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Spiking Perceptrons

Phill Rowcliffe, Jianfeng Feng, and Hilary Buxton

Abstract—A more plausible biological version of the traditional percep-
tron is presented here with a learning rule which enables training of the
neuron on nonlinear tasks. Three different models are introduced with
varying inhibitory and excitatory synaptic connections. Using the derived
learning rule, a single neuron is trained to successfully classify the XOR
problem.

Index Terms—Integrate-and-fire (IF), learning, perceptrons, spiking net-
works, XOR.

I. INTRODUCTION

Biological modeling of the neurophysiology of the brain has moti-
vated development of artificial neural networks (ANN) for more than
half a century. The perceptron, first studied by Rosenblatt [14], was a
model consisting of neuron cell body (a unit), connected to other units
by weighted synapses. It was hoped that studies of these early models
would enable us to produce systems which were capable of some of
the properties seen within the brain and hence aid our understanding of
it and how it worked. However, many of the intrinsic properties seen
within the brain were not included in these earlier models, limiting
their functionality and use to linear discrimination tasks. Then, with
the introduction of networks like the multilayered perceptrons (MLP)
and subsequent learning rules [15], networks capable of more complex
generalization tasks were studied.

Though these networks had computational properties similar to those
seen within the brain, their structure and in some cases, their method
of learning, lacked real biological plausibility. Information passed from
neuron to neuron was only encoded in the magnitude of the neuron’s
output. The output of an MLP being a constant pulse fired from the
neuron, with no encoding within the model of membrane potential,
spike train, or firing rate—properties seen in actual neurons within the
brain. However recent developments in the modeling of single neurons
have produced a new generation of biological neurons capable of much
more than their predecessors.

The integrate-and-fire (IF) neuron [17], FitzHugh Nagumo (FHN)
neuron [5], and Hodgkin–Huxley (HH) model [10], [11] all incorporate
more of the dynamics of actual biological neurons. Whereas the HH
model describes the biophysical mechanics of neurons, both the IF and
FHN, at a high level, model key features of biological neurons such as
the membrane potential, excitatory postsynaptic potential (EPSP), and
inhibitory postsynaptic potential (IPSP). In fact, it can be seen that a
single neuron model incorporating these key features has more dimen-
sions to the information it processes in terms of its membrane threshold,
firing rate and postsynaptic potential, than a traditional perceptron. It
has been shown on many occasions that a single classical perceptron is
not capable of solving nonlinear problems, such as the XOR problem.
It is, therefore, not possible with traditional perceptrons to solve any
nonlinear problems, without moving to an MLP.
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Both ANN and neuroscience are well-developed fields. However, to
the best of our knowledge, it seems our current paper is one of the
first [1], [2], [3], [8], [9], [12], [20] to bridge the gap between the two
fields: with a clearly defined learning rule and a clear relationship to the
neuronal activity. Themain theoretical requirement for our results is the
input-output relationship of a neuron. In principle, we can apply our
approach to biophysical neurons such as the Hodgkin-Huxley model
[10] as well.

In this letter, we will present a model for a more biologically plau-
sible perceptron based on the IFmodel encoding themean interspike in-
terval, refractory period and voltage threshold. We will show that these
neurons exhibit nonlinear properties and that biological models have
more in common with radial basis function (RBF) models than clas-
sical perceptrons. We will also show that it is possible to train such a
biologically inspired neuron model by seeking to minimize the output
error, and derive a learning rule from the mean interspike interval of
the neuron’s output.

II. NEURON MODEL

The model we consider here is the IF model [17] which has synaptic
input current
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with Ej(t) and Ij(t) being the renewal processes (Poisson process is
a special case), for t � 0, and wE
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the EPSP and IPSP. The total current input into the neuron is summed
over all excitatory and inhibitory synapses: n andm, respectively. The
diffusion approximationEj(t) and Ij(t) has previously been shown in
[17] to be
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where BE
j and BI

j are Brownian motions and �Ej , �Ij is the input re-
newal process rates, and � is a parameter, as discussed in [7], which
produces a supra-Poisson input for� > 1, sub-Poisson input for� < 1
and Poisson process input for � = 1.

Equation (1) can be written as
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and � is the correlation coefficient between the ith and jth input neuron.
We refer the reader to [16] for detailed discussions on the functional
roles of correlated inputs. Here, for the simplicity of notation, we as-
sume excitatory and inhibitory inputs are independent.

Let � = (�E1 ; . . . ; �
E
n ; �

I
1; . . . ; �

I
m) and fi(�) be the output at unit

i. We define fi(�) as

fi(�) =
1

Tref + hTi(r)i
(3)
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Fig. 1. Mean interspike interval shown here is taken over repeated spike trains
recorded over a fixed time period.

where Tref is the refractory period, hTi(r)i is the mean interspike in-
terval of output unit i of the IF model, with r being the ratio between in-
hibitory and excitatory connections (note, i typically covers the output
space say of 1; . . . ;N).

