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tWe present a new parser for parsing down to Penn tree-bank styleparse trees that a
hieves 90.1% average pre
ision/re
all for senten
esof length 40 and less, and 89.5% for senten
es of length 100 and lesswhen trained and tested on the previously established [5,9,10,15,17℄\standard" se
tions of the Wall Street Journal tree-bank. This repre-sents a 15% de
rease in error rate over the best single-parser resultson this 
orpus [10℄. The major te
hni
al innovation in this parser isthe use of a \maximum-entropy-inspired" model for 
onditioning andsmoothing that allowed us su

essfully to test and 
ombinemany di�er-ent 
onditioning events. We also present some partial results showingthe e�e
ts of di�erent 
onditioning information, in
luding a surprising2% improvement due to guessing the lexi
al head's pre-terminal beforeguessing the lexi
al head.1 Introdu
tionWe present a new parser for parsing down to Penn tree-bank style parse trees[16℄ that a
hieves 90.1% average pre
ision/re
all for senten
es of length � 40,and 89.5% for senten
es of length � 100, when trained and tested on thepreviously established [5,9,10,15,17℄ \standard" se
tions of the Wall StreetJournal tree-bank. This represents a 15% de
rease in error rate over thebest single-parser results on this 
orpus [10℄.Following [5,10℄, our parser is based upon a probabilisti
 generativemodel. That is, for all senten
es s and all parses �, the parser assigns a�This resear
h was supported in part by NSF grant LIS SBR 9720368. The authorwould like to thank Mark Johnson and all the rest of the Brown NLP group.1



probability p(s; �) = p(�), the equality holding when we restri
t 
onsidera-tion to � whose yield is s. Then for any senten
e s the parser returns theparse � that maximizes this probability. That is, the parser implements thefun
tion argmax�p(� j s) = argmax�p(�; s) (1)= argmax�p(�): (2)What fundamentally distinguishes one probabilisti
 generative parserfrom another is how it 
omputes p(�), and it is to that topi
 we turn next.2 The Generative ModelThe model assigns a probability to a parse by a top-down pro
ess of 
onsid-ering ea
h 
onstituent 
 in � and for ea
h 
 �rst guessing the pre-terminal of
, t(
) (t for \tag"), then the lexi
al head of 
, h(
), and then the expansionof 
 into further 
onstituents e(
). Thus the probability of a parse is givenby the equationp(�) = Y
2� p(t(
) j l(
); H(
)) � p(h(
) j t(
); l(
); H(
)) �p(e(
) j l(
); t(
); h(
); H(
)) (3)where l(
) is the label of 
 (e.g., is it a noun phrase (np), verb-phrase, et
) andH(
) is the relevant history of 
| information outside 
 that our probabilitymodel deems important in determining the probability in question. Mu
hof the interesting work is determining what goes into H(
). Sin
e H(
), theextra information, di�ers for ea
h of the three probabilities on the right-hand side of Equation 3, stri
tly speaking we should subs
ript H , but as itis just a pla
eholder until we a
hieve the requisite level of detail, we omitthe subs
ripts for simpli
ity. Also, whenever it is 
lear to whi
h 
onstituentwe are referring we omit the (
) in, e.g., h(
). In this notation the aboveequation takes the following form:p(�) = Y
2� p(t j l; H) � p(h j t; l; H) � p(e j l; t; h;H): (4)Next we des
ribe how we assign a probability to the expansion e of a
onstituent. In Se
tion 5 we present some results in whi
h the possible ex-pansions of a 
onstituent are �xed in advan
ed by extra
ting a tree-bank2



grammar [3℄ from the training 
orpus. The method that gives the bestresults, however, uses a Markov grammar | a method for assigning proba-bilities to any possible expansion using statisti
s gathered from the training
orpus [6,10,15℄. The method we use follows that of [10℄. In this s
heme atraditional probabilisti
 
