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Further difficulties

The visual scene changes
with eye and body movements
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Recent advances in computer vision
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A brief history of deep learning
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A small sample of what we can still learn
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Outline

Ny What we can still learn from biology?
What is the retina and what does it do?

= = - What can we learn from convolutional neural
“ network models of the retina?

e architecture

* performance

« generalization

* model features

* capturing uncertainty
« efficient coding
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The retina is the first step of vision
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The retina is the first step of vision
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The retina is the first step of vision
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We can record the electrical activity of cells
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Each action potential is considered
a binary event
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Responses are very reliable for
strong stimuli
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Cell index

We can simultaneously record many cells
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Neural computations under natural stimuli
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Neural computations under natural stimuli
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Neural computations under natural stimuli
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Neural computations under natural stimuli
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How well do linear-nonlinear models explain
2 the retina in natural vision?
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What is the retina and what does it do”

What can we learn from convolutional neural
network models of the retina?

e architecture

* performance

« generalization

* model features

* capturing uncertainty
« efficient coding
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True Positive Rate
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CNNs trained on less data outpertform
simpler models on more data
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Pearson Correlation Coefficient
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What we can still learn from biology?
What is the retina and what does it do”

What can we learn from convolutional neural
network models of the retina?

e architecture

« performance

* generalization

* model features

* capturing uncertainty
« efficient coding



CNN models generalize better than
simpler models




CNN models generalize better than
simpler models
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What can we learn from convolutional neural
network models of the retina?
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Model trained on responses to natural
scenes learns a greater variety of features
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Model trained on responses to natural
scenes learns a greater variety of features
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Features bear striking resemblance to
unobserved structure in retina

CNN filters trained on white noise
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Features bear striking resemblance to
unobserved structure in retina
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What is the retina and what does it do”

What can we learn from convolutional neural
network models of the retina?

e architecture

« performance
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* model features
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How certain are we about our predictions?
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How certain are we of these spikes?
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How certain are we of these spikes?
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How certain are we of these spikes?
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But how can deep learning models
capture uncertainty?

put layer

iInput layer
hidden layer 1 hidden layer 2



We do lots of probabilistic tricks during
training however...

dropout

drop connection with probability p output layer
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We now have deep probabilistic models
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Mean-variance relationships

Mean-Variance Relationship in Data
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Model has lower variance than data

Mean-Variance Relationship in Data
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However model uncertainty has same
scaling relationship as the retina

Normalized Mean-Variance Relationship
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Variance in Spike Count

This is not true when noise is injected
after training
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Retina as decorrelating visual scene
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Retina as decorrelating visual scene
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How do signals flow in a CNN?
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Conv1 unit activations
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