
Chaos, Solitons and Fractals 139 (2020) 110061 

Contents lists available at ScienceDirect 

Chaos, Solitons and Fractals 

Nonlinear Science, and Nonequilibrium and Complex Phenomena 

journal homepage: www.elsevier.com/locate/chaos 

Stimulus classification using chimera-like states in a spiking neural 

network 

Andrey V. Andreev 

a , Mikhail V. Ivanchenko 

b , Alexander N. Pisarchik a , c , ∗, 
Alexander E. Hramov 

a 

a Neuroscience and Cognitive Technology Laboratory, Innopolis University, Universitetskaya, 1, Innopolis, 420500, Russia 
b Department of Applied Mathematics, Mathematics of Future Technologies Center, Lobachevsky State University of Nizhny Novgorod, Gagarina Av., 23, 

Nizhny Novgorod, 603950, Russia 
c Center for Biomedical Technology, Technical University of Madrid, Campus Montegancedo, Madrid, 28223, Spain 

a r t i c l e i n f o 

Article history: 

Received 14 June 2020 

Accepted 24 June 2020 

Keywords: 

Bistability 

Chimera state 

Classifier 

Hodgkin-Huxley model 

Spiking neural network 

a b s t r a c t 

A complex network of bistable Hodgkin-Huxley (HH) neurons with excitatory coupling can exhibit a par- 

tially spiking chimera behavior. We propose to use this chimera-like state for classification of the entering 

stimulus amplitude in the neural network with coexisting resting and spiking states. Due to different ad- 

ditive noise applied to each neuron in the network, the neurons are nonidentical. Therefore, depending on 

the amplitude of the external current, a part of the neurons stays in the resting state, while another part 

oscillates. Keeping fixed the coupling strength between neurons inside the network, we train the neural 

network on external pulses with two different amplitudes to adjust the coupling strength between the 

network neurons and two output neurons. We consider two variants of the classifier, in the presence 

and in the absence of inhibitory coupling between output neurons, and study how the output neurons 

respond to the external pulses of different am plitudes. The accuracy of the proposed classifier reaches 

100% when the output neurons are inhibitory coupled, so that only one of these neurons is activated. 

© 2020 Elsevier Ltd. All rights reserved. 
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. Introduction 

Artificial intelligence (AI) has attracted great interest of re-

earchers, engineers and technologists due to its numerous ap-

lications in many areas, including medicine [1] , radiology [2] ,

obotics [3] and neuroscience [4] . AI helps to solve many tasks of

onlinear dynamics, for instance, nonlinear optimization [5] , mod-

ling and controlling nonlinear phenomena [6] , evaluating func-

ional connectivity [7] , etc. At the same time, AI also benefits from

onlinear dynamics, for example, in such applications as artificial

eural networks (ANN) [8] , signal identification [9] and image en-

ryption [10] , where nonlinear dynamics approaches are success-

ully used to improve data recognition and classification efficiency.

In particular, ANN is a powerful machine learning method

idely used for many AI applications such as approximation, clas-

ification and clustering problems, including biomedical big data,

here ANNs were utilized for classification of single neuronal

pikes [11, Chapter 3] , multichannel EEG [12–15] , MEG [16,17] and

MG [18,19] signals due to their rapidity and high efficiency. On

he other hand, the majority of ANNs are based on simple func-
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ions, and therefore do not simulate dynamics of real neural net-

orks. An alternative approach is the use of spiking neural net-

orks (SNNs) [20] trained by biologically inspired algorithms, like,

.g., real brain circuits [21] . Nowadays, many researchers try to ap-

ly SNNs for practical purposes, for example, for speech [22] and

udio-visual pattern recognition [23,24] , robot controlling [25] , etc.

ecently, Lobov et al. [26] demonstrated that spatial or topologi-

al properties of spike-timing-dependent plasticity can be imple-

ented as associative learning in small SNNs for controlling a mo-

ile robot. SNNs were also used for pattern recognition of visual in-

ormation recorded from a silicon retina [27] , as well as in simula-

ion of sound information processing in the auditory cortex [28,29] .

