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From Neurons to Behavior
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Classification, Segmentation, Localization, ...

person, sheep,
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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
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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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Outline

» Recurrent Connections in the Primate Ventral Stream
» Goal-Driven Models of Mouse Visual Cortex
» Heterogeneity iIn Rodent Medial Entorhinal Cortex

» Bullding and Identifying Learning Rules
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Goal-Driven Modeling - Three Primary Components

(fh_r ', ) (i ' J)
circuit behavior
A = architecture class L = loss function D = dataset
A. Nayebi*, D. Bear*, J. Kubilius*, et al. A. Nayebi, et al.
Task-Driven Convolutional Recurrent Models of the Visual System. Recurrent Connections in the Primate Ventral Visual Stream Mediate a Tradeoff Between Task
NeurlPS 2018 Performance and Network Size During Core Object Recognition. Neural Computation 2022
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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)



...but lack feedback connections

Encoding Decoding
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Convolutional Neural Networks (CNNs)

Fukushima, 1979; Lecun, 1995

CNNs are inspired by visual neuroscience:

|) hierarchy

2) retinotopy (spatially tiled)

»- Behavior

Ay




S0 far, only explaining temporal average of responses

img 1 blank img 2 blank img 5760

100ms 100ms 100ms 100ms 100ms

e.g. Binned spike counts /0ms-1/0ms post
stimulus presentation
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S0 far, only explaining temporal average of responses

img 1 blank img 2 blank img 5760

100ms 100ms 100ms 100ms 100ms

e.g. Binned spike counts /0ms-1/0ms post
stimulus presentation

but actually the data is highly reliable at much
finer grain— 1 0ms bins
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Simple feedforward networks simple dynamics:

time

courtesy Jonas Kubilius



Dynamics more interesting with bypasses:

bypass
concat

time

courtesy Jonas Kubilius



Trajectory Possibilities

Dynamics more interesting with bypasses, local recurrence:

conv :) duration

i =

T time

memory
statet = conv. .+ A - conv
+1 t+1 t

image

courtesy Jonas Kubilius



Trajectory Possibilities

Dynamics more interesting with bypasses, local recurrence, long-range feedback:

conv :) duration
—
— D

bypass

conv
concat D

conv :)
>
T time
conv :) memory
/\ state, = conv,  + A - conv,
. X >
impulse transfer

courtesy Jonas Kubilius



Feedback connections are ubiguitous

Feedbacks are everywhere anatomically:

Gilbert & Li (2013)

... but what are they for?



Convolutional Recurrent Networks (ConvRNNSs)

. Feedforward Convolutions
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Convolutional Recurrent Networks (ConvRNNSs)
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~|0-12"Layers’ Plausible based on anatomy and timing
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~|0-12 "Layers” Plausible based on anatomy and timing
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...But, such networks are not the most performant
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...adding simple recurrence doesn’'t work erther
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Many Choices of Local Recurrence

ResNet SimpleRNN
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Principles of Local Recurrence

Passthrough State = 0: Gating
Input X}\M Output f*x +b) Input X, I\Mm;ﬂf} Output f{W*x +b)og
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Principles of Local Recurrence
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Adding these helps somewhat
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Principles of Local Recurrence
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Principles of Local Recurrence

State = 0: Gating
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Principles of Local Recurrence
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Search over local and global recurrence

Evolutionary Architecture Search
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Emergent Local Connectivity Patterns
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Evolutionary search yields improved performance
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EFmergent Local and Global Connectivity Patterns
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Global Feedback Connections Matter
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Comparing to Primate Object Solution Times (OS5 T5s)
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Both ConvRNNs and CNNs can be compared on this metric!



