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2 youtube.com/ZkM-1MLn0_A

intention (or purpose) tremor

Norbert Wiener
1894 - 1964

Rosenblueth, Wiener, and Bigelow, 1943

“…undamped feedback is strikingly similar to…a cerebellar 
patient. If he is asked to carry a glass of water from a table 

to his mouth, the hand carrying the glass will execute a 
series of oscillatory motions of increasing amplitude.”
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anti-aircraft guns

FEEDBACK

Norbert Wiener
1894 - 1964



goal

-log P(state)

state

error minimization

state

P(state)

goal

4

s3 s2 s1 s0

probability maximization
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error
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machine 
learning
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backpropagation

theoretical 
neuroscience

reinforcement 
learning

linear threshold unit

predictive coding

information

feedback control

probabilistic 
graphical models

multi-layer 
perceptrons

minimum 
redundancy codes

model-based  
control

hierarchical 
control

cybernetics
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feedback

reducing an error in the moment

estimate
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feedback

reducing an error in the moment

estimate

prediction

observation
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feedback

reducing an error in the moment

estimate

prediction

observation

error



10

feedback

reducing an error in the moment

estimate

prediction

observation

error

update
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feedforward

preemptively reducing an error

t� 1
<latexit sha1_base64="lj1z0Rs5EuPaemwhTHbeEumfdk4="></latexit>

t
<latexit sha1_base64="pGMytLOLEf+Jy0EWkBxWw3MaK70=">AAACdnicdVHLTgIxFC3jC/EFujQxjYToisygiS6JblxCAmqCE9IpF2hsp5P2jpFM+AK3+nH+iUs7wEJEb9Lk5NzHOb03SqSw6PufBW9tfWNzq7hd2tnd2z8oVw7vrU4Nhy7XUpvHiFmQIoYuCpTwmBhgKpLwED3f5vmHFzBW6LiDkwRCxUaxGArO0FFt7Jerft2fBV0FwQJUySJa/Uqh/zTQPFUQI5fM2l7gJxhmzKDgEqalp9RCwvgzG0HPwZgpsGE2czqlNccM6FAb92KkM/ZnR8aUtRMVuUrFcGx/53Lyr1wvxeF1mIk4SRFiPhcappKipvm36UAY4CgnDjBuhPNK+ZgZxtEtZ2lSJwiz3Fw+Zkk+UtNSjf5kchsJqtflOiZH2imM1T+04KsNiYXUbVUP3ALdSYLfB1gF9416cFFvtC+rzZvFcYrkmJyScxKQK9Ikd6RFuoQTIG/knXwUvrwTr+adzUu9wqLniCyF538DL7zDAQ==</latexit>
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feedforward

preemptively reducing an error

-
“low-level” prediction

t� 1
<latexit sha1_base64="lj1z0Rs5EuPaemwhTHbeEumfdk4="></latexit>

t
<latexit sha1_base64="pGMytLOLEf+Jy0EWkBxWw3MaK70=">AAACdnicdVHLTgIxFC3jC/EFujQxjYToisygiS6JblxCAmqCE9IpF2hsp5P2jpFM+AK3+nH+iUs7wEJEb9Lk5NzHOb03SqSw6PufBW9tfWNzq7hd2tnd2z8oVw7vrU4Nhy7XUpvHiFmQIoYuCpTwmBhgKpLwED3f5vmHFzBW6LiDkwRCxUaxGArO0FFt7Jerft2fBV0FwQJUySJa/Uqh/zTQPFUQI5fM2l7gJxhmzKDgEqalp9RCwvgzG0HPwZgpsGE2czqlNccM6FAb92KkM/ZnR8aUtRMVuUrFcGx/53Lyr1wvxeF1mIk4SRFiPhcappKipvm36UAY4CgnDjBuhPNK+ZgZxtEtZ2lSJwiz3Fw+Zkk+UtNSjf5kchsJqtflOiZH2imM1T+04KsNiYXUbVUP3ALdSYLfB1gF9416cFFvtC+rzZvFcYrkmJyScxKQK9Ikd6RFuoQTIG/knXwUvrwTr+adzUu9wqLniCyF538DL7zDAQ==</latexit>
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feedforward

