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Taggers for Parsers1Eugene Charniak,* Glenn Carroll,*John Adcock,** Anthony Cassandra,*Yoshihiko Gotoh,** Jeremy Katz,*Michael Littman,* and John McCann*Department of Computer Science* andDivision of Engineering**Brown UniversityAbstractWe consider what tagging models are most appropriate as frontends for probabilistic context-free-grammar parsers. In particular weask if using a tagger that returns more than one tag, a \multple tag-ger," improves parsing performance. Our conclusion is somewhat sur-prising: single tag Markov-model taggers are quite adequate for thetask. First of all, parsing accuracy, as measured by the correct assign-ment of parts of speech to words, does not increase signi�cantly whenparsers select the tags themselves. In addition, the work required toparse a sentence goes up with increasing tag ambiguity, though not asmuch as one might expect. Thus, for the moment, single taggers arethe best taggers.1 IntroductionRecent years have seen a spate of research on various techniques for \tag-ging" | assigning a part of speech to each word in a text [1,2,5,6,8,9,10,12,13]. One justi�cation for such research is that a tagger can serve as a frontend to a parser: the tagger assigns the tags to the incoming words and thusthe parser can work at the tag level, where parsers do best.This raises questions of how well di�erent types of taggers work as frontends to parsers. Despite the abundance of work on taggers, these questionshave yet to be addressed; it is still uncommon actually to see a tagger used1This research was supported in part by NSF contract IRI-8911122 and ONR contractN0014-91-J-1202. 1



with a parser, and when one is so used (e.g. [10]) there is no analysis ofsuitability.This question is made more important because of two strands withintagging research. While most taggers return a single best tag for each word(we call these \single taggers"), there has been some work on asking thetagger to return a list of possible tags in those cases where a second (or eventhird) best might be close to the best according to the tagger's metric [10,12] (we call these \multiple taggers"). One obvious reason to do this wouldbe to let the parser make the �nal decision. For example, the section onmultiple taggers in [12] starts by observing thateven with a rather low error rate of 3.7% there are cases in whichthe system returns the wrong tag, which can be fatal for a parsingsystem trying to deal with sentences averaging more than 20words in length.([12], pp. 366)In this paper we address the question whether single or multiple tag-gers work best with current-day probabilistic context-free grammar (PCFG)parsers. We also consider the extreme \multiple tagger" position of allowingthe parser to select among all tags to which the word model (i.e., dictionary)assigns a non-zero probability. This is equivalent to having a grammar whichhas actual words as terminals.2 The TaggersTo address these questions we built three taggers. The �rst is a traditionalsingle tagger based upon the Markov-model Viterbi algorithm. This kindof tagger returns the tag sequence v1;n that maximizes P (v1;n j w1;n), wherew1;n is a sequence of n words and v1;n are the corresponding n tags. Second,we built a Markov-model forward-backward tagger (as in [12]). This sort oftagger computes P (vi j w1;n) for each tag, and it thus is capable of identifyingalternative tags at a position with word probabilities close to the best. Itreturns all tags vj such that P (vj j w1;n) � �P (vb j w1;n), where vb is the best(most probable) tag for that position and � is a system parameter such that0 � � � 1 (the closer � is to 0, the more tags returned). Last, we createdan \all tagger" that simply returned all tags with non-zero probability forthat word.All the taggers share the same probabilistic model based upon the rea-2