Comparing to Primate Object Solution Times (OSTs)
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Intermediate ConvRNNs best match OSTs
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Intermediate ConvRNNs best match OSTs
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Intermediate ConvRNNs best match neural responses
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UGRNN

G_Il{ij [
0.24

RGC Median
IntersectionRININ
0.20

LST ll
Time Decay

0.16 :
OST Consistency (Spearmans )

Simple RNN

RGC Random
0.12

4
2

S 0 Ne <
G 0y L0 0
S S

6
6

S - - S

KITATIOTIPAIJ TeININ] 95.IAY e A[req

UeIpI ODOY UeIpI]Nl DOY

|
Early (100-140mes) ate (180-220% s)CIT/ aIT

e X o <
S o o o

(P21993307) 3SION]) AITATIDIPAIJ [eININ]

Intermediate ConvRNNs best match neural responses



Conservation on network size + performance best matches OST
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Conservation on network size + performance best matches OST
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Conservation on network size + performance best matches OST
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lakeaways

® Recurrent motifs that incorporate specific mechanisms of “direct
passthrough’™ and “gating’’ lead to matching the task performance
of much deeper feedforward CNNs with fewer units and

parameters.
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of much deeper feedforward CNNs with fewer units and
parameters.

e Unlike very deep feedforward CNNSs, the mapping from the early,
intermediate, and higher layers of these ConvRNNs to
corresponding cortical areas Is neuroanatomically consistent and
reproduces prior quantitative properties of the ventral stream.



lakeaways
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lakeaways

e Recurrent motifs that incorporate specific mechanisms of “direct
passthrough™ and “gating’’ lead to matching the task performance of
much deeper feedforward CNNs with fewer units and parameters.

e Unlike very deep feedforward CNNs, the mapping from the early,
intermediate, and higher layers of these ConvRNNs to
corresponding cortical areas Is neuroanatomically consistent and
reproduces prior quantrtative properties of the ventral stream.

® |n fact, ConvRNNs with high task performance but small network
size (as measured by number of neurons rather than synapses) are
most consistent with the temporal evolution of primate |T object
identity solutions.

e [aken together, suggests that recurrence In the ventral stream
extends feedforward computations by mediating a tradeoff between
task performance and neuron count during core object recognition.
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» Recurrent Connections in the Primate Ventral Stream
» Goal-Driven Models of Mouse Visual Cortex
» Heterogenerty in Rodent Medial Entorhinal Cortex

» Bullding and Identifying Learning Rules



Goal-Driven Modeling - Three Primary Components

“circuit”

T

“behavior”

2.

T

A = architecture class

L = loss function

D = datgset

Shallow Unsupervised Models Best Predict Neural Responses in Mouse Visual Cortex.

A. Nayebi*, N. Kong* et al.

bioRxiv (2021)

“plasticity mechanism”

3. !

Learning Rule
. *
argmin|L(p;, )]
acA genetic
algorithms

where p* is result of

backprop

W0 ZTNE) - (V' L)) wep

dat




Distilling Constraints: Circurt Architecture

“circuit”
1.

A = architecture class




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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Suggests roughly 3-4 stages of processing based on reliability timing



Deep models are also a poor match to responses
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Shallow architectures better predict mouse visual responses than deep architectures
Deeper Models
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Shallow architectures better predict mouse visual responses than deep architectures

AlexNet is best among CNNs typically used for modeling primate vision
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Fven shallower models?

Look at neural predictivity across model layer
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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\‘“@
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Shallow architectures better predict mouse visual responses than deep architectures
Deeper Models
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Shallow architectures better predict mouse visual responses than deep architectures
Deeper Models
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Shallow architectures better predict mouse visual responses than deep architectures
Deeper Models
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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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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
Embedding

Contrastive Objectives




Distilling Constraints: Behavioral Goals
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Distilling Constraints: Behavioral Goals
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Using an unsupervised, contrastive objective
function further improves neural predictivity!



Distilling Constraints: Inputs

D = data stream

“inputs”



Distilling Constraints: Inputs

100 -
90 1
80 1

70

% Correct

60 1
50 -
40 -
30 -
20
10 1

Mice

Mouse: P3

L I e B T T

Y
00 01 02 03 04 05 0.6
Spatial Frequency (cycles / degree)

vvvvvvvv

Spatial resolution (c/deg)

W
w S 3

b
11

O
W

Primates

. ® Monkeys (wk)
o Humans (mo)

3 10 30 100

Age (weeks/months)

| 20/20

| 20/60

| 20/200

| 20/600

Snellen equivalent

Prusky et al., 2000; Kiorpes, 2019



Distilling Constraints: Inputs

100 -

% Correct
n
=)

0.0 0.1

Mice

Mouse: P

02 03 04 s be

Spatial Frequency (cycles / degree)