The mean interspike interval (Fig. 1) has been previously defined in
[5] and is given as

hTi(r)i =
2

L
g(x) dx (4)

where L is the decay rate of the integrate-and-fire model, and g(x),
known as Dawson’s Integral, is defined as

g(x) = exp(x2)
x

�1

exp(�u2)du: (5)

For simplicity of notation, we further assume that wij = wE
ij =

wI
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where r = 0 if the unit only receives purely excitatory input and r = 1
when the unit receives equal excitatory and inhibitory inputs. Denoting
their derivatives with respect to wij , therefore, gives

�0i;j = �j(1� r)

�0i;j =
��j wij + �j �k k 6=j

wik (1 + r�)

�
: (7)

III. LEARNING

The learning algorithm shown here seeks to minimize the error be-
tween actual and expected output. Therefore, such an error functionE
can be written as

E =

N

i=1

(fi(�)� di)
2 (8)

with fi(�) being the output from the network as defined in (3), di being
the expected output. To minimize such an error, as in biological sys-
tems, we see

�wij = ���ijE

where � is the learning rate and
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Fig. 2. Output decision boundary for the case r = 1. The upper figure shows
the 2-D contour plot of the output decision boundary for a perceptron with
equal excitatory and inhibitory synaptic connections. The lower figure is the
3-D surface plot of the same output decision boundary.

with wij being the synaptic weight connections between units i and j.
Here, we are seeking to minimize E.

So taking (9) and (8) and differentiating we get
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So using f as defined in (3)
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Using hTi(r)i as defined earlier
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with ui = VthreL � �i; vi = VrestL � �i; v
0
i;j ; u

0
i;j =

�@�i=@wij ; �
0
i;j = @�i=@wij . Taken together, we have obtained a

learning rule (12) for a spiking neuronal network (see later).
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Fig. 3. Output decision boundary for the case r = 0:5. The upper figure shows
the 2-D contour plot of the output decision boundary for a perceptron with a bias
of excitatory inputs over inhibitory inputs. Less elliptical than those shown in
the previous figure, though still with a kernel centered at zero The lower figure
is the 3-D surface plot of the same output decision boundary.

IV. EXAMPLES

A. Decision Boundary

In the experiments shown here, a single neuron with two weighted
inputs was tested. In each case, � = 2 and the correlation coefficient
� = 0:2. Figs. 2 –4 show three pairs of contour plots and surface planes
of the decision boundary output for three different types of neuron
model: r = 1; r = 0:5; and r = 0, and where vthres = 20; Tref = 0;
and L = 0:05.

The upper plot of Fig. 2 shows that for the model with r = 1, i.e.,
a neuron with equal excitatory and inhibitory inputs, the output deci-
sion boundary is symmetrical—shown here for input pairs in the range
(�2;�2) to (2; 2). The lower plot in Fig. 2 shows how this output
surface plane varies uniformly with the same input pattern described
earlier.

Similar contour plots and surface planes are shown in Figs. 3 and 4
for r = 0:5 and r = 0. In both cases, for input pairs > 0, the models’
behavior is similar to the case when r = 1. However, when inputs are
<0 the neuron output is close to zero, more so when the neuron has
purely excitatory weights in the case of r = 0.

Fig. 4. Output decision boundary for the case r = 0. The upper figure shows
the 2-D contour plot of the output decision boundary for a perceptron with equal
purely excitatory input connections. Away from the origin, (0, 0) the decision
boundary appearsmore linear, similar to that of a classical perceptron. The lower
figure is the 3-D surface plot of the same output decision boundary.

B. XOR Problem

The model with r = 1 was tested on the XOR problem using polar
coordinate input pairs: (�1; 0); (1; 0); (0; 1); and (0;�1). During the
training cycle the weights were adjusted using the algorithm introduced
in (10).

Fig. 5 shows the decision boundary changing over the input space
x = �2; . . . ; 2 and y = �2; . . . ; 2 during the training process. Prior
to training the weights were given unitary values and a learning rate of
� = 0:8 was set. The contour plot shows how the decision boundary
changes at each iteration in the training cycle. Fig. 5 shows the final
surface plane after training.

During the learning process the weight update learning rule adjusted
the values of the weights and subsequently the dimensions of the de-
cision boundary. The final elliptical boundary clearly encompassed the
input pair (�1; 0) and (1; 0), providing a decision boundary, effec-
tively classifying the XOR input with a single neuron. Fig. 6 shows the
error plot over the training cycle. The neuron took 37 iterations to con-
verge to an output with an acceptable error of 0.001. For the model
tested here r = 1, its speed of convergence was particularly sensitive
to � and an optimal value was used for the results presented.
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Fig. 5. Output decision boundary for a spiking perceptron trained on the XOR

problem with r = 1. The upper figure shows how the output decision boundary
of the perceptron changed during the iterative training cycle. The final decision
boundary which is able to classify the problem is similar to the initial elliptical
output boundary, at the start of training, but with a more elongated dimension
in the x axis produced as a result of synaptic modification during training. The
lower plot is the final output decision plane of the trained perceptron.

