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Traditional Model of Intelligent Systems

> “Cognition” = “Action”




Current Al follows this paradigm
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The Brain is NOT a Feedforward Network

Feedforward: Blue Feedback: Red

Dorsal pathway

" Ventral pathway

(Gilbert & Li, 2013)

Nature Reviews | Neuroscience



Predictive Coding Theory of Cortex (1999)

Cortical Area

Error l

Update Internal
Input &) Representation

(Rao & Ballard, 1997,1999; Rao, 1999; Huang & Rao, 2011; Jiang & Rao, 2021)

Prediction

Feedback = Prediction
Feedforward = Prediction Error

Implements Bayesian Inference



Bayesian Brain Hypothesis

Hvpothesis: The neocortex learns an internal

(generative) model of the world and uses
Bayesian inference to estimate the most
probable world states causing sensory inputs

. /"/ . -
The World / The Estimator N
/ / \
- 4 —
N\ < T ’ J’ L)
] (I ATl S \
\ Ve —. - P ) | \Tl{tr / ® -Im \/, 1\‘ \"J/ S B AN
- . : - N - ~y / e
y . / N - IJII % //.'!‘ ~/ — 4‘ N
- P P ___:_/) ) e | ;"I rr" N i *//J TS E— \\{' l
— 7 - YR 5' s /
T~ NS I ) ' __:!::-_::?;‘?: -
— |/ Model ;
S /
e Parameters /

Hidden State ™= Visible State 4_Hidden State

("Internal” to  (MAPPINE  (wpyiemapry | ("Internal" to /
™ the Estimator)

the World)  function) —

Bayesian Brain

PROBABILISTIC APPROACHES
TO NEURAL CODING

PROBABILISTIC MODELS
OF THE BRAIN

Perception and Neural Function

atad by
Rajesh P.N. Rao, Bruno A. Olshausen,
and Michael S. Lewicki




Experimental Evidence for Bayesian Models

Motion from cast shadows (Kersten et al., 1996)

Surface perception based on texture (Knill, 1998)

Inferring 3D shape from 2D images (Mamassian et al., 2002)
Color perception (Bloj et al., 1999)

Cue combination for depth perception (Jacobs, 2002)

Motion 1llusions (Weiss et al., 2002)

Motor control (Kording and Wolpert, 2004)

Speed perception (Stocker and Simoncelli, 2006)

and many others....






Origins: Helmholtz
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Perceptual processes “...are in general not conscious
but unconscious. In their outcomes they are like

inferences insofar as we from the observed effect on
our senses arrive at an i1dea of the cause of this effect.”

Helmholtz, 1867; page 430



Predictive Coding Model:
An Implementation of Bayesian Inference

Cortical Area

Error l

Update Internal
Input &) Representation

(Rao & Ballard, 1997,1999; Rao, 1999; Huang & Rao, 2011; Jiang & Rao, 2021)

Prediction

Cortical Feedback = Top-Down Prediction
Feedforward Connections = Prediction Error

Based on a generative model of inputs



Simple Example: Linear Generative Model

Image Oriented Basis Filters Filter Response Vector
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Spatiotemporal Generative Model

Spatial Generative Model:
I(t) = Ur(t) + n(t)

r(t) = hidden state vector, n = zero mean Gaussian white
noise with covariance X

Temporal Dynamics of State Vector:

r(t) = Vr(t-1) + m(t-1)

J = transition matrix, m = zero mean Gaussian white noise
with covariance X

Goal: Minimize Prediction Errors (weighted by inverse
variance aka precision):

E=I-Ur)x'(I-Ur)+(r-r) M '(r-r)
Minimize w.r.t. v = Inference via Network Dynamics

Minimize w.r.t. Synaptic Weights U, V = Plasticity/Learning
Minimize w.r.t. Actions = Planning/Active Inference