Spatial resolution (c/deg)

W
w S 3

b
11

Primates

. ® Monkeys (wk)
o Humans (mo)

O
W

1

3 10
Age (weeks/months)

30 100

| 20/20

| 20/60

| 20/200

| 20/600

Snellen equivalent

Prusky et al., 2000; Kiorpes, 2019



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

# Object

§§§§| _'_'Category

Contrastive Dual Stream

— VISp VISI VISal
o .
0.425 0.46
» 0.40
g 0.400 - 0.441
0.38-
& 0.42
ol 0.3751
O 0.361 0.40-
o 0.3501
>, 0.341 0.381
-*§ 0.3251
= 0.321 0.361
0 0.300 0.34]
O  0.30- '
D&_’ e R + - 72 R
S VISpm 0.44 - VISrl VISam
5 0.46- 0.44 1
o ]
Z 0441 0.42 0.424
§o)
0.401 ]
..g 0.421 0.40
atJ 0.40 0.381 0.381
@)
] 0.361
(1) 0.38- 0.36
D 0.34-
.g 0.361 0.341
0.32
Z 0.32

¥ 2 & P AW TP
Image Resolution (Pixels)



Distilling Constraints: Inputs
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Distilling Constraints: Inputs

Noise-Corrected Neural Predictivity (Pearson’s R)
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Distilling Constraints: Inputs

Reducing image
resolution
during training
improves neural
predictivity
across all visual
areas!

Noise-Corrected Neural Predictivity (Pearson’s R)
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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”



Putting 1t all together: Circurt, Behavior, Input
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Putting 1t all together: Circurt, Behavior, Input

Previous baseline (deep supervised primate model)

Inter-animal Consistency
0.21-

L <
““lllllllil
0.00- III

Contrastive AlexNet

©
|_I
N

lexNet (64 px)
esNet-18 (64 px)

H CIFAR-10

= CIFAR-10
— CIFAR-10
VGG16 (64 px)

o
o
~

X
o
q.
QV]
o
©
h
©)
Q)
=

Untrained StreamNet RotNet StreamNet

Noise-Corrected Neural Predictivity
Difference from VGG16 (Pearson’s R)

Autoencoder StreamNet

Shi et al. MouseNets Depth Prediction StreamNet

Contrastive StreamNet Supervised Primate Models



Putting 1t all together: Circurt, Behavior, Input

Previous baseline (deep supervised primate model)
Shallow low resolution unsupervised model
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Putting 1t all together: Circurt, Behavior, Input

Neural Predictivity
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Putting 1t all together: Circurt, Behavior, Input

Not all
unsupervised
algorithms
improve neural
predictivity.
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Putting 1t all together: Circurt, Behavior, Input

Not all
unsupervised
algorithms
improve neural
predictivity.

Higher
categorization
accuracy also

does not improve
neural
predictivity.
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Putting 1t all together: Circurt, Behavior, Input

Noise-Corrected Neural Predictivity

Increasing number of parameters is also associated with
worse neural predictivity
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lakeaways

* 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



Outline

» Recurrent Connections in the Primate Ventral Stream
» Goal-Driven Models of Mouse Visual Cortex
» Heterogeneity In Rodent Medial Entorhinal Cortex

» Bullding and Identifying Learning Rules



Goal-Driven Modeling - Three Primary Components

“circuit”

T

“behavior”

2.

T

A = architecture class

L = loss function

D = datgset

Explaining Heterogeneity in Medial Entorhinal Cortex with Task-Driven Neural Networks.

A. Nayebi, et al.

NeurlPS 2021 (spotlight)

“plasticity mechanism”

3. !

Learning Rule
. *
argmin|L(p;, )]
acA genetic
algorithms

where p* is result of

backprop

W0 ZTNE) - (V' L)) wep

dat
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Accounting for heterogeneous code!

Grid Cells Heterogeneous

Cells

How might we characterize
the response patterns of these
heterogeneous cells?

Border Cells

What functional role do these
cells serve in the circult, If
any?



