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Abstract
This paper presents an original biomorphic neuron model, which differs from common IT models by a more complex

synapse structure and from biological models by replacement of differential equations that describe the change in potential

over time with explicit recurrence expressions by approximation of experimental data in the cortical neuron, and therefore,

by transition from the spiking information coding to the coding using the average frequency of action potentials per a

simulation step. This approach ensures sufficiently simple and efficient calculation of an ultra-large neural network in the

stand-alone hardware with limited computing resources. The model consists of three separate functional parts: dendrites,

soma, and axon, which allows implementing any connections between functional parts of different neurons, thus making

the neural network architecture more flexible. To perform functional testing of the neuron model, the test neural network

performing simple association and constructed as a consequent stack of functional blocks with primary connections

organized using experimental neurophysiological data was simulated. It is shown that encoding of the information

transmitted by the impulses, similar to biological ones, allows using memristors for calculating recurrence expressions that

describe the change in the quantity of neurotransmitter receptors of the dendrite membrane. The elaborated biomorphic

neuron model, defined conceptual principles of a neural network construction based on it, as well as replacement of

synapses in the neural network with memristors will allow building an ultra-large biomorphic neural network that simulates

the functioning of a separate brain cortical column in the stand-alone hardware—a biomorphic neuroprocessor.
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1 Introduction

Currently, information technologies (IT) relating to artifi-

cial intelligence develop artificial neural networks using

simple neurons and hardware for audio and video signal

processing. Decision making in such devices results from

analysis of the information stored in memory blocks and

selection of the most plausible solution.

In [1], the authors proposed a concept of a biomorphic

neuroprocessor, on which a biomorphic neural network can

be installed to simulate the operation of a cortical column

or of its fragment. The electrical circuits and operation

principles for the principal units of the neural processor,

such as ultra-large memory [2–5], and logic matrices [3, 5],

are presented. These units are based on a new nanoelec-

tronic component, which is a composite memristor-diode

crossbar [4].

The proposed biomorphic neuroprocessor has no ana-

logs. The unique nature of this concept is that the neuro-

processor is based on the upgraded [5] Hodgkin–Huxley

biological electrical model of the neuron [6], and it is

biomorphic in terms of functions of the biomorphic neural

network that can operate using the software-based

biomorphic neuron model. Unlike neuroprocessors on

simple neurons, a biomorphic neuroprocessor provides the

possibility to manage complex dynamic objects and make

decisions not only on the basis of previously stored data,

but also on the basis of new knowledge obtained during
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signal processing in the dynamically changing

environment.

Once such neuroprocessor is created, it can replace the

present-day personal computers with new generation

computers which can generate new knowledge. In addition

to the task of obtaining new knowledge, which relates to

creation of artificial intelligence systems, this hardware can

solve such technical objectives, as increasing the perfor-

mance and energy efficiency of calculations as compared to

the existing computing devices (personal computers, ser-

vers, and supercomputers) due to the application of mixed

analog and digital computations, including those using

memristors integrated into nanoscale crossbars [5].

The most advanced development in terms of the brain

cortical column simulation is the IBM TrueNorth neuro-

processor [7], which is built on CMOS transistors. The

multi-core architecture ensures rather high performance of

the electrical circuit which includes over one million

nanotransistors. Apart from simulating the operation of

neurons, transistors are used to create synaptic connections

between them. The developers of this neuroprocessor plan

to use memristors as synapses, which will significantly

reduce the transistor count. It can be reduced due to

implementation of numerous resistive states in the

memristor.

The concept of neuromorphic devices, which are a

combination of the CMOS logic and memristors, was first

proposed in [8, 9] and implemented as stand-alone hard-

ware in [10]. Moreover, the technology used for fabrication

of memristors [11] and memristor crossbars [8, 9] is

compatible with the classical CMOS technology on silicon.

The application of memristors as synaptic connections

[12] in the biomorphic neuron model can potentially

increase the performance and reduce energy consumption

of an electronic device. This is achieved by replacing the

software-based calculation of a signal passage and synaptic

connection characteristics, performed in the transistor cir-

cuitry, with direct signal passing through the memristor,

which properties change similarly to the original synaptic

connection. The possibility of applying memristors as

synapses in artificial neural networks has been confirmed

experimentally [13]. A self-learning capability of neural

networks with synapses based on discrete memristors was

demonstrated by SPICE simulation [14–16] and experi-

mentally [17].

The neural network can be implemented at software,

hardware or software–hardware (combined) level. In [18],

a fully hardware implementation of LIF (leaky–integrate–

fire) of a neuron with memristor synapses for the purpose

of fault detection is presented. The proposed neuron cir-

cuitry can be used to implement a hardware neural net-

work. When simulating this circuit, the SPICE memristor

model proposed by Hewlett-Packard [19] was used.

The hardware implementation [18] can be used to build

a more flexible neural network architecture [20, 21] that

includes, in addition to synapse-neuron connections, a third

object, an astrocyte, which provides indirect feedback for

neuron synapses. To create such a neural network based on

the design presented in [18], an electrical circuit should be

added, which will mimic the operation of astrocyte by

increasing the memristors conductivity of the remaining

synapses when a damaged one is detected. In addition to

the fact that the distributed nature of neural networks

reduces the requirements for the reproducibility and sta-

bility of memristors characteristics, the inclusion of an

astrocyte circuit will further increase the fault tolerance of

the network with memristor synapses.

