
BSc Thesis Applied Mathematics

Percept-choices for interrupted
ambiguous stimuli modelled
using a system of inhibitory
neurons

Lucas F. Jansen Klomp

Supervisor: Dr. H.G.E. Meijer

June, 2019

Department of Applied Mathematics
Faculty of Electrical Engineering,
Mathematics and Computer Science



Percept-choices for interrupted ambiguous stimuli modelled
using a system of inhibitory neurons

Lucas F. Jansen Klomp

June, 2019

Abstract

This article deals with the simulation of percept-choices when an ambiguous stim-
ulus is interrupted. A system of two inhibitory leaky integrate-and-fire neurons which
can explain spontaneous percept switches while this stimulus is on is extended in
two ways: by adding the calcium-activated non-specific cation (CAN) current and
by adding the Ether-à-go-go related gene (ERG) current. The model which includes
the CAN-current is found to yield similar results for percept-choices in simulations
as have been found in experiments with human subjects. The model which includes
the ERG-current yields less satisfactory results. This suggests that the CAN-current
might be a mechanism underlying percept-choices for ambiguous stimuli.

Keywords: LIF, CAN-current, ERG-current, Binocular Rivalry

1 Introduction

Binocular rivalry is a phenomenon where multiple distinct visual stimuli of approximately
equal strength are given to a person's eyes. This requires the person to choose between
two (or more) interpretations of the image (called percepts) and in many of these situa-
tions they will see the rivalling percepts alternate. Sometimes the mixture of ambiguous
stimuli is described as the singular (ambiguous) stimulus. An example of a situation where
binocular rivalry occurs is shown in Figure 1. Cube A, a so-called "Necker cube", can be
interpreted in two different ways (each of which is unambiguously depicted in cubes B and
C) [9]. Looking at cube A should result in seeing alternating percepts. An alternative
picture where binocular rivalry occurs is also given: a classic optical illusion where one can
either see an old woman or a young woman is given in Figure 1D.

When the two percepts alternate, it might be the case that one interpretation is seen longer
than the other. This can be attributed to the stimulus strength of each of the possible
interpretations. Each percept is characterized by a stimulus strength and the effect of the
stimulus strength on the several aspects of binocular rivalry (alternation rate, perceptual
dominance) are described by Levelt’s propositions [1].

The specific experiment this article will focus on is one where an ambiguous stimulus is
given for a certain time ton. The stimulus is then turned off for a time toff before it is
turned back on again. When the stimulus is turned back on, the person given the stimulus
must make a choice for one of the possible percepts. Since we describe a system with two
possible percepts, this can be seen as a two-alternative forced choice (2AFC).
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Figure 1: "Necker cube" and another optical illusion for which binocular rivalry
occurs. Adapted from: Kornmeier et. al 2005 [9].

In experiments with human subjects, the choice of the percept after interruption of the
stimulus is known to be dependent on how long a stimulus is shown and interrupted. If the
stimulus is interrupted for a short time, the percept often alternates. On the other hand
the percept often repeats if the stimulus is interrupted for a longer time. The question
tackled in this paper is whether a model can be constructed that shows when the last seen
percept will alternate and when it will repeat after interruption.

Binocular rivalry where the stimulus is shown continuously can be described adequately
by a system of two inhibitory neurons, where the firing of one neuron has an inhibitory
effect on the other neuron [8].

The dynamics of a neuron are commonly described through its membrane potential. This
potential is caused by several different ions inside and outside the neuron (most commonly
mentioned are K+, Na+ and Cl−). The influx and efflux of these ions are governed by many
channels in the membrane. If an external current is given as input to the neuron, this can
have an effect on the conductances of these channels. If no input is present, the membrane
potential will tend to the resting potential. On the other hand, if the current given as in-
put is strong enough, an action potential is generated. When this happens, the membrane
potential rises (depolarization) after which it quickly drops again (repolarization). The
membrane potential remains slightly lower than the resting potential (hyperpolarization)
for some time. Eventually the potential tends towards the resting potential again. Inhi-
bition between two neurons can be modelled by letting the action potential in one neuron
cause a negative current for some time in the other neuron. This current causes the firing
of one neuron to make the other neuron less likely to fire.

In this article, the existing models for binocular rivalry (involving a system of two inhibitory
neurons) are extended by adding either the calcium-activated non-specific cation (CAN)
current or the Ether-à-go-go related gene (ERG) current. The goal is to show that the
addition of these currents can give insight in when repetition and alternation occur after
an ambiguous stimulus is interrupted.

2 Literature Review

The dynamics of the membrane potential in a neuron were first accurately described from
a physical standpoint by Hodgkin and Huxley in 1952 [7]. In their model, the mem-
brane potential of a neuron is famously described as an electrical circuit. In this model,
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the gating variables for various channels in the membrane of a neuron are described. In
turn, the membrane potential can be described. Many other models for the dynamics of
a neuron have also been constructed. One of these models is the integrate-and-fire model,
which is a much simpler representation of the dynamics of the membrane potential [16].
In this paper, a network of two inhibitory leaky integrate-and-fire neurons is considered,
the structure of which is based on the model presented by Van Vreeswijk et al. in 1994 [16].

Many of the models for binocular rivalry in which percept-changes are modelled using in-
hibitory neurons are based on a slow adaptation term [8, 11, 14]. Once the adaptation to
a certain percept increases, the neuron(s) associated with this percept become less active,
allowing the neuron(s) associated with the other possible percept to fire. This adaptation
term can biophysically be linked to the influx and efflux of calcium (Ca2+) which increases
when an action potential occurs and decays slowly over time [15].

These models do not explain the effects of interrupting the stimulus. In general, the adap-
tation term for a percept should increase when this percept is seen and should decrease if
the percept is not seen. Suppose the stimulus is turned off while a certain percept is seen.
In this case, the adaptation for this percept is expected to be higher throughout the time
the stimulus is off. Then, when the stimulus is turned back on, we should always expect
the other percept to be seen since it has the lower adaptation. Experiments show, however,
that both percept switches and repeated percepts occur when the stimulus is interrupted
[12]. The most likely choice (switch/repetition) is highly dependent on the choice of ton
and toff as described earlier. Especially the choice for toff is important as a larger toff often
results in a repeated percept after interruption [12].

In the article by Noest et al., a low-level model is given explaining this phenomenon [12].
The model presented in this paper is based on primary dynamical variables rather than
spiking neurons. The inhibition and adaptation terms described before are present. In this
model, the percept-choice after interruption of the stimulus is modelled through adding a
positive term proportional to the adaptation, thus making the dynamical variable for the
latest seen percept more active once the stimulus is turned off. Unfortunately, this model
fails to have a biophysical interpretation. However, the notion stands that the neuron
associated with the last seen percept remains more active when the stimulus is turned off,
i.e. it has a higher plateau potential.

The goal is thus to find a plausible explanation and model for a plateau potential. Looking
for this, mechanisms and physical phenomena for persistent activity are considered. Persis-
tent activity was originally suspected to be the effect of synaptic reverberation. However, it
has been shown that in many cases the persistent activity can be seen as a cell-autonomous
property of a neuron [4]. For example, graded persistent firing is seen in layer V neurons
from the entorhinal cortex under application of corbachol (CCh) [5] and persistent firing
is also seen in neocortical pyramidal cells [3].

The role of the calcium concentration in this persistent activity seems to be vital. It has
been shown that stopping the influx of Ca2+ ions as well as injecting Ca2+ chelators in
the cell abolishes persistent firing. Therefore, through other experiments, the calcium-
activated non-specific cation (CAN) current has been suggested to cause persistent firing
[5]. However, the biophysical details of this current remain unknown. It was believed
that TRPC channels were in some way responsible for the CAN-current [13]. However,
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this theory has recently been disputed [6]. The unknown structure of the CAN-current
motivates us to consider various options. The most appealing alternative option would be
using an Ether à-go-go-Related Gene (ERG) current. Diverse ERG channel blockers have
been used to successfully stop persistent firing in neocortical pyramidal cells [3].