preemptively reducing an error

- estimation

“low-level” prediction

t� 1
<latexit sha1_base64="lj1z0Rs5EuPaemwhTHbeEumfdk4="></latexit>

t
<latexit sha1_base64="pGMytLOLEf+Jy0EWkBxWw3MaK70=">AAACdnicdVHLTgIxFC3jC/EFujQxjYToisygiS6JblxCAmqCE9IpF2hsp5P2jpFM+AK3+nH+iUs7wEJEb9Lk5NzHOb03SqSw6PufBW9tfWNzq7hd2tnd2z8oVw7vrU4Nhy7XUpvHiFmQIoYuCpTwmBhgKpLwED3f5vmHFzBW6LiDkwRCxUaxGArO0FFt7Jerft2fBV0FwQJUySJa/Uqh/zTQPFUQI5fM2l7gJxhmzKDgEqalp9RCwvgzG0HPwZgpsGE2czqlNccM6FAb92KkM/ZnR8aUtRMVuUrFcGx/53Lyr1wvxeF1mIk4SRFiPhcappKipvm36UAY4CgnDjBuhPNK+ZgZxtEtZ2lSJwiz3Fw+Zkk+UtNSjf5kchsJqtflOiZH2imM1T+04KsNiYXUbVUP3ALdSYLfB1gF9416cFFvtC+rzZvFcYrkmJyScxKQK9Ikd6RFuoQTIG/knXwUvrwTr+adzUu9wqLniCyF538DL7zDAQ==</latexit>

error
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feedforward

preemptively reducing an error

- estimation

“low-level” prediction

t� 1
<latexit sha1_base64="lj1z0Rs5EuPaemwhTHbeEumfdk4="></latexit>

t
<latexit sha1_base64="pGMytLOLEf+Jy0EWkBxWw3MaK70=">AAACdnicdVHLTgIxFC3jC/EFujQxjYToisygiS6JblxCAmqCE9IpF2hsp5P2jpFM+AK3+nH+iUs7wEJEb9Lk5NzHOb03SqSw6PufBW9tfWNzq7hd2tnd2z8oVw7vrU4Nhy7XUpvHiFmQIoYuCpTwmBhgKpLwED3f5vmHFzBW6LiDkwRCxUaxGArO0FFt7Jerft2fBV0FwQJUySJa/Uqh/zTQPFUQI5fM2l7gJxhmzKDgEqalp9RCwvgzG0HPwZgpsGE2czqlNccM6FAb92KkM/ZnR8aUtRMVuUrFcGx/53Lyr1wvxeF1mIk4SRFiPhcappKipvm36UAY4CgnDjBuhPNK+ZgZxtEtZ2lSJwiz3Fw+Zkk+UtNSjf5kchsJqtflOiZH2imM1T+04KsNiYXUbVUP3ALdSYLfB1gF9416cFFvtC+rzZvFcYrkmJyScxKQK9Ikd6RFuoQTIG/knXwUvrwTr+adzUu9wqLniCyF538DL7zDAQ==</latexit>

+ prediction

t� 1
<latexit sha1_base64="lj1z0Rs5EuPaemwhTHbeEumfdk4="></latexit>

t
<latexit sha1_base64="pGMytLOLEf+Jy0EWkBxWw3MaK70=">AAACdnicdVHLTgIxFC3jC/EFujQxjYToisygiS6JblxCAmqCE9IpF2hsp5P2jpFM+AK3+nH+iUs7wEJEb9Lk5NzHOb03SqSw6PufBW9tfWNzq7hd2tnd2z8oVw7vrU4Nhy7XUpvHiFmQIoYuCpTwmBhgKpLwED3f5vmHFzBW6LiDkwRCxUaxGArO0FFt7Jerft2fBV0FwQJUySJa/Uqh/zTQPFUQI5fM2l7gJxhmzKDgEqalp9RCwvgzG0HPwZgpsGE2czqlNccM6FAb92KkM/ZnR8aUtRMVuUrFcGx/53Lyr1wvxeF1mIk4SRFiPhcappKipvm36UAY4CgnDjBuhPNK+ZgZxtEtZ2lSJwiz3Fw+Zkk+UtNSjf5kchsJqtflOiZH2imM1T+04KsNiYXUbVUP3ALdSYLfB1gF9416cFFvtC+rzZvFcYrkmJyScxKQK9Ikd6RFuoQTIG/knXwUvrwTr+adzUu9wqLniCyF538DL7zDAQ==</latexit>

“low-level” prediction

error error
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perception

state estimation

latent estimate

latent prior

latent state

(

<latexit sha1_base64="mdeLchLY9vPvBC8/zTy2qbNpSww="></latexit>

data prediction

data observation

data observation

(

<latexit sha1_base64="mdeLchLY9vPvBC8/zTy2qbNpSww="></latexit>

state estimation
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control

action selection

action estimate

action prior

(

<latexit sha1_base64="mdeLchLY9vPvBC8/zTy2qbNpSww="></latexit>

action

value

(

<latexit sha1_base64="mdeLchLY9vPvBC8/zTy2qbNpSww="></latexit>

value

statestate

(

<latexit sha1_base64="mdeLchLY9vPvBC8/zTy2qbNpSww="></latexit>

action selection

action selection
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feedbackfeedforward