ontext-free grammar (PCFG) rule 
an be thoughtof as 
onsisting of a left-hand side with a label l(
) drawn from the non-terminal symbols of our grammar, and a right-hand side that is a sequen
eof one or more su
h symbols. (We assume that all terminal symbols aregenerated by rules of the form \preterm ! word" and we treat these as aspe
ial 
ase.) For us the non-terminal symbols are those of the tree-bank,augmented by the symbols aux and auxg whi
h have been assigned deter-ministi
ally to 
ertain auxiliary verbs su
h as \have" or \having". For ea
hexpansion we distinguish one of the right-hand side labels as the \middle" or\head" symbol M(
). M(
) is the 
onstituent from whi
h the head lexi
alitem h is obtained a

ording to deterministi
 rules that pi
k the head ofa 
onstituent from among the heads of its 
hildren. To the left of M is asequen
e of one or more left labels Li(
) in
luding the spe
ial terminationsymbol 4, whi
h indi
ates that there are no more symbols to the left, andsimilarly for the labels to the right, Ri(
). Thus an expansion e(
) lookslike: l! 4Lm:::L1MR1:::Rn4 (5)The expansion is generated by guessing �rst M , then in order L1 throughLm+1 (= 4), and similarly for R1 through Rn+1.In a pure Markov PCFG we are given the left-hand side label l and thenprobabilisti
ally generate the right-hand side 
onditioning on no informationother than l and (possibly) previously generated pie
es of the right-hand sideitself. In the simplest of su
h models, a zero-order Markov grammar, ea
hlabel on the right-hand side is generated 
onditioned only on l | that is,a

ording to the distributions p(Li j l), p(M j l), and p(Ri j l).More generally, one 
an 
ondition on the m previously generated labels,thereby obtaining an mth-order Markov grammar. So, for example, in ase
ond-order Markov PCFG, L2 would be 
onditioned on L1 and M . In our
omplete model, of 
ourse, the probability of ea
h label in the expansionsis also 
onditioned on other material as spe
i�ed in Equation 4, e.g., p(e jl; t; h;H). Thus we would use p(L2 j L1;M; l; t; h;H). Note that L1 is
onditioned on M but not on R1, be
ause when we guess L1 we have seenonly M . The se
ond 
onditioning label in this 
ase is the ubiquitous 4symbol. On the other hand, the label R1 would be 
onditioned on M andL1. Also note that the 4s on both ends of the expansion in Expression 53



are 
onditioned just like any other label in the expansion.3 Maximum-Entropy Inspired ParsingThe major problem 
onfronting the author of a generative parser is whatinformation to use to 
ondition the probabilities required in the model, andhow to smooth the empiri
ally obtained probabilities to take the sting outof the sparse data problems that are inevitable with even the most modest
onditioning. For example, in a se
ond-order Markov grammar we 
ondi-tioned the L2 label a

ording to the distribution p(L2 j L1;M; l; t; h;H).Also, remember that H is a pla
eholder for any other information beyondthe 
onstituent 
 that may be useful in assigning 
 a probability.In the past few years the maximum entropy, or log-linear, approa
h hasre
ommended itself to probabilisti
 model builders for its 
exibility and itsnovel approa
h to smoothing [1,17℄. A 
omplete review of log-linear modelsis beyond the s
ope of this paper. Rather, we 
on
entrate on the aspe
ts ofthese models whi
h most dire
tly in
uen
ed the model presented here.To 
ompute a probability in a log-linear model one �rst de�nes a setof \features", fun
tions from the spa
e of 
on�gurations over whi
h one istrying to 
ompute probabilities to integers that denote the number of timessome pattern o

urs in the input. In our work we assume that any feature
an o

ur at most on
e, so features are boolean-valued: 0 if the pattern doesnot o

ur, 1 if it does.In the parser we further assume that features are 
hosen from 
ertain fea-ture s
hema and that every feature is a boolean 
onjun
tion of sub-features.For example, in 
omputing the probability of the head's pre-terminal t wemight want a feature s
hema f(t; l) that returns 1 if the observed pre-terminal of 
 = t and the label of 
 = l, and zero otherwise. This featureis obviously 
omposed of two sub-features, one re
ognizing t, the other l. Ifboth return 1, then the feature returns 1.Now 
onsider 
omputing a 
onditional probability p(a j H) with a set offeatures f1 : : :fj that 
onne
t a to the history H . In a log-linear model theprobability fun
tion takes the following form:p(a j H) = 1Z(H)e�1(a;H)f1(a;H)+:::+�m(a;H)fm(a;H): (6)Here the �i are weights between negative and positive in�nity that indi
atethe relative importan
e of a feature: the more relevant the feature to thevalue of the probability, the higher the absolute value of the asso
iated �.4