In [10, 12], the work was started over the memristor

hardware intended to create biomorphic electronic systems

and neuroprocessors. Using reactive magnetron sputtering

and electron beam lithography, a memristor device with an

active layer of a mixed metal oxide has been manufactured.

It has high stability of electrical characteristics, such as

switching voltage, resistance in low-resistance and high-

resistance states, as well as a high resistance ratio in these

states [12]. The electrical properties of the device, similar

to living synapse properties during a nerve impulse prop-

agation, have been determined. The possibility to apply a

memristor as a summing element of an artificial neuron has

been indicated. The high ratio of high resistance to low

resistance and negligible variation of electrical character-

istics allow this device to be used in neuromorphic com-

puting systems.

An electronic device, which is a prototype of a neuro-

processor based on a memristor chip combined with CMOS

microprocessors, has been created [10]. The memristor

chip uses the crossbar technology. The microprocessor

software simulates the operation of a brain cortical column

fragment and provides for using 128 memristors as

synapses. This electronic device is an important step

toward a commercial neuromorphic processor.

To create a biomorphic neuroprocessor, it is necessary

to develop a biomorphic neural network and adapt it to the

hardware developed. This process should start with the

construction of a biomorphic neuron model, once the

possibility of using the existing models has been reviewed.

Nowadays, there are two approaches to neuron simula-

tion: informational and biological. The informational

approach uses a formal neuron model, which is oversim-

plified: dendrites, synapses, and axons are replaced by

connections described by the only parameter, a connection

weight. The neural network training implies weight

adjustment according to certain rules [22]. The retrospec-

tive overview of the neural networks based on a formal

neuron, description of their architecture, and their training

procedures is given in [23].
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The most critical limitation of all formal neuron models

is that they do not simulate an evolving biochemical cas-

cade related to memory formation. As is known, in a living

neuron, the memory trace formation includes a whole set of

sequentially evolving and mutually contingent events,

which include both formation of potentials in axon endings

and dendrites of the cell (with a certain lifetime) and

structural cell changes resulting from the synthesis of new

proteins controlled by the neuron genetic apparatus trig-

gered by input signal patterns. These structural changes

primarily include synthesis of new neurotransmitter

receptors and their embedding into postsynaptic mem-

branes [24]. Adhering to the biomorphic neuron modeling

concept given in [24], this work will use the short-term and

long-term memory mechanisms based on facilitation in an

axon and relaxation of the dendrite postsynaptic potential

(PSP), as well as change in the number of neurotransmitter

receptors.

On the other hand, there are detailed realistic neuron

models in neurophysiology, based on the latest data to

verify hypotheses and find areas for further research [25].

However, massive modeling of biological neurons requires

huge computational power and uses supercomputers [26].

Special attention is paid to the so-called cortical column,

which is a universal neocortex element [27]. This structure

is considered to be an elementary module of the brain data

processing system. It consists of several layers each layer

having its own type of neurons and connection

arrangement.

State-of-the-art biological neuron models [25, 28] fol-

low the Hodgkin–Huxley paradigm [6]. In these models,

change in the membrane potential over time is described by

a system of ordinary differential equations.

Data processing in an ultra-large neural network,

intended for a neuroprocessor with limited computing

resources, requires a neuron model to be as simplified as

possible (in terms of calculation time). However, the model

simplification should not significantly affect accuracy of

the calculation. This can be achieved by replacing a

numerical solution of differential equations describing the

change in the potential on the neuron membrane with

recurrence expressions and replacing individual spikes to

mean fire rate. The latter allows larger time step and, thus,

increase calculation speed by reducing number of steps.

This approach is applied to large neural network simula-

tions [29].

On the one hand, we are only interested in the processes

related to data processing, so the metabolic reactions sup-

porting a neural cell life are not considered. On the other

hand, regularities of signal propagation and generation in

dendrites and axons are considered in a simplified form (as

simple functions), based on living neuron observations.

The purpose of this paper is to develop a biomorphic

neuron model, which includes designing signal passage

algorithms and functions of the potential on the membrane

for each functional part of a neuron. To test operability of

the original neuron model, it is required to define designing

principles for the biomorphic neural network based on it

and then construct the model itself and perform simple

(without analyzing training sensitivity) simulation of the

test neural network, which learns as it operates and per-

forms one association of input signals over time.

Such relatively simple neurons, described by the

biomorphic model, can be used to build the neural network

that simulates the operation of a corticomorphic column

with certain functions, similarly to the brain cortical col-

umns. The corticomorphic columns can be further com-

bined to implement a brain cortex model, which will not

require large computational power, because software-based

neural network calculations will be replaced with hardware

implementation. The software–hardware implementation

implies the operation of the electronic device, which cal-

culates synapses in an analog form and other parts of the

neuron in the digital form. The first portion of the calcu-

lations can be executed in the memristor crossbar, while

the second one in the CMOS microcontroller. Because of

the limited computing resources of the stand-alone hard-

ware, a neuron model must ensure sufficiently simple and

efficient calculations of an ultra-large neural network.

2 Biomorphic neuron model

The present model formalizes the most essential informa-

tion processes that occur in a living neuron during data

processing data and learning. Functionally, this model is

closer to a living neuron (Fig. 1) than classical artificial

neurons.

This model, just like a simple formal model, compares

the combined input linear signal with a certain threshold.

