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ecologically-general representation
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From Neurons to Behavior



Classification, Segmentation, Localization, …

Instance segmentation

Object localizationImage classification

Semantic segmentation

Lin et al. 2014

Eigen and Fergus 2015



Convolutional Neural Networks (CNNs)

Krizhevsky et al. 2012



CNNs as Models of Object Recognition

? ?

CNNs are inspired by visual neuroscience:

   1) hierarchy
   2) retinotopy (spatially tiled)


Convolutional Neural Networks (CNNs) 

Fukushima, 1979; Lecun, 1995



CNNs as Models of Object Recognition

? ?

Yamins & DiCarlo 2016



CNNs as Models of Object Recognition

? ?

   1) functional (performs behavior)



CNNs as Models of Object Recognition

? ?

   1) functional (performs behavior)

  2) structural (map to neurons)



Categorization performance correlated with neural predictivity

Yamins*, Hong* et al. 2014



Hierarchy as a by-product of task optimization

Yamins*, Hong* et al. 2014



Neural population control of intermediate areas

Bashivan et al. 2019



Not just limited to visual cortex, but also auditory cortex

Kell*, Yamins* et al. 2018



Not just sensory, but applicable to motor areas

RNN trained to mimic muscle activities (EMG) as a function of 
condition



Goal-Driven Modeling (Sensory)



Goal-Driven Modeling (Motor)



Goal-Driven Modeling



Goal-Driven Modeling - Three Primary Components

 L = loss function          D = dataset                                                     

2.
“behavior”

1.
“circuit”

A = architecture class  

argmin
a2A

[L(p⇤a)]

where p* is result of

dpa
dt

= ��(t) · hrpaL(x)ix2D

3.

backprop

genetic 
algorithms

Learning Rule

“plasticity mechanism”



Goal-Driven Modeling - Three Primary Components

 L = loss function          D = dataset                                                     

2.
“behavior”

1.
“circuit”

A = architecture class  
A. Nayebi*, N. Kong* et al.


Mouse visual cortex as a limited resource system that self-learns an ecologically-
general representation. bioRxiv (2021)

argmin
a2A

[L(p⇤a)]

where p* is result of

dpa
dt

= ��(t) · hrpaL(x)ix2D

3.

backprop

genetic 
algorithms

Learning Rule

“plasticity mechanism”



Deep models suggest mouse vision is representationally deep

VGG16

de Vries et al. 2020



VGG16

Mid-levels best predict visual 
areas

Deep models suggest mouse vision is representationally deep

de Vries et al. 2020



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!

Suggests roughly 3-4 stages of processing based on reliability timing
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Deep models are also a poor match to responses

VGG16

de Vries et al., 2020

Low predictivity between 
models layers and mouse visual 

areas!




Deep models are also a poor match to responses

VGG16

Low predictivity between 
models layers and mouse visual 

areas!


Can we improve this 
correspondence with a 

shallower model?
de Vries et al., 2020



Even shallower models?
Look at neural predictivity across model layer



Even shallower models?

Untrained AlexNet Supervised AlexNet
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Look at neural predictivity across model layer



Even shallower models?

Untrained AlexNet Supervised AlexNet
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Even shallower models?
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30

Even shallower models?
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Even shallower models?

A

0 40 80 120 160 200 240

Fr
ac

tio
n 

of
 M

ax
im

um



Sp
lit

 H
al

f R
el

ia
bi

lit
y

0.0

0.2

0.4

0.6

0.8

1.0

Time (ms)

VISp 
VISl 
VISrl 
VISal 

VISpm 
VISamVI

Sp

VI
Sl

VI
Sr

l

VI
Sa

l

VI
Sp

m

VI
Sa

m

N
or

m
al

ize
d 

H
ie

ra
rc

hy
 S

co
re



(S
ie

gl
e 

et
 a

l.,
 2

02
1)

0.0

0.5

1.0

1.5

Average Pool
Max Pool

Convolution + ReLU

Input (64 x 64 pixels)
Readout

Sum

Intermediate Module

Dual Stream Six StreamSingle Stream

B

O
bject

Category

conv1
conv2

conv3

conv4
conv5

fc6
fc7

fc8

C

AlexNet

N
oi

se
-C

or
re

ct
ed

 N
eu

ra
l P

re
di

ct
iv

ity
 (P

ea
rs

on
’s 

R) VISp VISl VISal

VISpm VISrl VISam

Deeper Models Shallower Models

Re
sN

et
-1

8
VG

G
16

Sh
i e

t a
l. 

(2
02

0)



M
ou

se
N

et

Sh
i e

t a
l. 

(2
02

0)



M
ou

se
N

et
 V

ar
ia

nt

Al
ex

N
et

Si
x 

St
re

am
Du

al
 S

tre
am

Si
ng

le
 S

tre
am

Re
sN

et
-1

8
VG

G
16

Sh
i e

t a
l. 

(2
02

0)



M
ou

se
N

et

Sh
i e

t a
l. 

