weight is 

weak, the firing will happen less, relatively. The synaptic weight plats an 

important role in relation with stimulus and reaction. 

The synaptic weight is different per synapse. In addition, it is not fixed and 

changes depending on surroundings. This feature is called synaptic plasticity. 

The change of synaptic weight maintain longer, not temporary. This is why 
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memory or result of learning remains for a long time. The term, long term 

potentiation(LTP), means the phenomenon that the synaptic weight increases 

and keeps for a long time. On the contrary, the synaptic weight decreases and 

keeps for a long time, it is called long term depression(LTD). On the other 

hand, the synaptic weight can change temporarily and get back to its own size. 

These phenomenon is called short term potentiation and short term depression 

each. 

The synaptic weight is mainly affected by neuron activity. Leading LTP or 

LTD by external stimulus is called learning rule. There are two unfolded 

learning rule up to now : activity dependent plasticity and  spike-timing 

dependent plasticity. 
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1.4.1. Activity Dependent Plasticity 

 

Hebb proposed a hypothesis that a connection between high-active neurons 

strengthen more and more.[12] After then, it was an experiment to ascertain that 

his hypothesis was true. Like this, the learning rule by activity of pre-synaptic 

neuron is called activity dependent plasticity(ADP).  

Figure 1.4 shows a relation between activity of pre-synaptic neuron and 

synaptic weight change. It is a feature of ADP that LTD will appear when 

activity of pre-synaptic neuron is lower than a specific value and LTP will 

appear when it is higher than it.  

ADP implies as follows. If a neuron  gets often high frequency firing, it is 

stimulating hard to make post synaptic neuron get firing. If then, it is 

favorable to strengthen synaptic weight to have post synaptic neuron react 

more sensitive. This is why the more activity of pre-synaptic neuron does 

frequently, the stronger the LTP phenomenon shows. On the contrary, low 

frequency firing of pre synaptic neuron shows often, the stimulus from the 

neuron is relatively less important for stimulating other neurons. It means that 

a synapse of a neuron that shows low frequency below a certain level shows 

LTD phenomenon. 
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Figure 1.4 A relation between activity of pre-synaptic neuron and synaptic 

weight change. It is a feature of ADP that LTD will appear when activity of 

pre-synaptic neuron is lower than a specific value and LTP will appear when it 

is higher than it. 
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1.4.2. Spike-timing Dependent Plasticity 

 

ADP, mentioned before, only pre synaptic neuron’s activity affects it. It is 

known that post synaptic neuron’s activity does not affect ADP. However, it 

came out into the open that the spike-timing difference between pre synaptic 

neuron and post synaptic neuron affects synaptic plasticity, in the result of 

research in 1995.[13] This kind of learning rule is called spike-timing 

dependent plasticity(STDP) because it affected by spike-timing difference. 

Figure 1.5 shows that the relation between the time difference by STDP and 

synaptic weight change. LTP will turn up when pre synaptic neuron fire faster 

than post synaptic neuron does. On the other hand, LTD will turn up when the 

reverse happens. Then, synaptic weight’s change amount will increase 

exponentially, the closer spike-timing difference of two neurons are, and will 

collect 0 when the more the difference are far.   

The important point of STDP is making clear the order of the events. A 

synapse has a asymmetric feature that a signal is conveyed from axon to 

dendrite, the reverse does not. Thus, in one synapse, post synaptic neuron can 

get firing by pre synaptic neuron, but the reverse does not. 

STDP makes a connection between pre synaptic neuron and post synaptic 

neuron strengthen when post synaptic neuron gets firing by pre synaptic 

neuron. But in the reverse situation, it makes the connection between two 

neurons weaken. Therefore, if there is a transmissive neural chain, a synapse 

which corresponds with the direction that a signal is propagated into in the 
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chain, will strengthen. On the contrary, a synapse which does not correspond 

with the direction, will weaken. Thus, it seems that STDP plays a role for 

strengthening the channel which signals are propagated through. 
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Figure 1.5 The relation between the time difference by STDP and synaptic 

weight change. LTP will occur when pre synaptic neuron fire faster than post 

synaptic neuron does(+Δt). On the other hand, LTD will occur when the 

reverse happens(-Δt). Then, synaptic weight’s change amount will increase 

exponentially, the closer spike-timing difference of two neurons are, and will 

collect 0 when the more the difference are far. 
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2. Motivation 

 

2.1. STDP and temporal stimulus 
 

Many researchers have been studied the learning using the synaptic 

plasticity.  A research of STDP phenomenon started in earnest after the 

STDP phenomenon was investigated for the first time by Markram, in 1995.[1] 

In neuromorphic study, researches of realizing learning using STDP are also 

actively made. 

The biggest difference compared with existing ADP is that the STDP has to 

do with the change over time. In the ADP, synaptic weight is modulated only 

by activity or strength of stimulation. On the other hand, in the STDP, the 

direction of synaptic weight's change is decided by time difference of the 

stimulation. Therefore, the STDP phenomenon makes temporal stimulus can 

be learned in the synaptic weight form,  

Learning temporal stimulus is very important in various phenomenons. 

Most of actual happened phenomenons such as remembering the movement of 

the object or the action order and learning songs are not stationary but 

changing with the course of time. Thus, solving secrets about the way of 

memorizing stimulus and information over time in neural network is very 

important for realizing learning in neuromorphic. 



 

 44

It is assumed that the STDP will play an important role in this type of 

learning, but a detailed mechanism is covered until now. Researches about 

basic steps of learning by STDP were presented up to now. These researches 

provide a clue about what principle STDP uses to learn in biological stage.  

It is known that STDP makes temporal stimulus be learned and based on it, 

makes stimulus to be applied be predicted also, There was an experiment 

about iterative learning of stimulus that has constant cycle by Abbott, in 

1996.[2] As a resuslt of the experiment, it is observed that there is an advanced 

reaction ahead of giving stimulus. It means that when we learns stimulus 

which has constant cycle, we will be able to predict subsequent stimulus.  

This phenomenon is speculated the decrease effect of latency by STDP.[3] 

The latency in the neural network means time delay occupied in delivery 

signals from pre synaptic neuron to post synaptic neuron. Synapses has small 

valued latency operated potentiation and the others operated depression as a 

result of a STDP learning targeting one thousand of synapses that were 

connected with one neuron, but had different value of latency. Consequently, 

the relevant neuron got firing faster than before learning by STDP. It informs 

that how the learning by STDP reduces the value of latency and makes the 

reaction of neuron happen faster from a microscopic point targeting one 

neuron.  

On the basis of these existing results of researches, this paper will foresee 

the result of learning by STDP in the neural network through simulation. In 

addition to, it will look into what materials will be proper for making 
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neuromorphic chip that makes this learning possible and study modified 

STDP for each material. 
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2.2. Shortest Path Finding Problem 

 

There are several ways to optimize network. One of them is a shortest path 

finding. Let us assume that there is one neural network. There are many 

neurons and numerous synapses which connect them in the neural network. 

Then a neuron which gets external stimulus is in the neural network. Then 

starting from the neuron, signals are propagated. If the neural network has 

supernumerary synapses, energy efficiency will become lower because the 

synapses consume excessive energy. Thus, the aim of optimization is to 

organize network with a low figure of synapses as possible, but propagation 

of signals should be going well.  

A shortest path finding problem is to find a path that has the lowest value 

among paths that connect nodes. Physical quantity of a path can be a distance, 

time or cost and so on. Thus, the term, “shortest path”, can have various 

meanings. This problem is widely used to optimization of computer network, 

transportation and electrical circuit design and so on. 

There are several the shortest path finding algorithm.[4] The most famous 

thing among them is a Dijkstra's algorithm that was designed by Dijkstra in 

1956.[5] It proposes a way of finding the shortest path that starts from a node 

and reaches at all other nodes in a network. But, physical quantity that the 

path has should not be negative. If one path has negative value, the algorithm 

will not decide a solution and will be in the infinite loop.  
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The Dijkstra's algorithm eliminates inefficient paths by finding the shortest 

(efficient) path that reaches at all nodes from a node that is a starting place. 

Applying it to neural network, optimization of the neural network can be done 

by eliminating all synapses except the most effective ones that signals are 

propagated through.  

However, neural network should optimize it for itself without external 

interference. This research deals with whether the neural network can do 

optimization itself or not, applying STDP rule to the neural network  through 

simulation. An another object is comparing general network model with 

another network model based on constitutive form of neuron. 
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3. Experiment 
 

3.1. Modeling 

 

3.1.1. Neuron Model 

 

Neuron is a cell that has very complex structure. This is why perfectly 

copying it biologically is very difficult. Thus, generally, the neuron is copied 

as combination of several simple components. We have interested in the 

electrical activity of neurons, mainly. So, some models are proposed that think 

of neurons as a kind of an electric circuit.  

These models mainly copy a neuron as mix of  resistor and  capacitor.[1,2] 

membrane plays a role for dividing ion concentration to keep constant 

potential between the inside and outside of a cell. It is needed that keeping 

potential separating charge to copy membrane. Most of models use capacitor 

to copy membrane. In addition, there are various ion channels to control the 

movement of ions. ions only move through limited ion channels. The ion 

channels can be considered as a kind of a resistor because there is limitation 

that a ion channel can send a current. Then, ion channels was copied using  

resistors in general models. 

One of typical models of neuron is a Hodgkin-Huxley model.[1] It use one 

capacitor and three resistors. Among them, the capacitor responds to 

membrane. Then three resistor shows K+, Na+, Cl- ion channels each. This 
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model can simulate membrane potential quite sophisticatedly because it 

copies three ion channels each that engage in the change of membrane 

potential. But there are many electrical elements which are used for one 

neuron. Thus, it has a shortcoming that the amount of calculation for one 

simulation becomes larger.  

Leaky Integrate-and-fire(LIF) model is a similar one with Hodgkin-Huxley 

model.[2] It assumes that a neuron is a circuit that one resistor and one 

capacitor are arranged in a row.  Then it  biases resting potential and fill the 

capacitor with charge. This capacitor takes a role for keeping membrane 

potential of neuron responding membrane. Then the resistor takes a role for 

controlling the change speed of membrane potential of neuron responding ion 

channels. The external stimulus is converted to current-shaped through 

synapse. In this way, the ion channel is simply assumed as one resistor, in LIF 

model. Its sophistication is down against Hodgkin-Huxley model. But it has 

an advantage with speed of calculation for simulation because it is a simple 

model. The LIF model is used in this research.  

The evolution of membrane potential u(t) of the LIF neuron, following the 

last spike at ̂, is given by the following convolution integral: 

 

u(t) =  +  ∫  − ̂ − Δ −  ( − )           (1) 
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where urest, i, H, and ∆tref denote the rest membrane potential, synaptic 

current, the Heaviside step function, and the refractory time period, 

respectively. τ is the time constant of the leaky integrator, which is the 

product of capacitance C and resistance R. This time constant (20 ms) 

approximately determines the linear filter width, so that incoming spikes, 

whose inter-spike intervals are shorter than this time constant, are necessary, 

not sufficient, conditions for next spike firing. For convenience, urest was set to 

zero. Upon firing of a spike at a node, the nodes in connection via synapses 

are subject to excitatory postsynaptic current (EPSC), which is denoted using i 

in Eq. (1). As a result, excitatory postsynaptic potential (EPSP) across the 

capacitor (corresponding to the lipid membrane in a neuron) evolves in due 

course, leading to spike firing when the EPSP goes above a threshold uth for 

spike firing. The EPSC by an incoming spike is assumed to decay with a finite 

time constant τi, so that the sum of EPSC by a train of n spikes at given time 

t is expressed by superposition of different EPSCs as    

 

i(t) =  ∑  −                                 (2)  

 

where i0 and tj are the maximum EPSC amplitude and the time of the jth 

spike, respectively. Note that the EPSC does not necessarily come through a 

single synapse, instead simultaneous inputs of EPSC’s via different synaptic 

pathways is more probable. The superposition of simultaneous EPSC’s in Eq. 
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(2) also holds for the case of different pathways. The connectivity of the 

synapse is parameterized by synaptic weight wj for the jth spike; large synaptic 

weights indicate ‘strong’ connection between the nodes, implying high EPSC 

via that synapse. 
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3.1.2. Synaptic Plasticity Model 

 

Given that a single chemical synapse encodes and remembers the 

information of the time interval between the presynaptic and postsynaptic 

spikes,[3-8] the chemical synapse is a local memory in spatial dimensions. 

