An Information-Theoretic Empirical Analysis of Dependency-Based

Feature Types for Word Prediction Models

Dekai WU = , ZHAO Jun = , SUI Zhifang \ =

= Human LanguageTechnology C ent er

Department of Comput er Science

University of Science& Technology, HKUST, Clear Water Bay, Hong Kong

\ Computational Linguistics Institut e

Department of Comput er Science& Technology

Peking University, Beijing, 100871, P.R.China

{ dekai, zhaojun, suizf}@cs.ust.hk

Abstract

Over theyears, many proposals ha vebeen ma deto incorporateassorted types of featurein languagemodels. However, discr epancies bet ween training sets, evaluation crit eria, algorit hms, and hardwareenvir onments makeit difficult to comparethemodels object ively. In this paper, wetakean infor mation theor et ic approach to select featuretypes in a systematic ma nner. Wedescribea quantitativeanalysis of theinfor mation gain and theinformation redunda ncy for various combinations of feature types inspir ed by bot h dependency structureand bigramstructure, using a Chinese tr eebank and taking word predict ion as theobject. The exper iments yield several conclusions on t he predictivevalueof several featuretypes and featuretypes combinations for word predict ion, which are expect ed to provideguidelines for featuretypeselection in la ngua gemodeling.

1 Introduction

Ther earemany types of features that a languagemodel ca n useto predict a word in a sent ence. Standard n-grammodels usethe immediat ely preceding words. Other fixed physical distancefeaturetypes ma y inspect word classes or parts of speech. Grammatically-based featuretypes may also beused, such as the

incident syntactic and sema nt ic relations or the ot her words involved in thoserelations. Our ultimat eaimis to det er minewhich combination of featuretypes is opt ima l for language modeling. Unfortunately, thestateof knowledge in this regard is ver y limit ed. Many language models havebeen published inspired by oneor mor eof thesefeature types [ 1][2][3][4][5] , but discrepa ncies between training sets, evaluation criteria, algorithms, and hardware environments ma keit difficult, if not impossible, to compare themodels objectively. Thepaper uses an infor mation theor et ic approach to select feature types for languagemodeling in a systemat ic ma nner. Weareconcer ned wit h quant itative analysis of theinfor mation quant ity, infor mation gain and theinfor mation redundancy for various featuretypecombinations in bot h dependency grammar structureand adjacent bigramstructure.

The experiments yield a number of conclusions on thepredict ivevalueof various featuretypes and thecombinations ther eof, which can provide useful infor mation on what level of perfor mance gain can be expect ed in principlefroma bigram model augment ed wit h long distance dependency features. Theresults are expect ed to providea reliabler efer encefor featuretype selection in langua gemodeling.

Wehaveused Chinesedata for the exper iments in this paper. Strictly speaking, our conclusions apply only to Chinese. However, we actually expect very similar results on English, and all our preliminary experiments on English data do bear this out [ 6] . Webelievet hegeneral met hodology as well as many of t hespecific conclusions apply to a widerangeof langua ges.

Wewill begin by introducing an infor mation theor etic framewor k for featuretypeselection and analysis. Wethen describet he experimental setup. Finally, wediscuss a number of claims deriving fromthe exper imental evidence.

2 Framework

2.1 Features for Language Models

A la ngua gemodel predicts a given word based on its hist ory. By thela ws of condit ional probabilit ies, a languagemodel can be represent ed in left-t o-right fashion as

) | ( ) | ( ) | ( ) ( ) ( 1 1 0 nn i i h w P h w P h w P w P S P

� � =

wher eS denot es a sequenceof words w 0 , w 1 , ... ,

w n , and h i denot es thehistory of w i ) 0 ( n i £ < .

In order to construct a languagemodel, the

individual probabilities p( w i |h i ) should be

est imat ed fromthetraining set. Sincet her eare

too many possiblehistories but not enough

evidencein thetraining set, several featuretypes

must beused to dividet hespaceof possible

histories int o equivalenceclasses via the

map ][

: ,..., , 2 1 i f f f

i h h K ¾ ¾ ¾ ® ¾ F to maket hemodel

feasiblein theimplementation. In speech

recognit ion, thesefeaturetypes aremost oft en

fixed physical posit ion based features, as in N-

grammodels. Thefeaturetypes can bethewords

befor ethepredict ed word or thepart-of-speech

of thewords befor ethepredict ed wor d. In order

to remedy t helinguist ic implausibility and

inefficient usageof thetraining set of N-gram

models, wewould liketo incorporate grammat ically-based featuretypes int o the

languagemodel, which could incorporatethe

predictivepower of words that lieoutsideof N-

gram range [ 7][8] . However, wewould liketo do so

without sacrificing theknown perfor mance

advantages of N-gram models [ 9] . Wefollow t he

general approach of theafor ementioned authors

in taking dependency gra mmar as a framework,

sinceit ext ends N-gra mmodels mor enaturally

than stochastic cont ext-fr eegra mmars.

