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ICA: Independent Component Analysis (ICA) [1] is a well-known statistical technique for

decomposing complex data into statistically independent parts, thereby providing a less re- In this experiment two neurons receive the same input at 100 nput sample
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We use a stochastically spiking neuron with refractoriness where the membrane potential of

neuron 4 at time ¥ = kAZ is oiven as the sum over all postsynaptic potentials at synapses
7=1,...,N:
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5 Discussion:
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where vy = —70mV is the resting potential and w;; is the weight of synapse j. rj € 10, 1} Independent Component Analysis (ICA) has been proposed as a general principle for un-

supervised learning, however, learning rules that can implement this principle with spiking
neurons have still been missing. In this work we have derived a learning rule from abstract
information theoretic principles that allows two neurons to extract statistically independent
components from a common spiking input.

denotes the presence of a input spike at synapse j at time t", which evokes a postsynaptic
potential (PSP) with time course e(t" — ™).

At each time step the neuron fires with a certain probability that depends on the current
membrane potential and refractory state. This neuron model is a stochastic version of the
integrate-and-fire model [3].
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objective function to be maximized for neuron ¢ (¢ = 1, 2) is

Li = I(X" Y} ) =BIY ;Y5 ) =y Der(P(Y; ) [P(YH)), (2)

where Appendix: Gradient ascent rule
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[(XH Y@' ) mutual information between input spike trains X and output Performing gradient ascent on L; (2) and taking the limit At — 0 yields an online learning rule for the weights
spike train YZ-K of neuron ¢ of neuron %, w;,

i (YK ; Yg( ) mutual information between output spike train YlK and output dwij _ aCli(t) [BPOSt(t) ~ 3 Bpost(t)] (3)
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P(Y:™) and desired target output distribution P(Y:™) (constant presynaptic action potentials arriving at synapse j:
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We have derived a learning rule which performs gradient ascent on the objective function L; | o
(2) Tc time constant of correlation window (1s)

¢'(u) derivative of g(u) with respect to u
6(t) Dirac-0 function
time of last spike of neuron ¢

time of f-th presynaptic spike at synapse j

The term BY " maximizes information transmission and maintains the constant target firing rate for neuron
i. It compares the current firing rate g(u;(¢)) with its running average g;(t), and simultaneously the running
average g;(t) with the constant target rate g:
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The term BYS* measures the mutual information between the output spike trains of neurons 1 and 2. It basically
compares the average product of firing rates gio(t) with the product of average firing rates g;(t)ga(?):
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