However, the memory is non-local in time insomuch as the encoded spike-

timing information is maintained for a long period, i.e. long-term memory. 

STDP was originally found with applying asynchronous pairs of presynaptic 

and postsynaptic spikes; an empirical model of the spike-pair-induced STDP 

was proposed by Song et al.[7] Later, more ‘practical’ STDP protocols were 

found, e.g. triplet- and quadruplet-induced STDP;[9-10] regarding the fact that, 

in general, synaptic transmission is achieved by a train, rather than pair, of 

spikes. In this work, we employed the STDP model proposed by Pfister and 

Gerstner, which well accounts for experimental STDP induction in different 

types of neurons as well as crosstalk between STDP and activity-dependent 

plasticity at high activities.[10] This model assumes two state variables for each 

presynaptic and postsynaptic change upon spike firing; r1 and r2, and o1 and o2, 

respectively. Both variables increase upon firing of a spike and decay in due 

course, but with different time constants.[10] The four variables in total are 

expressed by the following four differential equations: =  −  ,  =
 −  ,  =  −  ,    =  − . r1 and r2 (o1 and o2) are updated to r1+1 

and r2+1 (o1+1 and o2+1) when firing a presynaptic (postsynaptic) spike, i.e. 
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t=tpre (t=tpost). Each presynaptic and postsynaptic spike updates the synaptic 

weight by −o( )[ +  − ]  and, ( )[ + − ]respectively. A and A are the weight change amplitudes 

due to post-pre (post ahead to pre) and pre-post (pre ahead to post) interaction, 

respectively. This triplet-based model differs from the pair-based one in the 

respect that the interaction between neighbouring presynaptic or postsynaptic 

spikes is taken into consideration; A  and A  are the weight change 

amplitudes for pre-pre and post-post interaction, respectively. A small time 

interval ϵ is required to take vales of r2 and o2 before the update at tpre and 

tpost. In this way, a pair of unidirectional chemical synapses (different 

synaptic transmission directions) between two neurons evolves their synaptic 

weights. As shown in Eq. (2), synaptic weight w defines the i(t)/i ratio, 

which is taken between zero and one. 

The STDP model proposed by Pfister and Gerstner does not take into 

consideration a time lag between spike firing and the spike’s reaching the 

chemical synapse where the STDP occurs. It is rather reasonable to agree on 

the inevitable time lag due to the finite spike propagation speed mainly over 

the axon. In this study, the distance between neurons was regarded as a 

variable, but the spike propagation velocity over the distance as a constant. 

The velocity was set to 0.25 m/s as seen at Schaffer collateral.[11, 12] Given the 

dimension of the square (25x25 mm2) and the number of neurons (250), the 

spike propagation time – axonal delay – between neurons stays in the range 1 

– 10 ms, which leads to a non-negligible time lag before the spike arrives at 
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the node. The distribution of temporal distance in the network is explained in 

detail in Method. Note that, in fact, the velocity largely varies upon 

myelination and axon diameter[12] and the value (0.25 m/s) was arbitrarily 

chosen to assign the axonal delay (1 – 10 ms) to the neurons in the given 

spatial dimension. At a given axonal delay, the distance between a pair of 

neurons scales with the velocity, so that the example below can readily be 

generalized to different dimensions and velocities as far as the average axonal 

delay remains unchanged. Later, we also address the effect of different axonal 

delay on the STDP and the consequent path discrimination. 
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3.2. Basic Mechanism of STDP 

 

3.2.1. Competition and Association 

 

To begin, it is worth looking into a small area in the entire network so as to 

understand the self-organization by the STDP protocol since the local self-

organization is eventually mapped onto the entire configuration. Three nodes, 

i.e. LIF neurons, i, j, and k, with full six connections were considered as 

shown in Figure 3.1. The synaptic weight for each unidirectional chemical 

synapse is indicated with, for instance, wij determining the synaptic 

transmission from i (presynaptic neuron) to j (postsynaptic neuron). The 

parameters used in the calculations are listed in Table 1. The STDP parameters 

were adopted from Ref. 1 . A low activity (10 Hz) was chosen to induce STDP, 

avoiding activity-dependent plasticity. Note that the fidelity to biological 

neural networks was sacrificed to some extent by assuming a large refractory 

time period Δtref of 50 ms. This large refractory time is chosen so as to avoid 

reverberating activity, which may lead to activity-dependent plasticity rather 

than STDP.  

Evaluated are two small neural networks, termed as Figure 3.1(a) and (b), 

of three neurons with six full connections. For Group (a) the temporal 

distances between i and k, i and j , and j and k are 3.0, 3.0, and 4.2 ms, 

respectively, whereas for Group (b) they are 3.0, 4.2, and 6.7, respectively. 

Note that the synaptic weights of all connections are initialized to 0.5. Note 
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that hereafter synaptic weight is limited within the range (0 - 1), unless 

otherwise states. 

 

Group (a): External current pulses of 100 nA amplitude and 0.1 ms width 

are simultaneously incident to i and j at 10 Hz and spikes are consequently 

fired as shown in Figure 3.1. Such a high current immediately lifts up the 

membrane potential of i and j above the threshold, so that spike firing occurs 

almost simultaneously with the current injection. The distance between 

neurons causes a time lag between spike firing at one neuron and spike’s 

arrival at the other. Given the same spike propagation velocity, the time lag, 

i.e. temporal distance, is proportional to the spatial distance. The two 

simultaneously fired spikes are discriminated in time when arriving at k; the 

difference in arrival time is 1.2 ms. The spikes trigger synaptic current 

injection into k, which is described by Eq. (2), and thus EPSP evolution. 

When the EPSP hits the threshold, a spike is fired. Notably, for wik and wjk the 

presynaptic spike is ahead of the postsynaptic one, so that the STDP leads to 

LTP. However, the STDP weakens wki and wkj since, for these synapses, the 

presynaptic spike is far behind the postsynaptic, leading to LTD. Note that the 

spatial distances of the two opposite unidirectional paths between two neurons 

are regarded to be equal. The synapses of wij and wji are also weakened given 

that the postsynaptic spike is ahead of the presynaptic one for both of them, 

due to the spike arrival time lag over the distance between i and j. Therefore, 

the time lags allow no firing of synchronous spikes. After all, among the six 
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synapses, the two synapses of wik and wjk are potentiated in due course under 

the external current pulses with 10 Hz frequency as plotted in Figure 3.1. 

Accordingly, the time interval Δt between the spike firing at i (j) and the 

consequent spike firing at k becomes shortened with respect to training time. 

 

Group (b): As aforementioned, the only difference between Groups (a) and 

(b) lies in the temporal distances i - j and j - k. Therefore, the same training 

procedure basically holds for Group (b); the same spikes are fired at i and j as 

in the case of Group (a). The two spikes’ arrivals at k are desynchronized as 

well given the difference in temporal distance between the two different 

pathways. Notably, the arrival of the spike from i is 3.7 ms ahead of that from 

j. The first spike solely allows EPSC injection into k, and thus EPSP; k fires a 

spike even before the arrival of the second spike. Given the STDP rule, wik 

increases owing to the pre-post order in time whereas the opposite order 

weakens wjk. Eventually, wjk falls behind in the competition. For the same 

reason as the case of Group (a), the other four synapses fall to the ground w 

value (0) with time as plotted in Figure 3.1. As a result, the only synapse of 

wik survives in this competition, whose schematic is shown in Figure 3.1. 

Similar to Group (a), the training based on the STDP shortens the time 

interval Δt .  

 

Group (a) and (b) are examples of competitive and associative synaptic 

pathways, respectively, resulting from the STDP protocol. It should be noticed 
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that either type of synaptic pathway reduces the time interval, i.e. latency, 

required for the postsynaptic spike firing, which is in agreement with the 

results by Song et al..[2] The learning process by STDP, shown in both Group 

(a) and (b), is definitely ‘competitive’, given that the order of the spikes at two 

neurons, connected by a pair of unidirectional synaptic pathways (opposite 

directions), strengthens at the most one of the two synapses while the other(s) 

falls behind converging towards zero. For instance, in Group (a), wik and wjk 

win wki and wkj, respectively. This unidirectional synaptic potentiation 

actually forms the basis of finding the path of least time in a given neural 

network. This unidirectional potentiation, probably giving rise to ‘synaptic 

chain’, is distinguished from cell assemblies resulting from activity-dependent 

plasticity.[3-6]  

For both cases the long refractory period (50 ms) rules out the synaptic 

modification by backward synaptic transmission. For instance, the spikes 

from Nk – back-propagating towards Ni through wki – cannot elicit a spike in 

Ni until the refractory period is over, so that any additional synaptic 

modification due to such back-propagation is prevented. This backward 

synaptic transmission turns out to hinder path optimization as seen in the 

following example Figure 3.2. Use of a short refractory period (5 ms) allowed 

back-propagation to contribute to synaptic modification in the small network 

– the same as in Group (b). The other parameters were the same as the 

associative optimization case in Figure 3.1. This back-propagation of a spike 

is referred to as reflection.[7] Dissimilar to the long refractory period case, 
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each synaptic weight hardly converges, instead it keeps varying with time 

(compare Figure 3.1(b) and Figure 3.2(b)). It is thus quite clear that the 

refractory period significantly matters in the STDP-based path optimization. 

In the following network calculation, we fairly overestimate the refractory 

period (50 ms) – compared with experimental data[8-10] – to completely avoid 

such backward synaptic transmission. A proper choice of refractory period 

length, however, depends upon axonal delay Δtaxon; the shorter the axonal 

delay is, the shorter the refractory period can be set, which suffices to prevent 

backward synaptic transmission. Given the membrane charging time Δtc, the 

refractory period (> 2Δtaxon+Δtc) by and large suffices to suppress spiking due 

to a backpropagating spike and discriminate paths upon STDP. This aspect 

will be examined on various networks to large extent later.
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Figure 3.1 The two simultaneously fired spikes are discriminated in time 

when arriving at k. (a) A competition between long synapse and short synapse. 

An action potential of node j arrive after node k fire. Given the STDP rule, wik 

increases owing to the pre-post order in time whereas the opposite order 

weakens wjk. (b) An association between 2 synapses have similar delay time. . 

Notably, for wik and wjk the presynaptic spike is ahead of the postsynaptic one, 

so that the STDP leads to LTP.  

  



 

 64

 

Figure 3.2 (a) Three neurons identical to the association case in Figure 3.1 

(b). The only difference consists in the neurons’ refractory period τ . The 

blue zones indicate τ . The external currents (100 nA), applied to Ni and Nj 

at 0.2 ms, propagate towards Nk and trigger spiking in Nk. Subsequently, this 

spike in Nk backpropagate towards Ni and Nj and their arrival is, in fact, 

behind τ  termination given the axonal delay and short τ . The arrival of 

these back-propagating spikes consequently triggers another spike at each 

neuron, leading to synaptic modification – this was prohibited in case of 

Figure 3.1 with use of the long τ . (b) The corresponding change of 

synaptic weight for all six synapses 
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    [ ] [ ] [ ] .  ×  .  ×  .  ×  .  ×  .    .  [ ]  [ ] Δ [ ] [] [] [ ] [ ]         

 

Table 1 Parameters in use in the network calculations. The STDP 

parameters, , , , , , , , and , were taken from Ref. 1 
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3.2.2. Compare with Dijkstra’s Algorithm 

 

The result of learning by STDP and finding the shortest path by Dijkstra’s 

algorithm are very similar. Dijkstra’s algorithm compares previously known 

length of path and newly calculated one. Similarly, in STDP learning, the 

weight using more faster path out of two paths increases by the competition 

principle. Two operation principles make a result that remains only the 

shortest path in a graph consists of node and edge. Thus, the result of learning 

by STDP and the result of searching path by Dijkstra’s algorithm are same.  

