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A Statistical Syntactic Disambiguation Programand What It LearnsMurat Ersan and Eugene Charniak�Department of Computer Science, Brown UniversityProvidence, RI 02912-1910October 10, 1995AbstractWe describe a program that uses statistical information on word-usage to perform syntactic disambiguation, and show that the use ofthis information signi�cantly improves performance. The bulk of thepaper, however, attempts to answer the question: what did the pro-gram learn that would account for this improvement? We show that theprogram has learned many linguistically recognized forms of lexical in-formation, particularly verb case frames and prepositional preferencesfor nouns and adjectives. We also show that viewed simply as a learnerof lexical information the program is also a success, performing slightlybetter than hand-crafted learning programs for the same tasks.1 IntroductionWork in statistical language processing typically gathers statistics on someaspects of natural language use, applies the statistics to a natural-languagetask, and then shows that using the statistics improves task performance.Thus such research �ts within a broad construction of language-learningwork | a program is exposed to some data and improves its performancethereby. From a learning point of view, however, one is left less than com-pletely satis�ed: if this is learning, it seems to be of a trivial sort, eventhough the tasks and programs may be complicated indeed.�This research was supported in part by NSF grant IRI-9319516.1



Some of the reasons behind the dissatisfaction can be exposed by askingexactly what the program has learned. There are simple answers to thisquestion. Obviously the program learned how to perform some task better;or again, it learned the particular statistical properties of language decreedby the model employed. But these answers seem to beg the question. Isthere some non-trivial way to characterize what has been learned?In this paper we describe a particular program that gathers statisticson word usage and uses these statistics to help syntactically disambiguatesentences. We brie
y describe this program and how the statistics help itpick the correct syntactic structure. However, the bulk of the paper is anattempt to give a nontrivial description of what the program has learned. Weshow that it has learned many of the sorts of lexical facts linguistics knowsand loves: verb case frames and noun/adjective prepositional preferences inparticular. Furthermore, we show that, simply viewed as a learning program,its performance is comparable to or perhaps slightly better than the bestspecial-purpose verb case-frame learner of which we are aware. (We knowof no programs for extracting noun/adjective preposition preferences withwhich to compare our system.)2 Statistical Syntactic DisambiguationEnglish sentences typically have many legal syntactic parses. The problemof syntactic disambiguation is picking from these the parse intended by theauthor. In this section we describe a system for syntactic disambiguation.We keep the description simple because our concern here is not the systemper se, but rather what the system learned that made possible its improvedperformance. See [6] for a more complete description of the program and itsunderlying theory.From a statistical point of view syntactic disambiguation is formalized as�nding the most probable parse of the sentence. One comparatively simpleversion of this ideas uses the notion of a probabilistic context-free grammar(PCFG). A PCFG is a grammar in which each rule has an associated prob-ability that is to be interpreted as the probability of using that particularrule given that one needs to expand a constituent of the corresponding type(i.e., the probability of using vp ! v np given one needs to expand a vp).The probability of a complete parse in such a system is simply the productof the probabilities of all the rules used in the parse. There are e�cientalgorithms for �nding the parse with the highest probability, and one might2



Speaking to a group of bankers President Reagan said pro�ts rosenp vpsppnpppvp vps
Figure 1: A sentence badly parsed by a PCFGthen choose that parse as one's best guess for the correct (intended) parse.Unfortunately, PCFGs serve only to distinguish between common anduncommon constructions. They do not o�er much help if things get at allcomplicated. For example, Figure 1 shows what one of our PCFGs producedas its analysis of the sentence \Speaking to a group of bankers PresidentReagan said pro�ts rose." While many things are wrong here, let us considertwo in particular. First, notice the prepositional phrase (pp), \of bankersPresident Reagan said pro�ts." A key mistake was to create a pp consistingof the preposition \of" followed by a sentence (the \complement" of the pp).Now some prepositions do take sentences as their complements (\because" isa good example) but \of" hardly ever does so. Unfortunately, our programdoes not know this. It only knows that in general sentential pp's are lesscommon than nominal ones. Presumably the system would have a betterchance of �nding the correct parse were it to know, not just the relativeprobability of pp rules, but their probability for a given preposition, or, aswe shall call it, the probability of the rule given the head of the phrase.Similarly, note in Figure 1 the putative np \bankers President Rea-gan." We know that while \President" is a plausible modi�er of \Reagan,"\bankers" is not. Again, if the system knew this it would presumably parsebetter. 3



