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From Neurons to Behavior
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Classification, Segmentation, Localization, ...
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(a) Image classification
Lin et al. 2014

(c) Semantic segmentation (d) Instance segmentation

Depth Normals

Eigen and Fergus 2015




Convolutional Neural Networks (CNNs)

ImageNet Challenge
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CNNs as Models of Object Recognition
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Convolutional Neural Networks (CNNs)

Fukushima, 1979; Lecun, 1995

CNNs are inspired by visual neuroscience:

|) hierarchy
2) retinotopy (spatially tiled)



CNNs as Models of Object Recognition

Yamins & DiCarlo 2016




CNNs as Models of Object Recognition

X1 Threshold Pool Normalize
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CNNs as Models of Object Recognition

Encoding Decoding
Stimulus » Neurons » Behavior
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Categorization performance correlated with neural predictivity
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Hierarchy as a by-product of task optimization

> 50} Monkey V4
S < (n = 128)
S 3

C e
Il
o g
-_— >
E-c B
> (¢)) (7))
Q c L)

(4] 0
23 o8 g
S 5 S8 O
D o O > o
o XD - = O
= o<
U) 1 ‘ (DD_I>

O B
|deal Control

observers models

Yamins*, Hong* et al. 2014

1121314

HCNN
layers

50

Monkey IT
(n = 168)

T

Ideal
observers

o Hi

ontrol
models

HCNN
layers




Neural population control of intermediate areas
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Not just limited to visual cortex, but also auditory cortex
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Not just sensory, but applicable to motor areas

A neural network that finds a naturalistic solution for
the production of muscle activity

David Sussillo &, Mark M Churchland, Matthew T Kaufman & Krishna V Shenoy
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Goal-Driven Modeling (Sensory)

Sensory: Model Architecture Class

gcazaton

> Formulate
comprehensive
model class (CNNs)

> Choose challenging,
ethologically-valid tasks
(categorization)

> Implement generic
learning rules (gradient
descent)



Goal-Driven Modeling (Motor)

Motor Model Architecture Class **

> Formulate ( ol 0 S R
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model class (RNNs)

> Choose challenging,
ethologically-valid tasks
(motion generation)

> Implement generic
learning rules (gradient
descent)



Goal-Driven Modeling

Motor Model Architecture Class
> Formulate (
L

comprehensive \ ocalization
model class (RNNs) /"

> Choose challenging,
ethologically-valid tasks
(motion generation)

> Implement generic
learning rules (gradient
descent)



Goal-Driven Modeling - Three Primary Components

“circuit”

T

A = architecture class

“behavior”

2.

T

L = loss function

D = datagset

“plasticity mechanism”
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dpq
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Learning Rule
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Goal-Driven Modeling - Three Primary Components

“circuit”

T

“behavior”

2.

T

A = architecture class

L = loss function

D = datgset

Mouse visual cortex as a limited resource system that self-learns an ecologically-

A. Nayebi*, N. Kong™* et al.

general representation. bioRxiv (2021)

“plasticity mechanism”
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Deep models suggest mouse vision Is representationally deep
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Deep models suggest mouse vision Is representationally deep
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But mouse visual cortex is anatomically shallow!

Allen Mouse Brain Atlas



But mouse visual cortex is anatomically shallow!
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But mouse visual cortex is anatomically shallow!
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Deep models are also a poor match to responses
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Deep models are also a poor match to responses
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Fven shallower models?

Look at neural predictivity across model layer



Fven shallower models?

Look at neural predictivity across model layer
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Fven shallower models!?

Noise-Corrected Neural Predictivity (Pearson’s R)
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Even shallower models!?

AlexNet a\‘“@




Even shallower models!?

Single Stream _

AlexNet ‘:’:@
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Even shallower models!?

Single Stream _

AlexNet =

~

Dual Stream |



Fven shallower models!?
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Putting 1t all together: Circurt, Behavior, Input

“circuit” “behavior”

1. 2.

A = architecture class L = loss function

D = data stream

“inputs”
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Substantially iImproving neural response predictivity of models of mouse visual cortex

Previous baseline (deep supervised primate model)
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Substantially iImproving neural response predictivity of models of mouse visual cortex

Previous baseline (deep supervised primate model)
Shallow low resolution unsupervised model
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Distilling Constraints: Behavioral Goals

“behavior”

2.