sonably standard bigram tagging model given in equation 1:argmaxv1;n nYi=1P (wi j vi)P (vi j vi�1) (1)In these experiments we deal with 19 tags (as this is the tagset for ourPCFG).With this tagset P (vi j vi�1) has 361 (192) parameters, so no smooth-ing is required. It is crucial, however, to smooth P (wi j vi). Our approach isto handle words that appeared in the training corpus separately from wordsthat did not. For the latter, we combine the probability that an unknownword has a particular tag with the probability that a word with a giventag ends with a certain pair of letters. The second piece approximates theinformation provided by a morphological analyzer: words that end in \ed"are likely to be verbs, \ly" adverbs, etc. (We thank L. Boggess for thissuggestion.) More formally, let ei denote the �nal two letters of wi and letki indicate whether wi has been seen in the training data, in which case ki= 1, otherwise ki = 0. Probabilities that are estimated from counts in ourcorpus are designated with a \hat", as in P̂ (x j y).P (wi j vi) = P (wi; ki j vi) (2)�= P̂ (ki j vi)P (wi j vi; ki) (3)�= P̂ (ki j vi) � (4)hkiP̂ (wi j ki = 1; vi) + (1� ki)P (wi j vi; ki = 0)iEquation 2 follows because once we know wi we know ki. In Equation 4we consider the two ki cases separately. If we know the wi (if it was in thetraining corpus) then ki = 1. In this case we use the information collectedon the word from the training data. If we have not seen the word (this isthe (1�ki) case) we need to come up with the probability P (wi j vi; ki = 0).We consider this term next. (In this discussion we represent ki = 0 as :ki.)P (wi j vi;:ki) = P (wi; ei j vi;:ki) (5)= P (ei j vi;:ki)P (wi j vi;:ki; ei) (6)�= P (ei j vi)P (wi j ei) (7)/ P (ei j vi) (8)/ (1� �) P̂ (ei j vi) + � (9)In Equation 5 we can add ei because it is determined by wi. Equation 7 in-corporates two independence assumptions that allow us to collect reasonable3



statistics: P (ei j vi;:ki) = P (ei j vi) (10)P (wi j vi;:ki; ei) = P (wi j ei) (11)Equation 10 assumes that the probability of a given word ending is inde-pendent of whether the word is in our training corpus (reasonable enough).Equation 11 assumes that the probability of a word given its ending is in-dependent of both (a) not having seen it in the training corpus, and (b) itspart of speech. The second of these is not true, but seems unlikely to a�ectus much. Going back to Equation 8, we drop consideration of P (wi j ei):we are looking for the tags that make our overall probability highest, andsince the words and endings are the same for all tag sequences, P (wi j ei)can be ignored. Finally, in Equation 9 we smooth the P̂ (ei j vi) statistics sothat if this word ending has never appeared at all, all tags are consideredequally likely. (With 26 characters, and 19 tags, P̂ (ei j vi) involves 12844(26 �26 �19) parameters. Because of our comparatively small training corpus(about 300,000 words), this requires smoothing.)3 The ParserThe parser used in the experiments is a standard \all parse" PCFG chartparser that operates on tags, not words. It incorporates two reasonablycommon optimizations. First, it uses top-down �ltering. Second, severalwould-be edges are collapsed into one when they are identical except fortheir predictions of subsequent constituents. This signi�cantly reduces thenumber of edges.The grammar used with the parser is the product of some related workon PCFG induction. It consists of about 3500 rules (brevity was sacri�cedfor ease of learning) with 19 tags. We expected it to outperform our taggerin its ability to tag ambiguous words, as its per-tag cross entropy is about.07 bits/tag lower than the tagger's (more on the signi�cance of this later).To get some feel for what such numbers mean, we did an experiment inwhich our PCFG was used to construct an arti�cial corpus consisting oftags only. For this corpus our PCFG should give the lowest bits/tag of anymodel and in fact it outperforms the single tagger by .15 bits/tag. That ourgrammar (when tested on the real corpus) performs at about half this levelwe consider quite good. 4



