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Parsing with Context-Free Grammars and WordStatistics�Eugene CharniakDepartment of Computer Science, Brown UniversityMay 23, 1995AbstractWe present a language model in which the probability of a sentenceis the sum of the individual parse probabilities, and these are calculatedusing a probabilistic context-free grammar (PCFG) plus statistics on in-dividual words and how they �t into parses. We have used the modelto improve syntactic disambiguation. After training on Wall Street Jour-nal (WSJ) text we tested on about 200 WSJ sentence restricted to the5400 most common words from our training. We observed a 41% reduc-tion in bracket-crossing errors compared to the performance of our PCFGwithout the use of the word statistics.1 IntroductionModern statistical language processing o�ers a new window on the old problemof syntactic disambiguation| �nding the correct syntactic structure among themany that are possible. This research program typically starts with the notionof a \language model." This is an assignment of probabilities to all strings in thelanguage. Suppose that a corpus consists of a sequence of n sentences s1;n. Weassume that the probabilities of sentences are independent, so the probabilityof our corpus is the product of the sentence probabilities:p(s1;n) = nYi=1p(si) (1)We now turn to the probability of an individual sentence s and relate it to thepossible parses of the sentence. Let p(s; �) be the probability of a sentence s�This research was supported in part by NSF contract IRI-9319516 and ONR contractN0014-91-J-1202. 1



under a particular parse �, and P(s) be the set of all parses for s, thenp(s) = X�2P(s) p(s; �) (2)From this we can de�ne syntactic disambiguation as �nding the parse thatmaximizes p(s; �): arg max�2P(s) p(s; �) (3)The simplest example of this approach is using a probabilistic context-freegrammar (PCFG) to assign parse probabilities. With PCFGs we calculate theprobability in a very simple way. The probability of a parse is the product ofthe probabilities of the PCFG rules used in the parse. As such the techniqueis only able to distinguish between very common and uncommon constructionsin the language. However, Equation 3 works for any method of calculating theparse probabilities, and if basing the probability on only the rules is insu�cientthen adding word information might improve things.One example of how adding word-level information can aid disambiguationis shown in [9], which deals with prepositional phrase attachment in cases wherethe pp can attach to either a verb, or the direct object of the verb. They startby �nding cases where the prepositional phrase attachment is unambiguous (ornearly so) and collect statistics on how often a particular preposition attachedto a particular noun, C(n, prep), and how often it attached to a particularverb, C(v, prep). (E.g., in \The children sold cookies in the classroom" onewould use C(cookies, in), and C(sold, in).) These counts are normalized tomake probabilities and the probabilities are used to make decisions.In this paper we take this idea further and apply word statistics at all pointsin the parse. While this seems like an important thing to do, there are relativelyfew papers in this area [1,10,11,16]. Section 6 compares our work to earlierresearch.2 The ModelFirst some notation. A sequence of words in a sentence from the j'th word tothe k'th is denoted by wj;k. A constituent, say an np, which dominates thesewords is denoted by npj;k. If we wish to make the constituent type a variable,N ij;k denotes the non-terminal i that dominates wj;k. Conversely, N i denotes aconstituent of type i without reference to the words it covers.Next, consider a constituent, c, in the parse �. Let the parent constituent ofc be �(c). The grandparent of c, �(�(c)) we abbreviate to �2(c). For example, inFigure 1 if c is the constituent labeled \np:rocks" then �(c) is the pp, and �2(c)is the vp. We also assume that within a parse each constituent has a head. Thehead of a terminal is its lexical item. The head of a non-terminal is, informally,2



