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what is the relationship between

deep learning & neuroscience?
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I. background
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ARTIFICIAL NEURAL NETWORKS

cybernetics

Walter

Pitts

Warren

McCulloch

Logical Calculus for Nervous Activity

McCulloch & Pitts, 1943

X
<latexit sha1_base64="Y3JZppRqn3j8s9RUkh2MjnxEigI="></latexit>

weights output

linear threshold unit

I. background
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CYBERNETICS

I. background Wiener, 1948

Norbert Wiener

defined information

probabilistic models

variational optimization

control & perception

connections to neuroscience
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CYBERNETICS

I. background

negative feedback: use errors to correct estimates,

e.g., Kalman filter, linear quadratic regulator, PID

Wiener, 1948

Inference
Error

Prediction

OutputInput

comparator circuit

Estimate
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DEEP LEARNING

I. background

artificial neural networks + negative feedback

DATA

PREDICTION

TARGET

ERROR

UPDATE

artificial neuron
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PROBABILISTIC MODELS

I. background

why error?

gradient of log-probability for exponential family distributions

example: Gaussian density

y
<latexit sha1_base64="ol0p00LX+u6JWH0+VOlb6hefkss=">AAACdnicdVHLSgMxFE3HV62vVpeCBEvRVZmpgi6Lbly20Be0Q8mkt20wmQxJRhyGfoFb/Tj/xKWZtos+9ELgcO7jnNwbRJxp47rfOWdnd2//IH9YODo+OT0rls47WsaKQptKLlUvIBo4C6FtmOHQixQQEXDoBq/PWb77BkozGbZMEoEvyCRkY0aJsVQzGRbLbtWdB94G3hKU0TIaw1JuOBhJGgsIDeVE677nRsZPiTKMcpgVBrGGiNBXMoG+hSERoP107nSGK5YZ4bFU9oUGz9nVjpQIrRMR2EpBzFRv5jLyr1w/NuNHP2VhFBsI6UJoHHNsJM6+jUdMATU8sYBQxaxXTKdEEWrsctYmtTw/zcxlY9bkAzErVPAqk9mIjHhfryN8Iq3CVPxDM7rdEGmI7VblyC7QnsTbPMA26NSq3l211rwv15+Wx8mjS3SNbpGHHlAdvaAGaiOKAH2gT/SV+3GunIpzsyh1csueC7QWjvsLOhbDBg==</latexit>

N (y;µ, 1)
<latexit sha1_base64="L7ikcga0et72WXmjBLmsgaWl7BI="></latexit>

improving predictions requires evaluating and reducing errors

d

dµ
logN (y;µ, 1) = µ� y

<latexit sha1_base64="v/98RYBzA3B2RwM1inFNTc4d57Y="></latexit>

logN (y;µ, 1) =
1

2
(µ� y)2 + const.

<latexit sha1_base64="+APudzzsflIgRbGxZKcw0wphM44="></latexit>
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NEUROSCIENCE

I. background

neurons are complex

extremely diverse

and arranged in intricate circuits
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retina
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bipolar/

horizontal

thalamus (LGN)
<latexit sha1_base64="yboAjfk3ClaA8yWc8vSPSAm/nbs="></latexit>

relay

cells

interneurons

cortex
<latexit sha1_base64="8BOcPOAGc9bvfisMD6dBL4IsDUc="></latexit>

I

II / III

IV
V / VI

I. background

VISUAL PATHWAY
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NEOCORTEX

I. background

layered structure columns of neurons lateral inhibition

normalizationbasic circuit motif forward/backward

neocortex is involved in all “higher-level” sensorimotor processing

hierarchical

backward (top-down) connections outnumber forward (bottom-up) connections!



II. PREDICTIVE CODING
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HIERARCHICAL PREDICTIVE CODING

II. predictive coding Mumford, 1991

HIGHER

AREA

LOWER

AREA

Thalamus “plays the role of an ‘active blackboard’ on which the current best 
reconstruction of some aspect of the world is always displayed.”

Mumford, Biological Cybernetics (1991)
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HIERARCHICAL PREDICTIVE CODING

II. predictive coding

Thalamus “plays the role of an ‘active blackboard’ on which the current best 
reconstruction of some aspect of the world is always displayed.”