Recent advances of the SNN development demonstrated that

he combination of enormous computational efficiency with high

lassification accuracy make SNN very promissing for application

n neuroscience. Specifically, in this paper we propose to explore a

himera-like state in a SNN of bistable Hodgkin-Huxley (HH) neu-

ons for classification of an external signal amplitude. The chimera

tate is the coexistence of coherent and incoherent dynamics

n symmetrically coupled identical dynamical units [30] . During

he past decade, chimeras were found in different systems [31–

4] including neural networks [35–40] . Due to their promising

pplications in neuroscience, this phenomenon was extensively

https://doi.org/10.1016/j.chaos.2020.110061
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investigated in complex networks of leaky integrate-and-fire neu-

rons with excitatory coupling [37] , FitzHugh-Nagumo [35,41] and

Hindmarsh-Rose [36,38] neuronal oscillators, as well as in neu-

ral networks formed by physiological Hodgkin-Huxley (HH) neu-

rons [42,43] , coupled in different topological configurations (ran-

dom, regular, small-world, scale-free, and modular). The exper-

imental evidence of chimera-like states was demonstrated in a

modular neuronal network based on the idea of the connectome of

the C. elegans soil worm in the presence of hybrid synapses [44] . 

We have recently found [43] a partially spiking chimera state in

a complex network of bistable Hodgkin-Huxley neurons with exci-

tatory coupling. At certain values of the coupling strength and ex-

ternal current, a part of the neurons stay in the resting state, while

another part oscillate. In this paper we show that this chimera

state can be used for classification of external signal amplitudes. 

The paper is organized as follows. In Section 2 we present the

model of a scale-free network of bistable HH neurons with addi-

tive noise applied to each neuron. The spiking chimera-like state

is discussed in Section 3 . Then, in Section 4 we describe the pro-

posed SNN classifier which consists of the partially spiking neural

network and two output neurons. We train the classifier on exter-

nal current pulses of two different amplitudes in order to adjust

the coupling strength between the network neurons and two out-

put neurons. We compare two types of the classifier’s structure:

with and without inhibitory coupling between the output neurons,

and study dynamics of the trained SNN. We show that there is a

threshold value of the pulse amplitude. If the amplitude of the in-

put signals is below this threshold, they are classified to the first

type, whereas signals whose amplitude is above the threshold are

classified to the second type. Adding inhibitory couplings between

the output neurons makes the classification process more stable.

Finally, the results are summarized in Section 5 . 

2. Network model of bistable Hodgkin-Huxley neurons 

We consider the HH model which describes dynamics of the

membrane potential by the following system of differential equa-

tions [45] : 

 m 

dV j 

dt 
= −g max 

Na m 

3 
j h j (V j − V Na ) − g max 

K n 

4 
j (V j − V K ) − g max 

L (V j − V L ) 

+ I e j + I syn 
j 

, (1)

where C m 

= 1 μF/cm 

3 is the capacity of cell membrane, I e 
j 

is an

external bias current injected into j -th neuron in the network, V j 

is a membrane potential of j -th neuron. The coefficients g max 
Na 

=
120 mS/cm 

2 , g max 
K 

= 36 mS/cm 

2 and g max 
L 

= 0 . 3 mS/cm 

2 respec-

tively denote the maximal sodium, potassium and leakage conduc-

tance when all ion channels are open. V Na = 50 mV, V K = −77 mV

and V L = −54 . 4 mV are the reversal potentials for sodium, potas-

sium and leak channels, respectively. m, n and h represent the

mean ratios of open gates of specific ion channels. n 4 and m 

3 h

are the mean portions of open potassium and sodium ion channels

within a membrane patch. The dynamics of the gating variables

( x = m, n, h ) is given as follows 

dx j 

dt 
= αx j (V j )(1 − x j ) − βx j (V j ) x j + ξx j (t) , (x = m, n, h ) , (2)

where αx ( V ) and βx ( V ) are the rate functions defined as [46] 

αm 

(V ) = 

0 . 1(25 − V ) 

exp [( 25 − V ) / 10] − 1 

, (3)

βm 

(V ) = 4 exp (−V/ 18) , (4)

α (V ) = 0 . 07 exp (−V/ 20) , (5)
h 
h (V ) = 

1 

1 + exp [(30 − V ) / 10] 
, (6)

n (V ) = 

0 . 01(10 − V ) 

exp [( 10 − V ) / 10] − 1 

, (7)

n (V ) = 0 . 125 exp (−V/ 80) . (8)

In Eq. (1) , ξ x ( t ) is independent zero-mean Gaussian white noise,

hose autocorrelation functions are 

 ξm j 
(t) ξm j 

(t ′ ) 〉 = 

2 αm j 
βm j 

N Na (αm j 
+ βm j 

) 
δ(t − t ′ ) , (9)

