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Abstract

W e presen t a tec hnique for automatic induction

of slot annotations for sub categorization frames,

based on induction of hidden classes in the EM

framew ork of statistical estimation. The mo dels

are empirically ev alutated b y a general decision

test. Induction of slot lab eling for sub categoriza-

tion frames is accomplished b y a further applica-

tion of EM, and applied exp erimen tally on frame

observ ations deriv ed from parsing large corp ora.

W e outline an in terpretation of the learned rep-

resen tations as theoretical-linguistic decomp osi-

tional lexical en tries.

1 In tro duction

An imp ortan t c hallenge in computational lin-

guistics concerns the construction of large-scale

computational lexicons for the n umerous natu-

ral languages where v ery large samples of lan-

guage use are no w a v ailable. Resnik (1993) ini-

tiated researc h in to the automatic acquisition

of seman tic selectional restrictions. Ribas (1994)

presen ted an approac h whic h tak es in to accoun t

the syn tactic p osition of the elemen ts whose se-

man tic relation is to b e acquired. Ho w ev er, those

and most of the follo wing approac hes require as

a prerequisite a �xed taxonom y of seman tic rela-

tions. This is a problem b ecause (i) en tailmen t

hierarc hies are presen tly a v ailable for few lan-

guages, and (ii) w e regard it as an op en ques-

tion whether and to what degree existing designs

for lexical hierarc hies are appropriate for repre-

sen ting lexical meaning. Both of these consid-

erations suggest the relev ance of inductiv e and

exp erimen tal approac hes to the construction of

lexicons with seman tic information.

This pap er presen ts a metho d for automatic

induction of seman tically annotated sub catego-

rization frames from unannotated corp ora. W e

use a statistical sub cat-induction system whic h

estimates probabilit y distributions and corpus

frequencies for pairs of a head and a sub cat

frame (Carroll and Ro oth, 1998). The statistical

parser can also collect frequencies for the nomi-

nal �llers of slots in a sub cat frame. The induc-

tion of lab els for slots in a frame is based up on

estimation of a probabilit y distribution o v er tu-

ples consisting of a class lab el, a selecting head,

a grammatical relation, and a �ller head. The

class lab el is treated as hidden data in the EM-

framew ork for statistical estimation.

2 EM-Based Clustering

In our clustering approac h, classes are deriv ed

directly from distributional data�a sample of

pairs of v erbs and nouns, gathered b y pars-

ing an unannotated corpus and extracting the

�llers of grammatical relations. Seman tic classes

corresp onding to suc h pairs are view ed as hid-

den v ariables or unobserv ed data in the con text

of maxim um lik eliho o d estimation from incom-

plete data via the EM algorithm. This approac h

allo ws us to w ork in a mathematically w ell-

de�ned framew ork of statistical inference, i.e.,

standard monotonicit y and con v ergence results

for the EM algorithm extend to our metho d.

The t w o main tasks of EM-based clustering are

i) the induction of a smo oth probabilit y mo del

on the data, and ii) the automatic disco v ery of

class-structure in the data. Both of these asp ects

are resp ected in our application of lexicon in-

duction. The basic ideas of our EM-based clus-

tering approac h w ere presen ted in Ro oth (Ms).

Our approac h con trasts with the merely heuris-

tic and empirical justi�cation of similarit y-based

approac hes to clustering (Dagan et al., 1998) for

whic h so far no clear probabilistic in terpreta-

tion has b een giv en. The probabilit y mo del w e

use can b e found earlier in P ereira et al. (1993).