Mumford, 1991

HIGHER

AREA

LOWER

AREA

Mumford, Biological Cybernetics (1991)

reconstruction/

prediction

error
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some evidence in support of predictive coding

HIERARCHICAL PREDICTIVE CODING

top-down effects in visual processing, 
e.g. “end-stopping”

Rao & Ballard, 1999

auditory sequence prediction errors
Wacongne et al., 2011

image sequence prediction errors
Meyer & Olson, 2011

targeted top-down predictions
Gillon et al, 2021
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HIERARCHICAL PREDICTIVE CODING

II. predictive coding Rao & Ballard, 1999

we can formalize this process as probabilistic modeling & inference

z
<latexit sha1_base64="JJBRHMAw1+FJL17Y9ikHFHSRDGA="></latexit>

x
<latexit sha1_base64="f85W8qlbhIMOhjGJ64NRDqqSQgA="></latexit>

p✓(x, z) = p✓(x|z)p✓(z)
<latexit sha1_base64="sDqQvoi9Pm3dVf/ikgCYwES3oRY="></latexit>

latent variable model
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HIERARCHICAL PREDICTIVE CODING

II. predictive coding Rao & Ballard, 1999

we can formalize this process as probabilistic modeling & inference

✓
<latexit sha1_base64="y9Nz2T+fmSMi/3DG5f53pxwGB6k="></latexit>

p✓(z)
<latexit sha1_base64="IEFcZ6TdJDNiYnM2MXVVhnD1rxA="></latexit>

= N (z;µz, diag(�2
z))

<latexit sha1_base64="TpWga+ZGQ0Vn9dtk1TqEv5imzuE="></latexit>

x
<latexit sha1_base64="f85W8qlbhIMOhjGJ64NRDqqSQgA="></latexit>

⇠ pdata(x)
<latexit sha1_base64="pNF3a6O14PQUD4bOsMSKINa5hjU="></latexit>

p✓(x|z)
<latexit sha1_base64="jMT4SNsCAHPBXwqJNiqaqXiKsh4="></latexit>

= N (x;µx(z), diag(�2
x))

<latexit sha1_base64="kaiGW3hR+/O52wnkMeHhuSfkW5E="></latexit>

q(z|x)
<latexit sha1_base64="GKYv3YBzSW+vcCnXm4SsDmmxo+c="></latexit>

= �(ẑ)
<latexit sha1_base64="6Ud3ctDSkpfZ3cb4qgmnI5r9yWQ="></latexit>

prediction/reconstruction
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HIERARCHICAL PREDICTIVE CODING

II. predictive coding Rao & Ballard, 1999

we can formalize this process as probabilistic modeling & inference

✓
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prediction/reconstruction

inference: maximize a (variational) objective       w.r.t.  L
<latexit sha1_base64="03loGMSM0SK+KtU6mj3Y2dowETQ="></latexit>
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HIERARCHICAL PREDICTIVE CODING

Rao & Ballard, 1999II. predictive coding

⇠z
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rẑL = J|⇠x � ⇠z
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inference involves a sum of (prediction) errors
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SPATIOTEMPORAL PREDICTIVE CODING

II. predictive coding

lateral inhibition implements a covariance matrix/normalization

diag(�2) =
<latexit sha1_base64="IaPYJJjpWBQCjpuNcU59VJiOS7M="></latexit>

⌃ =
<latexit sha1_base64="wavm2XR1lkorZGGw2SVNNsv7vII="></latexit>

in 2D:

z1
<latexit sha1_base64="WAxkoB7lYuXS1P1rWyeHFZetd+Q="></latexit>

z2
<latexit sha1_base64="xtyg0FAdRUltrwm4CJkKFYXi3PI="></latexit>

z2
<latexit sha1_base64="xtyg0FAdRUltrwm4CJkKFYXi3PI="></latexit>

z1
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independent

sampling

z1
<latexit sha1_base64="WAxkoB7lYuXS1P1rWyeHFZetd+Q="></latexit>

z2
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z2
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z1
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linearly-dependent

sampling

in 2D:

independent dimensions: N (z;µ, diag(�2))
<latexit sha1_base64="HNkgAnurb5+GCCn7KqeGsuY6sDQ="></latexit>

linearly-dependent dimensions: N (z;µ,⌃)
<latexit sha1_base64="7x/begArcYYtd9mABBOPirWb4lY="></latexit>
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PREDICTIVE CODING