But the association in STDP learning, mentioned former chapter, is not an 

operation principle in Dijkstra’s algorithm. This is very important cause of 

difference. In Dijkstra’s algorithm, there is only one path reaching for one 

node because it find only the shortest path. But in STDP learning, more than 

two paths can be for one node because of association phenomenon. It means 

that the number of edges of final result of the STDP can outnumbers than the 

Dijkstra’s algorithms’. 

 

 

  



 

 67

3.2.3. Definition of Correlation 

 

In this way, the result of STDP learning and the Dijkstra’s algorithms’ are 

not always same. Therefore, a standard that compares with the result of 

Dijkstra’s algorithms is needed to judge that the result of STDP learning 

optimizes to some extent. Following is a definition of correlation of two 

results.  

 P  =                                                 (3) 

 

Etotal is an total amount of edge, and Ematch is the number of edge that 

corresponds with whether selection or non-selection in two results each. 
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3.2.4. Optimization of path of least time  
 

We attempt to simultaneously figure out the path of least time from every 

node to a single destination in the network shown in Figure 3.3. The source 

node N0 in the network, shown in Figure 3.3, is subject to external current 

injection, which is large enough to immediately trigger spike firing at the 

node. Upon the spike firing, the spike simultaneously propagates along 

various synaptic pathways – multiplication – whose weights are initially the 

same (0.5). Consequently, the spikes lead to EPSC at the neighbouring 

neurons and the EPSC is large enough to drag the EPSP over the threshold so 

that a postsynaptic spike is fired. Figure 3.4 (a) shows a raster plot of spikes in 

the initial synaptic configuration (blue dots). The temporal pattern of the 

spikes is, in turn, encoded in the corresponding synapse by STDP, updating 

the synaptic weight. Regarding the spike time in the initial synaptic 

configuration, the 250 neurons are classified into seven groups (Group 1 – 7); 

each is a time bin with 20 ms width except Group 7. A larger group number 

implies nodes being placed further from N0; spikes running from N0 to them 

probably meet more nodes causing the delay in firing. The training is 

eventually completed when no further change in synaptic weight occurs as all 

weights converge towards either one or zero. A raster plot of spikes after the 

training is shown in  Figure 3.4 (a) (red dots). This STDP training gives the 

self-organizing synaptic configuration shown in Figure 3.4 (b). The different 

colours designate the group number indicated in Figure 3.4 (a). The source 



 

 69

node (N0) – subject to external current injection – is reindicated using a grey 

circle in Figure 3.4 (b). A comparison of Figure 3.4 (b) with Figure 3.3(initial 

synaptic configuration) identifies a number of synaptic pathways that have 

fallen behind in the training. In particular, ‘mostly’ survived is a single 

pathway from N0 to each node – corresponding to the path of least time – 

among several initially available pathways. Nevertheless, multiple paths are at 

times found owing to the limited filter width in time. This will be addressed 

later in this section. The temporal firing pattern after the training differs from 

the initial one in the spike firing time as compared in Figure 3.4 (a); the spike 

timing is shortened due to the reduction in the firing latency, which is a 

consequence of synaptic pathway evolution. That is, the evolving paths in 

Figure 3.4 (b) are footprints of couriers, i.e. spikes. An area in the vicinity of 

N0 is sampled (shown in Figure 3.5 (b)) and a spike, running over the nodes 

between N0 (node 1) and node 6, is plotted with time in Figure 3.5 (a). The 

training leads a spike fired at node 1 to node 6 along the pathway connecting 

nodes 1 – 6, whereas the spike initially detours to node 6 via other nodes 

alongside the path of least time. Notably, the spike time is reduced upon the 

training, which is caused by the reduction of firing latency as seen in Figure 

3.5 (a).  The reduction in spike firing time is directly seen in Figure 3.6, 

where the mean firing time at the nodes in each group is plotted. Notably, the 

larger the reduction, the further a node is from N0. Given that a path to a 

further node is likely to involve more nodes, a latency reduction at each node 

on the path causes a larger reduction in total. This optimization of path of least 
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time is compared with that done by Dijkstra’s algorithm[11] as shown in 

Figure 3.6. Dijkstra’s algorithm finds a shortest path by comparing all 

possible paths in a sequential manner; spike propagation time over paths is of 

only concern in the algorithm without considering spike-firing latency. Thus, 

the firing time optimized by Dijkstra’s algorithm is shorter than the present 

algorithm as shown in Figure 3.6. Nevertheless, Dijkstra’s algorithm finds a 

path that is quite comparable to the present self-organization based on the 

STDP protocol. The main difference lies in the lack of associative synaptic 

pathway, i.e. Group (b) in the previous section. Associative synaptic pathway 

allows multiple paths; Dijkstra’s algorithm makes a single decision every 

sequential step, so that no multiple solutions result from the algorithm. It is 

noticed that the indicated path in the inset of Figure 3.5 (b) is not the only one 

as some other pathways were survived in the competition – multiple paths 

found. They offer more or less the same travel time as the one (nodes 1 – 6) 

within tolerance for travel time. Rendering the self organization procedure 

fully competitive needs to suppress path association, belonging to Group (b). 

Possible pathways other than the path of least time should therefore be 

discriminated using a fine filter. The spike firing latency (Δt) upon an EPSC 

from a neighbouring neuron parameterizes the fineness of the filter; a smaller 

Δt reduces the probability of a spike in close succession within Δt, so that 

spikes can be distinguished at higher temporal resolution. The latency Δt is 

given by a solution to the following equations (see Method):  
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 eΔ/ − Δ − () ( −  ) = 0,    ℎ    ≠ ,          (4)  

 

and  

 

u −  − Δ Δ = 0 ,   when τ = .                     (5)   

 

The latency, i.e. the fineness of the filtration, varies upon τi, τ, i0, and w, 

assuming that c, uth, and urest are invariable. Figure 5a shows the latency as a 

function of τi and τ at given i0 and w, which decreases with both time 

constants. Given that larger time constants τi and τ cause a slower decay 

in EPSC and that in the contribution of EPSC to the membrane potential 

evolution, respectively, [see Eqs (1) and (2)], they consequently shorten the 

latency, discriminating incoming spikes in close succession. The latency 

employed in the aforementioned self organization is approximately 2.75 ms. 

Notably, i0 and w significantly affect the latency as can be understood from 

Eq. (4) or (5). Given that the synaptic weight w determines the amplitude of 

EPSC, the product of i0 and w implies the EPSC maximum. According to Eq. 

(4) or (5), the latency more significantly depends on i0 than the time constants. 

Changing i0 therefore appears more efficient in realizing fine filtration. We 

attempted to employ a finer filter by using a higher i0 (30 nA) which 

corresponds to a latency of approximately 0.408 ms. Indeed, the use of the 

finer filter additionally removed several paths that fell behind in the 
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competition. However, some multiple paths still remain, so that it is most 

likely proper to put these multiple paths in the way that they are equally 

optimized with tolerance that relies on the filter. In addition, regarding the 

effect of w on the latency the filter becomes finer as w increases, which is the 

case of winning synaptic paths in the competition. 
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Figure 3.3 250 nodes (neurons) and 1,766 connections, i.e. two opposite 

unidirectional paths between every pair of nodes within the cutoff length (2.5 

mm) of each other, are placed in the network. Each connection between two 

nodes is made up of two opposite unidirectional paths with the same distance. 

The grey circle (N0) denotes a neuron that is subject to external current 

injection. 
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Figure 3.4 (a) Change in spike raster of all 250 nodes (neurons) upon 

training by the STDP rule. The spike raster for initial synaptic weight (blue 

circles) was obtained with fixed weight (0.5). Spike firing for both cases is 

triggered by external current injection into the red node in Figure 3.3 at zero 

ms, which is re-indicated using the greyfilled circle in (b). The nodes are 

sorted into seven time bins with 20 ms bin width (Groups 1 – 7), depending 

on spike firing time for the initial weight case (blue circles). (b) The nodes in 

Groups 1 – 7 are indicated using different colours shown in (a). The contrast 

gradient of each synaptic path indicates the direction of synaptic transmission, 

i.e. from white to black. 
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Figure 3.5 (a) consecutive spike firing along the chain. (b) A synaptic chain 

formed after the training is sampled. 
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Figure 3.6 The mean spike firing time of the nodes in each group with 

evenly distributed initial synaptic weight (red) and updated weight (green). 

The optimized path of least time, including the delay over each synaptic 

pathway as well as the firing latency at each node, is also compared with that 

found by Dijkstra’s algorithm (blue) disregarding the latency at the nodes. 
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3.2.5. Adaptation of network 
 

The aforementioned STDP protocol filters out synaptic pathways that are 

not parts of paths of least time by reweighting their weights converging 

towards zero, so that these pathways no longer contribute to spike propagation. 

Given that the ADP is disregarded in our particularly aimed network, the 

pathways with zero synaptic weight are permanently impaired. Therefore, the 

STDP protocol cannot solely recover their weights insomuch as the temporal 

order of spikes, i.e. pre-post order (capable of potentiation of the zero-

weighted synapse), cannot be achieved by that synapse. That is, the synaptic 

weight and the consequent temporal spike order are self consistent; a weight 

of zero allows no potentiation within the framework of STDP. This restriction 

hinders the re-adaptation of the once-trained network to a new source node(s), 

resembling onetime programmable read-only memory[12]. However, replacing 

the severe minimum weight, i.e. zero, by a few percent renders it possible to 

trigger the self-consistent potentiation by the corresponding temporal order of 

spikes. Consequently, the re-adaptation of the network is accomplished. An 

example of re-adaptation is shown in Figure 3.7, where the network that had 

been trained by a source node (red circle) was retrained by imposing an 

external current of 10 Hz on a new source node indicated by a grey circle. A 

weight of 0.2 was assigned to the minimum 
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Figure 3.7 Re-optimized synaptic pathways (black lines with contrast 

gradient) by retraining the network with a new source node (grey circle), 

which had been trained with a previous source node (red circle). The green 

lines with contrast gradient indicate the previously optimized synaptic 

pathways. 
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3.3. Neuromemristive system 
 

3.3.1. Memristor 
 

Leon Chua proposed 'memristor' in 1971.[1] Chua claimed mathematically 

that an element represented by charge and magnetic flux was ought to exist in 

company with resistor, capacitor and inductor. This element has a feature that 

its electrical resistance is irregular and changable depending on a record of 

passed charge. The word 'memristor' which is a combination of the words 

memory and resistor was named because of the feature.  

The Memristor was not reported experimentally since Chua had anticipated 

academically until Strukov reported the first memristor element 

experimentally.[2] Strukov resistance switching phenomenon operating in a 

metal-insulator-metal structure using metal oxide as movement of memristor. 

After the report, it was reported that the resistance switching phenomenon had 

memristor's features in various substances.   

Memristor's features are as in the following. Memristor can change 

resistance by electrical current, and this change is nonvolatile. Next, it is 

simple in structure because it has 2-terminal unlike transistor element that has 

3-terminal so it can be made into a cross-point structure. Therefore, it can be 

generated into size and the manufacturing process can be simple. In addition 

to, it is known that the smaller the size of element is, the more uniform its 

features are, unlike the capacitor and it makes it advantageous. To make low-

power element is favorable because it is low-power and low-voltage element 
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and it consumes very little energy. The element of memristor has received 

attention as an element for massive data storage because of the trait.  

