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Abstract— A glia is the most number of nervous cells in a
brain. The glia is investigated in a medical field, because the glia
correlates to neuron works and composes a human cerebration.
We consider that the glia function can be applied to an artificial
neural network. In this study, we propose the Multi-Layer
Perceptron (MLP) with the two different pulse glial networks.
The proposed MLP has the glial network which is inspired from
biological functions of the glia. One neuron is connected with
two glias. Two glias generate the pulse depending on the output
neurons. One glia connects the neuron for increasing the output
of neuron. On the other hand, the glia connects the neuron for
decreasing the output of neuron. Both glias composes the glial
networks. These effects are propagated into the networks. The
glial effects become complexity and affects the MLP learning
performance. By the computer simulation, we confirm that the
learning performance of the proposed MLP is better than the
conventional MLP.

In this study, we propose the Multi-Layer Perceptron (MLP)
with two different pulse glial networks. One neuron connects
with two glias. Two glias have different excitation thresholds
and inverse value output. Glia1 gives the pulse to the neuron
for increasing the neuron output. Glia2 gives the pulse to the
neuron for decreasing the neuron output. When the neuron has
large the output, the glia is excited and generate the pulse.
First, glia1 is excited because the glia1 ’s excitation threshold
is smaller than the glia2 . By the glial effect, the neuron output
becomes larger more. The glia2 is excited when the neuron
output is over the excitation threshold of the glia2 . We consider
that the glial effect give the energy to the MLP for escaping
out from the local minimum. By the computer simulation,
we confirm that the proposed MLP obtain the better learning
performance than the conventional MLP.

I. I NTRODUCTION

II. P ROPOSED MLP

Applications of neurons have been investigated for a long
time. However, the glias have not attracted attentions, because
the glias can not use an electric signal. Recently, some
researchers discovered that the glias transmitted signals by
using the ions such as Ca2+ , Glu, ATP, and so on [1][2].
The glias are considered to be important for the brain works.
Especially, Ca2+ can change a membrane potential of the
neuron [3][4]. Moreover, the Ca2+ affects the states of the
neighboring glias. The Ca2+ effects are propagated to wide
range in the brain [5][6]. We consider that the glias can be
applied to the artificial neural network.
In the previous study, we proposed the positive and negative
pulse glial chain [7]. In this network, the glias are connected
with the neurons one by one. When the neuron has large
output, the connected glia generates the positive value pulse.
When the neuron has small output, the connected glia generates the negative value pulse. The generated pulses influence
the neuron threshold and neighboring glial state The positive
and negative pulse glial chain influences the neuron threshold
for increasing the neuron output.

The MLP is a famous feed forward neural network. It is
composed of the layer of neurons. It can solve various problem
such as a classification problem, a pattern recognition, a data
mining, and so on. We can change the output of the network
by tuning the weight of connections. We often use a Back
Propagation (BP) algorithm for the deciding method of the
weight of connections [8]. However, the BP algorithm often
falls into a local minimum, because it use the steepest decent
method. For the local minimum problem, we exploit the noise.
The noise gives the energy for escaping out from the local
minimum.
In this study, we propose the MLP with two different
pulse glial networks. The construct of the proposed MLP is
illustrated in Fig. 1. The two different pulse glial networks
are composed of the glias. In this network, we connect two
glias to one neuron. The glias generate the pulse depending
on the neuron output. The glial pulse is inputed to the
neuron threshold. We consider that the glial pulse give the
energy to the MLP for escaping out from the local minimum.
Moreover, the pulses are propagated to the neighboring glias.
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We consider that the amount of pulse is changed little by
little in the neurons. We believe that this work gives the novel
relationships in the hidden layer of the MLP.