CAN-currents are typically modelled as a voltage-gated current with some gating variable.
This gating variable can be modelled as a sigmoid depending on the calcium concentration
[13] but its activation can also be modeled through a Hill function with similar results
[10, 13].

Similarly, the ERG-current can also be modelled as a voltage-gated current. However,
in the case of the ERG-current, the gating variable can be modelled by considering the
activation and inactivation of channels in the membrane of the neuron [2].

3 Methods and Models

In this section, the construction of our model and its various properties are described.
First a simple model of inhibitory leaky integrate-and-fire (LIF) neurons is considered.
Afterwards, the effects of adding an adaptation term are described. Lastly, the models
used to describe the influences of the CAN-current and ERG-current respectively are given.

3.1 Inhibitory leaky integrate-and-fire neurons

A pair of two inhibitory LIF neurons is considered. Let I(t) denote the input current due
to the stimulus. Isynj (t) denotes the inhibitory influence caused by the firing of neuron j.
The dynamics of the membrane potential Vi(t), i ∈ {1, 2}, i 6= j can then be described by

dVi
dt

= −Vi + I(t)− Isynj (t). (1)

When Vi = 1, Vi is reset to Vi = VR. This inhibitory network of two neurons is pictured
schematically in Figure 2 and is based on the one presented by Vreeswijk et al. in 1994
[16]. In the problem of rivalling percepts, both of these neurons can be taken to represent
one possible percept. That is, if neuron 1 fires, this corresponds to seeing percept "1",
while neuron 2 firing corresponds to seeing percept "2".

Figure 2: Network of two inhibitory neurons labelled 1 and 2 with external input
I(t). Whenever one of the neurons fires, this causes some inhibitory effect on the
other neuron.

We will define bistability to be the state in which one of the neurons fires, while the other
neuron never fires. The goal of this chapter is to show that bistability can occur for the
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model presented in Equation 1 and what conditions are for this bistability.

First, a model of only one LIF neuron is considered and thus Isynj = 0. If the input current
due to the stimulus is constant (I(t) = IC) then the dynamics of a single LIF neuron can
be described by

dV

dt
= −V + IC ,

where V is reset to V = VR if V = 1. Between the nonlinearities introduced by resetting
the neuron the membrane potential has the solution

V = IC + Ce−t.

Taking the initial condition V (0) = VR (which can be done after each time the neuron is
reset) yields

V = IC + (VR − IC)e−t.

Since IC must be bigger than 1 in order for the neuron to fire and VR < 1 we can safely
assume that VR − IC < 0 and the membrane potential increases. A simulation for a single
firing LIF neuron is shown in Figure 3. In this figure, it can be seen that given a high
enough input current, the neuron’s membrane potential will increase and the neuron will
fire repeatedly.

Figure 3: Simulation for 1 leaky integrate-and-fire neuron. Here, I(t) = 1.3. The
initial condition for the neuron is set to 0.1, and VR = 0.

Now that the dynamics of a single LIF neuron have been considered, we move to a discussion
of the system in Equation 1. If we assume I(t) and Isynj (t) do not depend on Vi, the ODE
(1) can be solved by introducing the integrating factor et, resulting in a solution for Vi(t):

Vi(t) = e−t
∫

(I(t)− Isynj (t))e
tdt+ Cie

−t. (2)

For the purpose of the analysis in this chapter, we suppose again that I(t) is a constant IC
for both neurons. This is analogous to having two stimuli of exactly equal strength being
presented continuously (without interruption). Because the inhibitory current Isynj (t) is
only increased when neuron j fires, it must be the case that Isynj (t) = 0 before either
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neuron fires and thus the dynamics for each neuron are equivalent to the one presented for
the single LIF neuron. In this case, the solution (2) simplifies to Vi(t) = IC +Cie

−t. Given
an initial condition (V1(0), V2(0)) = (V̄1, V̄2) the solution of the model can be specified for
any time before either of the neurons has fired. In this case, we find V̄1 = V1(0) = IC +C1,
and thus

C1 = V̄1 − IC .

Similarly, C2 = V̄2 − IC . Thus, before either neuron 1 or neuron 2 has fired:

V1(t) = IC + (V̄1 − IC)e−t (3)
V2(t) = IC + (V̄2 − IC)e−t (4)

If we suppose V̄1 > V̄2 the first firing time for neuron 1 can be calculated (any results found
for neuron 1 here can be analogously shown for neuron 2, supposing the initial condition
for the membrane potential of neuron 2 is higher). Neuron 1 will fire when the membrane
potential crosses the threshold V1(t) = 1. Letting tf denote the first firing time for neuron
1, it can be seen that

e−tf =
1− IC
V̄1 − IC

and thus

tf = − ln

(
1− IC
V̄1 − IC

)
. (5)

In order to have a positive firing time it remains to show that 0 < 1−IC
V̄1−IC

< 1 in the physical
cases described.

Suppose IC > 1. Then surely 1 − IC < 0 and in this case 1−IC
V̄1−IC

is positive if and only if
V̄1 − IC < 0. This implies a necessary condition for 1−IC

V̄1−IC
to be positive (when IC > 1) is

that V̄1 < IC . Since in all physical cases V̄1 < 1, this condition is immediately satisfied.

On the other hand, if IC < 1 then both neurons will not fire since the ODE (1) with
Isynj (t) = 0 and I(t) = IC has a nullcline for Vi = IC and dVi/dt is negative whenever
Vi > IC (again supposing V̄1 < 1). Thus, in the cases described 1−IC

V̄1−IC
> 0.

Lastly, since V̄1 < 1 and IC > 1 it follows that |1− IC | < |V̄1 − IC | and thus
∣∣∣ 1−IC
V̄1−IC

∣∣∣ < 1.

Since we already know 1−IC
V̄1−IC

is positive we have 0 < 1−IC
V̄1−IC

< 1 and our condition for a
positive firing time is satisfied for the physical cases described.
The value for V2 at tf can be calculated and is equal to

V2(tf ) = IC + (V̄2 − IC)e−tf = IC + (V̄2 − IC)
1− IC
V̄1 − IC

= IC +
V̄2 − IC
V̄1 − IC

(1− IC). (6)

This potential at tf is used in the analysis of the next section.
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3.1.1 Bistability for a model with an alpha function as inhibitory influence

It will now be shown that conditions for bistability can be found for a certain choice of
Isynj (t) in the system described in equation (1). Let Ei(t) denote the inhibitory influence
due neuron i firing at time t = 0, then Isyni(t) is defined as

Isyni(t) =
n∑
k=1

Ei(t− tfk), (7)

provided neuron i has fired n times before time t at time points tf1 , tf2 , ..., tfn . Suppose
now that Ei(t) is taken to be an alpha function

Ei(t) =

{
gα2te−αt t > 0,

0 otherwise

and VR = V̄1. This choice for Ei(t) is taken from the model introduced by Vreeswijk et al.
[16]. The total inhibitory influence of this choice for Ei(t) is equal to g since∫ ∞

0
gα2te−αtdt = g

∫ ∞
0

se−sds = g.

A simulation of the system described in 1 with the inhibitory influence as described in
equation 7 where Ei(t) is an alpha function is given in Figure 4. From this simulation, it
may be clear that bistability as described in Section 3.1 can occur, at least for the parame-
ter choices used for this simulation. We now consider the case of bistability in more detail
through the solutions of the differential equations for the membrane potential.