4 The Performance MeasuresWe use �ve performance measures in this study, of which four are straight-forward. First, we measure the parser's computational e�ort in terms ofthe average number of edges generated in the course of parsing a sentence.Theory says that edges should be linear in parser e�ort, and a quick checkshows a very good straight-line �t between number of edges and parsertime (with a coe�cient of about 2000 edges/second for our Sun Sparc 10's).Second, we measure how many tags are handed to the parser by the taggerin terms of average number of tags per word. Our third and fourth measuresare percentage of words and sentences parsed by the parser. We use bothmeasures because word percentage is a more natural �gure for a Viterbitagger, while sentence percentage is the more natural for a parser. Whengiven just the correct tags (each assigned probability 1.0), the grammar weuse is able to parse 99.5% of the words and 99.6% of the sentences.The �nal performance measure is designed to capture correctness ofparser behavior as we change how many tags the parser sees. We decidedto use tagging accuracy as this measure. More speci�cally, for each sen-tence parsed we extract the most probable parse, and from that we obtainthe parts of speech assigned to the words in that parse. We then countthe percentage of these words that agree with the hand-assigned tags. Ar-guably this is not the best measure of parsing accuracy since ultimately themeasure of a parser's performance is its ability to �nd the correct phrase-marker for a sentence. However, to measure this one needs a source of agreedupon parses for the sentences. While there are now tree-banks of some size[11], they of necessity make assumptions about grammatical formalism. Asthese assumptions do not �t the grammar we use, we cannot exploit theseresources.On the other hand, using tagging accuracy for our performance mea-sure has some advantages. First, tagging is much less sensitive than parsingto the grammatical formalism one adopts. Second, although it is perfectlypossible that a parser would succeed in getting the tags correct while com-pletely botching the parses, one would nevertheless expect, barring some\conspiracy," that the two measures would go up hand in hand.5



Tagger Percent Percent % Tagged Tags AverageSentences Words Words per EdgesParsed Tagged Tagged Word per(Parsed) Correctly SentencePure N/A 100% 95.9% 1.0 N/AViterbiPure 99.6% 99.5% N/A 1.0 1231ParserViterbi + 99.2% 99.5% 95.9% 1.0 1246ParserAll Tagger 100% 100% 96.1% 2.15 4988+ Parser Figure 1: Taggers and their e�ect on parsing5 ResultsTraining and testing of taggers and the PCFG were done on a 307885 wordsubset of the tagged Brown Corpus [7]. This includes all sentences of lengthgreater than 1 (i.e., sentences having a symbol other than the �nal punc-tuation mark) and less than 23 that do not include foreign words, titles,or certain symbols, most notably parentheses. Testing was done on a 9631word reserved subset of this subset, training was done on the rest. TheBrown Corpus tagset contains between 70 odd and 400 odd tags, dependingon how one counts. We automatically map these into the 19 tags used bythe tagger and parser.The overall results of the experiment are summarized in Figure 1. Wegive results for our Viterbi single tagger, for the single tagger combinedwith our parser, and for the parser when it receives all non-zero-probabilitytags for each word. We include data for the parser when it receives justthe correct tags to provide a baseline for comparison of everything but thetags per word. Some results for the forward-backward multiple tagger arediscussed later.The percentage of sentences and words parsed is high. The percentageof words parsed (99.5%) with the single tagger is the same as that for thegrammar when given the correct tags, the percentage of sentences parsedis slightly lower (99.2% vs 99.6%). Thus the Viterbi tagger does not have6



.5 1 1.5 210002000300040005000 � � � �� �� � � �Edges TagsFigure 2: Average number of edges per sentence as a function of averagenumber of tags per worda signi�cant e�ect on the coverage of the parser. When the parser is givenall non-zero probability tags the percentage of sentences parsed goes up to100%, but as we shall see, one should not make too much of this. Moreimportantly, the restriction in our parser measurements to those sentencesthat were successfully parsed should have no signi�cant biasing e�ect, sincethe parsing percentage is so high.Turning to the right-hand side of Figure 1 we see that as the numberof tags per word goes up the number of edges does as well. Figure 2 showsin more detail the relations between the number of tags and the numberof edges produced by the parser (controlled by varying � in the forward-backward multiple tagger). Somewhat surprisingly, we do not see a blow-upin parsing expense, even at the most permissive tagging rate. Our intuitionwas that an average of 2 tags per word would lead to an explosion in thenumber of parses, particularly for sentences of length 10 or more (a littlemore than half the corpus). In the appendix we give a grammar in whichadding a single tag ambiguity could lead to a cubic increase in the numberof edges. Figure 2 indicates that we are far from such a worst case. Partof this e�ciency doubtless comes from the encoding of parses in the chart,allowing a few additional edges to represent a great many additional parses.In addition, our worst-case analysis requires a starting parse in which theedge count is linear in the length of the sentence; for our data, the edgecount grows approximately as the square of sentence length.7