The fun
tion Z(H), 
alled the partition fun
tion, is a normalizing 
onstant(for �xed H), so the probabilities over all a sum to one.Now for our purposes it is useful to rewrite this as a sequen
e of multi-pli
ative fun
tions gi(a;H) for 0 � i � j:p(a j H) = g0(a;H)g1(a;H) : : :gj(a;H): (7)Here g0(a;H) = (1)=(Z(H)) and gi(a;H) = e�i(a;H)fi(a;H). The intuitiveidea is that ea
h fa
tor gi is larger than one if the feature in question makesthe probability more likely, one if the feature has no e�e
t, and smaller thanone if it makes the probability less likely.Maximum-entropy models have two bene�ts for a parser builder. First,as already impli
it in our dis
ussion, fa
toring the probability 
omputationinto a sequen
e of values 
orresponding to various \features" suggests thatthe probability model should be easily 
hangeable | just 
hange the setof features used. This point is emphasized by Ratnaparkhi in dis
ussing ofhis parser [17℄. Se
ond, and this is a point we have not yet mentioned, thefeatures used in these models need have no parti
ular independen
e of oneanother. This is a very useful fa
t if one wants to use a log-linear model forsmoothing. That is, suppose we want to 
ompute a 
onditional probabilityp(a j b; 
), but we are not sure that we has enough examples of the 
ondition-ing event b; 
 in the training 
orpus to ensure that the empiri
ally obtainedprobability p̂(a j b; 
) is a

urate. The traditional way to handle this is alsoto 
ompute p̂(a j b), and perhaps p̂(a j 
) as well, and take some 
ombinationof these values as one's best estimate for p(a j b; 
). This method is known as\deleted interpolation" smoothing. In max-entropy models one 
an simplyin
lude features for all three events f1(a; b; 
), f2(a; b), and f3(a; 
) and 
om-bine them in the model a

ording to Equation 6, or equivalently, Equation7. The fa
t that the features are very far from independent is not a 
on
ern.Now let us note that we 
an get an equation of exa
tly the same formas Equation 7 in the following fashion:p(a j b; 
; d) = p(a j b)p(a j b; 
)p(a j b) p(a j b; 
; d)p(a j b; 
) : (8)Note that the �rst term of the equation gives a probability based uponlittle 
onditioning information and that ea
h subsequent term is a numberfrom zero to positive in�nity that is greater or smaller than one if the newinformation being 
onsidered makes the probability greater or smaller thanthe previous estimate.As it stands, this last equation is pretty mu
h 
ontent free. But let uslook at how it works for a parti
ular 
ase in our parsing s
heme. Consider5



the probability distribution for 
hoosing the pre-terminal for the head of a
onstituent. In Equation 4 we wrote this as p(t j l; H). As we dis
uss inmore detail in Se
tion 5 several di�erent features in the 
ontext surrounding
 are useful to in
lude in H : the label, head pre-terminal and head of theparent of 
 (denoted as lp; tp; hp), the label of 
's left sibling (lb for \before"),and the label of the grandparent of 
 (lg). That is we wish to 
omputep(t j l; lp; tp; lb; lg; hp). We 
an now rewrite this in the form of Equation 8 asfollows:p(t j l; lp; tp; lb; lg; hp) = p(t j l)p(t j l; lp)p(t j l) p(t j l; lp; tp)p(t j l; lp) p(t j l; lp; tp; lb)p(t j l; lp; tp)p(t j l; lp; tp; lb; lg)p(t j l; lp; tp; lb) p(t j l; lp; tp; l;lg; hp)p(t j l; lp; tp; lb; lg) : (9)Here we have sequentially 
onditioned on steadily in
reasing portions of 
'shistory. In many 
ases this is 
learly warranted. For example, it does notseem to make mu
h sense to 
ondition on, say, hp without �rst 
onditioningon tp. In other 
ases, however, we seem to be 
onditioning on apples andoranges, so to speak. For example, one 
an well imagine that one mightwant to 
ondition on the parent's lexi
al head without 
onditioning on theleft sibling, or the grandparent label. One way to do this is to modify thesimple version shown in Equation 9 to allow this:p(t j l; lp; tp; b; lg; hp) = p(t j l)p(t j l; lp)p(t j l) p(t j l; lp; tp)p(t j l; lp) p(t j l; lp; tp; b)p(t j l; lp; tp)p(t j l; lp; tp; lg)p(t j l; lp; tp) p(t j l; lp; tp; hp)p(t j l; lp; tp) : (10)Note the 
hanges to the last three terms in Equation 10. Rather than
onditioning ea
h term on the previous ones, they are now 
onditioned onlyon those aspe
ts of the history that seem most relevant. The hope is thatby doing this we will have less problem with the splitting of 
onditioningevents, and thus a somewhat lesser problem with sparse data.We make one more point on the 
onne
tion of Equation 10 to a max-imum entropy formulation. Suppose we were, in fa
t, going to 
ompute atrue maximum entropy model based upon the features used in Equation 10,f1(t; l); f2(t; l; lp); f3(t; l; lp) : : :. This requires �nding the appropriate �is forEquation 6, whi
h is a