CorpusStatisticsGathererStatisticalDatabase ParserTestData ParsingResultsDataMining LearningResultsFigure 2: Gathering, using, and analyzing lexical statistics2.1 The ModelWhat we observed in the previous section, then, is the need to augmentour PCFG grammar with more detailed lexical information. To do this wedevised the system shown in Figure 2. Starting with a body of text (thecorpus), we collect statistics on how individual words are used to create the\statistical database." These statistics are then used by a parser to parsenew sentences (the \test data") and the \parsing results" tell us how wellour new parser works. (For the moment we ignore the lower portion of thediagram.)Now let us consider in slightly greater detail the kinds of statistics col-lected in the database. Figure 3 gives a parse for the sentence \Sheep dogspulled the sleds over rocks." Each constituent, such as the np for \Sheepdogs," is marked with both its part of speech (in this case np) and its head.The head of a constituent is the \central" word of the phrase, \dogs" in thecase at hand. More generally, the head of a noun phrase is typically themain noun in the phrase, the head of a verb phrase is the main verb, thehead of a prepositional phrase is the preposition, etc. So besides the np wejust looked at, we see that the head of the verb phrase \pulled sleds overrocks" is the main verb \pulled," while the head of the prepositional phrase\over rocks" is the preposition \over."4



n:Sheep n:dogs v:pulled det:the n:sleds prep:over n:rocksnp:dogs np:sleds np:rockspp:overvp:pulleds:pulled
Figure 3: Phrase marker for \Sheep dogs pulled the sleds over rocks."In our comments about the parse in Figure 1 we noted that we could havedone better had we kept track of the kinds of rule used to expand individualprepositions; to use our new terminology, we want to keep track of the ruleused for each possible head of the constituent. Again, when we noted that\bankers" is an unlikely modi�er of \Reagan," we were commenting that\bankers" is a poor subconstituent of a constituent headed by \Reagan."Thus our statistics keep track of such things. Figure 4 shows some statisticsgathered from the example in Figure 3. We see there that the preposition\over" is the head of a pp that uses the rule pp ! prep np and that the noun\sleds" is a subconstituent of a phrase headed by \pulled." The \count" inFigure 4 indicates how often we have seen the relationship in question. Inour example each relation was seen exactly once. When processing a largecorpus the counts are summed over all of the sentences.Actually, things are more complicated than Figure 4 lets on. First, thedata collected by this system is more detailed than shown here. For instance,distinctions between subjects and objects of verbs, ignored in our example,are captured in the real data. Also, we have assumed here that there is onlyone parse for this sentence, while in reality sentences have multiple parses.However, techniques for handling this obstacle are well known (see, e.g., [7])and we do not go into them here.2.2 The ExperimentThe system was run using data collected by parsing 36 million words ofWallStreet Journal (WSJ) text provided by the ACL Linguistics Data CollectionInitiative (ACL-LDCI). (For more on this data, see [11].) The grammarused throughout the experiment is a context-free grammar developed from5