II. predictive coding

(proposed) biological correspondences

✓
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PREDICTIVE CODING

II. predictive coding

(proposed) biological correspondences
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MODEL NEUROSCIENCE

✓
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model weights
descending pyramidal


neuron synapse weights

J|
<latexit sha1_base64="Gch/JFSva5F3XM1dLnxjDscUgyE="></latexit>

inference Jacobian
ascending pyramidal


neuron synapse weights

covariance matrix lateral inhibition

distributions

& errors

pyramidal neuron

firing rates



III. VARIATIONAL AUTOENCODERS
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DEEP LATENT VARIABLE MODELS

III. variational autoencoders

Dayan et al., 1995

Dayan & Hinton, 1996

The Helmholtz Machine: learn a separate inference model

PredictionInference

data observation inputs

higher levels
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AMORTIZED INFERENCE

III. variational autoencoders

amortized inference:

spread out inference costs by learning a separate model (learning to infer)

✓
<latexit sha1_base64="y9Nz2T+fmSMi/3DG5f53pxwGB6k="></latexit>

J|
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gradient-based inference

✓
<latexit sha1_base64="y9Nz2T+fmSMi/3DG5f53pxwGB6k="></latexit>

�
<latexit sha1_base64="lxiql3JCVAJFF+6oZSBqr8bbMtc="></latexit>

amortized inference

substantially more efficient!
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VARIATIONAL AUTOENCODERS

deep latent variable model + variational inference + direct encoder + reparameterized Gaussian

Variational Autoencoder (VAE):

µ�(x)
<latexit sha1_base64="f4POFtkrBQtlxidt2haan9e3VOs="></latexit>

��(x)
<latexit sha1_base64="byTPipI6nSdWcCa+1Ot0FEheE08="></latexit>

z
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✏
<latexit sha1_base64="mlLz5PRn6k/2I/uXqfF1v+kMzi4="></latexit>

⇤<latexit sha1_base64="Nkk3T+niU2cCEWunvav3KuI5f5w=">AAACdnicdVHLSgMxFE3HV62vVpeCBEtRXJSZKuiy6MZlC31BO5RMetuGJpMhyYhl6Be41Y/zT1yaabvoQy8EDuc+zsm9QcSZNq77nXF2dvf2D7KHuaPjk9OzfOG8pWWsKDSp5FJ1AqKBsxCahhkOnUgBEQGHdjB5SfPtN1CaybBhphH4goxCNmSUGEvV7/r5olt254G3gbcERbSMWr+Q6fcGksYCQkM50brruZHxE6IMoxxmuV6sISJ0QkbQtTAkArSfzJ3OcMkyAzyUyr7Q4Dm72pEQofVUBLZSEDPWm7mU/CvXjc3wyU9YGMUGQroQGsYcG4nTb+MBU0ANn1pAqGLWK6Zjogg1djlrkxqen6Tm0jFr8oGY5Up4lUltREa8r9cRPpJWYSz+oRndbog0xHarcmAXaE/ibR5gG7QqZe++XKk/FKvPy+Nk0SW6RrfIQ4+oil5RDTURRYA+0Cf6yvw4V07JuVmUOpllzwVaC8f9BZZ5wrc=</latexit>

