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Hierarchical architectures have
computational advantages
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Biological systems have multiple
computational pathways

Dorsal - “spatial awareness”

Ventral - “object properties”

Also: “Local” vs “Global” motion
Image from wikipedia editor Selket under CC BY-SA 3.0 across Va I"IOUS SpeC|eS
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The architecture of the mouse visual system is parallel
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How does learning work in parallel pathways?
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What does this network learn?

e Minimize the mean squared error:

P
1 i P2 =z
LZ;E_;H?/ — Q2’| 2=> o

 Omega is the effective weight matrix that defines the computation in the
network. After learning it will satisfy:
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Shi, et al, NeurlPS 2022

TTTTTTTTT brain-map.org | alleninstitute.org | 6




Features relating input to output are captured in the
singular vectors.
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How do singular vectors distribute across pathways?
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What are the dynamics of learning in this network?

« Assume a linearized framework (e.g. Saxe, et al 2014)
* Minimize the mean squared error:
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 Consider Gradient Descent:
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Shi, et al, NeurlPS 2022
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Assumptions

« Each layer has a large number of units (i.e. “infinitely wide”).

* Initial weight values are drawn from a zero mean Gaussian distribution with
2

variance 2
N
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We can define coordinates in singular vector space for
each layer in each channel.
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Singular values concentrate more on one pathway
with increasing depth.
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Simulations
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Also holds true with nonlinearities! (tanh and ReLU)
Shi, et al, NeurlPS 2022
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Simulations

Ka Kb
I I i | 3. ‘ Q(I
K, K, D=7 K
— K
Kba
2
7
0 &
/ 3

RelLU

2.5
2.0

N

3
£
15 3

10 <

0.5

o

Ky,
2
0
a Kb
2
0

Shi, et al, NeurlPS 2022

14

— Kaa

K, b

brain-map.org | alleninstitute.org

ALLEN

INSTITUTE




Simulations
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AlexNet was constructed with multiple pathways
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AlexNet learned different types of features in each
pathway

GPU 1

GPU 2

Krizhevsky, et al 2012
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Summary

« Using a linearized framework, we derive a set of coupled differential
equations for the dynamics of gradient descent in networks with multiple
pathways.

* The tendency of each singular vector to concentrate on a single pathway
Increases with depth.

* The results extend in simulations to networks with nonlinearities.

Shi, et al, NeurlPS 2022
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