n:Sheep n:dogs v:pulled det:the n:sleds prep:over n:rocksnp:dogs np:sleds np:rockspp:overvp:pulleds:pulled
Figure 1: Phrase marker for \Sheep dogs pulled the sleds over rocks"the most important word of the phrase, so the head of an np is the head noun,of a vp is the main verb, of a pp, the preposition, etc. More formally, everycontext-free grammar rule must specify which of its sub-constituents providesits head. We denote the head of a constituent by h(c). We abbreviate h(�(c)) ash�(c), and h(�2(c)) as h�2(c). t(c) denotes the constituent type of c (e.g., if c isa prepositional phrase, t(c) = pp), r(c) denotes the PCFG rule used to expandc (e.g., if c is the constituent in Figure 1 labeled \vp:pulled" then r(c) = vp ! vnp pp) and a(c) indicates if c appears after the head in c's parent phrase (moreon this point when we explain the reasoning behind this particular model). Allof the de�nitions are relative to a parse.We now formally de�ne our probabilistic model for the probability of a parse� for the sentence s as follows:p(�; s) = Yc2� p(h(c) j t(c); h�(c); h�2(c); a(c)) � p(r(c) j h(c)) (4)We can think of this equation as saying that we predict the head of a constituenton the basis of information from higher constituents, and we then predict therule used to expand the current constituent from the head just predicted.There are two questions of interest with regard to Equation 4, (a) does itindeed de�ne a probability distribution over sentences and their parses, and (b)can we compute the probability of a sentence in polynomial time? We will brie
yconsider the �rst here. We derive the equations for polynomial-time probabilitycalculations in Appendix A.To see that Equation 4 does, in fact, de�ne a probability distribution oversentences and their parses, let us consider how this model handles the sentence\Sheep dogs pulled the sleds over rocks" under the parse � of Figure 1. We�rst note that the probability of the sentence and the parse is equivalent to theprobability of having all of the constituents of the parse,all of the words, and3



the words in the correct order.p(w1;7; �) = p(s1;7; h(s1;7) = pulled; np1;2; h(np1;2) = dogs;n1;1; h(n1;1) = sheep; n2;2; h(n2;2) = dogs;vp3;7; h(vp3;7) = pulled; : : :) (5)The right-hand side speci�es both the parse and the sentence. To see this, �rstnote that it speci�es all of the constituents of the parse, and thus the parse tree.Furthermore, we assume that all terminal symbols in a parse are the heads ofat least one constituent, thus specifying the heads of all of the constituents pinsdown the words of the sentence. Finally the order of the words are �xed by theordering of the constituents.We can then break Equation 5 up into a sequence of conditional probabilitiesas follows:p(w1;7; �) =p(s1;7) � p(h(s1;7) = pulled j s1;7)p(np1;2; vp3;7 j h(s1;7) = pulled; s1;7)p(h(np1;2) = dogs j np1;2; vp3;7; h(s1;7) = pulled; s1;7)p(n1;1; n2;2 j h(np1;2) = dogs; np1;2; vp3;7; h(s1;7) = pulled; s1;7)p(h(n1;1) = sheep j n1;1; n2;2; h(np1;2) = dogs; np1;2; vp3;7; : : :): : : (6)We now use the independence assumptions implicit in Equation 4, namely:1. the probability of expanding a constituent c using a given rule is indepen-dent of everything except the head of c2. the probability of a constituent c having a given head is independent ofeverything except the head of c's parent, grandparent, the type of c, andwhether c appears before or after the head of its parent.This gives us the following:p(w1;7; �) =p(s1;7) � p(h(s1;7) = pulled j s1;7)p(s ! np vp j h(s1;7) = pulled)p(h(np1;2) = dogs j np1;2; h(s1;7) = pulled)p(np ! n n j h(np1;2) = dogs)p(h(n1;1) = sheep j n1;1; h(np1;2) = dogs; h(s1;7) pulled; a(n1;1) = 0): : : (7)This can be seen to be in the form of Equation 44



