Verb Subcategorization Frequency Differences between Business-

News and Balanced Corpora:The Role of Verb Sense

1 Douglas Roland, 1,2,3 Daniel Jurafsky, 1,3 Lise Menn, 4 Susanne Gahl, 1 Elizabeth Elder and 1 Chris

Riddoch

1 Department of Linguistics, 2 Department of

Computer Science, 3 Instituteof Cognitive

Science

University of Colorado

Boulder, CO 80309-0295

{douglas.roland, jurafsky, lise.menn, elizabeth.elder, christopher.b.riddoch}@colorado.edu

4 Department of Linguistics

Harvard University

Cambridge MA 02138 sgahl@fas.harvard.edu

Abstract

We explore the difference s in verb subcategorization frequencies across several corpora in an effort to obtain stable cross corpus subcategorization probabilities for use in norming psychological experiments .

For the 64 single senseverbs we looked at, subcategorization preferences were remarkably stable between British and

American corpora, and between balanced corpora and financial news corpora. Of the verbs that did show differences, these differences were generally found between the balanced corpora and the financial news data. We show that all or nearly all of these shifts in subcategorization are realised via (often subtle) word sense differences.

This is an interesting observation in itself, and also suggests that stable cross corpus subcategorization frequencies may be found when verb sense is adequately controlled.

Introduction

Verb subcategorization probabilit ies play an important rolein bot h computational linguistic applications (e.g. Carroll, Minnen, and Briscoe

1998, Charniak 1997, Collins 1996/1997, Joshi and Srinivas 1994, Kim, Srinivas, and Trueswell

1997, Stolcke et al. 1997)and psycholinguistic models of langua geprocessing (e. g. Boland

1997, Clift on et al. 1984, Ferreira & McClure

1997, Fodor 19 78 , Garnsey et al. 1997, Jurafsky

1996, MacDonald 1994, Mitchell & Holmes

1985, Tanenhaus et al. 1990, Trueswell et al.

1993).

Previous research, however, has shown that subcategorization probabilit ies vary widely in differ ent corpora. Studies such as Merlo

(1994), Gibson et al. (1996), and Rola nd &

Jurafsky (1997) ha vefound subcategorization frequency differ ences bet ween traditional corpus data and data frompsychological experiments.

Biber (1993) and Biber et al. (1998) haveshown that that wor d frequency, word sense(as defined by collocat es), thedistribution of synonymous words and theuseof syntactic structures varies with corpus genre. Roland & Jurafsky (1998,

2000 in press) showed that therewer e subcategorization fr equency differences between various writt en and spoken corpora, and further mor eshowed that that these subcategorization fr equency differences are caused by variation in word senseas well as genr eand discoursetypediffer ences a mong the corpora.

Whilethesubcategorization probabilit ies in a computational la nguagemodel can beadjust ed to match a particular corpus, cross corpus differ ences in such probabilit ies posean important problemwhen using corpora for nor ming psychological experiments. If each corpus generates a separateset of probabilities, which probabilities arethecorrect ones to useas a model of huma n la nguage processing ?

In an attempt to usecorpora to providenor ming data for 64 verbs for experimental purposes, we investigat e in detail how verb frequencies and verb subcategorization frequencies differ among threecorpora: theBrit ish National Corpus

(BNC), theWall Street Journal corpus (WSJ), and theBrown Corpus (Brown). For the 64 verbs, werandomly select ed a set of sent ences fromeach corpus and hand-coded them for transitivit y, passiveversus activevoice, and whet her theselect ed usagewas an instanceof themost common senseof theverb.

Wethen ask two quest ions: Do theseverbs havet hesamesubcategorization probabilit ies across corpora, and, when ther eare differ ences , what is thecause. If a set of factors causing the differ ences can beident ified and controlled for, then a stableset of cross-corpus probabilit ies suitablefor nor ming psychological experiments can begenerated.

Whileprevious work has shown that differ ences bet ween corpora do exist, and that word sense differ ences play a largerolein realising these differ ences, much less is known about the effect of other factors on subcategorization variation across corpora. For exa mple, aretheregross subcategorization differ ences bet ween Brit ish and Amer ican English? To what ext ent does the business-genr enatureof theWall Street Journal corpus affect subcategorization probabilities?