A field of neuromorphic also pays attention to the trait of memristor's 

element. Researches about realizing artificial synapse using the trait of the 

element : it can change resistance through electrical signal and this change of 

resistance continues. A primary trait of synapse is changable weight and 

permanent change, When this trait is able to be copied, the artificial synapse 

will be able to perform functions of memory and learning. In this respect, it is 

expected for the trait of memory and resistor of memristor to be very properly 

used.   

Also, there is another reason why memristor is suitable to the artficial 

synapse. It is that memristor can integrate with high density. Its very simple 

structure enable high-density and two-dimensional structure to be. And in 

addition, the possible point of 3 dimensional stacking is huge merit. The 

element of memristor is more advantageous than other elements in imitating 

high density of synapse in biological brain because of this trait. Recently, 

researches about the artficial synapse using memristor like Figure 3.8 is rising 

trend. It means that memristor is an important field in the domain of 

neuromorphic. This sphere is called neuromemristive system. 

Various memristors such as Cu2O, HfOx/AlOx, Cu:MoOx/GdOx are studied 

for the neuromemristive system.[3-11] They are similar in the way that they 

copy ADP or STDP because most of them have same aim, neuromorphic. 

However, because each material has different resistive switching mechanism, 
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there is a difference in detailed circuit or algoritm. This is why a research 

about the effect that the trait of resistive switching affects the 

neuromemristive system.  
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Figure 3.8 The data optained by searching the Web of Science using the 

expression : TS = (neuromorphic and memristor) OR TS = (neuromorphic and 

RRAM) OR TS = (neuromorphic and PCM) OR TS = (memristive synapse) 

OR TS = (neuromorphic and phase change) OR TS = (neuromorphic and 

resistive switch) 
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3.3.2. 3D Cross Bar Array structures 

As the scaling of a neuromorphic device proceeds down to the design rule 

of ∼10 nm, architectures with a vertically integrated structure are attracting 

tremendous interest. This is because it is the most feasible method of 

continuously decreasing the cost/memory trend with increasing circuit density. 

In this section, we deal with issues related to the 3D CBA structures in which 

the pre and post synaptic neuron lines are in the form of wires. Then, the 

discussions are extended to 3D CBA structures with “pre synaptic neuron 

planes”, which can largely decrease the necessary number of interconnction 

wires and circuit overhead. 

First, the numbers of necessary interconnection lines (nil) in the synapse 

region for 2D and 3D CBAs are considered. It can be easily understood that nil 

determines the number of total contacts as well as the metal wires that connect 

the pre synaptic neurons to the post synaptic neurons, so that minimizing nil is 

as important as increasing the synapse density because contacts and 

interconnection wires take Si substrate area. In a 3D CBA, nil is determined by 

the numbers of pre synaptic neurons (M), post synaptic neurons (N), and 

layers (L). 

There can be several methods of stacking 2D CBA into 3D CBA. Among 

these, the simplest is just stacking 2D CBAs on top of each other, as shown in 

Figure 3.9 (a), while each 2D CBA is separated from each other by an 

insulating layer. In this paper, this type of 3D CBA is referred to as “cross-

line-type CBA”. As this is just a repetition of 2D CBAs, numbers of 
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synapses(C) in a cross-line-type CBA is determined by the product of 

numbers of pre synaptic neurons, post synaptc neurons, and stacks, i.e. 

C=M×N×L. Thus, minimizing nil in such a CBA for given C and L means 

minimizing M+N, and the minimum nil is achieved when N=M. This can be 

more formally explained as follows: in the cross-line-type CBA, nil=(N+M)×L, 

and L=C⁄(N×M), so that nil=(N+M)×(C⁄(N×M)). Figure 3.10 shows the 

variation of nil as a function of M and N (note that L is not an independent 

variable) for C=106. It can be easily understood that the condition of 

M=N=100 results in the minimum nil of 20,000, which is the number of total 

pre and post synaptic neurons, implying that the numbers of contacts and 

interconnection lines to the periphery circuits are also 20,000. It is obvious 

that this cannot be the optimum architecture as this 3D CBA type hardly 

represents advantages over 2D CBAs in terms of nil. Note that a 1 M synapses 

2D CBA requires an nil of just 2,000 (M = N = 1,000). 

Another important concern is the difficulty in fabrication of multiple layers 

in cross-line-type 3D CBAs. In the structure shown in Figure 3.9 (a), the 

number of lithographic processes is proportional to L; thus, increasing L to 

make the effective synapse area smaller entails increasing the lithographic 

steps, which costs very much. Therefore, L should be regarded as an 

independent variable given by the difficulty and cost of 3D CBA fabrication 

unlike the previous demonstration where L was taken as a variable only 

depending on M and N. An alternative architecture can be seen in Figure 3.9 

(b), where the structure shown in Figure 3.9 (a) was simply rotated by 90° 
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with respect to the axis of N (or M). In this case, the number of stacked layers 

becomes M (or N). Compared with the structure in Figure 3.9 (a), this type of 

structure requires a much smaller number of lithographic processes that can 

decrease the fabrication cost by depositing the multiple layers and 

subsequently conducting anisotropic etching of the whole layer stack at one 

time if the etching and subsequent functional layer deposition technologies are 

available. However, this structure gives the following issue in terms of nil. For 

instance, when the allowed number of stacked layers of a 1 M synases cross-

line-type CBA is 10 due to the difficulty and high cost of fabrication, the 

minimum nil of 6,320 (nil=(N+M)×L; N=M=316 and L=10) can be achieved 

for the structure in Figure 3.9 (a). For the structure depicted in Figure 3.9 (b) 

of the same density with M=10, however, nil is 100,010 because N=100,000 

and L=1 minimizes nil. This is a strange conclusion derived from considering 

only the minimization of nil for this structure. This in fact excessively 

increases the resistance of the connection line of post synaptic neurons and 

has an extremely high number of nil. Therefore, there must be careful 

optimization considering the geometry and the processing cost. 

It was made clear above that decreasing nil is of critical importance for 

improving the synapse integration density of cross-line-type 3D CBAs. An 

even greater importance of decreasing nil can be found from the fact that a 

smaller nil results in less complicated and shorter wires that three-

dimensionally connect the pre and post synaptic neurons to the periphery 

circuits.[12] A substantial decrease in nil can be achieved when the so-called 
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“pre synaptic neuron planes” are adopted instead of pre synaptic neuron lines, 

as shown in Figure 3.11 (a) and (b).[13, 14] Such structures are called “plane-

type 3D CBAs”. In these structures, memristor synapses are placed at the 

junction region between pre synaptic neuron planes and post synaptic neuron 

lines. As can be easily understood from Figure 3.11 (a) and (b), when one pre 

synatic neuron plane is activated, all the synapses on that pre synaptic neuron 

plane are ready to be accessed. As it is quite obvious that the required number 

of periphery circuits for this plane structure is much smaller (discussed in 

detail below), this is therefore superior to the cross-line-type CBAs with 

respect to its higher space efficiency (ratio of the volume taken by the 

synapses to the total available volume) as well as its packing density because 

the space between neighboring pre synaptic neuron lines is no longer 

necessary. 

Regarding Figure 3.11 (a) and (b), the total numbers of pre synaptic neuron 

planes and post synaptic neuron lines, also called “nil” here, is (L×N)+M, and 

L=C⁄((N×M)). Therefore, nil=C⁄M+M, which becomes minimized when 

M=√C. In addition, as M=C⁄((L×N)), L×N=√C. As long as L×N=√C is 

satisfied, varying the values of L and N does not change nil. 

The following must be considered, however, due to the difficulty in making 

many layers along the vertical direction. L and M follow the vertical direction 

in Figure 3.11 (a) and (b), respectively. As mentioned earlier, the minimization 

of nil requires the condition, M=L×N=√C, to be satisfied. In Figure 3.11 (a), 

this can be easily accomplished by increasing M and N even when L is limited 
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to a small number, such as 10. For this structure, when C=106 and L=10, the 

optimized structure in terms of nil can be achieved when N=100,M=1000, 

giving an nil of 2,000. This structure is quite flexible for achieving the 

minimum nil when varying L because of the limits for the process issues 

related with M and N are not severe. 

In the structure shown in Figure 3.11 (b), however, the M=L×N= √C 

condition can hardly be satisfied because M is now the number of stacked 

layers. For instance, if M is assumed to be 10, as in case of Figure 3.11 (a), 

N=L=316 gives the minimum nil, but this actually results in the minimum nil 

of 99,866, which is an excessively larger number compared with the other 

case. 

Meanwhile, the structure shown in Figure 3.11 (b) has a certain merit over 

that in Figure 3.11 (a) regarding the fabrication. In Figure 3.11 (a), the stacks 

of laterally aligned metal wires (post synaptic neuron lines) must first be 

fabricated and followed by formations of memristor synapse onto the post 

synaptic neuron lines. Then, pre synaptic neuron planes are fabricated. 

Fabrication of free-standing metal wires is already quite challenging in this 

structure. In contrast, the structure shown in Figure 3.11 (b) is much more 

favorable for fabrication because the pre synaptic neuron planes (perhaps 

metal) and insulating layers are alternatively deposited. Then, vertical holes 

are formed by an anisotropic etching, and the memristor synapse layer is 

deposited. Finally, the holes are filled in with the post synaptic nuron line 

material (metal). This is a much easier process than the other one, although 
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the vertical etching of the bit line holes in the alternatively stacked layers is 

still challenging. 
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Figure 3.9 The standard structures of cross-line type 3D CBA: (a) vertical 

stacking and (b) horizontal stacking of 2D CBA. 
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Figure 3.10 A three-dimensional representation of nil as a function of M and 

N for the cross-line type CBA. 
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Figure 3.11 Schematic diagrams showing plane type CBAs: (a) vertical 

stacking and (b) horizontal stacking of pre synaptic neuron planes. 
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3.3.3. Calculation of the Sneak Path Resistance in 2D CBA 

 

Next, the sneak current problems in the 2D and 3D CBAs will be addressed. 

The extremely parallel and passive geometry of CBAs inherently induce the 

unwanted leakage paths, which severely disturb the propergation of a selected 

synapse, especially, if it is in the high resistance state. But it can be easily 

anticipated that there could be many other complicated situations where the 

sneak current contributes to the synaptic current or voltage. The leakage 

increases the power loss during the working, and in some cases, an unwanted 

disturbance in the resistance states can even be induced. This type of problem 

is hardly encountered in devices employing the MOSFET as the selection 

device for each synapse. The extremely nonlinear drain current versus gate 

voltage characteristics of MOSFETs can efficiently isolate selected cells from 

the neighboring synapses when they were accessed. In CBAs, however, 

MOSFETs can hardly be adopted as the selection device; as such, the sneak 

current issue is one of the most significant problems in this cross bar array 

structure. 

In the following, a method for simplifying and evaluating the complicated 

parallel sneak paths is provided, and methods of suppressing the sneak 

currents suggested up to now are summarized depending on the operation 

schemes of the RS memory cells in the subsequent subsections. To begin with 

the simplest case, a 2D N×M CBA is considered, where N and M refer to the 

numbers of post and pre synaptic neuron lines, respectively (Figure 3.12 (a)). 
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In Figure 3.12 (a), there are (N-1)×(M-1) sneak current paths (one of them is 

shown as the blue dashed line) when the synapses represented by the red line 

is supposed to propergate. To understand the circuit feature of such multiple 

leakage paths, one leakage path is chosen, and the current flow through the 

path is traced. Here, for the sake of simplicity, the resistance of the 

interconnection lines is ignored, but its influence is dealt with in subsection 

3.3.5. One can easily understand that each sneak path contains three sneak 

resistance components (Rs1, Rs2, and Rs3, shown in Figure 3.12 (a) along the 

dashed blue line) while all other paths containing, for example, five Rs do not 

need to be considered because the additional fourth and fifth components do 

not flow current through them as the electric potential drops across them are 

zero (as long as the line resistance is ignored). One example of five Rs is 

shown in Figure 3.12 (a) with the green dashed line. The worst case scenario 

for the sneak current is that all synapses are in low resistance state except for 

the selected synapse. Under this situation, for the sneak path shown in Figure 

3.12 (a), the sneak current, originated from the selected pre synaptic neuron 

line, flows into the post synaptic neuron line through one of the (N-1)×Rs1, 

and then flows into another pre synaptic neuron line through Rs2. This current 

finally flows into the selected post synaptic neuron line via Rs3. This situation 

can be well represented by the equivalent circuit shown in Figure 3.12 (b). For 

a selected pre synaptic neuron line, the number of the synapses, unselected but 

sharing the pre synaptic neuron line, is N-1, meaning that the sneak current 

from the selected pre synaptic neuron line is divided into N-1 paths when it 
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flows through Rs1. Each of the current components that just passed through 

the N-1 paths is divided again into the M-1 paths when it passes through Rs2. 