Ho w ev er, in con trast to this approac h, our sta-
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0.0437 increase.as:s � � � � � � � � � � � � � � � � � � � � � � � � � � � � �

0.0392 increase.aso:o � � � � � � � � � � � � � � � � � � � � � � � � � � �

0.0344 fall.as:s � � � � � � � � � � � � � � � � � � � � � � �

0.0337 pa y .aso:o � � � � � � � � � � � � � � � �

0.0329 reduce.aso:o � � � � � � � � � � � � � � � � � � � � � � � � � � � � �

0.0257 rise.as:s � � � � � � � � � � � � � � � � � � � � � � � � �

0.0196 exceed.aso:o � � � � � � � � � � � � � � � � � � � � � � �

0.0177 exceed.aso:s � � � � � � � � � � � � � � � � � � � � � � � � �

0.0169 a�ect.aso:o � � � � � � � � � � � � � � � � � � � � � � � � � � �

0.0156 gro w.as:s � � � � � � � � � � � � � � � �

0.0134 include.aso:s � � � � � � � � � � � � � � � � � � � � � � � � � �

0.0129 reac h.aso:s � � � � � � � � � � � � � � � � � � � � � �

0.0120 decline.as:s � � � � � � � � � � � � � � � � � � �

0.0102 lose.aso:o � � � � � � � � � � � � � � � � � � � � � � �

0.0099 act.aso:s � � � � � � � �

0.0099 impro v e.aso:o � � � � � � � � � � � �

0.0088 include.aso:o � � � � � � � � � � � � � � � � � � � � � � � � � � � � �

0.0088 cut.aso:o � � � � � � � � � � � � � � � � �

0.0080 sho w.aso:o � � � � � � � � � � � � � � � � � � � � � � �

0.0078 v ary .as:s � � � � � � � � � � � � � � � �

Figure 1: Class 17: scalar c hange

tistical inference metho d for clustering is formal-

ized clearly as an EM-algorithm. Approac hes to

probabilistic clustering similar to ours w ere pre-

sen ted recen tly in Saul and P ereira (1997) and

Hofmann and Puzic ha (1998). There also EM-

algorithms for similar probabilit y mo dels ha v e

b een deriv ed, but applied only to simpler tasks

not in v olving a com bination of EM-based clus-

tering mo dels as in our lexicon induction exp er-

imen t. F or further applications of our clustering

mo del see Ro oth et al. (1998).

W e seek to deriv e a join t distribution of v erb-

noun pairs from a large sample of pairs of v erbs

v 2 V and nouns n 2 N . The k ey idea is to view

v and n as conditioned on a hidden class c 2 C ,

where the classes are giv en no prior in terpreta-

tion. The seman tically smo othed probabilit y of

a pair ( v ; n ) is de�ned to b e:

p ( v ; n ) =

X

c 2 C

p ( c; v ; n ) =

X

c 2 C

p ( c ) p ( v j c ) p ( n j c )

The join t distribution p ( c; v ; n ) is de�ned b y

p ( c; v ; n ) = p ( c ) p ( v j c ) p ( n j c ) . Note that b y con-

struction, conditioning of v and n on eac h other

is solely made through the classes c .

In the framew ork of the EM algorithm

(Dempster et al., 1977), w e can formalize clus-

tering as an estimation problem for a laten t class

(LC) mo del as follo ws. W e are giv en: (i) a sam-

ple space Y of observ ed, incomplete data, corre-

sp onding to pairs from V � N , (ii) a sample space

X of unobserv ed, complete data, corresp onding

to triples from C � V � N , (iii) a set X ( y ) = f x 2

X j x = ( c; y ) ; c 2 C g of complete data related

to the observ ation y , (iv) a complete-data sp eci-

�cation p

�

( x ) , corresp onding to the join t proba-

bilit y p ( c; v ; n ) o v er C � V � N , with parameter-

v ector � = h �

c

; �

v c

; �

nc

j c 2 C ; v 2 V ; n 2 N i , (v)

an incomplete data sp eci�cation p

�

( y ) whic h is

related to the complete-data sp eci�cation as the

marginal probabilit y p

�

( y ) =

P

X ( y )

p

�

( x ) :

The EM algorithm is directed at �nding a

v alue

^

� of � that maximizes the incomplete-

data log-lik eliho o d function L as a func-

tion of � for a giv en sample Y , i.e.,

^

� =

arg max

�

L ( � ) where L ( � ) = ln

Q

y

p

�

( y ) :

