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Outline

• CRF

• Learning CRF for 2-d image segmentation

• IPF parameter sharing revisited



Log-linear Markov network

(most common representation)

• Feature is some function φ[D] for some subset of variables D

– e.g., indicator function

• Log-linear model over a Markov network H:

– a set of features φ1[D1],…, φk[Dk]

• each Di is a subset of a clique in H

• two φ’s can be over the same variables
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• two φ’s can be over the same variables

– a set of weights w1,…,wk

• usually learned from data
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Generative v. Discriminative classifiers 

– A review
• Want to Learn: h:X aaaa Y

– X – features

– Y – target classes

• Bayes optimal classifier – P(Y|X)

• Generative classifier, e.g., Naïve Bayes:

– Assume some functional form for P(X|Y), P(Y)

– Estimate parameters of P(X|Y), P(Y) directly from training data

– Use Bayes rule to calculate P(Y|X= x)– Use Bayes rule to calculate P(Y|X= x)

– This is a ‘generative’ model
• Indirect computation of P(Y|X) through Bayes rule

• But, can generate a sample of the data, P(X) = ∑y P(y) P(X|y)

• Discriminative classifiers, e.g., Logistic Regression:

– Assume some functional form for P(Y|X)

– Estimate parameters of P(Y|X) directly from training data

– This is the ‘discriminative’ model
• Directly learn P(Y|X)

• But cannot obtain a sample of the data, because P(X) is not available
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Log-linear CRFs

(most common representation)

• Graph H: only over hidden vars Y1,..,YP

– No assumptions about dependency on observed vars X

– You must always observe all of X

• Feature is some function φ[D] for some subset of variables D

– e.g., indicator function,  
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• Log-linear model over a CRF H:

– a set of features φ1[D1],…, φk[Dk]

• each Di is a subset of a clique in H

• two φ’s can be over the same variables

– a set of weights w1,…,wk

• usually learned from data
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Example: Image Segmentation
- A set of features φ1[D1],…, φk[Dk]

– each Di is a subset of a clique in H

– two φ’s can be over the same 
variables

y1 y2 y3

y4 y5 y6

y7 y8 y9
We will define features as follows:
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y7 y8 y9
We will define features as follows:

- : measures compatibility of node color and its segmentation

- A set of indicator features triggered for each edge labeling pair {ff,bb,fb,bf}

- This is a allowed since we can define many features overr the same subset of 
variables
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Example: Image Segmentation
- A set of features φ1[D1],…, φk[Dk]

– each Di is a subset of a clique in H

– two φ’s can be over the same variables
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We need to learn parameters wm
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-Now we just need to sum these features



Example: Image Segmentation
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Example: Inference for Learning
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How to compute E[C |X[n]]
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Example: Inference for Learning
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Representation Equivalence
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Tabular MN representation from HW4
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Representation Equivalence
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Outline

• CRF

• Learning CRF for 2-d image segmentation

• IPF parameter sharing revisited



Iterative Proportional Fitting (IPF)

Difficulty

SATGrade

Coherence

Letter

Intelligence

• Setting derivative to zero:

• Fixed point equation:
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Happy
Job• Fixed point equation:

• Iterate and converge to optimal parameters

– Each iteration, must compute: 



Parameter Sharing in your HW

• Note that I am suing Y for label

• All edge potentials are shared

• Also we are learning a conditional model

y1 y2 y3

y4 y5 y6

y7 y8 y9



IPF parameter sharing
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