+

t� 1
<latexit sha1_base64="lj1z0Rs5EuPaemwhTHbeEumfdk4="></latexit>

t
<latexit sha1_base64="pGMytLOLEf+Jy0EWkBxWw3MaK70=">AAACdnicdVHLTgIxFC3jC/EFujQxjYToisygiS6JblxCAmqCE9IpF2hsp5P2jpFM+AK3+nH+iUs7wEJEb9Lk5NzHOb03SqSw6PufBW9tfWNzq7hd2tnd2z8oVw7vrU4Nhy7XUpvHiFmQIoYuCpTwmBhgKpLwED3f5vmHFzBW6LiDkwRCxUaxGArO0FFt7Jerft2fBV0FwQJUySJa/Uqh/zTQPFUQI5fM2l7gJxhmzKDgEqalp9RCwvgzG0HPwZgpsGE2czqlNccM6FAb92KkM/ZnR8aUtRMVuUrFcGx/53Lyr1wvxeF1mIk4SRFiPhcappKipvm36UAY4CgnDjBuhPNK+ZgZxtEtZ2lSJwiz3Fw+Zkk+UtNSjf5kchsJqtflOiZH2imM1T+04KsNiYXUbVUP3ALdSYLfB1gF9416cFFvtC+rzZvFcYrkmJyScxKQK9Ikd6RFuoQTIG/knXwUvrwTr+adzUu9wqLniCyF538DL7zDAQ==</latexit>
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feedbackfeedforward

+

t� 1
<latexit sha1_base64="lj1z0Rs5EuPaemwhTHbeEumfdk4="></latexit>

t
<latexit sha1_base64="pGMytLOLEf+Jy0EWkBxWw3MaK70=">AAACdnicdVHLTgIxFC3jC/EFujQxjYToisygiS6JblxCAmqCE9IpF2hsp5P2jpFM+AK3+nH+iUs7wEJEb9Lk5NzHOb03SqSw6PufBW9tfWNzq7hd2tnd2z8oVw7vrU4Nhy7XUpvHiFmQIoYuCpTwmBhgKpLwED3f5vmHFzBW6LiDkwRCxUaxGArO0FFt7Jerft2fBV0FwQJUySJa/Uqh/zTQPFUQI5fM2l7gJxhmzKDgEqalp9RCwvgzG0HPwZgpsGE2czqlNccM6FAb92KkM/ZnR8aUtRMVuUrFcGx/53Lyr1wvxeF1mIk4SRFiPhcappKipvm36UAY4CgnDjBuhPNK+ZgZxtEtZ2lSJwiz3Fw+Zkk+UtNSjf5kchsJqtflOiZH2imM1T+04KsNiYXUbVUP3ALdSYLfB1gF9416cFFvtC+rzZvFcYrkmJyScxKQK9Ikd6RFuoQTIG/knXwUvrwTr+adzUu9wqLniCyF538DL7zDAQ==</latexit>

we’re going to learn feedforward & feedback functions

my research:
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THESIS OVERVIEW

feedforward feedback

perception

control

14

Marino, Piché, Ialongo, Yue 2020

13

Marino, Chen, He, Mandt 2020
Yang, Yang, Marino, Mandt 2021

10

Marino, Yue, Mandt 2018
Marino, Cvitkovic, Yue, 2018

Guerra & Marino, 2020
31
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THESIS OVERVIEW

feedforward feedback

perception

control

Marino, Piché, Ialongo, Yue 2020Guerra & Marino, 2020

Marino, Chen, He, Mandt 2020
Yang, Yang, Marino, Mandt 2021

Marino, Yue, Mandt 2018
Marino, Cvitkovic, Yue, 2018

Marino, 2019
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PERCEPTION
feedforward
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spatiotemporal predictions normalize sensory inputs