Figure 4: Simulation of two coupled inhibitory neurons. Here, I(t) = 1.3, g = 1
and α = 8. For this simulation, V̄1 = 0.1 and V̄2 = 0.

Before either neuron has fired, the dynamics do not change when compared to the analysis
in Section 3.1. After neuron 1 has fired once, we have

Isyn1(t) = gα2(t− tf )e−α(t−tf ).

For ease of computation, a change of variables t̂ = t+ tf is introduced, and thus Isyn1(t̂) =

gα2t̂e−αt̂. The solution for V2(t̂) can also be found and is equal to

V2̂(t̂) = e−t̂
∫

(IC − Isyn1(t̂))et̂dt+ C2̂e
−t̂
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and thus

V2̂(t̂) = e−t̂
∫
ICe

t̂dt̂− e−t̂
∫
Isyn1(t̂)et̂dt̂+ C2̂e

−t̂

= IC − e−t̂
∫
gα2t̂e−αt̂et̂dt̂+ C2̂e

−t̂

= IC − e−t̂
∫
gα2t̂e(1−α)t̂dt̂+ C2̂e

−t̂

= IC − e−t̂
α2ge(1−α)t̂((1− α)t̂− 1)

(α− 1)2
+ C2̂e

−t̂

= IC −
α2ge−αt̂((1− α)t̂− 1)

(α− 1)2
+ C2̂e

−t̂

if α 6= 1. For the case α = 1, the following solution is found:

V2̂,α=1(t̂) = IC − e−t̂
∫
gt̂dt̂+ C2̂e

−t̂

= IC −
1

2
gt̂2e−t̂ + C2̂e

−t̂. (8)

As an initial condition for the solution, V2̂(0) = V2(tf ) needs to be taken. The solution
can then be specified for α 6= 1 by noting

V2(tf ) = IC +
α2g

(α− 1)2
+ C2̂

and therefore C2̂ = V2(tf ) − IC − α2g
(α−1)2

. Filling in the previously found value for V2(tf )

(equation 6) yields

C2̂ =
V̄2 − IC
VR − IC

(1− IC)− α2g

(α− 1)2

assuming V̄1 is taken to be VR. From now on, we shall denote the solution for α 6= 1 as
“the solution” for V2̂(t̂). This is due to the fact that the case α = 1 does not appear in the
construction of our later models. The case α = 1 is further investigated in Appendix A.
The solution can now be explicitly written as

V2̂(t̂) = IC −
α2ge−αt̂((1− α)t̂− 1)

(α− 1)2
+

(
V̄2 − IC
VR − IC

(1− IC)− α2g

(α− 1)2

)
e−t̂

= IC −
α2g

(
e−αt̂((1− α)t̂− 1) + e−t̂

)
(α− 1)2

+
V̄2 − IC
VR − IC

(1− IC)e−t̂.

Again, neuron 1 fires periodically with period ln
(

IC
IC−1

)
as described in equation 5 (setting

VR = 0). At the second firing time of neuron 1, it is clear that t̂ = − ln
(

1− 1
IC

)
. Thus,

V2̂

(
− ln

(
1− 1

IC

))
= IC −

α2g
((

1− 1
IC

)α (
(α− 1) ln

(
1− 1

IC

)
− 1
)

+
(

1− 1
IC

))
(α− 1)2

+
(
V̄2 − IC

)(
1− 1

IC

)2

.
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In order to investigate the case of bistability in more detail, we consider a periodic solution
for the system. If α is relatively large Ei(t) decays quickly and thus Isyn1 will be close
to zero when neuron 1 fires again. Thus, the inhibitory influence for the non-dominant
neuron is approximately periodic. That is,

Isyn1(t1 + t) ≈ Isyn1(tk + t), for k > 1

for as long as neuron 1 fires periodically. Therefore, if V2̂

(
− ln

(
IC−1
IC

))
≤ V2(tf ) where tf

is defined as in Equation 5, neuron 2 will never fire. VR is set to 0 and thus the following
condition for a periodic solution is obtained, rewriting the expression for V2(tf ) in equation
6:

IC −
α2g

((
1− 1

IC

)α (
(α− 1) ln

(
1− 1

IC

)
− 1
)

+
(

1− 1
IC

))
(α− 1)2

+
(
V̄2 − IC

)(
1− 1

IC

)2

= IC +
(
V̄2 − IC

)(
1− 1

IC

)
.

Simplifying this, the condition becomes

g =

(
IC − V̄2

)
(α− 1)2

ICα2

((
1− 1

IC

)α−1 (
(α− 1) ln

(
1− 1

IC

)
− 1
)

+ 1

) .
If periodic behaviour is to occur, we must first have that V2(tf ) < 1. This is the case if
V̄2 < VR = V̄1. Given a certain V̄2, α and IC it can be found from the equality above for
which g a periodic solution is found. This equality is considered in some more detail in
Appendix B.

3.1.2 Bistability for a model with voltage-gated inhibition

In the previous section a system was considered for which the inhibition was given by an
alpha function. However, in the models introduced in the following sections a similar but
voltage-gated inhibitory current is used. In this model

Isynj (t) =

n∑
k=1

Ei(t− tk)(V − VK)

while still

Ei(t) = gα2te−αt.

Unfortunately analytical expressions for the solutions of the resulting differential equations
for Vi(t) are impossible to find, as is illustrated in Appendix C. However, through a nu-
merical solution of the differential equation it can be shown that bistability can still occur
for the choice of a voltage-gated inhibition current though the value of g is taken higher
than in the model considered previously. A simulation is shown in Figure 5.
In all simulations given for two neurons in this paper, the initial condition for neuron 1
was taken to be 0.1 at t = 0, while the initial condition for neuron 2 is set to 0 for t = 0.
This allows neuron 1 to fire before neuron 2 in these simulations.
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Figure 5: Simulation for voltage-gated inhibition. Here, IC = 1.3, g = 2, α = 8
and VK = −0.2. For this simulation, V̄1 = 0.1 and V̄2 = 0.

3.2 Calcium-dependent adaptation

The possibility of bistability with one dominating neuron for two inhibitory LIF neurons
given the proper conditions is shown in the previous section. Now, an adaptation term is
added to explain the switching dynamics seen in binocular rivalry.

This adaptation can be attributed to the influx and efflux of calcium ions into the cell. A
certain amount of calcium ions enter the neuron whenever this neuron fires. The calcium
concentration decays slowly over time. A current ICai(t) is modelled that depends on the
calcium concentration in the neuron: the higher the calcium concentration in a neuron,
the more ICai(t) will decrease the activity of this neuron.

The model considered is similar to the one introduced before:

dVi
dt

= −Vi + I(t)− Isynj (t)− ICai(t),

Isynj (t) =
n∑
k=1

Ei(t− tk)(V − VK), (9)

Ei(t) = gα2te−αt

provided that neuron i has fired n times before time t at times t1, ..., tn, where ti < tj if
i < j as before. The dynamics of ICai and the calcium concentration [Ca] are given by

ICai(t) = gCa
[Ca]

[Ca] +K
(V − VK),

τ
d[Ca]

dt
= −[Ca], (10)

[Ca](t) = [Ca](t) + ∆ if t ∈ Tfi .