Thefeaturetypes studied in this paper are

combinations of thefixed physical distance

features and grammat ically based features list ed

in Table1 and graphically depict ed in Figur e1.

To understand thefeaturetypes, consider the

task of predict ing "

0

î ( zuo4 ye4 , assignment)"

in the exa mplesent enceshown in Figure2. We

denot ethis word by O, which stands for

"observed". Thewor d bigramfeatureB is the

nearest preceding wor d of O, in this case"

Å

. ( zuo4 , do)" her e. BP is the part of speech of " Å [ ( ying1 wen2 , English)", in this case"n(noun)". Similarly, MP is the POS of " Å [ ( ying1 wen2 , English)", and RP is the

POS "v(verb)" for " . ( zuo4 , do)". The modifying typeor dependency relation bet ween

" Å [ ( ying1 wen2 , English)" and " 0 î ( zuo4 ye4 , assignment)" is denot ed by MT, in this case

" np(noun phrase)". RT is themodifying type bet ween " . ( zuo4 , do)" and " 0 î ( zuo4 ye4 , assignment)", her e" vp(verb phrase)".

Faced with so ma ny featuretypes, oneof the dilemmas for langua gemodeling is which featuretypes, or featuretypecombinations, should beused. The exper iencehas shown that thefeaturetypes should not beselect ed by intuit ion.

Table 1: Thefeaturetypes used in the training set

B Nearest preceding word BP POS of B

M Nearest preceding word modifying O

MP POS of M MT Modifying type bet ween Mand

O

R Nearest preceding word modified byO

RP POS of R RT Modifying type bet ween R and

O f e a t u r e t y p e : R

O R

f e a t u r e t y p e : R T

O

R T

f e a t u r e t y p e : R + R T

O R

R T f e a t u r e t y p e : M

O M

f e a t u r e t y p e : M T

O

M T

f e a t u r e t y p e : M + M T

O M

M T f e a t u r e t y p e : R + B

O R

f e a t u r e t y p e : M + B

O M

f e a t u r e t y p e : R + M

O R B B M f e a t u r e t y p e : R T + B

O

R T

f e a t u r e t y p e : M T + B

O

M T

f e a t u r e t y p e : R T + M T

O

R T

B B

M T

F i g u r e - 1 : S o m e m o d e l s u s i n g t h e c o m b i n a t i o n o f t h e b i g r a m f e a t u r e s a n d d e p e n d e n c y - g r r a m m a r - b a s e d f e a t u r e s

ü

ý z u o 2 t i a n 1 y e s t e r d a y

ß

� x i a 4 w u 3 a f t e r n o o n

óó d i 4 d i 4 b r o t h e r

.

z u o 4 d o

Å

[

y i n g 1 w e n 2

E n g l i s h

R T

M T

ü

z a i i 4

i n

-

x j i a o 4 s h i 4 c l a s s r o o m

M , B O R

Figure 2: An example sentence to describe each feature type listed in Table 2

In order to obtain a mor ereliabler efer encet o guidet headdition of structural features to a stochastic languagemodel, our object iveis to establish in principlethea mount of infor mation availablefromvarious long distancedependency features and featurecombinations. This can be regarded as an upper bound on theimprovement that could beobtained by augmenting a language

model with t hecorresponding features. We evaluat ethe infor mativeness of several feature types in bigramand dependency gra mmatical structurefromtheviewpoint of infor mation theory. The experiments draw someconclusions on which featuretypes should beselect ed or should not beselect ed given specific baseline assumptions, and providea ranking of the featuretypes according to their importancefrom this viewpoint.

2.2 Information-based Model for Feature

Type Analysis

Wenow introducesomer elevant concepts frominfor mation theory t hat weadopt as a foundation for analyzing featuretypes.

Informationquantity (IQ). Theinfor mation quant ity of a featuretypeF to thepredict ed word

O is defined using thestandard definit ion of averagemutual information [ 10] ; wedefineIQ as theaveragemutual infor mation bet ween F and O.