Word Rule Examplegave vp ! v np pp \gave the cookie to Bred"vp ! v pron np \gave him the cookie"vp ! v np np \gave Fred the cookie"vp ! v np np pp \gave Fred the cookie on Monday"tell vp ! v pron s \tell her I left"vp ! v pron wh-phrase \tell her what you know"vp ! v pron pp \tell her on Tuesday"vp ! v pron \tell her"vp ! v pron wh to-phrase \tell her what to do"vp ! v wh-phrase \tell what you know"vp ! v pron np \tell her the story"Figure 2: Signi�cant rules for the verbs \gave" and \tell"Another way to understand Equation 4 is to see how the extra conditioninginformation allows us to sharpen the probabilities of words and rules. Let usstart with the simpler term on the right, p(r(c) j h(c)). Here we are conditioningthe rule used to expand c on its head. The most common examples of thisdependence is for verb case frames. For example, the rule vp ! v np np is notall that common, and thus the probability assigned to it by a pure PCFG islow (.0038 in our grammar). However, if the head (the main verb) is \gave"p(vp ! v np np j gave) should be relatively high (and in our grammar is, .052).Indeed, we pulled out rule/verb pairs where the probability of the rule giventhe verb was signi�cantly higher than the prior on the rule. (The exact measureused here is that described in [8]. ) The results looked much like the studiesdirected at �nding verb case-frames such as [2,12]. Figure 2 shows the four rulesfor \gave" and the seven for \tell" which di�er most from the original PCFGprobabilities for the rules.Let us now consider in detail the �rst term on the right of Equation 4:p(h(c) j t(c); h�(c); h�2(c); a(c)). We focus our discussion by seeing what hap-pens as we condition on more and more information. The need to condition ont(c) should be obvious. Clearly p(the) will not be as accurate as p(the j det), thatis, the probability that the head is \the" given that we know it is a determiner.The most important step is conditioning on the head of the parent as well:p(h(c) j t(c); h�(c)). It is this step that gives the prepositional-phrase attach-ment work of [9] its power. For example, should the pp \over rocks" in Figure 1attached to \pulled" or \sleds?" Equation 4 applied to the pp in e�ect contraststhe two conditional probabilities p(over j pp; pulled) and p(over j pp; sleds). Thisis exactly what [9] does with its counts of how often a particular pp attachesto either the preceding noun or verb. In a similar way, this sort of conditioning5



�re weapon: bullets cannon gas guns missile missiles ri
es rocketsshot shots weapons�re employee: agency aide auditor chairman cities consultantscontrollers director employee employees executives �rm houseiacocca inc manager marwick north o'donnell o�cer o�cers of-�cials oliver people president saunders secretary worker workersnon-object np's: day december month months tuesday weekweeks year yesterdaypronoun np's: 16 anyone two everyoneFigure 3: Heads of noun-phrases following the verb \�red"will help to sharpen the probability of seeing \sheep" as a modi�er of \dog"in the np \sheep dogs" in Figure 1 since presumably p(sheep j n; dog) is muchlarger than p(sheep j n).To take another example of the kinds of information captured by this term,consider the following:p(h(c) j t(c) = noun; h�(c) = �red; a(c) = 1) (8)Intuitively this would correspond to the heads of noun phrases which follow theverb \�red." Figure 3 lists all such words who's associated probability is greaterthan .004. They have been manually grouped into intuitive categories. Whilewe have grouped these manually, work such as [14] suggests how to �nd suchgroupings automatically given data such as ours.To give another example of direct objects, Figure 4 gives all of the headsof noun-phrases following \built" such that their probability given \built" isgreater than .002. As with the nouns following \�red" we have mostly substan-tive nouns with some nouns acting as pronouns (e.g., \lot," and \one") andsome heads of time noun-phrases (e.g., \week," \weeks," and \year").Conditioning on the head of the grandparent constituent is again inspiredby prepositional-phrase attachment. Where a pp attaches also depends on thecompliment of the pp (consider \Joan bought 
owers with Sue/yellow stems").In Figure 1 this information should help �nd the attachment for the pp \overrocks" assuming that p(rocks j pulled; over) is larger than p(rocks j sleds; over).The distinction between subjects and objects of verbs is the motivationfor conditioning on whether the word appears before or after the head of itsparent. For example, \She hit her" is more common than \Her hit she."The model captures distinction as p(she j pron; hit; before) is much larger thanp(she j pron; hit; after). 6