 ξh j 
(t) ξh j 

(t ′ ) 〉 = 

2 αh j 
βh j 

N Na (αh j 
+ βh j 

) 
δ(t − t ′ ) , (10)

 ξn j (t) ξn j (t ′ ) 〉 = 

2 αn j βn j 

N K (αn j + βn j ) 
δ(t − t ′ ) . (11)

ere, N Na = ρNa S and N K = ρK S represent the total number of

odium and potassium channels within membrane patch ( ρNa = 60

m 

−2 and ρK = 18 μm 

−2 being sodium and potassium channel

ensities, respectively) and S = 10 −1 . 7 is the membrane patch area

f each neuron. I 
syn 
j 

is the total synaptic current received by j -th

euron. In this work, for simplicity we consider synaptic coupling

ia chemical synapses only, so that the synaptic current takes the

ollowing form 

 

syn 
j 

= 

∑ 

k ∈ neigh ( j) 

g c σ (t − t k 0 )(E re v − V j ) , (12)

here the function σ ( t ) describes temporal evolution of the synap-

ic conductance, g c is the maximal conductance of the synaptic

hannel, and t k 
0 

is the time at which the neighboring presynaptic

 -th neuron fires. We suppose that σ (t) = e −t/τsyn 	(t) is propor-

ional to the Heaviside step function 	( t ) and τsyn = 3 ms. The nu-

erical calculations are carried out using the fourth-order Runge-

utta algorithm adapted for stochastic equations with fixed inte-

ration time step 
t = 10 μs. 

. Chimera-like state 

For the selected values of the parameters, spiking and resting

tates coexist in a single HH neuron within a certain range of the

xternal current, as seen from the bifurcation diagram in Fig. 1 . In

his work, we consider a scale-free network of N = 100 HH neu-

ons, which initially stay in the resting state at I e 
0 

= 6 . 25 μA/cm 

2 .

hen, we apply a rectangular-shape external current to every net-

ork neuron ( Fig. 2 (a)). The pulse shape is modeled by the boxcar

unction 

 

e (t) = I e 0 + I e p [ H(t − t 0 ) − H(t − t 0 − 
t)] , (13)

here I e 
0 

is the amplitude of the constant current, I e p is the am-

litude of the external pulse, H ( •) is the Heaviside step-function,

 0 = 300 ms is the moment of time when the pulse is applied, and

t = 300 ms is the pulse repetition time. 

In Fig. 2 (a) we present the external pulse and the results of

ts action on the neural network without noise ( Fig. 2 (b)) and

n the presence of noise ( Fig. 2 (c)). For chosen initial conditions

ll neurons oscillate during the transient behavior lasted from

 to 300 ms. After transients, all neurons switch to the resting

tate since for the chosen value of the constant current ( I e 
0 

= 6 . 25

A/cm 

2 ) the neurons are monostable (see Fig. 1 ). When the exter-

al pulse ( Eq. (13) ) is applied at t = 300 ms, no neurons change

heir state in the noiseless network ( Fig. 2 (b)), whereas in the pres-

nce of noise a part of the neurons start to oscillate ( Fig. 2 (c)). The

oexistence of resting and oscillating neurons is referred to as a

himera-like state [43] . Since each neuron has different noise, the
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Fig. 1. Bifurcation diagram of a single HH neuron with respect to the external current used as a control parameter. Here, “ss” is a steady state, “po” is a periodic orbit, 

“osc max ” and “osc min ” are maximum and minimum oscillation amplitudes, respectively. The gray area indicates the bistability region with coexisting stable fixed point (blue 

solid line) and stable limit cycle (red solid line). The dashed red and blue lines mark unstable states. Dotted vertical grey lines indicate the values of the constant external 

current I e 0 = 6 . 25 μA/cm 

2 and pulse current I e = 7 . 6 μA/cm 

2 used in Fig. 2 . (For interpretation of the references to colour in this figure legend, the reader is referred to the 

web version of this article.) 

Fig. 2. (a) Rectangular-shape pulse of the external current and (b,c) spatial-temporal series of the membrane potential of the network of N = 100 neurons (b) without noise 

and (c) in the presence of noise. I e p = 1 . 35 μA/cm 
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scillators are nonidentical, and therefore we cannot consider this

tate as a classical chimera. When the pulse stops ( t = 600 ms),

ost of the spiking neurons return back to the resting state im-

ediately, while a small number of neurons continue to generate

pikes during some transient time, but finally all neurons go to the

esting state. 

