
Multilingual Finite-State Noun PhraseExtractionAnne SchillerRank Xerox Research Centre38240 Meylan, FranceAnne.Schiller@grenoble.rxrc.xerox.comAbstract.The paper describes a tool for noun phrase mark-up basedon �nite-state techniques and statistical part-of-speech dis-ambiguation. We illustrate the proceeding by examples fromrealizations for seven languages (Dutch, English, French, Ger-man, Italian, Portuguese, and Spanish).1 IntroductionFor the purpose of terminology extraction from technical doc-uments we designed a tool which applies �nite-state tech-niques to mark potential terms, especially noun phrases corre-sponding to given regular patterns. The paper describes thegeneral architecture of the tool and shows how �nite-statetransducers representing noun phrase patterns are used fornoun phrase mark up for a range of languages.The noun phrase extraction is the continuation of a chain of�nite-state tools which include tokenizing, lexicon and guesserconstruction, and a statistical part-of-speech disambiguator(tagger) which uses a �nite-state lexicon and guesser.2 ArchitectureThe noun-phrase extraction tool consists of several mod-ules: language independent programs (tokenizer, part-of-speechdisambiguator, and noun phrase mark-up) and language de-pendant data (�nite-state transducers and transition proba-biblities). This modular architecture allows rapid extensionto di�erent languages.Finite-state tools [7] and programming scripts serve to com-pute the �nite-state transducers (FST). Manually tagged cor-pora and tagger training tools [8] provide transition probabil-ities for the statistical part-of-speech disambiguator.Currently, implementations for 7 languages (Dutch, En-glish, French, German, Italian, Portuguese, Spanish) exist;more languages (eg. Czech) are in preparation. We estimatethat adding a new language involves about 1 man year ofa lexicographer's time (including work on the morphologicallexicon).3 TokenizationThe tokenizing process devides a sequences of input charactersinto tokens which serve as input units for subsequent process-
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Tokenizer FSTFigure 1. Architectureing. In general, a token corresponds to an inected word form,a number, a punctuation mark, etc.The tokenizer program simply matches an input text withthe lower side of the tokenizer transducer and returns the out-put text corresponding to the upper side. The program con-tains no general assumptions about character classes (wordboundaries, brackets, punctuations etc.) or special tokens (suchas abbreviations, numbers, SGML-markup). Thus, the tok-enizer transducer, not the tokenizer program, de�nes the to-kenizer output format.The tokenizer transducers are language dependent. Theyhandle abbreviations and multi-word expressions and allowwhite space insertion within special (contracted) word forms.The construction of the tokenizer transducer employs thedirected replace operator [4]. The resulting automaton is non-ambiguous, i.e. every sequence of input characters is mappedto one sequence of output tokens. Therefore, multi-word unitsare always tokenized as single tokens and are tagged as a unitin the subsequent processing.c 1996 A. SchillerProceedings of the ECAI 96 WorkshopExtended Finite State Models of LanguageEdited by A. Kornai.



Example: (French)INPUT: Vois-tu l'arbre �a cot�e de la maison?OUTPUT: Vois--tul'arbre�a cot�e delamaison?This short example shows how elided determiners ("l'") andclitics ("-tu") are tokenized in French. The sample input alsocontains a complex preposition ("�a côt�e de") which is treatedas multi-word unit.4 Part-of-speech disambiguationThe tagging process consists in disambiguating the potentialpart-of-speech categories of a word form according to its con-text.For that purpose we use a statistical disambiguator. Thedisambiguation program (a C-implementation of the Xeroxtagger presented in [2]) applies the Viterbi algorithm. It relieson a transition model which results from a manually taggedtraining corpus and the Xerox authoring tools for HiddenMarkov models [8]. The tagger requires a �nite-state lexiconand guesser transducer to provide the input tags.4.1 Tagger LexiconThe tagger lexicon is a �nite-state transducer which providespotential part-of-speech categories for every input word form.Basically, these categories correspond to those given by a mor-phological analyser. But in general, we have to reduce the richset of morphological categories (eg. omitting tense informa-tion) or we have to introduce new distinctions (eg. auxiliaryvs. function verb) for tagging purposes.Finite-state lexicons for morphological analyzers [3] existfor several languages (eg. [5]). The tagger lexicons are derivedfrom the morphological lexicons by means of �nite-state map-ping rules (cf. [1]). These rules are compiled into a mappingtransducer which is composed with the morphological lexicontransducer to obtain the �nal tagger lexicon. Thus, the lexicalinformation for an inected word form depends on the basicmorphological lexicon and on the mapping rules. The outputside of the lexicon transducer must at least contain the part-of-speech tag which is used for disambiguation, but it may aswell include the base form (lemma) or inectional categoriescorresponding to the input token.The following regular expression is an example for a map-ping transducer which adds part-of-speech tags to the inec-tional categories of a morphological lexicon. The �rst taggerlexicon (1) results from the composition of these rules with themorphological lexicon. The second tagger lexicon (2) omitsbase form and inectional categories and provides only thepart-of-speech tags.

