Language-independent Induction of Part of Speech

Class Labels Using Only Language Universals

Patrick Schone and Daniel Jurafsky

Universityof Colorado, Boulder CO 80309

{schone, jurafsky}@cs.colorado.edu

Abstract

We introduce a language-independent strategyfo r inducin g part of speech tags fromcorpora. Unlik e o thertechniquesthatuselanguag e-specific lexicons, r ulesets,andsoforthtotag,ouralgorithm bootstraps o nlyfromclusterpropertiesandlanguageunive rsals.

W edescribethetheoryandillust rate an introductory e xperimentwhichverifiesthefeasibilityof th is nearknowl edge-free tag induction strategy. We induc e t agsforperfectsyntacti c clusters generated fromthe

Brown corpusgetting77%of ourhypothesescorrect .

1 Introduction

Knowledge of part of speech (POS) categories for words i n text corpora is an important ingredient for various tasks i n computational linguistics. In the past, there have been fiv e principal methods for labeling syntactic categories:

(1) tag words byhand

(2) applyhand-built or learned rules/statistics

(3) stochasticallytag using a lexicon

(4) infer tags using parallel corpora and tags fromanother language

(5) automaticallyinduce syntactic clusters.

Eac h approach has strengths and weaknesses. Whe n appr oaching a new domain, the first, using human-provide d labels, issometimesneeded duetolackof linguisticresources .

Y ettheexpenseandtediumof hand-taggingacorp us for each new language makes this option undesirable.

Th e second strategyis more powerful than the first: onc e r ulesaredetermine d, the tagger can readilyprovide POSs for mu ltiple corpora in the same domain without anyadditiona l effort. However, using hand-built rules [Harris, 1962; Klein and S i mmons, 1963] can be brittle. It is possible to use a p retaggedcorpusor lexicon to learn robust rules or statistical prop erties for tagging [Brill, 1995; Voutilainen, 1995 ;

S amuelssonandVoutilainen,1997],buttheneedforan initial expert when moving across languages cannot be escaped.

Electronic dictionaries containing POS tags are becomin g more prevalent,sothethird approach[BahlandMercer,1976 ;

J elinek, 1985; Church, 1989; Merialdo, 1991; Kupiec, 1992;

etc.] i s widelyapplicable. Similarly, since several hand - t aggedcorporaexist(su ch as the Brown Corpus [Francis and

Ku

þ era, 1982] in English) and since parallel corpora ar e

increasing in availability, the fourth approach [Yarowsky, e t

a l. , 2001] is also verypowerful. Yet, there remain languages

whe re lexicons and parallel corpora do not exist. In suc h

cases, neither approach is applicable.

T helastapproachisappealinginthatone might expect that

the induction of syntacticclusters[Brown, etal. ,1992;Chate r

a ndFinch,1992;Schütze,1993;Pereira, etal . , 1993, Niesler,

et al. , 1998; Clark, 2000] is data and language-independen t

and is certainlyinexpensive in termof human expert labor .

Yet havingsyntacticclusterswithoutcorresponding POStag s

has limitedapplicability. Manyalgorithmswhichmakeuseo f

P O S ne ed knowledge of actual syntactic classes of word s

instead of the arbitraryclusters to which theybelong.

A h ighlydesirable solution would be a knowledge-fre e

a lgorithmthatautomaticallyinducesappropriateP OS clusters

and tags in manylanguages and requires little or no huma n

i npu t. To our knowledge, such an algorithmhas never been

pro posed. We describe an approach for tackling a subset o f

this problem. We illustrate an algorithmwhich, give n

s yntacticclusters,automaticallydeterminesthecor responding

POS tagsfor thoseclusters.Moreover,ouralgorithmrequire s

no language-dependent human input or resource. The onl y

huma n-provided information available to our algorithmis a

lis t o f existing language universal rules [Greenberg, 1966 ;

C omrie,198 9; Croft, 1991; Plank and Filiminova, 1996] and

a rudimentaryknowledgeofwordspacingandpunctuationfo r

tokenizing. Using existing universals has the advantage that

no ad ditional human effort is needed to port the taggin g

algorithmacross languages.