+
<latexit sha1_base64="Z+9aU0F2yHtHC/FjEFUaW/dEtUg=">AAACdnicdVHLSgMxFE3HV62vVpeCBEtREMpMFXRZdOOyhb6gHUomvW1Dk8mQZMQy9Avc6sf5Jy7NtF30oRcCh3Mf5+TeIOJMG9f9zjg7u3v7B9nD3NHxyelZvnDe0jJWFJpUcqk6AdHAWQhNwwyHTqSAiIBDO5i8pPn2GyjNZNgw0wh8QUYhGzJKjKXqd/180S2788DbwFuCIlpGrV/I9HsDSWMBoaGcaN313Mj4CVGGUQ6zXC/WEBE6ISPoWhgSAdpP5k5nuGSZAR5KZV9o8Jxd7UiI0HoqAlspiBnrzVxK/pXrxmb45CcsjGIDIV0IDWOOjcTpt/GAKaCGTy0gVDHrFdMxUYQau5y1SQ3PT1Jz6Zg1+UDMciW8yqQ2IiPe1+sIH0mrMBb/0IxuN0QaYrtVObALtCfxNg+wDVqVsndfrtQfitXn5XGy6BJdo1vkoUdURa+ohpqIIkAf6BN9ZX6cK6fk3CxKncyy5wKtheP+ApiLwrg=</latexit>

Kingma & Welling, 2014

Rezende et al., 2014
III. variational autoencoders

✓
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30III. variational autoencoders

HIERARCHICAL VAES

Sønderby et al., 2016

Child, 2020256 x 256 samples

up the hierarchy
increasingly abstract
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INFERENCE SUBOPTIMALITY

Marino et al., 2018

direct inference models provide suboptimal estimates

“amortization gap”

Direct Inference Model
<latexit sha1_base64="LhH3Wz9gi4TKq8xznA9WRXhble8="></latexit>

see also Cremer et al., 2018

L
<latexit sha1_base64="03loGMSM0SK+KtU6mj3Y2dowETQ="></latexit>
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ITERATIVE AMORTIZED INFERENCE

Marino et al., 2018

Direct

Amortization

more accurate+
more general+

Iterative

Amortization

perform inference via a learned iterative procedure

encode inference gradient or errors
⇠x

<latexit sha1_base64="e6aYWUJKyRseVz8YVR3NhNQYqj0="></latexit>

⇠z
<latexit sha1_base64="RD+2LJCJnMHv1+m0E+1FMgx45sE="></latexit>

rẑL = J|⇠x � ⇠z
<latexit sha1_base64="KFa3NrDlcv3oHVF465VWzwcubW0="></latexit>
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NORMALIZING FLOWS

Rezende & Mohamed, 2015

Dinh et al., 2015; 2017

normalizing flows add/remove dependencies

Transform

Inverse Transform
Inverse Transform

Simple Distribution Complex Distribution

normalize

f�1
✓

<latexit sha1_base64="ZsjbsBzXUyOiVdmAo/dfx52GsqA="></latexit>

Transform

Inverse Transform
Inverse Transform

Simple Distribution Complex Distributionun-normalize

z2
<latexit sha1_base64="xtyg0FAdRUltrwm4CJkKFYXi3PI="></latexit>

z1
<latexit sha1_base64="WAxkoB7lYuXS1P1rWyeHFZetd+Q="></latexit>

z̃1
<latexit sha1_base64="n+Ojtx0w2uZbj7vE4InRaQP8akU="></latexit>

z̃2
<latexit sha1_base64="/2UMaWn0D58hdwYjBw46rjuwYQQ="></latexit>

f✓
<latexit sha1_base64="7GZft6SYpCyfsG4tHgZXUAH9Lg0="></latexit>

z1
<latexit sha1_base64="WAxkoB7lYuXS1P1rWyeHFZetd+Q="></latexit>

z2
<latexit sha1_base64="xtyg0FAdRUltrwm4CJkKFYXi3PI="></latexit>

z̃1
<latexit sha1_base64="n+Ojtx0w2uZbj7vE4InRaQP8akU="></latexit>

z̃2
<latexit sha1_base64="/2UMaWn0D58hdwYjBw46rjuwYQQ="></latexit>

independent dependent



34III. variational autoencoders

NORMALIZING FLOWS

a covariance matrix is an affine normalizing flow with linear dependencies

LINEAR (covariance)

