Spike pattern detection with close-to-biology spiking neuronal network
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Abstract

The nervous system contains a variety of neuron types, each with different electrophysiological properties. However,
their roles in information processing are poorly understood. Using the piecewise quadratic neuron (PQN) model that
can reproduce a variety of electrophysiological properties, we demonstrate that performance on a biologically
plausible task of spike pattern detection varies depending on the electrophysiological properties.
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1. Introduction

In the nervous system, neurons exhibit a variety of
electrophysiological properties. For example, when
given a gradually increasing stimulus input, Class I
neurons in the Hodgkin’s classification [1] start firing at
a frequency close to zero, whereas Class Il neurons start
firing at a certain higher frequency. In addition, when
given a step current input, neurons in the regular spiking
class exhibit spike-frequency adaptation, in which the
firing frequency gradually decreases, whereas neurons in
the fast spiking class fire at an almost constant frequency.
Furthermore, bursting neuron classes such as elliptic
bursting and parabolic bursting are known to alternate
between intense firing and resting state in response to
constant stimuli. The mathematical structures behind
these diverse electrophysiological properties of neurons
have been intensively investigated, and spiking neuron
models that reproduce them have also been developed
[21[31[4]1[51[6]1[71[8][9][10][11][12][13]. However, the
role of these electrophysiological properties of neurons
in information processing in the nervous system remains
unclear. This is because the information processing
mechanisms in the brain microcircuits are too complex

and poorly understood to assess the contribution of each
electrophysiological properties. In addition, there are
various technical hurdles in measuring neuronal activities
in vivo, which also make it difficult to analyze the role of
electrophysiological properties.

In this study, we investigate the relationship between
the electrophysiological properties of neurons and the
learning properties of a network using in silico
simulations. We employ simple and biologically
plausible network structure and task proposed in the
previous studies [14][15]. For the spiking neuron model,
we adopt the piecewise quadratic neuron (PQN) model
[13], which is a lightweight model that can reproduce a
wide variety of electrophysiological properties. Although
there are a variety of dynamics behind the neuronal
activities, here we focus on the most fundamental
dynamics, the spike generation. We investigate how the
success rate of pattern detection changes while varying
the mathematical structure of the fast subsystem
responsible for the spike generation. We show how the
success rate depends on the dynamical structure in the
fast subsystem.

The remainder of this paper is organized as follows:
Section 2 describes the details of the methods, Section 3
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shows the simulation results, and Section 4 summarizes
the work and suggests ideas for future.

2. Methods

2.1. Network model

The network structure, input data, and learning rule,
which we briefly describe in this section, are largely the
same as those proposed in the previous study [15]. The
differences are in the neuron and synapse models, the
number of input nodes (reduced from 2000 to 512), and
the number of patterns to be detected. Figure 1 shows the
network architecture comprising input nodes, output
neurons, and excitatory and inhibitory synapses. 512
input nodes transmit spike trains to 9 output neurons
through excitatory synapses, whose synaptic efficacies
are updated based on the spike timing-dependent
plasticity (STDP) rule. The output neurons are the PQN
model. They are connected by the inhibitory synapses
each other, whose synaptic efficacies are fixed. A
stimulus input to the j-th neuron is written as follows:

512 9
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where x; represents the activation of the i-th input node,
which is 0 or 1. s; is an inhibitory synaptic current from
the i-th neuron. wj; is the efficacy of the excitatory
synapse from the i-th node to j-th neuron. wj; is the
efficacy of the inhibitory synapse from the i-th neuron to
j-th neuron. Parameters p, and p, control the amount of
excitatory and inhibitory stimulus.

Figure 2 shows an example of the input data. Three
different spike patterns (colored dots) are embedded in
random spikes (black dots). These spike trains are
generated based on the Poisson process. First, an 80-
second training period is given to learn excitatory
synapses based on the STDP. Then, a 20-second test
period is given to assess whether the output neurons are
firing in response to the spike patterns. The task is
considered successful when all spike patterns are
detected by at least one output neuron with a probability
of 90% or greater during the test period.

The rule for updating the synaptic efficacy based on
the STDP is given by
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Figure 1. Network architecture.
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Figure 2. Input data.

where ¢; is the spike timing of the presynaptic node and
t; is the spike timing of the postsynaptic neuron. * and
T~ control the time constant of the long-term potentiation
and depression, respectively. a* and a~ determine the
learning rate.

2.2. Neuron model

The PQN model is a qualitative spiking neuron model
that supports a wide variety of spiking properties with a
limited computational cost. The equations for the PQN
model in two-variable mode are as follows:

d
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where v and n correspond to the membrane potential and
recovery variable, respectively. Parameter I, is a bias
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constant. Iy, is the stimulus input and k is its scaling
parameter. The parameters T and @ determine the time
constants of the variables. The parameters 7, a,, by, and
¢y, Where x is fn, fp, gn, or gp, are constants that
determine the nullclines of the variables. Constants by,
Crps bgp, aNd ¢y, are determined by other parameters
such that the nullclines are continuous and smooth (see
[13]). All of the variables and parameters are purely
abstract with no physical units.

We prepared parameter sets, each with different
dynamics of the spike generation, by varying the two key
parameters, ag,, and @. The parameter a,,, determines
the slope of the left portion of the n-nullcline. For
example, if the a, is reduced from 0.75 to 0, the slope
on the left portion of the n-nullcline decreases and the
position of the bifurcation point shifts to the right (Fig. 3
(A-B)). The parameter @ controls the time constant of v
and affects the trajectory of the stable limit cycle. If the
@ increases from 0.35 to 1, the trajectory is extended
especially in the negative direction of the v-axis (Fig. 3
(B-C)). We prepared twelve parameter sets consisting of
the combination of four different values of ag, (1.75,
0.75, 0.25, and 0) and three different values of @ (0.35,
0.5, and 1).

3. Results

Figure 4 shows the success rate for each parameter set.
We varied the number of patterns from 1 to 5 and
measured the average success rate. We performed 128
trials for each number of patterns, resulting in a total of
640 trials. For fair comparison, parameters, I, 7, po, and
p1 were chosen to achieve the best success rate. First, the
values of these parameters were determined randomly,
and then these parameters were iteratively updated by the
differential evolution (DE) algorithm [16] while
evaluating the success rate. We used 64 individuals and
200 generations for the DE algorithm. The results show
that as the ag,, becomes smaller and @ becomes larger, a
higher success rate tends to be obtained.

4. Conclusion

In this study, we prepared twelve types of dynamical
structures in the neurons and investigated how the
differences in their dynamics affect performance in a
biologically plausible task. The results showed that better
performance was obtained when the ag,, is small and @

is large. As the a4, becomes smaller, the bifurcation
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point approaches v = 0. Note that v = 0 is supposed to be
the point of transmitter release in the PQN network.
When the bifurcation point is close to this point, neurons
require less time to fire. Considering the exponential
decay of the STDP curve, such neurons can obtain a
larger Aw than those fire more slowly. It may cause the
higher success rate.

As the @ increases, the stable limit cycle is extended in
the negative direction of the v-axis. Consequently, the
trajectory goes through a narrow channel and takes a long
time to generate the second spike. Considering that inputs
of sufficient magnitude are usually instantaneous, such
neurons will rarely generate a second spike. Since the
second spike may cause pairing with spike signals
unrelated to the target pattern, the neurons with a larger

@ will stably detect patterns by avoiding the second spike.

In our future work, we will verify these hypotheses and
investigate the impact of other neuronal dynamics, such
as spike frequency adaptation and bursting, on the
success rate of the task.
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