When the signal exceeds this threshold, the neuron acti-

vates and transmits excitation to the output. However,

according to the biomorphic neuron model concept [24],

the connection between neurons is more complex and it

consists of two parts: a presynaptic neuron axon and a

postsynaptic neuron dendrite. The properties of this con-

nection are contingent both on the signal amplitude and on

the duration. Figure 2 demonstrates a flowchart of the

artificial biomorphic neuron under consideration.

The neuron model consists of three functional parts:

dendrites, a soma (a neuron body), and an axon, which

correspond to the living neuron parts. Dendrites are input

parts of a neuron, while the axon is an output part. A soma

or a neuron body compares the sum of the signals from

dendrites with a certain threshold value. If the threshold is
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exceeded, then the neuron activates passing into the excited

state. The information on the neuron excitation is trans-

mitted to its axon and a signal appears at the axon output.

The neuron activation leads to generation of action

potential pulses, which frequency determines the signal

strength. They cause the electric potential to accumulate in

the axon (calcium microdomain forming in the axon ter-

minal), which releases neurotransmitter molecules into the

intersynaptic cleft. These molecules bond to their respec-

tive protein receptors located on the postsynaptic dendrite

membrane of another neuron. When a neurotransmitter is

bonded to the receptor, the receptor electric potential

changes. If the neurotransmitter is excitatory, the potential

is positive; if the neurotransmitter is inhibitory, the

potential is negative. The cumulative effect of activated

receptors in the dendrite is known as the induced postsy-

naptic potential (PSP). If the sum of all dendrite potentials

in the soma exceeds a certain activation threshold in an

axon hillock, then the neuron activates and the signal

propagates further along the neuron axon terminal.

The present-day system of ODEs that describes the

change in the potential on the neuron membrane is used for

simulation of living brain neural networks responses [28].

For the one-dimensional case in the original model [6],

four first-order differential equations with thirty-one

parameters were used. State-of-the-art system contains two

equations, because some parameters of model [6] have

little effect to neuron dynamics [30].

The system includes the first-order differential equation

for the potential V , in which there is a sum of synaptic

currents passing through the receptors I tð Þ, and the first-

order equation for the adaptation current w:

C
dV

dt
¼ �gL V � ELð Þ þ gLDTexp

V � VT

DT

� �
� wþ I tð Þ;

ð1Þ

sw
dw

dt
¼ a V � ELð Þ � w; ð2Þ

where C is the membrane electric capacity, gL is the leak

conductance, EL is the leak reversal potential, DT is the

slope factor, VT is the reference potential, sw is the time

constant, and a is the coupling variable. For currents of I tð Þ
sum, separate equations are formulated.

The system of differential Eqs. (1), (2) is usually numeri-

cally integrated by the simplest Euler method [28, 31, 32]. By

replacing the derivative with the finite difference from Eq. (1)

for the potential of the neuron’s membrane V, we obtain the

following recurrence expression:

Vnþ1 ¼ Vn þ
h

C
gLDTexp

Vn � VT

DT

� �
� gL Vn � ELð Þ

�

�a Vn � ELð Þ þ In�;
ð3Þ

in which the adaptation current w ¼ a V � ELð Þ is taken

from finite difference of Eq. (2) in subthreshold range

(Vn\VTÞ with small change of w and large time step

h � sw:

wnþ1 ¼ wn þ
h

sw
a Vn � ELð Þ � wn½ � þ b:

Fig. 1 SEM image (a) and a living neuron parts (b)

Fig. 2 Flowchart of the biomorphic neuron model

Neural Computing and Applications

123



The change of w per one-step becomes big by addition

of b when spike generation occurs (b = 10–40 pA,

a Vn � ELð Þ ¼ 0� 40 mV) [28].

The exponential term in (3) is practically zero in all

parts of the neuron when the potential is below activation

threshold. If the activation threshold is exceeded, the

generation of a separate spike in soma is described by the

exponential term in expression (3) [28]. In the proposed

neuron model, when the activation threshold is exceeded,

the average frequency of spikes appearance is calculated,

so the shape of the individual spikes does not matter. What

is important is the fact of spike generation in the soma, i.e.,

the exponential growth of potential can be replaced by an

instantaneous growth, for example, using the Heaviside

function. The mean rate of action potentials (the number of

spike events per simulation step) should depend on post-

synaptic potentials of dendrites.

Figure 3 shows the result of the postsynaptic potential

calculation in a dendrite (a) using formula (3) and the mean

rate of action potentials in soma (b) when the spike gen-

eration threshold is exceeded. While the postsynaptic

potential remains above the threshold value, the soma

generates pulses. The pulses rate is calculated as a function

of the magnitude of the excess of the postsynaptic potential

above the spike generation threshold (25 mV in Fig. 3a)

and changes according to the graph in Fig. 3b.

Accounting exponential term in the Eq. (3) leads to

spike generation when the threshold potential is exceeded

(at. t = 6.6 ms in Fig. 3a). Since the generation of spikes

occurs in the axon hillock, which is part of the soma, the

exclusion of the exponent term from the dendrite potential

calculation is reasonable.