z1
<latexit sha1_base64="WAxkoB7lYuXS1P1rWyeHFZetd+Q="></latexit>

z2
<latexit sha1_base64="xtyg0FAdRUltrwm4CJkKFYXi3PI="></latexit>

N (z;0, I)
<latexit sha1_base64="fS2w24M0EtVCLKrAbjMBCBM/iyM="></latexit>

z̃1
<latexit sha1_base64="n+Ojtx0w2uZbj7vE4InRaQP8akU="></latexit>

z̃2
<latexit sha1_base64="/2UMaWn0D58hdwYjBw46rjuwYQQ="></latexit>

N (z̃;µ,⌃)
<latexit sha1_base64="j42Qe9s0b5Rrm8LwN2PT5luA0OM="></latexit>

NON-LINEAR (non-linear normalizing flow)

z1
<latexit sha1_base64="WAxkoB7lYuXS1P1rWyeHFZetd+Q="></latexit>

z2
<latexit sha1_base64="xtyg0FAdRUltrwm4CJkKFYXi3PI="></latexit>

N (z;0, I)
<latexit sha1_base64="fS2w24M0EtVCLKrAbjMBCBM/iyM="></latexit>

z̃1
<latexit sha1_base64="n+Ojtx0w2uZbj7vE4InRaQP8akU="></latexit>

z̃2
<latexit sha1_base64="/2UMaWn0D58hdwYjBw46rjuwYQQ="></latexit>

p(z̃)
<latexit sha1_base64="tdOeGUMeJBbaZBupxm2g8yVMN0I="></latexit>
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NORMALIZING FLOWS

normalizing flows can be applied to any parametric distribution

Marino et al, 2019

improved performance 

& generalization

remove dependencies across time
sequential autoregressive flows

xt�3
<latexit sha1_base64="A+NwkXFLy8dEXhO4lC/Y2RBrA7Y="></latexit>

xt�2
<latexit sha1_base64="FQVlMEFQvZFJH0/AEMcNlsO9I7E="></latexit>

xt�1
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xt
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�<latexit sha1_base64="YlEnZegu6BMRciM97uIB7y4yLos=">AAACdnicdVHLTgIxFC3jC/EFujQxjYToRjKDJrokunEJCa8EJqRTLtDQTidtx0gmfIFb/Tj/xKUdYMFDb9Lk5NzHOb03iDjTxnW/M87O7t7+QfYwd3R8cnqWL5y3tIwVhSaVXKpOQDRwFkLTMMOhEykgIuDQDiYvab79BkozGTbMNAJfkFHIhowSY6n6XT9fdMvuPPA28JagiJZR6xcy/d5A0lhAaCgnWnc9NzJ+QpRhlMMs14s1RIROyAi6FoZEgPaTudMZLllmgIdS2RcaPGdXOxIitJ6KwFYKYsZ6M5eSf+W6sRk++QkLo9hASBdCw5hjI3H6bTxgCqjhUwsIVcx6xXRMFKHGLmdtUsPzk9RcOmZNPhCzXAmvMqmNyIj39TrCR9IqjMU/NKPbDZGG2G5VDuwC7Um8zQNsg1al7N2XK/WHYvV5eZwsukTX6BZ56BFV0SuqoSaiCNAH+kRfmR/nyik5N4tSJ7PsuUBr4bi/nK/Cug==</latexit>

÷
<latexit sha1_base64="zU1t23bQbWEUhSwGFZ+dhUDLseE="></latexit>

µ✓(x<t)
<latexit sha1_base64="wy1WYPqqnkkv22S/qgVxrO+jOM4="></latexit>

�✓(x<t)
<latexit sha1_base64="tuXXMIg/Bc4YouWi1xyioUAsaLE="></latexit>

yt
<latexit sha1_base64="Rc8skmreVThEy0HMt+P8j5ZBRTE="></latexit>

✓
<latexit sha1_base64="y9Nz2T+fmSMi/3DG5f53pxwGB6k="></latexit>



IV. CORRESPONDENCES



37IV. correspondences Marino, 2019

Neuroscience

predictive

coding

Machine Learning
VAEs

providing new correspondences…

a bridge between neuroscience and machine learning
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retina
<latexit sha1_base64="txQdsmSwoi1hWIuSfzTdtrJIzXU="></latexit>