TEMPORAL NORMALIZATIONSPATIAL NORMALIZATION

1995

SPATIOTEMPORAL PREDICTIVE CODING

—

time

1982
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sequential latent variable model (SLVM)

to improve this setup, we can…

FEEDFORWARD PERCEPTION

latent error

data error
xt ⇠ pdata

<latexit sha1_base64="SEHAZS4vBa571lpP0aogEQs/3PE="></latexit>

latent prior

latent estimate

data reconstruction

data

time
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xt ⇠ pdata
<latexit sha1_base64="SEHAZS4vBa571lpP0aogEQs/3PE="></latexit>

sequential latent variable model (SLVM)

improve the model

more dependencies, bigger functions

to improve this setup, we can…

FEEDFORWARD PERCEPTION

latent error

data error

latent prior

latent estimate

data reconstruction

data

time
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sequential latent variable model (SLVM)

improve the model

more dependencies, bigger functions

simplify the data (change the distribution)
e.g., model �xt = xt � xt�1

<latexit sha1_base64="7C/r5zmg1wmYJK6q95hWuxrw3Zw="></latexit>

to improve this setup, we can…

FEEDFORWARD PERCEPTION

xt ⇠ pdata
<latexit sha1_base64="SEHAZS4vBa571lpP0aogEQs/3PE="></latexit>

latent error

data error

latent prior

latent estimate

data reconstruction

data

time



26 Marino, Chen, He, Mandt 2020

temporal normalization 
use an autoregressive model to remove a “low-level” prediction

FEEDFORWARD PERCEPTION

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

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

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



27 Marino, Chen, He, Mandt 2020

temporal normalization 
use an autoregressive model to remove a “low-level” prediction

FEEDFORWARD PERCEPTION

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

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

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

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

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



28 Marino, Chen, He, Mandt 2020

temporal normalization 
use an autoregressive model to remove a “low-level” prediction

FEEDFORWARD PERCEPTION

yt =
xt � µ✓(x<t)

�✓(x<t)
<latexit sha1_base64="+JnhD0VRD8yHXJapzp0gEc/ZalY="></latexit>

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="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>

this is a 
sequential autoregressive flow
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<latexit sha1_base64="pSMj62eOFVD7Buj853FHlma8izA="></latexit>

29 Marino, Chen, He, Mandt 2020

FEEDFORWARD PERCEPTION

0 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16
Frame Number

°10

0

y
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30 Marino, Chen, He, Mandt 2020

FEEDFORWARD PERCEPTION

Data
<latexit sha1_base64="pSMj62eOFVD7Buj853FHlma8izA="></latexit>

Flow
<latexit sha1_base64="9c2S84X+Yjx7lgHsBqZAnAQM7c8="></latexit>
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31 Marino, Chen, He, Mandt 2020

FEEDFORWARD PERCEPTION

0 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16
Frame Number

0.0

0.5

1.0

x

Data
<latexit sha1_base64="pSMj62eOFVD7Buj853FHlma8izA="></latexit>

Flow
<latexit sha1_base64="9c2S84X+Yjx7lgHsBqZAnAQM7c8="></latexit>
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Pred. Error
<latexit sha1_base64="HiQ+tkz8nrWmfHGgRDmzWg8ZNJo="></latexit>



0 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16
Frame Number
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y

Pred. Error
<latexit sha1_base64="HiQ+tkz8nrWmfHGgRDmzWg8ZNJo="></latexit>

32 Marino, Chen, He, Mandt 2020

FEEDFORWARD PERCEPTION

0 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16
Frame Number

0.0

0.5

1.0

x

Data
<latexit sha1_base64="pSMj62eOFVD7Buj853FHlma8izA="></latexit>

Flow
<latexit sha1_base64="9c2S84X+Yjx7lgHsBqZAnAQM7c8="></latexit>

Model
<latexit sha1_base64="CzgMrFKkGOsa2Onmbgn1zXOc4xo="></latexit>



2.5 5.0 7.5 10.0 12.5 15.0
NLL Bound

0.0

0.5
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1.5
Train

Test SLVM

histogram over data examples

performance

better

33

improves both performance & generalization

Marino, Chen, He, Mandt 2020

KTH Actions (Schuldt et at., 2005)

FEEDFORWARD PERCEPTION

2.5 5.0 7.5 10.0 12.5 15.0
NLL Bound

0.0

0.5

1.0

1.5

SLVM + AF

performance

better
different people across train & test data
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state-of-the-art high-resolution video compression

Yang, Yang, Marino, Mandt 2021

FEEDFORWARD PERCEPTION

UVG dataset (Mercat et al., 2020)
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CONTROL
feedforward



