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X1 X2 X3

What are the parameters?
Transition Probability table: T = P(S_t|S_{t-1})

Emission Probabilities: E = P(X_t|S_t)

Initial State Probabilities: P(S_1)
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LEARNING PARAMETERS FOR HMM

Now that we have algorithm for inference, what about learning
Given observations, how do we estimate parameters for HMM?
Three guesses . . .



EM FOR HMM (BAUM WELCH)

EM algorithm of course, for HMM its referred to as Baum Welch
algorithm
Initialize Transition and Emission probability tables arbitrarily
For i = 1 to convergence:

E-step For every state variable t ∈ {1, . . . ,n},
Use forward-backward algorithm to compute probabilities of latent
variables given obervation

M-step Optimize weighted log likelihood as usual:

✓(i) = arg max
✓∈⇥ �S1,...,n

P(S1,...,n�X1,...,n,✓
(i−1)) log P(X1,...,n,S1,...,n�✓)
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BAUM WELCH ALGORITHM

Initialize T0, E0 probability tables
For i = 1 to convergence

E-step:
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General Bayesian Network



BAYESIAN NETWORKS

Directed acyclic graph (DAG): G = (V,E)
Joint distribution P✓ over X1, . . . ,Xn that factorizes over G:

P✓(X1, . . . ,Xn) = N�
i=1

P✓(Xi�Parent(Xi))

Hence Bayesian Networks are specified by G along with CPD’s
over the variables (given their parents)



VARIABLE ELIMINATION: EXAMPLES

• Marginals are enough:

P (Xj = xj , Xk = xk|Xi = xi, Xh = xh) =
P (Xj = xj , Xk = xk, Xi = xi, Xh = xh)

P (Xi = xi, Xh = xh)
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VARIABLE ELIMINATION: ORDER MATTERS

X1

X2 X3 XnX3

Right order: O(n) 

Wrong order: O(2 )n


