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NEF Principle 2: Transformation

...

Population A Population B

...

W ∈ ℝm×n

n
neurons

m
neurons

NEF Principle 2 – Transformation
Connections between populations describe transformations of neural representations.
Transformations are functions of the variables represented by neural populations.
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A Tale of Two Populations (I)
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Communication Channel Experiment: Same input signal
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A Tale of Two Populations (II)
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A Tale of Two Populations (II)
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Communication Channel Experiment: Populations in series
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Computing Synaptic Weights: Step 1 – Encoding Matrix
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Computing Synaptic Weights: Step 2 – Scaled Encoding Matrix
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Computing Synaptic Weights: Step 3 – W = ED
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Computing Functions
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Decoding Functions – Using a Few Neurons
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Decoding Functions – Using More Neurons
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Decoding Functions – Using More Neurons
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Decoding Functions – Using More Neurons
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Computing Functions – Weight Matrix
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Computing Multivariate Functions
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Computing Multivariate Functions – Linear Superposition
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Computing Multivariate Functions – Multiplication
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Computing Multivariate Functions – Multiplication
Nonlinear Functions
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Image sources

Title slide
“Yellow Butterfly”
Author: Albert Bierstadt, circa 1890.
From Wikimedia.

https://commons.wikimedia.org/wiki/File:Yellow_Butterfly_by_Albert_Bierstadt.jpeg