omplished using an algorithm su
h as iterative s
al-ing [11℄ in whi
h values for the �i are initially \guessed" and then modi�eduntil they 
onverge on stable values. With no prior knowledge of values forthe �i one traditionally starts with �i = 0, this being a neutral assumption6



that the feature has neither a positive or negative impa
t on the probabilityin question. With some prior knowledge, non-zero values 
an greatly speedup this pro
ess be
ause fewer iterations are required for 
onvergen
e. We
omment on this be
ause in our example we 
an substantially speed the pro-
ess by 
hoosing values pi
ked so that, when the maximum-entropy equationis expressed in the form of Equation 7, the gi have as their initial values thevalues of the 
orresponding terms in Equation 10. (Our experien
e is thatrather than requiring 50 or so iterations, three or four suÆ
e.) Now weobserve that if we were to use a maximum-entropy approa
h with but runiterative s
aling zero times, we would, in fa
t, just have Equation 10.The major advantage of using Equation 10 is that one 
an generallyget away without 
omputing the partition fun
tion Z(H). In the simple(
ontent-free) form (Equation 9), it is 
lear that Z(H) = 1. In the moreinteresting version, Equation 10, this is not true in general, but one wouldnot expe
t it to di�er mu
h from one, and we assume that as long as we arenot publishing the raw probabilities (as we would be doing, for example, inpublishing perplexity results) the di�eren
e from one should be unimpor-tant. As partition-fun
tion 
al
ulation is typi
ally the major on-line 
om-putational problem for maximum-entropy models, this simpli�es the modelsigni�
antly.Naturally, the distributions required by Equation 10 
annot be usedwithout smoothing. In a pure maximum entropy model this is done byfeature sele
tion. That is, only a small subset of all possible features isused, sin
e to use them all would set the probability distribution to thoseobserved in the training training 
orpus for all features, and this would beno smoothing at all. So, for example, in Ratnaparkhi's maximum-entropyparser [17℄ only features that have o

urred �ve or more times in the training
orpus are allowed.While we 
an smoothed in the same fashion, we 
hoose instead to usestandard deleted interpolation. (A
tually, we use a minor variation de-s
ribed in [4℄.) As we use it to get a distribution with n 
onditioningevents, we interpolate the observed distribution with the probability givenn � 1 
onditioning events, using �n(b1;n) as our interpolation fa
tor, whereb1;n = b1; : : : bn, the n 
onditioning events. We write this more formally as:p(a j b1;n) = �n(b1;n)p̂(a j b1;n) + (1� �n(b1;n))p(a j b1;n�1): (11)Naturally p(a j b1;n�1) is re
ursively smoothed in the same fashion.While at �rst glan
e 
omputing smoothed distributions for all the quan-tities in Equation 10 a

ording to Equation 11 might seem 
omputationly7



intensive, in pra
ti
e it is not too bad be
ause all the smoothed probabilitiesin Equation 11 are themselves terms in Equation 10.4 The ExperimentWe 
reated a parser based upon the maximum-entropy-inspired model of thelast se
tion, smoothed using standard deleted interpolation as in Equation11. As the generative model is top-down and we use a standard bottom-upbest-�rst probabilisti
 
