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(Conditional Random Fields: CRF)

o OO-000
09 s ) (D@

(P Xy

HMM .
|logPl.y) ={@.D(xY))

”#( )=1

\

HO-0)=

SO

PR =

5




(Conditional Random Fields: CRF)
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NP Chunking (82

CRF

Preconditioned conjugate-gradient (Precond. CG)

Mixed conjugate-gradient (Mixed CG)
Conjugate-gradient (Plain CG)

Limited-memory quasi-Newton (L-BFGS)

Generalized iterative scaling (GIS)

Sha et al, 2003

/

training method | time | F score £5
Precond. CG 130 | 94.19% | -2968
Mixed CG 540 | 94.20% | -2990
Plain CG 648 | 94.04% | -2967
L-BFGS 84 | 94.19% | -2948
GIS 3700 [ 93.55% | -5668
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CRF

, SVM, ...
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What is the anticipated
cost of collecting fees
under the new proposal?
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CRF Error
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(Lafferty 01)

Second/first mixture HMM

Piyly,y") =a P(yly)+ @ —-a )Pyly.y")
P(xly,x) =a P(xly) + (1 -a ) P(yly'x)
Y| =5, |X| = 26

HMM, CRF first order

a : HMM wins
a : CRF wins

CRF



(Lafferty 01)

model | error  oov error
HMM | 5.69%  45.99%
MEMM | 6.37%  54.61%
CREF | 5.55%  48.05%

MEMMT™ | 481%  26.99%
CRF* | 427%  23.76%

T Using spelling features
Penn treebank 50%-50% split, first-order
MEMM (

spelling feature
-ing, -0gy, -ed, -s, -ly, -ion, -tion, -ity, -ies
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CRF
MALLET: A Machine Learning for Language Toolkit

http://mallet.cs.umass.edu/index.php/Main Page
CRF y y !

CRF Project Page

http://crf.sourceforge.net/
AP] :

FlexCRF

http://www.jaist.ac.jp/hieuxuan/flexcrfs/flexcrfs.html
1st-order 2nd-order (trigram) CRF



CRF

CRF++

n-best |

MeCab

http://mecab.sourceforge.jp
CRF

IPA Juman, CSJ
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% crf learn template train_corpus model

% crf test -m model < test corpus

U00:%x
U01:%x
U02:%x
U03:%x
U04:%x
U05:%x
U06:%x

U10:%x
U11:%x
U12:%x
U13:%x

-2,0]
-1,0]

01
1,
.2,

0
0]
0

[-1,0]/9%x[0,0]

01

0]/%x[1,0]

-2,1]
-1,1]

01
1,

1]
1]