Replacing individual spikes with a mean rate makes it

possible to increase the time step, and, as a result, to

increase the speed of the neural network calculation. In

order to further improve the computing efficiency of large

neural network, which imitating the operation of a brain

cortical column on a stand-alone hardware with limited

computing resources, we proceed to describing the opera-

tion of all the neuron functional parts in the form of a

unified recurrence expression. For this, Eq. (3) is repre-

sented as follows:

Vnþ1 ¼ aVn � bþ p1x
p2 ; ð4Þ

here a ¼ 1� h
C

gL þ að Þ, b ¼ hEL

C
gL þ að Þ, and total current

from receptors I ¼ p1x
p2 . The form of expression for I and

constants p1 and p2, which determine instantaneous

response to input signal are unique to each neuron part. For

dendrite, they are obtained from the approximation of

experimental measurement data of its membrane potential

[33]. In Fig. 4, the current through the receptors is

responsible for the increase in the potential calculated by

formula (4), and the constant b is responsible for the

relaxation of V to zero over time.

The coincidence of the curves is achieved with the

following values of the coefficients in the expression (4):

p1 = 0.305; p2 = 0.5; a = 0.91; b = 0.09. The maximum

deviation of the calculated potential from the experimental

one is 0.37 mV.

Using the unified recurrence expression (4), in addition

to the membrane potential of the dendrite V , the number of

neurotransmitter receptors on the dendrite membrane, the

rate of the action potentials or axon facilitation can be

calculated.

When numerically calculating potentials using finite

difference (3), the time step cannot be greater than the

duration of the action potential in soma, which is about

2 ms. The use of a larger time step will lead to a distortion

of the action potential pulses and an increase in their

duration. The transition to the average rate of action

potentials allows the use of a larger step size, which leads

to a reduction in the calculation time.

Total computation time of large neural networks is a

sum of computation time of each neuron. The limited

computational capabilities of a stand-alone hardware force

to use a larger time step. The application of action poten-

tials average rates instead of taking into account individual

spikes is often used in simulation of large neural networks

[29]. By doing this, partial information about the temporal

correlations of neuron activation is lost, since the minimum

duration between successive events is equal to the length of

(a) (b)

Fig. 3 Postsynaptic potential in

dendrite (a) calculated using (1)

and corresponding rate of action

potentials in soma (b)
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the time step. However, a big step within spike coding will

lead to a greater loss of information.

The algorithm for calculating a signal propagation

through the neuron consists of a cycle of calculation of all

of its dendrites, then of the soma, and finally of its axons. If

the neuron activates, then, once the soma is calculated, the

number of receptors on the dendrites is recalculated in a

separate cycle.

2.1 Dendrite model

The principal part is the dendrite. It is the dendrite prop-

erties that change while learning. The short-term synaptic

plasticity is described by gradual decrease in the induced

postsynaptic potential in the dendrite and facilitation in the

axon over time. The occurrence of the potential in the

dendrite increases the number of variable receptors of the

neurotransmitter, which activated it, on its synaptic mem-

brane. The receptors are slowly disrupting over time when

there are no input signals. This is how the long-term

synaptic plasticity—long-term memorization and forget-

ting—is implemented.

The number of the neurotransmitter molecules M (ex-

citatory TM ¼ 1 or inhibitory TM ¼ �1 type) released by

the presynaptic neuron is compared with number of the

respective receptors (Rþ or R�). It is evident that the Rþ
and R� numbers limit the maximum number of activated

receptors (MRÞ. The new induced postsynaptic potential of

the dendrite is the function of the number of activated

receptors and the neurotransmitter type. The number of

activated receptors determines the synaptic current of the

dendrite membrane charge TM � p1MR
p2
i .

The total postsynaptic potential of the dendrite Vpsi at

the current step is composed of the PSP obtained from the

receptors (VpsnewÞ and the remaining one (VpsoldÞ, which
relaxes to zero according to the linear law at the Ups speed,

modulated by the exponential function of time. Taking into

account that postsynaptic potential Vps can be excitatory or

inhibitory, in the expression (4) was added coefficient

TM 2 �1; 1f g, related to synaptic current direction:

Vpsi ¼ TM � p1MR
p2
i þ Vpsi�1 � Upsð Þ � a: ð5Þ

The flowchart for the postsynaptic potential calculation

as a function of the number of neurotransmitter molecules

released by the presynaptic neuron according to the for-

mula (5) is given in Fig. 5.

The minimal numbers of receptors of both neurotrans-

mitters on the dendrite membrane are, respectively, equal

to RþNMDA and R�GABAc. If the maximum number of

receptors rþ (r�) is not reached and PSP was present on

this dendrite when the neuron activated, then the number of

newly forming receptors RþAMPAnew
andR�GABAnew

ð Þ is cal-

culated as the function of the action potentials frequency

Fapi times the induced postsynaptic potential.

The receptors are disrupting over time by the linear law

(with the URþ and UR�), modulated with the exponential

function. The total number of neurotransmitter variable

receptors of the excitatory RþAMPAi
or inhibitory R�GABAvi

types is calculated on the basis of the expression (4) as

follows:

RþAMPAi
¼ p1 FAPi � Vpsið Þp2þ RþAMPAi�1

� URþ

� �
� a; ð6Þ

R�GABAvi ¼ p1 FAPi � Vpsið Þp2þ R�GABAvi�1
� UR�ð Þ � a;

ð7Þ

The total number of receptors is the sum of a fixed

number of the newly formed receptors (RþNMDA and

R�GABAc) and the remaining number of variable receptors

(RþAMPAold
and R�GABAvold ):

Rþi
¼ RþNMDA þ RþAMPAi

; ð8Þ
R�i

¼ R�GABAc þ R�GABAvi : ð9Þ

The flowchart for the calculation algorithm for the

number of receptors on the dendrite membrane according

to formulas (6)–(9) is given in Fig. 6.

