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Parr, Thomas, et al. Active Inference: The Free Energy Principle in
Mind, Brain, and Behavior. MIT Press, 2022.
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Ma, Wei Ji, et al. Bayesian Models of Perception and Action.

An Introduction. MIT Press, 2023.

§ Bayesian Models of Perception and Action
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Bayesian Models of

Perception and Action
An Introduction

Wei Ji Ma
Konrad Paul Kording
Daniel Goldreich

Figure: Bayesian Models of
Perception and Action
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@ Chapter 2. Using Bayes' Plwet-0. o P(T | D)P(D)

P(T | D)P(D) + P(T | -D)P(-D)
Rule grRtol 7hs A

AI’ Step 1) HA ZApt2 Zchof|AM2] RHE P(D | T) 617| (prior &H|0]
7:” — E)

Likelihood(wet) = p(shiny|wet) = 0.8 Hlget Fo{FoL| P(T | -D) = a,P(T | D) = 502 $¥ o= A42E:
Likelihood(dry) = p(shiny|dry) = 0.4
0. 0] ME{e| =X P |T)= —2 00 _ 005 o808
o (D7) 5-0.01+1-0.99 1.04 ’
Chapter 22| SE = tha3| Bayes' rule 342 A715h= 20| OfL|Ch. I 2 E AHZ=HE (Protoposterior)
of Fe sae chg BEol et Holct, 1. 810 £ 0.1x0.8=0.08 = w2t

2. OF23 HH%: 0.9x0.4=0.36
DTN HFE 5 0.44 (44%)7} BHE

"2 (observation)2 2%S mf, 22|= HlA(world)ofl CHel ofEA 2SS oo P(—D|T)=1-0.04808 = 0.95192

Biiof sh=7te" STK| 2tE2 A Mo
1. BFRO|= 24 5 R HIS 0.08/0.44=0.182=18.2% L : : HAEE UM FEBOI% > H481%E LS
REE LR 2. BHRO|E Z 5 02 HiS}: 0.36/0.44=0.818=81.8% W B
. . ingo Al
Bayesian modeling! &%t BERelo|2 717} it M2 JH0| R2AKIEL, U2 012 Hito] hET o2 B Step 2) OIH P(D | +,T) A&
« prior, likelihood, posterior2| 2& L&t I 20| (A ZHEO| &) TS| “HIErO] TRICP T LA a2lH. AL Ms0| ToF SRSICID B1:
. t=0| S| = 3Ex
AlZE0| 28| Mxl2s $EH @ P(+|D,T)=P(+ | D) =0.97
« Bayesian inference?t X|Zt3} ZHOZ 0|0{X|= 4| . . .
< eoyEOz MBIt Mondegreens: misheard words as Bayesian inference P(+ | ~D,T) = P(+ | ~D) = 0.02

. N : ; : : Bayes(E7! Z%) Mg (prioro| AMEUI):
. . o] X x" __'l.x 21 Phonetic ambiguity (wide likelihood) + strong expectations (prior) - misperception
1. Bayesian Modeling®| H#| % (2.1) P(+ | D)P(D | T)

Bayesian 2UE 34 HeZl £4E WECh v A P(D|+,T) =
**“LL/\ There’s a bad moon on the rise P(+ | D)P(D | T) + P(+ | _‘D)P(_‘D | T)
- Creedence Clearwater Revival
Step 1. Generative Model (A4 2 &) 2 the sky with Simon There's  bathroom on the rig
o MIAZL O{EH HES SO0 CHEt EEX MH I

. SHEA EFE|E He

1.3 Sensory noise and perceptual ambiguity

And you come to me on a summer breeze
- Bee Gees (How Deep Is Your Love)

o M7l AEli(world state)

o #Z(observation) Lady Mondegreen - N
. A RS o D £ ] Sensory noise = stochastic variability in sensory signals (external + internal).
| “stof M7i7t of Alehatet, olat EHo| DML R LiEREE}e" -~ f'L el L] = =< Noise widens the likelihood function - posterior becomes flatter (more ambiguous).
" Harper's Magazine (Nov. 1954) Repeated observations can reduce uncertainty (likelihood sharpens over time).

Generative model2 #Z > M|A|7t otL|2t

M7l > 35 ggrolc,
Figure 1.11: “Lucy in the sky...” examples
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