thalamus (LGN)
<latexit sha1_base64="yboAjfk3ClaA8yWc8vSPSAm/nbs="></latexit>

cortex
<latexit sha1_base64="8BOcPOAGc9bvfisMD6dBL4IsDUc="></latexit>

p
ho

to
re

ce
p

to
rs

RGCs

bipolar/

horizontal

relay

cells

interneurons

I

II / III

IV
V / VI

IV. correspondences
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retina
<latexit sha1_base64="txQdsmSwoi1hWIuSfzTdtrJIzXU="></latexit>

thalamus (LGN)
<latexit sha1_base64="yboAjfk3ClaA8yWc8vSPSAm/nbs="></latexit>

cortex
<latexit sha1_base64="8BOcPOAGc9bvfisMD6dBL4IsDUc="></latexit>

relay

cells

interneurons

I

II / III

IV
V / VI

spatiotemporal
<latexit sha1_base64="ujduGB53CviLS4rs1Y1/voD4EiU="></latexit>

normalization
<latexit sha1_base64="OdVnGcyPaciL0UTXCb25xUqGVJA="></latexit>

IV. correspondences
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retina
<latexit sha1_base64="txQdsmSwoi1hWIuSfzTdtrJIzXU="></latexit>

thalamus (LGN)
<latexit sha1_base64="yboAjfk3ClaA8yWc8vSPSAm/nbs="></latexit>

cortex
<latexit sha1_base64="8BOcPOAGc9bvfisMD6dBL4IsDUc="></latexit>

I

II / III

IV
V / VI

spatiotemporal
<latexit sha1_base64="ujduGB53CviLS4rs1Y1/voD4EiU="></latexit>

normalization
<latexit sha1_base64="OdVnGcyPaciL0UTXCb25xUqGVJA="></latexit>

temporal
<latexit sha1_base64="LDkDIwYFXPUPk9B1QHw2GcGAaK8="></latexit>

normalization
<latexit sha1_base64="OdVnGcyPaciL0UTXCb25xUqGVJA="></latexit>

error
<latexit sha1_base64="AsLpb2cB66GdGus9IYFgZ2+JyIU="></latexit> calculation

<latexit sha1_base64="yVTsLLZdcaXfvUNxxTLh4aMBzW0="></latexit>

&
<latexit sha1_base64="jpgwVaaoqN2XA3gRzY6ijcSfzts="></latexit>

IV. correspondences
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retina
<latexit sha1_base64="txQdsmSwoi1hWIuSfzTdtrJIzXU="></latexit>