hart parser [2,7℄, we use the 
hart parser as a �rstpass to generate 
andidate possible parses to be evaluated in the se
ondpass by our probabilisti
 model. For runs with the generative model basedupon Markov grammar statisti
s, the �rst pass uses the same statisti
s, but
onditioned only on standard PCFG information. This allows the se
ondpass to see expansions not present in the training 
orpus.We use the gathered statisti
s for all observed words, even those withvery low 
ounts, thought obviously our deleted interpolation smoothing givesless emphasis to observed probabilities for rare words. For words that arenot observed in the training data we guess their pre-terminals using statis-ti
s on 
apitalization, hyphenation, word-endings (the last two letters), andthe probability that a given pre-terminal is realized using a previously un-observed word.As noted above, the probability model uses �ve smoothed probabilitydistributions, one ea
h for Li;M;Ri; t; and h. The equation for the (un-smoothed) 
onditional probability distribution for t is given in Equation 10.The other four equations are as follows, with the equations for right labelsRi identi
al to those for Li on
e R is uniformly substituted for L:p(M j l; t; lp; tp; b; lg; h) = p(M j l)p(M j l; t)p(M j l) p(M j l; t; lp)p(M j l; t) p(M j l; t; lp; tp)p(M j l; t; lp)p(M j l; t; lp; tp; lb)p(M j l; t; lp; tp) p(M j l; t; lp; tp; lg)p(M j l; t; lp; tp)p(M j l; t; lp; h)p(M j l; t; lp) (12)p(h j t; l; lp; tp; lg; hp) = p(h j t)p(h j t; l)p(h j t) p(h j t; l; lp)p(h j t; l) p(h j t; l; lp; tp)p(h j t; l; lp)p(h j t; l; lp; tp; lg)p(h j t; l; lp; tp) p(h j t; l; lp; tp; hp)p(h j t; l; lp; tp) (13)8



p(Li j l; Li�1; Li�2; Li�3; lp; tp; lg; hp)= p(Li j l)p(Li j l; Li�1)p(Li j l) p(Li j l; Li�1; Li�2)p(Li j l; Li�1) p(Li j l; Li�1; Li�2; Li�3)p(Li j l; Li�1; Li�2)p(Li j l; Li�1; Li�2; Li�3; lp)p(Li j l; Li�1; Li�2; Li�3) p(Li j l; Li�1; Li�2; Li�3; lp; tp)p(Li j l; Li�1; Li�2; Li�3; lp)p(Li j l; Li�1; Li�2; Li�3; lp; tp; lg)p(Li j l; Li�1; Li�2; Li�3; lp; tp)p(Li j l; Li�1; Li�2; Li�3; lp; tp; hp)p(Li j l; Li�1; Li�2; Li�3; lp; tp) : (14)Note in parti
ular that, sin
e L and R are 
onditioned on three previouslabels, we are using a third-order Markov grammar. The reader might alsoobserve that the label of the parent 
onstituent lp is 
onditioned upon evenwhen it is not obviously related to the further 
onditioning events. This isdue to the importan
e of this fa
tor in parsing, as noted in, e.g., [14℄.In keeping with the standard methodology [5,9,10,15,17℄, we used thePenn Wall Street Journal tree-bank [16℄ with se
tions 2-21 for training, se
-tion 23 for testing, and se
tion 24 for development (debugging and tuning).Performan
e on the test 
orpus is measured using the standard measuresfrom [5,9,10,17℄. In parti
ular, we measure labeled pre
ision (LP) and re
all(LR), average number of 
ross-bra
kets per senten
e (CB), per
entage ofsenten
es with zero 
ross bra
kets (0CB) , and per
entage of senten
es with� 2 
ross bra
kets (2CB). Again as standard, we take separate measurementsfor all senten
e of length � 40 and all senten
es of length � 100. Note thatthe de�nitions of labeled pre
ision and re
all are those de�ned in [9℄ andused in all of the previous work. As noted in [5℄, these de�nitions typi
allygive results about 0.4% higher than the more ovbious ones. The results forthe new parser as well as for the previous top-three individual parsers on this
orpus are given in Figure 1. As is typi
al, all of the standard measures tellpretty mu
h the same story, with the new parser outperforming the otherthree parsers. Looking in parti
ular at the pre
ision and re
all �gures, thenew parser's give us a 15% error redu
tion over the best of the previouswork, Coll97 [10℄.5 Dis
ussionsIn the previous se
tions we have 
on
entrated on the relation of the parserto a maximum-entropy approa
h, the aspe
t of the parser whi
h is most9