36

FEEDFORWARD CONTROL

Direct Policy

at
<latexit sha1_base64="UEHjFduc+24G2yMIrW39dEMKk3k="></latexit>

st
<latexit sha1_base64="uvADgAvNfkx84xYZdD6H3tEw1HI="></latexit>

⇡(at|st)
<latexit sha1_base64="2eU/SvGCvWHhoJs9sj6V4CwyDzY="></latexit>

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

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

�✓
<latexit sha1_base64="1QlRqzgI9vtll2fiIvQldc+sPKU="></latexit>

�✓
<latexit sha1_base64="PIcE15ob5qhe7HWVZQoV0KkQvHY="></latexit>

ut
<latexit sha1_base64="mVKEMNvj9Sfry61DI9HK+if7xTk="></latexit>

at
<latexit sha1_base64="UEHjFduc+24G2yMIrW39dEMKk3k="></latexit>

st
<latexit sha1_base64="uvADgAvNfkx84xYZdD6H3tEw1HI="></latexit>

a<t
<latexit sha1_base64="iMo9bgRy40ENjhb5MoWCxV8H2sc="></latexit> (

<latexit sha1_base64="mdeLchLY9vPvBC8/zTy2qbNpSww="></latexit>

⇡(at|st,a<t)
<latexit sha1_base64="96CYRJb4rmahjLfPVgmU93Dksoo="></latexit>

Autoregressive Policy

Guerra & Marino, 2020
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FEEDFORWARD CONTROL

Guerra & Marino, 2020

cheetah quadruped

walker humanoid

hopper

simulated robotics environments from DeepMind control suite
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improves performance across a 
range of environments
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PERCEPTION
feedback
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neocortex forms hierarchical predictions of sensory inputs, 
using prediction errors for inference and learning

1999

sensory 
neocortex

HIERARCHICAL PREDICTIVE CODING

predictions

feedback updates
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state estimation as an optimization problem

restricting to parametric distributions with parameters 

� argmax
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L(x; q�)
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(direct) amortization:

variational autoencoder (VAE):

“decoder”

but in practice…

FEEDBACK PERCEPTION

Kingma & Welling, 2014
Rezende et al., 2014

“encoder” f�
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FEEDBACK PERCEPTION
direct inference models provide suboptimal estimates

“amortization gap”

see also Cremer et al., 2018

Direct Inference Model
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formulate inference as an iterative amortized process
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gradient-based form

Marino, Yue, Mandt, 2018

can learn to update

FEEDBACK PERCEPTION

error-based form (Gaussian)
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weighted errors
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efficient
better

faster than gradient-
based optimization

FEEDBACK PERCEPTION

accurate
L

<latexit sha1_base64="03loGMSM0SK+KtU6mj3Y2dowETQ="></latexit>outperforms  
direct amortization
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time-series filtering

FEEDBACK PERCEPTION

Marino, Cvitkovic, Yue, 2018
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time

amortized variational filtering
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amortized variational filtering can be applied to any sequential LVM
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SVG
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FEEDBACK PERCEPTION

matches or outperforms each inference model 
with a single setup/architecture

10

speech video MIDI
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iterative improvement
more computation      better performance!
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CONTROL
feedback
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FEEDBACK CONTROL

Marino, Piché, Ialongo, Yue 2020
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FEEDBACK CONTROL

Marino, Piché, Ialongo, Yue 2020
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FEEDBACK CONTROL

simulated robotics environments from OpenAI gym

Hopper HalfCheetah

Swimmer Humanoid

Walker2d

Ant
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direct policy networks yield suboptimal estimates

Marino, Piché, Ialongo, Yue 2020

FEEDBACK CONTROL
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iterative optimizers yield multiple locally optimal estimates

Marino, Piché, Ialongo, Yue 2020
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improves efficiency over 
standard optimizers

Marino, Piché, Ialongo, Yue 2020

HalfCheetah

Walker2d

Ant

0 100 200
Opt. Iteration

555

560

565

J

0 100 200
Opt. Iteration

460

480

500

J

0 100 200
Opt. Iteration

440

441

442

443

J

0 100 200
Opt. Iteration

13.8

13.9

14.0

J

Swimmer



59

0 1 2 3
Million Steps

0

5000

10000

15000

C
um

ul
at

iv
e

R
ew

ar
d

direct

iterative

HalfCheetah

comparable or improved 
performance over direct amortization

Marino, Piché, Ialongo, Yue 2020
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NEUROSCIENCE
connections to



machine 
learning

control 
theory
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backpropagation

theoretical 
neuroscience

reinforcement 
learning

linear threshold unit

predictive coding

information

feedback control

probabilistic 
graphical models

multi-layer 
perceptrons

minimum 
redundancy codes

model-based  
control

hierarchical 
control

cybernetics
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providing new correspondences…

Neuroscience

predictive 
coding

Machine Learning

variational 
autoencoders
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pyramidal neuron
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PYRAMIDAL NEURONS AS DEEP NETWORKS