Example: (Italian)Mapping rules:[+Noun ?� +Sg ?� /NOUNSG:0 j+Noun ?� +Pl ?� /NOUNPL:0 j+Verb +Inf /VINF:0 j+Verb +Inf ?� +Pron ?� /VINFCL:0 j: : :]Morphological lexicon:casa !1. casa+Noun+Fem+Sgcase !1. casa+Noun+Fem+Pldare !1. dare+Verb+Infdarmi !1. dare+Verb+Inf|io+Pron+Acc+1P+Sg2. dare+Verb+Inf|io+Pron+Dat+1P+SgTagger lexicon (1):casa !1. casa+Noun+Fem+Sg/NOUNSGcase !1. casa+Noun+Fem+Pl/NOUNPLdare !1. dare+Verb+Inf/VINFdarmi !1. dare+Verb+Inf|io+Pron+Acc+1P+Sg/VINFCL2. dare+Verb+Inf|io+Pron+Dat+1P+Sg/VINFCLTagger lexicon (2):casa ! 1. /NOUNSGcase ! 1. /NOUNPLdare ! 1. /VINFdarle ! 1. /VINFCL4.2 Tagger GuesserIn addition to the lexicon, the tagging program applies a�nite-state transducer for non-lexicalised word forms. Theguesser transducer contains word form patterns to determinethe potential part-of-speech categories of a given string.These patterns rely basically on derivational a�xes as shownin the following example for German:Example: (German)[Up Low+ u n g (e n) NOUN:0 j(Dig+) Low+ i g ADJP:0 j(Dig+) Low+ i g e [mjnjsjr] ADJA:0 j: : :]� Consider strings starting with an uppercase character andending with a su�x \ung" as nouns.Ex: \Aufwendungen", \FIBU-Abteilung"Finite-State Noun Phrase Extraction 66 A. Schiller



� A string of lower case characters (possibly preceeded by dig-its) and a su�x "ig" is very likely to be an adjective: thecorresponding tag is therefore either "ADJP" for a predica-tive (uninected) adjective or "ADJA" for an attributive(inected) adjective.Ex: \birnenf�ormig", \27teilige"4.3 Tagger ModelThe HMM-tagger applies a transition model which resultsfrom a manually tagged training corpus which was obtainedby (iterative) automatic tagging and manual correction. Thetransition model is computed by an HMM-authoring tool [8].The tagsets for the di�erent languages cover the majorpart-of-speech classes (nouns, adjectives, verbs, pronouns, de-terminers etc.), but they di�er with respect to subclassi�ca-tions (number, gender, inection, etc.) which are consideredas language speci�c. The size of tagsets varies between 40 (forFrench) and 75 tags (for Italian).The following example for Portuguese illustrates a tag clas-si�cation which includes number information for nouns, ad-jectives, determiners and pronouns. This distinction does notappear in the German tagset as shown in the example below.Example: (Portuguese)INPUT:Enriquecer as suas colec�c~oes atrav�es da aquisi�caode obras de reconhecido valor bibliogr�a�co e/oucultural.OUTPUT:Enriquecer/INF as/DETPL suas/POSSPLcolec�c~oes/NPL atrav�es da/PREPDETSGaquisi�cao/NSG de/PREP obras/NPL de/PREPreconhecido/ADJSG valor/NSGbibliogr�a�co/ADJSG e/ou/CONJ cultural/ADJSG./SENTExample: (German)INPUT:Nun ho�t man, auch �uber die Beziehungen undWechselwirkungen der ozeanischen Bewohneruntereinander und mit ihrer Umwelt, in der sich einGro�teil der Evolution abgespielt hat, mehr zuerfahren.OUTPUT:Nun/ADV ho�t/VVFIN man/INDPRO ,/KOMMAauch/ADV �uber/PREP die/ARTBeziehungen/NOUN und/COORDWechselwirkungen/NOUN der/ARTozeanischen/ADJA Bewohner/NOUNuntereinander/ADV und/COORD mit/PREPihrer/POSDET Umwelt/NOUN ,/KOMMAin/PREP der/RELPRO sich/REFLPRO ein/ARTGro�teil/NOUN der/ART Evolution/NOUNabgespielt/VVPP hat/VAFIN ,/KOMMAmehr/ADV zu/PTKINF erfahren/VVINF ./SENTThe tagger program allows alternative output formats de-pending on the information coded in the tagger lexicon. The