thalamus (LGN)
<latexit sha1_base64="yboAjfk3ClaA8yWc8vSPSAm/nbs="></latexit>

cortex
<latexit sha1_base64="8BOcPOAGc9bvfisMD6dBL4IsDUc="></latexit>

spatiotemporal
<latexit sha1_base64="ujduGB53CviLS4rs1Y1/voD4EiU="></latexit>

normalization
<latexit sha1_base64="OdVnGcyPaciL0UTXCb25xUqGVJA="></latexit>

temporal
<latexit sha1_base64="LDkDIwYFXPUPk9B1QHw2GcGAaK8="></latexit>

normalization
<latexit sha1_base64="OdVnGcyPaciL0UTXCb25xUqGVJA="></latexit>

error
<latexit sha1_base64="AsLpb2cB66GdGus9IYFgZ2+JyIU="></latexit> calculation

<latexit sha1_base64="yVTsLLZdcaXfvUNxxTLh4aMBzW0="></latexit>

&
<latexit sha1_base64="jpgwVaaoqN2XA3gRzY6ijcSfzts="></latexit>

error calculation
<latexit sha1_base64="mJJhZ0osDyKosWTLa+p8/zloWpk="></latexit>

inference
<latexit sha1_base64="xgO9wdw3QFH7Y6G0Duse4Qdor5Q="></latexit>

prediction,
<latexit sha1_base64="vVaZkpB0wXAkjSNsr7BOshRJnYU="></latexit>

&
<latexit sha1_base64="jpgwVaaoqN2XA3gRzY6ijcSfzts="></latexit>

IV. correspondences
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time



43IV. correspondences

retina
<latexit sha1_base64="txQdsmSwoi1hWIuSfzTdtrJIzXU="></latexit>

time



44IV. correspondences

retina
<latexit sha1_base64="txQdsmSwoi1hWIuSfzTdtrJIzXU="></latexit>

thalamus (LGN)
<latexit sha1_base64="yboAjfk3ClaA8yWc8vSPSAm/nbs="></latexit>

time



45IV. correspondences

retina
<latexit sha1_base64="txQdsmSwoi1hWIuSfzTdtrJIzXU="></latexit>

thalamus (LGN)
<latexit sha1_base64="yboAjfk3ClaA8yWc8vSPSAm/nbs="></latexit>

cortex
<latexit sha1_base64="8BOcPOAGc9bvfisMD6dBL4IsDUc="></latexit>

time
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✓
<latexit sha1_base64="y9Nz2T+fmSMi/3DG5f53pxwGB6k="></latexit>

J|
<latexit sha1_base64="Gch/JFSva5F3XM1dLnxjDscUgyE="></latexit>

pyramidal neuron
<latexit sha1_base64="7XY8gHJwTUsdq0+DWdSkGUzfTfM="></latexit>

deep network
<latexit sha1_base64="J6hfAr7RJIeDOwMd/BEx4vgzo8Y="></latexit>

IV. correspondences

PYRAMIDAL NEURONS AS DEEP NETWORKS

Marino, 2019
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✓
<latexit sha1_base64="y9Nz2T+fmSMi/3DG5f53pxwGB6k="></latexit>

J|
<latexit sha1_base64="Gch/JFSva5F3XM1dLnxjDscUgyE="></latexit>

pyramidal neuron
<latexit sha1_base64="7XY8gHJwTUsdq0+DWdSkGUzfTfM="></latexit>

deep network
<latexit sha1_base64="J6hfAr7RJIeDOwMd/BEx4vgzo8Y="></latexit>

IV. correspondences

PYRAMIDAL NEURONS AS DEEP NETWORKS

Marino, 2019
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BACKPROPAGATION WITHIN NEURONS

Marino, 2019

only need to 
backpropagate gradients 

between variables

in hierarchical latent variable models, errors provide a local training signal
see, e.g., target propagation (Bengio, 2014)

corresponding process 
would occur within neurons
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normalize
<latexit sha1_base64="hGOs4RxcXljv6QdmumAedM2H5c8="></latexit>

un-normalize
<latexit sha1_base64="aWZnxFdnt/R05EceVoaYehJUkDk="></latexit>

IV. correspondences Marino, 2019

interneurons can add or remove spatiotemporal dependencies between neurons
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p
ho

to
re

ce
p

to
rs

RGCs

bipolar/

horizontal

�<latexit sha1_base64="YlEnZegu6BMRciM97uIB7y4yLos=">AAACdnicdVHLTgIxFC3jC/EFujQxjYToRjKDJrokunEJCa8EJqRTLtDQTidtx0gmfIFb/Tj/xKUdYMFDb9Lk5NzHOb03iDjTxnW/M87O7t7+QfYwd3R8cnqWL5y3tIwVhSaVXKpOQDRwFkLTMMOhEykgIuDQDiYvab79BkozGTbMNAJfkFHIhowSY6n6XT9fdMvuPPA28JagiJZR6xcy/d5A0lhAaCgnWnc9NzJ+QpRhlMMs14s1RIROyAi6FoZEgPaTudMZLllmgIdS2RcaPGdXOxIitJ6KwFYKYsZ6M5eSf+W6sRk++QkLo9hASBdCw5hjI3H6bTxgCqjhUwsIVcx6xXRMFKHGLmdtUsPzk9RcOmZNPhCzXAmvMqmNyIj39TrCR9IqjMU/NKPbDZGG2G5VDuwC7Um8zQNsg1al7N2XK/WHYvV5eZwsukTX6BZ56BFV0SuqoSaiCNAH+kRfmR/nyik5N4tSJ7PsuUBr4bi/nK/Cug==</latexit>