Marino, 2019

pyramidal neurons as multi-layer artificial networks

(Zador et al., 1992; Mel, 1992; Poirazi et al., 2003; Polsky et al., 2004; Gidon et al., 2020…)
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pyramidal neurons as multi-layer artificial networks
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PYRAMIDAL NEURONS AS DEEP NETWORKS

Marino, 2019

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

errors provide a local training signal
e.g., target propagation (Bengio, 2014)

pyramidal neuron
<latexit sha1_base64="7XY8gHJwTUsdq0+DWdSkGUzfTfM="></latexit>
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lateral interneurons add or remove spatiotemporal correlations between neurons

Marino, 2019

normalize
<latexit sha1_base64="hGOs4RxcXljv6QdmumAedM2H5c8="></latexit>

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

LATERAL INHIBITION & NORMALIZING FLOWS

generalized by normalizing flows (from machine learning)
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spatiotemporal
<latexit sha1_base64="ujduGB53CviLS4rs1Y1/voD4EiU="></latexit>

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

retina
<latexit sha1_base64="txQdsmSwoi1hWIuSfzTdtrJIzXU="></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="2DLctlRnln8rUGvY6ScommwatuM="></latexit>

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

y
<latexit sha1_base64="m6euZit1krgrtiFqyIUrK2Mx8O8="></latexit>

µ✓
<latexit sha1_base64="l0Ke2CNbY3w+39J9mtQy0ZuO9Ck="></latexit>

⌃�1/2
✓

<latexit sha1_base64="fq/6EHHLiVcWwaZUVmUJxQEoAEI="></latexit>
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spatiotemporal
<latexit sha1_base64="ujduGB53CviLS4rs1Y1/voD4EiU="></latexit>

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

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

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

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>

yt�1
<latexit sha1_base64="KvyPArS82T85tiuJt2GCgD/Ikz8="></latexit>

yt�2
<latexit sha1_base64="mUjuBJqGftOUIbuG9/pTaimDCV8="></latexit>

yt�3
<latexit sha1_base64="0Noj2+JoTUtAIo22JXXY8eRBFok="></latexit>
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spatiotemporal
<latexit sha1_base64="ujduGB53CviLS4rs1Y1/voD4EiU="></latexit>

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

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

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

cortex
<latexit sha1_base64="8BOcPOAGc9bvfisMD6dBL4IsDUc="></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>
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Cybernetics
<latexit sha1_base64="xNDr0Dy4+zqGFDoZtoTV4ZxNNWE="></latexit>

Feedback
<latexit sha1_base64="Gm6/O48VljMTj7pi0hOM4GOGzkE="></latexit>

Perception & Control
<latexit sha1_base64="dS0o4qoTLrOqaJnrW4RejCy0TaQ="></latexit>

Theoretical
<latexit sha1_base64="OXMBzYqb1Qk9MiFTsQ4m7xQ0e3k="></latexit>

Neuroscience
<latexit sha1_base64="EQCN1geucAdf2sTINZWHMkTu1kk="></latexit>

Machine
<latexit sha1_base64="2FSY/zmQNCvj7/oX+8dUqIukVl4="></latexit>

Learning
<latexit sha1_base64="s/2Ot/vLLppsJAuwoiAQXB18FH0="></latexit>

Control
<latexit sha1_base64="5k3xzP/fYxkjDiIboJ6NPBbROYc="></latexit>

Theory
<latexit sha1_base64="TSFvy/724+7QsBcNjuuSew7v/DU="></latexit>

Kalman, 1960
<latexit sha1_base64="ybTh9qYo2ymllaH2IIJ1tNBYj0I="></latexit>

MacKay, 1956
<latexit sha1_base64="MGXQrLMNzFUiERn3W0kO7UB0sd8="></latexit>

Shannon, 1948
<latexit sha1_base64="AXGNxZB2+zO5BevVdDQLAT+DUII="></latexit>

Wiener, 1942, 1948
<latexit sha1_base64="7+HutZu99fu6873sD2pKnXxXdTc="></latexit>

Ashby, 1952
<latexit sha1_base64="0wziz9IYdUYmAIW6a8R0uXe72Dg="></latexit>

McCulloch & Pitts, 1943
<latexit sha1_base64="7XYM52X1iyfLiy6SgKPzElD/dkI="></latexit>

Rosenblatt, 1958
<latexit sha1_base64="Qy9ToeQXBXxtgV/63aK2tg1yA/0="></latexit>

Powers, 1973
<latexit sha1_base64="nxTdOmVhGeA9GOp4kQv37Cl+R+8="></latexit>

Rumelhart et al., 1986
<latexit sha1_base64="o2HoSuSdBq83j37siXbvMzYKLCg="></latexit>

