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INTRODUCTION

Noisy spiking can lead to decoding error, so neurons need to adapt their tuning
curves to optimally encode an environmental stimulus. Which tuning curve best
represents an arbitrary stimulus prior?
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1. Stimulus s, chosen from prior p(s)
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2. Encoding r = h(s)
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3. Noise model P[X|s, T ]
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4. Decoding ŝ = h−1(r̂)

FISHER INFORMATION & ASSUMPTIONS (TECH. DETAILS)

Fisher information (FI) I(s):

I(s) = E

[(
∂ log p(X|s)

∂s

)2
∣∣∣∣∣ s
]

Cramer-Rao Bound (CRB):

χ2(s) = E[(ŝ− s)2|s] ≥ 1

I(s)

Sigmoidal tuning curve h(s):

hmin ≤ h(s) ≤ hmax, h′(s) ≥ 0

Poisson noise model P[X|s, T ]:

P[X = n|s, T ] = e−h(s)T
(h(s)T )n

n!

FI for Poisson noise:

Ih(s) = T
h′(s)2

h(s)

OPTIMIZATION PROBLEM AND SOLUTION

The discrimax problem:

min
〈

1

Ih(s)

〉
p

=

∫
p(s)

Ih(s)
ds.

s.t hmin ≤ h(s) ≤ hmax

h′(s) ≥ 0

Optimal solution:

h(s) =

(
A+B

∫ s
−∞ p(s)

1/3 ds∫∞
−∞ p(s)

1/3 ds

)2

where

A =
√
hmin

B =
√
hmax −

√
hmin

KEY IDEAS & SIMULATION (TECH. DETAILS)
One-to-one correspondence:

h(s)↔ Ih(s)↔
√
Ih(s)

Constraint on total budget:∫ √
Ih(s) ds ≤ 2B

√
T

Euler-Lagrange equation:

∂

∂Ih

(
p

Ih
− λ
√
Ih
)

= 0

⇒ Ih ∝ p2/3

Arbitrary tuning curves have same total
√
I:
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Draw s from standard normal, encode
and decode s using β-code

h(s) =

(
A+B

∫ s
−∞ p(s)

1/β ds∫∞
−∞ p(s)

1/β ds

)2

Coding error χ2 computed for each β.
Theoretical optimal β = 3. 10
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APPLICATION TO FLY H1 NEURON

Analysis of data from [3]: Prior p(s)
is assumed to be Gaussian with zero
mean and standard deviation σ. The
optimal value σ ≈ 8 deg/sec is
found by fitting the firing rates of the
spike data (grey points). −30 −20 −10 0 10 20 30
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CONCLUSION

The optimal tuning curve h(s) is fully determined by the stimulus prior p(s). For
example, optimizing for maximal discriminability with Poisson noise leads to a
cube-root law between prior and tuning curve:

d
√
h(s)/ds ∝ p(s)

1
3

The framework is general and can be used to constrain tuning curves for different
noise types, optimality criterions. It can be expanded to populations of neurons.
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