L = loss function




Distilling Constraints: Behavioral Goals

Typical setting: supervision with (1000) category labels
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Distilling Constraints: Behavioral Goals

Typical setting: supervision with (1000) category labels
...but is very “unnatural’ for mice!
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Distilling Constraints: Behavioral Goals

Typical setting: supervision with (1000) category labels
...but is very “unnatural’ for mice!

Both the type and number of categories is unrealistic for mice
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Distilling Constraints: Behavioral Goals

Consider unsupervised objectives, most notably
“contrastive” objectives

Embedding

Maximize
Similarity
Embedding

Embedding

Minimize
Similarity

Contrastive Objectives

Embedding




Distilling Constraints: Behavioral Goals
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Distilling Constraints: Behavioral Goals
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Distilling Constraints: Inputs

D = data stream

“inputs”



Distilling Constraints: Inputs
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Distilling Constraints: Inputs

Object
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Distilling Constraints: Inputs
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Distilling Constraints: Inputs
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Distilling Constraints:
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Distilling Constraints:

Inputs

Reducing image

resolution
during training

improves neural

predictivity
across visual
areas
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Quantifying hierarchical consistency of models with functional hierarchy of mouse
visual cortex

Untrained StreamNet RotNet StreamNet Contrastive AlexNet 0.42
Autoencoder StreamNet Contrastive Primate Models _,? —+-
Contrastive StreamNet = Depth Prediction StreamNet Shi et al. MouseNets > 0.40 - .
0.8 l Supervised Primate Models © : | —— ﬁ;_‘ii .
| I T I ® 038
1 I 38
(>)- b I I Ct -
= S 0.36- e
% 0.61 D -+
[z Z 92 0.341
c » 4+
Q B N
© 5 & 0.321
— < .
S 0.4 = o= —+-
— o P
c = o 0.307
~ Q
; A i 8  0.28-
D X ol lela X < = o)
T 02 B §E %%ég 3 §§§ 2 -
Al | o . 4 M HeEEL 0.261R=-0.12,p=0.43
L (slslolelsls|<|s| ] | |2 % & 5 sB53D ' ' '
o sarEgEEdeil < < 3 2 EE% 0.4 0.6 0.8
— —l— —_— —_— —_— [} [ . . .
0.0- . tH 2 HEM o O © o s 25 Hierarchical Consistency




Quantifying hierarchical consistency of models with functional hierarchy of mouse
visual cortex

Very deep models do not match this metric well (supervised or

unsupervised)
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Quantifying hierarchical consistency of models with functional hierarchy of mouse
visual cortex

Hierarchical Consistency
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Quantifying hierarchical consistency of models with functional hierarchy of mouse
visual cortex

Hierarchical Consistency

0.8

o
o

o
~

o
N

0.0-

Contrastive AlexNet appears to be roughly optimal for both

Untrained StreamNet RotNet StreamNet Contrastive AlexNet 0.42
Autoencoder StreamNet Contrastive Primate Models _;-
Contrastive StreamNet Depth Prediction StreamNet Shi et al. MouseNets > 0.40 o - -
l I Supervised Primate Models © ' | =~
I e
T I . 8 0.38-
T I o
S T 0.36- e
32 +
O C
1 Z 9 0.34 4+
23 +
= 1 o 0.321
B qt) ~ —4—
2 o 0.30-
Q
L E 3 i @ 0.28-
2 <l £ >q. = =3 - —
g 55 EEEERS §§§ 2 +
EEC el | 5 . S 0.261R=-0.12,p=0.43
L [sfslolstsls)lof £ | |2 z Z 5 sPs5E | ' '
MR H | E £ £ 2 bR 0.4 0.6 0.8
Sl Rl il B b © o = HEsl Hierarchical Consistency




What is the ecological reason for unsupervised nets!




ImageNet categorization performance not correlated with neural predictivity
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“Rodent Mazes'’ environment




Schematic of RL Agent




Contrastive Models yield better transfer performance
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Best models that match the neurons have the best transfer
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* Mouse visual cortex Is best captured (so far) by three ingredients:
* Circuit: shallow architecture
e Behavior: contrastive (unsupervised)

* Input: low resolution

®* Mouse visual cortex is a general-purpose machine utilizing its
imrted resources to perform a variety of visual tasks

e Thisis all in contrast to the deep, high-resolution, and task-specific
visual system of the primate

® (eneric nature of the behavior could be used by other sensory
systems
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