Therefore, it can be understood that the total number of Rs2 is (N-1)×(M-1), 

which is identical to the total number of sneak paths in this 2D CBA case. 

Finally, the (N-1) sneak paths after Rs2 are connected to one of the (M-1)×Rs3, 

and the sneak current flows into the sense amplifier via the selected post 

synaptic neuron line. In this case, it can be noted that each Rs2 flows only one 

sneak current component while others (Rs1 and Rs3) flow certain sums of the 

variously divided current components. This can be understood from a slightly 

different point of view as follows: there are (N-1)×(M-1) sneak current paths 

in total (number of Rs2), which are connected to (N-1)×Rs1 on one hand and 

are connected to (M-1)×Rs3 on the other hand. This means that one Rs1 is 

connected to (M-1) paths and one Rs3 is connected to (N-1) paths. The 

structure of one Rs1 connected to (M-1) paths is equivalent to the structure 

where (M-1) numbers of (M-1)×Rs1 are in parallel connection with each other. 

Therefore, the one Rs1 can be represented by M-1 parallel connections of (M-

1)×Rs1. There are (N-1) numbers of {(M-1) parallel connections of (M-1)× 

Rs1}, so that the number of (M-1)×Rs1 in total is (N-1)×(M-1) in the 

equivalent circuit. A similar idea can be applied to Rs3; each Rs3 has (N-1) 

paths connected to it so that the one Rs3 can be represented by (N-1) parallel 

connections of (N-1)×Rs3. There are (M-1) numbers of {(N-1) parallel 

connections of (N-1)×Rs3}, so that total number of (N-1)×Rs1 is (M-1)×(N-1) 

in the equivalent circuit. These are equivalent to the case where each Rs2, of 
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which number is (N-1)×(M-1), is connected to (M-1)×Rs1 and (N-1)×Rs3, 

which can be represented by the equivalent circuit diagram shown in Figure 

3.12 (c). Now, it can be understood that a parasitic circuit composed of (N-

1)×(M-1) parallel resistors, where each resistor is composed of serially 

connected (M-1)×Rs1, Rs2, and (N-1)×Rs3, is connected to the selected synapse 

represented by the red color, as shown in Figure 3.12 (c). Then, the overall 

resistance of all sneak paths (Rst) can be easily calculated using Equation 6. 

 

R =   + ()×() +      (6) 

 

It also has to be noted that the sneak current flows from the word to the post 

synaptic neuron lines through Rs1 and Rs3 while for Rs2 it is the other way 

around. This has important implications when uni-directional selection 

devices, such as diodes, are implemented, as will be discussed later. A similar 

idea to understand the parasitic resistance of CBAs has been suggested by 

Flocke and Noll.[15] 
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Figure 3.12 Schematic circuit diagram to explain the equivalent circuitry of 

2D CBA: (a) a circuit diagram of 2D CBA (red line) synaptic current; (blue 

long dashed line) possible sneak path; (green short dashed line) impossible 

sneak path, (b) intermediately transformed circuit diagram, and (c) finally 

transformed circuit diagram equivalent to that in (a). In (c), each sneak path is 

composed of serially connected (M-1)Rs1, Rs2, and (N-1)Rs3, and total number 

of such sneak paths is (N-1)(M-1). F represents floating. 
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3.3.4. Calculation of the Sneak Path Resistance in 3D CBA 

The idea for calculating the Rst in 2D CBAs can be extended to 3D CBAs 

as follows. As discussed in detail in subsections 3.3.2, there could be two 

representative types of 3D CBAs: the cross-line-type and the plane-type. It is 

quite obvious that the Rst for the cross-line-type 3D CBAs must be identical 

to that in Equation 6 because each layer is isolated from each other, so that 

they are completely independent, meaning that Rst is completely independent 

of L. 

For the word-plane-type 3D CBAs, however, the number of the post 

synaptic neuron lines connected to one pre synaptic neuron plane is much 

larger than in the other case, so that the number of sneak current paths 

increases accordingly. Fortunately, the formulation of Rst for the plane-type 

3D CBAs can be easily accomplished by recognizing the fact that the number 

of the post synaptic neuron lines connected to one pre synaptic neuron plane 

is N×L, which is equivalent to the situation where there are N×L connected 

post synaptic neuron lines per one “equivalent” pre synaptic neuron line. This 

means that N in Equation 6 can be replaced by (N×L), and that Equation 7 can 

be achieved for Rst of the plane-type 3D CBA. 

 

R =  × + (×)×() +                          (7) 

 

This means that the overall Rst becomes smaller as L increases in this type 

of structure, while no influence of L on Rst in the cross-line-type 3D CBA. 
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This is one of the crucial demerits of the plane-type 3D CBAs. It has to be 

kept in mind, however, that necessary nil can be smaller when a word plane is 

used in place of pre synaptic neuron lines. Therefore, there is a tradeoff 

between nil and Rst, as shown below. Figure 3.13 shows the variation in the 

ratio of nil and Rst between cross-line-type and plane-type 3D CBAs as a 

function of L, where the values for the cross-line-type 3D CBA were taken as 

reference. Here, it was assumed that N=M=100,Rs1=Rs3=100 Ω, respectively. 

It was further assumed that diodes with a rectification ratio of 107 were 

adopted, meaning that Rs2=109 Ω. The Rst ratio of the plane type 3D CBA 

decreases rapidly with L; for instance, at L=10, the Rst ratio decreases down to 

~ 10% Rst of cross-line-type 3D CBA, while the nil ratio decreases only by 

~50 %. This is a highly undesirable situation for the plane-type CBAs. 

However, the Rst of plane-type CBA is still more than 10,000 Ω that is 

enough to prevent read disturbance with 100 k synapses. Although the Rst 

ratio decreased significantly compared to the cross-line-type CBA, but to 

adopt higher performance diode is effective. 

It should be noted that Equation 7 is for the basic 3D CBA structure while 

the modified version of 3D CBA, such as the shared-line structure, requires a 

further modification of the equation. In general, at a given C, decreasing nil by 

any means corresponds to increasing the number of the cells sharing one line 

(post synaptic neuron line, pre synaptic neuron line, or plane). This is 

represented by the increases in N, M, and L in Equation 7 so that decreasing 
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nil to increase the synapse density efficiency necessarily increases the sneak 

current. Therefore, tighter specifications are required for the selection devices. 
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Figure 3.13 Variation in the ratio of nil and Rst between cross-line type 3D 

CBA and word-plane type 3D CBA as a function of L, where the values for 

cross-line type 3D CBA were taken as reference, when the rectification ratio 

is 107, Rs1 = Rs3 = 100 Ω, and N = M = 100. 
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3.3.5. Influence of Line Resistance 

 

Metal wires have been regarded as having negligible resistance in the CBA-

type structure, but this is not the case when F shrinks down to the 10 nm scale. 

For example, assuming that the metal has 10 μΩ•cm resistivity and that the 

line has 10×10 nm2 cross-section and a 2 μm length, which corresponds to a 1 

M 2D CBA array (1,000×1,000 synapses) with a design rule of 10 nm, the line 

resistance is as high as 2 kΩ, which is not negligible. Therefore, the worst-

case memristive synapse, of which location is at the opposite corner from the 

voltage source, can have a series resistance as high as 4 kΩ, which is large 

enough to interfere with the resistive switching operation of the synapse if its 

overall resistance is not much higher than the series resistance. If the same 1M 

synapse consists of a 3D CBA with a 100×100×100 arrangement, however, 

the maximum line length is 0.6 μm, and the maximum series resistance is 0.6 

kΩ, which is ~7 times lower than in the previous case. This could be another 

crucial merit of the 3D CBAs compared with the 2D CBA structure. The 

increased number of interconnection lines, however, is the demerit of such 

structure, as discussed earlier. 

When the metal wire resistance is too high, two serious problems are 

expected: interference of the memristove synapse operation and deviation of 

the sneak current from the expectation as has already been mentioned. For the 

adverse interference of metal line resistance, Kim et al. reported a detailed 

study on this issue for the case of the unipolar-type memristor.[16] In a 
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unipolar-type memristor, the reset voltage is generally lower than the set 

voltage. One may consider a serial circuit consisting of one variable resistor, 

the unipolar-type memristor, and another fixed resistor, the line resistance in 

this case, and whose resistance is comparable to the on-state resistance of the 

unipolar-type memristor. For a simple explanation, the reset and the set 

voltages are assumed to be 1 and 2 V, respectively, and the on-state resistance 

of the unipolar-type memristor and the line resistance are commonly 100 Ω, 

and the system is required to switch from the on- to the off-state. When a 

voltage of ca. 2.5 V is applied to the serially connected resistors, the unipolar-

type memristor memory cell initially experiences 1.25 V, which is large 

enough to change the on-state to off-state. Immediately after the occurrence of 

this change, however, almost all the applied voltage comes to be applied to the 

memory cell due to the much higher resistance of the off-state unipolar-type 

memristor compared with the series line resistance. As this voltage is higher 

than the set voltage (2 V), it subsequently switches to the on-state, meaning 

that memory reset becomes improbable.[16] Therefore, the resistance of the 

line should be much smaller than the resistance of the on-state unipolar-type 

memristor. 

The various operation schemes are based on the assumption that the line 

resistance is zero, which is actually quite inappropriate in CBAs at the 

nanometer-scale. The most significant problem related with the non-zero line 

resistance comes from the fact that the small voltage is actually applied over 

the nodes where the voltage is supposed to be zero. Therefore, the nodes that 
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are not supposed to conduct sneak current actually conduct slight sneak 

current. Further complications originates from the fact that the actual 

resistance from the voltage source to the selected synapse varies in a wide 

range in a synapse-by-synapse manner, which makes the quantitative 

estimation of the total resistance very difficult. It must be noted that Equations 

6 and 7 assumed zero line resistance. 
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3.3.6. 5 types of memristive system 

 

Memristor can switching into diverse resistance state by voltage. Basically, 

lower resistance switching phenomenon is called 'set', and at this time of 

voltage is called 'set voltage'. On the contrary, higher resistance switching 

phenomenon is called 'reset', and at this time of voltage is called 'reset voltage'. 

In the neuromemristive system, control of voltage generates set and reset, and 

the synaptic plasticity is realized through it.  

A figure of resistive switching is different depending on each memristor 

material. This is because each material has different resistive switching 

mechanism operating inside. In this paper, these memristors which have 

different traits are distributed into 5 by the figure of current-voltage(I-V) 

graph.  

 

1. binary type 

A fundamental trait of memristor is changable resistance. In the part of 

memrisor, resistance has only two type of state, large and small. These states 

are defined High Resistance State(HRS) and Low Resistance State(LRS), 

respectively. This element is ill able to indicate various levels of resistance 

because it has only two type of resistance states. If various levels of resistance 

are realized, several elements are arranged in one circuit. But this structure is 

very complicated, do actual manufacturing or using may be limitary. 