O ur algorithm makes decisions bytaking advantage o f

join-tree-based Bayesian Networks [J ensen, 1996], induce d

m orphology[SchoneandJurafsky,2000],andau tomatically-

ext racted features. Furthermore, it reaches its conclusion s

without explicit knowledge of the POS tags available in th e

languag e of application. Though we expect this approach t o

b eapplicabletom ultiple languages, we illustrate preliminary

results of its performance on the Brown corpus in English.

2 Data Precursors

Bef ore d escribing the induction process, it is first useful t o

il lustrate the data needed to automaticallyinduce POS tags .

E sse ntiallywe need three pieces of data. We first assume we

h aveareasonably-sized text corpus. Secondly, we need a set

of s yntactic clusters generated fromthat corpus. It has bee n A P O S class is called open if the number of unique word s

s hownthatusingtext corpora, the distributional properties of contained within it will continue to grow as the corpus siz e

words make it possible to cluster words according to thei r increases toward infinity. All other finite classes are closed .

s yn tactic functions. These clusters provide statistical clue s N ounsandverbsexistinmostever ylanguage, and since they

w hichsignalthelikeliho od of their being one POS more than a retheprincipalconvey ors of information, one would expect

another. The final ingredient needed is a collection o f t hatformostlanguages,theseclasseswi ll be open. Although

s yn tactic language universals, i.e., syntactic properties tha t adj ectives typicallyexist across languages, there ar e

hold true across languages. Such universals exist an d l anguageswhichonlyallowforalimitednumberof adjec tival

ide ntify the expected types of classes in general languages , t ypes(suchasshapeandcolor).Adverbsdon ot have to exist

potential orderings between classes, and ^symbiotic~ classe s a tall.Nonetheless,if any classesareopen , one would expect

which ten d to bind to one another. In this section, we wil l thes e f our to be open, as well as numbers and, perhaps ,

dis cus s each of these pieces of information with particula r i nterjectionsandfo reign words. All other classes are closed.

e mphasisonthefeaturesderivablefr omthe clusters and from I dentificationof opennessversusclosedness turns out to be

t helanguag e universals since these are keyingredients of the a rather simple problem. If we recognize that closed classe s

inductive process. a refinite,wewouldexpectthatif we start at the beginning of

2.1 Data and syntactic clusters

A s mentioned before, there have been numerous efforts t o

ind uce syntactic clusters. We could choose anyof thes e

techni ques or develop a separate one. However, to avoi d

con founding issues between clustering errors and taggin g

er rors, we assume here that we are given the output of som e

^ perfect~clusteringalgorithm.Wecanobtainperf ect clusters

by c ollecting together all the nouns, verbs, etc. froma truth -

mar ked corpus and then throwing awaythe initial POS tags .

H avin g truth markings also allows us to accuratelyasses s

performance upon completion of the induction stage.

We choose the Brown Corpus [Francis and Ku þ era, 1982 ]

for our induction corpus. This corpus contains about on e

million words. It also serves as an excellent dataset fo r

as s emb ling ^perfect clusters~ since everyword has bee n

la beled byhand with a POS [Marcus, et al. , 1993]. Th e

c orpushas48POStags,butweconsolidatethesebyg rouping

p unctuationintosingleclustersandgroupingsubse ts of larger

clas s es (such as collapsing VBG, the gerund formof verbs ,

i ntothemoregeneralclassforverbs,VB).Thisconsolidat ion

l eaves20generalclasses:determiners,propernouns,com mon

n ouns,verbs,prepositions,genitives,adjectives,punctua tions,

adve rbs, question terms, conjunctions, infinitive markers ,

pron ouns, numbers, modal verbs, pronominal determiners ,

exis tentials, list indices, interjections, and foreign words. A

give n word W can be a member of several classes, so w e

provide ouralgorithmalist,{c ,p ,c , p ,. ..} where c is the

1 1 2 2 i

i th cluster and p is the probabilitythat W occurs in cluster i .