Finally, whileR ola nd and Jurafsky (2000 in press) suggest ed that sensediffer ences played a ma jor rolein subcategorization biases, they wer e only ableto t est their hypot hesis on a small number of verbs.

Our eventual goal is an understanding of many levels of verb differ ences across corpora, including verb frequency, frequency of transitive versus intransitiveuses, frequency of ot her subcategorization frames, and fr equency of activeversus passiveuse. This paper reports our preliminary results on thefirst two of these issues. Verb usagewas surprisingly unaffect ed by differ ences between British and American

English. Those differ ences that did occur seem most ly to becaused by differ ence s in the distribution of verb senses across corpora . The business-genr enatureof theWall Street Journal corpus caused certain verbs to appear moreoft en in particular senses that had a strong effect on its subcategorization fr equencies. Even aft er controlling for thebroad senseof theverb, we found subcategorization differ ences caused by

the"micro-differ ences" in sense, including quit e specific arguments to theverb.

1 Data

Data for 64 verbs (shown in Table1) was collect ed fromt hr eecorpora; TheBritish

National Corpus (BNC)

(http:// info.ox.ac.uk/bnc/ index.ht ml) , theP enn

Treebank parsed version of theBrown Corpus

(Brown), and theP enn Treebank Wall Street

Journal corpus (WSJ) (Marcus et al. 1993) .

The64 verbs wer echosen on thebasis of the requir ements of separatepsychological exper iments including having a singledominant sense, being easily imagable, and participating in oneof several subcategorization alter nations.

A randomsa mpleof 100 exa mples of each verb was select ed fromeach of thethr eecorpora.

When t hecorpus contained less than 100 tokens of theverb, as was frequently thecasein the

Brown and WSJ corpora, the ent ir eavailable data was used. This data was coded for several properties: Transitive/Intransitive,

Act ive/Passive, and whet her the exa mple involved thema jor senseof theverb or not.

TheBNC data was coded ent irely by ha nd, whilet heBrown and WSJ was hand coded after a first pass of subcategorization labelling via a tgrep search string algorit hm. Thesamecoder labelled thedata for all threecorpora for any given verb, in order to reduceany problems in int ercoder reliability.

adjust, advance, appoint, arrest, break, burst, carve, crack, crumble, da nce, design, dissolve, distract, disturb, drop, elect, encourage, ent ertain, excit e, fight, float, flood, fly, fright en, glide, grow, hang, harden, heat, hurry, impress, jump, kick, knit, lean, leap, lecture, locate, march, melt, merge, mutate, offend, play, pour, race, relax, rise, rotate, rush, sail, shut, soften, spill, stand, study, surrender, tempt, terrify, type, walk, wander, wash, watch

Table 1 - 64 verbs chosen for analysis

2 Verb Frequency

Becauseword fr equency is known to vary wit h corpus genre, weused thefr equency differ ences for our target verbs as a measureof corpus differ ence. Wewould expect factors such as corpus genre(Business for WSJ vs. mixed for

BNC and Brown), American vs. British English, and the era thecorpus samplewas taken in to influenceword frequency.

Wecalculat ed thefr equencies for each verb, and used Chi Squareto test whet her thediffer encein frequency was significant for each corpus pairing. Wethen count ed thenumber of verbs that showed a significant differ enceusing p =

0.05 as a cut-off point. This result is shown in

Table 2 . Although ther ewer everbs that had a significa nt differ encein distribution bet ween t he two mixed genr ecorpora (BNC, Brown), ther e wer emor ediffer ences in word fr equency bet ween t hegeneral corpora and thebusiness corpus. Thediffer encebetween t he

BNC/Brown comparison and theBNC and

Brown vs. WSJ comparison is significant (Chi

Square, p < .01).

BNC vs Brown BNC vsWSJ Brown vs WSJ

30/64 46/64 46/64

Table 2 ˘ Number of verbs showing a significa nt differ encein frequency bet ween corpora.