aircraft airport apartments assets barrick barrier base batch bedbonds bridge building buses business businesses canal capital carcareer cars center chain chip church company computers conglom-erate dam desk empire expectations facilities factories factory �rmfortune fortunes group headquarters home homes hotel house houseshousing inc industries industry inventories jose journal laboratorylead levels line lot machine machines malls mansion miles mill mil-lion missiles models navy network networks nothing one operationoperations organization park part plane planes plant plants posi-tion positions power presence products programs project prototyperecord re�neries relationship relationships reputation reserves rocketsales share ships stadium stake statue strategies success support sur-pluses system systems tank team ties today tower trucks unit unitsvehicles versions vessel wall way week weeks wpp wright yearFigure 4: Heads of noun-phrases following \built"3 SmoothingWhile conditioning on the aforementioned features is certainly justi�ed, whentaken together we have a serious sparse data problem. Our smoothing takes twoforms, the �rst is based upon domain knowledge, the second is a conventionaldomain-independent technique.The domain dependent smoothing comes from our observation that pp at-tachment is a standard case where the grandparent head is a useful conditioner.Here we simply make the reverse point | grandparent heads may not be thatuseful in other cases. Thus we make the following smoothing assumption:p(h(c) j t(c); h�(c); h�2(c); a(c)) = � p(h(c) j t(c); h�(c); h�2(c)) if t(�(c)) = ppp(h(c) j t(c); h�(c); a(c)) otherwise (9)This has the e�ect of reducing our statistics to a bigram level in most situations.1Our domain independent smoothing is of the traditional \back o�" variety.We have two equations, one for each case in Equation 9. Since they are quitesimilar we only give the equation for the �rst case, where grandparent heads areused. As before C(a; b; : : :) is the number of times a; b; : : : occur together.p(h(c) j t(c); h�(c); h�2(c)) =�1(C(h�(c),h�2(c))) � p̂(h(c) j t(c); h�(c); h�2(c))1Since prepositional phrases headed by \to" are currently marked as a to clause, these alsoallow for the use of h�2(c). Other possible uses, to be explored in the future, are possessiveclauses and \wh" clauses modifying noun-phrases.7



+ �2(C(h�(c), t(c))) � p̂(h(c) j t(c); h�(c))+ (1� �1(C(h�(c),h�2(c)))� �2(C(h�(c), t(c))))� p̂(h(c) j t(c)) (10)Here p̂(a j b) is the maximum likelihood estimate of the probability p(a j b). Theintuitive idea is that we consider three estimates of the probability, each usingsuccessively less conditioning information. The weight on each is a function ofthe number of cases observed of this conditioning situation. Note that the �rstterm is the maximumlikelihood estimate of the conditional probability we want,and the last is the most basic estimate of the probability of the head knowingonly the probability of the word given its part of speech. The values of �(C(x))are set so that the �nal probability is closest to the highly conditioned statisticswhen the conditioning event x is most common, and the closest to the raw wordprobabilities (or PCFG probabilities) when x is uncommon. In practice the � swere set subjectively.4 The ExperimentA context-free grammar developed from work on context-free grammar induc-tion described in [5,6] is the base grammar for the experiment. This grammarwas developed using training data from the Penn tree-bank version of the Browncorpus as provided by the ACL Linguistics Data Collection Initiative (ACL-LDCI). The grammar developed is a slight extension of a dependency grammar.A dependency grammar can be thought of as an X grammar with only one levelof bars. Thus the rules are all of the form:x ! q r : : : x s : : :The head of an x rule is the x constituent on the right-hand side. This form ofrule was used for ease of learning. However it is not a compact rule notation,as it requires many combinations of constituents to be \multiplied out". Thusthe number of rules in the grammar is quite large, about 4800.About 36 million words of WSJ text were parsed with the grammar fromwhich we collected the statistics required by the model. When the statistics arepruned to remove all words that do not occur at least twice and all counts lessthan .15, the �le containing the information is .275 Gig.To test the model we used sentences from parsed ACL-LDCI WSJ text,none of which was used in any previous training. We restricted considerationto sentences that use the 5400 most common words from this corpus. Thesewere the words which appeared in the corpus 500 or more times. As we notedabove in our discussion of smoothing, as words and word-combinations get rare,our smoothing equations rely more and more on the original PCFG probabil-ities, and less and less on the new lexicalized probabilities we were interestedin testing. By restricting consideration to the more common words we avoided8