2.2 Soma model

In the neuron body, induced postsynaptic potentials of all

dendrites are summed up and compared with the threshold

value Lconst (Fig. 7). When the combined potential from

dendrites exceeds the neuron activation threshold Lconst,

action potential pulses appear in the axonal hillock. Their

frequency FAP is the function of Upp—the PSP sum less the

threshold:

FAPi ¼ p1U
p2
pi

ð10Þ

The expression (10) is obtained from (4) with coefficient

a ¼ 0, because action potentials are generated only when

the sum of postsynaptic potentials Up is exceeded the

Fig. 4 Comparison of the calculated and experimentally measured

subthreshold postsynaptic potential in a dendrite at a distance of

25 lm from the stimulating electrode [33]
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activation threshold Lconst. As soon as this sum becomes

below the threshold, the generation stops.

2.3 Axon model

The action potentials from the axon hillock causes the axon

facilitation FS, in which magnitude is proportional to cal-

cium ion concentration in axon terminal and is determined

as the function of action potential pulses frequency FAP.

The facilitation determines the change in the axon reaction

as the function of the pulses that passed through it. The

higher the facilitation, the more neurotransmitter molecules

the axon will throw into the synaptic cleft with the same

frequency of action potentials. The facilitation is calculated

by expression (4) with replacement V to FS. The complete

facilitation FSi at the current step will be the sum of the

new facilitation FSnew and of the facilitation remaining

Fig. 5 Postsynaptic potential calculation flowchart

Fig. 6 Flowchart for calculation of the number of receptors on the dendrite membrane
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from the previous activations FSold. The remaining facili-

tation linearly relaxes to zero at the UFS:

FSi ¼ p1F
p2
APi

þ FSi�1 � UFSð Þ � a: ð11Þ

Calculation of the facilitation by the formula (11) does

not lead to a big error. Figure 8 presents a comparison of

changes in the concentration of calcium ions in the axon

terminal after a single spike (red curve) when calculated

using formula (11) and a similar change in the concentra-

tion of ions described in the detailed model [34].

Figure 8 shows that the decrease in the concentration of

calcium ions in time is almost the same for simple and

complex models. Moreover, this similarity is sufficient,

since the next pulse of the action potential can appear only

during the reduction of calcium ions.

The total quantity of the neurotransmitter molecules M

released by the axon is the function of the sum of the action

potential frequency FAPi and the current facilitation FSi:

Mi ¼ p1 FAPi
þ FSið Þp2 : ð12Þ

The expression (12) is calculated similarly to (4), but

with coefficient a =0, because the duration of the

neurotransmitter release process is less than the duration of

time step.

The flowchart for the calculation of the signal passage

through the axon according to formulas (11) and (12) is

shown in Fig. 9.

Thus, the signal change over time in the neuron model is

described by several numbers: The number of neurotrans-

mitter molecules (in the synaptic cleft), induced by the

postsynaptic potential (in the dendrite), the frequency of

action potentials (in the soma) and formation of a calcium

charge in the axon, which is facilitation. The properties of

functional parts of the neuron are considered in the signal

conversion formulas. The change in the dendrite dynamic

properties and signal attenuation is implemented by mul-

tiplication of the linear and exponential functions, which

decrease monotonically over time.

3 A test neural network simulation

To build a test neural network, two principles were defined.

The first principle is consistent construction of the neural

network from functional blocks with certain functions,

which include several bounded neurons. For example,

delay blocks serve to implement synchronization of signals

from other blocks. These blocks serve to create larger

structures, which are the clusters that also perform their

functions. Thus, the neural network has a modular

structure.

The second principle is building blocks based on the

identified real neural networks that perform certain opera-

tions in the living brain. The connections between neurons

in the network are initially assigned based on experimental

neurophysiological data rather than being formed by rear-

ranging the weight coefficients of equivalent links.

Let us demonstrate the possibility of creating a neural

network based on the biomorphic neuron model according

to the above-mentioned principles. The functional diagram

Fig. 7 Soma calculation flowchart

Fig. 8 The change in the concentration of calcium ions in the axon

terminal after a single spike: Red is calculated by the formula (11),

blue is the data from [34] (color figure online) Fig. 9 Axon calculation flowchart
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of the test neural network, which performs simple associ-

ation of input symbols over time, is given in Fig. 10.

Structurally, the test neural network architecture can be

subdivided into several blocks. The input/output blocks 1

and 5 convert signals to the required format, for example,

to characters. The calculation program translates the

character sequence, entered into the special field, into a

sequence for activation of input neurons corresponding to

the characters. Several delay blocks 2 serve to synchronize

the activation time of certain neurons, for example, to

strengthen the connection between the required neurons in

the memory block 3 by the Hebb’s rule. In the memory

block, sequences of entered pairs of characters are stored as

strengthened connections. The input symbol sequence can

be transmitted to the output in two ways: by direct trans-

mission from the input and parallel memorization of the

character pairs or by data retrieval from the parameters of

the links of the memory block. The first option applies

when an unknown sequence is entered. If an already known

sequence is entered, it activates neurons from the memory

block for the pair sequence, which inhibit direct trans-

mission by means of the filter 4 and activate the neurons,

which then transmit the stored pairs to the output, through

the strengthened connections. The special filter 4 allows

supplementing only the last signal in the sequence with the

appropriate pair.