⇤<latexit sha1_base64="2DLctlRnln8rUGvY6ScommwatuM="></latexit>

retinal interneurons

remove spatial dependencies

ZCA whitening:

inverting a linear affine normalizing flow

IV. correspondences

LATERAL INHIBITION & NORMALIZING FLOWS
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temporal whitening:

inverting an affine normalizing flow

IV. correspondences

thalamic interneurons

remove low-level temporal dependencies

xt�3
<latexit sha1_base64="A+NwkXFLy8dEXhO4lC/Y2RBrA7Y="></latexit>

xt�2
<latexit sha1_base64="FQVlMEFQvZFJH0/AEMcNlsO9I7E="></latexit>

xt�1
<latexit sha1_base64="Uoe094Ebd5E0MjBKCabrmYfr41Y="></latexit>

xt
<latexit sha1_base64="/9eKoYxPE1ZizRUsfEHodALxXRM="></latexit>

�<latexit sha1_base64="YlEnZegu6BMRciM97uIB7y4yLos=">AAACdnicdVHLTgIxFC3jC/EFujQxjYToRjKDJrokunEJCa8EJqRTLtDQTidtx0gmfIFb/Tj/xKUdYMFDb9Lk5NzHOb03iDjTxnW/M87O7t7+QfYwd3R8cnqWL5y3tIwVhSaVXKpOQDRwFkLTMMOhEykgIuDQDiYvab79BkozGTbMNAJfkFHIhowSY6n6XT9fdMvuPPA28JagiJZR6xcy/d5A0lhAaCgnWnc9NzJ+QpRhlMMs14s1RIROyAi6FoZEgPaTudMZLllmgIdS2RcaPGdXOxIitJ6KwFYKYsZ6M5eSf+W6sRk++QkLo9hASBdCw5hjI3H6bTxgCqjhUwsIVcx6xXRMFKHGLmdtUsPzk9RcOmZNPhCzXAmvMqmNyIj39TrCR9IqjMU/NKPbDZGG2G5VDuwC7Um8zQNsg1al7N2XK/WHYvV5eZwsukTX6BZ56BFV0SuqoSaiCNAH+kRfmR/nyik5N4tSJ7PsuUBr4bi/nK/Cug==</latexit>

÷
<latexit sha1_base64="zU1t23bQbWEUhSwGFZ+dhUDLseE="></latexit>

µ✓(x<t)
<latexit sha1_base64="wy1WYPqqnkkv22S/qgVxrO+jOM4="></latexit>

�✓(x<t)
<latexit sha1_base64="tuXXMIg/Bc4YouWi1xyioUAsaLE="></latexit>

yt
<latexit sha1_base64="Rc8skmreVThEy0HMt+P8j5ZBRTE="></latexit>

✓
<latexit sha1_base64="y9Nz2T+fmSMi/3DG5f53pxwGB6k="></latexit>

relay

cells

interneurons

LATERAL INHIBITION & NORMALIZING FLOWS
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forward/inverse normalizing flows

IV. correspondences

cortical interneurons

add/remove spatiotemporal dependencies


between columns

⇢ <latexit sha1_base64="8Y1th0CzVBSfr7tzi8mmCA4jfmw="></latexit>

cortical columns

I

II / III

IV
V / VI

LATERAL INHIBITION & NORMALIZING FLOWS



53IV. correspondences

SUMMARY OF CORRESPONDENCES

by traversing the bridge between predictive coding & VAES…

NEUROSCIENCEMACHINE LEARNING

deep networks & pyramidal neurons

normalizing flows & lateral inhibition
Transform

InverseTransform
InverseTransform

SimpleDistributionComplexDistribution
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A NEW COMPUTATIONAL MODEL FOR NEUROSCIENCE

current efforts to compare deep networks and the brain are limited

compare with supervised learning

on brief image presentation

Yamins et al., 2014

ignore feedback + dynamics

large-scale VAEs provide a route toward testing predictive coding

Child, 2020
Lotter et al., 2018
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MOTOR CONTROL / EXECUTIVE FUNCTION

can apply the same computational techniques to control/RL

prediction errors drive feedback control

Iterative Amortized Policy Optimization, Marino et al., 2020
arXiv:2010.10670



Thank You