The critical data in the table, however, are the percentage of taggedwords tagged correctly. Here we consider only the words that are tagged atall (i.e., unparsable sentences are ignored). We observe that when given allnon-zero-probability tags, the parser is hardly more accurate than the tag-ger. The di�erence between 95.9 and 96.1 is at the ragged edge of statisticalsigni�cance. We believe it is probably real, but the important question iswho wants such a small improvement when it comes with a four-fold increasein work. Thus, from this data it does not seem that giving our parser extratags is worth the e�ort. This is why we do not bother with the more detailedstatistics for the forward-backward algorithm with di�erent �'s. This analy-sis also suggests that the increase in parsing percentage for the \all-tagger"case comes about not because the parser is correcting the tagger's mistakesbut because, given enough tag options, the parser can manage to �nd atleast one tag sequence that �ts its grammatical rules.6 AnalysisThe result that cries out for explanation is the parser's inability to tag wordssigni�cantly better than the tagger. This section looks at this issue in detail.One possible explanation is that our grammar is simply a poor one: perhapsbetter grammars would get better results. In this section we argue that thisis not the case. We hold that any PCFG o�ers only the most modest tagaccuracy improvements over single taggers, and that these improvementsare simply not worth their cost in extra parsing e�ort.We start with a heuristic argument. As we have already noted, the ideathat a parser should be able to tag better than a tagger stems from theassumption that the parser should be able to predict the next tag betterthan a tagger. That is, in standard Markov tagging models we look for:argmaxv1;n nYi=1P (wi j v1;i)P (vi j v1;i�1) (12)We call P (wi j v1;i) the \word model" and P (vi j v1;i�1) the \tag contextmodel." The idea is that as we plug in better tag context models our taggingimproves.This is surely true, but to what degree? To suggest an answer to thisquestion, note that there is an independent measure of the quality of tagcontext models, their per-tag cross entropy. We do not go into detail here8



(see [3]) but simply note that, given a well-behaved corpus of n words, theper-tag cross entropy is well approximated by� 1n log P (v1;n) (13)The lower the cross entropy the better the model. So let us look at howtagging improves as the cross entropy decreases.A common reference point for tagging models is the tagger that simplyassigns to each word its most common tag. We can recast this model in theform of Equation 12 as follows:argmaxv1;n nYi=1P (w1 j v1;i)P (vi j v1;i�1) � argmaxv1;n nYi=1P (vi j wi) (14)= argmaxv1;n nYi=1 P (wi j vi)P (vi)P (wi) (15)= argmaxv1;n nYi=1P (wi j vi)P (vi)(16)(In Equation 15 we expand using Bayes' law, and then in Equation 16 ignorethe denominator, P (wi), as it is constant for all v1;n.) Thus for this taggerthe tag context model is simply the probability of the tag out of context. Forour tag set, the cross entropy of this model is 3.61 bits/tag. It is commonknowledge that such models give about 90% tagging accuracy. A result of91.5% is given in [4] and that is the �gure we use here.2Next, consider a common tag context model: P (vi j v1;i�1) � P (vi j vi�1).Our version of this model gives a cross entropy of about 2.75 bits/tag andwhen combined with our word model achieves a tagging accuracy of 95.9%.Suppose, just for the sake of argument, that tagging accuracy is linear incross-entropy improvement. (There is no justi�cation for this assumption| it simply gives us some way of estimating what should happen as wechange cross entropy.) With this assumption we see that we should expectan increased tagging accuracy of about 5.1% per bit (95.9 - 91.5)/(3.61 -2.75). But, as noted earlier, our grammar is only .07 bits better than oursingle tagger. Thus we would expect it to perform .36% (5:1 � :07) betterthan the single tagger. In fact, we saw about a .2% improvement but judgedthis unimportant.2This �gure was for a larger tag set, and thus it would probably be higher for oursmaller tag set. Correcting for this would make our heuristic argument even stronger.9



