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Whatto do when we can'tcomputeposterius
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Monte Carlomethods
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Maruti To check if the model has
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we introduced the posterior predictive distribution
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Prior predictive check
used as means to
verify that our

Bayesian model
Posterior predictive check can simulate

the data
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Posteriorpredictive check

A way for us to measure how well a

model is calibrated after we have done

inference
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Bad model

Crediblinteral

a metrin estimator Bayesian statisticians use

to assert the probability of something
happening in a Bayesian model
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ways to get this

Approximate posterior with a

Gaussian and use the Z scores

Simulate samples and empirically
evaluate the credible intervals

PredictiveAccurage

Before we were using the posterior predictive
distribution p x ̅ i n to check the calibration

of our model

We may also want to see how well our

model generalizes to unseen observations

Metric log posterior predictive density Lppd

Observe new data x ̅
Evaluate the predictive distribution
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the higher this metric the better the

performance of the model

evaluate this always on out of sample
data

Question In practice we don't want to

assess this metric after observing new

data We want to know it after
we train the model
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Union ofs

train these datasets

should

w̅ Intest be
in



train model an X
wain

evaluate ppd on infest

Problems with this approach

depends on the size of the split
if ntrain is small then we

don't have enough data to train

themodel

if nest is small the Ipod
estimator will have high variance

depends on the way we split the
data

In practice we evaluate the average performance
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180 s



small
Yamples

Average Ippd If Cppd xIs

Crossvalidation
Kin

a

PAI Ekin
Evaluate average ppd n.ie ffcppdlxuii

splitting and evaluation
is repeated for K folds

test

Averaget.PT Ppd Xiii



averaging the result over many possible

train validation splits

When he 1 for all k this is

called leave one out cross validation LOOCU

Bayesian

Approximate Inference

We have seen that Bayesian methods are capable

1 Incorporating domain knowledge into the

inferenceprocedure via the prior plt
2 Capture uncertainty aboutthe parameter
and about predictions using Bayesian inference

We have only dealt with models where the posterior
is analytically tractable
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The G usually has had the form of a dist

we already know For more general choices of p
t

we cannot analytically determine the posterior

Restricted to only using certain priors if
we want to obtain an analytical form

to the posterior

Approximate Bayesian inference aimsto obtain an

approximate posterior with nice properties via the following
two approaches

Parametric approximations
choose a distribution that we know

and estimate its parameters so that

it is close enough to the true posterior
Laplace approximation
Variational inference



Laplace Approximation

Assume the posterior is a Gaussian
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want to choose and If such that

as h o the approximation is perfect

Bernstein von Mises theorem
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FATE
on in

Fisher information information

of the prior
In practice we evaluate the MAP and then

approximate the Bayesian information to form the

Laplace approximation

Since posteriors are asymptotically normal we

expect this to be a good approximation when

n is large
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convergence guarantees for derived

estimators
replaced with

Laplace approximet
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Approximation is bad when n is

small and the likelihood is non Gaussian
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MAP

willnot capturethe other
modes in the distribution

We seek a more theoretiially rigorous approach
to obtaining the posterior distribution

Monte Carlo methods

Monte Carlo MC methods

Let T p 01Xin denote the

distribution of interest

MC methods aim to approximate

expectations taken w.it to the target
density 8



Let's say we are interested in computing

Eon hla hCG Tito do

Standard Monte Carlo

Simulate M samp les from TCO
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Approximate the integral using a

sample average
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if hot is integrable w.r.t.IE
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So if we can draw samples from TICO

we can approximate quantity related to TICO

PROBLEMS We cannot draw samples from TIA

We utilize more clever samplingtechniques to approximate

generate samples from Lo

Rejection sampling
Importance sampling
MCMC



Recording

Setup Target distribution TCO

Proposal distribution 910
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Prove that the samples that are accepted

are samples from TCO
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Our goal is to show that this is the CDF of the

target distribution
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The idea is to generate M samples from
rejection sampling and then apply MC to obtain

estimators of expectedvalues taken w.r.t.TW

Limitations

The probability of accepting a sample

IP accept IPU

we must choose ME off
if we choose M too large we will

reject a lot of samples and rejection
sampling becomes inefficient x ̅ 101 2
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Importancampling
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Idea Rewrite this expectation as an expectation

taken writ another distribution 910

h o TCO 94 do
Importance

weish

WE

he 9101 do

KE

Kong
low I



ftp IT t iE aco

I.me EEEEI

IE.no no skin

Condtion forconvegence
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Limitation I in WE

If q is poorly chosen

this variance can be large



The optimal choice

q a α 1h10 o

Bayesian inference
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even if the constant Z is unknown

Next time MCMC
Linear models Next week

Hypothesis test Rest of
course
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