i

2.2 Cluster Properties

We extract numerous features fromthe clusters, but we wil l

here onlymake mention of those that we have currentl y e mployedinthei nduction process. In particular, we identify

openness, affixation, optionality,numeracy,clusterorder,an d

bound classes. The following sections describe each feature

as well as how we obtain and employthemin the induction.

Openness

a corpus looking for all words in that class, we will quickl y

reac h a point where we have seen practicallyall of its clas s

el ements. If we consider the average frequencycount o f

w ordsinthatsetanddividebythecar dinality(size) of the set

as it grows over time, we expect that after some point, tha t

r atiowil l simplyincrease monotonically. On the other hand,

w ithopenclasses,thecardinalityw ill continue to grow as the

f requenc y counts grow, so one might almost expect a fairl y

constant ratio through time.

F rom everyexperiment we have conducted, these notion s

s eem to be true. We process our corpus in blocks of 500 0

w ordsatatime.Forthe n thblock(outof N ),w e compute the

c umulativefrequencycountforth e cluster divided by n times

the ca rdinalityof the set (i.e., for exaggeration effects, w e

a ctuallyusethelargestcardinalitytheclusterwilleverha ve in

t hewholedataset).Whenallblockshave been processed, we

can compute the mean and standard deviations of the siz e

ratios as theyprogressed through time. We use as our fina l

o pennessscore, N time s the largest cardinalitydivided bythe

standard deviation. This measure stronglyseparates ope n

classes fromclosed classes.

Affixation

Schone and J urafsky[2000] illustrated a knowledge-fre e

a pproach for inducing morphologyin inflectional languages.

A goal of this approach was to identify, for anyword X, th e

s et of wor ds that conflate with X. For example, if X wer e

^ talk,~ one might expect the conflation set to include th e

words ^talk,~ ^talks,~ ^talking,~ and ^talked.~ Thes e

conf la tion sets give information about inflections within a

langua ge which can be useful for inducing appropriate PO S

t ags.Forexample , if we consider the conflation set of talk as

w ellasthoseof ^climb~and^jump ~, namely, {climb, climbs,

c limbing,climbed}and{jump,ju mps, jumping, jumped}, we

P ( Y | X )

� + � - 0.5 ,

1, n p n where � and � are initialized as 0.5, and are compute d p n

{ } m i

1 argmax

T

1

, T

2

, . . . , T

N

Pr ( {

- i

, T i

} N i 1

| U ) ( 1 ) argmax

~ T i

N

1 r 1

) argmax

~ T i

N

N i 1

Pr ( T i

| { - r

, T r

} i 1 r 1

) Pr ( - i

| T i

, { - r

, T r

} i 1 r 1

) argmax

~ T i

N

N i 1

Pr ( T i

| { T r

} i 1 r 1

) Pr ( - i

| T i

, H ( i

1 ) ) . ( 4 )

H ( i ) { - r

, T r

} i r 1 argmax

~ T i

N

N i 1

Pr ( T i

| { T r

} i 1 r 1

)

M

N m 1

Pr ( f m

( - i

) | T i

, H ( i

1 ) ) .

