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0 0B TN T 2 0.5] -
1
o ([ p = | —F0 = | —F08 d\/h(s)/ds x p(s)3
FISHER INFORMATION & ASSUMPTIONS (TECH. DETAILS) 7 ( 7 A/ Ih> =0 % [---Aveage T LT TAverage
, , , | h \-~h -2(1’\40V11n0g - ge 15 (dog/om -2?\40511& - ge 15 (dog/omy | | The framework 1s general and can be used to constrain tuning curves for different
Sigmoidal tuning curve h(s): = T, o< p*/3 noise types, optimality criterions. It can be expanded to populations of neurons.
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