As prescrib ed b y the EM algorithm, the pa-

rameters of L ( � ) are estimated indirectly b y pro-

ceeding iterativ ely in terms of complete-data es-

timation for the auxiliary function Q ( � ; �

( t )

) ,

whic h is the conditional exp ectation of the

complete-data log-lik eliho o d ln p

�

( x ) giv en the

observ ed data y and the curren t �t of the pa-

rameter v alues �

( t )

(E-step). This auxiliary func-

tion is iterativ ely maximized as a function of

� (M-step), where eac h iteration is de�ned b y

the map �

( t +1)

= M ( �

( t )

) = arg max

�

Q ( � ; �

( t )

)

Note that our application is an instance of the

EM-algorithm for con text-free mo dels (Baum et
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0.0542 ask.as:s � � � � � � � � � � � � � � � � � � � � � � � � � � � � �

0.0340 no d.as:s � � � � � � � � � � � � � � � � � � � � � � � � �

0.0299 think.as:s � � � � � � � � � � � � � � � � � � � � � � � � � �

0.0287 shak e.aso:s � � � � � � � � � � � � � � � � � � � � � � � � � � �

0.0264 smile.as:s � � � � � � � � � � � � � � � � � � � � � � � � � � � �

0.0213 laugh.as:s � � � � � � � � � � � � � � � � � � � � � � � � � � � �

0.0207 reply .as:s � � � � � � � � � � � � � � � � � � � � � � � � �

0.0167 shrug.as:s � � � � � � � � � � � � � � � � � � � � � � � �

0.0148 w onder.as:s � � � � � � � � � � � � � � � � � � � � � � � �

0.0141 feel.aso:s � � � � � � � � � � � � � � � � � � � � � � � �

0.0133 tak e.aso:s � � � � � � � � � � � � � � � � � � � � � � � � � � � �

0.0121 sigh.as:s � � � � � � � � � � � � � � � � � � � � � � �

0.0110 w atc h.aso:s � � � � � � � � � � � � � � � � � � � � � � �

0.0106 ask.aso:s � � � � � � � � � � � � � � � � � � � � � � � �

0.0104 tell.aso:s � � � � � � � � � � � � � � � � � � � � � � � � � � � �

0.0094 lo ok.as:s � � � � � � � � � � � � � � � � � � � � �

0.0092 giv e.aso:s � � � � � � � � � � � � � � � � � � � � � � � � � � �

0.0089 hear.aso:s � � � � � � � � � � � � � � � � � � � � �

0.0083 grin.as:s � � � � � � � � � � � � � � � � � � � � � � � �

0.0083 answ er.as:s � � � � � � � � � � � � � � � � � � � � � �

Figure 2: Class 5: comm unicativ e action

al., 1970), from whic h the follo wing particularly

simple reestimation form ulae can b e deriv ed. Let

x = ( c; y ) , and f ( y ) the sample-frequency of y .

Then

M ( �

v c

) =

P

y 2f v g� N

f ( y ) p

�

( x j y )

P

y

f ( y ) p

�

( x j y )

;

M ( �

nc

) =

P

y 2 V �f n g

f ( y ) p

�

( x j y )

P

y

f ( y ) p

�

( x j y )

;

M ( �

c

) =

P

y

f ( y ) p

�

( x j y )

jY j

:

In tuitiv ely , the conditional exp ectation of the

n um b er of times a particular v , n , or c c hoice

is made during the deriv ation is prorated b y the

conditionally exp ected total n um b er of times a

c hoice of the same kind is made. As sho wn b y

Baum et al. (1970), these exp ectations can b e

calculated e�cien tly using dynamic program-

ming tec hniques. Ev ery suc h maximization step

increases the log-lik eliho o d function L , and a se-

quence of re-estimates ev en tually con v erges to a

(lo cal) maxim um of L .