Parser LR LP CB 0CB 2CB� 40 words (2245 senten
es)Char97 87.5 87.4 1.00 62.1 86.1Coll97 87.9 88.7 0.89 66.3 87.2Char99 90.1 90.1 0.74 70.1 89.6� 100 words (2416 senten
es)Char97 86.7 86.6 1.20 59.9 83.2Coll97 87.2 88.1 1.06 63.7 85.0Ratna99 86.3 87.5Char99 89.6 89.5 0.88 67.6 87.7Figure 1: Parsing results 
ompared with previous worknovel. However, we do not think this aspe
t is the sole, or even the mostimportant reason for its 
omparative su

ess. Here we list what we believeto be the most important 
ontributions and give some experimental resultson how well the program behaves without them.We take as our starting point the parser labled Char97 in Figure 1 [5℄, asthat is the program from whi
h our 
urrent parser derives. That parser, asstated in Figure 1, a
hieves an average pre
ision/re
all of 87.5. As noted in[5℄, that system is based upon a \tree-bank grammar"| a grammar read di-re
tly o� the training 
orpus. This is as opposed to the \Markov-grammar"approa
h used in the 
urrent parser. Also, the prior parser uses two te
h-niques not employed in the 
urrent parser. First, it uses a 
lustering s
hemeon words to give the system a \soft" 
lustering of heads and sub-heads. (Itis \soft" 
lustering in that a word 
an belong to more than one 
luster withdi�erent weights | the weights express the probability of produ
ing theword given that one is going to produ
e a word from that 
luster.) Se
ond,Char97 uses unsupervised learning in that the original system was run onabout thirty million words of unparsed text, the output was taken as \
or-re
t", and statisti
s were 
olle
ted on the resulting parses. Without theseenhan
ements Char97 performs at the 86.6% level for senten
es of length� 40.In this se
tion we evaluate the e�e
ts of the various 
hanges we havemade by running various versions of our 
urrent program. To avoid repeatedevaluations based upon the testing 
orpus, here our evaluation is based uponsenten
es of length � 40 from the development 
orpus. We note here thatthis 
orpus is somewhat harder than the \oÆ
ial" test 
orpus. For example,10



System Pre
ision Re
allOld 86.3 86.1Expli
it Pre-Term 88.0 88.1Marked Co-ordination 88.6 88.7Standard Interpolation 88.2 88.3MaxEnt Inspired 89.0 89.2First-order Markov 88.6 87.4Se
ond-order Markov 89.5 89.3Best 89.8 89.6Figure 2: Labeled pre
ision/re
all for length � 40, development 
orpusthe �nal version of our system a
hieves an average pre
ision/re
all of 90.1%on the test 
orpus but only an average pre
ision/re
all of 89.7% on thedevelopment 
orpus. This is indi
ated in Figure 2 where the model labeled\Best" has pre
ision of 89.8% and re
all of 89.6% for an average of 89.7%,0.4% lower than the results on the oÆ
ial test 
orpus. This is in a

