
 Approximate Bayesian Inference
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But what if we can't compute plain

1 Parametric approximations

Find q closest as possible to polxin

Laplacetpproximatiof most popular
approach



0 in N Emap Ips Emap

PIKE map arg maxpcolxi.nl

IB Emap E 2

fP 0 6

Limithions If is multivariate then

you need the Hessian matrix of

log plotXin

expensive to compute
in high

dimensions

Asymptotic normality is for large

n If n is small the Laplace

approximation will be inaccurate

If pcolx.in is multimodal the

Laplace approximation will fail
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Monte Carlo Methods

backed by SLLN

Given a random sample Xi Xn with

population pal under the assumption IE x so

then
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Idea of Monte Carlo is to use samples

from plot i n as a proxy for the distribute

to compute any expectation values we want
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Standard Monte Carlo assumes we can

sample from the posterior which is generally
not the case
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Idea Sample from another distribution 910
and reject

some of those samples with

some probability
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is accepted as a sample
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We can show that set of samples 0 are

samples from TAI
Let E be a random generated from the algo
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Limitations If q is poorly chosen we have
to set M to be large and thus

we reject toomany samples

Importance Sampling

If we know TO
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Normalized Importance Sampling Etc
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Limitations variance of importance sampling estimator

scales with the variance of w̅ t
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9 should be close to 1h10 TCO

to reduce this variance

Markov chain Monte Carlo MCMC

A stochastic process is an indexed collection

of RVs where S is the index set
and it is assumed to be uncountable



Def Marchan is a stochastic process 0

that satisfies the Markov property

p 0 09 0 plo
The distribution p 0 0 is called
transition density
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Def A stationartisribtion for the Markov
chain 041 with transition density

T 04 0 has the property
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Midien Design an algorithm that

constructs a Markov chain with stationary
distribution that is 7107

Existence of stationary distribution

Markov chain should be ergodic

aperiodic chain

positive recurrence IE To 20

Ephedrine
to revisit a state

Algorithm Initialize
is finite
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3 Check if u e min a a

if true
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Otherwise
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We can show that this algorithm's constructed

Markov chain has stationary distribution to TA

Importantaspects Stationarity is not reached

immediately it will be
achieved as t to

JÑfÑfʰÑHÑÑÑestimation
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Chains can be auto correlated in

practice



Thinning is applied to Markov

chains in practice where only

every kᵗ shample is accepted

when
0 0 0 01h

accept

discard

Linear Models Chapter 4 Kay EstimationTheory
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is an observation matrix and is

assumed to be known

W is zero mean white noise

IE a 0 identity matrix
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Effaces Find a point estimator that

minimizes the squared error between our

model's prediction and the observed data
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8 HTH
In the case plus is
Gaussian this is the
MVUE and achieves the

CRLB

Alternative derivation for linear model
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Non sotropiccovariance w N E E
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assume since and

by definition are

positive definite they can
be factored via Cholesky

IE D DWT DCDT

DD D TDT I

HE w IE nwt

DX DHQ Dw

in

x ̅ To w̅ x ̅ Dx
I DH

w̅ Dw

ITI

HDTDH HITDX