Table 3 shows thelist of words that were significa ntly mor efrequent in bot h of the general corpora than they werein thebusiness orient ed corpus. Noticethat most of theverbs describeleisureactivities.

amuse, boil, burst, dance, disturb, ent ertain, fright en, hang, harden, hurry, impr ess, knit, lean, paint, play, race, sail, stand, tempt, walk, wander, wash, watch

Table 3 - Verbs which BNC and Brown bot h havemor eof than WSJ:

Alt ernatively, when onelooks at thewords that had a significant ly higher frequency in theWSJ corpus than in eit her of theot her corpora ( Table

4 ), onefinds predominat ely verbs that can describest ock pricechanges and business transactions.

adjust, advance, crumble, dr op, elect, fall, grow, jump, merge, quot e, rise, shrink, shut, slip

Table 4 - Verbs which WSJ has mor eof tha n both Brown and WSJ:

Wearecurrently exa mining thenatureof the differ ences bet ween t heBrit ish and Amer ican corpora.

3 Subcategorization Frequency

3.1 Methodology:

For thesecond experiment, wecoded t he exa mples of the64 verbs fromeach of thethr ee corpora for transitivit y. Wecount ed any use with a dir ect object as transitive, and any ot her use, such as wit h a prepositional phrase, as intransitive. Passiveuses wer ealso included in thetransitivecategory. Examples ( 1 ) and ( 2 ) illustrateintransit iveuses, exa mple ( 3 ) illustrates transitive(and active) while exa mples

( 4 ) and ( 5 ) illustratetransitive(and passive) uses of theverb ` race ´ .

( 1 ) Pretax profits dropped by 37 million.

( 2 ) Somet hing dropped t o thefloor.

( 3 ) Lift themfromt heelbows, and then drop them down to t hefloor .

( 4 ) Plans for an OSF binary int erfacehave been dropped .

( 5 ) I t was ... thetinsel paper dropped by bombers .

Roland and Jurafsky (2000 in press) showed t hat verb sensecan affect verb subcategorization.

Wether eforecontrolled for verb senseby only including sent ences fromt hemajorit y senseof theverb in our counts. For example, wedid not includeinstances of dr op which wer ephrasal verbs with dist inct senses like"dr op in" or "drop off". Wedid however, includemetaphorical ext ensions of thema in sense, such as a company

"dropping a product line". Wethus used a broadly defined not ion of senserather than the mor enarrowly defined wor d senses used in someon-linewor d senseresources such as

Wordnet. This was partly for logistic r easons, sincesuch fine-grained senses arevery hard to code, and partially becausewesuspect ed that very narrowly defined senses frequent ly have only onepossiblesubcat egorization. Coding for such senses would havet hus biased our exper iment strongly toward finding a strong link bet ween senseand subcategorization-bias.

Wecalculat ed transitivit y biases for each of the

64 verbs in each of thethr eecorpora. We classed theverbs as high transitivit y if moretha n

2/3 of thetokens of thema jor sensewer e transitive, low transitivity if moretha n 2/3 of the tokens of thema jor sensewer eintransit ive, and as mixed other wise. Weremoved from consideration any token of t heverb which was not used in its major sense. If subcategorization biases arerelated to verb sense, wewould expect thetransitivity biases to bestableacross corpora oncesecondary senses areremoved fr omconsideration.

3.2 Results:

Nineof the64 verbs, shown in Table 5 , had a significa nt shift in transitivit y bias. These verbs had a differ ent high/ mixed/ low transitivit y bias in at least oneof thet hreecorpora.

Verb BNC transitivit y

Brown transitivit y

WSJ transitivit y advance mixed

(48%)

mixed

(65%)

low

(19%) crack mixed

(58%)

mixed

(58%)

high

(86%) fight low

(29%)

mixed

(49%)

high

(64%) float low

(22%)

low

(11%)

mixed

(44%) flood mixed

(52%)

high

(100%)

high

(100%) relax low

(27%)

low

(30%)

mixed

(65%) soft en high

(71%)

high

(70%)

mixed

(43%) study high

(84%)

mixed

(39%)

high

(92%) surrender mixed

(48%)

mixed

(39%)

high

(73%)

Table 5 ˘ Transitivit y bias in each corpus

3.3 Discussion:

In general, theseshifts in transitivit y wer ea result of t heverbs having differ ences in sense bet ween t hecorpora such that thesenses had differ ent subcategorizations, but werestill within our broadly defined ` main sense ´ for that verb.