Therefore, when we uses memristor, it will be appropriate to realize synaptic 
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weight into binary figure that is 0 or 1. Cu2O, NiO, TiO2 were reported as this 

form of memristor.[3, 4] 

 

2. linear type 

Linear type is a memristor model that is possible to have multi level 

resistance state different with a binary type. And a difference between each 

resistance state depends on linear change. For example, it means an element 

that a value of resistance of each state is 100 ohm, 200 ohm, 300ohm. These 

various resistance levels can be controled using a difference of switching 

voltage or switching pulse width. The synaptic weight can be copied with 

segmentation because it has several stage of resistance state unlike binary type. 

Cu2O, WOx, AlOx were reported as this form of memristor.[5-8] 

 

3. log type 

Basically, this typr is similar with the linear type. However, in this type, a 

difference of each resistance state changes exponentially. It is a difference 

from the linear type. For instance, each resistance state is a changing element 

like 100 ohm, 1000ohm, 10000 ohm. In the main, it can reach each resistance 

state through switching voltage's control. In common with the linear type, it 

can copy several levels of synaptic weight. Its drawback is that making a 

detailed difference of synaptic weight is difficult because a difference of 

resistance of each state is very high. HfOx/AlOx, HfOx were reported as this 

form of memristor.[9-10] 
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4. hard reset type 

Movement of set and reset is not always operate symmetrically. According 

to material, set operates as multi step, but reset does not. Movement of reset 

always changes into HRS whose resistance is biggest. This movement is 

similar with a movement of MLC NAND flash. In the case of the artificial 

synapse using hard reset type element, potentiation can change synaptic 

weight by stages. But in the case of depression, it can change into minimum 

synaptic weight only. TiOx/HfOx/TiOx/HfOx/Pt reported as this form of 

memristor.[11] 

 

5. hard set type 

The last one is as opposed to hard reset type. In this type, reset movement 

happens by stages but set movement does nor. Regardless of present 

resistance state, set movement in this element can change into LRS whose 

resistance is lowest only.  In the case of hard set type, depression can change 

synaptic weight by stages, but potentiation can only change into maximum 

synaptic weight. There were rarely reports of memristor which has I-V trait of 

this form. However, we can infer the memristor of hard set type from traits of 

other four types and predict an application to the neuromemristive system. 
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Figure 3.14 Memristors which have different switching curve are 

distributed into 5 by the figure of current-voltage(I-V) graph.  

 

  



 

 110

3.3.7. Modified STDP in neuromemristive system 
 

In the previous chapter, memristor is classified into 5 types depending on 

the type of resistive switching. Let us look into how we apply STDP learning 

rule about each 5 types. Also, in the point of path optimization, we will 

investigate how each memristor operates.  

Previously, it was observed that STDP learning rule performed a function 

of path optimization and reduced latency in the neural network through 

simulation. This function may be shown equally at the neuromorphic chip. 

The artificial synapse using memristor should be generated to perform a 

function of path optimization through STDP for it.  

However, it is very hard to copy the STDP learning rule perfectly in the 

actual neuromorphic chip. The biggest reason is that controling resistance of 

memristor like the synaptic weight of actual biological synapse is difficult.  

Basically, the biological synaptic weight is analogue and changes really 

gradually. But the resistance of memristor cannot copy this gradual change 

according to kinds. For example, in the case of binary type, only HRS and 

LRS can be used to express synaptic weight. For this reason, reasonable 

STDP model cannot be used in the neuromemristive system as it is. Thus, in 

the neuromemristive system, modified STDP model should be used depending 

on the type of memeristor which we want to use.  

 

1. binary type 
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Because memristor of the binary type has only two resistance state, HRS 

and LRS, synaptic weight will be expressed in only two ways. Therefore, in 

the way of this type of element, potentiation can be defined set movement 

only, and depression can be defined reset movement only. STDP that can 

apply to the binary type is in Figure 3.15. Because it can have only two states, 

when Δt is positive, set movement is defined that it is for potentiation and 

when Δt is negative, reset movement is defined that it is for depression.  

Setting resistance of LRS as 100 ohm, we carried out a simulation about the 

cases which resistance ratio of HRS and LRS is 100 times, 10 times, and 5 

times each in. Also, considering resistance distribution of the actual memristor 

element, following equation is applied. 

 

synaptic weight =    /( × (1, )),   15 ≥ Δ ≥ 0       /( × (1, )),    0 > Δ ≥  −15   (6) 

 

The normal distributin is denoted by (, ) with mean  and standard 

deviation . In the above equation, we divided standard deviation(σ) from 0 ~ 

0.5 by 0.1 and compared the result of simulation. Then we calculated the 

average calculating 5 trials for each spatial growth network using memristor 

element meeting the conditions of each as the artificial synapse repeatedly.   

We compared the result of each simulation with ths case of using 

reasonable STDP learning rule. As a result, when σ was 0, a rate of 

concordance is about 98.7%. However, the bigger the σ was, the lower 
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correlation was, so when the σ was 0.5, it was reduced to 94% regardless of 

resistance ratio. It shows that when we simplify the synaptic weight to binary, 

we will be able to get the result to the nearest 99%, and when there is 

spreading, we can get the result according over 90%.   

 

2. linear type 

When it is linear type, ir can copy the detailed synaptic weight compared 

with the binary type. We suppose that a stage of resistance will change by a 

stage when potentiation or depression happen dividing resistance state into 6 

stages. STDP of this condition can be expressed in a form off Figure 3.16. 

Normalized synaptic weight increases and decreases 0.2 step per every STDP 

movement, and following equation is applied to consider the resistance 

distribution like the case of the binary type.  

 

s. w. =  s. w. +0.2, 15 ≥ Δ ≥ 0       s. w. −0.2, 0 > Δ ≥  −15                  (7) 

 

Likewise, the σ is changed from 0 to 0.5 by 0.1, it is the result of 

calculating 5 times about each case.  

A Figure 3.16 is the result of simulation performed based on it. As the 

Figure 3.16 shows, when the σ is 0, the rate of concordance is about 99.2%. 

However, when the σ is changing from σ, it has a stationary value in before 

and after 97%.   
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When it is about actual physical element, the σ cannot be 0. Therefore in 

the case of the linear type, the value of correlation is about 97%, and there is 

little effect of the resistance distribution. 

 

3. log type 

A log type has huge resistance ratio of each resistance state. We supposed 

that resistance of each stage has 10 times of difference, and calculated the 

synaptic weight using following equation.  

 

s. w. =  s. w.× 10 × (1, ), 15 ≥ Δ ≥ 0       s. w.× 0.1 × (1, ), 0 > Δ ≥  −15                 (8) 

 

Likewise, the σ is changed from 0 to 0.5 by 0.1, it is the result of 

calculating 5 times about each case.  

A Figure 3.17 is the result of simulation performed based on it. In the case 

of the log type, from a point of synaptic current, there are only two stages, 

HRS and LRS, resembling the binary type, because the resistance ratio of 

each stage is too high.  It is why correlation was about 98% when the σ was 

from 0 to 0.2. But when the σ reaches 0.3, correlation decreases dramatically. 

When the σ is 0.4~0.5, it gets lower up to 74%. Ths is because HRS resistance 

of the log type is very high value, and the bigger the σ is, the bigger the range 

of resistance is. Correlation gets relatively small value because change range 
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of synaptic weight increases by σ that has big value, and the neural network 

cannot keep stable easily.  

 

4. hard reset type 

A hard reset type is a particular case of the linear type. Because the set 

movement is same with the linear type's, but there is difference in the reset 

movement. The reset movement is similar with the binary type's. Thus, when 

it comes to STDP of the hard reset type, potentiation is same with the linear 

type's, and depression is same with the binary type's. A figure of STDP for 

application to this type is in the Figure 3.18.  

Likewise, the σ is changed from 0 to 0.5 by 0.1, it is the result of 

calculating 5 times about each case. A Figure 3.18 is the result of simulation 

performed based on it. As a result of simulation of the linear type, a value of 

correlation is 98.8% when the σ is from 0 to 0.3. It is 98.4% when the σ is 0.5. 

Comparing this result with the binary and linear type, a value of correlation of 

the hard reset type is higher than theirs when there is distribution to the 

resistance state. 

 

5. hard set type 

A hard set type is an inverse case of the hard reset type. It means that when 

it comes to STDP of the hard set type, potentiation is same with the binary 

type's, depression is same with the linear types. A figure of STDP for 

application to this type is in the Figure 3.19.  
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And then there is a result of calculating  5 times about each case, changing 

the σ from 0 to 0.5 by 0.1 in the Figure 3.19. Peculiarly, in the case of the hard 

set type, there seems to be little difference in a value of the correlation that is 

about 93.5% in range of calculating σ. It is lower than switchs of other types'. 

 

In the above, STDP learning rule is applied to the neural network, when 5 

types memristor are used to synapse. As a result of comparing a result of 

applying STDP modified to fit the characteristics of each memristor with ideal 

result, we could get different results depending on switch type.  

When the σ was 0, all values of correlation is over 98%, except the case of 

the hard set type. But it is an ideal situation. If we generate actual 

neuromorphic chip, the σ cannot be 0. So, practically, comparison should be 

performed about when the σ is bigger than 0.   

It showed that correlation decreased the biggest when the σ was bigger than 

0.3 in the case of the log type. In the case of the hard set type, there was a 

little influence from the σ, a value of correlation was low, generally. In the 

case of the binary type, a value of correlation decreased in reverse proportion 

to the σ. In the case of the linear type, there was little influence from the σ, 

a value of correlation a little decreased when the σ was not 0. Therefore, 

when the σ was bigger than 0, a value of correlation was the biggest and got 

the lowest effect from the σ, in the case of the hard reset type.  

We can think a reason of these phenomenons as follows. First of all, it is 

considered as being advantageous that depression or reset are changed into 



 

 116

HRS by one step. This is because synapse getting weak becomes HRS directly, 

and does not deliver AP anymore. If there is no sufficient depression or 

variation of resistance state is big, AP will be delivered through this synapse. 

This phenomenon will change the order of firing of neuron and make 

saturation hard.   

On the contrary, changing through some stages is favorable to potentiation. 

If it changes into LRS at a time, synapse will be largely influenced by the σ. 

And current going through this synapse also changes largely and it disturb a 

network's saturation. However, if potentiation progresses by stages, a width 

variation by the σ will be able to be reduced. Resultingly, the synaptic weight 

changing by potentiation will also change gradually. Thus it keeps synaptic 

current from changing suddenly. Taken together, the hard reset type that 

depression which does not make AP be delivered happens immediately and 

potentiation which make AP be delivered happens gradually in has the highest 

value of correlation. 
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Figure 3.15 Because binary type can have only two states, when Δt is 

positive, set movement is defined that it is for potentiation and when Δt is 

negative, reset movement is defined that it is for depression. Correlation 

decreases when sigma increase. 
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Figure 3.16 Normalized synaptic weight increases and decreases 0.2 step 

per every STDP movement. The correlation is about 97%, and there is little 

effect of the resistance distribution except σ is 0. 
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Figure 3.17 In log type, the resistance of each stage has 10 times of 

difference. In the case of the log type, from a point of synaptic current, there 

are only two stages, HRS and LRS, resembling the binary type, because the 

resistance ratio of each stage is too high.  It is why correlation was about 98% 

when the σ was from 0 to 0.2. But when the σ reaches 0.3, correlation 

decreases dramatically. When the σ is 0.4~0.5, it gets lower up to 74%. 

Correlation gets relatively low value because change range of synaptic weight 

increases by σ that has big value, and the neural network cannot keep stable 

easily. 
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Figure 3.18 The hard reset type is a particular case of the linear type. 

