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Pierre Vinken will join the board as a nonexecutive  director Nov. 29




4.2

4.2.1 PennTreeBank

Penn Treebank[Marcus, 1993]

1 PennTreeBank

( (S (NP-SBJ (NP (NNP Pierre)

(NNP Vinken) )

()

(ADJP (NP (CD 61)

(NNS years) )

(3J old) )

(.))

(VP (MD will)

(VP (VB join)

(NP (DT the)
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(NN board))

(PP-CLR (IN as)

(NP (DT a)

(JJ nonexecutive)

(NN director) ))

(NP-TMP (NNP Nov.)

(CD 29)))

()

3 PennTreeBank

422

PennTreeBank ““read the grammar off the

parsed sentences”” [Charniak, 1996]

S>NPVP.

NP->NP, ADJP,

NP->NNP NNP

ADJP->NP JJ

NP->CD NNS

VP->MD VP

VP->VB NP PP NP
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NP->DT NN

PP>IN NP

NP->DT JJ NN

NP->NNP CD

8,126

423

PennTreeBank

S(HEAD_POS="2")>NP VP .

NP(HEAD_POS="1")->NP, ADJP,

NP(HEAD_POS="2")->NNP NNP

ADJP(HEAD_POS="2")>NP JJ

NP(HEAD_POS="2")->CD NNS

VP(HEAD_POS="2")>MD VP

VP(HEAD_POS="1")->VB NP PP NP

NP(HEAD_POS="2")->DT NN

PP(HEAD_POS="1")->IN NP
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NP(HEAD_POS="3")->DT JJ NN

NP(HEAD_POS="1")->NNP CD

424
PennTreebank Wall Street Journal
80% 979,767 10% 133,814
10% 133,814 PennTreeBank
8,126
1
979,767 80%
133,814 10%
133,814 10%
4.3
blending approach [Bell, 1992]
L Fi, ... F (0<|<L) i
Fl,Fg,...,Fi (0<I<L) p(Fl,Fg,...,Fi;O) i @)

i O p(F, Fy,..., Fi; 0)
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5.1

Po(O)
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0] p.1(O) O

@; [Bell, 1992]
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°
R

2
PIQ( 'R)=2.3609 PIQ( 'R)=3.7333 PIQ( ;R)=2.7708
PIQ( . R)=0.6483 PIQ( 'R)=1.6808 PIQ( . R)=0.6612
PIQ( ‘R)= 1.1598 PIQ( ‘R)=2.3253 PIQ( ‘R)=1.1784
PIQ( :R)=0.1068 PIQ( :R)=0.3717 PIQ( 'R)=0.2133
PIQ( :R)=0.2505 PIQ( :R)=1.5603 PIQ( :R)=0.6145
PIQ( 1 'R)=0.4730 PIQ( 1 ‘R)=1.1525 PIQ( 1 :R)=0.7502
PIQ( 2 :R)=0.1066 PIQ( 2 'R)=0.5044 PIQ( 2 :R)=0.2525
PIQ( 1 'R)=0.5832 PIQ( 1 ‘R)=2.1511 PIQ( 1 :R)=1.2186
PIQ( 2 'R)=0.0949 PIQ( 2 'R)=0.6171 PIQ( 2 :R)=0.2697
°
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PIQ( :R)=1.1598 PIQ( 1 :R)=0.5832 | PIQ(
PIQ( 1 ;R)=0.4730 =0.2505;
PIQ( ;R)=0.6483 | PIQ( 2 ;R)=0.0949 PIQ(
PIQ( 2 ;R)=0.1066 =0.1068
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5.3

°
°
1
4
PIQ( 'R)=2.3253 PIQ( 1 ;R)=3.2398
PIQ( 1 ;R)=3.0071
[ J
1 2
5.4
([ J

4.1
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PIQ( 1 )=3.2398
PIQ( 1 )=3.1401
PIQ( 1 )=3.1374
PIQ( 1

)=2.8757
PIQ( )=3.7333

X/
L X4
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1 PennTreeBank

CC

CD

DT

EX WORD"there"

FW

IN

JJ

JIR

JJS

LS

MD

NN
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NNS

NNP

NNPS

PDT

POS

PRP

PRP$

RB

RBR

RBS

RP

SYM

TO ““to”~

UH

VB

VBD

VBG

VBN

VBP

VBZ

WDT WH

"which"
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WP WH " what, who, whom"

WP$ WH " whose"

WRB WH "how, where, why"

2 PennTreeBank

ADJP

ADVP

NP

PP

SBAR

SBARQ

SINV

SQ

VP

WHADVP

WHNP

WHPP

X
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The Information-Theory-Based Feature Type Analysis in the

Modeling for Probabilistic Parsing

SUI Zhifang™ ZHAO Jun”™ YU Shiwen”
* The Institute of Computational Linguistics, Department of Computer Science & Technology
Peking University, Beijing, China
** Human Language Technology Center, Computer Science Department

The Hong Kong University of Science & Technology, Hong Kong

Abstract:

In statistical parsing, the probabilistic models are used to evaluate the possibility of each candidate
parse tree, where the parse tree with the largest probability is deemed to be the final result of the parsing.
Therefore, the core of statistical parsing is a probabilistic evaluation model. The main difference among
the various probabilistic evaluation models lies in which types of features in the context are used to
assign the probabilities to the parse trees.

Various probabilistic evaluation models have been proposed in the field of statistical parsing,
where different models use different feature types. How to evaluate a feature type's predictive power for
the parsing tree? The paper proposes an information-theory-based feature type analysis method. Using
the method, we can quantitatively analyze the power of different feature types for syntactic structure
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prediction from the viewpoint of information theory. The basic idea is that we use entropy and

conditional entropy to measure whether a feature type grasps some of the information for syntactic

structure prediction. If the average uncertainty of the syntactic structures declines apparently, the feature

type is deemed to have grasped some intrinsic linguistic information in the context that has close

relation to the syntactic structures. Using Penn-Treebank as training and testing set, our experiment

quantitatively analyze the different feature types' predictive power for syntactic structure prediction in a

systematic way and draws a series of conclusions which reflect the predictive power of different feature

types and feature type combination for syntactic parsing.

Keyword: Statistic Parsing; Information Theory; Probabilistic Modeling; Feature Type Analysis
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