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• Introduction

• Maximum-Likelihood (ML) estimation

• Maximum A Posteriori (MAP) estimation
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Outline



• Target model in the learning problems can be considered

as a statistical model

• For a fixed set of data and underlying target (statistical

model), the estimation methods try to estimate the

target from the available data
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Relation of learning & statistics 
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Density estimation
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Parametric density estimation
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Parametric density estimation
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Example
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Example
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Example
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Example
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• Maximum-likelihood estimation (MLE) is a method of

estimating the parameters of a statistical model given data.
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Maximum Likelihood Estimation (MLE)



12

•

12
Sharif University

of TechnologyMLE, MAP Estimation & Bayesian12

Maximum Likelihood Estimation (MLE)
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Maximum Likelihood Estimation (MLE)
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Maximum Likelihood Estimation (MLE)
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Maximum Likelihood Estimation (MLE)
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Maximum Likelihood Estimation (MLE)
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Maximum Likelihood Estimation (MLE)
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Maximum Likelihood Estimation (MLE)
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MLE Bernoulli
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MLE Bernoulli
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MLE Bernoulli
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MLE Bernoulli
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MLE Bernoulli: example
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Maximum A Posteriori (MAP) estimation
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Maximum A Posteriori (MAP) estimation
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Maximum A Posteriori (MAP) estimation
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Maximum A Posteriori (MAP) estimation
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[Bishop]
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•

Having the same functional form
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Conjugate Priors
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Prior for Bernoulli Likelihood



Beta distribution
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Benoulli likelihood: posterior 
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Benoulli likelihood: posterior 
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Benoulli likelihood: posterior 
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Bernoulli

Example
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Bernoulli

Example
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•

Coin toss example
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Summary



Resource
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• C. Bishop, “Pattern Recognition and Machine Learning”,

Chapter 2.

• Course CE-717, Dr. M.Soleymani
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Resources