Head Rule/Subhead Countpulled s ! np vp 1vp ! v np pp 1dogs 1sleds 1over 1over pp ! prep np 1rocks 1Figure 4: Portion of the statistics for \Sheep dogs pulled the sleds overrocks."work on context-free grammar induction described in [4, 5].To test the model we used sentences from parsed ACL-LDCI WSJ text,none of which is used in training. We restricted consideration to sentencesthat use the 5400 most common words from this corpus, which were thosethat appeared in the corpus 500 or more times.We take as the principal measurement of parsing success bracket-crossingaccuracy (henceforth called simply accuracy): the percentage of bracketingfound in the model's most probable parse that do not cross the bracketing inthe LDCI parses. We like this measure because it is relatively insensitive todisagreements about the structures a grammar should assign. However, weare cognizant of its de�ciencies; when used alone it can be made arti�ciallyhigh by certain tricks. Thus to keep ourselves honest we also report recall:the percentage of bracketing found in the LDCI parse that were also in themodel's most probable parse. However, we judge the signi�cance of theresults solely in terms of the accuracy measure.We compare these measures for three models:1. The full model as described earlier (\complete")2. The model using only the PCFG probabilities (\PCFG")3. A model assuming uniform right-branching parses (\right branching").In a right-branching model each word is assumed to start a new constituentthat ends at the end of the sentence, e.g., (The (girl (went (to (the park))))),6



Table 1: Syntactic disambiguation resultsProbability Percent Error PercentModel Accuracy Reduction RecallComplete 91.1 41.1 80.8PCFG 84.9 76.1Right Branching 57.2 67.2which has an accuracy of .75. English is close to being completely rightbranching, so \right branching" is generally considered a good \dumb"benchmark.The major parsing results are shown in Table 1. The picture painted bythese �gures is reasonably clear. While assuming pure right branching onlygives an accuracy of only 57.2%, we get 84.9% accuracy for a PCFG usingnone of the word statistics, and 91.1% accuracy for the model using all ofour statistical information. This latter �gure represents a 41.1% reductionin the number of bracket-crossing errors when compared to the pure PCFG.This is consistent with other work using statistics on lexical informationsuch as [1, 9].3 Verb Case FramesWe now turn to the question of what the system described above actuallylearned. We took as our initial hypothesis that it had, in fact, learnedat least some of the lexical information commonly of interest in linguisticdiscussions. To test this hypothesis we applied \data-mining" techniques tothe statistical database that drove the parsing system, as outlined in Figure2. That is, if the system had in fact learned this information, it ought to bereasonably easy to extract it from the statistical data already extant. Or, toput it another way, we ought to be able to reuse our system as an automaticcollector of lexical information.In our �rst experiment we attempted to collect verb case-frame informa-tion automatically from our data. Verb case frames are de�ned as the typesof syntactic arguments a verb can take. These syntactic arguments can bein the form of objects, prepositional phrases, in�nitives, etc. For example,the verb abandon is followed either by a noun phrase or by a noun phrase7



Table 2: The sixteen verb case frames employed in our systemNumber Case Frame Explanation1 iv Intransitive verb2 np Transitive verb3 dtv Ditransitive verb4 that That complement5 np that Object followed by that complement6 wh Wh-clause complement7 np wh Object followed by wh-clause8 inf In�nitive complement9 np inf Object followed by in�nitive10 ing -ing participle complement11 np ing Object followed by -ing participle12 adj Adjective used as a complement13 np adj Object followed by adj complement14 adj inf Adj complement followed by inf15 p Prepositional phrase16 np p Object followed by a prepositionand a prepositional phrase.Yesterday they abandoned the project. (Case frame: np)He abandoned himself to despair. (Case frame: np p)There have already been a few attempts at learning verb case framesfrom corpora. Brent [2, 3] has tried to extract this information from bothuntagged and tagged corpora. Similarly, Manning [10] generated case-framelists for verbs from untagged corpora. To make our results compatible, wetried to follow Manning whenever possible. In particular, since di�erentdictionaries supply di�erent kinds of case frames for verbs, we used the verbcase frames Manning used as speci�ed in Table 2.3.1 Identi�cation of Case FramesThe system �rst identi�es the verbs, next gathers the statistics on variouscase frames, and �nally identi�es which case frames for a verb appear to bestatistically signi�cant. 8



