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· 3 operations 11 mera rule
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(3) Factorization:

f(x,y) =f(x)f(y(x) =f(x)f(x(x)



· Mera Rule:Insertthe same condition
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Countthe same subpopulation

· Example

x)f(x(z) =(f(x,y(z)(x magnalization

(2) f(X(X,z) =f(x,y(z) conditioning
F1 x(z)

(3) f(x,y(z)
=f(x(z) f(01x,z) factorized in

2· Discrete:1 - v



· Baxe's Rule:
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· Bare'shule:

F(X(0) =f(x,y) conditioning
1 f(0)
fixed

=
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· Note:f(x(f)(f(x,y)
=f(x) f(y(x)
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a Multivariate Gaussian:

X v(n,z)
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special case when [c:E,2 = 0.

Then,
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· In general, diagonize
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towards the mean
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· Bayesian Regression:

Das y P [11x,] -N(X, wIn)
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P(B)
X I prium: ~N (0,Ep)

Las if is sumpled from population
A of N possibilities)

posterion:

P(B1X,0) & PLB) P(0(X,)

prices likelihood()
Note:Gauss assumed 5=0,

so we know nothing about us

(non-informative prions.

· Whataboutfinite 5
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P(B1 x,y) &nsryexp(-)

[01 x,]
versing to iniucayexp(r)0-x) + 1 + -xB))

~ exp(-2) in 11 - x1 + - (1)
Ridge-Regression
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A> 0



· [B1X,] P(B)X,i)
↓

basis for inferences prediction

B
Does notoverfit

account for uncertainty
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· Basesian/Frequentistcontrovers,

example:prior, speed of light(N prior (C)
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So Con(f(x.), f(x2))
=cov(h(x,( TB,h(x.)
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