attenuating the factors we were most interested in measuring - the e�ects of ournew probabilities.Furthermore we only consider sentences of length less than or equal to 40words (counting punctuation as words). This removes fairly few sentences,particularly compared to the 5400 word lexicon restriction, which removes about90% of the possible sentences. The 5400 word lexicon also biases the sampleto shorter sentences, so the average sentence length in our test corpus is 16.8words.We take as the principle measurement of parsing success bracket-crossingaccuracy (henceforth referred to as simply accuracy): the percentage of brack-eting found in the model's most probable parse that do not cross the bracketingin the LDCI parses. We like this measure because it is relatively insensitive todisagreements about the structures a grammar should assign. However, we arecognizant of its de�ciencies; when used alone it can be made arti�cially highby certain tricks. Thus to keep ourselves \honest" we also report recall: thepercentage of bracketing found in the LDCI parse that were also in the model'smost probable parse. However, our judgments on the signi�cance of the resultswill be solely in terms of the accuracy measure.We compare these measures for 6 models:1. The full model as described earlier (\complete")2. The full model minus statistics on secondary heads(\No h�2(c)")3. The full model minus the statistics of the probability of a rule given thehead of the constituent(\No p(r(c) j h(c))")4. The model only using the statistics of the probability of a rule given thehead of the constituent and the PCFG probabilities (\Only p(r(c) j h(c))")5. The model only using the PCFG probabilities (\PCFG")6. Creating uniform right-branching parses (\Right Branching").For each of the models save \Right Branching" we also give the per-wordcross entropy (\CrossEnt per Word") it assigns to the sentences (not meaningfuloutside this paper because of the restrictions on the sentences, but interestingto contrast with parsing success) and a measure of the degree to which themodel hones in on one parse, as opposed to spreading the probability overmany parses. This measure, \Ratio," is the probability of the sentence dividedby the probability of the most probable parse. Assuming we want the model topick out the correct parse with a high degree of certainty, this number shouldideally be close to one. 9



Probability Percent Error CrossEnt Ratio PercentModel Accuracy Reduction per Word RecallComplete 91.1 41.1 6.54 3.08 80.8No h�2(c) 90.8 39.1 6.73 3.4 80.9No p(r(c) j h(c)) 89.5 30.5 7.21 4.47 78.7Only p(r(c) j h(c)) 88.9 26.5 8.09 6.63 79.4PCFG 84.9 8.75 12.5 76.1Right Branching 57.2 67.2Figure 5: Results5 ResultsThe major results are shown in Figure 5. If we ignore the question of statisticalsigni�cance, the picture painted by these �gures is reasonably clear: incrementsin conditioning information give increments in performance, ranging from accu-racy of 57.2% for right branching, to 84.9% accuracy for a PCFG using none ofthe word statistics, to 91.1% accuracy for the model using all of the conditioninginformation. This latter �gure represents at 41.1% reduction in the number ofbracket-crossing errors when compared to the pure PCFG.We give the results for the model without conditioning on h�2(c) becausethe prepositional-phrase attachment model of [9] does not use this information.Furthermore, (Hindle, personal communication) reports that adding this infor-mation actual made their performance worse! Our results paint a di�erent pic-ture. While the improvement shown by adding h�2(c) may not be statisticallysigni�cant, at least things did not worsen.Some of the di�erences between models in Figure 5 are quite small andthus we need to address the question of which of these results are statisticallysigni�cant. Answering this is not completely straight-forward. For those whoare willing to take our word for it, the simple answer is shown in Figure 6. Herean arrow between two models indicates that the model at the tail of the arrow isstatistically signi�cantly better than the model at the head. To put these resultsinto words, for the top three models, each model is not signi�cantly better thanthe model just below it, but is better than the models two or more below it.For those interested in such things, Appendix B gives the analysis which leadsto Figure 6.6 Comparison with Previous ResultsOur primary claim involves the improvement over pure PCFG parsing. As suchit behooves us to show that the PCFG results are typical of what is obtained10