For seven out of thenineverbs, theshifts in transitivit y area result of differ ences bet ween theWSJ data and theot her data, which area result of t heWSJ being biased towards businessspecific uses of theseverbs. For example, in theBNC and Brown data, ` advance ´ is a mixture of transitiveand intransitiveuses, shown in ( 6 ) and ( 7 ), whileintransitivesharepricecha nges

( 8 ) dominated in theWSJ data.

( 6 ) BNC intransitive: In films, they advancein droves of armour across open fields �

( 7 ) BNC transitive: Wehaveadvanced

^ moral careers ~ as another useful concept �

( 8 ) WSJ intransitive: Of the4,345 stocks that T changed hands, 1,174 declined and

1,040 advanced.

` Crack ´ is used t o mean ` ma kea sound ´ ( 9 ) or

` break ´ ( 10 ) in theBrown and BNC data (both of which havetransitiveand intransit iveuses), whileit is morelikely to beused to mean ` ent er or dominat ea group/ market ´ ( transitiveuse) in theWSJ data; ( 11 ) and ( 12 ).

( 9 ) Brown intransitive: A carbinecracked mor eloudly �

( 10 ) Brown intransitive: Usewell-wedged clay, freeof air bubbles and pliableenough to bend wit hout cracking.

( 11 ) WSJ transitive: But theoutsiders haven’t yet been ableto crack Saatchi’s clubby inner circle, or to havesignificant influenceon company strategy.

( 12 ) WSJ transitive: � big invest ments in

^ domestic ~ industries such as beer will make it even t ougher for foreign compet itors to crack theJapanesemarket.

` Float ´ is generally used as an intransitiveverb

( 13 ), but must beused transitively when used in a financial sense ( 14 ).

( 13 ) Brown intransitive: Theball floated downstrea m .

( 14 ) WSJ transitive: B. A.T aims to � float its big paper and Brit ish retailing businesses via shareissues to existing holders.

` Relax ´ is generally used intransitively ( 15 ), but is used transitively in theWSJ data when discussing therelaxation of rules and credit

( 16 ).

( 15 ) BNC intransitive: Themoment Joseph stepped out ont o thet erracetheworried faces of Tran Van Hieu and his wiferelaxed with relief.

( 16 ) WSJ transitive: Ford is willing to bid for 100% of Jaguar ’s shares if both the government and Jaguar shareholders agreeto relax theanti-takeover barrier prematurely.

` Soft en ´ is generally used transitively ( 17 ), but is used intransitively in t heWSJ data when discussing thesoft ening of prices ( 18 ) and

( 19 ).

( 17 ) Brown transitive: Hardy would not allow sent iment t o soft en his senseof the irredeemablepastness of thepast, and the et er nal dea dness of thedea d.

( 18 ) WSJ intransitive: A spokesma n for

Scott says that assuming thepriceof pulp cont inues to soft en, ^ Weshould do well.~

( 19 ) WSJ intransitive: Thestock has since soft ened, trading around $25 a sharelast week and closing yest erday at $23.00 in national over-the-count er trading.

` Surrender ´ is used bot h transitively ( 20 ) and intransitively ( 21 ), but must beused transitively when discussing thesurrender of particular items such as ` stocks ´ ( 22 ) and ( 23 ).

( 20 ) BNC transitive: In 1475 Stanley surrender ed his shareto t hecrown �

( 21 ) Brown intransitive: � thedefenders, to savebloodshed , surrender ed under the promiset hat they would betreated as neighbors

( 22 ) WSJ transitive: Holders can � surrender their shares at theper-sharepriceof

$1,000, plus accumulated dividends of $6.71 a share.

( 23 ) WSJ transitive: � Nelson Peltz and

Pet er W. May surrender ed warrants and preferred stock in exchangefor a larger stake in Aver y ’s common shares.

Theverb ` fight ´ is theonly verb that has a differ ent transitivit y bias in each of thet hree corpora; wit h all ot her verbs, at least two corpora sharethesamebias. In theWSJ, fight tends to beused transitively, describing action against a specific ent ity or concept ( 24 ). In theot her two corpora, ther earemor e descript ions of actions for or against mor e abstract concepts ( 25 )and ( 26 ). In addit ion, theWSJ differ ences may further beinfluenced by a journalistic stylepracticeof dropping the preposition ` against ´ in thephrase ` fight against ´ .