ú û

ù ê ë

é =

) ( ) (

) ( log ) ; ( ) ( O p F p

FO p E O F IQ FO p

Informationgain(IG). Theinfor mation gain of adding F 2 on top of a baselinemodel t hat already employs F 1 for predicting word O is defined as theaveragemutual infor mation bet ween t he predict ed word O and featuretypeF 2 , given t hat featuretype F 1 is known.

ú û

ù ê ë

é =

) | ( ) | (

) | ( log ) | ; (

1 1 2

1 2 ) ( 1 2 2 1 FOpF F p

F O F p E F O F IG O F F p

Informationredundancy (IR). Theabovetwo definitions lea d naturally to a complementary concept of infor mation redundancy. IR(F 1 ,F 2 ;O) denot es ther edundant infor mation bet ween F 1 and F 2 in predict ing O, which is defined as the differ encebetween IQ(F 2 ;O) and IG(F 2 ;O|F 1 ), or thediffer encebet ween IQ(F 1 ;O) and IG(F 1 ;O|F 2 ).

) | ; ( ) ; (

) | ; ( ) ; (

) ; , (

2 1 1

1 2 2

2 1

F O F IG O F IQ

F O F IG O F IQ

O F F IR

- =

- =

Weshall useIG to select thefeaturetype series, and useIR to analyzet heoverlapped degr eebet ween thevariant and thebaseline.

3 The Corpus Used in the Experiments

Thetraining corpus used in our experiments is a treeba nk consisting of Chineseprimary school texts [ 11][12] . Thebasic statistics characterizing the training set aresummarized in Table2.

Table 2: Statistics of the training corpus

Corpus Size (words) 52,609

Total Sentences(sentences) 4,139

Average Sentence Length (words) 12.711

VocabularySize(words) 5,319

POS Tags 26

Phrase Types 14

In the exper iments, weuse80% of theabove corpus as a training set for estimating the various co-occurrenceprobabilities, while10% of thecorpus is used as a testing set to comput e theinfor mation gain, infor mation quant ity, and infor mation redundancy. Thefeaturetypes we used in the exper iments arethoseshown in

Table1.

4 Experimental Results and Analysis

Our experiments aimto qua ntitatively establish thea mount of infor mation intrinsically present in each featuretype, and theinfor mation gain of each featuretypeon thet op of various baselines. Wewer eled to a number of conclusions on thepredict ivepower of various featuretypes and featuretypes combinations, somein support of traditional linguistic intuition and some mor esurprising. Theseobser vations provideguidelines for languagemodeling.

Below, wewarmup wit h a well-known observation, and then moveon to mor efocussed analysis.

4.1 Grammatically motivated feature types do not easily yield as much predictive information as simple bigrams.

Froma traditional linguist ics viewpoint, R (the nearest preceding wor d modified by the

m q i a n g 2 w a l l

RQ

Ö

g u a 4

h a n g

�

z h e 0

a s p e c t u a l m a r k e r

� Ò

d i 4 t u 2

m a p s p v p v p

d j

Figure 3: The dependencygrammatical structureof Chinese sentence "

m / qiang 2/wall

Ö / gua 4/hang

� / zhe 0/( aspectual marker)

�

Ò / di 4 tu 2/map." (There isa maphanging on thewall.)

ª t a 1 h e

¢

c o n g 2

f r o m

@

D z o u 3 w a l k

� d a o 4 t o

K

� h a i 3 b i a n 1 s e a s i d e .

p p

v p

d j v p p p

Figure 4: The dependencygrammatical structureof Chinese sentence "

ª / ta 1/he

¢ / cong 2/from

@

D / zou 3/walk

� / dao 4/to

K

� / hai 3 bian 1/seaside. (He walks from thegarden to theseaside.)

predict ed word O) should bemor esignificant for word predict ion t han the bigra mpredictor B (the nearest preceding wor d of thepr edict ed word O).

Consider thesent enceshowed in Figur e3, wher eO is "

�

Ò / di 4 tu 2/map", B is the aspectual marker "

� Ò / di 4 tu 2/map") than B (the aspectual

marker " � / zhe 0"). However, as is well known

in speech recognition and statistical NLP

research, theopposit eturns out to betrue. This

is corroborated by t heempirical infor mation

quant ities shown in Table3, which shows that B

has thelargest infor mation quantit y in all of the

featuretypes. That bigramfeatures outperfor m

the gra mmatica lly-based features is commonly

attributed to thepredict ivepower of lexical

association.