(2
02

0)



M
ou

se
N

et
 V

ar
ia

nt

Al
ex

N
et

Si
x 

St
re

am
Du

al
 S

tre
am

Si
ng

le
 S

tre
am

A

0 40 80 120 160 200 240

Fr
ac

tio
n 

of
 M

ax
im

um



Sp
lit

 H
al

f R
el

ia
bi

lit
y

0.0

0.2

0.4

0.6

0.8

1.0

Time (ms)

VISp 
VISl 
VISrl 
VISal 

VISpm 
VISamVI

Sp

VI
Sl

VI
Sr

l

VI
Sa

l

VI
Sp

m

VI
Sa

m

N
or

m
al

ize
d 

H
ie

ra
rc

hy
 S

co
re



(S
ie

gl
e 

et
 a

l.,
 2

02
1)

0.0

0.5

1.0

1.5

Average Pool
Max Pool

Convolution + ReLU

Input (64 x 64 pixels)
Readout

Sum

Intermediate Module

Dual Stream Six StreamSingle Stream

B

C

AlexNet

N
oi

se
-C

or
re

ct
ed

 N
eu

ra
l P

re
di

ct
iv

ity
 (P

ea
rs

on
’s 

R) VISp VISl VISal

VISpm VISrl VISam

Deeper Models Shallower Models

Re
sN

et
-1

8
VG

G
16

Sh
i e

t a
l. 

(2
02

0)



M
ou

se
N

et

Sh
i e

t a
l. 

(2
02

0)



M
ou

se
N

et
 V

ar
ia

nt

Al
ex

N
et

Si
x 

St
re

am
Du

al
 S

tre
am

Si
ng

le
 S

tre
am

Re
sN

et
-1

8
VG

G
16

Sh
i e

t a
l. 

(2
02

0)



M
ou

se
N

et

Sh
i e

t a
l. 

(2
02

0)



M
ou

se
N

et
 V

ar
ia

nt

Al
ex

N
et

Si
x 

St
re

am
Du

al
 S

tre
am

Si
ng

le
 S

tre
am

A

0 40 80 120 160 200 240

Fr
ac

tio
n 

of
 M

ax
im

um



Sp
lit

 H
al

f R
el

ia
bi

lit
y

0.0

0.2

0.4

0.6

0.8

1.0

Time (ms)

VISp 
VISl 
VISrl 
VISal 

VISpm 
VISamVI

Sp

VI
Sl

VI
Sr

l

VI
Sa

l

VI
Sp

m

VI
Sa

m

N
or

m
al

ize
d 

H
ie

ra
rc

hy
 S

co
re



(S
ie

gl
e 

et
 a

l.,
 2

02
1)

0.0

0.5

1.0

1.5

Average Pool
Max Pool

Convolution + ReLU

Input (64 x 64 pixels)
Readout

Sum

Intermediate Module

Dual Stream Six StreamSingle Stream

B

C

AlexNet

N
oi

se
-C

or
re

ct
ed

 N
eu

ra
l P

re
di

ct
iv

ity
 (P

ea
rs

on
’s 

R) VISp VISl VISal

VISpm VISrl VISam

Deeper Models Shallower Models
Re

sN
et

-1
8

VG
G

16
Sh

i e
t a

l. 
(2

02
0)



M
ou

se
N

et

Sh
i e

t a
l. 

(2
02

0)



M
ou

se
N

et
 V

ar
ia

nt

Al
ex

N
et

Si
x 

St
re

am
Du

al
 S

tre
am

Si
ng

le
 S

tre
am

Re
sN

et
-1

8
VG

G
16

Sh
i e

t a
l. 

(2
02

0)



M
ou

se
N

et

Sh
i e

t a
l. 

(2
02

0)



M
ou

se
N

et
 V

ar
ia

nt

Al
ex

N
et

Si
x 

St
re

am
Du

al
 S

tre
am

Si
ng

le
 S

tre
am



Even shallower models?
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Putting it all together: Circuit, Behavior, Input

2.1.
“circuit” “behavior”

 L = loss function                          A = architecture class                          

3.

“inputs”

D = data stream
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Substantially improving neural response predictivity of models of mouse visual cortex

Previous baseline (deep supervised primate model)

Shallow low resolution unsupervised model



Distilling Constraints: Behavioral Goals
“circuit”

A = architecture class                          

“behavior”

 L = loss function                          

2.1.

“inputs”

D = data stream
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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
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Distilling Constraints: Behavioral Goals



Distilling Constraints: Behavioral Goals

Using an 
unsupervised, 
contrastive 
objective 
function 

improves neural 
predictivity 

(architecture & 
data stream 

fixed)



Distilling Constraints: Inputs
“circuit”

A = architecture class                          

“behavior”

 L = loss function                          

“inputs”

D = data stream

2.1.

3.



Distilling Constraints: Inputs

Mice Primates

Prusky et al., 2000; Kiorpes, 2019
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Distilling Constraints: Inputs
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Reducing image 
resolution 

during training 
improves neural 

predictivity 
across visual 

areas
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visual cortex



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

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



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

The two metrics capture difference aspects of the variance



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

Contrastive AlexNet appears to be roughly optimal for both



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



Best models that match the neurons have the best transfer
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Takeaways

• Mouse visual cortex is best captured (so far) by three ingredients:


• Circuit: shallow architecture


• Behavior: contrastive (unsupervised)


• Input: low resolution


• Mouse visual cortex is a general-purpose machine utilizing its 
limited resources to perform a variety of visual tasks


• This is all in contrast to the deep, high-resolution, and task-specific 
visual system of the primate


• Generic nature of the behavior could be used by other sensory 
systems
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