PCFGOnly p(r(c) j h(c)) No p(r(c) j h(c))No h�2(c) Complete
Figure 6: Statistically signi�cant dominance relations between modelsby other current non-word-based parsers. In Figure 7 we plot accuracy vs aver-age sentence length for four systems, our PCFG, the transformational parsingsystems of [3], the PCFG of [13], and, for completeness, the results for the com-plete model presented in this paper. It should be clear that the accuracy of ourPCFG is in line with these systems. Our PCFG results are also in line withthose reported in [15] though their method of reporting results do not allowthem to be shown in a graph line that of Figure 7.The work most similar to our is that of Black et. al. [1] and Schabes andWaters [16]. These papers like ours are concerned with using lexical informationtogether with probabilities on rules to improve parsing performance. Further-more, these papers also starts by de�ning a language model in terms of thesum over the probabilities for the parses of a sentence, and selecting the correctparse as the one with the highest probability. Schabes and Waters present ascheme related to Tree-adjoining Grammars, and the burden of their paper isprimarily the description of the grammatical formalism and an n-cubed pars-ing algorithm. No experimental results are given. On the other hand, the the\History-based Grammar" (HBG) model presented by Black et. al. [1] doeshave related experimental results, so we will concentrate on this paper.The main di�erence between our model and HBG is relative complexity. Incontrast to the 4 quantities used to condition in our model (with a maximum ofthree being used at any one time) HBG has 16 with a maximumof 8. Smoothingover this number of conditioning events is done with a combination of decisiontrees and back-o� methods. One extra complexity in HBG that we hope toinclude in subsequent versions of our model is word clustering.The �gure of merit used in [1] is the percentage of parse trees identicalto those in the test corpus except for pre-terminal labels. As such it is hardto directly compare their results and ours. Furthermore the technical manualcorpus they used (restricted to the most common 3000 words) is di�erent. Theirsentences ranged in length from 7 to 17, rather than our maximum of 40. They11



10 15 20859095100 � � �4 4 42 223 4| Our complete model� | Our PCFG2 | Transformation Parser of [3]3 | PCFG of [13]
Figure 7: Accuracy vs. average sentence length for four parsersreport that their pure PCFG gave a success rate of 59.8% and their completemodel a success rate of 74.6%. Given their much stricter de�nition of successtheir results, both for the PCFG and for the enriched model, are better thanours. That the PCFG result is better suggests that some of this might be dueto a simpler set of sentences.Perhaps the biggest di�erence in their results and ours is in the area of howthe performance improve as one increases the number of conditioning events.Besides the main model whose results we have just mentioned Black et. al. de-scribe a simpler model (which is actually close to our model) but report that thismodel does not do much better than their basic PCFG model, suggesting thatthere is some threshold of complexity before which signi�cant improvementsare not observed. This contrast with our results. Note that the simpler model\No h�2(c)" (i.e., the head of the grand-parent is not used) performs almostas well as the full model, and in general the degree of performance improve-ment decreases as we add more conditioning information, seemingly opposite tothe results reported in [1]. It seems evident that this area needs more modelsevaluated using a wider variety of metrics before clear patterns will appear.7 ConclusionWe have seen how the use of word-statistics from parsing 38 million words of theWall-Street Journal helps a parser determine the correct parse for a sentence.The main results of the paper show that the statistics give us a 41.1% reductionin the bracket-crossing error rate.At the same time the program developed to test the ideas herein needs many12



improvements. For one thing, the current algorithm is not usable in day-to-daysituations because its statistical data-base is so large | about 250 Megabytes.We can not read this into memory, and the scheme we constructed for readingthe necessary data o� disk does not work nearly well enough. Currently about90% of parsing time is spent reading in statistics. We also need to better smoothour word data. We intend to cluster words by their statistics and smooth theprobability estimates for words by using the statistics for the classes into whichthey fall [4,7], AppendicesA Equations for Inside ProbabilitiesIn this appendix we derive the equations for determining in polynomial timethe probability of a sentence according to a slightly simpli�ed version of ourprobabilistic model. That is, we want to calculate the following:p(s) = p(w1;n) = X�2P(s) p(w1;n; �) (11)To keep things relatively simple we show how to compute this probability ac-cording to the model:p(�; s) = Yc2� p(h(c) j t(c); h�(c); a(c)) � p(r(c) j h(c)) (12)This di�ers from Equation 4 in that it does not condition on the head of thegrandparent of constituent c, h�2(c).In what follows we recursively compute the two probabilities, both relatedto the inside probability of a constituent:�(N ij;k) � p(wi;j j N i) (13)The two quantities are�(N ij;k j �) � p(wj;k j N i; h�(N ij;k); a(N ij;k)) (14)�(N ij;k j h) � p(wj;k j N i; h(N ij;k)) (15)We care about the �rst of these because if we created a \dummy" head con-stituent (call it \@") for the non-existent constituent above our s node, andarbitrarily saying that s is \after" the head of its (non-existent) parent, thenp(w1;n) = p(w1;n j s) (16)= p(w1;n j s; h�(s) = @; a(s) = 1) (17)= p(w1;n j s; h�(s) = @; a(s) = 1) (18)= �(s1;n j �) (19)13



