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Overview

_ Data compression Recommended exercises

{ Noisy-channel coding

29.14,33.5, 33.7,27/.1,22.11,394, 39.5
» Chs 1-6, 8-10, 14

Handouts 2, 3 (on website)

(Inference, data modelling The 5 cards magic trick (15.6)
clustering, pattern recognition 8. 20, 10, 9O
» Chs 20, 22 | |

{ Probability toolbox

Additional reading
Monte Carlo methods

» Ch 29, 30, 32
Variational methods ]LE_*F"E‘CE Z ”:Etzﬂhd;?h 27)
~ Ch 33 sing models ( )

{ Neural networks
~ Chs 38, 39, (& perhaps 41, 44), 42
{ State-of-the-art error-correcting codes
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Monte Carlo methods

Simple Monte Carlo methods
Importance sampling
Rejection sampling

Markov-chain Monte Carlo methods

Metropolis method

Gibbs sampling

Slice sampling

Reducing random-walk behaviour
Hamiltonian Monte Carlo
Overrelaxation

Exact sampling

Current
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Problems with standard Monte Carlo methods

Random walk behaviour

Efficient methods
Sensitivity to step size

Slice sampling
When to stop

Exact sampling

Libbs sampling
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File Edit View Terminal Help

225:1lewis:/home/mackay/itp/metrop> ./demo.p
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Efficient Monte Carlo methods

Hamiltonian Monte Carlo

Overrelaxation
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Gibbs sampling - x1
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Robust Monte Carlo methods

Slice sampling
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Self-terminating Monte Carlo methods

Exact sampling
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Exact sampling
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Exact sampling
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Exact sampling for the Ising model
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_ . See Ising models (Ch 31)
Introduction to the Ising model

N = 4096 Figure 31.4. Detail of Monte Carlo
' ' T simulations of rectangular Ising
models with J = 1. (a) Mean
energy and fluctuations in energy
as a function of temperature. (b)
Fluctuations in energy (standard
deviation). (c¢) Mean square
magnetization. (d) Heat capacity.
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Exact sampling - Ising model at Tc
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Problems with standard Monte Carlo methods

Random walk behaviour

Efficient methods
Sensitivity to step size

Slice sampling
When to stop

Exact sampling

Gibbs sampling

Not revealing the normalizing constant

Thermodynamic integration

Reversible-jump Markov chain Monte Carlo
T'he acceptance ratio methoad

Umbrella sampling

Simulated tempering

Tempered transitions (Radford Neal)
Annealed importance sampling (Radford Neal)
Linked importance sampling (Radford Neal)










