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Probability of each face under each
hypothesis about how the die is loaded

Belief | Face 1 2 3 4 5 6

5 Probability | 1/7 | 1/7 | 1/7 | 1/7 | 17 | 2/7

25 Probability | 1/8 | 1/8 | 1/8 | 1/8 | 1/8 | 3/8

25 Probability | 1/6 | 1/6 | 1/6 | 1/6 | 1/6 | 1/6
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More precisely, suppose X1. X3, X3, ... is an infinite exchangeable sequence of
Bernoulli-distributed random variables. Then there is some probability distribution m
on the interval [0, 1] and some random variable Y such that

* The probability distribution of Y'is m, and

* The conditional probability distribution of the whole sequence X, X5, Xq, ... given
the value of Yis described by saying that

* Xy, X3, X3, ... are conditionally independent given Y, and

Forany i = {1, 2, 3, ...}, the conditional probability that X; = 1, given the value of
Y.is Y.

p(Xu X)) =], p(y)(lj P(X| y))dy

p(X;=1]y)=y 305 A/
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Variational Inference
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initialize ¢". := 1/k for all i and n
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