output may simply add part-of-speech tags to tokens (as inthe example above), but it may also include base forms ormorhological categories. The disambiguation program, how-ever, considers only the part-of-speech tags. Thus, lexical in-formation which is ambiguous with respect to a single tag,remains ambiguous in the tagger output. eg. including thelexical formsExample: (German)OUTPUT (including base forms):Nun nun ADVho�t ho�en VVFINman man INDPRO: : :OUTPUT (including morphological categories):Nun nun+Adv ADVho�t ho�en+V+3P+Sg+Pres VVFINho�en+V+2P+Pl+Pres VVFINman man+Pron+Indef+Nom+Sg INDPRO: : :5 Noun phrase markupNoun phrase (NP) markup applies �nite-state automata de-scribing noun phrase patterns. These patterns rely on the sim-ple (non-ambiguous) tagger output format, i.e. they consist ofregular expressions on sequences of tokens and tags.A very simple noun phrase description for a given language(eg. French) may consist in a (possibly empty) sequence ofadjectives followed by a noun and another sequence of adjec-tives. Given part-of-speech tags for singular and plural nounsand singular and plural adjectives, the NP-automaton is de-�ned as follows:Example:Tag = [ NOUNSG jNOUNPL jADJSG jADJPL ]Char = : [ Tag jSpace ]Word = Char [ Char jSpace ]�ASG = Word \/" ADJSGAPL = Word \/" ADJPLNSG = Word \/" NOUNSGNPL = Word \/" NOUNPLNP =[[ ASG Space ]� NSG [ Space ASG ]� j[ ASG Space ]� NSG [ Space ASG ]�]The automata which describe noun phrases (as in the ex-ample above) are compiled into the �nal NP-markup. Thecompilation script uses the directed replace operation for thelongest match and inserts brackets around maximal NPs (ac-cording to the NP patterns). The �nal NP-markup transduc-ers are non-ambiguous, i.e. for every input they provide asingle output containing non-recursive bracketing for NPs.The NP-markup tool applies the NP-markup transducer(cf. tokenizer tool in section 3) to tagged text.Finite-State Noun Phrase Extraction 67 A. Schiller



The follwing examples from the current realizations forFrench, Dutch and Spanish illustrate the application of thecomplete chain of tokenizing, part-of-speech disambiguationand noun phrase markup:Example: (French)INPUT:Lorsqu'on tourne le commutateur de d�emarrage surla position auxiliaire, l'aiguille retourne alors �a z�ero.OUTPUT:Lorsqu'/CONN on/PRON tourne/VERBP3SGle/DETSG [commutateur/NOUNSG de/PREPDEd�emarrage/NOUNSG]NP sur/PREP la/DETSG[position/NOUNSG auxiliaire/ADJSG]NP ,/CMl'/DETSG [aiguille/NOUNSG]NPretourne/VERBP3SG alors/ADV �a/PREPA[z�ero/NOUNSG]NP ./SENTExample: (Dutch)INPUT:De reparatie- en afstelprocedures zijn bedoeld terondersteuning voor zowel de volledig gediplomeerdemonteur als de monteur met minder ervaring.OUTPUT:De/ART [reparatie-/CMPDPART en/CONafstelprocedures/NOUN]NP zijn/VAFINbedoeld/VVPP ter/PREP[ondersteuning/NOUN]NP voor/PREP zowel/CONde/ART [volledig/ADJA gediplomeerde/ADJAmonteur/NOUN]NP als/PREP de/ART[monteur/NOUN]NP met/PREP minder/INDDET[ervaring/NOUN]NP ./SENTExample: (Spanish)INPUT:Para asegurar el funcionamiento �optimo de losveh�iculos, as�i como la seguridad personal delt�ecnico, es imprescindible seguir los m�etodosapropiados de trabajo y los procedimientoscorrectos de reparaci�on.OUTPUT:Para/PREP asegurar/VINF el/DETSG[funcionamiento/NOUNSG �optimo/ADJSGde/PREP los/DETPL veh�iculos/NOUNPL]NP,/COMA as�i como/CONJ la/DETSG[seguridad/NOUNSG personal/ADJSGdel/PREPDET t�ecnico/NOUNSG]NP ,/COMAes/AUX imprescindible/ADJSG seguir/VINFlos/DETPL [m�etodos/NOUNPLapropiados/VPASTPARTPL de/PREPtrabajo/NOUNSG]NP y/CONJ los/DETPL[procedimientos/NOUNPL correctos/ADJPLde/PREP reparaci�on/NOUNSG]NP ./SENT6 EvaluationEach step in the processing (cf. �gure 1) may be a source oferrors. We are interested in the overall quality of the noun-