The learning mode allows the network to memorize the

activation sequence of the neurons in the input block. The

composition of the output block 5 is similar to the input

block 1. The activation of the input neuron with the

incoming signal in the trained network activates the cor-

responding neuron and the neuron which activated after it

at the input while learning.

The unknown sequence of activating signals passes

through unchanged, while the memory block stores ordered

signal pairs. The number of receptors on the membrane of

the respective neuron dendrites from the memory block is

increasing so that the reentering of the first character in the

pair will transmit the entire pair to the output block. If a

new signal sequence is sent to the input, then the already

entered sequences are supplemented at the end with a

signal which is a counterpart to the last character; unknown

parts are stored in a normal way.

Figure 11 demonstrates a screenshot of the running

software program, specifically developed to simulate the

test network.

The neuron color corresponds to the soma type. The

postsynaptic potential sum thresholds for different soma

types are given in the Table 1.

In total, the neural network uses 11 types of synaptic

connections (dendrite–axon pairs), the characteristics of

which are given in Table 2.

In simulation, characters entered from the keyboard are

used as input signals. Every single character (digits and

‘‘?’’, ‘‘=’’ characters) corresponds to its neuron of the input

block. Therefore, the character sequence in the interface

program line is transformed into an activation sequence for

the input block neurons. Every time the main cycle body

executes, the program artificially activates the neuron

which corresponds to the current character in the input

string. The output block of the test neural network performs

the reverse transformation: The neuron activation causes

the corresponding character to appear in the output line of

the interface program. The sequence of input strings and

responses received from the test neural network are given

below:

1þ 2 ¼ 3 ! 1þ 2 ¼ 3;

2þ 1 ¼ 3 !¼ 32þ 1 ¼;

2þ 1 ¼ 3 ! 2þ 1 ¼ 3;

1þ 1þ 1 ¼! 1þ 1þ 1 ¼ 3:

The first three strings are training sequences. The last

input and output demonstrate the response of the trained

neural network to an unknown sequence as correct sup-

plementation of the line with a character. The neural net-

work does not perform arithmetic operations but only

completes a string with a character, which most often

occurred after the ‘‘=’’ character when it was running.

This simple example confirms operability of the test

neural network, which is based on the biomorphic neuron

Fig. 10 Functional diagram of the test neural network. Red arrows

apply to the input of an unknown character. Green arrows apply to the

input of a known character (color figure online)
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model and performs simple association of input characters

over time.

4 Research of the test neural network
software/hardware implementation

The main idea of this research is to implement the con-

nections between programming neurons that strengthen

during activation in the operation algorithm of the test

neural network by application of the hardware with mem-

ristors. The proposed software-based biomorphic neuron

model allows replacing, without a substantial change in the

algorithm, part of the calculation of the dendrite membrane

receptors quantity with the effect of increasing memristor

conductance under the action of electric pulses. In this

case, a certain amount of intermediate resistance states can

be obtained. This gives an opportunity to implement the

synaptic plasticity mechanism which is integrated in the

test neural system model in the memory block shown in

Fig. 10.

To obtain multiple resistance states in the memristor,

various methods, including pulse programming, can be

used. This requires sending short pulses of a given duration

(many times shorter than the total memristor reprogram-

ming time) to the memristor with the voltage amplitude

above its programming threshold. An increase in the

memristor conductance Dr per one short pulse applied in

the time interval from t1 to t2, will be directly proportional

to the electric charge that passed through it. It can be

described by the classical formula Dr ¼ k � q. Given that

the electric current flowing through the memristor is

determined by the expression I tð Þ ¼ dq=dt, the change in

the memristor conductance can be given by the following

formula:

Dr ¼ k

Zt2
t1

I tð Þdt; ð10Þ

where k is a dimensional coefficient, which depends on the

memristor material properties (generally, k is dependent on

the current memristor conductance r, but k can be con-

sidered as a constant in linear simplification with minor

changes in conductance); I tð Þ is the function that describes

the programming current pulse.

Fig. 11 Screenshot of the test

neural network: Neurons are

shown by triangles; 1—input

block, 2—delay blocks, 3—

memory block, 4—known/

unknown filter, 5—output block

Table 1 Parameters of various some types

Type Input Sum1 Sum2 Sum3 Sum4 Output

- 0 1 55 25 1

1 1 1 1
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Assuming discreteness of the memristor states changes

from the i - 1 pulse to the i pulse, its instant conductance

ri can be expressed through the previous ri�1, using the

formula ri ¼ ri�1 þ Dr. The integral in the formula (10)

can be simplified by assuming that the current is constant

during a short programming pulse and equal to

I tð Þ ¼ Upri�1, where Up is the programming voltage. Thus,

the formula (10) can be reduced to the recurrence expres-

sion, when a short programming pulse with the s duration

is applied:

ri ¼ ri�1 þ kUpsri�1 ð11Þ

where ri is specific conductance after applying the i pro-

gramming pulses; ri�1 is specific conductance after

applying the i - 1 programming pulses; Up is the pro-

gramming voltage.

The latter relation demonstrates that the memristor

conductance increases when a certain amount of short

pulses is applied, which can be used as an increase in the

number of the neurotransmitter receptors. Therefore, the

relation (3) corresponds to relation (11) with the following

substitutions:

RþAMPAi
! ri;

p1 FAPi
� Vpsi

� �p2! kUpsri�1;

RþAMPAi�1
� a ! ri�1:

Thus, the process of the memristor conductance change

simulates the process of the neural connection strengthen-

ing due to the increasing quantity of the dendrite membrane

receptors with the pulse width proportional to

FAPi � Vpsi

� �p2 .
To investigate the possibility of replacing the software-

based calculation algorithms for the neural network

synapses with memristors, the authors developed a test

device which is a memristor chip connected to the classical

CMOS-type microcontroller [10].