ord withour experien
e that development-
orpus results are from 0.3% to 0.5% lowerthan those obtained on the test 
orpus. We believe this is due to a slightdi�eren
e in average senten
e length between the two 
orpora, with the test
orpus having an average senten
e length approximately one-half word less.The model labeled \Old" attempts to re
reate the Char97 system usingthe 
urrent program. It makes no use of spe
ial maximum-entropy-inspiredfeatures (though their presen
e made it mu
h easier to perform these exper-iments), it does not guess the pre-terminal before guessing the lexi
al head,and it uses a tree-bank grammar rather than a Markov grammar. Thisparser a
hieves an average pre
ision/re
all of 86.2%. This is 
onsistent withthe average pre
ision/re
all of 86.6% for [5℄ mentioned above, as the latterwas on the test 
orpus and the former on the development 
orpus.Between the Old model and the Best model, Figure 2 gives pre
ision/re
allmeasurements for several di�erent versions of our parser. One of the �rstand without doubt the most signi�
ant 
hange we made in the 
urrent parseris to move from two stages of probabilisti
 de
isions at ea
h node to three.As already noted, Char97 �rst guesses the lexi
al head of a 
onstituent andthen, given the head, it guesses the PCFG rule used to expand the 
on-stituent in question. In 
ontrast, the 
urrent parser �rst guesses the head'spre-terminal, then the head, and then the expansion. It turns out that use-fulness of this pro
ess has already been dis
overed by Collins [10℄, who inturn notes (personal 
ommuni
ation) that it was previously used by Eisner11



[12℄. However Collins in [10℄ does not stress the de
ision to guess the head'spre-terminal �rst, and it might be lost on the 
asual reader. Indeed, it waslost on the present author until he went ba
k after the fa
t and found itthere. In Figure 2 we show that this one fa
tor improves performan
e bynearly 2%.It may not be obvious why this should make so great a di�eren
e, sin
emost words are e�e
tively unambiguous. (For example, part-of-spee
h tag-ging using the most probable pre-terminal for ea
h word is 90% a

urate[8℄.) We believe that two fa
tors 
ontribute to this performan
e gain. The�rst is simply that if we �rst guess the pre-terminal, when we go to guessthe head the �rst thing we 
an 
ondition upon is the pre-terminal, i.e., we
ompute p(h j t). This quantity is a relatively intuitive one (as, for example,it is the quantity used in a PCFG to relate words to their pre-terminals) andit seems parti
ularly good to 
ondition upon here sin
e we use it, in e�e
t,as the unsmoothed probability upon whi
h all smoothing of p(h) is based.Contrast this with the situation if one does not �rst guess the pre-terminal. What 
an take its pla
e as the initial unsmoothed probability?Char97 uses l, the label of the 
onstituent 
 that introdu
es h as its head. Of-ten this is a pre-terminal, but equally often it is some phrasal non-terminal.For example, in senten
e \I bought a 
ar," \
ar" is introdu
ed as the headof an np while \bought" is introdu
ed as the head of root, the label usedto root a parse tree. It seems that p(h j l) is not nearly as good a baseprobability for smoothing the probability of h as is p(h j t). This one \�x"makes slightly over a per
ent di�eren
e in the results.The se
ond major reason why �rst guessing the pre-terminal makes somu
h di�eren
e is that it 
an be used when ba
king o� the lexi
al headin 
omputing the probably of the rule expansion. For example, when we�rst guess the lexi
al head we 
an move from 
omputing p(r j l; lp; h) top(r j l; t; lp; h). So, e.g., even if the word \
on
ating" does not appear in thetraining 
orpus (and it does not), the \ng" ending allows our program toguess with relative se
urity that the word has the vbg pre-terminal, and thusthe probability of various rule expansions 
an be 
onsiderable sharpened.For example, the tree-bank PCFG probability of the rule \vp ! vbg np" is0.0145, whereas on
e we 
ondition on the fa
t that the lexi
al head is a vbgwe get a probability of 0.214. If there is one thing that one should extra
tfrom this paper, it is probably the importan
e of guessing pre-terminalsbefore guessing lexi
al heads.The se
ond modi�
ation is the expli
it marking of noun and verb-phrase
oordination. We have already noted the importan
e of 
onditioning on theparent label lp. So, for example, information about an np is 
onditioned on12



vbd npvpaux vpFigure 3: Verb phrase with both main and auxiliary verbsthe parent | e.g., an s, vp, pp, et
. Note that when an np is part of annp 
oordinate stru
ture the parent will itself be an np, and similarly for avp. But nps and vps 
an o

ur with np and vp parents in non-
oordinatestru
tures as well. For example, in the Penn Treebank a vp with both mainand auxiliary verbs has the stru
ture shown in Figure 3. Note that thesubordinate vp has a vp parent.Thus np and vp parents of 
onstituents are marked to indi
ate if theparents are a 
oordinate stru
ture. A vp 
oordinate stru
ture is de�nedhere as a 
onstituent with two or more vp 
hildren, one or more of the
onstituents 
omma, 