Minimizing Prediction Errors via State Estimation

Setting dE£/dr = 0 and solving for the optimal r yields network
dynamics for minimizing prediction errors:

r(t) = Vr(t — 1) Next state prediction (lateral connections)
U r(t) Top-down feedback prediction of input
r+G(t) UI(I(t) — UTK(t))) Correction based on error

| | |
Gain Error

I =
£ —

UT= Feedforward Matrix
U = Feedback Matrix
V= Recurrent Matrix (Lateral Connections)

G = Sensory Error Gain / Precision Matrix



Single Level Predictive Coding Model

f(t) =1(t) + UTG(t)(I — Ur(t)) Prediction F(t) = Vi(t — 1)

(Variance is updated as well)

Sensory Feedforward
Error Gain > Synapses
Error/ G I
\
Gating of Internal
Recurrent — .
—>® error f(e) | Synapses r Representation
A — \ (Neural
R n
Feedback ESR0 ses)
Synapses —
U Prediction

(Rao & Ballard, Neural Comp 1997, Nature Neuro 1999,
Rao, Vis Res 1999; Huang & Rao, Wiley Cog Sci 2011)

Cortical Feedback = Top-Down Prediction
Feedforward Connections = Prediction Error
Local Recurrent Connections = Temporal State Prediction



Bayesian Inference via Prediction and Error Correction

Current Estimate Prediction
G(F(t-1), N(t-1) ) G(F(t), M(t) )
*' D.}DB-
New Estimate

G(F(), N®))

Correction

New

Input
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Hierarchical Predictive Coding
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Predictive Coding explains Contextual Effects
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Growing Interest in Predictive Coding in Recent Years

2006 2007 2008 2009 2019/ 2011 2012 2013 2014 2015 2016 2017 2018 2019 2020 2021 2022 2023 2024 2025
(# citations: Rao & Ballard, Nature Neurosci., 1999)

10 years III
—_— ~nnnnnnlll]

Attention (Feldman & Friston, 2010), binocular rivalry (Hohwy et al., 2008), neural repetition suppression (Summerfield
et al., 2008), mirror neurons (Kilner et al., 2007), motor planning (Brown et al., 2011), action understanding (Ouden et
al., 2012), theory of mind (Koster-Hale & Saxe, 2013), emotions (Seth, 2013), aesthetics (de Cruys & Wagemans, 2011),
self-awareness (Apps and Tsakiris, 2014), consciousness (Seth et al., 2011), autism (Lawson et al., 2014), locomotion
(Fridman & Petreanu, 2017), schizophrenia (Sterzer et al., 2018), automobile driving (Engstrom et al., 2018)...

I'he O
Predictive
Mind

INTELLIGENCE

KOR HOHWY




Predictive Coding and Friston’s Free Energy Principle

Variational inference: Approximate probability distribution
pe With tractable distribution g, (parameters are 8, @)

r o(r|I
KT, D) = [ap(emtog 250 i~ [ a,(011) 108 227 S + tog

po(r|I)
=F + logpg(I)

F = KL(qu(r|D || pe(r|D) — logpe(D)

Free energy principle (Friston, 2010): Organisms minimize
variational free energy F to minimize KL divergence
between g and p. Can rewrite F for predictive coding as:

F o KL(gy(r | I)||pa(r)) + quﬁul - f(Ur)HzJ (cf. VAE loss function)

= KL-divergence between posterior and prior for r + Mean Squared Prediction Error

Minimizing predictions errors (plus KL divergence from
prior) minimizes variational free energy



2018: Al discovers Prediction Errors for training Transformers
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BUT...the predictive coding model
1ignored an important aspect of vision
and all of perception...

(credit: Sebastiaan Mathot)



Perception involves Action!

Eye movements
(Free exploration)

(Yarbus, 1967) Estimate how wealthy they are ~ Estimate their ages

Perception 1s not static — 1t involves eye
movements, head movements, body movements...



Bew did “intelligence” evolve?
Why

uTRENT “intelligence”
When life was simple... Later ./ uuuuu \/
Falieo- | —
—@ 7 )+ 5
:>/\ act
Internal External control Cisek 2019
. : i
metabolic control of environment ( S ) |
via chemistry via action Related ideas: Buzsaki,

Llinas, Powers, Friston, ...