Information
<latexit sha1_base64="8KOpIHumxzgs/eunFRn5MRE5UPE="></latexit>

Linear Threshold
<latexit sha1_base64="rIu1wHcZjdVHqxpLtWaZSwQyEjo="></latexit>

Unit
<latexit sha1_base64="ivYW7CFX38Z5aRf+X7iG10BBJng="></latexit>

Feedback &
<latexit sha1_base64="Wb6y7ZSTddS6w2I60ldb4wD0qSE="></latexit>

Homeostasis
<latexit sha1_base64="7Z19sU/anYqKitl902rCvG9IDeI="></latexit>

Information in
<latexit sha1_base64="Ob8a8z66PKAuvMI8cWjpQuYNPbY="></latexit>

Neuroscience
<latexit sha1_base64="EQCN1geucAdf2sTINZWHMkTu1kk="></latexit>

Perceptron
<latexit sha1_base64="ZwzkvT+u653VSsj6A9nXBi4ioiQ="></latexit>

Backprop &
<latexit sha1_base64="u+mGdzI2I6m/Z55/mMsj6gfhEuo="></latexit>

Perceptual
<latexit sha1_base64="HjLxr0bZvBZLN10r2jNpmQEsUw0="></latexit>

Control
<latexit sha1_base64="5k3xzP/fYxkjDiIboJ6NPBbROYc="></latexit>

Barlow, 1961, 1989
<latexit sha1_base64="sjWZM1qHSLACHr+0fY1cKrKKRIg="></latexit>

Srinivasan et al., 1982
<latexit sha1_base64="9oRcd11qYqL6kjoEYYM1Va/fcPA="></latexit>

Bialek et al., 1991
<latexit sha1_base64="sDu0ncCbDM9WG12Q7DXnhJXwTqM="></latexit>

Variational
<latexit sha1_base64="Rmp7t8UJ9vZQM5Yl0fY1Z15t+ys="></latexit>

Inference
<latexit sha1_base64="1fsGlf9WV8fdkC9EcdHzNT+oS1M="></latexit>

Spatiotemporal
<latexit sha1_base64="RnXwjKHLRK0dHWSs3D8EJuMK6e4="></latexit>

Predictive Coding
<latexit sha1_base64="j90RZquCLRJM3MdwD7TydOvl1Oc="></latexit>

Dong & Atick, 1995
<latexit sha1_base64="m5zXe0czCWe6YtAevEIPu/0M2Es="></latexit>

Werbos, 1974
<latexit sha1_base64="HhJ5aAWGTaSElLvgPqXPcBaQt0A="></latexit>

Helmholtz
<latexit sha1_base64="QR1yAf6xpkTfcfzNmQTmcSBRkMY="></latexit>

Machine
<latexit sha1_base64="2FSY/zmQNCvj7/oX+8dUqIukVl4="></latexit>

Generative
<latexit sha1_base64="gCCBi9rF50cg7j98DQC2XFcMc3c="></latexit>

Perception
<latexit sha1_base64="hWaMHF6oT4fv6FpLkR4h97cl65g="></latexit>

Mumford, 1991, 1992
<latexit sha1_base64="bVdSfuQ/yQhIY1J3HEkZryJLH78="></latexit>

Variational
<latexit sha1_base64="Rmp7t8UJ9vZQM5Yl0fY1Z15t+ys="></latexit>

Autoencoder
<latexit sha1_base64="4OcZ8wQaq9D4k13vKn4AOWL3c0g="></latexit>

Hinton & Van Camp, 1993
<latexit sha1_base64="3dR8gvmwke7p4jBWz97cL9esC2o="></latexit>

Neal & Hinton, 1998
<latexit sha1_base64="gVsaBUX5qfHgiMjooL7477oUBQo="></latexit>

Predictive Coding
<latexit sha1_base64="j90RZquCLRJM3MdwD7TydOvl1Oc="></latexit>

Hierarchical
<latexit sha1_base64="Lb0o/vAK/+oL1zIP6O8HzgLnEQQ="></latexit>

Olshausen & Field, 1996
<latexit sha1_base64="uipMGfmXr5m11UwrTxlfEYeg9HU="></latexit>

Rao & Ballard, 1999
<latexit sha1_base64="BbCRdmPFgawyeodlTjXEBi7ETn8="></latexit>

Free Energy &
<latexit sha1_base64="v3hNAGhdfkr6EV77mvCkhXlE65E="></latexit>

Active Inference
<latexit sha1_base64="YoauQic1jVCgg8B4Oc+GBod8I8M="></latexit>

Friston, 2005, 2009
<latexit sha1_base64="+QxJthZA1r2tptAyMrnZHcjCV24="></latexit>