In what follows let H(c) be all possible heads that constituent c can takeunder all possible parses. (We discuss later how to compute this set.) Giventhis set, the relation between �(N ij;k j �) and �(N ij;k j h) is as follows:�(N ij;k j �) � p(wj;k j N i; h�(N ij;k); a(N ij;k)) (20)= Xh2H(Nij;k) p(wj;k; h(N ij;k) = h j N i; h�(N ij;k); a(N ij;k)) (21)= Xh2H(Nij;k) p(h(N ij;k) = h j N i; h�(N ij;k); a(N ij;k))p(wj;k j N i; h(N ij;k) = h; h�(N ij;k); a(N ij;k)) (22)= Xh2H(Nij;k) p(h(N ij;k) = h j N i; h�(N ij;k); a(N ij;k))p(wj;k j N i; h(N ij;k) = h) (23)= Xh2H(Nij;k) p(h(N ij;k) = h j N i; h�(N ij;k); a(N ij;k))�(N ij;k j h) (24)The only part of this other than substitution obvious equals for equals is Equa-tion 23, where we use the fact that that the probability of a constituent isindependent of everything above it, once we know the type of the constituentand its head. (This follows from our probability model as expressed in Equation12.) Equation 24 then expresses �(N ij;k j �) in terms of �(N ij;k j h) plus proba-bilities which need to be collected. In our case, as we have already described,these were obtained from parsing 36 million words of the Wall Street Journal.We now show how to compute �(N ij;k j h). As is typical in such cases, weinitially assume that our grammar is in Chomsky-normal form. After we havederived the equations for this case, we discuss the generalization to arbitrarygrammars.We �rst consider the base case. We have some word wj, and a rule N i !wj. The head of N i must be wj , and thus�(N ij;j j h) � p(wj j N i; h(N i) = wj) (25)= 1 (26)Now we turn to �nding �(N ij;k j h) where k > j. In such cases the immediateexpansion of the constituent must involve a rule of the form N i ! Na N b. Inany such expansion of N ij;k the head of one of the subconstituents is also thehead of N ij;k, and as stated in the body of the paper, we assume that all PCFGrules indicate which of their subconstituents provide the head for the parentconstituent. Without loss of generality, let the head providing constituent be14



w _b w�b w _a w�aN b_b;�b Na_a;�aN ij;k
Figure 8: Expansion of N ij;k into Na and N bNa (if it is the second constituent we simply exchange the indicators a and b).We denote the start and end locations of a as _a and �a, and similarly for b. Thesituation is illustrated in Figure 8. There we have put the b constituent �rst toemphasize the fact that a and b denote head relationships, not ordering. Thusthe PCFG rule used in the expansion of Figure 8 is N i ! N b Na. So in whatfollows a always varies over the possible sub-constituents that are heads, and bover non-heads.�(N ij;k j h) � p(wj;k j N i; h(N ij;k)) (27)= Xa;b;�a;�b p(w _b;�b; w _a;�a; N b_b;�b; Na_a;�a j N i; h(N ij;k)) (28)= Xa;b;�a;�b p(N b_b;�b; Na_a;�a j N i; h(N ij;k))p(w _b;�b j N b_b;�b; Na_a;�a; N i; h(N ij;k))p(w _a;�a j w _b;�b; N b_b;�b; Na_a;�a; N i; h(N ij;k)) (29)= Xa;b;�a;�b p(N b_b;�b; Na_a;�a j N i; h(N ij;k))p(w _b;�b j N b_b;�b; h�(N b_b;�b) = h(N ij;k); a(N b; N i; Na))p(w _a;�a j Na_a;�a; h(Na_a;�a) = h(N ij;k)) (30)= Xa;b;�a;�b p(N i ! N b Na j h(N ij;k))�(N b_b;�b j �) � �(Na_a;�a j h) (31)In this derivation Equation 29 breaks up the probability into successive con-ditional probabilities, Equation 30 uses independence assumptions to simplify15