Tagger Percent Percent % Tagged Tags NumberSentences Words Words per EdgesParsed Tagged Tagged Word per(Parsed) Correctly SentencePure N/A 100% 96.1% 1.0 N/AViterbiViterbi + 99.4% 99.2% 96.1% 1.0 1221ParserAll Tagger 99.9% 99.7% 96.8% 2.16 5664+ ParserFigure 3: Taggers and their e�ect on the arti�cial corpusWe can carry this argument one step further. We remarked in passingabove that we had constructed an arti�cial corpus from our grammar andmeasured the per-tag cross entropy for both the grammar and the Markov-model tagger on it. As we noted, the grammar was .15 bits/tag better thanthe tagger. Thus, according to the linear improvement model, we wouldexpect that this grammar would perform about .77% better than the tagger.That is, we would get a tagging accuracy of 96.7% rather than 95.9%. Thisis not a great increase, especially since we assume here a perfect grammar| the actual grammar that generated the corpus. In real life we never getanything this good. Thus this suggests that generally parsers will not domuch better than taggers at assigning tags to the words.Of course, this argument is based upon the assumption that there is alinear relation between accuracy and cross-entropy improvement, and thusheuristic only. However, we can test it. We took the arti�cial corpus andassigned to each of its tags an actual word from the real corpus. For example,the �rst noun in the arti�cial corpus was assigned the �rst word in the realcorpus that had a noun tag. (In the few cases where we needed more wordsof a given tag we just \wrapped around.") The results, as shown in Figure 3,are very clear. The \all tagger" when applied to the arti�cial corpus achieveda tagging accuracy of 96.8%, almost exactly what the linear model predicted.However, note that this corpus seems to be about .2% easier to tag (theViterbi tagger's accuracy went from 95.9% to 96.1%). Thus the improvementover the Viterbi tagger was .7% compared to the linear model's predictionof .8% (again, quite close). We do not regard this as any con�rmation of our10



linearity assumption, but we do regard these results as con�rming our overallhypothesis: PCFG parsers do not bene�t from multiple taggers because theycannot tag much better than single taggers, and this is true because whenviewed as tagging context models, PCFGs provide only the most modestimprovement over single taggers. Furthermore, this result applies not justto our grammar, but to any grammar based upon the traditional restrictionto a small number of non-terminals (21 in our case).We make this point about non-terminals because, if one relaxes thisassumption and allows virtually unlimited numbers of non-terminals, thenone can begin to include lexical information in the non-terminal symbols.That is, we get into the area of what we might call \probabilistic lexicalizedgrammars" (PLGs). We believe PLGs to be a promising area of research, butthis is not the kind of PCFG parsers a tagger encounters today. Techniquesfor PLGs are still to be learned and the sparse data problems confrontingthese models are truly formidable.One �nal point. It could be argued that the result is not of interestbecause the goal of parsing is producing a phrase marker and, as we havealready noted, tagging accuracy is not necessarily a good indicator of parsingaccuracy. This argument is not plausible. When we made the point aboutparsing vs tagging accuracy, we said that getting the tags right did notnecessarily mean getting the phrase-marker right. But surely getting thetags wrong implies getting the phrase-marker wrong.7 ConclusionWe have contrasted two approaches to taggers for parsers: single taggersand multiple taggers. We suggest that given a \normal" context free parsingsystem, i.e., one with a comparatively small number of non-terminals (20,say, not 2000) single taggers are preferable since the parser cannot do asigni�cantly better job of tagging than the current state-of-the-art Markov-model taggers. Furthermore, since increasing tag ambiguity increases theamount of work performed by the parser there are good reasons not to passon extra tags. This is not the result we expected upon commencing thisresearch, but from the heuristic argument as to why this should be so, and,in particular, from the simulation results in Figure 3, these results seemgeneral.However, one should not read too much into this result. First, it doesnot preclude further improvements in tagging. Work that looks for such11