In the follo wing, w e will presen t some exam-

ples of induced clusters. Input to the clustering

algorithm w as a training corpus of 1280715 to-

k ens (608850 t yp es) of v erb-noun pairs partici-

pating in the grammatical relations of in transi-

tiv e and transitiv e v erbs and their sub ject- and

ob ject-�llers. The data w ere gathered from the

maximal-probabilit y parses the head-lexicalized

probabilistic con text-free grammar of (Carroll

and Ro oth, 1998) ga v e for the British National

Corpus (117 million w ords).
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Figure 3: Ev aluation of pseudo-disam biguation

Fig. 2 sho ws an induced seman tic class out of

a mo del with 35 classes. A t the top are listed the

20 most probable nouns in the p ( n j 5) distribu-

tion and their probabilities, and at left are the 30

most probable v erbs in the p ( v j 5) distribution. 5

is the class index. Those v erb-noun pairs whic h

w ere seen in the training data app ear with a dot

in the class matrix. V erbs with su�x :as : s in-

dicate the sub ject slot of an activ e in transitiv e.

Similarily :aso : s denotes the sub ject slot of an

activ e transitiv e, and :aso : o denotes the ob ject

slot of an activ e transitiv e. Th us v in the ab o v e

discussion actually consists of a com bination of

a v erb with a sub cat frame slot as : s , aso : s ,

or aso : o . Induced classes often ha v e a basis

in lexical seman tics; class 5 can b e in terpreted



as clustering agen ts, denoted b y prop er names,

�man�, and �w oman�, together with v erbs denot-

ing c ommunic ative action . Fig. 1 sho ws a clus-

ter in v olving v erbs of sc alar change and things

whic h can mo v e along scales. Fig. 5 can b e in-

terpreted as in v olving di�eren t disp ositions and

mo des of their execution.

3 Ev aluation of Clustering Mo dels

3.1 Pseudo-Disam biguation

W e ev aluated our clustering mo dels on a pseudo-

disam biguation task similar to that p erformed

in P ereira et al. (1993), but di�ering in detail.

The task is to judge whic h of t w o v erbs v and

v

0

is more lik ely to tak e a giv en noun n as its

argumen t where the pair ( v ; n ) has b een cut out

of the original corpus and the pair ( v

0

; n ) is con-

structed b y pairing n with a randomly c hosen

v erb v

0

suc h that the com bination ( v

0

; n ) is com-

pletely unseen. Th us this test ev aluates ho w w ell

the mo dels generalize o v er unseen v erbs.

The data for this test w ere built as follo ws.

W e constructed an ev aluation corpus of ( v ; n; v

0

)

triples b y randomly cutting a test corpus of 3000

( v ; n ) pairs out of the original corpus of 1280712

tok ens, lea ving a training corpus of 1178698 to-

k ens. Eac h noun n in the test corpus w as com-

bined with a v erb v

0

whic h w as randomly c ho-

sen according to its frequency suc h that the pair

( v

0

; n ) did app ear neither in the training nor in

the test corpus. Ho w ev er, the elemen ts v , v

0

, and

n w ere required to b e part of the training corpus.

F urthermore, w e restricted the v erbs and nouns

in the ev aluation corpus to the ones whic h o c-

curred at least 30 times and at most 3000 times

with some v erb-functor v in the training cor-

pus. The resulting 1337 ev aluation triples w ere

used to ev aluate a sequence of clustering mo dels

trained from the training corpus.

The clustering mo dels w e ev aluated w ere pa-

rameterized in starting v alues of the training al-

gorithm, in the n um b er of classes of the mo del,

and in the n um b er of iteration steps, resulting

in a sequence of 3 � 10 � 6 mo dels. Starting

from a lo w er b ound of 50 % random c hoice, ac-

curacy w as calculated as the n um b er of times

the mo del decided for p ( n j v ) � p ( n j v

0

) out of all

c hoices made. Fig. 3 sho ws the ev aluation results

for mo dels trained with 50 iterations, a v eraged

o v er starting v alues, and plotted against class

cardinalit y . Di�eren t starting v alues had an ef-
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Figure 4: Ev aluation on smo othing task

fect of

+

� 2 % on the p erformance of the test.

