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Figures of Merit forBest-First Probabilistic Chart ParsingSharon A. Caraballosc@cs.brown.edu Eugene Charniakec@cs.brown.eduFebruary 16, 1996AbstractBest-�rst parsing methods for natural language try to parse e�-ciently by considering the most likely constituents �rst. Some �gureof merit is needed by which to compare the likelihood of constituents,and the choice of this �gure has a substantial impact on the e�ciencyof the parser. While several parsers described in the literature haveused such techniques, there is no published data on their e�cacy, muchless attempts to judge their relative merits. We propose and evaluateseveral �gures of merit for best-�rst parsing.1 IntroductionChart parsing is a commonly-used algorithm for parsing natural languagetexts. The chart is a data structure which contains all of the constituentswhich may occur in the sentence being parsed. At any point in the algorithm,there exist constituents which have been proposed but not actually includedin a parse. These proposed constituents are stored in a data structure calledthe keylist. When a constituent is removed from the keylist, the systemconsiders how this constituent can be used to extend its current structuralhypothesis. In general this can lead to the creation of new, more encompass-ing constituents which themselves are then added to the keylist. When we1



are �nished processing one constituent, a new one is chosen to be removedfrom the keylist, and so on. Traditionally, the keylist is represented as astack, so that the last item added to the keylist is the next one removed.Best-�rst chart parsing is a variation of chart parsing which attemptsto �nd the most likely parses �rst, by adding constituents to the chart inorder of the likelihood that they will appear in a correct parse, rather thansimply popping constituents o� of a stack. Some �gure of merit is assignedto potential constituents, and the constituent maximizing this value is thenext to be added to the chart.In best-�rst probabilistic chart parsing a probabilistic measure is used. Inthis paper we consider probabilities primarily based on probabilistic context-free grammars, though in principle other, more complicated schemes couldbe used.Ideally, we would like to use as our �gure of merit the conditional prob-ability of that constituent, given the entire sentence, in order to choose aconstituent that not only appears likely in isolation, but maximizes the like-lihood of the sentence as a whole; that is, we would like to pick the constituentthat maximizes the following quantity:p(N ij;kjt0;n)where t0;n is the sequence of the n tags in the sentence (numbered t0; : : : ; tn�1),and N ij;k is a nonterminal of type i covering terms tj : : : tk�1. However, wecannot calculate this quantity, since in order to do so, we would need tocompletely parse the sentence. In this paper, we examine the performance ofseveral proposed �gures of merit that approximate it in one way or another.In our experiments, we use only tag sequences for parsing. More accurateprobability estimates should be attainable using lexical information.2 Figures of Merit2.1 Normalized �It seems reasonable to base a �gure of merit on the inside probability of theconstituent. Inside probability is de�ned as the probability of the words ortags in the constituent given that the constituent is dominated by a particularnonterminal symbol. This seems to be a reasonable basis for comparing2



constituent probabilities, and has the additional advantage that it is easy tocompute during chart parsing.The inside probability of the constituent N ij;k is given as:�(N ij;k) � p(tj;kjN i)In terms of our earlier discussion, our \ideal" �gure of merit can be rewrit-ten as: p(N ij;kjt0;n) = �(N ij;k)�(N ij;k)p(t0;n)where �(N ij;k) and p(t0;n) represent the in
uence of the surrounding words.Thus using � assumes that � and p(t0;n) can be ignored. (The � term isexplained in the next section.)One side e�ect from omitting these terms is that inside probability alonetends to prefer shorter constituents to longer ones, as the inside probability ofa longer constituent involves the product of more probabilities, and so sometechnique is used to normalize this quantity for use as a �gure of merit. Oneapproach is to take the geometric mean of the inside probability, to obtaina \per-word" inside probability. (In the \ideal" model, the p(t0;n) term actsas a normalizing factor.)The per-word inside probability of the constituent N ij;k is calculated ask�jq�(N ij;k)We will refer to this �gure as normalized �.2.2 Normalized �L�Outside probability � of a constituent N ij;k is de�ned as the probability ofthat constituent and the rest of the words in the sentence (or rest of the tagsin the tag sequence, in our case), p(t0;j; N ij;k; tk;n). In some of our �gures ofmerit, we used a closely related quantity, p(N ij;k; t0;j), which we will call theleft outside probability, or �L. This term can be calculated recursively asfollows: �L(N ij;k) = Xe2Eij;k �L(N lhs(e)start(e);end(e))p(rule(e))�(N qr;s)3



