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Inference methods

1. Maximum likelihood

Georgia Tsambos,

2. Bayesian inference "/ Martin Petr

3. Simulation-based inference

4. Machine learning «_

Andrew Kern
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Model

(fair dice)
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_~ Fair dice

P(E3]557) = 1/e
P(|)=1

“~ Trick dice
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Likelihood

L(573|69) = P(E9)]552)
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f(T) > f(A), (C), (G)
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P(A&C&T&T&G | ) = 0.0010

P(A&C&T&T&G |T) = 0.0012
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ACTTG _ 0.0000015
PIACTGG (V) = 00




Likelihood

QSH'% ) = 0.0000015
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Estimating model parameters using

likelihood
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Maximum

ikelihood




Heuristic search
Hill climbing

Maximum
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Random starting point
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Maximum
ikelihood

New proposal
(random change in one parameter)



Heuristic search
Hill climbing

Maximum
ikelihood

Lower likelihood



Heuristic search
Hill climbing

Maximum
ikelihood

Proposal rejected



Heuristic search
Hill climbing

Maximum
ikelihood

Return to previos position



Heuristic search
Hill climbing

Maximum
ikelihood

New proposal
(different direction)



Heuristic search
Hill climbing

Maximum
ikelihood

Higher likelihood



Heuristic search
Hill climbing

Maximum
ikelihood

Proposal accepted



Heuristic search
Hill climbing

Maximum
ikelihood

Continuing from accepted position



Heuristic search
Hill climbing

Maximum
ikelihood

Lower likelihood



Heuristic search
Hill climbing

Maximum
ikelihood

Return to previous position



Heuristic search
Hill climbing

Maximum
ikelihood

Optimum



Heuristic search
Hill climbing

Maximum
ikelihood

Lower likelihoods



Heuristic search
Hill climbing

Global
ptimum

. -
O
o
/ =
[J)
X
-

Local optimum



Heuristic search
Hill climbing

Maximum
ikelihood

Multiple starting points



Heuristic search
Hill climbing

Local optimum

Iobal optimum



Heuristic search
Simulated annealing

Maximum
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Likelihood ratio test

C I del
| RT — 2Iog( L (Complex model) )

L (Simple model)



Likelihood ratio test

L = 2 log (% )

Compared to
Chi-square score



Akaike information criterion

2 (Iog (L ))

Number of parameters



Akaike information criterion

AIC (@) — 2k-2 (Iog (L |@))
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AIC (@) — 2k-2 (log (L |@))




Akaike information criterion

OAIC = AIC (@) - AIC (@)
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Bayesian inference

e A T-rex outside the door?

e Somebody pretending to be a T-rex?
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e A T-rex outside the door?

e Somebody pretending to be a T-rx?
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Bayesian inference

Thomas Bayes
(1701-1761)

Ref.: Price (1763) Philosophical Transactions of the Royal Society 53:370-418
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Bayes’ theorem
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Likelihood

_~ Fair dice

L(|)=1/6
L (¥ E3) = 1

“~ Trick dice
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Estimating model parameters

using Bayesian inference







Markov-chain Monte Carlo
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Monte Carlo methods

Stanistaw Ulam
(1909-1984)

Ref.: Eckhardt (1987) Los Alamos Science Special Issue, 131-143



Monte Carlo methods

“What are the chances
that a Canfield solitaire

laid out with 52 cards will
come out successfully?”

Stanistaw Ulam, 1946

L ——— .

Stanistaw Ulam
(1909-1984)

Ref.: Eckhardt (1987) Los Alamos Science Special Issue, 131-143
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Monte Carlo methods

“Stan had an uncle who
would borrow money from
relatives because he ‘just

had to go to Monte Carlo’.”

Nicholas Metropolis

L ——— .

Stanistaw Ulam
(1909-1984)

Ref.: Eckhardt (1987) Los Alamos Science Special Issue, 131-143



Monte Carlo
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Markov chains

Andrey Markov
(1856-1922)
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Markov-chain Monte Carlo




MCMC
Maximum

Markov-chain Monte Carlo
4Iike|ihood




MCMC
Maximum

Markov-chain Monte Carlo
posterio probability
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Markov-chain Monte Carlo
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Markov-chain Monte Carlo
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Markov-chain Monte Carlo
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Markov-chain Monte Carlo

Posterior

probability
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Markov-chain Monte Carlo

Total area = 1

Probability

density
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Markov-chain Monte Carlo

Random starting point

Probability

density
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Markov-chain Monte Carlo

Step size
randomly chosen

Probability

density



MCMC

Markov-chain Monte Carlo

Direction
randomly chosen

Probability

density
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Markov-chain Monte Carlo

Proposed new position

Probability

density
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Markov-chain Monte Carlo

Upward moves are
always accepted ~,_

Probability

density
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Markov-chain Monte Carlo

Downward moves are accepted
according to probability ratio

Probability

density
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Markov-chain Monte Carlo
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Markov-chain Monte Carlo

Maximum posterior
/ probability

Probability
density
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MCMC

Markov-chain Monte Carlo

Downward moves are accepted
according to probability ratio
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Markov-chain Monte Carlo

95% of probability mass

Probability

density
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Markov-chain Monte Carlo

95% confidence interval
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Markov-chain Monte Carlo

50% of probability mass
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50% confidence interval
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95% confidence interval
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MCMC Robot







STATISTICALLY SPEAKING, IF YOU PICK UPA
SERSHELL AND DOV~ HOLD IT T YOUR EAR
YU CAN PROBABLY HEAR THE OCEAN.