Intelligence likely evolved to control the body:

* Move towards desirable conditions (nutrients, food)
* Move away from undesirable conditions (noxious stimuli, predators)

(Examples adapted from Paul Cisek’s talk)
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Even primary sensory cortices like
V1, Al and S1 send outputs to sub-
cortical motor centers (superior

colliculus, inferior colliculus, basal
ganglia, spinal cord,...)

Why?
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Inspiration from Remforcement Learning and

Control Theory
WORLD
Sensory
Sampling Motor
of World
State AGENT Output
(Action)
State
Transition/
Dynamics RSGERES
Function | 5 ediction
World Action

model selection




Active Predictive Coding (APC):
Basic Sensory-Motor Module "World model”

Neocortex
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(Rao, Nature Neuroscience, 2024)



Inference and Learning in the APC Model

Inference: Each area

uses feedback (e.g.,
prediction errors) to
update its state
estimate and action
estimate before
generating next
state/action
prediction

Learning: Using
prediction errors
and rewards
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Hierarchy in the Cortex

Visual hierarchy
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Hierarchical APC: Computational Motivation

Exploiting Compositionality to Solve Complex Problems

Go to Grocery Store

Walk to door Walk to garage Get into car & drive to store
I I
| | . I

Open car door Close car door Put on seatbelt Turn on engine

e Policies and transition functions can be re-used to solve other tasks
* Evolution builds on top of what is already there — re-uses modules



Hierarchical Representations in Perception

i Part-Whole
Hierarchy

Parts can be re-used to represent other objects



Hierarchical APC: Implementation
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(Rao, Nature Neuroscience, 2024; Rao et al., Neural Computation, 2023)



Example #1: Active Perception

States encode Actions encode Region
current object/part where to look next  selected by Region
. _ higher level  selected
State generation Action generation ]
R At . action by lower
rt i\i —R: ﬂF a=> Ay level
| \ action
?’ I, 1:—1 At 1

a at 'E—l ‘J

State networks trained to  Action networks trained — =e=mm=  Predicted
minimize prediction error  to minimize task loss or and analyzed

via gradient descent maximize reward via RL -
region

(Rao et al., Neural Computation, 2024; Gklezakos & Rao, CVPR NeuroAI Workshop, 2022)



Active Perception Examples (after Learning)

Action networks

Aiifeelfijzable o perform hierarchical State networks
based p Samp lmg of image predict next input
based on

accumulated

evidence
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Parsing and predicting an object hierarchically

Macro-Step 3
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Learned Part-Whole Hierarchy for an Object

What

Where




Example #2: Same APC Model can be used for
Hierarchical Planning!

Large “building 7 environment  Plan using higher-level states and actions

Higher-level states = “rooms”  Higher-level actions = goals




APC Hierarchical Planning 1s Efficient and Adaptive
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What about Language?



Testing the Generality of APC Framework:
Language Understanding

Hypothesis: If laminar cortical architecture 1s similar across
areas/modalities, APC model used for vision and navigation

should also be applicable to language understanding

BabyAI Platform. Language understanding + vision-based tasks

(a) GoToOb;: "go to (b) PutNextLocal:
the blue ball" "put the blue key next

to the green ball"



Language Understanding using APC

1///;1;;::\ * APC state network infers the goal of

| a sentence word-by-word
il [ Simular to inferring a visual object

|
open the green/door saccade-by—saccade
open the-purple door

open the yellow door

—p —p
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Summary and Conclusions

(Active) Predictive Coding as an implementation of Bayesian

inference based on an internal generative model of the world
Sensation and action intimately intertwined and hierarchically
organized

APC model suggests how the same cortical architecture can

solve a variety of problems:
Active perception
Part-whole learning
Navigation & Planning
Language understanding
(Possibly) abstract concept learning

Ongoing work: Scaling up the model via transformers and
GPUs, collaborations with neuroscientists to test theory
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