The dynamics of the calcium concentration are based on the scheme described by Theodoni
et al. [15]. Meanwhile, the model for the gating variable of the calcium-dependent adap-
tation current and its dependence on the potassium resting voltage is based on the model
presented by Laing et al. [10]. It is the aim to find parameter choices such that the percept-
switches in binocular rivalry are adequately represented. That is, the dominance of one of
the two neurons corresponds to seeing only one of the possible percepts in binocular rivalry.
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Most potentials found in literature should be scaled for our model to fit the potential
bounds set in the used model. The model used in this paper is one where the membrane
potential lies between approximately 0 and 1. In most models for neurons present in
literature the membrane potential instead lies between approximately −70mV and 40 mV .
Therefore, we can often apply a change of variables letting V̂ be the potential on a scale
between −70 mV and 40 mV , so that V̂ = 110V − 70 and thus

V =
V̂ + 70

110
. (11)

This approximation works fairly well for adapting lower potentials to our model. However,
in a physical neuron a threshold potential is passed after which the sodium conductance
greatly increases in the neuron. Once this potential is reached (which lies around -50 mV )
the neuron will fire: the potential swiftly increases and decreases again. Thus, in our
model, this threshold potential corresponds to a potential of 1 since when this potential is
passed the neuron fires. This creates some difficulty in scaling values found in literature as
some mechanisms have more involved dynamics past the threshold potential. This inherent
difference in neuronal models must be taken into account when adapting parameter choices
found in literature for our model.

For this model, VK was set to −0.2 (in accordance with the value of around −90 mV to
−70 mV found in literature). Other choices of parameters are gCa = 0.5 and K = 1, where
the choice for K is in accordance with the model presented by Laing et al. in 2002 [10].
The value for τ is taken to be τ = 600 in order to model the relatively very slow decay of
the calcium concentration. The value for α is chosen to be α = 8 and the value for g is
taken to be g = 1.5. The value for ∆ was chosen to be small in order to represent a small
influx of calcium ions whenever a neuron fires. ∆ was varied and the final choice for this
model, ∆ = 0.00065, was taken since it resulted in the desired dynamics for the system.
The result of a simulation for these choices of parameters is given in Figure 6.

It remains to consider the workings of this model in more detail. Suppose neuron 1 is
currently the dominating neuron (again, a symmetrical case can be made for neuron 2
dominating initially) and has just fired. It can then be determined whether neuron 1 or
neuron 2 fires first based on the membrane potential of neuron 2 at the time of firing
of neuron 1 and the calcium concentration in the neuron. Between firing times an ana-
lytical expression for the calcium concentration [Ca](t) given an initial condition for this
concentration [Ca](0) = [Ca]0 can be found, namely the solution of Equation 10:

[Ca](t) = [Ca]0e
− t
τ . (12)

Here, t = 0 when neuron 1 last fired. The gating variable for ICa1 is thus given by

GCa1(t) = gCa
[Ca]0e

− t
τ

[Ca]0e
− t
τ +K

. (13)

If the inhibitory influence from previous firing times is taken to be zero then surely
Isyn1(t) = Gsyn1(t)(V − VK) where Gsyn1(t) = gα2te−αt. This is a reasonable assump-
tion given the fact that the alpha function taken for the gating variable of the inhibitory
current decays quickly. If neuron 1 has been dominant for some time, it can also be argued
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(a) Firing pattern for both neurons. The
blue and red lines consists of stars, which are
plotted at times for which neuron 1 and neu-
ron 2 fire respectively. The vertical offset is
only used to distinguish firing times of the
two neurons.

(b) Calcium concentration in both neurons
over time.

(c) Membrane potential simulated for both neurons around a spontaneous percept switch. Initially
the membrane potential of the non-dominant neuron is very close to 1 at the firing times for the
dominant neuron. At some point, the non-dominant neuron will fire before the currently dominant
neuron. When this happens a spontaneous percept switch occurs and the membrane potential of
the previously dominant neuron will be well below the mebrane potential of the new dominant
neuron (due to the high inhibitory influence of the calcium-dependent adapation current).

Figure 6: Percept switches simulated. Here, g = 1.5, α = 8, gCa = 0.5, K = 1,
VK = −0.2, τ = 600 and ∆ = 0.00065. The simulation was performed using forward
Euler with time steps of 0.0005 ms.
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that ICa2(t) = 0 and Isyn2(t) = 0. Therefore, the dynamics of the two neurons reduce to:

dV1

dt
= −V1 + I(t)−GCa1(t)(V1 − VK),

dV2

dt
= −V2 + I(t)−Gsyn1(t)(V1 − VK). (14)

Since these are both first order linear ODEs, we expect to be able to solve them analyti-
cally. However, the process of introducing an integrating factor and solving the equations
using the expressions for Gsyn1(t) and GCa1(t), while technically correct, yields overly
complicated expressions for V1 and no comprehensive solution for V2. The calculation
of analytical solutions is given in Appendix C. Instead, considering the system through
simulations (as given in Figure 6) are more appealing for the system considered here. To
obtain insight in the maximum calcium concentration in the neuron, two variables were
varied, namely the initial condition for V2 and the initial calcium concentration [Ca]0. This
yields the result in Figure 7A, where yellow stars indicate a percept switch and red stars
indicate no percept switch. From this figure it can be seen what the maximum calcium
concentration in the neuron is before a spontaneous percept switch inevitably happens. For
the parameter choices given earlier in this chapter, the calcium concentration should never
exceed this maximum. This is in line with the simulation in Figure 6. The result obtained
may not initially seem to coincide with the simulation given in this figure if the calcium
concentration corresponding to a spontaneous percept switch is considered. However, it
should be noted that due to the increase of the calcium concentration in the neuron, the
time between two firing times of the dominant neuron increases. This causes the sequence
of potentials for the non-dominant neuron at the firing times of the dominant neuron to
increase. Eventually, the non-dominant neuron will fire before the dominant neuron does,
resulting in a percept switch.

(a) Visualisation of the conditions for ICs
for V2 and the calcium concentration for a
spontaneous percept switch.

(b) Firing times of the dominant neuron
based on the initial calcium concentration in
the neuron.

Figure 7: Results for a simulation where g = 1.5, α = 8, gCa = 0.5, K = 1,
VK = −0.2, τ = 600 and ∆ = 0.00065. Simulations were done using forward Euler
with time steps of 0.00005 ms.

The differential equation for V1 in Equation 14 can be used to numerically predict the
firing times of neuron 1 given an initial calcium concentration in the neuron. The result

13



for the firing time is given in Figure 7B.

Lastly, it is interesting to consider the influence of different choices of ∆ on the behaviour
of the system. Specifically, if ∆ increases the time between spontaneous percept switches
can be expected to decrease. This effect can be shown through simulation of the system
and the dependence of the rate of percept switches on the value of ∆ is given in Figure 8.

Figure 8: Dependence of the rate of spontaneous percept switches on the choice
of ∆. Here, g = 1.5, α = 8, gCa = 0.5, K = 1, VK = −0.2 and τ = 600. Simulations
were done using forward Euler with time steps of 0.0005 ms.

3.3 Addition of the CAN-current and ERG-current

In this section, two variants of a model are discussed: the non-specific cation current
(CAN-current) and the Ether-à-go-go related gene current (ERG-current) are added to
the LIF model with adaptation (Section 3.2). The aim is to consider an experiment where
the stimulus is turned on for a time ton after which the stimulus is interrupted for a time
toff repeatedly. Thus, in experiments, the current due to the stimulus will resemble I(t)
as shown in Figure 9. After interruption of the current, either a repetition of the last seen
percept occurs or an alternation of percepts occurs. The idea is that whether alternation or
repetition occurs can be predicted through the addition of either the CAN-current or the
ERG-current in the system which should induce a higher resting potential in the neuron
while the stimulus is turned off.

Figure 9: Visualization of the input current I(t) when it is on for a time ton and
off for a time toff repeatedly.
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3.3.1 Effects of addition of the CAN-current

After the addition of the CAN-current, the following model is considered.

dVi
dt

= −Vi + I(t)− Isynj (t)− ICai(t)− ICANi(t)

in which Isynj(t) is given by scheme 9 and ICai is given by scheme 10. The CAN-current
ICANi is modelled as a voltage-gated current:

ICANi = ḡCANG∞([Ca])(Vi − VCAN)

in which G∞ denotes the steady-state activation of the gating variable for the CAN-current,
G. This steady-state is modelled as a sigmoid function dependent on the calcium concen-
tration in the neuron:

G∞([Ca]) =

(
1 + e

− [Ca]−Cahalf
Caslope

)−1

.