improvements from collecting �ner statistics based upon more lexical infor-mation still seems promising (e.g., [13]). Second, our result certainly doesnot imply that parsers are useless. One does not parse to get tags. Oneparses to �nd phrase markers. We may have ruled out multiple taggers as aroute to improved parsing accuracy, but the need for parsers remains.But this result does hint at another, quite interesting conclusion. Isthere, in fact, a limit on how well standard syntactic parsers can do in theface of tag ambiguity? If a perfect grammar cannot get more than 96.8%of the tags correct, how well can it do on the phrase markers? More studywill be required to turn this hint into anything more, but the question is anintriguing one.AppendixWe give here a simple grammar in which adding a single tag ambiguitycauses parsing time to go from linear to cubic in the sense that the numberof edges required by a chart parser using top-down �lterning would changefrom growing linearly in the number of words to cubicly. The grammar isS ! A GS ! B HA ! vG ! G wG ! wH ! H HH ! wThis is a grammar for the language vw+. We do not show it, but it shouldbe intuitively obvious that the language is parsable in linear time using thisgrammar. The point is that only one of the two S rules, S ! A G, is usable.The A takes care of the terminal symbol v, and then the sub-grammar G!G w, and G ! w parses in linear time the sequence of w's.Suppose, however, that we add the following rule to the grammar:B ! vThis is equivalent to adding a tag ambiguity to the terminal symbol v.Now there are two basic ways to parse the terminal sequence. One is usingthe G rules as before, and the other is using the H rules. However, asopposed to the G rules, parsing with the H rules takes time cubic in the12



length of the sentence. To see this we simply note that there will be an Hconsituent in each box of the chart starting with the second word. Thusif the sentence length is l we get l2 work simply to create all of these Hconstituents. Furthermore, each H can be build up many ways, the numbergrowing linearly in l. For example, consider an H which spans wwww. Thereare 3 ways to build it up w www, ww ww, and www w. Thus we have l2H's, times approximately l ways to build up each H, giving us l3 time.References1. Boggess, L., Agarwal, R. and Davis, R. Disambiguation of prepo-sitional phrases in automatically labeled technical text. In Proceedings ofthe Ninth National Conference on Arti�cial Intelligence. AAAI Press/MITPress, Menlo Park, 1991, 155{159.2. Brill, E. A simple rule-based part of speech tagger. In Proceedings ofthe Third Conference on Applied Natural Language Processing . 1992.3. Charniak, E. Statistical Language Learning . MIT Press, Cambridge,1993.4. Charniak, E., Hendrickson, C., Jacobson, N. and Perkowitz,M. Equations for part-of-speech tagging. In Proceedings of the EleventhNational Conference on Arti�cial Intelligence. AAAI Press/MIT Press,Menlo Park, 1993, 784{789.5. Church, K. W. A stochastic parts program and noun phrase parserfor unrestricted text. In Second Conference on Applied Natural LanguageProcessing . ACL, 1988, 136{143.6. DeRose, S. J. Grammatical category disambiguation by statistical op-timization. Computational Linguistics 14 (1988), 31{39.7. Francis, W. N. and Ku�cera, H. Frequency Analysis of English Us-age: Lexicon and Grammar. Houghton Mi�in, Boston, 1982.8. Jelinek, F. Markov source modeling of text generation. In The Impactof Processing Techniques on Communications, J. K. Skwirzinski, Ed. Ni-jho�, Dordrecht, 1985.9. Kupiec, J. and Maxwell, J. Training stochastic grammars from un-labeled text corpora. In Workshop Notes, Statistically-Based NLP Tech-niques. AAAI, 1992, 14{19. 13
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