Moreover, the glial network should change the work depending
on the MLP learning.
In two different pulse glial networks, we connect two glias
to one neuron. Two glias make different networks. One glia
can easily excite by the neuron output. On the other hand, the
glia need the large neuron output for excitation.
𝜓𝑖 (𝑡 + 1) =
{
1, {(𝜃𝑛𝑖 < 𝑦𝑖 ∪ 𝜓𝑖+1,𝑖−1 (𝑡 − 𝑖 ∗ 𝐷) = 1)
∩ (𝜃𝑔 > 𝜓𝑖 (𝑡))} , (3)
𝛾𝜓𝑖 (𝑡), 𝑒𝑙𝑠𝑒,

Neuron

…

𝜓𝑖 (𝑡 + 1) =
{
−1, {(1 − 𝜃𝑛𝑖 < 𝑦𝑖 ∪
𝜓𝑖+1,𝑖−1 (𝑡 − 𝑖 ∗ 𝐷) = 1) ∩ (𝜃𝑔 > 𝜓𝑖 (𝑡))} , (4)
𝛾𝜓𝑖 (𝑡), 𝑒𝑙𝑠𝑒,

Glia

Fig. 1.

The MLP with two different pulse glial networks.

A. Updating rule of neuron
The neuron has multi-inputs and single output. We can
change the neuron output by the tuning weights of connections. The standard updating rule of the neuron is defined by
Eq. (1).
⎛
⎞
𝑛
∑
𝑤𝑖𝑗 (𝑡)𝑥𝑗 (𝑡) − 𝜃𝑖 (𝑡)⎠ ,
(1)
𝑦𝑖 (𝑡 + 1) = 𝑓 ⎝
𝑗=1

where 𝑦 is an output of the neuron, 𝑤 is a weight of
connection, 𝑥 is an input of the neuron, and 𝜃 is a threshold
of neuron. We connect the two different pulse glial networks
to the hidden-layer of the MLP. Two glial pulses input to the
neuron threshold, because the biological glial effect affects to
the membrane potential of neuron. We define the proposed
neuron updating rule in Eq. (2).
𝑦𝑖 (𝑡 + 1) =
⎛
⎞
𝑛
∑
𝑓⎝
𝑤𝑖𝑗 (𝑡)𝑥𝑗 (𝑡) − 𝜃𝑖 (𝑡) + 𝛼(𝜓𝑖1 (𝑡) + 𝛽𝜓𝑖2 (𝑡))⎠(2)
,
𝑗=1

where Ψ1 and Ψ1 are the outputs of the glias, 𝛼 is a weight
of the glial effect, 𝛽 is a weight of 𝑃 𝑠𝑖2 . By 𝛽, the amount
ratio 𝜓𝑖 1 and 𝜓𝑖 2 are changed.
B. Two different pulse glial networks
The glia is one of nervous cells in the brain. It transmits
signals by ion concentrations. We note this function and we
have proposed the glial network. In this study, we extend the
glial network to two different pulse glial networks. The glial
network is connected with the neurons in the hidden layer
of the MLP. It gives the energy for increasing the neuron
output. In this model, we sometimes observed that the MLP
learning is early fixed. We hope that the glial network help
the MLP, however the glial network gives constant amount
of pulse. Thus, the MLP cannot escape out from the local
minimum. However, the MLP cannot learn when the glial
effect is strong. From this result, we consider that the MLP
needs more energy for escaping out from the local minimum.