phrase extraction tool, but also in the impact of errors in oneprocess on the accuracy of subsequent processes.Section 6.1 contains some statistics about the part-of-speechdisambiguation of the seven languages. Work on evaluatingthe noun phrase markup has only started. Some preliminaryresults are shown in section 6.2.6.1 Tagger EvaluationDuring the tagger development for the given languages [6]the evaluatuion revealed a tagger accuracy between 97% and98%. The table belows shows tagger error statistics for sevencurrently implemented languages:� The �rst two columns concern the lexical properties of thedisambiguation data: the number of tags de�ned in thetagset and the number of di�erent ambiguity classes whichappear in the lexicon.� The last two columns contain statistics about the test cor-pus: the percentage of ambiguous word forms in the textand the error rate of the automatic tagging.Language Tags Classes Ambiguity Errorsdutch 50 235 47 % 2.7 %english 76 285 36 % 2.2 %french 45 287 50 % 1.5 %german 66 365 36 % 2.1 %italian 74 444 27 % 3.1 %portuguese 66 296 28 % 2.2 %spanish 54 253 26 % 1.5 %For the subsequent processing, ie. the noun phrase extrac-tion, we are especially interested in tagger errors involvingnoun tags. Some results are shown in the table below.� The �rst column shows the di�erent noun tags which arede�ned for a given language.� The second column (E1) contains the percentage of errorspertaining to noun tags, i.e. cases where the manually orthe automatically attributed tag is in the class of nouncategories.� The last column (E2) contains the percentage of errors (E1)for cases where both the manual tag and the automatic tagare within the noun class.Language noun tags E1 E2dutch NOUN 42 % {english NN,NNS,NP,NPS 51 % 31 %french NSG,NPL,NINV 43 % 11 %german NOUN 20 % {italian NSG,NPL,PROP 35 % 13 %portuguese NSG,NPL,NINV,PROP 44 % 22 %spanish NSG,NPL,NINV,PROP 61 % 19 %Finite-State Noun Phrase Extraction 68 A. Schiller



6.2 Noun Phrase EvaluationThe current NP-markup was basically designed for termi-nology extraction from technical manuals. It covers "simple"noun phrase detection, i.e. constructions like coordination orrelative clauses are not included.The following table contains some statistics for the Frenchand German noun phrase mark-up applied to a small testcorpus of a technical manual. The size of the NP-transducersreect the di�erent structures of noun phrases in these lan-guages: prepositional phrases (\pression d'huile") in Frenchvs. compounds (\�Oldruck") in German.French GermanNP-Transducer:states 24 54arcs 325 1698Sentences 145 146marked NPs 355 361single nouns 152 34043 % 94 %missing NPs 2 2partial NPs 6 {wrong NPs 4 47 ConclusionWe presented a modular architecture of a tool for noun-phrasemarkup which is based on �nite-state tools and an HMM-tagger. The overall architecture is language-independent andcan be adapted for multiple languages or for di�erent tagsetsor noun-phrase de�nitions of one language. Moreover, the�nite-state tools, which are used to compile and apply trans-ducers, allow further cascading of transducers to extend the�nite-state mark-up applications (eg. for verb phrase mark-up).ACKNOWLEDGEMENTSWe would like to thank the linguists and lexicographers whoworked on the tagger lexicons and guessers, on the taggertraining and on the noun phrase descriptions for Dutch (D. vander Ende), French (J.-P. Chanod), Italian (A. Romano), Por-tuguese (C. Hagege), and Spanish (C. Arnaudo).REFERENCES[1] Jean-Pierre Chanod and Pasi Tapanainen, `Creating a Tagset,Lexicon and Guesser for a French Tagger', in Proceedings ofthe ACL SIGDAT Workshop, Dublin, Ireland, (1995).[2] Doug Cutting, Julian Kupiec, Jan Pedersen, and Penelope Si-bun, `A Practical Part-of-speech Tagger', in Proceedings ofANLP-92, Trento, Italy, (1992).[3] Lauri Karttunen, `Constructing Lexical Transducer', in Pro-ceedings of COLING-94, Kyoto, Japan, (1994).[4] Lauri Karttunen, `Directed Replacement', in Proceedings ofACL-96, (1996). (to appear).[5] Anne Schiller, `DMOR: Benutzeranleitung', Internal re-port, Institut f�ur maschinelle Sprachverarbeitung, Universit�atStuttgart, (1995).[6] Anne Schiller, `Multilingual Tagger Development', Technicalreport, Rank Xerox Research Center, Meylan, France, (1996).(in preparation).
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