Table 3: Evidence for 4.1 (See text)

IQ(B;O)=3.826 IQ(MT;O)=0.971

IQ(M;O)=2.237 IQ(RT;O)=0.954

IQ(R;O)=1.581 IQ(MP;O)=0.818

IQ(BP;O)=1.493 IQ(RP;O)=0.663

Similarly, M (thenearest preceding word

modifying thepredict ed word O) should bemor e

significa nt for word prediction tha n B (the

nearest preceding wor d of thepr edict ed word O).

For example, consider thesent enceshowed in

Figur e4, wher eO is "

D / zou 3/walk", then B is "

@

Á / gong 1 yuan 2/garden" and M is "

¢

/ cong 2/from". Again, it seems that M (" ¢

/ cong 2/from") ought to bemor epredictivet o O

(" D / zou 3/walk") than B (" @ Á

/ gong 1 yuan 2/garden"), but fromTable3 wesee that theopposit eis true.

Froma linguistic viewpoint, the explanation for thefact that R (IQ(R ;O)=1.581) is less predictivetha n B (IQ(B;O)=3.826) may beas follows. Within a sent ence, ever y word has exactly oneB and oneR feature. But on one hand, theB featurealwa ys lies to theleft of O sinceit is by definition the preceding word, whileon theot her hand, R generally lies to t he right of O in Chinesesent ences (with a few notable except ions such as prepositional phrases). When R is not in thehistory preceding

O, it cannot beused to predict O.

Similarly, a possiblefact or in thefact that M

( IQ(M;O)=2.237) is less predict ivet han B is that

M sometimes lies to t heright of O. Anot her factor in thecaseof M is that noneof theleaf nodes in a dependency treehavean M.

4.2 Although R (the word modified by the predicted word) is less effective than M

(the word modifying the predicted word) when they are used individually for word prediction, R is more effective than M if they are used on top of a standard bigram model (the feature B).

Consider thefollowing measur ements from our experiments: IQ(R ;O)=1.581 bits which is less than IQ(M;O)=2.237 bits, whereas

IG(R;O|B)=0.683 bits which is gr eater than

IG(M;O|B)=0.541 bits. That is, given a baseline bigrammodel employing only B features, augment ing themodel wit h R features brings mor einfor mation than augmenting it wit h M features. Ther efor e, in principle, thelanguage model which incorporates bigramand feature typeR can achievehigher perfor mancethan the model which incorporates bigramand M.

Webelievet his becausether eis more infor mation redundancy bet ween M and B than bet ween R and B. Fromtheabovedata, wesee

that ther e exists largeinfor mation redunda ncy both bet ween B and R ( IR(B,R;O)=0.898)and bet ween B and M (IR(B,M;O)=1.696). One explanation is that oft en B and M arein fact the sameword, wher ethenear est preceding word modifies thepr edict ed word. For exa mple, consider thesent encein Figure5, wher e"

0

[

/ ying 4 wen 2/English".

It is also possiblethat B and R arethesame

word, wher ethenearest preceding word is

modified by thepredict ed word. For example,

thedependency grammatical structureof the

phrase"

ü / zai 4/in

-

x / jiao 4 shi 4/classroom" is

showed in Figure6. Her e, " - x

/ jiao 4 shi 4/classroom" is thepredict ed O, and B

and R arethesameword " ü / zai 4/in".

In Chinese(as well as in English), the hea d

word typically lies at theend of thephrase. This

ma kes B mor elikely to beM than R, so the

infor mation redundancy bet ween B and M is

larger than that between B and R.

4.3 If M (the nearest preceding word

modifying the predicted word O) is one of

the feature types of the baseline, MT (the

modifying type between M and O) will

bring less information gain for word

prediction.

Weareint er est ed in knowing how much non-

redunda nt information is present in MT if M is

included in thebaseline. To assess this, we

conduct ed thefollowing experiment, which

focuses direct ly on ther elationship bet ween MT

and thet wo words involved.