where 𝜓 is an output of a glia, 𝛾 is an attenuated parameter, 𝑦
is an output of a connecting neuron, 𝜃𝑛 is a glia threshold of
excitation, 𝜃𝑔 is a period of inactivity, and 𝐷 is a delay time of
a glial effect. The glia does not learn, it depend on the output
of connected neurons. However, the neurons are learned by
BP algorithm, thus the generation pattern of glia output can
dynamically change during the learning. In the two different
pulse glial networks, two glial networks have different 𝜃𝑛 . We
define 𝜃𝑛1 < 𝜃𝑛2 in every simulation. Thus, the connected two
glias are excited different conditions. We believe that the pulse
glial network which has 𝜃𝑛2 help the proposed MLP when the
proposed MLP is trapped into local minimum. We present an
example of the pulses by two glias in Fig. 2. In this case,
the glia 1 only generates the negative pulses. However, the
glia 2 generates the positive and the negative pulses. Thus,
the neuron receives the positive and the negative pulses. In
the previous glial network, the pulse often becomes like glia
1. We consider that the pulse pattern become complexity by
connected two glial network.
Figure 3 is an example of the inputed glial effect which is
added two glial pulses. We show the minimum output to the
black, the large output is drawn in the white, and the gray is
near 0. The generated glial effect patterns are dynamically
change, because two glias have the inversed work for the
neuron output. Thus, neuron output is changed by the glial
effects. Moreover, the neurons are learned by the BP algorithm
and the neurons’ outputs are changed. We can see that the
pulses are propagated into the glial network. The pulses are
sometime disappeared, because two connected glias annihilate
each other. In the case of dark black or light white, two glias
generate same vector values. Thus, they are turned up each
effect.
III. SIMULATION
In this simulation, we use Two-Spirals Problem (TSP) to the
benchmark shown in Fig. 4. The TSP is a famous benchmark
for the artificial neural network. Moreover, the TSP is known
the high non-linearity problem, thereby the standard MLP
cannot easily solve this problem. The MLP learns two different
spirals coordinates and classifications of spirals. Moreover,
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the learned MLP can classier non-learned coordinates to two
spirals. The ideal classification result is presented in Fig. 4 (b).
We compare the MLP with two different pulse glial networks
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to the MLP with pulse glial chain (two directions). The MLPs
are composed 2-40-1 neurons. The MLPs learn 50000 times
in 1 trial. We obtain the average of error from 100 trials. For
the measure, we use the Mean Square Error(MSE) which is
described by Eq. (5).

An example of the glial pulse.

Iteration (t)

𝑀 𝑆𝐸 =

i with numbers of 1 and 40 on the axis
Fig. 3.

The inputted glial effects into 40 neurons.

𝑁
1 ∑
(𝑇𝑛 − 𝑂𝑛 )2 ,
𝑁 𝑛=1

(5)

where T is a target value, O is an output of the MLP.
Figure 5 shows the approximation results for different parameters. In the this figure, the horizontal axis is weight of glial
effect 𝛼 and the vertical axis is the MSE. We decide 𝜃𝑛1 = 0.8
which is not changed and we change 𝜃𝑛2 = 0.9, 0.95𝑎𝑛𝑑0.99.
In the case of 𝛽 = 0.5, the inverse effect is small, thus the
curves are similar to the previous MLP. And also, the three
curves of the proposed MLP are similar. Because, the influence
of the inverse glial network is smaller then another glial
network. However, when 𝛽 becomes high, the approximation
performance of proposed MLP is better than the previous
MLP. The proposed MLP has a better performance than the
previous MLP at 𝛽 = 1.0. Then, the curves of proposed
MLP are similar trends to the previous MLP, however the
errors are reduced in every 𝛼. In Fig 5 (c), the approximation
performance decreased when 𝛽 is higher than 0.8 Because the
glial effect become too large by 𝛽. We consider that the MLP
cannot learn the ideal point by the glial effects.
Next, we present the classification performance in each
condition. In this result, we input the coordinates in 𝑥 − 𝑦
field to after learning MLP. After that the MLP obtain the
output. We compare the ideal classification (Fig. 4 (b)) to
the MLP output. The classification performances have similar
trend to the approximation performances. In 𝛽 = 0.5, the
classification performances of the proposed MLP are similar to
the previous MLP. In 𝛽 = 1.0, the classification performances
of the proposed MLP are better than the previous MLP. The
proposed MLP is worth classification performance than the
previous MLP when the glia has 𝛽 = 2.0 and 𝛼 is high.
From these results the two pulse glial network give the good
influence to both abilities of the MLP.
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IV. C ONCLUSIONS

(a) 𝛽 = 0.5.

(b) 𝛽 = 1.0.

We have proposed MLP with two different pulse glial
networks. The proposed network is inspired from the functions
of the biological glia. In the proposed network, we connected
two glias to one neuron. And also, two glias make the different
glial networks which have different parameters. The glia is
fired by the connecting neuron output, after that the fired glia
generates the pulse. The pulse affects the neuron threshold
and the state of neighboring glias. Thus, the glial pulses
are propagated into the glial network. We considered that
the pulses are affected each other, thereby the pulses pattern
become more complexity than the previous network. We
confirmed that the proposed MLP has the better performances
than the previous MLP in some conditions.
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Approximation results.
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Classification results.
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