LECTURE 10: Conditioning on a random variable; Independence; Bayes’ rule

e Conditioning X on Y

— Total probability theorem

— Total expectation theorem

e Independence
— independent normals

e A comprehensive example

e Four variants of the Bayes rule
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Comments on conditional PDFs
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fxiy(z|y) = o fxy(z|y) >0

e Think of value of Y as fixed at some y

shape of fX|Y(-|y): slice of the joint
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Total probability and expectation theorems 'f"mr (%,7)
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Independence

px.y(z,y) = px(x) py(y),

for all =, y

[

fxv(z,y) = fx(z) fy (y),

for all z and vy ] -Fn,f];.r g J;Y

fxy(z,y) = fxy(z|y) fy (y)

e equivalent to: fxw(;ﬂy) = fx(x), for all y with fy(y) >0 and all x
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If X, Y are independent:

E[XY] = E[X]E[Y]

var(X 4+ Y) =var(X) + var(Y)

g(X) and h(Y) are also independent: E[g(X)h(Y)] = E[g(X)] - E[h(Y)]




Stick-breaking example
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e Break a stick of length ¢ twice
— first break at X: uniform in [0, /]

— second break at Y: uniform in [0, X]
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Stick-breaking example
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Independent standard normals i,=p,=0; oo=c=1

fxy(z,y) = fx(z)fy(y)
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Independent normals =y =0; o5 =1, o\,=4

fxy(z,y) = fx(z) fy(y)
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The Baves rule — a theme with variations

Inference
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T he Bayes rule — one discrete and one continuous random variable

K': discrete Y: continuous
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T he Bayes rule — discrete unknown, continuous measurement

e unkown K: equally likely to be —1 or 41

measurement Y: Y =K+ W,; W ~N(0,1)
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T he Bayes rule — continuous unknown, discrete measurement

e Mmeasurement K: Bernoulli with parameter Y g fy (y) pK[Y(My)ﬁ
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