, 
onjp (
onjun
tive phrase), and nothing else; 
oor-dinate np phrases are de�ned similarly. Something very mu
h like this isdone in [15℄. As shown in Figure 2, 
onditioning on this information gives a0.6% improvement. We believe that this is mostly due to improvements inguessing the sub-
onstituent's pre-terminal and head. Given we are alreadyat the 88% level of a

ura
y, we judge a 0.6% improvement to be very mu
hworth while.Next we add the less obvious 
onditioning events noted in our previousdis
ussion of the �nal model | grandparent label lg and left sibling labellb. When we do so using our maximum-entropy inspired 
onditioning, weget another 0.45% improvement in average pre
ision/re
all, as indi
ated inFigure 2 on the line labeled \MaxEnt-Inspired'. Note that we also tried in-
luding this information using a standard deleted-interpolation model. Theresults here are shown in the line \Standard Interpolation". In
luding thisinformation within a standard deleted interpolation model 
auses a 0.6%de
rease from the results using the less 
onventional model. Indeed, theresulting performan
e is worse than not using this information at all.Up to this point all of the models 
onsidered in this se
tion are tree-bank grammar models. That is, the PCFG grammar rules are read dire
tlyo� the training 
orpus. As already noted, our best model uses a Markov-grammar approa
h. As one 
an see in Figure 2 a �rst-order Markov grammar(with all the aforementioned improvements) performs slightly worse than theequivalent tree-bank-grammar parser. However, a se
ond-order grammar13



does slightly better and a third-order grammar does signi�
antly better thanthe tree-bank parser.6 Con
lusionWe have presented a lexi
alized Markov grammar parsing model that a
hieves(using the now standard training/testing/development se
tions of the Penntreebank) an average pre
ision/re
all of 91.1% on senten
es of length � 40and 89.5% on senten
es of length � 100. This 
orresponds to an error re-du
tion of 15% over the best previously published single parser results onthis test set, those of Collins [10℄. That the previous three best parserson this test [5,10,17℄ all perform within a per
entage point of ea
h other,despite quite di�erent basi
 me
hanisms, led some resear
hers to wonder ifthere might be some maximum level of parsing performan
e that 
ould beobtained using the treebank for training, and to 
onje
ture that perhapswe were at it. The results reported here disprove this 
onje
ture. The re-sults of [13℄ a
hieved by 
ombining the aforementioned three-best parsersalso suggest that the limit on tree-bank trained parsers is mu
h higher thanpreviously thought. Indeed, it may be that substituting this new parser intothe mix may yield still higher results.From our perspe
tive perhaps the two most important numbers to 
omeout of this resear
h are the overall error redu
tion of 15% over the resultsin [10℄ and the intermediate-result improvement of nearly 2% on labeledpre
ision/re
all due to the simple idea of guessing the head's pre-terminalbefore guessing the head. Neither of these results were anti
ipated at thestart of this resear
h.As noted above, the main methodologi
al innovation presented here isour \maximum-entropy-inspired" model for 
onditioning and smoothing.Two aspe
ts of this model deserve some 
omment. The �rst is the slight,but important, improvement a
hieved by using this model over 
onventionaldeleted interpolation, as indi
ated in Figure 2. We expe
t that as we exper-iment with other, more semanti
 
onditioning information, the importan
eof this aspe
t of the model will in
rease.More important to our eyes, though, is the 
exibility of the maximum-entropy-inspired model. Though in some respe
ts not quite as 
exible as truemaximum entropy, it is mu
h simpler and, in our estimation, has bene�tswhen it 
omes to smoothing. Ultimately it is this 
exibility that let us trythe various 
onditioning events, to move on to a Markov grammar approa
h,and to try several Markov grammars of di�erent orders, without signi�
ant14



programming. Indeed, we initiated this line of work in an attempt to 
reatea parser that would be 
exible enough to allow modi�
ations for parsingdown to more semanti
 levels of detail. It is to this proje
t that our futureparsing work will be devoted.Referen
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