Because the set movement is same with the linear type's, but there is 

difference in the reset movement. The reset movement is similar with the 

binary type's. Thus potentiation is same with the linear type's, and depression 

is same with the binary type's. Correlation of the hard reset type are higher 

than other types’ when there is distribution to the resistance state. 
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Figure 3.19 A hard set type is an inverse case of the hard reset type. It 

means that when it comes to STDP of the hard set type, potentiation is same 

with the binary type's, depression is same with the linear types. Correlations 

lower than switchs of other types' 
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Figure 3.20 Comparing result of hard reset type with the binary and linear 

type, a value of correlation of the hard reset type is higher than theirs when 

there is distribution to the resistance state. Therefore The hard reset type that 

depression which does not make AP be delivered happens immediately and 

potentiation which make AP be delivered happens gradually in has the highest 

value of correlation. 
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3.3.8. Degradation 
 

There is a difference of resistive switching mechanism depending on kinds 

of memristor material, but generally, resistance increases gradually as time 

goes in a LRS situation. This phenomenon was taken placed when a 

conducting path inside insulator becomes weak, or trapping electrons become 

detrapping. Thus, as time goes, LRS changes into HRS gradually. This trait of 

memristor is called retention. When this retention is not good, the information 

recorded in a form of LRS will disappear as time goes on. Thus, a change of 

resistance over time should be small. But generally, it is known that there is a 

trade-off relationship where the faster resistive switching speed is, the worse 

the retention is.   

Synaptic weight will also change from its original value as time goes on by 

this resistance degradation phenomenon. The synaptic weight comprising 

saturation-conditioned neural network gets lower by degrees in process of 

time. We lowered the synaptic weight up to 80% ~ 10% in a lump to assume 

the neural network went along resistance degradation in a course of time. And 

then a change by STDP learning rule of this neural network was observed.  

When we lowered synaptic weight up to 80%~ 20% preparing saturation, it 

recovered 100% to the form that was before degradation in consequence of 

applying STDP rule again. But there was no recovery in the network where 

the synaptic weight got lower to 10%. This was because AP could not be 

propagated when the synaptic weight was excessively low. Whereas, recovery 
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could happen when the minimum conditions that were necessary for AP to be 

propagated were met. It is because the synaptic weight is updated by STDP 

rule when AP is propagated.  
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Figure 3.21 Lowered synaptic weight up to 80%~ 20% preparing saturation, 

it recovered 100% to the form that was before degradatin in consequence of 

applying STDP rule again. It is because the synaptic weight is updated by 

STDP rule when AP is propagated. (a) synaptic weight lowered to 80%, (b) 

20%. 
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3.3.9. Processes and materials for 3D stacking 

Fabrication of vertically integrated devices with extremely scaled feature 

sizes (< 20 nm) requires various challenging process steps for 

photolithography, etching, thin film deposition, and cleaning. This is not only 

for the 3D CBA but also for other vertical devices, such as vertical NAND 

flash. While the deposition of alternating metal and insulating layers to form 

the stacked planes could be relatively easily accomplished by the conventional 

chemical vapor deposition (CVD) for insulator (SiO2) layer and sputtering for 

metal layer, the etching of deep holes within the stacked layer for introducing 

the post synaptic neuron lines and functional memristor layers is a significant 

challenge for both the dry etching and lithography. Due to the very different 

chemical reactivity of the insulating and metal layers toward the etching gas 

chemistry, multiple etching and lithographic process might be necessary as it 

is already the case for fabricating the vertical NAND flash devices. Once such 

steps are completed, the deposition of memristor layers, selector layers and 

metal wires within the narrow post synaptic neuron line hole requires thin film 

deposition processes that possesses ~100% conformality, thickness 

controllability with atomic-level accuracy, and very large area uniformity. 

Looking at the promising 3D CBA structure shown in Figure 3.11 (b), it can 

be easily imagined that the allowed thickness for the various metal and oxide 

layers in the post synaptic neuron line holes is only a few nanometers when 

the feature size is < 20nm. Therefore, thickness control with atomic scale 

accuracy is indispensable. Such demanding requirements for the film 
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deposition could be met by only the atomic layer deposition (ALD).[17, 18] 

ALD has been spotlighted as an important technique for depositing 

nanometer-scale functional thin films, thanks to its self-limiting surface 

reaction, which offers atomic-level controllability and unprecedented 

conformality on extreme three-dimensional surface topologies. Readers are 

suggested to see the short movie for the functional deposition process of ALD 

on deep contact hole provided by Cambridge Nanotech.[19] ALD is usually 

supposed to operate under growth conditions where the growing film surface 

is well saturated with the chemically adsorbing species. Under these 

circumstances, the growth per cycle (GPC) of the film is constant in each 

deposition cycle, and the thickness of the film increases linearly with the 

number of deposition cycles. The ideal ALD reactions of compounds consist 

of two self-terminating surface reactions by a reactive metal precursor and a 

reactant gas.[20, 21] A model example of ALD with almost perfect self-limited 

reactions is Al2O3 ALD using Al(CH3)3 and H2O.[20] Al2O3 is a commonly 

adopted material in RS field as the thin insulating barrier layer. This reaction 

(2Al(CH3)3 + 3H2O → Al2O3 + 6CH4) shows an extremely high change in 

enthalpy due to a very strong bonding energy between Al-O and high affinity 

between the CH3 ligands and H+ ions.[20] Typical growth rate of Al2O3 ALD is 

~ 0.1 nm/cycle which is approximately one atomic layer thickness/cycle. 

However, many ALD processes for depositing other functional layers deviate 

to a different degree from such an ideal ALD reaction due to many reasons. 

For details about the non-ideal aspects of ALD, see recent review by Lee et 
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al.[22] Another facile ALD reaction that can produce functional TiO2 RS 

material is the reaction between TiCl4 and H2O (TiCl4 + 2H2O → TiO2 + 

4HCl), or between Ti(OC3H7)4 and H2O (Ti(OC3H7)4 and 2H2O → TiO2 + 

4HOC3H7). Sometimes, H2O is replaced with O3, which has a stronger 

oxidation potential than H2O. The unipolar, bipolar and switching diode-type 

memristors were achieved from the ALD TiO2 film using Ti(OC3H7)4 and H2O. 

Depending on the types of oxygen source for the given Ti(OC3H7)4 the 

resulting microstructure and interface properties are different, which 

eventually largely influences the resistive switching performance.[23] Other 

transition metal oxides, such as NiO,[24] ZrO2,[25] HfO2,[25] ZnO[26] or 

doped/undoped perovskite oxides,[22] can be also grown by ALD. The 

excellent step coverages of these RS oxides in a small-diameter contact hole 

structure have been confirmed.  

Another promising deposition method for oxide films is the supercritical 

fluid deposition. Jung et al. reported the TiO2 film deposition using the 

supercritical fluid deposition method with a step coverage of > 97% on a 

contact hole with an aspect ratio of 50.[27] 

In contrast, there are several material classes which are generally difficult 

to be processed by ALD. Phase changing (sometimes threshold switching or 

even resistance switching) chalcogenides, such as Ge-Sb-Te compounds, and 

elemental metal as the electrode, such Ru, are one of the examples. Although 

the Ge-Sb-Te compounds are the primary candidate for the phase change 

memory, it has been adopted in vertical RRAM-type devices recently utilizing 
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a NAND-like chain architecture (vertical chain-cell-type phase change 

memory (VCCOCM).[28] While several previous reports mostly adopted the 

CVD-like behaviors of metal-organic precursors,[29-31] a genuine ALD of 

Ge2Sb2Te5 was reported only recently by Pore et al.,[32] which has been 

hindered by the lack of an appropriate chemical-reaction route for the ALD-

type reaction. The innovative improvements made in that report are for the 

utilization of the strong chemical affinity of the Lewis acid-base reaction 

between the ligands of the silyl-Te (ethylsilyl group in ((C2H5)3Si)2Te) and 

GeCl2∙dioxane complex, and various alkoxides of Sb. The highly viable 

chemical reaction of the Ge- and Sb-precursors toward Te-precursor afforded 

the ALD reaction at a substrate temperature as low as 60oC.[32] Adopting the 

idea of utilizing the Lewis acid-base reaction of the silyl-Te and volatile 

precursors of Ge and Sb (Ge(OCH3)4 and Sb(OC2H5)3), some of the authors 

also recently reported the ALD of materials with compositions lying on the tie 

line between GeTe2 and Sb2Te3, such as Ge2Sb2Te7.[33] The occurrence of the 

GeTe2 component was mainly ascribed to the +4 oxidation state of the Ge ions 

in the Ge precursor. Ge2Sb2Te7 showed a fluent phase change and 

accompanying resistance change properties comparable to those of Ge2Sb2Te5. 

Along with the ALD of these functional memristor or selector layers, metal 

electrode (post synaptic neuron line in Figure 3.11 must be also grown by 

ALD. ALD of metal is generally more challenging compared with that of 

compounds due to the lack of facile ALD reaction route for many metals. 

Development of metal ALD has been invoked by DRAM capacitor electrode 
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(Ru, RuO2, SrRuO3),[34-36] and back end of the line process of logic chip 

fabrication containing materials such as W, Ru, Cu, and TiN or TaN.[37] 

Among these materials, TiN and TaN are the barrier and electrode material for 

the switching layer, and could be readily deposited by ALD using facile 

chemical reaction routes such as 6TiCl4 + 8NH3 → 6TiN + 24HCl + N2, and 

3TaCl5 + 5NH3 → 3TaN + 15HCl + N2. ALD of noble metal, such as Ru, 

could be reasonably well achieved by the oxide deposition and subsequent 

reduction at each ALD cycle. 

CVD W can be used to fill the deep contact holes and vias on account of its 

good step coverage and relatively easy processing based on the reduction of 

WF6 source gas by H2 or SiH4.[38, 39] With the smaller and deeper contact holes 

as shown in Figure 3.11 for vertical 3D CBA, the step coverage of CVD W 

process becomes insufficient. In particular, the seed layer (or nucleation layer) 

growth step with a lower deposition rate but better conformality suffers from 

the inadequate step coverage in highly scaled devices. Therefore, an ALD W 

process for replacing the nucleation CVD W step is under development.[40, 41] 

ALD of Cu has been reported to be challenging although several ALD 

reaction route has been suggested. There are numbers of Cu-precursors, such 

as copper(I) monochloride  [(CuCl)3], β-diketonate derivatives, copper (II) 

bis(2,4-pentanedionate) [Cu(acac)2], copper bis(2,2,6,6-tetramethyl-3,5-

heptanedionate) [Cu(thd)2], copper(II) hexafluoroacetylacetonate hydrate 

[Cu(hfac)2•xH2O], and copper (I) amidinate of N,N’-di-iso-

propylacetamidinato copper(I) [Cu (iPr-amd)2], have been reported.[37] Most 
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of these are reduced by thermal H2-gas or plasma-enhanced H2 gas during the 

ALD of Cu. However, some of the precursors are not sufficiently thermally 

stable at bubbling temperature, and some other precursors produce Cu films 

with relatively high concentration of impurities. However, there are several 

promising ALD results of Cu making its adoption to 3D CBA feasible.[42, 43] 

Detailed review for these metals could be found in ref. 37. 

The generally quite slow growth rate (GPC) of ALD will not be a critical 

problem for 3D CBA as the required thickness of each ALD layer is pretty 

small (~ several nm). 

So far, there have been only handful of reports which rigorously utilized the 

genuine ALD processes to make the vertical 3D CBA devices.[44-48] However, 

it is highly expected that many more report will soon appear as there is no 

other feasible way for fabricating the technically viable 3D CBA without 

adopting the ALD processes. In this architecture, a NAND-like chain 

architecture was accomplished achieved by combining the conventional 

vertical MOSFET technology with vertically integrated phase change 

material.[28] 

There will many other process related issues such as fine patterning 

(lithography) and anisotropic etching of deep holes and trenches for vertical 

CBA, and thin metal wires for 2D CBA. Especially, the hyper-fine patterning 

of metal wires, of which thickness could be much thicker than their width, to 

ensure the low enough wire resistance, should not be a trivial task even in the 

2D CBA devices. Etching of deep holes for the 3D CBA fabrication is highly 
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challenging which is already well known in the vertical NAND flash 

fabrication. The extremely high aspect ratio of the deep holes may not allow 

the plasma etching gas to reach the bottom area of the hole, stopping the 

etching while the masks are kept eroding. Subdividing the many layers into 

two or three groups, and repeated photo-etching processes might be necessary 

if one requires a very large number of stacked layers. 
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4. Discussion 
 

Our brain remembers previous experienced stimulus through learning. We 

predict coming situation based on these memories and draw reactions about it. 