( 24 ) WSJ transitive: Los Angeles Count y

Supervisor Kennet h Hahn yest erday vowed t o fight theintroduct ion of double-decking in the area.

( 25 ) BNC intransitive: Hefought against theUnit ed Nations troops in theattempt ed

Katangesesecession of ninet een sixty to sixt ytwo.

( 26 ) Brown intransitive: But hewould fight for his own liberty rather than for any abstract principleconnect ed wit h it -- such as ^ cause ~ .

Theverb ` study ´ is generally transitive ( 27 ), except in theBrown data, wher estudy is frequently used wit h a prepositional phrase

( 28 ) or to generically describetheact of studying ( 29 ). W earecurrent ly investigating what might becausing this differ ence; possible candidat es includelanguagecha nge(since

Brown is much older than BNC and WSJ),

British-Amer ica n differ ences, or micro-sense differ ences.

( 27 ) BNC transitive: A much mor euseful and realistic approach is to study recordings of differ ent spea kers’ natural, spontaneous �

( 28 ) Brown intransitive: In addit ion, Dr.

Clark has studied at RhodeIsland State

Collegeand Massachusetts Institut eof

Technology.

( 29 ) Brown intransitive: Shediscussed in her lett ers to Winslow some of thequestions that cameto her as shestudied alone.

Theverb ` flood ´ is used intransit ively more oft en in theBNC than in theother corpora.

TheBrown and WSJ uses tend to betransitive non-weather uses of theverb flood ( 30 ) and

( 31 ), whiletheBNC uses includemoreweather uses, which aremor elikely to beintransitive

( 32 ). Weareinvestigating whet her this is a result of t heBNC discussing weather moreoft en, or a result of which particular grammatical structures areused to describetheweat her floods in British and Amer ica n English.

( 30 ) WSJ transitive: Lawsuits over the harmcaused by DES haveflooded federal and statecourts in thepast deca de.

( 31 ) Brown transitive: Thet erriblevision of theghett o streets flooded his mind.

( 32 ) BNC intransitive: � should theriver flood, as he’d observed it did after heavy rain, thehousewas safeupon its hill.

Conclusion

Thegoal of thework perfor med in this paper was to find a stableset of transitivit y biases for

64 verbs to providenor ming data for psychologica l exper iments.

Thefirst result is that 55 out of 64 singlesense verbs analyzed did not cha ngein transitivit y bias across corpora. This suggests that for our goal of providing transitivit y biases for singlesense verbs, theinfluenceof American vs. British

English and broad based vs. narrow corpora may not belarge. Wewould, however, expect larger cross corpus differ ences for verbs that are mor epolysemous than our particular set of verbs.

Thesecond result is that for the9 out of 64 verbs that did cha ngein transitivity bias, theshift in transitivit y bias was largely a result of subtle shifts in verb sensebet ween thegenr es present in each corpus. Theset wo results suggest that when verb senseis adequately controlled for, verbs havestablesubcategorization probabilit ies across corpora.

Onepossiblefutureapplication of our work is that it might bepossiblet o useverb frequencies and subcategorization probabilities of multisenseverbs can beused to measuret hedegr eeof differ encebet ween corpora.

Acknowledgements

This project was partially supported by NSF

BCS-9818827 and IRI-9618838. Many tha nks to thethr eeanonymous reviewers.

References

Biber, D. (1988) Variation across speech and writing . Cambridge University Press, Cambridge.

Biber, D. (1993) Using Register-Diversified

Corpora for General Language Studies .

Computational Linguistics, 19 ( 2 ) , 219-241.

Biber, D, Conrad, S., & Reppen, R. (1998)

Corpus Linguistics . Cambridge University Press,

Cambridge.

Boland, J. (1997). Resolving syntactic category ambiguities in discourse context: probabilistic and discourse constraints . Journal of Memory and

Language 36, 588-615.

Carrol, J., Minnen, G., & Briscoe, T. (1998). Can subcategorization probabilities help a statistical parser? In Proceedings of the 6 th ACL/SIGDAT

Workshop on Very Large Corpora, Montreal,

Canada.

