S5 Appendix.
Information capacity of channels exhibiting adaptation.
Classical algorithm for computation of the information capacity C (Eq (15))
of a memoryless channel withou feedback and the optimal input distribution
is the Blahut-Arimoto algorithm (Blahut, 1972). Blahut (1972) also offers an
extension of the algorithm for computation of the constrained capacity C(W )
(Eq (17)), however, the cost restriction is not straightforward and we used the
cutting plane algorithm (Huang and Meyn, 2005; Kelley, 1960) for computation
of the capacity-cost function instead (for condensed summary of the algorithm
in the context of neuroscience see (Kostal and Lansky, 2013, Appendix A)).
For evaluating the capacity-cost functions, is is necessary to evaluate C(W )
for many different values of the cost W . When only the optimal state (maximal
amount of transferred information per unit of cost) is of interest, it is possible to
use the Jimbo-Kunisawa algorithm Jimbo and Kunisawa (1979); Suksompong
and Berger (2010), for which the input distribution converges towards the state
of maximal C(W )/W .
For neurons, it takes some time for the neuron to reach its steady state. A
transition between an intense stimulus to a less intense one is usually followed by
a period of silence when no spike is fired, because the dynamic threshold takes
some time to reach the new level of the membrane potential. On the other
hand, transitions from a less intense stimulus to a more intense one causes an
immediate increase in the firing rate which then slowly decreases until it reaches
its steady state value. Thus the statistics of transitions between stimuli can have
a significant effect on the observed response statistics to individual stimuli.
To mitigate the effect of past stimuli, ideally, we want the stimulus response
relationship to be generated with the same input statistics as the S-R relationship predicts to be the optimum. However, the optimal input statistics depend
on the S-R relationship. We solved the problem in the following manner:
1. For each possible stimulus s, we evaluate the stimulus response relationship Ps (y|x) - i.e. the S-R relationship if the previous stimulus is always
s
2. We select an arbitrary starting input probability assignment p0
P
3. We compute the n-th S-R relationship as P n (y|x) = s∈S pn (s)Ps (y|x)
4. The input probability assignment that is optimal given the S-R relationship (found using e.g. the cutting plane or Jimbo-Kunisawa algorithm) is
then the (n + 1)-th input probability assignment pn+1 .
Steps 3. and 4. are repeated until a self-consistent solution is found.
By comparing the efficiency after the first iteration with the efficiency after
5 iterations for different levels of inhibition (Fig A), we see the necessity of the
described algorithm. Simply calculating the efficiency by the Jimbo-Kunisawa
algorithm (i.e., stopping after the first iteration) could lead us to the incorrect
conclusion that higher levels of inhibition lead to substantially higher efficiency.
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Figure A: Comparison of efficiencies calculated after 1 iteration of our algorithm
and after 5 iterations. IB neuron (Table A in S1 Appendix), ∆ = 100 ms.
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