W e obtained a v alue of ab out 80 % accuracy for

mo dels b et w een 25 and 100 classes. Mo dels with

more than 100 classes sho w a small but stable

o v er�tting e�ect.

3.2 Smo othing P o w er

A second exp erimen t addressed the smo othing

p o w er of the mo del b y coun ting the n um b er of

( v ; n ) pairs in the set V � N of all p ossible com bi-

nations of v erbs and nouns whic h receiv ed a p os-

itiv e join t probabilit y b y the mo del. The V � N -

space for the ab o v e clustering mo dels included

ab out 425 million ( v ; n ) com binations; w e ap-

pro ximated the smo othing size of a mo del b y

randomly sampling 1000 pairs from V � N and

returning the p ercen tage of p ositiv ely assigned

pairs in the random sample. Fig. 4 plots the

smo othing results for the ab o v e mo dels against

the n um b er of classes. Starting v alues had an in-

�uence of

+

� 1 % on p erformance. Giv en the pro-

p ortion of the n um b er of t yp es in the training

corpus to the V � N -space, without clustering

w e ha v e a smo othing p o w er of 0.14 % whereas

for example a mo del with 50 classes and 50 it-

erations has a smo othing p o w er of ab out 93 %.

Corresp onding to the maxim um lik eliho o d

paradigm, the n um b er of training iterations had

a decreasing e�ect on the smo othing p erfor-

mance whereas the accuracy of the pseudo-

disam biguation w as increasing in the n um b er of

iterations. W e found a n um b er of 50 iterations

to b e a go o d compromise in this trade-o�.

4 Lexicon Induction Based on

Laten t Classes

The goal of the follo wing exp erimen t w as to de-

riv e a lexicon of sev eral h undred in transitiv e and

transitiv e v erbs with sub cat slots lab eled with

laten t classes.



4.1 Probabilistic Lab eling with Laten t

Classes using EM-estimation

T o induce laten t classes for the sub ject slot of

a �xed in transitiv e v erb the follo wing statisti-

cal inference step w as p erformed. Giv en a la-

ten t class mo del p

LC

( � ) for v erb-noun pairs, and

a sample n

1

; : : : ; n

M

of sub jects for a �xed in-

transitiv e v erb, w e calculate the probabilit y of

an arbitrary sub ject n 2 N b y:

p ( n ) =

X

c 2 C

p ( c; n ) =

X

c 2 C

p ( c ) p

LC

( n j c ) :

The estimation of the parameter-v ector � =

h �

c

j c 2 C i can b e formalized in the EM frame-

w ork b y viewing p ( n ) or p ( c; n ) as a function of

� for �xed p

LC

( : ) . The re-estimation form ulae

resulting from the incomplete data estimation

for these probabilit y functions ha v e the follo w-

ing form ( f ( n ) is the frequency of n in the sam-

ple of sub jects of the �xed v erb):

M ( �

c

) =

P

n 2 N

f ( n ) p

�

( c j n )

P

n 2 N

f ( n )

A similar EM induction pro cess can b e applied

also to pairs of nouns, th us enabling induction of

laten t seman tic annotations for transitiv e v erb

frames. Giv en a LC mo del p

LC

( � ) for v erb-noun

pairs, and a sample ( n

1

; n

2

)

1

; : : : ; ( n

1

; n

2

)

M

of

noun argumen ts ( n

1

sub jects, and n

2

direct ob-

jects) for a �xed transitiv e v erb, w e calculate the

probabilit y of its noun argumen t pairs b y:

p ( n

1

; n

2

) =

P

c

1

;c

2

2 C

p ( c

1

; c

2

; n

1

; n

2

)

=

P

c

1

;c

2

2 C

p ( c

1

; c

2

) p

LC

( n

1

j c

1

) p

LC

( n

2

j c

2

)