The scheme for the CAN-current was based on the one presented by Ratté et al. in 2018
[13]. The dependence of the CAN-current on the steady-state for the gating variable of this
current is taken in order to model the fact that the gating variable for the CAN-current
reacts almost immediately upon change in the calcium concentration [13]. For this model
only one neuron is expected to dominate as long as the stimulus is on. This is due to
the fact that the percept switches in binocular rivalry are rather slow, meaning only one
percept can be expected during the time ton. However, it should still be the case that after
some time, a spontaneous percept switch occurs. In order to achieve this, gCa and g are
set to gCa = 0.5 and g = 1.5, while α = 8, τ = 600, K = 1 and ∆ = 0.00065, which are
exactly the parameters as used in Section 3.2.

In this model, i, j ∈ {1, 2} and i 6= j. I(t) = 1.3 whenever the stimulus is on and 0 when
the stimulus is off. Furthermore, Tfj is the set of all times at which neuron j fires. The
values for Cahalf and Caslope are taken to be Cahalf = 0.006 and Caslope = 0.003. The
values for Cahalf and Caslope make sure that the system is sensitive to small differences
between two low calcium concentrations. The magnitudes of these constants are similar
to the ones chosen in Laing & Chow 2002 (K) and Ratté et al. 2018 (Cahalf and Caslope)
[10, 13]. We also set ḡCAN = 0.2, VCAN = 0.8 and VK = −0.2. The value for VCAN was
chosen by scaling the value for VCAN found in Ratté et al. 2018 (0 mV ) to the potential
scale between 0 and 1 used in this model [13]. In this model, VCAN is slightly increased
and corresponds to VCAN = 20 mV . We again use the change of variables in Equation 11.
Hence, we conclude VCAN = 90

110 ≈ 0.8 where the approximation to 0.8 was made in order
to keep the numbers chosen for constants simple. VK is set to -0.2, which is in accordance
with the value for VK found in literature (commonly set somewhere in the range of −90
to −70 mV ). The time step for simulation using forward Euler is set to 0.0005 ms. These
parameter choices are used in all simulations considered in this section.

The value for ḡCAN was tuned by taking two sets of values for ton and toff. These sets of
values were ton = 1s, toff = 0.7s and ton = 1s, toff = 0.5s. From the model presented by
Noest et al. we know that the first set of choices for ton and toff should yield repetition
of the percept, while the latter should yield alternation of the percept [12]. The value for
ḡCAN was thus varied so that the bias for the last seen percept is high enough to cause
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repetition for ton = 1s, toff = 0.7s while alternation still occurs for ton = 1s, toff = 0.5s. We
note that more extensive tuning is possible. However, the goal is to obtain results which
show the effects of the addition of the CAN–current on percept-choices after interruption
and this is still possible with the model tuned as it is.

We will now consider the model for the CAN-current in more detail and describe how the
addition of the CAN-current can lead to a higher resting potential in the neuron, which in
turn can lead to the desired dynamics for repetition and alternation.

An analytical expression for [Ca] when the stimulus is turned off is given by Equation 12
since the absence of firing neurons means there is no influx of calcium ions. Naturally, if
an analytical expression for [Ca](t) is known, the solution for the steady-state activation
of the calcium activated channels associated with the CAN-current and thus the gating
variable of the CAN-current follows.

G∞(t) =

1 + e
− [Ca]0e

− tτ −Cahalf
Caslope

−1

Unfortunately, an analytical solution for the membrane potential in the entire system con-
sidered can not be found. We therefore choose to focus on numerical solutions.

The gating variable for the CAN-current lies between 0 and 1 since it is modelled as a
sigmoid function and is only smaller than 1 for very small calcium concentrations as is
shown in Figure 10A. This means that a large difference between the gating variables of
the CAN-current for two neurons is only to be expected if the calcium concentrations in
one of these neurons is very low or has been very low and the calcium concentration in
the other neuron is not. In Figure 10B it is shown what the effect on the gating variable
for the CAN-current is when the calcium concentration in two neurons is held at different
constant levels for some time and are then taken to decay according to Equation 12. It
can be seen that the neuron which initially had the highest calcium concentration retains a
higher value for the gating variable for the CAN-current for much longer than the neuron
with the lower calcium concentration.

It should be noted that the gating variable for the CAN-current does not (directly) depend
on the membrane potential of the neuron but instead depends on the calcium concentra-
tion. As is described in Section 3.2 (and shown in Figure 6) the calcium concentration in
the neuron is expected to increase if that neuron dominates and will decay if that neuron
does not fire. This independence of the membrane potential means that the workings of
this type of scheme for the CAN-current may yield similar results for other models for
neurons, such as for example the more physically accurate Hodgkin-Huxley model [7].

Since VCAN is taken to be 0.8, V − VCAN < 0 whenever V < 0.8. Since 0 < G ([Ca]) < 1
and ḡCAN > 0, it can be concluded that ICAN < 0 whenever V < 0.8. Since we expect the
membrane potential to be quite low when the stimulus is off, we may conclude that ICAN
should be negative while the stimulus is off. In turn, since the differential equation for the
membrane potential has a term −ICAN in it, the CAN-current has a positive influence on
the membrane potential at least while the stimulus is turned off. We also note that the
CAN-current is the only possible positive influence on the neuron if the stimulus is off, as
the calcium-dependent adaptation current and the current due to inhibition both have a
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negative effect on the membrane potential.

(a) Value for G∞ plotted
against the calcium con-
centration in the neuron.

(b) Simulation for the gat-
ing variable of the CAN-
current for neuron 1 (gat-
ing variable G1) and neu-
ron 2 (gating variable G2).
The calcium concentra-
tions in neurons 1 and 2
were artificially set to 0.2
and 0.05 respectively until
t = 3000 ms and decay ac-
cording to Equation 12 af-
terwards.

(c) Phase plane for the
calcium concentrations in
the two neurons when
the stimulus is repeatedly
turned on for a time ton =
1s and turned off for a time
toff = 0.5s. Eight cycles of
ton and toff were simulated
along with one additional
time ton in which the stim-
ulus was turned on.

Figure 10: Illustrations of the workings of the CAN-current.

This positive influence causes the CAN-current to be able to induce a higher resting po-
tential in a neuron while the stimulus is turned off. In order to obtain a view of how
the gating variable for the CAN-current changes over time a simulation is done where
the stimulus is turned on and off repeatedly. The time for which the stimulus is turned
on is denoted by ton while the time for which the stimulus is turned off is toff. In this
section, we will focus on the behaviour of the gating variable of the CAN-current. Simula-
tions for the membrane potential during and around one period toff are shown in Figure 14.

In Figure 11A, the percept repeats after interruption. In this case, the calcium concentra-
tion in neuron 1 remains (relatively) high and thus the gating variable of the CAN-current
in neuron 1 remains close to 1 (the maximum value of G∞). Similarly, since neuron 2 never
fires, the calcium concentration in this neuron should be equal to 0. Therefore, the gating

variable for the CAN-current is equal to G∞(0) =

(
1 + e

Cahalf
Caslope

)−1

which is approximately

equal to 0.119 for the parameter choices presented in this section. This is in accordance
with the value seen in Figure 11A.