Because we parse the corpus, we can identify a word as a verb if itis the head of a verb rule (i.e. a rule that expands a verb phrase vp.)This is a straightforward and simple procedure when compared with Brent'stechnique for verb detection by which anything that occurs both with andwithout the su�x -ing in the text is considered a potential verb, and if apotential verb is not preceded by a determiner or a preposition other thanto, it is taken as a verb.The grammar used to parse the WSJ corpus contains 1209 rules forexpanding verb phrases. These rules are mapped into our verb case frames.The verb rules that contain adverbs are treated as if they contained noadverbs, e.g. the rule vp ! v adv pp is mapped to the case frame in whicha verb takes a prepositional phrase, i.e. p. If a rule contains punctuationmarks or connecting words such as \and", only the part of the rule up tothe punctuation mark or connecting word is taken into consideration, e.g.the rule vp ! v np and vp is classi�ed as a transitive verb rule. Becauseour case frames do not have anything after a preposition, the verb ruleshaving nonterminals after a preposition are treated as if the prepositionwere the last nonterminal of the rule. Pronouns that appear in the rules areconsidered nouns, e.g. the rule vp ! v pron np is mapped to the rule vp !v np np, i.e. ditransitive. Finally, some rules cannot be associated with ourcase frames, because of either the complexity of the rules or errors in thegrammar. The probability mass of these rules, however, is less than 2% ofall the rules.We then go through our statistical data looking at each rule associatedwith a particular verb, as in Figure 4. If we have been able to associate thatrule with a particular case frame, the count for that rule is added to thecount for the appropriate verb/case-frame pair. When all of the statisticsfor a particular verb have been processed, the data is �ltered to determinewhich case frames appear to be statistically signi�cant.3.2 FilteringSome of the case frames identi�ed by our program are the actual case framesof the verb, while some are wrong ones due to a mistake in the tagger orparser or to other causes, such as prepositional phrases that are not actualarguments of the verb. So the raw results have to be �ltered and the actualcase frame assignments distinguished from the wrong ones.The �ltering method used here is the one proposed by Brent [2]. Thismethod assumes that Bs is the estimated upper bound on the probability9



that the program assigns a wrong case frame to a verb token. Assume that averb occurs m times in a corpus, and n of those times is classi�ed as havinga certain case frame. The Bs values are used to calculate the probabilitythat all these n assignments are wrong. This probability is bounded bymXi=n(mi )Bis(1� Bs)m�i (1)In our case, n indicates the counts for each case frame,m is the total numberof occurrences of the verb assigned to any case frame, and (mi ) is the i-combination of m elements.If the probability that all n assignments are false is low, then the proba-bility that at least one of them is correct is high. So if the above sum is lessthan some con�dence level (in our system C = 0:02) then we assume thatthe case-frame assignment is correct.Each case frame has its own Bs value, since the probability that a case-frame assignment is wrong changes from frame to frame. For example, thetagger and parser we used are more likely to make mistakes that generateextra p frames than any other frame. All the Bs values have been setempirically.3.3 EvaluationThe Oxford Advanced Learner's Dictionary (OALD) [8] is used for testingthe results of the program. The case frames learned by the program and thecase frames in OALD do not have a direct correspondence, so OALD's 51case frames are mapped into our 16 case frames. Then the machine-readableversion of OALD is used to extract all the verbs and their case framesautomatically. That version of OALD has separate entries for the di�erentforms of verbs (e.g., abandon, abandoned, abandoning, and abandons), soeach verb form that appears in our data can be directly compared to thedictionary.The comparison program outputs, for each verb in our data, the correctcase frames that our system generated, the extra ones (those not in theOALD but generated by our program) and the missing ones (those in OALDbut not generated by our program).Our system can be evaluated using two kinds of measurements: preci-sion, the ratio of the correct case frames generated by our system to all thecase frames generated by our system, and recall, the ratio of the correct case10