where E ij;k is the set of all completed edges in which N ij;k appears and r and sare de�ned by N qr;s 2 rhs(e), N qr;s 6= N ij;k, and r � j. A method for calculating�L can be derived from the calculations given in [7].A simple extension to the normalized � model allows us to estimate theper-word probability of all tags in the sentence through the end of the con-stituent under consideration. This allows us to take advantage of informationalready obtained in a left-right parse. We calculate this quantity as follows:kq�L(N ij;k)�(N ij;k)We are again taking the geometric mean to compensate for the �� quan-tity's preference for shorter constituents, as explained in the previous section.We refer to this �gure of merit as normalized �L�.2.3 Trigram estimateWe can rewrite the \ideal" �gure of merit as follows:p(N ij;kjt0;n) = p(N ij;k; t0;n)p(t0;n)= p(t0;j; tk;n)p(N ij;kjt0;j; tk;n)p(tj;kjN ij;k; t0;j; tk;n)p(t0;j; tk;n)p(tj;kjt0;j; tk;n)� p(N ij;kjt0;j; tk;n)p(tj;kjN ij;k)p(tj;kjt0;j; tk;n)applying the usual independence assumption that given a nonterminal, thetag sequence it generates depends only on that nonterminal.For this estimate, we make some additional independence assumptions.We assume that p(N ij;kjt0;j; tk;n) � p(N ij;k), that is, that the probability of anonterminal is independent of the tags before and after it in the sentence.We also use a trigram model for the tags themselves, giving p(tj;kjt0;j; tk;n) �p(tj;kjtj�2;j). Then we have:p(N ij;kjt0;n) � p(N i)�(N ij;k)p(tj;kjtj�2;j)4



We can calculate �(N ij;k) as usual. The p(N i) term is estimated from ourPCFG as the sum of the counts for all rules having N i as their left-handside, divided by the sum of the counts for all rules. The p(tj;kjtj�2;j) termis just the probability of the tag sequence tj : : : tk�1 according to a trigram(actually, tritag) model.1 We refer to this model as the trigram estimate.2.4 Pre�x estimateAnother estimate we used took advantage of statistics on the �rst j � 1 tagsof the sentence as well, to consider the probability of the constituent in thecontext of the preceding tags.p(N ij;kjt0;n) = p(N ij;k; t0;n)p(t0;n)= p(tk;n)p(N ij;k; t0;jjtk;n)p(tj;kjN ij;k; t0;j; tk;n)p(tk;n)p(t0;kjtk;n)= p(N ij;k; t0;jjtk;n)p(tj;kjN ij;k; t0;j; tk;n)p(t0;kjtk;n)We again make the independence assumption that p(tj;kjN ij;k; t0;j; tk;n) ��(N ij;k). Additionally, we assume that p(N ij;k; t0;j) and p(t0;k) are independentof p(tk;n), giving p(N ij;kjt0;n) � p(N ij;k; t0;j)�(N ij;k)p(t0;k)The denominator, p(t0;k), is once again calculated from a tritag model.The p(N ij;k; t0;j) term is computed as in the normalized �L� model.We will refer to this �gure as the pre�x estimate.3 The ExperimentWe used as our grammar a probabilistic context-free grammar learned fromthe Brown corpus (see [6], [2], [3], [4]). We parsed 500 sentences of length 31Our results show that the p(N i) term can be omitted without much e�ect.5