In Figure 11B, the percept alternates after interruption. The gating variable for the non-
dominant neuron remains high for quite some time, but eventually drops. This is explained
by the fact that it takes some time after repeated firing for the calcium concentration in a
neuron to decay to the point where the gating variable of the CAN-current is significantly
smaller than 1. The gating variable seems to be almost periodic and this in line with what
is seen for the calcium concentrations in both neurons, given in Figure 10C.
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(a) Simulation of the firing times (top) and
the gating variable G∞ (bottom) for the
CAN-current for ton = 1s and toff = 0.7s.
Five cycles of ton and toff are taken before
measurements begin. In this simulation, rep-
etition of the percept after interruption oc-
curred.

(b) Simulation of the firing times (top) and
the gating variable G∞ (bottom) for the
CAN-current for ton = 1s and toff = 0.5s.
Five cycles of ton and toff are taken before
measurements begin. In this simulation, al-
ternation of the percept after interruption oc-
curred.

Figure 11: Simulation for the gating variable and firing times for ICAN with
different values of ton and toff. Measurements are taken after 5 transient cycles of
ton and toff. The parameter choices in this section were used. Simulations were
done using forward Euler with time steps of 0.005 ms.
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3.3.2 Effects of addition of the ERG-current

After the addition of the ERG-current, the following model is considered.

dVi
dt

= −Vi + I(t)− Isynj (t)− ICai(t)− IERGi(t)

in which Isynj(t) is given by scheme 9 and ICai is given by scheme 10. The ERG-current
IERGi is modelled as a voltage-gated current:

IERG = ḡERGmh(V − VERG).

The dynamics of the gating variables m and h are given by

dm

dt
=
m∞ −m

τm
dh

dt
=
h∞ − h
τh

where m∞ and h∞ are the steady state activations for m and h respectively. These steady
states m∞ and h∞ are given by

m∞ =

(
1 + e

−
V−Vm,half
Vm,slope

)−1

h∞ =

(
1 + e

−
V−Vh,half
Vh,slope

)−1

.

The time constants for m and h, τm and τh, are given by

τm = 700 +
1

αa + βa

τh =
1

αi + βi

in which αa, βa, αi and βi are given by

αa(V ) = 0.003e0.12(600V−625)

βa(V ) = 0.4 · 10−4e−0.05(600V−625)

αi(V ) = 0.1e0.02(110V−70)

βi(V ) = 0.003e−0.03(110V−70)

This computational scheme is based on the independent scheme presented by Canavier et
al. [2]. The gating variablem denotes the fraction of open channels in the membrane of the
neuron, while h denotes the fraction of channels which are not inactivated. In reality, the
dynamics of the gating variable for the ERG-current are sequential, meaning that a closed
channel must be activated before it can be inactivated and similarly that an inactivated
channel must pass through the open, activated state before it can be closed. However, a
model where activation and inactivation are described as independent processes does not
differ qualitatively from a sequential scheme [2].
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An important difference between this computational scheme and the scheme for the CAN-
current is that the gating variables for the ERG-current depend directly on the membrane
potential of the neuron. This makes tuning the parameters for the ERG-current a much
harder task due to the difficulty in scaling potentials in literature for LIF neurons men-
tioned in Section 3.2.

The values for αi and βi are kept the same as in Canavier et al. 2007 while scaled using our
“standard” transformation for the membrane potential given in Equation 11. This is done
since the time scale τh is relatively low for all values of the membrane potential meaning
that more involved tuning for higher membrane potentials should not result in much dif-
ferent dynamics for the system. The time constant τm on the other hand is tuned to have
approximately the same maximum and minimum value as seen in the article by Canavier
et al. but the increase of the time constant for higher voltages is tuned to happen for much
larger voltages than would be the case with our standard transformation by adjusting αa
and βa. This is done to deal with the difference between our model and a more physically
accurate model like the Hodgkin-Huxley model. This difference is described in Section 3.2.
The time constants for inactivation (τh) and activation (τm) are shown in Figure 12A and B.

(a) Activation time con-
stant τm for the ERG-
current with the parame-
ter choices in this section.

(b) Inactivation time con-
stant τh for the ERG-
current with the parame-
ter choices in this section.

(c) Steady-state activa-
tion for m and h against
the membrane potential.

Figure 12: Illustrations regarding time constants and steady-state activation for
the ERG-current.

The values for Vhalfm , Vslopem , Vhalfh and Vslopeh are taken to be Vhalfm = 0.98, Vslopem =
0.02, Vhalfh = 0 and Vslopeh = −0.2. These choices were made by investigating the param-
eter choices and shapes of the steady-state activations for m and h in Canavier et al. 2007
and replicating the shape of the steady-state activation for our system, again keeping in
mind the difference between our model and physical neurons. The steady-state activation
for different membrane potentials is given in Figure 12C.

Lastly, the choice for VERG poses a problem. In the computational model used by Canavier
et al., the ERG-current is modelled to be a potassium current. Therefore, the value for
VERG is taken to be VK and is thus slightly lower than the rest potential [2]. However,
this would mean that IERG will always be positive since ḡERG > 0 and mh > 0 which
would in turn imply that −IERG < 0. Therefore the activation for the ERG-current for
the dominant neuron will cause this neuron to have a lower resting potential upon turning
the stimulus off. To make the ERG-current depolarizing instead of hyperpolarizing, we
have instead used VERG = 0.9. However, this choice cannot be justified through values
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found in existing articles, which makes our model for the ERG-current questionable. If
this choice is made however, we note that the ERG-current is the only current which can
have a positive influence on the membrane potential during toff and thus the only current
in the model which can generate a plateau potential.

Using the parameter choices decribed in this section, ḡERG was varied. As a method for
tuning, again the sets of values toff = 0.7s and ton = 1s, toff = 0.5s were used where for
the first repetition was required and for the second alternation was required. Tuning the
model in order to achieve this, the value ḡERG = 180 was chosen.

Through simulations of various cycles of the stimulus being on and off, it can be shown that
with our parameter choices a bias can be created for the last dominating neuron during
toff. A simulation for the gating variables m and h is shown in Figure 13. This simulation
is plotted after 5 cycles of ton and toff which are taken to be transient. Simulations for the
membrane potential during a period toff are given in Figure 14.

(a) Simulation of the firing times (top) and
the gating variable mh (bottom) for the
ERG-current for ton = 1s and toff = 0.7s.

(b) Simulation of the firing times (top) and
the gating variable mh (bottom) for the
ERG-current for ton = 1s and toff = 0.5s.

Figure 13: Simulation for the gating variable and firing times for IERG for different
choices of ton and toff. Measurements are taken after 5 transient cycles of ton and
toff. The parameter choices in this section were used. Simulations were done using
forward Euler with time steps of 0.005 ms.

The sudden jumps in the value of mh are caused by the fast dynamics of h along with the
fact that h has a much higher steady-state for lower voltages. Thus, when the stimulus is
turned off, the membrane potential decreases quickly and with it the value of h increases
quickly. We note that for the case of repetition the non-dominant neuron after interruption
fires once. This is an undesired effect caused by our method of simulation (forward Euler).
However, this indicates that the bias for the percept seen after interruption is relatively
small.
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4 Results and Discussion

In the previous section, we have considered 2 models, one involving the CAN-current and
the other involving the ERG-current (these models are described in sections 3.3.1 and
3.3.2). Both involve a network of two inhibitory leaky integrate-and-fire neurons and an
adaptation current governed by the concentration of calcium ions in the neuron. As is ar-
gued in chapters 3.3.1 and 3.3.2 both of these models could be an explanation for a plateau
potential during the time the stimulus is off. However, the model for the ERG-current lacks
verification.

