
Chapter 1: Uncertainty and Inference

임수빈



Perception = inference about the world

We do not observe the “world state” directly — we observe noisy sensory data.

•Goal: estimate which hypothesis about the world is most likely given the observation.

•This naturally leads to conditional probabilities: p(world state | observation).

Notation used throughout the chapter

Observation (sensory input): A   |   Hypothesized world state: B

Key quantity: p(B | A)

Uncertainty → probabilistic inference



Conditional probability in everyday life

p(B|A) = “the probability of B given A”

Figure 1.1: scenarios of probability judgments



Conditional probabilities are not symmetric

Important: in general, p(A|B) ≠ p(B|A).

•Basketball example: most professional players are tall, but most tall people are not pros.

•So p(tall | pro) is high, while p(pro | tall) is low.

•Why? Because base rates (how common each event is) differ.

Exam tip: Always check the direction of conditioning and the base rate.

p(A|B) vs p(B|A)



Hypotheses and probability distributions

A “hypothesis” = a candidate world state we consider.

Figure 1.3: two, multiple, and continuous hypotheses



Likelihood: how well each hypothesis predicts data

Likelihood function: p(observation | hypothesized world state)

Answers: “If this hypothesis were true, how likely is the observation I saw?”

A sharper (more peaked) likelihood means the observation is highly informative.

A flatter likelihood means many hypotheses could explain the same observation.

Likelihood encodes information in sensory data



Prior: what you expect before seeing the data

Prior distribution: p(world state)

Represents background knowledge and expectations (learned from past experience).

Different people can have different priors in the same situation.

Priors can be “sharp” (strong expectation) or “flat” (weak expectation).

Prior = expectation before observing



Example: recognizing a friend

Same observation, different priors → different conclusions

Figure 1.4: Likelihood + Prior → Posterior



Bayes’ rule: combining prior and likelihood

Posterior ∝ Prior × Likelihood

Posterior = constant · Prior · Likelihood

Posterior: p(world state | observation) — what you believe after seeing the data.

Constant (normalization): makes probabilities sum/integrate to 1.

If likelihood favors A but prior favors B, the posterior depends on which is stronger.

Equation (1.1) in the chapter



1.3 Sensory noise and perceptual ambiguity

Sensory noise = stochastic variability in sensory signals (external + internal).

Noise widens the likelihood function → posterior becomes flatter (more ambiguous).

Repeated observations can reduce uncertainty (likelihood sharpens over time).

Key intuition: flatter posterior → more uncertainty

Noise broadens likelihoods



Likelihood widening can happen without noise

Geometric/optical ambiguity, occlusion, unknown illumination…

Figure 1.6: size-distance, occlusion, illumination



1.4 Bayesian inference in visual perception: wetness

Shiny floor: wet or dry?

Figure 1.7: likelihood can flip; priors can sharpen



Visual acuity changes the posterior

Same prior, different visual acuity → different likelihood → different posterior

Figure 1.8: tiger detection with different acuity



Camouflage: an evolutionary view of likelihood flattening

Figure 1.9: mimicry and blending widen likelihoods



1.5 Bayesian inference in auditory perception

Sound source localization: prior from vision + likelihood from hearing

Figure 1.10: birds-on-a-wire example



Mondegreens: misheard words as Bayesian inference

Phonetic ambiguity (wide likelihood) + strong expectations (prior) → misperception

Figure 1.11: “Lucy in the sky…” examples



Semantic ambiguity: meaning-level uncertainty

Same words, multiple meanings → likelihood over meanings

Figure 1.12: semantic ambiguity in language



Syntactic ambiguity: structure-level uncertainty

Even with perfect hearing, you still infer “what was meant”.

Figure 1.13: syntactic ambiguity + highlighted takeaway



1.6 Historical background: perception as unconscious inference

Figure 1.14: Bayes, al-Haytham, Laplace, Helmholtz



1.7 Summary: the core pieces to remember

Use this slide as your final recap
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