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Bayesian Inference

e Frequentist: Parameters are fixed, but unknown

e Bayesian: Parameters are random variables
described by probability distributions

e Bayes’ Theorem
* P(6ly) = P(6) * P(y|B) / P(y)

e Posterior = Prior * Likelihood / constant
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Prior Distribution: P(B)
(Uninformed)

10

Prior

=Beta(1, 1) P(B)
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Prior Distribution: P(B)
(Informed)

Prior = Beta(30 , 30) P(6)
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Likelihood Function: P(y|6)

Prior = Beta(30 , 30) P(©)
104 Likelihood = Binomial(10, 4 ,6) P(y|0)
Data: 0,0,1,0,0,1,1,0,0,1 vy
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Posterior Distribution: P(0)y)

Prior = Beta(30 , 30) P(©)
104 Likelihood = Binomial(10 ,4 | 0) P(y|6)
Posterior = Beta(4 + 30, 10-4+30) P(B|y)
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Posterior Distribution: P(0)y)

Prior = Beta(1, 1) P(e)
104 Likelihood = Binomial(10, 4 , 6) P(y|©)
Posterior =Beta(d+1,10-4 + 1) P(Bly)
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Posterior Distribution: P(0)y)

Prior = Beta(1.0, 1.0) P(e)
10 Likelihood =Binomial(10, 4, 6) P(y|6)
Posterior =Beta(4 +1.0,10-4+1.0) P(Q]y)
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Posterior Distribution: P(0)y)

Prior = Beta(30.0 , 30.0) P(0)
10- Likelihood = Binomial(10, 4, 6) P(y|6)
Posterior =Beta(4 +30.0, 10-4 +30.0) P(0|y)
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Markov Chain Monte Carlo

e Estimate posterior probability distributions
e Avoids difficult/impossible analytical solutions

e [n each iteration, draw parameter values &
calculate likelihood

e Several common algorithms for draws



Posterior Distribution: P(0)y)

10

Prior = Beta(1, 1) P(0)

Likelihood = Binomial(10 , 4 , ©) P(y|0)
Posterior =Beta(4 +1,10-4+1) P(Bly) - analytical
Posterior = approximated P@Oly) - MCMC

R
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stan

e | anguage/platform (2011)

e Open-source

e Many interfaces (R, python, Matlab, etc)
e Compiles model to C++

e Hamiltonian Monte Carlo (HMC) combined
with a No U-Turn Sampler (NUTS)



An example: Linear regression

in R:

y =bx + a (+ €)

modl <- Im(y ~ Xx)
summary (modl)

Fraquency

Histogram of out_ImSresiduals

-1C -5 0

out Im$residuals

15



15

An example: Linear regression

y =bx + a (+ €)
¢ ~ Norm(O0, o)

y ~ Norm(bx + a, o)

5 - Histogram of out_ImSresiduals
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y ~ Norm(bx + a, o)

In stan: data {
o P lock int n;
rogram blocks vector[n] x:
* Explicitly declare vector[n] vy;
variable type, size, }
& constraints parameters {
| | real a;
e End lines with ‘;, real b,
e Asin R. order real<lower=0> sigma;
’ !
matters nodel {

a ~ normal(0, 1);

b ~ normal(®, 1);

sigma ~ cauchy(©, 2.5);

y ~ normal(b*x + a, sigma);

;



Data Types: R

e vector (1D)

e matrix (2D)

e array (nD)

e dataframe (2D)

o |ist



Data Types

° INt

e real

e vector (1D)




Data Types

° INt

e real

e vector (1D)

e row_vector (1D)



Data Types

° INt

e real

e vector (1D)

e row_vector (1D)
e matrix (2D)

e arrays (nD)




