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Feature function vector 
f( x,y ) = f1(x,y ), f2(x,y),é,fK(x,y ), 

w



Structured model

Â Score of a prediction y for input x: 

Â s(x,y) = w. f(x,y )

Â Challenge 1: Predicting highest scoring output

Â y* = argmaxy s(x,y )

Â Space of possible y exponentially large

Â Exploit decomposability of feature functions

Â f(x,y) = äc f (x,yc,c)

Â Challenge 2: Train w given many correct input-

output pairs (x1 y1), (x2 y2), é, (xN yN) 



Information Extraction (IE)

Â Many different uses
Â Disease outbreaks from news articles

Â Addresses/Qualifications from resumes for HR DBs

Â Titles/Authors/Venue/Year from citations

Â Room attributes from hotel websites

Â Many approaches

Â Rules-based   -------- Statistical learners

Â Varying levels of difficulty

Â Wrappers for machine generated pages

Â ..

Â Fact extraction from speech transcripts



Clues that drive extraction

Feature-based structured models provide an elegant 

framework

Â HMMs, MaxEnt taggers, CRFs are special cases

1. Orthographic patterns:  names have two capitalized 
words.

2. Keywords: ñInò is within 1ð3 tokens before location

3. Order of entities: Titles appear before Journal names

4. Position: Product titles follow a N(4in,1) distance from top

5. Part of speech tag of names is noun

6. Collective:  All occurrences of a word prefer the same 
label

7. Dictionary match: Authors have high similarity with 
person_name column of DB



Structured models in IE

Output structure Feature 

decomposition

Label Vector

Classical IE

Adjacent labels

Multiple label vector

Collective labeling

Adjacent labels + labels 

across vectors

Segmentation

Entity match

Adjacent segments

Multiple segmentations

Scoped learning

Entire set
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Traditional IE

My review of Fermatôs last theorem by S. Singh
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Inference: Viterbi can find best y in O(nm2)

Feature decomposition:



Collective labeling

Â Y is very lively.

Â Mr. X lives in Y.

Â X buys Y Times daily.

y12 y22 y32 y42 y52

y13 y23 y33 y43 y53

y11 y21 y31 y41

f (x; y) =
P D

i = 1

P jD i j
j = 1 f (x; yi j ; yi j ¡ 1; i ) +

P
x i j = x i 0j 0 f e(yi j ; yi 0j 0)



Starting graphs  (..of an extraction task from addresses)



Graph after collective edges



Markov model inference algorithms
Â Exact: intractable

Â Approximate
Â Loopy Belief Propagation

Â Message passing (MP) on edges of the graph

Â [Bunescu & Mooney ô04],  [Sutton & McCallum ó04]

Â Gibbs Sampling
Â [Finkel & Manning. ô05]

Â Greedy local search (ICM)
Â [Lu & Getoorô03]

Â A special two-pass variant: [Krishnan & Manning ô06]

Â Generic techniques, no guarantees



Associative Markov Networks
Â Graph with only associative edge scores and node 

scores

Â Optimal for m=2.  ½ approximation for m > 2
Â Min-cut with ®-expansion (Boykov ó99)

Â LP-based metric labeling algorithms (Klienberg & Tardos ó02)

Â BP with TRW-S message schedules (Kolmogorov &Wainwright, ó05)

Not directly usable        Slow       Worse guarantees

y12 y22 y32 y42 y52

y13 y23 y33 y43 y53

y11 y21 y31 y41

Associative scores 
wf e( i,i ) > wf e(i,j ) 



A closer look at the graphé