Fig. 6. Error plot over the training cycle of a single neuron trained on the XOR

problem.

Fig. 7. Output decision boundary change of the model previously shown
in Fig. 3, where the weights for the neuron r = 0:5 were adjusted using the
learning rule.

Fig. 8. Output decision boundary change of the model previously shown
in Fig. 4, where the weights for the neuron r = 0 were adjusted using the
learning rule.

C. Weight Change

Presented here are two more contour plots of experiments carried on
the other twomodels: r = 0:5 and r = 0, to observe the effect a weight
change might have on the output profile of the model.

In Fig. 7, the weight change can be seen to affect the output profile
similar to how it affected the model r = 1, presented above. However
for inputs<0 there is less symmetry and so the effect of any change is
distorted as the outputs in this range are �0. This is seen to a greater
degree in Fig. 8 where, for all inputs<0, the output of the network is 0.

In the case of r = 0, the decision output profile is nonlinear for small
positive inputs but becomes more linear as inputs! +1. So for larger
positive inputs the model with purely excitatory inputs exhibits a linear
boundary similar to that of a traditional perceptron [14].

V. CONCLUSION

The three different types of spiking perceptrons shown here pro-
duce output decision boundaries varying from the elliptical case, when
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r = 1, to an almost linear boundary when r = 0, i.e., when the neuron
has purely excitatory inputs. For the case when r = 1, we have shown
that with the learning rule it is possible for a single perceptron to clas-
sify a nonlinear problem like the XOR problem, when using model that
has incorporated more of the biological properties of actual neurons.
From comparison of the three perceptron models it can be seen the role
inhibition plays in information transmission, as it appears to have a
more sophisticated role in spiking networks than the dampening effect
it exhibits in classical modeling.

On observing the output of the spiking perceptron with equally bal-
anced inhibitory and excitatory inputs, the decision boundary appears
kernel in nature, similar to that of an RBF network [4], [13]. In fact,
it could be argued that the mathematical RBF model has more of a re-
semblance to real biology than the classical perceptron. It is therefore
possible to surmise how a network of such neurons would be able to
classify more complex, higher dimensional tasks, which is to be the
next stage of our research.

The models presented here are merely single neurons and since sub-
mitting this work we have also examined some of the properties of a
network of spiking perceptrons, i.e., we have moved on to a multilay-
ered spiking perceptron (MLSP) model. As part of this work we have
developed our learning algorithm further, to allow training of a multi-
layered model and investigated some of the properties a more plausible
biological network of such neurons may have. We have successfully
adapted the network for use in the control of a robot arm, and developed
a learning algorithm based on backpropagation through time (BPTT)
algorithm [15], [18], and [19].
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A Comparison Between Habituation and Conscience
Mechanism in Self-Organizing Maps

Riccardo Rizzo and Antonio Chella

Abstract—In this letter, a preliminary study of habituation in self-orga-
nizing networks is reported. The habituation model implemented allows
us to obtain a faster learning process and better clustering performances.
The habituable neuron is a generalization of the typical neuron and can be
used in many self-organizing network models. The habituation mechanism
is implemented in a SOM and the clustering performances of the network
are compared to the conscience learning mechanism that follows roughly
the same principle but is less sophisticated.

Index Terms—Conscience learning, habituation, self-organizing feature
maps, unsupervised learning.

I. INTRODUCTION

In competitive learning [7], the activation of a neural unit is a func-
tion of the distance between the input pattern and the neuron weights.
During the learning phase, the activated neuron is the one that learns
the most from the input and it modifies its weights so it can be activated
again if the same or a similar pattern, is presented to the network. This
means that the neurons that win the competition have a higher proba-
bility of winning again; to prevent this effect, biological neurons can
“habituate” to the input stimuli: Neurons that win too frequently have
a lower activation so that other neurons are allowed to win the compe-
tition. A more general analysis of these modifications of the learning
algorithm is reported in [9]. Conscience learning is a way of imple-
menting a similar mechanism; it was proposed by DeSieno in [1] and
can prevent a neuron from learning toomuch and incrementing learning
speed.

In this letter, habituation is implemented in a SOM network and the
effects on the learning speed and vector quantization are analyzed. The
proposed habituation mechanism is simple to implement and more
flexible than conscience-learning because it can be used to manage
the learning process in a fine grained way, also allowing multilayer
self-organizing structures to be built. Moreover, while conscience
learning modifies the comparison between the input pattern and the
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