4.1 Modelling percept-choices for interrupted ambiguous stimuli

The models which include the CAN-current and ERG-current can be used to describe the
process of percept-choices after interruption of an ambiguous stimulus, though with vary-
ing accuracy as will be shown later. After the stimulus has been interrupted for a certain
amount of time, we either see that the percept last seen before interruption is chosen again
(repetition) or that the other percept is chosen (alternation). In order to simulate this,
the ambiguous stimulus is turned on for a time ton and is then interrupted for a time toff
repeatedly. After a few cycles (considered to be the transient state of the system) of the
stimulus being on during ton and off during toff, (almost) periodic behaviour is seen. From
the next few cycles, it can thus be deduced whether repetition, alternation or more com-
plex behaviour occurs. In Figure 11 and Figure 13 it has already been shown that both
alternation and repetition of the last seen percept can occur for certain choices of ton and
toff.

In Figure 14 simulations are shown for the membrane potential for both the model involving
the CAN-current and the model involving the ERG-current, showing the possibility for
both alternation and repetition between two cycles for the choices of ton and toff which
were used for the measurements of the gating variables in Sections 3.3.1 and 3.3.2. A
higher resting potential for the last seen percept can be seen for both models, at least
after some time. Thus, the last seen percept can have a positive bias when the stimulus
is turned on again. For the time periods considered in Figure 14 it is also interesting to
consider the magnitude of both the calcium-activated adaptation current and the current
generating a plateau potential (either the CAN-current or the ERG-current). Simulations
for these currents for the situations in Figure 14 are given in Appendix D. In these plots
it can be seen that indeed the CAN-current and ERG-current have a positive influence on
the potential when the stimulus is off.

4.2 Results for varied values of ton and toff

The question remains however what the conditions are for ton and toff under which rep-
etition and alternation are seen. In order to investigate this ton and toff can be varied,
yielding a visualization of when alternation and repetition occur.

In order to measure whether alternation or repetition of the last seen percept occurs, 8
cycles of the chosen ton and toff are simulated along with one additional time ton during
which the stimulus is on. The first 5 cycles are taken to be transient and are not taken into
account when determining the result for a simulation. The firing times for each neuron are
stored for each of the last 3 cycles and the final application of the stimulus during a time
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(a) Membrane potential for the model in-
cluding the CAN-current during toff where
toff = 0.7s.

(b) Membrane potential for the model in-
cluding the CAN-current during toff where
toff = 0.5s.

(c) Membrane potential for the model in-
cluding the ERG-current during toff where
toff = 0.7s.

(d) Membrane potential for the model in-
cluding the ERG-current during toff where
toff = 0.5s.

Figure 14: Simulation of the membrane potential for the models involving the
CAN-current and ERG-current during toff using ton = 1s. Measurements are taken
after 5 transient cycles of ton and toff. Parameter choices are in accordance with
the choices in Section 3.3.1 and 3.3.2. Simulations were done using forward Euler
with time steps of 0.005 ms.
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ton. It is determined for each of these cycles which neuron was dominant. This is done
by taking all firing times and testing whether at least 95% of the firing times for a cycle
belong to one of the two neurons. If this is the case, that neuron is said to dominate. The
four measurements indicating the dominant neuron are then considered: if the dominating
neuron alternates between each cycle alternation is measured and if the same neuron re-
peatedly dominates, repetition is measured. If neither is the case the behaviour is said to
be “complex”. Complex behaviour may entail other patterns in which percepts switch (for
example, instead of 1212 or 1111, 1221 is measured) but this measurement also includes
spontaneous percept switches within a period ton (in which case no dominating neuron is
measured) and any other cases in which repetition or alternation are not measured.

The results of the simulation are given in Figure 15.

(a) Result for alternation/repetition for the
model involving the CAN-current.

(b) Result for alternation/repetition for the
model involving the ERG-current.

Figure 15: Results for different values of ton and toff for the models involving the
CAN-current and ERG-current.

In these figures, a yellow star means that the same percept was chosen after interruption
for the choices for ton and toff at which it is plotted. A blue star on the other hand means
that the percept alternated. Lastly, the red star means complex behaviour is measured.
The figures presented here are similar to the figure presented in the article by Noest et al.
in 2007 [12].

4.3 Discussion of results

In order to discuss the results obtained we compare the results obtained here to the figure
presented in the article by Noest et al., which uses the exact same structure of ton plotted
against toff. We see that the dependence of the percept-choice dynamics on ton and toff
align the best with the measurements for the CAN-current.

This result for the CAN-current suggests that the CAN-current could be a plausible expla-
nation for a positive bias resulting in certain decisions being made. The highest considered
value for ton for the CAN-current might seem to give strange results. However, inspecting
the results for these values of ton will show that here a spontaneous percept switch happens
barely within ton. This affects the dynamics of the system leading to somewhat different
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results for this value of ton.

On the other hand, the result for the ERG-current seems to correspond less with the ex-
perimental values found. However, it is still apparent that alternation happens for lower
values of toff and repetition happens for higher values of toff. For the band of measurements
for which complex behaviour is measured, simulations show that in this case no sponta-
neous percept switch happens. Instead, more complex patterns are seen: specifically, the
same percept seems to be repeated in two consecutive cycles before switching to the other
percept.

5 Conclusion

In this paper, a model of inhibitory leaky integrate-and-fire neurons is considered. For this
model it has been shown that bistability can occur: with the right parameter choices only
one of the two neurons will fire. An adaptation current is added which depends on the
calcium concentration in the neuron. The model which includes this current can be used
to explain spontaneous percept switches in binocular rivalry.

Afterwards, the possibility of the addition of another current is considered in order to
explain a higher plateau potential for the neuron which dominated last when the stimulus
is turned off. This higher plateau potential could explain the choice of percept when the
stimulus is turned off and later turned back on. Two models are described: One where
a computational scheme for the calcium activated non-specific cation (CAN) current is
added to the model and one where a computational scheme for the Ether-à-go-go related
gene (ERG) current is added.

There are some problems with the way the model for the ERG-current is structured. The
reference potential needed to be changed when compared to the values found in literature
and other parameter choices needed to be altered significantly to accommodate for the fact
that a neural model is used with a potential lying between 0 and 1. Moreover, while a posi-
tive bias for the last seen percept could be generated, the results for simulations done using
the adjusted scheme for the ERG-current differ slightly from the ones seen in experiments.
This makes the ERG-current a much less likely candidate than the CAN-current, though
more testing could be possible using more biophysically accurate models for neurons such
as the Hodgkin-Huxley model.

The model which includes the CAN-current yields the desired dynamics for repetition and
alternation of the percept in our measurements. This suggests that the CAN-current could
be a mechanism underlying the bias in choice of percept when the stimulus is interrupted.
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A Appendix: Bistability in the case where α = 1

In this appendix, the solution for α = 1 given in equation 8 introduced in section 3.1.1 is
considered. To find an initial condition for the solution

V2̂,α=1(t̂) = IC −
1

2
gt̂2e−t̂ + C2̂e

−t̂.

it can be used that that V2̂,α=1(0) = V2(tf ). Hence,

V2(tf ) = IC + C2̂.

Therefore, C2̂ = V2(tf )− IC . The found value for V2(tf ), given in equation 6, can be used
to find

C2̂ =
V̄2 − IC
VR − IC

(1− IC).

The solution can now be explicitly written and is equal to:

V2̂,α=1(t̂) = IC −
1

2
gt̂2e−t̂ +

V̄2 − IC
VR − IC

(1− IC)e−t̂.

Setting VR = 0 and noting neuron 1 fires periodically with period − ln
(

1− 1
IC

)
(as de-

scribed in equation 5), we obtain

V2̂,α=1

(
− ln

(
1− 1

IC

))
= IC−

1

2
g

(
1− 1

IC

)
ln2

(
1− 1

IC

)
+
V̄2 − IC
−IC

(1−IC)

(
1− 1

IC

)
.

