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- Reference: Parr, Thomas, et al. Active Inference: The Free Energy Principle in Mind, Brain, and Behavior. MIT Press, 2022.
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Bayesian Inference in Perception:

From Uncertainty to Decision Making

i. Inferring Hidden States (S) from Noisy Observations (x)

Wisaes owns Q2= MAS AT BUHK AL noiy
RS "rNO'SYSI?"aI B observation@t @=L}, [M2tA X[2te| EX|& 2
R« /\dd Noise Inference ES HE O Z MAMEIE FE8= Z0|C}
Observation x *  p(s): prior belief

*  p(x|s) : likelihood
*  p(s|x) : posterior belief

Bayes’ Rule: p(s|x) « p(x|s) X p(s)
Decision (MAP): § = argmax; p(s|x)

ii. Same-Different Judgment
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Log-posterior Ratio: d = log% + € = common cause (same)
(Ifd > 0 - Same) C = independent causes (different)
iii. Visual Search
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Bayesian Binary Classification and Marginalization

i. Response Distribution & Gaussian Distribution
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ii. Binary Classification and Marginalization
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1. BINARY CLASSIFICATION:
MAKING TWO-CHOICE DECISIONS.

2. MARGINALIZATION:
INTEGRATING OUT UNWANTED VARIABLES.
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iii. Top-level Nuisance Variables and Ambiguity

Shade of Intensity of
. surface illuminant

Other
observations
[Color Perception]
T 3 AL retinal intensity?t ZOtE,
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identity viewing angle
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[object recognition]
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Intensity measured
by retina

Probabilistic Framework of Human Cognition: Perception,

Learning, and Decision

i. Bayesian Inference under Measurement Noise
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ii. Learning as Inference
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iii. Discrimination and Detection
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Optimal Integration and Decision-Making under Perceptual

Uncertainty: A Bayesian Framework

Sensory Evidence and Bayesian Perception
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ii. Cue Combination and Evidence Accumulation
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iii. Inference in a Changing World
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iv. Combining Inference with Utility
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