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Some important stimuli to discriminate in nature




Discriminability vs Sensitivity

Only knowing sensitivity is not enough,
we also need stochasticity to study the
discriminability
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Sensitivity, Stochasticity, and Discriminability (1d)

Firing Rate

1d stimulus
1d response

Sensitivity

Stimulus Intensity

Notations:
e X:stimulus
® Y. response
o P(ylx)
e u(x):=E(y|x) firing rates

Fisher information
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Discriminability ‘
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stochasticity
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Stochastic Model
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The model captures second-order statistics
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High dimensional case

Stimulus space Representation manifold

/pﬁ% Sensory Network

Differentiation

\

Dim = # pixels

_ Full Dim = # neurons (a few thousands)
(spatio-temporal 40*50*50)

Manifold Dim = a few hundreds
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Information geometry

Metric tensor &

Euclidean:  ds? = da? + dy? + dz?

1 00 dx
= (d’I‘ dy dz) 0 10 dy
0 01 dz

Spherical: ds* = r*d¢? + r* sin? ¢db*
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Information geometry:

ds® =2 - D [Po(y)||Po+ao(v)]

Linearization:
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Fisher information matrix as Riemannian metric



Theory for computing Fisher information matrix

Challenge: Dimension of natural scene stimuli is huge

Theorem: the top N most discriminable directions can all be linearly combined by instantaneous
receptive fields, where N is the number of output neurons.

Proof: We use IR := span({ %’% }) to represent the subspace spanned by instantaneous receptive fields.
Suppose the most discriminable direction v; is not in IR, then we can decompose v; = v§ +av?, where
v¢ is the orthogonal component in IR and av} is the parallel component in IR, ||v1|| = |[v}]| = 1,
la| < 1. Then

gstim (Ul ; 'Ul) — a293tim (U?, ,0110)

stim (6)
<g ¢ (vf,vf),

which contradicts with the fact that v, is the most discriminable direction. Therefore v, is in IR.

Replacing IR with TRN{v; }*, with the same analysis we can prove that the second most discrim-
inable direction vy is also in I R. Subsequently, the whole theorem can be proven.



MDI varies greatly across stimuli
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Retinal noise correlation limits information coding
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Firing rate dependency
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Thank you!