Charniak, E. (1997). Statistical parsing with a context-free grammar and word statistics. In

AAAI-97 , Menlo Park. AAAI Press.

Clifton, C., Frazier, L., & Connine, C. (1984)

Lexical expectations in sentence comprehension .

Journal of Verbal Learning and Verbal Behavior,

23, 696-708.

Collins, M. J. (1996) A new statistical parser based on bigram lexical dependencies . In Proceedings of

ACL-96, 184--191, Santa Cruz, CA.

Collins, M. J. (1997) Three generative, lexicalised modelsforstatistical parsing . In Proceedingsof

ACL-97.

Ferreira, F., and McClure, K.K. (1997). Parsing of Garden-path Sentenceswith Reciprocal Verbs .

Language and Cognitive Processes12, 273-306.

Fodor, J. (1978). Parsing strategies and constraints on transformations. Linguistic

Inquiry, 9, 427-473.

Garnsey, S. M., Pearlmutter, N. J., Myers, E. &

Lotocky, M. A. (1997). The contributions of verb biasand plausibility to the comprehension of temporarily ambiguoussentences . Journal of

Memory and Language 37, 58-93.

Gibson, E., Schutze, C., & Salomon, A. (1996).

The relationship between the frequency and the processing complexity of linguistic structure.

Journal of Psycholinguistic Research 25(1), 59-92.

Joshi, A. & B. Srinivas. (1994) Disambiguation of super parts of speech (or supertags): almost parsing . Proceedingsof COLING’94.

Jurafsky, D. (1996) A probabilistic model of lexical and syntactic access and disambiguation .

Cognitive Science, 20, 137-194.

Kim A, SrinivasB and Trueswell J (1997).

Incremental Processing Using Lexicalized Tree-

Adjoining Grammar: Symbolic and Connectionist

Approaches, Conference on Computational

Psycholinguistics, Berkeley, California, August

1997.

MacDonald, M. C. (1994) Probabilistic constraints and syntactic ambiguity resolution .

Language and Cognitive Processes9 , 157-201.

Marcus, M.P., Santorini, B. & Marcinkiewicz, M.A..

(1993) Building a Large Annotated Corpus of

English: The Penn Treebank . Computational

Linguistics 19.2:313-330.

Merlo, P. (1994). A Corpus-Based Analysis of Verb

Continuation Frequencies for Syntactic Processing .

Journal of Pyscholinguistic Research 23.6:435-

457.

Mitchell, D. C. and V. M. Holmes. (1985)

The role of specific information about the verb in parsing sentences with local structural ambiguity.

Journal of Memory and Language 24 , 542--559.

Roland, Douglasand Daniel Jurafsky. ( 2000 in press).

Verb sense and verb subcategorization probabilities.

In Paola Merlo and Suzanne Stevenson (Eds . ) John

Benjamins.

Roland, Douglasand Daniel Jurafsky. (1998). How verb subcategorization frequenciesare affected by corpuschoice. Proceedings of COLING-ACL 1998.

p 1117-1121.

Roland, D. and Jurafsky, D. (1997) Computing verbal valence frequencies: corpora versus norming studies . Poster session presented at the

CUNY sentence processing conference, Santa

Monica, CA.

Stolcke, A., C. Chelba, D. Engle, V. Jimenez, L.

Mangu, H. Printz, E. Ristad, R. Rosenfeld, D. Wu,

F. Jelinek and S. Khudanpur. (1997 ) Dependency

Language Modeling. Center for Language and

Speech Processing Research Note No. 24. Johns

Hopkins University, Baltimore.

Tanenhaus, M . K., Garnsey, S . M. , & Boland, J .

(1990). Combinatory lexical information and language comprehension. In Altmann, Gerry T.

M. (Ed); et al; Cognitive models of speech processing: Psycholinguistic and computational perspectives. Cambridge, MA, USA: Mit Press .

Trueswell, J., M. Tanenhaus and C. Kello. (1993)

Verb-Specific Constraints in Sentence Processing:

Separating Effects of Lexical Preference from

Garden-Paths. Journal of Experimental

Psychology: Learning, Memory and Cognition

19.3, 528-553