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Retina

A Refraction of light onto the retina
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B Focusing of light in the fovea
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« A signature of a ganglion cell is the center-surround receptive field.



Receptive Field

(of a Ganglion Cell)

Photoreceptors Ganglion cell

[Kandel et al. 2013]

« A signature of a ganglion cell is the center-surround receptive field.

- [Atick, Redlich 1990] Principal component analysis (PCA) induces
center-surround receptive fields and maximize information.
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Streaming PCA

* Unknown: A distribution D over the unit sphere of R"

- Covariance matrix: ¥ = E [xx '] € R"*".
x~D
é )
Input: X1,...,X7 ~ D independent samples in a stream.

Goal: Using O(n) space to approximate the top

eigenvector v, of the covariance matrix ..
. y,

» A classic and well-studied non-convex optimization problem.

[ )

How does the retina implement streaming PCA?
o w,
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Synaptic Learning

The synapse varies w.r.t. time, a.k.a., synaptic plasticity.

The update should be biologically-plausible, e.g., local.

Wy = F(wt—laxta yt)

Tt @ @ Yt

r

.

+ The Hebbian plasticity [Hebb 1949]: Update is local and fire
together wire together, e.qg., w; = w1 + x4Y;.

+ The Homeostatic plasticity [Turrigiano 2008]: Stabilize the
network by normalizing the strength of incoming synapses.
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(T heorem ([Duflo 2013], informal). \

Let wo be a random unit vector and {7:} be the learning rate.
If () > ne =00 and (i) » n.* < oo, then
4 (4

Jim (i) =

almost surely where v; is the normalized top eigenvector of

uhe covariance matrix. j
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explanation for fast adaptation.

\_
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Adaptation happens throughout lifetime.

Continual Learning

(o Ko Ko Ko Ko o Ko Ko Ko Ko Ko Ko Ko Ko Ko Ko KXo Ko Ko Ko Ko Ko Xo Ko KXo Ko Ko Ko 4

Q: How is it possible to continually
have efficient adaptation?

o Ko o Ko KXo Ko Ko Ko Xo KXo Ko Ko Ko KXo X KXo Ko Xo Ko o Ko Ko Ko Xo Xo Xo KXo X J

 The learning rate remains large and
the guarantee is for-all-time.

- Specifically, we have » 7:° = 00,
N T
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Continuous Analysis Stopping Time Framework

Suggest the right way to analyze! Flexible and nearly optimal!

Step 1: Linearization & Moment Analysis

Step 2: Improvement Analysis

k J Gep 3: Interval Analysis J
See the the full version [arXiv 1911.02363v2] or a follow-up paper

[arXiv 2006.06171] focusing on the proof framework/techniques!
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The higher order term makes the previous analysis (for other
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Continuous Analysis

Suggest the right way to analyze!

\_ J

~

Step 1: Linearization &1 ~ent Ar- Ssis

~

Stopping Time Framework

Flexible and nearly optimal!

Step 2: Improvement 2
Step 3: Interval “\q\)e

See the the full version [arXiv 1911.02363v2] ¢
larXiv 2006.06171] focusing on the p:
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Thank you!