The test device flowchart (Fig. 12) demonstrates the

connection of input/output ports of the microcontroller to a

16 9 16 memristor crossbar chip and the device USB

connection to the PC. The microcontroller contains a

microprogram that implements the user interface, the

software part of the test neural network and the input/

output algorithm for the crossbar pulse signals.

The pulses for recording and reading memristors are of

different durations and amplitudes. They are formed due to

the features of the microcontroller port electric circuit. The

output port can be in three states: high-voltage state (H-

state, 3 V), low-voltage state (L-state, 0 V), and high-

impedance Z-state that corresponds to the port disconnec-

tion from the memristor. In the circuit of each microcon-

troller port, there are four complementary field-effect

transistors for the output and one transistor for the input of

logic voltage levels. The transistor connection diagram is

Table 2 Parameters of synaptic

connections
Part Parameter S1 S2 S3 S4 S5 S6 S7 S8 S9 S10 S11

Axon TM ? - ? ? ? - ? ? - ? ?

FSnew p1 1 100 1 2.7 1 1 5 1 100 2.7 5

p2 1 1 1 0.7 1 1 0.7 1 1 0.7 0.7

UFS 0 0 0 100 0 0 10 0 0 100 10

aFS 0 0 0 2 0 0 2 0 0 2 2

M p1 1 100 1 2.7 1 1 5 1 100 2.7 5

p2 1 1 1 0.7 1 1 0.7 1 1 0.7 0.7

Dendrite PSPnew p1 1 4 2 5 1.5 10,000 14.5 30 10,000 9 4.8

p2 1 1 1 0.7 1 1 0.7 1 1 0.7 0.7

UPSP 1 10 25 150 1000 20,000 100 100 20,000 150 100

aPSP 0 0 0 1 1 1 1 0 1 1 1

RþAMPAnew
p1 1 0 0 3.9 2 0 1.2 0 0 4.9 0

p2 0 0 0 0.9 0 0 0.5 0 0 0.9 0

URþ 0 0 0 0 0 0 0 0 0 0 0

aRþ 0 0 0 1 1 1 1 0 1 1 1

R�GABAvnew p1 0 0 0 0 0 0 0 0 0 0 0

p2 0 0 0 0 0 0 0 0 0 0 0

UR� 0 0 0 0 0 0 0 0 0 0 0

aR� 0 0 0 1 1 1 1 0 1 1 1

RþNMDA 1 1 1 0.1 1 0 20 1 0 0.1 10

R�GABAc 1 1 1 0.1 1 1 0.1 0 1 0.1 0.1
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given in Fig. 13. Software-driven states on the IN, OUT

and ENABLE lines assign the tree states of the port: H, L,

and Z. The combination of two port states can provide both

positive and negative polarity of the pulses, which is

required to change the memristor states.

Each crossbar memristor connects to two ports of the

microcontroller. The ports are initially set in the L-state,

which stands for zero voltage on the memristor. The

memristors are written and rewritten by the pulses formed

due to the state changing from L to H in one of the two

ports. The pulses thus applied to the memristors are of the

voltage amplitude (Up), which is equal to the microcon-

troller supply voltage. This voltage can be adjusted within

2 to 5 V, by changing the microcontroller supply voltage.

The current memristor state is read by a short voltage

pulse generated on one of the microcontroller ports con-

nected to it, while the other port connected to the mem-

ristor is set to the Z-state and configured for the input of

logic signals. The pulses passing through the memristors

charge the microcontroller port internal capacity through

the memristor resistance. When the voltage on this capacity

exceeds the threshold, the microcontroller detects the log-

ical one on the port. The memristor conductance is deter-

mined by the time of the logical one appearance after the

reading pulse front was risen.

To avoid cross-influence of the memristors, connected in

a crossbar pattern, the experiment used only disjunct

memristors as part of synaptic connections in the memory

block of the test neural network shown in Fig. 10.

The data on the signals passed were transmitted from the

microcontroller to the PC client program, which displays it

graphically as the pulses passing through the test neural

network.

To utilize the memristors in the neural network, it is

necessary to choose the pulse duration and amplitude that

ensure guaranteed state switching. The pulse amplitude

should exceed the threshold values of the voltage for

transition to the low-conductance and high-conductance

memristor states. From the characteristics of the memris-

tors [12] in the crossbar of the hardware being testing, it

follows that the switching pulse amplitude should be higher

than 2.5 V. To select optimal memristor operation param-

eters, the effect of the pulse length and amplitude on their

specific resistance was investigated. The dependence of the

current–voltage characteristic of titanium dioxide mem-

ristors on the duration of a single rectangular pulse in the

range from 110 ls to 33 s was examined in [35]. However,

in a living neural network, the measured average pulse

duration is about 1–4 ms [36]. Figure 14 shows the rela-

tionship between the measured parameters of memristors

(current–voltage characteristic and specific resistance q)
and the pulse length covering this time interval. The cur-

rent–voltage characteristic was measured at subthreshold

voltages after the action of a single above-threshold 3 V

pulse of various durations. The relative measurement error

was max 4%.