to 30 (including punctuation) from the Penn Treebank Wall Street Journalcorpus using a best-�rst parsing method and each of the following estimatesfor p(N ij;kjt0;n) as the �gure of merit:1. normalized �2. normalized �L�3. trigram estimate4. pre�x estimateOur tritag probabilities for the trigram and pre�x estimates, as well as theprobability p(N i) in the trigram estimate, were determined from the sametraining data from which our grammar was learned initially.For each �gure of merit, we compared the performance of best-�rst parsingusing that �gure of merit to exhaustive parsing. By exhaustive parsing, wemean continuing to parse until there are no more constituents available to beadded to the chart. We parse exhaustively to determine the total probabilityof a sentence, that is, the sum of the probabilities of all parses found for thatsentence.We then computed several quantities for best-�rst parsing with each �gureof merit at the point where the best-�rst parsing method has found parsescontributing at least 95% of the probability mass of the sentence.4 ResultsThe chart below presents the following measures for each �gure of merit:1. %E: The percentage of edges, or rule expansions, in the exhaustiveparse that have been used by the best-�rst parse to get 95% of theprobability mass. Edge creation is generally considered the best mea-sure of CFG parser e�ort.2. %non-0 E: The percentage of nonzero-length edges used by the best-�rst parse to get 95%. Zero-length edges are required by our parser asa book-keeping measure, and as such are virtually un-elimitable. Weanticipated that removing them from consideration would highlight the\true" di�erences in the �gures of merit.6



3. %popped: The percentage of edges that were added to the keylist (i.e.,the stack in a standard chart parse), that were added to the chart inorder to get 95%Figure of Merit %E %non-0 E %poppednormalized � 34.7 31.6 61.5normalized �L� 39.7 36.4 57.3trigram estimate 25.2 21.7 44.3pre�x estimate 21.8 17.4 38.3We gathered statistics for each sentence length from 3 to 30. Sentencelength was limited to a maximum of 30 because of the huge number of edgesthat are generated in doing a full parse of long sentences; using this grammar,sentences in this length range have produced up to 130,000 edges. Figure 1shows a graph of %non-0 E, that is, the percent of nonzero-length edgesneeded to get 95% of the probability mass, for each sentence length.5 Previous workBobrow[1] and Chitrao and Grishman[5] introduced statistical agenda-basedparsing techniques. Chitrao and Grishman implemented a best-�rst proba-bilistic parser and noted the parser's tendency to prefer shorter constituents.They proposed a heuristic solution of penalizing shorter constituents by a�xed amount per word.Miller and Fox[11] compare the performance of parsers using three di�er-ent types of grammars, and show that a probabilistic context-free grammarusing inside probability (unnormalized) as a �gure of merit outperforms botha context-free grammar and a context-dependent grammar.Kochman and Kupin[8] propose a �gure of merit closely related to ourpre�x estimate. They do not actually incorporate this �gure into a best-�rstparser.Magerman and Marcus [9] use the geometric mean to compute a �gureof merit that is independent of constituent length. Magerman and Weir[10]use a similar model with a di�erent parsing algorithm.7
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Figure 1:  Nonzero-length edges for 95% of Probability Mass
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6 ConclusionsThe best performance in terms of edge counts of the �gures we tested wasthe model which used the most information available from the sentence, thepre�x model. However, so far, the additional running time needed for thecomputation of �L terms has exceeded the time saved by processing feweredges.While chart parsing and calculations of � can be done in O(n3) time, wehave been unable to �nd an algorithm to compute the �L terms faster thanO(n5). When a constituent is removed from the keylist, it only a�ects the �values of its ancestors in the parse trees; however, �L values are propagatedto all of the constituent's siblings to the right and all of its descendants.Recomputing the �L terms when a constituent is removed from the keylistcan be done in O(n3) time, and since there are O(n2) possible constituents,the total time needed to compute the �L terms in this manner is O(n5).The best performer in running time was the parser using the trigramestimate as a �gure of merit. This �gure has the additional advantage thatit can be easily incorporated into existing best-�rst parsers using a �gure ofmerit based on inside probability.It is also interesting to note that while the models using �gures of meritnormalized by the geometric mean performed similarly to the other modelson shorter sentences, the superior performance of the other models becomesmore pronounced as sentence length increases. From Figure 1, we can seethat the models using the geometric mean appear to level o� with respectto an exhaustive parse when used to parse sentences of length greater thanabout 15. The other two estimates seem to continue improving with greatersentence length. In fact, the measurements presented here almost certainlyunderestimate the true bene�ts of the better models. We restricted sentencelength to a maximumof 30 words, in order to keep the number of edges in theexhaustive parse to a practical size; however, since the percentage of edgesneeded by the best-�rst parse decreases with increasing sentence length, weassume that the improvement would be even more dramatic for sentenceslonger than 30 words. 9
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