Å

[

y i n g 1 w e n 2

E n g l i s h

0

ý

z u o 2 t i a n 1

y e s t e r d a y

ß

�

x i a 4 w u 3

a f t e r n o o n

óó

d i 4 d i 4

b r o t h e r

.

z u o 4

d o

-

ü z a i 4 i n

Figure 5: The dependencygrammatical structureof "

Å

[ / ying 1 wen 2/English

0

î / zuo 4 ye 4/assignment "

Å

[

y i n g 1 w e n 2

E n g l i s h

ü ý z u o 2 t i a n 1 y e s t e r d a y

ß � x i a 4 w u 3 a f t e r n o o n

óó d i 4 d i 4 b r o t h e r

.

z u o 4 d o

- x j i a o 4 s h i 4 c l a s s r o o m

ü z a i 4 i n

Figure 6: The dependencystructure of "

ü / zai 4/in

-

x / jiao 4 shi 4/classroom"

Å

[

y i n g 1 w e n 2

E n g l i s h

0

ý

z u o 2 t i a n 1

y e s t e r d a y

ß

� x i a 4 w u 3 a f t e r n o o n

óó d i 4 d i 4 b r o t h e r

.

z u o 4 d o

-

x

j i a o 4 s h i 4

c l a s s r o o m

ü

ý /zuo2tian1/yesterday

ß

� /xia4wu3/afternoon"

:

ó x u e 2 s h e n g 3 s t u d e n t

[

l u n 4 w e n 2

p a p e r

m

x i e 3

w r i t e

7

z h e n g 4

( - i n g ) v p

ü

z a i i 4

i n

-

x

j i a o 4 s h i 4

c l a s s r o o m

R , B O

R T

Figure 8: The dependencystructure of the phrase"

m /xie3/write

[ /lun4wen2/paper"

Wemeasured theinformation ga in of MT over M to beonly IG(MT;O|M)=0.110 bits, whilet heinformation redundancy of MT and M is a much larger IR(MT,M;O)=0.861 bits. This mea ns that theprediction infor mation for O in M

(which at IQ(M;O)=2.237 bits is much larger, incidentally, than that in MT at IQ(MT;O)=0.971 bits) contains almost all thepredict ion infor mation for O in MT. Thecorresponding

Table4: Information gain measurements in a greedysearch

Information Gain of the Variants

Baseline B R M RT MT BP RP MP null 3.826 1.581 2.237 0.954 0.971 1.493 0.663 0.818

B ˙ 0.683 0.541 0.585 0.533 0.108 0.499 0.473

B,R ˙ ˙ 0.388 0.093 0.381 0.089 0.033 0.331

B,R,M ˙ ˙ ˙ 0.084 0.061 0.063 0.031 0.014

B,R,M,RT ˙ ˙ ˙ ˙ 0.059 0.052 0.009 0.011

B,R,M,RT,MT ˙ ˙ ˙ ˙ ˙ 0.046 0.008 0.007

B,R,M,RT,MT,BP ˙ ˙ ˙ ˙ ˙ ˙ 0.007 0.003

B,R,M,RT,MT,BP,RP ˙ ˙ ˙ ˙ ˙ ˙ ˙ 0.002 linguistic explanation may beas follows. The lexical ident ities of thepr edict ed word O and its modifying wor d M involved in a dependency relation det er minet o a large ext ent thetypeof modification relation MT that holds between O and its modifying word M.

Consider thesent encein Figure7. In the phrase"

ü

ý /zuo2t ian1/ yest erday

ß

�

/xia4wu3/afternoon", just knowing theident it y of thet wo words " ü ý /zuo2tia n1/yest er day" and " ß � /xia4wu3/afternoon" is enough to predict with near certainty that therelation bet ween t hemis timephrase( tp), thus giving the following dependency structureas Figure7.

4.4 If R (the nearest preceding word modified by the predicted word O) is one of the feature types of the baseline, RT

(the modifying type between R and O) will bring less information gain for word prediction.

This simply mirrors theimmediat ely preceding point, except that R is themodified word (parent) inst ead of themodifying word

(child). In this case, wemeasur ed the infor mation gain of RT over R to beonly

IG(RT;O|R)=0.271 bits, whiletheinfor mation redunda ncy of RT and R is a much larger

IR(RT,R;O)=0.683 bits. This means that the infor mation in R (IQ(R ;O)=1.581 bits) contains almost all theinfor mation in MT

(IQ(RT;O)=0.954 bits). Thecorresponding

linguistic explanation is as follows. Thelexical identit ies of thewords (R, O) involved in a dependency relation det er mineto a large ext ent thetypeof modification relation RT that holds bet ween O and theword it modifies, R.

Consider thesent encein Figur e8, the identit y of thewords "

m /xie3/ writ e" and "