Fig. 12 Test device diagram

Fig. 13 Microcontroller port circuit: T1–T2—NMOS FETs, T3–T5—

PMOS FETs, R is a pull-up resistor

Neural Computing and Applications

123



Figure 14a demonstrates that the memristor almost

completely switches to the low-resistance state with a 3 V

20 ms pulse. Complete switching occurs within 60 ms,

which corresponds to the time of switching from the low-

conductance to high-conductance state in the left CVC

branch, shown in [12]. Figure 14b illustrates the specific

resistance saturation with a 3–5 V pulse amplitude within

the living neuron pulse duration (1–4 ms).

Since the synapse in the neural network is replaced with

a single memristor, multiple memristor states should cor-

respond to multiple synaptic states. The resulting depen-

dence of the memristor resistance on the number of applied

1 ms pulses (Fig. 15) has a linear portion, which makes it

possible to use a number of equidistant stable states. When

the above-threshold pulse amplitude decreases, saturation

occurs during a larger number of pulses, which allows

implementing more synaptic states.

The curve shape shown in Fig. 15 is similar to the

hyperbolic tangent, which is used as an activation function

in the second-generation neural networks. Thus, the

application of memristors makes it possible to automati-

cally consider the decreasing neuron sensitivity to the input

signals without making calculations in the microcontroller.

The results shown in Figs. 14 and 15 demonstrate

existence of a set of intermediate states with various con-

ductances between the ultimate high-conductance and low-

conductance states in the memristor with a long time of

complete switching (60 ms). These states can be used in

associative learning processes for the neural network based

on memristor synapses and simultaneous processing of

input pulses, which implies their weighing and subsequent

summation in a neuron. Such memristor can weigh the

voltage of the signals and effectively learn at a pulse

duration comparable to the duration of the action potential

of living neurons (1–4 ms). From this point of view,

formed memristors with a switching time of several

nanoseconds, used as switches in information technologies,

are unfit [9, 11].

5 Conclusion

The original biomorphic neuron model was developed.

This model differs from common IT models by a more

complex neuron structure and from biological models by

accounting mean fire rates of neurons instead of individual

spikes in numerical solution of differential equation

describing the change in the potential on the neuron

membrane.

The proposed biomorphic neuron model consists of

three separate functional parts: dendrites, a soma, and an

axon, which allows creating template libraries for such

parts for further application. This model allows establish-

ing diverse connections between functional parts of

(a) (b)

Fig. 14 a Current–voltage

characteristics of memristors

after an above-threshold 3 V

pulse passage; b change in the

specific resistance of

memristors versus the above-

threshold pulse duration and

amplitude

(a) (b)

Fig. 15 a The memristor

conductance versus: a number

of the 1 ms pulses applied at

different voltages; b number of

applied 3 V pulses of different

durations
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different neurons that are present in natural biological

neural networks. This makes the neural network architec-

ture much more flexible.

The calculation algorithms of signal passage through

each functional part of the neuron were created, and

respective functions for the membrane potential based on

universal recurrence expression were constructed. The

form of the recurrence relation was obtained by simplifying

the finite difference form of ordinary differential equation

describing the potential change of neuron membrane. The

proposed neuron model calculates the average rate of

spikes when the activation threshold is exceeded. There-

fore, the exponential growth of the potential is replaced by

the instantaneous growth. The coefficients for all functional

parts of the neuron are obtained from experimental data.

Simple recurrence expressions increase the efficiency of

calculating a large neural network in a stand-alone hard-

ware with limited computing resources.

On the other hand, these limited resources of the neural

processor hardware and the large size of the neural network

make it necessary to reduce the number of calculations and

take a longer time step, taking into account the fact that the

total calculation time for large neural networks is made up

of the calculation time of each neuron. When using a large

time step, it is necessary to use rate coding of the infor-

mation and calculate the average rate of the action poten-

tials per step. This leads to a partial loss of information

about the temporal correlations of neuron activation [29].

However, large step in spike coding leads to a distortion of

the pulse shape and even greater loss of information.

To perform functional testing of the biomorphic neuron

model, a test neural network was constructed as a

sequential stack of functional blocks with primary con-

nections organized using experimental neurophysiological

data. The result of computer simulation of the test network

is the correct association of the input characters over time.

This simple example confirms operability of the neural

network which performs simple association.

The possibility of memristors application as synaptic

connections in the computation of a neural network on

hardware has been experimentally investigated. The

change in the memristor conductance, which happens as

the programming pulses are applied, simulates the process

of the neural link strengthening due to the increasing

quantity of the dendrite membrane receptors. A test neural

network simulation with memristor synapses was per-

formed using CMOS microcontroller of the PIC18 family.

It was demonstrated that the use of memristors in the neural

network automatically considers the decreasing neuron

sensitivity to input signals without making any calculations

in the microcontroller.

The increase in performance and energy efficiency of

the calculations of the neural network in comparison with

the existing computing devices results from the application

of mixed analog and digital calculations, including those

with memristors integrated into nanoscale crossbars. The

hardware memristor provides non-volatility of the memory

block in the neural network. The developed biomorphic

neuron model, defined conceptual principles of the neural

network construction based on it, as well as replacement of

synapses in the hardware-based neural network with

memristors will allow constructing an ultra-large neural

network which simulates the operations of a separate cor-

tical column in the stand-alone hardware, which is

biomorphic neuroprocessor.
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