But more recently there are neural network models that “develop’ these cells. ..
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But more recently there are neural network models that “develop’ these cells. ..
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Output: target
Output: RNN

Cueva* & Wei* 2018



Main Questions

Can we use models to provide an understanding of the circuit”
What do we mean by “understanding”?
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But are they a good quantitative model of these responses”
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Not all
models
are equal! h'




Main Questions

How do we define similarity between sets of heterogeneous
responses we can’'t adequately describe in words”

MEC Heterogeneous Cell Model Heterogeneous Cell

B




Overall procedure

Our approach is that a model should be as similar to the
system is unto itself.
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Overall procedure

Mouse A

LB — A

velocz'tz'est
Input

Mouse B



Heterogeneous cells are reliable targets of explanation

Consistent reliability across all cells
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A spectrum of tasks

Simulated trajectory

Place cell centers
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A spectrum of tasks

Velocity

Simulated trajectory
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A spectrum of tasks

Simplest “model”

Velocity » MEC > Place Cells > Position (x,y)




A spectrum of tasks
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A spectrum of tasks

1 &
L(p,p) := —Tzzpf log p

“MEC”
YYY Y YY)

velocz'tz'est
Input

NN

Velocity > MEC

Banino™*, Barry”*

et al. 2018 N
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place cells,,,  vpelocities,
Output Input
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Cueva* &

Wel* 2018
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A spectrum of tasks

T Np Banino®, Barry* Cueva* &

—_1 tlow 4t et al. 2018 11« ) Wei* 2018

Lp)i= =7 303 phlogd pp)i= 57 2 (60 - 7)"+ 6 7))
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. il [T

velocities 1 place cells velocities 1L positions (x,y)

' 40 A 4 1 t : Vg
Input & Output Input g :::: Output
{]

Velocity > MEC Place Cells > Position (x,y)

Qutput-based models



A spectrum of tasks

T N, Banino*, Barry* . Cu.eva* &

L(p,p) = = Zzpf log pt et al. 2018 C(p.p) = %%Z ((pi R+ _%)2) Wei* 2018
t=1 =1 t=1
“M;Eﬂg” ‘OM“"E’MQ’,
velocities, ) place cells, velocities, posttions (x,)
Input Output Input Output
Velocity > MEC » Place Cells > Position (x,y)
NMF

(Place Cell Input)




Goal-Driven Modeling - Primary Components

i ', 7))

“behavior” circuit
1. T 2. T
L = loss function D = dataset A = architecture class
MEC Heterogeneous Cell Model Heterogeneous Cell




A spectrum of circuits
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A spectrum of circurts
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A spectrum of circurts — learnable modulation (“gating’)

SimpleRNN UGRNN
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A spectrum of circurts — learnable modulation (“gating’)

SimpleRNN UGRNN GRU
s a0 v 1
l I ,h aP‘Dcu | E
‘\I/' l i
“.MEC 7
.. il
velocities, n place cells,
(]
Input m Output




A spectrum of circurts — learnable modulation (“gating’)

SimpleRNN UGRNN GRU LSTM

Olah 2015
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A spectrum of circurts — output nonlinearity

SimpleRNN UGRNN GRU LSTM
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A spectrum of circurts — output nonlinearity
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Benchmarking models with the same transform as between animals
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Task-optimized navigational models best predict the entire MEC population
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Nonlinearity affects generalization
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Nonnegativity constraint + gating aids in generalization across
environments



Nonlinearity affects generalization
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But this nonnegativity constraint must not saturate either!



Model input Is a poor predictor of population
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Models add a lot of predictive power to their velocity inputs



Neural Predictivity

Directly supervising on Cartesian coordinates fails to generalize
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Qutput place cell supervision provides better generalization
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Place cells alone are a poor predictor

8 -
- & NMF
j=]
z S
= ([3 S z 20%
x =] 0
z & g z = z < 50% Comp.
0.6 = = S 2 = =
- (=} = (=
2 z z
SN R 3
0 0 0
'”'5 i = S
O o
= § = = S S
(DI I (:; é
Z S3 I I I I T z Z = =
S & I I = I =
0.2 = XA N S| |
— = =
- = S
| N =
N N Q
. . o
. s N )
= : = &
| | =%
0.0°
Velocity RNN RNN RNN RNN SRNN SRNN SRNN GRU GRU GRU LSTM LSTM LSTM UGRNN UGRNN UGRNN Low Rank
Input Linear Tanh Sigmoid ReLU Linear Tanh ReLU Linear Sigmoid ReLU Tanh Sigmoid ReLU Lineatr Sigmoid ReLU “Grid Cell

Model”

But place cells alone are not a good predictor of MEC (good!)