Dayan et al., 1995
<latexit sha1_base64="cjtknKEs4uZ+9NCeJ2/8ZAhYpjU="></latexit>

Kingma & Welling, 2014
<latexit sha1_base64="HZUo/TNwsx8j1jppcADLd0oV26E="></latexit>

Rezende et al., 2014
<latexit sha1_base64="8DLKz9c6IAIMXyxA/XZlKJ7RVm4="></latexit>

Deep Autoregressive
<latexit sha1_base64="wVtgj26EC0xfnD3Vin2vxD5kqDA="></latexit>

Models
<latexit sha1_base64="be+/UpaeHP5uJnLr3ADUHhwS2NI="></latexit>

Frey et al., 1996
<latexit sha1_base64="F+HDgiounr8VwvvbX79Zp4j5Y2k="></latexit>

Bengio & Bengio, 2000
<latexit sha1_base64="hCOmi49X+gxz7QqBXqYBtYDMx3U="></latexit>

Invertible
<latexit sha1_base64="jWsTzQt+uILoaQZBEvFiNe+QPkM="></latexit>

Models
<latexit sha1_base64="be+/UpaeHP5uJnLr3ADUHhwS2NI="></latexit>

Comon, 1994
<latexit sha1_base64="DTJh0h88RPaRZuUubv+JcDhDVJc="></latexit>

Parra et al., 1995
<latexit sha1_base64="jfWkrHuERCpEnPXQcd6Eq3CYCXc="></latexit>

Deco & Brauer, 1995
<latexit sha1_base64="xOL0vv65veGktzWX2OoPxcqdjOg="></latexit>

Bell & Sejnowski, 1997
<latexit sha1_base64="Od4ZHSo9vR05mHBqx3DF6eSosG4="></latexit>

Flow-Based Models /
<latexit sha1_base64="pd2CMaIw/V7K12VfXivzKKKDpLA="></latexit>

Normalizing Flows
<latexit sha1_base64="TBfYbGPVwodTvBLsayecWZ/AQXI="></latexit>

Dinh et al., 2015, 2017
<latexit sha1_base64="LkGr7SoYiSXqFM29iu0g/wqEQeU="></latexit>

Probabilistic Models /
<latexit sha1_base64="aN6wHxHdd7V/+o09bGbWc3bGTyE="></latexit>

Statistical Mechanics
<latexit sha1_base64="LHKDIoF42lxXODC1f2Tbrf6Ne+w="></latexit>

Ackley et al., 1985
<latexit sha1_base64="vz/wr/GI3GzpLDcFxw8a27I8Iew="></latexit>

Pearl, 1986
<latexit sha1_base64="k6aDsxtZ1TnGnzqnmxmix3ioiJ0="></latexit>

van den Oord et al., 2016
<latexit sha1_base64="hzxYQ0RX0fOm3Vip7sNh38K/01M="></latexit>

Reinforcement
<latexit sha1_base64="HnYVzZlMAdu9BpYuDyF1qsN8nBg="></latexit>

Learning
<latexit sha1_base64="s/2Ot/vLLppsJAuwoiAQXB18FH0="></latexit>

Sutton & Barto, 1998
<latexit sha1_base64="Eb+mqLiTnV6p167A/LYvvHF2GSw="></latexit>

Control as
<latexit sha1_base64="Y6bUDpzzoS0bqdji4YcRGVolTK0="></latexit>

Inference
<latexit sha1_base64="1fsGlf9WV8fdkC9EcdHzNT+oS1M="></latexit>

Todorov, 2008
<latexit sha1_base64="vJhuMgyhHYlUzgM9jISYtuzhtW4="></latexit>

Toussaint & Storkey, 2006
<latexit sha1_base64="lLXGjgoxUMQknawCBoRTXl02c2M="></latexit>

Deep RL
<latexit sha1_base64="qjZxr/WGwtwxRYiBzdovmzxlphY="></latexit>

Mnih et al., 2013
<latexit sha1_base64="I/QuPtvRfZxSNynElhkN2rR2l5w="></latexit>

RL as Inference
<latexit sha1_base64="jGzfW+J17oGi6n4TLLazOJkHaGE="></latexit>

Levine, 2018
<latexit sha1_base64="ct6MGpEbP6pJxHieZupLAoh3leY="></latexit>

Abdolmaleki et al., 2018
<latexit sha1_base64="5BMcOcs/fkNa8fMikTcjqu2yjZo="></latexit>
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