F igure2 Subsection ofnetinvolvingnumbers(M)preceding nouns

( N).Adjectives(J)and pre/post positions(I/PP)also playa role.

recursivelyaccording to 0.16 8. Bymarginalizing (summing across the top two an d

� =2( � +(1- � )p(x|y ))-1

~ p(x|y )

� 0.5, and bottom tw o rows), we can see that the probabilityof {M N }

p p p i i

� =2 � p(x|y ) ~ p(x|y ) < 0.5. is 0.511 and the probabilityof ¬{M N} is 0.489. If ou r

n n i i

T heseequationsaresimilartothenoisy-orcondition.Yet they algorithm proposed the ordering {M N} as a potentia l

separately handle favorable (p>0.5) and unfavorable (p<0.5) ordering, this suggests we would tend to favor that ordering.

condi tional probabilities. One might expect that if mos t

con ditional probabilities are unfavorable, the multi -

c onditionedprobabiliti es should tend toward zero. Likewise,

if m ost conditional probabilities are favorable, the overal l

pr obability should tend toward 1.0. It can be readil y

d eterminedthattheseequationsdohavethiskin d of behavior.

F urthermore, the probabilitywill indeed be 0.5 if, in the long

run, all conditional probabilities had been 0.5. There ar e

addi tional steps to the implementation, but the intereste d

reader should consult J ensen [1996] for details.

A subsection of our final network (which onlyhandles SV O

language s for now) is shown in Figure 2. The full networ k

h as102nodes.Thetimetob uild the network depends on the

size of the largest clique , which, simplyput, is the maximum

n umberof dependentnode s required for the message-passing

s cheme . One can reduce this number bysplitting nodes (fo r

example, N is a split node of nouns, N). For our SV O

3

network, the maximumclique has 16 nodes, so that clique´ s

pro bability table has 2 probabilityentries. This size limit s

16

the frequencywith which the network can be updated.

F orthereader´ss ake, we provide the following probability

table (Table 2), which illustrates the probabilities of {M N}

g ivendifferentconditionsof itsparentnode s. Fromthis table,

we can find that the most likelycondition for {M N} and its

p arentnodesisfor{J N}tobetrueand{M N} to also be true

w iththerestof thenodesbeingfalse.Thishasaprobabilityo f

--- 1-- -2- 12- --3 1-3 -23 123

� MN, � NM .163 .013 .029 .001 .013 .013 .003 ~0

� MN, NM .120 .056 .016 .034 .011 .011 .002 .004

MN, � NM .054 .168 .025 .122 .007 .007 .003 .015

MN, NM ~0 .044 .014 .034 .006 .006 .002 .004

T able2 :Probabilitiesof {M N} given conditions of its parents. The

1 , 2 , 3 r epresents respectivelyindicate that {J N}, I&{J N}, an d

P P &{M N} are true. Dashes mean that nodes are false.

3 The Induction Process

In th e previous section, we described the architecture an d

components needed for the induction process. However, we

have not described how the induction process itself take s

p lace.Inthissection,wedescribetheinduct ion mathematics.

3.1. General induction strategy

Before describing strategy, we must define several symbols:

K i th cluster

i

- feature vector for K

i i

T POS tag assigned to K

i i

f ( - ) the m th feature of -

m i i

a sequence of m items

G iven th ese symbols, we can saythat the task of finding th e

best POS tags for our set of clusters can be expressed as:

where U are the available language universals. We ca n

expand on this equation to give us more focus on th e

quantities weneedto compute.Forsimplicity,weassumetha t

t heprobabilitiesarealwaysconditionedon U .Astyp ical, our

first expansion of (1) is two applications of the chain rule:

S inc e our clusters are unordered, we can process themi n

whate ver order we prefer. We choose to process themi n

d ependencyorder.Bythiswemeanthatw e can first look for

noun s and verbs, and then we can look for items that ar e

d ependentonlyupon them, and so forth. This means that we

can effectivelyremovedependenceof T onfeaturevectorsfo r

i

already- defined clusters. If we define a temporaryhistor y

function , we can simplifyto

The s eco nd component of (4) can be broken down byth e

cha in rule based on the features of - . If we assume th e

features are mutuallyindependent, the chain rule gives us

Pr ( T

i

| { T

r

} i 1

r 1

) A

i