Again, estimation of the parameter-v ector

� = h �

c

1

c

2

j c

1

; c

2

2 C i can b e formalized

in an EM framew ork b y viewing p ( n

1

; n

2

) or

p ( c

1

; c

2

; n

1

; n

2

) as a function of � for �xed

p

LC

( : ) . The re-estimation form ulae resulting

from this incomplete data estimation problem

ha v e the follo wing simple form ( f ( n

1

; n

2

) is the

frequency of ( n

1

; n

2

) in the sample of noun ar-

gumen t pairs of the �xed v erb):

M ( �

c 1 c 2

) =

P

n

1

;n

2

2 N

f ( n

1

; n

2

) p

�

( c

1

; c

2

j n

1

; n

2

)

P

n

1

;n

2

2 N

f ( n

1

; n

2

)

Note that the class distributions p ( c ) and

p ( c

1

; c

2

) for in transitiv e and transitiv e mo dels

can b e computed also for v erbs unseen in the

LC mo del.

blush 5 0.982975 snarl 5 0.962094

constance 3 mandeville 2

c hristina 3 jinkw a 2

willie 2.99737 man 1.99859

ronni 2 scott 1.99761

claudia 2 omalley 1.99755

gabriel 2 shamlou 1

maggie 2 angalo 1

bathsheba 2 corb ett 1

sarah 2 southgate 1

girl 1.9977 ace 1

Figure 6: Lexicon en tries: blush , snarl

incr e ase 17 0.923698

n um b er 134.147 prop ortion 23.8699

demand 30.7322 size 22.8108

pressure 30.5844 rate 20.9593

temp erature 25.9691 lev el 20.7651

cost 23.9431 price 17.9996

Figure 7: Scalar motion incr e ase .

4.2 Lexicon Induction Exp erimen t

Exp erimen ts used a mo del with 35 classes. F rom

maximal probabilit y parses for the British Na-

tional Corpus deriv ed with a statistical parser

(Carroll and Ro oth, 1998), w e extracted fre-

quency tables for in transitiv e v erb/sub ject pairs

and transitiv e v erb/sub ject/ob ject triples. The

500 most frequen t v erbs w ere selected for slot

lab eling. Fig. 6 sho ws t w o v erbs v for whic h

the most probable class lab el is 5, a class

whic h w e earlier describ ed as c ommunic ative ac-

tion , together with the estimated frequencies of

f ( n ) p

�

( c j n ) for those ten nouns n for whic h this

estimated frequency is highest.

Fig. 7 sho ws corresp onding data for an in tran-

sitiv e scalar motion sense of incr e ase .

Fig. 8 sho ws the in transitiv e v erbs whic h tak e

17 as the most probable lab el. In tuitiv ely , the

v erbs are seman tically coheren t. When com-

pared to Levin (1993)'s 48 top-lev el v erb classes,

w e found an agreemen t of our classi�cation with

her class of �v erbs of c hanges of state� except for

the last three v erbs in the list in Fig. 8 whic h is

sorted b y probabilit y of the class lab el.

Similar results for German in transitiv e scalar

motion v erbs are sho wn in Fig. 9. The data

for these exp erimen ts w ere extracted from the

maximal-probabilit y parses of a 4.1 million w ord
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0.0469 sho w.aso:o � � � � � � � � � � � � � � � � � � � � � � � � � � � �

0.0439 need.aso:o � � � � � � � � � � � � � � � � � � � � � � � � � �

0.0383 in v olv e.aso:o � � � � � � � � � � � � � � � � � � � � � � � � � � �

0.0270 pro duce.aso:o � � � � � � � � � � � � � � � � � � � � � � � � � �

0.0255 o ccur.as:s � � � � � � � � � � � � � � � � � � � � � � � � �

0.0192 cause.aso:s � � � � � � � � � � � � � � � � � � � � � � � � �
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0.0091 undergo.aso:o � � � � � � � � � � � � � �

Figure 5: Class 8: disp ositions

0.977992 decrease 0.560727 drop

0.948099 double 0.476524 gro w

0.923698 increase 0.42842 v ary

0.908378 decline 0.365586 impro v e

0.877338 rise 0.365374 clim b

0.876083 soar 0.292716 �o w

0.803479 fall 0.280183 cut

0.672409 slo w 0.238182 moun t

0.583314 diminish

Figure 8: Scalar motion v erbs

corpus of German sub ordinate clauses, yielding

418290 tok ens (318086 t yp es) of pairs of v erbs

or adjectiv es and nouns. The lexicalized proba-

bilistic grammar for German used is describ ed

in Beil et al. (1999). W e compared the Ger-

man example of scalar motion v erbs to the lin-

guistic classi�cation of v erbs giv en b y Sc h uh-

mac her (1986) and found an agreemen t of our

classi�cation with the class of �einfac he Än-

derungsv erb en� (simple v erbs of c hange) except

for the v erbs anwachsen (increase) and stag-

nier en (stagnate) whic h w ere not classi�ed there

at all.

Fig. 10 sho ws the most probable pair of classes

for incr e ase as a transitiv e v erb, together with

estimated frequencies for the head �ller pair.

Note that the ob ject lab el 17 is the class found

with in transitiv e scalar motion v erbs; this cor-

resp ondence is exploited in the next section.

0.741467 ansteigen (go up)

0.720221 steigen (rise)

0.693922 absink en (sink)

0.656021 sink en (go do wn)

0.438486 sc hrumpfen (shrink)

0.375039 zurüc kgehen (decrease)

0.316081 an w ac hsen (increase)

0.215156 stagnieren (stagnate)

0.160317 w ac hsen (gro w)

0.154633 hinzuk ommen (b e added)

Figure 9: German in transitiv e scalar motion

v erbs

incr e ase (8 ; 17) 0.3097650

dev elopmen t - pressure 2.3055

fat - risk 2.11807

comm unication - a w areness 2.04227

supplemen tation - concen tration 1.98918

increase - n um b er 1.80559

Figure 10: T ransitiv e incr e ase with estimated

frequencies for �ller pairs.

5 Linguistic In terpretation

In some linguistic accoun ts, m ulti-place v erbs

are decomp osed in to represen tations in v olv-

ing (at least) one predicate or relation

p er argumen t. F or instance, the transitiv e

causativ e/inc hoativ e v erb incr e ase, is comp osed

of an actor/causativ e v erb com bining with a



vp vp vp vp

np v1 np v1 np v1 np v

R

17

^ increase

17

vp v vp v vp v

a ct R

8

R

8

np v np v np v

increase R

17

R

17

^ increase

17

Figure 11: First tree: linguistic lexical en try for

transitiv e v erb incr e ase . Second: corresp onding

lexical en try with induced classes as relational

constan ts. Third: indexed op en class ro ot added

as conjunct in transitiv e scalar motion incr e ase .

F ourth: induced en try for related in transitiv e in-

cr e ase .

one-place predicate in the structure on the left in

Fig. 11. Linguistically , suc h represen tations are

motiv ated b y argumen t alternations (diathesis),

case linking and deep w ord order, language ac-

quistion, scop e am biguit y , b y the desire to repre-

sen t asp ects of lexical meaning, and b y the fact

that in some languages, the p ostulated decom-

p osed represen tations are o v ert, with eac h primi-

tiv e predicate corresp onding to a morpheme. F or

references and recen t discussion of this kind of

theory see Hale and Keyser (1993) and Kural

(1996).

W e will sk etc h an understanding of the lexi-

cal represen tations induced b y laten t-class lab el-

ing in terms of the linguistic theories men tioned

ab o v e, aiming at an in terpretation whic h com-

bines computational learnabilit y , linguistic mo-

tiv ation, and denotational-seman tic adequacy .