These learning and prediction are very important works in activities of brain. 

It can be that even very simple act is happened because every moment, we 

predict and prepare next moment. Likewise, a neuromirphic system should 

predict to control of exercise or process temporal signal such as realizing 

video and voice. Therefore, the neuromorphic system should be able to copy 

this action of the brain.  

It is not perfectly revealed that the brain uses qhat mechanism to act like 

this.  But it is confirmed that there is likelihood that this learning is 

performed partly by STDP through many researches. A decrease in latency by 

STDP makes the neural network react more faster to external stimulus by 

learning. A decrease in latency can help to predict future stimulus and 

behavior by making it response to the external stimulus more faster.  

This paper looked into the results of learning by more faster in the neural 

network through simulation. When it comes to STDP, we potentiated the 

synapse that was propagated signals faster to, and depressed the synapse that 

was propagated signals relatively slower. As a result, it made the fastest paths 

where signals were propagated be selected in the complicated neural network. 

This result showed similar with Dijkstra’s algorithm that was a shortest path 

finding algorithm. The neural network adopted only STDP learning rule was 
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very similar with the result of a graph that had same structure adopted 

Dijkstra’s algorithm. It shows that the neural network is optimized to the path 

where signals are propagated rapidly through STDP.   

Also, the synaptic weight of chosen paths tended to potentiate at the most. 

The neural network which finished learning propagated signals rapidly 

through the shortest path that had high weight. As a result, latency that is 

necessary to propagate signals got lower. It made us know that STDP learning 

rule controled the path of signal propagation and weight and it fulfilled the 

optimization of signal propagation.  

Recently, researches that want to use memristor as an artificial synapse 

increase. Accordingly, we looked into memristor to copy path optimization of 

STDP. Various memristors which were reported in the meantime, were 

divided into 5types by their resistance switching property. And then we 

proposed a STDP learning rule modified to suit for each switching property.  

As a result of applying the modified STDP leaning rule to 5types of 

memeristor, In general, the bigger variance of resistance was, the bigger a 

difference from ideal STDP model was. The σ had the biggest influence on 

the log type, and in the hard reset type, there was little effect from the σ, and 

high value of correlation. Of course, resistance variance could be big or small 

according to each switching property. However, on the whole, depression or 

reset presented good property when the change was big, and potentiation or 

set presented good property when the change was small.  
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The results of this paper have a limitation on considering learning that has 

limited conditions and excluding an effect of other synaptic plasticities like 

ADP. But we can identify optimization of the neural network by STDP is 

possible. In addition, we predicted suitable properties of memristor in a 

research for realizing this learning system to actual neuromorphic chip. 

Through this, in a follow-up study, it should be performed to study about an 

artificial synapse using memristor that has proper physical properties in 

practice and a neural network consist of it. 
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5. Methods  

Basic neural network design.  

250 nodes were randomly placed in a blank square with an area of 25×25 

mm2. The location of each node was determined by a pair of random numbers 

in the square. To avoid overlap between nodes and too closely neighbouring 

nodes, the minimum of internode spatial distance was set to 250 μm, 

corresponding to an axonal delay of 1 ms given the spike propagation velocity 

(0.25 m/s). Each node was allowed in connection to all nodes within the 

cutoff length (2.5 mm) from the node and each connection had two opposite 

unidirectional chemical synapses, i.e. Ppair = 1; the number of chemical 

synapses was 1,766 in total. Accordingly, all temporal distances in the 

network are in the range, 1 – 10 ms. The STDP examination was conducted 

only on this network.  

 

Various neural network design.  

The STDP protocol was also applied to scale-free networks. The algorithm 

for spatial scale-free network formation was employed, in which the 

connection probability Pc is given by P = ||. α and β were set to 

20 and 0.05, respectively, which lead to a scale-free network. All networks 

were assumed to be directed ones in light of the unidirectional synaptic 

transmission via a single chemical synapse. All networks were confined 
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within the same area as the aforementioned basic neural network (25×25 

mm2).  

 

Latency evaluation.  

Entering Eq. (2) for a single EPSC pulse at t0 into Eq. (1) gives u =
 u +  e()/ ∫  − ̂ − Δ −     , and t >  ̂ +Δ  since an incoming spike within the refractory period does not affect the 

membrane potential. The integration therefore runs over s up to t-t0, so that the 

equation is rearranged as follows: 

 

u =  u +  e ∫                               (9) 

 

The latency Δt is defined as the time measured from t0 until a spike fires, i.e. 

u reaches uth, so that Eq. (9) is rewritten by 

 

u =  u +  e ∫                           (10)  

 

If τ ≠ , Eq. (10) leads to Eq. (4). Otherwise, the integration of unity is 

performed over s, leading to Eq. (5).  
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Abstract (in Korean) 

현대의 컴퓨터는 매우 빠르게 동작하여 1초에 약 109번 이상 

계산이 가능하다. 이러한 계산 능력은 수학, 과학, 공학 등의 분야에 

매우 중요하게 사용되고 있다. 그러나 점차 컴퓨터가 처리해야 할 

정보가 복잡하고 많아지고 있다. 이미지 분석, 자연어 처리, 2족 

보행 로봇 제어 등이 그 예이다. 이러한 문제들은 현재의 

컴퓨터로는 처리하기 어려운 문제들이다. 이를 해결하기 위해서 

생물의 두뇌와 유사한 원리로 동작하는 기계를 만들려는 

뉴로모픽(neuromorphic) 분야가 연구되기 시작하였다. 뉴로모픽의 

목적은 생물의 두뇌를 구성하는 요소인 뉴런(neuron)과 

시냅스(synapse)를 모방하여 대용량의 정보를 처리하는 하드웨어를 

제작하는 것이다. 그 중에서 시냅스는 시냅스 가소성(synaptic 

plasticity)이라는 중요한 특징을 가지고 있다. 시냅스 가소성은 

기억과 학습 현상을 구성하는 중요한 메커니즘 중 하나로 알려져 

있다. 그리고 최근에는 멤리스터(memristor)를 이용하여 시냅스 

가소성을 모방하려는 연구가 증가하고 있다. 멤리스터란 흘러간 
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전하의 양에 따라 저항이 변화하는 물질이다. 이러한 특성을 

이용하여 비휘발성 메모리 소자로 주목을 받고 있다.  

본 논문에서는 시냅스 가소성 중 하나인 spike-timing dependent 

plasticity(STDP)의 특성과 이러한 현상을 모방하기 위한 멤리스터 

소자의 조건에 대한 연구 내용으로 구성되어있다. 컴퓨터 

시뮬레이션 방법을 사용하여 STDP를 적용한 신경망(neural 

network)의 변화 과정을 연구하였다. 그리고 기존에 보고된 

멤리스터를 저항 변화 특성에 따라 5가지로 분류하고 각각의 

멤리스터를 적용하였을 때의 차이점을 관찰하였다.  

첫 번째로, STDP에 의한 지연시간(latency) 감소 효과에 대하여 

연구를 진행하였다. 선행 연구들에 의해서 STDP는 학습을 통하여 

지연시간을 감소시키고 연속적인 입력의 순서를 예측하도록 한다고 

알려져 있다. 신경망 관점에서 STDP에 의한 지연시간 감소 현상을 

연구하기 위하여 컴퓨터 시뮬레이션 프로그램을 작성하였다. Leaky-

Integrated and Fire(LIF) 모델을 사용하여 뉴런을 시뮬레이션 하였으며, 

Triplet of spike 모델을 사용하여 STDP를 시뮬레이션 하였다. 세 개의 

뉴런을 사용한 소규모 신경망을 통하여 STDP에 의한 협력과 경쟁 
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현상을 관찰하였다. 둘 이상의 뉴런의 신호가 하나의 뉴런으로 

입력될 때, 신호 사이의 시간 차이가 작을수록 협력 현상이 

일어나며 차이가 클수록 경쟁 현상이 일어나는 경향을 나타낸다. 

일반적인 규모의 신경망은 STDP의 경쟁 현상에 의해서 최단 

경로로 수렴하려는 현상을 보여준다. 이러한 수렴 결과는 최단 경로 

탐색 알고리즘인 다익스트라 알고리즘(Dijkstra’s algorithm)의 결과와 

매우 유사한 형태로 나타난다. 최단 경로에 해당하는 시냅스가 

강화(potentiation)됨에 따라 STDP에 의한 학습 이전에 비하여 학습 

이후에 신경망 내에서 신호가 전파되는 시간이 짧아졌다.  

다음으로 회로와 재료의 관점에서 멤리스터를 이용한 시냅스 

모사에 대하여 연구를 진행하였다. 먼저, 3차원 크로스 바 어래이 

구조의 시냅스 회로의 집적과 물성에 관한 정량적 내용을 다루었다. 

멤리스터를 이용한 인공 시냅스 구조에서 가장 중요한 두 가지 

정량적 기준은 신호 배선의 수와 누설 전류의 경로이다. 3차원 

구조는 2차원 구조에 비하여 단위 면적당 셀의 크기 뿐만 아니라, 

회로의 구성을 다양하게 취할 수 있다는 점을 밝혀냈다. 그리고 

누설 전류의 크기를 일반화하기 위하여 누설 전류 경로의 저항을 
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수식으로 정리하였다. 다음으로는 기존에 알려진 멤리스터를 binary, 

linear, log, hard reset, hard set type으로 분류하였다. 그리고 각각의 저항 

변화 특성에 맞도록 STDP를 변형하여 적용하였다. 그리고 실제 

소자의 저항 변화 현상을 모사하기 위하여 정규분포 난수 

발생기(normal distribution random number generator)를 사용하여 

저항값이 정규분포 형태로 나타나도록 조절하였다. 그리고 각각의 

결과를 이상적인 STDP 모델을 사용한 결과와 비교하였다. 그 결과 

binary type은 분산값에 비례하여 일치도가 감소하였으며, linear type은 

상대적으로 분산값의 영향을 적게 받았다. Log type은 분산값이 0.3 

이상인 경우 일치도가 크게 감소하였다. Hard reset type은 5가지 

멤리스터 중 가장 일치도가 높고 분산의 영향도 적게 받는 것으로 

나타났다. 그에 반해 hard set type은 가장 낮은 일치도를 보였다. 

마지막으로 이러한 3차원 구조의 소자를 제작하기 위하여 원자층 

증착 방법에 관한 연구들을 정리하였다. 원자층 증착법은 복잡한 

형상의 3차원 구조에서의 증착 균일성과 원자 크기 단위의 두께 

조절을 가능하게 하기 때문에 이러한 구조에 가장 적합한 

증착법이라 할 수 있다. 
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결론적으로, STDP는 신호가 가장 빠르게 전파되는 시냅스들이 

강화되도록 하였다. 이는 신경망이 STDP에 의하여 신호전달이 

빠르게 일어나도록 최적화 된다고 할 수 있다. 그리고 다양한 

특성의 멤리스터 중에서 hard reset type이 STDP에 의한 지연시간 

감소 현상에 가장 적합한 것으로 나타났다. 이는 시냅스의 약화 

현상은 변화가 크고 강화 현상은 변화가 작을수록 좋은 특성을 

나타냈다. 

주요어: 신경망모사, 인공신경망, 인공 뉴런, 인공 시냅스, 시냅스 

가소성, spike-timing dependent plasticity, STDP, memristor, 

neuromemristive system. 

학번: 2010-20606 
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