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(Conditional Random Fields: CRF)
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End of the Presentation



Reference

Dan Klein and Ben Tasker. Max-Margin Methods
for NLP: Estimation, Structure, and Applications.
ACL-05 Tutorial.

Dan Klein and Chris Manning. Maxent Models,
Conditional Estimation, and Optimization, without
the Magic. ACL-03 Tutorial.
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Classification of Structured Output (e.g. HMMs, CRFs)

Viterbi Decoding
Finding the most probable label sequence.

Avoids re-calculation



Parameter Estimation of Structured Output (CRFS)

exp((8, o(X,Y)))
log =
Z > exp((0,0(X,Y)))

YeY

— 2 logR(Y | X) = -

- _Z (<9, O(X,Y)) - |ogY~§exp(<e,<p(x,\’(' )>)]



Structured Output Learning (e.g. POS tagging, NER, Parsing)

Vector input

Vector input

X1’Y1
X2’Y1

Multi label output

Classifier

Y
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Label Sequence output
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Classifier

Classifier

Label Tree output (y,)




Structured Output Learning

In general, structured output problem is one of
multi label problems.

In practice, all the labels are not enumerable and
sparse In training data.

POS tag Sequence

DT DT DT DT DT

Word Sequence
/ DT DT DT DT CC
,//'.

The man saw a girl # of possible

DT NN VBD DT NN _
label assignment

is large (|Y|T)
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(CRF)

Dynamic Programming (Belief Propagation) algorithm

solves graphical inference problems via a series of local message-
passing operations.

a label depends only its neighborhood labels (Markov assumption)
reuses previous calculation to avoid re-calculation

W)

T
When we decide y,, we only see the decision of y..

Transition features
represent structural label consistency



Machine Learning on Structured data
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reuses previous calculation to avoid re-calculation

Dynamic Programming P(Y [ X) =
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( Naive Bayes)
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Another interpretation of HMM
—  Log likelihood can be written as
the inner product of weight vector w & feature vector
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(Conditional Random Fields: CRF)

Seqguence input

Feature Vector
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# weights for observation
A-a:5.96 A-b:-13.41 A-c:5.96
B-a:-5.96 B-b:13.41 B-c:-5.96
# weights for transition
A-A:-2.14 A-B:2.28

B-A:1.91 B-B:-2.05



Y-X
A-a:6.09 A-b:-20.67
B-a:-6.09 B-b:20.67

Y-Y
A-A:-3.69 A-B:10.08
B-A:-2.45 B-B:-3.93



