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Abstract

A more plausible biological version of the traditional perceptron is pre-
sented here based on the Integrate-and-fire (IF) model. This model encodes
biological behaviour such as the mean interspike interval, refractory period,
voltage threshold and has synaptic input current of the form:

īsyn(t) =
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where Ej(t) and Ij(t) are the renewal processes (Poisson process being a spe-
cial case), for t ≥ 0, and wE

ij > 0, wI
ij > 0 the magnitudes of the EPSP and

IPSP. The total current input into the neuron is summed over all excitatory
and inhibitory synapses: n and m respectively.

These neurons exhibit non-linear properties and we will show that these
biological models have more in common with Radial Basis Function (RBF)
mathematical models than classical perceptrons. We will also show that it
is possible to train such a biologically inspired neuron model by seeking to
minimise the output error. We will derive a learning rule from the mean
interspike interval of the neuron’s output:

< Ti(r) >=
2

L
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VrestL−µi
σi

g(x) dx (2)



where L is the decay rate of the IF model, Vthre is the voltage threshold,
Vrest is the membrane resting period and g(x) is Dawson’s Integral as defined
in [1].

We will present results showing how this learning algorithm can success-
fully train a single neuron to solve the XOR problem, see Figure 1.
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Figure 1: The figures show how the output decision boundary of a spiking

perceptron changed during the iterative training cycle. The left figure shows
how the decision boundary changes during training on the XOR problem.
The right plot shows the final output decision plane of the trained spiking
perceptron.

We will further show how a network of such neurons, with the appropri-
ate learning rule, can be used to solve more complex curve fitting tasks.

Finally we will present the approach we have taken in adapting a network
of spiking neurons for the control of a robot arm, specifically for use in goal-
detection. We have adapted a version of the learning algorithm for use in
backpropagation through time. In a simulated robot arm environment we
have trained the network on a series of trajectories and tested the network
to locate specific targets within its environment.
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