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목차

• Monte Carlo Estimation 
• 1d sampling (discrete)
• 1d sampling (continuous) – rejection sampling

• Markov Chain

• Gibbs Sampling

• Metropolis Hastings

• MCMC examples (with PyMC3)
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Ch 1. Monte Carlo Estimation
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Monte Carlo Markov Chain (MCMC)

• 몬테카를로 기법(Monte Carlo Method)은 난수를 이용하여 함
수의 값을 확률적으로 근사하는 알고리즘을 뜻하는 용어다.

• 일반적으로 평균값(expected value)을 근사하기 위해 사용되며, 
Bayesian Theory에서는 Posterior의 sampling을 얻기 위해 활용
된다. 

• Two common MCMC approaches:
• Gibbs sampling – reducing multidimensional sampling to a 

sequence of 1d 
• Metropolis Hastings – rejection sampling for Markov Chains (gives 

more freedom) 
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Monte Carlo
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Monte Carlo
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Monte Carlo
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Monte Carlo
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Monte Carlo Approximation is Unbiased

9



Monte Carlo

- Bayesian Analysis에서는 일반적으로 Sample들을 이용해서, 
Posterior Distribution을 분석하거나 Predictive Distribution을 계
산하는데 활용된다.
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1d sampling (discrete)
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1d sampling (discrete)
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1d sampling (discrete)
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1d sampling (discrete)
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1d sampling (discrete)
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1d sampling (discrete)
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1d sampling (discrete) - Summary 

• 차원이 낮은 discrete distribution으로 부 터 sampling을 하는
방법은 아주 쉽다

• At least then number of values is < 100 000

• 고차원인 경우 훨씬 많은 sample이 필요하다.
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1d sampling (continuous) - Gaussian
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1d sampling (continuous) - Gaussian
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1d sampling (continuous) - Gaussian
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1d sampling (continuous) - General
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Rejection sampling
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Rejection sampling
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Rejection sampling
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Rejection sampling
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Rejection sampling
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Rejection sampling
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Rejection sampling
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Rejection sampling
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Rejection sampling
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Rejection sampling
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Monte Carlo Sampling – Summary

Pros:

• Works for most distributions (even unnormalized) 

Cons:

• If q and p are too different (M is large), rejects most of the 
points 

• M is large for d-dimensional distributions 
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Ch 2. Markov Chain
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Markov Chains
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Markov Chains
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Markov Chains
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Markov Chains
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Markov Chains
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Markov Chains
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Markov Chains
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Markov Chains
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Markov Chains
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Markov Chains
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Markov Chains
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Markov Chains

45



Markov Chains
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Markov Chains
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Markov Chains
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Markov Chains
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Markov Chains
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Markov Chains
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Markov Chains
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Markov Chains
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Markov Chains
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Markov Chains
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How to use Markov Chains?
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Do Markov Chains always converge?
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Stationary Distribution 
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Convergence Theorem
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Ch 3. Gibbs Sampling
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Gibbs Sampling
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Gibbs Sampling
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Gibbs Sampling
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Gibbs Sampling
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Gibbs Sampling
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Gibbs Sampling
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Gibbs Sampling
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Gibbs Sampling - Demo
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Gibbs Sampling - Demo
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Gibbs Sampling - Demo
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Gibbs Sampling - Demo
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Gibbs Sampling - Demo
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Gibbs Sampling - Demo
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Gibbs Sampling - Demo
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Gibbs Sampling - Demo
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Gibbs Sampling - Demo
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Gibbs Sampling - Demo
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Gibbs Sampling - Demo
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Gibbs Sampling - Demo
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Gibbs Sampling - Demo
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Gibbs Sampling - Demo

81



Gibbs Sampling - Summary

Pros:

• Reduce multidimensional sampling to sequence of 1d samplings

• A few lines of code

Cons:

• Highly correlated samples
• Samples are similar to each others

• Slow Convergence (Mixing)

• Not Parallel

82



Ch 5. Metropolis-Hastings
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Metropolis-Hastings

• Sometimes Gibbs samples are too correlated

• Apply Rejection Sampling to Markov Chains
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Metropolis-Hastings
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Metropolis-Hastings
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Metropolis-Hastings
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Metropolis-Hastings
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Metropolis-Hastings
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Detailed Balance

- Sufficient Condition for Stationary Distribution
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Detailed Balance

- Sufficient Condition for Stationary Distribution
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Choosing a Critic (Accepting Prob.)
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Choosing a Critic (Accepting Prob.)
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Metropolis Hastings
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Metropolis Hastings
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Choice of Q (Proposal Distribution)
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Metropolis Hastings - Demo
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Metropolis Hastings - Demo
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Metropolis Hastings - Demo
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Metropolis Hastings - Demo
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Metropolis Hastings - Demo
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Metropolis Hastings - Demo
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Metropolis Hastings - Demo
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Metropolis Hastings - Demo
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Metropolis Hastings - Demo
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Metropolis Hastings - Demo
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Metropolis Hastings - Demo
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Metropolis Hastings - Demo
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Metropolis Hastings - Demo
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Metropolis Hastings - Demo
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Metropolis Hastings - Demo
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Metropolis Hastings - Demo
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Metropolis Hastings - Demo
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Metropolis Hastings as correction 
scheme

• Recall Gibbs sampling
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Metropolis Hastings as correction 
scheme

• Recall Gibbs sampling

• Let’s make it parallel
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Metropolis Hastings as correction 
scheme

• Recall Gibbs sampling

• Let’s make it parallel

• It’s wrong now, but can correct with Metropolis Hastings!
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Metropolis Hastings - Summary

• Rejection sampling applied to Markov Chains

Pros:

• You can choose among family of Markov Chains • Works for 
unnormalized densities

• Easy to implement

Cons:

• Samples are still correlated 

• Have to choose among family of Markov Chains
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Next - MCMC examples with 
PyMC3
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