The basic idea is that laten t classes are compu-

tational mo dels of the atomic relation sym b ols

o ccurring in lexical-seman tic represen tations. As

a �rst implemen tation, consider replacing the re-

lation sym b ols in the �rst tree in Fig. 11 with

relation sym b ols deriv ed from the laten t class la-

b eling. In the second tree in Fig 11, R

17

and R

8

are relation sym b ols with indices deriv ed from

the lab eling pro cedure of Sect. 4. Suc h represen-

tations can b e seman tically in terpreted in stan-

dard w a ys, for instance b y in terpreting relation

sym b ols as denoting relations b et w een ev en ts

and individuals.

Suc h represen tations are seman tically inad-

equate for reasons giv en in philosophical cri-

tiques of decomp osed linguistic represen tations;

see F o dor (1998) for recen t discussion. A lex-

icon estimated in the ab o v e w a y has as man y

primitiv e relations as there are laten t classes. W e

guess there should b e a few h undred classes in an

appro ximately complete lexicon (whic h w ould

ha v e to b e estimated from a corpus of h un-

dreds of millions of w ords or more). F o dor's ar-

gumen ts, whic h are based on the v ery limited de-

gree of gen uine in terde�nabilit y of lexical items

and on Putnam's argumen ts for con textual de-

termination of lexical meaning, indicate that the

n um b er of basic concepts has the order of mag-

nitude of the lexicon itself. More concretely , a

lexicon constructed along the ab o v e principles

w ould iden tify v erbs whic h are lab elled with the

same laten t classes; for instance it migh t iden tify

the represen tations of gr ab and touch .

F or these reasons, a seman tically adequate

lexicon m ust include additional relational con-

stan ts. W e meet this requiremen t in a simple

w a y , b y including as a conjunct a unique con-

stan t deriv ed from the op en-class ro ot, as in

the third tree in Fig. 11. W e in tro duce index-

ing of the op en class ro ot (copied from the class

index) in order that homophon y of op en class

ro ots not result in common conjuncts in seman-

tic represen tations�for instance, w e don't w an t

the t w o senses of de cline exempli�ed in de cline

the pr op osal and de cline �ve p er c ent to ha v e a

common en tailmen t represen ted b y a common

conjunct. This indexing metho d w orks as long

as the lab eling pro cess pro duces di�eren t laten t

class lab els for the di�eren t senses.

The last tree in Fig. 11 is the learned represen-

tation for the scalar motion sense of the in tran-

sitiv e v erb incr e ase . In our approac h, learning

the argumen t alternation (diathesis) relating the

transitiv e incr e ase (in its scalar motion sense)

to the in transitiv e incr e ase (in its scalar motion

sense) amoun ts to learning represen tations with

a common comp onen t R

17

^ increase

17

. In this

case, this is ac hiev ed.

6 Conclusion

W e ha v e prop osed a pro cedure whic h maps

observ ations of sub categorization frames with

their complemen t �llers to structured lexical

en tries. W e b eliev e the metho d is scien ti�cally

in teresting, practically useful, and �exible b e-

cause:

1. The algorithms and implemen tation are ef-

�cien t enough to map a corpus of a h undred

million w ords to a lexicon.



2. The mo del and induction algorithm ha v e

foundations in the theory of parameter-

ized families of probabilit y distributions

and statistical estimation. As exempli�ed

in the pap er, learning, disam biguation, and

ev aluation can b e giv en simple, motiv ated

form ulations.

3. The deriv ed lexical represen tations are lin-

guistically in terpretable. This suggests the

p ossibilit y of large-scale mo deling and ob-

serv ational exp erimen ts b earing on ques-

tions arising in linguistic theories of the lex-

icon.

4. Because a simple probabilistic mo del is

used, the induced lexical en tries could b e

incorp orated in lexicalized syn tax-based

probabilistic language mo dels, in particular

in head-lexicalized mo dels. This pro vides

for p oten tial application in man y areas.

5. The metho d is applicable to an y natural

language where text samples of su�cien t

size, computational morphology , and a ro-

bust parser capable of extracting sub cate-

gorization frames with their �llers are a v ail-

able.
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