. SNN Classifier 

Now, we will show how the chimera-like state can serve for

lassification of external signal amplitudes. The proposed classifier

onsists of a scale-free network of N = 100 HH neurons and two
utput neurons, as shown in Fig. 3 . We use the scale-free topology

ecause this topology is characterized by the presence of nodes

ith extremely high degree. The adjacency matrix for this type of

etwork is generated by the Barabási-Albert algorithm [47] that

reates a graph of N = 100 nodes having m = 5 edges each. We

eed to train the classifier so that only one of the output neurons

ould be activated by a short-pulsed external current I e applied to

he main network. 

Based on the previous results [43] , the coupling strength be-

ween network’s neurons is fixed to g m 

c = 0 . 02 . Initially, the main

etwork is not coupled with two output neurons, i.e. g in c = 0 . Then,

e train the network as follows. We apply the external pulse with
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Fig. 3. Illustration of the SNN classifier. An external pulse is applied to the scale-free network of N = 100 Hodgkin-Huxley neurons bidirectionally coupled with strength g m c . 

All network neurons are unidirectionally coupled with two output neurons with strength g in c adjusted during the training process. The two output neurons either uncoupled 

or inhibitory coupled to each other with strength g out 
c . 

Fig. 4. Time series of (a) the external pulse amplitude, (b) membrane potential of one neuron from the main network, and (c,d) coupling strengths of this neuron with one 

and another output neuron. 
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a certain amplitude and adjust the coupling strength g in c to acti-

vate only one output neuron during the pulse, while another out-

put neuron remains in the resting state. 

Fig. 4 illustrates the training process. First, we apply the exter-

nal pulse with amplitude I e p = 1 . 3 μA/cm 

2 ( Fig. 4 (a)) to all neu-

rons in the main network. Some of the neurons switch to the spik-

ing regime as shown in Fig. 4 (b). During the pulse, we increase by

a small step the coupling strength between spiking neurons with

one of the output neurons ( Fig. 4 (c)) and simultaneously decrease

the coupling strength g in c with another output neuron ( Fig. 4 (d)).
hen, we perform the training process for another pulse amplitude,

amely, for I e p = 1 . 4 μA/cm 

2 in the reverse orden, i.e., we decrease

y a small step the coupling strength with the first output neuron

nd increase the coupling strength with the second output neuron.

ince one group of the network’s neurons is activated by the first

ulse and another group by the second pulse, this training process

hould result in the situation when only one output neuron is ac-

ivated by the pulses with amplitude I e p > 1 . 4 μA/cm 

2 and another

euron with I e p > 1 . 3 μA/cm 

2 , whereas for 1 . 3 < I e p < 1 . 4 μA/cm 

2

oth neurons are excited, but with different probability. 
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Fig. 5. (a) Normalized number of spikes of the first (blue, upper raw) and the second (red, lower raw) output neuron N 
′ 
sp during the pulse versus the pulse amplitude I e p 

and (b–g) time series of the membrane potential of (b–d) the first and (e–g) the second output neurons for (b,e) I e p = 1 . 25 , (c,f) 1.35, and (d,g) 1.45 μA/cm 

2 . g out 
c = 0 . (For 

interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.) 

Fig. 6. (a) Normalized number of spikes of the first (blue, upper raw) and the second (red) output neuron N 
′ 
sp during the pulse versus the pulse amplitude I e p and (b–g) time 

series of the membrane potential of (b–d) the first and (e–g) the second output neuron for (b,e) I e p = 1 . 25 , (c,f) 1.35, and (d,g) 1.45 μA/cm 

2 . g out 
c = −0 . 15 . (For interpretation 

of the references to colour in this figure legend, the reader is referred to the web version of this article.) 
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The proposed classifier can be designed in two variants: with

inhibitory coupling between the output neurons ( g out 
c > 0 ) and

without it ( g out 
c = 0 ). The latter classifier without inhibitory cou-

pling is trained in such a way that the first output neuron is ex-

cited by the pulse with amplitude I e p = 1 . 3 μA/cm 

2 , while the sec-

ond output neuron by the pulse with I e p = 1 . 4 μA/cm 

2 . Let us study

how this classifier responds to other amplitudes of the external

pulsed current. The efficiency of this classifier can be estimated in

terms of the normalized number of spikes generated by the output

neurons 

N 

′ 
sp,i = 

N sp,i 

N sp, 1 + N sp, 2 

, 0 ≤ N 

′ 
sp,i ≤ 1 , (14)

where i = 1 , 2 is the number of the output neuron, N sp,i is the

number of spikes generated by the i -th output neuron during the

pulse (300 < t < 600). 

