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Encoding vs. Decoding

How to study the sensory processing in the brain?
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Question

Which performance is better,

linear encoding or linear decoding ?

High response reliability to natural stimuli
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Linear encoding fails to predict neural response to natural stimuli.

Machens, et al. (2004) J Neurosci.
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Linear Filters

Examples of filters
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Information estimates

Total Linear encoding>>
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Linear decoding~~
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Linear model captures little information

in both encoding and decoding directions.
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• Information captured by linear encoding model

(STRF) is far less than total information.

• The performances of linear encoding and

decoding are about equal.

Summary

Methods

Linear Regression

ridge = yX
T ( XXT + λI )-1

yridge = ridgeX
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Encoding filter

Estimated response

Spectrogram
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( λ : regularizer)

Information Estimation (under Gaussian assumption)
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(additive Gaussian noise)

N = Y – Y

AY = Y Y
T = US2UT

Y = USVTwhere

Noise
^

Covariance

(Singular Value Decomposition)

Total Information (direct method)
Information captured by

linear (encoding) model

Y : Neural response to various stimuli

Y : The best linear estimate from recording data
^

Y : Neural response to the same stimulus

Y : Deterministic part of the response (average)
^

β

Cf. Analysis in the Fourier domain
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A (Power spectral density)
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