Subsequently, following the reasoning presented in section 3.1.1 the following condition for
a periodic solution can be found:

IC−
1

2
g

(
1− 1

IC

)
ln2

(
1− 1

IC

)
+
V̄2 − IC
−IC

(1−IC)

(
1− 1

IC

)
= IC +

V̄2 − IC
−IC

(1−IC).

This condition can be simplified to

V̄2 − IC
I2
C

(1− IC) =
1

2
g

(
1− 1

IC

)
ln2

(
1− 1

IC

)
and this can be rewritten to

g =
2
(
IC − V̄2

)
IC ln2

(
IC−1
IC

) .
Thus a condition for g for a periodic solution in terms of IC and V̄2 is found. This concludes
the consideration of the case α = 1 in a system of 2 neurons coupled through inhibition
where the inhibitory term is given by an alpha function.
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B Appendix: Plots for the conditions for g for a periodic
solution

In Section 3.1.1 and Appendix A two conditions for g are derived for the cases α 6= 1 and
α = 1 respectively.

In this appendix, these conditions are considered in more detail. In the condition for α 6= 1
the required value for g depends on three variables (V̄2, IC and α). Keeping all but one of
these variables fixed yields the following results.

(a) Result for the condi-
tion for g if V̄2 = −0.1 and
α = 8.

(b) Result for the condi-
tion for g if IC = 1.3 and
α = 8.

(c) Result for the condi-
tion for g if V̄2 = −0.1 and
IC = 1.3.

Figure 16: Result for the condition for g if α 6= 1.

Similarly, the two variables present in the condition for g if α = 1 can also be varied
separately, yielding the followin results.

(a) Result for the condition for g if V̄2 =
−0.1.

(b) Result for the condition for g if IC = 1.3.

Figure 17: Result for the condition for g if α = 1.

We note that there is a qualitative difference between the result seen for α = 1 and α = 8
if the input current IC is varied. If V̄2 increases, it seems to be the case that g is required
to decrease for a periodic solution. If α is increased, the required value for g for a periodic
solution first decreases but increases for larger values of α.
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C Appendix: Analytical solutions for system involving calcium-
dependent adaptation current

In this appendix, the two differential equations in equation 14, introduced in section 3.2,
are considered. We thus have the following differential equations:

dV1

dt
= −V1 + I(t)−GCa1(t)(V1 − VK)

dV2

dt
= −V2 + I(t)−Gsyn1(t)(V2 − VK).

where

GCa1(t) = gCa
[Ca]0e

− t
τ

[Ca]0e
− t
τ +K

and

Gsyn1(t) = gα2te−αt.

The membrane potential for V1 can be solved by introducing the integrating factor e
∫

1+GCa1 (t)dt.
Through integration by substitution it can be shown that∫

GCa1(t)dt = gCat− gCaτ ln
(

[Ca] +Ke
t
τ

)
.

Therefore, the integrating factor evaluates to

e
∫

1+GCa1 (t)dt = e(1+gCa)t
(

[Ca] +Ke
t
τ

)−gCaτ
.

Thus, the solution for V1 is equal to

V1(t) = e−(1+gCa)t
(

[Ca] +Ke
t
τ

)gCaτ ∫ (
1.3 + gCa

[Ca]0e
− t
τ

[Ca]0e
− t
τ +K

)
e(1+gCa)t

(
[Ca] +Ke

t
τ

)−gCaτ
dt+ Ce−(1+gCa)t

(
[Ca] +Ke

t
τ

)gCaτ
.

The integral in this expression can be evaluated, yielding the expression

V1(t) = e−(1+gCa)t
(

[Ca] +Ke
t
τ

)gCaτ [ 1.3

1 + gCa
e(1+gCa)t

(
[Ca]0 +Ke

t
τ

)−gCaτ
·(

Ke
t
τ

[Ca]0
+ 1

)gCaτ
2F1

(
gCaτ, (gCa + 1)τ, gCaτ + τ + 1,− e

t
τK

[Ca]0

)
+

gCa
gCa + 1

(
[Ca]0 +Ke

t
τ

)−gCaτ (Ke tτ
[Ca]0

+ 1

)gCaτ
·

2F1

(
gCaτ + 1, gCaτ + τ, gCaτ + τ + 1,− e

t
τK

[Ca]0

)]
+

Ce−(1+gCa)t
(

[Ca]0 +Ke
t
τ

)gCaτ
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where 2F1(a, b, c, x) is the hypergeometric function, which is defined as

2F1(a, b, c, z) =

∞∑
n=0

(a)n(b)n
(c)n

zn

n!

in which

(y)n =

{
1 n = 0

y(y + 1)...(y + n− 1) n > 0
.

In this case, the initial condition for V1(t) is V1(0) = 0. Therefore, setting t = 0 results in
the following equation for C:

C = ([Ca] +K)−gCaτ ([Ca] +K)gCaτ
[

1.3

1 + gCa
([Ca]0 +K)−gCaτ ·(

K

[Ca]0
+ 1

)gCaτ
2F1

(
gCaτ, (gCa + 1)τ, gCaτ + τ + 1,− K

[Ca]0

)
+

gCa
gCa + 1

([Ca]0 +K)−gCaτ
(

K

[Ca]0
+ 1

)gCaτ
·

2F1

(
gCaτ + 1, gCaτ + τ, gCaτ + τ + 1,− K

[Ca]0

)]
.

Similarly, it is expected that a solution can be found for the membrane potential of neuron
2. The integrating factor e

∫
1+Gsyn1 (t)dt is introduced, which evaluates to

e
∫

1+Gsyn1 (t)dt = e(1−gαe−αt)t−ge−αt .

Therefore, the solution for V2 is equal to

V2(t) = e(gαe
−αt−1)t+ge−αt

∫ (
1.3 + gα2te−αt

)
e(1−gαe−αt)t−ge−αtdt+Ce(gαe

−αt−1)t+ge−αt .

The integral in this formula does not have a closed form, and therefore our analysis of the
analytical expressions for the solutions of the differential equations in equation 14 concludes
here.

D Appendix: Plots for the CAN-current, ERG-current and
calcium-dependent adaptation current during and around
toff

In this Appendix, plots are given for the magnitude of the CAN-current and calcium-
activated adaptation current for the model involving the CAN-current. Moreover, plots
are also given for the magnitude of the ERG-current and calcium-activated adaptation
current for the model involving the ERG-current. In these plots it is clear that the CAN-
current and ERG-current are negative during toff and thus have a positive influence on
the membrane potential of the neuron (since in the differential equation for Vi, the terms
−ICANi and −IERGi are present for the models involving the CAN-current and ERG-
current respectively).
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(a) Magnitude of ICAN and ICa for neuron 1
during and around toff where toff = 0.7s.

(b) Magnitude of ICAN and ICa for neuron 2
during and around toff where toff = 0.7s.

(c) Magnitude of ICAN and ICa for neuron 1
during and around toff where toff = 0.5s.

(d) Magnitude of ICAN and ICa for neuron 2
during and around toff where toff = 0.5s.

Figure 18: Simulation of ICAN and ICa for the two neurons for different values of
toff. Here, ton = 1s. Parameter choices are in accordance with the choices in Section
3.3.1. Simulations were done using forward Euler with time steps of 0.005 ms.
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(a) Magnitude of IERG and ICa for neuron 1
during and around toff where toff = 0.7s.

(b) Magnitude of IERG and ICa for neuron 2
during and around toff where toff = 0.7s.

(c) Magnitude of IERG and ICa for neuron 1
during and around toff where toff = 0.5s.

(d) Magnitude of IERG and ICa for neuron 2
during and around toff where toff = 0.5s.

Figure 19: Simulation of IERG and ICa for the two neurons for different values of
toff. Here, ton = 1s. Parameter choices are in accordance with the choices in Section
3.3.2. Simulations were done using forward Euler with time steps of 0.005 ms
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