Fig. 5 shows how the normalized number of spikes of the first

and the second output neuron depends on the pulse amplitude.

One can see that for I e p = 1 . 2 μA/cm 

2 only the first output neu-

ron ( i = 1 ) is active, so N 

′ 
sp, 1 = 1 . For I e p = 1 . 25 μA/cm 

2 the sec-

ond neuron is also active, but it generates only 5 spikes ( Fig. 5 (e)),

while the first neuron generates 18 spikes during the pulse. Since

we trained the network for I e p = 1 . 3 and 1.4 μA/cm 

2 , at the middle

value of the pulse amplitude ( I e p = 1 . 35 μA/cm 

2 ) both output neu-

rons generate equal number of spikes ( Figs. 5 (c,f)). A further in-

crease in the pulse amplitude leads to the reverse situation when

the second output neuron generates more spikes than the first one.

One can see in Fig. 5 (d) that for I e p > 1 . 44 μA/cm 

2 the first output

neuron generates 2 spikes, while the second neuron generates 9

spikes ( Fig. 5 (g)). Thus, the signals with I e p < 1 . 35 μA/cm 

2 induce

more pulses of the first output neuron, whereas the signals with

I e p > 1 . 35 μA/cm 

2 more pulses of the second output neuron. 

Next, we will show that the introduction of inhibitory cou-

pling between the output neurons allows avoiding uncertainty in

the classification for pulses which amplitude is close to I e p < 1 . 35

μA/cm 

2 . For definiteness we fixed the coupling strength to g out 
c =

−0 . 15 . The results are shown in Fig. 6 . One can see that for I e p <

1 . 32 μA/cm 

2 only the first output neuron is active, whereas for

I e p > 1 . 4 μA/cm 

2 only the second one is active. Therefore, the un-

certainty area is much narrow than in the first version of the clas-

sifier. Only for 1 . 32 < I e p < 1 . 4 μA/cm 

2 both neurons oscillate and

generate the same number of spikes in a very narrow range of

1 . 35 < I e p < 1 . 36 μA/cm 

2 . 

Based on the above results, we can estimate the classification

accuracy of our classifier. When only one output neuron is acti-

vated (for I e p ≤ 1 . 32 μA/cm 

2 and I e p ≥ 1 . 4 μA/cm 

2 ), the accuracy is

equal to 100%. However, when both neurons are simultaneously ac-

tivated, the accuracy is lower, in particular, in the narrow range of

the pulse amplitudes 1 . 35 ≤ I e p ≤ 1 . 36 μA/cm 

2 the accuracy is close

to 50%. 

5. Conclusion 

As was previously shown, a partially spiking chimera can

emerge in a complex network of bistable Hodgkin-Huxley neurons

with excitatory coupling. In this paper, we have proposed to use

such a chimera-like state for classification of external stimula in a

spiking neural network. By adding different noise to each neuron,

we make the network’s neurons nonidentical, so that the external

pulse current switches only a part of the neurons from the resting

to the oscillatory state depending on the pulse amplitude. 

The proposed SNN classifier consists of a scale-free network of

100 HH neurons and two output neurons. The classifier should be

trained on external pulses with two different threshold amplitudes

to adapt the coupling strength of the main network with the out-

put neurons, so that one of the output neurons would be excited
y the low-amplitude pulse, whereas another neuron by the high-

mplitude pulse. 

We have considered two variants of the classifier (with the

resence of inhibitory coupling between the output neurons and

ithout it) and studied how the output neurons respond to ex-

ernal pulses of different amplitude. For both variants, there is a

hreshold value for classification of the pulse amplitude. We have

hown that the inhibitory coupling decreases the range of uncer-

ainty in the stimulus amplitude classification. 

We have demonstrated that the proposed classifier can achieve

00% accuracy in a wide range of external pulsed current ampli-

udes. The uncertainty in classification was observed within a very

arrow range where both output neurons generate equal num-

er of spikes. Such uncertainty in decision making has analogy

ith human perception of the bistable Necker cube which can be

qually interpreted as left- or right-oriented [4 8,4 9] . 
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