Table 3: Comparison with previous verb-case-frame workprecision (%) recall (%)combined verb forms 92 52original program 87 58Manning's system 90 43frames generated by our program to all the case frames the dictionary sup-plies. Among the most common verbs of the WSJ corpus, 30 were chosenrandomly to be used in the evaluation. These verbs are di�erent from thoseused by Manning, because the contexts of the corpora are di�erent.We achieved 87% precision and 58% recall. As mentioned previously,di�erent forms of a verb are evaluated separately. Then the informationabout them is combined. To do this, we �rst grouped the di�erent forms ofevery verb. Next, for each group the aggregate rule counts were calculated.As seen in Table 3, this had the e�ect of increasing precision and decreasingrecall. What happened, intuitively, is that combining verb forms increasedthe number of times we saw any particular verb so the number of times weneeded to see a case frame went up as well. It seems that many case frameswere only observed in one (or a few) forms of the verb and these were deletedby the binomial �lter.Table 3 compares the results of our system to those generated by Man-ning. It can be seen that both systems achieve almost the same precision,and our system has slightly better recall. Brent's systems, on the otherhand, was able to learn only six case frames (np, dtv, that, np that, inf,np inf). Table 4 shows the case frames our system generated for the groupof verbs used in the evaluation: the table lists the number of correct caseframes generated by our program, the number of wrong case frames, andthe number of case frames of the verb. Additionally, the �nal column showsthe incorrect case frames generated by our program.4 PrepositionsThe grammatical rules of English require particular prepositions after partic-ular nouns and adjectives, some of which are obligatory and some optional.Examples of these kinds of noun-preposition and adjective-preposition pairs11



Table 4: Comparison of verb case frame results with OALDVerb # Right # Wrong Out of Wrong case framesabandon 2 0 2admit 3 1 7 ivagree 2 0 5aim 1 0 5announce 2 0 3ask 4 0 9calculate 3 0 5decide 4 0 8delay 3 1 4 np pdetermine 3 0 7employ 1 1 2 pengage 2 0 7fear 3 0 6gain 2 1 5 np infhear 5 0 9join 3 0 4learn 3 0 7look 2 0 7make 4 0 9measure 3 1 4 whpick 2 0 3plunge 2 0 4prepare 3 0 4project 3 0 4provide 2 0 4retire 3 0 3rise 1 2 3 np, np infstudy 3 0 6watch 5 0 8withdraw 3 0 4TOTAL 82 7 15812



are: \frontier between", \head of", \interested in", \glad about", etc. Wetried to determine both obligatory and optional prepositions, though notthe distinction between obligatory and optional.The program that �nds obligatory or optional prepositions attached tonouns starts by identifying the prepositions and nouns. We identify nounsas words that head noun rules, and similarly for prepositions. As mentionedpreviously, we already have the information about which preposition is at-tached to which word in the corpus. (Figure 4 shows the preposition \over"as attached to the verb \pulled." The principle is the same for preposi-tions attached to nouns and adjectives.) Using this information, we �nd theprepositions attached to each noun and their counts. Next this raw data is�ltered to get rid of the rare prepositions and errors that could have occurredduring the tagging and parsing process.The �lter used at this stage is the same as the one used in �ltering verbcase frames, i.e., the binomial �lter. However, this time all prepositions areassigned the same Bs value, 0.01. This value is found experimentally. Inthe binomial �lter m is the number of total occurrences of a particular nounand n is the number of times it appears with a speci�c preposition. Thosethat pass the �lter are considered correct noun-preposition pairs.The same procedure is followed to determine the prepositions for adjec-tives.4.1 EvaluationTo evaluate the results of the programs, a group of nouns and adjectives waschosen randomly among the most common nouns and adjectives that takeprepositions. This time, however, the evaluation was done by hand, sinceno on-line source on this type of prepositional information could be found.We used the OALD (which does not have the information on prepositionson-line) to evaluate our results. A problem arose in the evaluation becausethe dictionaries were not concise and complete in listing the prepositionsthat can be used with nouns and adjectives; instead the dictionary listsprepositions that can be attached to the nouns but in example sentencesnew prepositions are introduced. Also, some prepositions that we believecorrect do not appear in the dictionary: e.g. price of, o�er of, house of.Therefore we make two di�erent evaluations: one takes into account onlythose prepositions that appear in the dictionary, and another (called selfevaluation) also allows those prepositions we believe correct. Table 5 displaysthe precision and recall for both nouns and adjectives.13



