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Learning from samples

We could design an optimal classi�er if we knew the prior

probabilities P (ωi ) and the class-conditional densities p (x|ωi ).

We rarely have this kind of complete knowledge about the

probabilistic structure of the problem.

Unknown distributions.
Samples.

The problem, then, is to �nd some way to use this information

to design or train the classi�er.
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Generative approach

One approach to this problem is to use the samples to estimate

the unknown probabilities and probability densities, and to use

the resulting estimates as if they were the true values.

Making assumptions about the distributions makes the

problem easy:

Assuming p (x|ωi ) follows a Gaussian distribution with mean µ

and covariance Σ.
We simplify the problem from estimating an unknown function
p (x|ωi ) to estimate the unkown parameters µ and Σ.
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Parameter estimation

Maximum Likelihood (ML) views the parameters as quantities

whose values are �xed but unknown.

The best estimate of their value is de�ned to be the one that
maximizes the probability of obtaining the samples actually
observed.

Bayesian methods view the parameters as random variables

having some known a priori distribution.

Observation of the samples converts this to a posterior density,
thereby revising our opinion about the true values of the
parameters.
Maximum A Posteriori (MAP).
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Maximum Likelihood

Suppose that D contains n samples x1, . . . ,xn that were drawn

independently.

The likelihood p (D |θ) of θ with respect to the set of samples

D is given by:

p (D |θ) =
n

∏
k=1

p (xk |θ)

The maximum likelihood estimate of θ is the value θ̂ that

maximizes p (D |θ).

θ̂ corresponds to the value of θ that best agrees with or

supports the actually observed training samples.
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Log-likelihood

For analytical purposes, it is usually easier to work with the

logarithm of the likelihood than with the likelihood itself:

l (θ) = lnp (D |θ) =
n

∑
k=1

lnp (xk |θ)

Since the logarithm is monotonically increasing, the θ̂ that

maximizes the log-likelihood also maximizes the likelihood:

θ̂ = argmax
θ

l (θ) = argmax
θ

p (D |θ)

If p (D |θ) is a well behaved, di�erentiable function of θ , θ̂ can

be found by the standard methods of di�erential calculus:

∇θ l =
n

∑
k=1

∇θ lnp (xk |θ) = 0
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