...as 1s NMF
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Dimensionality reduction on place cells Is not a good predictor
of MEC either



Task-optimized navigational models best predict the entire MEC population
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Task-optimized navigational models best predict the entire MEC population
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p <<0.001

Best model class in terms of neural predictivity also matches
grid score distribution in its own synthetic population



Task-optimized navigational models best predict the entire MEC population
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Low-rank model is too biased towards grid-like units



Task-optimized navigational models best predict the entire MEC population
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towards non grid-like units



Grid Score Match

More fine-grained unit matching metrics
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More fine-grained unit matching metrics
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Remapping In the presence of reward

Remembered reward locations

restructure entorhinal spatial maps

William N. Butler*, Kiah Hardcastle*, Lisa M. GiocomoT

free foraging (ENV1)

spatial task (ENV2)

rate maps
ENV1 ENV2

6.86 Hz 0.96 9.62 Hz 1.06

5.91 Hz 1.21 8.30 Hz 1.15

3.55 Hz 0.79 10.64 Hz 1.13




Inspiration from animal behavior — rapid, direct paths

Animals tend to take rapid, direct paths to reward zone

circuity = 0.42
time=74s




Reward-biased path integration captures remapping of responses in the presence of reward

Slight bias to exploitation
preferred
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Reward-biased path integrator best captures remapping



Reward-biased path integration captures remapping of responses in the presence of reward

Slight bias to exploitation
preferred

0.9 . Inter-animal Consistency
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Reward remapping strongly input driven (but not completely)
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Takeaways

1. Heterogeneous cells are reliable: Animals can explain each other quite well, but
under a suitably chosen transform class

Modeling conclusions (under transform class):
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Takeaways

1.  Heterogeneous cells are reliable: Animals can explain each other quite well, but
under a suitably chosen transform class

Modeling conclusions (under transform class):
2. Classic theoretical model does not quantifiably explain all of the data: NMF,
(dimensionality reduction on simulated place cells) is very far from the inter-animal
consistency.

3. lask Differentiation: Navigational task training loss gives you higher correlation
than NMF loss, especially for the non-grid like units. Intermediate Place Cell
representation is important.

4. Circuit Diffterentiation. UGRNN RelU gives the best match overall, and
approaches the inter-animal consistency even when trained in a different
environment.

Overall Conclusion: A process of biological performance optimization directly
shaped the neural mechanisms in MEC as a whole (cell types form a unified continuum
In the same path integrator network).
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» Recurrent Connections in the Primate Ventral Stream
» Goal-Driven Models of Mouse Visual Cortex
» Heterogenerty in Rodent Medial Entorhinal Cortex

» Buillding and ldentifying Learning Rules



Goal-

Driven Modeling - Three Primary Components
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Spectrum of learning strategies
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Relaxing the weight symmetry requirement
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Feedback Alignment (FA)
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Feedback Alignment (FA): B is random
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Lillicrap et al.
Nat. Commun. (2016)



Comparing Feedback Alignment to Backprop
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— DTP parallel DTP alternating — SDTP parallel

Locally-connected network

Fully-connected network 60

80

Error (%)

20
30
10 o 2 TS TEEREmme e w e .
0 100 200 300 400 500 0 100 200 300 400 500
Epoch Epoch

Figure 2: Train (dashed) and test (solid) classification errors on CIFAR.

Bartunov et al.
NeurlPS (2018)



Scales as Backprop does on simple tasks

— DTP parallel DTP alternating — SDTP parallel — SDTP alternating - BP = BP ConvNet — FA DFA

Fully-connected network Locally-connected network
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Figure 2: Train (dashed) and test (solid) classification errors on CIFAR.

Similar performance between FA and Backprop on small
tasks.

Bartunov et al.
NeurlPS (2018)



Does not scale as Backprop does on harder tasks

— DTP parallel DTP alternating — SDTP parallel — SDTP alternating - BP = BP ConvNet — FA DFA

Gap widens
on ImageNet
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Figure 3: Top-1 (solid) and Top-5 (dotted)
test errors on ImageNet. Color legend 1s the
same as for figure 2.