the probabilities, and Equation 31 substitutes de�nitions back into the formula.(In Equation 30 we brie
y introduce a function a(N b; N i; Na) to compute ifconstituent N b occurs before or after Na in N i.)The generalization of Equation 31 to general PCFGs is quite straight-forward.In such grammars there must still be a constituent which provides the head of theparent constituent (corresponding to constituent a in our derivation), but theremay be zero or more constituents which do not (corresponding to b). Thus forsuch grammars we take the product of �(N b_b;�b j �) over all non-head-producingconstituents b.Finally, we comment brie
y on how Equations 24 and 31 plays out algorith-mically. We determine the set of possible heads of a constituent c, H(c), in abottom up fashion. The head of a rule which introduces a terminal is that ter-minal. Then for each higher level constituent we look at all of the rules whichcould build it, �nd the lower-level constituent from which that rule �nds itshead, and take the union of head constituents over all possible building rules.The actually computation of our probabilities can be done in either a top-down or bottom up fashion. The top-down version is perhaps more intuitive,since �(c j �) requires knowing the head of the parent constituent. However, thebottom-up version is also straight-forward, and perhaps ultimately more usefulsince if we want to build a \best-�rst" parser using this model it must build upthe constituents, and their probabilities, incrementally.The critical point for the bottom-up algorithm is that �(c j h) can be com-puted using Equation 31 without knowing the parent of the constituent. Thusupon completing c we compute �(c j h) for all possible heads of c . Then, aswe create higher constituents in which c appears we compute the �(c j �) as re-quired by these higher constituents. Note that because this algorithm dependson �(c j h) not requiring information from above c this algorithm does not gen-eralize well to the full model of Equation 4, where grand-parent constituentsare also required. For the full model we have only implemented the top-downalgorithm, though a bottom up version is still possible, albeit considerably morecomplicated.B Statistical Signi�cance CalculationsWe give here the analysis of statistical signi�cance of the data in Figure 5 assummarized in Figure 6.Since all models have been run on exactly the same data and the modelsare deterministic, this suggests using a paired sample test for signi�cance. Thatis, for each sentence we note the values of our random variable (in our casethe accuracy for the sentence) for each model. Let ai(k) be the performance ofthe i'th model on sentence k. Then let di;j(k) = ai(k) - aj(k), the di�erencein accuracy between models i and j on sentence k. Let di;j be the mean overall k of di;j(k). We then compute the Z test on di;j to see if model i is signif-16



Superior Mean No No Only PCFGModel h�2(c) p(r(c) j h(c)) p(r(c) j h(c))Complete 93.5 .752 1.66 2.42 5.08No h�2(c) 93.2 .93 2.34 4.67No p(r(c) j h(c)) 92.5 .94 4.46Only p(r(c) j h(c)) 91.8 3.36PCFG 89.1Figure 9: Statistical signi�cance of accuracy di�erencesicantly better than model j. We assume that di;j(k) � di;j are normally andindependently distributed with population mean zero. In Figure 9 we given theZ test results. The left-hand column speci�es what we believe to be the superiormodel. Ignoring the second from left column, the other columns give the Z testvalues for the improvement over the presumed inferior models as speci�ed acrossthe top of the table. These values show the statistical signi�cance summarizedin Figure 6, assuming a one-tailed test at a level of at least 95%.The problem here is that strictly speaking the Z test results do not applyto the data in Figure 5. Note that in Figure 9 we are considering the averagesentence performance. This value is given in column two of the �gure, and isde�ned as: Psj=1 ai(j)s (32)Here s is the number of sentences in the corpus, and ai(s) is the accuracy formodel i on sentence s. Column 2 of the table in Figure 9 gives this performancemeasure for our models. However, in the body of the paper Figure 5 gives anaverage accuracy as de�ned by Pnij=1 aci(j)ni (33)where ni is the number of attachments made by model i over the entire corpusand aci(j) is 1 if for model i attachment j is correct and 0 if it is incorrect.As you can see, the values using ai(j) from Figure 9 are higher than thoseusing aci(j) from Figure 5.. This is because longer sentences tend to have moremistakes per attachment than do shorter ones, and the ai(j) measure givesequal weight to each sentence, rather than to each attachment. In the body ofthe paper we report the aci(j) number for two reasons: �rst, it is the �gureused in related studies [3,13] and second, it seems more reasonable to us togive equal weight to each attachment decision. However, it is harder to do astatistical analysis on this number, and in particular one cannot do a pairedsample test. There are two reasons. First, while it is reasonable to assume that17
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