A probabilistic population code based on neural sampling
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Conclusions

® The spike rate in sampling
code is proportional to the
marginal posterior probability
over the variable represented
by the neuron

® Spike rates in our model can
be interpreted as parameters
of an exponential family
(linear PPC)

® Firing rates are proportional
to probability over Gabor
features (explicit) but log
probability over orientation
(implicit)

® Neural responses in this
model show contrast-
Invariant tuning.

e LIF network can implement
sampling in binary linear-
Gaussian image model
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