Table 5: Precision and recall according to the dictionary and self evaluationprecision (%) recall (%)self evaluation (nouns) 87 55dictionary evaluation (nouns) 70 45self evaluation (adjs) 80 71dictionary evaluation (adjs) 65 67We believe that a high precision for both nouns and adjectives hasbeen achieved. Tables 6 and 7 display our results on the small set ofnouns and adjectives used in the evaluation. In these tables we show foreach noun/adjectve the number of correct (as judged by the self-evaluationmethod) prepositions generated by our program, the number and types ofwrong prepositions generated by our program, and the toal number of prepo-sitions for the word. The prepositions that do not appear in the dictionarybut were classi�ed as correct in the self-evaluation results are listed in the�nal column.5 ConclusionWe described a system that learned to better determine the correct parse ofa sentence by parsing a large amount of text and gathering statistics on theproperties of particular lexical items. The use of these statistics resulted ina 41% decrease in the number of parsing errors.We then looked more closely at exactly what the system had learned bycollecting these statistics and found that it had, at least in part, learnedmany of the lexical relations that linguists consider important. In particu-lar, we looked at the statistical database produced by the original systemand extracted from it verb case-frame information. The resulting data iscomparable to that provided by special-purpose systems for collecting thisdata. We also extracted data on the prepositions used by various nouns andadjectives. In this case we did not have a prior hand-written system againstwhich we could compare, but the results seem convincing nevertheless.14



Table 6: Comparison of noun-preposition couples with OALDNouns # Right # Wrong Out of Wrong prepositions Assumed correctaccount 1 1 3 foracquisition 2 0 2agreement 2 0 5 onamount 1 0 1bank 2 0 2 inbid 1 0 2board 1 0 1business 2 0 4 inchairman 1 0 1companies 3 1 3 that incontrol 1 0 3court 2 0 2 indecline 2 0 2demand 2 0 3exchange 2 1 3 ingroup 1 0 1growth 2 0 2head 1 0 5index 1 0 1line 3 0 6lot 1 0 3market 2 0 2meeting 3 0 4 in, withmember 1 0 1number 1 0 2o�er 2 0 2operations 2 0 3 inpart 1 0 2president 1 0 1price 3 0 4 inquarter 1 1 1 fromsale 2 0 3 inshare 2 1 3 fromstake 1 0 2unit 1 1 1 invalue 1 1 3 atTOTAL 47 7 8615



Table 7: Comparison of adjective-preposition couples with OALDAdjective # Right # Wrong Out of Wrong prepositions Assumed correctadequate 1 0 2afraid 1 0 2available 2 0 3aware 1 0 2capable 1 0 1cautious 1 1 2 incompatible 1 0 1consistent 1 0 1di�erent 3 0 4 indi�cult 1 0 1due 1 1 3 outeager 1 1 1 inenthusiastic 1 0 2familiar 1 0 2fearful 2 0 2guilty 1 1 2 inhighest 3 1 3 for of, since, inimpossible 1 0 2larger 2 0 2 of, thanresponsible 1 0 1same 1 2 1 for,inskeptical 2 0 2suitable 1 0 2typical 1 1 1 inTOTAL 32 8 4516
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