Bartunov et al.
NeurlPS (2018)



Imposing dynamics on the backward weights
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Weight Mirror (WM)

-

\—

~

_/

layer [

Weight Mirror (W

S

layer [+1
M): B gradually aligns with W

Akrout et al.
NeurlPS (2019)



Weight Mirror does not transfer across archrtectures
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Searching alternatives to Backprop scales across architectures
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What can we measure!
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What can we measure!
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“Virtual Experimental” Approach

What would you need to measure
to reliably distinguish classes of learning rules!?




“Virtual Experimental” Approach — Generate Predictions

What would you need to measure
to reliably distinguish classes of learning rules!?

With artiticial neural networks, we can measure anything we
want & know the ground truth learning rule we trained the
model with



“Virtual Experimental” Approach — Generate Predictions

What would you need to measure
to reliably distinguish classes of learning rules!?

Hypothesis: measuring post-synaptic activities from a neural
circuit on the order of several hundred units, may provide a good
basis on which to identify learning rules.




“Virtual Experimental” Approach
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Framing It as a classification problem

How well can we do by framing it as a classification problem?

Sample is constructed from one layer of a trained network

| | | |
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What insights could this approach potentially provide?

Different experimental tools have different limitations

Optical imaging techniques usually give us simultaneous access to
thousands of units but can have lower temporal resolution and

signal-to-noise

Electrophysiological recordings can have higher signal-to-noise and
better temporal resolution, but can lack the coverage to thousands

of units



Modeling unit subsampling and measurement noise

“Ideal” noiseless, perfect information setting
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Weights are not robust to measurement noise and unit undersampling

1001013787 0%77%86%88%89%

yI-3A72%76%88%88%88%
1 37463%67%86%85%87%
yJ-L/478%80%81%85%87%
1 A7 7%77%82%80%84%

1K7462%67%71%76%85%

I V- M K744 5%51%58%67%82%

Unit Subsample Percentage

p A 1B pL840%42%48%58%79%

ek LA52%47%57%57%74%

10 5 1 05 0

N\

Activations

AN [\ /N7 7%79%82%84%86%

y - 3A79%78%81%82%87%
Y1 YA78%80%82%82%87%
p-1477%80%82%83%86%
D1 A78%79%82%81%87%

18747 9%80%80%82%85%

1.44e-01 %PV RN PAL AL N
2.08e-02% B8NS e A4 B

{51382 %83%847%84%84%

10 5 1 05 O

Gaussian Noise o

Layer-wise
Activity Chano

1.44e-01 % EXCYENCTA N PAL b
2.08e-02% N1y YA S Ay A5/

c{-81k$7448%43%48%45%44%

10 5 1 05 O

90%

80%

70%

60%

50%

Within typical imaging range of several hundred to several thousand synapses



Activations are the most robust to measurement noise and unit undersampling
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lakeaways

Biologically implausible weight symmetry is not a strict requirement for effective
learning — we can build performant relaxations with the appropriate layer-wise
learning circuit motif

We can identify learning rules only on the basis of aggregate statistics of observable
measures: weights, activations, or layer-wise activity changes

This observation holds across various scenarios of experimental realism of certain
held-out input classes, trajectory undersampling, and unit undersampling &
measurement noise, with network activations being the most robust



Broad lakeaways

» Recurrent Connections in the Primate Ventral Stream
Enable a high performing network to fit in cortex, attaining computational power
through temporal rather than spatial complexity during core object recognition.

» Goal-Driven Models of Mouse Visual Cortex
Low-resolution, shallow network that makes best use of the mouse’s limited
resources to create a light-weight, general-purpose visual system.

» Heterogenerty iIn Rodent Medial Entorhinal Cortex

Heterogeneous cells are not functionally segregated from classic cell types, but
rather form a continuum of cells within a single unified network that naturally
encompasses grid, border, and heterogeneous cells.

» Building and Identifying Learning Rules

Weight symmetry is not required for effective learning, and can be relaxed with
the appropriate learning circuit. We can differentiate these hypotheses for
learning circuits from (imperfect) recordings of post-synaptic activations.
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