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Richard Feynman
1918-1988

“In general we look for a new law by the following process.
First we guess it. Then we compute the consequences of the
guess to see what would be implied if this law that we
guessed is right. Then we compare the result of the
computation to nature, with experiment or experience,
compare it directly with observation, to see if it works... if it
disagrees with experiment it is wrong. That is all there is to it.”



Deriving neural circuits from first principles

* Representation/decoding approach
— Single-neuron PCA
— Soft-thresholding neuron
— Multiple neurons
* Similarity matching approach
— Linear dimensionality reduction
— Nonnegative output



‘ Representation/decoding approach ‘

Imaging in vivo activity of neuronal populations
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Representation/decoding approach ‘

What does neural activity represent?

| Linear decoding
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Representation/decoding approach — Single-neuron PCA ‘

Principal component analysis (PCA)
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Representation/decoding approach — Single-neuron PCA ‘

Online PCA Oja, 1982; Yang, 1995
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Representation/decoding approach — Single-neuron PCA ‘

Online PCA learning rule
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Representation/decoding approach — Single-neuron PCA ‘

Online PCA learning rule
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Representation/decoding approach — Single-neuron PCA ‘

Online PCA

Computational o :
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‘ Representation/decoding approach — Single-neuron PCA ‘

Dependence of synaptic plasticity on age and activity
Theory
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Deriving neural circuits from first principles

* Representation/decoding approach
— Single-neuron PCA
— Soft-thresholding neuron
— Multiple neurons
* Similarity matching approach
— Linear dimensionality reduction
— Nonnegative output



Representation/decoding approach — Soft-thresholding neuron ‘

Statistics of firing rates

Mouse in vivo (Magee)
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Firing rate distribution is nonGaussian: » Add a sparsity-inducing regularizer
sparse and heavy-tailed to the cost function
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Representation/decoding approach — Soft-thresholding neuron ‘

Nonlinear output function

Theory Experiment
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Deriving neural circuits from first principles

* Representation/decoding approach
— Single-neuron PCA
— Soft-thresholding neuron
— Multiple neurons
* Similarity matching approach
— Linear dimensionality reduction
— Nonnegative output



Representation/decoding approach — Multiple neurons ‘

Multiple output channels
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Representation/decoding approach — Multiple neurons ‘

Sparse dictionary learning
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Deriving neural circuits from first principles
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Similarity matching approach ‘

Similar inputs produce similar outputs
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‘ Similarity matching approach ‘
Experiment: cognitively similar sensory stimuli evoke similar

neural activity patternsin IT
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‘ Similarity matching approach ‘

Objective functions for similarity matching

2
- T T T
mme X —Y YHF X e R™
Y
1 T T 2 i [ Ty \/_\/“2
min XX =Y YH 1 XX )
Y eR*T F Y eRss -
k<n

Linear dimensionality reduction



Similarity matching approach — Linear dimensionality reduction ‘

Offline similarity matching

Problem: min
YEkaT

xTx—YTYHi

Solution: Y is a projection of X onto its

k-dimensional principal subspace
Mardia ‘80

Proof sketch:
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Similarity matching approach — Linear dimensionality reduction ‘

Online dimensionality reduction
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‘ Similarity matching approach — Linear dimensionality reduction ‘
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Deriving a neural circuit

Linear dimensionality reduction
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Similarity matching approach — Linear dimensionality reduction ‘

Online similarity matching learns
principal subspace on synthetic data
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Deriving neural circuits from first principles

* Representation/decoding approach
— Single-neuron PCA
— Soft-thresholding neuron
— Multiple neurons
e Similarity matching approach
— Linear dimensionality reduction
— Nonnegative output



‘ Similarity matching approach — Nonnegative output ‘

Objective functions for similarity matching
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‘ Similarity matching approach — Nonnegative output ‘

Clustering with nonnegative similarity matching
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Nonnegative similarity matching objective function is a relaxation of k-means clustering
SNMF (Ding et al, 2005)



‘ Similarity matching approach — Nonnegative output ‘

Deriving a neural circuit

[ComputationalJ Soft clustering and feature extraction
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‘ Similarity matching approach — Nonnegative output ‘

Online similarity matching solves computational objectives
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Similarity matching approach — Nonnegative output ‘

Deep network
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Inhibitory interneurons hard-threshold
covariance eigenvalues
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